a

remote sensing

Technical Note

Potential Assessment of PRISMA Hyperspectral Imagery for
Remote Sensing Applications

Riyaaz Uddien Shaik !, Shoba Periasamy 2 and Weiping Zeng *

Citation: Shaik, R.U.; Periasamy, S.;
Zeng, W. Potential Assessment of
PRISMA Hyperspectral Imagery for
Remote Sensing Applications.
Remote Sens. 2023, 15, 1378.
https://doi.org/10.3390/rs15051378

Academic Editors: Saeid
Homayouni, Pedram Ghamisi,
Fardin Mirzapour, Ali Mousivand

and Amin Zehtabian

Received: 17 January 2023
Revised: 26 February 2023
Accepted: 27 February 2023
Published: 28 February 2023

Copyright: © 2023 by the authors. Li-
censee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and con-
ditions of the Creative Commons At-
tribution (CC BY) license (https://cre-
ativecommons.org/licenses/by/4.0/).

1 Super GeoAl Technology Inc., 229-116 Research Drive, Saskatoon, SK S7N3R3, Canada

2 Department of Civil Engineering, SRM Institute of Science and Technology, Chengalpattu 603203,
Tamil Nadu, India

Correspondence: weiping.zeng@supergeo.ai

Abstract: Hyperspectral imagery plays a vital role in precision agriculture, forestry, environment,
and geological applications. Over the past decade, extensive research has been carried out in the
field of hyperspectral remote sensing. First introduced by the Italian Space Agency ASI in 2019,
space-borne PRISMA hyperspectral imagery (PHSI) is taking the hyperspectral remote sensing re-
search community into the next era due to its unprecedented spectral resolution of <12 nm. Given
these abundant free data and high spatial resolution, it is crucial to provide remote sensing research-
ers with information about the critical attributes of PRISMA imagery, making it the most viable
solution for various land and water applications. Hence, in the present study, a SWOT analysis was
performed for PHSI using recent case studies to exploit the potential of PHSI for different remote
sensing applications, such as snow, soil, water, natural gas, and vegetation. From this analysis, it
was found that the higher reflectance spectra of PHSI, which have comprehensive coverage, have
greater potential to extract vegetation biophysical parameters compared to other applications.
Though the possible use of these data was demonstrated in a few other applications, such as the
identification of methane gases and soil mineral mapping, the data may not be suitable for contin-
uous monitoring due to their limited acquisition, long revisiting times, noisy bands, atmospheric
interferences, and computationally heavy processing, particularly when executing machine learn-
ing models. The potential applications of PHSI include large-scale and efficient mapping, transfer-
ring technology, and fusion with other remote sensing data, whereas the lifetime of satellites and
the need for interdisciplinary personnel pose challenges. Furthermore, some strategies to overcome
the aforementioned weaknesses and threats are described in our conclusions.
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1. Introduction

PRecursore IperSpettrale della Missione Applicativa (PRISMA), a satellite of the Italian
Space Agency, carries a hyperspectral sensor that captures a continuum of spectral bands
in the range of 400-2500 nm with a spatial resolution of 30 m. The widths of spectral sam-
pling intervals are <12 nm. This sensor counts 173 bands within 920-2500 nm in the short-
wave infrared (SWIR) portion and 66 bands within 400-1010 nm in the visible near-infrared
(VNIR) portion of the light spectrum. A panchromatic camera on PRISMA provides a single
band in the wavelength range of 400-700 nm at a 5 m spatial resolution [1,2].

PRISMA hyperspectral imagery (PHSI) has been used for applications such as forest
fuel mapping [1]; forest discrimination [2]; burned area mapping [3]; prediction of me-
thane emissions [4]; agricultural applications [5]; the study of geochemical investigations
for parameters of soil moisture, soil organic matter, and soil organic carbon [6]; the study
of water quality [7]; and geological applications [8,9]. The ‘Sviluppo di Prodotti Iperspet-
trali Prototipali Evoluti’ project funded by the Italian Space Agency is developing proce-
dures to map fire presence and fire severity, the extent of fire fuel, urban growth, urban
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areas, industrial areas, volcanic areas and volcanic parameters, and vegetation. PRISMA
proved to be a valuable instrument for the determination of the residual fire severity in
an investigated area (ASI| Agenzia Spaziale Italiana). Thus, the PRISMA satellite has wide
applicability [10].

Bibliometric information collected from the literature was augmented using VOS-
viewer software (Figure 1) to identify PRISMA applications, techniques, and processing
methods. Such maps outline the relationships between existing publications based on the
relationships between journals, institutions, types of problems, and the frequency of topic
reoccurrences. Reoccurrences of keywords in the reviewed articles are mapped in Figure
1. The links that attach the nodes in Figure 1 indicate connections between them; the
shorter the distance between them, the stronger the relationship. Scientometrics is the field
of study that concerns itself with measuring and analyzing scholarly literature. A scien-
tometric analysis of the augmented clusters shown in Figure 1 indicates that the
“PRISMA” keyword had the most repetitions (repeated 11 times), followed by Sentinel-2
with five occurrences, which indicated articles on multispectral and hyperspectral data
fusion. As shown in Figure 1, the other predominant sensors next to PRISMA are HYPSIRI
[11] and AVIRIS [11], which are hyperspectral spectrometers. Before the launch of
PRISMA, AVIRIS datasets were employed in which these terms reoccurred, and some re-
searchers connected these data with future sensor HYPSIRI. Application domains such as
nitrogen content prediction, classification, and agriculture were repeated, which indicates
crucial applications for which the sensor is frequently used. Terms such as “classification”,
“regression”, and “dimension reduction” were also used in the PRISMA papers. Dimen-
sional reduction is necessary to reduce the computation load and the time required for
computation. The guided image filtering term shown in Figure 1 is an effective noise re-
duction technique used for hyperspectral data.

active learming

hyperspeggel Imaging
L 2 ol
earth ofgervation  gghigi
shalpriy

burnedarea
sentifiel-2
hygpiri
cdgr™,
wl!(‘el

2 chlorgphyll-a
prisma hyperspedggal imagery T s

ov
d " hy tral dat.
imaging spéctroscopy ey & o yperspectral data

mapping glacier algae

hyperspectral ggmote sensing

hyperspectral
guidedfiiering

airborne hyperspectral imagery

fires

fuelmap

2018 2019 2020 2021 2022

Figure 1. Knowledge mapping (2018-2022): scientometric analysis using VOS-viewer software. The
color bar at the bottom right corner denotes the year of the publication. This scientometric analysis
considered publications from 2018 to 2022 because the PRISMA satellite launched in 2018.

Figure 2 is based on the results of the scientometric analysis depicted in Figure 1. This
analysis is used in various earth observation inventory applications (Figure 1). Riyaaz et
al. [1] reported the automatic procedure developed for fuel types in forest fires and con-
cluded that PHSI provides an overall accuracy of around 85%. Their procedure can map
fuel types in any part of Europe, and thus assist researchers/policymakers/fire managers
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in studying fire potential, behavior, emissions, management, effects, and land surface
temperature. Sander et al. [11], in their survey, reported that PRISMA data products pro-
vide opportunities to further explore linkages between ecosystem properties and fires on
both regional and global scales.

| Applications of PRISMA Hyperspectral Imagery I

| Mineral Mapping I | Snow Mapping | | Wildfire Fuel Mapping I | Crop Monitoring |

| Forest Management I | Soil Properties |

Cyanobacteria
Biomass Estimation

Non-photosynthetic
Vegetation Monitoring

Water Pollution
Management

Identification of
Methane Gases

Quantum-based Marine Plastic Soil Fertility
Studies Litter Detection Mapping

Wildfires Detection | | Aquatic Management

| Post-Fire Land Cover |

Figure 2. Applications of PRISMA Hyperspectral Imagery.

In a study conducted to map burned areas [3] using PHSI and Sentinel-2 —a constel-
lation of two polar-orbiting satellites —sensors data demonstrated that the combined use
of optical and hyperspectral datasets enabled the detection of burned areas in a complex
background with an overall accuracy of 98%. Lazzeri et al. [12] conducted multitemporal
mapping of post-fire land cover using PRISMA, Sentinel-2, and unmanned aerial vehicles
(UAVs) in Portugal and Italy. It was demonstrated that due to the ability to capture im-
agery in a broader wavelength range, the hyperspectral sensors on UAVs are more bene-
ficial than PRISMA or Sentinel-2. Due to its ability to detect and classify nonphotosyn-
thetic vegetation [13], PRISMA was found to be suitable for studying crop residues; how-
ever, senescent vegetation had not yet been harvested, and crop residues were not well
distinguished. The study added that PRISMA is not designed to quantify cellulose abun-
dance or to evaluate differences among species. Bohn et al. [14] used PHSI to estimate
glacier ice surface properties, such as crystal size, algae concentration, and liquid water
content. Niroumand-Jadidi et al. [7] compared the results of PRISMA and Sentinel-2 in a
study of water quality and reported that an atmospheric correction algorithm developed
for PRISMA did not improve the results of either method. Bresciani et al. [15] compared
hyperspectral data from PRISMA and the Earth-sensing imaging spectrometer (DESIS)
used by the German Space Agency (DLR) for aquatic applications. They reported that
more data for training and validating would improve the results for both technologies.
Kokal et al. [16] compared PRISMA with LANDSAT-9 in land cover classification using a
support vector machine classifier and obtained overall accuracies of 89.33% for LAND-
SAT-9 and 92.33% for PRISMA. As LANDSAT-9 has a spectral resolution of 20-180 nm
and PRISMA has a spectral resolution of <12 nm, it was concluded that the higher spectral
resolution of PRISMA accounted for its slightly better results.
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From the literature search of PRISMA research, it was identified that, in a few studies,
strengths and weaknesses were explicitly discussed, while threats and opportunities were
overlooked. Meanwhile, other studies may be useful for explaining threats and opportu-
nities, while ignoring other parameters. Many studies have explicitly reported the work-
ing potential of PRISMA for their applications. However, to the best of our knowledge, no
comprehensive study quantitatively consolidates this information via a SWOT strategy to
bring out the potential of PRISMA images. This comprehensive study is essential for re-
searchers working on a hyperspectral remote sensing cluster to understand the im-
portance of these newly launched data and their range of applications. The SWOT analysis
is the process of evaluating the interrelations between external and internal factors of a
system to extract strengths, weaknesses, opportunities, and threats; it is a mixed evalua-
tion (subjective-objective) [17-19]. Combining these analysis strategies will provide a
comprehensive update and a detailed assessment of the situation. Strengths and weak-
nesses are internal elements connected to the objectives and performance of satellite data
[19]. At the same time, opportunities and threats are external elements that consider fea-
tures facilitating the establishment of businesses and hindering achievable goals, respec-
tively [20]. In this study, a SWOT analysis was conducted for PHSI and further strength-
ened by examining the internal and external factors reported in the various case studies.
The objectives of this study are as follows: (i) bibliometric analysis of publications on PHSI
focusing on applications; (ii) SWOT analysis with case studies from the literature, which
includes the technical defects of this imagery. SWOT analysis has remained one of the best
ways to assess the potential of any system, and there is no research available that contains
a SWOT analysis of PHSI. We believe this comprehensive study with a SWOT analysis
would help the remote sensing community to better understand the potential of PHSI.

2. Materials
2.1. PRISMA Hyperspectral Products

PRISMA products are divided and subdivided according to their utility. Level 0 pro-
vides raw data in binary files, including instrument and satellite ancillary data (e.g., cloud
cover percentage). Level 1 consists of radiometrically and geometrically calibrated hyper-
cubes and panchromatic radiance images in the higher atmosphere. Level 2 consists of
four sub-levels: L2A, L2B, L2C, and L2D. Images of geolocated on-ground radiance (L2B),
geolocated reflectance (L2C), and geolocated and geocoded on-ground reflectance images
(L2D) are provided [2,21].

Land cover mapping and cloud masking are available in the Level 1 product. This
includes atmospheric constituents such as aerosols, thin cloud optical thickness, and wa-
ter vapor. Details of PRISMA products are provided in the PRISMA specifications docu-
ment. Levels 1 and 2 are generated on demand and released in hierarchical data format
(release 5, HDF5). Level 2 products can be georeferenced with or without ground control
points (GCP), according to user preference and GCP availability [2,21].

In June 2019, following the launch of the PRISMA satellite, hyperspectral data were
released for public use. Since hyperspectral imagery is useful for various applications, it
has become a particular interest of remote sensing researchers to exploit the fullest poten-
tial of these data. Hence, since 2019, these data have been employed in various applica-
tions, as shown in Figure 2. Environment for Visualizing Images (ENVI) is a software ap-
plication used to process and analyze geospatial imagery. ENVI recently released an add-
on ENVI-PRISMA toolkit that can ease the processing of PRISMA hyperspectral imagery
(PHSI). Additionally, ImaACor software was developed for atmospherically correcting
both multispectral and hyperspectral imagery. The evaluation of this software using
PRISMA data has proven it to be a value-added software that researchers can use to pro-
cess PRISMA L1 data and conduct atmospheric corrections independently.

The preprocessing steps of the PRISMA imagery commonly applied for all the appli-
cations include (1) georeferencing; (2) correction of georeferencing; (3) removal of noisy
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lines and bands, since more than 20% of bands are affected; (4) conversion from radiance
to reflectance for L1 and L2B PRISMA products; (5) Masking of pixels that are unnecessary
to the study using PRISMA L1 land cover map.

2.2. Assessment of PRISMA

This section explains SWOT components in detail, which were obtained using the
assessment of PRISMA hyperspectral data.
Strengths

PRISMA offers global coverage [1], with a spectral resolution of 12 nm, spectral bands
of >230 nm, and a spatial resolution of 30 m [22,23]. PRISMA provides more information
about the Earth’s surface than the planned hyperspectral sensor HYPSIRI [11] (which is
due to be launched in 2024) and the earlier hyperspectral sensor AVIRIS [11]. The VIS-
SWIR channels of PRISMA have a high spectral resolution that can be integrated with a
panchromatic camera [24,25]. PRISMA has a higher potential than Sentinel-2 for mapping
the quality parameters of water [7]. PRISMA’s SWIR channel offers a higher separability
than the SWIR channel on Sentinel-2 [2,12]. In the 2000-2200 nm range, the Earth’s non-
photosynthetic vegetation cover can be examined using PRISMA [13,26,27]. Reflectance
spectra (400-2500 nm) can indicate ng fuel types [15], water aquatic systems [26], the clas-
sification of different types of agricultural land cover [5], and forest cover [2], as well as
provide an improved distinction between coniferous and broadleaved trees [2,28]. The
discrimination between two and five forest categories by 40% and 102%, respectively, is
improved by PRISMA [2].

The PRISMA sensor combines a hyperspectral sensor with a medium-resolution pan-
chromatic camera [21]. PRISMA is available in three products: L0, L1, and L2 (please refer
to Section 2) [1,21]. A hyperspectral image simulator (HSIS) is included in the PRISMA
system so that the performance of L1 and L2 PRISMA processors can be evaluated [29].
PRISMA HDF5 images can be opened with the EnMap Toolbox. PRISMA proved to be a
valuable instrument for the determination of the residual fire severity in the investigated
area [30].

PRISMA’s spectral resolution and its large number of channels, ranging from visible
to short-wave infrared “SWIR”, enables a better estimation of the abundance of major at-
mospheric constituents, and an efficient removal of atmospheric effects on the acquired
images [31]. PRISMA matches well with the MODTRAN simulation [32] of high atmos-
pheric conditions. PRISMA top-of-atmosphere (TOA) radiances of Level 1 (L1) products
are consistent with the values expected to be observed over water targets [26]. The stand-
ard products L1 and L2 are suitable for the retrieval of biophysical parameters [32]. The
product Level 2D is reported to be effective for the mapping of burned areas [3]. PRISMA
data can be used for the quantitative analysis of CHs plumes [4]. PRISMA represents a
unique orbiting source of hyperspectral data to investigate and analyze geophysical/geo-
logical phenomena [8]. PRISMA data can assist with soil organic content applications
[6,33], as well as detecting and identifying natural and anthropogenic disasters in vegeta-
tion, which makes them useful in post-disaster management [33].

Weaknesses

v Lack of phenological data [6];

v Atmospheric correction is not developed for aquatic applications [7];

v' PRISMA data were only tested at the parcel scale, which is not sufficient for distin-
guishing between non-agricultural vegetation and crop leftovers [23,34];

v The PRISMA sensor cannot scan at the required angles because there is no scanning

mechanism onboard [24];
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As vegetation cover is dynamic and fast-changing, timely image acquisitions
strongly influence the performance of the PRISMA application. The temporal reso-
lution of PRISMA is an issue [12];

A contiguous spectral response might not detect aliasing between adjacent but dif-
ferent materials. If there is a time lag between scene acquisitions, varying atmos-
pheric and illumination conditions might have a considerable impact on the ac-
quired image [2];

More than 20 bands will contain greater than 50% noise [1];

Irregular noisy bands broaden temporal resolution [1];

Selected bands can have irregular noise values [28];

The spatial resolution of PRISMA data is insufficient for precision farming applica-

tions [5].

Opportunities:

v

v

AN NI NI N

v

Future algorithms for the routine mapping of vegetation traits from operational
spaceborne sensors will be defined [23];

The PRISMA-based retrievals agree well with those of Sentinel-2 (high consistency
in top-of-atmosphere radiance), mainly the total suspended matter (TSM) maps [7];
The Coeff (a univariate quadratic function of wavelength), computed from average
PRISMA spectra per land parcel, is a significant index for obtaining accurate results
with the object-based classification of crops’ single parcels. The main advantage of
object-based classification over per-pixel classification is faster computation [13];
PRISMA'’s mission aims to demonstrate in-orbit qualification of a state-of-the-art hy-
perspectral imager, validate end-to-end data processing, and enable environmental
monitoring and risk prevention [24];

The combined hyperspectral and panchromatic products enable the recognition of
geometric features that provide detailed information about the chemical composition
of substances on the Earth’s surface [31];

Unmanned aerial vehicles equipped with UAV platforms and a hyperspectral sensor,
and used with PRISMA, can enable the acquisition of ground truth. The PRISMA
image can be co-registered with a Sentinel-2 image [12];

PRISMA has better discrimination and a more complex nomenclature system than
Sentinel-2; the two can be combined to study the physiochemical and geometric fea-
tures of a target, contributing to forest analysis, precision agriculture, water quality
assessment, and climate change research [2];

Automatic procedures can be applied to develop fuel maps of any part of Europe [1];
Procedures developed for PRISMA will be used globally [28];

Ongoing research will improve PRISMA images [5];

PRISMA data might be fused with data from a panchromatic camera or with satellite
data from Landsat and ASTER (advanced spaceborne thermal emission and reflec-
tion) [35];

The standard nearest-neighbor method proved to be the most robust on the PRISMA
scene [27].

Threats:

v

v

Lack of reference data for model training leads to a decrease in PRISMA accuracy
[23];

The one-day time gap between PRISMA and Sentinel-2 leads to differences in their
atmospheric corrections [7];

PRISMA is not designed to quantify cellulose abundance or to evaluate species dif-
ferences [13];
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Hyperspectral images should be used with caution when evaluating burned areas
after wildfires because of the elapsed time from event to image acquisition [12];

The presence of many shadow areas, where tall and short trees are mixed, can alter
the results of separability analysis [2];

Unlike Sentinel-2 data, PRISMA images cannot be downloaded in a cloud platform [1];
Irregular noisy bands can lead to inaccuracies in PRISMA images [1];

The number of noisy bands, the georeferencing, and the levels of data are not yet
standardized in PRISMA [28];

As the data and parameters that can be retrieved from PRISMA are often fed into
physical models, it is crucial to ensure an extremely accurate radiometric accuracy
during the mission lifetime. The COVID-19 pandemic affected the data measurement
plan. Further analyses are necessary to confirm the results obtained using PRISMA
extreme viewing geometries, including new land cover targets for the spring/sum-
mer period when agricultural soil is not plowed [32];

PRISMA-Sentinel-2 data fusion procedures are being tested to search for the best-
performing procedure in the PRISMA-Sentinel-2 framework. Sentinel-2 and PRISMA
images acquired with very low time differences might not be available [36].

2.3. SWOT Matrix

Table 1 shows a strength, weaknesses, opportunities, and threats (SWOT) matrix cre-

ated for PHSI. This matrix depicts the positives and negatives of the internal and external
factors of a system and determines the strengths, weaknesses, opportunities, and threats
of PHSI.

Table 1. SWOT Matrix.

Technology Internal External
Strengths:
v' Better accuracy for various applications; Opportunities:
v" Possibility of automation using machine learning; v" PRISMA saves time and costs
v Can be extended to any location on Earth; via avoiding field-based meas-
2 v PRISMA toolkit in ENVI for easy processing; urements;
= v PRISMA processing can be carried out using EnMap; v' PRISMA technology can be
Z v' Spectral shape is in the 2.0-2.2 m range; transferred between organiza-
- v Operations in the VIS-SWIR channels can be optically inte- tions and research labs;
grated with a panchromatic camera; v' PRISMA image fusion with
v PRISMA provides a level 2D product that is atmospherically multispectral, radar; LiDAR is
corrected, georeferenced, and geolocated; possible.
v' PRISMA provides a land cover map with a Level 1 product.
Weaknesses:
v PRISMA is an on-demand technology and its acquisition is
not easy;
v' The availability of archived data is limited;
‘\: Revisiting time is'eql%al to ~16 days; Threats:
Temporal resolution is low; o .
§ v Along processing time and high computational power are Y Interdisciplinary knowledge is re-
5 required; quired for processing PRISMA
%D \\; Unstable noisy .bands are present in the data; v ,Cll,iteaii fetime of the PRISMA satel-
Unstable deadlines are present in some bands; lite ;
v" Lack of accurate atmospheric corrections for aquatic applica- ite is unknown.
P q pp
tions;
v A residual coherent horizontal pattern of noise and a diago-

nal pattern of about 630 lines, with a periodic disturbance at
~0.3-0.4 cycles/pixel.




Remote Sens. 2023, 15, 1378

8 of 14

2.4. Discussion

The strengths, weaknesses, opportunities, and threats of PRISMA are discussed be-
low.
Strengths

A major strength of PRISMA hyperspectral imagery is its accuracy in detecting wild-
fire fuel types [37,38]. It is possible to detect all the available fuel types in the area of in-
terest due to PRISMA’s high number of spectral bands and support of machine learning
approaches [1,39,40]. Only vegetation in broad categories, such as shrublands, grasslands,
broadleaf forests, and coniferous forests, can be detected using multispectral data [41-44].
LiDAR can detect hyperspectral data, but there is a lack of LIDAR sensors nationwide [45-
48]. At present, actively operating spaceborne hyperspectral sensors include PRISMA,
DESIS—a dynamic line rating Earth-sensing imaging spectrometer platform of the Inter-
national Space Station that is attached to a multiple-user system for Earth sensing
(MUSES) [15,30] —and the recently launched EnMAP [30] (the hyperspectral satellite of
the German Aerospace Centre). Few comparative studies have been performed that com-
pare the data among these sensors. In one example, a study on crop classifications using
PRISMA and DESIS concluded that PRISMA yielded substantially higher classification
accuracies because of its higher signal-to-noise ratio [49].

PRISMA is one of the satellites that have global coverage. The algorithm developed for
one region can be implemented in other parts of the world to extract wildfire fuel types.
Many other hyperspectral sensors have limited coverage, such as the Airborne Imaging
Spectrometer (AIS) [50], Airborne Hyperspectral Scanner (AHS) [51], Airborne Imaging
Spectrometer for different Applications (AISA) [52], Airborne Reflective Emissive Spec-
trometer (ARES) [53], Airborne Prism Experiment (APEX) [54], Airborne Visible/Near-In-
frared Imaging Spectrometer (AVIRIS) [55], Hyperspectral Digital Imagery Collection Ex-
periment (HYDICE) [56], Digital Airborne Imaging Spectrometer (DA-IS-7915) [57], Hyper-
spectral Mapper (HyMap) [58], Operational Modular Imaging Spectrometer (OMIS) [59],
and Multispectral Infrared and Visible Imaging Spectrometer (MIVIS) [60].

Algorithms for vegetation indicators [61], water quality [62], fire severity mapping
[12], forest fire front mapping, volcanic parameters estimation [63], urban mapping [64],
fuel mapping [65], and material detection were developed under the framework of
“Sviluppo di Prodotti Iperspettrali Prototipali Evoluti”, which is funded by the Italian
Space Agency [64]. Each algorithm provides input for one specific region on Earth. Addi-
tionally, a recent study on analyzing marine mucilage [66], sugarcane leaf area index [67],
wildfire detection [68], and cyanobacterial estimation [69] using PRISMA was published.
Aside from its applicability in many fields, automation is necessary for continuous moni-
toring in any application and is particularly essential for disaster management [1], which
is possible with PRISMA due to its global availability.

A strength of PRISMA is its panchromatic camera. This camera provides panchro-
matic sharpening, a technique that combines the high-resolution detail from a panchro-
matic band with the low-resolution color information of other bands, usually only visible
bands. Panchromatic images reduce the spatial resolution to 5 m. For instance, Maria et
al. [25] detected plastic litter using PRISMA panchromatic image resolution.
Weaknesses

PRISMA is an on-demand technology, and the acquisition of data for a specific date
is not easy due to the high traffic of requests. Easy and automatic access to data is essential
for the management of disasters, such as wildfires, earthquakes, etc. Moreover, an analysis
cannot be performed for the complete desired region due to the limited availability of data
in the archive. Figure 3 shows the PRISMA images available for Italy. PRISMA also re-
quires cloud environments such as DIAS (Data and Information Access Services), pro-
vided for the Sentinel family, to automatically download images [70].
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2“22-“3-06 12:34:07Z Lat: 45°52'40"N Lon: 016°49'28"E

Figure 3. PRISMA images available for Italy.

The revisiting time of the PRISMA satellite is ~16 days, which is another constraint on
data gathering. The PRISMA-Second Generation satellite, which is due to be launched in
2024, will make PRISMA more accessible. The processing of PRISMA data is time-consum-
ing due to a large number of bands (239). Processing data using machine learning techniques
takes more time than processing data with a multispectral [3], synthetic aperture radar
(SAR) [24]. Data from the dynamic line rating (DLR) Earth-sensing imaging spectrometer
(DESIS) are captured only in the visible and near-infrared (VNIR) regions [49].

To automate data processing for a complete region, high computation power is re-
quired. Virtual machines, such as the EarthConsole G-BOX [71] provided by European
Space Agency (ESA), can be accessed to process this hyperspectral imagery. Hyperspec-
tral data have unstable, noisy bands in the hypercube. PRISMA data have dead/noisy lines
on some of the bands in the hypercube, as illustrated in Figure 4. A procedure for remov-
ing the dead and noisy lines using linear/nonlinear interpolation is described in [1]. Ac-
cording to the literature, most of the applications apply some machine/deep learning tech-
niques to predict the required parameters using PRISMA. Data regarding the desired re-
gion of interest are required to train artificial intelligence techniques. However, data are
often scarce, which is a major weakness of data processing [72].
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Figure 4. Noisy lines on PHSIL.

Opportunities

PRISMA hyperspectral data are available from any part of Earth and can be accessed
by anyone from anywhere upon registration. Open access algorithms developed for vari-
ous applications can be used when needed. Once an algorithm/procedure is developed, it
can be transferred among institutions and research centers. Technology transfer has be-
come easier since PRISMA data became globally available. In some cases, image fusion
with remote sensing data, such as multispectral, radar, and LiDAR data, can help to ex-
tract the desired results. For example, LIDAR data can help to determine whether forest
vegetation is prone to catching fire [73,74]. Nicola et al. [36] fused PRISMA data with Sen-
tinel-2 data to enhance the spatial resolution to 10 m. Anis et al. [75] developed a soil
fertility map of northern Morocco by fusing PRISMA and GIS data.
Challenges

Hyperspectral data processing is an interdisciplinary field, and personnel who pro-
cess these data need to be familiar with their applications and with machine/deep learn-
ing. Artificial intelligence techniques are essential for the processing of hyperspectral data.
Procedures developed for the PRISMA satellite will be useful over the lifetime of the sat-
ellite (5-7 years) if there is no degradation in the sensor. However, the Italian Space
Agency has announced the launch of PRISMA-S5G, which could extend the use of proce-
dures developed for PRISMA.
Future Scope for PRISMA

Although the applicability of PRISMA has been demonstrated for almost all land and
ocean applications, it is yet to be tested for applications regarding oil spills, defense, soil
pollution, and climate change. Furthermore, a few recent studies highlighted that using
deep learning approaches and composite kernels significantly enhances the classification
accuracy of hyperspectral data products after fusing them with LiDAR data [76,77].
Hence, PRISMA hyperspectral imagery and LiDAR data fusion, using extinction profiles
and quantum machine learning [77] or a deep convolutional neural network [78], have
excellent future scope in classification applications.

3. Conclusions

Hyperspectral imagery plays a vital role in precision agriculture, forestry, environ-
ment, and geological applications. In the present study, SWOT analysis was performed
for PHSI, using recent case studies in which the potential of PHSI was exploited for dif-
ferent remote sensing applications, such as mineral mapping, snow mapping, wildfire
fuel mapping, crop monitoring, forest management, non-photosynthetic vegetation
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mapping, the identification of methane gases, quantum-based studies, wildfire detection,
marine plastic litter detection, post-fire land cover, aquatic management, soil fertility
mapping, water pollution management, soil properties study, and cyanobacterial biomass
estimation. The significant strength parameters of PHSI have enhanced reflectance spectra
and improved spatial resolution, therefore making PHSI more suitable for studying veg-
etation biophysical parameters compared to other applications. The major weakness of
PRISMA is the very high computational time required to process a huge amount of data
using complex machine learning models. Furthermore, PRISMA data have limited avail-
ability, and atmospheric interference results in noisy bands that require computationally
intensive processes. The significant advantage of PRISMA data is the technology transfer
and fusion with other remotely sensed images, such as optical remote sensing data, Li-
DAR, and SAR, which make these data applicable for a wide range of applications and
able to obtain reliable results without atmospheric interferences. Data acquisition is
mainly hindered by the lifetime of PRISMA, and data processing is made challenging due
to the requirement of interdisciplinary personnel.

Author Contributions: Conceptualization, R.U.S.; methodology, R.U.S. and S.P.; software, R.U.S.;
validation, R.U.S. and S.P.; formal analysis, R.U.S.; investigation, R.U.S.; resources, R.U.S. and W.Z.;
data curation, R.U.S.; writing—original draft preparation, R.U.S.; writing—review and editing,
R.U.S. and S.P.; visualization, S.P. and W.Z.; supervision, W.Z.; project administration, W.Z.; fund-
ing acquisition, W.Z. All authors have read and agreed to the published version of the manuscript.

Funding: This research is funded by Super GeoAl Technology Inc., Innovation Saskatchewan, Co.
Labs, Canadian Agri-food Automation and Intelligence Network (CAAIN), and Mitacs.

Data Availability Statement: Not applicable.

Acknowledgments: The authors would like to thank EOSIAL Laboratory of Sapienza University in
Rome, Italy, and SRM Institute of Science and Technology for their support in carrying out this
research. We appreciate the support of CDL-Rockies” Ag stream, the University of Alberta, Olds
College, the University of Saskatchewan, Saskatchewan Polytechnic, Athabasca University, Dalhou-
sie University, Wilfrid Laurier University, Agriculture and Agri-Food Canada, Discovery Farm,
Western Heritage, and several partner farms in Saskatchewan and Alberta.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Shaik, R.U.; Laneve, G.; Fusilli, L. An Automatic Procedure for Forest Fire Fuel Mapping Using Hyperspectral (PRISMA) Im-
agery: A Semi-Supervised Classification Approach. Remote Sens. 2022, 14, 1264. https://doi.org/10.3390/rs14051264.

2. Vangi, E;; D’amico, G.; Francini, S.; Giannetti, F.; Lasserre, B.; Marchetti, M.; Chirici, G. The New Hyperspectral Satellite Prisma:
Imagery for Forest Types Discrimination. Sensors 2021, 21, 1-19. https://doi.org/10.3390/s21041182.

3. Seydi, S.T.; Hasanlou, M.; Chanussot, J]. Dsmnn-Net: A Deep Siamese Morphological Neural Network Model for Burned Area
Mapping Using Multispectral Sentinel-2 and Hyperspectral Prisma Images. Remote Sens. 2021, 13, 5138.
https://doi.org/10.3390/rs13245138.

4. Nesme, N.; Marion, R.; Lezeaux, O.; Doz, S.; Camy-Peyret, C.; Foucher, P.Y. Joint Use of In-Scene Background Radiance Esti-
mation and Optimal Estimation Methods for Quantifying Methane Emissions Using Prisma Hyperspectral Satellite Data: Ap-
plication to the Korpezhe Industrial Site. Remote Sens. 2021, 13, 4992. https://doi.org/10.3390/rs13244992.

5. Lu, B;;Dao, P.D;; Liu, J.; He, Y.; Shang, J. Recent Advances of Hyperspectral Imaging Technology and Applications in Agricul-
ture. Remote Sens. 2020, 12, 2659.

6.  Salani, G.M.; Lissoni, M.; Natali, S.; Bianchini, G. Geochemical Investigations of 100 Superficial Soils Observed by Sentinel 2
and PRISMA. In Proceedings of the 24th EGU General Assembly, Vienna, Austria, 23-27 May 2022.
https://doi.org/10.5194/egusphere-egu22-6983.

7. Niroumand-Jadidi, M.; Bovolo, F.; Bruzzone, L. Water Quality Retrieval from PRISMA Hyperspectral Images: First Experience
in a Turbid Lake and Comparison with Sentinel-2. Remote Sens. 2020, 12, 1-21. https://doi.org/10.3390/rs12233984.

8.  Tripathi, P.; Garg, R.D. Feature Extraction of Desis and Prisma Hyperspectral Remote Sensing Datasets for Geological Applica-
tions. In Proceedings of the International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences —ISPRS
Archives; International Society for Photogrammetry and Remote Sensing: Bethesda, MD, USA, 2021; Volume 44, pp. 169-173.

9. Lorenz, S; Seidel, P.; Ghamisi, P.; Zimmermann, R.; Tusa, L.; Khodadadzadeh, M.; Contreras, I.C.; Gloaguen, R. Multi-Sensor

Spectral Imaging of Geological Samples: A Data Fusion Approach Using Spatio-Spectral Feature Extraction. Sensors 2019, 19,
2787. https://doi.org/10.3390/s19122787.



Remote Sens. 2023, 15, 1378 12 of 14

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

Shaik, R.U. Prevention and Management of Wildfires: Vulnerability Mapping and Machine Learning-Based Algorithm Devel-
opment for Fuel Mapping Using Hyperspectral Imagery. Ph.D. Thesis, 2022. https://hdl.handle.net/11573/1654424.
Veraverbeke, S.; Dennison, P.; Gitas, 1.; Hulley, G.; Kalashnikova, O.; Katagis, T.; Kuai, L.; Meng, R.; Roberts, D.; Stavros, N.
Hyperspectral Remote Sensing of Fire: State-of-the-Art and Future Perspectives. Remote Sens. Environ. 2018, 216, 105-121.
Lazzeri, G.; Frodella, W.; Rossi, G.; Moretti, S. Multitemporal Mapping of Post-Fire Land Cover Using Multiplatform Prisma
Hyperspectral and Sentinel-Uav Multispectral Data: Insights from Case Studies in Portugal and Italy. Sensors 2021, 21, 3982.
https://doi.org/10.3390/s21123982.

Pepe, M.; Pompilio, L.; Gioli, B.; Busetto, L.; Boschetti, M. Detection and Classification of Non-Photosynthetic Vegetation from
Prisma Hyperspectral Data in Croplands. Remote Sens. 2020, 12, 1-12.

Bohn, N.; di Mauro, B.; Colombo, R.; Thompson, D.R.; Susiluoto, J.; Carmon, N.; Turmon, M.].; Guanter, L. Glacier Ice Surface
Properties in South-West Greenland Ice Sheet: First Estimates from PRISMA Imaging Spectroscopy Data. J. Geophys. Res. Bioge-
osci. 2022, 127. https://doi.org/10.1029/2021]JG006718.

Bresciani, M.; Giardino, C.; Fabbretto, A.; Pellegrino, A.; Mangano, S.; Free, G.; Pinardi, M. Application of New Hyperspectral
Sensors in the Remote Sensing of Aquatic Ecosystem Health: Exploiting PRISMA and DESIS for Four Italian Lakes. Resources
2022, 11, 8.

Kokal, A.T.; Ismailoglu, I.; Musaoglu, N. Comparison of Landsat-9 And Prisma Satellite Data for Land Use/Land Cover Classi-
fication. In Proceedings of the International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences—ISPRS
Archives; International Society for Photogrammetry and Remote Sensing: Bethesda, MD, USA, 2022; Volume 46, pp. 197-201.
Hajizadeh, Y. Machine Learning in Oil and Gas; a SWOT Analysis Approach. ]. Pet. Sci. Eng. 2019, 176, 661-663.
https://doi.org/10.1016/j.petrol.2019.01.113.

Benzaghta, M.A.; Elwalda, A.; Mousa, M.; Erkan, I.; Rahman, M. SWOT Analysis Applications: An Integrative Literature Re-
view. J. Glob. Bus. Insights 2021, 6, 55-73. https://doi.org/10.5038/2640-6489.6.1.1148.

Nezhad, M.M.; Shaik, R.U.; Heydari, A.; Razmjoo, A.; Arslan, N.; Garcia, D.A. A SWOT Analysis for Offshore Wind Energy
Assessment Using Remote-Sensing Potential. Appl. Sci. 2020, 10, 6398. https://doi.org/10.3390/APP10186398.

Supriyasilp, T.; Pongput, K.; Boonyanupong, S.; Suwanlertcharoen, T. Enhanced Water Management for Muang Fai Irrigation
Systems through Remote Sensing and SWOT Analysis. Water Resour. Manag. 2021, 35, 263-277. https://doi.org/10.1007/s11269-
020-02724-z.

Cogliati, S.; Sarti, F.; Chiarantini, L.; Cosi, M.; Lorusso, R.; Lopinto, E.; Miglietta, F.; Genesio, L.; Guanter, L.; Damm, A.; et al.
The PRISMA Imaging Spectroscopy Mission: Overview and First Performance Analysis. Remote. Sens. Environ. 2021, 262.
https://doi.org/10.1016/j.rse.2021.112499.

Santini, F.; Palombo, A. Impact of Topographic Correction on PRISMA Sentinel 2 and Landsat 8 Images. Remote Sens. 2022, 14,
3903. https://doi.org/10.3390/rs14163903.

Tagliabue, G.; Boschetti, M.; Bramati, G.; Candiani, G.; Colombo, R.; Nutini, F.; Pompilio, L.; Rivera-Caicedo, J.P.; Rossi, M.;
Rossini, M.; et al. Hybrid Retrieval of Crop Traits from Multi-Temporal PRISMA Hyperspectral Imagery. ISPRS ]. Photogramm.
Remote Sens. 2022, 187, 362-377. https://doi.org/10.1016/j.isprsjprs.2022.03.014.

Coppo, P.; Brandani, F.; Faraci, M.; Sarti, F.; Cosi, M. Leonardo Spaceborne Infrared Payloads for Earth Observation: SLSTRs
for Copernicus Sentinel 3 and PRISMA Hyperspectral Camera for PRISMA Satellite. Appl. Opt. 2020, 59, 6888.

Kremezi, M.; Kristollari, V.; Karathanassi, V.; Topouzelis, K.; Kolokoussis, P.; Taggio, N.; Aiello, A.; Ceriola, G.; Barbone, E.;
Corradi, P. Pansharpening PRISMA Data for Marine Plastic Litter Detection Using Plastic Indexes. IEEE Access 2021, 9, 61955—
61971. https://doi.org/10.1109/ACCESS.2021.3073903.

Giardino, C.; Bresciani, M.; Fabbretto, A.; Ghirardi, N.; Mangano, S.; Pellegrino, A.; Vaiciute, D.; Braga, F.; Brando, V.E.; Laanen,
M.; et al. Hyperspectral Prisma Products of Aquatic Systems. In Proceedings of the International Geoscience and Remote Sensing
Symposium (IGARSS); Institute of Electrical and Electronics Engineers Inc.: New York, NY, USA, 2021; pp. 1229-1232.

Berger, K;; Hank, T.; Halabuk, A.; Rivera-Caicedo, J.P.; Wocher, M.; Mojses, M.; Gerhatova, K.; Tagliabue, G.; Dolz, M.M,;
Venteo, A.B.P.; et al. Assessing Non-Photosynthetic Cropland Biomass from Spaceborne Hyperspectral Imagery. Remote Sens.
2021, 13, 4711. https://doi.org/10.3390/rs13224711.

Shaik, R.U.; Giovanni, L.; Fusilli, L. New Approach of Sample Generation And Classification for Wildfire Fuel Mapping on
Hyperspectral (Prisma) Image. In Proceedings of the International Geoscience and Remote Sensing Symposium (IGARSS); Institute of
Electrical and Electronics Engineers Inc.: New York, NY, USA, 2021; pp. 5417-5420.

Pearlshtien, D.H.; Pignatti, S.; Ben-Dor, E. Vicarious. CAL/VAL Approach for Orbital Hyperspectral Sensors Using Multiple
Sites. Remote Sens. 2023, 15, 771.

Hank, T.; Berger, K.; Wocher, M.; Danner, M.; Mauser, W. Introducing the Potential of The Enmap-Box for Agricultural
Applications Using Desis And Prisma Data. In Proceedings of the International Geoscience and Remote Sensing Symposium (IGARSS);
Institute of Electrical and Electronics Engineers Inc.: New York, NY, USA, 2021; pp. 467—470.

Guarini, R.; Loizzo, R.; Facchinetti, C.; Longo, F.; Ponticelli, B.; Faraci, M.; Dami, M.; Cosi, L.; Amoruso, V.; De Pasquale, N.; et
al. PRISMA Hyperspectral Mission Products. In Proceedings of the IGARSS 2018-2018 IEEE International Geoscience and Remote
Sensing Symposium; IEEE: New York, NY, USA, 2018; pp. 179-182.

Pignatti, S.; Amodeo, A.; Mona, L.; Palombo, A.; Pascucci, S.; Rosoldi, M.; Santini, F.; Casa, R.; Laneve, G. Evaluation of the
Prisma Hyperspectral Radiance Data: The Priscav Project Activities in The Basilicata Region (Southern Italy). In Proceedings of



Remote Sens. 2023, 15, 1378 13 of 14

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

the International Geoscience and Remote Sensing Symposium (IGARSS); Institute of Electrical and Electronics Engineers Inc.: New
York, NY, USA, 2021; pp. 1390-1393.

Transon, J.; d’Andrimont, R.; Maugnard, A.; Defourny, P. Survey of Hyperspectral Earth Observation Applications from Space
in the Sentinel-2 Context. Remote Sens. 2018, 10, 157.

Spiller, D.; Ansalone, L.; Carotenuto, F.; Mathieu, P.P. Crop Type Mapping Using Prisma Hyperspectral Images and One-
Dimensional Convolutional Neural Network. In Proceedings of the International Geoscience and Remote Sensing Symposium
(IGARSS); Institute of Electrical and Electronics Engineers Inc.: New York, NY, USA, 2021; pp. 8166-8169.

Buongiorno, M.F.; Musacchio, M.; Silvestri, M.; Romaniello, V.; Spinetti, C.; Rabuffi, F. Asi-Prisma Hyperspectral Mission for
the Analysis of Geophysical Phenomena. In Proceedings of the International Geoscience and Remote Sensing Symposium (IGARSS);
Institute of Electrical and Electronics Engineers Inc.: New York, NY, USA, 2021; pp. 8099-8102.

Acito, N.; Diani, M.; Corsini, G. PRISMA Spatial Resolution Enhancement by Fusion with Sentinel-2 Data. IEEE ]. Sel. Top. Appl.
Earth. Obs. Remote Sens. 2022, 15, 62-79. https://doi.org/10.1109/JSTARS.2021.3132135.

Mallinis, G.; Galidaki, G.; Gitas, I. A Comparative Analysis of EO-1 Hyperion, Quickbird and Landsat TM Imagery for Fuel
Type Mapping of a Typical Mediterranean Landscape. Remote Sens. 2014, 6, 1684-1704. https://doi.org/10.3390/rs6021684.
Badola, A.; Panda, S.K; Roberts, D.A.; Waigl, C.F.; Bhatt, U.S.; Smith, C.W.; Jandt, R.R. Hyperspectral Data Simulation (Sentinel-
2 to Aviris-Ng) for Improved Wildfire Fuel Mapping, Boreal Alaska. Remote Sens. 2021, 13, 1693.
https://doi.org/10.3390/rs13091693.

Stefanidou, A.; Gitas, I.Z.; Katagis, T. A National Fuel Type Mapping Method Improvement Using Sentinel-2 Satellite Data.
Geocarto. Int. 2022, 37, 1022-1042. https://doi.org/10.1080/10106049.2020.1756460.

Cavalli, R.M. The Weight of Hyperion and PRISMA Hyperspectral Sensor Characteristics on Image Capability to Retrieve
Urban Surface Materials in the City of Venice. Sensors 2023, 23, 454. https://doi.org/10.3390/s23010454.

Huang, S.; Crabtree, R.L.; Potter, C.; Gross, P. Estimating the Quantity and Quality of Coarse Woody Debris in Yellowstone
Post-Fire Forest Ecosystem from Fusion of SAR and Optical Data. Remote Sens. Environ. 2009, 113, 1926-1938.
https://doi.org/10.1016/j.rse.2009.05.001.

Pham, M.T.; Raji¢, A.; Greig, ].D.; Sargeant, ].M.; Papadopoulos, A.; McEwen, S.A. A Scoping Review of Scoping Reviews:
Advancing the Approach and Enhancing the Consistency. Res. Synth. Methods 2014, 5, 371-385.
https://doi.org/10.1002/jrsm.1123.

Bruelheide, H.; Dengler, J.; Purschke, O.; Lenoir, J.; Jiménez-Alfaro, B.; Hennekens, S.M.; Botta-Dukat, Z.; Chytry, M.; Field, R.;
Jansen, F.; et al. Global Trait-Environment Relationships of Plant Communities. Nat. Ecol. Evol. 2018, 2, 1906-1917.
https://doi.org/10.1038/s41559-018-0699-8.

Ferster, C.J.; Coops, N.C. Integrating Volunteered Smartphone Data with Multispectral Remote Sensing to Estimate Forest
Fuels. Int. |. Digit. Earth 2016, 9, 171-196. https://doi.org/10.1080/17538947.2014.1002865.

Moran, C.J.; Kane, V.R,; Seielstad, C.A. Mapping Forest Canopy Fuels in Thewestern United States with LiDAR-Landsat
Covariance. Remote Sens. 2020, 12, 1000. https://doi.org/10.3390/rs12061000.

Engelstad, P.S.; Falkowski, M.; Wolter, P.; Poznanovic, A.; Johnson, P. Estimating Canopy Fuel Attributes from Low-Density
Lidar. Fire 2019, 2, 1-19. https://doi.org/10.3390/fire2030038.

Erdody, T.L.; Moskal, L.M. Fusion of LIDAR and Imagery for Estimating Forest Canopy Fuels. Remote Sens. Environ. 2010, 114,
725-737. https://doi.org/10.1016/j.rse.2009.11.002.

Stavros, E.N.; Coen, J.; Peterson, B.; Singh, H.; Kennedy, K.; Ramirez, C.; Schimel, D. Use of Imaging Spectroscopy and LIDAR
to Characterize Fuels for Fire Behavior Prediction. Remote Sens. Appl. 2018, 11, 41-50. https://doi.org/10.1016/j.rsase.2018.04.010.
Aneece, I.; Thenkabail, P.S. New Generation Hyperspectral Sensors DESIS and PRISMA Provide Improved Agricultural Crop
Classifications. Photogramm. Eng. Remote Sens. 2022, 88, 715-729. https://doi.org/10.14358/PERS.22-00039R2.

Vane, G.; Goetz, A.F.H.; Wellman, J.B. Airborne Imaging Spectrometer: A New Tool for Remote Sensing. IEEE Trans. Geosci.
Remote Sens. 1984, GE-22, 546-549. https://doi.org/10.1109/TGRS.1984.6499168.

Sobrino, J.A.; Jiménez-Munoz, J.C.; Zarco-Tejada, P.].; Sepulcre-Cantd, G.; de Miguel, E. Land Surface Temperature Derived
from Airborne Hyperspectral Scanner Thermal Infrared Data. Remote Sens. Environ. 2006, 102, 99-115.
https://doi.org/10.1016/j.rse.2006.02.001.

Rogge, D.; Rivard, B.; Segl, K.; Grant, B.; Feng, ]. Mapping of NiCu-PGE Ore Hosting Ultramafic Rocks Using Airborne and
Simulated EnMAP Hyperspectral Imagery, Nunavik, Canada. Remote Sens. Environ. 2014, 152, 302-317.
https://doi.org/10.1016/j.rse.2014.06.024.

Muller, A.; Richter, R.; Habermeyer, M.; Dech, S.; Segl, K.; Kaufmann, H. Spectroradiometric Requirements for the Reflective
Module of the Airborne Spectrometer ARES. IEEE  Geosci. Remote  Sems.  Lett. 2005, 2, 329-332.
https://doi.org/10.1109/LGRS.2005.848513.

Schaepman, M.E.; Jehle, M.; Hueni, A.; D’Odorico, P.; Damm, A.; Weyermann, J.; Schneider, F.D.; Laurent, V.; Popp, C.; Seidel,
F.C,; et al. Advanced Radiometry Measurements and Earth Science Applications with the Airborne Prism Experiment (APEX).
Remote Sens. Environ. 2015, 158, 207-219. https://doi.org/10.1016/j.rse.2014.11.014.

Gaddis, L.R.; Soderblom, L.A.; Kieffer, H.H.; Becker, K.J.; Torson, J.; Mullins, K. Decomposition of AVIRIS Spectra: Extraction
of Surface-Reflectance, Atmospheric, and Instrumental Components. IEEE Trans. Geosci. Remote Sens. 1996, 34, 163-178.
https://doi.org/10.1109/36.481901.



Remote Sens. 2023, 15, 1378 14 of 14

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

Resmini, R.G.; Kappus, M.E.; Aldrich, W.S.; Harsanyi, J.C.; Anderson, M. Mineral Mapping with HYperspectral Digital Imagery
Collection Experiment (HYDICE) Sensor Data at Cuprite, Nevada, U.S.A. Int. |. Remote Sens. 1997, 18, 1553-1570.
https://doi.org/10.1080/014311697218278.

Plaza, A.; Martinez, P.; Plaza, J.; Perez, R. Dimensionality Reduction and Classification of Hyperspectral Image Data Using
Sequences of Extended Morphological Transformations. IEEE Trans. Geosci. Remote Sens. 2005, 43, 466—479.
https://doi.org/10.1109/TGRS.2004.841417.

Horig, B.; Kiihn, F.; Oschiitz, F.; Lehmann, F. HyMap Hyperspectral Remote Sensing to Detect Hydrocarbons. Int. |. Remote
Sens. 2001, 22, 1413-1422. https://doi.org/10.1080/01431160120909.

DU, P.; TAN, K,; SU, H. Feature Extraction for Target Identification and Image Classification of OMIS Hyperspectral Image.
Min. Sci. Technol. 2009, 19, 835-841. https://doi.org/10.1016/51674-5264(09)60152-6.

Belluco, E.; Camuffo, M.; Ferrari, S.; Modenese, L.; Silvestri, S.; Marani, A.; Marani, M. Mapping Salt-Marsh Vegetation by
Multispectral ~ and  Hyperspectral =~ Remote  Sensing.  Remote  Sens. Enwiron. 2006, 105,  54-67.
https://doi.org/10.1016/j.rse.2006.06.006.

Alessia, T.; Avolio, C.; Casa, R.; Costantini, M.; Magliozzi, M.L.; Pascucci, S.; Pignatti, S.; Mzid, N.; Palandri, M.; Sacco, P.; et al.
A Prototype Processor for Vegetation Traits Retrieval from PRISMA Hyperspectral Data. In Proceedings of the ASITA, Genoa,
Italy, 20-24 June 2021; pp. 573-574.

Magliozzi, M.L.; Avolio, C.; Braga, F.; Bresciani, M.; Costantini, M.; Fabbretto, A.; Giardino, C.; Palandri, M.; Pellegrino, A.;
Scarpa, G.M,; et al. The Water Quality Prototype Exploiting PRISMA Hyperspectral Data for Aquatic Ecosystems Mapping. In
Proceedings of the ASITA, Genoa, Italy, 20-24 June 2021; pp. 345-346.

Romaniello, V.; Buongiorno, M.F.; Spinetti, C.; Silvestri, M. Analysis of Volcanic Carbon Dioxide Emissions by Means of Prisma
Hyperspectral Data and in Situ Measurements. In Proceedings of the IGARSS 2022-2022 IEEE International Geoscience and
Remote Sensing Symposium, Kuala Lumpur, Malaysia, 17-22 July 2022; IEEE: New York, NY, USA, 2022; pp. 7268-7271.
Italian Space Agency. Available online: https://www.asi.it/en/earth-science/prisma/ (accessed on 16 January 2023).

Laneve, G.; Shaik, R.U. Forest Fire Fuel Map from PRISMA Hyperspectral Data: Algorithms and First Results. In Proceedings
of the Living Planet Symposium, Bonn, Germany, 23-27 May 2022.

Ertiirk, A.; Erten, E. Unmixing of pollution-associated sea-snot in the near-surface after its outbreak in the Sea of Marmara using
hyperspectral PRISMA data. I[EEE Geosci. Remote Sens. Lett. 2023, 20, 1-5. https://doi.org/10.1109/LGRS.2023.3238962.

Hamzeh, S.; Hajeb, M.; Alavipanah, S.K.; Verrelst, J. Retrieval of Sugarcane Leaf Area Index From Prisma Hyperspectral Data.
ISPRS Ann. Photogramm. Remote Sens. Spatial Inf. Sci. 2023, X-4/W1-202, 271-277. https://doi.org/10.5194/isprs-annals-X-4-W1-
2022-271-2023.

Thangavel, K.; Spiller, D.; Sabatini, R.; Amici, S.; Sasidharan, S.T.; Fayek, H.; Marzocca, P. Autonomous Satellite Wildfire
Detection Using Hyperspectral Imagery and Neural Networks: A Case Study on Australian Wildfire. Remote Sens. 2023, 15, 720.
https://doi.org/10.3390/rs15030720.

O'Shea, R.E.; Pahlevan, N.; Smith, B.; Bresciani, M.; Egerton, T.; Giardino, C.; Li, L.; Moore, T.; Ruiz-Verdu, A.; Ruberg, S.; et al.
Advancing cyanobacteria biomass estimation from hyperspectral observations: Demonstrations with HICO and PRISMA
imagery. Remote. Sens. Environ. 2021, 266, 112693.

Ranghetti, L.; Boschetti, M.; Nutini, F.; Busetto, L. “Sen2r”: An R Toolbox for Automatically Downloading and Preprocessing
Sentinel-2 Satellite Data. Comput. Geosci. 2020, 139, 104473. https://doi.org/10.1016/j.cageo.2020.104473.

Mulero-Martinez, R.; Roman-Cascén, C.; Mananes, R.; Izquierdo, A.; Bruno, M.; Gémez-Enri, J. The Use of Sentinel-3 Altimetry
Data to Assess Wind Speed from the Weather Research and Forecasting (WRF) Model: Application over the Gulf of Cadiz.
Remote Sens. 2022, 14, 4036. https://doi.org/10.3390/rs14164036.

Shaik, R.U.; Unni, A.; Zeng, W. Quantum Based Pseudo-Labelling for Hyperspectral Imagery: A Simple and Efficient Semi-
Supervised Learning Method for Machine Learning Classifiers. Remote Sens. 2022, 14, 5774. doi.org/10.3390/rs14225774.

Mutlu, M.; Popescu, S.C.; Zhao, K. Sensitivity Analysis of Fire Behavior Modeling with LIDAR-Derived Surface Fuel Maps. For.
Ecol. Manag. 2008, 256, 289-294. https://doi.org/10.1016/j.foreco.2008.04.014.

Mutlu, M.; Popescu, S.C.; Stripling, C.; Spencer, T. Mapping Surface Fuel Models Using Lidar and Multispectral Data Fusion
for Fire Behavior. Remote Sens. Environ. 2008, 112, 274-285. https://doi.org/10.1016/j.rse.2007.05.005.

Gasmi, A.; Gomez, C.; Chehbouni, A.; Dhiba, D.; el Gharous, M. Using PRISMA Hyperspectral Satellite Imagery and GIS
Approaches for Soil Fertility Mapping (FertiMap) in Northern Morocco. Remote Sens. 2022, 14, 4080.
https://doi.org/10.3390/rs14164080.72.

Ghamisi, P.; Hofle, B.; Zhu, X.X. Hyperspectral and LiDAR Data Fusion Using Extinction Profiles and Deep Convolutional
Neural Network. IEEE ]. Sel. Top. Appl. Earth Obs. Remote. Sens. 2016, 10, 3011-3024.

Shaik, R.U.; Periasamy, S. Accuracy and Processing Speed Trade-Offs in Classical and Quantum SVM Classifier Exploiting
PRISMA Hyperspectral Imagery. Int. ]. Remote Sens. 2022, 43, 6176—6194. https://doi.org/10.1080/01431161.2022.2061877.

Li, H.; Ghamisi, P.; Soergel, U.; Zhu, X.X. Hyperspectral and LiDAR Fusion Using Deep Three-Stream Convolutional Neural
Networks. Remote Sens. 2018, 10, 1649. https://doi.org/10.3390/rs10101649.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury
to people or property resulting from any ideas, methods, instructions or products referred to in the content.



