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Abstract: Over the last decades, remote sensing techniques have contributed to supporting cultural
heritage studies and management, including archaeological sites as well as their territorial context and
geographical surroundings. This paper aims to investigate the capabilities and limitations of the new
hyperspectral sensor PRISMA (Precursore IperSpettrale della Missione Applicativa) by the Italian
Space Agency (ASI), still little applied to archaeological studies. The PRISMA sensor was tested on
Italian terrestrial (Alba Fucens, Massa D’Albe, L’Aquila) and marine (Sinuessa, Mondragone, Caserta)
archaeological sites. A comparison between PRISMA hyperspectral imagery and the well-known
Sentinel-2 Multi-Spectral Instrument (MSI) was performed in order to better understand features and
outputs useful to investigate the aforementioned areas. At first, bad bands analysis and noise removal
were performed, in order to delete the numerically corrupted bands. Principal component analysis
(PCA) was carried out to highlight invisible details in the original image; then, spectral signatures of
representative areas were extracted and compared to Sentinel-2 data. At last, a classification analysis
(ML and SAM) was performed both on PRISMA and Sentinel-2 imagery. The results showed a full
agreement between Sentinel and PRISMA data, enhancing the capability of PRISMA in extrapolating
more spectral information and providing a better reliability in the extraction of the features.

Keywords: PRISMA; hyperspectral sensor; Sentinel-2; bad bands; data processing; PCA; SAM;
spectral signature; landscape archaeology

1. Introduction

Over the last decades, the increasing development of ground, aerial, and space re-
mote sensing has progressively allowed its use for cultural heritage studies, conservation,
valorisation and management [1–6].

Nowadays, remote sensing has spread to many sectors allowing the development
of numerous services and application systems [7,8]. In the archaeological field, the main
challenges related to the crucial importance of integrating remote sensing analysis with
traditional archaeological data and methods, such as aerial photos, field surveys, trials
diagnostic measurements, excavation campaigns and historical documentation [9–12].

By the 1960s, research began to increasingly focus on the relationships between his-
torical sites and their physical context, rather than considering the archaeological site as
an isolated object. In this field, remote sensing data were used to ‘rebuild’ palaeoenviron-
mental contexts through the identification of palaeoforms by means of geomorphological
features analysis, originating from natural or artificial phenomena, such as fluvial and
marine action, aeolian morphogenesis or human activities [13,14].

Land 2022, 11, 2070. https://doi.org/10.3390/land11112070 https://www.mdpi.com/journal/land

https://doi.org/10.3390/land11112070
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/land
https://www.mdpi.com
https://orcid.org/0000-0001-7426-0663
https://orcid.org/0000-0002-7517-2769
https://orcid.org/0000-0001-6029-8695
https://doi.org/10.3390/land11112070
https://www.mdpi.com/journal/land
https://www.mdpi.com/article/10.3390/land11112070?type=check_update&version=1


Land 2022, 11, 2070 2 of 24

Necessary features to be considered are hydrographic patterns (network, soils mois-
ture), geomorphology (geology, lithology, slope, texture), vegetation (Normalized Dif-
ference Vegetation Index NDVI, vegetation kinds and features) and building materials.
Multiscale and multitemporal data allow the analysis at different levels, from a synoptic
to a more detailed view, studying both features and relationships in the morphological
context during time [15–18].

On 22 March 2019, the Italian Space Agency launched the PRISMA (PRecursore Iper-
Spettrale della Missione Applicativa) hyperspectral satellite mission for Earth Observation
with an innovative electro-optical instrumentation that combines a hyperspectral sensor
with a medium-resolution panchromatic camera [19,20].

In May 2020, open access to the PRISMA system was provided to the scientific, institu-
tional and industrial worldwide community for research and development [21]. Hyper-
spectral sensors can contribute to assess the chemical-physical composition of the objects
to be detected, thanks to their spectral signature [22–24]. The sensor has a total of around
240 bands with a spatial resolution of 30 m. A more detailed description of the sensor is
reported in Section 2.3. PRISMA images have been tested in many fields, such as mineral
alteration mapping [25], forest type discrimination and vegetation studies [26,27], wa-
ter [28,29], snow [30] and agronomic applications [31], but few studies on archaeological
sites have been performed and, in particular, on submarine sites, until now.

For this reason, in this paper, a preliminary archaeological application of PRISMA
hyperspectral data to the Italian terrestrial Alba Fucens (Massa D’Albe, L’Aquila) and
marine Sinuessa (Mondragone, Caserta) archaeological sites is presented. The study mainly
aims to analyse the capabilities and the limitations of PRISMA hyperspectral images and
understand their informative contribution. To validate the results obtained by PRISMA
data analysis, Sentinel-2 images were used as comparison. Sentinel-2 is a multispectral
sensor within the Copernicus mission [32], which has been widely used in the literature in
many research works. Spectral signatures were extracted from chosen elements to identify
physical characteristics associated with archaeological features. The recent advancements in
geomatics offer a wide range of tools and instruments able to rapidly acquire innumerable
cognitive and quantitative information useful for formulating conservative interventions
for the archaeological areas [33–38]. Until now, the main limitation in the use of remote
sensing data in archaeology has been the low geometric and spectral resolution of satellite
images. Therefore, thanks to the high spectral resolution, PRISMA sensor represents a
relevant innovation. Moreover, the possibility to obtain chemical and physical information
of the investigated areas opens new scenarios; in particular, regarding archaeology, the
analysis of the spectral features, in relation to soil, geological and plant cover characteristics,
improves the identification of traces and anomalies, emphasizing the spectral response of
satellite images [39–41].

The results can be used to improve the scientific knowledge of the archaeological areas,
to manage environmental or anthropic risks, and to plan restoration and conservation
actions, thanks to a multiscale monitoring, inspection, diagnosis and mapping.

The paper is structured as follows: in Section 2, materials and methods are described,
including a brief description of the two archaeological sites; Section 3 contains the obtained
results after the processing; in Section 4, the discussion of the results is presented and, then,
the conclusions in Section 5 are reported.

2. Materials and Methods

The PRISMA hyperspectral dataset was tested in two areas of the Italian territory to
analyse the spectral responses in relation to the coverage present in the two archaeological
sites, Alba Fucens (Abruzzo Region) and Sinuessa (Campania Region), exploiting the
satellite sensor high spectral definition. They have not been extensively studied yet and
need to be detected for their conservation and maintenance. After previous studies [18,42],
where UAV RGB sensor was used to detect the Alba Fucens site, the authors thought to
expand the analysis to a different scale using a hyperspectral satellite sensor. Moreover,
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two completely different scenarios were taken into account for a better evaluation of the
methods and for a broader discussion. The study mainly aims to analyse the capabilities of
PRISMA hyperspectral images and understand their informative contribution.

2.1. Alba Fucens Archaeological Site

The Latin colony of Alba Fucens (303 B.C.) (Figure 1) is the largest archaeological site
(32,000 hectares) of the whole Apennines (Central Italy). According to the “Romanization
process” of the Italic populations, the colony was settled in a strategic territorial position,
called Aequi territory, centre of several Italic populations, close to Rome, at the northern
boundary of the Fucino Lake and along the via Tiburtina Valeria. It regulated the access
way between Tyrrhenian and Adriatic coasts.

The settlement, placed on a plateau (Plain of the Civita), encircled by three opposed
hills (San Nicola, San Pietro and Pettorino), was surrounded by powerful and extensive
megalithic walls. Even if it is mostly known for its iconographic landscape ruins inside of
the megalithic walls, Alba Fucens’ jurisdiction concerned a neighbouring area of several
hundreds of square kilometres. From the 346 B.C. earthquake, the city started to be
progressively abandoned. During the Middle Ages, the settlement moved from the plain of
the Civita to San Nicola hill where a small-fortified inhabited centre and a castle (Orsini
castle) were built. Due to recurring earthquakes and hydrogeological issues [43,44], this
settlement was definitively abandoned, too. Since 1950, the Academia Belgica mission and
other excavation campaigns have mainly brought to light a part of the actual settlement of
the Civita.

Most of the studies mainly concern the history and the development of the archaeo-
logical site, but with the recent geomatic multiscale approaches, its conservation and risk
assessment can be also evaluated [18,42].

Due to its extension and its environmental and geographic characteristics the knowl-
edge and the conservation of the Alba Fucens archaeological site is still a complex task.

2.2. Sinuessa Archaeological Site

Sinuessa is a small Roman colony (54 hectares) founded in 296 B.C. in the South of
Italy [45] (Figure 1) in Samnite territory, founded to control the coastal access to Campania
Plain (Ager Campanus) [46,47]. Around 174 B.C., Sinuessa developed as a big city thanks to
production and trade of wine throughout the Mediterranean and was probably destroyed
by the earthquake in 375 A.D. The colony is nowadays the most significant underwater
archaeological site along the northern coast of Campania, in the Tyrrhenian Sea. Morpho-
bathymetric and submarine geological investigations have been carried out in the area
between the Volturno river mouth and the mountain carbonatic Massico Group, in the
northern town of Mondragone. The investigations highlighted the presence of a 6 km
rocky bank parallel to the coast constituted by pyroclastic deposits attributed to Campanian
Ignimbrite aged 39 ky B.P. [48], derived from the volcanic district of the Phlegrean Fields.
The deposits are located with continuity between isobaths of depths ranging between −8
and −15 metres [46].

The existing roads and maritime Roman structures addressed geomorphological re-
searches to the submerged area since the 90 s [46,47]. More recently, new investigations
have been carried out where a stretch of Roman road was detected. Important archaeolog-
ical findings (amphorae, anchors and even twenty-four 3 × 3 m Roman pilae at −8.5 m
depth facing Sinuessa) were linked to the activities of the colony in the Roman imperial
period [45,49].
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2.3. Satellite Images and Data Processing

PRISMA products are considered very performing and challenging. The sensor can
capture images in a series of contiguous spectral bands covering the wavelength range
from 400 to 2500 nm and it is also equipped with a panchromatic camera (400 to 700 nm).
The hyperspectral and panchromatic cameras have a spatial resolution of 30 and 5 m,
respectively [53,54]. The hyperspectral PRISMA spectrometer uses a prism to divide the
wavelength and then, to define the bands. The acquisition mode is based on a pushbroom
scanning technique, hence the image is acquired row by row in the along-track direction.
The row is acquired simultaneously in all the bands thanks to the spectrometer. In this
way, a 3D cube is created and the spectral signature can be extracted from each pixel. In
particular, in PRISMA, two different cubes are created: the first one covers the wavelength
range 400–1000 nm (VNIR, visible and near infrared) and generates 66 spectral bands,
while the second one ranges between 940 and 2500 nm (SWIR, Short Wave InfraRed) and
provides 173 spectral bands. PRISMA has a swath of 30 km and a revisiting time of 29 days.

Two level products are provided to users:

1. Level 1 (L1) considers the top-of-atmosphere signal, namely no atmospheric correc-
tion has been applied yet. It also contains cloud cover, sun-glint and land classifica-
tion masks;

2. Level 2, divided into three sub-levels 2B, 2C and 2D, considers the atmospheric
correction (BOA, bottom-of-atmosphere). In L2C in addition, water vapor, aerosols
and cloud characterization maps are taken into account. The applied UTM projection
in L2D provides geocoded data [55].

Both levels are disseminated as HDF-EOS (Hierarchical Data Format—Earth Observing
System). The choice of the level depends, of course, on the purpose of the application.

The adopted methodology consisted of (Figure 2):

1. Data acquisition;
2. Pre-processing: orthorectification and georeferencing, AOI selection;
3. Processing: band bands evaluation and noise removal, PCA, spectral signatures

extraction, ML and SAM classification.
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Concerning data acquisition (the images are freely available on the ASI portal after
user registration), the Alba Fucens PRISMA image was acquired on 10 September 2019.
In PRISMA archive only one bordering image about Sinuessa, partially covered by cloud,
is available (20 October 2019). However, in order to test PRISMA capabilities on an
archaeological sub-marine area the image was anyway considered.

Regarding pre-processing, the L2C products were considered for both sites. The
L2C images are radiometrically corrected but not orthorectified. An orthorectification on
the hyperspectral images was performed with Envi 5.6.2 Software. Rational polynomial
coefficients (RPCs) and a DEM (10 m of resolution) were used to correct the geometric
distortions. In addition, some ground control points (GCPs) and check points (CPs),
collected from a Sentinel 2 images, were used to improve the process.

In particular, for the Alba Fucens images, the morphologically more complex site,
29 GCPs and 12 CPs are used. The final RMSE was 8.56 m and 9.76 m, respectively, for
GCPs and CPs. The reference system is WGS84/UTM Zone 33. Then, the AOI was selected
in both the archaeological sites. VNIR and SWIR cubes were tested separately. Then, the
AOI was selected in both the archaeological sites.

Among the processing analysis, where ENVI and ERDAS Imagine software were used,
bad bands evaluation was performed. If hyperspectral data are useful to identify many
features, thanks to their rich spectral response, a large number of bands leads to complex
data analysis. As with other hyperspectral sensors [56,57], many bands contain “no data”
pixels, i.e., no pixel information. The so called “bad bands” refer to specific data layers that
are numerically corrupted and therefore not desirable for subsequent processing or analysis
of the dataset [21]. Factors producing bad bands are related to not enlightened and overlap
regions, water vapour which absorbs all the incident solar energy, low signal-to-noise (SNR)
bands and error patches [56–59]. Moreover, the number and locations of the bad bands
change in different scenes [60]. For the bad bands’ evaluation, the histograms’ comparison
between good and bad bands was carried out. To improve the readability of a hyperspectral
image, noise removal was performed. Denoising techniques are specifically tailored to
hyperspectral images; in fact, conventional methods based on 2D modelling and convex
techniques are not very efficient, as they ignore the spectral information [61–63].

Two different denoising algorithms were applied:

1. HyRes for line restoring [61] (a low-rank model-based approach which has proved to
be very effective in the restoration of images in case of sparse noise [62]);

2. BM4D for the Gaussian denoising [63] (an evolution to volumetric data, such as a
hyperspectral data cube, of the block matching 3D algorithm, a non-local means
filtering approach considered to achieve the best performance in image denoising).

Then, PCA (principal component analysis) was performed [64–66]. The analysis in
main components is absolutely necessary especially in hyperspectral data, due to the
high spectral resolution, which means high number of spectral bands. As is well known
from electromagnetic transmission theory, some bands may contain less discriminating
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information than others [67] and some spectral sequences may not highlight important
information for some land applications [68,69]. For these reasons, the high number of
hyperspectral bands can negatively affect the image processing due to the size, redundancy
and autocorrelation of the datasets [26]. The PCA leads to the creation of new variables,
called principal components, which are linear combinations of the original ones, and have
the following two properties:

1. The new variables are uncorrelated (orthogonal);
2. They are listed in descending order of their variance.

This technique is used exclusively for quantitative and clear variables with some
correlation degree. The PCA transforms the input bands into new components that should
be able to make the identification of distinct features and surface types easier.

This is a direct result of: (i) the high correlation existing among channels for areas that
do not change significantly over the space; and (ii) the expected low correlation associated
with higher presence of noise.

The major portion of the variance in a multispectral data set is associated with homoge-
neous areas, whereas localised surface anomalies will be enhanced in later components. In
particular, each successive component contains less of the total data set variance. So, PCA is
used as application to highlight elements or details not visible in the original image [70–72]
and it is particularly used in the archaeological field [73–76].

Another analysis to study PRISMA data was the extraction of spectral signatures
from representative points and the comparison between Sentinel-2 and PRISMA was also
performed. The chosen points include pit, rock and three different types of soil in Alba
Fucens and sea and sand in Sinuessa. They were taken in extended areas, in order to ensure
that the mean reflectance value of the chosen pixel was representative of the same feature.

At last, two supervised classifications (maximum likelihood (ML) and spectral angle
mapper (SAM)) were performed in the Alba Fucens study area. Image classification is an
important aspect in the field of remote sensing dataset analysis and pattern recognition.
Digital image classification is the process of analysing all image pixels and assigning them
to a false number of classes. Spectral ratings define areas that have similar characteristics
of spectral reflectance.

The aim was to understand how PRISMA can detect archaeological information
through classification analysis. The supervised classification starts from the creation of the
“reading keys” of the chosen coverage classes (training site); an estimate of the spectral
separability between the classes follows. The following step is the assignment of the defined
classes through statistical approaches.

The ML classification considers the variance and the covariance in statistical analysis
of different categories; the ML method, therefore, calculates the statistical probability that a
pixel belongs to a given class [70]. This classification procedure is the most used and reliable,
especially in high accuracy classifications. SAM is a physically based spectral classification
that uses an n-D angle to match pixels to reference spectra. The algorithm determines
the spectral similarity between two spectra by calculating the angle between the spectra
and treating them as vectors in a space with dimensionality equal to the number of bands.
This technique is relatively insensitive to illumination and albedo effects when used on
calibrated reflectance data [77]. The classifications were compared with Sentinel-2 image.

3. Results
3.1. Bad Bands Evaluation and Noise Removal

Bad bands removal processing is a necessary procedure in the remote sensed data
especially in hyperspectral datasets; currently, the most used procedures for removing these
bands are related to visual inspections [78] and sensor characteristics [79]. This processing
in hyperspectral datasets is complex because of the large bands number; for this reason, a
function has been implemented through IDL in the ENVI software that allows for analysis
of the hyperspectral cubes and then puts all the bands that have at least one line all at zero
or at Not a Number as “bad band”.
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In this context, the data cubes VNIR and SWIR have been processed for bad bands
extraction (Figure 3).
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Figure 3. Display of bad bands in the Alba Fucens VNIR dataset: the trend of the statistical parameters
(mean and standard deviation) with interruptions relating to bad bands can be observed.

In the terrestrial archaeological area of Alba Fucens, 9 bands in the VNIR and 52 in the
SWIR cubes turned out to be “bad”, while in the Sinuessa marine one, the bad bands were
15 in the VNIR and 34 in the SWIR cube.

The analysis considers the images and the comparison of the histograms between bad
and good bands (Figures 4–6). The x-axis represents the BOA reflectance value and the
y-axis the lowest and the highest number of pixels (frequency) containing the respective
reflectance value. Considering Alba Fucens, a “good band” is reported in Figure 4, while
a bad band may present many values close to zero or anomalies along the distribution
(Figure 6).
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In band 2 of VNIR cube, classified as a bad band, the “salt and pepper” effect of the
red points shows the lack of data in most of the image (Figure 5a); the relative histogram
presents an irregular shape (Figure 6a).
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A similar feature can be observed for band 27 of SWIR cube in Alba Fucens (Figure 5b),
where the image seems to be good, except for a few lines, but the relative histogram
(Figure 6b) presents a lot of noise.

The band 61 of the Sinuessa VNIR cube is shown in Figure 5c. In this case, the
characteristics of the coastal continental area can be discerned; in the sea the infrared
does not penetrate and does not allow to study the submerged archaeological site which,
moreover, remains invisible due to the presence of widespread turbidity in the coastal
waters. The histogram shows an almost flattened graph with high dispersion (Figure 6c).

The red dots and lines in Figure 5 represent the bad bands, where pixels have one line
all at zero or Not A Number.

To conclude, bands having extreme noise with the typical “salt and pepper” effect,
irregular histogram and lack identifiable features, are present.

In order to improve some bands quality, an algorithm for noise removal was imple-
mented (Figure 7).

The hyperspectral remote sensing is based on the measurement of the dispersion and
reflection of the electromagnetic signals from the earth’s surface emitted by the sun. The
radiance received at the sensor is usually degraded by atmospheric effects and instrumen-
tal noise.

In PRISMA datasets there are two main noise sources: the presence of missing lines in
multiple bands and the presence of “Gaussian Noise like” strongly corrupting the far-end
part of the SWIR data cube.

The effects of the noise and the denoising pre-processing on the images and on their
histograms are reported in Figures 7 and 8, respectively.
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Figure 7. SWIR band (a) 57 (1.57 um) and (b) 163 (2.43 um) original images and histograms.

In Figure 8a the restoration of the missing line in the image of Figure 7a can be clearly
appreciated. Comparing Figures 7b and 8b, it can be noticed how much the noise corrupted
the signal and how much the application of the denoising algorithms managed to enhance
the useful information: the shape of the signal could be guessed in the pre-processed
histogram, but it is covered by the strong noise, while in the post-processed one, it is clear.
Reducing the effects of both the noise sources was critical for two main reasons:

1. The bad bands selection process automatically eliminates all the images with missing
lines, but some bands were carrying good information despite of this. Line restoration
allows us to use more bands with potentially useful information that would otherwise
be discarded;

2. Most of the bands corrupted by the Gaussian Noise were placed in the far-SWIR
part of the spectrum, making every band above SWIR 140 (2.27 um) unserviceable,
cutting out a spectrum portion useful for soil characterization which is not frequently
included in other multispectral or hyperspectral sensors.
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3.2. Principal Component Analysis

The new VNIR datasets obtained from the bad bands’ elimination procedure were
subjected to PCA, in order to obtain a statistical distribution of the less correlated bands. The
PCA plot of the Alba Fucens PRISMA dataset shows that the information is concentrated
in the first four components (Figure 9). In the Sinuessa coastal area, the PCA analysis
(Figure 10) shows the information concentrated in the first three components. Only the
VNIR dataset was processed for both the test sites, as it provides most of the information in
carbonatic areas and it contains the wavelengths that penetrate into the water column.

Alba Fucens’ results are reported in Figure 11, where the PCA highlighted how the
transformed spectral information is concentrated in the first four PCs; moreover, the
PCA shows how from the PC-5 (VNIR) the displayed information becomes difficult to be
interpreted and after PC-10 it can be directly assimilated to noise.

In application contexts, the PCA highlight elements or details not visible in the original
image; in this approach, the PC-1, PC-2 and PC-3 on PRISMA VNIR highlight, in the central
area of Alba Fucens, a structurally different soil compared to the surrounding (Figure 12).
This could be related to the presence of further buried structures.



Land 2022, 11, 2070 11 of 24

Land 2022, 11, x FOR PEER REVIEW  11  of  25 
 

information  in carbonatic areas and  it contains  the wavelengths that penetrate  into  the 

water column. 

 

Figure 9. Alba Fucens: PCA  (eigenvalues)  in  the VNIR dataset;  the PCA plot shows  that  the  in‐

formation is concentrated in the first four components, in particular the highest values are found in 

PC‐1, PC‐2 and PC‐3. 

 

Figure 10. Sinuessa: PCA  (eigenvalues)  in  the VNIR dataset;  the PCA plot shows  that  the  infor‐

mation is concentrated in the first three components; in particular the highest values are found in 

PC‐1, PC‐2. 

Alba Fucens’ results are reported in Figure 11, where the PCA highlighted how the 

transformed spectral information is concentrated in the first four PCs; moreover, the PCA 

shows how from the PC‐5 (VNIR) the displayed information becomes difficult to be in‐

terpreted and after PC‐10 it can be directly assimilated to noise. 

In  application  contexts,  the  PCA  highlight  elements  or  details  not  visible  in  the 

original image; in this approach, the PC‐1, PC‐2 and PC‐3 on PRISMA VNIR highlight, in 

the central area of Alba Fucens, a structurally different soil compared to the surrounding 

(Figure 12). This could be related to the presence of further buried structures. 

Figure 9. Alba Fucens: PCA (eigenvalues) in the VNIR dataset; the PCA plot shows that the
information is concentrated in the first four components, in particular the highest values are found in
PC-1, PC-2 and PC-3.

Land 2022, 11, x FOR PEER REVIEW  11  of  25 
 

information  in carbonatic areas and  it contains  the wavelengths that penetrate  into  the 

water column. 

 

Figure 9. Alba Fucens: PCA  (eigenvalues)  in  the VNIR dataset;  the PCA plot shows  that  the  in‐

formation is concentrated in the first four components, in particular the highest values are found in 

PC‐1, PC‐2 and PC‐3. 

 

Figure 10. Sinuessa: PCA  (eigenvalues)  in  the VNIR dataset;  the PCA plot shows  that  the  infor‐

mation is concentrated in the first three components; in particular the highest values are found in 

PC‐1, PC‐2. 

Alba Fucens’ results are reported in Figure 11, where the PCA highlighted how the 

transformed spectral information is concentrated in the first four PCs; moreover, the PCA 

shows how from the PC‐5 (VNIR) the displayed information becomes difficult to be in‐

terpreted and after PC‐10 it can be directly assimilated to noise. 

In  application  contexts,  the  PCA  highlight  elements  or  details  not  visible  in  the 

original image; in this approach, the PC‐1, PC‐2 and PC‐3 on PRISMA VNIR highlight, in 

the central area of Alba Fucens, a structurally different soil compared to the surrounding 

(Figure 12). This could be related to the presence of further buried structures. 

Figure 10. Sinuessa: PCA (eigenvalues) in the VNIR dataset; the PCA plot shows that the information
is concentrated in the first three components; in particular the highest values are found in PC-1, PC-2.

Relatively to Sinuessa, the PCA in the VNIR PRISMA dataset highlighted the geo-
morphological characteristics of the study area (Figure 13) in the continental zone, the
whole northern ignimbritic domain; moreover, along the coast, emerged and submerged
morphology are clearly distinguishable (in sequence: emerged beach, submerged beach,
submerged bar).
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Figure 12. Alba Fucens’ PRISMA VNIR particular comparison referred to RGB (left) and PCA (right)
image: in the highlighted central area it can be noted that the soil features are structurally different
compared to the surrounding soils.

The turbidity is well featured in the spectral processing and it is linked to the presence
of channel outlets into the sea and relevant sediment input from Garigliano River (north of
Sinuessa). At the moment, the dataset is not able to provide information on the submerged
structures of Sinuessa, due to the presence of this turbidity which alters the clarity of the
water and the penetration of the signal into the water column. Other comparisons are
not actually possible because subsequent images in PRISMA Data Hub are not available.
The PCA analysis, however, gave information on the turbidity and on the submerged and
emerged sedimentary features (Figure 13).
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Figure 13. Sinuessa RGB (left) and PCA (right) images: the VNIR PRISMA dataset highlighted the
geo-morphological characteristics of the study area in the continental and coastal area.

3.3. PRISMA and Sentinel-2 Spectral Signatures

Several spectral signatures from PRISMA and Sentinel-2 for Alba Fucens and Sin-
uessa, respectively, corresponding to pits, rocks or soils (Figure 14a), and sea and sand
(Figure 14b), were compared. The Sentinel-2 images closest to PRISMA data were acquired
on 13 September 2019 and on 20 October 2019 for Alba Fucens and Sinuessa, respectively.
In Sinuessa, the selected points were chosen south of the actual area, but at the same
bathymetry, because there are clouds over the AOI in the only available satellite image.
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Figure 14. Location of the selected points for spectral signature comparison: (a) Alba Fucens (green:
pit; red: rock; dark green: light soil, brown: dark soil; black; Alba Fucens soil); (b) Sinuessa (blue: sea;
pink: sand).

The Alba Fucens and Sinuessa spectral signatures are reported in Figures 15 and 16.
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Figure 15. Alba Fucens’ PRISMA and Sentinel-2 spectral signatures comparison: (a) pits, (b) rocks;
(c) light soil, (d) dark soil, (e) archaeological site soil. At 443 nm and 945 nm Sentinel-2 has “Not A
Number” for light and dark soils.

The results show a full agreement between PRISMA and Sentinel-2 data. Thanks to
the high spectral resolution of PRISMA data, it is possible to see the atmospheric absorp-
tion windows, especially in the wavelength ranges of 1360–1440 nm and 1820–1940 nm.
Probably due to the atmospheric absorption, other peaks can be found at different rates
in the wavelengths around 920, 1120 and 2020 nm. The water shows, as expected, a low
backscattering in all bands, especially in the SWIR cube (Figure 16b).

With regard to soils, Sentinel-2 in the light and dark soil contains two “Not A Number”
in the wavelengths of 443 and 945 nm (Figure 15c,d). Moreover, the light soil has a
completely different response in the SWIR wavelengths (Figure 15c). The spectral signatures
of soil in the Alba Fucens area (Figure 15e) has similar response to the dark soil, but with
slightly higher values. This confirms the different trend observed in the PCA analysis.
Moreover, the soil reflectance range values are in full agreement with the state-of-art
spectral signatures [80–82]. The range is, indeed, between 0.1 and 0.5, except for 443 and
945 nm wavelengths, where sentinel-2 band has not been properly acquired.
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Figure 16. Sinuessa PRISMA and Sentinel-2 spectral signatures comparison: (a) sand and (b) water.
The y-axe, differently from the previous ones, is between 0 and 0.1, in order to better appreciate the
two signatures.

Concerning the Sinuessa, coast the spectral signature must be attribute to a medium
and fine sand (100–500 microns), primarily composed of quartz and, subordinately, of
volcanic minerals (sanidine, K-Plagioclase, pyroxenes, magnetite).

3.4. Spectral Angle Mapper (SAM) Classification

Considering the two supervised ML and SAM classifications, the SAM provided more
reliable results both on the Sentinel-2 and PRISMA dataset, highlighting morphologies
and morphostructures probably linked to buried anthropic structures (Figure 17). In
fact, it was not possible to apply the ML algorithm on the processed PRISMA dataset,
since the ML algorithm requires a number of training pixel elements at least equal to the
number of features (the spectral bands) used in the classification for a correct creation of the
distributions representing the various classes (in the creation of the variance and covariance
matrices above mentioned). In the case of multispectral data, this is easy to obtain but
in the studied dataset, 100 training pixels for each coverage class were impossible to be
obtained. So, the SAM classification is generally more suitable for hyperspectral data as it
does not have the limitation found in the ML classification.
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Figure 17. Sentinel-2 maximum likelihood (ML) and spectral angle mapper (SAM) classification in the
Alba Fucens’ AOI: (a) the SAM classification distinguished the archaeological area and two soil types
in more detail: around the site (purple class) and in the surrounding (orange class); (b) relationships
classification/geology—light soils, dark soils (Red: antropic features, Yellow: light soils, Purple:
dark soils, Green: vegetation); and (c) PRISMA SAM classification and geology relationships (Red:
antropic features, Orange: dark soils, Light Orange: light soils, Light green: low vegetation, Dark
Green: high vegetation; geology map: concession and use by ISPRA—Department for the Geological
Survey of Italy).
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The Sentinel-2 SAM classification has better distinguished the archaeological area and
the two soil types: the first around the site; the second corresponding to the surrounding
soils (Figure 17b).

The extracted thematic map clearly defines the morphological structure, distinguishing
the soils of the Alba Fucens from the larger one in Avezzano (Figure 17c). This different soil
spectral response is likely to be connected to the lithological characteristics represented by
pebbly-sandy alluvial deposits, slopes debris deposits with the presence of archaeological
remains [83]; the data are in agreement with the Sentinel-2 dataset (Figure 17b).

4. Discussion

On the basis of these first results, it appears that L2C are better than the L2D data,
which are not adequate to carry on a sufficiently reliable study due to the wrong geo-
referencing. Once bad bands are deleted, few statistical analyses were performed in the
AOI. The first PCA statistical analysis helps to highlight the not correlated variables and
to identify the main features of multispectral images confirming relevant geological and
archaeological information.

The results obtained on the Alba Fucens site, even if limited to few images that
precluded detailed and accurate analyses, show that the first four PCs of the spectra
described most of the information in the VNIR dataset, while in the Sinuessa coastal area,
the first three PCs describe most of the information. Close to the plain of the Civita, along
the slopes of the hill and in the surrounding of the base, PCA has highlighted at least four
groups of interesting surface components (Figure 12) to be better investigated with in situ
inspections as well as future geophysical prospections.

The comparison between the Alba Fucens spectral signatures is shown in Figure 18.
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PRISMA hyperspectral signatures are able to detect and discern important charac-
teristics of materials and soils. The detailed knowledge of the land context, as well as
previous studies [18,42], allows for the attribution of the Alba Fucens spectral signature
of the measured pits zone (Figure 15a) to calcium carbonate (420–920 nm). The signature
matches with the spectral library signatures related to calcite [84]; the area is, indeed, well
known for important extractive activities of high quality carbonatic gravels and concrete
mixing. The hilly and mountainous surroundings are mainly characterized by carbonatic
geological features [83] while the clay alluvial soils characteristics are correlated with the
absence or presence of organic matter (light vs. dark soil). Comparing pits and light soil
spectral signature (Figure 15a,c) it is possible to observe the overlap of the data in the VNIR
and SWIR; the light soils are rich in calcite (skeleton) responsible for their hue.

On the contrary, the trend of the spectral signature of the dark soils within 420 and
1320 nm indicates a minor presence of calcite and a greater content of organic components,
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while the clay component for dark soils is major, ranging within 1420–2500 nm, as shown
in the second part of the spectra (Figure 18).

The different soil characteristics of the Alba Fucens archaeological site have been
differentiated by the PCA; in particular the Alba soil has a spectral signature similar to the
dark soil but, with a slightly greater organic content, perhaps due to a reduced agricultural
activity. The rock signature is more similar to the dark soils than that of the pits, maybe
because the cover vegetation has a predominant reflectance component.

The results show the advantages of PRISMA spectral signatures compared to Sentinel-2
in terms of acquired bands (240 vs. 13), spectral resolution and the possibility of data inter-
pretation. Much more information can be extrapolated, especially in the SWIR wavelength
range, compared to Sentinel-2 data that contain only three bands.

Concerning the Sinuessa archaeological site, it is known that spaceborne or airborne
spectral water response (reflectance) is a complex process due to scattering of particles—in
water and water molecules, in air (aerosols) and air molecules—and to reflection process—
at the air-water interface [85–90]. Water information is correlated only to scattering in water
and is influenced by sunglint, sky reflection, water colour and transparency, while the other
two processes must be avoided or corrected. Water colour depends on the concentration and
optical properties of particles in suspension and on organic dissolved elements coming from
biodegradation of plants. Transparency depends on the concentration and optical properties
of total suspended particulate matter (SPM) and on dissolved organic matter [91–93].

The study of aquatic optics becomes easier if phenomena can be observed and mea-
sured using portable spectroradiometer, visual checks and simple optical equipment.
Sunglint and sky reflection at the air-water interface and differences in water colour and
transparency are related to different water constituents [94–96].

Within Sinuessa, spectral response complexity, the variability of water transparency
during time is to be considered the most relevant issue. The morpho-sedimentary features
of archaeological area (medium and fine silicate and volcanic clastic sands) show a highly
hydrodynamic coastal environment, with longshore currents with a net longshore sediment
transport directed from NW to SE, transporting sediments from Garigliano River and minor
streams to the Sinuessa area towards SE [49].

Marine campaigns carried out in June–September 2012 and June–November 2013 [97]
reported, respectively, average transparency values ranging between 1.8 and 3.6 and 1.8
and 2.8 metres; the highest values were measured in July and the lowest in November;
moreover, during 2020 (22 August) extensive and unexpected brownish big stains, sampled
by the Italian Coast Guard and analysed by the Regional Environmental Agency, were
attribute to massive phytoplankton formation. The correction of atmospheric effects of
the near-shore satellite images is complex and affected by the land proximity; moreover,
high SPM concentrations produce high level of reflectance in the VNIR and NIR spectral
regions [98]. By means of turbid coastal water algorithms [98] it is possible to assess the
atmospheric correction through having high-resolution satellite imagery and in situ SPM
concentration as well as water reflectance.

Regarding the interpretation of Sinuessa spectral signatures, the sure presence of
quartz in the marine sands requires more data collection to be correlated to temporal
satellite resolution, transparency and “ground truth campaign” for data interpretation.
PRISMA data in marine areas are therefore heavily affected by complex phenomena and in
particular by SPM and water transparency.

5. Conclusions

This research, by exploiting satellite remote sensing with a new hyperspectral sensor,
tried to help the readability of archaeological sites, to understand the material composition
and to detect object shapes. The more that can be explained in an archaeological site, the
better is the eventual management and intervention aimed towards its conservation. The
results could enhance information for a multiscale approach, both from the thematic and
the metric point of view. In recent years, the processing of high and very high-resolution
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satellite images has strongly entered archaeological studies. Through new technologies,
the reconstruction of material and cultural history of archaeological sites, as well as their
resources, can be easily detected and illustrated. As an example, spectral bands in near
and medium infrared allow the identification of shades of grey not visible to human
eye, highlighting potential structures buried through anomalies in the distribution of
moisture and/or vegetation in the soils. The analysis of the shapes helps to define the
structures with their evolutions over time and their relationships with anthropic and
paleo-anthropic systems.

This work analysed PRISMA capabilities in detecting the terrestrial and the marine
archaeological areas of Alba Fucens and Sinuessa.

One of the challenges of the hyperspectral data are their large data quantity and their
strong correlation within the spectral features. Bad bands analysis is strictly required in
order to delete those bands which contain no data and are not useful for the test.

The PCA showed considerable information; in particular, the Alba Fucens soil shows
characteristics different from the surrounding soils. This requires, in the future, in-depth
and geophysics local inspections. Regarding Sinuessa, the investigations are strongly
influenced by the low quality of the only spectral image available, due to the presence of
clouds cover and imperfect focus. The PCA shows a significant influence of turbidity due
to the presence of many watercourses and their sediment input.

The spectral signatures of the two sites acquired by PRISMA and Sentinel-2 show
full agreement, but PRISMA spectral resolution is higher (240 vs. 13 bands), providing
more details. Spectral analysis shows that it is possible to obtain important archaeological
information regarding soils and constituent materials, especially if accurate “ground” data
are available (archaeological and neighbouring area). Relevant comparisons between
known and unknown areas for inspection and cognitive evaluations is, then, possible. The
spectral study of marine archaeological areas is particularly complex and only through the
evaluation of suitable, multitemporal and high-quality images they can be fully evaluated.

Remote sensing applications are mainly present in desert areas and/or with very
sparse vegetation; in these areas the spectral response of the satellite sensors is not affected
by the vegetation cover. In the study areas described in this paper, the PRISMA sensor
gave reliable spectral responses, even if partially disturbed by the contribution of the
vegetation; the processed dataset highlighted the morphological structures in the Alba
Fucens area through photointerpretation and classification procedures. These procedures
have allowed the identification of conoid structures, consisting mainly of detrital material
with archaeological remains also described in the national geological cartography. With
regard to Sinuessa, the PRISMA image highlighted the lithologies present in the continental
coastal area; in the marine environment it was not possible to distinguish the submerged
forms as the only recovery in the area showed widespread turbidity in the coastal waters.

To conclude, these first analyses, applied in landscape archaeology studies, highlight
the great spectral operational capabilities of the PRISMA sensor. In future studies, a great
advantage can be brought by performing a reliable pansharpening in order to increase
the resolution of the final images (geometric resolution from pancromathic and spectral
resolution from hyperspectral data), as well as a more stable multitemporal acquisition in
the areas under investigation.

Finally, using an extremely high-resolution hyperspectral sensor mounted on a UAV
could enhance the multiscale information in archaeological areas.
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