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ARTICLE INFO ABSTRACT

Keywords: The increasing availability of spaceborne hyperspectral satellite imagery opens new opportunities for forest
Habitat mapping habitat mapping and monitoring, but the limitation of its generally low temporal resolution must be considered.
Hyperspectral In this study, we compare the ability of single-date PRISMA (PRecursore IperSpettrale della Missione Applica-
:;f:;zz;::p ectroscopy tiva), the hyperspectral satellite from the Italian Space Agency, with that of both single-date and multi-date
Multispectral Sentinel-2 (S2) and PlanetScope (PS) to detect and correctly classify various EUNIS habitat types distributed

over a relatively small spatial extent (6000 ha) in a natural reserve in Central Italy. The case study deals with
multiple levels of spectral similarity, as the dominant canopy species of the target forest habitat classes belong to
the same genus (Quercus spp., both deciduous and evergreen species) as well as of different taxa (Pinus and
Fraxinus spp.). We performed a pixel-based classification with the Random Forest algorithm using a set of 22
spectral indices computed on S2, and 12 on PS, and compared the results with those obtained by PRISMA (28
indices). A Canopy Height Model (CHM) was also used as an input variable for the classification. The single date
classification of PlanetScope obtained lower overall accuracy (69 %) than what obtained with other sensors
(PRISMA and Sentinel-2) in a previous study over the same area. Regarding the comparison between multi-date
multispectral and single-date hyperspectral, 10-fold cross-validation results revealed that S2 achieves an out-of-
bag error rate of approximately 16 %, and PS 19 %, while PRISMA result from previous study achieves 17 %. This
demonstrates that a combination of spectral indices calculated during the growing season can capture pheno-
logical or physiological differences among the target species, which consequently results in a significant
improvement in the classification accuracy of the multispectral sensors. Ultimately, classification results from all
three sensors were combined to create probability maps for each forest class, identifying areas classified with a
higher degree of certainty by each satellite tested and potentially contributing to forest management by defining
areas with varying conservation levels.

Spectral indices

1. Introduction

Canopy plants are the dominant primary producers in forest eco-
systems and provide habitat for a variety of other taxa. The floristic
composition of plant communities is regarded as a proxy for vegetated
ecosystem diversity (European Environmental Agency (EEA), 2014) and
is widely used as a diagnostic key for the classification and mapping of
natural and semi-natural terrestrial habitats in Europe, within Annex 1
of the EU Habitat Directive (92/43/EEC) or EUNIS habitat

* Corresponding author.
E-mail address: chiara.zabeo@unitus.it (C. Zabeo).

https://doi.org/10.1016/j.ecoinf.2024.102867

classifications (Chytry et al., 2020).

Based on the assumption that spectral heterogeneity closely corre-
lates with biodiversity (Warren et al., 2014), remote sensing offers a
clear advantage for monitoring forest habitat extent, provided that re-
lationships between habitat characteristics and spectral properties are
established. Following the “spectral species” concept (Rocchini et al.,
2021), the discrimination of compositional differences in forest canopy
from optical imagery is primarily determined by the similarity or
uniqueness of the biochemical composition and structural properties of
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the foliage among tree species (Asner and Martin, 2016; Somers and
Asner, 2014). This has been demonstrated by a recent study (Schweiger
and Laliberté, 2022), which revealed that spatial variation in plot-level
reflectance captures changes in plant species composition at the scale of
currently operational satellite missions (30 x 30 m pixels), such as
PRISMA or ENMAP, and that this relationship holds across biomes,
including ecosystems dominated by forests, shrubs, and grassland.
Furthermore, D’odorico et al. (2023) found that leaves at the top of the
canopy have superior discrimination capacity compared to bottom-of-
canopy leaves. This holds potential for distinguishing species-specific
traits through spaceborne remote sensing, despite the drawback of
background signals and acquisition geometry, which may complicate
the classification task.

Operational hyperspectral imaging satellite missions (PRISMA,
ENMAP) open new avenues for analysing top-of-canopy tree composi-
tion, thanks to the ability of hyperspectral data to measure the spectral
reflectance of plant canopies over hundreds of bands from the visible to
the near-infrared and shortwave-infrared regions of the electromagnetic
spectrum. The PRISMA sensor (PRecursore IperSpettrale della Missione
Applicativa), launched in March 2019 by the Italian Space Agency (ASI),
is a medium-resolution (30 m) hyperspectral imaging satellite with over
200 bands operating in the VNIR/SWIR, with a bandwidth of around 12
nm (ASI, 2020; Cogliati et al., 2021; Coppo et al., 2019). This seamless
“keyboard” of narrow spectral bands can help detect very specific
chemical signals and compounds, which are usually not captured by
broad-band multispectral satellites. PRISMA imagery has been used for
applications in the fields of geology (Tripathi and Garg, 2021), ecology
(Arasumani et al., 2023), water quality monitoring (Amieva et al., 2023;
Begliomini et al., 2023; de Lima et al., 2023), agriculture (Pepe et al.,
2020), and environmental sciences (de Abreu Aratijo et al., 2023; Hovi
et al., 2023; Lazzeri et al., 2021; Quintano et al., 2023; Vangi et al.,
2021), while its application to forest canopy composition mapping is
still emerging (e.g., Vaglio Laurin et al., 2024).

However, the moderate spatial resolution of the hyperspectral sensor
is a limitation for detecting habitat types with fragmented spatial pat-
terns. Furthermore, as image pixels can be thought of as a mix of tree
crowns from more than one individual, the sensor’s ability to detect
compositional differences in the forest canopy is expected to depend on
the spectral similarity of the species to be separated, which is signifi-
cantly associated with the phylogenetic similarity among species
(Cavender-Bares et al., 2016). Lastly, the PRISMA mission currently
operates with on-demand tasking acquisitions within quota limits. Only
a limited number of products are available for each project, thus
excluding the possibility of collecting a regular time series and raising
the need to contemplate the use of additional optical data sources with a
regular acquisition pattern.

Taking all these factors into account, it seems crucial to explore
whether the narrower spectral bands of a single-date PRISMA acquisi-
tion perform better in forest habitat mapping than multiple acquisitions
of multispectral images. Our overarching goal is to assess whether forest
habitats dominated by single species or tree assemblages from a variety
of plant taxa can be satisfactorily mapped by a single-date acquisition of
PRISMA or by seasonal time-series acquired from Sentinel-2 (S2) and the
commercial PlanetScope (PS) constellations. These two multispectral
Earth observations (EO) satellites, unlike PRISMA, have regular acqui-
sition patterns, acquiring imagery respectively every 2 to 5 days and
daily. The comparison of PRISMA with S2 and PS is justified by the
hypothesis that time series can capture seasonal dynamics of canopy
reflectance properties that may be relevant for the discrimination of
compositional differences in the forest canopy, as demonstrated in
earlier studies (Haddad et al., 2022; Rapinel et al., 2019).

Several studies have explored habitat mapping with S2, either on its
own (Arasumani et al., 2024; Bartold and Kluczek, 2024; Bayle et al.,
2019; Le Dez et al., 2021; Marcinkowska-Ochtyra et al., 2023; Marian
et al., 2024; Marzialetti et al., 2019; Pesaresi et al., 2022; Pesaresi et al.,
2024; Rapinel et al., 2019; Tran et al., 2024; Xia and Lv, 2024) or in
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combination with, or comparison to, other platforms (Aditya et al.,
2021; Ahmed et al., 2022; Arasumani et al., 2023; Iglseder et al., 2023;
Jarocinska et al., 2023; Kycko et al., 2022; Prodromou et al., 2024;
Punalekar et al., 2024; Torresani et al., 2019). Sentinel-2, a mission by
the European Space Agency (ESA) ongoing since late 2015, offers open-
source data with a relatively high temporal resolution (2 to 5 days). Its
Multispectral Instrument (MSI), which includes 13 bands covering the
visible to the short-wave infrared (SWIR) spectrum, and its generally
medium spatial resolution (four bands at 10 m, six at 20 m, and three at
60 m), has proven suitable for mapping different types of habitats
worldwide, using either the original spectral bands or vegetation indices
(VIs). However, in most studies using VIs, only NDVI or a few of the
many indices computable with S2 bands are employed in the classifi-
cation procedure, and the number of classes considered is often limited.

In recent years, habitat mapping has also been carried out with PS
(Doughty et al., 2024; Haddad et al., 2022; Szostak et al., 2021). The
PlanetScope mission consists of a constellation of small satellites called
Doves (4-band) or SuperDoves (8-band), covering the visible and near-
infrared (NIR) regions, which acquire daily high-resolution (3 m) im-
ages on a global scale. Currently, the number of studies utilizing this
sensor is limited due to the commercial nature of the mission (although a
monthly quota of data is available for research and educational pur-
poses). In these cases too, broad categories and few VIs were considered.

Only Vaglio Laurin et al. (2024) demonstrated that PRISMA out-
performs S2 in single-capture mapping of diverse forest habitat types,
leveraging spectral indices and a Canopy Height Model (CHM) within a
Random Forest (RF) classification framework, in the same study area.
Replicating the single date classification carried out with PRISMA and
S2 in the same study area, which exhibits a complex spatial pattern of
forest and other natural habitats, this study delves deeper into the
comparison of PRISMA, S2, and PS imagery. Based on previous studies
involving hyperspectral imagery (Aditya et al., 2021; Arasumani et al.,
2023; Jarocinska et al., 2023; Vangi et al., 2021), PRISMA is expected to
outperform the multispectral sensors. However, since the multitemporal
aspect of the latter has not been considered in previous comparison
studies, this warrants further clarification.

Previous studies have investigated the trade-offs between different
sensor characteristics and compared their performance in habitat and
species-specific mapping (Meerdink et al., 2024; Torresani et al., 2019;
Vanguri et al., 2024). However, to our knowledge, this is the first study
that comprises an all-round comparison of three sensors’ characteristics,
including their spectral, spatial, and temporal aspects, and includes
recently launched satellites such as those investigated here. The specific
goals of this study are to:

i) Compare the performance of two EO satellites for forest habitat
mapping using the Random Forest classification to identify the
trade-offs between the spectral, spatial, and temporal resolutions
offered by each satellite: S2 (medium spatial/temporal, 13 bands
VIS-SWIR), and PS (high spatial/temporal, 8 bands VIS-NIR).
Results are also compared with those obtained over the same area
by a previous study using S2 and PRISMA hyperspectral single-
dates;

ii) Compare the two multispectral satellites, focusing on how the
increased number of spectral bands in S2, particularly those in
the short-wave infrared (SWIR) region, may improve classifica-
tion accuracy compared to PS;

iii) Evaluate how the availability of a time series from the two mul-

tispectral sensors influences classification accuracy compared to

the single-date imagery of PRISMA;

Identify which indices, and thus which regions of the electro-

magnetic spectrum, contribute most to classification accuracy,

and how they differ among the three sensors.

—

iv
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Fig. 1. Location and boundaries of the Castelporziano Natural Reserve. True colour PRISMA composite from 14/07/2022 (R: B32, G: B18, B: B8).

2. Material and methods
2.1. Study area

The study area is the Castelporziano Natural Reserve, located
southwest of the Metropolitan City of Rome (Fig. 1), covering more than
6000 ha. It contains a variety of Mediterranean forest habitats, as well as
two sites of community importance (SCIs): the coastal area and the
lowland oak forest. Due to its history, first as a Papal estate and then as a
hunting reserve for the Italian Royal family until its declaration as a
Natural Reserve in 1999, the area has remained substantially unchanged
over the years and preserves within its borders what remains of the
forest system that once characterized the Tiber River delta and neigh-
bouring zones (Recanatesi et al., 2020), thereby representing a unique
opportunity to study and monitor these habitats.

Alarge portion of the area (more than 2000 ha, Scrinzi et al., 2019) is
covered by the aforementioned deciduous oak forest, composed mainly
of Quercus robur L. and Quercus frainetto Ten., with other accompanying
broadleaf species such as Carpinus betulus L. and Fraxinus spp. This
habitat in coastal Italy represents a relic of ancient plain forests that used
to exist in the area (Recanatesi et al., 2020). Another considerable
portion is covered by Pinus pinea L. stands, which have been declining
since 2017 due to attacks by Tomicus destruens Woll. (Recanatesi et al.,
2019). Evergreen oak forests are present as distinct Quercus ilex L. and
Quercus suber L. stands, as well as Mediterranean maquis near the coast.
Agroforestry practices have been implemented in the past (Gratani et al.,
2017; Pignatti et al., 2015), which has led to the presence of Eucalyptus
spp. and Q. suber plantations, as well as pastures for local cattle.

This study adopted the EUNIS habitat nomenclature (Level 3, 2021
revision) from the European Environment Agency’s (EEA) European
Nature Information System (EUNIS) for forest and natural habitat clas-
sification (https://eunis.eea.europa.eu/habitats.jsp). Replicating the
approach used by Vaglio Laurin et al. (2024), the EUNIS habitat map
was obtained by assigning a EUNIS 2021 code to classes in the Cas-
telporziano Forest Management Plan (FMP) map, which depicts the
spatial distribution of the main vegetation types (forest, shrubland,
grassland) and other land uses in the Castelporziano Presidential Estate.
The FMP map, provided by the Presidential Estate Scientific Committee
and considered the reference ground truth, depicts vegetation types and
land uses in the estate using field sampling, dominant canopy species,

and very high-resolution aerial photograph interpretation (Giordano
et al., 2010; Scrinzi et al., 2016, 2019). The map was updated to reflect
pine habitat changes due to sanitation cuts. The two deciduous oak
classes from Vaglio Laurin et al. (2024), which are spectrally and
structurally similar, were merged into T195 based on their findings. The
revised reference ground truth map for this study comprised 17 classes
in total, of which 7 were forest habitats and 10 were other land cover
types (Table 1).

Considering the results of Vaglio Laurin et al. (2024), the Random
Forest (RF, Breiman, 2001) algorithm was chosen as the machine
learning method. Among the advantages of RF is its ability to avoid
overfitting, minimize the time required to classify satellite images, and
produce reliable estimates of error using out-of-bag (OOB) samples

Table 1
Land cover classes in the Castelporziano Natural Reserve with total “pure” area
and inclusion/exclusion from classification.

Class Description Area Excluded from
code (ha) classification
C1 Water 0.81 X
Cc2 Agricultural land 445.23
Cc3 Shrubland 31.14
c4 Areas in recolonization 29.16
C5 Special plantations 212.13
C6 Pastures 82.44
Cc7 Pastures with trees 37.17
Cc8 Beach 31.95
c9 Roads 1.62 X
C10 Urban areas 6.66 X
N1G Mediterranean coniferous coastal 720.18
dune forest
S51 Mediterranean maquis and 331.83
arborescent matorral
T142 Mediterranean riparian Populus 11.34 X
spp. forests
T195 Southeastern sub-thermophilous 1627.29
Quercus spp. forests
T19B6 Thermophilous Fraxinus spp. 21.6
forests
T211 Quercus suber forest 189.27
T212 Quercus ilex and Q. rotundifolia 370.89
forest
TOTAL 4150.71
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(Ahmed et al., 2022). Replicating the method applied in Vaglio Laurin
et al. (2024), training and validation pixel selection for the Random
Forest classifier involved random sampling within each EUNIS class,
ensuring at least 250 pure PRISMA pixels (matching the size of the
smallest class, T196B6—Fraxinus spp. forest). Seventy percent of the
data (175 pixels) were randomly chosen for training the model and 30 %
(75 pixels) for testing, apart from the aforementioned class, which had
168 pixels for training and 72 for testing (Vaglio Laurin et al., 2024). For
S2 and PS, the pixels whose centroid fell inside the selected (250/240)
PRISMA pixels were used for classification for three main reasons:

i) Minimize the impact of the selection of different training and
validation sites among the three sensors on classification
accuracy;

ii) Evaluate the influence of higher spatial resolution from the two
multispectral sensors on classification outputs;

iii) Adopt a methodology similar to a ground-based study, utilizing
fixed sample plots that contain varying numbers of satellite pixels
based on the sensor used.

2.2. Input features for image classification

All the steps related to PRISMA and Sentinel 2 single date input
features for classification are replicated from the previous work of
Vaglio Laurin et al. (2024) over the same study area. The PRISMA
classification utilized a single-date image acquired on 14 July 2022 to
ensure optimal accuracy (evaluated against images from other dates in
2021 and 2022). Therefore, we report only the results from this best-
performing single-date image. The downloaded image was co-
registered with a yearly composite of S2, after which bands affected
by noise or striping errors were removed (bands 1-9; 104-111;
148-164; 227-234), resulting in 192 usable bands.

For S2 and PS, the classification was performed using both single-
date images—specifically from 14 July 2022 and 12 July 2022 (which
was the closest available date to the PRISMA and S2 images) respecti-
vely—and median-based decadal (10-day) composites spanning the
growing season from early March (Decade 6 of the year, hereafter
abbreviated as D6) to the end of October 2022 (D30). The decadal
composites for S2 and PS were derived from a varying number of images
available for each decade, each having a maximum cloud cover of 20 %.
Decade 25 is excluded due to the unavailability of cloud-free images for
both sensors, while Decades 7, 11, 15, and 24 through 29 are missing for
S2. For further details regarding the dates and the number of images
used for each composite, refer to Table S1 (supplementary materials).

The Random Forest classification was performed using vegetation
indices as predictors (see Table S2, supplementary materials). The use of
vegetation indices has been shown in the scientific literature to provide
a more robust understanding of ecosystem dynamics at the habitat scale
(Bartold and Kluczek, 2024) and to contribute to the characterization of
vegetation properties (Ahmed et al., 2022). A total of 28 indices were
computed for PRISMA, while 22 indices were computed for S2 and 12
for PS. These indices were selected for their sensitivity to foliar chemical
traits (e.g., the presence of specific photosynthetic pigments, nitrogen,
water, lignin, and cellulose), which may vary at the species level due to
different stoichiometric relationships (Asner and Martin, 2016).

All single-date images were treated uniformly (replicating Vaglio
Laurin et al., 2024):

e Step 1: Identification of the top 10 most important indices. Each
image underwent classification using all available indices. The top
10 indices were selected based on their Mean Decrease Accuracy
(MDA) score, indicating their influence on classification accuracy
(Benard et al., 2022; Breiman, 2001);

e Step 2: Reducing multicollinearity. Variance Inflation Factor (VIF)
analysis, with a threshold of 5 (Girma et al., 2016), was applied to the
top 10 indices to identify and remove highly correlated features
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using the usdm package in RStudio (Naimi et al., 2014). This ensured
the development of statistically robust models (Ferré, 2009).

This process resulted in 6 remaining indices for PRISMA and 5 for S2
and PS.

For the S2 and PS 10-day composites, to reduce the high dimen-
sionality of input predictors (12 indices * 16 decades for S2 and 24
decades for PS, totalling 192 and 288 layers, respectively), the VIF was
computed directly on each decadal stack for each index. This initial step
checked for temporal multicollinearity among layers representing the
same index computed at different times during the growing season. The
remaining layers after this first round of VIF were then stacked together,
and VIF was re-evaluated to assess multicollinearity among the different
indices. A final stack of 45 indices was obtained for S2 and 44 indices for
PS. Given that this number of input features was still high compared to
the number of classes (13), it could potentially lead to overfitting and
excessive computational time (Hua et al., 2005; Kuhn and Johnson,
2013). Therefore, two alternative methods were applied to sieve and
select spectral predictors from the temporal information contained in
the stack: i) selecting the top two most important VIs by MDA score for
each season (defined as winter, spring, summer, and fall based on 10-day
composite dates), resulting in 8 VIs; and ii) applying a more restrictive
VIF threshold (equal to 2 instead of 5), leaving 10 indices.

Data from a CHM of the Reserve was added to the input features, as
the CHM provides information on the structural composition of the
canopy, which may aid in distinguishing between vegetation types with
similar reflectance but different structural properties (e.g., Q. ilex forest,
T212, and maquis, S51, in the study area; Lang et al., 2023). The data
were obtained from an airborne lidar survey conducted in 2007,/2009,
with a point density of 1.7 pulses per meter. The CHM was derived by
calculating the difference between the Digital Elevation Model and the
Digital Surface Model (Scrinzi et al., 2019; Vaglio Laurin et al., 2024).
The data was originally at 1 m resolution and was resampled to 30 m, 10
m, and 3 m for the three sensors, respectively. Mean resampled values
and standard deviations of the CHM were used as input features for the
Random Forest model. Table 2 provides a list of input indices for the
classification.

2.3. Classification procedure

All the steps related to PRISMA and Sentinel 2 single date classifi-
cation are replicated from the previous work of Vaglio Laurin et al.
(2024) over the same study area. We performed Random Forest classi-
fication on the seven datasets using RStudio version 2023.12.0 + 369,
utilizing the caret (Kuhn, 2008) and RandomForest (Liaw and Wiener,
2002) packages. The number of trees (ntree parameter) was set to 500 for
each classification, as literature indicates that this number stabilizes
error (Belgiu and Dragu, 2016). The number of splits at each node (mtry)
was set to 2 for each single-date image and to 3 and 4 for the multi-date
classifications involving 2 VIs per season and VIF < 2 for S2 and PS.

In addition to the hold-out validation method (70/30 split), 10-fold
cross-validation was conducted for each classification model, as the
estimate of prediction error is considered almost unbiased for k = 10
(Berrar, 2019; Simon, 2007). Cross-validation was implemented to
mitigate the influence of autocorrelation between training and test sites,
which represents a major drawback of this study design, particularly for
classes covering smaller areas. This approach provides more robust es-
timates (Karasiak et al., 2022).

EUNIS Habitat Classification maps were generated in RStudio using
the predict function from the raster package (Hijmans et al., 2015) for
PRISMA and the best-performing classifications obtained from the two
multispectral sensors. Additionally, probability maps were extracted for
each of the seven habitat classes, with values ranging from 0 (no prob-
ability of the pixel being classified as the given class) to 1 (certainty of
the pixel being classified as the given class) for each of the three best-
performing datasets. The maps from the two multispectral sensors
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Table 2
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Spectral indices selected as input variables for the final classification (green). Decades for each index were added for the multi-date datasets.

PRISMA  S2 single-
Vegetation Indices date
Anthocyanin Reflectance Index
(ARI)
Carotenoid Reflectance Index
(CRI)
Cellulose Absorption Index
(CAI)
Enhanced Vegetation Index
EVD
Inverted Red-Edge Chlorophyll
Index (IRECI)
Modified Chlorophyll
Absorption Ratio Index
(MCARTI)

Photochemical Reflectance
Index (PRI)

Red-Edge Position (REP)
Red-Green Ratio (RG)
Short Wave Infrared Ratio
(SWIR)

Simple ratio (SR NIR/R)

Soil Adjusted Total Vegetation
Index (SATVI)
Transformed Chlorophyll
Absorption Ratio Index
(TCARTI)

Visible Atmospherically
Resistant Index (VARI)
Water Band Index (WBI)

PS single-
date

R
5-

S2 2 VIs per S2VIF <2 PSVIF <2

season

PS 2 VIs per
season

TOT indices as input
variables

5 5

8 10 8 10

were resampled to PRISMA spatial resolution (30 m), and the three maps
were combined to create a single map for each EUNIS habitat type,
representing the average probability across the three sensors. This
approach was employed to evaluate the combined performance of the
three sensors in identifying the spatial patterns of different habitats and
the associated degree of uncertainty, providing a visual assessment of
classification errors. In contrast, confusion matrices offer a quantitative
assessment of error (Xia and Lv, 2024).

Per-class variable importance was extracted using the varImp func-
tion from the caret package.

3. Results
3.1. Accuracy metrics

The results indicate that the PRISMA single-image dataset achieves
the highest classification accuracy, with an Overall Accuracy (OA) of 84
%, as well as the highest User’s Accuracy (UA) and Producer’s Accuracy
(PA) for almost all classes. The second-best results (OA = 75 %) were
obtained from the S2 multi-date dataset utilizing only indices with a VIF
score lower than 2. This is closely followed by the other multi-date

Table 3
Accuracy metrics of the seven classification datasets. OA = Overall Accuracy; UA = User Accuracy; PA = Producer Accuracy.
PRISMA S2 single-date PS single-date S2 2 VIs per season S2 VIF < 2 PS 2 VIs per season PS VIF < 2
N. of input features 8 7 7 10 12 10 12
OA 0.84 0.72 0.69 0.74 0.75 0.73 0.74
Class UA PA UA PA UA PA UA PA UA PA UA PA UA PA
Cc2 0.92 0.87 0.82 0.76 0.75 0.73 0.86 0.77 0.92 0.82 0.83 0.78 0.94 0.83
Cc3 0.78 0.91 0.72 0.79 0.68 0.77 0.71 0.78 0.75 0.81 0.76 0.85 0.77 0.86
C4 0.92 0.96 0.91 0.97 0.89 0.94 0.94 0.96 0.95 0.97 0.96 0.95 0.95 0.95
Cs5 0.79 0.84 0.59 0.63 0.57 0.65 0.62 0.67 0.60 0.64 0.66 0.77 0.61 0.65
(€9 0.84 0.88 0.71 0.74 0.71 0.68 0.76 0.74 0.77 0.84 0.78 0.81 0.79 0.84
Cc7 0.79 0.76 0.61 0.67 0.57 0.66 0.63 0.63 0.62 0.62 0.57 0.54 0.64 0.65
c8 1.00 1.00 1.00 1.00 0.99 0.99 0.99 0.99 1.00 1.00 0.99 1.00 1.00 1.00
N1G 0.79 0.88 0.80 0.88 0.76 0.78 0.81 0.85 0.79 0.87 0.74 0.72 0.71 0.66
S51 0.86 0.75 0.73 0.65 0.68 0.56 0.71 0.65 0.76 0.66 0.76 0.65 0.72 0.62
T195 0.87 0.69 0.65 0.56 0.56 0.38 0.65 0.63 0.57 0.55 0.55 0.41 0.56 0.50
T19B6 0.81 0.89 0.77 0.72 0.72 0.79 0.79 0.76 0.82 0.79 0.73 0.79 0.81 0.78
T211 0.75 0.75 0.44 0.43 0.45 0.52 0.55 0.57 0.59 0.59 0.54 0.62 0.54 0.63
T212 0.85 0.74 0.60 0.55 0.58 0.47 0.63 0.64 0.67 0.64 0.61 0.58 0.67 0.58
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datasets, which yielded OAs ranging from 73 % to 74 %. The multi-
spectral single-date datasets achieved OAs of 72 % for S2 and 69 % for
PS. Table 3 presents the accuracy metrics for all seven classification
datasets.

The single-date classification using the PRISMA image demonstrates
the highest per-class accuracy across all classes, except for Agricultural
Land (C2), where it is outperformed in UA by the PS multi-date classi-
fication utilizing indices with a VIF score lower than 2. For the forest
classes, which are the focus of this study, the PRISMA single-image
classification exhibits the highest accuracy for all classes, except for
the Mediterranean conifers class (N1G), where the UA is slightly higher
for the S2 single-image classification. Generally, in the single-date
PRISMA classification, all forest classes exceed the 70 % accuracy
threshold.

As for the four multi-date classifications, all outperform the single-
date results from the multispectral datasets. In particular, the classifi-
cations using two VIs per season and those employing only indices with a
VIF score lower than 2 show increases in overall accuracy of 4 % and 5 %
for PS, and 2 % and 3 % for S2, compared to the single-date
classifications.

Turning to the 10-fold cross-validation results (Table 4), the S2
classification using only indices with a VIF score lower than 2 reports the
lowest out-of-bag (OOB) estimate of the error rate, as well as the lowest
class-specific error for most land use types. The PRISMA single-date
classification ranks as the second best-performing model, followed by
PS using only indices with a VIF score lower than 2. All other classifi-
cation datasets report OOB error estimates exceeding 20 %.

Fig. 2 presents the classification maps of the three datasets with the
highest accuracy: the PRISMA single-date dataset and the multi-date
datasets from S2 and PS, both utilizing only indices with a VIF score
lower than 2 as input variables.

3.2. Confusion matrices

Tables 5-7 present the confusion matrices for the three highest-
performing classification datasets.

In the case of PRISMA (Table 5), there is a misclassification between
shrubland (C3) and maquis (S51), similar to the results observed for S2.
Additionally, confusion arises between pine (N1G) and Q. suber (T211)
stands. For both S2 and PS (Tables 6 and 7), the two evergreen oak
habitats (T211 and T212) are frequently misclassified as each other.
Furthermore, S2 misclassifies special plantations (C5) as Q. suber forest
(T211), while PS shows confusion between Q. suber and maquis (S51).
Across all datasets, the Mediterranean conifer forest (N1G) and Fraxinus
spp. stands (T19B6) exhibit the lowest misclassification rates, followed
by maquis (S51).
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3.3. Variable importance

Fig. 3 presents the variable importance scores by class for the three
highest-performing classification datasets.

In the case of PRISMA (Fig. 3a), the Transformed Chlorophyll Ab-
sorption Reflectance Index (TCARI; Haboudane et al., 2004), an indi-
cator of chlorophyll abundance, is the most important predictor for
three out of six forest classes: the pine stands (N1G) and the two ever-
green Mediterranean oak types (T211 and T212). For the deciduous oak
forest (T195) and ash stands (T19B6), the mean value of the CHM
emerges as the most significant variable, as it does for areas undergoing
recolonization (C4). For the maquis (S51), the standard deviation of the
CHM is the most important predictor, followed by its mean.

In the best-performing S2 classification (Fig. 3b), the mean CHM
value is the most important variable for classifying the ash stands
(T19B6) and Q. ilex forest (T212). As in PRISMA, the standard deviation
of the CHM is the primary predictor for the maquis (S51). For the other
forest classes, the Enhanced Vegetation Index (EVI), computed using
red, NIR, and blue wavelengths to correct for soil and atmospheric ef-
fects, and commonly used to quantify vegetation greenness (Huete et al.,
2002), is essential for classifying the pine stands (N1G) in decade 6
(1-10 March). The Red-Edge Position (REP), an index sensitive to
changes in chlorophyll concentration (Curran et al., 1995), is a key
predictor for the deciduous oak forest (T195) in decades 10 (10-19
April) and 12 (30 April-9 May) for the Q. suber stands (T211).

In the PS multi-date classification utilizing only indices with a VIF
score lower than 2 (Fig. 3c), the mean CHM value is the most important
predictor for three out of six habitat types: the pine stands (N1G),
maquis (S51), and Q. ilex forest (T212). The EVI from decade 12 (30
April-9 May) is the most significant variable for distinguishing the de-
ciduous oak forest (T195) and ash stands (T19B6), closely followed in
both cases by the same index from decade 26 (17-26 September). For
the Q. suber habitat (T211), the Simple Ratio (SR) from decade 7 (11-20
March) is the primary predictor, closely followed by the mean CHM.

3.4. Forest classes

Fig. 4 presents the combined probability maps of the three highest-
performing classification datasets for each of the seven forest classes
present in the Reserve. As illustrated in the maps, the deciduous oak
forest class (T195; Fig. 4c) exhibits the highest proportion of pixels with
significant uncertainty, specifically within the probability percentage
classes of 21-40 % and 41-60 %. The Q. suber forest class (T211; Fig. 4e)
also displays a considerable number of uncertain pixels compared to
other categories. Conversely, the P. pinea class (N1G; Fig. 4a) and the
maquis (S51; Fig. 4b) contain a greater number of pixels with lower
(1-20 %) and higher (61-80 % and 81-100 %) classification probability

Table 4
10-fold cross-validation results for the seven classification datasets.
PRISMA S2 single-date PS single-date S2 2 VIs per season S2 VIF < 2 PS 2 VIs per season PS VIF < 2
OOB estimate of error rate 17.79 % 26.74 % 28.84 % 25.26 % 16.68 % 21.16 % 19.08 %
Class Classification error
Cc2 0.15 0.24 0.26 0.26 0.15 0.17 0.13
C3 0.13 0.23 0.25 0.24 0.14 0.16 0.15
C4 0.05 0.06 0.06 0.06 0.05 0.06 0.03
C5 0.21 0.36 0.35 0.37 0.25 0.21 0.25
C6 0.14 0.25 0.25 0.23 0.10 0.11 0.09
c7 0.23 0.28 0.30 0.42 0.24 0.32 0.24
C8 0.00 0.00 0.01 0.00 0.00 0.00 0.00
N1G 0.15 0.12 0.19 0.16 0.10 0.24 0.28
S51 0.21 0.27 0.30 0.26 0.19 0.20 0.23
T195 0.38 0.38 0.59 0.32 0.27 0.41 0.32
T19B6 0.14 0.30 0.21 0.30 0.17 0.22 0.18
T211 0.27 0.57 0.49 0.35 0.26 0.35 0.27
T212 0.26 0.43 0.48 0.34 0.24 0.34 0.36
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Land use class

B C2 - Agricultural land

[ C3 - Shrubland

[ C4 - Areas in recolonization

[ C5 - Special plantations

Il C6 - Pastures

Bl C7 - Pastures with trees

[ C8 - Beach

I N1G - Mediterranean coniferous coastal dune forest
[ S51 - Mediterranean maquis and arborescent matorral
[ T195 - Southeastern sub-thermophilous Quercus spp. forests
B T19B6 - Thermophilous Fraxinus spp. forests

B T211 - Quercus suberforest

[ T212 - Quercus ilex and Q. rotundifolia forest

Fig. 2. Classification maps of the three best classification datasets: a) PRISMA single-date; b) multi-date Sentinel-2 using only indices with VIF score < 2; ¢) multi-

date PlanetScope using only indices with VIF score < 2.
rates.
4. Discussion
4.1. Accuracy metrics and variable importance

As previously demonstrated by Vaglio Laurin et al. (2024), PRISMA
achieved the highest overall accuracy, exceeding 80 % (Table 3),
thereby corroborating the findings of Vaglio Laurin et al. (2024). All

classes exceeded a 70 % accuracy threshold, successfully differentiating
between tree species within the same genus, such as Q. suber (T211) and

Q. ilex (T212). Notably, the single-date S2 dataset, also previously tested
in Vaglio Laurin et al. (2024), outperformed PS by approximately 3 %.
Utilizing multi-date data with a VIF score lower than 2 yielded enhanced
results for both multispectral sensors, with accuracy improvements of
2-3 % for S2 and 4-5 % for PS compared to their single-date counter-
parts. Given the considerable number of classes, the three best classifi-
cation results can be regarded as satisfactory, with Overall Accuracy
scores ranging from 75 % to 80 %, aligning with the proposed range by
Pesaresi et al. (2022) for cases with more than five classes.

The analysis of the 10-fold cross-validation results (Table 4) reaf-
firms the advantage of multi-date classification. Among all methods, S2
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Table 5

Confusion matrix of the PRISMA single-date classification dataset; columns are reference,
rows are predicted values. Correctly classified pixels are highlighted in green.
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Table 6

Confusion matrix of the Sentinel-2 classification dataset using indices with VIF value <2;
columns are reference, rows are predicted values. Correctly classified pixels are highlighted
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Table 7

Confusion matrix of the PlanetScope classification dataset using indices with VIF value <2;
columns are reference, rows are predicted values. Correctly classified pixels are highlighted
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Fig. 3. Per-class variable importance of the three best classification datasets. a) PRISMA single-date; b) Sentinel-2 multi-date using only predictors with VIF score <
2; c) PlanetScope multi-date using only predictors with VIF score < 2. EUNIS habitat classes are highlighted with black boxes.
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Fig. 3. (continued).

utilizing multi-date data and VIF filtering (VIF < 2), achieved the lowest
Out-of-Bag (OOB) error rate of 16.68 %, outperforming PRISMA (17.79
%). In contrast, PS, using the same criteria, exhibited a higher OOB error
than both S2 and PRISMA, although it remained below 20 %.

Focusing on forest habitats, S2 classification showed lower per-class
error rates than PRISMA for all classes except for ash stands (T19B6),
with all class errors remaining below 30 %. For the deciduous oak forest
class (T195), PS also reported a lower class error compared to PRISMA.
This suggests that employing cross-validation techniques with a higher
number of available images across the growing season may reduce the
overall confusion rate among classes. These findings further affirm the
potential of multi-date S2 for habitat mapping, owing to the sensor’s
superior temporal resolution, availability, and spectral range across the
visible, near-infrared (NIR), and short-wave infrared (SWIR) spectra.
Previous studies have underscored these advantages (Arasumani et al.,
2024; Marcinkowska-Ochtyra et al., 2023; Marzialetti et al., 2019;
Pesaresi et al., 2022; Rapinel et al., 2019; Torresani et al., 2019),
emphasizing the utility of the multi-temporal aspect when utilizing
vegetation indices as input features (Le Dez et al., 2021), which was the
approach taken in this study. The results obtained with S2 ultimately
confirm the conclusions of Torresani et al. (2019) and Bartold and
Kluczek (2024), highlighting the benefits of this sensor concerning
acquisition costs (given that the dataset is entirely open-source), as well
as spatial and temporal coverage in comparison to currently available
hyperspectral sensors.

Among the three top-performing classifications (Fig. 3), the mean
CHM emerged as a crucial predictor for multiple forest types across all
sensors. It was identified as the most important variable for 2-3 classes
within each sensor (PRISMA: T195 and T19B6; S2: T19B6 and T212; PS:
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N1G, S51, and T212). Additionally, the standard deviation of the CHM
served as the primary predictor for the maquis (S51) in the PRISMA
classification. These findings highlight the significance of the CHM,
which provides insights into the variability of canopy height and vege-
tation structure, facilitating the differentiation of habitats with similar
spectral reflectance (i.e., the maquis and evergreen Mediterranean oaks)
based primarily on their structural properties.

The TCARI is a key predictor for several classes (N1G, T211, T212)
and remains relevant for others (T19B6, S51) in the PRISMA classifi-
cation (Fig. 3a). While TCARI can be calculated from all sensor data, it
only appears as a significant variable within the PRISMA dataset. This
limitation complicates the isolation of hyperspectral resolution’s spe-
cific influence on TCARI’s significance for classification accuracy, as the
remaining variables after applying the VIF threshold likely also
contribute to the final classification output. Furthermore, the PRISMA
dataset uniquely provides two indices that necessitate a hyperspectral
instrument: the Chlorophyll Absorbance Index (CAI) and the Water Band
Index (WBI). These indices, which are not available for multispectral
sensors, yield information on cellulose absorption (Daughtry et al.,
2004) and leaf water content (Penuelas et al., 1993), respectively.
Notably, both CAI and WBI are important for most forest classes
(Fig. 3a), particularly for the Q. suber forest (T211), where they rank as
the second (WBI) and third (CAI) most important predictors after TCARIL
Their significance may be attributed to the specific acquisition date of
the PRISMA image, which coincided with one of the driest periods in the
Mediterranean region (mid-July). During this period, SWIR wavelengths
are particularly sensitive to variations in canopy water content.

The predominance of indices computed from spring images among
the most important variables for the two multi-date classifications in the
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Fig. 4. Merged maps of the three best classification datasets for the seven forest types considered in the study; a) Mediterranean coniferous coastal dune forest (N1G);
b) Mediterranean maquis and arborescent matorral (S51); c¢) Southeastern sub-thermophilous Quercus spp. forest (T195); d) Thermophilous Fraxinus spp. forest
(T19B6); €) Q. suber forest (T211); f) Q. ilex and Q. rotundifolia forest (T212). Each map is accompanied by a histogram reporting the number of pixels in each

probability percentage class.

case of S2 and PS (Fig. 3b and c) and good results (>80 % OA, Table 3)
obtained from the single-date summer PRISMA image are consistent
with previous studies identifying spring and summer as the times of the
year (TOY) exhibiting the highest reflectance variation among different
vegetation types, attributed to a more pronounced expression of
pigment content during these times, which favours habitat discrimina-
tion (Arasumani et al., 2024; Le Dez et al., 2021; Torresani et al., 2019).
Consequently, when mapping specific vegetation communities for
management and conservation purposes, imagery acquired during these
TOYs, alongside indices or wavelengths linked to water content, vege-
tation health, and photosynthetic activity (Rocchini et al., 2021), such as
those in the red-edge, NIR, and SWIR spectra, could prove effective-
—especially in regions with seasonal phenology similar to that of the
study area. These findings ultimately underscore the capacity of multi-
temporal multispectral data to capture changes in vegetation
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phenology, as noted by Meerdink et al. (2024), revealing their potential
as a powerful tool for habitat classification and biodiversity monitoring
when combined with hyperspectral technology, as suggested by Vanguri
et al. (2024).

4.2. EUNIS habitats classification accuracy

Across all datasets (Table 3), the deciduous oak forest (T195) and the
Q. suber stands (T211) exhibit the lowest classification accuracies, a
finding corroborated by the classification probability maps (Fig. 4c and
e). The lower performance of the satellites for the deciduous oak forest
may be attributed to its senescent phase, characterized by a lack of
regeneration. This situation is exacerbated by excessive herbivory
pressure on seedlings from fauna (Recanatesi et al., 2020; Scrinzi et al.,
2016) and the adverse effects of saltwater intrusion (Capelli et al.,



C. Zabeo et al.

2007), complicating the classification of this habitat type. Moreover,
T195 is the most extensive category among those considered, leading to
greater internal variability. The variation of spectral signatures within
the same species or habitat type is not investigated in this study but
warrants further exploration in future research, as already suggested by
Vanguri et al. (2024).

Another significant limitation, emphasized by Meerdink et al.
(2024), is that machine learning approaches are typically not designed
to handle training data that is not “pure” and representative of a specific
target species or canopy cover. For this reason, only randomly extracted
pure pixels were employed as training data for the model. However, the
extent of this habitat class and its intrinsic characteristics may render
this approach suboptimal.

This case underscores the importance of mapping uncertainty
(Rocchini et al., 2010), as demonstrated both visually (Fig. 4) and
quantitatively (Tables 5-7) in this study. It highlights the need for
caution when managing vegetation communities that occupy larger
areas or are impacted by other factors, as their mapping can be complex.
In this context, the value of employing different optical data sources, as
previously stated by Vanguri et al. (2024), is also evident in this study.
Such sources can provide a more robust foundation for identifying areas
with a higher degree of certainty.

Examining the confusion matrices for the three best datasets
(Tables 5-7), it is evident that the deciduous oak forest category is
primarily misclassified as special plantations (C5), ash stands (T19B6),
and Q. ilex forest (T212). In the case of PRISMA, misclassification also
occurs with Q. suber (T211) and maquis (S51) for the two multispectral
sensors. The spectral similarity in leaf reflectance between broadleaf
species, such as Fraxinus spp., contributes to confusion in classification.
Additionally, the senescent oak canopy may create open spaces that
facilitate the growth of Mediterranean understory vegetation, further
complicating classification. The category of special plantations, which
includes agroforestry structures historically established within the
Reserve, consists of planted, regular rows of either Q. suber or Eucalyptus
spp., the latter causing misclassification in S2 and PS.

For Q. suber, the primary misclassification occurs with the maquis
(S51) and Q. ilex (T212), due to the spectral similarities among these
three categories. Notably, PRISMA is the only sensor to achieve and
exceed the 70 % accuracy threshold in all three classes, underscoring the
potential of hyperspectral data in distinguishing spectrally similar cat-
egories. The two multispectral sensors demonstrate a high degree of
confusion between this class and special plantations (C5), paralleling the
confusion observed in the deciduous oak forest (T195). This comparison
with PRISMA reaffirms the notion that a broader spectral range en-
hances classification at the habitat level (Rocchini et al., 2010). Addi-
tionally, it indicates that higher spatial resolution is not invariably
advantageous (Ghosh et al., 2014; Meerdink et al., 2024; Vangi et al.,
2021), as increased spatial resolution can lead to greater internal vari-
ability within the same class, consequently reducing classification ac-
curacy when employing per-pixel methods (Rocchini et al., 2010;
Warren et al., 2014), as was observed in this study. The pixel-based
approach may represent a limitation when utilizing high-resolution
imagery such as PS. Therefore, exploring an object-based classification
method, as implemented by Strasser and Lang (2015) or Abbas et al.
(2020) with other optical imagery datasets, could be a viable alternative
worth investigating.

Conversely, the Fraxinus spp. forest (T19B6) is the most accurately
classified habitat, surpassing 70 % accuracy in all seven datasets. It is
followed by the P. pinea forest (N1G), which achieves this threshold in
all classifications except for the PS multi-date dataset employing only
vegetation indices with VIF scores <2. Generally, PS reports lower ac-
curacy for each class across all datasets compared to S2 and PRISMA.
The limited extent of the Fraxinus spp. forest within the Castelporziano
Natural Reserve facilitates its accurate detection, particularly since all
pixels from this class were utilized for either training or testing the
model, suggesting an underlying spatial autocorrelation. Regarding the
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P. pinea stands, they are easily identifiable, as there are no other vege-
tation communities within the Reserve that are taxonomically or spec-
trally similar, especially considering that as of summer 2022, most of
these standing trees are dead due to phytosanitary issues (Recanatesi
et al., 2019).

The inclusion of the CHM significantly aids in differentiating be-
tween Q. ilex stands (T212) and the maquis (S51), as vegetation height,
rather than species composition, serves as the primary discriminant
between Mediterranean forests and shrublands. In this context, the
availability of lidar-derived metrics for the complete forest profile (i.e.,
the distribution of lidar returns at various heights) could assist in
detecting forest strata and understory presence (Venier et al., 2019).
Although this study did not account for such metrics, they could be
crucial for monitoring the impacts of climate change on vegetation
(Penuelas and Sardans, 2021), as previously recommended by Vaglio
Laurin et al. (2024).

The maquis (S51) is predominantly misclassified by the two multi-
spectral sensors as either the two evergreen oak formations (Q. suber,
T211; Q. ilex, T212) or as shrubland (C3). The structural composition
and reflectance properties of shrubland can closely resemble those of the
magquis, leading to confusion between the two. Regarding the confusion
with the deciduous oak forest (T195), as previously discussed, this
further illustrates that the senescent forest structure, lacking regenera-
tion, creates openings for the establishment of Mediterranean
shrubland.

5. Conclusion

This study evaluated the trade-off between spectral, spatial, and
temporal resolutions of different sensors, testing multispectral Sentinel-
2 and PlanetScope imagery and comparing the results with those ob-
tained in a previous study with single-date PRISMA hyperspectral and
Sentinel-2 sensors, in the context of classifying EUNIS level 3 habitats in
the Castelporziano Natural Reserve. Utilizing spectral indices and
Random Forest algorithms, the research was conducted in a challenging
test site characterized by diverse forest types with similar reflectance
and structural properties.

Confirming previous results from Vaglio Laurin et al. (2024), the
present findings suggest that the wider spectral ranges and narrower
bands of hyperspectral sensors like PRISMA may partially mitigate the
limitations posed by infrequent temporal observations. Furthermore, the
study identifies critical periods and spectral regions for habitat mapping
in areas exhibiting similar seasonal phenology to the Castelporziano
Natural Reserve. Specifically, data collected in spring and summer,
particularly in the red and green wavelengths, proved essential for
canopy cover discrimination across all datasets. Additionally, the red-
edge region was particularly informative for the Sentinel-2 multi-date
classifications, while SWIR wavelengths significantly contributed to
classification accuracy within the PRISMA dataset.

To our knowledge, this is the first comprehensive comparison of the
spectral, spatial, and temporal characteristics of these three recently
launched sensors, investigating their influence on classification accu-
racy. Our findings underscore the importance of integrating data from
diverse sources for more robust forest habitat mapping, thereby sup-
porting management and conservation initiatives. An advisable strategy
may involve utilizing hyperspectral imagery as an initial classification
“filter” (Rocchini et al., 2010; Torresani et al., 2019), followed by
employing the denser S2 time series for monitoring seasonal changes.
Conversely, PS data may be more suited for finer-scale monitoring due to
its higher spatial resolution and daily coverage, facilitating timely as-
sessments of changes in smaller areas after broader-scale habitat type
delineation. Alternatively, implementing an object-based classification
approach for PS data could mitigate the limitations associated with the
pixel-based method employed in this study. This combined approach
could enhance efficiency and reduce the subjectivity, costs, and time
required for traditional habitat mapping methods, such as field surveys
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(Rocchini et al., 2021; Strasser and Lang, 2015; Warren et al., 2014).

Moreover, the integration of a Canopy Height Model proved essential
for distinguishing between habitat types that exhibit similar reflectance
but differ structurally, such as maquis and Q. ilex forest. Utilizing LiDAR
data across various heights could provide even richer information,
enabling subtyping based on understory composition—an aspect critical
for monitoring habitats and conserving complex ecosystems. Although
this approach falls beyond the scope of the current study, it merits
further exploration in future research.

This investigation into forest habitat classification was conducted
within a Mediterranean protected area featuring relic formations. To
assess the generalizability of our methodology, it would be valuable to
replicate this study in other critical conservation sites across diverse
climatic and geographic contexts. Such efforts would allow us to eval-
uate the feasibility of our approach in various habitats and observe
potential variations in classification outcomes across different
ecosystems.
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