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INTRODUCTION 
Aquatic macrophytes are key components of freshwater ecosys-

tems, contributing to both structure and function (Thomaz et al., 
2025). They include various plant forms (submerged, floating, and 
emergent) and play a central role in shaping ecological processes, 
from habitat formation to biogeochemical cycling. By increasing 
habitat complexity in the littoral zone (Meerhoff and de los Ángeles 
González-Sagrario, 2021), they support biodiversity by providing 
refuge, nursery areas, and feeding grounds for invertebrates, fish, 
and microbial communities, while also stabilizing sediments and 
improving water clarity (Lesiv et al., 2020). 

They are also crucial for nutrient cycling, acting as sinks for 
nitrogen and phosphorus, enhancing oxygenation, and limiting phy-
toplankton growth, thereby helping maintain clear-water conditions. 
Additionally, they contribute to carbon sequestration and overall 

ecosystem metabolism (Thomaz, 2023). However, macrophyte 
communities are highly vulnerable to environmental pressures such 
as eutrophication, hydrological changes, and climate change 
(Bertrin et al., 2018; Park et al., 2024). A major and growing threat 
is the spread of invasive benthic species, which can outcompete 
native macrophytes, alter habitat structure, and disrupt trophic inter-
actions. These invasions may lead to reduced biodiversity, modified 
nutrient dynamics, and shifts in ecosystem stability, sometimes rein-
forcing further invasions or degradation (Villamagna and Murphy, 
2010). Macrophyte distribution is also influenced by anthropogenic 
and environmental factors. In particular, boats and recreational ves-
sels can strongly influence the patch distribution of macrophytes in 
lakes and coastal areas by introducing both physical disturbance and 
hydrodynamic changes, which alter how vegetation is spatially 
organized (Asplund and Cook, 1997; Sagerman et al., 2020). 

Considering that macrophytes are important biological indica-
tors of water and sediment quality, monitoring their distribution is 
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Abstract 
 

Macrophytes are crucial elements in freshwater ecosystems and ecological processes, by supporting biodiversity, stabilizing sediments, 
and improving water quality. Nowadays, these ecosystems are threatened by environmental changes and the increase in anthropic pres-
sures; moreover, their spatial distribution is often highly fragmented. Considering their importance, monitoring macrophytes’ spatio-tem-
poral variability with non-invasive observations is fundamental. Hyperspectral remote sensing offers a valuable tool for mapping aquatic 
vegetation and benthic substrates accurately, although its application is often limited by spatial resolution, especially in environments 
characterized by patch distribution and mixed pixels. To address these limits, this study exploits the PRISMA panchromatic band for a 
PRISMA image acquired on 09/07/2024 on Lake Garda (Italy), combining high spectral resolution (66 band in the visible-near-infrared 
range) with enhanced spatial resolution (5 m). The pansharpening procedure is applied to PRISMA Level 2D images using a deep learn-
ing model trained through both supervised and unsupervised learning techniques. This study focuses on the optically shallow waters of 
the Sirmione Peninsula (southern portion of Lake Garda), characterized by the presence of macrophytes coverage, with the goal of clas-
sifying the benthic substrate into seven classes, and retrieving bottom depth. In addition to the panchromatic product with a spatial res-
olution of 5 m, aggregated products with resolutions of 10 m and 30 m were also generated. The results showed overall accuracies of 
80%, 68%, and 48% for resolutions ranging from 5 m to 30 m in the classification of the benthic substrate. Similar results were obtained 
in the validation of bottom depths when compared to data collected by the Institute of the Italian Navy (IIM) and in situ measurements 
acquired during the field campaign (r=0.82 for 5 m data, r=0.78 for 10 m data, r=0.75 for 30 m data). The outcomes enable more accurate 
monitoring of spatial-temporal dynamics in freshwater ecosystems and highlight the potential of pansharpened hyperspectral products to 
enhance the mapping and classification of benthic substrates, with higher accuracy in detecting small patches.
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crucial as they reflect environmental conditions. Standard traditional 
approaches typically show some limits in scale, frequency, and 
costs. Remote sensing has become a key tool for conservation, man-
agement, and research of critical benthic ecosystems (Bell et al., 
2023; Schütt et al., 2025), enabling large-scale, repeatable, and non-
invasive observations. In particular, the use of multispectral and 
hyperspectral sensors allows the mapping of aquatic vegetation and 
benthic substrates, as well as the estimation of key properties such 
as biomass, cover, structural complexity and species composition on 
the basis of their spectral signatures (Ghirardi et al., 2019). Despite 
its advantages, remote sensing faces technical challenges, particular-
ly in the analysis of submerged or flooded vegetation, where water 
column effects can distort spectral signals. Spatial resolution is one 
of the primary limiting factors for remote sensing applications in 
freshwater ecosystems, as coarse-resolution data may result in 
mixed pixels that combine different environmental features, thereby 
reducing the ability to characterize their spatial distribution and 
regression or expansion over time (Gasith and Hoyer, 1998; 
Olmanson et al., 2015). This limitation is particularly relevant for 
macrophyte mapping, as vegetation are often spatially heteroge-
neous and may include multiple species with gradual boundaries, or 
more species present in a small area. This heterogeneity can result in 
vegetation patches surrounded by bare areas, transitions between 
fine and coarse sediments, and gradients between nutrient-rich and 
nutrient-poor zones (Schoelynck et al., 2018). Higher spatial and 
spectral resolution can therefore improve the discrimination of veg-
etation patches and other aquatic features. However, even at high 
spatial and spectral resolution, additional issues such as turbidity and 
signal attenuation may further complicate data interpretation. These 
challenges highlight the importance of combining ongoing remote 
sensing technological advancements with in situ measurements to 
improve the accuracy and reliability of aquatic ecosystems monitor-
ing (Ghirardi et al., 2022). 

In the last few years, hyperspectral spaceborne and airborne 
images have been providing significant advances in algorithm devel-
opment and innovative mapping tools (Belluco et al., 2006; Hestir et 
al., 2008; O’Shea et al., 2021; Begliomini et al., 2023; Giardino et 
al., 2025). To overcome the limit induced by the low spatial resolu-
tion, an approach can be the fusion of hyperspectral images with 
high-resolution panchromatic imagery. In this regard, the 
PRecursore IperSpettrale della Missione Applicativa (PRISMA) 
mission is equipped with two sensors: a hyperspectral camera with 
30 m spatial resolution and a panchromatic camera with 5 m spatial 
resolution. Combining data derived from the two cameras through 
the procedure of pansharpening, a single product characterized by 
high spatial and spectral resolution can be obtained to support a vari-
ety of applications, including floating matter detection (Taggio et al., 
2022; Corbari et al., 2023). 

The main challenge is to design a fusion model capable of gen-
erating high quality results while enhancing spatial resolution and 
preserving spectral accuracy. A wide range of methods have been 
proposed for pansharpening, with many approaches adapting tech-
niques originally developed for the multispectral domain. Classical 
pansharpening algorithms can be divided into four categories: 
component substitution (CS), multiresolution analysis (MRA), 
hybrid, and Bayesian (Alparone, 2015; Loncan et al., 2015; Vivone 
et al., 2015). 

Over the past decade, deep learning has gained significant trac-
tion across various research domains, including remote sensing, 
largely due to its capacity to model complex nonlinear relation-
ships. An approach based on Convolutional Neural Network 

(CNN) was introduced in Masi et al. (2016), which represents the 
foundation for subsequent techniques developed in the following 
years (Yang et al., 2017; He et al., 2019, 2020; Zheng et al., 2020; 
Bandara et al., 2021). 

The study area of this work is the Sirmione Peninsula, located 
in the southern portion of Lake Garda (northern Italy). This area 
features numerous unique habitats, such as common reed beds and 
extensive submerged macrophyte meadows, in addition to the most 
diverse population of overwintering waterbirds in Italy (Bresciani 
et al., 2011; Villa et al., 2013). The lake is an example of a multi-
functional territorial system in which ecology and economy are 
deeply interconnected. It plays a critical role in regional climate 
buffering, mitigating extreme temperatures (Salmaso et al., 2018), 
biodiversity conservation (Bolpagni et al., 2013), water resources 
management (Hinegk et al., 2023), tourism, agriculture (Badiani et 
al., 2017), and energy production. Several analyses have been car-
ried out on the macrophytes expansion in this lake; Ghirardi et al. 
(2022) for example, evaluated the macrophyte community dynam-
ics in terms of spatial extent and density in the southern portion of 
Lake Garda using Sentinel-2, for the period 2015-2020. The possi-
ble effect of the COVID-19 was also analyzed, particularly in the 
areas associated with boat transit where a recovery in macrophyte 
coverage was registered.  

The aim of this study is to evaluate the benefits of characterizing 
Lake Garda shallow water areas using an improved spatial resolu-
tion of 5 m, obtained by fusing the visible-near-infrared (VNIR) 
hyperspectral data cube provided by PRISMA (spatial resolution of 
30 m) with the corresponding 5 m panchromatic image. This work 
addresses the well-known mismatch between the spatial scale of 
satellite hyperspectral observations and the fine-scale heterogeneity 
of macrophyte-dominated environments; the ideal spatial resolution 
for mapping and monitoring aquatic vegetation is identified in fact 
as less than or equal to 5 m (Roelfsema et al., 2014; Dierssen et al., 
2023). In this context, we investigated the impact of spatial resolu-
tion on both benthic substrate classification and bathymetric 
retrieval, providing a multi-scale assessment of product performance 
through validation with in situ measurements. In addition, shallow 
water products were aggregated to 10 m and 30 m spatial resolution, 
to be consistent with freely available optical satellite sensors com-
monly used for shallow water applications at different spatial scales. 

 
 

METHODS 
Study area 

Lake Garda, the largest lake in Italy, represents a system of out-
standing environmental and economic significance within the 
Southern Alpine region. Situated between the regions of Lombardy, 
Veneto, and Trentino-Alto Adige, with an area of 370 km2, a water 
volume of 50 km3 and a maximum depth of 346 m, the lake consti-
tutes a complex socio-ecological system in which natural processes 
and human activities are closely intertwined (Giardino et al., 2007b; 
Salmaso and Padisák, 2007). Lake Garda can be classified as oligo-
mesotrophic; in the epilimnion, phosphorus levels remain at or 
below 10 μg/L, Chlorophyll-a (Chl-a) averages around 3 mg/m³, and 
water transparency varies markedly through the year, with Secchi 
depths of 4–5 m in summer and 15–17 m in late winter (Giardino et 
al., 2014). 

From a morphological perspective, the basin is composed of two 
distinct sectors: a broad northern–southwestern sub-basin with the 
deepest areas, and a shallower sub-basin located to the southeast. 
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The northern shores are bordered by steep mountain slopes dominat-
ed by forested or rural landscapes, whereas the southern sector tran-
sitions into morainic and alluvial plains, low hills, and a mosaic of 
urban and rural land use (Salmaso and Mosello, 2010). 

From an environmental perspective, Lake Garda is characterized 
by high ecological diversity, resulting from its geographic position at 
the interface between the Alpine and Mediterranean biogeographical 
zones (Salmaso et al., 2018). This transitional location creates a 
unique microclimate, moderated by the large water mass, which sup-
ports a wide range of plant and animal species. The surrounding 
habitats include subalpine forests, Mediterranean scrublands, wet-
lands, and agricultural landscapes, forming a mosaic that enhances 
ecological connectivity and resilience. The lake itself hosts diverse 
aquatic communities, including endemic and economically impor-
tant fish species (Ciutti et al., 2011). 

Lake Garda is the second most visited Italian destination; the 
tourism activity sustains local employment and stimulates related 
sectors, including transportation, retail, and services. In addition to 
tourism, the lake basin supports high value agricultural production, 
particularly viticulture and olive cultivation (Goffi et al., 2021). 
Overall, the lake represents a strategic freshwater reservoir, used for 
drinking supply, irrigation, and industrial purposes, supporting both 
urban centers and rural areas, although the increasing anthropogenic 
pressures pose significant challenges to water quality and ecosystem 
integrity (Hinegk et al., 2022). Additionally, the lake’s outflow sys-
tem is integrated into hydroelectric infrastructure, contributing to 
renewable energy generation. 

 
PRISMA data 

The PRISMA mission, operated by the Italian Space Agency, is 
a hyperspectral satellite mission that combines a hyperspectral 
(HYC) camera acquiring 239 contiguous spectral bands ranging 
from 400 to 2500 nm with a 30 m Ground Sampling Distance 
(GSD), and a medium-resolution panchromatic (PAN) camera with 
5 m GSD, using pushbroom scanning technique (Loizzo et al., 2018; 
Cogliati et al., 2021). The PRISMA products include Level 1 (L1), 
and Level 2 (L2), which differ by processing levels, ranging from 
Top-of-Atmosphere (TOA) radiance obtained through radiometric 
calibration and corrections such as cloud and sunglint masking (L1), 
to Bottom-of-Atmosphere (BOA) reflectance derived from TOA 
spectral measurements after atmospheric correction (L2) (Pellegrino 
et al., 2023). Since the PAN camera is co-registered with HYC data, 
it enables the evaluation and application of image fusion techniques 
(Aiazzi et al., 2013; Vivone et al., 2023; Musto et al., 2024; Ziaja et 
al., 2025) as well as finer scale mapping (Kapakasa et al., 2024). For 
the purposes of this study, the HYC and PAN PRISMA products 
acquired over the Sirmione Peninsula on 9th July 2024 were used.  

 
Pansharpening processing 

The pansharpening procedure is applied to PRISMA Level 2D 
image using a deep learning model trained through both supervised 
and unsupervised learning strategies. The training steps follow a 
slightly modified version of the approach reported in Musto et al. 
(2023).  

Typically, deep learning approaches are based on Wald’s proto-
col (Wald et al., 1997). This protocol is widely adopted because in 
situ data at full resolution are generally unavailable, making super-
vised training and quantitative evaluation of fused images difficult. 
It involves downsampling both hyperspectral data and the panchro-
matic image before using them as input for training the model, with 

the original hyperspectral data serving as a reference. The key 
assumption is scale invariance that does not consistently hold in 
practice, leading to potentially low performance when applying the 
trained models to full resolution data. To address this limitation, 
Musto et al. (2023) introduced a synthetic dataset generated from 
Airborne Visible-Infrared Imaging Spectrometer - Next Generation 
(AVIRIS-NG) data, enabling fully supervised training. AVIRIS-NG 
is an imaging spectrometer that acquires spectral information across 
a wide wavelength range, from 380 nm to 2510 nm, with a spectral 
resolution of 5 nm over 425 channels. Consequently, AVIRIS-NG 
flights with a spatial resolution in the range [0, 6] m have been used 
to generate the synthetic dataset. The flights have been selected from 
various locations across Europe, such as Italy, Germany and 
Switzerland, ensuring a wide variety of both spectral and spatial 
detail. Due to its high spatial and spectral resolution, AVIRIS-NG 
data can be resampled to simulate PRISMA-like observations, gen-
erating a high-resolution hyperspectral dataset (5 m), a synthetic 
panchromatic image (5 m), and a low-resolution hyperspectral 
dataset (30 m). These data provide a high-resolution hyperspectral 
reference for fully supervised training, avoiding the scale-invariance 
assumption of the Wald protocol. 

Two distinct modules were implemented, and both employ a 
lightweight Convolutional Neural Network (CNN). Initially, the 
model is trained in a supervised mode using AVIRIS-NG data. 
Subsequently, the model undergoes unsupervised training directly 
on PRISMA data, which refines the spectral reconstruction and min-
imizes distortions as in Ciotola et al. (2022). This dual-step approach 
leverages the strength of both sensor types, offering a solution to 
improve the spatial resolution of hyperspectral imaging, preserving 
the spectral quality. The CNN architecture is composed of three 
branches, each devoted to a specific function. The upper branch 
focuses on preserving spectral information of the hyperspectral 
cube, while the lower branch is dedicated to the extraction of spatial 
details from the panchromatic image, and the central branch is 
designed for upscaling the hyperspectral cube. The quality of the 
pansharpening process was assessed using the Hybrid Quality 
(HQNR) protocol (Vivone et al., 2021; Arienzo et al., 2022), that 
resulted with a HQNR score of 0.87, hence close to its maximum 
value of 1. The quality controlled pansharpened PRISMA product 
with a 5 m pixel size, was then reduced to a data cube that consists 
of 66 bands in the VNIR range, as only a subset of the available 
spectral information was required for the subsequent analysis. The 
selected bands covered the wavelength range from 406 to 1010 nm. 
The BOA reflectance was divided by π to obtain remote sensing 
reflectance values (Rrs, in sr-1 units) independent of the specific 
geometry of the Sun and sensor, as well as atmospheric conditions 
(Giardino et al., 2007a). Rrs data were then used as input to the algo-
rithms for shallow water property retrieval. 

 
In situ data 

To assess the quality of the PRISMA Rrs pansharpened product 
(PRISMA pansh) and related shallow water products, a field cam-
paign in coincidence with PRISMA overpass was performed 
(Ruddick et al., 2024a; 2024b; Rubio et al., 2025). 

The measurements conducted during the field campaign includ-
ed the collection of Rrs acquired with different hand-held spectrora-
diometers: WISP-3 and WISP-Orca (Water Insight, Wageningen, 
The Netherlands) (Hommersom et al., 2012), and Spectral Evolution 
(SR-3500) (Vabson et al., 2019). WISP-3 and WISP-Orca perform 
automatically measurements with three radiometers that simultane-
ously measure water and sky radiances at 40° at Nadir, and total irra-
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diance (Braga et al., 2013; Giardino et al., 2014). The spectrora-
diometers operate in the spectral range of 380–800 nm with a band-
width of 4.9 nm. Each acquisition consists of five measurements per 
radiometer and typically takes between 30 and 90 sec, depending on 
illumination conditions. On the other hand, the SR-3500 uses a sin-
gle spectrometer equipped with interchangeable entrance optics for 
irradiance and radiance and can be used subsequently to measure 
both upwelling and downwelling radiance. Its spectral range is 350-
2500 nm, with different spectral resolutions depending on the spec-
tral region (3 nm in the range 350-1000 nm). Measurements were 
sequentially acquired by mounting a remote cosine receptor and a 5° 
lens and keeping the angles consistent to the SeaWiFS protocol 
(Mueller et al., 2000). 

Fig. 1 provides the map of the stations collected during the 
field campaign on 9th July 2024. At nine stations (blue diamonds), 
spectral measurements (SM) were collected using WISP-3, WISP-
Orca, and the SR-3500, with multiple acquisitions performed at 
each station and subsequently averaged to reduce noise. At 32 sta-
tions (orange circles) along the Sirmione Peninsula, bottom classi-
fication (BC), water depth, and GPS positions were recorded. At 
nine of these 32 stations, bottom sediment and vegetation samples 
were collected for ex-situ radiometric measurements of recency. 
Vegetation was sampled using a 0.25 m2 hoop positioned above the 
macrophyte meadow (Bresciani et al., 2012), with three replicates 

at each station to characterize the predominant bottom types rather 
than to provide a quantitative estimate of macrophyte cover within 
the entire PRISMA pixel. For the ex-situ radiometric measure-
ments, a contact probe was attached to the SR-3500 for the charac-
terization of bottom reflectance of the predominant vegetated bot-
tom type classes (Fig. 2). Furthermore, bathymetric data gathered 
from a high-resolution survey from the Hydrographic Institute of 
the Italian Navy (IIM) was available for validating PRISMA-
derived bottom depths. 

 

Bio-optical modelling 
The PRISMA pansh image storing the Rrs data was directly 

used as input of a non-linear optimization algorithm, for simulta-
neously assessing the fractional cover (fc) of substrate types and 
depths. The algorithm builds on Lee et al. (1999) and it is imple-
mented as an ENVI add-on tool: Bio-Optical Model-Based tool for 
Estimating water quality and bottom properties from Remote sens-
ing images (BOMBER) (Giardino et al., 2012). Through a spectral 
reflectance inversion, it enables the retrieval of bottom depth and 
the coverage distribution of up to three types of substrates. The 
BOMBER was run over imagery pixels corresponding to water 
areas with bottom depths lower than 10 m as derived from the 
bathymetric IIM chart. The model was parameterized with intrinsic 
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Fig. 1. On the left the location of Lake Garda at the top and the PRISMA true color image at the bottom, while on the right the data col-
lected on 9th July 2024: in blue diamonds the spectral measurements (SM) and in orange circles the bottom classification data (BC). The 
filled orange circles identify stations where vegetation samples were collected.



optical properties specific for Lake Garda as in Ghirardi et al., 
(2022) apart for the reflectance of bottom types shown in Fig. 2. 
BOMBER was firstly run for bottom depth estimates and fc of two 
main components: sand and vegetation , as in Giardino et al. 
(2007) and in Ghirardi et al. (2019).. Subsequently, BOMBER was 
run separately for each of the two classes (sand and vegetation) to 
improve the level of detail in bottom classification where the first 
run was providing the predominant class of the substrate in terms 
of fc. Based on the results of this first run, pixels having a sand fc 
higher than 55% were labelled as mud, rock or Dreissena bugensis 
and Dreissena polymorpha (hereinafter referred to as Dreissena 
spp.). For pixels resulting with a vegetation fc >55% in the first 
run, a second run was performed to provide a more detailed classi-
fication of the colonized substrates of macrophytes as in Bresciani 
et al. (2012): dense (fc >70%), moderate (40% < fc <70%) and 
sparse macrophytes (fc <40%). The fc values obtained in the sec-
ond run represent a new fc estimate and were therefore used inde-
pendently from those obtained in the first run. Pixels for which nei-
ther sand nor vegetation was predominant in the first run were clas-
sified as ‘mixed pixels’. The final map that BOMBER produced 
from the PRISMA pansh Rrs product consists of 7 bottom classes 
and depth. 

 
Data validation and statistics 

For the radiometric analysis, the PRISMA pansh Rrs were 
extracted from a 5x5 pixels window centred on each station. The 
mean value within this window was computed to reduce the noise 
(Zibordi et al., 2009; Concha et al., 2021). For each in situ station, 
multiple spectral signatures were acquired using WISP-3 and WISP-
Orca within a ±1 h temporal window from the PRISMA overpass. 
These measurements were then averaged for each station and used 

as reference data for the validation of the PRISMA pansh image, 
acquired at 10:20 UTC. 

Three descriptive statistics to assess the consistency between 
PRISMA and in situ radiometry were calculated as follows: 
• Root-mean-square error (RMSE), a measure of the differences 

between values predicted by a model, or an estimator and the 
values observed: 

                                                   
(Eq. 1) 

• Spectral angle (SA), a measure for directly comparing image 
spectra (PRISMA) to a known spectra (in situ data), and deter-
mine how similar the spectra shape are, computed in the range 
0-180°: 

                                           
(Eq. 2) 

• Median symmetric accuracy (MdSA), a robust method for esti-
mating the spread of a multiplicative linear model using the log 
accuracy ratio; it can be interpreted as a percentage error, but it 
does not penalize overprediction and underprediction different-
ly. It is often used instead of the common R2 in ocean color stud-
ies where sample availability is often a limit (Pellegrino et al., 
2023). It is defined as (Morley et al., 2018): 

                              (Eq. 3) 
The following statistics were used to validate the bathymetric 

maps, in addition to the RMSE (m-1) mentioned above: 
• Pearson’s correlation coefficient (r), the correlation coefficient 

that measures linear correlation between two sets of data:  

                                                                   
(Eq. 4) 
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Fig. 2. Spectral reflectance of the main species colonizing Lake Garda substrates collected on 9th July 2024 in the 9 of the 32 stations 
defined in Fig. 1. 
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• Bias, a measure of the average tendency of the simulated values 
to be larger or smaller than their observed ones: 

                                                     
(Eq. 5) 

• Mean Absolute Error, a measure of errors between paired obser-
vations expressing the same phenomenon: 

                                                      (Eq. 6) 
Where: xi are the measures from satellite sensor; yi are the in 

situ measurements; x̅ and y̅ are the average values of the observa-
tions of x and y; n is the sample size; M is the median function; cov 
is the covariance. 

For the validation of the bottom classification map, in situ obser-
vations of the substrate type at each sampling location were used as 
reference data. In total, 44 reference points were collected. Each in 
situ point was spatially matched to the corresponding pixel in the 
classification map (pixel-to-point comparison), and the assigned 
class was compared with the observed substrate type. Classification 
accuracy was assessed using the Overall Accuracy (OA), which 
measures the percentage of samples that are correctly classified 
(Ghirardi et al., 2019). 

 

Pixel aggregation 
Spatial pixel aggregation was performed to simulate the effect of 

progressively coarser spatial resolutions on the classification of ben-
thic substrate classes and depth. Starting from the 5 m resolution 
classification map, generated by BOMBER from the PRISMA 
pansh product, two aggregated maps were generated at 10 m and 30 
m spatial resolution as representative of pixel sizes typical of medi-
um-resolution satellite sensors. The aggregation procedure used the 
“majority resampling” algorithm, whereby each output pixel at 
coarser spatial resolution was assigned to the modal class value (i.e., 
the most frequently occurring class) among all finer-resolution pix-

els within the corresponding aggregation block (Woodcock et al., 
1988; Han et al., 2010). This approach represents one of the standard 
resampling technique for thematic raster data, as interpolation meth-
ods based on arithmetic averaging, such as bilinear or cubic resam-
pling, are not suitable for discrete class labels (GDAL/OGR - 
https://www.osgeo.org/projects/gdal/; He et al., 2025). Furthermore, 
a dedicated mixed-pixel detection procedure was implemented to 
identify pixels located at the boundaries between distinct thematic 
groups, specifically between sand classes (rock, mud, and Dreissena 
spp.) and vegetation classes (dense, moderate, and sparse). Each 
aggregated pixel whose corresponding source block contained class-
es from both groups was labelled as “mixed pixels". This approach 
enables the mapping of mixed pixels as a function of spatial resolu-
tion, providing a direct assessment of how bigger pixel sizes pro-
gressively soften the boundaries between sand and vegetation, 
reducing the ability to discriminate individual benthic classes 
(Narayanan et al., 2002; Saura, 2004; Wang et al., 2020). 

 
 

RESULTS AND DISCUSSION 
Radiometry evaluation 

As mentioned above, after assessing the quality of the pansharp-
ening process, the quality controlled pansharpened PRISMA product 
with a 5 m pixel size, shown in Fig. S1, was evaluated radiometri-
cally. The comparison between spectral signatures derived from the 
PRISMA pansh data and those collected in situ for optically shallow 
waters reveals an overall good agreement across the full spectrum. 
The mean spectral signatures show higher reflectance in the green 
region (around 550 nm), typical of turbid waters (Fabbretto et al., 
2024), and greater discrepancies with in situ data in the blue region, 
as often happens with PRISMA data (Braga et al., 2022; Pellegrino 
et al., 2023). The agreement is also evident in the descriptive met-
rics:  SA=11.2°, RMSE=0.0024 sr-¹, and MdSA=25%. Fig. 3 shows 
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Fig. 3. Mean and standard deviation of spectral signatures retrieved on Lake Garda in optically shallow waters by PRISMA pansh product 
acquired on 9th July 2024 (blue line) and in situ instruments (red line).



the mean of spectral signatures acquired at several stations across the 
study area, together with their standard deviation. 

 
Bottom classification and bathymetric maps  

The thematic map of the seven bottom type classes is shown in 
Fig. 4; the mapping is covering approximately 57 km2, surround-
ing the Sirmione Peninsula, from the coastal line up to the 10 m 
isobath from the IIM chart. To assess how spatial resolution affects 
the generation of thematic maps, the additional products created by 
aggregating PRISMA pansh at 5 m to 10 and 30 m pixel sizes are 
also shown. Results are presented for two representative areas: 
Zone 1 (Z1) and Zone (Z2), that are located northwest and south-
east of the Sirmione Peninsula, respectively. These zones were 
selected to highlight how pixel size influences the ability to dis-
criminate among different bottom compositions. As resolution 
decreases from 5 m to 30 m, a clear loss of detail becomes evident. 
The proportion of mixed pixels increases substantially, especially 
in areas where multiple substrate types occur in close proximity 
(i.e., in Z1 from 3.5% in 5 x 5 m to 52% in 30 x 30 m). This effect 
is typical of optically shallow environments, where fine-scale het-
erogeneity, such as transitions between sand and macrophytes, can 
only be effectively captured at higher spatial resolutions. Coarser 
pixels tend to blend these features, reducing classification accuracy 
and potentially hiding ecologically relevant patterns. This phenom-
enon is even more evident in Z1, that is very heterogeneous due to 
the boat transit in the area, which limits the growth and coloniza-
tion of macrophytes (Ghirardi et al., 2019). Additionally, in Fig. 4 
(Z2), it is possible to observe how the Dreissena spp. class disap-
pear at lower spatial resolution. Another example is the mud sam-
ple in Z1 (bottom left black circle), that is detected at 5 m and 10 
m spatial resolution, but that gets lost at 30 m spatial resolution. 

In Fig. 4, the OA for the area surrounding the Sirmione 
Peninsula is reported at 5 m, 10 m, and 30 m spatial resolutions. As 

spatial resolution decreases, OA also decreases: 80% at 5 m, 68% 
at 10 m, and 48% at 30 m. The confusion matrices for each product 
are presented in Fig. S2, Fig. S3 and Fig. S4, respectively. The 
results show, for example, that although only two Dreissena spp. 
samples are present, both are correctly identified at 5x5 m and at 
10x10 m spatial resolutions, while one of the two samples is mis-
classified at 30x30 m. On the other hand, vegetation targets seem 
more difficult to distinguish among the three subclasses: dense, 
moderate and sparse. This may be due to subtle differences in their 
spectral signatures that are difficult to distinguish, as well as the 
presence of small patches where multiple species occur. 

Fig. 5 shows the bottom depth retrieved from BOMBER 
together with the corresponding IIM isobaths chart, allowing for a 
visual comparison between the PRISMA-derived depths and the 
lakebed morphology from the high-resolution IIM field survey. A 
deeper channel, as already derived from airborne data at 5 m spa-
tial resolution (Giardino et al., 2007a), is visible in the northwest 
portion near the coast (Z1), which allows ferries to reach the pier. 
Fig. 6 presents the validation results for datasets at 5 m, 10 m, and 
30 m spatial resolution. The validation was conducted with respect 
to the IIM data (blue box, top left), the in situ bottom depths 
(orange box, below), and the combined dataset (black box, bottom 
right). As spatial resolution decreases, the accuracy of the depth 
retrieval also diminish, from r=0.82 to r=0.75, considering the two 
datasets combined. This reduction is primarily due to the coarser 
pixel size, which increases spectral mixing within each pixel. In 
addition, the agreement between bottom depth derived from 
BOMBER and in situ measurements collected during the field 
campaign appears to be higher than that obtained using IIM data 
(e.g., r=0.87 vs r=0.81 for the 5 m image, and r=0.75 vs r=0.74 for 
the 30 m image). This difference is likely related to the acquisition 
method: IIM surveys are conducted using an echo sounder 
(Zanone et al., 2021), which, although highly accurate, has limita-
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Fig. 4. Bottom type classification up to 10 m depth. On the upper right the Z1, on the bottom right the Z2. Data at 5 m spatial resolution 
(a,d), at 10 m (b,e), and at 30 m (c,f). Black circles identify the sampling points (bottom classification stations shown in Fig. 1).
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tions in very shallow waters (approximately <2-5 m) due to vessel 
constraints. In fact, it can be seen that at the 5 m depth (Fig. 6a), 
the statistical differences between the two validations are much 
greater than those at 30 m (Fig. 6c). 

Fig. 7 illustrates the distribution of the benthic classes along 
depth across the entire study area. The analysis was performed by 
associating each pixel of the 5 m resolution benthic classification 

with the corresponding bathymetric value; therefore, the distribu-
tions shown are based on the full classified area. The Kernel 
Density Estimation (KDE) was calculated separately for each ben-
thic class using bathymetric values below the 90th percentile of 
each class distribution, to minimize the influence of outliers, i.e., 
anomalous values compared to neighboring pixels, often caused by 
mixed pixels or specular reflection. Dense, moderate, and sparse 

Macrophytes in Italy: knowledge update on distribution, ecology, drivers and conservation status

Fig. 5. Bottom depth map expressed in meters (zoom on the right) for the shallow waters around Sirmione Peninsula. In white the Isobaths 
defined by the IIM data. 

Fig. 6. Bottom depth validation for 5 m (a), 10 m (b) and 30 m (c), with validation statistics: r (-), RMSE (m-1), MAE (m-1), Bias (%). 



macrophytes are predominantly associated with shallow depths, 
with moderate macrophytes peaking at the very surface (1.5 m), 
dense macrophytes occurring slightly deeper (2 m), and sparse 
macrophytes spanning a broader range due to their greater toler-
ance to reduced light. Light is in fact one of the main drivers con-
trolling the maximum depth at which macrophytes exist in aquatic 
ecosystems; in addition, its availability is directly affected by 
water colour, suspended matter, and the exponential attenuation of 
irradiance with depth (Liu et al., 2016). In contrast, mud becomes 
increasingly common with depth (8 m), reflecting sediment accu-
mulation in low-energy environments (Potter et al., 2005), while 
Dreissena spp. is present at intermediate to deeper depths, consis-
tent with its ability to colonize stable substrates under low-light 
conditions (Grutters et al., 2012), with peaks at 1 m depth. Rocky 
substrates show a more irregular pattern linked to lakebed mor-
phology, and mixed pixels represent transitional or heterogeneous 
areas (Yu et al., 2018). 

 
 

CONCLUSIONS 
High spatial resolution data offer critical advantages for the 

detailed mapping of aquatic environments. They also enable the 
observation of heterogeneous targets, when combined with high 
spectral resolution, like has been achieved by airborne imaging spec-
trometry for decades. In this study, a shallow water ecosystem in a 
lake with clear water was characterized using PRISMA pansh prod-
ucts, which allowed the classification of substrate properties in terms 
of substrate types, cover and vegetation density, as well as bottom 
depth. This fine-scale, spatially distributed information can comple-
ment conventional water sampling, to enlarge the spatial coverage 
and hence support the reporting on the ecological status of the aquat-
ic ecosystems; in particular, EC 2000/60 of the Water Framework 

Directive (WFD) requires the monitoring of the abundance and com-
position of macrophytes (Bolpagni et al., 2017). 

A pixel-based aggregation procedure over the high-resolution 
PRISMA-derived shallow water products allowed to assess the 
increasing of errors moving from 5 m to 30 m spatial resolution. 
The study enabled high fidelity mapping from fused HYC and 
PAN PRISMA images. Further study is required to address the 
common requirements of fine-scale mapping in heterogeneous and 
optically complex targets. To the aim, the need of fusing HYC and 
PAN may benefit from other procedures able to ingest not only 
L2D products, but also BOA reflectance obtained with other 
atmospheric correction models. As PRISMA is the only satellite 
sensor so far simultaneously acquiring HYC and PAN data at GSD 
of 30 m and 5 m respectively, the opportunities of improving the 
processing methods and of enabling application remains somehow 
limited in terms of both temporal and geographic coverage. Yet, 
like other precursors, the PRISMA mission offers opportunities to 
develop studies supporting novel satellite missions for observing 
aquatic ecosystems and to develop applications requiring high 
spectral and spatial resolution, such as quantifying material 
exchanges across land-water boundary ecosystems and assessing 
shifts in species distribution (Chami et al., 2025). 
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Fig. 7. Kernel Density Estimation chart for each benthic class, respect to bottom depth.
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