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ABSTRACT

Aims: Mapping coastal dune habitats through remote sensing is crucial for biodiversity conservation, but it is challenging due to
the small and fragmented nature of habitat patches relative to the spatial resolution of available imagery. Convolutional neural
networks (CNNs), by leveraging both spectral and spatial information, offer a promising solution, but their application to coastal
dunes remains limited. This study evaluates CNN performance for coastal dune habitat mapping using remote sensing data with
varying spatial resolutions, testing how spatial resolution influences mapping accuracy and assessing the effect of including
additional spectral bands beyond RGB.

Location: Coastal sand dunes in Maremma Regional Park, Tuscany, Italy.

Methods: Ground truth data were collected in 4-m? plots and supplemented with photo-interpreted patches, representing five
classes: shifting dunes (EUNIS habitat N14), dune grasslands (N16), dune scrubs (N1B), bare sand, and sea. Four remote sensing
datasets with varying spatial resolution were used: unmanned aerial vehicle (UAV; 0.02m), airborne (0.20m), Google Earth
(0.30m), and WorldView-3 imagery (0.40m). For each remote sensing dataset, one CNN was trained on RGB imagery and, where
additional spectral bands were available, a second CNN was trained on multispectral imagery.

Results: Most maps achieved high accuracy, confirming the effectiveness of CNNs for habitat mapping. Accuracy of RGB-
derived maps declined with coarser resolution, from UAV (88%) to airborne (86%), Google Earth (80%), and WorldView-3 (38%).
Including additional spectral bands had varying effects on accuracy (+6 percentage points for UAV, +7 for airborne, +35 for
WorldView-3). Among habitats, dune scrubs were mapped most accurately, whereas shifting dunes were often confused with
bare sand.

Conclusions: These findings underscore the value of very high-resolution imagery for habitat mapping with CNNs, suggesting
that even Google Earth imagery can support broader scale applications when UAV or airborne data are unavailable.

1 | Introduction purposes, such as guiding conservation efforts (Malavasi 2020).
Habitat maps are particularly important in Europe, where
Biodiversity mapping is a crucial task: although maps can- many conservation policies, including the Habitats Directive

not faithfully represent reality, they serve essential practical (92/43/EEC; EEC 1992), require the identification and
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mapping of habitats as key units for protection. Remote sens-
ing, by providing quantitative data over large spatial and
temporal scales, has significantly advanced habitat mapping
(Kerry et al. 2022). However, the suitability of remote sensing
data remains strongly dependent on spectral, spatial, and tem-
poral resolution: fine habitat differentiation generally requires
multiple spectral bands to improve spectral separability, but
this often comes at the expense of spatial detail or tempo-
ral frequency, which are relevant for complex landscapes
(Corbane et al. 2015).

Coastal dune habitats are both highly threatened and challeng-
ing to map, due to their typically small and fragmented patches
(Acosta et al. 2007). Recent studies have explored automatic
approaches for dune habitat mapping, testing remote sens-
ing data with varying spatial resolutions (Delbosc et al. 2021).
The highest detail is currently provided by unmanned ae-
rial vehicles (UAVs), which have been used to map land cover
(Suo et al. 2019), plant communities (Agrillo et al. 2023; Cruz
et al. 2023; De Giglio et al. 2019; Innangi et al. 2025), and
even single species (Belcore et al. 2024; Innangi et al. 2023;
Marzialetti et al. 2021). However, these studies are limited to a
local scale, and it remains critical to assess the trade-off between
spatial resolution and broader-scale applicability. Free satellite
data only allow for mapping broad land cover classes (Latella
et al. 2021; Marzialetti et al. 2019), whereas commercial satel-
lites often enable more accurate mapping but are constrained by
high acquisition costs (De Giglio et al. 2017; Pafumi et al. 2025).
Recently, free Google Earth imagery has also been tested for
specific vegetation types, such as bamboo forests (Watanabe
et al. 2020) or scrub habitats (Guirado et al. 2017). However, its
limited spectral information (RGB only) necessitates advanced
classification methods for distinguishing habitats.

In recent years, machine learning has opened up new possibili-
ties for ecological applications (Cipriano et al. 2025), especially
in remote sensing (Cresson 2020). Among these methods, deep
learning stands out for its ability to automatically extract com-
plex features from raw data (LeCun et al. 2015). Specifically,
convolutional neural networks (CNNs) are well suited for image
classification tasks, as they exploit the hierarchical structure of
images to extract high-level features (e.g., edges and patterns)
from low-level inputs (e.g., pixel intensities), thus leveraging
both spectral information and spatial context and improving
ecological mapping performance (Kattenborn et al. 2019). The
effectiveness of CNNs has been demonstrated in various appli-
cations to vegetation remote sensing (Kattenborn et al. 2021),
especially with very high-resolution data, like UAV (Schiefer
et al. 2020) or airborne imagery (Carbonneau et al. 2020).
However, few studies have systematically assessed how CNN
performance varies with spatial resolution, with most studies
simulating coarser-resolution imagery from UAV data (e.g.,
Fromm et al. 2019; Schiefer et al. 2020; Saltiel et al. 2022),
rather than comparing multiple real data sources. Moreover,
the role of spectral resolution remains unclear (Kattenborn
et al. 2021), as high-quality results can often be achieved using
RGB data alone (e.g., Zhao et al. 2019; Nezami et al. 2020).
Despite their growing use, CNNs remain poorly explored in the
context of coastal dune habitats (Pérez-Carabaza et al. 2021;
Lansu et al. 2025).

This study addresses this gap by focusing primarily on the issue
of spatial resolution, which directly affects the ability of CNNs
to extract fine-scale features (Schiefer et al. 2020), and second-
arily on the role of spectral information. In particular, we test
CNN-based habitat mapping in coastal dunes across four remote
sensing datasets with decreasing spatial resolution: UAV imag-
ery (0.02m), airborne imagery (0.20m), Google Earth imagery
(0.30m), and WorldView-3 satellite imagery (0.40m). For each
dataset, we assess CNN performance using RGB bands only and
then test the added value of including additional spectral bands,
where available.

2 | Materials and Methods
2.1 | Study Area

The study was carried out at the sandy beach of Collelungo in
Tuscany (Italy; Figure 1). The Collelungo beach extends for ca.
7km between the Ombrone river mouth in the northwest and the
rocky shores southeast of the Uccellina Mountains. In the north-
western portion, the shoreline has been affected by coastal ero-
sion, whereas in the southern section (starting ca. 5km from the
river mouth), it is in a condition of dynamic equilibrium, which
determines the large width (about 150m) and the slight slope
(<2%) (Nourisson and Scapini 2015; Pranzini et al. 2024). The
area considered in this study (centroid coordinates: 42.634845°
N, 11.072753° E) covers ca. 4ha and is located in the stable por-
tion of Collelungo beach.

The site is inside the Maremma Regional Park and the Special
Area of Conservation “Dune costiere del Parco dell'Uccel-
lina” (IT51A0015). The climate is Mediterranean, with an
upper meso-mediterranean thermotype and an upper dry
ombrotype (Pesaresi et al. 2017). Vegetation follows the typ-
ical coastal dune zonation, with annual vegetation of drift
lines closer to the sea, mainly composed of nitrophilous pio-
neer species such as Cakile maritima and Salsola tragus, fol-
lowed by shifting dunes, which are strongly associated with
the dune-building perennial species Calamagrostis arenaria
subsp. arundinacea. The fixed dune sector is characterized by
stable dune grasslands, which show the highest species rich-
ness, including therophytes such as Daucus pumilus, Festuca
fasciculata, Ononis variegata, and Silene canescens. Dune
scrubs dominated by Juniperus macrocarpa occur intermixed
with the grassland and in the inland part of the zonation, be-
fore the development of a large Pinus spp. plantation (Acosta
et al. 2007; Beccari et al. 2024; Sarmati et al. 2025; Tordoni
et al. 2019, 2021).

Due to the protection measures implemented by the Regional
Park, anthropogenic pressure is generally limited in the area.
Although seasonal recreational use occurs in Collelungo beach,
the site considered in this study is less affected due to its dis-
tance from the main points of access to the beach.

Previous studies carried out in this area mainly described pat-
terns of dune vegetation and the factors influencing it (e.g.,
Sarmati et al. 2025), analyzed arthropod biodiversity (Nourisson
and Scapini 2015), and tested satellite data for vegetation
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FIGURE1 | Studyareawith field surveyed transects represented in blue (A), its position in Italy (B), a transect scheme (C), an example of surveyed

plot (D) and close-up views of the remote sensing datasets used: UAV (E), airborne (F), Google Earth (G), and WorldView-3 (H). The area in the close-

up views is indicated with a red square in A.

mapping (Pafumi et al. 2025), finding in general a good conser-
vation status of the coastal dune system.

2.2 | Ground Truth Data

Ground truth data were collected during vegetation surveys
in June 2024 over an area of ca. 4ha. Five transects of fixed
length (50 m) were placed perpendicularly to the coastline at
150 m from one another, with the first transect located 100 m
from the beginning of the beach (Appendix S13). Along each
transect, 13 square plots of 2m X 2m were placed, each at 4m
from the other, for a total of 65 plots. We measured coordinates
at the top-left and bottom-right vertices of each plot along the
sea-upland direction of each transect. Two EMLID Reach
RS2 GNSS units were used for this purpose, one as a base
station and one as a rover, connected for real-time kinematic
(RTK) survey with a local accuracy of 0.001 m. As network
communication in the area was insufficient, acquired coordi-
nates were subsequently used for a post-processed kinematic
(PPK) survey using the EMLID Studio software. The coordi-
nates were calculated in the WGS84 reference system (EPSG:
4326), with PPK processing based on RTCM3 positional data
of the Leica SmartNet network of reference stations (GROK
site, with a baseline of approximately 18 km). After PPK cor-
rections, plot coordinates had an RMS horizontal accuracy of
less than 1cm.

In each plot, vascular plant species occurrence and abundance
(visually estimated % cover) were recorded. Plots were assigned
to EUNIS habitats at level 3 of the classification hierarchy based
on their species composition using the EUNIS Expert System
(Bruelheide et al. 2021; Chytry et al. 2020). Three habitats were
considered: “Mediterranean, Macaronesian and Black Sea shift-
ing coastal dune” (N14), “Mediterranean and Macaronesian
coastal dune grassland (grey dune)” (N16), and “Mediterranean
and Black Sea coastal dune scrub” (N1B). Habitat N14 develops
on the first part of the coastal dune zonation and is character-
ized by a sparse vegetation cover, dominated by Calamagrostis
arenaria subsp. arundinacea. Habitat N16, occurring on stable
dunes, shows a denser cover and a high diversity of graminoids
and herbs, usually dominated by Crucianella maritima and
characterized by other diagnostic species including Cutandia
maritima, Ononis variegata and Silene canescens. Finally,
habitat N1B is represented by scrubs on stable dunes, domi-
nated by Juniperus oxycedrus and other shrub species such as
Phillyrea angustifolia and Pistacia lentiscus (Chytry et al. 2020).
A more detailed description of the EUNIS habitats considered
in this study is reported in Appendix S11. Plots not assigned to
any habitat or classified into other habitat types (specifically,
N12—“Mediterranean and Black Sea sand beach,” N1G—
“Mediterranean coniferous coastal dune forest,” and “Sb—
Dwarf-shrub vegetation”) were excluded from the reference
dataset, as their number was too small to be considered in the
analysis.
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To improve the ground truth dataset and compensate for class
imbalance, additional 2m X 2m squares were identified through
photo interpretation of the highest-resolution image. The final
dataset consisted of 500 square patches assigned to five classes:
habitat N14, N16, N1B, bare sand, and sea (100 patches per class,
except for the sea class, which was not covered by the UAV
flight and only partially covered by the WorldView-3 image).
The total number of pixels belonging to each class is reported
in Appendix S12.

A workflow scheme of the analyses, from data collection to CNN
segmentation, is provided in Figure 2.

2.3 | Remote Sensing Data Collection
and Preprocessing

2.3.1 | UAVImagery

The UAV photogrammetric survey was carried out on June 20,
2024, simultaneously with the vegetation surveys. This study ad-
opted a low-altitude UAV, the DJI Matrice 300 RTK, equipped
with the MicaSense Altum-PT multispectral camera (MicaSense
Inc., Seattle, WA, USA). We used five out of seven sensors of the
camera, each with a resolution of 2064 x 1544 pixels (~3.2 MP per
band), covering five discrete spectral bands: blue (center 475nm,
bandwidth 32nm), green (560nm,27nm), red (668nm,14nm),
red edge (717nm,12nm), and near-infrared (842nm,57nm).
Prior to the flight, we placed the calibrated reflectance panel
CRP2 on aflat, leveled surface within the mapping area. We used
the Altum-PT to capture images of the panel under the same sun-
light conditions as the planned survey, allowing radiometric cal-
ibration of multispectral data. Simultaneously, the downwelling
light sensor DLS2 was used to record irradiance and sun-angle
data for subsequent correction in processing. Image acquisi-
tion was carried out between 1:00 and 2:00 PM (UTC+2). The
flying height was set at 45m, achieving a ground sampling dis-
tance (GSD), or spatial resolution, of 1.94cm/pixel. Both image
frontal and side overlap were set at 75%, which is essential for
the image matching algorithms in Structure-from-Motion soft-
ware (Eltner et al. 2016). Before the acquisition of the images, six
ground targets were distributed across the study area and sur-
veyed; three were used as ground control points (GCP) and three
as independent check points (CP). The coordinates of the center
of each ground target were acquired using the same methodology
as for the vegetation plots (see Section 2.2. Ground truth data).

After the flight, UAV data were processed in Agisoft Metashape
Professional v 2.1.0, applying radiometric corrections to all the
1046 acquired images using both the reflectance panel and the
DLS2 sensor data. After image alignment, a five-band orthomo-
saic was generated, with a final output size of 40,300x 29,430
pixels. The orthomosaic was referenced in WGS84/UTM Zone
32N (EPSG: 32632), with a CP horizontal Root Mean Square
Error (RMSE) of 2.46cm.

2.3.2 | Airborne Imagery

An airborne orthophoto from August 25, 2023, was down-
loaded from the regional open dataset (Regione Toscana 2023).

The image was acquired using Leica DMC4 and DMC3 sensors
with four spectral bands, that is, red (580-660nm), green (480—
590nm), blue (420-510nm), and near-infrared (720-850nm),
with a spatial resolution of 0.20 m.

2.3.3 | Google Earth Imagery

RGB imagery was downloaded from Google Earth Pro 7.3.6
(Google 2025). Among the available images, the one with the
closest date to the field surveys was chosen, that is, a Pléiades
Neo satellite image from April 26, 2023, with a spatial resolution
of 0.30m (Airbus 2023). The image was exported from Google
Earth Pro at an eye altitude of 1km, corresponding to a pixel
size of ca. 0.14m. This finer export sampling does not imply an
increase in the native spatial resolution of the source imagery.

2.3.4 | WorldView-3 Imagery

A multispectral image from the WorldView-3 satellite was ac-
quired on May 16, 2019. The image includes one panchromatic
band at 0.40m spatial resolution (center wavelength: 649 nm)
bundled with eight spectral bands at 1.60m resolution: coastal
blue (427nm), blue (482nm), green (547 nm), yellow (604 nm),
red (660nm), red-edge (723nm), near-infrared 1 (824nm), and
near-infrared 2 (914 nm). Images were delivered at the 3D-level
of processing, that is, orthorectified, sensor-corrected, and ra-
diometrically corrected through dark offset subtraction and
non-uniformity correction (Kuester 2016), with a reported geo-
location accuracy <3.0m CE90.

To improve spatial resolution of WorldView-3 images, multi-
spectral bands were pansharpened using the weighted Brovey
algorithm implemented in GDAL (GDAL/OGR contributors
2026), with cubic resampling. To correct for a slight misalign-
ment among datasets, the images were co-registered using
the UAV imagery as reference. These steps were carried out in
QGIS 3.40.8 (QGIS Development Team 2024).

2.4 | Semantic Segmentation Using CNNs

For the semantic segmentation of images into dune habitats, we
applied CNNs based on a fully convolutional encoder-decoder
architecture, adapted from the U-Net, a widely used model,
specifically developed to perform well with few training im-
ages (Cresson 2020). U-Net is an encoder—-decoder architecture
which consists of a contracting path with convolutional layers,
followed by a symmetric expanding path with transposed con-
volutions (Ronneberger et al. 2015). In this study, CNN architec-
ture was optimized by testing different values of key parameters
(i.e., number of layers, kernel sizes, stride). The final structure
comprises three convolutional layers and three symmetric de-
convolutional layers (Appendix S1). Convolutions use a 3X3
kernel with stride 1, padding “same,” and HeNormal initializa-
tion to reduce the vanishing gradient and stabilize the network.
To efficiently reduce and restore spatial dimensions in the UAV
dataset, max pooling and transposed convolutions with a stride
of 2 were employed, following the original U-Net architecture.
For the other datasets, we used a stride 1 throughout the network
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and omitted pooling layers to avoid excessive downsampling.
After each (de)convolutional layer, a ReLU activation and a
batch normalization layer are applied, respectively, to compute
the node output and reduce the internal covariate shift. A final
argmax layer assigns each pixel to the most probable class.

To assess the effect of spatial resolution on classification accu-
racy, an independent CNN was trained for each remote sensing
dataset using RGB images as input. Then, to assess the effect of
adding spectral bands, additional CNNs were trained on multi-
spectral images for all datasets except Google Earth, which only
includes RGB bands, for a total of seven CNN models (Table 1,
Appendix S2).

Patches were extracted with the same size as the field sampled
plots (2m X 2m), thus with a different number of pixels accord-
ing to the resolution of the data used. In each case, patches were
randomly split into 60% training, 20% validation, and 20% test-
ing. To artificially increase the training dataset, data augmenta-
tion was performed by adding two preprocessing layers (random
flips and random rotations).

Models were trained for 50 epochs, using the Adam optimizer
to minimize categorical cross-entropy loss, with a batch size of
8 and a learning rate of 0.0002. The training dataset consisted of
60 square patches for each class present in the reference ground
truth dataset (Section 2.2).

TABLE1 | Listof CNNs trained in this study with different types of
remote sensing data.

Spatial
resolution  Input spectral

Data (m) bands CNN
UAV 0.02 RGB CNN-01

Multispectral CNN-02
Airborne 0.20 RGB CNN-03

Multispectral CNN-04
Google Earth 0.30 RGB CNN-05
WorldView-3 0.40 RGB CNN-06

Multispectral CNN-07

Legend

CNNs were built and trained using Orfeo ToolBox TensorFlow
(OTBTF; Cresson 2019), a remote module of the Orfeo ToolBox
open source library (Grizonnet et al. 2017), that allows integra-
tion of deep learning models into remote sensing workflows
using the TensorFlow platform for machine learning (Abadi
et al. 2015) through its high-level Keras API (Chollet 2015).
The pyotb library was used as a Python wrapper for Orfeo
ToolBox applications, enabling seamless integration of OTB's
remote sensing processing capabilities within Python-based
workflows.

2.5 | Performance Assessment

The accuracy of the output maps was assessed using the test
ground truth dataset, computing the following performance
metrics: (1) overall accuracy, i.e., the percentage of correctly
classified ground truth patches; (2) precision, i.e., the proportion
of true positives over all classified positives, also known as user's
accuracy in traditional remote sensing studies; (3) recall, i.e., the
proportion of true positives over all actual positives, also known
as producer's accuracy; (4) Fl-score, i.e., the harmonic mean of
precision and recall; (5) intersection over union (IoU), i.e., the
ratio between intersection and union of predicted and reference
pixels per class; and (6) mean IoU, i.e., the mean value of IoU
across all classes (Maxwell et al. 2021). For each dataset, metrics
were computed over all classes present in its reference ground
truth dataset (Section 2.2).

To assess whether a post-processing step could improve out-
put maps, we applied a sieve filter, which reduces the salt-and-
pepper effect. We tested different sieve values on UAV-derived
maps: 25 pixels (i.e., removing patches <0.01m? and assigning
those pixels to the neighboring class), 100 pixels (i.e., remov-
ing patches <0.04m?), and 250 pixels (i.e., removing patches
<0.10m?), and compared the resulting map accuracy metrics.

Finally, to distinguish temporal and dataset-specific effects on
performance, we performed a cross-temporal test using remote
sensing imagery (Appendix S14).

3 | Results and Discussion

Habitat maps produced through segmentation of RGB imagery
are shown in Figure 3, whereas those derived from multispectral

» v

~

sand [l N14 N16 [l N1B sea

FIGURE3 | Close-up views of the habitat maps produced through CNN segmentation of RGB imagery from four datasets: UAV (A), airborne (B),
Google Earth (C), and WorldView-3 (D), and of the visually delineated ground truth map (E).
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FIGURE4 | Overall accuracy and mean intersection over union (IoU) of the CNN-classified maps.

imagery are shown in Appendix S3. Despite visible differences
in terms of resolution and noise, in most cases the typical sea-
inland succession can be recognized (Appendix S4), with bare
sand and shifting dunes closer to the sea, followed by stable dune
grasslands intermixed with dune scrubs (Acosta et al. 2007), re-
flecting the typical changes in environmental conditions and
plant diversity along the sea-inland gradient (Torca et al. 2019;
Tordoni et al. 2021).

Overall, four out of seven maps had high accuracy (overall ac-
curacy >85% and mean IoU>70%; Figure 4), confirming the
potential of CNNs for habitat mapping, specifically for their
ability to implicitly learn spatial patterns and textures, which
are known to enhance vegetation classification (e.g., Bhatt
et al. 2022). To our knowledge, this is one of the first studies to
assess the use of CNNs for mapping habitats on coastal dunes.
For comparison, Suo et al. (2019) mapped land cover with a max-
imum likelihood classifier achieving 69% accuracy with RGB
and 78% with multispectral UAV imagery. Agrillo et al. (2023)
reached 78% accuracy combining UAV data with environmental
predictors in a Random Forest model. Similarly, Laporte-Fauret
et al. (2020) applied Random Forest to hyperspectral data, pro-
ducing vegetation maps with 83% accuracy.

A key finding of this study is the consistent decline in CNN per-
formance with decreasing spatial resolution: overall accuracy of
RGB-based maps dropped from 88% (UAV) to 86% (airborne),
80% (Google Earth), and 38% (WorldView-3). Similarly, mean
IoU dropped from 79% (UAV) to 71% (airborne), 64% (Google
Earth), and 23% (WorldView-3). This trend is in line with pre-
vious research on CNNs. For example, tree mapping accuracy
in a temperate forest decreased from 89% at 0.02m to 62% at
0.32m (Schiefer et al. 2020), whereas accuracy in a bamboo for-
est decreased from 93% at 0.13m to 74% at 0.65m (Watanabe
et al. 2020).

This resolution effect suggests that only hyperspatial imagery,
i.e., imagery with pixels much smaller than target objects, can
reveal the fine-scale patterns that CNNs exploit to identify ob-
jects, such as branching structures for trees (Schiefer et al. 2020).
Notably, the benefits of hyperspatial data do not apply to all

methods. For example, conventional spectral-based classifiers
may perform worse with higher resolution data due to high intra-
class spectral variability (e.g., sunlit and shaded leaves of the
same tree having different reflectance), which reduces spectral
separability (Nagendra and Rocchini 2008). Conversely, their
performance can improve as resolution decreases and spectral
separability increases (De Giglio et al. 2017), until mixed pixels
become prevalent, at which point pixel-based fuzzy classifica-
tions may be preferable (Pafumi et al. 2025).

Additionally, the negative impact of low spatial resolution on
CNN performance may be amplified by an indirect effect: to
match field plot sizes, patches extracted from lower resolution
imagery had a smaller number of pixels. Smaller tile sizes can in-
crease the edge effect caused by the moving window approach of
CNNes, as noted by Schiefer et al. (2020), although they reported
only minor performance differences across tile sizes (128, 256,
512 pixels).

Interestingly, including additional spectral bands had only a
minor positive effect on mapping accuracy at very high resolu-
tions (+6 percentage points for UAV, +7 for airborne), whereas
the effect was greater at coarser resolutions (+35 percentage
points for WorldView-3). This suggests that spatial patterns
may be more informative than spectral reflectance for mapping
at very high resolutions, as previous research has found (e.g.,
Carbonneau et al. 2020), highlighting the value of relatively in-
expensive RGB sensors on UAVs.

It is important to note that the remote sensing datasets consid-
ered in this study differed not only in spatial and spectral reso-
lution but also in the time gap separating their acquisition from
ground truth data collection. Despite the general ecological and
morphological stability of the study area, lower performance
was observed for the dataset with the largest time gap (Syears),
suggesting a potential limit to the temporal resilience of the
habitat mapping models, possibly more evident for the more dy-
namic habitats. Future studies specifically addressing the tem-
poral decay of model performance in coastal dune environments
will be essential to derive practical guidance, as has been done,
for example, for forest areas (McRoberts et al. 2016).
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We observed a marked difference in classification performance
among habitats, especially at coarser resolutions (Appendix S5).
Dune scrubs (habitat N1B) were mapped with the highest pre-
cision and recall, as in other studies (Marzialetti et al. 2019;
Pafumi et al. 2025). Stable dune grasslands (N16) also reached
relatively high values, whereas shifting dunes (N14) often
achieved a precision similar to N16 but a low recall, mostly due
to confusion with bare sand (Appendices S6, S7). These two hab-
itats showed the greatest decline in accuracy with decreasing
resolution, probably because the fine-scale patterns exploited by
CNNs were no longer discernible, also due to their lower vegeta-
tion cover (Appendix S8).

Furthermore, we found that a simple post-processing step re-
duced the salt-and-pepper effect in the highest resolution maps,
slightly improving accuracy (Appendices S9, S10). However, the
advisability of applying this step, including the choice of optimal
filter size, depends on the application, and more sophisticated
methods could be explored (Chen et al. 2018).

Although this study focused on a single site, the findings have
broader implications for large-scale applications. Ideally, ex-
tensive UAV surveys would provide the most accurate habitat
maps for coastal dunes. Thanks to the high spatial detail of
these images, field sampling efforts can also be reduced. We
surveyed a relatively small number of plots (65 plots over 4 ha)
and then expanded the ground truth dataset through photo
interpretation. Notably, several studies have reported higher
accuracy using visually delineated ground truth from imagery
compared to field-based data, due to reduced spatial inaccu-
racy and sampling bias (Kattenborn et al. 2019; Marzialetti
et al. 2019). However, field surveys remain necessary to relate
vegetation features to their appearance in imagery, especially
if plot locations are recorded with high precision simultane-
ously with UAV acquisition, as in this work, thus minimizing
spatial misalignment.

Despite these advantages, UAVs are currently not appropriate
for covering broad spatial extents, such as the whole Italian
coastline, due to the required costs and expertise. Nonetheless,
UAV-based research has been increasing in recent years (e.g.,
Agrillo et al. 2023; Belcore et al. 2024; De Giglio et al. 2019;
Innangi et al. 2025; Malavasi et al. 2021; Marzialetti et al. 2021),
and new opportunities may emerge in the future.

As an alternative, our study showed that airborne and Google
Earth imagery can still offer reliable maps, though only the lat-
ter is currently available at the national level. Based on these
results, a national-scale test of CNNs using these data will be
the next step in research. It is important to note, however, that
the transferability of CNNs across sites can vary, from low
(Watanabe et al. 2020) to high (Carbonneau et al. 2020; Schiefer
et al. 2020), indicating the need for future studies to specifically
assess CNN transferability in coastal dunes. In particular, the
requirement for site-specific calibration, which could constrain
broad-scale applications, could be addressed by first training a
model on a large and diverse ground truth dataset representing a
variety of ecological conditions, and then adapting the model to
specific local conditions through transfer learning, thus requir-
ing a minimal amount of additional data, as has been done, for
example, for rivers worldwide (Carbonneau et al. 2020).

In the application of this methodology to different sites, the
temporal aspect should also be considered. Here, we used one
image for each remote sensing data source, selecting the veg-
etation growing season as the optimal period for image acqui-
sition, as spectral differences between dune vegetation types
are enhanced (Cruz et al. 2023). In other seasons, confusion
between vegetation and substrate may increase due to senes-
cence or dormancy, and habitat discrimination can be affected.
However, multi-temporal models could also be developed in the
future, building on evidence from other studies suggesting that
coastal dune vegetation classes show different seasonal patterns
of spectral vegetation indices (Marzialetti et al. 2019) and tem-
poral heterogeneity indices (Marzialetti et al. 2020), and thus
that multi-temporal information could further improve habitat
discrimination.

Moreover, some coastal dune systems have large amounts of
woody debris and marine litter (Andriolo et al. 2020). Here,
their presence was limited and, when present, thanks to their
white color and high reflectance, these objects were generally
assigned to the bare sand class, thus minimizing classification
noise. However, these elements should be considered when ap-
plying the methodology to other sites.

By providing methodological indications on habitat mapping on
coastal dunes, this work can support a wide range of practical
applications, including monitoring of restoration actions (e.g.,
Fabbri et al. 2021; Gracia et al. 2025; Haskins et al. 2021), in-
forming ecomorphodynamic studies (Yousefi Lalimi et al. 2017),
and contributing to model calibration (e.g., Camporeale and
Latella 2025). Moreover, high-resolution habitat maps are es-
sential in the context of European policies, for example, to sup-
port mandatory reporting under the Habitats Directive and to
provide quantitative data required by the Nature Restoration
Regulation (European Parliament and Council 2024).

4 | Conclusion

This study emphasizes the efficacy of CNNs for mapping coastal
dune habitats and offers a pioneering analysis of the influence
of the spatial resolution of remote sensing data on CNN perfor-
mance. Very high-resolution UAV imagery was confirmed as the
most valuable data source for producing accurate habitat maps,
revealing fine-scale spatial patterns that are essential for CNNs.
With coarser-resolution datasets, mapping accuracy clearly
declined, whereas the inclusion of additional spectral bands
became more beneficial. Despite not being the ideal solution,
airborne and Google Earth data still supported high-accuracy
maps (>80%), suggesting potential for cost-effective, broader-
scale applications, once CNN transferability across dune sys-
tems has been further explored. By assessing CNN applicability
across multiple remote sensing datasets, this study offers novel
and practical insights that can support monitoring and conser-
vation of the highly vulnerable coastal dune ecosystems.
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