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Highlights

What are the main findings?

e The proposed Water Recreation Index (WRI) indicates the spatial distribution of
recreational activities in the Venice lagoon, allowing the most attractive areas to be
identified. Moreover, it shows how those activities are distributed over time, with
peaks during summer weekends.

e Another index—the Water Transportation Index (WTI)—allows canal routes with
higher transportation intensity to be mapped, and similarly to the WRI, shows much
higher traffic intensities during summer weekends.

What are the implications of the main findings?

e  The spatial and temporal patterns of the two indexes can support improved planning
instruments to protect the lagoon from the impact of intensive motorboat traffic in
terms of wave-induced erosion and pollution, but also to exploit the recreational
potential of the most attractive areas for sustainable water-based tourism in the
Venice lagoon.

e  The methodological approach might provide valuable insights into the application of a
deep learning technique to freely available Sentinel-2 satellite images in the detection
of small standing and moving boats.

Abstract

The Venice lagoon is the largest in the Mediterranean Sea. The historic city of Venice,
located on a cluster of islands in the centre of this lagoon, is an enchanting and iconic
destination for national and international tourists. The historical centre of Venice and
the other islands of the lagoon, such as Burano, Murano and Torcello, attract crowds of
tourists every year. Transportation is provided by boats navigating the lagoon along a
network of canals. The lagoon itself attracts visitors who enjoy various outdoor recreational
activities in the open air, such as fishing and sunbathing. While statistics are available
for the activities targeting the islands, no information is currently available on the spatio-
temporal distribution of recreational activities across the lagoon waters. This study explores
the feasibility of using Sentinel-2 satellite images to assess and map the spatio-temporal
distribution of boats in the Venice Lagoon. Cloud-free Level-2A images have been selected
to study seasonal (summer vs. winter) and weekly (weekends vs. weekdays) variabilities
in 2023, 2024, and 2025. The RGB threshold filtering and the U-Net Semantic Segmentation
were applied to the Sentinel-2 images to ensure reliable results. Two spatial indices were
produced: (i) a Water Recreation Index (WRI), identifying standing boats in areas attractive
for recreation; and (ii) a Water Transportation Index (WTI), mapping moving boats along the
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canals. Multi-temporal WRI maps allow areas with recurring recreational activities—that
are significantly higher in the summer compared to winter, and on weekends compared
to other weekdays—to be identified. The WTI identifies canal paths with higher traffic
intensity with seasonal and weekly variations. The latter should be targeted by measures
for traffic control to limit wave induced erosion, while the first could be subject to protection
or development strategies.

Keywords: Venice lagoon; boat; recreation; transportation; Sentinel-2; U-Net model;
spatial distribution

1. Introduction

The United Nations glossary of environment statistics [1] defines coastal lagoons as
“seawater bodies located along the coast, but separated from the sea by landforms such as sandbars
or similar features. These coastal lagoons have limited connections to the sea, creating a distinct
ecosystem.” Coastal lagoons constitute about 13% of global coastal zones [2], which include
mudflats, salt marshes, mangroves, dunes, islands, urban areas, and aquatic habitats [3].
The unique landscape of lagoons makes them highly productive environments [4] that
provide ecosystem services connected to all four categories (life support, provisioning,
regulating, and cultural services) defined by the Common International Classification of
Ecosystem Services (CICES) [5]. Cultural services linked to tourism and recreation are vital
in supporting local economies and communities [6,7]. Water bodies, including lagoons,
represent one of the most valuable resources for the tourism industry [8]. In the latter
half of the 20th century and the early years of the 21st century, there was a significant
increase in the popularity of water-based tourism and recreation (e.g., swimming, boating,
and fishing), particularly in highly developed countries [9-11]. This trend demonstrates
the strength of the sector, highlighting its crucial role in attracting visitors and driving
economic growth [12,13].

Coastal tourist destinations, along with lagoons, play a vital role in the economic
development of the Mediterranean region [14]. The Venice lagoon is the largest lagoon
in the Mediterranean [15], with the historic city of Venice located on a cluster of islands
in the centre [3]. Venice, often called the “City of Canals” [16] or “Floating City,” is an
enchanting and iconic destination for national and international tourists. Poets, writers,
and artists have found inspiration in its winding streets and charming canals for centuries.
Its annual carnival, the world-famous Biennale art exhibition, and the international film
festival are major attractions for cultural enthusiasts [16]. UNESCO declared it a World
Heritage Site, recognizing its unique cultural, historic, artistic, and landscape values [17].
Approximately 30 million tourists visit the historical city and its lagoon annually, and this
number is gradually increasing [18]. The city’s outstanding global reputation, combined
with advancements in travel accessibility, has led to a tourism boom, with over 80% of
tourists coming from abroad [16] and all the transports utilizing boats of various sizes.
According to Bolgan et al. [19], intensive boating makes it difficult to control transportation
in the narrow canals, damages historical buildings, alters the lagoon morphology through
sediment erosion, and negatively impacts the lagoon ecosystem. For instance, boat noise
may have potential adverse effects on the movement, feeding, reproductive, and territorial
activities of the lagoon’s biodiversity [20-23]. Cecchi & Poletto [24] reported that old
recreational boats (i.e., those that have lost their essential nautical qualities, solidity, and
water tightness due to age) leach chemical compounds, contaminating the lagoon. On the
other hand, overcrowding on the water can have adverse effects on tourists themselves.

https:/ /doi.org/10.3390/rs18030421


https://doi.org/10.3390/rs18030421

Remote Sens. 2026, 18, 421

30f21

Tseng et al. [25] revealed that boaters” sense of safety and enjoyment significantly declined
when encountering greater numbers of people and boat densities higher than expected.

The municipality of Venice has introduced several initiatives to tackle over-tourism,
but the problem persists [16]. All the initiatives target the built environment, while lagoon
canals are managed only through speed limits and open shallow waters are not considered.
Quantitative data regarding recreational boats and their spatial distribution are essential
for informing policy decisions and supporting the sustainable management of water-based
recreational tourism, particularly in protected areas like the Venice lagoon. Adequate
quantitative spatial information about recreational activities could also allow for economic
valuation of cultural services provided by lagoon waters.

On average, around 82,000 tourists visit Venice and its lagoon daily [18], and this
number increases substantially during the peak season, particularly in the summer. This
touristic flow not only raises the number of boats on the water but also promotes a more
widespread distribution of boating activities along the lagoon. During summer weekends,
both running and standing boats are widely distributed, not just around Venice but also
throughout various areas of the lagoon, indicating a high level of recreational boating
activity. The reasons behind this are that summer weekends coincide with favourable
weather, allowing people to enjoy outdoor activities and step away from their daily routine
responsibilities. Although the Venice lagoon is widely used for recreation, no statistics are
currently available on the spatio-temporal distribution of small recreational boats, which
are used to enjoy fresh air, sun, swimming, etc., during summer.

Recently, there has been a growing interest in using satellite imagery for many de-
tection activities in marine and inland waters. Small recreational boat detection is one of
the crucial tasks in this category, and is essential for traffic management, environmental
monitoring, and promoting sustainable tourism. Traditional methods for satellite image
recognition require significant quantitative input and are hindered by the impracticality
of manually analyzing large quantities of data, since they are time-consuming and error-
prone [26-29]. Moreover, detecting small recreational boats in medium-resolution satellite
imagery presents technical challenges, particularly when applied to complex coastal envi-
ronments such as the Venice lagoon. This paper addresses those challenges by focusing on
the potential use of Sentinel images.

Sentinel satellites of the European Space Agency (ESA) Copernicus Programme pro-
vide users with freely available multispectral and synthetic aperture radar (SAR) imagery at
a resolution of up to 10 m [30]. The Sentinel-1 images contain polarimetric SAR backscatter
data for horizontal (H) and vertical (V) polarizations [31]. These polarizations are suc-
cessfully used for large ship detection but have poor performance for small recreational
boats, consistent with previous observations in coastal monitoring applications [32,33].
Rucinski et al. [34] reported that detection accuracy using Sentinel-1 imagery is significantly
affected by object length, wind speed, and the angles of signal polarization incidence.
Recreational boats operating in the Venice lagoon are generally less than 10 m in length and
are primarily constructed from wood and glass. According to Heiselberg & Heiselberg [30],
the Sentinel-1 satellite is unable to detect objects with low dielectric coefficients, such as
wooden or fibreglass boats. Our analyses confirmed that evidence.

Sentinel-2 features multi-spectral sensors with different spatial resolutions. The lim-
ited spatial resolution of Sentinel-2 optical imagery causes substantial spectral mixing
when the objects of interest occupy only a fraction of a pixel. Consequently, the reflectance
signature of a small boat often blends with that of the surrounding water, leading to a loss
of spectral distinctiveness. Previous research has demonstrated that detecting small boats is
considerably more feasible in calm, clear freshwater bodies such as lakes, where the water
surface and the target reflectance variability are minimal [34,35]. However, these favourable
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conditions do not extend to the Venice lagoon, which appears as a challenging environment
for boat detection. The lagoon presents a dynamic and heterogeneous environment with
variable water turbidity and sediment suspension, shallow submerged flats, and complex
urban structures. Moreover, seasonal dynamics substantially influence boat activity. In
particular, summer weekends exhibit large numbers of recreational boats operating simul-
taneously at different speeds, headings, and types, ranging from small motorboats and
personal watercrafts to larger sailboats. This intense activity increases object density and
introduces artefacts such as wakes and blurring. The wide variability in hull materials,
colours, and sizes further increases the problem’s complexity. Therefore, detection efforts
using Sentinel-2 face significant challenges due to object blending, reflectance ambiguities,
and sub-pixel-size artefacts, making small boat detection in the Venice lagoon difficult than
in inland freshwater environments.

Prior methods often rely on high-resolution imagery for larger vessels (e.g., [36]) or
focus on low-traffic freshwater lakes (e.g., [34,35]), which are both inadequate for the Venice
Lagoon’s high-density, small-boat traffic in turbid, dynamic waters. Only one study has
attempted small boat detection using Sentinel-2 in a coastal setting similar to the Venice
Lagoon [32], but it did not account for intersecting wakes or seasonal variations. Therefore,
the current literature shows a substantial gap for what concerns exploring the potentials of
innovative image processing techniques applied to Sentinel-2 data for the purposes of this
study and in environments similar to the Venice Lagoon.

Bringing deep learning, particularly Convolutional Neural Networks (CNNs), to
satellite images, including Sentinel-2, provides a significant opportunity to cope with the
challenges mentioned above [26,36,37], by exploiting the power of artificial intelligence
(AI) to automatically learn complex patterns and relationships within satellite imagery [38].
As a result, we can expect enhancements of accuracy, efficiency, automation, and scalability
compared to traditional methods [26,39,40]. Convolutional Neural Networks (CNNs),
namely U-Net, are designed explicitly for image segmentation tasks and showcase a unique
architecture with encoder and decoder components connected by skip connections [37].
This design enables the effective capture of local and global features, while preserving the
spatial information essential for accurate segmentation [41], thus presenting a high potential
to explore the feasibility of using Sentinel-2 satellite imagery for detecting small boats.

Given the relevance of the recreational ecosystem service of Venice Lagoon waters
and the very limited information available to assess its magnitude, also in view of possible
economic valuation exercises, and given the unexplored opportunities offered in this
field by CNNs applied to satellite images, this study aims to analyze the spatio-temporal
distribution of small recreational boats in the Venice lagoon using the U-Net model. In
particular, the main objective is to assess and map the spatial distribution of small boats
navigating along the canals, or standing in the most attractive places for recreation, and
their time dynamics, in terms of seasonal (summer vs. winter) and weekly (weekends vs.
weekdays) variabilities. The results of the CNN application to a stack of Sentinel-2 images
of the years 2023, 2024, and 2025 are used to derive two concise spatial indices of boat traffic
(Water Transportation Index, WTI) and boat recreational attractiveness (Water Recreation
Index, WRI). The analysis has been applied to the open lagoon, i.e., excluding canals of
the historical centre and of the main islands, such as Murano, Burano, and Torcello. This
approach innovates by (1) leveraging freely available medium-resolution Sentinel-2 data for
dense, small-boat detection in coastal environments, (2) combining RGB thresholding with
U-Net in a sequential pipeline to handle spectral mixing and artefacts, and (3) applying it
to the unique Venice lagoon, characterized by high traffic, turbidity, and intersecting wakes,
unlike prior applications in calmer waters.
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2. Description of the Study Site

The Venice lagoon is located along the north-western coastline of the Adriatic Sea
(45.10-45.35N, 12.10-12.40E) (Figure 1). It is the largest coastal lagoon in the Mediterranean
region [42], covering an area of 550 km? [6]. The main morphological features include
intertidal and submerged mudflats, salt marshes, channels, creeks, islands, and extensive
aquaculture—locally called “valli da pesca” [43]. The shallow water tidal flats of the lagoon
average less than 1 m in depth and connect to the Adriatic Sea through three inlets: Lido,
Malamocco, and Chioggia (Figure 1) [44,45]. The maximum depth of the lagoons’ tidal
channels is around 15 m [46].

Burano
[

S.Erasmo ..
Venice - ; 4

Porto.Marghera y \
3 ‘ Lido inlet

| Povegii 7 Adriatic Sea

s\Malamocco
/ inlet

Kilometers

Figure 1. Study area: The Venice lagoon from Sentinel-2 (19 December 2023).

The Venice lagoon experiences semidiurnal tides, featuring two high and two low
tides daily. The height of the neap tide is 30 cm, the mean tide is 55 cm, and the spring tide
is 110 cm [47]. The monthly average temperature is 14 °C, and the summer months from
June to August are typically hot and humid. The average temperature during summer
is 23 °C, while the highest recorded temperature can reach 35 °C. The monthly average
rainfall is 70 mm, with the highest in September and October (98-104 mm) and the lowest
from January to March (42—49 mm) [42].

The lagoon surrounds the historic city of Venice and other attractive tourist places
(e.g., Burano, Murano, Lido, etc.) (Figure 1). The peculiar landscape of Venice city and
its lagoon plays a crucial role in serving provisioning (e.g., fish and clam production),
regulating (e.g., flood protection and carbon accumulation), and cultural ecosystem services
(e.g., recreation and tourism). People living in the coastal area of the Venice region—as well
as tourists from all over the world—directly or indirectly enjoy these ecosystem services for
their livelihood. Recognizing distinctive and outstanding cultural, environmental, historic,
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artistic, and landscape values, UNESCO listed Venice and its lagoon as a World Cultural
and Natural Heritage Site in 1987 [48].

3. Materials and Methods

Our study utilized multiple images for weekends and weekdays across the summer
and winter seasons from 2023 to 2025. To ensure the best accuracy, we designed a data
processing procedure (Figure 2), which includes (i) Sentinel-2 image acquisition, (ii) image
pre-processing, (iii) generate training datasets, (iv) U-Net modelling, (v) boat detection
(including moving and standing boats), (vi) separation of moving (i.e., those transporting
people or materials along the canals) and standing boats (i.e., those of people enjoying recre-
ation in the most attractive areas of the lagoon), (vii) detection of recreational and regular
transportation boats, (viii) accuracy assessment, and (ix) mapping spatial distribution.

Sentinel-2 image
acquisition

U-net modelling in boat

!

Image pre-processing

|

Generate training datasets
and model selection

detection
l Mapping spatial distribution
Separ: ation of — | (summer vs winter; weekends vs
moving and standing boats weekdays across the summer
seasons)
l Validation phase

Detection of recreational

and other boats Final mapping phase

Dataset preparation phase

Modelling and boat
detection phase

Figure 2. Boat detection and spatial distribution workflow.

3.1. Sentinel-2 Data Acquisition

This study employed Sentinel-2 Level-2A imagery at 10 m spatial resolution for visible
bands, offering detailed optical data well suited for object detection in shallow coastal
environments [49]. The orbital period is ten days, with a revisit period of two or three days
in Europe and almost daily in the Arctic [30]. Sentinel-2 captures images of the Venice
lagoon areas at around 10:05 a.m., a suitable time for detecting recreational boats and for
mapping transportation along the canals.

Given the research question aimed at analyzing spatial patterns of recreational use,
distinct from other uses of the lagoon (mainly for transportation), images were classified
into separate groups, upon the observation that recreation activities are concentrated in
weekends of the warmer months. Two seasons were identified: “summer”, i.e., the good
season for recreation activities (June to September), and “winter”, i.e., the rest of the
year. Moreover, separate analyses were conducted within the set of “summer” images for
weekends (Saturday to Sunday) and weekdays (Monday to Friday). A total of 22 cloud-free
images were collected from 2023 to 2025: 11 images for “summer” periods and 11 for
“winter”; within the summer images, 6 cover weekdays and 5 weekends (see Table 1).

Sentinel-2 images were retrieved using the OpenEO API [50] of the Copernicus Data
Space Ecosystem. The download process was automated using a custom Python script that
defined the spatial extent—specifically a bounding box encompassing the lagoon—while
also filtering acquisitions based on date and cloud cover.

https:/ /doi.org/10.3390/rs18030421


https://doi.org/10.3390/rs18030421

Remote Sens. 2026, 18, 421

7 of 21

Table 1. Sentinel-2 image acquisition.

Month Acquisition Date (dd.mm.yyyy) Day of the Week Season
February 7 February 2023 Tuesday “winter”
Ma 23 May 2023 Tuesday “winter”
y 30 May 2023 Tuesday “winter”
June 2 June 2023 Friday “summer”
July 9 July 2023 Sunday “summer”
August 3 August 2023 Thursday “summer”
& 26 August 2023 Saturday “summer”
September 7 September 2023 Thursday “summer”
December 19 December 2023 Tuesday “winter”
Januar 28 January 2024 Tuesday “winter”
Y 30 January 2024 Thursday “winter”
Februar 2 February 2024 Friday “winter”
y 4 February 2024 Sunday “winter”
4 May 2024 Sunday “winter”
May 24 May 2024 Friday “winter”
29 May 2024 Wednesday “winter”
Jul 11 July 2024 Thursday “summer”
y 28 July 2024 Sunday “summer”
September 14 September 2024 Saturday “summer”
p 21 September 2024 Saturday “summer”
June 10 June 2025 Tuesday “summer”
11 June 2025 Wednesday “summer”

Day of the Week: The black and green text indicates weekdays and weekends, respectively. Season: The black and
red text indicates winter and summer, respectively.

3.2. Image Pre-Processing

Due to limitations on download size, multiple tiles were retrieved and combined into
a seamless raster using Rasterio 1.4.4 [50]. After that, the study area was extracted by
considering the physical boundary of the Venice lagoon. A spatial mask with land areas
was applied to restrict the analysis to aquatic surfaces. These pre-processing steps ensured
that only open water areas were analyzed for boat detection.

3.3. Generation of Training Datasets and Model Selection

The boat detection workflow started by creating training datasets and verifying the
distribution of boats across Sentinel-2 images. This preliminary analysis was necessary to
support both the rule-based RGB thresholding approach and the subsequent deep learning
segmentation stage [51], and to ensure that training data covered a wide range of optical
and environmental conditions in the Venice lagoon.

In a first step, boat detection was performed using pixel-level filtering based on
spectral reflectance properties. Training samples for the thresholding stage were manually
annotated by identifying known boat locations on selected clipped scenes. The reflectance
statistics of the annotated pixels were used to define empirical thresholds for each RGB
band, corresponding to the 1st and 99th percentile reflectance values, with additional
minimum and maximum caps to limit outliers. Each pixel was evaluated based on two
criteria: (i) absolute reflectance thresholds and (ii) relative brightness compared to its local
3 x 3and 5 x 5 pixel neighbourhoods. Pixels exceeding 15-20% of the neighbourhood
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mean brightness were retained as candidates. Boat candidate pixels were subsequently
clustered using connected-component labelling, and for each cluster, the brightest pixel
was selected as the representative detection point. This helped minimize over-counting
in cases where multiple bright pixels belonged to the same vessel. As shown later, this
approach was highly effective in open water areas where boats were spatially separated
and spectral contrast between hulls and surrounding water was high.

However, in the Venice lagoon, boats are often tightly packed, or spectrally blended
with urban infrastructure or shallow, muddy waters. Under such conditions, the limi-
tations of pure pixel-based methods became evident, leading to missed detections and
ambiguities in shallower water and mooring zones. To overcome these limitations, we
complemented the RGB thresholding with a convolutional neural network (CNN) for
semantic segmentation based on the U-Net architecture [52,53].

For the deep learning stage, training data consisted of cropped patches extracted from
Sentinel-2 scenes, each resized to 256 x 256 pixels to match the model input. Patches
were selected to cover a variety of situations, including: (i) isolated boats in open water,
(ii) shallower waters and moorings, and (iii) spectrally challenging zones affected by
turbidity or urban structures. Corresponding binary masks were manually digitized
by two trained operators using Esri ArcGIS Pro 3.5, with boat footprints delineated at
the pixel level. To ensure annotation reliability, cross-validation was performed: the
two operators independently annotated 20% of the patches, achieving a Cohen’s Kappa
intercoder reliability score of 0.87, indicating strong agreement [34].

The dataset was then split into three subsets: 70% for training, 15% for validation, and
15% as an independent test set that was not used during model development. The training
set was used to fit the network parameters; the validation set was used for hyper-parameter
tuning and early stopping; and the held-out test set was used to verify final accuracy.

The full detection pipeline, including RGB thresholding, U-Net segmentation, and
subsequent moving or standing classification was implemented in Python 3.13.5 using
PyCharm 2024.2 Professional Edition as the integrated development environment (IDE). All
geospatial operations were carried out with open-source libraries, while the deep learning
models were implemented in TensorFlow and run on GPU-accelerated hardware.

3.4. U-Net Modelling

U-Net is characterized by a U-shaped architecture that consists of an encoder-decoder
neural network featuring skip connections (Figure 3) that help preserve spatial information
and enhance gradient flow during training [54]. The encoder consists of multiple convo-
lutional layers that down-sample the image to extract relevant information. The encoder
processes the input image and extracts features using multiple stacks of convolutional
layers with pooling operations, such as max pooling. These pooling operations reduce the
spatial resolution of the image while preserving higher-level features. Typically, each layer
increases the number of filters, allowing for the learning of more complex features [53].
The encoder activation functions utilized are Sigmoid (o) and then rectified linear units (f)
due to their computational efficiency, faster convergence, and ability to mitigate vanishing
gradient issues [37]. The ¢ and f functions correspond to Equations (1) and (2), respectively.
The decoder section employs up-convolution layers to restore image resolution, and it
merges encoder details with the decoder’s high-level features using concatenation. It cul-
minates with a final convolutional layer that contains multiple filters corresponding to the
predefined number of segmentation classes [41]. This layer acts as a classifier, producing a
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probability map as its output. Each pixel value in this map represents the probability that a
specific pixel belongs to a particular class [53,55].

o) = )
F(x) = max (0,%) @
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Figure 3. The U-Net architecture functions as an encoder—decoder network. It features a contracting
path on the left side, known as the encoder, which reduces the height and width of the input images
while simultaneously increasing the depth through the use of convolutional and pooling layers. On
the right side, the expansive path, referred to as the decoder, restores the original dimensions of the
input images using up-sampling and convolutional layers.

The pooling layer plays a crucial role in reducing irrelevant parameters of the feature
matrix and computation in the network. It commonly employs max pooling to down-
sample the feature map. Max pooling is used strategically to retain important information
related to the presence of objects (e.g., ships, boats, and other vessels) while gradually
reducing the resolution of the feature map. This process is essential to the overall function
of U-Net, as it improves the model’s ability to identify meaningful patterns and features
in satellite imagery [37,56], ultimately leading to more accurate boat detection results,
corresponding to Equation (3).

Fy = [ ) A = mavex, () ©

For the semantic segmentation of small recreational boats, we used a U-Net architec-
ture in which the encoder was a ResNet-34 backbone pre-trained on ImageNet, while the
decoder was initialized with random weights and trained from scratch [57]. This configura-
tion preserves the U-shaped encoder—decoder structure while leveraging a more expressive
feature extractor trained on a large natural image corpus. Only the encoder weights were
pre-trained; the complete U-Net was fine-tuned end-to-end on our manually annotated
Sentinel-2 dataset as described in the previous section. Unlike advanced variants such
as Graph U-Net (which incorporates graph structures for relational reasoning) or other
complex models (e.g., those using doubly stochastic graphs or tensor approximations), our
standard U-Net with ResNet-34 offers simplicity, efficiency, and strong performance for
pixel-level segmentation in remote sensing, particularly when combined with thresholding
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to handle Venice’s unique challenges. This sequential pipeline (thresholding for initial
candidates + U-Net for refinement) is innovative for medium-resolution data in high-traffic
lagoons, outperforming standalone methods in prior works (e.g., [32,34]) by reducing false
positives from spectral blending.

Input patches were 256 x 256 pixels in RGB, normalized per band by the 1st-99th
percentile stretch to reduce the influence of outliers and radiometric differences between
scenes. Data augmentation included random horizontal /vertical flips, rotations (+15°),
and mild brightness and contrast jitter, which is important for improving generalization
under varying viewing and illumination conditions.

The network was trained using binary cross-entropy loss and the Adam optimizer
with an initial learning rate of 1 x 10~#, batch size = 16, and a maximum of 50 epochs. An
early-stopping strategy based on validation loss was applied, with a patience of 10 epochs,
and the best model (with the lowest validation loss) was retained for subsequent inference.
The train/validation/test split described in Section 3.3 (70/15/15) was strictly enforced:
the test set was never used for architecture tuning or training and was only used once for
final accuracy assessment.

By combining an ImageNet-pretrained ResNet-34 encoder with a U-Net decoder, our
model benefits from both transfer learning and fine-grained segmentation capability, which
has been shown to be effective for small-object detection in remote sensing [32]. In the
context of the Venice lagoon, this configuration proved particularly useful to overcome the
limitations of the RGB thresholding method. While direct comparisons with other models
(e.g., Faster R-CNN or YOLO) were not conducted due to the unique dataset (high-density
small boats in turbid waters), prior studies using such models on high-resolution data for
larger vessels or low-traffic freshwater environments [34,36] report lower suitability for
Sentinel-2 in complex lagoons, justifying our tailored approach.

3.5. Moving and Standing Boats

Each boat detection was labelled as either Standing (S) or Moving (M) through an
analysis of the reflectance patterns and textural structures surrounding the boat in Sentinel-
2 imagery. The method relies on the presence and morphology of surface wakes and is
implemented through a probabilistic, radiometrically adaptive algorithm written in Python.
The procedure integrates (i) local water radiometry, (ii) multi-directional wake evidence,
(iii) fading-behaviour constraints, and (iv) morphological heuristics adapted to the 10 m
spatial resolution of Sentinel-2 MSI [49].

3.5.1. Input Boat Points

For each detected boat point, a 19 x 19 pixel window (R = 9, approximately
190 m x 190 m) was extracted from the Sentinel-2 image to analyze the surrounding wake
structure. The grayscale intensity image I(x,y) was computed by emphasizing the green and
blue bands for distinguishing bright wakes against darker water backgrounds, correspond-
ing to Equation (4), where each band was normalized using the 1st-99th percentile stretch.
A Gaussian filter o = 0.6 was used in scenes with high contrast, while o = 0.8 was applied
in more noisy areas to reduce false wake traces [49,58,59]. These values were selected
empirically through visual evaluation of wake across multiple Sentinel-2 scenes.

(x,y) = 0.6 G(x,y) + 0.4 B(x,y) (4)

A local water background was computed from an annular buffer (radius ~ R — 3 px,
thickness ~ 2 px). This ring represents water near the boat but not influenced by the hull
or wake. The upper 15% of pixel values was clipped to remove features, such as sun glints,
piers and reflections [60]. The median of the remaining values defined the background level
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m; while the median absolute deviation (MAD) provided a local dispersion estimate of the
variability of the water brightness. To express this dispersion on a scale comparable to the
standard deviation, the MAD was multiplied by 1.4826 (Equation (5)), yielding a robust
standard deviation estimate [61]. These quantities guided both wake-detection thresholds
and the classification of the moored vessels.

0; = 1.4826 x MAD (5)

3.5.2. Boat Head Segmentation

The boat core C; was segmented using a dual-threshold procedure combining: (i) the
local 80th-percentile brightness, which captures the top 20% of intensities within the
window, and (ii) the Otsu adaptive threshold, computed from the local histogram [62]. The
segmentation threshold was defined using Equation (6), ensuring that only the brightest,
clearly distinguishable pixels were retained [63,64].

T; = max(Tgo, Totsu) (6)

Small features (<1 px) were removed and a morphological opening (radius = 1 px)
suppressed noise-like artefacts [65]. The brightest pixel in C; was selected as the boat head
(y*, x*), representing the origin of potential wake development.

Two features were recorded: (i) core area C;(px), that represents the number of pixels in
the boat, and (ii) core-background contrast A; = I(C;) — m;, which is the difference between
the mean intensity of the pixels representing the boats and the median intensity of the
pixels of the surrounding water. The first feature is computed to support the identification
of small standing boats [66—-69] while the second feature helps to differentiate between the
bright moving boats and the static ones with low contrast [70,71].

3.5.3. Wake Scan

The wake scan is a directional analysis designed to identify the wakes around a boat.
Starting from the estimated boat head location, the algorithm analyzes the surrounding
pixels along multiple radial directions to detect sequences of pixels whose brightness
exceeds the local water background [69]. This procedure allows the identification of wake
length, direction, contrast, and fading behaviour, which are key indicators of boat motion
in medium-resolution optical imagery [70,71].

From (y*, x*), 36 rays (10° increments) were projected. Along each ray k, contiguous
pixels exceeding I; > m; + T were counted, with T = max(0.03, ky0;), ks ~ 0.8.

Where I; = the brightness of a pixel at step s along the ray, m; = the local background me-
dian brightness (typical water level), ¢; = the robust standard deviation of water brightness
around the boat (computed earlier), k, = a scaling constant (~0.8, empirically calculated
to exclude ripples and glints and include wakes with low contrast) [72-74], and 0.03 = an
absolute minimum threshold to hand low-contrast water. Consequently, the wake-detection
threshold T is the largest of an absolute contrast baseline (3% brightness above background),
and a data-driven adaptive threshold proportional to the local variability (0.8 x o).

The algorithm then counts how many consecutive pixels along that ray have brightness
I; greater than m; 4+ 7. Those consecutive bright pixels define the length of the wake in
that direction.

Brightness was required to show a non-increasing trend, with any increase between
consecutive steps not exceeding 25%, and each run’s average excess above background had
to exceed 0.040, meaning a contrast above 3.5% brighter than the surrounding water [72].
The Spearman rank correlation coefficient (o) between pixel distance from the boat head
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and brightness intensity was computed to quantify the reduction in intensity along each
potential wake [75].

A valid wake was required to exhibit a non-increasing trend, corresponding to p; < 0.2,
consistent with the expected fading of brightness with distance. This prevents false positives
caused by distant bright spots (like sun-glint areas) that could make the brightness increase
by moving away from the boat.

The two longest runs L(q), L(3) were compared to ensure directional uniqueness, re-
quiring L(1)/L(z) = 1.3 and verifying that there is a clear prevalent direction [76-78]. The
longest validated run L* = Ly and its azimuth 6* defined the candidate wake.

3.5.4. Classification of Moving and Standing Boats

For classifying the moving and standing boats, each boat was labelled using a three lev-
els rule: Moving (M) if a confirmed wake existed with L* > 3 px (and all fading/uniqueness
checks passed) or L* > 6 px regardless of secondary conditions [72,73].

In the first case the algorithm classifies the boat as standing if all the following con-
ditions are met: smooth fading (<25% increase rule), decreasing trend (p; < 0.2), distinct
direction (L(1)/ L) = 1.3), sufficient brightness contrast (E* > 0.035), the wake is at least
3 pixels long (=30 m at 10 m/pixel). If the wake is very long (>5 pixels ~ 50 m), the
boat is classified as moving if the other conditions are not met, to include some potential
slow-moving objects that could not be identified according to the first rule [69,73,79].

Standing (S): otherwise, provided that | C; | < 9 px, A; < 0.12, L* < 2,and E" <0.045,
C; is the number of pixels in the segmented boat. The threshold was set by considering
the spatial resolution of Sentinel-2 images: Sentinel-2 pixel = 10 m x 10 m = 100 m?.
9 px =~ 900 m? footprint that could be considered clearly exceeding the upper limit of a
small recreational boat [58,59,68].

If A; <0.12, it means the boat is only about 12% brighter than its water background,
which is typical of pale, stationary boats [66,67,80].

If L* < 2 pixels (~20 m), there is no significant wake pattern, but only a compact or
symmetric shape, typically indicating stationary or very slow-moving boats.

E" is the mean brightness of the “best” wake direction above the local water back-
ground. If it is < 0.045, the pixels around the boat are only 4.5% brighter than the back-
ground, which is too faint for a true wake [72,79].

This rule preserved sensitivity to weak but elongated wakes while protecting small
pale detections typical of moored or almost standing boats. These values support repro-
ducibility and facilitate post-classification inspection in GIS software such as ArcGIS Pro.
All images were processed automatically using a Python batch driver, matching each
detection shapefile to its Sentinel-2 raster.

We explored the sensitivity of results to key parameters on selected images. For the
crucial parameter of wake length threshold, we conducted an analysis using a subset of
150 boats from winter imagery, with an average wake length of around 4 pixels, consistent
with typical wake characteristics at 10 m resolution. We tested classification thresholds
ranging from 2 to 5 pixels under a simplified decision rule (a boat is classified as “moving”
if wake length > threshold).

The results (Table 2) show how increasing the threshold from the baseline value of
3 pixels decreased the number of boats classified as moving: a 28% reduction (from 120 to
86) at 4 pixels and a 55% reduction (to 54) at 5 pixels. Conversely, lowering the threshold
to 2 pixels increased moving detections by 11% (to 133). These results are consistent with
the visual inspection of additional image subsets, where higher thresholds reduced false
positives for slow-moving boats, thus confirming the value chosen for that parameter.
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Table 2. Sensitivity of wake length threshold on boat classification.
T?gf;:i:; d Moving Boats Percentage Moving (%) Change from Baseline (3 Pixels)
2 133 89 +11%
3 (baseline) 120 80 0
4 86 57 —28%
5 54 36 —55%

3.6. Accuracy Assessment

Before mapping spatial indexes, the model performance was assessed through visual
validation, because exhaustive ground-truth annotations were not available for the full
study area. Ten image patches were randomly selected from the test dataset, containing
approximately 500 boats in total. Detected boats were visually compared against human
interpretations of the Sentinel-2 imagery.

Overall, the model correctly identified more than 90% of visually observable boats.
Detection performance was strongly dependent on boat size. Larger boats (>10 m) were
detected with high reliability, achieving an estimated detection rate of approximately
95%. In contrast, smaller boats (<10 m) were more frequently missed. These findings are
consistent with previous Sentinel-2-based boat detection studies, which report a systematic
reduction in detection accuracy for small targets and in optically complex waters such as
lagoons and estuaries [32].

3.7. Mapping Spatial Indexes

Layers with points identifying boats (value = 1) were combined into maps for calculat-
ing two concise spatial indexes describing the spatial patterns of the two water uses of in-
terest: the Water Recreation Index (WRI)—representing the density of standing boats—and
the Water Transportation Index (WTI)—identifying the density of moving boats. We cre-
ated spatial distribution maps of WRI and WTI ranging from 0 (no boats detected) to
1 (areas where boat were detected) using Ordinary Kriging (OK) in the Geostatistical Ana-
lyst toolbar in ArcGIS Pro. The OK method was chosen because it is widely used in the
literature [81-83] and is frequently used to interpolate data in different aquatic environ-
ments [84,85], which provides higher accuracy than other interpolation methods [86-88].
During the OK interpolation process, the semivariograms were adapted to the spatial
distributions of the various index maps by inputting the correct sill, range, lag, and nugget
values [86].

4. Results
4.1. Spatio-Temporal Distribution of Boats in “Summer” and “Winter” Periods (2023-2025)

This study identifies statistically significant differences in the distribution of moving
and standing boats across spatial (Figure 4) and temporal (Figure 5) scales during summer
and winter.

The spatial distribution maps of both moving and standing boats (WTI and WRI,
respectively) was significantly higher in “summer” compared to “winter” (Figure 4). During
summer, the boats were not only distributed around the islands of Venice, Murano, Burano,
and San Erasmo, but also in other parts of the lagoon, including Lido, Malamocco, and
Chioggia (Figure 4a,b). During “winter”, boats were primarily concentrated around the
historical centre of Venice and along transportation routes following the main canals
towards the airport and the islands Murano, Burano, etc. (Figure 4c,d).
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Figure 4. Spatial distribution of (a) WTT and (b) WRI during “summer”, and of (c) WTI and (d) WRI

during “winter”.
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Figure 5. Temporal distribution of moving, standing, and total boats during summer and winter.
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The findings of our study demonstrate that the presence of standing boats is much
higher and widespread in “summer” than in “winter” (Figure 4b,d, compared to Figure 4c,d)
and it is distributed not only around the main islands but also in other parts of the lagoon
(Figure 4b), thus indicating the areas of higher recreational attractiveness. These are, in
particular, in the southern part of the lagoon, the three inlets, water surfaces around the city,
and a spot in the central lagoon, where the small, abandoned island of Poveglia is located.

The findings of the temporal distribution indicate that the number of boats was
significantly higher in the summer. Specifically, the moving and standing boats were two
and four times higher, respectively, during summer compared to winter (Figure 5).

4.2. Spatio-Temporal Distribution of Boats in Weekdays and Weekends in Summer (2023-2025)

The study demonstrates a significant difference in the spatial (Figure 6) and tem-
poral (Figure 7) distribution of moving and standing boats between summer weekdays
and weekends.
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Figure 6. Spatial distribution of (a) WTI and (b) WRI during weekdays, and of (c) WIT and (d) WRI
during weekends in “summer”.
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Figure 7. Temporal distribution of moving, standing, and total boats during summer weekdays
and weekends.

The WTT is remarkably higher on summer weekends compared to weekdays. During
summer weekdays, high values of WTI are concentrated only around Venice, while rela-
tively low index values follow the main canals across the whole lagoon and towards the
three inlets (Figure 6a). In contrast, on weekends, running boats clearly mark all the main
canals and show very high values of the WTI in the areas around Venice, Murano, Burano
and those close to the lagoon inlets (Figure 6¢).

The concentration of standing boats was lower in the summer weekdays (Figure 6b)
than on weekends (Figure 6d). On summer weekdays, the majority of these boats were
found primarily in Venice and Chioggia, with other areas seeing much less activity; based on
empirical observations, those areas coincide with those most attractive for amatorial fishing
(Figure 6b). On weekends, as expected, the standing boats are more widely distributed,
appearing not only around Venice but also at various lagoon locations; first of all the
southern area close to Chioggia and the nearby inlet, but also the other two inlets and again
the area around the island of Poveglia in the central lagoon (Figure 6d).

The findings of the temporal distribution indicate that the number of standing boats
was more than twice as high during summer weekends compared to weekdays (Figure 7).

5. Discussion and Conclusions

Millions of tourists visit the historical city of Venice and its lagoon each year. Boats
are the only means of transportation for locals and visitors, essential for navigating the
city’s intricate network of canals experiencing its rich cultural heritage and for exploring
the beautiful landscapes of the lagoon. The Vence Lagoon hosts various activities, ranging
from the movement of people to the transportation of goods and the collection of garbage.
Citizens and tourists use different types of boats, including vaporetto—a public trans-
port service, gondola—a traditional rowing boat, traghetto—a ferry, water taxi—a quick
transport, and a multitude of small private boats. According to Rova et al. [89], there are
nearly 400,000 leisure boat trips used for recreation. The heavy boat traffic, along with the
pollutants and noise it generates, negatively affects the movement, feeding, reproductive,
and territorial behaviours of the lagoon’s biodiversity.

The detection of boats by means of remote sensing is then of crucial importance
for safeguarding the main functions of the social-ecological system and planning for
its sustainability.
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This study explored the potential of applying rather innovative methods based on
deep learning techniques to Sentinel-2 images, which offer very good opportunities in
terms of availability and ease of use for free, but at the cost of relatively coarse resolution
(10 m) for our purposes. We calculated and mapped two concise spatial indexes (WRI
and WTI) to assess the spatial distribution of standing and moving boats across different
seasons and days of the week in the Venice lagoon. Results show significant seasonal
and weekly variations in the distribution of both running and standing boats within the
Venice lagoon. Boat activity increases in the “summer” months, particularly on weekends,
with clearly identified target areas of high attractiveness in various parts of the lagoon. In
contrast, during the “winter” season, boats are detected mainly along the main canals used
for various transportation purposes.

Results meet the expected pattern based on empirical observations, thus showing
that the suboptimal resolution can be, at least in part, compensated by the innovative Al
techniques and provide a quantitative basis for comparing recreational uses to generic
boat transportation. The multi-year (2023-2025) analysis adds temporal depth, with the
potential for extension to longer periods for trend analysis.

The findings of this study on the seasonal and weekly distribution of boats may assist
in managing traffic to control wave-induced erosion and pollution by identifying areas
heavily impacted by boat activity. Moreover, the present study might provide valuable
insights into the spatial distribution of recreational boating hotspots and their environ-
mental, but also economic relevance. This information could help in planning sustainable
water-based tourism in the Venice lagoon and contribute to achieving the UN Sustainable
Development Goals (SDGs), SDG 3, 6, 11, and 12, in particular.

The approach has limitations tied to data characteristics, such as the 10 m resolution
limit and sub-pixel boat detection in turbid waters, as well as architecture (empirical
parameters may vary by environment) and scenarios, particularly poor performance in
complex cases like intersecting wakes or high winds and cloudy images, which reduce
usability. Acquiring a comparable set of high-resolution images over three years would
necessitate a significant financial investment. Moreover, accurate ground-truthing would
be difficult to imagine for moving objects such as boats.

Empirical parameters in the wake classification algorithm were calibrated through
visual assessment of sample images and a sensitivity analysis of the most important param-
eters was carried out. Overall, the results can be intended as a science-based contribution
to the debate about the preservation and valorisation of the Venice Lagoon. Technical
limitations are evident, as pointed out in the above text, but the novel contributions to the
study of how recreational ecosystem services are used and their potential relevance for
policy-making are also evident.

We hope that this work can raise the interest of decision- and policy-makers on the
potential of remote sensing for the sustainable management of the Venice Lagoon and
propitiate new resources for campaigns for the acquisition of high-resolution imagery
from commercial satellites and for activities of ground-truthing, field validation, and
consolidation of parameters for the specific characteristics of the environment. Future work
could include comparisons with models like YOLO on adapted datasets and long-term
analysis of the effects of climate and socio-economic trends on the supply and demand of
recreational ecosystem services.
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