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 A B S T R A C T

Seagrass meadows play a vital role in supporting coastal communities by promoting biodiversity, mitigating 
coastal erosion, and contributing to the local economy. These ecosystems face significant threats, including 
habitat loss, degradation, and climate change. This has led the United Nations to recognize the urgency 
of conserving marine ecosystems, highlighting the need for evidence-based conservation strategies and 
high-quality monitoring methods. However, traditional monitoring approaches are often time-consuming, 
labor-intensive, and costly, limiting their scalability and effectiveness in large-scale applications. Here, we 
present a deep learning framework based on convolutional neural networks to identify Posidonia oceanica
meadows in the Mediterranean Sea using satellite imagery. We demonstrate the generalization capability 
and robustness of the model by introducing appropriate metrics that overcome the limitations of current 
approaches. We show that our model is capable of providing reliable estimates of the distribution of the 
considered habitats and accurate measures of their extension areas. Our study contributes to the development 
of a reliable map of the distribution of Posidonia oceanica meadows in the Mediterranean Sea, showcasing the 
transformative potential of remote sensing and machine learning technologies for marine habitat monitoring.
1. Introduction

Coastal ecosystems, including seagrasses, mangroves, saltmarshes, 
and coral reefs, provide invaluable services that contribute to support-
ing the livelihoods of coastal communities, impacting the well-being 
of their residents (Millennium Ecosystem Assessment, 2005; Kallesøe 
et al., 2008). Seagrass meadows are crucial for enhancing coastal 
biodiversity by serving as essential habitats for a diverse range of 
marine species (Beck et al., 2001). They provide vital food, shelter, and 
structural support, including nursery areas for commercially important 
species, thereby supporting both local economies and subsistence fish-
eries (Heck Jr et al., 2003). Seagrass ecosystems play a crucial role in 
preventing coastal erosion. The dense canopies of seagrass attenuate 
currents and waves, facilitating particle sedimentation and mitigating 
sediment resuspension (Granata et al., 2001; Koch et al., 2006; Bos 
et al., 2007; Gacia and Duarte, 2001). Additionally, the extensive un-
derground network of rhizomes and roots stabilizes sediment, reducing 
erosion and decreasing water turbidity (Madsen et al., 2001), and 
strongly influencing coastal sedimentary dynamics (Marbà et al., 2002; 
van der Heide et al., 2007). Specifically, the robust root systems of
Posidonia oceanica beds act as natural barriers, protecting coastlines 
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from the destructive force of strong waves and maintaining shoreline 
stability (Fonseca and Cahalan, 1992; Sánchez-González et al., 2011; 
van de Vijsel et al., 2023). In addition, seagrasses keep the overlying 
waters oxygenated and with low concentrations of nutrients and CO2
(Duarte and Chiscano, 1999). Seagrasses are among the planet’s most 
effective natural ecosystems for sequestering (capturing and storing) 
carbon, performing at a rate that is 35-times faster than tropical rain-
forests. At the same time, their sediments never become saturated 
(Mcleod et al., 2011). However, if these habitats are degraded, they 
could leak stored carbon into the atmosphere, further accelerating 
global warming (Duarte et al., 2013; Macreadie et al., 2014). In fact, 
despite the considerable uncertainty surrounding global seagrass extent 
values, it is estimated that approximately one-third of the worldwide 
seagrass extent has been lost since World War II (Duarte et al., 2013).

Seagrass decline is primarily attributed to a synergy of human-
driven factors. These factors include eutrophication, where excessive 
nutrient runoff causes light reduction via algal overgrowth and tur-
bidity (Burkholder et al., 2007); degradation of water quality, in-
volving pollutants, heavy metals, and sediment loading (Zhang et al., 
2023); habitat destruction, stemming from direct mechanical damage 
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by coastal development, dredging, and destructive fishing or boating 
practices (Short and Wyllie-Echeverria, 1996); and climate change, 
particularly global warming, which induces thermal stress and exacer-
bates storm damage (Waycott et al., 2009). Furthermore, the sensitivity 
of seagrasses to future ocean temperatures under different emission 
scenarios is a significant concern. Models project a decline in the 
global suitable habitat for these ecosystems throughout the current 
century, both latitudinally and across water depths, with a notable 
compression of suitable habitats toward the lower distribution limit 
imposed by light availability (Jorda et al., 2020). In this context, the 
United Nations (UN) has recognized the severity of global biodiversity 
loss and ecosystem degradation, stressing the negative impact of this 
situation on food security, nutrition, access to water, the health of rural 
populations, and the health of people worldwide. Accordingly, the UN 
declared the period 2021–2030 as the ‘‘Decade of Ocean Science for 
Sustainable Development’’ and the ‘‘Decade of Ecosystem Restoration’’ 
(Waltham et al., 2022; United Nations, 2012), underlining the urgency 
and importance of safeguarding marine ecosystems, including Posidonia 
oceanica meadows. Achieving these targets, particularly concerning the 
preservation and restoration of coastal ecosystems, requires a rigorous 
and evidence-based approach to conservation practice and policy. This 
entails conducting thorough analyses of high-quality monitoring data 
to inform decision-making and to validate intervention strategies.

Comprehensive mapping of various marine habitats, including coral 
reefs, kelp forests, deep-sea vent communities, and seagrass beds, has 
been successfully achieved using side-scan sonar systems (Mumby and 
Edwards, 2002; Mishra et al., 2006; Le Quilleuc et al., 2022; Allen 
Coral Atlas, 2022). This methodology provides valuable insights into 
the structure and distribution of these ecosystems, facilitating the devel-
opment of informed conservation strategies and effective management 
practices. However, the cost and time-intensive nature of these methods 
presents challenges in deploying continuous monitoring systems in 
marine environments. As a result, practical monitoring of biodiversity 
often occurs infrequently rather than in real-time, preventing a con-
stant spatiotemporal evaluation of the status of these ecosystems. A 
recently emerging possibility is to combine remote sensing technologies 
with available georeferenced habitat data to develop correlative or 
mechanistic models that can be used to monitor biodiversity at finer 
temporal scales. Among the various methodologies, Machine Learning 
(ML) models trained with multispectral satellite imagery data appear 
to be the most promising (Zhang et al., 2013; Senecal et al., 2019; 
Wicaksono et al., 2019; Gudžius et al., 2021).

In recent years, a range of studies have explored machine-learning 
and remote-sensing approaches to map Posidonia oceanica and other 
Mediterranean benthic habitats. Drone-based work has shown excellent 
classification accuracy at very fine spatial scales but is necessarily local 
in extent and seasonally constrained (Kellaris et al., 2019; Chand and 
Bollard, 2022; Jeon et al., 2021). Sentinel-2 studies have demonstrated 
the value of freely available multispectral data (Traganos et al., 2018; 
Ha et al., 2020; Traganos and Reinartz, 2018b), but they also highlight 
sensor-specific artifacts and limitations (e.g., striping, coarse spectral 
and spatial resolution, and sensitivity to atmospheric/aerosol correc-
tion) that complicate operational mapping in optically shallow waters 
(Traganos and Reinartz, 2018a; Poursanidis et al., 2019). Several re-
gional studies based on multispectral satellite imagery or a small set 
of images report high overall accuracies, yet rely on a limited number 
of acquisition dates and on photo-interpreted ground truth with sparse 
field validation, which reduces confidence in model robustness and 
hampers transferability (Traganos et al., 2018; Marcello et al., 2018; 
Traganos and Reinartz, 2018b; Coffer et al., 2020). Methodologically, 
many applied studies use conventional classifiers (e.g., Random Forests, 
SVMs) or simple two-class schemes that conflate ecologically distinct 
substrates, which can inflate apparent performance while failing to 
capture fine benthic heterogeneity (Poursanidis et al., 2018; Traganos 
and Reinartz, 2018b; Traganos et al., 2018; Traganos and Reinartz, 
2018a; Marcello et al., 2018; Poursanidis et al., 2019; Ariasari et al., 
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2019; Ha et al., 2020). Indeed, there is recent evidence on the unre-
liability of SVM classifications (Bakirman and Gumusay, 2020). The 
predominance of conventional classifiers in this field is striking, given 
that convolutional neural networks (CNNs) have become the state of 
the art for a wide range of image-based deep learning (DL) applications 
over the past decade, including object recognition, pattern detection, 
and semantic segmentation. Unlike pixel-wise approaches such as Sup-
port Vector Machines or Random Forests, CNNs jointly exploit spectral 
information and spatial context, enabling them to detect boundaries, 
textures, and neighborhood relationships that are particularly rele-
vant in heterogeneous coastal environments. By capturing both lo-
cal features and larger spatial structures, CNNs achieve substantially 
higher accuracy in complex segmentation tasks (Zeiler and Fergus, 
2014; Milletari et al., 2016). Despite these clear advantages, how-
ever, simpler classifiers still dominate applications to seagrass habitat 
mapping. Finally, recent DL-based work does not report segmentation-
specific metrics (such as Intersection-over-Union) and instead relies on 
overall accuracy or user and producer accuracies (Chowdhury et al., 
2024), a practice that can overestimate model performance in spatially 
structured segmentation tasks.

In this work, we overcome current limitations by developing a 
CNN-based framework that moves beyond local proof-of-concepts to-
ward robust and operational mapping tools. We train convolutional 
neural networks that jointly exploit spectral and spatial context, bench-
mark performance with segmentation-appropriate metrics (Intersec-
tion over Union and spatially explicit error estimates), use an ex-
tensive field-validated habitat dataset rather than relying solely on 
photo-interpretation or sparse field data, and explicitly test transfer-
ability/generalizability by training on one island and evaluating pre-
dictions on several ecologically distinct islands. Three key consider-
ations guide our approach. First, the georeferenced habitat dataset 
was acquired using a consistent methodology and covering a broad 
geographical area across multiple spatial scales, thereby capturing 
diverse ecological conditions. Second, we train deep learning models 
on a heterogeneous set of satellite images that incorporate variability in 
acquisition dates, geographic locations, and Sun–satellite geometry, en-
suring that the models learn under realistic conditions and are robust to 
natural sources of variation. Finally, we evaluate the model’s general-
izability and predictive performance on regions geographically distinct 
from the training dataset, characterized by different environmental and 
community structures, to demonstrate its applicability across varied 
real-world scenarios.

2. Methods

2.1. Satellite data

Satellite imagery was obtained from Planet under the Education and 
Research Program, which provides limited non-commercial access to 
PlanetScope and RapidEye imagery (Planet Team, 2017). In particular, 
we acquired PlanetScope images obtained through the Super Dove 
(PSB.SD) instrument, which consists of Coastal Blue, Blue, Green I, 
Green, Yellow, Red, Red Edge, NIR, and operates from 2020. Surface 
Reflectance (SR) products were selected to ensure consistency across 
localized atmospheric conditions, minimizing uncertainty in spectral 
response across time and location. SR is derived from the standard An-
alytic Product (radiance), which is processed to top-of-atmosphere re-
flectance and then atmospherically corrected to bottom-of-atmosphere 
reflectance. For submerged vegetation, near-infrared bands are rapidly 
absorbed by the water column and provide little signal, so discrimi-
nation among classes relies primarily on the rest of the spectrum (see 
Supplementary Fig. 2 for class-specific spectral responses).

We obtained 60 satellite images along the coast of the Balearic 
Islands, covering a surface area of up to 1200 km2 for the years 2020 
to 2023 (see Supplementary Information, Supplementary Fig. 1). The 
images were acquired over several days under clear sky conditions, 
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ranging from June to September, as these are the months when the 
biomass of seagrass and algae is most abundant. No other filters were 
applied to the images, as we aimed to train the model in real-world 
scenarios, where one cannot control for specific environmental con-
ditions, constrained dates for image acquisition, and the satellite’s 
position with respect to the Sun and the Earth, among other factors. 
Thus, we obtained images under different conditions (see Supplemen-
tary Information, Supplementary Table 1). This variability introduces 
heterogeneity in the training and testing data, reflecting the range 
of conditions encountered in real-world applications. For example, 
habitat composition differs among islands: Zostera noltii occurs only 
in Menorca, ‘‘mud’’ substrates are present only in Ibiza, and ‘‘coarse 
sands’’ appear in Ibiza and Formentera but not in Mallorca (Sup-
plementary Table 2). Thus, ecological and environmental conditions 
vary substantially across the study area, and by deliberately including 
this variability in our dataset, we aim to develop models that retain 
predictive skill across distinct settings, rather than being optimized for 
standardized conditions.

2.2. Habitat data

We used georeferenced habitat data from the Government of the 
Balearic Islands, which corresponds to the outcome of various Euro-
pean and national projects, encompassing a ∼20-year effort in data 
acquisition covering a total of 2500 km2 (Goverment of the Balearic 
Islands, 2000-2019; del Valle Villalonga et al., 2023). The first project 
commenced around 2000, and a significant update was implemented 
in 2018. The data consist of 28 different habitat classes following the 
nomenclature and coding of the Standard List of Marine Habitats of 
Spain (LPHME), obtained from side scan sonar, photo-interpretation 
of airborne imagery, and in situ observations. We aggregated the 
different habitat classes into four major ecological groups that are 
present throughout the Mediterranean Sea. The aggregation was based 
on feature similarity and ecological function, resulting in the following 
classes: Posidonia oceanica, green algae, brown algae, and rocks, and 
sandy bottoms (see Supplementary Information, Supplementary Table 
2).

Fig.  1a shows the spatial distribution of the considered ecological 
groups in the Balearic Sea. This comprehensive dataset provides de-
tailed information at multiple spatial scales, offering valuable insights 
into the intricate spatial patterns of different habitat classes across 
the region. The detailed information captured by the high-resolution 
data contributes significantly to the reliability of our model and the 
precision of our predictions, which are particularly vital in the context 
of habitat conservation for Posidonia oceanica meadows.

2.3. Bathymetry data

Bathymetry data were obtained from the European Marine Obser-
vation and Data Network (EMODNET) (Martín Míguez et al., 2019). 
EMODnet Bathymetry provides a service for viewing and downloading 
a harmonized Digital Terrain Model (DTM) for European sea regions. 
The data consist of GeoTIFF layers with ∼100 m pixel resolution of 
mean depth values, which were interpolated to the satellite imagery 
resolution.

2.4. Dataset creation

Satellite images were processed with habitat and bathymetry data 
to construct the final training and testing datasets. The NIR band, 
which is strongly attenuated by water, was used to mask out pixels 
corresponding to land using a simple clustering algorithm (namely K-
means) and subsequently replaced by bathymetry data. The resulting 
processed satellite images served as the primary source of input data 
for our model. The ground truth (or label) dataset consists of raster 
files analogous to satellite images with single-band values representing 
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the benthic class corresponding to each pixel. To construct it, all 
pixels of each processed satellite image were associated with a given 
benthic class using aggregated habitat data. Pixels for which a class was 
not available were masked out in both the processed satellite images 
and label data. Similarly, the pixels already masked in the satellite 
image were kept masked in the label image. Finally, patches measuring 
256 × 256 pixels (∼750m × 750m) were extracted from each satellite 
and label image for the years 2020 to 2022 (with 2023 reserved as a 
final test), resulting in a final dataset comprising up to 16,430 patches.

Despite the train-test data split usually following an 80%-20% ratio, 
training was conducted exclusively with data from Mallorca (8488 
patches, of which 1698 were allocated for validation), and testing 
was performed with the remaining data from Menorca, Ibiza, For-
mentera, and Cabrera islands (7942 patches), resulting in a roughly 
50%–50% train-test split. Furthermore, our test set represented diverse 
environmental conditions and even benthic habitats formed by slightly 
different species than the training set, thereby simulating real-world 
scenarios that the model may encounter in operational settings. By 
testing the model on data from regions beyond its training domain, 
we aimed to assess its generalization and robustness. Specifically, we 
sought to determine whether the model could accurately classify ma-
rine habitats and benthic features in unseen environments, which are 
likely to differ slightly from those in the training data, thereby demon-
strating its capacity for real-world application. We refer to our test set 
as an ‘‘out-of-sample’’ test set to emphasize this idea.

Finally, all images from 2023, covering the coasts of all the islands, 
were selected for a final test set to analyze model robustness once it is 
trained on data from all regions from 2020 to 2022.

2.5. Deep learning models

We trained various state-of-the-art deep learning models for seman-
tic image segmentation, including UNET (Ronneberger et al., 2015), 
LinkNet (Chaurasia and Culurciello, 2017), FPN (Lin et al., 2017), and 
PSPNet (Zhao et al., 2017). Each architecture is formed by repeating 
convolutional blocks, which are usually referred to as the ‘‘backbone’’ 
of the model. We tested ten different backbone models for each archi-
tecture, resulting in the training and evaluation of 40 deep learning 
models, which represents an unprecedented effort in the field. We used 
the segmentation-models Python library (Iakubovskii, 2019) to define 
and train all the models.

2.6. Model training

Before training, the input data was standardized using the mean and 
variance of the training data, 

𝑧 =
𝑋 − 𝜇

𝜎
. (1)

This standard scaling procedure ensures that all input features have a 
consistent scale, preventing the dominance of specific features during 
the training process. It is crucial to note that the same standard scaling 
procedure must be applied during predictions using the mean and 
standard deviation calculated from the training set. This consistency 
ensures that the model interprets new data in a comparable manner to 
the training data.

Additionally, because the output was categorical, the labels were 
one-hot encoded. This encoding converts categorical labels into binary 
vectors, where each class is represented by a unique binary value, 
facilitating the model’s interpretation of the multi-class classification 
task.

For the loss function, we opted for the dice loss owing to its 
effectiveness in handling imbalanced datasets, which is a common 
characteristic in tasks involving semantic segmentation (Rahman and 
Wang, 2016). Dice loss, also known as the Sørensen–Dice coefficient 
(Sorensen, 1948; Dice, 1945), measures the similarity between pre-
dicted and ground truth data by computing the intersection over the 
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Fig. 1. (a) Spatial distribution of the four main ecological benthic habitats in the Balearic Sea, present in the whole Mediterranean. The dataset provides 
detailed information at multiple spatial scales, with a resolution of up to 3 m. (b–d) Scheme of the pipeline used to train the CAMELE model. (b) Satellite-based 
surface reflectance data were merged with bathymetry estimates to produce the model inputs (features). (c) Habitat data obtained with side-scan sonar, photo-
interpretation, and field observations were used as ground truth data (labels). (d) These features and labels are used to train deep convolutional neural networks 
to perform image segmentation.  (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
union of the two. To further account for class imbalance, we applied 
loss weights that were inversely proportional to the proportion of 
examples of each class. The learning rate was set to 0.001 to ensure 
a smooth training process.
4 
The models were trained on a computing cluster utilizing 10 cores 
and a maximum of 400 GB of RAM per model. The training process was 
performed for 1000 epochs, with a batch size of 32. The total training 
time was approximately one month for the 40 initial models, which 
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used data from the island of Mallorca, and approximately three months 
for the 10 final models, which used all available data.

2.7. Performance metrics

The performance of our trained models was primarily evaluated 
using the Intersection over Union (IoU) score (Eq. (7)), which measures 
the spatial overlap between the predicted image and the ground truth, 
as this metric is suitable for image segmentation problems (Rahman and 
Wang, 2016). Additionally, we considered other metrics such as accu-
racy (Eq. (2)), precision (Eq. (3)), recall (Eq. (4)), F-1 score (Eq. (5)) 
and Cohen’s Kappa (Eq. (6)) to perform a comprehensive evaluation of 
the model. Accuracy gauges the overall correctness of the predictions, 
whereas precision measures the accuracy of positive predictions. Recall 
assesses the model’s ability to capture all positive instances, and the 
F-1 score provides a balanced assessment of precision and recall. For 
a binary classification problem, the metrics can be defined using a 
confusion matrix, where TP, TN, FP, and FN represent true positives, 
true negatives, false positives, and false negatives, respectively. 𝑁
represents the total number of pixels in the image. 

Accuracy = 𝑇𝑃 + 𝑇𝑁
𝑁

(2)

Precision = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(3)

Recall = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(4)

F1 Score = 2 × 𝑇𝑃
2 × 𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃

(5)

𝜅 =
2 (𝑇𝑃 × 𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁)

(𝑇𝑃 + 𝐹𝑁)(𝐹𝑁 + 𝑇𝑁) + (𝑇𝑃 + 𝐹𝑃 )(𝐹𝑃 + 𝑇𝑁)
(6)

IoU =
|𝑃 ∩ 𝐿|
|𝑃 ∪ 𝐿|

= 𝑇𝑃
𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁

(7)

These metrics collectively provide a comprehensive understanding 
of the model’s effectiveness in classifying benthic habitats. Please refer 
to the Supplementary Information for further details.

2.8. Consensus prediction

We implemented a consensus prediction approach to enhance the 
robustness and reliability of the model predictions. The consensus 
prediction involved aggregating the results from multiple deep learning 
models, each trained with different architectures and backbones. By 
combining predictions from diverse models, we aim to mitigate the 
potential biases introduced by individual models and enhance the 
overall accuracy and generalization capabilities of the ensemble.

For each input patch, predictions from all the trained models were 
collected, and a voting mechanism was employed to determine the 
final consensus prediction. Specifically, the class label with the highest 
frequency across all the model predictions was assigned to each pixel. 
This ensemble-based strategy leverages the diversity of information 
captured by different models, leading to more robust and reliable 
classification outcomes.

2.9. Model selection

To filter among the four different architectures, we evaluated the 
performance of the models using the training dataset. Despite all mod-
els achieving high IoU scores (>0.8), LinkNet and UNET architectures 
were the best-performing models, with mean IoUs of 90.98% and 
90.90%, respectively (Supplementary Table 3). Because the LinkNet 
architecture has fewer trainable parameters than UNET, it is more 
efficient in terms of computational resources and is less prone to 
overfitting. Therefore, we selected it as the final architecture to build 
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CAMELE, which ultimately consists of ten different models (Supplemen-
tary Information).

We then evaluated the performance of each of the 10 models 
and the consensus prediction approach in the training and out-of-
sample test datasets. All models achieved high performance, with a 
median IoU of 88.12% and F1-score of 93.16% in the training dataset 
(Supplementary Table 5). In contrast, the models’ performance in the 
out-of-sample test dataset was significantly reduced, with a median IoU 
of 60.73% and F1-score of 71.87% (Supplementary Table 6). When 
analyzing the performance of the models individually, we observed the 
emergence of ‘‘specialists’’, which performed significantly better than 
the rest of the models for segmenting specific classes. This finding un-
derscores the importance of the consensus prediction approach, which 
leverages the diversity of information captured by various models. 
The consensus prediction approach significantly improved the models’ 
performance in the out-of-sample test dataset, with an IoU score of 
61.97% and an F1-score of 72.77% (Supplementary Table 6), high-
lighting the effectiveness of the ensemble-based strategy in mitigating 
potential biases introduced by the individual models and enhancing 
the overall accuracy and generalization capabilities of CAMELE. Thus, 
the consensus prediction approach was selected as the final model for 
CAMELE prediction.

2.10. A deep learning framework for automated marine ecosystem labeling

We developed a deep learning framework based on convolutional 
neural networks to accurately classify benthic habitats in the Mediter-
ranean Sea using satellite imagery (Fig.  1). We used a comprehensive 
and extensive habitat dataset of the Balearic Sea, comprising a 20-
year effort of data acquisition based on side-scan sonar, supported 
by the photo-interpretation of high-resolution airborne imagery and 
in situ observations (Fig.  1a). The dataset covers approximately 2500 
km2 of the coastal habitats of the Balearic Islands at a high spatial 
resolution. It contains 28 different classes, including the ecologically 
significant species Posidonia oceanica, which were aggregated into four 
major ecological groups: ‘‘Posidonia oceanica’’, ‘‘Other green plants’’, 
‘‘Rocks & brown algae’’, and ‘‘Sandy bottoms’’ (Fig.  1a,c, Methods & 
Supplementary Information). This dataset was combined with satellite 
imagery of the coastal areas of the Balearic Islands acquired from Plan-
etScope (Planet Team, 2017), covering around 1200 km2 with different 
dates and satellite positions (Fig.  1b,c, Methods, and Supplementary 
Information).

We trained 40 different deep learning models using four differ-
ent state-of-the-art architectures and 10 different backbones for each 
architecture (Fig.  1d, Methods & Supplementary Information). Further-
more, we implemented a consensus prediction approach to enhance 
the robustness and reliability of model predictions, which involves 
aggregating the results from multiple deep learning models to miti-
gate the potential biases introduced by individual models (Methods 
& Supplementary Information). To evaluate the models, we opted to 
train only with data from one island (Mallorca) and then conducted a 
systematic analysis of its performance on the other islands (Menorca, 
Ibiza, Formentera, and Cabrera) in an a posteriori analysis. Thus, 
the train-test split was roughly 50%-50% rather than the traditional 
80%-20% split, with the test set representing diverse environmental 
conditions and benthic habitats formed by slightly different species 
than the training set (Methods & Supplementary Information). This 
approach was chosen to simulate real-world scenarios, in which one 
cannot control for specific environmental conditions, constrained dates 
for image acquisition, the position of the satellite with respect to the 
sun and the Earth, or even find new species that are not contained in 
the original training dataset. We thereafter refer to our test set as an 
‘‘out-of-sample’’ test set and to the model as ‘‘Half model’’ to emphasize 
this idea.

We performed an extensive evaluation of the models’ performance 
in both the training and out-of-sample test datasets using a variety 
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Fig. 2. Model performance in train and out-of-sample test datasets. (a) Violin plots for F1-score, IoU, Precision, Recall, Kappa, and Accuracy in both the training 
and out-of-sample test datasets. (b–c) True vs. predicted area for each habitat class in the training (b) and out-of-sample test (c) datasets. The diagonal dashed 
line indicates a perfect prediction. (d) Box plot of the absolute and relative errors in the prediction of the Posidonia oceanica area as a function of the true area. 
Relative errors decrease significantly with the extent of the area to be predicted, which is linked to the wider spatial context available.  (For interpretation of 
the references to colour in this figure legend, the reader is referred to the web version of this article.)
of metrics, including Intersection over Union (IoU), Precision, Recall, 
F1-score, Kappa, and Accuracy (Methods). Our results show that the 
best-performing framework was to use the 10 models defined by the 
Linknet architecture, together with the consensus prediction approach 
(Methods and Supplementary Information), which hereafter we refer to 
as CAMELE (Consensus for Automated Marine Ecosystem Labelling and 
Evaluation).

3. Results

3.1. A reliable AI-based solution for marine ecosystem monitoring

CAMELE’s performance in both training and out-of-sample test 
datasets was highly notable, with a mean IoU score of 88.22% and 
a mean F1-score of 93.13% in the training dataset, compared with 
a mean IoU score of 61.97% and a mean F1-score of 72.77% in the 
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out-of-sample test dataset (Fig.  2a, and Supplementary Tables 5 and 
6). In image segmentation tasks, an IoU score greater than 50% is 
considered an acceptable prediction (Dai et al., 2016) (yellow stars 
in Fig.  2a). Furthermore, the model outperforms the naive baseline of 
predicting only the majority class (yellow diamonds in Fig.  2a) by a 
significant margin. We observe an overlap between the distribution of 
the performance metrics in the training and out-of-sample test datasets, 
showing that model performance is consistent in both sets (Fig.  2a). 
The model was able to segment some images in the out-of-sample 
test dataset with notable performance (e.g., 15% of the images with 
an IoU score higher than 80%, and 20% of the images with an IoU 
score higher than 70%), while only 10% of the images had an IoU 
score lower than 50% (Fig.  2a and Supplementary Table 8). This 
demonstrates that the model can generalize to some extent to new 
regions with different environmental conditions and the presence of 
different benthic habitats.
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Fig. 3. Example of model predictions for a satellite image in the training and out-of-sample test set. (a) Satellite image from Pollença bay in the island of 
Mallorca, a part of the training set. Image © 2022 Planet Labs PBC (b) Ground truth data for the benthic habitats in Pollença bay. (c) Habitat classification from 
the CAMELE model in Pollença bay (92.78% IoU). (d) Satellite image from Formentera Island, part of the out-of-sample test set. Image © 2022 Planet Labs PBC 
(e) Ground truth data for the benthic habitats in Formentera. (f) Habitat classification from the CAMELE model in Formentera (82.54% IoU).
Despite the decrease in performance in the out-of-sample test
dataset, which can be attributed to the different environmental condi-
tions, including the presence of different benthic habitats, we observed 
that a significant part of the pixels categorized by the ground truth 
data as the model was classifying ‘‘Other green plants’’, ‘‘Brown algae 
& rocks’’, or ‘‘Sandy bottoms’’ as Posidonia oceanica, substantially 
affecting the overall performance (Supplementary Information, Supple-
mentary Fig. 3). Surprisingly, we found that the reflectance distribution 
of the ‘‘Other green plants’’ class in the test dataset was much more 
similar to that of the ‘‘Posidonia oceanica’’ class in the training set 
than to its own class (Supplementary Information, Supplementary 
Fig. 4). Then, it is not surprising that the model classifies all those 
samples as Posidonia oceanica. In contrast, the model achieved notable 
performance in segmenting the Posidonia oceanica class, with a mean 
IoU of 77.30%, compared to the mean IoU of 91.97% achieved in 
the training dataset (Supplementary Table 7). At any rate, the model 
still achieved an overall notable performance in the out-of-sample test 
dataset, demonstrating the generalization capability and robustness of 
CAMELE and highlighting its potential for real-world applications in 
biodiversity monitoring and management.

CAMELE’s performance was further evaluated by comparing the 
true and predicted areas for each habitat class in each image of the 
training and out-of-sample test datasets. The model achieved notable 
performance in predicting the area of the different habitat classes, 
except for the ‘‘Other green plants’’ class, as expected from the previous 
analysis (Fig.  2b,c). Specifically, the median absolute errors committed 
in the prediction of the area of the different habitat classes were 
0.98 km2, 0.06 km2, 0.15 km2, and 0.70 km2 in the training dataset, 
compared with 2.24 km2, 0.26 km2, 0.47 km2, and 1.12 km2 in the 
out-of-sample test dataset, for the ‘‘Posidonia oceanica’’, ‘‘Other green 
plants’’, ‘‘Rocks & brown algae’’, and ‘‘Sandy Bottoms’’ classes, re-
spectively. However, the relative errors were 5.61%, 11.77%, 6.77%, 
and 14.34% in the training dataset, compared with 24.92%, 99.20%, 
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28.16%, and 35.05% in the out-of-sample test dataset. The high relative 
errors for the ‘‘Other green plants’’ class in the out-of-sample test 
dataset are nonsensical, as the true area of this class is small, leading 
to a high relative error. Thus, we observed that the absolute errors 
doubled in the out-of-sample test dataset, whereas the relative errors 
increased by a factor of five. The models’ performance in predicting 
the area of the Posidonia oceanica class was particularly notable, with 
relative errors significantly decreasing with the extent of the area to 
be predicted, linked to the broader spatial context available (Fig.  2d). 
For instance, the median relative error for true extent areas between 
1 and 5 km2 was 30% (86% for 95% confidence interval) compared 
with 7% (13% for 95% confidence interval) for areas larger than 20 
km2. This finding underscores the importance of considering the spatial 
context when predicting the area of benthic habitats, highlighting the 
potential of CAMELE to provide reliable estimates of the distribution 
and extension of the considered habitats in the Mediterranean Sea.

To further illustrate the model’s performance, we present an ex-
ample of model predictions for a satellite image in the training and 
out-of-sample test sets (Fig.  3). The model accurately classified the 
different benthic habitats in both cases, with IoU scores of 92.78% and 
82.54%, respectively, providing reliable estimates of the distribution 
and extent of the considered habitats. We note that although there 
is a 10-point difference in the IoU score between each prediction, 
this is almost unobservable in the visual inspection of the projections, 
highlighting the extreme sensitivity of this metric to minor differences.

3.2. Toward a comprehensive model for the Mediterranean Sea

Finally, we trained CAMELE using all available data (13 144 patches 
for training and 3286 for validation) and provided our final trained 
models to the scientific community, which are freely accessible at 
Giménez-Romero (2024b). We refer to this model as the ‘‘final’’ model. 
We evaluated the performance of the final model on the complete 
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Table 1
Performance (IoU score) of the final model in the complete dataset and 
comparison with the previous model performance and previous data splits 
confirming the training and out-of-sample (OOS) test datasets.
 Train (Half model) OOS test (Half model) Complete dataset 
 Half model 88.22 61.97 79.21  
 Final model 94.73 96.22 95.22  

dataset and, for comparison, also on the previous training and out-of-
sample test datasets, achieving median IoU scores of 95.22%, 94.73%, 
and 96.22%, respectively (Table  1). Notably, the model segmented all 
images in the complete dataset with an IoU score higher than 90%, 
achieving mean, median, and maximum IoU scores of 94.64%, 95.22%, 
and 98.5%, respectively (Supplementary Table 10). Finally, we assessed 
the model’s robustness by predicting on a new set of images from the 
Balearic Islands in 2023 that were not used in the training or out-of-
sample test datasets. The model achieved a remarkable mean IoU score 
of 80% on this new dataset (Supplementary Table 11).

In Fig.  4, we present some examples of model predictions in differ-
ent regions of the Balearic Islands, showing the ground-truth data for 
the benthic habitats. The habitat classification from the ‘‘CAMELE (half 
data)’’ model was trained using only half of the data (from Mallorca 
Island). In contrast, the habitat classification from the ‘‘CAMELE (full 
data)’’ model was trained using all available data. We observed that the 
main differences between the predictions of the two models occurred 
in areas with more complex habitat distributions. In these areas, the 
model trained with all available data can capture the complexity of 
habitat distribution more accurately, providing a more detailed and 
reliable classification of benthic habitats. In any case, the model trained 
only with data from Mallorca still provided notable performance in 
segmenting the Posidonia oceanica meadows from the other islands, 
which is ultimately the most essential habitat to be monitored. A web-
based application for interactively visualizing all model predictions, 
together with the ground truth data, is available at Giménez-Romero 
(2024a).

4. Discussion

Despite the advancements and potential of our study, several chal-
lenges and limitations remain. First, the reliance on satellite imagery 
for habitat classification presents inherent limitations, including cloud 
cover, atmospheric interference, and limited spatial and spectral resolu-
tion, which may impact the accuracy and detail of habitat classification, 
especially in complex coastal environments (Mumby and Edwards, 
2002; Boyle et al., 2014; Wilson et al., 2022; Doughty et al., 2024). Ad-
ditionally, the availability and quality of training data pose challenges, 
as incomplete or biased datasets can affect model performance and 
generalization capabilities. Moreover, our analysis focused on four ma-
jor aggregated ecological groups, including Posidonia oceanica habitats, 
neglecting other critical benthic species and ecosystems that contribute 
to the overall marine biodiversity. In any case, our aggregation is 
consistent with previous studies (Fornes et al., 2006). Furthermore, 
while our models exhibit robustness in cross-regional generalization 
within the Balearic Islands, their applicability to other geographical 
regions with distinct environmental conditions remains to be tested. 
Thus, it may have limitations in delineating finer-scale habitat fea-
tures in areas with different ecological characteristics. Addressing these 
limitations through continued data collection, model refinement, and 
validation efforts is crucial for advancing the reliability and applicabil-
ity of remote-sensing-based approaches in marine habitat monitoring 
and conservation. In addition, emerging machine learning techniques 
are being developed to enhance the generalizability and transferability 
of CNN-based mapping models (Islam et al., 2019), and integrating 
such advances will be important for extending the applicability of our 
framework beyond the Balearic Islands.
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A key limitation of satellite-based seagrass mapping is the detection 
of meadows at greater depths, where light attenuation reduces the 
spectral signal available to the sensor and progressively constrains clas-
sification accuracy. This challenge is commonly addressed by applying 
water-column correction algorithms to compensate for absorption and 
scattering and to approximate the true reflectance of the seafloor (Yang 
et al., 2010; Zoffoli et al., 2014). However, recent work has shown that 
machine-learning models without explicit corrections can outperform 
those relying on them (Mederos-Barrera et al., 2022). In our study, 
we did not apply explicit corrections but included bathymetry as an 
additional input variable. Model tests with and without bathymetry 
demonstrated that performance improved substantially when depth 
was provided, yielding reliable estimates up to 20 m—a depth range 
consistent with other mapping studies (Kobryn et al., 2013; Lyons et al., 
2020). This suggests that CNNs may implicitly learn to compensate for 
depth-related spectral attenuation. Nonetheless, a limit to detectability 
is expected: in our case, performance declined beyond 20 m, although 
this may partly reflect the smaller amount of training data available 
at those depths. Further research is needed to systematically assess the 
depth limits of deep learning models, and in particular to determine 
whether they can extend reliable predictions down to ∼50 m, the lower 
bound of the natural bathymetric range of P. oceanica (Telesca et al., 
2015).

Another limitation of our framework is that the models were trained 
on images acquired between June and September, when the biomass of
P. oceanica is maximal and the meadows are most easily distinguished 
from algal cover. Consequently, the models are not currently suit-
able for continuous year-round monitoring, since seasonal phenological 
changes alter the spectral response of the meadows and would require 
season-specific training. This limitation is less critical for tracking long-
term dynamics, given that the growth of P. oceanica is extremely slow 
(centimetres per year), making annual mapping sufficient to capture 
ecologically meaningful changes in extent. However, seagrass loss can 
occur much more rapidly, and in such cases, more frequent monitoring 
would be desirable. Future research may therefore explore the devel-
opment of seasonal model ensembles or transfer-learning strategies to 
extend predictions across seasons. Such efforts could also be comple-
mented with region-specific drone-based surveys, which together could 
provide finer-scale and more timely detection of local seagrass decline.

Beyond mapping the extent of P. oceanica, our framework provides 
outputs that can be directly used to extract spatial metrics relevant for 
conservation. These include measures of fragmentation (e.g., number 
of patches or patch size distribution) and the spatial arrangement of 
meadows relative to other benthic classes. For instance, the interfaces 
between ‘‘Posidonia oceanica’’ and ‘‘Other Green Plants’’ classes are 
of particular ecological interest, since this category often includes
Cymodocea nodosa and macroalgal assemblages that can compete with 
or displace seagrass (Llabrés et al., 2023). Previous studies have shown 
that higher patchiness is associated with stronger anthropogenic pres-
sure (Montefalcone et al., 2010; Swadling et al., 2023) and that small or 
fragmented patches of P. oceanica tend to exhibit reduced productivity 
and canopy height, especially under grazing pressure (Gera et al., 
2013). Although we have not attempted to validate such relation-
ships directly, our segmentation maps provide the raw material to 
quantify these structural attributes at broad spatial scales. Combining 
such information with ecological survey data could help diagnose 
early degradation processes and develop complementary indicators of 
meadow condition. In this sense, our framework has potential ap-
plications for conservation practice by delivering spatially explicit, 
reproducible, and open-access maps of seagrass distribution. These 
maps can support managers in identifying priority areas for protection 
and restoration, detecting hotspots of habitat loss or fragmentation, 
and comparing regions under different levels of anthropogenic pres-
sure. Finally, because our trained models are openly shared, other 
researchers and practitioners can adapt them to new regions, thereby 
extending their utility beyond the Balearic Islands and supporting 
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Fig. 4. Example of model predictions for a satellite image in the complete dataset. The first column shows the ground truth data for the benthic habitats, the 
second column shows the habitat classification from CAMELE model trained only with half of the data (from Mallorca island), and the third column shows the 
habitat classification from the CAMELE model trained with all available data. (a–c) Palma Bay, Mallorca. (d–f) Son Bou beach, southeast of Menorca. (g–i) Es 
Còdols, south of Ibiza. (j–l) Cala San Vicente, east of Ibiza.
conservation strategies across the Mediterranean and other seagrass 
ecosystems worldwide.

Several avenues for future research and practical applications
emerge from our study. Continued efforts to expand and refine training 
datasets by incorporating data from diverse geographic regions and 
ecosystem types will further enhance the accuracy and generalization 
capabilities of machine learning models for marine habitat monitoring. 
In addition, ongoing advancements in remote sensing technology, 
including the development of higher spatial and spectral resolution 
sensors, hold promise for improving habitat classification accuracy and 
detail. The integration of emerging techniques, such as drone-based 
imaging (Kellaris et al., 2019; Chand and Bollard, 2022; Jeon et al., 
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2021) and LiDAR (Amani et al., 2022), further expands the scope and 
resolution of habitat monitoring efforts, enabling finer-scale analysis 
and management. Another promising extension is the development of 
AI models capable of detecting bleaching in Posidonia oceanica. This 
phenomenon, which has been recently observed in warm locations 
across the Mediterranean Sea, is characterized by the discoloration 
or loss of chlorophyll and carotenoid photopigments in the leaves 
still attached to the shoots (Stipcich et al., 2025a,b). Research is 
currently conflicted on whether the event is symptomatic of severe 
thermal stress—with some studies showing a clear correlation between 
maximum daily temperature and the bleached area (Stipcich et al., 
2025a)—or if temperature and irradiance are not the main drivers, 
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pointing instead to other unknown factors (Stipcich et al., 2025b). 
Furthermore, it remains unclear whether bleaching is definitively detri-
mental to the plant’s health or if it is an adaptive strategy; while it 
involves the loss of photosynthetic pigments, compensatory increases 
in total leaf area and high potential for meadow recovery have also 
been documented (Stipcich et al., 2025a). In any case, given the strong 
spectral signature resulting from the loss of pigments, integrating these 
insights into remote-sensing frameworks could allow models such as 
ours to be retrained or extended, or for independent AI models to 
be developed, to automatically identify early signs of bleaching. This 
would provide a valuable tool for timely conservation interventions and 
for tracking the resilience of seagrass ecosystems under climate change.

Indeed, a promising direction for future work is to extend the 
present framework beyond mapping the extent of Posidonia ocean-
ica meadows to detect potential signals of habitat degradation. The 
methodology developed here provides the basis for consistently map-
ping seagrass distribution on an annual basis, enabling the construction 
of time series and the evaluation of long-term changes in extent. 
Such datasets are essential for assessing degradation trajectories and 
pinpointing areas that require closer examination. In addition, follow-
ing theoretical and empirical studies that have linked spatial patterns 
to ecosystem health (Ruiz-Reynés et al., 2017, 2023), complemen-
tary approaches that use the spatial organization of meadows as a 
proxy for ecological conditions can be developed (Giménez-Romero 
et al., 2025a). By combining the pixel-level classification of Posido-
nia oceanica with convolutional neural networks trained for spatial 
pattern recognition, these approaches can help distinguish between 
continuous meadows and more fragmented states, such as those with 
striped or spotted patterns. These developments have the potential to 
broaden the utility of satellite-based deep learning models, providing 
complementary information that may be useful for monitoring seagrass 
conditions and supporting conservation-oriented assessments. Another 
possible line of work is to relate the spatial extent of P. oceanica mead-
ows to temperature-based metrics (Giménez-Romero et al., 2025b). 
Because our model can be used to map meadows in different areas of 
the Mediterranean Sea, with associated prediction errors that provide 
constraints on the estimates, it becomes possible to compare seagrass 
distribution across regions and relate these patterns to thermal stress 
indicators. This type of analysis may help clarify the role of temperature 
in driving regional differences in meadow extent and contribute to a 
better understanding of how climate change affects the resilience of 
Mediterranean seagrass ecosystems.

5. Conclusion

This study represents a significant step forward in marine habitat 
monitoring by combining multispectral satellite imagery with deep 
convolutional neural networks to map Posidonia oceanica meadows. 
By leveraging an extensive and detailed georeferenced habitat dataset, 
we developed and benchmarked a framework that moves beyond the 
proof-of-concept stage and demonstrates real-world applicability. Un-
like previous efforts, which were limited to single images or simplified 
classifiers, our approach relies on a comprehensive dataset spanning 
multiple regions and environmental conditions, thereby enhancing ro-
bustness and reliability. A key finding was the ability of our models 
to generalize across the Balearic Islands: although trained exclusively 
on Mallorca, they successfully predicted seagrass distribution in Ibiza, 
Formentera, and Menorca, where benthic habitats and optical prop-
erties differ substantially. This result highlights the transferability of 
the model and underscores its potential to deliver reliable estimates of 
habitat extent, even in areas with limited training data. Importantly, we 
quantified the prediction errors and demonstrated how they vary with 
meadow size and depth, thereby providing transparency regarding the 
approach’s strengths and limitations.

The integration of remote sensing and deep learning has consid-
erable implications for biodiversity monitoring and conservation. Our 
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framework provides a scalable and cost-effective tool for generating 
seagrass distribution maps at operational scales and regular tempo-
ral intervals, thereby facilitating the detection of habitat degradation 
and assessing ecosystem resilience. By making the trained models 
openly available, we encourage their use and improvement by other 
researchers and practitioners, thereby supporting regional monitoring 
efforts across the Mediterranean. More broadly, this study demon-
strates how AI and Earth observation can be integrated to provide 
actionable information for conservation, offering a pathway toward 
near-real-time monitoring of vulnerable ecosystems in the context of 
global change. Such approaches are becoming increasingly critical for 
timely intervention, the sustainable management of coastal habitats, 
and the preservation of biodiversity and ecosystem services for future 
generations.
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