
Habitat mapping of coastal dunes with deep learning

Eva M. Lansu a,b,*, Valérie C. Reijers c, Freek Daniëls d, Rebecca James e,  
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A B S T R A C T

About one-third of the world's shoreline is defined by sandy coasts with developed dune ecosystems. These 
ecosystems have drastically degraded due to anthropogenic pressures. To develop strategic management that 
counteracts this degradation, it is essential to closely monitor ongoing habitat changes. Traditionally, coastal 
dune monitoring is based on field observations, which are labour intensive and costly. While automated analyses 
of aerial imagery could reduce monitoring efforts and enhance spatial coverage, to date, its application has 
remained limited to a single small-scale trial (<2 km2). Here, we trained a Convolutional Neural Network to map 
the Dutch coastal dunes (562 km2) at 25 cm resolution using six habitat classes: bare sand, shrubs, fresh water, 
grass, broadleaf trees, and needleleaf trees. Training the network on only RGB imagery resulted in predictions 
with 92 % accuracy, 80 % average recall and 70 % precision. Model performance increased when the network 
was trained on all available data – RGB imagery, near-infrared, distance to sea, digital surface model, and canopy 
height - resulting in 95 % accuracy, 88 % averaged recall and 80 % precision. Finally, we compared the pre
dictions with 499 in-field observations across the Dutch coastal dunes and found 88 % accuracy, 74 % averaged 
recall and 62 % precision. We used this model to create a map of the entire Dutch coastal dunes, which enables 
rapid and precise assessments of habitat diversity and extent. As habitat and species diversity are intrinsically 
linked, our results showcase how automated image analysis can enable biodiversity monitoring on a national 
scale.

1. Introduction

About one-third of the world's shoreline is defined by sandy coasts 
with developed dune ecosystems (Luijendijk et al., 2018; Martínez et al., 
2004). These coastal dune systems provide vital services to humans as 
they protect against flooding, provide tourism opportunities, and are 
able to purify water to drinking standards (Barbier et al., 2011; Drius 
et al., 2019). However, anthropogenic pressures, such as infrastructure 
development and land-use change, have increasingly reduced and 
fragmented the spatial extent of coastal dunes (Delgado-Fernandez 
et al., 2019; Hilton, 2006; Lansu et al., 2024; Lu et al., 2018; Sperandii 
et al., 2021). Consequently, 86 % of the coastal dune habitats in Europe 
have a poor to bad conservation status, with over half showing a dete
riorating trend (Naumann et al., 2020). The observed degradation of 
European dune habitat has been related to enhanced vegetation cover – 

called ‘greening’ of the coastal dunes (Gao et al., 2020; Jackson et al., 
2019; Jackson and Cooper, 2011; Petrova et al., 2023). It leads to the 
loss of open dune habitat, and thereby it homogenizes the dune land
scape (Pye et al., 2014; Pye and Blott, 2017). As a direct consequence, 
many rare plants, invertebrates and other species that require open, 
mobile sands decline or go extinct (Bird et al., 2017; Pye et al., 2014). 
This trend is concerning, not only because the decline in biodiversity 
affects ecosystem functioning (Chapin et al., 1998), but also because 
enhanced vegetation cover has been associated with a decreased ca
pacity of coastal dunes to grow vertically with sea-level rise (Arens et al., 
2020). To mitigate the trend of dune habitat losses and degradation, it is 
desirable to effectively monitor the changing dunes at landscape scale.

The importance of monitoring the habitat quality status of coastal 
dunes is well recognized, as large coordinated networks of protected 
areas, such as Natura 2000 (covering 18 % of the land in the EU), 
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obligate monitoring of their conservation status (Delbosc et al., 2021; 
Röschel et al., 2020). However, the large spatial heterogeneity of dune 
landscapes and their dynamic nature complicate monitoring efforts. In a 
natural dune system, large-scale and small-scale gradients interact, 
creating a highly diverse landscape. On the large scale, decreasing sand 
deposition and flooding frequency create a gradient of decreasing stress 
in the landward direction (Lane et al., 2008; McLachlan, 1991; Ruocco 
et al., 2014). On the smaller scale, across dune slopes and valleys, var
iations in soil water content and organic matter create additional spatial 
heterogeneity. This natural combination of gradients hosts a mosaic of 
habitat types - consisting of bare sand, shrubs, fresh water, grass, 
broadleaf trees, and needleleaf trees - which changes composition with 
distance to sea (Hesp, 2002; McLachlan, 1991; Ruocco et al., 2014). 
Consequently, to analyse dune vegetation composition, monitoring with 
large spatial coverage and fine spatial resolution is needed to capture 
both the large-scale zonation and the small-scale heterogeneity.

Apart from the high spatial variation, also rapid developments over 
time pose a challenge to dune vegetation monitoring. At the timescale of 
years to decades, processes such as sedimentation, dune greening, sta
bilization and succession can substantially change the dune landscape 
(Gao et al., 2020; Jackson et al., 2019; Jackson and Cooper, 2011; 
Petrova et al., 2023). To be able to disentangle long-term trends from 
sudden local impacts, such as the development of infrastructure and 
management interventions (Lansu et al., 2024), observations should be 
frequent enough to capture the temporal dynamics of vegetation 
development. Therefore, to observe general trends of changes in vege
tation composition, monitoring should be on a large spatial scale with 
both a fine spatial and temporal resolution.

Traditionally, changes in vegetation composition and habitat di
versity are monitored through field vegetation recordings (Delbosc 
et al., 2021; van Rooijen et al., 2015). Although field-based mapping is 
very accurate and detailed on a small-scale, it is costly and time- 
consuming to implement on a large spatial scale. For example, all 
Dutch coastal dune areas are protected by Natura 2000. Legislation (the 
‘Habitat Directive’) requires member states of the European Union to 
monitor the conservation status of habitats and species in these pro
tected areas, and to report the results every 6 years (Alberdi et al., 2019; 
Maccherini et al., 2020). This monitoring is often done by local nature 
managers, who search for species within areas of 25*25 m (BIJ12, 
2021). In contrast to this field-based mapping, aerial image analysis is 
less labour-intensive and costly. Additionally, the potential of auto
mated image analysis is boosted by the increasing availability of aerial 
and satellite imagery, which holds for the hazard-prone coastal zone in 
particular (Laignel et al., 2023; Melet et al., 2020; Vitousek et al., 2023).

An inherent disadvantage of ‘monitoring from above’ is the point of 
perspective. Whereas all vegetation layers can be identified during a 
field visit, only the upper layer can easily be observed from above. The 
extracted information from aerial images is therefore typically less 
detailed on the small-scale, but it can complement in-field observations 
by providing a full-coverage picture on the large-scale. Recently, the 
possibilities with aerial image analysis have gained momentum. Several 
automated mapping methods have been developed, including rule- 
based and machine-learning based mapping, with deep learning 
appearing as an especially promising method (Choudhary et al., 2022; 
Kattenborn et al., 2021; Lecun et al., 2015). This is reflected in a wide 
range of applications, for instance in mapping for agriculture, water 
body identification and landslide risk (Attri et al., 2023; Azarafza et al., 
2021; Wieland et al., 2023). A specific group of deep learning networks 
is formed by the Convolutional Neural Networks (CNNs), which are able 
to recognize complex patterns in images (Choudhary et al., 2022; Kat
tenborn et al., 2021). The application of CNNs seems therefore suitable 
for the purpose of identifying dune habitats from aerial imagery. Yet, the 
application to dune habitat classification has - to our knowledge - 
remained limited to a single trial in relatively small-scale dune areas 
(<2km2) with limited habitat variability (Pérez-Carabaza et al., 2021), 
leaving the question of whether monitoring by machine learning at large 

spatial scales can complement in-field observations unanswered.
To pave the way for applying deep learning to large-scale coastal 

dune habitat mapping, we tested whether CNNs can accurately map 
habitat diversity of the coastal dunes in the Netherlands. We used freely 
available input data: multispectral aerial imagery, a digital terrain 
model, a digital surface model and a land use map (Table S1). To esti
mate the value of the input data layers, we trained U-net on different 
combinations of input data and computed the accurateness of the pre
dictions based on a test set. Additionally, we computed the ‘in-field 
accuracy’, by comparing the U-net predictions with 499 country-wide 
ground truthing observations. In this paper, we present the results of 
these analyse and showcase how automated image analysis enables 
ecosystem monitoring on a national scale.

2. Materials and methods

We developed a deep learning model to conduct automated image 
analyses on aerial imagery of the Dutch coastal dunes. It was trained to 
classify the aerial imagery in habitat type classes, such as bare sand and 
broadleaf forest. The accurateness of its predictions was determined 
using a test set. Additionally, ‘in-field accuracy’ was determined using 
499 country-wide ground truthing observations. Finally, we used the 
model to classify the entire Dutch dune area and presented the map in a 
Google Earth Engine app (Gorelick et al., 2017).

2.1. Data acquisition and preparation

We downloaded several open datasets of the Dutch coastal zone 
(Fig. 1): orthophoto mosaics including a near-infrared band (25 cm 
resolution, from http://geotiles.nl/), a digital surface model, a digital 
terrain model (50 cm resolution, obtained through LiDAR survey, from 
https://www.ahn.nl/) and a land-use map (5 m resolution, from https: 
//lgn.nl/basiskaart). The aerial imagery, taken from an airplane be
tween 19-04-2020 and 07-08-2020, underwent non-uniform post-pro
cessing and colour correction by the provider (pers. comm. with 
Beeldmateriaal). In Table S1, all data sources, including their spatial 
resolution, are listed. As a first step, to standardize all data layers to a 
resolution of 25 cm, we resampled the digital surface model, digital 
terrain model and land-use map using nearest-neighbour interpolation. 
Using the resampled data, we computed a canopy height map by sub
tracting the digital terrain model from the digital surface model (Fig. 3). 
Additionally, we calculated the Euclidean distance to the sea for each 25 
cm pixel, based on the location of the sea obtained from the land-use 
map. We then delineated the boundaries of our study area (i.e. the 
Dutch coastal dunes) using the land-use map. Specifically, we excluded 
areas categorized as agriculture, roads, buildings, etcetera (Table S3) by 
converting them to no-data in all data layers. Next, we stacked the 
prepared data into images consisting of seven layers: red (i), green (ii), 
blue (iii), near-infrared (iv), distance to sea (v) digital surface model (vi) 
and canopy height model (vii).

2.2. Training the network

In the following steps, we explain how we annotated imagery to 
create training data. With this annotated imagery, we trained a deep 
learning network to classify the coastal dunes into six habitat classes. We 
repeated this training on different combinations of input data to test the 
usefulness of our input data layers.

2.2.1. Creating training data
To train, validate and test the deep learning network, we annotated a 

subset of 110 aerial images, distributed over the study area. We first 
randomly selected 100 images from the study area. Then, to ensure an 
even spatial distribution, we selected 10 extra images from the areas that 
seemed relatively sparsely sampled. We annotated the images by 
applying ‘semantic segmentation’ to categorize each pixel (Garcia- 
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Garcia et al., 2017) using six classes: bare sand, shrubs, freshwater, 
grass, broadleaf trees, and needleleaf trees (Fig. 2). Notably, these 
classes are simplified compared to the Natura 2000 habitat types but can 
be related to this classification in a straightforward manner (Table S2). 
As segmenting 110 images fully manually is very tedious, we used un
supervised k-means clustering to segment the main clusters in the 
multispectral imagery and in the digital surface model. Subsequently, 
we manually assigned classes to these clusters, using the MATLAB's 
Statistics and Machine Learning Toolbox version 24.2 (The MathWorks 
Inc., 2024b). With this methodology, it took one person approximately 
seven working days to create the training set. In total, the annotated 
images covered an area of 108 km2, which equals 12 % of the study area. 
Next, to reduce computation time, we divided the annotated images into 
four, which yielded 440 images of 2048*2048 pixels - corresponding to 
512*512 m in the real world.

2.2.2. Training, validation and test set
From this set of 440 images, we took a random subset of 264 images 

(60 %) for training, 88 (20 %) for validation and 88 (20 %) for testing 
(Fig. S1). This division allowed for a good-sized validation and test set, 
that represented the spatial variability of the study area (Eelbode et al., 
2021), while maximizing the training set. With the training set, the 
network tuned its parameters, whereby it ‘learned’ how to recognize the 
classes. With the validation set, the network learned to avoid under
fitting (i.e. the network fails to capture the complexity of the data) and 
overfitting (i.e. the network ‘memorizes’ the training data and cannot 
generalize enough) during the training process. Lastly, with the test set 
we evaluated the model's performance, after the training process had 
finished.

2.2.3. Training U-net
From the available CNNs, we chose the U-net architecture. This 

network is able to recognize patterns at multiple spatial scales, making it 
a suitable network for vegetation and habitat type mapping (Cheng 
et al., 2024; Kattenborn et al., 2019). Moreover, U-net can work well 
with relatively small training data sets (Gonzalez-Perez et al., 2022). We 
implemented U-net using the PyTorch machine learning framework 

version 1.9 (Paszke et al., 2019). Details about the implemented archi
tecture can be found in Table S4. Next, we trained the network on a high- 
performance computing resource (GPU Tesla V100 with 32 GB memory) 
at the Royal Netherlands Institute for Sea Research. When loading the 
training data, we applied data augmentation techniques to artificially 
enlarge the training set. Each input image was randomly flipped hori
zontally or vertically (with a probability of 0.5 each) and rotated up to 
180◦. Moreover, because the classes were not equally balanced in the 
training set, we added weights to the classes (Table S5). These weight 
values were inversely proportional to the relative occurrence of the 
classes in the training set, awarding the network more for correctly 
predicting underrepresented classes (e.g. fresh water) than for over
represented classes (e.g. grass). During the training in each epoch (i.e. 
training set iteration), the network processed the full set of training 
images in batches (i.e. samples) (Kattenborn et al., 2021). Due to mem
ory limitations and our relatively large image size, we set the batch size 
to one. The network thus predicted one image at a time, compared the 
prediction to the expected outcome, calculated the training loss and 
updated its internal model parameters. To compute the training loss and 
the validation loss, we used the function weighted cross-entropy and 
minimized it via stochastic gradient descent optimization (Aurelio et al., 
2019). To guide the learning process, we adjusted the learning rate over 
time (Yedida and Saha, 2019). It was initially set at 0.01 and reduced by 
a factor 10 each time the validation loss did not improve for 100 epochs. 
This strategy ensured larger parameter updates in the early stages and 
more refined adjustments as training progressed. When the validation 
loss showed no improvement for 150 consecutive epochs, indicating 
stabilization of validation loss (Fig. S2), the training process stopped. To 
test the usefulness of our input data layers, we repeatedly trained the 
network using multiple combinations of layers. We started with RGB 
imagery only (Model 5) and then added step by step the following bands: 
near-infrared (Model 4), distance to sea (Model 3), digital surface model 
(Model 2), and canopy height (Model 1). This resulted in five trained 
networks. Finally, we evaluated the performance of each trained 
network on the annotated images of the test set (Fig. S3 and S4).

Fig. 1. The coastal dunes of the Netherlands form our study area (depicted in dark grey), which covers 562 km2 (2 % of the country area). The Netherlands is located 
in Western Europe (inset).
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2.3. Evaluation metrics

The performance of the models was compared using five commonly 
used metrics to evaluate semantic segmentation (Cheng et al., 2024; 
Ribeiro et al., 2023; Yu et al., 2018): accuracy, recall, precision, F1-score 
and Intersection over Union (Table 1). These metrics range between 
0 and 100, with a higher value indicating better performance. Specif
ically, they are defined as: accuracy reflects the overall correctness of the 
model's predictions, recall indicates how often the true class (i.e. like the 
class is segmented in the test set) matches the predicted class, precision 
shows how often the predicted class matches the true class, F1-score is 
the harmonic mean of recall and precision (Foody, 2023), and the 
Intersection over Union quantifies the percentage of overlap between the 
true and predicted mask (van Beers et al., 2019).

2.4. Ground truthing

In addition, we examined how well our predictions matched in-field 
observations. For this purpose, we used our ground truthing dataset. In 
the summer of 2021, we had collected 499 habitat type observations 
(bare sand, grass, shrubs, broadleaf trees, needleleaf trees) and GPS 
points (Garmin GPSMAP 65 s; 1.8 m minimal accuracy) in the dunes 
across the Netherlands (Lansu et al., 2025). We chose 35 locations across 
the country with a balanced spatial distribution over the study area 
(Fig. S7). At each location, we walked cross-shore transects and 
observed the habitat type every 100 m. To compare these in-field 

observations with our U-net predictions, we predicted the habitat type 
around the GPS points in a 10*10 m area. From this area, we computed 
the modus (i.e. the most occurring class). To quantify the effect of dif
ference in perspective - aerial versus ground-level view - we also visually 
classified the ground truthing points on the aerial imagery. This enabled 
us to compare three different classification methods: model prediction, 
visual interpretation of the aerial imagery, and ground observation.

2.5. Mapping

We used the best-performing model to classify the entire coastal dune 
landscape of the Netherlands. We georeferenced the resulting pre
dictions using MATLAB's Mapping Toolbox version 24.2 (The Math
Works Inc., 2024a). Finally, we uploaded the georeferenced predictions 
in the Earth Engine app, using Earth Engine code editor (Gorelick et al., 
2017).

3. Results

To compare the trained models, and thereby the added value of each 
data layer, we computed evaluation metrics based on the test set. In this 
section, we present these metrics per model (Table 2) as an overall 
indication of model performance. Comparing these metrics among 
models gives an indication of the overall added value of each data layer. 
Next, we present these metrics per model per class, showing to what 
extend each class benefited from the addition of input data layers. 

Fig. 2. The six coastal dune habitat classes in the Netherlands seen from the ground.
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Finally, we present the in-field accuracy of our best-performing model 
based on 499 in-field observations.

3.1. Overall model performance

Model 5, trained solely on RGB data, achieved an average recall of 
79.5 % and a precision of 70.4 % (Table 2). Adding near-infrared in 
model 4 slightly improved performance, with an average recall of 81.6 
% and precision of 72.8 %. In contrast, incorporating distance to sea in 
model 3 gave a more ambiguous result: recall improved slightly to 82.1 
%, but precision decreased to 71.3 %. Including the digital surface 
model in model 2 improved performance again, increasing recall to 86.4 
% and precision to 78.2 %. Finally, including also canopy height in 
model 1 yielded the best performance with an average recall of 87.7 % 
and precision of 80.1 %. Apart from scoring the highest overall metrics, 

model 1 also learned the ‘fastest’, as it required the fewest training 
epochs to saturate validation loss (Fig. S2).

3.2. Model performance per class

The model performance was further compared using the recall values 
per class (Fig. 4, S3, S4). Model 1 (all layers included) consistently 
performed best across all classes, with the highest recall for bare sand 
(97.0 %), followed by fresh water (94.0 %), broadleaf trees (88.9 %), 
needleleaf trees (84.7 %), grass (81.4 %), and shrubs (80.3 %). Although 
model 1 predicted each class better than the other models, the magni
tude of improvement was variable, when comparing model 1 and 5. For 
four classes – bare sand, grass, broadleaf, and needleleaf trees – the 
recall difference between model 1 and model 5 was relatively small (2.5 
to 7.6 percentage points). Hence, often similar predictions were 

Fig. 3. The steps of our applied methodology.
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generated by all models, when the image predominantly consisted of 
these four habitat classes (example: Fig. S5). In contrast, the recall of the 
other two classes – fresh water and shrubs (15.1 and 15.7 percentage 
points difference between model 1 and 5, respectively) – differed sub
stantially. Near-infrared mainly contributed to the improvement of fresh 
water classification (example: Fig. 5), while mostly elevation data 
(digital surface model and canopy height) contributed to the improve
ment of shrubs classification by reducing the confusion between shrubs 
and broadleaf trees (example: Fig. S6).

3.3. Ground truthing

Apart from testing the model performance on annotated imagery, we 
also compared predictions of our best-performing model with 499 in- 
field observations (Fig. S7 and S8). On the country-scale (432 km of 
coastline (Brand et al., 2022)), we found no spatial pattern in model 
performance (Fig. S7). The accuracy of the ground truthing predictions 
was 87.5 %, the average recall 73.7 %, and the average precision 61.7 % 

(Fig. S8). The class needleleaf trees had the highest recall (88.2 %), 
followed by bare sand (80.0 %), shrubs (71.4 %), grass (64.6 %), and 
broadleaf trees (64.2 %). It should be noted that the classes were not 
equally balanced: while no ground truthing points were taken in fresh 
water, most points were taken in grassland (288 from 499 observations). 
This class thus largely determined the overall accuracy and overall 
recall.

3.4. Aerial versus ground-level view

We compared three methods of classification: the model prediction 
(model 1), the visual interpretation of the aerial imagery, and the 
ground observation (Fig. S9). At the locations of the ground truthing 
points, the model predictions were more in agreement with the visual 
assessment (86.6 % overall recall) than with the ground observations 
(68.7 % overall recall). Lastly, when comparing the differing perspec
tives directly, we find a moderate agreement (73.7 % overall recall) 
between the ground truthing and the visual assessment.

3.5. Mapping

Using model 1 (all data layers included), we classified the entire 
Dutch coastal dune system at 25 cm resolution. From the total beach- 
dune area (562 km2), we found that bare sand covered 20 %, shrubs 
21 %, fresh water 12 %, grass 30 %, broadleaf trees 11 %, and needleleaf 
trees 5 %. Scan the QR-code in Fig. 6 to view the map in the Earth Engine 
app.

4. Discussion

Here, we investigated how accurately a CNN can map coastal dune 
habitats on high-resolution imagery at a national scale (>500 km2). 
With our method we find that training the network using RGB data alone 
already provides a level of accuracy (92.4 %) suitable to make a first 
estimate of habitat diversity. Hence, using RGB data could be satisfac
tory in areas where only aerial footage is available. Nevertheless, our 
work also highlights that the addition of more data layers – in particular 

Fig. 4. The normalized confusion matrix of model 1, trained on all input data 
(Table 2), based on the predictions of the test set. The recall is presented in the 
diagonal of the matrix, the precision in the table below.

Fig. 5. An example of an image from the test set, the annotated image, and the corresponding model predictions. The black pixels indicate other land-use (filtered out 
in advance) and the percentages indicate overall recall of the model predictions. The example illustrates that including near-infrared improves the fresh water 
classification.
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near-infrared data, a digital surface model and a canopy height map - 
further improves the prediction accuracy. When the network is trained 
on all data layers, a high level of accuracy can be obtained (95.0 %), 
which enables precise assessments of habitat diversity and spatial or
ganization (James et al., 2024), crucial for better understanding 
ecological status, functioning and resilience of coastal dunes (Acosta 
et al., 2009; Malavasi et al., 2018; Ryan et al., 2024; Sperandii et al., 
2019).

Fig. 6. The predicted habitat classes in the Dutch coastal dunes for the year 2020. Use the QR-code or this link https://liquid-optics-366616.projects.earthengine. 
app/view/coastal-habitats to visit the Earth Engine app, where you can zoom in on the map.

Table 1 
The calculation of the evaluation metrics used in this study, where TP is true 
positives, TN true negatives, FP false positives, and FN false negatives.

Accuracy (TP + TN) / (TP + TN + FP + FN)
Recall TP / (TP + FN)
Precision TP / (TP + FP)
F1 score 2 * precision * recall / (precision + recall)
Intersection over Union TP / (TP + FP + FN)

Table 2 
Evaluation metrics (%), based on how the models predicted the test set. The term overall implies that the metric is about the total amount of (in)correctly predicted 
pixels across all classes. Because false negatives and false positives balance out across all classes, overall recall is exactly equal to overall precision. We therefore only 
report overall recall. For the average and mean metrics, we computed the index per class and took the average of these values.

Model Input data Overall 
Accuracy

Overall Recall Average 
Recall

Average 
Precision

F1-score Mean 
IoU

1 RGB + I + Dist. to sea + DSM + Canopy height 95.0 85.0 87.7 80.1 83.7 71.9
2 RGB + I + Dist. to sea + DSM 94.7 84.0 86.4 78.2 82.1 69.7
3 RGB + I + Dist. to sea 93.1 79.3 82.1 71.3 76.3 61.6
4 RGB + I 92.9 78.7 81.6 72.8 77.0 62.7
5 RGB 92.4 77.3 79.5 70.4 74.6 59.8
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4.1. The value of additional input data

In our analysis, we find that using RGB data alone already provides 
an acceptable level of accuracy, however, the addition of data layers 
further improves the prediction accuracy. This is in line with compa
rable studies, in which U-net was trained with high-resolution aerial 
imagery, but with a simpler aim: the segmentation of water bodies on 
aerial imagery in wetlands (Hu et al., 2021) and in diverse environments 
(Wieland et al., 2023). These studies also found that the model per
formed well when solely trained on RGB, but the accuracy increased 
when near-infrared and elevation data were added (Hu et al., 2021; 
Wieland et al., 2023). Specifically, we find that the addition of near- 
infrared data largely improves the recognition of freshwater, while the 
addition of the elevation data (digital surface model and canopy height) 
strongly improves the network's ability to differentiate between shrubs 
and trees. The latter is in line with a case study in the Belgian coastal 
dunes (Kempeneers et al., 2009). In contrast to the other data layers, 
distance to sea did not have a clear added value, as it did not improve all 
evaluation metrics (Table 1). Hence, we conclude that the use of mul
tispectral images can strongly enhance predictions in ecosystems that 
include freshwater bodies, while the addition of elevation data can 
greatly improve predictions in ecosystems containing both shrubs and 
trees.

4.2. Ground-level accuracy

To obtain an estimate for ground-level accuracy, we used our ground 
truthing set of 499 in-field observations. In addition, we visually 
assessed the ground truthing points on the aerial imagery to compare the 
ground perspective with the aerial perspective. We then found that the 
model predictions were more in agreement with the visual assessment 
(86.6 % overall recall) than with the ground truthing (68.7 % overall 
recall). This discrepancy can firstly be related to the fact that the an
notated imagery, on which the model was trained, was also visually 
assessed. It can therefore be expected that model predictions match 
better the visual assessment than the ground observations. Secondly, 
this discrepancy can be related to the perspective, as we found that in 26 
% of the cases, the ground observation differed from our visual assess
ment. Thirdly, the moment of observation differed: the ground truthing 
(2021) was collected a year after the aerial imagery and the elevation 
data (2020) were collected. Lastly, we took a point observation with a 
GPS in the field, which had a precision of 1.8 m. This type of field data 
does not allow for a spatial explicit link with the remote sensing data, 
which is a common problem with in-situ observations (Anderson, 2018; 
Kattenborn and Schmidtlein, 2019; Leitão et al., 2018). In particular in 
the heterogeneous coastal dunes, it may lead to spatial mismatches. 
Despite these methodological differences in perspective (aerial versus 
ground based), time (2020 versus 2021), and sampling method (slightly 
deviating sampling location), our model predictions still largely align 
with the ground observations.

4.3. A labour-efficient way of mapping

Besides yielding accurate predictions, our method of automated 
image analysis is also a labour-efficient way to map dune habitats. Since 
the input data was freely available, the most tedious step was the cre
ation of training data. This step took one person approximately seven 
working days. Moreover, this effort does not have to be repeated to 
classify imagery of another year. Instead, the trained network can then 
be used as a starting point and only a new test set (88 annotated images 
of 512 × 512 m) is required to compute how well the model performs 
when classifying the new imagery. In case the model performance does 
not meet prior set criteria, extra training data can be generated to further 
train the model. As such, the required additional labour remains within 
the timespan of a few working days. In contrast, with a field-based 
approach, examining the complete study area would take over a year, 

and revisiting the area in another year would take equally long. 
Nevertheless, our rapid remote sensing-based approach is not able to 
identify habitat classes at the same level of detail as a field-based study 
would. Hence, we argue that our novel approach can complement – but 
not replace – in-field observations by providing a full-coverage picture 
within a short amount of time and at relatively low costs. Moreover, 
with the generated map, more informed decisions could be taken on 
where a field visit is most effective.

5. Conclusions

While vegetation classification with CNN is widely used in forestry 
and agriculture, its applications in coastal systems and conservation 
monitoring remained scarce and limited to small-scale studies (Attri 
et al., 2023; Kattenborn et al., 2021). This underutilization is surprising 
given the dynamic nature of coastal areas, which could greatly benefit 
from improved monitoring techniques. In this study, we showcase how 
automated analysis - using multispectral imagery, distance to sea, digital 
surface model, and canopy height model - can be applied to accurately 
map habitats in the coastal dunes on a national scale. Moreover, as 
habitat and species diversity are intrinsically linked (Lansu et al., 2025), 
our results demonstrate how automated image analysis can enable large- 
scale monitoring of biodiversity. Similar upscaling approaches could 
revolutionize the monitoring of other coastal ecosystems, such as 
shellfish reefs (Ridge et al., 2020), wetlands (DeLancey et al., 2020) and 
seagrass meadows (James et al., 2024; Langlois et al., 2023). Given the 
vital ecosystem services that coastal systems provide, their preservation 
is paramount. Habitat monitoring across space and time can play an 
essential role in the development of strategic management to ensure 
their long-term preservation.
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