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Abstract

This report presents three complementary research contributions to the field of AI for Earth
Observation (AI4EO). First, a semantic segmentation framework was developed for mapping vege-
tation classes in dynamic wetland environments using optical satellite imagery. The methodology
integrated self-supervised pretraining with supervised learning, achieving up to 88.23% accuracy on
high-resolution Pleiades NEO imagery and reducing reliance on annotated data. Second, a bench-
mark evaluation of the TerraMind geospatial foundation model was conducted for flood and vessel
detection from Sentinel-1 Synthetic Aperture Radar (SAR) data. Vessel detection was reframed from
bounding boxes to segmentation maps, and the effect of a custom binary Seesaw Loss was assessed
using scale-aware metrics. Although it showed improved Relaxed F1 scores, it did not consistently
outperform Dice Loss across standard evaluation metrics. Third, a regression-based approach to
small object detection in SAR imagery was proposed, showing promising results by incorporating
object scale and aiming to condition the model to better account for small vessels during training.
Together, these contributions address common EO challenges in label scarcity, domain adaptation
and detection of small or sparse targets, while highlighting the performance of foundation models
and alternative loss formulations in real-world EO applications.

1 Introduction

The work conducted during my three-month visiting researcher position at the European Space Agency
¢-lab (ESA ESRIN) built upon the initially proposed plan submitted for this Project AI, before my
arrival at ¢-lab. The initial objective was the development of an advanced Al-driven framework for
semantic segmentation of wetland ecosystems, specifically focusing on the Biesbosch floodplain in the
Netherlands, leveraging both supervised and self-supervised learning paradigms.

While the original project centered on semantic segmentation using optical data, the dynamic re-
search environment at ¢-lab provided an opportunity to broaden the scope of my research. I expanded
from developing a task-specific model toward exploring foundation models and incorporated not only
optical but also SAR imagery. Specifically, I extended my research scope by benchmarking a geospatial
foundation model for SAR based flood and vessel detection and explored regression based segmentation
techniques to enhance small object detection in SAR imagery. Although the research topics evolved, the
original goals were fully achieved and even expanded, leading to several deliverables, including datasets
and valuable scientific insights for both ¢-lab and myself, and perhaps most importantly, an amazing
learning experience.

This report is structured around three main research directions conducted in collaboration with
ESA ¢-lab. Each is presented with its objective, methodology, results, and deliverables. The first covers
semantic segmentation of wetland vegetation. The second, on benchmarking foundation models for SAR-
based flood and vessel detection, includes more detailed data processing and methodological steps due
to its broader scope. The third explores a regression-based approach to improve small vessel detection
in SAR imagery.



2 Supervised and self-supervised land-cover segmentation &
classification of the Biesbosch wetlands

2.1 Objective

The objective of this research was to develop an Al-based semantic segmentation framework to classify
wetland vegetation types in the Biesbosch floodplain using optical satellite imagery. These classifications
are important for flood mitigation and ecological monitoring since vegetation roughness directly affects
water flow and retention capacity. A key challenge that was tackled and common in the domain of
remote sensing, is the scarcity of annotated data, especially for very-high-resolution imagery. To address
this, the research aimed to combine supervised semantic segmentation with self-supervised learning to
improve model performance under limited labeling conditions.

2.2 Methodology

The model architecture used for this research was a U-Net, a convolutional neural network designed
for pixel-wise classification. For the baseline model, the network was trained from scratch on medium-
resolution Sentinel-2 imagery (10m per pixel) using Dynamic World land-cover labels [3]. To address
the issue of label scarcity, a self-supervised learning (SSL) pipeline was introduced. An autoencoder
was trained to reconstruct the original satellite images, such that its trained encoder weights could then
be transferred to initialize the U-Net’s encoder. The same method was applied for very-high-resolution
(VHR) Pleiades NEO imagery (0.3m per pixel) with manually annotated labels. The output of this SSL-
based pretraining approach is visually demonstrated in Figure I} Furthermore, a controlled experiment
was set up to assess how both resolution and pretraining impacted performance.
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(a) Reconstruction result for medium-resolution Sentinel-2 data.

Original (RGB) Reconstructed (RGB) Error Map

(b) Reconstruction result for high-resolution Pléiades Neo.

Figure 1: Reconstruction results from the autoencoder for medium-resolution Sentinel-2 data (a) and high-
resolution data (b). The rst column shows the histogram-equalized original RGB image. The second column
presents the reconstructed image from the autoencoder, while the last column displays the error map, where blue
indicates minimal pixel di erences and yellow highlights larger discrepancies.

2.3 Results

The U-Net trained from scratch on Sentinel-2 data, without pretraining, achieved an overall accuracy of
85.26% and a Dice score of 0.648%. When applied to VHR imagery, performance without pretraining
yielded only 60.35% accuracy. However, after SSL-based pretraining, accuracy increased significantly
to 88.23%, confirming the usefulness of representation learning in low-label, high-resolution scenarios.
By comparing the results in Table [I] for the medium-resolution data and Table [2] for the high-resolution



data, it can be seen that the pretraining process was especially helpful for fine-grained high-resolution
data

Training method Accuracy " Dice " loU "™ Precision " Recall ™ Dice Loss #
Scratch 0.8526 0.6480 0.5346 0.6616 0.6694 0.4865
Pretrained 0.8542 0.6518 0.5378 0.6923 0.6483 0.4905

Table 1: Land-use classi cation performance for the U-Net model on the Sentinel-2 dataset with and without
pretraining. The U-Net was trained for 300 epochs on the dataset. The pretrained model started with weights
extracted from the autoencoder.

Training method Accuracy " Dice " loU "™ Precision ™ Recall ™ Dice Loss #
Scratch 0.6035 0.2827 0.2243 0.3889 0.3158 0.5114
Pretrained 0.8823 0.4457 0.3919 0.5079 0.4551 0.5457

Table 2: Performance comparison of non-pretrained and pretrained U-Net on high-resolution imagery and labels.

Figure |2] illustrates the qualitative improvements in segmentation accuracy when using a pretrained
model compared to a model trained from scratch on medium-resolution data and labels. More clearly,
Figure [3] shows the enhanced precision and detail provided by high-resolution imagery compared to
medium-resolution imagery, highlighting its effectiveness for detailed ecological applications such as de-
tecting small objects like the ship, and transitions between mixed classes.
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(a) Land-cover classification for Sentinel-2 data trained from scratch.
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(b) Land-cover classification for Sentinel-2 data with a pretrained model.

Figure 2: Land-use classi cation with U-Net for medium-resolution Sentinel-2 data with a model trained from
scratch (a) and pretrained (b). The rst column shows the histogram-equalized original RGB image. The second
column presents the ground truth classi cation by Dynamic World. The third column shows the prediction of the
U-Net. The last column displays the error map, where red represents misclassi ed pixels, and the color intensity
re ects the model’s certainty.

2.4 Deliverables

This research produced several outputs. First of all, a publicly available dataset of Sentinel-2 imagery
with Dynamic World labels was released on Zenodd] The annotated Pleiades NEO dataset is available

Thttps://doi .org/10.5281/zenodo. 15125549


https://doi.org/10.5281/zenodo.15125549



https://github.com/Evameijling/WetlandSemanticSegmentation
https://staff.fnwi.uva.nl/a.visser/publications/SegmentationClassificationBiesboschWetlands.pdf
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