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Large-Scale Marine Debris Detection with Sentinel-2
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1) marine litter pollutes 2) single campaigns collect 3) lack of large-scale Research question:
our environment; marine litter at small scale satellite-bad detection

Sargassum and e.g., Ruiz et al., 2022 methods limits collection : :
Algae blooms are efforts How to use modern machine learning for

harmful to ecological automatic detection of generic marine debris with

publicly available satellite imagery?

an abundance of
satellite data is freely
available:

Approach:

Ctingseach, Durban Explore Data-Centric Machine Learning (DCAI)

(South Africa) Bay of Biscay, France Sentinel-2, PlanetScope principles for large-scale marine debris detection
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UNet and UNet++ segmentation models trained on a quantity-; evaluated on quality-focused datasets

Estimate a probability for "marine debris” for each image pixel
@ dataset of multiple (annotated) scenes // single Sentinel-2 scene
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In accordance with data-centric machine learning Example: Improving data-fit (principle 1) with label refinement

Six principles according to Jarrahi et al., 2023: Inputs Label Refinement Module random walk segmentation

S2 scene

1) data-fit 2) data consistency 3) iterative process 4) reflect local context
5) meet needs of local stakeholders 6) exchange between ML and domain experts

both UNet++ and UNet deep learning models result in similar accuracy:
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|— automated label refinement had greater impact on accuracy (see no-ref)
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