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-Introduction: —— _ _ _
We are aiming for the classification of of polar ocean surface types (e.g. different stages of development of sea ice) based on satellite radar

altimeter waveforms. Deriving this information would allow for a better parametrization of ice densities and thus an improved estimate of sea
ice thickness measurements. However, machine learning models for sea ice classification often depend on supervised training, which Is
vulnerable to uncertainties in labeled data, especially in polar regions. On the other hand, unsupervised clustering cannot be easily applied to
high dimensional data. Thus, we are adapting self-supervised contrastive learning frameworks to find a lower dimensional representation of
the radar altimeter waveforms that i1s optimized for the separation of surface types. In particular we are defining an application specific batch
sampling strategy and similarity distribution to draw positive pairs. With this strategy we can improve the downstream task of ice type
classification compared to tradition representations by waveform parameters.
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