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Geospatial ML is growing.

(Campos-Taberner et al., 2020) (Cerrón et al., 2020)
(Xu et al., 2019)

(Lees et al., 2019)



Geospatial ML is (often) domain-specific.
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Domain adaptation can help!



SpaceNet 2:
City-to-City Adaptation
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SpaceNet 4:
On-to-Off-Nadir Adaptation
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ADVENT
Vu et. al., 2019Tsai et. al., 2018Zhang et. al., 2021



Adaptation failure
Vu et. al., 2019



Core Assumptions of Adversarial Domain Adaptation

● You have sufficient labeled source data.

● The source and target label distributions are fairly similar.



Discriminator overfitting (Karras et al., 2020)



Label distribution discrepancies
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Solution: (adaptive?) augmentation

(Karras et al., 2020)



Solution: (adaptive?) augmentation



Augmentations reduce discriminator overfitting.



Comparing Label-Distribution Similarities (with UMAP)
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Opportunities in self-supervised Geospatial ML

(Zbontar et al., 2021)
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