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1 Species Distribution

We indicate in Supplementary Figure 1 the complete distribution of tree species
in the dataset (verified + unverified individuals). The distribution is typically
long-tailed, with a few dominant species and numerous rare species.

Supplementary Fig. 1: Full distribution of tree species.

https://orcid.org/0000-0002-8135-1341
https://orcid.org/0000-0002-5517-1785
https://orcid.org/0000-0001-9531-1239
https://orcid.org/0000-0003-0803-7417
https://orcid.org/0000-0003-3067-4527


2 D. Gominski et al.

2 Confusion Matrix

The confusion matrix of our best model (Supplementary Figure 2) trained on
all labels + unlabeled examples with semi-supervised learning shows a relatively
balanced performance accross species, with some rare species such as Salix alba
having an accuracy > 50%.
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Supplementary Fig. 2: Confusion matrix for our best model (all labels + 500k unla-
beled images).
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