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Figure 1: Global burned area. Observations (GFED5) are
shown in full line. Seven fire models from ISIMIP are shown
In stripes.

Seppe.lampe@vub.be

References
Steininger, M., Kobs, K., Davidson, P., Krause, A., & Hotho, A. (2021).
Density-based weighting for imbalanced regression. Machine

Steiniger et al. (2021) Learning, 110, 2187-2211.



mailto:Seppe.lampe@vub.be

	Slide 1

