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Overview

In this study we describe different CNN-based regression models for multi-site extreme fire danger assessment under climate change conditions, based on
the Canadian Fire Weather Index (FWI) records on 29 locations.

We deploy three alternative CNN topologies based on the PP-WG approach, that estimate either daily uni-variate or multi-variate Gaussian distributions. The
validation is undertaken using specific measures of extreme reproducibility and spatial coherence, and are put in the context of other benchmarking classical
SD methods (analogs and GLMs).
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downscaling, boosting accuracy and applicability

in predicting fire weather conditions. Figure 3: Ml matrices for FWI90 in the JJAS fire season. Top matrix displays MI for observation references and

best-performing model. Bottom left and right matrices depict Ml bias relative to observations, showing pairs with
MI = 0.05.
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