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INTRODUCTION Low meteorological influence found in 2019 Amazonia fires
Average Jun - Aug 2002-2019  Difference in 2019

The sudden increase in Amazon fires early in the 2019 fire season made global
headlines. While fires were likely caused by deliberate human ignitions or landscape
changes, there have also been some suggestions that meteorological conditions could
have played a role. Here, we develop a bayesian framework that can track the
influence of, and uncertainties in, climate and vegetation changes on fire using the
ConFire model [1,2]. We use this framework to ask two questions: were the 2019 fires in
the Amazon unprecedented in the historical record?; and did the meteorological
conditions contribute to the increased burning?
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Auqgust September > S August burnt area anomaly for 2019 (red, left plot) falls at the 93% percentile of the
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parameter combinations (e.g, INFERNO, below left for two common model parameters). For & suggests that meteorological conditions in 2010 still lead to an increase in burning
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ways [6]: (yellow) accounting for uncertainty in parameters, used to assess the model skill (i.e
vS observed burnt area in red & FireMIP models, blue) and the effect of drivers of burnt area;
(tan) including the “error” parameter. By definition, trained observations fall inside the model
“error”. In predictive mode, burnt area outside model error indicates significant deviation
from expectations given the historic record.

approach can be easily adapted to provide
assessment of meteorological drivers of other
unusual fire events, such as the recent
Australian fires.
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