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1.Infroduccion:;

Wildfire ignition requires three fundamental elements—an ignition source, fuel, and oxygen—collectively known as the Fire Triangle. Fires are typi-
cally classified as natural (mainly lightning), human-induced (intfentional or negligent), or as reignitions of previous fires. However, data gaps remain
a major limitation: in Europe, between 40-70% of wildfires are recorded with unknown causes (De Rigo et al., 2017; Prométhée, 2020), hindering ac-  oxeen

curate statistics and effective prevention strategies. Understanding ignition sources is crucial, as they vary spatially and temporally depending on
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environmental and human drivers (Curt et al., 2016). This study aims to develop a Random Forest machine learning model to classity wildfire ignition

sources of unknown origin in Peninsular Spain and to evaluate the influence of environmental and anthropogenic factors on ignition prediction, conftribu-

ting to improved fire management and prevention (Tedim et al., 2022).

2. Methods:
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