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Abstract

Various research on wildfires have been conducted because they lead to significant losses in both economic and
environmental aspects. We proposed the prediction models based on Artificial Intelligence algorithms to predict wildfire
size in advance. We referred to two public datasets, such as California Fire Perimeters and Total Weather Data, and
used the newly generated dataset consisting of features selected from these public datasets to train the wildfire size
prediction models. K-Nearest Neighbor (KNN), Random Forest (RF), and Multi-Layer Perceptron (MLP) algorithms
were considered to establish the binary classification models to distinguish between a large wildfire and a small wildfire
according to the wildfire size. Two different experiments were carried out, which depends on how to split our new
dataset into training and test sets; the first experiment where the entire dataset is divided into two subsets regardless
of the calendar year in which each wildfire occurred; the second experiment where it is divided in accordance with the
year in which each wildfire occurred. Since the major purpose of our study is to predict the actual large wildfires in
advance, Recall is the most important evaluation metric for the prediction models, which is the proportion of actual
large wildfires that were correctly classified as megafires. It was observed that the first experiment and the MLP-
based wildfire size prediction model result in the best performance in terms of Recall and F1-score.
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