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Abstract: Forest fires represent a global environmental issue, posing severe threats to ecosystems, economic
development, and social security. Accurate prediction of forest fires is crucial for formulating effective preventive
measures and minimizing the associated losses. With the advancement of machine learning technologies, their
application in forest fire risk prediction has become an emerging research focus. Diverse machine learning algorithms
exhibit varying data processing capabilities and predictive accuracies; hence, comparing and selecting the most suitable
algorithms is significant for enhancing the performance of predictive models. This study analyzed meteorological data
and corresponding fire severity information from Guangxi Province between 1990 and 2019, employing 10 machine
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learning algorithms in experiments. Initial data preprocessing, including handling of missing and outlier values, ensured
data quality. Subsequently, predictive performance across algorithms was assessed using accuracy, precision, recall, F1
score, and the Receiver Operating Characteristic (ROC) curve. To further examine the stability and robustness of the
models, a 5-fold cross-validation was implemented. Results indicated that SVM, Bayesian classifiers, BP neural
networks, logistic regression, AdaBoost, Gradient Boost, and XGBoost demonstrated superior performance in terms of
AUC, while KNN and Random Forest algorithms showed advantages in precision and accuracy. The 5-fold
cross-validation confirmed the stability and robustness of the models, revealing that most models maintained stable
predictive performance across different datasets. The study suggests that integrating multiple algorithms can improve the
accuracy and reliability of predictions and recommends that future research consider additional influencing factors and
employ deep learning techniques to further enhance predictive performance.
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Gradient Boost [0.7000 |0.7015 |0.7023 |0.7025 |0.7008
XGBoost 0.7009 [0.7032 [0.7066 |0.7057 |0.6975
3 MK TR R 5 3738 X6 E RS
R Foldl |Fold2 |Fold3 |Fold4 |Fold5
KNN 0.7886 [0.7863 |0.7916 |0.7861 |0.7839
AR 0.6471 [0.6467 |0.6337 [0.6378 |0.6273
SVM 0.8237 [0.8237 [0.8240 [0.8240 [0.8236
DU 0.8201 |0.8109 [0.8195 |0.8172 |0.8085
BP 0.8232 [0.8237 [0.8240 [0.8240 |0.8236
EER A 0.8237 |0.8237 [0.8240 |0.8240 |0.8236
BE N2 AL 0.7909 |0.7904 [0.7761 |0.7857 |0.7839
AdaBoost 0.8237 [0.8237 [0.8231 [0.8213 [0.8227
Gradient Boost |0.8205 |0.8214 |0.8227 |0.8185 |[0.8190
XGBoost 0.8109 [0.8114 [0.8085 [0.8053 |0.8030
24 MOKTRMERY 5 3738 X6 IE AR
Xl Foldl |Fold2 |Fold3 |Fold4 |Fold5
KNN 0.6433 [0.6405 |0.6623 [0.6464 |0.6486
) 0.6556 |0.6623 [0.6563 |0.6635 |0.6551
SVM 0.6133 [0.6133 [0.6137 [0.6137 |0.6131
e 0.6134 |0.6296 [0.6159 |0.6331 |0.6184
BP 0.6133 [0.6130 [0.6137 [0.6139 |0.6131
B EIE 0.6133 |0.6133 [0.6137 |0.6137 |0.6131
BE N AR AL 0.6475 |0.6461 [0.6387 |0.6672 |0.6594
AdaBoost 0.6133 [0.6133 [0.6135 [0.6134 |0.6129
Gradient Boost |0.6497 [0.6739 [0.6804 [0.6584 |0.6740
XGBoost 0.6486 [0.6597 |0.6731 [0.6648 |0.6349
5 FOATRIMABAL 5 28 IIE A B
Xl Foldl |Fold2 |Fold3 |Fold4 |Fold5
KNN 0.6638 [0.6615 |0.6668 |0.6613 |0.6591
AR 0.5246 [0.5224 |0.5020 |0.5130 [0.4970
SVM 0.6989 [0.6989 [0.6992 [0.6992 |0.6987
DL 0.6953 [0.6861 [0.6947 |0.6924 |0.6837
BP 0.6989 [0.6975 [0.6988 [0.6983 |0.6988
B EIE 0.6989 [0.6989 |0.6993 |0.6992 |0.6988
BEHLARAR 0.6674 [0.6693 |0.6518 |0.6572 |0.6645
AdaBoost 0.6989 [0.6989 [0.6983 [0.6965 |0.6979
Gradient Boost |0.6957 |0.6975 [0.6974 [0.6937 |0.6947
XGBoost 0.6861 |0.6866 |0.6837 |0.6805 |0.6782
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