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Fig. 2 Parts of the floodplain areas in the Tajan

watershed A- Kordkhil area and b- Entrance to
Mellal Park
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Province, Iran
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Table 2 Evaluation criteria for the models used

Metrics . e
Models AUC Sensitivity Specificity PPV NPV
i Le] RF 0.91 0918 0.787 0.818 0.902
GLMbayes 0.847 0.775 0.744 0.760 0.760
Sisel RF 0.971 0.981 0.993 0.995 0.976
GLMbayes 0912 0.792 0.830 0.860 0.752
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Abstract

Today, the phenomenon of flooding is one of the most complex hazardous events that, more than any other
natural disaster, causes deaths and finances every year in different parts of the world. Therefore, flood
susceptibility mapping is the first step in a flood management program. The purpose of this study was to
identify flood susceptible areas using two methods of random forest (RF) and Bayesian generalized linear
model (GLMbayesian) machine learning in the Tajan watershed in Mazandaran province, Sari. Past flood
distribution maps were prepared to predict future floods. Of the 263 flood locations, 80% (210 flood
locations) was used for modeling and 20% (53 flood locations) was used for validation. Based on previous
studies and surveying of the study area, 13 conditional factors were selected for flood zoning. The results
showed that three factors of elevation (21.55), distance from the river (15.28) and slope (11.18) had the
highest impact on flood occurrence in the study area, respectively. The results also showed that the AUC
values for RF and GLMbayesian models were 0.91 and 0.847, respectively, indicating the superiority of the
RF model and the accuracy of this model in flood susceptibility mapping in the study area. The highest flood
susceptibility area in the RF model is in the very low class and the high class in the GLMbayesian model.

Keywords: Flood Damage; GLMbayesian Model; RF Model; ROC Curve; Tajan Watershed.
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