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Abstract

Floods cause billions of dollars in damage to countries every year and threaten people's livelihoods. This has caused
significant socio-economic threats to the world's population, which must be controlled and contained. In this regard,
machine learning algorithms along with geographic information systems are primary tools that are effective in flood
control modeling and analysis. The Purpose of this research is to identify a part of flood-sensitive regions across the Heraz
catchment area in Mazandaran province using ensemble methods in machine learning algorithms. The research process
is as follows: first, the data of flood points were prepared. Next, 70% of approximately 240 sample positions were used
for modeling and map preparation. The remaining 30%, which were randomly selected, were used to validate the produced
maps. Then, the effective factors, including slope angle, slope direction, topography, soil type, land cover, distance from
the river, annual rainfall, normalized difference vegetation index, index of sediment transmittance, index of topographic
wetness, and index of stream density have been used to weight the impact of each factor using machine learning
algorithms. Based on the results of this study, the system performance characteristic curve (ROC) was drawn, and the
area under the curve (AUC) was calculated to validate the flood-prone area map. Findings demonstrated that the Adaptive
Boosting model is more accurate than the Bagging model in preparing a flood sensitivity map. Predictive susceptibility
mapping plays a pivotal role in enabling urban planners and managers to mitigate and safeguard proactively against the
adverse consequences of flooding. Flood management authorities in the Ministry of Energy can employ the proposed
ensemble model to assist disaster management and mitigate hazards in future studies.

Keywords: Adaptive Boosting algorithm, Bagging algorithm, Ensemble machine learning models, Flood, Spatial
information system.



