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Abstract

Climate change will induce more frequent flood events, and areas prone to floods will
become more and more uncertain. Machine learning methods have been widely used in flood
susceptibility assessments due to their efficiency and accuracy. This study aims to propose a
hybrid modeling framework that uses a hydrodynamic model referred to as the Two-
dimensional Runoff Inundation Toolkit for Operational Needs (TRITON) and three machine
learning methods, namely Convolutional Neural Networks (CNN), Random Forest (RF), and
Support Vector Machine (SVM), for the flood susceptibility assessment in Changhua.
TRITON, which makes use of graphics processing units to achieve high-performance
computing, simulates various flood scenarios to acquire flood susceptible sites that are used as
training and validation points for the machine learning methods to establish the flood
susceptibility model. It is expected that the hybrid modeling framework can not only deal
with the scarcity of historical flood records but also produce flood susceptibility maps for

disaster preparedness.
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