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Abstract: As the most harmful marine disaster, storm-surge disasters cause serious economic losses to the coastal areas of China
every year. It is crucial to reasonably assess the economic losses because of storm-surge disasters using scientific methods to guide
the disaster prevention and mitigation work in coastal areas. Herein, based on the characteristics of storm-surge disasters, the as-
sessment index system of the direct economic loss from a storm surge disaster is established. Owing to the storm=surge disaster,
data loss is highly nonlinear; this study uses the Kernel Principal Component Analysis (KPCA) for nonlinear data dimension re-
duction optimization and the Radial Basis Function (RBF) neural network to train the dimension-reduced data to realize the as-
sessment of direct economic loss owing to storm-surge disasters. This study collected data of 32 storm-surge disasters from 1996 to
2018 in the Guangdong Province to test the model. Results showed that the KPCA-RBF prediction model integrates the advan-
tages of KPCA and the RBF neural network, which has high prediction accuracy, fast learning convergence speed, and good

nonlinear fitting ability for storm-surge disaster data series.

(KLt BT Hk)

Marine Sciences / Vol. 45, No. 10 /2021 39



