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Abstract: To predict the economic losses caused by disasters affecting marine aquaculture equip-
ment and to ensure the healthy development of the marine aquaculture industry, this study ana-
lyzes and forecasts the losses of marine aquaculture equipment in the coastal areas of Fujian
Province. First, 25 variables related to marine aquaculture equipment in the Fujian coastal
region were selected as the research subjects, and the Principal Component Analysis method
was used for dimensionality reduction, extracting four principal components that significantly
affect the loss rate. Next, a Bayesian-optimized Support Vector Regression (SVR) model was

employed to predict the disaster losses of marine aquaculture equipment. The results were com-
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pared with those of the BP Neural Network model, Random Forest algorithm, and K-Nearest

Neighbors algorithm. The results indicate that the SVR model performed excellently in predic-

ting marine aquaculture equipment disaster losses, with an average relative error as low as

0.116%. The model demonstrated good accuracy and robustness in addressing the nonlinear

characteristics of economic loss data related to marine aquaculture equipment, providing a refer-

ence model for predicting disaster losses of marine vulnerable assets.

Keywords: Disaster loss, Marine aquaculture equipment, Principal Component Analysis

(PCA), Bayesian optimization,Support Vector Regression (SVR)
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