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Abstract

Existing data-driven flood loss prediction models often suffer from limited transparency and insufficient
physical interpretability. Flood-related damage indicators and meteorological factors exhibit strong tem-
poral patterns. To address these issues, this study proposes a deep learning model that integrates an
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attention mechanism, Convolutional Neural Network (CNN), and Long Short-Term Memory (LSTM) network
for predicting flood losses in Sichuan Province. The CNN module extracts multidimensional dynamic fea-
tures from meteorological factors and disaster loss sequences, and the LSTM component captures long-
term temporal dependencies, while the attention mechanism further enhances informative features by
adaptively learning their importance. Experiments using meteorological and disaster data from 1950 to
2020 show that, when using nine strongly correlated meteorological predictors, the proposed model re-
duces the mean absolute percentage error (MAPE) of economic and population loss ratios by approxi-
mately 10.5% compared with the single-LSTM model and by about 21.2% compared with the SVM model,
demonstrating significantly improved prediction performance.
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