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Fig. 2 The ACF and PACF calculation results of the monthly precipitation series
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Fig. 4 Intra—annual distribution characteristics and trends in mean and variance of monthly precipitation
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Fig. 6 Prediction results of monthly precipitation series from different models
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A Hybrid Monthly Precipitation Prediction Model Based on TVF-EMD and SVR
LAI Qifeng, ZENG Jiuhan

(Ganzhou Water Conservancy and Electric Power Survey Design and Research Institute Co., Ltd.,Ganzhou Jiangxi,341000)

Abstract: Accurate monthly precipitation forecasting is crucial for the scientific management and optimal allocation of water resources,
with significant implications for reservoir operation and agricultural irrigation. However, under the combined influence of climate
change and human activities, monthly precipitation series often exhibit complex nonlinear and non-stationary characteristics.
Traditional linear statistical models and single machine learning approaches frequently fail to capture their dynamic evolution patterns,
leading to limited prediction accuracy. To address this challenge, this study proposes a hybrid forecasting model that integrates Time-
Varying Filtering-based Empirical Mode Decomposition (TVF-EMD) with Support Vector Regression (SVR). TVF-EMD, an adaptive
signal decomposition technique, effectively mitigates the mode-mixing problem inherent in conventional Empirical Mode
Decomposition (EMD) by decomposing the non-stationary precipitation series into relatively stable subcomponents. Independent SVR
models are then developed to predict each subcomponent, and the final monthly precipitation forecast is obtained by aggregating these
predictions. Using monthly precipitation data from 1951 to 2020 collected at the Ganxian Meteorological Station in Ganzhou City,
Jiangxi Province, China, we evaluate and compare the predictive performance of four models: Multiple Linear Regression (MLR), SVR,
EMD-SVR, and the proposed TVF-EMD-SVR. The results demonstrate that SVR significantly outperforms MLR in characterizing the
nonlinear features of monthly precipitation. By introducing the "decomposition-prediction-reconstruction" framework, the EMD-SVR
model achieves a 92.50% improvement in the Nash-Sutcliffe Efficiency (NSE) coefficient compared to the standalone SVR model.
Furthermore, by employing TVF-EMD for decomposition, the TVF-EMD-SVR hybrid model yields a further substantial reduction in
prediction error. Specifically, compared to the EMD-SVR model, TVF-EMD-SVR reduces the Mean Absolute Error and Root Mean
Square Error by 67. 83% and 67. 67%, respectively, attaining an NSE value of 0. 93. These findings confirm that SVR exhibits strong
adaptability for nonlinear monthly precipitation prediction, while TVF-EMD more effectively alleviates the adverse impacts of non-
stationarity. The integration of these two methods significantly enhances prediction accuracy. The proposed TVF-EMD-SVR hybrid
model provides a reliable methodological framework for monthly precipitation forecasting under complex climatic conditions and can
deliver more accurate forecasts to support decision-making in regional reservoir operation and agricultural production.
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