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Short Term Power Load Forecasting Based on LSTM-TSLightGBM
Variable Weight Combination Model

GU Wei, XU Long, TANG Fei, WANG Jian
(Changzhou Railway Higher Vocational and Technical School,Changzhou 213000, China)

Abstract; With the rapid growth of energy demand and the rapid development of smart grid, the volatility of power load has in-
creased significantly,and the traditional forecasting methods are facing challenges due to their insufficient ability to handle non-
linear characteristics. This paper presents a short-term power load forecasting method based on Istm-tslightgbm variable weight
combination model. The model combines the time series modeling ability of LSTM and the efficient feature extraction ability of
tslightgbm. Through the introduction of a dynamic weight allocation strategy, it realizes the dynamic adjustment of model
weights according to prediction errors.The experimental results show that,compared with the existing single model and other
hybrid models,the proposed model performs well in the evaluation indexes such as root mean square error (RMSE) , mean abso-
lute error (MAE) and goodness of fit (R?).Specifically,the RMSE reaches 419.1 MW ,the MAE reaches 374.4 MW ,and the R*
reaches 0.995,which is significantly better than other comparative models, verifying its high accuracy and high robustness,and
providing an effective solution for short-term load forecasting.
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