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Abstract; To address the non-stationarity and noise interference in heat load data caused by weather
changes, seasonal fluctuations, equipment failures, and other factors, as well as the challenge of insuffi-
cient prediction accuracy of traditional prediction models in this scenario, a hybrid model framework
based on CEEMDAN decomposition, PatchTST-iTransformer dual branch modeling and Bagging fusion
was proposed. CEEMDAN was used to decompose the heat load data into multiple intrinsic mode func-
tions (IMFs) to suppress non-stationarity and noise; PatchTST’s block strategy and self-attention mecha-
nism were utilized to capture multi-scale dependencies in the data, handling long-term periodicity and
short-term local fluctuations ; iTransformer was employed to adjust the attention weights of the IMF compo-
nents, reducing the accumulation of prediction errors and enhancing the fusion ability of multi-component
signals; and the Bagging strategy was adopted to improve the robustness of model. Prediction results show

that the model achieves mean-square error ( MSE) and mean absolute error (MAE) as low as 0.007 6
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and 0. 195 6 respectively in the heat load prediction task, reducing the prediction errors by 45% to 70%

compared with TSMixer, LSTM, DLinear, Transformer and Informer models, and significantly improving

prediction accuracy and stability.

Key words: heat load prediction, non-stationary time series, modal decomposition, attention mechanism
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