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Study on power prediction of runoff hydropower station based on learning model
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Abstract: [ Objective ] Accurate power prediction of a runoff hydropower station is crucial for formulating generation scheduling
plans and ensuring a reliable power supply strategy. Considering the strong randomness in the generation output of runoff
hydropower stations and the low accuracy of direct prediction, a combined prediction model based on Adaptive Variational Mode
Decomposition (VMD) and Temporal Convolutional Network (TCN) was proposed. [ Methods ] Initially, the Whale Optimization

Algorithm (WOA ) is employed to optimize the parameters of Variational Mode Decomposition ( VMD) , achieving optimal
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adaptive decomposition of the original output sequence. Subsequently, TCN model is individually established for trend prediction

of each decomposed component. Finally, the obtained result are reconstructed to obtain the final prediction. [ Results]The result

shows that, compares to other models, the model established has varying degrees of improvement in prediction performance under

the same conditions. [ Conclusion ] The result indicates: (1) The WOA-VMD method can effectively extract the characteristics of

the output sequence of a runoff-type hydropower station and reduce the influence of the instability of its own data on the prediction

result. (2) Compared to the five models of VMD-TCN, TCN, LSTM, RNN and BP, the proposed WOA-VMD-TCN prediction

model can effectively improve the prediction accuracy of hydropower station power, providing a new and effective modeling

approach for power prediction of runoff hydropower stations.

Keywords: runoff hydropower station; power prediction; whale swarm algorithm; Variational Mode Decomposition ( VMD) ;

Temporal Convolutional Network (TCN) ; influencing factors
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Table 2 Spearman correlation coefficient of each

factor and power generation
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Table 3 The results of the evaluation metric calculations.

MoB | B om L
R/ % MRE/ % RMSE/MW

WOA-VMD-TCN 97. 08 3.68 10. 05
VMD-TCN 95. 54 5.16 12.28
§ TCN 93.48 5.22 14. 89
A LSTM 86.33 8.76 22.56
RNN 85. 49 9.47 22.94
BP 81. 05 10.22 25.56
WOA-VMD-TCN 93.71 8.09 32.96
VMD-TCN 92.76 9.47 35.72
W Tcrltl 91.77 10.92 37. 81
LSTM 87.97 13. 86 45.63
RNN 86. 48 17.07 48. 38
BP 83.50 20. 13 55.93

M2 3 A, ARSCHr 4L A WOA-VMD-TCN 1Y
TIN5 22 0 K T AR A 7EIRTRI, AR SCRRIAH
Ft T VMD-TCN, TCN, LSTM. RNN. BP iX 5 Fi%f [t
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