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Prediction method for hydropower system generation capacity based
on least squares twin extreme learning machine
LI Min', SUN Dayan®, LIANG Zhifeng’, GUO Xiaming', WU Gang’, MIAO Shumin'
(1. State Grid Sichuan Electric Power Company, Chengdu 610041, Sichuan, China; 2. State Grid Corporation of China,
Beijing 100031, China; 3. State Grid Sichuan Economic Research Institute, Chengdu 610041, Sichuan, China)

Abstract; [ Objective] To address the issues of low accuracy and poor stability in traditional hydropower generation capacity
forecasting, [ Methods ]a hybrid prediction model for power generation capacity of hydropower systems, combining coupled mode
decomposition, machine learning, and swarm intelligence was proposed in this paper. First, the original output sequence was
decomposed and denoised using successive variational mode decomposition (SVMD) to extract multi-scale feature signals for
classification and modeling. Subsequently, a least squares twin extreme learning machine ( LSTELM) was employed to predict
each decomposed signal, and an Improved Grey Wolf Optimization ( IGWO) algorithm was used to optimize the model
parameters, enhancing the prediction performance. Finally, the prediction result of each sub-sequence were integrated and
aggregated to obtain the final result. [ Results]The result demonstrated that the proposed method achieved accurate and reliable
predictions for three hydropower stations. At the Chitan Hydropower Station, for 1-day forecast period, the proposed model
improved the Nash-Sutcliffe efficiency ( NSE) compared to the extreme learning machine model by 12.88% and 12.11% for
direct and multi-input multi-output strategies, respectively. As the forecast period increased from 1 to 8 days, the NSE of the
traditional method gradually decreased from 0. 884 0 and 0. 888 5 to 0.573 5 and 0. 567 1, while the NSE of the two proposed
strategies decreased from 0.997 9 and 0.996 1 to 0.942 3 and 0.928 6. [ Conclusion ] The findings indicate that the proposed
model is highly stable and generalizable in predicting the generation capacity of complex hydropower systems. SVMD effectively
reduces noise influence in the generation capacity sequence, and the least squares method and twin structure enhance the
generalization ability of the LSTELM model. The SVMD-IGWO-LSTELM model demonstrates higher prediction accuracy for
hydropower stations with stable hydrological characteristics, while prediction accuracy slightly decreases for stations with complex
hydrological features, but still remains high. This model provides an effective approach for predicting hydropower system
generation capacity under changing environmental conditions.

Keywords : successive variational mode decomposition method; power generation output; least squares twin extreme learning

machine ; Improved Grey Wolf Optimization algorithm; influencing factors
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Fig. 2 Hydroelectric power plant generation capacity time series
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Table 1  Evaluation metrics for test set predictions of each model at different forecast periods under the DIR strategy

L1 it LA RMSE MAE cc NSE Tt U 1A RMSE MAE cc NSE
EIM 11.9392 | 7.3659 0.940 5 0.884 0 20.105 3 15.140 4 0.8239 0.671 4
LSTELM X 11.7272 | 7.274 1 0.943 0 0.888 1 s 20.043 2 15.071 2 0.8259 0.673 4
EEMD-LSTELM 5.1740 | 3.080 1 0.989 2 0.978 3 8.899 7 5.704 4 0.967 5 0.9358
AR 1.6115 1.1375 0.998 9 0.997 9 4.014 6 2.907 1 0.993 6 0.986 9
EIM 15.653 5 | 10.346 6 0.8959 0.800 8 21.402 7 16.407 3 0.797 5 0.627 9
LSTELM 15.406 5 | 10.3356 0.900 0 0.807 0 21.037 0 16.171 3 0.807 1 0.640 5
EEMD-LSTELM 2 6.8229 | 4.349 1 0.981 0 0.962 2 6 9.717 1 6.420 6 0.961 2 0.923 4
A 2.304 5 1.6212 0.997 9 0.995 7 4.6330 3.356 2 0.9915 0.9826
EIM 17.576 4 | 12.488 1 0.867 2 0.748 9 21.959 2 17.052 2 0.787 1 0. 608 3
LSTELM 17.4275 | 12.398 0 0.870 6 0.753 1 21.8373 17.094 9 0.791 8 0.6127
EEMD-LSTELM 3 7.6191 | 4.8323 0.976 2 0.9529 ! 10.214 6 6.887 1 0.957 1 0.915 4
B @RS 2.9900 | 2.098 6 0.996 4 0.992 7 7.233 1 5.139 3 0.979 5 0.957 6
ELM 18.993 1 | 13.880 5 0.844 0 0.706 7 22.913 5 18. 065 4 0.767 7 0.573 5
LSTELM 4 18.8256 | 13.8400 0.847 9 0.711 9 o 22.648 3 17.883 7 0.774 2 0.583 4
EEMD-LSTELM 7.9222 | 5.0193 0.974 3 0.949 1 10.4259 7.043 2 0.9553 0.9119
Ak 3.6812 | 2.6019 0.994 5 0.989 0 8.433 2 6.085 2 0.972 7 0.942 3
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Table 2 Evaluation metrics for test set predictions of each model at different forecast periods under the MIMO strategy

F X, S/ETRRFERRFIVAKBRFL BENTNTTE

R 2 MIMO R AR BULH T ZER X E T 4 RITMN 545

(Y| AR RMSE MAE cc NSE T W3 RMSE MAE cc NSE
ELM 11.6992 | 7.2709 0.943 1 0.888 5 20.222 6 15.202 5 0.822 1 0.667 8
LSTELM 11.6695 | 7.233 4 0.943 5 0.889 1 20.010 2 15.047 7 0.8270 0.674 7
EEMD-LSTELM 4.9621 | 2.9807 0.990 0 0.980 0 5 8.879 2 5.679 1 0.967 7 0.936 1
KN RS 2.1786 | 1.508 5 0.998 1 0.996 1 3.989 2 2.863 3 0.993 7 0.987 1
ELM 15.4255 | 10.353 3 0.899 5 0. 806 5 21.268 3 16.311 8 0.801 5 0.6325
LSTELM 15.3645 | 10.2720 0.900 6 0. 808 0 21.054 5 16.158 6 0.807 0 0.639 9
EEMD-LSTELM 6.6704 | 4.203 4 0.981 9 0.963 9 6 9. 666 4 6.414 1 0.961 7 0.924 2
AT 2.3381 | 1.639 8 0.997 8 0.995 6 4.5579 3.282'5 0.991 8 0.983 2
ELM 17.576 4 | 12.486 1 0.868 2 0.749 0 22.134 3 17.259 0 0.784 4 0.602 1
LSTELM 17.4113 | 12.3727 0.871 3 0.753 7 ; 21.857 9 17.103 2 0.791 5 0.6119
EEMD-LSTELM 7.5006 | 4.7193 0.977 0 0.954 4 10.213 8 6.904 2 0.957 2 0.915 4
AR 3.0135 | 2.1052 0.996 4 0.992 6 7.165 4 5.069 0 0.980 0 0.958 4
ELM 18.976 3 | 13.918 5 0.844 9 0.707 4 23.085 3 18.179 8 0.762 8 0.567 1
LSTELM 18.8147 | 13.8155 0.848 4 0.712 4 g 22.7222 17.960 2 0.772 7 0.580 6
EEMD-LSTELM 7.8440 | 4.9983 0.9749 0.950 1 10.422 8 7.061 9 0.955 5 0.9119
AR 3.6357 | 2.566 4 0.994 7 0.989 3 9.383 3 6.793 5 0.965 9 0.928 6
100 100
o 50 o 50
;E 0 —— ;@ 0
B -0 8 50
-100 -100
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Fig. 3 Absolute error range of each model’ s prediction results
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Fig. 4 Comparison of indicators of the proposed model under different strategies

®3 KESBAENNKEEREL LTINS RITNIER
Table 3  Evaluation indicators for direct one-step prediction

results of the decomposition method

o RMSE MAE cc NSE
ELM 11.939 2 7.365 9 0.940 5 0.884 0
LSTELM 11.727 2 7.274 1 0.943 0 0.888 1
EMD-LSTELM 7.167 8 5.1216 0.979 0 0.958 3
EEMD-LSTELM 5.174 0 3.080 1 0.989 2 0.978 3
VMD-LSTELM 6.246 2 4.101 9 0.984 7 0.968 3
SVMD-LSTELM 1.708 4 1.175 3 0.998 8 0.997 6

x4 WWHNFEHNXEEZEBSTNE RTMNIER
Table 4 Evaluation indicators for direct one-step

prediction results of the prediction methods

A RMSE MAE cc NSE
SVR 12.064 5 7.439 9 0.939 2 0.881 6
LSSVR 11.764 6 7.3253 0.942'5 0.887 4
TSVR 11.741 7 7.308 0 0.942 7 0.887 8
ELM 11.939 2 7.3659 0.940 5 0.884 0
TELM 11.906 7 7.363 1 0.940 8 0.884 7
LSTELM 11.7272 7.274 1 0.943 0 0.888 1
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Fig. 5  Scatter plots for decomposition method fitting
%*5 DIRRMHAEBAEY TRERERS MXERNLE RITFEN SR
Table 5 Evaluation indicators for prediction results of each model on Dayan test set at different forecast periods under the DIR strategy
L T RMSE MAE cc NSE L RMSE MAE cc NSE
ELM 2.964 5 1.958 1 0.9229 0.8515 4.688 6 3.4343 0.793 2 0.628 9
LSTELM | 2.939 8 1.948 0 0.924 3 0.854 0 5 4.6710 3.4025 0.794 9 0.6317
EEMD-LSTELM 1.660 3 1.224 6 0.980 1 0.9535 2.3145 1.691 4 0.957 6 0.909 7
S @ipe 0.412 8 0.3119 0.998 7 0.997 1 1.527 4 1.102 5 0.981 0 0.960 7
ELM 3.804 7 2.6233 0.869 2 0.755 4 4.8390 3.559 8 0.777 8 0.604 7
LSTELM 5 3.761 7 2.570 2 0.872 4 0.760 9 6 4.818 8 3.543 9 0.779 9 0.608 0
EEMD-LSTELM 1.909 4 1.380 1 0.972 6 0.938 5 2.5209 1.836 7 0.948 6 0.8929
LS @ihe 0.711 6 0.5337 0.996 0 0.991 5 1.648 9 1.198 7 0.977 9 0.954 2
ELM 4.183 6 2.970 3 0.839 4 0.704 3 5.015 4 3.753 2 0.759 2 0.575 6
LSTELM 3 4.167 3 2.946 4 0.840 6 0.706 6 7 5.0111 3.745 4 0.759 5 0.576 4
EEMD-LSTELM 2.0593 1.475 0 0.966 8 0.928 5 2.5811 1.857 7 0.946 0 0.887 8
S @ipe 0.978 4 0.733 4 0.992 2 0.983 9 1.9223 1.369 9 0.969 5 0.937 8
ELM 4.5300 3.2293 0.808 6 0.653 6 5.180 5 3.898 9 0.740 5 0.547 2
LSTELM 4 4.453 17 3.208 1 0.815 6 0.665 1 g 5.1317 3.888 4 0.7459 0.5557
EEMD-LSTELM 2.101 0 1.535 4 0.965 7 0.925 6 2.604 6 1.880 4 0.945 2 0.8857
ARIT7 ¥k 1.2355 0.903 4 0.987 5 0.974 3 2.413 9 1.696 3 0.951 4 0.901 8
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Fig. 6 Comparison of CC and NSE indicators of the proposed model
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