539 BH S M KowEOWEOR P 2023 49 H
Vol. 39 No. 5 Water Resources Protection Sep. 2023

DOI; 10. 3880/j. issn. 1004 - 6933. 2023. 05. 016

F-T TVF-EMD . GRA il LightGBM [y H #2837 fiilf2H A4

EFA, B e B HEE K )
(1L R TR 215 % A T 920% K 300350; 2. K HAAESE T 72

1,2

2B, KEE 300350)

BE A RAE ARG ERE - FRARSE E R TR ERG P, RETEANTEERBENEE
A S M (TVF-EMD) | & & % 3£ 5 57 (GRA) #2352 3 2845 JF 32 F- 4L ( LightGBM ) 9 B 42 5% F ] 28
SR A A sk A ariT %5k F ) B ARAR K9 A4, % 5 TVF-EMD-GRA-LightGBM ( TGL)
AR R AN L RE AL — NS TN AEA 6 Fm 2 RAT T shb o dr, R AN
TGL 28 &4 R 2 2 BT At s, F) F 3k A 3 &3k B 2R TR 25 R6) dh A 205 R 8 A1 40. 949
F2 0.966, 48 % & #4554 0.974 F2 0. 984 W& A4 72 FAM % £ 5 7] F 0.078 #2 0.073, TGL 414
AR AL TR B % B AT R R b E MR AR TR T B BRI

KR B RATN ; 22 BRI AL TVF-EMD ; & &, % 3% B 4547

R E 4% S .P338 XEARARRD: A X EHHE 1004 - 6933(2023)05 -0135 -08

TVF-EMD, GRA, and LightGBM combined daily runoff prediction model//WANG Xiujie'”, QIAO Hongfei'”
ZENG Yonghong'? , TIAN Fuchang'”, ZHANG Shuai'? (1. State Key Laboratory of Hydraulic Engineering Simulation and
Safety, Tianjin University, Tianjin 300350, China; 2. School of Civil Engineering, Tianjin University, Tianjin 300350,
China)

Abstract: In view of the nonlinear and non-stationary characteristics of runoff processes and low prediction accuracy, a
daily runoff prediction model combining time-varying-filter-based empirical mode decomposition (TVF-EMD) , grey relation
analysis (GRA) , and light gradient boosting machine (LightGBM) was proposed. Taking the measured daily runoff series
of Lijin station on the Yellow River and Gaoyao station on the Pearl River as examples, the TVF-EMD-GRA-LightGBM
(TGL) combined model was established, and its prediction results were compared with those of other single or combined
models. The results show that the TGL combined model is efficient and has the best prediction performance, and the
prediction results of the TGL combined model for Lijin and Gaoyao stations have the Nash-Sutcliffe efficiency coefficient of
0.95 and 0.97, respectively, the correlation coefficient of 0. 97 and 0. 98, respectively, and the peak flow prediction error
less than 0.078 and 0.073, respectively. The TGL combined model has the advantages of high prediction accuracy, high
operation efficiency, and strong applicability, providing a new way for daily runoff prediction and scientific regulation of
water resources system.
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Table 1 Statistical characteristics of daily runoff series

at two stations
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Table 4 Optimal parameters of LightGBM corresponding

to each reconstructed IMF “ sequence prediction model

N IMF * RAME W L. BRAMT
WA s w9
IMF1 * 4 4 0.265 2
IMF2 * 7 6 0.203 8
FlEyE  IMF3 6 3 0.236 4
IMF4 * 4 3 0.121 5
IMF5 * 10 3 0. 161 5
IMF1 * 5 5 0. 450 2
IMF2 * 7 6 0.180 5
FEY;  IMF3* 6 9 0.205 5
IMF4 * 7 9 0.186 6
IMF5 * 5 5 0.135 6
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Fig.6 Prediction results of daily runoff of two
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stations by different models
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Table 5 Evaluation indexes of daily runoff prediction results of two stations by different models

W BT NSE RMSE/ (m?/s) R MAE/ (m*/s) TPE /s
TGL 0.949 85.17 0.974 40.96 0.0780 16.65
EGL 0.945 88.37 0.972 48.79 0.1127 18.56
EGG 0.938 93.64 0.970 48.75 0.0811 638.32
Fil ey LightGBM 0.933 97.41 0.966 46.44 0.1206 4.11
GRU 0.937 94.97 0.969 42.86 0.0821 152.33
SVM 0.915 106.71 0.963 58.34 0.0808 3.83
BP 0.928 98.96 0.970 50.49 0.0967 3.71
TGL 0.966 1358.84 0.984 864.15 0.0726 18.32
EGL 0.964 1407.43 0.982 871.64 0.075 6 20.16
EGG 0.961 1461.16 0.984 867.26 0.094 4 599.61
B LightGBM 0.953 1600. 19 0.977 983.65 0.0779 4.38
GRU 0.958 1511.29 0.983 1094. 82 0.1012 166. 49
SVM 0.954 1681.03 0.977 1157.06 0.0999 3.69
BP 0.950 1553.62 0.982 929.16 0.0995 4.02
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Fig.7 Scatter plots of predicted flow rate and measured flow rate at Lijin station
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