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Research on monthly runoff prediction of VMD-LSTM
model in different forecast periods

QI Jixia' ,SU Xiaoling'* ,ZHANG Gengxi’ ,ZHANG Te’
(1.College of Water Resources and Architectural Engineering, Northwest A&F University ,
Yangling , Shaanxi 712100, China ; 2.Key Laboratory of Arid Area Agricultural Water and Soil Engineering ,
Ministry of Education, Northwest A&F University, Yangling, Shaanxi 712100, China)

Abstract: In this study, Variational Mode Decomposition ( VMD) and Long Short-Term Memory ( LSTM )
neural network were integrated to establish a hybrid prediction model. The named VMD-LSTM model was to reduce
the prediction error caused by the nonlinearity and non-stationarity of the runoff series and improve the accuracy of
monthly runoff prediction results under various forecast periods. Some highly correlated atmospheric circulation fac-
tors were selected as the additional term of the model input to predict the monthly runoff for 1~ 3 lead months. The
performance of VMD — LSTM in predicting monthly runoff at the Tangnaihai, Minhe, Xiangtang, Hongqi and
Zheqiao stations at the upper reaches of the Yellow River Basin was verified. The VMD-LSTM model was compared
with VMD-BP (BP neural network) , VMD-SVR ( support vector regression) and the single LSTM model for eval-
uating its applicability.The results showed that the VMD~LSTM model exhibited the best forecasting performance,
compared with the single LSTM model, and its Nash efficiency coefficient (/NSE) was substantially improved from
0.6~0.7 to above 0.9. When putting atmospheric circulation factors, the accuracy of VMD-LSTM model was further
improved, with NSE remaining at 0.91 ~0.96. With the increase of lead time, the precision attenuation of VMD~-
LSTM model became slower than VMD—-BP and VMD—-SVR model, and its NSE still remained at 0.84 ~0.95 when
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the forecast period was 3 months. The VMD~-LSTM model is an effective method for monthly runoff prediction, and

the results can provide guidance for monthly runoff prediction in the study area.

Keywords : monthly runoff prediction; variable modal decomposition ; long short-term memory neural network ;

atmospheric circulation; forecast period
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Table 2 Atmospheric circulation factors significantly correlated

with monthly runoff and the corresponding correlation coefficients

Hy drol’f; i)s;itaﬁon NHPVCIT  EATII TPRI TPR2
JETIZ0 Tangnaihai  0.672** 0.737** 0.701** 0.710" *
A% Minhe 0.474** 0.578** 0.546** 0.547**
ALV Xiangtang 0.753** 0.814** 0.742** 0.764"*
ZLJ# V5 Honggi 0.509** 0.587** 0.555** 0.558**
Yol Zhegiao 0.421%" 0.501** 0.482** 0.482*"

Heow o+ TRl 0.01 WK BRI,

Note: * * Means passed a two-tailed test at the 0.01 significance level.
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Fig.4 Comparison of measured and predicted monthly runoffs with LSTM and VMD-LSTM
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Table 3 Comparison of prediction performances between LSTM and VMD-LSTM model

of each hydrological station during the validation period

HUL pi e T
Forecast period Model Error indicator Tangnaihai Minhe Xiangtang Hongqi Zheqiao
LS RMSE/(10%m®) 6.411 14.793 32.533 52.382 9.919
R NSE 0.748 0.720 0.738 0.598 0.682
Tmon ; S m? 3.531 8.016 14.095 25.843 4.971
VMD_LSTA RMSE/(10%m®) . . . . .
NSE 0.922 0.918 0.949 0.898 0.919
LS RMSE/(10%m®) 7.567 16.678 35.667 63.554 11.290
N : NSE 0.650 0.646 0.689 0.404 0.589
—mon 3 3
g : 3.795 8.835 15.354 28.370 5.369
VMD-LSTA RMSE/ (10°m*)
NSE 0.910 0.899 0.940 0.878 0.906
LS RMSE/(10%m®) 7.779 17.014 36.734 68.021 11.371
— NSE 0.637 0.634 0.665 0.317 0.586
Tmon 5 S’ 3.807 11.811 15.376 35.208 5.803
VMD_LSTA RMSE/(10%m?) . . . . .
NSE 0.910 0.821 0.940 0.813 0.890
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Table 4 Predicted results of each model before and after integrating atmospheric circulation factors

K )U’E . BULA . L’u‘%?gﬁ VMD-LSTM VMD-SVR VMD-BP
Hydrological station Forecast period Error indicator
| —month RMSE/(108m?) 3.531—2.665 7.094—5.465 7.537—5.517
NSE 0.922—0.956 0.682—0.811 0.641—0.808
JETI 20k 2 month RMSE/(10%m?) 3.795—3.276 10.179—6.581 10.340—7.076
Tangnaihai NSE 0.910—0.933 0.349—0.728 0.329—0.685
3-month RMSE/(108m*) 3.807—3.457 11.845—7.575 11.953—8.289
NSE 0.910—0.926 0.124—0.642 0.109—0.571
| —month RMSE/(10%m?) 8.016—6.572 18.660—11.660 19.101—11.965
NSE 0.918—0.945 0.556—0.826 0.534—0.817
Ry > month RMSE/(10%m®) 8.835—9.607 26.040—12.952 24.518—13.476
Minhe NSE 0.899—0.881 0.130—0.785 0.228—0.767
S month RMSE/(10%m?) 11.811—9.804 28.296—14.312 27.997—14.836
NSE 0.821—0.877 -0.035—0.735 -0.014—0.715
L month RMSE/(108m*) 14.095—13.530 40.568—30.757 40.325—34.246
NSE 0.949—0.953 0.627—0.786 0.632—0.734
LAY 2—month RMSE/(10%m?) 15.354—14.220 47.928—34.918 49.743—40.071
Xiangtang NSE 0.940—0.948 0.441—0.703 0.398—0.610
3—month RMSE/ (10%m®) 15.376—14.598 49.068—34.337 51.312—40.358
NSE 0.940—0.946 0.384—0.698 0.326—0.583
- RMSE/(10%m?) 25.843—24.199 51.271—45.139 52.413—45.288
NSE 0.898—0.911 0.602—0.692 0.584—0.689
Fan)an 9 month RMSE/(10%m?) 28.370—27.908 63.543—46.164 66.494—53.120
Honggi NSE 0.878—0.882 0.385—0.675 0.327—0.570
3 month RMSE/(10%m?) 35.208—32.428 68.736—51.726 71.756—55.575
NSE 0.813—0.842 0.282—0.593 0.217—0.531
1—month RMSE/ (10%m®) 4.971—4.243 10.752—38.163 11.157—8.782
NSE 0.919—0.941 0.618—0.780 0.588—0.745
Ytk 2 month RMSE/(10%m?) 5.369—4.789 13.431—7.981 13.794—9.424
Zhegiao NSE 0.906—0.926 0.406—0.790 0.373—0.708
—— RMSE/ (10%m®) 5.803—5.281 14.989—8.422 15.385—7.389
NSE 0.890—0.909 0.265—0.768 0.226—0.629

T & 7 Sk ZE ORI 2350 378 Bl A SR IR DI IR I BN AG 2R

Note: The data on the left and right of the arrow represent the predicted results before and after integrating the atmospheric circulation factors, respectively.
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Fig.5 Comparison of predicted and measured values in different forecast period for each

model during the validation period ( Tangnaihai Station)
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