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Medium and long-term runoff forecast based on ensemble Kalman filter//LIU Yuan', JI Changming', MA Haoyu®,
WANG Yi', ZHANG Yanke', MA Qiumei' , YANG Han’ (1. School of Water Resources and Hydropower Engineering , North
China Electric Power University, Beijing 102206; 2. China Yangtze Power Co. , Lid. , Yichang 443002, China; 3. Water
Resources Comprehensive Ulilization Institute, Changjiang River Scientific Research Institute, Wuhan 430010, China)
Abstract; To reduce the uncertainty of medium and long-term runoff forecast and increase the power generation efficiency of
hydropower reservoirs, a deterministic inflow runoff forecast method based on ensemble Kalman filtering is proposed to
address the issue of existing methods focusing on improving the accuracy of deterministic forecast results of a single
forecasting model to reduce the uncertainty of runoff forecast. Taking the Jinxi Reservoir as the research object and ten days
as the foresight period, conduct a case study. The results show that compared with traditional single forecast models and
traditional information fusion forecast models, the medium-and long-term runoff forecast based on ensemble Kalman filtering
reduces RMSE by 4.78 m’/s and improves qualification rate by 0. 56% . And it effectively reduces the uncertainty of flood
season forecasting, obtaining more accurate and reliable deterministic runoff forecasting results, which can provide technical
support for the optimization and scheduling of cascade hydropower stations in the basin.

Key words: medium and long-term runoff forecast; data fusion; ensemble Kalman filter; Jinxi Reservoir
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Fig.3 Runoff forecast results of Jinxi Reservoir

with single forecast models
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Table 2 Evaluation results of single forecast models

in train period

" RMSE/ MAE/

TR NSE R s MARE y . AR/ %
(m’/s) (m’/s)

RF 0.95 0.98 283.58 7.99 143.74 83.15

SVM 0.85 0.92 503.75 17.15 268.73 54.38

BP 0.87 0.93  466.58 14.64 248.77 65.37
LSTM 0.88 0.94  452.47 22.61 276.07 41.85
MLR 0.85 0.92  490.38 21.08  290.65 44.01

ARIMA -0.32 775.65 40.56
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Fig.5 Runoff forecast results of Jinxi Reservoir with

different forecast models in test period
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Table 3 Evaluation results of runoff forecast of different

forecast models in test period

RMSE/ MAE/

AR NSE R (wiss) WARE (m/s) HHEH /%
RF 0.89  0.94 361.92 13.01 206.11  70.83
SVM 0.8  0.94 377.10 16.36 225.36  48.89
BP 0.88  0.94 370.24 13.07 206.83  69.44
LSTM  0.87  0.93 393.01 16.91 233.82  55.00
MLR 0.8  0.94 381.41 19.49 249.48  43.06
EnKF B4 0.90  0.95 350.09 12.23 196.86  71.39
RMSE @& 0.89  0.94 354.87 15.27 213.32  56.67
SYMAEA 0.8  0.93 408.26 16.02 239.15  64.17
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time period in test period
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Table 4 Comparison of evaluation indexes between fusion models and RF model in different periods

i 48 T AR NSE R RMSE/ (m’/s) MARE MAE/(m?/s) B %
EnKF @& -0.07 0.00 2.78 0.45 2.32 0.00
Ak A RMSE il -1.38 -0.16 42.19 8.32 41.02 -34.17
SVM fil A -0.35 -0.05 13.23 2.96 13.53 -7.50
EnKF @il & 0.08 -0.01 -5.14 -0.51 -6.28 0.83
o P RMSE @& -0.24 -0.08 13.09 0.89 4.63 -6.67
SVM flif5 -0.37 -0.08 29.29 2.32 28.95 -5.83
EnKF fl & 0.19 0.02 -22.04 -2.27 -23.78 0.83
TR RMSE fili & 0.21 0.01 -21.91 -2.43 -24.03 -1.67
SVM gl & -0.33 -0.07 72.29 3.74 56. 64 -6.67
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