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Performance of variant LSTM models in runoff prediction and their interpretability // TIAN Ye'>, TAN Weili'?,
WANG Guoging’, YUAN Xing'? (1. School of Hydrology and Water Resources Engineering, Nanjing University of
Information Science and Technology, Nanjing 210044 , China; 2. Key Laboratory of Hydrometeorological Disaster Mechanism
and Early Warning of Ministry of Water Resources, Nanjing 210044, China; 3. Hydrology and Water Resources Department ,
Nanjing Hydraulic Research Institute, Nanjing 210029, China)

Abstract; Based on observed hydrometeorology data in the Xiangjiang River Basin from 1999 to 2013, the long short-term
memory (LSTM) model and its variant models were used to study the influences of different input variables and different
model structures with different foresight periods on runoff prediction results, and performance of the LSTM model and its
variant models in short-term runoff prediction was evaluated. Then, the interpretability of the LSTM model for runoff
prediction of the Xiangjiang River Basin was explored using the permutation importance and integrated gradient methods.
The results demonstrate that incorporating hydrometeorological variable data with historical runoff data as the model input
can significantly improve the prediction performance of the model, and changes in input variables have a greater impact on
prediction results than differences in model structure ; with the increase of the foresight period, the addition of precipitation
data leads to different degrees of improvement in the model prediction performance, and the Nash-Sutcliffe efficiency
coefficient (NSE) of prediction results increased by 2. 0% with a foresight period of one day, while the increase in NSE
was up to 13.6% with a foresight period of two to four days. Precipitation and historical runoff were found to play critical
roles in runoff prediction, while the joint effect of early humid conditions and precipitation events was identified to be the
primary factor inducing floods in the Xiangjiang River Basin. The LSTM model can reveal two distinct input-output
relationships, corresponding to two flood-triggering mechanisms of recent rainfall and historical rainfall.
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Fig.2 Rainfall-runoff time series in the Xiangjiang River Basin
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Table 1 Model parameter setting information

T B[] 254 IR YLtk Ko BT AR AR kA B Ak 255
LSTM 10 0.01 64 100 100
Bi-LSTM 10 0.01 64 30 (BiJR) 100
Stack-LSTM 10 0.01 64 50 (Pi)2) 100
CNN-LSTM 10 0.01 64 100 100 128 4 1
Conv-LSTM 10 0.01 64 100 100 128 1 x2 2
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Table 2 NSE values of model daily runoff prediction results
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Fig.3 RD values of model peak flow prediction results
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Table 3 Evaluations results of daily runoff prediction

of LSTM model with different foresight periods

S W NSE  RMSE/(m®-s~')  RRMSE
W YIZRIH SGUEM 2R 53 YIZRI 50 E
1 0.855 0.822 809 820 0.416 0.421
2 0.825 0.774 886 940 0.455 0.483
PLTL 0 0717 0,647 1130 1173 0.581  0.603
4 0.562 0.519 1404 1438 0.721 0.739
1 0.881 0.840 731 792 0.376 0.407
bt 2 0851 0784 820 922 0.421 0.474
3 0.738 0.655 1086 1160 0.558 0.59
4 0.584 0.524 1368 1458 0.703 0.749
1 0.938 0.909 525 623 0.272 0.323
pirs 2 0-756 0.704 1046 1070 0.542  0.555
3 0.562 0.557 1402 1450 0.727 0.751
4 0.427 0.494 1605 1501 0.575 0.570
I 0.958 0.928 432 556 0.222 0.286
s 2 0875 0821 747 875 0.384  0.450
3 0.742 0.693 1075 1142 0.552 0.587
4 0.575 0.570 1381 1353 0.709 0.695
I 0.965 0.939 440 550 0.226 0.283
pirs 2 0-882 0.829 730 869 0.375  0.446
3 0.750 0.698 1060 1130 0.545  0.581
4 0.580 0.575 1370 1345 0.704 0.691
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Table 4 Importance of predictive factors

varying with foresight period
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