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Comparative analysis of runoff simulation in the Qingjiang River basin based on the
coupling of GR4J and LSTM
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Abstract: To evaluate the runoff simulation performance of traditional hydrological and data-driven models in mountainous basins, this
study takes the Qingjiang River basin as the research area and compares the performance of the conceptual hydrological model (GR4J) and
the Long Short-Term Memory network (LSTM) based on the daily precipitation and runoff data from 2014 to 2023. On this basis, two
hybrid models integrating physical mechanisms and data-driven approaches are developed: a loosely coupled model (Hybridl) and a
tightly coupled model (Hybrid2). In Hybrid1, the runoff simulated by GR4J is used as an input feature for LSTM, representing a one-way
information fusion strategy. By contrast, Hybrid2 not only outputs runoff through LSTM but also generates GR4J model parameters,
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which are subsequently fed back into GR4J, thereby forming a closed-loop interaction structure of "LSTM-parameters-GR4J". The
improvements in simulation performance achieved by hybrid modeling strategies are further assessed. Results show that, under limited
data conditions, when models are calibrated using single-year data, LSTM generally outperforms GR4J. When a combination of wet and
dry years (2017 and 2019) is used for calibration, GR4J and LSTM achieve Nash-Sutcliffe efficiency (NSE) values of 0.742 and 0.790,
and Kling-Gupta efficiency (KGE) values of 0.543 and 0.771, respectively, during the validation period. These results are significantly
better than those obtained using single-year data and are comparable to those achieved with longer time series data (2014-2019). The
hybrid modeling strategy further improves runoff simulation accuracy, with Hybrid2 outperforming Hybrid1 overall. In particular, Hybrid2
attains NSE and KGE values of 0.795 and 0.771, respectively, during the validation period (2020-2023), representing improvements of
10.7% and 52.7% over GR4J, and 3.7% and 14.7% over LSTM. In addition, model performance exhibits clear seasonal variability, with all
models achieving optimal accuracy in summer and the flood season. Hybrid2 achieves NSE and KGE values exceeding 0.8 in the flood
season, demonstrating strong capability for flood-period runoff simulation. Overall, the results demonstrate the feasibility of training
models using single-year and wet-dry year combination data, and confirm that Hybrid2 effectively enhances runoff simulation accuracy in
mountainous basins, providing a valuable reference for runoff simulation and flood forecasting in similar regions.

Key words: GR4J; LSTM; coupling of physical mechanisms and data-driven approaches; runoff simulation in mountainous basins;
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Table 2 Evaluation metrics of GR4J and LSTM models for the Qingjiang

River basin during the calibration period (2014-2019) and validation
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Table 3 Evaluation metrics of GR4J and LSTM models calibrated using

combined data from wet (2017) and dry (2019) years in the Qingjiang

River basin during the validation period

WA GR4J LSTM
NSE KGE NSE KGE
2020 0.797 0.541 0.865 0.724
2021 0.585 0.420 0.505 0.441
2022 0.482 0.497 0.510 0.558
2023 0.716 0.772 0.614 0.804

2020—2023 0.742 0.543 0.790 0.771
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Table 4 Evaluation metrics of two hybrid models for the Qingjiang River

basin during the calibration period (2014-2019) and validation period
(2020-2023)

PR R
NSE KGE r oKGE PB-KGE

GR4J 0.832 0.839 0913 0.882 1.065
LSTM 0.878 0.833 0.940 0.890  0.890

A A

GR4J 0.796 0.819 0.893 0.888 1.094
LSTM 0.824 0.861 0.908 0.904  0.960
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Fig. 3 Scatter plots of observed versus simulated streamflow for (a) GR4J, (b) LSTM, (c) Hybrid1 and (d) Hybrid2 in the Qingjiang River basin

during the calibration and validation periods
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Table 5 Evaluation metrics of four models calibrated using long-term observational data in the Qingjiang River basin during the validation period for each

season, flood season, and non-flood season

B GR4J LSTM Hybridl Hybrid2
NSE KGE NSE KGE NSE KGE NSE KGE
= 0.087 0.288 0.404 0.539 0.56 0.785 0.555 0.726
HF 0.792 0.663 0.807 0.715 0.805 0.77 0.841 0.819
R 0.534 0.636 0.748 0.748 0.634 0.599 0.68 0.711
&7 —0.358 —0.066 —0.151 0.185 0.13 0.521 0.124 0.575
I 0.736 0.614 0.788 0.744 0.782 0.805 0.815 0.852
AR 0.028 0.062 0.210 0.431 0.467 0.697 0.477 0.733

* 6 BT MM EIZEIRIEHA (2020-2023 £ ) R H NSE #1 KGE
Table 6 Annual NSE and KGE values for the four models in the Qingjiang River basin during the validation period (2020-2023)
K NSE KGE

2020 2021 2022 2023 2020 2021 2022 2023
GR4J 0.841 0.613 0.401 0.498 0.558 0.425 0.459 0.611
LST™M 0.868 0.625 0.711 0.694 0.697 0.544 0.827 0.829
Hybridl 0.879 0.687 0.582 0.536 0.799 0.745 0.705 0.549
Hybrid2 0.909 0.699 0.639 0.598 0.840 0.680 0.804 0.657
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