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Fig.2 Study area and the location of the hydrological station
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Fig.3 Comparisons between precipitation and temperature data of first principal component and basin spatially average
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Fig.4 Performance of streamflow simulations of PCA-LSTM models with various thresholds in the test period
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Table 1 Evaluation metrics results of PCA-LSTM models with different PCA thresholds
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Table 2 Evaluation metrics results of various models

FEL TR Eys B « r B, B, B,
THREW 0.75 0.23 1.04 0.91 -0.18 0.24 0.43
LSTM 0.88 -0.11 0.94 0.95 -0.20 -0.06 -0.24
PCA-LSTM 0.92 -0.02 1.00 0.96 -0.13 -0.07 0.14
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Development of a spatiotemporal deep-learning-based hydrological model -
LI Bu, TIAN Fugiang, LI Yukun, NI Guangheng

( State Key Laboratory of Hydro science and Engineering, Tsinghua University, Beijing 100084, China)

Abstract; Deep learning has been proven to show remarkable performance in hydrological modeling; however, the
spatial features of meteorological data are rarely incorporated in current deep learning hydrological models. In this
study, we propose a spatiotemporal DL-based hydrological model by coupling principal component analysis ( PCA)
and long short-term memory (LSTM). PCA and LSTM were used to capture the spatial characteristics of meteorologi-
cal data and understand long-length temporal dynamics, respectively. We used the source region of the Yellow River
to test the PCA-LSTM model and compared the results with those of LSTM-only and THREW models. The Gaussian
noise method was also used to evaluate the robustness of the PCA- LSTM model. The proposed PCA-LSTM model
showed better performance than THREW and LSTM models, with Nash-Sutcliffe efficiency coefficients of 0.92, un-
derlining the potential of the PCA-LSTM model for hydrological modeling and prediction.

Key words: hydrological modelling; physical-based hydrological model; deep learning; long short- term memory;

principal component analysis; the source region of Yellow River
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