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Abstract; Water supply forecasting method has two categories; traditional forecasting method and

machine learning method. The traditional method has limited prediction accuracy for daily water supply,

and the machine learning method has better model characterization ability, in addition to the ability to

find data details that are difficult to capture by traditional method. A prediction method based on the long

short-term memory ( LSTM) network model was proposed, and verified using the daily water supply data

from January 2016 to March 2018 in Pucheng County, Weinan City. The results were compared with the
method of BP neural network. LSTM showed MAPE of 5. 7% and R’ of 0. 804 , while BP showed MAPE
of 7.3% and R* of 0.610. The results demonstrated that the prediction method based on the LSTM

network model had higher prediction accuracy and stability, and it was an effective prediction method.

Key words; daily water supply forecasting; long short-term memory network;  BP neural
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Fig.1 Schematic diagram of RNN unit
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Fig.2 Schematic diagram of typical LSTM network
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Fig.4  Daily water supply data
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Fig.5 Error trend in training process
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Fig.6 Comparison between predicted data and measured
data
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