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Groundwater level prediction based on CNN-Attention-LSTM model//LI Xiaogen', LIU Hongchen', FU Jingbao®,
WANG Anming' , MAO Xinyu'( 1. College of Geosciences and Engineering, North China University of Water Resources and
Electric Power, Zhengzhou 450046, China; 2. College of Environment and Biological Engineering, Henan University of
Engineering, Zhengzhou 451191, China)

Abstract: In order to improve the accuracy and stability of groundwater level prediction, a CNN-Attention-LSTM model
based on convolutional neural network ( CNN) , attention mechanism ( Attention), and long short-term memory network
(LSTM) was applied to groundwater level prediction. The model was verified through the measured data from 17
observation wells in a certain city of Henan Province, and was compared and analyzed with CNN, LSTM, CNN-LSTM, and
Attention-LSTM models. The results show that the average determination coefficient, average absolute error, and root mean
square error of the test set for each well position of the CNN-Attention-LSTM model are 0. 972, 0. 074, and 0. 083,
respectively. Compared with CNN, LSTM, CNN-LSTM, and Attention-LSTM models, this model has better average
determination coefficient, average absolute error, and root mean square error indicators. Combining the CNN, Attention,
and LSTM models for groundwater level prediction can achieve complementary advantages and improve the accuracy and
stability of water level prediction.
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Fig.2 Distribution of observation wells in the study area
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Table 3 Prediction results of different wells
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1 0. 052 0. 059 0.951
2 0.053 0.061 0. 989
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4 0. 136 0. 162 0.970
5 0. 051 0. 058 0.977
6 0. 144 0.167 0.971
7 0. 055 0. 062 0.989
8 0.151 0.153 0.955
9 0.043 0. 050 0.971
10 0. 052 0. 058 0.991
11 0.028 0.033 0. 980
12 0. 051 0. 058 0. 964
13 0.048 0. 056 0.975
14 0. 054 0.061 0.992
15 0.121 0. 104 0.977
16 0.053 0.061 0.957
17 0.153 0. 156 0.953
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Table 4 Comparison of prediction results of different
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Fig.4 Comparison of results of prediction models
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