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Groundwater resources are an important factor in managing and maintaining
water that is used for drinking water, irrigation and other purposes.
Groundwater level forecasting is very important for assessing total water
resources and their allocation, contributing to water sustainability and
drought mitigation. Sometimes, due to the presence of obstacles such as
unfavorable weather conditions, blocked roads, or lack of equipment and
people, measurements are not carried out for months. On the other hand,
accurate and abundant groundwater level data helps to predict various
consequences related to groundwater management and ecosystem health.
Nevertheless, completing the missing data and improving them by
interpolation method helps effectively in predicting the stability level by
deep learning method. . In this study, the Azarshahr aquifer, which has
recently faced a significant drop in the underground water level, was
examined monthly from 1397 to 1400. Also, in order to complete the data
that was not measured for any reason, kriging interpolation methods and
M5P algorithm were used. By analyzing each method, the M5P method with
the minimum root mean square error of 1.83 meters and correlation
coefficient of 0.975 was the best. It had the function. On the other hand, in
order to predict the underground water level, the data was divided into 70
and 30 calibration and accuracy measurements, and the deep learning (DL)
method was used, which was acceptable with an error of 1.408 meters and
an accuracy of 88%. And it can be used in future research for better
management of water resources.
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Figure 1. Azarshahr Plain Aquifer location and observation wells
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Mean 10.34 1013 1033 10.44 1066 1101 11.048 10.94 1096 11.02 1081 10.77
Minimum 143 134 158 169 178 18 188 195 197 195 194 192
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Table 2. Evaluation criteria for Kriging and M5P interpolation methods

RMSE (m) R NSE
M5P 1.83 0.975 0.949
Kriging 2.242 0.942 0.921
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Figure 5. Scatter plots for Kriging and M5P interpolation methods
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Table 3. Evaluation of deep learning method to predict the depth of underground water

Piezometric Observational water depth Predicted water depth Difference
. Accuracy
station (meters) (meters) (meters)
1 9.99 10.605 94% -0.62
2 9.38 8.489 91% 0.89
3 4.72 4.740 100% -0.02
4 9.62 8.489 88% 1.13
5 10.17 11.259 89% -1.09
6 14.34 13.729 96% 0.61
7 27.46 30.083 90% -2.62
8 19.65 21.495 91% -1.85
9 27.95 30.083 92% -2.13
10 29.08 30.083 97% -1.00
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Figure 6. Scatter plot of deep learning method to predict surface groundwater
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Figure 7. Radar diagram and measurement error to compare the actual value and predicted value with the deep
learning model
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