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Analysis of Groundwater Level Prediction Performance
with Influencing Factors by Artificial Neural Network
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Abstract

Groundwater level (GWL) causes the stress state within soil and affects the bearing capacity and the settlement of
foundation. In this study, the analyses of influencing factors on GWL fluctuation were performed. From the results,
river stage and moving average of precipitation were main influence components for urban near large river and rural
areas, respectively. In addition, the prediction performance of GWL using artificial neural network (ANN) was conducted
with respect to the influence components. As a result, the effect of main component was significant on the prediction

performance of GWL.
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Fig. 1. Structure of artificial neural network (ANN)
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Fig. 3. Surface conditions of study sites
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Fig. 6. Observed meteorological and hydrological datasets
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