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ABSTRACT

It is important to predict the groundwater level fluctuation for effective management of groundwater monitoring system
and groundwater resources. In the present study, three different time series models for the prediction of groundwater level
in response to rainfall were built, those are transfer function noise model (TFNM), artificial neural network (ANN), and
adaptive neuro fuzzy interference system (ANFIS). The models were applied to time series data of Boen, Cheolsan, and
Hongcheon stations in National Groundwater Monitoring Network. The result shows that the model performance of ANN
and ANFIS was higher than that of TFNM for the present case study. As lead time increased, prediction accuracy
decreased with underestimation of peak values. The performance of the three models at Boen station was worst especially
for TFNM, where the correlation between rainfall and groundwater data was lowest and the groundwater extraction is
expected on account of agricultural activities. The sensitivity analysis for the input structure showed that ANFIS was most
sensitive to input data combinations. It is expected that the time series model approach and results of the present study are
meaningful and useful for the effective management of monitoring stations and groundwater resources.

Key words : Groundwater level, Transfer function noise model, Artificial neural network, Adaptive neuro fuzzy inter-
ference system
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Fig. 1. A schematic diagram of TFNM (Box and Jenkins, 1976).
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Fig. 2. Model structure of ANN (Yoon et al., 2011).
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Fig. 3. Model structure of ANFIS (Jang, 1993).
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Fig. 4. Location of groundwater stations (a) and time series data of rainfall and groundwater level at (b) BE, (c) CS, and (d) HC stations.
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Table 1. Model performance of the three models with lead time 1

Stati TFNM ANN ANFIS
tation
RMSE (m) CORR MARE (%) RMSE (m) CORR MARE (%) RMSE (m) CORR  MARE (%)
BE 0.137 0.748 11.7 0.025 0.988 1.29 0.043 0.962 1.91
CS 0.192 0.896 4.02 0.102 0.939 0.94 0.153 0.851 1.23
HC 0.269 0.900 438 0.189 0.938 1.29 0.135 0.950 0.87
Table 2. Model performance with lead times at BE station
TFNM ANN ANFIS
Lead time
RMSE (m) CORR MARE (%) RMSE (m) CORR MARE (%) RMSE (m) CORR MARE (%)
1 0.137 0.748 11.7 0.025 0.988 1.29 0.043 0.962 1.91
2 0.139 0.722 11.8 0.045 0.958 2.37 0.052 0.942 2.48
3 0.141 0.700 11.9 0.054 0.938 3.08 0.061 0918 3.16
4 0.143 0.677 12.0 0.061 0.921 3.61 0.067 0.898 3.80
5 0.145 0.655 12.1 0.068 0.901 4.26 0.072 0.882 4.11
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Fig. 5. Results of groundwater level prediction at BE station: (a) TFNM; (b) ANN; (c) ANFIS.
Table 3. Model performance with lead times at CS station
TFNM ANN ANFIS
Lead time
RMSE (m) CORR MARE (%) RMSE (m) CORR MARE (%) RMSE (m) CORR MARE (%)
1 0.192 0.896 4.02 0.102 0.939 0.94 0.153 0.851 1.23
2 0.235 0.752 4.50 0.173 0.803 1.64 0.174 0.808 1.68
3 0.252 0.675 4.72 0.195 0.741 1.91 0.196 0.735 1.86
4 0.257 0.650 4.78 0.209 0.699 2.32 0.226 0.627 2.15
5 0.266 0.606 4.92 0.219 0.658 238 0.230 0.609 2.34
Table 4. Model performance with lead times at HC station
TFNM ANN ANFIS
Lead time
RMSE (m) CORR  MARE (%) RMSE (m) CORR  MARE (%) RMSE (m) CORR  MARE (%)
1 0.269 0.900 438 0.189 0.938 1.29 0.135 0.950 0.875
2 0.351 0.757 5.28 0.222 0.858 2.04 0.244 0.823 1.89
3 0.379 0.683 5.72 0.257 0.800 2.50 0.245 0.800 2.50
4 0.399 0.625 6.00 0.285 0.750 2.80 0.326 0.669 291
5 0.405 0.596 6.11 0.306 0.702 3.14 0.339 0.628 3.15
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Fig. 6. Results of groundwater level prediction at CS station: (a) TFNM; (b) ANN; (c) ANFIS.
Table 5. Sensitivity analysis for the input structure at BE station
Model TFNM ANN ANFIS
ode
RMSE (m) CORR MARE (%) RMSE (m) CORR MARE (%) RMSE (m) CORR MARE (%)
P1G1 0.135 0.748 11.2 0.026 0.988 1.36 0.026 0.987 1.29
P1G2 0.135 0.750 11.2 0.027 0.988 1.42 0.027 0.986 1.38
P1G3 0.135 0.749 11.3 0.026 0.987 1.39 0.031 0.980 1.43
P2G1 0.136 0.746 11.5 0.025 0.989 1.24 0.041 0.965 2.11
P2G2 0.137 0.748 11.7 0.027 0.988 1.36 0.030 0.981 1.41
P2G3 0.137 0.749 11.7 0.026 0.988 1.45 0.037 0.970 1.54
P3G1 0.136 0.746 11.6 0.025 0.989 1.38 0.032 0.980 1.33
P3G2 0.136 0.748 11.7 0.027 0.988 1.51 0.025 0.988 1.26
P3G3 0.137 0.748 11.7 0.025 0.988 1.29 0.043 0.962 1.91
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Fig. 7. Results of groundwater level prediction at HC station: (a) TFNM; (b) ANN; (c) ANFIS.
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