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1. Introduction 

Due to excessive withdrawal of groundwater, it's modeling in warm and arid regions are of very importance. 
Prediction of groundwater is important from different aspects of water resource management. In current years, 
the application of intelligent models in simulation has good results because of simplicity and high accuracy. 
Based on the previous studies, tin more investigations were used weather and hydrogeology parameters as 
input in intelligent models. While the effect of the ENSO phenomenon on climate and hydrology and 
hydrogeology was evaluated. The purpose of present study was an evaluation of intelligent models including 
artificial neural network (ANN) and co-active neuro-fuzzy inference system (CANFIS), wavelet transform 
combined with ANN (WANN) and WCANFIS models in forecasting groundwater level base on ENSO indexes.  
 
2. Methodology 

In this study, different models of neural artificial neural network (ANN), Co-active neuro fuzzy-inference 
system (CANFIS), wavelet- ANN (WANN) and Wavelet- CANFIS (WCANFIS) in the estimation of ground water 
level in the Hormozgan State was assessed. For this purpose, the application of different ENSO indexes in the 
estimation of the seasonally groundwater level was considered. The ENSO indexes were including Pacific North 
American Index (PNA), Multivariable Enso Index (MEI), Trans- Nino Index (TNI), NINO 1+3, NINO 3, NINO 4 
and Sea Surface Temperature (SST) during 1990-2013. 

In ANN structure was used the Levenberg Marquate learning role and Sigmoid and Tangent functions. In 
CANFIS structure was applied functions of Bell and Gaussian with 2 to 4 function number. Running of all models 
was done in NeuroSolution software. For wavelet transform was Haar function with 4 levels in Matlab software.  

The result comparison of each model was done by the Normal Root Mean Square Error (NRMSE) criterion.  
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where Xi, Yi: ground water level data of observed and predicted by each model, n: number examples.  
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3. Results and discussion  

Fig. 1 shows the percent of the significant correlation wells between GROUND WATER LEVEL and ENSO 
indexes. 

 
 

  
Fig. 1. The percentage of the significant correlation wells between GROUND WATER LEVEL and ENSO indexes 

  
As seen, the PNA index had more correlation with groundwater level changes. The run different structures 

in four seasons indicated that groundwater level prediction accuracy in summer was more than other seasons. 
Based on the best structure in prediction of summer groundwater level, the value of root mean square error of 
normal and correlation coefficient were 0.014 and 0.986 what that had 0.093 m overestimated. Also, the WANN 
method was better than other methods in estimation of groundwater level in the spring, summer and winter 
seasons. But, WCANFIS method was suitable for the estimated autumn groundwater level. 
 

 

 
Fig. 2. The results of the predicted ground water table by the optimal structure of each model 

 
As shown in Fig. 2, the estimated value of neural intelligent models has a high overlap with the observed 

values. It can be concluded that the application of intelligent models by ENSO indexes as inputs have high 
accuracy in predicting ground water level. 

The comparison of optimal results of predicted ground water level in four seasons shows that the best 
results of WANN belong to the summer season with NRMSE=0.014, MBE= 0.093 m and r=0.970. The best result 
of spring was observed in WANN with NRMSE =0.02, MBE=0.081 and r=0.970. For the winter season, the best 
results showed in WANN with NRMSE=0.024 and r=0.948. The best result in the autumn season related to 
WCANFIS with NRMSE=0.027 and r=0.869. These results in comparing with previous studies show that using 
ENSO indexes, the accuracy of intelligent models is increased. Instance, in study of Dehghani et al. (2009), the 
r and MBE calues were 0.98 and 4.577, respectively. Also, in the study of Khashei and et al. (2013) reported 
r=0.94 in the prediction of ground water level using ground water level data in before time steps. 
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4. Conclusions 

The results indicated that the accuracy of estimation of ground water level using ENSO indexes was more 
than previous studies that used weather parameters and GROUND WATER LEVEL in before times steps. It 
illustrates the importance of the ENSO phenomenon in the assessment of GWT changes what is paid attention 
to it a few. So using intelligent models, especially wavelet transform combined with artificial neural network 
and ENSO indexes, can be increased the estimated accuracy of ground water level.  
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