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Abstract 

The accurate prediction of groundwater level is important for sustainable utilization and 
management of groundwater resources. In the present study, the efficacy of three artificial neural 
networks, namely multilayer perceptrons (MLP), recurrent neural network (RNN) and radial basis 
function network (RBFN) was compared for predicting water tables in an alluvial aquifer system. 
ANN modeling in conjunction with GA optimization technique was carried out to predict water 
tables at six sites over the study area. The inputs for the ANN models consisted of rainfall, 
temperature and river stage, 11 seasonal dummy variables and significant lags of rainfall, 
temperature, river stage and water tables. These ANN models were trained using gradient 
descent with momentum (GDM) algorithm. The GA technique was used to optimize the 
number of hidden neurons, learning rate and coefficient of momentum of these ANN models. 
The predictive ability of the three ANN models developed for each of the six sites was 
evaluated using four statistical indicators (bias, RMSE, NSE and IOA) as well as visual 
checking. Based on the results of this study, the RNN model was found to be most efficient in 
predicting monthly water tables at almost all the sites. It can be concluded that the hybrid ANN 
technique can be effectively used for predicting water table fluctuations, especially under data-
scarce conditions. 
 
Keywords: Water table prediction, Hybrid artificial neural network, Goodness-of-fit statistics, 
Alluvial aquifer system. 
 
1. Introduction 

 Groundwater modeling has emerged as a powerful tool to develop a sustainable 
management scheme for optimizing groundwater use and protecting this vital resource. 
However, since groundwater is hidden and groundwater processes exhibit a high degree of 
temporal and spatial variability, modeling groundwater fluctuations is a very difficult task. 
There are many physically based models to simulate groundwater fluctuations. However, the 
data requirements for the physically based models to simulate groundwater fluctuations are 
enormous, which are generally difficult or expensive to obtain, especially in developing 
countries (Coulibaly et al., 2001; Nikolos et al., 2008). In such cases, empirical models serve an 
attractive alternative as they can provide useful results using relatively less data and are less 
laborious and cost-effective. Artificial Neural Network (ANN) models are one of such models, 
which are treated as universal approximators and are very much suited to dynamic nonlinear 
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system modeling (ASCE 2000). The main advantage of this approach over traditional methods 
is that it does not require the complex nature of the underlying process to be explicitly 
described in a mathematical form. After proper training, they are able to generate satisfactory 
results for many prediction problems in hydrology (ASCE, 2000). This makes ANN an 
attractive tool for modeling groundwater fluctuations. 

Owing to the difficulties associated with the nonlinear model structure identification 
and parameter estimation, artificial neural networks (ANNs) have been used for forecasting in 
many areas of science and engineering in recent years (Nayak et al., 2006). Although several 
researchers have applied ANNs for groundwater-level prediction (e.g., Coppola et al., 2003; 
Daliakopoulos et al., 2005; Lallahem et al., 2005; Nikolos et al., 2008; Krishna et al., 2008; 
Mohanty et al., 2009), the use of hybrid ANN technique in groundwater modelling is somewhat 
limited. The goal of present study was to assess the efficacy of hybrid ANN technique for 
predicting water table fluctuations at multiple sites in an alluvial aquifer system. To accomplish 
this goal effectively, we need to have continuous and long-term hydrological and water table 
time series data, which are not easily available in developing nation. Therefore, in this study 
the required datasets have been obtained from an alluvial aquifer system of Japan, which has 
been investigated in depth by the second author. 

2. Study Area Description 
The study area selected for the present study is Konan groundwater basin, which is 

located in Kochi Prefecture of Shikoku Island, Japan (Fig. 1). This basin has adequate and 
good-quality hydrologic and groundwater level data at multiple sites which were required for 
the present study. The Konan groundwater basin is bounded by the Monobe River (perennial) 
in the west and the Koso River (intermittent) in the east. Mountains demarcate the northern 
boundary and the southern boundary is demarcated by the Pacific Ocean. There are two more 
intermittent rivers called the Karasu River and the Yamakita River.  

     
Fig.1. Map of the study area with the location of observed sites 
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Unconfined aquifers comprising alluvial sand and gravel and/or diluvial silty sand and 
gravel are predominant over the basin and encompass the area between the Koso River in the 
east and the Monobe River in the west (Fig. 1). The aquifer hydraulic conductivity exhibits a 
large spatial variability, suggesting considerable heterogeneity of the Konan basin. It varies 
from 65 to 804 m/day, and is classified as ‘high’ (Jha et al., 1999). The overall flow of 
groundwater in the basin is from north to south into the Pacific Ocean, with significant Monobe 
River-aquifer interaction upto a larger portion of the basin.  
 
3. Materials and Methods 
3.1. Data Acquired 

The criteria used for selecting sites for this study were the availability and continuity of 
long-term daily water table data at individual sites. Based on these criteria, six sites (A-2, B-3, C-
2, D-6, E-2, and E-4) were selected for the simulation of water table fluctuations for the 1999-
2004 period by using hybrid ANN technique. The location of these sites is shown in Fig. 1 as 
encircled observation wells. The daily rainfall data of 6 years (1999 to 2004) were acquired from 
the Gomen Meteorological station located at about 7 km west of the Monobe River, Nankoku-shi, 
Japan. The daily river-stage data of the Monobe River at the Fukabuchi gauging station (Fig. 1) 
for the 1999-2004 period were collected from the Kochi Work Office, the Ministry of 
Construction, Japan. The daily maximum and minimum ambient temperatures for the 1999-2004 
period were also collected from the Gomen meteorological station, Nankoku-shi, Japan. The daily 
water table data for the six sites were obtained for the 1999-2004 period from the Kochi 
Prefectural Office, Kochi City, Japan.  
3.2. Overview of ANN Architectures and Training Algorithms 

A neural network is a simplified model of the biological neuron system consisting of a 
massively parallel distributed processing system made up of highly interconnected neural 
computing elements that have the ability to learn and thereby acquire knowledge and make it 
available for use (Haykin, 1994). It resembles the human brain in two aspects: (a) knowledge is 
acquired by the network from its environment through a learning process, and (b) Interneuron 
connection strengths, known as synaptic weights, are used to store the acquired knowledge 
(Haykin, 1994).  
 

 
Fig.2. Basic nonlinear model of a neuron 

In other words, ANN discovers the relationship between a set of inputs and desired 
outputs without giving any information about the actual processes involved; it is in essence 
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based on pattern recognition. The basic unit of ANN, the artificial neuron, simulates the two 
basic functions of biological neurons: first it computes the weighted sum of all the inputs fed 
into it and this computed sum is then passed through an activation function/non-linear filter to 
generate the output. Fig. 2 illustrates a nonlinear model of a neuron, which forms the basis for 
designing an artificial neural network (ANN).  
3.3. ANN Architectures Used in the Study  

In this study, three different network architectures viz., Multilayer Perceptron (MLP), 
Recurrent Neural Network (RNN), and Radial Basis Function Network (RBFN) have been used 
to design ANN models for predicting monthly water tables over the study area.  

A multilayer perceptron (MLP) is a layered feedforward network typically trained with 
static backpropagation [Fig. 3(a)] and consists of input layers, output layer(s) and one or more 
hidden layers. The input signal moves in only forward direction from the input nodes to the 
output nodes through the hidden nodes which help in performing useful intermediary 
computations. The major advantage of MLP network is that they are easy to handle, and can 
easily approximate any input-output map (Fausett, 1994). The second architecture was 
recurrent neural network (RNN), which is a modification of the multilayered feed-forward 
network with the addition of a ‘context layer’ [Fig. 3(b)]. At each time step, new inputs are fed 
to the network and the previous contents of the hidden layer are passed into the context layer. 
The RNN can have an infinite memory depth and thus find relationship through time as well as 
through the instantaneous input space (Fausett, 1994). The third architecture used was Radial 
Basis Function (RBF) network, which is a three-layer feed-forward network [Fig. 3(c)] that 
uses a linear transfer function for the output units and a nonlinear transfer function (normally 
the Gaussian) for the hidden layer neurons (Bishop, 1995). The centers and widths of the 
Gaussians are set by unsupervised learning rules. After the center is determined, the connection 
weights between the hidden layer and output layer can be determined simply through ordinary 
backpropagation training. The output layer performs a simple weighted sum with a linear 
output. RBF networks may require more neurons than standard MLP networks, but tend to 
learn much faster than MLPs. 

                         

 
(a) Multilayer perceptron.             (b) Recurrent neural network.         (c) Radial basis function network 

Fig.3(a-c). Types of neural network architectures (after Hertz et al., 1991) 
 
3.4. Training Algorithm Used in the Study 

Gradient descent with momentum back propagation algorithm was used in this study to 
train the ANN architectures. This algorithm uses backpropagation to calculate derivatives of 
performance cost function with respect to the weight and bias variables of the network. Each 
variable is adjusted according to the gradient descent with momentum. The equation used for 
update of weight and bias is given by (Haykin, 1994): 
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where, Δwji(n) is the correction applied to the synaptic weight connecting neuron i to neuron j, α 
is the momentum,   is the learning-rate parameter, and E is the error function. The equation is 
known as the generalized delta rule and this is the simplest and most common way to train a 
network (Beale and Jackson, 1990).

           
 

 
3.5. Development of ANN Models  

In the present study, the ANN model was designed to predict water tables at six sites 
(Fig. 1) using a set of suitable input parameters. The input parameters for the ANN model were 
decided by considering the parameters which have potential to affect the water table. Various 
steps adopted for developing ANN models are briefly described in the following sub-sections. 
3.5.1. Selection of Inputs and Determination of ANN Parameters 

 One of the most important steps in the ANN model development process is the 
selection of significant input variables. Usually, not all of the potential input variables will be 
equally informative, because some may be correlated, noisy, or have no significant relationship 
with the output variable being modeled (Maier and Dandy, 2000). In this study, input variables 
were selected based on cross-correlation, autocorrelation and partial autocorrelation technique. 
To study the influence of input parameters (rainfall, temperature, and river stage) on the water 
tables of selected sites, cross-correlation analysis was performed. Table 1 shows the values of 
three input variables for six sites. It shows that rainfall, temperature and river stage show a 
good correlation with water table of all sites. Apart from the hydrological variables, 11 seasonal 
dummy variables were used to capture the seasonal fluctuation of the water tables over the 
study area. Moreover, the influence of multi-period lags of rainfall, temperature and river stage 
on water tables at six sites was examined by cross-correlation technique. 

Table1. Correlation coefficients of independent variables for six sites 

Site 
Values of Correlation Coefficient  

Rainfall (mm) Temperature (ºc) River Stage (m MSL) 
A-2 0.818 0.881 0.904 
B-3 0.801 0.687 0.744 
C-2 0.651 0.881 0.694 
D-6 0.721 0.875 0.797 
E-2 0.679 0.888 0.757 
E-4 0.676 0.917 0.739 

 
 

 

 

 

 

Fig.4. The correlogram (ACF and PACF plot) for water table at Site A-2 
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Similarly, the effect of previous month’s water tables on the current month’s water 
tables was analyzed by autocorrelation and partial autocorrelation techniques (Fig. 4) with the 
help of STATISTICA software. Since the effect of higher lags (greater than two months) on 
water table is practically insignificant, the lags up to two months have been considered as input 
variables to the ANN models at six sites. Finally, the selected inputs for each site consisted of 
monthly rainfall, monthly mean temperature, monthly mean river stage, 11 seasonal dummy 
variables, and significant lags (lags of 1-month and 2-month) of rainfall, ambient temperature, 
river stage, and water table. This resulted in 22 nodes in the input layer. 

For all the ANN models, a three-layer network, with a logistic sigmoid transfer 
function in the hidden layer and a linear transfer function in the output layer were selected in 
this study. Genetic algorithm (GA) was incorporated in the back-propagation algorithm to 
determine the optimum learning rate and momentum coefficient and number of hidden neurons. 
Error-correction learning is used in this study to train the network to obtain the optimized 
connection weights by minimizing the error between the actual output of a neuron in the 
network and the target response for that neuron. Initial weight range of -0.5 to 0.5 was selected 
and then optimized using Eqn. (1) for all the ANN models. 
3.5.2. Optimization of ANN model parameters by GA Technique  

The GA technique was used to optimize the number of hidden neurons, learning rate 
and coefficient of momentum for the ANN models considered in this study. Firstly, the 
chromosomes consisting of ‘genes’ of binary numbers were characterized (encoded) by three 
sets of unknown parameters (i.e., hidden neurons, learning rate and coefficient of momentum). 
The GA parameters such as selection method, crossover probability, mutation probability, 
population size, and number of generations were decided based on trial and error and standard 
literature (Goldberg, 1989), which are summarized in Table 2.  

Table 2. Genetic algorithm (GA) parameters for the optimization of hidden neurons, learning 
rate and momentum coefficient 

The genetic algorithm was started with 50 randomly generated chromosomes, with 
gene structures as mentioned above and then the fitness of each chromosome was evaluated. 
Then the best-fit chromosomes were chosen by roulette wheel selection based on the ranking 
algorithm method and the crossover and mutation operators were applied to produce a new 
population (chromosomes) for the next generation. The new chromosomes thus reproduced 
were evaluated based on their fitness values and this procedure of evaluation of the 
chromosomes and reproduction was repeated until a pre-defined termination criterion (i.e., 
‘Fitness Threshold’) of 0.001 m2 was satisfied. The combination of parameter that produced the 
lowest fitness value during training runs was selected as an optimal ANN network. The 

GA Parameters Type/Values 
Selection (Reproduction) Mechanism Roulette Wheel  
Basis of Chromosome Selection Fitness (Mean Square Error) 
Crossover Type Two-point 
Crossover Probability 0.9-1.0 
Mutation Type Uniform 
Mutation Probability 0.001-0.01 
Maximum No. of Generation 200 
Population Size (No. of Chromosomes) 50 
Termination Criterion (Fitness Threshold) 0.001 m2 
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monthly water table data of 4 years (1999-2002) were used for training the ANN models and 
those of 2 years (2003-2004) for testing. The entire ANN modeling was carried out using the 
Neural Builder Wizard of Neuro Solutions (version 5.05) software. 
 
3.6. Performance Evaluation of the Developed ANN Models 

The performance evaluation of all the ANN models developed for six sites was carried 
out using four statistical indicators (bias, RMSE, NSE and IOA) for training and testing periods 
in order to examine their effectiveness in predicting water tables at individual sites. The 
expressions for bias, RMSE, NSE and IOA are given by:  
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where, hoi = observed water table at ith time, hpi = predicted water table at ith time, oh = mean of 

the observed water tables, ph = mean of the predicted water tables, and n = total number of 
observations.  

Table3. Summary of GA-optimized parameters for the three ANN models at six sites 

Site 
MLP-GDM RNN-GDM RBFN 

Hidden 
Neurons η α Hidden 

Neurons η α Hidden 
Neurons η α 

A-2 12 0.601 0.298 11 0.480 0.570 19 0.521 0.697 
B-3 8 0.356 0.612 9 0.369 0.665 17 0.479 0.616 
C-2 10 0.561 0.689 9 0.551 0.612 20 0.353 0.671 
D-6 11 0.411 0.565 11 0.398 0.676 18 0.327 0.825 
E-2 7 0.318 0.521 10 0.361 0.7 25 0.355 0.698 
E-4 8 0.631 0.745 9 0.499 0.713 20 0.112 0.801 

          Note: η = Learning rate; α = Momentum coefficient. 

4. Results and Discussion 
4.1. Optimal Neural Network Parameters for the ANN Models 

Using the three combinations of neural network architecture and training algorithms 
viz., MLP-GDM, RNN-GDM, and RBFN, optimal artificial neural networks were designed to 
predict monthly water tables at six sites. Optimal parameters of the three ANN models thus 
obtained for six sites are presented in Table 3. Table 3 reveals that for the MLP-GDM model, 
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the optimal number of hidden neurons varies from 7 to 12, the optimal learning rate from 0.318 
to 0.631, and the optimal momentum from 0.298 to 0.745 for six sites. For the RNN-GDM 
model, the number of optimal hidden neurons ranges from 9 to 11, the optimal learning rate 
from 0.361 to 0.551, and the optimal momentum from 0.570 to 0.713. It is obvious from the 
above table that that RBFN model required highest number (17 to 25) of hidden neurons for 
convergence, whereas the optimal learning rate and momentum vary from 0.112 to 0.521 and 
0.616 to 0.825, respectively.  

 

 

 

 

 

 

 

                (a) MLP-GDM model at Site A-2                (b) RBFN model at Site B-3  
 

Fig.5(a, b). Variation of fitness with number of generation 
 
To demonstrate the efficacy of the GA technique in optimizing ANN parameters, 

fitness vs. number of generation plots at sites A-2 and B-3 are shown in Figs. 5(a,b) as an 
example. For the remaining sites the number of generations, fitness values and number of best 
chromosomes achieved during GA optimization of neural network architecture and learning 
parameters for the three ANN models are summarized in Table 4. 

Table4. Salient optimal GA parameters for the three ANN models at six sites 

Site 
MLP-GDM RNN-GDM RBFN 

No. of 
Gen. 

Best 
Chrom. 

Fitness 
(m2) 

No. of 
Gen. 

Best 
Chrom. 

Fitness 
(m2) 

No. of 
Gen. 

Best 
Chrom. 

Fitness 
(m2) 

A-2 32 24 0.004 25 31 0.004 40 19 0.022 
B-3 26 39 0.002 20 39 0.001 38 20 0.007 
C-2 17 42 0.024 18 39 0.056 25 25 0.251 
D-6 30 39 0.228 15 32 0.21 15 39 0.342 
E-2 10 40 0.071 8 36 0.053 36 25 0.053 
E-4 30 49 0.052 12 25 0.068 30 45 0.103 

 
4.2. Water Table Prediction by the Developed ANN Models  

The performance evaluation of the three ANN models developed for predicting water 
tables at six sites during training was carried out using four goodness-of-fit statistics, viz., bias, 
RMSE, NSE and IOA, and the results are summarized in Table 5. A comparison of goodness-
of-fits statistics obtained during training period (Table 5) revealed that RNN-GDM models 
perform well at sites A-2, B-3, D-6, and E-2, whereas at sites C-2 and E-4, MLP-GDM models 
achieve better results.  

It is observed from Table 5 that for the testing period the RMSE values among the six 
sites vary from 0.068 (Site B-3) to 0.502 m (Site C-2) for MLP-GDM model, from 0.060 (Site 
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B-3) to 0.493 m (Site E-4) for RNN-GDM model, and from 0.169 (Site B-3) to 0.730 m (Site 
C-2) for RBFN model. The values of NSE range from 0.607 (Site B-3) to 0.884 m (Site A-2) 
for MLP-GDM model, from 0.613 (Site B-3) to 0.898 m (Site A-2) for RNN-GDM model, and 
from -2.04 (Site B-3) to 0.837 m (Site E-2) for RBFN model. Similarly, the values of IOA were 
found to vary from 0.916 (Site B-3) to 0.968 m (Site A-2) for MLP-GDM model, from 0.902 
(Site B-3) to 0.972 m (Site A-2) for RNN-GDM model, and from 0.415 (Site B-3) to 0.927 m 
(Site A-2) for RBFN model.  

Table 5. Goodness-of-fit statistics for the three ANN models at six sites 

 

Fig.6(a). Observed and predicted water tables using three ANN models at Site D-6 for the training 
(1999-2002) period 

However, it is also clear from Table 5 that for RBFN models, negative bias was found 
for all the sites except for sites C-2 and D-6. It is also apparent from this table that during 
testing period RNN-GDM models perform well at five sites (A-2, B-3, C-2, D-6, and E-2), 
whereas MLP-GDM model provides better results at Site E-4. However, the RBFN models 
provide good results at most sites except at Site B-3 (NSE = -2.04). In addition, the values of 

S.I. ANN 
Models 

Sites 

A-2 B-3 C-2 D-6 E-2 E-4 
Training Testing Training Testing Training Testing Training Testing Training Testing Training Testing 

RMSE 
(m) 

 

MLP-GDM 0.094 0.148 0.055 0.068 0.220 0.502 0.228 0.237 0.377 0.388 0.321 0.421 

RNN-GDM 0.093 0.138 0.053 0.060 0.336 0.447 0.210 0.207 0.326 0.326 0.369 0.493 

RBF 0.212 0.243 0.116 0.169 0.709 0.730 0.342 0.303 0.335 0.348 0.454 0.513 

Bias 

MLPGDM 0.002 -0.075 -0.013 -0.005 0.016 -0.140 -0.004 0.045 -0.016 -0.130 0.002 -0.293 

RNN-GDM -0.0004 -0.06 0.018 -0.02 -0.0001 -0.119 -0.003 0.013 0.031 -0.143 0.060 -0.070 

RBF -0.041 -0.004 -0.078 -0.139 0.285 0.063 -0.037 0.106 0.000 -0.170 0.041 -0.273 

NSE 

MLP-GDM 0.945 0.884 0.746 0.607 0.972 0.841 0.847 0.749 0.854 0.847 0.923 0.855 

RNN-GDM 0.946 0.898 0.770 0.613 0.934 0.874 0.870 0.809 0.891 0.868 0.801 0.801 

RBF 0.723 0.686 -0.097 -2.04 0.710 0.662 0.655 0.589 0.891 0.837 0.846 0.784 

  IOA 

MLP-GDM 0.985 0.968 0.929 0.916 0.987 0.959 0.946 0.925 0.951 0.948 0.979 0.964 

RNN-GDM 0.985 0.972 0.923 0.902 0.970 0.969 0.963 0.955 0.969 0.964 0.949 0.949 

RBF 0.924 0.927 0.676 0.415 0.871 0.918 0.912 0.919 0.870 0.865 0.857 0.846 
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bias obtained during testing of the MLP-GDM and RNN-GDM models are negative at all the 
sites (except for Site D-6) indicating over-prediction of water tables by the models. Besides the 
quantitative evaluation, the efficacy of the three ANN models in predicting water tables was 
also assessed by visual comparison of predicted and observed water-table hydrographs at 
individual sites as shown in Fig.7(a,b) as an example [Site D-6]. These plots also revealed that 
the RNN-GDM model performed better than other two ANN models at almost all the sites. 
 

 

     

 

 

 

 

 

 

 

 

 
Fig. 6(b). Observed and predicted water tables using three ANN models at Site D-6 for the testing (2003- 

2004) period 

5. Conclusions 
In this paper, we have evaluated three ANN architectures to identify the most efficient 

neural network configuration for predicting monthly water tables in the study area considering 
relevant input variables. GA technique was used to optimize the number of hidden neurons, 
learning rate and coefficient of momentum for the three ANN models considered in this study. 
The effectiveness of the three ANN models developed for each of the six sites was assessed 
using statistical indicators as well as visual comparison of observed and predicted water tables. 
The RNN models were found to be most efficient for predicting monthly water tables at almost 
all the sites, followed by the MLP models and RBFN models. The GA technique is found to be 
efficient in determining optimal ANN architecture and internal parameters. However RBFN 
model fails to provide reliable prediction of monthly water tables at Site B-3. Overall, it can be 
concluded that hybrid neural network technique can be used effectively for the prediction of 
water tables in a basin/sub-basin, especially in the developing countries where the adequacy and 
quality of field data are serious issues for groundwater management. 
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