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ABSTRACT   

JOORABCHI, A., ZHANG, H. and BLUMENSTEIN, M., 2009. Application of artificial neural networks to groundwater 
dynamics in coastal aquifers. Journal of Coastal Research, SI 56 (Proceedings of the 10th International Coastal 
Symposium), 966 – 970. Gold Coast, Australia, ISSN 0749-0258. 

In the present study, Artificial Neural Networks (ANNs) are adopted to simulate groundwater table fluctuations. 
A multilayer feed-forward neural network model has been developed and trained using a back-propagation 
algorithm. The training data was based on field measurements (KANG et al., 1994) from five different locations 
down the east coast of Australia. The data included information on watertable, tide elevation, beach slopes and 
hydraulic conductivity at each beach. The results from the developed model show that the artificial neural 
network model is very successful in terms of the prediction of a target that is dependent on a number of 
variables. Sensitivity analysis was undertaken which confirmed that a variation in tide elevation is the most 
important parameter to use for simulating groundwater levels in coastal aquifers. 

ADITIONAL INDEX WORDS: Watertable, Coastal Aquifers, Neural Networks, Back-propagation 
 

INTRODUCTION 
An interesting problem in water resource engineering is 

groundwater dynamics that occur near the coast. According to 
TURNER et al. (1997), knowledge of groundwater dynamics in 
coastal aquifers is important for understanding sediment 
transport processes in the swash zone; shoreline stability; the 
design of coastal structures close to beaches; water quality in 
closed coastal lakes and lagoons; the operation of dune sewage 
disposal and domestic water supply. Analytical methods or 
numerical models have been used to predict this groundwater 
table fluctuation due to tides, waves and precipitation etc. 
Some numerical and analytical models, such as NIELSEN’S 
(1990) and JENG et al.’s (2005), are available to help estimate 
groundwater table fluctuations under the effect of tides or 
waves, hydraulic conductivity, beach slope and porosity. These 
models solve equations of underlying physical processes which 
include the development of analytical or numerical models for 
groundwater in coastal aquifers. These models are generally 
complex; therefore artificial neural networks (HAYKIN, 1994) 
can be used as an alternative to process-based models. ANN 
models help in making maximum use of the existing data by 
identifying patterns in the data that can be used to predict the 
future values of specific variables. The successful application 
of ANNs in solving other engineering problems motivated the 
current investigation into how accurate the ANN model could 
predict the fluctuation of the groundwater table in coastal 
aquifers. The sensitivity of the model with tide, distance, 
hydraulic conductivity and beach slope was trialed using the 
data.  

Based on the underlying physics of the groundwater 
dynamics in coastal aquifers, the parameters that affect the 
fluctuations including tide elevation, beach slope (tanβ) and 
hydraulic conductivity (K) were selected. These data, chosen 
from measurements along the eastern coast of Australia (Figure 
1), were based on the work of KANG et al. (1994).  

The selected sites have common characteristics in that they 
were two dimensional (i.e. allowing cross-sectional 
representation) and were composed of homogeneous sand 
(KANG et. al, 1994). The data included water levels in 
monitoring wells, usually at 30, 20 or 15 minute intervals over 
a 25 hour period. The tide was also monitored with the typical 
range being 1 to 2 metres. Because of high measured intervals 
for sea water elevation, the wave data could not be 
distinguished in the recorded data. Therefore, tide was assumed 
to be the dominant force in this model. Hydraulic conductivity 
(Table 1) was measured in situ between the seepage exit point 
and the run-up limit during low tide. The average beach slope 
(tanβ) was also measured and, as indicated in Table 1, it was an 
important cause of nonlinearity in the physical process. 
 
Table 1: Summary of beach characteristics (adopted from Kang 
et al. (1994)). 

Location tanβ K(m/s) 
Kings Beach 0.103 3.0×10-4 
Eagers Beach 0.040 3.4×10-4 
Shelly Beach 0.110 2.4×10-3 
Brunswick Beach 0.037 1.2×10-4 
Unnamed Beach, 
N. Bribie Island 

0.030 3.7×10-5 
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METHODS 
A classic multilayer feed-forward network (Figure 2) trained 

with the back-propagation algorithm (RUMELHART et al., 
1987) was developed for this study using MATLAB and the 
Neural Network Toolbox. The method for dividing the data 
into training (60%), validation (20%) and testing (20%) was 
arbitrary, to include all random behaviours of the watertable 
fluctuations. A common problem that happens during the 
training of a neural network is over-fitting. Since the network 
has memorised the training pattern, it is unable to generalize to 
new data. While, in such a case the error for a training set is 
very small, the network results enlarge the error for the new 
data sets.  With the early stopping method (HAYKIN, 1994), if 
an error of the validation data set is more than a certain 
number, then the training will be stopped to avoid over-fitting. 

Different ANN structures have been investigated to find the 
optimum ANN model. The ANN models with one and more 
hidden layers were examined. The optimum neuron number in 
each hidden layer was also investigated. The performance of 
the ANN model can be quantified by statistical measures 
(HAYKIN, 1994) addressing the magnitude of the variables. 
The model can be validated in terms of root mean square error 
(RMSE), correlation coefficient (R) and scatter index (SI).  

The model with two hidden layers containing 20 and 10 
neurons in each respective layer was found to be the best ANN 
model. The models with higher complexity in the ANN 
structure did not result in a better performance as it required a 
greater number of data to train these networks. 

 
 
 
 
 

 

 
Figure 2. Architecture of the developed ANN model for 
prediction of groundwater elevation 
 

Log-sigmoid and linear transfer functions for hidden layers 
and output layers, respectively, were found to have better 
results in this particular ANN model. The selected network 
parameters are listed in Table 2. The model performance was 
influenced by the data used for training and testing. The ANN 
training was stopped by the early stopping method when the 
error in the validation data set increased over five iterations to 
avoid over-fitting. 
 

Table 2: Network parameters for the developed ANN model 

ANN Parameter Value
Number of hidden layers 2 

Number of iterations to train 193 

Learning rate 0.01 

RESULTS AND DISCUSSIONS 
As an example of prediction, the measured and predicted 

data are plotted in Figure 3 for the testing data set from Bribie 
Island. This figure shows a good agreement between the 
predicted and measured watertable. As indicated in Figure 4, 
the developed model tends to overestimate the watertable in the 
places closer to the coastline with higher fluctuations. 
However, the prediction is very accurate (R=1, RMSE=0.07 and 
SI=0.1). As it moves further from the coastline, the simulation 
errors are increasing. The Coefficient of Correlation was more 
than 0.9 within 20 metres from the coastline. Outside this zone, 
the prediction accuracy dropped rapidly for Kings Beach. The 
total R, RMSE and SI for Kings Beach were 0.94, 0.12 and 1.83 
respectively. Since the mean watertable of the monitoring wells 
in Kings Beach were very small, the SI values are greater than 
for the other beaches. Detailed model performance for beaches 
is available in Table 3.  

The ANN model results for Eagers Beach had a prediction 
performance of R=0.98, RMSE=0.09 and SI=0.01. Eagers 
Beach and Brunswick Beach had the best accuracy among the 
other beaches. The highest RMSE belonged to Shelley Beach at 
0.15.  

The ANN model tends to underestimate the maximum 
watertable in the wells close to the coastline except in Bribie 
Island where the predicted watertable is above the recorded 
watertable. 

 

Figure 1.  Location of watertable monitoring wells. (ANRA, 
2008, Adopted from Kang et al., 1994) 
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Table 3: Performance of the developed ANN model for the 
testing data set 

 Well  
No. 

17 16 15 12 9 5 1 Total

K
in

gs
 

B
ea

ch
 

Dist. - 0 3.4 9.6 15.5 23.5 48.4 - 

R - 1.00 0.99 0.84 0.94 0.72 0.05 0.94 

RMSE - 0.07 0.04 0.11 0.13 0.13 0.09 0.12 

SI - -0.10 -0.08 -0.31 3.25 2.60 4.50 -1.83

E
ag

er
s 

B
ea

ch
 

Dist. - 0 10 33.1 45.8 62 96.8 - 

R - 1.00 0.97 0.87 0.94 0.83 0.09 0.98 

RMSE - 0.06 0.11 0.06 0.08 0.15 0.03 0.09 

SI - 0.01 0.02 0.01 0.01 0.02 0 0.01 

S
he

ll
ey

 
B

ea
ch

 

Dist. - - - 0 10 23.7 42.5 - 

R - - - 1.00 0.67 0.87 0.57 0.98 

RMSE - - - 0.11 0.10 0.15 0.10 0.15 

SI - - - 0.03 0.02 0.03 0.02 0.03 

B
ru

ns
w

ic
k 

B
ea

ch
 

Dist. 0 18 35.6 51.7 57.9 65.9 99 - 

R 1.00 1.00 0.94 0.97 1.00 0.83 0.28 0.98 

RMSE 0.12 0.11 0.08 0.07 0.04 0.09 0.06 0.09 

SI 1.09 -1.38 0.38 0.10 0.04 0.09 0.06 0.11 

B
ri

bi
e 

Is
la

nd
 

Dist. - - 0 38.5 53.4 63.2 90.4 - 

R - - 0.86 0.91 0.61 0.29 -0.1 0.91 

RMSE - - 0.08 0.06 0.09 0.08 0.07 0.08 

SI - - 0.13 0.06 0.08 0.07 0.07 0.07 

 
The times-series of measured and predicted watertable 

fluctuations for Kings Beach are displayed in Figure 4 as an 
example of ANN prediction. In this figure, the total testing set 
represents the total number of testing sets in each beach. In 
general, the wells closer to the coastline had the higher 
prediction accuracy in both magnitude and phase. The ANN 
model tends to overestimate the watertable at the coastline and 

underestimate at the higher water levels. This model also 
overestimated the watertable during the rise of water and it 
underestimated the watertable during the fall in the water level. 
 

SENSITIVITY STUDY 
In the present study, the ANN model depends on parameters 

such as tide elevation, distance from the coastline, hydraulic 
conductivity and beach slope. The sensitivity of each input 

parameter was examined by removing each input parameter 
from the data set. Table 4 summarizes the results of the testing 
data set for the sensitivity analysis in terms of the Correlation 
Coefficient (R), Root Mean Square Error (RMSE) and Scatter 
Index (SI). 

Since the measured intervals for sea water elevation were 
greater than 15 minutes, the wave effect could not be 
distinguished in the recorded data. Therefore, tide was assumed 
to be dominant in this model. If the tide is removed from the 
input data, the ANN cannot correctly simulate the fluctuation. 
In this situation, the predicted watertable for all time steps at 
each monitoring point is close to the mean watertable. As 
indicated in figure 5, it can be seen that the prediction results 
are constant for any time step making them similar to the mean 
watertable. By comparing the results of the sensitivity analysis 
for Bribie Island, as a good example, it can be concluded that 
by removing tide data from the model inputs, the worst 
predictions resulted. In this situation, R dropped from 0.91 to 
0.62. In addition, RMSE and SI increased from 0.08 to 0.14 and 
0.07 to 0.14, respectively.  

The effect of the distance from the beach face on the 
watertable fluctuation was also examined. From the ANN 
model results it is concluded that if the distance is not included, 
the neural network model could only simulate the fluctuation of 
the watertable and the magnitudes that are similar for any point 
inland. If the distances from the coastline have been removed 
from the inputs then the second inaccurate prediction occurs. In 

Figure 3.  The comparison of watertable fluctuations between 
the ANN model predictions and measured field values 

Figure 4. Time-series of actual and predicted groundwater 
.table fluctuation for Kings Beach. 
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this situation R dropped from 0.91 to 0.52. Additionally, RMSE 
and SI increased from 0.08 to 0.16 and 0.07 to 0.15, 
respectively. 

 

Table 4: Model performance for sensitivity study 

 

N
or

m
al

 C
on

di
ti

on
 Removed Parameter 

Tide Dist. K 

B
ea

ch
 S

lo
pe

 

K
 a

nd
 B

ea
ch

 
S

lo
pe

 

K
in

gs
 

B
ea

ch
 R 0.94 0.67 0.68 0.94 0.93 0.90 

RMSE 0.12 0.25 0.25 0.11 0.13 0.15 

SI -1.83 -3.95 -3.89 -1.76 -1.99 -2.34 

E
ag

er
s 

B
ea

ch
 R 0.98 0.94 0.37 0.98 0.99 0.98 

RMSE 0.09 0.18 0.46 0.10 0.08 0.09 

SI 0.01 0.02 0.06 0.01 0.01 0.01 

S
he

ll
ey

 
B

ea
ch

 

R 0.98 0.96 0.50 0.98 0.98 0.98 

RMSE 0.15 0.20 0.64 0.15 0.14 0.15 

SI 0.03 0.04 0.13 0.03 0.03 0.03 

B
ru

ns
w

ic
k 

B
ea

ch
 

R 0.98 0.86 0.51 0.97 0.96 0.94 

RMSE 0.09 0.21 0.34 0.11 0.11 0.13 

SI 0.11 0.25 0.41 0.13 0.13 0.16 

B
ri

bi
e 

Is
la

nd
 R 0.91 0.62 0.52 0.91 0.89 0.86 

RMSE 0.08 0.14 0.16 0.08 0.10 0.12 

SI 0.07 0.14 0.15 0.08 0.09 0.11 

 
As listed in Table 4, there is not a significant change in the 

result when hydraulic conductivity was removed from the 
inputs. Therefore, hydraulic conductivity is not sensitive. The 
model results indicated the influence of beach slope on this 
prediction. By removing beach slope, the performance of 
prediction decreased by a small magnitude. Effect of beach 
slope also can be ignored if it is compared with the influence of 
tide and distance.  Therefore, it can be concluded that the 
hydraulic conductivity (K) of the soil and the beach slope do 
not have significant effects on the ANN model developed for 

this study due to the low number of measured values for these 
two parameters. 

In another experiment, by removing both hydraulic 
conductivity and beach slope, the prediction accuracy dropped. 
In this case, R dropped from 0.91 to 0.86. Additionally, RMSE 
and SI increased from 0.08 to 0.12 and 0.07 to 0.1, 
respectively. 

In addition to the applied parameters, soil porosity is an 
important factor that affects the dynamics of groundwater 
tables in coastal aquifers. However, due to a lack of this 
parameter in the measurements (KANG et al., 1994), soil 
porosity was not included in the modelling. It is reasonable to 
speculate, however, that an increase in the data for the porosity 
of soil will increase the accuracy of the prediction.  

The ANN results for testing the data set at Kings Beach is 
presented in Figure 6. Under normal conditions, all parameters 
are included in the ANN model. It can be seen that the model is 
sensitive to the tide elevation and the distance from the 
coastline in Figure 6(b) and 6(c), but it is not sensitive to the 
hydraulic conductivity (Figure 6(d)) and beach slope (Figure 
6(e)). 

CONCLUSION 
The application of the ANN to predict groundwater table 

fluctuations in coastal aquifers is investigated in this research. 
The back-propagation algorithm and the early stopping method 
have been used for the training procedure. The ANN model, 
with two hidden layers, has optimally estimated the watertable 
in the studied coastal areas. Field monitoring data, from five 
coastal aquifers on the east coast of Australia, were chosen to 
train, validate and test the model.  The ANN model predicts the 
watertable within 100 metres from the coastline.  

A sensitivity analysis helped to identify the effectiveness of 
the inputs for the developed ANN model. It has been found that 
tide variation is the most effective parameter for the fluctuation 
of the watertable. Without distance data, the ANN model can 
only predict the mean watertable for each monitoring point. 
Hydraulic conductivity and beach slope had no significant 
influences on the model due to the low number of these 
parameters used in training. Therefore hydraulic conductivity 
and beach slope can be removed from this model to simplify 
the ANN model. 

 

Figure 5. The water level comparison between the ANN 
prediction and measured values for some monitoring points in 
Eagers Beach without considering effects of tide. 
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(a) Normal condition (d) Hydraulic conductivity condition is removed 

(b) Tide condition is removed (e) Beach slope condition is removed 

(c) Distance condition is removed

 

(f) Beach slope and hydraulic conductivity are 
removed 

Figure 6. The water level comparison for Kings Beach 
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