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Abstract 

Managing the groundwater resources is very vital for human life. This research proposes a 

methodology for predicting the groundwater levels which can be very valuable in water resources 

management. This study investigates the application of multilayer feed forward network models 

for forecasting the groundwater values in the region of Montgomery country in Pennsylvania. 

Multiple training algorithms and network structures were investigated to develop the best model 

in order to forecast the groundwater levels. Several multilayer feed forward models were created 

in order to be tested for their performance by changing the network topology parameters so as to 

find the optimal prediction model. The forecasting models were developed by applying different 

structures regarding the number of the neurons in every hidden layer and the number of the hidden 

network layers. The final results have shown a very good forecasting accuracy of the predicted 

groundwater levels. This research can be very valuable in water resources and environmental 

management. 
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1 Introduction 

 

The protection and management of the natural resources has a great value for the human 

life. Considering the climate change and the increasing numbers of droughts, a 

sustainable groundwater level management can play an important role in preventing 

Groundwater Depletion and in reserving the health of the natural habitats (Biswas 2004; 

Dean et al. 2018; Langridge and Daniels 2017; Thomas and Gibbons 2018). 
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Predicting the levels of ground water could play an important role by leading to more 

sustainable solutions and water supply management practices since the stakeholders can 

make plans, apply strategies and take proactive measures towards public health 

protection when groundwater levels is predicted to be decreased below the normal 

levels (Famiglietti 2014; Howard et al. 2006; MacKay, 2006). 

The application of Information and Communication technology (ICT) have been 

enormously increased in environmental and water resources management (Kouziokas 

2016b, 2016c; Mysiak et al. 2005). Furthermore, technology based techniques such as 

artificial neural networks have been applied by several researchers in environmental and 

water resources management the last decades (Adamowski and Chan 2011; Giustolisi 

and Simeone 2006; Kouziokas 2016a, 2017a, 2017b; Kouziokas and Perakis 2017). 

The implementation of artificial neural networks has been mainly focused on solving 

forecasting-based problems. The main advantage of a neural network-based 

methodology is that it can model also nonlinear and very complex relationships 

between input variables and output-forecasting values in many kinds of time series 

forecasting cases (Zhang et al. 1998). 

Artificial neural network based techniques have been implemented by several 

researchers as a sophisticated tool in order to forecast groundwater level values in 

various study areas (Adamowski and Chan 2011; Babu et al. 2016; Barzegar et al. 2017; 

Chang et al. 2016; Giustolisi and Simeone 2006; Guzman et al. 2017; Hong 2017; Khalil 

et al. 2015; Mohanty et al. 2015; Supreetha et al. 2015; Tapoglou et al. 2014). 

Adamowski and Chan (2011), have developed coupling discrete wavelet transforms 

based on artificial neural networks for forecasting the groundwater levels. The 

constructed forecasting neural network models have yielded results which showed very 

precise forecasts for the monthly values of the groundwater levels. 

Giustolisi and Simeone (2006), have investigated the implementation of a neural 

network based methodology for forecasting the groundwater levels by applying a multi-

objective technique. The final results have illustrated a very good forecasting accuracy by 

implementing a linear model and also a nonlinear model in a short time series 

forecasting. 

In this research, artificial intelligence is used for building feed forward multilayer 

models in order to predict the groundwater levels in the selected study area by using 

also several meteorological data. The groundwater levels are very crucial to be 

predicted, since the management of the groundwater resources is very valuable for the 

prosperity of human life and also for the health of the natural environment. 

Several feed forward multilayer models have been constructed so as to investigate 

the development of the optimal prediction neural architecture. The developed network 

models can supply predictions of groundwater levels to the stakeholders which can be used 

in the decision-making process in water resources management and planning. In the next 

sections, the followed methodology, and also the discussion and the results are 
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described. 

 

2 Theoretical Background 

 

2.1 Feed Forward Artificial Neural Networks 

 

The Artificial Neural Networks (ANNs) are computing systems that their structure can 

simulate the human brain neural structure (Basheer and Hajmeer 2000; Suykens et al. 

2012). The Artificial Neural Networks (ANNs) were implemented in this study in order 

to develop and compare the most suitable prediction models to achieve the optimal 

groundwater prediction results. The main advantage of the neural networks is that they can 

model also non-linear relationships of the input and output parameters (Almeida 2002a, 

2002b; Zhang et al. 1998). In this study, a Multilayer Perceptron with a Feedforward 

structure was utilized, so as to develop the neural network based forecasting models 

(Blum and Li 1991; Hornik 1991; Hornik et al. 1989). The feed forward neural networks 

were chosen to be implemented in this research, since the literature have illustrated that the 

feed forward neural networks are the most suitable when the research problems have to 

deal with time series predictions (Kouziokas 2017c, 2017d; Kouziokas et al. 2016, 

2017; Tang and Fishwick 1993; Zhang et al. 2001). Figure 1 illustrates a typical neural 

network with a feed forward structure were the neurons are connected in only a forward 

direction. 

 

 

Fig. 1 A typical neural network with a feedforward structure. 

 

 

2.2 The Levenberg Marquardt Algorithm 

 

According to the results of the research, the Levenberg Marquardt algorithm produced 

the optimal forecasting results when used as the training algorithm in the Feed Forward 

Multilayer Neural Network models, compared to the other training algorithms. 

The Levenberg Marquardt algorithm was presented in 1963 as one of the fastest 

training algorithms (Marquardt 1963). In this study, the Levenberg Marquardt algorithm 

produced better output results than the other tested algorithms in the neural network 

topologies of the constructed models, such as the Scaled Conjugate Gradient, the Resilient 
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Backpropagation and the BFGS Quasi-Newton. 

The Levenberg Marquardt algorithm operates by combining the Gauss-Newton and 

the steepest descent algorithms and can be utilized for solving problems of nonlinear 

nature (Liu 2010; Lourakis 2005). 

 

2.3 Research Methodology 

 

The methodology consists of five main stages: the data collection and preparation, the 

feed forward neural network forecasting model creation, the comparison of the constructed 

network models in order to discover the optimal model according to the performance, the 

application of the optimal neural network model in predicting the groundwater levels and 

at last evaluating the prediction results by using the root mean squared error. 

At the first stage, groundwater information and meteorological data were collected 

and preprocessed in order to feed the developed neural network models. At the second 

stage, the neural network forecasting models were constructed by investigating different 

network topologies, training algorithms and transfer functions so as to develop the 

optimal neural network prediction model. In the next stage, a comparison of the 

constructed neural network models was implemented, so as to discover the optimal 

forecasting model by measuring the performance. In the fourth stage, the optimal neural 

network model was implemented in the test set in order to forecast the groundwater 

levels. In the final phase, the prediction results were assessed by comparing the Root 

Mean Squared Errors of the models. Fig. 2 shows an overview of the phases of the 

followed methodology. 

 

 

Fig. 2 Overview of the research methodology 
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3 Results 

 

3.1 Data Collection and Preparation 

 

The data regarding groundwater levels were downloaded from the official website of 

the United States Geological Survey (USGS) regarding the region of Montgomery 

country in Pennsylvania1. The meteorological data were downloaded from the official 

website of Pennsylvania State Climatologist office. At the initial stage, the data were pre-

processed regarding the daily data of the average relative humidity, the precipitation, and 

the average temperature in order to be used as inputs in the constructed feed forward 

multilayer models. 
 

 

 

Fig. 3 Daily groundwater level (feet below the land surface) 

 

The groundwater data that were collected for the Montgomery County Observation 

Well in Pennsylvania of USA for the 365 days of the year 2014, were prepared by 

checking them for duplicates, gaps, incoherencies, etc.). Figure 3 illustrates the values 

of the mean daily groundwater level (expressed in feet below the land surface) for the 

Montgomery County Observation Well regarding the year 2014. 

 

3.2 Artificial Neural Network Models 

 

Several input parameters were chosen in order to build the artificial neural network 

models. Several factors that influence the groundwater levels were taken into 

consideration such as the Average Relative Humidity (ARH), the Average Temperature 

(AT), the precipitation (PRE) which includes drizzle and rainfall and also the depth to 

the groundwater level (DGL) below land surface. 

The data were separated into three different parts. The 70% of the collected and pre- 

processed data were utilized as the training set, the 15% for the validation set and the 15% 

                                                      
1 https://www.usgs.gov/  

https://www.usgs.gov/
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for the test set. The training data set was used so as to train the feed forward neural 

network models with the collected data of the input factors. The validation set was 

utilized, so as to evaluate the network performance of every constructed neural network 

model. Also, the 10-Fold Cross-Validation method was utilized for evaluating the best 

prediction model. The 10-fold cross-validation is the most commonly used of the k-fold 

methods (McLachlan et al. 2005). In the k-fold cross-validation, the data sample is 

randomly separated into equal samples with size k. One of the subsamples is used for 

validating the model, and the remaining k − 1 subsamples for the training set (Kohavi 

1995). 

 

 

3.3 Optimum Neural Network Model Implementation 

 

In order to build the optimum prediction model, the neural network performance of the 

forecasting models that were tested. Several neural network topologies were investigated 

by implementing one to two hidden layers. Furthermore, the number of the nodes 

(neurons) in of every hidden layer was investigated by testing one to fifty neurons in every 

hidden layer and also the most common transfer functions for the hidden layers were 

tested. The training algorithms that were tested for every network model include the 

most common learning algorithms: The Resilient Backpropagation (RB), the Levenberg 

Marquardt (LM), the Scaled Conjugate Gradient (SCG) and the BFGS Quasi-Newton 

(BFGS-QN). 

The most commonly used transfer functions that were tested for the hidden layers are: 

The Tanh-Sigmoid Transfer Function (TSTF), the Linear Transfer Function (LTF), the 

Radial Basis Transfer Function (RADBASTF) and the Log-Sigmoid Transfer Function 

(LSTF). 

Table 1, shows the detailed information about the developed optimal artificial neural 

network models for every tested training algorithm (the two most accurate models for 

every teste training algorithm) by using several topologies and transfer functions in the 

hidden layers. Figure 4, illustrates a comparison chart of the optimal developed neural 

network models. 

Table 1 The best neural network models constructed by using different algorithms and topologies 
 

MODEL Training Number Number Number Transfer RMSE RMSE 10-Fold 

 Algorithm of hidden of hidden of hidden Functions Training Validation Cross- 

  layers nodes 1st 

layer 

nodes 2nd 

layer 

 Error Error Validation 

RMSE 

Error 

ANN1 RB 2 15 17 TSTF – LTF 1.1851 0.4469 0.3587 

ANN1A RB 2 19 18 TSTF – LTF 1.2189 0.3192 0.2986 

ANN2 LM 2 22 25 TSTF – TSTF 0.0001 0.0742 0.0562 

ANN2A LM 2 16 27 TSTF – TSTF 0.0025 0.1787 0.1289 

ANN3 SCG 2 15 26 TSTF – LTF 0.4944 0.6321 0.6298 

ANN3A SCG 2 12 23 TSTF – LTF 0.3589 0.5384 0.4985 

ANN4 BFGS-QN 2 17 22 TSTF – LTF 0.0673 0.2820 0.2569 

ANN4A BFGS-QN 2 15 31 TSTF – LTF 0.0948 0.3756 0.3148 

 



7 Kouziokas et al. 
 
 

 

 

 

Fig. 4 Comparison chart of the best neural network models 

 

The Root Mean Square Error (RMSE) was used so as to estimate the forecasting error 

and to assess the performance of every developed feed forward neural network model. 

The function for calculating RMSE is given by the following equation: 

 

𝑅𝑀𝑆𝐸 = √1

𝑁
∑ (𝑦𝑝𝑖

− 𝑦𝑟𝑖
)2

𝑁

𝑖=1
 (1) 

 

 

where ypi
 is the predicted value, yri

 is the real value and N represents the sample data. 

After testing different topologies and training algorithms the optimal neural network 

model was found to be the one with the Levenberg Marquardt (LM) algorithm. The 

optimal model was assessed according to the minimum Root Mean Squared Error 

(RMSE) that was found among all the other developed network models. The Root Mean 

Squared Error (RMSE) of the optimal model was found to be 0.0742 and the 10-Fold 

Cross-Validation RMSE Error was found 0.0562. 

The results have shown that the optimal topology of the neural network model that 

have yielded the best predictions had 22 neurons in the first hidden layer and 25 neurons 

in the second hidden layer. The transfer function of the best model was the Tanh-Sigmoid 

Transfer Function (TSTF) in the first hidden layer and also the Tanh-Sigmoid Transfer 

Function (TSTF in the second hidden layer. In Fig. 5 the topology of the optimal 

constructed neural network model is illustrated. 

 

Fig. 5 The topology of the optimal artificial neural network model 
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In Fig. 6, the plots of the training parameters are illustrated: the gradient, the Mu 

parameter which affects the error convergence, and the validation checks performed 

during the training process of the optimal neural network topology. 

In Fig. 7, the three-dimensional (surface) plot of the Mean Squared Error is illustrated. 

The linear regression was implemented in order to assess the forecasting accuracy of 

the optimal neural network model. The R value was utilized which represents the linear 

relationship between the predicted and the target values. When the R value is one, it 

illustrates that an exact linear relationship exists between the predicted values of the 

neural network model and the target values regarding the groundwater levels. 

The R value of the predicted levels and the real groundwater levels was found to be 

0.99775. The R value illustrates that the groundwater level predictions when using the 

optimal feed forward prediction model are very accurate for the selected study area. In Fig. 

8, the linear regression plot of the test set of the optimal neural network model between the 

predicted values (output) and the real values (target) of groundwater levels, is illustrated. 

Fig. 9, illustrates the comparison plot for the real and predicted values in the test set. 

 

Fig. 6 The plots of the training parameters: gradient. Mu, validation checks for the optimal neural topology 

 

 

 

 

 

 

 

 



9 Kouziokas et al. 
 
 

 

 

Fig. 7 The surface plot of mean squared error 

 

 

 

Fig. 8 The linear regression plot of the test set of the optimal neural network model between the predicted values 

(output) and the real values (target) of groundwater levels 

 

 

Fig. 9 The comparison plot for the real and predicted values of a time span of the test set 
 

 

 



10 Kouziokas et al. 
 

 

 

4 Conclusions and Discussion 

 

In this research, feedforward neural network models have been applied in order to forecast 

the groundwater levels which are considered of high importance and affect the 

prosperity of human life and also of the natural environment. The proposed methodology 

can be very useful in public management and also at improving the environmental and 

water management strategies. In this paper, several feed forward neural models were 

constructed by investigating several factors and network parameters and also by testing 

several learning algorithms and the nature of the activation functions used in every 

hidden layer. 

The best neural network prediction model was constructed by using meteorological 

data as input factors, that affect the amounts of the groundwater. The meteorological data 

were utilized as input parameters so as to predict the ground water values. Furthermore, 

several neural network architectures were constructed so as to find the optimal model 

according to the network performance. 

Compared to other studies, this research has used feed forward neural networks which 

were fed by meteorological information as input parameters such as the Average Relative 

Humidity (ARH), the Average Temperature (AT), the precipitation (PRE) which 

includes drizzle and rainfall. The methodology is based on applying multiple training 

algorithms and also on tuning the neural network parameters in order to discover the 

optimal network structure that will produce the most accurate results. The main goal of 

testing different topologies was to improve the performance of the optimal feed forward 

prediction model. The results have illustrated a high forecasting accuracy regarding the 

predicted groundwater levels compared to other researches that have used artificial 

neural networks to produce groundwater predictions (Adamowski and Chan 2011; 

Chang et al. 2016; Giustolisi and Simeone 2006). 

The methodology for developing the optimal neural network prediction model can be 

very valuable to the managers and stakeholders that deal with problems related to 

ground water management and also in adopting proactive measures in order to apply the 

best management and planning strategies so as to minimize the forthcoming dangers 

regarding the possible rapid losses of the amounts of the groundwater resources. This 

research can help at preventing the natural groundwater losses since drinking water is a 

very valuable good in people’s life, by facilitating the decision makers to adopt the most 

suitable water management strategies and also is aiming at providing the environmental 

and water managers with a methodology for constructing the optimal prediction models. 
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