
Amirkabir Journal of Civil Engineering

Amirkabir J. Civil Eng., 54(3) (2022) 171-174
DOI: 10.22060/ceej.2021.19101.7067

A Bayesian network approach for predicting groundwater level (Case study: Qazvin 
aquifer) 
B. A. Mohammadnezhad1*, S. Sadegholvad2, M. Jiryaei Sharahi1 

1 Department of Civil Engineering, Faculty of Technical Engineering, Qom University of Technology (QUT), Iran.
2 Department of Civil Engineering Science and Research Branch, Islamic Azad University, Tehran, Iran.

ABSTRACT: Excessive use of groundwater resources has put the aquifers in critical situations. This 
study provides a framework for using the Bayesian network for groundwater level estimation and 
aquifer hydrograph analysis. Five variables, temperature, the groundwater level in the previous month, 
groundwater withdrawal, aquifer feeding, and rainfall were used as input variables, and the groundwater 
level in the current month was used as an output variable in the Bayesian network simulations. A 10-
year statistical data, 8 years of data for model training and 2 years of data for model validation were 
used. The Bayesian network model was implemented and analyzed in three explicit, clustering and 
two- and three-month delay states. Explicit simulation results showed that most of the wells have a good 
correlation between the simulation and observed data. Clustering results were less accurate than explicit 
ones. In the third case, two and three months delay data was used for simulations. The results showed 
that the correlation between observed and simulated groundwater levels decreased. At 1, 2 and 3 months 
delay statuses, Root Mean Square Error was 1.87 m, 3.76 m, and 6.42 m, respectively. Therefore, the 
one-month lag time was chosen for the simulations and the aquifer hydrograph was used to evaluate and 
estimate total aquifer variations. The results indicate the appropriate accuracy of the aquifer parameters 
estimation. 
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1- Introduction
Excessive exploitation of groundwater in conditions 

where it is not possible to harvest surface and groundwater 
in combination has caused irreparable damage to water 
resources. Therefore, planning to identify the current state of 
aquifers is important. 

In the last decade, the use of the Bayesian network 
model for forecasting in various fields of water engineering, 
including integrated water resources management in the 
catchment [1], groundwater quality [2], drought forecast 
[3], River flow forecasting [4], and groundwater modeling 
[5] have been developed. Choubin et al. [6] evaluated the 
application of regular Bayesian neural networks to model 
groundwater levels. Their results showed that this model has 
a very good performance in modeling the groundwater level. 
Molina et al. [7] proposed a decision support system based on 
the dynamic Bayesian network (DBNs) to assess the aquifer 
affected by groundwater use and climate change. The use of 
a Bayesian network in decision networks due to the nature of 
input data and their uncertainty could increase the accuracy 
of work. 

2- Methodology
In this study, the groundwater level in the Qazvin aquifer 

has been simulated by using the Bayesian network intelligent 
method based on probability reception.

2- 1- Study area
The study area of the Qazvin aquifer is located in the 

northwestern half of the salt lake catchment area. The area 
of the alluvial aquifer is 3683 square kilometers. The average 
groundwater level dropdown in the 15-year period (1996-
2011) was 1.33 meters per year. There are 56 observation wells 
in this area that have a 10-year time series of groundwater 
level data that were used for modeling. Figure 1 shows the 
location of these observation wells in the Qazvin aquifer.

2- 2- Model validation
The model was validated using four statistical methods, 

including R square, Root Mean Square Error (RMSE), Mean 
Absolute Error (MAE), and Predictive accuracy index (P).

2- 3- Identifying the input parameters to the Bayesian 
network and how to model

Temperature, rainfall, aquifer feeding, groundwater 
abstraction, and water level in the previous month were 
identified as sensitive parameters for the model and used to 
predict the water level in the current month. The structure of 
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the Bayesian network using the HUGIN model was compiled 
and modeled as Figure 2.

3- Results and Discussion
3- 1- Simulation of groundwater level in the explicit state

If the data from the previous month in the aquifer were 
used to estimate its groundwater level in the simulation 
model, the results showed that there is a good agreement 
between the observed and simulated groundwater level in 
most observation wells. In this case, 39 observation wells 
have a correlation coefficient above 90%, which indicates the 
appropriate accuracy of the Bayesian network for simulation 
in the monthly time step with a delay of one month before.

3- 2- Groundwater surface simulation in clustering mode
Results of the clustering model showed that most 

observation wells have very low accuracy in simulation. 
Therefore, the clustering method is inaccurate compared 
to the explicit mode. In general, the results indicate that 
the clustering model cannot enter data for simulation. It is 
worth mentioning that Kardan Moghaddam and Roozbahani 
[8] and Ebrahimi et al. [9] also expressed the accuracy of 
the clustering method is lower than the explicit method in 
simulating the groundwater level using the Bayesian network.

3- 3- Simulation of groundwater level in the explicit state 
with time delay

Groundwater level simulation was performed in Qazvin 
aquifer using Bayesian network with 2 and 3 months ago 
data. For example, the observed and predicted groundwater 
levels for an observation well were shown in Figure 3. As 
can be seen, the one-month delay was more accurate than the 
other two modes and provided good results.

4- Conclusions
In this study, the Bayesian network model was evaluated 

in three modes using explicit, clustering, and explicit 
approaches with time delays of one, two, and three months 
to predict groundwater level in the Qazvin aquifer. Five 
parameters of precipitation, temperature, aquifer recharge, 
aquifer discharge, and groundwater level in the previous 
month were defined as input variables and groundwater 
level in the coming month as output variables. In the case 
of explicit mode, the results showed that the correlation 
coefficient between the observed and simulated groundwater 
level was 0.82 and the RMSE was estimated to be 1.87 m. In 
this case, the Bayesian network has the appropriate accuracy 
in simulation in the monthly time step with a delay of one 
month before. The simulation accuracy in the clustering 
mode was less than the explicit mode. The general analysis 
of the results showed that with increasing the time delay, the 
correlation coefficient between the observed and simulated 
results decreases. So that the average correlation coefficient 
in the time delay of one month is equal to 0.82, in the delay of 
two months is 0.73 and in the delay of three months is 0.64. 
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4. Conclusions 

In this study, the Bayesian network model was 
evaluated in three modes using explicit, clustering, and 
explicit approaches with time delays of one, two, and 
three months to predict groundwater level in the Qazvin 
aquifer. Five parameters of precipitation, temperature, 
aquifer recharge, aquifer discharge, and groundwater 
level in the previous month were defined as input 
variables and groundwater level in the coming month as 
output variables. In the case of explicit mode, the results 
showed that the correlation coefficient between the 
observed and simulated groundwater level was 0.82 and 
the RMSE was estimated to be 1.87 m. In this case, the 
Bayesian network has the appropriate accuracy in 
simulation in the monthly time step with a delay of one 
month before. The simulation accuracy in the clustering 
mode was less than the explicit mode. The general 
analysis of the results showed that with increasing the 
time delay, the correlation coefficient between the 
observed and simulated results decreases. So that the 
average correlation coefficient in the time delay of one 
month is equal to 0.82, in the delay of two months is 
0.73 and in the delay of three months is 0.64. Also, the 
RMSE is 1.87 m, 3.76 m, and 6.42 m in one, Two, and 
three-month delay, respectively. Therefore, the longer 
time of data interval for prediction has the lower 
accuracy of the simulation results. In general, 

groundwater level prediction has better results in the 
Qazvin aquifer by using a delay time step (one month) 
in the Bayesian network model. 
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Also, the RMSE is 1.87 m, 3.76 m, and 6.42 m in one, Two, 
and three-month delay, respectively. Therefore, the longer 
time of data interval for prediction has the lower accuracy 
of the simulation results. In general, groundwater level 
prediction has better results in the Qazvin aquifer by using a 
delay time step (one month) in the Bayesian network model.

References
[1] 	T. Chan, H. Ross, S. Hoverman, B. Powell, Participatory 

development of a Bayesian network model for catchment-
based water resource management, Water Resources 
Research, 46(7) (2010).

[2] K. Shihab, N. Al-Chalabi, An efficient method for 
assessing water quality based on Bayesian belief 
networks, International Journal on Soft Computing, 5(2) 
(2014) 21.

[3] J.Y. Shin, M. Ajmal, J. Yoo, T.-W. Kim, A Bayesian 
network-based probabilistic framework for drought 
forecasting and outlook, Advances in Meteorology, 2016 
(2016).

[4] H. Wang, C. Wang, Y. Wang, X. Gao, C. Yu, Bayesian 
forecasting and uncertainty quantifying of stream flows 
using Metropolis–Hastings Markov Chain Monte Carlo 
algorithm, Journal of hydrology, 549 (2017) 476-483.

[5] T. Xu, A.J. Valocchi, M. Ye, F. Liang, Y.F. Lin, Bayesian 
calibration of groundwater models with input data 
uncertainty, Water Resources Research, 53(4) (2017) 
3224-3245.

[6] B. Choubin, F.S. Hosseini, Z. Fried, A. Mosavi, 
Application of Bayesian Regularized Neural Networks 
for Groundwater Level Modeling, in:  2020 IEEE 3rd 
International Conference and Workshop in Óbuda on 
Electrical and Power Engineering (CANDO-EPE), 2020, 
pp. 000209-000212.

[7] J.-L. Molina, D. Pulido-Velázquez, J.L. García-Aróstegui, 
M. Pulido-Velázquez, Dynamic Bayesian networks as 
a decision support tool for assessing climate change 
impacts on highly stressed groundwater systems, Journal 
of Hydrology, 479 (2013) 113-129.

[8] K.M. Hamid, A. Roozbahani, Evaluation of Bayesian 
Networks Model in Monthly Forecasting of Groundwater 
Level (Case Study: Birjand Aquifer), Journal of Water 
and Irrigation Management, 5(2) (2015) 139-151.

[9] E. Ebrahim, A. Roozbahani, B. Mohammad Ebrahim, 
Groundwater level prediction using dynamic Bayesian 
networks model based on sensitivity analysis (Case 
study: Birjand plain), Iranian Water Researches Journal, 
12(29) (2018) 91-100.

HOW TO CITE THIS ARTICLE
B. A. Mohammadnezhad, S. Sadegholvad, M. Jiryaei Sharahi, A Bayesian network approach 
for predicting groundwater level (Case study: Qazvin aquifer), Amirkabir J. Civil Eng., 54(3) 
(2022) 171-174.

DOI: 10.22060/ceej.2021.19101.7067



This
 pa

ge
 in

ten
tio

na
lly

 le
ft b

lan
k


	Blank Page - EN.pdf
	_GoBack




