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Evaluation of Aquifer Hydrograph Prediction with Approaches of Single
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Abstract

Utilization of groundwater resources in arid areas is an important factor in the development and landscape of the region. This has led to the use of
different approaches to assess and determine the volume of groundwater resources. In this study, Bayesian network, which is a probabilistic network
based on recorded data, was used to reduce uncertainties. The use of two single states of piezometers and a combination of piezometers in the
estimation of aquifer hydrographs using Bayesian network was evaluated using HUGIN v8.3 software. In order to implement two simulation
approaches with Bayesian network, single state simulation for each observation well and integrated mode simulation for five observation wells at the
aquifer level were performed. The results of two simulation models for two years predicting the future trend of the aquifer indicate a high level of
statistical indicators between observational data and simulation. The final results in the single method indicate an average explanation coefficient of
0.85 with an average error square of 0.42 and in the integrated method with an average explanation coefficient of 0.8 with an average error square of
0.25. The results also showed that the use of Bayesian method to predict groundwater level and aquifer volume is highly accurate and the use of a
single approach to predict groundwater level in each observation well and integrated method in predicting aquifer hydrograph has good accuracy.

Keywords: Bayesian networks, Groundwater, Integrate network, Single network.
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Table 1. Characteristics of observation wells

2012

Name obs UTMX UTMY COD Water table-m
Fedeshk 672033 3626393  P-1 10
Nasar Abad 673802 3629361  P-2 10
Siuojan 683819 3638673  P-6 47.5
Mohammadiyeh N 687790 3640119  P-7 51.5
Mohammadiyeh S 690820 3637697  P-8 62.1
Kavir tayer 693320 3638923  P-11 58
Rakat N 693718 3641657 P-10 66.9
Haji Abad S 701534 3638970  P-3 63.3
Bojd 716280 3634789  P-13 62.5
Taghab 680949 3638227  P-5 56.2
Khosef 677230 3627836 P-4 14.8
Sarab 707009 3636374  P-12 125.1
Mohammadiyeh NE 691322 3638761  P-9 64.3
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Table 2. R? coefficient between water level observed and simulated in the aquifer

Obs R RMSE MAPE NASH Obs R RMSE MAPE NASH
P1 0.57 0.75 0.074 0.74 P8 0.98 0.27 0.007 0.9
P2 0.8 0.47 0.042 0.81 P9 0.97 0.28 0.006 0.9
P3 0.83 0.42 0.032 0.8 P10 0.97 0.27 0.009 0.91
P4 0.46 1.12 0.06 0.66 P11 0.98 0.28 0.01 0.91
P5 0.91 0.32 0.007 0.84 P12 0.99 0.26 0.006 0.93
P6 0.83 0.37 0.019 0.79 P13 0.81 0.41 0.029 0.82
P7 0.93 0.3 0.005 0.88
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Figure 6. Correlation between observed and computational water levels (a. Obs 13, b. Obs 5, c. Obs 10 and d. Obs 2)
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Table 3. R? coefficient index between observed and
simulated groundwater level

Observation well

R? NASH MAPE RMSE
number
1 0.7 0.81 0.021 0.31
2 0.42 0.66 0.035 0.44
3 0.97 0.93 0.008 0.17
4 0.95 0.94 0.007 0.19
5 0.97 0.94 0.007 0.16
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Table 4. Statistical indicators between simulated hydrograph and real hydrograph in Birjand aquifer.

Statistical index

Single network

Integrate network

R? 0.76 0.87
RMSE 0.37 0.29
MAPE 0.062 0.051
NASH 0.82 0.88
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Fig 7. Aquifer hydrograph with simulation of two Bayesian network modes
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