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Abstract: The aquifers are considered as the best and most accessible source of fresh water. In recent years, they have been 
faced with severe water withdrawal in Iran, therefore some plains was considered as forbidden plains that it means the 
water withdrawal from these aquifers is unauthorized. Given such a critical situation in aquifers, the need for 
management of groundwater resources in the form of tools such as monitoring the level of the aquifers and developing 
the restoring scenarios is essential. Then for this purpose, A Decision Support System-DSS has been developed in this 
paper based on Prediction of groundwater level and Multi Criteria Decision Making methods (MCDM). Due to the 
flexible and simple structure, a probabilistic Dynamic Bayesian Networks (DBNs) has been used for monthly 
groundwater level prediction under uncertainties. After analyzing the obtained results, some applicable groundwater 
management scenarios such as artificial recharge and irrigation system change as well as relative criteria such as 
economic, social and technical attributes have been defined for decision making procedure. After elicitation of 
decision makers' opinions about criteria's relative importance and performance, among the MCDM methods, 
PROMETHEE-II technique has been applied to ranking the scenarios regarding their efficiency in restoring the 
Birjand aquifer in Iran which has a critical groundwater resource condition. The results show the ability of the 
proposed DSS in planning and management of groundwater resources, reducing the risk of aquifer level declining by 
applying short term management scenarios and predict its effects on rehabilitation. 
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1. INTRODUCTION  

The water crisis affects the aquifers and made critical situation in most of the countries in arid 
and semi-arid regions especially in Iran. Although aquifers contain low percentage of water on the 
earth, but often have fresh water resources and high quality and access to them is as easy as possible 
that this could lead to a massive water withdrawal from the country's aquifers and groundwater 
levels are falling. As a result, some plain was considered as forbidden plains that it means the water 
withdrawal from these aquifers is unauthorized and illegal that has made the serious tensions in 
water management. Birjand plain as one of the banned plains in Iran, in recent years has been faced 
with a sharp drop in groundwater level, which requires management practices by integrating 
predictive tools such as Bayesian Networks (BN); a tool with which we can improve the 
effectiveness of the proposed management scenarios to predict the aquifer water level. Management 
scenarios could include reducing water withdrawals from the aquifer, preventing unauthorized wells 
and so on. 

Given the critical situation of water resources and lack of efficiency in removing all stress 
management scenarios in Birjand, the need to apply Multi Criteria Decision Making (MCDM) in 
this area is necessary. In fact by using these methods, depending on socioeconomic status and 
geographical nature of the region, the best management scenario can be proposed. Therefore, in this 
study, the practical scenarios will be used to remove water stress in Birjand and by applying 
Dynamic Bayesian Network (DBN) tools, impacts of management scenarios on improving 
groundwater will be investigated and risk management will be performed on the plain.  

It is important to mention that in the recent years, due to the flexible and simple structure, 
Bayesian Networks has been used in different water related problems, especially about the 
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hydrological predictions. Many researchers use it to better understand and model the complex issues 
of artificial intelligence (Charniak, 1991; Heckerman et al., 1995; Jensen, 1996), groundwater 
management (Henriksen et al., 2007; Olalla et al., 2007; Farmani et al., 2009), irrigation and 
agricultural systems modeling (Batchelor and Cain, 1999), integrated natural resource management 
(Borsuk et al., 2004; Hamilton et al., 2007; Johnson et al., 2009; Alameddine et al., 2010) and river 
basins modeling (Kragt et al., 2009; Merritt et al., 2010; Holzkämper et al., 2012; Madadgar et al., 
2014). 

Also a lot of researches have been done in the field of application of MCDM technique in water 
resources systems. For example, Geng and Wardlaw (2013) applied a MCDM approach in a river 
basin in China, in order to integrate different purposes in planning, applied management and 
decision making. In their research a variety of measures based on economic, social and 
environmental and management scenarios were developed. Compromise planning (CP) based on the 
distance from the ideal solution was used in the mentioned study. Dabral et al. (2014), using spatial 
integration and multi criteria decision making, determined the proper locations for artificial 
recharge of aquifers in India. Azarnivand et al. (2015) presented some strategic options to restore 
Urmia Lake basin in Iran through the matrix of strength - weakness - opportunity - threat (SWAT) 
and ranked them by fuzzy analytic hierarchy process (FAHP) based on sustainable development 
criteria. According to the description provided, the main innovations of the research include: 

n Develop a model to predict groundwater level with the help of probabilistic Bayesian 
Networks  

n Develop an integrated decision support system (DSS) based on predicting the future 
condition with the Dynamic Bayesian Network and taking into account the economic and 
social parameters for ranking scenarios to help revive the Birjand aquifer in Iran, using a 
practical MCDM technique, namely, PROMETHEE-II. 

2. METHODOLOGY 

2.1 Dynamic Bayesian Network 

This research is focused on models that belong to the class of probabilistic graphical models, 
with their one prominent member, Dynamic Bayesian Networks (DBNs) (Dean and Kanazawa, 
1989). BNs are widely used practical tools for knowledge representation and reasoning under 
uncertainty in equilibrium systems. BNs are probabilistic graphical models that offer compact 
representations of the joint probability distribution over sets of random variables (Molina et al., 
2013). A BN consists of three main elements: a set of variables that represent the factors relevant to 
a particular environmental system or problem; the relationships between these variables that 
quantify the links between variables and the set of conditional probability tables (CPTs) that 
quantify the links between variables and are used to calculate the state of nodes. The first two 
elements form a Bayesian Diagram and the addition of the third forms a full structure. A BN can be 
run as a standalone network, but it is possible to link together a number of networks to produce an 
Object-Oriented Bayesian Network (OOBN) model (Koller and Pfeffer, 1997). OOBNs are based 
on the Object-Oriented Programming paradigm (OOP) and thus adopt the same attributes used in 
OOP languages. OOBNs can be utilized in two ways. First, they can be used for time slicing for 
problems in which processes take place over multiple time periods (Kjaerulff, 1995). This is how 
DBNs are built. Because BNs are not intended for transient analysis, time slicing provides one way 
to generate predictive simulations. This is the method that has been adopted for the current study 
where networks representing different time domains are linked to outputs nodes to produce a 
dynamic probabilistic model for monthly groundwater level prediction. 

Figure 1 is an overview of the concept of dynamic Bayesian Networks. DBN model is a 
stationary Markov process under the influence of components and changes that are repeated over 
time. A dynamic Bayesian Network is a way to expand of Bayesian Network to model the 
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probability distribution of random variables. 
A DBN is defined as a pair of BNs ( ), where is a BN represents the initial distribution 

of and  is two time slice BN (2TBN), that defines the transition distribution using a 
Directed Acyclic Graph (DAG) as follows (Murphy, 2002):  

P(Zt Zt−1) = P(Zt
i Pa (Zt

i ))
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where is ith node in time of t and  is parent of in the graph.  

 

Figure 1. Top left: A simple Bayesian Network. Top right: Network with two feedbacks that they interact with each 
other; this is not a Bayesian Network. Bottom: time-dependent dynamic Bayesian Networks  

2.2 Multi Criteria Decision Making (MCDM) 

The first stage in each MCDM problem is to determine the following issues (Roozbahani et al. 
2012): 

n Identification of the decision makers and stakeholders 
n Selection of the criteria and their relative weights 
n Selection of the alternatives 
After that, selection of a proper method to rank these alternatives is necessary. As it was 

mentioned before, PROMETHEE-II method has been selected in this paper for purpose of 
groundwater management. This method has been briefly described in the following section. 

2.2.1 PROMETHEE-II 

The PROMETHEE family of outranking methods is one of the most recently developed MCDM 
methods. ROMETHEE is an outranking method for a finite set of alternative actions. It often works 
based on conflicting criteria. PROMETHEE is also a quite simple ranking method in the concept 
and application compared with the other methods for multi-criteria analysis (Brans et al., 1986). 
The implementation of the PROMETHEE II requires the two following additional types of 
information: 

1. The weights of criteria: Determination of the weights is an important step in most multi 
criteria methods. PROMETHEE II assumes that the decision-maker is able to weight the 
criteria appropriately, at least when the number of criteria is not too large (Macharis et al., 
1998). 

2. The preference functions: This function translates the difference between the evaluations of 
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two alternatives into a preference degree ranging from zero to one for each criterion. To 
facilitate the association of a preference function to each criterion, the developers of the 
PROMETHEE method have proposed six types of preference functions which have 
performed satisfactorily for many real world applications. Each shape depends on up to three 
thresholds: indifference threshold, preference threshold and gaussian threshold.  

The method, which was developed first for single DM case, consists of the following steps: 
Step1: Determination of deviations based on pair-wise comparison between each set of two 

alternatives a and b: 

d = g j (a)− g j (b)  (2) 

where )(ajg and )(bjg are the values of criterion j for alternatives a and b, respectively. 
Step2: Estimation of preference functions ),( bajp : 

p j (a,b) = H (d j (a,b))    (3) 

Step 3: Calculation of an overall or global preference index as follows: 

π (a,b) = wj
j=1

n

∑ p j (a,b)                                                 (4) 

where ),( baπ varies from 0 to 1 and expresses the degree of which alternative a is preferred over b 
based on all the criteria (n). jw is the relative weight of jth criterion.  

Step 4: Calculation of outranking flows as follows: 
The leaving flow: 

ϕ+(a) = π (a,b)
n−1

b∈A
∑             (5) 

The entering flow: 

ϕ−(a) = π (b,a)
n−1

b∈A
∑             (6)  

Step 5: Calculation of net outranking flow/PROMETHEE II complete ranking as follows: 

ϕ(a) =ϕ+(a)−ϕ−(a)             (7) 

where )(aφ denotes the net outranking flow for each alternative. A scenario with highest value of net 
flow represents the best scenario. 

3. CASE STUDY AND RESULTS 

3.1 Study Area 

Birjand catchment basin in the Loot Desert in Iran is located 485 km south of Mashhad and in 
the East on Iran. The climate is dry and in recent years due to uncontrolled withdrawal of water 
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from aquifers, the region is faced with declining groundwater levels. According to the water level, 
the average water level drawdown in the Birjand aquifer during last 50 years has been 0.4 meters 
per year and aquifer deficit volume is about 10.75 million cubic meters. The general direction of 
groundwater flow, from East to West and from the north and south sides toward the center of the 
aquifer is in progress. Figure 2 shows the study area along the piezometric network. 

For DBN modeling regarding the explicit input data, Necessary Path Condition (NPC) method 
with 5% confidence level as well as Estimation-Maximization(EM) method was conducted for 
calibration of BN's structure and parameters, respectively. The calibration period includes 12 years 
of historical data record (1997 to 2008) and validation data includes a period of 5 years (2009 to 
2013) with monthly time step. In this paper, six predictors have been used to predict the 
groundwater level in the next month (WTT): Rainfall (Rain), Temperature (T), Evaporation (ET), 
Recharge and discharge in the current month as well as groundwater table in the current month 
(WT). Also by defining 10 different scenarios for sensitivity analysis to predict the groundwater 
level in the next month, uncertainties related to the effect of predictive parameters have been 
investigated. The final selected DBN structure has been shown in Fig. 3. 

 

Figure 2. Thiessen network of Birjand aquifer 

 
Figure 3. Selected BN structure for groundwater level prediction 

Values of the coefficient of determination (R2) and Root Mean Square Error (RMSE) for 
superior prediction scenario (Fig. 3) per 13 piezometers were obtained and the accuracy of 
piezometers is shown in Table 1. 

Since groundwater hydrograph is an appropriate tool to evaluate the prediction accuracy, using 
it, is more desirable to show the efficiency of DBN model. Therefore the amount of groundwater 
hydrograph was calculated during the five years of validation period. As can be seen in Figure 4, 
Bayesian Networks has been able to predict with reasonable accuracy. 
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Table 1. Accuracy of water level prediction in 13 piezometers 

RMSE (m) 𝐑𝟐 Piezometer No. 
1.43 0.12 1 
0.44 0.43 2 
0.41 0.06 3 
1.94 0.97 4 
2.66 0.96 5 
0.77 0.99 6 
0.82 0.99 7 
0.84 0.87 8 
0.63 0.98 9 
0.20 0.98 10 
3.58 0.18 11 
2.09 0.79 12 
2.13 0.16 13 

 

Figure 4. Comparison of observed and predicted groundwater in Birjand plain 

3.2 Decision making scenarios for aquifer restoration 

The rehabilitation scenarios which are recommended for the plain should suit climatic 
conditions, geographical potentials of this region and have the operational capability. The scenarios 
proposed in this research, with research and study and use of the viewpoints of local decision 
makers in the field of water resources in the study area, were obtained. These scenarios include the 
following: 

S1: Change in surface irrigation to pressurized irrigation systems; S2: Removal of unauthorized 
wells; S3: Improvement of artificial recharge projects; S4: Installation of smart water meters. 

3.3 Decision criteria and their values 

To conduct the MCDM method, a number of criteria defined in this study based on the existing 
studies and interview with 20 researchers, professors and decision makers. These criteria have been 
listed as follows: 

C1: Socio-cultural acceptance and participation of stakeholders; C2: Efficiency of applying of 
scenarios in improvement of the aquifer's water level; C3: Cost of implementation; C4: Ease of 
implementation. The final decision matrix of the current study is shown in Table 2. In addition, 
relative weights of four criteria obtained by AHP method (Saaty, 1980) can be seen in this table. 
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Table 2. Decision matrix of alternative 

Criteria 
Scenario C4  

(w=0.09) 
C3  

(w=0.33) 
C2  

(w=0.30) 
C1 

(w=0.28) 
4.9 32513 21 5.7 A1 
6.7 389 12 4.3 A2 
5.5 5400 21 6.6 A3 
5.7 16775 17 5.5 A4 

3.4 Data analysis and ranking results 

In order to use MCDM method, the precedence orders and preference of criteria have been 
imposed in the criteria for each decision maker and then their ranking results obtained by 
PROMETHEE-II, are aggregated to find the group ranking of alternatives. Table 3 shows the final 
net flows and complete rankings. According the ranking, scenario 3 (artificial recharge projects) 
and scenario 2 (the removal of unauthorized wells) have obtained the first and second highest ranks, 
respectively which must be considered by decision makers in short and long term management in 
this area. The the efficiency of applying of scenario 3 in improvement of groundwater level in the 
end of 2015 is shown in Figure 5 and compared with the condition that no risk management strategy 
has been implemented in the study area (current trend continue). As it can be viewed in this figure, 
this scenario can increase the water level up to 21 cm from current situation.  

Table 3. Final ranking results 

Net flow Scenario Rank 
0.52 S3 1 
-0.07 S2 2 
-0.21 S1 3 
-0.24 S4 4 

 

Figure 5. Effect of implementation of selected scenario in groundwater level improvement (2014-2015) 

4. CONCLUSION 

In this paper, we introduced a comprehensive DSS for groundwater risk management by 
integration of DBN and MCDM techniques. The capabilities of this framework were evaluated in 
one of important and under stressed aquifers in Iran. Time dependent Bayesian model which aims to 
reduce the uncertainty and predict the monthly groundwater level was able to simulate the effects of 
different management scenarios on improving the groundwater level. To prioritize these scenarios, 
after presenting the results of the Bayesian Network, four appropriate criteria were determined. 
Based on these criteria, scenarios were evaluated using PROMETHEE-II as one of the most 
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applicable MCDM techniques. In fact, the decision matrix with four criteria and four scenarios was 
obtained and then MCDM PROMETHEE method was performed and scenario of optimization of 
artificial recharge plans was chosen as the best management scenario in the study area. By 
analyzing the results presented in this study, it is observed that by applying risk management 
methods and taking into account the conditions prevailing in each region, not only we can obtain 
the best scenario management, but also the impact of management scenarios on groundwater levels 
can be easily calculated by DBN rather than existing groundwater models such as MODFLOW. The 
approach proposed in this study as a Decision Support System, can be utilized by managers and 
users of water resources systems to reduce water shortage crisis in other similar study areas that are 
under stressful conditions from water resources point of view. 
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