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Planning problem in order to optimized exploitation from water resources is a complicated optimal 
problem, multivariate and multi- constraint that its solution needs the implementation of powerful 
optimization methods. To do this, recently in relation to exploitation from water resources, the heuristic 
approaches have been implemented. In this study, to optimal exploitation of Mahabad multipurpose 
dam which located in northwest of Iran, Genetic Algorithm (GA) method was used. Here, the objective 
function was selected as process of minimizing the difference between downstream water demand and 
quantity of released water from upstream. Firstly, sensitivity analysis of GA model performed by 
considering of various parameters. Then, GA method was implemented with considering the 
supposition that during a short-time (one year) period, the input flow to dam reservoir will be reduced. 
The results show that Genetic Algorithm model performs satisfactorily for critical conditions and the 
optimized model while supplying sufficient water resources demand over the downstream, can to 
supplying of hydro-electric energy and capacity to controlling of seasonal floods. 
 
Key words: The heuristic approaches, Genetic algorithm, Optimization, Mahabad Dam, Iran. 

 
 
INTRODUCTION 
 
The development of a sound water management plan for 
a rainfed watershed necessitates study of various 
components of hydrological cycle, which, in turn, requires 
an effective information system for the collection, storage 
and analysis of a wide range of physiographic and socio-
economic data (Bhadra et al., 2008; Khaleghi et al., 
2011). Water system management is a major concern in 
many regions of the world. According to Walmsley et al. 
(2001), the assessment of water availability is a key issue 
for the development of successful and sustainable 
integrated water resource management. Therefore, 
monitoring and selection of appropriate and effective  
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methods for Water system management is non-
avoidable. The objective of multi-reservoir system 
optimization is to achieve the optimal reservoir operating 
plan by the effective use of water resources in the basin 
(Kim, 2005; Kim et al., 2006). However, many difficulties 
like multi-objective characteristics, hydraulically coupling 
features between upstream and downstream reservoirs, 
and the inadequate forecasting of the inflows have been 
faced in multi-reservoir system optimization. In order to 
solve this kind of problems, multi-reservoir system 
optimization has been studied over the past several 
decades. Recently, heuristic programming models 
including GAs have been applied to multi-reservoir 
system optimization (Labadie, 2004; Kim, 2005; Kim et al. 
2006). The genetic algorithm (GA) is a search and 
optimization method based on the  principles  of  genetics 
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and natural selection in biology (Mathr et al., 2009). 
According to Kim (2005), GA provide an efficient 
approach to search complex parameter or decision 
spaces for better solutions to an optimization problem. 
They do not need any simplification or assumption of 
optimization problems. All decision variables, state 
variables, and constraints can be used directly in GAs. 
Even though GAs manifests some difficulties in dealing 
with constraints, their robustness is their strongest point. 
The only information that is necessary for implementing 
GAs is the value of an objective function, namely, the 
payoff relationship. Using of genetic algorithm in the 
operation of Water Resources Problems is one of new 
methods. Many studies have been carried out on the 
efficiency of GA around the world (Dandy et al., 1996; 
Dandy and Engelhard, 2001; Burn et al., 2001; Cai et al., 
2001; Deb, 2001; Deb and Raji Reddy, 2003; Gentry et 
al., 2001; Lobo and Goldberg, 2004; Morshed and 
kaluarachchi, 2000; Nicklow et al., 2003; Prasad and 
Park, 2004; Prasad et al., 2004). The concept of the GA 
was first introduced by Young (1967). Esat and Hall 
(1994) applied GA in four reservoirs problems. Their 
results showed that GA has good potential in optimization 
of Water Resources and conclude that a GA can achieve 
near-optimal solutions regardless of a change in mutation 
or crossover probabilities and also it shows the 
applicability of GAs to multi-reservoir system 
optimization. Fahmy et al. (1994) applied GA to optimize 
the operation of reservoir and compared its performance 
with dynamic programming (DP). Wardlaw and Sharif 
(1999) used GA algorithm for optimization of a four 
reservoirs system. Sharif and Wardlaw (2000) developed 
this study using of GA algorithm and conclude that GAs 
can achieve near optimal solutions in a similar number of 
generations despite an increase in population size. Chen 
(2003) applied GA method for obtain rules curves in the 
single reservoir system and concluded that GA method is 
efficient for optimization of non-linear systems. Nagesh 
Kumar et al. (2006) developed GA for obtaining an 
optimal operating policy and optimal crop water 
allocations from a single-objective irrigation reservoir. 
They compared the obtained results from GA with linear 
programming model and concluded that to deriving 
optimal operating polices, the GA has better 
performance. Mathur and Nikam (2009) used GA to 
optimize the operating policies of the Upper-Wardha 
multipurpose dam reservoir in the India. In their study, the 
objective function (an important factor to achieve proper 
optimization results when multi-objective genetic 
algorithms (MOGAs) are applied to multi-reservoir system 
optimization; Kim, 2005) was minimization of squared 
deviation of monthly irrigation demand. Although GAs has 
been applied to many other engineering fields, no 
application of GAs to the multi-reservoir system 
optimization is applied. All the above applications for 
reservoir operation optimization do not employ any kind  

 
 
 
 
of MOGAs. In fact, there is no application of MOGAs, and 
this study is the first application of MOGAs to multi-
reservoir system optimization in Iran. This may be 
because MOGAs are relatively new approaches in multi-
reservoir system optimization.  

In the present study, GA has been used in the 
optimal operation of the multipurpose Mahabad reservoir 
Dam. The model was applied with considering the reduce 
probability of inflow for period short-term (one year). 

The current study has been conducted (I) to select the 
proper multi-objective functions for the multi-reservoir 
system in the Mahabad Watershed, (II) to determine the 
proper population size, (III) to evaluate the basic 
performance and the constraint handling ability of the 
GAs and finally (IV) to compare the alternative storages 
and releases computed by the GSs with the historical 
ones for evaluating the applicability of the GAs. 
 
 
MATERIALS AND METHODS 
 
Case study 
 
The Mahabad Watershed encompasses an area of about 
807 km² and is located at northwest Iran within the limits 
of eastern longitude 45°25'38''to 45°46'20''and northern 
latitude 36°26' to 36°46' (Figure 1). The Mahabad river 
basin is one of the main inflows of Lake Orumiyeh. The 
climate of the area is semi-arid and cold, with an average 
annual precipitation of 542.58 mm and average 
temperature of 12°C. A hydrometric station is located at 
the outlet of the watershed. Rain recorder station 
watershed are Koter and Bitas, located upstream of the 
station. Attention to this actuality that water year in Iran is 
from October to September, hence this study was 
conducted from the spring of 1975 (October) to the 
autumn of 2006 (September). Precipitation is usually 
concentrated in only 3 months, from February until April 
and the other months have relatively low precipitation. 
Mahabad dam is an earth-rock fill dam with clay core 
which was designed to multipurpose such as supplying 
drinking water and providing agricultural water, seasonal 
floods control and producing electrical energy (Table 1). 
The Coter and Bytas rivers are the most important rivers 
of the basin which originate from the southern uplands of 
the Jandaran and Siahghol Mountains and finally empty 
into the Mahabad dam reservoir (Figure 1). The mean 
monthly inflows data were collected from the Mahabad 
Water Organization, including a period of 32 years (1975-
2006). As shown in Table 2, the months of May, June, 
July, August and September have the highest demands 
for drinking and agricultural water and these amounts are 
more than the average inflow to the reservoir during 
these months. The maximum of inflow occurs when 
demand is minimum status. The annual average of dam 
inflow is   280   million   cubic   meters   (MCM),   and   its  
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          Fig. 1. Location of Mahabad dam 

 

 

 

 

          Fig. 1. Location of Mahabad dam 

 

  
 
Figure1. Location of Mahabad dam. 

 
 

Table1. Characteristics of Mahabad reservoir dam 
 

Quantities Parameters  

700 m 

8 m 

12 Km 

11 Km
2
 

180 Mm
3
 

40 Mm
3
 

Crest length 

Crest width 

Lake length of dam 

Lake area of dam 

Live storage capacity 

Dead storage capacity 

 
 
 
standard deviation ranges from 43.28 to 0.92 MCM. The 
maximum of monthly actual evaporation is observed in 
the summer. The required capacity to control of seasonal 
flood was determined by the Mahabad River. The 
maximum releasing volume of the reservoir in the first six 
months and in the second six months of the hydrological 
year, are 51.84 and 53.57MCM, respectively. It's shown 
in the last column of Table 2. 
 
 

Model development of Multi-Objective Genetic 
Algorithms (MOGAs) 
 
In   the mathematical model of the operation of the 
Mahabad dam reservoir optimization, the fitness  function  

is minimize the difference between the mean monthly 
downstream demands and the mean monthly release 
with regard to the establishing continuity equation. The 
fitness function is defined as: 
 
Minimize  
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tD : The mean Monthly downstream water demand for 

the month t . 

tR : The mean monthly water release for the month t . 
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Table 2. Hydrological parameters estimated for Mahabad dam site. 
 

Flood 
control 

capacity 

(MCM) 

Maximum 
release of the 

reservoir 
(MCM) 

Net 

evaporation 

(mm) 

Drinking & 

agricultural 

demand 

(MCM)* 

Std. dev. 

(MCM) 

The mean 

inflow 

(MCM) 

Month 

-  51.84 120.5 20.67 1.45 1.34 September 

-  51.84 40.77 9.11  11.86 7.85 October 

-  51.84 -  1.53 11.33 11.03 November 

-  51.84 -  1.43 15.3 16.28 December 

27 51.84 -  1.4 14.36 20.98 January 

52 51.84 -  1.44 33.26 54 February 

89 53.57 50.88 6.92 43.28 97.13  March  

26 53.57 156.39 27.04 37.7 55.88 April  

-  53.57 274.91  33.01 10.8 10.9 May  

-  53.57 321.52 29.64 1.87 2.47 June  

-  53.57 314.3 30.74 0.94 1.14 July  

-  53.57  242.5 26.8 0.92 0.9 August  

 
 

tS : Initial storage in the beginning of month t . 

1+tS : Final storage at the end of month t . 

tI : The mean monthly inflows during the period t  

tE : The mean monthly evaporation from the reservoir 

during the month t . 

 
The mean monthly evaporation loss is a function of non-
linear relation between water spread area and average 
storage. Downstream demand includes sum of drinking 
and agricultural demands. Number of decision variables 
is equal to 24 because it is performed for 12 months. 
These variables include 12 variables for the release and 
12 variables for the storage volume of reservoir. 
 
 
Constraints of the system:  
 
The fitness function is optimized according to the 
following limitations: 
 
a. Storage constraint. 
 
The reservoir storage in each month should not be less 
than the dead storage, and should not be more than the 
capacity of the reservoir.  
 

 maxmin SSS t ≤≤      12......1=t                        (2)   

 

maxS : Maximum capacity of the reservoir in MCM. 

MinS : Dead storage of the reservoir in MCM.  

b. Release constraint 
 
Reservoir release values must be more than or equal to 
zero and smaller than or equal to Maximum  
release of the reservoir. 

                     
                              (3)    

 

maxR : Maximum release of the reservoir in MCM. 

MinR : Minimum release of the reservoir in MCM.  

 
Objective function of Eq. 1 is solved by using GA models 
for the one scenario of drought conditions. In this study, 
two objective functions are considered, the first objective 
is the sum of storage and the second one is the 
difference between release and water supply. The inflow 
to Mahabad dam with risk reduction against mean 
monthly flow was considered in order to optimize the 
operation of the dam. It means that the optimization was 
performed in drought condition because in this condition, 
the water system of the dam can deal with drought 
problems. Release is acceptable and useful if storage is 
suitable also, and the opposite is true as well. Therefore, 
both release and storage must be appropriate to operate 
a reservoir efficiently (Kim, 2005).  

The inflow to the dam with the probability of destruction 
is calculated as follows: 
 

ttt
SDII ).5.0(−+=                                       (4) 

 

Where tI  is the storage inflow for the month t, 
tI is the 

average inflow of the month t, tSD is the standard 

deviation of the inflow rate in the month t. 

MaxtMin
RRR ≤≤ 12......1=t



 

 

 
 
 
 

Generally GAs solves unconstrained Problems Since this 
is the constraint status. Therefore it transform to status of 
unconstrained with adding a penalty (A function to 
Constraint handling performance) function 
(Ebrahimifarsangi, 2002). 
 

  (5)    
 

 

Whereϕ = pseudo fitness function, F = fitness function, 

PR = penalty coefficient, ij gg , ، iJ gg ,  are, both sides 

phrases of unequal constraints. 
 
                                         
Genetic algorithm 
 
Multi-Objective Genetic Algorithms (MOGAs) are a part of 
GAs. It has chromosome, population and basic three 
operators such as reproduction, crossover and mutation. 
The different thing between GAs and MOGAs is a 
ranking. MOGAs have two objectives at least and these 
multiple objectives should be conflicting objectives like 
cost vs. effect. The ranking in which chromosome 
dominates the others in terms of its performance on 
conflicting objectives and non-dominated solutions with 
same rank make a trade-off curve. 

In this method, the superior answers, that improve the 
objective function, are selected among existing answers 
for production of the next generation of answers and this 
evolution is repeated until founding optimal solution. 

The basic idea of GAs is very simple. First, a 
population (a set of chromosomes, individuals, or strings) 
of individuals is created in a computer (typically stored as 
binary strings in the computer’s memory), and then the 
population is evolved with the use of principles of 
variation, selection, and inheritance. GAs can achieve a 
number of optimal solutions in a single run since a 
population, a set of solutions, is used. GAs can use a 
population, a set of well-adapted solutions, but many 
other methods work from just a single point. Hence, the 
probability of reaching local or wrong optimal solutions is 
reduced. The only information that is necessary for 
implementing GAs is the value of an objective function, 
namely, the payoff relationship. A “string” in GAs usually 
represents a chromosome in biological systems. The 
crossover operator has the role of finding a new 
combination of genes using only the current genes in the 
chromosome. In GAs, identifying new combination of 
genes from the present is called “exploitation,” and 
examining totally new genes in the current population is 
referred to as “exploration” (Goldberg and Deb, 1991). A 
chromosome of MOGAs is composed of 36 genes, 3 sets 
of 12 monthly releases in each reservoir. One-month time 
span and one-year reservoir operating plan are 
considered. The real coding scheme  (fixed-length  binary  
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coding in which genes contain binary bits 0 or 1) is used 
to handle the wide range of decision variables. The 
population size is chosen using the criterion with regard 
to the constraint violation value. Penalty function implies 
that the sequence of drawdown among the zones in 
different reservoirs is the same throughout a particular 
scenario analysis. The method is promising for the 
optimization of nonlinear problems, and is also capable of 
incorporating complicated relations within the formulation. 
 
 
RESULTS AND DISCUSSION 
 
Careful selection of several parameters, such as the 
population size and Crossover in GA, has an important 
effect on the time it takes to reach the optimum solution. 
Hence, Sensitivity analysis of the genetic algorithm model 
was done by considering of various parameters. The 
initial value for sensitivity analysis of population size was 
increased from 50 until 450. The objective function value 
was decreased from 571.1 to 185.3. Up to 350 popu-
lations, the reduction trend of the objective function was 
significant but, with increase in population size, there was 
no significant change in the objective function. Therefore, 
the optimum size of population was determined 350 
(Figure 2). Another important parameter in the GA is the 
crossover fraction. Crossover rate is 0.75 and the 
iteration number is 1500 and real-coded variables are 
used to make chromosome. High crossover allows more 
space to be explored and hence reduce the probability of 
being located in the space of local optimal. If this rate be 
very high, it takes plenty of time to search in the non-
optimal space. 

Figure 3 shows crossover fraction sensitivity analysis 
and lowest amount the objective function of 0.75 
crossover fractions. The third effective parameter in the 
execution of GA is mutation. In this study uses the 
Gaussian distribution for mutation to perform. The 
standard deviation of this distribution can be controlled 
with fitness scaling (The most difficult problem emerges 
when applying the proportionate selection) and shrink 
parameters. To find optimal scale and shrink parameters, 
different values of these parameters was considered. 
Hence, a values range for the scale parameter from 1.3 
to 3 and shrink parameter from 0.1 to 1.4 was selected.  

Figures 4 and 5 present the results of sensitivity 
analysis for the scale and shrink parameters that are 
equal to 1.9 and 0.8, respectively. The rest of GA model 
parameters are as follows: uniform creation function, 
ranking for scaling function, stochastic uniform for 
selection, two elite counts, scattered crossover and 1500 
iterations. 

In this study, after identifying the problem constraints 
and the policy of evaluation in each generation, 
evaluation of decision variables was done for present 
solution and  then  the  boundaries  were  controlled.  For  
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Figure 2. Sensitivity analysis for population size. 
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Figure 3. Sensitivity analysis for crossover fraction. 
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Figure 4. Sensitivity analysis for Scale parameter. 
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Figure 5. Sensitivity analysis for Shrink parameter. 
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Figure 6. Monthly release of reservoir. 

 
 
 
variables that have violated the boundaries, an interior 
penalty function was considered. The process continues 
with running of GA model to obtain 24 variables with 
these restrictions. The amount of 12 variables is related 
to monthly release of water and the other 12 variables 
are related to the optimum storage volume of the 
reservoir. Figure 6 shows the amount of monthly release 
of drinking and agriculture water obtained from the GA 
model which the months of May, June, July and August 
have the highest releasing, respectively. Figure 7 shows 
that the chart of releasing resulted from GA model have 

an appropriate conformity with the chart water demand in 
the downstream; therefore, in addition to supplying the 
water demand in the  downstream,  the  loss  of  water  is  
prevented. The Optimum storage volume estimated for 
Mahabad reservoir dam has been shown in Figure 8. The 
highest and lowest storage volume are during April 
(165.17 MCM) and October (49.99) months, respectively. 
The obtained optimum volume is equal to the determined 
optimum volume thus we can say that the reservoir has 
appropriate storage for supplying the water demand in 
the downstream. The required capacity for flood control in  
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Figure 7. Monthly demand and Release as per GA model. 
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Figure 8. Monthly reservoir storages. 

 
 
 
the months of February (143.67million cubic meters), 
March (133.12million cubic meters), April (99 million 
cubic meters) and May (31.67 million cubic meters) well 
supplied. Thus, MOGAs have been demonstrated to be 
an effective solution technique for solving multi-reservoir 
system optimization 
 
 
Conclusions 
 
In this study the GA short-term model was used for the 
optimum exploitation of multi-purpose Mahabad reservoir 
dam. When the analysis of sensitivity is finished, 
parameters of population size, crossover fraction, also 

scale and shrink result from the mutation function was 
determined equal to 350, 0.75, 1.9 and 0.8, respectively. 
For the preparation of Mahabad Reservoir system in 
critical condition, inflow to the dam was considered with a 
probability of reducing than the monthly actual average. 
There is a good fitting between the amount of estimated 
monthly release of drinking and agriculture water with the 
actual water demand in the downstream. Also, the 
reservoir has a suitable storage for supplying of the 
actual water demand in the downstream and in the 
months that probability of seasonal floods risks is high, it 
has enough capacity to mitigate flood. So even in drought 
conditions, one can hope to the sustainable management 
of water resources using proper planning and the use of  



 

 

 
 
 
 
new techniques for optimization such as GA that has an 
appropriate potential in optimal operation of water 
systems such as reservoir dams. 
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