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Abstract—Complex networks play a vital role in reliability 
analysis of real-world applications, demanding for precise and 
accurate analysis methods for optimal allocations of cost and 
reliability. Since the configuration of a system may change with 
every feasible solution of cost allocation optimization equation, 
finding the best arrangement of the system can become very 
challenging. This paper presents a novel methodology by 
combining Genetic Algorithm (GA) and Monte Carlo (MC) 
simulation approaches to simultaneously optimize cost 
allocation and system configuration in complex network. GA is 
used to generate configuration-cost pairs while MC is used to 
evaluate the reliability of the system for each pair. The 
application of the developed methodology is demonstrated for 
power grids as an example of critical complex networks. The 
results show that the proposed methodology can be readily 
used in practice. 
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I.  INTRODUCTION

Complex networks are broadly used to model many 
industrial systems such as power grids , oil and gas facilities, 
transportation networks, and communication systems [1]. To 
solve complex networks, many researchers have proposed 
various exact and approximate methods [2, 3]. Due to the 
complexity of such networks, simulation methods are 
extensively used to evaluate them. Monte Carlo (MC) 
simulation is an efficient  modeling technique for the 
evaluation of complex systems [4]. Much research on 
precision and time improvement of reliability evaluation 
techniques of complex networks has been done [5]. 

Reliability and cost allocation is an important task in the 
system development, which decides how the budget should 
be allocated to satisfy system expectations, such as 
maximum reliability. In this regard, configuration of system 
and quality and number of components should be 
determined. According to its importance, in the last few 
years there has been a growing interest in reliability 
allocation optimization  [6, 7]. 

The complex network reliability allocation is an NP-hard 
problem, so meta-heuristics algorithms have been widely 
used to find optimal solutions of this problem [8]. Genetic 
Algorithm (GA) is a powerful algorithm in reliability 
optimization, due to its capability of finding near optimal 
solutions in an acceptable time [9-12].  

Simulation based techniques have been widely used to 
analyze reliability of complex networks [4]. MC simulation 
is a popular approach to evaluate systems with complex 
configurations [13, 14]. Much research has been carried out 
to enhance MC simulation for improvement the precise and 
time of reliability evaluation of complex systems [15]. MC 
simulation has been employed to estimate reliability of 
complex system in different industrial applications, such as 
wireless networks [16], distribution systems [17], 
marine [18] and  oil and gas [19].  

In recent years, integration of meta-heuristics algorithms 
with MC simulation has attracted much attention from 
research teams in the reliability engineering field. The results 
obtained by Marseguerra et al. [20] suggest that  coupled GA 
and MC approach is useful in condition-based maintenance 
optimization. Another solution was developed by Yeh et al. 
[21] by integrating Particle Swarm Optimization (PSO) and
MC simulation to solve complex networks. Marseguerra  et
al. [22] have also found that combined GA and MC
simulation is practical in the redundancy optimization
problems.

Reliability is an essential parameter in power industry 
[23]. Previous research has demonstrated the MC simulation 
application to reliability assessment of power system  [24]. 
Power grid is a critical infrastructure in power systems in 
order to convey power from power plants to customers. 
power grid can be modeled as a complex network [25]. 
Reliability allocation in such systems is important because of 
their implementation and unavailability costs [26]. Niyato et 
al. [27] presented a novel reliability analysis to design 
redundancy of the wireless communications systems in smart 
grids. Shi et al. developed a redundancy optimization model 
for smart grid [28]. 

In spite of the relation between cost allocation and 
system configuration problems, previous studies in complex 
network have addressed these issues individually. The main 
objective of the current work is presenting a new algorithm 
to find an optimal configuration and cost allocation of 
complex networks in the same time. 

II. PROBLEM STATEMENT

A reliability network can be represented by an adjacency 
matrix. An element aij of the adjacency matrix is equal to 1 if 
the i-th (row) and j-th (column) nodes are connected, and 
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zero otherwise. The adjacent matrix is symmetric about the 
main diagonal (aij =aji) [29]. In this study, all nodes of the 
system are perfectly reliable and reliability of component is 
shown on the connections (rij); each connection has two 
mutually exclusive states, working and failed. The 
connection states are s-independent. The graph is connected, 
and free of self-loops. 

In this paper, we have assumed that the system 
configuration is not fixed and could change throughout 
connections and nodes. Therefore the first step is determine 
all possible connections among and the nodes of the system.  

Reliability of each connection is related to an allocated 
cost, which can be calculated by cost function in Equation 
(1) that can be rewritten as Equation (2) [30].=           (1) 

= 1 − +
1 − + 1     (2) 

where: 
i, j= indices of possible connected nodes in the system 
ccij = allocated cost to the connection between nodes i and j 
cminij =cost of the connection between nodes i and j for 
rminij  
rij= reliability of the connection between nodes i and j 

according to the allocated cost ccij 
rminij= minimum reliability of the connection between nodes 

i and j corresponding to the allocated cost  
rmaxij=maximum achievable reliability of the connection 

between nodes i and j 
fij= cost function or feasibility of increasing the connection 
between nodes i and j reliability which relies on the 
criticality, the state of the art, the complexity, the working 
condition and availability of the component. 

The main question is how much cost should be assigned 
to each connection to reach the maximum reliability of the 
system (Rsystem). The mathematical formulation of the 
problem is shown in Equations (3)-(9). Equation (4) assures 
that the total allocated cost   is less than the available budget 
(B). Equations (5) and (6) demonstrate that the lower bound 
of the allocated cost of each connection is limited to the 
minimum cost (cminij). Equation (7) identifies that according 
to the selected connections, every related node with selected 
connections should be activated, for example, if connection 
between nodes i=2, j=3 is selected, node 2 and 3 must be 
activated. 

 max R   (3) 

Subject to: 

cc + x nc ≤ B       (4) 

cc ≥  cmin y         ,   i,j=1,2,…,I    (5) cc ≤ y  K        ,   i,j=1,2,…,I        (6) K  x ≥ cc   ,   i,j=1,2,…,I          (7) x ∈ {0,1} , cc ≥ 0   ,   i,j=1,2,…,I    (8) 

where: 
xi=  binary variable to show whether node i is selected or 
not 
yij=  auxiliary binary variable 
nci= cost of node i  
Rsystem= total reliability of the system 
B= total available budget 
K1,2= a fixed big number 

GA as a powerful algorithm is selected to find optimal 
solution of the problem. Allocated cost to each connection 
(decision variable) is represented as a chromosome of GA. 
The length of every chromosome is equal to the maximum 
number of possible connections the value of which should be 
zero (if the connection is not selected) or greater than 
minimum cost (cminij) otherwise (Fig. 1). 

Total possible connections

gene: Allocated cost to each connection

. . . . . . . .

Figure 1. Suggested GA's chromosome representation. 

The total reliability of the system (Rsystem) is the fitness 
function of each chromosome. The configuration of the 
system may change according to feasible answers of the 
solution space; to overcome this issue, MC simulation can be 
used as shown in Fig. 2. For each chromosome the algorithm 
runs for Nmax times, and in each iteration for all selected 
connection creates a random number: if this number is 
greater than the reliability of connection, the related cell in 
the adjacency matrix will be set to 0, or else to 1. Then, if 
there is any path from the power plant to consumers, the 
counter of success will increase by unity. Finally, the 
reliability of the system (Rsystem) can be approximated as the 
ratio of the total number of successes to the total number of 
iterations (Nmax). 



GA’s chromosome (ccij) and Nmax 
(number of iteration) as input 

Calculate rij according to ccij

Create a random number [0,1] 

Is the random 
number less than the 
reliability of selected 

connection?

Set related cell 
in adjacency 
matrix to 1

Are all 
connections 
evaluated?

Is there any path 
between start to end in 

connection matrix?

Set related cell 
in adjacency 
matrix to 0

NoYes

S= S+ 1 S= S

Set counter
N= 0 (counter of iteration)
S= 0 (counter of success)

Yes No

Is N equal to 
Nmax?

Rsystem= S/N

Yes

No

Select next connection in the 
chromosome  

No

N= N+ 1

Yes

Figure 2. Proposed algorithm to evaluate GA's chromosome. 

III. APPLICATION ON POWER GRID SYSTEM

Power grids, used for electricity transmission and 
distribution, are amongst critical infrastructures. For today’s 
society. Reliability is an important parameter in designing 
the type and route of power grid to transfer electricity from 
power plants to consumers. However, extreme cost of 
transmission lines and substations also demands for taking 
into account cost as another important parameter in the 
design of power grids. Therefore, the designer should 
determine which transmission line and substation could 
satisfy cost and reliability requirements. In this section, the 
proposed algorithm is applied to a small size power grid 

system with transmission lines and substations as the 
connections and nodes of the network. The adjacency matrix 
of the power grid system is illustrated in Fig. 3. Also Fig. 4 
depicts transition lines (arc) to the potential substations 
(nodes) in the power grid system.  

node start 1 2 3 4 5 6 7 8 9 end 
start - A B C 0 0 0 0 0 0 0 

1 - 0 0 D 0 G 0 0 0 0 
2 - 0 0 F H 0 0 0 0 
3 - E 0 I J 0 K 0
4 - 0 0 0 L 0 0
5 - 0 0 M N 0
6 - 0 O P 0
7 - 0 Q 0
8 - R S
9 - T

end -
Figure 3. Adjacency matrix of the power grid system 

Implementation cost of each substation is shown in Table 
I.  

TABLE I.  COST OF SUBSTATIONS 

Substation (node) 1 2 3 4 5 6 7 8 9 
Node Cost (nci) 7 8 7 6 5 6 5 4 4 

The required information about transmission lines is 
provided in Table II. The available budget (B) for the power 
grid is assumed as 110 units. 

To solve cost allocation of the power grid system, 
according to our experience, the GA parameters such as 
population size, number of generations, mutation rate, and 
crossover are set to 100, 300, 0.7, and 0.1 respectively. The 
total number of iteration for each solution is considered as 
500 (Nmax=500). The optimal design and the allocated cost of 
the power grid is shown in Fig. 5, with the respective total 
reliability of 98.85% and the cost of 109.99 units. 

IV. CONCLUSION

In the present study we demonstrated that integration of 
genetic algorithm and Monte Carlo simulation can 
effectively be used for optimal design of large-sized complex 
networks with regards to reliability and cost. Although we 
showed the methodology’s application to a power grid 
system, it can be applied to other real-world complex 
networks such as transportation networks. The developed 
methodology is also able to be expanded by taking into 
account other constraints and goals, such as minimum level 
of system reliability and availability of system, discussed in 
pervious publications. The present research was concerned 
with the cost allocation; however, the developed 
methodology could readily be applied to other problems such 
as redundancy allocation and maintenance optimization. To 
verify the efficacy of the developed methodology, a 
comparison can be made with other complex network 
modeling approaches such as Petri nets and Bayesian 
networks. 
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Figure 4. All possible transition line and potential substation. 

TABLE II.  FEATURE OF TRANSMISSION LINE BETWEEN SUBSTATIONS 

rmin rmax start 1 2 3 4 5 6 7 8 9 end cmin f 

start --- 0.9 0.992 0.92 0.995 0.9 0.992 --- --- --- --- --- --- ---2 0.55 3 0.5 2 0.55 

1 --- --- --- 0.94 0.996 --- 0.93 0.991 --- --- --- ---3 0.6 2 0.5 

2 --- --- --- 0.94 0.999 0.92 0.991 --- --- --- ---3 0.55 2 0.55 

3 --- 0.91 0.991 --- 0.92 0.992 0.91 0.91 --- 0.85 0.985 --- 5 0.4 2 0.6 1 0.6 7 0.3 

4 --- --- --- --- 0.95 0.991 --- ---4 0.55 

5 --- --- --- 0.95 0.992 0.93 0.999 --- 4 0.6 3 0.6 

6 --- --- 0.94 0.991 0.94 0.99 --- 2 0.65 4 0.6 

7 --- --- 0.96 0.995 --- 5 0.5 

8 --- 0.96 0.995 0.97 0.999 
1 0.55 2 0.75 

9 --- 0.97 0.999 
2 0.75 

end --- 

cc=
4.88

r=
96.12%

1

3

6

9

cc=21.14
r=97.73% cc=25.03
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Figure 5. Optimal solution by proposed algorithm
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