Joournal of Unceertain Systems
Vool.8, No.2, pp.136-148, 20144
Online at: www.jus.org.uk
w
k

136136136613613613

Opttimizatioon of Sy
ystem Reeliability
y for Seriies Systeem with Fuzzy
Com
mponentt Reliabiilities by
y Genetic Algoriithm
Laaxminarayan Sahoo1,*, Assoke Kumar Bhunia2, San
nat Kumar M
Mahato3
1

2

Department off Mathematics, Raniganj Girlss’ College, Ran
niganj-713358, IIndia
Department of Mathematics,
D
M
T
The University of
o Burdwan, Burdwan-713104,, India
3
Department off Mathematics, D
Durgapur Govtt. College, Durg
gapur-713214, India

Recceived 26 Novvember 2012; Revised 18 Ju
une 2013
Abstract
Thiis paper deals with
w redundanccy allocation prroblem that maaximizes the ov
verall system reeliability subjecct to the
given rresource constrraints where reliability, cost annd weight of eaach component as
a well as the aamount of resou
urces are
impreccise and fuzzy valued. For fu
uzzification of tthe problem, reeliability, cost, weight and am
mount of resou
urces are
assumeed to be trianggular fuzzy num
mbers. As a reesult, this type of problem haas been formulaated as a fuzzy
y valued
nonlinear integer proogramming prob
blem. Thereafte
ter, we have ussed graded meaan integration rrepresentation of
o fuzzy
numbeer based on the integral value of graded meaan  -level of fuzzy
f
number fo
or defuzzifyingg the objective function
as welll as the resourrce constraints. Then the transsformed probleem has been fo
ormulated as ann unconstrained
d integer
prograamming problem
m with the help
p of Big-M pennalty function teechnique and to
o solve it, we hhave developed
d genetic
algoritthm for integerr variables with
h tournament sselection, interm
mediate crossover and one nneighborhood mutation.
m
Finallyy, three numerrical examples have been sollved and the computational
c
results for crissp problem haave been
compaared with the same available in
n the existing litterature.
© 2014 World Academ
mic Press, UK. All
A rights reservved.
Keyworrds: reliability optimization, fuzzy
fu
number, ddefuzzification, penalty functio
on technique, geenetic algorithm
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1 Introoduction
Developmeent of modern high-tech sysstem design ddepends on thee selection of components aand configurations to meet
the functionnal requiremeents as well ass performancee specification
ns. For a systeem with know
wn reliability, cost, weight,
volume andd other systeem parameters, the correspponding desig
gn problem becomes
b
a coombinatorial optimization
problem. Thhe best knownn reliability deesign problem
m of this type is
i referred to the
t redundancy
cy allocation problem.
p
The baasic objective of redundanccy allocation pproblem is to find the numb
ber of redundaant componen
nts that either
maximize tthe system reliability
r
or minimize thee system cosst under seveeral resource constraints. Redundancy
allocation pproblem is bassically a nonlinear integer pprogramming
g problem. Mo
ost of these prroblems can not
n be solved
by direct/inndirect or miixed search methods
m
due to discrete search
s
space. According tto Chern [4], redundancy
allocation pproblem with multiple consstraints is quitte often hard to
t find feasiblle solutions. T
This redundan
ncy allocation
problem is NP-hard and it has been well
w discussedd in Tillman et
e al. [29], Ku
uo and Prasadd [11] and Ku
uo et al. [12].
Earlier, sevveral deterministic methods like the heuriistic methods [19, 28], the reduced
r
gradieent method [9
9], the branch
and bound method [27, 10, 26], integer program
mming [16, 13,
1 8, 18] an
nd other welll-developed mathematical
m
programminng techniquess were used to
o solve such reedundancy alllocation probllem. Howeverr, these metho
ods have both
advantages and disadvanntages. Dynam
mic programm
ming is not useeful for reliabiility optimizattion of a general system as
it can be ussed only for few
f
particularr structures off the objectivee function and
d constraints that are decom
mposable. In
branch and bound methood, the effectiv
veness dependds on sharpneess of the bou
und and requirred memory that
t
increases
exponentiallly with the problem sizee. As a resuult, with the developmentt of genetic algorithm [6
6] and other
evolutionarry algorithms, researchers to
ook more atteention on redu
undancy allocaation problem
m as these methods provide
more flexibbility and reqquire less assu
umptions on tthe objective as well as th
he constraintss. These meth
hods are also
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effective irrespective of whether the search space is discrete or not. In this connection, one may refer to the works of
Ravi et al. [20], Shelokar et al. [25], Sheikhalishahi et al. [24], Coelho [5] and Najafi et al. [17].
In the existing literature, in almost all the studies, the design parameters of redundancy allocation problem have
usually been taken as precise values. However, in real life situations, design parameters are not precise due to human
errors, improper storage facilities and other unexpected factors relating to environment. Therefore, these parameters
may be imprecise. To tackle the problem with such imprecise numbers, generally stochastic, fuzzy and fuzzystochastic approaches are applied and the corresponding problems are converted to deterministic problems for solving
those. In an alternative way, imprecise numbers are also represented by deterministic interval numbers. In this area,
very few researchers have solved redundancy allocation problems considering the imprecise parameters as
deterministic interval numbers. In this regard, the recent works of Bhunia et al. [2], Sahoo et al. [22], Sahoo et al. [21],
Gupta et al. [7] are worth mentioning.
In this paper, we have considered the redundancy allocation problem with fuzzy valued reliabilities of
components. Then to handle the fuzziness, we have used GMIV technique to defuzzify the fuzzy number. Due to this
defuzzification of fuzzy numbers, the objective function as well as the constraints are converted into non-fuzzy valued.
Then, the transformed problem is formulated as a non-linear constrained integer programming problem. Thereafter, to
solve the constrained optimization problem, we have converted it into an unconstrained one by using the penalty
function technique. For solving such optimization problem, we have developed a real coded elitist GA with
tournament selection, intermediate crossover and one-neighborhood mutation. Finally, to illustrate the proposed
model, three numerical examples have been solved for different cases and the computational results for crisp case
have been compared with the existing results.

2 Assumptions and Notations
The following assumptions and notations have been used in the entire paper.

2.1 Assumptions
(i) Reliability of each component is imprecise and fuzzy valued.
(ii) Failures of components are statistically independent.
(iii) The system will not be damaged or failed due to failed components.
(iv) All redundancy is active and there is no provision for repair.
(v) The components as well as the system have two different states, viz. operating state and failure state.

2.2 Notations
n
xi
x
ri
RS
S
bj

system reliability
feasible region
availability of j-th resource ( j  1, 2,..., m)

li , ui

lower and upper bounds of xi

L( x)
R( x)

membership function of x of fuzzy set A
left shape function of x of fuzzy set A
right shape function of x of fuzzy set A

PdGw ( A )
p_cross
p_mute
p_size
max_gen

graded mean integral value of A with degree of optimism w
probability of crossover/ crossover rate
probability of mutation/ mutation rate
population size
maximum number of generations

 A  x 

number of subsystems
number of components in i-th subsystem
( x1 , x2 ,..., xn ) , the redundancy vector

reliability of i-th component
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3 Representation of Fuzzy Number
The word ‘fuzzy’ was first introduced by Zadeh [31] in the year 1965 in his famous paper “Fuzzy Sets” for
representing impreciseness/fuzziness or vagueness mathematically. The approach of fuzzy set is an extension of
classical set theory and it is used in fuzzy logic. In classical set theory, the membership of each element in relation to
a set is assessed in binary terms according to a crisp conditions; an element either belongs to or does not belong to the
set. By contrast, a fuzzy set theory permits the gradual assessment of the membership of each element in relation to a
set; this is discussed with the aid of a membership function. Fuzzy set is an extension of classical set theory since, for
a certain universe, a membership function may act as an indicator function, mapping all elements to either 1 or 0, as
in the classical notation. He used this word to generalize the mathematical concept of the set to fuzzy set or fuzzy
subset, where in a fuzzy set, a membership function is defined for each element of the referential set. After Zadeh [31],
this subject was enhanced by Zimmermann [32, 33, 34] and Bellman and Zadeh [1]. To tackle the problem with fuzzy
parameters, first of all the problem is to be defuzzified. In this defuzzification, there are several methods available in
the literature. For this connection, the works of Ming et al. [15], Yager et al. [30], Saneifard [23], Chen and Hsieh [3]
are worth mentioning. Chen and Hsieh [3] introduced the graded mean integration representation method based on the
integral value of graded mean  -level of generalized fuzzy number for defuzzification of generalized fuzzy number
to achieve the computational efficiency.
Fuzzy set: A fuzzy set A in a universe of discourse X is defined as the set of pairs: A  {( x,  A ( x)) : x  X }, where
the mapping  A : X  [0,1] is called the membership function or grade of membership of x in A .
Convex fuzzy set: A fuzzy set A is called convex if and only if for all x1 , x2  X ,  A ( x1  (1   ) x2 )

 min{ A ( x1 ),  A ( x2 )} where   [0,1].
Support of a fuzzy set: The support of fuzzy set A denoted by S ( A ) is the crisp set of all x  X such that
 A ( x)  0.

 -level set: The set of elements that belong to the fuzzy set A at least to the degree  is called the  -level set or
 -cut, A  {x  X :  A ( x)   }. If A  {x  X :  A ( x)   }, it is called strong  -level set or strong  -cut.
Normal fuzzy set: A fuzzy set A is called a normal fuzzy set if there exists at least one x  X such that  A ( x)  1.
Fuzzy number: A fuzzy number is a fuzzy set which is both convex and normal. A fuzzy number is a special case of
a fuzzy set. Different definitions and properties of fuzzy numbers are encountered in the literature but they all agree
on that a fuzzy number represents the conception of a set of real numbers ‘closer to a ’ where ‘ a ’ is the number
being fuzzified.
Graded mean integration representation of fuzzy number: Suppose A is a generalized fuzzy number as shown in
Figure 1. It is described as a fuzzy subset of  , whose membership function  A ( x) is given by
 L( x) a  x  b

bxc
1
 A ( x)  
R
(
x
)
c
xd

0
otherwise

where L( x) is continuous and strictly monotonic increasing function of x in a  x  b , R( x) is continuous
and strictly monotonic decreasing function of x in c  x  d . According to Chen and Hsieh [3], graded
mean integral value of A is defined by

 x (1  w) L
1

PdGw ( A ) 

1

0



( x)  wR 1 ( x) dx

1

0

xdx

 2  x (1  w) L1 ( x)  wR 1 ( x) dx
1

0

where the pre-assigned parameter w  [0,1], a pre-assigned parameter is called degree of optimism. Here, w  1
represents the optimistic decision makers’ viewpoint, w  0 represents a pessimistic viewpoint of the decision maker,
and w  0.5 reflects a moderately optimistic decision makers’ point of view.
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Figure 1: G
Generalized fu
uzzy number
Triangularr Fuzzy Num
mber (TFN): A TFN A is sspecified by th
he triplet (a1 , a2 , a3 ) and is defined by itts continuous
membershipp function  A ( x) : X  [0,1] as follows:
 x  a1
a  a
 2 1
1
 A ( x)  
 a3  x
 a3  a2

0

iff a1  x  a2
iff x  a2
iff a2  x  a3
otherwise.
o

Here

L( x) 

a x
x  a1
.
and R( x)  3
a2  a1
a3  a2

Therefore,

L1 ( x)  a1  (a2  a1 ) x and R 1 ( x)  a3  (a3  a2 ) x.
mula for triaangular fuzzy
y numbers w
with degree of
o optimism w:
w If A  (a1 , a2 , a3 ) is the
e Triangular
GMIV form

Fuzzy Num
mber, then GMIV
G
of A with the deggree of optim
mism w is given by
1
PdGww ( A )  2  x ((1  w) L1 ( x)  wR 1 ( x) dx
0

 2  x ((1  w)[a1  (a2  a1 ) x]  w[a3  (a3  a2 ) x ] dx
1

0

1
  (1  w)a1  2a2  wa
w 3 .
3

If a1  a2  a3  a, then PdGw ( A )  a is the reaal number a.

4 Math
hematicall Formula
ation of th
he Probleem
Here, we hhave considerred redundanccy allocation problem of parallel-seriess system. Our
ur objective iss to find the
optimal num
mber of reduundant components xi , i  1,, 2,..., n of a given n -stagee system (Figgure 2), which maximizes
system reliaability RS subbject to the ressource constraaints arising on
o volume, weeight and cost..
The m
mathematical foormulation forr this problem
m is as followss:
n

Maximizee RS   1  (1  ri ) xi 

(1)

i 1

subject to
g j ( x1 , x2 ,..., xn )  b j ,

j  1, 2,..., m

li  xi  ui , i  1, 2,..., n.
When all thhe parameters are fuzzy valu
ued number, tthen the problem (1) reducees to
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n

Maximizze R S   1  (1  ri ) xi 

(2)

i 1

subject too
g j ( x1 , x2 ,..., xn )  b j ,

j  1, 2,..., m

li  xi  ui , i  1, 2,..., n.
y, i-th compo
onent reliabilitty, j-th constrraint and j-th
Here R S , ri , g j and b j are all fuzzzy valued sysstem reliability

resource avvailability resppectively.
Now, we use gradeed mean defuzzzification meethod to conv
vert the problem (2) in crissp form. By graded
g
mean
p
(2) reeduces to the ffollowing form
m:
defuzzificattion method, problem
n

Maximize PdGGw ( R S )   1  (1  PdGw (ri ))
) xi 

(3)

i 1

subject
s
to
PdGw ( g j ( x1 , x2 ,..., xn ))
)  PdGw (b j ),

j  1, 2,..., m

li  xi  ui , i  1, 2,..., n.
Here PdGw ( R S ) is the deffuzzified/GMIIV (with degreee of optimism
m w ) valued objective
o
funcction.
To solve this probleem, we have used
u
Genetic A
Algorithm based constraintss handling appproach.

Figure 2: A nn-stage paralleel-series system
m

5 Geneetic Algorrithm based Constrraints Ha
andling Approach
Clearly the optimization problem (3) is a constrainned optimizatio
on problem. During
D
the pas
ast, several tecchniques [14]
h
the con
nstraints in geenetic algorith
hms for solvin
ng the optimiization probleem. Recently,
have been pproposed to handle
Gupta et al. [7] and Bhuunia et al. [2] solved the opptimization prroblem using Big-M
B
penalty
ty method. In this method,
the given cconstrained opptimization prroblem is connverted to an unconstrained
u
d optimizationn problem by penalizing a
large positivve number sayy, M and callled this penaltty as Big-M penalty. In thiss work, we havve used the Big-M penalty
technique.
a follows:
The coonverted probllem of (3) is as
(4)
Maximize PˆddGw ( R S ) = PdGww ( R S )   ( x)
where
if x  S
0
 ( x)  

if x  S
  PdGw ( RS )  M
and S  x : P ( g ( x , x ,..., x ))  P (b ), j  1, 22,..., m is thee feasible spacce.



dGw

j

1

2

n

dGw
d

j



Journal of Uncertain Systems, Vol.8, No.2, pp.136-148, 2014

141

Problem (4) is an integer non-linear unconstrained optimization problem with defuzzified valued objective of n
integer variables x1 , x2 ,..., xn . For solving this problem, we have developed a real coded genetic algorithm (GA) with
advanced operators for integer variables.

6

Genetic Algorithm

Genetic algorithm (GA) is a well-known stochastic search iterative method based on the evolutionary theory “survival
of the fittest” of Charles Darwin and natural genetics. The most fundamental idea of Genetic Algorithm is to imitate
the natural evolution process artificially in which populations undergo continuous changes through genetic operators,
like crossover, mutation and selection. In particular, it is very useful for solving complicated optimization problems
which cannot be solved easily by direct or gradient based mathematical techniques. It is very effective to handle
large-scale, real-life, discrete and continuous optimization problems without making unrealistic assumptions and
approximations. This algorithm starts with an initial population of probable solutions, called individuals, to a given
problem where each individual is represented as a chromosome using different form of coding. These chromosomes
are evaluated for their fitness. Based on their fitness, chromosomes in the population are to be selected for
reproduction and selected individuals are improved by two known genetic operations, viz. crossover and mutation.
The crossover operation is applied to create offspring from a pair of selected individuals. The mutation operation is
used for a slight modification/change in the individual. The repeated applications of these genetic operators to the
relatively fit individuals result in an increase of the average fitness of the population over generations and
identification of improved solutions to the problem under investigation. This process is applied iteratively until the
termination criterion is satisfied.
The procedural algorithm of the working principle of GA is as follows:
Algorithm genetic:
begin
t ← 0; [ t represents the number of current generation]
Compute initial population P(t);
Evaluate the fitness function of P(t);
Obtain the best found result from P(t);
while termination criterion not fulfilled do
t ← t + 1;
Select P(t) from P(t − 1) by selection process;
Alter P(t) by crossover and mutation;
Evaluate the fitness function of P(t);
Obtain the best found result from P(t) and compare with P(t-1) and store the better one;
Replace the worst result of P(t) by the best found result of P(t-1) if it is better than that of P(t);
end while
Print the best found result;
end

To implement the GA, the following basic components are to be considered:
GA parameters (population size, maximum number of generations, crossover rate and mutation rate)
Chromosome representation
Initialization of population
Evaluation of fitness function
Selection process
Genetic operators (crossover, mutation and elitism).
There are several GA parameters, viz. population size (p_size), maximum number of generations (max_gen),
crossover rate, i.e., the probability of crossover (p_cross) and mutation rate, i.e., the probability of mutation (p_mute).
There is no hard and fast rule for selecting the population size for GA, how large it should be. The population size is
problem dependent and will need to increase with the dimensions of the problem. Regarding the maximum number of
generations, there is no clear indication for considering this value. It varies from problem to problem and depends
upon the number of genes (variables) of a chromosome and prescribed as stopping/termination criteria to make sure
that the solution has converged. From natural genetics, it is obvious that the rate of crossover is always greater than
that of the rate of mutation. Generally, the crossover rate varies from 0.60 to 0.95 whereas the mutation rate varies
i)
ii)
iii)
iv)
v)
vi)
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from 0.05 to 0.20. Sometimes the mutation rate is considered as1 n where n is the number of genes (variables) of the
chromosome.
To represent an appropriate chromosome is an important issue in the application of GA for solving the
optimization problem. There are different types of representations, like, binary, real, octal, hexadecimal coding,
available in the existing literature. Among these representations, the real coding representation is very popular. In this
representation, a chromosome is coded in the form of vector/matrix of integer/ floating point or combination of the
both numbers and every component of that chromosome represents a decision variable of the problem. In this
representation, each chromosome is encoded as a vector of integer numbers, with the same component as the vector
of decision variables of the problem. This type of representation is accurate and more efficient as it is closed to the
real design space and moreover, the string length of each chromosome is the number of design variables. In this
representation, for a given problem with n decision variables, a n-component vector x  ( x1 , x2 ,..., xn ) is used as a
chromosome to represent a solution to the problem. A chromosome denoted as vk ( k  1, 2,..., p _ size ) is an ordered
list of n genes as vk  {vk 1 , vk 2 ,..., vki ,..., vkn }.
After representation of chromosome, the next step is to initialize the chromosome that will take part in the
artificial genetics. To initialize the population, first of all we have to find the independent variables and their bounds
for the given problem. Then the initialization process produces population size number of chromosomes in which
every component for each chromosome is randomly generated within the bounds of the corresponding decision
variable. There are several procedures for selecting a random number of integer types. In this work, we have used the
following algorithm for selecting of an integer random number. An integer random number between a and b can be
generated as either x  a  g , or x  b  g where g is a random integer between 1 and a  b .
Evaluation/fitness function plays an important role in GA. This role is same for natural evolution process in the
biological and physical environments. After initialization of chromosomes of potential solutions, we need to see how
relatively good they are. Therefore, we have to calculate the fitness value for each chromosome. In our work, the
value of objective function of the reduced unconstrained optimization problems corresponding to the chromosome is
considered as the fitness value of that chromosome.
The selection operator which is the first operator in artificial genetics plays an interesting role in GA. This
selection process is based on the Darwin’s principle on natural evolution “survival of the fittest”. The primary
objective of this process is to select the above average individuals/chromosomes from the population according to the
fitness value of each chromosome and eliminate the rest of the individuals/chromosomes. There are several methods
for implementing the selection process. In this work, we have used well known tournament selection with size two.
The exploration and exploitation of the solution space can be made possible by exchanging genetic information
of the current chromosomes. After the selection process, other genetic operators, like crossover and mutation are
applied to the resulting chromosomes those which have survived. Crossover is an operator that creates new
individuals/chromosomes (offspring) by combining the features of both parent solutions. It operates on two or more
parent solutions at a time and produces offspring for next generation. In this work, we have used intermediate
crossover for integer variables.
The aim of mutation operator is to introduce the random variations into the population and is used to prevent the
search process from converging to the local optima. This operator helps to regain the information lost in earlier
generations and is responsible for fine tuning capabilities of the system and is applied to a single individual only.
Usually, its rate is very low; because otherwise it would defeat the order building being generated through the
selection and crossover operations. In this work we have used one-neighborhood mutation for integer variables.
In any generation of GA, sometimes there arises a situation when the best chromosome may get lost from the
population when a new population is created by crossover and mutation operations. To overcome this situation, the
worst individual/chromosome of the current generation is replaced by the best individual/chromosome of previous
generation. Instead of single chromosome one or more chromosomes may take part in this operation. This process is
named as elitism.

7 Numerical Examples
To illustrate our proposed GA based penalty function technique for solving the reliability optimization problem with
fuzzy valued as well as precise/fixed valued reliabilities of components, the three numerical examples of parallelseries system have been considered for different choices of the parametric values.
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Example 1:
4



Maximize RS   1  (1  ri ) xi
i 1



subject to
4

CS   Ci xi  C
i 1

4

WS   Wi xi  W
i 1

xi    , i  1, 2,3, 4.
Example 2:
5



Maximize RS   1  (1  ri ) xi
i 1



subject to
5

VS   Vi xi 2  V
i 1

5

 x 
CS   Ci  xi  exp  i    C
 4 
i 1

5

 x 
WS   Wi  xi exp  i    W
 4 
i 1


xi   , i  1, 2,...,5.

Example 3:
15



Maximize RS   1  (1  ri ) xi
i 1



15

subject to

CS   Ci xi  C
i 1
15

WS   Wi xi  W
i 1

xi    , i  1, 2,...,15.
We have solved the problems considering the following three cases:
Case 1: All parameters are fuzzy valued.
Case 2: Only component reliabilities are fuzzy valued.
Case 3: Crisp parametric values.
The values of various parameters are given in Tables 1-6. The proposed method is coded in C programming
language and run in a LINUX environment. The computational work has been done on a PC with Intel core-2 duo
processor with 2.5 GHz. For each case, 20 independent runs have been performed to calculate the best found system
reliability. The computational results are presented in Tables 7-10. In this computation, we have taken population size,
maximum number of generations, crossover rate and mutation rate as 100, 100, 0.85 and 0.15, respectively.
Table 1: Values of different parameters of Example 1 for Cases 1 and 2
Case 1

Case 2

i

ri

Ci

Wi

ri

Ci

Wi

1

(0.74, 0.80, 0.88)

(0.2, 1.2, 2.4)

(4,5,6)

(0.74, 0.80, 0.88)

(1.2, 1.2, 1.2)

(5, 5, 5)

2

(0.63, 0.70, 0.78)

(2.0, 2.3, 2.8)

(3,4,5)

(0.63, 0.70, 0.78)

(2.3, 2.3, 2.3)

(4, 4, 4)

3

(0.68, 0.75, 0.82)

(3.0, 3.4, 3.9)

(7,8,9)

(0.68, 0.75, 0.82)

(3.4, 3.4, 3.4)

(8, 8, 8)

4

(0.78, 0.85, 0.92)

(4.0, 4.5, 4.8)

(6,7,8)

(0.78, 0.85, 0.92)

(4.5, 4.5, 4.5)

(7, 7, 7)

C  (50, 56, 60), W  (115, 120, 125)

C  (56, 56, 56), W  (120, 120, 120)
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Table 2: Values of different parameters of Example 2 for Cases 1 and 2
Case 1

i

Case 2

Vi

ri

Ci

Wi

ri

Vi

Ci

Wi

1

(0.74, 0.80, 0.88)

(0.4, 1, 1.5)

(6.4, 7, 7.9)

(6.1, 7, 7.6)

(0.74, 0.80, 0.88)

(1, 1, 1)

(7, 7, 7)

(7, 7, 7)

2

(0.82, 0.85, 0.93)

(1.2, 2, 2.7)

(6.3, 7, 7.8)

(7.2, 8, 8.9)

(0.82, 0.85, 0.93)

(2, 2, 2)

(7, 7, 7)

(8, 8, 8)

3

(0.83, 0.90, 0.98)

(2.3, 3, 3.8)

(4.6, 5, 5.7)

(7.4, 8, 8.7)

(0.83, 0.90, 0.98)

(3, 3, 3)

(5, 5, 5)

(8, 8, 8)

4

(0.61, 0.65, 0.79)

(3.4, 4, 4.9)

(8.2, 9, 9.7)

(5.7, 6, 6.9)

(0.61, 0.65, 0.79)

(4, 4, 4)

(9, 9, 9)

(6, 6, 6)

5

(0.72, 0.75, 0.84)

(1.2, 2, 2.9)

(3.2, 4, 4.7)

(8.2, 9, 9.7)

(0.72, 0.75, 0.84)

(2, 2, 2)

(4, 4, 4)

(9, 9, 9)

V  (100, 110, 115), C  (165, 175, 180), W  (195, 200, 210)

V  (110,110,110), C  (175,175,175), W  (200,200,200)

Table 3: Values of different parameters of Example 1 for Case 3
r
C
W
i
i

i

i

1

(0.80, 0.80, 0.80)

(1.2, 1.2, 1.2)

(5, 5, 5)

2

(0.70, 0.70, 0.70)

(2.3, 2.3, 2.3)

(4, 4, 4)

3

(0.75, 0.75, 0.75)

(3.4, 3.4, 3.4)

(8, 8, 8)

4

(0.85, 0.85, 0.85)

(4.5, 4.5, 4.5)

(7, 7, 7)

Table 4: Values of different parameters of Example 2 for Case 3
r
V
C
W
i
i

i

1
2
3
4
5

(0.80, 0.80, 0.80)
(0.85, 0.85, 0.85)
(0.90, 0.90, 0.90)
(0.65, 0.65, 0.65)
(0.75, 0.75, 0.75)

(1, 1, 1)
(2, 2, 2)
(3, 3, 3)
(4, 4, 4)
(2, 2, 2)

i

i

(7, 7, 7)
(7, 7, 7)
(5, 5, 5)
(9, 9, 9)
(4, 4, 4)

(7, 7, 7)
(8, 8, 8)
(8, 8, 8)
(6, 6, 6)
(9, 9, 9)

Table 5: Values of different parameters of Example 3 for Cases 1 and 2
Case 1

Case 2

i

ri

Ci

Wi

ri

Ci

Wi

1

(0.80, 0.90, 0.98)

(4, 5, 6)

(7, 8, 9)

(0.80, 0.90, 0.98)

(5, 5, 5)

(8, 8, 8)

2

(0.60, 0.75, 0.90)

(2, 4, 5)

(8, 9, 11)

(0.60, 0.75, 0.90)

(4, 4, 4)

(9, 9, 9)

3

(0.50, 0.65, 0.75)

(8, 9, 11)

(4, 6, 7)

(0.50, 0.65, 0.75)

(9, 9, 9)

(6, 6, 6)

4

(0.70, 0.80, 0.90)

(6, 7, 9)

(5, 7, 9)

(0.70, 0.80, 0.90)

(7, 7, 7)

(7, 7, 7)

5

(0.70, 0.85, 0.95)

(5, 7, 9)

(7, 8, 10)

(0.70, 0.85, 0.95)

(7, 7, 7)

(8, 8, 8)

6

(0.85, 0.93, 0.99)

(3, 5, 8)

(6, 8, 10)

(0.85, 0.93, 0.99)

(5, 5, 5)

(8, 8, 8)

7

(0.70, 0.78, 0.85)

(4, 6, 7)

(8, 9, 10)

(0.70, 0.78, 0.85)

(6, 6, 6)

(9, 9, 9)

8

(0.55, 0.66, 0.75)

(7, 9, 10)

(5, 6, 7)

(0.55, 0.66, 0.75)

(9, 9, 9)

(6, 6, 6)

9

(0.70, 0.78, 0.90)

(2, 4, 7)

(6, 7, 9)

(0.70, 0.78, 0.90)

(4, 4, 4)

(7, 7, 7)

10

(0.80, 0.91, 0.98)

(4, 5, 7)

(6, 8, 9)

(0.80, 0.91, 0.98)

(5, 5, 5)

(8, 8, 8)

11

(0.75, 0.79, 0.90)

(5, 6, 7)

(8, 9, 10)

(0.75, 0.79, 0.90)

(6, 6, 6)

(9, 9, 9)

12

(0.60, 0.77, 0.85)

(6, 7, 9)

(5, 7, 9)

(0.60, 0.77, 0.85)

(7, 7, 7)

(7, 7, 7)

13

(0.60, 0.67, 0.80)

(7, 9, 12)

(4, 6, 8)

(0.60, 0.67, 0.80)

(9, 9, 9)

(6, 6, 6)

14

(0.70, 0.79, 0.90)

(6, 8, 9)

(4, 5, 6)

(0.70, 0.79, 0.90)

(8, 8, 8)

(5, 5, 5)

15

(0.55, 0.67, 0.80)

(5, 6, 8)

(5, 7, 9)

(0.55, 0.67, 0.80)

(5, 5, 5)

(7, 7, 7)

C  (395, 400, 405), W  (410, 414, 420)

C  (400, 400, 400), W  (414, 414, 414)
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Table 6: Values of different parameters of Example 3 for Case 3
C
W
r
i
i

i

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

i

(0.90, 0.90, 0.90)
(5, 5, 5)
(0.75, 0.75, 0.75)
(4, 4, 4)
(0.65, 0.65, 0.65)
(9, 9, 9)
(0.80, 0.80, 0.80)
(7, 7, 7)
(0.85, 0.85, 0.85)
(7, 7, 7)
(0.93, 0.93, 0.93)
(5, 5, 5)
(0.78, 0.78, 0.78)
(6, 6, 6)
(0.66, 0.66, 0.66)
(9, 9, 9)
(0.78, 0.78, 0.78)
(4, 4, 4)
(0.91, 0.91, 0.91)
(5, 5, 5)
(0.79, 0.79, 0.79)
(6, 6, 6)
(0.77, 0.77, 0.77)
(7, 7, 7)
(0.67, 0.67, 0.67)
(9, 9, 9)
(0.79, 0.79, 0.79)
(8, 8, 8)
(0.67, 0.67, 0.67)
(6, 6, 6)
C  (400, 400, 400), W  (414, 414, 414)

(8, 8, 8)
(9, 9, 9)
(6, 6, 6)
(7, 7, 7)
(8, 8, 8)
(8, 8, 8)
(9, 9, 9)
(6, 6, 6)
(7, 7, 7)
(8, 8, 8)
(9, 9, 9)
(7, 7, 7)
(6, 6, 6)
(5, 5, 5)
(7, 7, 7)

Table 7: Computational results of Examples 1 and 2 for Case 1
Example 1

Example 2

x

RS

CS

WS

x

RS

VS

CS

WS

w=0

(5,7,5,4)

0.996709

53.403

114.007

(3,2,2,3,3)

0.888137

74.997

141.0333

186.7051

w=0.5

(5,6,5,4)

0.997522

55.116

117.000

(3,2,2,3,3)

0.914625

78.285

140.6763

198.6564

w=1

(5,5,5,4)

0.997468

56.037

121.660

(3,2,2,3,4)

0.945221

108.003

155.688

201.6754

Table 8: Computational results of Examples 1 & 2 for Case 2
Example 1

Example 2

x

WS

x

RS

CS

w=0

(5,6,5,4)

0.995943

54.8

RS

VS

CS

WS

117

(3,2,2,3,3)

0.888137

83

146.125

166.589

w=0.5

(5,6,5,4)

0.997522

54.8

117

(3,2,2,3,3)

0.914625

83

146.125

166.589

w=1

(5,6,5,4)

0.998569

54.8

117

(3,2,2,3,3)

0.937352

83

146.125

166.589

Table 9: Computational results of Example 3 for Case 1

x

RS

CS

WS

w=0

(3, 4, 6, 4, 3, 3, 4, 6, 4, 3, 3, 5, 5, 4, 5)

0.93461492

386.32

412.00

w=0.5

(3, 4, 6, 4, 3, 2, 3, 5, 4, 3, 3, 4, 5, 4, 5)

0.94506465

393.89

413.34

w=1

(2, 4, 5, 3, 3, 2, 4, 5, 3, 2, 3, 4, 5, 4, 5)

0.95529990

399.36

413.68

Table 10: Computational results of Example 3 for Case 2

x

RS

CS

WS

w=0

(3, 4, 6, 4, 3, 2, 3, 5, 4, 3, 3, 4, 5, 4, 5)

0.90620540

391

413

w=0.5

(3, 4, 6, 4, 3, 2, 3, 5, 4, 3, 3, 4, 5, 4, 5)

0.94506465

391

413

w=1

(3, 4, 6, 4, 3, 2, 4, 5, 4, 2, 3, 4, 5, 4, 5)

0.97045922

392

414
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Table 11: Comparison of the best found results of Example 1 and 2
Example 1
Method
Proposed Method

Example 2

Case
Case 1

x

RS

x

RS

(5, 6, 5, 4)

0.997522

(3, 2, 2, 3, 3)

0.945221

Case 2

(5, 6, 5, 4)

0.998569

(3, 2, 2, 3, 3)

0.937352

Case 3

(5, 6, 5, 4)

0.997470

(3, 2, 2, 3, 3)

0.904467

ACO[25]

-

(5, 6, 5, 4)

0.997500

(3, 2, 2, 3, 3)

0.904500

SA[20]

-

(5, 6, 5, 4)

0.997500

(3, 2, 2, 3, 3)

0.904500

I-NESA[20]

-

(5, 6, 5, 4)

0.997500

(3, 2, 2, 3, 3)

0.904500

NLIP [13]

-

(5, 6, 5, 4)

0.997500

(3, 2, 2, 3, 3)

0.904500

Table 12: Comparison of the best found results of Example 3
Method
Proposed Method

Case

x

RS

CS

WS

Case 1

(3, 4, 6, 4, 3, 2, 4, 5, 4, 2, 3, 4, 5, 4, 5)

0.95529990

399.36

413.68

Case 2

(3, 4, 6, 4, 3, 2, 4, 5, 4, 2, 3, 4, 5, 4, 5)

0.97045922

392.00

414.00

Case 3

(3, 4, 6, 4, 3, 2, 4, 5, 4, 2, 3, 4, 5, 4, 5)

0.94561336

392.00

414.00

ACO[25]

-

(3, 4, 6, 4, 3, 2, 4, 5, 4, 2, 3, 4, 5, 4, 5)

0. 94561300

392

414

SA[20]

-

(2, 4, 5, 4, 3, 2, 4, 5, 4, 3, 3, 4, 5, 5, 4)

0. 94325900

380

414

I-NESA[20]

-

(3, 4, 5, 3, 3, 2, 4, 5, 4, 3, 3, 4, 5, 5, 5)

0. 94474900

389

414

NLIP [13]

-

(3, 4, 5, 3, 3, 2, 4, 5, 4, 3, 3, 4, 5, 5, 5)

0. 94474900

389

414

We have compared our results for these examples with the results of some earlier results and are presented in
Tables 11 and 12. From Tables 11 and 12, it is observed that the computational results are either better or same in
different cases with the existing ones. For Example 1 and 3, the respective best results are obtained when only
reliability components are considered as fuzzy numbers with moderately decision makers’ point of view while in
Example 2, the largest value of system reliability is obtained when all the parameters are fuzzy valued with optimistic
decision makers’ point of view.

8 Concluding Remarks
In this paper, reliability redundancy allocation problem with imprecise parameters has been formulated to maximize
the system reliability subject to the given resource constraints. Here the values of imprecise parameters are considered
as triangular fuzzy numbers and the corresponding problem has been formulated as a fuzzy valued nonlinear integer
programming problem. Then the problem has been converted to crisp one by defuzzification technique with the help
of graded mean integration method. Then the transformed problem has been solved with respect to optimistic,
pessimistic and moderately optimistic decision makers’ point of view. We have also solved the crisp problem to
compare the results with the same of existing methods. From the simulation results, it is observed that the results in
cases 1 and 2 are better than that of in crisp case.
For further research, one may use the proposed technique to formulate and solve the other reliability
optimization problems (single or multi-objective).
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