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Abstract—Redundancy allocation problems (RAPs) have
attracted much attention for the past thirty years due to its
wide applications in improving the reliability of various engi-
neering systems. Because RAP is an NP-hard problem, and exact
methods are only applicable to small instances, various heuristic
and meta-heuristic methods have been proposed to solve it.
In the literature, most studies on RAPs have been conducted for
single-level systems. However, real-world engineering systems usu-
ally contain multiple levels. In this paper, the RAP on multi-level
systems is investigated. A novel memetic algorithm (MA) is
proposed to solve this problem. Two genetic operators, namely
breadth-first crossover and breadth-first mutation, and a local
search method are designed for the MA. Comprehensive experi-
mental studies have shown that the proposed MA outperformed
the state-of-the-art approach significantly on two representative
examples.

Index Terms—Evolutionary algorithms, memetic algorithms,
multi-level systems, redundancy allocation.
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RAP Redundancy Allocation Problem

MLRAP Multi-Level Redundancy Allocation Problem

MA Memetic Algorithm
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HGA Hierarchical Genetic Algorithm
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the th unit, where a unit can refer to a system, a
subsystem or a component

the th child unit of

the reliability of

the cost of

the redundancy of

a set of design variables

the reliability of a system or subsystem defined by
design variables

the cost of a system or subsystem defined by design
variables

the additional cost parameter of the th child unit
of , which is at the second lowest level of the
system

the number of child units of

the th redundant unit of th child unit of

the reliability of

the cost of

the redundancy of

I. INTRODUCTION

T O maximize the reliability of a system, which is typically
comprised of a number of components, either the compo-

nent reliability can be enhanced, or redundant components can
be added in parallel [1], [2]. In many real-world problems, the
reliability of components utilized to construct a system are fixed,
thus the only way to improve the system reliability is to increase
the redundancy of utilized components. However, increasing the
redundancy of components requires more resources. Thus, it is
always important to optimally allocate redundancy to compo-
nents under some resource constraints. This problem is referred
to as the redundancy allocation problem (RAP) [3]. The RAP
is one of the most important reliability optimization problems
with regards to improving the reliability of real-world systems
in the design phase. It has attracted many researchers in the past
several decades due to reliability’s critical importance in various
kinds of systems, such as electrical systems, mechanical system,
and software systems [1], [2].

The most commonly studied configuration of RAPs is a par-
allel-serial system with -independent subsystems, as illustrated
in Fig. 1 [1], [2]. The components in each subsystem are in
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Fig. 1. The structure of a general parallel-serial system.

parallel, and a subsystem is functioning if at least one of its
components is operational. For parallel-serial systems, an

RAP is always formulated as a nonlinear integer programming
problem with the objective to maximize the system reliability
under some constraints, such as cost, volume, and weight. In
early times, RAPs were relatively simple as all the components
of a subsystem were considered to be of the same type. Later,
progress was made by considering different types of compo-
nents in one subsystem. This extension significantly increased
the difficulty of RAPs. When an RAP was studied on parallel-se-
rial systems, the redundancy could just be allocated to the com-
ponents, which means that the basic structures of the parallel-se-
rial systems were fixed. In other words, systems considered in
this scenario only have a single level. Hence, the performance
(e.g., reliability) of a system can be directly calculated based
on the properties of components at the lowest level. However,
real-world systems, such as communication systems, computing
systems, control systems, and critical power systems, usually
contain multiple levels. In these systems, the entire system is
at the top level (system level), and the components are at the
lowest level, while subsystems are at the levels between the en-
tire system and the components. In a multi-level system, the en-
tire system, subsystems, and components are all called units;
and redundancy can be allocated to any level [4]. Fig. 2 illus-
trates a schematic diagram of a four-level system. An RAP with
a multi-level system is referred to as a multi-level redundancy
allocation problem (MLRAP). Specifically, the MLRAP inves-
tigated in this paper is formulated based on multi-level serial
systems with the following assumptions [5].

• Assumption 1: For a unit that is not at the lowest level,
its child units are in serial, and the number of these child
units is fixed. (E.g. when a real system based on the con-
figuration shown in Fig. 2 is constructed, every redundant
unit must have three child units , and , and
these three child units are in serial.)

• Assumption 2: The redundancy can be allocated to the
units on any level.

• Assumption 3: The quality (reliability, cost) of each com-
ponent is predefined. If one unit is not a component, its
reliability, and cost are calculated based on its child units.

The RAP has been proved to be an NP-hard problem [6].
Thus, how to find effective approaches to it is a hot topic.
There are many approaches proposed to cope with RAPs,
including exact methods [7]–[10], max-min approaches [11],

Fig. 2. The structure of a tri-level system.

[12], dynamic programming [13], [14], heuristic methods [15],
[16], and meta-heuristic algorithms [17]–[26]. Among them,
meta-heuristic methods, especially genetic algorithms (GAs),
are widely, successfully utilized due to their robustness, and
strong ability of global search, even though sometimes they
are time-consuming. Comprehensive literature reviews on RAP
have been carried out in [1], [2]. From these reviews, it can be
observed that, in spite of its importance in the real world, the
MLRAP has rarely been investigated, and few approaches [5],
[27], [28] have been proposed. In [27], Levitin proposed an al-
gorithm based on a GA framework with a universal generating
function technique for the system survivability evaluation. This
method aims to solve multi-level protection cost minimization
problems subject to survivability constraints. Later, Yun and
Kim [28] proposed a restricted multi-level redundancy alloca-
tion model, and addressed a tri-level RAP using a customized
GA. However, the customized GA employs a fixed-length
vector to represent the solution to the MLRAP, and thus redun-
dancy is required to be allocated to only one unit in a direct
line, which is defined as a set of units from the system-level
unit down to one component unit. Though both methods [27],
[28] were designed to cope with MLRAPs, they were based
on strong assumptions or rigid rules that do not accord with
reality. Recently, Kumar et al. [5] re-formulated MLRAPs so
that redundancy allocation can be carried out at any level of
a multi-level system. In this work, a solution to an MLRAP
was represented by a hierarchical structure, and a simple GA
was adopted to tackle the MLRAP involved. Although the
hierarchical genetic algorithm (HGA) in [5] has been shown
to be effective via empirical studies, its effectiveness on the
MLRAP can still be improved significantly.

In this paper, a novel memetic algorithm (MA) is proposed
for MLRAPs. As an emerging area of evolutionary computa-
tion, MAs are population-based meta-heuristic search methods
that combine global search strategies with local search heuris-
tics [29]. MAs have been reported to not only converge to high
quality solutions, but also search more efficiently than conven-
tional GAs. The success of MAs have been demonstrated on a
wide variety of real-world problems [30]. Compared to conven-
tional GAs, there are two key issues for the success of MAs.
One is an appropriate balance between global and local search,
and the other is a cost effective coordination of local search.
Hence, the local search procedure, which is usually designed
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Fig. 3. A general multi-level serial system.

to utilize the domain knowledge of the problem, plays one of
the most important roles in MAs. In our paper, based on the
hierarchical genotype representation of the variables employed
in [5], two new breadth-first-search genetic operators (breadth-
first-search crossover, and breadth-first-search mutation), and
a novel problem-specific local search operator are proposed.
Then, the newly proposed genetic operators, and the local search
operator, are incorporated into the MA framework; and a new
MA is developed for MLRAPs. The proposed MA is compared
with HGA on two multi-level systems. Experimental results
show that the newly proposed MA outperformed HGA on both
multi-level systems.

The rest of this paper is organized as follows. Section II in-
troduces the background of this work, including the formula-
tion of MLRAPs, and the hierarchical genotype representation
for MLRAPs. Section III proposes our new memetic algorithm
(MA). Then, empirical comparisons between the MA and HGA
are presented in Section IV. Section V concludes this paper.

II. BACKGROUND

A. Problem Formulation

We define the parts of a multi-level serial system hierarchi-
cally as the entire system at the topmost level, the subsystems
at lower levels, and the components at the lowest level. The
system, subsystems, and components are all referred to as units.
Each unit except a component has a fixed number of serial units
at the immediately lower level, which are called its child units.
Each unit except the system unit relates to a unique unit at
the immediately higher level, which is called its parent unit.
Fig. 3 illustrates an example of multi-level serial systems. In this
figure, is a system unit containing serial child units (
to ). Similarly, has serial child units, represented
as to . This structure applies to all of the units ex-
cept for the component units.

Given a multi-level serial system, the redundancy allocation
procedure starts from the system level, and moves to the compo-
nent level. One is allowed to replicate any unit in the system, and
the original unit and its replicated units are combined together
in parallel. Fig. 4 describes an example of redundancy alloca-
tion on a bi-level serial system, which consists of a system unit

, and two child units and . After allocating redun-
dancy to this system, the redundancy of is two. Under the
parent unit , the redundancy of , and are three, and

Fig. 4. An example of redundancy allocation on a bi-level serial system. �
represents the �th redundant unit of �th child unit of � .

one, respectively. Under the parent unit , the redundancy of
, and are both two. The corresponding final system is

illustrated at the bottom of Fig. 4.
In a multi-level serial system, the reliability of the units at the

lowest level (i.e., components) are predefined. For each unit at
a higher level, its reliability can be calculated based on its child
units directly. Assume a unit has child units, and denote
the redundancy of a child unit as . The reliability of

can be calculated with (1).

(1)

Using (1), the reliability of the units at the second lowest level
can be calculated on the basis of the components. Then the re-
liability of the entire system can be calculated by repeating this
procedure. For example, the reliability of the final system given
in Fig. 4 is

(2)
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Fig. 5. An example of the hierarchical representation scheme on a tri-level serial system: (a) basic configuration; (b) system based on the redundancy allocation
on (a); (c) hierarchical representation.

The cost of the system is another important issue in the re-
liability optimization field. It is usually considered as the con-
straint in the design phase of a system (i.e., the total cost of a
system should not exceed a predefined value). In a traditional
RAP, the cost of a system is simply the aggregate of the cost
of each component in the system. However, in a multi-level
system, additional costs need to be taken into account to reflect
the hierarchical structure. Specifically, such additional cost is
introduced in the second lowest level, and the cost of a unit
in a multi-level serial system can thus be calculated as

if is not at the

second lowest level

if is at the

second lowest level

(3)

For example, the cost of the final system in Fig. 4 is

(4)

Let be the variable of an MLRAP, consisting of all the
that state the redundancy of all the units in the system. The
MLRAP studied in this paper is formally defined as

(5)

where is the maximum cost allowed, and is the prede-
fined maximum redundancy of .

B. Solution Representation

When applying conventional GAs to an optimization
problem, a solution is usually represented as a fixed-length
vector. Each element of it corresponds to the value of a decision
variable (e.g., the redundancy of a unit). That means the number
of decision variables is fixed during the problem-solving
process. In an MLRAP, the number of decision variables may
vary due to the changes of the redundancy allocated to a unit.
For this reason, a hierarchical structure was proposed in [5] to
represent a solution to an MLRAP. This representation scheme
does not restrict the number of decision variables to a fixed
value, and is capable of representing all possible solutions to the
MLRAP. Its advantages can be observed from [5]. Therefore,
it is employed in the work here.
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Fig. 6. General framework of MA.

Fig. 5 illustrates an example of the hierarchical representa-
tion scheme on a tri-level serial system. The basic structure of
the system is given in Fig. 5(a). A system obtained after redun-
dancy allocation is shown in Fig. 5(b), and is represented in the
hierarchical structure in Fig. 5(c). For each unit in the figure,
three types of variables are given in the box associated with it.
Here, stands for the redundancy allocated to it, and stands
for the number of its child units. A variable in the form of
represents the redundancy allocated to the th child unit of the
th redundant unit of . In other words, the variables are

to be optimized in an MLRAP. Because the units at the lowest
level (i.e., the component level) have no child unit, only the re-
dundancy allocated to themselves are given.

III. PROPOSED MEMETIC ALGORITHM

An MA consists of two types of operators: the genetic op-
erator for global exploration, and the local search operator for
exploitation. Without loss of generality, the framework of MA
is summarized by Fig. 6.

A. Fitness Function

How to evaluate the quality of a solution is one of the most im-
portant issues in an MA. Because an MLRAP is formulated as a
constrained optimization problem, violations to the constraints
must be considered together with the value of objective func-
tions when evaluating a solution. In the literature, there are many
useful constraint handling methods such as penalty techniques,
repair techniques, separation techniques, and hybrid techniques
[31], [32]. In this work, a penalty function proposed by Gen and
Cheng [31] is employed. Concretely, the fitness function
for evaluating the quality of a solution during the search process
of our MA is defined by the form

(6)

is a penalty function that measures the extent of the
solution violating the constraints. It always lies in the region of
[1]. The larger the value of , the less the solution violates
the constraints.

B. Initial Population

To initialize our MA, a population of solutions (usually called
individuals in the literature of MA) need to be generated first.
These initial solutions are randomly generated. Like the calcu-
lation of the reliability of a system, an individual is generated
in an iterative manner. This procedure starts from the system
level. Given a multi-level serial system, an integer is first gen-
erated randomly as the redundancy of the system unit. Assume
each system unit consists of child units. Then integers
need to be generated as the redundancy of the units at the second
level. Repeating this procedure until the second lowest level, an
individual will be obtained.

C. Genetic Operators

In [5], two genetic operators (i.e., crossover, and mutation)
were proposed for the hierarchical solution representation. At
each iteration of the algorithm, a unit in the hierarchical repre-
sentation needs to be selected. Then, the two operators will be
applied to this unit. Hence, the performance of the algorithm
largely depends on how this unit is selected. When applying the
crossover operator in [5] to two solutions, a unit will be selected
only when the redundancy of its parent unit in the two solutions
are the same. This approach makes it possible that some units
will never be selected, while crossover is applicable to the other
units at the same level. However, from the system design view-
point, the units at the same level should be treated equally, re-
gardless of the status of their parent units. Therefore, two new
genetic operators are proposed in our paper. Both of them treat
the units at the same level equally.

Crossover between two individuals is conducted through
three steps. First, an intermediate level between the system
and component levels is chosen based on some predefined
probability. A higher level is assigned with a higher probability
of being selected. After that, a unit at the selected level of
each individual is chosen randomly. Finally, the chosen units,
and their lower structures are exchanged to generate two new
individuals. In the above second step, all units at the same level
have the same probability of being selected for crossover; such
a strategy is similar to the breadth-first search process. Hence,
it is named the breadth-first crossover (BFC). Fig. 7 illustrates
the final step of the crossover. In this case, the crossover occurs
at the second level.

The mutation operator of our MA is named the breadth-first
mutation operator (BFM). It also contains three steps, but is ap-
plied to a single individual. The first two steps are similar to
those of the crossover operator. First, an intermediate level is
selected. Then, a unit at this level is selected randomly. After
that, the redundancy of the selected unit is replaced by a ran-
domly generated integer. Because changing the redundancy of
a unit will change the structure at the lower levels, the redun-
dancy of the units involved in the changed structure is finally
re-generated following the procedures used for generating ini-
tial individuals. Fig. 8 presents an example of BFM on an in-
dividual . The first unit on the second level is selected as a
mutation node, and the redundancy of it is changed by
a randomly generated integer number . Then, the lower
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Fig. 7. An example of crossover operator between two parents (� and � ).

structure of this unit is reconstructed. In this way, a new indi-
vidual is obtained. Note that when the redundancy of a unit
is changed, the corresponding decision variable in its parent unit
should also be updated.

D. Local Search Method

As mentioned before, local search is an important procedure
in an MA. In our MA, because both BFC and BFM explore
the solution space globally for promising areas, local search is
indispensable to carry out exploitation (i.e., local refinement)
once a promising area is reached. Specifically, local search in
our MA is implemented in three steps.

First, an individual is selected from the population, and local
search is carried out based on it. Concretely, prior to the local
search, all individuals are evaluated by the metric

(7)

Then, the individual with the largest is chosen for car-
rying out local search. The rationale behind this strategy is that,
for an MLRAP, it is desired that the optimal system be of the
highest reliability, while satisfying the constraints on the cost.
The smaller the cost, the better. Hence, the ratio of the reliability
to cost serves as a natural metric of the potential of an individual.

Second, the local search operator is applied to the selected
individual. As can be demonstrated by the descriptions of BFC
and BFM in the hierarchical structure, modifications to a unit
at higher levels are likely to result in more significant changes
to the structure of the whole system. Local search, however, re-
quires modifying the structure of the system slightly. Hence, our
local search operator only works on the component level (i.e.,
the lowest level). Assume the selected individual corresponds
to a system consisting of components. The local search op-
erator randomly selects ten pairs of components. For each pair,
the redundancy of the components are modified following the
schemes presented in Alg. 1. During the local search, a newly
generated individual is preserved in a temporary archive if it
does not violate the cost constraint. Otherwise, it is discarded.

Finally, all the new individuals preserved in the local search
process are combined with the current population. All indi-
viduals in this combined population are then sorted in the
descending order with respect to their fitness, which can be
calculated using (6). The top individuals survive into the next
generation, and the others are discarded. The pseudo-code of
the local search procedure is presented in Alg. 1.

Alg. 1. Pseudo-Code of the local search procedure on an
individual
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Fig. 8. An example of mutation operator on � .

1: Randomly select ten pairs of components of , denoted as
.

2: Initialize an archive . This archive will be used to
store the feasible solutions obtained by local search.

3: for =0:9 do

4: Decrease the redundancy of each components by 1 (i.e.,
or ) to get two new

individuals and .

5: Increase the redundancy of component by 1, and
decrease the redundancy of component by 1, then obtain a
new individual .

6:Increase the redundancy of component by 1, and decrease
the redundancy of component by 1, then obtain a new
individual .

7: Check whether the four new individuals violate the cost
constraint, and include the ones satisfying the constraint into .

end for

Output .

Pseudo-Code of the local search procedure on an individual .

E. Summary of the Proposed MA

To summarize, the proposed MA starts by initializing a popu-
lation of individuals. Then, new individuals are generated itera-
tively. At each generation, the BFC, and BFM operators are first
applied to the current population of individuals, generating a set
of new individuals. Then, local search is applied to a number of
these new individuals to further improve them. After that, all
the individuals generated by BFC, BFM, and local search are
combined with the current population, and the best part of them
are selected to survive into the next generation. This process is
repeated for a predefined number of generations, and the best
individual in the final population will be the final solution to the
MLRAP. The pseudo-code of the MA is presented in Alg. 2,
where , , and are three parameters to be pre-
defined. Variable is the population size; , and
are the number of individuals to which the crossover, and muta-
tion will be applied, respectively.

Alg. 2. Pseudo-Code of Our MA.

1: Set the parent population , the offspring population
, and the generation counter .

2: Initialize the population with individuals
.

3:while (maximum generation number) do

4: Evaluate the population , and sort based on the their
fitness.

5: for do

6: Select two individuals , and from , where
is randomly selected from the top ten individuals in , and
is randomly selected from the other individuals.

7: Apply BFC to , and to generate two offsprings
, and .

8: Include , and into .

9: end for

10: for do

11: Randomly select one individual from .

12: Apply BFM to to generate an offspring .

13: Include into .

14: end for

15: Sort all the individuals in with respect to (7), and
select the individual with the largest .

16: Apply the local-search operator to the selected
individual.

17: Include the feasible solutions obtained in the local
search into .

18: Combine and , evaluate this combined population,
and select the best individuals as the new .
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Fig. 9. The basic multi-level configuration of Problem-A.

Fig. 10. The basic multi-level configuration of Problem-B.

19: Set .

20: Set .

21:end while

22:The best individual in is the final solution.

IV. EMPIRICAL STUDIES

In this section, the performance of our MA is evaluated on
two MLRAP examples. The results are compared with HGA
[5], which is the most recent algorithm in the literature. The
structures of the two multi-level serial systems are illustrated in
Figs. 9 and 10. The first system is comprised of three levels, and
the second consists of four levels. For both systems, the redun-
dancy that can be allocated to a single unit is between one and
five. That is, five choices are available for each unit. Hereafter,
the MLRAP for the first system is referred to as Problem-A, and
the MLRAP for the second system is referred to as Problem-B.
Both of them have been used in [5] to evaluate the performance
of HGA.

A. Experimental Design, and Results on Problem-A

Both HGA, and our MA involve a number of control param-
eters to be set in advance. Because HGA has been studied on
both Problem-A, and Problem-B, the parameter settings used in
[5] were used directly in our experiments. Specifically, the pop-
ulation size was set to 100, the maximum generation was 500,
the crossover rate was set to 0.8, and the mutation rate was set to
0.05. To make a fair comparison, the same population size, and
maximum generation numbers were used in our MA. At each

TABLE I
THE INPUT DATA OF THE BASIC MULTI-LEVEL SYSTEMS ON

Problem-A, AND Problem-B

Fig. 11. Convergence plot of HGA and our MA on Problem-A.

generation, 50, and 10 offsprings were generated by crossover,
and mutation operators, respectively. This setting was obtained
on the basis of some preliminary experiments. As will be shown
by the experimental results, these parameter settings works well
on most test instances. Hence, we recommend them as default
settings.

1) Single Case Study: In this experiment, the aim is to eval-
uate the convergence behavior of our MA on a case study. Be-
cause HGA has also been studied from this perspective in [5],
the same settings were used in our experiment. That is, the cost
constraint value was set to 300, and the parameters of
the components of the system are given in Table I. The system
parameters of the other units can be calculated following the
method described in Section II. The best solution obtained in
each generation was recorded, and the reliability of the cor-
responding system was calculated. The convergence curve of
both MA, and HGA can thus be plotted in Fig. 11, where the
x-axis represents the number of generations, and the y-axis rep-
resents the system reliability. Both methods converged rather
fast (within 100 generations), and the solution obtained by our
MA was significantly better than that obtained by HGA.

2) Performance Over Different Constraint Values: The pre-
vious sub-section only provides a case study on which the MA
outperformed HGA, and it is insufficient to draw a more gen-
eral conclusion. Hence, further comparisons between the two
methods under different conditions by varying the cost con-
straint values were carried out. To be specific, 20 cost constraint
values were sampled between the interval 150 to 340. All the
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TABLE II
RESULTS OF THE PROPOSED MA, AND HGA ON Problem-A WITH DIFFERENT CONSTRAINT VALUES, WHERE “BEST SOLUTIONS” INDICATE THE BEST

SOLUTION FOUND FROM 10 RUNS, AND “OVERALL PERFORMANCE” INDICATES THE AVERAGES OVER THE 10 RUNS

system parameters were kept the same as the previous sub-sec-
tion. For each cost constraint value, both MA, and HGA were
applied 10 times. Table II summarizes the results of this exper-
iment. The columns headed “Best solutions” present the relia-
bility, and cost of the best solutions obtained by the MA, and
HGA in the 10 independent runs. The results in these columns
are also plotted in Fig. 12. In addition, the details of these best
solutions are also provided. Fig. 13 illustrates the system corre-
sponding to the best solution obtained with the cost constraint
value 150. The columns headed “Overall Performance” present
the average reliability of the solutions obtained in the 10 runs.
The corresponding variances are also given. Furthermore, the
Wilcoxon rank sum test (with a significance level 0.05) has
been employed to compare the overall performance of the two
methods. For each cost constraint value, the results that are sig-
nificantly better (i.e., the reliability of the system obtained) are
highlighted in boldface.

From Table II, and Fig. 12, it is clear that the proposed MA
outperformed HGA on all the 20 cases, in terms of both the
quality of the best solutions, and overall performance. In partic-
ular, the best solutions found by our MA are always better than
those found by HGA. The MA even achieved solutions with a
higher reliability but a lower cost on five cases (i.e., the cases
whose cost constraint values are 150, 240, 250, 280, and 330).

3) Comparison of Two Methods Using Different System
Parameters: The third experiment was conducted to examine
whether the advantage of the proposed MA holds over a variety
of different system parameters. Because the major system pa-
rameters of a multi-level serial system are the parameters of the
components, a set of test instances were randomly generated by

Fig. 12. Comparison between the MA and HGA under different constraint
values on Problem-A.

Fig. 13. The detailed solution in the first line of Table II.

modifying the reliability of the components. Specifically, the
reliability of each component was randomly chosen from the
set {0.80, 0.85, 0.90, 0.95}. Ten test instances were obtained
in this way; and both the MA, and HGA were applied to
each instance for ten independent runs. The best results, and
average results over the ten runs are presented in Table III. The
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TABLE III
RESULTS OF THE PROPOSED MA, AND HGA ON Problem-A WITH

DIFFERENT SYSTEM PARAMETERS, WHERE “BEST SOLUTIONS”
INDICATE THE BEST SOLUTION FOUND FROM 10 RUNS, AND

“OVERALL PERFORMANCE” INDICATES THE AVERAGES

OVER THE 10 RUNS

Fig. 14. Convergence plot of HGA, and our MA on Problem-B.

Wilcoxon rank sum test (with a significance level 0.05) was
employed to compare the two methods. For each instance, the
average result of the significantly better method is highlighted
in boldface. It is shown that the proposed MA also consistently
outperformed HGA in this scenario.

B. Experimental Design, and Results on Problem-B

The experiments on Problem-B were designed in exactly the
same way as those on Problem-A. That is, the proposed MA
was compared to HGA from three perspectives: a single case
study, the performance over different constraint values, and the
performance on test instances with different system parameters.
For the first experiment, the cost constraint value was set
to 500 following the previous work [5], and the system parame-
ters are given in Table I. The maximum generation number was
set to 500 for both methods. The results of this experiment are
presented in Fig. 14. For the second experiment, 15 different
cost constraint values were sampled between the interval 200 to
900. The same system parameters as in Table I were used. The
results are presented in Table IV, and Fig. 15 in the same form as
Table II, and Fig. 12, respectively. For the third experiment, ten

Fig. 15. Comparison between the MA and HGA under different constraint
values on Problem-B.

TABLE IV
RESULTS OF THE PROPOSED MA, AND HGA ON Problem-B WITH

DIFFERENT CONSTRAINT VALUES, WHERE “BEST SOLUTIONS”
INDICATE THE BEST SOLUTION FOUND FROM 10 RUNS, AND

“OVERALL PERFORMANCE” INDICATES THE AVERAGES

OVER THE 10 RUNS

test instances were generated by randomly setting the reliability
of each component to a value of the set {0.70, 0.75, 0.80, 0.85,
0.90}. Both the MA, and HGA were run on these instances for
ten times. The results are presented in Table V. In general, sim-
ilar conclusions can be drawn from the results on Problem-B,
and those on Problem-A. Therefore, the superiority of the pro-
posed MA is further demonstrated.
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TABLE V
RESULTS OF THE PROPOSED MA, AND HGA ON Problem-B WITH

DIFFERENT SYSTEM PARAMETERS, WHERE “BEST SOLUTIONS”
INDICATE THE BEST SOLUTION FOUND FROM 10 RUNS, AND

“OVERALL PERFORMANCE” INDICATES THE AVERAGES

OVER THE 10 RUNS

V. CONCLUSIONS

In the literature, the RAP has been intensively investigated on
single-level systems. However, practical systems usually have
multiple levels. Limited studies have been conducted in this sce-
nario. In this paper, the RAP for multi-level systems was in-
vestigated, and a novel MA was proposed to solve this type of
problem. Two new genetic operators (BFC, and BFM), and a
local search method have been proposed based on the hierar-
chical solution representation used in [5]. The proposed MA
combines the advantages of the two genetic operators with the
local search method to maintain a good trade-off between local
exploitation and global exploration. Experimental studies on
two examples demonstrated that our MA consistently outper-
formed a state-of-the-art algorithm named HGA [5].

Two issues deserve further discussion and investigation. First,
in the experimental study, only multi-level serial systems were
considered. Changing the structure of a system will lead to dif-
ferent reliability and cost functions of the corresponding opti-
mization problem. Because the proposed MA has been shown
to be effective on multi-level serial systems, it should be ex-
tended to multi-level systems with more complex structures in
the future. Second, the studied MLRAP is just a single-objective
problem with the only goal to maximize the system reliability,
while the designing cost is considered as a constraint. In fact, a
multi-objective problem can be formulated, which aims to seek
multiple solutions that represent different trade-off between the
system reliability and cost. Such a problem definition, as well as
the problem-solving approach, will be investigated in the future.
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