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Most selective maintenance research strategies ignore the comprehensive evaluation of numerous following missions in favor of
focusing just on the reliability of the next mission. In the same circumstance, however, assessing simply impending missions differs
from considering the overall system’s maintenance planning outcomes. In this study, a decision-making model for selective
maintenance is developed by evaluating the total system reliability over a finite planning horizon. The purpose is to calculate
the maintenance activities for each system component during each break and the best number of maintenance interruptions for the
planning horizon to achieve maximum system reliability. Consequently, the selective maintenance problem is formulated as a
max-min optimization model. Also, a hybrid imperfect maintenance model is used to formulate the component improvement after
maintenance. Finally, simple case illustrations of maintaining the production system in coal transportation are given based on the

assumed data.

1. Introduction

In recent years, the effective maintenance of complex sys-
tems has been regarded as a key factor in enhancing the core
competitiveness of enterprises by academia and industry.
The system’s scale and structure have a substantial influence
on reliability, and maintaining complex systems with high
reliability have an increasing maintenance cost. In industrial
environments, systems are intended to execute a sequence of
missions with a finite break between two adjacent missions.
Between each mission, there will be a break, which gives the
system components time for maintenance. However, restricted
to the limited maintenance resources, such as budget, time,
manpower etc., it may not be possible to perform all desirable
maintenance activities for the component in the system [1-4].
Therefore, it will be of great engineering significance to make
scientific maintenance decisions for the complex systems with
limited resources so that the system can operate stably and
reliably and complete the expected missions. This maintenance
strategy is known in the literature as selective maintenance.
The selective maintenance problem was first introduced
by Rice et al. [5] in 1998. Since then, selective maintenance
problems have been extensively investigated from various

angles. Cassady et al. [6] extended the model proposed by
Rice et al. [5] to a more general case, in which the component
life follows the Weibull distribution and there are three
optional maintenance actions, namely, minimal repair, correc-
tive replacement, and preventive replacement. Subsequently,
minimal repair and perfect maintenance were carried out by
maintenance personnel as fundamental maintenance proce-
dures in the several studies [7]. Recently, researchers have dis-
covered that a maintenance action between minimal repair and
perfect maintenance, known as imperfect maintenance, is bet-
ter suited for engineering. Kijima et al. [8] type models Kijima
[9], (p, g) models [10], age reduction models [11], improved
factor models [12], hybrid models [13], geometric process
models [14], and quasi renewal process model [15, 16] are
examples of imperfect maintenance models. Liu and Huang
[17] investigated imperfect maintenance of the system compo-
nents in recent years. They thought that maintenance efforts
had an impact on the system’s age. Maaroufi et al. [18] used the
Kijima type II model to reduce the costs in the selective main-
tenance of two-state systems while considering the economic
importance of the components. Pandey et al. [19] constructed a
selective maintenance decision-making model of a two-state


https://orcid.org/0000-0002-0325-6699
mailto:360175922@qq.com
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2023/5431739

system based on a hybrid model, in which imperfect mainte-
nance actions can reduce the virtual life of components and
change the change law of component failure intensity. Khatab
and Aghezzaf [20] developed a selective maintenance decision
model of two states’” deteriorated systems using an imperfect
maintenance model of randomly degraded components. Kha-
tab et al. [21] extended Khatab and Aghezzaf’s [20] study by
considering the combined impact of periodic observations and
imperfect maintenance. Gan et al. [22] proposed an innovative
maintenance strategy for systems subject to normal degrada-
tion and impact. The shock process in the study is a nonhomo-
geneous Poisson process, and a changing factor is considered
for the dependance between the normal degradation and the
intensity of shocks. Gao and Xie [23] developed generalized
reliability models and failure rate models of the mechanical
systems, and the models consider strength degradation and
imperfect maintenance.

The preceding studies demonstrated that selective mainte-
nance activities have been expanding. However, in most
research, imperfect maintenance is only considered as a single
factor. Therefore, in this study, a more generalized hybrid imper-
fect maintenance model is employed to describe the component
improvement following maintenance. It includes both age
reduction and hazard adjustment factors. This assumption is
more reasonable and general. We also discovered that many
selective maintenance models were created without taking the
overall system’s reliability into account. Because the performance
of the following missions may be affected by the maintenance
approach stopped by the preceding work, several researchers
have created novel selective maintenance models. Hou and
Qian [24] develop a model where each subsystem operates on
its own and has a specific sequence of missions with the different
lengths. Yang et al. [25] consider a frequency-based selective
maintenance model for a fleet-level multimission system. Pan-
dey et al. [26] present a scheduling approach for determining the
cost-optimal amount of periodic maintenance breaks over a
finite horizon consisting of the nonidentical missions. Liu
et al. [27] introduced a novel selected maintenance optimization
approach for multistate systems capable of carrying out many
continuous missions within a finite horizon. Yin et al. [28] con-
sidered the uncertainties associated with the durations of main-
tenance missions and breaks.

To summarize, we discovered that many selective main-
tenance strategies neglect the evaluation of overall system
reliability. Simultaneously, they seldom consider such fac-
tors as a hybrid imperfect maintenance model, sufficient
maintenance actions, and labor costs. Most selective main-
tenance models consider time and cost as resource con-
straints, with the implicit assumption of ample repair
capacity (channels and repair crews) [29]. To address the
foregoing problems, a novel selective maintenance model is
devised and formulated as a max—min optimization. Com-
pared to existing research, the unique contributions of this
study are twofold:

(1) The proposed selective maintenance model can opti-
mally allocate the limited maintenance resources for a
repairable system executing multiple future missions.
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FIGURE 1: Maintenance break and execution missions within the
finite planning horizon.

(2) A hybrid imperfect maintenance model is used to for-
mulate the component improvement after maintenance.

The remainder of this article is described below. The prob-
lem description and basic assumptions are given in Section 2.
Maintenance options and resource consumption are explained
in Section 3 to determine the maintenance cost and time for the
system. The imperfect maintenance model and mission reli-
ability model will be described in Section 4. The selective main-
tenance model and solution methodology are provided in
Section 5. Results and discussion are given in Section 6.
Conclusions are summarized in Section 7.

2. Problem Description and Basic Assumptions

2.1. Problem Description. In this paper, a series—parallel sys-
tem is considered where i (i =1,2,...,m) independent sub-
systems are connected in series, and each subsystem i has
n; (j=1,2,...,n;) components connected in parallel. The
above m and n; represent the number of components in
series and subsystems in parallel. It is assumed that the life-
time of each component follows the Weibull distribution and
that the shape parameters and scale parameters of each com-
ponent are different. Assuming a planning implementation
table is established for a finite planning horizon (0, T), it is
necessary to interrupt the maintenance of the planning
period and perform maintenance operations on the system’s
components by their states to consider the probability of
successful mission completion within the finite horizon. The
planning horizon (0, T) is divided into K discrete equal
breaks denoted as Ty (k =1, ..., K). Each break includes one
operation period and one maintenance opportunity at the
end of each mission (except the last mission within the given
planning horizon). The duration of the kth maintenance is
denoted by M;. The detailed schematic diagram is shown in
Figure 1 below. The problem we want to solve in this paper is
how to find an optimal number of interruptions over a finite
planning horizon to ensure maximum system reliability
under the resource constraints.

2.2. Basic Assumptions of This Paper. For the above problem
description, the basic assumptions of the problems consid-
ered in this paper are given:
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(1) All components are new at the beginning of the plan-
ning horizon.

(2) The components, as well as the system, are in a
binary state, i.e., it is either functioning or failed.

(3) The system consists of several maintainable components.

(4) After replacement, the component is “as good as
new” and if minimal repair is performed, it is “as
bad as old.” Maintenance is also possible such that
the component’s health may lie between as good as
new and as bad as old, i.e., maintenance can be mod-
eled by the imperfect repair.

(5) The resources available are limited (cost and time)
and the amount of resources required for mainte-
nance activities is known.

(6) The components and subsystems in the system are
independent of each other.

(7) It should be noted that the maintenance break in this
paper does not occupy the total planning horizon, it
only consumes the total maintenance time.

3. Maintenance Options and
Resource Consumption

3.1. Description of Maintenance Options. There are N;; main-
tenance options available for the components. Based on the
degree of maintenance, the available maintenance options
for components can usually be divided into four categories:
replacement (RE), minimal repair (MR), imperfect mainte-
nance (IM), and doing nothing (DN). For all these mainte-
nance options, let [; indicate the level of maintenance
available for the component, where [; € [0,1,2,..., Nij] can
be used for the component. Here, [; =0 denotes the “Do
nothing” case when no maintenance is performed on the
component and /; = Nj; denotes the replacement of the com-
ponent. If the component fails before maintenance, [; =1
and 2 < I;<Nj; correspond to MR and IM activities, respec-
tively. If the components are in normal functioning condi-
tion, 2 < l,-j <Nj denotes IM activity. For each component in
the system, the available maintenance options may be differ-
ent. Related to these alternatives, cost and time estimation
are provided next.

3.2. Consumption of Maintenance Resources. Components
can be selected for maintenance or not. When (lij =0)
denotes that the corresponding maintenance cost is equal
to zero. However, if you select a component maintenance
(l,-j>0), it will consume some budget. The expression for
maintenance cost for a component can be given as follows:

CM%)=4Q;+%@’ (1)

where cf _denotes the fixed cost of disassembly and assem-
bly and c,] 1, 1s the variable cost of component maintenance.
For [; =0, =0, ¢, =0, and [; i = Nij» ¢ij. 1, 7Cl],where
CR 1s the replacement cost of the component. When the
component is in a failed state and [;; =1 denotes the variable

maintenance cost associated with the minimal repair, i.e.,

Cij.1; = C The intermediate maintenance action of the
functromng component is defined as the maintenance action
between the no maintenance option (l =0) and replace-
ment option (l,-j = Nj;). The intermediate maintenance oper-
ation of the failed component is defined as the maintenance
operation between the minimal maintenance option (l,-j =1)
and the replacement option (lij = Nj;). Assuming that the
cost of each inspection is the same, the total cost of the whole
system can be determined as follows:

m n;

Co=3 >Cily) +k- G 2)

i=1j=1

where C,,
inspection.

Like maintenance cost, the time model for component
maintenance is as follows:

Tij(lij) = Liju, T Ljgy (3)

represents the salary paid for each failed

where tf is fixed time, f;; I, i the variable time associated
with component maintenance, depending on the mainte-
nance option ll]e [0,1,2,. N,-]} For lﬁ—O tlf, =0,
— TR, where T is the mainte-

tljl =0, andl = l]’ tl]l ij ij
nance time of replacement If a component fails, #; ;. TM
and [, ; = 1, where T}! is the time to perform minima reparr

on the failed component. For 2 < [;; <Nj;, intermediate main-
tenance operations are performed on the failed components.
If a component is functioning, £;; ;, T and [;; = Nj;, where
Tf; is the replacement time of the functronrng component.
For 2<1; <N,], intermediate maintenance operations are
performed on the functioning components. Therefore, the
total maintenance time for the whole system can be deter-

mined as follows:

s

i

i (ly)- (4)
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4. Imperfect Maintenance Model and Mission
Reliability Model

4.1. Imperfect Maintenance Model. When replacement main-
tenance is performed, it is in the state of “as good as new”
imperfect maintenance puts it somewhere between “as bad as
old,” and “as good as new.” Nakagawa [10] proposed two pre-
ventive maintenance models where adjustment/improvement
factors were considered in the hazard rate and the effective age
for a PM policy. The combined mixed model including hazard
adjustment and reduced age can be expressed as follows:

g(t; +x) = ah(bB; + x). (5)

where a(a>1) and b (0 < b <1) represent the hazard rate
adjustment factor and the age reduction factor, respectively.
h;(-) is the hazard rate function before maintenance, and g(-)



is the hazard rate function after maintenance. B;; and t;
represent the component lifetime before and after mainte-
nance, respectively. For selective maintenance, different
improvement factor values are obtained according to differ-
ent maintenance levels.

Using the hybrid model, the hazard rate function for a
component i for x >0 after the kth PM, in the (k+1)th
mission, can be determined as follows by Liu et al. [27]:

Giger1 ey + %) = Ay (byaBiji + %),

(6)

where t,,, denotes the start time of the (k+ 1)th mission;
Ay = szlaij, 4 represents the cumulative effect of the haz-
ard adjustment on the hazard rate, and B;; ; is the effective
age just before the kth maintenance. The corresponding haz-
ard adjustment factor and age reduction factor are (aiqu,
Qi 25 e a,-j.k)Zl and (b,] 1 bij. 2y e b,-j,k)Sl for a component
from the first to the kth maintenance. The effective age of the
component after the kth maintenance becomes b;; ¢ Bjj -

4.1.1. Cost-Based Age Reduction Factor. Generally, the qual-
ity of maintenance in component improvement depends on
the number of resources used and the relative lifetime of
components. For a specific imperfect maintenance action,
younger components will result in the better maintenance
efficiency. The hybrid imperfect maintenance model used in
this study takes component age and maintenance cost into
account. The age reduction factor can be defined as follows
by Pandey et al. [19]:

1) -\ M8
1- <M) (]),fOI'YiJ':O, lsll]>Nl]

1. m(B")
1- <fu(ku)) ! , otherwise.

(7)

In Equation (7), Y; ; =0 denotes that the component is
in the failed state and m(B,]) is the characteristic index
reflecting the relative age of the component. It is defined as
the ratio of the effective age of the component, and the index
(m) value for a component as given by Pandey et al. [19]:

B; Biij(Bij)

MRL / : R;(x)dx

ij

m(Bij) (8)
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FIGURE 2: Age reduction factor versus cost ratio for different values
of ‘m’.

In Equation (8), MRL represents the mean residual life of
the component. Based on MRL and effective age By, the
characteristic index of the components is determined.
R(B;) is the reliability of component (i, ) at an effective age
Bjj;, and R;;(x) is the reliability function of component (i, j) at
t>B;. For B;j<MRL,m(B;)<1, and m(B;)>1,B;>MRL
[19]. In Figure 2, we can see the change of the age reduction
factor relative to the cost ratio under the different m(B;).

Figure 2 above shows that, for the same set of circum-
stances, the factors corresponding to various m values are
also different. When using fewer budgets for component
maintenance or when the ratio of maintenance cost to main-
tenance replacement cost is low, the degree of component
renewal is also low. In contrast, when using more budgets for
component maintenance, the degree of component renewal
is likewise larger. It also shows that for a fixed age reduction
factor, the required budget increases as the component ages
(i.e., m increases).

When multiple missions need to be considered within a
planning horizon, a component may undergo multiple main-
tenance operations. In this case, the hazard rate and reliabil-
ity function R;(x) of the component will change. It is then
required to derive a formulation for the characteristic index
m that could be used in the subsequent break in a mainte-
nance scheduling problem. Assuming the age of the compo-
nent follows a Weibull distribution with scale and shape
parameters @; and f;, respectively, and the formulation is
redefined as follows by Liu et al. [27]:

Bjj i X R(B,.j,k)

m(Bjx) = o (

Ajjj-1 )
ajﬂ’f (bifk_lBij'k_l)ﬁxj) X/
ij

o0 :
Ajjk-1 ;
exp <— (:T (Bija-1Bijk-1 + x)ﬂv) dx
Bjjx ij
i
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FiGure 3: Hazard adjustment factor versus cost ratio for different values of ‘m’.
4.1.2. Cost-Based Hazard Adjustment Factor. The cost-based
hazard adjustment factor model, like the cost-based age
reduction model, may be stated as follows:
|
h
R fOrYij = 0, 2 < ll]>Nl]
m(B b
(e ) -et) ) (%)
(h=1)+ X
a(Blj7llj) = 1, forlij:O, and Yl]:07 ll]: l,h >1 (10)

h

otherwise.

In Equation (10), h determines the maximum allowable
hazard increment for a component, i.e., it defines the upper
limit of the hazard adjustment factor that a component can
achieve after a maintenance break. For the same cost ratio,
with the aging of components, the value of m increases, and
the hazard adjustment factor of components also increases. It
also shows that under the fixed value of the characteristic
constant (i.e., the fixed effective age), the hazard adjustment
factor varies with the usage of the maintenance budget. At
the time of selective maintenance, the component’s effective
age is known, and the only decision variable is the level of
imperfect maintenance corresponding to which the PM cost
Gy (lij) for a component is determined. When the cost ratio is
at a specific imperfect maintenance level [;, the correspond-
ing hazard adjustment factor can be found using the Equa-
tion (10). Figure 3 below shows the change of the hazard
adjustment factor relative to the cost ratio when h =6 under
different m. The maximum allowable value of the hazard
adjustment factor calculated in Figure 3 is 1.2.

It can be seen from Figure 3 above that under the same
conditions, the hazard adjustment factors corresponding to
the different m values are also different. When the cost ratio
between maintenance cost and maintenance replacement is

Qh-m+<g?>w%v’

\
small, that is, when less maintenance budget is used to carry
out maintenance actions on the components, the hazard rate
after maintenance will increase faster (the value of the hazard
adjustment factor is higher). On the contrary, when more
maintenance budgets are used to carry out maintenance
actions on the components, the hazard rate after mainte-
nance will increase more slowly (the value of the hazard
adjustment factor is lower). It also shows that for a fixed
hazard adjustment factor, the budget required will increase
as the component ages (i.e., m increases).

4.2. Mission Reliability Model. The maintenance effect of
various components in the system is related to their mainte-
nance activities, and the effect can be defined as follows:

hij -1 (Bij,k—l + x),
hij -1 (%),
Alj,k—lhij,k—l (bl'j,k—lBij.k—l + x) N Otherwise,

(11)

lij,k—l € {05 1}

Gty +x) = lix-1 = Ny

where I;; _; represents the maintenance level at the end of
the (k—1)th mission, when lij,k—l € {0,1}, the age of the



component does not change, that is, it has no impact on the
reliability of the component; when [ y_; = Nj;, it means that
the components are replaced and the age is cleared; in other
cases, it means imperfect maintenance, which can be
obtained through the above formulation.

Let Xj; x and Yj; ; denote the state of the component at
the beginning of mission k (k =1,2,...) and at the end of
mission k (k =1,2,...), respectively. At the beginning of
mission k, the state of the component can be expressed as
follows:

1, ifcomponentj of subsystem i

Xijx = is functioning at the start of mission k.  (12)

0, otherwise

Similarly, the state of the subsystem and the whole system
at the beginning of mission k is also represented by (0, 1),
where 0 represents the failure state and 1 represents the func-
tioning state.

Likewise, at the end of mission k, the state of the compo-
nent can be written as follows:

1, if component of subsystem i

Yjx = { is functioning at the start of mission k.~ (13)

0, otherwise

The state of the subsystem and the whole system at the
end of mission k is also represented by (0, 1), where 0 repre-
sents the failure state and 1 represents the functioning state.
Then, the reliability of the component in the kth mission is
expressed as follows:

Ty
lek = exp (—/0 hij,k(tij,k +x)dx) Xt]k (14)

The reliability of subsystem in the kth mission is given as
follows:

1;

Rix=1-TI(1 = Ry). (15)
j=1

The state of the entire system at the end of a mission k
can be determined as follows:

Rk:ﬁ<1—ﬁ(1—R,‘j‘k)>. (16)

i=1 j=1

The probability to finish the next mission can be recur-
sively determined for each component using its initial state,
age at the beginning of the next mission, and the mission
duration. Thus, the reliability of the whole system can be
determined using Equation (16).

The system’s reliability is composed of multiple missions.
Therefore, combined with the above analysis, the system
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reliability within the finite planning horizon is given as fol-
lows:

k=1 \i=1 j=1

R, = ]f[le = ﬁ (ﬁ <1 - ﬁ(l - Rij,k))v (17)

where R, represents the system reliability within the finite plan-
ning horizon. It is found in Equation (17) that we should not
only consider the reliability of a single mission but also com-
prehensively consider the reliability of multiple subsystems.

5. Selective Maintenance Model and
Solution Methodology

5.1. Selective Maintenance Model. Designing the number of
mission interruptions within the finite planning horizon has
a critical impact on the reliability of the whole system. Dif-
ferent numbers of mission interruptions affect the reliability
of each subsystem mission and then affect the whole system.
Suppose that the length of a planning horizon is 300. Accord-
ing to the above analysis, if the mission is interrupted three
times, the length of each subsystem mission is 75. If the
mission is interrupted four times, the length of each subsys-
tem mission is 60. It can be found that as the number of
interruptions increases, the length of each mission decreases,
and it may be possible to ensure the high reliability of the
next mission without taking on the maintenance activities. If
the number of mission interruptions decreases, the mission
length of the subsystem will become longer, and coupled
with the lack of reasonable maintenance activities, the reli-
ability of the whole system will become extremely poor. In
addition, if the planning horizon is interrupted too much, the
cost of fault detection will increase, so it is necessary to find
the optimal interruption number.

This study adopts a max—min optimization model [30].
Assuming that the total maintenance cost and total mainte-
nance time in the planning horizon are C,, and T,
respectively. When the system enters the first mission break,
all components are in a new state. The decision model for
this objective can be obtained from the max—min criteria as
follows:

Objective:
max—min (R j—y, Rg g3, Rog—go -, Ry i) (18)
Subject to:
K
> My € Tps 1 k<K -1, (19)
k=1
CS S Cmax7 (20)
0<I; <Nj. (21)

Equation (18) represents the max—min criterion, and the
optimal schedule is selected by comparing the results of the
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worst case. Constraints in the Equations (19) and (20)
exhibit the limited available resources to perform mainte-
nance, and Equation (21) denotes the scope of maintenance
levels for a component.

5.2. Solution Methodology. The selective maintenance deci-
sion model in this paper is a complex nonlinear programing
problem with continuous decision variables, and the prob-
lem will become more complex with the increase in the
number of units and the number of mission stages. At pres-
ent, a variety of intelligent optimization algorithms can find
the global optimal solution (or global approximate optimal
solution) within a reasonable time. Such as genetic algorithm

L=< by dgr st b gk g - Bkt o+ o (k+ 1)th D ok Kb
—— —— — ———

Maintenance Maintenance
break break

where [,  is a decimal integer denoting the discretized main-
tenance level for a component in the kth break.

The feasible solution must not be the ideal solution if the
total maintenance cost associated with solution L is less than
the maintenance budget; if the overall maintenance cost
exceeds the maintenance budget, the solution is not feasible.
In the case that the total maintenance cost is insufficient or
exceeds the maintenance budget, this paper adopts the meth-
ods of cyclic increase and cyclic decrease to make the total
maintenance cost just reach the maintenance budget.

5.2.2. Simulated Annealing-Based Genetic Algorithm. The
GA imitates the principle of “survival of the fittest” in the
process of biological evolution, regards the set of feasible
solutions in the optimization problem as a population,
selects, crossover, and mutation individuals from the popu-
lation, obtains a new generation of the population with better
fitness, and continuously iterates to obtain the optimal solu-
tion of the problem. This algorithm has the advantages of
high efficiency and global optimization in solving complex
nonlinear optimization problems and has been widely used in
the field of reliability engineering [31-33]. Simulated anneal-
ing algorithms and GAs can complement each other, which
can effectively overcome the premature phenomenon of the
traditional GAs. Therefore, this paper will use a simulated
annealing GA to solve the optimization problem of selective
maintenance decisions under a finite planning horizon.

(1) Algorithm parameter setting

The parameters of the simulated annealing-based GA
include maximum iteration number Nj.,, population individ-
ual number N, crossover probability P, mutation probability

Maintenance
break break

(GA), Stochastic Fractal Search Approach, Tabu Search, and
Ant Colony Optimization (ACO). In this study, a modified
GA, namely the simulated annealing-based genetic algorithm
[30], is customized for our specific problem.

5.2.1. Construct Population Individuals. The key to using the
simulated annealing-based GA to solve optimization pro-
blems is to express feasible solutions as population indivi-
duals in the GA. In this paper, the maintenance cost is
divided into several maintenance levels, so the feasible solu-
tion corresponding to the individual population is expressed
as follows:

(22)

Maintenance

P,, exchange probability P;, annealing temperature T,
annealing coefficient 7, and error function limit 7.

(2) Coding and individual fitness

The coding methods for decision variables include binary
and real-valued coding [30]. Since real-value coding is more
efficient for solving combinatorial optimization problems,
real-value coding will be used in this study. Real-valued cod-
ing means that each gene value in an individual is repre-
sented by a real number, and the length of individual
coding is equal to the number of its decision variables.

(3) Error function

The simulated annealing-based GA uses the error func-
tion to represent the individual differences in the population,
and its expression is:

E — HYbest B worstHZ (23)
' HYbestHZ '

where Yy and Y, represent the optimal individual and
the worst individual in the population, respectively.

(4) Termination condition

If the number of algorithm iterations reaches the maxi-
mum number of iterations or the error function is less than
the tolerance of the error function, the algorithm terminates.

(5) Selection, crossover, mutation, and swap
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TasLe 1: Component parameters (unit of cost: US $1,000; unit of time: d).
ID Pi a; L Cij I, tij1, 1D Bi a; L Cij I, tii 1,
1 1.5 300 1 8 0.35 8 2.0 375 1 12 0.3
2 9 0.4 2 15 0.35
3 21 0.75 3 24 0.55
4 40 1.25 4 42 1
2 2.4 300 1 5 0.36 9 1.2 400 1 8 0.55
2 7 0.4 2 10 0.6
3 20 0.65 3 25 0.8
4 36 1 4 45 14
3 1.6 250 1 6 0.38 10 1.4 400 1 8 0.4
2 8 0.4 2 0.45
3 18 0.75 3 20 0.7
4 40 1.25 4 42 1.45
4 2.6 400 1 9 0.5 11 2.8 450 1 9 0.38
2 10 0.55 2 10 0.4
3 25 0.8 3 20 0.65
4 45 1.3 4 35 1.15
5 1.8 400 1 9 0.5 12 1.5 450 1 8 0.38
2 10 0.55 2 0.4
3 25 0.8 3 20 0.65
4 45 1.3 4 38 1.25
6 2.4 375 1 9 0.38 13 2.4 425 1 9 0.5
2 10 0.4 2 10 0.55
3 25 0.65 3 25 0.75
4 38 1.15 4 40 1.15
7 2.5 400 1 9 0.4 14 2.2 400 1 10 0.5
2 10 0.45 2 10 0.55
3 30 0.7 3 20 0.8
4 40 1.05 4 40 1.45

The selection, crossover, and mutation operations in
simulated annealing-based GAs are the same as those in
traditional GAs.

The roulette wheel selection method is used in the selec-
tion operation in this study. The crossover operation gener-
ates new individuals =, and =, with probability P, and the
mutation operation generates new individuals =, with prob-
ability P,,. To order to make the population more diverse,
the simulated annealing-based GA in this study increases the
swap operation compared with the traditional GA. The swap
operation refers to the swap of genes at both sides (left and
right) of the same individual with probability P; to generate a
new individual =,. For example, an individual is coded as
x ={x1, %y, X3, X4, X35, Xg, X7, Xg |, and a new individual =, =
{x1, %5, X3, X4, X5, X6, X7, X3} 1S obtained after the swap
operation.

(6) Individual acceptance criteria

For the individual x; (i = 1,2, -, N,) in the population,
a new individual set {Z., 5, =, =} is obtained through
crossover, mutation, and swap operations, and the optimal
individual =, is selected from it. The individual acceptance
criterion is as follows: (1) If =, is better than x;, update x;

to Epews (2) if Z . is worse than x;, =), shall be accepted
according to metropolis criteria. The Metropolis criterion
accepts the generated new solution with probability, which
is described as randomly generating a random number
h between 0 and 1. If the condition h<min{l,
exp{— || Enew — %ill2/ Ty} } is satisfied, x; is updated to =,

6. Results and Discussion

To further evaluate the proposed method and explain the
advantages of the proposed model, we have considered the
example of a coal transportation system [17]. It includes five
basic subsystems, as shown in Figure 3. Feeder 1 (Subsystem 1)
transfers coal from the bin to Conveyor 1. Conveyor 1
(Subsystem 2) transports the coal from Feeder 1 to the
stacker reclaimer (Subsystem 3), which lifts the coal to
the burner level. Feeder 2 (Subsystem 4) then loads Con-
veyer 2 (Subsystem 5), which transfers the coal to the boi-
ler’s burner feeding system. The parameter values of each
component, such as Weibull life distribution parameters,
maintenance actions, related costs, and time, are shown in
Table 1, in which the maintenance fixed cost and mainte-
nance fixed time are assumed to be 0.
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Subsystem 1 Subsystem 2

Subsystem 3

Subsystem 4 Subsystem 5

FIGURE 4: Coal transmission system.

TasLE 2: Optimal selective maintenance decision.

k=2

k=3

k=4 k=5

Component
Action DN DN
Level

Reliability 0.9930
Total cost 472

0.9537

2,4,9,10
RE, RE, RE, IM

4,4, 4,3
Time 4.4
0.9369

3,4,6
IM, IM, RE IM, RE, IM
3,3,4 3,4,3
2.7 2.65
0.9489 0.9637

2,5,7

0.9758

We assume the coal transmission system needs to com-
plete the mission with a total length of 360, and the cost of
each fault detection is 30. The maximum maintenance time
T'ax and the maximum maintenance cost C,,,, are 10 units
and 500 units, respectively. First, the ages and states of vari-
ous components in the system under different interruption
times are obtained through the Monte Carlo simulation, then
the optimal maintenance schedule is obtained according to
the selective maintenance decision model proposed in this
paper (Figure 4), and finally, the system reliability value of
the system after the optimal maintenance decision schedule
can be obtained, as shown in Table 2. It can be seen from
Table 2 that after the first mission, the reliability during the
second mission is high even if no maintenance action is
taken due to the short length of the completed mission.

Our goal is to maximize the reliability of the overall
system. It is assumed that operational errors after the first
mission may lead to a lack of resources for subsequent main-
tenance. Therefore, low-reliability components should be
maintained first, and the reliability of weak links in the sys-
tem should be improved to ensure that each link can operate
normally. In addition, it can be found that due to the limita-
tion of maintenance time, the remaining 28 maintenance
cost units can no longer be used.

To better understand the relationship between different
numbers of interruptions and system reliability, we have
made the relationship between the number of interruptions
and system reliability, as shown in Figure 5.

It can be seen from Figure 5 that when the number of
interruptions is less than or equal to 6, the system reliability
increases with the increase in the number of divided inter-
ruptions. When the number of interruptions exceeds 6, the
system’s reliability decreases. The important reason for this is
that with the increase in the number of interruptions, the

System reliability

0.8 1 1 1 1 1
2 3 4 5 6 7 8

Number of interruptions

FiGure 5: Relationship between the number of interruptions and
system reliability.

detection cost also increases. The decrease in the cost ratio of
limited resources to component maintenance will inevitably
lead to a decrease in the system reliability. Table 2 also shows
that with the increase in the number of divided breaks, the
first few missions have good reliability without maintenance,
but there will be a reliability trough after multiple missions. If
the limited maintenance time is used when the previous
reliability is high, the reliability of the later missions may
be lower. Therefore, it is the optimal decision-making sched-
ule to divide the finite planning horizon six times under the
limited resources, and the average reliability of the system
reaches 0.962.

As the cost of fault detection needs to be consumed, if the
number of interruptions increases, the remaining maintenance
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320 340 360 380 400 420 440 460 480 500
Maintenance cost

FIGURE 6: Relationship between maintenance cost and average sys-
tem reliability.

cost will be reduced, resulting in a decline in the system reli-
ability. To understand the relationship between the cost
required for each interruption number and the average system
reliability, we have made a diagram of the relationship between
maintenance cost and system reliability under the different
interruption numbers, as shown in Figure 6.

It can be seen from Figure 6 that the system reliability
increases with the increase in maintenance costs at the begin-
ning. When the average maintenance cost exceeds 472 units,
the system’s reliability begins to decline. Therefore, we
should learn to make full use of maintenance resources.
For example, when the number of interruptions is 7, the
average maintenance is 492 units, but the reliability value
obtained is not the highest. The main reason is that too
many interruptions consume more maintenance costs for
the fault detection. Therefore, it is a major challenge for
decision-makers to spend limited resources on the critical
points. In addition, we can also observe that the number of
interruptions is not directly proportional to the maintenance
costs, and the specific maintenance costs are related to the
selection of maintenance schedules. The relationship between
interruption times, maintenance costs, and system reliability
is shown in Figure 7.

In many studies, they believe that maintenance is imme-
diate, ignoring maintenance time. However, maintenance
does take some time, and it is important to include it in
the modeling and find out its impact on the maintenance
operations and system reliability. To reflect the impact of
maintenance time on the system reliability, we analyzed
the total maintenance time in Table 2 with three different
time limits, as shown in Figure 8 below.

Figure 8 shows that system reliability depends on the
total maintenance time. When the required system reliability
increases from 95% to more than 96%, the total maintenance
time increases by 1 unit, from 9 units to 10 units, which is
enough to reach the required reliability limit. However, when
the expected reliability increases from 96% to more than
97%, the required maintenance time increases from 10 units
to 13 units (an increase of 3 units). Therefore, whether the
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FIGURE 7: Relationship among average system reliability, interrup-
tion, and maintenance cost.

0.98 T T T T T T

0.975 b

0.965 h

0.955 h

System reliability
j=}
K

0.95 h

0.945 h

0.94 1 1 1 1 1 1
8 9 10 11 12 13 14 15

Total maintenance time

Fiure 8: Relationship between different total maintenance times
and average reliability.

expected reliability limit can be reached depends on the
available maintenance time. This shows that it is inappropri-
ate to ignore the limited time in the research work, especially
in the scheduling within a finite planning horizon, because
the system reliability that can be achieved after maintenance
is sensitive to the available maintenance duration. Therefore,
for maintenance managers, it is important to check the
changes between maintenance time and system reliability
so that they can determine whether the expected reliability
limit can be reached within a given maintenance time and
accurately set maintenance time to avoid resource waste.

7. Conclusions

In this research, a maintenance scheduling model under
imperfect maintenance is developed for a given finite plan-
ning horizon. A hybrid imperfect maintenance model is used
to formulate the component improvement after mainte-
nance. It includes both age reduction and hazard adjustment
factors. The model comprehensively evaluates the impact of
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maintenance actions on the subsequent missions. Through
the max—min criterion, the optimal maintenance schedule
can be calculated. The case analysis shows that the decision
model proposed in this paper is feasible and effective for the
selective maintenance problem in the finite planning hori-
zon. It can help decision-makers to find the optimal number
of mission interruptions to determine a plan of action for
each component in the system while maximizing overall
system reliability over the planning horizon. We also found
that the optimal number of interruptions can save resources,
maintenance time has a great impact on reliability, and the
cost of failure inspection also affects maintenance. In addi-
tion, it is assumed in this paper that the length of missions
divided within the finite planning horizon is equal and that
there is no correlation between the system components
involved. The mission length may change with the demand,
and there may be a variety of correlations between compo-
nents. In the future, we can further study and explore this
problem and expand the model.
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