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Selective maintenance, which aims to choose a subset of feasible maintenance actions to be performed
for a repairable system with limited maintenance resources, has been extensively studied over the past
decade. Most of the reported works on selective maintenance have been dedicated to maximizing the
success of a single future mission. Cases of multiple consecutive missions, which are oftentimes encoun-
tered in engineering practices, have been rarely investigated to date. In this paper, a new selective main-
tenance optimization for multi-state systems that can execute multiple consecutive missions over a finite
horizon is developed. The selective maintenance strategy can be dynamically optimized to maximize the
expected number of future mission successes whenever the states and effective ages of the components
become known at the end of the last mission. The dynamic optimization problem, which accounts for
imperfect maintenance, is formulated as a discrete-time finite-horizon Markov decision process with a
mixed integer-discrete-continuous state space. Based on the framework of actor-critic algorithms, a cus-
tomized deep reinforcement learning method is put forth to overcome the “curse of dimensionality” and
mitigate the uncountable state space. In our proposed method, a postprocess is developed for the actor
to search the optimal maintenance actions in a large-scale discrete action space, whereas the techniques
of the experience replay and the target network are utilized to facilitate the agent training. The perfor-
mance of the proposed method is examined by an illustrative example and an engineering example of a
coal transportation system.
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1. Introduction

Maintenance activities have been pervasively implemented in
industry practices to restore aged systems to a better condition, to
restore system performance, and to prolong systems’ residual lives
(Nourelfath, Fitouhi & Machani, 2010; Yang, Ye, Lee, Yang & Peng,
2019). In some engineering applications, systems are intended to
execute a sequence of missions with a finite break between two
adjacent missions. Maintenance actions can be performed within a
break to recover components from a worse/failure state to a bet-
ter state to ensure the success of the next mission. However, due
to limited maintenance resources, such as budget, time, manpower,
and repair facilities, performing all the desirable maintenance ac-
tions in a break is oftentimes impossible. Alternatively, a subset of
maintenance actions that can maximize the success of the ensuing
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missions are selected from all the options and performed before
the start of the next mission. This strategy is known as selective
maintenance (Cassady, Pohl & Murdock, 2001).

The earliest study on selective maintenance can be tracked back
to Rice, Cassady and Nachlas (1998) in which a selective main-
tenance model for parallel-series systems with identical compo-
nents was developed. Following the framework proposed in Rice
et al. (1998), many new selective maintenance optimization mod-
els and solutions have been intensively explored over the past few
decades from various angles. For example, Cassady, Murdock and
Pohl (2001) introduced a set of variations of selective maintenance
models with distinct objective functions and constraints. A general
selective maintenance was proposed by Cassady et al. (2001), in
which the lifetime of components conforms to the Weibull distri-
bution and one of three optional maintenance actions, i.e., min-
imal repair, corrective replacement, and preventive replacement,
can be performed for components. The selective maintenance
strategy was implemented for machine lines to reduce mainte-
nance costs and failure losses (Zhu, Liu, Shao, Liu & Deng, 2011).
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Maaroufi, Chelbi and Rezg (2013) studied a selective mainte-
nance strategy for systems subject to propagated failures with
global effects and failure isolation phenomena. A selective main-
tenance model for a fleet of systems was investigated by Schneider
and Cassady (2015). By taking into account the stochastic mis-
sion durations and break duration, a new selective maintenance
model was presented by Khatab, Aghezzaf, Djelloul and Sari (2017).
Three heuristic methods were introduced by Lust, Roux and Ri-
ane (2009) to facilitate the optimization of a selective maintenance
model with many components.

Nevertheless, these preceding works assumed that both a sys-
tem and its components are in binary-state, i.e., either working
perfectly or failing completely. In engineering practices, some sys-
tems, such as manufacturing systems (Nourelfath et al., 2010) and
networked systems (Ramirez-Marquez & Coit, 2005), exhibit multi-
state characteristics; namely, they possess multiple distinguished
performance capacities or damage severities between the perfect
working and completely failed states. These systems are termed as
multi-state systems. By using multi-state system models, the dete-
rioration behavior of engineered systems can be characterized in a
more detailed manner than that of traditional binary-state system
models. In the context of multi-state systems, many new selec-
tive maintenance models have been developed over the past few
years. For example, Liu and Huang (2010) put forth a new selec-
tive maintenance model for multi-state systems, and each binary-
capacitated component in the system can be imperfectly repaired
to a state somewhere between “as good as new” and “as bad as
old” states during a break. The selective maintenance model for
multi-state systems consisting of multi-state components was in-
vestigated by Pandey, Zuo and Moghaddass (2013). Three selec-
tive maintenance models, taking account of the economic depen-
dence (Dao, Zuo & Pandey, 2014), stochastic dependence (Dao &
Zuo, 2016), and structural dependence (Dao & Zuo, 2017) among
components, were developed for multi-state systems. As the uncer-
tainties associated with the durations of breaks and maintenance
actions may produce significant impacts on the selective mainte-
nance effectiveness, sequence planning for the selective mainte-
nance of multi-state systems was recently studied by Liu, Chen and
Jiang (2018).

Notably, all these aforementioned models for selective mainte-
nance only maximized the success of the next mission and can-
not be used for cases where more than one consecutive mission is
to be executed in order. For multiple consecutive missions, Iyoob,
Cassady and Pohl (2006) developed a selective maintenance model
for systems performing a sequence of identical missions with the
same durations of breaks between the adjacent missions, and a
discrete-time Markov chain was utilized to evaluate the long-run
average cost per mission. Based on the premise that failed com-
ponents can be minimally repaired immediately during a mission,
Khatab, Aghezzaf and Claver (2015) and Pandey, Zuo and Moghad-
dass (2016) studied a selective maintenance strategy for systems
executing multiple missions. Such an assumption of minimal re-
pairs upon failures may not be valid in real-world systems, as
maintenance actions can only be performed during breaks between
two adjacent missions in the general framework of selective main-
tenance. With the assumption that a binary-state series-parallel
system is composed of identical components and that lifetime
of the components complies with the exponential distribution,
the selective maintenance optimization for a system over a finite
horizon was formulated as a stochastic dynamic programming by
Maillart, Cassady, Rainwater and Schneider (2009). In their study,
the failed components to be replaced in each break are dynam-
ically identified at the end of the last mission. The approximate
dynamic programming algorithm was used by Ahadi (2018) to ad-
dress the selective maintenance optimization raised in Maillart et
al. (2009) when the number of components in a series-parallel

system is extremely large. However, the assumptions of identical
components and exponentially distributed lifetimes block the im-
plementation of selective maintenance for many real-world engi-
neering systems. Even though the reliability assessment and opti-
mization of phased-mission systems, which can experience several
phases in a mission, have been extensively investigated in the lit-
erature (Levitin, Finkelstein & Dai, 2017; Wang, Peng & Xing, 2018,
2020), the system studied in most of these works was unrepairable
and the system will stop functioning for the remaining phases if it
fails in any one of preceding phases.

To further advance the state-of-the-art of selective maintenance
optimization and facilitate its implementation to broader applica-
tions, a new dynamic selective maintenance model for multi-state
systems over a finite horizon is put forth hereinafter, in which
both the assumptions of the identical components and exponen-
tial lifetime distribution in the earlier literature are released. Mul-
tiple maintenance actions, including “doing nothing”, minimal re-
pair, imperfect maintenance, and replacement, are available to be
chosen for each component, and they can only be performed in-
between two adjacent missions. However, due to limited mainte-
nance resources in each break, the selective maintenance strategy
has to be dynamically optimized at the end of each mission based
on the states and effective ages of all the components in a sys-
tem to ensure the maximum expected number of the successes
of future missions. The resulting stochastic dynamic programming
is formulated as a discrete-time finite-horizon Markov decision
process with a mixed integer-discrete-continuous state space. To
deal with the “curse of dimensionality” and the uncountable state
space, a customized deep reinforcement learning (DRL) approach
is developed based on the framework of actor-critic algorithms
(Sutton & Barto, 2018). The critic, which evaluates the effectiveness
of maintenance actions, is mimicked by an artificial neural net-
work named the Q-network, whereas a postprocess is used in the
actor to identify the optimal maintenance actions in a large-scale
discrete action space. The two techniques, specifically the experi-
ence replay and the target network, of the deep Q-network (DQN),
are utilized to improve the robustness of the customized DRL ap-
proach. The performance of the proposed method is examined by
an illustrative example and an engineering example of a coal trans-
portation system.

The remainder of this paper is implemented out as follows.
Section 2 gives the problem description and the basic assumptions
in our study. The states and effective ages of the components at the
end of the last mission, along with the probability of a system suc-
cessfully completing the next mission, are evaluated in Section 3,
and the dynamic selective maintenance optimization is formulated
as a discrete-state finite-horizon Markov decision process. A cus-
tomized DRL algorithm is put forth in Section 4 to resolve the re-
sulting optimization problem. Two illustrative examples are pre-
sented in Section 5 to examine the effectiveness of the proposed
method. Section 6 details conclusions and some future studies.

2. Problem description and model assumptions
2.1. Selective maintenance of multi-state systems

In many military and industrial environments, systems are
planned to execute multiple missions with a break in-between
two adjacent missions. Maintenance actions can only be performed
during the break to restore the aged system to a better condition
and thus complete as many future missions as possible. For ex-
ample, a truck is scheduled to finish a sequence of transportation
tasks with a break between two adjacent tasks, whereas an air-
craft is intended to complete multiple flights with a stop between
two consecutive flights. However, due to limited maintenance
resources, only a subset of components, rather than all of the
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Fig. 1. Selective maintenance for a system that can execute multiple consecutive missions.

components in a system, can be recovered to their better condi-
tions. Due to the randomness of components’ failures in a mis-
sion, the state of each component at the end of each mission varies
from one system to another as shown in Fig. 1. The selective main-
tenance strategy has to be dynamically optimized based on the
health status of all the components in a specific individual system
to ensure the maximum number of the successes of future mis-
sions for the system.

Without loss of generality, the specific selective maintenance
problem and the multi-state systems’ characteristics are defined as
follows:

(1) A multi-state system is composed of M statistically indepen-
dent binary-capacitated components. The performance ca-
pacity of component [ (I € {1,2,---,M}) at any time instant
t, denoted as G;(t), equates g ; and g; o for the operational
state (State 1) and the failure state (State 0), respectively.
Specifically, the performance capacity of components in the
failure state is zero, specifically, g ¢=0.

(2) The performance capacity of the entire system at any
time instant t, denoted as G(t), can be determined by
the performance capacities of all the components and the
structure function ¢(-) of the system. For instance, one
has G(t)=¢ (G (t), Gy(t)) = min{G; (t), G, (t)} if two compo-
nents in a flow transmission system are connected in se-
ries, whereas G(t)=¢(G;(t), Go(t)) = G1(t) + G, (t) is used
for a parallel connection. Several existing tools, such as the
universal generating function (UGF) (Levitin, 2005), multi-
valued decision diagram (Amari, Xing, Shrestha, Akers &
Trivedi, 2010; Mo, Xing, Zhong & Zhang, 2016), and Bayesian
network (Jiang & Liu, 2017), can efficiently enumerate all
the possible combinations of components’ states with re-
spect to each system performance capacity. The system can,
therefore, exhibit a finite number of states, denoted as G =
{g1.82,....8N,}, distinguished by the system performance
capacity, where g; and gy, are the worst and best states, re-
spectively, and N; is the number of the possible states. At
any particular time instant t, G(t) € G={g1, 82, ..., &N}

(3) The system is intended to execute a sequence of K mis-
sions, and the duration of the kth mission is denoted as Z,,
where k € {1, 2, ..., K}. The system configuration remains
unchanged throughout all the missions. Additionally, even if
a proceeding mission fails, the system can be recovered to
the functioning state in a break by executing maintenance
actions.

(4) The failure time of each component can conform to an ar-
bitrary distribution. The state of component [ at the begin-
ning of the kth mission is denoted as a binary variable X, ;,
where:

X {1 if component [ is functioning
Lk =
' 0

if component [ is failed

(1)

The state of component [ at the end of the kth mission is
denoted as a binary variable Y ,, where:

1
Yl,k = {0

Hence, the states of all the components in a system at
the beginning and end of the kth mission are represented
by a vector X = (Xj, Xy ..., Xy) and a vector Y, =
(Y14 Yok ... i), Tespectively. At the beginning of the first
mission, all the components are in brand new condition and
one has X; = (1,1,...,1).

if component [ is functioning
if component [ is failed

(2)

(5) The kth mission is successfully completed if the system per-
formance capacity at the end of the kth mission is greater
than a prespecified demand, denoted as W, which could be
either a constant or a random quantity in engineering real-
ity (Ekin, 2018; Sloan, 2004). In the case that the prespeci-
fied demand of the kth mission is a random variable with H
possible values, the hth possible value of the demand of the
kth mission is denoted as wy, .

Several optional maintenance actions, including “doing noth-
ing”, minimal repair, imperfect maintenance, and replace-
ment, can be chosen for each failed or aged component.
However, due to limited maintenance budget and time in
each break, denoted as G, and Ty, respectively, only a sub-
set of components can be maintained in each break. In our
study, it is assumed that the maintenance time and budget
of each break are pre-specified as reported in Iyoob et al.
(2006), Maillart et al. (2009), and Ahadi (2018). For example,
production lines can, oftentimes, only be maintained at the
weekend, and maintenance budget for each weekend has to
be pre-specified at the beginning of a month.

—
(=2)]
=

2.2. Imperfect maintenance model

During each break, maintenance actions can be performed to
recover the condition of a failed or aged component in a sys-
tem to ensure the success of future missions. Based on the ef-
ficiency, maintenance actions can be categorized into three cat-
egories, i.e.,, perfect repair/maintenance (including replacement),
minimal repair/maintenance, and imperfect repair/maintenance
(Pham & Wang, 1996). Apart from the minimal repair and re-
placement that restore a component to “as bad as old” and “as
good as new” conditions, respectively, many maintenance actions
in engineering practices can be viewed as imperfect maintenance
with which a failed/aged component can only be restored to
somewhere between the aforementioned two extremes (Pham &
Wang, 1996). A higher quality of maintenance action, of course,
consumes a greater amount of maintenance resources (cost and
time). Without loss of generality, in this study, “doing nothing”
can be viewed as one of the optional maintenance actions for a
component.
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Fig. 2. The chronological time vs. the effective age for the Kijima type II model.

Suppose that N;+1 optional maintenance actions are available
for each component. The selected maintenance action for compo-
nent | in the kth break, i.e., the break between the kth mission
and the (k + 1)st mission, is denoted as a; (a;;, € {0,1,---,N}),
and a greater value of a; , represents a maintenance action with a
higher efficiency. a;; = N; and a;; = 0 represent the replacement
and “doing nothing”, respectively. Specifically, for a failed com-
ponent, a;, =1 signifies a minimal repair that merely recovers a
failed component back to its functioning state, whereas a;, =0
corresponds to “doing nothing”, namely, the component is left in
its failure state.

The maintenance cost associated with maintenance action a;
for component [ in the kth break is given by the following:

al,k =0

a1~k:1,2,~~-,NL’ (3)

0
C =
b {C? + (@ Yik)

where c? is the fixed maintenance cost of component [, such as
the disassembly and assembly costs, the setup cost, and the cost
of organizing maintenance personnel. ¢;(a; ;. Y; ;) denotes the vari-
able maintenance cost that is determined by the selected mainte-
nance action a; , and the state of component [ at the end of the kth
mission. Specifically, ¢;(a; ;. 1) and ¢;(a; ;. 0) correspond to preven-
tive maintenance and corrective maintenance for a failed and func-
tioning component I, respectively. The total maintenance cost to be
consumed in the kth break, denoted as Ci, can be evaluated by the
following:

M
Ge=Y Cu.
=1

In the same manner, the maintenance time of component [ can
be defined as follows:

(4)

a,=0

5
a,yk:1,2,--~,NL’ ( )

0
Tl.k = 0 Y,

t) +t(a Yi)
where tlo is the fixed maintenance time of component [, whereas
ti(ajk. Yy ) is the variable maintenance time associated with the
selected maintenance action and the state of component | at the

end of the kth mission. The total maintenance time to be spent in
the kth break, denoted as Ty, is a function of the respective main-

tenance time of each component, and it can be given, in a general
form, as:

Ti = f(Tii Tog > Tvg)- (6)

In the case that the selected maintenance actions have to be ex-
ecuted in a sequential manner, the total maintenance time is the
summation of the respective maintenance times of all the compo-
nents. If all the selected maintenance actions can be executed in-
dependently in a parallel fashion, the total maintenance time will
equate to the longest maintenance time among all the individually
selected maintenance actions.

Many imperfect maintenance models have been developed to
characterize the imperfection of maintenance actions (Doyen &
Gaudoin, 2004; Kijima, 1989, 1988; Pham & Wang, 1996; Shen, Cui
& Ma, 2019; Si & Yang, 2016; Wu & Zuo, 2010). In this study, the
Kijima type II model is specifically used to reflect the imperfection
of maintenance actions via the age reduction mechanism (Dijoux,
Fouladirad & Nguyen, 2016; Kijima, 1989). The Kijima type II model
assumes that the condition of a component is closely associated
with its effective age, which may not be necessarily the same as
the calendar age. The effective age of component [ at the begin-
ning and end of the kth mission are denoted as A;; and By, re-
spectively, and based on the Kijima type Il model, one has the fol-
lowing:

(7)

where by, (0 < b, <1) is the age reduction factor, representing
the efficiency of a selected maintenance action for component I
at the end of the kth mission. A smaller value of b; indicates
a superior maintenance efficiency. The relationship between the
chronological time and effective age of two components is given in
Fig. 2 to exemplify the principle of the Kijima type Il model.

By = (By k. Byk.....Byy) denotes the effective ages of all
the components at the end of the kth mission and a,=
(aq k. Az, -, Ay ) denotes the selected maintenance actions for
all the components in the kth break. The states and effective
ages of all the components at the beginning of the (k+ 1)st
mission, denoted as Xy, = (Xq j1 1 X2 k410 - Xmke1) and Ag,q =
(A1 k1 A2 k410 - - - Amksr)» Tespectively, can, therefore, be com-
pletely determined by a;, By, and Y,.

Apks1 = biBik,
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3. Dynamic selective maintenance decision model

To achieve the maximum number of successes for future mis-
sions, maintenance actions in each break should be dynamically
selected based on the states and effective ages of all the com-
ponents in a system. By identifying the maintenance actions for
each combination of the states and effective ages of all the com-
ponents in each break, a “maintenance policy” (also called a policy
function), denoted as 7 (i.e., a; = 7w (Yy, By, k)), is determined. In
this section, the state and effective age of a component at the
end of a mission are deduced in Section 3.1, and the probability
of a system successfully completing a mission is evaluated via the
universal generating function (UGF) in Section 3.2. The resulting
discrete-time finite-horizon Markov decision process is formulated
together with its Bellman equation in Section 3.3.

3.1. The states and effective ages of components at the end of a
mission

Based on the state and effective age of component [ at the be-
ginning of the kth mission, the state and effective age of the com-
ponent at the end of the kth mission can be evaluated by the fol-
lowing two cases.

Case 1: X, =0

Component [ is in the failure state at the beginning of the kth
mission, and the state of the component remains unchanged dur-
ing the kth mission, i.e. Y, =X, =0; meanwhile, the effective
age of the component is suspended, that is, B; j = Ay .

Case 2: X;, =1

Component [ is functioning at the beginning of the kth mission.
Let F(t) and f;(t) denote the cumulative distribution function and
the probability density function of the failure time of component [,
respectively. The survival probability of component [ at the end of
the kth mission, i.e., the probability of component [ functioning at
the end of the kth mission, is equal to the following:

A +2Z) —FA _ 1-FA+Z)
1-F(Ax) 1-F@Ag)

In this case, the state and effective age of the component at the
end of the kth mission comprise one of the following two cases.

Case 2.1: X, =Y, =1

Component | remains functioning at the end of the kth mission.
The increment of the effective age of component [ is equal to the
duration of the kth mission. Hence, the effective age of component
I at the end of the kth mission equates as follows:

Bix =Aik +Zy. 9
Case 2.2: X;,=1land Y, =0
Component [ is functioning at the beginning of the kth mission,
but it fails within the kth mission. The operating time of compo-

nent I, denoted as Tj, in the kth mission is a random variable with
the probability density function formulated as follows:

fl (Al,k + t)
FAx+Z) —FA)

where T; , € (0,Z). le,k(t) is, essentially, the conditional probabil-
ity density function of f;(t) on the condition that component [
fails within the time interval of (A, A, + Z;). The effective age of
component [ at the end of the kth mission can therefore be given
by the following:

B =Apk+ T (11)

Prx, .Y denotes the probability of component [ sojourning in state

Y, at the end of the kth mission, while being in state X, at the
beginning of the kth mission. The state transition probability of

ne=1-

(8)

fi () = (10)

component | at the end of the kth mission is given by the follow-
ing:

1 Xik=0Y,=0

_ Y Xie=1Y =1
Pixv, = PriYilXii} = 1=re Xe=1Ye=0" (12)

0 Xik=0Y,=1

The effective age of component | at the end of the kth mission
is one of the following three cases:

Ak Xk=0Y,=0
Biy= 1Atz Xp=1Y,=1. (13)
Ak+Te Xe=1Y,=0

As seen from these derivations, the states and effective ages of
all the components at the end of the kth mission, ie., Y, and B,
can be completely determined by the states and effective ages of
all the components at the beginning of the kth mission, i.e., X, and
A,. The transition of the state and effective age of a component is,
therefore, independent of its history.

3.2. Evaluating the probability of a system successfully completing a
mission

In this study, a mission is successfully completed by a system
if the system performance capacity at the end of the mission is
not less than a prespecified demand. The probability of a system
successfully completing the kth mission, denoted as Ry, can there-
fore be evaluated by the state distribution of the system at the end
of the mission. The universal generating function (UGF) method
(Ushakov, 1986), as a computationally efficient tool for evaluating
the state distribution of multi-state systems (Levitin & Lisnianski,
2000), is utilized to estimate the state distribution of a system at
the end of a mission by the state distribution of all the compo-
nents.

The UGF is a polynomial form representation of the probability
mass function of a discrete random variable. As the state of each
component is a discrete random variable, the UGF of component [
at the end of the kth mission, denoted as u; , is written as follows:

1
U= Y DPry, 2. (14)

Y x=0

where Pry,, is the probability of component I sojourning in state
Y, at the end of the kth mission. Given the state and effective
age of component | at the beginning of the kth mission, ie., X
and Ay, one has p;y, = pix v, Where p;x v is computed by
Eq. (12). Let p; denote the probability of the system performance
capacity being equal to g; at the end of the kth mission, and the
UGF of the system at the end of the kth mission, denoted as Uy,
can be evaluated by the following:

Ns
Z ps,i,kzgi
i=1

Us,k

2]: Xl: 21: ﬁpl,\/,.kng(gl'yl""gz'yz'k’m.gM'Y’V"") ’ (15)

Yip=0Y2,=0  Yy;=0 \I=1

where ¢ (gl.Yl_k’ 82y 0
system.

Hence, the probability of a system successfully completing the
kth mission can be written as follows:

.8My,,,) is the structure function of the

N
Re=>Dsix-1(g = Wp). (16)

i=1
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where 1(-) is an indictor function that is equal to one if g; > W is
true or zero otherwise. In the case that the prespecified demand
of the kth mission is a random variable with H possible values, the
probability of a system successfully completing the kth mission can
be given by the following:

H Ny
Re = "Pr{Wi=wy} - > psir- 108 = Wi (17)
h=1 i=1

where wy,  is the hth possible value of the demand of the kth mis-
sion.

The expected number of the successes of future missions, de-
noted as N, can be evaluated by the following:

K
N=> R (18)
k=1

It is worth noting that the weight of each mission is assumed
to be identical in this study. If each mission possesses a different
weight, the expected weighted number of the successes of future
missions can be evaluated by K - Zf{(:] Ry, where « is the weight
of the kth mission and Y°X_, o = 1.

The probability of a system successfully completing the kth
mission is completely determined by the states and effective ages
of all the components at the beginning of the kth mission. The
probability R, can therefore be represented as a function of X, and
A, i.e., Ry = R(X, Ay). Referring to Section 2.2 that X and A are
completely determined by a;_;, B,_;, and Y,_;, the probability R,
can be further represented as R, = R(Y;_1,By_1, ax_1)-

3.3. Markov decision process and Bellman equation

Maximizing the expected number of the successes of future
missions, i.e., Eq. (18), with the maintenance budget and limited
duration of breaks, is a stochastic dynamic programming; it can be
viewed as a Markov decision process (MDP) since the transitions of
the states and effective ages of all the components in a system are
independent of their histories. The state space, the action space,
and the reward of the MDP are detailed as follows.

State Space: The state space of the MDP consists of all the pos-
sible combinations of the states and effective ages of components
in a system at the end of a mission. The state of a component is
a binary variable, whereas the effective age of a component is a
continuous variable. Hence, the MDP has a mixed integer-discrete-
continuous state space that is uncountable.

Action Space: In the k th break, the action space of the MDP,
denoted as Si“ (ke{1, 2, ..., K—1}), is the set of feasible main-
tenance actions for all the components, and Sz“ can be written as
follows:

M M
Szﬁ = akl ch,k =< Clims ZTl,k = Tlim . (19)
=1 =1

Reward: In the k th break, the reward of the MDP is the prob-
ability of the system successfully completing the (k + 1) mission,
i.e., R](Jr].

Given the states and the effective ages of all the components
in a system at the end of the kth mission, i.e., Y, and By, the
maximum expected number of the successes of the future remain-
ing K —k missions is a value function of the MDP, denoted as
V(Y. By, k). If k = K — 1, that is, only one future mission is left, the

value of V(Yg_1,Bg_1,K—1) is equivalent to the maximum prob-
ability of the system successfully completing the last mission and
can be computed by the following:

V(Yg-1.Bxk1.K—1) = max R¢= max R(Yx_1.Bx-1,ak-1).

ag_1€Si ag_1eS¢,

(20)

St = {I|X;x = 1. Y, = 0} denotes the set of components that fail
within the kth mission, where S£ c{1,2,.--,M}. M, denotes the
number of components in Si. Hence, if more than one future mis-
sion is left, the Bellman equation of the MDP can be formulated as
follows:

K
V(Y By, k) = maxE > RalYi. By
n=k+1

1 1 1
= max {R(Y/<,B/<7al<)+|: Z Z Z

a,eSict
=k Y1 k1=0Y211=0  Yjy)1=0

Mk+1

M Zy 2k Z
<l_[ PLX it Ve / / T / l_[ szm,k+1 (E1y des1)
I=1 0 Jo 0 m=

V (Yier1, By, k+ 1Aty o dty, g - 'dfle+1,k+1)i| } (21)

where I € S| is the mth component in S ; £, ;.1 is the op-
eration time of component I, during the (k+ 1)st mission, i.e.,
b0 k+1 = Bi k1 — Ay ke1- FOr @ brand new system, the maximum
expected number of the successes of future missions can be solved
by the following:

K
N* =V (X, A;.0) = maxE > RalX1. A

n=1

1 1 1
SLCESE DOl DS
Yp1=0

Y11=0Y21=0 M,

ul AR 7, My
* e t
(EPI,XH,YM /0 /0 ‘/(; nl;[]f'l}myl( lm,l)
V(Yy, By, )d, diy, ; ..‘dth1,1)i| } (22)

Once the states, the effective ages, and the selected mainte-
nance actions of all the components in a system at the end of the
kth mission, i.e., Y}, By, and a,, are given, the maximum expected
number of the successes of the future remaining K — k missions is
a “Q-function” (also called “state-action” value function or “action-
value” function) of the MDP, denoted as Q*(Yy, By, k, a;). This func-
tion can be formulated as follows:

K
Q" (Yy, By, k,a) = Riy1 + mj_[aXE Z Rn|Y, By, a;
n=k+2
K
= R(Yy. By, @) + maxE > RalYi. By ay | (23)
n=k+2
The relationship between the value function and the Q-function
can be written as follows:

V (Y, By, k)= max Q" (Y, By, k. ;). (24)
aest
The value function can be solved by the Q-function. On the

other hand, the Q-function can be computed by the value function
via the Bellman equation. Based on the Q-function and Bellman
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Fig. 3. An illustration of the actor-critic framework.

equation, the optimal selective maintenance strategy can be found
by the following:

7% (Y, By, k) = argmax Q* (Y, B, k, a). (25)

act
;€8

4. The proposed deep reinforcement learning algorithm

The discrete-state finite-horizon Markov decision process can
be resolved by the dynamic programming or heuristic algorithms
when its state and action spaces are quite small and enumerable.
However, in this study, the mixed integer-discrete-continuous state
space of the MDP is uncountable. Furthermore, due to the “curse
of dimensionality”, the state and action spaces of the MDP in-
crease exponentially with respect to the number of components in
a system. For example, without the constraints of maintenance re-
sources, the number of possible maintenance actions is (N; + 1)M
for each combination of the states and the effective ages of all the
components. Hence, the resulting optimization problem cannot be
readily resolved by the traditional methods (Andriotis & Papakon-
stantinou, 2019), such as the dynamic programming, genetic algo-
rithm, and tabu search.

As an alternative, the deep reinforcement learning (DRL)
(Sutton & Barto, 2018) is a promising tool to overcome system-
atic problems in a computationally efficient manner. The DRL al-
gorithms have been studied in recent years to resolve complicated
MDP problems, particularly in the field of artificial intelligence
(Dulac-Arnold et al., 2015; Lillicrap et al., 2015; Mnih et al., 2015;
Silver et al., 2014; Sutton & Barto, 2018). In the DRL algorithms,
an agent derives efficient representations of the environment from
high-dimensional inputs and uses them to generalize past experi-
ences to new situations (Mnih et al., 2015). Hence, the agent must
discover how to interact with a dynamic environment to maximize
its expected cumulative rewards (Schmidhuber, 2015). Specifically,
the DRL algorithm defeated humans in numerous games such as
Atari 2600 games, Go, chess, and shogi (Mnih et al., 2015; Silver
et al,, 2018). The DRL algorithm was recently used to facilitate
engineering systems management (Andriotis & Papakonstantinou,
2019).

To resolve our specific optimization problem, a customized DRL
algorithm is put forth in this study to resolve the MDP with a
mixed integer-discrete-continuous state space and overcome the
“curse of dimensionality” for both the state space and action space.
In the proposed DRL algorithm, an agent will repeatedly execute
the K missions with the same initial conditions. Based on the
framework of the actor-critic algorithms, a critic will judge the ef-
fectiveness of the selected maintenance actions by evaluating the
maximum expected number of the successes of future missions for

a given condition, i.e., evaluating the value of the Q-function. For
simplicity, the value of the Q-function estimated by the critic is
denoted as the “Q-value”. Based on the states and effective ages of
all the components, an actor, as a reference to the learned policy,
will select maintenance actions for all the components with the
constraints of maintenance resources for the maximum Q-value.
By performing the maintenance actions selected by the actor, the
agent can estimate the states and effective ages of all the compo-
nents at the end of the mission along with the reward, i.e., the
probability of the system successfully completing the next mis-
sion. As the iteration evolves, the actor adjusts its parameters for
a higher Q-value from the critic, whereas the critic changes its pa-
rameters based on the rewards from the selected maintenance ac-
tions to accurately judge the effectiveness of the selected mainte-
nance actions. An illustration of the customized DRL algorithm is
given in Fig. 3.

Inspired by the Wolpertinger architecture (Dulac-Arnold et al.,
2015), which can search actions in a large discrete action space,
a postprocess is utilized in the actor. The two major techniques,
namely, the experience replay and the target network of the deep
Q-network (DQN) (Mnih et al., 2015), are used to train the net-
works in the customized DRL algorithm. Both the ¢-greedy policy
(Mnih et al., 2015) and the noise (Lillicrap et al., 2015) are uti-
lized for exploration and exploitation. The basic elements of the
customized DRL algorithm are elaborated in the ensuing sections.

4.1. Critic: Q-Network

In the actor-critic framework, a critic will evaluate the effective-
ness of the actions selected by an actor. In this study, based on the
states and effective ages of all the components in a system, the
critic evaluates the effectiveness of the selected maintenance ac-
tions in each break by evaluating the maximum expected number
of the successes of future missions, i.e., the Q-function. To over-
come the “curse of dimensionality” of the state space, the critic is
represented by a multi-layer artificial neural network to approxi-
mate the Q-function, i.e., Q(Yy, By, k, ay) ~ Q*(Yy, By, k, a;), where
Q(-) is the artificial neural network with parameters 6. The artifi-
cial neural network is the so-called Q-network, and its structure is
delineated in Fig. 4.

As shown in Fig. 4, at the end of the kth mission, the inputs
of the Q-network consist of the states and effective ages of all the
components, the number of completed missions, and the selected
maintenance actions, i.e., Yy, By, k, and a;,. The output of the Q-
network is the Q-value, representing the effectiveness of the se-
lected maintenance actions. The nonlinearity rectifier, i.e., the rec-
tified linear unit (ReLU), serves as the activation function of the
Q-network.
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Fig. 4. The structure of the Q-network of the customized DRL algorithm.
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Fig. 5. The structure of the actor network of the customized DRL algorithm.

4.2. Actor: actor network and postprocess

In the actor-critic framework, an actor will select an action
based on a specific situation. Identifying the optimal action via
the Q-function is important for the DRL algorithm. In the problems
with a small-scale action space, the optimal action can be selected
by enumerating all the possible actions as reported in many exist-
ing approximate dynamic programming (ADP) and reinforcement
learning (RL) algorithms (Sutton & Barto, 2018). However, enu-
merating all the possible actions is computationally unaffordable
for large-scale problems. Likewise, in lieu of an exhaustive enu-
meration, a multi-layer artificial neural network, namely, the actor
network, is also constructed to select the maintenance actions in
this study. () denotes the actor network and 6, represents its
parameters. The configuration of the actor network is presented
in Fig. 5, where each hidden layer is followed by a nonlinearity
rectifier.

The inputs of the actor network are composed of the states
and effective ages of all the components at the end of the
kth mission and the number of completed missions, ie., Y,
B, and k. The outputs of the actor network, denoted as af(‘,
are the selected maintenance actions, namely, af{‘:,u(Yk,Bk,k) =

0

iz W wos ; ; _
(a]‘k, ay g ,aM,k), where a, is the maintenance action for com

ponent [ in the kth break. Each output of the actor network, i.e.,
afk, is a continuous value and has to be converted into a discrete
value to represent all the optional maintenance actions for compo-
nent [. To deal with this problem and search the optimal mainte-
nance actions for all the components in the large discrete action
space, a postprocess, inspired by the Wolpertinger architecture de-
veloped by Dulac-Arnold et al. (2015), is used in this study. The
illustration of the postprocess for a two-component case is delin-
eated in Fig. 6, where the dark dots represent the optional main-
tenance actions for the two components and the purple dot is an
output from the actor network, i.e., af:. All the optional mainte-
nance actions neighboring to afj can be iteratively identified by the
postprocess, and the action with the maximum Q-value will be se-
lected as the optimal maintenance actions for the two components.
The detailed procedures are as follows.

Step 1: Produce a proto-action. By putting the states and ef-
fective ages of all the components and the number of completed
missions, ie., Y, By, and k, into the actor network, a continu-
ous output vector, i.e., aff = (Y, By, k), can be obtained. Con-
sequently, af: can be normalized to an integer vector by round-
ing down each element in a;:. The normalized maintenance ac-
tions for all the components are denoted as a proto-action, denoted

P
as ak.
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Fig. 6. Illustration of the postprocess for the actor.

Step 2: Find all the neighboring solutions to the proto action ag.
All the optional maintenance actions with the 2-norm distance to
the proto action ag being less than a prespecified value of L will be
identified as the neighbors of the proto action a}:. A greater value
of L implies a larger local search space and a longer time consump-
tion.

Step 3: Select the feasible neighboring solutions complying with
all the constraints of maintenance resources. Evaluate the mainte-
nance cost and time of each neighboring solution by Eqs. (4) and
(6). If all of the neighboring solutions violate the constraints, the
neighboring solution with the minimal maintenance cost and time
among all the neighbors will be chosen as a new proto-action, and
the iteration goes to Step 2 for finding all the neighbors to the
new proto-action. Steps 2 and 3 will be repeatedly executed un-
til at least one of the neighbors of the proto action satisfies all
the constraints. The illustration of selecting the feasible neighbors
around the proto action is delineated in Fig. 7, where the dark dots
represent the optional maintenance actions for all the components.
The neighbors violating the constraints will be eliminated during
the search process.

Step 4: Identify the optimal maintenance actions. Based on Y,
B, and k, the Q-values of all the feasible neighboring solutions
around the proto action can be evaluated by the Q-network of the
critic. The solution with the maximum Q-value will be chosen by
the actor as the optimal maintenance actions for all the compo-
nents.

The process of the actor selecting the maintenance actions for
all the components can be represented by the policy function
7 (Yg, By, k|, Q) = a;, where o and Q represent the actor network
and Q-network, respectively.

4.3. Agent training: experience replay and target network

In this study, a multi-state system is intended to execute K
consecutive missions. The customized DRL algorithm iteratively
simulates the processes of executing missions and maintenance
decision-making until reaching a prespecified maximum number
of iterations Imax. In each iteration, the agent sequentially selects
maintenance actions for all the breaks. The detailed simulation
procedure of the agent in the kth break is as follows: First, given
the states and effective ages of all the components at the end
of the kth mission, ie., Y, and By, the agent executes the se-
lected maintenance actions, i.e., a;, for all the components. Sec-
ond, the probability of the repaired system successfully completing
the (k + 1)st mission, i.e., Ry, ¢, can be evaluated by Eq. (17). Third,
the states and effective ages of all the components, i.e., Y,,; and
By, at the end of the (k+ 1)st mission can be randomly simu-
lated. After executing a simulation iteration, a transition realization
denoted as (Y, By, k, ay, Ry, 1. Y, 1. By, 1) can be recorded.

The agent can be iteratively trained by a number of recorded
transitions, i.e., Np records, stored in a memory, denoted as D.
The memory will be overwritten by the Np most recent transi-
tion records. However, each individual record in the memory D
has strong correlation with one another, and such correlations have
an adverse impact on the agent training. To break the correlations
among records, as in the DQN (Mnih et al., 2015), the experience
replay technique is utilized in our study. Based on the experience
replay technique, a minibatch with the size of N,(Ni, < Np) is used
to update the Q-network and actor network by randomly sampling
from the memory D.

In addition to the experience replay technique, the target net-
work technique is also used to enhance the robustness of the pro-
posed DRL algorithm. After every C iterations of the foregoing sim-
ulation of the customized DRL algorithm, the Q-network and the
actor network are cloned to obtain a target Q-network and a tar-
get actor network, respectively, and the two target networks are
used to generate the target values for the update of the Q-network
and the actor network in each iteration. C is the frequency for the
target network update. The target Q-network is denoted as Q(-)
with parameters 9Q, whereas the target actor network is denoted
as fi(-) with parameters éu'

Through the experience replay and target network tech-
niques, the agent can iteratively update its Q-network and ac-
tor network by the transition records of the minibatch. The jth
record in the minibatch is denoted as (Y,(j,j,Bkj,j,l<j,akj,j,R,(j+1,j,
Yie 1.5 Brj+1,5), and the target value of the Q-network, denoted as
¥, can be computed by the following:

R ki=K—1
Yi = Rigarj + Qi1 s Biyr o ki + 1, ; (26)
n(YI(J+1,j’Bkj+1,j7kj+1|/2’ Q)) k]<I<—1

where the target value of the Q-network is evaluated by the
two target networks, i.e. the target Q-network and target ac-
tor network. Because the maximum expected number of the suc-
cesses of future remaining K — k; — 1 missions falls in the range of
[0, K —k; — 1], Eq. (26) can be further written as follows:

JRij
Yi= Ry, 11,5+ max{0, min{K — k; — 1, q;}}

ki=K-1

ki<K-1 (27)

where q;=Q(Yy 1) Bk, 1) Kj + 1. 70 (Y 115 B j K + 112, Q)
The parameters of the Q-network can be updated by the following:

Nm
b = argmin 3 (v; — QY j- By, - kj- 4, )" (28)

o j=1
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Fig. 7. Illustration of searching for feasible neighboring solutions.

In this study, the Levenberg-Marquardt algorithm (Hagan & Men-
haj, 1994), which executes several iterative steps to resolve
nonlinear least squares problems, is implemented to resolve
Eq. (28). To avoid overfitting, the Levenberg-Marquardt algorithm
only executes one step in Eq. (28) with respect to 6.

In the same fashion, the target value of the actor network of the
jth record in the minibatch, denoted as ékj, j» is generated by the

Q-network and target actor network, and ﬁkj, j can be, therefore,
written as follows:

ay, j =1 (Yy, . By, js kil L, Q). (29)

The parameters of the actor network can be updated by the fol-
lowing:

Nm
Guzaerg min Z ||§kj’j — I’L(ij,j’ Bkj,j’ k])| 2 (30)
n j=1
where || - ||, is the 2-norm of a vector. The Levenberg-Marquardt

algorithm carries out one step on Eq. (30) with respect to 6, to
avoid overfitting.

The Q-network and the actor network are iteratively updated
by Egs. (26)-(30), whereas after every C iterations, the target Q-
network and target actor network are updated by the following:

{?QZQQ. (31)
6, =6,

4.4. Exploration and exploitation

The “exploration-exploitation dilemma” is a crucial problem of
the customized DRL algorithm. Exploring too many possible main-
tenance actions results in computational inefficiency, and the algo-
rithm may fall into the local optimum due to excessive exploita-
tion. In this study, a e-greedy policy and noise are introduced to
address these phenomena.

At the beginning of the customized DRL algorithm, the Q-
network and actor network are randomly initialized, and the two
target networks are initialized by Eq. (31). In the first 10% of it-
erations, the agent randomly performs maintenance actions for all
the components to explore the action space. In the remaining it-
erations, the agent executes maintenance actions with a e-greedy
policy, namely, randomly performing maintenance actions for all
the components with a probability of & or executing maintenance
actions selected by the actor with a probability of 1 — e.

In addition to the e-greedy policy, for exploration, noise de-
noted as a vector of Ny = (N 1,Ny2.....Ny . ....Nyp) is in-
cluded by the actor to select maintenance actions, where N is
noise to be added to the selected maintenance action for compo-
nent [. Hence, the maintenance actions for all the components in

Fig. 8. Configuration of a three-component system.

the kth break becomes m (Y, By, k|Q, i) + Ny. In this study, noise
is generated from the normal distribution as follows:

IlTlaX - I

Imax

Nz~ -N(0.0?), (32)

where [ is the index of iterations; N(0, ¢2)is a normally distributed
random number with a mean of zero and a variance of o2. As
the iteration evolves, the magnitude of the noise will gradually de-
crease.

In summary, the pseudocode of the customized DRL algorithm
for our specific dynamic selective maintenance problem is pro-
vided in the Appendix.

5. Illustrative examples

In this section, two illustrative examples are presented to
demonstrate the effectiveness of the proposed method. A three-
component flow transmission system with the exact solution is
first designed to examine the accuracy of the proposed DRL algo-
rithm, whereas a coal transportation system is presented as the
second illustrative example to demonstrate the implementation of
the proposed method to large-scale systems.

5.1. A three-component system

The configuration of a three-component flow transmission sys-
tem is delineated in Fig. 8. Components #1 and #2 are connected
in parallel, whereas the two components are connected with Com-
ponent #3 in series. The structure function of the system is defined
as: G(t) = min{Gq (t) + Gy (t), G3(t)}.

Following the studies reported in Liu and Huang (2010) and
Pandey, Zuo, Moghaddass and Tiwari (2013), if a;j > 0, the vari-
able maintenance cost and time associated with a particular main-
tenance action a are respectively formulated as follows:

a,—1
- N—g Yk=0
(@Y = asz , (33)
rp A, _
CI . V]_ Yl.k =1
a,—1
t]rf . IGk_ 1 yl,k — 0
t(a g Yig) = asz . (34)
p , _
5 Yie=1
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Table 1

The parameter settings of each component, where the performance capacity is in tons/hour, time is in days,

and costs are in 103 US dollars.

Component ID g B o omd g g omb ot ot @t A1 X
1 55 1.5 25 2.5 10 0.5 2.5 15 0.5 2 0.1 0 1
2 80 24 38 2.2 10 0.5 2.0 15 0.5 2 0.1 0 1
3 90 2.6 40 2.2 26 0.8 3.2 40 1 5 03 0 1

The efficiency of a particular maintenance action a;  in the kth
break is quantified by defining the age reduction factor by of the
maintenance action as a function of the variable maintenance cost
of component /, and it is formulated as follows:

1
0)\
- (1) im0
bl.k: !

1 ’
1 mP
1- (Cl (ali-ﬁ’ )) ’ Yl,k =1
G

where t:,rf and c,rp are the corrective and preventive replacement
costs for a failed component and a functioning component, re-
spectively, namely, cff = ¢;(N;.0) and ¢” = (N, 1). mf (mf > 0)
and m}’ (m}) > 0) are two characteristic parameters that can pre-
cisely determine the relationship between the variable mainte-
nance cost and the age reduction factor of a failed component I
and a functioning component [, respectively; and these parameters
can be inferred by historical data and/or experts’ judgements as
mentioned in Doyen and Gaudoin (2004)), Gasmi, Love and Kahle
(2003), and Liu, Huang and Zhang (2012). In this example, all the
selected maintenance actions are executed sequentially, hence the
total maintenance time to be spent in the kth break, i.e., T, is given
by:

(35)

M
Te=f(Tige T+ Tua) = ) Tk (36)

=1

The studied system is in the brand new condition and is in-
tended to execute three missions with a maintenance budget
Gim =50%10% US dollars and a limited duration of Ty, =3 days
for each break. The pre-specified demand of each mission is set at
50 tons/hour, and the duration of each mission is set at Z;,=10 days
(k=1, 2, 3). In this case, three optional maintenance actions are
available to each component, i.e., N, =2. The failure time of compo-
nent [ is assumed to conform to the Weibull distribution with the
shape parameter B; and the scale parameter 7;. All the parameter
settings for each component, including the performance capacity,
the maintenance cost, the parameters of the failure time distribu-
tion, the initial effective ages and states of all the components are
tabulated in Table 1.

The dynamic selective maintenance optimization problem is re-
solved by the proposed DRL algorithm with the aim of maximiz-
ing the expected number of the successes of the three consecutive
missions. Four artificial neural networks, namely, the Q-network,
target Q-network, actor network, and target actor network, are
constructed, each of which has three hidden layers and each hid-
den layer consists of ten neurons. The distance L in the postprocess
is set at 1. The size of the memory is set at Np=200, and the size
of the minibatch is set at Np=32. The parameter of the e-greedy
policy is set at £=0.01. The noise is set to be normally distributed
with the distribution of N;; ; ~ (Imax — I) /Imax - N(O, 0.5%). The max-
imum number of iterations for agent training is set at I;ax=1000,
and all the target networks will be dynamically updated with ev-
ery ten iterations.

Table 2
The comparison between the dynamic programming and the proposed deep
reinforcement learning method, where the runtime is in seconds.

Methods N Relative Error ~ Runtime
Dynamic Programming 2.8856 - 1.1989 x 10*
The Proposed DRL Algorithm  2.8886 0.10% 1.1160 x 103

The runtime of training neural networks is 1.1160 x 10> seconds
on a PC with an Intel Core (TM) i5-4590 3.30GHz CPU and 8G
RAM. The expected number of successes of the three missions is
2.8886 as evaluated by the Q-network, whereas the average num-
ber of successful missions is 2.8837 from a Monte Carlo simulation
with 106 samples. The Q-network can therefore obtain an accurate
estimation of the expected number of the successes of the three
missions.

To further examine the effectiveness of the proposed DRL al-
gorithm, the dynamic programming algorithm is implemented to
solve the problem and serves as the benchmark for comparison.
As the dynamic programming algorithm can only tackle with a
discrete state space, the effective age of each component is dis-
cretized with an interval of 0.5 days. The expected number of suc-
cesses of the three missions of the dynamic programming algo-
rithm and the proposed deep reinforcement learning method are
presented in Table 2. As presented in Table 2, for the dynamic
programming algorithm, the maximum expected number of suc-
cesses of the three missions is 2.8856, which is close to the re-
sult from the proposed DRL algorithm. However, the runtime of the
dynamic programming algorithm is 1.1989 x 10* seconds, which is
much greater than the runtime of the proposed DRL algorithm. On
the other hand, the computational time and the memory space
consumption of the dynamic programming algorithm will signifi-
cantly increase with respect to the number of discretized effective
ages.

The maximum expected number of successes of the three mis-
sions varies for both the maintenance budget G;,, and the dura-
tion Tj;,, of each break. By changing the maintenance budget from
0 to 80 x 103 US dollars and the break duration from 0 to 3 days,
the maximum expected number of the successes of the three mis-
sions was found by the proposed DRL algorithm, as shown in Fig. 9.
The figure shows that with the increase of both the maintenance
budget and the break duration, the maximum expected number
of successes of the three missions gradually approaches a value of
2.8935, which is three times of the probability of a brand new sys-
tem successfully completing a mission.

5.2. A multi-state coal transportation system

A multi-state coal transportation system introduced in Liu and
Huang (2010) is illustrated here to examine the effectiveness of
the proposed method for a large-scale system. The system is com-
posed of five subsystems as shown in Fig. 10. Feeder #1, con-
sisting of three components, loads coal from the bin to Con-
veyor #1. Conveyor #1 has two components for transferring the
coal to the stacker reclaimer, which has three components. Feeder
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Fig. 9. The expected number of successes of the three missions vs. the maintenance budget and the break durations.
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Fig. 10. The configuration of a multi-state coal transportation system.

#2 is composed of two components and can load coal from the
stacker reclaimer to the Conveyor #2, which has four components.
The failure time of each component conforms to the Weibull dis-
tribution with shape parameter f; and scale parameter 7, (I €
{1, 2, ..., 14}). The parameters for all the components follow the
settings reported in Liu and Huang (2010) and are tabulated in
Table 3. The system is in brand new condition and is intended
to execute five consecutive missions with a break in-between two
adjacent missions. The maintenance budget and the duration of
each break are set at 200 x 103 US dollars and 3 days, respectively.
The duration of each mission is set at Z, =10 days (k=1,2,...,5).
During each break, one of the eight optional maintenance ac-
tions, i.e.,, N;=7, from replacement down to “doing nothing”, can
be selected for each component. The maintenance cost and time
associated with each optional maintenance action are given by
Egs. (33) and (34), whereas the age reduction factor of each main-
tenance action is formulated by Eq. (35). All the selected main-
tenance actions are conducted sequentially and the total main-
tenance time to be spent in the kth break can be obtained by
Eq. (36).

Based on the structure function of the coal transportation sys-
tem, the performance capacity of the entire system can be deter-
mined by the performance capacities of all the components as fol-
lows:

G(t) = min{G; (t) 4+ Gy (t) + G3(t), G4(t) + Gs (1),
Ge(t) 4+ G7(t) + Gg(t), Go(t) + Gyo(t),
G11(t) + Gia(t) + Gi3(t) + Gra(t)}. (37)

The demand of each mission is a random variable with the
probability distribution as shown in Table 4.

Without taking into account the constraints of the maintenance
budget and the duration of each break, the size of the action space
is 81" =4.3980 x 10'2, whereas the state space is composed by
214 = 16384 possible combinations of the states of all the compo-
nents and the uncountable combinations of the effective ages of all
the components. In this case, the dynamic programming is inappli-
cable due to the huge action and state spaces.
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Table 3
The parameter settings of each component, where the performance capacity is in tons/hour, time is in days, and
costs are in 10> US dollars.

ID g B m mP P tP mf af tf ot £ Ay X1

1 55 1.5 25 25 15 013 25 25 025 3 003 0 1

2 80 24 38 22 20 020 20 32 031 4 003 0 1

3 120 16 28 26 25 020 30 35 033 3 003 0 1

4 90 26 40 22 20 012 32 35 032 5 004 0 1

5 145 18 28 1.8 25 021 40 34 034 2 002 0 1

6 70 24 34 24 15 014 32 20 019 3 003 0 1

7 95 25 26 28 24 020 30 30 027 6 005 0 1

8 80 20 28 23 20 017 28 35 031 5 005 0 1

9 95 12 26 20 18 018 25 28 026 3 004 0 1

10 130 14 35 25 20 020 28 35 032 6 005 0 1

1 50 28 40 32 22 021 30 32 031 7 007 0 1

12 75 1.5 35 26 25 023 22 35 033 4 004 0 1

13 85 24 30 28 18 016 28 36 035 6 006 0 1

14 95 22 45 22 15 014 26 38 035 3 005 0 1
Table 4 for agent training Iphax=5000, the frequency of updating the tar-
Mission demand. get network C=50, the e-greedy parameter £=0.01, and the noise
Demand(ton/hour) 120 90 60 30 10 Ny 1~ (Imax —I)/Imax - N(O, 0.52). Each of the four artificial neural
Probability 01 025 035 02 01 networks, i.e., the Q-network, target Q-network, actor network, and
target actor network, has three hidden layers, each of which con-
Alternatively, through the proposed DRL algorithm, the “curse sists of ten neurons. The distance L in the postprocess is set at 1.
of dimensionality” can be overcome. The parameters settings for As shown in Fig. 11, the maximum expected number of successes
the proposed DRL algorithm are set at: the memory size Np=200, of the five missions estimated by the Q-network and target Q-

the minibatch size Nj=32, the maximum number of iterations network in the proposed DRL algorithm evolves iteratively. At the
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Fig. 11. The training process of the proposed DRL algorithm. (a) The training process of all the iterations; (b) The training process of the first 500 iterations; (c) The training
process of the 2500th to 3000th iterations; (d) The training process of the 4000th to 4500th iterations.
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beginning of the first 500 iterations, the agent randomly explored
all the possible maintenance actions, and the convergence of the
values of the Q-network and target Q-network was relatively slow
as seen in Fig. 11(b). However, after the first 2500 iterations, the
values of the Q-network and target Q-network gradually converged
as shown in Fig. 11(c) and Fig. 11(d).

The estimated maximum expected number of successes of the
five missions is 4.3859 when the iteration reaches Inaix, and the
runtime is 6.8581 x 103 seconds on a PC with an Intel Core (TM)
i5-4590 3.30GHz CPU and 8G RAM. By using the Monte Carlo
simulation with 108 samples, the agent can successfully complete
4.3721 missions on average. The absolute error of the Q-network
with respect to the result from the Monte Carlo simulation is
0.0138, with the relative error being less than 0.3%.

The effectiveness of taking into account the imperfect mainte-
nance is illustrated by comparing the results from the case where
only three optimal maintenance actions, i.e., “doing nothing”, min-
imal repair, and replacement, can be selected. The maximum ex-
pected number of the successes of the five missions for this case
was resolved by the proposed DRL algorithm, and it is only 3.3817
which is much inferior to the case of imperfect maintenance.

6. Conclusions and future works

In this paper, a new dynamic selective maintenance optimiza-
tion for multi-state systems that can execute multiple consecu-
tive missions over a finite horizon was developed. To maximize
the successes of future missions, the aged or failed components
can be maintained/repaired during the break in-between two ad-
jacent missions, and multiple optional maintenance actions can be
chosen for each component. The resulting stochastic dynamic pro-
gramming was formulated as a discrete-time finite-horizon Markov
decision process with a mixed integer-discrete-continuous state
space. Based on the framework of actor-critic algorithms, the DRL
algorithm was customized to overcome the “curse of dimensional-
ity” and cope with the uncountable state space, and two multi-
layer artificial neural networks were constructed for the critic
and actor, respectively. A postprocess was proposed for the ac-
tor to select the optimal maintenance actions for all the compo-
nents in a large discrete action space subject to the constraints of
maintenance resources. The experience replay and target network

were implemented to enhance the robustness of the customized
DRL algorithm. As demonstrated in the two illustrative examples,
the proposed DRL approach can dynamically identify the optimal
maintenance actions for all the components in a computationally
efficient manner.

It is noteworthy that there are several challenges to be ad-
dressed in our future work. Firstly, in this study, the duration of
each individual mission, maintenance action, and break are as-
sumed to be deterministic. Such an assumption will be released
to accommodate the stochastic case (Khatab et al., 2017; Liu et al,,
2018). Nevertheless, if the durations of breaks and maintenance ac-
tions are stochastic, the sequence of maintenance actions will pro-
duce a significant impact on the success of the next mission (Liu
et al., 2018). On the other hand, the uncertainty associated with
the durations of missions will also post a challenge in terms of
evaluating the probability of a system successfully completing a
mission. Secondly, the system configuration is assumed to be un-
changed throughout all the missions. In some engineering cases,
the system configuration and/or components’ failure behaviors
may vary from one mission to another. Thirdly, as a prelimi-
nary study, the maintenance budget for each break is assumed to
be pre-specified. However, in some engineering applications, the
maintenance budget could be shared among all the breaks, and
the maintenance budget for each break may be, therefore, dis-
tinct. A more efficient maintenance strategy could be identified by
taking account of the shared total maintenance budget. Lastly, in
some engineering situations, a multi-state system can keep operat-
ing even if the system demand cannot meet the demand (Levitin,
Xing & Huang, 2019). In such a circumstance, the reward of the
MDP should be associated with the expected unsupplied demand
to reflect the performance of a repaired system in future missions.
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1o {The maximum number of iterations}
1: {The iteration index}
N,: {The size of memory}
N, : {The size of minibatch}
K: {The number of missions}
C: {The frequency of target network updating}
1 Randomly initialize the Q-network and actor network with parameters 6, and 0,;
2: Initialize the two target networks éQ = 9Q and éﬂ = Hy R
3: Initialize the memory and minibatch;
4 For I=1to I
5: Initialize the states and effective ages of all the components at the beginning of the first
mission, i.e., X, and A,;
6: Execute the first mission and obtain the states and effective ages of all the components at
the end of the first mission, i.e., Y, and B,;
7 For k=1 to K-1
8: If 71<0.17,,
9: Randomly select maintenance actions;
10: Else
11: Select maintenance actions 7(Y,,B,,k|Q,u)+N_ with the probability of
1 - ¢, or randomly select maintenance actions with the probability of ¢ ;
12: Normalize the selected maintenance actions;
End if
13: R, =R(Y,.B,.a,);
14: Simulate the states and effective ages of all the components at the end of the (& + 1 )st
mission, i.e., Y., and B, ;
15: Store the transition record (Y,,B,.k,a,,R,,,,Y,,;,B,,;) inmemory D;
End for
16: Sample a random minibatch of N,, transition records from memory D;
17: Calculate the target value y, of the Q-network by Eq. (27);
18: Execute the Levenberg-Marquardt algorithm for one step on Eq.(28) with respect to the
Q-network parameters 6, ;
19: Calculate the target value of the actor network by Eq. (29);
20: Execute the Levenberg-Marquardt algorithm for one step on Eq. (30) with respect to the
actor network parameters 49#;
21: Update the two target networks for every C iterations: éQ =6, and éﬂ =0,;
End for
22: Output the target Q-network and target actor network.

Fig. 12. The pseudocode of the customized DRL algorithm.
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