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Abstract The traditional maintenance strategies may result
in maintenance shortage or overage, while deterioration and
aging information of manufacturing system combined by sin-
gle important equipment from prognostics models are often
ignored. With the higher demand for operational efficiency
and safety in industrial systems, predictive maintenance with
prognostics information is developed. Predictive mainte-
nance aims to balance corrective maintenance and preventive
maintenance by observing and predicting the health status of
the system. It becomes possible to integrate the deteriora-
tion and aging information into the predictive maintenance
to improve the overall decisions. This paper presents an
integrated decision model which considers both predictive
maintenance and the resource constraint. First, based on
hidden semi-Markov model, the system multi-failure states
can be classified, and the transition probabilities among the
multi-failure states can be generated. The upper triangular
transition probability matrix is used to describe the system
deterioration, and the changing of transition probability is
used to denote the system aging process. Then, a dynamic
programming maintenance model is proposed to obtain the
optimal maintenance strategy, and the risks of maintenance
actions are analyzed. Finally, a case study is used to demon-
strate the implementation and potential applications of the
proposed methods.
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Introduction

Manufacturing system maintenance plays a critical role
in industrial equipment’s efficient usage in terms of cost,
availability and safety. Many effective system maintenance
strategies have been developed (Huynh et al. 2012; Wang
et al. 2016; Lu et al. 2015). Generally, system mainte-
nance can be classified into corrective maintenance (CM) and
preventive maintenance (PM). The corrective maintenance
involves the repair or replacement of failed components
(Kenne and Nkeungoue 2008). The preventive maintenance
is a schedule of maintenance actions aiming at the preven-
tion of system breakdowns and failures (Wang et al. 2015;
Zhong and Jin 2014). Recently, condition-based maintenance
(CBM) becomes more desirable in many application domains
where safety, reliability and availability of the system are con-
sidered critically. It has attracted researchers in recent years
by aiming to balance the maintenance cost, which is high in
PM, with failure cost, which is high in CM. In addition, CBM
can also increase productivity, efficiency and availability of
systems.

For system maintenance, condition monitoring is becom-
ing popular in industries because of its efficient role in
detecting potential failures. The use of condition monitoring
techniques can improve system availability and reduce down-
time. If a hidden defect is already presented, with the help of
condition monitoring, the failure may be identified, and main-
tenance actions may be taken. For an effective maintenance,
advance prediction of such a failure and its development are
very important for ordering spare parts and preparing main-
tenance personnel. Meanwhile, it requires careful plan well
before the failure actually occurs.
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Predictive maintenance aims to optimize the tradeoff
between maintenance costs and performance costs by
increasing availability and reliability while eliminating
unnecessary maintenance activities. Besides the functions of
condition monitoring and failure diagnosis, predictive main-
tenance also estimates the time of a future failure and residual
useful life of the system, which can be called prognos-
tics. Prognostics can provide the current or predicted system
health status and this information can be used to initiate main-
tenance actions. The motivation of this research comes from
the complexity of finding optimal predictive maintenance
strategies in a system based on diagnostics and prognostics
information. This research integrates the predictive mainte-
nance with system degradation and resource constraints, and
employs dynamic programming model to find the optimum
strategies.

The organization of the paper is as follows:

In “Literature review” section, a brief review of exist-
ing literature in the various types of models and algorithms
in maintenance optimization is presented and the contribu-
tion of the research is clarified. In “System degradation and
maintenance description” section, the system degradation
and maintenance are described. In “The integrated deci-
sion model of system maintenance management” section, a
dynamic programming maintenance scheme for integrating
predictive maintenance and resource constraints is proposed,
and the corresponding solution algorithm is developed. In
“Case study” section, a case is analyzed and discussed.
Finally, conclusions are drawn in “Conclusions” section.

Literature review
Maintenance optimization problem

Maintenance models are used to find optimal maintenance
schedules for a variety of systems. And it has been stud-
ied extensively. Fitouhi and Nourelfath (2012) dealt with
the problem of integrating non-cyclical PM and tactical
production planning for a single machine. Bartholomew-
Biggs et al. (2009) considered the optimal PM scheduling
and dealt with the problem of scheduling imperfect pre-
ventive maintenance for equipment. The above literatures
mainly focus on minimizing system cost and identifying
the preventive maintenance period. Moreover, the delay-
time concept and its modeling techniques can be developed
and applied to various industrial equipment maintenances
(Christer 1999; Wang 2011). Wang et al. (2000) proposed a
stochastic process called gamma process, with hazard rate
as its mean for prediction of residual life. The condition
information was considered as the expert judgment based on
vibration analysis. Marseguerra et al. (2002) studied optimal
maintenance solutions for continuously monitored multi-
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component systems with Markov deteriorating processes.
The Monte Carlo simulation was used for the optimiza-
tion and it was more efficient than the analytical method.
Wu et al. (2010) developed an online adaptive condition-
based maintenance method for mechanical systems with a
concentration on condition monitoring. A multi-component
systems approach for condition-based maintenance opti-
mization was applied by Jafari and Makis (2015) where
economic dependence between components existed. How-
ever, for PM, prognostics and diagnostics information are not
considered. That is, the decisions are based on the reliability
information obtained from similar systems while the prog-
nostics and diagnostics information are not considered. For
CBM, it only uses current component state information. In
this paper, the maintenance strategy will consider not only the
diagnostics information (or health monitoring information),
but also the prognostics information (or system degradation
information).

Maintenance and resources optimization problem

Predictive maintenance can provide current or predicted
health status of a system and use the prognostics informa-
tion to initiate maintenance actions. The study of predictive
maintenance concerns resource management, maintenance
strategy optimization and evaluation. Recently, mathematical
models have been established to describe predictive mainte-
nance with consideration of spare parts inventory (Park and
Lee 2011; Fitouhi and Nourelfath 2014; Jafari and Makis
2016). Basten et al. (2012) designed an optimal solution algo-
rithm for joint problem of LORA (level of repair analysis)
and spare parts stocking. Wang (2012) presented a joint opti-
mization method for both spare parts inventory control and
preventive maintenance inspection interval. All these studies
entail the joint optimization of predictive maintenance and
spare parts inventory. Thus, in current literatures, the pre-
dictive maintenance mainly focused on the optimization of
spare parts inventory and maintenance strategies is devel-
oped only with consideration of system status forecasting. In
this paper, the predictive maintenance focused on the opti-
mization of spare parts inventory and maintenance personnel.
Maintenance strategies are developed with consideration of
diagnostics and prognostics information.

Maintenance and system degradation problem

Usually, the system condition deteriorates with usage and
age over time. The degradation will lead to failures and
downtime, unless maintenance activities are performed.
The reliability evolution of a system depends on its struc-
ture and health status. In order to shorten the down-
time and reduce maintenance costs, mathematical models
were established to describe various degradation processes
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(Van Horenbeek et al. 2013; Liu et al. 2013; Molavi and
Zahiri 2015). Aiming to optimize the condition-based main-
tenance considering maintenance resources, Wang et al.
(2008) presented a condition-based order-replacement pol-
icy for a single-unit system. Based on the residual useful life
estimation, Rausch and Liao (2010) addressed a joint pro-
duction and spare parts inventory control strategy driven by
condition-based maintenance. The degradation information
was utilized to initiate replacement actions in conjunction
with spare parts inventory control under both production
lot size and due-date constraints. There are some litera-
tures on spare parts optimization using condition monitoring
information, without maintenance optimization. Li and Ryan
(2011) developed a model that incorporates real-time con-
dition monitoring information into inventory management
decisions for spare parts, and used the degradation model to
derive the life distribution of a functioning part and esti-
mate the demand distribution for spare parts. The above
studies illustrate the joint optimization of condition-based
maintenance and spare parts inventory with consideration
of degradation information. However, it is known that sys-
tem degradation includes both deterioration and aging. In
the most literatures, aging information is not considered.
The aging information has important influences on system
health status and predictive maintenance strategy. This paper
proposes an integrated dynamic maintenance model using
prognostics information (both deterioration and aging) with
consideration of resource constraints.

The assumptions and features of the studies reviewed can
be summarized in Table 1.

Research motivation and contributions

These studies are of interest and could be applied in a wide
variety of industries such as semiconductor manufacturing,
transportation and power generation. However, it can be
found that there is a few works in the integration of resources,
system degradation and predictive maintenance optimiza-
tion.

The implementation of maintenance actions may require
different resources such as spare parts and maintenance per-
sonnel. This paper provides a new method that incorporates
prognostics information with available resources to obtain
the optimal maintenance strategy. Thus, an integrated deci-
sion model for both predictive maintenance and resources
is presented. The contributions of the paper can be summa-
rized as follows. First, system degradation information such
as deterioration and aging is integrated into the proposed
predictive maintenance model. Second, different from the
system maintenance with a single failure state, HSMM can be
used to classify the different system failure states (prognostic
and diagnostic information), obtain the transition probabil-
ities among the failure states, and compute the duration of

each health state (Liu et al. 2015). Then different mainte-
nance actions could be developed for each failure state, and
each system health state will be optimized to a different
expected level. Finally, a dynamic programming model is
proposed to solve the integrated decision optimization prob-
lem with consideration of multiple failure states and resource
constraints. And the overall optimal maintenance strategy is
obtained.

System degradation and maintenance description
Degradation description

System degradation includes deterioration and aging. For the
system, if there is no any maintenance action, it will not
automatically transfer to a better state and will just randomly
convert into a worse state. This phenomenon is denoted as
deterioration (see Fig. 1).

In this paper, the upper triangular transition probability
matrix is used to describe the deterioration as follows:

Pthy = jlhi-1=1)=a;;=0, Vj<i (1

where, it represents that the system health state stays in j at
time # and in 7 at time r — 1.

The system status will become more aging with the
increase of its working time and the failure risks will cor-
respondingly increase. Then, the system will transfer to a
worse health state and it is denoted as aging phenomenon.

The previous HSMM based health management assumes
that the transition probabilities are only state-dependent,
which means that the probability of making transition to a
less healthy state does not increase with the age. In order
to characterize the system aging, an aging factor that dis-
counts the probabilities of staying at current state while
increasing the probabilities of transitions to less healthy
states are integrated into the HSMM. With an iteration
algorithm, the original transition matrix obtained from the
HSMM can be renewed with an aging factor. Although the
system health state will be changed by adopting mainte-
nance actions, health states obtained by the HSMM with
aging factor are still the best match for the real system
health states. With the classification information obtained
from the HSMM with aging factor, the current system health
states can be identified and transition probabilities can be
generated.

Based on system deterioration and aging, the common
degradation mode can be divided into two kinds: one is called
decrement mode and the other is bell mode (see Fig. 2). The
decrement mode indicates that the transition probabilities
among health states will decrease progressively and the sys-
tem will degrade gradually with the growth of time. The bell
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Fig. 2 Transition probability of degradation. a Decrement mode. b
Bell mode

mode says that the transition probabilities among several ini-
tial health states will increase and the transition probabilities
among other health states will decrease gradually.

Maintenance description
Maintenance actions

Various maintenance actions can be adopted to slow down the
system degradation. In this paper, the system existing age is
introduced into the model to show the effect of maintenance
actions. The system lifetime will increase with time, and the
system existing age will decrease by adopting maintenance
actions. Thus, the system existing age is smaller than the
system life after maintenances. Let D (h;) denote the duration
of a system staying at state /;. Once a system enters health
state h;, its existing age will equal to the summation of the
existing useful duration of a system staying at health state /;
and the existing useful duration of a system staying in the
health states before health state 7;.

Let D(h;, n) denote as the existing duration of the system
at n-th stage since it has entered state ;. Then,

D(hi) = p(hi) + po?(hi) 2)
N N

p= (T - Zu(h») /Y o) 3)
i=1 i=1

D(hi,n) = (1 — a;)D(h;) 4)

where, w(h;) is the mean of duration probability of health
state h; and o2 (h;) is the variance of duration probability of
health state /;. Tdescribes life time of a system, and 7 =
YLD (hy).

Thus, based on Egs. (2)—(4), the system existing age #,
at n-th stage since the system has entered state s; can be
computed as follows:

. D (h;, n) i=1 5
"7\ D(hi,n) + Z’j;llD (hj) i>1

If the system health state is /;, then the available maintenance
actions set can be expressed as follows:

PM; = {PM;;, PMRg.}
UPMll<j<i—1), i=23....L—1 (6)

where

PM;; Adopt some minor non-replacement maintenance
actions such as lubrication, adjustment and cleaning.
The purpose is to keep the system staying at the cur-
rent health state /; as long as possible.

PM;; Adopt some imperfect non-replacement maintenance
actions such as repairing the internal loss of parts.
The maintenance goal is to restore the system from
current health state /; to a better health state /4 ;, and
then the system existing age will become smaller.

@ Springer
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Fig. 3 Illustration of maintenance time

PMpg, Adopt replacement maintenance actions by directly
using new parts to replace the old ones. The system
health state will be restored to the initial health state
hy.

Maintenance time

For different system health states, various maintenance
actions can be adopted to optimize the system to different
states and objectives. System maintenance and replacement
time cannot be ignored. The maintenance time is illustrated
inFig. 3. Although the maintenance actions are able to ensure
high system reliability, the frequent maintenance actions
could also decrease the system utilization, which can be
expressed as follows:

Total _uptime

Au =
Totalypiime + Total_downtime

_ > T
ST+ > Ter + Y. Tz + > Tre

(N

where Au represents the system utilization. 7; is the work-
ing time between two maintenance actions. 7pyy1 is the time
required by a minor maintenance action PM;;. Tpyp is the
time required by an imperfect maintenance action PM;;. Tge
is the time required by a replacement maintenance action
PMp,.

Maintenance risk

In this paper, different maintenance actions can be adopted to
decrease the system degradation, including non-replacement
maintenance actions and replacement maintenance action.
Besides replacement, non-replacement maintenance actions
may have the risk of not making the improvement to the
expected maintenance level. For example, when the system

@ Springer

health state stays in £;, the maintenance action PM;; can be
adopted and the target is to optimize the system to a better
state & ;. However, the actual health state s after performing
maintenance action PM;; may not be %}, and it may be a
worse state than / j, and even it may generate a failure (i.e.
the worst maintenance, hy = hyp).

Moreover, the system will appear aging phenomenon with
the increase of lifetime, and the maintenance risk will also
increase. The actual maintenance effect will be further away
from the expected level. In this paper,  is used to denote the
maintenance risk.

The integrated decision model of system
maintenance management
Notations

The following notation will be used throughout this paper:

Csy System cost

Cy System maintenance cost

Cr System failure cost

Cy Failure independent cost

C, Failure dependent cost

Cav Resources cost

Cy Spare parts shortage cost

Cp Personnel cost

CA Downtime cost

Cs Spare parts shortage cost per unit

F Maintenance stages

Xn Initial inventory level at the n-th maintenance
stage

y Total personnel quantity

Cp Penalty coefficient when the personnel is
missing

Ccri Failure independent cost when the system

health state is in i

co(i, ty) Failure dependent cost when the system
health state is in iat timet,,
Pji(ty) Transition probability from health state j to

state i when the existing age is f,

Cm,i Maintenance independent cost when the
system health state is in i

Maintenance dependent cost generated by
adopting maintenance action a, when the
health state is in i

Spare parts demand quantity generated by
adopting the maintenance action a, when
the health state is in i

Personnel demand quantity generated by
adopting the maintenance action a,, when
the health state is in i

Expected total cost corresponding to the
future F' — n stages by the maintenance
action a

Expected total system cost and resources cost
corresponding to the future F' — n stages by
maintenance action a

cm(anli)

r(anli)

planli)

Cr(n, F —n, ty,ali)

Cn, F —n, ty,ali)




J Intell Manuf (2019) 30:1155-1173

1161

T (n, F-n,t,, ali) Expected total maintenance time
corresponding to the future F — n stages by
maintenance action a

Resources cost at the n-th maintenance stage

while the health state is in i

Cav(Yns an, byli)

b Transition probability shape factor (i.e.
degradation)

d Downtime factor (i.e. downtime cost
coefficient)

r Maintenance risk factor

Maintenance management

In this paper, a novel model is proposed for the system main-
tenance. Some basic descriptions for the maintenance model
are described as follows.

(1) The system health state h; € [1,2,...,L] can be
obtained from the HSMM diagnosis and prognosis
model (Liu et al. 2015).

(2) The system will transfer to a worse health state with the
increase of the system lifetime.

(3) When the system health state is 4;, the available main-
tenance actions are as follows:

PM; = {PM;;, PMg.}
UPM;;I1 < j<i-1}, i=2.3,...
When i = L, non-replacement maintenance actions can-
not be adopted. The only available maintenance action
is to replace the current component of the system with a
new one.

(4) The replacement cost Cg, and replacement time Tg, will
not change with the system health state. The cost and
time for non-replacement maintenance actions are Cpyy
and Tpy, respectively.

(5) The failure cost Cr is a non-decrease function corre-
sponding to health state /; and system existing aget,,.

Cost model

The costs directly related to system maintenance actions con-
sist of the replacement cost (corresponding to PMg,), the
minor maintenance cost (corresponding to PM;;) and the
imperfect maintenance cost (corresponding to PM;;), which
can be denoted as maintenance cost (Cys). The costs indi-
rectly related to system maintenance actions include failure
cost (Cr) and reserved resources cost (C4,). By adopting
maintenance actions, it can slow down the system deteriora-
tion and aging. Thus, the system failure cost caused by the
system degradation can be reduced. This illustrates that the
system failure cost is related with the system maintenance

and is a part of the total cost. On the other hand, in order to
implement the maintenance actions, different resources are
needed. Therefore, in the total cost, resources cost is also con-
sidered in the maintenance model. The failure cost is related
to the system health state while the resources cost is related
to the maintenance actions.

Thus, the total objective Cyyy includes system cost
Cysy (including maintenance cost Cys and failure cost Cr),
resources cost C4, and downtime cost CA. Downtime cost
is the production or application loss of the system as a result
of performing maintenance. Moreover, the downtime cost
can increase due to insufficient spares, unavailable person-
nel etc. The CA is related to the maintenance action time 7,
and downtime cost coefficient d. Hence, the total objective
function of maintenance model considering both cost and
system utilization can be obtained.

MinCrppqp = Csy + Capy + CA=Cpy + Cp + Cay
LTy xd (8)

System cost

Reducing the operating-support cost and increasing the
safety are the major interests of industries. The maintenance
of a system directly affects the availability and production
rate. It causes two kinds of costs: failure cost and maintenance
cost. The failure cost often is larger than the maintenance cost
because it may involve in identification of failure, insufficient
spare parts at the failure time, and unavailable personnel due
to unplanned nature of the failure. However, if too many
maintenance actions are performed, it will lead to increase
maintenance cost. Hence, the system cost is defined as the
summation of maintenance cost and failure cost as follows.

Csy=Cr+Cy ©)

Failure cost consists of failure independent cost (C y) and
failure dependent cost (i.e., operation cost C,). Failure inde-
pendent cost can be defined as the fixed cost due to any failure
(cool down, diagnostics, disassemble, re-assemble, start-up,
and warm up), and failure dependent cost is the repairing and
replacement cost of failed components. It can be expressed
as follows:

i
Cr=Cr+Co=cri+ Y Pjilta)coli.ty) (10)
j=1

where cy,; denotes the failure independent cost when the
system health state is in i. ¢, (i, f,) is the failure dependent
cost when the system health state is in i at #,.P}; (t,) is the
transition probability from health state j to state i when the
system existing age is ;.
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Similar to failure cost, maintenance cost consists of main-
tenance independent cost and maintenance dependent cost.
Maintenance independent cost can be defined as the fixed
cost due to any maintenance (stop the system, cool down,
disassemble, re-assemble, start-up, and warm up), and main-
tenance dependent cost is the cost of the specific maintenance
actions. It can be expressed as follows:
Cym = cm,i (an) + cm (anli) (1D
where ¢, ; denotes the maintenance independent cost when
the system health state is in i. If maintenance action a, is
adopted, then §(ay) is 1. Otherwise, §(a,) is 0. cp(ayli)
describes the maintenance dependent cost generated by
adopting maintenance action a, when the system health state
isini.

Based on Egs. (8)—(10), the total system cost can be
obtained as follows.

CSy =Cy+Cr= Cm,i(s (an) + cm (anli) + Cfi

+ D Pji (tn) o (i, tn)

j=1

(12)

Resources cost

In this paper, resources for maintenance implementation
include spare parts and personnel. The maintenance strategy
will be applicable only if the required resources are available
at the time of the maintenance. It will cause more downtime
costs if the maintenance cannot be performed due to lack of
resources. So it is important to incorporate available resource
information into the maintenance model. The resources cost
consists of spare parts shortage cost (Cs) and personnel cost
(Cp). And they can be written as follows:
Caov=Cs+Cy (13)

The spare parts shortage can affect the implementation of
maintenance actions. Furthermore, the production processes
might be affected since the system cannot be maintained
timely due to the spare parts shortage. Therefore, the spare
parts shortage could become a part of the total cost model in
order to avoid the high shortage penalty. Let ¢ be the spare
parts shortage cost per unit, then the shortage cost can be
obtained as follows:

Cy =Y Pji (ta) max {0, cs (r (ani) — x,)}
j=1

(14)

where, x, denotes the initial inventory level at the n-th
maintenance stage. r (a,|i) describes the spare parts demand
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quantity generated by adopting the maintenance action a,
when the system health state is in i.

In the proposed model, if the required personnel constraint
is not satisfied, then a distinct penalty cost will be defined
for each health state, which is calculated as the product of
the missing personnel number and a penalty coefficient. Let
¢p be the penalty coefficient, y denote the total personnel
quantity and p(a,|i) describe the personnel demand quantity
generated by adopting the maintenance action a,, when the
system health state is in i. Then the personnel cost can be
written as follows:

Cp =) Pji(ty) max{0, cp(p(anli) — ) (15)

j=1

Based on Egs. (13)—(15), the available resources cost can
be obtained.

i
Cpry =Cs5 + Cp = Z Pji (tn) [max {0, cs (r (anli) — xn)}
j=1

+max {0, ¢, (p (@nli) — 1)}] (16)

The dynamic programming model

In this paper, we assume that the system maintenance has
F maintenance stages. The model aims to obtain the optimal
maintenance strategies in the future /' maintenance stages. So
it can be transformed into an F-stage decision problem. For
each stage, the optimal maintenance strategy is obtained and
the optimal maintenance action is chosen. Thus, the optimal
strategy of each stage composes the overall optimal strategy.
Based on Eq. (6), the optimal decision is to choose the
optimal maintenance action. The results of the available
maintenance action set are as follows (Liu et al. 2013):

PM;; The system stays at the current state after the minor
non-replacement maintenance, the system existing
age is reduced to ), ;5 i itk + E[A(ty—
Y k=12.i-110) +0.5].

PM;; The system will restore to a better health state
after imperfect maintenance, and the system exist-
ing age is reduced to Yy, iyt + E [A(ta—

k=t j—1tw) + 0-5J‘

PMp, The system health state will restore to /1 after replac-
ing the old parts by new ones, and the system existing
age is reduced to 0.

Here, #) represents the duration of a system staying at
health state i, and its value can be obtained based on Egs. (2)
and (3). E | x| is the floor function and FE [x 4+ 0.5] will
round x to the nearest integer. A is the maintenance utility
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function and A €[0, 1]. When X equals 0, the maintenance
action can obtain the best result. When A equals 1, the main-
tenance action has no effect, and the system existing age will
remain unchanged.

Thus, the objective function for F' maintenance stages can
be obtained as follows.

MinCr(n, F —n, t,,ali)
=Cn,F—n,ty,ali)+Tn, F—n,t,,ali)y xd (17)

where, a is the maintenance action adopted at the n-th main-
tenance stage. f, is the system existing age at the n-th
maintenance stage. Ct (n, F —n, t,, ali) is the total expected
cost corresponding to the future F — nstages by the main-
tenance action a. C(n, F — n, t,, ali) is the total expected
system cost and resources cost corresponding to the future
F — n stages by maintenance action a. T (n, F —n, t,,, ali)
is the total expected maintenance time corresponding to the
future F' — n stages by maintenance action a.
Corresponding to the F' maintenance stages, let C 4y (yy,
a,, b,|i) denote the resources cost at the n-th maintenance
stage while system health state is in i. Then, after n stages,
the expected total resources cost can be obtained as follows:

Cav(n, F —n,y,an, x,li) = Cay (¥, an, xuli)

+ Z Pij (tn)
j=iitl.. L
{Cav+1,F —n—1,y,ans1, Xa11))"} (13)

Based on Eqgs. (16) and (18), the total expected resources
cost at the n-th maintenance stage can be obtained as follows.

CAU (n! F —n, ys anyxnli)

=D Pji (ta) [max {0, ¢; (r (anli) — xu)}

j=1
+max {0, ¢, (p (anli) — )}]
+ Y P {Ca+ 1, F—n—1x,

—r(anli), ;s ant1, Xnt11)*} 19)

For maintenance action a, the expected total cost in the
future F' — nstages can be described as follows:

C(n, F —n,t,,ali)
=Cyla)+Cr(i, 1) + Cay(i,a, t,)

+ > Py)CoAl, F=n =11, +1,d'| j)*)
j=ii+l..,L
(20)

The total expected cost at the n-th maintenance stage con-
sists of two parts. One is the summation of failure cost,
maintenance cost and resources cost at the n-th stage, and the
other is the total expected cost of all stages after the n+1-th
maintenance stage.

For maintenance action a, the total expected downtime in
the future ' — nstages can be described as follows:

T, F—n, t,,ali) =t(a)

+ ) PiCi+ 1L F—n—1.1,+1,d'|j)%)
j=ii+l...L
@1

The total expected downtime at the #-th maintenance stage
consists of two parts. One is the maintenance actions time at
the n-th maintenance stage, and the other is the total expected
maintenance time of all stages after the n+-1-th maintenance
stage.

Fora = PM;; (i.e. minor maintenance), the total expected
cost and downtime can be obtained as follows.

C(n, F—n,ty,a/i) =Cy (PM;;) +Cp (i,1)
+Cay(n, F —n, PM;;, x, /1)

L
+Y rT A =n{Cn F—n, ' +1.d/j))
j=i

+r-={C(n, F —n,t' +1,PM;/L)"} (22)
T'(n, F—n,ty,a/i) =1t (PM,;)

L
+3 H T A =T (1 F =t +1,d/))")
j=i
ST (0, F =t 41, PM; /L)) 23)

a = PM;; (i.e. imperfective maintenance)

C(n,F—n,ty,ali)=Cy (PMij) + Cr (j. t*)
+Cav (n, F —n, PMij, x,/ i)

L
+3 (1= {C(n F —n.t* +1,d'/q)")
q=J

+rt 7 C(n, F —n 1" + 1, PMg/L)"} 24)
T (n, F—n,ty,a/i) =1t (PM;)

L
+ 31 (A=) (T (0, F =, 1"+ 1,0 /q)")
q=j
+rE T (0, F—not* + 1, PMy/L)") (25)

a = PMpg, (i.e. replacement)

Cn, F—n,ty,a/i) =Cy (PMge) + Cr (1,0)
+Cpy(n, F —n, PMpe, x,/ 1)
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L
+Y PO {C(n+1.F—n—1,0.d/j)"}
j=i

T(n,F—n,ty,a/i) =t (PMg,)

2 PO+ 1 F —n—1,0.4/j)7}
jeH

where,

(26)

27)

t* = Z tp+E| A ti— Z twy | +0.5
k=1,2,....j—1 k=1,2,....j—1

The overall framework of the dynamic programming main-
tenance model is shown in Fig. 4.

A heuristic algorithm can be used to obtain the optimal
maintenance strategy a(n, F — n, t,]i)*. When the system
existing age is #, and its health state is in i at the n-th main-
tenance stage, heuristic algorithm can be developed to solve
the maintenance model and obtain the optimal maintenance
strategy set. The detailed algorithm is described as follows:

Step 1: Obtain the values of Cr, Cy, Cay, {PM), Py, d, 1, X, b, y, F, ty.

Step 2: Initialize m=0.

Step 3: Find the optimal maintenance action set at the F-n-m-th stage.

Step 3.1 For tr.,€{1, 2, ..., t,tF-n-m}

Forie{l,2,...,L}
For ae {PM;;, PMg.}U {PM;|1<j<i-1}

Compute C(F-m, m, tr.p, ali).

Compute T(F-m, m, tr.p, ali).

Based on Equation (17), compute Cr(F-m, m, tr., ali).

End

a(F—m, m,t,_ |i)*=argmin{C,(F —m,m,t,_, ,al|i)}.

C(F-m,F—n-mt, ,al|i) =C(F-m,F—n—m,t,_ ,,a |i)

T(F-m,F—n—myt,_ ali) =T(F-m,F—n—m,t,_ ,a |i)

End

A(F —m,m,t,_ ) =[a(F —m,m,t,._|i)*i=12,..,L]

End

AF —m,m )*=[a(F —m,ml|i,t,_)*i=12,.,Lt, , =12,..t +F—-n—m].

Step 3.2 If m<F-n, m=m+1, go to Step 3.1.

Else go to step 4.

Step 4: Based on current system health state /; and system existing age ¢,, choose the optimal

maintenance action a(n, F-n, 1,|i) from A(n, F-n)*.
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Fig. 4 The framework of the integrated dynamic maintenance model
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Fig. 5 Schematic diagram of the experiment setup

Here, a(F — m,m, tp_,|i)* denotes the optimal main-
tenance strategy corresponding to the system existing age
tr_m, and health state i. A(F — m, m, tp_,)* describes the
optimal maintenance strategy set corresponding to the sys-
tem existing age tp_,, for all health states. A(F — m, m)*
is the optimal maintenance strategy set at the F' — n — m-th
maintenance stage.

Case study

In the following, a case is studied to validate the proposed
integrated dynamic maintenance model with system prog-
nostics information and resources constraints.

Experimental setup and data acquisition
In this case study, the long-term wear test experiments

were conducted at a research laboratory facility (Shanghai
Pangyuan Machinery Co.). In the test experiments, three

 Fault classification

pumps (A, B and C) were worn by running them using oil
containing dust. Each pump experienced four states: Level 1
(normal state), Level 2 (degradation state), Level 3 (degrada-
tion state), and Level 4 (failure state). The degradation stages
in this hydraulic pump wear test case study correspond to dif-
ferent stages of flow loss in the pumps. As the flow rate of a
pump clearly indicates pump’s health state, the degradation
stages corresponding to different degrees of flow loss in a
pump were defined as the health states of the pump in the
test (Liu et al. 2015).

The vibration signals were collected from a pump
accelerometer that was positioned parallel to the axis of
swash plate swivel axis and data was continuously sampled.
Figure 5 shows the schematic diagram of the experimental
setup. The pump used for testing in the experiments was a
Back Hoe Loader: a 74 cc/rev variable displacement pump.
The data was collected at a sample rate of 60 kHz with anti-
aliasing filters from accelerometers which were designed to
have a usable range of 10 kHz. In many cases, the most dis-
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tinguished information is hidden in the frequency content
of signals. So the time-frequency representation of signals
is needed. In this case study, the signals were processed by
using wavelet packet with Daubechies wavelet 10 (db10) and
five decomposition levels as the db10 wavelet provided the
most effective way to capture the fault information in the
pump vibration data. The coefficients obtained by the wavelet
packet decomposition were used as the inputs.

Data preparation and processing

(1) Health state transition probability

In this case study, the matrix of pump health state transition
probability can be obtained from the previous research work
(Liuetal. 2015). There are four health states in this case study,
including one normal state, two degradation states and one
failure state, which are defined as Level 1, Level 2, Level
3 and Level 4 (L), respectively. The matrix of health state
transition probability is shown as follows.

L=b 1+ )Y, P, PLA+ B)'b

0 L=b'(1+ B Y 3PP ...

CD[:

Table 4 Maintenance actions cost

cm(PMige) cyuy(PMiy) cy(PMi2) cy(PM;3)

Health state ¢, ;

Level 1 100 18000 200 - -
Level 2 130 18000 500 250 -
Level 3 160 18000 700 650 400

Level 4 (L) 190 18000 - - -

Table 5 Maintenance actions time

Health state t(PM;ge) t(PM;y) t(PMj>) t(PM;3)
Level 1 1 0.1 - -

Level 2 1 0.5 0.15 -

Level 3 1 0.8 0.4 0.3
Level 4 (L) 1 - - -

(2) Maintenance action cost and time

The maintenance cost and time of various maintenance
actions are given in Tables 4 and 5, respectively.

PO (14 B)'b
PYe(1+ B2)'b

=D A+ ) P POy (14 B)'D

0 Prp

where, B, is aging factor (here, 8> = 0.18), b is a transition
probability shape factor (b/ =1—-b,0<b < 1). Whenb
equals 0, it shows that the system degradation is in the basic
decrement mode. The initial transition probabilities among
four health states are given in Table 2. The duration 7, of a
system staying at health state &y is given in Table 3.

Table 2 The initial health state transition matrix

Heath state Level 1 Level 2 Level 3 Level 4
Level 1 0. 9056 0.0879 0.0063 0.0002
Level 2 0 0.8491 0.1506 0.0003
Level 3 0 0 0.9129 0.0871
Level 4 0 0 0 1
Table 3 Expected duration for each health state

Heath state Level 1 Level 2 Level 3 Level 4
Mean of duration 10.4549 9.7923 11.3375 -
Variance of duration 1.9388 0.9792 1.2415 -
D(h;) 10.6485 9.8900 11.4615 -

@ Springer

(3) Failure cost

The failure cost is related to the system health state and its
lifetime. Then the failure independent cost can be obtained
as follows:

150 i=1
o200 i=2
Fi=1250 i=3

300 i=4

The failure dependent cost function can be described as fol-
lows:

120i +90r i=1

colint) = 80i +93r i=2
’ 70i +95¢t i=3
00 i=4

(4) Resource cost

The demand quantities of spare parts and personnel are
determined by the current system health state and the adopted
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Table 6 Demand quantities of spare parts

Health state PM;R. PM; PM ;> PM ;3
Level 1 5 0 - -
Level 2 5 1 0 -
Level 3 5 3 0
Level 4 (L) 5 - - -
Table 7 Demand quantities of personnel

Health state PM;R. PM PM ;> PM ;3
Level 1 3 0 - -
Level 2 3 1 0 -
Level 3 3 2 0
Level 4(L) 3 = - -

maintenance actions, which are shown in Tables 6 and 7,
respectively.

(5) Maintenance risk

In this paper, maintenance risk factor r is used to describe
the maintenance action risk. With the growth ofr, the main-
tenance action risk will increase. Thus, two conditions can
be considered (i.e. smaller maintenance risk and larger main-
tenance risk).

When the maintenance risk is smaller, it can be shown as
follows:

0.05 1<t<?20
r(t) =1 0.054+0.02(r —20) 20<1t <45
0.5 45 <t

When the maintenance risk is larger, it can be shown as
follows:

0.2 1<t<?20
r(t) =1024+0.03(r—-20) 20<t <45
0.6 45 <t

Table 8 Periodical maintenance strategies

The values of parameters related to resources and other
parameters are given as follows:

¢ = 1200, ¢, = 1300, x; =8,y =2,
A =0.6,d=1000, F = 12

Maintenance strategy comparisons

Nowadays, periodic maintenance, defined as significant
activities carried out regularly to maintain the condition or
operational status of the system, is a common maintenance
strategy. The periodic maintenance includes periodic inspec-
tions, periodic repairs and preventive maintenance. In this
paper, periodic maintenance aims to obtain the optimal main-
tenance strategies in one life-cycle of the system. And the one
life-cycle of the system can be divided into 4 states based on
system health states obtained by the work (Liu et al. 2015).
For each stage, there is a time interval between two main-
tenance actions, in which the optimal maintenance strategy
can be adopted.

Based on system health states, when the current stage is
staying at the health state Level 1, minor non-replacement
maintenance actions are adopted. This will keep the system
stay at the current health Level 1 as long as possible. If the
current stage is staying at the health state Level 2 or Level 3,
imperfect non-replacement maintenance actions are adopted
and this will restore the system from current health state Level
2 or Level 3 to a better health state. When the current stage is
staying at the health state Level 4, replacement maintenance
actions by directly using new parts to replace old ones are
adopted. This will restore the system from current health
state Level 4 to a better health state. The detailed periodic
maintenance strategies are shown in Table 8.

For the purpose of simulating different conditions, three
major parameters are chosen: shape factor b, downtime factor
d and maintenance risk factor r. The three parameters can be
differently combined to illustrate the performance of the pro-
posed methods, and two values can be chosen corresponding
to each parameter. They can be shown in Table 9.

Based on Table 9, eight combination strategies can be
simulated, and the combination strategies can be shown in
Table 10.

Health state 0< t < 20 Maintenance

every 10 time unit

20 < t < 35 Mainte-
nance every 7 time unit

45 < t Maintenance
every 3 time unit

35 < t < 45 Mainte-
nance every 5 time unit

(T =10) (T =17) (T =5) (T =3)
Level 1 PM 1y PM PM PMyy
Level 2 PMy, PM; PM2; PMo
Level 3 PM3, PM3 PM33 PMs3
Level 4 (L) PM4R€ PM4R€ PM4R€ PM4R€
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Table 9 Parameter condition - -
Deterioration

Downtime

Maintenance risk

b1 = 0 (decrement mode)
d; = 1000 (small downtime)

r1 (small maintenance risk)

byx = 0.3 (bell mode)
dr = 5000 (large downtime)

ro (large maintenance risk)

Table 10 Parameter combination strategy

Combination 1 2 3 4 5 6 7 8

Deterioration by by by by by by by by
Downtime d| dy dr d> d) dy dr dr
Maintenance risk r r r r r rn r r

Discussion and performance evaluation
Result analysis

In this case study, for each combination, both periodical
maintenance and integrated maintenance strategy are carried
out 10 simulations. For each simulation, the two maintenance
strategies run 600 monitoring cycles to obtain the optimal
solution, respectively. The maintenance strategy evaluation
criteria include average unit cost ¢ and average system life ¢.
The results are provided in Table 11.

It can be seen from the 8 combinations in Table 11 that
the integrated dynamic maintenance strategy has a better

performance than the periodical maintenance strategy in
terms of extending system life, increasing system utilization
and decreasing unit cost. For all combinations of integrated
dynamic maintenance strategy, combination 1 is the best
one. Due to the active maintenance actions of the integrated
dynamic maintenance strategy, the system residence time in a
better state is longer than that of the periodical maintenance
strategy. Thus, the average life cycle of a system adopting
dynamic programming maintenance strategy is also longer
than that of the periodical maintenance strategy.

For the integrated maintenance strategy, from Table 12,
it can be seen that the periodical maintenance increases
the system average life, but it has a long downtime and
very high maintenance cost. The target of the integrated
dynamic maintenance strategy is not only to increase sys-
tem life, but also to choose the optimal maintenance strategy
based on the system health states so that the system uti-
lization is improved and the average unit cost is decreased.
Compared with the no-maintenance method, the integrated
maintenance strategy increases the utilization by 1.39% and
decrease the average unit cost by 26.91%. Compared with

Table 11 Comparison of

simulation results for different Inte.:grated dynamic Per.iodic Inte;grated dynamic Per.iodic
maintenance strategies maintenance maintenance maintenance maintenance
Combination 1 Combination 2
c 1351.87 1751.49 1522.37 1938.31
t 64.38 52.19 52.87 44.62
Decreasing ¢ 399.62 (22.81%) 415.94 (21.45%)
Extending ¢ 12.19 (23.35%) 8.25 (18.48)
Combination 3 Combination 4
c 1765.43 2191.07 1923.73 2262.7
t 60.26 51.79 53.52 45.87
Decreasing ¢~ 425.64 (19.42%) 338.97 (14.98%)
Extending ¢ 8.47 (16.35%) 7.65 (16.67%)
Combination 5 Combination 6
c 1503.64 1943.95 1603.95 1951.78
t 55.97 46.36 50.77 43.57
Decreasing ¢~ 440.31 (22.65%) 347.83 (17.82%)
Extending ¢ 9.61 (20.72%) 7.2 (16.53%)
Combination 7 Combination 8
c 1889.16 2168.97 1980.41 2277.93
t 58.92 50.53 48.94 42.76
Decreasing ¢~ 279.81 (12.9%) 297.52 (13.06%)
Extending ¢ 8.39 (16.61%) 6.18 (14.45%)
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Table 12 Comparison of

. . . Evaluation Integrated dynamic Pure dynamic Periodic maintenance No-maintenance
simulation results for different L . .
. . criteria maintenance strategy — maintenance strategy strategy
maintenance strategies
c 1692.57 1851.86 2060.78 2318.53
t 55.71 51.69 47.21 32.69
Au (%) 98.85 95.29 91.28 95.42
8 8
»n 6 |2
|5 2
< ©
: 5
8 * ]
k= E 5]
P ALl el
0 T T t B — 0 10 20 30 40 50 60
0 10 20 30 40 50 60

System life ¢

Fig. 6 The periodical maintenance strategy in one life-cycle of the
system

the periodical maintenance, the integrated dynamic mainte-
nance strategy increases the system utilization by 5.91% and
decrease the average unit cost by 17.88%. Compared with
the pure dynamic maintenance strategy without considering
the constraints, it can increase the system utilization by 3.6%
and decrease the average unit cost by 8.6%.

Figures 6 and 7 describe the periodical maintenance activ-
ities and the integrated maintenance activities within one
life-cycle of the system, respectively. In Figs. 6, 7 and 8,
y-axis denotes the maintenance actions, where 1 = PMy,
2 = PM»y,3 = PM»,4 = PM3(,5 = PM3,, 6 = PM33,
7 = PMpg,. And x-axis represents the system life. From
Fig. 6, it can be seen that the periodical maintenance still
implements a large number of maintenance actions even
when the system health state enters Level 3 and the system
life exceeds 45. Although these maintenance actions increase
the system life, they increase both downtime cost and main-
tenance cost.

From Fig. 7, it can be seen that the integrated maintenance
strategy implements a great deal of maintenance actions such
as PM 11 and PM»; at the system initial working state. This
keeps the system at a better health state for a long time and
generates a lower failure cost. With the increase of working
time, once the system enters health state Level 3, even if the
maintenance action PM3; is adopted to restore the system
health state from Level 3 to Level 1, its health state will
return back to Level 3 quickly. Figure 7 indicates that the
integrated maintenance doesn’t implement a large number of

System life ¢

Fig. 7 The integrated maintenance strategy in one life-cycle of the
system
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Fig. 8 The relationships between the integrated maintenance and
resource

maintenance actions once the system enters Level 3. Instead,
a replacement maintenance action is adopted directly.

Resource analysis

The relationships between the integrated dynamic mainte-
nance strategy and resources within one system life-cycle
need to be analyzed. For combination 1 of the integrated
dynamic maintenance strategy, the results are shown in Fig. 8.
It can be seen from Fig. 8, due to the limit of spare parts
level, when the system health state enters Level 2, the opti-
mal maintenance strategy does not choose to implement the
maintenance action PM»>jimmediately to restore the health
state from level 2 to Level 1. With the growth of working
time, the maintenance actions PM»; and PM3;are adopted
by the optimal maintenance strategy, and it has no effect
on system utilization. Moreover, the required resources are
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Fig. 9 Maintenance actions corresponding to different shape factor b

always available in the process of the optimal maintenance,
including spare parts and personnel.

Strategy dynamic analysis

The maintenance strategy can be affected by three main
parameters: transition probability shape factor b, downtime
factor d and maintenance risk factor r.

(1) The impact of degradation on the integrated dynamic
maintenance decision

For combinations 1 and 2, they have same downtime, but
with different degradation. Corresponding to different b, the
maintenance actions are shown in Fig. 9.

With the increase of b, the degradation mode gradually
transits from decrement mode to bell mode. In the decrement
mode, the system stays at the current state with the greatest
probability. In the bell mode, the probability of the system
remaining at the current state becomes small, and the system
is more inclined to the less healthy state. Thus, replacement
maintenance actions may be needed to slow down the system
aging.

The different degradation modes generate different main-
tenance strategies. From Fig. 9, it can be seen that the
integrated dynamic maintenance strategy can be automati-
cally adjusted to accommodate different degradation modes.

@ Springer

(2) Theimpact of downtime on the integrated dynamic main-
tenance decision

For combinations 1 and 3, they have same degradation,
but with different downtime. Corresponding to different d,
the maintenance actions are shown in Fig. 10.

With different values of the downtime factor d, the system
has different utilizations and downtime loss. Compared with
other maintenance actions, the replacement action requires a
longer time and may cause more downtime losses. With the
increase of d, many non-replacement maintenance actions
need to be adopted to reduce the number of replacement
maintenance actions and avoid that the system transits into a
worst state.

(3) The impact of maintenance risk on the integrated
dynamic maintenance decision

Non-replacement maintenance actions have a certain
amount of maintenance risk. With the increase of mainte-
nance risk, the actual maintenance effect is further away
from the target results. For combination 1 and combination
5, they have same degradation and downtime, and differ-
ent maintenance risk. Thus, corresponding to different r, the
maintenance actions can be shown in Fig. 11.

With the increase of maintenance risk, the system needs
to increase the improvement of maintenance actions to
decrease the maintenance risk generated by adopting mainte-
nance actions, and transform maintenance actions. It can be
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Fig. 11 Maintenance actions corresponding to different maintenance risk

seen from Fig. 11 that the integrated dynamic maintenance
strategy can adjust maintenance actions corresponding to dif-
ferent maintenance risk.

Based on the above analysis, the three main parameters
are connected by maintenance actions. Moreover, with the

change of different parameters, minor maintenance action
(PM ;) and imperfect maintenance action (PM;;) often need
to be adopted in order to reduce the number of replacement,
the degradation mode can be changed, and the system needs
to transform maintenance actions. Thus, for different param-
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Table 13 The results of sensitive analysis

Factors/Indexes Downtime factor Maintenance stages Health states Shape factor Maintenance risk
Convergence Range 1876 920 523 1811 1878
Sequencing 2 4 5 3 1
Dynamic performance Range 337 126 199 290 319
Sequencing 1 5 4 3 2
Timeliness stability Range 5.945 1.729 1.512 2.026 4.342
Sequencing 1 4 5 3 3

eters, different maintenance actions can be adopted to stay
the system in a better state and adapt the change of differ-
ent parameters by the integrated model. It can be concluded
that the integrated dynamic maintenance strategy has a good
dynamic performance for b, d and r. Moreover, it can obtain
the optimal maintenance strategy and maintenance actions
based on different parameters.

Sensitivity analysis

In the experiment described above, the proposed models are
solved by a heuristic algorithm. In order to analyze the sen-
sitivity of the proposed methods, its convergence, dynamic
performance and timeliness stability are developed as perfor-
mance evaluation indexes, and downtime factor, maintenance
stages, health states, transition probability shape factor and
maintenance risk factor are selected as major factors. The
orthogonal test method is used to carry out this test, and the
range analysis method is used to determine the impact of
factors on the performance of a heuristic algorithm (Anni-
bale et al. 2015). And the results in Table 13 show that the
range sequence of transition probability shape factor, down-
time factor and maintenance risk factor always occupies the
top three, thus, they are the most sensitive factors affect-
ing the comprehensive performance of the proposed models.
The number of the health states and maintenance stages has
lower sensitivity and they don’t influence on the efficiency of
the algorithm and the proposed models. Moreover, the per-
formance of the heuristic algorithm is more sensitive in the
three parameters.

Based on the sensitivity analysis, the proposed method
and the heuristic algorithm have good sensitivity, and three
parameters are fully considered to solve the integrated main-
tenance problem, including the transition probability shape
factor, downtime factor and maintenance risk factor.

Conclusions

This paper emphasizes the need of a maintenance opti-
mization method using prognostic information and resource
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planning. For many industries, on one hand, the unavailabil-
ity of resources is a major problem. On the other hand, the
system deterioration and aging information from prognosis
models are not utilized well in current literatures. There-
fore, an effective framework to this problem is the integrated
optimization of predictive maintenance and resource plan-
ning. From the managerial insights of the model, system
actual deterioration and aging information are integrated, and
the spare parts and actual maintenance personnel also are
considered. In this paper, a dynamic programming model is
proposed for this integrated maintenance optimization prob-
lem. And the corresponding solution algorithm is developed.
Finally, a case is studied to validate the proposed methods.
From the experiment results, the comparisons between the
proposed model with the common periodical maintenance
strategy show several benefits of the integrated dynamic
maintenance strategy, and it indicates that the proposed
method is effective for the system maintenance by using
prognostic information.

The long-term wear test experiments are conducted at a
research laboratory facility of Shanghai Pangyuan Machin-
ery Co.. Industrial implementation and demonstration of
the newly proposed methods in a real factory environment
remains to be doing, and the primary effect can be obtained.
The further application needs to be done in the future.

Furthermore, a number of interesting directions for fur-
ther research can be followed based on the ideas proposed in
this study. The prognostics with missing of degradation data
caused by failure of data transmission or manipulation errors
could be considered. And based on the proposed methods,
maintenance scheduling models with prognostic information
could be developed. Finally, extension of the methods pro-
posed in this paper to service systems is another opportunity
for further enhancing the benefits of maintenance operations
through the usage of predictive condition information.

Acknowledgements The work presented in this paper has been sup-
ported by Grants from National Natural Science Foundation of China
(Nos. 71471116, 71131005 and 71271138), “Pu Jiang” Project (No.
14PJC077) of Science and Technology Commission of Shanghai
Municipality, Humanity and Social Science Youth foundation of Min-
istry of Education of China (No. 15YJCZH096), Hujiang Foundation—
Humanity and Social Science “Climbing” Program of University of



J Intell Manuf (2019) 30:1155-1173

1173

Shanghai for Science and Technology (No. 16HJIPD-B04), Programs
of National Training Foundation of University of Shanghai for Sci-
ence and Technology (No. l6HIPYQNO02), Doctoral Startup Foundation
Project of University of Shanghai for Science and Technology (No.
BSQD201403). Authors are indebted to the reviewers and the editors
for their constructive comments which greatly improved the contents
and exposition of this paper.

References

Annibale, P., Rocco, O., Penta, Di, Massimiliano, D. P., & Andrea, D. L.
(2015). Improving multi-objective test case selection by injecting
diversity in genetic algorithms. /EEE Transactions on Software
Engineering, 41(4), 358-383.

Bartholomew-Biggs, M., Zuo, M. J., & Li, X. H. (2009). Modeling and
optimizing sequential imperfect preventive maintenance. Reliabil-
ity Engineering and System Safety, 94(1), 53—-62.

Basten, R. J. L., van der Heijden, M. C., & Schutten, J. M. J. (2012).
Joint optimization of level of repair analysis and spare parts stocks.
European Journal of Operational Research, 222(3), 474-483.

Christer, A. H. (1999). Developments in delay time analysis for mod-
eling plant maintenance. Journal of the Operational Research
Society, 50, 1120-1137.

Fitouhi, M. C., & Nourelfath, M. (2012). Integrating noncyclical preven-
tive maintenance scheduling and production planning for a single
machine. International Journal of Production Economics, 136(1),
344-351.

Fitouhi, M. C., & Nourelfath, M. (2014). Integrating noncyclical
preventive maintenance scheduling and production planning for
multi-state systems. Reliability Engineering and System Safety,
121, 175-186.

Huynh, K. T., Castro, I. T., Barros, A., & Bérenguer, C. (2012). Mod-
eling age-based maintenance strategies with minimal repairs for
systems subject to competing failure modes due to degradation
and shocks. European Journal of Operational Research, 218(1),
140-151.

Jafari, L., & Makis, V. (2015). Joint optimal lot sizing and preventive
maintenance policy for a production facility subject to condition
monitoring. International Journal of Production Economics, 169,
156-168.

Jafari, L., & Makis, V. (2016). Optimal lot-sizing and maintenance pol-
icy for a partially observable production system. Computers and
Industrial Engineering, 93, 88-98.

Kenne, J. P., & Nkeungoue, L. J. (2008). Simultaneous control of
production, preventive and corrective maintenance rates of a
failure-prone manufacturing system. Applied Numerical Mathe-
matics, 58(2), 180-194.

Li, R., & Ryan, J. K. (2011). A Bayesian inventory model using
real-time condition monitoring information. Production and Oper-
ations Management, 20(5), 754-771.

Liu, Q. M., Dong, M., Lv, W. Y,, Geng, X. L., & Li, Y. P. (2015).
A novel method using adaptive hidden semi-Markov model for
multi-sensor monitoring equipment health prognosi. Mechanical
Systems and Signal Processing, 64—65, 217-232.

Liu, Q. M., Dong, M., & Peng, Y. (2013). A dynamic predictive main-
tenance model considering spare parts inventory based on hidden
semi-Markov model. Journal of Mechanical Engineering Science,
227(9), 2090-2103.

Lu, Z. Q., Cui, W. W,, & Han, X. L. (2015). Integrated production
and preventive maintenance scheduling for a single machine with
failure uncertainty. Computers and Industrial Engineering, 80,
236-244.

Marseguerra, M., Zio, E., & Podofillini, L. (2002). Condition-based
maintenance optimization by means of genetic algorithms and
Monte Carlo simulation. Reliability Engineering and System
Safety, 77(2), 151-166.

Molavi, H., & Zahiri, A. (2015). Condition monitoring and fault diag-
nosis of an MR load tap changer using oil analysis data. Journal
of Engineering Research, 3(2), 41-58.

Park, C. W,, & Lee, H. S. (2011). A multi-class closed queuing main-
tenance network model with a parts inventory system. Computers
& Operations Research, 38(11), 1584—1595.

Rausch, M., & Liao, H. T. (2010). Joint production and spare part inven-
tory control strategy driven by condition based maintenance. /EEE
Transaction on Reliability, 59(3), 507-516.

Van Horenbeek, A., Bure, J., Cattrysse, D., Pintelon, L., & Vansteen-
wegen, P. (2013). Joint maintenance and inventory optimization
systems: A review. International Journal of Production Eco-
nomics, 143(2), 499-508.

Wang, W. B. (2011). A joint spare part and maintenance inspection
optimisation model using the delay-time concept. Reliability Engi-
neering and System Safety, 96(11), 1535-1541.

Wang, W. B. (2012). A stochastic model for joint spare parts inven-
tory and planned maintenance optimization. European Journal of
Operational Research, 216(1), 127-139.

Wang, L., Chu, J., & Mao, W. J. (2008). A condition-based order-
replacement policy for a single-unit system. Applied Mathematical
Modelling, 32, 2274-2289.

Wang, W., Scarf, P. A., & Smith, M. A.J. (2000). On the application of a
model of condition-based maintenance. Journal of the Operational
Research Society, 51, 1218-1227.

Wang, X., Wang, H. W., & Qi, C. (2016). Multi-agent reinforcement
learning based maintenance policy for a resource constrained flow
line system. Journal of Intelligent Manufacturing, 27(2), 325-333.

Wang, Y. H., Deng, C., Wu, J., & Xiong, Y. (2015). Failure time pre-
diction for mechanical device based on the degradation sequence.
Journal of Intelligent Manufacturing, 26(6), 1181-1199.

Wu, F,, Wang, T., & Lee, J. (2010). An online adaptive condition-based
maintenance method for mechanical systems. Mechanical Systems
and Signal Processing, 24(8), 2985-2995.

Zhong, C., & Jin, H. (2014). A novel optimal preventive maintenance
policy for a cold standby system based on semi-Markov theory.
European Journal of Operational Research, 232(2), 405-411.

@ Springer



	Manufacturing system maintenance based on dynamic programming model with prognostics information
	Abstract
	Introduction
	Literature review
	Maintenance optimization problem
	Maintenance and resources optimization problem
	Maintenance and system degradation problem
	Research motivation and contributions

	System degradation and maintenance description
	Degradation description
	Maintenance description
	Maintenance actions
	Maintenance time
	Maintenance risk


	The integrated decision model of system maintenance management
	Notations
	Maintenance management
	Cost model
	System cost
	Resources cost

	The dynamic programming model

	Case study
	Experimental setup and data acquisition
	Data preparation and processing
	Maintenance strategy comparisons
	Discussion and performance evaluation
	Result analysis
	Resource analysis
	Strategy dynamic analysis

	Sensitivity analysis

	Conclusions
	Acknowledgements
	References




