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In many applications, units from the same population exhibit heterogeneity that they degrade with different rates due to random
factors. This article studies how this heterogeneity in degradation influences condition-based maintenance (CBM) policy.
Many CBM polices are developed based on gamma process because it is popularly used to characterise monotone degradation
processes. In this study, we also model the unit’s degradation by gamma process. To account for the heterogeneity among
units’ degradation, we incorporate a random effect parameter in the gamma process. Then the optimal policy for CBM is
obtained through Markov decision process. We show that when heterogeneity exists, the transition probability of degradation
state depends on both unit’s age and observed degradation level. And consequently, the optimal maintenance policy is a
monotone control limit policy. We conduct extensive numerical experiments to validate and demonstrate our findings in
depth.
Keywords: condition-based maintenance; gamma process; heterogeneity; Markov decision process

1. Introduction
In many engineering applications, irreversible damage gradually occurs along system’s usage. Such damage is often additive
and leads to continuous degradation of system’s physical condition. When cumulative degradation reaches a certain level,
the system malfunctions and results in a failure. In need for predicting system’s remaining useful life and determining
maintenance actions, a lot of prognostic models (Singpurwalla 1995; Nikulin et al. 2010) have been developed to characterise
the degradation process. Among all those models, gamma process (Abdel-Hameed 1975) has been most widely used in
engineering applications for its properties such as monotone sample path and independent increment, see Van Noortwijk
and Klatter (1999), Wang (2014), for example, and Van Noortwijk (2009) for a thorough review. Nevertheless, in certain
applications, units from the same population may have different degradation features because of environmental or operational
reasons. Consider submarine pipelines as an example. Affected by environmental factors such like temperature, stress and
wave loads, fatigue cracks are likely to propagate with different rates (Gangloff 2005) in different segments of the pipeline
system. In other applications, heterogeneity among population has been reported as well, see Lawless and Crowder (2004),
Gebraeel et al. (2005), Liao and Tian (2013), Ye et al. (2014), for example. Such heterogeneity in degradation challenges
maintenance decision, as adaptive maintenance policy is required to account for units’ different degradation patterns.
In this study, we consider condition-based maintenance (CBM) policy. CBM determines maintenance action based on realtime state. Maintenance is only conducted when necessary, therefore maintenance resources are optimised. This makes CBM
often outperforms time-based maintenance, see Wang (2002) for a summary of different maintenance policies. In recent years,
advanced sensor technologies enable CBM being implemented at lower costs. Therefore CBM attracts intensive attention
and have been applied more widely, see Chen et al. (2011), Xia et al. (2013), for example, and Jardine, Lin, and Banjevic
(2006) for a review. More specifically, several studies of CBM based on gamma process model have been developed (AbdelHameed 1987; Abdel-Hameed 1995; Grall, Bérenguer, and Dieulle 2002; Liao, Elsayed, and Chan 2006). In Abdel-Hameed’s
(Abdel-Hameed 1987; Abdel-Hameed 1995) studies, a system’s degradation level is revealed by scheduled inspection and
modelled by gamma process. The system malfunctions if degradation process reaches a failure threshold, which is defined as
a failure. A failure can only be detected by inspection, and if failure is detected, a corrective maintenance must be performed.
Otherwise upon each inspection, the decision-maker can decide whether to execute a preventive maintenance. Both CM and
PM could renew the system’s degradation state. Figure 1 demonstrates such CBM policy.
Most of current CBM studies assume fixed degradation process for all units across population. However, this assumption
is no longer valid when heterogeneity in degradation is present. From statistical aspect, with heterogeneity among population,
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Figure 1. Condition-based maintenance policy. τi denotes inspection time, Yτi denotes system state at each inspection, C L denotes
preventive control limit, and y F denotes failure threshold.
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Figure 2. Preventive control limits when heterogeneity is present/absent.

the units’ life-time distributions are not identical. Therefore, sharing same degradation model and preventive control limit
becomes unreasonable. Intuitively speaking, units with faster degradation rates are expected to be replaced earlier, while
those degrade slower could be replaced later. In this sense, with scheduled inspection, the preventive control limit is supposed
to vary as shown in Figure 2.
In recent literature, there exists a few studies incorporating heterogeneity into statistical prognostic models. For instance,
Ye et al. (2013) modelled the heterogeneous effects as a frailty term to study how heterogeneity affects field failure and
accelerated tests. Xu, Hong, and Jin (forthcoming) used random effects and shape-restricted splines to model the dynamic
covariates that caused heterogeneity. Zheng et al. (2016) proposed a state-space model to account for multiple sources of
heterogeneity. And in terms of the popularly used gamma degradation process, Lawless and Crowder (2004) suggested
implanting a random effect parameter into gamma process model to account for heterogeneous degradation. With proper
prior distribution assigned to the random effect parameter, analytical conditional distribution on the gamma increment can
be obtained once observations are collected.
This modified gamma process is capable to characterise heterogeneity in degradation among populations. Unfortunately,
most of these studies are focused on developing prognostic models to estimate the system’s remaining useful life (RUL).
In terms of maintenance policy for heterogeneously degrading population, especially based on gamma process, the studies
are quite limited. Finding an optimal CBM policy based on such heterogeneous gamma degradation model is challenging
because the degradation process becomes non-stationary and age dependent.
In this paper, we study how heterogeneity in degradation influences CBM policy. Following Lawless and Crowder (2004),
we apply gamma process with random effect parameter to model units’heterogeneous degradation. We formulate maintenance
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decision as a Markov decision process (MDP) to obtain optimal maintenance policy in terms of discounted costs, including
maintenance cost, downtime cost and inspection cost. Based on the structural properties of the optimal policy, we focus on
investigating how the costs and control limit change when heterogeneity is considered. The rest of this article is organised
as follows. Section 2 formulates the CBM as MDP problem. Section 3 reviews the gamma process with heterogeneity and
studies the influences on CBM policy when heterogeneity is present. Numerical demonstrations are presented in Section 4.
And Section 5 concludes this study.
2. Maintenance model and optimisation
2.1 Maintenance assumptions
We consider CBM for units subject to stochastic degradation. The degradation is modelled by stochastic process which has
independent non-negative increment, such as gamma process. The maintenance policy employs periodic inspections to check
the unit’s degradation level. A fixed inspection cost ci is incurred each time we conduct inspection. We assume the inspection
is perfect, i.e. it reveals the unit’s state instantly without measurement error.
Once degradation level exceeds the pre-specified failure threshold y F , the unit is considered as failure. The failure is not
self-announcing and can only be detected by inspection. Before the failure is detected, downtime cost cd is incurred per time
unit to account for quality loss.
Upon each inspection, if failure is detected, corrective maintenance (CM) must be executed immediately with fixed cost
c f ; otherwise the decision-maker can choose either performing a preventive maintenance (PM) with fixed cost c p (c p < c f ),
or not taking any actions. We also assume both CM and PM are perfect, i.e. they instantly restore the unit to as-good-as-new
state. Moreover, we incorporate a discounting factor e−r t for any costs incurred at time t, where r is a fixed constant. We are
interested in the optimal maintenance policy that minimises the total discounted operational cost, including inspection cost,
maintenance cost and downtime costs. This maintenance model is also used in other studies (Speijker et al. 2000; Chen et
al. 2015).
2.2 Markov decision process
Suppose at current inspection, the unit’s age since last maintenance is τ , and the unit’s degradation level is revealed as Yτ . In
next subsection we will show Yτ is Markovian. We let (τ, Yτ ) together form a discrete time continuous state Markov chain.
To find optimal policy that minimise total operational cost, we formulate the maintenance decision as an infinite horizon
MDP. An inspection node is also a decision epoch, at which the decision-maker has to choose among three actions {PM,
CM, No Action}:
• If Yτ ≥ y F , the decision-maker has no choice but choose CM. A corrective maintenance cost c f is incurred. The
unit restores to the state (0,0) after CM.
• If Yτ < y F and the decision-maker chooses PM, the unit also restores to state (0,0). In this case, a preventive
maintenance cost c p is counted.
• If Yτ < y F and the decision-maker chooses No Action, no maintenance cost is incurred. However, as degradation
persists, the unit may fail at a random time T before next inspection at time τ + d. The corresponding discounted
(relative to current age τ ) downtime cost is function of T :
⎧  τ +d
⎨
cd e−r (t−τ ) dt,
τ ≤ T ≤ τ + d,
ρ(T |τ ) =
(1)
T
⎩
0,
otherwise,
which is also random. If we know the distribution of failure-time T , we can obtain the expected downtime cost:
Wd (τ, Yτ ) = E[ρ(T )|τ, Yτ ]
 τ +d
=
ρ(t) d[1 − F̃(t|τ, Yτ )],
τ

(2)

where F̃(t|τ, Yτ ) = P(T > t|T > τ, Yτ ) denotes the failure-time distribution.
The above discussion can be summarised in the MDP framework by solving Bellman equation (Puterman 2009):

Yτ < y F ,
min{e−r d Ud (τ, Yτ ) + Wd (τ, Yτ ), c p + Vd (0, 0)},
Vd (τ, Yτ ) =
c f + Vd (0, 0),
Yτ ≥ y F ,

(3)
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Figure 3. Sample paths with or without random effect.

where τ = 0, d, 2d, . . ., Yτ ∈ R+ , Vd (τ, Yτ ) is the value function that represents the minimum total discounted cost with
initial state (τ, Yτ ), and Ud (τ, Yτ ) = E[Vd (τ + d, Yτ +d )|τ, Yτ ] is the expected value function after one-period transition
from state (τ, Yτ ). It is noted that Vd (0, 0) hence represents the minimum total costs, including PM, CM and downtime costs
in long-term operation, for a brand new unit.
In addition to the maintenance and downtime costs, whatever action the decision-maker chooses, inspection cost is always
incurred. Given inspection interval d, the total discounted inspection cost is:
S(d) =

∞

k=0

ci e−r kd =

ci
,
1 − e−r d

(4)

which monotonically decreases as d increases.
With the formulations of all costs, optimal maintenance policy can be obtained by a two-step approach. We first fix d,
solve Vd (0, 0) using value iteration algorithm (Puterman 2009) and obtain corresponding optimal action. Then we find an
inspection interval d such that S(d) + Vd (0, 0) is minimised. Our objective is to study how heterogeneity influences the
structure of such optimal policy.

3. Influence of heterogeneity on CBM policy
3.1 Gamma process with heterogeneity
To study the effects of heterogeneity in degradation, we first provide a background of gamma process with heterogeneity.
The gamma process is a natural choice to model degradation processes in which irreversible damage gradually occurs, such
as fatigue crack growth (Singpurwalla 1995). A gamma process describes a non-negative-valued sequence {Yt , t > 0} such
that:
(1) It starts from zero at time 0, i.e. Y0 = 0,
(2) the increments in disjoint time intervals Yt = Yt+ − Yt are independent,
(3) Yt follows a gamma distribution Ga((t + ) − (t), ω) with mean ω((t + ) − (t)) and variance ω2 ((t +
) − (t)),
where (t) is the transformed time scale function that monotonically increases, and (0) = 0. Intuitively, given (t), the
parameter ω controls both the degradation rate and volatility.
Following Lawless and Crowder (2004), to account for heterogeneity, we let ω be a random effect parameter. we assume
ω−1 follows a gamma distribution Ga(δ, γ −1 ) prior to any observations. Different units have independent realisations of ω,
therefore their degradation patterns are heterogeneous. Figure 3 demonstrates the difference of sample paths between using
constant and random ω.
Suppose now the degradation level Yt is observed along times t j , j = 1, 2, . . . , n. Let Y j = Yt j and  j = (t j ) for
notation simplicity. Given the observations Yn ≡ [Y1 , Y2 , . . . , Yn ] and corresponding time tn ≡ [t1 , t2 , . . . , tn ], applying
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Bayes’s rule leads to the result that ω−1 |Yn , tn still
 follows gamma distribution with updated parameters Ga(n +
δ, (Yn + γ )−1 ). Using the conditional distribution of ω−1 |Yn , tn , we can obtain the conditional distribution of Yn+1 by
marginalisation:

f (Yn+1 = y|ω−1 , Yn , tn ) f (ω−1 |Yn , tn ) dω−1
f (Yn+1 = y|Yn , tn ) =
=

(y − Yn )n+1 −n −1 (Yn + γ )n +δ
,
B(n+1 − n , n + δ)(y + γ )n+1 +δ

(5)

Where y > Yn and B(n+1 − n , n + δ) = (n+1 − n ) (n + δ)/ (n+1 + δ) is the beta function. It is readily shown
from Equation (5) that {Yt } is Markovian since Yn+1 |Yn , tn only depends on current observation Yn and tn . Therefore, we
could drop vector forms of Yn and tn in the remainder.
In addition, when failure threshold is specified as y F , given the fact that the unit is not failed at time tn , we can obtain
the conditional distribution of failure-time T :
P(T > tn+1 |T > tn , Yn ) = P(Yn+1 < y F |Yn < y F , tn ).

(6)

It is noted from Equation (5) that
n + δ
n+1 − n

y − Yn
Yn + γ

∼ F2n+1 −2n ,2n +2δ ,

(7)

where Fd1 ,d2 denotes F-distribution with parameters d1 , d2 . Thus, combining Equations (6) and (7) we obtain:
P(T > tn+1 |T > tn , Yn ) = F

(n + δ)(y F − Yn )
,
(n+1 − n )(Yn + γ )

(8)

where F is the cumulative distribution function of F2n+1 −2n ,2n +2δ . Using Equation (8) we can easily obtain the expected
down time cost Wd discussed in Equation (2).
3.2 Why heterogeneity matters
If degradation is modelled by gamma process without heterogeneity, the degradation increments are independently and
identically distributed as long as the time increments (after scale transformed) are equal. Mathematically, P(Yt1 +1 − Yt1 ≤
y) = P(Yt2 +2 − Yt2 ≤ y) holds for any t1 , t2 as long as (t1 + 1 ) − (t1 ) = (t2 + 2 ) − (t2 ). This implies that
whatever historical observations we record, the expected degradation rates in future remain the same. However, this property
is no longer valid when heterogeneity is present.
In Section 3.1, we describe modelling heterogeneity using random effect parameter ω. Since we update the distribution
of ω with historical observations, the degradation rate therefore also depends on the historical data. In detail, at age t, a unit
with a higher degradation level (larger yt ) means it is likely to degrade faster. Thus, we expect this unit would have a larger
degradation increment in the future. We formally state this intuition in Lemma 1 by means of stochastic order:
Lem m a 1 When heterogeneity is present, Yt+ − Yt |Yt is stochastically non-decreasing in Yt , i.e. Yt+ − Yt |Yt = y1 ≺
Yt+ − Yt |Yt = y2 provided y1 ≤ y2 ,
where ≺ denotes ‘stochastic smaller than’. A random variable X is said to be stochastic smaller than a random variable
Y if P(X ≤ t) ≥ P(Y ≤ t) ∀t. On the other hand, if a unit reaches a given degradation level y at a later time t, it is likely
to degrade slower. In this case, we expect its future degradation increments to be smaller. This intuition can also be stated by
stochastic order, as in Lemma 2:

Lem
m a 2 When heterogeneity is present, Yt+ − Yt |Yt is stochastically non-decreasing in t, i.e. Yt1 +1 − Yt1 |Yt1 = y ≺

Yt2 +2 − Yt2 |Yt2 = y provided t1 > t2 and (t1 + 1 ) − (t1 ) ≤ (t2 + 2 ) − (t2 ).
The proofs of Lemmas 1 and 2 are provided in Appendices 1 and 2. Figure 4 graphically illustrates the idea of these two
Lemmas.
3.3 Inﬂuence on the costs
Lemmas 1 and 2 establish a framework in which we could compare different units’ degradation rates based on historical
observations. In this subsection, we study how heterogeneity in degradation rate affects minimum total cost (Equation (3)).
For notation simplicity, we fix inspection interval, hence drop the subscript d in this subsection.
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We first investigate how heterogeneity Influences downtime cost (Equation (2)). Since the downtime cost is only incurred
if a failure occurs before next inspection, its quantity is determined by the distribution of failure-time. It can be easily seen
that no matter whether heterogeneity exits, when the current degradation level is larger, the unit is likely to fail at an earlier
time before next inspection and thus incurs higher downtime cost. As a result W (τ, Yτ ) increases with Yτ . On the other hand,
if given the same degradation level y:
• when heterogeneity does not exists, whenever the unit reaches y, its future degradation rate will not change and its
failure-time distribution is identical. Thus, W (τ, Yτ ) will not change with τ .
• when heterogeneity exists, if the unit reaches y at a later age, it degrades slower and is expected to have a later
failure-time. Thus, W (τ, Yτ ) decreases with τ .
These discussions can be summarised as Proposition 1 with detailed proof provided in Appendix 3.
Proposition 1 When heterogeneity is absent, the expected downtime cost W (τ, Yτ ) is a constant of τ , and non-decreasing
function of Yτ ; while if heterogeneity is present, W (τ, Yτ ) is non-increasing function of τ , and non-decreasing function of
Yτ .
Similarly, we could establish such monotone property of the cost function U (τ, Yτ ) and V (τ, Yτ ). Recall that Ud (τ, Yτ ) =
E[Vd (τ + d, Yτ +d )|τ, Yτ ]. The results are summarised in Proposition 2 with proof provided in Appendix 4.
Proposition 2 When heterogeneity is absent, the value functions V (τ, Yτ ) is constants of τ , and non-decreasing function
of Yτ ; while if heterogeneity is present, V (τ, Yτ ) is non-increasing function of τ , and non-decreasing function of Yτ .

3.4 Inﬂuence on the control limit
Propositions 1 and 2 enables us to explore the structure of the optimal maintenance policy. Because of the monotone property
of the cost functions, the optimal policy can be shown to have simplistic structure. In this subsection, we mainly study how
heterogeneity influences the structure of optimal policy.
We first describe the optimal maintenance policy. The optimal action at each inspection can be determined through the
value function (Equation (3)). More specifically, given y < y F , the optimal action a in state (τ, Yτ ) is:

PM,
e−r d U (τ, Yτ ) + W (τ, Yτ ) > c p + V (0, 0),
a(τ, Yτ ) =
No Action, otherwise.
This is equivalent to define a preventive control limit C L (τ ) = {Yτ : e−r d U (τ, Yτ ) + W (τ, Yτ ) = c p + V (0, 0)}, which is a
function of τ .
• Without heterogeneity, Propositions 1 and 2 show that W (τ, Yτ ) and U (τ, Yτ ) are constants of τ . Therefore, we
expect a constant control limit C L at all ages.
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Table 1. Cost parameters in numerical experiments.
Item

cf

cd

cp

ci

r

Value

60

5

15

0.25

0.01

• With heterogeneity present, both W (τ, Yτ ) and U (τ, Yτ ) decrease with τ because a unit reaches high degradation
level earlier is more likely to fail in the future. We would like to screen those units with higher degradation rate
earlier to reduce failure risk. Consequently, we expect a non-decreasing control limit C L (τ ) in τ .
The above intuitions are summarised in Theorem 1:
Theorem 1 Given periodic inspection interval d, when heterogeneity is absent, the optimal maintenance policy that
minimises V (0, 0) is a constant control limit policy; while if heterogeneity is present, the optimal maintenance policy is a
monotone control limit policy.
The corresponding proof is provided in Appendix 5. Next, we use numerical examples to demonstrate such influences
brought by heterogeneity.

4. Numerical experiment
4.1 Parameter settings
Let the unit degrade following gamma process with parameters (t) = t and ω. When heterogeneity is present, ω is random
effect parameter, and ω−1 follows gamma distribution Ga(δ, γ −1 ) with δ = 8, γ = 8. In comparison when heterogeneity
is absent, we fix ω−1 as constant ω−1 = δ × γ −1 = 1, which is the expected value of Ga(δ, γ −1 ). The unit fails when its
degradation level reaches the threshold y F = 10. To apply MDP to determine the optimal maintenance policy, we discretise
the continuous degradation state space into finite values to make the computation feasible. This discretisation is a common
practice in other similar studies (Elwany, Gebraeel, and Maillart 2011; Chen et al. 2015). Intuitively speaking, if we set
the state space to more discrete values, we will receive a more smooth maintenance control limit. A more smooth control
limit leads to an improved maintenance accuracy. But this improvement comes at a price that we need more computation
time because the size of the state-transition matrix gets much larger. From our industrial experience, because the failure
is degradation induced, rounding the control limit to a near value may not affect the total cost too much. Therefore we
suggest that practitioners can choose the discretisation strategy as a trade-off between accuracy and computation budget. For
demonstration purpose, in this study we set the degradation state space between 0 to 10, and discretise it to 50 values.
As discussed in Section 2.1, CM refers to the maintenance action taken when a unit encounters unexpected failure. This
failure does not necessarily cause the unit shutting down, but does critically affect the production and can damage the unit’s
physical condition. And for most of the time the reparation requires vendor’s intervention and assistance. Therefore, the CM
cost c f is usually very high. In addition to CM cost, the downtime cost cd accounts for the economic loss when the unit
is in failure status. For example, in semiconductor manufacturing, if a chamber (unit) is working in failure status, then all
wafers processed from this chamber will encounter yield loss which we refer to as the downtime cost. This downtime cost is
accumulated along time till the chamber is repaired and back to production, thus it is supposed to be calculated per unit time.
On the contrary, PM is scheduled and performed before the unit enters failure status. PM action involves replacing a few
machine components, and is usually performed by company’s own equipment team. Therefore, the PM cost c p is much lower
than the CM cost c f . Similarly, the inspection is also conducted by company’s own employees and its cost ci is even lower
than any maintenance costs. For demonstration purpose we set all cost parameters according to their orders, and summarise
them in Table 1.

4.2 Optimal maintenance policy
We first study the optimal maintenance policy given all parameter settings. The optimal policy can be obtained using the
value iteration algorithm. To make the computation feasible, we use a time horizon that is long enough to approximate infinite
horizon. Figure 5 shows the optimal maintenance policies for both cases with different inspection interval d. Regardless of
d, Figure 5(a) demonstrates that when heterogeneity exists, the optimal control limit is monotonically increasing along unit’s
age. In contrast, without heterogeneity, the optimal control limit is a constant as shown in Figure 5(b). Moreover, as we can
observe in both cases, when smaller d is used, the maintenance policy become less conservative with higher control limits.
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4.3 Optimal inspection interval
Next, we study optimal inspection intervals in both cases. The optimal inspection interval d ∗ can be found by minimising
inspection cost S(d) and value function Vd (0, 0):
d ∗ = arg min S(d) + Vd (0, 0),
d

(9)

which is only a one-dimensional optimisation problem. For any given d, Vd (0, 0) can be found using value iteration algorithm.
Derivative free search methods can be applied to find d ∗
It is obviously shown from Equation (4) that S(δ) is decreasing in δ. Intuitively speaking, less frequent inspections incur
lower inspection cost. In addition, we can also see that Vd (0, 0) is an increasing function of d. In particular, when d → ∞,
only down time cost will be counted towards the total maintenance cost while S(d) → 0. Figure 6 demonstrates how S(d)
and Vd (0, 0) change in d in both heterogeneous and homogeneous cases. As we can observe from two figures, while S(d)
approaches to 0 and Vd (0, 0) approaches to a constant, their sum has a minimum at d ∗ , which is the optimal inspection
∗
∗
interval. More specifically, with heterogeneity dhetero
= 0.5, while without heterogeneity dhomo
= 0.8. This implies that
when heterogeneity is present, more frequent inspections are expected to track the degradation in order to reduce failure and
downtime costs.
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4.4 Policy comparison
We are also interested in the consequence if we fail to consider the heterogeneity when it does exist. To study this scenario,
we design the following simulation study. We generate degradation data with heterogeneity in population. Using the optimal
intervals obtained in Section 4.3, we construct two control limits homo , hetero as shown in Figure 7. When we use homo
as control limit for heterogeneity population, the expected total cost is 214.51. On the contrary, using hetero the expected
total cost reduces to 195.73. This justifies the necessity of considering heterogeneity when establishing maintenance policy.

4.5 Sensitivity analysis of random effect parameter
Last but not least, we conduct sensitivity analysis to study how optimal maintenance policy varies in random effect parameter.
We fix the inspection interval d = 1. Table 2 summarises the random effect parameters we set during sensitivity analysis.
Recall that E[ω−1 ] = δ ×γ −1 , Var[ω−1 ] = δ ×γ −2 . This shows that in all settings, expected degradation rates keep identical.
Smaller values of δ and γ indicate larger variance of ω, thus the Low case has a larger heterogeneity. Figure 8 shows how
control limits vary when different parameters are used.
As we can observe from the figure that when heterogeneity is larger, the control limit turns out more steep. This is because
with larger heterogeneity, there is more uncertainty on the degradation rate. Our inference on the degradation heavily depends
on observations. Thus, we expect to screen out those units with high degradation level in early ages. On the other hand, as
heterogeneity reduces, we are more certain on the true degradation rate. Consequently, the control limit become less steep
and approach to a constant.
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Table 2. Summary of model parameters in sensitivity analysis.

δ
γ

Low

Base

High

2
2

8
8

20
20

5. Conclusion
In this article, we investigated how heterogeneity in degradation influences condition-based maintenance. We use gamma
process with random effect parameter to model heterogeneous degradation. The structure of optimal maintenance policy
was analysed. We found the optimal policy is a monotone control limit policy with heterogeneity present. In contrast, when
heterogeneity is absent, the optimal control limit is a constant. We conducted extensive numerical studies to demonstrate
such influences of heterogeneity.
Our study can extend to scenarios when imperfect inspection, aperiodic inspection, or imperfect repairs are considered
in the future.
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Appendix 1. Proof of Lemma 1


Firstly, we consider conditional gamma increment Yt+ − Yt = y|ω ∼ Ga(λ, ω), where λ = (t + ) − (t). For any 0 < ω1 < ω2 ,
we can obtain their likelihood ratio:


y
1
1
f (Yt+ − Yt = y|ω2 )
− y
λ−1 e− ω2
y
y λ−1 e ω1
=
λ
λ
f (Yt+ − Yt = y|ω1 )
(λ)ω
(λ)ω
2

=



1
1
ω1 λ
ω1 − ω2 y
·e
ω2

1

(A1)

Since ω1−1 > ω2−1 , the right-hand side of Equation (A1) is increasing in y. Therefore, by definition of likelihood ratio order (Shaked and
Shanthikumar 2007) we have:


(S1) Yt+ − Yt |ω1 ≺LR Yt+ − Yt |ω2 provided ω1 < ω2 ,
where ≺LR denotes ‘smaller than in likelihood ratio order’.


Secondly, we consider conditional distribution of ω given observation Yt at time t. In Section 3.1 we know ω−1 |Yt ∼ Ga(t +




δ, (Yt + γ )−1 ). For any y1 < y2 , we can obtain the likelihood ratio of ω−1 |Yt = y1 and ω−1 |Yt = y2 :
−1

(y + γ )t +δ / (t + δ) ω−(t +δ−1) e−(y1 +γ )ω
f (ω−1 |Yt = y1 )
= 1
−1
−1
f (ω |Yt = y2 )
(y2 + γ )t +δ / (t + δ) ω−(t +δ−1) e−(y2 +γ )ω

y1 + γ t +γ (y2 −y1 )ω−1
·e
(A2)
y2 + γ




The right hand side of Equation (A2) is increasing in ω−1 . Thus ω−1 |Yt = y2 ≺LR ω−1 |Yt = y1 . According to Shaked and
Shanthikumar (2007), we can show that
=

(S2) ω|Yt = y1 ≺LR ω|Yt = y2 provided y1 < y2 .
Thirdly, combining S1, S2 and according to Shaked and Shanthikumar (2007), we obtain:

P(Yt+ − Yt ≤ ỹ|Yt = y1 ) = P(Yt+ − Yt ≤ ỹ|Yt = y1 , ω) d F(ω|Yt = y1 )

≥ P(Yt+ − Yt ≤ ỹ|Yt = y2 , ω) d F(ω|Yt = y2 )
= P(Yt+ − Pt ≤ ỹ|Yt = y2 ),
This proves Lemma 1.

∀y1 < y2 .

(A3)
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Appendix 2. Proof of Lemma 2


The proof of Lemma 2 is similar to that of Lemma 1. Firstly, we consider conditional gamma increment Yt+ − Yt = y|ω ∼ Ga(λ, ω).
Let λ1 = (t1 + 1 ) − (t1 ) and λ2 = (t2 + 2 ) − (t2 ). For any λ1 ≤ λ2 and ω1 < ω2 , we obtain likelihood ratio:


y
y
f (Yt2 +2 − Yt2 = y|ω2 )
1
1
λ2 −1 e− ω2
λ1 −1 e− ω1
=
y
y
λ
λ
f (Yt1 +1 − Yt1 = y|ω1 )
(λ2 )ω 2
(λ1 )ω 1
λ

=

(λ1 )ω1 1
λ

(λ2 )ω2 2

2



· y λ2 −λ1 e

1
1
ω1 − ω2

1



y

(B1)

Since ω2−1 < ω1−1 , the right-hand side of Equation (B1) is increasing in y. As a result, we have:


(S3) Yt1 +1 − Yt1 |ω1 ≺LR Yt2 +2 − Yt2 |ω2 provided ω1 < ω2 .


Secondly, we consider conditional distribution of ω−1 |Yt . Let 1 = (t1 ) and 2 = (t2 ). Given Yt1 = Yt2 = y, for any t1 > t2 ,
we obtain the likelihood ratio:
−1

f (ω−1 |Yt1 = y)
(y + γ )1 +δ / (1 + δ) ω−(1 +δ−1) e−(y+γ )ω
=
−1
f (ω−1 |Yt2 = y)
(y + γ )2 +δ / (2 + δ) ω−(2 +δ−1) e−(y+γ )ω
(2 )
· (y + γ )1 −2 ω−(1 −2 )
=
(1 )

(B2)

Since 1 > 2 , the right hand side of Equation (B2) is increasing in ω−1 . Consequently, we obtain:


(S4) ω|Yt1 = y ≺LR ω|Yt2 = y provided t1 > t2 .
Thirdly, S3 and S4 collaboratively show that

P(Yt1 +1 − Yt1 ≤ ỹ|Yt1 = y) =
≥



P(Yt1 +1 − Yt1 ≤ ỹ|Yt1 = y, ω) d F(ω|Yt1 = y)
P(Yt2 +2 − Yt2 ≤ ỹ|Yt2 = y, ω) d F(ω|Yt2 = y)

= P(Yt2 +2 − Yt2 ≤ ỹ|Yt2 = y),

∀t1 > t2 .

(B3)


This proves Lemma 2.

Appendix 3. Proof of Proposition 1
Firstly, we prove the heterogeneous case. We first show that the expected downtime cost is non-decreasing in degradation level. In Section
3.1 we analyse the conditional failure-time distribution. Given current state (τ, Yτ ), the failure-time T has distribution:
P(T < t|Yτ ) = 1 − P(Yt < y F |Yτ ).

(C1)

According to Lemma 1, Yt |Yτ = y1 ≺ Yt |Yτ = y2 when y1 < y2 . This is equivalent to:
(S5) T |Yτ = y2 ≺ T |Yτ = y1 when y1 < y2 .
Since Equation (1) shows that ρ(T ) is a decreasing function of T , according to Shaked and Shanthikumar (2007) we can conclude:
W (τ, y1 ) = E[ρ(T )|Yτ = y1 ] ≤ E[ρ(T )|Yτ = y2 ] = W (τ, y2 ),

∀y1 < y2 .

(C2)

This proves that W (τ, Yτ ) is non-decreasing in Yτ .

 Similarly, we can show that the expected downtime cost is non-increasing in age. From Lemma 2, we know that Yt |Yτ1 = y ≺
Yt |Yτ2 = y when t > τ1 > τ2 . Equivalently, we have:


(S6) T |Yτ2 = y ≺ T |Yτ1 = y when τ1 < τ2 .
As a result, we can conclude that
W (τ2 , y) = E[ρ(T )|Yτ2 = y] ≤ E[ρ(T )|Yτ1 = y] = W (τ2 , y),

∀τ1 < τ2 .

(C3)

This proves that W (τ, Yτ ) is non-increasing in τ .


Secondly, we consider the homogeneous case. Recall that Yt1 +1 − Yt1 and Yt2 +2 − Yt2 are same in distribution for any t1 , t2
provided (t1 + 1 ) − (t1 ) = (t2 + 2 ) − (t2 ) and constant ω. Given y1 < y2 , we still have Yt |Yτ = y1 ≺ Yt |Yτ = y2 . Thus
S5 also holds, and W (τ, Yτ ) is non-decreasing in Yτ . Moreover, since age has no effect on degradation rate, W (τ, Yτ ) remains constant
in τ . This completes the proof.
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Appendix 4. Proof of Proposition 2
We first prove the heterogeneous case. We apply mathematical induction based on the value iteration algorithm (Puterman 2009). We
denote V k (τ, Yτ ) as the value function at the kth iteration.
Basis: In the initialising step, we set V 0 (τ, Yτ ) = 0, ∀τ, Yτ . Obviously V 0 (τ, Yτ ) is non-increasing in τ and non-decreasing in Yτ .
Hence Proposition 2 holds for V 0 (τ, Yτ ).
Induction step: Assume such monotone properties hold for V k (τ, Yτ ), then at (k + 1)th iteration, we have:

min{e−r d Ud (τ, Yτ ) + W (τ, Yτ ), c p + V (0, 0)},
Yτ < y F ,
k+1
(D1)
(τ, Yτ ) =
V
c f + V (0, 0),
Yτ ≥ y F ,

When Yτ < y F , since V k (τ, Yτ ) is non-decreasing in Yτ and Yτ +d |Yτ = y is stochastically non-decreasing in y, U k (τ, Yτ ) = E[V k (τ +
d, Yτ +d )|τ, Yτ ] is also non-decreasing in Yτ . Similarly, given the fact that V k (τ, Yτ ) is non-increasing in τ and Yτ +d |Yτ = y is nonincreasing in τ , we can conclude that U k (τ, Yτ ) is non-increasing in τ . In addition, recall that W (τ, Yτ ) is also non-increasing in τ and
non-decreasing in Yτ . With c p + V k (0, 0) being constant, V k+1 (τ, Yτ ) is non-increasing in τ and non-decreasing in Yτ as a consequence.
On the other hand when Yτ ≥ y F , V k+1 (τ, Yτ ) = c f + V k (0, 0) is also a constant. Hence the monotone properties hold for any τ and
Yτ .
We now conclude that V k (τ, Yτ ) is non-increasing in τ and non-decreasing in Yτ for all iteration k. Moreover, as k → ∞, V k (τ, Yτ )
will converge to V (τ, Yτ ) (Puterman 2009). Therefore the above monotone properties also hold for V (τ, Yτ ).
In the homogeneous case, the proof is very similar. We apply the above mathematical induction again, but assume V k (τ, Yτ ) is constant
in τ in the inductive step. Since W (τ, Yτ ) is also constant in τ in this case according to Proposition 1, we easily show that V k+1 (τ, Yτ ) is

constant in τ .This leads to the conclusion that V (τ, Yτ ) is constant in τ . This completes the proof of Proposition 2.

Appendix 5. Proof of Theorem 1
We first show that when heterogeneity exists, the optimal maintenance policy is a monotone control limit policy. Recall that the preventive
control limit is defined as
C L (τ ) = {Yτ : e−r d U (τ, Yτ ) + W (τ, Yτ ) = c p + V (0, 0)}.
(E1)
Assume there exists an π < y F such that e−r d U (τ, π ) + W (τ, π ) = c p + V (0, 0). Then ∀ψ ≥ π , we have e−r d U (τ, ψ) + W (τ, ψ) ≥
c p + V (0, 0) according to Propositions 1 and 2. This proves that such policy is a control limit policy.
In addition, assume there exits a ξ such that e−r d U (ξ, Yξ ) + W (ξ, Yξ ) = c p + V (0, 0). Then ∀ζ ≤ ξ , we have e−r d U (ζ, Yξ ) +
W (ζ, Yξ ) ≥ c p + V (0, 0) because both U (τ, Yτ ) and W (τ, Yτ ) are non-increasing in τ . This proves that the control limit C L (τ ) is
non-decreasing in τ .
On the other hand in homogeneous case, since both U (τ, Yτ ) and W (τ, Yτ ) are constant in τ , then ∀ζ  = ξ , we have e−r d U (ζ, Yξ ) +
W (ζ, Yξ ) = e−r d U (ξ, Yξ )+ W (ξ, Yξ ) = c p + V (0, 0). This proves that the C L (τ ) is constant is τ . This completes the proof of Theorem 1.


