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In condition-based maintenance optimization, it is often assumed that the degradation process model is known,
so that classical paradigms, such as (Markov)-renewal theory or dynamic programming, can be adopted to find
this optimal policy. When degradation modeling becomes challenging, it is possible to learn such a policy directly
from maintenance data. Considering offline datasets, consisting of pre- and post-maintenance system states, actions
taken and associated costs, generated by various non-optimal behavior policies, our goal is to explore reinforcement
learning approach to extract better maintenance policies, without any further system condition monitoring informa-
tion. In the literature, offline reinforcement learning methods have been studied for maintenance optimization with
discounted reward metric and discrete degradation state space, but still received less attention when considering
continuous state space in the infinite horizon under the average reward metric. In this paper, we adapted a relative
Q-learning algorithm with function approximation to offline settings under the average reward metric and combined
it with data augmentation to learn higher performance policies from several maintenance datasets collected from
continuously degrading maintained systems. Numerous results under different data configurations show that a near-
optimal policy can be learned with relatively little data.

Keywords: condition-based maintenance, continuous state space, average reward, Markov decision process, rein-
forcement learning, relative Q-learning, function approximation, data augmentation, maintenance data

1. Introduction dation phenomena is assumed to be completely
known (Huynh, 2020) or can be updated on-the-
fly (Mosayebi Omshi et al., 2020) as the system
operates. The main challenges of this parametric
approach reside in the accuracy of degradation
modeling and the appropriate choice of a prede-
fined maintenance structure for a given system.
Another popular approach to develop CBM
policies is to formulate the maintenance prob-
lem as (semi)-Markov decision processes (MDPs)
(Puterman, 2005) to find the optimal policy. Un-
like the parametric approach, MDP-based meth-
ods typically do not assume any structure on the
policy, but search for a state-action mapping that
optimizes a certain performance metric. MDP-
based methods have proven their efficiency, espe-
cially for CBM problems where the state spaces
are discrete (Cheng and Zhao, 2023). An MDP
can be solved using dynamic programming meth-
ods (Bellman, 1984), which require a transition

Condition-based maintenance (CBM) is a class of
policies that rely on the degradation states of the
system to decide the maintenance activities. In ex-
isting comparative studies, CBM has been shown
to provide better performance than the traditional
time-based maintenance. Developing a CBM pol-
icy involves addressing two key issues: (i) when
to intervene on the system and (ii) what to do
at that intervention time, so that the maintenance
performance is optimized.

The parametric approach is a common way to
develop CBM policies whose predefined structure
is parameterized by some decision variables like
inspection rate, preventive maintenance or inven-
tory level thresholds (Zhang and Zeng, 2017).
Optimizing such structure returns to determine
the values of decision variables that optimize
certain performance metric. This approach usu-
ally relies on (Markov)-renewal theory and can

handle both discrete and continuous degradation
phenomena. Normally, the model of these degra-

model of the system degradation. When degra-
dation modeling is challenging, the optimal pol-
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icy can also be learned directly from data col-
lected from the system using reinforcement learn-
ing (RL) (Sutton and Barto, 2020). Indeed, RL
is a data-driven approach to guide a maintenance
decision maker (i.e., an agent) to learn an optimal
policy for a specific degrading system (environ-
ment) through interactions (see Fig. 1). Specit-

state s, |
Agent Environment
reward 7,41
I I new state s;
l action a;
Fig. 1. Typical reinforcement learning framework.

ically, at a decision epoch ¢, the agent will ob-
serve the current environment state s; and take
an action a; based on this observation. The en-
vironment will then respond with a new state
s¢+1 and a reward (cost) signal r44;. Using the
tuples (s, at, Se+1,74+1), the agent seeks a pol-
icy that optimizes a performance metric, such as
the expected long-term total discounted cost or
the long-term average cost. This framework has
been successfully applied to develop CBM poli-
cies across various sectors, including manufactur-
ing (Paraschos et al., 2020), aircraft maintenance
(Hu et al., 2021), and fuel cells management (Zuo
et al., 2025). Working without a transition model,
RL usually requires a substantial amount of data
through online interaction with the environment.
The aim of this interaction process is twofold. On
the one hand, it allows the agent to explore un-
charted regions of the state-action space, looking
for better state-action pairs. On the other hand, it
allows the agent to self-correct its policy based on
newly acquired data (Rezaeifar et al., 2022). How-
ever, in many maintenance settings, such inten-
sive exploration is not only time-consuming and
costly, but also causes additional damage to the
considered system. Therefore, as illustrated in Fig.
2, it is crucial to learn an efficient maintenance
policy without any further online interaction with

the environment (i.e., using only historical offline
data). Offline RL is a promising approach for this
goal.

Parametric approach

Environment
Dataset model
Online RL approach
. Policy

Policy
learning

Online
interaction

Offline RL approach

Fig. 2. Main approaches for policy learning.

Is it possible? N Policy
learning

A

In offline RL, the agent solely learns from a
fixed dataset, hence does not require real-time
interactions with the environment. This dataset
may be collected from expert advice, maintenance
activities issued by suboptimal behavior policies,
or both. The goal is to develop a maintenance
policy that outperforms these behavior policies,
in line with the principles of off-policy learning
(Sutton and Barto, 2020, Section 5.4). Two main
methods are usually adopted to achieve such a
maintenance policy in offline RL: value-based and
policy constraint (Levine et al., 2020). The former
learns the value function in a pessimistic way to
reduce the bias estimation of the value function
due to missing data points. Meanwhile, the latter
directly constrains the policy to not differ signifi-
cantly from the behavioral policy.

In the CBM literature, offline RL has received
less attention compared to its online counterpart.
Moreover, it has been mostly studied for mainte-
nance optimization with discounted reward metric
and discrete degradation state space. Considering
continuous state space in the infinite horizon un-
der the average reward metric, this paper focuses
more specifically on learning maintenance poli-
cies from limited historical data in offline settings
(see e.g., maintenance data of cylinder liners of
marine engines (Giorgio et al., 2015)). To this end,
we adapt the relative (-learning algorithm with
function approximation developed in (Yang et al.,
2024) to offline settings under the average reward
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metric, combining it with data augmentation to
learn higher performance policies. We conduct the
proposed method with data collected from con-
tinuously degrading systems maintained by differ-
ent behavior maintenance policies: random policy,
mixture of multiple suboptimal policies and one
suboptimal policy. The results confirm that a near-
optimal policy can be learned with relatively lim-
ited data.

The remainder of this paper is organized as fol-
lows. Section 2 introduces an improved average-
reward relative ()-learning method with function
approximation for continuous state space in of-
fline settings. Section 3 describes the maintained
system of interest and shows how to collect the
data. We experiment with the proposed method in
Section 4. Finally, some conclusions and perspec-
tives are discussed in Section 5.

2. Approximated relative QQ-learning

In this section, we first introduce the basic con-
cepts of (Q-learning under the average-reward met-
ric, then present the relative (-learning for dis-
crete and continuous state spaces, and finally sug-
gest an adapted version for offline settings.

Let us denote M as an MDP defined by a tuple
(S, A, r,p), where

e S is the state space representing all possible
degradation states s of the system,

e A is the action space consisting of all possible
actions that the agent can take,

e r is the immediate cost function for taking ac-
tion a in state s then transitioning to a state s’,

e p is the transition function defining the proba-
bility of transitioning from state s to a region
HcCS. ie,p:SxA— Pr(H).

A deterministic policy 7 is a mapping 7 : § —
A that prescribes the action a to be taken by the
agent when in state s, such that 7(s) = a. Under a
policy 7, the long-term average cost is defined as

T—1
. 1
J(ﬂ') = lim T]Eﬂ |:Z Tt4+1 | So =S (1)

T—o00
t=0

The goal of the learning agent is to find an optimal
policy 7* that satisfies J(7*) < J(m) for all
policies 7.
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In value-based RL, the agent learns the action
value function () and uses this function to de-
rive the optimal policy. Specifically, for a policy
7 assessed under the average cost metric, given
the current state s and the current action a, the
(relative) action value function () measures the
expected total differences between the actual cost
and the average cost J ()

T—1

Qn(s,a)=lim E D (rigr—J(m) | s,a] . )

t

The @ function satisfies the Bellman equation
(Bellman, 1984)

Qr(s,a) =7(s,a) — J(m)+
Eyp(ls.a) [@n (s m(s)], ()
where 7(s,a) = E[r(s,a, s") | s, a] stands for the
expected cost of taking action a in state s. For
the optimal policy 7*, the optimal action value

function, denoted as @*, satisfies the following
Bellman optimality equation

Q*(s,a) =7(s,a) — J(7*)+
IES/NP(.‘S’Q) [H,lll/n Q* (5/7 a/)], 4)
Subsequently the optimal policy can be derived as
m*(s) = argmin Q* (s, a). Defining the Bellman
a

operator as

B(Q)(s,a) =7(s,a)+
min {Eyp(.js.0)[Q(s',a)]}, (5)

then we can approximate the value of Q* by re-
cursively applying the Bellman operator 5 in the
following manner (Mahadevan, 1996)

Q¥ (s,a) = B(QW)(s,a). ©

However, as mentioned by Puterman (2005), this
Bellman operator is not numerical stable as the
value of Q(s,a) can diverge linearly after each
iteration. To obtain a more stable approximation,
White (1963) suggested regularizing the () value
at each iteration by using the relative update

Q(k+1)(57 CL) =
B(Q(k))(s, a) — mbin {Q(k)(sref7 b)} )
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where s™f is an arbitrary reference state.

In RL settings, the transition models are typi-
cally unknown. Consequently, to estimate the )
functions, the expectation in the Bellman operator
(5) is replaced by samples collected from the inter-
action with the environment. This approach leads
to the formulation of the widely-used (Q-learning
update (Sutton and Barto, 2020, Chapter 6)

Qi (s,a) = QW) (s,a)+
a - (Q" M (s,a) —QW(s,a)), (8)

where « is a small scalar called the learning rate.
This iterative update scheme is effective for dis-
crete state spaces with a limited number of ele-
ments. However, it becomes impractical for large
or continuous state spaces, as visiting all state-
action pairs is infeasible, and some pairs may
never be revisited for updates. To address this lim-
itation, Yang et al. (2024) proposed leveraging the
assumption that the @-function is Lipschitz con-
tinuous by using the values of neighboring state-
action pairs to update their Q-values. This ap-
proach enables a new update scheme where almost
all visited state-action pairs are updated, and can
thus serve as the foundation of the average-reward
relative QQ-learning (ARQL) algorithm for contin-
uous state spaces. Various function approximation
methods, such as support vector regression (SVR)
(Smola and Scholkopf, 2004), can then be applied
to the available state-action pairs to estimate the
@-function for other pairs. The readers are invited
to refer to Yang et al. (2024) for the mathematical
convergence analysis and the algorithm of ARQL.

The original ARQL algorithm is an off-policy
algorithm developed for online learning. When the
data space is not fully covered, the online inter-
action with the environment can help to fill the
state space, making the ARQL algorithm effec-
tive. However, in many maintenance settings, such
intensive interactions with the considered system
are usually very costly and may result in addi-
tional system damage. To remedy this issue, aug-
mented data can be generated using the available
information from the existing dataset. Unlike the
original data, these synthesized data can lead to
bias in the learning process and should be regular-

ized. Inspired by Fujimoto and Gu (2021), mini-
mal adjustments are added into the original ARQL
algorithm to enable its application in offline set-
tings. Specifically, a so-called safety weight A is
introduced into the update formula for augmented
data, leading to the following expression of the
Q@Q-learning update

Qr(J:vJ/rl)(& a) =X (Q(k) (Sa a)+
a- QP (s,a) — QW (s,a))). (9)

This hyperparameter A reflects the degree of con-
fidence in the augmented data, making the Q-
learning update more conservative towards avail-
able original data. In practical implementations, it
is typically set above 1 in minimization problems,
and the higher the value of A > 1, the more the )
values of augmented data reflect their higher risk.

3. System and maintenance dataset

We consider a single-unit system subject to con-
tinuous degradation, eventually leading to ran-
dom failures. The system degradation process
is modeled as a homogeneous gamma process
HGP(«, B) with shape parameter o > 0 and scale
parameter § > 0 (Van Noortwijk, 2009). The
system fails when its degradation exceeds a non-
acceptable fixed failure threshold L. The degrada-
tion and failure are assumed not self-announcing,
so that periodic inspections with unit cost c; are
required to reveal the system states. Do nothing
(DN) and as-good-as-new replacement are the two
actions available at each inspection time. Depend-
ing on the working or failure state, the system
can be replaced either preventively or correctively.
Each preventive replacement (PR) costs cp >
cr, while each corrective replacement (CR) costs
cc > cp, and both includes already inspection
cost. Besides, when the system fails, additional
cost should be accounted for the downtime inter-
val D from the failure time to the next inspection
time at cost rate cp > 0.

The above maintenance problem can be for-
mulated as an MDP M, where the elements in
the tuple (S, A, r,p) are defined as follows. The
state space S represents the possible degradation
levels of the system. The action space A consists
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of DN, PR, and CR. The general cost function
paid at time ¢ + 1 is defined as (s, at, St41) =
c(ar) + cp - E[D | 8¢, aq, $¢41], where a; denotes
an action in the space A at time ¢, c(a;) is the
associated cost (i.e., ¢y, cp or ¢¢) at time t, and
cp - E[D | st aq,Si41] stands for the expected
benefit loss due to potential downtime during the
time interval [t,¢ + 1]. The transition model p is
derived by the probability computation based on
the homogeneous gamma process HGP(«, 3). Tt
is worth noting that the above MDP model only
serves for data generation and does not require
in our adapted ARQL algorithm for maintenance
policy learning. In fact, the optimal policy for
this continuous-state MDP has been proven to be
of a control limit structure. Indeed, as illustrated
in Fig. 3, the DN action is performed when the
system degradation level is below a threshold M™,
while the PR action is triggered when it belongs
to the degradation interval [M*, L). Please refer
also to Tran et al. (2024) for more details. Once

Action

DN

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Degradation level

Fig. 3. Optimal policy for the CBM problem with
homogeneous gamma process.

a maintenance policy p, referred to as the be-
havior policy, is provided by the manufacturer,
the maintenance engineer follows this policy to
maintain the system and collects a dataset D. As
illustrated in Table 1, each data point in D is a
tuple (s, ag, Se+1,7¢41). Moreover, the behavior
policy p is not necessarily optimal. For instance,
4 may be a control limit policy where the preven-
tive replacement threshold M does not equal the
optimal threshold M *. Additionally, the dataset D
may combine data from multiple behavior poli-
cies. The objective is to leverage D to learn an
improved policy that minimizes the long-term av-
erage cost.
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Table 1. Samples from the dataset.
St at St+1 Tt+1
0 DN 6.5059 2
6.5059 PR 4.3533 50
16.8721 CR 2.9015 100
9.4331 DN 12.7057 2

4. Adapted ARQL implementations and
numerical results

We present in this section two scenarios of dataset
generation and the corresponding results of the
adapted ARQL algorithm. For the case where
the data coverage is not sufficient, we propose
a data augmentation technique to generate addi-
tional data points for the underrepresented actions.
The results demonstrate the effectiveness of the
proposed method in learning the optimal policy
from historical data.

For the mentioned maintenance problem, the
parameters are set as follows: a = 1, § = 1,
L = 15, ¢; = 2, cp = 50, c¢ = 100, and
cp = 75. Inspections are conducted at regular
intervals of At = 2.5 time units. The optimal
preventive replacement threshold is M* ~ 10.8
and can be found with the approximate relative
value iteration algorithm (Tran et al., 2024).

4.1. ARQL with random policy and mixed
non-optimal policies

We first address the situation where data points
adequately cover the state-action space by consid-
ering two types of behavior policies j to generate
the dataset:

e Random policy: If the degradation level at in-
spection is below the failure threshold L, the
maintenance action is selected randomly be-
tween DN and PR with equal probability. We
denote the policy and this dataset as pur and
D,., respectively.

e Control limit policies: Several control limit
policies, denoted 5y with M € {8,9,13,14},
are employed to create separate datasets of
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e Do nothing
Preventive replacement
% Corrective replacement

Q value
-
ut

0.0 25 50 7.5 10.0 125 15.0 17.5
Degradation state

PR

Action

DN

0.0 25 50 7.5 10.0 12,5 150 17.5
Degradation state

Fig. 4. Learned () function and target policy for
dataset generated by random policy.

equal size. These datasets are subsequently
combined to form the final mixed dataset D,,,, .

It is important to note that, except for the random
policy, all other control limit policies are non-
exploratory in nature. We limit the size of both
D, and D,,, to 100 data points for testing pur-
poses. This is relatively small compared to that
used in existing studies employing online learning
methods, which often involve hundreds of thou-
sands of interactions. Dataset D,,, and D,,,, are
then used to train the ARQL algorithm to learn
the target () functions. Since all Q-functions in
this maintenance problem can be shown to be
non-decreasing, this study employs SVR with a
polynomial kernel of degree 3 as the function
approximation method.

Figure 4 and Figure 5 depict the target Q-
functions and corresponding target policies for
D#R and D#M ’
distinct @-function paths represent the actions
DN, PR, and CR. For any state s, the -values,
Q(s,-), can be compared, with the action associ-
ated with the lowest ()-value identified as optimal.
The resulting optimal policy exhibits a control

respectively. In these figures, three

150
¢ Do nothing
125 +  Preventive replacement
Corrective replacement
100 e
[
= .
é 75 e
50 £ +
25
0 _ _
0.0 25 50 7.5 10.0 125 15.0 17.5
Degradation state
CR omee
c
.0
< PR
<
DN
0.0 25 50 75 100 125 15.0 17.5
Degradation state
Fig. 5. Learned () function and target policy for

dataset generated by control limit policies.

limit structure, consistent with the findings of dy-
namic programming. The preventive replacement
thresholds for these datasets are M,, = 10.1
and M,,, = 10.3, both of which are close ap-
proximations of the optimal threshold M *. These
results demonstrate the effectiveness of the ARQL

algorithm in learning the optimal policy.

4.2. ARQL with single non-optimal policy
and data augmentation

For datasets generated using a single control limit
behavior policy, particularly when the preventive
replacement threshold M < M™*, the learning
algorithm may fail to approximate Q(-, DN). This
occurs because no data points exist for the DN
action when the degradation level exceeds M.
Figure 6 illustrates the learned (Q-function for
a dataset generated using a single control limit
policy with M = 5. The algorithm is unable to
learn (-, DN) due to the overly conservative PR
threshold, which prevents the collection of data
for DN and CR actions. As a result, the learning
agent cannot reliably decide whether DN is safe
or if PR should be deployed in the region [M, L).
To address this issue, we propose a data augmen-
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« Do nothing
125 +  Preventive replacement
Corrective replacement

Q value
-1
Ut

0.0 25 50 7.5 100 125 15.0 175
Degradation state

Fig. 6. Learned (@ function for dataset generated using
a single control limit policy (M = 5).

tation technique to generate additional DN data
points within this region. Exploiting the properties
of the HGP—a jump process with independent
increments between consecutive time steps—we
define the set

- St+1 — St
HE=<4]6=
St+1

which contains all possible increments derived
from tuples (s, as,s¢41) in D. For each pair
(s¢, PR) in the dataset, a “virtual” jump of size
¢ ~ = can be sampled to generate an augmented
data point (8¢, DN, 8,41, 7¢y1), where §; = s; and
S¢+1 = S¢ + &. This process is repeated iteratively
to populate the desired state space region. The
augmented data point must also include the as-
sociated cost 7,1 for the DN action. Calculating
the expected downtime cost when §;,; exceeds
the failure threshold L without knowing the MDP
dynamics can be challenging. However, given the
constant degradation rate of the HGP, we can
assume a linear degradation trajectory between
S¢ and S;41, the expected downtime can be ap-
proximated using elementary geometric principles
(Fig. 7). When using augmented data in the ARQL
algorithm, the ()-values of the augmented data
points are assigned higher safety weights A to
account for their synthetic nature. We generate
25% additional data points (equivalent to 25 data
points) for the DN action. Figure 8 illustrates the
learned Q-function for the augmented dataset. The
target policy derived from the augmented dataset

ifat = DN,
if a; = PR or CR
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’;t At

Fig.7. Computing the expected downtime for the aug-
mented data point.

yields a PR threshold of M, = 8, representing a
significant improvement over the original behav-
ior policy.

250
Do nothing
+  Preventive replacement
200 x  Corrective replacement
2 150
©
>
<100
50
0 . - -
0.0 25 50 7.5 10.0 125 15.0 17.5
Degradation state
Fig. 8. Learned @ function with augmented data
points.

Table 2 presents the long-run average cost rates
for different policies. The conservative policy in-
curs a significantly higher cost than the optimal
M*, while the learned policies from the random
and mixed datasets perform near-optimally with
only slight cost increases. The augmented dataset
policy improves upon the conservative one but
remains suboptimal. These results confirm the ef-
fectiveness of ARQL and data augmentation in
learning near-optimal policies.

Table 2. Comparison of long-run average costs J(-)
for different preventive replacement thresholds.

M* M M., My, M,
508  7.92 5.18 5.16 5.79
155.91% 11.97% 11.57% 1 14.00%
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5. Conclusion and perspectives

In this paper, we have presented an offline RL
approach to learn maintenance policies from his-
torical data. Results show that even with limited
data, if the dataset adequately covers the state-
action space and the action space is manageable,
near-optimal policies can be learned. The pro-
posed data augmentation technique can be used to
generate additional data points for actions that are
underrepresented in the dataset. Future work will
focus on extending the proposed method to more
complex systems with multiple components and
heterogeneous degradation rates.
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