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ABSTRACT

This paper addresses workload allocation for parallel machines
subject to stochastic degradation in order to improve main-
tenance synchronization. In such systems, maintenance ac-
tions are often performed simultaneously across machines,
which creates a trade off between premature maintenance and
unexpected failures. Existing workload allocation strategies

mainly focus on reducing failure probability or balancing degra-

dation but do not explicitly aim at synchronizing maintenance
conditions.

To address this issue, this paper proposes a framework com-
bining stochastic degradation modeling and workload opti-
mization. Machine degradation is modeled using a Gamma
process in which the degradation rate depends on the assigned
workload. A Sequential Quadratic Programming optimiza-
tion is used to dynamically allocate workloads in order to
maximize the probability that all machines reach the main-
tenance window defined by preventive and failure thresholds
at the same time. Remaining Useful Life estimates are used
to trigger workload reallocations and maintenance decisions.

Monte Carlo simulations compare the proposed strategy with
a deterioration based workload allocation method from the
literature. The results show that the proposed approach main-
tains a low proportion of corrective maintenance while achiev-
ing a high proportion of preventive maintenance with fewer
workload reallocations.

Sacha Todoskoff et al. This is an open-access article distributed under the
terms of the Creative Commons Attribution 3.0 United States License, which
permits unrestricted use, distribution, and reproduction in any medium, pro-
vided the original author and source are credited.

1. INTRODUCTION

Parallel machine systems are widely used in industrial en-
vironments where production continuity is critical. In this
paper, a parallel machine system refers to a set of machines
that can contribute to the same production requirement and
among which the workload can be redistributed. The ma-
chines are not assumed to be identical in terms of compo-
nents, degradation parameters, or health evolution. Instead,
each machine is represented by its own degradation model,
while the workload allocation variable defines the proportion
of the total production assigned to each machine. The pro-
posed framework therefore applies to systems in which oper-
ations are sufficiently substitutable to make workload redis-
tribution meaningful.

In many sectors, maintenance opportunities are rare and fixed
in advance, sometimes occurring only once or twice per year
due to operational or contractual constraints. During these
limited shutdown periods, all machines must be maintained
simultaneously to avoid production disruption and excessive
coordination costs.

This context creates a practical dilemma. Machines should
not be maintained too early, as this would waste useful life.
However, waiting too long increases the risk of unexpected
failures, which may reduce system capacity and compromise
production targets. The key challenge is therefore not only
to decide when to maintain each machine, but also to control
their degradation so that maintenance actions can be synchro-
nized without increasing failure risk.

Early work on predictive maintenance in multi-component
systems established condition-based and reliability-driven op-
timization frameworks (Van Horenbeek & Pintelon, 2013;
Tian & Liao, 2011). These models improved maintenance
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timing decisions but generally treated degradation trajectories
independently across units.

Stochastic degradation processes such as Wiener and Gamma
models have since been introduced to better represent cumu-
lative wear dynamics (Chen & Hao, 2025; Hao, Chen, &
Wang, 2025). In parallel, finite-horizon degradation control
strategies (Bjorsell & Dadash, 2021) have shown that work-
load adjustments can influence degradation evolution when
physical models are available.

Joint production—maintenance optimization approaches (Sharifi,

Ghaleb, & Taghipour, 2023; Askri, Zied, & Rezg, 2017) have
demonstrated the benefits of integrating operational and main-
tenance decisions. More recently, post-prognostics decision-
making strategies (Zuo, Cadet, Li, Berenguer, & Outbib, 2023;
Zuo et al., 2025) have shown that dynamic workload alloca-
tion can balance degradation across systems. However, the
explicit objective of synchronizing maintenance under fixed
and infrequent shutdown windows remains largely unexplored.

This paper addresses the challenge of synchronizing mainte-
nance actions under fixed shutdown windows while avoid-
ing premature maintenance and reducing the risk of unex-
pected failures. A unified framework is proposed that com-
bines stochastic degradation modeling using a Gamma pro-
cess with dynamic workload reallocation optimized through
Sequential Quadratic Programming (SQP). The objective is to
reduce dispersion in machine health states over time, so that
maintenance actions can be performed simultaneously while
minimizing corrective interventions and preserving system
reliability.

The paper is organized as follows. Section 2 reviews related
work in greater detail and clarifies the research gap. Section
3 presents the stochastic degradation model and maintenance
thresholds. Section 4 introduces the workload optimization
and maintenance decision framework. Section 5 discusses
the numerical experiments and the comparison with another
workload optimization from an article. Finally, Section 6 con-
cludes the paper and outlines future research directions.

2. LITERATURE REVIEW: FROM DEGRADATION MOD-

ELING TO WORKLOAD-CONTROLLED SYNCHRONIZA-

TION

This section reviews the main developments in degradation
modeling, maintenance optimization, and workload alloca-
tion for parallel systems. The presentation follows a pro-
gression from classical maintenance optimization to recent
health-aware operational control strategies.

Early research on maintenance optimization focused on multi-
component systems and condition-based policies. (Van Horen-
beek & Pintelon, 2013) proposed a dynamic predictive main-
tenance framework for complex systems, integrating degra-
dation information into maintenance decision-making. Simi-

larly, (Tian & Liao, 2011) developed a condition-based main-
tenance optimization model using a proportional hazards ap-
proach to compute conditional failure probabilities and mini-
mize long-term costs.

These contributions provide strong theoretical foundations for
maintenance planning under uncertainty. However, they gen-
erally consider system components from a reliability perspec-
tive and do not explicitly address workload redistribution in
parallel machine environments.

A multi-level decision-making perspective was later intro-
duced by Huynh et al. (Huynh, Barros, & Berenguer, 2015),
who structured predictive maintenance decisions across strate-
gic and operational levels. While this hierarchical framework
enhances coordination, it does not directly consider load bal-
ancing as a control variable for degradation synchronization.

To better represent real industrial systems, stochastic degra-
dation processes such as Wiener and Gamma models have
been widely adopted.

(Chen & Hao, 2025) proposed a condition-based operation

and maintenance strategy for load-sharing systems using a

Wiener process to model degradation. Their work shows how

workload directly affects degradation evolution and mainte-

nance timing. (Hao et al., 2025) further extended this ap-

proach by jointly optimizing operation and maintenance strate-
gies under hybrid load conditions.

These studies clearly demonstrate that workload allocation
influences degradation dynamics. However, the primary ob-
jective remains reliability improvement or cost reduction, rather
than explicitly steering multiple machines toward synchro-
nized maintenance thresholds.

As industrial systems became more integrated, researchers
began combining production scheduling and maintenance plan-
ning in parallel machine environments. (Sharifi et al., 2023)
developed a joint scheduling and maintenance optimization
model that accounts for deterioration, unexpected breakdowns,
and condition-based maintenance. (Askri et al., 2017) and
(Tarek, Zied, & Nidhal, 2017) proposed joint production—
maintenance strategies for parallel leased machines, minimiz-
ing operational and maintenance-related costs. In a related
study, the scheduling problem with deteriorating processing
times and periodic maintenance was addressed in (Pérez, Am-
bati, & Torres, 2018), emphasizing the interaction between
job sequencing and maintenance intervals.

These works show that integrating production and mainte-
nance decisions significantly improves overall system perfor-
mance. However, degradation is often modeled using sim-
plified failure rates or deterministic deterioration, and syn-
chronization of maintenance is typically imposed structurally
rather than induced through dynamic health control.

Beyond predictive maintenance, recent research has moved
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toward prescriptive maintenance strategies, where degrada-
tion information is actively used to guide operational deci-
sions. (Esposito, Castanier, & Giorgio, 2022) proposed a
prescriptive block replacement policy for degrading systems,
highlighting the economic benefits of grouped interventions.
However, the control of degradation dispersion across parallel
machines remains unaddressed.

Another important development concerns the integration of
prognostics into operational decision-making. (Herr, Nicod,
& Varnier, 2014) proposed a prognostics-based scheduling
approach that adapts task allocation across distributed plat-
forms using Remaining Useful Life (RUL) forecasts. (Sharifi
et al., 2023) also incorporated condition monitoring into joint
scheduling decisions.

More recently, (Zuo et al., 2023) developed a post-prognostics
decision-making strategy for load allocation in stochastically
deteriorating multi-stack systems. Their later work (Zuo et
al., 2025) extended this approach to jointly optimize load al-
location and maintenance scheduling in transportation sys-
tems. These studies demonstrate that dynamic load redistri-
bution can balance degradation and improve system reliabil-
ity.

Although these contributions effectively link health monitor-
ing with operational control, their objective functions focus
on reliability, availability, or cost minimization. They do not
explicitly aim to reduce degradation dispersion in order to
achieve synchronized maintenance under fixed shutdown win-
dows.

From a broader systems perspective, (Domingo & Aguado,
2015) introduced the Overall Environmental Equipment Ef-
fectiveness (OEEE) metric, emphasizing the importance of
integrating operational efficiency and sustainability. While
not directly focused on degradation control, this work high-
lights the need for coordinated decision-making across pro-
duction and maintenance dimensions.

Overall, the literature provides valuable building blocks: stochas-

tic degradation modeling (Chen & Hao, 2025; Hao et al.,
2025), predictive maintenance optimization (Van Horenbeek
& Pintelon, 2013; Tian & Liao, 2011), joint production and
maintenance scheduling (Sharifi et al., 2023; Askri et al.,
2017), and dynamic load allocation based on prognostics (Zuo
et al., 2023, 2025).

However, these elements are rarely combined with the ex-
plicit objective of actively reducing health dispersion among
parallel machines so that they reach maintenance thresholds
at approximately the same time. In systems where mainte-
nance windows are fixed, this synchronization objective be-
comes critical.

The present paper addresses this gap by integrating Gamma-
process degradation modeling with dynamic workload opti-

mization. The goal is not only to preserve reliability but also
to deliberately steer degradation trajectories toward conver-
gence, enabling simultaneous maintenance while minimizing
corrective interventions.

3. DEGRADATION MODEL AND MAINTENANCE THRESH-
OLDS

The degradation of each machine ¢ is modeled as a Gamma
process with shape parameter «; and scale parameter 3;. The
degradation variable D;(t) is defined at the machine level. It
can be interpreted either as the degradation of a critical com-
ponent or as an aggregated health indicator summarizing the
condition of several components. The degradation increment
AD;(7) at time step k - T is given by:

AD;(r) ~ gamma(;a; - Li(k - 7) - 7,8;), (1)

where L; (k- 7) is the workload of machine ¢ at time step k- 7,
and 7 is the time interval. The goal of the approach is to set
this load at the optimal value. The mean and variance of the
degradation increment are:

a; . a;
—Li(k-7)-7, Variance: 0* = —

Mean: @ = =
Bi ;

Li(k-7)-T.
2

The degradation level at the next time step can therefore be
expressed as:

Di((k+1)-7) = Di(k-7)+ AD;(7) (3)

Existing studies, such as those by (Zuo et al., 2023, 2025), of-
ten assume predefined maintenance thresholds (s,,) and fail-
ure thresholds (sy) to determine an optimal interval within
which maintenance should be performed. If a machine is
maintained before reaching s,,, part of its useful lifetime is
wasted, leading to unnecessary maintenance. Conversely, if
its degradation level exceeds sy, a failure occurs, thereby re-
ducing the system’s production capacity. The ideal strategy,
is to dynamically adjust the workload (L;(k - 7)) assigned to
each machine so that their degradation levels converge to the
interval [s,,, sf] at the time of simultaneous maintenance.

Maintenance actions are modeled at the machine level. When
a machine is maintained, it is assumed to be restored to an as-
good-as-new state with respect to the degradation indicator
considered in the model. This assumption can represent either
a full overhaul of the machine or the replacement of the criti-
cal component responsible for the machine-level degradation.
The objective of this paper is not to optimize component-level
replacement policies, but to study how workload allocation
can synchronize machine-level maintenance decisions.
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Figure 1 illustrates the degradation evolution of three ma-
chines modeled by Gamma processes with respective param-
eters «; and [3;, operating under an equal load of 1/3. The
green and magenta dotted lines denote the preventive and fail-
ure thresholds s,, and sy. Degradation is observed at eight
time steps with interval 7 = 10. At time 70, machine 1
exceeds the failure threshold and enters the red zone, corre-
sponding to failure and therefore to be strictly avoided. Ma-
chine 2 lies between s,, and sy, within the desirable range
for preventive maintenance (green zone). In contrast, ma-
chine 3 remains below s,,, performing maintenance at this
stage would lead to over-maintenance, corresponding to the
yellow zone.
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Figure 1. Degradation over time for 3 machines

A classical quantity in the maintenance optimization frame-
work is the RUL. We introduce the a—RUL percentile as the
time RU L; defines as:

P(D;(a—RUL;) < s5) =a (€]

The probability P(D;(a-RUL;) < sy) is computed using
the cumulative distribution function (CDF) of the Gamma
distribution and like in (4) it’s equal to a:

F (Sf — Dl(t + a*RULZ‘),Ozi . Lz(t) . (a*RULz),ﬁz) =a

)
where F' (Sf - Di(t + (L*RUYLZ)7 Q; - Ll(t) . (a*RULl), 51)
is the CDF of the Gamma distribution with shape k = «; -

L;(t) - (Tp — t) with Ty, the maintenance time and x =
sf — D;i(a—RULy):

F(I, k7/8i) =

B /m k=1 —B;-t
t it dt 6
rw Sy L€ ©

This value is used as a decision parameter to determine whether
workload reallocation should be performed and whether main-

tenance is required. If the minimum a—RU L; across all ma-
chines is less than the observation interval 7, the system stops
to avoid failure. If the difference between the maximum and
minimum RUL values exceeds a threshold s gy, workloads
are reallocated to balance the degradation rates across ma-
chines.

4. WORKLOAD OPTIMIZATION AND COMPARISON
METHODOLOGY

4.1. Workload Optimization Problem

The proposed approach uses workload allocation as a con-
trol variable to synchronize machine-level maintenance de-
cisions. Maintenance resources are assumed to be available
when a simultaneous maintenance action is triggered. Main-
tenance costs are not explicitly modeled in the current objec-
tive function, which focuses on maximizing the probability
of synchronized maintenance in the interval [s,,,s| at the
maintenance time 1;:

N N
Pys =[P =1 Plsm < Di(Tis) < 55) (D)

i=1 i=1

The probability P; that machine ¢ has a degradation level
within the interval [s,,,ss] at the maintenance time T/ is
given by:

P, = P(Di(T) < s¢) — P(Di(Tas) < sm)  (8)

The probability P; is computed using the CDF of the Gamma
distribution:

Py =F (s; — Di(t),c; - Li(t) - (Tar — 1), Bi)
I 9

—F (sm — Di(t), 0 - Li(t) - (Tar — 1), Bi)

The computation of P; assumes that the workload selected
at the current inspection time remains constant over [t, Ty].
This is a local prediction assumption. Since the optimization
could be repeated at each inspection time, future workload re-
allocations can still occur when new degradation observations
become available.

When computing products of probabilities, numerical insta-
bility may arise due to the accumulation of extremely small
values. During the optimization process, small improvements
or deteriorations in the objective value must be reliably de-
tected. However, multiplying many probabilities can gener-
ate values close to the limits of floating-point precision. To
mitigate this issue, the base-10 logarithm of the product is
used:
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Algorithm 1

1: Input: Current degradation levels Dy, workloads L;(k -
), thresholds s, sy, T, SruL
2: Output: Updated workloads L;((k + 1) - 7) or mainte-
nance decision
Compute a—RU L; for all machines:=1,..., N
if min(a—RUL;) > 7 then
if maxz(a—RUL;) — min(a—RUL;) > sgyy then
Reallocate workloads using SQP to maximize
log(P. sys)

SARSANE

7: Update L;(k - 7) with optimized workloads

8: else

9: Continue without workload reallocation

10: end if

11: Update degradation: D;((k+1)-7) = D;(k-7) +

12: else

13: Reallocate workloads using SQP to maximize
log(Psys)

14: Update L;(k - 7) with optimized workloads

15: if min(a—RUL;) < 7 then

16: Stop production for maintenance

17: else

18: Update degradation: D;((k+1)-7) = D;(k-7)+
AD;(7)

19: end if

20: end if

N
log(Psys) = Zlog P(sm < Di(Twm) < sf). (10)

i=1

The total workload allocated to all machines is constrained
to be equal to 1. The workload variable L;(t) is continuous
and represents the proportion of the total production demand
assigned to machine ¢. A value of 0 indicates that the machine
is temporarily stopped due to excessive degradation. So, the
workload allocation is subject to these constraints:

0< Lit) < 1. (11

> Li(t) =1,

As shown in equation (10), the maintenance time T3 is a
key parameter for evaluating the system probability. In the
proposed approach, several candidate maintenance times are
evaluated. It’s possible to perform a maintenance at each ob-
servation so we could try the optimization for a large set of
maintenance time.

To reduce the computational cost, the predicted remaining
useful life a—RU L; is used to define a relevant search inter-
val. Only candidate maintenance times between the minimum
and the maximum values of a—RU L; across all machines are
considered. The overall decision process of the proposed ap-
proach is summarized in Algorithm 1.

4.2. Comparison Methodology

The proposed approach is compared with the deterioration-
based strategy from (Zuo et al., 2023), which uses a deterio-
ration objective function to minimize:

Y1 (Dilk-7) - P(Di((k +1) -7) > s¢)
Z?:l Di(k “T)
tws - Var(D;((k+1)-71)),
(12)

Fdet:wl'

where P(D;((k + 1) - 7) > sy) is the probability of failure
at the next inspection. Var(D;((k+ 1) - 7)) is the Variance
of the degradation of all machines at the next inspection. The
optimization follows the same constraints as it is in the previ-
ous optimization and is detailed in (11).

The comparison focuses on the ability to balance degradation
rates across machines, the impact on the distribution of ma-
chines across corrective, preventive, and over-maintenance
categories, and the sensitivity to workload reallocation inter-
vals and maintenance thresholds. Two weighting parameters,
wy and we, are used to balance the influence of the degra-
dation level, the probability of failure, and the degradation
variability at the next step. In this paper, we do not attempt to
determine the optimal weights for our problem. Instead, we
assume that both parameters have equal influence and there-
fore set wq; = wy = 0.5.

The workload allocation is optimized using SQP. In the pro-
posed decision process, workload reallocation is only trig-
gered if the RUL dispersion exceeds the threshold sgy 1. This
trigger can be seen in Algorithm 1 in the second If, the dis-
persion is the difference between the highest and the lowest
value of a—RU L;. In the reference study, workload realloca-
tion is performed at every time step.

Another major difference concerns the maintenance decision
policy. In (Zuo et al., 2025) there is no predictive policy.
They propose a preventive maintenance when the degradation
is above the maintenance threshold and a corrective mainte-
nance when the degradation is above the failure threshold.
Whenever one machine exceeds the maintenance threshold,
simultaneous maintenance is performed for all machines.

To isolate the effect of the workload reallocation strategy from
the maintenance policy, a mixed approach is also considered.
In this configuration, workload reallocation is performed by
minimizing Fyeterioration, While simultaneous maintenance
is triggered when the minimum value of a—RU L; across all
machines becomes smaller than the observation interval 7.
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5. SIMULATION RESULTS AND SENSITIVITY ANALYSIS

The performance of the proposed maintenance strategy is eval-
uated through Monte Carlo simulations and compared with
the strategy proposed by (Zuo et al., 2023) and a mixed ap-
proach. The analysis focuses on the distribution of machines
among three maintenance categories: Corrective Maintenance
(CM), Preventive Maintenance (PM), and Over-Maintenance
(OM). Those distribution are evaluated in percentage.

The results are obtained from 1000 simulated lifecycles. Each
lifecycle starts from the beginning of the machines’ operation
and ends when a simultaneous maintenance action is trig-
gered. All simulations are initialized with D;(0) = 0 and
a uniform initial workload allocation L;(0) = 1/N. The fail-
ure threshold is fixed to sy = 100. Each Monte Carlo lifecy-
cle is generated using an independent random seed, and the
same seeds are used across the compared strategies.

Table 1. Gamma degradation parameters used in the numeri-
cal experiments

Machine (07 Bi al/ﬂl
1 6 3 2
2 16 6 267
3 45 2 225

Table 1 reports the Gamma parameters used in the numerical
experiments. The parameters are chosen so that the expected
degradation coefficient remains between 2 and 3 for all ma-
chines under unit workload, while preserving heterogeneous
degradation behaviors.

Each machine follows a stochastic degradation process char-
acterized by different Gamma shape and scale parameters in
order to represent heterogeneous degradation behaviors. Since
the machines operate in parallel and are expected to experi-
ence similar operating conditions, the mean degradation in-
crement was constrained between 2 and 3 so that the degra-
dation trajectories remain relatively close.

The experiments were conducted for systems composed of
multiple machines operating in parallel. In order to clearly
illustrate the behavior of the maintenance strategies, the fol-
lowing analysis focuses on a system composed of three ma-
chines. This configuration allows a clear comparison between
the different approaches while keeping the computational ef-
fort reasonable.

Different inspection intervals 7 were considered to analyze
the effect of observation and reallocation frequency on main-
tenance decisions. Table 2 presents the percentage of ma-
chines in each maintenance category for three representative
values of 7. The maintenance threshold is fixed to s,, = 90
and the system contains three machines. And the percentile
used for the a—RU L 1s 0.9, so it’s the 0.9-RU L.

The results show that increasing the inspection interval 7 leads

Table 2. Impact of the inspection interval 7 on mainte-
nance categories (s,, = 90, 3 machines, 1000 simulations,
0.9-RUL)

(Zuoetal., 2023) |
T CM PM oM
10 [ 0.005 0.820 0.175

15 | 0.064 0.765 0.171

20 | 0.173 0.621 0.206
Mixed approach ]

10 | 0.00T 0917 0.073

15 | 0.005 0.590 0.405
20 | 0.004 0.539 0457

Proposed approach
10 [ 0.0I3 0917 0.070
15 | 0.007 0.623 0.370
20 | 0.004 0.573 0422

to a noticeable increase in corrective maintenance for the strat-
egy proposed by (Zuo et al., 2023). This behavior is expected
since less frequent inspections increase the probability that
machines exceed the failure threshold between two observa-
tions.

In contrast, both the mixed strategy and the proposed SQP-
based approach show a much smaller increase in corrective
maintenance. Instead, a moderate increase in over-maintenance
can be observed as 7 increases. This indicates that the pro-
posed policy is more conservative, prioritizing early preven-
tive interventions over the risk of unexpected failures. From a
practical perspective, this behavior is desirable since the cost
of early maintenance is typically significantly lower than the
cost associated with machine failure.

To better understand the trends observed in Table 2, the dis-
tribution of the final degradation levels of all machines was
analyzed over the 1000 simulations and for the inspection in-
terval 7 = 15 and can be seen in Figure 2.

012 - Distribution for the 3 different method:

w

Zuo
Mixed
Proposed

0.1

0.08 -

0.06

0.04 -

0l ‘ :
75 80 85 0 95 1

Final degradation of machines

0 105 110

Figure 2. Distribution of the degradation of the machines at
maintenance time

The degradation distributions confirm the observations made
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in the previous table. When the inspection interval increases,
the degradation levels at the maintenance decision time be-
come more dispersed. As a consequence, the probability that
some machines exceed the failure threshold increases.

In contrast, the proposed and the mixed approach maintains
most machines below the failure threshold due to its conser-
vative maintenance policy, which explains the lower correc-
tive maintenance rates.

The maintenance threshold s,, directly controls the width of
the preventive maintenance window. To analyze its impact,
simulations were conducted with s,,, = 90 and s,,, = 85,
while keeping the inspection interval fixed at 7 = 15 and
considering three machines. And the percentile used for the
a—RULis 0.9, soit’s the 0.9-RU L.

Table 3. Impact of the maintenance threshold (7 = 15, 3
machines, 1000 simulations, 0.9—-RU L)

(Zuoetal., 2023) ]
sm | CM PM oM
90 [ 0.064 0.765 0.171
85 | 0.002 0.904 0.094

Mixed approach
90 [ 0.005 0.590 0.405
85 1 0.005 097 0.025
Proposed approach |

90 [ 0.007 0.623 0.370
85 | 0.006 0.957 0.037

The results show that decreasing the threshold from s,, =
90 to s, = 85 reduces the proportion of over-maintenance
while increasing the proportion of preventive maintenance.
In practice, several machines that were previously classified
as over-maintained when s,, = 90 fall into the preventive
maintenance category when s,,, = 85.

However, strategies that trigger maintenance as soon as at
least one machine exceeds s,,, tend to initiate maintenance ac-
tions too early, which increases the risk of unnecessary main-
tenance operations. That’s why the value of PM are less than
the 2 other methods.

Finally, the influence of the RUL threshold sgr, was inves-
tigated for the proposed strategy. This parameter determines
when load reallocations are triggered during the simulations.
Increasing the RUL threshold reduces the number of reallo-
cations performed during the simulations.

Table 4. Impact of the RUL threshold (7 = 15, s,,, = 90, 3
machines, 1000 simulations, 0.9—-RU L))

SRUL CM PM OM
Low threshold 0.005 0.965 0.030
Medium threshold | 0.006 0.950 0.044
High threshold 0.008 0.935 0.057

The results indicate that even with a limited number of reallo-
cations, the proposed approach still achieves effective main-

tenance optimization. This is particularly relevant from an
industrial perspective, since load reallocations or production
adjustments may introduce additional operational costs. The
proposed strategy therefore enables a compromise between
maintenance performance and operational stability.

To further analyze this trade-off, an additional indicator based
on load variability could be introduced in future work in order
to quantify the stability of the production system under the
proposed maintenance policy.

6. CONCLUSION AND PERSPECTIVES

This paper proposed an SQP-based maintenance optimiza-
tion strategy for systems composed of multiple degrading ma-
chines operating in parallel, aiming to maximize the probabil-
ity of simultaneous maintenance while limiting unnecessary
interventions. The approach was evaluated through Monte
Carlo simulations and compared with the strategy introduced
by (Zuo et al., 2023) as well as with a mixed approach. The
results show that the proposed method achieves performance
comparable to the reference strategy, with a low proportion
of corrective maintenance and a high proportion of preven-
tive actions. The main difference lies in the load realloca-
tion philosophy: while (Zuo et al., 2023) focuses on short-
term convergence of degradation trajectories, the proposed
method promotes long-term synchronization of maintenance
events. As a result, it does not require systematic load ad-
justments at each observation step, which is particularly ben-
eficial in industrial contexts where frequent adjustments may
induce operational costs or disrupt production. Overall, the
proposed strategy provides a practical compromise between
maintenance performance and operational stability.

Future work could focus on improving the observation policy
used in the maintenance framework. In the current formu-
lation, inspections are performed at fixed time intervals de-
fined by the parameter 7. A promising direction would be to
replace this fixed time step by an adaptive observation pol-
icy. In such a framework, the next inspection time could be
dynamically determined based on the predicted degradation
evolution and the expected benefit of a potential load reallo-
cation. This would allow the system to trigger observations
only when they are likely to improve the maintenance deci-
sion, potentially reducing monitoring costs while preserving
maintenance performance.
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