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INTRODUCTION

Decarbonizing the global electricity sector 
stands as one of the defining imperatives of the 
twenty-first century, and wind energy has emerged 

as a cornerstone technology in this transition. 
From modest beginnings in the early 1980s, when 
individual turbines rarely exceeded 50–100 kW 
of installed capacity, the sector has undergone 
a transformation of extraordinary magnitude. 
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ABSTRACT
Wind turbine gearbox degradation driven by lubricating oil contamination represents one of the most environmen-
tally and economically consequential challenges facing modern wind energy operations. This study proposes two 
optimized maintenance strategies designed to extend gear train service life, reduce hazardous waste generation, 
and lower the carbon footprint inherent to conventional intervention practices. The first strategy employs continu-
ous oil contamination monitoring. When particulate concentrations exceed a predefined limit, production output is 
temporarily reduced to enable oil filtration, preserving lubricant integrity without full system shutdown. Repeated 
limit violations ultimately trigger a complete gear train overhaul. The second strategy introduces a non-ideal 
preventive maintenance framework (imperfect maintenance), initiated each time the contamination limit is sur-
passed. This strategy explicitly incorporates the environmental costs attributable to filtration operations. Each such 
intervention partially reduces the gearbox failure rate, reducing it to an intermediate level situated between the 
existing deteriorated state and that of a newly commissioned equipment. After N such interventions, full renewal 
is performed. This approach quantifies and minimizes the environmental costs embedded within each maintenance 
cycle. Two analytical models are developed. The first determines the economically optimal replacement peri-
odicity and the second jointly optimizes the number of imperfect maintenance action and logistical scheduling. 
Numerical simulations and sensitivity analysis are conducted to compare both strategies. The results demonstrate 
that each maintenance strategy can be more advantageous depending on key criteria such as gearbox reliability, 
preventive maintenance costs and replacement expenses. From a practical standpoint, this work provides wind 
farm operators with clear, actionable decision rules. The imperfect maintenance strategy significantly reduces 
total costs compared to conventional periodic replacement. Sensitivity analysis reveals operational thresholds: 
when filtration costs are high, operators should reduce the number of imperfect interventions; when renewal costs 
dominate, increasing preventive interventions before full replacement becomes economically beneficial. The study 
provides wind farm operators with adaptable, optimized solutions tailored to their financial and operational speci-
ficities, contributing to more reliable and cost-effective wind energy production.
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Driven by decades of interdisciplinary innovation 
spanning aerodynamic design, composite mate-
rial engineering, power conversion electronics, 
and intelligent control architectures, contempo-
rary turbines routinely deliver outputs measured 
in multiple megawatts, with cutting-edge offshore 
platforms now eclipsing the 15 MW threshold. 
This relentless upscaling has not only expanded 
energy yield per installation but has also pro-
foundly improved the ecological credentials of 
wind generation by maximizing electricity output 
per unit of embedded material and land use [1,2]. 
The environmental dividends of this expansion 
are considerable. Global cumulative wind capac-
ity surpassed 1,200 GW in 2025, displacing an 
estimated 2.3 billion tonnes of CO₂ annually — 
a quantity on par with the total yearly emissions 
of several major European industrial nations [3]. 
Beyond direct emissions avoidance, the prolifera-
tion of wind energy contributes to the structural 
decarbonization of energy-intensive industries, 
which historically depend on heterogeneous gen-
eration portfolios to balance cost volatility and 
supply continuity. Research by Guendouli [4] 
demonstrates that industrial operators under sus-
tained energy price pressure increasingly pursue 
diversified procurement strategies, deliberately 
assimilating renewable generation to attenuate 
both carbon intensity and expenditure exposure 
[5]. This progressive transition towards an energy 
mix combining different energy sources ensures 
both energy security and reduced emissions in 
energy-intensive sectors. From a market perspec-
tive, the global wind electricity sector reached a 
valuation of USD 132 billion in 2025, expanding 
at a compound annual rate of 12% [6–8]. This tra-
jectory is underpinned by the continued decline in 
the per-unit electricity cost of wind power genera-
tion, which now positions wind power as the most 
price-competitive non-hydroelectric renewable 
source globally [9]. Prospective analyses, par-
ticularly those conducted by Madvar and Gola-
bek [10,11], anticipate a further 15% reduction 
in operational expenditures by 2030, attributable 
primarily to advances in maintenance engineer-
ing and asset management methodologies. Yet the 
ecological promise of wind energy is not uncon-
ditional. The gearbox (the mechanical interface 
coupling the slow-rotating rotor to the high-speed 
generator within the turbine drivetrain) [12,13], 
constitutes a persistent and environmentally sig-
nificant vulnerability. Gearbox failures are among 
the most resource-intensive events in wind turbine 

operation: they necessitate the deployment of 
heavy-lift crane systems, the mobilization of spe-
cialized personnel, the disposal of large volumes 
of contaminated lubricating oil, and ultimately 
the manufacturing of replacement components. 
All of which carry substantial carbon and materi-
al footprints. Prevailing maintenance paradigms, 
which condition intervention upon the observable 
deterioration of isolated components, consistent-
ly fail to anticipate failure cascades, resulting in 
unplanned outages that compound both economic 
losses and environmental costs through emer-
gency logistics and accelerated waste generation. 
The present study introduces a novel analytical 
methodology focused on the systematic assess-
ment of lubricating oil contamination, wherein 
the concentration of metallic particulates and 
water content functions as a dependable proxy 
for the degradation state of mechanical compo-
nents [14]. Upon the detection of contamination 
levels exceeding critical thresholds, defined in 
accordance with the ISO 4406:2025 standard 
[15], the proposed model enables the optimiza-
tion of gearbox replacement intervals by integrat-
ing both direct maintenance expenditures and 
indirect costs associated with production losses. 
In parallel, we develop an adaptive preventive 
maintenance strategy that, whenever contamina-
tion thresholds are breached, triggers targeted 
interventions aimed at progressively reducing the 
failure rate without requiring a complete turbine 
shutdown. The optimal frequency of these inter-
ventions is determined through a mathematical 
modelling framework that incorporates realistic 
operational constraints, including team mobili-
zation lead times and the availability of special-
ized equipment. Both frameworks are grounded 
in mathematical models that explicitly incorpo-
rate environmental cost terms alongside conven-
tional economic variables, establishing a rigorous 
basis for sustainability-oriented decision-making 
in wind farm operations. The remainder of this 
article is structured as follows. 

BACKGROUND

The operational reliability of wind turbine 
gearboxes has attracted sustained scholarly atten-
tion, with large-scale field studies consistently 
identifying the gearbox as the component exert-
ing the greatest influence on unplanned down-
time per failure event [12,13]. This consequence 
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stems from the extraordinary logistical complex-
ity and resource intensity inherent to gear train 
repair and replacement operations. Beyond their 
economic toll, such events carry measurable 
environmental externalities: each unplanned 
overhaul typically necessitates the disposal of 
several hundred to over one thousand liters of 
contaminated lubricating oil, the replacement of 
saturated filtration media, and the mobilization of 
carbon-intensive heavy-lift crane systems. Costs 
that conventional maintenance frameworks sys-
tematically fail to internalize.

Lubricating oil integrity has emerged as the 
primary determinant of gearbox longevity and a 
critical lever for both economic and environmen-
tal performance optimization. The progressive 
accumulation of metallic wear debris, principally 
iron particles released by deteriorating gear flanks 
and copper particles from bearing cage materials, 
engenders a self-reinforcing abrasive degrada-
tion cycle that exponentially accelerates surface 
deterioration. Foundational tribological research 
[16] has established that particulate concentra-
tions exceeding 50 ppm for contaminants above 
10 µm in diameter reduce rolling element bear-
ing fatigue life by approximately 40%. Investiga-
tions by Martins and Pulikollu [17,18] attribute 
more than 75% of premature failures in contem-
porary wind farms to oil contamination, generat-
ing considerable maintenance expenditure. More 
recent studies conducted under the auspices of the 
National Renewable Energy Laboratory (NREL) 
confirm that particulate contamination constitutes 
one of the primary drivers of mechanical failure, 
accounting for approximately 40% of premature 
breakdowns [19,20].

A comparative investigation encompassing 
150 wind farms distributed across Europe dem-
onstrates that the deployment of spectrometric 
oil analysis can yield a 30% reduction in mainte-
nance expenditures while simultaneously enhanc-
ing turbine operational availability [21]. These 
conclusions are further substantiated by Zou et al. 
[13], who conducting continuous surveillance of 
iron and copper concentrations within lubricating 
oil of offshore wind turbines, which successfully 
enabled the anticipation of a significant propor-
tion of bearing failure events.

Within the domain of maintenance optimiza-
tion modelling, several frameworks have been 
proposed for wind turbine gearboxes. Aafif et 
al. [22] developed optimal preventive mainte-
nance strategies grounded in periodic renewal 

theory, demonstrating the sensitivity of optimal 
replacement intervals to Weibull shape param-
eters and renewal costs. Their subsequent work 
[23] extended this framework to integrate gear-
box design decisions within the maintenance 
optimization problem, coupling reliability model-
ling with lifecycle cost analysis. Zheng et al. [24] 
incorporated wind speed effects into a preventive 
maintenance optimization model for wind tur-
bines via a Cox proportional hazards formula-
tion, establishing the methodological precedent 
that the present work extends. Gasmi et al. [25] 
proposed a general repair and proportional haz-
ards framework for complex repairable systems, 
providing theoretical grounding for the imperfect 
maintenance modelling adopted here. Although 
this reference predates the wind energy context, 
its methodological contribution to proportional 
hazards modelling remains widely recognized 
and directly applicable. Moreover, recent case 
studies reinforce the relevance of our approach. 
Martins and Romão [26] show that wind turbine 
gearbox failures often cascade from lubrication 
issues, material voids, and heat treatment defects, 
problems that reactive maintenance fails to antic-
ipate. Similarly, Frederiksen et al. [27] demon-
strate that for offshore wind farms, the optimal 
maintenance cost is achieved not by preventing 
all downtime events, but by accepting a small 
residual risk (between 2 and 3%). However, nei-
ther study integrates explicit environmental costs 
(lubricant disposal, CO₂ emissions) into their 
optimization. The present work directly extends 
these recent findings by incorporating ecological 
criteria into a unified, mathematically rigorous 
maintenance framework.

Notwithstanding these advances, a criti-
cal structural gap pervades the extant literature. 
Table 1 presents a systematic comparison of the 
most relevant published works along four dimen-
sions: (i) inclusion of a wind speed covariate in 
the failure rate model, (ii) imperfect preventive 
maintenance modelling, (iii) oil contamination 
threshold as the maintenance trigger, and (iv) 
explicit quantification of environmental costs 
within the objective function.

Table 1 reveals that, to the best of the authors’ 
knowledge, no published study simultaneously 
integrates: (i) a wind speed–dependent failure 
rate modelled via the Cox proportional hazards 
framework, (ii) imperfect preventive mainte-
nance triggered by oil contamination threshold 
exceedances, and (iii) quantified environmental 
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costs, encompassing lubricant disposal, filter 
waste, and logistical carbon footprint, within a 
unified optimization objective. This triple inte-
gration constitutes the primary scientific contri-
bution of the present work. The environmental 
cost term is grounded in the EU27 Environmental 
Prices Handbook [28], which provides monetized 
unit costs for hazardous liquid waste disposal and 
associated CO₂ emissions, enabling rigorous and 
reproducible environmental cost quantification.

The present work responds directly to this 
gap by embedding environmental cost terms 
alongside conventional economic variables with-
in mathematically rigorous optimization models, 
advancing a holistic and operationally applicable 
framework for wind turbine gearbox maintenance.

OPTIMAL RENEWAL STRATEGY

Analytical model

In this article, the following notation con-
ventions are applied uniformly. Lowercase Latin 
subscripts (i, j) denote cumulative indices. The 
symbol (×) denotes scalar multiplication and also 
dimensional products involving physical units. 
The baseline hazard rate is denoted λ0(t) when 
referring solely to the age-dependent Weibull 
component, and λ(t, j) when referring to the com-
plete failure rate conditioned by wind speed. All 
time variables are expressed in weeks unless oth-
erwise stated.

Within this strategy, the expression for total 
cost per unit time depends on the renewal period 
T, serving as the primary decision variable of the 
optimization problem. Three cost components 
are integrated. The first pertains to the costs asso-
ciated with oil filtration operations, comprising 
direct intervention expenditures, environmen-
tal costs incurred by the filtration process [28], 
and financial losses attributable to the transient 

reduction in production output during filtration 
phases. The second component corresponds to 
the full average cost of gear train renewal, incor-
porating not only the price of the new equip-
ment but also the substantial associated logisti-
cal expenses. These include the transportation of 
specialized technical teams, the rental of heavy 
equipment (large-capacity cranes, etc.), as well 
as commissioning and dismantling costs. Filtra-
tion operations, while temporarily restoring the 
lubricating properties of the oil and maintaining 
production at nominal capacity, have no effect on 
reducing the intrinsic wear rate of the gearbox’s 
mechanical components. Therefore, in our math-
ematical model, we will systematically consider 
these filtration interventions as minimal repairs, 
preserving the immediate functional state but 
not influencing the progressive degradation of 
the system. This modelling convention faith-
fully reflects documented wind farm operational 
reality, wherein each contamination-filtration 
cycle represents a discrete stage in the progres-
sive aging of the speed reducer until cumulative 
irreversible deterioration ultimately necessitates 
complete system renewal.

The gear train failure rate  is represent-
ed  through a Weibull distribution augmented 
by a wind speed covariate, introduced via the 
Cox Proportional Hazards (PH) model. This 
formulation yields a failure rate function that 
is both age-dependent and environmentally 
responsive, more accurately capturing the sto-
chastic operational reality of wind turbines 
than conventional fixed-parameter approaches. 
The Cox PH model  has been widely adopted 
in  wind energy reliability analysis. Zheng et 
al. [24] used this approach to characterize risk 
functions  of systems alternating between nor-
mal and severe operating environments, while 
Gasmi et al.  [25] incorporated it  into a main-
tenance optimization framework for hydro-
electric turbines. The present work adopts this 

Table 1. Comparative analysis of related literature

Reference Wind speed covariate Imperfect PM Oil contamination trigger Environmental cost

Aafif et al. [22], 2022 No Yes No No

Aafif et al. [23], 2024 No Yes No No

Zheng et al. [24], 2020 Yes No No No

Gasmi et al. [25], 2003 No Yes No No

El-Naggar et al. [19], 2023 No No Yes No

Present work Yes Yes Yes Yes
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modelling architecture to jointly capture the 
influence of turbine age and prevailing wind 
speed on gear train failure rate.

Wind speed characterization

Wind speed at a given site exhibits well-docu-
mented periodic variations driven by seasonal and 
meteorological cycles. For the purpose of analyti-
cal tractability within a maintenance optimization 
framework, and following the approach adopted 
by Zheng et al. [24]. This sinusoidal representation 
of wind speed was originally proposed by Zheng to 
capture seasonal wind variability in maintenance 
optimization models. The novelty of the present 
work lies in its integration with oil contamination 
thresholds, imperfect maintenance modeling, and 
explicit environmental cost accounting.

The equation for wind speed is given by the 
following expression:

	

 

▪  
 

𝑉𝑉(𝑡𝑡) = 𝑉𝑉𝑉𝑉 + 𝐴𝐴 × 𝑆𝑆𝑆𝑆𝑆𝑆 2𝜋𝜋𝜋𝜋
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where:	V₀ is the mean wind speed (m/s), A is the 
amplitude of seasonal variation (m/s), t 
is the elapsed time (weeks), and Tc is the 
period of oscillation (weeks).

This formulation is not intended to repli-
cate stochastic turbulence; rather, it captures 
the dominant periodic trend of wind resource 
variability at seasonal timescales, which is the 
primary driver of long-term fatigue loading on 
gearbox components. The sinusoidal represen-
tation of wind speed is a deliberate simplifica-
tion for analytical tractability. Real wind speeds 
are stochastic and turbulent, exhibiting rapid 
fluctuations that are challenging to incorporate 
directly into a closed‑form maintenance optimi-
zation model. However, for gearbox fatigue life 
assessment and long‑term maintenance plan-
ning, the dominant driver is the  seasonal vari-
ability  of wind resource (e.g., higher average 
wind speeds in winter months, lower in sum-
mer) rather than short‑term turbulence [24]. The 
sinusoidal model captures this seasonal trend 
while ignoring high‑frequency stochastic varia-
tions, which have a second‑order effect on the 
cumulative fatigue damage of gear train com-
ponents. This approximation is standard in the 
wind energy maintenance literature [24,29] and 
its parameters (V₀, A, Tc) are straightforwardly 
estimated from monthly or weekly wind speed 
averages recorded at the turbine site.

Wind speed discretization

To enable numerical computation of the 
failure rate integral, the continuous wind speed 
process V(t) is discretized using a standard 
approach [24, 28] whereby wind speeds are 
grouped into intervals of width 2 m/s. Each 
interval [Vᵢ, Vf] is represented by its midpoint 
J. This discretization technique is convention-
al in wind energy reliability modeling and is 
employed here for computational tractability, 
not as a claimed novelty.
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𝛼𝛼)
𝛽𝛽

) × (𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸) + (𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿)

𝑇𝑇  
 

(5) 

 
 

Lc = [
𝐿𝐿𝐿𝐿1 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈  [𝐿𝐿𝐿𝐿 − 𝑚𝑚𝑚𝑚𝑚𝑚, 𝐿𝐿𝐿𝐿1]

𝐿𝐿𝐿𝐿2 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈ ]𝐿𝐿𝐿𝐿1, 𝐿𝐿𝐿𝐿2] 
𝐿𝐿𝐿𝐿3 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈ ]𝐿𝐿𝐿𝐿2, 𝐿𝐿𝐿𝐿 − 𝑚𝑚𝑚𝑚𝑚𝑚]

] 

 

(6) 

 
 

 𝑇𝑇𝑇𝑇𝑇𝑇(𝑁𝑁, 𝑃𝑃) = 𝑇𝑇ℎ𝑒𝑒 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 [𝑇𝑇𝑇𝑇(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶)]
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑜𝑜𝑜𝑜 𝑎𝑎 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 [𝐷𝐷(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶)] 

 

(7) 

 

𝑇𝑇𝑇𝑇 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = (∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋1 − 𝛾𝛾1
𝑋𝑋1

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴1(𝛾𝛾1)𝑑𝑑𝛾𝛾1 + ∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋2 − 𝛾𝛾2

𝑋𝑋2

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴2(𝛾𝛾2)𝑑𝑑𝛾𝛾2

+ ⋯ ∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋𝑁𝑁 − 𝛾𝛾𝑁𝑁
𝑋𝑋𝑁𝑁

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑁𝑁(𝛾𝛾𝑁𝑁)𝑑𝑑𝛾𝛾𝑁𝑁) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)

+ ((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿) 

 (8) 

 

𝑇𝑇𝑇𝑇 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = 𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿 × ∑(𝑓𝑓𝑖𝑖(𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖

𝑁𝑁

𝑖𝑖=1
) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)

+ ((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿 ) 

 (9) 

 

	 (2)

where:	Vᵢ and Vf denote the lower and upper 
bounds of the interval, respectively. For 
example, a wind speed within [0, 2] m/s is 
assigned J = 1 m/s, and within [3, 5] m/s, 
J = 4 m/s.

Failure rate model: Weibull baseline with 
Cox proportional hazards

The gear train failure rate is modelled by 
combining a Weibull baseline hazard function, 
capturing age-dependent wear progression, with 
a Cox proportional hazards term, capturing the 
multiplicative effect of the prevailing wind speed 
on that baseline rate. The failure rate function 
conditioned on wind speed class J is: 
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𝛼𝛼)
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 𝑇𝑇𝑇𝑇𝑇𝑇(𝑇𝑇) =
(𝑒𝑒𝜃𝜃×𝐽𝐽 × (𝑇𝑇

𝛼𝛼)
𝛽𝛽

) × (𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸) + (𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿)
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(5) 

 
 

Lc = [
𝐿𝐿𝐿𝐿1 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈  [𝐿𝐿𝐿𝐿 − 𝑚𝑚𝑚𝑚𝑚𝑚, 𝐿𝐿𝐿𝐿1]

𝐿𝐿𝐿𝐿2 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈ ]𝐿𝐿𝐿𝐿1, 𝐿𝐿𝐿𝐿2] 
𝐿𝐿𝐿𝐿3 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈ ]𝐿𝐿𝐿𝐿2, 𝐿𝐿𝐿𝐿 − 𝑚𝑚𝑚𝑚𝑚𝑚]
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(6) 

 
 

 𝑇𝑇𝑇𝑇𝑇𝑇(𝑁𝑁, 𝑃𝑃) = 𝑇𝑇ℎ𝑒𝑒 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 [𝑇𝑇𝑇𝑇(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶)]
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑜𝑜𝑜𝑜 𝑎𝑎 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 [𝐷𝐷(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶)] 

 

(7) 

 

𝑇𝑇𝑇𝑇 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = (∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋1 − 𝛾𝛾1
𝑋𝑋1

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴1(𝛾𝛾1)𝑑𝑑𝛾𝛾1 + ∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋2 − 𝛾𝛾2

𝑋𝑋2

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴2(𝛾𝛾2)𝑑𝑑𝛾𝛾2

+ ⋯ ∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋𝑁𝑁 − 𝛾𝛾𝑁𝑁
𝑋𝑋𝑁𝑁

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑁𝑁(𝛾𝛾𝑁𝑁)𝑑𝑑𝛾𝛾𝑁𝑁) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)

+ ((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿) 

 (8) 

 

𝑇𝑇𝑇𝑇 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = 𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿 × ∑(𝑓𝑓𝑖𝑖(𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖

𝑁𝑁

𝑖𝑖=1
) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)

+ ((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿 ) 

 (9) 
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𝐿𝐿𝐿𝐿2 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈ ]𝐿𝐿𝐿𝐿1, 𝐿𝐿𝐿𝐿2] 
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𝑋𝑋𝑁𝑁

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑁𝑁(𝛾𝛾𝑁𝑁)𝑑𝑑𝛾𝛾𝑁𝑁) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)

+ ((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿) 

 (8) 

 

𝑇𝑇𝑇𝑇 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = 𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿 × ∑(𝑓𝑓𝑖𝑖(𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖

𝑁𝑁

𝑖𝑖=1
) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)

+ ((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿 ) 

 (9) 

 

	 (3)

In this model, contamination threshold 
exceedances are assumed to occur according to 
a non-homogeneous Poisson process (NHPP) 
with intensity function λ (t, j). A key property of 
an NHPP is that the expected number of events 
over the interval [0, T] equals the integral of the 
intensity function over that interval. Hence, the 
expected number of contamination threshold 
exceedances over a renewal cycle [0, T] is:

	

 

▪  
 

𝑉𝑉(𝑡𝑡) = 𝑉𝑉𝑉𝑉 + 𝐴𝐴 × 𝑆𝑆𝑆𝑆𝑆𝑆 2𝜋𝜋𝜋𝜋
𝑇𝑇𝑇𝑇  

 
 

(1) 

 
 

𝐽𝐽 =
𝑉𝑉𝑖𝑖 + 𝑉𝑉𝑓𝑓

2  
 

(2) 

  
 

λ(t, j) 𝑑𝑑𝑑𝑑 = 𝑒𝑒𝜃𝜃×𝐽𝐽 × 𝜆𝜆0(𝑡𝑡) 𝑑𝑑𝑑𝑑 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝜆𝜆0(𝑡𝑡) = (𝛽𝛽
𝛼𝛼) ( 𝑡𝑡

𝛼𝛼)
𝛽𝛽−1

 
 

(3) 

 
 

∫ λ(t, j) 𝑑𝑑𝑑𝑑
𝑇𝑇

0
= 𝑒𝑒𝜃𝜃×𝐽𝐽 × ∫ 𝜆𝜆0(𝑡𝑡) 𝑑𝑑𝑑𝑑

𝑇𝑇

0
= 𝑒𝑒𝜃𝜃×𝐽𝐽 × (𝑇𝑇

𝛼𝛼)
𝛽𝛽

 

 

(4) 

 
 

 𝑇𝑇𝑇𝑇𝑇𝑇(𝑇𝑇) =
(𝑒𝑒𝜃𝜃×𝐽𝐽 × (𝑇𝑇

𝛼𝛼)
𝛽𝛽

) × (𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸) + (𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿)

𝑇𝑇  
 

(5) 

 
 

Lc = [
𝐿𝐿𝐿𝐿1 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈  [𝐿𝐿𝐿𝐿 − 𝑚𝑚𝑚𝑚𝑚𝑚, 𝐿𝐿𝐿𝐿1]

𝐿𝐿𝐿𝐿2 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈ ]𝐿𝐿𝐿𝐿1, 𝐿𝐿𝐿𝐿2] 
𝐿𝐿𝐿𝐿3 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈ ]𝐿𝐿𝐿𝐿2, 𝐿𝐿𝐿𝐿 − 𝑚𝑚𝑚𝑚𝑚𝑚]

] 

 

(6) 

 
 

 𝑇𝑇𝑇𝑇𝑇𝑇(𝑁𝑁, 𝑃𝑃) = 𝑇𝑇ℎ𝑒𝑒 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 [𝑇𝑇𝑇𝑇(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶)]
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑜𝑜𝑜𝑜 𝑎𝑎 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 [𝐷𝐷(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶)] 

 

(7) 

 

𝑇𝑇𝑇𝑇 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = (∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋1 − 𝛾𝛾1
𝑋𝑋1

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴1(𝛾𝛾1)𝑑𝑑𝛾𝛾1 + ∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋2 − 𝛾𝛾2

𝑋𝑋2

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴2(𝛾𝛾2)𝑑𝑑𝛾𝛾2

+ ⋯ ∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋𝑁𝑁 − 𝛾𝛾𝑁𝑁
𝑋𝑋𝑁𝑁

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑁𝑁(𝛾𝛾𝑁𝑁)𝑑𝑑𝛾𝛾𝑁𝑁) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)

+ ((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿) 

 (8) 

 

𝑇𝑇𝑇𝑇 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = 𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿 × ∑(𝑓𝑓𝑖𝑖(𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖

𝑁𝑁

𝑖𝑖=1
) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)

+ ((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿 ) 

 (9) 

 

	

	

 

▪  
 

𝑉𝑉(𝑡𝑡) = 𝑉𝑉𝑉𝑉 + 𝐴𝐴 × 𝑆𝑆𝑆𝑆𝑆𝑆 2𝜋𝜋𝜋𝜋
𝑇𝑇𝑇𝑇  

 
 

(1) 

 
 

𝐽𝐽 =
𝑉𝑉𝑖𝑖 + 𝑉𝑉𝑓𝑓

2  
 

(2) 

  
 

λ(t, j) 𝑑𝑑𝑑𝑑 = 𝑒𝑒𝜃𝜃×𝐽𝐽 × 𝜆𝜆0(𝑡𝑡) 𝑑𝑑𝑑𝑑 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝜆𝜆0(𝑡𝑡) = (𝛽𝛽
𝛼𝛼) ( 𝑡𝑡

𝛼𝛼)
𝛽𝛽−1

 
 

(3) 

 
 

∫ λ(t, j) 𝑑𝑑𝑑𝑑
𝑇𝑇

0
= 𝑒𝑒𝜃𝜃×𝐽𝐽 × ∫ 𝜆𝜆0(𝑡𝑡) 𝑑𝑑𝑑𝑑

𝑇𝑇

0
= 𝑒𝑒𝜃𝜃×𝐽𝐽 × (𝑇𝑇

𝛼𝛼)
𝛽𝛽

 

 

(4) 

 
 

 𝑇𝑇𝑇𝑇𝑇𝑇(𝑇𝑇) =
(𝑒𝑒𝜃𝜃×𝐽𝐽 × (𝑇𝑇

𝛼𝛼)
𝛽𝛽

) × (𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸) + (𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿)

𝑇𝑇  
 

(5) 

 
 

Lc = [
𝐿𝐿𝐿𝐿1 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈  [𝐿𝐿𝐿𝐿 − 𝑚𝑚𝑚𝑚𝑚𝑚, 𝐿𝐿𝐿𝐿1]

𝐿𝐿𝐿𝐿2 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈ ]𝐿𝐿𝐿𝐿1, 𝐿𝐿𝐿𝐿2] 
𝐿𝐿𝐿𝐿3 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈ ]𝐿𝐿𝐿𝐿2, 𝐿𝐿𝐿𝐿 − 𝑚𝑚𝑚𝑚𝑚𝑚]

] 

 

(6) 

 
 

 𝑇𝑇𝑇𝑇𝑇𝑇(𝑁𝑁, 𝑃𝑃) = 𝑇𝑇ℎ𝑒𝑒 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 [𝑇𝑇𝑇𝑇(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶)]
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑜𝑜𝑜𝑜 𝑎𝑎 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 [𝐷𝐷(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶)] 

 

(7) 

 

𝑇𝑇𝑇𝑇 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = (∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋1 − 𝛾𝛾1
𝑋𝑋1

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴1(𝛾𝛾1)𝑑𝑑𝛾𝛾1 + ∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋2 − 𝛾𝛾2

𝑋𝑋2

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴2(𝛾𝛾2)𝑑𝑑𝛾𝛾2

+ ⋯ ∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋𝑁𝑁 − 𝛾𝛾𝑁𝑁
𝑋𝑋𝑁𝑁

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑁𝑁(𝛾𝛾𝑁𝑁)𝑑𝑑𝛾𝛾𝑁𝑁) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)

+ ((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿) 

 (8) 

 

𝑇𝑇𝑇𝑇 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = 𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿 × ∑(𝑓𝑓𝑖𝑖(𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖

𝑁𝑁

𝑖𝑖=1
) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)

+ ((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿 ) 

 (9) 

 

	 (4)

where:	 α > 0 is the Weibull scale parameter, β > 
0 is the Weibull shape parameter, J is the 
representative wind speed of the current 
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interval, and θ is the Cox regression coef-
ficient, quantifying the sensitivity of the 
failure rate to wind speed. 

This formulation has been validated in wind 
energy reliability analysis by Zheng et al. [24] and 
in general repairable systems by Gasmi et al. [25]. 
The regression coefficient θ is estimated from 
operational failure data using maximum likeli-
hood estimation. There are several methods for 
estimating θ, namely:
	• An estimation from failure data using a 

graphical method or the maximum likelihood 
method.

	• From the literature, such as [24] with θ ∈ [0.2, 
0.6] for gears and bearings.

Notation and total expected cost per unit 
time (Strategy 1)

The objective is to minimize the long-run 
average cost per unit time, a standard criterion in 
renewal processes. For a renewal cycle of length 
T, the total expected cost consists of two parts:
	• Variable costs: the expected number of filtra-

tion operations ∫ λ(t, j) dtT
0    multiplied by the 

unit cost per filtration, Anf (Average nominal 
filtering time) (Arl × Anf + Afc + Ec).

	• Fixed renewal cost: (Acr + Lc), incurred once 
per cycle at time T.

Dividing the total expected cost per cycle 
by the cycle length T yields the average cost per 
unit time. This cost function TEC(T) is convex 
in T, guaranteeing a unique global minimum. The 
optimal λ(t) baseline hazard rate of the gear train 
(t denotes the elapsed time between consecutive 
exceedances of the critical oil contamination 
threshold) AnfT* is therefore obtained by mini-
mizing TEC(T).

The total expected cost per unit time TEC(T), 
the objective function to be minimized with 
respect to the renewal period T – see Equation (5).

The first term of the numerator represents 
the product of the average unit cost per filtration 
operation encompassing, production losses and 
direct intervention expenditures and the expected 
number of contamination threshold exceedanc-
es occurring within a single renewal cycle. The 

second term captures the total average renewal 
cost, comprising both the gear train acquisition 
price and the associated logistical expenditures.

Numerical example for the renewal strategy

All mathematical analyses underlying the pres-
ent study were carried out using MATHEMATICA 
software, version 11.2, which made it possible 
to efficiently implement the optimization model 
thanks to its advanced symbolic computing capa-
bilities to accurately process the anticipated total 
cost equation and manipulate the complex integral 
expressions necessary to solve the problem. The 
software was particularly useful for identifying 
the optimal replacement interval for each problem 
configuration using optimization algorithms. A key 
advantage of MATHEMATICA is its capacity to 
effectively manage this class of intricate problems 
by delivering high precision in computations with 
very stringent convergence tolerances.

Taking into account the characteristics of the 
wind turbine under study, the environmental cost 
Ec = 50 € per filtration event, derived from the 
CE Delft EU27 Environmental Prices Handbook 
[28]. Applying a cost of 0.35 €/kg CO₂-equivalent 
to the estimated emissions of a filtration opera-
tion (approximately 12 kg CO₂-eq. for energy 
consumption, filter disposal, and transport), plus 
a hazardous waste disposal cost of approximately 
2 €/liter for 10–15 liters of contaminated filtrate, 
yields Ec ≈ 50 €/event

All numerical parameters used in this study 
(except for environmental cost and wind speed) 
were collected from real onshore wind farm oper-
ations in Morocco [22]. These include gearbox 
reliability characteristics, economic parameters, 
and logistical lead times obtained from actual 
maintenance records. Our study is therefore 
grounded in real industrial practice. Our numeri-
cal input data are listed in Table 2.

As previously established, the logistical cost 
Lc exhibits a direct functional dependence on the 
preparation lead time Lp​, reflecting the opera-
tional complexity inherent to mobilizing the spe-
cialized human and material resources required 
for gear train renewal. The duration of Lp thus 
evolves between two critical limits:
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 (9) 

 

			  (5)
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	• Lp-min – minimum incompressible duration 
for optimal preparation,

	• Lp-max – maximum economically viable 
threshold for the operator.

This modeling takes into account the con-
straints specific to wind farms, where the acces-
sibility of the site and the weather conditions fur-
ther complicate the planning of preventive main-
tenance operations.

Hence, a specific logistical cost Lc is defined 
by:

	

 

▪  
 

𝑉𝑉(𝑡𝑡) = 𝑉𝑉𝑉𝑉 + 𝐴𝐴 × 𝑆𝑆𝑆𝑆𝑆𝑆 2𝜋𝜋𝜋𝜋
𝑇𝑇𝑇𝑇  

 
 

(1) 

 
 

𝐽𝐽 =
𝑉𝑉𝑖𝑖 + 𝑉𝑉𝑓𝑓

2  
 

(2) 

  
 

λ(t, j) 𝑑𝑑𝑑𝑑 = 𝑒𝑒𝜃𝜃×𝐽𝐽 × 𝜆𝜆0(𝑡𝑡) 𝑑𝑑𝑑𝑑 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝜆𝜆0(𝑡𝑡) = (𝛽𝛽
𝛼𝛼) ( 𝑡𝑡

𝛼𝛼)
𝛽𝛽−1

 
 

(3) 

 
 

∫ λ(t, j) 𝑑𝑑𝑑𝑑
𝑇𝑇

0
= 𝑒𝑒𝜃𝜃×𝐽𝐽 × ∫ 𝜆𝜆0(𝑡𝑡) 𝑑𝑑𝑑𝑑

𝑇𝑇

0
= 𝑒𝑒𝜃𝜃×𝐽𝐽 × (𝑇𝑇

𝛼𝛼)
𝛽𝛽

 

 

(4) 

 
 

 𝑇𝑇𝑇𝑇𝑇𝑇(𝑇𝑇) =
(𝑒𝑒𝜃𝜃×𝐽𝐽 × (𝑇𝑇

𝛼𝛼)
𝛽𝛽

) × (𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸) + (𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿)

𝑇𝑇  
 

(5) 

 
 

Lc = [
𝐿𝐿𝐿𝐿1 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈  [𝐿𝐿𝐿𝐿 − 𝑚𝑚𝑚𝑚𝑚𝑚, 𝐿𝐿𝐿𝐿1]

𝐿𝐿𝐿𝐿2 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈ ]𝐿𝐿𝐿𝐿1, 𝐿𝐿𝐿𝐿2] 
𝐿𝐿𝐿𝐿3 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈ ]𝐿𝐿𝐿𝐿2, 𝐿𝐿𝐿𝐿 − 𝑚𝑚𝑚𝑚𝑚𝑚]

] 

 

(6) 

 
 

 𝑇𝑇𝑇𝑇𝑇𝑇(𝑁𝑁, 𝑃𝑃) = 𝑇𝑇ℎ𝑒𝑒 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 [𝑇𝑇𝑇𝑇(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶)]
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑜𝑜𝑜𝑜 𝑎𝑎 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 [𝐷𝐷(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶)] 

 

(7) 

 

𝑇𝑇𝑇𝑇 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = (∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋1 − 𝛾𝛾1
𝑋𝑋1

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴1(𝛾𝛾1)𝑑𝑑𝛾𝛾1 + ∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋2 − 𝛾𝛾2

𝑋𝑋2

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴2(𝛾𝛾2)𝑑𝑑𝛾𝛾2

+ ⋯ ∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋𝑁𝑁 − 𝛾𝛾𝑁𝑁
𝑋𝑋𝑁𝑁

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑁𝑁(𝛾𝛾𝑁𝑁)𝑑𝑑𝛾𝛾𝑁𝑁) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)
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) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)
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	 (6)

where: Lc1 > Lc2 > Lc3.

The following values of preparation period Lp 
and the costs Lc are considered in Table 2. The opti-
mization problem consists of minimizing the total 
expected cost per unit time TEC(T)  defined in 
Equation 5 with respect to the  renewal period T. 
For this first strategy, Lc is set to Lc3 (800 €), cor-
responding to the least logistically constrained sce-
nario in which the renewal date T is known suffi-
ciently in advance to allow thorough preparation at 

minimal cost. The associated preparation window 
Lp​ ranges between 13 and 20 hours. TEC(T) is 
convex in T, ensuring a unique global minimum. 
The minimization is performed numerically using 
a golden‑section search algorithm, a standard uni-
variate optimization method for convex functions. 
The optimal renewal period T is identified as the 
argument that minimizes TEC(T). Numerical com-
putations were implemented in Mathematica 11.2 
using the built‑in FindMinimum function with the 
golden‑section method. The results are summa-
rized in Table 3 and illustrated in Figure 1. Figure 
1 offers a complementary illustration that further 
specifies the results obtained.

The function is computed numerically from 
Equation 5 using the parameter values in Table 
3. The global minimum at T*= 210 weeks ≈ 4 
years corresponds to TEC* = 479 €/week. The 
convex shape of TEC(T) confirms the existence 
and uniqueness of the optimum. Source: authors’ 
numerical simulation (Mathematica 11.2). The 
symbol TEC in the figure stands for ‘Total Expect-
ed Cost per unit time’, as defined in Equation (5).

MODELING OF THE IMPERFECT 
PREVENTIVE MAINTENANCE 
STRATEGY

Presentation of the proposed IPM strategy 

The first strategy is the most commonly used 
by wind farm operators. However, using filtration 
to temporarily restore the oil’s properties without 
addressing the underlying cause of its progressive 
degradation is not only ineffective but can also be 
harmful to the environment in the long run. Indeed, 
it generates waste and consumes energy over time 
without tackling the root cause of the contamination. 
The exceedance of critical contamination thresh-
olds constitutes irrefutable evidence of advancing 
wear within the gearbox’s mechanical constituents. 
A process that inevitably engenders the production 
of metallic debris and accelerated physicochemical 
degradation of the lubricant, dynamics that collec-
tively amplify the overall environmental burden 
associated with turbine operation.

In response to these shortcomings, the present 
work proposes an innovative preventive mainte-
nance framework that synergistically combines 
targeted corrective interventions with logistical 
optimization, while explicitly incorporating eco-
logical considerations into the decision-making 

Table 2. Input data used in the optimization

Parameters Data Source

β 2 Aafif et al. [22]; 
Zheng et al. [24]

α 200 Aafif et al. [22]

Arl 1100 € / 
hour Aafif et al. [22]

Acr 50 000 € Aafif et al. [22]

Afc 2000 € Aafif et al. [22]

Ec 50 € Environmental Prices 
Handbook [1]

Anf 11 hours Aafif et al. [22]

θ 0.2 Zheng et al. [24]

V₀ 6 m/s Onshore Wind [5]

A 2 m/s Onshore Wind [5]

Tc 52 Weeks Onshore Wind [5]

Lc1 7000 € Aafif et al. [22]

Lc2 1600 € Aafif et al. [22]

Lc3 800 € Aafif et al. [22]

Lp-min 3 hours Aafif et al. [22]

Lp₁ 10 hours Aafif et al. [22]

Lp₂ 13 hours Aafif et al. [22]

Lp-max 20 hours Aafif et al. [22]
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process. Each instance of contamination threshold 
exceedance simultaneously triggers an oil filtra-
tion cycle and an imperfect preventive mainte-
nance (PM) action, thereby attenuating the sys-
tem’s failure rate to an intermediate value situated 
between its current degraded condition and that 
of a newly commissioned gearbox, while con-
currently decelerating the progression of wear 
across gear stages and bearing assemblies. This 
dual action not only limits the frequency of costly 
and polluting complete gearbox replacements but 
also reduces the consumption of new lubricating 
oil and the volume of hazardous waste (used oil, 
contaminated filters). This approach integrates a 
crucial logistical dimension where responsiveness 
(duration Lp) considers the operational constraints 
of mobilizing specialized teams and equipment, 
while establishing an optimal economic trade-off 
between the additional cost of a rapid intervention 
and the losses linked to the immobilization of the 
wind turbine. The model developed thus makes it 
possible to determine the optimal number of pre-
ventive interventions before complete renewal 
and the ideal implementation duration, with the 
aim of minimizing the sum of direct economic 
costs and environmental impacts while guarantee-
ing the reliability of the system [23].

Analytical model 

The mathematical model expressing the total 
expected cost per unit time as a function of the 
two decision variables N and Lp is presented 
hereafter. By definition the renewal cycle is the 
period starting, immediately after the installation 
of a new gearbox and ending when this gear-
box gear train is renewed. The notation adopted 
throughout this model is summarized in Table 4.

Figure 2 illustrates the sequence of mainte-
nance operations performed within a represen-
tative renewal cycle, depicting the cumulative 
effect of successive imperfect PM actions on the 
gear train hazard function. The total expected cost 
(TEC) is expressed in Equation (7).

The total expected cost TEC integrates four 
principal components. The loss of income linked 
to technical shutdowns, the expenses of emer-
gency filtrations, the costs of planned preventive 
interventions and finally the budget allocated to 
the replacement of the system which offers an 
exhaustive vision of the financial implications 
over the entire operating cycle [22].

It is worth noting that upon the (N+1)-th 
contamination threshold exceedance, following 
N imperfect PM actions, a renewal operation is 

Table 3. The optimal replacement cycle length and the related minimal total cost per week

Logistical scenario Lp interval (h) Lc (€) T* (Weeks) T* (Years) TEC*(€/Weeks)

Long preparation [13, 20] 800 210 4 479

Figure 1. Total expected cost per unit time TEC (T) as a function of the gear train renewal period T 
(Source: Mathematica 11.2)
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λ(t, j) 𝑑𝑑𝑑𝑑 = 𝑒𝑒𝜃𝜃×𝐽𝐽 × 𝜆𝜆0(𝑡𝑡) 𝑑𝑑𝑑𝑑 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝜆𝜆0(𝑡𝑡) = (𝛽𝛽
𝛼𝛼) ( 𝑡𝑡

𝛼𝛼)
𝛽𝛽−1

 
 

(3) 

 
 

∫ λ(t, j) 𝑑𝑑𝑑𝑑
𝑇𝑇

0
= 𝑒𝑒𝜃𝜃×𝐽𝐽 × ∫ 𝜆𝜆0(𝑡𝑡) 𝑑𝑑𝑑𝑑

𝑇𝑇

0
= 𝑒𝑒𝜃𝜃×𝐽𝐽 × (𝑇𝑇

𝛼𝛼)
𝛽𝛽

 

 

(4) 

 
 

 𝑇𝑇𝑇𝑇𝑇𝑇(𝑇𝑇) =
(𝑒𝑒𝜃𝜃×𝐽𝐽 × (𝑇𝑇

𝛼𝛼)
𝛽𝛽

) × (𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸) + (𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿)

𝑇𝑇  
 

(5) 

 
 

Lc = [
𝐿𝐿𝐿𝐿1 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈  [𝐿𝐿𝐿𝐿 − 𝑚𝑚𝑚𝑚𝑚𝑚, 𝐿𝐿𝐿𝐿1]

𝐿𝐿𝐿𝐿2 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈ ]𝐿𝐿𝐿𝐿1, 𝐿𝐿𝐿𝐿2] 
𝐿𝐿𝐿𝐿3 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈ ]𝐿𝐿𝐿𝐿2, 𝐿𝐿𝐿𝐿 − 𝑚𝑚𝑚𝑚𝑚𝑚]

] 

 

(6) 

 
 

 𝑇𝑇𝑇𝑇𝑇𝑇(𝑁𝑁, 𝑃𝑃) = 𝑇𝑇ℎ𝑒𝑒 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 [𝑇𝑇𝑇𝑇(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶)]
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑜𝑜𝑜𝑜 𝑎𝑎 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 [𝐷𝐷(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶)] 

 

(7) 

 

𝑇𝑇𝑇𝑇 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = (∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋1 − 𝛾𝛾1
𝑋𝑋1

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴1(𝛾𝛾1)𝑑𝑑𝛾𝛾1 + ∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋2 − 𝛾𝛾2

𝑋𝑋2

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴2(𝛾𝛾2)𝑑𝑑𝛾𝛾2

+ ⋯ ∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋𝑁𝑁 − 𝛾𝛾𝑁𝑁
𝑋𝑋𝑁𝑁

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑁𝑁(𝛾𝛾𝑁𝑁)𝑑𝑑𝛾𝛾𝑁𝑁) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)

+ ((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿) 

 (8) 

 

𝑇𝑇𝑇𝑇 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = 𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿 × ∑(𝑓𝑓𝑖𝑖(𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖

𝑁𝑁

𝑖𝑖=1
) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)

+ ((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿 ) 

 (9) 

 

	 (7)
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initiated after a logistical preparation period of 
Lp time units. The final term of the cost equation 
accordingly incorporates production loss during 
this preparation window (Arl × Lp), the associated 

filtration cost Afc, and the renewal cost Acr. Since 
Lc is a discrete function of Lp as defined in Equa-
tion (6), the total cost expression of Equation (8) 
is reformulated accordingly. 

Table 4. Second strategy notations

Parameters Data

N Number of imperfect preventive maintenance actions carried out prior to replacement (Decision variable)

Lp Preparation or logistical lead time for maintenance or replacement operations

γ1 Time interval before the initial exceedance of the contamination limit

f1 Distribution function of the stochastic variable γ₁

γi Time span separating the (i-1)th non-ideal preventive intervention (i = 1, N+1) from the ith occurrence of 
threshold contamination exceedance

V(t) Instantaneous wind speed as a function of time t

Vo Average wind speed

A Average amplitude of variations

Tc Period of oscillations

Afc Average filtering operation cost per time unit

Ec Environmental cost related to the filtering operation

Acm Average unit cost of the imperfect preventive maintenance action

Acr Mean replacement cost

Arl Average revenue loss per time unit occurring during oil filtration

Lc Logistical expenditure related to replacement actions (dependent on the lead time Lₚ)

D (Cycle) The average duration of a renewal cycle

TC (Cycle) The total expected cost over a cycle

TEC (N, P) Total expected cost per time unit

MTBFi Average elapsed time between consecutive crossings of the critical contamination threshold

Figure 2. The failure rate of the gearbox gear train evolution during a renewal cycle

 

▪  
 

𝑉𝑉(𝑡𝑡) = 𝑉𝑉𝑉𝑉 + 𝐴𝐴 × 𝑆𝑆𝑆𝑆𝑆𝑆 2𝜋𝜋𝜋𝜋
𝑇𝑇𝑇𝑇  

 
 

(1) 

 
 

𝐽𝐽 =
𝑉𝑉𝑖𝑖 + 𝑉𝑉𝑓𝑓

2  
 

(2) 

  
 

λ(t, j) 𝑑𝑑𝑑𝑑 = 𝑒𝑒𝜃𝜃×𝐽𝐽 × 𝜆𝜆0(𝑡𝑡) 𝑑𝑑𝑑𝑑 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝜆𝜆0(𝑡𝑡) = (𝛽𝛽
𝛼𝛼) ( 𝑡𝑡

𝛼𝛼)
𝛽𝛽−1

 
 

(3) 

 
 

∫ λ(t, j) 𝑑𝑑𝑑𝑑
𝑇𝑇

0
= 𝑒𝑒𝜃𝜃×𝐽𝐽 × ∫ 𝜆𝜆0(𝑡𝑡) 𝑑𝑑𝑑𝑑

𝑇𝑇

0
= 𝑒𝑒𝜃𝜃×𝐽𝐽 × (𝑇𝑇

𝛼𝛼)
𝛽𝛽

 

 

(4) 

 
 

 𝑇𝑇𝑇𝑇𝑇𝑇(𝑇𝑇) =
(𝑒𝑒𝜃𝜃×𝐽𝐽 × (𝑇𝑇

𝛼𝛼)
𝛽𝛽

) × (𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸) + (𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿)

𝑇𝑇  
 

(5) 

 
 

Lc = [
𝐿𝐿𝐿𝐿1 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈  [𝐿𝐿𝐿𝐿 − 𝑚𝑚𝑚𝑚𝑚𝑚, 𝐿𝐿𝐿𝐿1]

𝐿𝐿𝐿𝐿2 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈ ]𝐿𝐿𝐿𝐿1, 𝐿𝐿𝐿𝐿2] 
𝐿𝐿𝐿𝐿3 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈ ]𝐿𝐿𝐿𝐿2, 𝐿𝐿𝐿𝐿 − 𝑚𝑚𝑚𝑚𝑚𝑚]

] 

 

(6) 

 
 

 𝑇𝑇𝑇𝑇𝑇𝑇(𝑁𝑁, 𝑃𝑃) = 𝑇𝑇ℎ𝑒𝑒 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 [𝑇𝑇𝑇𝑇(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶)]
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑜𝑜𝑜𝑜 𝑎𝑎 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 [𝐷𝐷(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶)] 

 

(7) 

 

𝑇𝑇𝑇𝑇 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = (∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋1 − 𝛾𝛾1
𝑋𝑋1

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴1(𝛾𝛾1)𝑑𝑑𝛾𝛾1 + ∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋2 − 𝛾𝛾2

𝑋𝑋2

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴2(𝛾𝛾2)𝑑𝑑𝛾𝛾2

+ ⋯ ∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋𝑁𝑁 − 𝛾𝛾𝑁𝑁
𝑋𝑋𝑁𝑁

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑁𝑁(𝛾𝛾𝑁𝑁)𝑑𝑑𝛾𝛾𝑁𝑁) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)

+ ((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿) 

 (8) 

 

𝑇𝑇𝑇𝑇 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = 𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿 × ∑(𝑓𝑓𝑖𝑖(𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖

𝑁𝑁

𝑖𝑖=1
) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)

+ ((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿 ) 

 (9) 

 

	 (8)
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Table 5. Input data used for the second strategy

Parameters Data Source

β 2 Aafif et al. [22]

α 200 Aafif et al. [22]

Arl 1100 € / hour Aafif et al. [22]

Acr 50000 € Aafif et al. [22]

Afc 2000 € Aafif et al. [22]

Ec 50 € Environmental Prices 
Handbook [1]

Acm 2500 € Aafif et al. [22]

θ 0.2 Zheng et al. [24]

V₀ 6 m/s Onshore Wind [5]

A 2 m/s Onshore Wind [5]

Tc 52 Weeks Onshore Wind [5]

δ 0.223 Gertsbakh [29]

As previously mentioned, imperfect PM 
interventions partially lower the gearbox hazard 
rate are triggered each time the oil contamination 
limit is exceeded. Based on the Gertsbakh frame-
work, the failure rate function associated with 
the random variable γi (defined as the duration 
needed to reach the critical contamination thresh-
old following each non-ideal maintenance action) 
evolves in the following manner [30].

	

𝑇𝑇𝑇𝑇𝑇𝑇 (𝑁𝑁, 𝑃𝑃) =

𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿 × ∑ (𝑓𝑓𝑖𝑖(𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖
𝑁𝑁
𝑖𝑖=1 ) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿) +

((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿)
(𝑁𝑁 + 1) × 𝐿𝐿𝐿𝐿 + ∑ (𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖𝑁𝑁+1

𝑖𝑖=1 )  

(10) 

 
𝜆𝜆𝑖𝑖+1(𝑡𝑡) = 𝑒𝑒𝛿𝛿 × 𝜆𝜆𝑖𝑖(𝑡𝑡) (11) 

 
𝑓𝑓𝑖𝑖(𝑡𝑡) = 𝜆𝜆𝑖𝑖(𝑡𝑡) × 𝑒𝑒− ∫ 𝜆𝜆𝑖𝑖(𝑡𝑡)𝑑𝑑𝑑𝑑𝑡𝑡

0   (12) 

 
𝑋𝑋𝑖𝑖 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖 + 𝐿𝐿𝑃𝑃 (13) 

 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖 = ∫ 𝛾𝛾𝑖𝑖𝑓𝑓𝑖𝑖(
+∞

0
𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖 + 𝐿𝐿𝑃𝑃 

(14) 

 

	 (11)

where:	λ1 (t) denotes the failure rate function prior 
to the first imperfect preventive mainte-
nance intervention (corresponding to a 
system that began operating in a brand-
new condition). 

The term eδ is considered as a “deterioration 
acceleration” factor that is strictly positive. δ 
can be found empirically using linear regression. 
Hence, considering this failure rate function:

	

𝑇𝑇𝑇𝑇𝑇𝑇 (𝑁𝑁, 𝑃𝑃) =

𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿 × ∑ (𝑓𝑓𝑖𝑖(𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖
𝑁𝑁
𝑖𝑖=1 ) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿) +

((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿)
(𝑁𝑁 + 1) × 𝐿𝐿𝐿𝐿 + ∑ (𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖𝑁𝑁+1

𝑖𝑖=1 )  

(10) 

 
𝜆𝜆𝑖𝑖+1(𝑡𝑡) = 𝑒𝑒𝛿𝛿 × 𝜆𝜆𝑖𝑖(𝑡𝑡) (11) 

 
𝑓𝑓𝑖𝑖(𝑡𝑡) = 𝜆𝜆𝑖𝑖(𝑡𝑡) × 𝑒𝑒− ∫ 𝜆𝜆𝑖𝑖(𝑡𝑡)𝑑𝑑𝑑𝑑𝑡𝑡

0   (12) 

 
𝑋𝑋𝑖𝑖 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖 + 𝐿𝐿𝑃𝑃 (13) 

 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖 = ∫ 𝛾𝛾𝑖𝑖𝑓𝑓𝑖𝑖(
+∞

0
𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖 + 𝐿𝐿𝑃𝑃 

(14) 

 

	 (12)

Lastly, the time points Xi (i = 1, 2, …, N) at 
which preventive maintenance actions are carried 
out will be determined as follows:

	

𝑇𝑇𝑇𝑇𝑇𝑇 (𝑁𝑁, 𝑃𝑃) =

𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿 × ∑ (𝑓𝑓𝑖𝑖(𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖
𝑁𝑁
𝑖𝑖=1 ) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿) +

((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿)
(𝑁𝑁 + 1) × 𝐿𝐿𝐿𝐿 + ∑ (𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖𝑁𝑁+1

𝑖𝑖=1 )  

(10) 

 
𝜆𝜆𝑖𝑖+1(𝑡𝑡) = 𝑒𝑒𝛿𝛿 × 𝜆𝜆𝑖𝑖(𝑡𝑡) (11) 

 
𝑓𝑓𝑖𝑖(𝑡𝑡) = 𝜆𝜆𝑖𝑖(𝑡𝑡) × 𝑒𝑒− ∫ 𝜆𝜆𝑖𝑖(𝑡𝑡)𝑑𝑑𝑑𝑑𝑡𝑡

0   (12) 

 
𝑋𝑋𝑖𝑖 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖 + 𝐿𝐿𝑃𝑃 (13) 

 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖 = ∫ 𝛾𝛾𝑖𝑖𝑓𝑓𝑖𝑖(
+∞

0
𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖 + 𝐿𝐿𝑃𝑃 

(14) 

 

	 (13)

Noting that:

	

𝑇𝑇𝑇𝑇𝑇𝑇 (𝑁𝑁, 𝑃𝑃) =

𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿 × ∑ (𝑓𝑓𝑖𝑖(𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖
𝑁𝑁
𝑖𝑖=1 ) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿) +

((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿)
(𝑁𝑁 + 1) × 𝐿𝐿𝐿𝐿 + ∑ (𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖𝑁𝑁+1

𝑖𝑖=1 )  

(10) 

 
𝜆𝜆𝑖𝑖+1(𝑡𝑡) = 𝑒𝑒𝛿𝛿 × 𝜆𝜆𝑖𝑖(𝑡𝑡) (11) 

 
𝑓𝑓𝑖𝑖(𝑡𝑡) = 𝜆𝜆𝑖𝑖(𝑡𝑡) × 𝑒𝑒− ∫ 𝜆𝜆𝑖𝑖(𝑡𝑡)𝑑𝑑𝑑𝑑𝑡𝑡

0   (12) 

 
𝑋𝑋𝑖𝑖 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖 + 𝐿𝐿𝑃𝑃 (13) 

 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖 = ∫ 𝛾𝛾𝑖𝑖𝑓𝑓𝑖𝑖(
+∞

0
𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖 + 𝐿𝐿𝑃𝑃 

(14) 

 

	 (14)

Numerical results

The numerical configuration, including gear-
box reliability characteristics, operational param-
eters, Weibull inter-threshold time distribution, 
and logistical preparation periods from Table 1, 
is retained here for consistency. Supplementary 
input parameters are provided in Table 5. The 

objective is to simultaneously determine the opti-
mal number N* of preventive maintenance actions 
to be performed before renewal and the optimal 
logistical or preparation period Lp*, which mini-
mize the total expected cost per unit of time. 

The logistical cost, in the Table 6, depends on 
the logistical or preparation period Lp. The varia-
tion in these costs is the same as that considered 
for the renewal strategy in the previous section.

Using the proposed strategy, we obtained, in 
Table 7, the results. In addition, Figure 3 offers a 
complementary illustration of the result obtained.

The proposed optimization yields an optimal 
maintenance policy comprising N* = 6 imperfect 
preventive maintenance interventions prior to 
complete gear train renewal or equivalent as new 
overhaul. With respect to the logistical dimen-
sion, the optimal preparation lead time is deter-
mined to lie within the interval Lp* ∈ [10, 13] 
hours. A configuration that establishes the most 
economically advantageous balance between 
intervention responsiveness and mobilization 
cost across the full renewal cycle.

 

▪  
 

𝑉𝑉(𝑡𝑡) = 𝑉𝑉𝑉𝑉 + 𝐴𝐴 × 𝑆𝑆𝑆𝑆𝑆𝑆 2𝜋𝜋𝜋𝜋
𝑇𝑇𝑇𝑇  

 
 

(1) 

 
 

𝐽𝐽 =
𝑉𝑉𝑖𝑖 + 𝑉𝑉𝑓𝑓

2  
 

(2) 

  
 

λ(t, j) 𝑑𝑑𝑑𝑑 = 𝑒𝑒𝜃𝜃×𝐽𝐽 × 𝜆𝜆0(𝑡𝑡) 𝑑𝑑𝑑𝑑 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝜆𝜆0(𝑡𝑡) = (𝛽𝛽
𝛼𝛼) ( 𝑡𝑡

𝛼𝛼)
𝛽𝛽−1

 
 

(3) 

 
 

∫ λ(t, j) 𝑑𝑑𝑑𝑑
𝑇𝑇

0
= 𝑒𝑒𝜃𝜃×𝐽𝐽 × ∫ 𝜆𝜆0(𝑡𝑡) 𝑑𝑑𝑑𝑑

𝑇𝑇

0
= 𝑒𝑒𝜃𝜃×𝐽𝐽 × (𝑇𝑇

𝛼𝛼)
𝛽𝛽

 

 

(4) 

 
 

 𝑇𝑇𝑇𝑇𝑇𝑇(𝑇𝑇) =
(𝑒𝑒𝜃𝜃×𝐽𝐽 × (𝑇𝑇

𝛼𝛼)
𝛽𝛽

) × (𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸) + (𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿)

𝑇𝑇  
 

(5) 

 
 

Lc = [
𝐿𝐿𝐿𝐿1 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈  [𝐿𝐿𝐿𝐿 − 𝑚𝑚𝑚𝑚𝑚𝑚, 𝐿𝐿𝐿𝐿1]

𝐿𝐿𝐿𝐿2 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈ ]𝐿𝐿𝐿𝐿1, 𝐿𝐿𝐿𝐿2] 
𝐿𝐿𝐿𝐿3 𝑖𝑖𝑖𝑖 𝐿𝐿𝐿𝐿 ∈ ]𝐿𝐿𝐿𝐿2, 𝐿𝐿𝐿𝐿 − 𝑚𝑚𝑚𝑚𝑚𝑚]

] 

 

(6) 

 
 

 𝑇𝑇𝑇𝑇𝑇𝑇(𝑁𝑁, 𝑃𝑃) = 𝑇𝑇ℎ𝑒𝑒 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 [𝑇𝑇𝑇𝑇(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶)]
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑜𝑜𝑜𝑜 𝑎𝑎 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 [𝐷𝐷(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶)] 

 

(7) 

 

𝑇𝑇𝑇𝑇 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = (∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋1 − 𝛾𝛾1
𝑋𝑋1

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴1(𝛾𝛾1)𝑑𝑑𝛾𝛾1 + ∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋2 − 𝛾𝛾2

𝑋𝑋2

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴2(𝛾𝛾2)𝑑𝑑𝛾𝛾2

+ ⋯ ∫ 𝐴𝐴𝐴𝐴𝐴𝐴 × (𝑋𝑋𝑁𝑁 − 𝛾𝛾𝑁𝑁
𝑋𝑋𝑁𝑁

0
) × 𝐴𝐴𝐴𝐴𝐴𝐴𝑁𝑁(𝛾𝛾𝑁𝑁)𝑑𝑑𝛾𝛾𝑁𝑁) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)

+ ((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿) 

 (8) 

 

𝑇𝑇𝑇𝑇 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = 𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿 × ∑(𝑓𝑓𝑖𝑖(𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖

𝑁𝑁

𝑖𝑖=1
) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿)

+ ((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿 ) 

 (9) 

 

	 (9)

Thus, the expression of the TEC is given by:

	𝑇𝑇𝑇𝑇𝑇𝑇 (𝑁𝑁, 𝑃𝑃) =

𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿 × ∑ (𝑓𝑓𝑖𝑖(𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖
𝑁𝑁
𝑖𝑖=1 ) + 𝑁𝑁(𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐿𝐿𝐿𝐿) +

((𝐴𝐴𝐴𝐴𝐴𝐴 × 𝐿𝐿𝐿𝐿) + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝐿𝐿𝐿𝐿)
(𝑁𝑁 + 1) × 𝐿𝐿𝐿𝐿 + ∑ (𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖𝑁𝑁+1

𝑖𝑖=1 )  

(10) 

 
𝜆𝜆𝑖𝑖+1(𝑡𝑡) = 𝑒𝑒𝛿𝛿 × 𝜆𝜆𝑖𝑖(𝑡𝑡) (11) 

 
𝑓𝑓𝑖𝑖(𝑡𝑡) = 𝜆𝜆𝑖𝑖(𝑡𝑡) × 𝑒𝑒− ∫ 𝜆𝜆𝑖𝑖(𝑡𝑡)𝑑𝑑𝑑𝑑𝑡𝑡

0   (12) 

 
𝑋𝑋𝑖𝑖 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖 + 𝐿𝐿𝑃𝑃 (13) 

 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖 = ∫ 𝛾𝛾𝑖𝑖𝑓𝑓𝑖𝑖(
+∞

0
𝛾𝛾𝑖𝑖)𝑑𝑑𝛾𝛾𝑖𝑖 + 𝐿𝐿𝑃𝑃 

(14) 

 

	 (10)
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Table 6. LC cost corresponding to preparation or logistical lead time for maintenance

Parameter Lp ∈ [2–10 h] Lp ∈ [10–13 h] Lp ∈ [13–20 h]

Lc1 7000 € – –

Lc2 – 1600 € –

Lc3 – – 800 €

Table 8. Effect of the variation of β

Beta β N* Lp* TEC*

2 6 [10–13 h] 221

4 9 [10–13 h] 152

6 11 [10–13 h] 131

Table 7. The optimal IPM strategy obtained with the corresponding minimum TEC

Logistical scenario Lp interval (h) Lc (€) N* TEC*(€/Weeks)

Medium preparation [10, 13] 1600 6 221

Analysis of model sensitivity to key 
parameters

In this section, we will analyze the effect of 
varying the main input parameters on the optimal 
strategy (N*, Lp*).

Initially, the influence of modifying gearbox 
dependability through the Weibull shape param-
eter β is examined. Keeping the remaining input 
parameters unchanged, the outcomes are shown 
in Table 8:

When gearbox reliability is reduced through 
an increase in the Weibull shape parameter β, the 
optimization responds by prescribing a greater 
number of imperfect PM interventions within 
each renewal cycle, reflecting the heightened deg-
radation rate and the consequent economic ben-
efit of more frequent corrective action prior to full 
renewal. The optimal preparation lead time Lp*, 
however, remains insensitive to this parameter 
variation. This behaviour is illustrated in Figure 4.

Next, the impact of changing the average cost 
per filtration cycle Afc is analyzed. With all other 
parameters unchanged, Table 9 summarizes the 
obtained results:

As the unit filtration cost Acf increases, the 
optimal strategy advocates earlier gear train 
renewal by reducing the number of PM interven-
tions. For instance, when Acf reaches 8.000 €, 
the optimal policy contracts from N* = 6 to N* 
= 5 interventions prior to renewal, reflecting the 
diminishing economic justification for repeated 
filtration cycles as their unit cost escalates. Con-
currently, a significant increase in Acf reduces 
the optimal preparation lead time Lp*, thus pro-
moting more responsive intervention scheduling. 
These trends are depicted in Figure 5. 

Then the effect of the change in renewal cost 
Acr and using the same input data, the following 
results are obtained in Table 10.

As the gear train renewal cost increases, the 
optimization predictably defers complete over-
haul by prescribing a larger number of preven-
tive interventions. Notably, doubling the renewal 
cost from 50,000€ to 100,000€ shifts the optimal 
policy from N* = 6 to N* = 9 interventions. A 
substantive adjustment that reflects the growing 
economic incentive to extend component service 
life through imperfect maintenance rather than 
incur premature full replacement expenditure. 
The corresponding results are illustrated in Figure 
6. Impact of changing the mean revenue loss per 
time unit Arl. With all other inputs held constant, 
the outcomes are displayed below in Table 11:

When the revenue loss rate Arl rises, the opti-
mal imperfect preventive maintenance approach 
leads to earlier replacement of the gear train. 
This translates into a lower number of preventive 
maintenance interventions and a reduced logisti-
cal lead time per action (a decrease in Lp*). As 
shown in Figure 7, the impact of this parameter 
variation is clearly visible. Influence of modi-
fying the effectiveness of imperfect preventive 
maintenance actions on the gear train failure rate 
(δ). With all other inputs kept unchanged, the out-
comes are reported in Table 12.

Recall that eδ represents the factor governing 
the evolution of the hazard rate following each 
non-ideal preventive intervention. Accordingly, a 
lower value of eδ indicates greater effectiveness of 
the preventive maintenance action, while a higher 
value implies reduced effectiveness. In this context, 
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Figure 4. Effect of β variation on TEC and N

Figure 5. Effect of Afc variation on TEC and N

Figure 3. TEC optimization, visualization of N and P combinations



96

Advances in Science and Technology Research Journal 2026, 20(11), 84–100

Table 9. Effect of the variation of Afc

Afc N* Lp* TEC*

100 7 [10–13 h] 202

2000 6 [10–13 h] 221

8000 5 [10–13 h] 281

100000 2 [13–20 h] 1077

Figure 6. Effect of Acr variation on TEC and N

Table 10. Effect of Acr variation

Acr N* Lp* TEC*

10000 3 [10–13 h] 153

20000 4 [10–13 h] 174

50000 6 [10–13 h] 221

100000 9 [10–13 h] 284

Table 11. Effect of the variation of Arl

Arl N* Lp* TEC*

500 8 [10–13 h] 169

1100 6 [10–13 h] 221

2000 5 [2–10 h] 279

3000 5 [2–10 h] 320

Figure 7. Effect of Arl variation on TEC and N

the findings indicate that as eδ increases (meaning 
preventive interventions become less efficient), the 
optimal policy consists of reducing the number of 
preventive maintenance operations and performing 
gearbox replacement sooner. Figure 8 illustrates the 
consequences of this parameter variation.

Lastly, the impact of varying the regression 
coefficient θ is examined. Maintaining the same 

Table 12. Effect of the variation of δ

δ N* Lp* TEC*

0.095 11 [10–13 h] 179

0.223 6 [10–13 h] 221

0.40 4 [10–13 h] 263

0.80 3 [10–13 h] 330

values for the remaining input parameters, the 
results are presented in Table 13.

Recall that this coefficient quantifies the 
impact of wind speed on the failure rate of wind 
turbines. The more it increases, the more sig-
nificant the impact and vice versa. In this sense, 
Table 13 shows that when θ increases, the optimal 
strategy is to increase the number of preventive 
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maintenance actions because the impact of wind is 
significant. Figure 9 allows us to see the effect of 
this variation.

COMPARISONS

With both maintenance strategies having been 
formally modelled and independently optimized, 
wind farm operators are now equipped to select 
the most economically advantageous approach in 
accordance with their specific operational context 
and the governing values of key parameters (cov-
ering gearbox renewal outlays, imperfect preven-
tive interventions, filtration costs, environmental 
charges, logistics expenses, production downtime 
losses, and the probability law governing the time 
to reach the critical contamination threshold).

To illustrate this comparison, we analyze 
below the numerical cases previously studied 
for each strategy. Following this comparative 
analysis, the findings are summarized in Table 
14. Notably, under these specific conditions, 
the imperfect preventive maintenance strategy 
yields lower costs than the periodic replacement 
approach. As illustrated in Figure 10, the savings 
achieved relative to the renewal-based strategy 
reach 53%. Gain = (479 – 221) / 479 = 53%.

Although developed specifically for wind 
turbine gearbox maintenance, the proposed opti-
mization framework is methodologically general. 
The core components, Weibull-based degrada-
tion modeling, threshold-triggered interventions, 
imperfect preventive maintenance, can be adapted 
to other energy systems where gradual deteriora-
tion threatens operational integrity. For instance, in 
cryogenic gas storage facilities, the underground 
ice ring that forms during operation undergoes pro-
gressive degradation due to thermal and mechani-
cal cycling, ultimately compromising contain-
ment [31]. In such a context, the ice ring’s integ-
rity could be monitored via a measurable indicator 

Figure 8. Effect of δ variation on TEC and N

Table 13. Effect of the variation of θ

θ N* Lp* TEC*

0.1 6 [2–10 h] 181

0.2 6 [10–13 h] 221

0.5 7 [10–13 h] 380

Figure 9. Effect of θ variation on TEC and N



98

Advances in Science and Technology Research Journal 2026, 20(11), 84–100

Table 14. Comparative assessment of both approaches

Strategies T* N* Lp* TEC*

1st Strategy: Optimal renewal 210 weeks *** **** 479

2nd strategy: Optimal imperfect PM **** 6 [10–13 h] 221

(e.g., crack density or thermal gradient), and inter-
ventions analogous to the filtration actions in our 
model could be scheduled when a critical thresh-
old is reached. The same mathematical framework 
would then apply, enabling the joint optimization 
of intervention frequency, logistical lead times, 
and environmental costs. More broadly, any infra-
structure asset with a quantifiable degradation sig-
nal and discrete maintenance opportunities could 
benefit from this approach.

CONCLUSIONS

Our study was motivated by a pervasive and 
operationally consequential challenge in wind tur-
bine asset management: gearbox lubricating oil 
contamination arising from progressive mechani-
cal wear, which precipitates accelerated compo-
nent degradation, elevated operating expenditures, 
and substantial environmental impacts stemming 
from the generation of hazardous waste along-
side unnecessary resource consumption. Conven-
tional practice has historically confined operator 
intervention to the moment at which contamina-
tion attains a critical threshold, thereby trigger-
ing emergency filtration cycles or complete gear 
train replacement. The inherent limitations of this 
reactive paradigm manifest as significant produc-
tion losses, sub-optimal maintenance expenditure 
profiles, and an amplified environmental footprint, 

particularly due to logistical costs and prolonged 
downtime, frequent disposal of oil and filters, 
and premature replacement of mechanical com-
ponents. Two maintenance strategies were devel-
oped and analytically modelled. The first is based 
on a planned replacement of the gearbox gear train 
after a fixed duration T, determined to minimize 
the total cost per unit of time while also reducing 
the environmental impact by limiting unplanned 
interventions and associated waste. The second 
strategy introduces imperfect preventive main-
tenance actions each time the contamination 
threshold is surpassed, thereby extending compo-
nent service life prior to complete renewal. This 
approach offers pronounced ecological benefits, 
as it reduces the frequency of full gearbox over-
hauls, curtails lubricating oil consumption, mini-
mizes filtration waste generation, and diminishes 
the cumulative carbon footprint associated with 
the manufacturing of replacement components 
and the disposal of end-of-life assemblies. A com-
prehensive mathematical model was developed to 
jointly optimize both the number of interventions 
N and the logistical preparation period Lp, inte-
grating maintenance costs, production shutdown 
penalties, logistical expenditures, and environ-
mental costs attributable to filtration operations, 
waste management, and component replacement. 
A sensitivity analysis then confirmed the robust-
ness of the proposed models, demonstrating that 
the choice between the two strategies depends 

Figure 10. Cost performance comparison
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heavily on operational conditions, the reliability 
of the gearbox gear train, and the specific costs 
and environmental priorities of each wind farm. 
Operators can now economically compare these 
two approaches and assess their respective envi-
ronmental performances  to adopt the most  sus-
tainable and cost-effective one for their context.

In conclusion, this study provides wind farm 
operators with a holistic decision-making meth-
odology to optimize the maintenance of gear-
boxes, simultaneously reducing costs, improving 
the reliability of installations, and minimizing 
the environmental costs associated with mainte-
nance operations. The developed models enable 
the advancement of more sustainable and envi-
ronmentally responsible wind energy production.
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