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A B S T R A C T   

The high acquisition cost retained by replacement of ageing and deteriorating assets triggers operational life- 
extension for the systems. Subsequently, ageing effects like compromised performance and wear are introduced, 
adversely affecting system economics and performance. An integrated maintenance and spares strategy in-
corporating lubricant condition monitoring (LCM) under condition-based maintenance (CBM), corrective 
maintenance (CM) and preventive maintenance (PM) is proposed, to mitigate the ageing effect challenges. The 
study considers the lubricant not only as a monitored item, but as a spare like other repairable units, similarly 
deteriorating, and retaining different maintenance interventions. We link the lubricant degradation (iron and 
viscosity oil properties) and repairable units’ degradation and performance, by integrating rate-state interactions 
with imperfect maintenance to derive stochastic dependencies in the degradation model. The applicability of the 
proposed discrete event simulation model is illustrated for a geothermal drilling rig, whose performance 
(maintenance cost and lubricant volume) are derived. Results demonstrate system performance dependency on 
PM intervals and CM strategies for both the lubricant and the repairable units. The significance of LCM policy to 
maintenance and system performance is substantiated. The developed framework has widespread use in real-life 
and broader applications that include LCM in deriving maintenance decision support.   

1. Introduction 

In the face of current global market competition and increasing 
demands from stakeholders, industrial facilities retaining deteriorating 
and ageing assets, are increasingly paying attention to optimizing the 
level of reliability and availability of their assets. Due to the high ac-
quisition cost exhibited by asset replacement, many maintenance-in-
tensive organizations are inclined towards operating deteriorating and 
ageing assets beyond their original design life [1]. The extension of the 
lifespan for an ageing asset introduces unique challenges, equally re-
cognized as ageing effects, such as increased wear and consumption of 
both repairable and non-repairable spares. 

Ageing is defined as the continuous deterioration or time-dependent 
degradation of a system during standard service, in which the char-
acteristics of a system gradually change with time and use; which may 
render an asset unfit for purpose based on their integrity and functional 
performance [2]. In reality, as the system/component degrades, its 
performance decreases as well, resulting in an increased failure rate, 

and eventually, high maintenance and operating costs [1]. The system's 
ageing degradation effects do not directly result in system failure, but 
increases the risk of failure and reduces system performance, quantifi-
able through equipment uptime. To meet the life-extension objective 
for ageing assets, maintenance managers must take advantage of the 
ageing effects quantified over time, to derive strategies that anticipate 
and mitigate the deterioration and ageing of the assets. 

A significant policy that monitors equipment deterioration is CBM, 
whose maintenance decision is based on the observed system condition 
(real-time and periodic information of system health) [3]. Condition 
monitoring techniques under CBM, like oil analysis, also known as 
Lubricant condition monitoring (LCM), play a critical role in the 
maintenance and management of ageing and deteriorating assets. This 
is because LCM is capable of detecting the presence and extent of ageing 
effects; thereby exhibiting stochastic dependency with common-mode 
degradation, a link between the degradation of a unit and the lubricant 
parameter being monitored [4]. The correlation of ageing and wear in 
failure propagation can be linked, for instance, by the increase in iron 
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particles count in oil [5]. Likewise, correlating increased oil consump-
tion of an engine to the increased operating load due to ageing; links the 
lubricant properties to system performance reduction [6]. In this case, 
the increased load leads to low oil viscosity as a result of shearing, 
thermal degradation and contamination [5], inherent aspects during 
the ageing process of an engine. The low viscosity ultimately may lead 
to an increased failure rate due to wear attributed to metal-to-metal 
contact wear. However, many conventional approaches to monitoring 
equipment health based on LCM, ordinarily consider quantitative 
thresholds prescribed by the Original Equipment Manufacturer (OEM). 
These thresholds are primarily established based on expert experience, 
whose determination remains unclear to the end-user. This experiential 
approach largely delinks the lubricant deterioration with equipment 
degradation, thereby disregards the stochastic dependence. 

A lubricant preserves characteristics that warrant its classification 
as a non-repairable and consumable part [7]. As a consumable part, 
lubricant consumption is depicted for instance, by oil carryover in the 
blow-by recirculation, oil transport by the piston and its rings, eva-
poration of oil through combustion and leakages [8]. As a non-repair-
able part, the lubricant is drained or scrapped (preventive partial or full 
replacement) based on its degradation level or at prescribed drain in-
terval (PM interval) [9,10]. While some research has been carried out 
on lubricant, the mechanism by which it can be considered as a con-
sumable and non-repairable spare simultaneously, based on these dis-
tinct characteristics (e.g. consumption and replacement), has been un-
established to an extent in literature. 

The lubricant as a spare, undergoes ageing degradation losing per-
formance. The degradation is addressed using strategies like preventive 
replacement after the prescribed interval and topping up to replenish its 
vital properties like viscosity impacting the system lubricant con-
sumption (quantity) and ultimate maintenance costs. Moreover, sub-
optimal lubricant performance equates to significant equipment fail-
ures; hence, high costs are incurred addressing the impact of using the 
degraded oil. Despite studies incorporating the lubricant as a consum-
able (e.g., [10]), they, however, do not quantify its specific impact on 
the system costs. 

In addition to the degradation of the lubricant and equipment sepa-
rately, rate-state interactions between them are likewise demonstrated. 
In this case, the unit's degradation rate depends on both its state and the 
state (degradation level) of the other units. Accordingly, monitoring and 
quantifying both the lubricant and equipment condition on one side se-
parately, and on the other hand, linking and quantifying the rate-state 
interactions is vital. This approach, while being challenging, would 
realistically offer more robust decision support. On the flip side, the in-
teractions may also warrant alternative unique maintenance actions. For 
instance, as the oil ages with time usage, iron particles generated due to 
increased wear, accumulate in the oil and could be trapped in the oil 
filter, causing filter clogging and may necessitate the replacement of the 
oil filter. In this case, since the wear particles are spread within the lu-
bricant, non-replacement interventions like filtration and or centrifuging 
may be used to extract the wear iron particles, hence reducing the risk of 
wear propagation. However, studies in this direction, have assumed oil 
replacement as the sole intervention employed, while disregarding non- 
replacement actions which realistically limits the scope of LCM. While 
considering various condition monitoring techniques, these distinct and 
unique characteristics of a lubricant as a non-repairable spare, and as a 
monitored item, should be considered along with other maintenance 
policies to address ageing degradation of assets. 

To conclusively model and account for the various ageing effects and 
reliability of the units in a multi-unit system, degradation models that 
consider the unique characteristics of the units should be harnessed. 
Herewith, degradation can be demonstrated using various models re-
presenting non-accelerated and accelerated degradation [11]. Work fol-
lowing this line potentially should utilize a hybrid of the two types 
(accelerated and non-accelerated) while considering various features and 
degradation paths (aspects like causative factors and transition states). 

The random degradation process, like Weibull distribution, can be em-
ployed for components with degradation measures at distinct time in-
stances of the operation of equipment, without a defined path. In this 
case, acceleration of failure can be attained by varying the distribution 
parameters [3], while other extrinsic factors like the load can be in-
creased during the units lifetime demonstrating accelerated degradation. 

This study advances the lubricant condition monitoring strategy in-
tegrated with other maintenance strategies (CM, PM and CBM) to address 
the ageing degradation of a multi-unit system. It considers the lubricant not 
only as condition-monitored item under CBM but also as a non-repairable 
and consumable spare requiring both replacement and non-replacement 
interventions. Spare parts provisioning considers the unique characteristics 
of a lubricant as a distinct non-repairable spare part along with repairable 
spare parts to derive maintenance and inventory decision support. We 
consider stochastic dependence to derive the individual and combined in-
teraction, through ageing effects related to the equipment (e.g., increasing 
load, wear, and lubricant consumption due to deterioration), and for the 
lubricant such as a decrease in viscosity due to high shear rate. 

The remaining parts of the paper proceed as follows: In Section 2, 
we discuss the related literature in the context of the study. Section 3 
presents the notations, the description of the problem under in-
vestigation, formulates the model and the assumptions used. In  
Section 4, we offer the modelling and simulation-based case study. A 
numerical case study example and a thorough sensitivity analysis are 
presented in Section 5. Finally, Section 6 concludes the paper. 

2. Related literature 

2.1. Lubricant or oil analysis (LCM) 

Lubricant condition monitoring (LCM) under CBM compliments 
predictive and proactive maintenance strategies. As illustrated in the P- 
F curve in Fig. 1, LCM is frequently applied as the first-line defense, for 
mitigating early equipment and lubricant deterioration, hence avert 
potentially catastrophic equipment failures [9,12]. LCM deals with 
analyzing the condition of the lubricant, through which the health or 
state of the equipment and the lubricant is inferred [5]. Oil degradation 
is characterized by additive (like anti-wear) depletion, degradation 
products like oxidation formation and accumulation of contaminants, 
e.g. wear particles [9]. 

Two crucial variants subsumed in our LCM approach, include the in- 
service lubricant analysis and the lubricant consideration as an entity or 
spare. The former option entails the various parametric analysis (like 
physiochemical properties, contamination, elemental wear, and ad-
ditive analysis) of the lubricant employed to derive the condition or 
state of both the equipment and lubricant for decision support. The 
latter variant distinguishes LCM from other condition monitoring 
techniques because the lubricant can also be considered as a distinct 
spare part, like other parts of components of the equipment. These as-
pects are discussed in the following Section. 

2.1.1. Parametric oil analysis for decision support 
The importance and significant application of physiochemical and 

elemental (wear) analysis under LCM in maintenance decision support 
is revealed in various studies [9] [13]. Two important lubricant prop-
erties that both academia and practice (e.g., [14,15]) claim as critical, 
cost-effective indicators of machinery health in LCM include viscosity 
(physiochemical) and Iron particulate (wear). 

In this case, iron particulate represents particles or debris pre-
dominantly from iron-containing component wear. An elevated iron 
particle count (quantified in parts per million-ppm) of in-service oil 
may be indicative of abnormal machinery condition, wear and ageing  
[16]. This wear debris can promote more wear, therefore, generating 
more debris unless filtered out or expunged through an oil change [17]. 
Moreover, extended use of a lubricant would imply depletion of anti- 
wear additives, resulting in high mechanical friction that portends an 
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increase in wear. There is a large number of studies that have in-
vestigatively linked iron particles in an in-service lubricant (indicative 
of wear of components like piston rings and crankshaft) to equipment 
ageing and deterioration [13,14,18]. However, these studies pre-
dominantly employ hypothetical and qualitative thresholds while es-
tablishing the abnormal level of iron content, whose basis in the first 
case, is not expounded. Moreover, the studies represent degradation 
using algorithms which are based on historical data and statistical 
distributions and fail to incorporate them in a mathematical model, 
such as a simulation-based model. 

Lubricant viscosity is a vital performance parameter which objec-
tively reflects the oil degradation process and prevents wear by main-
taining a lubrication film between two moving metal surfaces [19]. The 
viscosity of a lubricant, on the one hand, may increase as time lapses, 
due to the ingression of diluents and contaminants of higher viscosity. 
Likewise, the formation of products with high molecular mass like 
sludge causes a viscosity increase. The sludge formation would depict 
deterioration due to oxidation caused by the elevated temperature that 
may be related to high friction occasioned by ageing degradation [20]. 

On the other hand, viscosity decrease may be caused primarily by 
two ageing factors: Firstly, ageing which implies extended exploitation of 
an equipment, may cause fatigue (cyclic loading) or time-dependent 
degradation (e.g. physical ageing) of parts like injectors and seals leading 
to leakages [5]. Subsequently, the leakage causes ingression of low vis-
cous liquids like fuel inducing an oil dilution [5]. Secondly, incomplete 
combustion demands increased loading to sustain performance, which 
may effectuate increased mechanical friction and excessive heat gen-
eration [15]. Increased mechanical friction causes the shearing of long- 
chain hydrocarbon molecules of the oil base of a viscosity modifier (shear 
thinning of VI improvers), to reduce the lubricant's viscosity [21]. The 
high operational temperatures may lead to oil film failures, subsequently 
shown by a reduction in viscosity [22,23]. 

The drop-in viscosity impairs the ability of the lubricant to avoid 
boundary lubrication (metal-on-metal) regime and maintain oil film 
thickness and strength while lubricating rotating members like journal 

bearing, thereby propagating extraordinary wear and damage of lu-
bricated parts [5]. The wear and deterioration of the load-bearing 
components and the heightened mechanical friction eventually re-
duce the equipment performance, while elevated wear consequently 
increases the iron particle count in the lubricant [24]. 

We select iron and viscosity as principal lubricant properties in this 
study based on several factors. First, numerous literature (e.g., 
[5,13,15,23]) concur the two features as judicious in revealing the lu-
bricant and machine health. Second, based on their influence on the 
health condition of the viable units in a multi-unit system to be mod-
elled, such as an engine or hydraulic unit along with other inter-
connected units. The wear particles like Iron (Ferrum), ostensibly come 
from load-bearing engine parts (spindles, bearings, and piston rings). 
Besides, the lubricant used in such systems, i.e. multi-grades (high VI), 
exhibit viscosity reduction due to high shear rates and temperature. 
Third, the two parameters exemplify the stochastic dependency this 
study envisages as essential to underscore through common-mode de-
gradation of the lubricant and unit(s) lubricated [25]. Lastly, the visc-
osity property is a crucial determinant of oil consumption (considered 
in Section 3.4), a salient characteristic for both the lubricant ‘spare’ as 
defined earlier and intrinsically ageing equipment. 

Two significant themes emerge from the studies discussed 
so far: Initially, the use of viscosity and iron information to derive de-
cision support has primarily employed thresholds, to trigger the decision 
to replace the lubricant and undertake various maintenance interven-
tions. Conventionally, the pre-determined thresholds (mostly by the 
OEM) are employed using analytical techniques (like trending and linear 
regression) and seldom consider modelling the deterioration of the spe-
cific properties [5,9]. A much more systematic approach of simulta-
neously modelling degradation of the lubricant properties like iron 
and viscosity while incorporating respective thresholds in a simulation- 
based methodology for decision support, potentially could offer more 
comprehensive and realistic insights [9]. This necessitates the develop-
ment of a degradation model (see Section 2.2) that; initially models the 
deterioration characteristics of the oil property, and then defines the 

Fig. 1. P-F curve illustrating various condition monitoring techniques  
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transition of the oil property states, based on empirically identifiable 
thresholds. 

The second theme entails addressing the rate-state interactions between 
the condition and performance of both the lubricant and the equipment. 
Despite the established link between the lubricant and equipment perfor-
mance and degradation, there remains a paucity of evidence in compre-
hending their inter-dependence and interactions. Various studies linking 
both the iron and viscosity to the ageing of the lubricant and equip-
ment such as [20,24], fail to consider these interactions based on common 
mode degradation. Modelling this interaction is challenging because, in one 
abstraction level, accounting for the equipment's ageing and failure char-
acteristics, the equipment should be considered independent of the lu-
bricant. In the other level, equipment should be ‘synonymous’ with the lu-
bricant being monitored to derive maintenance decision support using oil 
analysis. In this study, we develop a simulation-based approach that con-
siders such rate-state interactions and potentially yields robust decision 
support with better insights on how the deterioration of oil and equipment 
are interconnected. 

2.1.2. Lubricant as a spare 
Conversely, oil analysis also reveals the condition and state of the 

in-service lubricant, herein referred to as a spare (non-repairable spare 
and or consumable) as alluded in Section 1. APICS1 dictionary [26] 
defines inventory as “those stocks or items used to support production 
(raw materials and work-in-process items), supporting activities 
(maintenance, repair and operating supplies), and customer service 
(finished goods and spare parts).” Herewith the lubricant retains 
maintenance and repair supporting function [7]. 

During operation, the lubricant undergoes ageing degradation that 
impairs its ability to function within the acceptable criteria. This is at-
tributed to both the deterioration of the lubricant properties and impact 
inflicted by the equipment degradation on the lubricant properties as 
well. Such features include physiochemical like viscosity and elemental 
wear like iron particle count. Others, though not in our scope, include 
contamination like water content and additive such as Magnesium con-
tent. As a non-repairable spare, various corrective (CM) and preventive 
(PM) maintenance replacement interventions are proposed in literature 
and practice to mitigate the ageing degradation of the lubricant, ad-
dressing the shortfall in performance to return its properties to an ac-
ceptable operational state. The in-service lubricant can undergo full 
drainage, also known as Full-Volume Oil Changes (FVOC), where all the 
oil in the sump is replaced [27]. A partial oil change or Short-Volume Oil 
Change (SVOC) depicts draining and refilling the oil with some fraction 
of the total sump volume [27] [28]. Lastly, replacing the lubricant with 
system purging at pre-determined intervals depicts the PM strategy [29]. 
However, previous studies in this line retain several notable limitations. 

In the first place, previous studies (e.g., [12,27,29,30]) disregard 
non-replacement interventions like centrifuging and filtering, thereby 
overlook stochastic dependence between the lubricant and equipment 
under imperfect maintenance. Research following this approach has 
been mostly restricted to repairable multi-components (e.g., [31] [32]). 
We extend the approach to the lubricant's domain, where a lubricant 
degradation model adopting a Semi-Markov Decision Process is de-
signed. The model tracks the degradation level (represented by visc-
osity and iron) of the lubricant prior and after interventions and seeks 
to incorporate the additional real-world non-replacement interventions, 
subsumed in other maintenance policies like CM and PM, which are 
essential to address lubricant degradation realistically. 

The second limitation, the studies fail to quantify the impact of the 
lubricant under LCM in maintenance optimization, similarly to other 
spares (repairable) in a system [7]. Studies have oversimplified this 
aspect by lumping LCM impact (cost and time delay) under CBM (e.g.,  

[33]), an approach that may not offer realistic system availability and 
cost estimations. This necessitates decoupling lubricant spares and in-
terventions from other maintenance-related costs, a unique aspect we 
consider in this study. 

2.2. Modelling degradation and ageing effects 

The degradation which is exhibited by increasing wear, failure rate 
and reduced performance of both the repairable unit and lubricant, is a 
crucial element depicting ageing [34]. The underlying prognostics of 
degradation, are subsumed in many degradation testing models, classi-
fied into two types, accelerated and non-accelerated testing models [11]. 
Non-accelerated models (NAM) characterize degradation by utilizing 
data depicting normal operating conditions. NAM include random pro-
cess model that fits degradation measures at each observation time by a 
specific distribution with time-dependent parameters, time series and a 
hybrid of soft (degradation) and hard (catastrophic) failure models [11]. 
The accelerated model (AM) includes accelerated life testing, which is 
conducted by accelerating the “use” of the unit or by subjecting the unit 
to stresses to accelerate failure. The other variant of AM is the Ac-
celerated degradation testing, which subjects a unit to accelerated 
stresses like temperature during operation over usage and time [35]. 

The study by [22] applied increasing shear rate and temperature, 
while [36] engaged increasing loads of equipment to model accelerated 
lubricant degradation (lubricant viscosity decrease) depicting compo-
nent/system ageing and performance degradation. However, the stu-
dies remain narrow in focus, by firstly, failing to consider accelerated 
degradation of both the lubricant and repairable units within a piece of 
equipment (rate-state interactions), and secondly, failing to utilize 
maintenance strategies like PM and CM simultaneously. A seminal 
study in this area is the work of [25], which tried to mitigate this 
limitation. However, their work does not attempt to give sufficient 
realistic consideration of a system containing more than two (similar or 
different) components with additional dependencies like performance 
dependence. Moreover, the study fails to consider differing degradation 
levels linked to the repair and replace actions by considering them as 
synonymous. This study addresses these constraints by incorporating 
CM, PM and CBM simultaneously with specific interventions generating 
different degradation levels stochastically. We employ a hybrid de-
gradation model of a random process and accelerated degradation of 
the lubricant and repairable units in the multi-unit system. 

Based on the review and plausible gaps identified, there are several 
critical areas where this study makes an original contribution. The first 
contribution of this paper is to develop an innovative LCM modelling 
design where the lubricant is considered; firstly, as an item to be mon-
itored under CBM and secondly, as a degradable spare with distinct in-
terventions to maintain its quality and performance. Work under LCM has 
conventionally considered lubricants as an item monitored and consumed 
under CBM. However, this study extends this persuasion, where the lu-
bricant is considered additionally as a part; a) requiring inspection and 
individual intervention, and b) whose performance may necessitate sec-
ondary interventions on other units or auxiliaries like filters. To the best 
of the authors’ knowledge, no previous study has been found that address 
a lubricant as a degrading maintenance spare that requires maintenance 
interventions and at the same time as a monitored item that infers the 
condition of the lubricated component and the lubricant. 

Considering the second contribution, this study represents the first, 
to the best of the author's knowledge, to integrate detailed LCM tech-
nique as part of CBM, alongside CM, PM and Opportunistic (OM) 
maintenance and spare policies, to mitigate stochastically deteriorating 
multi-unit system. This is a novel area of research which remains un-
explored as also corroborated by [7]. The methodology considers the 
interactions subsumed by the integration of the policies while model-
ling and mitigating the ageing effects of both the repairable units 
(equipment) and lubricant. We incorporate inspection-driven clustering 
dependence, where studies (e.g., [27] [37]) consider opportunistic and 

1 American Production Inventory Control Society, established in 1957, is now 
called APICS. 
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preventive replacement only as alternative interventions. Moreover, 
our research considers other non-replacement stochastic maintenance 
actions such as centrifuging and filtration under CM, which offer a more 
realistic approach, hence extends the previous works (e.g., [23,27]) 
that solely employ replacement actions. In addition to quantifying the 
impact of lubricant (as a replaceable and consumable part) to the 
system, the study equally considers the influence of lubricant de-
gradation as a measure of equipment ageing effects, an aspect also 
unique in the literature. 

Ultimately, the study links the ageing degradation of both repair-
able and non-repairable units to system performance considering both 
their individual and rate-state interactive effects, a task not necessarily 
straightforward. Two possible solutions exist based on either non-ac-
celerated or accelerated degradation, where this study proposes a hy-
brid degradation model as the third contribution. The interactive de-
gradation model incorporates both non-accelerated and accelerated 
degradation models in a simulation modelling approach. In this case, 
the time-dependent lubricant properties and unit failure characteristics 
are modelled, representing non-accelerated (random process), using 
Weibull distribution, argued to be more accurate for reliability analysis 
of both repairable units and lubricants [9,14]. In keeping more closely 
with the spirit of [3], in this work, we mimic accelerated degradation 
by increasing the failure rate for the lubricant. In contrast, for the re-
pairable units, the load and vibration intensity are increased randomly. 
This approach seems to be overlooked in the literature. 

3. Modelling 

3.1. Notations and assumptions 

Throughout this paper, the following notations are adopted.    

Decision variables 
Cm Maintenance cost (€ per year) 
Ao Operational availability   

Model parameters 
i Maintenance actions 
k Total number of units in the system 
n A single unit in the system, where n = 1, ….k 
j Severity levels, j = {1, 2, 3, 4} 
t Simulation time 
Ri ith maintenance action, i = {1, 2, 3, 4, 5} 
FSj Unit degradation or failure severity for jth severity level 
FSOj Lubricant viscosity degradation or severity level 
FSIj Lubricant-iron degradation or severity level 
FSVj Vibration condition degradation or severity level 
Chrs Holding cost rate – spares (€/unit/hr.) 
Chro Holding cost rate – lubricant (€/liter/hr.) 
thn Time accumulated by the nth unit spare 
In On hand inventory of spare parts 
Sn Order-up-to level 
Qn Order quantity for En 

sn Reorder level for En 

λo Lubricant TTF ( viscosity iron, )ov oi (Hrs.) 
En nth unit 
β The shape parameter of the failure distribution 
α Scale parameter of the failure distribution 
LPM PM hazard rate limit 
LCM CM hazard threshold 
LLCM LCM interval 
τLCM LCM interval 
τVCM VCM interval 
τPM PM Interval 
T Simulation run length (Hrs.) 
ρi Maintenance efficiency for ithmaintenance action 
ηi Maintenance action utilization/use index 
RLi LCM maintenance actions 
TLi LCM maintenance actions delay time (Hrs.) 
ψL LCM Impact rate 
Lv Oil volume (litres) 

Po Power generated (MWHr.) 
COP Opportunity or outage cost (€) 
Por Power cost rate (€/MWhr.) 
CCM CM costs 
CPM PM costs 
CLCM LCM costs 
Ch Spares holding cost 
Tdi Diagnosis time (hrs.) 
Tri Maintenance action delay time (Hrs.) 
Tln Spare sourcing lead time for nth unit 

n̂o Oil analysis danger classification (%) 

Li LCM action utilization/use index 

n̂v Vibration analysis danger classification (%) 
BSOC Brake specific oil consumption (g/KWh) 
Do The density of oil (g/cm3) 
LVCM VCM hazard threshold  

In this study, we consider a multi-unit system composed of a lu-
bricant as a non-repairable/consumable “unit” and n non-identical re-
pairable units =E n k( 1, .., )n . We assume the repairable units (En) fail 
stochastically to follow derived distributions based on empirical data. 
As regards to modelling the lubricant, we monitor two properties, iron 
particles and viscosity. The iron particles, measured in parts per million 
(ppm) while the viscosity in centistokes (cSt) or millimeters squared per 
second (mm2/s), are assumed to fail stochastically whose character-
istics likewise derive a distribution. Moreover, we consider the lu-
bricant as a replaceable spare like other repairable spares in the system. 
In addition to stochastic dependence (see Section 3.2.2), the system 
exhibits performance dependence, where a failure of one unit or lu-
bricant renders the system non-operational. 

3.2. Maintenance interventions/policies 

3.2.1. Maintenance interventions for the repairable units 
Our approach when modelling the degradation of the repairable units 

is not dissimilar to the one followed by [38] which retains four de-
gradation levels FSj, (j = 1-4) a unit may retain while in operation. FS1 

represents minor, FS2 moderate, FS3, severe and FS4, an extensive stop in 
production/operation. The transition of the unit's degradation level 
(depicting stochastic imperfect maintenance [31]), depends on the prior 
level, the maintenance intervention and follows the Semi-Markov Deci-
sion Process as described in [32]. Fig 2. Illustrate an example of a unit 
retaining FS3 (prior level) and ensuing level after replacement (R1), re-
pair (R2), service (R3), adjustment (R4) and PM (R5). Likewise, con-
sidering a vibration-based intervention, due to its unique characteristics, 
we introduce levels FSVj(j = 1-4). For a unit (monitored using vibration) 
retaining a condition degradation level FSV4 maintained using replace 
(R1), transitions to FSV2, FSV3 after repair (R2), FSV4 after service (R3) 
and FSV2 after adjust (R4). While if the corresponding unit is intervened 
during CBM, a repair action leads to FSV3, while replace lead to FSV2, 
adjustment transitions to FSV2 and lastly under PM (R5) the state is re-
tained at FSV2. Each unit retains a unique time to next failure (TTF) 
denoted as λn, represented by a fitted distribution of historical data. 

During the regular operation, as illustrated in Fig. 3, the replace-
ment of repairable units are undertaken on the attainment of the PM 

Fig. 2. Sample illustration of repairable unit's severity/degradation level 
FS3 transition 
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interval ( =t PM) and the inspection revealing that the degradation 
level is equal or greater than the PM threshold (i.e., FSj ≥ LPM). In 
contrast (FSj <LPM), the replacement of the specific unit is skipped. The 
effect of the maintenance intervention considers the PM costs including 
the cost of spares replaced, labour costs incurred, while next PM in-
terval is sampled, spare stocks levels are updated, and the posterior 
degradation levels are assigned to the units. 

Unplanned failure triggers stochastic prescription of various main-
tenance actions Ri under CM, for example, repair, replace and others as 
derived based on empirical data and theoretical (e.g., ISO 14224) gui-
dance. The respective interventions Ri, retain stochastic utilization or 
probability depicted by ηi, diagnosis time Tdi and delay time Tri. The 
maintenance effect entails CM costs which include labour (based on Tdi
and Tri) and spares cost, while the new degradation levels are derived. 
Motivated by the need to integrate different condition monitoring 
techniques, an area also identified requiring more research by [9], 
periodic vibration analysis, part of CBM is likewise undertaken. When 
the vibration analysis interval is reached ( =t VCM), the analysis pro-
poses two distinct thresholds, a ‘pass’ or ‘danger rate’ (instances the 
vibration measurements are within or not within the acceptable con-
dition) derived from empirical data. Hence, based on the danger rate 
(not within acceptable levels) n̂v computed, the unit undergoes main-
tenance Ri prescribed stochastically. CBM costs including spares, labour 
and consultancy costs (possible assumption for vibration analysis 
without in-house capability) are updated. 

To model the effect of maintenance interventions on the distinct units 
in the system, we define a maintenance efficiency model, based on ar-
ithmetic reduction of ages. We use the maintenance efficiency ρ to act as a 
multiplier to the time to failure for repairable units (λn) and non-repair-
able, herein lubricant (λo). It is assumed that, 0 < ρ < 1, is imperfect 
maintenance, while ρ = 1 is perfect maintenance that maintains equip-
ment to as-good-as new (AGAN) state. Lastly, ρ = 0 is minimal repair 
leaving equipment at as-bad-as old (ABAO) state. For modelling repair-
able units, CM is assumed to be imperfect due to inherent human and 
procedural errors, where the maintenance actions retain, ρ < 1. However, 
replace (R1) action under CM retains ρ = 1, like PM (R5) action. 

3.2.2. Maintenance interventions for lubricant “unit.” 
The degradation of iron and viscosity is monitored as the system 

operates, where the iron particle count is quantified, and viscosity is 

measured. The lubricant TTF is represented by respective distributions 
fitted on empirical data, in this case oi for the iron and ov for viscosity. 
We introduce four varying degradation levels, representing the respective 
degradation of FSIj (iron) and FSOj (viscosity) as shown in Table 1. 

Considering degradation levels based on iron particles content (le-
vels FSIj); we assume a limit of 10ppm as per specifications of the 
supplier of the lubricant. The levels are graduated based on the per-
centage of iron particles (ppm) above this limit. On the other hand, 
regarding viscosity below acceptable levels, we adopt precautionary 
and advisory levels suggested by [39] and model the levels graduated 
depicting the viscosity below the recommended level. 

In contrast to solely considering partial oil replacement drain (e.g., [27]) 
or full oil replacement (e.g., [10] [27]), we extend and model five main-
tenance interventions to mitigate the lubricant degradation and failure:  

• Full-volume oil change (FVOC)- RL1retain replacing lubricant 
equivalent to the full sump volume [27].  

• Short volume oil change (SVOC)- RL2, entails a partial change of 
lubricant in the system. SVOC is argued to retain draining up to 40% 
of the actual oil volume [28]. 

• Accessory change -RL3, retains no action on the lubricant but ac-
cessories like filters are replaced. 

• Cleaning -RL4 retain cleaning where settling, filtration or centrifu-
ging is done while the system is operational.  

• Inspection-based Full-volume oil change with purging (FVOC-P) - 
RL5. Preventive maintenance that entails changing the lubricant to 
the full sump volume and purging/cleaning of the line and system. 

Fig. 3. An approach modelling integrated maintenance policies (CM, PM and CBM) for repairable units  

Table 1 
Description of iron and viscosity severity levels.      

Iron severity levels (FSIj) Viscosity severity levels (FSOj) 

Severity level % content (ppm) above 
limit 

Severity level % value (mm2/s) 
below limit  

FSI1 < 5% FSO1 <5%, 
FSI2 5-10% FSO2 6-15% 
FSI3 10-15% FSO3 16-20% 
FSI4 > 15%. FSO4 > 25% 
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The transition of the degradation levels for both the iron and visc-
osity properties are similarly dependent on the prior level and the lu-
bricant related intervention RLi employed. Table 2 illustrates the dif-
ferent severities FSOj (viscosity) and FSIj (iron) transition matrix that 
assumes a Semi-Markov Decision Process also employed by [32]. 

An example of an oil sample retaining FSIj = 3 subjected to 
RL1, transitions to =FSI 2j depicting a reduction of iron debris. 
Similarly, as illustrated in Table 2, Fig. 4 shows the severity levels 
transitions for a lubricant's viscosity with prior severity level 4 (FSO4) 
when subjected to the various lubricant interventions RL1 5. As shown, 
when intervention RL1 is undertaken, the severity level transitions to 
FSO2, depicting an improvement of the viscosity. When FVOC with 
purging RL5 is undertaken, the oil severity level significantly improves 
from FSO4 to FSO1. 

Fig. 5 illustrates a summarized LCM strategy modelling framework. 
As shown, while the system is running, online oil analysis is undertaken. 
If the degradation levels for iron is more than and or viscosity less than 
the specified thresholds depicting deterioration, corrective lubricant 
maintenance (CM) actions R( L1 4), are prescribed stochastically. The 
prescription follows respective probability utilization Li (1 4) and delay 
times TL1 4. During operation, Off-line or scheduled/periodic oil condi-
tion monitoring exercise is triggered when the time interval τLCM is 
reached. In this case, sampling and analysis of lubricant are undertaken, 
while the iron particle content and viscosity are classified based on their 
deviation against the respective condition monitoring thresholds. We 
introduce a binary failure signal (OF signal) whose value is 0 or 1, linked 
to the lubricant classification results. If classification results reveal ‘good’ 
condition, in this case, the measured conditions are within acceptable 
levels (OF signal = 0), the subsequent interventions RLi (1 4) are skipped, 
while ‘danger’ condition implying the oil condition is not within accep-
table levels (OF signal = 1), RLi (1 4) interventions are prescribed. 

To address the limitation of linking the lubricant parameters to 
equipment performance, for instance in Ref. [23], we introduce a 

parameter LCM impact rate ψL which affects TTF (λn) for the units. The 
ψL links the lubricant condition to the equipment failure and perfor-
mance, hence, exhibit stochastic dependency with state-rate interac-
tions. The ψL is set at 90%, in the case of danger condition (OF 
signal = 1), thereby reducing the unit's TTF (λn), and only reverts to 
100% (OF signal = 0) when specific interventions (R1 and R5 on the 
units or RL1 and RL5 on the lubricant) are undertaken. Setting the LCM 
impact rate-ψL at 90% is assumed as a plausible value on two bases. 
Firstly, the TTF representing the units is unexpected to go below this 
value, and secondly, because the time from unwanted condition 
(OF = 1) to acceptable condition (OF = 0) is significantly low com-
pared to the total simulated running time (T). 

However, during PM (considering R5 and RL5), when FSOj < LLCM, 
the respective interventions are skipped. This phenomenon depicts 
postponement of the renewal; hence, the oil degradation level is sup-
pressed, and the OF signal is not transitioned, ultimately reducing the 
TTF (λn). This represents accelerated oil degradation, where a similar 
effect is established on the repairable units. 

While the system is running, the simulation time t is evaluated. If 
the PM interval for the lubricant is reached ( =t PM) and the inspection 
reveals that the lubricant degradation level is less than the LCM 
threshold (LLCM), the replacement of the lubricant is skipped, while if 
higher than LLCM, the lubricant is replaced based on the sump volume 
while incurring TL5. 

The maintenance efficiency model is employed adopting the work of  
[32] as described in Section 3.2.1 while modelling the effect of lu-
bricant-based interventions on the system. We use the maintenance 
efficiency ρv-Viscosity and ρi- Iron, to accelerate or decelerates the time 
to next failure (TTF) as a multiplier to the respective TTF, herein oi and 

ov for the iron and viscosity respectively. This implies that different 
interventions effectuate different degradation level, an aspect distin-
guishing our work with that of [25]. Table 3 presents the various im-
pacts linked to the lubricant interventions =R i( 1, 2, 3, 4, 5)Li based 
on both lubricants’ properties. 

3.3. System degradation and ageing effects 

The changes in the lubricant condition are assumed in this study to 
depict ageing effects (an increase of iron particles or reduced viscosity), 
as described in Section 3.2.2. These changes are linked to the equip-
ment performance and failure by the LCM impact rate (ψL) thereby 
exhibiting an increase in failure rate. We consider that an increase in 
the load capacity for engine representing the unit ageing effects leads to 
the loss of power and efficiency. This is linked to the load-consumption 
model represented by Eqn. (1) triggering correlated lubricant con-
sumption. On the other side, related to the load capacity increase, in-
cludes the rise in iron wear particles in the lubricant. In this case, as the 
load increases, the wear particles in the lubricant are modelled to in-
crease, resultant from failure increase. 

3.4. Maintenance spares policy 

The lubricant stock policy considers a lubricant first as a consum-
able and then as non-repairable spare. Lubricant as a consumable part 
entails modelling load-consumption based on Eqn (1), adopted from [6] 
that considers both equipment load factor and lubricant density. In this 
case, the specific lubricant oil consumption per running time (hrs.) is 
influenced by the equipment rating, load capacity factor (%), brake 
specific oil consumption (BSOC) g/KWh (derived from OEM) and lu-
bricant density (Do) in g/cm3. 

=Lubricant consumption Equipment rating Load Factor BSOC
D

* *
o (1)  

As a replaceable part, the lubricant retains unique characteristics 
representing the inventory, here in volume units Kiloliters (KL) and 
degradation. The maintenance spare inventory policy proposed (for 

Table 2 
Model lubricant failure severity levels transition matrix.            

Prior failure severity  Viscosity- FSOj Iron- FSIj  

1 2 3 4 1 2 3 4  

Posterior Failure Severity RL1 1 1 2 2 1 1 2 2 
RL2 1 1 2 3 1 2 3 4 
RL3 1 2 3 4 1 2 3 4 
RL4 1 2 2 3 1 2 2 2 
RL5 1 1 1 1 1 1 1 1 

Fig. 4. Schematic representation of viscosity prior severity level FSO4 transition 
after interventions RL1 5
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both lubricant and repairable units) retains the continuous review 
order-up-to stock (s, S) policy. Stocks below reorder level s, trigger an 
order quantity for Q, where =Q S I , S is the maximum stock level, 
and I represent the current stock. The determination of order-up-to 
levels considers that the demand in a period triggers the appropriate 
order. In managing the effects of the different maintenance policies, the 
spare stocks (lubricant and repairable spares) are updated. 

3.5. Assumptions of the model 

The following assumptions are made during the modelling step: 

1 As the lubricant and equipment ages, the lubricant's viscosity de-
creases, iron particles count increase, and the equipment perfor-
mance declines. We also presume wear as the primary source of iron 
particles.  

2 The increase of the load factor depicts the unit ageing effect leading 
to; (i) lower power and efficiency of the unit, a precursor of in-
creased oil consumption. (ii) load increase ushering the high me-
chanical friction and shear thinning of the lubricant (evidenced by 
viscosity decrease). Ultimately, increasing wear with subsequent 
increase in wear debris.  

3 Degradation/severity levels represented by FSj, FSIj and FSOj are 
observable/monitored states or measurements relatable to both the 
practitioner and the OEM. Moreover, they complement the 

imperfect maintenance context with stochastic transitions of the 
degradation level of the units.  

4 Lubricant and vibration analysis are distinct condition monitoring 
techniques employed. Vibration analysis is applied periodically, 
while lubricant analysis follows both periodic and online mon-
itoring.  

5 The monitored lubricant in use is multi-grade of API CI-4 or higher, 
hence retains high viscosity index. Consequently, the temperature 
effect is insignificant. 

4. Case study application 

We use a case study of a geothermal drilling rig that includes non- 
repairable/consumable “unit” in this case a lubricant and seven non- 
identical subsystems herein referred to as repairable units. The Top 
drive-E1 is used to achieve the drilling bit rotation, and includes com-
ponents like swivel, Kelly, and drill string. The Power unit-E2 generates 
power for the rig use. The Air compressor-E3, supplies highly com-
pressed air to the drilling string to push the cuttings to the surface, and 
Well control-E4 prevents the uncontrolled flow of formation fluids from 
the wellbore. E5 represents the ‘Well monitoring unit’, which in-
corporates devices that record and display critical drilling operations 
parameters like fluid properties, pump pressures and rates. The 
‘Circulating unit’-E6 provides hydraulic power to drilling fluid into the 
wellbore, while the Hoisting unit-E7, provides a means for vertical 
movement to lower/raise drill string and casings in the well. To model 
the failure characteristics, we employ Weibull distribution to char-
acterize the stochastic failure behaviour of the units and lubricant. The 
choice is due to its flexibility to model a variety of realistic failure 
behaviours, also corroborated by [16]. 

We consider lubricant consumed in the E3 (air compressor) to only 
undergo PM replacement and consumption. The lubricant in E2 

(power), is monitored and subjected to various LCM interventions like 
FVOC and SVOC, in addition to both consumption and PM replacement. 
Hence, being selective, we assume not all the repairable units in the 
system experience ageing degradation. 

Fig. 5. An approach modelling LCM (online and periodic inspection) strategy  

Table 3 
Impacts of the various lubricant-based interventions.       

Intervention  Impact of Intervention to Oil TTF  

ρv-Viscosity ρi- Iron   

FVOC RL1 0.9 0.7  
SVOC RL2 0.4 0.4  
Cleaning RL3 0.7 0.9  
No oil intervention RL4 0.0 0.0 ABAO 
FVOC-P(PM) RL5 1.0 1.0 AGAN 
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4.1. Non-repairable “units” (lubricants) 

The iron and viscosity parameters associated with the lubricant con-
sumed in the unit E2 (power) has their TTF derived from empirical data 

oi = WEIB (809, 0.538) and ov = WEIB (1650, 0.584) respectively. 
Periodic oil analysis after τLCM of 1,200 hours, is undertaken for the Power 
E2 unit. From the historical analysis, 85% of the samples are within ac-
ceptable thresholds, hence a pass rate of 85% which implies a danger rate 

n̂o of 15% (100% 85%). During both online and periodic oil analysis, 
LCM interventions RL1 4are stochastically prescribed if the condition of 
the oil is not within acceptable levels. Table 4 provides the respective 
lubricant interventions RL1 4, utilizations L1 4 and delay times (TL1 5). 

During the system operation, the oil consumption for the Power unit 
is computed using Eq. (1). The brake specific oil consumption (BSOC) of 
0.60 g/KWh and engine rating 1,825 KW are derived from the engine 
manuals, while the oil density Do = 888 g/cm3 from the engine oil 
datasheet (SAE 15W-40, API CI-4, ACEA E7, E5, E3). Due to ageing and 
deterioration, the value of BSOC is expected to increase as highlighted 
by the OEM. 

4.2. Repairable units 

On the other side, Corrective Maintenance interventions for the 
repairable units substantiated using ISO 14224:2016 includes replace-
ment of the failed component R1, where a newly manufactured spare is 
used, while, R2 is repair, R3 is service and R4 incorporates adjustment. 
Both the maintenance action utilization ηi and delay times Tri for re-
spective Ri derived empirically are shown in Table 4. The total CM cost 
includes spare costs and labour cost based on CM labour rate of 7.5 
€/hour and summation of Tdi and Tri incurred. 

As illustrated in Table 5, Preventive maintenance (PM) interval 
ranges from 500 hrs. to 4,000 hrs. The time delay for major PM inter-
vention (τPM = 4,000 hrs.) is UNIF (40, 50) hrs., while the others retain 
UNIF (20, 30) hours. The respective average PM labour rate employed, 
which includes subcontracted maintenance, and well handling/move-
ment is 28.7€/hour. For units eligible for vibration analysis, in this 
study the top drive E1, after a periodic interval τVCM of 1,500 hours, a 
pass rate of 80% (as described in Section 4.1) is derived from empirical 
data. Hence, based on the danger rate n̂v of 20% (100% 80%) as 
computed, various CM interventions are prescribed, while the con-
sultancy charge for vibration analysis was estimated as 2,500€. 

4.3. Maintenance spare policy 

The spares management policy considers a holding cost Ch incurred 
at a rate Chrs of € 0.02 per unit per hour for repairable spares and Chroof 
€ 0.002 per litre per hour for lubricants. Backorder is unconsidered in 
this paper because the order-up-to policy employed ensures that no 
stock out is experienced. Spare sourcing lead times (hrs) are derived 
empirically and follow a uniform (4, 12) distribution for repairable 
spares and uniform (2, 4) for lubricant (non-repairable). Following 
expert consultation and data review, the minimum and reorder stock 
levels were estimated as the same value, where a minimum stock in 
hand of 2 units ( = =I S 2n n ) and maximum or order-to quantity of 4 
units ( =S 4n ) was retained for the repairable spares. For the lubricants, 

the reorder level was 2,000 litres and 500 litres, while the maximum 
stock/initial stock in hand is 4,000 litres and 1,000 litres for the E2 

(power) and E3 (air compressor) units respectively. The sump capacities 
of 1,260 and 229 litres (derived from operating manuals) and the lu-
bricant costs were 1.65 and 3.0 €/litre, for the E2 and E3 units, re-
spectively. 

4.4. System degradation and ageing effects 

To model the failure characteristics, we employ Weibull distribution 
to characterize the stochastic failure behaviour of the units and lu-
bricant. The parameter α (denoting the characteristic life parameter) 
determines when, in time, a given unit or oil fails: a small value of α 
indicates a short-expected time to failure. The reduced variance of TTF 
for the lubricant, implying an increased failure rate is attained by the 
shape parameter (β > 1). We employ the common assumption of β > 1 
(2.4) after a period t = T/2 to exhibit a smaller variation of the failure 
time. A lubricant with a short time to failure is represented by a value 
α = 2000. In this case study, we assume the ageing degradation effect 
starts to be unmistakably noticed at t = T/2. As the system deteriorates 
due to the age implied by time, and the accumulation of degradation, 
several accelerating degradation factors are considered:  

• To model an increased failure rate due to ageing degradation of the 
lubricant, the shape parameters are adjusted and retained at β >1 
(i.e., β = 2.4) after t = T/2. Moreover, considering periodic oil 
analysis results, after t =T/2, the pass classification assumes a 
uniform (30%, 65%) distribution, a reduction from the empirical 
85%.  

• To link the ageing degradation of the lubricant and the performance 
of the unit being lubricated, we selectively model ageing depicted 
with an increase in the engine load for E2 due to reduced perfor-
mance. The load is increased from 90% to 100% as suggested by 
OEM [6], following a uniform distribution. The load increase in-
teracts with oil consumption increase after t = T/2. In this case, 
increased oil consumption as equipment E1 ages are depicted by an 
increase in specific oil consumption from the OEM derived 0.6g/ 
KWh to a maximum of 20% increase following a uniform (1.0, 1.2) 
distribution, after t = T/2.  

• A vibration degradation model is introduced to model the effect of 
wear. In this case, we assume wear of various units with time, in-
creases the vibrations; hence, classification results not within ac-
ceptable thresholds escalate. In this case, at 50% of total simulation 
time, the pass classification percentage reduces to a uniform (60%, 
80%) distribution. While considering the online vibration analysis, 
the vibration velocity is increased using a uniform (1,1.2) distribu-
tion after t = T/2. This signifies a maximum 20% increase as de-
rived from the empirical data analysis. Following the analysis, the 
deviation of the measurement triggers replacement or repair or 
adjustment actions.  

• Increase in external factors with time elapsing such as cost inflation 
is incorporated by a percentage price change rate which affects the 
spares cost and labour rate. In this case, the price stochastically 
changes to a maximum increase of 20% following a uniform (1.0, 
1.2) distribution, after t = T/2. 

Table 4 
Lubricant and repairable units’ interventions delay time and utilization.          

Lubricant Intervention TL1 5 (Hrs.) L1 4 (%) Repairable unit Intervention Tr1 5 (Hrs.) 1 4 (%)  

RL1 FVOC UNIF (2,16) 28 R1 Replace EXP (22.67) 31 
RL2 SVOC UNIF (1,2) 37 R2 Repair EXP (22.0) 44 
RL3 Accessory replace WEIB (7.53,1.22) 16 R3 Service EXP (21.4) 6 
RL4 Cleaning UNIF (4.45,7.56) 19 R4 Adjustment EXP (28.0) 19 
RL5 FVOC-P   R5 PM   
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4.5. Performance measurement 

In this study, an integrated approach is employed to offer critical 
performance measurements, maintenance cost and availability, derived 
from the case study involving the plant [40]. Maintenance cost (Cm), 
shown by equation (3) constitute direct costs such as labour, spares in 
this study subsumed in the PM, CM and CBM (CPM, CCM, CCBM) and 
spares holding cost Ch and opportunity cost based on downtime due to 
failure COP. In this study, opportunity cost COP, also referred to as 
downtime cost addresses lost revenue for each MWhr computed based 
on the power sale rate Por (€42.09/MWhr) and lost operational avail-
ability Ao due to maintenance-related downtime, see equation (2). No 
redundancy is considered; hence the critical measurement is retained as 
the total annual maintenance cost, Cm whose units are K€ (‘000€). To 
quantify the effect of LCM, we introduce Lv, the total volume of lu-
bricant as a spare and consumable used by the system annually, whose 
units will be KL (‘000 litres). 

=C A P(1 )*OP o or (2)  

= + + + +C C C C C Cm PM CM CBM h OP (3)  

= +C C CCBM LCM VCM (4)  

5. Case study results 

The developed simulation model considered a simulation time of 
(T = 43,800 hrs.), equivalent of 5 years of the geothermal drilling rig 
operations. We used the discrete event simulation Arena software. The 
warm-up period is set to 10,000 hrs. to avoid initialization bias, while 
steady-state was achieved at 34 replications, which also demonstrated a 
reduction of the half-width for Cm to acceptable levels. In this case 
study, we develop several experiments in this section to validate the 
advanced methodology and quantify the dependencies modelled within 
the system.  

• To assess the impact of LCM and its added value; we consider a base 
case that incorporates empirically derived units’ and lubricant 
failure characteristics, while the ageing case considers the lu-
bricant's ageing characteristics and the unit's ageing effects. We 
evaluate the performance measures (Cm and Lv) and the constituent 
costs retained by the various maintenance policies (CM, LCM, VCM 
and PM).  

• The subsequent step evaluates the decision variables that influence 
system performance while considering the degradation and ageing 
effects. In this case, we assess the link between lubricant degrada-
tion and unit degradation (through PM interval, unit replacement 
and FVOC), while considering their impact on the system perfor-
mance as described in Section 3.2.2.  

• To quantify the impact of inspection-based preventive maintenance 
exploited, we evaluate the system performance considering both 
LCM and PM intervals as described in Sections 3.2.1 and 3.2.2.  

• Lastly, we evaluate and assess the interaction effects between the 

various system decision variables using full factorial analysis. This 
assists in quantifying the interaction effects expected among the 
vital lubricant and repairable units’ control variables. 

In the subsequent experiments, we vary the utilization η1, η2, L1 and 
L2 from 10% to 50%, while the LCM interval (τLCM) from 800 to 1400 

hours and PM interval (τPM) from 400 to 1200 hours. The values were 
derived based on expert review and OEM recommendations. However, 
due to space limitation of displaying the results in the text, utilization of 
10% and 40% are employed to represent low and high values, respec-
tively. 

5.1. Impact of LCM to the overall maintenance 

While considering the system on a base case (no ageing) and ageing 
basis, Table 6 presents the system performance (Cm and Lv) and the 
various maintenance cost categories contributing to Cm, based on Eqn. 3. 
From this analysis, two critical aspects can be depicted. Firstly, the oil 
volume (Lv) and maintenance cost (Cm) incurred is demonstrated to be 
17.8% and 7.5% respectively, higher when ageing of both the repairable 
units and lubricant are considered. The findings demonstrate an apparent 
link of high Cm and Lv to an increase in failures and maintenance inter-
ventions occasioned by the ageing of the units and lubricant. Secondly, as 
expected PM and CM policies are demonstrated to retain the highest 
contributions to Cm. Interestingly, LCM is shown to contribute over 10% 
of the Cm. This result is rather significant, as this suggests that LCM ranks 
as a significant individual policy, contrary to the assumption of being 
lumped under CBM (e.g., [33]) as alluded earlier in Section 2. 

CBM costs (amalgamating CLCM and CVCM), yields a 26% contribu-
tion to Cm, where CLCM contributes 38% and 49% of the CBM costs, 
considering the base case and with ageing respectively. These findings 
suggest that plant managers need to focus on LCM as a significant 
contributor to maintenance optimization along with other maintenance 
policies. Suboptimal LCM strategy(s) for instance, replacing oil too 
early could lead to ‘over’ maintenance, while late replacement com-
promise reliability, ultimately affecting the plant performance and 
economics adversely. 

Table 5 
Model parameters derived for respective units.          

Unit Diagnosis time delay -Tdi (hrs) TTF- λn (hrs) Spare cost (€) τPM(hrs) 

Replace Repair Service Adjust  

E1 UNIF (0.5,1) UNIF (1.5,3) UNIF (0.5,1) UNIF (0.5,3) 0.999 + WEIB (30.5, 0.221) 308.00 1,500 
E2 UNIF (0.5,1) UNIF (0.75,1.5) UNIF (0.7,1.4) UNIF (0.5,3) 2 + WEIB (289, 0.339) 851.00 500 
E3 UNIF (0.5,1) UNIF (1,4) UNIF (1,4) UNIF (0.5,3) 9 + WEIB (240, 0.376) 905.00 500 
E4 UNIF (0.7,1.2) UNIF (0.5,1) TRIA (0.5,1.4) UNIF (1,3) 412 + WEIB (121, 0.235) 148.70 4,000 
E5 UNIF (0.5,1) UNIF (0.5,1) TRIA (0.5,1.4) UNIF (1,3) 122 + WEIB (362, 0.219) 150.00 4,000 
E6 TRIA (0.5,1,2) TRIA (0.5,1,2) TRIA (0.5,1.4) UNIF (1,3) 0.999 + WEIB (42.1, 0.451) 332.00 1,500 
E7 TRIA (0.5,0.7,1) UNIF (1,3) TRIA (0.5,1.4) UNIF (1,3) 4 + WEIB (196, 0.33) 289.00 500 

Table 6 
System costs and total lubricant consumed, considering the base case and 
ageing case conditions.        

Base case With ageing 
Cm (K€) 512.53 550.94 
Lv (KL) 30.85 36.33  

Value (%) Value (%)  

CPM (K€) 132.52 26% 141.77 26% 
CCM (K€) 127.45 25% 133.82 24% 
CVCM (K€) 81.33 16% 73.16 13% 
CLCM (K€) 51.44 10% 69.01 13% 
Ch (K€) 21.46 4% 24.76 4% 
COP (K€) 98.33 19% 108.42 20% 
Lv (KL) 30.85  36.33  
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5.2. Impact of LCM and other maintenance interventions with dependencies 

Linking the failure and maintenance of both the lubricant and the 
repairable unit correlates to instances where the degraded lubricant 
condition adversely affects the performance of both the repairable unit 
and the oil. This stochastic dependency between the lubricant and the 
repairable unit is exhibited in the utilization of R1, R5 for the repairable 
units, and RL1, RL5 for the lubricant (see Section 3.2.2). To evaluate 
these expected dependencies, the PM interval τPM which represents 
both RL5and R5 and the probability utilization of undertaking FVOC 
(RL1) L1 and replace (R1) η1were varied. The evaluation results based on 
system performance, maintenance cost (Cm) and total volume (Lv) of 
lubricant are shown in Fig. 6. 

As shown in Fig. 6(a), at low τPM, the maintenance cost and oil 
volume retain high values at both high and low values of the utilization 
of FVOC ( L1), with a pronouncement at higher values of L1 (40%). 
However, as the τPM is extended, which signifies fewer PM interventions 
on both the lubricant and units, the maintenance cost is shown to re-
duce significantly at both high and low L1. This aspect in real-life 
correlates to the increased reliance of complete oil charge (FVOC) when 
undertaking LCM interventions, which shows a similar trend at both 
high and low values of L1. This offers proof of concept that the LCM 
interventions, in this case, FVOC ( L1) have a dependence on PM in-
terventions. On the other hand, the reliance on replacement (R1) η1 as 
illustrated in Fig. 6(b), shows that at low τPM, high utilization of 
R1(η1 = 40%) generates high values of Cm and Lv. At extended PM 
interval, high utilization of R1(η1 = 40%) returns a significantly low 
value of Cm and Lv. However, lower utilization of R1(η1 = 10%) exhibits 
high values of Cm and Lv at extended PM intervals. 

During short PM intervals, both the units like top drive and power 
unit among others and the lubricant in the corresponding units (e.g., 
power unit or compressor) undergo frequent renewal using R5 and RL5
maintenance actions respectively. In this case, enhancing the use of 
corrective interventions like replacement R1 and full oil recharge 
(FVOC) RL1 for the units and lubricant respectively, would generate 
“over” maintenance, thus an increase of both Cm and Lv. On the other 
side, at an extended PM interval, the units, including the lubricant, 
undergo fewer renewal processes. In this case, the use of lower utili-
zation of replace R1 for instance, on the top drive is inadequate to 
sufficiently address its degradation and reliability. Undistinguishably, 
an extension of PM interval on the lubricant in the power unit, imply 
the inherent properties like the low viscosity and high iron particles 
count would not be adequately mitigated by low utilization of oil re-
placement RL1. In both cases, increased CM interventions are expected 
and therefore, due to lower utilization of spare replacement R1 and oil 
replacement RL1, other CM actions (e.g., repair or adjustment) for units 
like top drive and (e.g., adjustment) for the lubricant in the power unit 

may be employed extensively. However, these alternative interventions 
may not restore the units (e.g., well unit or top drive) and the lu-
bricant's properties (e.g., viscosity) to exceptional, reliable states like 
AGAN, ultimately leading to an increase of Cm and Lv due to compro-
mised performance. In contrast to the assumption by [25] which treated 
replace and repair synonymously, these results evidence that divergent 
interventions inflict distinct degradation levels. 

5.3. Impact of inspection-based preventive maintenance 

Preventive maintenance incorporates scheduled maintenance with 
an inspection performed at predefined intervals. In this study, when the 
scheduled maintenance interval of a unit (τPM) is reached, PM inter-
vention R5 is performed for the repairable unit, while preventive 
(FVOC-P) replacement RL5 is equally performed for the lubricant. 
Concurrently, periodic inspection of the lubricant is performed at time 
intervals, τLCM, and based on the limiting threshold values of the lu-
bricant parameters, i.e. degradation threshold values LLCM for iron/ 
viscosity, corrective interventions like FVOC, SVOC (RL1 4) are taken if 
needed. To evaluate the impact of the inspection-based PM, we quan-
tified the system performance (Cm and Lv) while varying the PM (τPM) 
and LCM (τLCM) intervals, as shown in Fig. 7. 

As illustrated in Fig 7 (a), extended PM intervals demonstrate a 
significant reduction of both Cm and Lv compared to short intervals. 
Two salient aspects can be inferred from this result. Firstly, an exten-
sion of PM interval correlates to fewer PM interventions. Since PM in-
terventions are not only time and cost-intensive but also utilize sub-
stantial oil volume, the extension of τPM, significantly reduces the Cm 

and Lv. Secondly, PM with inspection possibly complements the cor-
rective replacement, in this case, the replacement for repairable units, 
while for the lubricant, both FVOC and SVOC interventions. These re-
sults provide further support for the hypothesis that, despite the an-
ticipated increase in CM actions due to fewer PM actions, the use of 
LCM (FVOC and SVOC) and CM (replace) policies, possibly offer re-
newal compensation for both the lubricant and repairable units. Despite 
the reliance on replacement PM interventions in most studies (e.g., [10]  
[27] [29]), these results provide further support for the hypothesis that 
non-replacement interventions play a significant role in LCM optimi-
zation. This is also corroborated in the previous Section 5.2. 

On the flip side, a modest reduction of Cm and Lv is shown in  
Fig. 7(b) following an extension of the LCM interval. In the current 
setting, a significant reduction for both Cm and Lv is demonstrated 
below 1400 hours, implying that an extension of τLCM for the power unit 
up to around 1300 hours, would improve the system performance. 
However, higher values of τLCM beyond 1300 hours, for instance, 1400 
hours, indicates a significant increase in both Cm and Lv. The results 
here imply that for the power unit, an extension of the in-service oil 

Fig. 6. Impact of varying PM Interval with (a) FVOC and (b) replace maintenance utilization  
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analysis interval to over 1400 hours significantly reduces the number of 
CM interventions opportunities derived through in-service oil analysis. 
In this case, the plant retains fewer opportunities for detecting viscosity 
or wear particles changes that infer the unit degradation at an early 
stage and intervene before extensive degeneration and failure occur. 
Moreover, challenges not necessitating oil replacement for instance 
filter clogging may not be observed at an early stage, and in the long 
run, warrant an extensive full oil replacement with system purging to 
restore the lubricant and repairable unit's performance. The eventual 
intervention portends high maintenance cost due to the occasioned 
complete oil volume changes, intensive labour and intervention 
downtime. For optimal performance (reduced Cm and Lv), these findings 
suggest the adoption of τLCM ranging between 900 and 1300 hours. 

However, there are instances where companies may desire to vary 
periodic intervals (PM and LCM) simultaneously to reduce maintenance 
cost and oil usage while increasing the utilization of replacement 
maintenance action for repairable units and SVOC and FVOC for lu-
bricant. To investigate this phenomenon further, Fig. 8 was derived by 
varying combined low to high intervals of both τLCM (800-1400), τPM 

(400-1200) against the probability of utilizing SVOC- L2 and replace 
action-η1 for lubricant and repairable units respectively, considering the 
system performance (Cm and Lv). As illustrated in Fig. 8(a), low com-
bined values of both intervals ( = 800,LCM PM = 400) and high τLCM- 
low τPM ( = 1600,LCM PM = 400) generate significantly high Cm and Lv 

values. However, high combined intervals ( = 1600,LCM PM = 1200) 
and a low τLCM- high τPM ( = 800,LCM PM = 1200) leads to lower Cm 

and Lv at high L2. Overall, extending both the PM and LCM intervals 
(high τLCM and τPM) and at the same time utilizing SVOC frequently 
(higher L2) is shown to reduce the Cm and Lv. This phenomenon may be 
attributed to the renewal effect demonstrated by the dependence be-
tween PM and SVOC. Less utilization of PM may signify less renewal of 
the lubricant; hence an increase in SVOC utilization compensates for 
this reduction of lubricant's properties. These findings could also be 
applicable in circumstances which necessitate an extension of LCM in-
terval, for instance, lack of in-house lab and or increased cost of ana-
lysis. A plant in such a situation may increase the scheduled oil analysis 
interval for the power unit, while simultaneously increasing the use of 
the Short-Volume Oil Change. The enhanced utilization of SVOC sig-
nificantly improves the lubricant's reliability (rejuvenating the viscosity 
and expunging iron particles) reducing failure and interventions, and 
ultimately a reduction of both Cm and Lv. Due to the reciprocity char-
acteristics between SVOC and FVOC, a similar trend is observed when 
the utilization of FVOC is considered. 

While considering the changes in utilizing the replace maintenance 
action η1, as shown in Fig. 8(b), similar to the results exhibited while 
varying SVOC, high combination values ( = 1600,LCM PM = 1200) and 
a low τLCM- high τPM ( = 800,LCM PM = 1200) yields significantly lower 
Cm and Lv. This instance correlates the reliance on replacement action to 

mitigate reduced unit performance, for example, for the power unit due 
to lubricant failure. This phenomenon is demonstrated by linking the 
lubricant failure to the reduced performance of the unit as described in  
Section 3.2.2. Moreover, it seems possible and consistent that for a unit 
like the top drive, an increase in the utilization of spare replacement 
maintenance action compensates the reduced renewal effect due to less 
usage of PM actions occasioned by an extension of the PM interval. 

As evidence, these results illustrated in Figures 6, 7 and 8, point 
towards interactions between the various LCM (e.g., FVOC and SVOC) 
and other maintenance policy's parameters (e.g., PM interval and re-
place action utilization) towards impacting the system performance. To 
assess the possible interactions, the following Section 5.4 undertakes a 
full factorial analysis. 

5.4. Impact of LCM alongside CM and PM maintenance policies interactions 

The employment of LCM and other maintenance policies like CM 
and PM simultaneously subsumes the link between the degradation and 
failure of both the lubricant (properties) and the units (those lubricated 
or not). In real-life and as evidenced in Sections 5.2 and 5.3, system 
performance may not rely on one parameter, in this case, the interac-
tions (effect of one parameter on the other) may positively or detri-
mentally affect the system performance, hence the need to quantify the 
effects of the parameters together. To quantify the interactions of the 
lubricant and reparable units-based maintenance policies, we under-
took a full factorial experiment considering the ranges of the variables 
(50%:100%:150%) depicted in Table 7. The average estimated changes 
(∆) in the system performance (Cm and Lv) were ciphered while varying 
the various variables illustrated. 

As shown in Table 7, positive main effects are shown to be retained 
significantly by inspection intervals τPM, τVCM and τLCM. These results 
imply that an extension of the oil analysis intervals for the power unit, 
the PM interval of all the units and vibration analysis interval for the top 
drive would improve the system performance depicted by a reduction of 
both Cm and Lv. This finding is contrary to previous studies which have 
suggested that an extension of intervals like PM would lead to an in-
crease in corrective interventions and subsequently increased cost. This 
could imply an instance where the plant implements a well-coordinated 
CM strategy with the appropriate workforce and spares available. In this 
case, extending the various inspection intervals, the CM actions would 
adequately address the system degradation and failures. 

On the contrary, L1and L2 retain significant adverse main effects on 
both Cm and Lv, while η1 and η2 generate a negative main effect on Cm 

and a positive effect on Lv. This aspect could imply the plant retaining 
the inspection intervals, while increasing the reliance of full and partial 
oil recharge for LCM interventions and replace and repair actions for 
the various units like top drive, well monitoring unit, among others. 

Considering the interactions of τLCM and L2, as shown in Table 7, a 

Fig. 7. Impact on performance when varying (a) PM intervals and (b) LCM intervals  
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favourable effect is derived on both Cm and Lv. This implies that the 
effect on L2 by τLCM positively affects the performance of the system. 
The effect of the oil analysis interval on Cm does not depend on the 
partial oil change utilization, signifying that τLCM delivers a negative 
effect at high L2 but a beneficial effect at low L2. This offers insight, for 
optimized performance, where oil analysis intervals extended for the 
power unit requires one likewise to consider the utilization of partial oil 
replacement (SVOC) intervention which concurs with the finding in  
Section 5.3. In like manner, the interactions between LCM interval 
(τLCM) and the ‘replace action’ utilization factor (η1), generate a positive 
effect on both Cm and Lv. This signifies that despite significant positive 
main effect by τLCM and the negative effect of η1 on Cm, their interac-
tions generate a positive effect, in this case reducing Cm. On the other 
side, despite η1 and τLCM generating positive individual effects to Lv, 
they, however, generate a negative interaction effect on Lv, implying 
the existence of interdependencies as described in Section 3.2.2. 

6. Managerial implications 

The results of this study are significant in at least two respects. In 
the first place, we propose an alternative simulation-based framework 
that models the explicit CBM strategy (includes lubricant and vibration 
monitoring) along with other maintenance policies. In the second place, 
these results offer insights on the critical variables cross-cutting LCM, 
CM and PM policies, and assesses their independent and interactive 
effects on the system performance. 

Considering the first aspect, our results accentuate the importance of 
incorporating LCM under CBM policy into routine practice. In real-life, 
linking LCM strategies employed on both the lubricant (as a spare and 
monitored item) and equipment degradation to derive a plausible in-
tegrated strategy is not straightforward in the absence of a decision 
support framework incorporating all the policies. However, as observed, 
by integrating hybrid degradation approach in the simulation model, it is 
possible to incorporate such complexities and derive insights through the 
simulation modelling approach. As an example, contrary to lumping the 
lubricant under CBM (e.g., [33]), the analysis as described in Section 5.1 
(Table 6) elucidates that LCM (contribution to Cm and CCBM), remain a 
significant component that requires to be considered while evaluating 
the performance of a system. This finding provides profound implications 
on the need for developing LCM-based maintenance strategies that po-
tentially would offer significant optimization of both the lubricant and 
pieces of equipment (units) in a multi-unit system. Moreover, the study 
shows that realistic employment of condition monitoring techniques like 
oil analysis and vibration analysis on such subsystems, may significantly 
improve the system performance by providing early warnings that assist 
the plant in the planning of maintenance and spare parts sourcing, a 
strategy similarly suggested by [32]. 

One of the issues that emerge from these findings is the significance 
of quantifying the effect and impact of lubricant under LCM in a de-
tailed way. Our results demonstrate that a lubricant, whose unique 
characteristics are exemplified both as a monitored item and as spare 
part simultaneously, should be uniquely quantified (representing re-
placement and consumable) in practice. Lubricant parameters/features 
like viscosity and iron particles have been depicted to significantly in-
fluence the classification of a lubricant requiring to be replaced. Hence, 
considering the lubricant as a spare part while computing inventory 
policy metrics like spares and holding costs, forming part of the 
maintenance cost, offers more robust and insightful decision support to 
maintenance optimization. Despite suggestions and assumptions of 
lumping lubricant costs under CBM [33], this does not appear to be 
realistic. Hence, plant managers could incorporate lubricant into the 
spare parts management policy. This could necessitate configuration of 

Fig. 8. Impact on performance when varying LCM-PM intervals and (a) SVOC and (b) replace action  

Table 7 
Main effects and interaction effects of various parameters.        

Parameter Ranges Main effects size   

Cm: Δ(K€) Lv: Δ(KL)    

L1 10 – 30 40.392** 0.416**   
τVCM 1200 - 1800 -6.329** -0.115**   

L2 10 – 40 8.144** 0.478**   
τPM 400 – 1200 -118.452** -15.387**   
τLCM 800 - 1400 -2.905 -0.493   
η1 24 – 39 36.464** -1.375**   
η2 33 - 50 6.203** -0.969**   

Parameters Interaction effects Parameters Interaction effects 

Cm: Δ(K€) Lv: Δ(KL) Cm: Δ(K€) Lv: Δ(KL) 

τPM+ τLCM 0.258 -0.115 L1+ L2 -6.211 0.069 
τPM+ L1 0.966 -0.469 L1+η1 -1.526 0.456 
τPM+ L2 5.035* -0.802 L1+η2 0.122 0.018 
τPM+η1 -3.062* 0.016 L1+τVCM -2.474 -0.032 
τPM+η2 5.541* 0.333 L2+η1 -2.240 -0.081 
τPM+ τVCM -1.592 -0.036 L2+η2 3.182* 0.226* 
τLCM+ L1 0.449 -0.021 L2+τVCM -0.491 -0.309 
τLCM+ L2 -2.111* -0.140* η1+η2 5.059* 0.309** 
τLCM+η1 -0.455 -16.48* η1+τVCM 0.396* 0.174* 
τLCM+η2 -1.546 0.085 η2+τVCM -2.654* 0.159 
τLCM+ τVCM 0.219 0.432    

Sign. ** ≤ 0.01. *0.01<p ≤ 0.05; R2 = 0.981(Adjusted R2 = 0.974)  
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the system to accommodate lubricant's inherent characteristics like the 
unit of measure (litres) and other inventory variables to derive 
wholesome and inclusive maintenance and inventory decision support 
like fill rate and holding cost subsumed in maintenance cost. 

While reviewing the spares replacement utilization, in this case, 
FVOC for lubricant and replacement for repairable units, a strong de-
pendence on the PM interval was demonstrated with a bias towards 
excessive reliance of PM interval for optimal performance. Various fac-
tors could necessitate reliance on PM; for instance, if a plant would ex-
perience challenges regarding CM actions implementation such as lack of 
skilled workforce and tools or extensive delay of contracted CM services 
execution. In this case, the plant may opt to rely on PM interventions. 
The reliance of PM interventions would undoubtedly necessitate ade-
quate prior arrangements to ensure availability of all spares, skilled 
workforce (in-house or outsourced maintenance services), tools (e.g. on- 
site oil analysis kit) to ensure timely and optimal interventions which 
renew the system. On the contrast, plants that may retain challenges 
adversely affecting the effectiveness of PM interventions, for instance, 
lack of storage space for spares (lubricant bulk tanks or adequate ware-
house space), may extend the PM interval and utilize increased CM ac-
tions, in this case, lubricant and spares (for repairable units) replace-
ment. This insinuates, lower spares stock level with frequent high 
demand anticipated. This aspect may address the challenges envisioned; 
however, it may portend a severer risk when unexpected extensive de-
gradation, for instance, contamination of the lubricant in the whole 
power unit system or multiple failures of units is experienced. In this 
case, higher stock levels to meet the full lubricant and multiple repairable 
spares replacement demands is predicted. This finding demonstrates the 
importance of developing balanced maintenance and spare inventory 
strategy(s), for both the lubricant and repairable units, adequate to mi-
tigate and address such expected and unexpected eventualities in a plant. 

Considering the reported performance dependence on the replace-
ment of both the lubricant and the repairable units. The results indeed 
suggest for accurate condition monitoring to ensure timely and targeted 
maintenance intervention. Components in a system exhibit a distinct 
variation of age and degradation acceleration factors in their lifetime. For 
instance, various parts do not age following a similar failure deterioration, 
or fail identically; hence, the replacement frequency varies from one 
component to another. Moreover, considering imperfect maintenance, the 
quality of maintenance performed on specific parts during their lifetime, 
changes due to personnel skills, failure severity and maintenance intensity 
on the components, among other factors. Therefore, the level of reliability 
of the various parts varies significantly at any one time. These aspects 
introduce the specificity challenge, where specific components, may 
likewise require unique and differentiated monitoring techniques. To 
comprehensively monitor various parts retaining divergent features/ 
characteristics and offer appropriate and timely decision support, there is 
a need for a plant exploring new monitoring capacities. In this case, 
capabilities like sensors that can capture as many essential features as 
possible to assist in prompt intervention without missing any signal de-
picting performance deviation for the various components may be ad-
vocated. Subsequently, various techniques like artificial intelligence could 
be employed to handle the contradictory data like value type, feature 
values and event data, analyze and derive decision support from the 
conflicting signals collected, also corroborated by [9]. 

The results of this study demonstrate a system performance dependency 
on both the corrective (full and partial oil replacement under LCM, and 
repair and replacement for repairable units) and inspection-based (pre-
ventive and periodic oil analysis) maintenance policies. However, in 
practice, these interdependencies are disregarded, where the policies and 
strategies are considered independent, hence may not offer robust decision 
support. Implementing such an approach that considers these inter-
dependencies would require one to review their strength and preferences 
considering the requisite workforce skill-set, tools and maintenance plan-
ning. As an example, ageing units may require more outsourced main-
tenance services compared to in-house; hence planning for a combined in- 

house and outsourced maintenance services, though challenging, is re-
commended as also corroborated by [32]. To overcome such challenges, 
the plant may consider integrating both LCM and PM intervals; in this case, 
undertake oil analysis and or vibration analysis just before preventive 
maintenance. Moreover, this may improve planning where outsourcing 
(e.g., oil analysis or vibration analysis) is required and ultimately ensure 
that spares for lubricants and repairable units that need replacement during 
the PM are scheduled and planned for (e.g. sourced) in advance. Taken 
collectively, the extension of inspection intervals like LCM and PM in a 
system, warrant an exhaustive investigation considering the various inter-
actions retained because, despite the anticipated gains, this optimization 
strategy may similarly inflict a negative impact on the system performance. 

While considering the impact of interactions to the system perfor-
mance, our results suggest the significance of studying the simultaneous 
effect of two or more maintenance variables. In real-life, the variation of 
various maintenance actions like the repair of units could be affected, for 
instance, by predominantly repairing instead of replacement while par-
tial lubricant oil change may be utilized frequently. While varying these 
maintenance actions, the inspection-based preventive intervals can be 
varied either by skipping PM/LCM or extending PM/LCM interval, while 
monitoring the degradation of the lubricant (changes in properties like 
viscosity and iron particle) and or units. However, the distinct char-
acteristics retained under in-service oil analysis and preventive replace-
ment with inspection may require an advanced and real-time approach 
where online monitoring may offer a seamless implementation. Due to 
the inherent risks involved in such strategies, close real-time tracking 
may provide an option to evaluate the optimal values deriving better 
performance. Notwithstanding, integrating various strategies like ex-
tending the PM interval, undoubtedly require the plant manager to un-
dertake a cost-benefit analysis, to enable a trade-off between multiple 
variables while considering the system performance. These results cor-
roborate the work of [32] who, while considering an integrated control 
policy, suggested that an optimal trade-off solution should be reached 
considering interaction effects. In this study, we extend this suggestion 
by evaluating the interaction effects and their significance. 

The developed simulation-based approach is generalizable to other 
multi-unit systems that exhibit performance dependencies like wind tur-
bines, kilns, and cement mills. For instance, a kiln system in the cement 
plant; the fans can be monitored using vibration analysis whose intensity 
can be associated with the bearing wear. Moreover, an increase in vi-
bration and temperature can be used as degradation accelerating factors 
depicting ageing and degradation. Likewise, the lubricant used in the fan 
bearing and main gearbox system can be monitored, and consumption 
quantified. Due to high temperature and potential ingression of con-
taminants, the viscosity increase could be linked to the time-dependent 
ageing of the seals (wear), while high temperature causes an increase in 
viscosity due to oxidation. Other inter-connected units in this system 
could include the kiln, gearbox, chain conveyor, girth gear and oil pump. 

7. Conclusion 

The present research aimed to develop an LCM-based methodology 
whose strategy was to address the ageing degradation of the multi-unit 
system while considering the lubricant not only as a monitored item for 
CBM but also as a non-repairable and a consumable spare which is 
likewise ageing. This study has shown that LCM is an integral part of 
maintenance in terms of contribution to system maintenance and per-
formance, while integrated with other maintenance strategies (CM, PM 
and CBM). The results of this investigation show that a precise balance 
on LCM, VCM, PM and CM interventions while considering their inter-
actions, would offer invaluable insights towards maintenance optimiza-
tion. The results of the study add to the growing body of evidence on the 
significance of the lubricant as a monitored item and a spare (replaceable 
and consumable) under LCM, among other maintenance policies. 

These findings provide significant implications for the under-
standing of how various lubricant properties and characteristics affect 
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system performance. This current understanding should help to im-
prove predictions of the impact of LCM in maintenance optimization. 
The findings, while preliminary suggest that a company is obligated to 
design their tailored LCM strategies that encompass not only these 
distinct characteristics of LCM, but equally consider the operating 
conditions that may influence LCM, an extension of maintenance. The 
present study appears to represent the first study to comprehensively 
evaluate the impact of LCM in maintenance while applied simulta-
neously with other maintenance policies. 

This research has thrown up several questions in need of further 
investigation. Since the study retained selectivity of the repairable unit 
to enable lubricant-unit degradation link, it was unable to model ageing 
for all repairable units; hence subsequent research could explore this. 
The study employed two fundamental lubricant properties; firstly, did 
not consider both the increase and decrease of viscosity property to-
gether and secondly, did not examine the role and application of other 
lubricant properties under LCM in maintenance optimization. Further 
research accounting for both deviations of viscosity and other lubricant 
properties is, therefore, an essential additional step in confirming their 
feasibility and applicability. Moreover, distinct characteristics, for in-
stance, type of lubricant used, fundamental properties in a specific 
application and operating conditions subsumed in degradation accel-
eration factors (e.g., temperature, humidity, fuel quality) could be in-
corporated. Lastly, the study employed oil and vibration analysis and 
suggested the integration of additional condition monitoring techniques 
like thermography and ultrasound together in future work. Despite its 
limitations, the study undoubtedly adds to our understanding of the 
role and impact of LCM in maintenance. 
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