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Abstract

Equipment failure is the leading cause of industrial operational disruption. Unplanned downtime
equipment accounts for 11% of manufacturing revenue, highlighting the need for effective proactive
maintenance strategies, such as protective sensors that can detect potential failures in critical
equipment before a functional failure occurs. However, sensors are also subject to hidden failures,
requiring periodic inspections to ensure proper functioning. This study proposes a novel, integrated,
and generic multimethodological approach combining discrete event simulation, Monte Carlo,
optimization, risk analysis, and multicriteria decision analysis methods to determine the optimal
inspection period for a protective sensor subject to hidden failures. Alternative inspection periods are
evaluated based on their risk-informed overall values, considering multiple conflicting Key
Performance Indicators, such as maintenance costs and equipment availability. The optimal
inspection period is then selected considering uncertainties and the intertemporal, intra-criterion,
and inter-criteria preferences of the organization. The effectiveness of the approach is demonstrated
through a case study applied at the leading Portuguese electric utility, replacing previous empirical
inspection standards that did not consider economic costs and uncertainties, supported by an open,
transparent, auditable, and user-friendly decision support system implemented in Microsoft Excel
using only built-in functions and modeled based on the principles of Probability Management.

Keywords: sensors; inspection period; maintenance; optimization-simulation; multicriteria; risk;
probability management

1. Introduction

Unplanned downtime costs are estimated at 11% of revenue in the world’s 500 largest
manufacturing companies and continue to increase [1]. Unplanned, reactive, or run-to-failure
corrective maintenance is no longer viable for managing critical equipment. Instead, systematic
preventive maintenance, after a pre-specified operating period, has become the norm. However, in
environments where functional failures can lead to severe consequences, these maintenance policies
have been superseded by proactive failure management strategies, such as on-condition, predictive,
condition-based, or condition-monitoring maintenance tasks, which can detect a potential failure
before it degrades into a functional failure [2].

Protective sensors are often used to continuously gather real-time data on equipment conditions,
indicating that a functional failure is imminent or occurring. These continuous (online) monitoring
sensors can detect a potential failure in critical equipment before it escalates, enabling timely
maintenance decisions that prevent functional failures from occurring, which would result in longer
and more costly downtimes. For instance, it is often possible to take advantage of the degradation of
an equipment’s condition to infer that it has started its failure development period (a.k.a. P-F
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interval), that is, the time interval until a functional failure occurs [2]. Prompt action can then be
taken, either manually or automatically (e.g., via an actuator), to shut down the critical equipment,
repair it, and mitigate more severe consequences that could result from a functional failure.

However, protective sensors are not immune to failures. Therefore, it is essential to guarantee
that the sensor is functioning properly while conducting its protective function for the critical
equipment. Even though sensor failures might be evident and detected immediately, they often
remain hidden (a.k.a. silent, pending, unrevealed, latent, or not self-announcing) and unnoticed until
they manifest themselves through breakdowns or more serious consequences in the protected
equipment, leading to significant equipment reactivation costs and long recovery downtimes [3].
Hidden failures can account for up to half of the failure modes [2,3].

In this two-unit sensor-equipment system, two scenarios can arise when the equipment fails:

1. The monitoring sensor is well-functioning, detecting, and issuing an early warning of a potential
failure in the protected critical equipment in a timely manner, allowing for a prompt equipment
shutdown and repair, with minor equipment repair costs and downtime;

2. The monitoring sensor is either ineffective (due to a hidden failure) or non-operational (because
it has failed and is still under repair) and a multiple failure occurs in the system, leading to
significant consequences in terms of equipment reactivation costs and downtime.

To reduce the probability that the protective sensor is not effectively monitoring and protecting
the critical equipment, the former must be inspected periodically to check for the presence of hidden
failures [4]. Inspection intervals (a.k.a. failure finding intervals) may be either constant (periodic) or
different (sequential or non-periodic). The common practice in the industry is to implement a
calendar-based inspection policy with periodic and scheduled inspections, at fixed and equal
intervals calendar intervals due to its applicability and feasibility [5].

Naturally, periodic (off-line) sensor inspections incur their own costs and other consequences.
Hence, the trade-off between the consequences of failure-finding inspections in the protective sensor
and the consequences of a functional failure in the equipment must be assessed. It is expected that
less frequent sensor inspections (and hence longer inspection periods) will decrease the probability
of detecting a failure in the equipment and consequently:

1. On the one hand, the expected sensor inspection costs and equipment availability will decrease;

2. On the other hand, the expected equipment reactivation costs and downtime are likely to
increase.

Therefore, an optimal interval between periodic inspections is expected to exist, corresponding
to the best compromise between the multiple conflicting organizational Key Performance Indicators
(KPIs) (e.g., minimizing total maintenance costs, and maximizing equipment availability) regarding
the equipment’s functioning. This compromise can be solved by eliciting the specific preferences of
the organization regarding those trade-offs, that is, how much it is willing to lose in one KPI (e.g.,
total costs) to gain in another (e.g., equipment availability).

Therefore, the main purpose of this article is to present an integrated risk-informed multicriteria
value optimization-simulation approach to determine the optimal inspection period for a protective
sensor, subject to hidden failures, monitoring the condition of a critical system. This aim is proposed
to be achieved by addressing the following research questions:

1.  How to represent and model uncertainties in the occurrence of failures in the equipment and
sensor?

2. How to predict the consequences of the occurrence of system failures on multiple KPIs, such as
total maintenance costs and equipment availability, considering distinct sensor inspection
periods, costs, times, and other parameters of the system and the organization?

3. How to model and compare the value and risk of distinct sensor inspection periods, considering
their uncertainty and consequences on multiple conflicting organizational KPIs?

4.  How to find the optimal inspection period considering the previous issues in an integrated and
robust approach?

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.2275.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 October 2025 d0i:10.20944/preprints202510.2275.v1

3 of 25

5. How to develop a decision support system that can be easily understood, audited, and used in
practice by the organization?

The specific objectives of this article are to answer these research questions through an integrated
and generic multimethodological approach and to demonstrate its effectiveness through its
application to a real-world case study supported by an open, transparent, auditable, and user-
friendly decision support system (DSS).

The remainder of this paper is organized as follows. The next section presents a description of
the specific proactive maintenance problem tackled by the article, highlighting its multicriteria and
stochastic nature, introducing the most important challenges that underpin its analysis and
resolution, including a short review of the state of the art on similar published approaches to tackle
the research problem of this article, and building the case for the need and contribution of the
methodological framework presented in this article. Section 3 describes the proposed methodology.
It starts with a formal definition of the problem, presenting the assumptions and building blocks of
the methodology, and detailing the methods, variables, parameters, and equations used in each step
of the framework. Section 4 illustrates the application of the approach through a case study supported
by a DSS. Section 5 discusses the article’s main contributions to the research literature and practice
and identifies its strengths and limitations. Section 6 concludes the paper and suggests potential
avenues for future research.

2. State of the Art and Research Gap

Industrial systems degrade over time, leading to system failures that result in increased costs,
unexpected machine unavailability, and quality and safety issues. While maintenance has historically
been regarded as a reactive necessity, it is now recognized as a critical activity of asset management
aimed at improving organizational efficiency, reliability, and profitability [6].

Within the context of Industry 4.0 and 5.0, traditional maintenance approaches - such as reactive
and preventive maintenance - are progressively being replaced by more proactive strategies based
on condition monitoring and predictive analytics, which aim to reduce maintenance costs and
improve equipment availability and reliability [7,8].

A proactive maintenance system typically comprises two main types of components: (i) critical
entities that perform the system’s fundamental function, and (ii) auxiliary entities that provide
information, redundancy, and/or protection [9,10]. Protective components serve to mitigate the
consequences of the protected critical equipment failure, which would otherwise be significantly
more severe [2].

Proactive maintenance relies heavily on sensor data to monitor equipment condition, enabling
early anomaly detection, performance optimization, increased system reliability, and the dynamic
scheduling of maintenance interventions before failures occur. Predictive maintenance combines
historical sensor data with predictive models based on statistical, forecasting, or artificial intelligence
methods to estimate the likelihood and timing of future failures [11-14].

Reliability Centered Maintenance (RCM) constitutes a structured and widely adopted proactive
framework that prioritizes critical assets and enables the development of customized maintenance
plans, which reduce downtime and operational disruptions, extend equipment lifespan, and promote
more efficient, reliable, sustainable, and cost-effective operations, ultimately improving product
quality and customer satisfaction. RCM plans track equipment performance through a combination
of condition-based monitoring of real-time sensor data and predictive analytics to anticipate failures
and schedule preventive maintenance interventions accordingly before failures escalate into major
consequences [3,15].

Nevertheless, most maintenance decision studies assume that the monitoring sensor is perfect,
that is, its information signal is accurate to the actual state of the equipment, overlooking the
compounded effect of sensor unreliability due to the presence of hidden failures. Faulty sensors that
produce erroneous signals lead to incorrect maintenance decisions [16]. Research on the maintenance
of a critical system with an unreliable protective system is limited [17]. Hence, more research should
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be conducted to study the effects of imperfect condition monitoring on optimal dynamic maintenance
decisions, namely, new models and methodologies that determine the optimal inspection
maintenance schedule based on predicted failures of the sensor and equipment [18,19].

A numerical method for determining the optimal inspection calendar of critical equipment that
fails according to a Weibull probability distribution was proposed considering the minimization of
total maintenance costs and the time interval between a potential failure and a functional failure (the
so-called P-F interval, failure development period, or warning period) [20]. The Weibull distribution
is widely used in reliability analysis because of its versatility in describing either failure (event) times
or the lifetime of systems or their components subject to random failures or degradation phenomena
(e.g., wear-out, corrosion, erosion, and fatigue).

Despite the advances in RCM, the current inspection maintenance optimization best practice still
often relies on simplified closed-form formulas to the problem of finding the optimal inspection
scheduling for two-unit systems [5,21]. For instance, to determine the optimal inspection period AT
(a.k.a. failure-finding interval) for a single independent protective sensor, the RCM Guide standard
suggests a simple formula, expressed in equation (1), based only on the Mean Time Between Failures
(MTBF) of the equipment, the sensor, and the (multiple-failure) system [2]:

_ 2 X MTBF;ensor % MTBFequipment

AT 1
MTBFy,seom &)

While formulas provide an intuitive approach to certain types of problems, they are often not
suitable for defining the optimal inspection period for two-unit systems because of the computational
complexities, dependencies, nonlinear relationships, uncertainties, and dynamic nature of such
systems. Alternative methods, such as numerical, simulation, optimization, and multicriteria
decision analysis methods, offer greater flexibility and can better accommodate the intricate
relationships and real-world complexities inherent in these systems [22].

Additionally, most existing solutions focus only on a single optimization objective, limiting their
applicability in real-world industrial practice [21,23-26]. For instance, equation (1) does not account
for related maintenance costs or other relevant organizational objectives. However, in maintenance
optimization, there are often multiple and typically conflicting objectives, including maintenance cost
minimization and equipment availability maximization, among others [8]. Although there are articles
that use multicriteria decision analysis methodologies to select the best inspection period [26-29], we
are not aware of any that specifically address the research problem of this article.

Ref [23] conducted a systematic literature review on industrial maintenance decision-making to
identify the efforts required for future work development and new integrated methodologies,
concluding that the following difficulties and challenges are still present in current decision-making
models and methodologies:

1. Lack of qualitative/quantitative integration between the correct treatment data (e.g., costs,
probability of failures, equipment condition, risk analysis) and the preferences of the decision
maker regarding multiple objectives;

2. Definition of meaningful KPIs and creation of methods for transforming information into
actionable knowledge for proactive maintenance decisions;

3. The integration of methodologies in which decision-making modeling is continuously fed using
reliable results from a specific step into the models at another stage.

This literature review clearly highlights the need for developing risk-informed optimization-
simulation models that support multicriteria decision-making for determining the optimal inspection
scheduling of protective sensors monitoring critical equipment, accounting for their failure
uncertainties and interdependence dynamics.

3. Integrated Methodological Approach

The target maintenance system S consists of two units: a) an equipment e (or one of its
components) providing a critical function to the organization, which can fail and needs protection; b)
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a sensor s providing a continuous (online) protective function to equipment e, which can also fail.
The proposed maintenance policy involves a periodic inspection of the proper operation of the
protective sensor. It is considered the case where each sensor inspection i is performed at constant
and predetermined time intervals AT resulting in a calendar schedule where inspections occur at
time t;.

Two scenarios can occur in this two-unit system if the protected critical equipment fails:

1. Sensor s is operational and timely warns on a potential failure fe in equipment e: the
equipment is immediately halted and restored in a reduced repair time period Atre and unit
cost cre;

2. Sensor s isnot effective or operational and a multiple failure occurs in system S: the equipment
breaks down and is restored after a much higher reactivation time period AtrS and unit cost
crs.

The following assumptions are further made:

Failure times between units are independent of each other;

Failure times in each unit follow a three-parameter Weibull probability distribution;

Any inspection is perfect, revealing the true state of the unit and not degrading its performance;
The time required for conducting any inspection is negligible;

Each sensor inspection incurs a fixed cost;

Each unit is immediately repaired following failure detection;

Each unit is restored to its initial (new) condition after each repair or reactivation;

Both repair and reactivation have fixed durations and costs;

L X N LN

The organization applies an annual discount rate to future costs.
The optimal inspection period AT” is determined by the following methodology (see Figure 1):

1. Random Failure Time Generation: Generate a set of successive random failure times t;, for
equipment e and t;s for sensor s from pre-specified probability distributions for each unit to
model the uncertainty in the occurrence of failure events fe and fs in the equipment and the
sensor respectively;

2. Discrete-Event Simulation: Execute a discrete-event simulation model until a multiple failure
occurs in the system and estimate its consequences on a set of organizational KPIs (e.g., total
maintenance costs, equipment availability) as a function of a given inspection period AT, the
previously generated random failure times, and other relevant input parameters;

3. Monte Carlo Simulation: Simulate the system’s behavior many times (R) by repeatedly sampling
random failures times (in step 1) to generate probability distributions of the consequences on the
KPIs (from step 2) for a given inspection period AT;

4. Inspection Period Optimization: Run the previous steps for a set of evenly distributed inspection
periods AT and select the optimal AT that maximizes the risk-adjusted overall value to the
organization considering its intra-criterion (value functions) and inter-criteria (value trade-offs)
preferences through a risk-informed multicriteria decision analysis methodology.

The variables, parameters, equations, and methods used in the aforementioned steps of the
methodology are discussed next.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Diagram logic of the methodology.

3.1. Random Failure Times Generation for the Sensor and Equipment

Uncertainty on the occurrence over time of failure events fe in equipment e and failure events
fs insensor s is modelled through a specific Weibull distribution (see Figure 2).

4 A

Fo | fo

63.2%

0 J to totf time

Figure 2. Probability density f(#) and cumulative distribution F(f) functions of the Weibull distribution.

The probability density function f(t) of each unit e and s is represented by equation (2).
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t—to

—tg191 _(t=t0)*
f(t)=%-[t’%]a -exp(ﬁ) with t > t;, a>0,and >0 2)

where t represents the time of failure, exp represents the base of natural logarithms (approximately
2.7183), t, is a location (or threshold) parameter that defines the lowest value that t can take and
allowing to offset the distribution by the repair time tr of the unit that it re-enters into service after
a failure (and restoring its initial capability as new), B is a positive scale (or spread) parameter
defining the time t at which 63,2% of the units have failed and representing the characteristic life of
the unit, and « is a positive shape (or slope) parameter reflecting the failure degradation mechanism
of the unit such that: it is 1 if the failure rate is random and; either greater or less than 1 if that rate
increases (e.g., early or rapid wear-out) or decreases (e.g., infant mortality) over time respectively.
Parameters @ and f should be determined by fitting empirical data from experiments, expert
analysis, or theoretical values from the respective suppliers or from reliability data sources (e.g.,
OREDA database [30]).

The cumulative distribution function of the Weibull distribution F(t) can be derived by
integrating the density function f(t) between tr (i.e., ty) and t resulting into equation (3).

t—tr)“

Fit)=1- exp_(T 3)

Doing the inverse of equation (3) and replacing F(t) by a uniform continuous random variable
rnd between 0 and 1 results in equation (4), which can be used to generate the random failure time
t according to equation (3) by randomly sampling values from rnd.

1

t=tr+p- [ln (ﬁ)r (4)

If the unit has already been in service without failures for some elapsed time t' at the start of
the simulation, the respective probability of a failure can be determined by the conditional probability
of failure F(t —t'|t"), given by equation (5), which computes the probability that the unit will fail in

time period t given that it has already survived time t’ (see Figure 3).

F(t) —F(t")
1—F(t")

F(t—t'|t) = (5)

T :

F(E) |y ‘

F) F(t)-F(t’)

0%

——
0 t’ t time

Figure 3. Conditional probability of failure F(t —t'|t’) in time period t — t' having already survived until

time t’.

The inverse of equation (5) results in equation (6), where F(t') is computed by equation (3).
Hence, rather than equation (4), equation (6) must be used for generating the first random failure
time t for a unit that has already accumulated some service time t’ at the start of the simulation.
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t=[>’-[ln< 1 )r—t’ ®)
1-— [F(t’) +rnd-[1-— F(t’)]]

After the first failure and subsequent repair, the unit is assumed to restore its initial condition as
new. The next random failure time t is afterwards determined using equation (4).

The repair time tr after a failure event is determined differently for the sensor and the
equipment.

Sensor s can have at most one failure fs within each inspection period AT, since fs can only
be detected at the time t; of the next inspection i. Time t; can be determined by the multiplication
of AT by the rounded-up integer of the division of the sensor failure time t;; by AT. Sensor s is
then started repairing at time t; for a repair time period Atrs until it has been repaired at time try,
as expressed by equation (7).

treg = Itf—sl *AT + Atrs (7)
s = |aT

Equipment e can have multiple failures fe within each inspection period AT, since the sensor
can promptly detect any equipment failure. Equipment is then immediately started repairing at the
equipment failure time t;, for a repair time period Atre until it has been repaired at time try,, as
expressed by equation (8).

trye = tre + Atre 8)

3.2. Discrete-Event Simulation Model

A discrete-event simulation model representing the system until a multiple failure occurs allows
estimating its consequences on a set of organizational KPIs (e.g., total maintenance costs, equipment
availability) as a function of a given inspection period AT, the previously generated random failure
times, and other relevant input parameters

3.2.1. Determining the Occurrence of a Multiple Failure in the System

A multiple failure occurs in system S at time tfS whenever an equipment failure time tg,
happens within a time interval in which the sensor is unavailable, that is, between a sensor failure
time t;; and the time try; until it is repaired. Figure 4 presents the procedure to find tfS along with
the number of equipment failures nfe; and sensor failures nfs; occurring within the period At; =
]t;_1; t;] between each inspection i.
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/ Input AT, {s), {rs). {eh, {tre) /

Inspectioni=1
Equipment failure fe = 1
Sensor failure fs = 1
Inpection time tj = AT

[ Nr. sensor failures nfs; = 0 ]<)—[ti =t + _\T]
V A

i = s

trisi = tris

tei = te
fe=fe+1 trfe i = trfe

nfe; = nfe; + 1

Figure 4. Discrete-event simulation model to find the system multiple failure time.

3.2.2. Determining Total Maintenance Costs until the Occurrence of a Multiple Failure in the System

Total maintenance costs until the occurrence of a multiple failure in the system are computed
based on the sum of the inspection costs, sensor repair costs, equipment repair costs, and system
reactivation costs incurred during time horizon H = tfS + AtrS, that is, up to the time when the
equipment is reactivated (AtrS) following a multiple failure (tfS).

The organizational time preference to incur costs later than sooner is modeled by discounting
them with a discount rate d, allowing the conversion of any future cost F; into a commensurate
amount representing its equivalent present cost P as expressed in equation (9). Alternative time
series of equivalent present cash outflows can then be meaningfully added up and compared.
Discount rates should be set by the organization based on the opportunity costs associated with both
its capital cost and the investment risk premium, that is, the average risk-adjusted return on
investment that the organization is able to get from alternative investments.
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P=azxar ©)

Organizations typically offer discount rates annually. Maintenance events usually occur in
shorter time periods though. Therefore, the annual discount rate d could be converted into an
equivalent rate d' expressed in a more convenient time unit (e.g., minutes, hours, weeks) using
equation (10), where nu is the number of time units u (e.g., hours) within one year (e.g., 365 x 24 =
8760 hours).

d' = (14 d)ai—1 (10)

Total sensor inspection present costs TPi incurred until a multiple failure occurs (in each
simulation run r) are determined through equation (11), where I is the number of inspections i, ci
is the sensor inspection unit cost, and t; is the time of each inspection i.

. - cl
i

Total sensor repair present costs TPrs are determined by equation (12), where crs is the sensor
repair unit cost, nf’s; is the number of sensor failures (either one or null) within the respective At;,
t; is the time of inspection i, and tfS is the system failure time. Note that after the last inspection I
there is always an extra sensor repair cost at the time tfS since the sensor failure is detected only
then.

- crs - nf's; crs

TPrs =2 @vana T @+ ayors (12
L

Total equipment repair present costs TPre are determined using equation (13), where cre is
the equipment repair unit cost, nfe; is the number of equipment failures within the respective At;,
and tg,; isthe time of failure fe within the respective At;. Note that after the last inspection I there
might be additional equipment repair costs for the first equipment failures fe before the system fails.

1 nfe; nfej—1
P cre N cre 13
re = —_— _—
¢ Z Z (1 +d)bed Z (1 +d)oe (13)
i fe (feli=1+1)

Finally, total equipment (or system) reactivation present costs TPrS are determined using
equation (14), where crS is the equipment (or system) reactivation unit cost.

crS
TPrS = m (14)

Since the previous total present costs TP are determined based on different time horizons H
for each simulation run 7, it is necessary to convert them into a series of (present) costs UC made at
equal (uniform) time intervals to compare them. The equivalent uniform cost UC can be computed
by the product of TP by two factors: an uniform time interval tu (e.g., 100 hours); and a conversion
factor fc as expressed in equation (15).

d'(1+d")"
oo da+dyt (15)
1+d)i-1

Uniform system total costs UC for each simulation run r can then by computed as expressed
in equation (16).

UC = fcxtuX (TPi+ TPrs + TPre + TPrS) (16)

3.2.3. Determining Other KPIs until the Occurrence of a Multiple Failure in the System
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Additional KPIs of interest can be computed in each simulation run r for the equipment e,
sensor s, or system S. A common KPI in maintenance is the equipment availability Ae, that is, the
relative amount of time that the critical equipment can perform its function. It is usually computed
as the ratio of the actual operation time out of the total time, as expressed in equation (17), where tfS
is the system failure time, AtrS is the equipment reactivation period, Atre is the equipment repair
time, and Nfe is the total number of equipment failures in each simulation run r.

total time — unavailable time 1 [(Nfe — 1)Atre + AtrS]
total time B tfS + AtrS

e= (17)

There are other common metrics in the literature related to the measurement of an equipment’s
availability which could be used instead, including the Mean Time To Failure (MTTF), Mean Time
Between Failures (MTBF), or Mean Time to Repair (MTTR). The definition of the relevant KPIs is an
organization’s choice based on the objectives and the decision context of the specific maintenance
problem

3.3. Generating Distributions of Consequences on KPIs for each AT Through a Monte Carlo Method

Uncertainty about the occurrence of failure events in the equipment and sensor is modelled by
randomly sampling their occurrence over time through Weibull distributions in each simulation run
7. Repeating this random sampling several runs R through a Monte Carlo simulation method
generates a representative dataset with the distribution of consequences on the KPIs of interest for
each A4T.

From this dataset, several summary statistics can be derived, including the expected value x of
each KPI and the two-tailed confidence interval CI for a confidence level 1 — a, as expressed in
equation (18), where s represents the sample standard deviation of the outcomes, R denotes the
number of runs, and z, & is the z-score from the standard normal distribution corresponding to a

. “1: a
cumulative probability of 1 —-.

S
- X \/_ﬁ (18)

The precision, stability, and reliability of the results increase with the number of runs R set for

CI=J?iZl

the Monte Carlo simulation at the cost of higher computation demands in terms of memory and
running time. The choice of the right trade-off between precision and performance time is context-
dependent and should be determined by the organization based on the specific application.

3.4. Determining the Optimal Inspection Period AT™ through a Risk-Informed Multicriteria Value
Measurement Method

Organizations usually have many competing primary and/or secondary objectives (functions)
for acquiring and operating any system, namely its costs, availability, product quality or throughput,
customer service, safety, and environment. Without loss of generality to further objectives, the
optimal inspection period AT* will be determined for only two of the most used conflicting
objectives in maintenance problems: minimizing total maintenance costs; and maximizing equipment
availability. These objectives can be measured by the KPIs UC and Ae presented in equations (16)
and (17), respectively. Conflicting objectives involve a trade-off: improving the performance on one
KPI can only be achieved by compromising the performance on the other, and vice versa. However,
organizations must still choose the best AT* between conflicting objectives. Multicriteria value
measurement methods (MCVM) provide a solution to this conundrum by modelling the intra-
criterion and inter-criteria preferences of the organization regarding multiple objectives [31,32]. Intra-
criterion preferences on each KPI can be defined by value functions v(KPI) representing how much
the organization values marginal consequences on the respective KPI, and inter-criteria preferences
by weights wgp, representing how much the organization is willing to lose on one KPI to increase
on another. The optimal inspection period AT" is then the one that maximizes the overall value
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V(AT) of each potential alternative computed by the additive multicriteria value model expressed in
equation (19).

AT" = argmax V(AT) = arg max (Z Wipr X v(KPI(AT))) and Z wgpr =1 (19)
KPI KPI

The MCVM literature describes various techniques for the definition of a value function for
continuous KPIs based on the elicitation of preferences from the decision-maker, namely the bisection
method [33,34], direct rating [35], or MACBETH [36]. The bisection method provides a simple and
sound protocol for assessing either linear or exponential functions on each KPI: a) it starts by scoring
the worst (or a bad) consequence KPI~ with a value score v(KPI~) = 0, and the best (or a good)
consequence KPI* with a value score v(KPI*) = 100; b) it then asks the decision-maker to identify
the intermediate consequence KPI' that makes him (or her) indifferent between either improving
KPI~ to KPI' or improving KPI' to KPI*, and; c) it finally fits a function that passes through the
points (KPI~,0),(KPI',50),and (KPI*,100) . If the resulting function is linear, its closed-form
expression corresponds to equation (20). Otherwise, it can be fitted through the exponential function
respecting the delta property [32] expressed in equation (21).

KPI — KPI~
KP) =100 X ————— 20
v(KPD) KPI* — KPI- 20)
_ KPI-KPI™
1—exp p
v(KPI) = 100 x T (21)
l—exp P

The MCVM literature also describes sound procedures for assessing the weights associated with
the KPIs based on the elicitation of preferences from the decision-maker, namely the trade-off
procedure [37], swing weighting [35], and MACBETH [38]. The trade-off procedure provides a
practical and sound questioning protocol for determining the weights associated with the KPIs in this
setting because decision-makers usually find it easier to assess non-monetary KPIs against a
monetary KPI such as the total maintenance costs UC. This procedure comprises the following: a) for
each KPI\{UC} ask the decision-maker to identify the total maintenance cost UCXP! that makes him
(or her) indifferent between a fictitious alternative A defined by the consequences UC~ and KPI*
and a fictitious alternative B defined by UCKP' and KPI~; b) compute the weights wyp, =

KPI
v(UC™) _ \vhere v(UCUC) = 100.

Skprv(UCKPT)
A notable special case occurs when v(UC) is assessed to be linear, where weights wgp; can be
more simply determined by: a) asking the decision-maker to assess how much UCK¥?! is he (or she)
willing to pay for improving each KPI from KPI~ to KPI*; b) computing the weight wgp; =
vckPI
SxprUCKPT”
method can be rather performed by: b) asking the decision-maker to assess how much UCgp, is he

Additionally, in this special case, steps b) and c) of the previously described bisection

(or she) willing to pay for improving each KPI from KPI~ to a given intermediate consequence KPI’;

¢) fitting a function that passes through the points (KPI~,0), <KPI’, 100 x UC’iP’) ,and (KPI*,100).

UCkpr
Decision alternatives comprise a set of evenly distributed inspection periods AT. Uncertainty in

sensor and equipment failures propagates through the discrete-event simulation model and the
additive multicriteria value model, resulting in an uncertain overall value V(AT) for each AT. This
uncertainty can be represented as a risk profile encapsulating the range of possible overall values
V(AT) and their associated probabilities. If the cumulative risk profile of one alternative AT lies
entirely to the right of another, the former stochastically dominates the latter [39]. When a single AT
stochastically dominates all others, it is deemed optimal. Otherwise, in contexts where organizations
face a large number of similar decisions, a risk-neutral preference is generally the most appropriate
risk attitude [22]. Accordingly, the optimal inspection period AT* should correspond to the AT with
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the highest expected value V(4T), as defined by the additive multicriteria value model in equation
(19).

Any potential optimal decision must always be stress-tested against the range of significant
uncertainties identified during the construction of the respective decision support model, namely the
parameters of the additive multicriteria value model. In particular, sensitivity analysis can inform the
organization on the robustness of the preliminary decision to select a given optimal inspection period
against changes on the KPIs” weights.

4. Case Study

A case study of the methodology described in section 3 is presented next demonstrating and
validating its application in a real-world decision context. The case study will be illustrated using
specific inputs but is generalizable to any other scenarios. Although the approach has been
implemented in Portuguese organizations through decision support systems specifically developed
for user interaction (see Figure 5), the article proceeds by presenting a prototype Excel application,
which can be downloaded from the supplementary file, for reproducibility, reuse, clarity,
transparency, and reader’s convenience.

x| [
Carmegar Xml | 4 Acorea || Ajuda | Guardar Xmi | Carregar Xml | 4 Acorea | [ Apda |

edp = pocr_om Voo | edp e | o v |

Inspeccies de falhas Ocultas Quadro Resuma.

Valores Esperados Erros amostrais

Cusita de uma faina = | 0 Periodicidade de inspeccdes ensaiada = 504

Periado simulado = 2.327 +- 199 horas

1* de inspecgbes realizadas (1) 4,92032967 +/- 0,396102702
Dmoptg ge protecchy NOda v 2 o falk 3 24 f 1619864
N@ de vazes que a proteccis falhou 2,675824176 +f- 0,216198648
@o- [ O N2 de vezes que a funglo falhou 4651088901 4/ 0,373823951
® = 2 2
o= Tohm N° de vezes que o sistema falhou (m) +- 0
Tergoti decardo = [ 0 horas
Disponibilidade da proteccio [Dprt%e = - 62,28% +f- 3,06%
Tempo derepmragio = [ 10 heres
i " " % 2 0,89%
camieimides | ol Disponibiidade do sistema (Dsist%) = 59,55% + 0,89%
MTTE do sistema (Pjm) = 2.327 +f- 193 horas
Funsio orotegd
we [ 0 oy =
LA ] Custo das inspeccdes (Cin) = 83 +f- 2 /100 horas
@ o= | 1 g
o o= [ 500 haras Custo da fatha protecgio (Cfp) = &3 +f 4 €100 horas
% <30 (CF) = f- 0 €10
oo b decerrida = [ 0 haras Custe da fabha fungdo (CFf) 2 + 0 €100 horas
Custo falha sistema (Cfs) = 862 +/- 104 (100 horas
Tempo de resaragio = | 3 hores
Custo e reparagio = [ we Custo total (CT) = 1.000 +/- 110 €/100 horas

Figure 5. DSS implemented in a Portuguese electric utility organization.

4.1. Setting Input Parameters and References Units

Figure 6 presents the inputs interface (sheet “Inputs”) where the user can set all the input
parameters including its reference units. Symbols used in the notation of section 3 are depicted within
parentheses. All the remaining sheets are fed in from the values filled in this interface. Time and
monetary units can be changed. The general data section also allows setting the annual discount rate
d of the organization and a uniform reference period tu of its convenience. The optimization and
simulation sections allow setting a particular inspection period AT (e.g., 280 hours) and simulation
run r (e.g., 1) to verify the respective outcomes in the other interfaces (sheets). The optimization
section also allows defining a set of evenly spaced inspection periods from a minimum (30) to a
maximum (300) and step (10). The total number of runs R and a particular confidence level (1 — a)
associated with the desired margin of error of the expected values can be set in the simulation section.
The equipment and sensor sections allow filling in the respective parameters t’, @, and £ of the
Weibull distribution representing their random failure time, repair time periods Atre and Atrs, and
repair unit costs cre and crs. The unit cost ci of each inspection can be set in the sensor section,

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.2275.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 October 2025 d0i:10.20944/preprints202510.2275.v1

14 of 25

while the equipment’s reactivation unit cost ¢rS and reactivation time period AtrS can be set in the
equipment section.

INPUTS
Analyst:|Rui Assis Equipment:|ABC
Date:|21/01/2024 Sensor:|XYZ
General Data Equipment
Time unit (u) =|m Elapsed used time (t') =|—0hours
Nr. of time units/year (nu) =|Whours/year Weibull (o) =|—2
Monetary unit =|—€ Weibull (8) = 500 hours
Annual discount rate (d) =|W/year Repair time period (Atre) =|_1hours
Uniform reference period (tu) = 100 hours Repair unit cost (cre) =l_10€
Optimization Reactivation time period (AtrS) = 150 hours
Inspection period (AT) = 280 hours Reactivation unit cost (crS) =| 10,000 €
Min Inspection period =|—30hours Sensor
Step Inspection period =|—‘I0hours Elapsed used time (t') =|—0hours
Max Inspection period =|Whours Weibull (o) =|—1
Weibull (B) = 750 hours
Simulation Repair time period (Atrs) =l_8hours
Simulation run (r) = 1 Repair unit cost (crs) = 500 €
Nr. of simulation runs (R) =| 5,000
Confidence level (1-a.) =[W Inspection unit cost (ci) = 300 €

Figure 6. User inputs interface (sheet “Inputs”).

4.2. Generation of Random Failure Times for the Sensor and Equipment

The output interfaces for the set of successive random failure times t;; and tz, for the sensor
and equipment, respectively, are presented in Figure 7 (sheet “Sensor”) and Figure 8 (sheet
“Equipment”). The top panels in each sheet present the inputs from the “Input” sheet (Figure 6)
necessary to compute tr, tryg, tr, and try, for each simulation run r and inspection period AT.
The bottom panels present a set of pre-generated two hundred uniform random real numbers
between 0 and 1 using the Excel function RAND() and then frozen and stored for each simulation run
r €ER.

These streams are called Stochastic Information Packets (SIPs) by the discipline of Probability
Management [40,41] allowing auditing, transparency, and understanding of the computations
carried out in each simulation run r by the user.

Figure 7 illustrates how t;; and try; are computed based on these data for r=1 and AT=280
hours: the first random failure time t;; is computed through equation (6) with F(t’) being
determined by equation (3); repair times try; are determined by equation (7); the remaining random
failure times t;; are computed through equation (4).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.2275.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 October 2025

d0i:10.20944/preprints202510.2275.v1

15 of 25

SENSOR
Simulationrun (r)= 1 Elapsed used time (t)= 0  hours
Inspection period (AT) = 280 hours Weibull (o) = 1
Weibull (B)= 750 hours
Repair time period (Atrs) = 8  hours F(t') Weibull = 0
Sensor failure (fs) = 1 2 3 4 5 6 7 8 9 199 200

Uniform random variable (rnd) = 0.988 0.833 0512 0.059 0.186 0.900 0.714 0998 0.194 0603 0.202
Random failure time (i) = 3,337 4,709 5307 5374 5763 7,613 8,787 13,551 13,890 194,460 194,777
Repair time (ir) = 3,368 4,768 5328 5608 5888 7,848 8968 13,728 14,008 194,608 194,888

Simulation runs (r) = 1 0988 0833 0512 0.059 0.186 0.900 0.714 0998 0.194 0.603 0.202
2 0440 0940 0.049 0844 0995 0511 0561 0366 0732 0671 0.779
3 0914 0668 0.152 0431 0164 0283 0.273 0.313 0.097 0017 0.788
4 0519 0431 0177 0758 0.153 0630 0478 0.897 0457 0483 0.122
5 0.835 0215 0433 0178 0844 0.887 0.201 0.890 0.448 0.073 0.306
4996 0296 0865 0245 0610 0971 0540 0205 0.007 0.736/ 0404 0.167
4997 0.014 0258 0715 0410 0.893 0.275 0506 0578 0916/ 0.235 0.342
4998 0476 0441 0237 0578 0.203 0329 0827 0969 0.865 0449 0.880
4999 0.675 0293 0214 0696 0621 0.275 0.859 0527 0808 0.769 0.519
5000 0464 0448 0.019 0.042 0430 0498 0299 0916 0844 0264 0.964

Figure 7. Sensor random failure times interface (sheet “Sensor”).

Figure 8 illustrates how tf, and try, are computed for r=1 and AT=280 hours: the first random
failure time t;, is computed through equation (6) with F(t') being determined by equation (3);
repair times try, are determined by equation (8); the remaining random failure times t;, are
computed through equation (4).

EQUIPMENT
Simulation run (r) = 1 Elapsed used time (t') = 0  hours
Inspection period (AT) = 280 hours Weibull (o) = 2
Weibull (B)= 500 hours
Repair time period (Atre) = 1 hours F(t') Weibull = 0
Equipment failure (fe) = 1 2 3 4 5 6 7 8 9 10 11 12 199 200

Uniform random variable (md) = 0.689 0276 0209 0813 0795 0255 0385 0303 0976 0841 0498 0.108  0.156 0.990
Random failure time (t.) = 540 825 1,068 1,716 2346 2,619 2969 3270 4,237 4916 5332 5502 92,834 93,913
Repairtime (tre) = 541 826 1,069 1,717 2347 2620 2970 3271 4238 4917 5333 5503 92,835 93,914

Simulation runs (r) = 1 0689 0276 0209 0813 0795 0.255 0385 0303 0976 0.841 0498 0.108 0.156 0.990
2 0808 0.311 0460 0690 0.730 0.505 0548 0.716 0.621 0593 0.405 0.048 0911 0.518
3 0313 0101 0393 0.275 0644 0866 0.776 0777 0.380 0.591 0419 0543 0.916 0.481
4 0575 0238 0502 0871 0.793 0329 0.175 0.827 0.574 0085 0.541 0.317 0796 0.398
5 0522 0848 0.193 0.376 0512 0428 0.388 0.184 0.313 0.839 0569 0.627 0.466 0.128
4996 0438 0.853 0.375 0430 0659 0.398 0.187 0.141 0.069 0936 0645 0.503| 0.103 0.658
4997 0693 0849 0296 0.780 0679 0050 0613 0.891 0843 0.144 0554 0911 0533 0223
4998 0929 0079 0919 0881 0584 0808 0.870 0581 0805 0893 0603 0.353 0826 0559
4999 0.114 0.199 0.849 0418 0160 0.174 0.856 0.143 0907 0272 0.057 0.072 0269 0658
5000 0.303 0817 0897 0518 0240 0317 0259 0402 0343 0518 0666 0998 0.381 0.624

Figure 8. Equipment random failure interface (sheet “Equipment”).

4.3. Determining the System’s Multiple Failure Time and Consequences on the KPIs

The output interface for the discrete-event simulation model and resulting consequences on the
KPIs is presented in Figure 9 (sheet “System”). The bottom panel of this interface presents the results
of the discrete-event simulation model described in section 3.2.1 until a multiple failure occurs in the
system at time tfS. Figure 9 illustrates the computation of tfS for r=1 and AT=280 hours. After 12
equipment failures (Nfe) and four sensor failures (Nfs), a system failure occurs at time tfS5=5502
hours, after the 19th and before the 20th inspection is conducted. During this period, the equipment
fails a first time at t;,=5322 hours, but since the sensor is operational, the equipment is promptly
repaired in Atre=1 hour and is back working at tr,=5323 hours; later on, the equipment fails again
at time t;,=5502 hours, but since at this time the sensor is not operational (from t;;=5374 to try;=5608
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hours), a multiple failure occurs at tf5=5502 hours. The last four columns from the bottom panel in
Figure 9 show the total present costs associated to sensor inspections (TPi), sensor repairs (TPrs),
equipment repairs (TPre), and equipment reactivation (TPrS) computed as described in section 3.2.2
using equations (10) to (14). The top panel in Figure 9 presents the relevant inputs, and the resulting
consequences on the two organizational KPIs. Total maintenance costs are measured through the
respective uniform total maintenance costs UC, determined using equations (15) and (16) described
in the last paragraphs of section 3.2.2, considering an uniform reference period tu equal to 100 hours.
Equipment availability Ae is computed using equation (17) described in section 3.2.3.

SYSTEM (EQUIPMENT & SENSOR)
Simulation run (r) = 1 Sensor inspection unit cost (ci) = 300.00 €
Inspection period (AT) = 280 hours Sensor repair unit cost (crs) = 500 €
Equipment repair unit cost (cre) = 10.00 €
System multiple-failure (S) = 1 Equipment reactivation unit cost (crS) = 10,000.00 €
Maximum equipment failures/period (Maxfe) = 2
Total nr. of equipment failures (Nfe) = 12 Annual discount rate (d) = 10% fyear
Total nr. of sensor failures (Nfs) = 4 Nr. of time units/year (nu) = 8,760 hours/year
Total nr. of sensor inspections (I) = 19 Equivalent uniform discount rate (d) = 0.0011% /hour
Equivalent uniform conversion factor (fc) =  0.018%
Sensor repair time period (Atrs) = 8 hours Uniform reference period (tu) = 100 hours
Equipment repair time period (Atre) = 1 hours
Equipment reactivation time period (AtrS) = 150 hours Uniform inspection costs (UCi) = 100.88 €/100 hours
Uniform sensor repair costs (UCrs) = 34.66 €/100 hours
System failure time (tfS) = 5,502 hours Uniform equipment repair costs (UCre) = 1.95 €/100 hours
Simulation period (H)= 5,652 hours Uniform system reactivation costs (UCrS) = 171.83 €/100 hours
Equipment availability (Ae) = 97.2% Uniform total maintenance costs (UC) = 309.32 €/100 hours
1 Nfe Nfs S S TPi TPrs TPre TPrS
19 12 4 1 5502 5530 1,900 107 9,419
Start Equipment Nr. of Sensor Nr. of System| Sensor | Sensor | Equipment | Equipment
time | Inspection | Failure | Failure | Failure | Failure |gquipment  Failure | Repair | sensor |System| failure |inspection| repair repair | reactivation
Inspection | period | time | time 1 | time2 | time 3 | time4 | fajlyres | time | time |failures | failure | time | present | present | present | present cost
i tit ti tre tre te tre nfe tes tres nfs S tfS cost Pi | cost Prs | cost Pre PrS
1 0 280 0 0 0 0 0 0 0 0 0 0 Y 299.09 0.00 0.00 0.00
2 280 560 540 0 0 0 1 0 0 0 0 0 298.18 0.00 9.94 0.00
3 560 840 825 0 0 0 1 0 0 0 0 0 297.27 0.00 9.91 0.00
4 840 1120 1,068 0 0 0 1 0 0 0 0 0 296.37 0.00 9.88 0.00
5 1120 1400 0 0 0 0 0 0 0 0 0 0 295.46 0.00 0.00 0.00
6 1400 1680 0 0 0 0 0 0 0 0 0 0 294 .57 0.00 0.00 0.00
7 1680 1960 1,716 0 0 0 1 0 0 0 0 0 293.67 0.00 9.82 0.00
8 1960 2240 0 0 0 0 0 0 0 0 0 0 292.78 0.00 0.00 0.00
9 2240 2520 2,346 0 0 0 1 0 0 0 0 0 291.89 0.00 9.75 0.00
10 2520 2800 2,619 0 0 0 1 0 0 0 0 0 291.00 0.00 9.72 0.00
11 2800 3080 2,969 0 0 0 1 0 0 0 0 0 290.11 0.00 9.68 0.00
12 3080 3360 3,270 0 0 0 1 3,337 3,368 1 0 0 28923 48205 9.65 0.00
13 3360 3640 0 0 0 0 0 0 0 0 0 0 288.35 0.00 0.00 0.00
14 3640 3920 0 0 0 0 0 0 0 0 0 0 287.47 0.00 0.00 0.00
15 3920 4200 0 0 0 0 0 0 0 0 0 0 286.60 0.00 0.00 0.00
16 4200 4480 4,237 0 0 0 1 0 0 0 0 0 285.73 0.00 9.55 0.00
17 4480 4760 0 0 0 0 0 4,709 4768 1 0 0 28486 47476 0.00 0.00
18 4760 5040 4,916 0 0 0 1 0 0 0 0 0 283.99 0.00 9.48 0.00
19 5040 5320 0 0 0 0 0 5307 5,328 1 0 0 28313 47188 0.00 0.00
20 5320 5600 5332 5502 0 0 2 5374 5,608 1 n 5,502 0.00 470.95 9.44 9,418.96

Figure 9. System (multiple) failure and KPIs interface (sheet “System”).

4.4. Estimating the Distribution of Consequences of Distinct Inspection Periods on KPIs Through Monte
Carlo Simulation

A Monte Carlo simulation method is called from the “Simulations” sheet for each KPI: total
maintenance costs UC; and equipment availability Ae. The number R of runs and the set of
inspections periods AT to simulate are defined in the “Inputs” sheet and automatically updated in
this sheet. The simulation is conducted by taking advantage of the Excel “Data Table” feature as
suggested by the discipline of Probability Management. Its advantages over running a VBA
procedure are two-fold: it is much faster; and it allows recording and auditing each result. Figure 10
and Figure 11 illustrate excerpts of the results on the two KPIs for R=5000 and for inspection periods
AT ranging from 30 to 300 hours in increments of 10 hours.

). Distributed under a Creative C CC BY license.



https://doi.org/10.20944/preprints202510.2275.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 October 2025 d0i:10.20944/preprints202510.2275.v1

17 of 25

30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180 190 200 210 220 230 240 250 260 270 280 290 300
1094 825 795 688 505 457 529 500 474 447 330 418 400 389 376 359 362 352 337 344 322 317 326 320 306 309 308 287
1124 878 676 635 551 505 463 427 394 373 306 575 329 545 535 525 291 515 489 387 495 485 485 250 475 475 449 449
1152 873 799 695 739 718 679 650 621 602 539 572 510 470 496 474 466 489 504 397 469 434 459 459 450 466 363 440
1164 920 712 937 606 552 777 450 721 421 1034 645 633 360 987 1335 1026 964 964 436 941 1301 1267 1267 1267 542 918 918
1205 962 729 603 646 478 887 421 397 729 805 702 773 757 740 740 370 636 636 349 344 610 691 401 317 596 675 675
1132 1094 946 707 787 653 564 660 526 533 597 439 547 537 526 516 449 522 495 418 484 410 473 491 463 463 387 452
1280 1039 736 824 762 708 664 543 611 484 511 497 844 481 826 405 364 378 789 400 395 397 770 770 450 331 388 752
1187 1254 1118 1028 967 882 877 847 792 452 786 330 756 392 1042 726 686 415 991 671 656 324 281 965 965 965 965 665
1174 933 746 601 501 453 504 472 1223 428 1194 389 1165 305 320 1136 1136 279 324 1107 1107 1107 1107 1107 293 350 265 1078
2799 2616 2494 2433 2372 2372 2311 2311 2311 2250 2250 2250 2250 2250 2250 2189 2189 2189 2189 2189 2189 2189 2189 2189 2189 2189 2189 2189
1475 1243 746 692 949 526 857 446 393 399 2093 749 393 373 380 610 2036 2036 2036 2036 2036 2036 2036 2036 656 656 549 441
4997 1720 1481 856 602 610 561 521 494 470 440 414 410 495 431 825 1714 1671 1671 1671 1671 1671 382 386 771 1671 1627 1627 1627
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Figure 10. Total maintenance costs UC across 5000 runs for inspection periods AT=30 to 300 hours.
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Figure 11. Equipment availability Ae across 5000 runs for inspection periods AT=30 to 300 hours.

Figure 12 and Figure 13 show the expected values and 95% confidence intervals of maintenance
costs (UC) and equipment availability (Ae), respectively, as a function of the inspection periods AT
for R=5000. On the one hand, it can be concluded from Figure 12 that the optimal inspection period
from the point of view of minimizing maintenance costs is AT*=120 hours. On the other hand, from
the point of view of maximizing equipment availability, Figure 13 clearly shows that the smaller the
AT, the better the equipment availability.
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Figure 12. Expected values and 95% confidence intervals of maintenance costs (UC) for inspection periods
AT=30 to 300 hours computed from 5000 simulation runs.
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Figure 13. Expected values and 95% confidence intervals of equipment availability (Ae) for inspection periods

AT=30 to 300 hours computed from 5000 simulation runs.

4.5. Selecting the Optimal Inspection Period that Maximizes the Risk-Adjusted Overall Value to the
Organization

Since it is not possible to define a AT that is optimal for both KPIs, the organization must choose
the optimal inspection period AT* based on its intra-criterion and inter-criteria preferences. Since
both KPIs are preferential independent from the perspective of the organization, the additive
multicriteria value model expressed in equation (19) can be applied to evaluate the overall value
V(AT) of each potential AT.

The value function v(UC) for maintenance costs (UC) was assessed as linear by the
organization, using the bisection method and defined as v(UC) = 100 — UC/60, based on equation
(20), with UC~=6000 €/100 hours and UC*= 0 €/100 hours, considering the range of results obtained
for UC in section 4.4 (Figure 10).

Taking advantage of v(UC) being linear, the value function v(4e) for equipment availability
(Ae) and the weights wy, and w,, for both KPIs were assessed by asking the organization’s
decision-maker two questions: a) how much is he (or she) willing to pay in €/100 hours for improving
equipment availability from 0% to 100%?; b) how much is he (or she) willing to pay in €/100 hours
for improving equipment availability from 0% to 50%? Based on his (or her) response of 9000 €/100
hours to question a), KPI's weights were determined as wy. =6000/(6000+9000)=40% and
W4.=9000/(6000+9000)=60% by applying the special case of the tradeoff procedure described in section
3.4. Likewise, based on a response of 7550 €/100 hours to question b), the value function for equipment
availability was assessed as non-linear and defined exponentially as v(de) = 100 x [1 — exp(—A4e/
0.3)]/[1 — exp(—1/0.3)], with Ae™=0%, Ae*=100%, and p=-0.3, determined by fitting equation (21)
to the points (0%, 0), (50%, 83.88), and (100%, 100) as described in section 3.4 for the special case of
the bisection method.

The overall values V(4T) for each inspection period AT, ranging from 30 to 300 hours in
increments of 10 hours, were computed from five thousand simulation runs. These values were
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derived by combining the respective consequences on UC (Figure 10) and Ae (Figure 11) and then
aggregating them using the additive model defined in equation (19) with the specified weights and
value functions. Figure 14 illustrates the respective cumulative risk profiles, as described in section
3.4, for a subset of representative AT, showing that selecting the optimal inspection period based on
(first-order) stochastic dominance is not possible.
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Figure 14. Cumulative risk profiles for the overall value V(AT) of inspection periods AT = 30, 50, 70, 90, 120,

and 300 hours (The x-axis was truncated before 75 to enhance clarity).

The optimal inspection period AT* should be selected based on the best expected value V(4T).
Figure 15 shows the expected values and 95% confidence intervals of the overall value V(4T) as a
function of the inspection periods AT, computed from R=5000 runs, indicating that the optimal
inspection period is AT*=90 hours.
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Figure 15. Expected values and 95% confidence intervals of overall value V(4T) for inspection periods AT=30
to 300 hours from 5000 simulation runs.

A sensitivity analysis on the weights wyp; allowed to verify their impact on the selection of the
optimal inspection period AT* from the set of inspection periods AT ranging from 30 to 300 hours
in increments of 10 hours. It was found that the selection of AT*= 90 hours is robust to changes in
wyc between 18% and 65%, and, consequently, to changes in w,, between 35% and 82%. These
variations correspond to an interval between 3300 and 27000 €/100 hours (rather than 9000) regarding
the amount that the organization is willing to pay for improving equipment availability from 0% to
100%, suggesting that the decision is indeed robust. Figure 16 plots the efficient frontier connecting
the partial values v(UC) and v(Ae) of all evaluated inspection periods AT along with the isoline
representing the optimal overall value V(AT* = 90) = 94.12 with wy=40% and w,,=60%. Dashed
lines represent the two iso-value lines for the weights that change the optimal inspection period AT*

from 90 hours to: a) 80 hours, when wy=18% and w,,=82%; b) 120 hours, when wy=65% and
WAe=35%-
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Figure 16. KPI value space. Dotted curve represents the values v(UC) and v(Ae) of inspection periods AT=30

to 300 hours. Solid line is the optimal V(AT* = 90). Dashed lines represent V(AT* = 80) and V(AT* =
120).

5. Discussion

This study introduces a novel, integrated, generic multimethodological approach for
determining the optimal inspection period for protective sensors monitoring critical equipment. It
considers multiple KPIs and the uncertainty associated with hidden failures in the system and the
organization’s preferences. A case study illustrating the application of the proposed approach to a
real-world maintenance problem via a DSS demonstrates its practical applicability and contributes
to the limited body of proactive maintenance modeling and optimization research applied in practice
[19].

The modeling approach and DSS were developed to answer the five key research questions,
identified in the Introduction, and commonly encountered in real-work applications of this

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.



https://doi.org/10.20944/preprints202510.2275.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 October 2025 d0i:10.20944/preprints202510.2275.v1

21 of 25

maintenance problem. The results demonstrate that the proposed solution effectively addresses each
specific research question as follows:

1. The use of three-parameter Weibull probability density functions, Monte Carlo simulation, and
the principles of the Probability Management discipline enable an effective and auditable
representation of the uncertainties related to failures in the equipment and sensor;

2. Discrete-event simulation modeling allows for accurate prediction of the consequences of these
failures on multiple KPIs considering varying sensor inspection periods, costs, time periods, and
other input parameters;

3. Risk analysis and value-based multicriteria decision analysis methods facilitate risk-informed
assessment of the overall value of different sensor inspection periods considering both their
uncertain consequences and the preferences of the organization on multiple conflicting
organizational KPIs, namely by representing the intertemporal, intra-criterion, and inter-criteria
preferences of the organization through discount rate, value functions, and weights of the KPIs,
respectively;

4. Risk-informed multicriteria value optimization methods, namely stochastic dominance and/or
expected value maximization, provide a sound criterion for determining the optimal inspection
period, while sensitivity analysis allows to assess the robustness of the optimal decision against
the uncertainty of the organization’s preferences;

5. Finally, organizational buy-in and the successful implementation of maintenance decisions
recommended by a decision support model require not only the scientific rigor and integration
of the underlying approach, but also key success factors related to the DSS, such as its
transparency, openness, understandability, user-friendliness, and auditability. These qualities
were ensured by developing a prototype in Microsoft Excel, utilizing only built-in functions and
taking advantage of the principles of Probability Management.

This research addresses a significant gap in the maintenance literature regarding the need for
integrated methodologies that combine quantitative and qualitative data, uncertainty and risk
analysis, and organizational preferences across multiple KPIs. The proposed framework contributes
to the state-of-the-art by providing a practical and robust approach to optimizing inspection
scheduling for protective sensors monitoring critical equipment subject to uncertain hidden failures.
In contrast to traditional maintenance models, which often rely on simplified assumptions and
deterministic approaches, this framework explicitly accounts for the uncertainty associated with
sensor and equipment failures as well as organizational preferences, aligning with recommendations
for more risk-informed multicriteria decision-making in industrial maintenance.

Another strength of the proposed approach is its generic nature, enabling it to accommodate
different parameters and integrate additional assumptions, such as incorporating new KPIs, using
alternative probability distributions for modeling failure uncertainty, or applying other MCVM
methods for determining intra-criterion and/or inter-criteria preferences.

Another key contribution to practice is the development and provision of an open-access DSS in
Excel, making it valuable for understanding, teaching, and supporting practical decision-making in
related maintenance problems.

The main limitations of the results include the following. The computational time required to
run a large number of simulations, which were significantly reduced, from several hours to several
minutes, by using the Table Data feature from Excel instead of VBA macros, but that still demand
several minutes to run when there are thousands of simulations as in the case study presented in this
article. Another limitation regards the comparison of discrete inspect periods only, which might miss
a better inspection period compared to the continuous case. One solution to this limitation comprises
running the same problem again with a set of less evenly spaced inspection periods around the
previous optimal inspection period. For instance, in the presented case study, running the DSS again
with the optimization input parameters set with a minimum of 80 hours, maximum of 100 hours, and
step of 1 hour. Minor limitations, which can be easily addressed by model refinement, include:
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modeling sensor inspection time if the sensor is not available to perform its protecting function while
the inspection is performed; and modeling probabilistically the duration and/or costs of other
maintenance tasks, namely regarding inspection, repair, and reactivation.

6. Conclusions

This research provides a novel, integrated, generic multimethodological approach for
determining the optimal inspection period of protective sensors monitoring critical equipment
subject to hidden failures. The proposed approach addresses the underlying research questions
required to tackle this maintenance problem by: (a) modeling failure uncertainties using probability
density functions, Monte Carlo simulation, and Probability Management: (b) predicting failure
consequences on KPIs through discrete-event simulation; (c) comparing the overall value of
alternative inspection periods using multicriteria value measurement and risk analysis methods; (d)
determining the optimal inspection period considering uncertainties and preferences by stochastic
dominance, expected value maximization, and sensitivity analysis; and (e) developing a user-friendly
decision support system for practical implementation.

The key finding is that optimal inspection periods can be effectively determined considering
varying uncertainties, multiple KPIs, and specific organizational preferences and risk attitudes.

The developed framework and decision support system empower organizations to make risk-
informed multicriteria decisions regarding sensor inspection schedules, leading to optimized
industrial maintenance. This translates to reduced downtime, lower maintenance costs, and
improved overall equipment effectiveness. The proposed integrated approach represents an
advancement over traditional methods that often rely on simplified assumptions and single-criteria
optimization. The methodology is readily applicable across various industries reliant on critical
equipment with protective sensors, such as power generation, manufacturing, and transportation. By
adopting this approach, organizations can enhance their proactive maintenance practices and
improve operational efficiency.

Future research should explore the integration of real-time condition monitoring data into the
proposed approach, allowing for even more dynamic and adaptive inspection schedules. Further
investigation into the scalability of the framework for modelling complex networks with multiple
protective sensors interconnected with critical equipment can also offer valuable insights. Two
sensors can be either used as a protective function or one replace the other while it is being repaired,
providing redundancy but with additional costs. Additionally, exploring the relevance of modeling
non-neutral risk attitudes on the optimal inspection period could be investigated. We encourage
researchers and practitioners to adopt and adapt this framework to their specific contexts,
contributing to the advancement of proactive maintenance practices and improved asset
management.
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KPI Key performance indicator
MCVM Multicriteria value measurement methods
MTBF Mean time between failures

MTTE Mean time to failure
MTTR Mean time to repair

RCM Reliability centered maintenance
VBA Visual basic for applications
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