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Cost-Benefit Analysis of Maintenance Plans:
Case Study of the Power System of a
Large Industrial Facility
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Abstract—Maintenance plans aim to reduce the frequency of fail-
ures by maintaining components before their state of degradation
reaches an undesirable level. These plans must balance the cost of
performing maintenance against their benefits, i.e., a reduction in
supply interruptions. This paper proposes a stochastic cost-benefit
framework to develop maintenance plans that optimally balances
these costs and benefits on an array of randomly generated scenar-
ios in a power network. We implement this framework through
optimization via simulation. We simulate the effect of various
maintenance actions on the availability and degradation state of
network components, failures due to human errors, and system
operation (including demand curtailments). Based on these results,
we assess the costs and benefits of these actions and find the best
stream of Maintenance and Inspection (M&]I) actions scheduled in
time. We apply this approach to the power system supplying a large
industrial facility to assess the impact of both offline and online
inspections, as well as preventive and corrective maintenance ac-
tions. We take advantage of the flexibility of the proposed approach
to quantify the potential benefits of online condition monitoring,
analyze strategies to hedge against simultaneous outages, and study
the relative value of asset redundancy and maintenance plans in
enhancing reliability.

Index Terms—Maintenance and inspection, condition
monitoring, optimization via simulation, power system reliability.

I. INTRODUCTION

NPLANNED outages can result in substantial financial
losses due to the consequences of supply interruptions and
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the cost of repairs. The frequency and impact of such outages can
be reduced if vulnerable components are maintained or replaced
before their failure probabilities exceed acceptable levels, either
due to normal aging or exposure to adverse environmental
conditions [1]. Maintenance and component replacement in
power systems is expensive, not only because of the cost of
labor and materials, but also because it decreases redundancy,
leaving the system more exposed to unplanned outages. Devising
maintenance plans that optimally balance maintenance costs and
reliability enhancements is thus of great importance [2].

This paper proposes an integrated reliability-and-economic
framework to determine optimal maintenance plans, using a
stochastic optimization model based on simulations, applied
on a power system supplying a large industrial facility. This
model can compute the benefits of M&I actions through detailed
simulations of the effects of maintenance on assets and the
system. These simulations are complemented with optimization
in a two-stage process, allowing us to balance these benefits
against their costs. In its first stage, namely the “optimizer”,
the model develops maintenance and inspection plans that the
second stage, namely the “simulator”, tests using sequential
Monte Carlo simulations. The main sources of uncertainty that
are taken into account by these random scenarios are failures,
the evolution of equipment degradation processes (making a dis-
tinction between the actual degradation and that observed during
inspections), and the effects of maintenance. The latter includes
not only the improvements in the states of degradation but also
human errors during the reconnection of the equipment. These
stochastic simulations produce expected values of the costs and
reliability metrics for each M&I plan proposed by the optimizer.
Based on these results, the optimizer tunes the parameters of
the maintenance policy. The simulator and the optimizer iterate
until an optimal M&I plan is found. Tuning policy parameters is
better aligned with industrial practices than directly scheduling
M&I actions. To demonstrate the effectiveness of the proposed
approach, we analyze the costs and benefits of conventional and
innovative maintenance strategies on the power supply network
of an industrial facility. Overall, this paper features the following
specific contributions:

1) It proposes an integrated reliability-and-economic
framework that can simultaneously schedule various
maintenance and inspection actions on large-scale power
systems, consisting of different types of assets and
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components, balancing long-term costs and benefits.
These actions also include offline and online inspections
as well as preventive and condition-based maintenance.

2) It showcases a stochastic optimization-via-simulation

approach that implements the above-mentioned frame-
work and applies it on the power system of a large in-
dustrial facility. As the model optimizes via simulations,
it can capture, within the decision-making process, a more
detailed representation of the effects of M&I actions on
the health of the equipment (not only in terms of the
improvements in the state of degradation but also the
possibility of human error). The model can also capture the
random evolution of degradation that causes failure events
(which may lead, in turn, to supply interruptions), and the
difference between the observed evolution of equipment
degradation and the actual evolution of degradation.

We use the proposed model to determine the optimal schedule
of various M&I actions, quantify the effects of maintenance
and inspection plans on continuity of supply, and compare the
reliability and economic benefits of M&I actions against those
of asset redundancy. We also compare the reliability and eco-
nomic performance of online monitoring and inspection actions,
against that of offline inspections and periodic maintenance
actions.

The rest of the paper is organized as follows. Section Il reviews
the relevant literature. Section III describes the proposed model
used to determine optimal maintenance and inspection plans.
Section IV presents the case studies, whose results are analyzed
in Section V. Section VI concludes.

II. LITERATURE REVIEW

Maintenance plans of power systems have traditionally aimed
at scheduling a predefined set of maintenance actions to min-
imize costs [3]-[5], maximize reliability levels [6], or opti-
mize other metrics of interest to facility owners [7]. These
methods are usually limited to arranging a provided set of
actions in a schedule without examining the resulting balance
between the economic costs of these actions and their reliability
benefits. Other types of maintenance plans widely studied in
power systems are based on the concepts of reliability-centered
maintenance (RCM) [8], [9]. RCM is a qualitative approach to
scheduling maintenance actions that prioritizes components that
are more critical for system operation [10]. The prioritization of
maintenance actions is based on heuristics that usually consider
the relation between their costs and their benefits in terms
of increased system reliability [11], [12], thereby identifying
cost-effective actions.

In order to devise optimal maintenance plans, it is paramount
to capture the contribution of maintenance actions in prevent-
ing component failures. This requires modeling the underlying
degradation processes that trigger unplanned outages, along with
the effect of maintenance actions in terms of state-of-health
recovery. Furthermore, modeling degradation processes allows
us to analyze plans that take advantage of information related
to the health condition of assets gathered through inspections.
Lately, this approach has received significant attention in power
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systems [13]-[15]. Endrenyi [16], proposes a simple method
to consider the degradation of components in the context of
maintenance. Multiple states of degradation leading to failures
are represented by state diagrams, and modeled through Markov
processes. Inspection actions are modeled using additional
states, where information regarding the state of degradation of
the asset is revealed. This information is then used to determine
whether maintenance actions are needed.

State-diagram models have been used to study the mainte-
nance of single components, analyzing different performance
metrics [17], and considering additional details, such as delay
times and aging [18]. These models have also been used to
determine optimal maintenance and inspection plans for mul-
tiple components within a power system [19], [20]. In [19],
the inspection rates of different substation components are op-
timized, aiming at maximizing reliability. Zhong et al. [20]
determine inspection rates that minimize the total cost of the
system. However, these models cannot capture how maintenance
actions are actually scheduled in practice. Instead, they assume
that inspection times follow a given probability distribution.
This prevents the coordination of maintenance actions among
different system components, which is of the utmost impor-
tance in power systems. Note that the proposed framework to
optimize maintenance plans does not present this problem, as it
replicates how maintenance actions are scheduled in practice,
including the coordination between maintenance of different
components.

Determining optimal M&I plans for power systems in a
cost-benefit fashion is fundamentally challenging for two main
reasons. Firstly, the benefits of maintenance in reducing supply
interruptions are difficult to compute. Maintenance prevents
failures by improving the degradation state of components.
Therefore, to capture its benefits, it is necessary to model
its impact on the stochastic degradation processes that drive
unplanned outages. Secondly, the decision rationale used to
schedule maintenance and inspections should consider system
conditions that change over time, such as the availability state of
components, the operating conditions, and information gathered
through inspections regarding the states of degradation.

The complexity associated with optimizing maintenance
plans for modern systems (including power systems) has
prompted the need for more flexible tools to address this prob-
lem. In this context, simulation-based optimization has emerged
as an attractive alternative to optimize maintenance plans, as
many maintenance policies cannot be treated analytically, and
because simulations provide the flexibility needed to capture
the complexities and details of a real-world system [21]. Ref-
erence [22] proposes a modeling approach to optimize main-
tenance plans based on simulations, minimizing the use of the
oversimplifying assumptions usually required in optimization
models with analytical solutions. In this way, it is able to capture
the interactions between maintenance actions and their effects
on both components and the operation of the system as a whole.
A simulation-based optimization approach is proposed in [23]
to determine the optimal maintenance frequency in a manufac-
turing system, capturing the interactions between maintenance
and production.
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Maintenance optimization via simulation has also been ap-
plied within the context of power systems. Tian et al. [24] use
this approach to optimize a condition-based maintenance policy
for wind power generators that is characterized by two failure
probability thresholds. If the first threshold is exceeded, main-
tenance is performed in the component. Additionally, when
maintenance is carried out (due to the first threshold), all
other components whose failure probability exceeds the second
threshold are also maintained, taking advantage of the fact that a
maintenance crew will be sent to the wind farm due to the main-
tenance triggered by the first threshold. Detailed simulations of
the evolution of the system are used to optimize the value of
these two thresholds. Santos et al. [25] optimize a maintenance
policy for offshore wind generators that involves two numerical
parameters, one related to the frequency of maintenance actions
and another one to their effectiveness. Simulations that consider
the logistics associated with maintenance actions determine the
optimal value of the policy parameters. The scheduling of pre-
ventive maintenance actions for generators is optimized in [26],
where the objective is to minimize the loss of load probability
of the system. The use of simulations allows quantifying the
impacts of different schedules in the operation of the power
system. Reference [27] proposes a framework to determine the
optimal maintenance strategy of a power system using simula-
tions that model in great detail the logistics associated with spare
parts and maintenance works. Heo et al. [28] compute the costs
and benefits of different maintenance plans using sequential
simulations of a power system. They model the degradation of
system components, the results of maintenance actions, and the
effects of outages on the system.

To the best of the authors’ knowledge, the framework pro-
posed in this paper is the first research effort to optimize power
system maintenance in an integrated reliability-and-economic
fashion, capturing the interaction between the components’
degradation states and M&I actions. We do so by using simula-
tions that model the evolution of the degradation state of com-
ponents and the impact of maintenance and inspection actions
in terms of improving and estimating this state, respectively. We
also consider that unintended failures can occur due to human
errors committed while performing these actions. Through these
simulations, we are able to compare maintenance strategies and
other asset-heavy alternatives (such as network redundancy)
with regards to improving system reliability in a cost-effective
fashion.

III. STOCHASTIC COST-BENEFIT MODELING FRAMEWORK FOR
MAINTENANCE PLANS

A. Overview

From a cost-benefit perspective, the optimal maintenance plan
minimizes the sum of the expected costs of interruptions and
the expected costs of performing maintenance actions. Since
the common industrial practice is to carry out maintenance
according to a policy, we propose to optimize this policy. A
maintenance policy consists of a set of rules that prescribe
how M&I actions should be scheduled and undertaken. The
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Fig. 1. Schematic representation of the proposed framework.

numerical parameters of such a policy determine the frequency
or rate at which inspections and preventive maintenance actions
are carried out. They also dictate when to undertake maintenance
actions triggered by the inspection results and how to coordinate
and prioritize maintenance activities. A M&I plan is an instan-
tiation of a maintenance policy, and the optimal plan is the one
that optimally balances the costs of M&I actions and the cost
of unsupplied energy. This section describes how the proposed
model determines the minimum-cost M&I plan for a particular
system by selecting the optimal set of parameters of the mainte-
nance policy. This model consists of two modules, the optimizer
and the simulator. As Fig. 1 illustrates, the optimizer selects the
parameters of the policy used to schedule M&I actions, while
the simulator calculates the effects of the resulting M&I plan
using sequential Monte Carlo simulations. These two modules
iterate until the optimal M&I plan has been determined. Using
the terminology of sequential decision analytics pioneered by
Powell [29], the proposed model corresponds to a sequential de-
cision model, as it is composed of a sequence of steps (e.g., days),
where decisions are made and new information is revealed.
Furthermore, we tune the parameters of a policy consisting of a
set of rules used to determine these decisions, hence our solution
approach falls into the policy function approximation class.

B. Maintenance Policy

The rules defining a maintenance policy must take into ac-
count the current state of the system, which includes the grid
topology and its changes due to outages, degradation informa-
tion gathered through inspections or continuous monitoring, and
dates of past M&I actions carried out on each component.

In this paper, we consider a maintenance policy that covers
the following four types of M&I actions:

1) Corrective Maintenance (CM) actions carried out to repair

components that have failed.

2) Preventive Maintenance (PM) actions performed periodi-
cally on components, irrespective of their states of degra-
dation.

3) Periodic inspection actions carried out to collect informa-
tion regarding components’ states of degradation.
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4) Inspection-Induced Maintenance (IIM) performed to im-
prove a component’s condition if the results of an inspec-
tion reveal that its degradation is too high.

The optimizer adjusts the following three parameters of the

maintenance policy to find the optimal M&I plan:

1) Frequency of preventive maintenance actions (x1): This
parameter determines the interval of time between two
consecutive PM actions. We can study the case where
preventive maintenance is not part of the policy by setting
this frequency to zero (z; = 0). In practice, the period
between maintenance actions is not constant because some
of them are triggered by unplanned outages or prompted
by the results of an inspection.

2) Frequency of inspection actions (x3): This parameter de-
fines the time between the last and the next scheduled
inspections. When an asset undergoes unplanned mainte-
nance actions, the time since the last inspection is reset.
This frequency or rate can be set at a high value to reflect
condition monitoring, where information about the state
of components is continuously gathered.

3) Threshold for inspection-induced maintenance (x3): This
parameter defines the minimum degradation level that
prompts maintenance actions after an inspection is carried
out.

Note that the frequency of PM actions (x1) must be selected
for each PM action considered in the maintenance policy. Simi-
larly, the frequency of inspections actions (z2) and the threshold
for IIM (z3) must be selected for each inspection action. If these
parameters are set for the whole system, they form a set of scalar
values. On the other hand, if they are set separately for each type
of component, they constitute a set of vectors.

It is important to consider that we have chosen a maintenance
policy that schedules inspection and preventive maintenance
actions based on elapsed time. An alternative aligned with tra-
ditional preventive maintenance concepts would be to schedule
these actions based on utilization. In such policies, parameters
1 and z9 must be metrics of accumulated loading, such as the
amount of energy that has flowed through the component, rather
than time.

C. The Simulator: Assessing the Effects of Maintenance Plans

This module calculates the costs associated with a M&I plan
defined by a set of policy parameters. In order to do so, it
simulates the operation of the power system along with the
execution of the M&I actions scheduled by the M&I plan. As
it proceeds, it tallies the cost of performing M&I actions and
the cost of energy not supplied because of outages. The total
cost of operating the system is the sum of these two costs.
Because this simulation involves the occurrence of stochastic
events, such as component failures, it must be repeated enough
times to obtain an estimate of the expected value of the costs
and of other probabilistic metrics that can be used to compare
the performance of different M&I plans.

The proposed model replicates operational and M&lI decisions
on the electricity supply system by sequentially simulating its
evolution. In order to properly compute the total cost under a
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Fig. 2. Flowchart of the simulation module.

given M&I plan, the simulation must extend over a sufficiently
large timespan (e.g., several years); otherwise, it won’t be able to
capture the effects of slow processes such as component degra-
dation. On the other hand, the time resolution of the simulation
must be sufficiently fine to model events that span only a few
days, such as inspection actions. Therefore, the proposed model
simulates several years of operation, with daily resolution for
activities and decisions regarding operation and maintenance.
Fig. 2 shows the structure of each simulation, where t . is the
number days considered.

At the beginning of each simulation, the M&I plan is applied
to determine the first schedule of M&I actions, taking as an input
the initial condition of the system, the results of past inspections,
and dates of past M&I actions. Then, each day is simulated
sequentially in four stages:

1) Update of degradation and realization of failures: Com-
ponents that have completed their time under offline M&I
actions are put back in service, and the state of degradation
is updated for all components. Additionally, unplanned
outages occurring during this day are determined.

2) Application of the M&I plan: The maintenance schedule
is updated according to the M&I policy to account for
changes in the state of the system, such as unplanned
outages and the results of inspections. For example, the
M&I plan may require to postpone some preventive main-
tenance actions if a critical component has failed.

3) Execution of the M&I actions: Maintenance and inspec-
tion actions are performed. If the action must be carried
out offline, the component is taken out of service for the
necessary number of days.
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4) Operation of the system: The system is operated con-
sidering the current availability of components, which is
defined by the ongoing planned and unplanned outages.
The main objective of this step is to compute the loading
of each element and the energy not supplied during the
day.

Once a scenario has been simulated, its total cost is computed
by adding the M&I expenses and the interruption costs for each
day. The user sets the number of simulations to be performed
with random realizations of the stochastic parameters across the
days. The following subsections describe in detail the four stages
of the simulation process.

1) Update of Degradation and Realization of Failures: The
state of degradation of a component is represented by a degrada-
tion percentage that ranges from 0% to 100%. Degradation of 0%
represents an as-good-as-new state, whereas 100% represents a
state of total degradation in which the component cannot operate.
Degradation evolves according to a non-decreasing stochastic
process Z;(t) that is updated at the beginning of each day ¢
for every component 7. The rate of degradation depends on the
component’s level of utilization i.e., highly-loaded components
degrade faster. At the beginning of the simulation, a degradation
speed, v;, is randomly selected for each component (a number
between 0 and 1), representing the probability of degradation
increasing after each day. Under nominal loading, degradation
increases in steps of 1%, however, we consider steps of mag-
nitude Fj; in order to account for the components’ loading.
This value may be greater than 1% if degradation is accelerated
(loading higher than nominal) or lower than 1% if it is deceler-
ated (loading lower than nominal). The probability distribution
of degradation speeds is calibrated, so each component’s fail-
ure probability matches historical data of failures at different
ages under nominal loading, thus capturing the aging processes
of different components. Mathematically, the evolution of the
degradation state of components is modeled by Eq. (1), where
wij 1s a random variable uniformly distributed over the interval
[0, 1].

Zi(t) + Fy fwy <vy

Z;(t) M

otherwise

Zi(t+1)={

In practice, the degradation level of a component does not
entirely determine the occurrence of unplanned outages. We
capture this by linking degradation with failure probabilities
through an outage likelihood function. In this way, components
may undergo outages at degradation levels lower than 100%
with given probabilities. The outage likelihood function quan-
tifies our confidence in degradation being able to characterize
components failure. Ideally, if unplanned outages were entirely
a consequence of high degradation, then the outage likelihood
function would be a step function. In practice, logistic functions
can be used to represent outage likelihood, capturing the effect
of a variable (degradation) on a binary state (operating or failed).
Eq. (2) is an example of such a logistic function, where 3y and /31
can be calibrated considering different sources of information,
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such as failure records, manufacturer data, and expert knowl-
edge.

1
£(2) = 1+ ¢ (BothiZ) )

Fig. 3 illustrates how two components degrade over 15 years,
and how this determines failure probabilities. Component 1
degrades faster than component 2, because its degradation speed
parameter is larger (v; > vg). After 15 years, the failure proba-
bility of component 1 is close to 0.5, whereas the failure prob-
ability of component 2 is practically zero. This illustrates that
degradation determines the probability of undergoing unplanned
outages instead of directly determining their occurrence.

2) Application of the M&I Plan: In this stage, the M&I plan
is used to reschedule M&I actions considering newly available
information, including the occurrence of unplanned events such
as failures, and results from inspections. For example, if a com-
ponent fails during the previous stage (update of degradation and
realization of failures), the maintenance schedule is adjusted to
catry out corrective maintenance as soon as possible, potentially
postponing other M&I actions. Importantly, this rescheduling
process respects the value of the policy parameters already set
(e.g., rate of inspections) but accommodates needed M&I actions
that have to be carried out immediately due to failures and
inspections’ results.

3) Execution of M&I Actions: Three types of M&I actions
are carried out during this stage.

1) Corrective maintenance to repair components that have

failed.

2) Preventive maintenance actions performed on a time-
based approach, that is, without considering the state of
degradation of components.

3) Inspection-induced maintenance actions carried out when
the observed state of degradation is higher than a prede-
fined threshold. In this way, these maintenance actions are
triggered by the value assessed during the inspection, not
by the actual state of degradation, which is unknown.

When one of these maintenance actions is performed, the
component is taken out of service for a predefined number of
days during which maintenance is carried out. When this period
finishes, the component is connected back in service. The state
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of degradation after maintenance is not necessarily as-good-
as-new. Instead, this state is a random variable following a
probability distribution that characterizes the effectiveness of
the maintenance action undertaken (i.e., more effective mainte-
nance actions attain, in average, lower degradation levels for the
component connected back).

The objective of inspection actions is to obtain information
about the actual state of degradation of components. The infor-
mation gathered through these actions is not perfect; therefore,
the observed degradation (i.e., the inspection result’s numerical
value) may differ from the actual degradation value. This is cap-
tured by modeling the observed degradation as arandom variable
with a predefined probability distribution. The characteristics of
this distribution depend on the accuracy of the inspection action
undertaken. Throughout this work, we consider that the observed
degradation follows a normal distribution with an expected value
equal to the actual state of degradation and a standard deviation
depending on each action’s accuracy. Inspections can be offline,
if the component needs to be taken out of service, or online if it
can be carried out while the component is operating. Similar to
maintenance actions, the component is taken out of service for
a predefined number of days to perform offline inspections. The
result of the inspection is made available when it is connected
back in service.

Another relevant feature of the simulation model is that it
considers unplanned outages caused by human errors made
during maintenance and offline inspections. After these actions
are carried out, the likelihood that a component will fail is
higher than that determined solely by the new degradation state,
due to the probability of human errors. As Eq. (3) shows, this
enhanced probability of failure vanishes over a few daysi.e., if a
component is reconnected on day t*, the probability of failures
due to human errors, &, follows a decreasing function f for T’
days, after which it becomes zero.

flt—t*) ift—t*<T

0 otherwise

Et>1") = { 3)

4) Operation of the System: This stage first determines the
power flow through each component during the day because
this flow affects its rate of degradation. It then computes
the amount of energy that cannot be supplied during that day due
to planned (e.g., preventive maintenance) and unplanned (e.g.,
failures) component outages. Flows are computed using active
power-only, dc power flow equations because this approach
is computationally efficient, which is essential considering the
need to simulate thousands of scenarios.

D. The Optimizer: Finding the Best Maintenance Plan

The optimizer determines the optimal parameters of the main-
tenance policy that, in turn, define the optimal M&I plan. The
performance of M&I plans is represented by a general function
¢ () of unknown structure that we aim to optimize over a search
space O, consisting of all feasible sets of policy parameters. As
shown in Eq. (4), we select the expected cost E¢[C(x,€)] as
the function ¢(x) to be minimized. This cost includes not only
the costs of unsupplied energy but also the direct costs of M&I.
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Since the optimization procedure is general it can be applied to
any function ¢(z).
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The total cost of the M&I plan depends on the vector of param-
eters x and on the realization of the uncertain scenario & (failures
of components, evolution of equipment degradation, etc.). This
cost can be disaggregated as shown in Eq. (5), where C'(x, ) is
the total cost, CM I (x, £) is the cost of planned maintenance and
inspections, CC M (x, £) is the cost of corrective maintenance,
and CENS(z,§) is the cost of energy not supplied.

C(x, &) =CMI(z,&) + CCM(z,¢) + CENS(x,&)  (5)

The simulator computes the total cost of a M&I plan for
a specific realization of the uncertainty (i.e., one scenario). A
sufficient number of Monte Carlo simulations must be carried
out to estimate the expected cost of such a plan. Eq. (6) shows
the function ¢(x) that is optimized, where N is the number of
times that the simulator is run to approximate the expected cost.

1 N

o(x) = 7 D_ (CMI(2.&) + COM(x,&)

i=1

+CENS(z,&;)) (6)

The optimal parameters are determined using a black-box
optimization algorithm that only needs to evaluate the objective
function and does not require an analytical representation of
this function. Specifically, we use a derivative-free optimization
approach based on the Radial Basis Function method, available
on COIN-OR [30].

IV. APPLICATION AND INPUT DATA
A. System Description

The system illustrated in Fig. 4 represents the electricity
supply network of an industrial facility, and provides the basis
for the case studies presented in this section. The system is
designed according to the spot network approach [31], where
the secondaries of each pair of transformers are connected,
and where there is physical redundancy for every component.
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TABLE I
ANNUAL FAILURE PROBABILITY OF COMPONENTS OF DIFFERENT AGES UNDER
NOMINAL CONDITIONS

Years 1-4 5-8 9-12 13-16 17-20
HVTr 044% 044% 0.44% 0.44% 0.44%
MV Tr 057% 057% 0.57% 0.57% 0.57%
HV GIS 036% 0.13% 023% 0.30% 0.57%
MV GIS 036% 0.13% 0.23% 0.30% 0.57%
CB 0.16% 0.29% 0.29% 0.30% 0.41%

Cable 0.66% 0.66% 0.66% 0.66% 0.66%

This configuration supports high reliability levels, as single
component outages should not result in unsupplied energy. In the
case of double outages, we assume that load can be transferred
to nearby networks (which are not explicitly modeled) with
a probability of 80%. Additionally, when a component fails,
there is a 5% probability that all downstream demand needs to
be curtailed due to failures in automatic transfer operations in
the low-voltage network (which is not explicitly modeled). In
that case, demand is manually reconnected after 10 minutes.
Supply interruptions are very costly, as they disrupt produc-
tion processes downstream: the cost of the first 30 minutes
of interruption is valued at 288 k$ per MW disconnected,
whereas energy not supplied after that time period is valued at
200 k$ per MWh.

The system’s entry point is at 110 kV, which is first stepped
down to 12 kV by two 120-MVA transformers (HV-Tr). Six
40-MVA transformers (MV-Tr) reduce this voltage further to
4.2 kV where different loads are supplied. The network contains
ten gas insulated switchgear (GIS) components, which consists
of two 110-kV circuit breakers (HV-GIS) and eight 12-kV circuit
breakers (MV-GIS). Additionally, the system includes thirty
4.2-kV circuit breakers (CB) and twelve 4.2-kV cables that
connect the loads to this supply network.

We consider a 20-year simulation horizon where failures are
realized on a daily basis following failure probabilities deter-
mined by their state of degradation. The failure rate of the GIS
circuit breakers depends on the age of the component. Numerical
values for different ages were obtained from a survey on GIS
reliability conducted by CIGRE [32]. Similarly, failure rates for
circuit breakers of different ages were obtained from another sur-
vey on reliability conducted by CIGRE [33]. However, because
that survey was focused on high voltage components, the data
was adjusted to meet the average failure rate of circuit breakers
of the appropriate voltage level according to [34]. Failure rates
for transformers and cables are assumed to be independent of
the age of these equipment and were obtained from [35] for HV
transformers, and from [34] for MV transformers and cables.
Table I presents failure rates for each type of equipment at
different ages. Note that degradation is calibrated to match these
historical failure rates under nominal loading.

In the case of transformers and cables, their loading is used to
compute acceleration factors that adjust their degradation speed.
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TABLE II
CosTs (IN K$) AND TIME (IN DAYS) NEEDED TO UNDERTAKE OFFLINE M&I
ACTIONS
CM PM & IIM  Inspection
Cost Time Cost Time Cost Time
HV Tr 424 49 268 5 134 3
MV Tr 200 60 232 5 116 2
HV GIS 300 4 116 5 58 1
MV GIS 150 4 100 2 50 1
CB 20 5 - - - -
Cable 2 1 - - - -

To do so, we first compute the steady-state temperature (neglect-
ing fast variations) of these components based on their loading,
as indicated in [36] for transformers and in [37], [38] for cables.
Then, Eq. (7) is used to compute the thermal acceleration factor
FI for component i at time ¢, where B is a constant that depends
on the component, ©¢ is the nominal design temperature, and
O, is the actual temperature [36], [38].

T (L—L)
Fit — e\ ©dt273 ©;4+273 7)

Since thermal failures represent only 10% of major trans-
former failures [35], these factors accelerate only 10% of degra-
dation. Mathematically, this means that degradation increases
in steps of Fyy = 1% - (0.9 +0.1- FL) in Eq. (1) (where the
degradation increases in 1% in every step when the load-
ing/temperature is the nominal one). As no information is avail-
able regarding the relative importance of thermal failures in
cables, we also apply a 10% factor for them.

B. Maintenance and Inspection Actions

Table II summarizes the cost and time required to carry
out corrective maintenance, preventive maintenance, inspection-
induced maintenance on each type of component. No planned
offline M&I actions are undertaken on circuit breakers and
cables.

The cost and time required to undertake maintenance actions
triggered by inspections are assumed to be the same as those
of preventive maintenance actions. Maintenance actions do not
necessarily decrease degradation to 0%; instead, we consider
that when a component is connected back in service, its (new)
degradation state follows a uniform distribution between 0% and
20% (where 100% is the maximum degradation). Furthermore,
we assume that human errors can be made when performing
any type of maintenance and that they result in a 0.5% failure
probability on the day the component is connected back into
service after maintenance. This probability decays to zero after
one day (i.e., 7' =1 in Eq. (3)).

In addition to the offline M&I actions already described, the
maintenance policy includes two types of online inspections.
The first one costs $280 per component and is carried out on
all the components except for circuit breakers and cables. The
second one carries a cost of $15 and is performed on every
component except for cables. The result of inspections is the
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observed degradation state, which follows a normal distribution
with an expected value equal to the actual degradation state,
and a standard deviation depending on the inspection action
undertaken. This standard deviation s 1% for offline inspections,
and increases to 5% and 8% for the first and second types of
online inspections, respectively.

C. Maintenance Policy

To construct a detailed schedule of M&I actions over the
simulation horizon, the maintenance policy specifies three steps
that must be performed in the following order:

1) Schedule corrective maintenance of failed components as

soon as possible.

2) Schedule maintenance of components whose degradation
has exceeded the inspection threshold (x3) as soon as
possible.

3) Schedule preventive maintenance and inspection actions
of components considering their frequency (x; and z3)
and the last time they were performed.

Furthermore, the following four rules must be respected:

1) Multiple M&I actions cannot be scheduled simultaneously
on the same component.

2) Offline M&I actions cannot be scheduled on days when
there are components out of service.

3) Offline M&I actions cannot be scheduled on a given
equipment on the day when its redundant counterpart is
connected back in service.

4) Preventive maintenance on each 110/12 kV transformer
must be scheduled simultaneously with maintenance on 3
12/4.2 kV transformers and all the associated gas insulated
switchgear.

The first rule ensures that there is enough time to perform
each action, whereas the other rules aim to construct main-
tenance schedules that take advantage of the relations among
components within the system. The second rule aims at ensuring
adequate redundancy levels by forbidding to schedule offline
M&I actions when other components are out of service. The
third rule minimizes the consequences of failures due to human
error. Finally, the last rule states that preventive maintenance of
components must be grouped in a block-type fashion. This rule
stems from the fact that carrying out preventive maintenance
of a transformer or GIS on a one-by-one basis may require
costly switching activities, incurring high fixed costs. However,
a significant part of these fixed costs can be shared among
various components if maintenance actions are carried out si-
multaneously over groups of components. Therefore, it is more
efficient to carry out preventive maintenance actions on as many
components as possible, which in this case correspond to half
of them (due to redundancy levels). Note that the same concept
could be utilized to implement an opportunistic maintenance
strategy, based on what is proposed in [24]. In this strategy,
prior to performing unplanned maintenance on a component
(either IIM or corrective maintenance), the other ones would be
inspected, and maintenance would be carried out “opportunisti-
cally” on them if the observed degradation exceeds a threshold
similar to x3, but lower. This threshold is less stringent than the
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Fig. 5. Possible combinations of maintenance and inspection frequencies.

normal threshold for IIM because conducting maintenance in
this situation is less costly as a result of sharing fixed costs.

Three types of parameters are optimized to determine the
minimum-cost maintenance policy, namely, the frequency of
preventive maintenance actions, the frequency of inspections,
and the thresholds for inspection results that trigger inspection-
induced maintenance. x; is a scalar value that determines the
frequency of preventive maintenance for the whole system.
The scalar parameter x5 determines the frequency of offline
inspection actions for the whole system. We assume a constant
frequency of six months for the first type of online inspections,
and a constant frequency of three months for the second. x5 is a
vector consisting of three scalars, which are thresholds for each
type of inspection. Note that, for a given inspection action, the
same threshold is used on every component to determine IIM.
Although these thresholds can take any value between 0% and
100%, we discretized the possible values in multiples of 10% to
reduce the search space of the optimization.

Offline maintenance and inspection actions are expensive and
can be performed only a few times over the 20-year simulation
horizon. Fig. 5 shows four possible combinations of preventive
maintenance and offline inspection frequencies (z; and x3). The
first two combinations do not consider preventive maintenance
actions (x1 = 0), while combinations IIT and IV include both
offline inspections and preventive maintenance. These combi-
nations constitute the discrete search space for z; and xo. x3 is
tuned by the optimizer for every combination.

V. RESULTS

Six sets of studies were performed to investigate the costs and
benefits of alternative M&I strategies.

A. Base Case

The base case aims to select the policy parameters that mini-
mize the expected total cost over the 20-year simulation horizon.
In addition to the four candidate combinations of preventive
maintenance and inspection frequencies (z; and x5), two other
cases are considered:

1) One where no offline M&I actions are performed and

maintenance relies solely on online inspections.

2) Another one where corrective maintenance is the only type

of M&I action performed.

Authorized licensed use limited to: Universidad de chile. Downloaded on December 30,2025 at 21:00:18 UTC from IEEE Xplore. Restrictions apply.



2054
TABLE III
CoST (IN MILLION $) OF DIFFERENT COMBINATIONS
Combination
I I 111 v
CMI 2.46 3.94 6.70 11.08
CCM 0.02 0.02 0.04 0.08
CENS 0.40 0.42 0.48 1.48
Total 2.88 4.38 7.22 12.64
CI +0.02 +0.04 +0.02 +£1.76
CVaR CENS 1.23 1.64 1.70 20.02
16
14 B Upperbound O Lowerbound --B- Mean
12 E
Z 10
% 8 o
© 4 IO
o----
2
0
I I 111 v
Combination
Fig. 6. Mean and the 95% confidence interval for the total cost of each com-

bination. Notice that confidence intervals of combinations I-III are negligible.

The optimal policy parameters were obtained by carrying out
10,000 simulations spanning 20 years with a daily resolution.
Combination I produces the optimal set of maintenance and
offline inspection frequencies. Interestingly, combination I con-
siders only one offline inspection and no preventive maintenance
over the system’s lifespan. Additionally, the optimal threshold
for IIM (x3) is found to be 70% for offline inspections, and 80%
for both types of online inspections.

Table III compares the various costs of the four combinations
when the optimal inspection thresholds are set. It features the
following rows:

1) CMI: The expected cost of planned maintenance and

inspection actions (excluding corrective maintenance).

2) CCM: The expected cost of corrective maintenance

actions.

3) CENS: The expected cost of energy not supplied.

4) Total: Total expected cost, equal to the sum of CMI, CCM

and CENS.

5) CI: 95% confidence interval for the expected total cost.

6) CVaR CENS: The CVaRgsy, of the unsupplied demand

cost, computed as the average of the 5% highest-cost
scenarios.

The mean cost of the M&I plan increases with the number of
offline M&I actions, mainly due to the costs of performing these
actions. It is clear that combination I presents the lowest mean
cost, and it is the alternative that considers fewer offline M&I
actions. Fig. 6 illustrates the effect of the uncertainty associated
with Monte Carlo simulations, and shows that combination I is
definitely the best alternative, as the upper bound of its 95%
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TABLE IV
CoST (IN MILLION $) OF TWO M&I PLANS WITHOUT OFFLINE M&I ACTIONS

. Onln.le Only CM
inspections

CMI 0.98 0.00
CCM 0.02 0.42
CENS 0.42 2.22
Total 1.42 2.64
CI +0.02 +0.42
CVaR CENS 1.32 11.02

confidence interval is lower than the lower bound of the other
combinations.

Interestingly, the results show that maintenance actions de-
crease system reliability. This is because components are main-
tained regardless of their true condition, which reduces redun-
dancy while offline M&I actions are carried out, and creates the
possibility of human error.

Table I'V presents the results with two other M&I plans. In the
first one, only online inspections are performed. In the second
one, there are no preventive maintenance or inspection actions
but only corrective maintenance.

Relying solely on online inspection actions, disregarding
both offline inspections and preventive maintenance is the most
cost-effective approach. Notice that the expected energy not
supplied associated with that plan is similar to that of com-
bination I, but its total cost is lower since there are no costly
offline inspections. The plan that disregards M&I actions (except
for corrective maintenance) has the highest cost of energy not
supplied. Moreover, the conditional expectation of the costs in
the worst cases is also very high, as expressed by the CVaRg5o;.
Most of the reduction in unsupplied energy can be achieved with
online inspections and no offline M&I actions. This shows that,
albeit less accurate, online inspections are more cost-effective
because they are less expensive and can be carried out more
regularly, and thus provide more opportunities to detect high
degradation states. Since offline M&I actions are carried out
only a few times over the 20-year horizon, their benefits are
limited.

B. Implementation of Advanced Monitoring Techniques

In this case study, we assume that condition monitoring
devices provide access to continuous and precise estimations
of the actual state of degradation of the components. Albeit
unrealistic, this provides an estimate of the maximum benefit that
condition-based maintenance strategies could achieve. In this
case, the M&I plan must be entirely based on the use of condition
monitoring data, and no other maintenance or inspection actions
can be performed. Only one threshold has to be selected and,
once a component reaches that threshold, inspection-induced
maintenance is carried out.

Optimizing the threshold for continuous monitoring [IM
gives a value of 80%. Based on 5,000 simulations assuming
this threshold, the expected costs of planned M&I actions is
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TABLE V
CoSTS (IN MILLION $) OF A STRATEGY TO HEDGE AGAINST DOUBLE OUTAGES

Combination
I I 111 v
CMI 2.46 3.94 6.70 11.08
CCM 0.02 0.02 0.04 0.08
CENS 0.34 0.36 0.42 0.54
Total 2.82 4.32 7.16 11.70
CI +0.02 +0.02 +£0.02 4+0.02
CVaR CENS 1.18 1.18 1.58 1.88

800 k$, the expected cost of corrective maintenance is 4 k$,
and the cost of energy not supplied is 20 k$, with a CVaRgs5¢,
of 340 k$. These add up to a total cost of 820 k$, within a
confidence interval of £20 k$. There are various reasons for
this important cost reduction compared to the base case. First,
there are no unnecessary M&I actions as maintenance is carried
out only when needed, and discrete inspection actions are not
necessary since there is continuous and precise information
about the condition of the assets. Second, since components
are maintained before they fail, unplanned outages are rare.
Finally, components are taken out of service only when it helps
avoid unplanned outages, thus reducing redundancy only when
necessary.

It is vital to notice that the proposed model is also able to
analyze the case of imperfect monitoring. In this non-ideal case,
monitoring data is used to trigger further inspection actions,
ultimately determining if maintenance is required. Therefore,
the observed state from online monitoring would present noise
with a given variance higher than that of physical inspections. In
this way, the maintenance policy would involve two threshold
parameters, the one where monitoring data triggers inspections,
and another where inspections trigger maintenance actions.

C. Strategies to Hedge Against Double Outages

A component can fail while the component for which it
provides redundancy is unavailable due to an offline M&I action.
Different approaches can be followed to minimize the conse-
quence of such a scenario. This case study aims to compare
the existing strategy with one where spare components are used
during outages. Hence, we assume that a spare component is
connected immediately after acomponent is taken out of service,
thereby restoring the redundancy level. We also assume that
there is only one spare component per type of asset in the system.
This strategy to hedge against double outages is beneficial for
transformers because their corrective maintenance actions last
several weeks.

Table V shows that there are no major differences between
this case and the base case. This is because double outages on
redundant components are very unlikely. Therefore, implement-
ing a strategy to hedge against them does not produce significant
benefits.
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TABLE VI
CosT (IN MILLION $) OF DIFFERENT COMBINATIONS WHEN THERE IS NO
REDUNDANCY ON CABLES

Combination

I I III v

CMI 2.36 3.84 6.60 10.98

CCM 0.04 0.04 0.06 0.10
CENS 420.30 416.98 432.64 431.94
Total 422.68 420.84 439.30 443.00
CI +10.80 £10.26 +11.22 £11.54
CVaR CENS 1426.51 1366.76 1491.39 1555.50

D. Different Network Designs

In this case, we study the system’s performance when there is
no redundancy in the 4.2 kV cables. This helps understand and
quantify the true benefits of having redundant infrastructure on
those components. These benefits can then be compared with the
costs of equipment and space associated with this redundancy.
Apart from removing the redundant cables and their circuit
breakers, we modify the remaining cables’ capacities, so they
are loaded at 80% of their capacity under normal conditions.
Inspection-induced maintenance can no longer be carried out
on cables, or any of their circuit breakers, since this would lead
to energy not supplied.

Table VI shows the costs obtained for different maintenance
combinations when there is no redundancy in cables. The total
cost under any combination is much higher than for the base
case and is mainly driven by the energy not supplied. When there
is redundancy, unplanned outages of cables or circuit breakers
produce a short demand disconnection of downstream demand
on 5% of the cases. However, when there is no redundancy,
failures produce supply losses that can span several days. These
results highlight the high value of the reliability provided by
redundancy.

E. The Effect of Human Hazards

This case study analyzes the effects of human hazards on the
optimal maintenance policy. If a member of personnel suffers an
accident while performing maintenance, the system may be shut
down for a period of time, which can entail important economic
consequences. In this way, depending on the risk associated with
maintenance actions, it may be optimal to reduce their frequency
in order to minimize the probability of human hazards. It is
critical to understand that this case study only considers the
economic consequences in terms of loss of supply and in no
way intends to assign an economic value to personnel’s health.

In this case, we consider that human hazards can occur with
a probability of 0.01% when performing maintenance actions
and that the system has to be shut down for three days if a
human hazard occurs. Table VII presents the most important
results regarding the costs of each combination of maintenance
and inspection frequencies. It is clear that the most significant
difference with the base case is the presence of higher levels of
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TABLE VII
CoST (IN MILLION $) OF DIFFERENT COMBINATIONS WHEN HUMAN HAZARDS
ARE CONSIDERED

Combination
I I 111 v

CMI 2.46 3.93 6.70 11.07

CCM 0.02 0.02 0.05 0.08

CENS 1.83 1.84 6.18 7.56
Total 4.31 5.79 12.93 18.71
CI +1.22 +124 4249 +£3.61
CVaR CENS 29.72 2993 115.53 141.56

TABLE VIII

CoST (IN MILLION $) OF DIFFERENT COMBINATIONS WHEN THE
LOW-VOLTAGE NETWORK IS MODELED IN DETAIL

Combination
I I 111 v
CMI 8.32 9.79 1256  16.93
CcCM 0.05 0.05 0.09 0.11
CENS 0.57 0.62 0.72 0.79
Total 894 1046 13.37 17.83
CI +0.02 4+0.05 £0.05 40.03
CVaR CENS 1.51 2.28 2.45 2.43

unsupplied energy. Notice that ENS is lower when there are no
scheduled time-based maintenance actions (combinations I and
II). When maintenance is carried out irrespective of the state of
degradation of components (combinations Il and IV), the cost of
ENS increases significantly. Therefore, the probability of human
hazards has the effect of making time-based maintenance even
less attractive, emphasizing the benefits of strategies based on
inspection actions. Additionally, this case study illustrates the
flexibility of the proposed approach, as it is able to deal straight-
forwardly with high-impact low-probability events, which are
usually challenging to incorporate in mathematical models.

F. Larger-Scale System

In this subsection, we expand the network under analysis to
demonstrate the proposed method’s scalability. We do so by
explicitly modeling the low-voltage network, which comprises
180 transformers that reduce the voltage from 4.2 to 0.4 kV and
the associated 180 circuit breakers at the 4.2 kV level. These
new components are also connected following the spot-network
design approach, so every component has physical redundancy,
which means that two redundant elements must fail in order
to produce demand curtailment. For the new components, we
only consider regular online inspections, the associated IIM, and
corrective maintenance, without scheduling preventive mainte-
nance or offline inspections.

The results for this case are presented in Table VIII. The
differences in cost that arise when considering these new com-
ponents are mostly justified by the greater number of inspection
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actions that need to be carried out. Additionally, having more
components increases the probability of undergoing failures,
which explains the increase in energy not supplied. However, the
main conclusions about the optimal maintenance policy are not
modified. Combination I remains the alternative with minimum
cost. It is important to notice that as the new components do
not require planned offline M&I actions, their effects on the
total cost do not change significantly throughout the different
combinations. Note that, although these additions significantly
increase the number of elements in the system, the proposed
method is able to determine the optimal maintenance plan, as
one advantage of our simulation-based approach is that the
computation time scales linearly with the number of elements.

VI. CONCLUSION

This paper proposes an approach to the development of
maintenance policies for power supply systems that optimize
the balance between costs and benefits. The proposed approach
relies on a stochastic optimization-via-simulation model. Policy
parameters are set in the first stage and define M&I plans that
are simulated in the second stage under a comprehensive array
of failure scenarios. Hence, the second stage informs the first
stage about the reliability performance associated with the policy
parameters chosen. The first stage then adjusts these parameters
iteratively to identify the optimal set of policy parameters.

Numerical results on the power supply system of an industrial
facility demonstrate that offline inspections can displace preven-
tive maintenance actions. Such actions can indeed be undertaken
more effectively in a corrective manner when triggered by in-
spection results or after a failure occurs. In turn, online, low-cost,
and frequent inspections can provide more benefits than more
costly and sparse offline inspections.

Our results also demonstrates that asset redundancy achieves
a higher reliability value than maintenance plans, confirming
that network reliability is to a significant extent supported by its
redundant structure. Although M&I actions can support system
reliability, physical redundancy is paramount and should be con-
sidered the primary measure to supply critical loads in a reliable
fashion. The case studies also demonstrate that, in networks
with redundant links, the availability of spare equipment, which
are stored offline and connected when the primary equipment is
being maintained to avoid losing redundancy, may be of limited
benefit.

These findings are relevant for industrial loads since they
demonstrate the effects of M&I plans on supply continuity along
with addressing real-life concerns such as the importance of
human errors, the value of online inspections, and the role of
network redundancy versus that of M&I plans in the provision
of reliability.
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