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Abstract: Maintaining high facility reliability in power plants is essential to secure long-term
electricity supply. This paper applies the survival analysis to the actual unit level power generation
data in Korea to estimate the relationship between facility reliability and the preventive maintenance.
Duration of generators between forced outages is used to measure plant reliability. the empirical
analysis shows that preventive maintenance cost, planned outage for maintenance, use rate,
and reserve margin lead to the longer duration of generators and, in turn, the lower forced outage rates.
We uncover that the marginal benefit of the preventive maintenance cost is decreasing at an increasing
rate. It indicates that the marginal benefit of the “current” maintenance cost is minimal. Results
in the paper imply that power plants in Korea might be spending unnecessarily high maintenance
costs considering already having world’s lowest forced outage rates.

Keywords: duration of generators; forced outage rate; Korea; preventive maintenance;
survival analysis

JEL Classification: L94; D22; L32

1. Introduction

Energy security, securing a long-term electricity supply, is indispensable to meet any changes
in electricity demand. Additional generation capacity above the expected peak load, so-called
reserve margin, is required to make electricity available for consumers at all times. As such,
it is essential to equip sufficient generation capacity and maintain high facility reliability in power
plants. It is typically important to the Republic of Korea (Korea, hereafter) since its electric grid
is isolated, i.e., there is no cross-border power grid interconnected to Korea due to the geo-political
characteristics. Note that Korea is located on the Korean Peninsula in Northeast Asia between China
(to the west with the Yellow Sea) and Japan (to the southeast with East Sea and Korea Straight).
North Korea is located to the north of Korea where the grid is disconnected. The Korean government
has made the long-term electricity supply plan and set the reserve margin target to be 22% of annual
peak load [1] which would meet any abrupt increases in electricity demand. Please note that the reserve
margin of 22% is much higher than the typical reserve margin in other countries ranging from 12–15%
as reported in [2].

Maintaining the high reserve margin requires the reliability of power generators. The Korean
government obliges the Korea Electric Power Corporation (KEPCO), which is the government
investment company being responsible for the transmission and distribution of electricity, to maintain

Energies 2020, 13, 3571; doi:10.3390/en13143571 www.mdpi.com/journal/energies

http://www.mdpi.com/journal/energies
http://www.mdpi.com
https://orcid.org/0000-0001-9104-3468
http://dx.doi.org/10.3390/en13143571
http://www.mdpi.com/journal/energies
https://www.mdpi.com/1996-1073/13/14/3571?type=check_update&version=2


Energies 2020, 13, 3571 2 of 12

a high degree of facility reliability based on Articles 18 and 25 in the Korean Electricity Utility
Act. Please note that most of Korea’s generating capacities are controlled by the KEPCO like
its subsidiaries as the Korean government owns 51% share of the KEPCO directly and indirectly.
According to All Public Information In-One (ALIO, www.alio.go.kr) which is the public management
information system in Korea, as of 2020, 51% of KEPCO shares is owned by the Ministry of Trade,
Industry, and Energy (MTIE, 18.2%) and Korea Development Bank (KDB, 32.9%) [3]. According to
“Eighth Basic Plan for Long-term Electricity Demand-Supply” prepared by the Ministry of Trade,
Industry and Energy [1], the Korean government has targeted the loss of load expectation (LOLE) of
0.3 days/year. The LOLE represents the number of hours per annum in which over the long-term,
it is expected statistically that supply will not meet demand. The LOLE of 0.3 days/year implies
a 3-day disruption in electricity supply every ten years. Closely related to the LOLE, the Forced Outage
Factor (FOF (%) = unplanned outage in hours

365 days (= 8760 h) ) is the rate that the power station unit will not be available for
service when required; it has been kept less than 1% which is much smaller than 4–5% rates reported in
North American Electric Reliability Corporation (NERC). Similar to the FOF, the Unplanned Capability
Loss Factor (UCLF (%) = elec. that wasn’t produced during unplanned shutdown and forced outage in MWh

elec. that could be produced if the unit were operated continuously at full power ) is the ratio
of the unplanned energy losses during a given period of time, to the reference electricity generation.
Unplanned energy loss is energy that was not produced during the period of unplanned shutdowns,
forced outages, or unplanned load reductions due to plant management control. The lower FOF
implies the lower UCLF and vice versa.

Panel A in Figure 1 presents the relationship between the actual plant level UCLF and the
preventive maintenance. Maintenance is the actions need to be taken to ensure that a power plant
generates reliable electricity; according to [4], there are two types of maintenance, (i) reactive or
corrective maintenance which is carried out when the generator fails and (ii) preventive or predictive
maintenance which is regularly scheduled inspections, tests, repairs and replacement of components;
it will extend the generator life, reduce premature failures and increase the generator availability [4].
We focus on preventive maintenance in this article. In a power plant, which is named as “Plant A” due
to the data confidentiality. As shown in Panel a in Figure 1, spending more preventive maintenance cost
lowers the UCLF as expected. Since 2009, Plant a increased the preventive maintenance cost and it has
been raised substantially after 2011 when the nationwide blackout hit Korea. Plant a spent 66 million
KRW/MWh (roughly $60,000/MWh) in 2015, while the average of maintenance cost between 2005
and 2010 was only 23 million KRW/MWh (roughly $20,000/MWh) (Panel B in Figure 1). Since 2012,
Plant a has kept the UCLF less than 0.6% and even the UCLF became 0.1% in 2015. It is 10 to 50 times
smaller than the UCLF of 5% reported in NERC.

As alluded in Figure 1, power plants in Korea spend unnecessarily high preventive maintenance
cost to keep the UCLF extremely low compared to other countries. A question is whether it is socially
optimal. The high UCLF leads to a decrease in direct electricity sales and also incurs costs that
require to operate expensive generators to meet the electricity demand, which in turn, causes the high
social costs [5,6]. Spending high preventive maintenance cost to keep the UCLF unnecessarily low
could be the waste, which is socially inefficient. Two research questions have emerged consequently
as follows:

• What is the relationship between plant reliability in power generation and the preventive
maintenance cost? We expect, of course, that spending more preventive maintenance cost increases
the facility reliability and

• What is the marginal benefit of spending more preventive maintenance cost? Are power plants
in Korea spending unnecessarily high preventive maintenance cost? This paper demonstrates that
the marginal benefit of maintenance cost at current level is pretty low. It is an important question
since the Korean government has been using the UCLF for power plants’ performance assessment,
which may have caused power plants to spend unnecessarily high preventive maintenance cost.

www.alio.go.kr
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Figure 1. Unplanned capacity loss factor and maintenance cost. Note: UCLF = Unplanned capability
loss factor (ratio of unplanned energy losses during a given period of time to the reference electricity
generation); Million KRW is roughly 1000 USD.

Please note that in the empirical analysis, forced outage rate and duration of generators without
forced outage are used as the proxies of the UCLF, which are also the measures of the power plant’s
reliability and quality. Forced outage rate is slightly different from FOF, which is defined in this paper
as following

forced outage rate(%) =
forced outage in hours× 100

duration without outage in hours + forced outage in hours
(1)

To answer the questions above, we adopt the survival analysis and estimate the relationship
between duration of generators and preventive maintenance. The survival analysis or duration analysis
is a popular data analysis approach for certain kinds of data for which the outcome variable of interest
is time until an event occurs [7]. the survival approach is appropriate since the duration between
forced outages is a random variable in the sense that it represents the duration or the waiting time until
the failure of the generator, i.e., forced outage, and we do not know the duration or the waiting time
exactly; it is known as censoring or incomplete information [7]. In other words, some of the generators
have no forced outages in the sample period. In addition, the duration until the generator failure is not
normally distributed. Both censoring and non-normality generate difficulty when we analyze the data
using the traditional statistical models such as multiple linear regression [8].

To the best of authors’ knowledge, this type of the study has been rare in the energy policy
and economics literature, especially using the actual unit level power generation data; it makes
this paper unique and significant. As will be discussed in the literature review section, in [9]
is the only similar study identified. Other than the literature in energy policy and economics, there
have been numerous studies about forecasting and managing forced outage rates using analytical
methods or simulations in Engineering literature to improve power system reliability. As also will
be discussed in result section, the marginal benefit of the preventive maintenance at current level
in Korea is minimal implying that, policy-wise, Korean power plants are spending unnecessarily high
preventive maintenance cost to keep the UCLF extremely low.

2. Literature Review

As generation facilities in power system age, the probability of forced outage increases gradually
leading to a decline in generation system reliability. Thus, regular preventive maintenance is inevitable
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including planned outages [10]. To the best of the authors’ knowledge, there has been no study of
power plants’ reliability and the preventive maintenance cost using the actual power plants’ internal
unit level data perhaps because of data availability. [9], which is similar to this study, examined whether
the higher use rates of generators, due to California electricity crisis of 2000–2001, had contributed
to the higher (forced) outage rates. Using the data from the Mirant power plant, they showed that
the higher use should increase outage rates.

In [11] is not closely related to the present study but investigated the factors that explain
the substantial increase in wholesale electricity price in California during the summer of 2000.
The authors found that there is a large gap between their simulated prices and observed prices,
suggesting that the prices observed during summer 2000 reflect, in part, the exercise of market power
by suppliers. In doing this, they analyzed the impact of forced outage on the electricity supply using
actual generation data.

There have been, however, a series of studies related to preventive maintenance and its scheduling,
generator reliability and forecasting forced outage rates using analytical methods, simulation,
mathematical programming techniques in engineering literature to improve power system reliability.
A few such studies are discussed here. As said in [12], generator maintenance is important factor
that affects the profit from power plants. Turbines, combustors and electronic controllers in a power
plant should be inspected periodically to minimize possible breakdowns and malfunctions during
normal running and retain the reliability [12]. For this matter, there is an extensive literature, so-called
Generation Maintenance Scheduling problem which determines the period for which generating
units should be stopped for preventive maintenance. It varies in the objective which might be profit
maximization [13], system reliability maximization [14], maintenance cost minimization [15,16] or
multi objectives [17]. Many of studies have built an optimization models such as mathematical
programming techniques, for planning preventive maintenance schedule.

Another vein of study is to assess the reliability of power generating plants since the availability
of reliable power supply is important. Assessing the reliability power generation system usually
done through simulation or analytical methods with the various reliability indices, for example, loss
of load frequency, loss of energy expectation, and loss of load expectation [18]. Simulation techniques
may result in high computational burden in complex system [19]. Many studies have used analytic
techniques such as universal generating function [19–21] and iterative numerical technique [22].
Related to assessment of the system reliability, looking for a way to optimally use the available
generation resources has interested many research in the electric power system operation as well [23]
with the advent of innovative ideas to utilize the renewable energy recently [24].

3. Empirical Model

The survival analysis or duration analysis is a popular data analysis approach for certain kinds
of data for which the outcome variable of interest is time until an event occurs [7]. The survival
analysis is employed to empirically estimate the relationship between operation hours of generators or
forced outages and the preventive management; it is because the duration between forced outages
is a random variable in the sense that it represents the waiting time until the occurrence of an event,
failure of the generator (forced outage).

Suppose that forced outages are random events drawn from a particular probability distribution
function (PDF), f (t), where t is a duration of the generator. The cumulative distribution function
(CDF), F(t) = Pr (T ≤ t), gives the probability that the generator failure has occurred by duration
t. Please note that generally, the probability of failure will increase over time. As pointed out
in [25,26], mechanical equipment like power generators may follow the bathtub shape hazard function;
in the early stage of the life of equipment (early failures), the probability of failure could be high but
is rapidly decreasing as defective products are identified and discarded and potential failure such
as handling and installation error are overcome. In the midlife of equipment (random failure stage),
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the failure rate is could be low and constant. However, eventually, the failure rate increases (wear-out
failures) over time.

It is convenient to work with the survival function such as

S(t) = Pr (T ≥ t) = 1− F(t) =
∫ ∞

t
f (u)du (2)

which gives the probability that the generator failure has not occurred by duration t or the generator
is still running at time t. If S(100) = 0.75, it means that there are 75% of the generators that
are running at t = 100 (days), for example. Basically, S(0) = 1 (no generator has forced outage),
S(t) is a non-increasing function, and S(∞) = 0 (eventually all the generators fail) [7]. An alternative
characterization of the distribution in Equation (2) is given by the hazard function, h(t), defined as

h(t) = lim
∆t→0

Pr (t < T < t + ∆t|T > t)
∆t

=
f (t)
S(t)

(3)

In words, the hazard function gives the instantaneous potential per unit time for the forced outage
occur given that the individual generator has survived up to time t. Please note that, as indicated in [7],
in contrast to the survival function in Equation (2), which focuses on not failing, the hazard function
in Equation (3) focuses on failing, i.e., on the forced outage occurring. Equation (3) can be modified
to f (t) = h(t)S(t) and thus specifying one of the three functions specifies the other two functions.
For example, if the hazard function is constant, i.e., h(t) = λ, then the corresponding survival function
is given by S(t) = exp (−λt).

Estimating the hazard function needs to identify the specific hazard rate model; in [27] introduced
various models. The simplest models is the proportional hazards (PH) model, where the hazard
(forced outage) at time t for the power plant with covariates xi (characteristics of the power plant
and generator) is assumed to be

hi(t|xi) = h0(t) exp (x′iβββ) (4)

where hi(t|xi) is the individual hazard function for the power plant (or generator) i with the covariates
xi = (x1,i, · · · , xn,i). In the model, h0(t) is a baseline hazard function describing the risk for power
plants with xi = 0, who serve as a reference (baseline hazard involves t not xi), and exp (x′iβββ)
is the relative risk, a proportionate increase or decrease in risk, associated with the set of characteristics
xi of power plants and generator. In other words, all the power plants have the reference risk to forced
outage, h0(t), and each power plant has different relative risks with the term, exp (x′iβββ). Taking log,
the proportional hazards model becomes an additive model for the log of the hazard such that

ln hi(t|xi) = ln h0(t) + x′iβββ (5)

In the PH model, a “negative” value of βk implies a lower hazard rate; therefore a longer time
to failure or a longer duration without forced outage.

Accelerated failure time (AFT) models is a useful alternative to the Cox PH model in survival
analysis [28], which focus on characterizing the changes in expected failure time (duration) rather than
the changes in the hazard rate. In AFT, outcome is assumed to follow some family of distribution even
if the exact distribution is unknown if parameters are unknown [7]. Distributions commonly used
are Weibull, Exponential, Log-logistic, and Lognormal [7]. Let ti be representing the survival time
(duration between forced outages) of the power plant i. Since ti is non-negative and we might consider
a log-linear model;

ln ti = x′iθθθ + εi (6)

where εi is an error term. As discussed in [7], the assumption for AFT models is that the effect
of covariates is multiplicative with respect to survival time, whereas for PH models the underlying
assumption is that the effect of covariates is multiplicative with respect to the hazard. in ATF model,
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thus, a “positive” value of θk implies a longer expected time to failure or a longer duration without
forced outage. Different kinds of parametric models are obtained by assuming different distributions
for the error term such as exponential or Weibull distributions.

In the empirical model, the vector xi includes followings

• Planned (scheduled) outage for the maintenance, inspection or repair in days (Planned outage)
• Preventive maintenance cost per MWh in billion KRW (Preventive maintenance)
• Average (capacity) use rate between forced outages in % as suggested in [9] (Use rate)
• Age of the generators in years (Age of the plant)
• Reserve margin in % (Reserve margin), and
• Power plant and generator dummies to capture any cross-sectional heterogeneity (Plant A,

B, and C).

Please note that preventive maintenance included in xi is regularly scheduled inspections, tests,
repairs and replacement of components; thus empirical model does not cause any identification
(endogeneity) problem.

Before moving to description of data used in the study, Kaplan-Meier (KM) survival curve should
be addressed. KM method is the actual computation of the survival probability and its plot [7]. In other
words, KM survival curve presents the probability of surviving to t or beyond without the forced
outage [29]. Following [7], the general formula for a KM survival probability at failure time t( f )
is given by

S(t( f )) = S(t( f−1))× Pr (T > t( f )|T ≥ t( f )) (7)

Equation (7) gives the probability of surviving past the previous failure time t( f−1), multiplied
by the conditional probability of surviving past time t( f ), given survival to at least time t( f ) [7].

4. Data

For the analysis, actual internal data for four power plants were collected which are operated
by one of power companies in Korea for the period of 2010 to 2014. Unfortunately, the data used
in the analysis do not cover the entire power companies since actual plant level data for other
companies are not publicly available. However, the data set used in the study could be a representative
sample with two reasons. First, major power companies in Korea are owned by KEPCO as indicated
in Introduction and also their performance including forced outage rates are evaluated by Ministry
of Economy and Finance (MOEF), which imply that their management decisions should be similar.
Second, these companies are comparable in size at least by a moderate extent as their electricity
generation (about 50,000 GWh to 60,000 GWh per year), generation capacity (about 8000 to 10,000 MW),
and market share (10 to 12%) are very alike over the sample period except Korea Hydro & Nuclear
Power (KHNP) as shown in Figure 2. Thus, the power plants selected for the analysis could reflect
the characteristics of the electricity system in Korea.

Data consist of four combined cycle power plants in the company. Due to data confidentiality,
power plants are named Plant A, B, C, and D. There are total of 24 CC generators in the analysis
with 16 gas (combustion) turbines and eight steam turbines as each CC generator comprises two gas
turbines and one steam turbine. CC plants uses both a gas and a steam turbine together to produce
electricity from the same fuel. The waste heat from the gas turbine is routed to the nearby steam
turbine, which generates extra power. All together, 149 observations are available for the analysis.
Figure 3 presents the shape of duration between forced outages (Panel A) and Kaplan-Meier survival
function, S(t), in Equation (2) using Equation (7) (Panel B in Figure 3). As explained, Kaplan-Meier
survival curve is the probability of surviving to t or beyond without the forced outage [29]. As shown
in Panel B in Figure 3, the probability of failure of a generator is 50% with duration of about 260 days.
As expected, we have a left skewed duration distribution (Panel a in Figure 3).
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Figure 2. Power generation and plants capacity across power companies in Korea. Sources:
Panel A–Korea Power Exchange and Panel B–Korea Statistical Information System (KOSIS).
Note: KSEP = Korea South-East Power, KOMP = Korea Midland Power, KOWP = Korea Western
Power, KOSP = Korea Southern Power, KEWP = Korea East-West Power, and KHNP = Korea Hydro &
Nuclear Power.

Figure 3. Duration between forced outage and Kaplan-Meier survival curve. Note: Maximum
likelihood estimation (MLE) reveals that Exponential distribution fits slightly better to the duration
data than Weibull distribution and Log-normal.

Table 1 presents the descriptive statistics of the data used in the analysis. On average,
duration between forced outages was 294 days with the standard deviation of 277 days. Planned
outage for maintenance was 17 days during the sample period. CC power plants have spent
0.047 billion KRW/MWh (approximately $42,000/MWh) of maintenance cost on average. Average age
of the generators were 16 years and the average capacity use rates was 76%. Average reserve margin
was 9.7%.
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Table 1. Descriptive statistics—Combined cycle power plants.

Mean St.Dev. Min Max Obs.

Duration without outages (days) 294.12 277.29 0.09 1360.98 149
Planned outage for maintenance (days) 16.50 31.98 0.00 200.99 149
Maintenance cost per MWH (billion KRW) a 0.0467 0.0597 0.0008 0.377 149
Capacity use rates (percent) 76.15 15.19 35.19 97.32 149
Age of the plant (years) 15.70 3.58 12.00 20.00 149
Reserve margin (percent) 9.70 2.24 5.00 15.80 149

a KRW = Korean won; one billion KRW is approximately equivalent to million USD.

5. Hazard Models

5.1. Estimation

We estimated Equations (5) (PH model) and (6) (AFT model) using the data described above.
The PH model estimates the equation h(t) = h0 exp (x′iβββ), where h(t) is the forced outage at time
t, x′i is a vector of covariates, planned outage, preventive maintenance, use rate, age of the plant,
reserve margin, and power plant and generator dummies as discussed in Data section and βββ is a vector
of regression coefficients. A negative coefficient implies a longer expected duration since, for PH
models, the underlying assumption is that the effect of covariates is multiplicative with respect
to the forced outage. AFT model estimates the equation, ln ti = x′iθθθ + εi where ti is survival time
(duration between forced outages), x′i is a vector of covariates, θθθ is a vector of regression coefficients,
and εi is the error with density f (), which may set to be the Exponential, the Weibull, the Log normal,
or Log logistics. A positive coefficient, θk, implies that kth covariate increases the expected duration
of the generator in AFT models. Please note that there exist additional ancillary distribution parameters
to be estimated along with the distribution assumptions.

As shown in Table 2, power plants dummies in both PH and AFT models are not significant,
meaning that power plant specifics, for example, location, elevation, or capacity of power plants,
do not affect the expected duration of generators. In addition, most of generator dummies are not
significant either (not reported in Table 2; results are available upon request). Coefficients of preventive
maintenance are significant and positively related to the expected duration of generators as
expected. Planned outage for maintenance also has the expected sign; coefficients of planned outage
are significant except the PH model, meaning that planned outage leads to the longer duration between
forced outages. Reserve margin is statistically significant as well; the higher reserve margin leads
the longer duration.

Effect of use rate on duration is worth to be discussed. Estimates are statistically significant and it
has a positive impact on the duration (coefficient estimates for use rate in Table 2 are negative for PH
model and positive for AFT models), i.e., the higher use rate causes the longer expected duration
of generators, which is not intuitive. As [9] showed, the higher use rates contribute to the higher
forced outage rates, i.e., the shorter duration. There are at least two reasons. First, it is because
CC power plants in the analysis are in the middle of equipment stage (average age of generators
in the analysis was 15.7 years with maximum of 20 years (see age of the plant in Table 1); 25 to 30 years
is a typical expected operating life for a CC plant. As explained in [25,26], mechanical equipment
such as power generators may follow the bathtub shape hazard function; in the early stage of the life
of equipment (early failures), the probability of failure could be high but is rapidly decreasing as
defective products are identified and discarded and potential failure such as handling and installation
error is overcome. In the midlife of equipment (random failure stage), the failure rate could be low
and constant. We believe that most of generators in this analysis are in the midlife of equipment stage
and thus use rate has the positive coefficient. Second, average use rate during the sample period was
76% (see use rate in Table 1), which is somewhat high. It implies that generators in the analysis had been
used optimally and thus have lowered the possibility of forced outage. In addition, estimation results
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are insensitive to use rate, i.e., removing use rate from the models do not change the results. Regardless
of the reasons, the impact of use rate is not substantial and estimates in the models are relatively small
compared to the effect of use reported in [9].

Table 2. Hazard model estimation results a.

PH c AFT d

Cox Exponential Weibull Log Normal Log Logistic

Planned outage −0.009 0.009 * 0.008 * 0.013 * 0.012 **
(0.006) (0.005) (0.005) (0.007) (0.006)

Preventive maintenance −31.728 *** 16.421 *** 16.523 *** 14.246 *** 15.624 ***
(4.64) (3.35) (3.14) (3.42) (3.43)

Use rate −0.024 ** 0.029 *** 0.029 *** 0.025 *** 0.026 ***
(0.010) (0.009) (0.008) (0.011) (0.011)

Age of the plant 0.238 −0.565 −0.542 −1.012 −0.772
(0.75) (0.71) (0.66) (0.96) (0.83)

Reserve margin −0.422 ** 0.437 *** 0.425 *** 0.471 *** 0.422 ***
(0.07) (0.07) (0.06) (0.07) (0.07)

Plant a (combined cycle) b −1.945 3.636 3.514 5.855 4.396
(5.23) (5.04) (4.64) (6.79) (5.87)

Plant B (combined cycle) −0.982 3.369 3.228 5.591 4.570
(4.53) (4.34) (4.00) (5.83) (5.04)

Plant C (combined cycle) −0.028 −0.573 −0.528 −1.150 −0.880
(0.74) (0.71) (0.70) (0.95) (0.82)

Constant 6.121 5.927 11.863 9.027
(9.24) (8.50) (12.47) (10.77)

Ancillary distribution 0.085 0.333 *** −0.324 ***
parameter (0.07) (0.06) (0.08)

Observation 149 149 149 149 149
BIC 955.79 549.72 553.69 595.70 584.42
Log-likelihood −410.34 −204.91 −204.29 −225.29 −219.65

Note: a Numbers in parentheses are standard errors; *, **, *** indicate the significance at 10%, 5% and 1%, respectively.
b Combined cycle power plants (Plants A, B, C, and D) dummy; Plant D is the reference plant. Generator dummies
are not reported to save the space; most of them are not statistically significant. c the PH model estimates
the equation h(t) = h0 exp (x′iβββ), where h(t) is the forced outage at time t, x′i is a vector of covariates, and βββ

is a vector of regression coefficients. A negative coefficient implies a longer expected duration. d AFT model
estimates the equation, ln ti = x′iθθθ + εi where ti is survival time (duration between forced outages), x′i is a vector
of covariates, θθθ is a vector of regression coefficients, and εi is the error with density f (). A positive coefficient implies
a longer expected duration.

5.2. Predicted Duration and Forced Outage Rates

Table 2 confirms that the duration of generators increases as the preventive maintenance cost
increases. Using the results in Table 2, we generated the predicted duration and the predicted forced
outage rate. Please note that Exponential AFT model is used since it has the lowest BIC value than
any other models. Panel a in Figure 4 presents the predicted duration over the maintenance cost
assuming all other factors are fixed at their means, for example, 16.5 days of planned outage, 76%
of the use rate, 15.7 years of age, and 9.7% of reserve margin. As shown in Panel a in Figure 4, when
the management cost of 0.05 billion KRW/MWh (average of CC plants) is spent, the predicted duration
is given by 198 days with 95% confidence bands of 159 to 237 days. Panel B in Figure 4 presents
the predicted forced outage rates assuming 20 h of forced outages (average of all of 24 generators
in four CC power plants in the analysis). When the preventive management cost of 0.05 billion
KRW/MWh (average of CC plants) is spent, the predicted forced outage rate is estimated to be 0.42%
with 95% confidence band of 0.35% to 0.52%. If the preventive maintenance cost is increased by 20%
to 0.06 billion KRW/MWh, the predicted forced outage rate is not improved (at least statistically, 95%
confidence bands are overlapped) (Panel B in Figure 4).
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Figure 4. Predicted duration (days) and forced outage rates (%). Note: Generated based on Exponential
AFT model (Table 2); vertical bars indicate 95% confidence intervals calculated using delta method.

6. Policy Implications and Concluding Remark

Maintaining high power plant reliability is essential to secure long-term electricity supply.
This paper adopts the survival analysis and estimates the relationship between power plants’ reliability
and the preventive maintenance cost. Duration of generators between forced outages is used to measure
the power plant’s reliability. This study is unique and makes contribution to the literature since
the actual unit level power generation data were compiled from four combined cycle power plants
in Korea. The empirical analysis shows that the preventive maintenance cost, planned outage
for maintenance, use rate, and reserve margin lead to the longer duration of generators and, in turn,
the lower forced outage. We uncover that the marginal benefit of the preventive maintenance cost
is decreasing at an increasing rate. It implies that there would be the minimal reduction in forced
outage rates with the current maintenance cost spending which is above 0.7 billion KRW/MWh
(approximately $60,000/MWh) as shown in Figure 1 with the dotted line in Panel B; it is expected to be
no more gain in the forced outage rate beyond the maintenance cost of 0.6∼0.7 billion KRW/MWh
as shown in Figure 4. In other words, to achieve forced outage rates of 0.5%, which is already 10 to
50 times lower than that of 5% reported in NERC, the results in the paper indicate that power plants
in Korea may be spending 0.3∼0.4 billion KRW/MWh. The current spending might be too much or
Korean power plants are spending unnecessarily high maintenance cost.

A couple of caveats should be addressed with the future plan of works. An optimization
model with respect to cost effective management of maintenance for power plants, for example
in [30], may need to further validate findings in the paper, which could be the future plan to follow.
Suggesting socially optimal level of forced outage rate is beyond the scope of this paper, and thus,
it will be the matter of the future study as well.
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