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ABSTRACT The nuclear industry’s economic viability is challenged by significant operations and
maintenance (O&M) costs. Although maintenance strategies are often risk-averse, many maintenance
programs rely on schedule-based strategies that perform repairs and replacements regardless of the asset’s
condition, leading to unnecessary repairs and high costs. Predictive maintenance can help alleviate these
costs through condition monitoring and risk-informed decision-making. In this article, we show that the
use of improved reliability models can help reduce the total cost of ownership (TCO) for a high-value
repairable asset. Current risk-informed methods used in the industry today rely on mean-time-between-
failure (MTBF) models that may oversimplify failure likelihood estimation. Improvements can be made by
integrating condition monitoring, operational history, and maintenance effectiveness into a hybrid reliability
model. In contrast with conventional MTBF methods, the generalized renewal process uses recurrent event
analysis and historical repair data to quantify the effectiveness of maintenance repairs and estimate the
likelihood of failure. During a case study on a nuclear power plant’s circulating water system, a hybrid
reliability model was fitted to the historical data and shown to have improved likelihood estimations when
compared to a MTBF model. Monte Carlo simulations were then used to simulate and compare TCO for
various maintenance strategies, showing that an extended replacement interval can reduce overall costs by
upwards of 10.7%. The successful results of the improved reliability models showcase the ability to aid
decision-making and reduce overall operations and maintenance costs in the nuclear power industry.

INDEX TERMS Circulating water system, decision-making, general repair, generalized renewal process,
maintenance, Markov model, nuclear, operations, predictive maintenance, prognostics.

I. INTRODUCTION
In the nuclear industry, the cost of operations and mainte-
nance (O&M) is a large burden for nuclear power plants
(NPPs), accounting for upward of 66% of annual operating
expenses [1]. While the wholesale electricity market prices
are about $22/MWh, costs are much greater for NPPs

The associate editor coordinating the review of this manuscript and

approving it for publication was R. K. Saket .

with an industry average of approximately $34/MWh [2].
To ensure long-term economic viability and competitive-
ness of the nuclear power industry, these costs must be
reduced.

Total cost of ownership (TCO) is a crucial factor in
evaluating the economic performance of a particular system.
The TCO encompasses not only the upfront acquisition
costs, but also the operational costs, maintenance expenses,
and future investments required over the operating life of a
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system. Due to the longevity of a typical NPP, with operating
licenses being extended past 60, 80, or even 100 years, the
TCO over the lifetime of a plant can be significant. In fact,
studies in the aviation industry have shown initial acquisition
costs make up only 20% of the overall TCO [3]. Therefore,
operational costs, reliability, and maintenance are critical
considerations when evaluating the overall costs of a system.
Although different from the aviation industry, the nuclear
industry can draw many similar parallels to the level of
safety and performance necessary to operate mission critical
systems.

One of the key challenges for ensuring a low TCO is
optimizing the balance between repairing and replacing
expensive repairable assets. As systems begin to age,
it becomes essential to assess if continued repairs are
cost-effective or if replacement is a more viable option.
Maintaining performance and reliability by deciding to repair
or replace an asset becomes a difficult task that must consider
remaining useful life, the effectiveness of repairs, the cost of
replacement, and the potential benefits of a replacement with
an improved design. Optimizing critical decisions requires
finding the right balance of reliability and performance that
minimizes the TCO of the plant.

To help reduce TCO and optimize maintenance strategies,
a shift to predictive maintenance (PdM) is necessary.
Currently, a large portion of the maintenance in an NPP
is preventive, reactionary to failures, and schedule-based.
Although risk-averse, these strategies can result in high O&M
costs due to labor-intensive methods, overly conservative
repairs, and unexpected failures. Furthermore, the decision to
repair or replace is made based on a time-dependent schedule,
resulting in the replacement of an asset regardless of the
actual health or reliability. PdM can help NPPs alleviate
the high cost of O&M by enabling condition-based and
risk-informed decisions that utilize the latest condition mon-
itoring and reliability estimates to justify lifetime extensions
[4], [5], [6].

To achieve a successful PdM strategy, robust decision-
making tools must be created. While there are several
ongoing efforts within the nuclear industry to achieve risk-
informed decision-making [7], [8], [9], [10], [11], [12],
current methods often rely on mean-time-between-failure
(MTBF) models. Widespread adoption of these models is
largely driven by model simplicity and data availability in
industry databases [13]. However, MTBF oversimplifies the
estimation of remaining useful life, required maintenance
resources, and TCO.

Since maintenance and repairs are critical to restoring the
condition of many systems, the effect of repairs should be
included when estimating reliability. Current MTBF models
do not account for the effectiveness of the repair, assuming
the repair is perfect and returns the health of the system to
an as-good-as-new condition (AGAN). Since many systems
in an NPP are large, high-value assets, they are typically
repaired before they are replaced, possibly several times. For

large systems that undergo partial or imperfect maintenance,
the AGAN assumption may not hold true and can cause
MTBF models to become unreliable. During imperfect
maintenance or partial repairs, the reliability of the system is
improved by a factor that is dependent on the type, quality,
and effectiveness of the repair. To accurately estimate the
reliability of the system after repair, it is imperative that the
repair effectiveness is quantified and included in the model.

To include the repair effectiveness in risk-informed
models, several common renewal process models were
investigated for use within repairable systems. There is
abundant research focused on the reliability of repairable
systems, with notable studies in the aviation, oil and gas,
automobile, and several other industries [14], [15], [16], [17].
As part of this research, repairable system models that did
and did not include a quantifiable effect of maintenance
were investigated. For models that do not include repair
effectiveness, the homogeneous Poisson Process (HPP) [18],
the non-homogeneous Poisson Process (NHPP) [19], [20],
[21], [22], andMTBFmodels were also considered. Although
these models are common for modeling the renewal process
for repairable systems, they do not include a variable repair
effectiveness, assuming minimal or perfect repair. These
assumptions simplify the models but can lead to inaccurate
reliability estimations [23]
To address these concerns and include repair effectiveness,

the generalized renewal process (GRP) model was evaluated
for performance. The GRPmodel can estimate the underlying
time-to-event (TTE) distribution and quantify the effect of
imperfect maintenance [24]. This renewal process model
provides improved risk-analysis for repairable and aging
equipment. Several industries and recent studies have found
the GRP model and virtual age (VA) estimation to be a
suitable method for integrating recurring failures and imper-
fect maintenance for risk-informed decision-making [25],
[26], [27], [28], [29], [30]. Although the GRP model is
criticized due to the absence of a closed form solution [31],
numerical solutions through Monte Carlo simulations are
easily achievable with modern processors, alleviating such
concerns. Although difficult to initiallymodel due to complex
governing equations [32], the GRP model is easily scalable,
making it a good choice in the nuclear industry. The
benefits of fitting a GRP model to data outweigh the
complications due to the improved reliability estimations and
repair effectiveness insights provided by the solution.

The focus of this research was the creation of a reliability
model of an important NPP system—the circulating water
system (CWS). The CWS in this plant is unique in
that it is currently monitored and the degradation level
estimated through vibration sensors, the results of which
have been discussed in previous research reports [8], [9],
[10]. The condition monitoring efforts have been able to
use multimodal analysis, combining data from different
sensors to classify the state of the CWS as healthy or
unhealthy, along with a diagnosis. However, what is missing
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from this work is the estimation of event likelihood during
periods of healthy operation and the effects from imperfect
repair.

To address this gap, this article presents the novel
integration of VA, condition monitoring, and imperfect
maintenance to create a hybrid data-driven reliability model
that can simulate and estimate the likelihood of failure events.
The contributions of this article can be summarized as:

1) Using condition monitoring data and maintenance
history, both of which are common in the nuclear
industry, a hybrid stochastic model was created
that can estimate the likelihood of failure and the
effectiveness of maintenance. The results of the
developed model have been compared to current reli-
ability estimation approaches and provide an improved
fit.

2) The framework used to create the reliability model pro-
vides the nuclear industry with a higher fidelity model
that uses common data types. When compared with
conventional modeling approaches, the GRP-based
solution provides improved reliability estimates for
repairable nuclear assets.

3) Numerical simulations using the developed model
have shown that extended replacement intervals can
reduce TCO over the operating life of the plant. The
simulations have also been used to validate previ-
ous maintenance cycle extensions for this particular
CWS [10].

NPPs will be able to use this model to estimate their specific
system reliability based on their own repair effectiveness and
operational history. This model will also enable the nuclear
industry to make risk-informed decisions that will allow
them to optimize their maintenance strategies and reduce
overall TCO. Through the data-driven modeling and cost
optimization, theGRPmodel can help operators reduceO&M
costs and ensure the long-term economic viability of the
nuclear industry.

This article is organized as follows: Section II discusses
the why and how of modeling repairable systems, recurrent
event data analysis, and repair process models. Section III
presents the CWS as the case study for themethods to analyze
the typical states, phases, and observations over the lifetime
of the CWS. It also creates the hybrid reliability model
used tomodel these phenomena, data-driven parameter fitting
using operational data, and presents an analysis on the repair
effectiveness and optimization of the replacement cycle on
the CWS TCO through Monte Carlo simulations. Section IV
concludes the research and discusses the impact of this work
on the nuclear industry and the O&M costs.

II. MODELING REPAIRABLE SYSTEMS
Much of the structures, systems, and components (SSC) in
an NPP are large and high-value, requiring preventive and
corrective maintenance (CM) during the operational life.
Preventive maintenance focuses on the cyclic maintenance
required to continue successful operation, such as inspections

and oil changes. CM is performed whenever there is a
degradation event or failure and is used to restore the
condition of the SSCs to an acceptable performance level [8],
[9], [10].
Since CM is usually a partial repair of this system,

an AGAN or perfect repair assumption may not be accurate
because the portion of the system that was not repaired
remains the same condition and of the same reliability.
Conversely, assuming the system returns to a ‘‘bad-as-old’’
(BAO) state, or minimal repair, may also be an inaccurate
assumption since the system has undergone repairs that
improve the condition of the overall system. The true
effect on reliability from a partial repair lies somewhere
between AGAN and BAO assumptions, otherwise known
as ‘‘younger-than-old-but-older-than-new.’’ To accurately
predict the reliability of a system after partial repair, a GRP
model can be used to quantify the effects of maintenance and
underlying TTE distribution.

A combination of Markov models [33], phased-mission
system modeling [34], and recurrent event data analysis [35],
[36] have been used to create a hybrid reliability model that
can simulate and forecast instances of a repairable system.

A. HYBRID MARKOV RELIABILITY MODELS
Markov models or Markov chains are popular modeling tools
for reliability and availability research due to their simplicity,
low computational cost, and generality. In this research,
hybrid phased-system Markov models were developed to
model degradation and reliability.

1) MARKOV CHAINS
Markov chains are stochastic models that describe dynamic
systems containing randomness or uncertainty. Markov
chains are composed of two elements: states and transitions.
The states describe the system and the transitions define the
probability of changing from one state to another. The states
and transitions determine the system dynamics and are used
to study the response. In this research, discrete-time Markov
chains (DTMC) are used, where the states are discrete and
finite.

One of the assumptions for Markov models is that the
system is Markovian or ‘‘memory-less,’’ meaning the next
state is only dependent on the current state and not the entire
history of previous states. Most repairable systems can be
modeled as Markovian by including the history, such as age
or number of repairs, in the state of the system.

2) MARKOV RELIABILITY MODELS
Abundant research has focused on the creation of simple
Markov reliability models for economic analysis of mainte-
nance strategies. [9], [37], [38], [39].

By creating a system with two states, operational and
maintenance, it is easy to predict average maintenance costs
by estimating transition probabilities between the two states
and solving for expected operational and maintenance costs.
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This is a very common modeling choice when time-between-
event data is unavailable. Even if time-between-event data is
limited, having historical data that provide number of failures
and operational time can provide an MTBF estimation that
can be a transition probability for solving the expected
maintenance costs for the repairable system. An example can
be seen in the Markov model in Fig. 1.

FIGURE 1. A simple Markov model that describes the reliability of a
system.

In Fig. 1, the transition probability from operational to
CM, λ, and the transition probability fromCM to operational,
µ, are both constants. When failure data is available, it is
common to use MTBF and the average repair time as the
transition probabilities during the next timestep, such that
λ = 1/MTBF and µ = 1/MTTR, where MTTR is the
mean-time-to-repair.

Since each of these transition probabilities are a function
of time, a common sample rate can be defined, such
that the transition probability defines the likelihood of
transition during the next sample period. By doing so,
these become discrete time Markov chains (DTMC) that
are defined using transition probabilities. For example, the
probability of transitioning from an operational state to a
maintenance state within the next sample period is defined
as

Pr[ maintenance | operational ] = λ = 1/MTBF. (1)

Although simple and effective, caution must be used when
using MTBF for reliability analysis and decision-making.
MTBF is not recommended for anything other than an
average TCO cost or reliability calculation [40]. MTBF is
estimated using a fixed failure rate that does not include the
effects of early-failure, degradation, or repair effectiveness.
As the system begins to age or undergo several repairs, the
time between events may change as the systems wear out.
After a partial repair, the reliability of the system may not
return to an AGAN condition, which results in inaccurate
reliability estimations. MTBF models assume that the time
between event distributions are independent and identically
distributed (i.i.d.), meaning that the time between events
is assumed constant over the life of the system, regardless
of repairs or age. For large systems that undergo partial
repair or wear out, the i.i.d. assumption may not hold true,
making MTBF models inaccurate for reliability estimations.
Systems that undergo partial repair or exhibit different
operational phases over their lifetimes require the use of
models with greater complexity to accurately capture this
behavior.

3) PHASED-MISSION SYSTEMS
Although Markov models provide inherently flexible mod-
eling capabilities, not all systems can be fit with typical
Markovian assumptions, and thus require hybrid modeling
methods. For example, systems may undergo healthy and
unhealthy operational periods that contain a variety of
different degradation processes that are not easily modeled
with transition probabilities.

When a transition between two states is a well-known
process, such as an observable degradation process, the need
for a stochastic transition rate assumption can be removed
and replaced with a more representative transition method.
This type of modeling is useful when the time it takes for a
degradation process to occur from start to finish is known. For
example, data may not exist that suggests how long a system
will remain in a healthy period; however, data may exist to
support a degradation process model that occurs over a set
amount of time. In this case, the uncertain transition from
healthy to unhealthy can be modeled as a random transition
rate, but the degradation process would be modeled as a
time-dependent failure process.

To integrate the various operational processes, a hybrid
modeling method known as phased-mission systems can be
used to characterize and integrate disparate models [34].
The transition between these different phases is no longer
a random probability, but can be a deterministic, ‘‘mission-
completed’’ requirement. This allows enhanced modeling
flexibility that can vary depending on the underlying system
process.

In the simple phased-mission model above, the system has
three phases: healthy, unhealthy, and failed. For a repairable
system, the transition from healthy to unhealthy can be
modeled as a time-dependent stochastic process with TTE
distributions fit to the data. Conversely, the unhealthy phase
of a degrading system behaves differently and can bemodeled
with various degradation processes. The transition from an
unhealthy to a failed phase is not a probabilistic transition,
but rather a deterministic function of a degradation limit that
can be modeled as a stochastic degradation process. Once
the system reaches the threshold of its degradation limit,
it can no longer perform its function and enters the failed
phase.

B. RECURRENT EVENT DATA ANALYSIS
As a high-value asset degrades or fails, CM must be
performed to restore the system to an acceptable operating
condition. The system then continues to operate until another
failure event requires CM. This pattern continues until the
system is neither repairable nor worth further repair. This
pattern is known as a recurring event and can be analyzed
to estimate the reliability of the system.

Recurrent event data analysis studies the effects of a system
that undergoes several events in its lifetime [35], [36]. The
main features studied in this analysis are the number of
events, N , and the TTE distributions that can be used for
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reliability estimations or finding the rate of occurrence of
failure (ROCOF), also known as the cumulative intensity
function.

Recurrent event data analysis is a counting process where
a unit or system is monitored and both the number of events
the system undergoes and the time between each event are
recorded. For example, a repairable system may fail several
times over its lifetime and require maintenance to return it
to service. Each failure is recorded along with the interval
between each failure. As time continues and the system
records more events, the interval between events may change.
An increasing or decreasing change in TTE duration can
be quantified and analyzed for a trend. An increasing or
decreasing trend means that as time continues, the time
between failures is changing with the system’s age, failing
more or less often. Once this trend is fitted to the data,
a posterior TTE distribution for the next event can be
estimated given the history of failures and repairs. Using this
TTE distribution of remaining useful life can be estimated
and used to plan maintenance.

To perform recurrent event data analysis, there are two
main analysis tools used: abacus plots and cumulative
intensity functions. An abacus plot visualizes the data
and time between events. A cumulative intensity function
visualizes and models the number of expected events for a
system over time. The cumulative intensity function (CIF)
becomes the model for the number of expected failures given
the operating history and number of failures. An abacus
plot showing one sample path with inter-arrival times can
be seen in Fig. 2, while the same data can be seen on a
cumulative failure plot in Fig. 3. In Fig. 4, the dashed lines
represent the cumulative failures for multiple systems and
the CIF is the average number of failures for a set of several
systems.

FIGURE 2. An example of an abacus plot showing the failures and
inter-arrival times for a single repairable system. In this figure, ti is the
event time and xi represents the inter-arrival time between events.

C. REPAIR PROCESS MODELING
Renewal processes are a group of recurrent event models that
use different techniques to estimate the parameters of various
recurrent processes. For repairable systems, there are five
types of repairs that can bemodeled, each with their own level
of maintenance effectiveness [41], [42]:

1) Perfect repair: the maintenance action returns the
system to an AGAN condition.

FIGURE 3. This plot shows cumulative failures of a single repairable
system as a function of time.

FIGURE 4. An example of a cumulative intensity plot showing the
expected number of failures for a system that is derived from the
operational data of several systems. In the figure, the dashed lines
represent the cumulative failures for a single system and the CIF is the
parameterized model for the average number of failures for a set of
several systems.

2) Minimal repair: the maintenance action restores the
system to the same condition before repair, resulting
in a BAO condition.

3) Imperfect repair: the maintenance action restores the
system to an improved—but not perfect—condition,
resulting in a condition that is between an AGAN and
a BAO condition.

4) Worse repair: the maintenance action restores the
system to a worse condition than before the repair,
resulting in a ‘‘worse-than-old’’ condition.

5) Worst repair: the maintenance action causes the system
to immediately fail or break down.

With each of these different types of repairs, there are
differentmethods formodeling the effects. Themost common
models are the renewal process (RP), the NHPP, and the GRP
type I and type II [43]. The difference between these models
is the underlying effect of maintenance. The RP is a perfect
repair model where system condition is returned to AGAN
condition after every repair, the NHPP model is a minimal
repair mode that returns the system to a BAO condition
after repair, and the GRP model restores the condition of
the system to an intermediate level after repair. To do this,
the GRP model operates on the notion of VA, meaning
that the VA of the system determines the reliability and is the
method used for tracking operating time and effectiveness of
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maintenance. The GRP introduces a variable for quantifying
repair effectiveness, denoted as q. Plots representing the
different types of repair process models can be seen in Fig. 5.

1) RENEWAL PROCESS
A common repair assumption is that any repair, even a
partial repair, will return the system reliability to an AGAN
condition. This is a simple model that needs relatively little
data to perform so it is a common first choice for modeling
reliability. To model this, RP models were used to estimate
the reliability of systems after perfect repair. The RP model
requires one major assumption: the TTE distributions are
i.i.d.; that is, the number of failures or operational history
have no effect on the TTE distribution and assumes that
maintenance restores the condition of the system to AGAN.

The underlying TTE distribution is commonly modeled as
an exponential distribution that is a result of a constant failure
rate. This particular model is a special case of renewal process
called the homogeneous Poisson process (HPP). This is a
simple reliability model selected if there is limited TTE data.
Since HPP only requires a constant hazard rate or mean-time-
between-failures, it is a very common industry choice. HPP
also provides a closed-form solution for the process, allowing
for trivial analysis.

Although common, the constant failure rate and resulting
exponential distribution of failure times is not always a
good choice for high-value assets. This is due to the fact
that high-value assets abide by strict quality controls and
testing before going into service, a normal practice in the
nuclear industry. A better choice for TTE distributions in
high-value asset industries is the Weibull distribution. This is
a common choice for reliability distributions due to its ability
to fit systems that do not immediately fail upon installation,
but have a delayed event date with a right-tailed skewed
distribution.

2) NON-HOMOGENEOUS POISSON PROCESS
The NHPP is another common stochastic process model
that operates under the assumption of minimal repair, unlike
the RP model. In the NHPP model, each repair is minimal
and returns the system to service with the same condition
as before the repair. This model fits well for very large
and complex systems that have many components that are
repaired to a minimal operating level before returning to
service.

The NHPP models do not fit well in the nuclear industry
because the systems are not repaired to a minimal level, but to
an acceptable condition or better. The extensive maintenance
abides by the strict operating requirements set by the industry
and regulations. This results in reliability improvements to
the system that will extend remaining useful life and a repair
process that does not fit well with the NHPP.

3) GENERALIZED RENEWAL PROCESS
The generalized renewal process was developed by
Kijima et al. [24], [43] to fill the gap between perfect repair

and minimal repair processes. The GRP model is based
on the idea of VA, V . As the real age of the system, S,
increases, the VA of the system also increases. The VA of
the system will increase with wall-clock time or the amount
of time the system has been operational, depending on the
dominating degradation factors being modeled. When partial
maintenance or a repair is performed, the VA of the system
is reduced by the repair effectiveness, q, which is quantified
using operational data of the system. When the system is
replaced, the real age and the VA of the system are reset to
zero. The result of this model is a reliability rate and TTE
distribution that is dependent on the operational history of
the system and the number and quality of repairs.

There are two GRP models called the Kijima Type-I
and the Kijima Type-II. The Type-I model assumes that
repairs only reduce damage that has occurred since the
previous failure. The Type-II model assumes that all damage
accumulated up to the current state is reduced by the repair
effectiveness. For this research, only the Kijima Type-II
model is evaluated.

To describe this model mathematically, the repairable
system event times are defined as t1, t2, . . . , tn, where n is
the nth event. The inter-arrival times between events can be
defined as x1, x2, . . . , xn, such that

xi = ti − ti−1, i = 1, 2, . . . n. (2)

Following the nth event and repair, the VA becomes

Vn = q(Vn−1 + xn) = q(qn−1x1 + qn−2x2 + . . . + xn) (3)

Assuming a VA after the (n − 1)th repair is Vn−1 = y,
nth failure time distribution, X , can be described with the
following cumulative probability function

F(X |Vn−1 = y) =
F(X + Y ) − F(y)

1 − F(Y )
(4)

Using the inter-arrival time distribution as the conditional
Weibull distribution, the conditional probability distribution
function of the time to the next event can be described as

f (ti|ti−1) = λβ(xi + vi−1)β−1e−λ[(xi+vi−1)β−vβi−1] (5)

where β and λ are the shape and rate parameters of the
Weibull distribution, respectively.

To fit the GRP model to failure data, the parameters
β, λ, and q are optimized through maximum likelihood
estimation [41]. The likelihood function is

L(data|λ, β, q) = λnβn(e−λ[(T−tn+vn)β−vβn ])δ
n∏
i=1

× [(xi + vi−1)β−1e−λ[(xi+vi−1)β−vβi−1]],

(6)

where δ = 1 if the data is time-truncated or δ = 0 if the data
is failure-truncated. Taking the natural log of both sides, the
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FIGURE 5. Repair process models and their effect on VA, where q represents the repair effectiveness. The plots, from
left to right, show the RP with perfect repair, the GRP with imperfect repair, and the NHPP with minimal repair [44].

log-likelihood function becomes:

logL(data|λ, β, q) = n(lnλ + lnβ)

− λδ[(T − tn + vn)β − vβn ]

− λ

n∑
i−1

[(xi + vi−1)β − vβi−1]

+ (β − 1)
n∑
i−1

ln(xi + vi−1) (7)

Extending this to an arbitrary number of systems, k , the
log-likelihood function becomes:

logL(data|λ, β, q) =

k∑
l=1

nl(lnλ + lnβ)

− λδ

k∑
l=1

[(Tl − tl,nl + vnl )
β

− vβnl ]

− λ

k∑
l=1

nl∑
i−1

[(xl,i + vl,i−1)β − vβl,i−1]

+ (β − 1)
k∑
l=1

nl∑
i−1

ln(xl,i + vl,i−1) (8)

Since there are three variables and no closed-form solutions
to the GRP equation [45], a numerical optimization algorithm
must be used to maximize the log-likelihood equation.

Once the parameters of the GRP model are identified,
the reliability and TTE distributions can be calculated using
the parameters of the Weibull distribution and the operating
history of the system. Furthermore, the models can be used
to estimate the reliability and TTE distribution of the system
after repair, allowing for predictive maintenance actions to be
evaluated for cost-effectiveness.

III. MODELING CIRCULATING WATER SYSTEM
To accuratelymodel the plant degradation data, it must first be
analyzed and broken down into the various operating regions
typically seen during plant operation. The overall flow of this
modeling effort can be seen in Fig. 6. This section presents the

analysis of a repairable system in an NPP and the parameter
estimation for the GRP model.

FIGURE 6. Overall flow diagram of analysis steps for creating the
data-driven reliability model for the CWS.

A. CIRCULATING WATER SYSTEM
For this research, several circulating water pumps (CWPs)
that make up the CWS at an NPP have been selected as the
modeling and analysis case study. The CWPs are good candi-
dates for numerous reasons, including condition monitoring
data availability, reliability concerns, and low-risk profile
to plant safety since they are one of the non-safety plant
systems.
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As part of a previous research effort, wireless vibration
sensors had been placed on 12 CWPs located in the
plant. Additional monitoring equipment, already installed,
consisted of sensors collecting internal motor temperature
data and electrical current data. Using the data collected
over numerous years, researchers were able to create
machine-learning models that can predict the state of the
pump as healthy or unhealthy, as well as to predict a relative
level of degradation. The experimental setup, including the
CWPs and sensor locations can be seen in Fig. 7. The
data collected from the sensors was analyzed using signal
processing methods, in combination with machine-learning
algorithms, to predict a relative level of degradation. For more
information regarding the degradation estimation from plant
data, please see references [8], [9], [10].

FIGURE 7. CWP diagram showing the vertical motor driven pump
configuration with measurement locations. Figure reproduced from [8].

A plot of a typical degradation path observed in plant data
is shown in Fig. 8. In that plot, two distinct regions can be
observed: one where the degradation level remains stationary
and nominal, and another where the degradation level starts
to rise. Such a degradation path is typical of a diagnosed
fault that has occurred in the CWP. This degradation process,
which is characterized by a healthy period followed by
an increase in degradation level and then a shutdown and
corrective maintenance, will be represented by the created
model. A third region, offline, can be added, resulting in
three distinct phases: healthy, unhealthy, and offline. Both
the healthy and unhealthy phases are considered operational,
whereas the offline phase represents times when the pump
isn’t running due to maintenance, outage, or lack of necessity.

B. MARKOV RELIABILITY MODELING
Using those three phases—healthy, unhealthy, and offline—
a phased-mission hybrid Markov model that governs the
transition from one state to another has been created. A figure
representing the CWP model can be seen in Fig. 9. The
figure shows a model of the degradation process where the

FIGURE 8. A typical degradation path observed in plant data. The data
first contains a healthy period with no relative increase in estimated
degradation, which is followed by an unhealthy period that contains an
increasing amount of estimated degradation. Plot reproduced from [10].

phases of healthy and unhealthy have time spans governed
by various transition rates and phase-mission processes.
In the model, the healthy period is followed by an unhealthy
period where the degradation level increases with time.
The unhealthy period is then ended by an offline period
where the CWP enters a period of corrective maintenance.
Once the CWP completes the corrective maintenance, it will
become operational and the degradation level will return to
zero.

FIGURE 9. A model depicting the degradation phases of the CWP. The
time spent in each phase, and corresponding transition rates, are inferred
from plant data [10].

TheMarkov model created for the degradation process can
be considered a phased-mission model due to the differences
of the various phases and their transition descriptions. During
the healthy and offline phases, the model is a simple Markov
model with transition probabilities, since there is a lack of
sensor data to precisely determine these transitions using
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stochastic modeling and distributions fit to the data to
estimate the duration of these phases. In contrast, when the
system is in the unhealthy phase, it no longer depends on
transition probabilities, but rather has a degradation process
that can be monitored and modeled. In the unhealthy phase,
the degradation level of the system continually increases until
a manual trip by an operator is initiated or an automatic
trip limit is reached. Once the trip limit is reached, the
system transitions into the offline phase. In this research,
the unhealthy phase will be modeled as a linear increase in
degradation (with added noise) until the automatic trip limit
is reached.

The Markov model transition probabilities are derived
from nuclear industry data [13] or inferred from NPP data
reports [8], [9], [10]. However, the nuclear industry data
only show average failure rates for the CWP system and
do not show reliability rates using recurrent event data
analysis. This means that the rates from the industry data are
constant failure rates that result in exponential distributions
of failure times. This is not a valid assumption for modeling
the reliability of complex systems and will result in poor
decision-making.

Although not shown in the model, Fig. 9 depicts the effect
of maintenance on the transition rates. As the system receives
more repairs and the VA continues to increase, the transition
probabilities will change accordingly. As the system ages,
the inter-arrival time between healthy periods will begin to
decrease as the VA of the system continues to increase. The
transition from healthy to unhealthy will vary depending
on the operational history of the system and the number of
repairs. This transition rate will be determined using the fitted
GRP model discussed previously.

C. PARAMETER ESTIMATION
Using the reliability data and operational history, data-
driven parameter estimations for more accurate transition
probabilities have been performed.

1) HEALTHY TO UNHEALTHY
For the healthy to unhealthy transition, λ0,1(t), a parameter
optimization based on the GRP model was performed to
identify the underlying TTE distribution and the effectiveness
of maintenance, q. To do this, the average time spent in
unhealthy periods and during repairs was removed due to
the point process assumption (instantaneous repair) required
by renewal processes. Once the data were ready, the GRP
model parameters were fit to the data using maximum
likelihood estimation [41] by maximizing the log-likelihood.
A summary of the steps taken when computing the GRP
parameters can be seen below:

Using the GRP parameters and the log-likelihood, the fit
for the model can be compared to other models, such as the
RP and NHPP. To do this, the repair effectiveness was fixed
to q = 0 or q = 1 while performing the MLE.

The best fitted model was the GRP model with a
log-likelihood of −36.90, while the RP and NHPP had

Algorithm 1 Fit GRP Parameters to Data
Data: Failure and repair times for CWS, T
Output: GRP Params: β, λ, q

1 Function LogLikelihood(T , β, λ, q):
2 T = [ti, ti+1, . . . , tn−1, tn]
3 X = [ti, ti+1 − ti, . . . , tn−1 − tn−2, tn − tn−1]
4 X = X −

1
µ

// subtract time in

maintenance
5 X = X −

1
λ1,2

// subtract time in

degraded state
6 L = LogL(X |β, λ, q)
7 return −L

8 β, λ, q = minimize(LogLikelihood)

log-likelihood values of −38.22 and −37.08, respectively.
The final parameters of the RP, NHPP, and GRP models are
listed in Table 1 and Table 2.

TABLE 1. Optimized parameters estimates for repairable models using
MLE.

TABLE 2. Log-likelihood estimates for each of the repairable models.

Since there is no closed-form solution to calculate themean
cumulative intensity function, Monte Carlo simulations were
performed to ensure the fit of the GRP model with the actual
data. The Monte Carlo simulations were run for 8 years and
with 500 pumps. Creating a cumulative intensity function,
it can be seen in Fig. 10 that the simulated data using the
fitted GRPmodel performs well when compared to the actual
data.

FIGURE 10. Comparison of the CIFs of actual vs simulated data. The
simulated data were created using 500 Monte Carlo simulations of the
fitted GRP model.
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2) UNHEALTHY TO OFFLINE
The transition from an unhealthy state to an offline state
is not a transition probability, but rather a degradation
process that can be monitored and modeled as such. In other
words, as the level of degradation increases, it approaches a
physical level of failure that can be monitored using sensors.
This could be an over-current trip, over-temperature trip,
or an exceeded level of physical damage, such as a broken
shaft.

Modeling this degradation process required establishing a
degradation limit. Since data shows the system can operate
above β = 3 and has only been stopped by operator
intervention, a slightly higher automatic trip limit has been
established. However, since there is limited data to suggest
what the exact trip limit would be, the automatic trip-limit has
been set to a degradation threshold of β = 5. A linear fit was
performed using the mean time to trip once in an unhealthy
phase. The slope of the line was found to be approximately
0.011β per hour. In addition to the linear line, an added
factor of Gaussian noise with zero mean and variance of
σ = 0.05 was used to simulate the stochastic degradation
process. Realizations of the beta degradation process can be
seen in Fig. 11.

FIGURE 11. Realizations of the degradation process plotted with the
degradation limit (red), the median, and the 90% confidence interval
bounds.

3) HEALTHY TO OFFLINE
Although there is condition monitoring data for various fault
mechanisms, there is still a possibility from an unknown or
unexpected failure. Therefore, a random failure transition
has been added that goes directly from a healthy operating
condition to an offline state.

The transition from healthy to offline, λ0,2(t), can
be described as a random failure probability from an
unexpected failure mode. The random failure rate is a
constant with small probability. For this modeling effort,
the random failure rate was estimated at 10−6 per hour.
A plot representing the random failure and the probability
density function of expected failure times can be seen in
Fig. 12.

FIGURE 12. Random failure rate and the PDF of expected failure date.

4) REPAIR RATE
For the rate of repair, the mean of the historical repair
times was used to create a Weibull distribution. The Weibull
distribution was used due to its improved fit for expected
repair durationwhen compared to an exponential distribution.
The previously assumed exponential distribution is a poor fit
for repair time data due to the possibility of an immediate
repair, which is unlikely. The shape parameter was assumed
to be β = 2, and then, using the mean of 55 hours, the scale
parameter was found to be λ = 62.7. The resulting repair rate
and probability density function of expected repair times can
be seen in Fig. 13.

FIGURE 13. Repair rate and the probability density function of expected
repair date.

D. ANALYSIS OF PHASED-MISSION SYSTEM
PERFORMANCE AND COST COMPARISONS
Once the model parameters were established, the phased-
mission system was completed and simulated to analyze its
performance.

To calculate the cumulative intensity function for the entire
integrated model, Monte Carlo simulations were performed
that included the entire phased Markov model with repairs
for 8 years, or 70,080 hours. During simulations, repairs
were started immediately after the system had reached
the degradation limit. There were no delayed maintenance
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actions, premature shutdowns, or operator interventions, and
all failures had reached the degradation limit.

To calculate the cumulative intensity function for a MTBF
model, this can be approximated with a linear relationship
where the slope of the line represents expected failures per
time. The slope of the MTBF line was calculated using the
number of failures divided by the total operating time of
the pumps. The MTBF for the industry average was also
found using the Nuclear Regulatory Commission’s Industry
Average Parameter Estimation database [13]. The results
of the simulations compared to the actual data, the MTBF
model, and the industry average MTBF model can be seen in
Fig. 14.

FIGURE 14. The mean cumulative number of events for the actual data,
the GRP model, the MTBF model, and the industry average MTBF model.

In the simulations, the degradation of the CWP and its
operational status are illustrated in a snapshot that can be
viewed in Fig. 15. Just as an increase in system degradation
over time was observed in the data from the plant, the same
is reflected by the model.

FIGURE 15. A snapshot in time of the degradation process and repair
time. The top plot is the operational status of the pump, 1 is operation
and 0 is failed/in-repair. The bottom plot is the degradation level of the
system.

The transition probability of major importance is the
healthy to unhealthy rate, λ0,1(t), that was defined by GRP

optimization. As the system continued to age and receive
repairs, the VA and corresponding transition probability
changed according to the GRP model. A plot showing the VA
and the transition probability as it changed over the course
of the simulation can be seen in Fig. 16, when maintenance
occurred as drops in VA and transition probability.

FIGURE 16. Plots of the simulation results for one system. The top plot is
the VA of the system and the bottom plot shows the corresponding
transition probability from healthy to unhealthy, λ0,1(t).

Further simulations were conducted with a group
of 12 CWPs operated for a period of 8 years to replicate real
operational and failure data observed in the NPP. The events
that occurred can be seen in comparison with the actual data
in the form of an abacus and CIF plots in Fig. 17. Since the
currently operating CWPs have various ages and operational
history, the collected data is censored. This means that the
CWP did not fail at the end of the data collection period. This
can mean CWP was replaced without failure at the end of
its life or the CWP is still operational. To recreate a similar
abacus plot, the simulated data were censored with the same
dates as the actual data for more similar representation and
comparison.

E. OPTIMIZATION OF REPLACEMENT INTERVAL
Although this work is focused on the application of condition-
based decision-making, the current maintenance strategy of
many operating plants is still schedule-based and can be
optimized further, or at least validated, with the created
GRP models. For most of this plant’s operational life, the
replacement of the CWPs occurred every 6 years, regardless
of condition. Recent work, using MTBF models, has led
to a suggested extension of this interval from 6 years to
9 years [10]. Using the created GRP model and adding cost
information from the plant, the interval extensions can be
validated. Furthermore, the model can be used to investigate
the effect of extending the interval even further and its impact
on the TCO.

To do this, Monte Carlo simulations were performed
with the CWP model combined with a simple reactive
maintenance strategy. The maintenance policy repaired the
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FIGURE 17. The top two plots show the individual systems as abacus
plots, comparing the actual data to the simulated data with one instance
of manually censored data. The bottom plot compares the cumulative
intensity functions between the actual and simulated data.

system as needed and replaced the system every X number of
years, during an outage. For this analysis, the replacement
interval was varied from 4.5 to 27 years, aligning with
outages that occurred every 1.5 years. The costs used in
this analysis were actual historical costs from the plant for
labor, materials, foregone revenue due to inoperable CWP
(plant derating), and replacement/overhaul costs. The dollar
amounts for each of these costs are listed in Table 3 and a
graphical representation of the completed degradation model
with the corresponding transition rates, observations, and
costs can be seen in Fig. 18.

TABLE 3. Costs for decisions and time spent performing actions.

Using the model and integrated costs, instances of the
repairable CWP were simulated, each with a length of
60 years, typical for an extended-life NPP. Fig. 19 shows a
significant amount of uncertainty over a period of 60 years,
but there is a trend of reduced costs that improves as the
replacement interval is increased.

Through this analysis, as shown in Fig. 20, extending
the replacement interval results in lower TCO. The results
indicate that previous efforts to extend the replacement
interval from 6 to 9 years have been validated. Fig. 20
shows the percentage change when extending from a 6 year

FIGURE 18. A representation of the circulating water system total cost of
ownership model. The state dynamics are modeled using a hybrid Markov
and phased-mission system framework where the transitions are
determined using data-driven methods. The observation of the state is an
estimate of the degradation level that is dependent on the state. The
costs are determined by historical estimates of hourly costs multiplied by
the time spent in each state.

FIGURE 19. The economic cost analysis was completed with Monte Carlo
simulations performed using the completed model and varying lengths of
replacement intervals. The blue lines represent the distribution of the
simulated costs and the orange line is the expected value.

replacement interval. This extended replacement interval, for
12 pumps over 60 years, can be expected to reduce costs
by 10.7%, or approximately $10 million. If the replacement
interval is extended even longer to 12 or 15 years, expected
savings can be upwards of 17.2% or 19.2%, respectively.
These results are summarized in Table 4. However, it should
be noted that while themodel can be used to forecast extended
replacement intervals, extensive data has not been collected
at these interval lengths to verify this claim since CWPs have
been replaced historically every 6 years. Additional studies
would be needed to confirm this hypothesis.

F. REPAIR EFFECTIVENESS
One of the main benefits of using the GRP model is its
ability to quantify repair effectiveness. Once a GRP model
is fit to the data, this enables the evaluation of repair
effectiveness on the overall performance and degradation
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FIGURE 20. This plot shows the expected percent reduction in TCO
for 12 CWPs over a 60-year period. The percent reduction is in reference
to the historical, 6-year replacement interval. The TCO goes down the
longer you extend the life of the CWP. The spikes in TCO, seen in years
13.5, 19.5, and 28.5, are due to the operating life being 60 years and the
replacement intervals, resulting in a recently replaced CWP just before
the end of plant life.

TABLE 4. Reduction in TCO when extending replacement interval past
6 years.

FIGURE 21. The differences in repair effectiveness can vary greatly over
time and have a profound impact on the number of failures expected
during operation of the CWS. The AGAN condition returns the CWS to
perfect condition and results in a minimal number of failures, while the
BAO repair assumption sees an increasing number of failures.

trajectory of the system. As NPPs are constantly evaluating
maintenance practices and improving performance, a balance
can be found where the cost of maintenance is balanced with
the effectiveness of repair, and ultimately, the reliability of
the system. By varying the repair effectiveness variable, q,
simulations can show how this affects the expected number
of failures in the CWS. A plot of the resulting change
in the number of expected cumulative failures over time,

as a function of varying repair effectiveness, can be seen in
Fig. 21.
From the plot, the differences in repair effectiveness

become vastly different as the CWS begins to age and the
expected number of failures increases with the BAO repair
assumption and decreases with the AGAN or perfect repair
assumption. This is due to the fact that the AGAN returns the
CWS to perfect condition while the BAO does not restore any
health or reliability to the system.

FIGURE 22. The change in TCO compared for different values of repair
effectiveness.

IV. CONCLUSION
This article presented the development of a hybrid reliability
model for the CWS in an NPP that incorporated repair and
failure history, condition monitoring, and the quantification
of maintenance effectiveness. When compared to commonly
used risk-based models, such as MTBF, the developed model
using GRP provides a more complete reliability model that
can be used to estimate the likelihood of failure given the
maintenance history of an asset.

After fitting the model to the plant data, numerical
simulations have shown that the replacement interval used in
the current time-based maintenance strategy can be extended
to reduce the TCO by more than 10%. These results also
validate recent findings in which the replacement interval
was increased from 6 years to 9 years in an effort to reduce
costs [10]. Simulations indicate that the replacement interval
could be extended even further than 9 years while still
expecting cost reductions; however, this conclusion should be
considered to have uncertainty due to the lack of data with a
replacement interval greater than 7 years.

Although assumptions to create the model were limited,
uncertainty in the results could still be reduced. As the
replacement interval is extended in the future, the data
created will need to be analyzed to ensure the model’s
accuracy when extrapolated. The model could then be fitted
to the new data to improve accuracy. Uncertainty could be
further reduced with more data that supports higher fidelity
models. Examples of this would be specific data to support
independent failure modes, different types of repair and the
corresponding repair effectiveness, and data from multiple
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plants. However, although there remains uncertainty, a simple
model allows for the transfer to a multitude of systems that
undergo repair. Given the numerous types of SSCs that make
up an NPP, the developed model provides a risk estimation
improvement at a large scale. Future research directions
include the expansion of this model to more components and
systems, and the analysis of the CWS data after replacement
cycles have been extended.

In conclusion, the results of the GRP model are promising
as they provide more accurate modeling and simulation
when compared to current risk-based approaches. As critical
systems in nuclear power continue to age and more data is
generated, an analysis should be performed with the best
models the data can support. Given the availability of current
data that can support a GRP model, there is significant
potential to improve risk-informed decision-making and
reduce maintenance costs across the nuclear industry.
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