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Abstract — In its classical definition, risk is defined by three elements: what can go wrong, what are its
consequences, and how likely is it to occur? While this definition makes sense in a regulatory-based framework
where for the current fleet of operating light water reactors (LWRs), the risks associated with nuclear power plants
typically are characterized in terms of core damage and large early release frequency (LERF), this approach does
not provide a useful snapshot of the health of the plant from a broader perspective. This is due to the very narrow
context in which the term “risk” typically is defined as nuclear safety aspects that have the potential to impact
public health. In this paper, we take the viewpoint of nuclear safety that is reflective of the current fleet of operating
LWRs for which core damage frequency and LERF are appropriate metrics. For other advanced reactor designs,
other more applicable technology neutral metrics of reactor safety metrics would be specified.

A possible alternate path would start by redefining the word risk with a broader meaning that better
reflects the needs of a system health and asset management decision-making process. Rather than asking
how likely an event could occur (in probabilistic terms), we can ask how far this event is from occurring.
Our approach starts by defining and quantifying component and system health in terms of a “distance”
between its actual and limiting conditions, i.e., determination of the margin that exists between the current
state/condition and the state where the component/system is no longer capable of achieving its intended
function. A margin is a measure that is more reflective of the current state or performance of a component,
and therefore more closely tied to decisions that are made on an ongoing basis. We will show how, given the
data available from plant equipment reliability and monitoring (e.g., pump vibration data) and prognostic
(e.g., component remaining useful life estimation) data, a margin can be described and determined for all
types of maintenance approaches (e.g., corrective or predictive maintenance).

We show how classical reliability models (e.g., fault trees) can be used to quantify the system margin provided
component margin values. In the approach described in this paper, the propagation of margin values through
classical reliability models are not performed using classical probabilistic calculations applied to sets (as
performed in a typical plant probabilistic risk assessment). Instead, we show how it is possible to propagate margin
values through Boolean logic gates (i.e., AND and OR operators) through distance-based operations.

Keywords — Reliability, health management, risk.

Note — Some figures may be in color only in the electronic version.

I. INTRODUCTION

In order to reduce operation and maintenance costs,
*E-mail: diego.mandelli@inl.gov nuclear power plants (NPPs) are moving from corrective
This is an Open Access .artlc‘:le dls.trlbuted under the.terms of the and periodic maintenance to predictive maintenance
Creative Commons Attribution License (http://creativecommons. . .- . .

org/licenses/by/4.0/), which permits unrestricted use, distribution, (PdM) strategies. Such a transition requires changes in
and reproduction in any medium, provided the original work is the data that need to be retrieved and the type of decision

properly cited. processes to be employed. Additionally, advanced
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monitoring and data analysis technologies are essential
for supporting the effective application of predictive stra-
tegies. These technologies can provide precise informa-
tion about the health of a component or system, track
performance, identify potential degradation trends, and
provide an estimate of its expected failure time. With
such  information, maintenance  operations  for
a component can be planned and performed at
a convenient time before failure is expected to occur.
This dynamic context of operation and maintenance
operations requires new methods to analyze data, propa-
gate component health information from the component
to the system level, and optimize plant resources. We
refer here to plant health in a prognostic and health
management’ context where component aging and degra-
dation are constantly monitored (e.g., through nondes-
tructive measurement techniques), analyzed (e.g.,
identify anomalous behaviors and assess the state of
degradation), and forecasted into the future [e.g., estima-
tion of remaining useful life (RUL) of the monitored
component].

Currently, the propagation of quantitative health data
from the component to the system level is a challenge
given the diverse nature and structure of the data. In
general, component health evaluations are performed
using qualitative methods to assess equipment health
and performance and to specify maintenance strategies
to provide assurance that the components are capable of
achieving their intended functions. Specific guidance on
ensuring plant structures, systems, and components
(SSCs) achieve the desired levels of performance is pro-
vided in the Institute of Nuclear Power Operations Report
AP-913 (Ref. 2). From a U.S. regulatory perspective,
license requirements to monitor and manage performance
of plant SSCs that are important to safety are specified in
the maintenance rule® and industry implementation gui-
dance is specified in NUMARC 93-01 (Ref. 4) with U.S.
Nuclear Regulatory Commission endorsement of the
approach provided in Regulatory Guide 1.160 (Ref. 5).
Over the more than 25 years since the implementation of
this rule, U.S. NPP performance and safety have shown
substantial improvements; for example, see reports pub-
lished by the Electric Power Research Institute® and the
Nuclear Energy Institute.’

Quantitative plant reliability models and methods
[which are typically based on fault trees (FTs) or relia-
bility block diagrams] can effectively propagate data
from the component to the system level, but values of
failure rates or failure probabilities are an approximated
integral representation of the past industry-wide opera-
tional experience. As an example, pump failure rates are
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available from equipment reliability (ER) sources (e.g.,
refer to Ref. 8); failure events that have been recorded for
a specific pump can be used to update its failure rate used
in a quantitative reliability model using Bayesian updat-
ing processes.” On the other hand, quantitative plant risk
models are average models based on historical data in
which the actual current status of pump performance and
condition is not considered in the failure rate estimation.

A critical challenge for the management of plant
reliability is the ability to integrate plant health data and
to utilize this information to support decision making
(e.g., determine component optimal maintenance activity
schedule) that ensures safety (via equipment/system relia-
bility and availability) in a manner that minimizes opera-
tional and maintenance costs. To achieve this, plant ER
programs primarily rely on qualitative methods described
in the industry guidance previously referenced along with
quantitative reliability models focusing on regulatory and
safety aspects [such as the plant probabilistic risk assess-
ment (PRA) and configuration risk management (CRM)
models]. In this paradigm, condition-based data and diag-
nostic and prognostic information generally are not con-
sidered in quantitative plant reliability models, and thus
are not used to inform system engineers on the most
critical components in decisions made on an ongoing
basis.

Thus, the current modeling approach uses average
values that do not account for the present component
health status (e.g., as obtained from measured diagnostic
and condition-based data) and health projections (when
available from the prognostic data). Our first claim is that
system reliability models should propagate health infor-
mation from the component to the system and plant level
in order to provide a quantitative snapshot of system and
plant health and identify the most critical components
given the actual conditions and status of the plant. Such
an approach would provide a more comprehensive and
accurate evaluation of the condition of the plant and
support improved and accurate decisions. Our second
claim is that, when used to support operational decision
making, such as in CRM programes, it is more appropriate
to assess risks based on the current status of SSC perfor-
mance and health and that a reliance on historical perfor-
mance data may be misleading and result in less than
optimal risk-informed decision making.

This paper directly supports these two claims by
proposing an alternative approach to performing reliabil-
ity modeling and plant health management that more
directly integrates available component diagnostic, prog-
nostic, and condition-based data to measure component
health, propagate this information through quantitative
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reliability (e.g., FT) models, and provide a more accurate
assessment of the plant risk profile to support decision
making. In the approach described in this paper, the
propagation of health data from the component to the
system level is performed, not in terms of probability,
but in terms of margins, where margin is defined as the
“distance” between the present actual status of the com-
ponent/system and the expected occurrence of an unde-
sired event (e.g., failure or unacceptable performance).
A margin value is quantified for each component based
on available monitoring data and the condition at which
failure of the SSC is expected to occur; note that, depend-
ing on the available monitoring data, component margin
is defined over the same dimension of the data itself (e.g.,
temperature, time, vibration spectrum). Component mar-
gin values are then propagated through a reliability model
to estimate the margin of the system.

Therefore, system margin is a quantitative measure
of system health based on the contribution of constituent
component monitoring data. This information is then
used to assess which components are providing the lar-
gest impact on system health (either positive or negative);
in this respect, we show how a margin-based analysis can
be employed to identify the possible ways a system can
be successfully operated rather than the ways in which it
can fail. At this point, responsible plant system engineers
can more effectively prioritize those maintenance activ-
ities that provide the largest increases in system health
(system health and asset management) in a manner that
maximizes plant economics.

In this context, understanding both the positive and
negative impacts of margin are important in the decision-
making process. Plant SSCs that are observed to operate
with small margins represent vulnerabilities where addi-
tional attention and resources may be warranted to
improve performance and prevent the possible occurrence
of SSC failures. Conversely, plant SSCs that are observed
to provide excessively large margins may indicate where
resources are not being employed in an economical man-
ner. Because these resources are limited, these SSCs are
candidates for reduced attention as the marginal benefit
being provided by the excess margin is small and the
resources could be better applied to other objectives.

Through a cause-effect lens, while classical reliabil-
ity models target the effects associated with component
performance, a margin-based approach focuses on the
observations and causes of an undesired component per-
formance (i.e., assessment of component health). Hence,
thinking of reliability in terms of margins implies deci-
sion making based on causal reasoning. In this paper, we
show how FT models can be solved using a margin
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language and how this process can effectively assist
system engineers in identifying the most critical compo-
nents based on current performance and condition. We
note that a margin-based approach has long been applied
in structural reliability engineering with methods that are
well established and understood within that domain.'®
Over the previous several years, researchers have per-
formed initial research into applying this approach to
NPP safety and risk management.''' Our work
described in this paper builds and expands upon this
work.

II. SYSTEM ENGINEER DEFINITION OF RISK

In its classical definition, risk is defined by three
elements: what can go wrong, what are its consequences,
and how likely is it to occur? The likelihood of occur-
rence is typically described in probabilistic terms. While
this choice makes sense in a regulatory-based framework
to estimate risks associated with NPPs [e.g., as repre-
sented as core damage frequency (CDF) and large early
release frequency (LERF) for light water reactor (LWR)
plants], this approach, which as currently implemented
across the industry, relies on static models, and thus does
not provide an actual snapshot of risk that reflects the
current health and performance of plant SSCs. Several
observations support this statement:

1. Plant PRA models are based on Boolean logic
structures'” [e.g., event trees (ETs) and FTs] that describe
the deterministic functional relationships among plant
SSCs, postulated sequences of events, and human inter-
ventions. Each basic event (BE) in a PRA model repre-
sents a specific elemental occurrence (e.g., failure of
a component, failure to perform an action by the plant
operators, recovery of a safety system). In these models,
a BE is a binary occurrence defined using a Boolean logic
(i.e., the event can either occur or not occur).

2. A probability value is associated with each BE,
which represents the probability that the BE can occur.
Maintenance and surveillance operations typically are not
completely integrated into a PRA structure (i.e., they are
typically accounted for via the historical or estimated
average impact on SSC unavailability). Probability values
used in the plant models are updated at least every 4 years
[as required by 10CFR50.71(h)(2) (Ref. 16) and the
American Society for Mechanical Engineers and
American Nuclear Society PRA standard,'” which speci-
fies requirements for PRA model upgrades] based on past

@ANS
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operational experience through use of a Bayesian statis-
tical process.

3. The modeled availability and reliability prob-
ability values associated with plant SSCs is thus an inte-
gral representation of the past operational experience for
these components, and it does not incorporate informa-
tion on the present health status of SSCs [e.g., from
diagnostic and condition-based maintenance (CBM)
data] and health projections (when available from prog-
nostic data) on anticipated changes in SSC condition and
performance in the near future.

Given these conditions, the decision-making process
related to health and asset management is not well suited to
being evaluated and managed using classical PRA models
and tools. From the perspective of personnel responsible
for the performance of these plant SSCs (i.e., the system
engineer), the question becomes: What can we change to
improve decision making related to these SSCs? Our start-
ing point is the type of decisions that we want to support.
As indicated in Sec. I, we are targeting a system engineer
context where, in order to optimize plant operation and
maintenance costs, component maintenance activities are
performed only when they are needed based on component
monitoring data. The objective of this perspective is to
ensure limited resources are efficiently applied to the great-
est extent practicable while ensuring adequate
performances'® and levels of plant safety are maintained.
Figure 1 shows this alternate perspective where, rather than
asking how likely an event could occur (in probabilistic
terms), we ask how far this event is from occurring given
the current state of the plant and its various constituent
elements (i.e., SSCs). We noted earlier this viewpoint is
prevalent in the structural reliability analysis field.'® It also
reflects a more holistic viewpoint on risk for use as an input
to decision making than is typically applied in engineering
studies (including the commercial nuclear power industry,
see for example Aven'?).

This alternative interpretation of risk transforms the
concept from one that focuses on the probability of
occurrence to one that focuses on assessing how far
away (or close to) a component is to an unacceptable
level of performance or failure. This transformation has
the advantage in that it provides a direct link between

Regulatory definition

what can go wrong
what are its consequences
how likely it is

System engineer definition
what can go wrong
* what are its consequences
how distant it is

Fig. 1. Regulatory and system engineer definition of
risk.
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the component health evaluation process and standard
plant processes used to manage plant performance (e.g.,
the plant maintenance and budgeting processes).”* The
transformation also places the question into a form that
is more familiar and readily understandable to plant
system engineers and management decision makers.
We also note that this alternative viewpoint also pos-
sesses an additional advantage over the standard
approach using static models. The evaluation of mar-
gins, when combined with the integration of other pre-
dictive analyses, such as trending and prognostics,
provides information related to the timeframe in which
actions should be taken to address identified degrada-
tions in performance. As indicated previously, because
the current PRA approaches use static models, an assess-
ment of the time element on the impact of these condi-
tions on plant safety risk (e.g., in terms of potential CDF
and LERF impacts for the current fleet of LWR NPPs) is
either not possible or is incorporated in an arbitrary
manner.

At this point, to apply the alternative approach
we’ve proposed here models need the capability to
quantify component margins as a distance of occur-
rence between the component’s existing condition and
the point where its performance or condition becomes
unacceptable (i.e., action is required). Note that the
concept of distance does not necessarily need to be
measured in terms of time, as we will show in the
next sections. In other terms, rather than using “fail-
ure language,” we measure component health in terms
of margin. Such “margin language” relies only on the
available component monitoring data. Note that multi-
ple monitoring data sources might be available for
a specific component; hence, in this situation compo-
nent margin is defined over multiple dimensions.
Given the data available from plant data sources and
monitoring, diagnostic, and prognostic centers,
a margin can be described in either probabilistic
(through a probabilistic distribution function) or
point value forms. Additionally, since the evaluation
of margin is dependent on the existing state of the
SSC being evaluated, the concept of margin is time
dependent.

[1l. RELIABILITY MARGIN: A DEFINITION

As a first-tier definition, a margin can be viewed as
follows:

Definition: Margin—The distance between the pre-
sent monitored performance and the unsatisfactory
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Margin

Data space

BOL now Failure

Fig. 2. Graphical representation of margin to failure.

performances that would result in an undesired event
(e.g., failure of a component or loss of ability to meet
a defined performance acceptance criterion; see
Fig. 2).

The application of this framework to system health as
proposed here is centered on the integration and evalua-
tion of available data to assess component condition and
performance. Component monitoring data (e.g., pump
vibration data) here are the main ingredients to determine
component margin, and hence, a margin is an observable
quantity that can be estimated given information related
to the current condition and performance of plant SSCs
and defined operational criteria. Thus, this framework
requires the definition of the following metrics:

1. Space: The space definition should be based
solely on the type of the data that can be directly
measured and obtained by the system engineer.

2. Distance: Once the space is defined, the frame-
work needs a measure of the distance between
two points located in this space.

The goal now is to define appropriate space and
distance metrics for two classes of plant health monitor-
ing—based maintenance approaches®’: CBM and PdM.
We have targeted these maintenance approaches since
they have been identified as strategies that can reduce
operation and maintenance costs (see Sec. ). In order to
show the bridge between current reliability methods
(which focus on a component probability of failure) and
the proposed margin-based method, we also considered
a corrective maintenance (CM) approach. For each main-
tenance approach, the objective is to develop measures
that provide useful indicators of component condition and
performance that plant system engineers can use to cost-
effectively assess and manage their assigned components.
The following sections identify available data that are
relevant to each maintenance class and the space in
which the relevant ER data are applicable and identify
the relevant margin measure for each class.

III.A. Corrective Maintenance

This class represents the simplest maintenance class
as the components assigned to this class have been

NUCLEAR TECHNOLOGY - VOLUME 00 - XXXX 2023
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identified as not critical to plant production or safety.
Since the components in this class are allowed to run to
a point in time in which maintenance is required to
restore the equipment to proper operation (referred to as
“run to maintenance” condition®"), the only information
available is the time a degraded condition was detected or
a failure occurred that resulted in the generation of the
CM work order to restore component functionality and
condition. For the purposes of estimating the margin for
a particular component under this maintenance regime,
this can be obtained from the difference in time between
when a component was placed in service and the mean
time to failure (MTTF) for a population of similar SSCs
operated under similar conditions, as observed in Fig. 3:

1. data: observed failure times for similar compo-
nents situated within similar boundary condi-
tions (e.g., operational environment and usage)

2. space: time

3. margin: distance between actual operation time
since installation or most recent refurbishment
and the set of observed failure times.

In this and the following subsections, it is noted that the
depictions provided are intentionally simplistic in order to
provide a clear indication of the fundamental concepts.
Additionally, because the concept of margin is time depen-
dent, monitoring the evolution of margin becomes an impor-
tant input to the evaluation and asset management decision
process. For this first category, these SSCs have been deter-
mined to have a negligible impact on plant operation and
safety. Therefore, for this case, the use of MTTF provides
a relatively simple representation of the acceptable perfor-
mance criterion, and estimating the time evolution of margin
for the purposes of decision making is particularly simple
(i.e., reduces to the time since the SSC was last maintained
assuming the MTTF is constant).

l11.B. CBM: Diagnostic

For this (and the following) maintenance class, data
are available that evaluate the condition and performance
of the monitored components. Often the data are available

Margin M

Observed
failures

I
BOL now time

Fig. 3. Margin in a CM context.
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in real time, leading to the capability of performing real-
time component condition and performance assessments.
In this category, the data evaluation approaches are diag-
nostic in nature but limited in the extent to which the
applied monitoring can predict the course of future degra-
dation over time (Fig. 4):

1. data: actual component condition and past con-
dition data for similar SSCs

2. space: component condition (e.g., oil tempera-
ture, vibration spectrum)

3. margin: distance between actual component con-
dition and assessed limiting conditions. Such
limiting conditions can be observed past condi-
tions that lead to failure or specified by compo-
nent technical specification (such as the required
operating point on a pump curve).

Note that in this paradigm, there exists a greater level
of knowledge associated with the current condition of the
monitored SSC as well as an estimate of the conditions
under which performance would be considered unaccepta-
ble and for which corrective actions would need to be
implemented. However, similar to the previous class, the
time at which these conditions would be obtained are
estimated in a manner that possess a high degree of uncer-
tainty (e.g., based on historical experience at the plant or
engineering judgment). Hence, decisions made under this
paradigm will incorporate a greater degree of conservatism
than those that are made under the class in Sec. III.C in
which explicit prognostic models are available to provide
quantitative predictions of the timing and impacts related to
the progress of the observed degradations.

lII.C. PdM: Diagnostic + Prognostic

Similar to the preceding class, data for components in
this maintenance class are available to evaluate their

Component
A limiting condition
ol A
c .9 A
8% Estimated
E § Margin component
&) I condition
o i >
BOL now time

Fig. 4. Margin in a CBM context: evolution of SSC
condition as a function of time and margin definition.
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condition and performance, again often in real time.
However, as described previously, the approaches are
prognostic in nature in this category and can provide an
accurate prediction of the course of future degradation
over time. Therefore, once a degraded performance is
detected for a particular component, the appropriate
action is to apply the relevant models using the given
data to obtain margin predictions for the components and
to integrate these evaluations (including any identified
contingency actions such as the conduct of additional or
more sophisticated, targeted monitoring), as shown in
Fig. 5:

1. data: actual SSC condition, past condition data
for similar SSCs, and predictive model of future
degradation that provides the estimated RUL for
the monitored SSC

2. space: time

3. margin: distance between actual time and esti-
mated RUL.

For components where a prognostic analysis is avail-
able, it is possible to estimate the component’s RUL when
component degradation starts to emerge. Typically, RUL is
quantified in probabilistic terms where a probabilistic dis-
tribution function defined over the time axis ¢ is generated,
RUL~PDFgryy (¢). In such a case, the margin can be esti-
mated using two approaches. The first defines the margin
as M =1— CDFryL(f) where CDFgyp indicates the
cumulative  distribution  function corresponding to
PDFryL. (Note that in this paper, the abbreviation CDFy
with a subscript always should be interpreted as
a cumulative distribution function while the abbreviation
CDF without a subscript is an acronym for core damage
frequency.) The second approach estimates the margin as
the distance between the actual component life and a point
estimate of the RUL distribution (e.g., the fifth percentile).

A graphical representation of the margins for both
approaches is provided in Fig. 6 for an estimated RUL

A Component
limiting condition
< Margin
) R
25
§ S RUL
!
L 2
° ; -
BOL now time

Fig. 5. Margin in a PdM context.
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£ | Estimated RUL |
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g 0.4 1 _—
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0.2 1
0.0

0 2 4 6 8 10 12 14
time [months]

Fig. 6. Margin values obtained from the two proposed
approaches (green and blue lines) given an estimate of
a component’s RUL (red line).

that is normally distributed as shown in red. Note that the
proposed approach updates margin value when compo-
nent health is measured and when a better RUL estima-
tion (i.e., less uncertainty associated with RUL) is
available from the corresponding prognostic model.

IV. NORMALIZED MARGIN

The definitions of margin indicated in the previous
sections are defined over the different spaces that are
reflective of the different maintenance classes and avail-
able data. The goal now is to answer this question: Is
there a way to transform the definitions of margin indi-
cated in Secs. III.A, III.B., and III.C in such a way that
they can be compared? A possible approach is to normal-
ize the margin definitions in Secs. III.A, III.B., and III.C,
where we use a normalized margin M where each margin
is normalized over its specific attributes indicated as

~ M

CM: M= 1

observed failure times ’ (1)
CBM: M = M
" SSC conditions that lead to failure '’
(2)
and

PAM: M =M . 3)
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This normalization results in a standardized evalua-
tion set such thatd < M < 1. WhenM = 1, then the
component is considered healthy; similarly, ifM =0,
then the component is considered failed. Intermediate
cases where M is between these values are indicative of
some level of observed degradation in performance or
condition (more degradation as one approaches 0) and
can be viewed as representing a level that reflects
a normalized estimate of the SSCs RUL. In this frame-

work, Mthus provides a relative assessment criterion that
can be compared across the different maintenance classes
and for which consistent evaluation and decision criteria
can be developed.

IV.A. Examples of Component Margin Estimation

The scope of this section is to provide practical
examples of how component margins can be estimated
using available condition-based data. As indicated in
Sec. III, the margin can be calculated as the distance
between actual and limiting conditions. In practical set-
tings, limiting conditions can be represented by technical
criteria specific to the component. As an example, for
induction motors, oil viscosity may be required to be
below a specified limiting condition to ensure proper
motor function. Hence, the margin can be calculated as
the difference between the specified limiting condition
and the currently measured oil viscosity.

As another example, for centrifugal pumps, typical
degradation processes affect pump mechanical seals.
The pump vibration signal is constantly monitored, and
statistical indicators, such as the root mean square
(RMS), of the signal are determined. In such scenarios,
RMS analyses observed when seals are degraded beyond
their limit are available from the manufacturer for dif-
ferent pump rotation speeds. In this case, an applicable
margin could be defined as the difference between the
manufacturer-specified acceptance level and observed
RMS data.

As another example, cage winding issues for three-
phase induction motors may emerge within a few years
due to premature aging®” and are usually caused by the
degradation of the electrical insulation in the rotor (if
present) and stator windings. In this context, current
signature analysis could be used to detect cage winding
issues. This is performed by identifying two sideband
currents centered around frequencyfs:

f, =sfy, (4)

@ANS



8  MANDELLI et al. - ON THE LANGUAGE OF RELIABILITY

where f| indicates the supply frequency (i.e., 60 Hz) and
s indicates the slip factor. The two sideband currents fg,
are located at (see Fig. 7)

fsb = f] + 2Sf] . (5)

If significant sideband currents I¢, are present (dB
difference between current Iy, at f; and average sideband
fop height < 45 dB), cage winding breaks are likely to
occur. Given this information, the margin can be defined as

~ Iy, — I, ) — 45
M:L——fﬁf—. (6)

As a final example, for motor-driven centrifugal
pumps, the pump vibration signal is constantly monitored
using standard accelerometers, and data for normal and
failed conditions are often available from manufacturers.
Statistical indicators, such as the RMS, of the signal can
be measured. Examples of RMS analyses observed when
seals are degraded beyond their limit for different pump
rotation speeds are given in Ref. 23 and shown in Fig. 8.

In this context, margin M can be defined as

M _ Tdamaged - Tobs 7 (7)

Tdamaged - Tnormal

where T represents the RMS value measured under
difference conditions: normal, damaged, and observed.

2sf, +2sf;
(0. 67Hz) fy (0.67Hz)

Current (dB)

& 2 "_f"

“ 29 dB

______ Eot e

f

m“""“‘ﬁ wrm

"v kp’\« fV v Kivl

Frequency

Fig. 7. Typical current signature analysis where sideband
currents I, are centered around the frequency of the
supply current.”®
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Fig. 8. Vibration data for different mass flow rates and

margin representation provided actual pump conditions
(adapted from Ref. 23).

V. MARGIN-BASED RELIABILITY CALCULATIONS

Current reliability models used in NPP PRAs are based
on Boolean logic structures'? (e.g., ETs and FTs) and are
solved probabilistically using classical probabilistic calcula-
tions applied to the sets, as observed in Fig. 9. Provided a set
A in a sample space S, we can associate a probability value
P(A) to such a set such that0 < P(A) < 1, where P()) = 0
(here () indicates the empty set) andP(S) = 1. From a set
theoretic perspective, it is of interest to measure (in
a probabilistic sense) the probability associated with the
occurrence of both (i.e., the intersection of 4 and B) or either
(i.e., the union of 4 and B) events. In reliability modeling, the
occurrence of both or either events are associated with the
logical AND and OR operators, respectively. While the union
of events maps the region in s covered by both 4 and B, their
intersection maps the overlap region between 4 and B.

Given this, it is possible to calculate the probability of
the union and intersection of two events 4 and B as follows:

A Aand B B
occurred have occurred occurred

N .

S

Fig. 9. Classical set representation of event occurrences.
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P(AUB) = P(A) +P(B) — P(ANB)
P(ANB) = P(AB) - P(B) = P(BJA) - P(A) ’

where P(A|B) indicates the conditional probability of the
occurrence of 4 given that B has occurred.
The goal now is to solve the AND and OR operators

by feeding margin M values. The rationale is to propa-
gate margin values from the component level to the
system level, where the system reliability model is still
represented by classical reliability modeling approaches
(e.g., FTs). We want to assess the margin at a level where
the degraded performance or failures of SSCs would
result in actual consequences to system performance or
economics (i.e., at the system or train level). Note that
a margin value is an observable variable that is based on
available monitoring data for each component. When
such information is propagated to the system level
through classical reliability models, the obtained system
margin value represents an observable variable that repre-

sents system health. Even though the definition of M
results in a value between 0 and 1, it is not appropriate
to interpret margin values as a probability in this
paradigm.

Consider two components, 4 and B. The M for both
components can be visualized in a two-dimensional (2-D)
space, as shown in Fig. 10. Starting with brand new
components (i.e., Ma, Mg = 1), the effect of aging
degradations that affect each can be represented by the
blue line in Fig. 10, which parametrically represents the
combination of the normalized margins (M4 (t), Mg(t))
at a point in time ¢z. Note that if no maintenance (pre-
ventive or corrective) is ever performed on either compo-
nent, this path would move from the coordinates (1,1),
representing components 4 and B at the beginning of life,
to the coordinates (0,0) where both components have

My g

1 0(1’1)

Current margin
forAand B

\

Margin reduction due to
component degradation

o OR operator
M(A OR B) = min(M,, Mz)

A and B failed /

o / L 1 M,
B failed

AND operator
M(A AND B) = dist[(M,, Mg), (0,0))

Fig. 10. Graphical representation of event occurrences
based on a margin framework.
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failed. Similar to the set-based visualization of Fig. 9,
we can identify the following regions in Fig. 10:

1. the occurrence of both failure events when
My =0 and Mg =0 (i.e., the intersection
point between the two axis of Fig. 10)

2. occurrence of either failure event when either
Mj =0
A failure) or Mg = 0 (representative of compo-

nent B failure), which corresponds to a location
on the axis of whichever component has failed.

(representative  of  component

At this point, we can calculate the margin M for
these events. This is accomplished by following the mar-
gin definition by measuring the distance between the
actual condition of components 4 and B and the condi-
tions identified by the event under consideration (e.g., the
occurrence of both or either events),

M(A AND B) = dist[( M4, Mg), (0,0)] 0
M(A OR B) = min(Ma, Ms) ©)

The function dist[X, Y] is designed to calculate the
distance between two points X and Y. Like for any other
n-dimensional continuous space, several distance metrics
can be chosen, as indicated in Table I where the two most
common metrics are shown.

Note that in a setting where margin values decrease
as a function of time, there is an infinite number of ways
to move from actual conditions of components 4 and
B [ie., the point(l\N/IA, K/IB), to the point (0, 0)].
However, the upper bound of such a distance is repre-
sented by the Manbhattan metric,

dist[l\N/IA, K/IB] = 1\~/IA + K/[B(where we note that there
is no need to apply the absolute value convention as
both My, Mg are positive by definition). On the other
hand, the Euclidean metric represents the actual lower

bounddist[1\~/[A, K/IB} =1/ K/IA2 + 1\71}32. Thus, the metric

distance should be selected based on the intended analy-
sis, either conservative (Euclidean metric) or optimistic
(Manhattan metric).

Given these two bounds, which metric should be cho-
sen? This question can be answered by referring to how
condition-based data are collected. From a practical stand-
point, condition-based data are collected from plant compo-
nents on a regular basis (either continuously in time or at
prescribed time intervals). Hence, at any specific time we can
quantify not only the margins for components 4 and B (i.e.,

MA, K/IB), but also how these margin values change over

@ANS
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TABLE I

Example Distance Metrics for Margin Calculations

Name Formula
n
Manbhattan dist[X, Y] = SIX; — Yi|
i=1
Euclidean n

dist[X, Y] = [ (X; — Y;)?

i=1

time (i.e., 2 é\t/l‘* 8 aI:/IB). The margin value for M(A AND B)
can now be better estimated by considering this new
information.

An example of this process can be visualized with
the graphics in Fig. 11, where the margin value for both

components uniformly decreases as a function of time

0 My

(ie.,, —52and 0 My

3t
with time), but where the degradation of component

A occurs at a faster rate than component

are constant and do not change

B (i.e.,® é}’lﬁ <@ al\t/[A ). In such conditions, the temporal

evolution of M, and Mg is represented by the con-
tinuous blue line in Fig. 11. Starting from point «
(where components do not show any degradation, that
is, brand new or recently refurbished to as good as new

M B Component A
£ and B at BOL

/
Components A 1 a
failed at time T, i
peicarards| | MA(t)

Component B
failed at time Ty

o
E)V

attime t + At

‘ Margin values estimated ‘

Fig. 11. Graphical representation of the margin calculation
for M(A AND B) when considering the temporal evolution

of M, and Mg.
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condition components), the blue line progresses up to
actual measured conditions (pointf). Given the estimate

of @ a]\t/[A and 2 a]\tAB, it is now possible to estimate the

progression of M,y and Mg in the future (i.e., dashed
blue line in Fig. 11). This information can be used to

estimate. M(A AND B) using base trigonometry rules
as the length of the segment S0 = By + 0. Note that
this estimate of M(A AND B) is still bounded by the
Euclidean and Manhattan metrics but provides a more
accurate estimate. Last, note that all these distance
operations can be extended from a 2-D to a generic
n-dimensional space. In this analysis, once point 7y is
reached (reflecting the condition where component
B has failed), estimating the time required to reach the
point where both components 4 and B failed now
becomes a one-dimensional problem (only dependent
on the condition of component 4 at the time of the
component B failure and the rate of degradation of
component 4 (which was linear in this simple example).
It is noteworthy that the information used in the margin
approach also provides the capability to estimate the
time required to reach additional failure states that
may be of interest for maintenance planning.

0 0 Mg
o can

Note that the historic information of T and

be used to predict future I\~/IA and K/IB evolutions. As an
example, Fig. 12 shows the historic evolution of M, and

Mg and their predicted evolution based on the derivative
information. The predicted evolution has been calculated by

generating a random walk out of the distribution of

0 Ma

- ot

0 Mg
at ™

poral scale, as indicated in Fig. 13 where, given existing Ma

and Mg data, the value of M(A AND B) using ° a“t’[A and

and . The same information can be plotted on the tem-

0 a]\tAB is calculated (sNee the green line in Fig. 13). The pre-
dicted evolution of M(A AND B) can be calculated given

the predicted evolution of M, and Mg (see the random

walks plotted in red, blue, and purple for K/IA, MB,
and M(A AND B), respectively).

VI. MARGIN-BASED SYSTEM RELIABILITY CALCULATIONS

In the previous sections, we indicated that mar-
gin values can be propagated through Boolean logic
gates (i.e., AND and OR operators). The objective of
this section is to show how the proposed margin-
based operations can be applied to methods that are
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Actual margin M, and Mg

N
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061 Historic evolution
e of M, and Mp
0.4 \
Predicted evolution
0.2 4 of M, and My
0.0 4
0i0 O:Z 0?4 0?6 0j8 ltO

My

Fig. 12. Plot of the historic evolution of MA and K/IB
and their predicted evolution based on the derivative
information.

M(A AND B) using
2.00 Manhattan distance

1.75 1 / M(A AND B) using
/ derivative information

M(A AND B) using
Euclidean distance

Predicted M(4A AND B)
using derivative
information

Predicted My \
21 [ Predicted My /

0.00 1 Past | Future

20123-01 2018-04 2018-07 2018-10 2019-01 2019-04 2019-07 2019-10 2020-01
time

Fig. 13. Plot of the historical and predicted evolution of
(red lined) My, (blue line) Mg, and (green and purple
linesy M(A AND B) based on the derivative
information.

familiar to NPP staff (e.g., FTs). Classically, relia-
bility calculations are performed by completing
these four steps:

1. Construct the system FT.

2. Generate the cut sets and minimal cut sets
(MCSs) from the FT.

3. Assign a probability to each BE.
4. Calculate the probability of the union of the
MCSs (Ref. 15).
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Step 4 is typically time consuming since the probability
of the union of the MCSs involves the calculation of the
probability of the intersection between 1, 2, 3, ..., MCSs as
indicated in Eq. (4), and the current generation of nuclear
plant PRA models possess a very large number of MCSs. In
Sec. V, we showed how margin-based reliability calculations
are not based on classical set theory, but instead on metric
space (i.e., distance-based) operations. Hence, exact solutions
can be obtained extremely fast. More precisely, reliability
calculations using M-based data can be performed by com-
pleting these four steps:

1. Construct the FT. At this point, a FT only con-
tains deterministic information about the architecture of
the system under consideration (i.e., it simply models
how the BEs are related to each other from a functional
perspective).

2. Generate the cut sets and the MCSs from the FT.
As also indicated in step 1, a MCS still represents the
minimal combinations of BEs that lead to the top event.

3. Assign a margin value M to each BE.

4. Calculate M of the union of the MCSs (see also
Sec. IV).

A relevant point here is the fact that personnel directly
responsible for plant operation (i.e., plant operators and sys-
tem engineers) are generally more interested in the possible
ways plant systems can be successfully operated rather than
the ways in which they can fail. This viewpoint also is
typically the way in which plant operations are conducted;
for example, plant emergency operating procedures are struc-
tured to provide alternative paths to achieving a successful
outcome during a plant event with the objective of placing the
plant in a safe and stable condition regardless of the number of
equipment failures that may have occurred. Hence, the view-
point of plant personnel typically occurs within a “success
space” rather than in the “failure space” in which plant PRAs
are performed. Thus, rather than determining system MCSs,
for plant system engineers it is more relevant to obtain the
system path sets.>* Given that a margin value is designed to
quantify the health of plant SSCs, the evaluation of the margin
of a path set (using the same operations described in Sec. V)
provides a system engineer with information about the health
of such a path set.

VIl. RELIABILITY IMPORTANCE MEASURE

As part of system reliability modeling, it is always
important to determine the importance of each BE. In
a PRA setting that evaluates nuclear safety from the
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perspective of CDF and LERF (for LWRs), this process
relies on risk importance measures, > such as Birnbaum
or Fussell-Vesely. Given the different nature of margin
values, it is possible to perform a reliability importance
ranking by relying on a classical sensitivity measure
(derivative based) for each BE defined as follows:

oM
RIMpg = ——>= |
0 Mgg

(10)
where RIM is the reliability importance measure. In
other words, the margin-based RIMpg indicates how
a small variation of the margin Mgg of a particular
BE under consideration directly affects the margin of
the system K/Isys. The semantic RIMgg value can support
system engineer questions, such as what is the added
value of allocating operations and maintenance funds to
reduce the impact of component failure on a BE?
Similarly, RIMggvalues can be used to support future
decisions, such as when would it be most appropriate to
evaluate component BE health status? The first question
is directly answered by RIMpg as follows. If a specific
maintenance operation can restore component margin by
a value ofA Mpgg, then the system margin improves by
a margin quantity equal to I\N/ISyS = RIMgE - A M.
The second question can be answered by measuring

the temporal evolution of a%”—t“ and estimating the

time where Mpgg =0 using the same trigonometry
rules indicated in Sec. V and graphically shown in
Fig. 11.

Note that the definition of Sgg does not account for
any temporal evolution information. However, to address

this aspect of SSC performance, an alternative RIM could
be the following:

RIMpg = —2—

(11)

VIIl. LINK BETWEEN RELIABILITY MODELING
APPROACHES

At this point, it is relevant to present the structural differ-
ences between classical reliability models (i.e., based on
probability of failure) and a margin-based approach. These
differences can be described though a cause-effect lens, as in
Fig. 14. Classical reliability models focus on the effect node
(i.e., to model component failure), whereas component relia-
bility data are used to assess the system failure probability.
Such models are used to monitor plant risk (as currently done
by plant risk monitors) and to set “offline” decisions, such as
setting periodic surveillance and maintenance activities (i.e.,
a preventive maintenance context), or to set the duration of
planned system maintenance outages (either as part of a plant
CRM program or a plant risk-managed technical specification
program).”> In a preventive maintenance context, mainte-
nance and surveillance activities are set on a fixed frequency,
and they are intended to address identified degradation
mechanisms before they can result in a failure. Such fixed
frequency is determined based on past experience of similar
components (e.g., by considering MTTF).

Over the past several decades, plants have been moving
from a reliance on periodic to more comprehensive diag-
nostic and prognostic (i.e., predictive) strategies where the
goal is to only perform intrusive maintenance operations

Probability of failure based
A

g Margin based

2 A

£ I - \
= N

'5 |

% Component | | Cause

(14 health N Yy,

©

©

[a)] Component monitoring
data (e.g., vibration data)

5 N

S v

% * Monitor plant health

8 * Prioritize and schedule

maintenance activities
+ Set health targets

r \

\

Effect |-

\\\ ,/'/

_| Component
failure

Component reliability data
(e.g., 4, recorded events)

—

vV
* Monitor plant risk
+ Set periodic surveillance and
maintenance activities
« Set reliability targets

Fig. 14. Comparison between margin-based and probability of failure—based reliability modeling approaches.
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when needed. Advanced monitoring and data analysis tech-
nologies are essential to support predictive strategies. This
is where margin-based reliability approaches can be applied
to support this type of “online” decision making where,
based on current condition—based data, component health
data are employed to assess component and system health
(i.e., the focus is now shifted to the cause node of Fig. 14).
A margin-based approach focuses on estimating component
health based on available monitoring data. Such an
approach targets directly a maintenance approach where
activities are performed only when needed (i.e., when com-
ponent health is approaching an undesired status).
As a final remark, note the following:

1. The margin value of a component reflects the status
of a component provided actual monitored data.

2. The temporal evolution of a margin value impli-
citly includes all nonlinear behaviors behind component
degradation.

3. Sudden component performance degradation is mir-
rored by an equivalent step decrease of the corresponding
margin value.

IX. EXAMPLE OF SYSTEM RELIABILITY CALCULATION

As an example, consider the very simple system
shown in Fig. 15, which is composed of two redundant
pumps and a motor-operated control valve. For each
component, Table II shows the failure modes, examples
of maintenance tasks to be performed, the related classi-
fication of the maintenance activity, and the data used to
determine the margin associated with each component.
Note that this is intended to be a simplified (textbox-type

ON THE LANGUAGE OF RELIABILITY - MANDELLI et al. 13

Pump 1

Control
valve 1

A

Pump 2

Fig. 15. Simplified reliability model for a two-pump system
with a common flow control valve on the discharge line.

toy) example to demonstrate the approach and does not
include all of the failure mechanisms or planned main-
tenance activities that would be applicable to the SSCs in
this system. In an actual plant application, the systems
and their representative models would be more complex;
however, the basic principles remain applicable.

For this system, the following notations are used for the
five BEs:

1. A: valve failure due to stress corrosion cracking

2. B, D: pump 1 and 2 failure, respectively, due to
bearings failure

3. C, E: pump 1 and 2 failure, respectively, due to
rotor cage winding failure.

The FT for the considered system is shown in Fig. 16
along with the numeric value of M associated with each BE.
The set of MCSs for this FT is{4, BD, BE,CD,CE}. By
applying the rules from Sec. IV for the AND and OR gates
using the data provided in Fig. 12, we obtain the results
displayed in Table III. From these intermediate results, we
calculated M for the top event, M(TE) = 0.5385.

TABLE II

ER Activities and Data for the System Shown in Fig. 15

ER Data Monitoring

cracking of the valve
disk failure

Component Failure Mode Maintenance Activity Margin Data
Pumps (including Pump bearings failure PdM Vibration monitoring Estimated RUL of
motor) with prognostic and pump bearings
diagnostic system
Rotor cage winding CBM Partial discharge test Time from next
degradation and current signature rewinding process

test

Valve Stress corrosion CBM Measure of time to If testing time falls

complete a full-open
to full-close to full-
open surveillance
activity

above 4 s, the
component is
replaced.

NUCLEAR TECHNOLOGY - VOLUME 00 - XXXX 2023
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Fig. 16. Reliability data expressed in terms of the margin
and FT model for the system shown in Fig. 15.
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Given the reliability importance definition in Sec. VII,
a summary of the sensitivities for each BE is provided in
Table IV. Basic events can be ranked by ordering them based
on their RIMgg value (from largest to smallest) as shown in
the table.

The results presented in Table IV indicate that, at the
present time, the pump bearings failure modes for both
pumps (i.e., BEs B and D) are the ones that are most risk
significant. It is important to recognize that these results
reflect the current operational condition of the system com-
ponents (note that different RIMpg values for the bearing
failure mode for the two pumps, which reflect the different
M values indicative of differences in the condition and
performance of these two pumps at the time the measure-
ments were made). This situation is different than what
would normally be encountered in a plant reliability model
(such as a PRA), where average failure values are used so
that the reliability data for these identical components are

TABLE IV
Sgg for the Five BEs Shown in Fig. 16
Failure Mode BE RIMgg
Valve stress A 0
corrosion
cracking
Pump 1 bearings B 0.93
failure mode
Pump 1 motor C 0
rotor cage
winding failure
Pump 2 bearings D 0.41
failure mode
Pump 1 motor E 0
rotor cage
winding failure

generally equal. Also, note that some BEs are characterized
bySgg = 0; this occurs when the BE is dominated by
another BE (in an OR gate) with the lowest margin. This
can be rephrased as improving the margin a BE character-
ized by Sgg = 0 (e.g., BE = C: pump 1 motor rotor cage
winding failure) does not provide any benefit to the overall
system margin since a BE that provides a support function
to the same component (e.g., BE = 4: pump 1 bearings
failure) has a lower margin. From a decision-making stand-
point, maintenance activities related to plant SSCs can use
their calculated Sgg values as an input that provides
a quantitative measure of their impact on system reliability
given their current condition and performance.

X. CONCLUSIONS

In this paper we presented an alternative approach to
reliability modeling by moving from probability of

TABLE III
Margin Calculation for the MCSs Generated by the FT Shown in Fig. 12
MCS Margin
4 M(4) =08
BD T2 L T2
M(BD) =/ M(B)" + M(D)" = 0.5385
BE M(BE) = \/ M(B)* + M(E)* = 0.5830
b M(CD) = \/ M(C)* + M(D)* = 0.6324
CE M(CE) = \/ M(C)* + M(E)* = 0.6708
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occurrence of an event language to margin of occurrence of
an event language. The main goal is to better integrate ER
data in order to assess system health. We still employ current
reliability models (e.g., FTs), but we are deploying
a different calculation engine based on metric spaces rather
than on set theory (typically used in probability of occur-
rence of an event language). The most important point of our
proposed method is how ER data generated by a component
under different maintenance approaches (i.e., CM, CBM,
and PdM) can be used directly to measure the component
margin and support more effective decision making by plant
system engineers. Note that this method is not designed to
be an alternative approach to current PRA methods, but
instead a complementary approach designed for different
kinds of decisions. We are, in fact, aiming to support deci-
sions that target plant resources and asset management
activities, such as work scheduling and project prioritization.

Acknowledgments

This paper has been authored by Battelle Energy Alliance,
LLC under contract no. DE-AC07-05ID14517 with the U.S.
Department of Energy. The U.S. government retains and the
publisher, by accepting the paper for publication, acknowledges
that the U.S. government retains a nonexclusive, paid-up, irre-
vocable, world-wide license to publish or reproduce the pub-
lished form of this manuscript, or allow others to do so, for
U.S. government purposes.

Disclosure Statement

No potential conflict of interest was reported by the authors.

References

1. J. B. COBLE et al., “Prognostics and Health Management
in Nuclear Power Plants: A Review of Technologies and
Applications,” PNNL-21515, Pacific Northwest National
Laboratory (2012).

2. “Equipment Reliability Process Description, Revision 6,”
AP-913, Institute of Nuclear Power Operations (2018).

3. “Requirements for Monitoring the Effectiveness of
Maintenance at Nuclear Power Plants,” 10 CFR 50.65,
United States Code of Federal Regulations (1991).

4. “Industry Guideline for Monitoring the Effectiveness of
Maintenance at Nuclear Power Plants,” NEI 93-01, Rev.
4b, Nuclear Energy Institute (2015).

5. “Monitoring the Effectiveness of Maintenance at Nuclear
Power Plants,” NUREG 1.160, Rev. 4, U.S. Nuclear
Regulatory Commission (Aug. 2018).

NUCLEAR TECHNOLOGY - VOLUME 00 - XXXX 2023

ON THE LANGUAGE OF RELIABILITY - MANDELLI et al. 15

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

. “Safety and Operational

.S. NATHAN and D. KELLY,

Benefits of Risk-Informed
Initiatives,” EPRI 1016308, Electric Power Research

Institute (Feb. 2008).

. “The Nexus Between Safety and Operational Performance

in the U.S. Nuclear Industry,” NEI 20-04, Nuclear Energy
Institute (Mar. 2020).

.S. A. EIDE et al, “Industry-Average Performance for

Components and Initiating Events at U.S. Commercial
Nuclear Power Plants,” NUREG/CR-6928, U.S. Nuclear
Regulatory Commission (2007).

“Bayesian Parameter
Estimation in Probabilistic Risk Assessment,” Reliab.
Eng. Syst. Saf., 62, 1-2, 89 (1998); https://doi.org/10.
1016/S0951-8320(97)00159-2.

R. E. MELCHERS and A. T. BECK, Structural Reliability:
Analysis and Prediction, 3™ ed, John Wiley and Sons,
Hoboken, New Jersey (2018).

R. R. SHERRY, J. R. GABOR, and S. M. HESS, “Pilot
Application of Risk Informed Safety Margin
Characterization to a Total Loss of Feedwater Event,”
Reliab. Eng. Syst. Saf., 117, 65 (2013); https://doi.org/10.
1016/j.ress.2013.03.018.

D. A. DUBE et al., “Application of Risk Informed Safety
Margin Characterization to Extended Power Uprate
Analysis,” Reliab. Eng. Syst. Saf., 129, 19 (2014); https://
doi.org/10.1016/j.ress.2014.04.008.

D. MANDELLI et al, “Industry Use Cases for
Risk-Informed System Health and Asset Management,”
INL-EXT-21-64377, Idaho National Laboratory (2021).

D. MANDELLI et al., “Development and Application of
a Risk Analysis Toolkit for Plant Resources
Optimization,” INL-EXT-20-59942, Idaho National
Laboratory (2020); https://www.osti.gov/servlets/purl/
1691484.

J. C. LEE and N. J. MCCORMICK, Risk and Safety
Analysis of Nuclear Systems, John Wiley and Sons,
Chichester, West Sussex, United Kingdom (2011).

“Maintenance of Records, Making of Reports,” 10 CFR
50.71, Section (h)(2), United States Code of Federal
Regulations (2010).

“Standard for Level 1/Large Early Release Frequency
Probabilistic Risk Assessment of Nuclear Power Plant
Applications,” ASME/ANS RASb-2013, American
Society for Mechanical Engineers/American Nuclear
Society (2017).

N. P. KADAMBI, “Performance-Based (Risk-Informed)
Regulation: A Regulatory Perspective,” Nucl. Technol.,
149, 7, 110 (2005); https://doi.org/10.13182/NT05-A3583.

T. AVEN, Foundations of Risk Analysis, 2nd ed, John
Wiley and Sons, Chichester, West Sussex, United
Kingdom (2012).

@ANS


https://doi.org/10.1016/S0951-8320(97)00159-2
https://doi.org/10.1016/S0951-8320(97)00159-2
https://doi.org/10.1016/j.ress.2013.03.018
https://doi.org/10.1016/j.ress.2013.03.018
https://doi.org/10.1016/j.ress.2014.04.008
https://doi.org/10.1016/j.ress.2014.04.008
https://www.osti.gov/servlets/purl/1691484
https://www.osti.gov/servlets/purl/1691484
https://doi.org/10.13182/NT05-A3583

16

20.

21.

22.

23.

MANDELLI et al. - ON THE LANGUAGE OF RELIABILITY

E. ZIO and M. COMPARE, “A Snapshot on Maintenance
Modeling and Applications,” Marine Technol. Eng., 2,
1413 (2013).

“High-Cost,  Noncritical =~ Preventive = Maintenance
Reduction,” Efficiency Bulletin 16-16, Nuclear Energy
Institute (2016).

G. C. STONE et al., “Electrical Insulation for Rotating
Machines: Design, Evaluation, Aging, Testing and Repair,
2nd ed, IEEE Press (2014).

Y. LUO et al, “Analysis of Vibration Characteristics of
Centrifugal Pump Mechanical Seal Under Wear and Damage
Degree,” Vib. Control Fluid Mach. and Syst., 2021 (2021).

@ANS

24. R. YOUNGBLOOD,

25.

26.

“Risk Significance and Safety
Significance,” Reliab. Eng. Syst. Saf., 73, 2, 121 (2001);
https://doi.org/10.1016/S0951-8320(01)00056-4.

“Risk-Informed Technical Specifications Initiative 4b—
Risk Managed Technical Specifications Guidelines,” NEI
06-09, Rev. 0-A, Nuclear Energy Institute (2006).

I. CULBERT, R. LLOYD, and G. STONE, “Relative
Merits of Off-Line and On-Line Testing of Rotating
Machine Stator and Rotor Windings,” PCIC Europe LO-
101, Iris Power (June 9, 2015); https://irispower.com/learn
ing-centre/relative-merits-off-line-line-testing-rotating-
machine-stator-rotor-windings/.

NUCLEAR TECHNOLOGY - VOLUME 00 - XXXX 2023


https://doi.org/10.1016/S0951-8320(01)00056-4
https://irispower.com/learning-centre/relative-merits-off-line-line-testing-rotating-machine-stator-rotor-windings/
https://irispower.com/learning-centre/relative-merits-off-line-line-testing-rotating-machine-stator-rotor-windings/
https://irispower.com/learning-centre/relative-merits-off-line-line-testing-rotating-machine-stator-rotor-windings/

