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ARTICLE INFO ABSTRACT
Article history: Components of nuclear power plants do not always have historical failure data to
Received 22 October 2014 probabilistically evaluate their reliability characteristics. To overcome this
Received in revised form 24 June 2015 drawback, an alternative approach has been proposed by involving experts to
Accepted 29 June 2015 qualitatively justify basic event likelihood occurences. However, expert judgments
always involve epistemic uncertainty and this uncertainty needs to be quantified.
Keywords: Existing fault tree analysis quantifies uncertainty using Monte Carlo simulation,
Uncertainty analysis which is based on probability distributions. Since expert judgments are not
Fuzzy probability algorithm described in probability distributions, Monte Carlo simulation is not appropriate for
Fuzzy multiplication rule evaluating epistemic uncertainty. Therefore, a new approach needs to be developed
Fuzzy complementation rule to overcome this limitation. This study proposes a fuzzy probability algorithm to
AP1000 long term cooling system evaluate epistemic uncertainties in fault tree analysis. In the proposed algorithm,

fuzzy probabilities are used to represent epistemic uncertainties of basic events,
intermediate events, and the top event. To propagate and quantify epistemic
uncertainty in fault tree analysis, a fuzzy multiplication rule and a fuzzy
complementation rule are applied to substitute the AND Boolean and OR Boolean
gates, respectively. To see the feasibility and applicability of the proposed
algorithm, a case-based experiment on uncertainty evaluation of the AP1000 long
term cooling system to mitigate the large break loss of coolant accident is discussed.
The result shows that the best estimate probability to describe the failure of AP1000
long term cooling system generated by the proposed algorithmis 3.15x10"", which
is very closed to the reference value of 1.11x107'". This result confirms that the
proposed algorithm offers a good alternative approach to quantify uncertainties in
probabilistic safety assessment by fault tree analysis.
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INTRODUCTION passive safety systems function based on gravity,
convection, condensation, and heat circulation [4-6].

on the previous generation of the Westinghouse Through the implementation of those passive safety
AP600 by significantly increasing the power systems, high reliability, human error minimization,

generation from 600 MWe to 1000 MWe simplification and easy modularization can be
The United States Nuclear Regulatory Commission ach1evgd [5’,7]' However, p assive §afety systems
(US-NRC) and the European Utility Requirement may still fail due to the possibility of'a fals.e
have certified the AP1000 as a generation I+ response to the physical p henf)m.er.lon which it is
nuclear power plant [1,2]. The AP1000 design is the base,d on.f Therefore, ,Hle rghablll)lty Olf Al;lOOO
first commercial nuclear power plant (NPP) design passive safety system still needs to be evaluated,

NP . The loss-of-coolant accident (LOCA) is
which implements passive safety systems [3]. Those defined as an accident in which coolant is freely

. ' discharge from the reactor primary system.
Corresponding author. : Meanwhile, a large break LOCA is a design
E-mail address:purba-jh@batan.go.id X . .

DOL: http://dx.doi.org/10.17146/aij.2015.417 basis accident for pressurized water reactors

The Westinghouse AP1000 is designed based
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(PWRs) [7,8]. The AP1000 design provides three
passive safety systems to mitigate the large break
LOCA, i.e. injection system by accumulator (Al),

low pressure injection system (LPI) which
injects water from in-containment refuelling
water storage tank (IRWST), and long
term cooling system (LTCS) which injects
water from  passive containment cooling

water storage tank (PCCWST) [9]. A number of

valves, which will be automatically actuated
to their safeguard positions when they
lose  power or receive an  actuation
signal, are aligned to those three passive

safety systems.

Since the AP1000 is still under construction
[6,10,11], historical failure data is still unavailable
to statistically estimate basic event probabilities.
Hence, the reliability of the AP1000 passive
safety systems has to be studied by a fault tree
analysis (FTA) using generic data [9,12-14].
Unfortunately, due to the use of those generic data,
analysis results will not confirm the real
performance of the AP1000 passive safety systems.

To overcome this limitation, Purba and
Sony Tjahyani [15] have utilized experts to
qualitatively  justify  basic event reliability
characteristics of the AP1000 safety systems.
Due to imperfect knowledge or incomplete
information, epistemic uncertainties are always
involved in experts judgements [16]. Zhou
et al. [14] acknowledged that uncertainties in
FTA need to be evaluated to achieve more
reliable results.

Conventional FTA evaluates uncertainties
using Monte Carlo Simulation. However,
since Monte Carlo simulation is based on
probability distribution, this technique is not
appropriate for evaluating epistemic uncertainties
raised in expert judgments, which do not
come with probability distributions [17,18].
The motivation of this study is how to
evaluate epistemic uncertainties in reliability
study of the AP1000 passive safety systems
due to the involvement of experts in the basic
event reliability evaluations. Therefore, a fuzzy
probability algorithm is developed by introducing
fuzzy probabilities and fuzzy combination
rules into fault tree analysis. Two aspects of
originalities of this study are (1) an introduction of
fuzzy probabilities into fault tree
analysis to describe the occurrence likelihoods

of basic events, intermediate events and
the top event; and (2) a substitution of
Boolean  algebra by fuzzy  combination
rules to quantify fault trees. This study is
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the further development of our
studies in [15,19].

previous

THEORY

Expert elicitation

Expert elicitation can be defined as a
structured process to formalize and quantify an
uncertain quantity due to the limitations in the data
or when such data is unattainable because of
physical constraints or lack of resources [20,21].
This elicitation technique consists of three parts,
i.e. experts whose expertises are related to
the field being studied, justification on the event
occurrence likelihoods, and analysts who will
use the expert judgements. The expert elicitation
process may integrate empirical data with scientific
judgment and identify a range of possible
likelihoods.

To properly characterize various factors
that contribute to the overall uncertainty in the
expert judgments, expert elicitation should be
done in a panel but every individual expert in
the panel should be elicited separately using
a standardized protocol. Hence, the most
robust picture of uncertainties can be achieved.
To minimize a very wide spectrum of
responses, experts to be elicited should be
properly selected. Cooke et al. [22] recommended
three indicators to select the most capable
experts, i.e. number of scientific publications,
recommendations from a wide range of experts,
and  experiences  with  previous  similar
studies. By scoring each criteria and summing
up the total score, the experts whose expertise
are more relevant to the study what it is intended for
will be properly selected.

Unfortunately, in real-world applications,
the experts may have different levels of expertise,
backgrounds, and working experiences.
Moreover, different scientific intuition and
ability to integrate information with theories
can also play critical roles in expert judgments.
Therefore, experts could have different judgments
on a same event. To accommodate these
different judgments, it is important to aggregate
those judgments into a single value to find a
consensus.

Combining expert judgments requires
relative weights of individual experts to each
other. Different justification weights from 0
to 1 may be assigned to every expert to
represent  their  credentials, credibility, or
competency. An expert with a  weight
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of 1 is the most credible,
with a lower weight is
less credible.

Cooke and Goossens [23] have formulated
two key performance-based indicators, i.e.
calibration and informativeness, to weight selected
experts. For calibration process, ‘seed variables’
need to be provided in advance. Seed variables are
variables whose values have been already known to
the safety analysts but at the time of assessment the
experts do not know those values. Using several
calibration questions, the probabilities of experts to
correctly answer the questions can be drawn and
weight can be properly given to each expert.
It is also important to note that the seed variables
and the calibration questions must be as close as
possible to the problems that the study is intended
to solve [24].

while an expert
deemed to be

CALCULATION METHODS

Fuzzy probability algorithm

A fuzzy probability algorithm is proposed in
this study to evaluate epistemic uncertainty of the
AP1000 long term cooling system to mitigate large
break LOCA. The algorithm introduces fuzzy
probabilities and fuzzy combination rules into fault
tree analysis. A fuzzy probability is a membership
function of fuzzy numbers used to describe the
occurrence likelihood of an event. In this proposed
fuzzy probability algorithm, fuzzy probabilities are
represented by triangular fuzzy numbers and used
to describe the likelihood of the occurences of basic
events, intermediate events, and the top event. To
quantify the system fault tree, two fuzzy
combination rules, i.e. a fuzzy multiplication rule
and a fuzzy complementation rule, are introduced.
A fuzzy multiplication rule quantifies the output
of an AND Boolean gate, while a fuzzy
complementation rule quantifies the output of an
OR Boolean gate. The probability of the top event is
then generated from the calculated top event fuzzy
probability using a logarithmic function. The
proposed fuzzy probability algorithm consists of
three main steps. Each step is explained in
details below.

Step 1: Generating basic event fuzzy probabilities

The objective of this step is to generate best
estimate, lower bound, and upper bound fuzzy
probabilities of basic events. To realize this
objective, we have developed a set of seven failure
possibilities to qualitatively describe the occurrence
likelihoods of basic events related to the operation

of nuclear power plants [25]. This set and its
corresponding fuzzy probabilities are shown
in Table 1.

Table 1. Failure possibilities and corresponding fuzzy
probabilities [25]

Failure possibilities Fuzzy probabilities

Very Low (VL) tty; (x) =(0.00,0.04,0.08)
Low (L) 4y (x)=(0.07,0.13,0.19)
Reasonably Low (RL) gy (x)=(0.17,0.27,0.37)
Moderate (M) 11y (x)=(0.35,0.50,0.65)
Reasonably High (RH) ey (x)=(0.63,0.73,0.83)
High (H) 1y (x)=(0.81,0.87,0.93)
Very High (VH) tyyy (x)=(0.92,0.96,1.00)

In this step, experts, who have been selected
and properly weighted using the elicitation
technique described in the previous section,
individually charaterize a failure possibility of a
basic event by responding to, for example, :

What is the failure possibility of basic event e?
Is it very low, low, reasonably low, moderate,
reasonably high, high, or very high?

Using Table 1, the n failure possibilities given
by n experts to a basic event e are then converted
into their n corresponding fuzzy probabilities.
Finally, the best estimate, lower bound, and upper
bound fuzzy probabilities of basic event e are
calculated as follows:

Step 1.1: Best estimate fuzzy probability calculation

The best estimate fuzzy probability of basic
event e, which is represented by superscript
b, is calculated by aggregating those n fuzzy

probabilities  into  one  fuzzy  probability
using (1).
b _\7n
HC) = 275 iy (wy x iy () (1)

where w; is the weight of the j” expert, pij (x)
is the " fuzzy probability in Table 1 given
by the j” expert to basic event e, 7 is the number of
fuzzy probabilities in Table 1, and n is the number
of experts in the panel. w; and p;;(x) in (1)
must meet properties defined in (2) and (3),
respectively.

OSWjS1;2?=1Wj=1 ()

i (x) € {.uVL (), py, (), pry, (), ppg (x),

st (O, s (), i () Jo
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Step 1.2: Lower bound fuzzy probability calculation

The lower bound fuzzy probability of
basic event e is generated using the lowest
fuzzy probability from the n fuzzy probabilities
assigned to basic event e as defined in (4).

7n

ﬂé (x) = min{uij (x)}i:1;j:1 “)

Step 1.3: Upper bound fuzzy probability calculation

The wupper bound fuzzy probability of
basic event e is generated using the highest
fuzzy probability from the n fuzzy probabilities
assigned to basic event e as defined in (5).

7;n

pl (x) = max{u;(x)} )

i=1;j=1

If a fault tree of the safety system being
evaluated has m basic events, then the m best
estimate fuzzy probabilities, the m lower
bound fuzzy probabilities, and the m upper bound
fuzzy probabilities will then be generated
in this step.

Step 2: Propagating fuzzy probabilities from basic
events to the top event

The objective of this step is to quantify each
subtree from leave nodes to the top event.
A subtree is a simple fault tree which consists of
two or more inputs (e;, ey, €3, ...,e,), one output (ey)
and one Boolean gate (an OR gate or an
AND gate).

The output of an OR Boolean gate and
an AND Boolean gate of a subtree can be quantified
using a fuzzy complementation rule and
a fuzzy multiplication rule, respectively, as shown
in (6-7).

.ueo(x) =1- ?:1{1 - #ei(x)} (6)

He, () = 17y pe, (x) (7

where n is the number of input events.

In this step, equations (6-7) are repeatedly
used to quantify sub trees from basic
events throughout the system fault tree until
the best estimate, lower bound and upper
bound fuzzy probabilities of the top event,

ie., u? (x), uh(x), and p¥(x), are obtained.
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Step 3: Converting the top event fuzzy probability
into a probability

The objective of this step is to generate the
best estimate, lower bound and upper bound
probabilities to describe the failure of the top event,

ie. P{?, Pk and P} from its corresponding fuzzy
probabilities 2 (x), pb(x) and p¥(x), which have
been generated in Step 2, using (8) [25].

L R.#0

1-Rg 1/3 ’ $
Py = . [ = ] x2.301 (8)

0, R, =0

where Rj is the reliability score of the top event.

An area defuzzification technique has been
specifically developed for NPP safety assessment by
using fuzzy fault tree analysis to decode a fuzzy
probability into a reliability score [26]. The Rs of

fuzzy probability u(x) = (x1,%x3,x3) can be
calculated using (9).
Rs = 1—18 (4xq + x5 + x3) )

where x;, x, and x; are, respectively, the left support,
the core, and the right support of the membership
function representing a fuzzy probability.

Problem description

A large break LOCA is defined as a pipe
rupture of a total cross-sectional area of equal to or
greater than 0.09 m® of the reactor primary cooling
system. In the AP1000, the three passive safety
systems to mitigate the large break LOCA are an
injection system by accumulator (AI), a low
pressure injection system (LPIS) and a long term
cooling system (LTCS) as shown by the event tree
in Fig. 1 [9].

Large
reak

Al LrIS LTCS Final State

Fig. 1. The event tree to mitigate the AP1000 large
break LOCA.
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Figure 1 shows that a large break LOCA in
the AP1000 can be successfuly mitigated if
the LTCS functions properly as expected.
To successfully perform its function, the LTCS
involves a residual heat removal system
recirculation (RHRSR) and a long term cooling
passive system (LTCPS). Meanwhile, the success of
the LTCPS depends on the success of the low
pressure passive injection line (LPPI) and the
containment cooling passive system (CCPS) [9].
The schematic diagram of the LTCS is shown in
Fig. 2. Meanwhile, the schematic diagram of CCPS
is given in Fig. 3. Due to the complexity of the
LTCS fault tree, this fault tree is presented in Fig. 4
and Fig. 5. Since there are actually two lines in the
LTCS but Fig. 2 only shows one line, V}, in Fig. 4
and Fig. 5 means the valve V; of the line k.
Therefore, Vs in Fig. 4 is the valve Vj in Fig. 2 of
the first line. Similarly, V55 in Fig. 4 is the valve V;
in Fig. 2 for the second line.

Rotidaw Hew
Mawwrvel Byviers

1
Ai:\
A
Vord
Y =60
E——

Fig. 2. The schematic diagram of the LTCS.
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Fig. 3. The schematic diagram of the CCPS.
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Fig. 4. The LTCS fault tree.
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Fig. 5. The LTCPS fault tree.

The epistemic uncertainty of the LTCS to
mitigate the AP1000 large break LOCA is then
evaluated using the proposed fuzzy probability
algorithm described in the previous Section.

RESULTS AND DISCUSSION

This section mathematically illustrates the
quantification process of the proposed fuzzy
probability algorithm and discusses the results to
confirm its feasibility and applicability to the
evaluation of uncertainty in fault tree analysis.

Step 1: Generating basic event fuzzy probabilities

From the LTCS fault tree given in Figure 4, it
can be seen that there are 26 basic events which
need to be evaluated by experts by describing their
failure possibilities using the set of seven failure
possibilities given in Table 1. For simplification
purposes, let us assume that seven experts with the
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same level of expertise have been selected using the
elicitation technique described in the previous
section as denoted below.

1
W:{Wl=7 |l:1,2,,7}

This number of experts has been properly
implemeted in nuclear power plant safety
assessment involving experts [15,19]. Those
seven selected experts are then asked to
qualitatively characterize the occurrence likelihoods
of those 26 basic events. For example,
those seven experts have characterized the
occurrence likelihoods of basic event RHRS; as
Moderate, High, Reasonably High, High, High,
High, Reasonably High. Therefore, the set of fuzzy
probabilities describing the likelihood occurences of
basic event RHRS; can be denoted as follows:

HURHRS, (x) =
{um (), 1y (), e (), g (), gy (20, gy (20, ppp () }

The occurrence likelihoods of other basic
events are given in Table 2 and their corresponding
fuzzy probabilities are shown in Table 3.

Table 2. Failure possibilities of the LTCS fault tree evaluated
by experts

Basic Failure possibilities subjectively justified by expert

events

e e ez (2] es (73 (%4

Vi RL RL RL RL RL RL RL

Viz RL M RL RL RL RL RL
Vis RL M RL RL RL RL RL
\ 47 RL M M RL RL RL M
Vis RL M M RL RL RL M
Vis RL RL M RL RL M RL
Viz M M M RL M RL M
Vis RL M RL RL RL RL RL
Vio M M M RL M RL M
Vo RL RL RL RL RL RL RL
V2 RL M RL RL RL RL RL
Va3 RL M RL RL RL RL RL
Vau RL M M RL RL RL M
Vas RL M M RL RL RL M
Vas RL RL M RL RL M RL
Vo M M M RL M RL M
Vas RL M RL RL RL RL RL
Va9 M M M RL M RL M
RHRS, M H RH H H H RH
RHRS; M H RH H H H RH
MOV, RL RL RL RL RL RL RL
MOV, RL RL RL RL RL RL RL
MOV; RL RL RL RL RL RL RL
AOV, M RL M RL M RL M
AOV; M RL M RL M RL M

AOV; M RL M RL M RL M
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Table 3. The set of basic event fuzzy probabilities

Basic
events

Set of fuzzy probabilities

Vi
Viz
Viz
Vi
Vis
Vis
Viz
Vis
Vie
Va
Va2
Vas
Vau
Vas
Vas
Var
Vas
Vag
RHRS,
RHRS,
MoV,
MOV,
MOV;
A0V,
A0V,

AOV;

By, (0) = {upy (), prr (), ppp, (), pr (), pre (), pp (), 1y ()}
vy, () = {up, (), pag (0, prrp, (), ppp (), prr (%), pipp (%), pp ()}
Hvy, () = {ppy, (), pag (), ppr, (), ppe (), e (), b (30), i ()}
By, (00) = {upp (), pag (), g (), e (%), g (), pp (), pas ()3
Hrys () = {upr G0), pag (), pag (), i (), e (), b (30), tag ()}
i () = {ptrr (O, ptrp (), tag (), pr (0, hrp, (), pag (5, per ()}
Hy, () = {par (), pag (), g (), trp (%), ping (30, i, (), ping ()}
By (0) = {ppy (), pag (), tpr, (), pre (%), e (), b (30), e ()}
gy (0) = {par (), pag (0, g (), trp (%), ping (30, i, (), pns ()}
Hry, () = {ppy (0), re (), e (), e (), e (), e (%), e (X0}
By, (1) = {ppy (), pag (), iy (), e (%), by (), s (), s ()}
By (1) = {ptpy (), pag (), iy, (), e (%), e (), i (), s ()}
Hyy, () = {upy (o), pag (), pag (), ppy (), e (), b (50), tag ()}
Hrys (1) = {upy (0, pag (), pag (), ppy, (), e (), b (50), tag ()}
iy () = {ptgy, (), ppr, (), pag (%), pr, (), iy, (3, pag (), it (1)}
Hyy, (0) = {pag (o), pag (), pag (), e, (), g (), ey, (), pag ()}
By () = {tpp, (), pag (), prrp, (), ppy (), gy (), pipp (%), iy ()}
e () = {pag (), pag (), g (), tp, (%), ping (30), 1, (), ping ()}
Hrirs; () = {ptng (0, pry (), g (0), iy (), g (), gy (), e ()}
Hrirs, () = {tng 0, pty (), e (0), iy (), g (), gy (), pr ()}
tuov, () = (e (), rr (), ey (%), e (), g (), gy (), g ()}
tuov, () = {igr (), rr (), ey (%), e (), g (), g (), gy ()}
Hmov, () = s, (), ptre (0, bre, (0, e, (), e (6), pae, (), gy, ()}
aov, (00) = {ptng (), piry, (), g (%), py, (), g (%), py, (%), g ()3
aov, () = {ptn (), ptrp, (), g (%), py, (), g (%), py, (%), g ()3

Raov, (x) = a0, R (), piag (), g, (), piag (), e, (), pipg ()}

Step 1.1: Best estimate fuzzy probability calculation

Using (1), the best estimate fuzzy probability

of basic event RHRS, is calculated as follows:

MgHRsl (x) = % X (IJM (x) + py (x) + ppy (x) +

p () + () + py(x) + .URH(X)) =
(0.69,0.78, 0.86).

Using the same procedure, the best estimate

fuzzy probabilities for other basic events can be
generated and the results are presented in Table 4.

Step 1.2: Lower bound fuzzy probability calculation

Using (4), the lower bound fuzzy probability

of basic event RHRS) is then generated as folows:

7
hirs, () = min {ppprs, (O] _ = uy o).

i=
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Using the same procedure, the lower bound
fuzzy probabilities for other basic events can be

generated and the results are presented in Table 4.

Table 4. Basic event lower bound, best estimate and upper
bound fuzzy probabilities

Basic Lower bound fuzzy

events probability

Best estimate fuzzy

probability

Upper bound fuzzy
probability

Vie iy, (0 = (0.17,0.27,037) uf,, () = (0.17,0.27,037) () = (0.17,0.27,0.37)
Vi uhy, () = (0.17,0.27,0.37) b, () = (0.20,0.30,0.41) i, () = (0.35,0.50,0.65)
Vis uhy, () = (0.17,0.27,0.37) b, () = (0.20,0.30,0.41) i, () = (0.35,0.50,0.65)
Vis i, () = (0.17,0.27,0.37) b, () = (0.25,0.37,0.49) i, () = (0.35,0.50,0.65)
Vis  p(x) = (0.17,0.27,0.37) b, (x) = (0.25,0.37,0.49) () = (0.35,0.50,0.65)
Vis by () = (0.17,0.27,0.37) b, () = (0.22,0.34,0.45) (%) = (0.35,0.50,0.65)
Vi, (0 = (0.17,0.27,037) b, (x) = (0.30,0.43,0.57) i, () = (0.35,0.50,0.65)
Vis i, () = (0.17,0.27,0.37) b, () = (0.20,0.30,0.41) A, (x) = (0.35,0.50,0.65)
Vie  p,(x) = (0.17,0.27,0.37) b, () = (0.30,0.43,0.57) i, () = (0.35,0.50,0.65)
Var uhy, () = (0.17,0.27,0.37) b, () = (0.17,0.27,0.37) i, () = (0.17,0.27,0.37)
Vi b, () = (0.17,0.27,0.37) ub,, () = (0.20,0.30,0.41) ui,, (x) = (0.35,0.50,0.65)
Vi by, () = (0.17,0.27,0.37) b, () = (0.20,0.30,0.41) Hi,, (x) = (0.35,0.50,0.65)
Vag b, () = (0.17,0.27,0.37) b, () = (0.25,0.37,0.49) ui,, (x) = (0.35,0.50,0.65)
Vs s () = (0.17,0.27,0.37) b, (x) = (0.25,0.37,0.49) i, (x) = (0.35,0.50,0.65)
Vi ity (0) = (0.17,0.27,037) b, () = (0.22,0.34,0.45) i, () = (0.35,0.50,0.65)
Vir b, (x) = (0.17,0.27,0.37) b, () = (0.30,0.43,0.57) ui,, (x) = (0.35,0.50,0.65)
Vas ity (0) = (0.17,0.27,0.37) b, () = (0.20,0.30,0.41) i, () = (0.35,0.50,0.65)

Vao

by () = (0.17,0.27,0.37)

ub,, () = (0.30,0.43,0.57)

i, () = (0.35,0.50,0.65)

RHRS;  Whyps, (¥) = (0.35,0.50,0.65)  pif s, (x) = (0.69,0.78,0.86)  Mitugs, (¥) = (0.81,0.87,0.93)

RHRS;  [thyips, () = (0.35,0.50,0.65)  pubyps () = (0.69,0.78,0.86) My, (*) = (0.81,0.87,0.93)

MOV oy, () = (0.17,0.27,0.37) Hiror, () = (0.17,027,0.37)  Hyov, (x) = (0.17,0.27,0.37)

MOV oy, () = (0.17,0.27,0.37) Hhroy, () = (0.17,0.27,0.37)  Kior, () = (0.17,0.27,0.37)

MOV oy, (x) = (0.17,0.27,0.37) Hirov, () = (0.17,027,0.37)  Hyov, (x) = (0.17,0.27,0.37)

A0V oy, () = (0.17,0.27,0.37) Hhoy, () = (0.27,0.40,053) Koy, () = (0.35,0.50,0.65)

AOV: oy, () = (0.17,0.27,0.37) Hhov, () = (0.27,0.40,0.53)  Whoy, () = (0.35,0.50,0.65)

AOV; oy, () = (0.17,0.27,0.37) Hhoy, () = (0.27,0.40,053) Koy, () = (0.35,0.50,0.65)

Step 1.3:Upper bound fuzzy probability calculation
Using (5), the upper bound fuzzy probability

of basic event RHRS, is generated as follows:
" 7
HRHRS, (x) = max {.uRHRsli(x)}i=1 = uy ().

Using the same procedure, the upper bound
fuzzy probabilities for other basic events can be
generated and the results are presented in Table 4

The final results of this step are 26 best
estimate fuzzy probabilities, 26 lower bound fuzzy
probabilities and 26 upper bound fuzzy probabilities
as shown in Table 4. Those values represent the
occurrence likelihoods of the 26 basic event of the
LTCS fault tree presented in Fig. 4.

Step 2: Propagating fuzzy probabilities from basic
events to the top event.

This step is to illustrate how the output
of the OR gate and the AND gate are to be
quantified. For this purpose, the fuzzy probabilities
of the intermediate event RecL;; fail in Fig. 4 and
the intermediate event IL; fail in Fig. 5 are
calculated. Each intermediate event will have
a best estimate fuzzy probability, a lower bound
fuzzy probability, and an wupper bound fuzzy
probability.

Using (6), the best estimate fuzzy probability
of intermediate event RecL;; fail is calculated as
follows:

RecL”fail = V16 + V17
”}gecLllfail (x)=1- {(1 - #11316 (x)) X
(1-ub,(0)} = (0.4539,0.6242,0.7635).

Using the same procedure and applying the lower
bound and upper bound fuzzy probabilities of basic
events Vs and V,;, the lower bound and the upper
bound fuzzy probabilities of intermediate event
RecL;; fail can be generated. The lower bound and
the upper bound fuzzy probabilities of the RecL;;
fail are y,lzeanfail(x) = (0.3111,0.4671,0.6031)
and pigecr, . rqi (%) = (0.5775,0.7500,0.8775),

respectively.

Meanwhile, using (7), the best estimate fuzzy
probability of intermediate event IL; fail is
calculated as follows:

Ilil fall = L,,fail X L]zfail

#?Ll fair(X) = #fnfaiz (x) X #flzfaiz(x) =
(0.1556,0.3134,0.4887).

Using the same procedure and applying the lower
bound and upper bound fuzzy probabilities of
intermediate events L;;fail and L;, fail, the lower
bound fuzzy probability and the upper bound fuzzy
probability of intermediate event IL; fail can be
generated and those fuzzy probabilities are found
to be ,u}Llfa”(x) = (0.0968,0.2182,0.3637) and
y}‘Ll rait(®) = (0.3335,0.5625,0.7700),
respectively.

By using (6) and (7) repeatedly to quantify
the output of each Boolean gate in the LTCS fault
tree, the best estimate, the lower bound, and the
upper bound fuzzy probabilities of the other
intermediate events, including the top event
of the LTCS fault tree, can be generated as shown
in Table 5.
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Table 5. Intermediate and top event fuzzy probabilities

Events Lower prund fuzzy Best esl_imale fuzzy Upper pqund fuzzy
probability probability probability
Ly fail MLy pan() = (0.3111,0.4671,0.6031) P (x) = (0.3945,0.5598,0.6991) 1t rair(x) = (0.5775,0.7500,0.8775)
Ly fail U, fai @) = (0.3111,0.4671,0.6031) 1P ran(x) = (0.3945,0.5598,0.6991) 1y rai @) = (0.5775,0.7500,0.8775)
IL; fail thr, rau(@) = (0.0968,0.2182,03637) 1, ain() = (0.1556,0.3134,0.4887) uls, pan() = (0.3335,0.5625,0.7700)
ILS, fail HiLs, fair(®) = (0.2503,0.4293,0.5992) u};le fraun(x) = (0.2992,0.4988,0.6779) Hits, rair(¥) = (0.4468,0.6806, 0.8551)
Ly fail My, pau() = (0.3111,0.4671,0.6031) P (x) = (0.3945,0.5598,0.6991) 1t rain(x) = (0.5775,0.7500,0.8775)
Lo, fail Ui, rai () = (0.3111,0.4671,0.6031) 1P ran(x) = (0.3945,0.5598,0.6991) 1t rau ) = (0.5775,0.7500,0.8775)
IL; fail Hir, rau (@) = (0.0968,0.2182,03637) 1, ain() = (0.1556,0.3134,0.4887) Ui, ran() = (0.3335,0.5625,0.7700)
ILS; fail HiLs, fair(®) = (0.2503,0.4293,0.5992) H?LSZ fraun(x) = (0.2992,0.4988,0.6779) Hits, Fair(¥) = (0.4468,0.6806, 0.8551)
LPPI fail Hippr fair(x) = (0.0627,0.1843,0.3590) Woopr fair(X) = (0.0895,0.2488,0.4596)  Hiippy rain(*) = (0.1996,0.4633,0.7312)
CCPSL; fail HEcpst, fair (%) = (0.3111,0.4671,0.6031) u?cml fau(x) = (0.3965,0.5630,0.7039)  Hccpst, fair () = (0.4605,0.6350,0.7795)
CCPSL, fail Becpstypan(®) = (0.3111,0.4671,0.6031)  ulpg;. c0u(x) = (0.3965,0.5630,0.7039)  Kéicpsi, fain(¥) = (0.4605,0.6350,0.7795)
CCPSL; fail HEcpsi, fair (%) = (0.3111,0.4671,0.6031) ugcmg fau(x) = (0.3965,0.5630,0.7039)  Hccpst, fair () = (0.4605,0.6350,0.7795)
CCPS fail Hécps ran(x) = (0.0301,0.1019,02194)  plips rqu(x) = (0.0623,0.1785,0.3488)  pécps pau(¥) = (0.0977,0.2561,0.4736)
LTCPS fail #ircpsmn(X) = (0.0019,0.0188,0.0787) ufrcpsfa”(x) = (0.0056,0.0444,0.1603)  Uircps fair(x) = (0.0195,0.1186, 0.3463)
RecL, fail Hkectyyran®) = (0.3111,0.4671,0.6031)  pb, . 0u(x) = (0.4539,0.6242,0.7635)  Kkect,, raun(¥) = (0.5775,0.7500,0.8775)
RecLy, fail Hkectyran@) = (0.3111,04671,0.6031)  pb,.;  qu(x) = (0.4539,0.6242,0.7635)  Hkect,,raun(®) = (0.5775,0.7500,0.8775)
Rec fail Bhec,ran(®) = (0.0968,0.2182,03637)  uB,, ra(x) = (0.1978,0.3780,0.5698)  Hfec, rau(*) = (0.3335,0.5625,0.7700)
RecL;; fail Hkectyran@®) = (0.3111,0.4671,0.6031)  pb,.; rqu(x) = (0.4539,0.6242,0.7635)  Kect,,raun(®) = (0.5775,0.7500,0.8775)
RecLy, fail Hkectyyran®) = (0.3111,04671,0.6031)  pb, . 0q(x) = (0.4539,0.6242,0.7635)  Kkect,,faun(¥) = (0.5775,0.7500,0.8775)
Rec, fail Hkec,fait(x) = (0.0968,0.2182,0.3637) B ec, pair(x) = (0.1978,0.3780, 0.5698) Hhec, fair(x) = (0.3335,0.5625,0.7700)

RHRSR Line 1 fail

H%?HRSRLl (x) = (0.4129,0.6091,0.7773)

RHRSR Line 2 fail Hhrsre, (6) = (0.4129,0.6091,0.7773)
RHRSR fail Hhrrsr rain () = (0.1705,0.3710, 0.6042)
LTCS fail s raun(®) = (0.0003,0.0070,0.0476)

”EHRSRLI(X) = (0.7536,0.8614,0.9404)
WBurskr, () = (0.7536,0.8614,0.9404)
KB hrsk ran () = (0.5679,0.7420,0.8843)

K2res rair(@) = (0.0032,0.0330,0.1417)

K ursrr, (6) = (0.8734,0.9431,0.9839)
Hbursrr, () = (0.8734,0.9431,0.9839)
Kursr rain(X) = (0.7628,0.8895,0.9681)

Wres ran(x) = (0.0149,0.1055,0.3353)

Step 3: Converting the top event fuzzy probability
into a probability.

From Table 5, it can be seen that the best
estimate, the lower bound, and the upper bound
fuzzy probabilities of the top event, which
is the failure of the LTCS, are ulr g fair(X) =
(0.003168,0.032947,0.141738), ,uiTCSfail(x) =
(0.000322, 0.006967, 0.04758) and
tires fain(x) = (0.014871,0.105506,0.335265),
respectively. Using (9), the Ry of the top event fuzzy
probability for the best estimate, lower bound and
upper bound values are 0.010409, 0.003102 and
0.027792, respectively. Finally the best estimate,
lower bound and upper bound probabilities to
describe the failure of the top event can be
generated using (8). Those three top event
probabilities are P2 = 3.15 x 10-11, P} =173 X
10-16 and P} = 2.98 x 10-8. These values confirm
that the best estimate probability to describe the
failure of the LTCS to mitigate the AP1000 large
break LOCA is 3.15x10"" with the range of
uncertainties is between 1.73x10™® and 2.98x10™®.
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Meanwhile, Guimaraes et al. [9] calculated the best
estimate failure probability of the LTCS to mitigate
the AP1000 large break LOCA is 1.11x10™"" with
the range of uncertainties between 2.21x10™* and
5.81x10”.

From those two results, it can be seen that the
best estimate probability generated by the proposed
fuzzy probability algorithm is very closed to the
corresponding probability generated by Guimaraes
et al. [9]. However, the uncertainty range generated
by the proposed fuzzy probability algorithm
is a bit wider than the one calculated by Guimaraes
et al. [9]. This is because those two approaches
apply different sources of basic event reliability
data. Guimaraes et al. [9] assume that basic
events have a point median value and
an error factor, which are not always available.
On the other hand, the proposed fuzzy
probability  algorithm assume basic events
do not have probability distributions and rely
on the expert judgments. However, to avoid
wider uncertainty, experts involved to characterize
basic event reliability have to be properly
selected. In addition, uncertainty calculations
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by the proposed fuzzy probability algorithm is
simpler than the one proposed by Guimaraes
et al. [9]. The proposed fuzzy probability
algorithm applies two simple fuzzy combination
rules. Meanwhile, Guimaraes et al. [9] applies
the a-cut method, which is more complicated
than fuzzy combination rules.

Nevertheless, the results of the case study
have confirmed that the proposed fuzzy probability
algorithm can propagate epistemic uncertainties
from basic events to the top event and quantify
fault trees.

CONCLUSION

The study presented in this article proposed a
fuzzy  probability  algorithm to  quantify
epistemic uncertainty of the long term cooling
system to mitigate the AP1000 large break LOCA
when basic events do not have probability
distributions. The best estimate failure probability of
the AP1000 LTCS which is generated by the
algorithm is 3.15x10™"', which is very close to the
reference value of 1.11x10"'. Meanwhile, the
uncertainty range of the fault tree generated by the
proposed algorithm is between 1.16x10™"° and
1.52x10°®, which is a bit wider compared to the
reference values, which are between 2.21x10™* and
5.81x10”. These results confirm that the proposed
fuzzy probability algorithm is feasible for
application in quantifying uncertainties in
probabilistic safety assessment by fault tree
analysis. Therefore, the proposed fuzzy probability
algorithm is feasible for application in evaluating
uncertainties in fault tree analysis when basic events
do not have corresponding reliability data and
experts are involved to evaluate the reliability
characteristics of those basic events.
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