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Abstract

In high-risk sectors such as oil and gas, time-dependent corrosion can significantly undermine system integrity,
leading to unexpected failures and severe accidents. This paper examines why imprecise analysis is used strategically
in risk and reliability assessment, the practical barriers to its adoption, and how integrating confidence intervals can
overcome these barriers to enhance results. In response, we propose an imprecise approach based on a new
unavailability formula to improve conventional fault tree analysis (CFTA) and better account for dependencies among
uncertain parameters. In a representative case study, we first apply CFTA with precise inputs, then use interval
arithmetic—based FTA with imprecise inputs implemented in MATLAB® through adaptive interval parameterization
to quantify uncertainty and reduce over-conservatism caused by neglected variable dependencies. We also develop an
affine arithmetic—based FTA in MATLAB®, which preserves first-order dependencies through shared noise symbols.
The proposed approach narrows the system unavailability interval by 22.7% compared with [A-based FTA. A
subsequent robustness analysis, performed on a different model structure and parameter configuration, demonstrates
an even greater reduction of 28.7%, highlighting the method’s effectiveness and adaptability. These results confirm
that affine arithmetic is an effective method for managing uncertainty in risk and reliability assessment of real
engineering systems, as it reduces overestimation, retains computational efficiency, and facilitates decision-maker
updates to safe and reliable control actions.

Keywords: Fault tree analysis, Corrosion damage, Imprecise analysis, Interval arithmetic, Affine arithmetic,
Uncertainty propagation.
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1 Introduction

Corrosion risk is a frequent cause of industrial damage, particularly within the oil and gas sector. It is defined as the
progressive degradation of materials, predominantly metals, resulting from chemical or electrochemical interactions
with their environment. This degradation mechanism can lead ultimately to the equipment malfunction, thereby posing
threats to human safety, the environment, process safety and leading to significant socio-economic losses. According
to [1], the global cost of corrosion in 2013 was estimated at US $2.5 trillion (3.4 % of world GDP), and the study
found that applying then-current corrosion-control practices could save 15%-35% of those costs (i.e.
US $375 billion—$875 billion annually). To put this into context, the total GDP of countries such as Switzerland and
Spain [2] is less than the global cost of corrosion.

In multiple disciplines of engineering, various system analysis methods exist to predict their functional behavior
[3]. Consequently, conducting comprehensive risk and reliability assessments over time presents a challenging task of
process safety management, especially with regard to corrosion-related accidents. These assessments aim to minimize
damage, prevent accidents, avoid significant socio-economic costs and ensure the continuous and dependable process
systems. It focuses on identifying potential hazards, evaluating their impacts, and implementing appropriate control
strategies to safeguard human health, industrial facilities, and the environment. Conversely, reliability assessment
focuses on determining the capacity of systems and their components to perform intended functions without failure
over a specified operational period. Together, these assessments use several graphical and logical tools such as the
Fault tree analysis (FTA), which is an analytical technique that applies a top-down logic, to identify weak points and
predict failures that are critical from a safety or reliability standpoint, then to continue by developing effective
maintenance and safety actions. This method has been widely applied in several studies such as [4,5].

However, modern large-scale and complex systems are becoming increasingly dynamic, often incorporating
features such as partial self-repair in response to failures. This evolving nature highlights the limitations of
conventional fault tree analysis (CFTA) limitations in accounting for dynamic properties that reflect changes in system
states over time, which are addressed by various frameworks, including the contribution in [6]. These limitations
include delays between successive failures, the occurrence of common-cause failures, and interactions between
subsystems and components that may lead to unpredictable events and adverse impacts. Another CFTA challenge is
outdated data, necessitating continuous updates to reliability datasets to ensure results reflect the system’s current state
[7]. Subsequently, the multi-criteria analysis framework has motivated the development of AFTA as an enhanced
alternative to CFTA. Basically, the AFTA integrates additional modeling techniques to overcome the limitations of the
CFTA in evaluating risk and reliability in complex systems, and offers greater modeling flexibility by supporting both
precise and imprecise probabilistic approaches in a system reliability analysis, as demonstrated by the schematic
diagram in Fig.1.

Consequently, numerous studies have been conducted to enhance and extend the CFTA through the hybrid
approaches-based precise probability theory, aiming to make it more dynamic and adaptable to complex systems.
These precise probabilistic approaches can be used to identify possible accidents based on precise data. Precise
probability framework refers to the classical approach that assigns exact numerical values probabilities, where these
probabilities can be defined with precision, typically ranging between 0 and 1. Bayesian networks are a commonly
used modeling approach and are often combined with other techniques to enhance fault tree analysis (FTA), helping
to overcome some of the limitations of CFTA [8-10]. Petri nets and Markov chains are likewise recognized as powerful
techniques that can be integrated with various methods to enhance the performance of CFTA [11-14]. Additional
complementary methodologies aimed at proposing an AFTA were developed within the discussed context. Among
them, a semi-coherent FTA method was introduced by [15] to improve reliability assessment in complex chemical
process systems by reducing the number of basic events and making risk analysis more efficient. Moreover, a
structured 8D approach combining FTA and event tree analysis (ETA) to identify root causes and implement



preventive actions, enhancing containment integrity and reducing risk in LPG storage systems [16]. Ultimately, precise
probability theory provides a fundamental framework for modeling and analysis in engineering practice, particularly
within safety and reliability studies. However, it has inherent limitations, as the application of precise probabilistic
FTA may become impractical when information is incomplete or imprecise due to limited knowledge, or when reliable
failure data are unavailable.

Conversely, to overcome the drawbacks of the precise probabilistic-based FTA discussed previously at the end of
the preceding paragraph, a range of hybrid methodologies have been developed to advance the CFTA, by incorporating
the imprecise probabilistic framework. The theory of imprecise probability is a generalization of classical precise
probability theory that allows modeling imprecision and indecision, where in many practical applications a lack of
information and paucity of data make it impossible to create a reliable probabilistic model [17]. Fuzzy logic is a
commonly used modeling approach, often combined with other techniques to develop AFTA models and address the
limitations of precise probabilistic-based FTA, as demonstrated in frameworks such as [18-21]. Credal networks were
also integrated recently with the CFTA to develop an AFTA in this context [22]. Additionally, confidence boxes were
incorporated into CFTA in [23], introducing a robust uncertainty quantification approach capable of producing reliable
confidence bounds under limited data conditions. Furthermore, evidence theory has been integrated into FTA within
imprecise probabilistic frameworks, as demonstrated in studies such as [24,25]. In practice, the imprecise probabilistic
approaches through the combined methods highlighted above, struggles with a main issue which is the uncertainty
propagation when input data are imprecise or unreliable, a scenario common in engineering practice.

Generally speaking, although computational intelligence methods exhibit adequate performance in estimation and
prediction, uncertainty is not typically quantified by these modelling approaches, and only expected value is obtained.
To support effective decision-making in safety and reliability assessments, it is essential to develop effective
approaches for managing the uncertainty propagation underlined previously and minimizing the risk of overestimation
that could compromise the validity of the analysis outcomes. However, it should be noted that the application of the
general framework of imprecise probability theory requires complex mathematical descriptions and methods, and due
to several restricting assumptions that are required, the methods are sometimes also very hard to translate to
engineering practice [26]. Accordingly, interval analysis is considered a very rigorous theoretical framework for
dealing with uncertainties [27], and has led to the development of multiple interval-based FTA approaches in the
literature [28-30]. In continuation, interested readers may consult [31], for an in-depth discussion for uncertainty
management within FTA-based risk assessment. Despite their simplicity, interval analysis—based probability bounds
in AFTA are limited by their conservative nature and inability to capture dependencies between uncertain parameters,
which can lead to overly conservative reliability estimates and reduced confidence in the results. It is worth noting
that various analytical models have been developed in the literature to extend CFTA, each offering distinct advantages
while presenting specific limitations. Table 1 summarizes these methods, highlighting their strengths, limitations, and
related studies.

Recognizing critical gaps in uncertainty propagation, particularly in handling dependencies and avoiding
overestimation, motivated this study to adopt affine arithmetic, which more accurately captures correlations and yields
tighter, more informative reliability bounds. Specifically, the study investigates a boiler feedwater system-induced
corrosion failure mechanism and evaluates its reliability by systematically following an analytical pathway: (1)
constructing the CFTA of the system under study to establish a foundational understanding of its potential
unavailability states, (2) developing an imprecise probabilistic-based FTA using interval arithmetic, (3) formulating
an imprecise probabilistic-based FTA using affine arithmetic to enable more accurate modeling of uncertainty
propagation, and (4) demonstrating the practical implementation of the proposed reliability modeling approach by
discussing the obtained results

The rest of the paper is organized into five sections. Section 2 details the adopted analysis method, including the
application of the CFTA framework, and introduces the foundational principles and properties of interval analysis,
with particular emphasis on both interval arithmetic and affine arithmetic. Section 3 illustrates the proposed approach



by outlining the transition pathway from CFTA to IA-based FTA, and subsequently to AA-based FTA. Section 4 is
dedicated to the case study, outlining the sequential implementation of the adopted methods. Section 5 presents a
comprehensive interpretation of the obtained results. Finally, the last section concludes the paper and offers insights
into future research directions.

2 Adopted analysis methods
2.1 Conventional fault tree analysis (CFTA)
e  Basic concepts and symbolism

FTA was invented in 1961 in Bell Laboratories by H.A. Watson, with the support of M. A. Mearns, where the
intention behind this invention was to help in the design of US Air Force’s Minuteman missile system [32]. The fault
tree analysis is a graphical method that uses logical connections over its structure of a causal inference, that is
developed based on two types of nodes which are events and gates, depicted in Fig 2. This technique is essentially
deductive in nature, providing a logical model that relates the undesired event (top event) to more basic events. Events
are classified into three types: basic events, intermediate events and the top event. The top event represents the primary
outcome being analyzed within the system, while the logical gates integrate the basic events to the undesired state of
the system, such as And-gate, or gate and K-out-of-N.

e The qualitative and quantitative aspects of CFTA

Conventional fault tree analysis typically occurs at two distinct levels: qualitative and quantitative. Qualitative
analyses focus on the structure of the fault tree itself, deriving insights from the logical dependencies between the
events represented in the tree. In contrast, quantitative analyses focus on estimating metrics related to the probability
of failure of the system (top event), such as its reliability [33]. Readers may refer to the fault tree handbook [34] for
more details on such reliability analysis method.

2.2 Interval Arithmetic

The interval analysis or interval propagation in uncertainty modeling entails determining the interval bounds on the
output of a numerical model given the input interval uncertainty. The approximation of 7 to lie in the interval [223/71;
22/7], was the first contribution in the field of interval arithmetic, which is bounded by Archimedes. After that, recent
interval computations are developed based on Moor’s interval arithmetic research work such as [35,36]. Subsequently,
1A was recognized as a versatile and effective tool for range analysis in diverse fields [37,38].

e  Basic properties

Uncertainty modeling occurs when we have an uncertain parameter x that has a fixed and unknown value. This
uncertain parameter is represented basically by an interval scalar x' € R, bounded by the left endpoint which is the
lower bound x and the right endpoint which is the upper bound x. Put it in another way, this interval scalar is defined
asix! =[xx]={x€ Rlx<x< X}.

Similarly, an interval scalar can be described by various properties and concepts, including the following

The midpoint also named by central or nominal value, which is defined by: x, = Ezﬁ €))

The width value, also named deviation amplitude, which is defined by: A, = f% 2)

An interval could degenerate, which takes place when the interval width tends to zero. Specifically, if

X —x <€ & Xx = x, where € denoted as a very small value.



e Binary and endpoint operations

The four Binary operation rules can then be derived as follows

'+ yl={x+ylxexl,yey} 3)
x'—y'={x-ylxex,yey} (4)
xl.yl = {x.y|xex!,yeyl) %)

! x I I I
J7={;lex,yEy,O:aty}. (6)

The operational mode of two intervals, is based on the following endpoint rules

2= x4+ y =[x+y,Xx+¥] (7
Z'=x' -y =[x-yx-y] ®)
z' = x!. y! = [min {&X,E.V,E.X,fi},max{z.z,gi,E.X,fi}] ©)
rx 1 1 _ S n_ptl
2l ="r= x5 with " {yly, € y'} [V'X] (10)
x! 1
( ZI:y_I= 1_37
Lot eyn=21 11
i = Ul eyy=6] (h
0¢y'

e Dependency phenomenon

Consider the case of modelling an uncertain variable x within the interval x’ = [ 1, 2]. Suppose we are interested
in evaluating the expression x — x. Analytically, the result should always be exactly zero, regardless of the value of
x. However, with interval arithmetic we compute based on the interval arithmetic subtraction propriety

=yl =[x -yx-y] (12)

So, we get x! — x! =[1,2] — [1,2] =[-1,1] (13)

Here, the uncertainty has been included twice: the first x’and the second x! are treated as if they were independent,
even though they must represent the same underlying value of x. Consequently, the width of the result interval is
artificially inflated. Generally speaking, interval arithmetic frequently outputs domains larger than the true range, a
problem known as interval expansion due to the dependency phenomenon. Interval expansion can result from
operations such as exponentiation, and performing different sequences of operations on the same interval may produce
varying results [39]. Ordinary interval analysis often overestimates the interval width, a problem known as the
dependency phenomenon, which can have critical engineering consequences [40].

2.3 Affine arithmetic
e  Affine arithmetic concepts

As discussed previously, the dependency phenomenon in classical interval arithmetic, where repeated variables are
treated as independent, leads to overestimation of the true range. To address this limitation, affine arithmetic (AA), a



self-validated computation (SVC) model, was introduced to mitigate error propagation by preserving correlations
between input and computed quantities [41-43].

For concreteness, in affine arithmetic, each uncertain parameter is represented in the form
D— n 1
X=xo+ XL a;€ (14)

where x, is the midpoint value of x, and a; is the uncertainty coefficient for x, wherever €; is a noise symbol taking
values in [-1, +1]. If we have multiple uncertain parameters A, u we get multiple symbols €,€,. The affine form of a
function f (X, ... X,, ) keeps only linear terms in each noise symbol and discards products like €;€,, (i.e., second-order

terms).
e  Affine arithmetic computation

In close analogy with interval arithmetic, affine arithmetic computations proceed by generalizing all binary
operators and elementary functions to act on affine forms and then composing these fundamental extensions to
evaluate functions of complexity.

2= xo+ X", a.el

Given two affine forms {A 0 Z;;l o (15)
J= Yo t+2ic1ay€

The four Binary operation rules can then be derived as follows

{£+9 = (%0 +y0) + Zits(ax + ayef 16)

I-y= (xO - yO) + Z?:l(ax + ay)eil
X.9=(xo+ Xy aee] ). (yo + X ay 611)
=(x0- yo) + Xi(x0-ay + ¥o-a)el + X acel . X ay € (17)

2 1

== x.- 1

y- 5 (18)

Similarly to the interval arithmetic, the affine arithmetic has some properties of interval algebra, where the addition
and multiplication of affine forms satisfy the properties of commutativity, associativity, and distributivity. However,
the multiplication and the division of two affine forms is commutative but does not obey associativity or distributivity.
Table 2 summaries the advantages and disadvantages of the adopted analysis methods in this section.

3 Proposed approach

The proposed methodology consists of three phases. First, a CFTA is developed using precise unavailability inputs.
Second an [A-based FTA is introduced to handle imprecise data by defining interval bounds and mapping deterministic
gates to interval-valued ones via an adaptive MATLAB® algorithm. Finally, an AA-based FTA using affine
unavailability expressions derived from input parameters. The overall workflow is shown in Fig. 3.

3.1 Mapping CFTA

Distribution laws in reliability analysis are determined by the type of data, such as failure rate or probability, the
nature of the event, including whether it is repairable, and other influencing factors [44]. The unavailability law
provides a more comprehensive model for the repairable components. The exponential law, commonly applied to non-
repairable components, models the time until failure. The constant law assumes that the probability of component
failure remains unchanged over time. These laws are mathematically represented as:



Al Y .
( Teal ( 1— e~(+u )t), for a repairable event,

u) = 1- e"llt, for a non repairable event, (19)
q.

q denotes a constant failure probability,
Where: A is the failure rate, (20)
u is the repair rate.

3.2 Mapping CFTA by 1A model

Clearly, CFTA becomes unreliable when key inputs are reduced to mean values, neglecting uncertainty bounds. To
address this, [A-based FTA models inputs as time-dependent intervals derived from [45], requiring reformulation of
deterministic unavailability expressions into interval-based forms according to event type.

For repairable events, the general, lower, and upper interval unavailability equations, are defined as follows:

U U U@ =UGEARW 1 A€ [42] 1 e [}

u@ = %(1 - e‘(’—“ﬁ)t) 1)
| U@ = ﬁ'(l — e~y

For the non-repairable events, the general, lower, and upper interval unavailability equations are defined by:

U@ cU'@®); u@®) ={uD|1€[r }
Uit)=1- e (22)
Ut)=1- e

For constant events, the degenerate property of intervals is applied, wherein the lower and the upper bounds are

equally. Under this condition, U(t) is treated as a deterministic constant probability value.
3.3 Mapping CFTA by AA model

To mitigate the undesirable effects of the dependency phenomenon as will be shown in the next section, the affine
arithmetic-based FTA has been introduced, in order to preserve dependencies between repeated terms by reusing
common noise symbols, and generate an interval width result with much tighter bounds. In these formulations, each
intermediate result is represented by a linear function with a small remainder interval [46]. To address this key step in
the proposed methodology, the input parameters were converted from interval arithmetic form into AA-based
unavailability expression, to obtain the learning parameters.

For both repairable and non-repairable events, U(t)is a nonlinear function involving ratio and exponential terms
with uncertain parameters A and p. To express it in affine form, a first-order Taylor expansion is performed around the
nominal point (Ao, po), treating t as constant. Each uncertain parameter is represented by a noise symbol (e.g., €y, €,),

and only linear terms are retained, while higher-order terms are neglected.
e Repairable events case

The first step is to define the function to linearize, so that A and u become as affine form (4, 2), the equation
becomes. For the repairable event



p)

0@) = fAp) = 5= (1 —e R

=

Where each parameter in affine form is writing as:

2=/10+a,16,1
fx)=44= Mo + aue,

Consider that
A1 -2
( =03 =—=
0 2’ A 2
_wE
ho==" =75

€8, €[-1,+1]

(23)

24

(25)

After that, we introduce the general formula of the first-order Taylor expansion of f (/1, I ) for the two variables

A and p, around the points (4, ig) is:
2~ of 3 of ~
FLR) = f(Ao o) + a_/l|0(/1 — o) + M lo(@ — 1o)
of of . ..
where -1 lo and %0 |, are the partial derivatives evaluated at (A, i)

Since:{,/} ~h = ma
H—=Ho = auéy

Weget: U(t) =fo +ap€+ ap,€,

which is an affine form that includes a constant term f; plus linear terms in €, and €,,.

fo = (2o, o),
_9r
Where: { %2= 3; locta,

a —a—fl a
f.#_au o*u-

Then we need to compute the partials derivative of:
= 2 (1= e~ @+mt
fO) = = (1 —e )
Ifweset: x =1+ u, wegetthen f(A,p) = f—c (1—e™)
The partial derivative w.r.t A , is defined as:

of _ 9 Arq _ -at
0)1_6/1(95[1 e™™1)

. ax _d . . .
Since x = A + u, note that: ﬁ = ﬁ =1, and A is explicitly present in the numerator.

1-e~ ¥t

Rewriting the function as: f(4,u) = 1.g(x) with g(x) =

ox

Now by applying the derivative, we get: z—; =gx)+1g'(x) 2

(26)

27

(28)

(29)

(30)

€2))

(32)

(33)

(34)



. ox . a_f _ ’
Since —-=1, we get: Tl gx)+1g'(x) (35)
_p—Xxt
Then by using the quotient rule on g(x) = 1=¢ ~  we have:
d — - d
, x[—x(l—e Xt)]—(l—e Xt)—xx]
g'(x) =4 = e,
21— e™¥) = e, (36)
dx
Lx=1.
dx
Simplify:
, —xte Xt_14e~xt
9x)=—F— (37)
Now, replacing in:
of _ —xte ¥t—14e ¥t
Z= 9+l ———— (38)
. f _ 1—eMm —(Arpte”AHIE_q 4 o~(A+p)t
Then we get: Fr iy +4. Y 39
The partial derivative w.r.t 4 , is defined as:
O _ 0 A1 _p-xt
L 2 - (40)
Now, 4 is treated as a constant w.r.t 4, only x depends on u. So, since Z—z =1
of _ 4 8 A-—eT* ' ox _ '
L= At () =290 =200 (41)
As well as that g'(x) was computed above, Substitute g'(x) back in:
= 2 (A + pte"RHE — 1 4 g=@A+mt] (42)
o (A+w?
Putting both partial derivatives together for converting to affine form unavailability. Knowing that
of
ara =57 loaa
a
ap, = i loa, (43)
ﬁ(t) = fO + af!l €L + Off'uE#
. T+ — or of
Weget: U(t)=f,+ (5 |0) ae; + (a |0) Ay, (44)
Simplify:
~ _ Ao —(otuo)t 1—e—(Ao+uolt —(Ao+ug)te~Gotrolt_q 4 o=(Ro+uolt) Ao _
v® Ao+Ho (1 - etorseo )+( Ao+Ho o (o+o)? )aﬁgﬁ + ((Aoﬂto)z [~Go +
”o)te—(loﬂlo)t -1+ e—(loﬂlo)t]) e, (45)

Because € € [—1, +1], the lower and upper bounds of U(t) will be given by plugging in the extreme values. For
the lower bound, we set €; = €, = —1, then we get:
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For the upper bound, we set€; = €, = +1, then we get:

— _o—(Ag+uplt _ —(Ao+uo)t_ —(Ag+Hup)t
Ut = 2o (1_e—uo+uo)t)+(1 e Gomol | 3, atta)ueTGotiot1em Gorho )) a,1+(
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e Non-repairable events case:
Consider that the function to linearize is:
U= 1—e X

The midpoint value and the uncertainty coefficient, are defined as:

For the first-Order Taylor expansion, we rewrite the function as:
U= fA)=1—e X

Then, we perform a Taylor expansion around A = 4,, and we get:
f) =f(20) + ' (20) (A~ A)

After that, we compute the derivative

') = % [1—e ] =te ™

Evaluating at A, gives:

f'(Ao) = te~Hot

Then, the first-order Taylor expansion becomes

Ut) = 1—e ot 4 te bl — 1)

Since 1 — Ay = a,€,, we get: U(t) = 1 — et + ate *ote

4o
- -1
Aot+Ho 0 (o+10)? ) ((/10+#o)2 [ (Ao +

(46)

Ao

(Ao+1o)? [_ (o +

(47

(48)

(49)

(50)

(D

(52)

(53)

(54

(55)

Because € € [—1, +1], the lower and upper bounds of U(t) will be given by plugging in the extreme values.

For the lower bound, we set € = —1, and we get:
U(t) = 1— e ot — gte?ot
For the upper bound, we set € = —1, and we get

U(t) = 1 — e ot 4 gtePot

(56)

(57)



4 Case study
4.1 Scenario description

Risk scenarios, are sequences of hazardous events which under some circumstances may lead to system-level
undesired consequences. When a risk scenario ends in an undesired consequence, it becomes an accident scenario
[47]. In our case, during a routine inspection of a boiler located in an LPG plant, white deposits were detected on the
exterior surfaces of the vertical water-wall tubes (see Fig4). The inspection team hypothesized that these deposits
originated from particulate matter ejected through micro-cracks induced by corrosion-related degradation mechanism.
To investigate this hypothesis, a specimen was analyzed as shown in (fig.5) using scanning electron microscopy (SEM)
coupled with X-ray fluorescence (XRF) spectroscopy, a high-resolution imaging and elemental characterization
technique with focused electron beam to scan the surface of a specimen and analyze the morphological properties of
materials and determine the surface structure, grain size, and particle distribution [48]. Table 3 summarizes the SEM-
EDS elemental distribution, with wt.% indicating mass fraction and at. % indicating molar ratio. Figure 6 shows the
spectrum, where the X-axis gives X-ray energy (keV) and the Y-axis shows intensity (counts), providing both
qualitative and quantitative information on the deposit composition.

The results show that the white deposit is a mixed inorganic—organic scale, mainly composed of oxides-hydroxides,
sodium chloride (NaCl), and phosphate compounds. The presence of Cl and Na indicates salt carryover or
concentration due to evaporation. The detection of phosphorus (P) and aluminum (Al) reflect intentional phosphate
dosing and upstream coagulation while sulfur suggests incomplete sulfite scavenging. The organic carbon may come
from polymer inhibitors or lubricant residues. This deposit can lower heat transfer by forming insulating layers and
promote under-deposit corrosion, especially where chloride accumulates, leading to pitting, stress-assisted cracking,
tube thinning, and structural damage. Boiler tube failures are commonly linked to inadequate water treatment, poor
design and material selection, and unfavorable operating conditions, with low water level operation being especially
critical.

It should be pointed out that, in several documented failures, low water levels or excessive blowdown rates are
responsible for creation of waterlines of tubes, that induce caustic gouging and hydrogen embrittlement in water-wall
tubes, where the localized under deposit corrosion caused an important thickness loss making the tube under stress
which did not sustain the internal high pressure [49]. In other words, low water levels concentrate dissolved solids
and create hot spots that accelerate oxide scaling and salt crystallization, directly promoting Na, CL, P, S, Al, O, and
C-rich deposits, as confirmed by SEM-EDS in this study.

4.2 CFTA for a low feed-water level event in the boiler

Following the scenario description, low boiler feedwater level is defined as the top event (TE), and the CFTA model
is organized into four main subsystems, as shown in Fig. 7. Water control loop failure, which directly prevents
detection of BFW-LL, may result from malfunction of the level sensor, LIC controller, globe valve, or loss of
instrument air supply, often due to failure of compressor units A/B. Inadequate feedwater pumping can also cause low
water levels, typically due to failure of both electric pumps A/B. In addition, damage to the feedwater tank, which
provides BFWS storage, can trigger the critical event BWF-LL. Finally, any malfunction, leakage, or unintended
continuous blowdown in the blowdown system can lower the boiler water level. The input parameters and modeling
laws of basic events are illustrated in Table 4, including failure and repair rates which are extracted from different
sources including standard reliability data sources and prior literatures [45,50]. In addition, the intermediate events
are designated by symbols as shown in Table 5.



4.3 Mapping AFTA
e [A-based FTA modelling

To integrate interval arithmetic with CFTA, an interval-based parameterization algorithm was implemented in
MATLAB®, comprising parameter learning (conversion of precise inputs into interval sets, Table 6), unavailability
quantification of basic, intermediate, and top events using interval-based adaptations of classical formulas over the
defined mission time, and visualization of top-event unavailability to enable comparison between CFTA and IA-based
FTA models.

e AA-based FTA modelling

A similar parameterization algorithm was implemented in MATLAB® to develop the AA-based FTA, comprising
parameter learning, unavailability quantification, and result visualization. Affine input parameters (Table 7), defined
per Section 3.3, were used in the learning phase. The quantification phase applies mission time and affine
unavailability formulas based on event type. Finally, top-event unavailability is visualized to compare CFTA, TA-
based FTA, and AA-based FTA models.

5 Results &Practical Interpretation
5.1 Key results

The unavailability of the system under study is evaluated over a mission time of 12,960 hours, corresponding to the
service period following the latest inspection, for all developed FTA models, including CFTA, IA-based FTA, and
AA-based FTA. The unavailability of basic events, intermediate events, and the top event for the CFTA model is
computed using GRIF® software and presented in Tables 8 and 9, while the CFTA top-event unavailability is showed
in Fig. 8.

The second step of the modelling approach, namely the [A-based FTA implemented through an interval-based
parameterization algorithm in MATLAB®, produces interval outputs that represent the unavailability ranges of the
basic events, intermediate events, and the top event of the system under study, as shown in Tables 10 and 11. The IA-
based FTA top-event unavailability is illustrated in Fig. 9.

The final step of the modelling approach, namely the AA-based FTA implemented using a similar interval-based
parameterization algorithm in MATLAB®, yields interval outputs representing the unavailability ranges of the basic,
intermediate, and top events of the system under study, as shown in Tables 12 and 13. The AA-based FTA top-event
unavailability is presented in Fig. 10.

5.2 Practical interpretation

Over a 12 960-h mission the top-event unavailability reaches 4.25E-2. Fig. 8 depicts how this unavailability evolves
in two distinct stages. Initially, the system begins operation at an arbitrary point in its proof-test cycle, where latent
faults are then uncovered and rectified at the impending scheduled test, causing a steep improvement in availability.
In the subsequent rise phase, no further tests occur, so random failures accumulate at an approximately constant rate
and unavailability increases nearly linearly for the remainder of the mission. Thus, each proof test effectively returns
the safety function to a virtually pristine operating state, after which time-driven failures produce a gradual upward
trend.

The results obtained using the IA-based FTA, show a wide variation in the top event unavailability when compared
to the corresponding outcome from the CFTA model. Specifically, we observe that for the CFTA model using mean
input values, the unavailability at time U(t = 12960) = 4.25E-2. However, this value does not represent the average
of the unavailability interval produced by the IA-based FTA, which is U!(t) = [2.08E-3, 2.3E-1] Indeed, this
considerable overestimation of the interval width affects the confidence and credibility of the results, which is come
from the dependency phenomenon discussed earlier. In engineering practice, especially in safety and reliability



analyses, such overestimation can have serious consequences, as it may exaggerate uncertainty, lead to overly
conservative or invalid conclusions, increase design complexity and cost, and undermine confidence in the results.

The results obtained using the AA-based FTA exhibit a variation within the interval U =[5.79E-3, 1.82-1]. It should
be pointed out that, in our results, some basic events such as E3, E4, E6, E10, E11, show negative values in the lower
bound of their unavailability intervals, which is non-physical, since unavailability must always lie within [0,1]. This
means that, due to its linear form, the minimum of the affine expression may mathematically fall below zero, even
though unavailability must be >0 in physical terms. While affine forms preserve dependencies and yield tighter
bounds than interval arithmetic, they do not automatically enforce physical constraints such as nonnegativity of
probabilities. This issue is especially evident when the nominal value is small and the uncertainty range is large or
symmetric about zero; therefore, all negative bounds have been corrected to zero for physical consistency.

Knowing that in engineering practice, improvements are almost always reported in relative terms rather than just
absolute terms, so that readers immediately see the proportional and not just the nominal benefit, to better underline
the optimization occurring between the IA-based FTA and the AA-based FTA. Based on the expressions illustrated
in Eq. (58), the IA-based FTA produces an unavailability interval with of 2.28E-1, whereas the monotonicity-based
AA-based FTA yields a width of 1.76E-1, corresponding to an absolute reduction of 5.17E-2 and a relative reduction
of approximately 22.7%.

Interval width = U — U
Absolute reduction = IA_FTA width — AA_FTA width (58)

Relative reduction = 2Xsoutereduction 44,
Original width

The AA-based FTA method reduces the uncertainty range by about 22.7% compared to IA-based FTA, a notable
improvement for risk and reliability analyses where tight bounds help balance risk, cost, and performance. In both
models, the WCLF subsystem remains the dominant contributor to the top event. Table 14 summarizes the basic-event
probabilities for this subsystem from each model and the relative reduction achieved with AA-based FTA. Therefore,
based on this comparison, several conclusions can be drawn to inform the recommended actions in the reliability
decision-making process, as illustrated in Table 15.

5.3 Robustness analysis

To further validate the proposed AA-FTA methodology, a robustness analysis is carried out in this section by
introducing an additional scenario with a different fault-tree structure and a different set of associated parameters was
considered, and examining the stability of the proposed method under changed modeling conditions. Specifically, the
analysis focuses on a newly defined top event involving the flammable vapors release (FVR) from a pressure vessel,
structured into four main FTA subsystems (see Fig.11). Failures in the pressure control loop may stem from faulty
transmitters, controllers, or loss of instrument air linked to compressors A and B. Inadequate nitrogen injection can
result from heat exchanger failures, inactive alarms, or a defective PCV. The degassing system may fail due to issues
with valves, detectors, or alarms, potentially causing vessel overpressure. Overfilling may occur from excessive hot-
oil pumping, faulty level indication, poor valve regulation, or human monitoring errors. The intermediate events of
the fault tree structure are designated by symbols as shown in Table 16. For the IA-based FTA and AA-based FTA
models, the input data and assumptions for basic events, including the failure and repair rates used in the reliability
analysis, are summarized in Tables 17 and 18, respectively. These data were obtained from [45,50].

Over a 12960-hour mission duration, the interval representations of the top-event unavailability obtained via IA-
based FTA and AA-based FTA are illustrated in Figures 12 and 13, respectively. The unavailability interval derived
from the IA-based FTA is U'(t) = [7.01E-3, 1.54E-1]. In contrast, the AA-based FTA model yields an unavailability
range of U = [8.61E-3, 1.14E-1]. Based on the expressions illustrated in Eq. (58), the IA-based FTA produces an



interval with of 1.46E-1, whereas the AA-based FTA yields a narrow width of 1.05E-1. This corresponds to an absolute
reduction of approximately 4.19E-1and a relative reduction of approximately 28.76%.

The results confirm that AA-based FTA consistently yields narrower unavailability intervals than IA-based FTA,
even when the system structure and parameter values are modified. This indicates that the proposed approach is not
restricted to a specific model configuration, but remains effective across different uncertainty scenarios. The observed
variation in relative reduction between the two examples reflects the influence of model structure and parameter
sensitivity on uncertainty propagation, while still confirming the improved bounding efficiency of the AA-based
formulation.

6 Conclusion

To conclude, this paper has extended CFTA framework by sequentially incorporating uncertainty propagation first
via [A-based FTA and then through AA-based FTA, demonstrating a substantive 22.7 % tightening of the system
unavailability bounds, for a realistic case. The obtained results provide meaningful, practical benefits for decision-
making under uncertainty in engineering practice, especially in risk, safety, and reliability analyses. These benefits
include uncertainty quantification-based info-gap assessments, reduced unnecessary capital expenditure via better
prioritization of resources, clearer communication of predicted damages and enhanced real-time monitoring and
response.

Critically, this methodology proves especially valuable in industrial environments where progressive and uncertain
degradation mechanisms such as corrosion are dominant contributors to failure mechanisms. Corrosion, particularly
in high-pressure systems like boilers and pipelines, introduces complex failure resulting from material-environment
interactions, developing over time and often obstacle detection until advanced stages. By incorporating uncertainty
modeling that captures both variability and dependency, the proposed AA-FTA framework allows engineers to better
anticipate corrosion- induced failures, evaluate their likelihood more precisely, and integrate these understandings into
more resilient design, safety strategies and maintenance planning.

While the proposed framework offers significant insights, certain limitations persist. Its reliance on linear AA
approximations may underrepresent complex, non-linear interactions, and computational demands could escalate for
high-dimensional problems. Building on our practical experience and the methodological foundation established in
this study, we intend to extend the framework by developing hybrid methodologies that integrate the AA approach
with a Monte Carlo framework. This combination will enable the capture of dependency-aware bounds alongside non-
linear and higher-order uncertainty effects, providing a more robust and comprehensive tool for decision-making under
uncertainty. This clearly delineates a promising direction for future research.

Abbreviations

CFTA Conventional fault tree analysis
AFTA Advanced fault tree analysis
ETA Event tree analysis

DFTs Dynamic fault trees

IA-based FTA Interval arithmetic-based fault tree analysis.
AA-based FTA Affine arithmetic-based fault tree analysis.
GDP Gross domestic product

BBNs Bayesian belief networks



BFWS Boiler feed water system

PNs Petri nets

P-Box Probability box

LPG Liquified petroleum gas
LNG Liquified natural gas
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Table 1 Reliability Methods for CFTA Enhancement under Uncertainty.

Method Strengths Limitations Related
studies
CFTA Simple, widely used, effective for Primarily static; cannot capture dynamic  [4,5]
identifying system weaknesses and guiding  behavior, dependencies, or evolving
maintenance. failures; assumes independence.
Dynamic Better suited to evolving, complex Challenged by changing system states, [6]
FTA systems; represents dynamic failure common-cause failures, delays, and
interactions. incomplete/outdated data.
BBNs Captures dependencies better than classical ~Parameter updates possible via online [8-10]
FTA; useful for diagnostic/predictive learning; structural updates not directly
analysis; integrates data and expert supported (requires rebuilding or
knowledge. switching).
PNs Effective for dynamic, repairable, and State-space explosion in large systems; [11,12]
interacting systems; models concurrency model interpretation may be complex.
and sequencing.
Markov Strong for repairable/time-dependent Memoryless assumption may be [13,14]
Chains systems; supports availability and restrictive; state explosion for large
maintenance analysis. systems.
Fuzzy Useful when data are scarce; captures Membership functions subjective; [18-21]
Logic imprecision in expert judgment; flexible. results may be approximate and hard to
validate.
Credal Robust for epistemic uncertainty; handles Computationally demanding; less [22]
Networks  imprecise or incomplete data. widely adopted; interpretation can be
challenging.
Evidence Handles incomplete/conflicting Can be conservative; combination of [24,25]
Theory information; explicitly represents evidence can be difficult; computational
ignorance. cost rises with complexity.
Interval/ Rigorous under scarce or unreliable data; Conservative estimates; limited in [28-30]
P-boxes propagates uncertainty when dependencies  capturing dependencies; may

are unknown.

overestimate failure probabilities.




Table 2 Key features, advantages, and limitations of FTA, IA, and AA.

Method

Advantages

Disadvantages

FTA

IA

AA

Graphically represents how basic events cause
system failure; enables qualitative and quantitative
analysis; widely used in reliability and safety
studies.

Simple, rigorous method representing uncertainties
as intervals; ensures all values are enclosed; useful
with only bounds available.

Extends IA by tracking correlations via shared noise
symbols, reducing overestimation and yielding
tighter bounds for dependent uncertainty
propagation.

Classical FTA is static and deterministic; it
poorly handles uncertainty, dependencies, or
limited/correlated data.

Prone to the dependency phenomenon, often
overestimating bounds; repeated variables and
operation order can exaggerate results.

More computationally intensive than IA;
approximates by neglecting higher-order terms;
less efficient for large or nonlinear models.




Table 3 Quantitative SEM-EDS Elemental Analysis of the Specimen (wt.% and atom %).

Compound formula  Element Weight %  Atom %
C 5.46 8.70

o 48.29 57.81
Na 26.88 22.39

Al 0.79 0.56

P 5.71 3.53

S 1.04 1.62

Cl 11.84 6.40




Table 4 Basic-event input parameters and modeling laws of CFTA for BFW-LL.

Node Component & associated failure mode  Law Parameter (A, p)
1 Level sensor damaged Exponential A=2.9E-6
2 LIC dysfunction Constant q=2.7E-4
3 Globe valve fails to regulate Unavailability A =4.78E-6
p=0.069
4,8 Compressor Electric motor degraded Unavailability A =4.569E-5
p=0.2083
5,9 Compressor internal leakage A/B Unavailability A =3.48E-6
p=0.018
6,10 Abnormal Instrument Reading A/B Unavailability A =4.37E-6
pn=0.064
7,11 Low output compressor A/B Unavailability A=3.91E-5
p=0.0448
12,15,18 Pump fail to start on demand Unavailability A= 1.174E-5
p=0.0157
13,16, 19 Pump electric motor fail to function Unavailability A= 1.189E-5
p=0.18
14,17,20 Pressure sensor failure Unavailability A =5.3E-6
p=0.1886
21 Important leakage in the water line Constant q=12E-6
22 Inlet check valve blocked close Exponential A=3.6E-7
23 Tank rupture Constant q=3.1E-7
24 Blowdown valve fails to close on demand Unavailability A= 6.9E-7
p=0.434
25 Check valve fails to close on demand Exponential A=3.6E-7




Table 5 Intermediate-event symbols for BFW-LL

Intermediary event Symbol
Water Control Loop Failure WCLF
loss of instrument air supply LIAS
Malfunction of Compressor unit A MCU-A
Malfunction of Compressor unit B MCU-B
Feed water pumping unit failure FWPUF
Water injection pump A malfunction WIPM-A
Water injection pump B malfunction WIPM-B
Disruption in the Feedwater Tank DFT
Underfeeding of tank uT

No water from tank NWT
Blowdown system error BSE




Table 6 1A-based FTA basic-event interval input parameters for BFEW-LL

Node Component & associated failure mode Parameter A (per hours), p (hours)
1 Level sensor damaged A =1.4E-7 A =1.376 E-5
2 LIC dysfunction q=27E-4
3 Globe valve fails to regulate A=0 A = 2E-6
w=1E-2 n=05
4,8 Compressor Electric motor degraded A= 3.1E-7 A= 1.57E-4
pu=29E-2 n=1
59 Compressor internal leakage A/B A=0 A = 1.58E-5
H= 4.6E-3 p=1
6,10 Abnormal Instrument Reading A/B A=0 A = 1.88E-5
= 3.4E-2 n=0.5
7,11 Low output compressor A/B Z\_Z 0 A =2.028E-4
p=1E-3 =2
12, 15,18 Pump fail to start on demand A= 1.5E-7 A =3.76E-5
u=1.81E-3 L =5E-1
13,16, 19 Pump electric motor fail to function A= 6E-7 A =3.56E-5
W =8.3E-2 1 =3.3E-1
14, 17,20 Pressure sensor failure A= 2E-8 A =8.33E-2
w =2.047E-5 B =5E-1
21 Important leakage in the water line q=12E-6
22 Inlet check valve blocked close A=0 A =1.39E-6
23 Tank rupture q=3.1E-7
24 Blowdown valve fails to close on demand A = 5E-8 A =2E-6
w=3E-1 o =35E-1
25 Check valve fails to close on demand A=0 A =1.3E-6




Table 7 Basic-event affine input parameters of AA-based FTA for BFW-LL

Node Component & associated failure mode Parameter (4g, a;, to, @)

1 Level sensor damaged Ao = 6.95E-6 a; =6.81E-6

2 LIC dysfunction q =2.7E-4

3 Globe valve fails to regulate Ao = 1E-6 a, = 1E-6
Uo = 2.6E-1 a, =2.4E-1

4,8 Compressor Electric motor degraded Ao = 7.86E-5 a; =7.83E-5
Uo = 4.85E-1 a, = 5.14E-1

5,9 Compressor internal leakage A/B Ao = 7.9E-6 a; = 7.9E-6
Uo = 5.02E-1 a, =4.97E-1

6,10 Abnormal Instrument Reading A/B Ao = 9.4E-6 a; = 9.4E-6
Uo = 2.67E-1 a, = 2.33E-1

7,11 Low output compressor A/B Ao = 1.01E-4 a; =1.01E-4
Uo = 1.0005 a, =9.99E-1

12, 15,18 Pump fail to start on demand Ao = 1.88E-5 a; =1.87E-5
Uo = 2.5E-1 a, =2.4E-1

13,16, 19 Pump electric motor fail to function Ao = 1.81E-5 ay; =1.75E-5
Uo = 2.06E-1 a, = 1.23E-1

14,17,20 Pressure sensor failure Ao = 4.16E-2  a; =4.16E-2
Uo = 2.5E-1 a, =2.4E-1

21 Important leakage in the water line q=12E-6

22 Inlet check valve blocked close Ao = 6.95E-7 a, = 6.95E-7

23 Tank rupture q =3.1E-7

24 Blowdown valve fails to close on demand Ay, = 1.02E-6  a; = 9.75E-7
Uo = 4E-1 a, = 1E-1

25 Check valve fails to close on demand Ao = 6.5E-7 a; = 6.5E-7

Table 8 Basic events unavailability from CFTA model for BFW-LL.

Node Component & associated failure mode U (t=12960 h)
1 Level sensor damaged 3.69E-2

2 LIC dysfunction 2.7E-4

3 Globe valve fails to regulate 6.9271E-5
4,8 Compressor Electric motor degraded 2.1926E-4
5,9 Compressor internal leakage A/B 1.9275E-4
6,10 Abnormal Instrument Reading A/B 6.7293E-5
7,11 Low output compressor A/B 8.7117E-4
12,15,18 Pump fail to start on demand 7.4376E-4
13,16, 19 Pump electric motor fail to function 6.5391E-5
14, 17,20 Pressure sensor failure 2.8101E-5
21 Important leakage in the water line 1.2 E-6

22 Inlet check valve blocked close 4.6547E-3
23 Tank rupture 3.1E-7

24 Blowdown valve fails to close on demand 1.587E-6
25 Check valve fails to close on demand 4.6547E-3




Table 9 Top and intermediate events unavailability from CFTA model for BFW-LL.

Node Description U (t=12960 h)
Orl Boiler Feed water at low-level 0.0425
Or2 water control loop failure 0.0372
And3 Feed water pumping unit failure 7.0087E-7
Or4 Disruption in the feedwater tank 5.4902E-3
And5 Blowdown system error 7.387E-9
And6 loss of instrument air supply 1.8225E-6
Or7 Malfunction of Compressor unit A 1.35E-3
Or8 Malfunction of Compressor unit B 1.35E-3
Or9 Water injection pump A malfunction 8.3718E-4
Or10 Water injection pump B malfunction 8.3718E-4
Orl1 Underfeeding of tank 8.3784E-4

Orl2 No water from tank 4.6562E-3




Table 10 Unavailability ranges of basic events from the IA-based FTA model for BFW-LL.

Node Component & associated failure mode U' (t=12960 h)

1 Level sensor damaged U =1.8E-3 U =1.63E-1
2 LIC dysfunction U=U=2.7E4

3 Globe valve fails to regulate U=0 U = 1.87E-3
4,8 Compressor Electric motor degraded U =3.09E-07 [ = 1.87E-3
59 Compressor internal leakage A/B Uu=0 U = 3.45E-3
6,10 Abnormal Instrument Reading A/B Uu=0 U = 5.55E-4
7,11 Low output compressor A/B Uu=0 U =2.07E-2
12, 15,18 Pump fail to start on demand U=299E-7 [ =1.96E-1
13,16, 19 Pump electric motor fail to function U=1.81E-6 [ =428E-4
14, 17,20 Pressure sensor failure U =399E-8 U =245E4
21 Important leakage in the water line U=U=12E-6

22 Inlet check valve blocked close U=0 U =1.78E-2
23 Tank rupture U= U =3.1E-7

24 Blowdown valve fails to close on U = 1E-07 U = 6.66E-6

demand
25 Check valve fails to close on demand U=0 U =1.78E-2




Table 11

Unavailability ranges of top and intermediate events from the IA-based FTA model for BFW-LL.

Node Description U' (t=12960 h)

Orl Boiler Feed water at low-level U = 2.08E-3 U =23E-1
Or2 water control loop failure E = 2.08E-3 U = 2E-1
And3 Feed water pumping unit failure E = 4.65E-12 U = 4.59E-4
Or4 Disruption in the feedwater tank E = 3.66E-6 U = 3.78E-2
And5 Blowdown system error E =0 U = 1.19E-7
And6 loss of instrument air supply E = 9.6E-14 U = 4.18E-2
Or7 Malfunction of Compressor unit A E = 3.09E-7 U = 2.04E-2
Or8 Malfunction of Compressor unit B E = 3.66E-6 U =3.78E-2
Or9 Water injection pump A malfunction E =2.15E-6 U = 2.14E-2
Orl0  Water injection pump B malfunction E =2.15E-6 U = 2.14E-2
Orll  Underfeeding of tank E =2.15E-6 U =2.03E-2
Orl12 No water from tank E = 1.51E-6 U = 1.78E-2




Table 12 Unavailability ranges of basic events from the AA-based FTA model for BFW-LL.

Node Component& associated failure mode U (t= 12960 h)

1 Level sensor damaged U = 5.47E-3 U =166FE-1

2 LIC dysfunction U=U=27E4

3 Globe valve fails to regulate U=0 U = 7.0E-5

4,8 Compressor Electric motor degraded U = 5.97E-07 U = 3.05E-4

5,9 Compressor internal leakage A/B U=0 U = 3.15E-5

6,10 Abnormal Instrument Reading A/B U=0 U = 7.07E-7

7,11 Low output compressor A/B U= 179E—-11 [ =2.02E-4

12, 15,18 Pump fail to start on demand U = 5.96E-7 U = 1.49E-4

13,16, 19 Pump electric motor fail to function U =209E-6 U = 1.72E-4

14, 17,20 Pressure sensor failure U = 6.84E-8 U =7.01E-5

21 Important leakage in the water line U=U=12E-6

22 Inlet check valve blocked close U =4.03E-5 U = 1.78E-2

23 Tank rupture U=U=3.1E-7

24 Blowdown valve fails to close on U = 1.25E-07 U = 5E-6
demand

25 Check valve fails to close on demand U =4.03E-5 U = 1.78E-2




Table 13 Unavailability ranges of top and intermediate events from the AA-based FTA model for BFW-LL.

Node Description U (t=12960 h)

Orl Boiler Feed water at low-level U = 5.79E-3 U = 1.82E-1
Or2 water control loop failure E = 5.74E-3 U = 1.67E-1
And3 Feed water pumping unit failure E = 1.27E-11 U = 1.53E-7
Or4 Disruption in the feedwater tank E = 4.54E-5 U = 1.82E-2
And5 Blowdown system error E = 5.04E-12 U = 8.94E-8
And6 loss of instrument air supply E =3.56E-13 U = 3.72E-7
Or7 Malfunction of Compressor unit A E = 5.97E-7 U =6.01E-4
Or8 Malfunction of Compressor unit B E = 5.97E-7 U =6.01E-4
Or9 Water injection pump A malfunction E = 3.56E-6 U = 3.92E-4
Or10 Water injection pump B malfunction E = 3.56E-6 U = 3.92E-4
Orll1 Underfeeding of tank E = 3.57E-6 U = 3.84E-4
Ori12 No water from tank E = 4.18E-5 U = 1.78E-2




Table 14 Relative reduction of WCLF events following the AA-propagated output intervals.

Events IA-propagated output intervals AA-propagated output intervals Relative reduction

1 U'=[1.8E-3, 1.63E-1] U=[5.47E-3, 1.66E-1] 93.09%
2 U'=2.7E-4 U=2.7E-4 0%
3 U'=10, 1.87E-3] U=[0,7.0E-5] 6.25%

LIAS  U'=[9.6E-14, 4.18E-2] U= [3.56E-13, 3.72E-7] 4.17%




Table 15 Reliability decision insights derived from IA and AA-based FTA comparison.

Events

LIAS

Reliability decision-making

Findings
- AA raises the lower bound of the failure interval;

- AA confirm a higher guaranteed minimum risk
than TA.

- IA and AA give essentially identical interval;

- AA does not change the decision.

- AA reduces the wupper bound markedly,
demonstrating that the worst failure effect is much
smaller than what IA indicates.

- AA reduces the upper bound relative to IA,
indicating that the event is far less likely.

Actions

- Add temporary redundancy (spare sensor or
voting scheme);

- Perform targeted inspections and diagnostics;

- Schedule replacement or redesign if diagnostics
confirm degradation;

- Increase calibration frequency.

- Maintain baseline plan + collect data;

- Continue planned maintenance and functional
tests;

- Focus on reducing data uncertainty rather than
costly redesign.

- Deprioritize expensive replacement/upgrade

- Increase monitoring and targeted tests,

- Introduce conditional maintenance when a drift is
indicated.

- Treat as low priority lower immediate mitigation
priority;
- Keep routine inspections and alarms.




Table 16 Intermediate-event symbols for FVR.

Intermediates event Symbol
Pressure control loop malfunction PCLM
loss of instrument air supply LIAS
Malfunction of compressor unit A MCU-A
Malfunction of compressor unit B MCU-B
Injection nitrogen system failure INSF
Vapors degassing system failure VDSF
Overfeeding of the expansion vessel OFEV
liquid nitrogen heat exchanger unit failure LNHEF
Poor operating control POC
Overactive hot-oil pumping OH-OP




Table 17 Basic-event interval input parameters of [A-based FTA for FVR

Node Component & associated failure mode Parameter A!(per hours), u! (hours)

1 Pressure transmitter failure A=0 A =2.028 E-4

2 Defective PIC q=2.7E-4

3,7 Low output compressor A/B A=0 A =2.028 E-4
p=1E-3 n=2

4,8 compressor electric motor degraded A/B A= 3.1E-7 A= 1.57E-4
u=29E-2 n=1

5,9 Compressor internal leakage A/B A=0 A = 1.58E-5
u = 4.6E-3 n=1

6,10 Abnormal Instrument Reading A/B A=0 A = 1.88E-5
= 3.4E-2 n=05

11,12 liquid nitrogen heat exchanger A/B A= 1.01E-6 A =9.63E-5
u=1E-3 =2

13,17 Low / High pressure alarm not activated - q=3.93E-6

14 PCYV fails to regulate A=0 A =2E-6
u=1E-2 =05

15 Degassing check valve in closed position A= 1E-8 A =8.63E-6

16 Hydrocarbon Gas Detector degraded A= 2.26E-5 A = 3.59E-5
W =5E-2 p=0.25

18 Gas XV valve fail to open on demand A=0 A =2E-6
p=le-2 n=04

19 LI malfunction q=3.1E-7

20 Globe valve fails to regulate A=0 A =2E-6
u=1E-2 p=0.5

21 Human error q=1E-2

22,23 Circulation pump A /B fail to stopondemand A = 0 A =2.1E-7
 =2.5E-1 I =3.3E-1




Table 18 Basic-event affine input parameters of AA-based FTA for FVR.

Node Component & associated failure mode Parameter (4, a;, ly, @, )
N1 Pressure transmitter failure Ao = 1.01E-4 a, = 1.01E-4
N2 Defective PIC q=27E-4
N3, N7 Low output compressor A/B Ay = 1.01E-4 a, =1.01E-4
Uo = 1.001 a, =9.98E-1
N4, N8 compressor electric motor degraded A/B Ao = 7.86E-5 a, = 7.83E-5
Uo = 5.14E-1 a, = 4.85E-1
N5, N9 Compressor internal leakage A/B Ao = 7.9E-6 a; = 7.9E-6
Uo = 5.02E-1 a, =4.97E-1
N6, N10 Abnormal Instrument Reading A/B Ao = 9.4E06 a; = 9.4E-6
Uo = 2.67E-1 a, =2.33E-1
N11, N12 liquid nitrogen heat exchanger A/B Ao = 4.86E-5 a; =4.76E-5
Uo =5.01E-1 a, = 9.99E-1
N13, N17 Low / High pressure alarm not activated q=3.93E-6
N14 PCYV fails to regulate Ao = 1E-6 a; = 1E-6
Uo = 2.55E-1 a, = 2.45E-1
N15 Degassing check valve in closed position Ao = 432E-6 a3 =4.31E-6
N16 Hydrocarbon Gas Detector degraded Ao = 2.92E-5 a; = 6.65E-6
o = 1.5E-1 a, = 1E-1
N18 Gas XV valve fail to open on demand Ao = 1E-6 a; = 1E-6
Uo = 2.05E-1 a, = 1.95E-1
N19 LI malfunction q=3.1E-7
N20 Globe valve fails to regulate Ao = 1E-6 a, = 1E-6
Uo = 2.55E-1 a, =2.45E-1
N21 Human error q=1E-2
N22, N23 Circulation pump A /B fail to stop ondemand 4, = 1.05E-7 a; = 1.05E-7
Uo = 2.9E-1 a, = 4E-2




