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The accelerating deterioration rate, notably due to corrosion in buried gas pipelines, has prompted the devel-
opment of a systematic methodology for assessing structural integrity. This study introduces a methodology to
evaluate the system reliability of a corroded gas pipeline, incorporating the spatial and temporal variability in
corrosion growth. To capture the spatial variability of the corrosion process, random field theory is applied,
which illustrates the correlation between defect depth and length growth, while a stochastic process is utilized to
model the temporal evolution of these defects. The methodology considers two primary failure modes, i.e., small
leaks and bursts, and investigates how the length scale in random fields, and the correlation strength between
these fields influence the failure probability of the pipelines. System reliability is ultimately assessed based on the
analysis of individual pipeline segments. The findings underscore the importance of considering spatial vari-
ability in estimating the reliability of gas pipelines. The proposed methodology offers a practical and more ac-
curate approach to account for the spatial and temporal dynamics of corrosion, thereby enhancing the accuracy

of reliability assessments for corroded gas pipelines.

1. Introduction

Gas pipelines, which include both transmission and distribution
networks, are essential components of the global energy infrastructure,
enabling the transportation and delivery of natural gas to industrial,
commercial, and residential consumers (Salina Farini Bahaman et al.,
2024; Khan et al., 2021). As natural gas continues to play a crucial role
in the energy mix, particularly in power generation and industrial ap-
plications during the transition to a low-carbon economy, the safety and
integrity of these pipelines remain of utmost importance. Failures in
these systems can lead to catastrophic outcomes such as fires and ex-
plosions (Liu and Liang, 2021; Bubbico, 2018). Given that corrosion is a
primary cause of pipeline failures (Halim et al., 2020; Shen and Zhou,
2024), developing and implementing a comprehensive integrity man-
agement program is imperative. Such a program must accurately eval-
uate the failure probability and the overall reliability of pipelines
susceptible to corrosion, thereby mitigating the risk of corrosion-related
incidents and ensuring their safe and reliable operation (Zhang and
Zhou, 2022).

Extensive research has been conducted on the reliability analysis of
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gas pipelines affected by corrosion. This body of research can be divided
into several categories, including probabilistic methods, statistical
methods (Mahmoud and Dodds, 2022), Bayesian analysis (Yang et al.,
2017), and machine learning-based approaches (Mazumder et al.,
2021). Probabilistic methods, particularly those including structural
reliability techniques, provide valuable insights into failure mechanisms
and system uncertainties, enabling a more thorough reliability assess-
ment. Among these methods, Monte Carlo simulation (MCS) is the most
commonly applied approach for analyzing the reliability of corroded gas
pipelines (Zhou, 2011; Tee and Pesinis, 2017). To improve efficiency,
advanced MCS techniques, such as importance sampling (IS) (Gong and
Zhou, 2018), Latin hypercube sampling (LHS) (Abyani and Bahaari,
2020), and subset simulation (SS) (Li et al., 2023), have been developed
to enhance variance reduction. Additionally, moment methods,
including the first-order reliability method (FORM) and the
second-order reliability method (SORM) (Gong and Zhou, 2017; Zelmati
et al.,, 2022; Teixeira et al., 2008), are frequently employed. These
methods utilize the moments of random variables to approximate the
limit state function (LSF) and estimate failure probability.

In the reliability analysis of corroded gas pipelines, two predominant
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failure modes are commonly analyzed: small leaks and bursts. Small
leaks occur when corrosion defects fully penetrate the pipeline wall,
whereas bursts result from the inability of the remaining strength in the
corroded pipeline to withstand the internal pressure (Zhang and Zhou,
2013). Accurately modeling the temporal progression of corrosion de-
fects is essential for reliable pipeline integrity assessments. Research
methodologies used to represent corrosion defect growth span a range of
approaches, including linear and nonlinear models to random variable
approaches and stochastic processes (Bazan and Beck, 2013; Valor et al.,
2014; Vanaei et al., 2017). Zhou et al. (2017) employed homogeneous
gamma and inverse Gaussian processes to simulate defect growth, using
Gaussian copulas to account for dependencies among different defects.
They conducted a time-dependent reliability analysis of a pipeline
segment using MCS. Chakraborty and Tesfamariam (2021) compared
linear growth models and gamma process-based models to assess their
impacts on the failure probability of gas pipelines, applying SS to ach-
ieve greater accuracy in failure probability calculations. Most studies in
this area assume a linear growth in corrosion length over time.
Furthermore, the reliability effects of multiple corrosion defects have
also been investigated. Abyani and Bahaari (2020) examined the system
reliability of pipelines affected by multiple corrosion defects using a
series system approach. Wang et al. (2021) developed a framework to
assess the reliability of a gas network, modeling it as a series system of
pipe segments, where the failure of a segment due to various failure
modes was represented using both parallel and series configurations.
Furthermore, while the random variables in these analyses are typically
considered independent, some studies have explored the impact of their
correlations on reliability. These investigations have employed methods
such as the Pearson coefficient and copula theory to model the de-
pendencies among variables (Wang et al., 2021; Zhou et al., 2012). This
body of research highlights the complexity of accurately predicting
pipeline reliability and underscores the importance of utilizing
advanced statistical techniques in the field.

The studies reviewed investigated the reliability of corroded gas
pipelines by focusing on corrosion defects. In most cases, the prevalence
of corrosion was first established before initiating formal analyses. This
approach required the identification of the number, location, and pa-
rameters of the corrosion defects, as well as their correlation structure.
However, the spatial variability in the parameters of the surrounding
soil suggests that corrosion defects are likely to exhibit similar vari-
ability, which must be incorporated into analyses for more realistic
outcomes. Li et al. (2017) and Wang et al. (2021) proposed methodol-
ogies to forecast the progression of pitting corrosion on buried ductile
pipes by integrating random fields, the gamma process, and copulas. The
spatial variability in pipe wall thickness was modeled using a Gaussian
random field, while the gamma process described the temporal vari-
ability. In a similar vein, Wang et al. (2021) employed a
one-dimensional random field to simulate corrosion rates along the
pipeline, using the maximum value from a pipeline segment to charac-
terize the corrosion process of that segment.Nahal et al. (2023) intro-
duced a random field to concurrently model the spatial variability of
corrosion and residual stress, utilizing the finite element method (FEM)
to visualize the impact of corrosion on the structural behavior at each
irregular zone. Failure probabilities were evaluated using a series system
configuration combined with MCS. While several studies have consid-
ered the spatial variability of corrosion in iron pipelines, limited
research has focused on its incorporation into the reliability analysis of
steel gas pipelines.

Most current studies on the reliability analysis of corroded gas
pipelines primarily focus on predefined corrosion defects, often
neglecting the influence of spatial variability. While the application of
random fields to model corrosion growth has been well-documented for
iron water pipes, its utilization in gas pipelines remains relatively
limited. Furthermore, many analyses are confined to one-dimensional
models that represent corrosion rates only along the depth direction,
often disregarding the longitudinal direction. Critically, existing
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research typically models only the growth of corrosion depth, which
directly affects failure probabilities related to minor leaks. However, the
residual strength of corroded gas pipelines is influenced by both the
depth and length of defects, a fact supported by most relevant standards
and codes. Therefore, it is essential to model the growth of corrosion
length in reliability analyses. Moreover, given the consistent properties
of the surrounding soil at specific pipeline locations, a potential corre-
lation may exist between the growth of corrosion depth and length.
Consequently, the relationship between these two random fields re-
quires careful consideration and thorough exploration in the analysis.

This study introduces a methodology to assess the system reliability
of corroded gas pipelines. It employs random fields to model the spatial
variability in both the depth and length of corrosion, while using a
gamma process for modeling temporal variability. LHS is utilized to
ensure that the random fields adequately represent all regions of the
input space. The analysis considers two failure modes, small leaks and
bursts. Additionally, it explores the impact of the random field length
scale and the correlation coefficient between the two random fields on
the failure probability of gas pipelines. System reliability is evaluated
across different pipeline segments. The results offer a practical frame-
work for estimating the reliability of gas pipelines, thereby enhancing
integrity management programs, and improving the safety of gas
pipelines.

2. Background

2.1. Reliability estimation of corroded gas pipelines

Fig. 1 illustrates a schematic diagram of a corroded gas pipeline
segment featuring multiple corrosion defects. The positioning and
quantity of these defects are typically determined based on expert
knowledge or identified using inline inspection (ILI) technologies such
as magnetic flux leakage (MFL) and ultrasonic testing (UT). It is note-
worthy that the corrosion surface identified through these technologies
often encompasses a cluster of pitting. The diagram specifies the pipe-
line segment’s outside diameter (D), thickness (t), yield strength (oy),
ultimate tensile strength (o), and the dimensions of each corrosion
defect, including depth (d), length (1), and width (w). Generally, two
predominant failure modes are observed in gas pipeline incidents: small
leaks and bursts. To assess the time-dependent reliability of the pipeline
segment under corrosion, the LSF for a small leak at a time 7z, which
represents a penetrating defect through the pipe wall, is expressed as
follows (Xiao et al., 2024; Melchers, 2005):

&(7) = ot —d(7) m

Where ¢ represents a factor that accounts for the potential development
of cracks in the pipe wall, which may lead to leaks in cases of significant
corrosion depth; g (7) denotes the occurrence of a failure resulting from a
small leak; d(7) represents the depth of the failure.

The burst failure refers to the scenario where the residual strength of
a corroded gas pipeline segment is insufficient to withstand the internal
pressure, leading to a burst. The LSF for such a burst event at a time 7 is
expressed as follows (Zhou, 2011; Yu et al., 2021):

8 (7) = Pb(7) = Pop(7) @

Where py,(7) denotes the burst pressure of a corroded pipeline, which is
determined by the pipe’s geometric and material properties, as well as
the characteristics of the corrosion defect; pop(7) represents the internal
operating pressure of the gas pipeline; and g, () indicates the occurrence
of a pipeline failure due to a burst.

The parameters considered in this analysis frequently exhibit varying
degrees of uncertainty due to factors such as data inaccuracy and model
imprecision. These uncertainties are explicitly incorporated by repre-
senting as random variables with defined probability distributions. MCS
is particularly well-suited for addressing the inherent variability and
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Fig. 1. Schematic diagram of corroded gas pipelines with multiple corrosion defects.

randomness of the system. For a problem involving a set of randomness,
denoted by X = (x1, -+, xm) € 2 € R™, where X belongs to a defined
value space 2, the probability of system failure, P¢, can be generally
expressed as follows (Robert and Casella, 2010; Song and Kawai, 2023):

PP:/mwwmu:H@mD 3

Xez

Where I[-] is an indicator function; g(X) represents the LSF encapsulates
the system’s performance characteristics, as described in Eqs (1) and (2);
the failure domain is defined as the set of values of X where g(X) is less
than or equal to 0, denoted as {X € Q : g(X) < 0}; f(X) represents the
probability density function (PDF) of the random variables X; and [ is
the expectation operator with respect to the PDF f(X).

A large number of random samples, adhering to specified probability
distributions, are generated and substituted into the LSFs outlined in Eqs
(1) and (2). Each sample is evaluated to determine whether the system is
in a safe state or has failed. From these evaluations, the probability of
failure can be estimated as follows:

N
> gl )

i=1

ZI'—‘

Where {X;},.y denotes a set of independent and identically distributed
samples drawn from the distribution f(X); i is the element unit; and N
represents the total number of samples.

The variance of IA’f and the coefficient of variation (COV) can be
further evaluated as follows:

R 1

Gf,f = pr(l — Pf) 5)
— P

Cov;, = Wff (6)

2.2. Random field theory

As discussed in the previous section, assuming specific predefined
corrosion defects in estimating the reliability of corroded gas pipelines
oversimplifies the issue and overlooks the fact that these pipelines are
buried, making them susceptible to spatial variability in soil properties.
This context necessitates considering the spatial variability of corrosion
defect growth in the modeling process to achieve a more realistic and
practical reliability estimation. Such spatial variability can be effectively
modeled by random fields, which capture the corrosion process across
the entire pipeline surface (Vanmarcke, 2010).

The random field, denoted as H(r,w), r € &, w € Q can be considered

a generalized stochastic process defined over a topological space &, where
r represents a location in space &, w is an event and Q is the sample space.
This random field provides a mathematical framework for characterizing
random variables at any site within the domain &, enabling the modeling
of variables that exhibit spatial variability. Such a representation is
invaluable in capturing the spatial variability of physical quantities, like
the growth of corrosion on a surface, which is appropriately modeled as a
continuous random field. In engineering contexts, the stochastic properties
of random fields are typically described using the mean y; and covariance
Cy functions (Christakos, 1992):

pg(r) = E[H(r) /po x,r)dx @

Cu(ri,my) = E{[H(ro) — py(ro)] [H(ry) — s (7)) } ®
Where py(x,r) denotes the PDF of X(r, w); uy(r) represents the mean
value of the random field at a given location r; r; and rj are two di-
mensions of the random field; j represents the j-th variable.

To generate realizations of the random field, several commonly used
methods can be employed, including the spectral method, turning bands
method, and Karhunen-Loeve (KL) expansion (Liu et al., 2019). Among
these, the KL expansion is particularly favored due to its efficiency in
capturing the essential statistical characteristics of the underlying
random process using a minimal number of basis functions. Conse-
quently, it is utilized in this study to generate samples of the corrosion
growth fields. The KL expansion method decomposes a random right
into its eigenvalues 4; and eigenfunctions ¢;(r) derived from the
covariance matrix. The random field is then discretized using this
deterministic set (Betz et al., 2014; Ghanem and Spanos, 1991):

H(r. ) = Ho(r) + 3 v/R& (@) (1) ©

Where Hy(r) is the mean function of the random field H(r, w) and &;(w)
are standard orthonormal random variables.

The eigenvalues and eigenfunctions of the covariance matrix can be
derived by solving the homogeneous Fredholm integral equation
(Ghanem and Spanos, 1991):

/ Cu(ri, 1) ; () dry = igpy(1) (10)
Q

By determining the covariance function of the random field, the ei-
genvalues and eigenfunctions can be computed. Using a set of random
coefficients &;(w) generated from a standard normal distribution and
selecting an appropriate number of terms to truncate the expansion,
samples of the random field H(r, ) can be generated by evaluating the
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truncated KL expansion at different points in the domain &.
2.3. Latin hypercube sampling (LHS)

LHS is a statistical technique widely used for generating a near-
random sample of parameter values from a multidimensional distribu-
tion. In this study, it is employed to generate the standard orthonormal
random variables &;(w) in the KL expansion. A key advantage of LHS is
that it ensures the set of random numbers adequately represents real
variability, which distinguishes it from traditional random sampling.
LHS is based on the principle of stratified sampling, extending this
concept to multiple dimensions. Consider a set of variables S;, j =1,2,---,
m, each following a uniform distribution U(0,1). The range [0, 1] for each
variable is divided into n equally probable, non-overlapping intervals
defined as u; = [(i — 1) /n,i/n)],i = 1,2.--,n. For each interval u;, a
random sample uj; is drawn uniformly. To ensure stratification across all
dimensions, the order of intervals for each variable is independently
permuted, denoted as 7;. The sample SJ@ for the j-th variable in the i-th
sample can be written as (Mckay et al., 2000; Helton and Davis, 2003):

s = W pi=1,2,n 11

This sampling scheme is independent of the number of dimensions,
making it suitable for high-dimensional problems. Additionally, LHS
allows for the sequential collection of random samples, while ensuring
that previously selected samples are tracked. LHS ensures that the set of
random numbers represents real variability. Unlike stratified sampling,
which is limited to one-dimensional problems, LHS can be applied to
multidimensional problems.

3. Reliability analysis of corroded gas pipeline

Fig. 2 provides the general framework followed in this study to es-
timate the failure probability of the gas pipeline segment and system,
which will be detailed in subsequent sections.
3.1. Remaining strength and internal operating pressure models

In order to estimate the reliability of corroded gas pipelines, the LSFs

in Egs. (1) and (2) must be evaluated for each sample. For burst failure,
the remaining strength of the corroded gas pipeline, subjected to

Existing literature
Random field theory
Corrosion growth
deld(7) & L
National — (|T) @
Standards & Codes
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corrosion defects, to withstand internal pressure needs to be determined.
Currently, several engineering standards and codes, such as ASME B31G
(ASME, 2012; Zhang et al., 2021), DNV RP-F101 (DNV, 2015), and CSA
7662 (CSA, 2019), have been developed based on full-scale experi-
mental results. The burst pressure py, in Eq. (12) is a function of pipe
geometric and mechanical parameters, such as diameter, thickness,
yield strength, and tensile strength, as well as the characteristics of
corrosion defects, including defect depth, length, and width. This study
utilizes the DNV RP-F101 model to predict the burst pressure due to its
superior performance (Bhardwaj et al., 2021; Gong et al., 2024):

_ 2t 1-d/t
P =105 0, (W\D (12)

Where M is Folia’s bulging factor, and can be expressed as follows:

L 2

M=4/14031(— 13

(/&) 42

The internal pressure of an individual gas pipeline is determined

according to the design formula for steel pipes outlined in CFR 192.105
and the ASME code for pressure pipelines (ASME, 2014).

2 oyt

DPop = D FET a14)

Where F denotes the longitudinal joint factor; E represents the design
factor accounting for location class effects; and T is the temperature
derating factor that compensates for temperature influences (ASME,
2014).

To accommodate uncertainties and potential fluctuations in demand,
a safety factor of 0.72 has been incorporated in the relevant equations to
ensure a safety margin. For each sample, the burst pressure of a corroded
gas pipeline with specified defect dimensions can be calculated, and the
corresponding operating pressure determined. These values are then
substituted into the LSF in Eq. (2) to assess whether the pipeline has
experienced a burst failure.

3.2. Defect growth model

To estimate the failure probability of a corroded gas pipeline, a more
detailed characterization of the defect parameters is required. The

Case study pipeline
Pipeline segment and Probability
discretization distribution

Burst model ps(7)
Pipe thickness #(7)

Limit state function
g9 = pr—d(9
g6(7) = pp(7) — pop(7)

Reliability of gas
pipeline segment and
system

Fig. 2. Framework for reliability analysis of corroded gas pipelines.
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progression of corrosion defects is inherently time-dependent, necessi-
tating the prediction of probabilistic distributions for corrosion growth
rates. Research has concentrated on developing both linear and
nonlinear models to accurately capture this progression. The linear
model, which assumes a constant corrosion rate derived from consecu-
tive inspection data, fails to account for the complex characteristics of
corrosion processes. Consequently, nonlinear models, particularly the
gamma process, have gained traction due to their ability to accurately
represent the temporal variability of deterioration. The gamma process
is particularly advantageous for stochastic deterioration modeling (Van
Noortwijk, 2009; Gong and Zhou, 2018), being positively defined and
capable of characterizing the progressive nature of corrosion growth.
Therefore, this study employs the gamma process to model defect depth
growth, thereby improving the precision of the representation (Van
Noortwijk, 2009; Wang et al., 2020)

l(l‘[
I'(az)

dg (T)m*leiﬂdg(r)l(&w) [dg(fﬂ

fds(D)la(2), B) = 15)

Where d; denotes the depth growth; a and § denote the shape and rate
parameters, respectively; and I'(x) = [¢*~'e~9dq is the gamma function
0

where q represents the integration variable and x > 0. The mean and
variance of a gamma process can be derived as a(r)/f and a(r) /42,
respectively.

The gamma process exhibits independent increments, where the
increment dg(7 + A7) — dg(7), over the time interval Ar, is distributed as
a gamma random variable with shape parameter aAz and rate parameter

p

dy(t+ A7) — dg(7) ~ [(aAT, p) (16)

Thus, the expression for the depth of a single corrosion defect at a
time 7 is (Jiang et al., 2023):

d(r) = do + dg(7) a7
Where d is the initial depth of the corrosion defect.

The study utilizes a linear growth model to represent the defect
length over time 7. It was found that the impact of corrosion defect
length is less significant than that of defect depth. Therefore, a linear
growth model was chosen to describe the progression of corrosion
length, aligning with established practices in the field (Bazan and Beck,

2013):
L(’[) :Lo +LT (18)

Where L is the initial defect length and L denotes the corrosion rate for
defect length.

3.3. Spatial variability depiction

Fig. 3 illustrates the process of unwrapping the curved surface of the
pipe and mapping it onto a flat plane. The angular coordinate is mapped
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linearly to the width of the rectangle, ¢ = nD, while the longitudinal
coordinate z is mapped directly to the length, [ = z. The spatial vari-
ability of the corrosion growth is modeled using a random field. In this
study, an exponential decaying covariance function is adopted to
describe the spatial correlation between values of the corrosion field at
different locations r; and rj (Spanos et al., 2007).

Calrr) = p< [ —r,->c>

19
¢lg ¢cf ( )

Where 62 is the variance; and ¢, and ¢, are range parameters or length
scales in longitudinal and circumferential directions, respectively, con-
trolling the rate of covariance decay with distance.

In disciplines involving random fields, the length scale typically re-
fers to the characteristic distance over which the properties of the
random field exhibit significant variation. In the present study, the
length scale ¢ characterizes the spatial extent over which the corrosion
growth is spatially correlated. A larger value of ¢ indicates a broader
spatial correlation, suggesting that corrosion at distant locations is
strongly related. Conversely, a smaller value of ¢ implies a more local-
ized correlation, with corrosion growth displaying greater variability
over shorter distances. These length scales are typically derived from
empirical observations or experimental data, capturing the scale at
which the corrosion process exhibits spatial continuity.

Given that corrosion must be modeled as a positive random field, a
lognormal random field is employed. A Gaussian random field is initially
constructed using the KL expansion approach, where the covariance
structure of the corrosion field in Eq. (19) is decomposed into its ei-
genvalues and eigenfunctions. LHS is then integrated to generate the
standard normal variables required in the KL expansion. The Gaussian
field can be expressed as a weighted sum of these eigenfunctions with
the sampled weights obtained via LHS. The Gaussian field is then
exponentiated to transform it into a lognormal random field Hy(r, )
with mean y, and variance o2, ensuring all values are positive and
capturing the appropriate distribution characteristics of corrosion
(Christakos, 1992).

Hy(r,») = exp(ug + 6cHg(r, w)) (20)

Where Hg(r, ) is the generated Gaussian random field with zero mean
and unit variance; and yg and 62 are corresponding normal distribution
parameters as given by:

(A 1)
fa W + oy
0.2
o — ln(l + ,T§> @2)
A%

The implementation of the random field involves discretizing it at
specific points on the pipeline surface. The length L is divided into Njg
elements along the longitudinal direction, each with a uniform length
Al = L/Ny;. The width C is divided into Ny elements along the

Ne

Ac
Al

Ni

Fig. 3. Illustration of pipeline surface unwrapping and discretization.
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circumferential direction, each with a uniform width Ac = nD /N. For
each element, the average value of the random field at the corners or
sampled points within the element is computed and used as the repre-
sentative value. The number of discretization points should be suffi-
ciently large to accurately approximate the random field. The
determination of element size is informed by the progression of corro-
sion defects that could potentially lead to pipeline failure. This infor-
mation is derived from field investigations of failed pipelines, including
laboratory analyses and failure records maintained by organizations
such as PHMSA, ENB, and EGIG. Subsequently, the pipeline diameter is
incorporated into the analysis to calculate the discretization number,
which is critical for reliability analysis. These considerations form the
foundation for the discretization of the pipeline surface in the present
study.

For the two corrosion models considered in this study, the shape
parameter a is treated as a spatially varying quantity and modeled using
arandom field to account for the variable corrosion rate across different
locations. In contrast, the rate parameter f is fixed to control the overall
growth rate of corrosion depth. The corrosion rate L in Eq. (18) is also
modeled using a random field to account for its spatial variability. By
employing this approach, the annual increments of corrosion depth and
length can be derived, incorporating spatial variability to assess its
impact on the failure probability of gas pipelines.

Corrosion defect growth occurs in both the depth path and the sur-
face direction. Given that the pipeline is exposed to a uniform corrosive
soil environment, corrosion development along the depth and length
directions is interrelated. This study addresses the correlation between
corrosion depth and length using the Nataf transformation, which fa-
cilitates modeling the correlation between non-Gaussian random vari-
ables. For two lognormal random fields H4(r,w) and H(r, o),
corresponding to corrosion depth and length, with desired correlation
Pa» the correlation of the corresponding Gaussian fields can be given as
(Most, 2005; Ditlevsen and Madsen, 1996):

In(1 + pyCOV,4-COV))
Pcg = > >
\/In(1 + COV2)In(1 + COV?)

(23)

Where COV4 and COV; are the COVs of Hy(r,w) and H;(r,w) respec-
tively.

The Cholesky decomposition is then used to decompose pg, to yield
the lower triangular matrix L. The Cholesky factor is applied to the
generated independent Gaussian random fields to obtain correlated
Gaussian random fields. The target lognormal random fields with the
desired correlation strength are then obtained by following the pro-
cedures outlined in Egs. (20)-(22).

3.4. Reliability of pipe segment and system

To estimate the failure probability of the gas pipe segment using the
proposed methodology, the failure probabilities due to small leaks and
burst failures can be determined based on the LSFs in Egs. (1) and (2). In
detail, the corrosion characteristics are quantified for each defect using
Egs. (15)-(18), while the remaining strength of the pipeline is evaluated
based on Egs. (12) and (13), and the operating pressure is calculated
using Eq. (14). Parameter uncertainties are represented by random
variables, and the spatial variability of the corrosion field is modeled as
arandom field. The failure probability of the gas pipeline for each failure
mode is then estimated using MCS, which involves repeatedly sampling
the random variables and random fields and computing the proportion
of simulations that lead to pipeline failure as shown in Eq. (4). Notably,
as the defect depth increases, the residual strength of the pipeline de-
creases, potentially increasing the risk of burst failure. This indicates a
potential interaction between the small leak and burst failure modes.
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The composite failure probability for a corroded gas pipeline at a given

time 7 with a corrosion defect i is defined as follows (Gong and Zhou,

2018; Gong and Zhou, 2017):

Pi(r) = P(g(r) <0Ug, () <0)

P(gli (1) < o) + P(gbi (1) < o) - P(gll (1) < 0N gy (7) < o)
24

Considering the spatial variability of the corrosion field, each dis-
cretized element of the pipeline surface will experience specific corro-
sion degradation. For the discretized gas pipeline segment, the failure of
any element might lead to the failure of the segment. This problem can
be viewed as a subsystem with Nj; x N corrosion defects forming a
series system, as illustrated in Fig. 3. Therefore, the failure probability of
the subsystem can be estimated as (Li and Chen, 2009):

NiNe
Pfsub(r) =1- H [l - Pfi(T)] (25)
i=1

Based on the topology of the pipeline, it can be classified as a series
system, a parallel system, or a mixed system. In a gas pipeline with K
multiple segments, a series system indicates that the failure of any in-
dividual segment leads to the failure of the entire pipeline. The system
failure probability can be estimated as follows:

P =1 [1-Pe, 0] 26)

Jj=1

For a parallel system, the entire system loses functionality only when
all segments fail. The system failure probability for a parallel configu-
ration can be formulated as follows:

K
Py, (7) = prsuhj (7) @7
=1

In a mixed system, the pipeline consists of both series and parallel
subsystems. Calculate each subsystem’s failure probability using series
and parallel formulas, these probabilities are then combined based on
their configuration to determine the overall system failure probability.

In summary, the proposed methodology to estimate the failure
probability of corroded gas pipeline segments and the system is outlined
in Algorithm 1.

4. Numerical example

This section presents and evaluates the proposed methodology for
performing reliability analysis on corroded gas pipeline segments and
systems. It includes several examples to illustrate the application of this
approach and discusses the resulting findings.

4.1. General information on the pipeline and corrosion process

To demonstrate the procedures and application of the proposed
method, case studies are conducted based on a buried steel gas pipeline
consisting of ten connected pipeline segments, each measuring 10 m in
length. The pipeline is arranged as an interconnected series system to
exemplify the proposed methodology in this study. The case study
pipeline is made of steel grade API 5L X60, with a diameter of 508 mm
and a thickness of 8.74 mm. The yield strength and tensile strength are
413.40 MPa and 516.75 MPa, respectively. The operating pressure is
calculated using Eq. (14). Each pipeline segment is divided into elements
with specified dimensions Ni; = 100 in longitudinal and N = 20 in
circumferential directions, resulting in a total of 2,000 elements.

The statistical information on fundamental pipeline parameters and
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Algorithm 1
Calculating corrosion-induced failure probabilities in pipeline.
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Require:
Given pipeline and discretize it into unit length segments Qj

Discretize each pipeline segment into elements of dimensions Al (length) and Ac (circumference)

Given total period T over which the analysis is to be conducted, segmented into years.

Pipeline material and geometrical parameters and corrosion parameter distributions
Number of random samples N
Outputs (Ensure):

Calculate the failure probability of each pipeline segment, and the overall system reliability over the given time span

Steps:

: Initialize 7«7, (starting time)

: Discretize pipeline into segments Qi

: For each segment Qy, discretize into N; x N, element units

: Initialize corrosion depth and length d(7y)«<dy, L(79)«Lo for each sample

: Calculate the normal operating pressure p,, based on Eq. (14) for each sample
Fort=7toT

: For each segment Qi

: For each element unit i

: Initialize failure count Nj, <0, Ny, <0

: Calculate depth and length increment Ad;, AL; using the corrosion growth model
: Update current corrosion depth d;(7)«d;, + Ad; and length L;(7)«<L;, + AL;

CO®NO U A WN -

o e e
B WNHFHO

1 If g, (1) = @t — di(7) < 0, N, «<Ni, + 1 (small leak)
2 1f gy, (z) = Pb, (7) = Pop(7) < 0, N, <Ny, + 1 (burst)

=
[\ 3]

Eq. (24)

17: Aggregate failure probabilities to calculate subsystem failure probability P, (7)
18: Aggregate failure probabilities to calculate system failure probability Py, (z)
19: Increment time 77+ 1

0 N

: Calculate the remaining strength Py, (7) based on Eq. (12) of the corroded gas pipeline

: Generate N random samples for pipeline parameters and random fields for the corrosion process

: Calculate failure probability Py, (r) and Py, (7) due to small leak and burst for segment k in year 7: Py, (r) = Ny, /N, P, (t) = N, /N, and the composite failure probability based on

20: Return failure probabilities Py, (7) for each segment and the system Py, () for each year

the corrosion process is sourced from existing literature and relevant
standards. The pipeline diameter, thickness and yield strength are
assumed to follow a normal distribution with COV of 0.01, 0.03 and
0.05, respectively. The ultimate tensile strength follows a lognormal
distribution with a COV of 0.03, and the operating pressure adheres to a
Gumbel distribution with a COV of 0.1. The corrosion process is modeled
using random field theory. The initial defect depth and length are
assumed to follow a Weibull distribution with a mean of 0.25 mm and a
COV of 0.1, and a lognormal distribution with a mean of 50 mm and a
COV of 0.1, respectively, uniformly distributed across the entire pipeline
surface. The initial corrosion time 7 is set at 2.88 years. The growth of
the corrosion defect is modeled using a gamma process across the entire
pipeline surface. The annual increment follows a gamma distribution
with a mean of 0.15 and a COV of 0.2. Similarly, the annual growth of
defect length follows a lognormal distribution with a mean of 3 and a
COV of 0.2. Considering that the corrosion depth and length at a specific
point on the pipeline are influenced by the soil parameters at that
location, these dimensions are correlated. Consequently, the covariance
function is utilized to model the variability in both corrosion depth and
length, with the length scale set uniformly applied in both longitudinal
and circumferential directions. The impact of the length scale in the
longitudinal and circumferential directions on the failure probability of
corroded gas pipelines is investigated in the subsequent analysis. A

Table 1
Statistics of pipeline and corrosion parameters.

summary of these parameters’ statistics is provided in Table 1.

To perform the reliability analysis, a total of 1 x 10° samples is
generated for the pipeline and corrosion parameters following the
specified probability distributions. LHS is used to generate the uncor-
related standard normal variables &;(w) required to create realizations of
the random field. The factor ¢ in Eq. (1) is set to 0.8 in this study to
account for the failure due to small leaks.

4.2. Reliability analysis of gas pipeline segment considering the impact of
length scale

This section investigates the impact of the length scale of the random
field of corrosion depth and length on the failure probability of a gas
pipeline segment. The length scale affects the spatial variability of the
random field: shorter lengths result in high variability, while longer
lengths lead to smoother transitions. Figs. 4 and 5 present realizations of
the random fields for the annual growth of corrosion depth and length,
illustrating the influence of length scale on spatial variability, with two
distinct length scales, 1 m and 5 m. In Fig. 4, the shorter length scale (1
m) yields a highly irregular and heterogeneous pattern, with rapid
variations in corrosion depth increments across both longitudinal and
circumferential directions. This indicates frequent changes in corrosion
characteristics over short distances. Conversely, with the longer length

Statistics Pipe Wall Yield Tensile strength Operating Initial Initial length Annual growth Defect length
diameter thickness strength (MPa) pressure depth (mm) depth (mm) growth rate (mm/
(mm) (mm) (MPa) (MPa) (mm) a)
pipeline defect

Mean HD e Ha, Ho, Hpyy Hd, Hi, 0.15 3.00

cov 0.01 0.03 0.05 0.03 0.10 0.10 0.10 0.20 0.20

Distribution Normal Normal Normal Lognormal Gumbel Weibull Lognormal Gamma Lognormal

Source Al-Amin and Al-Amin and Al-Amin and Zhou et al. CSA (2019) Li et al. Ben Seghier Zhou et al. Zhou (2011);
Zhou (2014) Zhou (2014) Zhou (2014) (2017);; Gong and (2023) et al. (2022) (2017); Gong Al-Amin and

Zhou (2018)

and Zhou
(2018)

Zhou (2014)
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Fig. 4. Realization of random fields for annual corrosion depth increments with varying length scales.
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Fig. 5. Realization of random fields for annual corrosion length increments with varying length scales.

scale (5 m), a smoother pattern is observed. Here, the corrosion depth
increments change less frequently over larger distances, resulting in a
more homogeneous and less intricate spatial structure. A similar pattern
is observed in Fig. 5. With a shorter length scale, the random field ex-
hibits significant variability, displaying a complex and finely detailed
pattern of corrosion length increments, producing a highly variable and
intricate field. In contrast, a longer-length scale displays a smoother and
more uniform pattern.

To better illustrate the effect of length scale on the failure probability
of corroded gas pipelines, a representative element with a centroid
located at (4.950, 0.758) is examined to assess the failure probability of
the pipeline segment resulting from these individual corrosion defects.
The length scales in the longitudinal and circumferential directions for
both corrosion depth and length are set to 0.25 m, 0.5 m, 0.75 m, 1 m,
and 1.25 m, while the other direction is fixed at 1 m during the inves-
tigation. The correlation coefficient between the two corrosion pro-
cesses is set at 0.5. The failure probability of the pipeline segment
subject to individual corrosion defects with different length scales is
presented in Figs. 6 and 7.

The length scale of the random field of corrosion depth affects failure
probability, as indicated in Fig. 6. For small leaks, the failure probability
increases with a larger length scale when the corrosion period is less
than 50 years. Interestingly, this pattern reverses when the time exceeds
this critical threshold. Additionally, a diminishing marginal effect is
observed with increasing length scale. Similar results are observed for
the failure probability of gas pipelines due to bursts. The composite
failure probability, calculated based on Eq. (24), is generally higher than
that for small leaks and bursts, yet it follows similar patterns. This can be
explained by corrosion reliability analysis, a high length scale results in
a relatively uniform distribution of corrosion rates, leading to early

failures of high-rate points and a higher short-term failure probability.
Conversely, a low length scale creates a more heterogeneous distribu-
tion, resulting in fewer early failures and a lower short-term failure
probability. Over the long term, high length scale scenarios experience
early failures of high-rate points, leaving moderate and low-rate points
to fail gradually, thus stabilizing the failure probability. In low length
scale scenarios, variable corrosion rates cause moderate-rate points to
accumulate corrosion depth over time, increasing long-term failure
probability. Therefore, after around 50 years, the failure probability in
high length scale cases is slightly lower than in low length scale cases.

In contrast, the influence of the length scale of the random field for
corrosion length on the failure probability of small leaks and bursts is
negligible, as shown in Fig. 7. The failure probability curves for different
length scales are nearly identical. This result is intuitive since the failure
of small leaks depends on corrosion depth rather than corrosion length.
Corrosion depth has a more significant impact on the remaining strength
compared to corrosion length, leading to a marginal effect of corrosion
length on failure probability. This observation is consistent with findings
from previous studies (Bazan and Beck, 2013; Al-Amin and Zhou, 2014).

4.3. Reliability analysis of gas pipeline segment considering the impact of
correlation

Fig 8 illustrates the impact of time and positive correlation (p = 0.5)
on the corrosion depth and length of a pipeline continuously exposed to
a corrosive environment over periods of 5 and 15 years, displaying
random fields for the respective periods. Fig. 8(a) and (b) depict the
corrosion depth and length after 5 years. The corrosion depth exhibits
moderate spatial variability, indicating localized influences on the
pipeline over this period. The corrosion length also shows variability,
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Fig. 6. Failure probability of a pipeline segment with individual corrosion de-
fects, the impact of varying length scales in the random field of corrosion depth.

with regions of significant increase. The positive correlation between
depth and length results in overlapping patterns, where regions with
higher corrosion depth tend to also exhibit greater corrosion length.
After 15 years, the corrosion depth shows enhanced spatial variability
and more extensive areas of significant corrosion, reflecting prolonged
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Fig. 7. Failure probability of a pipeline segment with individual corrosion de-
fects, the impact of varying length scales in the random field of corrosion length.

exposure to the environment. Similarly, the corrosion length demon-
strates greater variability and smoother transitions. These results un-
derscore the importance of considering both time and correlation in
understanding and modeling the long-term corrosion behavior of
pipelines.
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The study further explores the impact of the correlation between
corrosion depth and length on the failure probability of gas pipelines.
The length scale in both longitudinal and circumferential directions is
set to 1 m. Theoretically, a positive correlation indicates a similar
growth pattern between corrosion depth and length, thereby increasing
the likelihood of failure. This study analyzes five different correlation
coefficients: 0.1, 0.3, 0.5, 0.7, and 0.9. The results are illustrated in
Fig. 9. It is evident that the correlation of the two random fields has a
negligible impact on the failure probability due to small leaks, as
corrosion length does not contribute to pipeline failure through perfo-
ration. However, it does influence the behavior of burst failures. As the
correlation coefficient between the two random fields increases, the
failure probability due to burst failures also increases. A more pro-
nounced difference in failure probability is observed before 50 years for
burst failures, which reduces over a longer period. This difference also
affects the composite failure probability, considering the interaction of
small leak and burst failures, as shown in Fig. 9(c). These findings
highlight the importance of carefully estimating the correlation between
the development of corrosion depth and length when assessing the
reliability of gas pipelines, particularly in the early years.

4.4. Subsystem and system reliability

The previous section examined the failure probability of corroded
gas pipelines under specified corrosion defects, considering the impact
of length scale and correlation coefficients of corrosion fields. This
section investigates deeper into the subsystem and system reliability of a
gas pipeline segment and the entire pipeline, incorporating both spatial
and temporal variability. Initially, a single pipeline segment of ten me-
ters in length is considered, followed by the analysis of the inter-
connected system. Due to the minimal impact of the length scale of the
corrosion length random field on the failure behavior of gas pipelines
with individual corrosion defects, this factor is set to 1 m for subsequent

10

analysis. Similarly, the correlation coefficient of the two random fields is
set to 0.5 when evaluating the impact of the length scale of the corrosion
depth random field, while the length scale of the corrosion depth
random field is set to 1 m when investigating the impact of the corre-
lation of the two random fields. For simplicity, the soil properties around
the ten segments are assumed to be uniform, and thus the parameters of
the corrosion growth models for both corrosion depth and length are the
same. This assumption does not affect the results of the current study, as
the proposed methodology can be easily extended to a more general case
when field inspections provide detailed information about the corrosive
parameters of the surrounding soil around the investigated pipeline.

Fig. 10 demonstrates the failure probability of a single pipeline
segment due to corrosion, accounting for both spatial and temporal
variability. The results are comparable to those shown in Fig. 6, which
depicts the failure probability of a pipeline segment with individual
corrosion defects. Specifically, an increase in the length scale of the
random field for corrosion depth enhances the likelihood of failure at
early stages (generally before 35 years) for both small leaks and burst
failures. However, this trend reverses over the long term. These findings
suggest that the impact of the length scale on the failure probability of a
single pipeline segment extends from individual corrosion defects to the
entire subsystem. It is also apparent that the failure probability of a
pipeline segment, when modeled as a series system incorporating the
corrosion process as a random field, is higher than when considering
corrosion as individual defects. Consequently, the pipeline segment
reaches the end of its service life sooner under this model. This study
indicates that a proper treatment of the corrosion process is essential
when estimating the reliability of corroded gas pipelines. Simplifying
the corrosion into several individual defects underestimates the failure
probability. Therefore, it is recommended to use random field theory to
accurately account for the spatial variability of the corrosion process,
providing a more practical and precise estimation of reliability.

Fig. 11 further investigates the impact of the correlation coefficient
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Fig. 9. Failure probability of a pipeline segment with individual corrosion
defects, the impact of varying correlation coefficients between corrosion depth
and length.

between the random fields of corrosion depth and length. The results are
similar to those presented in Fig. 7, where the failure probability is
estimated based on the corrosion defect level. The correlation between
the two random fields has minimal influence on failures due to small
leaks, as this failure mechanism is not related to the defect length.
However, the correlation does affect burst failures, with a positive cor-
relation increasing the likelihood of failure. This pattern persists from
the corrosion defect level to the subsystem level. Similar to the results
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Fig. 10. Failure probability of a pipeline segment due to corrosion considering
spatial and temporal variability with the impact of length scale.

shown in Fig. 10, the failure probability at the subsystem level is higher
than at the corrosion defect level, resulting in the pipeline failing earlier
in such scenarios. These findings further emphasize the necessity of
modeling corrosion as a random field to accurately assess the reliability
of corroded gas pipelines.

The failure probability of the specified gas pipeline is further
assessed, with the composite failure probability depicted in Fig. 12.
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Fig. 11. Failure probability of a pipeline segment due to corrosion considering
spatial and temporal variability with the impact of correlation coefficient.

Notably, a similar pattern is observed in Figs. 10 and 11 for subsystems is
extended to the composite failure probability of the entire system, which
demonstrates higher failure probabilities at the system level. It is
important to highlight that this study utilizes a series system for illus-
trative purposes, although the results for a parallel system could be
derived using a similar methodology. For more intricate, mixed systems,
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Fig. 12. Failure probability of gas pipelines with the impact of length scale and
correlation coefficient.

methods such as the cut set and path set could be employed to identify
critical components and facilitate targeted reliability analysis. Overall,
the methodology proposed in this study can be generalized to accom-
modate more complex systems, thereby providing a practical estimation
of their failure probabilities.

It is acknowledged that the findings of this study would benefit from
further cross-validation using comprehensive field or laboratory data-
sets, which could provide more practical evidence for the proposed
methodology. However, at this stage, such extensive datasets are not
available to facilitate this validation. Nonetheless, the MCS method
employed in this study offers a robust framework for reliability analysis,
as it is well-suited for modeling stochastic failure behaviors in complex
systems. Therefore, future research endeavors focus on gathering more
extensive datasets to enable thorough cross-validation and enhance the
practical applicability of the proposed methodology.

5. Conclusion

This study developed a methodology to estimate the reliability of
corroded gas pipelines by considering both the spatial and temporal
variability of the corrosion process. The spatial variability of the
corrosion field is modeled using random field theory and implemented
through the KL expansion approach. LHS was employed to realize the
random fields associated with the corrosion process. The growth of
corrosion depth is modeled using the gamma process, while the corro-
sion length was assumed to exhibit a linear behavior over time. The
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study investigated the impact of the length scale of the random field and
the correlation between the two distinct corrosion fields on the failure
probability of gas pipelines. Furthermore, the failure behavior of the
corroded gas pipeline was analyzed at the defect level, subsystem level
and system level. The main findings are summarized as follows.

The length scale of the random field affects the characteristics of the
generated random fields. Short length scales result in highly irregular,
rapidly varying corrosion patterns, whereas longer length scales pro-
duce smoother and more homogeneous patterns. This factor subse-
quently impacts the failure probability of gas pipelines. A longer length
scale of the corrosion depth random field leads to a higher failure risk at
early ages, but this trend reverses for long-term observations. In
contrast, the length scale of the corrosion length random field has a
lesser impact on failure probability. The correlation between the two
corrosion fields describing corrosion depth and corrosion length is
another important factor influencing pipeline failure. A greater corre-
lation between the two random fields increases the likelihood of burst
failures at the corrosion defect, subsystem, and system levels, though it
does not significantly affect the likelihood of small leaks. From the
defect level to the subsystem and system levels, it is observed that gas
pipelines are more likely to fail when corrosion is modeled using a
random field that considers both spatial and temporal variability as a
whole. This modeling approach highlights that pipelines are likely to
reach the end of their service life earlier than expected. This finding
suggests the necessity of accounting for both spatial and temporal
variability when estimating the reliability of gas pipelines to achieve
more accurate and practical results. Such results can then be used to
inform comprehensive inspection, maintenance, and repair plans.

It is acknowledged that this study assumed the covariance function of
the random field and the correlation between the two random fields.
Therefore, it is recommended to incorporate detailed field inspection
records that include both corrosion information and the corrosive pa-
rameters of the soil surrounding the pipeline. This approach would
provide a more refined structure for the random fields, leading to a more
accurate reliability estimation. Nevertheless, the current study offers a
practical framework to consider the impact of corrosion fields on the
reliability of gas pipelines, thereby contributing to improved safety and
integrity management of such systems.
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