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Abstract

Assessing the reliability of corroded onshore pipelines represents a spatial and temporal
challenge. Pipe operators seek to estimate segment degradation and design an effective
maintenance plan with imperfect information, where multiple failure modes can occur. This
paper proposes a probabilistic framework for assessing segment reliability, incorporating
the spatio-temporal variability of corrosion defects. Based on In-Line Inspection (ILI)
measurements, critical segments are identified along the pipeline using a preliminary
condition-based segmentation with a changepoint algorithm and two simultaneous failure
modes, i.e., small leaks and bursts, with an inverse Gaussian process for the temporal
degradation. Reliability is assessed by considering dependent failure limit states using a
copula approach with Monte Carlo simulations. The proposed methodology is evaluated on
a 60 km pipeline section to characterize spatial variability. The robustness and effectiveness
of the changepoint approach in characterizing the spatial variability of corrosion defects as
well as in identifying and locating critical segments along the pipeline is well demonstrated.
The findings show that evaluating the dependence of pipeline failure events using the
copula approach yields to a more realistic estimate of pipeline reliability. In addition, it was
found that ignoring spatial variability and failure mode interdependence leads to overly
pessimistic estimates, consequently leading to premature maintenance.

Keywords: pipeline corrosion; reliability assessment; spatial variability; dependent failures;
inverse Gaussian; copula function

1. Introduction

Pipelines transporting hydrocarbons (gas and oil) are considered the most efficient
and least expensive over long distances. However, they are subjected to spatial and
temporal degradation processes, such as corrosion, which make them challenging to
operate. Onshore pipelines are commonly made of steel, and corrosion is one of their
main degradation mechanisms, affecting both the inner and outer walls. Corrosion is an
electrochemical process that reduces the effective wall thickness of the pipeline material
due to environmental exposure or the fluids being transported [1]. Soil corrosivity around
the pipeline determines how severe this metal consumption is on the outer side, including
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of acidity, aeration, pH, texture, among others [2]. Regarding the inner side, fluid properties
and operating parameters influence this degradation process, such as pressure, temperature,
pH, microorganism activity, or the composition of corrosive components (e.g., CO, or
H,S) [2]. In either case, corrosion is represented in different ways, but the main types are
uniform and pitting corrosion. Uniform corrosion is characterized by the loss of material at
a similar rate across extensive areas of the pipeline’s inner or outer surfaces. In contrast,
pitting corrosion is defined by accelerated material loss in localized regions compared to
the surrounding areas. This localized corrosion can form small holes that may expand over
time and ultimately cause pipeline failure [3].

Corrosion reduces the pipeline wall’s ability to withstand operational conditions,
thereby reducing its effective lifetime. In this regard, In-Line Inspection (ILI) tools, such as
Magnetic Flux Leakage (MFL) and Ultrasonic tools (UT), are commonly used to identify;,
size, and locate corrosion defects along the pipeline either at the inner or outer side
of the pipe. In this regard, corrosion defects are described by their depth, length, and
width. They are located using the pipeline abscissa and a 12-clock position analogy for
orientation. Pipeline operators receive this information from inspection vendors (e.g.,
Rosen) describing the location and orientation, structural parameters, and the primary
descriptors of the detected defects [4]. This information enables pipeline operators to
assess and monitor pipeline segment degradation over time based on the remaining wall
thickness [1], seeking a safer and more reliable operation. However, these measurements
are affected by measurement errors, further complicating maintenance decision-making [3].

Given this complex degradation process, researchers have paid attention to different
reliability assessments of corroded pipelines. From a temporal perspective, several models
have been proposed to predict the growth of corrosion defects over time. Some approaches
use linear models, assuming constant or probabilistic increments between consecutive
inspection intervals, as recommended by the National Association of Corrosion Engineering
(NACE) [5] or in the work proposed by Pandey [6]. Other alternatives consider non-linear
growth rates following a power law function [7], or probabilistic methods that incorporate
pipe structural and environment soil variables as random variables [8-11]. In addition,
corrosion growth has also been modeled as a stochastic process because it can capture the
temporal variability of corrosion defects. Some examples include the Gamma process [12],
Markov Chains [13], and the inverse Gaussian process [14]. Recently, other approaches have
also incorporated machine learning to assess the risk of pipeline failure due to leaks [15].
These approaches usually consider the corrosion extent (i.e., depth and length), which can
be measured through ILI runs. However, while machine learning algorithms can predict
failure probabilities, they function as black-box models that require dense continuous
environmental monitoring. In contrast, stochastic processes such as Gamma or inverse
Gaussian directly model monotonic, non-negative depth-growth trajectories over time
while accommodating sizing errors from routine ILI data.

The reliability assessment is also affected from a spatial point of view. Corroded seg-
ments exhibit varying levels of degradation driven by operating conditions, surrounding
soil, and pipe properties. Therefore, more specific reliability assessments incorporating
these variations are required. In this direction, Amaya-Gémez et al. [2] evaluated a statisti-
cal soil characterization using a Multiple Correspondence Analysis (MCA) and K-modes
to describe soil properties where more severe defects were found. These authors also
proposed a dynamic segmentation of corrosion defects to identify critical segments, requir-
ing interventions [16], and condition-based segmentation using a changepoint algorithm
to identify pipe segments with similar degradation [17]. In addition, other alternatives
have considered using random fields to evaluate the space-dependent degradation process.
Sahraoui and Chateauneuf [18] proposed a probabilistic methodology for assessing the
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reliability of corroded pipelines subject to space-variant soil aggressiveness. They modeled
soil spatial variability as a correlated stochastic field using the Karhunen—Loeve expansion.
Xiao et al. [19] also contemplated a random field and examined how its length scale and
the correlation of the defect measurements affect the pipeline reliability. Meneses-Gelves
et al. [20] introduced a Gaussian random field to characterize the spatial variability of corro-
sion depth defects obtained by matching consecutive ILI measurements. Consequently, the
authors estimated the Mean Time to Failure (MTTF) for each segment, enabling identifica-
tion of the most critical pipeline segments. Overall, these approaches focused on only one
failure mode, principally associated with a burst scenario, and few also include included
leakage failure. As noted by CSA Z662 [21] and authors such as Zhou et al. [22], depending
on defect depth and length, different failure scenarios such as minor leaks, large leaks or
ruptures can occur.

This reliability analysis is also affected by possible correlations among features. In this
regard, researchers have increasingly incorporated copula functions into pipeline reliability
analysis to model the complex interdependencies among stochastic variables, moving
beyond traditional assumptions of mutual independence that can lead to significant errors
in failure probability [22,23]. Copula theory provides a flexible framework for modeling
asymmetric dependence between parameters, which is common in most situations in corro-
sion defect scenarios. Different types of copula functions also allow us to better represent
dependence between variables [24]. This methodology contemplates critical parameters
such as the correlation between pipe diameter and wall thickness, the relationship between
initial defect dimensions and their stochastic growth rates over time [19]. Furthermore,
copulas characterize dependence between competing failure modes—specifically small
leaks and catastrophic bursts—both fundamentally driven by corrosion depth progres-
sion [25]. However, while some research acknowledges that multiple defects within similar
environmental regions may exhibit spatial correlation [19,26], many current works pri-
oritize a reliability assessment from a distribution perspective, fitting large inspection
datasets to stochastic variables without explicitly modeling geographical variability [12,15].
Consequently, a significant research gap remains in developing comprehensive frameworks
that simultaneously contemplate spatial variability, stochastic degradation, and joint failure
modes using copula functions.

To overcome these limitations, this paper introduces a comprehensive probabilistic
framework to evaluate the reliability of pipeline segments by incorporating the spatio-
temporal variability of corrosion defects. To capture spatial heterogeneity in corrosion
parameters (i.e., depth and length along the pipeline), this work implements a dynamic
condition-segmentation framework based on the changepoint approach to identify specific
degradation processes in similar affected segments. Then, the segments that are prone
to failure will be identified and localized along the pipeline. Furthermore, the temporal
evolution of depth defects will be modeled as an inverse Gaussian process. The failure
modes will be treated as dependent, and copula theory will be used to characterize the
dependence structure.

The proposed framework contemplates the following features:

e A dynamic segmentation contemplating the changepoint algorithm approach based on
ILI measurements is implemented. Spatial variability of corrosion defects is evaluated
to identify pipeline segments with statistically homogeneous behavior.

e  The temporal variability of defects is modeled using an inverse Gaussian process-
based stochastic degradation approach. The time-variant reliability of individual
segments and the entire pipeline is assessed using Monte Carlo Simulation (MCS).
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e  Burst and leak failure criteria are considered as dependent events. For this purpose, a
copula approach has been incorporated. These failure criteria allow identifying and
localizing critical segments along the pipeline for further maintenance.

The remainder of this paper is structured as follows: Section 2 presents a reliability
analysis based on the changepoint approach, and introduces the degradation model and
the copula theory. Section 3 describes the application of the proposed methodology and
discusses the corresponding results. Finally, a conclusion and remarks are given in the
last section.

2. Proposed Spatio-Temporal Reliability Assessment
of Corroded Pipelines

2.1. Pipeline Segmentation Using the Changepoint Approach

Underground pipelines are complex systems whose reliability evolves under het-
erogeneous soil conditions along their segments. To address this complexity, various
segmentation approaches have been proposed, including soil-based segmentation [18]
and fixed-distance segmentation as in [27,28]. However, these methods have some limita-
tions: soil-based approaches require detailed small-scale characterization to adequately
capture heterogeneity, while fixed-distance methods cannot adapt to spatial variations
in corrosion aggressiveness. To address these limitations, the changepoint approach
proposed by Amaya-Gémez et al. [17] was employed. This approach divides the pipeline
into segments with similar statistical moments (i.e., mean or variance), see the jumps in
Figure 1, which are characterized using corrosion defect measurements obtained from
In-Line Inspections.
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Figure 1. Changepoint approach based on the variance (left) and the mean (right) of the corrosion
data. Adapted from Amaya-Gémez et al. [17].

This segmentation helps reduce the complexity of reliability assessment and identify
critical segments along the pipeline. The changepoints approach uses the Pruned Exact
Linear Time method [29] to detect the jumps or change points along the pipeline. For this
purpose, the Changepoint for a Range of Penalties (CROPS) algorithm [30] is contemplated,
which determines the optimal number of segments based on a penalty value to avoid
overfitting. For more details on the changepoint approach, the reader is referred to Ref. [17].
The CROPS algorithm penalizes model complexity by evaluating a range of penalty values
to prevent overfitting noisy inspection signals with minor, statistically insignificant change-
points [30]. By identifying the point of maximum curvature on the segmentation cost curve,
it selects an optimal partition that cleanly isolates statistically distinct, highly aggressive
corrosion clusters without over-segmenting the pipeline [17].
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2.2. Failure Modes and Limit States

A pipeline can be modeled as a series system of multiple components (pipe segments),
each containing multiple corrosion defects with varying degradation levels. If a segment
fails (loss of containment), the whole system fails, requiring an emergency shutdown and
disrupting normal fluid transportation. Each segment is assumed to be subject to two
failure modes simultaneously: small leaks and bursts.

The limit state function induced by a small leak is denoted as follows [19]:

Qs(t) = 0.8w —d(t), (1)

where d(t) is the depth of the corrosion defect at time t and w represents the thickness of
the pipe wall. Note that 80% of the wall thickness is commonly accepted as a leakage limit
state; however, some variations exist, such as the one reported by the Canadian Standards
Association, using a 100% limit state.

Pipelines are also subjected to a second limit state of a burst [31], in which the operating
conditions lead the pipe wall to bulge outward and reach a point of instability. In this
case, the limit state function is defined as the difference between the resistance of the burst
pressure P, and the operating pressure P,, which can be expressed as follows [19]:

8v(t) =Py — By, ()

Several empirical and semi-empirical models for evaluating the burst pressure
have been reported in the literature [31,32]. The evaluation of burst pressure (P) in
corroded pipelines is primarily divided between traditional standard codes based on
empirical NG-18 equations with rectangular or parabolic defect idealizations (e.g., ASME
B31G, Modified B31G [33], and CSA Z662) and advanced numerical or dimensional
analysis models—including 3D non-linear finite element modeling (FEM), Buckingham
pi theorem regressions, and strain-hardening formulations—which represent defects
with elliptical or complex profiles [32]. While traditional standards tend to produce
overly conservative failure predictions for modern ductile materials, models specifically
calibrated for moderate-to-high toughness pipelines (grades X52 to X80+), including
Netto et al. [34], PCORRC [35,36], Ma et al., and Chen et al. [37], have provided markedly
superior accuracy because plastic collapse in high-grade steels is governed by ductile
failure rather than notch-sensitive stress states [32]. From these approaches, Netto
et al.’s [34] model was derived using Buckingham’s pi theorem alongside 3D non-linear
FE simulations and small-scale experiments for elliptical defects in moderate-to-high
toughness steels (API 5L X52 to X77). Unlike standard ASME approaches, Netto’s
formulation assigns significantly greater importance to relative defect depth (d/w),
effectively correcting the tendency of conventional codes to underestimate remaining
pipe strength for short defects and overestimate it for long defects. Consequently,
comparative reliability and experimental evaluations demonstrate that Netto’s model
provides realistic, less conservative predictions, achieving the lowest coefficient of
variation (CoV) among evaluated models and delivering highly accurate mean predicted-
to-test pressure ratios of 0.91 for moderate-toughness steels and 0.97 for high-toughness
steels [32]. For more details on the applicability and conservatism levels of these models,
see Ref. [32]. This model was chosen because it is suitable for estimating the burst
pressure of high-toughness pipes, such as API X 65, which applies to our case study. This
model depends on information regarding the corrosion geometry and pipeline geometry,
as well as its mechanical properties; the burst pressure of corroded pipeline segments is
given as follows:
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(1.10y)2w

Py(t) = D

[1 —0.9435 (‘?) * (lo[()t)> 0'41 , ©)

where D and w are the pipe’s outside diameter and wall thickness, respectively. oy, is
the pipe’s yield strength, and [j is associated with the initial corrosion length (last inspec-
tion), given that only one ILI run is available. This model is selected because it has been
considered as having less conservative predictions than the other models [38].

2.3. Degradation Model

The corrosion growth model through the thickness of the pipeline wall d(#) is modeled
as a stochastic process, specifically as an inverse Gaussian process. The advantage of the
inverse Gaussian process is that it is defined for positive values and can characterize the
temporal variability of defect depth growth. It is described as follows:

d(t) = do,; + X(t), (4)

where dj; represents the initial depth of the corrosion defect in segment j (j = 1,2,...,K)
at the last inspection time. Here, K represents the number of segments obtained by the
changepoint approach. X(t) is associated with the stochastic process used to model the
growth of corrosion defects” depth. For this purpose, X(t) is determined using an inverse
Gaussian process (IGP), to characterize the growth of corrosion defects’ depth over time
of each pipeline segment previously obtained by the changepoint algorithm. It should be
noted that the corrosion defect’s length is supposed to remain constant, considering that
the main contribution from both failure limit states comes from the defect’s depth and not
the corrosion length. In addition, they do not affect drastically the pipeline’s reliability
when corrosion length defects are significant [39].

Let {X;g(t),t > 0} denote an inverse Gaussian process (IGP) over time. The probabil-
ity density function (pdf) of X (t) is given as follows [14]:

_ 2
fiotan(8) = [ iy exp(— fuel) — 1) >; (vi6(t) > 0), ()

where y(t) and ¢ are the mean and the shape parameter, respectively. Some properties of

this stochastic process are shown below:

e IGP has independent increments.

o  Xic(t2) — Xjg(t1) follows an inverse Gaussian distribution with parameters y(t, — t1)
and ¢ for all £, > t; > 0.

e Themeanis given by E[X g (t)] = u(t).

e  The variance is determined by (X_IG (t)) = (u(t))/¢.

e  The coefficient of variation is then associated with [X;g(t)] =

au(n)’

2.4. Reliability Assessment

The reliability assessment of corroded pipeline segments is evaluated using the limit
state perspective, given by a resistance R and aload S, as g = R — S. From a safety-margin
perspective, a failure state occurs when ¢ < 0 and a safe state otherwise [40]. For the
case of leaks and burst pressure, these limit states are determined using the burst pres-
sure as resistance and the operating pressure as the load (i.e.,, g = P, — P,), whereas
leak margin is commonly defined using the resistance as 80% of the wall thickness and
the load as the depth of the corrosion defect. Both expressions are detailed in Equations
(1) and (2), respectively. Considering both failure modes depend on the defect measure-
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ments, pipeline integrity is satisfied when the two limit states are in the safe domain (i.e.,
gs > 0N gp > 0). Note that these events can occur simultaneously over time because defect
corrosion propagates and affects pipeline wall resistance.

Let us suppose G is defined as the function of the performance of the corroded pipeline;
the failure probability is then given as follows:

pp=PG <0 = [ f(X)dx, ©
where f(X) represents the joint probability density function of vector X, which denotes
values of a vector of basic random variables involved in the limit state function. These vari-
ables include the extent of corrosion defects, geometric dimensions, and pipe mechanical
characteristics. The complexity of evaluating this integral directly lies in the form of the
limit state function and the number of random variables. Approximation methods, such
as the First Order Reliability Method (FORM), Second Order Reliability Method (SORM),
and numerical methods such as Monte Carlo simulation [19,41], and the Latin Hypercube
Sampling method (LHS) [42], are available.

For this work, the MCS method is used to assess the failure probabilities of individual
segments and the entire pipeline under two failure modes (i.e., leakage and bursting). Con-
sider appropriate random variables for the limit states described in Equations (1) and (2).
Rather than modeling defect depths as independently random variables, the Monte Carlo
simulations generate sample trajectories of defect depth derived from an inverse Gaussian
process. These trajectories explicitly account for the inherent uncertainty in the segments’
degradation process. Consequently, the failure probability of a segment P, containing n
defects can be evaluated as described in the following equation [32]:

<1-TT (1= 2), <7>

where Py, represents the probability of failure for defect i in segment j induced by two

maX(Pfir- . "an) S Pfseg

failure events, i.e., small leaks and bursts. n is the number of defects in the corresponding
segment. In this equation, the lower limit assumes complete correlation among defects; the
maximum is justified for describing the probability of the segment. The upper limit assumes
that the defects are completely independent. This case corresponds to the probability that
at least one defect in the segment fails. Accordingly, the failure probability over time of
the entire pipeline Py, containing K segments, can be evaluated as follows (considering
them independent):

Pfsys =1- H]I'il (1 B PfSc’gq)’ (8)

Considering two failure modes, the failure probability can be estimated from an event

perspective as:
Py = Pr(gs <0U gy <0) = Pr(gs <0) + Pr(gr <0) = Pr(gs <0Ngy <0), 9

where Pf(gs), Pr(gp) are the failure probabilities of small leaks and bursts, respectively. If
the two events are considered completely independent, Equation (9) changes into:

Py = Pf(gs < 0)+ Ps(g, <0) — Pp(gs <0)-Pr(gp <0), (10)

Nevertheless, considering independency could lead to errors in assessing the failure prob-

ability because both failure types depend on defect-depth increments. Other approaches
tried to estimate this joint probability using a simulation perspective [16]. The joint fail-
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ure probability of P¢(gs N &) is assessed with Monte Carlo simulation, by evaluating the
simultaneous occurrence of exceeding both limit states in time (gs; < 0) and (g, < 0), and
the failure probability is estimated as follows:

1
Pr(gs <0Ngy < 0) = 3, L(gon < 0N gy < 0), (an

where N is the total number of simulations per time step, I(.) is the indicator function and
h is the simulation iteration.

As an alternative approach, this work considers using a copula to estimate this joint
distribution and model their dependence. The following section outlines this dependence.

2.5. Failure Events Dependencies

The copula function serves to obtain the joint distribution function of n marginal
distribution, where n > 2 standard uniformly distribution variables U,(1,...,n) with
U, ~ Unif[0,1]. From Sklar’s theorem in n-dimensions [43] for F, an n dimensional
distribution with marginal Fy, ..., F,, there is a copula function C(u, ..., u,) that satisfies:

F(x1,x2,...,%,) = C(F1(x1), F2(x2), Fu(x4)), (12)

where F(xq,xy,...,x,) corresponds to the n-dimensions’ joint distribution function with
Fi(x;) marginal distributions. If Fy, is continuous, the copula function C(u) is given
as follows:

Clu) = F(Fx;l(ul),...,Fxn—l(un)), (13)

In addition, the joint probability density function f(x1,x2,...,%,) is given as
follows [44]:

flxy,x2,...,x,) = c(Fi(x1), B2(x2),.. .,1—"n(xn))1—[?:1 fixi, (14)

where c(uq,uy, ..., uy,) is the density function of the copula function, which can be deter-

mined as follows: ;
_0"c(uq,up, ..., Uy)

’ yARE] - ! 15
c(uy, uz lin) Oy, duy, - -+, Oy, "

Coming back to the failure modes, the combined failure probability based on the set
theory can be estimated by intersection between the two probabilities as follows:

P(gsUgp) = P(gs) + P(g) — P(gs | &v),

P(gsNgy) _ C(Fs(gs).Fy(8p))

(16)
P(gs | 8v) = P(gy) Fy(8p) !

This equation estimates the failure event for a burst g;, or a small leak gs. To evaluate
this approach, a copula function (C) is contemplated based on the two failures marginal
Fs(gs) and F,(gp) as follows:

Pr = F(gs) + F(gy) — C(Fs(8s), Fo(80)), (17)

There are different types of copula functions that can be used for evaluating the
dependence between the two failure modes (Table 1). Some of the most commonly used
families include Archimedean copulas such as Frank, Clayton, and Gumbel, as well as
elliptical copulas, including the Gaussian and Student-t copulas.
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Table 1. Types of copula functions [45].

Copula Types Function
—0 1 —9u71
Frank —gln [1 + (gue—z)(gl)}
_ _ =1
Clayton maX[(y frvTt 1) ,0]
1/6
Gumbel exp [—{(—lnﬂ)g + (—lr”/)e} }
Gaussian D, (qu(”)rq)fl(‘/))

In Table 1, u and v represent the uniform marginal transformed values (i.e., cumulative
probabilities) of the failure events for small leaks and bursts, respectively, and u,v € (0,1).
6 and « are the dependence parameters of the Frank, Gumbel, Gaussian and Clayton copula.
®~1(.) is the inverse of the standard normal distribution function. p corresponds with
the correlation coefficient of Pearson’s linear, which is used within the Gaussian copula to
define the underlying latent correlation matrix R.

In this work, the Kendall’s T rank correlation implemented considering the relationship
between leakages and bursting failure is often non-linear. Kendall provides a robust and
scale-invariant measure of concordance. Subsequently, the parameter of Kendall tau values
is transformed into corresponding copula correlation parameters through the analytical
relation between Kendall tau and other types of coefficients of correlation, as shown
in Table 2.

Table 2. Relation between Kendall tau and dependence parameters of copula type.

Copula Types Kendall’s T
Frank T=1-40"1(1- Dy(8))
Clayton T= %sin(p)
Gumbel T=1- %
Gaussian T= (aIXTZ)

For the Frank copula Dy (6) = 6! [(° op (tt)_l dt.

Different copula types are then fitted to model the dependence structure. The Akaike
Information Criterion (AIC) is subsequently used to select the most appropriate copula; it

is defined as follows:
AIC = —2In(B) +2L (18)

where L is the number of model parameters dependent on the type of copula function and
B presents the likelihood function. AIC is a statistical criterion used to compare different
types of appropriate functions. In general, models with lower AIC values are considered to
provide a better fit to the data. When selecting the appropriate copula type, the model with
the smallest AIC value is chosen based on this criterion.

https:/ /doi.org/10.3390/cmd7040059


https://doi.org/10.3390/cmd7040059

Corros. Mater. Degrad. 2026, 7, 59

10 of 21

3. Application of the Proposed Methodology
3.1. Description of the Case Study

The case study focuses on an API X60 steel pipeline that is used for high-pressure gas
transportation; the lifetime of the pipeline is assumed 40 years. The 60 km long pipeline has
a diameter of 1067 mm, a nominal wall thickness of 12.7 mm, and a maximum operating
pressure of 7 MPa. The pipeline is formed using a spiral, longitudinal welding process and
is divided into segments, with an average length of 11.7 m. It is located at a height between
745 to 115 m above sea level; it crosses various terrains areas. It has six main valves and
five compression stations. The characteristics of the probabilistic inputs in this study are
presented in Table 3 [46].

Table 3. Random variables involved in the reliability analysis.

Parameters Unit Distribution Mean Coeff{c1t?nt of
Variation
Wall thickness (w) mm Normal 12.7 0.05
Diameter (D) mm Deterministic 1067 -
Internal pressure (P) MPa Gumbel 4.85 0.079
Material yield stress (oy) MPa Lognormal 476 0.07
Ult. tensile strength (o) MPa Lognormal 576 0.08

The information obtained on corrosion defects (i.e., depth and length) collected by
ILI tools on both walls on the pipeline segments suggest that most corrosion defects are
located on the outer wall as summarized in Table 4.

Table 4. Statistical description of the corrosion defects on pipeline walls.

Mean (CoV Between Brackets)

Parameter
Inner Wall Outer Wall
Depth (% w) 8.01 (0.05) 9.38 (0.38)
Length (mm) 24.6 (0.16) 18.69 (0.41)
Number of defects 189 31,972

The results presented in Table 4 indicate that low coefficients of variation of corrosion
defects were recorded on the inner wall, which may be explained by a homogeneous
degradation process due to the transported fluid along the pipeline. On the other hand,
high coefficients of variation were recorded on the outer wall, which highlights the spatial
variability in corrosion defects due to the aggressiveness of the surrounding soil. This study
focuses on external corrosion defects with the aim of characterizing the spatial variability
of corrosion defects along the pipeline.

The depth of corrosion defects varies from 10 to 40% w of the pipeline wall thickness,
while the length of defects varies from 15 to 300 mm. The Kolmogorov-Smirnov test is
applied to identify the most representative statistical distribution of corrosion parameters.
The results indicated that both the depth and length of corrosion defects follow generalized
extreme value distributions, as shown in Figure 2.

Since only one ILI (In-Line Inspection) measurement is available, the parameters
of the inverse Gaussian (IG) process, denoted as 1G(y, ¢), are derived using reference
points obtained during the most recent repair. However, an additional ILI measurement
is necessary for calibration purposes. The mean growth rate of the defect (y) is estimated
to be 0.2 mm/year. The scale parameter (¢) is calculated using the Maximum Likelihood
Estimation (MLE) method, yielding a value of 1.2 mm~! with a coefficient of variation of

https:/ /doi.org/10.3390/cmd7040059


https://doi.org/10.3390/cmd7040059

Corros. Mater. Degrad. 2026, 7, 59

11 of 21

Probability density function

0.5

0.4

0.3

0.2

0.1

50%. This high CoV indicates significant variability in the corrosion depth growth rate
across different pipeline segments.

(@ (b)
T T T T T 035 C T T T T T ]

T

Depth data Length data
—— GEV —— GEV
Lognormal b 03+ Lognormal B
Normal ——— Normal
| 025}
02+ 4

Probability density function
o
&
T

o
=
T

0.05

1

|
11 12 13 14 15 16 17 14 16 18 20 22 24 26 28 30
Depth (w%) Length (mm)

Figure 2. Probability density function of corrosion defects: (a) depth and (b) length.

Regarding defect length, no degradation process was assumed, meaning it is consid-
ered constant and equal to the value reported by the ILI tool. While degradation processes
that increase corrosion length and width are expected, these parameters are not critical for
the failure modes analyzed in this study.

3.2. Identification of the Critical Segments Along the Pipeline
3.2.1. Preliminary Data Analysis

Based on the information obtained by the ILI tool regarding corrosion defects of the
outer wall, the dispersion of defect depth along the pipeline abscissa is depicted in Figure 3.
We can clearly observe that a high concentration of depth defects is located around 10%
w along the pipeline. Some defects reach 70% w, which represents a considerable risk of
leakage at certain pipeline segments. In terms of the corrosion extent, on the outer wall
it was found that the defect depth and length tend to be positively correlated, where a
correlation coefficient of 0.68 was obtained.

Following the changepoint approach, the defect depth and length measurements from
the ILI runs were transformed using the Moving Average Filter. This filter is applied to
reduce noise in the input signal. For this purpose, we chose the M = max(31, [0.01 L]),
where L is the set of measurements associated with the length and depth of defects of
corrosion. This choice corresponds to smoothing over approximately 1% of the number of
measurements. This provides sufficient noise reduction without masking average signal
jumps which is useful for the changepoint approach; for more details on the use of the filter,
we suggest referring to [17]. The obtained results are presented in Figure 4.

The results indicate that significant peaks in the mean depth and length of defects
are observed around kilometers 9, 16, 20, 21, and 23 along the pipeline’s abscissa. Beyond
the 35th kilometer, these measurements exhibit more dispersed patterns, as the number of
defects in this section is notably lower compared to the preceding segment. This observation
suggests that the environment in this section is less aggressive, leading to reduced corrosion
activity. Consequently, it can be inferred that a space-dependent degradation process is
active, with varying intensity along the pipeline.
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Figure 3. Dispersion of outer wall corrosion depth defects along the pipeline.
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Figure 4. Filtered measurements of the detected defect along the pipeline.

3.2.2. Dynamic Segmentation

Using the filtered corrosion data, dynamic segmentation was performed by identifying
optimal changepoints, which correspond to locations where significant changes in defect
depth and length patterns were observed. This analysis was conducted using the cpt.mean
function in R, (version 4.1.3) as described by Amaya-Gémez et al. [17], and applied within
the CROPS framework. A range of penalty values, from i, = 1 to Bax = 10,000, was
considered to ensure robust segmentation.

The results for defect depth and length are presented in Figure 5. Overall, the number

of changepoints, representing locations where abrupt changes in the filtered depth and

length occur, depends on the segmentation cost. Notably, this cost decreases as the number

of changepoints increases, reflecting a trade-off between model complexity and fit quality.
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Figure 5. Changepoints vs. segmentation cost for: (a) depth and (b) length defects.

By applying the spline cubic based on the Slmengine function, for approximating
the costs, the maximum curvature approach is used to find the optimal changepoints. As
depicted in the above figures, it was found that the optimal number of changepoints for
depth defects is lower (33) than length (54) (red lines in Figure 5). From the optimal number
of changepoints, the segments are identified and their mean and location of depth and
length along the pipeline are assessed and represented in Figure 6.
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Figure 6. Mean of (a) depth and (b) length of corrosion defects along the pipeline based on the
dynamic segmentation.

The results presented in Figure 6 highlight significant variability in the mean depth
of the pipeline segments (Figure 6a), which ranges from 8% to 16% of the pipeline’s outer
wall thickness. The segments with the deepest defects are located between 20 km and
35 km. Similarly, the mean defect length also shows considerable variability, ranging from
13 mm to 28 mm, as illustrated in Figure 6b. Notably, the segments with the longest defects
are also concentrated in the 20-35 km range. These findings indicate that the section of the
pipeline between 20 km and 35 km exhibits higher corrosion aggressiveness compared to
other areas. Additionally, it was observed that the depth and length of defects vary across
segments. To address this, segments with fewer than 100 defects were merged with adjacent
segments to ensure more robust analysis. These spatial results can inform maintenance
intervention priorities by identifying critical segments that are at higher risk of leaks or
bursts, as indicated by the conditions described in the ILI measurements.
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3.2.3. Spatial Identification of Critical Segments Based on a Reliability Approach

According to the failure criteria for pipeline segments caused by small leaks and bursts,
as outlined in Section 2, failure probabilities for segments identified using the changepoint
approach were evaluated through 10,000 Monte Carlo simulations for each reported defect
(depth and length). Using Equation (7), the failure probabilities for small leaks and bursts in
each segment were bounded. The simulation results are presented in Figure 7. The results
indicate that the failure probabilities due to small leaks are significantly higher than those
caused by bursts. This difference is attributed to the spatio-temporal variability of corrosion
defect depth. Additionally, some segments exhibit identical failure probabilities for both
failure modes. This similarity can be explained by the fact that these segments are exposed
to the same environmental conditions, such as soil aggressiveness, surrounding the pipeline.
These findings emphasize the importance of segmentation, which aims to group pipeline
sections with similar levels of degradation or reliability. The results obtained here can assist
operators in prioritizing maintenance decisions, such as recoating, sleeving, or replacement,
for critical segments identified through the changepoint approach. It is important to note
that the depth of corrosion defects in pipeline segments evolves stochastically over time.
As a result, the reliability of segments and corresponding maintenance actions must be
adjusted dynamically to account for these changes.

w 1(]’2 —[—‘L% —L\_ ‘—l i
L ri—“mj ,
72 10 50 60
10 E T T T T T T T T

(b)

pf

10 E

| | | 1 | 1 | 1 | | 1
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Abscissa (Km)

Figure 7. Pipeline failure probability based on the changepoint approach: (a) small leaks,
and (b) bursts.

3.3. Spatio-Temporal Reliability Assessment

The inverse Gaussian process as described in (Equation (5)) is used for modeling the
depth increments of corrosion defects. The mean y and shape ¢ parameters of the IGP are
estimated as described in Section 3.1. Then, 10* Monte Carlo simulations, based on the
inverse Gaussian process, were carried out to predict the possible evolution trajectories of a
defect depth. The simulation results associated with the maximum corrosion depth, in a
given segment, are shown in Figure 8.

In Figure 8, the blue curves represent the trajectories of defect depth, illustrating
significant variability that reflects the stochastic nature of the corrosion degradation process.
In contrast, the red curve depicts the mean degradation trajectory. The results indicate that
on average, after 35 years, the corrosion depth reaches 10 mm, which corresponds to about
80% of the pipeline wall’s thickness. This suggests that a critical threshold for leaks could
be reached.
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Figure 8. Growth of corrosion depth over time according to the IGP.

The results obtained using the proposed changepoint approach were utilized to com-
pare burst failure predictions across three models: Netto (see Section 2.2), ModB31G, and
PCORRC. For detailed descriptions of the ModB31G and PCORRC models, readers are
referred to [38]. Monte Carlo simulations were employed to estimate the burst failure
probabilities for each model, and the results are presented in Figure 9. As shown in the
figure, the models exhibit similar failure probabilities up to the 20-year mark. However,
beyond this point, their predictions diverge. For instance, to reach a failure probability of
0.1, the estimated service life is 22 years for the ModB31G model, 25 years for the PCORRC
model, and 27 years for the Netto model. These results indicate that the Netto model
provides less conservative predictions compared to the other two models. The findings
align with the trends reported by Hasan et al. [38], further validating the choice of the
Netto model.

T T T T T T T

- - - -ModB31G e
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4
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o
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Figure 9. Comparison of burst model predictions based on the proposed approach.

The failure probabilities for two distinct limit states (leakage and bursting) are evalu-
ated for each identified pipeline segment using the changepoint approach over a 40-year
forecasting period. As detailed in Section 2.1, the lower bound of Equation (7) is applied,
which accounts for the spatial correlation of defects. In this approach, the most critical
defect within each segment is used to determine the segment’s failure probability. Subse-
quently, the overall failure probabilities for the entire pipeline are calculated using a series
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system reliability framework (see Equation (8)). The results are illustrated in Figure 10.
These results incorporate the spatio-temporal variability across the different pipeline seg-
ments. It can be observed that the failure probabilities associated with small leaks are
higher than those associated with bursts. This highlights the greater likelihood of leakage
events compared to bursting failures over the analyzed time horizon.

1 ‘ T ‘ T

09 L Bursting
Leakage
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0.7

S
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Probability of failure
(=}
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02+
0.1
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Figure 10. Spatio-temporal assessment of pipeline segment’s reliability.

To evaluate the impact of incorporating spatial variability in reliability analysis, an
additional assessment was conducted under the assumption of spatially homogeneous
degradation (i.e., without spatial variability). The corresponding results and comparisons
are presented in Figure 11. These results demonstrate that failure probabilities for leaks and
bursts are significantly higher when spatial variability is not considered. This highlights
the critical importance of identifying and accounting for spatial heterogeneity, as critical
segments are often overlooked under the homogeneous assumption. Moreover, the analysis
reveals that leak probabilities are considerably more sensitive to spatial variability than
burst probabilities. This is attributed to the direct relationship between the occurrence
of leaks and the depth of corrosion. In contrast, the results for bursting failures align
with findings reported in [18], further validating the approach. Assuming spatial homo-
geneity overestimates overall pipeline failure probabilities, which forces operators into
premature, unnecessary repairs. Condition-based dynamic segmentation allows operators
to target maintenance resources strictly on critical segments without over-maintaining
low-risk sections.

The overall pipeline failure mode is evaluated as a combined failure, as described in
Section 2.4 (Equation (9)). Since these failure events are related, a copula function is used
to assess the dependency between them. Various types of copulas (listed in Table 1) are
evaluated, and their Akaike Information Criterion values are provided in Table 5. Based on
the AIC results, the Clayton copula function is identified as the one providing the best fit
and will be used in this study. In this case, the Clayton copula mathematically captures
lower-tail dependence. Physically, as corrosion depth progresses, the small leak limit state
(80% wall thickness threshold) and the burst limit state simultaneously degrade, creating
asymmetric lower-tail clustering of joint failure probabilities that symmetric (Gaussian) or
upper-tail (Gumbel) copulas fail to represent.
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Table 5. AIC of different copulas’ functions.

Copula Types AIC
Gaussian 1.12 x 10°
Clayton —128.07
Gumbel —5.71

The pipeline failure probabilities under various scenarios and assumptions are pre-
sented in Figure 12, comparing leakage and burst failure modes under both dependent and
independent assumptions. The results indicate that the highest failure probability occurs
when evaluating independent failure events (Equation (10)). Under this independence
assumption, there is an overestimation of failure probability which is overall driven by
leakage, whereas burst failure represents the lowest probability. Assuming dependence
between failure modes (via a copula function) yields a more realistic assessment where
failure probabilities are bounded between those of the other failure modes.
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Figure 12. Failure probability of pipeline under different failure modes.
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4. Conclusions

Corroded pipelines provide a challenge from both a temporal and spatial point of
view for identifying critical segments and planning future interventions (i.e., inspections
or repairs). This work presented a probabilistic framework to enhance the reliability
assessment of corroded pipelines based on In-Line Inspection measurements. For this
purpose, spatial variability was characterized through dynamic segmentation using a
changepoint approach and temporal degradation using an inverse Gaussian process for
modeling the depth increments. Burst or leak failure criteria are commonly contemplated
for reliability purposes separately. However, in this work, a joint failure probability is
evaluated by using a copula approach and Monte Carlo simulations.

The main findings of this study can be summarized as follows:

o  The ILI-derived corrosion measurements along the pipe’s outer wall exhibit pro-
nounced spatial fluctuations at specific locations, which is consistent with the recog-
nized influence of local soil conditions on external corrosion initiation and propagation.
The proposed changepoint approach effectively captured this spatial heterogeneity, en-
abling the segmentation of the pipeline into homogeneous zones and the identification
of critical segments according to their reliability level. This segmentation provides a
physically meaningful basis for prioritizing inspection and maintenance efforts.

e  The copula-based framework successfully captured the statistical dependence between
leakage and bursting failure scenarios, yielding a more realistic estimate of their joint
failure probability than the conventional independence assumption. By explicitly
modeling the dependence structure between failure modes, the approach reflects the
shared underlying deterioration and loading mechanisms driving both scenarios.

o  The results demonstrated that disregarding spatial variability leads to an overes-
timation of failure probabilities. Such overestimation may trigger unnecessary or
ill-targeted maintenance interventions, resulting in suboptimal allocation of limited
integrity-management resources.

In terms of future perspectives, the proposed spatio-temporal reliability assessment
can be integrated into a decision-making framework to optimize long-term pipeline in-
spection schedules and select targeted interventions. In this regard, a cost model based
on renewal theory can be contemplated. To address current data limitations and model
assumptions, subsequent work could incorporate multiple consecutive In-Line Inspection
datasets to achieve a more precise parameter calibration for the inverse Gaussian degra-
dation process. Furthermore, while defect length was assumed constant because depth is
the primary contributor to both small leak and burst limit states, future modeling could
expand to capture multi-dimensional, time-dependent defect growth by evaluating length
and width progression alongside depth over time. The methodology can also be extended
considering the analysis from both the outer and inner walls of the pipeline.

Artificial intelligence offers a very promising alternative for pipeline condition assess-
ment, as data-driven models can learn complex relationships between inspection signals
and pipe deterioration. In particular, artificial neural networks have already demonstrated
strong potential for trenchless water pipe condition assessment [47], suggesting that these
frameworks could significantly improve the accuracy, speed, and cost-effectiveness of
pipeline condition evaluation.
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Abbreviations

ILI In-Line inspection

CROPS  Changepoints for a Range of Penalties
w Wall thickness

Py, Burst pressure

P, Operating pressure

D Diameter

t Time

oy Yield strength

f(x) Joint probability density function
MCS Monte Carlo Simulation

FORM First Order Reliability Method
SORM Second Order Reliability Method

B Reliability index
o] Standard normal distribution function
gs Small leak limit state
b Burst limit state
PfS " Probability of failure in a segment
Py, Pipeline failure probability
K Number of segments
I(t) Length of corrosion at time ¢
Amaxy; Initial depth of corrosion in segment j
d max,; (t) Depth of corrosion in segment j at time ¢
G Function of performance
R Correlation matrix
u Uniform marginal of the small leak
v Uniform marginal of the burst
IGP Inverse Gaussian process
U Mean parameter
¢ Shape parameter
n Number of defects
I Indicator function
N Number of simulations
MLE Maximum Likelihood Estimation
CSA Canadian Standards Association
LHS Latin Hypercube Sampling
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