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a b s t r a c t

Internal corrosion is a major threat to the safety of natural gas pipelines, with defect geometry—depth, 
length, and width—playing a critical role in structural integrity assessments. While corrosion depth 
prediction has been widely studied, systematic probabilistic modeling of defect length and width re
mains limited. This study develops a hierarchical Bayesian-Markov Chain Monte Carlo (HB-MCMC) 
framework to jointly predict corrosion defect dimensions from in-line inspection (ILI) data. The 
framework integrates non-centered parameterization and adaptive sampling to improve inference ef
ficiency and employs a hierarchical dynamic thresholding procedure for robust data preprocessing and 
outlier filtering. Field data from two transmission pipelines in Southwest China, comprising 1845 defect 
records, are analyzed. Results demonstrate that defect length and width both increase with depth, with 
width exhibiting stronger sensitivity. Model diagnostics confirm convergence and reliable uncertainty 
quantification.  To further explore underlying mechanisms, OLGA multiphase flow  simulations are 
combined with statistical predictions, providing flow-parameter profiles  along the pipelines and 
enabling correlation analysis between local hydrodynamics and defect geometry. The proposed 
framework not only enhances predictive capability for defect length and width but also provides new 
insights into flow-corrosion interactions under real operating conditions, offering a reproducible and 
data-driven tool for corrosion assessment.
© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This 

is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Pipelines serve as critical infrastructure for the long-distance 
transportation of oil and natural gas. However, statistics show 
that internal corrosion accounts for approximately 20%–40% of 
pipeline failures during long-term operation, with the proportion 
exceeding 50% in aging pipelines. Corrosion is a complex phe
nomenon influenced by multiple factors, including exposure time, 
environmental conditions, and material properties. The progres
sion of corrosion defects is inherently stochastic, exhibiting vari
ability across both time and space (Ma et al., 2023; El-Kady et al., 
2024; Simonsen et al., 2025). Pipeline corrosion incidents not only 

lead to significant  economic losses but also pose environmental 
hazards and risks to public safety. Therefore, accurately predicting 
the development of corrosion in pipelines is essential for imple
menting effective maintenance and repair strategies, thereby 
ensuring the safe operation of oil and gas transportation systems.

Currently, in Internal Corrosion Direct Assessment (ICDA), the 
remaining wall thickness is commonly used as a key indicator to 
evaluate the severity of corrosion, making the prediction of 
corrosion depth a central focus of research. Existing models for 
forecasting the growth of corrosion depth in oil and gas pipelines 
can be broadly categorized into three types: mechanistic models 
based on corrosion principles (Nesic et al., 1996, 2001; 
Papavinasam et al., 2006; Nesic, 2007, 2012; Qin, 2022), empir
ical formula models, and machine learning-based models (Seghier 
et al., 2020, 2022; Li et al., 2021, 2022; Hu, 2024; Huang et al., 
2024; Song et al., 2025). Mechanistic models provide valuable 
physical insight but are often limited by parameter uncertainty. 
Empirical models are straightforward but lack transferability 
across operating conditions. Machine learning approaches show 
strong predictive ability, yet their black-box nature restricts 
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physical interpretability. However, according to widely used in
dustry standards such as ASME B31G, RSTRENG (Effective Area 
Method), Shell 92 (Cosham et al., 2007), and DNV RP-F101, the 
three-dimensional characteristics of corrosion defects—including 
depth, length, and width—are also critical parameters for struc
tural integrity assessments. While depth prediction has been 
extensively studied, systematic research on defect length and 
width prediction remains scarce.

Prior work has emphasized the role of defect geometry in 
structural integrity. Chen et al. (2021) investigated the impact of 
corrosion geometry on pipeline collapse pressure using finite 
element modeling, and found that complex corrosion shapes 
significantly compromise the collapse capacity of corroded pipe
lines. Tian et al. (2024) showed that corrosion depth, shape, and 
width directly affect the collapse resistance of subsea pipelines, 
while the influence  of length diminishes with increasing size. 
These findings highlight that both length and width play decisive 
roles in residual strength assessment. Nevertheless, predictive 
models rarely capture the probabilistic distributions of these di
mensions, especially their hierarchical dependence on depth.

Corrosion progression involves multiscale dynamic in
teractions among materials, environments, and fluid  media, 
introducing considerable uncertainty (Qin et al., 2025; Sun et al., 
2025; Yuan et al., 2025; Yue et al., 2025). Probabilistic frame
works, especially those based on Bayesian inference and Monte 
Carlo simulation, have been increasingly adopted to address this 
challenge. For instance, Wang et al. (2022) applied 
Bayesian–MCMC methods to model stochastic corrosion growth 
and failure probability. Martens et al. (2024) used Bayesian 
updating for crack width assessment. (Cui and Wang, 2024) inte
grated Bayesian frameworks with deep neural networks to capture 
nonlinear depth–factor relationships. Feng et al. (2025) combined 
Bayesian reasoning with a reverse diffusion model to improve 
depth prediction accuracy. Despite these advances, two key gaps 
remain in literature. First, research on the probabilistic prediction 
of defect length and width is still limited compared with the 
extensive work on depth. Second, existing approaches often fail to 
capture the hierarchical dependence between depth and the 
associated dimensional characteristics, leading to inadequate 
representation of defect morphology.

To address these issues, this study develops a posterior- 
propagation-based hierarchical Bayesian MCMC (HB-MCMC) 
framework for the probabilistic prediction of corrosion defect di
mensions using in-line inspection (ILI) data. The model in
corporates non-centered parameterization and adaptive sampling 
to enhance inference efficiency  and employs a hierarchical dy
namic thresholding method for robust data filtering. In addition, 
OLGA multiphase flow simulations are employed to provide flow 
parameter distributions, which are analyzed in conjunction with 
the statistical predictions to explore their influence on the spatial 
evolution of corrosion defects. This combined framework not only 
improves predictive capability for defect length and width but also 
provides new insights into flow-induced corrosion mechanisms 
under real operating conditions.

2. Data sources and preprocessing

This study is based on field-collected data from two natural gas 
transmission pipelines located in Southwest China. The primary 
data source is in-line inspection (ILI) records, providing a 
comprehensive dataset comprising 1845 corrosion defect records. 
All data was acquired using ILI tools and online monitoring sys
tems. Each record includes information such as pipeline mileage, 
elevation, defect dimensions (length, width, and depth), clock 
orientation, and local wall thickness at the defect location. In this 

study, corrosion depth (expressed as a percentage) and wall 
thickness are used as input features, while defect length and width 
are treated as the prediction targets. Detailed pipeline specifica
tions and operating conditions are summarized as follows.

2.1. Pipeline specifications and operating conditions

The fundamental specifications  of the pipelines are summa
rized in Table 1. Both pipelines are made of L360Q low-carbon steel 
and adopt a variable wall thickness design. They have been in 
service for three years. The pipeline routes feature significant 
terrain undulations, with multiple low-lying segments prone to 
liquid accumulation.

The pipeline operating conditions are listed in Table 2. The 
transported natural gas contains acidic components (notably CO2) 
that accelerate internal corrosion.

2.2. In-line inspection data and corrosion defect types

The in-line inspection (ILI) dataset is summarized in Table 3. 
Each record contains basic defect information (wall thickness and 
defect type), positional information (mileage, elevation, and clock 
orientation), and dimensional information (wall loss percentage, 
length, and width of the defect) (see Tables 4 and 5).

According to the statistical results (Fig. 1), a total of 1334 pitting 
corrosion defects were identified,  accounting for 72.3% of all 
detected cases. Therefore, this study primarily focuses on pitting 
corrosion.

The classification  of corrosion defect geometry (see Fig. 2) in 
this study follows the guidelines of the Pipeline Operators Forum 
(POF) (Forum, 2009), which define  the dimensional parameters 
length L, width W, and depth d, and the parameter A. Specifically, 
A = 10 mm when t < 10 mm and A = t when t ≥ 10 mm, where t is 
the local nominal wall thickness.

2.3. OLGA multiphase flow simulation

To understand the flow conditions influencing corrosion along 
the pipelines, a transient multiphase flow model was developed 
using OLGA software (developed by Schlumberger). OLGA is an 
industry-standard tool for transient multiphase flow simulation, 
particularly suited for wet gas systems like those studied here. 
Based on the pipeline geometries (Section 2.1) and the inlet/outlet 
operating conditions (Table 2), a transient multiphase flow model 
was constructed for pipelines N-1 and N-2. This model simulated 
key flow parameters—such as temperature, pressure, flow regime, 
and liquid holdup—along the entire length of both pipelines 
(totaling 34.11 km, Figs. 3 and 4). The simulated parameter dis
tributions were then used in conjunction with the spatially 
resolved ILI defect data to analyze potential correlations between 
local flow  conditions and corrosion defect characteristics (see 
Fig. 5).

3. Machine learning methods

This section presents the probabilistic framework for predicting 
corrosion-defect dimensions from in-line inspection (ILI) data. We 
formulate a posterior-propagation hierarchical Bayesian model to 
jointly characterize defect depth, length, and width, adopt non- 
centered parameterization to reduce posterior dependence, and 
employ adaptive sampling to improve inference efficiency. A hi
erarchical dynamic thresholding procedure is used for robust data 
filtering  prior to inference. The section is organized as follows: 
data preprocessing, model construction, and predictive 
framework.
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3.1. Data preprocessing

Corrosion defects with the same depth value may exhibit 
different lengths and widths, reflecting  a one-to-many relation
ship. Statistically, both length and width tend to increase with 
greater defect depth. Based on this depth-dependent behavior, a 
hierarchical dynamic thresholding method is proposed in this 
study to preprocess the data.

A dynamic expansion factor (λ) is introduced, and the ILI data 
are discretized by corrosion depth into multiple levels (e.g., 
0.1 mm, 0.2 mm, 0.3 mm, etc.). For each depth level, statistical 
metrics are calculated independently. The threshold is computed 
as shown in Eq. (1). 

Lower bound = Q1 − λ⋅IQR; Upper bound = Q3 + λ⋅IQR (1) 

Based on the calculated range of the hierarchical dynamic 
threshold, outlier filtering is performed using a two-dimensional 
joint labeling approach. If either length or width exceeds the 
threshold in any dimension, the data point is flagged as an outlier. 
The corrosion depth is mapped to a discrete index to preserve the 
hierarchical structure (e.g., 0.1 mm → 0, 0.2 mm → 1).

3.2. Model structure

3.2.1. Hierarchical Bayesian model
To quantify the impact of different corrosion depths on defect 

dimensions and their associated uncertainty, a hierarchical 
Bayesian model (HBM) is constructed. This model captures both 
the global trend and depth-specific  effects through hierarchical 
parameterization.

The motivation for adopting a hierarchical Bayesian model lies 
in its ability to represent multi-level dependencies and borrow 
statistical strength across groups. In the context of corrosion data, 
defect dimensions are not only influenced  by overall trends but 
also show systematic variations across different corrosion depth 
layers. Traditional regression models fail to capture such struc
tured heterogeneity. The hierarchical structure allows us to model 
these depth-specific  effects while sharing global information, 

which improves parameter estimation especially when sample 
sizes per group are limited.

The HBM is a statistical framework that introduces a layered 
structure to describe nested or grouped dependencies within the 
data. The formal definition is as follows: 

Observation level : yi ∼ N
(

αd[i] + β⋅d[i]; σ2
) (2) 

Depth − specific level : αd ∼
(

μglobal; σ
2
global

)
; d = 1; 2; :::; D

(3) 

Global level :

⎧
⎨

⎩

μglobal ∼ N
(

0; τ2
μ

)

σglobal ∼ НN(τσ)
(4) 

Here, yi denotes the standardized corrosion size, d[i] represents the 
encoded corrosion depth, β is the global slope, σ is the standard 
deviation of observation noise, αd denotes the intercept specific to 
each depth layer, D represents the total number of discretized 
depth layers, σglobal is the inter-level standard deviation, and 
μglobal, τμ and τσ are hyperparameters (typically set as fixed values).

The model consists of three hierarchical levels: the observation 
level, the depth-specific  level, and the global level. At the 

Table 1 
Basic specifications of the pipelines.

Pipeline Outer diameter, mm Wall thickness, mm Service life, years Distance, m Elevation, m

N-1 219.1 8.8/10/11 3 15,816 220–346
N-2 508 17/20 3 17,540 220–316

Table 2 
Key operating parameters.

Pipeline DGP, 104 SCM/d P, MPa T, ◦C Corrosion gas 
composition 
components, mol%

Inlet Outlet Inlet Outlet CO2 O2

N-1 60 8.9 6.4 21.0 5.0 5.371 0.009
N-2 627 7.9 6.0 17.0 7.1

Table 3 
In-line inspection data.

No. Mileage, m Elevation, m O’clock orientation Nominal wall thickness, mm Type Depth, % Length, mm Width, mm

1 1003.75 314.48 3:04 20.0 Pinhole 6.0 4 7
2 1116.38 304.74 11:48 17.0 Pitting 6.7 15 21
… … … … … … … … …
1844 1140.73 301.65 7:59 17.0 Pitting 5.2 26 29
1845 1150.61 301.09 9:25 17.0 Pitting 6.9 20 14

Table 4 
Example of dimensional combinations for pitting defects.

Depth, mm Depth level Number of samples Length, mm Width, mm

0.1 0 114 14 15
18 16
… …
22 29

0.2 1 52 17 26
20 13
… …
19 20

… … … … …

Table 5 
Results of hierarchical dynamic threshold calculation.

Depth level, mm Sample size IQR Threshold range, mm

Length Width Length Width

0.1 114 7 9 (3.5, 31.5) (2.5, 38.5)
0.2 52 6 10 (4, 28) (3.2, 37)
0.3 44 4 3.5 (6, 22) (4.12, 33.25)
… … … … … …
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observation level, defect dimensions (e.g., length or width) are 
modeled as a linear function of depth encoding and layer-specific 
intercepts. At the depth-specific level, the intercepts αd vary across 
D layers and follow a global normal distribution. At the global 
level, the hyperparameters μglobal, σglobal, and β govern the prior 
distributions and induce parameter shrinkage across groups.

We assign weakly informative priors to these global parameters 
to preserve modeling flexibility while mitigating overfitting risks. 
These priors reflect general assumptions about parameter scales 
without imposing strict constraints, and are commonly used in 
hierarchical models to regularize group-level variation. This 
layered structure enables the model to simultaneously capture 
within-group variability and cross-group similarity, thereby 
improving robustness in parameter inference.

To address the low sampling efficiency  caused by the strong 
correlation between αd and σglobal in traditional centered hierar
chical models, we adopt a non-centered reparameterization 
strategy. Specifically, an auxiliary variable εd is introduced to 

decompose the hierarchical effects into independent Gaussian 
variables, and a scaling factor γ is incorporated to prevent 
parameter overflow and improve sampling efficiency. This trans
formation enhances sampling efficiency and convergence behavior 
in the subsequent MCMC procedure. The reconstructed hierar
chical intercept is expressed in Eq. (5). The overall structure of the 
hierarchical Bayesian model is illustrated in Fig. 6. 

αd = μglobal + γ⋅σglobal⋅εd; εd ∼ N(0;1) (5) 

In essence, the model is organized into three layers: defect 
dimensions are first expressed at the observation level as functions 
of depth encoding with random noise; these are adjusted at the 
depth-specific  level through intercepts that vary across depth 
groups; and finally, global parameters impose shared distributions 
at the top level. This explicit hierarchical structure ensures 
reproducibility by clearly defining parameter dependencies, while 
improving predictive robustness by pooling information across 
groups.

Anomaly dimension class Definition

General W    3A and L    3A

Pitting 1A    W    6A and 1A    L    6A and 0.5 < L/W < 2 and not W, L    3A

Axial grooving 1A    W    3A and L/W    2

Circumferential grooving 1A    L    3A and L/W    0.5

Pinhole 0    W    1A and 0    L    1A

Axial slotting 0    W    1A and L    1A

Circumferential slotting 0    L    1A and W    1A
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Fig. 2. Classification criteria for corrosion defect geometry based on POF.

Fig. 3. Pipeline N-1.

Fig. 4. Pipeline N-2.

9.9%

1.3%
5.5%

4.0%
4.7%2.3%

Pitting
72.3%

Defect type Quantity Proportion, %

Axial grooving 43 2.3

Axial slotting 86 4.7

Circumferential grooving 74 4.1

Circumferential slotting 101 5.5

General 24 1.3

Pinhole 183 9.9

Pitting 1334 72.3

Fig. 1. Classification and proportion of corrosion defects.
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3.2.2. Parameter inference with MCMC
To estimate the posterior distributions of parameters in the hier

archical Bayesian model described above, we employ Markov Chain 
Monte Carlo (MCMC) methods. Given the high-dimensional param
eter space and non-conjugate posterior structure, MCMC provides an 
effective solution by generating samples from the target distribution.

In this study, we adopt the No-U-Turn Sampler (NUTS), an 
adaptive variant of the Hamiltonian Monte Carlo (HMC) algorithm. 
NUTS dynamically adjusts both the step size and path length during 
Hamiltonian dynamics simulation, automatically optimizing sam
pling efficiency and eliminating the need for manual tuning. This 
approach maintains detailed balance while significantly improving 

mixing performance for highly correlated parameters, such as hier
archical intercepts and variances, making it especially suitable for 
corrosion data with strong hierarchical dependencies.

Two independent Markov chains are configured for the prediction 
of length and width, respectively. Each chain includes 1000 burn-in 
iterations to eliminate the influence  of initial values, followed by 
1000 sampling iterations for posterior estimation. The target 
acceptance rate is set to 0.9 to enhance stability in high-curvature 
regions of the parameter space and reduce the risk of divergent 
transitions. The maximum tree depth is limited to 10 to balance 
computational efficiency with trajectory exploration capacity.

Model convergence was assessed using the Gelman–Rubin 
statistic (R-hat) and effective sample size (ESS). The R-hat statis
tic is computed as shown in Eq. (6); the model is considered to 

have converged when R̂→1. 

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

R̂ =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅

V̂ar(θ)
W

√

V̂ar(θ) =
N − 1

N
⋅W +

1
N

⋅B

(6) 

Here, W denotes the within-chain variance, B denotes the 
between-chain variance, and N is the total number of samples per 
chain.

The effective sample size (ESS) is calculated as shown in Eq. (7): 

ESS =
N

1 + 2
∑∞

k=1ρ(k)
(7) 

Data preprocessing1

Internal
inspection

data 

Depth discretization

Depth-level
classification

Level-wise stat
calculation

Hierarchical
dynamic
threshold

range
calculation

Threshold calculation IQR calculation
(length & width)

Introduce dynamic
expansion factor λ

Data cleaning Outlier filtering Log transformation &
threshold calculation

Depth-level &
new threshold ranges (length & width)

Model construction2

Machine learning method selection

Hierarchical Bayesian
model

Markov Chain Monte Carlo
(MCMC)

Auxiliary variable εd Scaling factor γ
Non-centered

parameterization

Gelman-Rubin
(R-hat)

Effective sample size
(ESS)

Model convergence
assessment

Improved HB-MCMC corrosion defect size
prediction model

Noise addition Linear prediction modeling

Hierarchical effect
generation

Extract global parameters

Generate intercept term for new depth

Linear prediction
mean μ

Final prediction result

3 Predictive framework

d *

σglobal βμglobal

Fig. 5. Overall framework of corrosion defect size prediction model based on HB-MCMC.

β αd

σ

μi

μglobal

σglobal

yi

εd

Fig. 6. Directed acyclic graph (DAG) of the Bayesian model structure.
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Here, ρ(k) denotes the autocorrelation coefficient at lag k and the 
summation is truncated at the first  negative autocorrelation 
(Geyer, 1992). An ESS greater than 400 for all key parameters in
dicates that the sampling efficiency is sufficient to support reliable 
statistical inference.

Based on the posterior samples generated through MCMC, 
the statistical inference of key parameters is characterized by 
the posterior mean, standard deviation (SD), and highest den
sity interval (HDI) (Hyndman, 1996). The posterior mean cap
tures the central tendency of the parameter estimates, the 
posterior standard deviation quantifies  the degree of uncer
tainty, and the HDI—one of the core indicators in Bayesian 
analysis—defines the narrowest interval that contains a speci
fied  probability mass (e.g., 95%) of the posterior distribution, 
thereby intuitively illustrating the plausible range of parameter 
values.

To further verify the adequacy of the non-centered parame
terization and the efficiency  of the NUTS sampling, visual di
agnostics were conducted. For both the length and width models, 
trace plots were examined to confirm stable mixing and absence of 
non-stationary trends across chains, while autocorrelation plots 
verified the rapid decay of lag correlations.

3.3. Predictive framework

This study proposes a Bayesian predictive framework based on 
posterior propagation, which utilizes Monte Carlo sampling to 
generate predictive distributions and fully quantify prediction 
uncertainty. The prediction process consists of three stages: hier
archical effect generation, linear prediction modeling, and noise 
incorporation.

Global parameters—including the global mean μglobal, inter- 
level standard deviation σglobal, and global slope β—are extracted 
from the MCMC samples. Under the non-centered parameteriza
tion assumption, the intercept corresponding to a new corrosion 
depth d* is generated as shown in Eq. (8). Then, the linear pre
dictive mean μ is calculated using the depth encoding and global 
slope, as described in Eq. (9), capturing the trend of corrosion size 
variation with respect to depth. To account for observational noise 
and model residuals, the standard deviation σ is sampled from the 
posterior noise distribution, and the final  predicted value y* is 
generated accordingly. Notably, this sampling of σ does not rely on 
point estimates (e.g., posterior means); instead, posterior samples 
are drawn directly to retain uncertainty, ensuring that the pre
diction intervals maintain their nominal probability of covering 
the true values. 

αd* ∼ N
(

μglobal; σ
2
global

)
(8) 

μ=αd* + β⋅d* (9) 

y* ∼ N
(

μ; σ2
)

(10) 

4. Results

In this chapter, outlier detection is conducted to refine  the 
defect dataset, followed by probabilistic prediction of corrosion- 
defect dimensions using the proposed Bayesian framework. The 
OLGA simulation is further employed to obtain flow-parameter 
distributions along the pipeline, enabling statistical comparison 
with defect characteristics.

4.1. Dynamic threshold calculation results

Based on the stratification of corrosion defect depths, different 
values of λ are selected to calculate the threshold ranges for length 
and width in each layer, as shown in Eq. (11).

A threshold of 1.2 mm is used to divide shallow and deep 
corrosion. This value falls within the typical 10%–20% wall loss 
range defined in pipeline integrity standards and is approximately 
balanced in sample count across the two groups, ensuring stable 
statistical inference. Given the variation in wall thickness across 
pipelines, absolute depth in millimeters was used for stratification 
instead of percentage-based criteria. This absolute-depth criterion 
inherently accounts for wall thickness differences, enabling the 
same threshold to be applied consistently to both pipelines 
without introducing bias. Although a fixed threshold of 1.2 mm 
was adopted in this study, the HB-MCMC framework itself is not 
restricted to this value and can be readily adapted to alternative 
stratification  schemes when applied to pipelines with different 
wall thicknesses or operating conditions.

Accordingly, λ = 1:5 is applied for shallow corrosion to tolerate 
small surface variations, and λ = 2:0 for deep corrosion to enhance 
the detection of outlier geometries. The resulting thresholds are 
used for data cleaning and outlier filtering. 

λ(d) =
{

1:5 d ≤ 1:2 mm (mild)
2:0 d > 1:2 mm (severe) (11) 

The cleaned size data still exhibited a right-skewed distribu
tion, as illustrated in Fig. 7(a), with higher frequencies observed at 
smaller values of length and width. To stabilize the variance and 
eliminate scale differences, a logarithmic transformation followed 
by Z-score normalization was applied. The transformed data, 
shown in Fig. 7(c), approximately follows a standard normal dis
tribution N(0;1) (see Fig. 8).

4.2. Model parameter calculation results

The HB-MCMC model was developed using the cleaned training 
dataset. To ensure robust algorithm performance, a set of hyper
parameters was pre-defined before modeling, and auxiliary vari
able εd and scaling factor γ were introduced. Table 6 summarizes 
the posterior estimates and convergence diagnostics of key pa
rameters for the length and width models. Based on a two-chain 
sampling design with 4000 iterations (2000 warm-up + 2000 

sampling), all parameters yielded Gelman–Rubin statistics (R̂) 
exactly equal to 1.00, and all effective sample sizes (ESS) exceeded 
2000. This indicates that MCMC sampling achieved full conver
gence and sufficient  efficiency. Sensitivity checks with shorter 
(500 warm-up + 500 sampling) and longer (2000 warm- 
up + 2000 sampling) chains produced consistent posterior esti
mates and convergence metrics, confirming  that the chosen 
setting (1000 warm-up + 1000 sampling per chain) offers a good 
balance between computational efficiency  and stability. Repre
sentative diagnostic plots for both models are provided in 
Appendix A (trace plots) and Appendix B (autocorrelation plots), 
which visually corroborate the numerical convergence indicators 
in Table 6.

The global slope β represents the overall effect strength of 
defect depth on corrosion size (length and width). In the length 
model, β is estimated as 0.004, with a 95% highest density interval 
(HDI) of [0.003, 0.005], indicating that for every one-unit increase 
in standardized depth, the corrosion length increases by an 
average of 0.004 standardized units. In the width model, β is 0.007 
with a 95% HDI of [0.005, 0.008], reflecting a 1.75 times stronger 
effect than in the length model and demonstrating a higher 
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sensitivity to depth. In both models, the HDIs lie entirely within 
the positive domain, confirming the statistically significant posi
tive association between depth and defect size. Given that pitting 
corrosion constitutes the majority of cases in the dataset, the re
ported depth sensitivity mainly reflects pitting behavior.

The inter-level standard deviation σglobal captures the disper
sion of corrosion baselines across different depth tiers, with 
smaller values indicating greater similarity among tiers. As illus
trated in Table 6 and Fig. 9, the posterior mean of σglobal in the 
length model is 0.091 (95% HDI [0.000, 0.213]), with the peak 
density located at σglobal = 0:033 (normalized density: 6.28). In 
contrast, the width model exhibits a more compact posterior 
distribution, with a mean of 0.086 (95% HDI [0.000, 0.202]); its 
density peak shifts further left to σglobal = 0:030, where the 
highest density occurs at 0.003 (normalized density: 6.67). The 
Bhattacharyya coefficient between the two posterior distributions 
reaches 0.93, suggesting a high degree of similarity in both dis
tribution shape and central tendency. These results confirm  a 
consistent inter-level variation pattern across both models (see 
Fig. 10).

The observation noise parameter σ reflects the intrinsic un
certainty of the data and the residual error of the model. For the 
length model, σ is estimated at 0.960 with a 95% HDI of [0.921, 1], 
while for the width model, σ is 0.928 with a 95% HDI of [0.888, 
0.967]. Both models exhibit HDI widths of 0.079 (<0.1), indicating 
high fitting accuracy. Notably, the noise level in the width model is 
3.4% lower than that in the length model.

4.3. Improved HB-MCMC model development result

The improved HB-MCMC model was applied to predict the 
corrosion defect dimensions at unknown corrosion depths. 
Following the predictive framework, global parameters (μglobal, 
σglobal, and β) were first extracted from the posterior samples ob
tained from the dual MCMC chains. Based on the new depth d*, the 
intercept was generated, and the linear predictive mean μ was 
calculated by combining the depth encoding with the global slope. 
Finally, the standard deviation σ was sampled from the posterior 
noise distribution to generate the final predicted value y*.

For varying corrosion depths, the improved HB-MCMC model 
exhibits a significant positive correlation between defect size and 
depth (as shown in Table 7, Figs. 11 and 12). The predicted mean 
length of the defects increases progressively with depth: at a depth 
of 0.1 mm, the mean length is 16.66 mm; when the depth increases 
to 8.7 mm, the mean length reaches 21.19 mm. This trend is 
consistent with the physical mechanism of corrosion propagation 
(see Table 8).

Importantly, the uncertainty in the predicted length
—measured by the width of the 95% highest density interval 
(HDI)—remains stable at 20–22 mm in the early stage (depth 
0.1–0.5 mm), but expands to 27–28 mm at depths exceeding 8 mm. 
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This indicates that multi-factor coupling effects become more 
prominent in regions with severe corrosion. Compared with 
length, the predicted width demonstrates stronger sensitivity to 
depth, with a 36% increase in the mean value (from 20.06 mm to 
27.29 mm) and a 25% expansion in the HDI width (from 24 mm to 
30 mm).

The prediction results reveal that the mean width of corrosion 
defects consistently exceeds the mean length, indicating a char
acteristic “wider-than-longer” geometry of pitting in natural gas 
pipelines. Moreover, the HDI interval widths for length and width 
exhibit strong synchronicity (Pearson r = 0.83, p < 0.01), sug
gesting that the uncertainty in size prediction primarily arises 
from shared environmental fluctuation  factors—such as fluid 

Table 6 
Posterior summaries of HB-MCMC model parameters.

Parameter Mean Std. Dev 95% HDI ESS R̂

Length Width Length Width Length Width Length Width Length Width

μglobal − 0.248 − 0.369 0.044 0.042 [–0.330, − 0.164] [–0.451, − 0.293] 2974 2892 1 1
β 0.004 0.007 0.001 0.001 [0.003, 0.005] [0.005, 0.008] 3197 2743 1 1
σglobal 0.091 0.086 0.070 0.063 [0, 0.213] [0, 0.202] 2167 2005 1 1
σ 0.960 0.928 0.021 0.021 [0.921, 1] [0.888, 0.967] 4579 4798 1 1
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Table 7 
Predicted corrosion defect dimensions.

Depth, mm Length, mm Width, mm

Mean HDI_2.5 HDI_97.5 Mean HDI_2.5 HDI_97.5

0.10 16.66 8.35 29.24 20.06 10.70 34.83
0.11 16.95 8.68 29.66 19.92 10.85 33.32
0.12 17.15 8.66 30.49 20.18 10.66 34.24
0.13 17.11 8.70 29.91 20.16 11.08 34.80
0.14 16.95 8.63 29.47 19.86 10.94 33.66
… … … … … … …
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Table 8 
Summary of pitting dimension outliers by terrain type.

Terrain type Number of length outliers Number of width outliers

Uphill 10 1
Downhill 10 1
low-lying 0 13
Horizontal 1 0
Total 21 15
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composition, external conditions, and operational states—rather 
than from independent measurement noise.

In this study, length and width were selected as the target geo
metric parameters because they can be obtained from ILI data with 
relatively high confidence and are directly used in widely adopted 
pipeline integrity assessment models (e.g., ASME B31G, DNV RP- 
F101). Other descriptors such as defect area or aspect ratio, while 

potentially valuable, were excluded due to the current dataset’s 
limited consistency and will be considered in future work.

4.4. Distribution of flow parameters along the pipeline

Two gas transmission pipelines from the same gas field, 
designated N-1 and N-2, with a total length of 34.11 km, were 
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modeled using the OLGA multiphase flow simulator. The spatial 
distributions of temperature, pressure, velocity, and CO2 partial 
pressure were simulated (see Fig. 13). The deviations between the 
simulated and measured operating pressures and temperatures 

(both inlet and outlet) are within the range of 0.47%–4%, which 
falls within acceptable engineering tolerance. Due to terrain un
dulations and ambient temperature variations, both pipelines 
exhibit similar oscillatory trends in pressure and temperature 
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drops. In pipeline N-1, the pressure decreases from 89.5 bara to 
64.3 bara (ΔP = 28.0%), and the temperature drops from 20.5 ◦C to 
5.2 ◦C (ΔT = 15.3 ◦C). In pipeline N-2, the pressure declines from 
79.9 bara to 61.0 bara (ΔP = 23.0%), while the temperature falls 
from 16.8 ◦C to 7.2 ◦C (ΔT = 9.6 ◦C). Along with the pressure decay, 
the CO2 partial pressure in both pipelines shows a monotonic 
decreasing trend.

Compared to pipeline N-1, pipeline N-2 exhibits a higher gas 
velocity (4.36–6.38 m/s). The enhanced gas-phase carrying 

capacity in N-2 effectively suppresses liquid accumulation, 
resulting in a 25.8% lower hold-up rate (HOL = 0.0027–0.1979) 
compared to N-1 (HOL = 0.003–0.267). Spatial distribution anal
ysis reveals that liquid hold-up peaks (HOL > 0.2) tend to occur in 
terrain depressions and uphill segments due to reduced local flow 
velocities. Conversely, downhill segments, driven by gravitational 
acceleration, show elevated liquid velocities, causing HOL to 
approach zero. It should be noted, however, that the validation of 
the OLGA simulations was limited to inlet and outlet operating 
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conditions, as field-measured internal flow profiles are not avail
able in practice. Consequently, the spatial distributions of flow 
parameters reported here should be interpreted as simulation- 
based estimates rather than direct measurements.

To further explore the potential influence of flow parameters on 
pitting defect dimensions, defect length and width data extracted 
from in-line inspection results were plotted against the simulated 
flow parameters liquid holdup (HOL) gas velocity (UG), liquid ve
locity (UL) at corresponding spatial locations. Scatter plots for both 
pipelines are shown in Fig. 14. No clear monotonic or linear trends 
are observed in these plots, indicating that defect dimensions are 
not strongly dominated by any single flow parameter. Instead, the 
results highlight that pitting defect growth is influenced  by the 
coupled effects of flow hydrodynamics and terrain, rather than a 
single dominant factor (see Fig. 15).

4.5. Analysis of outliers in pitting corrosion defect dimensions

Building on the scatter-plot findings  in Section 4.4, which 
indicate multi-parameter interactions rather than a single domi
nant driver, we further examined extreme cases through outlier 
analysis. This approach highlights defect dimensions that deviate 
significantly  from the expected ranges and allows their spatial 
distribution to be interpreted in relation to terrain and flow 
conditions.

Based on the dimensional thresholding results presented in 
Section 4.1, outlier detection was performed on pitting corrosion 

defects in the two wet gas pipelines. A total of 36 outliers were 
identified, including 21 length-related anomalies (marked in blue) 
and 15 width-related anomalies (marked in red). As illustrated in 
the figure, green regions represent uphill pipeline segments, yellow 
regions correspond to terrain depressions, blue regions indicate 
downhill sections, and pink areas denote horizontal segments.

The anomaly determination for both pipelines is based on 
defect dimensions exceeding the threshold range of length and 
width under corresponding depth conditions. Compared to defects 
within the normal range, these anomalous defects exhibit signif
icantly larger sizes and show a stronger tendency to evolve into 
extensive corrosion areas. Combined with elevation data, a clear 
spatial correlation is observed between the distribution of 
anomalies and the terrain features along the pipeline route.

(1) Distribution characteristics of length anomalies

Length anomalies are predominantly concentrated in regions 
with significant  terrain variations—namely, uphill and downhill 
segments. Taking the uphill section at 3332.4 m of Pipeline N-2 as 
an example, the gas velocity (UG) is 5.42 m/s (high), the liquid 
holdup (HOL) is 0.19 (moderate), the liquid velocity (UL) is 0.03 m/ 
s (indicating slow movement due to gas-phase drag), and the wall 
gas-phase shear stress (TAUWG) reaches 6.50 × 10− 5 bara (a high- 
shear zone). In such conditions, the gas–liquid mixture flows 
rapidly along the axial direction, producing axial scouring on the 
pipe wall. Due to liquid retention on the uphill segment and 
fluctuations in liquid velocity, entrained droplets impact the wall 
and generate linear erosion marks, facilitating axial defect prop
agation in the flow direction.

In the downhill section at 5592.5 m of Pipeline N-2, UG is 
4.73 m/s (high), UL is 2.29 m/s (high), and HOL is 0.003 (low). Here, 
gravity acts in concert with the flow  direction, accelerating the 
liquid phase and substantially increasing UL, while liquid retention 
is significantly reduced. This leads to a sharp drop in HOL and a 
“thin and fast” liquid film regime. The shear stress from the liquid 
on the wall becomes uniformly distributed axially, while the gas- 
phase shear stress remains high, accelerating axial growth of 
corrosion defects.

A small number of length anomalies are found in horizontal 
segments. At 11,638.2 m of Pipeline N-1, UG is 2.61 m/s (moderate), 
UL is 0.35 m/s (low), and HOL is 0.12 (moderate). Although the flow 
velocities exhibit only slight fluctuations,  prolonged stable flow 
conditions can continuously erode corrosion products on the pipe 
wall, gradually stripping them away and promoting the axial 
development of corrosion defects.
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Fig. 18. Longitudinal distribution of corrosion defects in pipeline N-2.

Table 9 
Mean values and ranges of pitting defect dimensions at different pipeline locations.

Pipeline segment Parameter N-1 N-2

Uphill Length, mm Mean 17.55 34.72
Range 11–45 18–64

Width, mm Mean 22.29 29.5
Range 11–52 21–79

Downhill Length, mm Mean 18.58 33.9
Range 11–34 18–52

Width, mm Mean 23.06 37.6
Range 11–47 21–79

Horizontal Length, mm Mean 19.09 –
Range 11–37 –

Width, mm Mean 22.46 –
Range 11–52 –

Low-lying Length, mm Mean 23.4 38.25
Range 20–35 32–46

Width, mm Mean 30.7 46.5
Range 22–50 36–79
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(2) Distribution characteristics of width anomalies

Width anomalies tend to occur in low-lying segments of the 
pipeline. For example, at 4217.2 m of Pipeline N-1, the liquid 
holdup (HOL) reaches 0.26 (high), the liquid velocity (UL) is 
0.23 m/s (indicating liquid retention), the gas velocity (UG) is 
2.92 m/s (moderate), and the wall shear stress from the liquid 
phase (TAUWWT) is 0.0002 bar—significantly higher than in low- 
HOL regions. In this scenario, a persistent liquid film  covers the 
bottom of the pipe wall, facilitating the circumferential expansion 
of corrosion depth. In low-lying areas, liquid retention leads to a 
substantial reduction in liquid velocity, with flow occurring pre
dominantly in laminar or stagnant regimes. This stable liquid film 
continuously wets the bottom of the pipe, promoting CO2 disso
lution and enhancing circumferential wall shear stress from the 
liquid phase, thereby accelerating the circumferential develop
ment of bottom-wall corrosion defects.

5. Discussion

This chapter provides a comprehensive discussion of the results 
presented in Chapter 4, focusing on the implications of defect 
distribution, dimensional evolution, and their correlations with 
flow  parameters, as well as mechanistic interpretations of the 
observed patterns (see Fig. 16).

5.1. Correlation between defect distribution and flow parameters

Based on in-line inspection data, multiphase flow simulations, 
and the predictive model, the evolution of corrosion defect di
mensions in the wet gas pipelines was analyzed. The longitudinal 
distributions of corrosion defects along pipelines N-1 and N-2 are 
shown in Figs. 17 and 18.

Overall, pipeline N-1 exhibits a significantly higher number of 
corrosion defects than pipeline N-2, with defects predominantly 
concentrated in uphill sections and low-lying terrain. In contrast, 
pipeline N-2 shows relatively fewer defects, mainly located in 
undulating and low-lying areas. Although both pipelines transport 
the same gas composition, pipeline N-2 handles approximately ten 
times the throughput of N-1, leading to distinct differences in in
ternal flow characteristics and corrosion behavior.

As discussed in Section 4.4, OLGA simulation results indicate 
that gas velocity in pipeline N-2 (4.36–6.76 m/s) is substantially 
higher than that in N-1 (0.70–1.26 m/s). The stronger gas-phase 
shear force in N-2 enhances liquid entrainment and significantly 
reduces the likelihood of liquid holdup, effectively limiting the 
accumulation of corrosive media. This gas-dominant flow regime 
accounts for the relatively lower incidence of corrosion defects 
observed in pipeline N-2.

5.2. Correlation between defect dimensions and flow parameters

According to Table 9 the corrosion defects in both wet gas 
pipelines generally exhibit a “width greater than length” charac
teristic across all segments—except for the uphill section of 
pipeline N-2. This suggests that corrosion tends to propagate cir
cumferentially rather than longitudinally along the flow direction. 
The mean values and ranges of defect sizes in different sections of 
pipeline N-1 are consistently smaller than those in pipeline N-2, 
indicating that although corrosion occurs more frequently in N-1, 
it is typically confined to a smaller scale.

A comparative analysis of flow conditions and corrosion char
acteristics across different terrain segments further elucidates the 
relationship between defect geometry evolution and localized 
flow parameters, as detailed below.

(1) Uphill segment

In the uphill sections, both pipelines exhibit localized peaks in 
liquid holdup due to the difficulty  of liquid “climbing” against 
gravity. However, pipeline N-2 maintains a stable gas-dominated 
flow  regime characterized by a relatively high gas velocity 
(mean: 5.54 m/s) and low liquid velocity (0.38 m/s). This flow 
pattern reduces the duration of liquid film  coverage while 
enhancing axial shear disturbance, which promotes the elongation 
of corrosion pits along the flow direction—resulting in a geometric 
pattern where length exceeds width. In contrast, pipeline N-1 
exhibits a much lower gas velocity (1.1 m/s) and higher liquid 
velocity (0.74 m/s), leading to significant  liquid accumulation. 
Consequently, this section displays a high density of corrosion 
defects with large variability in size.

(2) Downhill segment

In the downhill sections, gravitational acceleration facilitates 
the formation of high-speed thin liquid films and increases liquid 
shear velocity. Although this flow  regime helps reduce film 
thickness and liquid retention, the elevated shear stress may 
intensify localized wall erosion. This explains the observation of 
fewer but slightly larger defects, a trend particularly evident in the 
downhill section of pipeline N-1.

(3) Horizontal segments

In horizontal pipeline sections, the influence  of gravity is 
minimal, resulting in relatively stable flow  structures and low- 
frequency gas-liquid interface disturbances. Consequently, the 
local corrosion environment exhibits limited variability. Corrosion 
defects in these segments tend to be uniformly distributed, with 
moderate sizes and low fluctuation in geometry.

(4) Low-lying areas

Low-lying segments are the most prone to liquid accumulation 
due to the combined effects of terrain depressions and reduced 
flow inertia. These conditions significantly increase the local liquid 
holdup. Both N-1 and N-2 pipelines exhibit a concentration of 
corrosion defects with relatively larger dimensions in these re
gions. Compared to other segments, the corrosion pits in low-lying 
areas show a more pronounced “width greater than length” 
characteristic. Statistical analysis reveals that the average length- 
to-width ratios of pitting defects in the low-lying sections are 
0.76 (N-1) and 0.82 (N-2), the lowest among all segments. This 
indicates that corrosion in these areas predominantly propagates 
radially. The extended liquid residence time and low flow velocity, 
coupled with a lack of sufficient axial shear disturbance, facilitate 
uniform corrosion propagation across the local surface. This leads 
to the formation of wide and shallow dish-shaped pits, posing a 
higher threat to structural integrity.

5.3. Multi-source uncertainties in corrosion defect prediction

In the present work, defect-size predictions were developed by 
combining ILI measurements with OLGA-simulated flow  parame
ters within a hierarchical Bayesian framework that quantifies 
parameter uncertainty via posterior sampling. Nonetheless, it is 
important to recognize that predictive performance in real pipeline 
integrity management is further affected by multi-source un
certainties that extend beyond the sampling variability captured by 
the HB-MCMC. These uncertainties include, but are not limited to, 
measurement errors and potential systematic biases in ILI sizing, 
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modeling assumptions and input uncertainties in multiphase flow 
simulations, and dependencies that may exist across information 
sources and over time. Such effects can interact and accumulate, 
potentially biasing point estimates and altering predictive intervals 
in ways not reflected by single-source treatments (Der Kiureghian 
and Ditlevsen, 2009; Ali et al., 2022; Qin, 2022). Future work 
should therefore explicitly model measurement bias, spatiotem
poral dependency of inspection data, and uncertainty propagation 
from simulation inputs to predictive outputs, to improve the 
robustness of prediction and decision support.

6. Conclusions

This study proposes a systematic Bayesian prediction frame
work based on posterior propagation for estimating corrosion 
defect sizes in natural gas pipelines, integrating mechanistic 
analysis, Bayesian inference, and operational data. The main con
clusions are as follows.

(1) In gas transmission pipelines, pitting defect size shows a 
significant positive correlation with depth. The sensitivity of 
width to depth is approximately 1.75 times that of length, 
indicating a geometric tendency of “width greater than 
length”.

(2) The hierarchical Bayesian MCMC (HB-MCMC) model success
fully quantifies predictive uncertainty through posterior sam
pling. The 95% highest density intervals (HDIs) for predicted 
length and width span 20–28 mm and 24–30 mm, respectively. 
The hierarchical structure preserves depth-specific  corrosion 
kinetics while reducing inter-layer variability.

(3) Based on OLGA multiphase flow  simulation, defect points 
exceeding the length threshold tend to occur in regions with 
significant  terrain variation (i.e., uphill and downhill seg
ments), with a few found in horizontal segments with 
relatively stable flow. In contrast, width outliers are pre
dominantly located at low-lying segments where liquid 
accumulation occurs.

(4) The HB-MCMC framework can be integrated with real-time ILI 
data updates by sequentially incorporating new measurements 

into the posterior distribution, enabling timely refinement of 
defect size predictions. Although developed and validated using 
ILI data from two wet gas pipelines in southwestern China, the 
hierarchical structure is adaptable to datasets from other re
gions and operating conditions. This contribution advances 
pipeline integrity assessment by enabling probabilistic predic
tion of full defect morphology rather than depth alone, while 
future work will extend validation to pipelines with different 
fluid compositions, materials, and environmental conditions to 
enhance generalizability.
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Appendix A. Trace plots for key parameters

−0.40 −0.35 −0.30 −0.25 −0.20 −0.15 −0.10 0 200 400 600 800

−0.4

−0.3

−0.2

−0.1

Fig. A1. Trace plots—length model (μglobal).
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Fig. A2. Trace plots—length model (β).
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Appendix B. Autocorrelation plot for key parameters
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Fig. A5. Trace plots—width model (μglobal).
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Fig. A6. Trace plots—width model (β).
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Fig. A8. Trace plots—width model (σ).
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Fig. B1. Autocorrelation plot - length model (μglobal, two chains).
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Fig. B3. Autocorrelation plots—length model (σglobal, two chains).
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Fig. B4. Autocorrelation plots—length model (σ, two chains).
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Fig. B2. Autocorrelation plots—length model (β, two chains).
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Fig. B6. Autocorrelation plots—width model (β, two chains).
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Fig. B7. Autocorrelation plots—width model (σglobal, two chains).
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