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Abstract
Accurate prediction of the burst pressure of corroded pipes is crucial for preventing their failure. This study integrates finite element method 
(FEM) simulations with machine learning (ML) models to predict the burst pressure with high accuracy. FEM analyses, employing both solid 
and shell elements, were performed on offshore API 5L X65 steel pipes with real-world multiple corrosion defects. The burst pressure was 
estimated by applying a factor of 1.05 to the instability criterion. Shell elements yielded results comparable to those of solid elements, while 
also significantly reducing computational time from 55.82 h to 25.75 h. Three ML models—multilayer perceptron, Gaussian process, and 
support vector machine—were developed based on three different input groups. Among them, the support vector machine demonstrated the best 
performance, achieving the highest coefficient of determination (R2 = 0.95). SHapley Additive exPlanations (SHAP) analysis identifies average 
defect depth as the most influential parameter, contributing 56.21% to predictions and exhibiting an inverse correlation with burst pressure, 
aligning with real-world behavior.
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1  Introduction

Pipelines are a critical component of the transportation 
infrastructure in the oil and gas industry. Extensive pipe‐
line networks spanning millions of kilometers worldwide 
serve as an efficient and cost-effective means to meet global 
energy demands. However, pipelines are susceptible to var‐

ious types of damage depending on their operating condi‐
tions, including wet H2S exposure (Mucek, 1999), high-
temperature hydrogen attack (Poorhaydari, 2019), hydrogen 
embrittlement (Zvirko et al., 2024), and corrosion (Xing 
et al., 2024). Among these, corrosion remains a major 
challenge that causes substantial direct and indirect eco‐
nomic losses. According to the NACE International (for‐
merly, National Association of Corrosion Engineers) (Koch 
et al., 2016), the global corrosion cost is estimated at US
$2.5 trillion annually. A comparative study of corrosion costs 
across Australia, China, Finland, Germany, India, Japan, 
Kuwait, the United Kingdom, and the United States revealed 
that their annual corrosion-related expenses accounted for 
approximately 1%–5% of their gross national product. Given 
these economic implications, pipeline integrity assessment 
plays an important role in preventing unexpected leaks or 
ruptures.

The conventional approach to assessing corroded pipe‐
lines is based on code-based standards, such as ASME 
B31G (2012) and DNV-RP-F101 (2019). Although these 
standards offer reliable assessment methodologies, they 
have some limitations. ASME B31G often yields conserva‐
tive predictions (Gao et al., 2010), whereas DNV-RP-F101 
(2019) recommends that if the spacing between corrosion 

defects is within 2.5 (DT )  (where D and T denote the 
pipeline diameter and wall thickness, respectively), they 
should be considered to be interacting; otherwise, they can 
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be analyzed independently. Despite their utility, code-based 
methods tend to be overly conservative and fail to accu‐
rately represent the actual operational conditions of corroded 
pipes. Furthermore, these methods depend on material 
toughness. To minimize subjectivity and incorporate uncer‐
tainty, Bhardwaj et al. (2022) devised a method for evalu‐
ating the dependability of corroded pipes using calibrated 
strength models. They evaluated the efficacy of 25 burst 
strength models against test data, classifying them by steel 
grade (low, medium, and high). The first-order reliability 
method was employed for reliability and sensitivity assess‐
ments. This approach was considered an improvement 
over existing methods because it utilized accurate strength 
models and accounted for model uncertainties. In a subse‐
quent study, a probabilistic framework was presented that 
utilized hierarchical Bayesian analysis to calibrate burst 
strength models for uncorroded and corroded pipelines. 
They determined model uncertainty factors for calibration 
and grouped prediction models according to steel grade. 
For uncorroded and corroded pipelines across the three 
material groups, their findings included estimated mean 
values and uncertainty of posterior probabilities for model 
uncertainty factors. Additionally, they discovered that as 
the severity of corrosion defects increased, the prediction 
uncertainties tended to grow nonlinearly. The importance 
of this method was demonstrated in a case study that showed 
variations in uncertainty compared to the traditional meth‐
ods. Furthermore, hierarchical Bayesian-based regression 
analysis was used to construct model uncertainty factors 
for corroded pipes as a function of defect depth. Finally, 
the calibrated models yielded nonconservative forecasts 
(Bhardwaj et al., 2024). Amaya-Gómez et al. (2019) dem‐
onstrated that models such as DNV-RP-F101 (2019), 
CPS (Cronin and Pick, 2002) and CUP (Shuai et al., 
2017) are suitable for studying low-toughness materials. 
Models suitable for moderate-toughness materials include 
PCORRC (Stephens and Leis 2016) and those reported by 
Ma et al. (2013), Netto et al. (2005), and Zhu and Leis 
(2005), whereas for high-toughness materials, PCORRC 
and the models reported by Chen et al. (2015), Ma et al. 
(2013), and Choi et al. (2003) provide overall remarkable 
results. Adib-Ramezani et al. (2006) examined the struc‐
tural integrity of externally corroded X52 gas pipes with 
three distinct defect types: semispherical, semielliptical, 
and blunt notch. Their findings revealed that the safety 
factor for blunt notch defects could only be calculated 
using SINTAP levels 0 B and 1 B (Webster and Bannister 
2000), as these were the only standards that incorpo‐
rated empirical equations for such defects. Furthermore, 
Adib-Ramezani et al. (2006) established that DNV-RP 
F-101 and Choi et al. (2003) defined the upper and lower 
limits of the safety factor for both semispherical and semiel‐
liptical defects.

To overcome the limitations of code-based standards, the 

finite element method (FEM) has been widely utilized to 
obtain highly accurate assessments or to focus on improv‐
ing code-based standards by considering different aspects, 
such as material or corrosion geometry. Alang et al. (2013) 
compared burst pressure predictions using FEM, ASME 
B31G, modified ASME B31G, and DNV-RP-F101 (2019) 
and reported that FEM provided the highest burst pressure 
values, while ASME B31G was the most conservative. To 
reduce the conservatism of DNV-RP-F101 (2019), Arumu‐
gam et al. (2020) developed six predictive equations using 
FEM for internally and externally corroded pipes; these 
equations incorporate the von Mises and Tresca criteria. 
Their analytical model, validated through FEM, yielded 
higher accuracy than the conventional methods.

Owing to the complexities involved in accurately model‐
ing defects, simplifications are often applied; for example, 
the assumption of rectangular defect shapes. Karuppanan 
et al. (2014) demonstrated that incorporating fillets at the 
edges of rectangular defects increased the burst pressure 
value by 3.5%. Meanwhile, Yu et al. (2011) reported a 4.5% 
difference in bending moments between rigid and smooth-
edged (fillet) defects.

The FEM-based burst pressure analysis is not limited to 
single-corroded areas; the method also accounts for multi‐
ple interacting defects. The interaction of defects results in 
a reduction in failure pressure (Chen and Shu, 2001). Sun 
and Cheng (2018) performed FEM simulations on pipe‐
lines with overlapping and divided circumferential and lon‐
gitudinal defects, concluding that defect interaction is sig‐
nificant only within a specific distance. This threshold was 
defined as the ratio of the failure pressure of multiple cor‐
rosion defects to that of a single defect. Defect interaction 
was observed when this ratio was below 0.99. Addition‐
ally, interaction effects were more pronounced in the cir‐
cumferential direction than in the longitudinal direction. 
For overlapping defects, stress concentration in the lower 
defect led to a failure pressure much smaller than that in 
single-corroded pipes. Zhou et al. (2022) further identified 
that the depth of the deepest defect was the most critical 
factor, followed by defect length and axial distance between 
defect clusters.

The abundance of information over the last decade has 
emphasized the effectiveness of data-driven methods such 
as machine learning (ML). Zhang et al. (2024) demonstrated 
that an optimized XGBoost model predicted burst pressure 
much more accurately than conventional code-based stan‐
dards; feature importance analysis identified pipe thick‐
ness and corrosion length as the most influential factors. 
Abyani et al. (2022) utilized six ML models and confirmed 
that wall thickness and corrosion defects significantly 
affected the failure pressure of single-corroded pipes. Their 
study also revealed an inverse relationship between the 
water depth and internal pressure from the viewpoint of 
the maximum von Mises stress (MVMS). Specifically, at 
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low internal pressure, an increase in water depth led to a 
higher MVMS, whereas at greater depths, an increase in 
internal pressure resulted in a lower MVMS. Cai et al. (2022) 
explored the use of data-driven ML methods to predict the 
burst strength of corroded line pipelines subjected to inter‐
nal pressure, offering an alternative to the traditional, more 
limited approaches. They utilized three supervised ML 
algorithms: the artificial neural network (ANN), support 
vector machine (SVM), and linear regression (LR). These 
models were trained on a dataset of 115 experimental pipe 
burst tests, gathered from previous papers, focusing on 
cases with a single corrosion defect. Although some data 
points were machined, meaning that they had a rectangular 
shape (Mok et al., 1991; Benjamin et al., 2000; Choi et al., 
2003; Freire et al., 2006), the others were natural type, 
meaning that they had an irregular shape, and only the 
maximum depths of defects were reported in the literature 
(Cronin et al., 1996; Cronin and Pick, 2000). While the 
ANN model with three neural layers achieved the highest 
training accuracy (0.969), it also showed the largest vari‐
ance, indicating overfitting. In contrast, the SVM model 
demonstrated both high training and validation accuracy. 
The LR model provided the best performance in terms of 
generalization ability among the proposed models. Cai et al. 
(2022) suggested these models can serve as valuable surro‐
gate models for future transfer learning applications, aid‐
ing in sustainable and intelligent decision-making for 
ensuring pipeline integrity. Jiang and Dong (2024) devel‐
oped a method that combines random fields, convolutional 
neural networks (CNNs), and FEM to predict the residual 
strength when both random and isolated external corrosion 
defects are present. By modeling corrosion morphologies 
using symmetric finite element models with a solid mesh, 
their CNN model achieved robust performance while 
reducing computational costs by more than 30 000 times. 
Additionally, Abyani et al. (2024) integrated FEM with 
ANNs to enhance failure predictions for pipelines with a 
single external corrosion defect, outperforming code-based 
standards. While the FEM results for medium and small 
defects were close to these standards, the predictions for 
large defects showed strong agreement with ASME B31G 
calculations. Similarly, Liu et al. (2020) conducted a para‐
metric analysis to predict the failure pressure of pipes with 
a single external corrosion defect by integrating FEM with 
ANNs by using the ratio of pipe diameter to wall thick‐
ness, nondimensional corrosion defect length, and defect 
depth as input variables. They found that the maximum 
observed error between the ANNs and experimental results 
was 16%.

While numerous studies explored the integration of FEM 
and ML models, a key limitation remains: research has 
mainly focused on the combination of FEM and ML in sin‐
gle-defect case studies or the application of only ML mod‐
els to experimental single-defect scenarios (Abyani et al., 

2022, 2024; Cai et al., 2022; Zhang et al., 2024). These stud‐
ies typically assumed isolated damage zones, which may 
not accurately represent the complex conditions encoun‐
tered in real pipeline systems. However, in actual operat‐
ing environments, corrosion defects often appear in clusters, 
varying significantly in size, depth, and spacing. These 
defects can interact, forming stress concentration zones 
and nonlinear failure behaviors that drastically affect burst 
pressure. This interaction complicates the prediction pro‐
cess and introduces additional uncertainties that have been 
rarely addressed in the existing ML-FEM models. Further‐
more, studies regarding multiple defect corrosion are mostly 
limited to FEM-based approaches (Sun and Cheng, 2018; 
Zhou et al., 2022), which do not incorporate ML to gener‐
alize patterns or improve prediction efficiency. Hence, there 
appears to be a gap in the current literature regarding the 
combined use of FEM and ML to address the interactions 
among multiple corrosion defects. This study aims to con‐
tribute toward filling this gap by developing a framework 
that incorporates both approaches under more realistic 
defect conditions. To address this gap and to understand 
the capability of ML models to predict the burst pressure 
in real scenarios, finite element analyses were performed 
using both shell and solid elements on API 5L X65 steel 
offshore pipes containing multiple corrosion defects. The 
accuracy and efficiency of the results obtained using the 
two elements were compared. Burst pressure calculations 
were conducted as per the API 579 instability criteria, with 
subsequent refinements using the DNV-RP-F101 (2019) 
procedure. Furthermore, three ML models, including multi‐
layer perceptron (MLP), Gaussian process (GP), and SVM, 
were developed based on three distinct input approaches to 
predict burst pressure. The most accurate model was iden‐
tified through statistical evaluation. The SHapley Additive 
exPlanations (SHAP) analysis was performed for this 
model to determine the contribution and influence of each 
input parameter on burst pressure predictions.

2  Method

2.1  FEM procedure

In this study, pipes with an outer diameter of 812.6 mm 
and a nominal thickness of 20.6 mm were modeled using 
ABAQUS software. Since the shape of defects drastically 
influences stress analysis, defects were identified through 
pigging. Figure 1 shows the rectangular defects observed 
in one of the examined pipes. Solid elements were used in 
previous single‑defect studies (Arumugam et al., 2020; 
Abyani et al., 2022); however, using shell elements reduces 
analysis costs in multiple‑defect cases. Therefore, to assess 
the effectiveness of shell elements, six models were analyzed 
separately using solid and shell elements. Then, the burst 
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pressure predictions from both approaches were compared 
to select the most appropriate approach. As shown in 
Figure 1, defects can be seen in the preprocessing of the 
solid element model, while in the shell element model, no 
defect areas can be observed. This is because thickness val‐
ues were assigned by the mapped field technique (ABAQUS, 
2022) in the shell element approach. This technique allows 
us to define spatially varying parameter values from an 
external data source based on four variables: x, y, z, and 
the field value. In this study, x, y, and z represent the coor‐
dinates of each node in the shell element approach, while 
the field value represents thickness. The thickness value at 
each node was implemented using an in-house MATLAB 
code. Figure 2 provides the typical details of one of the cor‐
roded pipes analyzed in this study. Specifically, Figure 2(a) 
shows the actual corroded areas determined based on pig‐
ging data. Additionally, Figure 2(b – d) show the distribu‐
tions of three key parameters extracted from the pigging 
data provided in Figure 2(a): circumferential length of 
defects, depth of defects and longitudinal length of defects, 
respectively. Figure 2(e) shows the thickness map gener‐
ated using the in-house MATLAB code.

As shown in Figure 2(a), the corrosion defects detected 
by the pigging device were longitudinally aligned with the 
pipe axis (corrosion angle = 0°). The device segmented the 
corrosion zones into rectangular profiles. The maximum 
depth observed within each zone was reported as a uni‐
form value across the entire area. This limitation arises 
from the pigging software itself. Consequently, the defect 

shapes were modeled in the finite element model based on 
these simplifications. According to Figure 1, two additional 
sections, each with a length equal to five times the outside 
diameter, were included in the models to apply boundary 
conditions.

Both boundary conditions and loads are shown in Figure 1. 
The boundary conditions were defined to model an infinite 
pipeline (Fallqvist, 2009; Barbosa et al., 2017). The pipe 
was assumed to be straight and fully supported by the sea‐
bed, without any free span. To achieve this, one end of the 
pipe was coupled with a reference point, allowing unre‐
stricted radial expansion. The reference point was fixed, 
while the opposite end was left free to expand.

In each model, three loads were considered based on a 
real‑world scenario: the external pressure ( Pe ), which orig‐
inates from the hydrostatic effect of the seawater and is 
equal to 0.63 MPa; the internal pressure ( P i ), which arises 
from the transported fluid, and the value of the maximum 
allowable working pressure is 26 MPa for an intact pipe; 
and the axial force, which is calculated to be 46 kN using 
Eq. (1) (DNV-ST-F101 2017):

S = N − Pi Ai + Pe Ae (1)

where N represents the axial force in the pipe wall, Ai 
denotes the internal cross-sectional area, and Ae is the 
external cross-sectional area.

All pipes were fabricated from API 5L X65 and ana‐
lyzed using nonlinear elastic–plastic finite element analysis 

Figure 1　Configuration of the finite element model, including the boundary conditions, loads, and an overview from inside the finite element 
models with both shell and solid elements
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(FEA). The true stress – strain relationship was derived 
using the MPC project (API 579 2019), as described in 
Eqs. (2) – (12), where σ t represents true stress; σys is the 
yield stress; σuts denotes the engineering ultimate tensile 
strength; εp is the true plastic strain; εys represents the engi‐
neering offset strain; and Ey is Young’s modulus. More‐
over, all material constants, including m1, m2, A1, and A2, at 
a service temperature of 63 ℃ , as well as the true stress–
strain relationship, are shown in Figure 3. The Young’s 
modulus and Poisson’s ratio were taken as 207 GPa and 

0.3, respectively.

εt =
σ t

Ey

+ γ1 + γ2 (2)

γ1 =
ε1

2 (1.0 − tanh [ H ] ) (3)

γ2 =
ε2

2 (1.0 − tanh [ H ] ) (4)

Figure 2　Pigging inspection data including the corrosion map, statistical information on defect dimensions, and the corrosion map imported 
into ABAQUS using the mapped-field technique
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(10)

R =
σys
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(11)

K = 1.5R1.5 − 0.5R2.5 − R3.5 (12)

The stress analysis of corroded pipes was conducted using 
both solid and shell element methods. C3D8R elements 
were utilized for the solid element approach, and S4R ele‐
ments for the shell element approach. The failure criterion 
was defined as the pressure causing instability and was 
identified as the last pressure before divergence. It is com‐
monly referred to as the burst pressure of the finite ele‐
ment (Mokhtari and Melchers, 2018; Zangeneh, 2021).

According to DNVGL-ST-F101 (2017), the design resis‐
tance (RRd) incorporates two factors, γm and γSC, which are 
taken as 1.15 and 1.138, respectively, resulting in a com‐
bined factor of γm × γSC = 1.31 for a medium safety class. 
Furthermore, according to this standard, the usage factor 
applied in determining the safe working pressure has two 
components: the modeling factor, F1 = 0.9, and the opera‐
tional usage factor, F2, introduced to ensure a sufficient 
safety margin between the operating pressure and the fail‐

ure pressure of the corrosion defect. F2 is typically equal 
to the design factor. The total usage factor (F) is calculated 
as F = F1 × F2, yielding F = 0.9 × 0.74 = 0.67. Conse‐
quently, as per paragraph G.2.5 of BS 7910: 2019, the min‐
imum factor of safety is 1.5.

The FEM procedures for solid and shell elements are 
shown in Figure 4. For the shell element model, uncor‐
roded pipes were initially generated. Subsequently, thick‐
ness values were assigned using the mapped field tech‐
nique through an in-house MATLAB program. The insta‐
bility pressure and safe working pressure were calculated 
in accordance with the DNV-RP-F101 (2019) criterion. 
According to this standard, the rectangular assumption typ‐
ically results in conservative predictions of the load-carry‐
ing capacity because of exaggeration of the effective 
defect area. To account for this problem, the standard intro‐
duces a correction factor of 1.05. This factor was applied 
when calculating the safe working pressure. For the solid 
element model, most of the steps are the same as those for 
the shell elements. However, the corroded pipes in the 
solid element model are generated by removing the cor‐
roded areas instead of by modifying the thickness values. 
The data of each model were recorded for performing 
burst pressure predictions using ML models

2.2  Machine learning procedure

Although the FEM is a powerful tool for assessing the 
integrity of industrial components, it requires considerable 
computational resources. In this situation, data-driven 
methods such as ML models provide an efficient alterna‐
tive for predicting burst pressure. This study aimed to 
develop a reliable method for predicting burst pressure 
based on failure criteria. The overall procedure is illus‐
trated in Figure 5.

Alang et al. (2013) found that the depth of defects is the 
most influential factor for burst pressure. Ma et al. (2013) 
showed that the width of defects has minimal effect on 
burst pressure. As shown in Figure 2(e), the pipes consid‐
ered in this study contain multiple defects. Since prior lit‐
erature focused on pipes containing a single defect (Aby‐
ani et al., 2022, 2024; Cai et al., 2022; Zhang et al., 2024), 
it was necessary to define appropriate parameters to reflect 
the condition of the pipes in this study. Therefore, the rep‐
resentative values for defect depth and length were deter‐
mined by calculating their average values (davg and Lavg), 
respectively, based on studies on additive manufacturing 
(Luo et al., 2022) and fatigue (Beretta, 2021). However, 
unlike previous studies that did not include the number of 
defects (Ndefects) as an input, this study included Ndefects because 
it was different for each pipe. Additionally, three volumet‐
ric variables, including the average volume of defects 
(Vavg), minimum volume of defects (Vmin), and maximum 
volume of defects (Vmax), were derived to investigate the 
interactions between defect dimensions (depth, width, and 

Figure 3　True stress–strain curve for API 5L X65 based on MPC
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length)—this approach is similar to the approach adopted 
by Du et al. (2017) for analyzing the failure mode of pres‐
sure vessels containing volumetric defects. Notably, inputs 
to ML models must be independent; hence, three groups of 
inputs were defined in this investigation. In Group 1, the 
Ndefects and Vavg were used as input variables. In Group 2, 
Ndefects, Lavg, and davg were considered as inputs. In Group 3, 
Ndefects, Vmin, and Vmax were used as input parameters. In all 
three groups, the safe working pressure was the output 
variable. The inner and outer radii of the pipes were con‐
sidered constant, with values of 406.4 and 385.8 mm, 
respectively. Additionally, the pipe length was kept con‐
stant at 12 m in all cases. Figure 6 provides the distribu‐
tion of all inputs. The distributions of Ndefects, Lavg, Vavg, Vmax, 
and Vmin are skewed. Hence, to obtain a distribution similar 
to a normal distribution, all inputs were transformed using 
quantile transformation.

Three algorithms were implemented in this study to 
develop the ML models. ANNs consist of multiple layers 
of interconnected artificial neurons that mimic the neural 
network structure of the human brain. Neurons are con‐
nected via multiple communication pathways, with each 
neuron functioning as an independent computing unit. 
This enables ANNs to perform complex computations. 
ANNs are an important tool for engineers and researchers 

to predict critical parameters and make necessary adjust‐
ments to optimize results (Ghari et al., 2024). The ANN 
used in this study was the MLP. The SVM is a form of 
supervised learning technique designed for high-dimen‐
sional feature spaces. By identifying the optimal hyper‐
plane with the largest margin, the SVM effectively classi‐
fies data and makes accurate predictions (Hasni et al., 2017). 
The GP is a nonparametric kernel-based method that oper‐
ates within a Bayesian framework and uses statistical prin‐
ciples to establish a mapping relationship between the 
dependent and independent variables (Wang et al., 2021).

To ensure optimal performance of the ML models, 
hyperparameter tuning was performed using a grid search 
strategy across nine conditions (three ML models across 
three groups), as listed in Table 1. The dataset contained 
128 data points, which were randomly divided into train‐
ing and test sets with a ratio of 70 (89 data points):30 (39 
data points).

Activation functions play a critical role in training neu‐
ral networks as these functions introduce nonlinearity, 
allowing the network to capture complex relationships. 
Two widely used activation functions are the hyperbolic 
tangent function (tanh) and the logistic function (sigmoid). 
Both functions have similar structures; however, the hyper‐
bolic tangent function ranges between −1 and 1, while the 

Figure 4　Finite element modeling flowchart used in this study
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logistic function ranges between 0 and 1. These functions 
are mathematically defined as shown in Eqs. (13) and (14) 
(Rasamoelina et al. 2020).

tanh ( x ) =
2

1 + e−2X
− 1 (13)

standard logistic =
1

1 + e−X
(14)

where X represents the input values. L‑BFGS is a solver 
that can be applied to small datasets. The second‑order par‐
tial derivatives of a function are represented by a Hessian 
matrix, which is approximated by this solver. Furthermore, 
this solver approximates the inverse of the Hessian matrix 
to perform parameter updates. The number of neurons affects 
the complexity of ML models: increasing the number of 
neurons not only increases the computational time but also 
leads to overfitting. Conversely, although reducing the 
number of neurons can reduce computational time, it causes 
underfitting (Neural network models (supervised)).

The radial basis function (RBF) is a kernel that is com‐
monly used in SVM problems. The RBF is expressed as 
shown in Eq. (15) (Han et al. 2012).

K ( )xi, xj = exp ( )− γ xi − xj

2
(15)

where xi and xj are two input vectors, and γ is an adjustable 
constant. The extent of influence of a single training sam‐
ple on SVM is determined by the gamma parameter; a low 
gamma value implies far-reaching influence, and a large 
value indicates close influence. The model is very sensi‐
tive to gamma—if the factor is too large, each support vec‐
tor only influences itself, resulting in overfitting; if it is 
too small, it reduces to a linear model that divides dense 
areas into various classes. The C parameter achieves the 
tradeoff between the correct classification of training 
instances and the maximization of the margin of the deci‐
sion function. A narrower margin is allowed for greater 
values of C if the decision function performs better at accu‐
rately classifying every training point. A lower C results in a 
simpler decision function and a wider margin, but at the 
expense of training accuracy (RBF SVM parameters).

In the context of GP, the alpha value is added to the 
diagonal of the kernel matrix during fitting to guarantee 
numerical stability by making the matrix positive definite. 
Its default value is 1E−10. Additionally, alpha can depict 
the Gaussian noise variance of the training data (Gaussian‐
ProcessRegressor).

Figure 5　Machine learning (ML) modeling procedure employed in this study
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Two statistical criteria were used to evaluate the perfor‐
mance of each ML model under different conditions. The 
coefficient of determination (R2) score was used to assess 
the accuracy of the model for training and test data. It is 
defined as shown in Eq. (16):

R2 = 1 − RSS
TSS

(16)

where RSS is the sum of squares of residuals, and TSS is 
the total sum of squares. Additionally, the mean squared 
error (MSE) was used as a loss function to quantify the dif‐
ference between the predicted and actual values, as 
defined in Eq. (17):

MSE =
1
n∑i = 1

n ( )Yi − Ŷi

2

(17)

where Yi represents the actual values, and Ŷi represents the 
predicted values.

3  Results and discussion

3.1  Validation

To validate the FEA procedure used in this study, the 
numerically obtained results were compared with the 
results for a locally corroded pipe investigated by Yamagu‐
chi (2014). The validation process involved reproducing 
the numerical findings to ensure accuracy. Figure 7(a) shows 
the stress distribution and thickness profile of the corroded 
pipe, demonstrating that the von Mises stress reached the 
ultimate tensile strength in the corroded area, as shown in 
Figure 7(b).

Furthermore, Figure 7(c) shows the plots of pressure 
against increment and increment size against increment. 
Although the increment size increased to 0.17 s before the 
10 th increment, it decreased rapidly thereafter so that during 
the numerical solution, the increment size was close to 0. 
In contrast, as the number of increments increased, the pres‐

Figure 6　Distribution of all variables: Blue bar charts indicate inputs, while the red bar chart indicates the output
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sure never exceeded 28.5 MPa. According to the API579 
procedure, a constant load during the analysis and an incre‐
ment close to 0 indicate that the analysis does not con‐
verge. Therefore, the burst pressure was taken as 28.5 MPa. 
To assess the validity of this result, the obtained burst pres‐
sure was compared with that of Yamaguchi’s model (2014). 
The comparison revealed strong agreement between the 
two models—the burst pressures in the regenerated and 
Yamaguchi models were 28.5 and 29 MPa, respectively. 
This close correlation confirms the accuracy and reliability 
of the proposed FEA approach.

3.2  Shell and solid models

The P6 Shell model with three distinct element sizes, 
including 20, 10, and 8 mm, was subjected to mesh sensi‐
tivity tests to determine the appropriate mesh size for the 
analyses. A node at the center of the pipe was used to illus‐
trate the changes in displacement. The axial displacement 
curves for models with 10 and 8 mm element sizes roughly 

overlapped, as shown in Figure 8(a). Consequently, ele‐
ments measuring 10 mm were considered sufficient to pro‐
vide the necessary level of accuracy in the analyses. More‐
over, the axial displacement curve for the solid element 
approach, with a mesh size of 10 mm, shows a trend simi‐
lar to the shell element approach, which also has a mesh 
size of 10 mm. Hence, the mesh size for the P6 solid 
model was chosen to be 10 mm. Figure 8(b) shows a com‐
parison of burst pressures for six pipes modeled using both 
solid and shell elements. The results indicated that there 
were no significant differences in the safe working pres‐
sure between the two element types. However, the total 
running time for each model, as shown in Figure 8(c), 
highlights a key advantage of using shell elements: specifi‐
cally, the running time for the solid element models 
(55.82) was approximately twice that of the shell element 
models (25.75), demonstrating the computational efficiency 
of the latter models.

The primary reason for the reduced computational cost 
of shell elements is shown in Figure 8(d). The number of 
nodes in solid models was at least three times that in the 
shell models. Figure 9(a) and (b) show the von Mises 
stress contours for the solid element model of the P6 and 
the shell element model, respectively. Only a slight differ‐
ence can be observed between the two models, indicating 
that both element types provide comparable stress distri‐
butions. This demonstrates that the mapped field tech‐
nique effectively incorporates real thickness variations 
into the finite element model, ensuring an accurate repre‐
sentation of corrosion defects. Furthermore, a comparison 
of the real thickness data map (heat map), STH contour 
values of the shell element model, and defects in the solid 
element model (white pipe) in Figure 9(c) reaffirmed 
that the real thickness data can be reliably captured by 
FEA using the mapped field method. Thus, this approach 
was validated for modeling corroded pipes. Figure 9(d) 
shows the thickness and von Mises stress values along 
path A, which is drawn circumferentially. This figure 
shows that a decrease in thickness leads to an increase in 
von Mises stress values. Moreover, the peak von Mises 
stress is observed at the edges of the defect because of 
stress concentration.

3.3  ML models

Although shell elements are an efficient tool for predict‐
ing the burst pressure of multiple corroded pipes, the pro‐
cess is still time-consuming. Hence, this study introduces 
ML models as an alternative approach for predicting the 
burst pressure of multiple corroded pipes. The perfor‐
mance of the models is summarized in Table 2.

Each model was evaluated based on statistical criteria. 
The evaluation demonstrated that all models were ade‐
quately trained. A comparison of the R2 values for the train‐
ing and test sets demonstrated that the features of Group 2 

Table 1　Hyperparameters for each condition

Group

1

2

3

ML model

MLP

SVM

GP

MLP

SVM

GP

MLP

SVM

GP

Hyperparameters

Activation = Logistic
Hidden layer size = 52
Learning rate initiation = 0.001
Solver = lbfgs

C = 90
γ = 1
Kernel = RBF

α = 10−9

Normalize y = True
Kernel = RBF

Activation = tanh
Hidden layer size = 20
Learning rate initiation = 0.001
Solver = lbfgs

C = 130
γ = 0.1
Kernel = RBF

α = 10−7

Kernel = RBF

Activation = tanh
Hidden layer size = 45
Learning rate initiation = 0.001
Solver = lbfgs

C = 160
γ = 10
Kernel = RBF

α = 10−6

Kernel = RBF

Code name

MLP-1

SVM-1

GP-1

MLP-2

SVM-2

GP-2

MLP-3

SVM-3

GP-3
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yielded more accurate predictions since the R2 values of 
each ML model in this group were higher than those of 
Groups 1 and 3, and the difference between the training 
and test R2 values was lower than 0.1. The highest differ‐
ences between the R2 values for the training and test sets 
were observed in SVM-3, with a value of 0.14, followed 
by SVM-1 with a difference of 0.13. Although in most 
models, the difference between the training and test R2 val‐
ues did not exceed 0.1, the R2 values for the training and 
test sets were lower than those in Group 2. This phenome‐
non indicates two important aspects. First, models in 
which the difference between the R2 values exceeded 0.1 
(SVM-1 and SVM-3) experienced slight overfitting due to 
the small dataset size and the complexity of inputs in 
Groups 1 and 3. Second, the lower R2 values for both the 
training and test sets observed in the remaining models in 
Groups 1 and 3 suggest that these models could not learn 
meaningful patterns from the training set, resulting in poor 
generalization on the test set. In other words, Ndefects, Lavg, 

and davg were the suitable features for predicting the burst 
pressure.

To facilitate a clearer comparison and better understand‐
ing of the performance of each model, the predicted –
actual graph for all models is shown in Figure 10. The 
black dashed line represents the ideal fit, where the pre‐
dicted values exactly match the actual values. The data 
points closer to this line indicate a robust predictive perfor‐
mance. According to the training results, SVM-2, with an 
MSE of 0.15 and an R2 of 0.96, demonstrated acceptable 
predictive performance. Furthermore, in the test set, SVM-2 
achieved the highest R2 value (0.95) and the lowest MSE 
(0.19) among all models. Thus, this model is one of the 
most accurate models in this study. Besides SVM-2, MLP-2 
exhibited acceptable predictive performance, with an MSE 
of 0.09 and an R2 of 0.98 in the training set and an MSE of 
0.31 and an R2 of 0.92 in the test set. Consequently, among 
all the models considered in this study, MLP-2 and SVM-2 
provided the most accurate predictions.

Figure 7　Regenerated model results
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To further evaluate the predictive accuracy, the tolerance 
graphs for MLP-2 and SVM-2 were plotted (Figure 11). 
The red dashed line represents the ideal fit, where the pre‐
dicted burst pressure matches the actual burst pressure 
perfectly. Additionally, two tolerance areas are shown in 
Figure 11: in the green areas, the differences between actual 
and predicted values do not exceed 2.5%, while the yellow 
areas represent a deviation of up to 5%. The absence of a 
specific pattern in these graphs indicates that the predic‐
tions of both models were unbiased. Although a few data 
points are outside the yellow areas, most of the predic‐
tions are within acceptable error margins. Furthermore, a 
larger proportion of data points in MLP-2 (Figure 11(a)) 
are within the yellow areas, while the majority of predic‐
tions in SVM-2 (Figure 11(b)) are within the green areas, 
suggesting that SVM-2 provided more precise predic‐
tions. Hence, SVM-2 was considered the most accurate 
model in this study. Therefore, further investigations on 
the importance of contributing factors and the effect of 
input parameters on the burst pressure prediction were 
conducted exclusively for SVM-2. The standard assess‐
ment equations are typically derived by adopting simplify‐
ing assumptions. For instance, the DNV-RP-F101 guide‐
line provides a formula applicable only to single, longitu‐

dinally oriented, rectangular corrosion defects. Karup‐
panan et al. (2014) showed that even for isolated corro‐
sion defects, these standard equations often yield conser‐
vative results compared to the FEA outcomes. Impor‐
tantly, the standard equations do not account for the pres‐
ence of multiple defects or their interaction effects, such 
as stress concentration zones and nonlinear failure behav‐
iors. These effects significantly limit their applicability in 
more complex scenarios. Therefore, a direct comparison 
with standard equations is not applicable in this study 
because of the presence of multiple defects and the limita‐
tions of the equations.

The SHAP analysis, based on game theory (Lundberg 
et al., 2020), was adopted to analyze the effect of input fac‐
tors on the predicted burst pressure. The SHAP method 
quantifies the contribution of each input variable to the 
final prediction. Figure 12(a) presents the SHAP analysis 
results for the SVM-2 model, illustrating the effect of all 
three input variables on the predicted burst pressure of cor‐
roded pipes. The SHAP diagram consists of two parts: a 
scatter graph, where inputs are arranged in the order of the 
highest to the lowest contribution, and a gradient legend, 
which visually represents the magnitude and direction of 
the effect of each input on the output.

Figure 8　P6 mesh sensitivity and comparison of solid and shell elements models in burst pressure, runtime, and number of nodes

1343



Journal of Marine Science and Application 

Figure 9　P6 results at the time of instability
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According to Figure 12(b), the most influential factor 
for predicting burst pressure is the average defect depth 
(davg), which contributes 56.21% to the prediction. This is 
followed by the average defect length (Lavg), which contrib‐
utes 27.51% to the prediction. Furthermore, Figure 12(a) 
shows that when the color gradient shifts toward red (indi‐
cating an increase in these variables), the SHAP value 
decreases, confirming an inverse correlation among davg, 
Lavg, and burst pressure. This relationship agrees with the 
real conditions, as an increase in both the depth and length 
results in a reduction in pipe thickness, ultimately lower‐
ing the burst pressure. The impact of Ndefects was less 
clearly defined compared to the other two factors. Its 
effect is associated with the distribution of defects across 
the pipe surface. When defects are closely spaced, their 

Table 2　Results of all ML models based on statistical criteria

Model

SVM-1

MLP-1

GP-1

SVM-2

MLP-2

GP-2

SVM-3

MLP-3

GP-3

Training set

MSE

0.25

0.86

1.04

0.15

0.09

0.49

0.07

0.9

0.84

R2

0.94

0.77

0.73

0.96

0.98

0.88

0.98

0.76

0.77

Test set

MSE

0.67

1.12

1.27

0.19

0.31

0.65

0.5

1.02

1.32

R2

0.81

0.75

0.70

0.95

0.92

0.83

0.84

0.72

0.70

Figure 10　Actual–predicted graph for all ML models
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cumulative effect results in a lower burst pressure value. 
Therefore, even when the number of corroded areas in the 
pipe was relatively low, their proximity led to a cumula‐
tive effect, ultimately reducing the burst pressure.

4  Conclusion

This study integrates FEM with ML models to predict 
the burst pressure in real-world API 5L X65 pipes contain‐
ing multiple corrosion defects. The FEA employs both 
solid and shell elements and utilizes the API 579 standard 
modified by the DNV-RP-F101 (2019) approach to calcu‐
late burst pressures. Subsequently, three ML models were 
developed for three different cases, resulting in a total of 
nine conditions for burst pressure prediction. The developed 
models demonstrated good predictive performance within 
the available dataset. An effective framework was developed 
by integrating FEA and ML. This framework estimated the 
burst pressure of corroded pipes. However, there are limi‐
tations: for example, the dataset is small (128 samples); a sin‐
gle pipe specification is used (outer diameter of 812.6 mm, 
API 5L X65); and the simplified defect geometries were 
derived from pigging data. These factors may restrict the 
broader applicability of the models. Future work should 
focus on expanding the dataset and incorporating more 
accurate inspection data to improve model robustness and 
generalizability. The main conclusions drawn from this 
study are as follows:

1) A comparison of the results obtained from the finite 
element simulations reveals that burst pressure predictions 
obtained using shell elements are highly consistent with 
those obtained using solid elements.

2) The shell elements require fewer computational 
resources, reducing the total runtime to half that of the 
solid elements, making them a more efficient choice for 
large-scale analyses.

3) Among all the input configurations, Group 2, which 
utilized the number of defects, average length of defects, 
and average depth of defects, achieved the most accurate 
predictions.

4) Among the evaluated models, MLP-2 and SVM-2 
demonstrated comparatively better performance than all 
the other models. The actual–predicted graphs suggest a 
potential for generalization to unseen data. However, 
SVM-2 exhibited more accurate predictions, as most of its 
predicted values were within the green areas, indicating 
minimal deviation from the actual values.

5) According to the SHAP graph, the average depth was 
inversely related to burst pressure and had the highest fea‐
ture importance weight, indicating its critical role in accu‐
rately predicting structural integrity.
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