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Abstract: Assessment of a corroded pipe is crucial to determine when it must be repaired or replaced.
However, the conventional corrosion assessment codes for the failure pressure predictions of corroded
pipes with circumferentially aligned interacting defects are conservative (underestimations of more
than 40%), resulting in premature repair or replacements of pipelines. Alternatively, numerical
approaches may be used, but they are time consuming and computationally expensive. In this
study, an analytical equation based on finite element analysis for the failure pressure prediction
of API 5L X52, X65, and X80 corroded pipes with circumferentially aligned interacting corrosion
defects subjected to combined loadings is proposed. An artificial neural network trained with failure
pressure obtained from the finite element analysis of the three pipe grades for varied defect spacings,
depths and lengths, and axial compressive stress were used to develop the equation. Subsequently,
a parametric study on the effects of these parameters on the failure pressure of a corroded pipe with
circumferential-interacting defects was conducted using the equation to determine the correlation
between the defect geometries and failure pressure of the pipe. The new equations predicted
failure pressures for these pipe grades with an R2 value of 0.99 and an error range of −9.92% to
0.98% for normalised defect spacings of 0.00 to 3.00, normalised effective defect lengths of 0.00 to
2.95, normalised effective defect depths of 0.00 to 0.80, and normalised axial compressive stress of
0.00 to 0.60.

Keywords: artificial neural network; finite element analysis; corrosion assessment method; interacting
defects; combined loading

1. Introduction

Over the past decades, researchers have investigated and established the severity of
damage caused by corrosion defects in API 5L X52, X65, and X80 oil and gas pipelines,
which are commonly used in the industry [1–11]. Generally, corrosion can be divided into
three categories, which are single defects, interacting defects, and complex defects [12].
Single defects are corrosion defects that have no interaction with neighboring defects. They
are sufficiently isolated from the surrounding defects, resulting in no overlapping regions
of stress and strain disturbance. Unlike single defects, the overlapping regions of stress and
strain disturbance are present for interacting defects [4,7]. For two defects that are in close
proximity (within the interaction limit), the stress concentration is the highest at the overlap
region. As such, the threat imposed by interacting defects is much more severe than that
of single defects. As for complex defects, it is another form of interacting defects, where
a cluster of defects is present. Table 1 illustrates the difference between single, interacting,
and complex defects. Each type of defect orientation exhibits different failure pressure
behavior. This study focuses on circumferentially aligned interacting corrosion defects.
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Table 1. Classification of defects [12].

Defect Type Orientation

Single defect
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of a pipeline under various conditions to ensure safe operations. Failure pressure predic-
tions based on conventional corrosion assessment codes, such as ASME B31G, Modified 
B31G, SHELL 92, RSTRENG, PCORRC, and DNV-RP-F101, are conservative, resulting in 
premature pipeline repairs and replacements [13]. Of all the codes that are being used in 
the industry for failure pressure prediction of corroded pipes subjected to combined load-
ing, the DNV-RP-F101 code (DNV) is the most comprehensive [2,6,14–17]. 

Over the years, various studies have been carried out to develop accurate interaction 
rules based on corrosion defect categories such as longitudinal interacting defects, circum-
ferential interacting defects, or single defects. The interaction rule applied for circumfer-
entially aligned interacting defects in commonly used corrosion assessment codes in the 
industry are presented in Table 2. 

Table 2. Interaction rules applied for circumferentially aligned interacting defects in common cor-
rosion assessment methods [18]. 

Corrosion Assessment Code Interaction Rule 

DNV-RP-F101 (𝑠 ) = π√𝐷𝑡 

API 579 (𝑠 ) = (𝑤 + 𝑤 )/2 

BS 7910 (𝑠 ) = 3.0√𝐷𝑡 

However, since the validation of the DNV approach was based on burst tests carried 
out on pipes of grades API 5L X45 to API 5L X65, it was designed primarily to examine 
the integrity of medium toughness pipelines. When applied to high toughness pipelines, 
it results in inaccurate and overly conservative predictions [4,6]. In addition, this method 
is only applicable for interacting defects subjected to internal pressure only. 

1.2. Artificial Neural Network as a Failure Pressure Prediction Tool 
The utilization of an artificial neural network (ANN) in the field of failure pressure 

assessment has improved over the years, resulting in more practical applications. In early 
applications of ANN, researchers took into account the physical, mechanical, operational, 
and environmental factors that influenced the residual strength of a pipeline [19].  
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1.1. Conventional Corrosion Assessment Codes

Various corrosion assessment methods have been developed to assess the integrity of
a pipeline under various conditions to ensure safe operations. Failure pressure predictions
based on conventional corrosion assessment codes, such as ASME B31G, Modified B31G,
SHELL 92, RSTRENG, PCORRC, and DNV-RP-F101, are conservative, resulting in prema-
ture pipeline repairs and replacements [13]. Of all the codes that are being used in the
industry for failure pressure prediction of corroded pipes subjected to combined loading,
the DNV-RP-F101 code (DNV) is the most comprehensive [2,6,14–17].

Over the years, various studies have been carried out to develop accurate interac-
tion rules based on corrosion defect categories such as longitudinal interacting defects,
circumferential interacting defects, or single defects. The interaction rule applied for cir-
cumferentially aligned interacting defects in commonly used corrosion assessment codes
in the industry are presented in Table 2.

Table 2. Interaction rules applied for circumferentially aligned interacting defects in common corro-
sion assessment methods [18].

Corrosion Assessment Code Interaction Rule

DNV-RP-F101 (sc)Lim = π
√

Dt

API 579 (sc)Lim = (w1 + w2)/2

BS 7910 (sl)Lim = 3.0
√

Dt

However, since the validation of the DNV approach was based on burst tests carried
out on pipes of grades API 5L X45 to API 5L X65, it was designed primarily to examine
the integrity of medium toughness pipelines. When applied to high toughness pipelines,
it results in inaccurate and overly conservative predictions [4,6]. In addition, this method
is only applicable for interacting defects subjected to internal pressure only.

1.2. Artificial Neural Network as a Failure Pressure Prediction Tool

The utilization of an artificial neural network (ANN) in the field of failure pressure
assessment has improved over the years, resulting in more practical applications. In early
applications of ANN, researchers took into account the physical, mechanical, operational,
and environmental factors that influenced the residual strength of a pipeline [19].

Liu et al. [20] developed a multilayer feedforward neural network with backpropa-
gation learning algorithms for predicting the failure pressure of X80 pipe with corrosion
defects caused by stray current. By comparing the ANN model results to experimental



Appl. Sci. 2022, 12, 4120 3 of 18

burst test results and earlier failure pressure estimate model findings, it was established
that the ANN model results are both accurate and efficient with a R2 value of 0.9992.
Zangenehmadar et al. [19] also used this approach in their research to determine the use-
ful life of pipelines using the Levenberg–Marquart backpropagation algorithm. Their
ANN model was able to predict the useful life of a pipeline with an error percentage of
less than 5%.

The architecture of an ANN is determined by the data type and desired output.
The feedforward neural network algorithm is primarily used to predict the failure pressure
of corroded pipelines. This form of ANN architecture (Figure 1) is designed to learn from
paired datasets, in which the model is trained using one or more inputs and the matching
output of the training dataset. A feedforward neural network is simple to implement and
is well-suited for delivering a single output. Generally, a feedforward neural network is
used with the Levenberg–Marquardt backpropagation approach to train the model, as it
performs well and requires less time and epochs for convergence [21].
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For ANN applications, a small dataset is not recommended as it will not generalise the
data well. Shirzad et al. [22] and Senouci et al. [23] emphasised in their paper that an ANN
model with reasonable accuracy and robustness cannot be achieved without sufficient
real-life data. In such models, a comprehensive input is needed to ensure that the model
is accurate. Hence, large training datasets need to be gathered [23]. However, obtaining
a large training dataset for such cases is challenging.

1.3. Finite Element Method as a Failure Pressure Prediction and Data Generation Tool of
Corroded Pipes

In this approach, the issue of having a limited amount of real-life data to generate
training data for the ANN model can be overcome by using a Finite Element Method (FEM).
FEM has been widely applied in the industry and among researchers for predicting the
failure pressure or residual strength of a corroded pipeline. Using FEM, Lee et al. in 2005
assessed the failure of an API 5L X65 gas pipe at multiple corrosion defect regions with
a maximum percentage error of less than 10.00% [5]. Similarly, Belachew et al. [8] utilised
FEM for burst test analysis of a corroded API 5L X52 grade steel pipe with a maximum
percentage error of less than 5.00%. The results of this study also showed that FEM is
a reliable tool to analyse the effects of defect geometries on the failure pressure of the pipe.

In a study conducted by Xu et al. [24], an ANN was developed for the failure pressure
prediction of a pipe with interacting corrosion defects using FEM to generate training data
for ANN. A feed forward neural network was utilised with a backpropagation algorithm.
Their ANN was developed with four neurons in the input layer, five neurons in the hidden
layer, and one neuron in the output layer. The input parameters are the normalised defect
length, depth, longitudinal spacing, and circumferential spacing. The number of neurons
in the hidden layer was calculated using Equation (1), where Nh is the number of hidden
neurons, Ni is the number of inputs while No is the number of outputs. The developed
ANN was validated against burst tests, and it was revealed that ANN can predict the
failure pressure of a corroded pipe to a high level of accuracy, with a maximum percentage
difference of 2.00%.
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Nh = 2
√

Ni + No (1)

1.4. Development of Empirical Equations for Corroded Pipe Failure Pressure Prediction

Tohidi and Sharifi [25] developed an empirical equation for the prediction of the
load-carrying capacity of locally corroded steel-plate girder ends based on an artificial
neural network. Lo et al. [4] applied this approach in an effort of developing an empirical
equation for the failure pressure of medium toughness corroded pipelines with longitudinal
interacting corrosion defects subjected to combined loadings. Based on their study, it was
found that the development of an empirical equation using the weights and biases of
an ANN shows promising results. The developed equations predicted the failure pressure
of a corroded API 5L X65 with longitudinal interacting corrosion defects with a maximum
percentage difference of 2.26%.

While there are a few research studies [26–29] on the effects of internal pressure and
axial compressive stress on the failure pressure of a high toughness pipe with circumferen-
tially aligned interacting corrosion defects, there are no analytical closed form solutions for
the failure pressure prediction of high toughness corroded pipeline subjected to internal
pressure and axial compressive stress. Despite being the most comprehensive failure pres-
sure assessment method in the industry, the DNV code incorporates internal pressure and
axial compressive stress for the assessment of single defects only. As for interacting defects,
it considers internal pressure only.

Furthermore, the DNV method was primarily developed to assess the integrity of low
to medium toughness pipelines, as the validation of this method was based on full-scale
burst tests conducted on pipes of grades API 5L X45 to API 5L X65 [12]. Hence, this method
results in inaccurate failure pressure predictions when applied for high toughness pipes [6].
For these reasons, a DNV-like assessment method that incorporates combined loadings for
the failure pressure prediction of high toughness pipelines with circumferentially aligned
interacting corrosion defects is necessary. In addition, with empirical equations, failure
pressure predictions can be obtained instantly, which is an important feature in time critical
situations. Hence, an accurate and fast failure pressure assessment method is necessary
for practical applications and the analysis of the failure pressure prediction of corroded
high-toughness pipelines.

In this study, an empirical equation for the failure pressure prediction of the commonly
used API 5L X52, X65, and X80 pipes with circumferentially aligned interacting corrosion
defects subjected to internal pressure and axial compressive stress was developed using the
weights and biases of an ANN model that was trained using data generated using FEM.

2. Materials and Methods

This study is based on quantitative data analysis where primary data are generated
using computer-aided simulations using ANSYS 16.1 Structural Product of Mechanical
ANSYS Parametric Design Language (APDL) for the failure pressure prediction of circum-
ferentially aligned interacting corrosion defects subjected to combined loading. During the
data preparation phase, failure pressure datasets were gathered by generating the training
data using FEM. This was followed by data assessment and validation to ensure that
there were no faulty data; outliers are removed; and the data conforms to a standardised
pattern. Upon obtaining an organised failure pressure database, the data were transformed
to reach a well-defined outcome using ANN. The first step in the development of the
artificial neural network was to generate comprehensive training data for circumferentially
aligned interacting corrosion defects subjected to internal pressure and axial compressive
stress for pipe grades ranging from medium to high toughness materials. The second step
involves the development and training of the ANN, followed by the development of the
empirical equation.
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2.1. Generation of ANN Training Data
2.1.1. Overview of Geometric Parameters for Generation of ANN Training Data

The training data for the ANN was generated using finite element analysis (FEA) for
a range of parameters for API 5L X52, X65, and X80 pipe grades. The material properties
are tabulated in Table 3, and the geometric parameters of the corroded pipe is tabulated
in Table 4. The material properties of the pipe body are represented by a nonlinear true
stress–strain curve of the materials during finite element simulations, as illustrated in
Figure 2. FEM has proven to be a reliable tool for structural analysis and many researchers
have utilised this method to generate training data for the development of ANN [4,25].
However, prior to FEA, FEM was validated against full-scale burst tests to ensure that the
methodology and applied boundary conditions are correct. The results of the finite element
analysis used as the training data for the developed ANN can be found in Supplementary
Materials. A total of 1353 datasets were generated.

Table 3. Material properties of the pipe grades used in this study.

Properties
Pipe Body

Pipe End Cap
API 5L X52 API 5L X65 API 5L X80

Modulus of elasticity, E 210.0 GPa 200.0 TPa

Poisson’s ratio, υ 0.3 0.3

Yield strength, σy 359.0 MPa 464.0 MPa 531.0 MPa -

True ultimate tensile strength, σ∗UTS 612.0 MPa 629.0 MPa 718.2 MPa -

Table 4. Geometric parameters of the corroded pipe models.

Input Parameters Values

Outer diameter of pipe, D (mm) 300

Length of pipe, L (mm) 2000

Wall thickness, t (mm) 10

Normalised defect width, w/t 10

Normalised effective defect depth, (d/t)e 0.00–0.80

Normalised effective defect length, (l/D)e 0.00–2.95

Normalised circumferential defect spacing, sc/
√

Dt 0.00–3.00

Normalised longitudinal compressive stress, σc/σy 0.00–0.60

2.1.2. Modelling and Meshing of the Quarter Models

In this study, quarter pipes with a rectangular shape idealization of corrosion defects
were modelled using AutoCAD. Quarter models reduce computation time, while rectangu-
lar defect idealization allows for a safer, lower bound failure pressure prediction without
compromising accuracy. The pipes were modelled with end caps for even distributions of
axial compressive stress, and the full length of the model was set to 2000 mm to eliminate
end-cap influence [2,4,8,12]. Figure 3 illustrates an example of the quarter model used
during FEA.

Prior to finite element simulations, the quarter models were meshed using ANSYS 16.1
Structural Product of Mechanical ANSYS Parametric Design Language (APDL), referred
to as ANSYS. Hexahedral SOLID185 (linear order) and tetrahedral SOLID186 (quadratic
order) elements were used to mesh the pipe body and end cap, respectively [2,4,8,30,31].
These elements were used to represent the solid structure, while shell elements were used
to represent the outer surface of a structure [32].
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Figure 3. Quarter pipe model of a pipe with circumferentially aligned interacting corrosion defects.

With a total of three layers and mesh size of 2 mm in length and depth, the mesh
settings at the defect region are in line with the recommendations by the British Standards
Institution (BSI) [33]. Prior to finalizing the mesh settings, a convergence test was carried
out to optimise the number of elements to ensure minimum computation time without
compromising accuracy. Moving away from the defect region, a mesh bias with an aspect
ratio of 0.5 was applied to the elements with a total of 80 divisions. The details and results
of the convergence test are presented in Table 5.

Table 5. Convergence test details and results.

Number of Element Layers Normalised Failure Pressure , Pf/Pi

1 0.92

2 0.93

3 0.95

4 0.95

5 0.95

2.1.3. Application of Boundary Condition

Since quarter models were utilised in this study, symmetrical boundary conditions
were applied to the model for the model to be treated as an entire pipe. The degrees of
freedom (DOF) in the x, y, and z directions were constrained at 4/5 of the model length away
from the region of interest. As for the applied loadings in this transient analysis, incremental
ramped loading was used to apply internal pressure and axial compressive stress on the
pipe walls [2,8]. The loadings were applied in two timesteps: First, axial compressive stress
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was applied, then internal pressure was applied during the second timestep. The following
assumptions were made during FEA:

• Isothermal condition (constant temperature throughout the simulation);
• Isotropic and homogenous pipe model (uniform material properties in all directions).

2.1.4. Failure Criterion

The failure pressure was determined using von Mises stress-based criterion, where
the pipe is said to have failed when the von Mises stress reaches the true ultimate tensile
strength of the material [2,34,35]. As the defect region is the most critical part of the pipe,
the von Mises stress is concentrated at this region and ultimately causes the pipe to fail
when the stress penetrates throughout the wall’s thickness. In ANSYS, the von Mises stress
is calculated as a function of hoop, radial, and axial stress. The failure pressure of the pipe
is the effective stress when it equals the true ultimate tensile strength of the material used.

2.1.5. Validation of the Finite Element Method

Before proceeding with FEA, FEM was validated against burst tests to ensure its
accuracy and correct application of loads. Burst tests carried out by Bjorney et al. [36]
and Benjamin et al. [37] were used to validate the method. The summary and results of
the validation is presented in Tables 6 and 7. The greatest difference between the results
obtained from FEM and burst tests was only 5.92% and 2.46% for single and interacting
defects respectively. Negative values indicate conservative predictions, with the predicted
pressure not exceeding the actual failure pressure. Hence, it is evident that FEM is reliable
in order to be used as a failure pressure data generation tool for the training of ANN.

Table 6. Summary of burst test details by Bjorney et al. and Benjamin et al.

Grade Specimen d (mm) l (mm) w (mm) σl (MPa) sl (mm) sc (mm)

X52
[36]

Test 1 5.15 243 154.5 0.0 - -

Test 5 3.09 162 30.9 48.0 - -

Test 6 3.09 162 30.9 84.0 - -

X80
[37]

IDTS 2 5.39 39.6 31.9 - 0.0 0.0

IDTS 3 5.32 39.6 31.9 - 20.5 0.0

IDTS 4 5.62 39.6 32.0 - 0.0 9.9

Table 7. FEM validation against full scale burst tests by Bjorney et al. and Benjamin et al.

Specimen Burst Pressure (MPa) FEA Failure Pressure (MPa) Percentage Difference (%)

Test 1 23.2 22.95 −1.08

Test 5 28.6 28.35 −0.87

Test 6 28.7 27.00 −5.92

IDTS 2 22.68 22.40 −1.23

IDTS 3 20.31 20.12 −0.94

IDTS 4 21.14 20.62 −2.46

2.2. Development and Training of the Artificial Neural Network

The optimization of the neural network in terms of the number of hidden layers and
neurons was based on a convergence test. The aim was to develop a neural network with
the least number of neurons, as the complexity of the empirical equation increases with the
number of neurons. The activation functions used include the hyperbolic tangent function
(Equation (3)) at the hidden layers and a linear function (Equation (4)) at the output node.
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The failure pressure of the corroded pipes obtained using FEM was normalised using the
intact pressure (Equation (2)) of the pipe before it was fed to the ANN for training [4,6,38].

Pi =
σ∗UTS t

ri
(2)

a(x) =
2

(1 + e−2x)− 1
(3)

f (x) = x (4)

Seventy percent of the dataset was used for training ANN, while 15% of each of the re-
maining dataset was reserved as the validation and test dataset to prevent overfitting [4,39,40].
The training process starts with the random initialization of the weights and biases of the
ANN. After each iteration, the algorithm calculates the mean square error of the validation
dataset. The iteration was stopped upon reaching the maximum number of epoch or
validation checks. The weights and biases at the epoch that produces the best validation
performance were chosen and applied to the ANN. The ANN was validated based on its
ability to produce results close to the training data. This was measured using the coefficient
of determinant (R2) of the ANN with a value of 0.99 deemed acceptable. Based on previous
literature, it was identified that the chosen algorithm is most suitable and efficient for
the failure pressure of corroded pipes. Hence, the results were not compared with other
algorithms [4,27,41,42].

2.3. Development of the Empirical Equation

The empirical equation was developed based on the weights and biases of the trained
ANN. The entire neural network is represented by matrix equations, which is the basis of
the developed corrosion assessment equations. During the training process, the inputs of
the ANN were normalised to standardise the parameters and to prevent a dominance of
inputs with large values. The input parameters and output of the developed equation are
normalised and denormalised accordingly, using Equations (5) and (6), respectively.

in =
(in, max − in, min)(i− imin)

(imax − imin)
+ in, min (5)

o =
(on − on, min)(omax − omin)

(on, max − on, min)
+ omin (6)

3. Results
3.1. Development of Artificial Neural Network

MathWorks MATLAB R2021b was used to develop an artificial neural network with
the Levenberg–Marquardt backpropagation algorithm. This algorithm falls under the
supervised learning paradigm, where the neural network is presented with a set of input
parameters and the expected output [40,42]. This algorithm is efficient due to its second-
order convergence rate, which requires lesser convergence time. The input parameters of
the model are the true ultimate tensile stress, normalised defect depth, length and spacing,
and normalised axial compressive stress. The corresponding output of the ANN is the
normalised failure pressure of the pipe obtained using FEA. Noise was not introduced as
part of the modelling data as the presence of noise in the training data set will increase
the complexity of the model and learning time, which degrades the performance of the
learning algorithm. An ANN with one hidden layer and seven neurons in the hidden layer
was developed using 1353 datasets. The training parameters of the ANN are summarised
in Table 8. The best validation performance of the ANN was observed at epoch 241,
as illustrated in Figure 4. Fifteen percent of the training dataset was reserved as the
validation dataset and was not introduced to the ANN during training.
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Table 8. ANN training parameters.

Training Parameter Value

Epochs 2000

Minimum gradient 1 × 10−7

Validation checks 2000
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The ANN resulted in an overall R2 value of 0.9996. The regression plot of the developed
model is shown in Figure 5. Based on Figure 5, it was observed that the target output and
line of best fit are in good correlation. This indicates that the ANN produces results that
are very close to the desired output.
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The MAE, MSE, and R2 value of the model for each of the training, validation, and
test phases are summarised in Table 9. Figure 6 represents the William’s plot of the
ANN. As illustrated in Figure 6, the failure pressure data falls within the valid region of
0 < h < 0.01 and −3 < SR < 3. The implementation of the leverage strategy established the
statistical validity of the developed model.

Table 9. Mean absolute error (MAE), MSE, and R2 values of the model for training, validation, and
test phase.

Phase MAE MSE R2

Training 0.0567 0.0683 0.9996

Validation 0.0486 0.0777 0.9997

Test 0.0326 0.0893 0.9996

Appl. Sci. 2022, 12, x FOR PEER REVIEW 11 of 19 
 

 
Figure 6. William’s plot of the ANN model. 

3.2. Development of the Empirical Equation 
The empirical equation for the failure pressure prediction of circumferentially 

aligned interacting corrosion defects subjected to internal pressure and axial compressive 
stress is based on the representation of the developed ANN in matrix form. The developed 
equations have been organised into four steps to arrive at the failure pressure prediction 
of the corroded pipe with circumferentially aligned defects. The steps involved are sum-
marised as follows. 

Step 1: Calculation of the normalised effective length and depth of defect. (𝑙/𝐷) =  𝑙 + (𝑠 + 𝑙 )𝐷  (7)

(𝑑/𝑡) =  𝑑 𝑙 + 𝑑 𝑙𝑙 ,     𝑡  (8)

Step 2: Normalization of input parameters (𝜎∗ ) = 𝜎∗ − 61253 − 1 (9)

(𝜎𝑐 𝜎𝑦⁄ ) = 𝜎𝑐 𝜎𝑦⁄0.3 − 1 (10)

(𝑑/𝑡) = 2.5(𝑑/𝑡) − 1 (11)(𝑙/𝐷) = 0.678(𝑙/𝐷) − 1 (12)

(𝑠/ 𝐷/𝑡) = 2(𝑠 / 𝐷/𝑡)3 − 1 (13)

Step 3: Calculation of the normalised output value. 

⎣⎢⎢
⎢⎢⎢
⎡𝑛𝑛𝑛𝑛𝑛𝑛𝑛 ⎦⎥⎥

⎥⎥⎥
⎤ =

⎣⎢⎢
⎢⎢⎢
⎡ 0.0090 −0.0609 −1.1841 0.6062 0.5307−0.1119 0.0045 −1.2803 1.8546 −0.4618−0.2298 0.3656 −0.3188 0.0330 −0.09630.2254 −0.3022 0.3233 −0.0408 0.0970−0.1050 −0.0294 −0.3749 0.0271 −0.08460.1235 −0.0031 1.3550 −1.8656 0.54844.1728 10.9990 0.5839 −0.0468 0.1443 ⎦⎥⎥

⎥⎥⎥
⎤

⎣⎢⎢
⎢⎢⎡ 𝜎∗ 𝑠 /√𝐷𝑡 (𝑙/𝐷)(𝑑/𝑡)𝜎 /𝜎 ⎦⎥⎥

⎥⎥⎤ +
⎣⎢⎢
⎢⎢⎢
⎡−1.34192.14180.2197−0.19210.2611−2.106214.4094⎦⎥⎥

⎥⎥⎥
⎤
 (14)

Figure 6. William’s plot of the ANN model.

3.2. Development of the Empirical Equation

The empirical equation for the failure pressure prediction of circumferentially aligned
interacting corrosion defects subjected to internal pressure and axial compressive stress is
based on the representation of the developed ANN in matrix form. The developed equa-
tions have been organised into four steps to arrive at the failure pressure prediction of the
corroded pipe with circumferentially aligned defects. The steps involved are summarised
as follows.

Step 1: Calculation of the normalised effective length and depth of defect.

(l/D)e =
l1 + (s1 + l2)

D
(7)

(d/t)e =

(
d1l1+d2l2

l1,2

)
t

(8)

Step 2: Normalization of input parameters

(σ∗UTS)n =
σ∗UTS − 612

53
− 1 (9)

(σc/σy)n =
σc/σy

0.3
− 1 (10)

(d/t)en
= 2.5(d/t)e − 1 (11)
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(l/D)en
= 0.678(l/D)e − 1 (12)(

s/
√

D/t
)

n
=

2
(
sc/
√

D/t
)

3
− 1 (13)

Step 3: Calculation of the normalised output value.

n1
n2
n3
n4
n5
n6
n7


=



0.0090 −0.0609 −1.1841 0.6062 0.5307
−0.1119 0.0045 −1.2803 1.8546 −0.4618
−0.2298 0.3656 −0.3188 0.0330 −0.0963
0.2254 −0.3022 0.3233 −0.0408 0.0970
−0.1050 −0.0294 −0.3749 0.0271 −0.0846
0.1235 −0.0031 1.3550 −1.8656 0.5484
4.1728 10.9990 0.5839 −0.0468 0.1443




σ∗UTS

sc/
√

Dt
(l/D)e
(d/t)e
σc/σy

+



−1.3419
2.1418
0.2197
−0.1921
0.2611
−2.1062
14.4094


(14)

on =



a(n1)
a(n2)
a(n3)
a(n4)
a(n5)
a(n6)
a(n7)


[

0.1477 −10.3176 17.5740 20.7071 5.7860 −9.4221 −0.1675
]
+
[
−0.1378

]
(15)

a(nx) =
2

1 + e−2(nx)
− 1 (16)

Step 4: Calculation of failure pressure.

Pf = 0.93(0.405on + 0.595)Pi (17)

3.3. Evaluation of the Developed Empirical Failure Pressure Assessment Method

Based on Figure 7, it was observed that the predicted failure pressures obtained using
the developed empirical equation are comparable to that of FEM. The maximum and
minimum percentage differences observed are 0.98% and −9.92%, respectively. A positive
percentage difference indicates overestimation. However, this overestimation is less than
1.00%; hence, it is negligible. In addition, only 1.70% of the 1353 datasets resulted in
overestimation. The standard deviation of the results is 2.27, and the confidence level of the
percentage error of predictions that are less than 9.92% is 99.9%, as the errors fall within
four standard deviations of the mean.
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Since data on burst tests of corroded pipes subjected to combined loadings for in-
teracting defects are limited, FEM was utilised to further verify the new prediction ap-
proach using a set of arbitrary data for API 5L X52, X65, and X80 material. Table 10



Appl. Sci. 2022, 12, 4120 12 of 18

summarises the parametric details, failure pressure predictions using FEM, and the de-
veloped equation, as well as the percentage difference between the methods. Based on
Table 10, the Root Mean Square Error (RMSE) of the failure pressure predictions is 0.05.
This indicates a good correlation among the predictions obtained using FEM and the devel-
oped equations. The minimum and maximum percentage differences observed are −9.42%
and −0.01%, respectively.

Table 10. Percentage difference between the failure pressure obtained using FEA and the developed
equation for arbitrary models.

σ*
UTS (sc/

√
D/t) (l/D)e (d/t)e (σc/σy) Pfn,FEM Pfn,Eq Percentage Difference

612 0.30 0.10 0.35 0.00 0.84 0.81 −3.64

612 0.60 0.35 0.25 0.50 0.63 0.58 −8.01

612 0.50 0.25 0.75 1.00 0.69 0.64 −7.00

612 0.25 0.10 1.10 2.00 0.85 0.79 −7.00

612 0.15 0.40 1.50 0.00 0.64 0.59 −7.67

612 0.35 0.65 1.90 0.50 0.36 0.33 −8.35

612 0.25 0.10 2.30 1.00 0.77 0.77 −0.01

612 0.30 0.10 0.35 2.00 0.87 0.80 −8.07

612 0.60 0.35 0.25 0.00 0.62 0.59 −4.32

612 0.50 0.25 0.75 0.50 0.68 0.63 −7.37

629 0.25 0.10 1.10 1.00 0.89 0.82 −8.04

629 0.15 0.40 1.90 2.00 0.56 0.53 −5.73

629 0.35 0.65 2.30 0.00 0.38 0.34 −9.28

629 0.25 0.10 0.35 0.50 0.92 0.84 −9.02

629 0.30 0.35 0.25 1.00 0.83 0.75 −9.24

629 0.60 0.25 0.75 2.00 0.62 0.57 −8.50

629 0.50 0.10 1.10 0.00 0.74 0.73 −1.16

629 0.50 0.40 1.90 0.50 0.53 0.50 −5.82

629 0.25 0.65 2.30 1.00 0.23 0.21 −7.00

629 0.15 0.35 0.30 2.00 0.79 0.73 −8.18

718 0.30 0.25 0.35 0.00 0.86 0.86 −0.57

718 0.60 0.10 0.25 0.50 0.86 0.84 −2.26

718 0.15 0.40 0.75 1.00 0.67 0.65 −3.28

718 0.15 0.40 0.75 2.00 0.67 0.61 −8.39

718 0.25 0.35 2.30 0.00 0.73 0.66 −9.30

718 0.30 0.25 0.30 0.50 0.86 0.85 −1.10

718 0.60 0.10 0.35 1.00 0.87 0.83 −5.06

718 0.25 0.40 0.25 2.00 0.77 0.70 −9.42

718 0.50 0.65 0.75 0.50 0.44 0.44 −0.76

718 0.50 0.65 0.75 1.00 0.40 0.39 −2.35

The predicted failure pressures fall within the 99.9% confidence level for true ultimate
tensile strength values of 612 MPa, 629 MPa, and 718 MPa, normalised defect spacings
of 0.00 to 3.00, normalised effective defect lengths of 0.00 to 2.95, normalised effective
defect depths of 0.00 to 0.80, and normalised axial compressive stress of 0.00 to 0.60.
The equations resulted in minimal overestimations, while underestimated values were
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not overly conservative (within an error of 0.98%). Using these equations, a correlation
between defect geometries and the failure pressure of API 5L X52, X65, and X80 with
circumferentially aligned interacting corrosion defects subjected to internal pressure and
axial compressive stress was established. This contributes to overcoming the limitations
of the conventional assessment codes as the conventional codes do not cater for pipes
with interacting defects subjected to combined loading. Furthermore, the developed ANN
model in this study can be easily retrained using data for different materials to increase
its robustness, and the equations can be revised accordingly, which can be useful for
future research.

4. Extensive Parametric Studies Using the Developed Empirical Equation

Using the developed empirical equations, a parametric study was carried out to
analyse the behaviour of API 5L X52 and X65 pipe grades for different combinations of
geometric parameters. Generally, for API 5L X52 and X65 pipes, it was found that the
normalised failure pressures overlap almost completely. However, the normalised failure
pressures for X80 pipes are comparatively higher than that of the other two materials, as
illustrated in Figures 8–11.
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axial compressive stress.

For the effects of normalised effective defect lengths and defect spacing, it was found
that as the normalised effective defect length increases from 0.00 to 1.80 for a defect spacing
of 0.50, normalised effective defect depth of 0.4, and a normalised axial compressive stress
of 0.30, the failure pressure decreases gradually up to a maximum of 28.17% and begins to
plateau beyond a normalised effective defect length of 1.80, as illustrated in Figure 8. This
trend is observed for all other conditions as well.

Based on Figure 9, as the normalised defect spacing increases from 0.00 to 3.00 for
a normalised effective defect length of 1.20, a normalised effective defect depth of 0.4,
and a normalised axial compressive stress of 0.30, the failure pressure also increases
(a maximum of 0.95%) due to the decrease in stress–strain overlapping regions. These
results are consistent with the former literature [18,32,43]. Under all other geometric condi-
tions, for a change in the parameters, the normalised failure pressures of API 5L X52 and
X65 pipes are almost similar with a maximum percentage difference of 1.26%. However,
the normalised failure pressure for high toughness pipe material is relatively larger, with
a maximum percentage difference of 9.48%.

As for the effects of defect depth, as the defect depth increases from 0.10 to 0.80,
the failure pressure of the corroded pipe drops drastically with a maximum decrease of
71.88% for a normalised defect spacing of 0.50, a normalised effective defect length of 1.2,
and a normalised axial compressive stress of 0.30 for a high toughness pipe (API 5L X80).
It was observed that, beyond a normalised effective defect depth of 0.60, the normalised
failure pressure of the three pipe grades begins to converge and overlap, as illustrated in
Figure 10. Under all other conditions, the normalised failure pressures of the three materials
exhibit the same failure pressure trend.
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It was observed that when a normalised axial compressive stress of larger than 0.60
was imposed on a corroded pipe, the pipe buckles. This is also the case for pipes subjected
to an axial compressive stress of 0.60, with normalised effective defect depths of greater
than 0.60. The normalised failure pressures of the pipe remain constant for a normalised
axial compressive stress values of 0.00 to 0.40. Beyond that, the normalised failure pressure
begins to reduce gradually with a maximum pressure drop of 31.57% observed for the
API 5L X52 pipe of 0.50 normalised defect spacing, 1.20 normalised effective defect length,
and 0.40 normalised defect depth, as illustrated in Figure 11.

In this study, the developed equation is accurate for API 5L X52, X65, and X80 pipes.
However, the accuracy of the equation drops significantly (up to 30.00%) when applied to
pipe grades that fall between the ranges of these materials, as the interval between the true
ultimate tensile strength of high toughness and medium toughness pipe grades used in this
study is large. To overcome this situation, future studies should consider using a greater
number of ANN training dataset that consists of different types of materials with smaller
true ultimate tensile strength intervals to increase the robustness of ANN.

5. Conclusions

In this study, an empirical equation to predict the failure pressure of API 5L X52, X65,
and X80 pipes with circumferentially aligned interacting corrosion defects subjected to
internal pressure and axial compressive stress as a function of true ultimate tensile strength,
normalised defect spacing, depth and length, and axial compressive stress was developed.
The new equations predicted failure pressures for these pipe grades with an R2 value of
0.99 and an error range of −9.92% to 0.98% for the normalised defect spacings of 0.00 to
3.00, normalised effective defect lengths of 0.00 to 2.95, normalised effective defect depths
of 0.00 to 0.80, and normalised axial compressive stress of 0.00 to 0.60.

Based on the parametric study conducted, it was found that the low and medium
toughness materials exhibit the same pipe failure patterns as the normalised failure pressure
values of the pipe materials; they are almost similar. However, for high toughness materials,
the normalised failure pressures are higher by a maximum of 9.48% than that of the low and
medium toughness materials. The defect depth has the most significant influence on the
failure pressure of a corroded pipeline with a maximum pressure drop of 68.90% followed
by axial compressive stress (maximum pressure drop of 31.57%), defect length (maximum
pressure drop of 28.17%), and the defect spacing (maximum pressure drop of 0.95%).

The proposed assessment method that incorporates combined loadings for the failure
pressure prediction of API 5L X52, X65, and X80 pipelines with circumferentially aligned
interacting corrosion defects overcomes the lack of an analytical closed-form solution for
the failure pressure prediction of API 5L X52, X65, and X80 corroded pipelines subjected to
combined loadings.
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Nomenclature

ANN Artificial neural network
DOF Degree of freedom
FEA Finite element analysis
FEM Finite element method
MAE Mean absolute error
D Pipe diameter
E Modulus of elasticity
L Pipe length
Pf Pipe failure pressure
Pf n,Eq Normalised pipe failure pressure obtained using the newly developed equation
Pf n,FEM Normalised pipe failure pressure obtained using FEM
Pi Pipe intact pressure
d Defect depth
i Input parameter value
imax Maximum input parameter value
imin Minimum input parameter value
in Normalised input parameter value
in, max Normalised maximum input parameter value
in, min Normalised minimum input parameter value
l Defect length
nx Neuron in hidden layer
o Output parameter value
omax Maximum output parameter value
omin Minimum output parameter value
on Normalised output parameter value
on, max Normalised maximum output parameter value
on, min Normalised minimum output parameter value
t Pipe wall thickness
sc Circumferential defect spacing
υ Poisson’s ratio
w Defect width
σUTS Ultimate tensile strength
σ∗UTS True ultimate tensile strength
σy Yield stress
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