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Abstract

Every year, the oil and gas sector spends billions of naira on transmission pipeline corrosion costs, which rise as pipeline
networks age and deteriorate. As a result, pipeline operators must reconsider their approaches to corrosion prevention.
Companies are being forced to create precise maintenance models based on failure frequency because of corrosion
problems. Future line safety, lowering the frequency of failures, and cost-effective pipeline operation all depend on
statistical techniques for modeling pipeline failures and making appropriate maintenance decisions. The present study
predicted both the reliability and corrosion rate of crude oil pipelines by combining Monte Carlo simulation with
degradation models. Corrosion was modeled using linear and power-law formulations that incorporated discrete random
samples generated from inline inspection data. The degradation models were used to assess the mean time for failure
(MTFF). The average corrosion rate (CRav) has a lower root mean square error (RMSE) than the largest occurrence
projected random number (CRfreq), according to the TML shown against the RMSE of the predicted models. The RMSE
for the degradation models ranged from 1.89 % to 17.02 %. This chart shows that the deterioration models correctly
predicted the pipeline corrosion rate to be between 83.91% and 98.06%. Also, the Linear Model Law had the lowest
recorded value of 1.98% and the most of 16.11%, while the Power Law degradation was the lowest at 1.88% and the most
at 17.01%. When compared to the Monte Carlo Simulation value, which is 2.11 at the lowest and 1.01 at the highest, all of
the findings fall between 1.89 and 17.02 percent. Consequently, the RMSE of the degradation models varied between 1.89
and 17.02 percent. Additionally, R? for the Linear Model ranges from 0.925 to 0.990, but it ranges from 0.989 to 0.999 for
the Power Model. According to the results, the degradation model has correctly predicted the field corrosion of the pipelines
and will be a crucial tool for predicting when the pipelines will break.
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INTRODUCTION oil infrastructure might happen between scheduled

- . inspection periods.
The most widely used means of moving natural P P

gas and crude oil are pipeline systems. Nearly 70% of oil
and gas products are distributed globally via pipelines [1,
2]. Additionally, pipeline networks are expanding
annually as a result of new pipes being built in new
locations. Because of safety issues, pipelines need the
highest level of dependability. Pipeline systems are
getting increasingly complicated and are situated too
close to densely inhabited areas, sometimes known as
"high-consequence areas™ (HCAS). As seen in Figure 1,
pipeline breakdown brought on by corrosion of gas and

Thus, to predict failure probabilities, it is crucial
to determine the growth rate of corrosion using
appropriate  models. Pipeline systems are run as
continuously as possible and incident-free due to
economic and public safety reasons. Achieving this goal
is necessary for effective maintenance tactics.
Determining the reliability of the system is the first
essential step in doing successful maintenance.
Mathematical models can be used to formulate pipeline
system reliability. The chance of pipeline failures can be
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estimated, and future failure patterns can be predicted
using mathematical models.

Corrosion represents a key challenge to pipeline
integrity in oil and gas industries, so Pipeline Integrity
Management (PIM) programs are vital for preventing
failures. To ensure safety and dependability, these
programs incorporate mitigation measures like coatings,
cathodic protection, and corrosion inhibitors in addition
to monitoring and inspection techniques like In-Line
Inspection (ILI) using "intelligent pigs" and risk-based
assessments [4-6].  Pipeline Integrity Management
(PIM) programs are essential for preventing failures [7],
and corrosion poses a danger to pipeline integrity in the
oil and gas sector [8-10]. In order to guarantee safety and
dependability, these programs combine inspection and
monitoring methods like In-Line Inspection (ILI)
employing "intelligent pigs" and risk-based assessments
with mitigation solutions including coatings, cathodic
protection, and corrosion inhibitors [11]. Data
collection, analysis, and interpretation are essential to
applying reliability to pipeline networks. As a result,
failure data modelling would greatly aid operators in
both anticipating the pattern of these unfortunate events
and giving them a detailed understanding of the pipeline
system's mishap. [12].

Corrosion could be described as the progressive
deterioration of metals and some other similar materials
due to chemical reactions in the atmosphere [13-15].
This process transforms the metal into a more stable
state, such as an oxide, hydroxide, or sulfide [16]. One
common manifestation of iron corrosion is rusting,
which occurs when iron reacts with oxygen and water to
form a reddish-brown substance that erodes the metal
[17]. Corrosion rate, which is the rate at which a metal
deteriorates as shown by its weight loss over a given
length of time, is managed through a complete plan that
involves evaluating the rate, implementing preventative
measures, and performing maintenance [18-20].
Management strategies aim to lower the rate in order to
minimize damage, costs, and safety risks. These methods
include the application of inhibitors or passivators,
protective coatings (like paint), and cathodic protection.
The corrosion control plan of the oil and gas sector is

Figure 1: Pipeline failure l[f%]A

supported by regular maintenance and monitoring and
includes chemical inhibitors, cathodic protection,
protective coatings, and material selection [21].
Maintaining asset life, reducing costs, and ensuring
safety in difficult situations all depend on this
comprehensive approach, which extends from the design
phase to operations.

2. MATERIALS AND METHODS

The present study determines the most apt
corrosion-growth model to illustrate how pitting depth
distributions in underground pipelines evolve by
processing and analyzing historical In-Line Inspection
(ILI) corrosion data. Three consecutive magnetic flux
leaks (MFL) ILIs of an operational pipeline, the design
data for which is provided below, provided the data that
were employed. While the second and third
measurements were taken in 2010 and 2015,
respectively, the first pit depths were taken in 2020. This
project will determine how different boundary conditions
and pipeline corrosion correlate with different pipeline
strains. Using a probabilistic failure model for corroded
pipelines, the present study systematically assesses how
random environmental, operational, and design factors,
including fluid pressure, corrosion rate, pipe diameter,
defect depth and length, material yield strength, and wall
thickness, influence the probability of failure. The
present study employed root mean square (RMSE) and
coefficient of determination (R?) to evaluate the
predictive performance of the model deployed. RMSE
and R? are widely accepted statistical metrics for
evaluating the predictive performance and goodness-of-
fit of regression models, as demonstrated in various
studies [22-25].

2.1 Pipeline stresses

Axial stresses are often caused by the restrained
thermal strains of the following when the temperature of
a pipeline is changed in an axial direction, as given by
Equation (1).

€= alAo (1)
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2.2 Estimation of Pipeline Corrosion Wastage

The best estimate of the pipeline corrosion rate
will be provided by the annual corrosion rate (ACR),
which is used to predict the corrosion waste of the
pipeline. This will be accomplished by use root mean
square error (RMSE) to compare the field data and the
anticipated corrosion rates. Equation (2)[26], where n is
the number of years of used corrosion data, CRy is the
Predicted Corrosion rate for ith year, and CR; is the
Measured field corrosion rate for ith year from Inline-
inspection data; can be used to compute the RMSE.

RMSE = \/%Z?zl(CRp — CR,)" @)

The pipeline corrosion waste for the years 2000,
2005, and 2010 is predicted using the ACR with the
lower RMSE, accordingly. The corrosion waste is a
measure of the pipeline's total wall thickness loss over
time. Decisions about risk-based inspection (RBI) are
aided by knowledge of corrosion waste. In predicting
corrosion rates, the best ACR (from Equation 3)[27],
where dcr is the Change in the corrosion rate from one
year to year, CRy is the Previous value of the corrosion
rate, u isthe Average value of the corrosion rate in each
pipeline, ¢ is the Annualized volatility or standard
deviation of the corrosion rate, 8T is the change in time
(in years) from one step to another, and ¢ is the
Probability distribution for the period of the years; 1, 2,
..y 1. 18 CRy, CRy, ..., CRIi, are used for the corrosion
wastage for the nth year (CRy) given by equation (4) [28].

Ocr — e,l.m"l"+:7=":51"}:f
CR, )

n
CRy, = CRy+ CRy+. . +CR; = ZCR‘
=@

2.3 Degradation Analysis and Reliability Estimation

Degradation refers to the decline in a system’s
integrity and functionality caused by aging, operational
use, and external influences such as environmental
conditions and human actions. It is necessary to estimate
the rate of degradation, and reliability in order to forecast
the pipeline's remaining life. Degradation can be
described as a stochastic process since it is an ongoing
process of wear and deterioration. The measured
degradation for in tested device (i=1, 2 ........ n) will
consist of a vector of m; measurements made at time
points tiy,...timi. At the m; time point, the degradation
measurement (Yj) of device i is given by Equation
(5)[29], where, tij is the Pipe wall thickness.

The process in which a system loses its
functionality and integrity as a result of its operation,
ageing and other factors like human and environmental
effects is called degradation. Forecasting the pipeline's
remaining life requires estimating the rate of degradation

and reliability. Since wear and deterioration occur
continuously during degradation, the phenomenon is best
described as a stochastic process, mathematically
determined using Equations (6) and (7)[30], where, CR
is the degradation of pipeline due to corrosion, T, is the
Time A, and f is the Constants of model parameters.

CR = aT,, + B

(6)

CR = B(T,)* (7

The pipeline failure time was estimated using
the degradation model equations mentioned above.
When the thickness of the corroded wall is between 45%
and 85% of the original wall thickness, the failure time
is thought to have arrived. The study of life data was
done using the average time of failure (mean time to
failure). Using the degradation model and the
relationship displayed in Equation (8)[31], [32], [33],
where P is the percentage of corroded wall thickness
(45%-85%), and CRj; is the Measured corrosion rates
along the pipeline at years (1, 2,..., n); the mean time to
failure (MTTF) for the pipeline was determined.
rp =ti—CR,—f

for Linear Model
o

i
«ti— CRL]=
[th for Powermodel

MTFF =
Io [pscsi—CR“]
'l B

- for Exponential

peti=Chy —f

Lo = for Logarithmic / (8)

2.4 Pipeline Data

The pipe is produced in OML 23, Niger Delta,
Nigeria, and runs smoothly on three-phase crude. Table
1 displays the pipeline table that was used.

Table 1: Pipeline data

Pipe Material API 5L G X-56 Steel
Length of Pipeline 16Km
Yield Strength 56KSI

Ultimate Tensile Strength | 71KSI
Pipe Outer Diameter (OD) | 323.90mm
Specified Wall Thickness | 12.7mm
Operating Pressure 56.63 Bar
Design Pressure 80.90 Bar
Operating Temperature 40°C
Design Temperature 100°C

2.5 Inline Inspection Data

Before analyzing the ILI data, the thickness
measurement location (TML) area was defined along the
length of the pipeline to enable pairing of corrosion
features across inspections. Defects were considered
matched only if they occupied the same TML and the
measured pit depths in the later inspections were greater
than or equal to those in the preceding inspections (i.e.,
second > first, third > second). The matching procedure
took into account the MFL-ILI tools' usual odometer and
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depth measurement inaccuracies. The studies that
followed only included the matched flaws, guaranteeing
that only the real evolution of problems over time was
considered, excluding any defects that might have arisen
in the interim between the three inspections. The ILI data
are referred to as "2010-1LI," "2015-ILI," and "2020-
ILI," which refer to the matched defect populations
measured in 2010, 2015, and 2020, respectively. The
depth distribution from the 2010 ILI run was used as the
initial depth profile for each CR model under evaluation.
An empirical corrosion-rate distribution was then
derived from the observed depth changes of the matched
defects over the time interval 8t and compared to the
distributions of corrosion rate predicted using the
candidate CR models.

3.0 RESULTS AND DISCUSSION

ACR is modeled using the modeling equations
(1) to (8). Using linear and power models, degradation
analysis was carried out using inline inspection data.

Regression analysis and the identification of model
constants used to forecast the best fit equations were
conducted using the Microsoft Excel analytical tool.
Equation (8) was applied to estimate the MTFF at each
measured corrosion rate in the field using these predicted
equations of best fit. In this study, the pipeline's wall
thickness was 12 mm, and the value of p was supposed
to be 55%. The site of the thickness measurement was
determined, and the results verified that corrosion existed
in the years 2010 2015, and 2020, respectively (Figure
2). Inline-inspection data corrosion rate (mm/year) mean
and standard deviation were calculated using the results
for 2000, 2015, and 2020. The mean rate of corrosion
increased between the study years of 2010, 2015, and
2020. To anticipate the annual corrosion rate and
corrosion waste, the annualized corrosion rate (ACR) is
calculated using the most common corrosion section of
the simulation runs, standard deviation, and the mean
corrosion rates. Future pipeline corrosion rate
predictions are made using the ACR with the lowest
inaccuracy.

Depth of Corrosion
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Figure 2: Depth of corrosion

Figure 3 shows the plot of RMSE against TML
of the predicted models. Furthermore, as shown in Figure
3, the greatest occurrence projected random number
(CRfreq) bigger than the RMSE for the average
corrosion rate (CRav). In this study, the RMSE for the
deterioration models ranged from 1.89 % to 1EQE.02 %.
This figure indicates that the pipeline corrosion rate was
accurately anticipated by the degradation models to be
between 83.91 % to 98.06%. According to the plot, the

Linear Model Law had the lowest recorded value of
1.98% and the maximum of 16.11%, while the Power
Law degradation was the lowest at 1.88% and the most
at 17.01%. All of the results lie between 1.89 and 17.02
% when compared to the Monte Carlo Simulation value,
which is 2.11 at the lowest and 17.01 at the maximum.
As aresult, the deterioration models' RMSE ranged from
1.89 % to 17.02 %.
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Figure 3: RMSE Predicted Model

Additionally, the pipeline corrosion rate could
be predicted with an accuracy of 83.99 % to 98.84%
using the average corrosion rate (CRav) derived from
Monte Carlo simulation. Experts will therefore have a
clear understanding of the pipes' dependability for
improved integrity management if they use it to
anticipate pipeline corrosion in the future. The variation
of the pipelines' corrosion rates as determined by Monte

—@— Linera Model
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R-Square

0.4
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10 20

30

Carlo simulation (CRpred) and the Degradation Model,
as well as the inline-inspection data (field data), is
displayed in Figure 4. For the Linear Model, R? falls
between 0.925 and 0.990, while for the Power Model, it
falls between 0.989 and 0.999. The findings show the
deterioration model reliably predicted in-field pipeline
corrosion, and will therefore be an essential tool for
forecasting when the pipelines would fail.

—@— Power Model

40 50 60

Inline Inspection Data

Figure 4: Corrosion Rates for Pipelines

4.0 CONCLUSION

The purpose of this study is to develop a
reliability model for pipeline integrity and safety in order
to anticipate pipeline failure and corrosion rate. While a
large body of research has been done on repairable
systems, less has been done on oil pipelines. As a result,
this study attempts to create a tiny link between earlier
research on repairable systems or other kinds of
networks. In this study, pipeline corrosion was predicted

and the pipeline's dependability over a specific time
period was established using Monte Carlo simulation and
degradation models. This research was conducted using
field data from inline inspections. The pipelines’ MTFF
was estimated, and corrosion was predicated using linear
and power-law models. The statistical outputs also
provide expected failure counts and can be used to
support reliability evaluations, risk assessments, and
decisions about optimal maintenance. The project's
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conclusion demonstrated that the pipeline corrosion rate
could be more accurately predicted by employing
Degradation Models and Monte Carlo Simulation.
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