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ABSTRACT

Energy industry is losing billions of dollars each year due to corrosion. However, publicly accessible datasets on
pipeline corrosion are limited, making it difficult to accurately predict and prevent corrosion. In this research,
thousands of corrosion scenarios of crude oil pipelines and natural gas pipelines were simulated using OLI Studio
Corrosion Analyzer, a software based on the rigorous first principles. Thousands of datasets were generated with
simulation. Then two ML algorithms, Random Forest (RF) and CatBoost were developed and used to predict the
internal corrosion rate (CR) based on pipeline operating conditions. The models for crude oil pipeline CR pre-
dictions reached high prediction accuracy using five important features: temperature (T), molar concentrations
(CO2, CCl— 1), velocity (v), and pH value (pH). Similarly, the models for natural gas pipeline CR predictions
achieved high prediction accuracy using six important features: stream compositions (n02, nH2S, nC0O2), pres-
sure (P), velocity (v), and temperature (T). Both the RF- and CatBoost-Corrosion Rate models demonstrated good

performance in predicting the internal corrosion rates of crude oil and natural gas pipeline.

1. Introduction

Pipelines transport crude oil and natural gas from oil fields to various
distribution points, and then to refineries where they are processed into
fuels, chemicals, and other products. The leakage of pipelines may have
many negative consequences such as environmental pollution, produc-
tion loss, and even safety incidents. Historically, approximately 60% of
all pipeline incidents were caused by corrosion (Baker Jr. 2008).

Corrosion has been causing the energy industry billions of dollars per
year. Monitoring and controlling corrosion in pipelines are essential for
pipeline integrity. Various technologies have been developed to control
and prevent corrosion, such as weight loss corrosion coupons and
Electrical resistance.

Weight loss corrosion coupons (Singh, 2017) are a well-established
method of monitoring corrosion and have been in use for a long time.
They involve exposing a metal specimen to a particular environment,
then weighing it before and after exposure to determine the weight loss
corrosion that has occurred. The national association of corrosion en-
gineers (NACE) has a standard method for determining weight loss in
miles per year (MPY), which is the most widely used reference. One of
the advantages of weight loss corrosion coupons is their relatively low
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cost, making them accessible to many industries. Additionally, they
provide a positive result, and samples of corrosion products or bacteria
can be obtained from the surface for further analysis. Moreover, unlike
some electronic methods of corrosion monitoring, coupons are not
subject to instrument failure. However, one of the disadvantages of
weight loss corrosion coupons is that their size is not critical, but more
surface area exposed leads to more accurate readings. Additionally,
while the coupons may indicate the effectiveness of an inhibitor, they
may not necessarily reflect the corrosion rates of the pipe itself.
Electrical resistance (ER) (Royer and Unz, 2002; Legat, 2007; Xu
et al.,, 2016) probes are commonly used in various industrial fields,
particularly in the petrochemical industry, for corrosion monitoring.
This technique measures the thickness reduction caused by corrosion
and is highly sensitive to general corrosion. While ER probes may not be
as effective in detecting localized corrosion types and transient events,
they have proven to be an accurate and reliable method for evaluating
the state of corrosion in steel and cementitious materials. One advantage
of using ER sensors is that they can provide a direct measurement of
metal loss and corrosion rate. Additionally, these sensors can operate in
almost any environment, making them highly versatile and suitable for
use in high-resistance media such as gas and crude oil. However, ER
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sensors have a major drawback in that they have a lengthy response
time. The sensitivity of an ER sensor is determined by the thickness of
the element, with thicker sensors having slower response times. As a
result, it can be challenging to detect corrosion in the initial stages or in
mild corrosive environments using ER sensors.

In the field of corrosion rate prediction, various statistical methods
are employed to develop prediction models based on actual corrosion
rate data. Examples of such methods include linear regression (LR)
(Al-Fakih et al., 2016), multivariate regression (Velazquez et al., 2009),
and time series models including autoregressive moving average
(ARMA) (Du et al., 2005) and autoregressive integrated moving average
(ARIMA) (Liu and Mu, 2011). However, statistical models are limited in
their ability to capture complex non-linear relationships between vari-
ables. These models often assume linear relationships or require specific
functional forms, which can cause them to miss important patterns and
dynamics in the data. Furthermore, statistical models typically struggle
to make accurate predictions on unseen or future data unless the un-
derlying assumptions are strictly met. Due to these limitations, statistical
models have a restricted range of applicability and may not generalize
well across different domains and scenarios.

To overcome the drawbacks associated with statistical methods,
alternative approaches, such as machine learning algorithms or
computational modeling techniques, can be considered. These methods
have the potential to offer better extrapolation capabilities, broader
prediction ranges, and increased accuracy, even in the presence of
nonlinear data patterns.

More specifically, the advancement of Big Data Analytics and Arti-
ficial Intelligence can facilitate the prediction of internal corrosion in
crude oil and natural gas pipelines. Machine Learning (ML), a subset of
artificial intelligence, is a data mining technique to create data-derived
models. ML enables extraction of complex and often hidden correlations,
insights, patterns, rules, and guidance from given datasets and encap-
sulate them in mathematical form (Winkler, 2020). While numerous ML
algorithms have found applications in chemical industry, supervised
learning has been most commonly used (Haghighatlari and Hachmann,
2019). One limitation of ML model development is the involvement of
simplistic and unrealistic assumptions, which often lead to major un-
certainties and prediction errors.

In the field of oil pipeline corrosion prediction, several studies have
been conducted using machine learning techniques (Liu et al., 2012;
Liao et al., 2012; Chern-Tong and Aziz, 2016; Hatami et al., 2016; Ossai,
2019; Peng et al., 2021; Ben Seghier et al., 2022 ). For example, Liu et al.
(2012) proposed a support vector machine (SVM) regression model with
a radial basis function (RBF) kernel to predict the inner corrosion rate of
oil pipelines. They used particle swarm optimization (PSO) algorithm to
optimize needed parameters in the SVM regression, reducing the
dimensionality of data space and preserving important features. Their
PSO-SVM model achieved higher accuracy and speed compared to the
BP neural network model, using 25 individual experiments that were
normalized before training and testing with 23 samples for training and
three samples for testing. Chern-Tong and Aziz (2016) proposed the
CMARGA model that utilized a genetic algorithm to build an optimal
decision tree model. The model achieved an average accuracy of 80.20%
on 15 datasets and a 96.67% accuracy on a simulated dataset of three
features: partial pressure of carbon dioxide, velocity, and temperature.
Ossai (2019) developed a machine learning approach using principal
component analysis (PCA) and boosting machine (GBM) to estimate the
corrosion defect depth growth of aging pipelines. The PCA-GBM model
was shown to achieve an accuracy 3.52 to 5.32 times greater than
models without PCA transformation. Peng et al. (2021) developed a new
hybrid intelligent algorithm model called PCA-CPSO-SVR for predicting
the internal corrosion rate of multiphase pipelines. The model combined
support vector regression (SVR), principal component analysis (PCA),
and chaos particle swarm optimization (CPSO) algorithms and achieved
low error values of 0.083 (RMSE), 2.7% (MAE), and 0.053 (MAPE) with
a running time of 17.49 s. These studies demonstrate the effectiveness of
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machine learning techniques in predicting pipeline corrosion and pro-
vide insight into the development of more accurate and efficient pre-
diction models.

The selection of input features is a crucial step in constructing the ML
model. In general, the data for integrity assessment of the corrosion rate
in crude oil and natural gas pipelines has been acquired from three
major sources: (1) Field data are obtained from inline inspection and
other operational and environmental parameters, (2) Experimental data
are obtained after conducting the inhouse experimental setups, for
example, the full scale burst pressure test and corrosion rate prediction,
and (3) Simulation data generated to predict the pipe failure or reli-
ability assessment of pipe using simulation software, such as OLI Studio
Corrosion Analyzer and Monte Carlo Simulation (Soomro et al., 2022).

All the ML models rely on the data available. However, publicly
accessible datasets are limited, and some models (Liu et al., 2012;
Chern-Tong and Aziz, 2016; Ossai, 2019) were lack of sufficient data.
Additionally, obtaining the integrity-related parameters from the data-
set can be challenging, which can lead to inaccurate modeling
predictions.

OLI Studio Corrosion Analyzer allows the users to address the cause
of electrolyte-based corrosion by understanding and predicting the
corrosion environment. OLI Studio Corrosion Analyzer is based on
rigorous first principles (electrochemistry, reaction kinetics, thermody-
namics, etc.). It predicts the stability of metals, metal ions, oxides, etc. as
a function of T, P, and solution composition. It draws conclusions about
the ranges of immunity to corrosion, possible passivation and dissolu-
tion of metals in the presence of species that promote or inhibit corro-
sion (OLI Studio, 2011). Since it is difficult for the academic researchers
to get field data, the corrosion rate data used in this research were
generated by running OLI Studio Corrosion Analyzer.

Ensemble learning is a branch of machine learning, and it is mainly
divided into Bagging and Boosting algorithms (Gomez et al., 2010;
Prokhorenkova et al., 2019). Bagging algorithms, such as Random For-
est (RF), aim to reduce variance and improve the generalization of the
model. RF is a popular Bagging-based ensemble learning algorithm for
regression or classification (Breiman, 2001; Louppe, 2014; Scornet,
2015; Chrysafis et al., 2017). It is a meta estimator that fits a number of
decision trees on various sub-samples of the dataset and uses majority
voting (for classification problems) or averaging (for regression prob-
lems) to improve the predictive accuracy and control over-fitting. The
sub-sample size is always the same as the original input sample size, but
the sub-samples are drawn randomly. The predictions from the forests
are averaged using bootstrap aggregation and random feature selection.
RF models have been demonstrated to be robust predictors for both
small sample sizes and high dimensional data (Biau and Scornet, 2016).

Catboost, an adaptive boosting ensemble learning algorithm based
on decision trees, is powerful and very efficient (Hancock and Khosh-
goftaar, 2020). It is widely applied to multiple data types to solve a wide
range of problems including fraud detection, recommendation items,
and forecasting. Catboost can also return highly accurate results with
relatively less data compared to classical algorithms, which need to
learn from a massive amount of data (Luo et al., 2021).

The hybrid models combining the strength of ML model with the first
principles-based model can provide powerful solutions efficiently. It is
natural to develop such hybrid approaches for Asset Integrity Manage-
ment. This research aims to bridge the gap between “post-corrosion”
measurement and proactive corrosion management, enhance the reli-
ability of midstream assets, and reduce potential risks. In this research,
RF and CatBoost algorithms were used to train ML models to predict the
internal corrosion rate using the OLI simulated data. The data-driven ML
algorithm can fully utilize the available data, while the first principles-
based model can verify the reasonableness and explore unknown oper-
ation range.
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2. The general methodological framework

ML prediction models are developed utilizing simulated data from
the OLI corrosion analyzer. The prediction systems in crude oil and
natural gas pipelines are characterized by specific parameters, which are
detailed in Tables 4-7, respectively. Each component within the pre-
diction systems serves a distinct function. To address overfitting con-
cerns, the early stopping method is employed during the prediction
process. Fig. 1 presents a comprehensive methodological flowchart
depicting the development of the OLI simulation for accurate corrosion
rate prediction in both crude oil and natural gas pipelines.

Computers and Chemical Engineering 177 (2023) 108358
3. Generation of crude oil and natural gas properties
3.1. Crude oil properties

Typical pipeline crude oil specifications were obtained from open
literature (Trench, 2001; Xinru et al., 2006; Xu et al., 2006; Zhang et al.,
2006; WANG, 2008; Knowino, 2010; Javadli and Klerk, 2012; El-Ab-
basy et al., 2014; Mosavat et al., 2014; PetroWiKi, 2015; Zhang and Lan,
2017; Lopez and Lo Monaco, 2017; Mohammed, 2017; Jechura, 2018;
Pasban and Nonahal, 2018; Wang et al., 2019; Grabner Instruments,
2019; bp, 2022). Tables 1 lists typical specifications of pipeline crude oil
and Table 2 lists the specifications of Alaska North Slope crude oil. The
simulation of the crude oil compositions was generated based on the
variation of compositions within the range of each specification.
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Fig. 1. The methodology of OLI simulation and ML prediction model.
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Table 4
Specifications for base case pipeline crude oil.

J. Fang et al.

Table 1

Typical pipeline crude oil specifications.
Characteristic Specification
Water content 1 wt%

NaCl, MgCl,, and CaCl,

Total HpS and HS ™!

Total HCO3! and CO,

S0;2

02

sulfur

Nit2

vtz

Assay

pH

Typical delivery
temperature

Typical delivery pressure

Typical delivery velocity

5000 - 250,000 ppm, 75 wt% NacCl, 15 wt% MgCl,, and
10 wt% CaCl,

< 100 ppm

50 - 500 ppm

4730 mg/L NaySO, solubility in water
dissolved oxygen 8 mg/1

0.909 wt%

30 - 250 ppm

40 - 1500 ppm

Alaska North Slope sample

7.0-9.0

Ambient

600 - 1000 psia
1.3-3.6m/s

Table 2

Specifications of Alaska north slope crude oil assay summary (bp, 2022).
# Yield on Crude %wt %vol
1 Gas to C4 3 4.45
2 Light Distillate to 149 °C 19 22.45
3 Kerosene 149 - 232 °C 12.85 13.7
4 Gas 0il 232 - 369 °C 22.4 21.95
5 Vacuum Gas Oil 369 °C - 550 °C 24.75 22.6
6 Residue above 550 °C 18 14.85
Total 100 100

* Gravity (°API) = 33.
3.2. Natural gas properties

Typical pipeline natural gas specifications were obtained from open
literature as shown in Table 3 (Poe and Mokhatab, 2017). Different
natural gas compositions were simulated based on the variation of
compositions within the range of each specification.

4. OLI corrosion chemistry simulation
4.1. OLI simulation of crude oil pipeline corrosions

In the base case of the simulation, the amount of the crude oil stream
resulted from the mix of the brine stream and the ASSAY stream is 100
kg. The pipeline material is Carbon steel 1018. The pipe diameter is set
to be 48 inches. The base case settings are given in Tables 4 (a) and (b).

The operating parameters of crude oil pipelines and the compositions
of species are listed in Table 5. According to engineering experience, the
most important contributors to corrosion are compositions of oxygen
(03), hydrogen sulfide (gaseous HsS and aqueous HS’I), carbon dioxide

Table 3
Typical pipeline gas specifications (Poe and Mokhatab, 2017).

Characteristic Specification

Water content

Hydrogen sulfide content
Gross heating value
Hydrocarbon dewpoint
Mercaptans content

Total sulfur content

Carbon dioxide content
Oxygen content

Nitrogen content

Total inert content (N, + CO5)
Sand, dust, gums, and free liquid
Typical delivery temperature
Typical delivery pressure

4 — 7 Ibm H,O/MMscf of gas
0.25 - 1.0 grain/100 scf
950 - 1200 Btu/scf

14 - 40°F at specified pressure
0.25 — 1.0 grain/100 scf

0.5 — 20 grain/100 scf

2 -4 mol%

0.01 mol% (max)

4 -5 mol%

4 - 5 mol%

None

Ambient

400 - 1200 psig

(a) Characteristics of Brine Stream (b) Characteristics of Crude Oil Assay

Stream
Brine Stream Unit Amount ASSAY Stream Unit Amount
Stream Weight g 1059.6 Stream Weight g 98,940.4
Stream Volume L 1 T emperature °C 50
M
T emperature (T) °C 50 Pressure (P) psia 800
Pressure (P) psia 800 H,0 Weight g 0
Measured pH (pH) 8.0 CH,4S* Weight g 19.0984
CO, Concentration  mg/ 100 C4H4S** g 41.4524
L Weight
H,S Concentration mg/ 5 CyoHgS*** g 126.7469
L Weight
O, Concentration mg/ 4 ASSAY Weight g 98,753.1023
L
NaCl mg/ 100,000  Specific Gravity 0.8597
Concentration L
CaCl, mg/
Concentration L
MgCl, mg/
Concentration L
Nit? mg/ 200
Concentration L
v*2 mg/ 300
Concentration L
Nored mg/ 1000
Concentration L
HCO3? mg/ 100
Concentration L
HS! mg/ 5
Concentration L

Note:.
" CH,4S is Methanethiol.
™ C4H,4S is Thiophene.
" Cy2HgS is Dibenzothiophene.

Table 5

The operating parameters and concentrations of sensitive components.
Parameter Unit Range
T emperature (T) °C 20 - 80
Pressure (P) psia 600 — 1000
Velocity (v) m/s 1.5-3.5
pH value (pH) 7.00 - 9.00
Concentrations of Sensitive Components
HaS mg/L 0-10.0
HS™! mg/L 0-10.0
CO, mg/L 25 -200
HCO3? mg/L 25 - 200
0, mg/L 0-8.0
S0;2 mg/L 100 - 2000
NaCl mg/L 5000 - 200,000*
CaCl, mg/L
MgCl> mg/L

Note:.

" 75 wt% NaCl, 15 wt% MgCl,, and 10 wt% CaCl,.

(gaseous CO, and aqueous HCOEI), sulfate (SO4 2), and salts (NaCl,
CaCly, and MgCly). In addition, temperature (T), pressure (P), velocity
(v), and pH value (pH) also make noticeable impacts. Thousands of
datasets were generated by varying the compositions of these sensitive
species: T, P, v, and pH. Then the first principles-based software package,
OLI Studio Corrosion Analyzer, was used to simulate the corrosion rate
under specific conditions.



J. Fang et al.

4.2. Investigation of the impacts of parameters on corrosion rates of crude
oil pipelines

4.2.1. Effect of temperature, pressure, and velocity on corrosion rate

Fig. 2 presents the heat map of T, P, and corrosion rate. It showed
that corrosion rate increases as temperature increases, while the effect of
pressure on the corrosion rate was negligible. High temperature crude
oil can increase pipeline corrosion rate because it can accelerate the
chemical reactions between the oil and the pipeline material, leading to
increased corrosion. At higher temperatures, the oil can become more
acidic and reactive, and can also contain higher levels of sulfur and other
corrosive compounds. On the other hand, increasing the pressure in the
pipeline may not necessarily have a direct effect on the corrosion rate.
This is because pressure does not directly affect the chemical reactions.
Moreover, the corrosion rate increased with higher temperature and
higher flow velocity, as shown in Fig. 3. High crude oil velocity can
cause erosion on the surface of the pipeline, leading to the removal of the
protective oxide layer and exposing the metal surface to the corrosive
environment. Compared with the color changes of temperature and
velocity, the temperature has a greater influence on the corrosion rate
over the velocity.

4.2.2. Effect of Oz, H3S, and CO; concentrations on corrosion rate and pH
value

Simulation results showed that the corrosion rate increased linearly
as O concentration increased, but pH value stayed constant within
certain Oy ranges. O3 in crude oil can react with metal surfaces of the
internal pipeline, causing corrosion. Corrosion can be accelerated by the
presence of water or acidic compounds in the crude oil. Oz can also react
with other compounds in the crude oil, forming acidic species such as
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organic acids and peroxides. These acidic species can then attack the
internal pipeline surface, leading to increased corrosion rates. This
indicated that the change in O, concentration in these ranges didn’t
affect the pH value, as shown in Fig. 4. In the prior research, Ismail and
Adan (2014) found out that the corrosion rates were 0.150 and 0.008
mm/year in 3.5% NaCl solution with O, and without O5. The corrosion
rates were 0.364 and 0.0034 mm/year in 3.5% H2SO4 solution with Oz
and without O,. The corrosion rates were 0.1301 and 0.0011 mm/year
in 3.5% HCI solution with O, and without Oy respectively. The OLI
Studio Corrosion Analyzer simulation results were consistent with these
reported data.

As shown in Fig. 5, Cox and Roetheli (1931) showed that as the Oy
concentration increased at any definite velocity in the range studied, the
corrosion rate increased as well. This literature report showed coherency
with the OLI Studio Corrosion Analyzer simulation.

The OLI Studio Corrosion Analyzer simulation data showed that
same corrosion rate resulted from the same concentration of gaseous
H,S and aqueous HS™!, respectively. As shown in Fig. 6, the x-axis
represented the total concentration of the gaseous HoS and the aqueous
HS™!. While the corrosion rate increased with the increase of H>S con-
centration, pH value decreased. This was because the mild HyS acid
gasses may be absorbed in the crude oil aqueous solution and then
dissociated to H" which causes the decrease of pH value. These cations
may catalyze the anodic dissolution of carbon steel and the cathodic
reduction process, both of which generated hydrogen.

The OLI Studio Corrosion Analyzer simulation data showed that the
same corrosion rate resulted from the same concentration of gaseous
CO, and aqueous HCO3' respectively. As shown in Fig. 7, the x-axis
represented the total concentration of gaseous CO2 and aqueous HCos .
As the CO; concentration increases, the corrosion rate increases, but pH
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Fig. 2. The heat map of temperature, pressure, and corrosion rate.
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Fig. 4. Corrosion rate and pH value vs. O, concentration.

value decreases. This was because CO3 is an acidic gas.

In the prior research, Song (2010) validated a model by using the
experimental data obtained at 90 °C with a solution under both satu-
rated and unsaturated conditions. When either the CO; pressure or the
presence of CO» increased, the corrosion rate increased, as shown in
Fig. 8. The literature result was agreeable with the simulation using OLI
Studio Corrosion Analyzer.

Fang et al. (2010) investigated the COy corrosion rate of C1018
carbon steel in an aqueous solution with NaCl concentrations 3 — 25 wt%
at 20 °C, pH 4.0, 5.0, and 6.0, respectively. They found out that the CO5

corrosion rate of carbon steel significantly decreased as the salt con-
centration increased.

Liu et al. (2016) investigated the effects of chloride ion, temperature,
pH value, CO,, and O3 on the corrosion induced leakage of the inner wall
of the crude oil pipelines (AISI 1020 steel). The corrosion rate increased
when the concentration of chloride ions increased from 44,000 mg/L to
144,000 mg/L. When the pH values were 6.5, 5.5, 4.5, and 3.5, the
corrosion rates were 0.1637 mm/year, 0.1764 mm/year, 0.2607
mm/year, and 0.2767 mm/year, respectively.

Bai et al. (2018) investigated the influence of CO5 partial pressure on
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the corrosion rate of J55 carbon steel in 30% (V/V) crude oil/brine. 4.3. OLI simulation of natural gas pipeline corrosions
They reported that the system pH values decreased with the increased
COq, partial pressure, as shown in Fig. 9. When the COg partial pressure In the base case of the simulation, the amount of the natural gas (NG)
was small, the system pH values decreased significantly with the stream was 10,000 mol. The pipeline material was Carbon steel 1018.
increased CO; partial pressure. This conclusion agreed exactly with this The pipe diameter was 36 inches.
simulation. The operating parameters of natural gas pipelines and the compo-

nents of the hydrocarbons in NG were listed in Tables 6 and 7. The most
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important components for corrosion are compositions of water (H30),
hydrogen sulfide (HsS), carbon dioxide (CO2), and oxygen (O2). In
addition, the temperature (T), pressure (P), and velocity (v) also made
noticeable impacts. Then OLI Studio Corrosion Analyzer was used to
simulate the corrosion rate under the specific conditions.

4.4. Investigation of the impacts of parameters on corrosion rates of
natural gas pipelines

4.4.1. Effect of temperature, pressure, and velocity on corrosion rate

Fig. 10(a) showed that the internal corrosion rate increased as P
increased, while v was constant. Similarly, the change of internal
corrosion rate and v were proportional when P stayed constant.

Fig. 10(b) showed that the internal corrosion rate decreased as T
increased, while v was constant. However, the internal corrosion rate
increased as v increased when T was constant. As v increased, the in-
ternal corrosion rate decreased quickly as T increased.

Fig. 9. Corrosion rate and pH value as a function of CO, partial pressure in

30% crude oil/brine mixtures (Bai et al., 2018).

Table 6
The parameters of OLI simulation for natural gas pipelines corrosion.
Parameter Unit Range Base case
value
Temperature °F 50 -70 70
Pressure psia 400 - 1200 1200
Velocity ft/s 10 - 30 30
Concentrations of Sensitive
Components
H,S mol 0-0.00151 0.00151
%
CO, mol 0.50000 — 2.00000
% 2.00000
(o2} mol 0-0.00010 0.00010
%
H,0 mol 0.05834 - 0.13434
% 0.13434
Ny mol 3.00000 — 3.00000
% 5.00161
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Table 7
The components of hydrocarbons in natural gas.

Parament Unit Mole Fraction
CH4 mol% 90.00000
CoHe mol% 3.00000

C3Hg mol% 1.00000
n-C4Hjo mol% 0.37000
i-C4Hio mol% 0.37000
CsHio mol% 0.05000
i-CsHia mol% 0.05000
CeHi4 mol% 0.01415

Figs. 10(c) showed that internal corrosion rate increased as P
increased and it also increased as T increased, when v was 30 ft/s. In
Fig. 10(d), the red color represented high corrosion rate, and the blue
color represented low corrosion rate. Fig. 10(d) showed that the corro-
sion rate was low when P and T were low. The corrosion rate was high
when P and T were high. In addition, for the pressure range of 450 — 550
psia, when T increased, the internal corrosion rate also increased.

4.4.2. Effect of H3S, Oy, and CO2 on corrosion rate

Simulation results showed that for pipeline grade natural gas, the
corrosion rate actually decreased with H,S concentration in the certain
range. Some representative data were listed in Table 8.

Fig. 11(a) was reported by Anderko and Young (1999), who
compared their computer simulation work with experimental data re-
ported by Sardisco et al. (1963). At low concentrations, H,S can form a
protective film on the internal pipeline surface, which can reduce the
corrosion rate. This is because the H,S reacts with the metal surface to
form a thin layer of FeS, which acts as a barrier against further corrosion
(Anderko and Young, 1999). However, this protective film is not effec-
tive at high HoS concentrations, as the film can break down and lead to
accelerated corrosion. At high concentrations, HyS can react with water
to form sulfuric acid (H2SO4), which is a highly corrosive compound.
This acid can then react with the internal metal surface of the pipeline,
leading to severe corrosion.

The decreasing trend of the black line, as shown in Fig. 11(b) was
consistent with the downward part of the red line (left side of the black
vertical line). The comparison of OLI Studio Corrosion Analyzer simu-
lation data, as shown in Fig. 11(b), with literature data presented in
Fig. 11(a), confirmed that corrosion rate prediction using OLI Studio
Corrosion Analyzer is reliable and consistent with prior experimental
research.

Kermani and Morshed (2003) reported that CO; corrosion is indeed
ubiquitous at high CO; partial pressure (P¢o,) and it progressively dis-
appears at low Pco,, unless H,COs is supplemented by free organic acids.
Within the temperature range of 20-70 °C, the internal corrosion rate
exhibits a direct relationship with temperature, wherein an increase in
temperature corresponds to an increase in the internal corrosion rate.
Concurrently, an elevation in CO;y partial pressure signifies a higher
concentration of CO, within the natural gas, consequently leading to an
augmented internal corrosion rate as shown in Fig. 12. In this study, our
simulation results consistently demonstrate a positive correlation be-
tween temperature and the internal corrosion rate within the tempera-
ture range of 50 to 70°F. Furthermore, the observed escalation in
corrosion rate resulting from higher CO; concentration aligns with prior
research outcomes.

Touali (2013) found out that P¢o, has a significant impact on the
corrosion of metals. Lower P¢o, results in lower carbon steel weight loss,
whereas higher P¢o, leads to higher weight loss as shown in Fig. 13. In
the crude oil and natural gas industry, the corrosion damage of CO3 is
primarily caused by the carbonic acid concentration, which is influenced
by Pco, and reservoir water content. Our research result is also consis-
tent with the findings of Touali.
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5. Development of corrosion ml algorithms prediction models
5.1. Crude oil pipelines corrosion rate data

The crude oil pipelines corrosion rate (CR) data were generated from
the simulation using OLI Studio Corrosion Analyzer. The input variables
used in OLI Studio Corrosion Analyzer include sodium ion mass con-
centration (“Cyg+17), calcium ion mass concentration (“Cgq+2”), magne-
sium ion mass concentration (“Cpg2”), chlorine anion mass
concentration (“Cg17), sulfate anion mass concentration (“Cso;z”),

carbon dioxide mass concentration (“Cco,”), bicarbonate anion mass
concentration (“CHcogl”), hydrogen sulfite mass concentration (“Cp,s”),

bisulfide anion mass concentration (“Cyg17), oxygen mass concentra-
tion (“Co,”), pH value (“pH”), temperature (“T”), pressure (“P”), and
pipeline flow velocity (“v”). A total of 8748 sets of the crude oil pipelines
corrosion rate data were obtained using OLI Studio Corrosion Analyzer.

As shown in Fig. 14(a), the histogram of pH values showed that the
pH value’s spread was from 5.67 to 9.39, and it was a normal distri-
bution. 81.24% of the data mainly distributed in the bins of 7.0 — 8.0 and
8.0 - 9.0, which was consistent with the range of 7.0 — 9.0 in the pre-
vious study (Lynch et al., 2014).

As shown in Fig. 14(b), the histogram of corrosion rate showed that
the corrosion rate spread was from 0.004 to 0.3628, and its distribution
skewed left. 82.33% of the data were distributed in the bins of 0.01 —
0.06 and 0.06 — 0.11. The OLI Studio Corrosion Analyzer simulation
results were consistent with a previous study (Collier et al., 2012) which
reported that the average corrosion rate of carbon steel in brine with
crude oil was 2.1 £+ 1.9 mpy (0.00508 — 0.1016 mm/yr).

Figs. 6 and 7 showed that the changed concentrations of HjS, and
CO4 caused the change of pH value, which ultimately affected the
corrosion rate. The scatter plot in Fig. 15 showed that the datasets with
corrosion rates greater than 0.20 were mainly distributed in the area
with pH values less than 7.0. Moreover, the scatter plot in Fig. 15 didn’t
disclose any obvious zone-based relationship between pH value and
corrosion rate.

5.2. Natural gas pipelines corrosion rate data

The natural gas pipelines corrosion rate data were generated from
the simulation using the OLI Studio Corrosion Analyzer. The input
variables were used in the OLI Studio Corrosion Analyzer include tem-
perature (“T”), pressure (“P”), pipeline flow velocity (“v”), moles of
carbon dioxide (“nco,”), methane (“ncy,”), ethane (“ng,n,”), propane
(“ng,n,”), butane (“nn_c,m,, ), Isobutane (“ni_c,n,,”), pentane (“ngm,,”,
isopentane (“ni_c,m,,”), hexane (“nc,m,,”), oxygen (“ne,”), hydrogen
sulfite (“nm,s”), water (“ng,0”), and nitrogen (“ny,”). A total of 3240
datasets of the natural gas pipelines corrosion rate data were obtained.

As shown in Fig. 16, the histogram of corrosion rate showed that the
corrosion rate spread was from 0.078 to 9.130, and its distribution
skewed right. The data were distributed in the bins of 0.078 — 1.586 and
1.586 — 3.095. In addition, it was clear from Table 6 that the histograms
of the data indicated the presence of non-normal distributions at various
scales. For example, the temperature varied in a range of 50 — 70°F.
Similarly, the pressure ranged from 400 to 1200 psia, while the range of
the output variable, corrosion rate, was between 0.078 and 9.130 mm/

yr.
5.3. Feature selection

Feature selection is to examine the strength of the relationship of the
feature with the response variable. There are three reasons why feature
selection is important. First, the multicollinearity of features may cause
over-fitting. Reasonably reducing the number of features can help build
a robust model. Subsequently, the resulting predictive model can clearly
depict the relationship between features and response variables. Third,
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Fig. 10. The relationships of corrosion rate vs. temperature, pressure, and velocity. (a) Corrosion rate vs. pressure and velocity at 70°F. (b) Corrosion rate vs.
temperature and velocity at 1200 psia. (c) Corrosion rate vs. Temperature and pressure at 30 ft/s velocity. (d) Heatmap of corrosion rate vs. temperature and pressure

at 30 ft/s velocity.

feature selection can reduce model complexity and running time. In this
section, three feature selection methods: XGBoost Feature Importance
(Brownlee, 2016), Permutation Feature Importance (Brownlee, 2020),
and Random Forest Regression Feature Importance (Gupta, 2020) were
used to select the important features for the models.

10

6. Evaluation of ML models
6.1. ML models for crude oil pipelines corrosion rate

Eight thousand seven hundred forty-eight (8748) datasets from OLI
Studio Corrosion Analyzer simulation were available. The important
features (T, Co,, Cci1, v, and pH) were selected as the input features to
train the ML models for CR. 70% of data were randomly chosen as the
training data, 15% of data were randomly selected as the validation
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Fig. 10. (continued).

Table 8
H,S composition and the corresponding corrosion rate @ 70°F and 800 psia.

H,S mole fraction H,S partial pressure (atm) Corrosion rate (mm/yr)

0 0 6.31514
4.000E-06 2.177E-04 5.94669
8.000E-06 4.355E-04 5.00284
1.200E-05 6.532E-04 4.33975
1.510E-05 8.220E-04 3.99673

data, and the remaining 15% of data were used to test the prediction
model respectively. The ML CR models using RF and CatBoost algo-
rithms were built in Python. The prediction accuracies of the predictive
sub-models were evaluated based on R%, mean squared error (MSE),

11

mean absolute error (MAE), and root mean square error (RMSE).

Five important features, T, Co,, C¢i-1, v, and pH, were used as input
features to train the CR models. Two one-zone RF - CR and CatBoost - CR
models and their performances are listed in Table 9, fully utilizing 8748
datasets in total. 70% of data were randomly chosen as the training data,
15% of data were randomly selected as the validation data, and the
remaining 15% of data were used to test the prediction model respec-
tively. In addition, the early stopping method was used in the model
training to avoid overfitting. As shown in Fig. 17, for validation, the RF -
CR and CatBoost - CR models achieved the R? values of 0.996 and 0.999,
and the corresponding MSE, MAE, and RMSE values of 0.000006,
0.000688, 0.002463 and 0.000002, 0.000557, 0.001315, respectively.
For testing, the RF - CR and CatBoost - CR models achieved the R? values
of 0.994 and 0.999, and the corresponding MSE values of 0.000010,
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Fig. 13. Carbon steel API 5 L, X42 weight loss (Touali 2013).

0.000752, 0.003125 and 0.000001, 0.000500, 0.001088, respectively.
Clearly, the RF - CR model was as accurate as the CatBoost - CR model.

6.2. ML models for natural gas pipelines corrosion rate

Three thousand two hundred and forty (3240) data were available
for machine learning. The important features (no, , ng,s, P, v, nco,, and T)
were selected as the input features to train the ML models for CR. 70% of
data were randomly chosen as the training data, 15% of data were
randomly selected as the validation data, and the remaining 15% of data
were used to test the prediction model respectively. The ML CR models
using RF and CatBoost algorithms respectively were built in Python. The
prediction accuracies of the predictive sub-models were evaluated based
on R? MSE, MAE, and RMSE.

Six important features, no,, nu,s, P, v, nco,, and T, were selected as
the input features to train the CR models. Two one - zone RF - CR and
CatBoost - CR models were built in Table 10, fully utilizing 3240 datasets
in total. 70% of data were randomly chosen as the training data, 15% of
data were randomly selected as the validation data, and the remaining
15% of data were used to test the prediction model respectively. In
addition, the early stopping method was used in the model training to
avoid overfitting. As shown in Fig. 18, for validation, the RF - CR and
CatBoost - CR models achieved the R? values of 0.997 and 0.999, and the
corresponding MSE values of 0.005658, 0.035013, 0.075220 and
0.001019, 0.008313, 0.031917, respectively. For testing, the RF - CR
and CatBoost - CR models achieved the R? values of 0.998 and 0.999,
and the corresponding MSE values of 0.005624, 0.037200, 0.074992
and 0.000211, 0.007933, 0.014516, respectively. Clearly, the RF - CR
model was as accurate as the CatBoost - CR model.

7. Conclusion

In this study, a hybrid approach was used to predict corrosion of
crude oil and natural gas pipelines. At first, a first principles-based
electrochemistry software package, OLI Studio Corrosion Analyzer,
was used to simulate various corrosion scenarios to generate corrosion
data. Then two ML algorithms, RF and CatBoost were used to predict the
internal corrosion rate of crude oil pipelines and natural gas pipelines,
respectively.

8748 datasets of crude oil pipeline corrosion rates were generated
using OLI Studio Corrosion Analyzer under various scenarios. The
models for CR predictions have high predictive accuracies using five
important features, T, Cop,, C¢i-1, v, and pH, and none of the original data
were deleted. In addition, both the one-zone RF and CatBoost models for
CR achieved superior predictive performance.
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models for CR predictions have high predictive accuracies using six
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chemistry for inorganic sulfur. However, it cannot simulate the corro-
sion rate caused by organic sulfur, so the dataset generated in the lab
simulation cannot represent the corrosion impact of organic sulfur.
Moreover, the impact of microbial corrosion is also significant, but there
is not enough open database available. Once the organic sulfur and
microbial corrosion data are available, the ML models can be retrained
for better prediction.
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Table 9
Performance the RF and CatBoost - CR models.
Model Features Outlier Validation Testing
R? MSE MAE RMSE R? MSE MAE RMSE
one-zone RF - CR T, Co,, Cei1, v, and pH 0 0.996 0.000006 0.000688 0.002463 0.994 0.000010 0.000752 0.003125
one-zone CatBoost - CR T, Co,, Cei1, v, and pH 0 0.999 0.000002 0.000557 0.001315 0.999 0.000001 0.000500 0.001088
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Fig. 17. Predicted corrosion rate (CR) vs. simulation CR values of crude oil pipelines. (a) RF - CR model for validation, (b) RF - CR model for testing, (c) CatBoost - CR
model for validation, and (d) CatBoost - CR model for testing.

Table 10
Performance of the RF and CatBoost - CR models.
Model Features Outlier Validation Testing
R? MSE MAE RMSE R? MSE MAE RMSE
one-zone RF - CR nNo,, Nu,s, P, v, Ngo,, and T 0 0.997 0.005658 0.035013 0.075220 0.998 0.005624 0.037200 0.074992
one-zone CatBoost - CR nNo,, Ni,s, P, v, Ngo,, and T 0 0.999 0.001019 0.008313 0.031917 0.999 0.000211 0.007933 0.014516
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validation, and (d) CatBoost - CR model for testing.
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