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Abstract: To predict the corrosion failure of carbon steel oil and gas pipelines more accurately, a new
corrosion failure prediction model for submarine oil and gas transport pipelines was constructed.
A corrosion failure prediction management system was also developed based on the constructed
model. To construct the model, corrosion experiments were carried out to analyze the influences of
temperature, partial pressure of CO2, pH value, and flow rate acting on the corrosion rate. Based
on the analysis results and the corrosion experiment data, a new corrosion failure prediction model
containing the time and flow rate for oil and gas pipelines was constructed. The model is based on
the existing corrosion prediction model and has a determination coefficient, R2, of 0.9573, which
indicates good prediction accuracy. A machine learning prediction model was also used to predict,
and the prediction results are compared with that of the proposed model, which further verifies the
accuracy and feasibility of the proposed model. A corrosion failure prediction management system
for carbon steel oil and gas pipelines was developed based on the constructed model, which makes
corrosion failure prediction more convenient and faster and provides a reference for the accurate
prediction and efficient control of oil and gas pipeline corrosion failure.

Keywords: submarine oil and gas transport pipeline; corrosion experiment; corrosion prediction
model; corrosion prediction management system

1. Introduction

Carbon steel pipelines are the main facilities for submarine oil and gas transportation.
The economic losses and environmental pollution caused by the failure of oil and gas
transport pipelines are severe, and corrosion caused by the transportation medium is the
main cause of pipeline failure, as shown in Figure 1. Therefore, studying the corrosion
failure prediction model and method for submarine oil and gas pipelines is important to
the safety of submarine oil and gas transportation.
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Until recently, research on the corrosion failure prediction of carbon steel rigid oil and
gas pipelines at home and abroad has undergone four stages [1]: an initial empirical model,
a semi-empirical model, a mechanism model, and a corrosion failure prediction model
established using machine learning algorithms. The initial empirical model was proposed
based on experiments and field data [2]. Many improvements have been made since its
establishment, such as parameter optimization and making prediction software easier
to apply [3–5]. However, this type of model cannot be widely used in practice because
it does not consider electrochemical reaction kinetics, which increases prediction error.
Based on the empirical model, fluid dynamics and other factors must be considered to
study the transfer law of corrosive mediums inflow [6]; this is the semi-empirical model.
Continuous improvement involves considering the pH value of the medium, corrosion
product film, and specific gravity of crude oil for prediction accuracy [7,8]. With the
development of computer technology, experts have combined computational methods
with experimental and theoretical analysis to reveal the mechanism of corrosion and the
established mechanism model. We considered the influence of factors such as the pH value,
medium flow rate, and temperature on the reduction reaction of hydrogen ions, water, and
oxygen at the cathode and the dissolution process of iron at the anode in the mechanism
model [9–12]. In addition, we propose dimensionless film-forming tendency factors based
on the circulation experiment to establish a kinetic model of deposition growth for corrosion
product films and better understand the corrosion process [13]. Since data processing has
become easier and more efficient, researchers have used machine learning algorithms
to analyze experimental or statistical data, building a variety of corrosion prediction
models. These algorithms are widely used in numerical modeling and predicting interest
fields [14–16]. El-Abbasy et al. [17] established a prediction model based on a regression
analysis and neural networks [18], where they analyzed the sensitivity of each influencing
factor to pipeline corrosion failure. Ossai et al. [19] established a Markov model with non-
uniform linear growth in continuous time to predict pit depth distribution after pipeline
corrosion. Larin et al. [20] proposed a new algorithm by determining which model of
the pipeline’s corrosion area could be established directly. A mechanistic model and
an electrochemical model for the carbon dioxide corrosion of mild steel are proposed
in [21,22], respectively. Xu et al. [23] conducted failure pressure prediction for pipelines
containing corrosion defects based on a DE-BPNN model. However, a predictive model
based on machine learning algorithms cannot obtain an explicit reaction formula; it has
poor adaptability and requires repeated training. Although the empirical model and semi-
empirical model have relational expressions between factors influencing corrosion and
corrosion rate, these factors are not fully considered.

Uniform corrosion is the main corrosion form of carbon steel oil and gas pipelines
in an acidic solution. We discuss the influence of various factors on uniform corrosion
rate in this paper based on carbon steel corrosion simulations and reactor experiments.
Considering time and flow rate [24,25], we established a new corrosion prediction model
for carbon steel oil and gas pipelines and developed a corrosion prediction management
system, providing a reference for the accurate prediction and efficient control of oil and gas
pipeline corrosion failures.

2. Corrosion Test
2.1. Arrangement and Experimental Procedure

We applied an FCZ2-10-300 high-temperature and high-pressure reactor to the experi-
ment. The main material of the reactor body was 316 L stainless steel. In order to improve
its corrosion resistance, an anti-corrosion lining was added to the innermost layer. The
reactor equipment and reactor body are shown in Figure 2a,b, respectively.
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Figure 2. High-temperature and high-pressure reactor equipment.

The experimental material was X60 pipeline steel, which was made as a corrosion
coupon with dimensions of 50 × 10 × 3 mm, as shown in Figure 3. The influence of the
partial CO2 pressure, temperature, flow rate, and corrosion time on its corrosion rate was
studied next.
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Figure 3. Size of the corrosion coupon (mm).

The working principle of high-temperature and high-pressure reactor equipment is
shown in Figure 4. The temperature in the reactor, stirring speed, and start and stop control
of the circulating water pump for the jacket cooling are all controlled by the corresponding
knobs on the control cabinet. The pressure in the reactor is displayed by the pressure gauge,
which synchronizes with the display screen of the control cabinet.

Appl. Sci. 2023, 13, x FOR PEER REVIEW 3 of 16 
 

 

  
(a) High-temperature and high-pressure reactor 

equipment. 
(b) High-temperature and high-pressure reactor body. 

Figure 2. High-temperature and high-pressure reactor equipment. 

The experimental material was X60 pipeline steel, which was made as a corrosion 
coupon with dimensions of 50 × 10 × 3 mm, as shown in Figure 3. The influence of the 
partial CO2 pressure, temperature, flow rate, and corrosion time on its corrosion rate was 
studied next. 

 
Figure 3. Size of the corrosion coupon (mm). 

The working principle of high-temperature and high-pressure reactor equipment is 
shown in Figure 4. The temperature in the reactor, stirring speed, and start and stop con-
trol of the circulating water pump for the jacket cooling are all controlled by the corre-
sponding knobs on the control cabinet. The pressure in the reactor is displayed by the 
pressure gauge, which synchronizes with the display screen of the control cabinet. 

 
Figure 4. Schematic diagram of a high-temperature and high-pressure reactor. 

In this experiment, the corrosion of the experimental material was mainly affected by 
the CO2 aqueous solution, so the pH value of the solution was only affected by the partial 

Figure 4. Schematic diagram of a high-temperature and high-pressure reactor.

In this experiment, the corrosion of the experimental material was mainly affected by
the CO2 aqueous solution, so the pH value of the solution was only affected by the partial
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CO2 pressure and temperature. Equation (1) calculates the pH value of a 1 L aqueous
solution injected into CO2 [26].

pHCO2
= 3.82 + 0.00384Tem− 0.51log(PCO2) (1)

In this formula, pHCO2 is the pH value of the solution under partial CO2 pressure and
temperature, Tem (◦C) is temperature, and PCO2 (MPa) is the partial CO2 pressure.

We arranged experimental plans using the Response Surface Method [27] according to
different experimental requirements. We conducted the experiment, obtained experimental
data, and used these data to fit a multivariate function reflecting the relationship between
the response and the factor. Finally, we obtained a mathematical model describing the
relationship between the experimental factor and the response. When arranging the
experimental plans, the axial point of the face-centered cubic design fell on the cube plane
but did not exceed the original design level. The estimation of various items was also
relatively accurate. In addition, based on the three-level design principle, we used this
method to design. We adopted a 1/2 face-centered cubic design and set up 25 groups of
experiment plans with a resolution V. Table 1 shows the level values of each factor, and
Table 2 shows the design and experimental arrangement.

Table 1. Level table of experimental factors.

Experimental Factor PCO2 (MPa) Tem (◦C) Vl (m·s−1) T (day)

level
Low 0.1 30 1 3
High 0.3 90 3 7

Table 2. Experimental schedule.

Serial
Number

Ordinal Factor Respond

PCO2
(MPa) Tem (◦C) Vl (m·s−1) t (day) pHCO2 H (mm)

1 0.3 90 3 7 4.4 0.00493
2 0.2 60 2 5 4.5 0.00295
3 0.3 90 1 3 4.4 0.00382
4 0.1 30 1 7 4.5 0.00289
5 0.1 30 1 3 4.5 0.00228
6 0.2 90 2 5 4.6 0.00294
7 0.2 60 1 5 4.4 0.00325
8 0.3 30 3 3 4.2 0.00303
9 0.2 60 2 7 4.4 0.00313

10 0.1 90 1 3 4.7 0.00246
11 0.2 30 2 5 4.3 0.00277
12 0.3 30 3 7 4.2 0.00405
13 0.1 60 2 5 4.6 0.00272
14 0.1 30 3 3 4.5 0.00229
15 0.1 30 3 7 4.5 0.00239
16 0.1 90 1 7 4.7 0.00268
17 0.2 60 2 3 4.4 0.00296
18 0.1 90 3 7 4.7 0.00275
19 0.1 90 3 3 4.7 0.00254
20 0.3 90 1 7 4.4 0.00456
21 0.3 30 1 3 4.2 0.00347
22 0.3 90 3 3 4.4 0.00398
23 0.2 60 3 5 4.5 0.00306
24 0.3 60 2 5 4.3 0.00392
25 0.3 30 1 7 4.2 0.00385

Annotation: H is the uniform corrosion depth.
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The experiment system was set up to conduct the following experiment arrangements,
as shown in Figure 5.
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Figure 5. High-temperature and high-pressure reactor experimental device.

The experimental steps were as follows:

(1) Sealing test of the reactor. Tighten the bolts three to four times according to the
reactor’s loading procedure, and then inject nitrogen into the air inlet to control the
pressure in the reactor to a certain value. After 12 h, observe whether the pressure in
the reactor decreases. If the pressure remains stable, the reactor seal is effective;

(2) Proceed with the experiment after confirming the seal. Clean the corrosion coupons
using filter papers, and then remove surface grease using absorbent cotton. Finally,
immerse the coupons in anhydrous ethanol for further degreasing and dehydration;

(3) Wrap the coupons in filter paper after cold air drying and put them in the dryer for
1 h to ensure that they are completely dried;

(4) Prepare the solution. The reactor container has a capacity of 2 L. To ensure safety,
the experimental simulation liquid should not exceed 2/3 of the container’s capacity.
At the same time, to ensure complete immersion of the coupons in the solution, the
simulated solution in this experiment was limited to 1 L;

(5) Remove the coupons from the dryer. To ensure the accuracy of the experiment, a
vernier caliper should be used to measure the size of the coupons with an accuracy of
0.01 mm. Calculate and record the coupons area, weigh the coupons with an accuracy
of 0.1 mg, and record the weight as ‘m1’;

(6) Pour the configured solution into the reactor, then fix the coupons to the clamp of
the reactor body. Install and fix the reactor body, open the exhaust port, and inject
nitrogen for 1 h to facilitate deoxygenation treatment;

(7) Tighten the exhaust port after deoxygenation, set the appropriate conditions according
to the working conditions, and open the exhaust port when the experimental time is
up. Remove the pressure in the reactor, discharge the gas in the reactor, and remove
the coupons after cooling;

(8) Submerge the coupons after the experiment in anhydrous ethanol, and then use
absorbent cotton to degrease and remove water. Finally, clean the oxidized sediment
on the surface, and then soak the coupons in anhydrous ethanol again. Remove
the coupons, wipe them clean, and dry them in the dryer. After drying, record the
weighing data (m2), as shown in Figure 6;

(9) Clean the reactor body and conduct the next set of experiments.
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Figure 6. Electronic balance weighing.

2.2. Experimental Results and Discussion

The uniform corrosion depth can be calculated according to the weighing data before
and after the corrosion experiment, namely the surface area and density of the coupons, as
shown in Equation (2):

H =
10∆W
S× ρ

(2)

where H (mm) is the uniform corrosion depth; ∆W is poor quality before and after the
corrosion experiment, ∆W = m1 − m2 (g); S (cm2) is the surface area of the coupons; and ρ
(g·cm−3) is the density of the corrosion material.

The experiment was conducted following a face-centered cubic design arrangement.
The corrosion depth of the coupons under 25 different working conditions is listed in the
last column of Table 2. According to the existing literature, the temperature and partial CO2
pressure have the greatest influence on corrosion. Figure 7 shows part of the coupons under
experimental conditions for three days, with Tem = 30 ◦C, 60 ◦C, and 90 ◦C; PCO2 = 0.1 MPa,
0.2 MPa, and 0.3 MPa; and Vl = 2 m·s−1.
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Figure 7 shows significant local corrosion under the working conditions. The weight
loss of the coupons under all experimental working conditions is depicted, as shown in
Figure 8.
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According to the weight loss recorded in Figure 8, the corrosion rate can be calculated
by Equation (3).

vs =
365× H

t
(3)

where vs (mm·a−1) is the corrosion rate obtained via the experiment, and t (day) is the
corrosion time.

3. Construction of Carbon Steel Corrosion Prediction Model
3.1. Model Establishment

The existing carbon steel corrosion prediction model evolved based on semi-empirical
models, as shown in Equation (4) [28].

logRc = −7.545− 3359.5
T + 273

− 2.4622log(PCO2) + 5.9977(7− pHCO2
) (4)

where Rc is the corrosion rate obtained by model.
The shortcoming of this model is that it predicts a fixed corrosion rate, assuming that

the corrosion depth is a linear function of time. However, the corrosion morphology contin-
uously evolves throughout the corrosion process, leading to changes in the corresponding
corrosion rate. Experiments and simulations demonstrate the impact of the medium flow
rate on the pipeline, which cannot be ignored when evaluating the corrosion rate. Therefore,
considering time and flow rate, we propose a new corrosion prediction parametric model,
as shown in Equation (5).

h =

{
Atb1

ln(A) = b2 +
b3

Tem+273.15 + b4ln(PCO2) + b5(7− pHCO2
) + b6ln(Vl)

(5)

where h (mm) is the remaining thickness of the tube wall, and b1 to b6 are the undetermined
coefficients.

The sampling method of the face-centered cubic design cannot be used to simulate the
segmental phenomenon caused by temperature adequately. Therefore, only the one-stage
model was fitted, which verified the feasibility of the constructed model. These results laid
the foundation for developing a more precise segmental corrosion prediction model for
carbon steel pipelines. Based on the experimental corrosion data listed in Table 2, the least
squares method was used to obtain the undetermined coefficients, as shown in Equation (6).

h =

{
At0.14761

A = e(−5.6126− 472.9539
Tem+273.15+0.096ln(PCO2)−0.5827(7−pHCO2)−0.0408ln(Vl))

(6)
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The determination coefficient, R2, of the fitted model is 0.9573, close to “1”, thus
indicating the model’s is accuracy. The carbon steel uniform corrosion depth and error
curve calculated by this model are shown in Figure 9.
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Figure 9a shows that the experimental and simulation values are similar in terms
of variation trend and value. In addition, the prediction error curve in Figure 9b shows
minimal variation, fluctuating around “0”, with a maximum error of 0.0006. This result
confirms the feasibility of the proposed method and accuracy of the fitted model.

3.2. Verification of Prediction Model

To further verify the feasibility and accuracy of the constructed model, BP neural
network and random forest regression models based on corrosion data were established
for prediction. The BP neural network prediction model was further optimized using
the improved particle swarm optimization method based on the prediction results. The
prediction results of the established BP neural network prediction model, random forest
regression prediction model, and optimized BP neural network prediction model were
compared to the prediction model constructed in this paper.

3.2.1. BP (Backpropagation) Neural Network Prediction Model

BP neural networks, also called backpropagation networks, were proposed in the
late 1980s, when there was a calculation error lag on the Internet. To improve transmis-
sion, it propagates in the opposite direction after reaching the input layer through the
calculation [29].

We separated the experimental data into training and test sets according to a certain
proportion. If the training set is too small, insufficient training strength is likely to occur. If
the training set is too large and the test set is relatively small, the model cannot be verified.
Therefore, 80% of the total data was selected as the training set, and the remaining 20% as
the test set to build the model. According to the experimental data, five influencing factors
were received as inputs, and the uniform corrosion depth of the carbon steel served as
output. Therefore, the input layer had five neurons, and the output layer had one neuron.
Determining the number of neurons in the hidden layer is crucial to the accuracy of the
model, which is calculated according to the following empirical formula:

l =
√

m + n + a (7)

where l is the number of hidden layer neurons; m is the number of neurons in the input layer;
n is the number of neurons in the output layer; and a indicates the empirical parameter,
1 ≤ a ≤ 10.
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We found that using the BP neural network prediction model achieved better accuracy
with nine hidden layer neurons. According to the experimental sample size and desired
accuracy, the maximum number of iterations was set to 300, with an expected error of
0.0001 and a learning rate of 0.01.

Due to the inherent randomness in the training process of machine learning algorithms,
the results vary each time. In this study, the model was trained 30 times, and the top five
results were selected for plotting the predicted corrosion depth of carbon steel and the error
curve, as shown in Figure 10.
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3.2.2. Random Forest Regression Prediction Model

The key parameters affecting the accuracy of the random forest regression prediction
model are the leaf size and the number of decision trees. In this paper, the leaf size was
set to 5, 10, 20, 50, and 100, and the number of decision trees was set to 200. Figure 11
shows the mean square error of carbon steel corrosion prediction under varying numbers
of decision trees and leaf sizes.
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Figure 11 shows that errors in prediction models trained using corrosion data are
minimized when the leaf size is set to five. According to the fundamental principle of
the random forest regression algorithm, the prediction output of the model represents the
average predictions from all decision trees. As the number of decision trees increases, the
predicted values tend to stabilize. If the decision trees are sequentially built after stability,
the computation time will only increase and even lead to “overfitting”. As Figure 11
illustrates, the number of decision trees stabilizes at around 60 for carbon steel corrosion



Appl. Sci. 2023, 13, 12713 10 of 16

prediction. Based on the analysis, the leaf size was set to five, and the number of decision
trees to 60, when the random forest regression corrosion prediction model was established
for this paper. If the number of samples is large enough while developing the random
forest regression prediction model, the “overfitting” phenomenon will not occur, because
the algorithm adopts a back-sampling cross-experiment for verification. If less data are
available, dividing the data into training and test sets is necessary. Therefore, 80% of the
total experimental data was selected as the training set, while the remaining 20% served as
the test set for building the random forest regression corrosion prediction model.

Similar to the BP neural network prediction model, the model underwent 30 training
iterations, and the top 5 results were selected for plotting the predicted corrosion depth of
carbon steel and the error curve, as shown in Figure 12.
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3.2.3. Optimized BP Neural Network Prediction Model

Figures 10 and 12 show that the error of the two machine learning prediction models,
the BP neural network model and the random forest regression model, is minor when
predicting the corrosion of carbon steel. Nevertheless, the training results of random forest
regression predictions are remarkably consistent among the five training runs, whereas
those of the BP neural network prediction model exhibit significant variability. This
discrepancy is also evident in the error curve charts. The error trend curve of the random
forest regression prediction model follows a consistent pattern, whereas the error curve
of the BP neural network prediction model appears relatively chaotic. This discrepancy
indicates that the random forest regression prediction model demonstrates greater stability,
albeit with a marginally higher overall error, whereas the BP neural network model exhibits
a lower overall error despite requiring a longer training period. Moreover, the BP neural
network prediction model achieves superior accuracy, albeit at the expense of a lengthy
optimization process during training. According to the fundamental principles of the BP
neural network algorithm, its prediction accuracy hinges significantly on the appropriate
tuning of weights and thresholds between layers. The suitability of these values directly
impacts training efficiency and the precision of prediction calculations. Therefore, in this
paper, we used the enhanced particle swarm optimization algorithm to fine-tune these
parameters. According to the principle of the particle swarm optimization algorithm [30,31],
the initial position, velocity, particle range, and expected fitness value for single-factor
optimization can be iteratively calculated to obtain the optimal value. In this part, the
optimization of the two factors, weight and threshold, may be difficult due to the different
value ranges of the two factors [32]. Local optimality or long iteration times may occur, as
shown in Figure 13a. In light of these challenges, the particle swarm optimization algorithm
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was refined first. It assigns specific value ranges to the weight and threshold, allowing them
to search for optimization within their respective local domains. The mean square error
serves as the fitness value, and the combined values of the two factors, which comprise the
smallest fitness value, represent the optimal solution, as shown in Figure 13b.
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algorithms.

In addition, when the inertia weight factor is introduced into the particle velocity up-
dating formula, the larger the value is, the better the global search effect will be. Otherwise,
it will be conducive to local searches. To balance the two situations, the algorithm has a
strong global search ability in the early stages of operation, conducts accurate searches after
locking the approximate optimal solution range, and introduces dynamic inertia weight
factors [33,34]. Its calculation formula is as follows:

w = ws − (ws − we)(
i
m
)2 (8)

where ws is the initial inertia weight, we is the inertia weight when iteration reaches the
maximum, i is the current iterations, and m is the total number of iterations.

Generally speaking, when the initial and final inertia weights are 0.9 and 0.4, respec-
tively, the PSO performance is the best. When the progress of iteration shows a parabolic
decline, the optimization ability gradually changes from global to local.

The dynamic inertia weight factor is introduced into the velocity update formula of
the particle swarm optimization algorithm, as shown in Equation (9).

vi = w× vi + c1 × rand()× (pbesti − xi) + c2 × rand()× (gbesti − xi) (9)

where w is the inertia factor; vi is the particle velocity; i = 1,2 . . . N, N is the total number
of particles; c1 and c2 are learning factors that are usually set to 2; and rand() is a random
number between 1 and 2.

Figure 14 shows the flowchart of optimization in this model.
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Figure 14. Flowchart of optimization model establishment.

We established this model based on the data obtained from a corrosion experiment
with a high-temperature and high-pressure reactor. According to the scale of corrosion
data, the population size of the particle swarm optimization algorithm was set to 30, the
number of iterations was 500, and both c1 and c2 were set to 2. The value range of the
neural network weight and threshold was set to [−1, 3.8] and [−1, 8], respectively.

After the parameters were set, the iterative optimization of the particle swarm opti-
mization algorithm was started by reading the carbon steel corrosion data. The iterative
weight and threshold parameters were input into the neural network prediction model,
and the corrosion of carbon steel materials was predicted again. The training was con-
ducted 30 times, and the prediction curve was drawn based on the top 5 times, as shown in
Figure 15.
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Figure 15 shows that the five optimal training results of the optimized model exhibit
smaller fluctuations, greater stability, and increased accuracy.
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3.2.4. Model Comparison Test

We selected group data with higher accuracy from each established machine learning
prediction model and compared them to the model established in this paper. The prediction
curves of each model are shown in Figure 16.
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Figure 16 shows that the prediction model results are consistent with the prediction
trend of the machine learning prediction model. Furthermore, it has high accuracy, so it
can be applied to the corrosion prediction of carbon steel materials.

3.3. Management System Development

We developed a corrosion failure prediction management system for carbon steel oil
and gas pipelines to broaden the application scope of this model. The main interface of the
system is shown in Figure 17.
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The model constructed in this paper is integrated and compiled, and so is the parame-
terized model [35]. Users can import corrosion data and train parameters to improve the
model’s prediction accuracy. In addition, our model’s feasibility can be tested by compil-
ing three machine learning algorithm prediction models, namely the BP neural network,
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random forest regression, and optimized neural network model, into the management
system. Users can also use different prediction models to make more convenient and
efficient predictions.

As seen in Figure 17, the prediction results of the management system are consistent
with Figure 16, proving the feasibility of using the developed management system for
prediction. Moreover, the prediction results of the machine learning algorithm are similar
to the model described in this paper, thus confirming the accuracy of our prediction model.

3.4. Determination of Corrosion Failure Criteria

At present, according to the oil and gas industry standard SY/T6151 [36], safety
parameters affecting carbon steel oil and gas pipeline transportation include the depth
of the corrosion pit, the longitudinal length of the corrosion pit, and the circumferential
length. We used the maximum depth of the corrosion pit to classify pipelines with different
corrosion degrees into five states: light, medium, heavy, severe, and perforated. Table 3 list
the parameters.

Table 3. Corrosion failure criteria for carbon steel oil and gas pipelines.

Corrosion Condition Mild Moderate Severe Extremely Severe Perforation

Maximum depth of
corrosion pit/mm <1 1~2 2~50%

Wall thickness
50~80%

Wall thickness
>80%

Wall thickness

As seen in Table 3, carbon steel oil and gas pipelines are divided into five corrosion
levels, namely five corrosion states, according to the maximum depth of the corrosion
pit and wall thickness of oil and gas pipelines. The corrosion state of the pipeline can be
determined by calculating the corrosion depth.

4. Conclusions

We arranged 25 orthogonal experiment plans, using face-centered cubic designs de-
rived from the response surface method to improve the shortcomings of existing oil and
gas pipeline corrosion prediction models. Corrosion experiments with high-temperature
and high-pressure reactors were performed according to experimental arrangements. The
corrosion depths of the coupons under different working conditions were obtained. We
developed a new corrosion failure prediction model for carbon steel oil and gas pipelines,
using the least squares method on corrosion experiment data. This model introduced
two variables: time and flow rate. The determination coefficient, R2, of the model was
0.9573, which illustrates a good fitting effect. Three machine learning algorithm prediction
models, namely the BP neural network, random forest regression, and optimized neural
network, were constructed and compared with the new prediction model proposed in
this paper. The prediction model results described in this paper are consistent with the
prediction trend of the machine learning prediction models, which had high accuracy,
verifying the feasibility and accuracy of the proposed prediction model. Finally, based on
the constructed prediction model, we developed a corrosion failure prediction management
system for carbon steel oil and gas pipelines, making corrosion prediction for submarine
oil and gas transport pipelines more convenient and faster. Based on the uniform corrosion
failure prediction model in this paper, the pitting corrosion failure prediction model of the
stainless-steel pipeline for oil and gas transmission can be studied further.
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