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Abstract
The transportation of oil and gas through pipelines is crucial for sustaining energy supply in industrial and civil sectors. However, the issue of 
pitting corrosion during pipeline operation poses an important threat to the structural integrity and safety of pipelines. This problem not only 
affects the longevity of pipelines but also has the potential to cause secondary disasters, such as oil and gas leaks, leading to environmental 
pollution and endangering public safety. Therefore, the development of a highly stable, accurate, and reliable model for predicting pipeline pitting 
corrosion is of paramount importance. In this study, a novel prediction model for pipeline pitting corrosion depth that integrates the sparrow 
search algorithm (SSA), regularized extreme learning machine (RELM), principal component analysis (PCA), and residual correction is 
proposed. Initially, RELM is utilized to forecast pipeline pitting corrosion depth, and SSA is employed for optimizing RELM’s hyperparameters 
to enhance the model’s predictive capabilities. Subsequently, the residuals of the SSA-RELM model are obtained by subtracting the prediction 
results of the model from actual measurements. Moreover, PCA is applied to reduce the dimensionality of the original 10 features, yielding 7 new 
features with enhanced information content. Finally, residuals are predicted by using the seven features obtained by PCA, and the prediction 
result is combined with the output of the SSA-RELM model to derive the predicted pipeline pitting corrosion depth by incorporating multiple 
feature selection and residual correction. Case study demonstrates that the proposed model reduces mean squared error, mean absolute percentage 
error, and mean absolute error by 66.80%, 42.71%, and 42.64%, respectively, compared with the SSA-RELM model. Research findings 
underscore the exceptional performance of the proposed integrated approach in predicting the depth of pipeline pitting corrosion.

Keywords  Pipeline corrosion; Machine learning; Residual correction; Regularized extreme learning machine; Principal component analysis

1  Introduction

Pipeline transportation has become a primary method for 
long-distance energy transport, given its cost effectiveness, 
ease of management, and high level of safety (Arzaghi 
et al., 2018; Li et al., 2021; Peng et al., 2019). However, it 
is a double-edged sword because while it brings substan‐
tial economic benefits to local areas, it also poses potential 
threats to the surrounding environment and the safety of 

residents (Al-Sabaeei et al., 2023). According to the Euro‐
pean Gas Pipeline Incident Data Group, nearly 27% of 
pipeline incidents are attributed to pipeline corrosion (Ma 
et al., 2023). Reports from the Pipeline and Hazardous 
Materials Safety Administration indicate that 20% of the 
5 709 major pipeline incidents in the United States were due 
to corrosion issues (Peng et al., 2021). Consequently, pipe‐
line corrosion has become an unavoidable issue in the com‐
prehensive safety management of pipelines. Therefore, the 
establishment of a rational and effective prediction model 
for pipeline corrosion is crucial for reducing unnecessary 
pipeline excavations, mitigating the increased costs associ‐
ated with frequent inspections, and accurately assessing 
the current safety status of pipelines (Ossai, 2020; Song 
et al., 2023).

The issue of pipeline corrosion generally encompasses 
internal and external corrosion. Insulation and cathodic 
protection layers are commonly applied externally to pre‐
vent external environmental corrosive substances from 
affecting pipelines. However, due to the complexity of the 
internal pipeline environment, which involves corrosive 
substances, the flow of oil and gas, and the presence of 
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microorganisms, addressing internal corrosion is more chal‐
lenging than addressing external corrosion (Jiang et al., 
2017). Internal corrosion poses a greater risk to pipelines 
than external corrosion, prompting researchers to investi‐
gate methods for monitoring corrosion under complex con‐
ditions (May et al., 2022). Liu et al. (2018) employed high-
frequency nondestructive testing techniques, such as piezo‐
electric pulse-echo and laser ultrasonics, and effectively 
identified the corrosion status of targets through the inte‐
gration of time-frequency signal analysis algorithms. Tan 
et al. (2021) introduced distributed optical fiber sensors 
into pipelines to assess the presence of corrosion based on 
measured strain and locate areas of corrosion visually 
through strain distribution. Cadelano et al. (2016) utilized 
infrared thermography for pipeline corrosion monitoring, 
simulating real oil and gas pipeline conditions by analyz‐
ing the thermal effects of liquids within insulation layers 
to evaluate corrosion. While these experimental methods 
have enabled remarkable progress in corrosion monitoring, 
some pipelines are deeply buried underground or located 
in marine environments, making their employment challeng‐
ing. Consequently, the utilization of relevant data to infer 
current corrosion status has become a preferred approach. 
The De Waard model for CO2 corrosion is a classic corro‐
sion empirical model proposed by De Waard. It determines 
the variation in steel corrosion rate in carbonic acid by con‐
sidering factors such as temperature, CO2 concentration, 
scaling, pH value, mass transfer, fluid flow rate, and flow 
effect (De Waard and Milliams, 1975). The American Soci‐
ety of Mechanical Engineers (ASME) developed the ASME 
B31G standard by referencing numerous cases. This stan‐
dard calculates the remaining strength of pipelines on the 
basis of the size and characteristics of corrosion defects, 
thereby assessing the corrosion condition of pipelines 
(Mousavi and Moghaddam, 2020). The methods mentioned 
above primarily analyze the current corrosion situation by 
establishing linear models. However, these methods often 
exhibit certain limitations when facing the nonlinear prob‐
lem of pipeline corrosion in reality (Ren et al., 2012).

In recent years, due to the rapid advancement of com‐
puter technology, a plethora of artificial intelligence mod‐
els have been extensively employed in the field of pipeline 
corrosion to overcome the limitations of traditional models 
in addressing nonlinear complex problems (Li et al., 2022a; 
Zhang et al., 2022; Zheng et al., 2022). Mainstream artifi‐
cial intelligence algorithms, such as Artificial Neural Net‐
works (ANN), M5Tree, Bayesian Regularized Artificial 
Neural Networks, and Support Vector Machines (SVM), 
have been introduced into this domain (Ben Seghier et al., 
2021; Chou et al., 2017; Li et al., 2022b). However, indi‐
vidual models often have certain limitations. Therefore, 
scholars have begun to combine artificial intelligence algo‐
rithms with other methods to obtain reasonable and effec‐
tive results. Liu et al. (2021) compared three models: deci‐

sion trees, ANN, and Bayesian networks. They found that 
incorporating probability distributions from Bayesian net‐
works considerably enhanced the interpretability of mod‐
els. Additionally, Li et al. (2021) selected the support vector 
regression algorithm as a small-sample prediction method 
and used the artificial bee colony algorithm for hyperpa‐
rameter optimization to overcome the time-consuming 
nature of conventional grid search algorithms. Further‐
more, they applied principal component analysis (PCA) to 
reduce redundancy among factors influencing corrosion, 
identifying the primary components with the greatest effect 
on underwater pipeline corrosion. Shi et al. (2017) based 
their work on four artificial intelligence algorithms, namely, 
multiple linear regression, ANN, random forest, and SVM, 
and utilized stacking ensemble to combine these models, 
establishing a pipeline performance prediction model based 
on machine learning and stacked ensemble modeling. This 
approach aimed to enhance the interpretability of the rela‐
tionship between soil properties and pipeline performance 
and the predictive capability of the model.

Although the predictive capability of current artificial 
intelligence ensemble models has seen substantial prog‐
ress, a certain residual error between predicted and actual 
values still exists. Therefore, many scholars have opted to 
use residual modeling for postprocessing (Liu and Chen, 
2019). These postprocessing techniques primarily focus on 
handling residual sequences to derive residual correction 
values, which are then added to the prediction results of the 
previous combined model. The robustness of the results, 
considering residual correction, is remarkably enhanced 
through this approach (Xu et al., 2023a). Wei et al. (2020) 
used multiscale wavelet decomposition and residual 
sequence reconstruction, analyzed the high-frequency por‐
tion using a model based on SVM, and applied autoregres‐
sive integrated moving average for the low-frequency por‐
tion, thus constructing a combined model based on signal 
residual correction. Li et al. (2023) established a residual 
correction model based on Extreme Learning Machine 
(ELM), utilizing the residuals of partial training results on 
training sets to enhance the robustness of the ELM algo‐
rithm drastically, creating a residual-corrected ELM model.

In this study, a pipeline corrosion prediction model was 
developed on the basis of multiple feature selection and 
residual correction. The model utilized the SSA-RELM for 
the initial prediction of pipeline pitting corrosion depth, 
wherein the model’s prediction residual was obtained by 
subtracting the actual measurement from the SSA-RELM 
prediction. Subsequently, PCA was employed to reduce the 
dimensionality of the original 10 features to derive 7 new 
features, which were used to predict the residual. Finally, 
the predicted residual was combined with the initial predic‐
tion results from SSA-RELM to obtain the prediction model 
for pipeline corrosion based on multiple feature selection 
and residual correction.
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The remaining sections of this paper are as follows: A 
brief introduction to the methods used in this study is pro‐
vided in Section 2. These methods include SSA, RELM, 
PCA, and residual correction. The evaluation criteria 
selected in this study are introduced in Section 3. A case 
study to demonstrate the feasibility and effectiveness of 
the proposed methods is presented in Section 4. The paper 
is concluded in Section 5.

2  Developed methodology

2.1  SSA

SSA is a heuristic optimization algorithm that simulates 
the searching and communication styles of sparrows. It 
solves problems by learning the behaviors of sparrows dur‐
ing foraging and group migration. Sparrows exhibit three 
types of foraging behaviors: 1) as explorers searching for 
food, 2) as followers joining explorers in the search for 
food, and 3) as sentinels deciding whether the population 
should continue foraging. Although explorers and follow‐
ers have dynamic, interchangeable roles, their proportions 
remain constant. Explorers, as the leaders of the popula‐
tion’s foraging, possess high fitness values and can explore 
a wide search area. Followers seek to obtain high fitness 
values by foraging alongside explorers, and some may con‐
tinuously monitor explorers and seize food resources to 
improve their own predation rates. Generally, 10% – 20% 
of the total number of sparrows in a population are estab‐
lished as sentinels, which alert the entire population of 
sparrows in time to avoid being preyed upon by predators 
after detecting danger (Xu et al., 2023b).

The update formula for the position of the discoverer 
during optimization iteration is

X t + 1
i, j =

ì

í

î

ïïïï

ïïïï

X t
i, j ⋅ exp ( )− i

α ⋅ itermax

   if   R2 < ST

X t + 1
i, j + Q ⋅ L                       if   R2 ≥ ST

(1)

where t represents the current iteration number; itermax rep‐
resents the maximum number of iterations; Xi, j represents 
the position information of the ith sparrow in the jth dimen‐
sion; α ∈ ](0, 1  represents a random number; R2 represents 

the warning value; ST represents the safety value; Q repre‐
sents a random number following a normal distribution; 
and L represents a row vector with all elements being 1. 
When R2 < ST, the discoverer searches extensively at this 
position for locations with good fitness values. When R2 ≥
ST, the discoverer updates the position randomly in accor‐
dance with a normal distribution.

The joiner position update formula is

X t + 1
i, j =

ì

í

î

ï
ïï
ï

ï
ïï
ï

Q ⋅ exp ( )X t
worst − X t

i, j
i2

                   if   i > P/2

X t + 1
b + || X t

i, j − X t + 1
b ⋅ A+ ⋅ L   otherwise

(2)

where Xb represents the current optimal position of the dis‐
coverer; Xworst represents the globally worst position; A rep‐
resents a row vector with elements randomly assigned as 

1 or − 1; A+ = AT( )AAT − 1
. i > P/2, the joiner updates the 

position randomly in accordance with a normal distribu‐
tion. Otherwise, the joiner moves near the current optimal 
position and participates in the search for locations with 
good fitness values.

The update description for the randomly selected senti‐
nel’s position is

X t + 1
i, j =

ì

í

î

ï
ïï
ï
ï
ï

ï
ïï
ï
ï
ï

X t
best + β ⋅ || X t

i, j − X t
best if fi > fg

X t
i, j + K ⋅ ( )|| X t

i, j − X t
worst

( )fi − fw + ε
if fi = fg

(3)

in the given formula, X t
best represents the current global 

best position; β is the step-size control parameter and is a 
random number following a normal distribution with a 
mean of 0 and variance of 1; K ∈ [ ]−1, 1 ; fi is the fitness 
value of the current sparrow individual; fg and fw are the 
current best and worst fitness values, respectively; and ε is a 
constant approaching 0. The sentinel moves from a position 
with low fitness toward the current best fitness position.

2.2  RELM

RELM is a further improvement on the ELM algorithm, 
which aims to suppress overfitting effectively by introduc‐
ing a regularization term into the loss function. It has been 
widely used in engineering (He et al., 2019; Sun and Zhang, 
2024; Wang et al., 2024). ELM is a typical single-hidden-
layer feedforward neural network that is known for its fast 
training speed, eliminating the need to adjust connection 
weights, and excellent performance on high-latitude, large-
scale datasets. It consists of three parts: the input, hidden, 
and output layers. Neural connections are present between 
the input and hidden layers, as well as between the hidden 
and output layers, as illustrated in Figure 1.

In the figure, x1, x2, …, xn denotes that the model selects 
a total of n feature outputs into ELM, and y1, y2, …, ym 
denotes that the model has a total of m output variables. hl 
represents the neurons in the hidden layer, and l is the 
number of neurons in the hidden layer. wij and vjk denote 
the connection weights between neurons.

The connection weight w between the input and hidden 
layers is presented in Equation (4):
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The connection weight v between the hidden and output 
layers is presented as shown in Equation (5):
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The threshold η of the hidden layer neurons is presented 
as shown in Equation (6):

η = é
ë
η1 η2 ⋅ ⋅ ⋅ ηl

ù
û

T

(6)

By combining the input and output values of the model 
to compose a matrix, the following matrices can be formed:
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where P denotes the number of samples for the input model, 
and E and O are the input and output matrices, respectively.

Let G(x) be the activation function of the hidden layer. 
The neural network output T can then be presented as

T = [ t1　t2　 ⋅ ⋅ ⋅　tP ] (9)
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where j = 1, 2, …, n, w i = [wi1, wi2, …, win ], and ej = [e1j, 

]e2j, …, enj . The above formulas can be converted into the 

following expression:

Mv = T T (11)

In the above equation, T T represents the transpose of 
matrix T. M represents the output matrix of the hidden layer 
of the neural network, and its specific form is as follows:
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⋮
G ( )w1 ⋅ en + η1 G ( )w2 ⋅ en + η2 G ( )wl ⋅ en + η l

(12)

where G ( x) is the activation function of the hidden layer, 
w and η can be chosen randomly before training and then 
fixed during training, and v is obtained by using the least-
squares solution (Huang et al., 2004).

When numerous outliers exist in training samples, the 
hidden layer output matrix may become ill-conditioned, 
which can affect the robustness and generalization of the 
model. Regularization theory can effectively address this 
issue. Therefore, introducing a regularization coefficient 
into the model can enhance its stability, yielding RELM 
(He et al., 2019).

2.3  PCA

PCA is a classic multivariate statistical method and an 
unsupervised dimensionality reduction technique. It achieves 
dimensionality reduction by linearly combining original 
features and eliminating redundant information, ensuring 
that the resulting composite features reflect the majority of 

Figure 1　Diagram of ELM
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the information in the original features. The specific steps 
of this method under the assumption of a sample size of n 
with each sample having m-dimensional features are shown 
below (Ossai, 2019):

Step 1: The data in the sample are standardized to obtain 
the standardized result:

aij = ( xij − x̄j ) /hj (13)

where i = 1, 2, …, n,  j = 1, 2, …, m, x̄j is the sample means, 
and hj is the standard deviation in the sample.

The standardized matrix A is constructed using aij, and 
its specific expression is

A =

é

ë

ê

ê

ê

ê
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ê

ê
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û
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ú
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ú
úú
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ú

úa11 a12 … a1m

a21 a22 … a2m

⋮
an1 an2 ⋯ anm

(14)

Step 2: The correlation matrix of the standardized matrix 
R can be obtained as

R = [ ]rij n × m
=

AT A
m − 1

(15)

where rij =∑
k = 1

m

akj ⋅ akj / (m − 1). The characteristic polyno‐

mial || R − λ j E = 0 is constructed to compute the eigen‐

value λ j.
Step 3: The cumulative contribution rate M can be 

obtained as

M =∑
j = 1

q

λ j /∑
i = 1

n

λ j (16)

where M represents the cumulative amount of information 
extracted from the original features by the principal com‐
ponents, and q is the length of the reduced-dimensional data.

Step 4: The eigenvectors are computed.

2.4  Residual correction method

By incorporating factors with a considerable effect on 
pipeline corrosion into the machine learning model men‐
tioned above, the predicted pipeline pitting corrosion, 
denoted as y′1 (i ), can be obtained. However, treating pipe‐
line corrosion as a complex event and basing predictions 
solely on the relationship of corrosion effects with individ‐
ual factors are insufficient. In practical scenarios, the com‐
bined effects of multiple factors and the influence of cer‐
tain unknown factors must be considered. Capturing all 
potential influencing factors is challenging due to limitations 
in theoretical development and experimental conditions. 

Therefore, this study employs a residual correction method, 
introducing the combined effects of multiple factors and 
utilizing PCA-reduced features as new predictive features. 
Through this approach, this research delves into predicting 
pipeline pitting corrosion, aiming to enhance predictive 
capabilities. The residual of the pipeline pitting corrosion 
is presented below (Yin and Liu, 2022):

r (i ) = y1 (i ) − y′1 (i ) (17)

where r (i ) represents the residual of the ith predicted 
value, whereas y′1 (i ) denotes the pitting corrosion of the ith 
sample pipeline.

By reintroducing r (i ) as the predicted value into the 
SSA-RELM algorithm for prediction, the model yields the 
residual prediction value r′ (i ). Combining the residual pre‐
diction value r′ (i )with the initial predicted result y′1 (i ) pro‐
duces the corrected predicted result y2 (i ), as shown in the 
following formula:

y2 (i ) = y′1 (i ) + r′ (i ) (18)

2.5  Prediction model for pipeline corrosion 
based on multiple feature selection and residual 
correction

In accordance with the aforementioned theoretical frame‐
work, this investigation integrates four data-driven method‐
ologies, namely, SSA, RELM, PCA, and residual correc‐
tion, to construct a comprehensive model, as depicted in 
Figure 2. The specific procedure is delineated as follows:

Step 1: After an extensive review of established criteria 
and the integration of empirical data, this study ultimately 
identifies ten factors, such as redox potential (rp), pH value 
(ph), and pipe-to-soil potential (pp), as the model’s features, 
with pipeline pitting corrosion depth as the output vari‐
able. The dataset is partitioned into training, validation, 
and testing sets with proportions of 60%, 20%, and 20%, 
respectively.

Step 2: RELM is employed as the predictive algorithm, 
and SSA is utilized for hyperparameter exploration.

Step 3: The residuals of the model are calculated by sub‐
tracting the predicted results of SSA-RELM from actual 
values.

Step 4: The original 10 features are subjected to dimen‐
sionality reduction to derive new features, which are subse‐
quently utilized to predict the residuals obtained in Step 3.

Step 5: The predicted residuals from Step 4 are combined 
with the initial predictions from SSA-RELM in Step 2 to 
yield the final prediction. MAE, RMSE and MAPE are cal‐
culated. A comparative analysis is conducted between the 
results post residual correction and those obtained without 
residual correction to evaluate the performance of the model 
established in this study.
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3  Comparative criteria

Evaluation criteria that measure the model’s generaliza‐
tion ability, known as performance metrics, are essential 
when evaluating the generalization performance of a model. 
These metrics can be used to assess the model’s perfor‐
mance and serve as a basis for comparison between differ‐
ent models. This work selects MAE, RMSE, and MAPE as 
performance metrics.

RMSE ( )δ, δ̂ =
1
n∑i = 1

n

( )δi − δ′i 2
(19)

MAPE ( )δ, δ̂ =
100%

n ∑
i = 1

n |

|
|
||
||

|
|
||
| δ i − δ′i

δ i

(20)

MAE ( )δ, δ̂ =
1
n

|| δi − δ′i (21)

In the formula, n represents the number of samples, δ i 
denotes the actual value of the ith sample, and δ′i repre‐
sents the model’s predicted value for the ith sample. Mini‐
mizing the RMSE, MAPE, and MAE of the model’s pre‐

dictions as much as possible is important to enhance the 
model’s predictive performance.

4  Case study

4.1  Data collection

The establishment of a well-constructed and accurate 
database is crucial for enhancing the predictive capability 
of the prediction model for pipeline pitting corrosion depth. 
The publicly available database established by Velázquez 
has been widely utilized in the industry due to its compre‐
hensiveness and rationality (Velázquez et al., 2010). This 
database encompasses the maximum pitting corrosion depth 
(pcd) of pipelines and 10 influencing factors, including 
redox potential (rp), pH value (ph), pipe-to-soil potential 
(pp), soil resistivity (re), water content (wc), bulk density 
(bd), dissolved chlorides (cc), bicarbonate concentration 
(bc), sulfate ion concentration (sc), and pipeline age (t). 
Table 1 provides a descriptive statistical summary of this 
database, wherein Xmax, Xmin, and Xmean represent the maxi‐
mum, minimum, and mean values of variables, respectively.

Figure 2　Framework of the proposed approach

Table 1　Descriptive statistics of the database

No.

Xmax

Xmin

Xmean

t

50.00

5.00

22.99

ph

9.88

4.14

6.13

pp

−0.42

−1.97

−0.88

re

399.50

1.90

50.15

wc

66.00

8.80

23.90

bd

1.56

1.10

1.30

cc

672.70

1.00

47.73

bc

195.20

1.00

19.67

sc

1 370.20

1.00

152.97

rp

348.00

2.10

167.04

pcd

13.44

0.41

2.02
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The dataset comprises 259 samples. The data were ran‐
domly divided into the training, validation, and test sets in 
a 6∶2∶2 ratio, with 60%, 20%, and 20% of the data used 
for training, validation, and testing, respectively.

4.2  Comparison of model prediction

4.2.1 Comparison of the results of RELM with those of 
other algorithms

In this study, the RELM algorithm was employed for 
prediction, and SSA was utilized to determine the algo‐
rithm’s hyperparameters. This approach replaced the tradi‐
tional method of relying on the empirical determination of 
hyperparameters, thereby reducing the potential negative 
effect of unreasonable hyperparameter settings on the mod‐
el’s final prediction results. The maximum number of itera‐
tions for the SSA algorithm was set to 10 000, with 5 spar‐
rows and upper and lower bounds for the parameter search 
range set at 1 000 and 0.001, respectively. The discovery rate 
was 0.2, and the warning value was 0.2.

The comparison of the prediction results of the SSA-
RELM algorithm and other machine learning algorithms 
for the training set is shown in Figure 3. The graph shows 
that the SSA-XGBoost and SSA-ELM models exhibit 
results for the training set that closely align with the actual 
values. However, due to the complexity of these models, 
they perfectly adapt to the noise and details in the training 
data but overlook the overall trend of the real data, leading 
to overfitting and a decrease in generalization capability. 
Additionally, model overfitting can cause excessive sensi‐
tivity to outliers, thereby reducing the stability of the model. 
The RELM algorithm, which incorporates regularization, 
limits the model’s complexity and reduces the risk of over‐
fitting. This situation enhances the model’s generalization 
capability and stability, resulting in superior performance 
on the test set.

Table 2 presents a comparison of the performance met‐
rics of several algorithms on the test set. It shows that the 
SSA-RELM model with regularization performs excep‐

tionally well in terms of the MSE, MAPE, and MAE met‐
rics. Specifically, compared with the other two models, 
SSA-RELM reduces MSE by 48.86% and 41.11%, respec‐
tively. Compared with those of SSA-ELM, the MAPE and 
MAE of SSA-RELM have reduced by 26.12% and 29.01%, 
respectively. These results indicate that the introduction of 
regularization has successfully mitigated overfitting issues, 
enhanced the model’s generalization capability, improved 
prediction accuracy, and bolstered model stability, thereby 
effectively enhancing predictive capacity. These results are 
obtained because, with the introduction of regularization, 
both algorithms show a remarkable improvement in perfor‐
mance compared with the ELM algorithm without regular‐
ization. However, RELM offers a simpler model structure 
and lower computational complexity than XGBoost, which 
has a considerably higher model complexity, more com‐
plex tuning, and a consequent increase in exposure to a 
higher risk of overfitting. Therefore, RELM outperforms 
XGBoost when dealing with simple structured datasets, 
such as the prediction of pipeline pitting corrosion. How‐
ever, despite SSA-RELM’s outstanding performance in most 
aspects, the improvement in its MAPE and MAE is not as 
remarkable as that in its MSE because the logic of the opti‐
mization performed by SSA is to reduce MSE. The MAPE 
and MAE of SSA-RELM thus exhibit a slight increase 
compared with those of SSA-XGBoost (a difference of 
30.57% and 8.87%). This situation implies that while SSA-
RELM currently demonstrates good predictive perfor‐
mance, some issues that need further resolution remain.

4.2.2 Model prediction results based on residual correction
A prediction model for pipeline pitting corrosion depth 

was developed on the basis of SSA-RELM. While this 
model yields favorable prediction results, it still exhibits 
certain issues in terms of MAE and MAPE. Figure 4 
shows the residuals obtained by using 60% of the training 
set to predict the outcomes on the 20% validation set and 
20% test set. Figure 4 reveals that considerable residuals 
exist between the prediction results obtained through SSA-
RELM and the actual data. This result is primarily attributed 
to the selection of 10 relatively independent influencing 
factors as features when constructing the data-driven pre‐
diction model for pitting corrosion depth in this study. 
However, the complex interactions among these factors and 
their comprehensive effect on pitting corrosion depth were 
not thoroughly explored. Apart from these 10 factors, some 
special unknown influencing factors that have not been 

Figure 3　Comparison of the performances of each model on the 
training set

Table 2　Comparison of model performance indices

Model

SSA-ELM

SSA-XGBoost

SSA-RELM

MSE

2.628 1

2.282 4

1.344 1

MAPE

1.314 6

0.743 8

0.971 2

MAE

1.296 6

0.845 4

0.920 4

811



Journal of Marine Science and Application 

adequately considered may exist. This situation may lead 
to inaccuracies in the model under certain circumstances, 
necessitating further in-depth research and consideration 
of other potential factors.

This study employed a residual correction method to 
mitigate the effect of residuals and enhance the accuracy 
of predicting pipeline pitting corrosion depth. First, this 
study will delve into the internal relationships among the 
selected 10 influencing factors to derive new features with 
comprehensive information, enabling a thorough understand‐
ing of their effect on pitting corrosion depth. Subsequently, 
an analysis of these information-rich features will be con‐
ducted, providing the model with reasonable inputs to 
improve its fit with residuals, reduce residuals, and enhance 
predictive performance. Finally, the residual-corrected val‐
ues will be combined with the original predicted results to 
obtain the residual-corrected prediction outcomes.

In order to delve deeper into the composite effects of 
factors on pipeline pitting corrosion, this section employed 
PCA to reduce the dimensionality of the original 10 influ‐
encing factors. Figure 5 illustrates the cumulative contribu‐
tion rate of features. In this study, a threshold of 90% cumu‐
lative contribution rate was utilized to select new features 

after dimensionality reduction. As shown in Figure 5, 7 new 
features with a high contribution rate to pipeline pitting 
corrosion depth were chosen. These new features are all 
combinations of the original 10 influencing factors. By uti‐
lizing the original feature combinations to form new fea‐
tures, this study maximized the retention of information 
from the original features while reducing data dimensional‐
ity, to some extent considering the interactions among vari‐
ous influencing factors. This approach comprehensively 
captures the interrelated information among features, lay‐
ing the groundwork for further enhancing the accuracy and 
robustness of the prediction model for pipeline pitting cor‐
rosion depth and thus adapting to the complexity of actual 
processes of pipeline pitting corrosion.

The feature coefficients are presented in Table 3. Typi‐
cally, the first principal component (Z1) explains the larg‐
est proportion of the variance, indicating that Z1 captures 
the most information in the data. Table 3 shows that the 
weight of rp in Z1 is considerably higher than those of other 
influencing factors. In practical engineering, rp directly 
affects the rate and direction of corrosion reaction; stability 
of electrode potential; formation of corrosion cells; and 
stability of the protective film, which has a considerable 

Table 3　Feature coefficients of PCA

Factors

t

ph

pp

re

wc

bd

cc

bc

sc

rp

Z1

−0.270 60

−0.285 85

−0.233 63

0.244 99

−0.188 00

−0.006 52

−0.147 90

−0.198 57

−0.156 63

0.780 54

Z2

−0.660 69

0.098 15

−0.167 94

−0.069 54

−0.122 61

0.662 32

−0.041 87

−0.012 05

0.092 83

−0.237 91

Z3

0.365 06

0.552 88

0.071 48

−0.140 98

0.036 21

0.442 26

0.002 32

0.179 14

0.237 35

0.500 73

Z4

0.177 50

−0.368 62

0.618 73

−0.130 66

0.034 67

0.345 19

−0.341 09

−0.441 87

0.026 43

−0.007 76

Z5

−0.419 67

−0.197 54

0.477 93

−0.276 30

0.128 09

−0.196 45

0.363 16

0.338 59

0.331 12

0.262 55

Z6

0.150 18

−0.141 18

0.244 02

0.714 05

−0.434 03

0.179 28

0.215 49

0.262 30

0.203 06

−0.105 45

Z7

−0.325 58

0.633 40

0.400 48

0.201 00

−0.206 68

−0.342 17

−0.163 42

−0.318 89

−0.061 84

−0.001 27

Figure 4　Residuals of SSA-RELM

Figure 5　Cumulative contribution of features
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effect on pipeline corrosion. This finding is consistent with 
the results of PCA. Additionally, the average weight of t 
from Z1 to Z7 is higher than that of other features. In prac‐
tical engineering, pipelines gradually age as their service 
life increases, leading to issues such as the gradual deterio‐
ration of anticorrosion coatings or protective layers and the 
accumulation of internal deposits. Therefore, the increase 
in t is closely related to the extent of corrosion that pipe‐
lines experience.

The 20% validation set and 20% test set were combined 
with the residuals obtained earlier to create a new residual 
prediction dataset. By using PCA to reduce the dimension‐
ality of the features in this dataset, seven new features are 
obtained and imported into the SSA-RELM model along 
with the residuals. Subsequently, the first 50% of the data 
were used for training to obtain new parameters, which 
were used for prediction along with the features included in 
the last 50% of the data to output the corresponding residu‐
als. The residual prediction results are shown in Figure 6. 
The figure shows that the vast majority of the predicted 
residual values exhibit a high degree of proximity to the 
actual values. This outcome indicates that the application 
of PCA has effectively extracted crucial information from 
the original dataset, leading to the efficient and substantial 
dimensionality reduction of features. The resulting new 
feature set adequately encompasses the essential informa‐
tion required for residual prediction.

The corrected comprehensive prediction results were 
obtained by adding the residual prediction results to the 
predictions previously obtained by using the SSA-RELM 
algorithm. The comparison of the prediction results of the 
two algorithms is shown in Figure 7. The figure illustrates 
that the SSA-RELM model, without residual correction, 
exhibits outliers in some samples, highlighting the instabil‐
ity of the algorithm in predicting pitting corrosion. How‐
ever, the algorithm with the inclusion of residual correc‐
tion performs well on these samples, effectively avoiding 
the occurrence of outliers.

The performance comparison of the models is presented 
in Table 4. Compared with the SSA-RELM model alone, 
the model developed in this study demonstrates reductions 
of 66.80%, 42.71%, and 42.64% in MSE, MAPE, and 
MAE, respectively. These improvements in the series of 
performance metrics indicate that the SSA-RELM model, 
after residual correction, exhibits enhanced predictive 
accuracy, reduced overfitting, improved model stability, and 
decreased sensitivity to noise and outliers, thereby enhanc‐
ing robustness. Additionally, the combination of PCA and 
residual correction well captures the nonlinear complex 
relationships in the data, providing reliable results for pre‐
dicting pipeline corrosion depth and remarkably improv‐
ing prediction accuracy.

5  Conclusions

This work combined the SSA-RELM-based prediction 
model for pipeline pitting corrosion with the PCA-based 
residual correction model to establish a prediction model 
for pipeline pitting corrosion based on multi-feature selec‐
tion and residual correction. The reliability of this model 
was verified by using a real case of pitting corrosion data, 
leading to the following conclusions:

1) The findings demonstrate that the SSA-RELM-based 
pitting corrosion prediction model not only surpasses alter‐
native machine learning algorithms in terms of MSE but 
also effectively mitigates overfitting concerns.

2) The concept of residuals was introduced into the pre‐
diction of pipeline pitting corrosion. Such an approach 
effectively improves the rationality of the model by incor‐

Figure 6　Residual prediction results

Figure 7　Comparison of the final prediction results

Table 4　Comparison of performance indices between the original 
model and the model with residual correction added

Model

SSA-RELM

Residual correction

MSE

1.344 1

0.446 2

MAPE

0.971 2

0.556 4

MAE

0.920 4

0.527 9

813
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porating information that is inadequately considered in the 
original model through residuals. It enables the model to 
consider various factors in complex environments compre‐
hensively and thus predict pipeline pitting corrosion with 
increased accuracy. In practical engineering applications, 
this improvement helps cope with potential corrosion prob‐
lems and reduce maintenance costs and risks.

3) The initial 10 independent features were amalgamated 
into seven new coupled features for predicting residuals 
through the utilization of PCA to reduce the dimensionality 
of the original feature set. This process effectively extracts 
the remaining information from residuals, allowing the 
model to capture key associations in the data accurately. In 
engineering applications, this data-processing method can 
reveal potential relationships between data well and improve 
the accuracy and reliability of prediction, thus providing 
strong support for decision-making.

4) The residual-corrected prediction model proposed in 
this research represents an efficacious and viable approach 
to the prediction of pipeline pitting corrosion, boasting 
minimal MSE, MAPE, and MAE of 0.446 2, 0.556 4, and 
0.527 9, respectively. These values signify reductions of 
66.80%, 42.71%, and 42.64% relative to the MSE, MAPE, 
and MAE of the conventional SSA-RELM algorithm. 
Additionally, the residual correction methodology yields a 
deepened understanding of the driving mechanisms behind 
pitting corrosion depth, culminating in precise and depend‐
able practical predictions, thereby furnishing enhanced 
support for pipeline corrosion management.

Nomenclature

SSA

RELM

PCA

MSE

MAPE

MAE

Sparrow Search Algorithm

Regularized Extreme Learning Machine

Principal Component Analysis

Mean Squared Error

Mean Absolute Percentage Error

Mean Absolute Error
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