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ABSTRACT

This paper addresses the corrosion issues of buried pipelines by constructing a corrosion rate
prediction model based on neural network algorithms, integrating multi-source data such as in-situ
soil physicochemical parameters. Key input parameters of the model were identified through feature
analysis, and the model was trained and validated using historical monitoring data. The results
demonstrate that the model effectively captures the nonlinear relationships between multiple factors
and corrosion rate with high prediction accuracy, particularly in the low corrosion rate range.
Furthermore, the paper systematically reviews pipeline anti-corrosion maintenance decision-making
methods based on maintenance timing, strategies, and evaluation metrics, comparing the
applicability and limitations of reactive, periodic, and predictive maintenance strategies. It
emphasizes that an intelligent maintenance system integrating multidisciplinary approaches such as
machine learning, risk assessment, and reliability analysis can achieve closed-loop management of
pipeline corrosion protection. This approach enhances the economy, safety, and sustainability of
maintenance practices, providing theoretical support and decision-making guidance for the
intelligent operation and maintenance of oil and gas station pipelines.
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1. INTRODUCTION

Oil and gas pipelines serve as critical infrastructure for energy transportation. In China, most pipelines
are buried underground, offering advantages in safety, economic efficiency, space saving, and
pollution reduction. However, buried pipelines are subjected to external corrosion risks—such as soil
conditions and coating degradation—as well as internal corrosion caused by the properties of
conveyed fluids, temperature, and pressure fluctuations [1, 2]. These factors significantly increase the
likelihood of pipeline corrosion and leakage, posing serious threats to personnel safety and the
ecological environment [3, 4].

Corrosion of buried pipelines involves complex mechanisms, which can be broadly categorized into
three types: chemical, electrochemical, and physical corrosion. Among these, soil-induced corrosion
is typically electrochemical in nature. Soil properties—such as moisture content, resistivity, pH,
redox potential, and anion concentration—significantly influence the corrosion rate and remaining
service life of pipelines, thereby maintaining them under high-risk conditions for extended periods
[5, 6]. Furthermore, stray currents generated by electrical equipment within the station can accelerate
corrosion, shifting the process from natural to aggressive degradation, considerably shortening the
pipeline’s lifespan, and increasing the risk of leaks. Therefore, analyzing and predicting corrosion
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factors for station pipelines is essential to ensuring operational safety, as it enables early detection of
potential corrosion, extends service life, and helps control maintenance costs [7, 8].

Fig. 1 Exterior View of Corroded Buried Pipelines in an Oil Transfer Station

Based on historical operational data and external corrosion monitoring results of buried pipelines,
this study integrates soil physicochemical parameters—such as moisture content, resistivity, pH,
redox potential, and anion concentration—as well as electrical interference factors. Using corrosion
rate as the core evaluation metric, machine learning algorithms and optimization methods are
employed to develop a comprehensive corrosion assessment model for buried pipelines within the
station. The model aims to provide a theoretical basis and decision support for corrosion prevention
strategies and lifecycle management of pipelines [9, 10].

2. CORROSION RATE PREDICTION MODEL

Corrosion prediction for buried pipelines is a process that estimates the likelihood and severity of
future corrosion by integrating historical and real-time monitoring data, operational conditions, and
relevant environmental factors, combined with expert knowledge. It aims to formulate proactive
maintenance strategies for corrosion prevention.

2.1. Methodology Overview.

With the increasing intelligence and digitalization of oil and gas pipeline systems, machine learning
has gradually become a mainstream method for corrosion prediction, owing to its powerful nonlinear
processing capability, high computational efficiency, and low dependency on physical mechanisms.
Compared to traditional mechanistic models and statistical methods, it demonstrates superior
performance in terms of accuracy and stability. Commonly used machine learning algorithms include
basic classification algorithms—such as decision trees, support vector machines, neural networks,
and Bayesian networks—as well as ensemble algorithms like random forests and clustering
algorithms. Among these, neural networks, support vector machines, Bayesian networks, and random
forests are widely applied in practice. The characteristics of these methods are summarized in the
table below.
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Table 1 Performance Comparison of Selected Machine Learning Algorithms

Method Characteristics Advantages
. - Autonomous adjustment of multi-factor
Neural Self-learning, associative storage; . S
. S : weights; excellent performance in image
Network high-speed optimization seeking . . .
recognition and predictive analysis
Support Fast prediction speed; strong generalization

Concise model; effective learning

Vectgr with high-dimensional data ability and robugtness; capable of handling
Machine nonlinear problems
. Handles complex relationships Effectively describes dependencies between
Bayesian . ] . : . .
Network among large-sga.Ie Va.rla‘ples3 variables; enabLes const}‘uctloﬂ .of dynamic
modifiable probability distributions models with multiple variables
High accuracy and robustness; Effectively reduces overfitting risk; parallel
Random . .. ) ..
handles large-scale and high- training of multiple decision trees; evaluates
Forest . . . .
dimensional data feature importance efficiently

This study primarily employs a neural network to construct a corrosion prediction model for buried
pipelines, leveraging its powerful capability for nonlinear fitting and feature learning. The model
effectively integrates multi-source data, including soil environmental parameters such as moisture
content, resistivity, and pH value, to estimate the pipeline corrosion rate. By optimizing the network
structure and parameters through training, the model can deeply reveal the complex influences of
various factors on the corrosion process, providing a reliable basis for pipeline safety and intelligent
maintenance.

2.2. Neural Network.

A neural network is a computational model inspired by the structure of the human brain. Its core
consists of multiple layers of interconnected artificial neurons. Each neuron processes input data
through weighted summation and nonlinear activation functions, progressively extracting and
transforming features across layers. By optimizing parameters via backpropagation and gradient
descent, the network autonomously learns complex nonlinear mappings from large-scale data without
relying on explicit physical mechanisms. Owing to its powerful feature learning capability and high
predictive accuracy, this algorithm is widely applied in scenarios such as corrosion prediction.

(1) The linear transformation of a single neuron is expressed as follows, achieving a linear
combination of the input signals:

n
z=(W X+ W, X+ +w, X )+b=2wx, +b (1)
i=1

(2) The activation function serves as a critical step for introducing nonlinearity, enabling the network
to learn complex patterns.

a=0(z) (2)
(3) The loss function quantitatively measures the discrepancy between the model's predictions and
the true values, thereby enhancing and stabilizing the prediction accuracy of the model.
1 N K
L :__zzyij lo (3)

N i=j=1" >

The neural network computational framework of this study is illustrated in the figure below, which
systematically demonstrates the complete workflow from data input to model application.
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Fig. 2 Architecture of the Neural Network Computational Framework
2.3. Prediction Model Construction.

This study collected 50 sets of corrosion point data from buried pipelines, including various soil
physicochemical parameters and actual pipeline corrosion rate values. Through significance analysis
and feature selection, key input features—such as soil moisture content, resistivity, pH, and other
indicators (A—G)—were identified, with the pipeline corrosion rate set as the output target. The
dataset was randomly divided into training and testing sets in a 7:3 ratio and standardized to eliminate
scale effects. A backpropagation (BP) neural network with two hidden layers was constructed to learn
the complex nonlinear mapping between the selected features and the corrosion rate using the training
set. The generalization ability of the model was evaluated using the test set. The results demonstrate
that the model achieves high prediction accuracy and can serve as an effective tool for corrosion
protection of pipelines.
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Fig. 3 Significance Screening of Influencing Factors for Buried Pipeline Corrosion
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Fig. 4 Comparison Between Predicted and Actual Results of Pipeline Corrosion Rate Model

Analysis of the scatter plot between predicted and true values indicates that the pipeline corrosion
rate prediction model demonstrates favorable performance. Most data points are evenly distributed
on both sides of the y=x reference line, suggesting close agreement between predictions and actual
measurements, with an overall small prediction error. Particularly in the low corrosion rate range
(0.00-0.04), the model shows high predictive accuracy, as data points are tightly clustered around the
reference line. In medium and higher corrosion rate intervals, although minor deviations are observed
in some points, the vast majority remain within an acceptable error margin. The model effectively
captures the nonlinear relationship between soil physicochemical parameters and corrosion rates,
validating the selected features and the efficacy of the neural network architecture. It thus provides
reliable data support for pipeline safety management and maintenance decision-making.

3. DECISION-MAKING FOR PIPELINE CORROSION PROTECTION AND
MAINTENANCE

Upon completion of pipeline corrosion rate prediction, maintenance decisions must be further
developed based on the predictive results. This process takes the corrosion rate assessment as the core
basis, comprehensively considers factors such as safety risks, maintenance costs, and benefits, and
employs maintenance decision-making theories and technologies to determine recommended
solutions. Thereby, predictive data are transformed into executable maintenance strategies, achieving
closed-loop management from condition early-warning to precision operation and maintenance.
Corrosion of buried oil and gas pipelines results from the coupling of multiple factors such as soil
properties and medium composition [11, 12]. Traditional online inspection and periodic maintenance
exhibit limitations and lagging responses, while existing passive maintenance strategies often lead to
resource waste and cost increases, failing to adapt to the dynamic evolution of corrosion. With the
advancement of technologies such as machine learning and fault detection, these methods have
promoted the diversification and refinement of maintenance decision-making. They provide new
pathways for dynamic adjustment and optimized resource allocation in pipeline maintenance,
contributing to the establishment of a more efficient and sustainable intelligent maintenance system
[13, 14]. The disciplines related to pipeline anti-corrosion maintenance decision-making are shown
in the figure below.
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Fig. 5 Theories and Methods for Decision-Making in Pipeline Corrosion Protection and
Maintenance

3.1. Maintenance Strategies Based on Timing.

Based on pipeline corrosion status and failure risk, maintenance strategies can be categorized into
three types: reactive, periodic, and predictive maintenance. Reactive maintenance is performed after
a failure occurs, characterized by passive response and a high likelihood of production interruptions,
safety incidents, and substantial costs. Periodic maintenance involves scheduled inspections and
interventions, which can prevent certain risks but relies on fixed intervals, potentially resulting in
unnecessary repairs and insufficient adaptability. In contrast, predictive maintenance utilizes online
monitoring and artificial intelligence technologies to dynamically formulate proactive maintenance
plans through real-time data analysis and corrosion prediction. This approach combines high
efficiency, cost-effectiveness, and safety, significantly enhancing the reliability and sustainability of
pipeline operations [15, 16].

3.2. Maintenance Strategies Based on Methods.

Based on the severity of pipeline defects and repair techniques, maintenance strategies for oil and gas
pipelines can be classified into corrective, replacement, and preventive maintenance. Corrective
maintenance (e.g., reinforcement, sleeve repair, welding) targets local defects with low cost and rapid
restoration of integrity, yet it fails to address systemic issues. Replacement maintenance is suitable
for severe defects (such as corrosion depth exceeding 80% of wall thickness), eliminating risks
thoroughly through pipe replacement, but it involves high costs and production disruptions,
implemented via trenching or trenchless methods. Preventive maintenance, meanwhile, focuses on
corrosion prevention and retardation, reducing risks and lifecycle costs through regular inspections
and interventions. However, its effectiveness relies on a robust integrity management data system.
Future efforts should integrate big data and machine learning to enable more intelligent decision-
making [17, 18].

3.3. Maintenance Strategies Based on Evaluation Metrics.
With the integration of multidisciplinary knowledge, maintenance strategies for pipeline corrosion

have become increasingly diverse and can be categorized into decision-making methods based on
evaluation metrics such as reliability, remaining useful life, risk assessment, and fault tree analysis.
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Among these, reliability-based methods estimate the probability of failure by analyzing defect data,
operational records, and maintenance history, thereby formulating maintenance strategies aimed at
loss minimization. In contrast, risk-based methods further quantify both the likelihood of failure and
its potential consequences, guiding precise maintenance actions oriented towards risk-cost
optimization, which enhances both targeting accuracy and operational effectiveness [19, 20].

3.4. Maintenance Decision-Making Based on Remaining Useful Life.

Maintenance decision-making based on remaining useful life (RUL) prioritizes repair actions by
assessing pipeline performance degradation stages and quantifying damage trends incorporating
material properties, operational conditions, and environmental factors. Although this approach
provides an intuitive reflection of equipment status, prediction deviations may occur due to the
complexity of corrosion processes. In contrast, fault tree analysis (FTA) starts from a top event and
identifies systemic vulnerabilities through causal logic, enabling the development of cost-optimal
maintenance strategies based on criticality ranking.

4., SUMMARY

(1) The machine learning-based corrosion prediction model demonstrates significant applicability
and reliability. The neural network prediction model developed in this study effectively integrates
multi-source environmental and operational data, accurately capturing the complex nonlinear
relationships between soil physicochemical parameters and corrosion rates. It exhibits high predictive
accuracy, particularly in the low to medium corrosion rate range, thereby providing a scientific basis
for pipeline condition assessment and risk early warning.

(2) Corrosion maintenance decision-making is critical to ensuring the long-term safe operation of
pipelines. Traditional passive and time-based maintenance strategies are often inadequate in
addressing complex corrosion issues due to their reactive nature and inherent delays. In contrast,
proactive and dynamic decision-making methods—based on real-time monitoring, corrosion
prediction, and optimization—significantly enhance the targeting, cost-effectiveness, and systemic
safety of maintenance activities. This approach represents the future direction of intelligent pipeline
operation and maintenance.

(3) Multidisciplinary integration is driving the evolution of pipeline maintenance toward greater
refinement and intelligence. Effective maintenance decision-making requires the synthesis of
multiple indicators, including reliability, risk, corrosion rate, and remaining service life. By
integrating big data analytics, machine learning, and modern inspection technologies, a closed-loop
management system unifying “prediction—assessment—decision” can be established. This integrated
framework not only enhances pipeline safety but also optimizes life-cycle costs and improves
operational sustainability.
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