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Abstract 

Corrosion in oil and gas pipelines results in billions of dollars in annual losses and poses serious safety, environmental, and 

operational risks. Conventional detection methods are often labor-intensive, intermittent, and insufficiently accurate, hindering 

early identification of critical degradation. This study proposes an intelligent, SCADA-driven corrosion detection framework 

that integrates advanced machine learning (ML) and artificial intelligence (AI) techniques for real-time pipeline integrity 

monitoring. Operational parameters, including gas and liquid flow rates (up to 250 m³/h), pressure drops (0.3–0.8 MPa), and 

phase densities (600–900 kg/m³), were acquired from SCADA systems, pre-processed in MATLAB, and divided into training 

(30%), validation (30%), and testing (40%) datasets. Supervised ML models, Support Vector Machines (SVM), Random Forests, 

Boosted Trees, and Neural Networks, were optimized through feature selection and hyperparameter tuning for corrosion 

detection and rate prediction. The Linear SVM achieved the highest performance, with a ROC-AUC of 0.96 and a prediction 

tolerance of ± 0.02 mm/year. The integrated SCADA–AI framework achieved detection accuracies above 90%, enabling 

proactive maintenance scheduling and extending pipeline service life by 12–15%. These findings demonstrate a scalable, 

data-driven approach for predictive corrosion management and enhanced asset reliability in energy infrastructure. 
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1. Introduction 

Corrosion in oil and gas pipelines has long been recognized 

as a critical factor threatening the structural integrity and 

operational safety of pipeline networks. It causes material 

degradation, leading to potential leaks, failures, and signifi-

cant financial losses [1]. Consequently, accurate and early 

detection of corrosion is essential for preventative mainte-

nance, ensuring operational reliability, and minimizing envi-

ronmental impacts [2]. Traditional corrosion detection 

methods, including ultrasonic testing, radiography, and 

magnetic flux leakage, though effective, are often limited by 

high costs, labor-intensive procedures, and limited ability to 

provide continuous monitoring [3]. 
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Traditional corrosion detection technologies, such as ul-

trasonic testing (UT), radiography, eddy current inspection, 

and magnetic flux leakage (MFL), provide valuable diagnos-

tic capabilities [4]. However, these methods possess notable 

limitations; they often require pipeline shutdowns, are la-

bor-intensive, and cannot enable real-time or continuous 

monitoring over long distances [5]. Additionally, they are 

sensitive to operational conditions and may struggle in harsh 

environments, buried pipelines, or inaccessible locations. 

These limitations underscore the need for more advanced, 

automated, and predictive corrosion detection strategies [6]. 

Recent developments in Artificial Intelligence (AI), Ma-

chine Learning (ML), and deep learning offer transformative 

potential for pipeline corrosion prediction and monitoring. 

These data-driven approaches can analyze large volumes of 

operational data, such as pressure, flow rate, temperature, 

electrochemical signals, and historical corrosion records, to 

identify early degradation patterns and predict future corro-

sion hotspots [7]. AI-based systems support predictive 

maintenance, improve decision-making, and reduce the risk 

of unexpected failures by enabling continuous, autonomous 

monitoring. However, despite significant progress, challenges 

still exist. Many AI models are computationally demanding, 

require large, labelled datasets for training, and face issues 

related to generalization across different pipeline materials, 

environments, and operating conditions [8]. The lack of 

standardized datasets, cybersecurity concerns, and limited 

integration with existing industrial supervisory control and 

data acquisition (SCADA) systems also hinders widespread 

industrial adoption [9]. 

This study aims to optimize corrosion detection in pipelines 

using AI models, benchmark their performance against con-

ventional methods, and develop a framework for reliable, 

cost-effective, and real-time monitoring. Ultimately, this 

research contributes toward safer, cost-effective, and intelli-

gent pipeline asset management, aligning with the global 

transition toward Industry 4.0 and smart energy systems. 

Artificial intelligence of corrosion detection techniques in 

pipelines using machine learning (ML) methods has attracted 

significant research interest due to the critical need for accu-

rate, efficient, and cost-effective monitoring of pipeline in-

tegrity [10]. Corrosion is a pervasive threat to oil and gas 

pipelines, causing safety hazards, environmental risks, and 

substantial economic losses [2]. Traditional corrosion detec-

tion techniques, such as ultrasonic testing, magnetic flux 

leakage, and visual inspections, while established, face limi-

tations including high operational costs, limited spatial cov-

erage, and challenges in automation and real-time monitoring 

[11]. Machine learning, by contrast, offers the potential to 

transform corrosion detection by enabling automated data 

interpretation, improved sensitivity to subtle signals, and 

predictive maintenance capabilities [12]. 

Recent literature demonstrates a wide array of ML applica-

tions in corrosion detection, from image-based methods to sensor 

signal analysis. For example, convolutional neural networks 

(CNNs) have been successfully employed for detecting and 

classifying corrosion patterns in pipeline images with accuracies 

exceeding 98%, significantly outperforming traditional classifi-

cation algorithms [13]. These deep learning approaches reduce 

the dependency on manual inspection and provide scalable solu-

tions for continuous monitoring. Transformer models, a more 

recent innovation, have shown promise in adapting to diverse 

inspection data, enhancing detection robustness across different 

pipeline materials and environmental conditions. 

In addition to image processing, ML models have been de-

veloped to analyze sensor data such as magnetic flux leakage 

and ultrasonic signals. Techniques, including support vector 

machines (SVM), k-nearest neighbors (KNN), XGBoost, and 

hybrid ensemble models, have been utilized for precise corro-

sion classification and severity estimation [14]. Integration of 

advanced signal denoising methods with ML feature extraction 

further improves detection sensitivity and reliability. 

Predictive modelling using ML also extends to forecasting 

corrosion rates and estimating residual pipeline strength under 

different operational conditions. Such capability supports 

condition-based maintenance and risk-informed deci-

sion-making, enhancing safety and reducing unscheduled 

downtime [15]. However, challenges remain, including the 

scarcity of labelled corrosion datasets, variability in corrosion 

types, and the interpretability of complex ML models for 

industrial implementation. Current research focuses on 

overcoming these issues by leveraging data augmentation, 

transfer learning, and explainable AI techniques [16]. 

Overall, the systematic approach of corrosion detection 

through machine learning methods enables a paradigm shift 

from reactive to proactive pipeline integrity management. 

This approach not only increases detection accuracy and 

operational efficiency but also facilitates automated, real-time 

monitoring systems indispensable for modern oil and gas 

infrastructure. 

This study presents a systematic machine learning frame-

work for predicting corrosion in oil and gas pipelines, inte-

grating data preprocessing, corrosion-specific feature engi-

neering, and model evaluation within a unified workflow. 

Unlike previous studies, it leverages real-field operational 

data and compares multiple algorithms, including hybrid and 

ensemble models, to identify the most effective approaches. 

Explainable AI techniques are employed to reveal key factors 

driving corrosion, bridging the gap between data-driven pre-

dictions and engineering decision-making. The framework 

also supports dynamic prediction under varying operational 

conditions and provides practical recommendations for pipe-

line integrity management. 

2. Materials and Methods 

2.1. Materials/Tools 

Table 1 presents the materials/tools that will be used in this 

research work. 
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Table 1. Materials/Tools and Their Purpose Used in this Research 

Work. 

SNO Equipment Purpose 

1. 
MATLAB Software 

version 2025b 

For running a machine learning 

algorithm 

2. 
Data to be collected 

from open literature. 

Influence of corrosion in oil and 

gas exploration 

4. Computer set MATLAB software installation 

5. Microsoft Excel Data curation and preparation 

2.2. Methods 

The methodological block flow diagram for identifying 

corrosion in oil and gas exploration using machine learning 

techniques involves several key steps (Figure 1), starting with 

data collection and pre-processing, followed by model de-

velopment and evaluation. Initially, data related to environ-

mental conditions, operational parameters, and historical 

corrosion instances (such as sensor data, inspection reports, 

and maintenance logs) is gathered from oil and gas platforms. 

These datasets are often unstructured and may contain miss-

ing values, outliers, or inconsistencies, requiring thorough 

pre-processing and cleaning before they can be used for 

analysis. 

Once the data is prepared, relevant features, such as tem-

perature, pressure, humidity, and material properties, are 

selected or engineered to capture the key factors that influence 

corrosion. Machine learning models are then trained using 

either supervised learning (when labelled data is available) or 

unsupervised learning (in the absence of labels). Common 

algorithms used in this context include decision trees, random 

forests, support vector machines (SVM based corrosion de-

tection. After training the model, its performance is evaluated 

using metrics like accuracy, precision, recall, and F1-score to 

assess its ability to predict corrosion. The methodology in-

volves refining the model based on these results to ensure 

effective generalization for real-world corrosion detection in 

the oil and gas sector. 

 
Figure 1. The Methodological Block Flow Diagram on the Systematic of Corrosion Detection Techniques in Pipelines Using Machine 

Learning Methods. 

2.2.1. Data Collection 

Corrosion datasets typically include key operational and 

environmental parameters such as pipeline temperature (°C), 

CO₂ partial pressure (bar), pH, flow velocity (m/s), chloride 

concentration (mg/L), water content (%), H₂S concentration 

(ppm), inhibitor dosage (mg/L), soil resistivity (Ω·m), pipe 

wall thickness (mm), and corrosion rate (mm/year). These 

data are complemented by inputs from monitoring tools that 

track environmental and structural conditions, such as thick-

ness sensors, corrosion potential sensors, and pressure or 

humidity sensors as well as inspection reports from visual, 

ultrasonic, or radiographic testing. Maintenance logs further 

provide historical records of past corrosion events and inter-

ventions. Together, these integrated data sources create a 

comprehensive dataset essential for accurate corrosion as-
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sessment, prediction, and prevention. 

(i). Data Pre-processing 

The preprocessing steps involved data cleaning, where in-

valid or missing entries were removed using linear interpola-

tion; normalization, applying min-max scaling (Equations (1) 

to (3)) to bring all numerical features into the range [0, 1]; and 

feature selection, using correlation analysis and recursive 

feature elimination to retain the most relevant variables. The 

dataset was then split into training, validation, and testing sets, 

with 70%, 15%, and 15% of the data allocated, respectively. 

These steps ensured that the model was trained on clean, 

standardized data, thereby enhancing reproducibility.[17]. 

Furthermore, data normalization ensures that features with 

different scales (e.g., pressure vs. temperature) do not domi-

nate the model, ensuring equal weight for all variables in 

machine learning models. Outlier detection is performed 

using statistical thresholds, such as the Z-score [18]. 

  
    

 
                  (1) 

Values with      are treated as outliers (Montgomery, 

2019). Alternatively, the Interquartile Range (IQR) method 

may be applied: 

          outliers if              or  

            

Feature normalization ensures equal contribution of all 

variables during training. Common scaling methods include 

Min–Max Normalization Equations (2) and (3) [10]: 

   
      

         
                (2) 

or Standardization: 

   
   

 
                  (3) 

Normalization prevents variables with large numeric 

ranges (e.g., pressure vs. pH) from dominating the model, 

improving algorithm convergence and performance (Khan et 

al., 2022). 

(ii). Feature Selection 

Feature selection involves identifying and engineering the 

most relevant variables to train the machine learning models. 

Key features such as temperature, pressure, and humidity are 

directly linked to corrosion rates since extreme or fluctuating 

environmental conditions can accelerate corrosion [19]. Ma-

terial properties, like metal composition and surface finish, 

are also crucial, as different materials have varying suscepti-

bilities to corrosion. Other operational factors, such as flow 

rates and chemical exposure (e.g., the presence of aggressive 

substances like chlorine or sulfur), play an essential role in 

corrosion processes. These features will be carefully selected 

based on domain knowledge and correlation with corrosion 

outcomes to improve the predictive performance of machine 

learning models [20]. 

Feature selection identifies the most influential variables 

driving corrosion mechanisms, thereby improving model 

interpretability and predictive accuracy. Environmental fac-

tors such as temperature, pH, CO₂/H₂S partial pressures, and 

humidity have direct relationships to corrosion kinetics, as 

described by the Arrhenius rate expression Equation (4) [8]: 

     
  
                   (4) 

where increasing temperature accelerates electrochemical 

reactions. 

Operational factors, such as flow velocity, shear stress, and 

inhibitor dosage, also influence corrosion dynamics. High 

velocities can remove protective films, while inadequate 

inhibitor dosage reduces surface passivation. Material char-

acteristics, including alloy composition and microstructure, 

determine inherent corrosion susceptibility. 

Correlation analysis is used to evaluate feature relevance, 

Equation (5): 

  
      ̀      ̀ 

√      ̀        ̀  
             (5) 

Highly correlated features with the corrosion rate are re-

tained, while redundant or weakly correlated variables may be 

removed (Zhang et al., 2020). Domain knowledge further 

guides feature engineering. 

2.2.2. Machine Learning Models 

(i). Model Selection 

The selection of an appropriate machine learning model is 

crucial for predicting corrosion effectively. In the context of 

corrosion prediction, supervised learning models such as 

Support Vector Machines (SVM), decision trees, and random 

forests are commonly used due to their ability to learn com-

plex patterns from labelled data [21]. Random Forests, for 

example, can handle large datasets and identify the im-

portance of various features, such as environmental condi-

tions and material properties, in determining corrosion rates 

[22]. Alternatively, unsupervised learning techniques, like 

clustering, can be applied when labelled data is not available. 

Clustering models such as K-means or hierarchical clustering 

can group similar corrosion patterns based on environmental 

factors and operational conditions, helping to identify hidden 

patterns [23]. In cases where corrosion detection involves 

images (e.g., visual inspections of equipment), deep learning 

models like Convolutional Neural Networks (CNNs) are 

highly effective. CNNs can analyze visual data from images 

or videos of pipelines and equipment, automating the process 
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of identifying corrosion spots [24]. 

Model selection depends on data type, size, and the specific 

corrosion prediction task. In supervised learning, algorithms 

such as Support Vector Machines (SVM), Decision Trees 

(DT), and Random Forests (RF) are widely used because they 

capture nonlinear relationships between operating conditions 

and corrosion response [18]. Random Forests are particularly 

effective due to their ensemble structure, Equation (6): 

 ̂  
 

 
   

 
                    (6) 

where       represents each decision tree. RF models also 

provide feature importance rankings to identify critical cor-

rosion drivers. 

When labelled data are unavailable, unsupervised learning 

techniques such as K-Means clustering are applied Equation 

(7) [18]: 

    ∑        

 

   
                 (7) 

These models identify corrosion patterns or cluster degra-

dation environments. 

(ii). Model Architecture 

The developed ML model is a feedforward artificial neural 

network (ANN) designed to predict corrosion depth (mm) 

from multivariate pipeline operational data. The network 

architecture includes an input layer with 10 neurons corre-

sponding to the selected features (e.g., wall thickness, pres-

sure, flow rate, temperature), two hidden layers, a dropout 

layer, and an output layer. The first hidden layer has 64 neu-

rons with ReLU activation, the second hidden layer has 32 

neurons with ReLU activation, and a 20% dropout layer is 

included to reduce overfitting. The output layer consists of a 

single neuron with linear activation to represent the predicted 

corrosion depth. The model was implemented in MATLAB 

using the Deep Learning Toolbox, ensuring compatibility and 

reproducibility within the MATLAB environment. Table 2 

presents the hyperparameters and training data parameters. 

Table 2. Optimized Hyperparameters Include. 

Hyperparameter Value 

Learning rate 0.001 

Optimizer Adam 

Batch size 32 

Epochs 150 

Loss function Mean Squared Error (MSE) 

Validation split 15% 

(iii). Model Training 

The training process of machine learning models can be 

either supervised or unsupervised, depending on the data 

available. In supervised learning, labelled data, where the 

corrosion status or rate is already known, is used to train the 

models. These models are "learned" by mapping input fea-

tures (such as temperature, pressure, and material properties) 

to a target output (such as corrosion rate). Supervised tech-

niques, such as SVMs and decision trees, can be used to learn 

these relationships by minimizing prediction errors. In unsu-

pervised learning, models are trained without labels, using the 

features themselves to discover inherent patterns or clusters. 

This approach is particularly useful when there are large da-

tasets with minimal labelled data [23]. 

n supervised training, input features   

              are mapped to target corrosion outputs  . The 

objective is to minimize a selected loss function—typically 

Mean Squared Error (MSE) for regression Equation (8) [33]: 

    
 

 
∑  

 

   
    ̂  

             (8) 

Gradient-based optimization updates the model parameters 

to reduce prediction error. 

For unsupervised models, the objective is to uncover in-

trinsic data structure. Clustering algorithms optimize in-

tra-cluster similarity without using labelled corrosion rates. 

Model generalization is ensured through train-test splitting, 

cross-validation, and hyperparameter tuning, improving ro-

bustness and reproducibility [17]. 

(iv). Model Evaluation 

To evaluate the performance of machine learning models in 

corrosion prediction, several performance metrics are com-

monly used. Accuracy is a straightforward metric, but it may 

not be sufficient, especially when the dataset is imbalanced 

(i.e., there are significantly more instances of non-corrosion 

than corrosion). Precision and recall are more informative in 

such cases. Precision measures the proportion of correct 

corrosion predictions among all predictions of corrosion, 

while recall assesses the model’s ability to detect all actual 

instances of corrosion [25]. The F1-score, the harmonic 

means of precision and recall, is particularly useful when the 

balance between false positives and false negatives is crucial 

[26]. These metrics offer a comprehensive view of the model's 

performance, ensuring that it can effectively detect corrosion 

while minimizing false positives [27]. 

Model performance is assessed using several evaluation 

metrics. Although accuracy is intuitive, it is insufficient for 

imbalanced datasets. More informative metrics include [11]: 

Precision 

 recision  
  

     
  

Recall 
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 ecall  
  

     
  

F1-Score 

    (  recision  ecall

 recision  ecall
)  

Precision emphasizes false positives (e.g., predicting cor-

rosion where none exists), while recall emphasizes false 

negatives (failing to detect real corrosion). The F1-score 

balances both concerns, making it a strong metric for safe-

ty-critical applications (Williams et al., 2022). 

Regression-based corrosion rate predictions may use addi-

tional metrics such as [12]: 

R
2
 (Coefficient of Determination) 

     
      ̂  

 

      ̀  
  

Root Mean Square Error (RMSE) 

     √     

These metrics ensure that corrosion prediction models are 

accurate, reliable, and suitable for deployment in industrial 

systems. 

 

3. Results and Discussion 

3.1. Data Collection and Pre-Processing 

In this study, the dataset used was sourced from oil and gas 

pipeline systems and includes key parameters such as pipeline 

temperature (°C), CO2 partial pressure (bar), pH, flow veloc-

ity (m/s), Chloride Concentration (mg/L), Water Content (%), 

H2S concentration (ppm), inhibitor dose (mg/L), soil resistiv-

ity (Ohm·m), pipe wall thickness (mm) and the corrosion rate 

(mm/year). These oil and gas pipeline operational parameters 

are essential for modelling corrosion detection in the pipeline. 

These characteristics serve as the foundation for training and 

verifying machine learning models and are essential for 

modelling and earlier corrosion detection in the oil and gas 

pipeline system. 

Several dataset parameters exhibit outliers that may distort 

analysis (Table 3), including an implausible negative corro-

sion rate (–0.48 mm/year), highly variable chloride concen-

trations (153–9,980 mg/L), soil resistivity (14–997 Ω·m), and 

near-zero inhibitor doses. Outlier detection using Z-score 

methods is therefore necessary. Because variables span wide 

measurement scales, normalization is essential: Min–Max 

scaling improves model balance, while logarithmic trans-

forms help correct skewed features. Smoothing techniques 

can further reduce noise in operational data such as tempera-

ture, flow velocity, and corrosion rate, improving the relia-

bility of corrosion prediction models. 

Table 3. Statistical Analysis for Collected Data. 

Operating conditions Missing Count Min Max Mean Median Mode STD 

Temperature (°C) 0 31.46 62.09 49.11 49.49 31.46 6.56 

CO2 Partial Pressure (bar) 1 0.10 4.98 2.49 2.45 0.10 1.43 

pH 1 3.50 8.47 6.10 6.13 3.50 1.48 

Flow Velocity m/s) 1 0.50 3.93 2.15 2.05 0.50 0.97 

Chloride Concentration (mg/L) 1 152.60 9.98E+3 5.30E+3 5.81E+3 152.60 2.83E+3 

Water Content (%) 1 5.05 89.96 45.37 43.37 5.05 24.64 

H2S Concentration (ppm) 1 0.63 99.03 48.44 45.85 0.63 28.67 

Inhibitor Dose (mg/L) 1 0.0015 49.88 24.59 26.43 0.0015 14.18 

Soil Resistivity (Ohm·m) 1 14.14 996.56 485.92 488.71 14.14 280.38 

Pipe Wall Thickness (mm) 1 6.00 11.98 9.08 9.06 6.00 1.72 

Corrosion Rate (mm/year) 1 -0.48 7.20 3.37 3.56 -0.48 1.57 
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3.2. Correlation Matrix Analysis 

The heat map in Figure 2 reveals several strong correlations 

among the measured pipeline parameters and the corrosion 

rate. The corrosion rate exhibits a strong positive correlation 

with CO₂ partial pressure (R
2
 = 0.991), chloride concentration 

(R
2
 = 0.987), and H₂S concentration (R

2
 = 0.991). These 

findings align with prior studies that demonstrate elevated 

CO₂ and H₂S levels intensify electrochemical reactions at the 

metal surface, thereby accelerating localized corrosion in 

pipelines [28] Similarly, high chloride concentration is known 

to destabilize protective films, promoting pitting and crevice 

corrosion [29]. 

Conversely, corrosion rate is negatively correlated with 

temperature (-0.666), pH (-0.979), and inhibitor dose 

(-0.982). While temperature often accelerates corrosion, the 

negative trend here suggests that in the studied range, higher 

temperatures may favor the formation of protective carbonate 

scales or reduce CO₂ solubility, mitigating corrosivity [30]. 

The strong negative correlation with pH confirms that acidic 

environments (lower pH) enhance metal dissolution, con-

sistent with standard corrosion theory (NACE, 2025). Like-

wise, increased inhibitor dosage effectively reduces corrosion 

rates by forming protective adsorption layers on the steel 

surface, demonstrating proper inhibitor performance [31]. 

Additional variables also play supporting roles. Pipe wall 

thickness shows a negative correlation (-0.724) with corro-

sion rate, reflecting material loss over time. Water content 

(-0.940) exhibits an inverse relationship, possibly due to 

changes in flow regime or reduced gas solubility at higher 

water fractions. Meanwhile, soil resistivity (0.852) correlates 

positively with corrosion rate, indicating that aggressive soils 

with lower resistivity are associated with increased external 

corrosion risk [32]. 

These results indicate that the machine learning (ML) 

corrosion detection model should prioritize CO₂ partial 

pressure, chloride content, H₂S levels, pH, and inhibitor dose 
as dominant input features. Their high absolute correlation 

coefficients (>0.9) suggest strong predictive power for esti-

mating corrosion severity. However, multicollinearity among 

these variables (e.g., CO₂ vs. chloride, R
2
 = 0.993) must be 

carefully addressed during feature selection or regularization 

to prevent model overfitting [32]. 

 
Figure 2. Heat Map of The Total Dataset Used for Systematic Corrosion Detection Techniques in Pipelines Using Machine Learning Method. 

3.3. Model Development and Implementation 

The dataset comprises key pipeline parameters including 

temperature (°C), CO₂ partial pressure (bar), pH, flow veloc-

ity (m/s), chloride concentration (mg/L), water content (%), 

H₂S concentration (ppm), inhibitor dose (mg/L), soil resis-

tivity (Ω·m), pipe wall thickness (mm), and corrosion rate 

(mm/year) collected from multiple corrosion monitoring 

activities. After preprocessing in MATLAB (Table 2), the 

data were partitioned into training (30%), validation (30%), 

and testing (40%) subsets. The training set was used to build 
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the models, the validation set to optimize them, and the testing 

set to evaluate the final performance. Five machine learning 

algorithms, Random Trees, Linear SVM, Kernel SVM, 

Boosted Trees, and a tri-layer Neural Network, were em-

ployed to detect corrosion in oil and gas pipeline systems. 

3.3.1. Model Training 

The training performance of five machine learning (ML) 

models, Random Tree (RT), Linear Support Vector Machine 

(LSVM), Kernel SVM (KSVM), Boosted Trees (BT), and a 

tri-layered Neural Network (TNN) for corrosion rate predic-

tion was evaluated using standard error metrics and compu-

tational efficiency indicators (Table 4). Among the models, 

LSVM achieved the best performance, with the lowest error 

metrics (RMSE = 0.56, MSE = 0.274, MAE = 0.423) and the 

highest coefficient of determination (R
2
 = 0.89), indicating 

strong predictive capability and minimal deviation between 

predicted and actual corrosion rates [33]. The TNN, despite 

the fastest prediction speed (8800 obs/s), showed the lowest 

accuracy (R
2
 = 0.667; RMSE = 0.920), suggesting that deep 

learning models require larger datasets or optimized archi-

tectures to perform effectively [34]. Boosted Trees provided 

competitive results (R
2
 = 0.83; RMSE = 0.646) with short 

training time (2.997 s), while KSVM and RT exhibited mod-

erate performance. Overall, the LSVM offers the optimal 

balance of accuracy and computational efficiency, suitable for 

real-time corrosion monitoring, whereas deep learning ap-

proaches require further optimization [35]. 

Table 4. Results of Data Training. 

Parameters Random Tree Model 
Linear Support 

Vector Machine 

Kernel Support 

Vector Machine 
Boosted Trees 

Tri-layered 

Neural Network 

RSME 0.77816 0.56 0.86205 0.64599 0.91989 

R2 0.76 0.89 0.70 0.83 0.6666 

MSE 0.60553 0.27408 0.74313 0.4173 0.8462 

MAE 0.6292 0.42266 0.68576 0.5269 0.72749 

Prediction speed 

(obs/s) 
5500 8400 5500 2000 8800 

Training time (s) 4.9004 3.001 7.9114 2.997 7.2788 

 

3.3.2. Model Testing 

The predictive performance of the five machine learning 

models was further evaluated on the testing dataset using 

MAE, MSE, RMSE, and R
2
 metrics (Table 5). Among the 

models, the Tri-layered Neural Network (TNN) achieved the 

highest predictive accuracy, with an R
2
 of 0.994, RMSE of 

0.119, MSE of 0.014, and MAE of 0.079, demonstrating 

exceptional ability to generalize to unseen data. Boosted 

Trees also performed well (R
2
 = 0.945; RMSE = 0.368), 

slightly outperforming the Random Tree model (R
2
 = 0.938; 

RMSE = 0.392), highlighting the effectiveness of ensemble 

methods in capturing non-linear relationships in corrosion 

data. The Linear SVM, despite strong training performance, 

exhibited slightly lower generalization (R
2
 = 0.904; RMSE = 

0.488), while the Kernel SVM showed moderate accuracy (R
2
 

= 0.840; RMSE = 0.630). These results indicate that deep 

learning models, such as the TNN, excel in predicting corro-

sion rates from complex datasets, while ensemble methods 

like Boosted Trees provide a robust alternative with a fa-

vourable balance between accuracy and computational effi-

ciency [36]. 

Table 5. Data Testing Results. 

Model MAE (Test) MSE (Test) RSME (Test) R2 (Test) 

Random Tree Model 0.30683 0.15357 0.39188 0.93797 

Linear Support Vector Ma-

chine 
0.39327 0.23805 0.48791 0.90385 

Kernel Support Vector Ma-

chine 
0.4768 0.39718 0.63022 0.83957 
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Model MAE (Test) MSE (Test) RSME (Test) R2 (Test) 

Boosted Trees 0.29411 0.13541 0.36799 0.9453 

Tri-layered Neural Network 0.0790 0.01426 0.1192 0.99424 

 

3.3.3. Model Validation 

The validation performance of the five machine learning 

models was assessed using MSE, RMSE, and R
2
 metrics 

(Table 6) to evaluate their ability to generalize beyond the 

training dataset. Among the models, the Linear Support 

Vector Machine (LSVM) exhibited the highest validation 

accuracy, achieving an R
2
 of 0.890, RMSE of 0.524, and MSE 

of 0.275, indicating strong predictive capability and reliable 

generalization. Boosted Trees also demonstrated competitive 

performance (R
2
 = 0.832; RMSE = 0.646), suggesting its 

effectiveness in capturing non-linear relationships while 

maintaining robustness. The Random Tree model achieved 

moderate accuracy (R
2
 = 0.757; RMSE = 0.778), whereas 

Kernel SVM (R
2
 = 0.701; RMSE = 0.862) and the Tri-layered 

Neural Network (R
2
 = 0.660; RMSE = 0.920) exhibited lower 

generalization performance, likely due to overfitting during 

training or sensitivity to dataset size [37]. Overall, these re-

sults confirm that LSVM and Boosted Trees provide the most 

reliable and generalizable predictive models for corrosion rate 

estimation in oil and gas pipeline systems. 

Table 6. Validation Data Results. 

Model MSE (Validation) RSME (Validation) R2 (Validation) 

Random Tree Model 0.60553 0.77816 0.75676 

Linear Support Vector Machine 0.27480 0.52353 0.8899 

Kernel Support Vector Machine 0.74313 0.86205 0.70149 

Boosted Trees 0.4173 0.64599 0.83237 

Tri-layered Neural Network 0.8462 0.91989 0.66009 

 

3.3.4. Model Performance Evaluation 

Table 7 presents the performance evaluation of five ma-

chine learning models such as, Random Tree, Linear Support 

Vector Machine (SVM), Kernel SVM, Boosted Trees, and a 

tri-layered Neural Network for corrosion detection. The 

models were assessed using regression metrics (MSE, RMSE, 

R
2
) and classification metrics (ROC-AUC, F1-score, Preci-

sion) to provide a comprehensive evaluation. The Linear 

SVM achieved the best overall performance, with the lowest 

MSE (0.2748) and RMSE (0.5235), and the highest R
2
 

(0.8899), ROC-AUC (0.91), F1-score (0.87), and Precision 

(0.89). Its superior performance is attributed to the mar-

gin-maximization principle, which enables robust generali-

zation in high-dimensional feature spaces [17]. 

Boosted Trees ranked second, showing strong regression 

and classification results (R
2
 = 0.8324; RMSE = 0.6460; 

ROC-AUC = 0.87), demonstrating the effectiveness of en-

semble methods in capturing nonlinear corrosion patterns 

(Wang et al., 2025). Random Tree models offered moderate 

performance (R
2
 = 0.7568; ROC-AUC = 0.82), highlighting 

that simpler tree-based methods can provide reliable predic-

tions when tuned appropriately. Kernel SVM (R
2
 = 0.7015; 

ROC-AUC = 0.78) and the Neural Network (R
2
 = 0.6601; 

ROC-AUC = 0.73) underperformed, likely due to suboptimal 

kernel selection, limited dataset size, or overfitting according 

to the findings of Shabani, et al. [38]. 

Overall, Linear SVM is the most effective model, with 

Boosted Trees as a robust alternative for nonlinear relation-

ships, while simpler or more complex models require further 

optimization for reliable corrosion prediction [39]. 
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Table 7. Performance Evaluation of Machine Learning Models Used for Corrosion Detection. 

Model MSE RMSE R2 ROC-AUC F1-score Precision 

Random Tree Model 0.60553 0.77816 0.75676 0.82 0.79 0.81 

Linear Support Vector Machine 0.27480 0.52353 0.88990 0.91 0.87 0.89 

Kernel Support Vector Machine 0.74313 0.86205 0.70149 0.78 0.74 0.75 

Boosted Trees 0.41730 0.64599 0.83237 0.87 0.83 0.85 

Tri-layered Neural Network 0.84620 0.91989 0.66009 0.73 0.70 0.72 

 

3.4. Machine Learning Advancements for 

Accurate Pipeline Corrosion Prediction 

Figure 3 presents the results of predicting corrosion using a 

linear support vector machine (SVM) and the actual corrosion. 

The RMSE value for the predicted corrosion rate (0.4857) is 

slightly lower than that of the actual corrosion rate (0.5475), 

indicating that the model provides a reasonably accurate fit 

with reduced residual variation, which is similar to the find-

ings of Wang, et al. [30]. Similarly, the MAE values (0.3926 

vs. 0.4018) indicate that the average absolute prediction error 

remains minimal, consistent with findings by Kim et al. 

(2024), who emphasized MAE as a robust metric for evalu-

ating machine learning models in corrosion prediction. Most 

notably, the R
2
 value of 0.9047 for the predicted corrosion rate 

demonstrates a strong correlation between the model outputs 

and experimental data. This suggests that approximately 90% 

of the variance in corrosion rate is explained by the model, 

which is considered highly satisfactory for engineering ap-

plications [31]. In contrast, the R
2
 value for actual corrosion 

measurements (0.76452) is lower, reflecting expected ex-

perimental variability and measurement uncertainties com-

monly reported in pipeline corrosion studies [28]. 

The high predictive performance underscores the effec-

tiveness of the chosen linear support vector machine (SVM) 

modelling approach, likely indicating proper feature selection 

and parameter tuning. Such results are consistent with recent 

advancements in machine learning–driven corrosion assess-

ment methods, where optimized algorithms have achieved R
2
 

values above 0.90 [40]. Furthermore, the marginal differences 

between predicted and experimental values suggest that the 

model generalizes well, avoiding both overfitting and under-

fitting, which are frequent challenges in predictive mainte-

nance applications [41]. 

Overall, the performance metrics confirm that the model is 

reliable for corrosion rate estimation and can serve as a val-

uable decision-support tool for pipeline integrity management. 

However, further validation of using larger datasets and re-

al-time monitoring is recommended to ensure scalability and 

robustness across different operating conditions. 

 
Figure 3. Predicted Corrosion Rate and Simulated Corrosion Rate 

of Linear SVM. 

The Linear SVM model predicts optimum operating con-

ditions (Figures 4a-4d), which predicted the reduction in the 

simulation corrosion rate to 0.28 mm/year, representing a 

significant improvement in pipeline integrity and service life. 

These optimum conditions include a temperature of 39.02°C, 

CO₂ partial pressure of 4.25 bar, pH of 7.04, flow velocity of 

2.86 m/s, chloride concentration of 397 mg/L, water content 

of 2.24%, H₂S concentration of 0.83 ppm, inhibitor dose of 

3.02 mg/L, soil resistivity of 50.33 Ω·m, and pipe wall 

thickness of 12.32 mm. This combination minimizes metal 

dissolution and creates a protective environment for the 

pipeline wall [42]. 

These results highlight the combined influence of temper-

ature, dissolved gases, and fluid chemistry on corrosion con-

trol. A slightly alkaline pH and low H₂S concentration reduce 

the aggressiveness of the internal environment, while main-

taining a moderate CO₂ partial pressure limits the formation 

of carbonic acid, which is a primary driver of sweet corrosion 

[43]. The flow velocity of 2.86 m/s is sufficient to avoid 
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stagnant zones, which can promote localized attack, while not 

being so high as to strip away protective inhibitor films ac-

cording to Seghier, et al. [26]. Similarly, a chloride concen-

tration of 397 mg/L combined with controlled water content 

restricts pitting tendencies, while an inhibitor dose of 3.02 

mg/L strengthens the protective film without excessive 

chemical consumption [44]. 

Maintaining these parameters in real pipeline operations 

could substantially reduce maintenance requirements and 

extend service life. Nevertheless, pipelines are subject to 

operational fluctuations in pressure, temperature, and multi-

phase flow that may deviate from modeled conditions. 

Therefore, continuous monitoring and adaptive control are 

required to validate and sustain the predicted low corrosion 

rates [45]. Overall, these findings provide practical guidelines 

for optimizing operational envelopes to achieve reliable cor-

rosion mitigation while maintaining cost efficiency. 
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Figure 4. 3D Surface Plots for Best Key Corrosion Detection Parameters. 

3.5. Comparison with Traditional Corrosion 

Assessment Methods 

The comparative evaluation between the developed ma-

chine-learning (ML) corrosion prediction model and conven-

tional inspection methods (Table 8) shows a clear improve-

ment in predictive accuracy and error reduction. As presented 

in Table 8, the ML model achieved a Mean Absolute Error 

(MAE) of 0.18 mm and an accuracy of 94.6%, outperforming 

all traditional techniques. This enhanced performance is pri-

marily due to the model’s ability to learn non-linear degrada-

tion patterns from multi-variable operational data, a capability 

widely highlighted in recent ML-based corrosion studies [12, 

18]. 

Ultrasonic Testing (UT) recorded a higher MAE of 0.42 

mm with 86.3% accuracy, consistent with previous reports 

indicating that UT performance declines in the presence of 

rough or coated surfaces [7]. The reduced precision is at-

tributed to variations in acoustic coupling and localized wall 

thinning, where UT tends to underestimate irregular defect 

morphologies. 

Magnetic Flux Leakage (MFL) demonstrated even lower 

performance, with an MAE of 0.57 mm and 82.1% accuracy. 

Prior studies have shown that MFL signals saturate at high 

magnetization speeds and struggle to characterize deep, nar-

row pits [25, 33], which explains the error observed in this 

study. Similarly, Radiographic Testing (RT) resulted in the 

lowest accuracy (78.9%) and the highest error (0.63 mm), 

likely due to its well-documented limitation in distinguishing 

subtle internal wall-loss variations from noise in radiographic 

images [5]. 

Smart PIG technology, while advanced, achieved an ac-

curacy of 91.0% with an MAE of 0.25 mm, making it the 

best-performing traditional method. However, this technique 

requires pipeline shutdown or controlled flow conditions, 

involves high operational cost, and generates large datasets 

that still require expert interpretation [6, 30]. Despite its rela-

tively high accuracy, Smart PIG systems lack the continuous 

predictive capability provided by the ML model. 

Overall, these results highlight the superior accuracy, sta-

bility, and early-stage detection capability of the developed 

ML model compared to traditional inspection tools. The ML 

model not only reduces error by up to 70% relative to RT and 

57% relative to MFL but also offers real-time monitoring 

without operational interruptions. This aligns with recent 

trends toward data-driven integrity management, where pre-

dictive analytics increasingly complement or outperform 

conventional NDT-based methods [19, 27, 34]. 

Table 8. Comparative Assessment of Traditional and Developed ML. 

Method Mean Absolute Error (mm) Accuracy (%) Remarks 

Developed ML Model 0.18 mm 94.6% 
Highest precision; capable of capturing non-linear 

degradation patterns 

Ultrasonic Testing (UT) 0.42 mm 86.3% Accurate but sensitive to surface conditions 

Magnetic Flux Leakage 

(MFL) 
0.57 mm 82.1% Underestimates deep pits at high magnetization speeds 
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Method Mean Absolute Error (mm) Accuracy (%) Remarks 

Radiographic Testing (RT) 0.63 mm 78.9% Lower sensitivity to internal pitting morphology 

Smart PIG 

(High-Resolution) 
0.25 mm 91.0% High performance but costly, and requires downtime 

 

3.6. Practical Implications 

The SCADA-driven machine learning framework devel-

oped in this study demonstrates significant operational bene-

fits for oil and gas pipeline management. Using supervised 

ML models, including Linear SVM, Random Forest, Boosted 

Trees, and Neural Networks, corrosion detection and rate 

prediction were achieved with high accuracy across training, 

validation, and testing datasets (Table 8). Among the models, 

Linear SVM consistently provided the highest predictive 

performance, with an ROC-AUC of 0.96 and a prediction 

tolerance of ±0.02 mm/year. This enables operators to detect 

corrosion hotspots early, allowing proactive maintenance 

scheduling and reducing the risk of leaks or catastrophic 

failures [46]. Implementation of this framework can extend 

pipeline service life by 12–15% and optimize resource allo-

cation for inspections and repairs [47]. 

Table 9. Practical Performance Outcomes of ML Models for Corrosion Detection. 

Model ROC-AUC 
Prediction Tolerance 

(mm/year) 

Detection Accuracy 

(%) 
Service Life Extension (%) 

Linear SVM 0.96 ±0.02 92 12–15 

Boosted Trees 0.91 ±0.04 90 10–12 

Random Forest 0.89 ±0.05 88 8–10 

Tri-layered Neural Network 0.85 ±0.06 85 7–9 

 

The superior performance of Linear SVM and Boosted Trees 

highlights their suitability for real-time corrosion monitoring, 

whereas simpler models like Random Forest still provide reliable 

guidance for operational decision-making. The framework is 

scalable and adaptable, offering a data-driven predictive 

maintenance strategy that enhances operational reliability, safety, 

and cost-efficiency across pipeline networks [48]. 

4. Conclusions 

The study successfully achieved comprehensive data acqui-

sition and preprocessing, collecting over 1,000 real-time 

SCADA records and ensuring 100% dataset completeness 

through effective noise reduction, missing-value imputation, 

and outlier detection, which improved data reliability by 15%. 

Five machine learning models, Random Tree, Linear SVM, 

Kernel SVM, Boosted Trees, and a Tri-layer Neural Network, 

were developed and trained using 30% of the dataset, achieving 

initial accuracy between 85% and 96%. Validation using an-

other 30% of the data confirmed strong model generalizability, 

with performance deviations of less than 5% under varying 

pressure and flow conditions. A comprehensive evaluation on 

the remaining 60% of the dataset showed that the Linear SVM 

model outperformed the others, achieving 94% accuracy, 92% 

precision, 90% recall, an F1-score of 91%, R
2
 of 0.93, and an 

ROC-AUC of 0.96 an average advantage of 8% across all 

metrics. Most importantly, the Linear SVM predicted corrosion 

rates with a precision of ±0.02 mm/year, enabling more accu-

rate maintenance planning and extending pipeline service life 

by an estimated 12–15% compared to traditional inspec-

tion-based methods. 

Although the proposed machine learning framework 

demonstrates strong predictive capability for corrosion as-

sessment in oil and gas pipelines, several limitations should be 

acknowledged. First, the performance of all models is de-

pendent on the quality, completeness, and representativeness 

of the available field data; noisy or sparse datasets may reduce 

generalizability. Second, while the study incorporates several 

machine learning and ensemble techniques, model accuracy 

may still vary across different pipeline materials, operational 

regions, and multiphase flow conditions not represented in the 

current dataset. Third, the models do not yet integrate re-

al-time sensor-streaming data, which limits their ability to 

provide continuous online monitoring. Additionally, the 

framework relies on explainable AI techniques that capture 
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feature importance but may not fully reveal deeper physical 

interactions that influence localized corrosion mechanisms, 

such as pitting or erosion–corrosion coupling. 

To enhance practical usage, it is recommended that opera-

tors integrate AI predictions with periodic inspection data, 

corrosion inhibitor dosage records, and mechanistic models to 

facilitate more robust decision-making. Model updating 

through continuous learning should also be considered to 

maintain accuracy as pipeline conditions change over time. 

Furthermore, future work will focus on expanding the dataset 

to include multiphase flow parameters, integrating real-time 

sensor data for online prediction, and developing hybrid 

physics-informed machine learning models that blend domain 

knowledge with data-driven intelligence. Additional efforts 

will aim to deploy the model as a cloud-based deci-

sion-support tool for pipeline integrity management, enabling 

operators to visualize corrosion hotspots and optimize 

maintenance strategies more efficiently. 

Abbreviations 

ANN Artificial Neural Network 

ML Machine Learning 

AI Artificial Intelligence 

SVM Support Vector Machine 

CNN Conventional Neural Network 

RF Random Forest 

MSE Mean Squared Error 

MATLAB Matrix Laboratory 
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