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Abstract 

Natural gas, known for its cleanliness and cost-effectiveness, is transported across vast distances through pipelines. However, the 

safety concerns that arise from potential ruptures or leaks in these pipelines pose serious threats to the environment and human 

safety. This paper assesses the reliability of pipelines that have undergone corrosion, compounded by the fluid hammer effect 

observed in the liquefied gas flow. Machine learning models including support vector machines, linear discriminant analysis, 

random forest bagging, and Artificial Neural Networks have been meticulously crafted to forecast the safety status of pipelines, 

considering variables such as the pipe dimensions, material characteristics, fluid velocity, and flow rate. The design of the 

experiment methodology plays a pivotal role in calculating the pressure surge in pipelines corroded over time due to ongoing 

corrosion effects. The proposed machine learning models based on simulated data aim to predict the safety status of corroded 

pipelines with an accuracy rate of up to 97% in controlled environments. Integrating the proposed machine learning models for 
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reliability analysis and pressure surge detection in corroded pipelines, in conjunction with the fluid hammer effect, offers an 

innovative approach to identifying risks and hazards. 

 

Keywords- Fluid hammer effect, Machine learning, Artificial neural networks, Design of experiments, Pipeline reliability. 

 

 

 

1. Introduction 
Natural gas is considered one of the safest and most convenient fuel options that causes the least 

environmental disruption (Cronin & Pick, 2000; Dey, 2001).According to the “Shell LNG Outlook 2020” 

(2020) report, the demand for liquified natural gas (LNG) is estimated to double by 2040 (International 

Energy Agency & Korea Energy Economics Institute, 2019). It is important to note that for transportation 

over long distances, the natural gas is converted to a liquid state by freezing it to cryogenic temperatures of 

-162℃ at atmospheric pressure and is then stored and transported via specifically designed ships called 

LNG carriers (Xue et al., 2017). However, over time, pipelines suffer from corrosion due to an operational 

and environmentally imposed stress thereby causing large operation disruptions. Similarly, Due to its low 

cost and outstanding mechanical properties, mild steel is used in the construction of pipelines. On the 

contrary, this material readily adopts corrosion as the metal dissolves with acidic solutions and various 

other environmental factors (Alamilla et al., 2013). Furthermore, metal corrosion is accelerated by iron 

oxides and sulfides, causing pipes to decrease in thickness and length leading to leaks (Tsitsifli et al., 2006). 

The effect of pipeline failure in different directions is analyzed to measure the supply capacity of the 

pipeline. While working on the structural defects (small leaks, bursts) and their effect on supply capacity, 

research was conducted to use adaptive conjugate maps to assess the failure of corroded pipes based on 

low, medium, and high burst pressures and developing time-dependent reliability models to evaluate the 

severity of active corrosion defects (Al-Owaisi et al., 2018; Gong & Zhou, 2018; Seghier et al., 2018). One 

such study involves probabilistic methods for estimating the remaining life of already corroded pipelines 

(Sadiq et al., 2004). 

 

Corrosion is not the only factor responsible for gas pipeline failures. Additional factors such as mechanical, 

operational, third-party excavation, and natural hazards also contribute to the breaks and ruptures. The fluid 

generally flows with very high velocity and due to variations in pressure levels, the transient effects lead to 

pipe bursts, pipe flattening, cavitation, and loosening of pipe joints (Ghidaoui, 2004). The pressure variation 

can occur by rapid opening or closing of valves or starting a pump, leading to stress induction (Wang et al., 

2014a). This phenomenon is known as fluid hammer effect. To perform reliability analysis and determine 

the remaining health of pipelines, it is important to consider both corrosion and fluid hammer effects. All 

pipelines are inevitably exposed to high-pressure fluid hammers due to unexpected flow changes. The 

magnitude of the fluid hammer can exceed the tensile strength of the pipeline, especially when the pipeline 

material is deteriorated. Hydraulic and non-hydraulic factors also contribute to pipe bursts. Examples of 

hydraulic factors include hydraulic shock and cavitation, while non-hydraulic factors include pipe stress, 

corrosion, construction quality, and foundation failure. The stress intensity factor of pipes is crucial in 

pipeline risk assessment due to fluid pressure (Schmitt et al., 2006).  

 

As stated earlier, multiple failure modes occur due to various variables such as wall thrust, buckling, and 

bending stress. Correlation models, classification, and regression analysis models were developed along 

with Monte Carlo simulations to analyze the contribution of each factor towards the failure and check the 

reliability index of the system (Senouci et al., 2014). Multivariate techniques such as discriminant analysis 

and classification are also performed to carry out the reliability analysis of a wide network of pipelines. 

This technique involves the comparison of characteristics such as length, diameter, pressure, and lifetime 

of failed pipelines to healthy running pipes to determine the corrosion effects (Han & Weng, 2010; Zhou et 
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al., 2014). However, estimating failure in pipeline networks can be challenging due to uncertainties in 

parameters such as changing pressure, gas flow rate, and fluid viscosity variation.  

 

The latest research in pipeline integrity management showcases a pivotal shift towards predictive 

maintenance, utilizing machine learning (ML) and artificial intelligence (AI) to proactively detect potential 

failures. Studies highlight the effectiveness of convolutional neural networks and support vector machines 

in identifying issues like corrosion and fluid hammer effects, demonstrating ML's potential to enhance 

pipeline reliability (Knape, 2024). However, the transition from theoretical models to practical applications 

necessitates rigorous validation with real-world data, emphasizing the need for comprehensive operational 

data integration for accurate pipeline risk assessments and reliability analysis (Richards et al., 2024). ML 

algorithms use monitored data to implement an identification system that predicts failure events in advance, 

instead of analyzing them after they occur (Wang et al., 2014b). Based on the computational efficiency and 

accuracy of ML models, gradient boosting algorithm, Support vector machines, Bayesian methods, and 

Kriging estimation were recommended to predict pipeline failures due to corrosion and the fluid hammer 

effect (Afshari et al., 2022; Castellanos et al., 2020; Mazumder et al., 2021). Deep learning models such as 

long-term short-term memory (LSTM) and physics-informed deep neural networks (PINN) were also 

proposed to identify the influence of various factors including stress corrosion cracking in oil and gas 

pipelines. The deep learning methods were focused on using pipeline big data rather than using only 

pressure change as a parameter for reliability analysis (Pourahmadi & Saybani, 2022; Soomro et al., 2021).  

 

While most of this research focuses on the analysis of pipeline vulnerability due to failure modes like 

corrosion or fluid hammer effect through applications of machine learning or deep learning algorithms, to 

the author’s best knowledge, the data used for these models is either real-world data focusing on a single 

failure mode or a simulated version of the real-world data focusing on a single failure mode. Based on this 

single failure mode, the models are trained and tuned to improve the prediction accuracy. However, the 

combination of failure modes is not considered in any of the papers that use machine learning algorithms 

to predict the vulnerability of the pipelines.  

 

The objective of this paper is to analyze the impact of corrosion and fluid hammer on oil transportation 

pipelines, calculating the long-term health effects on the pipeline and the collective pressure rise in terms 

of fluid surge and burst pressure. The reliability of the pipeline is determined by comparing supervised 

machine learning models based on the prediction accuracy of safety status. Linear Discriminant Analysis 

(LDA) utilizes fluid velocity, pipeline dimensions, and corrosion characteristics to categorize pipeline 

health into four levels: low, moderate, severe, and high. Similarly, Random Forest Bagging and Support 

Vector Machines (SVM) also employ these parameters for determining the health status classification. This 

study presents an artificial neural network (ANN) based predictive model for predicting pressure variations 

in pipelines at any moment based on fluid velocity, corroded pipeline characteristics, and pipeline 

dimensions. In developing our machine learning models, we've used simulated data bootstrapped from the 

historical pipeline data to enlarge the dataset and facilitate the training of the machine learning models. 

"Historical data" here refers to this simulated data, not real-world data. They provide a controlled 

environment for consistent model training and evaluation. 

 

The remainder of the paper has been organized as follows: Section 2 comprises the methodology and the 

techniques used to estimate the reliability status and pressure measurements of oil and gas pipelines. The 

analysis done using various machine-learning techniques including LDA, SVM, random forest, and ANN 

is also presented in Section 2. Section 3 explains the results and performance comparison of different ML 

algorithms along with discussions given in Section 4. Conclusion and future work are given in Sections 5 

and 6 respectively.  
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2. Methodology 
The proposed framework of this study is given in Figure 1 below. The methodology is divided into five 

parts namely the design of the experiment (DOE), a simulation model for the corroded pipeline using 

ASPEN HYSYS (short for Hyprotech Systems), fluid hammer pressure surge calculations, burst strength 

model development, a combination of fluid hammer phenomenon with corrosion effects, and development 

of machine learning models with neural networks to assess the reliability of the corroded pipeline. 

 

 
 

Figure 1. Proposed framework. 

 

2.1 Design of Experiments 
Design of experiments (DOE) is a systematic method to determine the relationship between the output and 

factors affecting the process. The design matrix for the study was developed based on the principles of 

DOE, with the design consisting of 7 factors, viz. flowrate, pipe diameter, pipe wall thickness, pipe material 

(elasticity modulus), corrosion defect length (in the pipe), corrosion defect depth (in the pipe). The factor 

levels for each of the factors are given in Table 1. The experiment was designed at the fractional factorial 

level. 20 unique combinations of pipe diameter, pipe wall thickness, and pipe material were considered, 

and for each such combination, all possible combinations of corrosion defect depth and length were 

considered. For the 5-level settings of flow rate, 50 random values were generated assuming a normal 

distribution (Seghier et al., 2018) to eliminate variability and the effect of unknown variables that may 

impact the output, thus providing a total of 5000 run samples.  

 
Table 1. Factor & factor levels for the DOE matrix. 

 

Factors Number of factor levels 

Pipe material 20 

Pipe wall thickness 19 

Pipe diameter 18 

Corrosion defect length 7 

Corrosion defect depth 6 

Flowrate 5 
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2.2 HYSYS Simulations 
The LNG regasification system is modeled in Aspen HYSYS version-12 based on a simple layout of an oil 

and gas plant with an LNG storage tank, pumps, pipes for transportation of LNG and seawater, and shell 

with a tube heat exchanger for converting LNG to natural gas as shown in Figure 2. The heat exchanger 

has two material flow streams, the cold stream consisting of LNG flowing at cryogenic temperature and the 

hot stream consisting of seawater flowing at room temperature (Xue et al., 2017). The pipeline carrying the 

fluids in the system (LNG and seawater) is complex and the joints cause rapid changes in the direction of 

flow velocity and are thus prone to the fluid hammer effect (Bhardwaj et al., 2020). The chemical 

composition of both the fluids with the pressure and temperature are coded in the model along with the 

desired output temperature of the cold fluid (LNG). Various scenarios are generated with variables 

including flow rate, pipe material, pipe thickness, and diameter in the LNG regasification system based on 

the DOE principles (Table 1). Simulation is performed with the different combinations taken as input to 

generate relevant model output (pressure calculations).  

 

2.3 Simulation Output and Calculations 
This segment outlines the methodology we've adopted for creating simulated data, intentionally modeled 

to reflect pipeline operational scenarios, albeit devoid of real-world disturbances. This exclusion of noise 

is significant, highlighting a potential limitation in how our findings might translate to genuine operational 

environments. We emphasize the importance of subsequent research endeavors aimed at integrating real-

world data, replete with its inherent noise and variability. This step is crucial for the verification and 

enhancement of our machine learning models' efficiency. Engaging in such future investigations is 

indispensable for affirming the models' real-world utility and dependability in managing pipeline 

operations. The output generated with each scenario is recorded comprising the initial fluid flow velocity 

and density of the fluid for the pipeline. Based on the above values, the final fluid flow velocity and the 

pressure rise in the pipe due to fluid hammer effect are computed. 

 

 
 

Figure 2. HYSYS simulation model of LNG regasification process. 

 

 

The pressure surge in the pipe due to fluid hammer effect is calculated using the Joukowsky’s equation 

(Ghidaoui, 2004): 

∆P =  ρa∆                                                                                                                                                    (1) 

 

where, ∆P is the rise in the pressure caused by fluid hammer effect, ρ is the fluid density, a is the velocity 
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of sound waves in the fluid i.e., the pressure wave speed, and ∆V is the change in the fluid flow velocity.  

where, a is calculated using the standard mentioned below:  

a =  √
1

(
ρ

k
)+(

DC1
Ee

)
                                                                                                                                            (2) 

 

From Equation (2), k is the elasticity modulus of the liquid, D is the diameter of the pipe, E is the elasticity 

modulus of the pipe material, e is the thickness of the pipe walls and C1 is a constant that can be assumed 

to be one (Ghidaoui, 2004). From Equation (1), the pressure surge due to fluid hammer effect is dependent 

on the change in fluid flow velocity. However, as HYSYS is not dynamic software, it cannot give change 

in the velocity over time as an output, thus, it is assumed that the change in velocity is the same as the initial 

fluid flow velocity, i.e., the fluid flow completely stops.  

 

2.4 Burst Strength Model for Corroded Pipelines 
A burst strength model for corroded pipelines can be assumed to be composed of four terms given as (Witek 

et al., 2018): 

Pb = A. B. C. E                                                                                                                                             (3) 

 

where, A is the safety or design factor, B is flow stress / maximum allowable stress, C is the geometric term 

based on pipe dimensions and E is strength reduction factors, empirical factors that account for defect 

parameters and physical nonlinearity of pipe geometry. For intact pipeline, E=1 (Seghier et al., 2018). 

Existing predictions of retained strength of corroded pipes are usually performed in a deterministic manner 

using allowable stress methods (Yan et al., 2014). Using the modified B31G standard (Velázquez et al., 

2022), the burst failure pressure is given by: 

Pb = (
2(YS+68.95MPa)t

D
) (

1−0.85∗
y

t

1−
0.85y

t
M−1

)                                                                                                          (4) 

 

where, YS – pipe material yield strength, t – pipe wall thickness, D – pipe diameter, y – pipe corrosion 

defect depth and M – Folias factor, and L is the pipe corrosion defect length (Velázquez et al., 2022): 

M = {
√(1 + 0.6275

L2

Dt
) − (0.003375

L4

D2t2 )         if 
L2

Dt
≤ 50 

0.032
L2

Dt
+ 3.3                                                     if 

L2

Dt
≥ 50

                                                                    (5) 

 

2.5 Combination of Corrosion and Water Hammer Effect 
In this paper, a combination of the two failure modes, namely water hammer effect and corrosion has been 

proposed. Here, a direct comparison of the fluid hammer pressure surge with the pipeline burst pressure in 

the corroded pipeline is conducted, and the failure status of the pipeline is determined, if the pressure surge 

due to the water hammer exceeds the burst pressure of the corroded pipeline. The effective model of 

comparison becomes: 

∆P =  Pb                                                                                                                                                      (6) 

 

2.6 Development of Classification Models  
Based on the results of the simulation, various Machine learning models were developed to predict the 

effect of the fluid hammer as well as the corrosion in terms of pressure surge based on the dataset generated 

from the results and calculations of the simulation. Models like linear discriminant analysis, random forests, 

and radial and polynomial support vector machines were developed and compared based on the accuracy 

of prediction. Confusion matrix is used as a method for performance evaluation of different models. All the 
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models were developed by taking training and testing subsets in the ratio of 4:1. The data used is from a 

corroded pipeline experiencing the fluid hammer effect and thus five predictors were used namely flowrate, 

velocity of the fluid, thickness of pipe, diameter of pipe, and elasticity modulus of pipe material. The 

response variable is the estimation of the safety status of the pipe based on the different combinations of 

predictors. The response is a categorical variable and thus the safety status is estimated as low, moderate, 

severe, and high based on different probability estimation criteria as mentioned in Table 2. A simple binary 

classification model has a confusion matrix given in Table 3. 

 

Based on the computations through the confusion matrix, the prediction accuracy of the machine learning 

model is given as:  

accuracy =
TP+TN

TP+TN+FP+FN
                                                                                                                           (7) 

 

In general, the accuracy of a multi-class classification is given as: 

accuracy =
sum of only diagonal values in the confusion matrix

sum of all values in the confusion matrix
                                                                         (8) 

 
Table 2. Vulnerability classification based on failure probability. 

 

S. No. Estimation of probability Vulnerability class 

l. 0 to 0.30 LOW 

2. 0.30 to 0.53 MODERATE 

3. 0.53 to 0.76 HIGH 

4. 0.76 to 1 SEVERE 

 Average 0.25 per class  

 

 

Table 3. Confusion matrix for binary classification. 
 

Confusion matrix Actual class 

Predicted class 
True Positive (TP) False Positive (FP) 

False Negative (FN) True Negative (TN) 

 
 

The applied machine learning algorithms for classifying the reliability status of the pipeline are explained 

below: 

 

• Linear discriminant analysis: This technique is used for dimensionality reduction of the system. 

Redundant and dependent features are removed by transforming the features from a high-dimensional 

model to a space with fewer dimensions. Maximum class separability is presented by linear discriminant 

analysis (LDA), as it takes the ratio of between-class variance to the within-class variance (Tharwat et 

al., 2017).  

 

• Random forest: Random forests (RF) are comprised of several decision trees ensembled parallel to each 

other. Random forest is a classification technique and finds vast usage with machine learning algorithms. 

RF algorithms are popular as they minimize overfitting problems and increase the control and prediction 

accuracy of the model (Charbuty & Abdulazeez, 2021). RF fits well for both continuous and categorical 

variables and is used for regression as well as classification problems. In this study, random forest bagging 

is used.  

 

• Support vector machines: Support vector machines (SVM) technique is widely popular to solve various 

regression and classification problems. SVM is applied to data mining, pattern recognition, and machine 

learning problems (Cervantes et al., 2020). It is effective in high-dimensional spaces and can behave 
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differently based on different mathematical functions known as the kernel (Sarker, 2021). In this paper, 

radial SVM and polynomial SVM techniques are used to identify the vulnerability class of the pipeline 

based on the velocity, thickness, flow rate, diameter, and elasticity modulus of the pipeline.  

 

The Radial SVM uses the Gaussian kernel function the data points in an infinite dimensional space. 

𝐾(𝑋1, 𝑋2) = exp (−
‖𝑋1−𝑋2‖2

2𝜎2 )                                                                                                                       (9) 

 

From Equation (9) (Cervantes et al., 2020), 𝜎 is the variance and ‖𝑋1 − 𝑋2‖ is the Euclidian distance 

between two points. Polynomial SVM uses a polynomial kernel function to map the data into a higher 

dimensional space. As given in Equation (10) (Cervantes et al., 2020). The degree of the polynomial that 

controls the decision boundary is calculated as the dot product of two data points. As d increases the data 

fits more closely to the decision boundary.  

K (𝑋1, 𝑋2) = (𝑋1𝑋2 +)𝑑                                                                                                                             (10) 

 

where, 𝑋1 𝑎𝑛𝑑 𝑋2 are the two points to be compared and d is the degree of the polynomial.  
 

2.7 Artificial Neural Networks for Pressure Calculations 
A corroded pipeline will face an increase in burst pressure and surge pressure when high-velocity liquid 

such as oil and gas flow through it. The pressure surge value can be calculated using the pipe dimensions 

and flow rate of the liquid. An artificial neural network (ANN) is applied to the data to determine the 

pressure surge values. ANN models imitate the structure of the human brain consisting of neurons. It is a 

complex computational structure and an input-output-based model that learns through previous data points 

and provides a response by changing the different weights and bias values. Various training algorithms and 

activation functions are used based on the response type. For pressure value calculation, a multilayer feed-

forward neural network structure consisting of input, output, and hidden layers will be used. The input 

signal propagates in the network from layer to layer in a forward manner. The number of coefficients in the 

artificial neural network is determined by the number of design variables of the input layer and neurons of 

the hidden layer. The mathematical model of the artificial neural network is shown in Equation (11) (Wang 

et al., 2019).  

𝑦 = 𝑔[∑ 𝑤𝑗
2 ∗ 𝑓(∑ 𝑤𝑘.𝑗 

1𝑚
𝑘=1

𝑛
𝑗=1 𝑥𝑘 +  𝑏𝑛

1)] + 𝑏2                                                                                     (11) 

 

Here, w is the weight coefficient, b is the threshold value. Superscript 1 represents the coefficients from the 

first layer to the second layer and Superscript 2 represents the coefficients from the hidden layer to the 

output layer. f(x) represents the activation function and g(x) represents the linear relation between the hidden 

and output layers.  

 

The fluid pressure surge depends on the flow rate, pipeline dimensions, and material characteristics, 

whereas the burst pressure of the corroded pipeline depends on the pipe dimensions and the defect 

characteristics. These neural networks were trained using sample training data and the RMSE (root mean 

square error) was evaluated to fine-tune the parameters of the model using a hyper-grid technique and the 

best model with the lowest RMSE achieved was selected. The use of these models will provide a way to 

estimate the pressure inside the system at all times based on real-time inputs, thus allowing us to estimate 

the real-time reliability status of the pipeline. The RMSE is given as: 

RMSE =  √
1

n
∑ ei

2n
i=1                                                                                                                                  (12) 

 

where, ei is the difference in predicted value and actual value. 
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A correlation matrix is also generated to see the effects of different variables on each other and on the burst 

pressure and surge pressure values as seen in Figure 3. The fluid hammer surge pressure value highly 

depends on the velocity of the fluid and the diameter of the pipe. It shows a moderate relationship with 

thickness, material type, corrosion defect depth, and flow rate of liquid. Similarly, burst pressure shows a 

correlation with the diameter of the pipe, thickness, velocity of the fluid, material of the pipe, and corrosion 

defect depth and length. 

 

 
 

Figure 3. Correlation matrix. 
 

 

Based on the data generated from HYSIS simulations two neural network models were developed one to 

calculate the surge pressure due to the fluid hammer effect inside the corroded pipeline and the other to 

determine the burst pressure of the corroded pipe. The entire dataset was divided into two subsets namely 

train and test data. The training dataset is used to train the ANN model and the test dataset to validate the 

performance of the developed structure. Out of all the observations the train test split is in the ratio of 4:1. 

The fluid pressure surge ANN model was developed using four layers. Input layer with 6 neurons, each 

corresponding to the input from six predictor variables namely the flow rate, velocity, diameter, thickness, 

elasticity modulus of the pipeline, and corrosion defect depth of the pipe. Two hidden layers, one with 4 

neurons and the other with 2 neurons are added. A linear output layer with one neuron corresponding to the 

pressure surge is used as seen from Figure 4. All the layers are connected in a multilayer pattern through 

weights. The logistic activation function is used in our model. The corroded pipeline burst pressure model 

was developed using 3 layers, one input layer with 6 neurons. 
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Figure 4. ANN model for surge pressure calculation. 
 
 

 

 
 

Figure 5. ANN model for burst pressure calculation. 
 
 

Each neuron has input such as pipe diameter, pipe wall thickness, elasticity modulus of pipe, corrosion 

defect length, defect depth, and velocity of fluid through the pipe. The hidden layer is modeled with 4 

neurons and one output layer corresponding to the burst pressure. The developed ANN model can be seen 

in Figure 5. 

 

3. Results & Discussion 
Different classification techniques namely LDA, random forest bagging, and support vector machines were 

applied to determine the reliability status of the pipeline having the combined effect of corrosion and fluid 

hammer. With the application of these ML classification models, the confusion matrix gives an idea of how 

well the models performed in classifying the safety status of the corroded pipeline as presented in Table 4 

for LDA, Random Forest bagging, SVM radial, and SVM polynomial.  
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Table 4. Confusion matrices for various classification machine learning models. 
 

Confusion Matrix for LDA Confusion Matrix for RF Bagging 

 

LDA Observed class 

Predicted 

class 

Class 1 2 3 4 

1 253 49 0 0 

2 1 18 27 0 

3 0 27 202 15 

4 0 0 50 187 
 

RF 

Bagging 
Observed class 

Predicted 

class 

Class 1 2 3 4 

1 289 13 0 0 

2 2 209 6 0 

3 0 2 238 4 

4 0 0 5 232 
 

 

Confusion Matrices for SVM Radial 

 

 

Confusion Matrices for SVM Polynomial 

SVM 

Radial 
Observed class 

Predicted 

class 

Class 1 2 3 4 

1 253 1 1 1 

2 1 2 2 2 

3 0 3 3 3 

4 0 4 4 4 
 

SVM 

Poly 
Observed class 

Predicted 

class 

Class 1 2 3 4 

1 289 13 0 0 

2 2 209 6 0 

3 0 2 238 4 

4 0 0 5 232 
 

 

 

Out of the four models, random forest and SVM provide a test prediction accuracy of over 90%, with the 

random forest model providing an accuracy of 96.8% on the test dataset. This indicates that all these models 

can be successfully applied to the live data in industries to predict the reliability status of pipelines but some 

of them give a better performance than others as seen in Table 5. Here the best model to predict the 

reliability of the corroded pipeline experiencing fluid hammer pressure surge is random forest bagging. 

Additionally, two neural network models were developed for pressure value calculations. The surge 

pressure value is calculated with an RMSE of 0.97. The model developed for burst pressure calculations 

shows an RMSE value of 0.638, and hence can be concluded that these models can predict the value of 

fluid hammer surge pressure and burst pressure for corroded pipelines with errors of 0.974 bar and 0.638 

bar respectively. The prediction accuracy of the developed ANN models can be seen in Figure 6. The graph 

shows that all the predicted and observed values are on the same line. The developed machine learning 

models can be deployed in large oil and gas pipeline networks to monitor the pipeline's health and status 

on a real-time basis, without the need for skilled technicians available every time to monitor the pressure 

ranges to prevent hazards due to pipe bursts.  

 
Table 5. ML model accuracy summary. 

 

Model Testing accuracy 

LDA 83.1% 

Support Vector Machine (Radial) 94.5% 

Support Vector Machine (Polynomial) 96.4% 

Random forest bagging 96.8% 

 

 

In the domain of pipeline operations, the imperative to maintain reliability and integrity cannot be 

overstated, considering the severe environmental and safety repercussions of failure. Traditional industry 

approaches (Subramanian et al., 2017) to pipeline reliability assessment have predominantly revolved 

around regular inspections, the deployment of inline inspection tools (ILI), hydrostatic testing, and the 

adoption of risk-based evaluation techniques. Although these methods are adept at detecting current 

imperfections, they generally lean on historical data and evaluations of static conditions and do not provide 

the prediction of risks and failures. The introduction of machine learning, alongside its incorporation into 

Prognostics and Health Management (PHM) and Condition-based Maintenance (CBM) frameworks 
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(Caleyo et al., 2002), signals an innovative shift. The methodology adopted by our research, leveraging 

machine learning algorithms to foresee pipeline failures with the consideration of multiple failure modes, 

presents an augmentative strategy to these conventional measures. It introduces the ability for dynamic risk 

assessments, potentially pinpointing hazards before they evolve into tangible failures. 
 

 

 
 

Figure 6. Comparison of model predictions with observed data for corroded pipeline safety assessment. 

 

Our comparative analysis with existing industry standards (Dey, 2001) underscores the potential of machine 

learning to enhance predictive maintenance and reliability assessments. However, it also emphasizes the 

need to bridge the gap between simulations and real-world operational data. The complex range of factors 

affecting pipeline integrity-such as corrosion, fluid hammer dynamics, and fluctuating operational 

pressures-demands that traditional failure inspection methods be supplemented by machine learning 

models. These models can support failure predictions and facilitate preventive maintenance for pipelines 

experiencing corrosion and fluid hammer effects. This approach fosters a proactive strategy for pipeline 

maintenance and safety, shifting from reactive to preventive measures. 

 

4. Conclusion 
Maintaining the integrity of pipelines is crucial for the consistent working of the system. There is very 

limited research that combines the effect of fluid hammer pressure surge in pipelines due to high flow rates 

in corroded pipelines. To that end, this research provided the reliability assessment of corroded pipelines in 

combination with the fluid hammer pressure surge with the use of a machine learning approach that can be 

applied in the industries for preventive maintenance of large oil and gas pipeline networks. The performance 

of the ML models was assessed using the confusing matrix and root mean square error. The models 

appeared to be very promising in classifying the safety status of the pipeline as well as in calculating the 

pressure surge values to prevent bursts and leaks in the system.  

 

A set of 5000 run samples were generated using the design of experiments principle and bootstrapping the 

historical pipeline data, and HYSYS simulations were performed for each of these samples for fluid 

hammer pressure surge. For each run, the corrosion burst pressure was computed using the modified B31G 
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standard for corroded pipelines. Based on the data generated through simulations, four machine learning 

classification algorithms were developed and tuned to achieve the best performance. The prediction 

accuracy of each of these models on the test dataset was used as the basis of comparison and the random 

forest model with bagging was found to have the best performance with the highest accuracy of 96.8%. 

Also, two artificial neural networks were developed and tuned to predict the burst pressure of pipelines due 

to corrosion and fluid hammer pressure surge with a root mean square error of 0.63 bar and 0.85 bar 

respectively. Thus, to carry out the process of preventive maintenance in large systems, machine learning 

plays a vital role and can be suggested to be a viable alternative over traditional computationally exhaustive 

methods.  

 

This study could be extended to urban and long-distance oil and gas pipelines, using advanced machine 

learning algorithms to monitor pipeline health and predict pressure values for proactive maintenance, 

reducing risks of leaks and bursts. A key limitation is the reliance on simulated data, which lacks real-world 

disturbances. While this allows controlled model evaluation, it raises concerns about the models' 

effectiveness in real scenarios with noisy, complex data. This acknowledgment doesn't detract from the 

significance of our present research; instead, it marks a precise path for upcoming studies. Future research 

must validate these models with real-world data to ensure resilience and accuracy, making them more 

practical for assessing pipeline reliability in operational settings. Through this initiative, we aspire to not 

only enhance the predictive accuracy of our models but also evolve them into actionable instruments for 

pipeline maintenance and safety oversight. 

 
Conflict of Interest 

There are no conflicts of interest. 

 

AI Disclosure 

The author(s) declare that no assistance is taken from generative AI to write this article. 

 

Acknowledgments 

This work was supported by the National Science Foundation’s International Experience for Students (IRES) site grant. (grant 

numbers: OISE# 1952490 and 2208801). Any opinions, findings, conclusions, or recommendations presented are those of the 

authors and do not necessarily reflect the views of the National Science Foundation.  

 

 

 

References 

Afshari, S.S., Enayatollahi, F., Xu, X., & Liang, X. (2022). Machine learning-based methods in structural reliability 

analysis: a review. Reliability Engineering & System Safety, 219, 108223. 

https://doi.org/10.1016/j.ress.2021.108223. 

Alamilla, J.L., Sosa, E., Sánchez-Magaña, C.A., Andrade-Valencia, R., & Contreras, A. (2013). Failure analysis and 

mechanical performance of an oil pipeline. Materials & Design, 50, 766-773. 

https://doi.org/10.1016/j.matdes.2013.03.055. 

Al-Owaisi, S., Becker, A.A., Sun, W., Al-Shabibi, A., Al-Maharbi, M., Pervez, T., & Al-Salmi, H. (2018). An 

experimental investigation of the effect of defect shape and orientation on the burst pressure of pressurized pipes. 

Engineering Failure Analysis, 93, 200-213. https://doi.org/10.1016/j.engfailanal.2018.06.011. 

Bhardwaj, S., Pandey, R., Sharma, S., Sejal, S., Iyer, G., Sharma, S.S., Vasudevan, R.P., & Kulkarni, S. (2020). 

Problems faced by automobile industries: case study on tesla. International Journal of Tourism and Hospitality 

in Asia Pacific, 3(2), 78-88. http://dx.doi.org/10.32535/ijthap.v3i2.825.  



Zalkikar et al.: Enhancing Pipeline Reliability Analysis through Machine Learning: A Focus… 
 

 

298 | Vol. 10, No. 2, 2025 

Caleyo, F., González, J.L., & Hallen, J.M. (2002). A study on the reliability assessment methodology for pipelines 

with active corrosion defects. International Journal of Pressure Vessels and Piping, 79(1), 77-86. 

https://doi.org/10.1016/s0308-0161(01)00124-7. 

Castellanos, M., Serpa, A.L., Biazussi, J.L., Verde, W.M., & Do Socorro, N.D.A.S. (2020). Fault identification using 

a chain of decision trees in an electrical submersible pump operating in a liquid-gas flow. Journal of Petroleum 

Science and Engineering, 184, 106490. https://doi.org/10.1016/j.petrol.2019.106490. 

Cervantes, J., Garcia-Lamont, F., Rodríguez-Mazahua, L., & Lopez, A. (2020). A comprehensive survey on support 

vector machine classification: applications, challenges and trends. Neurocomputing, 408, 189-215. 

https://doi.org/10.1016/j.neucom.2019.10.118. 

Cronin, D.S., & Pick, R.J. (2000). Experimental database for corroded pipe: evaluation of RSTRENG and B31G. In 

Proceedings of the 2000 3rd International Pipeline Conference. Volume 2: Integrity and Corrosion; Offshore 

Issues; Pipeline Automation and Measurement; Rotating Equipment (pp. V002T06A010). 

https://doi.org/10.1115/ipc2000-190. 

Dey, P.K. (2001). A risk‐based model for inspection and maintenance of cross‐country petroleum pipeline. Journal of 

Quality in Maintenance Engineering, 7(1), 25-43. https://doi.org/10.1108/13552510110386874. 

Ghidaoui, M.S. (2004). On the fundamental equations of water hammer. Urban Water Journal, 1(2), 71-83. 

https://doi.org/10.1080/15730620412331290001. 

Gong, C., & Zhou, W. (2018). Importance sampling-based system reliability analysis of corroding pipelines 

considering multiple failure modes. Reliability Engineering & System Safety, 169, 199-208. 

https://doi.org/10.1016/j.ress.2017.08.023. 

Han, Z.Y., & Weng, W.G. (2010). An integrated quantitative risk analysis method for natural gas pipeline network. 

Journal of Loss Prevention in the Process Industries, 23(3), 428-436. https://doi.org/10.1016/j.jlp.2010.02.003. 

International Energy Agency & Korea Energy Economics Institute. (2019). LNG Market Trends and Their 

Implications: Structures, drivers and developments of major Asian importers. OECD. 

https://doi.org/10.1787/90c2a82d-en. 

Jijo, B.T., Charbuty, B., & Abdulazeez, A. (2021). Classification based on decision tree algorithm for machine 

learning. Journal of Applied Science and Technology Trends, 2(01), 20-28. https://doi.org/10.38094/jastt20165. 

Knape, L. (2024). Pipeline safety management systems (sms): contractor safety programs integration, tool and 

assessment pilot. In 36th International Pipeline Pigging and Integrity Management Conference (pp. 675-688), 

Houston, Texas, USA. https://doi.org/10.52202/072781-0038. 

Mazumder, R.K., Salman, A.M., & Li, Y. (2021). Failure risk analysis of pipelines using data-driven machine learning 

algorithms. Structural Safety, 89, 102047. https://doi.org/10.1016/j.strusafe.2020.102047. 

Pourahmadi, M., & Saybani, M. (2022). Reliability analysis with corrosion defects in submarine pipeline case study: 

Oil pipeline in Ab-khark Island. Ocean Engineering, 249, 110885. 

https://doi.org/10.1016/j.oceaneng.2022.110885. 

Richards, C., Patino, A., Nonemaker, J., Hamnes, B., & Gravdal, O. (2024). Enhancing pipeline assessments: 

answering the challenge of unpiggable liquid assets with self-propelled solutions. In 36th International Pipeline 

Pigging and Integrity Management Conference (pp. 161-186), Houston, Texas, USA. 

https://doi.org/10.52202/072781-0010. 

Royal Dutch Shell. (2020). Shell LNG outlook 2020. Shell. 

Sadiq, R., Rajani, B., & Kleiner, Y. (2004). Probabilistic risk analysis of corrosion associated failures in cast iron 

water mains. Reliability Engineering & System Safety, 86(1), 1-10. https://doi.org/10.1016/j.ress.2003.12.007. 

Sarker, I.H. (2021). Machine Learning: algorithms, real-world applications and research directions. SN Computer 

Science, 2(3), 160. https://doi.org/10.1007/s42979-021-00592-x. 



Zalkikar et al.: Enhancing Pipeline Reliability Analysis through Machine Learning: A Focus… 
 

 

299 | Vol. 10, No. 2, 2025 

Schmitt, C., Pluvinage, G., Hadj‐Taieb, E., & Akid, R. (2006). Water pipeline failure due to water hammer effects. 

Fatigue & Fracture of Engineering Materials & Structures, 29(12), 1075-1082. https://doi.org/10.1111/j.1460-

2695.2006.01071.x. 

Seghier, M.E.A.B., Keshtegar, B., & Elahmoune, B. (2018). Reliability analysis of low, mid and high-grade strength 

corroded pipes based on plastic flow theory using adaptive nonlinear conjugate map. Engineering Failure 

Analysis, 90, 245-261. https://doi.org/10.1016/j.engfailanal.2018.03.029. 

Senouci, A., Elabbasy, M., Elwakil, E., Abdrabou, B., & Zayed, T. (2014). A model for predicting failure of oil 

pipelines. Structure and Infrastructure Engineering, 10(3), 375-387.  

Soomro, A.A., Mokhtar, A.A., Kurnia, J.C., & Lu, H. (2021). Deep learning-based reliability model for oil and gas 

pipeline subjected to stress corrosion cracking: a review and concept. Journal of Hunan University Natural 

Science, 48(5), 189-198. 

Subramanian, R., Berger, M., & Tuncer, B. (2017). Energy recovery from LNG regasification for space cooling-

technical and economic feasibility study for Singapore. In 2017 Asian Conference on Energy, Power and 

Transportation Electrification (pp. 1-12). IEEE. Singapore. https://doi.org/10.1109/acept.2017.8168601. 

Tharwat, A., Gaber, T., Ibrahim, A., & Hassanien, A.E. (2017). Linear discriminant analysis: a detailed tutorial. AI 

Communications, 30(2), 169-190. https://doi.org/10.3233/aic-170729. 

Tsitsifli, S., Kanakoudis, V., & Bakouros, Y. (2006). Pipe reliability assessment using discriminant analysis and 

classification: a case study from mexico. In 8th International Conference: Protection and Restoration of the 

Environment (pp. 1-8). Crete, Greece. 

Velázquez, J.C., González-Arévalo, N.E., Díaz-Cruz, M., Cervantes-Tobón, A., Herrera-Hernández, H., & 

Hernández-Sánchez, E. (2022). Failure pressure estimation for an aged and corroded oil and gas pipeline: a finite 

element study. Journal of Natural Gas Science and Engineering, 101, 104532.  

Wang, R., Wang, Z., Wang, X., Yang, H., & Sun, J. (2014a). Pipe burst risk state assessment and classification based 

on water hammer analysis for water supply networks. Journal of Water Resources Planning and Management, 

140(6), 04014005. https://doi.org/10.1061/(asce)wr.1943-5452.0000404. 

Wang, R., Wang, Z., Wang, X., Yang, H., & Sun, J. (2014b). Water hammer assessment techniques for water 

distribution systems. Procedia Engineering, 70, 1717-1725. https://doi.org/10.1016/j.proeng.2014.02.189. 

Wang, W., Pei, J., Yuan, S., Gan, X., & Yin, T. (2019). Artificial neural network for the performance improvement 

of a centrifugal pump. IOP Conference Series: Earth and Environmental Science, 240(3), 032024. 

Witek, M., Batura, A., Orynyak, I., & Borodii, M. (2018). An integrated risk assessment of onshore gas transmission 

pipelines based on defect population. Engineering Structures, 173, 150-165. 

https://doi.org/10.1016/j.engstruct.2018.06.092. 

Xue, F., Chen, Y., & Ju, Y. (2017). Design and optimization of a novel cryogenic rankine power generation system 

employing binary and ternary mixtures as working fluids based on the cold exergy utilization of liquefied natural 

gas (LNG). Energy, 138, 706-720. https://doi.org/10.1016/j.energy.2017.07.122. 

Yan, Z., Zhang, S., & Zhou, W. (2014). Model error assessment of burst capacity models for energy pipelines 

containing surface cracks. International Journal of Pressure Vessels and Piping, 120, 80-92.  

Zhou, Y., Hu, G., Li, J., & Diao, C. (2014). Risk assessment along the gas pipelines and its application in urban 

planning. Land Use Policy, 38, 233-238. https://doi.org/10.1016/j.landusepol.2013.11.011. 

 
 

Original content of this work is copyright © Ram Arti Publishers. Uses under the Creative Commons Attribution 4.0 International (CC BY 4.0) 

license at https://creativecommons.org/licenses/by/4.0/ 

 
Publisher’s Note- Ram Arti Publishers remains neutral regarding jurisdictional claims in published maps 

and institutional affiliations. 


