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ABSTRACT 
As the demand for resources continues to grow, pipelines have become critical for transporting 
water, fossil fuels, and chemicals. Monitoring pipeline systems is essential, as leaks can lead to 
severe environmental damage and safety hazards. This study aims to develop a pipeline leakage 
detection system based on digital twin technology and Physics-Informed Neural Networks 
(PINNs). By embedding physical principles, such as the continuity and momentum equations de-
rived from the Navier-Stokes equation, into the neural network's loss function, the model can pre-
dict pressure and flow dynamics with high accuracy while adhering to physical constraints. PINNs 
are particularly advantageous as they require minimal data, maintain physical consistency, and 
provide reliable interpretations, making them well-suited for addressing pipeline safety challenges. 
The model is designed to simulate fluid dynamics under normal operating conditions, with devia-
tions in prediction errors signaling potential leaks. Statistical analysis of these errors is used to 
define control limits, establish rejection regions, and create control charts for leak detection. The 
detection system is further validated using field data to ensure reliability. By combining physical 
modeling and neural networks, this approach enhances the accuracy and interpretability of leak-
age detection, laying a solid foundation for an efficient pipeline monitoring solution. 

Keywords: Pipeline leakage detection, Physics-informed neural networks, Surrogate model, Industrial safety 

INTRODUCTION 
As modern society’s demand for energy and re-

sources continues to grow, pipeline transportation has 
become a critical foundation for industrial and domestic 
supply. However, pipeline leaks not only pose a signifi-
cant threat to the environment through severe pollution 
but also endanger the safety of nearby residents and in-
dustrial surroundings. Furthermore, such incidents can 
compromise the quality of transported materials, with 
ruptured pipelines potentially leading to product contam-
ination. Therefore, the monitoring and control of pipeline 
systems are of utmost importance. 

Current pipeline leakage detection technologies can 
be broadly classified into two categories: hardware-
based methods and software-based methods [1]. Hard-
ware-based methods utilize equipment to detect leaks 
and their locations. Common techniques include acoustic 
sensing, fiber optic cables, ground-penetrating radar, 

gas injection, and infrared thermography. For example, 
acoustic sensing detects leaks by capturing the vibra-
tions or sound waves generated by high-pressure fluid 
escaping from the pipeline and converts these signals 
into electronic data to analyze the leak's size and location 
[2]. Fiber optic cables, installed along pipeline lengths, 
change their transmission characteristics when exposed 
to liquid. Specially designed hydrophones then detect 
and analyze these signals to pinpoint the leak’s location 
[3]. Infrared thermography identifies abnormal tempera-
ture variations in the pipeline environment through real-
time thermal detection [4]. While these methods can 
achieve high accuracy, they often involve high opera-
tional costs, complex maintenance, and limited detection 
ranges, making them less practical for large-scale pipe-
line systems. 

On the other hand, software-based methods rely on 
models or algorithms to detect and locate leaks using 
sensor data (e.g., pressure, flow rate, and temperature). 
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These methods generally require fewer sensors, result-
ing in lower maintenance costs. Software-based tech-
niques can be divided into two main categories: model-
based and data-driven methods. Model-based ap-
proaches use theoretical formulas from fluid dynamics to 
compare computed and measured values, where signifi-
cant deviations indicate leaks. An example is the Real-
Time Transient Model (RTTM) [5, 6]. Data-driven meth-
ods include support vector machines [7], convolutional 
neural networks [8], and wavelet transforms [9], leverag-
ing machine learning, deep learning, anomaly detection, 
and time series analysis to learn normal system behavior 
from historical data and detect anomalies indicative of 
leaks. Meanwhile, purely data-driven (model-based) ap-
proaches often require extensive training data or fail to 
ensure physical consistency in dynamically changing en-
vironments. While effective in handling high-dimensional, 
nonlinear systems, data-driven methods often lack phys-
ical interpretability. 

This study aims to develop a Physics-Informed Neu-
ral Network (PINN) that combines physical knowledge 
with data-driven approaches for accurate pipeline leak-
age detection. PINN, introduced by Raissi et al. [10], con-
sists of a neural network for data fitting and a loss func-
tion incorporating physical information. By minimizing 
both prediction and PDE losses, PINN ensures that the 
model aligns with real-world data and adheres to physical 
constraints, offering interpretability and reliability. Auto-
matic differentiation (AD) enables efficient computation 
of partial derivatives during training. In this study, the Na-
vier-Stokes equations, describing fluid pressure and flow 
variations in the pipeline, are incorporated into the PINN 
loss function, capturing pipeline dynamics through conti-
nuity and momentum equations to enhance leakage de-
tection accuracy. By utilizing only upstream and down-
stream flow and pressure sensors, our approach reduces 
operational costs by eliminating the need for expensive 
hardware, requires minimal maintenance compared to 
traditional sensor-intensive techniques, enhances long-
range leak detection by leveraging both physical 
knowledge and machine learning capabilities, and en-
sures physical interpretability, improving reliability in 
real-world applications. 

METHODOLOGY 

The schematic diagram of the pipeline system is 
illustrated in Figure 1. This underground pipeline, 
designed to transport liquid fluids, extends over a total 
length of 39.68 kilometers. 

Figure 1. Schematic diagram of the pipeline system. 

To achieve the goal of leak detection, it is essential 
to establish an effective leak detection process, with the 
logic depicted in Figure 2. By training a PINN model using 
datasets from normal operating conditions, the model is 
designed to describe the fluid dynamics within a leak-
free pipeline. When the input data provided to the model 
reflects flow rates and pressures under leak conditions, 
a statistically significant error arises between the model’s 
predictions and the actual values. Therefore, leak occur-
rence can be detected by applying statistical control to 
the prediction errors.  

Figure 2. Flow chart for leak detection. 

Physics-informed neural networks 
To develop a PINN-based surrogate model for pre-

dicting pipeline transport variations, it is essential to 
identify an appropriate physical model and embed it into 
the loss function to ensure the model adheres to ex-
pected physical principles. Considering that the target of 
this model is to predict the transport behavior of the fluid, 
the one-dimensional Navier-Stokes equations are em-
ployed as the governing equations. These equations de-
scribe the motion of fluids (liquids or gases) based on 
Newton’s second law of motion and are derived from the 
principles of mass conservation and momentum conser-
vation for fluids. The equations are described as fol-
lows[11]:  

𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕

+ 𝜕𝜕𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕

= 0     (1) 

𝜌𝜌 𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕

+ 𝜌𝜌𝜌𝜌 𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕

+ 𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕

+ 𝑓𝑓𝑓𝑓𝑓𝑓|𝑢𝑢|
2𝐷𝐷

= 0     (2) 

where u is the cross-section averaged velocity (m/s), ρ 
the density (kg/m3), p pressure (Pa), f (dimensionless) the 
Darcy friction factor, D (m) pipe diameter. 

To establish a PINN model for flow states governed 
by partial differential equations (PDEs), a deep neural 
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network (DNN) is first constructed as a surrogate model 
for solving PDEs. In this study, a feedforward neural net-
work (FFNN) is employed due to its simplicity, which is 
sufficient for most PDE problems. Considering that the 
objective at this stage is to identify abnormal transport 
states, the model must be capable of recognizing the 
transport state over continuous time under different ini-
tial conditions. To enhance the generalization perfor-
mance of the model, the input layer includes position x, 
time t, initial flow velocity condition uIC, upstream-down-
stream pressure difference ∆P, and pressure P. The 
model predicts the output 𝑢𝑢�(𝑥𝑥, 𝑡𝑡,𝑢𝑢𝐼𝐼𝐼𝐼 ,∆𝑃𝑃,𝑃𝑃,𝜃𝜃), where θ is a 
vector containing all weights and biases within the neural 
network, which are optimized using the gradient descent 
algorithm during backpropagation. Variables with a hat 
denote those computed through the neural network. Fur-
thermore, considering that this case involves an inverse 
problem, the term f  in the equations is treated as a model 
parameter to be estimated. 

Ensuring the model’s outputs satisfy both real-world 
data and the physical laws represented by equations (1) 
and (2) requires minimizing the residuals g1 and g2 as 
specified in Figure 3. Smaller residual values indicate a 
high degree of conformity to the underlying physical prin-
ciples. The time and spatial derivatives are computed us-
ing the AD method [12], which eliminates the need for 
discretizing the computational domain to solve partial dif-
ferential equations. This approach differs from traditional 
methods such as the method of characteristics or finite 
difference methods. 

A notable feature of the PINN model is the setup of 
collocation points, �𝑥𝑥𝑓𝑓, 𝑡𝑡𝑓𝑓,𝑢𝑢𝐼𝐼𝐼𝐼𝐼𝐼,∆𝑃𝑃𝑓𝑓,𝑃𝑃𝑓𝑓� . These points are 
strategically chosen across different spatial and temporal 
locations to evaluate the loss based on the problem’s re-
quirements. Incorporating these collocation points into 
the PINN model allows for the calculation of residuals g1 

and g2 within the loss function, ensuring that the outputs 
at these points align with the governing partial differential 
equations. This enables the neural network to leverage 
physical knowledge while minimizing the reliance on 
large datasets of real-world data. 

The architecture of the model, as illustrated in Fig-
ure 3, consists of an input layer that includes position, 
time, initial flow velocity condition, upstream-down-
stream pressure difference, and pressure. The output 
layer predicts flow velocity. The loss function comprises 
two components: the error between real-world data and 
predicted values, and the residual error from the govern-
ing partial differential equations. In this study, the 
weights of these components are set as α = 1 and β = 0.1. 

The model configuration includes eight hidden lay-
ers, each containing 20 neurons. The activation function 
tanh introduces nonlinearity. For optimization, a two-
stage strategy is applied: initial training is performed us-
ing the Adam optimizer, followed by fine-tuning with the 

L-BFGS-B optimizer to complete the training process. 

Figure 3. Model structure for PINN. 

Dataset splitting and performance evaluation  
The dataset used in this study comprises transport 

data with varying flow rates collected over multiple days 
of continuous operation. This approach ensures suffi-
cient training of the model and enhances its accuracy and 
robustness in anomaly detection. The dataset is seg-
mented into fixed windows of 1000 consecutive seconds 
to create distinct samples, ensuring consistency and pre-
cision in the analysis. These samples are further divided 
into training, validation, and testing sets. 

To evaluate the predictive accuracy of the model, 
the coefficient of determination (R2) and the root mean 
square error (RMSE) are adopted as evaluation metrics. 
The R2 measures the model’s ability to explain the vari-
ance in the data. A value closer to 1 indicates that the 
model more accurately captures the variability in the data, 
demonstrating stronger explanatory power. RMSE, on the 
other hand, quantifies the difference between predicted 
and actual values in terms of absolute error, providing a 
direct measurement of the model’s accuracy. Lower 
RMSE values signify that the model’s predictions are 
closer to the actual values, offering a quantitative reflec-
tion of the model’s predictive performance. By combining 
these two metrics, the model’s performance can be ef-
fectively compared, providing a basis for further refine-
ment and improvement. 

𝑅𝑅2 = 1 − ∑ (𝑦𝑦𝑖𝑖−𝑦𝑦�𝑖𝑖)2𝑛𝑛
𝑖𝑖=1
∑ (𝑦𝑦𝑖𝑖−𝑦𝑦�)2𝑛𝑛
𝑖𝑖=1

    (3) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �1
𝑛𝑛
∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2𝑛𝑛
𝑖𝑖=1      (4) 

RESULTS AND DISCUSSIONS 
For confidentiality purposes, the flow rate data of 

the fluid has been normalized. After training the PINN 
model, the prediction results are shown in Figure 4, which 
displays the diagonal plots of the actual versus predicted 
values. In this part, the upstream and downstream flow 
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rate is separately denoted as Q1 and Q4. The model 
demonstrates excellent prediction performance for both 
upstream and downstream flow rates across all datasets, 
with detailed evaluation metrics provided in Table 1. 

Since the dataset includes data from multiple days, 
variations in transportation conditions or operational 
states across different days result in the diagonal plots 
being distributed across different ranges, with each clus-
ter representing data from a specific period. It is im-
portant to note that, as the dataset was split into six 
groups, the calculation of the R2 value may be biased. 
Specifically, the denominator of R2, i.e., the total sum of 
squares, is relatively large, making the R2 value closer to 
1, which could potentially mislead the results. Therefore, 
relying solely on R2 to evaluate the model's performance 
is not entirely accurate. Instead, RMSE provides a more 
realistic measure of the model's effectiveness. The RMSE 
values for Q1 are 0.0005, 0.0007, and 0.0004 for the 
training, validation, and testing datasets, respectively. 
Similarly, the RMSE values for Q4 are 0.0007, 0.0005, 
and 0.0005 for the same datasets. These results indicate 
that the model effectively minimizes prediction errors 
and achieves an exceptional level of performance. 

Figure 4. Predicted vs. actual values: (a) upstream flow 
in the train set, (b) downstream flow in the train set, (c) 
upstream flow in the valid set, (d) downstream flow in the 
valid set, (e) upstream flow in the test set, and (f) 
downstream flow in the test set. 

Table 1: Training, validation, and test performance. 

Dataset R(Q/Q) RMSE(Q/Q) 
Train / / 
Valid / / 
Test / / 

To establish a statistical process control (SPC) chart 
for anomaly detection, this study selects the validation 
set for residual sampling. The method involves calculat-
ing a range that corresponds to 99.73% of the data dis-
tribution, analogous to the 6σ range commonly associ-
ated with a normal distribution. This range facilitates sub-
sequent anomaly detection and management. The sam-
pling results are shown in Figures 5 and 6. The residual 
range of upstream flow lies between -0.0227 and 0.0241, 
while the residual range of downstream flow is between 
-0.0272 and 0.0306. These ranges serve as benchmarks 
for subsequent statistical control, used to detect anoma-
lies based on the model’s prediction results. If the resid-
uals of the prediction exceed these ranges, they are con-
sidered anomalies, triggering alarms. 

Figure 5. Histograms and estmated control limits of the 
upstream prediction residuals. 

Figure 6. Histograms and estmated control limits of the 
downstream prediction residuals. 

Initially, SPC was performed on normal data that the 
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model had not seen before. Figures 7 and 8 illustrate the 
monitoring results for upstream and downstream data, 
respectively. In the control charts, the x-axis represents 
time, and the y-axis represents the model’s prediction re-
siduals. The blue line indicates the actual residual results, 
while the red dashed lines represent the upper and lower 
control limits. 

From the figures, it is evident that within the se-
lected 1000-second range, the results show that all nor-
mal data fall within the in-control range. Additionally, the 
actual flow rate prediction results over time are shown in 
Figure 9. For the upstream and downstream flow data, 
the R2 values reached 1.000 and 0.997, respectively. This 
demonstrates that the model exhibits high accuracy and 
reliability in predicting under normal transportation con-
ditions.  

Figure 7. Control chart of upstream residuals under nor-
mal transportation conditions.  

Figure 8. Control chart of downstream residuals under 
normal transportation conditions.  

 
Figure 9. Comparison of predicted and true flow rates 
under normal transportation conditions at different 
positions in the pipeline system. (a) Flow rate at upstream, 
and (b) Flow rate at downstream 

In the anomaly detection analysis, the statistical 
control results shown in Figures 10 and 11 clearly reveal 
abnormal conditions. The upstream data exceed the up-
per control limit, while the downstream data fall below 
the lower control limit. A significant number of data points 
lie outside the control limits, indicating notable differ-
ences compared to normal data and suggesting potential 
anomalies during this time period. Using the control chart, 
these leakage features can be identified and extracted. 
Through the above experiments, this study demonstrates 
the significant impact of leakage events on the distribu-
tion of upstream and downstream pressure and flow rate 
data. The model accurately captures the abnormal be-
havior during leakage periods.  
 

Figure 10. Control chart of upstream residuals under 
leakage conditions.  

Figure 11. Control chart of downstream residuals under 
leakage conditions. 

CONCLUSIONS 
This study developed a pipeline leakage detection 

system based on Physics-Informed Neural Networks 
(PINNs), integrating the Navier-Stokes equations of fluid 
dynamics with deep learning techniques to achieve ef-
fective monitoring of pipeline systems. The results 
demonstrate that the model achieved R2 values close to 
1.000. Furthermore, the RMSE values were 
0.0005/0.0007 for the training dataset, 0.0007/0.0005 
for the validation dataset, and 0.0004/0.0005 for the 
testing dataset, confirming the high accuracy of its pre-



 

Lin et al. / LAPSE:2025.0417 Syst Control Trans 4:1650-1655 (2025) 1655  

dictions. Statistical process control chart based on resid-
ual analysis, enabling effective differentiation between 
normal and abnormal states. For normal condition moni-
toring, the model exhibited strong predictive capability, 
with residuals from the training, validation, and testing 
sets remaining within the control limits. For anomaly de-
tection, the model successfully identified the occurrence 
of leaks, with a significant number of data points exceed-
ing the control limits. By combining the interpretability of 
physical models with the predictive power of machine 
learning, this study provides an innovative solution for in-
dustrial pipeline safety monitoring, offering a valuable 
reference for future pipeline system surveillance and di-
agnosis. 
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