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Abstract

Crude oil with high pour point oil (HPPQ) characteristics exhibits
elevated viscosity at low temperatures, promoting the deposition
of wax and asphaltenes along pipeline walls. These deposits
restrict flow and can lead to partial or complete blockages, posing
serious challenges to flow assurance, operational safety, and
environmental sustainability. Despite extensive studies on
deposition mechanisms, blockage detection methods remain
fragmented, with no universally reliable or integrated solution.
This study presents a systematic review combined with a
bibliometric analysis of Scopus-indexed publications to map
research evolution, trends, and technological advancements in
blockage detection methods for crude oil pipelines. Bibliometric
network mapping is applied to identify dominant research clusters
and emerging themes. The review evaluates key detection
techniques, including pressure wave analysis, gamma-ray
inspection, computational fluid dynamics (CFD), and machine
learning approaches. Reported results indicate that pressure
wave methods achieve detection accuracies of around 5% with
prediction errors up to 35%, while gamma-ray techniques show
errors of approximately 5% with maximum deviations of 0.59 cm.
CFD models effectively represent flow and deposition behavior
but are limited in quantifying blockage size. Machine learning
approaches demonstrate improved performance, with accuracies
ranging from 80.67% to 89.96%, although their robustness
depends on data quality and generalizability. The analysis
highlights critical gaps, including limited accuracy under varying
conditions, lack of methodological integration, and reliance on
single-technique approaches that fail to capture the multi-physics
nature of blockage formation. The novelty of this study lies in its
integrated bibliometric—systematic synthesis linking detection
performance, methodological limitations, and research trends,
while proposing a hybrid framework combining physical sensing,
numerical modeling, and artificial intelligence. This work provides
a comprehensive reference and strategic direction for developing
next-generation pipeline blockage detection systems.
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INTRODUCTION

The upstream oil and gas industry is one
of the supporting sectors of the global economy,
and this industrial production operation facility

has been operating for several decades [1]. Due
to the large demand for petroleum, daily
production must remain stable by making risk
mitigation efforts, analyzing obstacles that
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disrupt operations, and making efforts to prevent
disruption of facilities and equipment that could
reduce world oil production [2].

The oil and gas industry production
process starts with oil production wells, which
are a mixture of several fluids and solids that are
then sent through the production distribution
pipe to the collecting station for further
separation between crude oil, water, gas, and
other sediments. The crude oil flows through the
distribution pipe to the final receiving station [3],
[4].

The majority of oil well fields produce
crude oil with almost the same type of
characteristics, namely oil with an API Gravity
viscosity of 30-47, where oil with this API range
will have a tendency to congeal when the
temperature is below its Pour Point value [5].

The process of sending heavy and extra
heavy crude oil through the pipeline system is a
very important production process because it is
related to the final chain of a crude oil production
operation. If a delivery failure occurs, it will affect
the process chain below [6].

To flow heavy and extra heavy oil through
the piping system, it can be diluted with other
substances, formed as an oil-in-water emulsion,
increased and/or maintained the oil's
temperature, and lowered the crude oil's pour
point, which is generally a combination of two or
more alternative solutions [7].

Maldonado et al. [8] said that there are
several chemical structures in the complex
mixture of hydrocarbons that form crude oil,
namely naphtha, paraffin, aromatics, isoparaffin,
asphalt, as well as sulfur, nitrogen, and oxygen
compounds. This mixture of chemical structures
is classified based on polarity and solubility,
resulting in the physical property of viscosity,
which is related to the shear rate where the
relationship is that the higher the viscosity, the
greater the flow resistance so that the fluid's
shear rate to move is smaller [9].

Crude oil produced from oil wells
throughout the world has different content
characteristics. The composition of the
compounds it contains varies greatly depending
on its origin or geographical location, but the flow
characteristics are almost the same. In general,
the composition of crude oil is differentiated as
shown in Table 1. The elemental composition of
crude oil is 84.5% carbon, 13% hydrogen, 1-3%
sulfur, and less than 1% each of nitrogen,
oxygen, metals, and salts [10].

Crude oil based on API gravity is classified
according to specific gravity and viscosity,
namely extra heavy (API gravity below 10 °API
or greater than 1000 kg/m?), heavy (API gravity

from 22.3 °API to 10 °API or 920 kg/m?* to 1000
kg/m3), medium (API gravity from 31.1 °API to
22.3 °API or 870 kg/m?® to 920 kg/m?®) and light
(API gravity greater than 31.1 °API or less than
870 kg/m?®) where specific gravity is measured
according to American Petroleum Institute
standards in APl degrees, a low API value
indicates a higher specific gravity of crude oil
while viscosity which is the resistance of crude
oil to flow is measured in centipoise (cP) where
for fluids with high viscosity it has a large
centipoise number [12].

In addition to the issue of asphaltene
deposition, wax deposition may also occur in
crude oil pipeline networks containing paraffin
wax. This compound exhibits a characteristic
turbidity point known as the Wax Appearance
Temperature (WAT). When the temperature of
crude oil containing paraffin wax falls below the
WAT (typically between 14.2 °C and 37.83 °C),
wax crystals begin to form and adhere to the pipe
walls [13].

To gain a better understanding of wax
deposition behavior, Wang et al. [14] conducted
research by carrying out modeling involving the
disciplines of thermodynamics, heat transfer,
mass transfer, crystal growth, and fluid dynamics
so that accurate predictions can be obtained as
a reference for the piping system design process
and maintenance strategies that must be carried
out to ensure the avoidance of large amounts of
asphalt and paraffin deposits which will cause
pipe flow blockages in the superficial velocity
range of the experimental gas/liquid phase (Vsl
=11, 1.3 m/s, Vsg = 8.3-8.4, 9.39.6 m/s), the
thickness of the two-phase oil-gas wax
deposition tends to increase as the Vsg value
increases. Heavy and extra-heavy oil contains
asphalt and wax, so it has a high viscosity,
making it difficult to flow through distribution
pipes under normal conditions. Thus, it will
become an obstacle in the process of sending
crude oil through the pipe system [15].

Table 1. Physicochemical properties [11]

Properties Typical Range
Specific gravity 0.80-0.95
Calorific value 42-47 MJ/Kg
Sulfur content 0.05-5 wt%
Flashpoint or ignition point 38-120°C
Viscosity 1-1000 cP
Moisture and sediment content 0.1-1%
Specific heat and coefficient of 1.7-2.5
expansion kJ/Kg.K

coefficient of thermal expansion ~ (6-10) x 104°C
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It requires large amounts of energy, such
as heating or Vviscosity-reducing chemical
products, to circulate this heavy and extra-heavy
oil. If the flow of heavy and extra-heavy oil is not
managed properly. This phenomenon may
induce the deposition of asphaltenes and wax on
the pipe walls, which can lead to significant
fouling and flow obstruction in the pipeline [16].

The efforts to reduce the viscosity that
have been mentioned are only so that fluid can
flow through the piping system where gradually
asphalt and wax will form deposits on the pipe
walls (Figure 1) with a long pipe stretch
consisting of many interconnected segments it
will be very difficult to detect the position of the
accumulation of asphalt and wax deposits on the
pipe walls so that in an instant there will be an
increase in pressure in the upstream position
and a large pressure drop in the downstream
position [17].

An increase in pressure in the upstream
position causes the operational pressure to be
greater than the maximum allowable working
pressure, causing leaks in the [17]. Apart from
causing environmental pollution due to oil spills,
it also requires high costs to identify blockage
points and appropriate handling methods [18].

A pipeline leak, suspected to be caused by
increased pressure within the pipeline, occurred
in 2023-2024 on the Poole Port oil pipeline in
Dorset, England, where up to 200 barrels of
petroleum hydrocarbons leaked and
contaminated the waters of Poole Port,
ultimately leading to extensive recovery and
cleanup operations and an incident declaration
by local authorities [19]. A year earlier, in 2022,
a Nord Stream pipeline leak occurred in the
Baltic Sea, where an estimated 778 million cubic
meters of methane gas leaked and spilled into
the sea, damaging the ecology and marine

environment across Russia and Western Europe
[20]. This also occurred in Indonesia, where
there were 117 pipeline leaks in 2020, 20 in
2021, and an oil spill in 2022 caused by a
pipeline leak of 27.12 barrels [21].

The root cause of blockages in crude oil
and gas pipes comes from paraffin wax and
asphalt deposits, where an incorrect diagnosis
will result in an inappropriate and ineffective
handling strategy, which will result in the volume
of deposits becoming larger and handling costs
increasing significantly [22].

Wax deposition is caused by molecular
diffusion at high temperatures and fluxes. Where
this has a significant impact on the operational
efficiency of the piping system because the
deposit will increase the surface roughness as a
cause of large pressure drops in turbulent flow
and reduce the cross-sectional area of the pipe
so that throughput occurs in a limited pressure
system. It can be explained that in normal fluid
flow, Bernoulli's law equation applies where
frictionless flow does not lose energy, fluid
pressure is constant, kinetic energy and
potential energy remain constant along the flow
line [23], as shown in Figure 2.

The blockage of the pipe diameter begins
with the adhesion of material deposits on the
pipe wall, which gradually causes a narrowing of
the pipe cross-section (Figure 3). Finally, under
certain conditions, the pipe hole through which
this fluid passes becomes closed or blocked [24].

When there is a build-up of deposit
material on the pipe wall, there will be a
narrowing of the pipe cross-sectional diameter
(A1 > A2), which will cause an increase in fluid
velocity (V1 < V2), and there will also be a
pressure drop at the downstream position (P1 >
P2) [24].
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Figure 2. Normal flow conditions of the pipe according to Bernoulli's law [24]

Material deposit
P, on pipe wall

Figure 3. Start of formation of deposits on pipe walls [24]

Deposits adhering to the pipe wall will
reduce the diameter of the pipe cross-section
flow. At one point, this pipe diameter hole will
suddenly close (totally blocked) without knowing
the position, amount, and area of the blockage.
The closure of this fluid flow will cause an
increase in pumping pressure at the upstream
position, which will be greater than the maximum
allowable working pressure, causing the
weakest part of the pipe or the smallest
thickness to be penetrated by its working
pressure, resulting in leakage (Figure 4) [24].

This leakage will disrupt the production of
oil and gas flowing through the pipeline network,
work accidents and of course will become an
environmental, safety and health issue that will
have regional and national impacts so that it is
considered necessary to be able to use flow
operating parameters such as changes in
pressure, temperature, and flow shape for the
method of immediately detecting blockages
before leaks occur [26].

The methods that have been studied
provide various ways with varying levels of
effectiveness to find blockage points caused by
wax and asphalting, which are influenced by the
complexity of the composition and condition of
the pipe, so a multidisciplinary or multifaceted
approach is needed.

Integration of several methods using
acoustic equipment and experimental simulation
offers new hope with an easier strategic
approach [22].

However, the effectiveness of the method
depends on environmental conditions, fluid
characteristics, and piping system configuration,
S0 ongoing research is needed so that the level
of accuracy and effectiveness of the method for
determining blockage points can help for proper
handling to overcome the blockage that occurs.

Pay g2

Figure 4. Upstream Pressure increases causing
the pipe to burst [25]
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In addition, economic feasibility and
technical ease of application and implementation
can be achieved on complex and difficult pipe
networks.

Piping system engineers employ various
methods and technologies, each possessing
unique characteristics and differing degrees of
technical complexity. The level of success is
determined by the accuracy of the data and the
suitability of the method used. Mathematical

methods known today include calculation
methods, computational simulations, special
equipment for vibration analysis, acoustic

techniques, gamma rays, X-rays, and others

[27]. The methods that have been researched
and developed can be well documented (see
Table 2) so that the phenomenon of blockage in
pipes can be studied in more detail with many
numerical parameters until the most appropriate,
cheap, easy, and effective method is found.

The method used to detect and identify
blockages in the piping system will involve a
series of combinations of traditional and
sophisticated methods. Each method has
advantages and limitations in its application, so
it is expected that the combination of methods
used can complement each other and cover the
shortcomings.

Table 2. Comparison of research methods for identifying blockages in crude oil pipelines

Method Principle Data Detection Advantages Reported Limitations
Type Capability Performance
Pressure Detects Pressure Estimation of  Non-invasive, Accuracy = Sensitive to
Wave / reflection and  signals blockage suitable for 5%, noise,
Pressure attenuation of location and long pipelines  prediction boundary
Transient [21, pressure extent error up to condition
22,23, 24,32, waves caused 35% uncertainty
33, 34] by anomalies
in the pipeline
Acoustic Uses sound Acoustic Detects Real-time Moderate Interference
Wave wave signals blockage monitoring, detection from
Propagation propagation presence and non- accuracy turbulence
(AWP) [25, characteristic approximate  destructive and
26, 27, 28, 29, s to identify location environment
40] flow al noise
disturbances
Gamma-Ray Measures Radiation Deposit High Error = 5%, Expensive
Transmission  density intensity thickness sensitivity and  maximum equipment,
[30][31] variation measuremen  accuracy deviation radiation
caused by t 0.59 cm safety
deposits in concerns
the pipe
Computationa  Numerical Flow and Predicts Useful for Good Limitations in
| Fluid simulation of thermal deposition understandin qualitative accurately
Dynamics flow, heat parameter  behavior g blockage prediction of  determining
(CFD) [43, 44, transfer, and s mechanisms deposition the precise
45, 46] deposition location of
processes the blockage
Intelligent Detect strain Optical Real-time High RMSE = High
Network and pressure  wavelengt  blockage sensitivity and  0.845 installation
Models changes h signal monitoring distributed cost
Sensors [40, through sensing
47, 48, 49, 50] wavelength capability
shifts
Machine Data-driven Sensor Blockage Handles Accuracy Requires
Learning prediction datasets prediction complex 80.67% — large training
Models [28, using and nonlinear 89.96% datasets
51, 52, 53, 54, pressure, classification relationships
55, 56, 57, 58, flow, and
59] sensor
datasets
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In addition, it is necessary to consider the
economy and impact of the method used on the
handling that will be carried out so as not to harm
the company in terms of finance, loss of
production, and environmental damage. To
identify existing research gaps and evaluate
current  methodological developments, a
comparative analysis of the most recent and
widely investigated methods was conducted, as
summarized in the following section.

The comparison presented in Table 2
highlights the diversity of approaches used for
pipeline blockage detection and evaluates the
performance of several reported methods.
Pressure-based approaches, such as the
pressure wave method, are widely applied due to
their non-invasive characteristics and suitability for
long-distance pipeline systems. However, these
methods often experience relatively high
prediction errors, primarily due to signal noise and
complex boundary conditions.

Gamma-ray transmission techniques offer
higher sensitivity in detecting deposits within
pipelines. Nevertheless, their practical
implementation is limited by the high cost of
specialized equipment and concerns related to
radiation safety. Numerical approaches, such as
Computational Fluid Dynamics (CFD) simulations,
provide a cost-effective means of analyzing the
mechanisms of wax and asphaltene deposition.

Despite their usefulness in understanding flow and
deposition behavior, these models remain limited
in accurately identifying the precise location of
blockages in real pipeline systems.

In recent years, data-driven approaches,
including machine learning and intelligent network
models, have demonstrated promising detection
performance when integrated with advanced
sensing technologies. These methods have
shown the potential to significantly improve
detection accuracy, achieving reported accuracy
levels of up to 89.96%. However, their
effectiveness depends largely on the availability of
large datasets and robust training processes, and
their implementation may still encounter practical
constraints under real operational conditions.

Overall, these findings suggest that no
single method can provide optimal performance
across all aspects of pipeline blockage detection.
This highlights the need for the development of
hybrid approaches that integrate physical sensing
techniques, numerical modeling, and artificial
intelligence methods to enhance detection
accuracy and reliability.

Based on the research that has been
carried out in accordance with Table 2 above, an
appropriate framework for effective action,
prevention and detection methods has been
developed, which is broadly depicted in Figure 5.

p H Respons

/% Monitoring system

J —+ Emergency procedure

: ‘% Repair & maintenance
% Leak detection technologi
—+ Regular inspection
—+ Proper maintenance

Pipeline J p | P
% Prevention & mitigation .

Advanced materials

e

Detection blockage

—¢ Improved operational procedure

% Automatic Instrumentation
% Pressure sensors
/% Flow meter
" Smart pigging technology

% 4+ Acoustic sensors

%% Visual inspection
\—+ Numerical calculation methods
% Computational fluid dynamic (CFD)

Figure 5. Mind map of causes, effects, mitigation and solutidns to pipe blockages [60][61]
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Based on research, it is known that pipe
blockage is caused by mechanical failure,
corrosion, damage to valves and accessories,
natural disasters, operational errors, the presence
of solid materials, and paraffinic wax and asphalt
deposits. The damage caused by this blockage
has consequences for environmental damage, oil
prices, financial losses, disruption of oil and gas
supply, safety hazards, political disruptions, and,
of course, the company's reputation.

The high risk of blockage incidents in this
pipeline necessitates a real-time monitoring
system to ensure timely detection and operational
intervention, emergency procedures,
maintenance and repairs, and using the latest

technology to detect leaks where regular
inspections are carried out. Proper maintenance
methods, appropriate  materials, improving
operational procedures, and using automatic

instrumentation systems are also required.

In general, there are several tools used to
detect the point of blockage in the pipe, namely by
using pressure sensors, flow meters, smart
pigging, acoustic sensors, and visual inspection,
where all measurement results using this
equipment can be developed to be more accurate
with numerical calculation methods combined with
computational fluid dynamics.

A variety of methods and technologies are
employed by pipeline engineers, each with distinct
characteristics and  different  levels  of
implementation complexity. The level of accuracy
by the accuracy of the data and the suitability of
the methods used. The methods currently known
include mathematical calculation methods,
computational simulations, special equipment for
vibration analysis, acoustic techniques, gamma
rays, X-rays, and others. Various approaches
used in previous studies with different levels of
accuracy and operating conditions, then a
research diagram can be described that can be
combined and validated with other methods
according to the following flow diagram.

Figure 6 shows that, in general,
determining the blockage in the pipe can be done
with special equipment to take field operation data
such as vibration, sound, pulse, pressure, and
temperature, which is then used in the numerical
calculation equation. Laboratory experiments
validate numerical calculations. This means that
the methods used can be combined and validated
with each other so that the level of accuracy and
percentage of error can be found so that accurate
results are obtained and can then be simulated in
the form of computational fluid dynamics.

Blockage Detection

—»‘Vibration Analysis

4){ Acoustic Reflectometry

Hardware / Special > /Pulse Rate Analysis

Software/

Tools

Computing Based

4% Impedance Method

4% Radio Isotope Technology

4><Gamma Ray Neutrons ‘

V‘Frequency Response Diagram <

V}Transient Wave Interaction <

‘}Stochastic Sequential Liner Estimator *——

Experimental

Numerical

Laboratory

Calculation

—P‘Thermodynamic Solid Liquid Equilibrium }‘

4){Response Frequency }

‘Computational Fluid Dynamics

4b{Damping Fluid Transient }< <

—»‘Pressure Drop Analysis }‘
|

4><Transience Behavior of Fluid ‘

Figure 6. Flowchart of studied methods for determining blockages [27, 28, 41, 62, 63, 64]
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In the section “Discussion of Several
Previous Methods for Blockage Detection,” we
provide an overview of commonly employed
techniques for detecting blockages. These
methods were identified through a literature
search in the Scopus database and subsequently
filtered to include studies published within the past
five years. A bibliometric network map of relevant
publications on pipeline blockage detection
methods was previously generated using the
VosViewer application.

This article reviews those studies and
emphasizes the current state of the art, existing
knowledge gaps, and potential avenues for further
development in several approaches, including
pressure wave reflection analysis, mathematical
and numerical modeling, gamma-ray
transmission, computational fluid dynamics
(CFD), and machine learning techniques utilizing
pressure data and neural networks.

The concluding section of the subchapter
“Comparison of Current Methods, State of the Art,
Knowledge Gaps, and Development Possibilities”
elaborates on the novel contributions proposed by
each research approach to the identification of oil
pipeline blockages. The perspectives and
conceptual developments discussed herein are
anticipated to advance the current methodologies
of blockage detection and provide a solid
foundation for future scholarly investigations.

METHODS
Methodology Strategy

This study employs a systematic literature
review combined with bibliometric analysis to
examine the development of detection methods
for crude oil pipeline blockages. The overall
framework consists of data collection, screening,
analysis, and synthesis. Relevant publications
were retrieved from the Scopus database using a
Boolean search strategy with the keyword
“pipeline blockage”. The initial search yielded
1,858 documents. Scopus was selected due to its
comprehensive coverage of high-quality peer-
reviewed literature.

A multi-stage screening process was
conducted to ensure the relevance of the selected
studies. First, filtering based on publication stage
and title reduced the dataset to 453 articles.
Subsequently, further screening was performed
using publication year, abstracts, and keywords
focusing on “pipeline blockage detection”. This
step resulted in 44 eligible articles published
between 1996 and 2025. Only studies directly

related to detection techniques were included for
in-depth analysis.

Bibliometric analysis was conducted
using VOSviewer to map the knowledge structure
and research trends. Co-occurrence and network
visualization techniques were applied to identify
dominant clusters, relationships among studies,
and emerging themes in blockage detection
methods. The results provide a spatial
representation of the research landscape.

A mind mapping approach was used to
classify the selected studies into key themes,
including causes, consequences, prevention,
mitigation, and detection of pipeline blockages.
Furthermore, a comparative analysis was
performed to evaluate various detection methods
in terms of accuracy, applicability, advantages,
and limitations. This step also explored the
potential of integrating multiple techniques to
improve detection performance.

The findings from bibliometric and
qualitative analyses were synthesized to identify
research gaps and technological challenges.
Based on this synthesis, a conceptual framework
is proposed, emphasizing the integration of
physical sensing, numerical modeling, and data-
driven approaches to enhance blockage detection
in crude oil pipelines.

Figure 7 illustrates the overall research
framework, with the nomenclature provided to
support the analysis presented in Table 3.

The nomenclature in Table 3 is a naming
system, and units used in pipeline blockage
research so that the identification process is easier
and more consistent with the terms, avoids
ambiguity, reduces the possibility of
misunderstanding this pipeline blockage research,
and makes it easy to classify in various research
methods.

Bibliometric Search Results

The results of the bibliometric search from
the Scopus database found 14 articles (Table 4)
with more specific keywords regarding the method
of identifying blocking points in the pipeline, where
the results can then be described in the form of
network visualization or bibliometric network maps
using the VOSviewer application, which is free
software used to visualize bibliometric networks,
making it easier to find relationships between
literature, visualize publication data, identify gap
trends and research contributions.
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Figure 7. Research framework

Table 3. Pipeline blockage nomenclatures

Symbol Note
HPPO High Pour Point Oil
API American  Petroleum Institute
standards
PPV Pour Point value
cP Centipoise
WAT Wax Appearance Temperature
AHpg Head loss across blockage
MeV Mega-electron volt
FFT Fast Fourier Transform
RMS Root Mean Square
FRD Frequency response diagram
CFD Computational Fluid Dynamics

Figure 8 is a bibliometric diagram showing
the evolution of research on pipeline blockages,
allowing for the identification of changes in
insightful ideas for further development. This
bibliometric analysis was conducted using
VOSviewer to explore the intellectual structure
and research trends in crude oil pipeline blockage

detection. The keyword co-occurrence network
reveals distinct thematic clusters and a clear
evolution of research focus from conventional
monitoring approaches to advanced predictive
modeling. From this bibliometric map, it is
concluded that several methods are highly sought
after and still have room for further research and
development.

From Figure 8, which is a bibliometric
network map created using VOSViewer. The
bibliometric network reveals a clear structural
transition from sensor-based monitoring (e.g., loT
and flow sensors) to advanced data-driven
modeling approaches. The neural network model
emerges as a central node, indicating its critical
role in bridging real time data acquisition and
predictive analytics. Furthermore, the right cluster
highlights the growing integration of machine
learning techniques, such as support vector
machines and optimization algorithms, with
experimental and flow modeling data. This
suggests a paradigm shift toward hybrid and
intelligent detection systems.
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Table 4. Bibliometric search results from the Scopus database

No Title Reference

1 Blockage detection techniques for natural gas pipelines: A review. [27]

2 Experimental Investigation of Gas Transmission Pipeline Blockage [30]
Detection Based on Dynamic Pressure Method.

3 Research on Method for Detecting Pipeline Blockages Based on Fluid [65]
Oscillation Theory.

4 Partial Blockage Detection in Pipelines by Modified Reconstructive Method [64]
of Characteristics Technique.

5 Visual detection method of metal mine filling pipeline blockage based on [66]
ERT.

6 Development of a Hydrate Kinetics-Based Digital Twin for Blockage [67]
Detection and Production Optimization.

7 Assessment of the acoustic reflectometry technique to detect pipe [68]
blockages.

8 Blockage Detection in Gas Pipelines to Prevent Failure of Transmission [69]
Line.

9 Machine learning approach for blockage detection and localization using [28]
pressure transients.

10 Experimental platform for blockage detection and investigation using [29]
propagation of pressure pulse waves in a pipeline.

11 Simulation and detection of blockage in a pipe under mean fluid flow using [70]
acoustic wave propagation technique.

12 Fluid-Structure Interaction in Transient-Based Extended Defect Detection [71]
of Pipe Walls.

13 Experimental verification of the accuracy and robustness of Area [72]
Reconstruction Method for Pressurized Water Pipe System.

14 Pipe network blockage detection by frequency response and genetic [73]

algorithm technique.

wax deposition experimental data

robust soft computing approach

robust model

intelligent reliable model
optimization approach

#

N
neural ne@ork model

/ ﬁEVOSviewer

Figure 8. Bibliometric network map for specific articles on detection methods.

Figure 9 is a bibliometric visualization of

real-time detection and field

instrumentation,

VOSViewer that maps the relationship of emphasizing data collection from pipeline
keywords in scientific article documents that have  systems.

been collected from the Scopus database. The The second cluster centers on
bibliometric network highlights a clear evolution in  computational intelligence and data-driven

modeling approaches for pipeline blockage
studies. Early research is dominated by physics-
based and numerical methods, as indicated by
clusters involving numerical calculation, full
models, and model performance evaluation.

The network visualization identifies three
major clusters. The first cluster is associated with
sensor-based monitoring and data acquisition,
characterized by keywords such as flow sensor
and loT. This cluster reflects research focusing on

methods, where neural network model emerges
as a dominant node. Its central position indicates
a pivotal role in connecting raw data acquisition
with advanced analytical techniques. This cluster
also includes methods such as support vector
machines, optimization  approaches, and
statistical models, highlighting the increasing
adoption of artificial intelligence in blockage
detection.
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Figure 9. Bibliometric network map based on keywords for specific articles

The third cluster represents modeling and
simulation approaches, including numerical
calculation, full model, simplified model, and
model performance. These studies primarily focus
on physics-based and mechanistic modeling to
understand flow behavior and deposition
phenomena. The presence of the developed
model node indicates ongoing efforts to improve
or hybridize existing models.

The network structure demonstrates a
clear ftransition in research paradigms. Early
studies were dominated by numerical and
physics-based models aimed at understanding
blockage mechanisms. Over time, research has
shifted toward predictive and data-driven
approaches, as indicated by the emergence of
predictive model and machine learning
techniques. The neural network model acts as a
bridging node, signifying the integration of sensor
data with predictive analytics.

This evolution suggests a movement from
deterministic modeling toward intelligent systems
capable of real-time prediction and decision-
making. Additionally, the growing linkage between
experimental data (e.g., wax deposition) and
computational methods highlights the increasing
importance of hybrid approaches.

Overall, this analysis suggests that future
research should focus on developing integrated,
multi-scale, data-driven detection systems to
improve the accuracy, robustness, and real-time
applicability of crude oil pipeline blockage
detection. Research methods can be combined
and integrated, and utilizing data will create a
more practical, cost-effective, and accurate
method.

Table 5 displays the results of filtering
research methods that have been carried out,
classified based on the ranking with the highest
number of citations in the last 10 years, to be

reviewed and discussed in more detail in further
studies.

Furthermore, the research search results
in Table 4 are specifically for blockage detection
research methods according to Table 5, which
shows numerical research methods that utilize
pressure, oscillatory flow, acoustic waves,
frequency response, genetic algorithms, and
hydraulic transient analysis plus other methods
studied using vibration methods, thermodynamics,
and computational fluid dynamics.

From Table 5 above, it is known that the
majority of pipe blockage studies with numerical
analysis use pressure theory, fluid oscillation flow,
acoustic waves, frequency response, genetic
algorithms, and hydraulic transient analysis,
vibration analysis model, thermodynamic model
and computational fluid dynamic.

Research on pressure theory has been
developed using several methods, namely the
Dynamic Pressure Method or Pressure Transients
(pressure oscillations). The frequency signal
method is developed using acoustic reflectometry
or acoustic wave propagation.

DISCUSSION OF SEVERAL PREVIOUS
METHODS FOR BLOCKAGE DETECTION
Fluid Transient Damping Method

The fluid transient damping method is the
development of a linear analytical solution that is
applied to find blockage points in piping systems.
Based on linear analysis, it is known that the fluid
friction factors in transient flow and blockage flow
are exponential, and each is a harmonic
component (Figure 10).

This figure shows a control volume model

for a pipe segment of length Ax containing a
blockage point. This section analyzes the
distribution of pressures and forces acting on
deposits adhering to the pipe wall.
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Table 5. Research on blockage detection by numerical study

Title

Quantity

oom—\g

Acoustic
technique.

Genetic algorithms.
Hydraulic transient analysis
Vibration analysis.
Thermodynamic model
Ultrasonic torque waves
Gamma-ray

Computational fluid dynamic.

To0oNo O

Frequency response (transient frequency)

Dynamic Pressure Method or Pressure transients (pressure oscillations) 14
Fluid Oscillation Theory (damping of fluid transients). 2
reflectometry technique or acoustic wave propagation 6
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Figure 10. Blocking point diagram and parameter [71]

Geometrically, a pipe segment is bounded
by two axial positions: x1 and xz with length Ax,
while x» indicates the location of the blockage
within the segment. Fluid flows along the x-axis
from the upstream side to the downstream side.
Reduced flow due to a blockage depends on the
extent and location of the blockage.

From the schematic illustrated in Figure 10,
the governing equation describing the unsteady
flow in a pipeline with a blockage can be derived
and expressed as follows. [74].

OH 190 Q 90, fQ?
ox gAdt gA?0dx 2DgA? 1)
—AHgé(x —x5) =0

O0H 4 QoH a?0Q _0
ot  Adx gAox (2)
K5Q?
=_2° 3
AHB ZgAZ ( )

Where x denoted the distance along the
pipe (meters), t the time (hours), H the piezometric

height (meters), Q the flow rate in pipe (m/hours),
D the pipe diameter (mm), g the acceleration due
to gravity (m/s?), A the pipe cross-sectional area
(m”2), a the wave speed in fluid (m/s), xz the
blockage location, &(x —xg) the Dirac Delta
Function, AHy the head loss across blockage, and
K5 the head loss coefficient of blockage and as an
indicator of blockage size.

If the Kz and flow rate are known, then the
diameter of the blockage in the pipe cross-section
can be estimated. Transients in a pipe
experiencing a blockage are a series of harmonic
components that exponentially correspond to the
Fourier components so that the attenuation rate
parameter of the harmonic components indicates
the presence of a blockage. They are significantly
different from each other so that in some
components, the level of attenuation is greater
than the friction factor, where, based on this
Fourier component, it is concluded that the
attenuation due to blockages is a function of the
size of the blockage and the location of the
blockage.
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From research conducted by Brunone et al.,
2023 [62] it was found that transient flow in pipes
can be used to detect and find blockages with an
area of 20% of the cross-sectional area of the
pipe, where it can be concluded that this transient
calculation method is easy to apply but cannot be
applied to complex and long pipe network
systems. Furthermore, the experimental results
demonstrate that accurate blockage detection
requires sufficiently high flow rates to achieve
optimal performance, as blockage locations along
a pipeline may generate different transient
signatures.

Gamma Ray Neutron Method

One method for finding blocking points in
pipe networks is to use gamma rays and hydrogen
neutrons to capture images of deposition in pipe
networks.

This method begins by shooting thermal
neutrons at the part of the pipe where deposition
is suspected. When the thermal neutrons that
have been irradiated through the pipe encounter
deposition of wax containing hydrogen and
carbon, this hydrogen will then capture most of the
thermal neutrons and quickly  produce
2.223 MeV gamma rays. This hydrogen is the
target of analysis because when neutrons are
rotated around the pipe, there will be a change in
the intensity of the gamma rays emitted back by
the hydrogen due to differences in the thickness of
the hydrogen content in the wax layer attached to
the inside of the pipe wall [41].

The neutron release circuit of the 5ug
252Cf isotope, with the scintillation detector used

being LaBrs::Ce, which is protected by tin
measuring 10 x 10 x 10 cm3, which is located on
the outer surface of the pipe [42].

From research carried out by Hei et al. in
2016 [75] using a 252 Cf neutron source and a
LaBrs detector by measuring the height of the
hydrogen peak from scanning gamma-ray images,
it was concluded that this method could be applied
to images of wax deposition in pipe networks
without requiring specific accumulation
information in the scanned pipe flow (Figure 11).
However, further research is needed to measure
the thickness of the deposits formed with certainty.
This method is less effective for checking deposits
in long pipe networks with large diameters and
connected to many branches

Vibration Analysis Method

Fluid flowing through a pipe with a certain
flow speed and pressure at a cross-sectional area
that is getting smaller due to a blockage will have
the potential to increase the vibrations produced
by the pipe walls.

Figure 12 below shows a schematic of the
research conducted using a round carbon steel
pipe with a length of 1000 mm and a diameter of
30 mm. This figure illustrates the configuration of
a vibration monitoring system used to detect flow
obstructions in a pipeline. In this system, multiple
accelerometer sensors are installed along the
surface of the pipe and connected to a data
acquisition system to record vibration signals
generated during fluid flow. Three accelerometer
sensors, labeled A, B, and C, are positioned at
different locations along the pipeline.

Detector
LaBr;: Ce

Neutron Shaft |

Detector
LaBr;: Ce

Wax Deposition

Direction of
Rotation
Neutron

Neutron
Source
Collimator

Pipeline
Wall

Figure 11. Neutron sensing schematic [41]
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Figure 12. Schematic of vibration analysis [77]

These sensors measure the vibration
acceleration generated by the interaction between
the flowing fluid and the pipe structure. The
recorded vibration signals are subsequently
transmitted to the data acquisition system for
further processing and analysis. The material was
installed in the center of the pipe to simulate
blockage at 4 points with different thicknesses,
namely 5 mm, 10 mm, 15 mm, and 20 mm. The
arrows in the figure indicate the direction of fluid
flow within the pipeline, while the central part of the
figure illustrates the pipe cross-section,
highlighting the presence of a blockage inside the
pipe. Such blockages may consist of wax
deposits, asphaltene accumulation, or solid
particles that adhere to the pipe walls and
consequently reduce the effective flow cross-
sectional area.

The presence of a blockage alters the flow
characteristics, including increased turbulence,
pressure fluctuations, and changes in the vibration
behavior of the pipe structure. These changes can
be detected by the accelerometer sensors as
variations in the measured vibration signals at
each monitoring location. By comparing the
vibration signals recorded by sensors A, B, and C,
the location of the blockage can be identified
based on differences in signal amplitude and
frequency characteristics observed along the
pipeline.

The results of research conducted by Ding
et al. in 2025 [76] concluded that fluid flow passing
through a cross-section that has decreased due to
a blockage will cause the fluid velocity to increase,
pressure to decrease, and vibrations through it to
be greater.

The experimental results indicate that the
vibration signals detected by the accelerometer
are influenced by the size of the blockage and the

placement of the accelerometer. The detected
signals are characterized by their signal patterns,
frequency, and vibration amplitude. Observations
were conducted based on the patterns and
parameters of the vibration signals in m/s? units
using the Fast Fourier Transform (FFT) and Root
Mean Square (RMS) tools [13]

This vibration analysis method is less
effective for pipeline networks that are long, have
large diameters, and contain multiple branches.
Further research is required to investigate the
vibration characteristics of fluid flow involving
crude oil, wax, paraffin, and asphaltene deposition
media.

Frequency Response Numerical Method

The numerical frequency response method
is a development of the fluid transient method,
which is used to find blockage points non-
invasively or non-destructively [74].

This method is a modification of the fluid
transient method, which utilizes transient wave
changes to describe the internal conditions of the
pipe (Figure 13). The schematic illustrates a
pipeline system used to analyze the effect of
blockages on fluid flow behavior. The pipeline
connects two reservoirs located at positions (ns)
and (ns), which represent the upstream and
downstream boundary conditions of the system.
The pipeline is divided into two main sections:
Section A ((n1)—(n2)), representing the upstream
flow region under normal conditions, and Section
B ((n3)—(n4)), representing the downstream region
influenced by flow disturbances. The process
initially begins by sending a transient amplitude
into the pipe and then measuring the pressure
variations for analysis [31].
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The location of the dimensionless
blockage,x;,, can be defined as follows:
Ly
xXp = —— 4
P La+ Ly @)

To determine the size of the block, it can
be expressed in dimensionless form as follows:

. I
IB:_B )]

Where L, denoted the Length of pipe
section A (meters), and Ly the Length of pipe
section B (meters) and I} the size of the block.

To obtain predictions at arbitrary locations,

a transfer matrix formulation is employed under
the assumption of linear conditions in an unsteady
pipe system. The matrices are multiplied
sequentially according to their locations, starting
from the downstream end, to generate a transfer
matrix representing the entire pipeline system.
This matrix is then combined with known boundary
conditions, such as discharge and head
disturbances.
Research using the frequency response diagram
(FRD) method carried out by Zhang et al in 2024
[39] produced an oscillation pattern at the top of
the FRD, which, using analytical expressions from
the derivative of the unsteady flow equation and
the Fourier transform with frequency, phase and
amplitude parameters, can be concluded to be
able to detect the location of the blockage but
there are slight differences regarding the size of
the obstruction. This method assumes that
blockages occur uniformly with parallel holes
when, in fact, blockages occur randomly, and their
physical properties are distorted with non-uniform
geometry distributed along the pipe. For two
blockage points, this method only detects one
blockage location, and for blockages near the
system boundary, the frequency is close to zero.

Based on these findings, further research
can be undertaken to develop frequency-domain
analysis methods for detecting large blockage
locations and blockages occurring near system
boundaries.

Temperature Analysis Method

This research model utilizes changes in
temperature where one of the factors causing
blockages in crude oil pipes is the loss of
temperature, which causes asphalt, wax, and
paraffin to increase in viscosity and stick to the
pipe walls, which will gradually form deposits as
insulating material in the pipe [8]

This research method uses the energy
transfer equation, which states that heat moves
from high temperature to low temperature [13].

Research conducted by Kiyingi et al. in
2025 [78] carried out manual temperature
measurements on the pipe walls in each pipe zone
(Figure 14). The figure illustrates a cylindrical
obstruction located inside a pipeline and its
influence on the surrounding flow field using
cylindrical coordinates ((r,z)). The axial direction
(z) represents the flow direction along the pipe,
while (r) denotes the radial direction from the pipe
centerline. The obstruction has a length of AL and
is positioned within a pipe segment of total length
(L). The presence of this obstruction alters the
local flow characteristics and generates
disturbances in the stress or flux components

within the pipe. The terms PZZ/, represent the
axial flux component along the (z)-direction,
evaluated at (z=L) and (z = L + AL), while (®rz)
denotes the radial-axial interaction component
occurring near the pipe wall. Then, based on the
point where the temperature was lowest, they
recalculated the heat transfer from the pipe walls
to the fluid flowing inside, taking data collection
time when the environmental temperature was
highest.
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Figure 14. Temperature Transfer Model Diagram [78]

This research concludes that temperature
can be used as a parameter that influences the
formation of blockages. This method cannot be
used on pipes that are below ground level or pipes
for which temperature data cannot be taken and is
not effective for pipes with long stretches and large
diameters.

Computational Fluid Dynamics (CFD) Method

This approach for identifying blockage
locations in piping systems employs
computational fluid dynamics (CFD) simulations
under steady-flow conditions to assess the effects
of blockage diameter, length, and location, with
pressure drop and blockage characteristics
serving as the primary parameters.

One of the tools used for this simulation
method is the ANSYS Workbench Design Modeler
and Mesh Module to create progressive mesh
pyramid cell geometries and 350,000-440,000
mesh meshes with orthogonal grid quality [63].

Figure 15 is a basic schematic diagram that
will be used to draw the geometry and mesh
where, based on the CFD simulation results, it can
be seen that the pipe flow rate is the same as a
function of the square root of the pressure drop
where when the fluid pressure increases there will
be a decrease in pressure at the point where the
block occurs so that more fluid is compressed in
the pipe due to the cessation of flow. In contrast,
the flow rate will decrease in proportion to the
reduction in the flow area, or other words, the flow
rate will be lower compared to the increase in the
block size, where the length of insulation on the
pipe also affects the pressure drop along the
center line [43].

The CFD simulation results were validated
with a laboratory-scale experimental model. The
pressure drop deviation was obtained, and the

laboratory experimental model was greater than
the CFD simulation by 2% -22%. This is because
the ideal blockage shape and pipe diameter in the
CFD are slightly different from the actual blockage
shape. In connection with these deviations, this
CFD method can still be developed in further
research so that deviations can be avoided.

Another drawback is that the best computer
specifications are needed to carry out meshing
and iteration on long, large-diameter industrial-
scale pipe networks. Therefore, it is necessary to
find the right method so that meshing and iteration
can still be carried out with moderate computer
specifications.

Comparison of Current Methods, State of the
Art, Knowledge Gaps and Development
Possibilities

The aforementioned research provides a
fundamental foundation that integrates
approaches from physics, chemistry, and
mathematical modeling. These methodologies
have been further developed and combined by
contemporary researchers to achieve more
accurate and reliable results, particularly when
addressing complex pipelines, multiphase fluid
flow, and other unresolved limitation. The
performance of each study should be evaluated
using quantitative parameters that measure its
accuracy and effectiveness such as the
percentage accuracy in identifying blockage
locations, the number, extent, and thickness of
blockages, and the degree of complexity of pipe
branching. Such evaluation is essential to ensure
that the developed models and methods can be
effectively implemented in future industrial
applications.
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Figure 15. Computational Fluid Dynamic method diagram for blockage points [63]

Transient pressure-based detection
methods represent a recent advance in research,
utilizing acoustic or pressure waves generated
and reflected at points of discontinuity, such as
blockages, valves, and joints. The location and
intensity of these discontinuities can be
determined by analyzing the time-of-flight and
amplitude ratio of the reflected signals. This
approach is based on classical mathematical
models, including linear acoustic theory and water
hammer theory for low-compressibility flows, the
one-dimensional wave equation, and the speed of
sound equation used to estimate density and bulk
modulus. Furthermore, the impedance mismatch
principle is used to quantify wave reflections, while
the Method of Characteristics (MOC) is applied to
solve the nonlinear conservation equations
governing mass and momentum under transient
flow conditions.

Recent research on transient pressure
methods increasingly employs numerical and
computational approaches, such as finite-
difference, finite-volume, and Method of
Characteristics (MOC) schemes, to address time-
domain analyses. High-order and shock-capturing
schemes are also utilized to handle nonlinear
effects associated with strong transients.
Furthermore, combined two-dimensional and
three-dimensional Computational Fluid Dynamics
(2D/3D CFD) simulations are applied to model
flow separation around deposits, while one-
dimensional transient models are used for long-
domain or multi-scale coupling analyses. To
acquire real-time data, inverse problems are
solved using probabilistic Bayesian approaches in
conjunction with various sensor types including
discrete pressure sensors, acoustic sensors,
degradation sensors, and temperature sensors.
Additionally,  hybrid  physics-based wave
propagation models integrated with data-driven
techniques and optimized sensor network

configurations enable accurate monitoring of
operational variations in multiphase flow systems.

Current research on transient pressure
methods still exhibits several gaps and limitations.
Most existing studies rely on the assumption of
linear wave propagation and homogeneous
single-phase fluids, indicating the need for further
development to extend applicability to crude oil,
which exhibits nonlinear behavior (viscoelasticity
and strong attenuation), multiphase
characteristics, and temperature dependence.
Noise-handling algorithms such as those
addressing ambient noise, pump-induced
transients, and overlapping multiple reflections are
typically derived from laboratory simulations,
which often fail to accurately represent real field
conditions. As a result, uncertainties in wave
velocity can significantly affect the calculation of
arrival times, while the sensors employed are
frequently modeled under idealized conditions
without optimization regarding their number or
placement. Another major limitation of current
research lies in the lack of reflection modeling in
multiphase flows and complex geometries,
including gas pockets, emulsions, fittings, bends,
diameter variations, and branching. Furthermore,
quantitative validation data for both field and
experimental applications remain limited, and
uncertainty analyses are rarely reported, despite
the use of computationally intensive and costly
optimization models.

To address the aforementioned limitations,
several recommendations are proposed to
enhance the modeling framework. These include
incorporating frequency-dependent attenuation,
wall viscoelasticity, and multiphase effects into
one-dimensional (1D) wave modeling, as well as
introducing an empirical attenuation dispersion
model. Numerical computations can be further
improved by integrating the Method of
Characteristics (MOC)  with finite-volume
schemes, following sensitivity calibration against
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sound velocity parameters at various fluid
densities and boundary reflection coefficients.
Data quality and model validation can be
strengthened by conducting experiments under
multiple operating scenarios and disturbances
such as synthetic noise and by recording statistical
data to quantify localization errors, which can
subsequently serve as  parameters in
Computational Fluid Dynamics (CFD) simulations.
Sensor placement should be optimized through
sensor placement optimization techniques (e.g.,
maximizing Fisher Information) to ensure proper
spatial identification. Furthermore, the use of
hybrid solutions that combine physics-based
forward models with data-driven approaches is
recommended, alongside the adoption of
evaluation metrics such as Mean Absolute Error
(MAE, in meters), Root Mean Square Error
(RMSE), median error, and the percentage of
predictions within a specified tolerance range
(e.g., t5 m).

Another method that has recently attracted
significant research interest is Gamma-Ray
Transmission (GRT), a non-invasive technique
used to measure the intensity of gamma radiation
penetrating fluids or products within pipelines. By
analyzing the reduction in radiation intensity, this
method is particularly effective for detecting local
density variations caused by deposit formation.
The technique is based on the Beer—Lambert
attenuation principle, in which the measured
attenuation depends on gamma-ray energy,
material composition, path length, and geometric
configuration. Measurement accuracy can be
enhanced through various configurations,
including single-beam transmission for simple
profiles and multi-angle detector arrays for cross-
sectional assessments. Additionally, the use of
external gamma densitometers combined with
Monte Carlo simulations has been shown to
improve both spatial resolution and deposit
quantification accuracy.

The application of Gamma-Ray
Transmission (GRT) techniques in crude oil
pipeline systems still faces several technical
constraints. One major limitation is the sensitivity
to thin deposits, which is constrained by the trade-
off between spatial resolution and permissible
radiation dose. Variations in material composition
such as the presence of water, oil, wax, or sand
can introduce bias if the attenuation coefficients
are not properly calibrated. Moreover, many
existing studies remain confined to laboratory
environments or rely solely on Monte Carlo
simulations, lacking long-term field validation.
Operational safety concerns and regulatory
considerations associated with the use of
radioactive sources are also seldom quantified or

systematically evaluated. To advance this
technique toward industrial implementation,
further research is required that integrates multi-
energy or multi-angle data acquisition,
probabilistic or uncertainty quantification (UQ)-

based inversion methods, sensor fusion
strategies, and extensive field validation
campaigns.

Recent studies employing Computational
Fluid Dynamics (CFD) for blockage simulations
have integrated flow analysis, heat transfer, and
precipitation mechanisms to predict the formation
and evolution of deposits. These approaches
typically involve the use of Reynolds-Averaged
Navier—Stokes (RANS) simulations to
characterize macroscopic flow behavior, Volume
of Fluid (VOF) or Eulerian methods to capture
multiphase interactions, and simplified kinetic
models to represent wax or asphaltene
precipitation. High-fidelity models, such as Large
Eddy Simulation (LES), are capable of resolving
local flow fluctuations that influence particle
transport and detachment processes. However,
due to the significant computational cost
associated with these models, researchers often
rely on simplified representations for simulations
over full pipe-length domains. To address this
limitation, data-driven approaches and reduced-
order modeling techniques have been increasingly
adopted to optimize CFD analyses, reducing
computational expenses while preserving
predictive accuracy.

Although CFD-based numerical studies
have advanced considerably, several research
gaps remain that hinder their effective application
to industrial-scale pipeline blockage conditions.
Quantitative experimental validation of deposit
rates and profiles remains limited, and
precipitation kinetics as well as rheological
parameters are often adopted directly from the
literature without calibration for specific crude oils.
Furthermore, the complex interactions among

multiphase flow behavior, emulsions, and
chemical reactions have not vyet been
comprehensively modeled. Computational

scalability also constrains the ability to perform
continuous simulations over realistic pipeline
domains. Therefore, to enhance predictive
accuracy and facilitate industrial adoption, future
research should focus on experimental calibration,
uncertainty quantification (UQ), the development
of mechanistic erosion—adhesion models, and the
implementation of surrogate modeling techniques
for operational applications.

Machine learning approaches based on
pressure transients have emerged as a highly
active area of research, as they integrate
advanced signal processing techniques with data
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acquired from multiple sensors. Recent
developments in this field have combined
traditional signal processing methods with modern
machine learning algorithms to enhance detection
accuracy  and efficiency. Feature-based
approaches  typically utilize time-domain,
frequency-domain, and wavelet-derived features,
which are then applied to supervised learning
models such as Random Forest, Support Vector
Machines (SVM), and XGBoost for classification
and detection tasks. The adoption of deep
learning architectures such as one-dimensional
Convolutional Neural Networks (1D-CNN), Long
Short-Term Memory (LSTM) networks, and hybrid
CNN-LSTM models has further enabled end-to-
end processing of raw transient pressure signals,
allowing real-time blockage detection and
localization. Although high performance has been
achieved in controlled laboratory settings, existing
studies still encounter difficulties in generalizing to
field conditions due to domain shifts, imbalanced

blockage cases, and variations in sensor
configurations. Moreover, critical operational
aspects, including uncertainty quantification,

model interpretability for engineering practitioners,
and inference latency in real-time applications,
remain underexplored in the existing literature.

Although machine learning methods have
demonstrated substantial progress in the rapid
detection and localization of blockages, several
limitations persist. Most existing studies have
been validated only on limited simulation or
laboratory datasets and have not been extensively
tested under noisy and heterogeneous field
conditions. Issues such as class imbalance and
the rarity of blockage events are frequently
overlooked, leading to an increased risk of false
negatives and false positives. Furthermore, the
absence of uncertainty quantification and model
explainability constrains industrial adoption, as
technical personnel require both confidence levels
and interpretable reasoning to support informed
operational decision-making. Research assessing
the influence of sensor network design and sensor
placement optimization on localization accuracy
also remains scarce. To mitigate these
constraints, future studies should integrate multi-
source data, simulation-to-reality (sim-to-real)
transfer techniques, uncertainty quantification
(UQ), and experimental design strategies for
optimal sensor deployment.

One of the most recent yet relatively limited
areas of research involves the application of
Cascade Forward Neural Networks (CFNN) and
Generalized Regression Neural Networks
(GRNN). Conventional studies on wax deposition
prediction and modeling have primarily relied on
physics-based thermodynamic and data-driven

approaches. In such physical models, paraffin
precipitation is typically predicted through
calculations of solid—liquid equilibrium and
compositional  distribution; however, these
methods often depend on parameters that are
difficult to measure and costly to obtain. To
address these existing limitations, neural
network—based approaches such as Multilayer
Perceptrons (MLP), Radial Basis Function (RBF)
networks, and their variants, including GRNN and
CFNN, have been adopted. These methods offer
the advantage of capturing complex nonlinear
relationships directly from experimental or field
data without requiring detailed knowledge of the
underlying physical mechanisms. Despite their
potential, current research still exhibits several
limitations, including the use of narrow datasets,
insufficient validation rigor, limited benchmarking
against established baselines, and a lack of
uncertainty analysis and model interpretability.
Currently, Cascade Forward Neural
Network (CFNN) and Generalized Regression
Neural Network (GRNN) methods are widely
applied for nonlinear regression using laboratory-
scale datasets. However, several limitations and
critical research gaps remain. Reported accuracy
metrics are often based on limited datasets, and
consequently, the generalizability of these models
to real field conditions has not been adequately
demonstrated. Moreover, the lack of comparative
studies with other state-of-the-art algorithms such
as XGBoost or Gaussian Process Regression—
renders claims of superior performance less
convincing. Sensitivity analyses and uncertainty
quantification are also rarely performed, despite
their importance for operational decision-making
(e.g., pigging schedule optimization). In addition,
limited reproducibility due to unavailable code and
data constrains independent verification and
benchmarking by other researchers. To address
these issues, future work should emphasize
rigorous validation protocols, interpretability
assessment, uncertainty quantification, and field-
scale demonstrations. Integrating physics-based
models for feature derivation with robust machine
learning  frameworks, alongside enforcing
transparency and reproducibility practices, will
accelerate progress and enhance the reliability of
CFNN- and GRNN-based predictive modeling.
The results of current research models can
be systematically compared to guide future
researchers in identifying promising directions for
further investigation. Based on the comparison of
the basic methods in Table 2, the comparative
analysis can contribute to the development and
improvement of sustainable blockage detection
methodologies in crude oil pipelines (Table 6).
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Table 6. Current state of the art, knowledge gaps, possible developments & proposed novelties

No Methods State of the Art Knowledge Gaps Development
Possibilities

1 Pressure wave The latest research The assumptions of linearity Future research should
reflection model of 1-D wave and homogeneous fluid are use
analysis, propagation uses not valid for multiphase crude damping/dispersion
nmuar;heerzzgltlcal acoustic equations, oil; the effects of dispersion models and inversion
calculations [29, Characteristic Method and frequency-dependent methods that quantify
55, 65, 13, 28, (finite-volume numerical attenuation tend to be uncertainty, optimizing
29, 31, 80, 81, scheme) for ftransient neglected, leading to sensor placement to
82, 83, 84, 85, amplitude, time-of-flight estimation bias. evaluate performance
86, 32] and reflection analysis under real operational

2 Gamma ray
transmission
techniques for

crude oil
pipelines [41,
42, 87]

3 Computational
fluid dynamic.

[38, 39, 40, 64,
73, 74, 44, 47,
90]

4 Machine
learning
approach using
pressure
transients [27,
44, 46, 47, 75,
76, 77]

5 Cascade
forward neural
networks and
generalized
regression [49,
92, 93, 94, 95,
96]

combined with CFD.

Recent research
utilizes the Beer-
Lambert attenuation
principle, single to
multi-angle  source—
detector
configurations,
combining Monte
Carlo and light
tomography

techniques to improve
the  resolution  of
deposits.

Recent research
integrates CFD with
data-driven & reduced

order modeling
methods to lower
computational  costs
while maintaining
predictability.

Recent research
combines traditional
signal processing
techniques with
modern machine

learning methods with
feature-based
approaches.

Recent research
models complex non-
linear relationships
from
experimental/field
data without detailed
knowledge of the
physical mechanisms.

Less sensitive to thin
deposits  depending  on
radiation dose, biased results
due to variations in material
composition
(water/oil/wax/sand), still
limited to laboratory settings
(Monte Carlo simulation)
without field validation, does
not discuss  regulations
related to radioactive sources
(transport, storage, safety).

Lack of validation data,
parameters using literature
data without calibration, the
complexity of multiphase
flows has not been modeled,
and there are limitations in
computational scale.

Research evaluating the
impact of sensor network
design and sensor location
optimization on localization
accuracy is very limited.

Limited datasets resultin less
accuracy for field application
and have not yet been
proven.

conditions.

Future studies need to
combine multi-energy
or multi-angle
acquisition,
probabilistic-based
inversion (UQ), sensor
fusion, and field
validation campaigns.

Further research
should conduct
experimental

calibration, uQ,
mechanistic  erosion-

adhesion models, and
the development of
surrogate models.

Future research needs

to combine  multi-
source data, sim-to-
real techniques, UQ,
and experimental
design for  sensor
placement.

Future research should
conduct more rigorous
validation,
interpretability analysis,
UQ, and demonstration
on field data.
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Each blockage detection method offers
distinct advantages and unique opportunities for
further refinement and development.
Consequently, considerations of cost and time
efficiency should remain central in determining the
suitability and scalability of each approach for
industrial applications. Moving forward, it is
imperative for future researchers to adopt a more

integrative and interdisciplinary perspective
combining physics-based modeling,
computational intelligence, and experimental

validation to overcome current limitations and
enhance predictive reliability. By advancing
research in this direction, the longstanding
phenomenon of crude oil pipeline blockages can
be addressed more effectively, thereby fostering
innovation that enhances industrial operations,
improves economic efficiency, and promotes
environmental sustainability.

A novel approach is proposed to integrate
PWR method with a numerical model based on 1D
and 2D fluid acoustic transient wave equations.
This model measures the travel time of reflected
waves and the characteristics of pressure
transients, followed by numerical verification using
finite volume or finite difference methods to
simulate pressure wave propagation. Notably,
most existing studies on the PWR method have
relied primarily on direct signal analysis without
incorporating mathematical to validate the
pressure phenomena. The integration numerical
modeling represents a significant advancement
toward more comprehensive blockage detection.

Building upon this concept of combining
experimental and computational techniques, a
similar innovation is proposed for the gamma-ray
transmission method. Traditionally, research on
this method has been largely experimental,
however, the present approach employs
numerical simulations using Monte Carlo and finite
element radiation transport techniques. Through
this integration, the method can generate baseline
datasets for real-time simulations of various
blockage levels. These simulations, when
combined with Na(Tl) or HPGe detectors and
machine learning—based pattern recognition,
provide a foundation for developing a more robust
and adaptive blockage detection framework.

Extending the application of numerical
modeling to fluid dynamics, another novel
framework is introduced to address limitations in
current CFD studies, which predominantly
assume Newtonian fluids such as water. In
contrast, the proposed CFD model focuses on
predicting non-Newtonian flow behavior of crude
oil under blockage conditions. This three-
dimensional transient numerical model
incorporates key physical aspects, including fluid

rheology (shear thinning), temperature effects,
and viscosity variations described by the Power-
Law or Herschel-Bulkley models. The ultimate
objective of this approach is to develop a real-time
predictive tool that can be integrated into early-
warning systems of pipeline monitoring.

To complement these physics-based
approaches, an intelligent data-driven strategy is
also proposed through the integration of machine
learning (ML) with pressure transient analysis.
Unlike prior studies that typically rely on steady
state data (mean pressure), the proposed deep
learning approach leverages transient features
such as pressure decay rate, peak reflection
amplitude, and time lag to directly learn from
waveform patterns without manual feature
extraction. This integration not only accelerates
the diagnostic process but also improves
detection accuracy. By employing a multi-class
classification scheme, the system is expected to
identify the type of deposit material and quantify
the extent of blockage based on pressure signals,

thereby enabling multi-level detection,
comprehensive risk assessment, and more
accurate maintenance planning.

Together, these interconnected
approaches spanning physical modeling,

numerical simulation, and intelligent data analysis
highlight a cohesive research direction aimed at
developing an integrated and adaptive pipeline

blockage detection system. Such synergy
between traditional methods and modern
computational intelligence offers promising

potential for advancing the state of the art in
pipeline monitoring and maintenance.

CONCLUSION

This study presents a systematic review
combined with bibliometric analysis to elucidate
the knowledge structure and research trends in
crude oil pipeline blockage detection caused by
wax and asphaltene deposition. The findings
reveal a clear evolution of the field from
conventional experimental and physics-based
approaches toward data-driven and intelligent
detection systems. Bibliometric mapping identifies
three dominant and increasingly interconnected
domains sensor based monitoring, mechanistic
modeling, and machine learning indicating a
progressive  shift  toward methodological
convergence. The analysis demonstrates that
existing approaches ranging from experimental
techniques to numerical modeling and machine
learning offer complementary strengths but
remain individually insufficient to achieve
consistent accuracy and reliability under diverse
operational conditions. Experimental methods
such as pressure wave and gamma-ray
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techniques provide relatively low measurement
errors (~5%), yet are highly sensitive to blockage
geometry and sensor configuration. Physics-
based models, particularly CFD, effectively
capture flow dynamics but lack precision in
blockage localization and quantification. In
contrast, data-driven approaches, including
machine learning and neural networks, exhibit
superior predictive performance (up to ~90%
accuracy), although their robustness is
constrained by data dependency and limited
generalizability. A key scientific insight emerging
from this work is that pipeline blockage detection
constitutes a multi-physics and multi-scale
problem, requiring the integration of
heterogeneous data sources and modeling
paradigms. Accordingly, this study establishes a
generalized framework that emphasizes the
synergistic integration of physical sensing,
mechanistic modeling, and artificial intelligence,
supported by uncertainty quantification and
optimized sensor placement. This integrative
approach represents the primary contribution of
this work and provides a pathway toward more
accurate and adaptive detection systems. From a
practical perspective, the findings suggest that
industry applications should move beyond single-
method implementations toward hybrid detection
architectures. Specifically, the integration of real-
time sensor data (e.g., loT-based flow monitoring)
with predictive machine learning models and
physics-based simulations can significantly
enhance detection accuracy and early warning
capabilities. Additionally, incorporating uncertainty
quantification can improve decision-making
reliability under variable field conditions. The
optimization of sensor placement and the use of
multi-source data fusion are also critical to
reducing detection errors and improving system
robustness.
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