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Abstract: Accurately and instantly estimating the hydrodynamic characteristics in two-phase liquid–
gas flow is crucial for industries like oil, gas, and other multiphase flow sectors to reduce costs
and emissions, boost efficiency, and enhance operational safety. This type of flow involves constant
slippage between gas and liquid phases caused by a deformable interface, resulting in changes
in gas volumetric fraction and the creation of structures known as flow patterns. Empirical and
numerical methods used for prediction often result in significant inaccuracies during scale-up pro-
cesses. Different methodologies based on artificial intelligence (AI) are currently being applied to
predict hydrodynamic characteristics in two-phase liquid–gas flow, which was corroborated with
the bibliometric analysis where AI techniques were found to have been applied in flow pattern
recognition, volumetric fraction determination for each fluid, and pressure gradient estimation.
The results revealed that a total of 178 keywords in 70 articles, 29 of which reached the threshold
(machine learning, flow pattern, two-phase flow, artificial intelligence, and neural networks as the
high predominance), were published mainly in Flow Measurement and Instrumentation. This journal
has the highest number of published articles related to the studied topic, with nine articles. The most
relevant author is Efteknari-Zadeh, E, from the Institute of Optics and Quantum Electronics.

Keywords: artificial neural network; flow pattern; machine learning; artificial intelligence; two-phase
flow; liquid–gas; flow regime identification

1. Introduction
1.1. General Aspects

The progression of Industry 4.0 in recent times has spurred the petrochemical sector to
concentrate on innovating new technologies, simplifying the adoption of advanced systems
for accurate measurement of multiphase flow. Multiphase flow refers to the simultaneous
movement of substances in distinct states or phases (solid, liquid, gas), leading to the
formation of a stratified layer with a blend of phases or distinctive patterns arising from
the initial hydrodynamic parameters of flow as it traverses through pipelines [1,2].

In the smart society era, flexible electronics with versatile functionalities have expe-
rienced notable advancements propelled by the rapid evolution of artificial intelligence
of things (AIoT) and fifth generation (5G) (See Figure 1). One crucial aspect of this devel-
opment is the flexible and stretchable mechanical sensors, which can measure external
mechanical stimuli in mechanical properties such as pressure, strain, shear force, and vibra-
tion using electrical signals. However, unlike traditional rigid sensors, flexible mechanical
sensors can adapt to various shapes, making them suitable for applications such as conform-
ing to the human skin, robotic devices, prosthetics, and smart gadgets, thereby enhancing
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their sensing capabilities. Additionally, advancements in flexible mechanical sensors have
incorporated features like optical transparency, enabling them to operate discreetly. As a
result, these sensors find applications in a wide range of fields, including health and motion
monitoring, human–machine interfaces, and smart home technologies [3].
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1.1.1. Main Components of Soft Computing

Figure 2 shows that the main components of soft computing techniques are machine
learning, evolutionary computation, fuzzy logic, and probabilistic reasoning. Each one is
subdivided according to the application. Although each technique can operate indepen-
dently, they synergize in hybrid models, offering augmented capabilities when combined.
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1.1.2. Industrial Implications

Optimizing the fluid catalytic cracking (FCC) process is a critical component in the
petroleum refining industry, responsible for converting heavy hydrocarbons into lighter,
more valuable products such as gasoline and olefins. This complex chemical process
operates under high temperatures and pressures, using a catalyst to facilitate the cracking
of large hydrocarbon molecules. Despite its importance, the FCC process faces several
challenges. These include the need for precise control to optimize yield and quality,
maintaining catalyst activity and longevity, and managing the environmental impact of
emissions. Advanced technologies like 5G, sensors, and sophisticated computational
methods are increasingly being integrated to address these issues, enhancing the efficiency,
reliability, and environmental compliance of FCC operations.

In this way, FCC process conditions offers substantial economic advantages by en-
hancing yields, product quality, and energy efficiency, while minimizing operational costs.
However, the FCC process is known for its complex, time-varying, nonlinear dynamics
and the intricate interplay among process variables, making it susceptible to various dis-
turbances. Achieving these goals while ensuring safe and stable operation presents an
opportunity for the development and implementation of intelligent control techniques.

The selection of controlled variables (CVs) and manipulated variables (MVs) is crucial
in designing controllers for the FCC unit. Key control loops in the FCC unit include flow,
temperature, pressure, and catalyst level. Certain dominant variables significantly impact
the overall process performance due to strong correlations among process variables. By
regulating these dominant variables, the unit can be effectively controlled. For instance, the
flue gas valve directly controls the regenerator pressure to maintain a constant differential
pressure between the reactor and the regenerator, influencing the wet gas compressor, air
blower balance, and catalytic circulation.

Conversely, the pressure controller on the overhead receiver indirectly regulates the
reactor pressure by adjusting the inlet pressure to the wet gas compressor (WGC). The
catalyst level in the reactor is managed using the spent catalyst slide valve to facilitate
catalyst flow toward the regenerator. However, direct control of the catalyst level in the
regenerator is impractical, leading to fluctuations within a predetermined range influenced
by catalyst activity loss, withdrawal, and addition policies. The ROT set point regulates
the flow rate of the regenerated catalyst. Critical CVs include riser outlet temperature,
regenerator temperature, catalyst level, stack gas oxygen concentration, and reactor and/or
regenerator pressures [5].
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Key manipulated variables (MVs) include the spent and regenerated catalyst, stack
gas, and blower air flow rates. Additionally, critical operating parameters encompass
the fresh feed rate, LCO, HCO, or slurry recycle to the riser, feed preheat temperature,
stripping steam rate, feed nozzle atomization steam, and catalyst addition rate or fresh
catalyst surface area.

The liquid–gas two-phase flow is one of the multiphase flows encountered in the
petroleum industries, and the accurate and instantaneous estimation of hydrodynamic
characteristics is crucial for reducing costs and emissions and improving efficiency [6,7].
The flow in each pipe’s cross-sectional area is characterized by the phase volume fractions,
pressure, and flow pattern according to its physical distribution phases [8]. During liquid–
gas two-phase flow, the flow regime depends on the magnitudes of the forces acting on
the fluid from other fluids or the pipe wall [9]. In this way, the local pressure gradient
meaningly depends on the flow pattern. However, the volume fractions and the flow
regime along the pipe are required to determine the pressure gradient [10].

Conventional studies suggest separating each phase of the mixture and then using
single-phase flow meters to measure single-phase flow as a feasible method [11]. However,
this method always requires complex separation equipment and lacks real-time detection
capability [12]. Several attempts have been made to find possible measurement techniques
for two-phase flow [13]. Devices based on the detection of differential pressure, such as
the Venturi tube and orifice plate, which work well in single-phase flow measurement,
have been tested in multiphase flow measurement [14]. However, such approaches have
failed to address the accurate detection of multiphase flow, especially in scenarios with
high gas volume fraction (GVF). The failure to detect high GVF multiphase flow using a
Venturi tube is mainly because the differential pressure detected across the Venturi throat is
sensitive to the instantaneous change in the amount of liquid. Specifically, a small amount
of liquid generally leads to a large increase in the measured differential pressure across the
Venturi tube, thus causing an excessive reading of the gas flow rate [15].

1.1.3. Advances in Artificial Intelligence (AI)

Recent advancements in artificial intelligence, using traditional machine learning
algorithms and deep learning architectures, address complex classification problems [16,17].
In the petrochemical industry, the development of artificial intelligence has facilitated the
adoption of techniques for identifying the hydrodynamic characteristics of two-phase
liquid–gas flow using experimental data to identify flow hydrodynamic characteristics
automatically [18].

The accuracy of data-driven flow pattern identification in gas–liquid two-phase flow
depends on the quality of training data [19]. Several methods have recently been proposed
for identifying hydrodynamic characteristics using artificial intelligence techniques in this
context. For instance, Olbrich et al., 2022 [20] focused on slug flow patterns, which are
most hazardous when formed through a pipeline as they can cause blockages and serious
accidents. They utilized a convolutional neural network-based image processing technique
to extract the gas–liquid interface from video observations of multiphase flows in horizontal
pipelines. Quintino et al., 2020 [21] demonstrated that a hybrid model using artificial neural
networks offers good transition prediction performance even with insufficient training
data. Iliyasu et al., 2023 [22] employed a detection system consisting of a Pyrex glass tube
between an X-ray tube and a NaI detector to record photons and a neural network to
calculate volume percentages in a gas–liquid flow system. Quiao et al., 2022 [23] developed
a novel deep learning algorithm that integrates convolutional neural networks (CNNs)
and long short-term memory (LSTM) networks aimed at discerning various two-phase
flow patterns within a Z-shaped pipeline. The outcomes demonstrated that the proposed
algorithm enhances identification accuracy while attaining quicker convergence speed and
heightened computational efficiency.

Another hydrodynamic characteristic of liquid–gas two-phase flow is the pressure
gradient, which properly predicts and aids in pipeline design in the oil industry [24,25].
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Therefore, accurate pressure gradient prediction enhances operational safety, equipment
performance, and investment profitability [26,27]. Mayet et al., 1996 [28] employed a neural
network to determine the volume percentage of each phase.

In Faraji et al., 2022 [29], various artificial neural network models, including six multi-
layer perceptrons (MLPs) and a radial basis function (RBF), were proposed to find friction
pressure drop in a two-phase flow of different pipe diameters using 4124 experimental data
points obtained from the literature to determine pressure gradient.

1.2. Multiphase Flux and Their Characteristics
1.2.1. Multiphase Flows

Multiphase flow can be defined as the flow of two or more materials with different
phases and chemical properties through a pipeline [30]. This flow type is common in
various fields of science and engineering, including the petrochemical, nuclear reactor,
geothermal energy, food, biomedical, and chemical industries. In the petrochemical indus-
try, multiphase flows occur in the form of liquid–liquid (oil–water), gas–liquid (gas–water
or gas–oil), or three-phase mixtures (water–oil–gas, sometimes including solids).

Flow Regime or Flow Pattern

The interfaces’ geometric and topological configurations determine the flow regime
or pattern [31]. Flow patterns depend on the fluids’ mixture velocity, water fraction, and
physical properties.

Flow Maps or Flow Charts

Flow maps or charts are tools used to determine flow patterns based on the superficial
velocities of the phases (or volumetric flows, volumetric fractions, total velocity, pressure
drop, and combinations). These tools graphically show that the transition boundaries
between flow patterns are directly related to pipe geometry and fluid properties. These
tools are used in generating models to more accurately identify the location of transition
boundaries between phases and the flow patterns integrated within them.

1.2.2. Gas–Liquid Flow Patterns

Gas–liquid flow patterns and the transitions between flow patterns vary with pipe
geometry, pipe inclination, gas and liquid inlet conditions, the physical properties of the
working fluid, flow orientation, and flow parameters. These characteristics form the basis
for understanding the gas–liquid two-phase flow dynamics [32].

• Horizontal pipe: Figure 3 depicts five flow patterns described in the proposed re-
search [33] into horizontal gas–liquid two-phase flow. These are described below;

• Annular flow: In this flow pattern, the gas converges to form a high-velocity gas core
flowing in the center of the pipe (Figure 3a). Most of the liquid is distributed as liquid
film layers lining the circumferential wall of the pipe. Some of the liquid phase is
entrained as small droplets in the gas core;

• Bubble flow: As shown in Figure 3b, the gaseous phase exists in small discrete bubbles
dispersed within the continuous liquid phase, with liquid comprising most of the
fluid;

• Agitated flow: The agitated flow is called the slug-to-annular or stratified transition
flow. The image of this flow pattern shows that both phases are discontinuous, and
gas bubbles become narrower and irregular (Figure 3c). With the oscillation and
perturbation of the gas–liquid interface, the liquid phase accumulates and is lifted by
the gas. Consequently, a liquid bridge is formed;

• Intermittent or slug flow: This flow is characterized by irregular blocky and bullet-
shaped bubbles (Figure 3d). Some giant bullet-shaped bubbles move closer to the top
of the pipe, a process known as piston flow;

• Stratified flow: The gas–liquid interface and each phase are distinct for stratified flow.
The liquid flows at the bottom of the pipe, and the gas flows at the top (Figure 3e).
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Even if there is a wave in the gas–liquid interface in the images, they are identified as
stratified flow if the wave does not hit the upper film and form a liquid bridge.
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1.2.3. Vertical Pipeline

Figure 4 schematically illustrates the flow patterns observed in vertical pipelines for
gas–liquid two-phase flow.
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According to [34,35], the most common patterns for this inclination are as follows:

• Liquid/tiny bubbles: A small number of tiny and discrete gas bubbles flow in a
continuous liquid phase;

• Small bubbles: A few small and discrete gas bubbles flow in a continuous liquid phase;
• Large bubbles: Small and discrete gas bubbles, large spherical bubbles, and slug-like

bubbles within the fluid flow in a continuous liquid phase;
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• Dense bubbles/Taylor bubbles: Many small- to medium-sized bubbles flow in a
continuous liquid phase. The bubbles are distributed more consistently and densely
along the image, with more than half of the tube’s visualization section occupied by
bubbles. Taylor bubbles are also found in this frame;

• Churn or agitation: A mixture of gas and liquid flowing chaotically, without visi-
ble bubbles;

• Annular: A gas core forms from the center of the pipeline. A wavy liquid film flows
along the pipeline walls, and liquid droplets are dispersed within the gas core;

• Mist/vapor: No liquid is seen as a continuous gas phase flows through the channel.

When two or more phases flow through the same pipeline, they generate various
configurations depending on operating conditions (temperature, pressure, and flow), fluid
properties (surface tension, viscosity, concentration, and density), and pipe geometry
(diameter, length, and inclination).

1.3. Characteristics Calculation to Determine Flow Patterns

Multiphase flows exhibit related hydrodynamic characteristics that are important for
their identification, which are detailed below.

1.3.1. Volumetric Fractions

Volumetric fraction is the ratio between the volume occupied by a specific phase, such
as water and/or oil, and the total volume of the mixture [36].

1.3.2. Injection Volumetric Fractions

The injection flow rates of the water (Qw) and oil (Qo) phases allow the determination
of an essential characteristic in multiphase flows, called the injection volumetric fraction C
of the phases. Equation (1) shows how it can be determined:

Cw =
Qw

Qw + QO
, CO =

QO
Qw + QO

(1)

1.3.3. Surface Injection Velocities

The surface velocities of the water phase Jw and oil phase Jo, based on injection flow
rates and the cross-sectional area of the pipeline, are defined in Equation (2) and allow
the obtainment of the mixture velocity J by summing their magnitudes, as defined in
Equation (3):

Jw =
Qw
A

, Jo =
Qo
A

(2)

J = Jw + Jo (3)

Combining Equations (2) and (3) yields the relationship of surface velocities with
injection volumetric fractions. Equation (4) shows the relationship.

Jw
JO

=
CW

CO
(4)

1.3.4. Holdup or In Situ Volumetric Fraction

In a two-phase flow, it is assumed that each phase occupies a fraction of the cross-
sectional area of the pipe A. Specifically, Aw is the area occupied by water and Ao by oil,
allowing the determination of the in situ volumetric fraction or holdup of each phase inside
the pipe. Equation (5) shows the relationship.

εw
Aw

A
, εo =

Ao

A
(5)
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1.3.5. In Situ Velocities

Consequently, the superficial velocity of each fluid (Jw and Jo) differs from the in situ
velocity of the same fluids (Vw and Vo) due to the slippage occurring between the phases
of the multiphase mixture. These in situ velocities are calculated based on the flow rate
through the specific area occupied by each phase, which is smaller than the cross-sectional
area of the tube, also in Equation (6).

ww =
Qw
Aw

, Vo =
Qo
AO

(6)

1.3.6. The Real In Situ Velocity

It can also be expressed in terms of the superficial velocity of the phase and its holdup,
as shown in Equation (7):

ww = Jwεw, VO = JOεO (7)

1.4. Aim of This Work

This paper provides essential information on the hydrodynamic characterization
of two-phase liquid–gas flows by offering a comprehensive literature review, detailed
bibliometric analysis (BA), and synthesis of current results and trends because a BA is not
reported in the open literature. Its comprehensive approach and critical analysis make it
an important reference for the scientific and technical community interested in this topic.
Therefore, the following aspects are considered:

(1) The article provides a comprehensive and updated review of the state-of-the-art
use of artificial intelligence techniques to characterize two-phase liquid–gas flows
in a hydrodynamic manner. This review allows researchers and professionals to
understand the current research landscape, identify emerging trends, and evaluate
the progress made in developing new methodologies;

(2) A bibliometric analysis is carried out that quantitatively examines scientific produc-
tion in the area, including the number of publications, publication trends over time,
major thematic areas addressed, and geographic distribution of authors. This anal-
ysis provides an overview of research activity in artificial intelligence applied to
characterizing two-phase liquid–gas flows;

(3) Different approaches and methodologies used in applying artificial intelligence for hy-
drodynamic characterization of two-phase flows are identified and described. These
include convolutional neural networks, recurrent neural networks, multilayer percep-
trons, image processing techniques, and video analysis integration;

(4) Based on the review and bibliometric analysis, the article synthesizes the main results
obtained in the literature, highlighting significant advances, challenges yet to be
overcome, and possible future research directions. This synthesis provides valuable
guidance for researchers and professionals interested in further advancing the field.

2. Methodology

The advancement of Industry 4.0 in recent years has led the petrochemical industry
to focus on developing new technologies that enable the acquisition of updated systems
for the precise measurement of multiphase flow. Multiphase flow is a concurrent flow of
substances in certain states or phases (solid, liquid, and gas), which generate a layer of
separation with a mixture between the phases or characteristic patterns derived from the
initial hydrodynamic parameters of the flow when transported through pipes.

The main objectives of the petrochemical industry are to improve process efficiency,
reduce costs, production, and product transportation times, and increase operational safety.
Hence, further investigation of the phenomenological and hydrodynamic behavior of
multiphase flows is necessary to generate models that simplify industrial processes.

Fluid parameters such as flow velocity, retention, pressure, and phase distribution
obtained from sensors can describe flow behavior from different aspects, laying the founda-
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tion for monitoring the state of multiphase flow. Given the importance of process control
in the petrochemical industry, there is a need to characterize fluids inside pipelines. This
work describes the hydrodynamic characteristics of multiphase flows and details the flow
regimes or patterns that form in horizontal and vertical pipelines for different mixtures.

Considering the above, this work employs a mixed-method approach with an ex-
ploratory methodology consisting of a systematic literature review and descriptive analysis.
The objective and contribution are to analyze the current state of artificial intelligence
techniques applied for the hydrodynamic characterization of liquid–gas two-phase flows
in the petroleum industry. The aim is to determine which artificial intelligence techniques
have been used to detect flow regimes or patterns and identify other characteristics, such
as the mixture’s volumetric fractions of each fluid, velocities, and viscosities.

The systematic literature review proposed in Li et al., 2024 [37] was conducted us-
ing the PRISMA statement [38,39], followed by bibliometric analysis using VOS viewer
(version 1.6.20) and Bibliometric software (https://www.vosviewer.com/download), al-
lowing statistical and mathematical techniques to be applied through bibliometrics, a
branch of scientometrics, for the retrieval, organization, and analysis of indexed scientific
documents [40–42].

2.1. Systematic Literature Review

The PRISMA statement proposed in Ciapponi 2021 [39] was used to conduct the
systematic literature review and is adopted for identifying sources, search strategy, and
data analysis. Figure 5 depicts the PRISMA flow diagram utilized for the identification,
screening, eligibility, and inclusion of scientific documents.
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2.1.1. Search Strategy

The following questions were formulated to establish the search for articles:

1. What artificial intelligence techniques have been used to detect pipeline liquid–gas
two-phase flow patterns?

2. What artificial intelligence techniques have been used to determine volumetric frac-
tions in liquid–gas two-phase flows in pipelines?

https://www.vosviewer.com/download
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Considering the above, Table 1 presents the search equation for retrieving studies
from the Science Direct, Scopus, and Google Scholar databases. The research equation was
applied to databases’ topic, focus, and context for document searches.

Table 1. Search equation.

Topic Search terms

Subject (“Artificial intelligence”) OR (“Machine learning”) OR (Neural network)

Approach ((“Flow” AND “Liquid–gas”) OR (“Volume fraction” AND “Liquid–gas”)
OR (“two-phase flow pattern classification”))

Context (“Pipes”) OR (“Gas pipeline”) OR (“Oil”)

2.1.2. Inclusion Criteria

The literature review was conducted within a search range between 2019 and 2024,
utilizing keywords including artificial intelligence, machine learning, two-phase flow,
liquid–gas flow, and volume fraction—two-phase flow. Additionally, articles written in
English were selected because most scientific documentation was published in this lan-
guage [34,37]. The selected databases were Science Direct, Scopus, and Google Scholar.
Table 2 summarizes the inclusion and exclusion criteria for information related to scien-
tific publications.

Table 2. Inclusion and exclusion criteria.

Criteria Inclusion Exclusion

Publication Year 2019–2024 Before 2019

Language English Other languages

Keywords Artificial intelligence, machine learning, two-phase flow,
liquid–gas flow, volume fraction—two-phase flow Missing keywords

Database Source Science Direct, Scopus, Google Scholar Other databases

Document Type Peer-reviewed journal articles, conference papers Books, theses, non-peer-reviewed articles

Full-text availability Available Unavailable

Relevance to Topic
Directly related to the application of artificial intelligence
techniques for the hydrodynamic characterization of
two-phase liquid–gas flows in pipelines

Irrelevant to the topic

Title-Abs-Key
(“artificial intelligence” OR “machine learning” OR “neural network”) AND ((“flow” AND “liquid–gas”)
OR (“volume fraction” AND “liquid–gas”) OR (“two-phase flow pattern classification”)) AND (“pipe”
OR “gas pipeline” OR “oil”).

2.2. Bibliometric Analysis (BA)

Following the systematic literature review, a bibliometric analysis was conducted
using the Scopus database, which is considered the most authoritative database, covering
more publications than other sources [44–46]. However, ScienceDirect and Google Scholar
databases were also utilized to avoid limiting it solely to this database, covering additional
publications. The time period was limited from 2019 to 2024. For the analysis, VOS viewer
and Bibliometric software were employed. Figure 6 illustrates the methodology used.

Figure 6 depicts the steps involved in the bibliometric analysis, including data collec-
tion from multiple databases, selection of the time period, utilization of VOS viewer and
Bibliometric software for analysis, and visualization of results.
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3. Results and Discussions
3.1. Artificial Intelligence Techniques Used for Hydrodynamic Characterization of Two-Phase Flow

In the systematic literature review, a total of 70 articles were collected, from which
information was gathered and analyzed regarding the selected search questions, and the
results are presented below:

Support Vector Machine (SVM)

The analyzed results for the SVM method are presented in Table 3, where it can be
defined that, depending on the measurement instrument and pipeline characteristics, good
accuracy can be achieved in obtaining different flow patterns.

Table 3. Flow regime identification using the SVM Method.

Reference Year Characteristics Measuring Instrument Precision

[47] 2021 Horizontal pipeline, multi-domain
feature processing. Conductance ring sensor <95%

[48] 2022

Standpipe uses time series of void
fraction (from a wire mesh sensor),
signal processing, and
machine learning.

Wire mesh sensor (WMS) <0.94

[49] 2022 S-shaped riser pipe 1687 m long.
Regulating valves, flow meters, and
differential pressure sensors are
arranged along the pipeline.

<90%

[48] 2023 Two-phase upward flow in
large-diameter vertical pipes.

A dimensional analysis was conducted,
considering the pipe’s vertical geometry
and the fluids’ thermophysical properties.

General of 81.75%.

3.2. Neural Network

Artificial neural networks are an advanced method for predicting flow patterns,
volumetric fractions, and pressure gradients based on data measured using an intrusive or
non-intrusive technique [50,51].

3.2.1. Data-Driven Approaches

AlSaif et al., 2022 [52] employed an artificial neural network (ANN) model to forecast
the two-phase flow pattern across horizontal and vertical pipelines, encompassing various
inclination angles. The ANN model was fed with inputs including pipe geometry (diameter,
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inclination), fluid properties (viscosity, density, surface tension), and fluid condition (veloc-
ity, pressure). These inputs were employed to implement the model using ten-dimensional
inputs and corresponding dimensionless variables (liquid and gas surface, Reynolds num-
bers, Froude mixtures numbers, and Weber numbers). From a dataset comprising 8766
experimental samples, 70%, 15%, and 10% were randomly selected for the flow pattern
model training, validation, and testing, respectively (See Figure 7).
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The ANN architecture consists of three layers; an input layer, one or more hidden
layers, and an output layer. The number of neurons in the input layer corresponds to the
input parameters, while the output layer matches the output parameters. The Levenberg–
Marquardt backpropagation and Bayesian regularization methods, known for effectively
minimizing mean squared error, were employed to train the ANN model. The selected
ANN exhibited a high prediction performance, achieving an overall accuracy of 97.30%.

Ruiz-Diaz et al., 2021 [53] used a multilayer perceptron neural network with back-
propagation to identify the volume fraction of flow composed of water and mineral oil in a
12 m horizontal pipe.

3.2.2. Gamma Ray Sensor

Salgado et al., 2021 [54] developed a method which was devised utilizing gamma-ray
densitometry, employing a multilayer perceptron within an artificial neural network (ANN)
framework to discern the flow regime and forecast the volumetric fraction of gas, water, and oil
in multiphase flow. The detection system is equipped with two NaI(Tl) scintillation detectors
tasked with capturing transmission and scattering beams alongside a source featuring two
gamma-ray energies, thus forming the detection geometry, as shown in Figure 8.

The gamma-ray spectra recorded by both detectors were assigned as input data to the
artificial neural network. The flow regimes identified were stratified, homogeneous, and
annular. All three flow regimes were correctly distinguished for 98% of the investigated
patterns, and the volumetric fraction in multiphase systems was predicted with a relative
error of less than 5% for gas and water phases.

Table 4 provides an overview of the structure, learning method, and purpose of fre-
quently utilized artificial neural networks (ANNs) in engineering. It also comprehensively
overviews various ANN topologies and their corresponding functions. Multilayer per-
ceptron (MLP), backpropagation (BRF), wavelet neural network (WNN), and extreme
learning machine (ELM) are among the ANNs listed, each serving functions such as pattern
recognition, function approximation, and classification. Recurrent networks like Elman
and Hopfield are tailored for time-series forecasting, associative memory, and optimization.
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Self-organizing maps, exemplified by Kohonen networks, excel in pattern recognition
and classification. Probabilistic neural networks (PNNs) and cellular neural networks
(CNNs) find applications in classification and optimization tasks. Additionally, committee
machine (CM) employs multiple neural networks for diverse functions such as pattern
recognition and modeling. A specific example includes MLP for predicting weight percent
conversion and coke yield, while SOC-CNN is involved in modeling and operational
optimization. These ANNs, with varying topologies and functions, cater to various tasks
in fields like modeling, optimization, and predictive analysis within the context of neural
network applications.
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Table 4. Commonly topology used in ANNs.

ANN Topology Function

MLP ML Pattern recognition, function approximation, modeling and control, classification

BRF TL Function approximation, classification

WNN TL Forecast, classification, function approximation

ELM TL Function approximation, classification

Elman Recurrent Time-series forecast, pattern recognition

Hoplfield Recurrent Pattern recognition, associative memory, optimization, image processing

Kohonen SL Pattern recognition, associative memory, classification

PNN FL Pattern recognition, classification

CNN ML Optimization, classification

ART Recurrent Optimization, classification

CMAC ML Function approximation, modelling and control

CM Multiple NNs Pattern recognition, function approximation, modeling and control, classification

MLP ML (13/2) Predicting the weight percent of conversion and coke yield

SOC-CNN ML (28/16) Modeling and Operational Optimization

MLP TL (3/5) Study the effect of thermal and catalytic cracking under high-severity operating conditions

BP-NN ML (3/5) Product yield prediction

DNN ML (3/5) Product yield prediction
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Figueiredo et al., 2016 [55] utilized a set of four ultrasonic sensors along with an
artificial neural network (ANN) to discern the flow pattern and determine the gas volume
fraction in a two-phase flow scenario. As depicted in Figure 9, the ANN’s input consists
of energy ratios derived from the four acoustic sensors. The ANN model comprises two
hidden layers, with five and two hidden neurons, respectively. The output layer of the
ANN provides either the recognized flow pattern or the estimated gas volume fraction,
which is important when considering the position angles for the sensors.

Table 5 presents the studies using gamma-ray sensors to characterize flow patterns
and volumetric fractions. When analyzing each article (published from 2020 to 2023), it
was evident that some references used simulation software (https://www.r-studio.com/
es/) to represent the sensors and obtain data for training neural networks. Furthermore,
these studies conducted in different years present a variety of approaches in terms of
the artificial techniques used, measurement instruments, accuracy obtained, and specific
flow characteristics. Additionally, the advancement of technology and the application of
artificial intelligence techniques, such as neural networks, have revolutionized the way
challenges are addressed in various fields, including the measurement and prediction of
physical phenomena. In the context of parameter measurement in two-phase flow systems,
such as fluid transport pipelines, different methods based on artificial intelligence have
been developed to improve the accuracy and efficiency of data acquisition.

Table 5. Works found on using gamma-ray sensors to characterize flow patterns and volumetric fractions.

Reference Year Artificial Technique Measuring Instrument Precision Characteristic

[51] 2022 Multilayer perceptron
neural network

Gamma-ray sensor,
horizontal pipe

Average relative error of
less than 3%

Gas volume fraction and
the identification of five
flow regimes; the bubble,

dispersed, plugged,
annular, and slug

regimes

[56] 2022 Multilayer perceptron
neural network

Simulation of electrical
capacitance and

gamma-ray sensors
Error less than 0.006 Volume fraction of

two-phase flow (air–oil)

[57] 2021

Multilayer perceptron
with the

Levenberg–Marquardt
algorithm

Simulation of gamma
energy sensors,

composed of barium-133
and cesium-137

radioisotopes and two
sodium iodides

Average relative error is
less than 2.82

Flow pattern and gas
volume percentage

[58] 2023 Multilayer perceptron
neural network

A 137 Cs gamma-ray
source and a 3-inch

NaI(Tl) sensor,
commonly used as a
scintillation detector

Average relative error
less than 0.00012

Predictions of gas
volume fraction (GVF)

in two-phase flow
independent of changes

in the flow regime

[59] 2022 Multilayer perceptron
(MLP) neural networks

Simulation of 137 Cs
source sensors and two
NaI detectors to record
the photons that passed
through the pipe with
an inner diameter of

95 mm and a thickness
of 2.5 mm

Low root means a
square error of 1.1%

Volume fraction
predictions, through
simulation of three

homogeneous, annular,
and stratified regimes
using the Monte Carlo

N-Particle Code
(MCNP)

[60] 2020 Neural networks
Sensor simulation of a

gamma-ray source and a
NaI(Tl) detector

Relative errors less than
1.1%

Volume fraction
predictions in stratified
flow and annular flow

[61] 2021 Deep rectifier neural
network (DRNN)

Gamma-ray
densitometry

Root mean square error
less than 0.8

Prediction of volume
fractions

https://www.r-studio.com/es/
https://www.r-studio.com/es/
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3.2.3. Capacitive Sensors

Capacitive sensors are devices used to detect the presence of gases and measure their
properties and their main components are detailed in Figure 10. These sensors measure
changes in electrical capacitance between two conducting plates when a gas interacts with
them. As gas molecules approach the sensor plates, they alter the electric field between
them, resulting in a change in capacitance. This change is then converted into an electrical
signal that can be measured and analyzed to determine the gas’s presence, concentration,
or other characteristics.
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Chen et al., 2023 [63] employed a neural network to forecast the gas percentage in a
two-phase fluid, regardless of changes in the liquid phase. To gather data for the neural
network, a novel combined sensor employing capacitance consisted of a concave sensor
and a ring sensor. The trained network adopted a multilayer perceptron (MLP) architecture
and was implemented using MATLAB software. Leveraging the precise measurement
system, the MLP model could predict the void fraction with a mean absolute error (MAE)
of 4.919 [64,65]. These studies used COMSOL Multiphysics software to simulate a concave
sensor in a homogeneous regime and established an experimental sample to evaluate
the results. The objective was to predict the void fraction of a homogeneous air–liquid
two-phase regime independently of liquid phase changes.

3.2.4. Doppler Ultrasonic Sensor

Doppler ultrasonic flowmeters function by detecting changes in frequency, known
as the Doppler effect, of a signal transmitted into a flowing liquid stream within a pipe.
This signal reflects off bubbles or particles in the stream and returns to the transducer (See
Figure 11). When the flow moves away from the sensor, the signal frequency decreases.
The flowmeter then contrasts this frequency shift with the initial signal and computes the
flow velocity. In this way, to guarantee precise measurements with Doppler-type ultrasonic
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flowmeters, the fluid must contain a satisfactory concentration of particles or bubbles to
effectively reflect the signal.
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These flowmeters are effective in suspension flows where the particle concentration
exceeds 100 parts per million, and the particle size ranges from larger than 100 µm to less
than 15 percent in concentration. However, they are not suitable for use with clean water.
Doppler flowmeters typically feature only one transducer, making the measurement setup
simpler than transit time flowmeters, which affects their cost.

Nnabuife et al., 2022 [67] proposed a method for classifying flow regimes using a
feedforward neural network with 20 hidden neurons. They considered an ultrasonic signal
of flows using a discrete wavelet transform (DWT) or power spectral density (PSD). The
flow regimes were classified into four types; annular, swirling, slug, and bubbly, with an
accuracy of 95.8%.

3.2.5. Pressure Gradient

Ajbar et al., 2024 [68] proposed artificial intelligence techniques (shallow neural net-
works) and conventional correlations to evaluate their accuracy in predicting smooth pipes’
two-phase friction pressure gradient. For this purpose, these authors collected 8000 experi-
mental data points of two-phase friction pressure drop from 49 independent sources in the
scientific literature. The neural network demonstrated, therefore, higher overall accuracy.
However, using artificial neural networks does not guarantee a physical trend, which is
preserved with conventional prediction methods.

3.3. Convolutional Neural Network (CNN)
3.3.1. Ultrasound Doppler Velocimetry (UDV)

Mao et al., 2022 [69] applied the ultrasonic Doppler velocimetry (UDV) technique to
capture velocity data of gas–liquid flow in a horizontal pipe non-intrusively. The funda-
mental approach of the UDV method involves utilizing ultrasound pulse-echo principles
to detect echo signals. A transducer emits periodic ultrasonic bursts, and the transducer re-
ceives the echoes reflected by tracer particles in the liquid after a specific time interval [70].
Additionally, the researchers employed a high-speed camera to capture synchronized
images to validate the flow regimes acquired through the Doppler velocimetry method.
Subsequently, they utilized a straightforward CNN model architecture to construct the
identification model. This method yielded superior identification speed and accuracy
compared to the AlexNet, VGG-16, and ResNet models. Under trained conditions, the
overall identification accuracy for the test datasets reached 96.5%, while under untrained
conditions, it was 92.7%. These findings indicate considerable potential for industrial appli-
cations. Figure 12 presents a non-invasive sensor for flow diagnosis in different dimensions
according to the measurement strategies and evolution across the years [71].

Zhang et al., 2020 [72] utilized the liquid phase velocity, a deep neural network, and
ultrasonic Doppler velocimetry to measure the liquid velocity to identify the flow regime in
a horizontal pipe. The study showed that the real-time flow regime identification accuracy
based on a flow regime map can reach up to 93.1%.

For the identification of a gas–liquid (two-phase) flow regime in an S-shaped upward
pipe, Kuang et al., 2022 [73] employed a non-intrusive ultrasonic Doppler sensor and
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convolutional recurrent neural networks (CRNNs). Compared to existing results, they
achieved compatible performance while considerably reducing the model complexity. The
test and validation accuracies were 98.13% and 98.06%, respectively, while the complexity
decreased by 98.4% (only 117,702 parameters).
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3.3.2. Data-Driven Approaches

Lin et al., 2020 [13] utilized deep learning neural networks to predict flow patterns
along inclined pipes (0–90◦), using input parameters such as individual phase superficial
velocities and pipe inclination angles. The developed approach was equipped with a
deep-learning neural network for flow pattern identification using experimental datasets
from various studies reported in the literature. The predictive model was validated based
on conventional flow regime maps. Additionally, the deep learning algorithm identified
the intensity of key features in flow pattern prediction, which is difficult to capture using
commonly used correlation approaches.

Gomez-Camperos et al., 2023 [74] developed a review of data from different studies
found in the literature, and flow map data were extracted to identify flow patterns in hori-
zontal and vertical pipes. The information was normalized and converted into numerical
values by developing an artificial neural network, the input layer of which was composed
of superficial velocities of each fluid, mixture velocity, volumetric fraction of substances,
pipe diameter and inclination, and oil viscosity. The database used to train, validate, and
test the model consisted of 6993 rows of information corresponding to the inputs of the
neural network. Finally, the mean squared error obtained by the model was around 1.38%,
with a maximum coefficient of determination of 0.79.

Finally, Seong et al., 2020 [75] employed a deep neural network to evaluate the liquid
holdup and pressure gradient of gas–liquid two-phase flow in a horizontal pipe. They
achieved mean absolute percentage errors of 8.08% for liquid holdup and 23.76% for
pressure gradient, with R2 values of 0.89 for liquid holdup and 0.98 for pressure gradient.
The simulation data were obtained from previous literature sources.

3.3.3. Image Identification

Nie et al., 2022 [33] employed a flow pattern classification approach based on con-
volutional neural network (CNN) algorithms to automatically and objectively identify
two-phase flow patterns. They curated a database comprising 696 test conditions, incor-
porating 105,642 images depicting methane and tetrafluoromethane condensation flow
patterns in a horizontal circular tube. Utilizing 80% of the image data for training and
parameter tuning, they developed trained models capable of identifying five flow patterns;
annular flow, bubbly flow, churn flow, slug flow, and stratified flow. The proposed method
demonstrated high accuracy, with prediction accuracies exceeding 90.63 and 91.45% for the
test dataset and the complete database, respectively. The average accuracy for predicting all
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data points in the database exceeded 97.56%. These findings highlight the efficacy of CNN
algorithms in providing objective predictions with satisfactory accuracy and universality
for identifying two-phase flow patterns.

3.4. Transformer Neural Network

In the research developed by Ruiz et al., 2024 [76], the authors proposed a transformer
neural network to identify flow patterns based on literature data, highlighting that this type
of network had not been previously used in the oil and gas industry. The developed model
successfully predicted 9 out of the 10 flow patterns present in the database, achieving a
maximum accuracy of 53.07%. Furthermore, the various predicted flow patterns exhibited
an average accuracy of 63.21% and an overall accuracy of 86.51%.

4. Analysis of Bibliometric Indicators
4.1. Co-Ocurrence analysis

Once the articles for the study were selected, they were imported into VOS viewer
(version 1.6.20), where a co-occurrence analysis was conducted to evaluate the relationships
between articles based on keywords [37,71,77]. Keywords provide an easy way to describe
the main research topic of an article and give insight into the knowledge domain to which
a particular article belongs [78]. The keyword mapping shows their interconnection and
defines the research areas within a domain [79].

Furthermore, an “author keywords” map was constructed in VOS viewer using “frac-
tional counting” as the analysis method. The threshold limit for the minimum number
of occurrences was kept at ‘2’. Out of a total of 178 keywords in 70 articles, 29 reached
the threshold, as shown in Figure 13. It is possible to observe that frequently occurring
keywords have larger node sizes. For example, machine learning, flow pattern, two-phase
flow, artificial intelligence, and neural networks.
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Regarding the thematic clusters formed by the proximity and repetition of keywords in
the research, the methodology of the bibliometric software can propose a thematic map that
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schematically suggests clusters as areas of scientific influence. In the case of this research,
the results show two groupings (Figure 14).
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4.2. Authors and Co-Authorship

Co-authorship analysis is a method utilized to examine the collaborative connec-
tions between authors in published articles. When two or more authors collaborate to
produce a published work, they are linked in a co-authorship network, indicating their
joint contribution to the research. This network illustrates the collaborative relationships
between authors and provides insights into their collaborative patterns and interactions
within the academic community. This information can help authors find support from
other researchers publishing on a topic of interest. Figure 15 illustrates the co-authorship
network [34,35].
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4.3. Publication Trends

In Figure 16, the search was conducted from 2019 to 2024, indicating an ongoing
research topic. Analyzing the publication trend, it was possible to identify that 2022 saw
the highest number of articles published (18) regarding artificial intelligence techniques for
the hydrodynamic characterization of liquid–gas two-phase flows.
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4.4. Most Relevant Sources

Figure 17 illustrates the relevance of sources measured by the number of published
articles. It also shows the distribution of publications across different journals, indicating
the number of records obtained from each database. The journal “Flow Measurement and
Instrumentation” has the highest number of published articles related to the studied topic,
with nine articles.
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Science and Engineering shows significant growth starting from 2021, possibly due to the
COVID-19 pandemic, during which authors in this field increased their submissions and
publications [80].
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4.5. Collaboration between Authors

Figure 19 shows the collaboration among authors, revealing the presence of various
collaboration networks (ten in total), among which the blue collaboration network was
led by Efteknari-Zadeh, E from the Institute of Optics and Quantum Electronics, Friedrich
Schiller University Jena, with a h-index of 13 from Google Scholar. Most of the authors
are from Germany and have extensive experience in research related to the topic analyzed
through bibliometrics in this field.
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5. Conclusions and Trends

This study initiates with a systematic literature review aimed at identifying AI techniques
utilized for discerning flow patterns, determining the volumetric fraction of each fluid, and
evaluating pressure gradients. Subsequently, a scientometric analysis is performed to achieve
three primary objectives; (1) retrieve pertinent research articles from Scopus, Google Scholar,
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and Science Direct, (2) visualize trends in publication, and (3) analyze the scientific landscape by
mapping influential authors and occurrences of key keywords.

Flow regimes in gas–liquid two-phase flow are accurately identified using sensors
and signal analysis methods, ensuring objective classification. Among these methods, non-
intrusive sensors are preferred for their minimal disruption to the flow, as they are installed
externally on conduit walls. This setup avoids flow interruption, reduces pressure losses,
and mitigates sensor exposure to erosion and corrosion, particularly in high-velocity flows.
Various non-intrusive detection technologies are employed for flow regime identification,
including radioactive, hydraulic, electrical, magnetic, acoustic, and optical sensors.

Different flow patterns exhibit distinct hydrodynamic characteristics in phase dis-
tribution, velocity profile, interfacial resistance, wall resistance, and pressure gradients.
In this regard, transition regions between flow patterns pose risks in oil production and
transportation processes, as flow control cannot be achieved within them. For example, a
slug flow pattern can exacerbate pipeline component aging and affect equipment lifespan.
Identifying, monitoring, and measuring flow patterns in pipelines is important, especially
in the petroleum industry, due to their influence on the proper functioning of actuators
such as valves and pumps and in maintaining the actual process conditions.

While machine learning is widely applied in gas–liquid two-phase flow analysis,
data-driven methods are often perceived as black boxes, lacking interpretability and extrap-
olation capabilities. To address this challenge, integrating machine learning with physical
principles shows promise in enhancing the generalization and interpretability of deep
neural networks. This approach aims to combine the strengths of machine learning with
fundamental physical understanding, offering improved model interpretation and broader
applicability in gas–liquid two-phase flow measurement.

Determining the volume percentage of each phase transitioning within the oil pipeline
will optimize the system and enhance the oil industry’s performance. Therefore, designing
and implementing a system to detect the volume percentage can effectively address the
industry’s challenges.

Accurate and instantaneous estimation of hydrodynamic characteristics in two-phase
liquid–gas flow is paramount for assisting industries such as oil, gas, and other multiphase
flow industries in cost reduction, emissions reduction, and efficiency enhancement while
enhancing operational safety. The hydrodynamic flow of two-phase liquid–gas is character-
ized by constant slippage between the gas and liquid phases due to a deformable interface
leading to variations in gas volumetric fraction and the formation of flow patterns. Tradi-
tional numerical and empirical methods used for prediction have resulted in significant
inaccuracies in scale-up processes. Consequently, various methodologies based on artificial
intelligence (AI) are currently being applied to predict hydrodynamic characteristics in
two-phase liquid–gas flow.

Traditional sensors and soft computing methods offer effective solutions for measuring
phase flow rates and fractions in sensor fusion. Multi-sensor systems exhibit higher
accuracy in estimating parameters. For instance, conductance sensors paired with artificial
neural networks (ANNs) can measure air–water flow with less than ±10% error. Coriolis
mass flowmeters, especially when combined with sensor fusion, demonstrate superior
accuracy in mass flowrate measurement compared to other flowmeters, showing promise
for future multiphase flow measurement applications.

In soft computing techniques, MLP neural networks are commonly used for estimating
flow rates and phase fractions, but their structure parameters often require adjustment
through trial and error. With fixed structures and fewer adjustable parameters, RBF neural
networks have been explored to improve training efficiency. While ANN-based methods
have been effective, they may suffer from overfitting, prompting the use of alternative
options like SVMs, which have shown better generalizability in some cases.

Data-driven modeling involves developing empirical models with soft computing
methods based on available data. If sufficient data are available, these models are useful for
practical problem-solving, though challenges arise in real-world applications due to varia-
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tions in operating conditions. Model performance depends on factors like input variable
selection and model evaluation, which are crucial for achieving optimal solutions. Opti-
mization algorithms like GA are employed to tune parameters, and careful consideration
of input variable selection methods and model evaluation is essential in the development
process to ensure accurate multiphase flow measurement.

In summary, trends in the area of flow regime identification include the use of non-
intrusive sensors, the diversification of detection technologies, integration of machine
learning and physical principles, and the pursuit of more interpretable and extrapolatable
models. These trends reflect a multidisciplinary approach to characterizing and under-
standing gas–liquid systems, aiming to enhance measurement accuracy and reliability in
various industrial and scientific applications.

In the future, the role of deep learning in identifying flow patterns, particularly in
image recognition, is expected to become more prominent. However, the complexity of
underwater environments poses challenges for relying solely on real-time image-based
flow pattern identification in practical engineering applications. An overview of trends in
artificial intelligence techniques for hydrodynamic characterization of two-phase liquid–gas
flow is described in the following.

1. Advancements in artificial intelligence applications: Exploring how recent advance-
ments in artificial intelligence have revolutionized the characterization of hydrody-
namic properties in two-phase liquid–gas flows, providing a comprehensive overview
of cutting-edge techniques and methodologies;

2. Emerging technologies in hydrodynamic characterization: Investigating the latest
trends and emerging technologies in the application of artificial intelligence for ac-
curately characterizing the hydrodynamic behavior of two-phase liquid–gas flows,
highlighting key developments and their implications for various industries;

3. AI-driven insights into two-phase flow dynamics: Analyzing how artificial intel-
ligence techniques are reshaping our understanding of the complex dynamics in-
volved in two-phase liquid–gas flows, offering insights into flow patterns, volumetric
fractions, and pressure gradients through advanced computational models and data-
driven approaches;

4. Integration of AI methods in hydrodynamic analysis: Examining the integration of
artificial intelligence methods such as machine learning, deep learning, and neural
networks into hydrodynamic analysis, showcasing their effectiveness in predicting
flow behavior, optimizing process parameters, and enhancing overall efficiency;

5. Future directions and challenges: Discussing future directions and challenges in the
field of hydrodynamic characterization of two-phase liquid–gas flows using artificial
intelligence. Addressing issues such as scalability, model interpretability, and data
quality while outlining potential avenues for further research and innovation.
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Abbreviations

AI Artificial Intelligence
AIoT Artificial Intelligence of Things
ART Adaptive Resonance Theory
BA Bibliometric Analysis
CM Committee Machine
CMAC Cerebellar Model Articulation Controller
CNN Cellular Neural Network
CNn Convolutional Neural Networks
CV Controlled Variable
DRNN Deep Rectifier Neural Network
DWT Discrete Wavelet Transform
ELM Extreme Learning Machine
FCC Fluid Catalytic Cracking
FL Four Layer
GVF Gas Volume Fraction
HCO Heavy Cycle Oil
LCO Light Cycle Oil
LSTM Short-Term Memory
MAE Mean Absolute Error
ML Multilayer
MLP Multilayer Perceptron
MV Manipulated Variable
PNN Probabilistic Neural Network
PSD Power Spectral Density
RBF Radial Basis Function
SL Single Layer
SVM Support Vector Machine
TL Three Layers
UDV Ultrasonic Doppler Velocimetry
WGC Wet Gas Compressor
WNN Wavelet Neural Network
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