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ABSTRACT 
This study explores multiphase flow dynamics with a focus on the annular flow regime using Com-
putational Fluid Dynamics (CFD) simulations. The methodology included defining the physical 
model, generating the computational mesh, and analyzing flow patterns. The Volume of Fluid 
(VOF) model captured fluid interactions, while the k-ω SST turbulence model ensured accurate 
flow predictions. Simulations examined mixture density behavior and identified optimal configura-
tions. A dataset was generated and analyzed using k-means clustering to classify flow patterns 
effectively. The results demonstrate the reliability of this approach for improving multiphase flow 
systems, with applications in oil-water processes. 
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INTRODUTION  
Multiphase flows play an essential role in various 

industrial sectors, being characterized by the interaction 
of two or more phases, such as liquid, gas, or solid, 
moving together. 

This phenomenon is present in applications ranging 
from oil and gas extraction and transportation processes 
to refrigeration systems and sediment transport in rivers. 
A detailed understanding of these flows is fundamental 
for optimizing processes, reducing operational costs, and 
ensuring safety in industrial operations. 

In the oil and gas industry, for instance, multiphase 
flows are frequently associated with the transportation of 
mixtures of oil, gas, and water in pipelines. The efficiency 
of these operations directly depends on understanding 
the interactions between phases, as well as the ability to 
predict behaviors such as bubble formation, flow 
patterns, and pressure gradients [1,2]. 

Among the various regimes of multiphase flow, core 
annular flow (CAF) stands out as a highly relevant 
configuration. One example of this regime can be seen in 
Figure 1, a central phase, core in red, is surrounded by 
another phase, annulus in blue, offering significant 
advantages in applications such as the transportation of 
high-viscosity fluids. In the oil and gas industry, core-

annular flow is widely employed for transporting ultra-
viscous oil through pipelines. By surrounding the viscous 
oil with a layer of less viscous water, this regime reduces 
wall friction, allowing the fluid to be transported more 
efficiently and economically [3,4].  

 
Figure 1. Example of CAF. 

The identification of multiphase flow patterns in real 
systems has been a critical area of research, given its 
impact on industrial process optimization and safety.  

Traditional experimental methods, such as high-
speed imaging, electrical capacitance tomography (ECT), 
and pressure drop analysis, have been widely employed 
for flow visualization and pattern classification. For 
instance, Hewitt (1978) provided a foundational approach 
to visualizing flow regimes in horizontal and vertical 
pipes, emphasizing the role of flow characteristics such 
as velocity, phase distribution, and interfacial dynamics 
in defining patterns [5]. Another notable contribution was 
made by Soleimani et al. (2006), who demonstrated the 
effectiveness of ECT in reconstructing real-time images 
of multiphase flows, offering a non-intrusive method to 
map flow patterns accurately [6]. 

While these methods provide valuable insights, they 
often require sophisticated equipment and are limited by 

https://doi.org/10.69997/sct.124524


 

Lima et al. / LAPSE:2025.0183 Syst Control Trans 4:203-208 (2025) 204  

operational constraints in high-pressure or high-
temperature environments. 

Another approach to address these challenges, 
advanced tools like Computational Fluid Dynamics (CFD) 
have emerged as powerful approaches. CFD enables the 
precise simulation of complex flows, providing detailed 
insights into critical variables such as flow patterns and 
pressure gradients. However, the detailed analysis of the 
data generated by these simulations requires methods 
for identifying and classifying flow regimes. 

 This article explores the application of the K-means 
algorithm to identify flow regimes applied data generated 
by CFD in the context of core-annular flow systems for 
transporting ultra-viscous oil. 

METHODOLOGY 
The methodology was divided into three main 

stages. In the first stage, the physical model used for the 
simulation was defined. Subsequently, the process of 
mesh generation for the system was developed, where 
the control volumes were defined. These volumes are the 
elements where the mass and momentum balance 
equations of the system are solved. Furthermore, in this 
stage, the models of viscosity, turbulence, and interface 
governing the interactions between fluids with different 
properties were established. 

In the second stage, individual simulations of 
different flow patterns were performed, based on the 
previously constructed geometry and mesh. During these 
simulations, the behavior of the mixture's density over 
time was observed, with the objective of understanding 
and identifying the most suitable approaches for 
identifying the system. 

Finally, in the third stage, 24 simulations were 
conducted to generate a dataset, which was analyzed 
using the k-means clustering method. This procedure 
evaluated the efficiency of the technique in identifying 
flow patterns, enabling conclusions about its 
applicability. The resume methodology of this work can 
be seen in Figure 2. 

 
 Figure 2. Resume of methodology. 

PHYSICAL STRUCTURE MESH AND 
MODEL 

To induce annular flow, it is common to use a nozzle 
that allows the simultaneous injection of oil and water 
through separate orifices. An example of such a setup 
can be seen in Figure 3. 

 

Figure 3. Example of nozzle. 

To simplify the system's geometry and make the 
computational cost of the simulation more reasonable, 
the structure was adapted to a two-dimensional system, 
as shown in Figure 4. 

 
Figure 4. Simplification of nozzle inlet. 

This geometry features a centralized inlet of 40 mm 
for oil injection, along with two additional inlets of 5 mm 
for water injection. Connected to this inlet structure is a 
straight horizontal tube with a length of 1000 mm. 

In general, any simplification that reduces the 
dimensionality of a problem results in lower 
computational effort at the cost of potentially minimizing 
certain three-dimensional effects. However, the two-
dimensional simulations conducted in this study proved 
to be sufficiently representative in describing the classic 
multiphase flow patterns reported in the literature. 

After preparing the geometry, a mesh was created 
to solve the partial differential equations for mass 
balance and the Navier-Stokes equations. The mesh 
consists of around 10000 elements and can be visualized 
in Figure 5.a and Figure 5.b with zoom. 

 
Figure 5.a. Mesh of system. 

 

 
Figure 5.b. Mesh of system with zoom. 
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 The mesh scale was determined based on a 
heuristic approach, and it was considered reasonable 
when it successfully represented flow patterns closely 
resembling those already established in the literature. 

Since the primary objective of this work was to 
explore a strategy for identifying flow patterns rather 
than performing a numerical validation of simulations 
against real experiments, the choice of a cost-effective 
mesh was prioritized. 

From a rigorous perspective, creating a dedicated 
numerical mesh for each type of flow pattern would be 
necessary, but this was not within the scope of the study. 
Instead, a balanced approach was adopted to ensure 
computational efficiency while still achieving meaningful 
results. 

The model that was used to simulate the system 
was Volume of Fluid (VOF). The VOF model was 
employed to simulate the interfaces between immiscible 
fluids in the system. This model is well-suited for 
resolving complex interfacial dynamics, as it uses a single 
set of momentum equations for the domain and tracks 
the volume fraction of each fluid. This approach allows 
for an accurate representation of the interactions 
between fluids with different properties and is widely 
used in multiphase flow simulations [7]. 

During the simulation, an isothermal system was 
considered, where the physicochemical properties of the 
fluids water and oil remained constant.  

The water density was assumed to be 998.2 kg/m³, 
while the oil density was set to 854 kg/m³. The dynamic 
viscosity was defined as 0.001 Pa·s for water and 0.62 
Pa·s for oil, with an interfacial tension of 0.032 N/m 
between the fluids [8]. 

Another fundamental part of one CFD simulation is 
the turbulence model. For this application, we use k-ω 
SST turbulence model due capability to handle flows with 
adverse pressure gradients and boundary layer 
separation. It combines the advantages of the k-ω model 
near walls with the k-ε model in free-stream regions, 
providing reliable performance across a wide range of 
flow regimes [9]. 

REPRODUCTION OF PATTERN FLOW 
In this section, classic flow patterns reported in the 

literature were simulated [3]. To enhance visualization, oil 
was represented in red and water in blue, with the tran-
sition between colors indicating the interface between 
the two fluids.  

Additionally, the average fluid density at the pipe 
outlet was monitored over time. It is important to note 
that the pipe was initially filled entirely with water. As a 
result, during the early stages of the simulation, the time 
signal often closely resembled the density of water, as 
some time was required for the oil to travel from the pipe 

inlet to its outlet. 
The first flow pattern simulated was the oil in water 

dispersion. This pattern is characterized by small oil 
droplets dispersed within the water. As shown in Figure 
6, the fluid density over time remains close to the density 
of water, with minor oscillations caused by droplets of 
varying sizes passing through the pipe outlet. 

 

 
Figure 6. Oil in water dispersion signal in the time. 

 The second simulated flow pattern was the bub-
bly flow, where the droplets observed in the oil in water 
dispersion evolve into larger bubbles. This transition 
leads to a slightly lower average density compared to the 
previous pattern as shown in Figure 7. 

 

 
Figure 7. Bubble signal in the time. 

 The third simulated flow pattern was slug flow, 
which follows a similar progression to bubbly flow. In this 
regime, the increased volume of oil promotes the coales-
cence of bubbles, forming elongated oil slugs. These 
slugs occupy significant portions of the pipe cross-
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section, resulting in a further reduction of the average 
fluid density over time. As depicted in Figure 8, the den-
sity signal exhibits larger and more pronounced oscilla-
tions, reflecting the alternating passage of oil slugs and 
water segments at the pipe outlet. This pattern highlights 
the impact of bubble coalescence on flow dynamics and 
density distribution. 

 

Figure 8. Slug signal in the time. 

 The fourth simulated flow pattern was stratified 
flow, characterized by oil and water flowing in distinct 
layers along the pipe. In this regime, the oil does not 
achieve sufficient velocity to traverse the pipe effec-
tively. As a result, buoyancy forces become significantly 
relevant, allowing the oil mass to accumulate at the top 
of the pipe. This behavior increases the likelihood of oil 
deposition on the pipe walls, leading to fouling over time. 
As shown in Figure 9, the density signal stabilizes at a 
lower average value due to the layered separation of the 
fluids and the reduced mixing between phases. This pat-
tern emphasizes the importance of managing flow condi-
tions to minimize fouling risks in pipeline systems.  

The fifth simulated flow pattern was annular flow, 
that can be seen in Figure 10, which exhibited the lowest 
average density among all patterns. This observation 
aligns with expectations, as annular flow contains the 
highest volume of oil within its cross-section. A notable 
characteristic of this pattern is the smooth and consistent 
behavior of the density signal, which contrasts with the 
noisier signals observed in other patterns. This is at-
tributed to the well-defined interfaces between oil and 
water, resulting in reduced fluctuations at the pipe outlet. 
The stability and distinct separation of phases in annular 
flow highlight its unique dynamics and emphasize the im-
portance of precise modeling for accurate system analy-
sis. 

 
 

 

 
Figure 9. Stratified flow signal in the time. 

 
 

 
Figure 9. Annular Flow sign al in the time 

CLUSTERING AND IDENTIFICATION 

To analyze the flow patterns, a one-dimensional k-
means clustering was performed, considering the 
average density of the time signal as the primary variable. 
To minimize the impact of transient effects in the system, 
the first 50 seconds of each simulation were excluded 
from the analysis. This adjustment ensured that the 
calculated average density more accurately reflected the 
steady-state behavior of each flow pattern. 

A total of 25 simulations were conducted, each 
running for 300 seconds under varying boundary 
conditions. This approach allowed for the evaluation of a 
wide range of scenarios, capturing the diversity in flow 
dynamics. The use of average density as a clustering 
metric provided a straightforward yet effective means of 
distinguishing between patterns, particularly in cases 
where differences were more pronounced, such as with 
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core-annular flow. 
The Figure 10 shows the results of clustering 

performed using the k-means method with five clusters 
based on the average density of the time signal for 25 
simulations conducted under different boundary 
conditions. Each point in the graph represents a specific 
simulation, while the dashed lines indicate the cluster 
centers identified by the algorithm. 

 
Figure 10. Results of K-means  

 The clusters are well defined and distributed 
along the density axis, reflecting the differences in the 
simulated flow patterns. Most points are closely grouped 
around their respective cluster centers, suggesting that 
average density was an effective parameter for distin-
guishing between the different patterns. Additionally, the 
low variation within each cluster indicates that this pa-
rameter reliably captures the general behavior of the flow 
patterns. 
 The cluster with the lowest density, located below 
900 kg/m³, corresponds to the annular flow pattern, 
characterized by the highest volume of oil in the pipe's 
cross-section. This significantly reduces the average 
density of the signal and shows a clear separation from 
the other clusters. 
 On the other hand, the intermediate clusters, such 
as those around 920 kg/m³ and 940 kg/m³, represent 
patterns like slug flow and stratified flow, where there is 
greater interaction between phases. In these cases, 
some overlap in average density values can be observed, 
indicating that the boundaries between these patterns 
may not be perfectly distinct depending on the boundary 
conditions. 
 The cluster with the highest density, near 1000 
kg/m³, is associated with patterns such as oil in water 
dispersion, where the amount of oil in the mixture is 
smaller, and the behavior is dominated by the 
characteristics of water. This cluster is well-separated 
from the others, emphasizing the uniqueness of this 
pattern in terms of average density. 

 Overall, the results presented in the image 
demonstrate that the k-means method was effective in 
identifying flow patterns based on average density. How-
ever, the overlap of values observed between some in-
termediate clusters highlights the need to explore more 
complex approaches in future studies. These approaches 
could include the use of multiple variables or the consid-
eration of temporal relationships to improve the discrim-
ination of patterns with very similar characteristics. 

CONCLUSIONS 
The strategy of identifying multiphase flow patterns 

using the k-means clustering method has proven to be 
promising, as it allowed for a reasonable clustering of 
results. This approach was particularly effective for core 
annular flow, which exhibits a highly distinct behavior 
compared to other patterns due to its low density 
oscillations over time. However, for other flow patterns, 
some challenges may arise. Depending on the boundary 
conditions, there can be an overlap of values between 
patterns that are very similar, making differentiation more 
difficult. 

Despite these limitations, this study successfully 
demonstrated a functional method, aligning with its 
premise of developing a simple approach for flow pattern 
identification. At the same time, it opens the door for 
further research into more advanced clustering 
techniques or methodologies. Future approaches could 
explore grouping data across multiple dimensions and 
incorporating temporal relationships, moving beyond 
reliance on a single variable to achieve more robust and 
comprehensive results. 
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