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Abstract: One of the most severe problems in power plants, petroleum and petrochemical industries
is the accurate determination of phase fractions in two-phase flows. In this paper, we carried out
experimental investigations to validate the simulations for water–air, two-phase flow in an annular
pattern. To this end, we performed finite element simulations with COMSOL Multiphysics, conducted
experimental investigations in concave electrode shape and, finally, compared both results. Our
experimental set-up was constructed for water–air, two-phase flow in a vertical tube. Afterwards, the
simulated models in the water–air condition were validated against the measurements. Our results
show a relatively low relative error between the simulation and experiment indicating the validation
of our simulations. Finally, we designed an Artificial Neural Network (ANN) model in order to
predict the void fractions in any two-phase flow consisting of petroleum products as the liquid phase
in pipelines. In this regard, we simulated a range of various liquid–gas, two-phase flows including
crude oil, oil, diesel fuel, gasoline and water using the validated simulation. We developed our ANN
model by a multi-layer perceptron (MLP) neural network in MATLAB 9.12.0.188 software. The input
parameters of the MLP model were set to the capacitance of the sensor and the liquid phase material,
whereas the output parameter was set to the void fraction. The void fraction was predicted with
an error of less than 2% for different liquids via our proposed methodology. Using the presented
novel metering system, the void fraction of any annular two-phase flow with different liquids can be
precisely measured.

Keywords: two-phase flow; capacitance sensor; void fraction; annular flow; concave shape

1. Introduction

The properties of gas–liquid, two-phase flow patterns are of great importance for
designing and realizing industrial-scale research facilities. Nevertheless, it is quite difficult
to measure the flow of a two-phase combination accurately [1]. There are currently a variety
of commercially accessible meters based on different measurement concepts as solutions
for this issue [2,3]. However, every metering technique has its own shortcomings. For
instance, nearly all of those measuring techniques are flow regime dependent, and most of
them can only attain the required accuracy with homogenous flows. Typically, flow-mixing
devices are employed in measurements to mitigate this issue [4]. Typical gas–liquid flow
measurement is a separation method, in which two phases are first detached, and then
the single-phase flow is measured separately. This method requires expensive equipment
and can also disrupt continuous industrial processes, which is undesirable. Furthermore,
conventional methods are unable to identify the regime of the measured flow [5]. Reliable
porosity measurements and the identification of flow patterns are critical for accurate
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modelling of two-phase systems. Additionally, the void fraction is the amount of gas in
a pipe divided by the total volume of the pipe [6]. Void fractions can be measured using
several techniques, including radiative attenuation (by X-rays or γ-rays), optical or electri-
cal contact probes, impedance or capacitive sensing, and direct volumetric measurements
via quick-closing valves. While interferometric probes perturb the flow field, radiation
attenuation methods are expensive and fairly challenging from a radiation safety perspec-
tive to implement [7]. On the other hand, the impedance measurement technique is more
practical and inexpensive [7]. Capacitive technology is also used to evaluate the liquid
film thickness [8]. A sensor system based on capacitive techniques had been proposed to
provide a real-time estimate of the void fraction [9]. This method works on the basis of the
difference of electrical properties of phases with varied amounts and compositions in the
tube, which leads to distinguishable permittivity distributions. [10]. These variations are
measured by electrodes placed on the outer surface of the non-conductive part of the tube,
forming a capacitor [11]. The main advantage of the capacitive sensing method is that it
is unobtrusive and also does not disrupt the fluid flow [12]. Capacitance-based sensors
have progressed with significant results for gas–liquid and liquid–liquid flows in order to
acquire void fraction measurements or tomographic reconstructions [13,14], and also in the
gas–solid system [15]. Sami and his colleagues compared the results of many capacitance
configurations in two-phase, gas–liquid tubes. In a specified flow regime, it was deter-
mined that a four-concave-plate architecture outperforms in terms of the sensitivity and
ease of manufacturing [16]. Ahmed and his co-employee analyzed two forms of capacitance
sensors: ring and concave types. The phase fraction was represented by an equivalent
capacitance circuit and estimated the sensitivity of both concave and ring sensors. It was
determined that the sensitivity of the ring sensor increases as the distance between the
electrodes decreases. Additionally, the sensitivity of the ring type of sensor was higher
than the concave type with the exact dimensional resolution [17]. Jaworek et al. used a
radio frequency resonance circuit with an 80 MHz frequency to calculate the void fraction
using five distinct sensor architectures [18]. Tollefsen and colleagues attempted to optimize
the sensitivity and accuracy of a helical capacitive sensor’s flow regime independence.
The sensor was modelled via the Finite Element Method (FEM). Their simulation was
validated by several sensors and flow regime measurements with a maximum deviation of
5% between the simulated and measured values [19]. Theoretical and experimental studies
were conducted to investigate the effect of design factors on the capacitance output for
two different sensor configurations, i.e., concave and ring. The output capacitance and
porosity for both types of sensors showed a linear correlation. Additionally, a capacitive
sensor system was introduced in 2017 to measure the void fraction of a diesel two-phase
flow configuration [20]. Double-ring and concave electrodes were selected, among others.
The experimental results show that the concave configuration has a special dependency
on flow regimes. Salehi and his colleagues investigated specific electrode configurations
for oil–air, two-phase flow measurements for different flow regimes [21]. The results show
different sensitivities for each electrode shape. The concave shape was more sensitive than
the others in the annular structure. Salehi et al. proposed a Rectangular Fork Capacitance
Sensor (TRFLC) to recognize the flow pattern of a two-phase, gas–oil flow in a horizontal
pipeline [22]. One of the most powerful mathematical tools that is widely used in instru-
mentation, electrical and control engineering is ANN [23–27]. In this study, we compared
experimental data and simulation data for a concave electrode shape in order to validate
the simulation data. This research focuses on an annular two-phase, water–air flow; an
LCR meter was used to measure the capacitances to produce a precise measurement in the
experimental setup, and COMSOL software was also used to run the required simulations.
Furthermore, an ANN model was employed to estimate the void fractions in two-phase
flows with any petroleum product as the liquid phase in the pipelines. The novelty of this
paper is the measurement of the void percentage with high precision in an annular regime
using a combination of a capacitance-based sensor and ANN for different fluids. In fact,
the void fraction as the ANN output was measured precisely for different liquid phases.



Axioms 2023, 12, 66 3 of 13

Using the novel proposed metering system, the void fraction of every annular two-phase
flow with different liquids can be measured precisely. The presented metering system is
simple to use and inexpensive.

2. Experimental Setup of the Concave Capacitive Sensor and Measurements

Capacitance sensors consist of a transducer circuit and electrodes. The classification of
multiphase flows is mainly based on the observations of two-phase flow in the laboratory.
The properties of gas–liquid, two-phase flow patterns can make different flow regimes,
such as bubble, plug slug, foam, annular streak and annular, as shown in Figure 1. In
annular flow, the liquid flows on the wall in the form of a thin layer, and the gas flow
is in the center. Figure 2 shows the scheme of an annular regime. Equations (1) and (2)
were used to describe the various volume fractions for the two-phase, water–gas regime in
annular flow:

Vgas =
πR2

πR12 =
R2

R12 (1)

Vwater =
πR12 − πR2

πR12 =
R12 − R2

R12 (2)
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In this paper, we used several annular regimes of two-phase flow tests to validate the
simulated data. An annular regime has been investigated by a static setup since simulating
the annular flow in a laboratory environment is very complicated. Therefore, phantoms
with various diameters were produced with thin PVC films and thin bases to distinguish the
liquid from the gas phase, which are shown in Figure 3. However, the separator pipes were
ignored in the simulations due to their very thin thicknesses. Furthermore, a transparent
PLA pipe with an inner radius of 26 mm, an outer radius of 32 mm, a height of 180 mm
and the relative permittivity of PLA (ε PLA) set as 3.34 was constructed with a 3D printer
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with 0.1 mm accuracy and is shown in Figure 4 [28]. Two electrodes in the middle of the
pipe were made of thin, soft copper with an outer radius of 33; the thickness of the wall
was 1 mm, and the height was 120 mm. The distance of the electrodes was 5 mm, which
was used as an exciting and measuring electrode to measure the capacitance, as shown in
Figure 5. Water and air were selected as the liquid and gas phases, respectively. Meanwhile,
the relative permittivity of the water (ε water) at a temperature of 27 degrees Celsius and
air (ε air), in that order, were set at 81 and 1 [29,30]. Void fractions of 0, 10, 20, 30, 40, 50, 60,
70, 80, 90 and 100 percentage were produced by the phantoms, as shown in Figure 6a, and
tested with an LCR meter (GPS LTD 3138C), which is shown in Figure 6b. In addition, the
results of the experimental setup are shown in Table 1.
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Table 1. Measured results by the experimental setup for the concave sensor in the annular
water–air regime.

Void Fraction (%) Measured Capacitance (pF)

100 27.21
90 44.73
80 53.19
70 57.65
60 60.83
50 61.80
40 63.22
30 64.38
20 65.23
10 66.65
0 68.11

3. Numerical Simulations
3.1. Modelled Configuration

We used COMSOL Multiphysics 5.5 to simulate the experimental environment for the
evaluation of the capacitance. We defined an air content in the simulation study because
of the considerable fringing fields that can be detected around the capacitor plates. In
other words, the surrounding electric fields may rise to infinite, even though they drop
by a ratio inversely proportional to the cube of the distance. In stationary regimes, a
3D model of electrostatic physics was created. In addition, the variables related to the
field were set to constant over the time in this regime. For comparing the experimental
and simulation data, a typical structure was simulated similar to the fabricated setup. A
quartz glass with an inner radius of R1 = 26 mm, an outer radius of R2 = 32 mm and
a length of 180 mm was designed. Furthermore, the relative permittivity of the main
pipe was regarded as 3.4. A capacitance-based sensor was made from soft copper with
an inner radius of R2 = 32 mm, an outer radius of R3 = 33 mm and a length of 120 mm.
Also, the separation between the electrodes was set at 5 mm, as shown in Figure 7. Water
(chemical formula of H2O, relative permittivity of 81 and density of 997.77 kg/cm3) and
air (relative permittivity of 1 and density of 1.204 kg/m3) were considered as the liquid
and gas phases, separately. A 3-dimensional view of the electrodes pattern, a volumetric
view of the simulated setup and the meshed model of the capacitance-based sensor in a
typical void fraction are illustrated in Figure 8. Moreover, void fractions of 0, 10, 20, 30, 40,
50, 60, 70, 80, 90 and 100 percentage were also considered in the simulation in the annular
flow, as shown in Figure 9. Additionally, the fluid component was divided into 17,832 3D
tetrahedral fundamentals using FEM. The voltage and electric field dispersions of the FEM
simulation results are illustrated in Figure 10. The results of the simulations are presented
in Table 2.
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3.2. Validation of Simulations

The test frequency range of the used LCR meter was between 50 Hz–200 kHz, and
the appropriate frequency to measure the sensor capacitance is approximately 1 MHz.
However, to compare the relative behavior of experimental and simulation values, both
results were normalized to unity. Normalized capacitance was determined in Equation (3)
as follows:

Normalized capacitance =
Measured output o f sensor
Maximum output o f sensor

(3)

The simulation was validated based on the similarity and coinciding trend of the
experimental and simulated data for the annular flow. The low difference between the
simulation and experiments is shown in Figure 11. As a result, COMSOL Multiphysics
could efficiently simulate any flow regimes and void fractions, avoiding the problems
caused by the experimental conditions.
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ulation and experiments is shown in Figure 11. As a result, COMSOL Multiphysics could 
efficiently simulate any flow regimes and void fractions, avoiding the problems caused 
by the experimental conditions. 

 

Figure 11. Comparison of the experimental data and the simulated data in a two-phase annular flow.

4. Artificial Neural Network

ANNs are mathematical systems made up of simple processing elements called neu-
rons that run parallel and can be generated as one or more layers [31]. Classification
and prediction are two significant applications of ANNs. The most common ANNs are
multi-layer perceptron (MLP) networks [32]. The primary attribute of this method is the
ability to learn by utilizing accurate data. This model can predict behaviors and patterns
using a limited number of precise data, known as the MLP’s “training set” [33]. In addition,
the testing set is specified in order to evaluate the network’s accuracy and precision. The
network has never encountered these data before. Figure 12 illustrates the presented MLP
model with the capacitance of the sensor and liquid phase material as inputs and the void
fraction percentages as outputs. The main characteristic of this technique is the ability to
learn through validated simulated data. The data set for training the network was created
using the validated simulation values.

There were 38 (70%) and 17 (30%) samples for the training and testing data, respectively
which were selected randomly. According to a prior publication [34], a presented algorithm
was used to evaluate various architectures, and the best one was chosen. Actually, the
best structure was chosen after testing various layers, epochs, activation functions and
the number of neurons in each layer. The number of neurons in the input layer, hidden
layer and output layer of the optimal structure was 2, 4 and 1, respectively. There were
375 epochs in total. The activation functions of the neurons in the input layer, hidden layer
and output layer were purelin, tansig and purelin, respectively, and Levenberg–Marquardt
was the training method [35–39].
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Figure 12. Architecture of the proposed network in order to determine the void fractions.

5. Results and Discussion

Figure 13 depicts the regression diagrams for the actual data defined in the simulations
and the estimated data using the provided MLP-LM model. The targets (desired responses)
and outputs (network responses) of this graph demonstrate that the suggested MLP model’s
projected values closely match the simulated data with the least degree of error. Regression is
a statistical method for determining how strongly two variables are correlated. Equations (4)
and (5) calculate the mean relative error percentage (MRE%) and mean absolute error (MAE)
of the proposed MLP model, where N is the number of observations, and X (Sim) and X (Pred)
represent simulated (COMSOL Multiphysics) and predicted (MLP) values, respectively.

MRE% = 100× 1
N ∑N

i=1

∣∣ xi(Sim)− xi(Pred)
xi(Sim)

∣∣ (4)

MAE =
1
N ∑z

i=1|xi(Sim)− xi(Pred)| (5)

In the training set, the MAE and MRE% of the void fractions are 1.2888 and 0.2644%,
respectively; for the testing set, these errors for the void fractions are 1.5349 and 0.2013%,
respectively. Using the novel proposed metering system, the void fraction of every annular
two-phase flow with different liquids can be measured precisely. The presented metering
system is simple to use and inexpensive. This metering system with a concave capacitance-
based sensor and usage of soft-computing methods could be used in various industries.

In order to combat over-fitting and under-fitting, the accessible data are separated
into two categories: training data and test data. The training data includes the information
seen by the neural network and is used to create the model. After the neural network has
been trained, its performance may be assessed using the test data. As long as the neural
network responds appropriately to these two data sets, the proposed network will be safe
from over-fitting problems, as shown in Figure 13b, and under-fitting problems, as shown
in Figure 13a,b.
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6. Conclusions

In this research, we validated an annular water–air, two-phase flow simulation using
experimental data. FEM simulations using COMSOL Multiphysics and experimental inves-
tigations for concave electrode shape were done to compare the results. The experimental
apparatus was designed for two-phase, water–air flow in a vertical tube. Annular water–air
simulated models were validated by measurements. Several phantoms for every void fraction
were constructed. In fact, the simulations were validated by the low relative error between the
simulations and experiments. An ANN model was used in order to predict the void fractions
in two-phase flows with different petroleum product materials as a liquid phase in a pipeline.
A validated simulation was used to simulate the liquid–gas, two-phase flows with crude oil,
oil, deasil fuel, gasoline and water in an annular regime condition. The ANN model was
developed in MATLAB 9.12.0.188 using an MLP neural network. The capacitance value of
the sensor and the liquid phase material was the MLP model’s inputs, and the output was
the void fraction for every material. The MAE of this novel proposed system was 1.53. It can
measure the void fraction for different liquid materials with high precision.
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