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Abstract: There are many petrochemical industries that need adequate knowledge of multiphase
flow phenomena inside pipes. In such industries, measuring the void fraction is considered to be a
very challenging task. Thus, various techniques have been used for void fraction measurements. For
determining more accurate multiphase flow measurements, this study employed dual non-intrusive
techniques, gamma-ray and electrical capacitance sensors. The techniques using such sensors are
considered non-intrusive as they do not cause any perturbation of the local structure of the phases’
flow. The first aim of this paper is to analyze both techniques separately for the void fraction data
obtained from practical experiments. The second aim is to use both techniques’ data in a neural
network model to analyze measurements more efficiently. Accordingly, a new system is configured
to combine the two techniques’ data to obtain more precise results than they can individually. The
simulations and analyzing procedures were performed using MATLAB. The model shows that
using gamma-ray and capacitance-based sensors gives Mean Absolute Errors (MAE) of 3.8% and
2.6%, respectively, while using both techniques gives a lower MAE that is nearly 1%. Consequently,
measurements using two techniques have the ability to enhance the multiphase flows’ observation
with more accurate features. Such a hybrid measurement system is proposed to be a forward step
toward an adaptive observation system within related applications of multiphase flows.

Keywords: void fraction; capacitance; gamma-ray; sensors; ANN; multiphase flow; flow measurement;
neural networks; flow regimes

1. Introduction

The term multiphase flow refers to the flow of a mixture of solid, liquid or vapor states
(phases). Such phenomena often affect industrial production and happen in applications
of power, chemical industry, oil, nuclear energy and metallurgical engineering. For the
study of multiphase flow measurements, there is a very significant factor called void
fraction. Generally, any flow characteristics may be affected by void fraction such as the
heat transfer coefficient, pressure drop and flow pattern. The term can be defined as a
dimensionless parameter from the ratio between the gas phase area and the total flow
area in a cross-sectional evaluation. Additionally, that ratio is useful for the determination
of the average density. The industries can see that it is very necessary to describe the
phases’ flows in terms of some fluids’/gases’ characteristics. Fortunately, these properties
can be determined using different types of techniques that are available for such tasks
nowadays. Specific sensors exist in various methods for flow measurement. In addition,
some computing methods, e.g., neural network models, are needed for analytical tasks in
order to show more precise and valuable characteristics of phases inside pipes.
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In regard to the measuring process, particular steps are required to be taken at the
exact time, and also accurately, depending on the most appropriate technology. For a
given application, and according to industry standards, picking the best measuring tool
is as significant a point as demonstrating the required features [1]. The flows’ complexity
comes from the characteristics of the interfaces; the flow direction; the pipe geometry;
the nature of one phase among others; the situation of the measuring procedures; and
into which flow regime it happens. The major flow regimes in multiphase flows are slug,
bubbly, annular and stratified. Materials in their three statuses (liquid, gas and solid) have
various electrical characteristics. The most distinguishable ones are the permittivity and
conductivity properties, which vary in multiphase flows. Therefore, well-known measuring
techniques consider these properties to understand the flows’ behavior and quantities.

In the 1980s, capacitance-based sensors were used in multiphase flow measurements
with different configurations [2]. In the 1990s, researchers used helical and concave configu-
rations of capacitance-based sensors much more widely than other types. They considered
9.53-mm vertical pipes by Elkow et al. [3] and 45-mm vertical pipes by Keska et al. [4],
focused on two-phase flow measurements with different flow patterns. However, Tollefsan
et al. [5] observed oil–gas and glycerol–air flows and Belo et al. used concave only for static
flow measurement [6]. In later decades, concave capacitance-based sensors have been more
frequently used, particularly with water–air flows in horizontal pipes [7]. For measuring
systems that are based on capacitance sensors, a design step of electrode configuration was
performed related to exciting frequency and electrode structure [8]. A varying sensitivity
factor was determined depending on the electrode shape [9]; thus, a sensor of twin rect-
angular fork-like capacitance (TRFLC) was proposed for recognizing flow patterns in a
horizontal pipe [10]. Since the data of void fractions were obtained, artificial neural models
were designed to analyze the void fraction data according to specific criteria [11,12].

On the other side, the high capability of the gamma-ray technique comes from its
high penetration property. That benefit made the radioisotope gauges become preferred
over other measuring principles according to many work–environmental requirements [13].
Thus, and since the 1950s, gamma-ray technology has been included for void fraction
measurements [14], and it appeared in the analysis of volume fractions for a biphasic
stratified flow regime [15]. Most measurements utilized the gamma-ray technique for two-
phase flows in particular. Cook and Rhodes simulated a gamma-ray sensor for vertical pipes
and observed a high error when the channel size increased [16]. One-shot and traversing
methods were included for two-phase flows in horizontal and vertical pipes [17,18]. Bishop
and James applied a multiple beam gamma-ray in a three-phase flow to determine phase
fraction [19]. They involved those techniques with artificial neural network (ANN) models
to be used in multiphase flow measurements. Nuclear radiation attenuation methods have
been employed for the measurement of void fractions. Measurements using multibeam
gamma-ray attenuation, over single beam, have been enhanced for measuring void fractions.
As an example of oil–water–gas flow measurement, various principles of a multibeam
gamma-ray densitometer have been applied and improved to provide adequate information
about flows [20,21]. The high resolution property of a multibeam gamma-ray densitometer
was introduced in multiphase flow applications by Hampel et al. [22].

ANN techniques offer powerful approaches in regard to analyzing data from a varying
range of measurement techniques. There are many researchers who have designed a
wide range of neural networks for predicting flow patterns [23]. In order to determine
the fractions of oil, water and gas in pipelines, the phases’ fractions and configuration
were determined using an ANN model with gamma densitometers [19]. Ozbayoglu
et al. included a model of a computational intelligence method for estimating the main
properties of a multiphase flow [24]. Using a model of ANN, void fraction measurement
were analyzed with liquid densities by Nazemi et al. [25], and with flow regime by Roshani
et al. [26]. Omid and Hussein in [27], applied a Multilayer Perceptron (MLP) network with a
three-detector gamma ray for void fraction with water–liquid ratio estimation. Furthermore,
neural networks have been included for flow regime identification in multiphase flows [28]



Processes 2022, 10, 2371 3 of 10

and for the estimation of bubble formation in bubble columns [29]. This paper explains
both mentioned techniques with their functionalities, and then evaluates their analysis in
MATLAB through a neural network model for void fraction measurements. With the help of
the previous studies that have been conducted in this field, in this study, an attempt is made
to provide a void fraction diagnostic system with high precision. For this purpose, a two-
phase flow regime in different void fractions was simulated using MCNP and COMSOL.
By considering both the capacitance-based sensor and the gamma ray-based sensor with
the two-phase flow and applying their outputs to an MLP neural network, an attempt is
made to predict void percentages with high precision. In fact, improving the detecting
system’s precision and the combination of two different sensors with different operational
aspects are the main contributions of the present research.

2. Void Fraction Measurement Techniques

Within a flow, and from an experimental point of view, the characteristics of mo-
mentum, mass and energy transfer rates may be sensitive to the components’ geometric
distribution. Moreover, within each component or phase, the flow will depend on the
flow pattern, which is considered as a type of the component’s geometric distribution [30].
Due to the high demand of accurate measurement results through non-intrusive and non-
invasive techniques, gamma-ray and electrical capacitance-based sensors were used in
this project. Their data were then sent to a neural model to analyze the characteristics
of gas–water–oil flows efficiently. Generally speaking, at least two different measuring
techniques are often utilized in multiphase flow industries. Thus, the point here is to
obtain adequate and accurate information from dual measuring techniques and for a
multiphase application.

The dimensionless quantity of void fraction is considered as the most important
aspect in multiphase flow. Although its first use started in the 1940s, void fraction still
has a valuable role nowadays. This quantity refers to the fraction of a geometric do-
main occupied by another phase, as shown in Figure 1, which illustrates void fraction-
related terms used in multiphase flow. Estimating the values of void fraction has been
reviewed by many works such as Rosehart et al., for void fraction characteristics [28];
Smith SL., for void fraction in two-phase flows [29]; Owen et al., for void fraction fluctua-
tion [30]; Tandon et al., for void fraction prediction [31]; Usui et al., for void fraction among
basic regimes [32].
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Figure 1. Multiphase flow structure.

The non-intrusive property adds extra capability to the dual techniques in flow mea-
surement processes. Therefore, this study considers two measurement tasks depending
on the data resulting from each technology. The first task was performed for both the
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capacitance-based sensor and gamma-ray attenuation technique individually. The second
one involved both techniques together in one measuring system.

3. Sensor Simulations

The gas and liquid phases were represented, respectively, as air and gasoil (C12H23,
0.826 g/cm3 and 2.1 relative permittivity). MATLAB, COMSOL and MCNP packages were
used in the simulation of this study. For polyphasic flows, the gamma-ray and capacitance-
based sensors were simulated using MCNP and COMSOL packages. Those methods
were implemented in references [26] and [31], whose study only compared the techniques
separately. With the MCNP5 code, that technology was presented by Mosorov and his
coworkers in [32]. Moreover, Salgado’s group used the MCNP6 code with the gamma-ray
technique to calculate the volume fraction on a stratified flow regime [33].

It should be noted that the studies were conducted for air–oil flow and particularly
on the flow pattern of the annular regime. The MCNP code was used for simulating the
gamma-ray attenuation sensor in two-phase flow (air–oil), while the capacitance-based
sensor was simulated in the COMSOL Multiphysics package for the same air–oil phases
flow. On the other side, the MATLAB package was used to run the MLP model in a neural
network that was applied to analyze the data of both sensors. The MLP neural network
was run to perform both simulated sensors’ data, but with a wider range of void fraction
values of air–oil two-phase flow measurements.

3.1. Capacitance-Based Sensor Using COMSOL

Since the last century, electrical capacitance-based technology has used the sensitivity
of various electrical characteristics in multiphase flow measurements. Its physical under-
standing describes those different mediums that have various electrical features such as
magnetic permeability, conductivity, dielectric coefficient and complex admittance. Thus,
the distribution status of a medium can be known by inferring the distribution of its elec-
trical properties. Inside the pipes, the value of capacitance between the measuring and
exciting electrodes can be calculated using electromagnetic theory. Thus, in the case of a
three-dimensional electrostatic field, the potential distribution is given as

∇2V(x, y, z) =
∂2V
∂x2 +

∂2V
∂y2 +

∂2V
∂z2 = −ρ(x, y, z)

ε(x, y, z)
(1)

where ρ(x,y,z), ε(x,y,z) and V(x,y,z) represent, respectively, the charge distribution, the
medium permittivity between electrodes and the electric potential allocation.

Regarding the design parameters of the capacitance-based sensor, the COMSOL pack-
age was used to model the sensor from soft copper material with a thickness of 10 mm and
length of 120 mm. The electrodes were separated with a 10 mm distance. The simulated
structure for the validation of the COMSOL simulation is depicted in Figure 2a that illus-
trates the sensor design and its boundaries, while Figure 2b shows the sensor’s electric
potential distribution. The result of this simulation was verified using obtained results
in [31]. Using verified simulation, other required simulations in this study were performed.

3.2. Gamma-Ray Attenuation-Based Sensor by MCNP

The gamma-rays attenuation technique is very useful and powerful in measurements
due to its advantages such as its non-intrusive property, and it being inexpensive, reliable,
portable and applicable in two/three-phase flow measurements. The method is essentially
based on allowing a beam of radiation gamma-rays to traverse the cross-section of the pipe
where it is detected. Figure 3a describes the basic principles of the gamma-ray attenuation
measuring system. The object is located between a source and a detector, which are placed
oppositely. Typically, the detector measures the radiation that is scattered from the related
interactions of the incident beam, while the collimator aligns the beams along the pipe
diameter. Further information regarding the layout of sources, detectors and tubes is shown
in the same figure.
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attenuation sensor.

A few detectors with one source and mechanical scanning are used so that multiple
projections can be obtained to observe a dynamic process with time constants in the region
of interest of multiphase flow. In regards to measurements, and in the case of a vacuum
inside the pipe, Equation (2) expresses the measured value of the detector when the pipe is
filled up with air. Thus, the recorded value in the detector is I0.

Ia = I0 e−γaD (2)

Initially, I0 is considered as the calibration value of the pipe. Since the air has low
density property, very weak attenuation occurs. Consequently, I0 and Ia can be assumed
to be equal. However, despite the landing photon energy, the air attenuation coefficient is
equal to zero. In a multiphase flow, Ia is recorded as the maximum value that the detector
may sense. When a pipe is filled with liquid, the value of a single energy beam is recorded
by the detector

Il = I0 e−γaD = Iae−(γI−γa)
D

(3)

The minimum threshold for a multiphase system is the value Il (counting per pipe full
of liquid). By obtaining the maximum and minimum calibration values, it is possible to
calculate the difference between the linear attenuation coefficients of both phases, air and
liquid, from the equation below

γl − γa =
1
D

ln(
Ia

Il
) (4)
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The predefined parameters of the gamma-ray sensor were already set according to the
simulation of two-phase flow with the sensor configuration as the following. The MCNP
code was run to simulate a gamma-ray attenuation-based sensor with a source of 2 mCi
Cs-137 placed 30 cm away from the pipe. Moreover, the MCNP code simulated the NaI
detector of 1 × 1 inches placed 20 cm away from the pipe, as referred to in Figure 3b.
Table 1 represents the data set of the void fractions obtained showing the picofarad values
of the capacitance-based sensor and the counts per 100 source particles of the gamma-ray
attenuation-based sensor. According to the main structure, the pipe of Pyrex–glass has a
length of 400 mm, an inner radius of 47.5 mm and a wall thickness of 250 mm, and the
main pipe’s relative permittivity is 4.7. Using Pulse Height Tally F8, the registered counts
in the detector were determined for each source particle in the MCNP-X algorithm.

Table 1. Results of capacitance and gamma-ray attenuation-based sensors for void fractions.

Void Fraction. Capacitance (pF) Gamma Count (Count per 100 Source Particles)

1 8.2 14

0.95 8.51 13.7

0.9 8.72 13.5

0.85 8.91 13.2

0.8 9.15 13

0.75 9.31 12.8

0.7 9.49 12.5

0.65 9.65 12.3

0.6 9.79 12

0.55 9.9 11.7

0.5 10.04 11.4

0.45 10.16 11.1

0.4 10.26 10.9

0.35 10.38 10.6

0.3 10.48 10.3

0.25 10.57 9.94

0.2 10.69 9.59

0.15 10.8 9.17

0.1 10.9 8.78

0.05 11 7.93

0 11.11 7.07

3.3. ANN Models in Multiphase Flows Measurements

Neural networks have better learning ability and higher performance compared
with conventional statistical methods. There are many engineering fields that use ANN
modeling tools. Recently, computational and numerical calculations, including Digital
Signal Processing (DSP) and especially the artificial neural network (ANN), as a very
powerful mathematical tool, have shown a wide application in their use in different aspects
of electrical engineering [34,35], instrumentation and control engineering [36–38], etc.

Figure 4 refers to Multilayer Perceptrons (MLPs) that have the ability to mimic non-
linear systems of a dependent output variable Y and an input vector X by consuming
the information in a set of training samples of the known values of input and output.
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Equation (5) represents the fitting function of a parameterized neural network with a
single output

F(x, w) = σ(2)(∑J+1
j=1 (wj·σ(1)(∑I+1

i=1 (xi·wi,j )))) (5)

where w refers to the parameters called weights and I is the dimensionality of the input
vector. The J activation function in the first layer σj

(1) and the single one in the output layer
σ(2) are sigmoid functions, whereas the I + 1 component includes the feature vector, XI + 1,
and the J + 1 activation function.
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It is worth noting for the neural network model, that the number of the input layer’s
neurons is taken as one neuron according to each technique individually, and as two
neurons for both techniques because it needs two inputs. Several neural networks with a
variant number of hidden layers and a different number of neurons in hidden layers were
implemented and tested in order to find the optimum structure with minimum error. This
algorithm was performed using several nested loops in written code in MATLAB software.

In this article we have tried to show the function of an MLP neural network to predict
the void fraction of a two-phase flow using the combination of two different sensors. The
use of other neural networks such as RBF, GMDH, etc., can be the subject of future research.

4. Results and Discussion

The performance of the neural network model was already conducted through the
testing data. As shown in Table 1, 21 samples were obtained from both the capacitance-
based sensor and gamma-ray attenuation-based sensor. For this study, the ratio of 70%
of the data (14 samples) was involved to train the neural network, while 30% (7 samples)
was used for testing the network. The proposed step was analyzed using MATLAB, which
has shown more precise measurements from using the dual-techniques measurement.
The sensitivity factor is higher in the gamma-ray attenuation-based sensor than in the
capacitance-based sensor as determined in [31]. This property necessitates us to pick the
most suitable technique for measuring void fraction and for which flow pattern of the
two-phase flow it might be used. The neural network model, from Table 2 and Figure 5,
shows that using gamma-ray and capacitance-based sensors gives an MAE of 3.8% and
2.6%, respectively, although a similar structure with both techniques gives a lower MAE,
which is exactly 0.56%. Furthermore, the value of the MSE using the dual measurement
technique is much better than the MSE values from the same techniques individually. 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 used to create the model. After the neural network is trained,
its performance may be assessed using test data. As long as the neural network responds
appropriately to these two data sets, the proposed network will be safe from over-fitting
and under-fitting problems.
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Table 2. ANN relative-error criterion of three techniques.

Technique(s) Capacitance-Based Gamma-Ray Both Techniques

Mean Absolute Error (MAEtest) 0.0268 0.0383 0.0056

Root Mean Square Error (RMSEtest) 0.0084 0.0422 0.0068
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5. Conclusions

In this study, dual non-intrusive techniques (capacitance-based and gamma-ray
attenuation-based sensors with ANN model) were simulated for void fraction measure-
ments. A Monte Carlo code (MCNP-X) and Finite Element (FE) package were used to
design both sensors depending on predefined features of the sensors and flow regime. The
phases were of two-phase flow (air–oil) and in an annular flow pattern. In a MATLAB
environment, the obtained results with relative low errors determined the high accuracy
of using the dual measurement techniques in multiphase flow measurements. In addi-
tion, the MLP neural network, using data from the capacitance-based and gamma-ray
attenuation-based sensors, performed more accurate void fraction observations than using
the techniques separately. The MAE of less than 0.006 shows the precision of the presented
novel metering system. For future works, investigations of this metering system in other
two-phase or three-phase flow regimes are proposed.
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