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Abstract: To the best knowledge of the authors, in all the former studies, a fixed value of X-ray
tube voltage has been used for investigating gas–liquid two-phase flow characteristics, while the
energy of emitted X-ray radiations that depends on the tube voltage can significantly affect the
measurement precision of the system. The purpose of present study is to find the optimum tube
voltage to increase the accuracy and efficiency of an intelligent X-ray radiation-based two-phase flow
meter. The detection system consists of an industrial X-ray tube and one detector located on either
side of a steel pipe. Tube voltages in the range of 125–300 kV with a step of 25 kV were investigated.
For each tube voltage, different gas volume percentages (GVPs) in the range of 10–90% with a step of
5% were modeled. A feature extraction method was performed on the output signals of the detector
in every case, and the obtained matrixes were applied to the designed radial basis function neural
networks (RBFNNs). The desired output of the networks was GVP. The precision of the networks in
every voltage and every number of neurons in the hidden layer were obtained. The results showed
that 225 kV tube voltage is the optimum voltage for this purpose. The obtained mean absolute error
(MAE) for this case is less than 0.05, which demonstrates the very high precision of the metering
system with an optimum X-ray tube voltage.

Keywords: tube voltage optimization; artificial intelligence; X-ray; two-phase flow; GVP;
sustainable technology

1. Introduction

Two-phase flow is receiving increasing attention from researchers in different study
fields. The GVP and flow regime are the most important parameters utilized to mea-
sure gas–liquid two-phase flow characteristics. There are a few sustainable nondestruc-
tive techniques such as electrical capacitance [1], electromagnetic [2], ultrasonic [3], and
gamma [4]/X-ray [5]/neutron [6] radiation attenuation to determine the mentioned pa-
rameters in two-phase flows.

In the last few decades, numerous researchers have conducted different investigations
on measuring characteristics of two-phase flows using X-ray radiation. In 1969, G.F. Hewitt
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and D.N. Roberts used an X-ray tube with voltage of 100 kV and conventional X-ray
radiography film to investigate flow patterns in a vertical upwards flow of air–water
mixtures [7]. In 1975, O. Jone and N. Zuber used a Phillips Norelco X-ray system with
tube voltage of 50 kV to investigate various flow patterns of slug, bubbly, and annular in
an air–water two-phase flow inside a rectangular channel [8]. In 1999, G.D. Harvel et al.
developed a high-speed X-ray CT system for measuring the GVP distribution for bubbly
and slug flow patterns inside a vertical pipe [9]. Their system consisted of an X-ray tube
with a tube voltage of 70 kV located in front of an array of CdWO4 scintillator detectors.
In 2010, F. Fischer and U. Hampel proposed a fast response system with frame rates of
1000 images per second for determining gas–water two-phase flows [10]. Their system
included an X-ray tube and 240 CZT detectors positioned in a circular array. In 2018, Song
and Liu established a compact X-ray system including an X-ray tube with tube voltage
of 50 kV and an array of detector for determining GVF and liquid phase’s velocity in a
slug and bubbly two-phase flow [11]. In 2020, M. Roshani et al. proposed an intelligent
approach using an X-ray tube with a tube voltage of 150 kV and an artificial neural network
(ANN) to predict GVF in stratified and annular flow regimes of a gas–liquid two-phase
flow [12]. They also used the same system in another separate study in order to determine
type of flow regime in a two-phase flow [13]. In recent years, a large number of studies
have been also performed on X-ray imaging of two-phase flows. S.A. Mäkiharju et al.
proposed a two-dimensional X-ray system with an imaging rate of 1 kHz to determine the
void fraction distribution in gas–liquid two-phase flows [14]. Their results showed that
the proposed system has a good precision for void fractions above 5%. A. Tekawade et al.
developed an in situ 3D synchrotron X-ray visualization system to image the two-phase
flow inside a diesel injection nozzle [15]. Heindel presented a review of the current status
of X-ray multiphase flow visualization methods [16].

As described in the literature review, in all the previous studies, a fixed value of tube
voltage was used for investigating gas–liquid two-phase flows, while energy of emitted
X-ray radiations that depend on the tube voltage can affect measurement precision of
the system. In other words, once energy of X-ray radiations are less than an optimum
value, they cannot penetrate well through the pipe and flow, which consequently causes
reduction in measurement precision of the system. On the other hand, once the energy of
X-ray radiations is higher than an optimum value, the contrast between the gas and liquid
phase is decreased, which again leads to the system’s measurement precision reduction.
The purpose of the present study is finding an optimum tube voltage in order to increase
the measurement precision and efficiency of the X-ray radiation based two-phase flow
meters. Details of the proposed system and optimization procedure are described in the
following sections.

2. Materials and Method
2.1. Detection System

The investigations in the present study were performed using Monte Carlo N-Particle
code (MCNPX). MCNPX code can be implemented as a powerful tool for simulating and
transporting various radiations such as electrons, photons, and neutrons, etc. [17]. In has
been widely used for modeling various radiation-based instruments [18–24]. As depicted
in in Figure 1, the main components of the modeled detection system are one common
commercial X-ray source and one sodium iodide detector. An electron source was defined
inside the vacuum chamber of tube as the electron filament. A tungsten slab with an
orientation of 20◦ was located inside the tube and in front of the electron source. The
energy of emitted electrons from the source was changed from 125 to 300 keV with a step of
25 keV to investigate the optimum tube voltage for X-ray radiation-based two-phase flow
meters. The reason of choosing 125 keV for the lower energy limit is that the generated
X-rays with energies lower than this limit cannot penetrate well through the steel pipe and
therefore would not be useful to be investigated in this study. It must be noted that, in all
the simulations, the maximum allowed number of particles (NPS) in the MCNPX code,



Sustainability 2021, 13, 13622 3 of 15

2.1 billion, was used for the photon source. Using the mentioned NPS, for tube voltages in
the range of 125 kV or more, a statistical error of less than 1% was achieved, which means
that the obtained results are trustable [17]. For tube voltage of 100 kV or less, the obtained
statistical error was about 40% or more, which means that there was too much attenuation
for X-ray radiations (in other words, there was not enough penetration) and consequently
enough photons did not reach the detector.
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Figure 1. Main components of the modeled detection system.

Additionally, the reason for choosing 300 keV as the upper limit is that the maximum
voltage of the commercial industrial X-ray tubes does not go higher than 300 kV. It is worth
mentioning that the energy of emitted electrons from the filament is almost the same as the
X-ray tube voltage. In fact, the emitted electrons from the filament are accelerated inside
the vacuum chamber under a high electrical potential difference and then smashed into the
tungsten target. Approximately one percent of the electron’s energy is radiated as X-rays
and comes out from the tube’s window. The rest of energy is converted to heat through
the target.

The generated X-ray radiations form a spectrum energy with a maximum value equal
to the tube voltage. The energy spectra of generated X-rays in this study for tube voltages
of 125, 150, 175, 200, 225, 250, 275, and 300 kV are shown in Figure 2. For the sake of a
better comparison, every energy spectrum was normalized to its sum of intensity. L-shell
(with energy of 8.5 keV) and K-shell (2 peaks with energies of 59.5 and 67.5 keV) X-ray
characteristic peaks of tungsten are clearly seen in Figure 2 for all the tube voltages. It can
be also seen that, by increasing the tube voltage, the intensity ratio of two K-shell peaks to
the L-shell peak is increased.
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and 300 kV.

A steel pipe with an inner diameter of 3 inches, which is a typical size in the petroleum
industry, was considered in the simulations. The thickness of mentioned pipe is 0.5 cm.
A liquid–gas two-phase flow with annular pattern was also modeled inside the pipe. Air
and gasoil with densities of 1.25 and 826 kg/m3 were used as the gas and liquid phases,
respectively. The following mathematical equation was used for modeling various gas
volume percentages inside the pipe:

GVP (%) =
πrg

2

πrp2 × 100 =
rg

2

rp2 × 100 (1)

where rp, rg, and GVP are inner radius of the steel pipe, radius of the gas phase in core of
the pipe, and GVP is the gas volume percentage, respectively. rp is a fixed parameter in
all the simulations. For every specified GVP, the gas phase’s radius was calculated using
Equation (1). For each tube voltage, different GVPs in the range of 10–90% with a step of
5% were modeled (17 totally, 136 simulations).

2.2. X-ray Tube Voltage Optimization Procedure

In order to optimize the voltage of the X-ray tube, several voltages were considered
and simulated using MCNP-X code. Voltages 125, 150, 175, 200, 225, 250, 275, and 300 were
considered the X-ray tube voltage and, in every voltage, several simulations in different
volume fractions were performed. In fact, in every voltage, the gas volume fraction varied
from 10 to 90 by steps of five. These volumes were considered as the GVPs of a typical
annular two-phase flow. In every case (every voltage and every GVP), the output spectrum
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of NaI (Tl) detector was obtained and, accordingly, all of the required data were generated.
In order to achieve the efficiency of the presented system in different voltages, the radial
basis function neural network (RBFNN), which uses matrix inverse, was selected. RBFNN
is a useful type of ANN. RBF can be used to approximate functions [25]. Equations (2)–(4)
show the algorithm of a typical RBFNN [25].

output = ∑(weight× input) + bias (2)

ym = e
(− ‖x−vm‖2

2σm2 )
(3)

zj =
M

∑
m=1

umjym + bj (4)

where x is the feature vector, v is the center position, σ is the spread, zj is the output
prediction from the jth node of the output layer, umj is weights, and bj is bias. It is worth
mentioning that, in the past few decades, various advanced computational approaches,
e.g., finite element, numerical linear algebra, statistics, numerical analysis, tensor analysis,
and artificial intelligence, have been applied in various fields of study such as chemical
engineering [26–29], electrical and computer engineering [30–37], civil engineering [38–40],
mechanical engineering [41–55], petroleum engineering [56–69], environmental engineer-
ing [70,71], biomedical engineering [72–76], mathematics [77–83], etc.

The output signal (detector output spectrum) in each case was divided into several
features. In fact, the continuous spectrum was transformed to discrete inputs for the train-
ing of the neural network. In this regard, each 1 keV was considered as one feature so the
output spectrum in tube voltage of 125 and 275 kV was converted to 125 and 275 features,
respectively. These features are extracted from the output signals and applied to the
RBFNN for measuring the GVP.

For instance, the output signals related to 10% GVP and 125 kV of tube voltage with
the energy of 0 to 125 keV were divided into 125 equal sections, and these sections were
applied to RBFNN. This feature extraction method and applying procedure for a typical
sample (10% GVP and 125 kV tube voltage) is shown in Figure 3.

RBFNN with different number of neurons in the hidden layer was used to measure
the GVP of the considered annular two-phase flow. This kind of network can recognize
the properties of complex and nonlinear systems such as multi-phase flows. For solving
this problem, MATLAB software (version 8.1.0.604, MathWorks: Natick, MA, USA) was
used to train the networks. A total of 70% were used for training, and the rest of them were
used for testing. In fact, 96 samples were used for training the networks. For designing
the architectures, the mean squared error goal and spread of radial basis functions were
considered 0 and 1, respectively. Additionally, every X-ray tube voltage was tested in every
possible neuron number in the hidden layer. In the coding, the “newrb” command was
used. This command adds neurons to the hidden layer of the network until it meets the
specified mean squared error goal.

3. Results and Discussion

As an example, recorded X-ray energy spectra in the detector for tube voltage of
150 kV and gas volume percentages in the range of 10–90% are depicted in Figure 4. This
figure indicates that almost all the X-ray radiations with energy lower than 70 keV were
fully absorbed inside the pipe. This figure also shows a regular incremental manner in the
intensity of X-ray spectra once the gas volume percentage is increased.
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Comparison of recorded spectra in the detector once the gas volume percentage is
kept fixed at a value of 80% and the tube voltage is increased from 125 to 300 kV are shown
in Figure 5. As it is observed, although the intensity of X-ray spectra are increased by
increasing the tube voltage, the intensity difference between two successive tube voltages
is reduced.
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percentages in the range of 10–90%.
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Figure 5. Recorded spectra in the detector once the gas volume percentage is kept fixed at a value of
80%, and the tube voltage is increased from 125 to 300 kV.

The mean absolute error (MAE) and mean relative error percentage (MRE %) were
used to compare different X-ray tube voltages efficiency and find the optimized condition.
These errors are calculated as follows:

MAE =
1
N

N

∑
i=1
|Xi(Real)− Xi(Measuring)| (5)
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MRE% = 100× 1
N

N

∑
i=1

∣∣∣∣Xi(Real)− Xi(Measuring)
Xi(Real)

∣∣∣∣ (6)

where N is the number of data and ‘X (Real)’ and ‘X (Measuring)’ apply for simulated data
and measured data, respectively. The measured data has been obtained by ray-tracing and
applying it to the presented neural networks and is considered a measured output. This
value should be near the desired output, which has been considered as the real output.
Therefore, the low difference between these two parameters shows the precision of the
presented method. The results of obtaining GVP in an annular two-phase flow for different
X-ray tube voltages and different number of neurons in hidden layer of considered RBFNN
were tabulated in Table 1. In this table, MAE and MRE of both train and test sets were
shown. It is clear that, by increasing the number of neurons in the hidden layer in each
voltage, the MAE train and MRE train will be decreased. In the cases with very low train
errors and considerable test errors, the measuring system has been encountered with an
overfitting problem. In fact, a structure with minimum MAE test and MRE test and also
lower MAE train and MRE train is the best structure, and its voltage is the optimum point.

Table 1. The achieved results of obtaining GVP in an annular two-phase flow for different X-ray tube voltages and different
number of neurons in the hidden layer of RBFNN.

Tube Voltage 1 Neuron 2 Neurons 3 Neurons 4 Neurons 5 Neurons 6 Neurons 7 Neurons 8 Neurons 9 Neurons 10 Neurons

125

MAE train 5.106 0.21 0.114 0.105 0.102 0.102 0.084 0.04 0.036 0.03
MRE train (%) 15.562 0.815 0.47 0.443 0.424 0.424 0.245 0.112 0.098 0.087

MAE test 3.852 0.148 0.096 0.132 0.144 0.145 0.111 0.088 0.087 0.074
MRE test (%) 8.022 0.398 0.151 0.239 0.275 0.279 0.291 0.28 0.272 0.228

150

MAE train 5.223 0.146 0.143 0.085 0.068 0.045 0.032 0.014 0.007 0.002
MRE train (%) 15.977 0.657 0.624 0.44 0.338 0.142 0.069 0.036 0.021 0.006

MAE test 3.958 0.107 0.093 0.108 0.203 0.113 0.09 0.118 0.181 0.156
MRE test (%) 8.212 0.341 0.266 0.272 0.459 0.253 0.221 0.283 0.447 0.381

175

MAE train 5.316 0.163 0.158 0.157 0.075 0.069 0.049 0.027 0.02 0.002
MRE train (%) 16.302 0.708 0.651 0.659 0.226 0.219 0.176 0.069 0.053 0.005

MAE test 4.006 0.113 0.115 0.104 0.079 0.088 0.129 0.103 0.213 0.166
MRE test (%) 8.313 0.331 0.368 0.343 0.223 0.259 0.35 0.291 0.571 0.44

200

MAE train 5.403 0.179 0.107 0.062 0.044 0.025 0.017 0.01 0.01 0.004
MRE train (%) 16.585 0.729 0.386 0.306 0.133 0.07 0.053 0.033 0.033 0.009

MAE test 4.075 0.111 0.148 0.16 0.095 0.094 0.103 0.102 0.105 0.074
MRE test (%) 8.426 0.342 0.379 0.43 0.24 0.22 0.237 0.243 0.249 0.174

225

MAE train 5.458 0.165 0.156 0.138 0.04 0.041 0.034 0.019 0.005 0.002
MRE train (%) 16.769 0.733 0.672 0.639 0.16 0.153 0.118 0.057 0.011 0.006

MAE test 4.113 0.121 0.107 0.116 0.099 0.078 0.054 0.13 0.053 0.05
MRE test (%) 8.498 0.359 0.305 0.33 0.232 0.204 0.154 0.286 0.149 0.14

250

MAE train 5.52 0.154 0.142 0.052 0.053 0.035 0.026 0.015 0.006 0.006
MRE train (%) 16.95 0.684 0.625 0.15 0.152 0.121 0.1 0.048 0.014 0.015

MAE test 4.16 0.115 0.097 0.062 0.061 0.072 0.081 0.082 0.081 0.083
MRE test (%) 8.54 0.359 0.335 0.178 0.174 0.192 0.219 0.219 0.203 0.206

275

MAE train 5.59 0.163 0.122 0.071 0.059 0.035 0.025 0.023 0.017 0.009
MRE train (%) 17.158 0.691 0.487 0.248 0.185 0.082 0.064 0.059 0.044 0.016

MAE test 4.194 0.14 0.133 0.081 0.069 0.075 0.115 0.105 0.091 0.101
MRE test (%) 8.608 0.413 0.393 0.211 0.16 0.158 0.287 0.254 0.19 0.229

300

MAE train 5.637 0.18 0.151 0.114 0.094 0.07 0.039 0.021 0.009 0.007
MRE train (%) 17.347 0.755 0.59 0.517 0.313 0.172 0.097 0.043 0.03 0.0262

MAE test 4.224 0.159 0.15 0.15 0.08 0.15 0.066 0.076 0.064 0.107
MRE test (%) 8.66 0.462 0.407 0.42 0.21 0.317 0.139 0.159 0.133 0.224

Two contour graphs for showing both test errors for each case are shown in Figure 6.
Additionally, a 3D plot that shows the precision (=100 −MAE) of each case is illustrated
in Figure 7.

As it can be found from Table 1 and Figures 6 and 7, the optimum tube voltage is
225 kV. The top three cases were achieved in this voltage. The best case is 225 kV of X-ray
tube voltage and 10 neurons in the hidden layer.

The obtained results for GVP measuring in optimum condition (225 kV and 10 neurons)
using RBFNN, and the comparisons with the real data are shown for training and testing
sets in Figures 8 and 9. Comparing the real data as the target and the measured data as the
output, in a regression diagram that shows the relationship between targets and outputs,
obtained RMSE errors for every case, and a histogram of obtained errors that shows the
distribution of errors have been demonstrated in Figures 8a, 9a and 8b, Figures 9b and 8c,
Figures 9c and 8d, Figure 9d, respectively. These graphs show the very high precision of
the metering system in the optimum condition.
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Figure 8. Regression diagram and comparison of real and measured data for train data in the
optimum voltage: (a) comparison of real and measured data, (b) regression diagram, (c) obtained
RMSE error, and (d) histogram of obtained error.
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Figure 9. Regression diagram and comparison of real and measured data for test data in the optimum
voltage: (a) comparison of real and measured data, (b) regression diagram, (c) obtained RMSE error,
and (d) histogram of obtained error.

Usage of the X-Ray tube with a switch off/on as radiation source in flow meters has
many advantages. It is safer than other systems and also can save money. To the best
knowledge of the authors, there is no study in order to optimize the X-ray tube voltage
in flow metering for improving the precision and efficiency. As can be seen in the Results
section, a tube voltage of 225 kV is the optimum voltage for the X-ray tube and, in this
condition, the precision of the metering system is more than higher and lower voltages.

4. Conclusions

In this paper, the voltage of the X-ray tube was optimized in order to increase the
precision and efficiency of the X-ray radiation-based flow meters. This optimization study
was performed in an annular two-phase flow. All the essential data in different tube
voltages was obtained using MCNP-X code. Using MATLAB 8.1.0.604 software, a feature
extraction method was performed on the output signals of the detector in every case, and
the obtained matrixes were applied to the designed RBFNNs. The desired output of the
networks was GVP. The precision of the networks in every voltage and every number of
neurons in the hidden layer were obtained. The results show that 225 kV tube voltage is
the optimum voltage for this purpose. The obtained MAE error for this case is less than
0.05, which shows the very high precision of the metering system with an optimum X-ray
tube voltage.
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53. Zych, M.; Petryka, L.; Kępiński, J.; Hanus, R.; Bujak, T.; Puskarczyk, E. Radioisotope investigations of compound two-phase flows
in an open channel. Flow Meas. Instrum. 2014, 35, 11–15. [CrossRef]

54. Sattari, M.A.; Roshani, G.H.; Hanus, R.; Nazemi, E. Applicability of time-domain feature extraction methods and artificial
intelligence in two-phase flow meters based on gamma-ray absorption technique. Measurement 2021, 168, 108474. [CrossRef]
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