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Abstract: Accurate measurement of volume fractions (VF) in multiphase flows is often challenged by the presence of
scale layer deposits on the internal pipe walls. This study presents a robust, non-invasive intelligent metering system
designed for the simultaneous estimation of scale thickness and VFs of oil, water, and gas phases. The methodology
integrates  data  from  two  distinct  sensing  modalities:  a  twin  rectangular  fork-like  capacitive  sensor,  simulated  using
COMSOL Multiphysics, and gamma-ray attenuation (Co-60 source) calculated via the Beer-Lambert law. To process this
hybrid  dataset,  various  Multilayer  Perceptron  (MLP)  neural  network  architectures  were  developed  and  optimized  in
MATLAB. The proposed model achieves high precision, predicting the VFs of gas, water, and oil with Mean Absolute
Errors  (MAE) of 0.027,  0.032,  and  0.033, respectively.  Furthermore,  the  scale  layer  thickness  was  estimated  with  a
remarkable MAE of 0.244 mm. These numerical results confirm the efficiency of the proposed sensor fusion technique
in mitigating the adverse effects of scale on measurement accuracy, offering a significant advancement for real-time
monitoring in the petroleum industry.
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1. Introduction 
Flow measurement is very important in many industries. 
One key task is measuring Volume Fraction (VF) in 
multiphase flows like oil, water, and gas pipelines [1]. 
Flow measurement methods are generally divided into 
two types: traditional and non-invasive. Traditional tools 
such as sampling tubes, vibrating densitometers, and 
turbine meters have complex structures, slow response, 
and often require stopping or separating the flow, which 
reduces efficiency [2]. Non-invasive methods solve many 
of these problems. They work without direct contact or 
separating materials inside the pipe and can operate in 
different environments. Examples include capacitance 
sensors and gamma-ray attenuation sensors [3]. 
Capacitance-based sensors are widely used in multiphase 
flow measurement, especially in oil and gas industries 
where flow monitoring is complex [4]. For example, 
Electrical Capacitance Volume Tomography (ECVT) was 
used in subsea pipelines to measure mass flow rate, 
velocity, and volume fraction of oil, gas, and water [5]. A 
planar array sensor was introduced for fast imaging of 

multiphase flow and surface-mounted use [6]. Gamma-
ray methods have also been studied for non-destructive 
oil-water flow measurement and optimization [7]. 
Recently, Artificial Neural Networks (ANN), machine 
learning, and deep learning have become important for 
analyzing sensor data [8]. ANN was used to predict void 
fraction in air-water flow using capacitance sensor data 
[9]. Other studies used capacitive sensors, photon 
attenuation sensors, and MLP networks to measure gas-
oil-water proportions with good accuracy [3, 10-11]. 
Scale buildup in oil and gas pipelines is a major problem 
because it reduces measurement accuracy. Researchers 
have used gamma-ray absorption, pressure sensors, 
capacitance, and impedance methods to monitor flow and 
scale [12]. Ultrasonic flow meters, Electrical Capacitance 
Tomography (ECT), and laser profilometry are also used 
to measure scale thickness [13]. Gamma radiation is 
effective because it penetrates pipe walls and measures 
density and scale thickness accurately, even in high-
pressure conditions [14]. Combining gamma-ray 
techniques with AI has improved scale prediction and 
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measurement accuracy [15-19]. In this paper, a new 
metering system is proposed. It combines a photon 
attenuation sensor, a capacitance sensor, and an AI-based 
model. The system predicts oil-water-gas volume 
fractions and scale thickness at the same time. The method 
achieves high accuracy with low MAE. The novelty of the 
proposed measurement technique lies in its capability for 
the simultaneous determination of volume fractions (VFs) 
and scale thickness. This issue is particularly important in 
industries where three-phase mixtures (gas, water, and 
oil) are common, such as offshore oil and gas production. 
In these environments, the phase composition changes 
continuously due to flow fluctuations and varying oil-to-
water ratios. These dynamics lead to significant 
measurement errors when using conventional 
capacitance-based or conductivity-dependent methods. 
Therefore, developing a composition-independent 
measurement technique directly contributes to improving 
flow monitoring accuracy and operational safety in these 
applications. Although previous studies have primarily 
reported measurement methods and ANN-assisted 
estimation models that focus on either volume fractions or 
scale thickness independently, a significant gap remains 
in the simultaneous characterization of these parameters. 
The present study addresses this limitation by proposing 
a measurement approach capable of the concurrent 
estimation of all volume fractions and scale thickness. 
Using single non-invasive sensors integrated with an 
optimized ANN model, this work provides a more 
comprehensive monitoring solution for complex 
industrial multiphase flows. The next sections describe 
the sensors, ANN models and settings, results, and 
conclusions. The novelty of this work is not based on the 
use of COMSOL simulations, since simulation-assisted 
sensor development is already well established in the 
literature. Rather, the contribution lies in the proposed 
measurement strategy, which combines an optimized 
capacitance sensor, a properly selected Co-60 gamma-ray 
source, and an ANN framework to simultaneously 
estimate three phase volume fractions and scale thickness 
using a minimal hardware configuration. 
2. Employing two distinct sensors to generate data 

for the network 

The main focus of this investigation is measuring VFs 
of an oil-water-gas mixed fluid along with the scale 
thickness inside the pipeline. To achieve this goal, an 
MLP ANN will be utilized. This model needs inputs to 
measure desired parameters. Hence, appropriate sensor(s) 
must be used to generate enough data for it. The chosen 
sensor has to be non-destructive because another aim of 
this study is measuring parameters without interrupting 
the process or separating phases. To opt for selecting the 
best sensor, the ones that are suitable for measuring 
volume fractions of multiphase fluids must be selected. 
Among all existing sensors, two types of them are widely-
used in the mentioned subject, capacitance-based and 

gamma-ray attenuation sensors. This is because of their 
high level of accuracy, accessibility and installation being 
not complex. Since the investigated fluid is a multiphase 
type, based on [3], just using one of these sensors cannot 
measure all volume fractions. Hence, both of them are 
utilized with the aim of measuring volume fractions along 
with the thickness of scale. This approach can be found in 
literature but the main novelty of this paper is measuring 
VFs of all phases and scale thickness, simultaneously and 
accurately. Therefore, the Twin Rectangular Fork-Like 
Capacitance (TRFLC) sensor presented in [20] and a 
photon attenuation sensor with Co-60 in its source side are 
utilized to reach the goals of this study. Capacitance-
based sensors operate by measuring changes in 
capacitance, which occurs when the material between two 
electrodes (known as the dielectric) changes. In 
applications like pipeline monitoring, the dielectric is the 
material being present inside the pipe. Changing in the 
material, such as its relative permittivity, will affect the 
sensor's capacitance. This means that the dielectric 
characteristics of the materials inside the pipe highly 
affect the capacitive sensors, with the most prominent 
impact coming from changes in relative permittivity. 
Capacitance sensors offer several advantages, such as low 
cost, simple design, fast response, and non-invasive 
installation. The relationship between the sensor’s 
capacitance (C) and the dielectric properties of the 
material is described in equation (1) where 𝜀௥ is the 

relative permittivity, 𝜀଴, being around 8.854 x 10ିଵଶ ி

௠
, is 

the free space permittivity, 𝐴 is the area of overlap 
between the electrodes, and 𝐷 is the distance between 
them [6]. This equation shows that capacitance is directly 
proportional to the relative permittivity of the material, 
highlighting the sensor’s sensitivity to changes in the 
dielectric characteristics of the fluid.  

         c = 
ఌೝఌబ஺

஽
                          (1) 

To generate data for the modeled network, the TRFLC 
sensor is simulated in a widely-used software. TRFLC 
geometry is selected because it has a better sensitivity in 
comparison with other types of capacitance-based 
sensors, such as concave and ring. One of key steps before 
generating data is validating the software that the sensor 
is supposed to be simulated in its environment. There are 
a number of published papers that have investigated the 
validity of generated data by COMSOL Multiphysics 
software [9]. In these studies, experimental-oriented 
investigations have been done by making static models 
and comparing experimental results with that of the 
aforementioned software. According to their findings, 
there were close trends between simulated and 
manufactured models’ outputs proving the software 
validity. Hence, in this paper, the COMSOL Multiphysics 
software is utilized with the aim of designing and 
simulating the TRFLC sensor being a capacitance-based 
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sensor. The created sensor and its components, ranging 
from pipe to fluid, are illustrated in Fig. 1(a). The pipe’s 
thickness, the fluid’s radius, and pipe’s interior radius are 
shown as T1, R1, and R2 in Fig. 1(b), respectively. While 
the pipe’s thickness is equal to 0.6 cm the radius of fluid 
and scale thickness are completely dependent to each 
other. For instance, when there is a 0.3 cm of scale, the 
fluid’s radius is equal to 2.3 cm because the pipe’s interior 
radius is equal to 2.6 cm. Since the considered range to 
investigate scale thickness is from 0 cm to 1 cm, various 
states of scale thickness, with step of 0.1 cm are 
considered. Side and back view of the simulated sensor 
are presented in Fig. 1(c) and Fig. 1(d), respectively. In 
these figures, the length of the pipe (L1) is equal to 18 cm. 
Moreover, L2, L3 and G1 are equal to 10.5 cm, 1 cm and 
0.5 cm, correspondingly. This means the length of each 
electrode is equal to 12 cm. 

 
 FIGURE 1. DESIGNED TRFLC SENSOR, (A) 3D VIEW, (B) 

DIFFERENT RADIUSES, (C) SENSOR’S SIDE VIEW, AND (C) SENSOR’S 

BACK VIEW. 

To evaluate data obtained from the software, an 
experimental setup was made. This way, the performance 
of the used sensor in the real world can be evaluated, too. 
To implement a water-gas homogeneous fluid in the made 
setup, several yellow straws, made from plastic with a 
thickness of 0.5 mm, was placed inside a glass pipe with 
a radius of 3.2 cm. The length of this pipe was 20 cm. 
Also, the geometry of the sensor was applied on the 
surface of the pipe with a copper plate which its thickness 
was 0.6 cm. All measurements were done by an LCR 
meter (its model: GPS-3135C) which can measure 
capacities from 0.00001 pF and 9999.99 mF. The 
frequency range of this device is from 50 Hz to 100 kHz 
with a testing signal revolution equal to 10 mV. The 
settings on the LCR meter were fixed at 2 volts for the 
voltage and 200 kHz for the frequency. The trends of both 
simulated and made sensors were so close together and 
this shows that the simulated results can be used as valid 
datasets. Moreover, to make sure the results were 
consistent regardless of where the materials were placed 
inside the sensor (to check the spatial distribution), the 
tests were repeated several times. Then the position of the 
full straws for each volume fraction was changed. The 
results from these repeated tests showed only a small 
difference, confirming the consistency of the 

measurements. The experimental setup is illustrated in 
Figure 2. The mean relative difference between the 
normalized experimental and simulated data is 1.634%, 
with a maximum deviation of less than 3% across all void 
fractions. This minimal discrepancy clearly demonstrates 
that the simulated and experimental data are in excellent 
agreement, thereby validating the reliability of the 
simulated geometry. Consequently, the simulation model 
has been successfully verified and can be confidently 
utilized for generating new data. 

 
FIGURE 2. Measuring different volume fractions of the made 

experimental sensor. 
Because the relative permittivity of materials like gas 

and oil are so similar, capacitance sensors struggle to 
accurately measure all phases’ VF a multi-phase mixture. 
To address this, utilizing additional sensors, such as 
density-based photon attenuation sensor, can be the 
solution. Gamma-ray sensors are effective tools for 
measuring the density of materials and have been used 
since the 1950s to measure volume fractions in multi-
phase mixtures. These sensors work by detecting how 
much gamma radiation is absorbed or "attenuated" as the 
rays pass through a liquid. In a typical setup, a gamma ray 
is emitted from a source, travels across the pipe, and 
reaches a detector on the other side. The intensity of the 
gamma rays is measured at two points: initially, as the 
rays leave the source (Ix), and after they pass through the 
pipe and fluid to reach the detector (Iy). The sensor 
generates its output by analyzing the variation between 
the two intensity levels, allowing it to infer the material's 
density flowing through the pipe. This method is non-
destructive, and its sensitivity to density makes it a 
reliable option for monitoring various phases in the 
studied mixture. In Fig. 3, positioning of the sensor and 
the pipe and various components of them are illustrated. 
As it is clear, parts 4, 5, and 6 are pipe, homogeneous 
fluid, and scale, respectively. While part 2 shows the 
source (Co-60) of the sensor, part 7 depicts its detector. 
There are two collimators and shields for both source and 
detector sides presented as part 1, and 3, correspondingly.   
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FIGURE 3. POSITIONING OF GAMMA-RAY ATTENUATION SENSOR 

BESIDE THE PIPE. 

The Beer-Lambert law explains how the density of a 
material affects the operation of a photon attenuation 
sensor. Based on it, presented by equation (2), the 
intensity of the gamma rays, passing through a material, 
decreases depending on the material’s density and 
thickness. The energy of the ray emitted from the source 
is represented by Ix, while Iy is the energy received by the 
detector. The absorption coefficient (η), the density (ρ) of 
the material, and the thickness of the material (L) all 
influence this attenuation. By incorporating linear 
attenuation coefficients (µ) presented in [21], Iy/Ix 
intensities can be calculated, which provides a measure of 
how much radiation is absorbed by the material. VFs of 
each phase, denoted as α, β, and γ for gas, water, and oil, 
respectively, are used to calculate the final result. This 
equation allows gamma-ray sensors to determine the 
density and composition of multi-phase fluids in 
pipelines. This way, the second input for the modeled 
network is provided. 

𝐿𝑛(
ூ೤

ூೣ
) = −[𝛼𝜇(𝐸)௢௜௟ + 𝛽𝜇(𝐸)௪௔௧௘௥ + 𝛾𝜇(𝐸)௚௔௦] × 𝐿             (2) 

This study uses Cobalt-60, a gamma-ray source with 
high penetration power and a long half-life, emitting 
radiation at two energies: 1.17 MeV and 1.33 MeV, which 
are well-suited for penetrating materials in pipelines. For 
the scale measurement, the material BaSO4 (with a 
relative permittivity of 11.4 and density of 4.48 g/cm³) is 
used. Moreover, relative permittivity of gas is 1, relative 
permittivity of water is 81, and relative permittivity of oil 
is 2.2. Also, density of gas, water and oil is 0.001 g/cm3, 
1 g/cm3, 0.9 g/cm3, respectively [3]. The focus is 
measuring all three volume fractions along with scale 
thickness of a three-phase flow where the proportions of 
each phase are varied from 0% to 100%, with 10% 
intervals, and the scale thickness is varied from 0 cm to 1 
cm, in 0.1 cm intervals. 

3. Utilizing an MLP ANN with the aim of predicting 
parameters 

ANNs standing for are extensively applied in various 
domains, including signal processing and pattern 
recognition because they can model complex 
relationships between variables. In this research, ANNs 
are used because they are great at handling nonlinear 
relationships, which are common in multiphase flows 
measurements. Multiphase systems are inherently 
dynamic in nature, and the measurements obtained from 
capacitance and gamma-ray sensors frequently 
demonstrate complex, nonlinear relationships as well as 
strong interdependencies between variables, making their 
analysis and interpretation more challenging. ANNs can 
learn these complex patterns from data, making them 
useful for understanding these types of systems. Among 
different types of ANNs, the Multi-Layer Perceptron 
(MLP) is especially popular for volume and scale 
measurements due to its flexibility and ability to handle 
nonlinear functions [22]. MLPs can approximate 
continuous functions well, making them suitable for 
unpredictable systems. Unlike other models such as 
Gaussian Process Regression (GPR), which can be slow 
with large datasets, MLPs can take advantage of powerful 
hardware like GPUs, speeding up the training process 
[23]. In this study, to measure volume fractions along with 
the scale layer’s thickness inside a channel conveying a 
mixed fluid, an MLP ANN is employed. The MLP 
network consists of various layers containing input, 
hidden, and output layers, with neurons in each layer 
using activation functions like Sigmoid, Tansig, or Linear. 
During training, the network adjusts its weights and biases 
to minimize the error. The learning rate, which controls 
how quickly the network adjusts, is set to 0.01 after testing 
different values. The Levenberg-Marquardt (LM) 
algorithm [24] and [25], known for combining Gauss-
Newton and Gradient Descent methods, is used to 
optimize the network and speed up convergence. This 
makes it a good choice for complex problems like 
multiphase flow measurement. After gathering data from 
the simulated sensor in COMSOL Multiphysics software 
and the calculated gamma rays by using Beer-Lambert 
equations, they were normalized before giving to the MLP 
ANN. The network’s performance was optimized by 
adjusting hyperparameters like the number of hidden 
layers, activation functions, neurons in each layer, and so 
on. Eventually, the proposed network possessing lowest 
error was selected for this study. The finalized network 
architecture incorporated two input features: one derived 
from capacitance measurements obtained through 
COMSOL simulations, and the other based on Beer-
Lambert law calculations using Cobalt-60 gamma 
radiation. The proportions of each phase (gas, water, and 
oil) were varied from 0% to 100%, in 10% increments, 
and the scale thickness ranged from 0 cm to 1 cm, with 
0.1 cm steps. This resulted in a total of 726 calculations 

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication.



5 
 

and simulations. The dataset was randomly partitioned, 
allocating 70% (520 samples) for training purposes, while 
the remaining 30% (206 samples) were reserved for 
testing. The network consisted of two hidden layers, with 
18 neurons in the first layer and 16 neurons in the second. 
The hidden layers employed the Tansig activation 
function, as defined in equation (3), whereas the input and 
output layers utilized the Purelin activation function, 
described in equation (4). The Tansig activation function 
was used in the hidden layers to capture nonlinear 
relationships, while the Purelin function in the output 
layer allows continuous output variation, which is 
appropriate for regression-based estimation of void 
fraction. The network had four outputs and was trained for 
3000 epochs to minimize MAE.  
𝑇𝑎𝑛𝑠𝑖𝑔(𝑛) =

ଶ

ଵା௘షమ೙
− 1                                                  (3) 

𝑃𝑢𝑟𝑒𝑙𝑖𝑛(𝑛) = 𝑛                    (4) 

4. Investigating in outcomes obtained from the 
proposed ANN 

In this part, network’s outputs regarding train and test 
sets of all four outputs, volume fractions of gas, water, and 
oil along with scale thickness, are presented. As 
mentioned before, measuring all three volume fractions 
and the scale layer’s thickness are main goals of this 
study. To do this mission, TRFLC sensor was simulated 
in COMSOL software and gamma rays were calculated 
by related equations to generate two distinct groups of 
data. By these inputs, models were trained and tested with 
various hyperparameters for a number of times to reach 
the best network. The best MLP ANN had training set’s 
MAE equal to 0.112, 0.026, 0.024, and 0.022 for scale 
thickness, VF of gas, VF of water, and VF of oil, 
respectively. With the same order, the network achieved 
testing set’s MAE equal to 0.244, 0.027, 0.32, and 0.033. 
As it is clear, all four outcomes achieve very low amount 
of error for their both train and test data sets. This 
highlights the ability of this approach in estimating VFs 
of a gas-water-oil blended flow along with measuring the 
thickness of scale inside the pipe, accurately. Moreover, 
the proposed network has predicted all outputs without 
getting involved with overfitting or underfitting. As 
mentioned before, the first step was designing and 
simulating TRFLC sensor in the validated software, 
COMSOL. Simultaneously, detected Co-60 were counted 
by Beer-Lambert equations. This way both data groups 
were generated. In the following, both groups were 
accumulated and then normalized. The latter step was for 
putting all data in a constant range, for example, from 0 to 
1. The next step was followed by dividing data between 
train and test sets, randomly. After checking a number of 
networks with different hyperparameters, the best 
network was selected possessing very low MAE for all 
four outputs. Finally, all outputs were displayed. 

Regarding the ANN details, a total dataset of 726 samples 
was generated by changing the gas, water, and oil volume 
fractions from 0% to 100% in 10% steps, and the scale 
thickness from 0 cm to 1 cm in 0.1 cm steps. Before 
training, all data obtained from the COMSOL simulations 
and the Beer-Lambert equations were normalized 
between 0 and 1 to ensure consistent learning. A Multi-
Layer Perceptron network was used, consisting of an 
input layer with 2 features (capacitance data and gamma-
ray intensity), two hidden layers with 18 neurons in the 
first layer and 16 neurons in the second layer, and an 
output layer with 4 nodes to predict all targets 
simultaneously (Scale thickness, Gas's VF, Water's VF, 
and Oil's VF). The Tansig activation function was used 
for the hidden layers, and the Purelin function was applied 
to the output layer. The Tansig activation function was 
used in the hidden layers to capture nonlinear 
relationships, while the Purelin function in the output 
layer allows continuous output variation, which is 
appropriate for regression-based estimation of void 
fraction. The network was trained for 3000 epochs using 
the Levenberg-Marquardt optimization algorithm with a 
learning rate of 0.01 for fast convergence. To prevent 
overfitting, the dataset was randomly split into 70% (520 
samples) for training and 30% (206 samples) for testing, 
and the training error was closely tracked by the testing 
error, which proves good generalization. Finally, the 
model's accuracy was evaluated using three standard 
metrics: Mean Absolute Error, Mean Squared Error, and 
Root Mean Squared Error, which are detailed in Section 
4.1 and shown in Fig. 4.  The equilibrium between 
training and testing errors demonstrates that the network 
generalizes effectively to unseen data and is not affected 
by underfitting. 

4.1 Error analyzing 

In Fig. 4, the performance of the network is evaluated 
using three widely used error metrics: MAE by equation 
(5), Mean Squared Error (MSE) by equation (6), and Root 
Mean Squared Error (RMSE) by equation (7). MAE 
provides a straightforward measure of average prediction 
accuracy, reflecting the magnitude of error without giving 
excessive weight to outliers. In contrast, MSE amplifies 
the influence of larger prediction errors, which makes it 
more sensitive to outliers and can highlight larger 
deviations in the model's performance. RMSE, being the 
square root of MSE, provides a metric with the same units 
as the data, making it more interpretable in real-world 
contexts. As can be seen in Fig. 4(a), the proposed 
approach measured volume fractions of gas, water, and oil 
with an MAE equal to 0.027, 0.032, and 0.033, 
respectively. With the same order, their MSE in Fig. 4(b) 
are equal to 0.0013, 0.0024, and 00024 which by 
calculating the roots of them, RMSE, illustrating in Fig. 
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4(c), can be calculated to 0.036, 0.049, and 0.049. Aside 
from reaching very low error for measured volume 
fractions, the presented metering system was completely 
successful in predicting the scale thickness, 
simultaneously. MAE, MSE, and RMSE of scale 
thickness outputs are equal to 0.24, 0.125, and 0.353, 
correspondingly. These results are very low, too. All of 
these errors, obtained from running the proposed network, 
prove the novelty of the presented metering system that 
can to measure volume fractions of a fluid containing gas, 
oil, and water along with estimating the scale layer’s 
thickness. 

𝑀𝐴𝐸 =
ଵ

௡
∑ |𝑋௜ −  𝑌௜|௡

௜ୀଵ               (5) 

  

𝑀𝑆𝐸 =  
ଵ

௡
෌ (𝑋௜ −  𝑌௜)ଶ௡

௜ୀଵ
             (6) 

 

𝑅𝑀𝑆𝐸 =  ට
ଵ

௡
෌ (𝑋௜ −  𝑌௜)ଶ௡

௜ୀଵ
        (7) 

The histogram of prediction errors provides further 
insight into the error distribution of the model. The 
correlation analysis provides valuable insight into the 
relationships between the variables in the dataset. A 
positive correlation indicates that as one variable 
increases, the other tends to increase as well, while a 
negative correlation indicates the opposite. Weak or near-
zero correlations suggest that the variables are 
independent of each other and not share a significant 
linear relationship. For instance, as it is clear in Fig. 5, 
although there is a completely non-linear relationship 
between scale thickness with three other outputs, the 
proposed approach was able to predict all of them with a 
very low error showing the high capacity of utilizing the 
proposed metering system in related industries. 

 

FIGURE 4. OBTAINED OUTPUTS’ ERROR, (A) MAE, (B) MSE, AND (C) 

RMSE. 

 

 

FIGURE 5. CORRELATION AND PERFORMANCE ANALYSIS OF THE 

PROPOSED APPROACH. 

To highlight the novelty and performance the 
proposed metering system, its outcomes and main 
components are compared with that of some similar 
published papers in Table 1. 

 
TABLE 1. COMPARING SOME OF THREE-PHASE-BASED PUBLISHED STUDIES WITH THE CURRENT STUDY. 

Source Gas’s VF
MAE 

Water’s VF
MAE 

Oil’s VF 
MAE 

Scale 
MAE 

Source(s) Detector(s) Sensor(s) 

[3] 0.318 1.531 1.614 --- 1  1 Capacitance + Gamma-ray

                [10] 
 

3.68 0.33 3.75 --- 1  1 Capacitance + Gamma-ray

[11] 1.6 0.29 1.67 --- 1  1 Capacitance + Gamma-ray
[16] 0.321 1.977 2.121 0.029 1  2 Gamma-ray 
[17] --- --- --- 0.01 1 3 Gamma-ray 
[18] --- --- --- 0.07 2 2 Gamma-ray 
[19] --- --- --- 0.46 1 1 Capacitance + Gamma-ray

Current study 0.027 0.032 0.033 0.24 1 1 Capacitance + Gamma-ray
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As demonstrated in Table 1, the proposed metering 
system uniquely combines simultaneous estimation of 
three-phase volume fractions and scale thickness with a 
minimal sensing configuration (one capacitance sensor, 
one gamma-ray source, and one detector), thereby 
offering an improved balance between measurement 
capability, hardware simplicity, and prediction accuracy 
compared with existing approaches. In the comparison 
table, the proposed metering system has been compared 
with 7 similar and new published studies. The 
performance and accuracy of a gamma-ray attenuation 
sensor depend on the number of detectors and sources it 
uses. Adding more detectors and sources generally 
improves measurement accuracy. However, it also 
increases complexity, cost, power consumption, and other 
challenges. Furthermore, using more gamma sources 
raises safety risks and regulatory issues, as handling 
radioactive materials is difficult. In this study, the sensor 
utilized with the minimum number of detectors and 
sources to keep costs low and make it easier to manage. 
While this number of detectors and sources can be found 
in previous studies, the proposed approach possesses 
fewer MAE for all phases along with being able to 
measure scale thickness, too. While [3] reported just the 
VF of water phase of a three-phases fluid [17] and [18] 
just presented the prediction of scale thickness. Although 
they have reported fewer MAE for scale thickness, the 
current study has presented VFs beside scale thickness. 
Also, in [19], authors have employed just one source 
detector and source, but they have just reported the scale 
layer’s thickness with an error of 0.46 which is about two 
times higher than that of current study. The closest 
investigation in the comparison table in [16] which has 
measured all volume fractions and scale thickness, 
simultaneously. While it has predicted scale thickness 
with a MAE of 0.029, being lower than the current 
approach, all of its reported VFs are higher than that of 
the proposed method. Reference [16] achieved an MAE 
of 0.321 for gas phase, 1.977 for water phase, and 2.121 
for oil phase, respectively. These errors are about 12 
times, 62 times, 64 times higher than that of the proposed 
metering system, correspondingly. More efficient 
network’s structure, higher sensitivity of the capacitance-
based sensor, and higher energy of the used gamma ray 
resulted in achieving the proposed metering system which 
obtained results highlight its novelty and great 
performance. The main novelty of this study is the 
simultaneous determination of three-phase volume 
fractions and scale layer thickness. In offshore oil fields, 
fluid proportions change continuously, which causes large 
measurement errors in traditional methods. While past 
studies usually focused on predicting either volume 
fractions or scale thickness separately, this work fills the 
gap by doing both at the same time. By combining simple, 
non-invasive sensors with an optimized ANN model, this 
approach provides a highly accurate and low-cost 

monitoring solution for industrial multiphase flows. In 
this study, the proposed method was successfully tested 
for a homogeneous flow regime in a laboratory setup, 
showing high accuracy. To expand this work in the future, 
the model can be updated to identify other flow regimes, 
such as stratified or annular flows. Also, future studies can 
evaluate the performance of this metering system under 
real industrial conditions with higher pressures and 
continuous flows. The superior performance of the 
proposed metering system originates from the integrated 
optimization of both the sensing hardware and the data-
driven estimation model. Instead of relying on multiple 
radioactive sources or additional detectors to improve 
accuracy, this study combines a high-sensitivity twin 
rectangular fork-like capacitance sensor with a properly 
selected Co-60 gamma-ray source, allowing 
complementary dielectric and density information to be 
extracted using only a single-source/single-detector 
configuration. The optimized MLP network effectively 
exploits these complementary measurements, resulting in 
simultaneous estimation of gas, water, and oil volume 
fractions together with scale thickness while maintaining 
low hardware complexity and radiation exposure. 
Consequently, the proposed method provides an 
improved trade-off among accuracy, cost, implementation 
simplicity, and operational safety compared with existing 
approaches. 

5. Conclusion 

In this study, a novel, non-invasive metering system 
equipped with Artificial Intelligence (AI) has been 
proposed for the simultaneous and precise measurement 
of the volume fractions of oil, gas, and water phases, as 
well as the scale layer thickness in pipelines. The 
proposed system utilized capacitance-based and gamma-
ray attenuation sensors to collect data, which were then 
processed by an MLP ANN. Through rigorous 
simulations and theoretical models, data sets were 
generated using the COMSOL Multiphysics software and 
the Beer-Lambert law, respectively. The ANN was 
trained and tested on these data, with performance 
evaluated across various configurations of network 
parameters. The results obtained from the MLP ANN 
indicate excellent accuracy, with MAE of 0.027, 0.32, and 
0.033 for predicting the VFs of gas, water, and oil phases, 
respectively. Additionally, scale layer thickness 
measurement yielded an MAE of 0.244. These results 
demonstrated that the proposed metering system can 
achieve high-precision measurements of multiple 
parameters in multi-phase flows, which are critical in 
many industrial applications. The integration of AI with 
sensor technologies not only enhanced the accuracy of 
measurement but also presented a promising solution for 
real-time, non-invasive monitoring of complex flow 
conditions. Overall, the proposed system represented a 
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significant advancement in the field of multi-phase flow 
measurement, offering improved accuracy and versatility.  
Data Availability 

The data generated and analyzed in this study are 
available from the corresponding author upon request. 
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