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Abstract: Given that one of the most critical operations in the oil and gas industry is to instantly
determine the volume and type of product passing through the pipelines, in this research, a detection
system for monitoring oil pipelines is proposed. The proposed system works in such a way that the
radiation from the dual-energy source which symmetrically emits radiation, was received by the NaI
detector after passing through the shield window and test pipeline. In the test pipe, four petroleum
products—ethylene glycol, crude oil, gasoil, and gasoline—were simulated in pairs in different
volume fractions. A total of 118 simulations were performed, and their signals were categorized.
Then, feature extraction operations were started to reduce the volume of data, increase accuracy,
increase the learning speed of the neural network, and better interpret the data. Wavelet features
were extracted from the recorded signal and used as GMDH neural network input. The signals of
each test were divided into details and approximation sections and characteristics with the names
STD of A3, D3, D2 and were extracted. This described structure is modelled in the Monte Carlo N
Particle code (MCNP). In fact, precise estimation of oil product types and volume fractions were
done using a combination of symmetrical source and asymmetrical neural network. Four GMDH
neural networks were trained to estimate the volumetric ratio of each product, and the maximum
RMSE was 0.63. In addition to this high accuracy, the low implementation and computational cost
compared to previous detection methods are among the advantages of present investigation, which
increases its application in the oil industry.

Keywords: volume fraction; feature extraction; GMDH neural network; dual-energy gamma source

1. Introduction

Pipelines are responsible for the transportation of various petroleum products, and
in this regard, the reduction of transportation costs is greatly valued. When there is a
product in the pipe and another product enters the pipe, these two products are mixed
in a cross-section, which is called the interface area. This is where the importance of
implementing a control system to determine the type and volume of the product comes
into play. In previous studies, gamma ray–based systems were used as reputable systems
for the detection of two-phase [1–3] and three-phase [4–6] flows. Distinct neural networks
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such as adaptive fuzzy neural inference systems, RBF neural networks, MLP, and GMDH
were responsible for predicting volume percentage and type of flow regime in these studies.
In [7,8], researchers used MLP and GMDH, which are popular neural networks, in order to
ameliorate accuracy in determining volume percentages through characteristic extraction
techniques. The characteristics of Compton continuum counting, count under photopeaks
of 1.333 MeV and 1.173 MeV, and the average value have been investigated by Roshani
et al. [9]. The kind of flow regime and the volume percentage of two-phasic flows were
detected with great accuracy using the GMDH neural network. If the conditions are such
that the scale settles inside the pipe and the two-phase flow passes in different volume
percentages and flow regimes, the conditions are slightly different. The authors experienced
a similar situation in [10], finding that characteristics of counts under photopeaks of Ba-133
and Cs-137 in addition to the RBF neural network are quite effective in determining the
thickness of the scale inside the pipe. Ref. [11] proposed a structure consisting of a dual-
energy source, a test pipe, and a detector; this did not provide precise control over the type
and amount of petroleum products. The non-use of feature extraction techniques (although
the amount and type of volumetric percentage were not indistinguishable in this research)
prevented the achievement of a high-accuracy system. In references [12,13], research was
conducted to determine the volume ratio. In former studies, X-ray pipes were used more
than radioisotopes because of their extinguishing ability and the health of employees. In
some research projects, such as [14,15], the proposed structure consisted of an X-ray tube
that predicted the volume percentage and type of multiphase flow regimes. In [14], the
temporal characteristics of variance, skewness, kurtosis, the sum of square roots (SSR), and
the sum of roots of variable power (SVER) were extracted from the signal acquired from a
detector and used as the input of the neural network. Detection of all flow regimes and
prediction of volume percentages with a MAPE of 1.16 are the achievements of this research.
In [15], a three-phase flow was investigated. In addition to the test pipe, there was an X-ray
tube and a pair of NaI detectors in the structure of the system. Fast Fourier transform (FFT)
was responsible for transferring the signals of two detectors to the frequency domain, and
in this procedure, the frequency characteristics of the first and second dominant frequencies
were procured. The training of three RBF neural networks responsible for detecting the
type of flow regimes and volume percentage was done using these features. In another
study, a detection system based on X-ray tubes was designed and presented; however,
a lack of extraction techniques was one of the disadvantages of this system [16]. In [17],
researchers used the features of wavelet transformation to develop previous research, such
as [16], which lacked this procedure. In reference [17] researchers extracted the details
of the first to fifth stages and the approximation of the fifth stage features using wavelet
transform and delivered them as the input of the MLP neural network. In [18], various
temporal characteristics were extracted, with the aim of helping the process of detecting
the type and amount of petroleum products passing through the pipeline. Finally, after
calculating the correlation of these features with each other, the inputs of the MLP neural
network became the features that had the least similarity with each other. Although the
feature extraction technique was used in this study, the proposed system RMSE was 1.21.
The systems that benefit from the gamma source have been introduced in previous research
as systems with a high-reliability factor in determining the parameters of multiphase flows.
In all of the mentioned studies, the researchers were forced to use a greater number of
detectors due to the lack of extracting the proper characteristics from the received signals;
in addition, the accuracy of their presented systems was not very high. The use of multiple
detectors raises the cost and complexity of the system design. In this study, by using the
wavelet transform technique, an attempt has been made to optimize the configuration of
the measuring system, reduce the number of detectors, and reduce the system error. The
contributions of this research are as follows:

1. Using wavelet transform to extract signal characteristics.
2. Reducing costs and complexity of the detection system structure by using only one

detector.
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3. Increasing accuracy in determining volume rates, which is due to extracting useful
characteristics from received signals.

4. Using the GMDH neural network as a network organizes itself for volume rate
determination.

In present investigation, a dual energy source with a detector and test pipeline is sug-
gested, after implementing an accurate system for discerning the type and volume fraction
of each petroleum product contained in the pipeline. The difference between the existing
research and the suggested system is obtaining the wavelet characteristics of the recorded
signal and implementing the GMDH neural network using these characteristics. As a result,
it can be said that the accuracy of the detection system has been greatly improved.

2. Simulation Geometry

In this paper, utilization of a detection system to determine the type and amount of the
oil product inside the pipe was the aim. A binary energy source, a detector, and a test pipe
placed between the source and the detector make up the structure of the detection system.
The products examined in this research include gasoline, crude oil, ethylene glycol, and
gasoil, which have densities of 1.114, 0.975, 0.721, and 0.826 g/cm3, respectively. Monte
Carlo N Particle (MCNP) code, as a very practical tool in the design of radiation-based
systems, is used in this research to implement the structure of the detection system. As
different oil products pass through the oil pipelines, two products are combined in a cross
section. The four introduced oil products were simulated in conditions where they were
mixed together in pairs and at different volume rates inside the test pipe. In total, six
different composition states and nineteen different volume percentages in the range of 5%
to 95% and four states with just one product inside the tube were simulated. The dual
energy gamma source was made of americium-241 and barium-133, which symmetrically
emit radiation. The detector, which was placed on the other side of the pipe, was responsible
for recording the transmitted photons sent by the source. Muhammad’s law is used to
describe the attenuation rate of the narrow gamma photon in collision with different
objects. If a narrow gamma ray hits an object, the attenuation rate is calculated based on
LamberteBeer’s law:

I = I0e−µρx (1)

where the flux of un-collided is addressed by I, I0 is the primary photon, µ and ρ represent
of the mass attenuation coefficient and density of the absorber material, and the beam
path length through the material is shown by x. Equation (1) states that gamma rays will
behave differently when they hit different things. This difference in behavior is important
in determining what kind, and how much, of a substance is in the environment. In this
investigation, a 2.54 cm × 2.54 cm NaI detector was applied to record the transmitted pho-
tons. Pulse height tally was applied to record gamma ray energy spectra. The reproduction
after-effects of this study were established by past examinations [1]. In this review, a few
research laboratory structures were executed and compared with the outcomes from the
MCNP code. The structure of the detection system and the signals recorded by the detector
are depicted in Figure 1.



Symmetry 2022, 14, 1797 4 of 14

Symmetry 2022, 14, x FOR PEER REVIEW 4 of 14 
 

 

 

Figure 1. The structure of the detection system and the signals recorded by the detector. 

3. Characteristic Elicitation 

3.1. Discrete Wavelet Transform 

The purpose of this research is to improve the accuracy and optimization of the vol-

umetric rate detection system of petroleum products. For this purpose, the feature extrac-

tion technique is used to better interpret the available data using neural networks and 

reduce the volume of calculations. In addition, increasing the learning speed and reducing 

the system error are among the advantages of effective feature extraction. The feature ex-

traction technique allows us to use multiple features extracted from the signal of one de-

tector instead of using multiple detectors, which will reduce costs, simplify the system, 

and increase accuracy. Discrete wavelet transform (DWT) is one of the numerical and ap-

plied analyses in which the wavelet is sampled as discrete. The most crucial advantage of 

the discrete wavelet transform over Fourier transform is that in addition to frequency 

characteristics, time characteristics are also available. To calculate the DWT of a signal, 

first a low-pass filter with an impulse response g is applied to the signal, which results in 

the convolution of the two, as follows: 

𝑦[𝑛] = (𝑥 × 𝑔)[𝑛] = ∑ 𝑥[𝑘]𝑔[𝑛 − 𝑘]∞
𝑘=−∞   (2) 

Another high-pass filter (h) simultaneously decomposes the signal. Approximate co-

efficients (low-pass filter output) and detailed coefficients (high-pass filter output) are the 

output of this process. Figure 2 shows the signal decomposition process. As can be seen 

from this figure, a downsampler by 2 is located at the output of the filters at each stage. 

The downsampled results of the low-pass filter provide the approximation (A), and the 

output of the downsamplers of the high-pass filter provides details (D). The approxima-

tion part of each stage can be decomposed over and over again. In this research, the de-

composition has continued up to three stages. 

The wavelet operation is the calculation of the wavelet coefficients of a discrete set of 

child wavelets for a given mother wavelet 𝜓(𝑡). The mother wavelet in the case of discrete 

wavelet transform is displaced and scale-changed by powers of two [19,20]: 

𝜓𝑗,𝑘 =
1

√2𝑗
𝜓(

𝑡−𝑘2𝑗

2𝑗 )  (3) 

Figure 1. The structure of the detection system and the signals recorded by the detector.

3. Characteristic Elicitation
3.1. Discrete Wavelet Transform

The purpose of this research is to improve the accuracy and optimization of the
volumetric rate detection system of petroleum products. For this purpose, the feature
extraction technique is used to better interpret the available data using neural networks and
reduce the volume of calculations. In addition, increasing the learning speed and reducing
the system error are among the advantages of effective feature extraction. The feature
extraction technique allows us to use multiple features extracted from the signal of one
detector instead of using multiple detectors, which will reduce costs, simplify the system,
and increase accuracy. Discrete wavelet transform (DWT) is one of the numerical and
applied analyses in which the wavelet is sampled as discrete. The most crucial advantage
of the discrete wavelet transform over Fourier transform is that in addition to frequency
characteristics, time characteristics are also available. To calculate the DWT of a signal, first
a low-pass filter with an impulse response g is applied to the signal, which results in the
convolution of the two, as follows:

y[n] = (x× g)[n] = ∑∞
k=−∞ x[k]g[n− k] (2)

Another high-pass filter (h) simultaneously decomposes the signal. Approximate
coefficients (low-pass filter output) and detailed coefficients (high-pass filter output) are
the output of this process. Figure 2 shows the signal decomposition process. As can be seen
from this figure, a downsampler by 2 is located at the output of the filters at each stage. The
downsampled results of the low-pass filter provide the approximation (A), and the output
of the downsamplers of the high-pass filter provides details (D). The approximation part of
each stage can be decomposed over and over again. In this research, the decomposition has
continued up to three stages.

The wavelet operation is the calculation of the wavelet coefficients of a discrete set of
child wavelets for a given mother wavelet ψ(t). The mother wavelet in the case of discrete
wavelet transform is displaced and scale-changed by powers of two [19,20]:

ψj,k =
1√
2j

ψ

(
t− k2j

2j

)
(3)

where j is the parameter of scale and k represents the parameter of shift.
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The wavelet coefficients γ obtained from the x(t) signal can be interpreted as the
projection of x(t) onto a wavelet, and x(t) is a signal with a length of 2N. In the case of a
child wavelet in the discrete family above,

γjk =
∫ ∞

−∞
x(t)

1√
2j

ψ

(
t− k2j

2j

)
dt (4)

Then, j is fixed, and the γjk is obtained only in terms of a function of k. In the above
equation, γjk can be obtained as the convolution of the x(t) with the mother wavelet signal,

h(t) = 1√
2j ψ
(
−t
2j

)
, sampled at the points 1, 2j. 22j, . . . , 2N. These are details of discrete

wavelet coefficients at level j. Therefore, for the proper selection of h[n] and g[n], the
detailed coefficients of the filter bank, correspond to a wavelet coefficient of a discrete set
of child wavelets for a given parent wavelet ψ(t).
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Figure 2. The signal decomposition process using DWT; g[n] is the low-pass filter, h[n] is the high-pass
filter.

The decomposition process of the signal obtained by the detector is illustrated in
Figure 3. According to this figure, from the third stage onwards, no significant high-
frequency information is obtained, and the approximation signal no longer correctly ap-
proximates the original signal; thus, in this study, the signal decomposition continues only
until the third stage. MATLAB software was used to perform wavelet-related processes.
In the MATLAB software, there is a toolbox called ‘WaveMenu’; the appearance of this
toolbox and the division of the signal into details and approximation parts are shown in
Figure 3. After using this toolbox, approximation and detailed signals were obtained, and
it was determined that significant high-frequency information will not be obtained from
the third approximate signal onwards, so it continued until the third stage of wavelet.
After that, to provide suitable data for network input, the STD feature of A3, D3, D2, and
D1 were calculated. The matrix obtained from this step is a 4 × 118 matrix with 4 rows
and 118 columns. Four rows indicating 4 extracted features and 118 columns indicating
118 different tests were performed in different volume percentages. This matrix is con-
sidered as input, and the outputs of the network are 118 × 4 matrices; each of the rows
is assigned to the output of a GMDH neural network. In past research [17,21,22], these
characteristics were introduced as useful characteristics, so the mentioned characteristics
were applied for improving the accuracy and optimizing the structure of the volumetric
rate detection system.

STD =

√
1

N − 1 ∑N
i=1|xi − µ|2 (5)
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µ =
1
N ∑N

i=1 xi (6)

where xi is the primary data, and N is the number of data.
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3.2. GMDH Neural Network

In 1968, a Ukrainian mathematician developed a method for learning inductive statis-
tics, called the Group Method of Data Handling (GMDH) [23]. A self-control model was
developed with the power to monitor the synthesis and related system problems and to
solve predictions and classifications. In GMDH operations, the hidden layer, neuron values,
effective input profiles, and efficient network construction were determined independently.
Polynomiality, orderliness, and meaningfulness are the basic premises of the input–output
system relations, which are shown below as the Kolmogorov-Gabor polynomial.

y = a0 +
m

∑
i=1

aixi +
m

∑
i=1

m

∑
j=1

aijxixj +
m

∑
i=1

m

∑
j=1

m

∑
k=1

aijkxixjxk + . . . (7)

where a (a1, a2, . . . , am) are weights or coefficients of the vector, X (x1, x2, . . . , xm) are also
vector inputs or the same extracted features, and y is the output of the network. The steps
of the GMDH algorithm are as follows:

Step A: generating novel variants z1, z2, . . . , z(m
2)

. In this part, for the total non-
dependent variables (x1, x2, . . . , xm), two synchronic polynomials, and for any z(m

2)
admix-

ture, the quadratic regression polynomials are computed by considering Equation (8).

Z = c1 + c2xi + c3xj + c4x2
i + c5x2

j + c6xixj (8)

This step aims to achieve the ci coefficients. The least squares algorithm was applied to
acquire the coefficients. Every z(m

2)
compiled quadratic regression polynomial approximates

the insignificant output.
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Step B: Screening for non-significant z is such that the error of each output in the
given neurons (each neuron must be approximated by a quadratic regression polynomial)
is calculated with the desired output; the outputs with the maximum amount errors are not
based on this. On a scale of options, another is applied to build the following layer. Here,
the first latent layer is produced, and the affected neurons are systematically selected.

Step C: applying modern variables (z1, z2, . . . , z(m
2)

) as the quadratic regression polyno-
mial inputs to generate modern variables. This means that the novel polynomial is obtained
from the bygone polynomial (z1, z2, . . . , z(m

2)
); by making a polynomial of a polynomial,

the high-order polynomial is retained for solving intricate and nonlinear issues. Then step
B was repeated, and the outputs were considered with the best estimate of the desired
outputs. After creating the hidden layer, the production of new polynomials and their
best approximation takes enough time to obtain the best input–output relations and finally
results in Kolmogorov-Gabor polynomials.

Step D: checking the GMDH neural network. At this stage, the final model is evaluated
against the experimental data set to determine whether a specific input–output relationship
is established. In this study, 83 data were used for training data (approximately 70%) and
35 data were used for network testing. To estimate the volume fraction of each phase in
this investigation, a GMDH network was used, and the derived features (as discussed in
the previous step) were considered as inputs of the GMDH neural network for testing and
training. Recently, numerical calculations [24–38], as a powerful mathematical tool, were
used in several engineering problems, chiefly artificial networks [39–44].

4. Result and Discussion

The features extracted in the previous step were considered as the input of the GMDH
neural network. As explained, four petroleum products—gasoline, crude oil, ethylene
glycol, and gasoil—were examined in combination with each other in two by two at various
volume rates. The aim of present investigation is to determine the volumetric rates of these
products. Four GMDH networks were developed to define the relationship between inputs
(extracted features) and outputs (volume rates). Regression diagrams and error diagrams
are two ways to show the performance of neural networks; in the regression diagram, lines
and circles show the target output and neural network output, respectively, and in error
diagram, the difference between target output and neural network output is shown. The
structure of the designed networks, regression diagram, and the error diagram for each
network are shown in Figures 4–7. The specifications of trained neural networks are shown
in Table 1. Simultaneous working of four neural networks makes the type and amount of
product passing through the pipeline recognizable. The steps of determining volume rates
in this research can be seen in general in Figure 8. The comparison of the precision of the
proposed system with former investigations is shown in Table 2.

Using the following equations, two error criteria, the mean square error (MSE) and
root mean square error (RMSE), are calculated, and the results are shown in Table 1. These
values are important for calculating the precision of the designed neural networks.

MSE =
∑N

j=1
(
Xj(Exp)− Xj(Pred)

)2

N
(9)

RMSE =

∑N
j=1
(
Xj(Exp)− Xj(Pred)

)2

N

0.5

(10)
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Figure 8. General schematic of the process of distinguishing the quantity and type of petroleum products.



Symmetry 2022, 14, 1797 11 of 14

Table 1. Characteristics of trained neural networks.

Output Ethylene Glycol Gasoil CRUDE OIL Gasoline

Input neuron 4 4 4 4

The first hidden layer neuron 6 4 5 4

The second hidden layer neuron 4 4 3 2

The third hidden layer neuron 3 2 2 -

The fourth hidden layer neuron 2 2 - -

Calculated MSE
Train Test Train Test Train Test Train Test

0.30 0.26 0.28 0.31 0.32 0.29 0.37 0.40

Calculated RMSE 0.55 0.51 0.53 0.56 0.56 0.54 0.61 0.63

Table 2. A comparison of the accuracy of the proposed detection system and previous studies.

Ref. Extracted
Features

Type of Neural
Network

MSE RMSE

Training Testing Training Testing

[7] Time-domain GMDH 1.24 1.20 1.11 1.09

[8] Time-domain MLP 0.21 0.036 0.46 0.6

[9] Lack of feature
extraction GMDH 7.34 4.92 2.71 2.21

[10] Lack of feature
extraction RBF 0.049 0.37 0.22 0.19

[12] Frequency-
domain MLP 0.41 0.45 0.66 0.67

[13] Time-domain RBF 0.44 0.46 0.67 0.68

[45] Lack of feature
extraction MLP 17.05 9.85 4.13 3.14

[46] Lack of feature
extraction MLP 2.56 2.56 1.6 1.6

[current study] Wavelet feature
extraction GMDH 0.37 0.4 0.61 0.63

5. Conclusions

It can be said that designing and applying a trustworthy and efficacious control system
is one of the most important elements of the oil industry. In this regard, a structure was
simulated, which consisted of three main parts: the NaI detector, the energy source, and
the pipe under test. The pipeline was also used in the simulation of petroleum products in
various combinations. After the simulation was complete, involving a 2 × 2 combination
of four various petroleum products with different volume fractions, the signal received
from the detector was processed. From each recorded signal, four wavelet features of
approximation of the third stage and ingredients of the first to third stages were extracted
and ascertained as inputs of neural networks. The design of GMDH neural networks is
intended to detect the production volume of each oil. By running four neural networks
simultaneously, we could quickly measure the amount and type of product in the pipeline.
The mentioned engineered network has a maximum RMSE value of 0.63, which is a tiny
error number for the volume ratio prediction. The low error of the introduced system is
due to the use of proper characteristics of the recorded signals, that made the interpretation
of the data smoother for the neural network. In addition, reducing the amount of data
and increasing the learning speed of the neural network are among the advantages of
the proposed detection system. Moreover, in this research, by extracting the effective
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characteristics, the need to use multiple detectors was eliminated; only one detector was
used to determine the volume rates, which reduces the complexity of the presented system.
What can make a system succeed in its task in the oil industry is a low detection error;
the low error value in the proposed system shows that this system is a proper option for
controlling oil products passing through the pipeline.
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