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Abstract: An algorithm based on continuous measurement of multiphase flows of oil well production
has been designed to improve the efficiency of the technical control of oil production processes in
the field. Separation-free, non-contact measurement of multiphase flows of oil well products allows
increasing the efficiency of managing oil production processes in the field. Monitoring the current
density using radioisotope measuring transducers (RMTs) allows obtaining information about the
structure of the flow in the form of the distribution of gas inclusions and the speed of movement of
liquid and gas in a two-phase flow. Fluid velocity measurement is based on digital processing of RMT
signals, applying a continuous or discrete undecimated wavelet transform to them, and assessing the
cross-correlation of wavelet coefficients in individual subspaces of the wavelet decomposition. The
cross-correlation coefficients of two RMT signals located at a base distance, calculated in the subspaces
of the wavelet decomposition, characterize the speed of movement of gas bubbles of different sizes in
a vertical pipe. The measurement assumes that the velocity of the liquid phase of the oil flow in a
vertical pipe mainly corresponds to the velocity of small bubbles. This speed should be determined by
the maximum cross-correlation of wavelet coefficients in the corresponding decomposition subspace.
Computer modeling made it possible to evaluate the characteristics of the algorithm for controlling
the speed of liquid movement in the gas–liquid flow of oil well products and determine the mass
flow rate of the liquid and the relative value of the gas content. The implementation of the algorithm
in a multi-channel version of the device allows monitoring an entire cluster of wells in the field.

Keywords: oil production process; radioisotope measuring transducer; wavelet transform;
cross-correlation

1. Introduction

An important part of oil production management is measuring the current characteris-
tics of the gas–liquid flow and optimizing the operating mode of oil wells. For engineering
tasks of process control, a measurement error of 5–10% is quite acceptable. To measure the
flow rate of oil and gas production wells by the mass of crude oil and the volume of free
petroleum gas, a separation measuring unit [1] is often used, the principle of which is to
separate the oil and gas mixture into a liquid phase containing crude oil and a gas phase.
After separation, the mass of crude oil and the volume of free petroleum gas are measured.
Separation plants have large metal separation tanks. Therefore, the disadvantages of sepa-
ration plants include their high metal consumption and cost, operation in an aggressive
environment and high pressure. Separation units are usually used as a part of groups
serving several wells at once, and measurements are carried out periodically. Therefore,
multiphase radioisotope flow meters are promising tools for continuously measuring well
fluid flow rates without phase separation and without interfering with the flow. In addition,
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radioisotope flow meters have no moving parts, are highly reliable, have a wide operating
range, provide minimal pressure loss, are resistant to contamination, and have a high
measurement speed without intrusion into the flow. Radioisotope measurements do not
involve sample selection [2–4].

Multiphase flow meters used in oil production process control systems use different
physical principles. For example, in [3], the authors propose a combined measurement
system for monitoring the three-phase flow of oil well production, based on the ultrasonic
effect using a fiber-bioptic sensor. The authors of [5] proposed a new technique for mea-
suring three-phase well flow based on measurements of sound speed at different locations
in the well and an intelligent dynamic monitoring method using machine learning. The
three-phase flow prediction model discussed in [6] is based on the attenuation of ultrasound
transmission in certain flow patterns. Several publications have proposed changing the
flow structure to obtain control results for production processes. For example, the authors
of [4,6] have proposed to use a density meter in conjunction with a Venturi-type flow meter
to measure the flow rate of oil and gas in a pipeline. At the same time, the developers of
a multiphase flow meter [7] used a mixture homogenizer, a Coriolis flow meter, and an
infrared-fractional counter, and intelligent processing of control results. Ultrasonic methods
include dynamic monitoring of low-yield gas wells based on ultrasonic Doppler logging
and a machine-learning algorithm [8].

Nuclear magnetic resonance technologies have been applied to a multiphase flow
meter [9], allowing designers to control the composition and velocities of individual phases
for multiphase flow.

The most promising for use in the oil and gas industry are radioisotope methods
capable of performing non-contact, separation-free monitoring of multiphase flows under
extreme operating conditions. Several scientific studies have been devoted to the develop-
ment of radioisotope monitoring systems. For technological control of heavy oil production
processes, a multiphase flow meter based on neutron activation analysis has been proposed
in [10]. Preliminary studies have shown that neutron activation analysis methods make it
possible to determine the content of oil, water, and gas, the ratio of sulfur and chlorine, the
level of water cut in oil, and calculate the speed of phase movement. The use of the gamma
radiation attenuation effect and the artificial intelligence method for measuring the density
of a multiphase flow, determining the type of flow regime, and calculating the volumetric
gas content in a two-phase flow are discussed in [11]. The production system proposed by
the authors includes a gamma radiation source containing radioisotopes of barium-133 and
cesium-137. When continuing their research, these authors proposed using X-ray sources
instead of radioisotopes [12], which allowed them to achieve some improvement in the
accuracy of measurements. The comparison of the two methods was carried out using
Monte Carlo simulation and the use of a multilayer perceptron to determine the flow rates
of the liquid and gas phases of the flow. It seems important to study the influence of liquid
density and viscosity on the characteristics of a radioisotope multiphase flow meter, which
was carried out in [13]. The formation of paraffins in some fields is a complex problem in oil
production, since the deposition of paraffins negatively affects the operation of production
wells. Paraffins deposited on the inner surface of the pipe reduce the volume of flowing
liquid. Performing calibration on an empty pipe can significantly reduce the influence of
paraffins [14].

Radioisotope systems make it possible to control the deposition of paraffins on the
pipe walls. The authors of publication [15] consider the issues of stable oil production
from paraffinic oil fields. Controlling three separate flow phase velocities is complex and
requires measuring the speed of each phase and the magnitude of each phase’s relative
contribution to the flow. Measurements can be performed under different flow regimes of
the gas–liquid mixture in a vertical pipe: bubble, slug, dispersed annular. At low values of
gas content, the flow of the two-phase mixture corresponds to the bubble regime. A special
class of equipment is formed by correlation flow meters based on the calculation of the
autocorrelation function, structure function or cross-correlation function of the flow density.
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The correlation method of flow control is complicated by the fact that in typical oil well
production flows, liquid and gas have different velocities. The correlation method of flow
control is complicated by the fact that in typical oil well production flows, liquid and gas
inclusions of various sizes have different velocities. Larger bubbles move faster, smaller
ones move slower. Therefore, without preliminary signal processing, gas bubbles cannot
serve as flow marks suitable for use in the correlation method.

Autocorrelation-based flow meters that process single-point flow density signals are
forced to calculate the derivative of the autocorrelation or structure function to amplify the
effect of density fluctuations caused by small gas inclusions. Correlation flow meters are
based on calculating the cross-correlation of the signals from density meters located at a
fixed distance at two points along the pipe. For example, article [16] shows that the speed
of movement of relatively large gas inclusions exceeds the speed of liquid movement due to
the predominance of the Archimedes force over the friction force. At the same time, small
bubbles move at a speed close to the speed of the liquid. Therefore, they can be flowing
labels. Fluctuations in the density of the mixture depend both on the speed of the liquid
and on the structure of the flow. It becomes relevant to isolate from the density fluctuation
signal the component that characterizes the speed of fluid movement. An analytical review
of methods for measuring two-phase flows was carried out in [17,18].

Radioisotope methods for monitoring oil well performance have many advantages [19,20].
They allow non-contact measurements without penetration into the flow, allow the de-
position of paraffins on the walls of pipes, do not require separation of flow phases, do
not introduce delays, and operate in real time. Devices using the radioisotope method
can operate in extreme conditions; they have no moving parts, which means they have
increased reliability, do not require constant human presence, and therefore are promising
means of monitoring oil production processes. One of the most important challenges
for these devices is the development of more advanced algorithm methods that improve
the manufacturability of industrial processes for monitoring oil field performance. The
objective of this research is to improve the method of signal processing, the current density
of the two-phase flow generated by the RMT, as well as the development of an algorithm
and program that are based on the mutual correlation of two RMT signals located at a base
distance. The algorithm must be adjusted to the structure of a two-phase oil and gas flow,
which has different speeds of movement of liquid and gas inclusions of different sizes.

2. Materials and Methods
2.1. Radioisotope Multiphase Flow Meter

Gamma rays emitted by a Cs-137 radiation source pass through a two-phase flow
and are partially absorbed by the liquid part of the flow. The radiation detector is built
on a scintillator, a NaJ(Tl) crystal, a photomultiplier, and an electronic unit designed
to record the number and power of pulses arriving during a given time interval τ (in
particular τ = 0.2 ms). The RMT includes a radiation source and receiver for continuous
monitoring of the multiphase flow density with a time interval τ and a computing device
designed to analyze the time series of density changes and calculate the speed and average
flow density. The RMT is configured to register pulses of a certain energy range. For
multiphase flow, several regions of the energy spectrum of the gamma radiation source can
be used. Pulse sequences received through high-energy 660 keV pulse detection channels
are generated by a direct photon flux, while lower-energy 30 keV pulses are generated
by scattered radiation. The information signal characterizes the density of a moving
multiphase flow containing liquid and gaseous components.

Figure 1 shows the appearance and diagram of the RMT, (a)—appearance of the
device, (b)—block diagram of the device, (c)—structure of the oil and gas flow. Sources of
collimated gamma radiation Sz-137 (1,2) are located at a base distance on one side of the
tube, and scintillation radiation detectors (3,4) are located on the opposite side. Detector
blocks register gamma quanta and generate pulses, the amplitude of which is proportional
to the energy of the quanta. Using a given threshold, the pulses are divided into two
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channels of direct and scattered radiation. Pulses whose amplitude is below the threshold
form a channel of scattered radiation; the registration rate of these pulses depends on the
average density of the two-phase flow in the pipe (5). High-amplitude pulses characterize
flux density fluctuations in a narrow flux tube.
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Figure 1. Radioisotope converter, (a) appearance of the radioisotope converter, (b) structure of the
radioisotope converter, (c) gas–liquid flow in the cross section of a vertical pipe.

To effectively control the production process, it is necessary to separately measure the
velocity of the liquid and gaseous phases of the flow and determine the relative content
of each phase in the flow. It should be noted that measuring the speed of movement of
individual flow phases is a more complex task [21,22].

The liquid in the pipe absorbs or scatters gamma rays emanating from two radiation
sources; the presence of bubbles reduces both absorption and scattering. According to the
flow structure, the bubbles in the pipe are located randomly and have different diameters.
Flow control assumes that small bubbles are markers that measure the speed of fluid
movement. Gas inclusions of all sizes determine the average flow density.

The main difficulty is that in a gas–liquid flow there is a relative movement of phases
due to the difference in their densities and viscosities, surface tension at the phase boundary,
and the slope of the pipeline. When a gas–liquid mixture moves through vertical pipes, the
gas will either be randomly distributed in the liquid in the form of small bubbles or move
in the form of separate gas accumulations in the center of the pipe [23].

When high-viscosity oil rises, friction plays a significant role, and the emulsion struc-
ture of the flow changes little. At the same time, friction when lifting low-viscosity oil is
lower, and the flow structure can change. In any case, bubbles of small diameter, grouped
at the periphery of the flow near the pipe walls, move at the speed of the liquid flow.
Therefore, fluctuations in the RMT signal caused by the movement of small bubbles can
serve as flow markers. To separate the flow marks and calculate the cross-correlation
between the density fluctuations present in the two receiver signals, it is advisable to use
multilevel wavelet analysis.

The attenuation of the intensity of a beam of γ-quanta, when interacting with atoms
of a substance, depends on the linear attenuation coefficient, the density of the oil, and the
thickness of the absorbing layer according to Bouguer’s law:

I(d) = I0exp(−µρd), (1)

where I0 is the count rate of gamma rays of direct radiation obtained when calibrating
the device with an empty pipe, ρ is the density of the absorber obtained during the
measurement, µ is the linear absorption coefficient, depending on the properties of the oil,
and d is the thickness of the absorber layer, which depends on the presence of free gas in
the pipe.
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The number of gamma rays emitted by the source is distributed according to Poisson’s
law, which is characterized by the mathematical expectation mx = a, variation v = a,
skewness coefficient ε = 1/

√
a, and kurtosis coefficient κ = 3 + 1

a . Figure 2a shows the
distributions corresponding to a different parameter a.
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The nature of the interaction of photons with matter depends on the substance and the
physical law of scattering. The mathematical model is based on the Klein–Nishina–Tamm
relation characterizing the interaction of photons with matter. The processes of interaction
of gamma radiation with matter, depending on the radiation energy, are divided into
the photoelectric effect, scattering without a change in wavelength (Thomson scattering),
scattering with a change in wavelength (Compton effect), and pair formation [24,25].

The Cs137 radiation source has energy E0 = 0.661 MeV. In the photon radiation
energy range of 0.2–5.0 MeV, the Compton effect predominates at any atomic number of
the medium Z, and its role increases as Z decreases. The Compton effect is characterized
by a change in the frequency of photons when they are scattered by electrons of the outer
atomic shells of a substance surfac. During Compton scattering, a photon deviates by a
certain angle from its original direction of motion. Part of its energy is transferred to an
electron, which becomes a recoil electron.

The differential cross section for Compton scattering per electron, per unit solid angle,
is expressed by the Klein–Nishina–Tamm formula, which determines the probability of
photon scattering at solid angle Θs :

dσΘs
dΩ

=
r2

0
2

[
1

1 + α(1 − cosΘs)

]2
[

1 + cos2Θs +
α2(1 − cosΘs)2

1 + α(1 − cosΘs)

]
(2)

where r0 = e2

mec2 is the classical electron radius; e is the electron charge; m0 is the electron

mass; c is the speed of light; α = E0
m0c2 = 1

137.3598 is the fine structure constant; E0 is
gamma quantum energy; m0—electron mass; Θs is scattering angle (the angle between the
directions of the primary and scattered photons).

The intensity of scattered photon radiation IΘs that depends on the intensity of primary
radiation I0, the scattering angle Θs (the angle between the directions of the primary and
scattered photons) at a distance r from the scattering electron is expressed by the following
relation:

IΘs = I0
3σ0

16πr2

(
1 + cos2Θs

)
[1 + α(1 − cosΘs)]

3

{
1 +

α2(1 − cos2Θs
)

[1 + α(1 − cosΘs)](1 − cosΘs)

}
(3)
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where σ0 = 6.7 · 10−25neZe f f . (cm2) is the Compton cross section, ne is electron concentration
in the scattering layer, Ze f f . is the effective atomic number of the substance, α is the fine
structure constant, m0 ≈ 9 · 10−31 kg is electron rest mass, c ≈ 3 · 108 m/c is the speed
of light, and E0 = 8.2 · 10−14 Joule is electron rest energy. Figure 2b shows a differential
Compton scattering cross section.

2.2. Wavelet Cross-Correlation Based on Continuous Wavelet Transform

Multilevel wavelet analysis of RMT signals allows us to determine the structure
of a two-phase gas–liquid flow by representing the signals in wavelet subspaces. The
distribution of signals from two RMTs in each space characterizes the patterns of movement
of flow inhomogeneities, and the correlation between signals in each space characterizes the
relative speeds of movement of the structural elements of the flow [26]. In article [27], the
authors discuss the results of applied research work on the use of the continuous wavelet
transform and discrete orthogonal wavelet transform in fluid mechanics. Cross-correlation
signal processing has many applications in engineering, including in problems of measuring
velocity in multiphase flows [28,29]. Therefore, the task of improving algorithms for
measuring the flow rate of a multiphase oil and gas flow when monitoring technological
processes for obtaining oil well production seems promising.

The short-time Fourier transform (STFT) allows you to analyze the structure of a
two-phase flow in the time–frequency space and determine the relative displacement of
frequency components over time as the flow moves. Since the flow is not characterized
by harmonic properties, compact wavelet functions are more suitable for analyzing its
properties. The continuous wavelet transform (CWT) is often used to extract useful features
of signals with low signal-to-noise ratios, characteristic of RMT signals that contain non-
additive Poisson noise. To study the time relationship of two signals separately for each
scale of gas inclusions, CWT is more suitable, since it allows one to observe the time
dependences of signals at higher frequencies with higher resolution. The STFT has the
same time resolution at all frequencies. The CWT of signals, represented in time scale
coordinates, is a scalogram.

To a discrete signal RMT I n(d), denoted here by x(n), where n is discrete time, a
scaled and translated wavelet function is defined as a convolution of signal:

cn(s) =
N−1

∑
m=0

x(n)ψ∗
(
(m − n)δt

s

)
, (4)

where δt is the sampling interval, ψ(.) is the scaled and shifted mother wavelet function,
and ψ∗(.) is the complex conjugate wavelet function. Wavelet coefficients are calculated at
each scale s for each time index n. Wavelet coefficients represent projections of the signal
onto the time and scale plane. The mother wavelet is a function that is a prototype for
the functions used in the wavelet transform. All wavelets are generated by rescaling and
shifting the mother wavelet. Scale can be considered as an analogue of frequency in the
STFT. Smoothing wavelet coefficients over time and over adjacent scales makes it possible
to suppress random noise present in the signals. By smoothing the wavelet spectrum over
time, the significance of wavelet power peaks can be increased. In this case, the correlation
appears to lengthen in time as the scale increases and the wavelet function expands. By
calculating the weighted sum of wavelet coefficients over adjacent scales, it is possible to
reduce the fluctuations of the wavelet transform result in the scale domain.

Wavelet decomposition is usually performed using a more efficient algorithm that
uses the convolution theorem. Wavelet coefficients are calculated as the inverse Fourier
transform of the product of the Fourier image of the signal frame F (x(n)) and the Fourier
image of the wavelet function F (ψ(n, s)):

cn(s) = x(n) ∗ ψ(n) = F−1[F (x(n))·F (ψ(n, s))], (5)

where F−1 is the operator of the inverse discrete Fourier transform in the scale s.
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The algorithm for calculating the correlation of signals in CWT subspaces is applied
to two discrete centered signals xn = ξn − 1

N ∑N−1
n=0 ξn and yn = ζn − 1

N ∑N−1
n=0 ζn , coming

from RMTs located at the base distance.
For each frame of length 1024 samples containing signals xn and yn, we calculated the DFT:

x̂k = ∑N−1
n=0 xne−i2πkn,

ŷk =
N−1
∑

n=0
yne−i2πkn,

(6)

where k = 0, 1, 2 . . . N−1 denotes the frequency index.
Wavelet decomposition parameters: minimum scale s0 = 2δt and maximum level

of expansion J = δj−1log2

(
Nxδt

s0

)
for specific levels decomposition j = 0.1 . . . J and scale

vector sj = s02jδj . Pseudo-frequencies f j are related to the scale sj: f j =
ω0

2πsj
considering

the Fourier multiplier η0 = ω0
2π , which depends on the type of wavelet.

To analyze RMT signals, a continuous Morlet wavelet ψ(t) = π− 1
4 e−iω0te−

t2
2 was

chosen, with the frequency parameter ω0 = 6. The discrete Fourier transform (DFT) for the
analytical Morlet wavelet is determined by the following formula:

ψ̂(sωk) = π− 1
4 e−

(sω−ω0)
2

2 H(ωk). (7)

Continuous non-orthogonal wavelets are effective for the analysis of signals: the
Morlet complex wavelet, the Pole complex wavelet, and the real Gaussian difference

wavelet. Mathematical expression (5) contains the Heaviside function H(ωk) =

{
1, ωk > 0
0, ωk ≤ 0

.

Normalization of wavelet coefficients is performed on each decomposition scale:

ψ̂(sωk) =

√
2πs
δt

ψ̂0(sωk). (8)

Element-wise multiplication in the Fourier domain of the analyzed signal and the
shifted and scaled wavelet functions at each level of decomposition and subsequent inverse
DFT transformation allows us to obtain the wavelet decomposition coefficients of the
signals xn and yn in accordance with the formulas:

cx(n, s) =
N−1

∑
n=0

x̂kψ̂∗(sωk)eiωknδt, (9)

cy(n, s) =
N−1

∑
n=0

ŷkψ̂∗(sωk)eiωknδt. (10)

The signals x(n) and y(n) contain Poisson noise and other random noise, so the
wavelet transform algorithm involves smoothing in both the time and frequency domains
using a window. Using the Gaussian window, we obtain wavelet coefficients smoothed
in time:

∼
c x(n, s) = F−1

[
e−

1
4 s2ω(s)2

·F (cx(n, s))
]

(11)

and scale-smoothed coefficients using a rectangular window of length Ls:

≈
c x(n, s) =

Ls−1

∑
l=0

∼
c x(n, s + l)

1
Ls

, (12)

≈
cy(n, s) =

Ls−1

∑
l=0

∼
c y(n, s + l)

1
Ls

. (13)
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Calculating wavelet coefficients in the Fourier domain using Equations (7)–(11) reduces
computational complexity.

The wavelet cross-spectrum of smoothed wavelet coefficients characterizes the total
energy of two signals, in the subspaces of the expansion, which is nonzero if the two signals
are correlated with each other, and disappears when the two signals are independent:

≈
c x,y(n, s) =

≈
c x(n, s)

≈
cy(n, s). (14)

Wavelet cross-correlation of two signals characterizes the change in the flow structure
when moving through a pipe by the base value:

rx,y(n, s) = F−1
[≈

c
∗
x(n, s)

≈
cy(n, s)

]
. (15)

For CWT, we use a set of scales that more fully represent signal structure. The number
of available decomposition scales depends on the number of samples N in the signal frame:
J = δj−1log2(Nδt/s0), s0—the smallest scale, J—the largest scale, J ∼= 2δt. The value of δj
depends on the width of the spectrum of the wavelet function. If the time resolution is
δt = 20 ms, s0 = 2δt, N = 1024, and δj = 0.0625.

Methods based on cross-correlation have been used to predict the productivity of
oil wells [30]. Let us consider other methods for estimating cross-correlation in spaces of
continuous wavelet decomposition. This approach allows estimating two-dimensional
correlation function of signals over time and scale. Possible variants of cross-correlation
estimates are Pearson, Kendall, and Spearman [31].

2.3. Correlation of Wavelet Coefficients of the RMT Signal

The Pearson correlation of wavelet coefficients in each space s of RMT signal decom-
position is determined by the following formula [32,33]:

rx,y
(
m, sj

)
=

N

∑
n=1

≈
c
∗
x
(
n, sj

)≈
cy

(
n + m, sj

)
. (16)

Correlation coefficients form a correlation matrix characterizing the properties of the signal
in time and scales:

Rx,y =

 rx,y(1, s1) rx,y(2, s1) . . . r(N, s1)
. . . . . . . . .

rx,y(1, sN) rx,y(2, sN) . . . r(N, sN)

. (17)

Low-frequency density fluctuations caused by the movement of large bubbles are
represented in space at a larger scale, and high-frequency fluctuations are represented
in space at a smaller scale. In this sense, wavelet flow analysis is like a microscope that
examines each scale with a sufficient resolution. We analyzed the cross-correlation of two
densitometer signals x(n) and y(n) in separate subspaces of the wavelet decomposition [34].
In small-scale subspace, the delay corresponding to the maximum cross-correlation de-
termines the speed of fluid movement. In large-scale space, the delay corresponds to the
speed of movement of free gas.

On each frame, the density meter signals can be considered as locally stationary, so the
Pearson correlation function depends on three parameters: frame position (k), time shift
(n), and wavelet decomposition space index:

C(k, n, s) = ∑
n′

∑
s′

cx
(
k, n′, s′

)
cy
(
k, n′ + n, s′ + s

)
. (18)
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On each frame in a two-dimensional space, two correlation functions can be considered,
one of which reflects the correlation between wavelet spaces, and the other—the correlation
in individual spaces in time:

C(k, n, s) ≈ ∑
n′

∑
s′

cx
(
k, n′, s′

)
cy
(
k, n′ + n, s′

)
+ ∑

n′
∑
s′

cx
(
k, n′, s′

)
cy
(
k, n′, s′ + s

)
, (19)

where ∑s′ cx
(
k, n′, s′

)
cy
(
k, n′ + n, s′

)
is the time correlation of signals x and y on the same

scale s′, and ∑s′ cx
(
k, n′, s′

)
cy
(
k, n′, s′ + s

)
is the correlation between the x and y signal

scales for one time window.
Using the undecimated wavelet decomposition for each data frame at each decomposi-

tion level s, the normalized sample cross-correlation values between the wavelet coefficients
of the two signals are calculated:

rs(m) =
1
N

N

∑
n=1

cx,s(n)cy,s(n + m)

σcx,s σcy,s

. (20)

The amount of time delay m at which the cross-correlation between discrete signals in
the wavelet decomposition space corresponding to the motion of small bubbles is maximal
is the delay characteristic that needs to be estimated.

The calculation of Pearson correlation coefficients presents a certain computational
complexity in instrument implementation. As an alternative, Kendall correlation coeffi-
cients were considered, based on counting the number of pairs (i, j) for i < j that are
consistent, that is, for which cx(i, s), cx(i + k, s), cy(i, s), and cy(i + k, s) have the same
sign. Kendall correlation coefficient values can range from −1 to +1. A value of 0 indicates
no relationship between x and y. The disadvantage of using Kendall rank correlation is its
weak sensitivity to the presence of connections between signals.

Spearman’s rank correlation coefficients are applied to ranked data cx(i, s), cy(i, s).
Spearman’s correlation coefficients are equal to unity, even when the relationship between
signals is nonlinear. In addition, their advantage is that they are less sensitive to outliers,
since the Spearman coefficients limit the outlier of rank values, and they are also less
sensitive to the deviation of the probability density distribution from Gaussian. Thus,
Pearson correlation coefficients are more sensitive to the presence of connections between
signals, do not require a ranking operation, and are applied to measurements distributed
according to the Gaussian Poisson law.

Two harmonic signals x(n) = sin
( 2πn

64 + π
2
)
+ sin

( 2πn
32 + π

2
)
+ sin

( 2πn
16 + π

2
)
+ sin

( 2πn
8 + π

2
)
+ N1(n)

and y(n) = sin
( 2πn

64
)
+ sin

( 2πn
32

)
+ sin

( 2πn
16

)
+ sin

( 2πn
8

)
+ N2(n), n = 1 . . . 1024, shifted

relative to each other, were used to verify the results of the cross-wavelet correlation
estimation, where N1(n), N2(n), n = 1 . . . 1024, Gaussian white noise.

The results of estimating the cross-correlation coefficients are shown in Figure 3a,b.
The time-shifted maxima of the cross-correlation of signals demonstrated the movement
speed of inclusions of different sizes. The maxima of the correlation function reflect the
velocities quite well. The correlation coefficients in Figure 3a were obtained for a signal-to-
noise ratio SNR = 10, while in Figure 3b, the SNR was 1. A comparison of the results of the
cross-correlation assessment showed that the presence of sufficiently powerful noise does
not have a significant effect on determining the velocity of small inclusions.

Non-orthogonal real Morlet wavelets are useful for processing signals that vary
smoothly over time. The complex Morlet wavelet also allows one to analyze the phase
characteristics of the harmonic components of the signal. Since oil well production streams
contain some solids such as waxes and other impurities, RMT signals are not harmonic
and contain non-additive Poisson noise, so orthogonal wavelets can be used. Orthogonal
wavelet bases make it possible to obtain a compact and, perhaps, not smooth enough
representation of signals.
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2.4. Wavelet Cross-Correlation Based on Discrete Wavelet Transform

Orthogonal wavelets are characterized by two functions: a wavelet function and a
scaling function. For their practical application of orthogonal and biorthogonal wavelets,
fast transformation algorithms have been developed that use special filters. Feyer–Korovkin
wavelets have good frequency localization and improved performance. These wavelets are
more symmetrical but less smooth than the Daubechies wavelet. The frequency localization
of Fejer–Korovkin filters guarantees a good representation of the signal in individual
frequency bands. Even non-negative kernels generate quadrature mirror filters with
optimal frequency localization [35].

The Fejer–Korovkin family combines compact, orthogonal wavelets used for both
continuous and discrete transforms. The order of wavelets (4, 6, 8, 14, 18, or 22) must
not exceed the logarithm of the number of data f loor(log2(N)). The kernel of the Fejer–
Korovkin filter has the form:

Fn(ξ) =
n

∑
j=−n

(
1 − |j|

n + 1

)
eijξ =

1
n + 1

 sin
(

n+1
2 ξ

)
sin ξ

2


2

. (21)

Each signal is represented as a linear combination of a scaling function φ (x) and a
wavelet ψ (x) at scales j and offsets k:

x(t) =
N−1

∑
k=0

ck2
−J0

2 φ
(

2−J0 t − k
)
+

Jo

∑
j=1

xj(t), (22)

xj(t) =
N−1

∑
k=0

djk2
−j
2 ψ

(
2−jt − k

)
, (23)

where J0 is the number of wavelet decomposition levels.
The analysis of RMT signals was performed within a frame sliding along the sig-

nals, and we determined the undecimated wavelet transform. For signals x(n), y(n),
n = 1, . . . , N f rame, _frame, received in a frame of length N f rame, we determined the cross-
correlation coefficients at each of the S scales.

A total of N f rame coefficients {ck} and
{

S × N f rame

}
coefficients of details {dsk} have

been calculated. When decomposing a signal of length N, we can obtain no more than
S < f loor

(
log2

(
N f rame

))
decomposition levels. Details {dsk} are calculated at each level

of decomposition, and coefficients {ck} are calculated only at the last level. For the data
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frame N f rame = 1024, the result is S0 < f loor
(

log2

(
N f rame

))
= 9 and the total number of

levels, including the scale level S = S + 1 = 10.
A computer experiment was conducted using a simplified model of the movement of

a gas–oil mixture in a pipe with a dispersed bubble flow structure. The model for reducing
the thickness of the oil layer that absorbs gamma rays in the presence of a bubble was
determined by the formula sin2(2πt/2n). Many bubbles were placed in the flow, the sizes
of larger bubbles differed by n (n = 1, 2, 4 and 8), their movement speeds were increased
1.5, 2.5, and 4 times. The simulation results are shown in Figure 4, which shows the displace-
ment of the maximum of the correlation function in the wavelet decomposition spaces.
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3. Results
3.1. Modeling of Gas–Liquid Flow

To test the method for measuring the speed of oil movement using the cross-correlation
function in the spaces of wavelet decomposition of gamma density meter signals, a com-
puter experiment was carried out using a simplified model of the movement of a gas–oil
mixture in a pipe with a dispersed bubble flow structure [36]. Many authors pay attention to
the modeling of multiphase flows, which are used in many production technologies [37–40].
In the petroleum industry, multiphase flow is highly relevant for predictive process design
to ensure economical production and transportation of hydrocarbons. Modeling flow prop-
erties is of paramount importance for operating engineers, pump power calculations, and
equipment control [41,42]. The intensity of the recorded gamma radiation is determined
by the activity of the gamma radiation source, the density of the absorbing layer of liquid,
its thickness, and linear attenuation coefficient, according to Bouguer’s law according to
Equation (1).

Initially developed technological devices designed to monitor oil well production use
an algorithm based on the autocorrelation function of the density RMT signal. When flow
velocity is high, the autocorrelation function is narrow, and when the velocity decreases,
it is wider. In the next version of systems, the autocorrelation function was replaced by a
structure function, which does not require multiplication operations when calculated. This
change made it possible to increase the speed of calculations performed in the technological
devices. The next improvement to the system’s algorithm was the use of a derivative (finite
difference) structure function, which emphasizes the high signal frequencies caused by the
movement of small bubbles. With the increasing performance of industrial controllers, it
has become possible to build an algorithm based on the wavelet transform presented in this
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article. The algorithm is more open; it allows analyzing the well flow structure and adjust
the algorithm parameters to the most informative areas. The increased computational
complexity of the proposed algorithm is compensated by faster calculations on a modern
processor and the use of fast wavelet decomposition algorithms.

The intensity of radio emission from a Cs137 source is determined by the number of
atoms of the radioactive element that decay per unit of time. During a series of experiments,
the number of atoms decaying in each experiment changes. With the number of atoms n
that make up a sample of a radioactive element, p is the probability with which the decay
of any of the atoms of the sample is possible during the observation time. The number
of photons produced during the decay of atoms is characterized by a random variable X,
which is characterized by the binomial law. The probability of registering m photons in n
trials is characterized by the probability:

P(X = x) = Cm
n pm(1 − p)n−m (24)

where m = 0, 1, . . . , n is the space of values of the random variable X, and Cm
n is the number

of combinations of n elements of m elements.
The mathematical expectation of a binomial random variable X is equal to the product

of the number of trials and the probability of an event occurring in one trial: M(X) = np.
The variance of the binomial random variable X is equal to the product of the number of
trials and the probability of the occurrence and non-occurrence of an event in one trial
D(X) = npq. Modeling probabilities using Equation (20) is not possible with large values
of n and low probability p. If n → ∞, p → 0 np = λ , then P(X = x|n, p) → am

m! e−a, where
a = np is the parameter of Poisson’s law.

As m increases, the Poisson distribution becomes more and more symmetric and turns
into a Gaussian distribution. The Poisson distribution fx = ∑x

m=0
am

m! e−a has the following
characteristics: mathematical expectation µx = a, variance Dx = a, standard deviation:
σx =

√
Dx =

√
a, coefficient of skewness: α3 = a−

1
2 , and coefficient of kurtosis: α4 = a−1.

At a sufficiently high flux intensity, the number of detected photons has a Gaussian
distribution, for which the mathematical expectation and variance are equal: mx = Dx = a,
where a is equal to the average number of atoms decaying per unit of time. The intensity of
the recorded photon flux Idetected(n) is the sum of the systematic and random components:

Idetected(n) = Iaverage(n) + N(n);

σ(N(n)) =
√

Idetected(n)
(25)

where Iaverage(n) is the average intensity of the emitted photon flux, in accordance with
Equation (25), N(n) is the random noise component.

In the case of monoenergetic radiation with energy E, radiation intensity is I = ΦE,
where Φ is the flux density at a certain point in space, i.e., related to the cross-sectional
area. The scintillation detection unit is characterized by the effective registration area Se f f .
This value is determined for specific detector sizes by averaging the detection efficiency
over their cross section. Calculation results Se f f for cylindrical detectors NaI(Tl), when
registering with the side surface Se f f 1 and the end surface Se f f 2 direct radiation from the
gamma source Cs-137 with energy E0 = 0.661 MeV, are presented in Table 1.

Table 1. Se f f 1 and Se f f 2 values for cylindrical NaI(Tl) detectors.

Surfaces Crystal Dimensions D × h, mm

20 × 40 20 × 60 20 × 80 30 × 40 30 × 60 30 × 80 40 × 40 40 × 60 40 × 80

Seff.1 6.46 9.68 12.9 10.5 15.7 21.0 14.5 21.7 29.0
Seff.2 2.15 2.59 2.83 4.85 5.82 6.37 8.62 10.4 11.3
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With a known value of Se f f the number of pulses at the receiver output can be obtained
from the expression:

Idetected(n) = Φ(H)Se f f (26)

Because the scintillation detection unit has a finite time resolution, to estimate the true
count rate at the output of the scintillation detection unit, it is necessary to consider the
number of pulses not registered by it (miscalculations).

3.2. Simulation Results

As a result of the simulation, the dependences of the cross-correlation of wavelet
coefficients of two RMT signals on time on nine subspaces of decomposition s = 1, . . . , 9
were obtained. Figure 5a shows the time-varying cross-correlation of RMT signals at nine
levels of wavelet decomposition. Since the movement speed of small bubbles corresponds
to the speed of liquid, we find a suitable small scale and a corresponding maximum
correlation in the figure. For this scale, using a graph, we determine the interval during
which the oil flow passed the base distance. Based on the obtained distance, we derived the
flow speed. Adding Poisson noise with signal-to-noise ratio SNR = 5, the cross-correlation
estimate did not change significantly. Figure 5b shows the graph for the subspace s = 4,
which best corresponds to the fluid motion.

In real conditions, the flows under study are not stationary, so the signal is analyzed
within a sliding frame. The frame size must be chosen in such a way that it is possible to
obtain the required number of wavelet decomposition levels.
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Fluid speed is determined by the formula:

Vliq =
d

argmax
(

rq(m)

) , (27)

where d is the distance between gamma radiation detectors, q is the level of wavelet
decomposition at which the movement of small bubbles is decisive.

Gas velocity depends on the movement of large bubbles and is determined in space at
a lower level using the formula:

Vgas =
d

argmax
(

rq(m)

) , (28)

where q is the level of wavelet decomposition at which the movement of large bubbles
is decisive.

To determine the decomposition levels s and q, a neural network was used—a three-
layer perceptron with a number of neurons, the input of which is the values argmax

(
rs(m)

)
,

where the input layer takes decomposition space numbers s = 1, . . . , J0„ the inner layer has
three neurons, the output layer generates signals argmax

(
rp(m)

)
and argmax

(
rq(m)

)
, and

velocities VГ, Vж.
The density of the oil and gas mixture is determined by the formula:

ρmix = −µd ln
Imix
I0

, (29)

where I0 is the number of gamma quanta obtained during the registration time when
calibrating the system on an empty pipe, Imix is the average number of gamma quanta
obtained during the registration time during the measurement process, and Iliq is the
number of gamma quanta received during the registration time at intervals classified as
intervals of absence of free gas.

Classification of frames for recording Iliq and Imix using a neural network to determine
intervals of absence of free gas in the flow.

The density of the liquid is determined at intervals of absence of free gas:

ρliq = −µd ln
Iliq

I0
, (30)

The folume fraction of gas in the mixture:

φ = 1 − ρmix
ρliq

, (31)

where 1 − φ is the volume fraction of liquid in the mixture.
Volumetric gas flow—Qgas:

Qgas = φS Vgas, (32)

where S is the cross-sectional area of the pipeline,
Volumetric fluid flow:

Qliq = (1 − φ) SVliq. (33)

Mass gas flow Qgas:
Qgas = φρgasS Vgas, (34)

Mass flow rate of the liquid phase of the flow:

Qliq = (1 − φ) ρliqSVliq. (35)
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A computer experiment using continuous Morlet wavelets and discrete Feyer–Korovkin
wavelets and a simplified model of the movement of a gas–liquid mixture in a pipe with
a dispersed bubble flow structure showed the possibility of simultaneous analysis of the
structure of a two-phase flow and the speed of movement of gas inclusions. The assump-
tion that the speed of movement of small gas inclusions corresponds to the speed of the
liquid allows us to determine the speed of the liquid part of the flow. To more accurately
account for the relationship between the speed of fluid movement, instrument calibration
is used. Calibration tests also make it possible to consider the stochastic nature of the
intensity of radioisotope radiation, which is related to the coefficient of linear attenua-
tion of radiation, the density and thickness of the absorbing layer according to Bouguer’s
law, shown by Equation (1). During the modeling process, Poisson noise was taken into
account, the variance of which is equal in value to the mathematical expectation of the
signal I(d). The average signal-to-noise ratio is approximately SNR = 10lg

(
σsignal
σnoise

)
≈ 0.45,

where σsignal , σnoise is the standard deviation of the signal and noise, respectively. When
calculating the fluid speed, a frame of 4096 samples was used. Frame was shifted along the
signal sample by 2046 samples. This shift corresponds to the rectangular window.

The instrument was calibrated using a specially designed calibration installation. For
grading, it was enough to use a small neural network—a three-layer perceptron with the
number of neurons 3-3-1 and with the “Hyperbolic tangent” ϕj

(
vj(n)

)
= atanh

(
cvj(n)

)
,

where(a, c) > 0; ∞ < vj(n) < ∞, vj(n) is the induced local field of the neuron, for the first
and second layers and a linear activation function at the output.

4. Discussion

The proposed algorithm for processing the signal of a photon density meter of a
two-phase flow of oil well production makes it possible to monitor oil production processes
for any flow structure, characteristic of both fields with difficult-to-recover heavy paraffinic,
resinous oil, and fields with simpler flows. Wavelet cross-correlation, presented in the form
of an image, characterizes the instantaneous structure of the flow, and the sequence of
such images characterizes the dynamics of the flow of a complex structure. The proposed
control method works with flows of any structure that have different ratios between phase
flow rates, and therefore is universal. Its versatility allows you to control the production
processes for the entire well stock. Figure 6 shows the appearance of a device that controls
the production processes of a group of wells.

The number of input layer nodes is determined by the number of wavelet decom-
position levels: Ninput = Ns. The first hidden layer of the MLP has eight fully connected
neurons with an activation function:

φ(v) = tanh(v) =
e2v − 1
e2v + 1

, (36)

where v is the output signal of the neuron adder, characterizing its local field, and
e ≈ 2.71828 is a mathematical constant. The output layer contains two neurons that
generate signals for the speed of liquid V1 and gas V2.

MLP training was performed using the Levenberg–Marquard method of backpropa-
gation of errors over time in real time. Two types of data are used to train a neural network.
The first type of data is obtained by simulating the passage of gamma rays through matter.

The advantages of using a radioisotope converter and the wavelet decomposition
method of its signal are mainly the following:

– Elimination of the process of preliminary separation of a multiphase flow with the
release of the liquid component.

– Lack of hydraulic resistance to oil flow.
– No restrictions on viscosity or chemical activity of the controlled flow.
– Insensitive to deposits on the inner surface of the pipe.
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– The ability to create a multi-channel device that performs measurements for an entire
cluster of wells.

Non-contact allows for measurement and control in aggressive environments. During
the day, the flow rate can change by tens of a percent. Periodic testing does not allow you
to see the dynamics of well productivity in real time, diagnose the technical condition of
equipment, and predict the technological process. The advantage of the proposed method is
the continuity of measurement and control of the oil and gas production process throughout
the entire field.
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5. Conclusions

To improve the efficiency of oil production process control, it is advisable to use
separation-free non-contact measurement of multiphase product flows from oil wells.
The physical basis of control is radioisotope measuring transducers, which provide a
signal containing information about the structure of the two-phase flow, the speed of
movement of liquid and gas, and the relative content of gas and liquids in the general
flow. The measurement algorithms closest to our study use autocorrelation, structural,
or cross-correlation functions, which do not allow the structure of two-phase flow to be
considered. An algorithm based on cross-correlation of CWT coefficients allows obtaining
more information to control production processes. The flow rates of liquid and gas are
determined by the marking method, with bubbles of free gas in the liquid being used as
natural flow marks. Tag velocities are measured using the cross-correlation method.

The proposed method is based on calculating the cross-correlation of wavelet coeffi-
cients in expansion spaces, the number of which depends on the structure of the two-phase
flow. In this case, it is appropriate to use Pearson cross-correlation, which is applied in
real time to the signal frame, shifted with an overlap depending on the type of window
selected. For measurement purposes, either continuous wavelet transforms or discrete
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wavelet transforms can be used, for which cross-correlation can be calculated for both
the approximation coefficients and the detail coefficients. In the latter case, the maximum
will be sharper. The discrete wavelet transform has fast decomposition-reconstruction
algorithms and is therefore preferred. The continuous wavelet transforms using Morlet
wavelets, which is a harmonic function with a Gaussian window, is slower. To suppress
noise, it is advisable to perform smoothing in time and space of the wavelet decomposition.

The correlation between wavelet decomposition spaces allows smoothing to be per-
formed and better identify the spaces containing useful information. Training a neural
network at the stage of calibration of the measuring installation makes it possible to adapt
the algorithm, determine the subspaces of the wavelet decomposition containing informa-
tion about the flow structure, and determine the speed, density, and flow rate of oil well
production. It is advisable to adapt the algorithm using a neural network for each well that
has its own different type of flow.

With continuous measurement, we are dealing with data frames of finite length,
therefore, when performing CWT, errors at the ends of the frames will be the same as
during the Fourier transform, because both methods assume that the data is cyclical. Before
performing the wavelet transform, it is recommended to pad the frames with zeros. With
cyclic conversion, there is no need to pad frames with zeros, and there are no errors at
the edges.

It seems promising to use the wavelet decomposition algorithm and a convolutional
neural network to automatically analyze the wavelet decomposition image and determine
from it the structure of the product flow and the productivity of an oil well.
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