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Abstract

Purpose is to study safe life of industrial (metal) structures under long-time operation in the corrosive-active media of oil
and gas wells with the help of neural network analysis.

Methods. The MATLAB system (MATrix LABoratory) was selected as the tool environment for interface modelling; the
system is developed by Math Works Inc. and is a high-level programming language for technical computations. Of the three
existing learning paradigms, we used the “with teacher” learning process, as we believed that a neural network had correct
answers (network outputs) for each input example. The coefficients were adjusted so that the network gave answers being as
close as possible to the known correct answers.

Findings. An artificial neural network has helped obtain a generalized diagram of the expected areas of high viscoplastic
characteristics of carbon steels used to manufacture metal structures in the oil and gas industry. While applying the trained
neural networks, generalized dependences of the corrosion rates of structural steels on the parameters of media with different
concentrations of chlorine ions, sulphate ions, hydrogen sulphide, carbon dioxide, carbon dioxide, and oxygen ions were
obtained; they were the basis to predict corrosion behaviour of steels.

Originality. For the first time, the possibility of applying neural network modelling to predict local corrosion damage of
structural pipe steels has been shown in terms of the “steel 20 — oxygen and chloride-containing medium” system. For the first
time, the technological possibility has been demonstrated to use neural network analysis for engineering predictive assessment
of corrosion activity of binary systems of simulated solutions, which are most often found under industrial conditions of the oil
and gas sector of the economy.

Practical implications. The proposed technology of using the neural network analysis will make it possible to expand a
range of predicted values beyond experimental data, i.e. to predict the value of V¢ in very dilute or concentrated salt solutions
within the acidified and neutral pH ranges. It should be noted that the error of the prediction results shown by the neural net-
work will increase along with distancing from the scope of experimental data.
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1. Introduction also causes great material losses for oil and gas companies
Main and industrial pipelines are the most cost-effective ~ @nd leads even to environmental pollution. _
ways of oil and gas transportation in Ukraine. The system of Therefore, analysis of the features of corrosion-

gas and oil pipelines has entered a period of intensive aging ~ Mechanical damage and corrosion-hydrogen degradation of
and wear as evidenced by the technical condition analysis ~ Steel in the water-oil-gas medium is quite topical, being of
based on the data of diagnostics and technical examination of ~ high significance for the industry. _ _

these objects [1]. Their resource depends on the characteris- It is known that long-term operation of oil and gas equip-
tics of the material, deteriorating during operation, medium  Ment usually leads to the loss of initial mechanical properties.
impact, operating conditions and modes, available initial The reasons for this are both mechanical, i.e. cyclic loads,

defects and the ones formed during operation, etc. [1], [2]. and aggressive influence of the working medium [5]. As

It has been identified that due to metal corrosion, the na-  identified in works [3]-[9], mechanical stresses increase
tional oil and gas industry occupies one of the first places  linearly the rate of corrosion caused by thermodynamic in-
among other industries [3], [4]. Corrosive destruction of oil  Stability and mechanical destruction of protective films, due

and gas pipelines not only results in raw material losses but  t0 Which anodic and cathodic processes increase.

Received: 17 November 2023. Accepted: 22 January 2024. Available online: 30 March 2024

© 2024. Yu. Vynnykov, M. Kharchenko, S. Manhura, A. Aniskin, A. Manhura

Mining of Mineral Deposits. ISSN 2415-3443 (Online) | ISSN 2415-3435 (Print)

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/),
which permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

37



http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.33271/mining18.01.037
mailto:vynnykov@ukr.net
https://orcid.org/0000-0003-2164-9936
mailto:kharchenkomo@ukr.net
https://orcid.org/0000-0002-1621-2601
mailto:svetmangura@gmail.com
https://orcid.org/0000-0002-7017-7317
mailto:aaniskin@unin.hr
https://orcid.org/0000-0002-9941-1947
mailto:mangura2000@gmail.com
https://orcid.org/0000-0002-3178-9986
mailto:mangura2000@gmail.com

Yu. Vynnykov, M. Kharchenko, S. Manhura, A. Aniskin, A. Manhura. (2024). Mining of Mineral Deposits, 18(1), 37-44

Oil and gas equipment often fails as a result of corrosive-
mechanical, i.e. hydrosulphuric stress corrosion cracking
(HSCC) or hydrogen-initiated destruction [5]-[8], which re-
duces significantly its efficiency, increases downtime and a
share of repair costs in the total cost of production, and makes
it difficult to meet the requirements for reliability and safety.

In the process of long-term operation, the pipeline mate-
rial is exposed to the complex influence of corrosion and
mechanical factors. Carbon steel used for the manufacture of
pipes in the oil and gas industry is one of the important ele-
ments of the centralized transportation system for gas, oil,
and petroleum products for the technological needs of pro-
duction processes. Steel grade 20 (St 20) is a striking repre-
sentative of such steel types; it has been widely used at oil
and gas production enterprises for many years. It is known
that corrosive aggressiveness of the technological mixture
transported through the pipes (the mixture that is largely
determined by the sulphur and hydrogen concentration) is of
the greatest danger for the trouble-free operation of the pipe-
line network at such enterprises. It is a well-known fact that
gases, i.e. hydrogen, influence greatly the mechanical proper-
ties of carbon steels [10]. In addition to the negative impact
on the viscoplastic properties of steel, hydrogen contributes
to the formation of residual defects in the form of pores,
microcracks, hot and cold cracks, which reduce inevitably its
performance, including resistance against corrosion and
mechanical destruction. Thus, reduction of the hydrogen
content in the metal is a necessary condition for increasing
the viscoplastic properties, i.e. the impact toughness, which
is largely responsible for the service life of a metal structure.

Analysis of the literature [3]-[11] indicates a great variety
and a significant volume of information about the mecha-
nisms, causes, factors, and conditions of corrosion destruc-
tion of metal structures, i.e. pipelines, operated for a long
time in the corrosive-active media. The contradiction of such
information complicates the development and use of effec-
tive anti-corrosion measures to increase the operational relia-
bility of such structures. Nowadays, an important problem is
the search for new methods to analyze the available infor-
mation. Possibilities of its solution is the use of new infor-
mation technologies, which constituent parts include intelli-
gent means of processing the experimental results, i.e. such
as artificial neural networks (ANN).

Currently, sequential computations are of most common
use. However, they have depleted their technical capabilities,
and the problem of developing parallel programming methods
and creating parallel computers is extremely acute. Artificial
neural networks (NN) as the most modern method for deve-
loping this area arose on the basis of knowledge about system
functioning; it is an attempt to use processes to develop new
technological solutions. The focus of neural network theory is
on the models of parallel distributed processing, in which
information is processed through the interaction of a large
number of neurons, each transmitting excitation and inhibition
signals to other neurons in the network [12].

The concept of information processing based on the prin-
ciple of parallelism gives NN a special form of robustness
(insensitivity to various deviations, inhomogeneities). While
representing each property by a group of neurons, one can
increase the network robustness. If computations are distri-
buted among many neurons, a noisy or incomplete input
signal can still be recognized.
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However, it should be noted that the diversity, large
volume of experimental material, and frequent uncertainty
and contradiction of information regarding the viscoplastic
characteristics of steels, obtained with the help of traditional
methods, leads to the need to search for new, alternative
methods of effective analysis. The task of estimating and
forecasting the viscoplastic properties of steels is the key one
in the general problem of managing the operational reliability
of metal structures in the oil and gas industry.

Using ANN makes it possible to develop qualitatively
new hardware and software tools that expand significantly
the classes of problems to be solved and increase the effi-
ciency of analysis and forecasting [13], [14].

Neural networks are developed and trained basing on a
limited set of experimental data. It is required to obtain insuf-
ficient information for correct prediction of the corrosion
behaviour of structural oil and gas industry steel of grade 20
in the media close to the neutral chloride ones. Neural sys-
tems must predict the speed of pitting deepening (local pits)
based on any set of known parameters of the medium (sul-
phate ions, chloride ions, oxygen, hydrogen sulphide, temper-
ature, pH etc.) and classify the corrosion medium state ac-
cording to the predicted value of the corrosion rate [15]-[17].

Research on the degree of pipe wall damages by corro-
sion was reduced to determining the rate of local corrosion
damage to the walls of industrial pipe structures after their
15-year operation in various operating conditions, which
differ in the characteristics of the products in use. To com-
pare, we used steel of the same brand from the reserve stock,
i.e. the steel that was not in operation. More than 50 samples
of steel pipes made of domestic carbon steel of grade 20
(DSTU 7806:2015) were studied.

The research was preceded by an analysis of the medium
that is transported and causes corrosive destruction of pipe
structures. The analysis helped select the research objects
that operated in the conditions corresponding to different
values of one of the variable concentrations (O2, ClI-, SO,
HCOg3, HzS, CO2) while keeping the other two constant as
well as when the concentration of two variables experienced
certain changes (different variations) while maintaining the
constancy of the third one. The limits of changes in the speci-
fied parameters were as follows: (pH 4.8-5.4; t=40°C);
Cl- 0-12000 mg/l; O, 0-20 mg/l; SO4* 0-25 mg/l, HCO3
0-1200 mg/l, H,S 0-12 mg/l, CO, 0-30 mg/l. The selected
modes of the pumped product made it possible to obtain data
on the dependence of corrosion resistance of steels on the
content in the mixture of each of the components included in
its composition [8], [9], [18].

When selecting a method of assessing the degree of cor-
rosion damage to steels as a function of the variables indica-
ted above, we proceeded from the local nature of this de-
struction identified in papers [7], [19]. Thus, long-term ob-
servations have shown that there is a massive failure of pipe-
lines in a number of fields due to local corrosion of the inner
pipe surfaces. As a rule, through damages occur in the mid-
dle of horizontal rectilinear sections of pipelines [20].

After a visual examination of the steel samples affected by
corrosion, an optical microscope ‘“Neophot-32” was used to
determine the depth of local damage with the help of double
focusing. Pre-rejected samples with pronounced defects had
the appearance of small cross-section pitting. 20-30 of the
most expressive pittings were examined on each of the sam-
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ples. After measuring the depth, the necessary number of the
deepest ones was selected from 20-25 (usually = 5-8); their
average depth was taken as the maximum (hmax) [21], [22].

The actual rate of pitting deepening was used as the cha-
racteristic that limits the pipeline service life. The rate of
pitting deepening in metal was determined by the formula
Vmax = hmax/t, where t is the total service life of a given sec-
tion of the pipe structure [23]. The value of Vimax was taken
conventionally as the maximum rate of pitting deepening. As
it turned out, the deviation of real hmax from their averaged
values is not more than 7-10% [24].

The objective is to study the joint influence of hydrogen
and sulphur on the viscoplastic characteristics of carbon steel
using a neural network analysis of the experimental results.

To achieve the objective, it is necessary to construct neu-
ral network models to analyze the results of experimental
studies and conduct a neural network analysis of the joint
influence of sulphur and hydrogen on the viscoplastic charac-
teristics of structural steel.

2. Research methodology

The MATLAB system was selected as the tool environ-
ment for interface modelling. The MATLAB system
(MATrix LABoratory) was developed by specialists of Math
Works, Inc. as a high-level programming language for tech-
nical computations. Modern versions of the MATLAB system
are supplied to the information services market together with
the Simulink extension package designed to model dynamic
systems, which models consist of separate blocks (compo-
nents). This package is a vivid representative of programmes
created on the basis of the MATLAB system. One of these
packages is Neural Networks, representing application pro-
grammes that contain tools to build neural networks and are
based on the behaviour of a mathematical analogue of a neuron.

According to the practice of the NN method application
(Fig. 1), it can be used for corrosion processes, being a set of
corrosion-chemical characteristics of some metal and expe-
rience non-linear changes along with changes in the medium
parameters (anion composition, medium concentration, tem-
perature, pH, etc.).

Corrosion
rate

Concentration of the components

Figure 1. ANN structure to determine a corrosion rate. Designa-
tions: neuron layer 1 — input; 2 — hidden; 3 — output

The NN structure (Fig. 1) includes: a layer of neurons-
receptors (input layer), which receives information from the
outside; a layer of associative neurons (hidden), which func-
tions were discussed earlier; a layer of output neurons that
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form the network’s response to an external stimulus. In terms
of the accepted terminology, NN of this type is called a per-
ceptron with one hidden layer of neurons. Most of the ap-
plied works are related to the use of such networks, as they
are the most studied ones. As a rule, one hidden layer is
enough to solve the vast majority of problems.

To select the optimal number of neurons in the hidden
NN layer, recommendations of the authors [25] were used,
which made it possible to solve the issue of quick finding of
the optimal NN structure. For the values of the Vo parame-
ter, 25 variants of the network were analyzed. While NN
training, a set of experimental data was divided randomly
into two subsets — training (70% of the data is used directly
for training) and testing ones (30% of the data is used to
control the NN ability to generalize information).

While training the selected NN, all the data of the in-
volved subset participated repeatedly in determining and
changing their weights (importance) in the network. At the
same time, the test subset data were not used in the procedure.
Their main function is constant control of the NN ability to
predict data that were not used in the training process. The
training took place in several cycles, at each of which the
error of the experimental data sets in the training and test
subset was determined in relation to the results obtained using
NN. We evaluated not only the absolute error value but also
the tendency of its changes in the process of network training.
The training was completed when the minimum number of
errors was reached in the test subset. Selection of the learning
algorithm was determined mainly by the speed of achieve-
ment and quality of the optimal parameters of the trained NN.

The developed NN determined the V¢or value based on a
set of known parameters — concentration of chlorine ions,
sulphate ions, carbon dioxide, carbon dioxide anions, hydro-
gen sulphide, and oxygen — and assessed the state of the
corrosion system based on the predicted corrosion rate val-
ues. NN was implemented using the Statistica Neural Net-
work package. The use of trained NNs helped obtain general-
ized dependences of the corrosion rates of structural steels on
the solution parameters; they were also the basis to forecast
the corrosion behaviour of steels.

Visual Basic was used to integrate the trained NNs into
Excel in the form of programme modules that made it possi-
ble to analyze quickly large data sets and visualize the results
of NN operation using standard means without developing a
user interface and a data input-output system.

3. Results and discussion

Figures 2 and 3 show the data for pipe steel 20 operated for
15 years and steel that was not in operation in the media with
different concentrations of chlorine ions, sulphate ions, hydro-
gen sulphide, carbon dioxide ions, carbon dioxide, and oxygen.

As it can be seen, in all cases, a change in the Vcor para-
meter is observed for the studied steels (at constant concen-
trations of other two impurities present in the mixture). At
the same time, the value of V¢ is always lower for steel 20,
which was not in operation, than for steels with a long ser-
vice life. In our opinion, it is related to the metal degradation
of pipe structures. It should be noted that an increase in oxy-
gen concentration in the solution (Fig. 2c) leads to deepening
of pitting, which is already noticeable when it increases from
2 to 6 mg/l. Along with a further increase in the content of
this impurity, the Veor growth becomes less steep.
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Figure 2. Effect of corrosion-active components of the simulated
medium on the corrosion rate of test samples made of
steel 20: (a) hydrogen sulphide; (b) oxygen; (c) chlorine

ions; 1 — steel operated for 15 years; 2 — steel that was
not in operation
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To assess the complex effect on V¢or of the studied com-
ponents, it was necessary to use NN analysis. The structure
and methods of NN training are not determined by the
nature of the analyzed data but depend on the number of
experimental results and the complexity of the learning
process. As an example, Figure 4 shows some results of
NN training for Veor.

The better the NN is trained, the closer the experimental
and network-predicted values of Vcor are, i.e. the curve of
dependence on the former should be located at an angle of
45 degrees to the coordinate axes. When evaluating the influ-
ence of each of the input parameters (concentration of oxy-
gen, hydrogen sulphide, oxygen dioxide and anions CI-,
HCOjs", SO4%) on the quality of the factor significance fore-
cast, a degree of deterioration of the NN in case of its ab-
sence was used.
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This approach is suitable for the current case, when there
is no mutual influence of the input parameters [26]-[29].

The sensitivity of each variable of the training and testing
subsets was evaluated by three parameters — “Rank”, “Error”,
and “Ratio”. The main parameter — “Error”— shows the NN
error when a certain input parameter and its structure are
excluded. The exception of the most important input parame-
ters generates naturally the largest forecasting error, indica-
ting the NN deterioration. The “Ratio” parameter shows the
ratio between the “Error” parameter and the NN error when
all input parameters are included in its structure, i.e. it is
equal to the growth rate of the NN error excluding a certain
input parameter from its structure. If the “Ratio” parameter is
1, the input parameter under consideration at least does not
affect the quality of learning; if it is > 1, then it affects.
Moreover, the higher the “Ratio” is, the more significant the
effect is. The “Rank” parameter ranks the importance of the
input parameters by the value of the “Error” parameter.

As an example, Table 1 shows the data obtained for the
ternary system: “concentration of oxygen, sulphate ions, and
chlorine ions”, from which it can be seen that the chlorine
ion concentration has the strongest effect on Vcor, and the
concentration of sulphate ions is much weaker.

Table 1. Effect of the components of a simulated solution on the
corrosion rate Veor Of pipe steel 20

Input parameters

Parameter training ___testing
concentration
Cl- SO#& O Cl- SO#& O
Rank 1 3 2 1 3 2
Error 0.193 0.051 0.087 0.174 0.032 0.065
Ratio 1831 272 934 1556 113 6.67

Thus, the most significant input parameter for the ana-
lyzed indicator Vo is concentration in the chloride solution.

For the computer experiments, the NN structure was se-
lected with its subsequent training, and the optimal number of
neurons in the hidden layer, which allowed optimizing the
errors of the selected-structure NN training and testing. A
combined gradient descent method was used as the learning
algorithm, making it possible to obtain root mean square errors
of testing and learning of 1.7-5.5 and 0.9-4.2%, respectively.
That indicates good NN training and its ability to predict a
pitting corrosion rate value with a sufficiently small error.

The trained neural networks were used to predict Ver both
within the experimentally tested input parameters and beyond
them. As one can see from Figure 5, V depends largely on the
concentration of chlorine and sulphate anions, hydrogen
sulphide, carbon dioxide, carbon dioxide ions, and oxygen.
Nevertheless, it is possible to trace some regularities.

Thus, it follows from the data in Figure 5a that along with
an increase in the concentrations of CI- to 6-10° mg/l and
H>S to 4-5 mg/I, the rate of local (pitting) corrosion increases
sharply with the following steady increase to the values of
V =0.8-1.0 mm/year. The same trend is observed for the
mixture containing O, and CI": with O; increase in the simu-
lated solution from 2 to 6 mg/l, the values of V grow sharply
to 0.4-0.5 mm/year, after which V increases smoothly up to
the values of 0.6 mm/year and more (Fig. 5b). At the same
time, an increase in the content of CI- in this mixture from
2 to 7-10% causes a sharp growth in V, after which the corro-
sion rate increases gradually.
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Figure 5. Corrosion activity of binary model systems while con-
tacting with structural steel 20, which was in operation:
(@) H2S - CI'; (b) H2S — HCO3

The data in Figure 5a, b show the growth of corrosion
damage to samples of pipe steel in a mixture consisting of O,
and SO4% anions. Oxygen (up to 7 mg/l) and sulphate anions
(up to 6 mg/l) exert the greatest simultaneous influence on
the corrosion rate. Exceeding the indicated concentration
limits of O, and SO4% anions leads to an increase in V values,
but not so significantly.

In general, from the analysis of the data shown in
Figure 6, it follows that the greatest degree of pitting corro-
sion is caused by binary mixtures H,S — HCO3', H.S — CI,
Cl - 3042", HCOg" - 3042".

The mixtures, including concentrations of Oz and CO;
components, showed less corrosive-aggressive ability, which
is confirmed by literature data [27], [28] and many observa-
tions from the practice of operating industrial structures in
zones of oil, gas, and gas condensate fields with different
corrosive activity.

The trained ANNS has helped analyze how the concentra-
tions of sulphate anion, chlorine anion, carbon dioxide anion,
hydrogen sulphide, oxygen, and carbon dioxide interact with
each other from the viewpoint of a complex effect on the
corrosion resistance indicator of structural steels, including
those placed outside the scope of experiments.
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Figure 6. Local corrosion of industrial steel 20, which was not in
operation, when interacting with a multi-component
corrosion-active simulated medium

To identify which type of corrosion resistance corre-
sponds to the specified medium conditions, it was necessary
to use trained neural network models to obtain sets of de-
pendencies Veor = f (K1; K2) and determine the lines of inter-
section of these dependencies for different, pre-selected
critical values of the Vcor indicator. These lines will deter-
mine the limits of states in relation to the corrosion resistance
of structural steels of industrial use. Here, the K; and K;
parameters represent a concentration of the components of
the studied binary systems.

Analysis of the results obtained with the help of neural
network modelling made it possible to obtain generalized
diagrams of predicted areas of corrosion resistance of
low-carbon structural steels in the media close to neutral chlo-
ride ones containing hydrogen sulphide, oxygen, and oxygen
dioxide (Fig. 6 and 7).
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Figure 7. Local corrosion of industrial steel 20, which was in opera-
tion, when interacting with a multi-component corrosion-
active model medium (HzS — Oz — CI- — SO4* — HCO3)

The data shown in Figures 6 and 7 made it possible to rank
the ingredients of the simulated solutions by corrosion activity
in the following order (as the corrosion activity increases):
COz — Oz — SO4% — HCO3 — CI" — H,S. It helped also deter-
mine the most corrosively active ternary systems of simu-
lated solutions, i.e.: HS — CI- — HCOg3'; HzS — CI- — SO4%;
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H2S — CI" — Oz; HzS — HCO3 — SO4%; ClI" — HCO3 — SO4*
and binary: H,S — CI'; H2S — HCOg37; HaS — SO4%; ClI- — HCOg
and CI" — SO4*.

The analysis of the given data (Figs. 6 and 7) shows that
NN allowed determining unambiguously the areas of corro-
sion behaviour of steel and demonstrated the tendency to
pitting corrosion in solutions with different concentrations of
active anions and dissolved gases. The obtained results made
it possible to draw conclusions about the water-chemical
regimes, which do have negative effect on the design term of
the accident-free service of industrial metal structures, being
12-15 years with a pipe wall thickness of 8-12 mm. When
adopting this indicator, the maximum rate of pitting deepe-
ning should not exceed 0.1-0.2 mm/year (otherwise, the pipe
wall reduction will exceed half of the thickness, which is not
permissible according to design standards). While operating
tubular steel 20 in real chemically active media, the corrosion
behaviour will be very sensitive even to slight changes in the
concentration of chlorine and sulphate ions, while the effect
of changes in the oxygen and carbon dioxide content in the
solution is not so great. Thus, basing on the data obtained
during the experiments, we can conclude the following: to
eliminate the premature failure of metal structures, it is nec-
essary to limit the concentrations of SO%, Cl, HCOs", H;S,
CO; and O in the corrosion-active mixtures at a level not
higher, respectively (mg/l): 6-8; 6000-8000; 200-300; 1.5-2;
8-10; 4-6. At the same time, it should be noted that the given
indicators refer only to pipe materials that do not contain
macrodefects and non-metallic impurities such as sulphides,
in terms of which the growth rate of local sources of corro-
sion steel damage increases sharply. Relying on the depen-
dencies similar to those shown in the diagram (Figs. 6 and 7),
it is possible, to predict qualitatively the corrosion behaviour
of pipe steel in a specific case, without performing time-
consuming auxiliary studies.

It should be emphasized that the results shown in the dia-
grams of Figures 6 and 7 are in agreement with many known
corrosion cases of metal structures made of carbon and low-
alloy steels and operated in natural and industrial chlorine-
containing media, typical of the oil and gas industry. The trained
NN helps expand a range of predicted values of significant
factors beyond the limits of the experimental data, i.e. to predict
the value of V¢ in very dilute or concentrated salt solutions in
acidified and neutral pH areas. It should be highlighted that the
error of the NN forecast results will grow along with the distanc-
ing from the scope of data of the experimental results.

The ANN uniqueness is in the ability to determine unam-
biguously the area of high viscoplastic properties of pipe
carbon steel and show in which cases it is prone to a decrease
in resistance to microcrack formation due to metal weaken-
ing and how this process is affected jointly by hydrogen and
sulphur. When using grade 20 carbon structural steel at the
enterprises of oil and gas and machine-building industries, the
tendency to embrittlement and destruction will be significant
with an increased content of sulphur and hydrogen in the met-
al, even despite the relatively low content of harmful impuri-
ties of sulphur (0.030-0.045%) and hydrogen (5-15)-10%.

The obtained dependencies make it possible to use neural
network modelling for qualitative prediction of the mechani-
cal crack resistance of pipe steel in specific operating condi-
tions, without conducting additional complex and time-
consuming research.
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It should be noted that further ANN study and training
will help expand a range of predicted values of factors be-
yond the limits of the experimental data, i.e. to predict the
values of viscosity and plasticity indicators of steels, which
are responsible for crack resistance of steels containing such
elements as sulphur and hydrogen. We consider that ANN
will reveal the hidden and difficult-to-analyze connections.

4. Conclusions

For the first time, the authors has made an attempt to de-
velop and train ANN based on a limited selection of the expe-
rimental data to obtain missing information for correct deter-
mination and engineering prediction of the viscoplastic proper-
ties of steels in a wide range of changes in chemical elements.

The research has resulted in the identified negative influence
of hydrogen, sulphur, and oxygen on the viscoplastic charac-
teristics of metal, which are responsible for crack resistance
of pipe structures at oil and gas enterprises.

It has been proved that modelling of the processes of cor-
rosion resistance by a neural network is an effective tool to
analyze and generalize the experimental data during corro-
sion in terms of numerous factors and lack of information.

For the first time, the technological possibility to use neu-
ral network analysis for engineering assessment of corrosion
activity of binary solution systems, which are found most
often in the industrial conditions of the oil and gas sector, has
been demonstrated.

According to the analysis of the results of training in
terms of a small volume of all possible situations, the method
of neural network modelling can be used to determine and
predict the viscoplastic properties of the pipe material, which
experience non-symbate (non-linear) changes under the in-
fluence of elements of the chemical composition of steel.
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Heiipomepe:keBuii anai3 6e3me4HOro pecypcy NpoMUCI0BUX KOHCTPYKIiA HAPTOra30B0ro Npu3HaYeHHs
1O. Bunnukos, M. Xapuenko, C. Manrypa, A. AHickiH, A. MaHrypa

Mera. [locmimkeHHs: 6€3MeYHOT0 pecypcy MPOMHUCIOBHX (METaICBUX) KOHCTPYKILIH, AKI TPHBAIHN MEPioJ Yacy eKCIUTyaTyIOThCs Y KO-
PO3iifHO-aKTUBHUX CEepeNOBUINAX HAQTOra30BUX CBEPUIOBUH, 32 JOIIOMOTI0I0 HEHPOMEPEKEBOTO aHAIIIZY.

MeToaunka. B sSKOCTI IHCTPYMEHTAIBFHOTO CEpelOBHINA JUI MOJCIIOBaHHS iHTepdeiicy Oyna BuOpana cucrema MATLAB (MATrix
LABoratory — marpuuHa nabopartopis), sika po3pobieHa crenianicramu Math Works Inc i npezacrasisie co6010 MOBY IporpaMyBaHHs BHCO-
KOTO PiBHS U TEXHIYHNX OOYMCIEHb. I3 ICHYIOUHMX TPHOX IapaJurM HAaBYAHHS, HAMH BUKOPHCTOBYBABCS IPOILEC HABYAHHS ‘3 BUHTEIEM”,
TOOTO BBa)KaJIH, IO HEHPOHA Meperka BOJIOJIE MPABWIBHUMH BiAMOBIAIMHU (BHXOJaMHU MEpEki) Ha KOXKHUH BXigHUi npuknan. KoedimienTn
HAJIAIITOBYBAJIHCA TaK, 100 Mepexa JaBaia BiAMOBIl, SK MOYKHA OLTBII OJIM3BKI 10 BIJOMUX MPABWIBHUX BiATIOBIIEH.

Pe3yabTaTn. 3a 1OMOMOTOI0 IITYYHOI HEHPOHHOI MEpEXi OTpUMaHa y3arajJbHEHa Jiarpama nepeadadyyBaHHX 00JacTeil BUCOKUX B S3KO-
MIACTUYHHX XapaKTePUCTHK BYTJIEIEBUX CTaleH, [0 BUKOPUCTOBYIOTBCS IJISI BUTOTOBICHHS METATOKOHCTPYKIIiH y HadTorasosiit mpommuc-
JIOBOCTi. 3 BUKOPHCTaHHSIM HAaBYCHUX HEHPOHHUX Mepex Oyin OTpUMaHi y3arajibHEHi 3aJIeKHOCTI IIBHIKOCTEH KOpO3ii KOHCTPYKIIHHHX
CTayeil BiJ| MapaMeTpiB CEpPelOBHIL 3 PiI3HUMH KOHILEHTPALisIMH XJIOpP-iOHIB, Cyib(aT-ioHiB, CIDKOBOIHIO, 10HIB BYTJIEKHCIIOTH, TBOOKHCY
BYTJICIIIO Ta KUCHIO 1 Ha X OCHOBI OyB BUKOHAHHI ITPOTHO3 KOPO3iHHOT MOBEIIHKK CTaJIeH.

HaykoBa noBu3na. Ha npuriiani cucremu “crans 20 — XJIOPKHCEHbBMICHE CepeJOBHIIE” BIEpIIe MOKa3aHa MOXKJIMBICTh 3aCTOCYBaHHS
HEHpOMEPEKEBOTO MOJICNIOBAHHS U MPOTHO3YBAHHS JIOKATBHUX KOPO3IMHHMX YIIKOIKEHb KOHCTPYKIIMHMX TpyOHHX cTaned. Bmepme
MOKa3aHa TEXHOJIOTIYHA MOXKJIMBICTh BUKOPUCTAHHS HEHPOMEPEKEeBOT0 aHali3y Ul iHKEHEPHOT MPOTHO3HOI OLIHKM KOPO31HHOT aKTHBHOCTL
OiHapHUX CHCTEM MOJEIBHUX PO3YHHIB, IKi HAHOUIBII 9acTO 3yCTPIYalOThCSA y MPOMHUCIOBHX YMOBaX Ha()TOra30BOr0 CEKTOPY €KOHOMIKH.

IpakTnyHa 3HAYUMICTH. 3aIPONIOHOBAaHA TEXHOJIOTIS 3aCTOCYBAaHHS HEHPOMEPEIKEBOTO aHAII3Y TO3BOJIUTH POLIMPHUTH Jiala3oH Iie-
penbadyBaHNX 3HAUEHb 332 MEXaMU EKCIIepUMEHTAIbHUX JaHHX, 30KpeMa, MPOTHO3YBAaTH 3HAYEHHS Viop B JAy’Ke pO30aBIEHHX YU KOHIICHT-
POBaHUX PO3YMHAX COJEH B MIAKHUCICHUX 1 HEUTpadbHUX Mexxax pH. Ciix BiAMITHTH, IO TOMMIIKA PE3YJIBTATiB IPOTHO3Y, 10 BHIAETHCS
HEHPOHHOIO Meperxero, Oye 301IbIIyBaTUCS 10 Mipi BiIaJIEHHs Bil IPOCTOPY €KCIIEPUMEHTAIBHUX JaHHX.

Knruosi cnosa: xoposis, mpinyunocmiikicms, iOHU, HEUPOH, MOOENIOBAHHSL, NIMIH2
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