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1. Introduction

The main types of failure of underground metal pipelines 
(UMP) of oil-and-gas enterprises include [1, 2]:

1) mechanical failure of structural material;
2) corrosion as an arbitrary process of metal failure 

caused by electrochemical, chemical, biochemical interac-
tion with the medium.
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Сформовано множину визначальних пара-
метрiв та iнформацiйних потокiв для моделю-
вання етапiв зондування зовнiшньої поверхнi 
пiдземного металевого трубопроводу (ПМТ) з 
урахуванням водневого показника (ВП) ґрун-
ту, який контактує з металом труби.

Проведено обстеження зразкiв сталi 17Г1С, 
помiщених у кислi, лужнi та нейтральнi сере-
довища. Обстеження здiйснено за допомо-
гою вимiрювача поляризацiйного потенцiа-
лу у комплексi з безконтактним вимiрювачем 
струму. Сформульовано принципи викори-
стання нейронної мережi (НМ) для опрацю-
вання результатiв експерименту. Розроблено 
базу даних, яка вiдповiдає початковим умовам 
для контролю ВП ґрунту на межi з металом в 
реальних умовах.

Запропоновано елементи оптимiзацiйного 
пiдходу щодо оцiнювання ВП ПМТ з покрит-
тям у ґрунтовому середовищi. В основi пiдходу 
лежить мультиплiкативний квалiметричний 
критерiй якостi для дiлянки ПМТ з урахуванням 
двох груп коефiцiєнтiв. Перша група коефiцi-
єнтiв стосується внутрiшнiх коефiцiєнтiв i 
характеризує метал трубопроводу, а друга –  
зовнiшнього середовища (ґрунтового електро-
лiту). Запропоновано елементи оптимiзацiй-
ного пiдходу щодо оцiнювання ВП трубопрово-
ду з покриттям у ґрунтовому середовищi.

Представлено НМ для системи "трубопро-
вiд – покриття", яка:

1) здатна сприяти розв’язуваннi задачi  
кластерного аналiзу i класифiкацiї образiв;

2) дозволяє виконувати обробку даних без 
попереднього спектрального перетворення, 
оперуючи з дискретними вiдлiками iнформа-
цiйних сигналiв.

Запропонований тип НМ дозволяє їй 
динамiчно розширювати власну базу знань про 
можливi типи дефектiв контрольованих об’єк-
тiв (трубопроводiв) у процесi роботи. З допо-
могою НМ для ПМТ (зi сталi 17Г1С) проведе-
но оцiнювання ВП ґрунту для трьох ситуацiй.

Вiдзначена iнформацiя є важливою для удо-
сконалення методiв контролю ПМТ нафтога-
зових пiдприємств, зокрема, методик корек-
тного оцiнювання густини анодного струму у 
дефектах металу з урахуванням нелiнiйного 
характеру iнформативних параметрiв
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External factors of electrochemical corrosion of metal (of 
oil-and-gas enterprise UMP) include [1]:

1) acidity (alkalinity) of the soil that:
a) is characterized by activity of hydrogen ions, composi-

tion and concentration of solutions;
b) is determined by hydrogen exponent (pH) of the soil 

media;
2) temperature, pressure;
3) electrolyte flow rate;
4) contact with other metals, etc.
Hydrogen exponent (pH) of soil media is the most im-

portant of all above-mentioned technological factors which 
influences rate of corrosion failure of oil-and-gas enterprise 
UMPs [1‒3]. The factors determining influence of corrosion 
activity of soils on the UMP metal show difficulty of diag-
nosing oil-and-gas enterprise UMPs in soil media. As is well 
known, the list of main factors includes [2, 4, 5]:

1) structure and granulometric composition of the soil;
2) composition of the soil electrolyte;
3) moisture content;
4) total acidity or alkalinity of the soil;
5) air permeability;
6) concentration of hydrogen ions;
7) oxidation-reduction (redox) potential; 
8) electrical resistance of the soil;
9) bacteria.
Means of mathematical modeling and information tech-

nology should be applied to the “pipeline-coating” system 
and, accordingly, to forecasting service life of oil-and-gas 
enterprise UMPs using neural networks.

At the same time, the procedure of estimating the UMP 
hydrogen exponent as a significant characteristic of elec-
trochemical metal corrosion on the pipe surface is of high 
importance. A concept of ensuring reliable and safe long-
term operation of oil-and-gas enterprise UMPs taking into 
account hydrogen exponent (pH) of the soil contacting with 
the pipe metal is also important. The said concept includes:

1. Analysis of the results of non-destructive testing 
(NDT) of the UMP metal and replacement of worn pipeline 
sections according to the monitoring statistics available 
from the exploiting oil-and-gas enterprise.

2. Examination of oil-and-gas enterprise UMP sections 
using modern NDT methods and means, in particular, diag-
nosing pipelines by means of instruments such as a contact-
less current meter (CCM) and a polarization potential meter 
(PPM) enabling:

1) early diagnosing of damage;
2) identification of stress concentration zones (SCZ) 

as the main factors causing (or promoting) damage devel-
opment.

3. Additional control is provided by conventional NDT 
means (ultrasonic diagnosing and X-ray control for iden-
tification, analysis and assessment of state) and study of 
mechanical properties and structure of the metal after dig-
ging prospect-holes at the oil-and-gas pipeline sections with 
detected SCZ.

4. For individual most stressed sections with detected 
SCZ remaining in operation, verification calculation of the 
structure elements is performed for determining service life 
taking into account nature of damages and conditions of 
wear of the pipeline metal.

5. The results of comprehensive study are summarized 
and measures to ensure reliability of the oil-and-gas enter-
prise pipelines are developed with drawing up a schedule of 

replacement of physically worn pipe sections most vulnera-
ble to damage.

The proposed concept is based on assessment of a real 
service life of underground pipelines of oil-and-gas enter-
prises. This assessment combines exploitation experience 
(past damage statistics) and early prognostication of future 
damages using modern methods and means, in particular 
appropriate instruments such as PPM and CCM. The use of 
neural networks is also important here (that is, in the given 
diagnosing).

The study urgency is determined by two main factors. 
First, the “metal pipeline – coating” system should be con-
sidered as a complex system with its own features. This sys-
tem includes a plurality of key parameters and information 
flows for simulation of the stages of sensing the external 
UMP taking into account pH of the soil contacting with 
the pipe metal. Secondly, for correct forecasting life of UMP 
contacting with the soil electrolyte, correct criteria of esti-
mating pH on the surface of the oil-and-gas enterprise UMP 
should be used with application of a neural network.

It is clear from the aforesaid that the issue of diagnosing 
the of oil-and-gas enterprises UMPs operated in soil media 
based on current realities with application of neural net-
works is relevant and requires additional studies.

2. Literature review and problem statement

It was established that the issue of quality of under-
ground metal pipelines is associated with the processes 
occurring at the “metal – coating” boundary.

Sour, alkaline and neutral soils are the main types of 
natural soils [1]. It was noted in [2, 3] that electrolytic 
composition of the soil medium significantly influences rate 
of growth of defects such as cracks in the pipe steel. Specifi-
cally, it was proven in [4, 5] that many factors influence the 
process of soil corrosion of underground metal structures, 
namely, water content, chemical composition and pH value 
of the medium, electrical resistance, soil type, salinity, noise, 
porosity, etc. Some processes involved are associated with 
hydrogen [6]. However, there is no systemic orientation and 
applied nature of the study in this area was not considered 
in [4, 5] which significantly limits possibilities for effective 
engineering and making technological decisions concerning 
the problem.

At the same time, it is worth noting that basic principles 
of diagnosing complex systems for enterprises (considering 
the diagnostic value of information and risks) are presented 
in [7, 8].

It was established that in order to solve the problem of 
qualitative assessment of underground metal pipelines of oil-
and-gas enterprises, it is necessary that:

1) diagnosing of the UMP operated in corresponding 
types of soil media (acidic, alkaline, and neutral) was con-
ducted [1];

2) relevant investment projects (decisions) of moderniza-
tion and reconstruction were implemented which would be 
prospective for further studies in this direction [9, 10].

As regards diagnosing UMPs in corresponding types 
of soil media, properties of the coating (a thin film) on the 
metal surface and their potential features are important. In 
particular, the metal surface is usually characterized by elec-
tric potentials as well as certain values of re-passivating po-
tentials [6]. Disadvantage of study [6] consists in that it did 
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not present a concrete procedure for evaluating connection 
of the polarization potential with characteristics of defects 
on the outside surface of the metal pipe.

Also, it should be noted that the quality criterion for 
UMPs of oil-and-gas enterprises was presented in [8]. How-
ever, the study does not show impact of chemical composi-
tion of the soil electrolyte as well as moisture content and 
total acidity or alkalinity of the soil on the UMP quality. 
A positive fact in this regard consists in that a toolkit for 
assessing investment projects of enterprises and quality cri-
teria was presented in [9, 10].

In this context, it has been established that the method 
of contactless measurement of currents and potentials is cur-
rently used for pipeline probing [8]. This makes it possible 
to promptly control corrosion protection of UMP and find 
locations of corrosion defects [11, 12].

It has been found out that simulation of corrosion 
processes in pipelines taking into account electrophysical 
parameters and energy characteristics of interphase layers 
can be carried out based on the relations given in [13, 14]. 
However, connection between energy characteristics of 
interphase layers and electric currents and potentials in 
the vicinity of the pit nose in the metal surface was not de-
scribed in [13, 14]. A connection of energy characteristics 
of interphase layers with electric currents and potentials 
on a flat defect-free metal surface was fragmentally pre-
sented in [15].

Elements of nonlinear nature of corrosion defect propa-
gation from the outside surface contacting with soil electro-
lyte in the depth of the pipe wall are presented in scientific 
articles [16, 17]. Specifically, a probabilistic approach to 
structural analysis of the processes occurring in UMP was 
proposed in [17]. However, features of connection of the pro-
cesses taking place in a pipeline with electrical currents and 
potentials measured by means of instruments of CCM type 
were not reflected in studies like [16–18].

Proceeding from the results obtained in preliminary 
studies [15, 17], it was proven that the processes character-
istic of the “pipeline ‒ cathodic protection system (CPS)” 
system can be analyzed with the help of neural networks 
(NN). However, the studies [15, 17] did not describe the 
procedure of NN application to the “pipeline – dielectric 
coating” system.

Examples of evaluating service life of UMPs with taking 
in account fatigue life are given in [18, 19]. Proceeding from 
the results obtained in [20, 21], elements of solution of the 
problem of controlling quality of gas-and-oil transportation 
system operation were formed with the help of probabilistic 
approach and NN.

The results of analysis of [22, 23] show that due to 
application of NN, it is possible to analyze the information 
obtained in diagnosing a coated pipeline section with the 
help of CCM and PPM instruments and predict service 
life of a UMP with detected defects taking into account 
value of the pipe surface pH and the effect of corrosion 
fatigue in the metal in conditions of electrochemical cor-
rosion.

Substantiation of evaluation of service life of a UMP tak-
ing into account fatigue life and the processes occurring in 
the “UMP ‒ soil medium” system is one of the main problems 
of oil-and-gas enterprises in controlling quality of operation 
of oil-and-gas transportation systems. All this, in view of 
expediency and importance of this problem solution, has 
predetermined the study objective and tasks.

3. The aim and objectives of the study

The study objective was to evaluate hydrogen exponent 
(pH) on the surface of underground metal pipelines exploit-
ed by oil-and-gas enterprises in conditions of electrochemi-
cal corrosion using a neural network.

To achieve the objective, the following tasks were set:
– conduct examination of 17G1S steel specimens placed 

in soil media of various types using a polarization potential 
meter and a contactless current meter and formulate princi-
ples of NN application to processing of experimental results;

– improve the quality criterion for the “UMP-coating” 
system taking into account characteristics of the corroding 
soil medium;

– using the initial conditions as well as the developed 
NN, propose variants of assessment of the UMP hydro-
gen exponent and corresponding probabilistic parameters 
characterizing features of the outside surface of the pipeline 
metal at the boundary with the soil electrolyte.

4. Materials and methods used in studying the influence 
of soil medium on technical condition of underground 

metal pipelines

Because of the high level of wear of components of the 
gas transportation system (GTS) and imperfection of state 
control over its safety, an increase in the number of emergen-
cies (accidents and failures) on the GTS was observed in re-
cent years. The following information is given for reference. 
According to analytical materials, average depreciation of 
the gas transportation system of Ukraine exceeds 60 %. 
Almost 20 thousand kilometers of main gas pipelines (from 
total 33.25 thousand km) in Ukraine are operated for more 
than 33 years. Up to 29 % of Ukrainian gas pipelines have 
already exhausted their depreciation period [15].

It was established that the conventional approach to 
maintaining efficiency of the UMPs of oil-and-gas enter-
prises cannot ensure the GTS reliability and safety because 
of their large length and different technical condition of in-
dividual sections. Therefore, the main strategy for ensuring 
high reliability of main systems consists in operation and 
repair “at the actual state”, that is, transition to a selective 
“point” repair of elements and sections according to the 
results of diagnosis of many kilometers of pipelines. For this 
purpose, diagnostic instruments are used. They are working 
on the electromagnetic field principle [15].

Let us consider an UMP pipe made of 17G1S steel. The 
pipe is buried. The corrosive medium features presence of 
soil electrolyte as shown in Fig. 1. Outside diameter of 
the pipe is D, wall thickness is d, inside diameter is D-d. 
Presence of coating deformation and peeling is possible 
in some places. The gaps in those places may create voids 
filled with aqueous solution of soil electrolyte. Conse-
quently, under the influence of moisture, corrosion defects 
such as pitting and cracking are formed. Over time, pit-
ting extends into the depth of the metal under the effect 
of soil electrolyte.

The neural network (for the “pipeline-coating system”) is 
capable of solving the problems of cluster analysis and image 
classification and also makes it possible to process data with-
out prior spectral transformation by using discrete counts of 
information signals. Taking into account [24, 25], this type 
of neural network allows it to dynamically extend its own 
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base of knowledge of possible types of defects in controlled 
objects (pipelines) in their operation.

Fig. 1. Schematic representation of types of soil media: 	
A – acid medium; B – neutral medium; C – alkaline medium

It is necessary to point out the network feature: both 
matrices of weight coefficients (W and V) are united into 
one matrix W. Components of the input vectors X are 
experimental data normalized in the interval [0, 1]: Х= 
={х1, х2, ..., хm}, and X [0, 1]. The F2 recognition layer 
contains neurons storing information about the class base.

At the beginning of the neural network learning process, 
each class j is set to an inactive initial state. A matrix of 
weight coefficients, W, is located between the input and the 
recognition layer. All its elements (weight coefficients) are 
first initialized by units, that is, wij=1 for i=1, 2,..., n and  
j=1, 2,..., m (the index i corresponds to the element of the 
input vector, and the index j corresponds to the neuron (the 
class number) of the recognition layer). The following pa-
rameters are also set in the network:

,
j

j

j

X W
y

a W

∩
=

+
 				    (1)

where a is the parameter of choice a>0, which determines 
the class choice at the time of classification; n [0, 1] is the 
correction factor that significantly influences speed of the 
neural network; p [0, 1] is the coefficient of sensitivity of 
the classifier or the level of similarity of the input and ref-
erence signals governing the process of forming the classes 
of signals.

To determine the class k which includes the input pa-
rameter (vector) X, the degree of activation of neurons (1) is 
determined initially:

where X is the input vector; Wj is the vector of the weight 
coefficients of the neuron j reflecting the standard in the 
neural network memory; a is the parameter that represents 
the class choice during classification; ∩ is the operator of in-
tersection of two fuzzy sets (the operator of fuzzy AND); |M| 
is the L2-norm of the vector in the Euclidean space.

In this case, the input vector X belongs to the class yj for 
which the degree of activation is maximal

( ) ( ): max .k k jj
y y y=

In cases where two classes have the same maximum 
activation value, a class with a reference signal having the 
lowest index is selected. This ensures allocation of neurons 
of the recognition layer F2 to each class of the input signals 
in a sequence 1, 2, ..., n.

During execution of this criterion, the process of adapta-
tion (modification) of weight coefficients is activated. Oth-
erwise, the search for an alternative class continues in the 
layer of recognition or a new neuron is selected to form a new 
class of input signals. The vector of the weight coefficients is 
corrected according to the rule:

( ) ( ) ( ) ( )1 1 ,J j jW t X W t W t + = h ∩ + + h   	 (2)

where t is the number of the current learning stage; h is 
the coefficient determining speed of learning the neural 
network.

Classical architecture of the network is sensitive to the 
order of presentation of input vectors during operation. 
This drawback manifests itself during implementation of the 
second phase (the phase of comparison) in the F1 layer and 
is associated with the operator of fuzzy AND. In the math-
ematical representation, this operator functions as follows: 

( )min , ,X Y X Y∩ =  that is, for a certain

( )min , .i i i i ix y x y x£ = =  

Thus, provided that ,k i iw x≥  for all i=1, n, and at ,kX W∉  
the comparison operation results in:

1,kX W X

X X

∩
= =  				    (3)

which in turn will not activate the reset signal and the vector 
will be classified incorrectly. To solve the above drawback, 
the classical architecture and the network operation algo-
rithm were modified. To this end, the operator of the fuzzy 
OR was additionally used 

( ): max , ,X Y X Y∪ ∪ =  

that is, the following will take place at a certain i ix y£ :

( )max , .i i i i ix y x y y∪ = =  

The degree of discrepancy between the input vector X 
and the reference image Wk in the database of the neural net-
work is determined in a modified network in the comparison 
layer at the second phase:

( ) ( )
* .k kX W X W

p
X

∪ − ∩
= 			   (4)

At ,k j iw x=  (for all i=1, n), p*=0 and it will grow in 
proportion to the increase in discrepancy between the two 
signals. Activity of the winning neuron will be reduced if the 
condition p*≤1–p is not met (p is the coefficient of the classi-
fier sensitivity). This approach gives independence from the 
order of presentation of input vectors and the modified neu-
ral network can be used to solve the problems of nonstandard 
diagnosing of pipelines. Fig. 2 shows a block diagram of the 
implemented modified neural network in which the blocks 
added to the classical implementation are highlighted.

Novelty of the neural network (Fig. 2) consists in the 
fact that the proposed method makes it possible to reduce 
the time of learning the ANN and, unlike the other methods, 
includes algorithms and methods of NN with many criteria, 
not with one. Taking into account alternative approaches to 
NN formation [26, 27], this is an advantage provided that 
this NN is sufficiently loaded with data from the database. 
With this method, it is possible to display forecasting graphs 
in a percentage dependence and add various criteria during 
forecasting the processes. At the same time, the proposed 
approach to NN formation is characterized by a novelty con-
sisting in the fact that the winning neuron unit is used at the 
first stage of forecasting the neural network. At the second 
stage of forecasting, the data are compared using two blocks: 
response formation unit and the winning neuron unit as 
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shown in the diagram. In the final version, the results of the 
two blocks are compared and the best result of the forecast 
is output.

Fig. 2. Block diagram of the neural network

Thus, due to the use of the neural network, in the event 
of appearance of new data in the system memory, a new class 
is formed which will correspond to the given object (a coated 
pipeline) and corrective setting-up of the neural network 
classifier is made. That is, it is possible to learn the system 
in the control process and there is no need to generate a 
large number of reference specimens for initial set-up of the 
system.

5. Quality criterion for a metal of underground pipelines 
of oil-and-gas enterprises

Let us consider a product of kP=k1×k2×k3 type in the 
same way as in [8]:

– k1 is the coefficient of UMP reliability;
– k2 is the coefficient characterizing strength pS of the 

UMP metal;
– k3=k3(TS, NС) is the coefficient characterizing the 

term of trouble-free operation, TS, (i. e., service life) of the 
structure (pipe) taking into account NС (NC is the number 
of loading cycles, that is, the base of tests for resistance to 
corrosion fatigue).

In the same way as in [8], represent the multiplicative 
qualimetric quality criterion for the UMP section in the 
improved form:

9

1 1 1 2 3 2 i
4

 ,
i

Z k k k k
=

= b ⋅ ⋅ + b ∏ 			   (5)

where k4, k5, k6, k7, k8, k9 are the coefficients characterizing 
the corrosive medium (soil), respectively:

– k4 is the structure and granulometric composition;
– k5 is chemical composition of the soil electrolyte and 

concentration of hydrogen ions;

– k6 is moisture content and oxidation-reduction (redox) 
potential; 

– k7 is total acidity or alkalinity of the soil;
– k8 is air permeability;
– k9 is electrical resistance;
– b1, b2 are weight coefficients.
It is worth noting here that coefficients ki (i=1, 2, ..., 9) 

are conventionally divided into 2 groups. The first (1) group 
of internal coefficients k1, k2, k3 characterizes the pipeline 
metal. The second (2) group of coefficients k4, ..., k9 refers to 
the external medium, that is, the soil electrolyte.

Coefficients k1, k2, k3 depend on the following informa-
tion parameters, namely:

– Df – defectiveness of the metal surface layers;
– nZ is strengthening of the pipe metal;
– sve(NС) is the limit of corrosion fatigue (NС is the num-

ber of deformation cycles to the structure failure);
– KS is the coating effect on corrosion resistance;
– TS (of the service life) is the term of trouble-free op-

eration; TS (service life) of the structure (pipe), taking into 
account NС;

– Up is compliance with the optimal range of the polar-
ization potential. That is:

( ), , , , , , ,i i f Z e S S C Pk k D n K T N Uν⋅ = s  1,  2,  3.i = 	 (6)

Let us also introduce quality criterion Z2 in the additive 
form similar to [8]:

2 1 1 2 2 3 3 4 4 5 5

6 6 7 7 8 8 9 9 max,

Z a k a k a k a k a k

a k a k a k a k

= ⋅ + ⋅ + ⋅ + ⋅ + ⋅ +
+ ⋅ + ⋅ + ⋅ + ⋅ Þ 	 (7)

where aj ( j=1, 2, ..., 9) are weight coefficients assessed by the 
expert method.

In the first approximation, choose: a1=a2=…=a9=1/9; 
b1=b2=0.5.

Thus, relations (5)–(7) are the basis of an optimization 
approach to assessment of the hydrogen exponent (pH) for a 
coated pipeline placed in a soil medium under conditions of 
electrochemical corrosion.

6. The results obtained in forecasting service life of 
underground pipelines in various soil media using neural 

networks

Let us monitor state of a pipeline in alkaline, neutral, and 
acidic media with the help of CCM and PPM instruments. 
Contactless current measurements are used in examination 
of electrically conductive lines (underground metal pipe-
lines, cables, etc.) to determine current distribution in the 
line networks. Probability of defects formed on the outside 
surface of the underground pipeline is established on the 
basis of such measurements.

Experimental studies were carried out and the degree of 
protection P of specimens of 17G1S steel in various media 
was assessed on their basis. This study was conducted at a 
condition that the protective potential on the UMP surface 
is jp=–0.83 V, that is, 20 mV less than the limit potential 
jp*=–0.85 V [11]. Consequently, electrochemical corrosion 
on the surface of the specimens will be adequate because 
condition for protection is |jP* |>0.85 V.

The measurement results are given for three types of 
external media (acidic, neutral, alkaline) and illustrated 
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in Fig. 3. Unlike [11], this study considered three types 
of media (sour, neutral, alkaline) under the condition of 
|DjP* |»0.02 V. There was no information in [11] about the 
medium pH and to assess deviations of polarization poten-
tial, |DjP|, actual values of jP were determined (measured) in 
the section of the defective tube.

The horizontal axis in Fig. 3 was used for relative po-
larization current, A, and the vertical axes for the degree 
of steel protection, P, to build curves for the three media in 
which the study was conducted.

Fig. 3. Information on the degree of protection P=1–1/g in 
the conditions of cathodic protection of 17G1S steel against 

external media having various pH values 	
(1≤A≤14; PnÞpH=6.9; PLÞpH=11.0; PkÞpH=3.5)

In Fig. 3, А=iр/icor is the relative polarization current; iр, 
icor are densities of polarization and corrosion currents, re-
spectively; g=icor/ia is the coefficient of corrosion inhibition; 
ia, ik are densities of anode and cathode currents; ip=ik–ia.

Data in Fig. 3 correspond to a one-year period of re-
cording corrosion dissolution of 17G1S steel specimens 
in three types of media. Fig. 3 characterizes the base of 
real information data (initial conditions) for further mea-
surements. According to the data in Fig. 3, the coefficient 
of corrosion inhibition gºicor/ia was determined. Errors 
in parameters A, P, g did not exceed 5 % for the range of 
A=1¸14.

Taking into account the information given in [11], a pro-
cedure was proposed for controlling the hydrogen exponent 
(pH) of a corrosive medium on the surface of an under-
ground metal pipe with application of a neural network.

Let us consider a project to control pH of the soil medi-
um near the outside surface of a metal underground pipe. To 
optimize the procedure of pH control, the quality functional 
J(Pk, FB(Pk)) [12] was used taking into account the coeffi-
cient of sensitivity βR and feedback:

( )( ) ( )
0

, , , , d opt,
kt

k k R
t

J P FB P f y u s t= b Þ∫ 		  (8)

where: 
y  is the vector of specified impacts on the pipeline (yj(t) 

are the components of the y  vector (determining parame-
ters of the USGP (underground steel gas pipelines) system 
and coating)) which is characterized by the ki coefficients 
included in correlations (5)–(7) ( j=1, 2, ..., n);

u  is the vector of information flow controls;
s  is the vector of indeterminate perturbations;
Pk is the information flow (k=1, 2, ..., m);

m is the total number of information flows, Pk, considered 
in this project (pH control in a concrete place on the surface 
of the underground pipe);

[t0, tk] is the time interval in which the process is consid-
ered (formation of optimal values of the parameters corre-
sponding to Pk);

( ), , ,f y u s b  is the function reflecting the project quality;
bR is the coefficient of sensitivity;
FB(Pk) is the function characterizing feed-back between 

the flows Pk and the project environment taking into ac-
count the sensitivity βR coefficient and expert opinions;

opt is the optimization symbol.
Improvement of the procedure for quality assessment 

and hence the procedure novelty is related to the fact that 
the quality criterion for the “UMP-coating” system (5)–(7) 
is supplemented with the quality functional (8) taking into 
account sensitivity βR and the feedback.

To implement the above processes of the project (pH 
control), we have proposed to use the intellectual forecasting 
system of control of technological processes united in a sin-
gle information complex similar to that in [11]. At the same 
time, we have recommended that the information complex 
and the equipment for measuring constant and alternating 
voltages and determination of the polarization potential be 
combined in a single information space.

Application of the developed neural network presented 
above makes it possible to describe the procedure of prop-
agation of corrosion defects in the depth of the pipe wall 
physically substantiated and mathematically more correct 
in contrast to the standard procedure. To do this, it is neces-
sary to know pH of the soil medium outside the pipe.

The results obtained with application of the neural net-
work and relations (1)–(8) are presented in Fig. 4. Study 1 
corresponds to some point on the surface of the underground 
pipe. Study 2 corresponds to a point located at a distance of 
5 m from the first point and Study 3 corresponds to a point 
located at a distance of 10 m from the first point. Actual 
currents and voltages measured by means of CCM and PPM 
instruments are the main informative parameters for deter-
mining pH of the medium in the given point on the under-
ground pipeline surface.

Currents and potentials are the main informative pa-
rameters in the initial conditions (that is, those in Fig. 3). 
They were experimentally established according to the ap-
proach described in [11]. Actual currents and voltages were 
compared with analogous parameters in initial conditions 
(i. e., with the data in Fig. 3) and pH was determined for the 
actual point on the surface of the underground pipe taking 
into account relations (5)–(8) and applying the neural net-
work. This is the essence of novelty since pH of the medium 
is determined by the NDT method with the help of PPM 
and CCM instruments. In this case, it is not necessary to 
excavate ground near the pipe (which can be at a depth of up 
to 3 m) to determine the medium pH.

Reliability of control of the medium pH determined ac-
cording to the procedure described in [28, 29] was entered 
on the ordinate axis (Fig. 4). The green column on the left 
corresponds to a neutral medium, the red column in the mid-
dle corresponds to the alkaline medium and the blue column 
on the right corresponds to the acidic medium. Hence, infor-
mation on the alkaline, neutral and acidic media obtained in 
Studies 1, 2 and 3 was presented in Fig. 4. The conclusion 
regarding the medium type in this point of the pipe was 
drawn based on the maximum value of control reliability, 
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that is, one of the three columns. As a result, the following 
pH values were obtained: pH1=4 (sour), pH2=10.2 (neutral), 
pH3=12.1 (alkaline).

Fig. 4. Control confidence for the pipeline section (the green 
column on the left corresponds to the neutral medium, the 

red column in the middle corresponds to the alkaline and the 
blue column on the right corresponds to the acidic medium)

It was established with the help of the data presented in 
Fig. 4 and corresponding calculation results that when the 
system of non-destructive testing was applied in determin-
ing pH at the pipeline section on the basis of the developed 
neural network, control reliability was more than 90 %.

7. Discussion of results obtained in the study of diagnosis 
of underground pipelines in soil media using neural 

networks

Based on the analysis of graphical dependences (Fig. 3, 4) 
obtained in the studies, character of acidity (alkaline, acidic, 
or acidic media) and numerical values of pH were established 
in Studies 1, 2, and 3.

Actual currents and voltages were compared with 
analogous parameters in initial conditions (that is, with 
the information corresponding to Fig. 3) and pH for the 
actual point on the surface of the underground pipe was 
established taking into account correlations (5)–(8) and 
applying the neural network. This is illustrated in Fig. 4. 
This is the essence of novelty since pH of the medium was 
determined by the non-destructive method using PPM and 
CCM instruments and the model correlations (1)–(8). Due 
to this fact, it is not necessary to excavate ground near the 
pipe (which can be at a depth of up to 3 m) to determine 
the medium pH.

Disadvantage of the corresponding initial conditions 
(Fig. 3) in the context of the polarization potential and 
currents consists in that the database is not sufficiently 
voluminous since the experimental results correspond to 
the condition |DjP* |»0.02 V (potential deviation |DjP* | may 
differ). However, polarization currents can be calculated for 
arbitrary physically possible values of DjP* with the help of 
known electrochemical relations.

Advantage of the proposed method of pH assessment 
consists in that it is non-destructive. Its application is gain-
ful as there is no need to excavate ground near the under-
ground pipe. The destructive electrometric method of pH 

assessment ensures accuracy within 5¸17 %. The proposed 
method provides similar accuracy of pH assessment in elec-
trolytic medium within the range of 7¸16 %.

The considered example confirms the possibility and 
usefulness of simulation of corrosion processes in under-
ground pipelines of oil-and-gas enterprises with application 
of a neural network. On the basis of analysis of the obtained 
results (Fig. 3, 4) which can be considered as an example of 
implementation of the new mathematical model (1)–(8) and 
the new method of non-destructive testing, pH of the medi-
um can be assessed.

A concrete example was considered. As a result of its 
analysis, pH of the soil electrolyte was assessed using a neu-
ral network for a concrete pipe (17G1S steel) with a corro-
sion defect in the outer surface (Fig. 4). The specified initial 
conditions were taken into account (Fig. 3).

In the future, it is also necessary to take into account 
initial rate of corrosion in the place of coating defects which 
depends on the polarization potential and other parameters, 
in particular, temperature and mechanical stresses. Their 
consideration is useful for solving the problems of the corro-
sion process diagnosing.

8. Conclusions

1. Assessment of connection between the degree of pro-
tection of 17G1S steel specimens placed in acid, alkaline and 
neutral ground media and the relative polarization current 
was performed with the help of a polarization potential me-
ter and a contactless current meter in conditions of cathodic 
protection. The corresponding volume of data characterized 
the base of actual information parameters (initial conditions 
for currents and voltages) which were used for further mea-
surements of the medium pH at the boundary between the 
metal and the soil electrolyte.

2. The quality criterion for the “UMP-coating” system 
has been improved taking into account characteristics of cor-
rosive soil medium. Novelty of the quality criterion consists 
in that unlike the known analogous variants, the coefficients 
ki characterizing the “pipeline-substrate” system were divid-
ed into two groups. The first group of internal coefficients 
characterizes the metal pipeline. The second group of coef-
ficients refers to the external medium, that is, the soil elec-
trolyte and their content is new. Improvement of the quality 
assessment procedure and, accordingly, the novelty relate to 
the fact that the quality criterion for the “UMP-coating” sys-
tem was supplemented with a quality functional taking into 
account sensitivity βR and the feedback.

3. Probabilistic parameters describing characteristics 
of the outside surface of the metal pipe and the correspond-
ing variants of pH of the underground metal pipeline were 
assessed based on the proposed method of non-destructive 
testing using initial conditions as well as the proposed neu-
ral network. The results of pH assessment can be used in 
future to determine service life of the underground metal 
pipelines.

It is worth to note that the combined application of the 
method for determining the medium pH and the neural 
network is promising for detecting defects on the surface of 
the underground metal pipes and assessment of the trends 
in their development over time (according to the monitor-
ing data).
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