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I. INTRODUCTION

Efficiency of protection of underground steel gas main-
pipelines (USGP) against corrosion depends on a state and 
quality of pipes. The pipes are protected by coatings and the 
cathodic protection equipment (CPE). The surface of the 
pipes becomes covered with defects during operation, in 
particular, the corrosive ones. Coefficient of corrosion 
inhibition depends on the defects. 

Defects of the pipelines (USGP) can be divided into two 
classes [1]: 

1 – defects of continuity (defects of a material) featuring 
with local discontinuity of the material (steel); 

2 – shape defects revealing as local changes of the 
pipeline elements during production process or operation. 

We will restrict ourselves to consideration of the defect 
system of a pipeline (USGP) and processes of the corrosion-
mechanical fracture, in particular, stress corrosion сracking 
(SCC), which are appropriate to analyze on the base of a 
software and hardware complex. 

The problem is to evaluate efficiency and quality of the 
software and hardware complex (SHC) to ensure conditions 
of the pipeline operation with accounting for the CPE, the 
SCC processes, and application of data and knowledge bases. 

II. AN ANALYSIS OF RECENT PUBLICATIONS 
ON THE PROBLEM 

We have addressed a perspective of application of the 
functioning method of intelligent SHC to monitor and ensure 
safety of the pipeline operation by means of databases [2]. 
Such database comprises the following: data of continuous 
monitoring of the pipeline actual state, technical 
documentation data, results of internal pipe diagnostics, data 
of electrometric measurements, data of visual and 
dimensional control, data of periodic non-destructive 
measurements, corrosive and mechanical characteristics of a 

metal, criteria of limit states of pipeline systems with 
damages [3]. 

The information presented deals with a technique of 
control of complex interacting processes allowing 
development of an intelligent system based on knowledge 
about peculiarities of the interaction of process participants 
in a specific subject field [3]. The technique is developed on 
the base of models, methods and algorithms of the 
ontological analysis and data processing. The novelty of 
corresponding mathematical model underlying the intelligent 
system consists in a combination of various mechanisms of 
logical conclusion, when making a decision in a problem 
situation, based on all available information about the subject 
area [3]. 

Diagnostic weight and value of attributes proposed to use 
for the process optimization have been formulated [4]. 

A new approach is proposed which solves the problem of 
automated intelligent diagnostic using machine learning 
techniques [5]. 

III. FORMULATION OF THE RESEARCH GOALS

The purpose of the study is to develop methodological 
and theoretical foundations of diagnostics of states of a 
complex technical system such as the system of defects of a 
pipeline (SDP), and corresponding technological processes 
based on analysis and processing of knowledge under 
conditions of uncertainty as well as development of new 
intelligent methods and tools of multi-criterial diagnostics of 
the object’s states (SDP). 

The diagnostics relates to the pipeline critical situation. 
The critical situation (state) emerging during the process of 
the pipeline operation reveal itself as a destruction of the pipe 
metal due to the stress corrosion cracking (SCC). Main 
informational parameters of the pipeline are pipe diameter, 
wall thickness, internal pressure, yield and strength limits of 
material (steel), and energy characteristics of the surface 
layers. 

IV. INFORMATION ON COMBINATION OF CURRENT AND 
POTENTIAL MEASUREMENTS 

Recognition of the object’s parameters of state (SDP) is 
performed by methods of solution finding on the base of 
logical rules and precedents of solutions of the diagnostics 
problems. 

Lviv Polytechnic National University Institutional Repository http://ena.lp.edu.ua



135 

A problem of the value of information obtained during 
diagnosis of underground gas pipelines by means of 
contactless current measurements (CCM) is raised [6]. 

The implementation of the CCM method in the device for 
measuring polarization potential (MPP) provides an 
opportunity to use the MPP in detection of the USGP 
damaged insulation both at alternating current (Pearson’s 
method) and by the potential difference (gradient method) on 
the surface of the soil [6]. 

To determine places of damage of the pipe protective 
cover, two electrodes are placed on the soil surface above the 
pipeline and alternative voltage Vgg (Pearson’s method) as 
well as dc voltage Ugg (method of transversal gradient of 
potential) are measured [6]. Combination of these 
measurements allows determining polarization potential UP 
by the formula [6]: 

ggggmgmgP VUVUU /×−= . (1) 

Here, UMG, VMG – correspondingly the constant potential 
difference between metal (pipe) and comparison electrode 
placed in corrosive environment. 

To implement the CCM method, a hardware with 
electronic memory to measure constant and variable 
electrical voltages as well as polarization potential (PP) [6] 
was designed. The MPP method can be used to control 
pipelines and other metal constructions by parameters 
indicated in (1). In the version of equipment in [6], a GPS 
module was installed allowing additionally to fix place and 
time of control. This facilitates considerably processing and 
documenting the data arrays, in particular, combination of 
measurements of potential with measurements of current 
during their processing and determination of the USGP 
parameters. 

In formula (1), second term is an ohmic component of the 
potential characterizing state of the protective coating. Ratio 
of the ac voltage to the dc one, Vgg /Ugg = k, is the measured 
harmonic factor showing ratio of loss of the measured ac 
component to the dc one [6]. It is used to assess losses of the 
dc component of the CPE on the pipe sections and to 
determine distribution of the current density of cathodic 
protection. 

The use of GPS modulus in the developed device 
provides automatic fixation of geographical coordinates and 
time of the current measurement as well as the USGP depth, 
which greatly facilitates processing and documentation of the 
inspection results [6]. It is necessary for computing the 
current density, its losses, and transition resistance “pipe–
ground” in different parts of the USGP. The CMC together 
with MPP allow determining distributions of the current 
density of cathodic protection, resistivity of soil surrounding 
the pipe, and resistivity of the protective insulation on 
different sections of the USGP [6]. 

V. PRINCIPLES OF DIAGNOSTING THE PIPELINE DEFECTS
SYSTEM 

Under conditions of operation and monitoring, conditions 
of functioning of objects of the USGP system and CPE 
change. Let us consider project of the USGP monitoring 
which main element is the SDP monitoring. 

Underground pipelines are in soil environment. 
Anticorrosion coating of pipelines can be metal and film-
type. Between metal of the pipeline and coating, defects of 
the cavern type are formed. Water from the soil environment 
penetrates into the defects that is the aqueous electrolyte 
solution is created. Electrochemical reactions and adsorption 
processes are characteristic for such type of defects [7]. 

There are presented mathematical relationships and 
methods of evaluation of physical and electrochemical 
characteristics of the interphase layer at the metal-solution 
boundary of the electrolyte together with corresponding 
algorithms and software supplemented by the base of 
numerical data [7]. These data are information means that is 
a base of information technology of selection and processing 
data concerning assessment of energy characteristics of 
interphase layers and overstrain characterizing the boundary 
metal-environment and conditions of metal plastic 
deformation near the cavern tip [7]. The database of such 
kind allows particularly to describe state of the interphase 
metal layer with adsorbed impurities in corrosive 
environment of the soil electrolyte type. 

Number of parameters and volume of information 
required for ordering and evaluation in order to take a 
decision in critical situation are growing. For this purpose, 
both the database and knowledge base are used. 

The knowledge base is part of the decision support 
system (DSS). The DSS has to contain information, which is 
partially analogous to the [2] and characterizing the 
following: 

• conditions of implementation of physical and
chemical processes;

• probable results of physical and chemical processes;

• conditions of the CPE functioning;

• time periods related to the USGP reliability control;

• degree of formalization of the decision making
process with accounting for normative
documentation;

• probable critical situations, associated with the risk of
the USGMP and CPE system, with a note of the
reasons and conditions of their occurrence, and
measures to correct deviations from the operating
modes.

The most important for information selection and 
processing is the last sixth paragraph, associated with making 
decisions for the models of knowledge representation and 
their following usage in the knowledge base.  

To implement procedures of monitoring the USGP 
system and CPE with accounting for a feedback, the 
diagnostic weight of an attribute is introduced. If in the result 
of the study it is revealed that the attribute kj has for the 
given object a value of kjs, then this value is called the 
realization of the attribute kj [8]. Then information about 
specific state (diagnosis) Di (i=1, 2, …, n – total number of 
states under consideration), which possesses a state of the 
attribute kjs, can be defined by the formula in the information 
theory [8]: 

( ) ( ) ( )( )ijsijsDi DPkDPkZ //ln= , (2)
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where P(Di/kjs) – probability of the state Di provided that the 
attribute kj obtained value of kjs; 

P(Di) – a priori probability of state. 
For specific calculations, the diagnostic weight of 

presence of the attribute kj within the interval s can be written 
in an equivalent form relatively to (2) analogously to [8, 9]: 

( ) ( ) ( )( )jsijsjsDi kPDkPkZ //ln= . (3) 

Equivalency of relationships (2) and (3) follows from 
identity [8, 9] based on the probability theory: 

( ) ( ) ( ) ( ) ( )ijsijsijsijs DkPDkPDPkDPkP =⋅=⋅ // . (4) 

From the point of view of information theory [8, 9], the 
value ZSi(kjs) characterizes information about the Di state, 
which has attributes kjs. In expression (4), the P(kjs/Di) value 
is the probability of occurrence of interval s of the attribute kj 
for an element of the system in the Di state, and P(kjs) is the 
probability of simultaneous occurrence of corresponding 
interval of each attribute in every state considered. 

The P(kjs) value is determined according to [8, 9]: 

( ) ( ) ( )
=

⋅=
n

i
ijsijs DkPDPkP

1

/ . (5) 

With accounting for the relationship (5), we will obtain 
resulting expression: 
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Let us introduce important concept of the information 
theory – information or diagnostic value of the ZDi(kj) study 
for the USGP system and CPE. The ZDi(kj) diagnostic value 
by the attribute kj for the state Di is a volume of information 
introduced by all variants of realizations of this attribute in 
establishing a corresponding state [9]. Expression ZDi(kj) for 
the m-bit attribute is proposed to write in form of [9]: 

( ) ( ) ( )jsDi

m

s
ijsjDi kZDkPkZ 

=

=
1

/ ; 

( ) ( ) ( )
( ) ( )

.
/

/
log/

1

1 


=

= ⋅
= n

i
ijsi

ijs
m

s
ijsjDi

DkPDP

DkP
DkPkZ  (7)

Diagnostic value of the process of diagnosing ZDi(kj) for 
the USGP system and CPE considers all possible realizations 
of the attribute, which corresponds to a specific state 
(diagnosis) and is certain mean expected value, more 
precisely, it is mathematical expectation of the information 
value introduced by separate realizations of the attribute in 
this state [8]. Because the ZSi(kj) is attributed to a single 
specific state, it is commonly referred to as the partial 
diagnostic value by the attribute kj [4, 9]. 

A technique to predict situations of the USGP system and 
CPE is proposed, consisting in accounting for main 

informative parameters by means of artificial neural 
networks, as well as were defined directions of application of 
the “data mining” methodology to control limit states of 
pipes on the base of the strength and yield criteria. 

The neural network with direct signal distribution to 
assess defects on the gas pipe surface is proposed. A mean 
square error averaged by the number of the neural network 
output variables and calculated on the base of predicted and 
real values of the test sample by formula [10] was used to 
determine efficiency of the neural network being studied: 

( )
= =

−×
=

N

i

K

k

PR
ijijKN

E yy
1 1

21 . (8)

Here, R
ijy  – value of the i-th output variable of neural 

network for j-th training or test example; 

R
ijy  – predicted value of the i-th output variable of neural 

network for j-th training or test example; 

N – number of examples in the training or test sample; 

K – number of output variables of the neural network. 

Activation functions are selected by an exhaustive search 
over the given set [11] including: 

• threshold;

• symmetric threshold;

• sigmoid;

• stepwise sigmoid;

• symmetric sigmoid;

• stepwise symmetric sigmoid;

• Gaussian;

• symmetric Gaussian;

• stepwise Gaussian;

• Elliot function;

• symmetric Elliot function;

• linear function;

• symmetric linear function;

• symmetric sine;

• symmetric cosine;

• sine;

• cosine.

To optimize information flows and improve the project
configuration, let us use the quality functional J(Pk,FB(Pk)) 
with accounting for sensitivity coefficient βR and a feed-back 
[12]: 

optdtsuyfPFBPJ
kt

t
Rkk = 

0

),,,())(,( β , (9)
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where y  – vector of specific impacts upon the OP (yj(t) – 
vector components (key parameters for the USGP system 
and CPE), j = 1, 2, …, n); 

u  – control vector of information flows; 

s  – vector of indeterminate perturbations; 

Рk – information flows (k = 1, 2, …, m); 

m – total number of information flows Рk considered in 
the given project; 

[t0, tk] – time interval, in which the process is considered 
(formation of optimal values of parameters corresponding 
to Рk; 

),,,( Rsuyf β  – function reflecting quality index of the 
project; 

β R – sensitivity coefficient; 

FB(Рk) – function characterizing feed-back between 
flows Рk and project’s environment with accounting for 
sensitivity coefficient βR and expert opinions, of experts; 

opt – optimization symbol; 

t – time. 

To implement above processes, it is proposed to use the 
intelligent predictive control system of technological 
processes (IPCS TP) pooled into unified information 
complex analogously to [13]. Here, we recommend to 
combine the information complex, equipment for 
measurements of constant and alternating voltages and 
determination of polarization potential [6] into unified 
information space. 

This allows the following: 

• to expand considerably spectrum of tasks associated
with control system;

• provide personnel with information on state of
hardware and software;

• decrease risks and improve reliability of the
measuring hardware complex;

• to increase considerably general informativity of
components of corresponding information space;

• to automate procedure of formation of normative-
technical documentation;

• to attract information on strength criteria of elements
of metal constructions with consideration of energy
characteristics of surface layers [14].

During the process of monitoring the USGP system and 
CPE, values of physical and chemical parameters are 
recorded through set time intervals and form a system of 
interrelated time series. The possibility of free access to 
information saved in databases is an important perspective, 
because in the future only small part of the general volume of 
information can be necessary. 

For the time being, prediction of parameters 
characterizing the state of a technical object is made as a rule 
on the base of classical models of auto-regression – 
integrated moving average [15]. Existing approaches to 

information processing in control systems as a rule do not 
provide required accuracy of prediction, leading to increase 
of probability of making erroneous decision in the object 
control [15]. Therefore, the prediction algorithms need to be 
improved. Let us formulate the problem of a variable values 
in a general case for a discreet time analogously to [13]: 

( )( )kyVYYFY jkkmkZk ,,,,ϕτ −+ =  . (10)

Here, Yk+τ – vector of prediction for anticipation interval; 

τ; k – actual time interval (clock time); 

Yk+τ – vector of parameter values (e.g. one of the 
parameters yj(t)) with memory depth m; 

Yk – vector of values of prehistory of corresponding 
parameter; Vk – white (Gauss) noise; 

FZ(⋅) – generalized transformation function (method, 
algorithm); 

ϕ(⋅) – linear independent functions characterizing 
properties of the time series. 

Prediction of critical state of the system studied can be 
done by a criterion of the prediction error minimum: 

min|| 0 −= ++ ττε kk YY  when τ=τζ, (11)

where Yk+τ0 – actual values of technological variable; 

τz – set value of anticipation interval.

The solution of the problem of prediction for the USGP 
system and CPE (i.e. finding generalized function FZ and 
parameters yj(t)) is formed by means of interpolation of a 
temporary series and extrapolation of values of predicted 
series by its initial values by means of functions ϕ(⋅) in order 
to ensure criteria (8) and (9). 

Results of prediction of the technical state allow not only 
foresee places of failure of the structural elements and outage 
of gas transportation system but also to determine the 
optimal periodicity of running diagnostics procedure and 
repairs. 

Application of algorithms for predicting technical 
condition of a pipeline allows considerably improve the 
efficiency of the technical diagnostic system, which in turn 
leads to improvement of the operation of monitoring 
equipment described in [6]. In this case, risks of occurrence 
of the main crack will be reduced, and such situation will 
assist to provide the desired level of security of gas 
transportation. 

When running procedure of predicting technical state of 
the USGP system and CPE, not only data obtained in the 
actual time are used. Results of previous measurements are 
considered too. Knowledge of previous results of the object 
diagnosing indicates the need to use databases with the large 
volume of memory. That said, saving all information about 
the state of the USGP system and CPE for the whole period 
of operation in databases is not worthwhile because of many 
reasons. 

In particular, results of measurements of currents and 
potentials prior to a pipeline repair and afterwards may not 
correlate between themselves. The reason can be that after 
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repair some elements of structures can be replaced, for 
example pipes in some sections. As a consequence, data 
processing can produce incorrect results of the prediction, 
and thus a certainty of the results of diagnostic procedure of 
the USGP system and CPE will be minimal. Another reason 
can be excessively large volume of data. 

To improve the efficiency of the intelligent information 
system (IIS), it is practical to include an inductive 
component (IC) into the IIC structure, which allows 
automatically complete the database [16]. This, in turn, set 
forth a problem of unification of deductive and inductive 
formalisms into a single system that leads to the necessity to 
develop structural and functional models of the IIC with the 
inductive component (IIC IC), as well as algorithms of 
efficient search of a solution as a base for development of the 
quality IIC independently of their complexity and character 
[16]. We propose to use the basic intelligent component in 
the process of neural network spectral analysis, which is able 
to adapt to requirements of a specific sensor [17]. An 
artificial neural network does not give possibility to create 
new, unique architecture, but only allows to bring in an 
ordinary software and hardware for calculations. Such 
component features with high reliability, ability to adapt to a 
specific application, and usage of design principles ensuring 
the possibility of a simple expansion of the intelligent 
component potential by means of completion with new 
algorithmic solutions [17]. 

A large amount of experimental data is provided in 
article [6]. Processing the results of experiment [6] allows to 
determine distributions of cathodic protection current 
densities, specific resistances of surrounding the pipe soil 
and protective isolation on the different sections of the 
USGP. Corresponding information will allow to predict the 
resource of separate areas of gas pipeline and determine the 
terms of repair. 

VI. CONCLUSIONS

A method of functioning of intelligent software and 
hardware complex for the monitoring system of an 
underground steel gas pipelines (USGP) and cathodic 
protection equipment (CPE) using data and knowledge bases 
is proposed. The data and knowledge bases for monitoring 
the USGP system and CPE comprise the following:  

• data of continuous monitoring of information about
actual state of the system of corrosion defects,

• data of normative-technical documentation, data of
diagnosing underground gas pipelines by means of
contactless current measurements,

• data on critical risk-related cases for the USGP
system and CPE with indication of reasons and
conditions of their occurrence, and also procedures
concerning correction of deviations from a pipeline
operating modes,

• data on the control measurements of currents and
potentials,

• data of nondestructive control with accounting for the
stress corrosion cracking (SCC),

• corrosion-mechanical characteristics of a metal,

• strength and yield criteria for a pipe material.
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