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Abstract. Currently, models based on the application of artificial intelligence methods are
actively developed and applied in solving a variety of problems, including in the practice of
petroleum engineering. Evaluation of the accuracy and reliability of the developed models is
usually reduced to defining standard statistical criteria, while the developers do not always use a
separate examination sample. This article presents the results of the study, which are reduced to
multivariate testing of the neural network model previously developed by the authors to determine
the dynamic reservoir pressure in the selection zones of oil wells. The model is characterized by
a number of advantageous characteristics, including minimal requirements for the amount of
initial data, which determines its relevance and practical demand. However, the closed nature
of computational algorithms related to the “black box” category does not allow us to reasonably
formulate the conditions and criteria for applying the model, the reliability of the retro- and
prospective forecast of the reservoir pressure. Three oil deposits of one field with different geological
and physical conditions were selected as the object of study. The availability of a large number
of actual reservoir pressure determinations by means of hydrodynamic well testing at the field
allowed testing the model under a variety of scenarios, for each of which the forecast error was
estimated and analyzed. As a result, high estimates of the model for retro- and prospective reservoir
pressure reproduction were confirmed. It was found that forecast errors are reduced to zero in the
presence of a large number of actual reservoir pressure determinations. However, to perform the
calculation for each well, a single measurement for the entire history is sufficient. It was found
that a sharp change in the well flow rate should also be accompanied by an actual determination
of reservoir pressure with the entry of the obtained value into the model. In the absence of even a
single reservoir pressure measurement for the wells, the model reliably reproduces its value using
the kriging procedure used in the algorithms.
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Introduction

Continuous formation pressure control is one of
the main elements of hydrocarbon field development
monitor system. Availability of authentic information
regarding formation pressure is crucial when solving
various tasks of petroleum engineering. For instance, the
necessity for using formation pressure for the material
balance method in estimation hydrocarbon resources is
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shown in research work (Levitina et al., 2023). Authors
(Zong et al., 2023) use formation pressure dynamic
data for studying the legitimacy of water infusion of
productive reservoirs. Formation pressure is used for
monitoring interaction between productive objects of
multilayered hydrocarbon field in the research work
(Jia et al., 2021).

Meanwhile formation pressure, which is one of the
most important characteristics of the energy state of the
reservoir, is determined quite rarely in practice because
of insufficient regularity of well tests in relation to high
duration of the pressure restoration and the necessity
for the stopping of the well (Martyushev et al., 2023;
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Martyushev et al., 2021). The prognosis of needed
duration of well’s stopping sought-for obtaining high-
quality pressure recovery curve (PRC curve) is a relevant
task that currently does not have a universal solution as
the process is quite complex, its legitimacies are defined
by combination of different factors. For example, in the
research work (Nigametyanova, Ishkin, 2024) authors
conclude that the type of well completion influences
pressure recovery duration.

A new direction devoted to the potential of reducing
the durability of research. For instance, authors of
scientific research (Savchenko et al., 2023) suggest
registering pressure dynamic at the beginning of the
electric-centrifugal pump during technologic stops
of wells and defining some parameters on that basis.
Other authors (Khankishieva, 2023) propose similar
conclusions, however, made for oil well pumps. Methods
of interpretation of the well tests after brief perturbing
effect of the reservoir is presented in other scientific
work (Gadilshina et al., 2023).

In other cases, quality of received research data
does not let resolve tasks authentically, including
formation pressure definition, even when the durability
of well stoppings is sufficient. Thus, authors of work
(Akhmetdinow et al., 2024) introduce the phase
segregation after well stopping process data which
impacts final pressure recovery curve and its processing
results. In the article (Sergeev et al., 2019) data regarding
lack of processing radiant flow section on many PRC
graphs which also reduces quality of researched material
and specifies the necessity of developing other ways of
their interpretation.

In that case, development of indirect methods of
formation pressure definition that either does not require
well stopping for study or minimizes the durability is a
relevant task.

Common methods of formation pressure prognosis
lean on physical models in the first place. Such models
are based on rock mechanics and liquid dynamics that
include a broad range of appropriate parameters (Cao
et al., 2024; Deng et al., 2024; Li et al., 2024; Shi et
al., 2024; Kanin et al., 2025). However, application of
these methods suggests the availability of big number
of parameters, including empirical ones, which may
lead to inaccuracies of sough-for parameter prognosis,
especially on difficult geophysical conditions.

In the conditions of the modern stage of petroleum
engineering development, methods based on statistical
processing of big amount of accumulated data
which distinguishes factual definitions of prognosed
parameters. Research results regarding statistical models
of formation pressure definition for oil producing wells
of one of Perm Krai oil fields are shown in the research
study (Ponomareva et al., 2022). Authors have developed
a series of multiple linear regression equations that let
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calculate the value of formation pressure according to
geological and technological indicators. Understanding of
computational algorithms and an opportunity to analyze
them in order to develop regularities of prognosed value
behavior (formation pressure) are undeniable advantages
of models which was demonstrated by the authors for
the conditions of the concerned field. It is also important
to state that although models have sufficiently high
statistical assessments, their practical use and production
is limited due to harsh requirements of input data which
should correspond to actual range of training set to the
full. For instance, one of the most significant features,
that appear in the first places of regression equations, is
such indicator as producing life of well after putting into
operation. The training set included the data regarding
the exploitation of wells in the range of five years,
thus it is not recommended to carry out estimations in
appliance with the model for bigger work period. In
addition, excluding the indicator from the model leads
to substantial decline of its statistical assessments which
are coefficient of determination, level of concern and
standard error of estimate.

In the conditions of modern methods of mass data
processing development, new methods of defining
various geological and technological parameters,
including formation pressure, got application based on
using methods of artificial intelligence (Al) (Karsakov
et al., 2025; Davoodi et al., 2025; Nie et al., 2025).
For instance, authors of the article (Tang et al., 2022)
demonstrate high success of formation pressure prognosis
with complex use of two methods of computer-assisted
instruction. In the research study (Harp et al., 2021)
authors demonstrate high assessments of formation
pressure prognosis model which feature is complexing
computer-assisted instruction method and physical
(analuytical) permeable medium fluid flow model.
Article authors (Martyushev et al., 2021; Zakharov
et al., 2022) describe formation pressure definition
model also based on usage of neural network. Materials
of factual formation pressure definition regarding
significant quantity of oil producing wells as well as
their exploitation indicators were used when training
it. The developed model demonstrates high prognostic
ability at retrospective and perspective modelling of
dynamical formation pressure in recovery zones of oil
producing wells. Minimal amount of necessary input
data its advantage is also considered its advantage.

The most common computer-assisted instruction
models include support vector regression (SVR),
multilayer perception (MLP), extreme gradient boosting
(XGBoost) and networks with long short-term memory
(LSTM). These models demonstrate predominantly
high prognostic ability in comparison to traditional
methods of formation pressure prognosis (Zhang et
al., 2022; Kanin et al., 2024; Peters et al., 2024; Zhang
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et al., 2024; Wang et al., 2025; Xi et al., 2025). Still,
computer-assisted instruction methods have their limits
such as responsiveness to quality and quantity of data and
limited ability to reproduce spatiotemporal dynamical
characteristics (Campos et al., 2024; Soromotin et al.,
2025). Although development of deep computer-assisted
instruction methods allows to eliminate a number of
issues, their abilities do not let describe processes
inherent for complex geological systems in the dynamic
of their development. In the research (Kuznetsova et al.,
2023) authors, confirming general high efficiency of the
model, mark out the probability of receiving invalid data
in some individual cases.

Studying computational algorithm of most models
based on computer-assisted instruction methods usage
is complex and not always explicit procedure. In
almost every case, developers of such models, when
analyzing them, restrict themselves with assessing
standard statistical parameters — correlation coefficients
between the calculated and actual values of the modeled
parameter, including usage of independent test sets,
standard error, etc. (Yu et al., 2020; Pwavodi et al., 2023;
Zong etal., 2023; Kalem et al., 2024; Shao et al., 2024).
Oftentimes, even developers cannot fully prognose its
behavior for changing conditions of studied process.
However, general propagation and use of computer-
assisted instruction methods for the purposes of solving
different tasks specifies the necessity for their analysis
and research.

Thereby, it is effectually to study not the system on
the whole, but its reaction to the changing conditions
which would allow to broaden the knowledge of the
model based on computer-assisted instruction, its
abilities and limitations, which this article is dedicated
to. Conducting such studies is relevant not only in the
context of studying specific concerned model, but also
for the development of general direction of usage of
artificial intelligence methods and computer-assisted

instruction methods for solving tasks of petroleum
engineering.

Thereby, the aim of this research is to study the
efficiency of the model developed by a group of authors
for various geological and geophysical conditions
based on the usage od computer-assisted instruction
methods, created in order to reproduce dynamical
formation pressure in recovery zones of oil producing
wells. Within this research various tasks are being
resolved: 1) performing calculations of formation
pressure in retrospective and perspective periods with
the help of developed model and comparing it with
actual measurements; 2) performing calculations of
formation pressure with the help of the developed model
when successively removing actual measurements;
3) assessment of the formation pressure prognosis
ability with the help of the developed model when only
one actual measurement is available; 4) the study of
prognostic ability of the developed model.

Materials and methods

The researched model of the retrospective and
perspective dynamical formation pressure prognosis
in the recovery zones of oil producing wells, made as
a specialized software (Martyushev et al., 2023). As
an input data, it uses information regarding average
monthly liquid, oil and water flow rate and the operating
factor for all the wells that have ever been in use at the
development site under consideration. The period if
perspective prognosis, chosen by experts, right now is
12 months and could be prolonged through training and
adjusting the model in the future. Thorough description
of the model, the history of its creation and training is
introduced in the research study (Zakharov et al., 2022).

The input data is used as an individual file with a .txt
format (Fig. 1). It is considered standard and is uploaded
from hydrodynamical reservoir model which minimizes
time expenditures for the preparatory process and the

HFORM  WELL 'DD/MMM/YYYY' QOIL QWAT QLIQ QGAS WEFA BHP THP

HTAB
1 01/DEC/2013 92.3900 0.0808 92.4708 1.3935 0.6452 0.00000 0.0000
1 81/1AN/2014 90.3273 0.0887 90.4160 9.73082 09.9892 0.00000 0.0000
1 91/FEB/2014 87.1116 9.0822 87.1939 0.9647 09.9970 0.00000 0.0080
1 81/MAR/2014 88.4815 0.4197 88.9011 0.5344 1.0000 ©.00000 0.00ee
1 01/APR/2014 84.3995 1.0431 85.4426 3.144e 1.0000 ©.00000 0.00e00
1 01/MAY/2014 82.7936 1.0157 83,8093 3.3172 9.8777 0.00000 9.0800
1 @1/JUN/2014 78.3135 0.9604 79.2739 3.3526 9.59%03 0.00000 0.0800
1 61/JuL/2014 84.5230 9.5294 85.0524 3.0766 1.0000 0.00000 0.0e00
1 01/AUG/2014 82.2252 9.5151 82.7403 2.8596 0.9852 0.00000 0.0000
1 61/SEP/2014 77.9945 9.4819 78.4763 6.2620 1.0000 ©.0e000 8.0e00
1 81/0CT/2014 69.9625 9.1406 7@.1031 3.4159 9.8387 148.59338 177.1356
1 81/NOV/2014 64.0032 8.1219 64.1251 3.2409 1.0000 ©.00000 0.00e0
1 @1/DEC/2014 90.2650@ 8.2140 98.479%@ 3.6638 1.0000 ©.00000 ©.0000
1 81/]AN/2015 70.3000 1.1540 71.4539 2.3147 09.9960 0.00000 0.0000
1 91/FEB/2015 69.7044 3.5411 73.2455 3.2628 1.0000 0.00000 0.00800
1 01/MAR/2015 55.6461 1.5699 57.2160 2.5810 9.9960 0.00000 0.0ee00
1 @1/APR/2015 35.2334 09.5929 35.8263 1.8543 ©.7458 150.34660 173.8022

Fig. 1. The illustration of the file content with input data. Well — the number of the well; DD/MMM/YYYY - date, month and
year; Qoil — oil extraction (monthly), th.t.; Qwat — water extraction (monthly), thous.m?; Qliq — liquid extraction (monthly),
thous.m?; Qgas — gas extraction (monthly), million m*; WEFA — well operation coefficient; BHP — formation pressure (actual),

atm, THP — formation pressure (prognosed), atm.
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probability of errors that accompanies their by-hand
entry.

The data regarding bottom hole pressure (column
“BHP”) of wells is not used when performing
calculations, however, its entry is foreseen by the
program functionality with the aim of following
visualization and expert analysis of the user.

It is necessary to point out the issue regarding
definition of optimal amount of actual formation pressure
definition (with well tests) for accurate performance of
the model. Technically, the data about actual formation
pressure definition is not necessary when performing
calculations. In that case, if such estimations are
missing, calculation of the model formation pressure
value will be performed based on the kriging procedure
— special interpolation of the calculation results for the
neighboring wells. The ability of kriging procedure
realization is ensured through executing simultaneous
modeling for the whole development object (reservoir)
and considering spatial layout of the coordinates of
wells. However, accuracy and authenticity of the
modeling results may turn out to be unacceptable in
case of lack of actual formation pressure definition.
The goal of responsiveness assessment of the model
to the availability of actual formation pressure and
its discretization will be explored in course of this
research. Moreover, the tasks regarding assessment of
prognosis ability of the model in retro- and perspective
reproduction of formation pressure will be set during
the research.

Multivariable modeling with following comparison
of the prognosed and actual formation pressure value
would be used as a main instrument of solving set
tasks. In this case, the research object should possess
a big number of actual formation pressure definition.
It is also expedient to carry out calculations applied
to various geological and physical conditions which is
also necessary to take into consideration when choosing
the research object. This article would study one of oil
fields in northern part of Perm Krai with three reservoirs
with different geophysical features in their structure as
a main study object in appliance with set requirements.

Operating well stock of the field includes 54 wells as
well as 18 wells of object D,fm+Ct, 22 wells of object

C,bb and 14 wells of object C,b. Considerable number
of high-information well test with the use of deep
measuring equipment will be performed on the wells
which allows to use formation pressure, determined
during its implementation, as reference value.

Results

Calculations are performed for all of the development
object on the basis of the neural network model. Formation
pressure values for all the operation period of each well
in increments of one month as well as perspective value
prognosis for 12 months with corresponding increments
are the results of the calculations. The results are shown
in a graph form, done individually for every well of the
field. Graphs from Fig. 2, made for the representative
wells of each object in a module service Data Stream
Analytics for retrospective (red line) and perspective
(purple line) period of one year are introduced as an
example. Actual formation pressure values for the dates
of well tests are plotted on the graphs which allows to
estimate the prognosis accuracy based on visual analysis
beforehand.

A corresponding graphical comparison of actual
and modeled data has been made in order to assess
the accuracy of retrospective formation pressure
reproduction of all wells of operating reservoirs fund
(Fig. 3).

When comparing modeled and actual formation
pressure definitions, shown on the correlation filed
of Fig. 3, it must be addressed that the studied neural
network model allows to accurately make retrospective
prognosis of formation pressure for all three development
objects with different geophysical features. The points
are closely and evenly grouped along the imaginary
lines with a monic incline and the correlation coefficient
between calculated and actual values exceed the number
r=0,9 in all the cases.

As it appears from the data introduced in Figs. 2
and 3, the ability of reproducing formation pressure of
the model is relatively high for all three development
objects. However, a proper number of well tests with
definition of actual formation pressure value was
performed on wells, which probably contributes to the
improvement of working conditions of the model.

Ne Parameter Reservoir implications (for the object)
D;fm+C;t C;bb Cob
1 | Type of reservoir carbonate sandstone carbonate
2 | Reservoir oil viscosity, mPa*s 2.46 2.53 17.5
3 | Solution gas-oil ratio, m>/t 68.1 66.5 21.3
4 | Porosity (fraction) 0.08 0.17 0.14
5 | Permeability coefficient, um? 0.002 0.402 0.042

Table 1. A brief geophysical characterization of the field
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Fig. 2. Graphical comparison of modeled and actual formation pressure definitions: an example for the well of the carbonate object
D,fm+Ct (a); an example for the well of the terrigenous object C bb (b); an example for the well of the carbonate object C.b (c)
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In that case, research regarding accuracy assessment
when gradually deleting actual measurements has been
done later on. Moreover, two scenarios were considered:
deleting either one of the final (scenario 1) or one of the
first (scenario 2) actual definitions.

Five well tests with defining actual formation
pressure have been performed on the concerned well. As
the study went on, five calculations were made during
which the model reproduced formation pressure when
deleting final actual formation pressure value (scenario
1.1), two final values (scenario 1.2), etc., until all five
actual definitions have been deleted. Calculations
regarding the second scenario were done analogically.
Results assessment done with graphical comparison of
predicted and actual formation pressure dynamic in the
course of operating period of the well (Figs. 4, 5). Both
graphs also illustrate the basic variant that demonstrates
calculation results made when all actual formation
pressure value was included in the model.

Moreover, an error which represents deviation value
of the pressure was calculated for each scenario (Figs.
6, 7).
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Fig. 4. The research results of the prognostic ability of the
neural network model with consistent deleting of final values
of one of the wells (scenario 1)
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As it appears from the analysis of the data introduced
in Figs. 4-7, the researched neural network model has
different responsiveness towards the amount of actual
formation pressure definition used as input data. There
was far less computation error when realizing scenario
2. The scenario that suggests usage of only one actual
formation pressure definition demonstrates extremely
low assessments. In other words, despite technical
abilities to perform the computing operation, the quality
of prognosis is low which highlights the necessity
of solving tasks regarding optimization of input data
quantity. It is also notable that low realization error of
scenarios 1.5 and 2.5 for which is typical to lack the
information about actual formation pressure definition
as input data and the calculations are based on using the
kriging procedure in the mathematical tool.

Scenario 2.3 has been chosen as the most optimal
one. It suggests the availability of two actual formation
pressure definitions for the November of 2019 and
the May of 2021 and they have error less than 1 MPa.
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Mentioned dates are highlighted on the graph of
well operation (Fig. 8) from which the fact of their
correspondence with the period of pronounced change of
character of liquid rate which, in its turn, can be specified
by the change of filtration conditions in the drainage
area, due to performing some geotechnical activities.

The research regarding perspective prognostic
abilities of the neural network model has also been done
according to two scenarios. The first scenario used input
data about the January of 2022 (all data of 2022-2024
period excluded) for its calculations and further actual
formation pressure definition used in assessment of
calculated parameters. In second scenario realization,
only actual formation pressure definitions in the period
of 2022-2024 have been excluded, but the model used
information about all well flow rates for the whole
mentioned period. That is, the difference between
scenarios only lies in availability or unavailability of
information regarding flow rates in the prognosed period.
Scenario 1 appeared to be closer to actual conditions of
perspective modelling.
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Fig. 8. The dynamic of liquid flowrate of the well — research
object

Described scenarios were realized for eight wells
in all of which were performed well tests in observed
time. Comparison between modeled and calculated
formation pressure, also the errors in their definition,
are graphically illustrated in Figs. 9-10. With that,
the deviation value from the actual value of modeled
formation pressure definition has been chosen as an error.

Discussion

The outlined above research was made with an
objective to study the workability of the model,
developed by a group of authors and created to reproduce
dynamical formation pressure in recovery zones of oil
producing wells. The model is trained on actual field
data from a long-term history of hydrocarbon production
in the considered area, complied into a significant
digital database. In the period of the production of
the model, its accuracy assessment has been done
by the set of the simplest statistical parameters only
(nominal and absolute error prognosis) which did
not let fully formulate the conditions of its effective
use. Labour intensity and analysis vagueness of the
computing algorithm, typical of complex models based
on computer-assisted instruction methods usage, also
did not allow to solve considered task which caused the
necessity to performed research, outlined above.

The done researches reposed in multivariable
model testing for different input data set. In that case,
a solid choice of objects which also should be marked
by maximum amount of actual prognosed parameter
(formation pressure in this context) became an important
step.

During multivariable testing, some special features
of the studied formation pressure definition model
functioning have been estimated. Technically, only one
actual formation pressure definition in the whole history
of operation of each well is minimally needed for the
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calculation performance. However, increase of actual
formation pressure definition number gradually upgrades
the accuracy of the model. Moreover, the availability
of big amount of well tests is impossible in some
occasions due to economical and technological reasons,
also it states the question regarding the necessity of
retrospective formation pressure modelling. Eventually,
an estimation of balance between the amount of actual
formation pressure definition and accuracy of model
prognosis is viable. The multivariable testing, made
with this objective, has demonstrated the advantages
of scenario 2.3 for which is typical to use two actual
formation pressure definition in periods, marked by the
evident change of filtration conditions during which a
sharp change in rate of production of wells happens.

On the whole, a number of important conclusions
has been received during the analysis of the results
of the multivariable testing of the model. Thus, the
model cannot fully prognose the value of formation
pressure when filtration conditions change, for instance,
hooking up previously unused reservoir sections when
performing geotechnical actions etc.

GEORESURSY / GEORESOURCES

It is also necessary to note that a single actual
formation pressure sample, which is technically enough
for calculation performances, does not provide high
accuracy of modeled and actual formation pressure
definitions.

The following conclusion is quite logical. The
exclusion of actual samples in any operating period of
wells causes synchronized degradation of reproductive
ability if the model at the same time. On account of that,
a recommendation, regarding the performance of well
tests at even flow, is followed.

An ability if perspective prognosis of formation
pressure value in a length of 12 months is one of the
advantages of the studied model. Such task is relatively
relevant for petroleum engineering practice which
explained the viability of researching the accuracy if
perspective prognosis. With this this aim, historical
input data regarding the objects has been reduced by
two years. The prognosed values for the eight wells with
actual formation pressure definitions have an error of less
than 0,6 MPa in the excluded period, which proves high
reproductive ability of the model with a perspective of 12
months. It is also notable that a calculation error should
be compared to the value of depression per formation,
for example. Thus, such parameter, on average, has
essentially great value for the conditions of concerned
region.

It is also necessary to point out high assessments of
the reproductive ability of the model, significant for the
scenarios with the full exclusion of actual formation
pressure definition in which the calculation is carried out
based on the kriging procedure. However, this variant
is suitable only for individual (singular) wells because
the computing algorithms are based on the usage of the
prognosis results of the neihbouring wells. Thereby,
the modeling results regarding neighbouring wells
should be fully accurate. Besides, the kriging procedure
can be used as an instrument for the validation of the
backbone network of wells for the formation pressure
value control.

The authors of the article think that the developed
model of dynamical formation pressure reproduction
in the recovery zones of oil producing wells is not the
alternative of the well tests, its functionality comes down
to deepening the analysis of the energy state of the field
and the perspective prognosis.

The scenario seems perspective when regular well
tests are performed on the valid backbone network of
wells and the calculations regarding the rest fund are
performed with the use of the developed model.

The introduced research should not be considered
comprehensive as it does not give the answers regarding
the special aspects of the usage of the developed model
based on computer-assisted instruction methods use.
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The relevancy of both continuation of the calculating
experiments outlined above and general replication
of the way of deep study of such model when solving
engineering tasks does not raise any doubts.

Conclusion

The done research, which consisted of multivariable
testing of the neural network model, allowed to receive a
set of conclusions, that characterized the studied model,
and formulate conditions for its effective usage.

The model is characterized by high retro- and
perspective prognostic ability when defining dynamical
formation pressure in the recovery zones of oil producing
wells. Moreover, the number of actual definitions of the
prognosed parameter gradually increases the accuracy
of modelling.

The availability of just one actual definition of the
formation pressure value in each well for the whole
operating period is enough for calculation performance.
However, the change in filtration conditions of the
recovery zone can lead to the decrease of prognostic
ability of the model. In this case, sharp changes flowrate,
caused by, for example, geotechnic actions for the given
or neighbouring wells, is viable to accompany with
actual formation pressure definitions with writing the
value into the neural network model.

The described research does not fully expand on
all of the special features of the model and it could be
continued both as a direction of increasing the number of
solved tasks and through choosing other research objects
which is quire relevant for similar computing algorithms,
that are widespread nowadays. Overall, it is viable to do
such researches for all models which mathematical tool
is based on usage of artificial intelligence and computer-
assisted instruction methods which would allow to assess
them objectively, highlight the conditions of the effective
use, fixate possible limitations.
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Bocnpon3senenue miacToBoro 1aBjaeHus Npu pa3padoTke HePTAHBIX
MEeCTOPOKICHUI: MePCNeKTUBbI U MP00JeMbl HCII0JIb30BAHNS METOA0B MAIIIMHHOTO

o0yueHus1

U H. Ilonomapesa, /I.A. Mapmiouies”

Tlepmckutl HAYUOHANLHBLIL UCCIEA08AMENbCKULL NOTUMeXHUYecKull yrusepcumem, Iepwo, Poccus

B Hacrosiiee Bpemst MOziesii, OCHOBAaHHBIE Ha IIPHMe-
HEHHU METOJI0B HCKYCCTBEHHOT'O MHTEJUIEKTA, aKTUBHO
pa3padaTbIBalOTCS M IPUMEHSIIOTCSI ITPU PELLIEHUH CaMbIX
Pas3JInYHBIX 33a7a4, B TOM YHUCJIE B IPAaKTHKE HE(TIHOTO
WHXUHUPHHTA. OeHKa TOYHOCTH U JOCTOBEPHOCTH
pa3paboTaHHBIX MOJeNIel CBOOUTCS, KaK MPaBHIIO, K
OIIPEIETICHUIO CTaHAAPTHBIX CTATUCTUUECKUX KPUTEPH-
€B, IIPH 3TOM HE BCEria pa3paboTIMKaMH HUCIIOIb3YeTCs
OTZeJIbHAs BAJIMIALIMOHHAs BEIOOpKa. B Hacrosimeii cra-
ThE MPUBOATCS PE3YJIBTATHI HCCIICIOBAHUS, B KOTOPOM
OIMCHIBACTCS] MHOTOBAPUAHTHOE TECTUPOBAHME MOJIEIIH,
paHee pa3padOTaHHON aBTOPaMH C LEIIbIO OIPEICIICHUS
JMHAMHYECKOTO IIACTOBOTO JaBJICHUS B 30HaX 0TOOpa
He(Te100BIBAIOIINX CKBAKUH. MoAeIb OCHOBaHa Ha
NPUMEHEHUH METOI0B MAIIMHHOTO 00yUCHHS U XapaK-
TEpHU3yeTCs PSIOM IPEUMYIIECTBEHHBIX XapaKTEPUCTHK,
B TOM YHCJI€ MUHUMAaJIbHBIMU TPEOOBAaHUSIMU K KOJIMYe-
CTBY MCXOIHBIX JAHHBIX, YTO OOYCIIaBIMBAET €€ aKTyallb-
HOCTB U NPAKTUYECKYI0 BOCTPeOOBaHHOCTh. BrIcoKoi
CXOIIMMOCTH PACUETHBIX M (PAKTHUECKUX 3HAYCHUM ITPO-
THO3MPYEMOTO ITapaMeTpa yIanoch J00UThHCs 3a CUeT yc-
JIO)KHEHMSI MOJICTIH, UTO 3aTPYAHSET €€ HHTEPIPETALHIO
Y HE TI03BOJISIET 000CHOBAHHO C(hOPMYJIUPOBATH YCIOBHS
W KPUTEPUU IIPAKTUUECKOro NpuMeHeHus. B kauecTse
00beKTa McCIeJOBaHUs BBIOPAHBI TPH 3alIeKU HEePTH
OJJHOTO MECTOPOXKIICHHS C PA3JINYAIOIINMUCS I'€0JI0T0-
¢du3nyeckumu ycnoBusiMu. Hannuune Gonbiioro konuye-
cTBa (DAKTHYECKHUX OIPEAEICHUH I7IaCTOBOTO 1ABJICHHS
MOCPEACTBOM T'HIPOJNHAMHUYECKUX HCCIEIOBAHUN
CKBa)XHH Ha MECTOPOKACHUH TI03BOJIMIIO TIPOBECTH Te-

CTUPOBAHUE MOJIEIIH 10 CAMBIM Pa3JIMUHBIM CLIEHAPHSIM,
IUTSL KQKJIOTO M3 KOTOPBIX OLICHUBAJIaCh M aHAJIM3UPOBa-
Jach olmMOKa MporHo3a. B pesynprare monTBep:kIeHbI
BBICOKHE CTaTUCTHYECKHE OLICHKH NMPOTHOCTUYECKOU
CHOCOOHOCTH MOJENIN MPU PETPO- U NEPCHEKTHBHOM
BOCIIPOM3BE/ICHNH IIJIACTOBOI'O JABJICHHS. YCTaHOBIICHO,
YTO OLIMOKHY NPOTHO3UPOBAHHUS CTPEMSTCS K HYJIO IIPH
HaJIMYUK OOJBLIOTO KOJIMYECTBA (PAKTUUECKUX OIpe-
JEJICHUH BEeJIMYUHBI IJIACTOBOTrO AaBieHus. OnHaKo
IUIS TIPOBEJICHUS BBIYMCIICHUS 110 KAXKIOW CKBa)KMHE
JOCTaTOYHBIM SIBJISETCS] HAIMYHME SOUHUYHOTO 3aMepa
3a BCIO HCTOPUIO. YCTAaHOBIICHO, YTO PE3KOE U3MECHEHHE
nebuTa CKBaXMHBI TAKXKE TOJKHO COMPOBOXKIATHCS
(aKkTHUECKUM ONpeAEICHUEM IUIAaCTOBOIO JaBICHUS
C 3aHECCHHEM IOJYYEHHOW BEIWYMHBI B MOAeab. B
Cllydae OTCYTCTBHS IO OTIEJIBbHBIM CKBaXKMHAM Jaxe
€IMHUYHOTO 3aMepa IJIaCTOBOTO IaBJICHHS MOEIb J10-
CTOBEPHO BOCIIPOM3BOIMT €T0 BEJIMUUHY MOCPEICTBOM
MCTIOIb3YEMOH B aJITOPUTMAX MIPOLIEAYPbl KPUTUHTA IIPH
HQJINYMHU 3aMEPOB IO COCEIHUM CKBAKHHAM.

KiroueBble ciioBa: MammHHOE 00ydeHUeE, UCKyC-
CTBEHHBIN MHTEJUIEKT, IUIACTOBOE JaBieHHE, HedTeno0-
ObIBaroOIasi CKBaXXMHA, IPOrHO3
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