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ESTIMATION OF THE LOST CIRCULATION RATE USING FUZZY CLUSTERING
OF GEOLOGICAL OBJECTS BY PETROPHYSICAL PROPERTIES

(PexomeHAoeaHO 4YrieHOM pedakyiliHoi konezii 0-pom 2eorn. Hayk, npogh. C.A. Buxeoto)

Currently, cluster-analysis or automatic classification problems are widely used in various fields, in particular economics, sociology,
medicine, geology, and other sectors, where there are sets of arbitrary kinds of objects to be automatically divided into groups of similar
objects based on their "similarities-differences"” features. In recent years, these methods have been widely used in data analysis problems.
Conventional methods of cluster-analysis suggest a clear partition of the original set into subsets, in which each point is included only in
one cluster after the partition. However, it is well known that such a restriction is not always true. It is often necessary to make such kind
of partition, which allows determining the degree of membership of each object for each set. In this case it is advisable to use fuzzy cluster-
analysis methods. Problems in this formulation arouse interest of specialists dealing with geology, geophysics, oil- and gas-well drilling
and oil and gas production. One of the most important results of the study of lost circulation zones is determination of the coefficient of
lost circulation intensity.

Purpose. Estimation of drilling mud lost circulation during drilling and emerging risks.

Methodology. The solution of the problems posed in the work was carried out using methods known from mathematical statistics and
the theory of fuzzy sets. The technique of processing the results, as well as fuzzy cluster analysis, was used for that purpose.
Findings. As a result of the research, 5 classes were obtained, each of which characterizes the rate of mud lost circulation, expressed by
linguistic variables. On the basis of this, fuzzy models are constructed, expressing the relationship between the indices of petrophysical
properties and the volume of the absorbed solution.

Originality. A method based on fuzzy cluster analysis has been developed, which makes it possible to predict drilling mud lost
circulation of different rate at an early stage during drilling.

Practical value. The obtained results allow making decisions on prevention of lost circulation and timely liquidation of their

consequences.

Keywords: porosity, permeability, fuzzy cluster, absorption, drilling mud, complications.

With the growth of information processed, stored and
received during the work of information processes in large and
medium-sized enterprises, as well as scientific activities, its
processing, in the form obtained, becomes difficult. There is a
need for initial processing of information for its structuring,
identification of characteristics, generalization and sorting. For
this purpose, classification and clustering processes are used.
Classification of documents is the process of ordering or
distribution of objects (observations) to classes in order to
reflect the relationship between them. A class is a set of
documents that have a certain common feature that
distinguishes it totally from others. To classify an object
means to indicate the number (or name) of the class to which
the object belongs. Classifier training is the process of
constructing an algorithm in the case when a finite set of
objects is specified and it is known to which classes they
belong. This set is called sampling. The class affiliation of the
remaining objects is not known.

Clustering is the process of splitting a given selection of
objects (observations) into disjoint subsets, called clusters, so
that each cluster consists of similar objects, and the objects of
different clusters differ substantially. Clustering is used when
data compression is required. If the original sample is
excessively large, it can be reduced by leaving one of the
most typical representatives from each cluster. Clustering is
also used to detect novelty. Untypical objects are selected
that cannot be attached to any of the clusters [2].

It is important to understand the difference between
clustering (unsupervised classification) and discriminant
analysis (supervised classification). In  supervised
classification, we are provided with a collection of labeled
(pre-classified) patterns; the problem is to label a newly
encountered, yet unlabeled, pattern. Typically, the given

labeled (training) patterns are used to learn the descriptions
of classes which in turn are used to label a new pattern. In
the case of clustering, the problem is to group a given
collection of unlabeled patterns into meaningful clusters. In
a sense, labels are also associated with clusters, but these
category labels are data driven; that is, they are obtained
solely from the data [11].

Different methods of clustering could be effective for
different properties. For example, the Bayes method is used
in the presence of a large number of objects in the training
sample, to calculate the probability of occurrence of objects
most accurately. The support vector method is used in the
economy to calculate regression of different values and
further prediction. It is used as a classifier in information
retrieval systems. The K-means method is used to isolate
groups of objects in the economy, in the data analysis, as well
as in information retrieval systems. The hierarchical clustering
method is used to collect statistical data and is implemented
in statistical packages. It is also used for clustering text
documents. EM-algorithm is used in information retrieval
systems for clustering large amounts of data.

There are two main classifications of clustering methods.
One of them is the division into hierarchical and non-
hierarchical (or flat) ways of clustering. Hierarchical
algorithms (also called taxonomy algorithms) build more than
one partition of the sample into disjoint clusters, and a system
of nested partitions. Thus, at the output we get a cluster tree,
the root of which is the entire sample, and the leaves are the
smallest cluster. Downward hierarchical algorithms work on
the principle of "top-down": at the beginning, all objects are
placed into one cluster, which is then broken down into
smaller clusters. "Down-top” algorithms are more common,
where at the beginning of the job, each object is placed into a
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separate cluster, and then we consolidate the clusters into
larger clusters until all sampling objects are contained in the
same cluster. Thus, a system of nested partitions is
constructed. The results of such algorithms are usually
presented in the form of a tree — a dendrogram. A classic
example of such a tree is the classification of animals and
plants. Unlike them, non-hierarchical (flat) algorithms build
one partition of objects into clusters.

In general, clustering can be also classified as follows:
Soft clustering (overlapping clustering) and Hard clustering (or
exclusive clustering) [10]. In the case of hard clustering, each
point belongs to only one cluster; while for soft clustering the
point belongs to two or more clusters with different degrees of
membership. Often, soft clustering is more natural, because
points on the boundaries of classes do not have to belong
entirely to one of them. Rather, they will belong to several
classes with different degrees of membership from 0 to 1. One
of the most popular techniques of soft clustering is fuzzy c-
means (FCM), and similarly k-means is one of the most
common methods of hard clustering.

For each pair of objects, the "distance" between them is
measured — it is the degree of similarity. There are many
metrics, here are the main ones: Euclidean distance, The
Square of the Euclidean distance, Distance between city
blocks (Manhattan distance), Chebyshev's distance, and
Power distance.

The most common distance function is Euclidean distance.
It is a geometric distance in a multidimensional space:

PO =G -2, )

The square of the Euclidean distance is used to give
more weight to more distant objects. This distance is
calculated as follows:

plexY) = (x,—x ") )

Distance between city blocks (Manhattan distance) is the
mean of the differences in coordinates. In most cases, this
measure of distance leads to the same results as the usual
Euclidean distance. However, for this measure, the effect of
individual large differences (outliers) decreases (because
they are not squared). Chebyshev's distance can be useful
when you need to define two objects as "different" if they
differ in any one coordinate. Power distance is acceptable
where it is necessary to increase or decrease the weight
related to the dimension for which the corresponding objects
are very different.

The choice of the metric lies entirely with the researcher,
since the results of clustering can differ significantly when
using different measures.

K-Means Algorithm.

The K-means method is based on dividing the set of
observations into clusters that are locally minimized with
respect to the distance between the information point and
the cluster centroid. The objective function of the algorithm
is represented by the formula (3):

LA 2
YEDIDY MU (3)
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. 2
where ”x.“ ) ¢ " is a chosen distance measure between a data

i

point x,.(-’ ) and the cluster centre ¢ is an indicator of the distance

of the n data points from their respective cluster centers.

This algorithm is particularly sensitive to randomly
selected initial cluster centers. To reduce this effect, the
algorithm can be executed many times. This is a simple
algorithm that can be used in many areas and is well suited
for randomly generated data points.

This method takes the input parameter k, the number of
clusters and splits the set of n objects into k clusters, so that
the resulting intra-cluster similarity is high, but the similarity
between clusters is low. The basic idea is to determine k
centroids, one for each cluster. These centroids should be
placed in a subtle way due to a different location resulting in
different results. Thus, the best choice is to place them as
far apart as possible. The next step is to take each point
belonging to a given data set and associate it with the
nearest center of gravity. When no point is deferred, the first
step is completed and the early grouping is performed. At
this stage, we need to count k new centroids. After we have
these new centroids, a new binding must be done between
the same points in the data set and the nearest new center
of gravity. A loop has been created. As a result of this cycle,
we can see that k centroids change their location step by
step, until no changes are made. In others words, centroids
no longer move. Finally, this algorithm is aimed at
minimizing an objective function, in this case, a squared
error function [10].

The Formal algorithm of K-Means is:

1. Select K points as initial centroids.

2. Repeat.

3. Form k clusters by assigning all points to the closest
centroid.

4. Recompute the centroid of each cluster.

5. Until the centroids do not change.

Fuzzy C-Means Algorithm.

As above mentioned, one of the most widely used
algorithms in clustering is fuzzy clustering algorithm. Fuzzy
set theory was first proposed by Zadeh in 1965 [15] and it
gave an idea of uncertainty of belonging which was
described by a membership function. For each of the
clusters, membership values are assigned to the data points
and fuzzy clustering algorithm allows the clusters to grow
into their natural shapes. In Fuzzy C-Means (FCM) algorithm
each point belongs to the cluster to a certain extent — this is
called the membership grade. The technique was suggested
by Jim Bezdek in 1981 [4] and it is an improvement on earlier
studies. The main advantage of this type of clustering is its
flexibility. Points belong to more than one cluster. It allows
the gradual membership of points in clusters, located in the
range from 0 to 1.

The well-known Bezdek's fuzzy clustering algorithm,
known as Fuzzy C-Means, as well as other algorithms based
on it, such as PCM, PFCM, FCM-a, can be useful in many
technical fields, for example image analysis, pattern
recognition. FCM gives good results in the absence of noise,
but it is very sensitive to noise and outliers. In this regard,
the centroid is attracted to the outliers, rather than the cluster
centers. The use of PCM and PFCM partly solves this
problem, because they work better in the presence of noise
compared to FCM. But PCM cannot find optimal clusters
because of noise, and PFCM does not give good results if
clusters vary greatly in size and outliers. The fuzzy clustering
algorithms can be divided into two types: one is Classical
fuzzy clustering algorithms and the other is Shape based
fuzzy clustering algorithms [6].

FCM is based on minimization of the following objective
function (4):

’ x.—cj||2,1Sm<OO, (4)

where m is any real number greater than 1, U,./. is the degree

of membership of x, in the cluster j, x, is the i-th of d-
dimensional measured data, ¢, is the d-dimension center of

the cluster, and ||*]| is any norm expressing the similarity
between any measured data and the center. Fuzzy
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partitioning is carried out through an iterative optimization of
the objective function shown above, with the update of

membership U, and the cluster centers c; by:

Uy=— W (5)
.

S

o

C =T (6)

U

i-1

This iteration will stop when max, = {|U\""" -U} |} <&

where & is a termination criterion between 0 and 1, whereas
k is the iteration steps. This procedure converges to a local
minimum or a saddle point of J .

The formal algorithm of FCM is:

1. Initialize U =[u;] matrix, U ;

2. At k-step: calculate the centers vectors C'") =[c,]
with U® -

3. Update U, U ;

4. 1f |JUSD —U™ ||< & then STOP; otherwise return to

step 2.

In FCM, data are bound to each cluster by means of a
Membership Function, which represents the fuzzy behavior
of this algorithm. To do that, we simply have to build an
appropriate matrix named U whose factors are numbers
between 0 and 1, and represent the degree of membership
between data and centers of clusters.

A comparison between the FCM and K-Means
algorithms is performed based on their respective
calculation periods taken for the experiments, and based on
their respective temporal complexities in [10]. First of all, it
can be seen from the observations that despite foregoing
advantages, the FCM requires more time for computation
than K-Means. So, as we have seen, as soon as the number
of cluster increases, the time complexity of FCM increases
with a more rapid growth rate than that of K-Means
algorithm. This figure shows that K-Means algorithm is less
complex than FCM.

FCM

Algorithms

-

-Means

a 1 2 a 4

Time taken for computation in seconds

Fig. 1. Comparison between the FCM
and K-Means algorithms

Numerous researches of different authors have been
devoted to studies of various characteristics of rocks such
as porosity, permeability, lithology, etc. [5, 13, 14]. In these
works, studies were carried out using the method of
statistical modeling through geophysical studies of wells;

attempts were made to establish a correlation between
various geological and technological characteristics with the
aim of further practical application in solving oilfield tasks.

Thus, in [13, 14] the problem of statistical modeling of
random fields in three-dimensional space was considered.
The model was constructed and an improved numerical
simulation algorithm was formulated. The ways of forming
and approximating of homogeneous groups with respect to
several variables were theoretically justified and shown. In
order to analyze the parameters of elastic and acoustic
anisotropy, the effect of mineral composition and porosity on
these parameters was studied in [5]. The main aspects of
the construction of geological and geophysical models are
discussed in [9]. This paper gives the classification of
geological-geophysical models by stages of prospecting
works. The analysis shows that very interesting results have
been obtained in recent years, whose application can solve
problems of different, including technological, nature.

During solving a number of problems, the authors used
methods based on fuzzy sets, which provide successful
solving of classification problems, as well as decision-
making tasks.

Results of the analysis using c-means method.
Usually work on the definition of lost circulation intensity is
performed for each well. The intensity of lost circulation is
influenced by a number of factors, including lithologic and
petrophysical characteristics of the reservoir. The forecast of
the expected lost circulation intensity values during the design
of wells according to the results of studies of previously drilled
wells is a reserve for further reducing of the well wiring cost in
the areas, folded by layers which tend to lost circulation. Lost
circulation can have varying rate, which can be estimated by
using cluster-analysis. Accordingly, the purpose of the
present report is the use of fuzzy cluster-analysis for the
assessment of rate for this kind of complications in drilling,
which include lost circulation of drilling mud. Data about
drilling was collected, it also contains measurements, which
allowed determining the intensity of lost circulation.
Depending on the nature of the original information, two
approaches were suggested: statistical and based on fuzzy-
cluster analysis [8]. The data was subjected to statistical and
fuzzy cluster-analysis using c-means algorithms and an
appropriate program. As a result of cluster-analysis, five
classes were produced, and each of them is characterized by
the relative rate of lost circulation, the relevant characteristics
of layers and intensity of lost circulation.

In our work, a cluster analysis was carried out using the
c-means method based on two signs [1], influencing the
intensity of lost circulation: porosity and permeability. These
input signs were set in accordance with the intensity of lost
circulation. Each class corresponds to certain degree of rate
(catastrophic, serious, intensive, partial, and minor).

However, the desired result of clustering can be also
obtained by using hard c-means algorithm, if a set of objects
consists of compact clusters and each cluster is noticeably
separated from others. At the same time, in practical
problems, particularly in geology, oil and gas business, such
kind of sets of objects are rare. A set of objects often
contains several unprototype objects, which can lead to poor
results of clustering due to the shift of cluster centers [1]. To
overcome such undesirable property of clear algorithm,
FCM-algorithm (fuzzy c-means algorithm) using weighting
factors (membership function) to monitor the contribution of
the objects into the cluster centers definition, should be
applied. FCM-algorithm gives adequate results of clustering
if a set of objects contains overlapping clusters. The results
of clustering are based on fuzzy membership function, using
the relative distances of objects relative to the centers of
clusters [3, 12]. For example, an object that is far away from
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the cluster center, makes a smaller contribution to the
clusters centers search process, than objects which are
close to the center of the cluster.

As a result of the applying of algorithm, five clusters were
obtained [7], and each of them is characterized by
petrophysical characteristics matched rate of lost circulation
of rocks as following fuzzy rules:

IF the rock is dense and impermeable, THEN lost
circulation is minor.

IF the rock is low-porous and moderately permeable,
THEN lost circulation is intensive.

IF the rock is moderately porous and low-permeable,
THEN lost circulation is partial.

IF the rock is porous and highly-permeable, THEN lost
circulation is catastrophic.

IF the rock is highly-porous and permeable, THEN lost
circulation is serious.

Term-sets of input and output variables are shown in
Figures 2-4.
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Fig. 2. Term-sets of porosity:
1 — dense; 2 — low-porous; 3 — moderately porous; 4 — porous; 5 — highly-porous

12

Fig. 3. Term-sets of permeability:
1 — impermeable; 2 — low-permeable; 3 — moderately permeable; 4 — permeable; 5 — highly-permeable

12

Fig. 4. Term-sets of lost circulation:
1 — minor; 2 — partial; 3 — intensive; 4 — serious; 5 — catastrophic
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Thus, to evaluate the effect of geological conditions on
the nature of lost circulation in terms of lack of information,
mutual correspondence between indicators of petrophysical
properties of rocks and rate of lost circulation has been
reached on the basis of fuzzy cluster-analysis, that is very
important for the early diagnosis of lost circulation and
assessment of the risk.

Cnuncok BUKOPUCTaHUX axepen

1. Oemuposa J1. A. Knactepmsaumsi o6bekToB ¢ Mcrnonb3oBaHnem FCM-
anroputMa Ha OCHOBE HEYETKUX MHOXEeCTB BTOPOro TUMna W reHeTU4eckoro
anroputma / J1. A. DemupoBa, E. WN. Konsiesa // BectHuk PITPTY. — PAsaHb. —
2008. — Ne 26, 4.

2. Yepe3sos [1. C. O630p OCHOBHbIX METOAOB Knaccudukauum 1 Knacrepu-
3aumm ganHbix / . C. Yepesos, H. A. Tiokayes // BectHuk BCY. Cepusi: Cucte-
MHbI aHann3 1 HOPMaLMoHHble TexHonorum. — 2009. — Ne 2. — C. 25-29.

3.Aliev R. A. Type-2 Fuzzy Neural Networks and Their Applications /
R. A. Aliev, B. G. Guirimov. — 2014. — Pexxum poctyny: http://www.springer.com/
us/book/97833190907 19

4. Bezdek J. C. Pattern Recognition with Fuzzy Objective Function
Algorithms / J. C. Bezdek. — New York : Plenum Press. — 1981.

5. Bezrodna |. Mathematical modelling of influence of the mineral
composition and porosity on elastic anisotropic parameters of complex
sedimentary rocks of Volyn-Podolia area / |. Bezrodna, D. Bezrodnyi,
R. Holiaka // Visnyk of Taras Shevchenko National University of Kyiv.
Geology. —2016. — Ne 73. — C. 27-32.

6. Bora D. J. A Comparative Study Between Fuzzy Clustering Algorithm
and Hard Clustering Algorithm / D. J. Bora, A. K. Gupta // International Journal
of Computer Trends and Technology (IJCTT). — 2014. — Ne 10, 2.

7. Clustering of geological objects using FCM-algorithm and evaluation of the
rate of lost circulation / G. M. Efendiyev, P. Z. Mammadov, I. A. Piriverdiyev et
al. // 12th International Conference on Application of Fuzzy Systems and Soft
Computing, ICAFS 2016, 29-30 August 2016, Vienna, Austria: Procedia
Computer Science. —2016. — Ne 102. — C. 159-162.

8. Forecast of drilling mud loss by statistical technique and on the basis of
a fuzzy cluster analysis / G. M. Efendiyev, S. A. Rza-zadeh, A. K. Kadimov et
al. // Seventh International Conference on Soft Computing, Computing with
Words and Perceptions in System Analysis, Decision and Control. Turkey :
Izmir. — 2013. — C. 319-322.

9. Kuzmenko T. Theoretical and methodological aspects of creating of
geological and geophysical model of hydrocarbon fields / T. Kuzmenko,
A. Tyschenko, P.Kuzmenko // Visnyk of Taras Shevchenko National
University of Kyiv. Geology. —2015. — Ne 71. — C. 61-66.

10. Raulji J. G. A Review on Fuzzy C-Mean Clustering Algorithm / G. Raulji
Jitendrasinh // International Journal of Modern Trends in Engineering and
Research. —2015. —Ne 2, 2. — C. 751-754.

11. Suganya R. Fuzzy C-Means Algorithm — A Review / R. Suganya,
R. Shanthi // International Journal of Scientific and Research Publications. —
2012. — Ne 11, 2.

12. Turksen |. B. Full Type 2 to Type n Fuzzy System Models / I. B. Turksen
/I Seventh International Conference on Soft Computing, Computing with
Words and Perceptions in System Analysis, Decision and Control. Turkey :
Izmir, 2013. - C. 21.

13. Vyzhva S. Determination of the void space structure of complex rocks
using the petroacoustic studies data from the Semyrenkivska area /
S. Vyzhva, |. Bezrodna // Visnyk of Taras Shevchenko National University of
Kyiv. Geology. — 2016. — Ne 74. — C. 11-17.

I. EbengieB’, a-p TexH. Hayk, npod., un.-kop. HAHA

Ten.: +994502809794, e-mail: galib_2000@yahoo.com

M. Mamepos?, a-p reon.-MiHeparnor. Hayk, npod., akagemik

Ten.: +994503171415, e-mail: parviz08@list.ru,

I. NMipisepaies’, pokTopaHT

Ten.: +994504125240, e-mail: igorbaku@yandex.ru

B. Mamenos' H., aucepranT

Ten.: +994503178800, e-mail: vugar.mammadov@halliburton.com
IHcTUTYT HadhTH | rasy HauioHanbHOi akagemii Hayk Asep6aingxaHy
Byn. ®. AmipoBa, 9, M.Baky, AZ1000, Asep6angxaH
2AzepbaingxaHCbKUin AepXaBHUIM yHiBepcuTeT HadTH | npoMucnoBocTi
np-1. Asagnur, 20, m. Baky, AZ1010, Asep6anmxaH

14. Vyzhva Z. About advanced algorithm of statistical simulation of seismic
noise in the flat observation area for determination the frequency
characteristics of geological environment / Z.Vyzhva, K. Fedorenko,
A.Vyzhva // Visnyk of Taras Shevchenko National University of Kyiv.
Geology. — 2016. — Ne 73. — C. 58-64.

15. Zadeh L. A. Fuzzy sets / L. A. Zadeh // Information and Control. — 1965.
—Ne 8, 3. - C. 338-353.

References

1. Demidova, L. A., Konyaeva, E. |. (2008). Clustering of objects using
FCM-algorithm on the basis of type-2 fuzzy sets and genetic algorithm.
Vestnik of RSREU. Ryazan, 26, 4. [in Russian].

2. Cherezov, D. S., Tyukachev, N. A. (2009). Review of main methods of
data classification and clustering. Vestnik VSU, series: system analysis and
information technologies, 2, 25-29. [in Russian].

3. Aliev, R. A., Guirimov, B. G. (2014). Type-2 Fuzzy Neural Networks and
Their Applications. URL: http://www.springer.com/us/book/9783319090719

4. Bezdek, J. C. (1981). Pattern Recognition with Fuzzy Objective Function
Algorithms. New York: Plenum Press.

5. Bezrodna, |., Bezrodnyi, D., Holiaka, R. (2016). Mathematical modelling
of influence of the mineral composition and porosity on elastic anisotropic
parameters of complex sedimentary rocks of Volyn-Podolia area. Visnyk of
Taras Shevchenko National University of Kyiv. Geology, 73, 2, 27-32.
[In Ukrainian].

6. Bora, D. J., Gupta, A. K. (2014). A Comparative study Between Fuzzy
Clustering Algorithm and Hard Clustering Algorithm. International Journal of
Computer Trends and Technology (IJCTT), 10, 2.

7. Efendiyev, G. M., Mammadov, P. Z., Piriverdiyev, I. A., Mammadov, V. N.
(2016). Clustering of geological objects using FCM-algorithm and evaluation
of the rate of lost circulation. 12th International Conference on Application of
Fuzzy Systems and Soft Computing. ICAFS 2016. 29-30 August 2016.,
Vienna, Austria. Procedia Computer Science, 102, 159-162.

8. Efendiyev, G. M., Rza-zadeh, S. A., Kadimov, A. K., Kouliyev, I. R.
(2013). Forecast of drilling mud loss by statistical technique and on the basis
of a fuzzy cluster analysis. Seventh International Conference on Soft
Computing, Computing with Words and Perceptions in System Analysis,
Decision and Control. Turkey: Izmir, 319-322.

9. Kuzmenko, T., Tyschenko, A., Kuzmenko, P. (2015). Theoretical and
methodological aspects of creating of geological and geophysical model of
hydrocarbon fields. Visnyk of Taras Shevchenko National University of Kyiv.
Geology, 71, 4, 61-66. [In Ukrainian].

10. Raulji, J. G. (2015). A Review on Fuzzy C-Mean Clustering Algorithm.
International Journal of Modern Trends in Engineering and Research, 2, 2,
751-754.

11. Suganya, R., Shanthi, R. (2012). Fuzzy C-Means Algorithm — A
Review. International Journal of Scientific and Research Publications, 2, 11.

12. Turksen, I. B. (2013). Full Type 2 to Type n Fuzzy System Models.
Seventh International Conference on Soft Computing, Computing with Words
and Perceptions in System Analysis, Decision and Control. Turkey: Izmir, 21.

13. Vyzhva, S., Bezrodna, |. (2016). Determination of the void space
structure of complex rocks using the petroacoustic studies data from the
Semyrenkivska area. Visnyk of Taras Shevchenko National University of
Kyiv. Geology, 74, 3, 11-17. [In Ukrainian].

14. Vyzhva, Z., Fedorenko, K., Vyzhva, A. (2016). About advanced algorithm
of statistical simulation of seismic noise in the flat observation area for
determination the frequency characteristics of geological environment. Visnyk
of Taras Shevchenko National University of Kyiv. Geology, 73, 2, 58—64.

15. Zadeh, L. A. (1965). Fuzzy sets. Information and Control, 8, 3, 338-353.

Hapinwna ao peakonerii 12.01.18

OLIHKA LUIBUOKOCTI NOIMMUHAHHA BYPOBOIO PO34YUHY 3 BUKOPUCTAHHAM HEYITKOI KNACTEPU3ALIT
FEOJIONYHUX OB'EKTIB 3A NETPO®ISUYHUMU BIIACTUBOCTAMU

B OaHuti 4ac 3ae0aHHs1 Knacmep-aHanidy, abo aemomMamuyHoi knacugikayii, ompumanu wupoke 3acmocyeaHHs1 8 pi3Hux obrnacmsx, 30Kkpema,
eKoHoMmiyi, couiosnozii, MeQuuyuHi, 2eonozii ma iHwux 2any3sx, ycodu, e € MHOXXUHU 06'ckmie AoeinbHoI Npupodu, siki He06xiOHO aemoMamu4yHo
po36umu Ha 2pynu odHopidOHUx o6'ekmie 3a ix o3Hakamu "nodi6Hocmi-eidMiHHOCcMI". B ocmaHHi poku yi Memodu WuUpPoOKO 3acmocoeyomscsi
3adayax aHanisy iHgpopmauii. TpaduyiliHi MemoOdu Knacmep-aHanisy npunyckaroms Yimke po36ummsi uUxiOHUX MHOXXUH Ha MiIOGMHOXUHU, 3a SIKO20
KOXXHa mod4ka nicsis1 po36ummsi nomparnsisie minbkKu 8 o0uH knacmep. OGHak, sik 8i0oMo, make o6MeXeHHs1 He 3aexou eipHo. Halivacmiwe HeobxidHO
3pobumu po36ummsi mak, Wo6 eusHa4yumu cmyniHb HasIeXHOCMi KO)XXKHO20 06'eKkma A0 KOXXHOI MHOXUHU. Y UboMy eunaodky OoyifbHO 8UKOPUCMO-
syeamu He4Yimki MemoOu Kknacmep-aHani3y. 3aedaHHs1 8 makili nocmaHosyi npueepmaroms iHmepec ¢haxieyie, wjo 3alimaromscsi MUMaHHAMU 2€0-
noeii, 2eogpizuku, 6ypiHHS ceepdso8uUH i po3pobku podosuw, Haghmu i 2a3y. OOHUM i3 Halisaxnusiwux pe3ynbmamie ocnidKeHHs1 30H No2IUHaHHS

€ 8U3Ha4YeHHs1 koeghiyieHma iHmeHcueHOCMi No2sIUHaHHS.

Mema. OuyiHka cmyneHsi msi>xkocmi noanuHaHb Npu 6ypiHHi ceepdnIo8uUH i pu3ukis, sIKi NPU YUbOMYy 8UHUKarOMb.
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Memoduka. PiweHHss nocmaeneHux y po6omi 3aedaHb 6a3yeanocsi Ha Memodax, 8idoMux i3 MameMamu4yHOi cmamucmuku i meopii He4imkux
MHouH. lMpu ybomy 6ynu eukopucmaHi Memoduka o6po6ku pe3yibmamie, a MakKoX He4imKo20 Kracmep-aHanisy.

Pe3ynbmamu. [1i0 yac docnidxeHb ompuMaHi 5 Knacie, KOXeH 3 AKUX xapakmepu3ye cmyniHb MsHKKOCcmi no2iuHaHb 6ypo8o2o po34yuHy, eupa-
JKeHy snliHzeicmuyHumMu 3MiHHUMU. Ha ocHoei ybo020 nobydoeaHi Heyimki Moderni, wjo eupaxaroms 36 'A30K MiX Moka3HUKamu nempogizuyHux enac-
mueocmel i 06¢cs720M M027ITUHEHO20 PO3YUHY.

Haykoea Hoeu3Ha. Po3po6ieHo Memod, 3acHogeaHull Ha He4imKomy Knacmep-aHaiisi, o do3eosisie MPo2HO3y8amu Mo2/AUHaHHs1 Pi3HO20 cmy-
neHsi msikkocmi Ha paHHit cmadii 8 npoyeci 6ypiHHSA.

Hacniodkie.
Knroyoei cnoea: nopucmicms, NpoHUKHicMb, Heyimkulii Kriacmep, no2auHaHHs, 6ypoeuli pO34uH, yCKNaOHEeHHS.
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"MHcTUTYT HedpTH 1 rasa HaumoHanbHoW akagemun Hayk AszepbangxaHa
yn. ®. AmupoBa, 9, r. Baky, AZ1000, Azep6anaxaH

2A3epbaiaxaHCKUI rocyAapCTBEHHbIN YHUBEPCUTET HeTU U NPOMbILNIEHHOCTU
np-1. Asagneir, 20, r. Baky, AZ1010, Asep6angxaH

OLIEHKA CKOPOCTW NOrMoLEHNS1 BYPOBOIO PACTBOPA C UCIONIb3OBAHVEM HEYETKOW
KNACTEPU3ALUU TEONTOMMYECKUX OB BEKTOB MO NETPOPU3NYECKUX CBOMCTBAMMU

B Hacmosiwee epemsi 3adaqu Knacmep-aHanu3sa, uiu asmomamu4eckoll Knaccugbukayuu, nosyqusu WupoKoe npuMeHeHUe 8 pa3siudHbIx obna-
cmsix, 8 YacmHoOCMu, 3KOHOMUKe, coyuosio2uu, MeQuyuHe, 2eo102uu U Opya2ux ompacrisix, ectody, 20e uMeromcsi MHoxecmea o6eKmoe npou3eo-
NbHOU NPUPOObI, KOMopbie He06x00UMO aeémoMamuyecku pa3bums Ha 2pynnbl 0OHOPOOHbIX 06bLEKMOoe Mo ux npu3Hakam "cxodcmea-pasnuyus”.
B nocnedHue 200b1 3mu Memodb! WUPOKO MNPpUMeHsSIFoMCcs 8 3adayax aHanu3a uHgpopmayuu. TpaduyuoHHble MemoOkl Kilacmep-aHanu3a npednona-
2alom yemkoe pa3bueHue ucxo0HO20 MHOXecmea Ha NoOMHOXKecmea, Npu Komopom Kaxdasi moyka rnocsne pa3bueHus nonadaem mosibKo 8 00UH
knacmep. OGHaKo, Kak u3eecmHO, maKoe o2paHuU4YyeHuUe He ece20a eepHo. 3ayacmyro Heo6xodumMo npouszeecmu pazbueHue mak, Ymobbi onpede-
lumb cmeneHb NPUHadneXxHocmu Kaxdo2o 06bLeKkma K kaxxdoMy MHoxecmey. B amom cnyqae yenecoobpa3Ho ucnosb3o08ame Heyemkue Memoosbl
Knacmep-aHanu3a. 3ada4u 8 makoii TocmaHoeKe rpueJsiekalom uHmepec crneyuanucmos, 3aHUMaloWUXcsi 80Npocamu 2eoso2uu, 2eogusuku, 6ype-
HUSI CK8a)KUH u pa3pabomku mecmopoxdeHuli He¢pmu u 2a3a. OOHUM U3 Haubosiee 8aXKHbIX pe3ysibmamoe uccsiedoeaHus 30H M02SIOWeHUsT siarisie-
mcsi onpedeneHue KO3ghghuyueHma UHMeHCUBHOCMU MO2JIOUWeHUST.

Lenb. OueHka cmeneHu mspkecmu noasioweHull npu 6ypeHUU CK8aXXUH U 803HUKaIOUWLUX MPU 3MOM PUCKO8.

Memoduka. PeweHue nocmaeneHHbIx 8 pabome 3aday OCHO8bI8ASIOCh Ha Memodax, U38eCmHbIX U3 14eckoli ¢ ICMUKuU U meopuu
Heyemkux MHo)xecme. lMpu amom 6b11u ucnonb3o8aHbl Memoduka o6pabomku pe3ynbmamos, a makxe He4yemKoa20 Knacmep-aHaausa.

Pe3ynbmamebl. Bo epemsi uccnedosaHull nony4eHsbl 5 knaccos, Kaxobili U3 KOMOPbIX Xapakmepu3yem cmerneHb msxecmu noasouwieHuli 6ypo-
8020 pacmeopa, 8bipaXeHHYI0 JIUH28UCMUYECKUMU repeMeHHbIMU. Ha ocHoge 3amo2o nocmpoeHbl Heyemkue Modesu, ebipaxaroujue cesizb Mexoy
rnokasamesiiMu nempogu3suvecKux ceolicme u 06LeMoM No2s10WeHHO20 pacmeopa.

Hayynasi Hoeu3Ha. PazpabomaH Memo0d, ocHO8aHHbIlU Ha HeYeMKOM Kilacmep-aHasiu3e, no3eosisiiowull Mpo2HO3upoeamb Mo2/10WeHUs1 pa3Hol
cmeneHuU msxecmu Ha paHHel cmaduu 8 rpoyecce 6ypeHust.

lMpakmuyeckasi 3Hayumocms. [Mony4eHHble pe3ynbmambl M0360JsII0M MPUHUMamb peweHusi no npedynpexoeHuro noaaouweHull u ceoeepe-
MeHHol nnukeudayuu ux nocsedcmeull.

Knroyeenie crnoea: nopucmocms, NpoHuUyaeMocms, Heyemkuli Knacmep, noaaoujeHue, 6ypoeoll pacmeop, OCII0XHEHUSI.






