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EVALUATING THE DEGREE OF COMPLEXITY OF TIGHT OIL RECOVERY BASED
ON THE CLASSIFICATION OF OILS

(MpedcmaeneHo iHo3eMHUM 4YnieHoM pedakyitiHoi koneeii npog. I'. Kynieeum)

The article discusses the results of the use of cluster analysis in assessing the degree of oil recovery complexity and its impact
on the performance indicator. For this purpose, clustering was performed using a fuzzy cluster analysis algorithm. It should be noted
that along with the deposits of heavy and highly viscous oils, a large share of hard-to-recover reserves is also confined to conditions
with very low reservoir permeability values. Data on viscosity, oil density and oil permeability of in-situ conditions from various fields
of Kazakhstan are collected. Using the results of this classification, a statistical analysis of indicators of various types of hard-to-
recover oils was performed. In the process of analysis, a generalized characteristic was determined for each class of oil, including
viscosity, oil density and reservoir permeability. The generic characteristic is a linear transformation of the three characteristics. The
results were subjected to statistical processing. At the same time, an attempt was made to establish and analyze the relationship
between the degree of recovery complexity of hard-to-recover oils and oil recovery coefficient. In the course of the analysis, the
average values of the oil recovery coefficient and the index of the degree of recovery complexity of hard-to-recover oil within each
cluster were calculated and the relationship between them was plotted. The observed dependence, built on averaged points, is close
to a power law, and, as one would expect, with an increase in the degree of oil recovery complexity, the oil recovery coefficient falls.
The obtained estimates of the degree of oil recovery complexity allow us to rank different types of oils by their viscosity, density and
reservoir permeability, which can be used to compare types of hard-to-recover oils by the value of the quality indicator. Methods to
solve the problem of hard-to-remove high-viscosity and heavy oils should be aimed at reducing the viscosity of oil in the reservoir:
injection of hot water / steam into the reservoir, the use of electric heaters, etc.

Purpose. Assessment of the degree of oil recovery complexity and its impact on the efficiency of field development.

The technique. The solution of the tasks set in the work was carried out on the method of mathematical statistics and the theory
of fuzzy sets. In this case, the methods of processing the results, the correlation analysis, and the algorithm of fuzzy cluster
analysis were used.

Results. As a result of studies, 4 classes were obtained, each of which characterizes the degree of oil recovery complexity,
a parameter was proposed for quantifying the degree of complexity, including oil density and viscosity, reservoir permeability,
a relationship between this parameter and oil recovery coefficient was obtained.

Scientific novelty. A classification of hard-to-recover reserves based on a fuzzy cluster analysis has been performed, and a
parameter has been proposed for quantifying the degree of oil recovery complexity, a relationship has been obtained that allows
judging the oil recovery by the degree of oil recovery complexity.

Practical significance. The results obtained make it possible to classify hard-to-recover reserves and make decisions on the
choice of methods for influencing the reservoir in various geological conditions.

Keywords: density, viscosity, permeability, fuzzy cluster, hard-to-recover reserves, degree of recovery complexity, oil recovery.

Introduction. The oil industry has now reached a stage
when oil fields are being developed under increasingly
unfavorable conditions due to reserves deterioration and a
greater share of hard-to-recover (HTR) reserves. Large
number of prolific pools and fields are mature and plagued
by declining oil production and increasing water cut as well
as unfavorable qualitative characteristics of crude oil
reserves in pools that are once again brought on stream (Ax-
moHuadu u CaseHok, 2013; Heusyzs-bu u CaseHok, 2015;
HAwenko u MNonuwyk, 2016).

In order to give a clear and exhaustive definition of what
HTR reserves actually are, we need to analyze undeveloped
oil reserves and understand the reasons why they do not
contribute much to oil production. Among these reasons are
physical and chemical oil properties, description of settings
in which oil occurs and so on. In other words, the term ‘HTR
reserves' becomes applicable when there is a discrepancy
between available technological solutions and geological
aspects of crude oil occurrence as well as oil properties.

Thus, hard-to-recover reserves are reserves concealed
in pools (fields, development units) whose geological
settings of oil occurrence and (or) physical oil properties are
relatively unconducive to oil recovery and whose
development with existing technologies under the current
tax system is regarded as economically non-viable. The
term ‘hard-to-recover reserves' has been applied very

loosely because reserves can vary in the complexity of their
recovery. There is, therefore, a need to classify them and
evaluate the degree of recovery complexity. There is a wide
variety of object classifying techniques to select from. Before
applying a certain technique, we need to substantiate our
choice of classification criteria. Numerous studies are
consistent with factors that are responsible for the
complexity of oil recovery, i.e. indicators that determine oil
properties and settings in which oil occurs.

We also examined the results of HTR reserves
classification and revealed a need for dividing the whole set
into homogeneous groups according to a combination of
classification criteria. A cluster analysis is best suited for this
task (Efendiyev et al., 2018). In order to substantiate the
technique of choice this paper discusses the core concept
of the cluster analysis and the results of its application, and
evaluates the degree of oil recovery complexity and its effect
on performance.

The results are produced by applying clustering
techniques in examining geotechnical data. Over the recent
years, the issues of cluster analysis (sometimes also known
as the issues of automated classification) have been used
extensively in such spheres as economics, sociology,
medicine, geology, oilfield development and other
industries, where we deal with sets of objects of arbitrary
nature described as x = {x1, X2, ..., Xxn} vectors that have to
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be automatically divided into groups of homogeneous
objects according to the criteria of similarities (within a
homogeneous object or a cluster) and differences between
these objects. Much has been published on psychological,
sociological, economic, G&G, well drilling, oil and gas field
development studies (Akhmetov et al., 2018; Koilybayev et
al., 2018; 3aliveHko u loH4ap, 2007).

As previously noted in different publications, there are
more than a hundred of different clustering algorithms, e.g.
hierarchical and non-hierarchical cluster analyses and fuzzy
clustering.

In recent years, these techniques have been widely
applied for collecting and processing data and mining
intellectual knowledge from data. Conventional cluster
analysis techniques are based on a clear-cut partition of an
initial set into several subsets. Each point (recognizable
object) belongs to one cluster only, i.e. the characteristic
function (the equivalent of a membership function in
conventional sets) amounts to one for this cluster and to
zero for the other clusters. If a point does not belong to any
cluster, then a new cluster is created. However, such a
restriction is not always true. More often than not partition
must be done in such a way as to determine the degree to
which each object belongs to each set. In this case, it makes
sense to use fuzzy methods of cluster analysis. Fuzzy
cluster analysis in particular and cluster analysis in general
(also known as automated classification) have been
extensively used over the last years in economics,
sociology, medicine, geology, oil field development and
other industries, where we deal with sets of objects of
arbitrary nature described as x = {x1, X2, ..., xn} vectors that
have to be automatically broken down into groups of objects
that are homogeneous in regards to specific criteria. Recent
years have seen these techniques being widely applied for
the purpose of data acquisition and analysis. As mentioned
above, conventional cluster analysis techniques are based
on a clear-cut partition of an initial set into subsets, and each
point can only be assigned to one cluster. Roughly speaking,
clustering means dividing a set of input indicators (vectors)
into groups or clusters that are homogeneous in terms of the
degree of their ‘similarity’ and heterogeneous in relation to
each other. In other words, each cluster represents a group
that contains homogeneous data (selected according to
certain clustering criteria), but separate clusters (groups) are
heterogeneous with respect to each other.

Thus, a cluster can be defined as a group of elements
that share common properties and similar values of
classification criteria.

The following two indicators can be regarded as a
cluster's characteristics:

¢ internal homogeneity;

» external isolation, i.e. heterogeneity in relation to other
such clusters.

The method elaborated in (Efendiyev et al., 2018) is
based on a fuzzy cluster analysis and allows predicting lost
circulation of any scale at an early stage of drilling
operations. A total of five classes were differentiated in the
course of this study, with each class defining the severity of
lost circulation expressed as linguistic variables. This
provided a basis for building fuzzy models that represent a
relationship between the estimates of petrophysical
properties and the volume of lost drilling mud. The results
obtained facilitate decision-making regarding lost circulation
prevention and a timely response to eliminate its
consequences. In most cases, specifically when it comes to
oilfield practices (Efendiyev et al., 2018; Akhmetov et al.,
2018; Koilybayev et al., 2018; 3atyeHko u oH4ap, 2007;
Bezdek et al., 1984), a partition must be done in such a way
as to determine the degree to which each object belongs to,
i.e. the degree of recognition. In this case, it makes sense to

opt for fuzzy cluster analysis methods. The application of the
K-means technique in classifying seismic data is discussed
in (Zhang, 2015). The essence of the problem was as
follows. The available seismic data were to be divided into
different classes or clusters and analyzed in such a way as
to ensure that further production costs will be decreased,
new oil-saturated beds will be discovered and the decisions
already taken will be scientifically grounded. It is
emphasized that the K-means algorithm is suitable for
clustering massive datasets and has been used for
clustering data collected during exploration. However, the
authors note that in this case it is necessary to identify the
k-means algorithm for the purpose of seismic data
clustering. This work is aimed at improving the conventional
K-means algorithm and establishing whether it can be
successful in examining legacy geological data. It has been
proven that by improving the K-means algorithm we can
enhance efficiency and feasibility. The article provides an
overview of the core theory behind the data mining
techniques and discusses the key principles and algorithms
of cluster analysis. Seismic data interpretation using cluster
analysis techniques is discussed in an article (Sabet and
Javaherian, 2009), which says that we can extract more
information about the structures and geology of subsurface
blocks by clustering seismic data. The paper singles out the
efficient K-means clustering algorithm as the clustering
technique of choice for classifying seismic facies based on
seismic data. By giving the k value (i.e. the number of
clusters), the k-means clustering algorithm uses an iterative
algorithm that minimizes the sum of distances from each
sample to its cluster centroid over all clusters. This algorithm
moves samples between clusters until the sum cannot be
decreased any further. The results is a set of clusters that
are as compact and well separated as possible. The authors
note that by applying the K-means clustering algorithm to a
real dataset it was shown that more seismic facies appear
by increasing the k value and this provides useful
information about subsurface deposits.

In (Qonuxcekud, 2017), the results of the use of cluster
analysis in the classification of geological objects are
presented. The methods of spatial clustering, as noted in the
work, and the spatial classification (selection of objects with
given characteristics in the geological body) are performed
by the components of the expert system when predicting
areas that are promising for oil and gas. The results of the
implementation of the algorithms created for this purpose
were tested on the data obtained in the course of drilling and
seismic exploration within the Sribnen depression located in
the zone of the Central Section of the Dnieper-Donetsk
depression. Examples of maps obtained from the results of
these calculations are presented, which demonstrate the
mutual arrangement of the clusters obtained.

For the purpose of classifying HTR reserves we ran
clustering using a fuzzy cluster algorithm and gathered data
on oil viscosity, oil density and oil permeability in-situ
conditions for the following Kazakstan's fields:
Karazhanbas, Kalamkas, Tasbulat, Komsomolskoye,
Turkmenoi, Aktas, Dolinnoye, Shinzhir, Zhylankabak, Matin,
Severnoye  Priozernoye, Tabynai, Arystanovskoye,
Kamenistoye, Zholdybai, Airankol', Botakhan, Zapadnaya
Prorva, Dosmukhambetovskoye, Zaburunye, Vostochny
Makat, Yuzhnoye Karatobe, Severnye Buzachi, Zhetibai,
and Dunga. The following three indicators were selected for
our cluster analysis: oil viscosity, oil density, and reservoir
permeability. The fuzzy cluster analysis produced in total
four classes, with each class reflecting the degree of oil
recovery complexity (Akhmetov et al., 2018):

e the formation is permeable, while the oil is highly
viscous and extra heavy;
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¢ the formation is moderately permeable, while the oil is
viscous and heavy;

¢ the formation is highly permeable, while the oil is of
moderate viscosity and density;

e the formation is poorly permeable, while the oil is light
and has low viscosity.

The results produced by the cluster analysis are
presented in Table 1.

Table 1
The results from fuzzy cluster analysis using data from Kazakhstan's fields with HTR reserves

PERM, mD u, MPa*s p, glcm® n M1 M2 M3 Ha
531 835 0,929 0,062419 0,9179 0,0339 0,0304 0,0178
166 378 0,928 0,11044 0,8965 0,0726 0,0175 0,0134
517 449 0,93 0,246132 0,9991 0,0005 0,0003 0,0001

567 500 0,933 0,047994 0,9997 0,0002 0,0001 0
54,3 1,6 0,792 0,486552 0,0025 0,5481 0,0043 0,4451
133 1,33 0,797 0,025344 0,002 0,7663 0,0038 0,228
302 7,115 0,829 0,308 0 0,9994 0,0001 0,0005
404 11,54 0,855 0,241 0,0001 0,9993 0,0003 0,0004
363 6,45 0,835 0,296 0 0,9996 0,0001 0,0003
299 8,74 0,831 0,510654 0 0,9996 0,0001 0,0003
2186 491 0,927 0,148263 0,4282 0,0739 0,4636 0,0343
2088 25,03 0,799 0,241 0,0275 0,0398 0,9094 0,0233
1232 54 0,877 0,171497 0,0003 0,001 0,9985 0,0002
1273 21,4 0,891 0,18184 0,0005 0,0015 0,9977 0,0002

81 2,08 0,73 0,102669 0 0 0 1

11 3,8 0,722 0,183775 0 0 0 1
127 3,3 0,776 0,102243 0,0015 0,2063 0,0029 0,7893
10 6,55 0,783 0,51087 0,0022 0,2804 0,0035 0,714
82,37 24 0,785 0,010098 0,0021 0,3894 0,0039 0,6046

Note. PERM is permeability of the formation, u is dynamic viscosity, p is oil density, n is the oil recovery factor, and p;is a function defining

the degree of membership to the i-th cluster.

The work (Akhmetov et al., 2018) gives a graphical
representation of boundaries separating classes-terms- sets
of oil density, oil viscosity and reservoir permeability. In this
case, light oil has density of 700-815 kg/m?, moderately
heavy oil has density of 800-890 kg/m?; heavy oil has
density of 892-910 kg/m3; and extra heavy oil has density
ranging between 910 and 933 kg/m® and low viscous is
(0,17-6,9) MPa.s; moderately viscous — (8,6-55) mPa.s;
viscous — (55-160) MPa.s; 160 MPa.s and higher.
Concerning permeability they are highly permeable (840—
2180) mD;  permeable  (480-800) mD;  moderately
permeable (130-690) mD; poorly permeable (less than
130) mD. The results produced by the c-means clustering
algorithm helped differentiate HTR reserves according to the
degree of complexity of their recovery. This algorithm was
proposed by an Australian scientist James Bezdek in 1981.
Each class is characterized by its own degree, category of
recovery complexity. Once these results are available, we
can now perform recognition of a certain oil with known
properties and geological setting by assigning it to one class
or another. Elements within a certain cluster must be close
to each other, while individual clusters must be as far apart
as possible. Figure 1 gives a 3D representation of how the
specified classes are positioned in relation to each other.
The axes shown in the figure represent in-situ oil
permeability, oil viscosity and density. Identical points
indicate the membership of the oil with certain geological
setting and properties (expressed by its coordinates) in a
homogeneous cluster.

It should be noted that a greater tight oil output observed
in the last few years has led to a variety of problems
associated with its production. Developing HTR oil reserves
such as highly viscous and heavy oil rich in sulfur, resins,
heavy metals etc. considerably deteriorates the quality of oil
reservoir resulting in a greater adverse effect on the
environment (AwenHko u MNonuwyk, 2016).

Statistical analysis and evaluating the degree of oil
recovery complexity. Recent years have seen an increase
in the amount of tight oil refinement. The degree of their
recovery is subject not only to anomalous properties of
crude oil but also to intricate geological setting in which such
oil occurs. These factors dictate the need for an analysis that
will produce generalized quantifiable values that define the
complexity of tight oil recovery. Aspects of physical and
chemical properties and geological setting in which HTR ol
occurs are discussed in (HweHko u MNMonuwyk, 2016; Makcy-
moe u 0p., 2005; Mycnumos, 2016; Slucosckuti u Xanumos,
2009). However, generalized quantifiable values interrelated
with fields' production performance has received insufficient
study, which hinders the solution of oil production problems
in general. In light of this, we examined performance
indicators of different types of HTR oils found in Kazakhstan
by using the results of their classification discussed above.

The analysis involved determining a generalized
characteristic for each differentiated class of oils (Table 1).
This characteristic included oil viscosity, oil density and in-
situ permeability. The generalized characteristic represents
a linear transformation of the three factors. The generalized
characteristic was initially expressed as:

InK =a;In10v + ayp — aslnKperm )

It follows that

__ (10v)%1 x*2 2

- 2)

Here «,,a,, a3 are parameters that honour a weight
contribution of each examined indicator. Their values are

computed using the following expressions:
Ziniov

A = e (3)
ZIn10v+Zp+ZinKperm
X
@y = st — (4)
ZIn10v+Zp+ZinKperm
ZinkK.
a3 perm (5)

= ZIn10v+Zp+ZinKperm
Kperm is in-situ permeability, v, p is oil viscosity and
density, respectively, X = e”.
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Fig. 1. The position of clusters (defining the degree of oil recovery complexity) in the 3D space

The results were subjected to statistical processing and
an attempt was made to establish a relationship between the
degree of complexity of tight oil recovery (K) and the oil
recovery factor. The analysis involved computing average
oil recovery factor values and the estimated degree of tight
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oil production complexity inside each cluster and generating
a relationship between them.

Fig. 2 shows a relationship between oil recovery factor
and description of the degree of oil recovery complexity.

Degree of ol recovery complexity, K

Fig. 2. A relationship between oil recovery factor and description of the degree of oil recovery complexity

The largest signs indicate the points that characterize
average values for analogous signs. As seen in Fig. 2, the
established relationship constructed on averaged points
shows a good match with the power-law relation. As the
degree of oil recovery complexity rises, the oil recovery factor
unsurprisingly decreases. The observed dependence was
built according to the mean values of the studied variables for
each cluster. Analytically, this relationship is as follows:

n=0,1729K1.05 (6)

The analysis of this dependence showed that it can be
traced quite clearly at the middle points, and the analysis of
the correlation coefficients of individual linear sections
showed that, with the exception of the first cluster, the links
within the other clusters are very weak, and at the same time
this approach, complementing the results of clustering, makes
it possible to specify the boundaries of homogeneous groups

(clusters). Such an approach based on the analysis of the
values of the correlation coefficient using the example of the
relationship between acoustic impedance and clay content in
relation to the differentiation of clay rocks by the porosity was
proposed in (Buxea ma iH., 2018). The results of applying this
approach allow to expand the possibility of statistical methods
in solving geological and technological problems.

Conclusion. The following problems arise in developing
tight oil reserves: low mobility of oil in reservoir, problems
associated with bringing crude oil to the surface and its
further transportation due to high oil viscosity and density,
which in turn requires heavy expenditure on specialized
costly technology and equipment.

By examining the methods and principles of the HTR
reserves classifications proposed, we have scientifically
substantiated the key concepts underlying the generation and
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practical application of an approach to classifying oil, oil-and-gas,
and gas fields according to a set of indicators. This technique
enables us to evaluate the degree of oil recovery complexity.

The presented classification of fields with HTR reserves
is based on examining and summarizing information about
a combination of indicators characterizing the subsurface
within several Kazakhstan's fields using a fuzzy cluster
analysis algorithm.

The results of this classification have shown that a large
share of HTR reserves is confined not only to heavy and
high-viscosity oil fields, but also to reservoirs with very low
permeability, that is why permeability was included among
the classification indicators.

Qualitative aspects of tight oil varying in viscosity, density
and occurrence were examined with the proposed criterion of
oil quality (tentatively referred to as the degree of oil recovery
complexity). We have found a reciprocal relationship between
this criterion and the results of tight oil classification, according
to which different oils were divided into four classes of quality.
We constructed a crossplot between the oil recovery factor and
the distinguished characteristics.

The obtained estimates of the degree of oil recovery
complexity enable us to rank different types of oil by their
viscosity, density and in-situ permeability. This could be
useful in comparing the types of tight oils according to the
magnitude of the quality indicator.

The approaches to tackling tight high-viscosity and
heavy oil issues should be aimed at decreasing oil viscosity
in the formation by injecting hot water/steam into the
formation, applying electric heaters and so on.

Moreover, it is common knowledge that at a mature
stage of field development wells tend to have low production
rates and high water cut. Some of these low-yield wells with
high water cut are loss-making while some economic
producing wells are often idle waiting for well servicing,
which in general adversely affects the company's efficiency.
In view of the above mentioned, we can conclude that there
is a need for a thorough analysis of fields' historical
performance and an assessment of well stock efficiency so
that we can make the most informed and grounded
decisions in future.
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OUIHKA CTYMNEHSA CKINAOHOCTI BUNYYEHHS BAXXKOBUAOBYBHUX HA®T HA OCHOBI IXHbOT KNACU®IKALIT

Po3sansinymo pe3ynbmamu 3acmocyeaHHs KilacmepHo20 aHasli3y npu oyiHyi cmyneHs cknadHocmi eusny4eHHs1 3anacie Hagpmu ma tio2o ennusy
Ha nokasHuk eghekmueHocmi. 3 yieto Memoro 8UKOHaHO K/lacmepu3ayito i3 3acmocyeaHHsIM af2opummy He4Yimkoz2o Knacmep-aHanisy. Cnid 3asHa-
qumu, wo nopsod 3 podosulaMu 8aXXKUX i 8UCOKO8 'A3KUX Haghm eesluka Yacmka eaxxkoeudobyeHuUX 3anacie npuypoyeHa makox i 0o ymos 3 dyxe
HU3bKUMU 3Ha4Ye€HHSsIMU NMPOHUKHOCMI Koslekmopis. 3i6paHi daHi npo 8 ’A3kocmi, 2ycmuHu Haghmu i NPOHUKHICMb Nopid 8 yMoeax 3asnsizaHHs1 Haghm
3 pi3Hux podoesuuw; Kazaxcmany. 3a pesynbsmamamu 0aHoi knacudpikayii npoeedeHo cmamucmuyHul aHani3 NokasHuUKie pi3HUX murnie eaxkKoeudo-
6yeHuUx Hagbm. Y npoueci aHanizy Onsi KOXXHO20 eudifnleHo20 Knacy Haghm eu3Hayasiacsl y3a2a/lbHeHa XxapaKmepucmuka, Wo 8KJIF0Yac 8'si3Kicmb,
winbHicmb Haghmu i NPOHUKHICMBb KOJSIeKMopie 8 yMoeax 3asisi2aHHsl. Y3az2anbHeHa xapakmepucmuka siesisic cobolo JiHiliHe nepemeopeHHs 3a3Ha-
4eHUX MpPbLOX xapakmepucmuk. Pesynsmamu 6ynu cmamucmu4yHo o6pob6ieHi. lpu yboMmy aemopu cnpobyeanu ecmaHosumu i npoaHasnizyeamu
83aeM038'130K MiXk cmyneHeM cknadHocmi eu0o6ymky eaxkoeudobyeHux Haghm i koegpiyieHmom Haghmoeiddayi. Y npoyeci aHanisy po3paxoeyea-
nucs cepedHi 3Ha4eHHs KoegbiyieHma Haghmoeiddayi i noka3HuUKa cmyneHsi cknadHocmi au0o6ymky eaxkoeudobyeHux Haghm ycepeduHi KOXXHO20
knacmepa i 6ydysanacs 3anexHicmb MiX HUMU. 3a3Ha4YeHa 3anexHicmb, nobydoeaHa o ocepedHeHUX mMoykax, 61u3bka 0o cmyneHegol, NIPUYOMY,
sk i cnid 6yno oyikyeamu, 3i 36inbWeHHsIM cmyrneHs1 cknadHocmi eudobyeaHHss Haghmu KoegbiyieHm Hagpmoeiddayi nadae. OmpumaHi oyiHKu cmy-
neHs1 cknadHocmi eudobyeaHHs1 Haghmu do3eonsiromb paHXyeamu pi3Hi munu Haghm 3a iXHbLOIO 8's3Kicmio, WinbHicmMio i NPOHUKHiCMIO Nopio e
yMoeax 3assi2zaHHsl, W0 MOXXHa euKopucmoesyeamu Osisi MopieHsIHHA munie eaxkosudobyeHux Haghm 3a ee/lUMUHOK Moka3Huka sikocmi. Memodu
po3e'A3aHHsA npobriemu, Noe's3aHol 3 8axXKoeuAobyeHUMU 8UCOKOB SI3KUMU i BaXKKUMU HaghmamMu, MO8UHHI 6ymu crnpsiMoeaHi Ha 3HUXEHHS 8 'A3Ko-
cmi Hagpbmu y nnacmi: 3akayyeaHHs1 2apsi4oi eodu/napu y nnacm, 3acmocyeaHHs1 elekKmpuYHuUx obicpieayie ma iH.

Mema. Ouyinka cmyneHsi cknadHocmi eusnyyveHHs1 3anacie i lio2o ennuey Ha eghekmueHicmb po3pobku podosuwy.

Memoduka. PiweHHs1 mocmasneHux y pobomi 3aedaHb 30ilicHro8anocsi Mmemodamu I4HOJ ¢ ICMUKU i meopii HeYimKux MHOXUH.
IMpu ybomy 6ynu eukopucmaHi: Memoduka 06po6Ku pe3ynbmamie, KopensuyiliHuli aHasi3, a maKoX asi2o0pumm He4yimKo20 Kracmep-aHaisy.

Pe3ynbmamu. Y pe3ynbmami docnidxeHb ompumaHO YOmupu Kiacu 3arnacie, KoXXeH 3 IKUX Xapakmepu3ye cmyniHb CKIadHOCMi eUsyYeHHs!
3anacie; 3anpornoHoeaHo napamemp Ol KiflbKiCHOT OyiHKU cmyneHs1 cknadHocmi, W0 eKoYae WinbHicms i 8'A3kicmb Haghmu, NPOHUKHICMb Kosle-
Kmopie 8 ymoeax 3assi2aHHsi; OmpuMaHo 3a1eXHicmb MiX yum napamempom i koegpiyicHmom Hagpmoeiddauyi.

Haykoea Hoeu3Ha. BukoHaHo knacudikayito eaxxkoeudobyeHux 3anacie, 3acHoeaHy Ha He4imKoMy Kracmep-aHanisi, 3arnponoHoeaHo napamemp
Ons KinbKiCHOT oyiHKU cmyneHsi cknadHoCcMi eusnly4eHHs1 3anacie; ompumaHo 3anexHicms, ujo do3eosisie oyiHroeamu Hagpmoeiddayy nnacma 3a
cmyneHeM ckiiaGHoOcmi ausly4yeHHs1 3anacis.

lMpakmuyHa 3HaYumicmb. Ompumani pesynbmamu do3eosisiromb nposecmu Knacudgikayito eaxkoesudobyeHux 3anacie i npuliMamu piweHHs
wo0do subopy Mmemodie ennuesy Ha niacm y pi3HUX 2e0/102iYHUX yMOBaXx.

Knroyoei cnoea: winbHicms, e 'A3kicmb, NPOHUKHiICMb, HeYimkKul knacmep, eaxkoeudobyeHi 3anacu, cmyniHb ckilaGHocmi eusly4yeHHs1, Haghmo-
eiddaya.
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PaccmompeHb! pe3ynbmamel MPUMEHEHUSsT KNacimepHO20 aHau3a npu oueHKe cmerneHu mpyGHOCMuU u3eJsieyeHus1 3arnacoe Heghmu u ee eJ1usiHUS Ha
nokasamenb aghghekmueHocmu. C amoli yesibio 8bINoIHEHa Kilacmepu3ayusi ¢ MpUMeHeHUeM an2opumma He4yemkoa20 Kiacmep-aHanu3a. Cnedyem omme-
mums, Ymo Hapsidy ¢ MeCMOPOXXOEHUSIMU MSDKe/bIX U 8bICOKOBSI3KUX Heghmell, 60bwasi dosnisi mpyOGHou3esieKkaeMbiX 3arnacoe npuypoYyeHa makxe u K
YCI108USIM C OYeHb HU3KUMU 3Ha4YeHUsIMU MPOHUYaeMocmu Kosiekmopos. CobpaHbl OaHHbIE O 8513KOCMU, MIIOMHOCMU Heghmu U nNpoHuyaeMocmu rnopod e
ycroeusix 3ane2aHusi Hegpmel U3 pa3nuyHbIx MecmopoxdeHull Kazaxcmana. Ha ocHoee pe3ynibmamoe 0aHHoU Knaccughukayuu npoeedeH cmamucmuye-
cKull aHanu3 rnokasamernel pa3/iuyHbIX munoe mpyodHou3esekaeMbix Hegpmel. B npoyecce aHanu3a Ansi kaxA020 ebi0esleHHO20 Kilacca Heghmel onpede-
nsinacb obobujeHHasi Xapakmepucmuka, eK/IloYarowasl es1I3Kocmb, MJIOMHOCMbL Hehmu U MPOHUUAeMOCmb KOJIJIEKINOPO8 8 YCII08UsiX 3asie2aHusl.
0606ueHHas xapakmepucmuka npedcmaessiem coboli siuHeliHoe npeobpa3osaHue omMe4YeHHbIX Mpex Xapakmepucmuk. Pe3ynbmamsi 6bu1u cmamuc-
muyecku o6pabomatsl. [pu amom aemopamu cdestaHa MoNbIMKa yCIMaHOBJIeHUsI U aHaslu3a 83auMOCesi3Uu MexAy cmerneHbIo CIIoKHOcMuU 3o6bi4u mpyo-
Hous3eJiekaeMbix Heghmel u ko3aghghuyueHmom HegpmeomaAayu. B npoyecce aHanu3a paccyumsbieasniuch cpedHUe 3Ha4YeHuUs1 KoaghghuyueHma Hegpmeomoayu
U noka3sameJisi cmereHu csIoXHocmu 8o6b14u mpyoHou3esiekaeMoll Heghmu eHympu Kaxdo20 Kiiacmepa U cmpousiacb 3a8UucuMocme Mexdy HUMU. [JaHHast
3asucuUMOCMb, MOCMPOEHHas! Mo ycpeOHeHHbIM MoYKaM, 651u3ka K cmeneHHoU, NpuYeM, Kak u criedoeasio oxudams, C yeesludeHueM cmerneHu CrIokHoCmu
u3eneyeHusi Heghmu Koaghgpuyuenm HegpmeomaAayu nadaem. [NonyyeHHbIe OUEHKU cmerneHuU C/I0XHOCMU U3esieYyeHus1 Heghmu ro3eosisirom paHxuposams
pasHble munbl Heghmed 1o UX 6513KOCMU, MJI0MHOCMU U NMPOHUYaeMocmu riopod 8 ycr1I08usiX 3asie2aHusi, 4imo MOXHO UCI0J1b308amb OJ1s1 CPagHeHUs1 muros
mpydHousesiekaeMbix Heghmel 110 eeslu4UHe rokasamersi ka4ecmea. MemoOdsi peweHusi npobiembl, cesi3aHHOU ¢ MPyOHOU36JIeKaeMbIMU 8bICOKO8A3KUMU
u msbxenbIMu HegbmsiMu, OOMKHLI 6bIMb HanpaesieHbl Ha CHWXeHUe 8s13KOCIMuU Heghmu e riacme: 3akayka 2opsiveli 6o0bi/napa e nnacm, npuMeHeHue se-
Kmpuy4eckux o6ozpesamernel u op.

Lenb. OyeHka cmeneHu c/10)KHOCMU u3eJIeYeHUs] 3anacoe U ee e/lusiHusl Ha 3ghghekmueHocmb pa3pabomku MmecmopoxdeHul.

Memoduka. PeweHue nocmaeseHHbix 8 pabome 3aday ocyu,ecmesisisiock npu noMouwyu Memoados 14ecKol ¢ ICmuKu u meopuu
He4Yemkux MHoxxecma. [Tpu amom 6b1nu ucnonb3oe8aHbl: Memoduka o6pabomku pe3ysibmamos, KoppessiyUOHHbIU aHanu3, a makxe an2opumm He-
4emkKo20 Knacmep-aHasnus3sa.

Pe3ynbemamesi. B pesynbmame uccnedogaHull nosiy4eHbl Yembipe Knacca 3anacos, Kaxobil u3 KomopbIX Xxapakmepu3syem cmerneHb CII0KHOCMU
u3esievyeHus 3anacos; npednoxeH napamemp Osisi KOJIU4YeCMeeHHOU OUeHKU CmerneHu C/I0KHOCMU, 8K/ToYalowuli MIOMHOCMb U 8513KOCMb Heghmu,
MPOHUYaeMocmb KOJI/IEKMOpPOE 8 yCI08UsIX 3ale2aHusi, MoJly4yeHa 3agucuMocmb MeXxAy amumM napaMmempom u KoagguyueHmom Hegpmeomaoayu.

Hay4Hasi Hosu3Ha. BbinonHeHa knaccucgukayusi mpydHousesiekaeMbiX 3anacoe, OCHo8aHHasi Ha HeYemKOM Kilacmep-aHanu3se, U npeodsioxeH
napamemp 05151 KONlU4eCME8eHHOU OUEHKU cmereHu C/I0KHOCMU U3eJIeYeHUs1 3anacoe; rnosyyeHa 3agucumMocms, o3eosouas cyoums o Hegpme-
omadadye nsacma no cmeneHu C/I0XHOCMU U36/1e4eHUs1 3arnacos.

lMpakmuyeckasi 3Ha4yumocmb. [lonyyeHHbIe pe3ysbmambl N0360JIsII0OM Mposecmu Knaccugukayuro mpydHousesiekaeMbiX 3anacos u npuHu-
Mameb peweHusi o ebi60py Memodoe go3delicmeusi Ha n1acm 6 pa3/lIudHbIX 2€0/102U4€CKUX YCII08USIX.

Kntoyeenie crioea: nnomHocms, 8513Kocmb, MPOHUYaeMoCcmb, HeYemkud Knacmep, mpyoHou3eJsieKkaeMble 3anachbl, cmerneHb CJI0KHOCMU u3eJie-
4YeHusi, He¢pmeomaOAaya.




