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THE USE OF FUZZY CLUSTERING IN SOLVING PROBLEM IN PREDICTING
THE DURABILITY OF CORROSIVE STRUCTURES

In solving the problems of forecasting corroding structures, the problematic aspects related to
computational costs are considered. It is proposed to use a multi-stage approach to reduce
computational costs in solving tasks of this class. In particular: a fuzzy clustering algorithm is used
for processing multivariate data; the resulting clusters are used to build the rule base; and the fuzzy
logical output of the Mamdani type is used for defasification.
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Ilpu po3g’azauni 3a0au NPocHO3YEAHHS KOPOOYIOUUX KOHCIPYKYIU DO3SIAHYMO HPOOIEMHI
acnexmu, AKi H0G’SA3aHI 3 0OUUCTIOBANLHUMU UMpamamuy. 3anponoHogano bazamoemantui nioxio
30071 3MEHUIEeHHST OOUUCTIOBATLHUX GUMPAM NPU PO38 A3AHHA 3a0ay maxoeo kiacy. A came:ons
00pOOKU  6ACAMOBUMIDHUX OAHUX BUKOPUCIOBYEMbCS  ANCOPUMM  HewimKkol Kiacmepusayii; 07
no6yoosu onopHoi 0azu npasuil 3acMOCOBYVIOMbCS OMPUMAHI Kiacmepu, 01 Oegpasugpixayii
BUKOHYEMbCS HeyimKe N02iuHe susedentss muny Mamoani.

Kniouosi cnosa: wneuimxa xnacmepusayis, Hewimka 6a3a 3HAHL, HeuimKe GUBEOCHHS,
KOpOOYI04i KOHCIMPYKYIi.

Problem’s Formulation

A lot of work has been devoted to the study of methods for processing multidimensional data
arrays in various subject areas, and these studies are far from complete [3, 17, 18, 21]. Before starting
work with such data, it is necessary to carry out preliminary processing, if possible, for example,
remove abnormal or noisy elements, etc.

One of the directions of processing multidimensional arrays of various structures is cluster
data analysis, which allows you to sort heterogeneous data into subsets of a more or less homogeneous
structure [2, 14].

There are a sufficient number of clustering methods with various metrics that can be grouped
as clear and fuzzy. Using clear clustering methods allows you to split the original set of objects into
several, as a rule, disjoint subsets [2, 14—16]. It is assumed that any object from the obtained partition
into subsets belongs to the only cluster. Fuzzy clustering methods allow to split the source data into
subsets in such a way that an element can belong to several clusters with different degrees of
membership at the same time. Obviously, the use of clear or fuzzy clustering methods is entirely
dependent on the problem being solved. The advantages and disadvantages of clustering methods are
known.

The subject area of work is predicting the durability of a structure with changing geometric
characteristics, which functions in an aggressive external environment (direct task) (fig. 1) [11, 20, 21].
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Fig. 1. Structural scheme of the solution for the problem of predicting durability
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Here x — vector of geometric characteristics; ¢ — aggressive parameter vector (AE); v —

vector of constant parameters; ¢* — estimated durability. Here the modules {SSS} and {SDE} are
respectively the modules for calculating the stress-strain state (SSS) and solving the system of
differential equations (SDE), which describes the corrosion wear.

The destabilizing factor of the external environment is corrosion, and the generalized
parameter is its speed. Joint corrosion interaction with mechanical loads often leads to premature, and
sometimes to emergency, structural failure. Therefore, we have a dynamic mechanical system that
operates in an aggressive environment, the behavior of which and the timing of its operation must be
predicted.

The problem of solving the problem of predicting the durability of corroding structures (CS) is
of independent importance, it should be emphasized that it is an integral part of the optimization
problem (inverse problem) (fig. 2): the stage of calculating the constraint functions (CF) [21].

When solving optimization problems, the problem of increasing the efficiency of
computational methods and costs is especially relevant. n view of the fact that the task of predicting
the CS durability has been repeatedly solved, there is rather scattered information in the form of
multidimensional data arrays that require some formalization.
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Fig. 2. Structural scheme of the solution for the optimization task

Here modules {SSS} and {SDE} have the same meaning as before, {OF} — block for
calculating the objective function; {NLP} — module for solving the problem of nonlinear
mathematical programming

Analysis of recent research and publications

When solving the CDE in many works the integration step was a parameter of the problem to
be solved, which was chosen by an expert in the subject field quite intuitively. Obviously, this
approach does not allow to obtain a solution to the task with a certain accuracy: it can be either
overpriced or underestimated, which negatively affects the computational cost.

The considered error will depend on the following factors: initial geometric characteristics of
the element (area A, and perimeter F, ), initial o, and ultimate [0] voltages in it, parameters of the

corrosion process and the maximum permissible error value [¢]. Therefore, the error of the numerical
solution of the differential equation describing the corrosion wear (4) can be represented as a function

of several variables: e(v(, 4y, Ry,0¢.[c],h,) [11, 20, 21].

As a control module, neural network algorithms are offered that have proven themselves quite
well. However, the use of neural networks has its advantages and disadvantages [9, 20]. Neural
networks (NN), as you know, are universal approximating systems and are based on a specific
mathematical apparatus.

There are a lot of works devoted to problems of approximation using neural networks in
various subject areas [21]. The NN are the undisputed leaders in this direction. However, the success
of using a neural network usually requires a significant number of experiments; an important factor is
the volume and quality of training data; in addition, a certain network architecture must have and the
parameters of its training. The process of training, testing and tuning the network itself requires some
time and effort from its designer [21].
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In addition to neural networks, combined approaches using genetic algorithms and NN are
proposed for solving such tasks [8, 10, 20]. As a rule, the use of one or another approach is determined
by the class of tasks being solved and computational costs that are spent on obtaining a solution
[21].

Formulation of the study purpose

The purpose of the work is to create some control module, which allows to formalize the
existing information and obtain parameters of numerical procedures, which allow to obtain a solution
with an error not higher than the specified. The general statement of the problem includes the
following successive steps:

1) using the fuzzy clustering algorithm for processing multidimensional data arrays in order to
formalize this information and build a fuzzy model for the prediction of the durability of a corroding
structure;

2) obtaining a basic rule base based on fuzzy clustering (fcm algorithm) to build a fuzzy
knowledge base;

3) the use of fuzzy inference techniques (for example, Mamdani type) and defuzzification of
results (for example, using the heights method).

Presenting main material

Mathematical statement of the problem of predicting the CS durability with accuracy control
during modeling.

The mathematical model of structural deformation in the AE will include:

a system of differential equations describing a corrosion process of the form (module SDE):

%Ivo-t//{ai(é)}, i=1LN. M)
With initial conditions:

9}—0=0. 2)

Here N — the number of parameters that determine the geometric dimensions of the structure;
0; — depth of corrosion damage (damage parameter); t — time; v, — stress free corrosion rate; o;

— voltage in the i-th element of time ¢; 1//{01- ( 5 )} — some famous function;

2) system of equations of the finite element method (module SSS);
3) limit state equations: conditions of strength and stability. The design retains the bearing
capacity as long as the following system of restrictions is implemented:
[G]—Ui(t,E)ZO; i=1LN
aj-(t)—aj(t,E)ZO; jeJ ’
where [ o ] — allowable voltage; o;(t) — current voltage in the i-th element; o ;— critical voltage
loss of stability; J — many elements working on compression; N — number of elements in the system.
The first system of inequalities determines the condition for the strength of structural elements, the
second — the condition of stability.
Then the problem statement of the algorithm for controlling the accuracy of the numerical

result for a given error in solving the tasks of forecasting the CS durability can be formulated as
follows [4]:

{h,(&E)—)max 3)
e.n)<le]

Here E={00,vo,A0,PO} — vector of factors affecting the size of the integration step, which
includes the parameters of an aggressive environment; o, — initial stresses; 4y, Py — respectively,

the area and perimeter of the section of the CS element; €, [€] — respectively, the obtained and
maximum permissible error value of the numerical solution; 4, — the parameter of numerical
procedures.
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For definiteness, the mathematical model of V. Dolinsky [11, 13, 21] was used in the work as
a model of corrosion wear:

]’ 4)

where k-coefficient of influence of stresses on corrosion rate.

The procedure for determining the voltage in the right-hand sides of the SDE (4) is a
computational algorithm, the system can only be solved numerically, and the voltage calculation is
carried out at each node of the time grid.

When solving the system of differential equations (4), in fact, the main computational costs
are associated with a rational choice of parameters of numerical procedures. As for one subset of
multidimensional data, {o(,vy,4y,B).k []} the size of the integration step % can lead to excessive
computational costs, and for another subset of it, to be insufficient.

According to the author, when solving SDE (4) to control the accuracy of the result, neuro-
fuzzy technologies can be used. It is proposed to control the error of the numerical solution using a
multi-stage approach, which includes an algorithm that takes into account information about the
factors affecting the error of the numerical solution of the SDE (4). The algorithm allows to choose the
appropriate parameters of numerical procedures and providing the required accuracy of calculations.

Neuro-fuzzy approaches are an alternative to NN, according to the FAT theorem [7], an
approximating system of computational intelligence based on fuzzy logical inference of the Mamdani
type is proposed [1, 15].

As noted earlier, the task of predicting durability has been repeatedly solved and information
about the relationship between the given accuracy, the parameters of numerical integration and the
values that affect them are not systematized. It is proposed to formalize this knowledge in the form of
a model of a system of fuzzy logical inference, which for each particular case will find the value of the
parameter of numerical procedures and provide a given accuracy of calculations.

In [4, 21], the possibility of obtaining training samples is substantiated not for the structure as
a whole, but for its individual elements. This allows, on the one hand, to simplify the solution of the
task of predicting durability for a training sample, and on the other hand, to create a sufficiently
universal model of fuzzy inference for calculating articulated-rod structures with arbitrary geometry,
boundary conditions, and loading conditions.

It is proposed to formalize multidimensional data arrays using the fcm-algorithm of fuzzy
clustering. Input data are: initial voltage o, ; corrosion rate in the absence of voltage v ; respectively,
the area and perimeter of the section of the element of the corroding structure 4, Py; SDE numerical
integration parameter — integration step /4 ; real error of the numerical solution of the SDE ¢, which
should not be higher than a given [¢]; the estimated value of the durability of CS #*.

It is proposed to use clusters after breaking into subsets to build a fuzzy knowledge base
(FKB). Let us describe this process in more detail and in stages.

The optimal number of clusters should be established for the best partitioning of the data array
into subsets. There is currently no formalized approach to solving this problem. The choice of a certain
number of clusters depends on the designer of the fuzzy logical inference system (FLIS) [12]. In the
work, this was established empirically, taking into account the fact that each individual cluster will
serve as a reference rule for the FKB. Almost after fuzzy clustering, we get a system of support rules
for the knowledge base. In addition, these rules can be improved, for example, by adding or removing
some of them, as well as by revising the number of term sets for fuzzy model variables. In this case,
the designer of the FLIS may ascribe the significance factors of the rules (0;1]. It should be noted that
for the supporting rules this coefficient is equal to one.

Obviously, the main elements of the knowledge base are products that include terms of
linguistic variables (LV) {ao,vo,AO,PO,[g],ht,t*} [19]. After clustering and analysis of support rules,
using the numerical values of the variables that are used to determine the terms of each linguistic
variable, taking into account the obtained values of their membership functions. As noted in some
sources, a rational number of terms is considered to be from two to nine. The basic terms used are the
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values of the LV: low (L), below average (BA), medium (M), above average (AA), below high (BH),
high (H), which can be supplemented or combined into other values after analysis of the results of
clustering.

It is proposed to consider the boundaries of each cluster as a carrier of a fuzzy set, which then
expand through the use of fuzzy clustering. This is possible due to the fact that when using fuzzy
clustering, the degree of belonging of the boundaries of the clusters is not less than 0,45—0,5.
Therefore, the carrier of the fuzzy set itself is much wider than the obtained cluster boundaries. In fact,
the designer of the FKB determines the domain of definition of the membership function. According
to the author, this process does not require additional explanation.

The next step in the construction of the FKB is the definition and setting of semantic and
syntactic rules for the definition of each linguistic variable.

The center of each cluster is proposed to be regarded as the core of a fuzzy set with a
membership degree of unity. To construct membership functions, the a-level principle of L. Zadeh
generalization was used [12]. The process of determining the term sets of linguistic variables can be
considered complete.

The next stage of the work is the analysis of the built FKB. As noted in [12], as the number of
rules or terms of fuzzy sets increases (increasing the level of complexity of the model), the ability of a
fuzzy model to describe a real system proportionally improves. With this approach, it is possible to
obtain an isomorphic model of the system, which eliminates the entire modeling process (including
fuzzy ones). In addition, with this approach, an exponential growth (the so-called “curse of
dimension”) of the number of rules of the number of model inputs and the number of fuzzy sets in it
occurs.

The proposed approach allows to state that the constructed fuzzy model and fuzzy partition of
the range of values of all variables are complete [12], since each input state associates a fuzzy model
with some output value.

The fuzzy rule base is numerically complete, since each input state leads to the activation of at
least one rule. The basic rule base is complete and consistent, that is, it does not contain conflicting
rules.

Fuzzy clustering allows to get the term sets of each linguistic variable The support base of the
model rules is linguistically complete, since each input linguistic state is associated with at least one
output linguistic state. All these properties will be demonstrated as a result of numerical experiments.

Thus, the stage of formalizing information on each cluster in the form of a model for
representing a fuzzy knowledge base can be considered as completed.

After building and setting up a fuzzy knowledge base, it is possible proceed to work directly
with it. In this case, when setting the input values {o(, vy, 4y, B[]} the output will be interested in
the values of the integration step 4, , which the predicted value of the durability #* CS will be obtained

for the maximum permissible error [g] of the numerical solution of the SDE (4).

The process of building the FKB can be considered completed. We have a predetermined rule
base in which all input and output linguistic variables are defined. Further, the well-known methods of
fuzzy inference can be used (in the work the Mamdani algorithm). And the final stage of the proposed
phased approach is to obtain not only the interval value of the predicted durability, but its exact value.
Without loss of generality of reasoning, the method of heights was used, which is a simplified discrete
version of the method of centers.

The obtained defuzzified value fully satisfies the set requirements, since with well-defined

input data: (initial voltage o, corrosion rate v, and geometric characteristics of system elements F,

Ap) with the given parameters of numerical procedures /4, and the required accuracy [¢]; a

knowledge-based system will provide a predicted value of durability with a certain degree of expert
confidence.

This approach allows to reduce computational costs when solving both direct and inverse
problems. When solving the optimization problem, the calculation of the constraint functions entails
the main computational costs.
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Numerical experiments

As noted earlier, the task of predicting the durability of corroding structures was solved many
times (the amount of training data from thousands of samples), therefore there are multidimensional
arrays of disordered information. To solve the direct task, it is necessary to approximate
tx=F(oy,vy,49,Fy.h;.[¢]), where FF — unknown function, which is a function of constraints in

solving the inverse task. For definiteness, a five-element hinged-rod structure was considered as a
model design. The proposed approach in this work does not in any way narrow the class of tasks
under consideration.

According to this approach, for the formation of terms of linguistic variables based on clusters,

in general terms, the rule of a fuzzy knowledge base can be represented:

R(k) :

IF ([G]ZY}jAVOZY}jA(AO/PO):]}j/\[g]:Tl-j/\hIZY}j),

THEN t#=T/
1

Here Tl-j — corresponding term sets of linguistic variables; i — term number of each variable

(i :2,_N), N — maximum number of terms ( N<Ny; ); j — number of the variable itself (j:L_6);

R® — the corresponding .-th rule of FKB (A< Ny; ).
The results of fuzzy clustering using fcm-algorithm are shown in tabl. 1.

Table 1. The results of fuzzy clustering for five clusters

Clusters The boundaries | The boundaries | The boundaries | The boundaries | The boundaries
of the first of the second of the third of the fourth of the fifth
cluster, cluster, cluster, cluster, cluster,

LV (Centre) (Centre) (Centre) (Centre) (Centre)

Initial

voltage o [907,977; 999,498] | [580,737; 644,630] | [362,295; 466,158] | [826,862; 907,580] | [525,846; 577,952]
8209 (945,062) (616,643) (407,335) (870,678) (544,560)

MPa

Corrosion

rate v [0,0800; 0,1179] [0,1034; 0,1075] [0,0800; 0,1199 [0,0805; 0,1199] [0,1075; 0,1106]

0> (0,1117) (0,1052) (0,1104) (0,1012) (0,1095)

cm/year

Areas A() ) [27,5232; 31,4642] [6,3502; 7,7540] [11,3125; 13,4514] [28,1413; 35,2489] [7,9553; 8,9559]

e (28,6164) (6,9759) (12,4921) (35,0596) (8,6894)

Perimeter [19,8775;29,8640] | [14,4766; 15,3306] | [16,4189; 17,8921] | [20,0793;30,5627] | [15,2622; 15,8366]

Ry, cm (26,2053) (14,8736) (17,0901) (26,1040) (15,6333)

The

maximum

perrnissible [0,04800; 0,05200] [0,04813; 0,05194] [0,04801; 0,05199] [0,04800; 0,05200] [0,04803; 0,05197]

error value,

]

(0,04930)

(0,04981)

(0,05000)

(0,05038)

(0,05007)

Parameter of

numerical [1,1590; 1,9993] [0,2529; 0,2817] [0,2124; 0,3393] [1,1248; 1,9921] [0,2478; 0,2798]

procedures, (1,4177) (0,2675) (0,2537) (1,5830) (0,2625)

h; , years

The

forecasted

value of [3,9378; 7,0418] [2,5025;2,9782] [4,0852;7,4706] [4,9577;7,4959] [3,0165; 3,5024]
o (4,9972) (2,7041) (5,1497) (6,6710) (3,3200)

durability,

t*, years
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Using the data obtained after clustering, we can record a support base of five rules in the
following form:

RV H&H&H&L &L &AA—M
R?: M&BA&KL &L &BA&M—L
RY: L&AAKMEMEM&L—AA

RY: AA&L &BH&BH&H&H—H
RY: BA&M&BA&BA&AA&BA—BA

An analysis of the obtained rules allows to determine this rule base to numerically complete.
There are several options and it all depends on the designer of the fuzzy knowledge base. We can start
by analyzing the input variables. In particular, linguistic variables, the area 4, and perimeter of
structural elements, take the same values of term sets. Therefore, they can be considered as a single
variable (for example, as the ratio 4¢/P,) and, thus, reduce the number of input variables of the fuzzy
model under consideration. It should be noted that the following are the results for one input variable:
the ratio of area and perimeter Ay/P.

As noted earlier, the structures operate in the AE, therefore, if we assume that the area is
“highly aggressive” [4—6, 21], then to simplify the fuzzy model, we can reduce the number of input
variables and by assuming that the corrosion rate is constant, for example, v, =01 cm/year. For the
same purpose, preliminary clustering can be carried out according to the maximum permissible error
values [¢].

Configuring the FKB can also be carried out by supplementing the support base of the rules.
This process is the most time-consuming and is implemented through the analysis of working / active
rules, where there is an “imposition” of neighboring term-sets of linguistic variables and the degree of
belonging of the elements is close to 0,5. For example, rule two and five can be supplemented by at
least one of the rules for linguistic variables {o(,vg, 4/ Py.[€]. 1 }:

R (BAN M) &BAEL &(L  BA) &M v BA)—L
RY: BA&M ~ BA)&(L v BA)&(BA~ M~ AA) &L v BA)—BA

Obviously, it would be advisable to evaluate the informational characteristics of all variables
by their individual values, but this is beyond the scope of this study.

To numerically illustrate the operation of the designed FKB, a sample was used: initial voltage

o9 = 920,3579 MPa; corrosion rate vy=0,11567 cm/year; initial area and perimeter of an element
Ay = 32,0856 em* and Fy =27,60186 cm; maximum permissible error values [€] = 0,048; integration
step h,= 1,2 year.

For definiteness, we give the corresponding values of the term-sets of linguistic variables:
initial voltage — “H”; corrosion rate — “H” or “BA”; the ratio of the area to the perimeter is “H” or
“BA”; the maximum permissible error values are “L” or “BA”; integration step — “H” or “AA”.

After working the fuzzy knowledge base, the degree of belonging of the input data is obtained:
1oy )=0,663; u(vy)=0,752; u(dy/Fy)=0976; u([e])=09598; u(h, )=0,989.

The rules turned out to be active under the number one of the basic rules base and
supplemented to it, therefore, the output variable, the forecasted value of the durability ¢* should be
either average or above average (“M” or “AA”). The center of this cluster for the value of durability
i =49972 years.

Using the fuzzy logical conclusion of Mamdani and the method of heights, it is possible to
obtain a defuzzified value of the forecast value t* As it is known, there are a sufficient number of
defazzification methods. Without loss of generality of reasoning, the method of heights [21] was used
in the work and the desired was obtained value tdef =4,47 years. It can be argued that the expert’s

confidence level of this value has a pessimistic forecast of 0,663 and an optimistic 0,989.

It should be noted that in this case, to verify the results obtained, the reference value of the
durability was calculated #*=4,6507 years of the model structure, which was calculated with a
sufficiently small integration step /,=0,00078 years [21]. The reference solution can be considered

asymptotically exact and obtained for comparing the numerical results. However, the calculation of
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standard solutions is quite expensive and this approach to solving optimal design tasks is unjustified or
generally unsuitable.
Conclusions

The results of numerical experiments for the test sample demonstrate fairly close values of the
forecasted CS durability. Moreover, the fuzzy knowledge base, as a rule, offers it slightly less than in
the test sample, which is quite acceptable for the task being solved.

The multi-stage approach proposed in the work for working with multidimensional data arrays
using fuzzy clustering allows to formalize the initial information. The resulting reference rule base
serves as the basis for a numerically complete rule base. The results of numerical experiments make it
possible to assert that a fuzzy clustering system allows to obtain a forecasted value of durability in
modeling the behavior of corroding structures.
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HEYITKA KJIACTEPHU3AILS JJIS1 ®OPMAJII3ALIL HEMIOBHOI IHOOPMAIIIL
B 3AJIAYAX ITIPOTHO3YBAHHS JOBI'OBIYHOCTI KOPOJYIOUHUX
KOHCTPYKLIN

Koporka JLI.

Pedepar

[Ipu BupimeHHi 3afad TPOTHO3YBaHHS IOBIOBIYHOCTI KOPOAYIOUMX KOHCTPYKLIA Ta iX
ONTHUMAJILHOTO TIPOEKTYBaHHS (B poOOTi mpsimMa Ta oOepHEHa 3ajjaya) BUHUKAE HEOOXigHICTE 00poOKH
0araToOBUMIpHUX MAaCHBIB JaHWUX JUIS MIJBUIICHHS €(PEKTUBHOCTI OOYHMCIIOBATbHUX aAJITOPUTMIB.
3anponoHoBaHO GopMaii3yBaTH HasiBHY iH(opMalito, sika MpeAcTaBieHa Y BUIVIAAl OaraTOBUMIpHHUX
MacHBIB JUCKPETHHUX BEIMYWH, BUKOPHUCTOBYIOUM OarartocTyneHeBUH minxia. Bin Bxmowae Taki
OCHOBHI KPOKH: HEWITKY KJacTepu3alilo BXiTHMX HaHux (poboTa fcm-anroputmy); ¢opmaizaiiro
JAHUX 10 KOKHOMY KJIACTEpy Y BUTJISII HEUITKOI 0a3u 3HaHb: MepEeBU3HAYEHHS OMOPHOI 0a3u mpaBul;
Oe3rocepelHe 3aCTOCYBaHHSI HEYITKOro BUBEIEHHA (Hampukian, y pobori anroputM Mampani) Ta
nedaszndikaiiss METOJOM BHCOT.

[IpononyeTbes 3amucaTy MpaBuia Uil HEUiTKOI 0a3u 3HaHb Ta HAOOPY TEPMIB JIHI'BICTUYHUX
3MIHHMX, BUKOPUCTOBYIOUHM iH(opMallito, sika oTprMaHa Iiciisi BUKOHAHHS MpoLecy KiacTepusaiii. B
SKOCTI HOCiSi MHOXKMHH TEpMIB PO3IIIAJAIOTHCS 3a37alieriib BU3HAUEHI MEXi KOKHOI'O HEYITKOro
Kjacrtepa, a LEHTP BIANOBIAHOIO KiacTepa pO3IsAaeTbes K Horo sapo. msa ¢opmanbHOro
npeAcTaBieHHs (QYHKIIH HaJeKHOCTI BUKOPHUCTOBYETHCS C-PIBHEBUH NPHHLUI Yy3araJbHEHHS.
Po3risiHyTO Ba)KiMBI BIACTHBOCTI MpaBHJI OTPUMAaHOI 0a3u 3HaHB, SIKi HMPOIOHYETHCSI BUKOPUCTATH
JUIl BHU3HA4YEeHHS Oa3u mpaBwjl. 3alpolOHOBAHO HEYITKY MOJENb MPEeACTAaBICHHS 3HaHb NpU
PO3B’s13aHHI 3a/1a4 yKa3aHOTro Kiacy.
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BukopucToByioun HediTke JIOriYHE BUBEACHHS MaMaHi Ta METOJ BHUCOT, MOKHA OTpUMATH
MPOrHO30BAaHE 3HAUYCHHS JOBIOBIYHOCTI KOPOAYIOUMX KOHCTpYyKHid. B  sdkocTi anpTepHaTHBU
HEHpPOHHUM MepeKaM MpH BHpIMIEHHS 3aJad amnpoKCHUMalii MPOMOHYETHCS  3aCTOCYBaTH
OaraTtocTyneHeBHI MiIXiJ, 3aCHOBaHUI HA HEUITKiN KiacTepu3allii Ta Teopii HEeUiTKUX MHOXKHH.

3anponoHoBaHWH Minxin Ao3Boisie GopMallizyBaTH HasBHY HEUITKY iH(OpMaliio i 3a1ad
TaKOro Kiacy. btk TouHe KOpUTyBaHHS OTpUMaHOI 0a3u 3HaHb Ma€ HE3aJISKHE 3HAUCHHS 1 BUMarae
OKPEMOI'0 PO3IJISLY.

PesynbTat 4yncenbHMX EKCIIEPUMEHTIB Jal0Th 3MOIY CTBEPIKYBaTH, IO 3alpOIOHOBAaHA
cHUCTeMa HEYITKOl KJacTepu3alii J03BOJISIE TPOrHO3YBATH JOBIOBIYHICTH KOHCTPYKIIH, fKi
(YHKLIOHYIOTh B arpeCUBHUX CEPEAOBHUILAX, Ta, SIK HACTIJOK, 3MEHIIUTH O0YMCIIIOBAIbHI BUTPATH.
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