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Purpose. Genetic algorithm is a kind of random search method evolved from the genetic mechanism, it has strong robust-
ness and optimization ability. However, a large number of researches indicated that the traditional genetic algorithms have
many deficiencies and limitations in global multimodal optimization, such as they are prone to premature convergence, high
computational cost and weak local search abilities. The purpose is to overcome these disadvantages through the creation of a
new algorithm for solving global multimodal optimization problems, which is self-adaptive dynamic niche genetic algorithm
(SDNGA).

Methodology. By studying the GA optimization and niche theory, we combine multi-groups and niche method to tradi-
tional genetic algorithm, which is used in the solution of global multimodal optimization problems. The proposed algorithm is
applied to test functions to demonstrate its effectiveness and applicability.

Findings. We adopted the niche technology to divide each generation of a group into several subgroups. Then, we
choosed the best individual from each subgroup as the representative of such a subgroup, and then carried out the hybridiza-
tion and mutation to produce a new generation within the population and between populations, thus enhancing the global op-
timization ability of the algorithm, and improving the convergence speed.

Originality. We made a study of genetic algorithm and niche theory to apply in the global multimodal optimization prob-
lem. We discussed the ideas and the steps of proposed algorithm, made the qualitative analysis on the searching ability and the
convergence speed. The research on this aspect has not been found at present.

Practical value. We proposed a self-adaptive dynamic niche genetic algorithm, which can be used in global multimodal
optimization problems. The test experimental results have shown that SDNGA has good searching ability, good performance
and very strong robustness, which allows for solutions of higher quality.

Keywords: niche theory, genetic algorithm, multimodal optimization problem, self-adaptive, dynamic, convergence

speed, high quality solution

Introduction. Genetic Algorithm (GA) is a random se-
arch method that evolves from and draws on the experience
of the survival of the fittest. GA has the features of self-orga-
nizing, self-learning, self-adapting, parallelism and the strong
fault-tolerant ability [1]. The choice, cross, and variation of
GA are all operated randomly, instead of a certain precise ru-
le. It needs no derivation or other auxiliary knowledge and it
only needs the objective function and the corresponding fit-
ness function that can affect the search direction. These fea-
tures of the genetic algorithm have been broadly applied in
the fields of the optimization problem, the self-adaption con-
trol, picture processing and machine learning, etc. It is one of
the key technologies of modern intelligent computing [2].

The genetic algorithm is a global optimization algorithm
derived from the thought of evolution and its basic idea is
built on the evolution theory of Darwin and the theory of he-
redity of Mendel. The genetic algorithm is mainly formed in
the relatively complete theory and method from the research
of John Holland of the University of Michigan in America,
who has proposed the Schema Theorem later [3]. De Jong
has tried to apply the genetic algorithm in the function opti-

© Zhanshen Feng, Yan Yu, 2016

ISSN 2071-2227, HaykoBun BicHuk HI'Y, 2016, N2 1

mization and has proposed five test functions to test the op-
timal performance of the genetic algorithm. Schaffer has pre-
sented the multi-population genetic algorithm. Goldberg has
published a book named “Genetic Algorithm in Search, Op-
timization, and Machine learning”, which has been of major
significance for subsequent researches on the algorithm. An-
other book named “Genetic Algorithm + Data Structure =
Evolutionary Programming”, published by Michalewicz is
also considerably influential [4]. In recent years, a number of
scholars have conducted abundant researches and improve-
ments on the fitness function, genetic operators, preferences
and convergence analyses of the genetic algorithm as well as
the parallel genetic algorithm. At the present work, GA is not
sufficient for solving the large-scale optimization and is easy
to be involved in “prematurity”. The mixed genetic algori-
thm and the cooperative evolutionary algorithm are often us-
ed as substitutes, which are derivative algorithms of GA [5].
This paper combines niche with the genetic algorithm to sol-
ve the global optimization of the multi-modal function.
Firstly, this paper introduces the description of the opti-
mization problem and the rationale of the genetic algorithm,
and then analyzes the niche. Based on the above-mentioned
researches, the authors put forward a self-adaptive dynamic
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niche genetic algorithm to apply in the solution to the global
optimization problem, which has achieved a relatively satis-
factory result. The simulation experiment described in the
paper proved that this method is effective.

Genetic algorithm and function optimization prob-
lem. Description of the function optimization problem. Re-
cently, in theory and practice, with the growth of the optimi-
zation problems complexity, traditional optimization me-
thods, for example, the iterative method, show their limita-
tions and defects in the solutions of such problems. The in-
telligent evolutionary algorithm has a series of advantages
such as the high optimization precision and easiness to im-
plement etc., in solving the complex function optimization.
According to different forms of the objective function and
constraint function, the optimization problem can be divided
into the unconstrained optimization, equality constraint op-
timization, and inequality constraint optimization; it also can
be divided into the linear programming and nonlinear pro-
gramming, single objective programming and multi-objec-
tive programming. Intelligent evolutionary algorithm plays
a certain role in solving the complex function optimization
[6]. General function optimization problem can be described

as follows
P_{mlnf(x) . (1)
stxeQ)

Where, Q = R" is a feasible set, f is the objective functi-
on defined inQ . If there exists y e Qto make Vx € Qand
f(») < f(x),yis referred to as the globally optimal so-
luteon to the optimization problem (1), and /' = f(y)is the

globally optimal value.The optimization seeking for the
globally opti-mal solution is named the global optimal prob-
lem [7].

Function optimization is a classic application of genetic
algorithm, and also the commonly used numerical example
in the performance evaluation of the genetic algorithm.

The principle of the genetic algorithm. The genetic al-
gorithm can directly operate on the structural object with the
search direction to be guided by the transition rule of the pro-
bability instead of the certainty search rule. This process ma-
kes the offspring population more adaptable to the environ-
ment than the parental population and the optimal individuals
in the last population can be the approximate optimal solute-
ons to the problem after decoding. The flowchart of the basic
genetic algorithm is shown in Fig. 1. Three operations execu-
ted on genetic population based on the principle of the genet-
ic algorithm are selection, crossover and mutation [8, 9].

Selection: It refers to the operation of selecting several
individuals from the population at a certain probability. In
general, the selection process is the survival of the fittest
based on the fitness. The reason is that during the selection of
the individuals used to reproduce the next generation, its re-
productive output is determined according to the fitness of
the individual to the environment.

Crossover: It is also called genetic recombination, the of-
fspring of which is commonly known as “hybrid”. This pro-
cess is about the genes exchange in same positions of two
different individuals to produce new individuals among sele-
cted individuals used to reproduce next generation. DNA at
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one same position of two chromosomes is cut off, and two
strings front and back are respectively crossover and combi-
ned to form two new chromosomes.

Mutation: This operation is to execute the transformation
on certain genes among selected individuals. If one gene is 0,
it is turned into 1 during the mutation. Some replication er-
rors can be generated at small probability in the cell repro-
duction, thus resulting in some mutations in the DNA to pro-
duce new chromosomes.

Population initialization, set
the initial parameters

v

Calculate individual
chromosome fitness

Produce population of new
generation

Meet termination?

Output optimal solution

End
Fig. 1. The flowchart of basic genetic algorithm

Niche technology. In biology, niche refers to an organi-
zation structure in a particular environment. In nature, speci-
es with similar features and shapes often meet together and
copulate among same species to reproduce next generations.
By mainly referring to the diversity characteristic of the po-
pulation’s living environment, niche technology has the ad-
vantage of making the general evolutionary algorithm seek
multiple optimal solutions. The purpose of introducing the
niche technology is to use the niche technology based on the
restrict competition selection strategy to make each sub-po-
pulation dynamically form the independent search space and
suppress the homoplasy resulted from the group synergy,
and then carry out hybridization and mutation within the
population and between populations to produce a new gener-
ation. The deficiency of species diversity is exactly the main
cause why global search ability of the genetic algorithm is
not strong. In order to prevent the diversity of population be-
ing damaged, the niche technology is introduced, and the
preliminary selection mechanism, crowing-out mechanism
or sharing mechanism are adopted to complete the task, thus
better maintaining the diversity of population, and also hav-
ing very high global search ability and convergence speed,
which specially fits complexed puzzles with little priori
knowledge [10].
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Niche sharing method operation aims to decrease the rep-
lication of similar individuals to keep the diversity of popula-
tion possibly, to achieve the aim of searching multiple regi-
ons at the same time. Divide fitness values by a niche count
sum to gain Sharing Function. Niche count sum is the esti-
mation of individual neighbor set intensity, and Sharing Fun-
ction is the function expressing close relationship degree bet-
ween two individuals in the group, and in which, S(d) ex-

presses the relationship between individual i and ;.

sum="y"S{d[i, jl} . Q)

In the above formula, d[i, j]is the distance between indi-
vidual i and j, S[0] is sharing function which is decreasing
function related tod[i, j].WhenS[d]=0,d > 4

share >
A

share

here,
is the radius of a niche. The intimacy degree between

two individuals is mainly embodied in individual geno-
type similarity or individual's type similarity. When two
individuals are extremely similar, its sharing function
value is large; on the contrary, when two individuals are
not extremely similar, its sharing function value is
small. The flow process chart of the niche algorithm is
shown in Fig. 2.

Population initialization, set the initial parameters

v

generate niche

Read memory cell and produce initial antibody to

Y

—

Niche evolution and produce memory cell

v

function

Carry out optimization calculation based on fitness

radius

Niche population combining and sorting
operation, correct minimum allowed affinity and niche

Meet termination?

Yes - -
=‘ Output optimal solution }—»‘ End ‘

Fig. 2. The flow chart of niche algorithm

Self-adaptive genetic algorithm with niche topologi-
cal structure. The basic idea of SDNGA algorithm is to ad-
just the fitness of each individual in the group by the Shar-
ing Function (2) reflecting the similarity degree between
individuals. Compare the distance between each individual
two by two, if such distance is within the predetermined
distance « , and then compare the fitness between these
two. Conduct selection and calculation based on the adjust-
ed new fitness. Within the distance d , there will exist only
a good individual, so as to maintain the population diver-
sity, and but also keep a certain distance between each indi-
vidual, and also enable the individual to spread out in the
whole constrained space, thus keeping the diversity of solu-
tions, improving the global search ability, and fitting com-
plex multimodal function optimization. Specific steps are as
follows.

Step I: generate number 7 population P(s,) by random

initialization and determine each individual’s fitness
F(i=1,2,..m) . Define one fitness functio f(x), crossover

rate p, and mutation rate p,, in the search space I .
Step 2: randomly generate number m individual s,,s,,

...,S,, inWto form initial population S(1)={s,s,.....s, } .
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Order the individual according to each individual’s fitness by
the descending order and memorize the front number 7 in-
dividual (n < m).

Step 3: calculate the fitness function of each individual
s, amongS , i.e. f, = f(s,), and take the individual with the
largest fitness among S as the required result.

Step 4: conduct the proportional selection algorithm on
population P(s,) according to the following selection proba-
bility distribution formula.

Ps)=f 13 f i=12m. 3)

Combine generated number m individuals and memori-
zed number n individuals to gain one new population conta-
ining number m + n individuals. Contrast number m + n indi-
viduals according to function (2) to gain the distance between

individual x; and x, .When ||x, —x,|| < d , compare the fitness

of individual x, and x, , and conduct the elimination algori-

29
thm to form one new niche, and such individual becomes the
center of a new niche. When|x, —x,|>d, such individual

becomes an independent one.
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Step 5: conduct crossover algorithm towards selected in-
dividual set P(s,) and randomly determine number ¢ chro-

mosome from S, based on the crossover rate p, . Conduct the
crossover operation in pair and replace former chromosomes
with generated new ones.

Step 6: conduct the uniform mutation algorithm towards
P(s;) and determine number m chromosomes from S, at the
mutation rate p,, , and respectively conduct the mutation ope-
ration and replace former chromosomes with the generated
new ones.

Step 7: estimate whether the terminal conditions are met,
if not, take front number 2 individuals in Step 6 as next new
generation population P(s,,,) , and then return to Step 3.
If the terminal conditions are met, output calculated result.
The algorithm ends.

Experiment and simulation test. Test function.

1. Schaffer function

inx’ +x7)* ~0.5
minf(xl,xz):0.5+(sm X xi) 0
(1+0.001(x; +x3))

of which-10.0< x,, x, <10.0 .
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This function is a two-dimensional complicated function
with countless minimal points. The minimum value of 0 can
be obtained at the position of (0, 0). It is that the size of the
potential maxima that need to be overcome to get to a mini-
mum increases the closer one gets to the global minimum.

2. Griewank function

min f(x,):i X, ~Teos(ZL)+1,
= 4000 = Afi

of which, x, €[-600,600].

This function is multimodal and non-separable, with sev-
eral local optima within the search region. It is similar to the
Rastrigin function, but the number of local optima is larger in
this case. The global minimum of 0 can be obtained at the
position Of(xl, Xy, X,) = (0,0,-+-0) .This function is a typical

non-linear multi-modal function, which is difficult to settle.
3. Rastrigrin function

D
min /(x,) = Y [x’ —10cos(27x,) +10],
i=1

of which, x, e[-5.12,5.12].
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Fig. 3. Average evolution comparison curve of on the test functions: a — schaffer function;, b — griewank function; ¢ —

rastrigrin function; d — rosenbrock function
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This function is a multi-modal function, and the mini-
mum value can be obtained at the position of (x,,x,,-,x,)=

=(0,0,---0). It is a difficult problem due to its large search

space and its large number of local minima.
4. Rosenbrock function

min f(x,) = i[mouﬁ —x.,) (=D,

of which y e[-2.048,2.048]-

This function is non-convex, unimodal and non-separa-
ble and known as Rosenbrock's valley. It is difficult to identi-
fy the search direction, converge to the global minimum and
to find the optimal solution. The minimum value of 0 of the
function can be found at the position of (x,x,,-x,)=

=(1,1,---1) , however, is difficult.

Experimental simulation testing. In recent researches,
there have existed some algorithms, the optimization per-
formance of which is good. Between them, the better ones
in-clude Hierarchic Genetic Algorithm (HGA), Simulated
Annealing Genetic Algorithm (SAGA) and Simulated An-
nealing Hierarchic Genetic Algorithm (SAHGA). This paper
compares SDNGA and HGA, SAGA and SAHGA, sets cross-
over probability of the genetic algorithm p, =0.7, the

mutation probability p, =0.1, the number of iterations

Gen =1000 , the population size m =100. Fig. 3 allows us to
compare the fitness change with the increase of dimension. It
shows the average fitness evolutionary curve of the four test-
ing functions mentioned above under the condition of 30 di-
mension and test of 20 times.

As seen in the Fig. 3, the SDNGA algorithm approached
the optimal value. When compared with other three algori-
thms, no matter in terms of the quality of the solution and the
evaluation number of the used functions, SDNGA algorithm
is better than the other three. In this research, all the four fun-
ctions have found the approximate optimal solution 0 by
such algorithm. It shows that the mixed algorithm’s robust-
ness is better than the same of the others is, and that SDNGA
algorithm has better optimization performance for high-di-
mensional space, and decreases the replication of similar in-
dividuals possibly to keep the diversity of population, thus
achieving the purpose of exploring multiple regions at the sa-
me time.

Conclusions. Genetic algorithm is a kind of random se-
arch method based on the natural selection and genetic evo-
lutionary mechanism. Because of the inability of the traditio-
nal genetic algorithm to balance the fast convergence and
maintain the diversity of the population, the authors proposed
a self-adaptive dynamic genetic algorithm using niche tech-
nology (SDNGA). The experimental results have proved that
for the global optimization problem, the suggested algorithm
shows good performance and has very strong robustness,
which allows for solutions of higher quality.
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Mera. ['eHeTHYHMIA aTOPUTM — 11€, CBOTO POy, METOJ,
BUIIa/IKOBOT'O TIOLIYKY, CTBOPEHHI Ha OCHOBI MEXaHI3MiB Te-
HETHKH, BIH Ma€ XOPOIIy CTIHKICTh Ta ONTHMI3alliiHy 3/1aT-
HicTh. [IpoTe GaraTo BYEHHX BKa3ye Ha Te, IO CTaHIAPTHI
TEHETHYH| aJITOPUTMH MArOTh Oe3I1id HEIOMIKIB 1 00MeKeHb
MIPY BUKOPHCTAaHHI y TI00aIbHIA OaraToMOJANbHIN ONTHMI-
3al1ii, OCKUTbKA BOHU CXHJIBHI 70 TIEPEIIACHOI KOHBEPIeHIII,
MArOTh BUCOKY CKJIIHICTh OOYMCIICHHS Ta CIIA0KI MOXKITUBO-
CTi JIOKQJILHOTO TOIIYKY. MeToo poOOTH € TO/I0NaHHs BKa-
3aHUX HEIOJIKIB IIUIIXOM CTBOPEHHS HOBOTO alTOPUTMY BH-
pilIeHHs 3aBHaHb TII00ATEHOT MYIIBTUMOIATFHOI OTITHMI3a-
ii — caMOHaIaroKyBaIbHOTO JUHAMIYHOTO T€HETUIHOTO
AITOPUTMY 3 BUKOPHCTAHHAM HillIeBoi TexHouorii (SDNGA).

Meromuka. Y X0/l BUBUEHHS ONTUMI3aLil 3a JOIOMO-
TOI0 TEHETUYHOTO AJITOPUTMY 1 TeOpii Hilll, y TpaJHIiHHOMY
TEHETUYHOMY AJITOPUTMI, 110 BUKOPUCTOBYETHCS Y TI00ATb-
Hilf MyJIBTEMOJANBHIN onTuMizamii, Oy 00'eqHaHI MyITb-
TU-TPYIH T4 METOJI Hilll. 3aITpOIIOHOBAHKI AJITOPUTM Tepe-
BIpSIBCSI HA TECTOBHX (DYHKIIISIX 3 METOIO IMiITBEPPKEHHS HO-
r0 e(heKTHBHOCTI Ta JOLUIBHOCTI BUKOPHCTaHHSI.

PesyabTaTi. Himea TexHosorist Oyiia 3acTocoBaHa Jyist
Ppo3tiIeHHs! reHepaii (TTOKOJIIHH) O/IHIET TPy Ha JIEKLIb-
Ka TIIrpyTI, 13 MOJaIbIIMM BHOOPOM KpAIoro iHIUBiAA Bl
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KOYXKHOT HIATpyIH B AKOCTI il npeacraBHuka. [lotiM npoBo-
JIacst TIOpUAM3aIlis i MyTarlist 38Ut 3000y TTS HOBHX Te-
Heparii (TIOKOJIHE) yCcepearHi OHI€ET MOyl Ta MK pi3-
HIMH TOMYJISIISIMH, 3aBISKH YOMY TOCATAIOCS TOKparieH-
HSl ONTUMI3AIIHOT 3AaTHOCTI AJTOPUTMY Ta IIiJABUIICHHS
IIIBU/IKOCTI KOHBEPTCHIIII.

HayxoBa noBu3Ha. BuB4eHi MOXXIJIMBOCTI 3aCTOCYBaHHS
TEHETHYHOT'O AJTOPUTMY W TeOpii HIlll 33171 BUPIMICHHS 3a-
BIaHb TJIOOABHOI MYJIETHMOMAIBHOI ONTHMI3alii. Po3ris-
HYTI i71est ¥ KpOKH (eTaru BUKOHAHHS) 3aIIPOTIOHOBAHOTO all-
TOPUTMY, TIPOBEJICHHMH SIKICHUI aHaJTi3 HOro MOIIyKOBOT 3/1a-
THOCTI 1 HMIBUIKOCTI KOHBepreHtiii. J{ocimipKeHHs 1JaHoTo ac-
TIEKTY paHille He TPOBO/IMIINCS.

IIpakTHyHa 3HAYMMICTB. 3alPONOHOBAHO CaMOHAlla-
TOKYBATBHUI TUHAMIYHUN TeHSTUYHHI aJTOPUTM 3 BHUKO-
PUCTaHHSIM HIIIEBOT TEXHOJIOT1, III0 MOYKE 3aCTOCOBYBATHCS
B 3aBJIaHHSX [VI00ATBHOT MyJIBTUMOJIANIbHOT onTimizartii. Pe-
3yJIbTAaTH EKCIIEPUMEHTAILHOTO TECTyBaHHS ITOKa3allH, IO
SDNGA-aJITOpuTM Ma€ XOPOIIIi MOMIYKOBI 3MI0HOCTI, BUCOKY
TIPOIYKTUBHICTB 1 CTIHKICTb, IO TO3BOJISE 3HAXOIUTH KPAIIli
pimIeHHs.

KurouoBi cioBa: niwesa meopis, eenemuunuii aneo-
pumm, 3adaia 6a2amomooaibHoi onmumizayii, cCamona-
Ja200ACYBANbHUL, OUHAMIYHUL, WEUOKICMb KOHBEPIeH-
yii, AAKICHe piuenHs

Lenab. ['eneTnyecknii anmropuT™ — 3TO, CBOETO pojia, Me-
TOJ CITy4aillHOTO TIOMCKA, CO3JaHHBI Ha OCHOBE MEXAHMU3-
MOB I'€HETHKH, OH 00J1/IacT XOPOILCH YCTOHYMBOCTHEO U OII-
TUMU3AIHOHHON CIOCOOHOCTBIO. OIHAKO MHOTHE YUYCHBIC
YKa3bIBalOT HA TO, YTO CTaHJAPTHBIE TEHETUUECKUE aJllTOPU-
TMBl UMEIOT MHOKECTBO HEJJOCTATKOB M OTPAaHWYECHUN NpU
HCIIOJIb30BAHUK B TJIOOATBHOW MHOTOMOIAIBLHOW OINTHMH-
3aLMH, TOCKOJIbKY OHU TIOJIBEP>KEHBI MIPEKIEBPEMEHHOM KO-
HBEPreHLIMU, UMEIOT BBICOKYIO CJIOKHOCTb BBIUYMCIIEHUS U
crabple BO3MOXKHOCTH JIOKAJIFHOTO TIOHCKa. Llenbio paboTsl
SIBJISIETCS IPEOJIOJIEHHUE YKA3aHHBIX HEIOCTATKOB IyTEM CO-
3[[aHMSI HOBOTO aJITOpPUTMa PEIIeHNS 3a1a9 TJI00ATLHON My-
JIFTUMOJIAJIbHOM ONTUMHU3AIMA — CaMOHACTPanBarOIIErOCs
JIMHAMWYECKOTO0 Te€HETMYECKOI'0 allfOpUTMa C HCIOJIb30Ba-
HHEM HHIIICBOH TexHooruu (SDNGA).
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Metomuka. B xo/e u3ydeHus: ONTHUMH3AIMHN TIOCPEICT-
BOM TCHETHYECKOTO aITOPHTMA U TCOPHH HHIIL, B TPAIUIIU-
OHHOM TEHETHYECKOM aJTOPUTME, HCIIOJIB3yEMOM B TJ100a-
JBHON MyJIBTUMOIATEHOW ONTHMIBAIMH, ObUTH OOBEINHe-
Hbl MYJIbTU-IPYIINbI U MeTox Hull. IlpennoskeHHslii anro-
PUTM TPOBEPSIICA HA TCCTOBBIX (l)yHKIJ,l/IﬂX C LICJIBKO IIOATBEC-
prkzenust ero 3¢ QeKTHBHOCTH 1 LIeJIeCO00pa3HOCTH ITpUMe-
HCHUSL

PesynbTaThl. HumeBas TexHomorus Obla MpUMEHEHA
IUTSL pa3/iesieHus TeHepariy (TIOKOJICHHS) OTHOM TPYIIITBI Ha
HECKOJIbKO MOATPYIIM, C MOCICIYIOIIUM BEIOOPOM JIYUIIIETO
VHJIUBUJIA OT KaXJIOW IOAIPYIIBI B KAUECTBE €€ MPeICTa-
BUTEJISL. 3aTeM TPOBOAMIACE THOPUAN3ANIS U MyTaIlHs IS
TIOJTyYEHNUsI HOBBIX TeHepalmii (IOKOJICHHI) BHYTPU OJHOM
TIOMYJBIIMN U MKy Pa3sHBIMHU TOMYJIANUSIMH, Onaromapst
YeMy JOCTHTAJIOCh YIydIICHWE ONTHMH3AIMOHHON CIIO-
CO6HOCTI/I aJIropuTMa 1 MOBBIIIECHUE CKOPOCTU KOHBEPI'CH-
IUH.

Hayunass HoBH3HA. V3ydeHBI BO3MOXKHOCTH TIPHMCHE-
HUSI TCHETUYECKOTO AJITOPUTMA U TCOPHHU HUII JUTSI PEIICHUS
3374 TIIO0ATBFHOW MyJbTIMOIAIBFHONW ONTHMH3aImu. Pac-
CMOTpEHBI H/es W IIard (3Tarbl BBITOJIHEHHUS) MPE/IOKEH-
HOro ajropurma, rpoBEICH KayeCTBEHHBINM aHaJIu3 €ro Io-
HCKOBOW CITOCOOHOCTH M CKOPOCTH KOHBepreHumu. Mccie-
JIOBAHWS TAHHOTO aCTICKTa PaHEee HE IPOBOINIIHCE.

IpakTnyeckass 3HAYUMOCTh. [IpemiokeH caMoOHACT-
pauBarOMIMICS AUHAMIYCCKUA TeHETHICCKHI aJITOpUTM C
HCTIONIF30BAaHIEM HHIIICBOW TEXHOJIOTHH, KOTOPBIA MOMKET
NPpUMEHATHCA B 3a/avdax FHO6aHBHOﬁ MyJ'lBTHMO}IaI[BHOﬁ
OIITUMMU3AITUN. Pe3yJ'H)TaTBI OKCIICPUMEHTAJIBHOT'O TECTUPO-
BaHUA MOKasaud, 4ro SDNGA-aJropuT™M HMEET XOPOIIHE
TIONCKOBBIC CIIOCOOHOCTH, BBICOKYIO TPOHM3BOIUTEIIHHOCTD
n yCTOﬁ‘IHBOCTL, YTO TO3BOJIACT HAXOAUTH JIyUIIUE PCIIC-
HUsl.

KnroueBsble cnoBa: nuwesas meopus, enemuyecKkuil
aneopumm, 3a0a4d MHOCOMOOANbHOU ONMUMU3AYUU, CA-
MOHACMPAUBAIOWUIICS, OUHAMUYECKULL, CKOPOCTb KOH-
8epeeHyUlL, KauecmeeHHoe peuleHie
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