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Abstract

This article presents an approach for building fuzzy rule based classifiers. A fuzzy rule-based classifier
consists of IF-THEN rules with fuzzy antecedents (IF-part) and the class marks in consequents (THEN-part).
Antecedent parts of the rules break down the input feature space into a set of fuzzy areas, and consequents
define the classifier exit, marking these areas with a class mark. Two main phases of building the classifier are
selected: generating the fuzzy rule base and optimizing the rule antecedent parameters. The classifier structure
was formed by an algorithm for generating the rule base by extreme features found in the training sample. The
peculiarity of this algorithm is that it is generated according to one classification rule for each class. The rule
base formed by this algorithm has as low as practicable size in classification of a given data set. The optimization
of parameters of antecedents of the fuzzy rules is implemented using the monkey algorithm adapted for these
purposes, which is based on observations of monkey migration in the highlands. In the process of the algorithm
work, three operations are performed: climb process, watch jump process and somersault process. One of the
algorithm’s advantages in solution of high-dimension optimization problems is calculation of the pseudo-
gradient of the objective function. Irrespective of the dimension at each iteration of the algorithm execution
only two values of the objective function are to be calculated.

The effectiveness of fuzzy rule-based classifiers built with the use of the proposed algorithms was checked
on actual data from the KEEL-dataset repository. A comparative analysis was conducted using the known
analog algorithms “D-MOFARC” and “FARC-HD”. The number of rules used by the classifiers built with
the use of the algorithms so developed is much lower than the number of rules in analog classifiers with a
comparable classification accuracy, that points to the highest interpretability of the classifiers built with the use
of the proposed approach.
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F

Introduction due to their ability to manage uncertainty, inaccuracy

uzzy rule based classifiers belong to a class of and incompleteness of information [1], for example,

fuzzy rule-based systems. Classifiers of this type | in such areas as credit risk assessment [2, 3], market-
are widely used in modern business applications | ing [4, 5], electronic business and e-commerce [6]. The
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advantages of the fuzzy rule-based classifiers include
their good interpretability [7] and lack of assumptions
required for statistical classification [8].

Construction of fuzzy rule-based classifiers involves
the solution of two main problems: generating the fuzzy
rule base and optimizing the rule antecedent param-
eters (IF-parts). To generate a fuzzy rule base, cluster-
ing algorithms are most often used, resulting in forma-
tion of the initial “rude” approximation of the fuzzy
rule-based classifier. The procedure for optimization of
rule antecedent parameters or “fine” tuning is gener-
ally performed through derivatives, swarm intelligence
algorithms or evolutionary computations [1, 2, 9—14].
For solution of the problems listed above, this paper pro-
poses to use the algorithm of generating the rule base by
extreme features and the monkey algorithm.

Application of the algorithm for generating the rule
base for extreme values of features enables us to mini-
mize the number of rules to the number of classes, and
so to increase the interpretability of the result.

The monkey algorithm is based on the observation of
monkey migration in the highlands [15]. In the process
of the algorithm work, three operations are performed:
climb process, watch jump process and somersault proc-
ess. One of the algorithm advantages in solution of high-
dimension optimization problems is calculation of the
pseudo-gradient of the objective function. Irrespective
of the dimension at each iteration of the algorithm ex-
ecution, only two values of the objective function are to
be calculated [16].

The purpose of this paper is to describe the algorithms
of building fuzzy rule-based classifiers: the algorithm for
generating rule base by extreme features and the mon-
key algorithm. Application of these algorithms is aimed
at increasing the accuracy in solving classification prob-
lems, while maintaining the interpretability of the solu-
tion obtained.

1. Statement of the problem

Let us assume that we have universum U = (4, C),
where 4 = {x, x,, ..., x} is a set of input features,
C = {c, ¢, .., ¢} is a set of classes. Suppose
X=Xx,X, -...-x, € R" is an n-dimensional space of fea-
ture values. Object u in this universum is characterized
by its vector of feature values. The classification prob-
lem consists in prediction of object class u by its vector
of feature values.

The traditional classifier can be defined as a function
of

f:R" > {0,117,
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where f(x;0) = (¢, c,, ..., ¢,), where ¢, = 1, and ¢, = 0
(je 1, m], i #j), when the object specified by vector x
belongs to class c;

0 — vector of the classifier parameters.

The fuzzy rule-based classifier can be presented in a
functional form, which assigns a point in the input fea-
ture space with a class mark with the calculated level of
confidence:

£iR" = [0,17".

The fuzzy rule-based classifier is based on a produc-

tion rule of the form:
Rij: IFx=A NUx=A, Ux=A3 N..Ux=A,
THEN class=cj,

where A, — fuzzy term characterizing the k-th feature in
the i-th rule (i € [1, R]);

R — number of rules.

In this paper, the class is determined on the principle
“a winning team gets everything”:

— Pk —
class=c;., j* = arg max f3,

1<j<m

where ﬂj(X)zznyAM (x), j=1,2,..,m;
R. k=1

)

u (") — membership function of fuzzy term A.

bl

Let us assume that there is a table of observations
{(xp; cp), p=1,.., 7} Let us determine the following
unit function:

1, ife,=f(c,,0)

. ,p=12,...,7.
0, otherwise

delta(p,0) = {
Then the fitness function or the classifier precision
measure can be expressed in the following way:

4
2 delta(p,0)
E@©)="=
C) Z
The problem of building a fuzzy rule-based classifier
comes down to finding the maximum of the specified
function in space 0 = (6,,0,, ..., 0 ):

max(E@®)), 0,€{0,:6,,<6,<0, . i=12,.., D}

where @, — value of parameter ¢, from the interval
[@i,min’ i,muX] ’
e (2]

i,min?

- .x — lower and upper limits of each
parameter, respectively.

Figure 1 depicts an example explaining the formation
of vector 0. At this time, variable x, is presented by three
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triangular terms, each of which is represented by three

parameters (a, b, ¢), included in vector 0 =(a,,, b, , c,,,
al2’ bl2’ cl2’ al}’ bl3’ Cl3’ a21’ b21’ c2|’ )
wx,)
A A A
e L "12 .................................... ....53 ..........
: PN
N s
05 [ ff .............. I \..’ ................ ..... Secesc
s : N Con
A R
0 i oud : .’ : <X
all bll alZ b]2 a]} CII 12 b13 Cl3

Fig. 1. Fuzzy partition of variable x,

For finding optimal parameters 0, we propose using
the monkey algorithm.

2. Monkey algorithm

The monkey algorithm (MA) is a metaheuristic opti-
mization algorithm simulating the migration of a mon-
key population in the highlands. Seven main stages of
algorithms are considered below.

1) Solutions coding

First, M — a magnitude of monkey population is deter-
mined, in which the position of each i-th monkey pres-
ents the solution specified by vector 8, = (0,, 0, ..., 0,,),
i=1,.,M.

2) Initialization of population

Possible positions of monkeys in a D-dimensional
hypercube are generated in random manner, or posi-
tion-solutions are given by the user. A mixed strategy of
initialization is also possible, when one part of the popu-
lation is defined by the user, and the other part is ran-
domly generated.

3) Climb process

I. For eachi-th monkey vector AQ = (A,
is generated, where
Ag = { a, if rand(0;1) > 0,5
—a,if rand(0;1)< 0,5

AB,, ..., AD,)

i=1,.,M,j=1,.,D,

,
a >0 is a step length.

II. Calculate
_ E(0,+A0,)— E(0,—A0)) e
) 200 ’

i

L.,M, j=1,...D.
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VectorE’ (0,)=(E',(0,),E",(®,),....E’,,(8,))is a pseu-
do-gradient of fitness function £(+) in point 0.

II1. Calculate z = 6, + a'sign(E"; (8, ) and form vector
2= (2, Zyseees Tp)-

IV. If the obtained solution vector z is compatible with
the limits of building the fuzzy rule-based classifier, vec-
tor 0, is replaced with vector z; otherwise, vector 0, re-
mains unchanged.

V. Repeat Steps [-1V a specified number of times.
4) Watch jump process

I. Form vector z = (z,, Z,,..., Z,) of the randomly gen-
erated uniformly distributed real numbers in the range
(91./.— b, 917 + b), where b is a parameter characterizing the
monkey’s ability to observe.

IL. If value E(z)> E(©) and vector z are compatible
with the requirements of constructing a fuzzy rule-based
classifier, then vector 0, is replaced with vector z.

I1I. Repeat Steps I—II a specified number of times.

5) Somersault process

I. Generate a random evenly distributed real number
o from the interval [c, d], where ¢, d are algorithm pa-
rameters.

I1. Calculate 7= 9,7'" a'(pj— Hl.j), j=12,..,D,

M

X5,

2 i=1,.,M,j=1,.,D.
M

where p; =

III. If the obtained vector z = (z,, Z,,..., Z,) iS compat-
ible with the requirements of constructing a fuzzy rule-
based classifier, and value FE(z) > E(8), then vector 0, is
replaced with vector z; otherwise, vector 0, remains un-
changed.

IV. Repeat Steps I-III a specified number of times.

6) Repeat N times the climb process operators, watch
jump and somersault processes

7) Output of the best solution

3. Algorithm for generating rule base
by extreme features

The algorithm for generating rule base by extreme fea-
tures (EC) is intended to form the initial rule base of the
fuzzy rule-based classifier containing one rule at a time
for each class. The rules are laid down based on extreme
values of training sample {(xp; tp), p=1,.., 2} Let us
introduce the following designations: m is a number of
classes, n is a number of features, Q* is a classifier rule
base.
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Table 1.
Description of data sets Input: m, {(XP; tp)}'
Output: Classifier rule base QF.
Group | Name | Features | Copies | Classes Q=0
1. haberman 3 306 2 -
2 iis 4 150 3 Loop on jfrom /to m
3. balance 4 625 3 Loop on kfrom 1 to n
SS 4 newthyroid > 215 3 search min class,: = min (x ,);
5. bupa 6 345 2 / p a
6. pima 8 768 2 search max classjk: = mpax (xpk);
L glgss , ) 2 ! forming fuzzy term A4, covering
8. Wisconsin 9 683 2 7
9. banana 2 5300 2 the interval
10. titanic 3 2201 2 [minclassjk, maxc[assjk];
SL 11. phoneme 5 5404 2
12. magic 10 19020 2 Loop end
13. page-blocks 10 5472 5 Creating rule le based on terms Ajk, re-
14. wine 13 178 3 ferring
LS 15, Cleveland 13 297 > the observation to a class with identifier c;
16. heart 13 270 2 /
17. hepatitis 19 80 2 0%:=0U{R };
18. segment 19 2310 7 Loop end
LL 19. twongrm 20 7400 2 Output 0%,
20. thyroid 21 7200 3
Table 2.
Comparison of classifiers on KEEL data sets
Data set EC+MA | D-MOFARC | FARC-HD
Group Name #R #L #1 #R #L #1 #R #L #1
1. haberman 2 79.2 73.8 9.2 81.7 69.4 5.7 79.2 73.5
2. iris 3 97.8 95.3 56 98.1 96.0 4.4 98.6 95.3
3. balance 3 87.5 86.7 20.1 89.4 85.6 18.8 92.2 91.2
s 4. newthyroid 3 97.5 90.7 9.5 99.8 95.5 9.6 99.2 94.4
5. bupa 2 742 68.4 1.7 82.8 70.1 10.6 78.2 66.4
6. pima 2 75.5 7.3 104 82.3 75.5 20.2 82.3 76.2
7. glass 7 69.0 61.3 274 95.2 70.6 18.2 79.0 69.0
8. wisconsin 2 96.8 96.4 9.0 98.6 96.8 13.6 98.3 96.2
9. banana 2 789 78.4 8.7 90.3 89.0 12.9 86.0 85.5
10. titanic 2 78.5 78.0 104 78.9 78.7 4.1 79.1 78.8
SL 11. phoneme 2 79.9 79.3 9.3 84.8 83.5 17.2 83.9 82.4
12. magic 2 812 81.0 322 86.3 85.4 43.8 85.4 84.8
13. page-blocks | 5 95.5 95.3 215 97.8 97.0 18.4 95.5 95.0
14. wine 3 99.0 96.6 8.6 100.0 95.8 8.3 100.0 95.5
S 15. cleveland 5 60.7 571 456 90.9 52.9 421 82.2 58.3
16. heart 2 75.8 74.4 18.7 94.4 84.4 27.8 93.1 83.7
17. hepatitis 2 941 77.8 1.4 100.0 90.0 104 99.4 88.7
18. segment 7 85.8 84.0 26.2 98.0 96.6 411 94.8 93.3
LL 19. twonorm 2 97.5 97.1 10.2 94.5 93.1 60.4 96.6 95.1
20. thyroid 3 99.6 99.3 59 99.3 991 49 94.3 941
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4. Experiment

For assessing the operating efficiency of the fuzzy
rule-based classifiers optimized by a combination of
the above algorithms (EC+MA), tests were conducted
on data sets from the KEEL repository given in Table
2. Each data set was selected according to one of the
following groups:

4 “small number of features — small number of cop-
ies” (SS): data sets with a number of features less than
13 and a number of copies less than 1000;

4 “small number of features — large number of cop-
ies” (SL): data sets with a number of features less than
13 and a number of copies more than or equal to 1000;

4+ “large number of features — small number of cop-
ies” (LS): data sets with a number of features more than
or equal to 13 and a number of copies less than 1000;

4 “large number of features — large number of cop-
ies” (LL): data sets with a number of features more
than or equal to 13 and a number of copies more than
or equal to 1000.

The experiments have been implemented in ac-
cordance with the principle of cross-validation,
which intends to separate the data set into training
and test data. As per the described principle, each
data set is represented by a group of files being test
and training samples. Accordingly, during the experi-
ments the classifier was constructed on training sam-
ples, following which the accuracy was evaluated on
test samples. The total value of accuracy on the test
and training data was determined by calculation of
the average value.

For all data sets, triangular membership functions
were used. As the algorithm parameters, the follow-
ing parameters were selected: the number of species is
30; climb process iterations are 5; jump iterations are
5; roll-over iterations are 15, the watch-jump process
interval is 0.5, boundaries of the somersault process are
0.5 and 0.5 for the left and right boundaries, respec-
tively.

Table 2 shows the average results of the experimen-
tal study of the monkey algorithm when constructing
fuzzy rule-based classifiers on a full feature set, as well
as the results of analog algorithms “D-MOFARC” and
“FARC-HD” [11]; where #R is the number of rules,
#L is the percentage of correct classification on the
training sample, #T is the percentage of correct classi-
fication on the test sample; the best results are in semi-
bold type.

BUSINESS INFORMATICS No. 1(39) — 2017

To assess the statistical significance of differences in
accuracy and the number of rules of classifiers formed
by a combination of algorithms EC+MA and analog
classifiers, a criterion of pairwise comparisons Wilcox-
on—Mann—Whitney was used.

Comparative analysis made it possible to draw the
following conclusions:

1) The Wilcoxon—Mann—Whitney test indicates a
significant difference between the number of rules in
the classifiers based on EC+MA and analog classifiers
(p-value < 5E-8);

2) The Wilcoxon—Mann—Whitney test indicates the
absence of a significant difference between the accu-
racy of classification in the compared classifiers.

These findings lead us to the following conclusion:
with statistically undistinguished accuracy of the com-
pared classifiers, the classifiers optimized by a combi-
nation of algorithms EC+MA are preferable due to the
smaller number of rules, and that ultimately points to
their possible higher interpretability.

An important issue of algorithm comparison based
on their computational complexity remained beyond
the framework of article, because the articles which
provide the results of previous studies have no detailed
description of the algorithms and do not present the
experiment results by which we can judge the compu-
tational complexity of these approaches.

Conclusion

This paper addresses methods of building fuzzy rule-
based classifiers. The classifier structure was formed by
an algorithm for generating rule base by extreme fea-
tures. The monkey algorithm was applied to optimize
the classifier parameters.

The efficiency of the fuzzy rule-based classifiers
configured by the listed algorithms was checked on a
number of data sets from the KEEL repository. The
classifications obtained have a good learning capability
(a high percentage of correct classification on training
samples) and as much as good predictive capability (a
high percentage of correct classification on test sam-
ples).

The number of rules used by the classifiers built
with the use of the developed algorithms is much less
than the number of rules in the analog classifiers with
a comparable classification accuracy; that points to a
possibly higher interpretability of classifiers built on
the basis of combination EC+MA. m
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AnHoTAIMA

B cratbe mpencraBieH ITOOXON K ITOCTPOSHUIO KiIacCH(pUKATOPOB Ha OCHOBE He4YeTKuX IpaBuil. Heuerkwmii
kiaccudukatop cocrout U3z ECJIM-TO npaBun ¢ HeyeTkumu aHTeueneHTamu (ECJIM-yacTh) 1 MeTKaMu Kjacca
B koHcekBeHTax (TO-yacTh). AHTELIEACHTHBIC YacTU IPaBUJ Pa30MBAIOT BXOOHOE ITPOCTPAHCTBO IPH3HAKOB
Ha MHOXECTBO HEUYETKMX oOacTeil, a KOHCEKBEHTHI 3alaloT BBIXON Kiaccudukaropa, romedas 3TH 00JacTu
METKOI Kitacca. BbimeneHBI IBa OCHOBHBIX 3Talla MOCTPOCHMS KilaccU(UKaTopa: TeHepamusi 0a3bl HEYSTKHMX
MpaBWI M ONTHMM3ALMS IMapaMETPOB aHTELeNeHTOB mpaBmwi. PopMmMupoBaHUE CTPYKTYphl Kiaccudukaropa
BBINIOJIHSIACH AJITOPUTMOM TeHepaluu 0a3bl MpaBWI MO 3KCTPEMAaJbHbIM 3HAYEHUSIM IIPU3HAKOB, HaMIEHHBIM
B oOyyatoieid Bbioopke. OcoOeHHOCTb JAaHHOTO aJlTOPUTMa 3aKJIIOYaeTcsl B TOM, YTO OH I'€HEepUpYyeT MO OTHOMY
KJIacCU(pUUIMpPYIOIIEeMy MpaBIITy Ha KaXablii Kiacc. baza mpaBwui, copMupoBaHHasI JTaHHBIM aJlTOPUTMOM, NMEET
MUHUMAaJIBHO BO3MOXHBIN pa3Mep Mpu Kiaccudukamy 3agaHHOro Habopa maHHbIX. OnTuMM3anus mapamMmeTpoB
aHTELEIEHTOB HEYETKMX IIPABUII BHIIMOJIHEHA C TIOMOIIBIO afallTUPOBAHHOIO IJISl 9TUX LEJIeil alropuTrMa 00e3bsiH,
OCHOBAaHHOIO Ha HaOJIONEHMSIX 3a MepeaBIKeHnEM 00e3bssH B TOPHOI MECTHOCTH. B mpoiecce paboThl alropurMa
BBIIOJIHSIIOTCSI TPU OTIepaTopa: ABMXKEHKEe BBEPX, JOKATbHbIN IMPIKOK U II00aTIbHbIA NPHLKOK. OMHUM 13 JOCTOUHCTB
aJITOpUTMa TMPY PEIIeHUM 3a1a4 ONTUMU3ALMKU GOJIBIION pa3MEPHOCTHU SIBJISIETCSl BBIYUCIICHHE TICEBIO-TPaaueHTa
LeJeBOM (DYHKIMUM, TTPUYEM BHE 3aBUCHMOCTH OT Pa3MEPHOCTH Ha KaXJIOW WTEpallMi BBLITIOJHEHUS ajJropuTMma
TpeOyeTCs BBIYMCIUTD TOJIBKO ABA 3HAUCHUSI LIEIeBOIl (DYHKIINH.

DPHEeKTUBHOCTD HEYETKUX KJIACCU(UKATOPOB, MOCTPOEHHBIX C ITOMOILbIO TIPEMIOKEHHBIX aJrOPUTMOB,
npoBepeHa Ha peajbHbIX AaHHbIX M3 XxpaHuiauina KEEL. IlpoBeneH cpaBHUTENbHBIA aHaaM3 ¢ M3BECTHBIMU
anroputMamu-aHaigoraMmu «D-MOFARC» u «<FARC-HD». Yucio npaBui, UCIONb3yeMbIX KiaccubUKaTopaMu,
TTOCTPOEHHBIMU C TIOMOIIIBIO pPa3paboTaHHBIX AITOPUTMOB, 3HAYUTEIEHO MEHBIIIE YKCIa TPaBUII B KJIacCU(UKATOpaX-
aHayiorax IpH COIOCTaBUMOM TOYHOCTU KJIacCM(PUKAIIMM, YTO YKa3blBacT Ha BO3MOXHO 0oJiee BBICOKYIO
MHTEPIPETUPYEMOCTD KJIaCCU(PUKATOPOB, IIOCTPOSHHBIX C UCITOJIb30BAHUEM TTpEIIaraeMoro moaxona.

KmoueBbie ciioBa: HeueTKMI KitaccuUKaTop, ONTUMM3ALUS ITapaMETPOB, aJITOPUTM 00e3bsiH, (hOpMUPOBaHME Oa3bl TIPaBuUII.

Hurnposanue: Hodashinsky I.A., Samsonov S.S. Design of fuzzy rule based classifier using the monkey algorithm // Business
Informatics. 2017. No. 1 (39). P. 61—-67. DOI: 10.17323/1998-0663.2017.1.61.67.

10.
11.
12.
13.
14.
15.

16.

BU3HEC-MHO®OPMATUKA Ne 1(39) — 2017

Jluteparypa
Garcia-Galan S., Prado R.P,, Exposito M.J.E. Rules discovery in fuzzy classifier systems with PSO for scheduling in grid computational infrastructures
// Applied Soft Computing. 2015. No. 29. P. 424—435.

Gorzalczany M.B., Rudzinski E A multi-objective genetic optimization for fast, fuzzy rule-based credit classification with balanced accuracy and inter-
pretability // Applied Soft Computing. 2016. No. 40. P. 206—220.

Laha A. Building contextual classifiers by integrating fuzzy rule based classification technique and k-nn method for credit scoring // Advanced Engineer-
ing Informatics. 2007. No. 21. P. 281-291.

Zhao R., Chai C., Zhou X. Using evolving fuzzy classifiers to classify consumers with different model architectures // Physics Procedia. 2012. No. 25.
P 1627—1636.

Setnes M., Kaymak U. Fuzzy modeling of client preference from large data sets: An application to target selection in direct marketing // IEEE Transac-
tions on Fuzzy Systems. 2001. No. 9. P. 153—163.

Meier A., Werro N. A fuzzy classification model for online customers // Informatica. 2007. No. 31. P. 175—182.

TopoyHoB W.B., XopmaumHckuii M.A. MeToapl NMOCTPOEHUSI TPEXKPUTEPUAIbHBIX IMApeTO-ONTUMAIbHbBIX HEUETKMX Ki1acCUpUKaTopoB //
W ckyccTBEeHHBII MHTEIUIEKT W TpUHSITHE perieHnit. 2015. Ne 2. C. 75—87.

Scherer R. Multiple fuzzy classification systems // Studies in Fuzziness and Soft Computing. Vol. 288. Berlin: Springer-Verlag, 2012.

XonmammHekuii VLA, VineHTrduKalms HeYeTKUX CUCTeM Ha 0a3e alrOpuTMa MMUTALIMM OTXKMTa M METOIOB, OCHOBAHHBIX Ha MPOM3BOIHBIX //
Nudopmarriontsie TexHomoruu. 2012. Ne 3. C. 14-20.

Antonelli M., Ducange P, Marcelloni E An experimental study on evolutionary fuzzy classi ers designed for managing imbalanced datasets // Neuro-
computing. 2014. No. 146. P. 125—136.

Fazzolari E, Alcala R., Herrera E. A multi-objective evolutionary method for learning granularities based on fuzzy discretization to improve the accu-
racy-complexity trade-off of fuzzy rule-based classification systems: D-MOFARC algorithm // Applied Soft Computing. 2014. No. 24. P. 470—481.

XonammHckuii ULA., TopoyHoB M.B. OntuMuzaiyst mapaMeTpoB HEYETKMX CHUCTEM Ha OCHOBE MOIU(UIIMPOBAHHOIO arOpUTMa MUYETMHOM
KoJIoHuHY // MexatpoHuKa, aBToMaTtu3auusi, ynpasiaenue. 2012. Ne 10. C. 15-20.

XomammHekuit U.A., Jymun [1.A. UneHtudukanus HEYETKUMX CHUCTEM HA OCHOBE MPSIMOTO aJrOpUTMa MYpaBbMHOW KOJOHWH //
M cKycCcTBeHHBII MHTEIUTEKT U mpuHsiThe pemenuif. 2011. Ne 3. C. 26—33.

XonammHekuii ULA., dynun T1.A. Tlapamerpuyeckast uneHTHUMMKALIMS HEYETKUX MOJEel Ha OCHOBE TMOPMIHOIO airopuTMa MypaBbUHOM
kononwu // Asromerpust. 2008. Ne 5 (44). C. 24-35.

Zhao R., Tang W. Monkey algorithm for global numerical optimization // Journal of Uncertain Systems. 2008. No. 2. P. 165—176.
Zheng L. An improved monkey algorithm with dynamic adaptation // Applied Mathematics and Computation. 2013. No. 222. P. 645—657.

67



