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Abstract: The diversity of the population and the crossover operator algorithm play an important role in
solving global optimization problems in Differential Evolution (DE). The Multi-poplutions Covariance learning
Differential Evolution (MCDE) algorithm is proposed. Firstly, the population structure is a multi-poplutions
mechanism, and each subpopulation combines the corresponding mutation strategy to ensure the individual
diversity in the evolutionary process. Then, the covariance learning establishes a proper rotation coordinate
system for the crossover operation in the population. At the same time, the adaptive control parameters are
used to balance the ability of population survey and convergence. Finally, the proposed algorithm is conducted
on 25 benchmark functions including unimodal, multimodal, shifted and high-dimensional test functions and

compared with the state-of-the-art evolutionary algorithms. The experimental results show that the proposed

algorithm compared with other algorithms has the best effect on solving the global optimization problem.
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3.1 S5X#DEE AL

H T KAEMCDES A PERE, R TR 25
aLLE L, Wilcoxon sl AEa=0.05Fa=0.10
i, MCDELLJADE, CoDEFCoBiDES 1134 R &

£ 1 7ED=30T3#HE % 5MCDEM Wilcoxon’si& M4 SR EL T

I3 . Wilcoxon’sFRAS 56 e 1 ik Py 5y s 56 45
e S RS = AR = RL, Ak B S R R A
RAAGSFREBRER o MR PEFREEEKE, #
P/ T o, WRZFVERILE 2 . I EL27ED=30
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DA o 40 T I 2 I T SR i 4 o Fried-
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I Ja S HEA

% 2 fED=30T & E;AMFriedmanF &

% SEH S E
JADE 3.78 3
CoDE 3.80 4

CoBiDE 3.34 2
MCDE 2.74 1

H5JADEM! CoDE!M, CoBiDEMI3% £ #L [
DEX S L . JADE & W A4S & ME 5T Hok
KEGIH . CoDERICoBiDE &3 T FhfE 45 i e ik
M5 . R33RAE T LL ARV AE D=30F1 5 KT

30N IE T4 E AN R IMB T ERIEE

CoBiDE

MCDE

M R* R Py a=0.05 a=0.10
JADE 240.5 59.5  0.007012 =3 7
CoDE 264.5 60.5  0.005181 e 2

CoBiDE  251.0 74.0 0.016633 2 2

*3

BRI JADE CoDE
P 0.00E+004-0.00E4-00~ 0.00E+004-0.00E400~
F, 1.26E-28+1.22E-28+ 6.77TE-15+3.44E-15-
Fy 8.42E-+03+6.58E+03— 5.65E-+0545.66E+04—
Fy 4.13E-16+3.45E-16 6.21E-03+4.67E-02
g 7.59E-08+5.65E-07- 3.16E+0243.62E+02-
Fy 1.16E4-01+3.16E+01— 3.32E-014£6.57E-01-
F, 8.27TE-03+8.22E-03~ 7.39E-03+6.45E-03—
Fy 2.09E-+014+1.68E-01~ 2.01E+0141.25E-01+
Fy 0.00E+004-0.00E-+00+ 0.00E+004-0.00E-+00+
Fy 2.42E+0145.44E+00- 4.21E4+0142.84E+01-
Fy 2.57E+014+2.21E+00- 1.24E+01+3.55E+00+
Fpy 6.45E+0342.89E-+03 3.21E+034+4.48E+03
Fiy 1.47E4+00£1.15E-01+ 1.66E-+00+£3.25E-01+
Fy 1.23E+0143.21E-01~ 1.23E+0143.56E-01~
Fis 3.61E+0242.24E+02+ 4.00E+024+5.24E+01~
Fig 9.33E+0141.31E+02 7.25E+014+6.22E+01+
Fiq 1.21E+02+1.08E+02 7.16E4+014-2.35E+01-
Fig 9.04E+0241.24E-01~ 9.04E-+02+1.34E+00~
am 9.04E+0248.32E+00~ 9.04E+0243.22E-01~
Fy 9.04E-+02+7.65E-01~ 9.04E-+02+7.11E-01~
Fy 5.00E4+0244.67E-13~ 5.00E-+02+4.68E-13~
Fyy 8.68E+02+2.24E+01~ 8.78E+02+3.54E+01~
Fy, 5.48F-+0248.62E+01- 5.34E+0244.45E-04~
Fyy 2.00E-+0242.12E-14~ 2.00E-+0242.62E-14~
Fy 2.11E+0247.35E-01— 2.11E+0246.82E-01—

+/-) 3/13/9 5/10/10

0.00E+004-0.00E+00~
1.60E-124-2.90E-12—
7.26E+0445.64E+04—
1.16E-03+2.74E-03
8.03E+02+1.51E+01-
4.13E-02+9.21E-02+
1.77E-0343.73E-03—
2.07E+014+3.75E-01+
0.00E+004-0.00E-+00+
4.41E4+01+£1.29E+01—
5.62E4-00+£2.19E+00+
2.94E+034-3.93E+03
2.64E+0041.13E+00
1.23E4+0144.90E-01~
4.04E+0245.03E+01-
7.38E+014-3.66E+01
7.25E+01+2.02e+01—
9.03E+02+1.05E+01~
9.03E+024+1.04E+01%~
9.04E+0245.95E-01~
5.00E+02+4.62E-13~
8.69E+02+2.80E+01~
5.34E+0241.30E-04~
2.00E+024-2.90E-14~
2.10E+024-7.73E-01~
4/13/8

0.00E+4-00-+0.00E+4-00
8.49E-28+3.75E-28
2.74E-124-2.82E-11
7.57E-224-4.26E-21
5.38E-104-7.12E-10
3.19E-01+£1.09E-01
1.52E-03+4.11E-03
2.09E+01+4.21E-02
2.64E-0745.87E-07
2.28E+01-+4.27E+400
1.51E+01+6.81e+00
2.12E4+03+1.34E4-03
1.74E+00+£2.04E-01
1.23E+01+2.66E-01
4.00E+02+1.09E+02
5.37E4+01+3.01E4-01
6.36E+014-6.41E+01
9.03E+024-6.01E-01
9.03E+02+2.31E-01
9.03E+0242.45E-01
5.00E4-02+4.51E-14
8.69E-+024-1.89E+01
5.34E4-024-2.49E-13
2.00E+024+2.90E-14
2.09E4-0242.78E-01
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(Global and local real-coded genetic algorithms)?!
LTI . CLPSOM 2 R A PSSO
(Particle Swarm Optimizer)5i ik, KB
HMEHLE. CMA-ESH L IE KWy 7 22 i FE 5 &Y.
ARG, FEH TIOR8, GL-25%5
TR IE T R AS B 1) 4 ey 0 e 30 S o i st
k. #4445 TMCDE, CLPSO, CMA-ESHIGL-
25 LA D=304E F 5 KA X FiMaxFES=
300000 5 g 45 2, & HUE # B 01 3%
ZEbRE 2, FRid “4/-/~=" 43R oR U
PEfELF TMCDE. 2 TMCDEMIZL T MCDE.
Mo 42h A, AL H: MCDE
LA B SEIR pR 2Y (Fy~ Fo ) A R e A 5
b H A e A VR R = A R /. AEREA
T ZWERR L, Fy R e AR ST L 0 W s A . X
T 2 2 06 pR ESORT 52 5 TR ek B, 8O )
BEL(F1y, Frg, Fiz, For, Fogy FoufFy) BUR W

&G #3, MCDE& LM D=304 1)L i 45 L Lt
CLPSO, CMA-ESHIGLE A B 222, 5, 1/
PREL, EEUF19, 15, 20K %L, A4, 5, 34N
R

4 Z5ip

A IEMCDERE H 2 e SR S L], £
$i5 Jey 0 S SR A Jey AR S S, DASRYT KA
AR . AR, R by 2 2 2 A R
W VIAR AR AR R L IE 0% H b AR 5 AR S 1 i
o JEWh oy ZE2A )R], i# i LehmerYy{E FlPower
B 53 ke gk EARAR F5 1) 28 SUE 28 CR AN 45 T3 A
TF,

fECEC 20050 % b, HMCDER LY
JADE, CoDERICoBiDELLE:, K IHLG TR fift4s Ja)
PRAC ) AT BB RO . MBS, W
5 HAR R A (3540 57 CLPSO, CMA-ES, GL-25

= 4 30]IMIIEBEITECLPSO, CMA-ES, GL-25, MCDES M REHERITEE

GL-25 MCDE

Function CLPSO CMA-ES
F 0.00E-+00+0.00e+00~ 1.58E-25+3.35E-26—
Fy 8.40E+02+1.90E+02 1.12E-2442.93E-25
Fy 1.42E4+07+4.19E+06- 5.54E-21+1.69E-21+
F, 6.99E+03+1.73E+03 9.15E4+054-2.16E+06
Fs 3.86E+034+4.35E+02— 2.77TE-10£5.04E-11+
Fy 4.16E+0043.48E+00 4.78E-01£1.32E4-00
F, 4.51E-0148.47E-02~ 1.82E-03+4.33E-03~
Fy 2.09E+014+4.41E-02— 2.03E+0145.72E-01+
F, 0.00e+00+40.00e-+00+ 4.45E+02+7.12E4+01-
Fio 1.04E+02+1.53E+01 4.63E+01+1.16E+01
Fiy 2.60E+01+1.63E+00- 7.11E+0042.14E+00+
Fiy 1.79E+04-£5.24E+03 1.26E404+1.74E+04
Fiy 2.06E+0042.15E-01— 3.43E+004+7.60E-01—
Fy 1.28E+01+2.48E-01 1.47E+01+3.31E-01
Fis 5.77TE+014+2.76E+01- 5.55E+0243.32E+02-
Fig 1.74E+02+2.82E+01 2.98E+02+2.08E+02
Fi; 2.46E-+02+4.81E+01- 4.43E402+3.34E+02~
Fig 9.13E+02+1.42E+00 9.04E+0243.01E-01~
Fiq 9.14E+0241.45E+00~ 9.16E+02+6.03E+01-
Fy, 9.14E+024-3.62E+00 9.04E+0242.71E-01~
Fy 5.00E+02+3.39E-13~ 5.00E-+024-2.68E-12~
Fyy 9.72E+02+1.20E+01- 8.26E+024+1.46E-+01+
Fyy 5.34E+024+2.19E-04~ 5.36E+0245.44E+00~
Fy 2.00E+0241.49E-12~ 2.12E+024-6.00E+01
Fos 2.00E+0241.96E4+00-+ 2.07E+02+6.07E+00~
+/-/= 2/19/4 5/15/5

5.60E-27+£1.76E-26—
4.04E+014+6.28E4-01
2.19E4+-06+£1.08E+06—
9.07E+0244.25E+02
2.51E4+03+£1.96E+02—
2.15E+014+1.17E+00
2.78E-02+3.62E-02—
2.09E+014+5.94E-02—
2.45E+014-7.35E-+00—
1.42E+0246.45E+01
3.27E+0147.79E-+00—
6.53E+044-4.69E-+04
6.23E4-00+£4.88E+00—
1.31E+01+1.84E-01
3.04E+024+1.99E+01+
1.32E+0247.60E+01
1.61E+0246.80E+01—
9.07E+0241.48E+00
9.06E+02+1.24E+00—
9.07E+0241.35E+00
5.00E+02+4.83E-13~
9.28E+02+7.04E+01—
5.34E4-02+4.66E-04~
2.00E+0245.52E-11~

2.17E+0241.36E-01-
1/21/3

0.00E+4-00-+0.00E4-00
8.49E-284-3.75E-28
2.74E-124-2.82E-11
7.57E-224-4.26E-21
5.38E-10+7.12E-10
3.19E-0141.09E-01
1.52E-03+4.11E-03
2.09E+01+4.21E-02
2.64E-0745.87E-07
2.28E+401+4.27E4-00
1.51E+01+6.81e+4-00
2.12E4+03+1.34E4-03
1.74E4+0042.04E-01
1.23E+401+2.66E-01
4.00E4-0241.09E4-02
5.37E4+01+3.01E4-01
6.36E+014-6.41E+01
9.03E4-024-6.01E-01
9.03E+024-2.31E-01
9.03E4-024-2.45E-01
5.00E4+02+4-4.51E-14
8.69E+02+1.89E+01
5.34E4+024-2.49E-13
2.00E4-024-2.90E-14
2.09E+024-2.78E-01
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