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Mixed-variable Particle Swarm Optimization Algorithm Based on Competitive
Coevolution

Abstract

Abstract: For the current algorithm, it is difficult to obtain the available solution due to the irregularity of
problem decision space caused by the numerous mixed variable optimization problems during real
industrial applications. The coevolution strategy is introduced and a mixed variable particle swarm
optimization algorithm(CCPS0) based on competitive coevolution is proposed. The search direction
adjustment mechanism based on tolerance is designed to judge the evolution state of particles,
adaptively adjust the search direction of particles, avoid falling into local optimum, and balance the
convergence and diversity of the population. The learning object generation mechanism is adopted for
each particle to generate new learning objects when particle evolution stagnation is detected to promote
the evolution of particles and improve the diversity of the population. The prediction strategy based on
competitive learning is applied to select the appropriate learning objects for particles, which makes full
use of the learning potential of new and old learning objects and ensures the convergence speed of the
algorithm. Experimental results show that, CCPSO can obtain the better results compared with the other
main mixed variable optimization algorithms.
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Abstract: For the current algorithm, it is difficult to obtain the available solution due to the irregularity of
problem decision space caused by the numerous mixed variable optimization problems during real
industrial applications. The coevolution strategy is introduced and a mixed variable particle swarm
optimization algorithm(CCPSO) based on competitive coevolution is proposed. The search direction
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particles and improve the diversity of the population. The prediction strategy based on competitive

learning is applied to select the appropriate learning objects for particles, which makes full use of the

learning potential of new and old learning objects and ensures the convergence speed of the algorithm.

Experimental results show that, CCPSO can obtain the better results compared with the other main mixed

variable optimization algorithms.
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Fig.2 Particle search to global optimization
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Fig. 4 Example of learning object generation mechanism
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5 if Q7™ >r then

6 BEALIZEEL 2 SR T B A A B R

P P,

7: if f(P)<f(P,) then

8: L « P]+G(o')

9: else

10: L« P]+G(d')

11: end if

12: else

13: L « P!

14: end if

15: end for
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Fig. 5 Example of predictive strategy based on competitive
learning
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TR T B o 2 SR 1R 2 20 6 B 38 4+ 20: end while

HRFIHR N R TEF S, X REWRE B
>0 B E A A AR T bR, A4 HT I 2 SR
FHESENRIBR NS, RZIMR.
1.4 EERRE

CCPSO AR W HIE 4 Fs .

Hyk4 B CCPSOHELE

BN MEER/NN, U8 D4EAE B )
B, FIEERIEARKE L,

CCPSO i FE W B 6 Fis .

‘G#D

HIHR AR HL T R
AL E

VIURACEEARL T A Bt
DU 2 I AN B

WHEHE R T
fth: SRRTKLT P,
1: for MK Ti, 1<i<N, do iJrﬁﬁﬁ\*ﬁQfﬂfﬁJﬁ%M%
2: WILEA X, N 2R X (0] N T BE LA
V; ﬁ\j 0 ]J‘:‘—J% ° Oxist>rand()
3: P«X, L<«X, T,«<0, Whkiri
4: end for *E?ECCLOQ%%%DCLP
5. MHIE LI N AR T S HRGE 7 A5 BB AR R
W\L \\ [=] e ‘”\L 5 v Mz BT “/’"”
RLFAE A R B AR KL T P,y S5 2 B 1% AR AR ——
t<0
6: while ¢<t,, do  //EIEIEIGEHREM : v :
7. for KT 1<i<N do EahFREALE
8: HR A 3 (2) B8 ks 1 4 1) 1 R A R L
Q{idjust E%ﬁ*ﬁ?é%%ﬁtﬁﬁ
9: if Q*"*'>rand() do // TSDM
10: A CCLOG HRmS2E RGBT i 2
SIMRL,
11: HR4E CLP SRBE T 2E I R L,
12: l‘l- «~0
. 6 CCPSO [ f2El
13: end if

Fig. 6 Flowchart of CCPSO
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2024 %4 H

g&ﬁ!

2 AR ST

2.1 SHRE

-+ CCPSOXH T &S A EmHEMAT T, HHEE
T ot 7 R B AR FEE S BRI B HUR R T
TRAE IR 25 F AT, A SGRBU X H S H
FEEE TR b T IR A E . SANEIESHE
BIR 1R,

®1 HESHWE
Table 1  Algorithm parameter settings

HR AR R8O E
GPSO N=20, w=04, ¢,=c,=2, [,=10000

N=20, we[0.4,0.9], c=1.49445,
CLPSO™

m=17, I,,=10000

AEDA"  N=20, NP, =045, g,=05, I,,=10000
SLPSO™ N=20, a=0.5, f=0.01, 7,,=10000
DEmv!'® N=20, F=R=0.2, [ ,=10000
CCPSO N=20, w=04, ¢=2, T=5, 1,,=10000

N AL, 3 AR SR o B AR 0 5 R AR 4
GPSO Sk, MPEARE wlE & 0.4, KT
e P E 2.0, CLPSO I TERLE w M 0.9 2%
PEHL G DR B 0.4, =T c kB N 1.494 45, R
YRR T 20 m kTG 20k AR S BT 2 20 6 &
AEDA By, FH ok S B A A5 Y ) s A0 /> 4 2
I EL NP, ST 0.45, 30T i 43 A SRR B R
MM g BE N 0.5; SLPSO H A R AL E
o TPl MR EEM Y ERER, RN
B/ME LABE T IS DEmv ik, FARERA
SIS RPN T, REREXME. -
BREEA R IR EIR I S RO E ) . AR SR H

S BT U FE R S A B R TR S

Vol. 36 No. 4
Apr. 2024

(K155 CCPSO 1, MR E w RIS R F c ¥ 5
GPSO FVELRFF—5, X T8I AEM T, T
R T L v i b 2 456 HH O A 2 AR T 2
IR, R CLPIS R Z MIH R, AT
TE HE B RN T % 2 2 TR AR Hp 147, AR ST T
JAH THE NS,
2.2 P R H SE TR
2.2.1 AT S

ASCHEHR T CEC2013" e iy 28 AN IR B Hk 16
{E CCPSO Sy 7E fift W IR A28 B A Ak il RN fr 47 2%
PE. tHT CEC2013 H )Mk 2 R & i e b &,
N T KA FIRE R R A AR B B A, X
SR R B RN T L T AR AT B AR
MRRBR A b7 a0 75 B U & o 0t L) A —
ANERZ R, R XA][U, L] 5 SR A R % R X [A]
(U, LI (RFEAR TR, B s ) nl g g e A R
DX [EJ[U, L] P 3, A JRdmele e 5 0 4k

I F2 Ja 1 28 AN DK ok B 1) 44 FROFHRE AR 3% 2
Bz, 5 I oR 2548 2% X TR [~ 100, 100].

N T ARIE S S 45 R A A S v,
SR S A — AR R B BT 30 Ik, sK

4,__‘

B0 25 R IR I8 AT 30 IR R I3 . BBV F
BER/NN 20, MKk B 4EFE D v 50, o,
F0F5 25 ER SR B 25 4E B HUE & . A
B RIEARIRELL N 10 000, BRI H bR s EOE
UHA1200 000
222 EWEREST

SIS BB Ge v 45 R 3 Fios

F#2  CEC2013 ik ek %L
Table 2 Test function of CEC2013

PR AT I BRI 44 TR AL
fl Sphere Function -1400

2 Rotated High Conditioned Elliptic Function -1300

FRIGE f3 Rotated Bent Cigar Function -1200
4 Rotated Discus Function -1100

f5 Different Powers Function -1 000
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PR R I PR A% B AL
fo Rotated Rosenbrocks Function -900
7 Rotated Schaffers f7 Function -800
8 Rotated Ackleys Function -700
9 Rotated Weierstrass Function -600
f10 Rotated Griewanks Function =500
f11 Rastrigins Function -400
f12 Rotated Rastrigins Function -300
Z % f13 Non-Continuous Rotated Rastrigins Function =200
f14 Schwefel’s Function -100
f15 Rotated Schwefel’s Function 100
f16 Rotated Katsuura Function 200
f17 Lunacek-Bi-Rastrigin Function 300
f18 Rotated Lunacek Bi-Rastrigin Function 400
f19 Expanded Griewanks plus Rosenbrocks Function 500
20 Expanded Scaffers f6 Function 600
21 Composition Function 1 (n=5, Rotated) 700
22 Composition Function 2 (n=3, Unrotated) 800
23 Composition Function 3 (n=3, Rotated) 900
o 24 Composition Function 4 (n=3, Rotated) 1 000
a 25 Composition Function 5 (n=3, Rotated) 1100
26 Composition Function 6 (n=5, Rotated) 1200
27 Composition Function 7 (n=5, Rotated) 1300
28 Composition Function 8 (n=5, Rotated) 1400
R3 LRBAAGSS
Table 3 Experimental results of numerical statistics
iR CSIC GPSO CLPSO AEDA SLPSO DEmv CCPSO
o WELMME 1.87E+01 2.57E-01 3.89E-02 3.60E+02 4.31E+03 2.36E-07
WET % 11SE+02 2.42E+00 9.83E-01 1.44E+03 3.62E+03 2.16E-06
o WZEMME  6.25E+06 5.78E+06 8.60E+07 2.18E+07 1.64E+08 5.38E+06
WEIT#E  1.5TEH07 1.O6E+07 2.99E+08 4.30E+07 1.34E+08 6.61E+06
o 5 WZEMME  1.25E+09 1.16E+08 6.33E+08 1.20E+10 7.34E+10 3.26E+08
WETT#E 6.69E+09 6.46E+08 2.36E+09 2.23E+10 7.92E+10 6.04E+08
° WZEHME  1.12E+03 6.13E+03 4.80E+04 4.41E+04 9.18E+04 3.86E+03
WHETTHE 4.26E+03 7.02E+03 3.08E+04 4.81E+04 4.71E+04 1.37E+03
s WZEHME  1.35E+01 1.10E+00 3.69E-01 2.10E+02 7.43E+02 3.68E-06
WET T 1.28E+02 7.74E+00 2.33E+00 7.73E+02 4.51E+02 1.98E-05
" WEHME  1.29E+02 1.09E+02 2.10E+02 2.56E+02 6.73E+02 7.31E+01
S WEITE 4.10E+02 1.67E+02 2.12E+02 2.81E+02 4.59E+02 1.07E+02
. WEBAE  5.69E+01 2.47E+01 2.55E+01 6.92E+01 1.88E+02 4.32E+01
IRZEJ 72 8.91E+01 4.97E+01 3.21E+01 7.38E+01 1.18E+02 3.08E+01
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AR L GPSO CLPSO AEDA SLPSO DEmv CCPSO

WEBME 2.11E+01 2.11E+01 2.13E+01 2.11E+01 2.13E+01 2.11E+01

& WEIZE 2.22E-01 2.39E-01 1.71E-01 3.28E-01 2.47E-01 1.62E-01

o WZEME 4.30E+01 2.08E+01 6.40E+01 3.54E+01 6.58E+01 3.27E+01

WENE  4.67E+01 2.73E+01 1.11E+02 2.43E+01 9.55E+00 3.11E+01

10 WZEBIME 3.20E+01 4.65E+00 2.77E+01 2.18E+02 1.46E+03 2.75E+00

WETTZE 1.37E+02 1.92E+01 7.31E+01 3.53E+02 8.86E+02 1.24E+00

- wZEBME  8.50E+01 4.90E+01 1.57E+02 1.38E+02 3.82E+02 4.40E+01

WEHZE  1.09E+02 1.12E+02 1.11E+02 1.34E+02 1.15E+02 3.64E+01

o WEMME 2.16E+02 2.64E+02 5.70E+02 2.05E+02 6.23E+02 1.66E+02

WZEFRE  2.1TE+02 2.87E+02 1.01E+02 1.94E+02 1.49E+02 1.60E+02

3 IRZEBME 2.95E+02 3.37E+02 3.71E+02 3.22E+02 6.34E+02 3.12E+02

WETTZE 3.31E+02 2.37E+02 7.72E+01 2.71E+02 1.61E+02 1.04E+02

- 4 WM 2.41E+03 4.54E+03 6.47E+03 4 .43E+03 6.24E+03 1.27E+03

WETZE  4.14E+03 1.20E+04 1.68E+03 5.02E+03 1.44E+03 1.28E+03

s WZEEE 8.59E+03 1.31E+04 1.36E+04 7.02E+03 1.31E+04 6.97E+03

WZET A 8.30E+03 3.68E+03 2.04E+03 4.58E+03 1.94E+03 3.55E+03

f6 REBIME 3.27E+00 3.51E+00 3.73E+00 1.50E+00 3.75E+00 3.15E+00

WEJTE 2.24E+00 1.38E+00 1.27E+00 2.95E+00 2.08E+00 1.03E+00

o1 WEMME 1.19E+02 9.64E+01 1.69E+02 2.17E+02 6.28E+02 4.72E+01

WZEHZE  1.81E+02 2.55E+02 7.76E+01 3.18E+02 2.23E+02 2.70E+01

s RZEBME  1.07E+02 4.86E+01 1.76E+02 2.16E+02 6.40E+02 4.65E+01

WEHZE  1.62E+02 1.88E+02 3.62E+02 2.93E+02 1.91E+02 3.65E+01

o WZEMME 1L.21E+01 2.11E+01 1.62E+01 6.14E+01 3.71E+01 7.42E+00

WZETZ 3.98E+01 1.75E+01 1.15E+01 1.90E+02 6.69E+02 2.93E+00

IRZEBIMH 1.96E+01 2.04E+01 2.16E+01 1.87E+01 2.18E+01 1.85E+01

20 WZEHE  5.31E+00 2.46E+00 1.32E+00 4.52E+00 1.22E+00 4.54E+00

ol REBME  2.01E+02 2.00E+02 2.01E+02 2.37E+02 4.78E+02 2.00E+02

WEFZE  111E+01 3.36E-01 1.71E-01 1.02E+02 1.84E+02 6.64E-09

o WM 2.56E+03 5.31E+03 6.61E+03 4.72E+03 6.39E+03 1.42E+03

WZEHZE 2.95E+03 1.14E+04 1.68E+03 4.39E+03 1.43E+03 1.70E+03

03 IRZEBME 1.29E+04 1.54E+04 1.64E+04 1.21E+04 1.62E+04 1.20E+04

WENZ  5.56E+03 2.70E+03 9.06E+02 3.43E+03 1.50E+03 4.90E+03

o4 WZEYE  1.05E+03 1.19E+03 1.43E+03 9.93E+02 1.74E+03 9.14E+02

o WL 4.93E+02 7.32E+02 2.96E+02 4.93E+02 2.75E+02 3.94E+02

IRZEBIME 4.72E+02 5.00E+02 5.36E+02 4.65E+02 6.14E+02 4.47E+02

23 WZETE  8.24E+01 1.24E+02 6.83E+01 1.15E+02 5.44E+01 7.89E+01

o6 WZEWE  1.20E+03 7.94E+02 7.70E+02 1.65E+03 2.05E+03 1.05E+03

W% 1.15B+03 8.89E+02 8.39E+02 1.60E+03 2.33E+03 5.63E+02

o7 WREWME 5.35E+03 4.91E+03 5.08E+03 5.49E+03 5.34E+03 5.01E+03

WZENE  8.66E+02 5.59E+02 5.83E+02 7.93E+02 2.19E+02 3.04E+02

o8 WZEE 8.56E+03 9.94E+03 1.15E+04 7.68E+03 1.05E+04 7.56E+03

WENZE  4.27E+03 7.47E+03 1.18E+03 3.56E+03 1.45E+03 2.97E+03
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200, 1 o 1
175+ sl — CLPSO
4 —5%
2125 2 .
1= 100f = 3t — CCPS0
o 75f ™ Al
50t
25} T \xﬂ
ol x103 0 _ : x10°
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PRV L RRECTAL TR
(e)f14 (f)f18
K17  CCPSO Hi s ih 2k
Fig. 7 Convergence curve of CCPSO
F4  RMEKT L SLIR £
Table 4 Experimental results of strategy comparison
PRI PRI % CCPSO-CLP CCPSO-CCLOG CCPSO
fl wELE 8.19E+01 1.04E+02 2.36E-07
WRIETT 7 1.04E+03 1.14E+03 2.16E-06
2 RZEYIE 7.28E+06 1.22E+08 5.38E+06
W7 2.22E+07 3.84E+08 6.61E+06
i f3 PR 1.06E+09 2.61E+10 3.26E+08
WRIETT % 6.80E+09 4.39E+10 6.04E+08
f4 RZEE 2.65E+04 3.32E+04 3.86E+03
R T FE 2.56E+04 1.51E+04 1.37E+03
f5 PRI 1.63E+01 1.81E+01 3.68E-06
WRIETT % 1.31E+02 1.18E+02 1.98E-05
f6 iR = H 2.34E+02 3.01E+02 7.31E+01
R T 7 3.84E+02 5.74E+02 1.07E+02
£7 wELE 2.97E+01 1.11E+02 4.32E+01
WRIETT % 8.70E+01 6.27E+01 3.08E+01
f8 RZEBIE 2.12E+01 2.12E+01 2.11E+01
R JT 7 2.44E-01 1.82E-01 1.62E-01
Y wEBE 4.07E+01 5.62E+01 3.27E+01
Ll WRIETT % 421E+01 2.31E+01 3.11E+01
10 iR 2= H 5.20E+01 2.35E+02 2.75E+00
R TTFE 2.68E+02 1.22E+03 1.24E+00
fl1 WA 1.56E+02 2.24E+02 4.40E+01
WETTE 2.22E+02 4.58E+02 3.64E+01
12 RZEYA 3.25E+02 5.09E+02 1.66E+02
R 5.04E+02 2.14E+02 1.60E+02
f13 PR E 3.99E+02 5.28E+02 3.12E+02
WR2ETT % 1.13E+02 9.92E+01 1.04E+02
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PRACREY BRI 3 CCPSO-CLP CCPSO-CCLOG CCPSO

f14 2 AE 3.99E+03 9.68E+03 1.27E+03

R AETT % 4.44E+03 1.59E+04 1.28E+03

f15 R 1.27E+04 1.31E+04 6.97E+03

R TT % 3.40E+03 2.03E+03 3.55E+03

f16 WZEEYMA 3.49E+00 3.63E+00 3.15E+00

W% 2.27E+00 2.04E+00 1.03E+00

Z g f17 R 2.04E+02 3.44E+02 4.72E+01

BRI 4.70E+02 7.52E+02 2.70E+01

f18 REMA 2.45E+02 3.23E+02 4.65E+01

R ETT % 6.17E+02 8.31E+02 3.65E+01

f19 wEHME 1.57E+01 7.46E+01 7.42E+00

W TT % 3.04E+01 6.62E+02 2.93E+00

20 U AL 2.07E+01 2.09E+01 1.85E+01

W 1.79E+00 1.44E+00 4.54E+00

21 PR E 2.06E+02 2.04E+02 2.00E+02

I 7 6.15E+01 5.79E+01 6.64E-09

22 2 AE 4.07E+03 8.68E+03 1.42E+03

WRIETT % 4.51E+03 1.57E+04 1.70E+03

23 wZEEPHE 1.57E+04 1.59E+04 1.20E+04

WRZETT % 2.40E+03 9.87E+02 4.90E+03

24 wZEEYIA 1.45E+03 1.56E+03 9.14E+02

g2& W2 3.55B+02 2.27E+02 3.94E+02

25 WEYMAE 5.33E+02 5.66E+02 4.47E+02

R 7 5.40E+01 6.21E+01 7.89E+01

26 iR Z=H 1.57E+03 1.91E+03 1.05E+03

WRIETT % 1.99E+03 2.91E+03 5.63E+02

27 wZEPE 5.31E+03 5.64E+03 5.01E+03

WRZETT % 7.39E+02 8.60E+02 3.04E+02

28 2L 1.08E+04 1.14E+04 7.56E+03

W% 3.86E+03 1.22E+03 2.97E+03

MEATLLEH, HAKA CCLOGECLPHL =Mk i) i sLit .

#l, SFIERPERES A IR M. XU CCLOG
P A B T PB4 (52 20 5, CLP AL AT
UM B 22 3306 R AT FE) 27 S0 e e 3% T8 47 #Y)
BEATEE 2

2.3 SEFRREISLR

CCPSO 7E N T e 50 bR ILESUE T AL
FEH PP R SRS A R N TP R
CCPSO [ 375, W8T HSLg s iR &4

2.3.1 IR B iH)

02 e w8 % ¥ it 1 8 (coil spring design
problem, CSD) {5 7£ 5 11 Hi G818 7K 5248 [n] 247 1) [
ZERE, R4k B bR R/ MEHE T R B &
JB 22 FE. CSD A& 3 MRRAL & NFRR
O AR R, DRRNPE HA N ESLAR
&, dRRFEEANEERE, AlIEEN0.009,
0.009 5. 0.010 4. 0.011 8. 0.012 8. 0.013 2.
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0.014, 0.015. 0.016 2. 0.017 3. 0.018. 0.02.
0.023. 0.025. 0.028. 0.032. 0.035. 0.041.
0.047. 0.054. 0.063. 0.072. 0.08. 0.092.
0.105. 0.12. 0.135. 0.148. 0.162. 0.177.
0.192. 0.207. 0225. 0244, 0.263. 0.283.
0.307. 0.331. 0.362. 0.394. 0.4375. 0.5,

CSD I @ () H 5 B BN 2 5 2% A«

2 2
min fV..d)= ELL0+2)
8C,F, D
D= —5<0
&1 nd?
g2: lf_lmaxso
gy d,—d<0

g4: D_Dmaxso
gt 3.0-D/d<0

8¢t O, = Oy S 0

2y 0y +(F o~ F, YK+ 1.05(N+2)d—1,<0
85t O-W_(Fmax_Fp)/K<0
D
471 006154
Ci= +
42 _4 b
d
. Gd*
8ND?
o =F_ /K

[;=F,,/K+1.05N+2)d
2.3.2 WA RGN
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Table 5 Numerical results of CSD obtained by each
algorithm
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AEDA  2.62852 1135750 4.68663 1.0079E+01
DEmv  2.65855 280016 2.67312 2.3224E-01
SLPSO  2.65855 3.48727 332153 1.8156E+01
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