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Dynamic multi-population particle swarm optimization algorithm with
recombined learning and hybrid mutation

TANG Ke-xin', LIANG Xiao-lei*, ZHOU Wen—fengl, MA Qian-hui*, ZHANG Yu*!

(1. School of Automobile and Traffic Engineering, Wuhan University of Science and Technology, Wuhan 430065,
China; 2. School of Logistics Engineering, Wuhan University of Technology, Wuhan 430063, China)

Abstract: To solve the contradiction between population diversity and convergence in particle swarm optimization, an
improved particle swarm optimization algorithm, called dynamic multi-population particle swarm optimization with
recombined learning and hybrid mutation, is proposed. In the proposed algorithm, a population is divided dynamically
and a new particle is reconstructed as a guiding factor. It retains the spatial information of the excellent particles while
increasing population diversity. During the execution of the algorithm, a hybrid mutation strategy is applied to adjust the
optimal solution. The opposition-based learning and neighborhood-disturbance operations are implemented based on a
time-varying probability, which help the particles jump out of the local dilemma quickly, and strengthen good searching
in the nearby areas. The effectiveness and superposition effects of several proposed improvement operations compared
with several improved particle swarm algorithms based on a set of 14 multi-type benchmark functions are verified. In
order to further explore the sensitivity of probability-based hybrid mutation strategy, a large number of simulation
experiments are carried out to analyze the mutation mode and parameter settings. The results show that the disturbed
extreme strategy has significant advantages. Controlling the learning intensity reasonably can make the opposition-based
learning show better performances, furthermore, a suggested value range is given. Finally, experimental results show
that the proposed algorithm can get a better balance between the exploitation and exploration for the swarm searching
and improve the solution accuracy and convergence performance.
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KA SRR Wk Bk H U AT R (R R A
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Al E SN
v} = k(da +db) — ;. (1D
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4 Ry B I S 0 RF 1, K H Gbest R 4 52 5 B 1 )
AT T, AT NHARRE 485 17 (148 R A B 0
COLBEME” . BIR,AE I S RS R R, IR AR K
FRZ) A T 7 AT RE, DR, %k R B =X 07 v AR
1E [da, db] H (I BENLEL:
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2) SR AT I8 2] A8 S
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mutation, GM), K FH T =X Gbest #EAT7HL50:
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Gbest, = N(Gbest!,, §). (15)
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6 4 A He:

§ = 105~ (C1=¢2)t/T

(13)

(16)
Hr ¢y G RBHIERTBNE R 1) A2 S 4, X B o
HC—1 A1 —3, 37 6 B SRE B A RE A 10~ 93k
F 1073, 7R R 6 BRI, P 5l 5k i A6 15 4% =) o
AR AE B 38 R R AR A T 48 2R 2 21, IR HL AR AL 1
B R 22 IR AR FEAT 51 T WU 6, RE 45
AT AR LA F Bk AR X 8, PRI SR R
B WS SR
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update dim according to eq.(17);

for d = 1: length (dim)
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generate the opposite Gbest by eq.(11);
if Gbesty < min(Gbest) or Gbesty >
max(Gbest) then
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again;
end
else
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end
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end
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T IR PR e, AR SR SR AR 1 14
AN I B s ¥4 benchmark 24 2R £, 2 HE O J& 12 43y
WERREL (f1 ~ fo)s ZUEREL(f3 ~ fo)s T PR
BRI (fro ~ fuo) RS e AR 0 () 22 W BRI B (fro ~
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]
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PR Ew = 0.8 x eT05x/T): 5 K KAT I B Viax
NAATI1/10; % H Fep = 1,c0 = 1.2,¢c3 =
0.3 (bPSO. DMPSO. PSOH. DMPSOH H¢c3 = 0);
OR =0.2. HPSO-TS #1 CLPSO )% ¥ % B 5 J& SC ik
FHTE]. Seg 25 5 W3 2, e A A8 H R AR S, o fe 18

G4y 3 PRI 4 A B, IR S i B AR i AR, A SIS AT I A L 4,
T2 BEEAMERREAUMN L8

funcs. bPSO DMPSO PSOR PSOH DMPSOR  DMPSOH PSORH DMPSORH  HPSO-TS CLPSO
f1 4.25e+02  3.13e+02 8.72e-06 1.61e-106 1.28e-11 1.25e-106  5.50e-107 4.16e-115 0.00e+00 7.60e-10
f2 2.80e+03  2.47e+03  8.73e+00 5.37e-05 9.47e-02 3.63e-05 4.96e-06 2.14e-07 0.00e+00  2.78e+03
f3 4.91e+01 5.37e+01 2.44e+01 6.76e+00 2.03e+01 1.23e-01 1.48e+01 6.09¢-03 2.89e+01 2.27e+01
fa 4.60e+00  5.50e+00  4.17e-02 0.00e+00 4.43e-02 0.00e+00 0.00e+00 0.00e+00 0.00e+00 2.82e-07
fs 7.12e+00  7.41e+00  5.49e+00 2.13e-14 5.66e+00 2.13e-14 2.13e-14 1.42e-14 0.00e+00 1.50e-05
fe 6.71e+01 6.29e+00  2.04e+01 0.00e+00 2.34e+01 0.00e+00 0.00e+00 0.00e+00 0.00e+00 1.90e-04
f7 6.73e+03  6.51e+03  6.44e+03 3.82¢-04 6.60e+03 3.82e-04 3.82¢-04 3.82¢-04 8.42e+03 3.83e-04
fs 1.52e+01 1.55e+01 1.29e+01 0.00e+00 1.33e+01 0.00e+00 0.00e+00 0.00e+00 0.00e+00 1.79¢-04
fo 7.66e+01 5.60e+01 3.60e+01 0.00e+00 3.30e+01 0.00e+00 0.00e+00 0.00e+00 0.00e+00 3.50e-02
f1o0 2.40e+03 1.87e+03 1.16e+03 7.97e-10 5.38e+02 6.22e-10 1.05¢-10 2.43e-11 9.18e+04 1.00e-09
f11 1.11e+08  3.39e+07  4.29e+07 2.47e+02 1.39e+06 1.33e+02 2.17e+01 8.59¢-01 1.58e+11 5.71e+01
f12 2.28e+02  2.04e+02  8.82e+01 2.73e+01 8.55e+01 2.07e+01 2.22e+01 1.41e+01 2.51e+04  5.03e+01
f13 4.60e+02  4.03e+02  1.31e+02 7.51e-02 1.08e+02 8.38e-02 8.25e-02 4.68e-02 1.51e+04 1.97e+01
f1a 5.46e+03  5.28e+03  4.30e+03 4.83e+03 3.98e+03 4.32e+03 4.04e+03 4.00e+03 1.11e+04  5.61e+03
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fibTH S5 R TEAR.

ZE L FTIR, AR SCHRE H A 3 Fh S A A BARAE
I EF Rl e 0 (3 S v 1 R B B T, AT EX
REHENITT R

41, HPSO-TS H3Z: (4T I 8] 55 K, bPSO 1)
i A] 5 46, FE & PSOR. CLPSO. % bRl 4 Fft 595
AT RLR I, 1) ol B AR S it AR S 2 T SRV I TR) R
A B B K, T Rl N E R R 1) SR B T A AT I )
S 5 /. DMPSORH BR T 1E fio~  fu1 LRI [E] B

PSOH. DMPSOH A1 PSORH /b 2 4, HeAth il 328 I} [
PILLRT 7 N E K. B2 A R s & — 2 iR
- e by 7. U 0 I T (51 6 A =S
&, DMPSORH J 75 i [A] - 4R Ak T 5 34
23 BEAEMEZREBREMNER S

T X EE IR (4 2R 1 R, AR SO BUAN [ &
7 20915 Hopth Py M e R SRR AT X B s 5. RS
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Horr: o R IEARIREL, y i LA E0E R AR A IS
IS A AE SR ST 38 AT Hh A R AR

M5 W] LLE Y, 5 U S5 25 AL, 6 P
R HEAL % H A 2 5. DMPSORH A1 PSORH 11
SKURE B AE KB 75 ok B B # B 2 AL T bPSO. - PSOR
F1CLPSO. 7EA %L fiv fan f5~ fs ., DMPSORH 5
PSORH (IS 28 2 AR B 45, 1 16 7E X IX 54N B 4L
BHATAR AL, M-P SR BE 2 3= FAEF. B S(b). () A
(1) ~ (n) A AT DL A B 5 5 W 1) ST 8 SR 3 2 A
BINALE WIBCREE. A, XTI B 2488 (f10 ~
J14), DMPSORH 5.1 ) 1 Ak 35 3% 30 5 4, WL SIOKS
JE R R B ELAG 3, T HPSO-TS 26 BILME X #% 22, 3
R FE AR FF 532 bPSO.

24 M-PREESSHERMEST

HH 3R S 56 45 SN 43 A7 ] %0, M-P SRS G 42 T
EVERRE BB N T — PRI M-P SRR AR
77 R, B A B i AE H 30 3 B () DMPSORH
(DMPSORH-Null) 1 £E i GM % i 1€ % DE 5 0% 1)
DMPSORH (DMPSORH-GM) {E Jy % Hb 5.9%. B4 R
Hi%k AR KA 3000, 3732 4T 30 IR, S0 H I B
V81T 30 YR B % Th 3R (success rate, SR), B[l L= i &
fifg ik B 521 R R R E 12 AT S B B AL [
W45 1 5925 P A S SR R D B ) A B (median
number of successful mutation, MNSM), 525 & J5 i
Gbest BEAR, 12 W1 A% e SRR Dl R 345 th | SEie &5
R, H A “median” AR A7 1H.

*3 TRZEFRHARRSE

DMPSORH-Null DMPSORH-GM DMPSORH
funs.
median SR/ % MNSM median SR/ % MNSM median SR/ % MNSM
fi 2.98e-113 100 2.53e+03 3.08e-113 100 2.52e+03 4.16e-115 100 2.53e+03
fa 5.53e-07 100 2.83e+03 4.83e-07 100 2.84e+03 2.14e-07 100 2.88e+03
f3 8.51e-03 90 2.82e+03 8.42e+00 0 2.88e+03 6.09e-03 100 2.82e+03
fa 0.00e+00 57 2.00e+02 0.00e+00 53 2.40e+02 0.00e+00 77 2.00e+02
Is 2.13e-14 100 2.88e+02 1.60e-14 100 2.72e+02 1.42e-14 100 2.89e+02
fe 0.00e+00 100 1.80e+02 0.00e+00 100 1.68e+02 0.00e+00 100 1.86e+02
fz 3.82e-04 87 2.70e+02 1.51e+03 0 6.00e+00 3.82e-04 93 2.80e+02
fs 0.00e+00 87 2.75e+02 0.00e+00 80 2.35e+02 0.00e+00 90 2.91e+02
fo 0.00e+00 100 2.51e+02 3.62e-06 10 7.56e+02 0.00e+00 100 2.68e+02
f1o 1.00e-07 0 2.85e+03 2.27e-13 97 4.06e+02 2.43e-11 100 1.30e+03
f11 8.11e+01 0 2.83e+03 4.89e+00 77 2.87e+03 8.59e-01 90 2.89e+03
fi2 5.86e+01 50 2.83e+03 1.72e+01 87 9.93e+02 1.41e+01 93 2.90e+03
fis 7.61e-01 37 2.84e+03 5.78e-02 100 6.32e+02 4.68e-02 100 2.77e+03
f1a 4.05e+03 90 1.89e+03 4.22e+03 90 1.81e+03 4.00e+03 90 2.13e+03
M3 BT B R AT A M-P SR % o i) P A A2 57 7 2P OR 9 % 4 bk

1) B& f10 7N, DMPSORH 7E K #5431l i b6 $ 1 45
b DMPSORH-Null. DMPSORH-GM 45 B 5 4L, I
H B SR R  Dh Ze 2 B . Wb Ah, E SR ARRS BEAH 24 |
IR FITEDT (fon f5~ fo~ f14), DMPSORH [
MNSM 75 T~ FHoAth J #5532, 1 BH fil\ DEE SR (1) 5
ET AR

2) 44 GE 5515 1) DMPSORH-GM H 14 78 iR 4
fs~ f7 LW & 2 F DMPSORH-Null #l DMPSORH. {H
TE f3 B 7 H T e A 46 DA R f B e A8 46, BRI frq
fia~ fi3 ., DMPSORH-GM [ 4% 5.4 T DMPSORH-
Null, % 2 T DMPSORH. 1X 3% B GE 5 I 7 48 22 =[]
TR 2 5 et B — @ rIFURAE T, {5 /& DE 1 4%
FET A, SRR e T T .

. N T I OR Xt DMPSORH #72: P it (1 5% 1, 4
YRSB4 0.1 1F 9 18 %, OR HRL[0.1, 0.9] 22 8] fr) £ 18,
S ORI AT BB B 9 3000. H T fy (Sphere).
f1 (Griewank). fq (Rastrigin). fs (Weierstrass) 1 fq
(Nocon_ Rastrigin) 7E Il FH &Y SRR T A/ ME, S5
HECT = 200 898 #EAT EERL. AN Bk 20l
IBAT 30K, i A fE. SEIGZE R MR AFIRS.

RAMEIAERRY, iy fas for fs 1 foZ OR
1R 5 MR G AEOK. Bl A SBCLEL R 19, 565 200 AR RIS SIOKS
JEEAE BB ek /s HAT 5 B 1K Bl AH 2, X 5 AN I
BRI AL T 38 d R ARHIUN 7wl AL S BB /M, 56
B E AH [F] R AR HEFE Hh, OR I BB 2 52 A SV L 1)
WSk
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F< 4 ORBUERMMIASLLE (T = 200)
OR
funs.

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
f1 1.93e-07 3.95e-10 2.74e-11 1.49-11 1.38e-12 1.22e-12 1.52e-13 1.65e-13 1.22e-13
fa 9.34e-07 3.80e-09 1.18e-09 1.30e-12 3.99¢-13 4.34e-12 3.62e-12 1.97e-12 8.82e-13
fe 9.99¢-01 5.37e-06 1.13e-07 2.18e-09 1.94e-11 5.58e-12 2.46e-12 8.25e-13 8.97e-14
fs 5.26e-02 6.70e-03 1.53e-03 9.59¢-04 6.45e-04 4.17e-04 2.27e-04 2.61e-04 1.81e-04
fo 1.42e+01 1.48e+01 1.62e+01 1.12e-07 3.91e-09 8.91e-10 6.37e-12 8.84e-13 2.79e-13

&5 ORHREMMIKXLI (T = 3000)
OR
funs.

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
fo 3.26e-07 2.14e-07 7.05e-07 7.12e-07 1.28e-06 2.03e-06 3.21e-06 1.31e-05 5.13e-05
f3 4.41e-03 6.09e-03 1.47e-02 3.11e-02 5.32e-02 7.44e-01 3.24e+00 6.51e+00 8.86e+00
fs 2.13e-14 1.42¢e-14 1.42e-14 1.24e-14 1.24e-14 1.42¢e-14 1.42¢e-14 7.11e-15 7.11e-15
fr 3.82e-04 3.82e-04 3.82e-04 3.82e-04 3.82e-04 3.82e-04 3.82e-04 3.82e-04 3.82e-04
f10 2.24e-11 2.43e-11 3.33e-11 1.98e-11 3.10e-11 4.05e-11 5.80e-11 9.99e-11 1.66e-10
f11 8.00e-01 8.59%¢-01 1.18e+00 4.82e+00 1.49e+01 2.24e+01 1.98e+01 2.68e+01 2.42e+01
f12 1.49e+01 1.41e+01 1.50e+01 1.53e+01 1.54e+01 1.60e+01 1.66e+01 2.24e+01 1.61e+01
fis 5.79e-02 4.68e-02 3.69¢e-02 5.54e-02 6.89¢e-02 6.16e-02 6.41e-02 7.63e-02 9.48e-02
f14 4.30e+03 4.00e+03 4.03e+03 3.94e+03 4.07e+03 4.24e+03 4.43e+03 4.44e+03 4.19¢ +03

M5 IR 25 S AT DL I, AR W SR /ME 1
9™ bR 5O OR P BHUER 1 L AIK, Y0 B e B — A AE O ~ 3
MNEEIABRR T f5 B AE B OR HUE 3 Ini A2 4K LA
A, FoAth B AT I FEARAAR (fr+ fia~ fiz~ fia) B
B (fan f3~ fro~ fr1) WS, BHIEAT L, OR 3
BN IR L8 bR B R AN K, EE — e AR e T
TR SR AR 5 &

FT B3 or LSt OR XA [R] ] i ek % 1)
SRR FE 22 B R 22 e () 4508, RIS 2R 4w 1) ek 2500k
AT O AT DLR 5K 19 OR SRR i Slcise 52, 1 %of
&5 1 R 00 i 1) S /IN Y OR 48 v BV UL Sk
. AN, 2 18 B B () P AT B A 1 IR LR A ST
B, A S04 OR I IUE G £ [0.2,0.4] 2 8], A
T o B B SR R RE 7. IR A, 3R 3 B 45 R
TN XTRREL f1 ~ fo LALE, OBL R It 45 5 i {1 2 A
FH, 76 M-P S B& b 4 25 22 A7 (HZ, AN OR 50U
PRI AT DA A0 FH 12 SRS S 1T 2 AR 40
BRI AT SR MRS 2. P A, 7870 K 3% OBL SR I 7 225 74
s i) 2 > iR RE DL SR FH i B
3 4 #

A SCAE Rl R B 20 2 5] R SR PR VR A AR 5 5R
W& LA b SR T — R Bhas 2 ML . R
AR 5] 5 B FE TR T 0], IF S R AR R
TR AT — R VEXRT L2, 76 DR FF T PP BE RS 2
ST R 25 R8T BRI 22 K MR AU S s B vk

K F M-P 08 X 4 Jmy S AR AT B YL AR 5, 97 K A4
5 2RV T 10 [ P g 5 1 SBIRER ZR BE 7, AT LI b
R BERBIT RS Bh AR RE ) 2 A P Sk 2
T AT VR & SOt it B AT — E M E ELAME
11, DMPSORH f# 1 RELE & I 45 SR 2 I bE i ade s b
BRI, BB B I, AR SCEVE Tk
e 2 078 R UL RE IS R HIE AR —E AL,
UL THT [ 22 W6 R 50010 A i) R0 A A 0 ) 2515 S5 ) 4
SR HEA T — BRI J5 2 TAE R4S
B EIER T A= R i e AN 2 H bR LAk 1)
BEAT AT 5T
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