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Perturbation particle swarm optimization algorithm based on
local far-neighbor differential enhancement

WANG Yonggui, HU Caiyun~, LI Xin
(School of Software, Liaoning Technical University, Huludao Liaoning 125105, China)

Abstract: To solve the problems that Particle Swarm Optimization ( PSO) algorithm is easy to fall into the local extremum
due to the lack of interaction between individuals in the search process, the diversity of the population is gradually lost, a
Perturbation Particle Swarm Optimization algorithm based on Local Far-neighbor Differential Enhancement ( LFDE-PPSO) was
proposed. Firstly, in order to enlarge the population search space, the disturbance factor was introduced to make inertia weight
and learning factor fluctuate within a small range. Secondly, the reconstruction probability was introduced, and the population
with low fitness value was selected to reconstruct intermediate population. Finally, in order to increase the population
diversity, the excellent individuals of poor individuals were retained, the irrelevant and far-neighbor individuals were
introduced. The far-neighbors with large differences from differential individual genes were used for differential enhancement.
The experimental results show that the proposed algorithm can preserve individuals with high fitness in the intermediate
population, effectively increase the population diversity, make the population have strong ability to jump out of local
extremum, speed up the particle approximation to the global aptimum, and have the advantages of fast convergence and high
precision.
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Tab. 1 Basic PSO algorithm parameter description
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Tab. 2 Information of test functions
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Tab. 3 Diversity and rate comparison of three algorithm
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Tab. 4 Performance comparison of single-peak function algorithm
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Tab. 5 Performance comparison of multi-peak function algorithm

EE TRHEN SPSO CPSO SRPSO CSPSO  LFDE-PPSO
SuccR  2.80E —01 1.00E +00 1.00E +00 1.00E +00 1.00E +00

MeanBst  4.17E -01 3.62E —03 7.89E —06 3.76E — 15 5.30E -02

% FinalBst 2. 14E —01 4.05E -06 2.32E —07 2.58E - 15 0.00E +00
MeanT/s 1.24F +01 9.80E +00 1.87E +00 5.93E +00 7.03E +00

SuccR  4.18E —01 1.00E +00 1.00E +00 1.00E +00 1.00E +00

MeanBst  2.65E +02 1.37E +02 6.89E +00 2.48E +00 4. 68E - 01

£ FinalBst  1.48E +02 0.00E +00 0.00E +00 0. 00E +00 0. 00E +00
MeanT/s  8.94F +00 8.43E +00 9.92E +00 7.52E +00 4. 62E +00

SuceR  3.70E —01 1.00E +00 1.00E +00 1.00E +00 1.00E +00

MeanBst  3.85E +00 9.77E —02 6.78E —03 0.00E +00 0. 00E +00

55 FinalBst  1.52E +00 0.00E +00 3.67E —11 0.00E +00 0. 00E +00
MeanT/s 2.34E +01 1.02E +01 9.58E +00 7.63E +00 5.34E +00

SuceR  2.50E —01 9.28E -01 9,03E —01 9.35E —01 1,00E +00

44 MeanBst  1.16E +02 3.10E +01 7.04E +00 5.49E +00 3.41E -0l
B FinalBst  3.04E +01 2.00E -01 2.00E —01 2.00E -01 2.00E - 01
MeanT/s 1.32E +02 2.13E +01 6.35E +00 5.03E +00 4.71E +00

SR s M R A AR E2Z BB I, R R Ak AR
H RSO BE X B A 22 5 UCR

H1 T SPSO B35 JC ¥k 1] J& B LAtk 727 ), B 35
HUR B AT R RN SR, B A R, 5k =
PLBT R 2% 5 CPSO B335 1] FIT 48 e R 3 0 A 4 P A
A S LA R U TR 98 2R 45 R AU AR v B ks 1,
fH CPSO S8 2 AP RERE AR SRR (5 , TR P 20K
WA T i B, DL A e 2 e Lok T BE B
SEREREN 1 S R R SR AR L AR, IR 2 ]
A, MK BEET] 500 KAt ENEHEMREAD
F T, A TR IR, CLPSO B Bkt i 1
BERERLT 25 T SR BEAS % PSO B Rk itk Bl HiX
Sk SRR B RO PLER i TR, e B A 2 ik
EBEOAA R, T B [ RE b BRSO IR AR e B
W) R R At BT R AT SPSO Bk . FIPS BLA
FISRIR A BT B B AT K 16 S 03, 456 A
MR R B, TR s e R0 o RO AL ) R R A
R YR HIRE R M2 R, N R RS
WS A TR AR OB o WATRT 2 T 1) R o BE
HiZR AP AT LU X FELL AL B s 4 R B, LR AE

MR 4.5 o, BRI EERT £ MR AL RUR R N
A, R R Y 2 RO 15 4ERT , RECREPESL AR,
A R R AL, B R BB . SPSO H¥LFE £, L MeanT/s
#& LFDE-PPSO ) 11 £5; g1 - {E ¥ i MeanT/s LL3E AT 50,
LFDE-PPSO 43 %l & CPSO. SRPSO. CSPSO & #: (1) 23.68% .
74.19% .93. 1% , B ¥: W P AT SR B B KB, &
FinalBst |, LFDE-PPSO 7£ -5 {8 # & CPSO B3k 1) 99% , &
4R SRPSO,CSPSO & ¥ 7F FinalBst | 2 8 35 2] o8 0% B 1
W AE , {A 4E MeanBst f) F- 35 [ B 45 & I, 43 3 & SRPSO |

T 2 J B AR A ) £ 14 iR %, SPSO ., CLPSO , FIPS , CPSO %7 12
TR 2 B R, ELRL T — ELRE ARy B A, WU AR X Bk
th, IR AR A5 21 A i) 28 R, LFDE-PPSO AR 4ok 1 1 B 2
1B F & B Ve R 280 1 FE v B R R, SRR 22 A PR
FERFEFCHAME, L& TR SRS, Bk, EERn
T BEA B R BT 2 SR A A, 7 B0 N B2 A 2 G TR R
fift L ERREBUBAR AR . DAL 3 7Y hm o 22 e sk 1) 1 7T LA
B B 754 , LFDE-PPSO 5 SPSO,CLPSO. FIPS ,CPSO B4 H
H A RnR R e et

1000

500

EREE EREE
(a) BE (o) BRE3
10" rgm
o TR ———LFDE-PPSO
£ 10 -—-—-CPSO
#50 ~ #H| T | FIPS
b} CLPSO
0 ——SPSO
0 500 1060 500 1000
RS FERRE
(d) %4 (e) EREL5
A2 BEBESCERE LR
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