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Abstract

Abstract: In this paper, a novel artificial fish swarm particle swarm optimization algorithm (AF-PSO) is
proposed corresponding to the shortcomings of the standard particle swarm algorithm including the fast
convergence speed in the initial stage, the easiness to fall into premature convergence in the late, the
local optimization and the poor ability to global search. This paper firstly introduces the crowding factoro
and the Markov chain, and then adds the artificial fish swarm algorithm to the particle swarm
optimization algorithm. By calculating the crowding factor, the velocity model is updated to switch among
four modes: foraging, clustering, following and random. The simulation results show that the proposed
AF-PSO algorithm has better performance compared with other improved PSO algorithms in synthesis. To
further illustrate the application potential, the AF-PSO algorithm is successfully applied to the clustering
analysis of oil pipeline leakage data. Experiment results demonstrate that the performance of the AF-PSO
based K-means method is better than other clustering algorithms.
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Abstract: In this paper, a novel artificial fish swarm particle swarm optimization algorithm (AF-PSO) is
proposed corresponding to the shortcomings of the standard particle swarm algorithm including the fast
convergence speed in the initial stage, the easiness to fall into premature convergence in the late, the local
optimization and the poor ability to global search. This paper firstly introduces the crowding factor O and
the Markov chain, and then adds the artificial fish swarm algorithm to the particle swarm optimization
algorithm. By calculating the crowding factor, the velocity model is updated to switch among four modes:
foraging, clustering, following and random. The simulation results show that the proposed AF-PSO
algorithm has better performance compared with other improved PSO algorithms in synthesis. To further
illustrate the application potential, the AF-PSO algorithm is successfully applied to the clustering analysis
of oil pipeline leakage data. Experiment results demonstrate that the performance of the AF-PSO based
K-means method is better than other clustering algorithms.
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Tab. 1 Benchmark function configuration

ESE EAS i HEEHE WE RE
Fl1 Sphere 20 [-100 100] 0.01 0
F2 Rosenbrock 200 [-30 30] 100 0
F3 Ackley 20 [-32 32] 0.01 0
F4 Griewank 20 [-600 600] 0.01 0
F5 Penalized 1 20 [-50 501 0.01 0
F6  Schewefel2.21 20 [-100 100] 0.01 0
F7 Step 20 [-100 100] 0.01 0
F8 Penalized 2 20 [-50 50] 0.01 0

Penalized] : f;(x) = %(IOSinz(nx(i) +
i(x(i)—1)2(1+sin2(10nx(1’+1))+
i=1

(x(D) -1+ iu(x(i),10,100,4) (24)

i=1

Penalized2 : f;(x) = io.l(sinzonx(i))) +

i=1
lf(x(i) —1)*(1+sin* Gmx(1+1))) +
i=1
(x(D)—-1)* x (1 +sin* 2mx(D))) +

D

D u(x(i),5,100,4) (27)

i=1
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IR EHER) PSO AR AN I R 38
JEAEATE 2~9 s o PARARACR T 2438 NAE AR 4L
T, B ZIBAR S Jioh, R 2 P T
FR SR R ME S ME S BREZEFI SR LA 2
Ko Hepk ER P AF-PSO SEAERME. B/

R AR UEZEfa bRy TR BLH AL T-HeAl PSO S
Btk BAkHh, AF-PSO SLAII1- 2 iE NAEED,
I IEE, XUEW] T AF-PSO fg 24 R il
it o BEAE, WESRA T UE AL A SRV e S ) o
fakr.

F2 WAL AL

Tab. 2 Test results statistics

BRI 44 R PERETERR PSO-LDIW PSO-TVAC PSO-CK SPSO SDPSO AF-PSO
Minimum 2.45x1072% 8.45x1071%2 0 0 2711077 0
Mean 1.90x107'% 3.50x107%® 0 0 1.08x10°  4.14x107™
S Std,Dev 0 2.47x107 0 0 237x10°  1.11x107"
Ratio/% 100% 100% 100% 100% 100% 100%
Minimum 4.32x107° 1.69x107 1.54x107" 1.89x107 3.39x107"0  8.16x107°
Mean 7.59x10" 1.79x10"! 5.55x10" 9.03x107  3.62x10" 1.28
SAx) Std,Dev 2.46x10™ 4.69x10" 2.15%x10™ 2.73x10™ 1.78x10™ 3.41
Ratio/% 76% 96% 82% 86% 96% 100%
Minimum 4.32x1077 4.15x107% 2.70x107%  6.17x107  2.42x107"  7.40x107"°
Mean 2.57x10" 1.33x10"2 1.33x10" 1.53x10  3.05x10™ 1.28
fx) Std,Dev 3.31x10" 9.43x10" 2.49x10" 9.05x107" 1.20x10" 3.41
Ratio 64% 98% 76% 72% 0% 100%
Minimum 0 0 0 0 1.89x107"° 0
Mean 1.84 3.69x1077 1.83 3.36x107%  3.08x107  2.32x1072
) Std,Dev 1.27x10" 2.93x107? 1.27x10" 3.84x107  2.48x107  2.43x107
Ratio/% 12% 14% 28% 26% 22% 40%
Minimum 2.36x107? 2.36x1072 2361077 236x107%  1.74x107™°  3.56x107'®
Mean 2.36x107 2.43x107 2.61x10™ 1.09x10™ 1.55x107  1.24x107"
Si(x) Std,Dev 2.47x107 4.49%x10733 5.17x10" 2.11x10" 1.09x107°  4.47x107"°
Ratio/% 100% 100% 52% 72% 100% 100%
Minimum 1.55x107" 5.31x107"2 1.25x10%  9.14x10™*  6.81x10°  5.32x10°°
Mean 8.16x107"2 9.96x107° 1.10x107%  1.96x1077  586x107%  1.93x107
Jox) Std,Dev 5.35x107" 2.10x107 3.92x107%  1.06x107°  4.11x107%  1.01x107
Ratio/% 100% 100% 100% 100% 6% 100%
Minimum 0 0 0 0 0 0
Mean 2.00x10"2 0 4.01x10" 0 0 0
F) Std,Dev 1.41x10" 0 1.98x10" 0 0 0
Ratio/% 98% 100% 62% 100% 100% 100%
Minimum 1.35x107*2 1.35x107** 135107 2.50x1072  4.30x1072  2.94x107"
Mean 6.59x107* 1.79x107% 1.50x10™" 6.22x10" 1.15x10%  4.29x107"
S Std,Dev 2.64x107 2.683x1072 6.78x10" 2.27x10"® 4.08x10°  4.87x107"°
Ratio/% 94% 100% 50% 2% 100% 100%
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St MK 2 HRTLUE H AF-PSO S04 L H Al
PSO SIS . B Griewank Hi%4b, AF-PSO
SL ISR S %0 100%. 71575, Griewank pRI%L
HAHER 2 )55/ ME, e DUR I 21 4> ) 5
i, FERSCERAETAL AT TLLER], Praiht
PSO S R BHARAS, 239010 12%, 14%, 28%,
26%, 22%, 36%, 40%. SR, $EHF AF-PSO
AR R A BIE M B ARSI, IXUER T3
VRS T Hol, PSO i, AR SLEE R 8L
TR M an il 2~9 Fio. 1R, AF-PSO $i%M)
WSl A T e ik, b, AF-PSO HikH
A NI T R MAT S5 P RS SHORS BE AR R I A Tl 7L
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TERah o R N A A o

TEA A, EE 2T A . mT e
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BRI BT HGA Ny 458 — DREABCN n
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X CL.C BT ), IR EHEAE S, .
C,n C; =D, K-means st HINIREHIL, ©
AP I P B, el K29y s

d

Dis = Z(x[ - y[)2 (29)
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e x ATy 2 d ERR R TR ) 2 AN o ARSI
BT R 22 (MSEYE AN ZE I H b ef %, th2((30)
)
1< 2
MSE==>" 3" |y, -z/] (30)
anIJ’iQCj

ez WKL
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EIX) K-means S35 HAHTUL AT AR
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(1] K-means 5%, I AF-PSO Sy RARAL M
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A I

step 1: XPRLFEESHATHIGAMLERAE, AFEA
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