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Artificial fish-swarm algorithm based on Von Neuman neighborhood
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Abstract: An improved artificial fish-swarm algorithm based on Von Neuman neighborhood is proposed. In the algo-
rithm each artificial fish is assumed to exchange messages only with neighboring artificial fish. This assumption reduces
the computation time in finding the center and the extremum location within the neighborhood, while effectively retains the
variety of the fish-swarm and increases the running speed of the algorithm. In the behavior of preying, the artificial fish will
move directly to the superior position, raising the speed of searching. In the behavior of random swimming, the artificial
fish will search the object in a region of small radius, improving the accuracy of searching. By dynamically adjusting the
visual field and the step of searching for artificial fish, a compromise can be made between the ability of global search and
the ability of local search. The experimental results show that the proposed algorithm has better optimization performance.
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3 fiESEK (Simulation experiments)
3.1 SEK ¥ vl (Experiment design)
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Table 1 Parameters of test functions
R 4 MR g HWRE
fi 30 [—5.12,5.12] 0 100
fo 30 [—600,600] 0 107°
f3 30 [—30,30] 0 100
fa 30 [—100,100] 0 107°
fs 30 [—100,100] 0 107°
fe 2 [—100,100] 0 107°
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(The speed and precision of convergence with
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Table 2 The results of two optimization algorithms

R S0k P B PRI G  KCY
f AFSA 197.6245 12.50201 14.83
1
AFSAVNN 30.58569 4.826707 3.65
fa AFSA 182.1196 78.26221 23.94
AFSAVNN 1.4804e—4 1.946e-3 1.79
fs AFSA 9.4713e-7 5.435e-6 15.44
AFSAVNN 26.55944 0.365233 1.992
B AFSA 10040.42 565.6569 16.06
AFSAVNN 2.08e-104 1.28e-103 1.868
f AFSA 164716.44 10806.77 18.83
° AFSAVNN 4.16e-112 2.94e-111 5.11
fo AFSA 2.5873e—4 2.4474e—4 1.650
AFSAVNN 0.0000e+0 0.000e+0 0.54
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3.2.2  [A & W SIORS BE T I B 4K 3% AX K B(The
number of iterations for goal after certain
runs)
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Table 3 The number of iterations for goal

BR AL Bk WK% CPREAR NER ORI
; AFSA 0 _ _ _
' AFSAVNN 100 565 219 702
; AFSA 0 _ _ _
> AFSAVNN 100 945 806 1400
; AFSA 0 — _ —
> AFSAVNN 100 258 219 303
; AFSA 0 — — —
* AFSAVNN 100 241 191 290
; AFSA 0 _ _ _
°  AFSAVNN 100 239 179 320
; AFSA 30 1053 314 1932
®  AFSAVNN 100 15 3 35

323 5 Z % BB 1 PSO L 4k 1 fE ELER
(Comparing the optimization performance
with PSO in references)
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Table 4 Comparison of some improved PSO algorithms

R didl AR PSO BDPSO IPSO  AFSAVNN
10 1000 42389 34525  3.2928 4.81566
f 20 1500 21.5688  20.0743 16.4137  15.6818
30 2000 50.2165 34.6607 35.0189  30.5857
10 1000 0.0965  0.0915  0.0784 3.36e-9
fo 20 1500 0.0353  0.0202  0.0236  2.634e-8
30 2000 0.0147  0.0104  0.0165 1.48e—4
10 1000 38.8971  20.9395 105172  6.42051
f3 20 1500 86.1087 57.0700 75.7246  16.7047
30 2000 122.6614  63.2073 99.8038  26.5594
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Table 5 Determining the transverse diffusion

coefficient of river by AFSAVNN

= ZNER 7

Jiik D,/(m?-s7') w/(m-s71) e f
AFSAVNN 0.009998 1.000131 0.006120
RAGA 0.009999 1.000264  0.006125
it HAH 0.010000 1.000000 0.006765

%50 LLAE ), AFSAVNN E (K 2 AL

TRAGAM &5 &, b 15 201 5/ B b eR £ 1
P, D, S RAGAT 45 AR 1. St 25 Rk
, AFSAVNN 1] DA 25 Hbu figt v G 248 TR m) i
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#5148 (Conclusion)
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