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Table 1 Six benchmark test functions
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Table 2 Comparison results of five algorithms on six benchmark test functions

FHEE HSEEREFIATIEAALEEZRERA

GWO WOA SCA ARO IARO
E‘ﬁ — . — . — N — . — .
Function ¥ {H T 1 22 ¥{H b 25 ¥d T i 25 ¥ bR 2 ¥{H i 25
Mean St. dev Mean St. dev Mean St. dev Mean St. dev Mean St. dev
f1 8.52E-28 8.80E—28 5.48E-73 1.24E-72 3.94E-01 2.38E-01 3.66E—-75 3.97E-75 0.00E+00 0.00E+ 00
[ 2.46E-28 2.03E—-28 2. 70E-75 1.73E-75 7.73E-01 6.50E—-01 1.57E-79 5.09E—-79 0.00E+ 00 0.00E+ 00
S 7.96E-25 8.77E—-25 2.76E-70 4.12E-70 7.88E+02 3.76E+02 1.55E-73 2.78E-73 0.00E+00 0.00E+ 00
i 4.92E-04 1.28E—-03 1.32E-47 7.08E—-48 7.12E-01 1.21E+00 4.59E-41 6.71E—-41 3.99E- 300 0.00E+ 00
fs 1.72E-29 2.21E-29 6.62E-76 6.28E-76 8.42E-02 1.42E-01 2.24E-79 9.85E-79 0.00E+00 0.00E+ 00
fs 6.80E-07 3.84E-07 6.63E-30 5.34E-30 2.20E+00 2.04E+00 4.02E-22 4.51E-22 0.00E+00 0.00E+00
The rank of
Friedman 4 3 5 2
test result
Note:the best results obtained by five algorithms are marked in bold.
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Fig. 4 Convergence curves of five algorithms on six functions
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Table 3 Means of four algorithms

PR
Function ARO NARO DARO IARO

S 3.66E-75 4.29E-80 0.00E+00 0.00E+00
S 1.57E-79 1.82E-83 0.00E+00 0.00E + 00
/3 1.55E-73 6.01E-79 0.00E+00 0.00E+ 00
n 4.59E-41 4.11E-48 2.46E-282 3.99E - 300
/s 2.24E-79 2.99E-82 0.00E+00 0.00E+ 00
S 4.02E-22 4.96E-23 0.00E+00 0.00E+ 00

Note: the best results obtained by four algorithms are marked in bold.
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Fig.5 Pressure vessel design
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Table 4 The optimal results of five algorithms

#yk Algorithm T, T, R L f
GWO 13.246 5 7.008 4 42.096 6 176. 668 0 6 060. 144 7
WOA 12.702 4 7.306 8 41.948 5 178.535 0 6 078.796 9
SCA 12.690 3 6.715 9 42,074 6 200. 000 0 6 601.644 8
ARO 0.786 4 0.388 7 40.739 3 194. 248 0 5900.114 3
IARO 0.778 2 0.384 7 40.322 2 199. 968 0 5 885.525 7

Note:the best results obtained by five algorithms are marked in bold.
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Fig.6 Tension/compression string design
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140. 45d
83 Dip
81 :d1+5D —1<0, D

A H,0.05<<d<<2.00,0. 25<<D<1.30,2<<P <15,
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P WOA,SCA F1 ARO B M e, TARO B 378
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Table 5 The optimal results of five algorithms

Algorithm d D P !
GWO 0.050 640  0.331997 12.910 300 0.012 694
WOA 0.051 490  0.351 878 11.587 000 0.012 675
SCA 0. 050 000 0.316 543  14.149 800 0.012 780
ARO 0. 051 900 0.361 804 11.000 000  0.012 670
IARO 0.051 890  0.361 749  11.000 000  0.012 666

Note: the best results obtained by five algorithms are marked in bold.
5 TARO &% 5K fif 45 1 1% 7% 5] &t

R 2 5 Ak B g R B Y — DAY B R
MR 9 M RRAE P e 4% N A RRAE DL R
RN A 1) 2 50, DA T i 7 L A = > 8L B 2 28 3K
AR AR 2 0 A R R R AR O SR — 2
FI b bR B A ), HE b G 17 B2 ) o 50T 41 34 O
A
Ll
Horp E N or Jean i B IR R o RAE RAL. [ 1]
TR B T e PR AR AR B [ L | O A R A
%,

0T TARO B30 3k SR gk A A 2 455 ) 8T A A5 24
Ph A SCN UCT Bodls 52 b e 15 4> 2odls 4 o A7 5K
5o, PRANfR BANER 6 Pk
®o6 LWHEMK 15 UCIHRE
Table 6 Fifteen UCI datasets used in the experiment

fitness= (1 —p) X E +p X (12)

Kt 4k FRIE &L FEA N

Dataset Number of feature Sample size
BreastEW 30 569
Cleanl 166 476
Clean2 166 6 598
Exactly 13 1 000
Exactly2 13 1 000
HeartEW 13 270
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gk
Continued table
I R £ FEA RN
Dataset Number of feature Sample size
TonosphereEW 34 351
KrvskpEW 36 3196
M-of-n 13 1000
PenglungEW 325 73
Semeion 265 1593
SonarEW 60 208
SpectEW 22 267
Tic-tac-toe 9 958
WaveformEW 40 5 000

KT SHWHENSKERELR

Table 7 Classification accuracy of five algorithms

A GWO % 3, WOA, SCA, ARO % i il
IARO ByEXT £ 6 H iy 15 A4~ UCT ¥ 5 17 F7AF
VEREIEHEAT LR . 5 R A R EE R S 10 i K
HARKECR 20, FERAS B E b, BEALEERE 90 Y01
FUNZRAE T 10 26 /E MR . A £ i il 4B A5 AL Oy
Gy b = 3, A TR A3 B B A B AR i
1510 YR, A5 31 f S 359 4 285 v 1 R 1S 359 7 36k 45 A1 4K
SR 7T T 8,

MF 7 By S5 R AT L, TARO B 7E BreastEW,
KrvskpEW ,PenglungEW Fl SonarEW % 45 4 I 19
K ER R B FNI100% . SGWOREEH .,

FiE Dataset GWO WOA SCA ARO IARO
BreastEW 0.975 0 0.957 1 0.982 1 0.975 0 1.000 0
Cleanl 0.940 4 0.910 6 0.919 1 0.927 7 0.983 0
Clean2 0.986 3 0.977 2 0.980 6 0.983 3 0.981 8
Exactly 0.922 0 0.826 0 0.716 0 0.788 0 0.868 0
Exactly2 0.790 0 0.782 0 0.780 0 0.790 0 0.790 0
HeartEW 0. 866 7 0. 844 4 0.874 1 0.8815 0.897 0
TonosphereEW 0.960 0 0.942 9 0.965 7 0.965 7 0.942 9
KrvskpEW 0.971 4 0.928 6 0.914 3 1.000 0 1.000 0
M-of-n 0.9380 0.932 0 0.978 0 0.996 0 0.950 0
PenglungEW 0.885 7 0.828 6 0.885 7 0.914 3 1.000 0
Semeion 0.989 9 0.986 2 0.986 2 0.987 4 0.987 4
SonarEW 0.990 0 0.940 0 0.980 0 1.000 0 1.000 0
SpectEW 0.923 1 0.9077 0.9231 0.915 4 0.9231
Tic-tac-toe 0.827 4 0.814 7 0.8211 0.827 4 0.827 4
WaveformEW 0.818 4 0.779 6 0.790 0 0.796 0 0.800 0

Note: the best results obtained by five algorithms are marked in bold.
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Table 8 The selected feature number of five algorithms

Zx

Continued table

BE 5 Dataset GWO  WOA SCA ARO  TIARO
BreastEW 7.8 10. 8 6.6 10.2 11.0
Cleanl 64.2 78.4 51.0 63.2 59.8
Clean2 68. 6 100.0 57.2 80.0 86. 4
Exactly 7.4 8.8 6.0 7.4 7.0
Exactly2 6.6 5.8 4.6 5.2 5.8
HeartEW 5.8 5.6 5.0 5.4 3.6
TonosphereEW 6.4 5.0 5.6 10.0 10.6
KrvskpEW 16. 4 32.6 15.2 17.8 19.8
M-of-n 6.4 9.2 6.6 7.0 9.0

BPEHE Dataset GWO  WOA SCA ARO  TARO

PenglungEW 94.6  67.6 69.0 75.8  29.6
Semeion 105.6 124.6  82.6 121.0 115.4
SonarEW 19.0 17.8  13.8  20.4  22.6
SpectEW 4.4 8.2 4.0 6.0 6.8
Tic-tac-toe 6.0 7.2 6.0 6.0 5.0
WavelormEW 18.6  28.2  14.0  23.4 22,0

Note:the best results obtained by five algorithms are marked in bold.
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Dynamic Lens Imaging Learning Artificial Rabbits Optimization
Algorithm and Its Applications

WANG Wei' ., LONG Wen®" "~

(1. School of Management Science and Engineering, Guizhou University of Finance and Economics,Guiyang, Guizhou,550025, Chi-

na; 2. School of Mathematics and Statistics, Guizhou University of Finance and Economics,Guiyang, Guizhou,550025,China)

Abstract: Aiming at the defects of slow convergence,low precision and easy to fall into local optimum in sol-
ving complex optimization problems by Artificial Rabbit Optimization (ARO) algorithm,an improved ARO
algorithm (IARO algorithm) is proposed. The nonlinear decreasing energy factor based on sine function in
IARO algorithm can help the algorithm to achieve a good transition from the exploration stage to the devel-
opment stage,so as to improve the convergence speed and solution quality of the algorithm. In order to en-
hance the probability of helping the algorithm jump out of local optimum, a dynamic lens imaging based
learning strategy is introduced. In order to prove the superiority of IJARO algorithm,six benchmark functions
are selected for numerical experiments,and then it is used to solve two engineering design optimization prob-
lems and one feature selection problem including 15 data sets, and compared with Grey Wolf Optimizer
(GWO) algorithm Whale Optimization Algorithm (WOA),Sine Cosine Algorithm (SCA) and basic ARO al-
gorithm. The results show that the TARO algorithm has better performance than other comparison algo-
rithms.

Key words: artificial rabbits optimization algorithm;dynamic lens imaging based learning strategy;engineering

optimization;feature selection;function optimization
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