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Improved Salp Swarm Algorithm Based on Levy Flight Strategy

ZHANG Yan and QIN Liang-xi

School of Computer, Electronics and Information, Guangxi University, Nanning 530004 , China

Abstract Aiming at the shortcomings of slow convergence speed and easy to fall into local optimum in the optimization process
of the Salp swarm algorithm (SSA),a Levy Flight-based Conditional Updating Salp Swarm Algorithm (abbreviated as LE-
CUSSA) is proposed and it is used in the feature subset selection of classification algorithm. Firstly, the leader position is updated
randomly by using the long and short jump characteristics of Levy Flight strategy, which enhances the global optimal search abili-
ty. Secondly, the conditional updating condition to the follower’s position is added to make the follower no longer follow blindly,
thus accelerating the convergence speed. The performance of LECUSSA algorithm is compared with other algorithms on 23
benchmark functions. The algorithm is applied to the selection of classification feature subset of SVM algorithm,and 8 UCI data-
sets are used to compare the performance of the classification results after feature selection. The experimental results show that
LECUSSA has good global optimal search ability and fast convergence speed. After feature selection using LECUSSA algorithm,
the feature subset with the best classification accuracy can be found.
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Table 4 Optimization resultson uni-modal benchmark functions
f Index LECUSSA SSA PSO WOA GWO CS GSA
o Mean 2.65X1013 3.29X10°7 1.31X107° 1.41x 10730 1.27X10—27 5.78X1073 2.53X1016
. Std 3.94X10—13 5.92X10°7 2.39X107° 4,91 X1030 3.11X10-27 2.41X1073 9.67xX10-17
) Mean 5.36X10~8 1.9111 0.0076 1.06x 10~ 21 8.52X10-17 0.2080 5.57X102
- Std 5.76X108 1.6142 0.0262 2.39X10-21 6.62X1017 3.17X102 0.19407
£y Mean 1.30x 10712 1.50X 103 2.13X1073 5.39X1077 2.43X1075 2.63X1071 8.97X1072
: Std 3.13X1012 707.0529 878.7605 2.93X10—6 8.14X10—° 2.97X102 318.96
e Mean 1.10%x 107 2.44X10° 16.4104 0.072581 7.69X107 1.43X10° 7.35
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I Mean 8.9492 136.5676 106. 6465 27.86558 27.1786 0.008 67.543
? Std 4.01X10-2 1.54X102 104.3333 0.763626 0.814 0. 054 62.225
Fo (o Mean 1.03X10—3 1.72X10°7 5.59X107° 3.116 266 0.70757 6.17 X101 2.50%x 1016
Std 1.55X10—3 2.44X107 1.42X10—4 0.532429 0.3632 2,8X1075 1.74X10—16
o Mean 1.01x 104 0.169 6.05X102 0.001425 1.72X103 0.02855 8.94X102
' Std 8.86X1075 0.0686 0.0206 0.001149 1.10X10—3 0.001277 0.04339
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Table 5 Optimization results on multi-modal benchmark functions
f Index LECUSSA SSA PSO WOA GWO CS GSA
Fo (o) Mean —3005. 39 — 7460 —9347.8 —5080.7 —5776.12 —2128.91 —2821.07
Std 0.131 634.6745 754.483 695.796 682.0101 0.0084 493.037
£y Mean 2.98X10 14 55.4523 58.0837 0 3.1496 0.246 25.968
X Std 5.26X10 14 18.2751 13.1635 0 4.0294 0.0018 7.47
fry () Mean 8.75X10—9 2.8401 0.9353 7.4043 1.03x10-1 4.1X10710 0.0621
Std 8.33X108 0.6581 0.9909 9.89757 1.60X 1014 5.2X1079 0.2363
£y (@ Mean 4,11x10°18 0.2291 1.9X102 0.00028 6.08X103 0.1852 27.702
Std 8.46X1013 0.1295 0.0232 0.00158 0.0111 0.039 5.0403
e Mean 1.90x 104 6.8274 0.9099 0.33967 0.03669 0.01258 1.79962
- Std 2.04X10 4 2.7192 1.0678 0.21486 0.0175 4.1X109 0.9511
fry () Mean 0.93277 21.3116 0.119 1.88901 0.62239 0.485 8.8991
’ Std 0.13204 16.9894 0.2396 0.26608 0.2837 6.8X108 7.1262
6 [ Y B 2 W (kv o R 1Y S B0 2
Table 6 Optimization results on fixed-dimension multi-modal benchmark functions
f Index LECUSSA SSA PSO WOA GWO CS GSA
e M‘eﬂn E) 998 1.1301 0.998 2. 1115_)73 4.917 1.‘4236 ‘ 5.8598
Std 7.15X10 11 0.5659 0 2.498594 4.125 1.3EX10~2 3.83
e Mean 0.00167 0.0027 3.20X10—3 0.000572 5.08X1073 5.0x 104 0.003673
X Std 0.0010 0.00543 0.0071 0. 000324 0.0086 1.11X1014 1.65X1073
F1 () Mean —1.03167 ——1‘0316 —1.0316 —].0316” —1.0316 —1.0316 —1.0316
Std 1.12X105 5.78X10 14 6.71X1016 4. 2EX1077 2.64X108 1.49X108 4,88X1016
Fia (0 Mean 0.3979 ) 0.3979 0.3979 0.3979 ) 0.3979 0.3979 ‘ 0.3979
Std 7.34 X107 1.26 X101 0 2.7X1075 8.86 X107 3.24 X106 0
ot Mean 3.0005 3 3 i s 3.0014 3
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Fio () N{EELI’! *3.85‘23 —3.8628 —3.8625 *3.85'616 —3. 861 —3.268 ) *3.86278(
Std 0.019678 1.13 X101 0.0014 0.002706 0.0023 1.85X1075 2.29X10715
Fyo () Mean —3.2728 *3.%2526 —3.2518 —2.98105 —3.2568 —3.32185 —3.31778
Std 0.079 0.05772 0.1086 0.376653 0.0885 7.21E—03 0.02308
Foy () Mean _10.]523_ —7.33 —6.2948 *7.04?18 —9.3955 —9.728 —5.95512
Std 2.82X10°7 3.3158 2.9249 3.629551 2 0.2881 3.73708
Frp () Mean —10.4028 —8.48022 —7.0398 —8.18178 —10.2241 —9.873 —9.68447
- Std 2.47X10-7 3.094025 3.5751 3.829202 0.9701 0.32034 2.014
Fys () Mean _—10.5364 —8.64195 —7.7011 —9.34238 —10.0838 —9.7822 —10.5364'
- Std 5.23X10~8 3.1316 3.6189 2.414 737 1.7514 0.5002 2.6X10715
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Table 8 Feature selection results
LECUSSA SSA PSO
Original
1D Mean of . Mean of . Mean of .
Accuracy Std Mean Best Std Mean Best Std Mean Best
Feature Feature Feature
Dy 0. 867 7.7 0.026 0.957 1. 000 7.1 0.024 0.910 0.967 8.0 0.011 0.0970 1.000
D, 0.963 8.4 0 1.000 1. 000 10. 4 0 1.000 1. 000 6.6 0 1.000 1. 000
Ds 0.956 2.9 0.016  0.989  1.000 3 1.17x10 % 1.000 1.000 2.4 1.17X10 % 1.000 1.000
Dy 0. 881 17.2 0.027 0.935 0.983 17.7 0 0.962 0.966 14.5 0.014 0. 964 0.967
Ds 0. 386 6.5 0. 040 0.473 0.558 14 0.021 0. 509 0.523 7.5 0.014 0.535 0.558
Dg 0.810 25.2 0.020 0.925 1. 000 17.7 0.020 0. 890 0.919 18.5 0.020 0.934 0.952
D; 0.802 5.9 0.034 0. 869 0.914 6.1 0.017 0. 847 0. 864 5.3 0.019 0. 870 0. 889
Dg 0.892 8.2 0.038 0. 944 0.985 5.7 0.008 0. 836 0.937 5.6 0. 005 0.937 0.937
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