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An feature selection method based on improved grasshopper

optimization algorithm

Liu Liang"?,He Qing"*
(1. College of Big Data and Information Engineering , Guizhou University , Guiyang, 550025, China;

2. Guizhou Provincial Key Laboratory of Public Big Data, Guizhou University , Guiyang, 550025, China)

Abstract: Focused on the issue of low search precision and slow convergence speed of traditional grasshopper optimization
algorithm , an improved grasshopper optimization algorithm based on non-linear adjustment was proposed. Firstly, non-linear
parameters were used to replace the decline coefficient of traditional grasshopper optimization algorithm, which coordinated
the exploration and exploitation ability, and improved the convergence speed. Secondly, the adaptive weight coefficient was
introduced to change the grasshopper position renewal modes to improve the search precision. Then, in order to avoid
premature convergence, the algorithm combined limit threshold idea and used non - linear parameters to disturb some
individuals in the population. The simulation results on six benchmark functions show that the improved algorithm has
significant improvement in convergence speed and search precision. Finally, the improved algorithm was applied to the feature
selection problem. The experimental results on seven datasets show that the feature selection method based on the improved
algorithm can effectively select features and improve the classification accuracy.
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Table 2 Optimization performance of IGOA and other algorithms

PRI %L Dim GOA SCHk[12] IGOA
] Mean 1. TAE—008 2. 55E—013 2.03E-035

7 Std. Dev 1.97E—008 5. 68E—013 8.82E-036

" W Mean 3. 86E--001 6. 62E—019 1.21E-034
Std. Dev 2. 97E+001 8. 53E—019 2.86E-035

) Mean 2. 36E-000 1. 49E-+000 3.85E-019

7 Std. Dev 2. 88E+000 2. 06E+000 5.83E-020

" . Mean 1. 68E-+001 3. 64E—010 2.70E-018
std. Dev 1. 91E-001 3.63E—010 4.66E~-019

) Mean 8. 27E— 006 7.17E—008 4.96E~035

7 Std. Dev 2. 51E—005 2. 38E—007 4.58E-035

" “ Mean 2. 60E-+003 6. 78E—016 1.02E-033
std. Dev 1. 67E-+003 9.99E—016 1.17E-033

; Mean 1. 71E—004 1. 17E—006 2.82E-018

std. Dev 2. 71E—004 3. 92E— 006 8.14E-019

r W Mean 1. 50E-+001 1. 93E—010 3.89E-018
std. Dev 4. 05E-+000 2. 15E—010 4.29E-019

: Mean 1. 11E+001 7. 85E+000 0.00E+000

std. Dev 7. 57E-+000 5. 19E-+000 0.00E+000

e W Mean 9. 45E+001 0.00E+000 0.00E+000
std. Dev 3. 30E-001 0.00E+000 0.00E+000

] Mean 1. 04E-+000 7.42E—001 8.88E-016

7 Std. Dev 2. 52E+000 1. 08E-+000 0.00E+000

e W Mean 5. 50E+000 2. 06E—010 8.88E-016
Std. Dev 1. 76E-+000 2. 03E—010 0.00E+000
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Table 3 Experimental datasets

Datasets FROEAS B sS4
D1 BreastCancerEW 30 569
D2 700 16 101
D3 Heart 12 270
D4 Parkinson 22 197
D5 Congress 16 435
D6 Wine 13 178
D7 Colon 2000 62

R4 HEEELNHESE LASMEEEEROIEER
Table 4 Feature selection performance of algorithms

on seven datasets

Btk FULL GOA-FS IGOA-FS
- Accuracy 0.951 0. 959 0.976
Features 30 11.2 13.5
D2 Accuracy 0.961 0.931 0.963
Features 16 6.6 7.1
D3 Accuracy 0.763 0.768 0.801
Features 12 6.6 6.4
- Accuracy 0.908 0.949 0.949
Features 22 8.9 8.4
. Accuracy 0. 940 0. 945 0.970
Features 16 5.5 33
D6 Accuracy 0.944 0.951 0.960
Features 13 6.2 5.8
b7 Accuracy 0.677 0. 745 0.833
Features 2000 675.2 691.9
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Table 5 Performance of IGOA - FS and other algo-

rithms on seven datasets

Date e cesan WOATTGOA
set cM™ FS
D1 0.930 0.903 0.971 0.976
D2 0.909 0.937 0.980 0.963
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D4 — 0.908 — 0.949
D5 0.929 — 0.956 0.970
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D7 — — 0.909 0.833
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Fig. 5 Average feature selection ratio of IGOA -FS and

other algorithms on seven datasets
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