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Hybrid Improved Flower Pollination Algorithm and Gray Wolf Algorithm for Feature Selection

KANG Yan, WANG Hai-ning, TAO Liu, YANG Hai-xiao, YANG Xue-kun, WANG Fei and LI Hao
School of Software, Yunnan University, Kunming 650500, China

Abstract Feature selection is very important in the stage of data preprocessing. The quality of feature selection not only affects
the training time of the neural network but also affects the performance of the neural network. Grey Wolf improved Flower polli-
nation algorithm(Grey Wolf improved Flower pollination algorithm,GIFPA) is a hybrid algorithm based on the fusion of flower
pollination algorithm framework and gray wolf optimization algorithm. When it is applied to feature selection,it can not only re-
tain the connotation information of the original features but also maximize the accuracy of classification features. The GIFPA al-
gorithm adds the worst individual information to the FPA algorithm, uses the cross-pollination stage of the FPA algorithm as the
global search,uses the hunting process of the gray wolfl optimization algorithm as the local search,and adjusts the search process
of the two through the conversion coefficient. At the same time, to overcome the problem that swarms intelligence algorithm is
easy to fall into local optimization,this paper uses the RelifF algorithm in the field of data mining to improve this problem and
uses the RelifF algorithm to filter out high weight features and improve the best individual information. To verify the performance
of the algorithm, 21 classical data sets in the UCI database are selected for testing,k-nearest neighbor(KNN) classifier is used for
classification and evaluation,fitness value and accuracy are used as evaluation criteria,and K-fold crossover verification is used to
overcome the over-fitting problem. In the experiment,a variety of classical algorithms and advanced algorithms,including the FPA

algorithm,are compared. The experimental results show that the GIFPA algorithm has strong competitiveness in feature selec-

tion.

Keywords Feature selection, FPA,GWO, RelifF, Optimizer
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. Initialize wolf pack individuals X;(i=1,2,+-,n)

. While(I<<Max_iters) :

1
2
3. Traverse the population to find the best fitness individuals X,.
4. for(every individual X;) :

5

. Calculate thep value according to equation(10).

6.if p << randQ):
7. Calculate X! according to equation (7), and get fitness| ™ by

X
8. else;
9. Calculate X! according to equation (9).and get fitness ' by

X
10. Update current position and fitness value.
11. end if
12. end for
13.1=1+1
14. end while
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1. Initialize wolf pack individuals X;(i=1,2,++,n).

2. While(I<<Max_iters) :
3. Traverse the population to find the top three and worst individuals

with fitness X, Xp,Xs and Xy.

~

Calculate thep value according to equation(10).

21

. improvement_best=0.
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6. for(every individual X;) :
7.if rand()<<p:

8. Calculate X{™! according to equation(11).

9. else:

10. Calculate X!*! according to equation(3) (4) and(5).
11. end if

12. Get fitness'" ! by X',

13, if fitness' << fitness, :

14. improvement_best+ =1

15. Update current position and fitness value.
16. if improvement_best<<=2.

17. call RelifF on a wolf to improve its fitness value.
18. end if

19. end for

20. 1=1+1.

21. end while
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*1 BEENR
Table 1 Introduction to datasets
No. Dataset dim Number of
samples
1 Australian 14 690
2 Breast cancer tissue 9 106
3 Climate 20 540
4 HeartEW 13 270
5 TonosphereEW 34 351
6 Lymphography 18 148
7 Page blocks 10 5473
8 Robot-failures-1p1 90 88
9 Robot-failures-1p2 90 47
10 Robot-failures-1p3 90 47
11 Robot-failures-1p4 90 117
12 Robot-failures-1p5 90 164
13 Segment 19 2310
14 SonarEW 60 208
15 SpectEW 22 267
16 Stock 9 950
17 Vehicle 18 846
18 Vowel 10 990
19 WineEW 13 178
20 WDBC 30 569
21 Zoo 16 101
*2 BHPORE
Table 2 Parameters setting
Parameter Value
Population number 20
Max_iteration 20
dim Number of features
K-neighbors 5
K-fold cross-validation 10
a 0.01
B 0.99
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Table 3 Average number of features selected for 20 consecutive runs

Datasets Zs Proportion/ % Datasets s Proportion/ % Datasets #s Proportion/ %
Australian 4.00 28.57 Breast tissue 4.50 50.00 Climate 4.90 24.50
HeartEW 4. 80 36.92 TonosphereEW 8.10 23.82 Lymphography 6.75 37.50
Page blocks 4. 10 41.00 Robot-failures-Ip1 19.65 21.83 Robot-failures-1p2 19.10 21.22
Robot-failures-1p3 15. 65 17.39 Robot-failures-1p4 21.45 23.83 Robot-failures-1p5 33.35 37.06
Segment 6.35 33.42 SonarEW 21. 60 36. 00 SpectEW 7.75 35.23
Stock 4. 30 47.78 Vehicle 9.45 52.50 Vowel 3.90 39.00
WineEW 4.25 32.69 WDBC 5.10 17.00 Zoo 5.20 32.50

TERZEHARE T  GIFPA Bk T HAME %, R4 8
BUEMIR T 8 MYk & ad 20 2R M-F 2 70 2R R5 . 5

IR R W] AR SCHR T Y GIFPA S0k B A 800 i i i %2, o5
TR R AL O R R SR T — R AR R 5 i
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Table 4 Comparison of the accuracy of 20 consecutive runs with other algorithms
No. Dataset FPA BA MVO BCSA bWOA NLPSO TMGWO GIFPA
1 Australian 0.8318 0.8312 0.8318 0.8304 0.8391 0.8304 0.8463 0.8736
2 Breast cancer tissue 0.3300 0.3300 0.3300 0.3300 0.3200 0.3300 0.3300 0.5905
3 Climate 0.9277 0.9184 0.9277 0.9416 0.9222 0.9416 0.9314 0.9347
4 HeartEW 0.8407 0.8259 0.8296 0.8259 0.8148 0.8259 0.8407 0.8861
5 TonosphereEW 0.9057 0.8765 0.9057 0.9085 0.8942 0.9085 0.9314 0.9536
6 Lymphography 0.8571  0.8775  0.8857  0.8785  0.8714  0.8785  0.9000  0.9467
7 Page blocks 0.9612 0.9163 0.9610 0.9559 0.9643 0.9570 0.9639 0.9692
8 Robot-failures-1pl 0.8750 0.8924 0.9125 0.8875 0.8750 0.8875 0.9125 0.9194
9 Robot-failures-1p2 0.7500 0.7500 0.7750 0.7750 0.7250 0.7750 0.7750 0.7650
10 Robot-failures-1p3 0.7000 0.7250 0.7500 0.7500 0.7250 0.7500 0.7750 0.7300
11 Robot-failures-1p4 0.8909 0.8750 0.9272 0.8818 0.8818 0.8818 0.9363 0.9667
12 Robot-failures-1p5 0.6437 0.6374 0.6875 0.6250 0.6312 0.6250 0.6750 0.8106
13 Segment 0.9709 0.9714 0.9744 0.9679 0.9679 0.9679 0.9744 0.9694
14 SonarEW 0.6600 0.6550 0.7300 0.6799 0.6600 0.6799 0.7400 0.9631
15 SpectEW 0.7436 0.7423 0.7576 0.7346 0.7230 0.7346 0.7615 0.9056
16 Stock 0.9326 0.9326 0.9326 0.9326 0.9326 0.9326 0.9326 0.9784
17 Vehicle 0.7273 0.7261 0.7345 0.7321 0.7309 0.7321 0.7380 0.7642
18 Vowel 0.9888 0.9888 0.9888 0.9534 0.9672 0.9756 0.9888 1.0000
19 WineEW 0.9411 0.9411 0.9470 0.9325 0.9411 0.9352 0.9470 0.9889
20 WDBC 0.9482 0.9482 0.9482 0.9464 0.9482 0.9464 0.9482 0.9605
21 Zoo 0.9600 0.9600 0.9600 0.9600 0.9600 0.9600 0.9600 0.9750
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Table 6

FPA 5355 GIFPA B 14 258 17 I 18] J2 - 45 75 2%
Average time and standard deviationof FPA algorithm
and GIFP Aalgorithm

Algorithm Average time/s Std
FPA 2.9118 0.0658
GIFPA 3.2195 0.0986
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Table 5 Average accuracy of the algorithm when improvement_best PRI A 3 N B {E L AL T BCSA vk . R4 R s g —
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Table 7 Comparison of 20 consecutive runs with the fitness values of other algorithms
No. Dataset FPA BA MVO BCSA bWOA NLPSO TMGWO GIFPA
1 Australian 0.1819 0.1781 0.1759 0.2222 0.1882 0.1813 0.1686 0.1280
2 Breast cancer tissue 0.6844 0.6955 0.6788 0.7313 0.7007 0.7014 0.6817 0.4104
3 Climate 0.0827 0.0849 0.0844 0.0774 0.0845 0.0861 0.0804 0.0671
4 HeartEW 0.2047 0.1988 0.1955 0.2318 0.2089 0.2009 0.1760 0.1164
5 IonosphereEW 0.1146 0.1257 0.1118 0.1202 0.1190 0.1029 0.0906 0.0483
6 Lymphography 0.1577  0.1587  0.1441  0.1796  0.1531  0.1502  0.1400  0.0417
7 Page blocks 0.0472 0.0458 0.0455 0.0509 0.0485 0.0485 0.0455 0.0355
8 Robot-failures-1p1 0.1412 0.1464 0.1138 0.2014 0.1487 0.1448 0.0909 0.0819
9 Robot-failures-1p2 0.2759 0.2739 0.2489 0.2903 0.2835 0.2671 0.2415 0.2348
10 Robot-failures-1p3 0.3058 0.3026 0.2716 0.3255 0.3061 0.2902 0.2493 0.2690
11 Robot-failures-1p4 0.1405 0.1464 0.0912 0.1563 0.1400 0.1296 0.0826 0.0354
12 Robot-failures-1p5 0.3849 0.3860 0.3460 0.4043 0.3866 0.3858 0.3430 0.1912
13 Segment 0.0413 0.0381 0.0311 0.0464 0.0419 0.0396 0.0284 0.0337
14 SonarEW 0.4055 0.3957 0.3347 0.3914 0.3876 0.3616 0.3337 0.0401
15 SpectEW 0.2876 0.2858 0.2727 0.3053 0.2880 0.2826 0.2644 0.0970
16 Stock 0.0786 0.0776 0.0723 0.0919 0.0775 0.0747 0.0730 0.0261
17 Vehicle 0.2868 0.2885 0.2808 0.3074 0.2833 0.2830 0.2731 0.2387
18 Vowel 0.0109 0.0109 0.0109 0.0437 0.0313 0.0109 0.0109 0.0032
19 WineEW 0.0742 0.0824 0.0706 0.1211 0.0800 0.0788 0.0638 0.0143
20 WDBC 0.0604 0.0602 0.0559 0.0700 0.0598 0.0605 0.0535 0.0408
21 Zoo 0.0518 0.0541 0.0488 0.0570 0.0517 0.0515 0.0485 0.0280
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