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A SVM algorithm based on convex hull sparsity and
genetic algorithm optimization
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Abstract; SVM algorithm for support vector involves the calculation of N-order matrix. N is the number of
samples. When the number of samples is large, the calculation of high-order matrix will consume a lot of
computing time. At the same time, the performance of SVM model depends on the optimization of penalty
parameters and kernel parameters. The traditional cycle verification method of parameter optimization has
high time complexity. In order to solve these two problems, this paper proposes a high-performance SVM
model training algorithm by convex hull algorithm to sparse the training samples and by genetic algorithm
to optimize the selection of penalty parameters and kernel parameters.
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Fig. 1 Schematic diagram of SVM algorithm
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Fig. 2 Two dimensional convex hull diagram
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Fig. 3 Flow chart of genetic algorithm
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Table 1 Algorithm CH-GA-SVM

A CH-GA-SVM
LN Y EAREE ds_train, MIXELIESE ds_test
i i Iy etk
1: ds_train = mapminmax(ds_train) ; // R H] e K fe/IME I — 4k 77 12: b BRI 5 30 42
2; ds_test=mapminmax(ds_test); // & F#5 K e /MEIE — fh Ak B0 3 505 4
3: nodes = convhulln(ds_train) 5 // fi H] n 4™ A5 35 R0 A2 0 42
4. ds_train = unique(nodes) ; // 5% FME— 1677 1% o 2o U o™ 4 04 P EE A2 9

cB=[—5.,5],gB=[—5,5]; /XL c Mg TR
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currentGen = 0 ; /& X 4L EL
genSize = 100 ; /& X P HERCR
crossoverRate=0.6; // & X 3¢ XA F
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12. For(inti = 0 ; i << genSize ; i ++){
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13: [Model, Accuracy ]= TrainSVM (Population[i].Chromesone.gene_c.value,
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Fig. 4 Comparison of algorithms under 4-features data
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Table 2 Description of datasets
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Table 3 Example of dataset A
E@Z 5 I CECL RS A% 4 /7
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Table 4 Example of dataset B
=w A ¥k A ERkiRtS A ¥ A A L™
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0 5 LA 261 568 12 15 2.96 144
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Table 5 Experimental data

NCH-NGA-SVM NCH-GA-SVM CH-NGA-SVM CH-GA-SVM

EETE S Time Time Acc Acc Time Time Acc Acc Time Time Acc Acc Time Time Acc Acc
AVG STD AVG STD AVG STD AVG STD AVG STD AVG STD AVG STD AVG STD

200 HEAS 16.51 0.41  0.97 0.010 10.04 1.86 0.97 0.011 2.20 0.12 0.89 0.048 1.55 0.23 0.88 0.042

400 BEA 52.81 0.68 0.96 0.011 28.32 5.48 0.97 0.007 2.45 0.18 0.86 0.019 1.61 0.16 0.86 0.018

5
#2600 FEA107.52 5.13  0.97 0.004 48.28 2.39 0.97 0.004 2.84 0.28 0.85 0.027 1.84 0.15 0.85 0.018
% 800 #EA171.06  2.90  0.98 0.004 90.94 18.01 0.98 0.005 3.71 0.29 0.91 0.022 2.30 0.25 0.90 0.030
A

1 000

b 247.86 3.78 0.98 0.003131.27 25.94 0.98 0.006 3.83 0.37 0.91 0.027 2.58 0.40 0.91 0.027

200 #EAS 16.38 0.41  0.97 0.010 9.86 2.04 0.97 0.010 2.27 0.12 0.89 0.048 1.46 0.13 0.89 0.046
%&moﬁézk 53.29 0.67 0.96 0.011 26.12 4.46 0.97 0.005 2.51 0.17 0.86 0.019 1.58 0.16 0.86 0.017
2 600 FEZA106.34  0.90  0.97 0.004 48.31 2.70 0.97 0.005 2.87 0.25 0.85 0.027 1.81 0.17 0.86 0.017
£ 800 #£4170.25 1.74 0.98 0.004 84.36 20.08 0.98 0.003 3.73 0.33 0.91 0.022 2.27 0.25 0.90 0.019
B

1 000

b 248.83 1.89 0.98 0.003130.26 14.76 0.98 0.004 3.86 0.40 0.91 0.027 2.51 0.24 0.91 0.027
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Fig. 5 Comparison of algorithms under 8-features data
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