38 H2H

FEBERE S B Vol. 38 No.2

2023 4F 4 J Journal of Tianjin University of Science & Technology Apr. 2023

DOI:10.13364/j.issn.1672-6510.20220114

ETwMLEIRSMER/N =

e S % I N e C i S & -
(1. KRR RN TR EFE, K 300457; 2. JEES ) ORH) RHEAFRA R, K 301799)

 E. L#F@EM (support vector machine, SVM) id i 25 My WUFe e MM AR BEA ) 32 S 3 g {2 K it A2 B
2 M =3 # @ &L (least squares support vector machine, LSSVM) K g a4 % — 4125 P 5 #2240, - K fg sk Rin 5
T SVM. &, 454 LSSVM 2wk T HAR LSRR EHF 0. h T ArE BHIFEAHH, ABFRA LSSVM 4,
N IR B 7 £ 5 KALIE B AL IE DA, M E A #7469 LSSVM A4 (LSSVM rv #= LSSVM rm rv &) . iZ4%
AR AL T ARYE SIS 0 o A A AEM ALY | 5 K2R FAF 5 3B P AR — 40 2k oy 2, i SR AR, R
FAL 3ot —F I B R AR a9 4R AU | 545 % SVM A= LSSVM A8k, 2 6 AN IBEE Lo K EAM T A PTRS, FF
B AT KB4,

KR 2 BN IFFIEL; RRS Z21bAR

RESES: TP39I XHERER: A MEHE: 1672-6510(2023) 02-0056-07

Least Squares Support Vector Machine Based on Optimal
Margin Distribution

ZHANG Chuanlei', WU Mengyan', KE Ting', WANG Bo®, WANG Wei’
(1. College of Artificial Intelligence, Tianjin University of Science & Technology, Tianjin 300457, China;
2. Sitonholy (Tianjin) Technology Co., Ltd., Tianjin 301799, China)

Abstract: Support vector machine (SVM) constructs a model by minimizing structural risk. The model is simple and easy to
understand, but its solution process is complex. By contrast, the least squares support vector machine (LSSVM) solves a
group of linear equations, and its efficiency is much higher than that of SVM. However, the traditional LSSVM ignores the
influence of sample points to hyperplane distribution. In order to fully consider the distribution of data, this study starts from
LSSVM and adds the regularization term of minimizing distance variance and maximizing distance mean to construct a new
LSSVM model (LSSVM_rv model and LSSVM_rm_rv model) . The advantage of this model is that it is built according to
the distribution characteristics of data, and the classification effect is better. The dual problem is still a group of linear equa-
tions, but the computational cost is small. A large number of numerical experiments have further proven the superiority of the
new model. Compared with traditional SVM and LSSVM, the classification accuracy on the six data sets has been improved
and has saved a lot of training time.
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%

Klite SVM LSSVM LDM ODM LSSVM rv LSSVM rm rv
Sonar 85.24£5.19 89.76 + 3.85 86.19 +3.81 86.67 +4.01 89.52+£3.72 90.48 +3.69
Heart-statlog 84.44 +£4.70 84.26 £ 4.16 84.63 +2.04 83.52 +5.00 84.44 + 3.81 84.26 +3.82
House-votes 95.98 + 1.65 96.21 +1.99 96.32 +2.23 93.79 £2.07 97.01 +1.72 97.01 +1.72
Breast 94.09 + 1.55 96.42 +1.48 94.53 +2.12 96.57 + 1.60 96.79 + 1.14 97.23 +1.34
Australian 85.80 +2.08 86.74 £ 2.00 86.38 +2.42 86.67 +2.36 86.38 £2.77 86.59 +2.23
Diabetes 77.53 +2.50 77.66 +2.76 76.88 +2.47 74.81 +2.53 77.73 £2.29 77.60 +2.57
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Sonar 0.001 6 = 0.000 5 0.008 9 +0.000 8 0.1576+0.128 0 0.010 8 £ 0.000 9 0.019 0 £0.001 2 0.016 7+ 0.001 3
Heart-statlog 0.001 7 +0.000 5 0.017 6 £ 0.005 4 0.3703 £ 0.028 4 0.012 8 +£0.001 1 0.098 6 +£0.1757 0.038 3 £0.024 7
House-votes 0.001 8 £ 0.000 6 0.024 6 £ 0.005 2 0.558 5+0.049 0 0.815 0+ 0.090 2 0.055 7+ 0.002 6 0.056 3 +£0.006 8
Breast 0.003 5+0.001 0 0.130 6 £ 0.220 3 0.959 0 +0.099 3 1.5461+0.034 3 0.108 0 = 0.006 4 0.111 6 £0.0110
Australian 1.9329+0.8175 0.0742+0.078 1 0.696 0 +0.188 4 0.1545+0.019 8 0.102 7 +0.004 7 0.1148+0.010 0
Diabetes 0.008 3 +0.001 4 0.053 5 +0.006 4 1.0174 +0.070 7 0.254 6 + 0.031 5 0.120 3 +£0.008 0 0.1275+0.012 9
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