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Fig. 2 Visual figure of classified results with LS-SVM multi-classifier
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Tab.1 Classified results with LS-SVM multi-classifier

N 4 o t/s o/ %
1 7.914 100 1.795 9 1. 060 807 97.75
2 4,000 600 2.562 0 1.092 007 96.63
3 3.272 518 382.335 6 1. 528 810 98. 88
4 0.263 061 26.356 4 1.419 609 100. 00
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Tab. 2 Classified results with SVM multi-classifier
N bs c t/s o/ %
1 5.656 850 0.062 500 2.964 019 98. 876 4
2 0. 250 000 0.176 777 3.744 024 97.752 8
3 5.656 850 0.062 500 3.120 020 98. 876 4
4 0.707 107 0. 500 000 3.120 020 97.752 8
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Tab. 3 Classified results with BP multi-classifier

o/ %
N — - pr— — t/s
K L S =2k LI
1 0.914 3 0.944 4 1.000 0 94,380 0 1.138 807
2 1.000 0 0.885 7 1.000 0 95.510 0 1. 248 008
3 1.000 0 0.966 7 0.965 5 97.750 0 1. 154 407
4 1.000 0 0.931 0 1. 000 0 97.750 0 1.248 008
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Tab.4 Comparison of different classified methods’ results

LEVRS tay o/ Vo Prax/ 20
BP 1.197 308 96.347 5 97.750 0
SVM 3.237 021 98.314 6 98. 876 4
LS-SVM 1. 275 308 98.315 0 100. 000 0

R TR £ 2 B e 2 UM A VI 2 5 B8 I 0 2R v A R e i IR ALy W o (O B S B. InfT 24 y o
X IO B 9 114 8 E 2 S HE A R DU IR A6 3 B d v 0 S E R R 2Ry S/ NIIRAL y A o O B AR
ZHCWERX RN y B 2 W o SR EBEER B 141y Mo MOV RESHL

3 #Hit

B Xl 1 ok R O T 4 T O 1 A P X L R IE B 1)L S S T — R T R/ TR A ) R B
>0 B35 B0 A R PP ISR RIS L T B R 2 A o S i AL I 4 X A 2 T AT R,

I BP it 228 [0 28 s i SR 1) S AL R R/ 3R SO [l R 3 23 S HE R R s AT I R fe
TR S 1] i ILF 49 43 S 1 25 e e o BT RE I 3 A0 B 23 S ME R R 10006, by st AT L B/ TR S A )
o HLAEARE 300 S 1) L R B (L e (432 AL P BB SR Aifp B B2 DI SR P i 1) 3 3 B A A

12 52 SCY5 U J5 125 e UG 3T) 2R BORZ 2 ORI Zh o R 2 A 3. — X — "Ik O 20070 R e 5
BRI T ARG A9 7 vk s OIS (RS BE W 3l A 2B B H A BB . e/ R SR 1) B HILRE B ey
M figp DR /INVBEAS A S S5 S B TR 7 4 T i SO R B AR RN T

S & k-

(1] BR5ERWIL. Xz, 55 5L Tt A% B 4 00 28 (0 28 2 B BOR LT 1. ARl ML 2% 4 2003, 34(6) : 104-106.

[2] RAPTIS C G,SIETTOS C I, KIRANOUDIS C T,et al. Classification of aged wine distillates using fuzzy and neural
network systems[ ] ]. Journal of Food Engineering,2000,46(4) :267-275.

[3] CORTEZ P,CERDEIRA A, ALMEIDA F,et al. Modeling wine preferences by data mining from physicochemical
properties[ J |. Decision Support Systems,2009,47(4) :547-557.

[4] BELTRAN N H,DUARTE-MERMOUD M A, et al. Feature extraction and classiication of Chilean wines[J]. Jour-
nal of Food Engineering,2006,75(1) :1-10.

[5] SUYKENS ] K,VANDEWALLE J. Least squares support vector machine classifiersJ]. Neural Processing Letter,
1999,9(3) :293-300.

[6] VAPNIK V N. The nature of statistical learning theory[ M ]. New York:Pringer-Verlag,1995.



%1 R, G5 — T d /N T SRR ) B ALY A 2 5 A 2 35

[7] VAPNIK V N. Statistical learning theory[ M ]. New York:Pringer-Verlag,1998.

[8] HE Xi-sheng,ZHE Wang,Cheng Jin,et al. A simplified multi-class support vector machine with reduced dual opti-

mization[ J ]. Pattern Recognition Letters,2012,33(1):71-82.

[9] CRISTIANINI N,SHAWE-TAYLOR J. An introduction to support vector machines and other kernel-based learning

methods[ M ]. Cambridge: The Press Syndicate of Cambridge University,2000.

L10] 7% 22 K, SR 3. FRM 4 F AR S 8 5 1w M. dbeat . b [ i g i jiat: , 2009,

[11] WANG Tai-yue, CHIANG Huei-min. One-against-one fuzzy support vector machine classifier: An approach to text
categorization[ J |. Expert Systems with Applications,2009,36(6):10030-10034.

[12] RFIC, WAL, KA 5 45, 20002 LS-SVM B3t 558 & PR vk 97 i L 1. 3¢ 8 98 4 H0OR “7 Be 27 i, 2003, 14 (3)
12-15.

[13] VEENMAN C J,BOLCK A. A sparse nearest mean classifier for high dimensional multi-class problems[ ] ]. Pattern
Recognition Letters,2011,32(6) :854-859.

(147 BRIENERE T2 55, 270 3R A LTE R 40 ALE R 2 Wb i i LT A Bl . 2009,37(11) : 63-65.

[15] LI Xiao-li, NIE Peng-cheng, QIU Zheng-jun, et al. Using wavelet transform and multi-class least square support
vector machine in multi-spectral imaging classification of Chinese famous tea[ J]. Expert Systems with Applica-
tions,2011,38(9) :11149-11159.

[16] FU Jui-hsi, LEE Sing-ling. A muti-class SVM classification system based on learning methods from indistinguisha-
ble chinese official documents[J]. Expert Systems with Applications,2012,39(7):3127-3134.

(171 s, E/PN ARG 3. MATLADB 22 W 2% 30 A2 B 23 LML b 5T Jb S0 28 0 R K Hh ikt . 2010,

[18] CHELOUAH R,SIARRY P. A hybrid method combining continuous tabu search and Nelder-Mead simplex algo-
rithms for the global optimization of multiminima functions[J]. European Journal of Operational Research, 2005,

161(3) :636-654.

An Evaluation Model of Wine Quality Based on
Least Square Support Vector Machine

WU Rui-hong, WANG Ya-li,
ZHANG Huan-chong, WANG Xian-fang

(School of Computer and Information Technology, Henan Normal University, Xinxiang 453007, China)

Abstract: In this paper, the wine dataset from UCI databases is preprocessed and radial basis function is adopted as the
kernel function of least square support vector machine (LS-SVM). And then a multi-classifier is designed from LS-SVM
according to one-against-one algorithm. In addition, the cross-validation method is used to optimize parameters and the
wine quality evaluation model is built. Meanwhile, LS-SVM is used in the wine quality evaluation and compared with the
evaluation methodology based BP (back propagation) neural network and standard support vector machine. Simulation re-
sults show that the LS-SVM can achieve higher accuracy than BP neural network and standard support vector machine,
with a highest 100% rate.

Keywords: least square support vector machine; wine; multiple classifier; cross validation; quality evaluation
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