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Vehicle Type Recognition by Ushg Support Vector M achne SW

X AO Han-guang“?, CA ICong-zhong"?, [WANGW an-i]’

(1 Deparment of Applied Physics, Chongging U niversity, Chongging 400030, Ching
2 Deparment of Computational Science, National University of Singgpore, Singgpore 117543)

Abstract: The SupportV ector M achine (S/M) has shown excellent leaming and generalization ability in the practice
problensof binary classification, and has been widely employed in multi-class classification Based on the framewnork
features of the vehicles, the /M isused b classify 4 typesof vehicles The reaults of the /M are compared with
that of different classifiers. The testing accuracy to this vehicle dataset reaches85 59% by meansof 9-fold cross-valida-
tion which demonstrates that the classification performance of S/M  is superior o those of other classifiers

Key words support vector machine(S/M ) ; vehicle recognition; franework feature
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Image Recognisng Based on Support Vector M achine

HE Jiang-ping , W EN Jun-hao’, DENG Tian-jie’, WANG D ao-gian’
(1 School of M athamatical Sciences, Chongging Institute of Technology, Chongging 400050, China;
2 S<chool of Sofvare Engineer, Chongging U niversity, Chongqing 400030, Ching
3 Sofware Ingtitute, Nanjing University, Nanjing Jiangsu 210093, China)

Abstract: Support vector machine is the uniform method of statistical learningmethod, and has become more and more
popular in research field Support vector machine has achieved excellence in pattem recognition and text classification
for its high perfomance in veracity Support vector machine method was used © process sveral B inary image and Gray
scale image and got a good statistical result A strategy to select feature vectors has been found out, and the criterion
judge the reaults are discussed Campared with other methods, the mportant conclusion was draw: it perfom s perfectly
in statistic when using support vector machine t detect the mage edge

Key words support vector maching, image recognising, edge detection; dtatistical learning, digital image processing



