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Abstract

In this paper, we describe an intelligent method to

detect types of vehicles using Support Vector
Machines focused to the Intelligent Transportation
System (ITS) applications such as in the CCD based
Electronic Toll Collection System (ETCS). This
algorithm can be used the various fields of ITS
applications. Support Vector Machines employed in
this paper has been recently proposed as a very
effective method for 3D image recognition. And our
proposed feature extraction method using the singluar
values that directly come from pixels at input
images. Consequently, The low calculation load and
the high recognition rate in spite of image rotation
and various noises are one of merits of proposed
method.
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{Linear] [Exponential RBF)
32x32 Execution Time 32x32 Execution Time
Tiburon 96.15% 100.1 Sec 88.46% 102.1 Sec
Matiz 53.85% 106.0 Sec 73.08% 98.8 Sec
Galloper 69.23% 105.0 Sec 73.08% 19.7 Sec
Starex 65.38% 104.1 Sec 65.38% 09.0 Sec
Total 71.15% 103.8 Sec 75% 07.4 Sec

¥ 2. Resize® 944 A7|o] ©t& A4 &

Exponential RBF
164x64 | Exeoution Time | 1128x128] | Exeoution Time
Tiburon 100% 102.1 Sec 9231 % 140.2 Sec
Matiz 88.46% 123.9 Sec 100% 148.1 Sec
Galloper 73.08% 127.0 Sec 100% 150.3 Sec
Starex 80.77% 1289 Sec 96.15% 143.3 Sec
Total 85.58% 120.48 Sec 97.12% 145.48 Sec
¥ 3 98" 949 3P4 B Ads
Exponential RBF & 128x128
{90’] Execution Time [180") Execution Time
Tiburon 92.31% 136.5 Sec 96.15% 136.3 Sec
Matiz 96.15% 150.1 Sec 100% 144.3 Sec
Galloper 88.46% 138.5 Sec 100% 138.8 Sec
Starex 96.15% 139.2 Sec 96.15% 138.9 Sec
Total 93.26% 141,08 Sec 98.08% 139.58 Sec
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Exponential RBF
[64x64] Execution Time 128x1. Execution Time
Tiburon 92.31% 1332 Sec 96.15% 156.3 Sec
Matiz 92.31% 114.3 Sec 100% 159.8 Sec
Gall 88.46% 114.3 Sec 100% 157.5 Sec
Starex 69.23% 116.8 Sec 96.15% 156.3 Sec
Total 85.58% 119.75 Sec 98.08% 157.48 Sec
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Exponential RBF
64x64] Execution Time [128x128} Execution Time
Tiburon 76.92% 118.0 Sec 9231% 147.1 Sec
Matiz 53.85% 95.3 Sec 100% 38.9 Sec
Galloper 84.62% 154.3 Sec 100% 43.9 Sec
Starex. 80.77% 12].4 Sec 96.15% 30.1 Sec
Total 81.54% 122.25 Sec 97.12% 140 Sec
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Exponential RBF & [128x128

Recognition Execution Time
Tiburon 80.77% 126.8 Sec
Matiz 76.92% 1236 Sec
Galloper 88.46% 127.6 Sec
Starex 100% 131.3 Sec
Total 86.53% 127.33 Sec
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