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Abstract By utilizing support vector machines, an iterative feature selection method is proposed for multi-
view face recognition. vector machines. According to the statistical relationship between the two tasks,
feature selection and multi-class classification, the two tasks are integrated into a single consistent
framework and the goal of feature selection is realized effctively. The classification process can be made
more fast without degrading the generalization performance through this iterative feature selection method.
The experiments conducted on the UMIST multi-view face database show that this iterative feature
selection method can speed up the multi-view face recognition process without degrading the generalization

performance.
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WiRHEHE(%)
2 & xEsf BER
M=0 M=1 M=5 M=10 M=20 M=50 M=100 M=500 M=1000

9000 98.209 98.209 98.209 98.209 98.209 98.209 98.209 98.209 98.209
8000 98.209 98.209 98.209 98.209 98.209 98.209 97.910 97.910 98.209
7000 97.910 97.910 97.910 97.910 97.910 97.910 97.910 97.910 97.910
6000 97.612 97.612 97.612 97.612 97.612 97.910 97.612 97.612 97.612
5000 97.612 97.612 97.612 97.612 97.612 97.612 97.612 97.612 97.612
4000 97.612 97.313 97.313 97.313 97.313 97.313 97.313 97.313 97.313
3000 97.313 97.313 97.313 97.313 97.313 97.313 97.313 97.313 97.015
2000 96.716 97.015 97.015 97.015 97.015 97.015 97.015 97.313 97.313
1000 92.836 97.015 97.015 97.015 97.015 97.015 96.716 96.716 94.925
500 91.343 96.716 96.119 96.418 96.418 96.418 96.418 95.522 -
200 80.299 95.821 96.418 96.119 96.418 94.328 95.821 - -
100 56.418 96.119 95.821 95.821 94.925 96.119 94.328 - -

90 54.328 96.119 95.522 95.522 - - - - -

80 51.642 95.821 95.224 95.522 94.627 - - - -

70 49.254 95.224 95.224 94.627 - - - - -

60 " 48.258 95.524 92.836 92.239 94.030 - - - -

50 48.955 94.627 93.731 89.254 - 93.433 - - -

40 48.657 94.030 91.940 89.851 91.343 - - - -

30 52.239 91.642 88.657 85.373 - - - - -

20 54.030 88.657 86.567 84.478 77.612 - - - -

15 51.940 81.194 75.821 - - = - - -

10 31.343 63.582 67.761 68.060 - - - - -
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