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Face Recognition Combining Null Space Approach and Kernel PCA
Including Fractional Power Polynomial Models

GUO Kai, FU Yongsheng, LENG Yan, HOU Jian

(Institute of Signal and Information Processing, Shandong University, Jinan 250100)

Abstract This paper presents a novel KPCA+Null Space method by integrating the kernel PCA method and the null space of the within-class
scatter matrix. The kernel PCA method which extends to include fractional power polynomial models first derives nonlinear features of face samples,
then this paper constructs the null space of the within-class scatter matrix, and calculates the optimal discriminating vectors by maximizing the
between-class distribution, after the projection of the samples onto the optimal discriminating vectors, it can obtain the optimal discriminating feature
vectors. The test results show that the KPCA+Null Space method is superior to Fisher face method in terms of recognition accuracy and stability to
the variations between the images of the same face due to illumination, expression and viewing direction.
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KPCA+ p
0.2 04 0.6 0.8 1 2 3
2 62.00 | 59.42 | 58.08 | 57.06 | 55.54 | 46.32 | 37.88
3 73.78 | 75.62 | 7591 | 76.00 | 75.13 | 66.67 | 59.24
4 82.43 | 83.80 | 84.63 | 84.68 | 84.38 | 74.26 | 69.74
5 83.07 | 85.29 | 86.22 | 86.57 | 86.50 | 8329 | 74.57
6 79.50 | 85.25 | 88.09 | 89.98 | 89.92 | 87.58 | 82.75
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5 9555 | 9523 | 95.54 | 96.68 | 96.04 | 95.12 | 94.37
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