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Abstract: Pose and illumination changings from picture to picture are two main barriers toward full automatic
face recognition. In this paper, a novel method to handle both pose and lighting conditions simultaneously is
proposed, which calibrates the pose and lighting to a predefined reference condition through an illumination
invariant 3D face reconstruction. First, some located facial landmarks and a priori statistical deformable 3D model
are used to recover an elaborate 3D shape. Based on the recovered 3D shape, the “texture image” calibrated to a
standard illumination is generated by spherical harmonics ratio image and finally the illumination independent 3D
face is reconstructed completely. The proposed method combines the strength of statistical deformable model to
describe the shape information and the compact representations of the illumination in spherical frequency space,
and handles both the pose and illumination variation simultaneously. This algorithm can be used to synthesize
virtual views of a given face image and enhance the performance of face recognition. Experimental results on CMU
PIE database show that this method can significantly improve the accuracy of the existing face recognition method
when pose and illumination are inconsistent between gallery and probe sets.
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Table 1 The recognition results on the original images and the pose normalized images in the 4 different
pose sets of CMU-PIE database with Gabor PCA add LDA recognition strategy
and the comparison with Eigen Light Fields

1 CMU PIE 4 Gabor PCA + LDA
Method GPCA+LDA with GPCA+LDA with ELF method" "’ (3-Points ~ ELF method" " (Multi-Points
Pose set original images (%) normalized images (%) normalization) (%) normalization) (%)
Pose set 29 82.3 97.1 86 56
Pose set 05 97.1 98.5 88 94
Pose set 11 353 95.6 76 88
Pose set 37 55.9 88.2 74 88

Table 2 Recognition performance comparison between using the original landmarks labeled
manually and the imprecise landmarks added Gaussian noises of CMU PIE database
with correlation recognition strategy

2 CMU PIE 3 3
\W Landmarks labeling Landmarks added Gaussian noises (%)
Pose set manually (%) (u=0;0=1.0) | (u=0;g=1.5) | (u=0;9=2.0) | (u=0;9=2.5) | (u=0;9=3.0)
Pose set 29 63.24 64.71 64.71 64.71 63.24 60.29
Pose set 05 76.47 76.47 75.00 75.00 76.47 77.94
Pose set 11 54.41 54.41 51.47 51.47 57.35 55.88
Pose set 37 58.82 58.82 60.29 60.29 58.82 60.29
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