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Abstract
In the process of face recognition using regression method, the error is measured by the F-norm.
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This method needs to assume that the pixels are independent of each other, but this assumption is
not true in the case of continuous occlusion. In fact, the error images are spatially related, and the
truncated nuclear norm of the matrix can describe the structural information of the image. By
analyzing the error image, a regression model based on truncated nuclear norm is proposed and
solved by the Alternating Direction Multiplier Algorithm (ADMM). Compared with other existing
regression methods, the method of this paper integrates error detection and error correction into
a regression model. The experiment on Extend Yale B and AR face database also proves the supe-
riority of this method in face recognition.
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Figure 1. Face images under different conditions in Extend Yale B
[ 1. Extend Yale B A BB LM T A E &

ASCE HME R T4 1 AIT4E 2 fE RINREE, XTRIIT4E 4 FIF4E 5 (B Y6 IR 4 F R i A RIR)
fER (I 2, B3 FR), 38 JERR R Z R & 1R 2,

Table 1. Subset 2 as the training group and subset 4 as the test group (%)
1. FE2ERNGETFE 4 EANRARBENEHERAIE(%)

ik LRC CRC SRC CESR RSC SSEC HQ_A HQ M NMR TNMR

P 87.6 88.0 78.4 36.8 80.3 20.6 67.9 75.8 90.2 92.7

Table 2. Subset 1 as the training group and subset5 as the test group (%)
2. FHE VERNGATE 5 EANRARHNE FERAE %)

Ji LRC CRC SRC CESR RSC SSEC HQ_A HQ_M NMR TNMR
Vi 422 35.7 28.8 22.2 36.7 12,5 313 36.8 47.9 66.2
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Figure 2. Partial face images of subset 2 and subset 4
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Figure 3. Partial face images of subset 1 and subset 5
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Figure 4. Face image under different illumination and expression in AR
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Figure 5. Face images with different occlusion in AR
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TREXRTHA I3 BRI SRR R -

Table 3. Recognition rate of each method of wearing scarf to cover (%)

= 3. BEMEEA& T ERAIER (%)

ik LRC CRC SRC CESR RSC SSEC HQ_A HQ_M NMR TNMR
P2 30.7 63.6 57.6 33.8 66.8 24.6 48.7 50.1 735 74.1

Table 4. Recognition rate of wearing sunglasses (%)

4. BERHETTERAE(%)

ik LRC CRC SRC CESR RSC SSEC HQ_A HQ M NMR TNMR
U2 92.8 93.5 94.4 95.0 89.2 88.6 94.7 95.1 96.9 97.2
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