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Face Image Recognition Method Using Non-Convex Mixed‘Norm Error Coding

GUO Junbo , MA Xiang
(School of Information Engineering, Chang’an University®Xi am710064, Shaanxi, China)

[ Abstract] In response to the recognition challenges encounteréd by facedimages in complex environments with noise
pollution, lighting variations, and occlusions, a face recoghition method based on Non-convex Mixed-Norm error
coding (NMN) is proposed. This method unifies the ve¢tor- and matrix-based regression approaches into a single-
regression model. Recognizing the low-rank feature of, thel reconstructed images, nuclear norm constraints are
applied to capture their intrinsic features. The intfoduction of non-convex functions mitigates the bias issues caused
by outliers. To enhance the performance of the models NMN considers label information and imposes constraints
on interclass representations. Finally, in the classification phase, considering both noncontinuous and continuous
errors, we utilized class reconstruction, errors“to discriminate against the to-be-recognized images. Experimental
validation on the Extended Yale B, ORLiwand AR datasets demonstrated that the proposed method exhibited
superior recognition performance in the presence of occluded faces compared with the comparative methods. On the
Extended Yale B dataset, the fecognition rate of the NMN method achieved 80. 40 % when 40% of "baboon” image
occlusion blocks were added “to the test samples, surpassing other comparative methods by at least
11. 68 percentage pointss

[Key words]) face recognition} non-convex function; nuclear norm constraint; mixed norm error coding; complex

environment
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Fig.2 Recognition rates of various methods under

different numbers of training samples
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Table 2 Recognition rates of each method under

different levels of occlusion by black blocks %
SRR

ks 0% 20%M8 0% 40 Bk
SRC 93. 46 89. 67 83. 20 71.23
CRC 92. 28 87.42 79.78 69. 52
RBD-DPL 94. 95 91. 35 86. 48 77.04
LCLRRDL 92.02 86. 93 78. 95 66. 66
NMR 84. 98 79.11 75. 80 74. 86
SR_NMR 95. 35 93. 09 89.53 81.61
LDMR 95. 27 92. 41 89. 26 81.29
DPL-SCSR 93.92 90,52 84. 86 76. 32
NMN 96. 45 94,22 90. 01 81.12
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Table 3 Recognition rates of each method under

different levels of occlusion by "baboon” image %
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SRC 89. 26 83.52 75.27 63. 05
CRC 84. 95 77.04 69. 30 58.03
RBD-DPL 86. 27 80. 79 73. 66 63. 09
LCLRRDL 84. 21 76. 05 68. 11 58. 14
NMR 73.57 71.11 61. 90 58. 33
SR_NMR 90. 05 84. 40 77.00 68.72
LDMR 83. 88 75.41 63. 50 47.27
DPL-SCSR 87.21 80. 80 72.01 63.02
NMN 94. 13 90. 51 86.53 80. 40

3.3 BREEXR

AR ORL A i 45 500 T 4 4 1)
e AR R T ARSI RE. ORL Budl 42 A 4R
Yt PR 4L, ORL ARG B 45 4640 & 40 SR
[ 400 5K EUR, B AN 10 5K R 2158 A J
IR A, ORL £ 48 i3 o0 A EHR & 5 Fos .

E 5 ORL HFEEHHES AR EK
Fig.5 Partial face images from the ORL dataset
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Table 4 Recognition rates of each method under

different numbers of training samples %
T
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HEA A A HEA
SRC 90. 64 94. 58 96. 15 96. 50
CRC 90. 21 91.75 94. 10 94. 75
RBD-DPL 89. 86 93. 17 95. 80 96. 50
LCLRRDL 88. 64 92. 38 93.25 95.12
NMR 88. 29 92. 67 94. 70 95.12
SR_NMR 91. 14 93.75 95. 10 96. 75
LDMR 87.21 90. 58 93. 50 95. 31
DPL-SCSR 89.57 93. 83 95. 80 96. 75
NMN 92. 14 94. 90 97. 50 97. 87
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Fig.7 Recognition rates of each method

under different occlusion rates

AFHE Extended Yale B.ORL F1 AR (324
I TS BEBUEME AT R . X T Extended Yale B
Hdn e BEALIERE 10 sk AR BATE 9 I ZRBeAs . 39
RIERAE R MIKAEA . X T ORL 4 46 B AL
PR 6 Tk NARERAE T I Ze 2, 4% 1) UG A H
MHAREA . X T AR Bl g AR Y 8 5K
TCHEP N RAE I VN ZRREAS . 6 K R BH B2 A4 P 18 A
HMAEEA . NMN A — NS o E L o SHUR
PEAE{10 7,10 *,10 °,10 7,10 1,10, R S AR
XTI R B, SR A R A 8 FrR. i
P 8 HT 1 s o A [7] B89 (L 2 X R 531 25 i AR R Y 5%

9B r

N P

U
8

X .
88| \
94

10 10+ 10 102 10! 10° 10° 10+
a
(a)Extended Yale B

10°

10-* 10! 10° 10~ 10 10 107 10! 10°
a

(b)ORL (c)AR

8 Extended Yale B,ORL #1 AR ##E& FHISHEI B M H 47
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