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Abstract Dictionary learning is one of the most important feature representation methods. It has a
wide range of applications in face recognition and other aspects. It is particularly suitable for solving
face recognition problems under the change of pose, and has attracted much attention from many
researchers. In order to enhance the discriminative ability of dictionary, researchers have put forward
a large number of dictionary learning models in combination with domain knowledge and anti-noise
strategies, including the recently proposed methods for simultaneous dimensionality reduction and
dictionary learning, but these methods focus on the specific-class samples and fail to consider the
sharing information between training samples. Therefore, we propose a fast low-rank shared
dictionary learning with sparsity constraints approach. The method learns dimensionality reduction
and dictionary jointly, and embeds Fisher discriminant criteria to obtain specific-class dictionary and
coding coefficients. At the same time, we enforce a low-rank constraint to obtain the low-rank shared
dictionary to enhance the discriminative ability of dictionary and coding coefficients. In addition, the
Cayley transform is used to protect the orthogonality of the projection matrix to catch a compact
feature set. Face recognition experiments on AR, Extended Yale B, CMU PIE, and FERET datasets
demonstrate the superiority of our approach. The experimental results show that the proposed method
has strong robustness to face recognition under facial expression changes, and plays an inhibitory role
in lighting. It is especially suitable for solving small sample problems under illumination and

expression changes.
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Fig. 1 The relationship between variables in term (8)
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Fig. 2 The relationship between variables in term (9)
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Fig. 5 The convergence of FLRSDLSC on AR dataset
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Fig. 6

Sample images of the first subject from
Extended Yale B dataset
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Table 5 Recognition Rate on Extended Yale B Dataset
% 5 7 Extended Yale B #{#5 & THiR 51 &

Method REC+STD/ %
SRC 90.2140. 68
LCKSVD 88.4440.97
FDDL 94.4140. 64
LRSDL 95.23+0. 67
SEDL 96.6010. 62
FLRSDLSC* 96.84+0. 64
FLRSDLSC 97.1540. 64
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Fig. 7 Recognition rate under different dimensions
of features on Extended Yale B dataset
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Table 6 Recognition Rate with Different Number of
Training Samples on Extended Yale B Dataset

% 6 Extended Yale B H{#E& T TR B E Ml SRR

S
REC+STD/%
Number
FDDL JDDRDL SEDL FLRSDLSC
5 68.64+2.0 70.44+1.9 70.3+1.7 78.4+1.4
10 83.5+1.8 85.1+1.5 86.2+1.2 90.9+1.0
20 94.440.6  95.740.6 96.620.6 97.2+0.4
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Fig. 8 Sample images of the first subject from CMU
PIE dataset
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Table 7 Recognition Rate on CMU PIE Dataset
&7 CMU PIE #iR& TR A%

SORR YN AR TN Ll

Method REC+STD/%
SRC 93.0240. 41
LCKSVD 81.4640. 22
FDDL 92.3340. 51
LRSDL 93.3440. 26
SEDL 93,4020, 42
FLRSDLSC* 93.7240. 34
FLRSDLSC 94, 2140. 11
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Fig. 9 Recognition rate under different dimensions
of features on the CMU PIE dataset
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Fig. 10 Sample images from FERET dataset
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Table 8 Recognition Rate with Different Number of
Training Samples on FERET Dataset
%®8 FERETHBETARYEMINEHEENIRFNE

Method REC£STD/ %
SRC 79.040.51
LCKSVD 74.040.23
FDDL 74.040. 67
LRSDL 77.0240. 56
SEDL 82.5+1.21
FLRSDLSC* 82.040. 16
FLRSDLSC 83.040.78
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Fig. 11 Recognition rate under different dimensions of

features on FERET dataset
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Table 9 Recognition Rate with Different Numbers of

Training Samples on AR Gender Dataset

£9 ARMINHEET TR M GHERNIRFE

Method REC+STD/%

SRC 87.0940.93

LCKSVD 88.44£0.97

FDDL 92.9141.84

LRSDL 93.2140.57

SEDL 93.90+2.11
FLRSDLSC* 93.80%1.21
FLRSDLSC 94.134+1.28
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