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Fisher Discriminative Constraint Dictionary Learning Algorithm Based on Profiles
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(1. Industrial Training Center, Guangdong Polytechnic Normal University, Guangzhou., 510665, China; 2. Bio-Computing Re-
search Center, Shenzhen Graduate School, Harbin Institute of Technology, Shenzhen, 518055, China; 3. Fujian Provincial Key
Laboratory of Information Processing and Intelligent Control ( Minjiang University) , Fuzhou, 350121, China; 4. School of Auto-
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Abstract;: To improve the discriminative ability of the coding coefficients, the Profiles (the line vectors of coding
coefficients matrix) of Fisher discriminative dictionary learning (PFDDL) is proposed. Firstly, the Profiles can in-
dicate the corresponding atoms which are used by the training samples to encode in the dictionary learning, and an
adaptive method is proposed to construct the labels of atoms. Since there are one-to-one correspondences between
the Profiles and atoms, then the Fisher discriminative criterion is imposed on the Profiles so that they have small
within-class compactness but large between-class separability. Thus, it can encourage the atoms of the same class
to reconstruct the training sample of the same class, and enhance the discriminative ability of the coding coeffi-
cients, then improve the performance of dictionary learning. Experimental results show that the PFDDL algorithm
can achieve better classification performance than other sparse coding and dictionary learning algorithms on the
three face and one handwriting databases.
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Fig. 2 Some samples from AR face database
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Tab.1 Average recognition rates, computing time for training a dictionary and average time of classifying test sample

on AR database

Bk CRC SRC FDDL SVGDL LCLE-DL PFDDL
WA/ % 71.3 70. 6 74.7 73.6 73.5 77.6
YIZRR(a] /s 3e+4 7e+3 100 70
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Fig. 3 Some samples from LFW Crop database

% 2 LFW Crop B#EEFHIRME, JIGF RN EFSE 1 DR FHEE
Tab.2 Average recognition rates, computing time for training a dictionary and average time of classifying test sample
on LFW Crop database

Bk CRC SRC FDDL SVGDL LCLE-DL PFDDL
P/ % 24.6 23.5 24. 2 22.8 25.2 29.1
YL Bt 1] /s 642 176 4 4
T3k B[] /s 3. 4e—3 0.5 0.9 8.5e—5 8.9e—4 0.9
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Tab.3 Average recognition rates, computing time for training a dictionary and average time of classifying test sample
on FERET database

Bk CRC SRC FDDL SVGDL LCLE-DL PFDDL
PR/ % 53.6 56 62.8 58. 4 57.6 64.1
YIZREE] /s 6.6e+3 639 12 11
W3] /s 7.5¢—3 8 2.2 2.2e—4 1.3e—3 2.2
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Fig. 5 Some samples from USPS database
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Tab.4 Average recognition rates, computing time for training a dictionary and average time of classifying test sample

on USPS database

ok CRC SRC FDDL SVGDL LCLE-DL PFDDL
P/ % 89.5 90. 1 90. 2 88.6 90. 0 91.8
Y ZRBf ] /s 86 70 12 9
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