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Algorithm with Discriminative Analysis Dictionary Learning by Fusing Extreme Learning Machine

WANG Jun-hao, YAN De-qin, LIU De-shan and XING Yu-jia

School of Computer and Information Technology, Liaoning Normal University,Dalian, Liaoning 116033, China

Abstract Recent researches have shown that the speed advantage of extreme learning machine (ELM) and the accuracy advan-
tage of discriminative dictionary learning (DDL) in the area of image classification. However these two methods have their re-
spective drawbacks,in general, ELM is known to be less robust to noise while DDL is known to be time-consuming. In order to u-
nify such mutual complementarity and further enhance the classification performance, we propose a discriminative analysis dic-
tionary learning fusing extreme learning machine model in this paper. More precisely, the iterative optimization algorithm is used
to learn the most optimal discriminative analysis dictionary and extreme learning machine classifier. In order to verify the effect of
the proposed algorithm,the face data is used for classification. Experiments demonstrate that our method achieves a better per-
formance than the state-of-the-art dictionary learning algorithms and extreme learning machine in a variety of image classification
tasks.
Keywords Extreme learning machine, Discriminative dictionary learning, Analysis dictionary learning
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Table 1  Classification accuracy and computing time on YaleB

face database

#x HFE/ Y I GEEE/s MR E/s

SRC 95.21 0.00 186. 80
LC-KSVD 96. 60 43.29 0.32
LCLE-DL 97.31 4.81 0. 36
SLC-ADL 97. 80 1.15 0.07

SADL 95.05 325.61 0.06
ADL-AELM 98.00 1.29 0. 05
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Fig. 2 Classification accuracy with different numbers of training on

YaleB face database
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Table 2 Classification accuracy and computing time on AR Face

database
Hk wHE/ Y I GEE /s TR EE /s
SRC 92.33 0 110.97
LC-KSVD 89.50 10. 39 0.15
LCLE-DL 91. 38 3.87 0.14
SLC-ADL 97.20 1.41 0. 14
SADL 95. 83 753. 80 0.05
ADL-AELM 97.20 5.09 0.16
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Fig.5 Classification accuracy with different numbers of training on

AR face database
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Table 3 Classification accuracy and computing time on ORL Face

database

ik HHE/ N

Gk EtE /s AR ETE /s

SRC 93.50 0 9.31
LC-KSVD 96. 00 0.65 0.03
LCLE-DL 89. 00 0.16 0.02
SLC-ADL 96.50 1.50 0.11

SADL 87.50 22.88 0.01

ADL-AELM 98.00 7.37 0.21
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Fig. 8 Classification accuracy with different numbers of training on

ORL face database
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Table 4 Classification accuracy and computing time on LFW Crop
Face database
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Fig. 11  Classification accuracy with different numbers of training on

LFW Crop face database
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Fig. 12 Classification accuracy with different numbers of hidden

neurons on LFW Crop face database
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