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Sparse representation via deep learning features
based face recognition method

MA Xiao'?, ZHANG Fandong'?, FENG Jufu'”

(1. School of Electronics Engineering and Computer Science, Peking University, Beijing 100871, China; 2.Key Laboratory of Machine
Perception ( Ministry of Education) Department of Machine Intelligence, Peking University, Beijing 100871, China)

Abstract : Focusing on the problems that the traditional sparse representation based face recognition methods are not
quite robust to intra-class variations, a novel Sparse Representation via Deep Learning Features based Classification
(SRDLFC) method is proposed in this paper, employing a deep convolutional neural network to extract facial fea-
tures and a sparse representation based framework to make classification. Experimental results in this paper also ver-
ifies the features extracted from deep convolutional network do satisfy the linear subspace assumption. The proposed
SRDLFC proves to be quite effective and be robust to intra-class variations especially for under-sampled face recog-
nition problems.
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Table 4 Under-sampled Face Recognition Results in CMU PIE ( Training samples per class: 1~7) / %
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2016 8th International Conference on Intelligent Human-Machine

Systems and Cybernetics

As a continuation of IHMSC 2009 to IHMSC 2015, which were held successfully in Hangzhou, Nanjing, and Nanchang etc., the 8th
International Conference on Intelligent Human-Machine Systems and Cybernetics (THMSC 2016) will take place at Zhejiang University in

Hangzhou, China, between 27-28 August, 2016. The aim of this conference is to provide a forum for exchanges of research results, ideas

for and experience of application among researchers and practitioners involved with all aspects of Human-Machine Systems and Cybernet-

ics.
Human-Machine Systems ;
1) Agents and agent-based systems;
2) Artificial Immune Systems ;
3) Artificial Life;
4) Biologically inspired systems;
5) Bioinformatics/ Collective robotics;
6) Computational Intelligence ;
7) Cybernetics for Informatics;
8) Decentralized systems;
9) Distributed systems;
10) Embedded intelligence ;
11) Evolutionary robotics;
12) Fuzzy Systems and Their applications;
13) Genetic and evolutionary computation ;
14) Heuristic Algorithms ;
Website . http://ihmsc.zju.edu.cn/

15) Human-machine interfaces;

16) Human-robot interaction

17) Unmanned systems;

18) Image Processing;

19) Pattern Recognition

20) Intelligent systems ;

21)Interactive and Digital Media;
22)Interactive Design;

23 ) Intelligent Internet Systems;
24)Kansei (sense/emotion) Engineering;
25) Knowledge Discovery and Data Mining;
26) Machine Learning;

27)Machine Vision.



