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Sparse sample self-representation for subspace clustering

LIN Dahua', YANG Lifeng’, DENG Zhenyun®, LI Yonggang®, LUO Yan’
(1.Guangxi Center for Educational Technology, Nanning 530022, China; 2. Guangxi Key Lab of Multi-source Information Mining &
Security, Guilin 541004, China)

Abstract ; Existing subspace clustering methods do not combine sample self-representation well with affinity matrix
sparsity, for example, by removing disturbances from noise, outliers, etc., when constructing the affinity matrix.
This paper proposes a novel subspace clustering method called sparse sample self-representation for subspace cluste-
ring. This method fully considers the correlation between the samples, and also takes advantage of L,-norm and
L, ,-norm terms to “penalize” the affinity matrix; that is, it conducts sparse sample self-representation for all test
samples, to guarantee every sample can be expressed by any other samples with strong similarity and make it more
robust. The experimental results of the Hopkins155 dataset and some facial image datasets show that the proposed
method outperforms the LSR, SSC, and LRR methods in terms of the subspace clustering error.

Keywords : subspace clustering; spectral clustering; subspace structure; similarity matrix; sample self-representa-

tion
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Fig.1 The subspace clustering effect of SSC, LRR and
SSR_SC on ORL dataset
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The Eighth International Conference on Swarm
Intelligence (ICSI’ 2017)

July 27-August 01, 2017, Fukuoka, Japan

The Eighth International Conference on Swarm Intelligence (ICSI’2017) serves as an important forum for re-
searchers and practitioners to exchange latest advantages in theories, technologies, and applications of swarm intel-
ligence and related areas. The ICSI’ 2017 is the eighth annual event in this high—reputation ICSI series after Bali e-
vent (ICSI’ 2016), Beijing joint event (ICSI-CCI’ 2015), Hefei event (ICSI’ 2014), Harbin event ( ICSI’
2013), Shenzhen event (ICSI’2012), Chongqing event (ICSI’2011) and Beijing event (ICSI’2010). Papers
presented at the ICSI’ 2017 will be published in Springer’ s Lecture Notes in Computer Science (indexed by EI
Compendex, ISTP, DBLP, SCOPUS, Web of Science ISI Thomson, etc.), some hich—quality papers will be se-
lected for SCI-indexed Transaction and Journal (including IEEE/ACM Transactions on CBB, NC, CC, IJSIR,
IJCIPR, etc.).

The ICSI’ 2017 will be held in the center of the Fukuoka City. Historical city, Fukuoka, is the 5th largest city
in Japan with 1.55 million populations and is the 7th most liveable city in the world according to the 2016 Quality of
Life Survey by Monocle. Fukuoka locates at the northern end of the Kyushu Island and is the economic and cultural
center of whole Kyushu Island. Because of its closeness to the Asian mainland, Fukuoka has been an important har-
bor city for many centuries. Today’s Fukuoka is the product of the fusion of two cities in the year 1889, when the

port city of Hakata and the former castle town of Fukuoka were united into one city called Fukuoka.

Website ; hitp;://www.ic—si.org/



