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Abstract: A new method of feature selection is proposed to remedy several drawbacks with the existing
unsupervised feature reduction method which only utilize the single subspace approach or feature
selection method and ignores the inherent correlation within data. Specifically, a novel feature self-
representation loss function is proposed to conduct unsupervised learning and feature selection by
combining a sparse regularization (/,,-norm). And then, subspace learning method and low rank
constraint with graph regularization are embeded into the model, to take into account of the global
structure and local structure of the data, respectively. Experimental results show that the presented
algorithm can achieve better results than some selected comparison algorithms.
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(a) COIL20%#E4: (b) ISOLET##E4E
2

Fig.2 Accuracy of the different parameters under the histogram

SOGFS 18.11 , K -means
28.35 o 3 ; LFSR ,
11.03 , 6.3 , K -means 14.89
LFSR s
P s
2
Tab.2 Accuracy statistics %
K -means PCA LPP RSR SOGFS LFSR
COIL20 54.65 56.18 56.39 61.67 56.32 75.28
ECOLI 45.24 61.90 53.27 63.10 55.06 77.08
ISOLET 53.83 61.22 63.40 65.96 61.35 70.02
MOVEMENT 42.72 50.28 60.89 62.78 63.89 71.72
UMIST 41.39 43.13 63.13 47.30 42.61 73.22
USPS 38.06 68.10 56.30 73.20 58.10 78.70
45.98 56.80 58.89 62.33 56.22 74.33
3
Tab.3 Mutual information statistics %
K -means PCA LPP RSR SOGFS LFSR
COIL20 69.48 70.77 73.78 61.67 72.37 82.64
ECOLI 43.27 52.13 50.30 50.93 49.44 61.75
ISOLET 63.49 70.14 71.96 71.60 72.15 73.04
MOVEMENT 52.05 56.89 57.60 54.99 55.22 58.35
UMIST 64.61 66.04 76.51 65.68 63.18 85.77
USPS 51.32 61.60 65.76 63.10 55.03 68.05
57.37 62.92 65.96 61.32 61.23 72.26
o ) LFSR
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