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Feature Selection Method Combined with Multi-manifold Structures and Self-representation

YI Yu-gen',LI Shi-cheng' ,PEI Yang' ,CHEN Lei' and DAI Jiang-yan®
1 School of Software,Jiangxi Normal University, Nanchang 330022, China
2 School of Computer Engineering, Weifang University, Weifang, Shandong 261061, China

Abstract Feature selection is to reduce the dimension of data by removing irrelevant and redundant features and improve the effi-
ciency of learning algorithm. Unsupervised feature selection has become one of the challenging problems in dimensionality reduc-
tion. Firstly,combining self-representation and manifold structure of features,a Joint Multi-Manifold Structures and Self-Repre-
sentation (JMMSSR) unsupervised feature selection algorithm is proposed. Different from the existing approaches,our approach
designs an adaptive weighted strategy to integrate multi-manifold structures to describe the structure of features accurately.
Then,a simple and effective iterative updating algorithm is proposed to solve the objective function,and the convergence of the
optimization algorithm is also verified by numerical experiments. Finally, experimental results on three datasets (such as JAEEF,
ORL and COIL20) show that the proposed approach exhibits better performance than the existing unsupervised feature selection
approaches.

Keywords Feature selection, Adaptive weighted, Multi-manifold structures, Self-representation
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Table 2 Details of databases

B A JE 4 BHAD HAEAHK KA #

JAFFE 3232 213 10
ORL 32X32 400 40

COIL20 32X 32 1440 20

(b)ORL

@obbBAAAAN

(e)COIL 20

F1 Bl e v i o3 s i

Fig. 1 Samples from three databases
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Table 3 ACC of different methods on three databases

ok JAFFE ORL COIL20
Baseline 0.78734+0.0228 0.75260.0439 0.55274+0.0271
LS 0.8343+0.0630 0.785040.0310 0.5984+0.0246
SPEC 0.8521+0.0708 0.80300.0756 0.61280.0476
UDFS 0.87424+0.0823 0.83400.0447 0.6325+0.0289
RUFS 0.8864+0.0781 0.8300+0.0542 0.6408+0.0484
RSR 0.872840.0518 0.8310+£0.0378 0.64860.0272
MRSR 0.887440.0456 0.84624+0.0434 0.65204+0.0251
L1UFS 0.8994+0.0609 0.8622+0.0589 0.6657+0.0354
JMMSSR 0.9123+£0.0403 0.8745%0.0339 0.6792+0.0238

F 4 ARFEIFELE 3 ADBIEE LHE L EE S
Table 4 NMI of different methods on three databases

RS JAFFE ORL
Baseline 0.8213+0.0140 7964+0.0310 0
LS 0.875640.0301 813840.0455 0
SPEC 0.882840.0614 8318+0.0228 0.72454+0.0128
UDFS 0.892740.0357 858340.0238 0.724440.0167
RUFS 0.8914£0.0448 858840.0316 0.748640.0096
0 0
0 0
0 0
0 0

COIL20
.703540.0131
L706840.0122

RSR .895240.0276 860040.0298 .746340.0163
MRSR .900940.0243 8736+£0.0225 .750040.0228
LIUFS .907440.0401 898740.0254 .759240.0202

JMMSSR .9193%0.0237 9116£0.0210 .7684£0.0159
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Fig. 2 Curves of ACC vs feature dimension of different methods
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Table 5 Best feature dimension of different methods on three

databases

R JAFFE ORL COIL20
Baseline 1024 1024 1024
LS 110 280 400
SPEC 390 170 340
UDFS 140 370 130
RUFS 500 140 360
RSR 500 270 470
MRSR 480 350 470
L1UFS 400 170 220
JMMSSR 130 180 380
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Fig. 3 Convergence curves of our method on three databases
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