ISSN 1004-9037,CODEN SCYCE4 http://sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 33, No. 3,May 2018, pp. 504 —511 E-mail: sjcj@nuaa. edu. cn
DOI:10. 16337/;. 1004-9037. 2018. 03. 014 Tel/Fax: +86-025-84892742
© 2018 by Journal of Data Acquisition and Processing

& T /N A Y S 4B 35 B 7 5l 53 47 A
PR K A REE ERK

(L MR R 2 5 H AR 2B 770, 215006 5
2. RN R AE LR 2 2T 5 28 T3 W PR PRI 5 S 30 %L 95 . 215006)

i) s A —FF R EgEFT R ERTIHRGEEAEEEN AR S kdd N BHEAN
»}'J%'Jx.éri SRR TRAFO a8 R, 2 E G kAL EN, E KLATFREAEFEHRE
HEBFERTFHPA LN ERNIZFT RGBF IR EALELEINELAEELE NGRS E—TRE
AR T R, A A ELAARE ALRETEATIHERGRABRBARN ST R, 6L
B ANEREFRFEER PR E K ANLALE REHEAX KA £ RILALEFfo K A £ 8] 248 5 Rk
MERARER  XETAHRAZATRARESEAS LA FESASL . EXBHR., REZS FER
ARBHGEFER P IAT EMELE BN R EIESE AMIERACIFR R IEERA L S8 £ ML,
# Yalefe ORL AR B HEE LT ER 5 R K7 kA, &R AR ARSI B e E R T 4 K 6h W AR
BB AR ST kB FE EAF e g R .

KER . ARRA IS H) B oA WARAE B & 4

fFES%KS . TP391 XERFERERG A

Double Adjacent Graph-Based Discriminant Analysis for Small Size Sample
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boratory of Machine Learning and Neuromorphic Computing, Soochow University, Suzhou, 215006, China)

Abstract: As a common dimensionality reduction method, the supervised Laplacian discriminant analysis
(SLDA) for small size sample achieves a good result of dimensionality reduction via graph embedding dis-
criminant neighborhood analysis. However, when SLDA finds the inter-class and intra-class data points
in K nearest neighbors, there might exist an imbalance problem. Additionally, SLLDA does not fully con-
sider the inter-class information, which may decrease the performance of SLDA to a certain extent. To
address the two problems mentioned above, we propose a double adjacent graph-based discriminant anal-
ysis (DAG-DA) algorithm for small size sample. Firstly, the algorithm tries to find K nearest neighbors
in inter-class and intra-class samples, respectively, and then uses these K inter-class neighbors and K in-
tra-class neighbors to construct the double adjacent graph. In this way, we can ensure that the adjacent
graph contains both the inter-class and intra-class data points and has the same number. Secondly, the al-

gorithm tries to add the intra-class Laplacian scatter matrix into the objective function of SLDA. Thus,
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the projection matrix obtained by optimization takes the information between classes into account fully.
We perform experiments on Yale and ORL human face datasets. Experimental results show that the pro-
posed algorithm can get better performance compared with other methods.

Key words: face recognition; Laplacian discriminant analysis; double adjacency graph; dimensionality re-

duction
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