6% 11
2011 4 11

[ R e 4l

Journal of Image and Graphics

Vol. 16,No. 11
Nov. , 2011

hEESRDS, TPO1.41  TEHAREAG: A XEHS: 1006-8961(2011)11-2036-05
WXRSMER RUATE, ARG, B RH . AW B 2= I W25 1)), hE RS EIE4,2011,16(11) :2036-2040

ARFEEFINNESLE

kD Bk, B AR

D ORI SCEE B S (B TR B, A 415000) ) (PR RAE BBk S TREEEE, KD 410083)

# ZE: £} NN(nearest neighbor) #1 kNN ( k-nearest neighbor) 75 E:fEFRICREA B A BT , 432 TE B RS i3 A BB, AR
PE N3 ZEREATY , B SE A R ICAEAS 12 B 22 STALER, 32 11— i ARG U B 2 ST PL B O3 2605 vk 1R r ik
FHIARBRICHEAS [H] S8 OCFR , b T AR AR A B X 73 2R IE A R A 52 B . 78 MNIST 5 (%5 % Al ORL
NP B IREA 3SR 3R B FEFRICAREA B D R O T, 205 1Y 73 28 IE M 8 L NN A1 kNN Jrikmifs .
KR NN Gp2805 1% 5 2f B 2 ST HLBE ;2R MR B 4326

Classification method using human brain
semi-supervised learning mechanism

Zhu Minghan"’ ,Shao Xiangyi" ,Luo Dayong®
Y (College of Communication and Electric Engineering ,Hunan University of Arts and Science ,Changde 415000 China)
2 (College of Information Science and Engineering , Central South University ,Changsha 410083 China )

Abstract: Aimed at the problem that nearest neighbor method and k-nearest neighbor method can’t obtain better
classification effectiveness when there aren’t enough labeled examples,a semi-supervised classification method is proposed in
this paper. The method is based on the mechanism that unlabeled samples were used if human classify pattern
involuntary. The method utilizes the nearest neighbor relationship between unlabeled samples to reduce the influence of the
number of labeled samples on classification accuracy. The experimental results using the MNIST database of handwritten
digits and the ORL face database show the method has higher classification accuracy than the nearest neighbor method and
the k-nearest neighbor method if there aren’t enough labeled samples.
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Fig.1 The influence of the number of labeled samples
on classification accuracy
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Fig. 2 The influence of unlabeled samples on

classification accuracy
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Tab.1 Recognition accuracy of NN,kNN and method proposed in the paper on the MNIST database

/%

e EEAR B 20 40 60 80 100 400 1200 2 000
MR A KL 2 380 2 360 2 340 2 320 2 300 2 000 1200 400
NN 91.43 93.14 93.59 93.62 94.83 96. 80 97.67 98.50
kNN 90.55 89.58 91.88 92.97 94.43 95.93 96.41 97.34
ARIT5 ik 97.05 97.12 96.92 97.50 98.50 97.05 97.67 98.50
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Fig.4 Sample images from ORL face database
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Tab.2 Recognition accuracy of NN,kNN and method proposed in the paper on the ORL face database
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