it B oMM %

Computer Science

B3 B %%qm

2016 F 6 June 2016

EFLUBREESMNENEGAXNERA

KEE B B 8 &
(AERU I RFZRBRZER X 100029)

i T OEEX REFIEER BT UASHFLEMUBBERRETHRYNER SANNEEINBEIZE T
MFRAR EA—MEEEIEE HYNREZINAEEEREANERENISGE ETHK HRTE4F
RETEZSTERMRERSHNGE S4FUEFINEE EARINIIISEREREMGELAMNS X ERE &
FFRAT Knn,SVM M pHash 3 WA ERFIEFTHER TRERRNVELEERERSNELEESEZRIE
RUSHIERBRIEXEREFTARETY 50

X $EEBEFESN REESHSE ZMRERESH

FEEDTES Tp301.1 MEFRIRE A

Research on Image Classilication Algorithm Based on Semi-supervised Deep Beliel Network

ZHU Chang-bac CHENG Yong GAO Qiang

( Information Institute,Beijing University of Chemical Technology, Beijing 100029, China)
Abstract In recent years,the deep learning to get a successful application in image, voice, video and other unstructured
data,has become a hot topic of machine learning and data mining. As a supervised learning model, the successful deep
learning applications often require a larger set of high-quality training, Based on this situation, we studied deep belief
network composed of more restricted Boltzmann machines, and combined with the thought of semt-supervised learning,
we used smaller training set to improve the classification accuracy of depth network model, We used Knn, SVM and
pHash three methods to study the norrlabeled data set, And the result shows that the semt-supervised deep belief net-

works increases image classification accuracy by about 3% compared with the traditional network with more restricted
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Boltzmann machine,
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