LR SR ISSN 1003-3254, CODEN CSAOBN
Computer Systems & Applications,2019,28(3):229-234 [doi: 10.15888/j.cnki.csa.006826]
O E RGBT TR .

E-mail: csa@iscas.ac.cn
http://www.c-s-a.org.cn
Tel: +86-10-62661041

ETREZFINARREIGREREGEY
Bk X AR, KA

(WYL T K2 {5 B2, Bt 310018)

EWAEE: B X, E-mail: cscmyk@outlook.com

T EE S ) AR R ke R B 1 BER PRk A 2R, TR Wi RUR: R T VR I e R, AR SCd th 7 — AN
I 5 25 S B8 Fashion-16 IR FGAS AL, SR S5 /0 KR MR R (10 A8, 6T VGG-16 B 5 K fr) B 1545
TEFRELRE 77, LB A N4 softmax 2 JE 88 1HEAT 4328, IRl — 28050 R Jm B G ak vy A IRLRE AR 3R AT 1 AL S i A1 1
BE, SILT S0 AR ) e ) R AR RS IE. S06 45 R, MO RLARAORA 5 P RS B S A 20,
HHIHME SR L. -} h

SESRIR): S BB R TREES: ST BHAEHREAL; Softmax 433558 JRRRURIA 75

SRR BRI A7, 80 2 40 3 T IR 2 ST 0 IR B A R O VR T LR SE N ,2019,28(3):229-234. http://www.c-s-a.org.cn/1003-
3254/6826.html

v

Clothing Image'Rétrieval Method Based on Deep Learning

CHEN Shuang, HE Li-Li, ZHENG Jun-Hong
(School of Information Science and Technology, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: In order to achieve fast and accurate image retrieval for large-scale clothing image sets and break through the
limitations of current conventional retrieval methods, this study proposes a new deep learning model: Fashion-16 clothing
image retrieval model. Based on the idea of first classification and intra-class retrieval, based on the powerful image
feature extraction ability of VGG-16 model, the convolutional neural network Softmax classifier is u?sed' for classification,
and the nearest neighbor search is performed for the idea of locally sensitive has}‘ling under the same category. An image
retrieval model correction for clothing category attributes is implemented. The experimental results show that the model
has good stability, accuracy, and retrieval speed, and has practical Vah.le and research significance.

Key words: clothing image retrieval; deep learning; featureiextraction; Softmax classifier; locality sensitive hashing
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