W TR Wa2% 14
PACKAGING ENGINEERING 2021 4E 7 /

ETHRF[ENTmEBFREERIAMNTE

MER, THE, BFRE, BN
(PEdE Tl k2 T S5 AL TR TAG B E S5, P4 710072)

W= B AR ERHPANEREZST S RELGAE, BE—FATH LB S BELRNF %,
ik A, MEFREZFHESE, AT MMBREEMNLR RFE FREREL FRE%, Ak
L, I ERELER, KRERES T ERELNAR, MESRELHEL; K5, RRAGRHFE,
| A BARAY 22 P % RestNet50 2B = S BAZFIE; G, A RBH A XA S RELPANER,
BETRAEESEL SMBO S ELBEFRLEMFHE T %, BETREZREMGF, &€ AT RIEFR
AR R F RN R T R P AAMEIET TS0, TSR AN, M Tk, &
THhBHOTREFEELZVAN T EFTRTAFENRNLEREMAXRZ, REFRAHAG T AR %
AREE F TR A

KB TREL; SAES R 2 EBEH, REFT

hE4SES. TB472 XEkERiIREGE: A XEHS: 1001-3563(2021)14-0040-07

DOI: 10.19554/j.cnki.1001-3563.2021.14.004

Product Multi-label Image Recognition M ethod Based on Classifier Chain

CHU Jian-jie, WANG Peng-chao, CHEN Chen, SHI Ying-xi

(Key Laboratory of Industrial Design and Ergonomics, Ministry of Industry and Information Technology,
Northwestern Polytechnical University, Xi’an 710072, China)

ABSTRACT: In order to identify consumers’ cognition of product image in a quick and accurate manner, a product image
recognition algorithm based on classifier chain is proposed. First, product image data sets are built, and product labels and
pictures are obtained by similarity clustering and web crawler. On this basis, consumers' cognition of product image is
obtained and product image data sets are built through product image experiment. The next step is to extract the image
features. The product image features are extracted using the convolutional neural network RESTNet50, then the product
image recognition model is constructed using the classifier chain algorithm, and, based on confusion matrix and condi-
tional entropy, the label order of product image is determined. A comparative experiment is designed to verify that the
algorithm has advantages in product image recognition. The experimental results show that, compared with other methods,
it takes into account the label identification results and the related relationship, thus can significantly improve prediction
performance of the model for product multi-label image.

KEY WORDS: product image; multi-label classification; classifier chain; deep learning
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Tab.3 Sample pictures and image labels (partial)
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Tab.6 Experimental results of different multi-label classification methods
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