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Clothing Image Classification Based on VGG16 and Transfer Learning
GAO Ying-ping, SONG Dan., CHEN Yu-ting
(Hunan Institute of Engineering, Xiangtan 411100, China)

Abstract: Aiming at the shortcomings of traditional image classification methods such as low efficiency and low accuracy, a cloth-
ing image classification method based on VGG16 and migration learning was proposed. The pre-trained VGG16 network model was
mainly adopted, which provided better model initialization. Migration learning on image data sets was performed to reduce the depend-
ence on data and the training time of the network. Data enhancement methods were used to increase the amount of training data and
improve the generalization ability of the model. The BN Layer was added to the network layer to prevent over fitting and gradient dis-
appearance of the network. Experimental results showed that compared with other traditional convolutional neural network models,
the model had a higher accuracy rate and could better classify clothing images.

Key words: VGG16; deep learning; data enhancement; image classification

Factors Influencing Apparel Recycling

Intention in Omni-channel Environment

SHAO Peng, LIU Xiao-pei
(School of Management, Xi'an Polytechnic University, Xi'an 710048, China)

Abstract : Sustainable and omni-channel development were two important trends in apparel industry. Based on the data collected
from the questionnaire survey, the influence factors of impulsive consumption and apparel disposal recycling intention in omni-channel
retailing environment were studied. The main findings were as follows: channel integration quality had a significant negative impact on
impulsive consumption, and channel integration exerted significant positive effects on used apparel recycling intention. Materialism
had a significant positive impact on impulsive consumption, but there was no significant relationship between materialism and the used
apparel recycling intention. Environmental attitude exerted significant positive effects on used apparel recycling intention, but environ-
mental attitude had no significant impact on impulsive consumption.

Key words: apparel; environmental attitude; recycling intention; sustainable; impulsive consumption



