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Research on clothing style recognition based on deep learning
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[ Abstract] With the development of e-commerce, online shopping has become the main channel for people to buy clothing
products, and accurate classification of clothing images has become very important. In recent years, researches on clothing image
classification have mostly focused on clothing types, while clothing style recognition research has been relatively rare. With the
continuous progress of online clothing transactions, various platforms have accumulated a large number of unlabeled clothing images
that cannot be fully utilized. In response to this problem, this paper uses transfer learning technology to build a clothing style
recognition model based on Inception v3, and uses Deepfashion The clothing dataset is retrained to generate a clothing style
classifier. Finally, this clothing style classifier is applied to batch label the clothing image dataset.
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Tab.1 Summary of various clothing style characteristics
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Tab. 2 Distribution of clothing image data sets
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Tab. 3 Hyper parameter values during training
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Fig. 3 Training accuracy and verification accuracy
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Fig. 4 Training cross—entropy and verifying cross—entropy
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Fig. 5 Batch prediction clothing category
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