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Abstract

On the basis of deep exploration and understanding of deep learning field and neural network
structure, in view of the problem that the existing methods are mostly based on the whole dress
and ignore the characteristics of dress details, in this paper, we design and implement a clothing
attribute label recognition method based on deep learning, using the online clothing image data-
base from Ali e-commerce data, the neural network based on deep learning can quickly and effi-
ciently extract the key feature information in clothing image, and modeling and analysis based on
extracted data features, so as to achieve accurate identification and classification of clothing
attributes. The experimental results show that this method can effectively realize the recognition
and classification of clothing attribute labels, improve the classification accuracy effectively, effec-
tively solve the difficult problem of clothing attribute label recognition and classification, and
realize the efficient recognition and classification of local attributes of clothing image.
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Table 1. Data set attribute dimensions and attribute values
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Figure 1. Preliminary classification of data sets
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Figure 2. Select the image resolution size
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