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Recognition of Clothing '"Three Elements' Based on Deep Learning
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Abstract: In order to quickly and automatically obtain the information of the three elements of clothing and improve the
efficiency of multi-feature recognition of clothing images, a method for identifying the three elements of clothing using deep
learning was proposed. Considering the three elements of style, color and pattern, a sample library was established
including 3 tops styles, 6 colors and 6 patterns, a total of 15 categories. It used the improved VGGNet to identify colors and
styles, and combined with YOLOv3, Faster R—CNN and SSD target detection algorithms to achieve rapid pattern recogni-
tion and positioning. The comparative experimental results show that the improved VGGNet has an accuracy of 96.49% for
clothing style and color recognition, and the YOLOV3 in the target detection algorithm has a mAP of 86.66% for clothing
pattern recognition and positioning. Among the three types of patterns, texture patterns have the best detection effect.
Texture patterns’mAP | animal patterns” mAP and text patterns mAP are 96. 14% , 83.69% and 79. 80% respectively.
This study puts forward a new idea for the rapid acquisition of customer clothing preference information.

Key words : three elements of clothing, automatic identification,deep learning, target detection,neural network
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Fig.8 Testing results of the three elements of top clothing
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