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Modeling of 3D Structure of Mask Filter Material
ZHU Guo-qing' , HOU Shuang®’, DONG Han-rui*, MO Xiang-jie®
(1. Suzhou Institute of Fiber Inspection, Suzhou 215128, China;

2. Xi'an Polytechnic University, Xi ' an 710048, China;

3. Guangxi Road Construction Engineering Group Co., Ltd., Laibin 546111, China)

Abstract: Nonwoven materials contained a large number of micro three-dimensional curved channels, which was widely used in the
filter layer of masks. Structure determined the performance of the material. In order to establish the mesoscopic three-dimensional
structure of the nonwoven fabric, the three-dimensional point clouds of the nonwoven fabric were obtained through sequential 50-layer
images collected by the automatic microscope and the software developed by research group. The three-dimensional model of the fabric
was visualized in Geomagic Studio software. Three-dimensional reconstructed images of nonwovens showed that the 3D modeling
method could simulate the three-dimensional packing structure of fibers in nonwoven fabrics.

Key words: mask; nonwoven web; 3D image reconstruction
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Clothing Recognition and Segmentation Based on Mask-RCNN

ZHANG Ze-kun', ZHANG Hai-bo™* "
(1. Information Center. Beijing Institute of Fashion Technology, Beijing 100029, China;
2. Beijing Engineering Research Center of Textile Nanofiber, Beijing Key Laboratory of Clothing
Materials R &D and Assessment, Beijing Institute of Fashion Technology, Beijing 100029, China;
3.Library, Beijing Institute of Fashion Technology, Beijing 100029 . China)

Abstract: A method for clothing recognition and segmentation based on Mask-RCNN and data set DeepFashion2 was proposed.
Mask-RCNN-based clothing recognition and segmentation was based on the idea of convolutional neural networks. Through the multi-
threaded iterative training in the deep learning framework, after obtaining the target features in the ResNet network, the features
were input differently through RPN and Rol Align. The branches were connected. Finally the target detection model with optimized
weights was obtained. In clothing image of different scenes. the model could identify and segment the garment more quickly and accu-
rately.

Key words: clothing recognition; clothing segmentation; Mask-RCNN; ResNet; Deepfashion2; TensorFlow



