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Image Segmentation Technology of Mechanical Parts Based on Intelligent Vision

HONG Qing', SONG Qiao', YANG Chentao' , ZHANG Pei' , CHANG Lianli’
(1. School of mechanical engineering, Nanjing University of Science and Technology, Nanjing 210094, China;
2. Beijing Aerospace Xinfeng Mechanical Equipment Co., Ltd., Beijing 100854, China)
Abstract : To obtain the features of parts effectively and improve the intelligence and precision of modern production, this paper
researches on mechanical parts segmentation based on intelligent vision plays a key role. Aiming at the problems existing in
intelligent perception of assembly line parts in aerospace robot and other assembly workshops, the image segmentation algorithm
based on intelligent vision is studied, which is used to realize the segmentation and recognition of the mechanical parts. Based on the
Deeplabv3 image segmentation algorithm, a network structure, Deeplbav3-d is proposed in which a user-defined Encoder-Decoder
feature extraction module is added. The mask is used to mark the feature area. Based on the improved network structure, two kinds
of backbone networks. mobileNet and Resnet-101 are provided, it is proved that the algorithm is of practicality in the field of image
segmentation.

Keywords : intelligent manufacturing; deep learning; image segmentation; Encoder-Decoder; Deeplabv3
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