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Method and Application of Scattered Point Cloud Data Fast Simplification
Used to Robot in-Situ Milling
PAN Xin, ZHAO Jianguo, LIU Biao, TAI Chunlei, LIU Zhe, HUANG Ning
(AVIC Shenyang Aircraft Industy (Group) Co., Ltd., Shenyang 110034, China)

[ABSTRACT]
processing and fast data simplification algorithms were studied for 3D point cloud software used to data acquisition and

To meet high precision digital measuring of robot in-situ milling for aircraft assembly, the bilateral filtering

processing was developed, based on which 3D point cloud were processed including to denoise and simplify. The method of
point cloud processing in this paper reduced the damage of filtering to boundary features, and saved effectively key features
of complex components including round corner, rib and boundary of spatial curve. Taking typical samples as test objects,
the methods of point cloud processing were tested to compare with CMM measurement results. Developed software realizes
efficient integration with automation equipment, has high openness of software interface, avoids a lot of human-computer
interaction, reduces data processing time, and meet the timeliness requirements of robot in-situ milling equipment.

Keywords: Aircraft assembly; Robot in-situ milling; Scattered point cloud; Data simplification; Integration application
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Algorithm of X-Ray Film Digitization and Defect Detection Based on Depth Learning

MIAO Yinxiao, SUN Zengyu, YANG Yi, GUO Lizhen
(Beijing Aerospace Institute for Metrology and Measurement Technology, Beijing 100076, China)

[ABSTRACT]

improving the production and processing quality and detection efficiency of large aerospace parts. In some specific

The digitization of X-ray film and automatic detection of weld defects are of great significance for

scenes, the digital receiver cannot be used for X-ray detection, and the transformation of X-ray film into digital image is
the premise of defect recognition. However, it is difficult to realize the high fidelity digitization of X-ray film by existing
methods. In this paper, an algorithm of X-ray film defect detection based on depth learning is proposed. Firstly, based on
full convolution neural network, the digital image with best exposure time on the X-ray film is automatically selected from
the images with different exposure time. Then a defect detection network based on lightweight MoGaA network is designed
to detect small target defects in X-ray digital images. The digitization and detection results show that the accuracy of this
algorithm for weld defect detection can reach 96%, and good detection effect is obtained.

Keywords: X-ray film; Weld defects; Digital image; Deep learning; Defect detection
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