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An automatic detection method of aero-engine bolt installation defects
based on key points detection
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Science and Opto-Electronics Engineering, Beihang University , Beijing 100191, China)

Abstract:In view of the problems of complex background, small target and inconspicuous fine features of aero-engine bolts, an
automated detection algorithm of aero-engine bolt installation detection based on key points detection is proposed. First, a cascaded
convolutional neural network based on the Faster RCNN and the improved CPN ( AD-CPN) is proposed to achieve the detection of bolts
and 2D key points which can determine whether the bolt has fallen off or missed. To further detect the 3D installation detection of the
bolt, the Euclidean distance selection strategy is introduced to match and screen the key points to obtain the detected point pairs.
Finally, the 3D coordinates of the key points are calculated by using binocular stereo vision technology. In this way, it can judge whether
the bolt is wrongly installed. Compared with CPN, the mAP,APs,, and AP,; of AD-CPN are improved by 2.9% , 3.3%, and 4%,
respectively. In addition, the relative average error of bolt measurement length is approximately 3. 0%. It can be seen that the algorithm
could enhance the accuracy of detection, and ensure the safe operation of aero-engines, which has great practical significance.
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Fig. 1 Diagram of the aero-engine bolt
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Fig.3 The architecture of CABM attention mechanism
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Fig. 6 Fusion multi-exposure sequence renderings
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Table 4 Measurement results of the bolt’s length
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Fig. 10 Results of bolt defect detection
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