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Aviation fastener rotation detection for intelligent optical
perception with edge computing

FU Changhong, CHEN Kunhui, LU Kunhan, ZHENG Guangze, ZHAO Jilin
(School of Mechanical Engineering, Tongji University, Shanghai 201804, China)

Abstract: Aiming at the problems of low efficiency, high cost and poor accuracy in existing methods in
aviation fastener sorting process, a rotation target detection method for intelligent optical perception with edge
computing was proposed. To further improve the performance of the target detection model, a feature fusion
mechanism based on enhanced semantics and optimized space was constructed. A type of dilated ghost module
to lower the parameter quantity of the feature fusion network was designed, and enable the edge computing
deployment in industrial scenes. Using the Gaussian-like circular smooth label method, the rotation target
detection was realized on the prediction branch of the model detection layer, which significantly enhanced
model detection performance and was more favorable for automated grasping of industrial robots. The
detection accuracy on the authoritative public rotation dataset reached 77.16%. Finally, the proposed detection
method was implemented in an embedded intelligent device. The edge computing deployment shows that the
total accuracy reaches 99.76%, and the inference speed is more than 20 frames per second (FPS), which is
sufficient for industrial applications.

Key words: aviation fastener; rotation target detection; feature fusion; dilated ghost module; edge computing
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Fig. 1 Lightweight aviation fastener rotation detection method
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Table1 Comparison with cutting-edge rotation bounding box detection methods
; . S/
ik KR mp  PLI% BDI% BRI% GTFI% SVI% LVI% SHI% TCI% BCl% ST/% SBF/% RAI% HA/% SPI% HCI% mAP/%
FR-O™ CVPR2018 242 7942 77.13 1770 64.05 3530 38.02 37.16 89.41 69.64 59.28 50.30 52.91 47.89 47.40 4630 54.13
TOSO™! ICASSP2020 212 80.17 65.59 39.82 39.95 49.71 65.01 53.58 81.45 44.66 78.51 48.85 56.73 64.40 64.24 36.75 57.92
g)oslsj[m ECCV2020 - 8090 69.70 24.10 60.20 38.30 64.40 64.80 90.90 77.20 70.40 46.50 37.10 57.10 61.90 64.00 60.50
f:;nmgm RS2020 - 79.53 77.15 3859 61.15 67.53 7049 76.30 89.66 79.07 83.53 4727 61.01 56.28 66.06 36.05 65.98
MARNet™ 1JRS2021 - 8891 7791 39.88 71.17 62.79 58.96 66.25 90.87 73.73 79.04 57.57 6433 62.47 61.64 51.80 67.15
GSDet™ TIP2021 - 81.12 7678 40.78 75.89 64.50 58.37 74.21 89.92 79.40 78.83 64.54 63.67 66.04 58.01 52.13 68.28
RADet™ RS2020 - 7945 76.99 48.05 65.83 65.46 74.40 68.86 89.70 78.14 74.97 49.92 64.63 66.14 71.58 62.16 69.09
Rol ey CVPR2019 273 88.64 78.52 4344 7592 68.81 73.68 83.59 90.74 77.27 81.46 58.39 53.54 62.83 58.93 47.67 69.56
Transformer'
BBAVectors™  WACV2021 276  88.35 79.96 50.69 62.18 78.43 78.98 87.94 90.85 83.58 84.35 54.13 60.24 6522 64.28 55.70 72.32
SCRDet™ ICCV2019 427 89.98 80.65 52.09 6836 6836 60.32 72.41 90.85 87.94 86.86 65.02 66.68 66.25 6824 6521 72.61
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