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Research on metal gear end-face defect detection method based on
adaptive multi-scale feature fusion network
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Abstract: The high proportion and large-scale variation of small targets with defects caused by the complex structure of metal gear end
faces have led to low detection accuracy, making it difficult to meet the real-time online detection needs of enterprises. In this paper, we
propose a metal gear end face defect detection method based on an adaptive multi-scale feature fusion network ( YOLO-Gear) using the
YOLOvSs network. Firstly, we establish a gear end face defect detection test platform and create a gear end face defect dataset. Then,
we introduce the adaptive convolutional block attention module ( CBAM-C3) which combines channel attention module ( CAM) and
spatial attention module (SAM) to enhance the adaptive feature learning and extraction for small target defects in metal gears, effectively
improving the detection accuracy of the model for small target defects. Finally, we propose the bidirectional feature pyramid network
(BiFPN) , which repetitively weights and fuses features from different scales, thereby improving the model’ s ability to detect defects at
multiple scales. Experimental results demonstrate that the YOLO-Gear model achieves an average precision of 99.2%, an F1 score of
0.99, and an FPS value of 33 on the gear end face defect test set. Compared to other deep learning models, the proposed YOLO-Gear
model in this paper improves both detection accuracy and efficiency, meeting the real-time online detection needs of enterprises.
Keywords : gear end-face; YOLOvSs; CBAM; BiFPN; defect detection
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Fig. 1 Intelligent inspection platform for gear surface defects
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Fig. 3 Flow chart for gear surface defect detection test
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Fig. 6  Effect of dataset enhancement
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Fig. 13 Plot of change in loss function
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Fig. 15 Image detection effect

®3 S MEEAWE R

Table 3 Comparison of the results of the five model tests

AP/ %
FEE7H mAP/% FPS Wi W
Faster-RCNN 93.32 18 92.6 94.3
CenterNet 91.73 16 87.5 85.2
YOLOv4 84. 80 17 76. 4 89.2
YOLOvS5s 92. 80 25 95. 4 89.4
YOLO-Gear 99.20 33 99. 8 99. 4

(a) TIPS RN E LR
(a) The real label of the predicted result

(b) FIMIAR IS5 51
(b) Predict the result of the label
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Fig. 16 YOLO-Gear model image detection result map
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