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Lightweight Bearing Defect Detection Based on Efficient-YOLO

LOU Yao-Di, YUE Jun-Feng, ZHOU Di-Bin, LIU Wen-Hao
(School of Information Science and Technology, Hangzhou Normal University, Hangzhou 311121, China)

Abstract: Since the existing deep model faces many problems such as a large number of model pa;‘anieters, insufficient
feature fusion, and low detection accuracy for small targets in the field of industri‘al bearing appearance defect detection, a
lightweight adaptive feature fusion detection network (Efficient-YOLO) is proi)osed. First of all, the network uses the
EfficientNetV2 structure embedded in the CBAM attention mechanism for basic feature extraction to ensure model
accuracy and significantly optimize the model parameters. Secondly, an adaptive feature fusion network (CBAM-BiFPN)
is designed to strengthen the network’s extraction of effective feature information. Then, the Swin Transformer
mechanism is introduced in the downstream feature fusion network, and the Ghost convolution introduced by the
upstream network is.used to, greatly improve the model’s global perception of bearing appearance defects. Finally, the
improved non-maximum suppression method (Soft-CloU-NMS) is applied in the inference phase, with distance-related
weight evaluation factors added, so as to reduce missed detection of overlapping frames. The experimental results show
that compared with the existing mainstream detection models, the method has a mAP of 90.1% on the bearing surface
defect dataset. The number of parameters is reduced to 1.99M. and the calculation amount is 7 GFLOPs. The recognition
rate of small targets with bearing defects is significantly improved, which meets the needs of industrial bearing
appearance defect detection.
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Model mAP@.5 mAP@.5:.95 Params (M) GFLOPs FPS
Faster-RCNN (VGG16) 0.874 0.474 136.75 2009 2
SSD (MobileNetV2)  0.755 0.310 3.94 6.3 6
YOLOv4-tiny 0.810 0.391 3.07 63 31
YOLOv3-tiny 0.836 0.428 8.67 129 31
YOLOvVS5s 0.876 0.500 7.02 158 19
YOLOvV7-tiny 0.868 0.469 6.01 13.0 21
Efficient-YOL (ours)  0.901 0.511 1.99 7.0 29
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