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Comparative research on the detection methods of multi-apparent
defects in laminated bearings based on YOLO

LU Dewen, LI Xi"
(School of Civil Engineering, Qingdao University of Technology,Qingdao 266525, China)

Abstract: To enhance the detection accuracy of apparent defects in laminated bearings, three
algorithms, YOLOv3, YOLOv4 and YOLOR from the YOLO (You Only Look Once) se-
ries, are used to detect the various apparent defects in laminated bearings, and comparative
research is conducted to evaluate their respective detection performance. Initially, a bearing
defect dataset (BD dataset) comprising 6787 images is established, including seven types of
defects, namely crack, bulging, rust, void, crazing, shear deformation and garbage. Subse-
quently, the YOLOv3, YOLOv4 and YOLOR are employed for training based on the BD
dataset, and three corresponding detection methods are provided. Following this, a compar-
ative experimental analysis of the detection performance of the three detection methods is
conducted. The results indicate that for the multiple apparent defects in laminated bearings,
the detection performance of YOLOvV3 is close to that of YOLOv4, while compared with
YOLOv3 and YOLOv4, YOLOR exhibits a significant increase of 59.7% in overall R and
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92.7% in P .. Additionally, varying degrees of improvement in the detection performance
for different types of defects are observed. Therefore, the detection method based on
YOLOR is more suitable for the detection of multiple apparent defects in laminated bearings.

Key words: laminated bearing; YOLO;apparent defect;defects detection
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