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Defect detection method of O-ring based on improved YOLOVS
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(1. School of Mechanical Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China; 2. Shanghai
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Abstract: Aiming at the difficulty of manual identification of O-ring defects, an automatic detection
method of surface defects based on the improved YOLOvVS was proposed. In the data preprocessing
stage, the semi-automatic labeling method was used to reduce the cost of manual labeling, and the
number of mosaic images used was changed to nine to realize the mosaic data enhancement method. A
label smoothing method was introduced in the network prediction layer to reduce the model's over-
reliance on labels. The convolutional attention mechanism module was added to the backbone network
to highlight the valid information, so that the backbone network could extract more detailed local feature
information. At the same time, because of the characteristics of large scale changes of defect types, a
pruned bidirectional feature pyramid network was introduced to tackle the loss of both large and small
defects in the feature extraction process. The experimental results show that compared with the original
YOLOVS, the average accuracy of O-ring surface defect detection in the improved YOLOVS is increased

by 4.26%, and the detection speed is within 25 ms, which can meet the actual production needs.
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Tab.2 Results of hyperparametric evolution
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obj obj_pw iou_t anchor t fl_ gamma hsv_h hsv_s hsv_v degrees  translate

0.79487  0.83363 0.2 3.44412 0.0 0.01473 0.47766 0.23671 6.67394  0.18679
scale shear perspective flipud fliplr mosaic mixup copy_paste  anchors
0.15021 0.0 0.0 0.23914 0.5 0.5 0.5 0.0 3.4203
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Tab.3 Configuration table of experimental platform
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Tab.4 Model training parameters
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Tab.5 Comparison of experimental results of different algorithms

T % ‘
ik ‘ — - TIMEWEY%  AERS  KWE)ms
Wi R ZeRE AR B R o
SSD 98.16 96.43 85.43 91.82 93.65 88.52 91.06 87.42 91.56 83 18
YOLOv5 98.32 96.52 89.75 93.45 94.17 90.46 92.23 90.94 93.23 86 15
Ak YOLOVS 99.57 99.52 94.64 97.96 97.65 96.23 97.87 96.50 97.49 94 24
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Fig. 8 Test result diagram
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Tab.6 Ablation experiments on a self-made O-ring dataset
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