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Ceramic Ring Defect Detection Algorithm Based on Improved YOLOVS
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Abstract ; Aiming at the problem of weak defect information and diverse features of ceramic ring defects, which makes it
difficult to extract detection features, a ceramic ring defect detection algorithm based on improved YOLOvS was
proposesed. First, a CBAM attention mechanism module was added to Backbone in YOLOV5 to assign weights to feature
images in space and channels by learning, which effectively improved the ability of model to extract channel features and
spatial feature information for different types of defects; Then the nearest neighbor upsampling operator in original
YOLOvS was replaced by the CARAFE operator. This module adaptively generated an upsampling kernel based on input
features, effectively increased the perceptual domain of the model; Finally, a new feature fusion layer was added to
extract the lower spatial features and fuse them with the deeper features to generate a new feature map, and improved the
ability of model to detect small target defects. The experimental results show that the mean average precision of the
proposed ceramic ring defect detection algorithm for detecting all defect types can reach 90.7% , which can effectively
achieve the detection of ceramic ring defects.
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Figure 1  YOLOVS network structure
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Figure 2 Framework of improved YOLOv5 algorithm
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