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Abstract: Aiming at the problems of irregular morphology and suboptimal detection performance of surface defect on
aluminum ingot alloys, an improved YOLOv5-based defect detection method is proposed. Firstly, The Res2Net feature
extraction network block is employed to replace the CSPDarknet53 module of the baseline model, which can effectively
Secondly, the CBAM convolutional attention module is introduced into the backbone

detect the multi-scale defect.

network of YOLOvV5 to enhance the representational ability of defect features. Finally, the over-parameterized
reparameterization convolutional blocks are used to substitute for the 32X 3 convolutional blocks in the backbone and
neck networks so as to reduce the model’s inference latency. Experimental results compared with the traditional target
detection methods demonstrate the improved method achieves a mAP of 75.8% for defect detection, which is a
significant improvement both in detection accuracy and inference speed, and can well satisfy the tasks and demands of

practical industrial production.
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Fig. 1 Aluminum ingot alloy defects diagram
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Fig. 2 Data enhancement effect of aluminum ingot
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alloy defect images
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Fig. 3 YOLOv5s-6. 0 network structure
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Fig. 6 The process of RepVGG parameter reconstruction
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Table 1 Performance comparison of different
detection models

o B LA

it T il %
YOLOv4 67.8 23.3 54.7 48. 6
YOLOvVS 81.1 49.5 79.9 70. 2
YOLOv7 87.3 52.3 80. 9 73.5
YOLOv8 79.4 43.8 74.1 65.7
RetinaNet 63.9 19.7 42.5 42.0
Faster RCNN 45. 4 15. 4 56. 8 39.2
Improved Method  83.6 62.5 81.3 75.8
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Table 2 Comparison of inference time for different models
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% i PRI [A] / ms
YOLOv5 70. 2 1. 00
YOLOv6 68. 4 1. 64
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Improved Method 75.8 0. 90
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Table 3 Effect of different improvement modules on
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