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X-Ray Pipe Weld Detection Algorithm of Improved YOLO
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Abstract; An improved YOLOv8n-MG algorithm based on the YOLOv8n algorithm is proposed to solve issues such
as the small targets, overlapping occlusion, and large number of algorithm parameters, ezc. Firstly, the GSConv and
VoV-GSCSP modules are introduced to reduce the complexity of the the algorithm and enhance its ability to detect
rough edges of defects. Secondly, a lightweight up-sampling operator, Carafe, is used to replace the traditional up-
sampling, preserving more detailed features. Finally, a mixed local channel attention (MLCA) mechanism is intro-
duced to retain more spatial feature information with lower computational cost and parameters, and the Adam optimi-
zer is used to improve the algorithm's learning ability in complex parameter spaces. The results show that compared
with the YOLOv8n algorithm, the optimized algorithm reduces the number of parameters by 11. 3%, improves the
detection frame rate by 7. 7% . and improves the average accuracy by 2. 8%.
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