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Abstract: In the pharmaceutical and chemical industries, workers often use ladders in reaction tanks to indicate the liquid level height. The
environment in the reaction tank is complex and ever—changing, and traditional image processing algorithms have the drawback of low accura-
cy in detecting and locating ladders. The YOLOvVS algorithm based on deep learning has high detection accuracy, but its large computational
complexity limits its application in industrial fields. To this end, design a lightweight ladder automatic detection and localization algorithm
HFDL-YOLO based on YOLOvS. Firstly, HGNetv2 is used to replace the backbone network of YOLOv8n, in order to reduce the number of
parameters and computation. A parameter free attention mechanism SimAM is embedded in the backbone network to improve detection accura-
cy. On this basis, combined with the idea of partial convolution, a C2f FCP module is designed to replace the C2f module of Neck, achieving
multi-scale feature fusion; Secondly, a lightweight and efficient upsampler, Dysample, is selected to improve the upsampling operator of the
Neck partial feature fusion network, in order to further enhance the algorithm performance; Finally, a lightweight shared convolutional detec-
tion head LSCD head is introduced to reduce model size and improve detection efficiency. The experimental results show that the average detec-
tion accuracy of the HFDL-YOLO algorithm has improved by 1.1% compared to traditional YOLOv8n, while the model size GFLOPs, The pa-
rameter count decreased by 54.0%, 51.9%, and 57.0%, respectively. In the case of uneven brightness and different angles, the HFDL-YOLO
algorithm achieves more accurate automatic detection and positioning of ladders in reaction tanks with lower computational costs.
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