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Research on Foreign Object Detection Algorithm for Coal Mine Conveyor Belt Based on Linear Deformable Convolution
WANG Rui', SI Rui*, HAO Chaoyu®, YUAN Yongguo'
(1.Public Teaching Department, Liaoyuan Vocational Technical College, Liaoyuan, Jilin 136200, China;
2.College of Safety and Emergency Management and Engineering,
Taiyuan University of Technology. Taiyuan, Shanxi 030024, China)

Abstract: Aiming at the problem that the existing machine vision methods cannot effectively detect foreign objects due to the
special shape and unobvious characteristics of foreign objects on coal mine conveyor belts, an improved YOLOv11 model was
proposed. Firstly, the C3k2-LLDC feature extraction module was constructed using linear deformable convolution, so that the
model has the ability to extract features of irregular shaped foreign objects. Then, the edge enhancement module was
introduced, and the multi-scale feature fusion strategy was adopted to effectively strengthen the edge information of the weak
feature foreign object. Finally, a loss function optimization scheme based on WloU was proposed to reduce the impact of low-
quality data samples on training. The effectiveness and robustness of the improved YOLOv11 model were verified by ablation
test, comparative test, thermal map and visual analysis. The results show that the mAP50 of the improved YOLOv11 model is
90.2% , which is 4.0, 9.1, 7.4 and 5.7 percentage points higher than that of RT-DETR, EfficientDet-D2, YOLOv8n and
YOLOv11ls models, respectively. In terms of lightweight, the floating-point calculation amount and parameter amount of the
improved YOLOv11 model are 6.8X10° and 2.6 X10° respectively, and the detection speed is 127 frames/s, which can realize
the real-time foreign object detection task on the basis of ensuring the detection accuracy. Compared with the original model,
the improved model pays more attention to the characteristics of complex foreign objects and has good robustness. The research
results can provide technical support for mine safety management.

Key words: Conveyor belt, Foreignobject detection, Deep learning, Linear deformable convolution, Improved YOLOv11 model
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Table 1 Comparison of ablation test results
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Table 2 Comparison of different object detection models
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Fig.5 Thermal maps of foreign object detection results
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