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Lightweight Underground Pedestrian Detection Model Based on MBE-YOLO
ZHANG Na', PENG Wentao', ZHAO Qiang?, RU Hongfang', WU Xinyuan'
(1.School of Electrical and Control Engineering, Heilongjiang University of
Science and Technology, Harbin, Heilongjiang 150022, China;
2.School of Mechanical and Electrical Engineering, Northeast Forestry University, Harbin, Heilongjiang 150040, China)

Abstract: In response to the problem of large computation and slow detection speed of the current pedestrian detection algorithm
in underground mines, a lightweight underground pedestrian detection model named MBE-YOLO was proposed based on
YOLOvS8n. Firstly, a lighter neck structure was designed based on the weighted bidirectional feature pyramid network, with
the goal of efficiently fusing multi-scale information. Secondly. the detection head of the original network was redesigned using
shared convolution, and the phantom convolution was introduced to obtain rich and effective feature representations, thus
solving the problem of the huge number of parameters in the original detection head. Finally, considering the impact of
lightweight model on accuracy, a lightweight hybrid local channel attention mechanism was added, which adaptively adjusts the
importance of different regions at the global and local levels to improve accuracy. Experimental results show that compared with
the benchmark model YOLOv8n, the mAP @ 0.5:0.95 of MBE-YOLO model is improved by 0.2 percentage points, the
computational cost is reduced by 44 %, the FPS is increased by 4.3 frames/s, the number of parameters is reduced by 46 % ,
and the model size is reduced by 43%. Compared with the five mainstream models, this model has significant advantages in
detection accuracy and lightweight, making it more suitable for scenarios that require real-time detection.
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