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object detection model based on YOLOvS5s-MPD was proposed, which combined with depth camera to
locate miner targets and detect whether miners had entered dangerous areas in real time. Specifically, the
MobileNetv3 lightweight neural network was used as the backbone feature extraction network to significantly
reduce the model size. Secondly, Polarized Self-Attention (PSA) module was introduced to enhance the
perception of targets. Finally, Deformable Convolution Network v2 ( DCNv2) was used to replace the
standard convolution in the C3 module of the feature fusion layer, solving the problem of partial feature
information loss in conventional convolution. The improved model was used in combination with the color
images obtained by the depth camera to detect miner targets and obtain the spatial three-dimensional
coordinates of the target center points. The results show that compared with YOLOvSs, the improved model
reduces the number of parameters and computation by 83. 54% and 77. 03% , respectively. The model size
is only 3.4 MB, and a detection speed of 70.2 {/s, which is increased by 54.97%. The mean average
precision is 0. 825. Compared with mainstream object detection models, the improved model has a more
balanced number of parameters, computation, model size, detection speed, and mean average precision.
In the actual positioning accuracy test, within a range of 1—8 meters, the average absolute error and
average relative error of the distance between the camera and the miner target were 0. 11 meters and
1.74%, respectively. The maximum absolute error and maximum relative error were 0. 25 meters and

2.96% , respectively. In the dynamic detection, the miner target could be detected and its location
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information output, with a detection success rate of 97. 5%.
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Fig. 8 Comparison effect diagram before and after improvement
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Table 4 Comparison results of different models
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Fig.9 Real-time detection and localization

visualization of miner targets
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