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Mine Fire Detection Algorithm Based on Improved YOLOvVSn
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Abstract: Aiming at the problems of low efficiency and difficulty in applying traditional fire detection algorithms to embedded
devices with limited resources, a lightweight fire detection algorithm based on improved YOLOv8n was proposed. Firstly, in
order to greatly reduce the number of model parameters, the C2f module in the YOLOv8n model was changed to the C2{Ghost
module. Secondly, in order to prevent the loss of important features after the lightweight of the model, strengthen the feature
extraction ability and reduce the interference of irrelevant information in the image, the EMA attention mechanism was added
to the Backbone part of the YOLOv8n model. Finally, in order to improve the generalization ability of the model, the CloU loss
function in the YOLOv8n model was replaced by WloU. The experimental results show that the parameters of the improved
model decrease by 30.1%, mAP50-95 increases by 0.6 percentage points, and the accuracy rate decreases by only 0.2
percentage points. The improved model can detect the underground fire in real time and efficiently, and the detection algorithm
has reference value for mine safety management.
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