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Abstract

In the early stages of a fire, the smoke state changes frequently and the size of the flame is also
very small. Faced with this complex situation, existing target detection algorithms will have slow
detection speed and low detection accuracy. In response to problems like this, this article proposes a
fire target detection system based on improved YOLOv8. The BotNet structure is added to the end of
the backbone network of YOLOv8 to enhance the network’s feature extraction of fires, and the EMA
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attention mechanism is introduced at the head end of YOLOv8 to prevent drastic changes in weights.
The improved YOLOv8 model improves the accuracy of target detection. The results of the experi-
ment show that compared with the YOLOv8 model, the improved YOLOv8 model increased mAP by
2.3%, and the fire and smoke prediction accuracy also increased by 1.4% and 1% respectively, fur-
ther demonstrating that the improved YOLOv8 model can Meet the target detection of fire.
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Figure 1. Advantages of YOLOv8 compared to other versions
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Figure 2. C3 module structure diagram
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Figure 4. BotNet module structure diagram
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Figure 5. EMA attention mechanism structure diagram
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Figure 6. BotNet-EMA-YOLOvV8 model precision-confidence curve
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Figure 9. BotNet-EMA-YOLOvV8 model other related results
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