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Abstract: Forest fire detection is a key research digfctio

in real forest fire scenarios, which seriously aff
ment requires more lightweight models. To addre
troduces the EfficientViT module to the

ules. Then, the CBAM module is i

while suppressing noise and irre

introduced to enhance the tra

, ®iu Tianlong, Li Shuairong, Yao Yun

Institute of China, Beijing 100083, China)

resent. However, there are a large number of negative sample data
rformance of target detection. At the same time, edge to edge deploy-
s issue, this article proposes an improved YOLOv8 method, which firstly in-
:kboye network and reduces computational overhead by cascading group attention mod-
into the head network to enhance the features extracted by the backbone network,
ormation. Finally, for low-quality samples in the dataset, the Wise-lIoU loss function is

fect of the dataset. The experimental results show that the improved YOLOv8 model achieves

a detection accuracy of 79. 5% for forest fires, a detection speed of 75 FPS, and a 5. 7% reduction in the parameter count of the

entire model, which is of great significance for forest fire detection.
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