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[Abstract]

We are suffering direct and indirect damage from forest fires, and it is essential to detect them early to reduce the damage.
Existing forest fire detection methods used a method of detecting photographed images through image processing technology or
installing sensors at certain intervals to monitor them. To improve the existing process that is expensive to maintain, this paper
conducts object detection using object detection artificial intelligence technology, YOLO. It implements a system that provides
detection results from artificial intelligence models. As a result of the study, the main performance indicators, mAP, were
Proposed LFire 0.959, YOLOvS 0.931, YOLOv4 0.943, and R-CNN 0.879. The proposed model in this paper, Proposed LFire, is
the highest, which can be seen as an object detection model suitable for forest fire detection data. In the future, we plan to study
in the direction of increasing detection performance through image preprocessing and model learning suitable for RGB channel
forest image features that can be used universally.
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Table 5. Algorithm Performance Comparison Results
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