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[Abstract]

Fires are catastrophic events that pose significant threats to life and property, making a rapid response, particularly in the early
stages, crucial. This paper proposes a fire detection model based on the YOLOVS object detection algorithm, integrated with a
fire-extinguishing robot system that utilizes 3D environment modeling technology. The fire detection model, trained using the
YOLOV8 algorithm, demonstrated reliable detection performance across a variety of scenarios. Simultaneously, the robot's
operating environment was recreated using 3D environmental modeling to enhance response efficiency. This approach is expected
to contribute to minimizing fire-related damage by optimizing fire suppression operations. The study holds promise for enhancing
the practicality of Al-based fire response systems and making a significant contribution to the future development of fire

prevention technologies and robotics.
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“The content within the figure is presented in Korean due to its

relevance to the specific fire incident statistics in Korea.
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Fig. 1. Fire spread and casualties due to delayed
response in Gyeonggi Province
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Training Data Epochs | mAP@50 | mAP@50-95
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