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Abstract

The purpose of this study is to evaluate the real-time detection performance of fire and smoke in
indoor environments using YOLO v10. Indoor fire and smoke detection is essential for building an early
warning system, and precise detection in various lighting and complex background environments is
required. To this end, a custom dataset was built by combining Kaggle’s public dataset and some of
AI-Hub's fire disaster safety dataset, and objects were classified into fire and smoke through image
labeling. As a result of evaluating the real-time detection performance by training the YOLO v10 model,
the performance was 83.9% accuracy, 68.8% recall, 78.4% mAP@50, and 52.7% mAP@50-95. This
means that YOLO v10 shows excellent real-time detection performance even under complex conditions
such as various lighting in indoor environments, complex backgrounds, and changes in the shape of
smoke and flames. In particular, this model effectively distinguishes fire and smoke objects and shows
robust detection performance even under various indoor environmental conditions.
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