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Design of a deep learning model to determine fire occurrence
in distribution switchboard using thermal imaging data
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Abstract This paper discusses a study on developing an artificial intelligence model to detect incidents of fires
in distribution switchboard using thermal images. The objective of the research is to preprocess collected thermal
images into suitable data for object detection models and design a model capable of determining the occurrence
of fires within distribution panels. The study utilizes thermal image data from AI-HUB's industrial complex for
training. Two CNN-based deep learning object detection algorithms, namely Faster R-CNN and RetinaNet, are
employed to construct models. The paper compares and analyzes these two models, ultimately proposing the
optimal model for the task.
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Figure 1. Number of hot topics related to ignition points in
facilities and storage spaces
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Table 1. Data labeling criteria
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