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ABSTRACT

Purpose: The purpose of this paper is to develop a deep learning model to detect fire extinguishers in
images taken from CCTVs in underground utility tunnels. Method: Various fire extinguisher images
were collected for detection of fire extinguishers in the running-based underground utility tunnel, and
amodel applying the One-stage Detector method was developed based on the CNN algorithm. Result:
The detection rate of fire extinguishers photographed within 10m through CCTV video in the under-
ground common area is over 96%, showing excellent detection rate. However, it was confirmed that
the fire extinguisher object detection rate drops sharply at a distance of 10m or more, in a state where
it is difficult to see with the naked eye. Conclusion: This paper develops a model for detecting fire
extinguisher objects in underground common areas, and the model shows high performance, and it is
judged that it can be used for underground common area digital twin model synchronizing.
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Table 3. Fire extinguisher detection model performance

Distance Precision Recall F1 Score
5m 1 1 1 0.996 0.998 1
10m 1 1 1 1 1 1
15m 0 0 0 0 0 0
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Fig. 4. Fire extinguisher image size by distance through CCTV video
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Table 4. Fire extinguisher detection rate by distance in underground utility tunnels
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Fig. 5. Application of fire extinguisher object detection model in underground utility tunnel
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