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ABSTRACT
object recognition model, is trained to recognize the opening and closing of the control panel door

i
using video data taken by a robot patrolling the underground utility tunnel. To improve the recognition
rate, image augmentation is used. Result: Among the image enhancement techniques, we compared
the performance of the YOLO model trained using mosaic with that of the YOLO model without
mosaic, and found that the mosaic technique performed better. The mAP for all classes were 0.994

which is high evaluation result. Conclusion: It was able to detect the control panel even when there

Purpose: Underground utility tunnel is facility that is jointly house infrastructure such as electricity,
water and gas in city, causing condensation problems due to lack of airflow. This paper aims to
were lights off or other objects in the underground cavity. This allows you to effectively manage the

prevent electricity leakage fires caused by condensation by detecting whether the control panel door in
the underground utility tunnel is open using a deep learning model. Method: YOLO, a deep learning
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underground utility tunnel and prevent disasters
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Fig. 1. Condensation in underground utility tunnel Fig. 2. Inside the light control panel
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Fig. 3. Underground Monorail Robot
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Fig. 5. Transformation of training images
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Table 1. Hyperparameters in YOLOV5

Train Image augmentation
Hyperparameter Value Hyperparameter Value
Epoch 150 hsv_h 0.015
batch size 32 hsv_s 0.7
img size 640*640 hsv_v 0.4
Weights Yolov5s translate 0.1
fliplr 0.5
scale 0.5
mosaic 1
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Fig. 6. Training Precision, Recall and mAP
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Table 2. Test results

Use mosaic Unused Mosaic
Class Number of class — —
Precision Recall ~ mAP@0.5 Precision Recall ~ mAP@0.5
all 136 0.99 0.99 0.994 0.99 0.99 0.991
panel 82 0.98 1 0.994 0.99 1 0.995
panel_open 54 1 0.98 0.995 0.99 0.98 0.986
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Table 3. Contextual test results

Status of light control panel open Status of light control panel close

Light on
Light off
mAP@0.5 0.995 mAP@0.5 0.995
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