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ts storage requires extremely high level of safety monitoring. Traditional oil depot
ion video monitoring to detect whether there are safety problems. This method has
response and missed detection. In response to these problems, this paper proposes
d based on deep learning. The Coordinate Attention (CA) mechanism is added to the
YOLOVS (a single-stage target detection algorithm), so as to obtain the attention maps of

ion awareness. These maps are applied to input feature maps so that the objects of interest are

represented more abundantly. Then, the original GIOU Loss is replaced by EIOU_Loss function to calculate the localization
regression loss of the prediction box, which can improve the regression accuracy of Bounding Box. Finally, DIOU-NMS is
used to replace NMS (Non-Maximum Suppression) to improve the recognition of occluded targets. The mAP of this method
in the self-made test dataset reaches 91.2%, indicating that the proposed method has high application value in the safety

monitoring of oil depots.
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Tab.1 Dangerous target identification results
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