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Abstract ;: In the process of power grid construction and safety inspection, electric power staff safety is crucial. Construction site safety in-
struments to see if there is any breakage directly relates to the safety of staff in the electric power. Therefore, we propose an automatic de-
tection method of safety tools based on hybrid attention network, which is used for safety tools detection in construction site. The
s s

0

proposed hybrid attention network takes the classical Faster R—-CNN as the main stem network ,and the hybrid attention module consists of

E,'ul

)
two sub—modules: global channel attention and local spatial attention. Global channel attention is concerned with the importance of the
Key words : object detection ;safety tools;attention network ;data enhancement ; feature pyramid

channel , while local spatial attention is concerned with spatial location information, mainly to help the network locate the target. We also

introduce a variety of aliasing data enhancement method and use the multilayer prediction method based on multi—scale feature pyramids
In addition,in order to validate the effectiveness of the proposed method, we also collect a batch of real images from the grid construction
proposed method is effective for the automatic detection of safety and instrument

site,obtain the corresponding safety instruments and construct a set of security and instrument data. According to comparison, the
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