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Abstract: In order to improve the accuracy of anomaly detection of power equipment, an improved YolovSs anomaly detection
method for power equipment by combining bidirectional weighted feature pyramid network (BiFPN) and triplet attention (TA)
mechanism is proposed. In the integrated BiFPN, the cross-scale connection lines are added into the feature fusion structure to
retain more deep semantic information, which can effectively promote the classification and accurate location of the target. The
addition of three-branch structure of TA mechanism can better extract the spatial interactive attention and channel spatial
interactive attention, and suppress the useless feature information. Finally, using Soft NMS to replace the traditional NMS
algorithm can effectively reduce the omission of the target and improve the accuracy of detection. Experimental data show that
compared with the original YOLOvSs model, the accuracy rate of the improved YOLOvSs network model has been increased
from 88.3% to 90% , the recall rate has been increased from 89% to 93% , and the mAP@ 0.5 value has been increased from
88.7% to 92.8% , which effectively improves the detection accuracy.
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