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Abstract: Corrosion detection of power equipment,as an important part of the safety operation of the power system, must be quickly and
accurately identified and detected and timely alarmed. In order to improve the timeliness and reliability of corrosion area detection of
power equipment, we propose an improved Attention—YOLOV3 algorithm based on YOLOV3 target detection algorithm combined with at-
tention mechanism, which can realize fast and reliable identification of rust area. Firstly, we reduce the model size and improve the
detection speed by lightweighting the YOLOV3 backbone network with the depthwise convolution. Then,in order to compensate for the
loss of precision caused by lightweight network and improve the feature extraction ability, we use a cascade of double-spatial —channel
(channel-attention) and channel-attention ( spatial-attention) after upsample operation. The attention mechanism combines and filters
the features to eliminate redundant invalid features. Experiments show that the proposed rust area detection algorithm can effectively
detect and identify the rust area of power equipment. Compared with the standard YOLOV3 ,the detection accuracy can be improved by
9.06% when the detection time is shortened by nearly 46% . The proposed algorithm can achieve an average precision of 91.75% at the
RustDetection dataset.
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