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Substation Equipment Defect Progressive Detection
Based on Multi-scale Feature Map
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Abstract: Aiming at the problem of poor robustness of existing detection methods when object scale is variant and back-
ground is complex, this paper proposes a progressive detection method for substation equipment defects based on multi-scale
feature maps. Firstly, original feature maps of substation equipment defect images are extracted by deep residual network,
and multi-scale feature maps of substation equipment images are constructed by multi-scale feature aggregation method. Sec-
ondly, the detection process goes through two stages. The first stage is the classification of foreground and background of
defect objects and coordinate regression. The second stage determines the specific category of foreground objects and further
performs coordinate regression. The first stage category results are used as semantic information to add a spatial attention
mechanism on the feature map, which can adaptively weight the feature values of feature maps of different scales to enhance
the feature response of the foreground area, while suppressing the background area, thereby enhancing the robustness and
generalization ability of the proposed method. Experimental results on real substation equipment defect image data set show
that the proposed method has better detection performance.
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