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Convolutional-recursive network based current transformer infrared fault image diagnosis

LIN Ying, GUO Zhihong, CHEN Yufeng
(State Grid Shandong Electric Power Research Institute, Jinan 250002, China)

Abstract: Increasing unstructured data of big data in electric system puts forward a new challenge to traditional manual
processing mode. As a typical kind of unstructured data, the infrared image is very important for the research of big data
in electric system. In order to automatically processing massive infrared fault images, this paper presents a convolutional
recursive network based current transformer infrared fault image diagnosis method. The infrared fault images are first
segmented by super pixel segmentation method and then we take advantage of the hue information to extract the
temperature anomaly area; secondly, a two-level joint convolution recursive neural network is adopted, the fault device
position can be identified by training a large number of samples; finally, the fault information is confirmed according to
the location information of fault classification. The experimental results show that, this algorithm has better robustness,
higher accuracy, and can improve the efficiency of infrared diagnosis, which is also the foundation for the feature
representation of unstructured data.
This work is supported by National High-tech R & D Program of China (863 Program) (No. 2015AA050204).
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Fig. 2 Convolutional-recursive network
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Fig. 3 Precision and recall of the segmentation results
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