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Analysis of covariate shift reduction for stable damage detection in infrastructure images
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The covariate shift is a factor that reduces the accuracy of pattern recognition. Since the images of the
infrastructure are mainly taken outdoors, the damage detection task inluenced by a covariate shift. This study
aim to establish a method to reduce covariate shifts in infrastructure images and to realize stable inference. This
paper shows the results of analyzing the relationship between the distribution of input data and the distribution

of the intermediate layer of the CNN model.
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Fig. 1 Image examples
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Fig. 2 Pixel value distribution
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Fig. 3 KLD Transition in Intermediate layer



