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In recent years, a lot of analytical methods of medical images using deep learning are suggested. Especially, convolutional neural network 

(CNN) is a model generally used in image recognition. When we classify diffuse lung disease (DLD) patterns using CNN, it is necessary 
to set region-of-interests (ROIs) on CT images. However, detection is important on diagnosis of DLD as same as classification. So, we 
propose a method to detect DLD opacities and extract DLD areas without setting ROIs. In this study, we evaluated detection methods of 
DLD areas using CNN, FCN and U-Net.  
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Dice  

CNN FCN U-Net 

CON 0.999 0.001 0.609 0.034 0.836 0.063 

GGO 0.777 0.154 0.700 0.069 0.470 0.337 

HCM 0.941 0.032 0.228 0.267 0.177 0.250 

EMP 0.868 0.010 0.250 0.060 0.812 0.131 

NOD 0.914 0.011 0.008 0.011 0.639 0.242 

NOR 0.939 0.031 0.351 0.133 0.904 0.003 

 0.906 0.070 0.358 0.235 0.640 0.252 
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