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Intuitive Visualization Method for Image Classification 
Using Convolutional Neural Networks 

 

SATOSHI ARAI†1 TOMOHARU NAGAO†1  
 
Abstract: Deep neural networks show excellent performance in various image recognition field. However, some issues remain 
for future industrial applications. For example, in image classification tasks, users might request not only to estimate class label 
but also to answer where the system give attention to classify. We propose novel network architecture to solve this issue. Our 
method generates 2D maps directly related to classification scores during classification, and generated maps are visually 
recognizable and reflected to classification result naturally. We empirically indicate effect of our method for existing datasets. 
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