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Abstract In this study, we propose a method for predicting the probability distribution of aesthetic impression scores consid-
ering individual differences in impression evaluations using a deep neural network. We adopted neural style features, which
potentially have relationships with visual impressions as explanatory variables. Then, we constructed a convolutional neural
network (CNN) that estimated the probability distribution of impression scores based on product images. Next, we visualized
attention maps that represented image areas that contribute to impression scores by using Grad-CAM. We also conducted an
impression evaluation experiment to relate individual impression scores to the image areas that each participant considered
important. Finally, we confirmed the similarity among the image areas by comparing the attention maps and the experimental

results.
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Fig.1 CNN architecture

#1 CNN OHSEDOFEM. AHSY 4 X height x width X channels

Table 1 Detail of CNN architecture. The input and output sizes are denoted

as height X width X channels

Layer Input size Output size Kernel | Stride
Convl | 224 x 224 x 3 | 224 x 224 x 64| 3 x 3 1
Conv2 | 224 x 224 x 64 | 224 x 224 x 64| 3 x 3 1
Ave 224 x 224 x 64 | 112 x 112 x 64 | 2 x 2 2
pool

FC1 1 x 1x 4096 1 x 1x 4096

FC2 1 x 1x 4096 1 x 1x 4096

FC3 1x 1x 4096 Ix 1x 7
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Fig.2 Representative distribution
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Fig.3 Visualization flow
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Fig.4 Experimental results. The image of each sample is from left to right: presented image, integrated

image of the attention maps, and integrated image of the subjective evaluations.
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