o< Eﬂ/ﬁ'kEWﬂﬁ@ﬁfﬁ‘é‘@ IOVWTHRTLZ &z
HiL 2. BRMICIE, £7, =% Lok
{5 Dk ) % TN LTV D B O E T A

I SO J%%’é’ (ZFS< Eﬂ%?ﬂﬂﬁ@‘f Bt
~ AREAEEEEHIRIT 351 B s I Al 2 1

R *

Possibility of Evaluating Impressions Based on Gaze Analysis and Deep Learning

- A Case Study of Attractiveness Evaluation of Streets in Densely Built-up Wooden Residential Area -

Takuya Oki

This paper aims to investigate the possibility of impression evaluation based on gaze analysis of
subjects and deep learning, using an example of evaluating street attractiveness in densely built-up
wooden residential areas. Firstly, the relationship between the subjects' gazing tendency and their
evaluation of street image attractiveness on the monitor is analyzed by measuring the subjects' gaze
with an eye tracker. Next, we construct a model that can estimate an attractiveness evaluation result
using convolutional neural networks (CNNs). Besides, using the method of gradient-weighted class
activation mapping (Grad-CAM), we attempt to visualize which street components can contribute to
the attractiveness evaluation. Finally, we discuss the similarity between the subjects' gaze tendencies
and activation heatmaps created by Grad-CAM.

Keywords: 1 # i #T (gaze analysis) , & A IA A = =2 — 7 V> NU— 72 (convolutional
neural network) , Grad-CAM (Grad-CAM) , K& ff £ % £ #fl it (densely built-up wooden
residential area) , W& JJFF{f (attractiveness evaluation)
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