
* Tokyo Institute of Technology
152 8550 2 12 1 E-mail: kawamura.y.ai@m.titech.ac.jp

** Tokyo Institute of Technology

Effects of Visual Information on Susceptibility to Getting Lost During Wayfi nding in a Railway Station
-Evaluation of Susceptibility to Getting Lost Based on 
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For planning comfortable architectural spaces with high legibility, it is essential to understand the 
mechanism of getting lost. We previously conducted a virtual walking experiment using Google 
Street View at a large-scale terminal station. Using the eye-tracking data of subjects, we analyzed 
the relationships among spatial characteristics in the station, gaze behavior of subjects, and getting 
lost. In this paper, we fi rst analyze the results of the previous experiment in more detail and clarify 
the relationship between gaze behavior and getting lost from the psychophysiological responses of 
subjects. Next, we construct a gaze prediction model trained by saliency maps and GSV images during 
the walking experiment. Finally, we discuss the possibility of using the proposed gaze prediction 
model to evaluate susceptibility to getting lost in architectural spaces.
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AUC 0.711 CC 0.389 NSS 0.042 AUC 0.630 CC 0.121 NSS -0.099AUC 0.664 CC 0.250 NSS 0.047

AUC 0.985 CC 0.740 NSS 8.107 AUC 0.940 CC 0.387 NSS 6.073AUC 0.975 CC 0.602 NSS 7.502

0 1.0

AUC CC NSS

Baseline Model (Pan et al., 2017) 0.775 0.281 1.787

Fine-Tuning Model (Ours) 0.856 0.357 2.836

Model

○CC (Correlation Coefficient)

○NSS (Normalized Scanpath Salienc)

○AUC (Area Under ROC curve)
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