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Development of segmentation—-based electric scooter parking/non—parking zone
classification technology

Yong-Hyeon Jo*, Jin Young Choi**

ABSTRACT

This paper proposes an Al model that determines parking and non-parking zones based on return authentication photos
to address parking issues that may arise in shared electric scooter systems. In this study, we used a pre-trained
Segformer_b0 model on ADE20K and fine-tuned it on tactile blocks and electric scooters to extract segmentation maps of
objects related to parking and non-parking areas. We also presented a method to perform binary classification of parking
and non-parking zones using the Swin model. Finally, after labeling a total of 1,689 images and fine-tuning the SegFomer
model, it achieved an mAP of 81.26%, recognizing electric scooters and tactile blocks. The classification model, trained on
a total of 2817 immages, achieved an accuracy of 92.11% and an F1-Score of 91.50% for classifying parking and
non-parking areas.

Key words : Personal Mobility, Image Segmentation, Parking/Non-parking zone classification
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