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PERFORMANCE EVALUATION OF TRAFFIC COUNTING SYSTEM
USING EDGE COMPUTING

Kou SHIINA, Hideki YAGINUMA, Shintaro TERABE and Haruka UNO

Improvements in image analysis technology using Al have led to significant changes in the data to
be analyzed and the methods used in prediction models in a short period of time. In the field of traffic
engineering, it has become possible to constantly observe the amount of traffic by automatically detecting
and tracking vehicles in images. However, constant video observation increases the amount of data traffic to
send and receive images. The current centralized processing system is insufficient for server performance
due to the increased load. However, installing a server with sufficient performance is difficult due to its
high cost. This study aims to solve this problem by introducing a distributed processing system using edge
computing. We will construct an edge system that combines several commercially available devices and Al
models, and verify whether the system is practical by comparing processing speed and detection accuracy

under the same conditions.



