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Strategic advancement of CNN-based traffic measurement models using Explainable Al

Yuzuki HAGA, Hideki YAGINUMA, Shintaro TERABE, Haruka UNO, Yu SUZUKI

Recently, the practice of traffic volume measurement is shifting from manual observation to automatic
observation with the help of Al image analysis. Traffic volume measurement Al based on Convolutional
Neural Network (CNN) enables accurate and constant observation of traffic volume. However, under certain
conditions, such as nighttime and backlight, the measurement accuracy is significantly degraded, leaving
room for improvement for practical use. This study aims to improve the accuracy of traffic volume mea-
surement under various conditions. Specifically, strategic annotation and transfer learning are performed
based on the decision basis obtained from Grad-CAM, an explainable Al (XAI) method corresponding to
CNN. This makes it possible to focus learning on features that have not been acquired by CNN. The results
of applying this method to CCTV camera images on roads show an improvement of up to approximately

30% in the accuracy of traffic volume measurement.



