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[Abstract]

This study proposes a method for correcting traffic attributes collected from noisy detectors to approximate their true values,
thereby improving the accuracy of road-based carbon emission calculations. The aim is to introduce a new approach for estimating
reliable carbon emissions. While existing studies on greenhouse gas evaluation typically rely on noisy traffic data from a single
detector (fixed or mobile) without a recalibration process, this study presents a recursive recalibration method that adjusts noisy
detection data to more accurately reflect true values. By treating each traffic attribute as a state, the study offers a novel
perspective for traffic data processing. To achieve this, a methodology for correcting traffic attributes using the Kalman filtering
technique is proposed.
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Table 1. MAPE of filtering and observations relative to true

values
MAPE for volume MAPE for speed
Filtering 2.27% 0.18%
Observations 4.36% 0.81%
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Fig. 4. Comparing traffic volumes between true values,
filtering, and observations
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