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Abstract

CO, emissions from gas-powered vehicles have a large impact on global warming. The aim of this paper is to develop a method
for estimating CO; emissions from driving data for various vehicles using machine learning. CO; emissions from gas-powered
vehicles vary depending on various factors such as vehicle type and driving pattern. The developed approach uses actual driving
records and features of the vehicles constituting driving resistance. Machine learning based on random forest regression enables
better estimation of CO, emissions compared to conventional multiple linear regression. The result implies the possibility of
reducing CO; emissions by eco-driving with smooth acceleration and deceleration.
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Fig. 1 Model of monthly CO, emission estimation using
driving data and vehicle features.
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Table 1 Symbols of vehicle dynamics model.

Symbol Description Unit
F Driving Force N
v Velocity m/s
a Acceleration m/s?
g Gravitational Acceleration m/s?
m Vehicle Mass kg
A Frontal Area m?
0 Air Density km/m3
r Wheel Radius m
B, Viscous Damping Coefficient Nms/rad
C, Rolling Resistance Constant -
Cq Air Resistance Coefficient N/kN
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Fig. 2 5-fold cross-validation utilizing a grid search technique in random forest regression.

Table 2 Features obtained from telematics.

Feature Unit

Target Year and Month -

Start Date of Relevant Month -

End Date of Relevant Month -

Monthly Driving Time s

Monthly Driving Distance m
Speeding on Expressway times
Sudden Acceleration on Expressway times
Sudden Braking on Expressway times

Driving Distance on Expressway m
Speeding on National Highway times
Sudden Acceleration on National Highway  times
Sudden Braking on National Highway times

Driving Distance on National Highway m
Speeding on Local Road times
Sudden Acceleration on Local Road times
Sudden Braking on Local Road times

Driving Distance on Local Road m

Safe Driving Score %
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Fig. 3 Distribution of vehicle mass and frontal area of 24
vehicles in driving data. ICV denotes Internal Combustion
Vehicle and HEV denotes Hybrid Electric Vehicle,

respectively.
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Table 3  Estimation performance of monthly CO, emission and computation time of each machine learning method.

Method R? [-] RMSE [kg] MAE [kg] Computation Time
Multiple Linear Regression  0.873769 30.8296 19.8524 < 1second
Random Forest Regression  0.980831 12.0140 7.55227 > 4 hour
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