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Abstract

In this study, a neural network-based model was developed to simultaneously predict vehicle emissions and fuel
consumption under real-world driving conditions. The standard NEDC cycle data were used for training and
validation of the model. The input variables included vehicle and engine speed, pedal and throttle position, intake
air and coolant temperature, exhaust gas before and after the catalytic converter, spark timing, camshaft angle,
and intake manifold pressure after the throttle, all of which directly influence pollutant formation. The results
showed that the recurrent neural network successfully reproduced the key variations in carbon monoxide,
nitrogen oxides, and fuel consumption with high accuracy. A comparison between the two driving cycles revealed
that both emissions and fuel consumption were considerably higher in real-world conditions, mainly due to
frequent stops, sudden accelerations, and catalyst activation delays. The findings indicate that neural networks
can serve as an effective alternative to costly emission measurement tests and can provide accurate prediction
tools to support sustainable transportation and environmental policymaking.

Keywords: fuel consumption, emissions, modeling, deep recurrent neural network, real driving emissions
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