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Abstract

Advanced Driver-Assistance Systems ADAS is receiving lots of attention lately. This is because
of its importance in reducing traffic accidents and alerting drivers to follow better driving
behavior in a way that leads to better feul consumption. The aim of this research is developing an
Unsafe Driving ldentification system. The developed system works on a smart phone, which has
become widely available, and therefore its usage does not require the presence of additional
equipment or having certain specifications that may not be available in all vehicles. The model
has been developed to take advantage of the sensors found in any mid-range smartphone and
work in real time as it was tested on a phone running Android 5.1. The developed model was
trained using the real dataset UAH Driveset and we obtained an accuracy of 98.3% and
execution time less than 70 milli seconds in identifying two driving classes (Normal —
Aggressive) and obtained an accuracy of 98.7% in identifying three driving classes (Normal —
Aggressive — Drowsy). This research is the first of its kind to use the collision probability
estimation based on the Dronet model to detect dangerous driving style.
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