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ABSTRACT

In this paper, we use Faster R-CNN that is one of object detection algorithm and OpenCV that purposes computer

vision, to implement the system that can detect danger when a vehicle attempts to change lanes into its own lane in
videos of highway, national road, general road and etc. Also, the performance of implemented system is evaluated to

prove that the performance is not bad.
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2.2 Faster R-CNN(Faster Region-based Convoluti
onal Neural Networks)[S]
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3.1.1 % Data Set
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3.3.1 Tensorflow Slim
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