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Discovery method of travelling companions based on big data of license plate recognition
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Abstract: The discovery of travelling companions based on processing and analysis of the license plate recognition big

data has become widely used in many aspects such as the involved vehicle tracking. However, discovery algorithms of

travelling companions have poor performance in single machine mode no matter in time and space. To solve this problem, a

discovery method of travelling companions named FP-DTC was proposed. This method based on the algorithm of FP-Growth

was parallelled by the distributed processing framework- Spark, and had made some improvement and optimization to discover

the travelling companions more efficiently. The experimental results show that, this method performs well on the discovery of

travelling companions, and achieves an increase of nearly four times than the same algorithm with Hadoop.

Key words: Intelligence Transportation System ( ITS); license plate recognition; travelling companions; FP-Growth

algorithm; Spark parallel framework
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