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A Survey on Traffic Prediction based on Big Data Analytics
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Abstract

Nowadays, big data are widely applied to different
field. Many industries such as healthcare, manufacturing,
telecommunications, and other applications market
imports the technology of Big Data Analysis. This
provides the advantage of valuable information that is
hardly to perform in the past. To forecast and predict
traffic situation, the various methods of big historical
traffic data analytics. With the used of Big Data
Analytics, Machine learning, Data mining, and Neural
networks. The result are thoroughly studied and concisely
summarized with comparison table. This can improve the
possible usage of Big Data Analytics in traffic prediction.
Keyword: Big Data, Traffic Prediction, Deep learning,

Neural Network.
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