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Abstract A traffic flow data processing and forecasting framework based on Spark is designed, and it can

complete the efficient cleaning, statistics, storage and query of traffic flow data. A multi-order spatial weight
matrix STARIMA model is used to predict the traffic flow, and it can verify the efficiency of data processing and
the support for the prediction. By comparative experiments, the results show that the traffic flow data processing

framework is efficient, and it is suitable for realizing complex data cleaning and mining algorithms and

establishing data support for the prediction model. The traffic flow prediction model optimizes the multi-order

spatial weight matrix, and it takes both efficiency and accuracy into consideration. The prediction results can

provide reference for traffic guidance.
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Fig. 1 Traffic flow data processing and prediction framework
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Fig. 5 Spatial query process based on semantics
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