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Table 1 The MSE comparison of two predict methods results

i s BRAE | s LI s IR
STARIMA STARIMA STARIMA STARIMA STARIMA STARIMA
1 8638.27 6643.68 22 3338.29 2839.48 43 3977.67 3058.83
2 7396.01 6032.39 23 6236.77 5064.66 44 4458.98 3847.45
3 6631.31 4983.57 24 7784.39 5338.54 45 8979.37 7432.82
4 8362.58 5986.44 25 2526.67 1438.33 46 8443.69 6234.73
5 2948.21 1863.49 26 3464.32 1974.34 47 2798.55 1846.49
6 4820.22 2799.35 27 8764.39 5890.43 48 3985.42 2275.45
7 9230.23 7390.32 28 6549.48 5438.93 49 7849.43 5893.37
8 7857.46 6074.45 29 12974.45 8865.29 50 6692.38 5624.78
9 15324.01 12984.61 30 13084.44 10474.63 51 6639.32 4542.43
10 11479.46 8753.05 31 5478.34 3740.35 52 5873.57 4147.57
11 3892.27 2775.73 32 4858.34 3275.39 53 3720.32 2475.54
12 4917.48 3295.48 33 7434.95 6578.36 54 3920.28 2143.27
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18 9033.54 7018.83 39 3894.22 2057.75 60 6653.63 4954.54
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Distributed Incremental Traffic Flow Big Data Forecasting
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Abstract: Along with the accelerating urbanization, there are more and more contradictions between the num-
ber of cars and urban transportation facilities. The congestion time and congested roads in cities are increasing.
Intelligent urban traffic management platform is the effective method to alleviate the increasingly serious ur-
ban congestion problems. By using prediction results of traffic flow big data, the platform can guide users to
adjust the travel plan, and ease the traffic pressure effectively. How to use a large number of spatio-temporal
data related to traffic activities to predict the traffic flow is the key to realizing traffic guidance. In this article,
a distributed incremental aggregation method for traffic flow data is studied. The method combines the distrib-
uted incremental data aggregation method with the traffic flow data cleaning rules, makes cleaning and count-
ing of traffic flow big data, and provides data for traffic flow forecast. With the analysis of traffic flow correla-
tion in the network of upstream and downstream, this article uses the multi-order of turning rate in the intersec-
tion to quantize the correlation, builds the spatial weight matrix based on the road network correlation, and im-
proves the STARIMA model. In this article, two groups of contrast experiments were made. Through the con-
trast experiment between MapReduce method and MPI method, the result proves that the method proposed in
this article is better than the MPI method in the development cycle and stable operation. The method’s efficien-
cy can meet the need of traffic flow data aggregation. The traffic flow statistics can be used as the basis of traf-
fic flow forecasting. Through the contrast experiment between the Improved STARIMA model and the Dynam-
ic STARIMA model, the result proves that the Improved STARIMA model, which considers the multi-order
correlation between the upstream and downstream sections, matches the distribution rules of traffic flow in
road network better. Therefore, the forecast results are more accurate. In conclusion, the method of this article

is a new method of traffic flow forecasting in the background of big data, and it can realize accurate prediction.

Key words: traffic flow; big data; distributed incremental; road network correlation; STARIMA



