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Traffic flow forecasting based on ARIMAX model
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[ Abstract] With the increase of travelers” expected dependence on traffic information, it is more practical to build and develop
more accurate traffic flow prediction model. As a common time series processing tool, ARIMA model is widely used in various
fields. However, ARIMA prediction model is built on the basis of stationary time series, but in fact, it is built on the basis of unary
variables. In the process of specific model construction, unary variables usually cause the loss of useful data information due to
difference, which affects the final prediction results. Therefore, this paper considers introducing new parameters to make up for the
information loss caused by difference in traditional models, and constructs ARIMAX model based on short —term traffic flow
prediction. The ARIMAX model is used to predict the 5—day traffic flow. The results show that the model can reduce the error,
which shows that the model has a certain practical value.
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Tab. 1 Statistical characteristics of traffic flow and occupancy

. St PR
' T4t Jr % bR T % bR
2018/03/05 37.010 42 666.996 42 25.826 27 0.024 683 0 0.000 3149 0.017 744 7
2018/03/06 37.093 75 679.473 85 26.066 72 0.025 049 7 0.000 338 7 0.018 403 8
2018/03/07 38.305 56 708.837 19 26.624 00 0.025 581 3 0.000 341 7 0.018 484 6
2018/03/08 41.173 61 823.136 53 28.690 36 0.027 678 8 0.000 419 6  0.020 483 2
2018/03/09 49.482 64 1010.499 70 31.788 36 0.034 541 3 0.000 590 6 0.024 301 3
2018/03/12 37.010 42 666.996 42 25.826 27 0.024 683 0 0.000 3149 0.017 744 7
2018/03/13 37.093 75 679.473 85 26.066 72 0.025 049 7 0.000 338 7 0.018 403 8
2018/03/14 38.305 56 708.837 19 26.624 00 0.025 581 3 0.000 341 7 0.018 484 6
2018/03/15 41.173 61 823.136 53 28.690 36 0.027 678 8 0.000 419 6 0.020 483 2
2018/03/16 49.482 64 1010.499 70 31.788 36 0.034 541 3 0.000 590 6 0.024 301 3
2018/03/19 37.010 42 666.996 42 25.826 27 0.024 683 0 0.000 3149 0.017 744 7
2018/03/20 37.093 75 679.473 85 26.066 72 0.025 049 7 0.000 338 7 0.018 403 8
2018/03/21 38.305 56 708.837 19 26.624 00 0.025 581 3 0.000 3417 0.018 484 6
2018/03/22 41.173 61 823.136 53 28.690 36 0.027 678 8 0.000 419 6  0.020 483 2
2018/03/23 49.482 64 1010.499 70 31.788 36 0.034 541 3 0.000 590 6 0.024 301 3
2018/03/26 37.010 42 666.996 42 25.826 27 0.024 683 0 0.000 3149 0.017 744 7
2018/03/27 37.093 75 679.473 85 26.066 72 0.025 049 7 0.000 338 7 0.018 403 8
2018/03/28 38.305 56 708.837 19 26.624 00 0.025 581 3 0.000 341 7 0.018 484 6
2018/03/29 41.173 61 823.136 53 28.690 36 0.027 678 8 0.000 419 6  0.020 483 2
2018/03/30 49.482 64 1010.499 70 31.788 36 0.034 541 3 0.000 590 6 0.024 301 3
2018/04/02 37.010 42 666.996 42 25.826 27 0.024 683 0 0.000 3149 0.017 744 7
2018/04/03 37.093 75 679.473 85 26.066 72 0.025 049 7 0.000 338 7 0.018 403 8
2018/04/04 38.305 56 708.837 19 26.624 00 0.025 581 3 0.000 341 7 0.018 484 6
2018/04/05 41.173 61 823.136 53 28.690 36 0.027 678 8 0.000 419 6 0.020 483 2
2018/04/06 49,482 64 1010.499 70 31.788 36 0.034 541 3 0.000 590 6 0.024 301 3
2018/04/09 37.010 42 666.996 42 25.826 27 0.024 683 0 0.000 3149 0.017 744 7
2018/04/10 37.093 75 679.473 85 26.066 72 0.025 049 7 0.000 338 7 0.018 403 8
2018/04/11 38.305 56 708.837 19 26.624 00 0.025 581 3 0.000 3417 0.018 484 6
2018/04/12 41.173 61 823.136 53 28.690 36 0.027 678 8 0.000 419 6  0.020 483 2
2018/04/13 49.479 17 1 010.194 01  31.783 55 0.034 544 4 0.000 590 8 0.024 305 5
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Fig. 1 Traffic flow and occupancy in a week
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Fig. 2 Autocorrelation of original data of traffic flow and occupancy
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Tab. 2 ADF test after first—order difference of traffic flow and occupancy
Trend and Intercept Intercept None
t — Statistic Prob. t — Statistic Prob. * t — Statistic Prob.
Volume —-12.739 48 0.000 0 -12.738 75 0.000 0 —-12.739 47 0.000 0
Occupany -13.244 38 0.000 0 -13.244 95 0.000 0 —-13.245 80 0.000 0
Test critical values -3.959 106 1% -3.430 936 1% —2.565 232 1%
-3.410 327 5% -2.861 684 5% —-1.940 861 5%
-3.126 914 10% -2.566 888 10% -1.616 675 10%
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Fig. 3 AIC and BIC thermodynamic diagram of various combinations of p and ¢
%3 ARIMAX(6,1,5)EESHME
Tab. 3 Parameter fitting of ARIMAX (6,1,5)
Latent Variable Estimate Std Error z P >zl 95%C.1.
AR(1) 0.245 7 0.034 1 7.206 3 0 (0.178 910.312 6)
AR(2) 0.474 0 0.033 2 14.272' 5 0 (0.408 910.539 1)
AR(3) -0.578 7 0.009 9 -58.477 6 0 (-0.598 11-0.559 3)
AR(4) -0.136 9 0.027 4 -4.993 1 0 (=0.190 61-0.083 2)
AR(5) 0.854 7 0.026 8 31.847 9 0 (0.802 110.907 3)
AR(6) 0.059 4 0.011 5 3.429 7 0.000 6 (0.016 910.061 9)
MA(1) -0.187 4 0.032 5 -5.758 3 0 (-0.251 21-0.123 6)
MA(2) -0.439 2 0.029 3 -15.002 0 (-0.496 51-0.381 8)
MA(3) 0.634 4 0.002 3 281.049 4 0 (0.629 910.638 8)
MA(4) 0.156 8 0.029 4 5.334 5 0 (0.099 210.214 5)
MA(S5) -0.791 1 0.026 1 -30.279 9 0 (-0.842 31-0.7399)
Beta avg_occup -1.279 9 0.240 7 -5.318 2 0 (-1.751 51-0.808 2)
Normal Scale 2.005 6
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Tab. 4 Residual test of ARIMAX
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Fig. 4 Residual Q—-Q diagram of ARIMAX model
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Tab. 5 MAE ,MSE and MAPE of predicted and actual data

HiH MAE MSE MAPE
2018/04/16 1.367 834 3.649 851 8.086 658
2018/04/17 1.373 786 3.577 881 6.121 108
2018/04/18 1.295 282 3.215 208 6.870 525
2018/04/19 1.418 723 3.883 052 5.364 511
2018/04/20 1.613 909 4.410 740 7.920 212

SEAA{H 1.413 907 3.747 346 6.872 603
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Fig. 5 Comparison between predicted and actual data
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