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Impact of Realtime Data Filling Methods on
Multi-source Data Fusion

YANG Yang YAO En-ian
( School of Traffic and Transportation Beijing Jiaotong University Beijing 100044 China)

Abstract. The authers proposed three kinds of real4ime data filling methods including time series
spatial correlation and history database methods to complement the missing data which resulted from
detection equipment failure and error data-elimination process. The data filling results based on those
methods were applied respectively to an urban expressway multi-source data fusion model in which
floating car data and remote traffic microwave sensor ( RTMS) data were used and the impact on data—
fusion accuracy and the application priority of those data filling methods were analyzed. Results show that
the mean absolute percentage errors ( MAPEs) of data fusion models based on time series and spatial
correlation methods are both under 20% and that the practicability of the proposed methods is verified.
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Table 1 Spatial correlation analysis of RTMS traffic detection parameters

2 min 4 min 2 min 4 min 2 min 4 min
12 0. 864 0.866 0. 867 0.714 0.716 0.718 0.538 0.541 0.542
13 0.879 0. 880 0. 881 0.118 0.118 0.118 0.349 0.350 0.351
14 0.876 0.878 0.879 0.738 0.739 0.739 0.628 0.633 0.639
15 0.953 0.954 0.954 0.842 0.845 0. 848 0.754 0.758 0.762
23 0.978 0.976 0.974 0.636 0.632 0.627 0.901 0.894 0.885
2 4 0.975 0.974 0.973 0.541 0.539 0.536 0.728 0.723 0.717
25 0.955 0.955 0.953 0.798 0.797 0.796 0.719 0.714 0.708
34 0.988 0.988 0.989 0.277 0.273 0.268 0.748 0.745 0.742
35 0.971 0.971 0.971 0.345 0.345 0.344 0.637 0.636 0.635
45 0.974 0.974 0.973 0.835 0.837 0.838 0.928 0.928 0.927
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Table 2 Composition of experimental data
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Table 3 Accuracy of datafilling results
) 0. 087 0.337 0.280 0.216 0. 268
A 3.952 14. 845 9. 669 9. 005 9.477
s 14.714 178. 073 108. 197 64. 846 61.877
2 6 6.
20% 1
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2 3 ( MAE) (S*)2
4 5 ( 4).
4
Table 4 Data fusion accuracy of experiments
1 2 3 4 5 6
5 0.172 0.179 0. 185 0. 206 0.192 0. 197
A 7.416 7.562 8.041 9.311 8.241 8.423
s 27. 625 32.073 37.567 43.415 34.573 33.840
Ly ion 0.004 1 0.004 2 0.004 7 0.0051 0.004 5 0.004 6
Ly 0. 0057 0. 005 7 0.006 0 0. 005 7 0.0050 0.005 6
Ly, 0.0211 0.0211 0.0216 0.0211 0.0211 0.0211
" Livion LSE Ly LSE Ly LSE.
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