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Abstract; In response to the difficulty of uncertainty quantification for travel time estimation in intelligent
transportation systems, a global and local uncertainty-aware travel time estimation ( GLUTTE) method
was proposed. Firstly, a multi-task learning strategy was employed to model the travel time relationship
between overall routes and each local segment, as well as their uncertainties. Secondly, a multi-granular-
ity quantile regression approach was adopted, considering both global and local features to provide accu-
rate confidence interval estimation. The experimental results demonstrated that the proposed method could
effectively quantify uncertainties while ensuring accuracy and offering reliable confidence intervals, there-
by enhancing the usability and credibility of the results.
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Figure 1 The model structure of GLUTTE
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MIS 122. 80 19. 46 45.25 90. 35 840. 65 201.59 20. 50 33.74 81.89 1357.73
Quantile 118.74 18. 69 48. 59 90.42  845.77 195.79 19.78 34. 89 83. 80 1 286. 54
Ccp 117. 67 18. 40 48.21 72.92 1370.18  196.12 19. 54 35.40 68. 16 1 883. 64
GLUTTE 116. 43 18.19 48.56 95.65  826.28 187. 33 18. 30 36. 45 96. 41 1 228.39
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Table 4 Results of ablation experiment

LAY MAE MAPE/%  PICP/% MIS
No STF 120. 59 19.05 95.99 906. 24
No Local 118.74 18. 69 90. 42 845.77
No MPIW&L, 121.98 19. 05 96. 04 863. 61
GLUTTE 116. 43 18.19 95.65 826. 28
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