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Research on vehicle travel time uncertainty quantification method for
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Abstract: With the rapid development of intelligent transportation systems and shared mobility services, the demand for
accurate travel time prediction has been increasing. As a result, accurate travel time estimation has become a crucial task for
improving traffic efficiency and optimizing user experience. Traditional travel time estimation methods mostly focus on
predicting the mean value and provide point estimates, while ignoring the uncertainty caused by complex and dynamically
changing traffic conditions. Quantifying the uncertainty of travel time and providing results with confidence intervals can offer
more comprehensive and trustworthy predictions for users and mobility platforms. However, due to the dynamically varying
travel time distributions of road segments and the accumulated uncertainty across multiple segments, it remains challenging to
quantify travel time uncertainty accurately. To address this issue, this paper proposes a travel time prediction and uncertainty
quantification method based on dynamic traffic conditions. A novel model, Distribution Aware Travel Time Estimation
(DATE), is designed, which consists of a road network partitioning module, a global distribution - aware module, and a

distribution fusion-based uncertainty estimation module. This model not only improves the accuracy of travel time prediction
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but also provides reliable confidence intervals for comprehensive uncertainty quantification. Experimental results on two real-

world datasets demonstrate that DATE outperforms existing methods in terms of both prediction accuracy and reliability,

offering robust decision support for intelligent transportation systems.

Keywords: travel time estimation, uncertainty quantification, distribution awareness, spatial-temporal data mining, machine

learning
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Fig.1 Dynamic changing travel time distribution of road segments
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Fig. 4 Statistics on the number of segments in trajectories
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Table 2 Overall performance comparison of all methods

LGS W7 MIS () Width PICP MAE RMSE MAPE i B A ] ()
HDC 7351.92 215.65 25.67% 265.77 354.99 26.35% —
GPD 1426. 36 516.16 89.97% 131. 69 188. 96 14.62% 14.01
ConSTGAT 1574. 11 680. 59 93.53% 152,42 219.76 15.46 % 14.88
ProbTTE 1366. 15 475. 43 87.16% 129. 56 188.01 14.48% 12.51
A GMDNet 1468. 74 608. 95 90.47% 143. 86 201. 28 16.17% 12.31
HierETA 1394.12 527.73 87.69% 129.95 189. 26 14.60% 36. 87
DATE-MC 2307. 32 235. 89 59.45% 125. 08 184. 62 13.09% 150. 17
DATE (main) 1343. 67 559. 45 91.22% 126. 34 187.16 13.67% 7.58
HDC 8802. 63 169. 59 19.66% 292.76 373.69 31.80% —
GPD 1572.37 540. 64 89.49% 140.11 204. 50 15.48% 20. 93
ConSTGAT 1772.32 573.08 88.78% 161. 62 239.45 16.30% 30. 69
] ProbTTE 1429. 42 573.55 92.15% 134.06 201.15 14.87% 27.83
v GMDNet 1509. 27 526.90 89.05% 135. 81 199. 39 14.79% 27.78
HierETA 1416. 05 505. 58 87.93% 134.07 195. 57 14.58% 84.91
DATE-MC 2667. 14 223.77 55.31% 130. 35 193.10 13.47% 280. 21
DATE (main) 1399. 45 529. 80 89.76% 131.52 204. 51 13.98% 18. 16

DATE " 4 Jmy 73 A R g L e 5 ASTGNN
AR Xt [ s 3 AT R (] 2 A7 S0 1 b A 4 R fn 3k 4
i, Horp Ferh AR R G R R,
DATE 4 Ja) 43 A 8% A1 & 465 MU i A E AL 48 5 1
¥ % P F ASTGNN. 76 40 A W i & -, 3

KLD 45 R A5 PIA Bl 56 B2y BIFEAR 1T 254200 A
A5V, R W DATE 5 B 1 I (19 73 A5 5 2 52 7 A B
e dlr . AE 2k T o0 A B (E 9 R A OE R E B R
MAPE 75 P A B0l B 2y 5 A X3 T 17 4y
300 M 2300, BLAL A g T 3R AT B Y A B

®3 DATERZE T EEI R ERERER

Table 3 Performance comparison of DATE variants and the full model

K dhs 4 5 MIS (F) Width PICP MAE RMSE MAPE
— &Ry 43 A A 1368. 96 541.82 90.41% 130. 66 194. 32 13.98%

XA —LSTM 1410. 97 554. 11 90.07% 132.75 196. 64 14.17%
DATE (full) 1343. 67 559. 45 91.22% 126. 34 187.16 13.67%

— A Ry 43 AT IR 1422. 84 550. 24 91.27% 133. 94 207.27 14.20%

CD —LSTM 1479. 23 544.21 88.59% 137.34 209. 84 14.56%
DATE (full) 1399. 45 529. 80 89.76% 131.52 204. 51 13.98%

K4 DATEF2FH % BB S ASTGNN # U 3¢ B B 18 17 Bt 18] 43 75 T &9 bL 488
Table 4 Travel time distribution prediction: A comparison of DATE s global distribution-aware module and ASTGNN

FIEE VRS KLD MAE RMSE MAPE HHEF A i) (s)
ASTGNN 0.19 7.45 15.33 33.14% 7.53
A 2 JR) 43 A R AR 0.11 5.72 13.57 23.29% 2.51
) ASTGNN 0.22 7.12 13.46 31.70% 8.09
b 22 JR) 43 A T A 0.12 6.08 12. 61 24.29% 4.36
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Fig. 5 Estimation results of the global distribution-aware module: (a) 2018. 11. 02, distribution of segment
5208 at time slice 85; (b) 2018. 11. 05, distribution of segment 4465 at time slice 55; (c) 2018. 11. 04, distribution of
segment 7189 at time slice 83; (d) 2018. 11. 02, distribution of segment 704 at time slice 78

5 & DATE R A 200, 580 ik 1 %07 A 17
A P i) i 3PS A4 ke 0 T A 3
AR SCHR T — 0T ) S RS e 19 ) A5 R I 1]

L A B 5 A T 0K 1 A e 5 4

A 31 97 v 76 T 6 25 25 5 2 30 38k e B Y S R [1] Yan C W, Johndrow J, Woodard D, et al. Efficiency

VE i k45 A R AR e A 4 S 43 A R DL 4y of eta prediction. STAM Journal on Mathematics of

N .y o - ” Data Science, 2024 ,6(2):227— 253.

ik e AN B2 PE AT THBLSR, A SCHR H 9 DATE 8 [2] Chen X X, Cheng Z H, Sun L J. Bayesian inference

PR AT A0 5 7 R 6 T U ) 2, O i T for link travel time correlation of a bus route.

14 500 A XA DA S 6 AN i P 0 4 T Transportmetrica B: Transport Dynamics, 2024, 12

b FEPIA FLS R 4R b R S A SRR ] T (1):2416181.

S & ik



1

SREBE B A4 < T i) R A o 19 94 2 5 4T A T [ 6 5 A AL 5 I RS - 95 -

[3]

[8]

[12]

Chandra S R, Al-Deek H. Predictions of freeway

traffic  speeds and  volumes using  vector

autoregressive  models.  Journal of Intelligent
Transportation Systems, 2009,13(2):53—72.

Jin G Y,Liang Y X,Fang Y C,et al. Spatio-temporal
graph neural networks for predictive learning in urban
computing: A IEEE Transactions on
Knowledge and Data Engineering, 2024, 36(10):
5388—5408.

Kumar S V, Vanajakshi L. Short-term traffic flow

survey.

prediction using seasonal ARIMA model with limited
input data. European Transport Research Review,
2015,7(3):21.

Lv Z J,XuJ J, Zheng K, et al. Lc-mn: A deep
learning model for traffic speed prediction//
Proceedings of the Twenty - Seventh International
Joint  Conference on  Artificial
Stockholm : IJCAT, 2018:3470— 3476.
Jiang X K, Zhuang D Y, Zhang X H, et al.

Uncertainty quantification via

Intelligence.

spatial - temporal
Tweedie model for zero-inflated and long-tail travel
demand prediction//Proceedings of the 32" ACM
International ~ Conference on Information and
Knowledge Management. New York: Association for
Computing Machinery, 2023:3983— 3987.

Luo J,Zhang W, Fang Y, et al. Time Series supplier
allocation via deep black - litterman model. arXiv
preprint 2024, arXiv:2401.17350, .

Wang T F, Deng L. W, Wang C, et al. COMET:
NFT price profiling//
Proceedings of the 30" ACM SIGKDD Conference

on Knowledge Discovery and Data Mining. New

prediction with wallet

York: Association for Computing Machinery, 2024 :
5893—5904.

Guo S N, Lin Y F, Feng N, et al. Attention based
spatial - temporal graph convolutional networks for
traffic flow forecasting. Proceedings of the AAAI
Conference on Artificial Intelligence. Honolulu:
AAAT Press, 2019,33(1):922—929.

Liu X, Xia Y, Liang Y, et al. Largest: A benchmark
dataset for large-scale traffic forecasting. Advances in
Neural Information Processing Systems, 2023, 36:
75354—175371.

Cortes C, Vapnik V. Support - vector networks.

Machine Learning, 1995,20(3):273—297.

[13]

[14]

[15]

[18]

[22]

[23]

Quinlan J R. C4.5: Programs for machine learning.
Amsterdam : Elsevier, 2014.

Breiman L. Random forests. Machine lLearning,
2001,45(1):5—32.

Awad M, Khanna R. Support vector regression//
Awad M, Khanna R. CA: Efficient

machines: theories, concepts, and applications for

learning

engineers and system designers. Berkeley: Apress,
2015:67—380.

Lecun Y, Bottou L, Bengio Y, et al. Gradient-based
learning  applied to  document  recognition.
Proceedings of the IEEE, 1998,86(11):2278 — 2324.

Wang Z, Fu K, Ye J P. Learning to estimate the
travel time//Proceedings of the 24" ACM SIGKDD
International Conference on Knowledge Discovery &-
Data Mining. New York: Association for Computing
Machinery,2018:858—866.

Gers F A, Schmidhuber J, Cummins F. Learning to
forget: continual prediction with LSTM. Neural
Computation, 2000, 12(10): 2451 —2471.

VFAR . T IR BE 2 o 00 3T [ 190 47 5 I [ S50y 7
WH5E . M2 g S0 . K& Mok, 2022

Fang X M, Huang J Z, Wang F, et al. Constgat:
contextual spatial -temporal graph attention network
Baidu maps//
Proceedings of the 26" ACM SIGKDD International

Conference

for travel time estimation at

on Knowledge Discovery &. Data
Mining. New York: Association for Computing
Machinery, 2020:2697—2705.

Chen Z B, Xiao X L, Gong Y J, et al. Interpreting
trajectories from multiple views: A hierarchical self-
attention network for estimating the time of arrival//
Proceedings of the 28" ACM SIGKDD Conference
on Knowledge Discovery and Data Mining. New
York: Association for Computing Machinery, 2022:
2771—2779.

Blundell C, Cornebise J, Kavukcuoglu K, et al.
Weight uncertainty in neural networks//Proceedings
of the 32" International Conference on International
Conference on Machine Learning. Lille: JMLR,
2015:1613—1622.

Derrow - Pinion A, She J, Wong D, et al. Eta
prediction with graph neural networks in google
maps// The 30" ACM International Conference on

Information and Knowledge Management. New



96 - IR 2E 2R CH AR R

%62 %

[24]

[25]

[26]

York: Association for Computing Machinery, 2021:
3767—3776.

Mao X W, Wan H Y, Wen H M, et al. GMDNet: A
graph -based mixture density network for estimating
distribution//
Proceedings of the AAAIT Conference on Artificial
Intelligence, 2023, 37(4):4561—4568.

Xu C,Wang Q,Sun L J. Link representation learning
IEEE

packages' multimodal travel time

for probabilistic travel time estimation.
Transactions on Intelligent Transportation Systems,
2025,26(11):21149—21161.

Xu C,Wang Q,Sun L G. SPTTEA : Spatiotemporal
probabilistic framework for travel time estimation.
(2024—11—27) [2025—05—28]. https://doi. org/

10.48550/arXiv.2411.18484.

[27]

[28]

Gal Y, Ghahramani Z. Dropout as a Bayesian
approximation: representing model uncertainty in
deep learning//Proceedings of the 33" International
Conference on International Conference on Machine
Learning. New York:JMLR,2016,48:1050— 1059.
Guo S N, Lin Y F, Wan H Y, et al. Learning
dynamics and heterogeneity of spatial-temporal graph
data for traffic forecasting. IEEE Transactions on
Knowledge and Data Engineering, 2021, 34(11):
5415—15428.

(SAE4 i MR



