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Background

@ Bus travel time forecasting and its reliability /uncertainty are
important.

o Passengers: make better travel plans.

o Departure time
e Route choice
e Transport mode choice

@ Bus agencies: design robust bus management strategies.
o Bus timetable
e Bus priority signal control
e Bus bunching control

@ Most studies mainly center on making point estimation (i.e,
deterministic forecasting).

[ Probabilistic forecasting for bus travel time }
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Challenges

Key point: construct the probability distribution for bus travel time.

e Complex correlations among different links (local and long-range
correlations).
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Challenges

Key point: construct the probability distribution for bus travel time.

e Complex correlations among different links (local and long-range
correlations).

@ Strong interactions between two adjacent buses (e.g, bus bunching).

@ Bus travel time distributions are usually not normal and exhibit
long-tailed and multimodal characteristics.

@ Real-world data often have many missing/ragged values.
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Methodology Problem description

Problem Description

@ Bus link: the directional road segment connecting two adjacent stops
on a bus route.
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Methodology Problem description

Problem Description

@ Bus link: the directional road segment connecting two adjacent stops
on a bus route.

@ Link travel time: travel time of a bus link, including the dwell time.
@ Trip travel time: sum of several link travel times.

@ Objective: forecast the travel time of a bus on its upcoming
links/trips and providing ETA distribution.
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Augmented Random Variable

® l;m: the link travel time of the i-th bus on the m-th link.

o Link travel time vector of bus i: €; = [(; 1,42, - ,&-,n]T.
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A e e
Augmented Random Variable

Ui m: the link travel time of the i-th bus on the m-th link.

Link travel time vector of bus i: £; = [¢;1,4;2,- - ,@i,n]T.

® Ny the headway between the i-th bus pair at the m-th bus stop.

@ Define an augmented random variable @ to capture correlations
between two adjacent buses.
@ Specifically, bus i and its leading bus i — 1 produce a sample of x:
¢
-
xi= (li1| =1, lin, licia,  licim, Ry 5 hil
h;
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Augmented Random Variable

@ The inherent relationship between link travel time and headway:

Pims1 — Pigm +licim —lign =0, m=1,...,n—1.
Stop ID busi—1 bus i
#5 Zi—1,4
44 13 hia ' lia
43 b1 hi3 /O"/'
4 li1a % _//21:2 + i3
# = - - Time
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Augmented Random Variable

@ Ragged values are also constrains.

@ Constrains can be summarized into linear equations:

[Too0 0 0O 000 0 0 0] 4y [r:1]
01100 0 000 O 0O lia+ Ui Ti2
00010 O ODOO O 0O Ciy Tia
00001 O OO0 O 0O iy Tia
00000 1 000 0O 0O b2 Tis
00000 0O 1T 00 0 00|a;= b 1a = |7rig
00000 O 0O10 0 00 iy Ti7
00000 O ODO0O1T O 0O h;y Tis
1000-10 0OO-11 0O hio—hiy+ 61— €y, 0
01000 -1 000 =110 hig—hio+lia—C; > 0
00100 0 —-100 0 —11] Vhis—hig+Eia—Cii 3] 1 0]
~ Tﬂ

e G, (alignment matrix) and r; (recording vector) for bus i.
e Task 1: model p(x) using historical {G;} and {r;}.
@ Task 2: use p(x) and observed links to forecast upcoming links.
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Methodology Bayesian multivariate Gaussian mixture model

Bayesian Multivariate Gaussian Mixture Model

e Data/sampling distribution: pt Zyrk/\/ ") g )

e Prior distributions:

7' ~ Dirichlet ()

Ek ~ W_l (‘I’(], Vo)

1
k™ N (“07 )\Ek>
0
z{ ~ Categorical (7")
i | 2 =k ~ N (. Zi)

y

g
3

—Wo, 1o
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Model Inference: Gibbs Sampling

@ Sample m; from p (7'rt | zt,a).

P (ﬂ't | zt,a) ~ Dirichlet (Mf +ay, M+ ag, -, Ml + aK) :
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@ Sample m; from p (7'rt | zt,a).

P (ﬂ't | zt,a) ~ Dirichlet (Mf +ay, M+ ag, -, Ml + aK) :

e Sample z! from p (zf | 7, Em;‘)

1Z4 .
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Model Inference: Gibbs Sampling

@ Sample m; from p (7'rt | zt,a).

P (ﬂ't | zt,a) ~ Dirichlet (Mf +ay, M+ ag, -, Ml + aK) :

e Sample z! from p (zf | 7, Em;‘)
K .
Y omet TN (! | pyyy B

e Sample (p1;,, Xp) from p (p, 3 | A, ©).

p (e =k | ', 5 al) =

* 1 — * *
p (g, By | X, ©) ~ N (Nk | o, )\*Ek> wt (Zr | ¥0, 1)
0

Chen, Cheng, Jin, Trépanier, Sun CASPT 2022 10/21
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Model Inference: Gibbs Sampling

@ Sample m; from p (7'rt | zt,a).

P (ﬂ't | zt,a) ~ Dirichlet (Mf +ay, M+ ag, -, Ml + aK) :

e Sample z! from p (zf | 7, Em;‘)
K .
Y omet TN (! | pyyy B

e Sample (p1;,, Xp) from p (p, 3 | A, ©).

p (e =k | ', 5 al) =

* 1 — * *
p (g, By | X, ©) ~ N (Nk | o, )\*Ek> wt (Zr | ¥0, 1)
0

e Sample X from p (X | pu, 3, 2, R, G).
£yt t £ xtot t
;| 2 :kNst (B, Zk), S :{wi ‘Gixi:ri}'
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Methodology Probabilistic forecasting

Probabilistic Forecasting

Stop ID Stop ID

+2 +2
#5 #5 o
#4 #4
#3 #3 s
#2 #2
#1 #1 -

Time

Stop ID Stop ID
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Data and Experiment Settings

@ Bus in-out-stop record data in Guangzhou, China

Weekdays from December 1st, 2016 to December 31st, 2016

Perform data standardization (z-score normalization)

@ Performance metrics: RMSE, MAPE, LogS, CRPS

@ Models in comparison:

o Model A: z; = [1;]

o Model B: z; = [eﬁ,ei,ﬁr

o Model C: z; = [eﬁ,zi_ﬁ,hfr
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Forecasting Performance

Table 1 Performance of different models for link travel time conditional forecasting.

Observed links

5 links | 10 links | 15 linl

RMSE | MAPE | CRP’S LogS | RMSE

LogS | RMSE

MAPE | CRPS

MAPE | CRPS

LogS

1 0.1439 | 1548 | -4.495 0.1274 | 14.54 | -4.413 279 0.LI5L | 13.03 | -4.367
Model A 2 0.1436 | 14.90 | -4.553 0.1275 | 14.13 | -4.698 27.9 0175 | 1255 | -4.418
5 0.1430 | 14.51 | -4.456 0.1252 | 13.53 4.855 20.6 01200 | 11.79 | -4.288

K=1 0.1369 | 15.02 30.3 0.1179

0.14

14.86 0.1171 12.89 311 0.12.

0.1142 | 13.26
Model B | K = 2

K =6 4.5 0.1387 14.51 0.1148 12.34 319 0.1245
K=1| 330 | 01341 | 14.49 0.1139 | 12,62 319 | 0.1187
Model C | K = 2| 29.7 |0.1252 | 13.11 0.0989 | 10.26 17.0 0.0918
K=5] 303 0.1253 | 13.19 22.1 0.0986 | 10.22 171 17.1 0.0874 | 7.97 -3.990

Best results are highlighted in bold fonts.

Table 2 Performance of different models for trip travel time conditional forecasting.

Observed links

5 links | 10 links | 15 links
RMSE | MAPE | CRPS | LogS | RMSE | MAPE | CRPS | LogS ‘ RMSE | MAPE | CRPS | LogS
K= 1| 1878 | 00780 | 110.23 | -6.921 | 1322 | 0.0860 | 77.42 | -6.411 L5 | 0.0863
Model A | K = 2| 1884 | 00790 | 10597 | -6.751 | 1363 | 0.0877 | 76.14 | -6.492 | 704 | 0.0855
K=>5] 1901 | 0.0790 | 106.96 | -6.712 137.2 | 0.0876 | 73.86 | -6.320 2.9 0.0878
K=1] 1774 | 0.0760 | 10213 | -6.696 | 1199 | 00762 | 68.51 | -6.272 0.9 0.0884 | 42.10
Model B | K = 2| 182.1 | 0.0801 | 105,01 | -6.709 | 117.7 | 0.0770 .24 254 736 0.0911 | 4171
K =51 1851 | 0.0786 | 102.37 | -6.704 117.0 | 0.0740 | 63.98 | -6.180 4.0 0.0908 | 36.45

1| 1716 | 0.0713 | 96.51 | -6.504 1159 | 0.0729 | 64.17 | -6.151 5.6 0.0909 | 40.41
2| 149.5 | 0.0686 | 83.79 | -6.443 | RT7.2 0.0651 | 48.46 | -5.865 36.0 | 0.0619 | 19.42
5| 1516 | 0.0694 | B4.77 86.1 | 0.0641 | 47.83 | -5.850 | 35.8 0.0625 | 19.38

Best results are highlighted in bold fonts.
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Interpreting Mixture Components

@ The estimated mean vector (standardization)
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Significant differences in some links and many headways
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Interpreting Mixture Components

@ Distribution of the estimated trajectory

Station ID
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Interpreting Mixture Components

e Component distribution for different intervals
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Class 1: dominant for afternoon peak hours
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Interpreting Mixture Components

o Correlation matrices for different components

Link ID

#L 1.00 #L1 ., 1.00
#L #L3-",
#L! #15- "mg
Y 075 ATE 075
#L1 #L11-
#L1 #L13-
it o0 hus- o030
#L1 #»L;?-
#F -
#F: -0.25 #F3- -0.25
#F! #F5-
o iF o IR
£ #F1 -0.00 £ #F11- -0.00
S #F1 S #F13-
#F1 z;ﬂ;-
#F1 - 17- -
43) 0.25 FFig 0.25
4 3
# #H3-
g --0.50 : Eg --0.50
# #H9-
# #H11-
# -0.75 #H13- -0.75
# #H15-
# #H17 -
# #H19-
-1 TapegEqapeqep=gayey-y g -1.00
1.00 b farpes pac e Lt bl ol ol
prpice s B i
BRRERgDITSwua
Link ID

Class 1: leading bus and the following bus could be more correlated

CASPT 2022 17/21




Experiments Predicted distribution

Predicted Distribution
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Predicted distribution

Experiments

Predicted Distribution
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Conclusion

@ Our approach can capture/handle:
o link travel time correlations of a bus route
e interactions between adjacent buses
e multimodality of bus travel time distribution
e missing/ragged values in data

@ We develop a Bayesian hierarchical framework to capture travel time
patterns in different periods of a day.

@ The proposed model is evaluated on a real-world dataset and results
show it performs well.
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Questions?

Thank You!

For more information
xiaoxu.chen[at]mail.mcgill.ca

https://arxiv.org/pdf/2206.06915.pdf
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