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OD matrix for a bus route

A bus route has a sequence of stops. Q ®—>®—>®—>

= An OD matrix shows passenger flows Dy Do D3 Dy Ds

between each pair of bus stops.
_ Oi1]- 2 3 1 1
= Two types of OD matrices for bus route:
— Individual bus-journey level Oz 42 1
— Aggregated level (e.g., overall demand O3f= = = 2 1
in morning peak hours) O - - - -2
= OD matrices are important input for bus ol - - - - -
operations management. 5
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Transit data sources for OD information

Traditional on-board survey data

= Full trip data: time, origin,
destination, bus ID

= OD matrices

= Time-consuming and
labor-intensive
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Transit data sources for OD information

AFC data: Tap-in 4+ Tap-off

= Full trip data: time, origin,
destination, bus ID

= Available in some systems
(e.g., Singapore, Beijing)

= Destination known

Origin Destination
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Transit data sources for OD information

AFC data: Tap-in only

Tap-in

= Partial trip data: time,
origin, bus ID

= Destination inference
models (e.g., trip-chain
assumptions)

= Destination unknown v
Origin Destination unknown
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Transit data sources for OD information

APC data

((cf
(@]
(@ |

= Aggregated boarding and
alighting counts

= No individual trip information

nw-ll W“'l

= Common in Europe and North
America N & % & A

1‘ ~L

= Aggregated counts only Boardings Alightings
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Research problem

= Qbservation for each bus. = Unkonwn OD flows for each bus.
U1 U2 us
. . _’
Y, = (yz‘,i+1, e ,yz',s)T

(%1 (% Us

( N Stack all y, vectors
r—=(Uy,...,us,V1,...,Vg T

—_ y=(y{, -,y

U v
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Research problem

= Estimating OD matrix is an linear inverse problem.

- U = Ef Yij, Vj = Ef y;j; Not identifiable S > 4; Numerous feasible solutions.

D1 D3 D3 Dy D5 u

ol- 2 2 2 2| |wm x Routing matrix A —
Oxf = = 2 2 2| |u2

Os(= = = 2 2| |u| = | |= %
Ogf = = = = 2] |ua

o EHEEEE B B

v|0 v2 v3 v4 Us T — Ay
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Research problem

> Real OD First on fisrt off Last on first off Our Estimation
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Uncertainty quantification in OD estimation is important.

Let ¥ = {a" |n=1,2,..., N} be the observations for all buses.

This research focuses on estimate p (y” | X).
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Industry practice: IPF-based OD estimation

@ Aggregate counts\ @ Onboard survey ) @ Seed OD matrix ) @ IPF scaling

by time period
D1|D2 | D3 | D4 | D5 Gl el el el
o1] - 2 3 1 1
o f o1 -2 |3]1]1 e[ - [-T«]=]+] scaling
@l' oof [-Talo]n STTTTL
- “ * o3 - [-[-[z2]1 * S T 111
o4l - |-1-1|-12
8AM 2PM 5PM
05 _ _ - - _ D1|D2|D3|D4|D5
Morning rush hours, Ask passenger for OEEOOE
Afternoon rush hours, origin, destination, Survey responses ST T
Off-beak hours : form a seed matrix ol -1
\(O1-p ) U and trip purpose ) U ) U ')

= Limitation: labor-intensive, “biased” seed, and deterministic estimation.
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Hazelton’s solution

= Hazelton (2010) assumes each entry Demand rate AL
(count) follows a Poisson distribution. 7
- IS B28 RSN N N5
= With demand “rate” A" for bus n. x
= The likelihood is 1 27351816
21 - 41241.1
L") =p(x"[A")
=Y p(@" |y A p(y" | A" B I I ) B
! I B e O
= Assuming all buses share the same “rate” 1T 1 1 1
parameter A" (static model) 5

Hazelton, M. L. (2010). Statistical inference for transit system origin-destination matrices. Technometrics, 52(2)
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Behavioral perspective

>
[9)
c
©
aQ
3
Q
o
o
o
()
o
c
Q
17}
17}
©
o

Origin

Origin

60 60 60 60
50 50 1 50 50
404 404 404 404
30 30 1 30 30 1
20 20 20 204
104 10 104 101
[0 — [ A [ — 0O
0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
Stop ID Stop ID Stop ID Stop ID
o q O A o q O q
< 1 < 1 < 1 < 1
o i o 1 L] o i o 1 ]
N o o o
o | © | o | © |
S | S | S | o |
N L . . . . . N . . . . . N L . . . . . N . . . . .
0 4 8121620 0 4 8121620 0 4 8121620 0 4 8121620
Destination Destination Destination Destination
o q O q o q O A
< A < 1 < 4 < 1
© A 0 1 © A 0 1
o I o o
o | © | o | © |
S | i o 4 o i o p
N - - - - - N - - - - - N - - - - - N - - - - -
0 4 8121620 0 4 8121620 0 4 8121620 0 4 8121620
Destination Destination Destination Destination

Xiaoxu Chen (HEC Montréal)

Bus OD Inference

consecutive four buses

10
l OD passenger flows
-0

I“0 alighting probabilities
0s (vary smoothly)

BIRS Workshop, July 1, 2

14 /28



Bayesian model formulation — assumptions

Alighting probability o

= Alighting probabilities meet Y7, af; = 1. NI
= Alighting probabilities vary smoothly over time. 11- 01020106
= Instead of modeling A", we model «’. 2|~ - 030205
= Assume passengers make decisions independently. 3|1~ - ~ 0406
= Given the boarding count u} at stop i, OD flow R B I I
y? ~ Multinomial (u}, &), i.e., B
A
s aﬂ.yzn,j “ij
17
p (Y | v, o) = ! H ]T' M
j=i+l Jij3° -
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Bayesian model formulation — parameterization

Bus sequence Bus sequence
1 2 3 -+ N 1 2 3 -+ N
Alighting probability a;’; Challenge 1:
i JJ1/2 345 Model parameters:
1|~ 01020106 N(S —1)(S —2)/2
2]- - 030205 = =
c Ta
31~ - - 0406 .(% (g Challenge 2:
o = = = N 3 ~— 3
4 1.0 5 ag x G; The columns of G
B e § % should vary smoothly
‘ﬁ fromlto NV
SO
3
N G
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Bayesian model formulation — parameterization

Solutions: Challenge 1 — Matrix factorization Challenge 2 — Gaussian process

Bus sequence

1 2 3N 1 2 3 - N Y
1]
2 Y~ GP (0N, Ka)
vl 3
o Temporal factor matrix : [Kalrs = ka(tr, ts;ma)
= X
v
G=o0"
k(t,t';1,0%) = 0% exp (— (t;lt;)2>

G &  Mapping factor matrix
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Model inference: MCMC sampling

MCMC sampling procedure:
= Sample ) from p (Y | ©, X) with Metropolis-Hastings sampling.
= Sample ® from p (® | ¥, p, V) with Elliptical slice sampling.
= Sample ¥ from p (¥ | ®, p, V) with Elliptical slice sampling.
= Sample p from p(p | ¥, ®,)) with slice sampling.

Approximating posterior distribution of OD vectors:
" | X.8) = [p(y"|2",0)p(© | X,t)d0

LSt (on n gm)
NMmz:lp<y | ", )
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= We use tap-in-tap-out AFC data from three bus routes:
— short route (22 stops)
— medium route (40 stops)

— long route (72 stops)

Obtain true OD matrices and boarding/alighting counts.

Apply the model to estimate OD matrices from boarding/alighting counts.

= Compare the performance of our model with IPF method and Poisson model.
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Experiments — data from short route

Boarding flow
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T
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Experiments — performance evaluation

o IPF method RMSE: 0.62
¢ Ourmodel RMSE:0.45, CRPS:0.119
) Poisson-gamma RMSE: 0.47, CRPS: 0.136
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Experiments — OD estimation visualization
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Experiments — uncertainty quantification

e  True values 0 95% Interval = Mean

OD flow

OD flow

OD flow
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The order of bus arrivals
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Experiments — estimated alighting probability (stop 1)
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= Estimate transit OD matrices at the bus-journey level from boarding and alighting
counts at bus stops. (It is a challenging linear inverse problem)

= We model the alighting probabilities and assume they are smoothly time-varying.

= |n this inverse problem, we use two priors:
— The “low-rank” prior: Using matrix factorization to reduce the dimensionality

— The “GP" prior: Using GP to model the time-varying parameters.

= Qur proposed model is evaluated in the real-world data and the estimation is good.
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Our method received attentions from industries
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Downstream risk-aware decision

Simple example: annual net benefit
e Expected benefit: $12M

0 95% likely range: $2M to $20M

5% bad-case outcome:
service overcrowding and only $1M benefit

Plan B e Expected benefit: $10M
€D 95%likely range: $7M to $13M

5% bad-case outcome:
manageable crowding and only $6M benefit

J/

VaR Mean
Probability
t a8 — PlanA
’,’ ! --- PlanB
1
1
1
Risk of poor ,'

outcome

Low
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Thank you!

Questions and discussion welcome!

Xiaoxu Chen xiaoxu.chen®hec.ca



