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Bayesian inference for time-varying transit OD matrices
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Bayesian inference for time-varying transit OD matrices

Advanced data collection techniques (AFC and APC) to obtain OD matrices

Automatic fare collection (AFC) system
For systems that require both tapping-in and tapping-off
Trip information is generated (time, origin, destination, bus_id)
Only available in a few cities around the world (e.g., Singapore)

For systems that require only tapping-in
= Partial trip information (time, origin, destiration, bus_id)
= Destination inference models (e.g., with trip chain assumptions)

Automatic passenger counting (APC) system
Europe, North America
Aggregated boarding/alighting counts
No individual trip information
The focus of this talk
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Bayesian inference for time-varying transit OD matrices
Bayesian concept

Bayes' theorem: combine prior knowledge and observations
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Research question

Estimate OD matrix for each bus journey from boarding/alighting counts
Yi.s +— OD flow
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Bayesian inference for time-varying transit OD matrices

Industry practice

= lterative Proportional Fitting (IPF)

= Morning/afternoon rush hours, off-peak hours (total boarding and alighting)

= "Onboard survey”: asking people their origin-destination and purpose for the trip

= Use to obtained matrix for that bus as a “seed” matrix, scaling the “seed” matrix to match the data

n Limitation: “biased” seed, and results should NOT be deterministic
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Figure 1 lllustration of the uncertainty of OD solution.
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Solution for a single bus

= Current literature: Hazelton (2010)

= Assuming each entry (count) follows a Poisson distribution

i Jl1 | 23] 4] 5
= With demand “rate” A™ for bus n
1 15120118 | 5.1
L-(xw:p(w“wmzz (" | " A")p (y" | A") 3 09 | 52
4 2.4
= ) @ 5
yneH(x™)

= Computing the likelihood: Enumerating all potential solutions

«  Assuming all buses share the same “rate” parameter (static model)

Hazelton, M. L. (2010). Statistical inference for transit system origin-destination matrices. Technometrics, 52(2), 221-230.
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For multiple buses

For multiple buses in a day, can we assume A™ remain the same?
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Bayesian inference for time-varying transit OD matrices

A Bayesian model

= Important prior knowledge

We expect alighting probability to vary, but it should vary smoothly over time

In other words, the passengers that take two consecutive vehicles (veh i and veh i 4+ 1) at the same

stop should have similar destination profiles

o Our solution

Instead of modeling A", we model the probability pi*(d = j)

Each row of OD matrix represents a multinomial distribution

(asimplex: Y;p/'(d =j) =1)

Replace the Poisson likelihood with Multinomial likelihood

03102105
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A Bayesian model

Parameterization—Time-varying multinomial probability

Two problemes:
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A Bayesian model

Solutions: Problem (1) — Matrix factorization Problem (2) — Gaussian process
Bus sequence P, ~GP(0,.K,;), d=1,....D,
1 2 34 N 1 2 34 N
Gaussian process f(x) ~ GP (m(x), k (x,x"))
.
_ A y s
G3 Temporal factor matrix = | .l
_2|
I 0 2 1
Y1
G P o

Mapping factor matrix

—_2r

G.=d ' H=

12345678 91011121314151617181320
variable index
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Bayesian inference

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

e Sample p from p(p | ¥, P,)) with slice sampling.

Approximating posterior distribution of OD vectors:

P X0 = [ [2"0)p(O] X.t)de

| M
~ 5 v (v lanem).

m=1
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Experiments

AFC data from three bus routes: short (22 stops), medium (40 stops), and long (72 stops)

Ground truth is available for model evaluation
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0 Mon Tue Wed Thu Fri 0 Mon Tue Wed Thu Fri -
| ! | x
4 S | g
8 I ! | ‘ 1 i é
2 .Illll\l | H\’ I‘I I’ I|I||:‘ ‘ ‘Irllql ,g))
c
(]
{ [}
{ I | 1 : | ; 11 ’ II &%
0 50 100 150 200 250 300 350 400 450 500 0 50 100 150 200 250 300 350 400 450 500
Bus ID Bus ID
Q@
O
[&]
2]
()}
9
=
®©
&
2
ke,
o
@)

50 100 150 200 250 300 350 400 450 500
Bus ID

-20
15
10

-1.5

1.0

0.5

0.0


https://www.mcgill.ca/civil/

Bayesian inference for time-varying transit OD matrices

Experiment setting

= Obtain boarding/alighting counts based on the true OD matrices and then apply the model to infer OD
matrices based on the counts.

= Compare the performance of our model with the widely used Iterative Proportional Fitting (IPF) method.

= Implement the developed MCMC algorithm and run a total of 100,000 iterations to sample the model
parameters.

= Take the first 95,000 iterations as "burn-in” and the last 5000 iterations to approximate the posterior
distributions.
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Results
Table 1 Log-likelihood of different models for OD matrices estimation.
‘ Static model Temporal Bayesian model

| D=1 D=2 | D=4 | D=6
Short route Mean -35328.77 -34829.07 -33728.49 -33064.69 -32874.45

ortrod Standard deviation 98.63 86.65 79.14 86.75 85.54
Medium route Mean -63599.00 -62915.15 -62141.88 -61652.34 -61539.26

UM TOute | g andard deviation 165.46 150.24 134.89 156.80 123.00
Lone rout Mean -47449.85 -47078.95 -46179.38 4572242 4572237

ONETOULE | ¢andard deviation 158.43 139.10 134.59 134.88 124.12

o  Our model RMSE: 0.45
o |IPF method RMSE: 0.65
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Results
«  True and estimated OD vectors for all buses
True OD Estimated OD (IPF method) Estimated OD (our model)
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Results

- Temporal patterns of A; for different bus routes

Mon

Tue

Wed

Thu

Fri

150 200

250

300

350

400

450

500

50 100

150

200

250

300

350

400

50

100

150

Bus ID

200

250

300

Short route

Medium route

Long route


https://www.mcgill.ca/civil/

Bayesian inference for time-varying transit OD matrices

Results: uncertainty quantification

= 4 selected OD pairs as examples, flow varies substantially across buses

e True values 0 95% Interval — \lean

OD flow

OD flow
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Summary

= Estimate transit OD matrices at the bus-journey level from boarding/alighting counts at bus stops.
(It is a challenging linear inverse problem!)

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

= In this inverse problem, we use two priors
= The “low-rank” prior
= Using factor model to reduce the dimensionality in parameters
= The "GP” prior
= Using the Gaussian process to model the time-varying parameters

= Our proposed model is evaluated in the real-world data and the estimation is good.
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Thank You Any Questions?

Xiaoxu Chen
Postdoc researcher
Department of Civil Engineering
McGill University
Xiaoxu.chen@mcgill.ca
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