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Predicting Bus Dwell Times in Dense Urban Transit Networks Conor Igoe, Eli Bronstein,

Using Bayesian Hierarchical Modeling (RISS 2017) Dr. [saac Isukapati, Prof. Stephen Smith

MOtivation Data AnaIySiS Estimate of Dwell Time Distributions for Unique Values of Number of Onboarding Passengers Dwell Time Cumulative Density Functions
Centre Avenue at Aiken Avenue, inbound, Spring 2013 Negley Avenue at Centre Avenue, Mondays of Spring 2014
 Public transit service quality must improve as urban * The dwell time distribution can change significantly in a span of 5 025 —— 0 (median: 0.0; sid:dev: 6:78) 100
societies seek to reduce their carbon footprint and rely minutes. As time goes on, this distribution remains similar for lower e ;Eg:j::g; B 3-10231)
on less energy-intensive technologies. percentiles (e.g. < 70), but is unstable for higher percentiles. 0.20 —— 3 (median: 11.0; std dev: 13.53) 80
Current efforts involve Transit Signal Priority (TSP) « We smooth the discrete dwell time distribution using Kernel > L . e
systems, but these fail to make strategic traffic signal Density Estimation (KDE) to obtain a continuous distribution. 5 0.15 —— 6 (median: 21.0; std dev: 16.5) 5 60 e
. : : : : : : : : O — 7 (median: 25.0; std dev: 20.87) — 8:10-8:25
control decisions that accommodate both transit * We fit various analytical distributions to the dwell time KDE, and Z — U & (mediah: 2815; stdldsv: 24:29) = — 8:15:8:30
schedules and non-transit vehicle flow. assess goodness of fit using max-deviation tests. g 0.10 e e e s § 40 S
* A holistic TSP approach is complicated lbecause transit * Log-normal, Non-central F, Log-logistic, and Burr distributions are . —— 11 (median: 43.0; std dev: 15.86) B
vehicles have frequent stops with uncertain dwell times. the best fits. 0.05 — 20 —— 840-855
We aim to predict bus dwell times in real-time to form a | | | | e
more accurate characterization of bus behavior . " Centre Avente at Alken Avenue, inbound, 2013 1T6'me Bﬁt;vg?:;/?y;?jevzi 22%35232?35"2;‘?.‘23 20 0.00 T 0 8:55-9:10
andler.npovverlthe o]evelopment of TSP systems that . w 0 10 20 o o0 o 50 60 70 80 0 20 O e 100 120
maximize transit quality for all passengers. . -
g DS, 10 Dwell Time Predictions and Observations
Approach % § . Dwe" Time MOdel rej;::: Avenue at Aiken Avenue, inbound, December 2nd 2013
 We analyze a dataset of over 100 million timestamped 5 5  We model dwell times using a Log-normal distribution, where the — coservations *
records of dwell times and number of onboarding and E 4 parameters are defined by the covariates (onboardings and *
alighting passengers for 2012-14 in the Pittsburgh area. 2 alightings) and their regression coefficients. We use a power 5 *
« We develop a real-time, lightweight, robust Bayesian T "o S R A 50 kernelization to account for the non-linear relationship between %3" * * *
hierarchical model consisting of an Onboarding Model dwell time and covariates. - ﬂ | ﬂ
and Dwell Time Model. Onb di Model  For an approaching bus, we use posterior predictive distributions g’” , A
nooarding iVioae from the Onboarding and Alighting Models as covariates. Then we SNAl '
Results « We model the arrival rate of passengers at a bus stop using a sample the posterior dwell time distribution using Markov chain 1o B(/ \' \_ ﬂ A\ '
| | | » | Poisson distribution and derive the analytical posterior Gamma Monte Carlo (MCMC) methods and predict a point estimate. L) A, ‘ \
* lime between bus arrivals Is positively correlated with distribution of the Poisson parameter. « With each new dwell time observation, we update the posterior 0
onboardings, as are onboardings and alightings with  To predict onboardings for an approaching bus, we multiply the distribution of regression coefficients using MCMC sampling. 10 20 30 40 50 60
dwell time. This correlation is weaker for larger values. oredicted arrival rate by the difference between the previous bus e Simulation Index e
 When predicting onboardings for an approaching bus, departure time and approaching bus arrival time. _
e achievg a median absolute error of 1.95 PASSENJETS  With each new ObSGI’VEItiOﬂ, WE analytically Update the arrival rate Implementatlon Centre AvenE:ZieEﬁ(;irXSieC;iJee, ?:ts)gg)#(;i,olil]oo\re?nml;ee”rIisntqg(s)m, 09:09:07
and a medlgn.error of -O-.84 pasgengers. | distribution using the observed arrival rate. * \We simulate a real-time system to predict dwell times for individual 0.12 —— PDF of Predicted Dwell
* When .preld|ct|ng dwell .tlmes with lknovvn onboardings bus stops by stepping through the data chronologically. : i i
and alighitngs, we achieve a median absolute error of  The individual sub-models of the overall hierarchical model are b ———
4.08 seconds and a median error of 1.0 seconds. S implemented and assessed separately. .
e TR * We test both models assuming error-free covariate prediction (i.e. 2 |
Future Work P . Onboarding Model uses correct time between buses and Dwell & oo
: well Time : : : - - =
« Improve Onboarding Model: develop an Alighting Fosterior > o POSeOr i ime — [redicted ime Model uses correct number of onboardings and alightings). g .
Model; combine the Onboarding, Alighting, and Dwell Alighting > predietor > Gonfidence -
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