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Motivations

• The variability in discrepancy between scheduled time

and outturn gives rise to unreliability in public transport

services.

• The existing studies using reliability-based stochastic

user equilibrium models demonstrate that transit

services are more likely to be perceived as unreliable

by passenger if service delays are larger.

• Transit users’ prediction of unreliability in public transit

services varies due to the day-to-day variability in

levels of traffic congestion and traffic demand.

• There is a lack of understanding of how the evolving

reliability is perceived and how the perception affect

the day-to-day traffic dynamics.

Data

Reliability of Bus Services in Sydney

Objectives

In-vehicle time Service Delay

1. Quantifying the impact of unreliability of transit services 

on travellers’ day-to-day departure time choice using day-

to-day dynamical models.

2. Examining the prevalence of the stability of traffic flows at 

the fixed point using real-world data.

Smart card data providing trip records, 

including tap on and off locations and time.

General Transit Feed Specification 

providing public transportation schedules.

Findings

&

Conclusion

Travel Costs

1) Expectation of reliability-based travel cost

2) Experienced cost on day 𝑞 − 1

3) Perceived cost on day 𝑞

Both two dynamical models satisfy the

stability conditions at the fixed point. The

observed system change between two

successive days is around 6.5% (Fig. 5).

This 6.5% can be interpreted as the system

randomness. In reality, the observed system

has only achieved a relative stability in the

context of system randomness.

e = mean delay + 𝜂1stdev delay + mean ivt + 𝜂2stdev ivt

c = 𝜔 experienced delay + experienced ivt

c𝑞 = c𝑞−1 + 𝜅 c − e

1. Travellers value the service delay at around 2.5 times than the value of in-vehicle time.

2. Travellers tend to leave a buffer against the variability in level of service, valued at 2 times the standard

deviation of past experienced in-vehicle time and service delay over a certain period.

Fig. 4: Error distribution in model calibration

Travellers’ learning and forecasting behaviour with MNL

model is more capable to capture the day-to-day dynamics

in departure time choice.

Fig. 5: Trajectory of change between tow 

successive days Δ𝑞,𝑞−1 over 61 days

Dynamical Models

• Proportional Switch Adjustment Process

(PSAP)

• Learning and Forecasting Behaviour with

Multinomial Logit Model (MNL)

System Stability

Model Comparison
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Fig. 1: Distribution of in-vehicle time Fig. 2: Distribution of service delay

Fig. 3: Spatial distribution of Sydney transit commuters in the morning peak hour (from April to June, 2017):  (a) trip origin and (b) destination
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