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RÉSUMÉ

Le transport en commun est un moyen e�cace pour transporter de nombreuses passagers,

ce qui le rend particulièrement pertinent face au dé� du changement climatique. Il implique

également tous les trois pôles du développement durable, l'environnement, l'économie, et les

aspects sociaux. Il est nécessaire d'attirer davantage de personnes à utiliser les transports en

commun a�n de réduire les émissions de gaz à e�et de serre qui contribuent aux changements

climatiques et de fournir un bon service aux personnes qui ne veulent pas ou ne peuvent pas

conduire une voiture dans une société centrée sur l'automobile.

Des temps de parcours précis et �ables sont essentiels pour que le transport en commun

attirent les passagers. Pour les sociétés de transport, les temps de parcours in�uencent la

plani�cation, les coûts, l'e�cacité, et la satisfaction des chau�eurs. Pour les passagers, les

temps de parcours in�uencent les choix d'itinéraires, l'attractivité du service, et la satisfaction

globale. Si les temps de parcours en transport en commun sont moins attrayants ou moins

�ables, les gens éviteront de voyager en transport en commun et se tourneront vers d'autres

modes. Nous devons donc obtenir une meilleure compréhension plus détaillés sur les temps

de parcours.

Actuellement, de nombreuses distributions statistiques ont été utilisées pour décrire les temps

de parcours en transport en commun, de nombreuses variables et méthodes ont été proposées

pour modéliser les temps de parcours en transport en commun, et de nombreuses recherches

ont tenté de quanti�er les variations des temps de parcours en transport en commun. Cepen-

dant, il n'existe pas de niveaux ni de méthodes standards pour analyser les temps de parcours,

puisque les dé�nitions varient d'une sociéte à l'autre et d'une recherche à l'autre. Il est néces-

saire d'évaluer systématiquement les avantages et les déavantages de chaque niveau d'analyse

et des di�érentes méthodes utilisées pour évaluer les temps de parcours avec des données plus

granulaires, comme la localisation détaillée des véhicules et les transactions tarifaires. Donc,

cette recherche se concentre sur l'évaluation des distributions statistiques, des moyens, et

des variations des temps de parcours, ainsi que les impacts potentiels sur les passagers, a�n

d'améliorer notre compréhension des temps de parcours et d'aider les sociétés de transport

à cibler des besoins spéci�ques pour améliorer les temps, la �abilité, et la performance du

réseau.

La première contribution concerne la distribution statistique des temps de parcours. Des

recherches récentes ont découvert que les temps de parcours peuvent suivre des distributions

mixtes. Les temps de parcours suivant les distributions mixtes suggèrent que plusieurs con-
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ditions de déplacement sont observées sur le même segment pendant la même période de

observation, créant une incertitude supplémentaire lors de l'étude ou la modélisation de ces

temps. Cette contribution tente d'identi�er les segments sur l'ensemble du réseau, où les

temps de parcours suivent des distributions mixtes à di�érents niveaux d'analyse, le niveau

arrêt à arrêt, le niveau pointe de contrôle, et le niveau du parcours total. Le test de Hartigans

est appliqué aux données archivées de localisation des véhicules de Montréal pour détecter

la présence de distributions mixte. Nous identi�ons ensuite les facteurs environnementaux

et opérationnels potentiels associés à ces distributions mixte observées en testant plusieurs

modèles de classi�cation.

Les résultats montrent que les distributions mixte peuvent être observées aux tous les trois

niveaux d'analyse, et que la proportion de distributions de mélange varie dans le temps, à

environ 35% en semaine et 13% la �n de semaine, ainsi que dans l'espace, avec des proportions

plus élevées dans les zones centrales. Nous avons constaté que les variations de la demande,

les feux de circulation, la fréquence de service, et la longueur des segments ont un impact

important sur la présence de distributions mixtes. Ces résultats, ainsi que des données encore

plus détaillées, permettront aux plani�cateurs de transport en commun à mieux diagnostiquer

les causes des variations de conditions de déplacement et d'élaborer des stratégies pour réduire

les conditions de déplacement plus lentes, améliorant la performance du système.

La deuxième contribution vise à évaluer les avantages et les déavantages de diverses variables

dépendantes généralement utilisées pour modéliser les temps de parcours en transport en

commun, et de diverses niveaux d'analyse. La modélisation des temps directe ou indirecte

via des vitesses ou des allures d'opération. Étant donné que le temps de parcours dépend

de la distance et de la vitesse, il est possible d'utiliser les deux approches dans la plupart

des logiciels de plani�cation puisque les distances sont �xes. Dans cette contribution, nous

essayons d'modéliser et d'évaluer les modèles de temps, de vitesse, et d'allure aux niveaux

inter-arrêts, d'arrêt à arrêt, de point de contrôle, et de parcours total. Ensuite, nous testons

ces modèles en utilisant deux scénarios typiques de plani�cation du transport en commun,

créant de nouveaux parcours, et prolongant les heures de service.

Les e�ets aléatoires indiquent qu'environ 50% de la variance totale est due à des di�érences

non mesurées entre les segments individuels. Les résultats montrent que les modèles de

temps, de vitesse, et d'allure fonctionnent de manière similaire pour les nouveaux scénarios

d'heures de service, les modèles de temps étant globalement plus performants. Cependant,

les modèles de vitesse ont tendance à être plus performants pour les nouveaux parcours pour

lesquels aucune donnée historique n'a été observée. Les deux approches, directe et indirecte,

fonctionnent bien aux niveaux plus agrégés, comme le niveau point de contrôle. Pour les
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niveaux plus détaillés, les deux approches fonctionnent mieux au niveau inter-arrêts qu'au

niveau arrêt à arrêt, soulignant la nécessité d'inclure des informations plus détaillées sur les

feux de circulation et l'achalandage pour améliorer les modèles. Les erreurs des modèles de

vitesse et d'allure sont légèrement plus asymétriques que le modèle de temps. Cependant,

les erreurs relatives des modèles de temps sont plus importantes que celles des modèles de

vitesse et d'allure sur des segments plus courts ou plus vites. Étant donné que chaque mesure

d'erreur fournit des vues di�érentes des résultats de la modélisation, nous concluons que les

plani�cateurs doivent choisir leurs mesures avec soin selon les applications et les niveaux

d'analyse.

La troisième contribution tente d'expliquer la variance globale du temps de parcours en

utilisant les données observées les plus detaillées. La littérature existante se concentre sur

des aspects spéci�ques des temps de parcours en bus, tels que les temps de parcours total, les

temps d'arrêt, et les temps d'attente aux feux, mais rarement sur leurs interactions. Cette

contribution propose de combiner les approches de recherche précédents en décomposant les

temps de parcours observés en quatre éléments: l'heure de départ, une série de temps inter-

arrêts, temps d'arrêt, et temps d'attente aux feux rouges, en utilisant trois mois de données

archivées de localisation des véhicules et de transactions tarifaires. Ensuite, nous identi�ons

les éléments de parcours a�ectant la variation globale du temps de parcours, ainsi que leur

contribution respective aux variances globales. Plus précisément, des analyses de sensibilité

globale basées sur la variance et des analyses "un à la fois" ont été utilisées pour répondre à

ces questions.

Les analyses montrent que les temps de parcours globaux et les temps d'attente au feu rouge

sont fortement in�uencés par les e�ets d'interaction avec les autres éléments du parcours.

Les temps inter-arrêts et les temps d'arrêt sont principalement a�ectés par des variations

individuelles importantes, vitesse entre arrêts et nombre de passagers, respectivement. Pour

la plupart des lignes analysés, l'heure de départ et les e�ets d'interaction avec les feux de

circulation contribuent à la majeure partie de la variance totale. L'heure de départ, même si

elle est modi�ée par quelques minutes, peut a�ecter considérablement les temps de parcours

total et les temps d'attente aux feux rouges en raisons des durées des cycles variables dans la

synchronisation des feux ainsi qu'à leurs interactions avec les autres élements. Les résultats

suggèrent que les sociétés de transport doivent considérer les e�ets en cascade, où de petites

variations peuvent entraîner de grands changements dans les temps de parcours.

Le quatrième article s'appuie sur les résultats précédents et propose un modèle simple de

temps de parcours qui prend en compte les composantes détaillées du voyage, étant donné que

la littérature actuelle se concentre sur des niveaux d'analyse plus agrégés. Nous démontrons
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que 15% du temps de parcours total est attribuable aux feux rouges, ce qui représente environ

20 000 heures-passagers de retard par jour. Nous démontrons que l'estimation des temps

de parcours à l'aide de composantes détaillées peut potentiellement améliorer la précision

face aux changements potentiels du réseau par une ou deux minutes. Le modèle proposé

permettrait de reproduire de manière raisonnable les temps observés avec une bonne précision

et pourrait potentiellement être utilisé pour améliorer les algorithmes d'optimisation des

horaires.

La cinquième contribution explore les variations spatiales et temporelles potentielles de la

�abilité du temps de parcours du point de vue des passagers. Certains passagers peuvent

être contraints d'e�ectuer des voyages entre des paires origine-destination peu desservis, avec

des temps de parcours longs pour diverses raisons. Nous analysons la �abilité potentielle

en simulant des voyages passagers sur l'ensemble du réseau à l'aide d'un moteur d'itinéraire

et des données archivées de localisation des véhicules. Les temps de parcours plani�és sont

comparés aux temps réels qui auraient été vécus par les passagers a�n de mesurer la �abilité

potentielle, en utilisant des métriques discrètes (ponctualité) et continues (temps tampons).

En�n, nous examinons les variations spatiales et temporelles de cette �abilité potentielle,

depuis une origine donnée et à l'échelle du territoire.

Nous avons constaté que les seuils de �abilité in�uencent fortement les résultats, et que

des variations spatio-temporelles existent. Certaines lignes présentent une �abilité constante

tout au long de la journée (bonne ou mauvaise), tandis que d'autres varient selon l'heure. De

même, le nombre d'itinéraire �ables par zone d'origine est généralement similaire à l'échelle

régionale, environ 60% de tous les itinéraires par zone, mais certaines zones connaissent des

variations plus importantes que d'autres au �l de la journée. Cela implique que les impacts

sont inégaux aux di�érents segments de population aux di�érentes périodes.

Compte tenu des résultats de recherche ci-dessus, des données plus détaillées à petite échelle

permettent de découvrir des tendances et des problèmes supplémentaires liés aux temps

de parcours en transport en commun. Di�érentes lignes peuvent rencontrer des problèmes

distincts entraînant des temps de trajet longs ou peu �ables. Les sociétés de transport

doivent continuellement améliorer la qualité et la granularité de leurs ensembles de données

pour approfondir les analyses de temps de parcours. Les analystes pourraient s'appuyer sur

ces e�orts pour inclure des données détaillées a�n d'identi�er les causes des conditions de

déplacement plus lentes, et � pousser � les temps de parcours dans ces conditions plus lentes

vers des conditions plus rapides. Des modèles plus détaillés sur les variations d'achalandage,

les feux de circulation �exibles et les comportements des conducteurs sont nécessaires pour

améliorer les modèles et les estimations des temps de parcours. Les travaux futurs pourraient
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également élargir nos recherches en utilisant des données historiques supplémentaires pour

évaluer les mesures préférentielles pour les autobus, telles que les feux prioritaires et les voies

réservées, a�n de déterminer la meilleure façon d'améliorer les temps de parcours et la �abilité

des temps de parcours selon les contextes locaux. En�n, les recherches sont nécessaires pour

intégrer divers comportements et attentes des passagers dans les analyses de la �abilité des

temps de parcours, a�n d'améliorer l'expérience globale des usagers du transport en commun.
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ABSTRACT

Public transit is e�cient in transporting many people, making it especially relevant under

the challenge of global climate change. It is also a cross-cutting issue related to sustainable

development involving all three pillars, environment, economy, and social aspects. We need

to attract more people to use transit to reduce the greenhouse gas emissions contributing to

climate change as well as providing good service to people who do not wish or cannot drive

in a car-centric society.

Good, accurate, and reliable travel times are essential for transit systems to attract pas-

sengers. For agencies, travel times in�uence scheduling, costs, e�ciency, and operator sat-

isfactions. For passengers, travel times relate to route choices, service attractiveness and

satisfaction. If transit travel times are less attractive or reliable, people will avoid travelling

on transit and change to other modes. Thus, we need to gain more detailed insights into

transit travel times.

Currently, many statistical distributions has been used to describe transit travel times, many

variables and methods have been proposed to model transit travel times, and many research

has attempted to quantify transit travel time variations. However, there are no standard

levels or methods to analyze transit travel times, since the de�nitions vary from agency to

agency and from research to research. There is a need to systematically evaluate the pros

and cons of each analysis levels and the various methods used to evaluate transit travel times

using more granular datasets, such as detailed vehicle locations and fare transactions. Thus,

this research focuses on assessing the statistical distributions, the means, the variation of

transit travel times, as well as the potential impacts on passengers in order to improve our

understanding of transit travel times and to help agencies target speci�c needs to improve

travel times and their reliability.

The �rst contribution focuses on the statistical distribution of transit travel times. Recent

research has discovered that transit travel times may follow mixture distributions. Travel

times following mixture distributions would suggest various underlying travel conditions be-

ing observed for the same period, which would create an additional layer of uncertainty when

studying or modeling transit travel times. This contribution tries to identify segments sys-

temwide, where transit travel times follow mixture distributions at di�erent analysis levels,

namely stop pair level, timepoint pair level, and service pattern level. Hartigans' Dip Test

is applied to archived transit vehicle location data from Montréal to explore the presence of

mixture distributions. We then identify potential environmental and operational factors re-
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lated to the mixture distributions observed. We test several classi�cation models to identify

these potential factors.

The results show that mixture distributions can be observed at all three analysis levels, and

the proportion of mixture distributions varies temporally at around 35% on weekdays and

13% on weekends, as well as spatially with higher proportions in the central areas. We found

that demand variations, tra�c lights, service frequency, and segment lengths have a larger

impact on whether the given segment follows mixture distribution or not. These �ndings,

along with even more detailed data, will help transit planners to later pinpoint the issues

causing the various travel conditions and travel time variations on each segment, then create

strategies to reduce the slower travel conditions, thus improving the reliability of our transit

system.

The second contribution aims to evaluate the pros and cons of various dependent variables

typically used to model transit travel times at various analysis levels, namely modelling travel

times directly or indirectly using operating speeds or pace. Since travel time is a function of

distance and speed, it is possible to use both as inputs in most scheduling software since the

distances are �xed in �xed-route services. However, most literature focuses on travel times,

and travel speeds are typically used to plan infrastructures or evaluate operated services.

There is a lack of comparison between modelling travel times directly and indirectly through

normalized measures, namely speed and pace, at various analysis levels. In this contribution,

we try to �t and evaluate travel time, speed, and pace models at inter-stop, stop-to-stop,

timepoint-to-timepoint, and service pattern levels. Then, we test these models using two

typical scenarios in transit planning, creating new routes and expanding service hours.

The random e�ects show indicates that around 50% of the total variance is due to intrinsic

unmeasured di�erences between individual segments. The results show that travel time,

speed, and pace models perform similarly for new service hour scenarios, with the time

models performing better overall. However, speed models tend to perform better for new

route scenarios where no historical data has been observed. Both direct and normalized

approaches perform well at more aggregated levels, such as the timepoint-to-timepoint level.

For more detailed levels, both approaches perform better at the inter-stop level than the

stop-to-stop level, emphasizing the need to include more detailed tra�c signal and ridership

information to improve the models. Errors calculated from the speed and pace models are

slightly more skewed than the direct travel time model. However, the relative errors from

travel time models are larger than the normalized models on shorter segments or faster

segments. Since each error measure provides di�erent views of the modelling results, we

conclude that planners need to choose their measures carefully according to speci�c model
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applications and analysis levels.

The third contribution tries to explain the overall travel time variance using the most granular

observed data. Existing literature focuses on speci�c aspects of transit travel times, such as

inter-stop times, dwell times, and red light waiting times, but less on how these aspects

interact with each other. This contribution proposes to combine previous research e�orts by

further decomposing observed trip travel times into four types of elements, departure time, a

series of inter-stop times, dwell times, and red light waiting times using 3 months of archived

vehicle location data and fare transaction data. Then, we identify important trip elements

a�ecting the overall travel time variation, as well as how much variation can be attributed

to each trip element. More speci�cally, variance-based and one-at-a-time sensitivity analyses

were used to answer these questions.

The analyses show that the overall travel times and red light waiting times are more a�ected

by interaction e�ects between trip elements, whereas the overall inter-stop times and dwell

times are mainly a�ected by large individual variations of inter-stop speeds and ridership

respectively. For most routes analyzed, departure time and the interaction e�ects with tra�c

signals contribute to most of the total variance. Trip departure time, even when changed

by a few minutes, can greatly a�ect the overall trip travel times and red light waiting times

for most routes analyzed. This is mainly due to the varying cycle lengths in our �xed signal

timing plans as well as their interactions with inter-stop and ridership variations. The results

suggest that planners must consider potential chain reactions where small variations in one

trip element can lead to signi�cant changes in the overall travel times.

The fourth paper builds on the previous results and proposes a simple travel time model

that accounts for the detailed trip components, given that the current literature focuses

on higher aggregated analysis levels. We demonstrate that 15% of total travel times are

attributed to red lights, contributing to roughly 20,000 passenger-hours of delays per day.

The travel time estimations using detailed travel time components can potentially improve

accuracy by a minute and improve the responsiveness to potential changes in the network.

The proposed model could reasonably reproduce observed travel times with good precision

and could potentially be used to expand and improve scheduling optimization algorithms.

Our �fth contribution aims to explore the spatial and temporal pattern of potential passenger

travel time reliability. Some potential passengers may be forced to make a trip on transit

between origin-destination pairs have little or no actual demand with long travel times due to

various reasons. We analyze the potential travel time reliability by simulating passenger trips

across the entire service area using a routing engine and archived vehicle location data. Then

we evaluate the planned travel times against travel times that would have been delivered
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to passengers to determine the potential reliability across the region using discrete metrics

similar to on-time performance and continuous metrics like bu�er times. Finally, we try to

discover potential spatial and temporal variations of these potential transit reliability for a

given origin as well as across the entire region.

We found that various reliability thresholds a�ect the reliability outcomes signi�cantly and

there are some spatial temporal variations in the potential transit reliability. Some route

reliability measures remains constant all day, either good or bad, but some will change

throughout the day. Similarly, the number of all reliable routes for each origin zones are

similar across the region, at around 60% of all routes per zone, but the numbers would

remain more consistent for some zones than the other zones during the day. As a result, the

impacts on di�erent population segments are di�erent for various time periods.

Given the above research results, more detailed small-scale data can help discover additional

patterns and issues related to transit travel times and that di�erent routes may face di�erent

problems causing long or unreliable travel times. Agencies should continuously improve the

quality and granularity of their datasets to help improve travel time analyses. Analysts

could build on these e�orts to include detailed data to identify causes of consistently slower

travel conditions, such as long red times, and "nudge" the travel times under slower conditions

towards faster conditions. More detailed models on ridership variations, �exible tra�c signals,

and driver behaviours are needed to improve the travel time models and estimations. Future

works could also expand our research by using additional historical data to further evaluate

bus preferential measures, such as transit signal priority and bus lanes, to determine the

best way to improve travel times and improve travel time reliability, given the speci�c local

contexts of a given route. Finally, more research is needed to incorporate various passenger

behaviours and expectations into travel time reliability analyses to help improve the overall

passenger experience in transit.
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CHAPTER 1 INTRODUCTION

This chapter introduces the importance of public transit in addressing environmental, eco-

nomic, and social challenges, particularly in the context of sustainable development. At the

same time, it highlights the growing challenges faced by transit agencies worldwide, including

funding shortfalls, aging infrastructure, and shifting travel patterns. The chapter concludes

by framing the research objectives: to improve the understanding of transit travel times and

develop data-driven tools to enhance service reliability and e�ciency.

1.1 Why do We Care About Public Transit

Public transit is e�cient in transporting many people, making it especially relevant under

the challenge of global climate change. It is also a cross-cutting issue related to sustainable

development. It relates to all three pillars of sustainable development: environment, economy,

and social aspects.

First, public transit has a lot of environmental bene�ts compared to private car use. It has a

lower greenhouse gas emission per capita. In Quebec, transportation accounts for 43% of all

greenhouse gas emissions (Gouvernement du Québec, 2021). By moving many people at once,

transit can reduce the number of cars on the road, especially given the dominance of driving

alone. Hence, e�cient and e�ective public transit services can reduce congestion by reducing

car tra�c. One bus can replace 40 cars, thus reducing emissions dramatically. Electric buses,

trams, or trains produce zero tailpipe emissions and lower life cycle emissions, especially when

produced using renewable energy. It will also reduce other air and water pollutants (Litman,

2015). Transit-Oriented Developments (TOD) can also support walkability, which further

reduces the need for long car commutes and urban sprawl.

Public transit also provides economic bene�ts. It saves costs for the individual passengers

compared to owning and operating a car, since passengers don't need to pay for fuel, insur-

ance, maintenance, and parking. The reduced congestion could also save billions of dollars

by reducing delays and increase productivity (Wang et al., 2021). Transit can also increase

property values and development around stations, which could also attract more residents,

businesses, and retail stores. These could add up and help create jobs and improve economic

mobility, which will boost the local economy.

Public transit also relates to social issues. Transit enables access to jobs, school, healthcare,

and stores especially for people who do not wish or cannot drive. It helps promote equity
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and inclusion by reducing transportation barriers and improving independence. Students

and young adults rely heavily on transit to access schools, internships, and extracurricular

activities. Wheelchair users and people with disabilities who can't drive also heavily rely on

public transit. Public transit is also safer than driving, which creates more livable cities.

Hence, public transit helps improve the connection, environment, health, equity, inclusive-

ness, and the economy of the communities. We need to attract more passengers to use

transit.

1.2 Challenges Faced by Transit Agencies Around the World

Transit agencies around the world are facing various �nancial, political, and operational

challenges. These challenges impact their ability to deliver fast, reliable, equitable, and

sustainable service to the passengers. Some of these issues are reaching breaking points for

many agencies.

One of the most pressing issues for the agencies around the world is the funding shortfalls.

Public transit relies heavily on fare revenue and government funding. The pandemic changed

how people travel, causing reduced ridership and fare revenue, leading to long-term �nancial

strain. Federal, state, or provincial support for public transit are also stagnating. Since

transit agencies typically serve various jurisdictions, the changing leadership and political

gridlock in the government also cause uncertainties in transit funding. These uncertainties,

in turn, a�ect the operational budgets and service deliveries, where transit agencies could

not better adapt their services to the changing demands from passengers. The uncertainties

also a�ect capital investments, which are often delayed due to budget gaps, as well as the

operating budget, which may reduce service, causing maintenance issues, then lead to a death

spiral for transit services and passengers (Siddiq et al., 2023).

Operational budget shortfalls are a signi�cant factor contributing to travel time and service

delivery issues in transit systems, which directly a�ects the passengers, who are the reason

why transit systems exist. When transit agencies face �nancial constraints, they often have

to make decisions that impact the quality of services, such as reducing the service frequency.

With fewer trips, passengers may experience longer wait times between vehicles, adding to the

passenger travel times and crowding in vehicles. Longer wait times and extra crowding also

increase the perceived travel times for passengers, further decreasing the travel experience.

Less favourable perceptions, driven by the discomfort and unpredictability of public transit,

can deter passengers from using the system altogether, further diminishing ridership (Carrel

et al., 2013a).
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The existing travel time gap between private vehicles and public transit is still signi�cant.

Public transit trips often take 1.4 to 3.6 times longer than car trips, although transit trips

are often shorter in distance (?). Again, the disparity makes public transit less attractive

for time-sensitive commuters, which in turn a�ects passenger mode choice and undermines

the case for further investment. Another dimension of the challenge is the variability and

unreliability of transit travel times, which also contribute to passenger frustration beyond

just long travel times. Variability in travel times, which could be due to various reasons

like congestion, extra passengers, tra�c lights, or missing transfers, is more damaging for

the travel experiences for passengers compared to long but consistent travel times (Carrel

et al., 2013a). Passengers want reliable travel times, since they care about how consistent

the arrival at their destinations is, especially for time-sensitive trips to school or work.

Transit agencies also have issues with the aging infrastructure and �eet especially in North

America. Many transit systems, especially in older cities (e.g. Montreal, Toronto, New York,

Boston), struggle with decades-old infrastructure and deferred maintenance, leading to de-

lays, breakdowns, and declining service quality. The repairs, modernizations, and expansions

are very costly, and will become more costly as time goes on (Wang et al., 2021). In 2024, the

U.S. Department of Transportation estimated that the maintenance backlog would continue

to grow from approximately $140 billion in 2022 in the upcoming years (U.S. Department of

Transportation, 2024).

Transit infrastructures are also increasingly under stress due to climate change bringing

more extreme weather, such as �oods and heatwaves. Transit agencies must also adapt their

vehicles and systems for resilience, while also aiming to decarbonize their �eets. For example,

in 2025, the New York City Transit Authority (NYCT) is still dealing with the infrastructure

damages caused by Hurricane Sandy from 2012, 13 years ago. These resiliency needs also

require a lot of capital investments. However, due to the uncertainty and �nancial strains

caused by the pandemic, many agencies also delayed or cancelled their capital investments

(Siddiq et al., 2023)

Since the pandemic, transit agencies have been paying more attention to cleanliness and

disease prevention. Many agencies have invested in more frequent cleaning, air �ltration

systems, hand sanitizer dispensers, and clear public health messaging to help improve public

perception (Kamga and Eickemeyer, 2021). However, due to the changes in passenger be-

haviours and travel patterns, ridership in most transit systems is still below the pre-pandemic

level (Ziedan et al., 2023).

There's a growing shortage of bus and rail operators, mechanics, and other essential sta�.

Recruitment and retention are hard due to demanding schedules (split shifts), relatively low
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wages, and the rising cost of living in cities. Some agencies increased the wages, bene�ts, and

implemented other initiatives to attract workers, pushing the labour cost up (Siddiq et al.,

2023; Godfrey et al., 2024).

Concerns about safety are also increasingly challenging for the agencies. These issues relate

to how safe people feel using transit, especially at night or in less-busy areas. There is an

increase in harassment in transit vehicles or stations. Homeless populations also use transit

vehicles and stations as temporary housing. In addition, many people with mental health

issues also take refuge in transit stations. Agencies rely more on social workers or crisis

response teams rather than police alone (Loukaitou-Sideris et al., 2023). These trends can

be observed in many North American cities, leading to complex issues around safety, dignity,

and public perception.

Another major challenge is the perception. North American cities have been shaped around

the private automobile for decades. Sprawling low-density suburbs, wide roads, a lack of side-

walks, and the sea of parking make transit physically di�cult to access and less convenient.

Thus, public transit is often seen as a "last resort" instead of a viable option, due to the

unnecessarily long wait times, long travel times compared to cars, the decreasing reliability,

along with the aforementioned safety and cleanliness issues (Weitz, 2008).

1.3 General Aims and Bene�ts of this Research

As seen from previous sections, there are multiple viewpoints and challenges when thinking

about public transit. There are two main focuses, one for agencies and one for passengers

(National Academies of Sciences, Engineering, and Medicine and others, 2013). Travel times

relate to the resources needed to operate the services planned, and could relate to most of

the bene�ts and challenges. Faster and more reliable travel times can reduce the number of

vehicles needed to operate the service while maintaining the same service level, relieving the

operating budget shortfall and maintenance pressure. More competitive travel times can also

help reduce delays and improve passenger and operator satisfaction, which makes transit a

more viable option and attracts more passengers (Danaher et al., 2020).

The more detailed research questions and ideas will be developed in Chapter 3 after the

literature review in Chapter 2. However, the broad research objective of this research is to:

ˆ Improve our understanding of transit travel times

ˆ Explore and integrate the existing automated data sources in more detail
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ˆ Develop tools and models to help pinpoint speci�c issues and strategies to improve

transit travel times

Having good and reliable travel times is essential for planners to improve the e�ciency of

our transit systems and attract additional passengers. By addressing these general aims,

this research would help transit agencies to better respond to demand, plan for the changing

tra�c conditions, and improve service attractiveness to passengers while saving operating

costs.

Better travel times help increase competitiveness with cars (Chakrabarti, 2017). Travel time

is one of the biggest factors in�uencing whether people choose public transit over driving.

If transit can compete with or beat the travel time of cars (especially during peak hours),

it becomes a far more attractive option. Commuters often choose a faster trip even if it

costs more. If a transit trip takes twice as long compared to driving alone, many people

won't even consider transit unless they have no choice. There is also a distortion of perceived

travel times in public transit, where long wait times, crowded buses, and congested travel

conditions increase the perceived travel times (van Exel and Rietveld, 2010).

Better travel time reduces vehicle and operator needs, which a�ects operating costs. When

vehicles complete their routes faster, each vehicle can turn around and make more trips during

the day. Good travel times also mean agencies can serve the same number of passengers using

fewer vehicles or expand service elsewhere using the same vehicles while accounting for delays

and schedule padding. Fewer vehicles needed can, in turn, reduce the fuel and maintenance

needs, saving operating costs. Less random delays means more reliable recovery times and

breaks for the drivers, which could improve driver satisfaction and retention (Danaher et al.,

2020).

Even if transit time is slightly slower, reliable and predictable travel times can still make

transit a viable option. Passengers will trust the system more when the vehicles arrive and

depart when they are supposed to, which will increase their satisfaction and perception of

the transit system. Reliable travel time could also reduce the time passengers need to budget

to arrive at their destination on time, especially for time-sensitive trips to work, school, and

medical appointments, which reduces their time budget and mental friction when choosing

transit. Good passenger experiences are more likely to translate to better perceived expe-

riences for later transit trips (Le and Carrel, 2021). Happy passengers, e�cient operations,

and better perception help create a positive feedback loop to improve and build support for

transit services.

In addition, using existing automated data sources is becoming more popular, since it is
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a cost-e�ective way for transit agencies to improve e�ciency, service quality, and passen-

ger satisfaction. Transit agencies already generate a massive amount of data, such as

Automated Passenger Counter (APC), which tracks the number of boardings and alight-

ings, Automatic Vehicle Location (AVL), which tracks the vehicle movements, Automated

Fare Collection (AFC), which tracks the passenger fare transactions. These data could then

be used to generate performance reports, which could turn them into insights to improve tran-

sit performance. The data could help improve operational e�ciency, planning, and provide

passenger information.

As mentioned before, many transit agencies face ongoing �nancial challenges, from declining

fare revenues to rising operating costs after the pandemic. Analyzing these existing datasets

can be a cost-e�ective way to help agencies make more strategic decisions, without signi�cant

spending on new systems and infrastructures.

Again, given the �nancial constraint, transit agencies have to maximize the amount of service

they can provide without spending too much. Analyzing the existing data could help agencies

pinpoint the strategies to best improve the performance given the �nancial constraints, such

as implementing a new bus lane or signal priority to speed up buses. Agencies can use data

to inform passengers, local partners, and government agencies of their challenges to help

continuously improve transit services. Agencies could potentially better justify their service

adjustments, be transparent, build trust with the public, and advocate for more funding.

Data analysis lets agencies do more without signi�cant investments and make strategic choices

under �nancial constraints.

1.4 Document Structure

The structure of this thesis is the following. Chapter 2 will review the existing literature

on transit service reliability. Chapter 3 will provide an overview of my research framework

and the transit-related data sources. Chapters 4, 5, 6, 7, and 8 will present the �ve papers

submitted for publication and conferences. Chapter 9 will present an overall discussion of the

relations between each article, the main �nding, their limitations, and a general discussion

on the future methodology implications and research directions. Finally, Chapter 10 will

provide a summary of my project and general policy discussions to improve transit services.
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CHAPTER 2 LITERATURE REVIEW

This chapter reviews the existing literature on transit travel time performance and reliability,

examining how these concepts are de�ned, measured, and perceived by di�erent stakehold-

ers. It explores the operational and passenger-centric perspectives on reliability, the role of

automated data sources in performance monitoring, and the internal and external factors in-

�uencing travel times. The review also identi�es key strategies for improving reliability and

highlights signi�cant research gaps, particularly the need for detailed, multi-level, systemwide

analyses and better integration of passenger experiences into planning frameworks.

2.1 Transit Travel Time Performance and Reliability De�nitions

Transit performance can re�ect multiple points of view, namely transit passengers, tran-

sit operators, transit agencies, motorists, and community members (National Academies of

Sciences, Engineering, and Medicine and others, 2013). Passengers are interested in travel

times, service availability, delivery, and safety. Agencies are interested in maintenance and

economics. The community is interested in the capacity, economic, employment, and en-

vironmental impacts. Motorists care about roadway capacity and their travel times. The

literature pointed out a lack of standardized de�nitions for transit reliability.

In practice, the Transit Cooperative Research Program (TCRP) Report 215 (Danaher et al.,

2020) surveyed many transit agencies in North America and reported that most agencies

monitor travel times and de�ne travel time reliability in terms of one or more speci�c perfor-

mance measures. Most agencies surveyed use on-time performance as their service reliability

de�nition, and only a few agencies use other measures like missed trips, travel time, and

vehicle reliability. Meanwhile, 17% of the surveyed agencies do not have a formal de�nition

of service reliability. The report also criticized some agencies for using the average travel

time. Average travel times are important for planning but not necessarily re�ect passenger

experiences since passengers make their plans based on worst-case scenarios.

Agencies would focus on analyzing di�erent measures at di�erent levels. At the system level,

they mainly focus on on-time performance and various factors related to non-operations.

Most agencies focus on on-time performance, missed trips, headway adherence, recovery

time, and travel time variations for route and trip levels. For stop level, they mainly focus on

on-time performance. To analyze the performance, agencies tend to make basic assessments

based on on-time performance, travel time, travel time variability, and wait time variability,
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then focus on more detailed measures that address the underlying cause of these unreliability

issues (Danaher et al., 2020).

Transit Capacity and Quality of Service Manual (TCQSM) (National Academies of Sciences,

Engineering, and Medicine and others, 2013) is a comprehensive report on transit capacity

and service quality. It emphasized considering passenger experiences when evaluating service

reliability and pointed out that agencies typically focus on operational measures, not passen-

ger measures. It de�nes transit performance measures as (National Academies of Sciences,

Engineering, and Medicine and others, 2013):

ˆ "a quantitative or qualitative factor used to evaluate a particular aspect of transit

service;

ˆ quality of service as the overall measure of the perceived performance of transit service

from the passengers' point of view;

ˆ and transit service measures as a quantitative performance measure that best describes

a particular aspect of transit service and represents the passenger's point of view".

In the research literature, transit travel time reliability also involves multiple viewpoints and

de�nitions. Ma et al. (2013) and Kimpel et al. (2000) pointed out that transit reliability is

de�ned and perceived di�erently across stakeholders. There is no common consensus on what

aspect or perspectives should be included in the analysis of transit reliability since various

measures are used and proposed throughout the year.

Abkowitz et al. (1978) proposed an often-cited general de�nition of transit reliability, which

is the variability a�ecting passengers' and agencies' decision-making. Zhao et al. (2013)

interpret this de�nition as focusing on service delivery and quality perceived by passengers

and agencies, which is consistent with the emphasis of TCQSM.

Some literature also uses speci�c measures to de�ne transit performance, like the agencies.

The common de�nitions are mostly related to schedule and travel time adherence, travel time

variations, and waiting time variability. Turnquist et al. (1980) de�ned transit reliability

as the ability to adhere to the planned schedule or headway with consistent travel times.

Strathman et al. (1999) de�ned transit reliability as minimizing service delays and travel

time variations. The terms consistent and variations used by these de�nitions imply that

service performance should be measured over a period of time.

El-Geneidy et al. (2007) summarized service performance as:

ˆ easily accessible by passengers at both origin and destination;
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ˆ arrives predictably;

ˆ short waiting times;

ˆ short running times;

ˆ and low variance in running time.

However, there are more factors to consider when evaluating transit travel time performances.

As previous literature pointed out, crowding or vehicle breakdowns a�ect the passenger

perceptions of transit travel times and reliability more signi�cantly (Wardman and Whelan,

2011). The travel time performance de�nition also seems to di�er between individuals based

on the consistency of their travel experiences (Carrel et al., 2013a). Someone often travelling

at peak hours might have learned to expect longer travel times than o�-peak hours. If the

longer travel time is consistent or predictable, they might not consider the prolonged travel

time as an issue. Other people frequently travelling during o�-peak hours are used to the

uncongested travel times. Suppose they make an occasional trip during peak hours. In that

case, they might consider the congested time as bad and unreliable, even if the congested

time is consistent and predictable for frequent travellers during peak hours.

2.2 Importance of Improving Transit Performance and Reliability

Good and reliable travel time is critical for both passenger experiences and agency operations.

Improving travel times and their reliability bene�ts both passengers and agencies, and it is

a win-win situation in general (Carrasco, 2012).

For operations, travel time and its reliability impact scheduling, which in turn impacts the

operating costs. If the route is slower, more vehicles are required to provide a given service

level or frequency (National Academies of Sciences, Engineering, and Medicine and others,

2013). Larger travel time savings can reduce vehicle requirements for the route, which saves

operating costs for new services or service enhancements. Unreliable travel times increase

the layover times needed at terminals and schedule padding to ensure vehicles can depart

on time for future trips, which are part of the total cycle time, which will increase the

agency's operating cost. Unreliability would also negatively a�ect operators' health due

to the lack of breaks, which could then a�ect operation safety and operator retention issues

(Danaher et al., 2020). An increase in transit service reliability should help schedulers remove

excessive schedule padding and layover times, which would increase service productivity

and resource utilization (Bowman and Turnquist, 1981). King County Metro (2021) also
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states that improving transit reliability can help move more people using the same or fewer

resources.

From the passengers' perspective, passengers want to arrive at their destination on time,

reasonably fast, and have a reasonable wait time for the transit vehicle. Thus, travel times

in�uence passengers' mode choice (Carrel and Walker, 2017), especially when competing with

cars. Typically, researchers analyze the ratio between transit travel time and car travel time

to determine the competitiveness of transit travel times. Small travel time savings can bene�t

the existing passengers. Walker (2012) pointed out the importance of considering people's

movement, not vehicle movement, when calculating travel time savings. Even small travel

time savings can have a big impact on people's movements. 1,000 bus passengers saving 5

minutes (1000 x 5 = 5000), outweighs 2000 car passengers who might be delayed by 2 minutes

(2000 x 2 = 4000).

Abkowitz et al. (1978) pointed out that reliability is among the most crucial factors in�u-

encing passenger mode choice. Unreliable services increase the sources of uncertainty, which

would then increase passenger anxiety and reduce the attractiveness and comfort of transit

services (Bates et al., 2001). If the service becomes too unreliable, they will switch to di�er-

ent modes, and it will take major improvements for them to come back (Carrel and Walker,

2017). Unreliable services could cause passengers to experience longer wait times, delays,

crowding, or bus bunching. If passengers believe the vehicle might arrive early, they must

get to the stop earlier to avoid missing their trip. If the passenger believes the vehicle might

not get them to the destination on time, they might choose earlier departures to ensure on-

time arrival. In this case, passengers would lose time that could have been otherwise spent

productively. It also impacts passengers monetarily, since they might need to �nd last-minute

alternative transportation. The cost of travel time variation may be greater than the cost

of regular travel time (Chen et al., 2003; Perk et al., 2008). Some research indicates that

services with a small travel time deviation are more important than short-headway services

(Balcombe et al., 2004; Daskalakis and Stathopoulos, 2008). An increase in travel time re-

liability has also been linked to increases in transit demand for particular routes. A model

from the transit agency in San Diego, San Diego Metropolitan Transit System (MTS), found

that service reliability-related variables have a more signi�cant impact than demographic

and economic variables in predicting ridership (Transportation Research Board and National

Academies of Sciences, Engineering, and Medicine, 2006). Thus, the passengers' future mode

choice heavily depends on good and reliable travel times (Carrel et al., 2013a).



11

2.3 The Use of Automated Data Sources

Existing technologies, like AFC APC and AVL can give agencies more information about

their performance and passenger experiences (Hendren et al., 2015).

Agencies typically use AVL data for operation control purposes. These systems can help agen-

cies identify any schedule deviations in real-time, which will help tra�c controllers quickly

implement strategies to get buses back on schedule (National Academies of Sciences, Engi-

neering, and Medicine, 2006). It will also help agencies identify problematic trips or routes

as well as potential driver issues. Although AVL provides comprehensive real-time data, it

sometimes lacks the polling frequency to record precise arrival and departure times (Arias

et al., 2021).

The GTFS Real-time (GTFS-RT) data provides bus tracking information in a standardized

format. However, analytic tools are still scarce Aemmer et al. (2022). Agencies publish-

ing real-time data are likely to have AVL analytic systems in place through their software

vendors or in-house developments. However, these systems, maintained by each agency or

software vendor, provide di�erent measures and scales, thus making it hard to generalize the

comparisons between transit systems (Aemmer et al., 2022). GTFS-RT feed produced by

di�erent software systems might also behave di�erently, since the o�cial requirements are

loose and �exible.

It is also important to adopt APC or AFC systems to evaluate the system from the passenger

perspective, since a passenger trip might involve more than one transit trip. There is not

always a one-to-one relationship between service delivery and passenger experiences. With

the same vehicle delay, the overall impact on passengers may di�er based on the number of

passengers on board (Carrel et al., 2013b).

These automated measurements can improve service planning by routinely monitoring changes

in service quality, evaluating operation performance, identifying causes of service issues, and

predicting travel behaviours in response to changes in transit services. Automated data

sources reduce the cost of the data collection process, albeit they sometimes require ad-

ditional inference and processing (Uniman et al., 2010). A methodology that utilizes the

existing data in a standardized format to improve transit performance is more appealing

to agencies under severe budget constraints. With a clearer understanding of issues in the

system, transit planners can better identify appropriate strategies to improve transit travel

times and reliability for passengers, especially where passengers are experiencing delays or

missed transfers (Arias et al., 2021).
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2.4 Factors A�ecting Travel Times and Reliabilities

There are several internal and external factors a�ecting transit travel time performance. The

agencies can partially control most factors (Carrasco, 2012). Some factors occur daily, but

some factors happen rarely. Some factors vary day-to-day, but some vary within the day.

Liu and Sinha (2007) categorized factors a�ecting bus reliability into the following groups:

ˆ Tra�c characteristics (e.g. congestion levels)

ˆ Route characteristics (e.g. route lengths, tra�c signals, number of lanes, on street

parking, etc.)

ˆ Passenger characteristics (e.g. passenger demands, passenger route choices, passenger

arrival patterns, etc.)

ˆ Vehicle characteristics (e.g. �eet maintenance, ticket system, etc.)

The commonly cited internal factors are �nance and purchasing of vehicles, which a�ect

vehicle quality and age, vehicle and track maintenance, which a�ect vehicle performance,

vehicle availability, operator availability, transit infrastructures, route characteristics, service

operation, and scheduling. The commonly cited external factors are the natural environment,

tra�c congestion, and passenger activities (National Academies of Sciences, Engineering, and

Medicine and others, 2013). The detailed research models and results of these factors will be

discussed in detail in later sections.

Buses are �exible by sharing existing infrastructures with other modes. However, the draw-

back is that buses are more subject to slower travel times and reliability issues caused by

external factors such as tra�c congestion, as well as shared curb use for boarding and alight-

ing (Aemmer et al., 2022). Tra�c characteristics can vary day to day and within the day.

Schedule padding, used to account for tra�c congestion, can a�ect passenger experiences

(Wessel and Widener, 2017). If it is not enough, the trip would often run late. If it is ade-

quate, the trip will run on time. If it is too much, the trip will run slower than expected or

depart earlier than expected.

Dwell time variability relates to the passenger characteristics, which in�uence transit travel

time reliability. Dwell time variations can be the result of varying passenger demand, fare

payment methods, vehicle characteristics, schedule or headway deviation, crowding, lift or

bike rack usage, or driver interactions with passengers. The variability will then a�ect the

vehicle headways, which impacts transit reliability, reduces vehicle capacity, and increases
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overall travel times (National Academies of Sciences, Engineering, and Medicine and others,

2013).

The passenger demand varies throughout the day, typically with two peaks during rush hours.

The demand is typically measured by hours, but it might also vary within the hours. Hence,

TCQSM suggests agencies consider the peak hour factors to express demand variations within

a 15-minute window. People in densely populated areas are more likely to use transit, and

more people are within walking distance of transit stops. Demographics, such as gender,

age, employment, car ownership, and transportation demand management strategies, also

in�uence transit demand (National Academies of Sciences, Engineering, and Medicine and

others, 2013). However, there is still debate in the literature on whether passenger demand

variations cause unreliability or unreliability causes passenger demand variations.

Vehicle capacity and reliability also depend on the operating environment, like mixed-tra�c,

exclusive, or grade-separated. Other tra�c, right-of-way, signals, tra�c delays, and speed re-

strictions will a�ect transit reliability. For semi-exclusive bus lanes and mixed tra�c buses,

other tra�c becomes a more signi�cant source of unreliability, from unauthorized use of

transit infrastructure, right-turning vehicles, congestion, and tra�c variability (National

Academies of Sciences, Engineering, and Medicine and others, 2013). Deferred maintenance

might lead to breakdowns during service operation, which a�ects service frequency and pas-

senger demand variations.

2.5 Strategies to Improve Travel Times and Reliabilities

The strategies to improve travel time performance issues depend on the cause of the problem.

Transit preferential treatments vary widely, and the solutions depend on several factors,

including budget constraints, roadway con�guration, and support from policymakers and the

public (Arias et al., 2021). The related costs might also vary. Additional cycle time might

require additional vehicles. Infrastructure improvements, such as bus lanes or signal priority,

require capital investments (National Academies of Sciences, Engineering, and Medicine and

others, 2013).

Agencies can revise their operator training programs to improve operators' experience and

to equip operators with skills to recover from potential delays. The training program can

be improved based on travel time monitoring, feedback from other departments, and �eld

supervision (El-Geneidy et al., 2011).

For scheduling, transit travel times are a function of speed limits set by law or social con-

straints, random delays, and the amount of expected random delays. The speed limit is
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the maximum speed a vehicle can operate, including physical and psychological constraints.

Random delays are not predictable, possibly due to external factors like tra�c or rider-

ship variations. To mitigate the random delay issues, transit agencies typically use schedule

padding to include the expected random delays on a given segment. It is essentially some

extra time to allow vehicles to arrive on time. Wessel and Widener (2017) de�ne it as the

di�erence between the best-case travel time and the average travel times.

Operational controls also play a key role in improving travel times experienced by passengers.

There are several response strategies, such as holding, short turns, adding vehicles, and

modifying route con�guration. The impacts of operations control interventions on passengers

include (Carrel et al., 2013b):

ˆ increased or decreased waiting time at the passenger trip origin;

ˆ additional transfers and waiting times during the journey in the case of a short turn or

diversion;

ˆ increased in-vehicle travel time experienced by passengers on board due to holding at

stations, travelling at reduced speed, or making unexpected stops.

However, there are only a few attempts to quantify the impact of di�erent control strategies

on agencies and passengers. (Carrel et al., 2013b)

Providing transit preferential treatments on congested segments or intersections can help

address speci�c travel time issues and reduce delays. Thus, a reduction in delay yields a

faster and more reliable service. Walker (2012) suggests transit agencies focus on reducing

delays, which would also help decrease the travel times needed in the schedules. The two

most commonly mentioned bus priority measures are bus lanes, which relate to the lack of

space in mixed tra�c conditions, and signal priorities, which reduce times caused by signal

delays.

Bus lanes are a cost-e�ective way to improve transit travel time and reliability, and quan-

tifying the bene�ts would help justify the projects to obtain public funding. Agencies with

complex networks are likely to have unknown locations where transit priority infrastructures

are needed (Arias et al., 2021). A dedicated bus lane might be suitable to reduce travel times

and improve reliability on urban streets with high bus tra�c and certain segments prone to

excessive delays (King County Metro, 2021). Agencies could convert general-purpose lanes

or parking lanes to create bus lanes. Projects that require roadway widening or median

reconstruction will have higher costs (King County Metro, 2021). Although bus lanes can

reduce the �ow of vehicular tra�c, multiple studies based on simulation have shown that
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they can still increase person throughput because buses have greater occupancy than private

cars (Walker, 2012).

A queue jump lane is a relatively short lane for buses to bypass tra�c queues before a sig-

nalized intersection (National Academies of Sciences, Engineering, and Medicine and others,

2013). Queue jump lanes require less right-of-way than longer-distance bus lanes, while still

being able to reduce some delays while travelling in mixed tra�c (Arias et al., 2021). How-

ever, studies for queue-jump lanes typically assume vehicles can turn right while the signal

is red. Cities like Montréal have a no-turn-on-red policy, right-turn cars might still block the

bus departure even with the presence of a queue jump lane (Diab and El-Geneidy, 2013).

Transit signal priority gives priority at an intersection to transit, which would reduce signal

delays. The passive Transit Signal Priority (TSP) involves manually adjusting signal timings

so that the signal o�sets match the time needed for transit vehicles to travel through the street

segment, plus making stops for passengers. The active TSP mostly adjusts the signal timing

(green extension or red truncation) when a bus is approaching, while some TSP continually

adjusts tra�c signals based on transit vehicle locations (King County Metro, 2021). Transit

signal priority can improve the speed and reliability of transit vehicles. However, it requires

coordination between government agencies (Arias et al., 2021).

Several papers also recommended changing route designs to obtain better reliability. The

changes might include splitting routes (Abkowitz and Engelstein, 1984) and stop consolida-

tion (El-Geneidy et al., 2011). However, there may be associated negative impacts on some

passengers due to extra transfers, wait times, and walk times.

2.6 Vehicle Travel Times

This section focuses on the vehicle travel times, discussing the de�nition, related data, mon-

itoring, importance, analysis standards, as well as the detailed studies on various aspects of

vehicle travel times. Since most literature focuses on travel time analysis that includes dwell

times and signal delays, we will speci�cally discuss these detailed components in the next

section.

The vehicle travel time refers to the total time taken for a vehicle to complete an entire trip

or to traverse speci�c segments of that trip (National Academies of Sciences, Engineering,

and Medicine and others, 2013). Data on vehicle travel times are typically provided by

AVL systems and measured at a speci�c time of day over a period from several days to

a few months. From an agency survey, most agencies would include this measure in their

performance analysis, since vehicle travel time is a key scheduling input and an important
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performance measure for monitoring scheduled travel time accuracy (Danaher et al., 2020).

For scheduling, TCQSM (National Academies of Sciences, Engineering, and Medicine and

others, 2013) suggests agencies set vehicle travel times between timepoints equal to the mean

observed running time. Some researchers also argued for using the 85th percentile running

time to achieve high reliability, but with more holding. This comes from the assumption that

the travel time distribution is normal, where the 85th percentile would equal the mean plus

one standard deviation (National Academies of Sciences, Engineering, and Medicine, 2006).

Analysts also commonly focus on travel time deviation (National Academies of Sciences,

Engineering, and Medicine and others, 2013), i.e. delay, calculated as actual travel time

minus scheduled travel time, which measures how well a bus is moving along each segment.

A positive value of travel time delay means that a bus is having di�culty traversing the

segment. The analysis also considers the variation using metrics like standard deviation,

coe�cient of variation, or high percentiles. High variability indicates that the travel time is

less consistent, even if the bus departs at the same time every day.

Vehicle travel times are important to passengers to the extent that they a�ect trip planning

and in-vehicle travel times, but it is not helpful to communicate with the passengers, since the

measure doesn't necessarily correspond to the passengers' overall travel times or variations

(Kimpel et al., 2000). It is not e�ective in identifying the causes of large travel time variations

either, since it combines all three sources of potential delays, i.e. congestion, high ridership,

and high signal delays.

In the subsections, we will discuss more detailed literature on vehicle travel times, focusing

on the frameworks, descriptive statistics, and factors a�ecting travel times.

2.6.1 Frameworks

There are several frameworks for analyzing vehicle travel times proposed by researchers, each

contributing unique components and perspectives to the broader understanding of transit

performance.

Muller and Furth (2001) introduced a comprehensive theoretical system designed to evaluate

transit travel times across multiple analysis levels. Their framework integrates a vehicle loca-

tion system, an onboard computer to monitor vehicle status and door operations, trip recon-

struction software housed within a database, and analytical tools for assessing service quality.

This system would allow transit agencies to monitor operational quality using performance

metrics, such as schedule adherence, headway consistency, travel speed, and transfer synchro-

nization. This, in turn, allows agencies to improve their route and segment-level schedules,
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diagnose operational ine�ciencies, such as identifying slow zones, and better understand the

relationship between passenger demand and their service delivery, since overcrowding and

bunching can be identi�ed more easily.

Later research generally followed similar processes, built upon this framework, often shifting

focus toward the evaluation of speci�c travel time metrics. For example, researchers focused

on evaluating various measures to evaluate travel times. Duddu et al. (2019) e�ectiveness

of the percentage-based and �xed range-based travel time measures. Their methodology

involved categorizing travel time data by time of day and service date, accounting for delay

propagation across stops by comparing scheduled and actual travel times. Their �ndings

suggest that percentage-based measures o�er greater reliability in capturing performance

variations.

Similarly, additional analysis components or data have been added to the framework to

improve our understanding of speci�c issues related to travel times and their variations.

Using detailed AVL and AFC data, Ma et al. (2013) expanded the framework to include

factor analysis for identifying root causes of performance issues, cluster analysis for grouping

similar service patterns, and distribution modelling to characterize diverse travel conditions.

They also introduced a series of performance indicators aimed at improving communication

of results, thereby supporting both agency-level service planning and passenger trip decision-

making.

2.6.2 Descriptive Studies

Following the framework descriptions, several researchers have demonstrated descriptive

statistics and visualization tools to further analyze transit travel time performance using

data collected from onboard computer systems.

Some work focused on summarizing operational characteristics at both route and stop levels.

Bertini and El-Geneidy (2003) used the archived AVL and APC data from TriMet to compute

descriptive statistics related to transit service operation and service delivery. Their analysis

included travel times, dwell times, transit availability, time-distance graphs, average speed,

and schedule adherence at the route level. These measures can be used for more detailed

analysis if extra attention is required on speci�c segments. They further examined stop-level

performance measures, such as passenger boardings and on-time performance, since these

directly a�ect passenger experience.

Similarly, also analyzing the stop-level data, Ma and Wang (2014) developed a platform for

analyzing and visualizing Beijing's transit network using AVL data. Their work focused on
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vehicle travel times and operating speeds, as well as the distribution of these metrics on

various stop-to-stop segments on the entire network, allowing them to identify slow zones.

Beyond the overall performance summaries, several studies examined the temporal variability

and reliability of travel times. Carrasco (2012) analyzed Zurich's highly reliable transit

system, �nding that planned and median travel times align closely except during peak hours,

when variability increases. Travel speeds were notably lower in the city center due to more

tra�c congestion, while corridors with transit-only lanes improved travel times. Delays, up

to 90 seconds, were more frequent during peak periods, likely due to schedule padding, and

the standard deviation of delays is greater during o�-peak hours.

Currie and Mesbah (2011) visualized the di�erence in tram travel times using AVL data from

March 2001 and March 2004 at the time point level to discover temporal changes in di�erent

years. Focusing on the morning peak (7�9 a.m.), they observed declining average tram

speeds, attributed to rising car tra�c. They made travel time isochrone maps illustrating

travel times to the CBD, and delay maps revealing early arrivals in suburban routes. Their

coe�cient of variation analysis showed most stops within 0.1�0.2, with greater variability

near the CBD.

While the previous studies focused on performance for routes or stops, others aggregated

performance at the roadway segment level and classi�ed di�erent types of delays. Aemmer

et al. (2022) introduced methods to extract transit performance metrics such as pace (inverse

of speed) for street segments. They matched delay locations to street segments and noted that

delay distributions were right-skewed. Their analysis also distinguished between systematic

and stochastic delays, �nding that stochastic delays were often negative, indicating buses

sometimes ran faster than scheduled. Similar classi�cation e�orts in Montreal (Boudabous

et al., 2024) aimed to separate predictable delays from random variations, supporting schedule

optimization and delay forecasting.

Some researchers used alternative data sources, such as AFC data, to estimate travel times

and performance measures, given its rich information on passenger boarding and fare transac-

tions and better alignment with passenger experiences. For example, Trépanier et al. (2009)

calculated performance metrics segmented by time of day, day of week, and route. Their �nd-

ings revealed that Sundays had the highest average operating speeds, while weekday morning

peaks were slower due to congestion. Express trips exhibited the fastest speeds. Regarding

punctuality, most buses arrived late, with greater delays during morning peaks.
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2.6.3 Factors A�ecting Travel Times

Building on descriptive analyses, researchers have also sought to identify the underlying

factors that in�uence transit running times and contribute to performance issues. These

studies investigated physical and operational characteristics using various data sources and

statistical models.

Early research from Abkowitz and Engelstein (1984) found that the mean travel time is

a�ected by route length, passenger activity, and the number of signalized intersections. These

�ndings have also been shown multiple times by other researchers in later studies such as

El-Geneidy et al. (2007). Expanding on these results, a linear regression model from Berkow

et al. (2009) further shows that distance, number of stops, direction, time of the day, dwell

time, passenger activities, weather, and seasons have signi�cant e�ects on route travel times.

Beyond identifying general determinants of travel times, some studies have focused on di-

agnosing speci�c causes of poor schedule adherence. For instance, Mandelzys and Hellinga

(2010) used AVL and APC data to classify timepoint level performances according to TCQSM

level-of-service standards, revealing that two-thirds failed to meet the standard. Then, they

focused on the timepoints with frequent early or late arrivals and examined the causes. Their

analysis showed that late arrivals were primarily due to longer-than-expected travel times

in preceding segments, with longer dwell times being slightly less important. Early arrivals

were linked to shorter travel times and early departures. From this study, the authors recom-

mended that analysts start the analysis at the route level, which will help organize the data,

before diving deeper into speci�c issues with stop-level travel times or dwell times, since most

agencies do not develop their schedule at the stop level.

Since planners account for operational variations using schedule paddings, Wessel and Widener

(2017) aimed to understand the reasons why buses run slowly, which could be due to random

delays, waiting for the schedule to catch up, or both. They hypothesize schedule padding as

a direct function of travel time variability. Using General Transit Feed Speci�cation (GTFS)

and AVL data from Toronto Transit Commission (TTC) in 2015, they estimated the schedule

padding by comparing the scheduled travel times and the best case travel times, i.e. the 10th

percentile travel time, to remove extreme values and data anomalies. At the same time, the

legal speed limit is often ignored, taking the 10th percentile allows the estimation of psycho-

logical or social speed limits. The results indicate that 30% of the total scheduled service

hours are related to schedule padding. Spatial analysis further revealed patterns of padding

across the network, identifying areas where schedules are overly tight, excessively padded

(e.g., downtown), or relatively balanced.
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2.6.4 Travel Time Variations

In addition to analyzing and explaining the times delivered, it is important to understand

running time variations as well, since the agencies need to schedule their layovers to recover

from potential delays. Since layovers or recovery times are non-revenue hours, excess vari-

ations in travel times increase costs. From the passenger perspective, variability translates

into unpredictable waiting and in-vehicle travel times, reducing perceived service reliability.

Despite its importance, travel time variation models are less common.

First, there are con�icts between service reliability and the overall travel times (El-Geneidy

et al., 2007). To achieve high reliability, agencies need to have more schedule padding to

absorb potential delays, which increases the probability of arriving early or holding, which

will increase the overall running times and operating costs. Reducing schedule padding or

layover times can shorten travel times, but compromises reliability, creating a fundamental

scheduling dilemma for agencies.

To quantify variability, some researchers have adopted the coe�cient of variation as a metric,

calculated as the standard deviation over the average. Currie and Mesbah (2011) recommend

this measure because it is dimensionless, accounts for the section lengths, and can be applied

to di�erent scales.

Mazloumi et al. (2010) explored the day-to-day travel time variations using a linear regression

to identify the factors a�ecting travel time reliability at the timepoint level. They �nd that

land use, route length, number of signals, stops, and departure delays signi�cantly in�uence

variability, with land use having the strongest e�ect, likely as a proxy for demand and con-

gestion. Longer length between timepoints is also a signi�cant factor, so they recommended

shortening the timepoint sections. Signalized intersections are also a key factor, highlighting

the need for implementing queue jump lanes and transit signal priority. Interestingly, buses

running early often have longer overall running times due to holdings at timepoints.

Some studies have evaluated the e�ectiveness of transit priority strategies in reducing vari-

ability. Diab and El-Geneidy (2013) assessed a series of reliability improvement measures

on Montreal's St-Michel corridor (routes 67 and 467), including transit signal priority, bus

lanes, limited-stop service, and smart card fare collection. Using AVL and APC data, they

compared travel time models before and after the implementation of these treatments. Re-

sults showed mixed outcomes: smart card adoption unexpectedly increased travel time and

its variability, while transit signal priority had little measurable e�ect due to no-turn-on-

right policies and right-turning cars blocking the bus departures. Other strategies produced

inconsistent impacts, highlighting the complexity in designing transit priority treatments.
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2.6.5 Travel Time Predictions

Given the challenges of controlling variability, many researchers have turned to predictive

modelling to support passenger information systems and operational planning. Some of the

works used only AVL data (Gurmu and Fan, 2014; Chen et al., 2023), while others attempted

to incorporate additional datasets to improve the prediction models, such as real-time tra�c

data (Ma et al., 2019; Han et al., 2020). More recently, researchers have also included

various arti�cial intelligence methods to improve transit travel time models, such as using

computer vision to incorporate roadside features (Abdelhalim and Zhao, 2024) and using

neural networks to integrate vehicle positions with weather data (Alam et al., 2021).

Despite these advances, a common limitation is the di�culty of isolating the e�ects of in-

dividual factors at play, i.e. congestion, red lights, and passenger activities, possibly due

to data constraints. This highlights the need for more comprehensive analytical frameworks

capable of isolating these in�uences and capturing detailed sources of travel time variations.

2.6.6 Statistical Distributions

To capture both the average and the variance of travel times, some researchers examined the

overall statistical distributions of travel times, rather than relying solely on a given measure.

For the overall distributional characteristics of travel times, Kieu (2015) modelled route-level

travel times using several statistical distributions. The results show transit travel times di�er

signi�cantly from private vehicle travel times. Among the tested models, skewed distribu-

tions, particularly the log-normal, provided the best �t, re�ecting the asymmetric nature of

transit travel times.

Beyond skewness, several studies have observed multimodal mixture distributions in route-

level or stop-level running times (Wang, 2020; Ma et al., 2014). For example, Wang (2020)

demonstrated that these patterns can be e�ectively captured using a Gaussian Mixture

Model, expressed as

p(� ) =
P K

i =1 � i N (� i ; COV)

where K equals the number of components,� is the probability of the corresponding distri-

bution, � is the mean of the corresponding distribution, andCOV is the covariance matrix

between all the components:

However, prior literature has largely focused on modelling rather than explaining the causes

of multimodality. Wang (2020) and Ma et al. (2014) suggested that mixed travel time pat-

terns likely re�ect underlying tra�c conditions or operational modes, such as free-�ow versus
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congested states or due to tra�c signals, resulting in distinct clusters of travel times. This

complexity poses challenges for scheduling, as a single scheduled time may not adequately

represent multiple operating scenarios.

Other studies have approached variability from a categorization and clustering perspective.

Ma et al. (2013) applied cluster analysis to classify travel time patterns and reliability indi-

cators. They �nd that holidays have a similar travel time pattern compared to weekends,

while Thursdays and Fridays exhibit slightly longer times than other weekdays, possibly due

to increased leisure activities at the end of the day. The authors emphasized that reliability

indicators should re�ect both actual service performance and perceived performance, linking

them to the value of time to better inform investment and planning decisions.

2.6.7 Related Variables for Modelling Travel Time

Travel speed, pace, and time are related variables for �xed-route services, where the travel

time equals the travel distance divided by the travel speed, and also equals the distance

multiplied by the travel pace. By normalizing performance using speed or pace, distance is

removed from the equation, enabling comparisons across segments of varying lengths. This

makes speed and pace valuable indicators for system-wide diagnostics, schedule design, and

infrastructure planning. Since many �ndings are similar to the ones from the aforementioned

travel time studies, I will summarize key contributions focusing on speed and pace.

Speed and pace have been widely used to identify problematic segments and evaluate op-

erational strategies. Several studies developed classi�cation models to detect slow roadway

segments using speed (Cortés et al., 2011; Du et al., 2017) or pace (Boudabous et al., 2024;

Aemmer et al., 2022), providing agencies with insights on where to improve performance.

Speed has also served as an important metric for assessing the e�ectiveness of transit priority

measures, such as dedicated bus lanes (Russo et al., 2022) and transit signal priority (Wu

et al., 2020).

Similar to travel time studies, there are also studies for transit speed modelling. Examples

include modelling bus speeds with tra�c characteristics using regression and neural network

models (Du et al., 2017), as well as integrating detailed car speed data to estimate bus

speed distributions (Zhang et al., 2020). Consistent with travel time studies, these models

identify factors such as bus lanes, roadway classi�cation, geographic context, peak direction,

and service type as signi�cant determinants of speed. Buses operating on main roads, in

suburban areas, during o�-peak hours, with wider stop spacing, or in bus lanes generally

achieve higher speeds (Zhang et al., 2014; Kopsacheilis et al., 2023).
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Despite the one-to-one relationship between time, speed, and pace, further research is needed

to compare these measures across di�erent analysis levels and operational contexts. Addi-

tional complexities, such as stop spacing, ridership variability, and priority treatments, might

in�uence the suitability of each measure. In addition, the existing models mentioned above

have used many error measures to evaluate their model performances, such as absolute and

relative measures, typically aggregated into one number. As noted by Kolassa (2020), dif-

ferent measures evaluate the results "from di�erent angles" (Kolassa, 2020), and few studies

have compared between these measures. As transit services have various segment sizes, it

is also necessary to compare the errors by segment for potential biases, since a short local

segment is not directly comparable with a long highway express segment, for example.

To summarize, there are various analysis levels used in the previous studies to measure and

model transit travel times. Most agencies and researchers focused on higher, more aggregated

levels. Although most North American agencies schedule service at the timepoint level, the

GTFS standard requires arrival and departure times for every stop to support passenger

information systems. Intermediate stop times are often interpolated from timepoint data

(Wessel et al., 2017), creating discrepancies between scheduling practices and what passengers

see. Since riders board and alight at various stops, not just timepoints, this discrepancy

highlights the need to further investigate and improve the scheduling practices and analysis

frameworks, as also emphasized by Wessel et al. (2017); Graves et al. (2019). In addition,

there is still a lack of comparison between these analysis levels. Hence, a multi-level analysis

is needed to better isolate the e�ects of a speci�c issue to improve travel time models.

2.7 Detailed Transit Travel Time Components

In this section, we will discuss detailed literature on two detailed travel time components

de�ned by the TCQSM, and the papers in this research will be mainly based on these

de�nitions with some small adjustments, given data availability and analysis levels.

The basic idea for TCQSM is to split the trip travel times into three categories, inter-stop

times, dwell times, and red light waiting times. To reconstruct the arrival times at each stop,

we also need to include departure times in our analyses. Inter-stop times, or travel times

between stops, are related to congestion. Dwell times are related to passenger activities. Red

light waiting times are related to signal delays. Hence, by separating these elements, we can

better understand the issues along the route.

However, due to data limitations, most literature had trouble separating these three categories

of times, and focused on higher analysis levels reviewed in the previous section, such as the
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timepoint level. Hence, most existing literature studied high-level vehicle travel times, which

include all three categories. Given the lack of literature focusing on more detailed vehicle

travel times, in this section, we will focus on the two detailed components, dwell times and

red light waiting times.

Figure 2.1 shows an example time distance diagram for one stop-to-stop travel time observa-

tion. The stop-to-stop travel time is split �rst into the inter-stop time, where the bus travels

to the next stop at the given departure time at the �rst stop. Then, as the bus stops at

the second stop, the stopped times are split into dwell times according to the dwell time

model, as well as red light times according to the tra�c signal model mentioned above. The

decomposition is performed for every stop-to-stop observation.

Figure 2.1 Example: Splitting a Stop to Stop Travel Time Observation from Ride-Check
Data on Route 51

In the following subsections, we will discuss detailed studies on dwell times and signal delays,

with their detailed de�nition, data requirements, usage, and the literature related to them.

2.7.1 Dwell Times

Dwell times are the time a bus spends at bus stops for passenger boardings and alightings.

It is typically the time between the door opening and closing. Dwell times are part of the

overall vehicle travel time from terminal to terminal. Therefore, changes in dwell times and

variations would also a�ect the overall travel time. Again, the TCQSM, does not consider

the time a vehicle remains stationary at the stops after passenger boardings and alightings
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as dwell time, e.g., the red light waiting times after the boardings and alightings have been

completed. Data on dwell time are typically collected through APC, AVL, and AFC systems.

Researchers also utilize manual data collection and video feeds to infer dwell times.

In an agency survey, dwell time analyses are not common due to the challenges of extracting

and matching data from di�erent sources. However, agencies analyze ridership counts as a

secondary measure to pinpoint the causes of travel time issues if they observe high overall

vehicle travel times or high travel time variations (Danaher et al., 2020). The variability

between stops could be due to di�erent numbers of passengers boarding and alighting or

due to vehicle crowding, which makes boarding and alighting di�cult. Given the challenges,

there is relatively less research attention on dwell times.

Focusing on describing ridership variations in the system, Berkow et al. (2009) created vi-

sualization tools using archived data from TriMet. They visualized average boardings and

variations at all stops within the system using a three-dimensional map. For each route,

they visualized the total boardings, allowing them to observe some seasonal e�ects, where

the summer season might have lower boardings. They also segmented the data by day of

the week, and they found that Saturday and Sunday have di�erent ridership patterns, and

the ridership variation is small. For each individual day, they found that transit ridership on

weekdays is nearly constant, and the weather does not have a big e�ect on transit ridership.

They also mapped out the total count of lift usage, which helped them identify stops with

frequent lift usage, which would increase dwell times.

Typically, there are three main approaches to model bus dwell times, regression models

(Dueker et al., 2004; Bertini and El-Geneidy, 2004), time-series models (Shalaby and Farhan,

2003), and machine learning models (Xin and Chen, 2016; Ding et al., 2015). Since dwell

times are part of the overall travel times, the factors are similar to but not the same as vehicle

travel time factors earlier. Each categories of factors a�ecting dwell times and related studies

are discussed in the following paragraphs.

For bus characteristics, the determinants are mainly related to the vehicle types, such as

articulated vs regular buses, number of doors, door sizes, and capacities. Researchers have

found that low-�oor buses have faster dwell times (Dueker et al., 2004), especially for pas-

sengers with reduced mobility (Levine and Torng, 1994). Articulated buses with more doors

could reduce dwell times by allowing multiple passengers to board and alight at the same

time, and by reducing crowding from the larger capacity (Al-Jumailey, 2011), but these buses

are less manoeuvrable when merging with tra�c, which could negate the dwell time savings

(El-Geneidy and Vijayakumar, 2011).

Massachusetts Bay Transportation Authority (MBTA) evaluated the variance of bus dwell



26

times due to fare payments (Massachusetts Bay Transportation Authority, 2017). They

calculated the time between consecutive payments at a stop to estimate the transaction

duration. As a result, they were able to calculate the average transaction times of each fare

media, as well as the distribution of the transaction times. The results show that smart

card and ticket validation are faster than cash and top-up transactions. Smart card and

ticket validations also have a smaller variance. For routes where cash and top-up payments

are common, the larger variances could negatively impact transit reliability and headway

regularities. The cost of implementing faster fare collection technologies and o�-board fare

collections could reduce dwell times (Jara-Díaz and Tirachini, 2013).

For passenger characteristics, Dueker et al. (2004) used Trimet AVL and APC data to evaluate

the factors a�ecting bus dwell time. They found that boarding passengers add more dwell

time than alighting passengers, but the additional passenger volume at the stop will take

less time. Currie et al. (2013) evaluated the impact of crowding on vehicle dwell times.

Using data from the Melbourne tram network, they showed that crowding negatively a�ects

vehicle dwell times signi�cantly and that crowding e�ects are more important than some

other factors, such as entrance steps. In-vehicle crowding is also determined to be worse

than platform crowding. Due to delays and the resulting headway variations, bus bunching

could also increase dwell times due to the extra passengers that need to be picked up (Chen

et al., 2013). In addition, passengers with reduced mobility in need of the kneeling and the

ramp functions will increase dwell times signi�cantly, and it is needed to model the dwell

times with ramp usage separately (Dueker et al., 2004).

For temporal variations, peak hours tend to have the most e�cient dwell times due to the

more directional and regular passenger demand, and crosstown routes have shorter dwell

times than local routes (Dueker et al., 2004). Routes that serve schools will also have higher

riderships and dwell times on school days (Isukapati et al., 2017).

For operational and environmental characteristics, higher passenger demand and higher ser-

vice frequency have been found to cause longer dwell times. More stops also correlate to less

reliable service, which correlates to variations in dwell times (Chen et al., 2013). Bus lanes

that do not have passing lanes also limit the bus �ow, where buses that come after are stuck,

which contributes to additional times needed at the stop (Kathuria et al., 2018). Diab and

El-Geneidy (2015) compared the e�ect of farside and nearside stops on dwell times. Using

6 months of AVL data from STM and regression models, they �nd that nearside stops are

on average 5 seconds slower than the dwell times on the far side of the intersection. This

could be due to the no-turn-on-red policy on Montreal Island, which would cause right-turn

cars to block the bus from departing. However, the stop placement does not seem to a�ect
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dwell time variation. In addition, stops shelters also tend to have longer dwell times, since

passengers need to walk from the shelter to the bus (Diab and El-Geneidy, 2015).

2.7.2 Red Light Waiting Times

This subsection focuses on the signal delays, or the red light waiting times, which play a

signi�cant role in the interaction between transit vehicles and tra�c signals. Signal delays are

the time a bus spends stopped at intersections without any passenger boardings or alightings,

as de�ned by the TCQSM (National Academies of Sciences, Engineering, and Medicine and

others, 2013), which can signi�cantly a�ect the overall travel time of the vehicle. It is typically

calculated using AVL and APC data or estimated in simulations.

There is less attention paid to the red light waiting times by transit agencies due to data

limitations. However, red light waiting times could be a signi�cant part of the overall vehicle

travel time from terminal to terminal if there is no e�ective transit signal priority. Therefore,

red light waiting times could also a�ect the overall running time and variations.

Most tra�c signal-related studies in the transit context are related to transit signal priorities

for transit vehicles, which is considered a promising way to improve bus travel times and

reliability developed since the 1960s (Westinghouse Air Brake Company and United States

Dept. of Housing, 1968). There are two main types of signal priority, passive priority and

active priority.

Passive priority is to implement bus priority by predetermining the signal timing plans ac-

cording to bus travel times to bene�t buses. Hence, passive priority is easy to implement, and

there are a few strategies to implement passive priorities (Lin et al., 2015). Tra�c engineers

can adjust signal timings. Longer cycle lengths can help optimize vehicle progressions, but

red times will also be long. Shorter cycles will reduce red times, and the bus signal delays.

Tra�c engineers could also optimize signal timings along a corridor to reduce the people

delays, not vehicle delays, going through the intersection, since buses carry many people at

the same time (Lin et al., 2013).

Active priority involves sensors and communication infrastructure between buses and the

tra�c signals to allow signal priorities in real-time. There are three types of active signal

priorities, unconditional priority, conditional priority, and model-based priority.

The unconditional priority will give immediate priority to the buses when they arrive at the

intersection, such as extended greens, shortened yellows, or additional bus green times (Dion

et al., 2005). When there are multiple requests, various rules are used to determine signal

strategies, such as the �rst-come-�rst-served policy (Dion et al., 2005).



28

The conditional priority will give the bus priority when the bus is actually ready to depart

to reduce impacts on other tra�c. For example, some cities will only give priority to buses

when the bus is late, some will limit the number of priority requests for consecutive signal

cycles (Smith et al., 2005).

The model-based priority will calculate the best bus priority to minimize a target value, e.g.

total bus delay or total person delay. The models require information on bus locations, op-

eration conditions, and tra�c conditions, thus, it is more di�cult to implement (Vasudevan,

2005).

Typically, the signal priority strategies are evaluated using several indicators, travel time sav-

ings, increase in bus speed, reduction in travel time variances, total person delay reductions,

car-delay variations, and queue length in non-priority approaches (Lin et al., 2015).

To evaluate the e�ectiveness of signal priority, there are typically three approaches, math-

ematical models, simulations, and �eld tests. Overall, many studies show positive impacts

of transit priority signals on reducing transit travel times (Dion et al., 2005; D'Souza et al.,

2010). However, some other studies failed to show signi�cant travel time gains from signal

priority (Diab and El-Geneidy, 2013). Hence, there is no consensus on the impacts of transit

signal priorities in the literature.

For mathematical models, queuing theory is a popular choice to model the e�ectiveness of

signal priority, vehicle delays with and without priority. They typically show localized signal

delay reductions under a few assumptions, random tra�c conditions, no over-saturated street

segments, impact from upstream and on downstream segments are not signi�cant, and no

bus operation controls (Abdy and Hellinga, 2011). Unfortunately, these assumptions are not

necessarily true for most principal or secondary corridors in central areas.

Since evaluating various tra�c environments, operational characteristics, and built environ-

ments is not always possible, micro-simulation tests are also widely used to evaluate signal

timing settings. Researchers have tested various signal priority strategies, priority thresh-

olds, priority conditions, operational conditions, and various lane con�gurations. They found

signal priority is e�ective when there is less cross-street tra�c, high bus tra�c, far-side stops

to allow signals to react, good base signal coordination, queue jump lanes, or little turning

tra�c (Ngan et al., 2004; Zhou and Gan, 2005; Furth et al., 2025).

Overall, one of the common themes previous researchers identi�ed is unconditional signal

priority, which yields the best travel times for buses but has a signi�cant impact on crossing

tra�c. They recommended conditional priority when buses run behind schedule (McLeod

and Hounsell, 2003; Altun and Furth, 2009; Al-Deek et al., 2017). Hence, some recommend



29

agencies to schedule more aggressive travel times to take more advantage of signal priority

(Altun and Furth, 2009), but passengers are more likely to arrive late. However, other

researchers found less impact to crossing tra�c in more suburban environments (She�eld

et al., 2021).

Another common theme from the previous researchers identi�ed is the importance of under-

lying signal timing. Both passive priority, adjusting planned signal coordination for buses,

and active priority, adjusting signal timing in real-time, are important. However, signal pri-

orities are more e�ective when the underlying signal timing is more supportive for bus travel

(Furth et al., 2025). Having passive priority, making underlying signal timing transit-friendly,

along with active signal priority, can halve the delays compared to only using active priority

without changing the underlying signal timing.

Field tests are costly but more accurate, it is also important to continuously evaluate the

e�ectiveness of the signal priority strategies after the implementation to determine the actual

bene�ts (Lin et al., 2015). For example, Transport for London implemented the iBus AVL

system, which allows the agency to determine the bus locations in real-time. This system

allowed buses to request signal priority at various virtual detection points, either extending

the green or truncating the red, which reduces bus delays by a few seconds per intersection.

After leaving the intersection, the priority requests are cancelled to reduce impacts on tra�c

from other approaches (D'Souza et al., 2010).

However, using the iBus system in Montreal, Diab and El-Geneidy (2013) only showed 1.4

seconds of improvements per timepoint and no impact on delays and travel time variations.

They speculated that the no-turn-on-red policy, combined with near-side stops, hinders bus

departures. Similarly, using trip-level data, the signal priority results in Portland, Oregon are

inconsistent across routes, time periods, and various performance measures (Kimpel et al.,

2005).

Hence, many researchers argued that evaluating signal priorities requires regular performance

monitoring and calibration to identify problems, willingness to experiment by adjusting op-

erational practices and signal timing plans, obtain detailed baseline observations for com-

parisons, select routes based on operational problems, not scheduling problems, and taking

into account small-sized cities compared to large metropolitan areas (Kimpel et al., 2005;

Vlachou et al., 2010).

To conclude, due to various signal timing con�gurations, conditions applied, models used,

and priority strategies implemented, the results of signal priority vary a lot. There is a

general lack of e�ort to quantify the overall signal delays. Some of the studies focused on

delays at a given intersection, without considering the downstream impacts. The bus delay
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could be reduced by 10 seconds at a given intersection, but if the next intersection is red

anyway, signal priority at this intersection does not signi�cantly impact the overall travel

times. Hence, it is necessary to evaluate the chain reaction from the start to the end of the

line.

For some cities, especially in downtown areas, the majority of the signalized intersections still

use a predetermined coordinated �xed timing plan, which creates heavy time dependency

between intersections. Researchers have suggested that good arrival time predictions are

important in these cities for transit priority signals to be e�ective at reducing travel times

(Li et al., 2012). Better inter-stop and dwell time estimations are needed to improve the

arrival time predictions. Scheduling strategies can also be adapted to take advantage of

transit priority signals (Altun and Furth, 2009).

However, these previous studies tend to focus on one speci�c intersection or a few consecutive

intersections on a given corridor, which would have similar base timings. Similarly, some

studies only included the number of priority signals to model their e�ects, which essentially

assumes these signals behave similarly. Since buses can make turns and travel through

multiple corridors, the signal synchronization and cycle lengths may all be di�erent in reality.

Smaller intersections typically have shorter cycle lengths, while large intersections have longer

cycle lengths. There is still a need to better isolate and quantify signal delays in bus travel

time observations, as well as to consider how the travel time and red light waiting times are

a�ected by varying signal cycle lengths and synchronization patterns.

2.8 Transit Scheduling Methods

Travel time is an important measure for scheduling. In this section, we will discuss the status

of current scheduling practices.

Coleman et al. (2018) provided a summary of a typical scheduling process in New York City

Transit. In general, the route performances are reviewed at various intervals for di�erent types

of routes and schedules. Service changes generally happen at pre-de�ned times every year to

facilitate operator sign-ups and schedule adjustments. The schedule revision process generally

involves the level of ridership, which relates to the service frequency, and travel times between

timepoints in the North American context. If passenger levels exceed a prede�ned agency

standard, service frequency is adjusted. Travel times are also analyzed using an agency

standard, and then adjusted both between the two terminals as well as between various

timepoints using measures such as the mean, median, or a given percentile of observed travel

times (Furth, 2000).
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There are typically three types of headways (Ceder, 1987). Equal headway simply means

headways are evenly spaced during each time period. Balanced headways are not evenly

spaced, but they are set so that observed passenger loads would be similar on all buses.

Smooth headways are simply the average of equal and balanced headways. Then, exact

headways can be set based on passenger loads.

There are typically four headway setting methods based on point checks and ride checks to

ensure enough capacity is allocated for the demand, i.e. ridership obtained at one point along

the route and data obtained from a complete bus trip (Ceder, 1987; Vuchic, 2017). The �rst

method is based on data gathered at the maximum load point during the whole day. The

second method is to determine service frequency based on the hourly or period max load

point. The third method sets the frequency so that the average load along the route is at

or under the desired capacity. The fourth method adds a constraint to the third method

that limits the length of the route where the load exceeds a certain overcrowding limit. In

addition, special requests can be applied to the headways, such as clocked-faced headways.

Once the headways are set, the average round-trip times, including holding and layover times,

are used as additional inputs for setting trip departure and arrival times. Levinson (1991)

synthesizes the agency practices on bus running times. He points out that good schedules

should allow enough running time to operate the route, account for congestion and signal

delays, and provide enough layover time at the terminal so that late buses can start the next

trip on time. He also found that if drivers leave the terminal late, it is unlikely that they can

catch up on the lost time. Levinson (1991) also concludes that scheduled run times should

be set at a value slightly less than the mean or median run time to ensure that the majority

of operators do not have to kill time to maintain their schedule adherence.

However, in a later synthesis, Furth (2000) argued that whether scheduled running times are

based on average running times, ideal running times, or high percentile running times (e.g.

75 to 95 percentile) is a matter of agency policy. Ideal running times help prevent buses

from running early, which is less desirable for passengers than trips running late. However,

under ideal schedules, trips will tend to run late, and will need greater scheduled layovers

at terminals. The high percentile running times help prevent trips from being late, but

increase the chances of running early unless agencies implement a strict policy to reduce

early departures. The high percentile running times also mean less layover time is needed in

the schedule. The average running time policy is a compromise between those extremes.

Furth and Muller (2007) argues that while average running time is su�cient to determine

scheduled running time, scheduled layovers should be determined based on running time

variability. As a result, most agencies choose to use a high percentile, typically the 85th
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percentile, or the average running time plus one standard deviation as their half-cycle time,

i.e. the terminal-to-terminal travel time plus layover time at the terminal. This allows

agencies to set standards so that only a small percentage of vehicles will not be able to start

the next trip on time.

With the implementation of AVL systems, people mistakenly assume these systems provide

travel time analyses to agencies by default, simply because they track the vehicles (Muller

and Furth, 2001). Precise travel time scheduling under urban congestion requires larger data

provided by trip time analysis systems. Muller and Furth (2001) proposed a scheduling

strategy that sets travel time to be the 85th percentile from every timepoint to the terminal.

The idea is that if drivers end up early and hold at a time point, the remainder of the

trip should also satisfy the on-time requirement with high probability. Then, the individual

segment travel times are set using repeated subtractions.

Using the archived AVL data, agencies could also retroactively improve the accuracy of

transit agencies' schedules. Using the observed AVL data, Wessel et al. (2017) created a

bus timetable representing service delivered, which can then be used in assessing transit

performance, reliability, and accessibility issues. They argue that transit schedules are often

done at timepoints, whereas arrival and departure times for stops in between timepoints

are not yet well de�ned and are typically interpolated using timepoint times in practice.

Passengers, on the other hand, require arrival and departure times for every stop served by

a certain trip. There is a discrepancy between the general scheduling practices and what's

shown to the passengers through GTFS, which calls for further investigation into stop-level

scheduling practices.

However, there are fewer articles in the scheduling literature for the dwell times and red

times, and these two categories are typically included in the overall running times. One

example is that, with the implementation of bus signal priority, planners should also adapt

their scheduling practices to take advantage of the signal priorities. Altun and Furth (2009)

developed simulation models to test the impact of schedule aggressiveness on bus running

times, headway regularity, and crowding. They found that conditional signal priority, which

only gives priority to late buses, combined with more aggressive schedules and strategic hold-

ing, can lead to a reduction in travel times. More recently, Gallo and Sacco (2022) proposed

an optimization of bus dwell times to reduce the red times at the following intersection.

However, their method only accounts for one intersection, which showed a reduction in red

times. Yet, it is still necessary to consider the possible impacts for the future stops and

intersections as well as the impact of various signal timing parameters.
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2.9 Passenger Preferences and Behaviours

To further highlight the importance of this research, I will discuss the passengers' preferences

and behaviours in this section, how travel times a�ect passengers and how passengers adapt

to unreliable travel times.

Passengers have di�erent preferences regarding transit. TCRP Project B-11 (Morpace Inter-

national, 1999) used surveys from three di�erent agencies and found that the top concerns

are about fares and schedules, then comfort and safety. National Cooperative Highway Re-

search Program (NCHRP) Report 616 (Barker et al., 2008) surveyed �ve transit systems.

Passengers consistently identi�ed service frequency as the top concern, while reliability, wait

time, access, and service hours are also signi�cant to passenger satisfaction. Some researchers

tried to measure the generalized cost of transit trips, which is a way to associate a monetary

value to passenger preferences and perceptions.

Passenger value of time di�ers by mode and by trip components. Wardman (2004) found

that bus passengers have the lowest value of time, whereas rail and metro users have the

highest value of time. Trip purpose also contributes to the di�erence in the value of times.

Business trips have the highest value of time. Longer travel distances are also associated

with a higher value of time since passengers would try to reduce their travel times. Access

time, transfer time, and initial waiting times are also valued higher than in-vehicle time since

these activities require more physical e�ort and are generally not productive for passengers.

Crowding and transit amenities also impact perceived waiting times. Balcombe et al. (2004)

showed that platform crowding increases the passenger's perceived waiting time. Bus stop

amenities and real-time travel information can reduce the perceived waiting times. For in-

vehicle travel times, Wardman and Whelan (2011) found seated transit trips have the lowest

perceived travel time, followed by standing trips, and �nally, crowded trips. In other words,

for the same travel time, passengers in crowded vehicles would perceive travel times longer

than passengers in empty vehicles.

Passengers see travel in crowded conditions as worse than less crowded conditions, even

when they have a seat. From the agency's point of view, as the passenger load increases, the

cost-e�ectiveness increases, throughput increases, and dwell times increase as well (National

Academies of Sciences, Engineering, and Medicine and others, 2013). Therefore, we need to

balance passenger comfort and agency resources.

Some researchers also looked into the generalized cost for passengers due to unreliable transit

services. Casello et al. (2009) used AVL data to measure schedule adherence at each stop.

They de�ned the generalized cost as fare plus the value of access time, wait time, and
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in-vehicle time. They then created three risk categories to model passenger preferences,

risk-averse, risk moderate, and risk-neutral. Using the generalized cost and risk categories,

their simulation shows that 78% of passengers will choose to arrive nearest to the necessary

arrival time, and 17% of passengers would ride an earlier bus to avoid being late at their

destination. The generalized cost for the least reliable stop is more than 15% compared to

the most reliable stop.

Some literature tries to establish a link between passenger behaviours and transit reliability.

From these papers, we can have a glimpse into how passengers adapt when they encounter

transit reliability issues, and how these issues a�ect the passengers' future travel decisions.

This would help us target areas that are important to passengers.

A smartphone-based survey was used to measure travel experiences as well as to measure

objective travel times. The results show that wait time reliability and travel time reliability

are important factors a�ecting passenger travel experiences (Carrel and Walker, 2017). In-

vehicle delays on the metro were perceived as longer than delays on the bus, since passengers

were stuck underground and usually cannot directly observe the cause of the delay. Crowding

is also an important factor, since it could be related to bus bunching and a�ect perceived

travel times. Scheduled in-vehicle travel time and early arrivals do not have a signi�cant

e�ect on user satisfaction. However, in-vehicle delay is an important driver of dissatisfac-

tion. The transfer times were negatively correlated to satisfaction regardless of trip purpose,

meaning longer transfer times correlate to dissatisfaction. Delays encountered at transfer

stops have twice the in�uence on reducing transit use as delays at the origin stop (Carrel

et al., 2013a). The respondents also ranked work trip reliability higher than non-work trip

reliability, possibly due to people having to be at work at a given time (Wardman, 2004).

In a long-term passenger satisfaction survey, Le and Carrel (2021) found that the long-term

retrospective satisfaction is lower than the daily assessments. The negative experiences are

more memorable, which would stick with the passengers longer than the positive experiences.

Passenger satisfaction will also lag to the following day. If transit passengers encounter

dissatisfaction on the previous day, they will typically adjust and lower their expectations

for the following day. Similarly, if the satisfaction is high on the previous day, they will raise

their expectations on the following day.

After experiencing transit unreliability, the general adaptation strategy is to travel less with

transit but more with other modes (Carrel et al., 2013a). However, even with unreliability,

some people will not change regular transit routes, since they don't know the reliability of

the new route, and some people don't have other route choices (Carrel et al., 2013a). Most

regular passengers are aware of the speci�c travel time issues on their regular route, and
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they have strategies to deal with them. In this case, people will typically allow extra time to

account for the travel time variations. The extra time people allocate is generally around 10

to 20 minutes. Similarly, people are more forgiving of issues outside of the agency's control,

such as police activities. However, the most in�uential issues that reduce transit use are

mainly operation-related delays and denied boarding.

To summarize, if buses become more unreliable, passengers will avoid the service, causing a

reduction in fare revenue, and leading to service cuts, which would lead to more passengers

avoiding the service, causing a vicious cycle (Aemmer et al., 2022). Travellers tend to orient

their life around a certain mode, e.g. by transit, and the decision is relatively stable. In other

words, people who stopped using transit are less likely to return unless major improvements

are made (Carrel and Walker, 2017).

2.10 Passenger-Centric Travel Time Measures

In this section, we will discuss how passenger travel times are evaluated. Even though our

research mainly focuses on the operational issues, there are still potential methodologies or

impacts on the passengers to keep in mind. Similar to vehicle travel times, most studies focus

on the overall passenger travel times or speci�c components of passenger travel times. Since

the in-vehicle travel times correspond to the vehicle travel times, we will focus on the overall

passenger travel times and passenger wait times in this section.

2.10.1 Wait Time

The passenger wait times are the passengers' waiting time at the stop for the vehicle to arrive.

Waiting time is a signi�cant portion of passenger trips, and it is often cited as one of "the

most important factors hindering the usage of bus transit" (Ma et al., 2013).

Passenger experience in transit is commonly assessed through two key dimensions: headway

adherence (regularity of service) and schedule adherence (punctuality) (Barabino et al., 2017).

Since passenger arrivals at the bus stops are not always directly observable, the passengers are

generally assumed to arrive independently and randomly, i.e. following a Poisson distribution,

for high-frequency lines. Therefore, the average wait time is half of the observed headway.

However, as shown in some articles, some passengers would still follow the scheduled time for

high-frequency routes (Luethi et al., 2007). For low-frequency lines, agencies would typically

make some assumptions regarding passenger arrival rates (National Academies of Sciences,

Engineering, and Medicine and others, 2013).

For low-frequency routes, agencies typically assume passengers care more about schedule
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adherence and the excessive waiting time relative to the schedule is typically used. For

high-frequency headway-based services, passengers typically care more about the headway

adherence. Hence, the data needed for analyses are di�erent based on service frequency. For

high-frequency lines, the data needed are typically the headway variations at the given stop

and ridership obtained from APC or Origin-Destination (OD) models. For low-frequency

lines, the data needed are the ridership from APC, the assumed passenger arrival rate, and

the ridership models.

The indicators for analyses are typically the following (Transport for London, 2022a).

ˆ Scheduled Waiting Time (expected wait based on schedule)

ˆ Actual Wait (observed wait times)

ˆ Excess Waiting Time (di�erence between actual and scheduled wait)

ˆ Budget Waiting Time (high percentile of observed wait)

ˆ Wait Ratio (actual vs. scheduled wait)

ˆ Probability Distribution of Wait Times (e.g., <10 min, 10�20 min)

Similar to operational travel time indicators, waiting time indicators can also be categorized

into two groups, namely, mean-variance-based and extreme-value-based (National Academies

of Sciences, Engineering, and Medicine, 2006).

At NYCT, they do not measure the wait time for every passenger but use the passengers

with the longest wait time, and check if that is within a certain threshold. They found that

excess waiting time is preferred because it re�ects both the proportion of a�ected passengers

and the severity of delays (Graves et al., 2019).

The current automated data sources, such as fare gates at the station entrance, can capture

passenger arrivals at train stations. However, since most bus services require fare validations

on board, they do not necessarily capture passenger arrival rates at bus stops. Researchers

often estimate waiting times using GTFS, AVL, and AFC data, based on the aforementioned

assumptions on passenger arrival rates. For example, Webb et al. (2020) calculated actual

wait times from passenger tap-in times upon entering the station and actual vehicle arrivals,

while Transport for London (TfL) used the di�erence between tap-in data on board and the

scheduled bus arrivals to estimate excess waiting times.

Passenger waiting times are also modelled using di�erent distributions, and the Gamma

distribution �ts the best (Webb et al., 2020). As for spatial and temporal variations, long
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bus delays and morning peaks have longer passenger wait times. Wait time reliability would

gradually decrease as the vehicle approaches the end of the route, which could be due to the

lack of schedule control outside of terminals (Huo et al., 2014). Additional factors are also

tested by researchers to capture the user experience. Regression models identify factors such

as time of day, stop spacing, route length, and passenger load as key drivers of unreliability

(Gittens and Shalaby, 2015).

Because waiting times are not always directly observable, some studies use simulation to

evaluate reliability under scenarios like rising congestion, increased demand, or improved

ticketing systems (Liu and Sinha, 2007; An et al., 2014). Using empirical data from one bus

route, a simulation model for the travel time reliability, headway regularity, and passenger

waiting time reliability can be developed. Results show perceived waiting time grows dispro-

portionately with demand, while reducing boarding time signi�cantly improves reliability.

Similarly, using archived vehicle locations and the previously mentioned passenger arrival

behaviours for high and low frequency services, researchers have calculated the potential

distribution of passenger wait times, which can then be used to calculate various wait time

indicators (Furth and Muller, 2006). For example, by assuming passengers arrive uniformly

at the stops for high-frequency services, researchers can calculate the excess wait times using

the actual variation of headways. By assuming passengers consult the timetable for low-

frequency routes, the actual arrival time of the vehicle can be used to calculate excess wait

times at stops. A sensitivity analysis found passengers are more impacted by extreme values

in the variations in headways or arrival times (Furth and Muller, 2006).

For passengers trying to arrive at their destination on time, they often budget extra time

to account for uncertainty in bus arrivals, causing hidden waiting times (Furth and Muller,

2006). Huo et al. (2014) found extra waiting time contributes to 80% of the total extra travel

time budget, and extra in-vehicle time contributes 20% to the extra travel time budget.

Passenger behaviour models suggest that route knowledge, behaviour adaptation, and real-

time information reduce perceived uncertainty and encourage adaptive choices, such as route

or mode changes (Cats and Gkioulou, 2017).

Splitting long routes can improve route travel time reliability but introduces transfer penalties

for passengers (Gittens and Shalaby, 2015). High passenger loads also degrade reliability,

though di�erent causes, whether inadequate frequency or bus bunching, require di�erent

interventions such as schedule adjustments for the former and travel time control for the

latter (Huo et al., 2014; Gittens and Shalaby, 2015).

To summarize, the literature demonstrates that waiting time is a critical determinant of

perceived reliability, in�uenced by both operational factors (e.g., stop spacing, route length,
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passenger load) and passenger behaviour responses (e.g., route knowledge). While excess

waiting time is widely recognized as a robust metric, challenges remain in accurately esti-

mating waiting times, especially for intermediate stops and under varying demand conditions.

Simulation studies provided insights but often rely on simpli�ed assumptions on passenger

arrival rates.

2.10.2 Transfer Time

Medium to large transit networks often consist of multiple modes and sometimes require

passengers to transfer within or across di�erent modes. It is widely shown that passengers

dislike transfers. Passenger experiences are also based on the whole journey, which includes

transfers. Therefore, it is important to examine transfer times closely.

The transfer time section is added by me in addition to the overall waiting times used by

TCQSM and Danaher et al. (2020). As the TCQSM pointed out, the coe�cient of variation

of transfer times and transfer time deviations are possible indicators. However, day-to-

day arrival time variations make the measurement di�cult (National Academies of Sciences,

Engineering, and Medicine and others, 2013), since there is a limited amount of literature

available on transfer times.

Transfer time can contribute signi�cantly to the overall reliability measures for passengers,

as it is dependent on two transit trips, from a generating trip to a receiving trip. Missing

transfers will result in additional delays for passengers, as the passengers need to wait for

the next departure or �nd an alternative path.

Distinguishing di�erent waiting times is important because passengers experience greater

disutility at transfer stops (Wardman, 2004). The travellers have more control regarding

arrival time at the �rst stop, but transfer times are often less �exible and unknown for

passengers when travellers commit to a speci�c transfer point (Carrel et al., 2015). However,

it is not possible to know if a passenger had a quick non-travel-related activity at the transfer

points, or spent the time waiting.

Most of the literature focusing on passenger transfers has been done in systems with both

tap-ins and tap-outs, which will tell the agencies the exact route and times related to the

passenger trip. However, for systems without tap-out data, much of the literature relies on

simulation and optimization to study passenger transfers.

Several studies optimize timed transfers to reduce waiting and missed connections. Ceder

et al. (2013) propose a method to design networks with high transfer synchronization and sim-

ulate policies such as holding and skip-stop to assess passenger delays. Similarly, Parbo et al.
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(2014) incorporates passenger route choice (via the Danish national route-choice model) into

transfer optimization; the resulting timetable reduces weighted waiting time by an amount

equivalent to 45 million Danish kroner per year. However, a key limitation is that these

analyses are schedule-based, largely ignoring stochastic arrival/departure variation.

Another focus of the literature is the modelling of transfer times. Focusing on the distri-

bution of vehicle arrivals and departures, Kieu (2015) simulated transfers between two bus

routes using AVL-based observations. They showed that no planned transfer time minimizes

the mean transfer time or the probability of missing a transfer. However, operational inter-

ventions, such as holding, scheduling adjustments, and synchronized transfer policies, can

reduce mean transfer time by around 20% and cut the probability of missing a transfer by

around 80%.

Using AFC data, Jang (2010) summarized transfer patterns between modes, such as bus-to-

rail and bus-to-bus transfers, and the corresponding trip frequencies. The author found that

most trips involve no transfers. For trips with transfers, passengers prefer to transfer near

origins or destinations, and around 80% of transfers have less than 10 minutes of transfer

time, which is a useful guide for agencies to target improvements.

Missing a transfer could greatly impact the overall transfer times and travel times for pas-

sengers, hence the literature also focuses on evaluating the impact of missed transfers. Mai

et al. (2012) simulate two untimed transfer points using APC data derived passenger ar-

rival distributions and AVL derived schedule deviation. Thus, in their simulation, passengers

might miss both the generating and the receiving bus. Using these distributions, they found

that the passenger OD travel times roughly follow the normal distribution. By simulating

schedule changes, they found that shifting the receiving bus earlier, 144% more passengers

will miss their transfer, but the mean travel time only increased by 1 minute, because transfer

time is a small share of total trip time in the test, and some passengers bene�t from shorter

waits. Narrowing the scheduled transfer window reduces overall travel time despite more

missed transfers, indicating that traditional metrics may not capture the impact of missed

transfers fully.

Liu and Miller (2021) proposed di�erent risk measures related to transfers, desynchronization

degree (the number of trips gained or missed relative to the intended transfer), transfer time

penalty (the time loss compared to the schedule at the receiving stop), and risk of missed

transfer (share of missed transfers). Using data from Central Ohio, they showed temporal

and spatial distributions of missed transfers, where major corridors have higher miss risk

but lower penalties due to high service frequency, while peripheral roads exhibit lower risk

but higher penalties. Holidays and summer show lower penalties due to less congestion and
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tra�c variations, and Wednesday to Friday services and peak hours services show a higher

risk and penalties due to more varied tra�c patterns.

Transit service quality and reliability have an impact on passenger route choices, and some

researchers have included the impacts of transfer time in their studies through surveys. The

general methodology is to infer the actual transit paths taken by the passengers, then match

the paths to the schedule and AVL. The authors then generated a series of alternative paths

to compare to the actual path and model mode choices by including di�erent characteristics

of the paths (Beduhn et al., 2015; Carrel et al., 2015).

Beduhn et al. (2015) examined the e�ect of transit service reliability on passenger route

choices using an on-board survey. Their logit model shows that reliable transfers, like the

probability of making a transfer and reliable departure times, signi�cantly increase the utility

of a speci�c route.

Similarly, using smartphone-based travel diaries matched to service delivery data via AVL,

Carrel et al. (2015) infer origin and transfer waits, in-vehicle deviations, transfer-time variabil-

ity, and overall travel-time variability by comparing observed trips to published timetables.

Using decomposed travel times to understand the source of delays and variability, they �nd

that the origin wait times do not strongly di�er between frequent vs. infrequent service,

likely due to real-time information and route knowledge adaptation, while around 70% of the

waiting time was incurred at the transfer stop.

Crowdsourced traces also help map transfer realities. Traut and Steinfeld (2019) match

crowdsourced passenger Global Positioning System (GPS) traces to GTFS data to estimate

walking distances and transfer durations and identify popular transfer points (including those

not o�cially recommended). They report most transfers involve less than 500 metres of

walking, and the mean actual transfer times are shorter than scheduled. However, some

popular uno�cial transfer points not recommended by the agency have relatively higher crime

rates, which a�ects the perceived passenger safety and passenger satisfaction. However, a

caveat is self-selection bias, where riders may be more likely to report disrupted or unpleasant

trips.

To summarize, in practice, most transfer analyses rely on AFC tap-in/tap-out or are simu-

lated from demand. Extending such work to tap-in-only systems (common with �at fares in

North America) is feasible with OD inference and modern routing engines, enabling compa-

rable transfer analytics without exit data. Analyses should also recognize "optional" transfers

(e.g., between buses on a shared corridor) that passengers may choose to skip due to crowding

or limited-stop service patterns. In addition, we still need to understand why passengers do

not transfer at a stop. It could be that the transfer is unreliable or too long, so passengers
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learned to avoid certain stops. Finally, many studies remain highly aggregated, and there is a

need for more decomposed analyses with �ner spatial and temporal granularity to understand

where and when reliability issues arise.

2.10.3 Overall Passenger Travel Time

The overall passenger travel time is the actual lengths of passenger trips, involving access time

from the origin to the boarding stop, waiting time, in-vehicle travel time, potential transfer

time, and access time from the alighting stop to the destination. Agencies sometimes would

ignore the access times for the initial boarding and the �nal alighting, since their reliability

is beyond the agency's control. So, most agencies would consider the passenger travel time

as the initial access to the system until the passenger exits the system (Danaher et al., 2020).

It is not possible to o�er one-seat rides to all origin and destination pairs, transfers are

necessary for passengers. Each transfer adds to the total trip time and increases the possibility

that missed connections will occur, which would further delay the passenger's �nal arrival

(National Academies of Sciences, Engineering, and Medicine and others, 2013).

Passenger-based on-time performance can shows the magnitude and the impact of system

delays. A 30-minute delay during o�-peak has a di�erent impact compared to a 30-minute

delay during peak. Passenger-based measures re�ect the magnitude of delays (Buneman,

1984).

Hendren et al. (2015) argued that the focus should shift to customers, not vehicles, since

vehicle-based travel time measures do not show how many people were a�ected and for how

long. They drew similarities between moving transit vehicles and focused on volume capacity

ratios in highway engineering. They are important from an infrastructure perspective but

remove users from the equation.

Having customer-centric journey time metrics can also help improve public communication

to riders and help measure how passengers are a�ected by service. (Graves et al., 2019)

Passenger-based measures can improve transparency and give agencies metrics that better

re�ect their priorities towards passengers. Agencies could also use these metrics to understand

how incidents and service adjustments a�ect passengers. (Halvorsen et al., 2019)

The data for passenger trips are typically obtained from fare card tap-ins and tap-outs.

However, for agencies that use an honour-based fare system or a system without tap-outs,

analysts would typically estimate these data using surveys or regional OD model runs. AVL

data is also required to match passenger OD pairs to actual arrival and travel times.

The OD level data can help agencies estimate the boarding and alighting stops and the
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ridership for the OD pairs. Then, agencies would use AVL to examine the travel time

variability for each OD pair. High variability indicates passenger trip times are less consistent,

forcing passengers to plan for extra times.

Passengers typically plan their trips based on worst-case scenarios. Analysts can also analyze

the bu�er times, which is the di�erence between a high percentile and the median. A high

bu�er time indicates passenger trip times are less consistent, forcing passengers to plan for

extra time.

This analysis can provide detailed information regarding passenger experience. However,

passenger-based measures don't translate very well to agency operations, and typically don't

provide actionable information for the agencies to improve their service (Hendren et al.,

2015). It is also not practical for use on a routine basis for agencies due to the di�culties

and complexities in calculating the OD and passenger routes. TCRP report 215 (Danaher

et al., 2020) suggests agencies use this measure for special or one-time studies.

Researchers have long emphasized the importance of measuring end-to-end passenger journey

times as a core indicator of transit service quality. Many works used automated data sources

to estimate passenger travel times and develop reliability metrics that better re�ect passenger

experience than traditional vehicle-based measures.

Many studies used AFC smart card data to infer passenger trip durations and speeds. For

example, Jang (2010) estimated systemwide travel and transfer times using AFC data with

tap-in and tap-out records showing passenger origins and destinations and computed travel

speeds from timestamps and Euclidean distances. They visualized travel times to downtown

in di�erent modes, showing areas with slow services and subway trips outperform buses,

especially for origins or destinations near stations. However, reliance on Euclidean distance

underestimates actual network distance, penalizing neighbourhood coverage routes designed

for access rather than speed.

Similarly, using the GTFS and AFC data from Hague, the Netherlands, Bagherian et al.

(2016) summarized passenger travel patterns where they showed that 80% of the trips are

direct without transfers, 17% have one transfer, and most transfers are less than 7 minutes.

20% stops accounted for 70% of the trips, stressing the need for passenger-level analysis.

Temporally, services during AM peaks and weekends are more reliable, whereas services

during Friday PM peaks are less reliable. Trams are less reliable than buses, though the

study does not control for spatial context, where trams run in the centers vs. buses run in

the suburbs, which may explain modal di�erences.

Li et al. (2021) added to the literature by estimating passenger door-to-door travel times
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for the Chicago area using GTFS, AVL, AFC, OD model data from Chicago Transit Au-

thority (CTA) and census. Using a routing engine to evaluate walking and in-vehicle times,

they compared approaches with schedules only, with perfect foresight using AVL data, and

behaviour-based OD travel times. Results show behaviour-based OD travel times exceed

schedule and AVL estimates, with large discrepancies in suburban areas. However, assum-

ing wait times as half-headway for infrequent routes may overstate delays where most riders

would consult schedules, helping explain large di�erences relative to AVL-based times in

some neighbourhoods.

To guide investment, Arias et al. (2021) identi�ed corridors where bus lanes would yield

the greatest passenger travel-time reductions. Using GTFS and stop-level ridership, they

computed schedule padding and passenger-weighted savings. By comparing the scheduled

time to Google's car travel time estimates, they found GTFS underestimates peak travel

times on 53.52% of segments on the network. The top 10% of segments, based on passenger-

weighted travel time savings, contribute to 179,018 minutes of potential travel time savings,

equivalent to 55% of all delays in the system and 124 days of delays for passengers on an

average weekday. Mapping these hot spots helped the agency to target transit priority

investments.

Other than calculating times directly, there are also various passenger-centric reliability mea-

sures proposed by researchers to capture the magnitude and distribution of impacts. Dating

back to 1984, Buneman (1984) introduced two key measures, similar to operational met-

rics like on-time performance, using passengers' fare transactions from AFC with tap-in and

tap-out to match train movements in AVL data from San Francisco Bay Area Rapid Tran-

sit (BART). Many transit agencies and researchers have analyzed, adapted, and applied

these measures.

1. Trip dependability, number of passenger trips on time � 100
total trips , where an on-time trip is a trip with

delays within a certain window, such as less than 5 min at NYCT and BART and 10 minutes

at Washington Metropolitan Area Transit Authority (WMATA). Similar to on-time perfor-

mance, this measure would be expressed as a percentage. For example, 99 percent would be

very dependable service, whereas 50 percent would be very poor service.

2. Expected delay,total passenger minutes of delay (excess journey time )
total trips , which is the average passen-

ger delay. Passenger delays can also be analyzed using a prede�ned percentile. The unit

is in minutes. For example, 0.1 min shows very dependable service, whereas 5 min shows

very poor service. This measure is sensitive to the duration of delays and the number of

passengers a�ected.

In addition to measuring the passenger delays, Zhao et al. (2013) also considered early arrivals
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using negative delays using the data from London Overground. They found that excessive

journey times concentrated on heavily loaded lines or often-delayed lines. Further disaggre-

gated the results by the direction of travel due to the di�erence in inbound vs outbound

demands at the same time of the day. More recently, Hendren et al. (2015) compared the

two approaches (i.e. on-time performance and passenger delay) using tap-in and tap-out

data from WMATA to calculate the OD-level passenger travel times and variability. They

showed individual travel times re�ect the passenger experience much more accurately, and

passenger-based metrics exposed system-wide ripple e�ects during disruptions.

In North America, most agencies use a �at fare structure without tap-out. In this setting,

NYCT (Graves et al., 2019; Halvorsen et al., 2019) adapted the passenger delay measures

using an OD-level ridership model inferred from the AFC data across many days. Then,

the estimated OD-level data were matched to scheduled and actual bus and train movement

data. They then compared the passenger-based metrics to the agency vehicle-based metrics.

They showed these measures correlate with on-time performance but are more sensitive to

major incidents, as they account for how many riders are a�ected.

Since passengers have di�erent expectations and tolerances, they perceive travel times dif-

ferently in various travel conditions. Standing and crowded changes how passengers perceive

time, and are typically considered to be longer than travel times with a seat by passengers.

Incorporating seat availability and crowding multipliers to the observed travel times (e.g.,

Wardman and Whelan (2011)), Jenelius (2018) show that perceived journey times are longer

than the nominal travel time, especially during the afternoon peak when the ridership is

high. The peak of perceived journey time also happens later than the peak of nominal travel

times, which shows that crowding remains high even after the congestion has cleared.

Rather than analyzing the absolute delays, some researchers proposed to analyze the worst-

case scenario since passengers plan extra time to ensure arriving at their destination on time,

especially for time-sensitive trips to work or school. Bu�er time is proposed to measure the

extra time a passenger has to plan, in addition to the usual travel time, to arrive at the

destination on time with a certain level of tolerance.

Researchers typically compare a high percentile, e.g. the 95th percentile travel time, to the

median travel time, which would represent the extra time passengers have to plan to have at

most 2 disruptions in a month (Danaher et al., 2020). The proposed 95th percentile value

strikes a balance between passenger relevance and realistic expectations of the service and is

not susceptible to any biases due to unusual individual passenger behaviour (e.g., waiting for

a friend inside a station), which were found generally to occur beyond the 99.5th percentile

for the case of the London Underground (Uniman et al., 2010). The median travel time
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represents the typical duration of a journey and is preferred to the mean because it is not

sensitive to outliers. A high bu�er time indicates passenger trip times are less consistent,

forcing passengers to plan for extra time.

Since it is a relatively new measure, the literature typically focuses on measuring the bu�er

time from di�erent perspectives. Uniman et al. (2010) measured the experienced service

reliability for passengers using the London Underground. Similarly, Carrel et al. (2013b)

proposed a framework to evaluate the impact of operation control strategies on passenger

bu�er times. As an example, they found incident-related disruptions had larger e�ects in

February than in November for the Victoria line. There is a 73% increase in the amount of

time passengers need to budget in February. In November, passengers need to budget 42%

more compared to the typical baseline. By breaking down journey times into components

such as in-vehicle travel times and waiting times. Unreliability contributed 16% of total

perceived journey time, in which 7% was caused by service interruptions. If non-recurring

incidents could be completely eliminated, reliability can improve by 40% and perceived travel

time can improve by 7%.

To generalize the bu�er time measure for multimodal trips, Dixit et al. (2019) compared

bu�er times for di�erent modes and routes, as well as the variability of di�erent components

of bu�er times, i.e. wait times, in-vehicle times, and transfer times. They showed that trips

using only the metro system tend to be the most reliable, followed by direct trips on a bus

or a tram. Trams serve more congested inner-city areas, making service less reliable. Buses

serve more suburban areas, which have better reliability, but the frequency is low, making

transfers unreliable. Trips with a transfer increase bu�er times. Transit hubs outside of the

city center tend to be more reliable due to less congestion.

Since the bu�er time measure focuses on a period of time, it does not directly correlate to

the speci�c factors a�ecting transit reliability. Ma et al. (2014) tried to adapt the bu�er time

metrics for agency operational uses by using AVL data to calculate the line-level demand-

weighted bu�er times. They observed multimodal distributions in the travel time data similar

to the vehicle-based literature and argued that agencies should consider passenger bu�er times

under di�erent travel conditions. Planners can evaluate corresponding travel conditions to

better align improvement strategies and to provide better travel information for passengers.

To summarize, most of the literature focuses on systems with tap-in and tap-out data, and

there are limited studies applied to tap-in-only systems. For the paper that focused on tap-in

only systems, they all created an overall averaged ridership model for the network using an

OD pattern generated from one chosen day. The resulting OD pattern will not necessarily

capture some nonrecurring trips or less-used trips. It will also omit day-to-day variations in
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travel patterns. There is a need for more detailed analysis to observe any temporal or spatial

changes and to model detailed factors a�ecting these measures.

2.11 Summary of Literature Review and Research Gaps

In general, there are many existing works looking into transit travel times, given its impor-

tance. However, due to the amount of information involved, most literature is limited in terms

of analysis scales, as most of them focus on a few routes and a predetermined analysis level.

There is no standard in analyzing transit travel times and travel time variability since the

de�nitions vary from agency to agency, literature to literature, and passenger to passenger.

Thus, there is a lack of systemwide analysis, multi-level comparison, and spatial-temporal

comparison in the literature.

Agencies focus on operational travel times and reliability since they a�ect costs, operator

and vehicle scheduling, �eet and facilities management, as well as capital investments. Most

literature focuses on punctuality, travel time, and waiting time, and their corresponding vari-

ability for agency-based measures. These measures give agencies actionable items to improve

their performance. Planners often need to add travel times or layover times to account for the

increase or variation in travel times, which increases the operating costs. Missing a layover

due to unrealistic or unreliable planned travel times could increase operators' dissatisfaction,

causing operator retention issues and propagating delays to trips downstream (Danaher et al.,

2020). Thus, improving travel times and reducing their variability bene�ts the agencies by

reducing the excessive costs and focusing on improving passenger experiences.

Passengers care about the service delivered to them, but not necessarily the behind-the-

scenes arrangements. A passenger trip might involve more than one transit vehicle or mode

as well. Some agencies and researchers have also started to focus on passenger experiences

and perceptions. From the passengers' perspective, long or unreliable travel times are less

attractive, therefore a�ecting the passengers' satisfaction and mode choices, causing rider

retention issues and reducing ridership. Once the passengers switch to other modes, it be-

comes a lot harder to get them to come back to transit unless major improvements are made

(Carrel et al., 2013a). Some surveys pointed out that passengers value service reliability more

than service frequency and travel times (Balcombe et al., 2004; Daskalakis and Stathopoulos,

2008).

As the technology progresses, automated passive datasets like AVL, APC, and AFC become

more granular, and we can observe travel times with more details. The detailed observations

on the segments can be summarized as an empirical probability density function. Hence, we
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can improve our understanding of transit travel times by better modelling the empirical travel

time distributions, the means, the variances, as well as the potential impacts on passengers.

A summary of these gaps can be found below.

2.11.1 General Gap 1: Systemwide Multi-level Comparisons

For the analysis levels, the literature and agencies typically focus on the following levels for

travel time variations, namely the route, timepoint, and stop levels (Danaher et al., 2020).

For route and trip levels, agencies typically use travel times and travel time variations in

scheduling, improving the on-time performance, meeting layover times laid out in the labour

agreements, and assigning vehicle and operator resources (Danaher et al., 2020).

In practice, even though transit schedules are typically revised multiple times a year, travel

times are revised less frequently at the timepoint level. Stop level departure and arrival times,

which passengers need to plan their trips, are typically interpolated in North America, which

may or may not re�ect the reality (Coleman et al., 2018). Schedule controls, such as holdings,

are also typically done at the timepoints. Whereas, in Europe, some agencies would consider

every stop as a timepoint to avoid large schedule deviations (Muller and Furth, 2001).

Unfortunately, given the amount of information involved, most of the literature does not

consider more detailed analysis levels than the stop-to-stop level. In addition, most literature

focuses on a few routes and one chosen analysis level. Thus, there is still a need to examine

the pros and cons of each analysis level using systemwide observations.

Travel time can then be further divided into the sum of a series of dwell times, red times, and

inter-stop travel times. The current literature has mostly focused on travel times and dwell

times as well as their variations for speci�c lines or corridors. However, travel time models

might not be the same across the entire system. There is a need to cluster di�erent routes or

corridors so that we can discover routes with similar issues. This way, planners can target all

of them at the same time to improve performance. It would also show which factors a�ect

the entire system, and which factors have more local e�ects on di�erent segments.

2.11.2 General Gap 2: Spatial and Temporal Variations

Similar to the previous observation, most studies do not consider the spatial di�erences,

probably because they do not have systemwide data. Most of them show examples of one

line or a few chosen segments, but there are line-to-line or segment-to-segment variations.

Segments downtown might have di�erent performances compared to segments in car-oriented

suburbs. There is limited literature that examines travel time conditions and the spatial
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di�erences.

Only a few studies looked into temporal changes other than the time of the day. The previous

literature generally aggregates the entire dataset rather than some subsets. Other temporal

changes could a�ect transit performance as well. The literature mainly focused on weekdays,

since they have the most ridership. Weekends are likely to have di�erent performances com-

pared to weekdays due to di�erent travel patterns and tra�c conditions. Schedule changes

could also a�ect transit performance. During the year, the agencies will update their sched-

ules multiple times to address some service issues. However, there is still room to compare

these di�erent temporal variations. For example, when the schools are on vacation during

the summer, the routes that pass near schools might have a faster travel time due to less

demand and tra�c. Similarly, during holidays, there is also less demand for work trips, which

contributes to seasonal variations.

2.11.3 Detailed Gap 1: Statistical Distributions of Travel time

Transit travel time distributions can provide key statistics for analyzing service reliability,

exploring causes of service unreliability, and adjusting service schedules (Mazloumi et al.,

2010). Previous literature has attempted to �t transit travel times to symmetrical distri-

butions Abkowitz and Engelstein (1984). However, Mazloumi et al. (2010) then observed

that travel times could also follow skewed distributions, such as lognormal or gamma dis-

tributions. More recent literature (Ma et al., 2014; Kieu et al., 2015; Wang, 2020) has also

observed mixture distributions from more detailed AVL data.

Since mixture distribution represents several unimodal distributions weighted with di�er-

ent probabilities, the possible explanation provided by Ma et al. (2014) is that there exist

many travel time patterns related to underlying tra�c conditions. For bus travel time, the

multimodal distribution can be related to di�erent operation characteristics, such as free-

�ow operation patterns in the early morning and congested operation patterns during peak

hours. However, there is no discussion on what factors could relate to these distributions,

and there is no guidance on what agencies should do in case of observing these multimodal

distributions.

The gap is also closely tied to the general gaps mentioned above, as the current research on

travel time distributions often focuses on one chosen analysis level of a given route. It is still

needed to conduct more system-wide analysis to enable comparisons between routes at various

analysis levels to identify potential problems. Again, since the current literature tend to focus

on one route or one corridor, it is also needed to analyze the spatial and temporal contexts of

travel time distributions. Analyzing the distributions across di�erent spatial and temporal
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contexts would help identify factors that a�ect the travel time distributions. Without this

knowledge, transit agencies are left without actionable insights to manage service reliability

e�ectively, especially under varying tra�c conditions.

2.11.4 Detailed Gap 2: Various Average Travel Time Models

Many works have tried to predict transit travel or arrival times, and most of the literature

focuses on time-related measures. Scholars have proposed methods for predicting transit

travel times for planning or passenger information. Some of the works used only AVL data

(Gurmu and Fan, 2014; Chen et al., 2023). Some incorporated additional information, such

as real-time tra�c data (Ma et al., 2019; Han et al., 2020), roadside features (Abdelhalim

and Zhao, 2024), and weather data (Alam et al., 2021).

However, travel speed, pace, and time are related variables, where the travel time equals the

travel distance divided by the travel speed and also equals the distance multiplied by the

travel pace. By using a normalized unit of measure, such as speed or pace, we can remove the

distance from the equation, and we can potentially �nd similarities and di�erences between

various segments in the system. Therefore, operating speed and pace are other commonly

used indicators for transit performance evaluations, and both can be used as inputs for various

planning software.

There is still a need to compare the various dependent variables, time, speed, and pace,

to examine their advantages and disadvantages given various planning scenarios.There have

been some e�orts to compare time and speed measures in the transportation �eld, especially

from Bauer and Tulic (2018), which posed a similar question for taxi travel times. However,

there are some additional considerations for public transit planning, such as stops, ridership

variations, and transit priority measures. Thus, we ask the question of whether we could

compare these two approaches for transit planning.

In addition, the works mentioned above have used many error measures to evaluate their

model performances, such as absolute measures and relative measures. Yet, these measures

are typically aggregated into one number. Di�erent measures evaluate the results "from

di�erent angles" (Kolassa, 2020), and there are not many comparisons between the measures.

As transit services have various segment sizes, it is also necessary to compare the errors by

segment for potential biases, since a short local segment is not directly comparable with a

long highway express segment, for example.

The gap in comparing average travel time models at di�erent analysis levels also links directly

to the general gaps, as di�erent models may behave di�erently at di�erent analysis levels
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and the models are generally estimated based on a few selected routes. Hence, it is still

important to evaluate the strengths and weaknesses of these models across di�erent analysis

levels. To analyze the models at the system-wide level, spatial and temporal variations need

to be accounted for, which relates to the second general gap. Di�erent modelling approaches

might be more or less e�ective depending on the spatial and temporal factors. For example,

a model that works well in wide suburban streets might not have the same performance in

congested downtown corridors. A more comprehensive comparison across di�erent contexts

is needed to better understand travel time models.

2.11.5 Detailed Gap 3: Understanding Travel Time Variations

Currently, even the smallest scale so far, namely the stop-to-stop scale, consists of the travel

time between the two stops, the dwell time at one stop, and potentially multiple tra�c

signal waiting times. A much �ner analysis scale with the ability to better isolate various

trip elements and handle interaction e�ects among these elements is needed to attribute the

travel time variation to a speci�c issue or a combination of issues, which relates to the �rst

general gap on multi-level analysis.

The literature mostly focused on the travel time impacts from one speci�c element of the

transit system, namely the variation in travel times, dwell times, and signal priorities. There

is still less attention on combining these various elements to examine how these travel time

elements a�ect and interact with each other.

In addition, since transit agencies have limited resources, there is still a need to help planners

prioritize their resources. Thus, it is important to determine which trip element is more

important on a given route to reduce the overall travel time variations. By quantifying the

importance of each trip element, planners can select a good and e�ective strategy to improve

the reliability of a speci�c route.

Since congestion, ridership, and tra�c signal programming have strong spatial and temporal

patterns, transit travel time patterns might change depending on the time of day (e.g., rush

hour vs. midday) or location (e.g., downtown vs. suburb). By combining these variations

with multi-level analysis, transit agencies can better identify areas with the most severe or

consistent delays and tailor interventions accordingly, which is also identi�ed in the second

general gap.
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2.11.6 Detailed Gap 4: Using detailed trip components in travel time estimation

The existing literature has mostly focused on evaluating the overall travel time or one speci�c

component of the overall travel time. Following the previous research gap, it is important

to examine how detailed travel time components and their interactions can be used in a

travel time modelling context with various planning scenarios. A travel time model that

accounts for these detailed trip components is still needed to improve travel time and travel

time variation estimations given di�erent changes in the network. This would help planners

better react to changes in the operational context and address potential reliability issues

more proactively.

The lack of detailed models incorporating trip components into travel time estimations is

strongly related to both general gaps. Detailed models that integrate components like dwell

times and signal delays can help evaluate changes at speci�c locations on overall travel time,

across the analysis levels. Individual trip components are often in�uenced by both spatial

and temporal factors, such as ridership and tra�c conditions, which are crucial to understand

when analyzing the travel times as a whole. A detailed approach is needed to help include

these detailed spatial and temporal variations in travel time models, which will improve the

models' �exibility given various changes in the system.

2.11.7 Detailed Gap 5: Understanding Potential Passenger Travel Time Varia-

tions

To understand the passenger experiences, most literature focuses on AVL and AFC data

with tap-ins and tap-outs. This would allow them to have the boarding and alighting stops

for the passenger, as well as the potential vehicles the passengers boarded, which would help

them calculate their journey times. Thus, passenger-based studies are mainly related to rail

services. However, most bus services and metro systems in North America do not require

passengers to tap-out. This would create a challenge in estimating passenger journey times.

Some previous literature addressed this problem by using an OD matrix generated by AFC

data once a month. Due to this challenge, most of these passenger-centric measures are also

published once a month. These analyses do not include weekend or holiday services, since the

travel patterns are di�erent. London Underground even stopped publishing their passenger

excess journey time metric during the Coronavirus Disease (COVID) disruptions due to the

di�erence between their travel demand assumptions and the actual passenger travel patterns

(Transport for London, 2022b).

Focusing on observed passenger AFC data or estimated demand could potentially hide the



52

travel experiences for passengers travelling between OD pairs with lower demand. Some

passengers could change their transport mode choice due to service reliability issues, hence

lowering the demand. Some passengers without private car access would still depend on

transit to make a trip on a lower demand OD. Hence, it is still important to evaluate

and compare the potential reliability issues on these lower-demand OD pairs to evaluate

potential equity issues, thus relating to the �rst general gap on system-wide analysis. In

addition, there is a need to better understand the spatial-temporal variations of passenger

travel time reliability, which would indicate the speci�c time periods or areas with unreliable

routes or services, so that the agencies could target their resources to improve reliability for

passengers, which connects to the second general gap on spatial and temporal analysis.

There is also a need to connect agency-based measures with passenger-based measures since

most passenger-based measures do not inform agencies on how to improve their services,

possibly due to the limitations related to generating an OD matrix with trip times. There

are some strategies agencies could implement, such as timed transfer to improve wait times

and revise schedules to improve in-vehicle times. However, given the variation in route

headways, travel times, and available resources, they may not necessarily be possible. There

is still a need to better understand what the speci�c problems are for a potential passenger

trip to be unreliable, whether it be the wait times or the in-vehicle times. Understanding

passenger experiences in more detail could help agencies link the passenger-based measures

to their operational measures, which would help identify strategies to improve service.
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CHAPTER 3 DATA AND GENERAL METHODOLOGY

This chapter presents the general methodological framework used to improve the understand-

ing of transit travel times and their variability. It outlines the general and speci�c research

questions, the multi-level analysis approach, and the integration of various data sources used,

including GTFS, GTFS-RT, AVL, AFC, OpenStreetMap, and ride-check observations. The

chapter details how these datasets are processed and matched to enable �ne-grained analysis

across di�erent spatial and temporal scales. It also introduces the �ve research papers that

address distinct aspects of travel time performance.

3.1 Research Questions

As mentioned in the literature review, understanding transit travel times and their variability

is essential for improving service reliability, passenger satisfaction, and operational e�ciency.

While many studies have explored aspects of transit performance, they often focus on limited

routes or speci�c analysis levels, leaving gaps in systemwide understanding. This research

addresses these gaps by posing two overall and �ve targeted research questions, each con-

tributing to a comprehensive framework for analyzing transit travel times using automated

data sources.

3.1.1 General Question 1: How do di�erent analysis levels compare in assess-

ing systemwide transit performance, and what are their implications for

transit planning and scheduling?

As shown previously, a major limitation in current transit research and agency practice is

the predominant focus on a single level of analysis, typically at the timepoint level or stop-

to-stop level, when evaluating travel times and system performance. While these high-level

analyses are essential for high-level planning and scheduling, they may mask the �ne-grained

variability in service reliability and performance. A more detailed analysis may reveal more

details on speci�c issues for passengers and planners. Moreover, in North America, most stop-

level times communicated to the passengers are interpolated between timepoints, potentially

distorting passenger-facing schedules. Comparing di�erent analysis levels could illustrate the

di�erent perspectives and insights they could o�er to planners. This research question also

seeks to evaluate the pros and cons of each analysis level from a systemwide perspective,

identifying when and where each level is most useful in what scenario.
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3.1.2 General Question 2: How do spatial and temporal variations a�ect transit

travel times and reliability across a transit system?

Current literature often overlooks the spatial and temporal diversity within transit systems,

possibly due to data limits. Most studies examine speci�c routes or limited geographic

areas, which would not show variations across regions with di�erent land use and tra�c

conditions. Similarly, while many papers address time-of-day e�ects, e.g. peak and o�-peak,

few investigate day-of-week or seasonal variations in depth. Without this knowledge, agencies

may overgeneralize solutions that only work in speci�c routes, areas, or times, leading to

ine�ective service changes. Hence, this research attempts to include spatial and temporal

variations of transit travel times.

3.1.3 Speci�c Question 1: Which segments have travel times that follow mixture

statistical distributions, and which operational or environmental factors

could explain mixture statistical distributions?

Many earlier studies in transit research assumed that travel time distributions are symmet-

rical and unimodal, typically Gaussian. However, more recent �ndings show that real-world

travel times often follow skewed or even multimodal distributions with multiple peaks in the

empirical probability density function (Example Figure 3.1). These more complex patterns

re�ect di�erent operational states, e.g. free-�ow vs. congested tra�c, and complicate plan-

ning e�orts. Multimodal distributions suggest that multiple distinct travel time regimes exist

within the same segment or time period, potentially requiring di�erent operational responses.

Hence, we ask the following questions: where and when do mixture distributions occur, and

what are the environmental and operational factors that relate to the mixture distribution.

This question also relates to the two general questions, are there any spatial-temporal di�er-

ences in the presence of mixture distributions among the various analysis levels.

3.1.4 Speci�c Question 2: What are the pros and cons of di�erent related de-

pendent variables when modelling average travel times?

While transit agencies and researchers often focus on predicting travel time directly, al-

ternatives like operating speed or pace (inverse of speed) o�er normalized approaches that

can remove distance as a factor since the distances do not change for �xed-route services.

However, each of these variables may have di�erent implications at di�erent analysis levels.

What's missing from the literature is a systematic comparison of these variables across di�er-

ent spatial-temporal contexts and model performance metrics. Hence, we ask the questions,
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Figure 3.1 Example of mixture travel time distribution observed for trips departed at 6:30
on westbound route 27 in Montréal.

using the same spatial, temporal, and operational characteristics as inputs, does modelling

travel time directly yield similar results compared to modelling normalized variables like speed

or pace, does the model performance di�er for each analysis level relating to the �rst general

question, what are the spatial temporal characteristics for each model (general question 2),

what are the advantages and disadvantages of using di�erent evaluation criteria?

3.1.5 Speci�c Question 3: How much travel time variance can be attributed to

speci�c trip components?

Transit travel time is composed of various detailed components, dwell times at stops, waiting

at tra�c lights, and inter-stop travel times, each corresponds to di�erent sources of variability.

However, most previous studies either aggregate travel time as a whole or examine only one

component in isolation. This limits the ability to pinpoint what's actually causing travel

time variations and makes it di�cult for agencies to prioritize planning and operational



56

changes. Understanding which component contributes most to variability on di�erent routes

is important for e�ective resource allocation. Hence, we ask the questions: where do travel

time variations come from? Relating to the di�erent analysis levels in the �rst general

question, How much overall travel time variation can be attributed to each trip component,

i.e. departure time, inter-stop speed, ridership change, and tra�c signal timing change? Does

the contribution of each trip component change temporally and spatially (general question

2)?

3.1.6 Speci�c Question 4: How can detailed trip components and their interac-

tions be incorporated into travel time models to improve the accuracy of

performance prediction under di�erent planning scenarios?

Current planning practice often relies on average travel times, which lacks the ability to

test potential speci�c changes in di�erent trip components. By incorporating detailed trip

components, i.e. inter-stop travel times, dwell times, and red-light waiting times, travel time

models may better re�ect real-world decision processes and operational constraints. Hence,

we try to see how to combine these details into a simple travel time model, what the model

performance is for various planning scenarios compared to the average times, and what the

temporal variations are in the model performances (general question 2).

3.1.7 Speci�c Question 5: What is the potential travel time reliability if pas-

sengers were to travel on public transport across the entire service area?

Understanding travel time reliability from passengers' perspective presents both data and

methodological challenges, as it introduces additional analysis levels for the analysts. Most

passenger-level analyses heavily rely on AFC, which is limited for systems where tap-outs are

missing. As a result, agencies typically publish coarse or monthly metrics that may not re�ect

variability equally for passengers travelling on low-demand OD pairs. These OD pairs may

face more reliability issues, but their importance is often overlooked due to lower ridership.

This raises potential equity concerns, particularly for transit-dependent populations who rely

on these services regardless of quality. Hence, we ask the following questions: what is the

potential travel time reliability if passengers were to travel on public transport across the

entire service area relating to the general question 1, what are the potential spatial and

temporal distribution of travel time reliability in the region relating to the second general

question, and what are the potential impacts on di�erent population segments.



57

3.2 Data Used in This Study

There are several datasets used in the analyses. One of the main datasets is the GTFS

published by STM. Next, the GTFS-RT provides updates on the real-time information from

the AVL system. Then, the AFC transaction data provided by ARTM describes the time

and location of each fare validation, thus giving a general outlook of passenger behaviours.

Finally, combining these data sources with other data sources allows more detailed modelling

of transit reliability.

The potential additional data sources could be OpenStreetMap extracts, existing transit

preferential infrastructures, weather, and tra�c data. Other potentially useful datasets in-

clude household travel surveys and census data, since they can provide a lot more detailed

sociodemographic information. However, they are typically conducted every few years, and

they might not update as frequently as the datasets mentioned above.

The following subsections will provide a summary of the available data and data processing

steps.

3.2.1 Data in Montréal

This project will focus on the island of Montreal, where STM provides most of the transit

services as well as the data used in my studies. STM provides metro and bus services on

the island of Montreal, with some additional services in Laval and Longueuil. It operates 4

metro lines, 68 stations, and 71 km of revenue metro tracks. There are 219 lines, 1846 buses,

and 439 km of bus lanes for its bus services as of spring 2025. Overall, the agency provides

around 20 to 25 million trips per month.

The systems relevant to this project are the following. STM publishes its schedules in GTFS

format, and we can then match the schedule to the real-time information provided by the

agency. STM also implemented a real-time information system for its bus network called

iBUS. It allows passengers to track the bus locations and view updated arrival times. Fare

transactions can be done via OPUS cards, magnetic stripe cards, and cash. The AFC system

will record each fare transaction for analysis.

3.2.2 Data Sources

GTFS

GTFS is a common �le format to communicate planned transit services from transit agencies

to third-party developers. It uses a �at-�le format to describe planned services, such as the
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planned routes, arrival times, and fare structures of di�erent services. The �les are similar

to a relational database, except that it is stored in a series of comma-delimited text �les.

A GTFS feed de�nes and describes the agency's common information that is unlikely to

change frequently, such as their lines and schedules. The required information by the GTFS

standard is agency, stop, routes, trips, stop times for each trip, stops, and service dates

information. This project will extensively use all of the required information as well as

optional information provided, such as the shape table for each service pattern and the

service frequency table for metro timetables.

Since these �les are updated infrequently, they are very easy to archive. So far, I have

obtained all STM's GTFS feed since November 2013.

GTFS-RT

GTFS-RT is an extension to the GTFS standard. It allows agencies to provide updates on

the current status of the network that might deviate from the planned service, such as arrival

time updates, vehicle GPS locations, as well as service alerts to passengers. STM uses all

three components of the GTFS-RT standard, namely trip updates, vehicle positions, and

alerts.

Trip updates provide real-time updates on a trip's status. It can either show future updates,

such as estimated arrival time for future stops or show past events, such as stop times for

previous stops which allows passengers to determine whether the vehicle has passed. The

data from STM provides a lot more detailed information compared to what is required by

GTFS-RT contract. The data show the actual passing time if there is no passenger activity

and the dwell time if there are door-opening activities. Stop cancellations due to roadworks

and detours are also re�ected here, although we will remove them from our studies.

Vehicle position shows real-time information about a vehicle's geographical location in lati-

tudes and longitudes. The data from STM updates when there is a stop arrival event (when

the driver opens the door at the stop), departure event (when the bus departs from the stop),

or every 20 seconds if the bus is in transit between two stops.

Service Alerts give passengers information about service disruptions and future planned dis-

ruptions. STM mainly uses this feed for advertising stop relocation and detours.

GTFS-RT data collection started May 1st, 2021 for STM. The feed is archived every 10

seconds according to the developer agreement. For the potential future expansion of the

analysis, the collection started on June 15, 2021, for Société de transport de Laval (STL)

and EXO services. The data is archived every 30 seconds according to developer agreements.
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EXO also publishes GTFS-RT data for Réseau de transport de Longueuil (RTL), therefore

there is no separate data collection for RTL.

In the GTFS-RT standard, there is an experimental entity, Trip Modi�cations, which identi-

�es a group of scheduled trips in the static GTFS trips a�ected by detours. When there is a

detour, STM reprograms the driver consoles, iBus, to better assist drivers in their way�nding.

However, STM does not publish this feed using the GTFS standard, yet the reprogrammed

routes and temporary stops are shown on the website, and re�ected in the GTFS-RT feeds.

Due to the lack of associated Trip Modi�cations or updated GTFS static information, we

will remove the detours from our studies.

AFC

An AFC system is the automated version of fare collection systems. It typically involves a

fare media, such as a smart card or a magnetic stripe card, which stores passenger ticketing

data. In Montreal, buses are equipped with fareboxes and AFC readers for passengers to

pay for their rides. In the metro, the validation is typically done at the turnstiles. Typically,

the AFC transaction records will contain the validation time, route, trip direction, the fare

product, card number, and the farebox ID, which contains the vehicle number or the station

number.

Given the vehicle number, route-direction, and real-time vehicle locations, we could infer the

corresponding GTFS trip. By adding passenger validation time, we could then match the

boarding stops for each fare validation.

To deduce the destination of each passenger trip, we use the methodology developed by He

and Trépanier (2015). To summarize, the algorithm tries to �nd the destination by assuming

the passenger alights at a stop close to the next boarding location (e.g. transfers and trip

chains) and the passenger behaves similarly according to the historical observations.

The estimated OD data will then be used to aggregate the number of boardings and alightings

for each bus trip at each stop. The data will also help identify passenger experiences, such

as travel times and delays, for analysis.

OpenStreetMap

OpenStreetMap (OpenStreetMap contributors, 2023) is an open map database contributed

by volunteers around the world. It started with the road traces only, but later added other

data types as well, such as land uses. There are three geometric data types, node (a point

of interest), way (a line or an area marked by nodes), and relation (the relationship between
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data points). Each geographical object is stored as one row in the data, and each object

contains various tags (i.e. key-value pairs) that describe it. In the analyses here, we will

focus on the roadway attributes, tra�c signals, and land use attributes, since they contain

more precise location and more detailed attributes compared to the city's open data.

Census

The only census attribute used in my analyses is the population count from the 2021 census.

Here, I used the dissemination block data, which is the smallest geographic area for which

population data are published. The dissemination blocks are also bounded by the road

network, which is helpful when matching for bus routes. As for the socioeconomic variables,

we will use the smallest geographic area with available data, the census tract data, to match

with transit routes.

Ride-check Application Data

Due to various limitations in the dataset and to check the validity of the data, a ride-check

application was developed to collect ground-truth data. Figure 3.2 shows a screenshot of the

app.

On the top of the screen, users could select a speci�c trip we are checking. The selection will

query for the most recent trip information according to the planned GTFS or the modi�ed

trip data from STM. The route, stops, planned times, planned speeds, and the estimated

tra�c signal states are displayed on the map view. Then, using the GPS location, we can

calculate the corresponding delay and the current stop status, which are displayed at the top

of the screen.

At the bottom, the buttons correspond to the events that users would like to check, i.e. the

dwell and tra�c signal information. Additional messages are available, such as cars blocking

bus stops a�ecting travel times. However, these additional data are not used for the analyses.

Finally, these calculated data and ride events are uploaded to the database for modelling and

comparison with the data provided by STM.

3.2.3 Data Processing and Database Design

Each aforementioned data source is stored in separate databases. The raw inputs remain

unmodi�ed to account for future references or additional modi�cations. Then, additional

layers of abstraction allow data integration among these data sources. This section describes
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Figure 3.2 Screenshot of the Ride-Check Application
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each database and how they are connected, and the overview of data processing steps is

provided in Figure 3.3.

Figure 3.3 Data Processing Overview

GTFS

The GTFS data is created to store the raw input data provided by the agency, as well as the

additional layers of abstraction needed for the analyses.
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Raw Inputs

The agency table is required by GTFS, which contains the agency or agencies whose services

are described in the feed.

Calendar and calendar_dates tables describe when and which service will operate, which

is also required by GTFS standards. The calendar dataset allows agencies to distinguish

weekday and weekend services by specifying a weekly schedule. Calendar Dates, on the other

hand, de�ne speci�c dates when a service will or will not occur. This is typically used to

communicate holidays and other services that do not �t into a weekly schedule.

The routes table de�nes transit routes, which are a group of trips that are advertised as one

single service. A route can have various service patterns, such as inbound and outbound

directions and potential short turns.

The trips table lists the trips on each route. Each trip is de�ned as a trip from a given origin

terminal to a given destination terminal at a speci�c time of the day.

The stops table is a collection of all the stops where transit vehicles pick up and drop o�

passengers or the entrances of station buildings.

The stop times table corresponds to each trip, and speci�es a time when a transit vehicle is

scheduled to arrive or depart at a speci�c stop. Note that, most transit schedules are created

at timepoint levels, but GTFS requires the stop level arrival or departure times. This can

cause a mismatch between the agency and passenger expectations.

The shapes table details the geographical paths a transit vehicle will follow for a collection

of trips on the same service pattern.

The frequency table de�nes headway-based services, which are used to provide the timetable

for the metro. However, by the June service change in 2022, this �le was discontinued by

STM, and the metro timetables will be communicated using the �xed schedule format, the

same format as the bus service, in the stop times table.

Layer of Abstraction: Route Type

Since bus services are very �exible, there may be many service patterns for a given route-

direction, such as short turns, branches, and deviations. To ensure comparability between

trips, an additional layer of abstraction is created, route type, which only contains one

service pattern with the same planned route and stops. Since service schedules are changed

more frequently than service patterns, this abstraction will reduce the amount of repetitive

calculations.

Trips are then associated with their corresponding route types. The additional calculated



64

data, such as street and population attributes, are also associated with each route type,

which can then be applied to all trips of a given route type. An additional table associates

the route types with the matched streets using the route shape, and another table includes

the sequence of stops and tra�c signals of the route type.

To match the planned route to streets, the routing engine uses the shapes, sequence of stops,

and OpenStreetMap data as input. The routing results provide the OpenStreetMap IDs of

the streets used, which can then be used to match detailed street information.

The detailed street information allows matching the tra�c signal locations and the immediate

surrounding land uses that the buses will encounter using OpenStreetMap data. The tra�c

signal locations are then added to the stop lists so that we can further decompose and analyze

the travel times in greater detail.

The results are stored by route type, the added layer of abstraction. Three tables were

attached to include detailed routing information with streetscape characteristics for each

type, stop or tra�c signal information for each type, and the surrounding land use for each

type. These tables will then help us to analyze the attributes at various analysis levels.

GTFS-RT

The GTFS-RT data is created to store the raw input data provided by the agency, as well

as the additional layers of abstraction needed for the analyses.

Raw Inputs

The trip updates provided by STM include the list of stops associated with a trip. A given

trip can either be planned, unplanned (i.e. replacement bus), or cancelled. The list also

includes all scheduled stops from the planned GTFS feeds and any temporary stops not

in the planned service at the end of the list, which is not the standard practice given the

GTFS-RT contract. Each stop has an arrival and departure time associated with it, and the

status of each stop (e.g. cancelled due to detour).

The vehicle positions provide a given vehicle's location at a given instant, the time, latitude,

and longitude. In addition, each position report is associated with a trip (either planned or

unplanned), the vehicle load at the given instant using a categorical variable, the vehicle's

relationship to the next stop. This feed is updated whenever there is a stop arrival or

departure event, or every 20 seconds when the vehicle is travelling between two stops.

These two data sources are then stored as is into two tables for historical reference. Processed

data are then stored in di�erent tables for analysis.
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Additional Processing

Since the real-time feeds include detours programmed by STM and STM does not publish

detours in the GTFS-RT Trip Modi�cation format, they don't necessarily match exactly

to the planned GTFS. Therefore, the stop lists are compared to the planned list and the

vehicle positions are matched to the planned route. If there are deviations found, the data

are marked as noise and removed from the study. More detailed detour e�ects can be left for

future research.

In addition, since the goal is to provide more detailed analyses between stops or tra�c signals

that are not near any stop, more matching is needed to add the tra�c signal locations to the

real-time feeds.

First, the updated stop lists, including the tra�c signal locations, are calculated from the

previous section to reconstruct the trip updates and the vehicle positions. Then, based

on the vehicle positions and the original trip updates, the exact stop times observed are

inserted into the new table. Next, the vehicle locations, which include details between two

stops, allow better retrospective estimations of the arrival and departure times at each tra�c

signal. Thus, each stop or tra�c signal will have arrival and departure times associated with

it. Finally, the arrival and departure times at each signal will be used to infer signal settings,

which will be discussed in detail later in the paper.

The newly expanded stop times lists enable the calculation of the travel times between stops

or signals, dwell times, delays, and signal states where applicable. Then, these data can be

aggregated to remove noise, and then be used for analyses at any level we de�ned, namely,

route, timepoint, stop, and inter-stop levels.

AFC

The AFC data is created to store the raw input data provided by the agency, as well as the

additional layers of abstraction needed for the analyses.

Raw Inputs

In Montreal, buses are equipped with fareboxes and AFC readers for passengers to pay for

their rides. In the metro, the validation is typically done at the turnstiles. Typically, the AFC

transaction records will contain the validation time, route, trip direction, the fare product,

card ID, and the farebox ID, which contains the vehicle number or the station number.

Additional Processing

Given that vehicle location data are more precise, and can be used to estimate the boarding
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and alighting stops. Using the vehicle number, route-direction, and real-time vehicle loca-

tions, it is possible infer the corresponding GTFS trip. By adding passenger validation time,

we could then match the boarding stops for each fare validation.

He and Trépanier (2015) developed a methodology to deduce the destination of each unlinked

passenger trip. To summarize, the algorithm tries to �nd the destination by assuming the

passenger alights at a stop close to the next boarding location (e.g. transfers and trip chains)

and the passenger behaves similarly according to the historical observations.

The estimated OD stops will then be used to calculate unlinked passenger delays. Then, the

sequence of a passenger trip can be used to estimate the trip chain.

Finally, these data will then be used to aggregate the number of boardings and alightings for

each bus trip at each stop. The data will also help identify passenger experiences, such as

travel times and delays for other analysis.

OpenStreetMap

The OpenStreetMap data is created to store the raw input data provided by the agency, as

well as the additional layers of abstraction needed for the analyses.

Raw Inputs

The few attributes that we are interested in are the tra�c signals, land use, and roadway

information.

The tra�c signals are stored as points along a roadway. They are typically mapped on

the stop lines at each intersection and tagged with the direction a�ected. To facilitate the

analyses, the attributes are expanded to include the estimated tra�c signal programmes by

including the day type, time-of-the-day, the o�set, green length, and cycle length for each

programme.

The roadways and their attributes are stored as a line. They are typically mapped at the

center line of the road. The tags of interest contain the road classi�cations, one-way streets,

number of lanes, speed limits, and bus lane hours where applicable. This information has

been cross-checked with Montréal's open data to ensure validity.

The land use attributes are stored as a polygon, bounded by the area of the given land use.

For each land use polygon, the tag will show the exact land use attributes, such as residential,

commercial, industrial, etc. Similarly, the information has been veri�ed with the city's open

data.

Additional Processing
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To use for routing purposes, the OpenStreetMap street network has to be modi�ed slightly.

The raw data does not require street lines to be split at the intersections, as long as they

have the same attributes. Since buses can turn o� a street in the middle of a continuous

line, it is necessary to identify the intersections using the point connected to multiple streets.

Then, the street line is split at the intersections for routing purposes. Then, the updated

street line IDs ensure that each segment of the same street can be identi�ed in the routing

results and matched to the original dataset.

Census

The Census data is created to store the raw input data provided by the agency, as well as

the additional layers of abstraction needed for the analyses.

Raw Inputs

The two most important data from the census are the census block shapes and the data �les

for each census attribute. Since the focus is on the population data, there are only two tables

to store.

Additional Processing

Since the shape �les use a di�erent coordinate system compared to the GTFS standard, we

will convert the shape �les into the same coordinate system. Then, using the spatial bu�er,

we can match the census blocks near all bus stops. The blocks associated with each stop are

considered the catchment area, and are then aggregated to calculate the population density

associated with the routes or stops.

Ride-Check Data

The ride-check data is created to store the raw input data provided by the agency, as well as

the additional layers of abstraction needed for the analyses.

Raw Inputs

The raw inputs of the ride-check data include the GPS tracks and trip events recorded during

ride-checking on the bus.

The GPS location is recorded every second to allow detailed comparison to the less fre-

quent AVL data. Each location record contains the recorded time, which is synchronized to

Canada's o�cial time provided by the National Research Council within around 50 millisec-

ond accuracy. Each location record also includes the elevation, bearing, and speed informa-

tion.
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The ride event table also contains the timestamp for each recorded event, the trip information,

the location where the event occurred, the event type, and the associated stop status of the

event.

Additional Processing

Since the goal is to verify the low-frequency AVL data and the estimated tra�c signal data

using detailed high-frequency ground-truth observations, the GPS locations, stop arrival and

departure data are matched to the GTFS-RT feeds. The passenger boarding and alighting

numbers are matched to the AFC data to check the estimated vehicle load and OD �ow. The

tra�c signal observations are compared to the estimated data to verify the errors. Finally,

any other changes in speed limits, tra�c signal con�gurations, and land uses were recorded

and updated in OpenStreetMap.

3.2.4 Developed Information Tools

To support the aforementioned data integration and processing steps across di�erent op-

erating systems, a custom data processing pipeline in Java is developed with very limited

dependency on other libraries. This system is designed to be platform-independent and can

be used on Windows and Linux environments. It handles tasks such as parsing, validating,

and upgrading GTFS and GTFS-RT feeds to include more details such as tra�c signals. It

also improves the estimated vehicle arrival and departure times at stops and tra�c signals by

matching vehicle positions to planned routes and storing them in the database for analysis.

The Java-based architecture ensures compatibility across devices, allows speci�c optimiza-

tions given the data structure, and enables parallelism, making it easier to deploy in di�erent

systems while analyzing these large transit datasets.

To support both the research and practical applications of this project, a suite of online

information tools has been developed that integrates multiple transit data sources, GTFS,

GTFS-RT, and AFC, into a uni�ed, interactive online platform. Although not directly used

in the research results, these tools are designed to make planned and delivered transit data

searchable and easy to understand when developing data processing algorithms, implementing

analysis methods, and demonstrating an example in articles. They facilitate visualizing the

planned and delivered transit services via tables, graphs, and maps, which enables users to

explore transit operations, performance, and reliability in both real-time and retrospectively.

The online tools are organized into three main categories: Schedule Search Tools, Real-

Time Tools, and Analysis Tools. The Schedule Search Tools include features such as the

Route Schedule, which displays scheduled trips for a given route and day in a list format;
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the Trip Schedule, which shows scheduled times at regular stops and interpolated times at

tra�c signals as operational stops for individual trips; and Block Assignments, which group

trips into operational vehicle blocks to help understand relationships between trips. These

tools help users understand planned service patterns and operational structures, as well as

search through archived historical service plans. In addition, limited editing functions were

implemented to modify the planned GTFS data, since the agency does not publish long-

term detours or stop relocations using GTFS standards. These editing tools, although not

comprehensive, allow users to modify planned routes on a map based on OpenStreetMap data,

insert new stops, and adjust existing timetables. Again, since the agency does not publish

these service changes, these edits are for the ride-check app (Figure 3.2) and validating real-

time data only and are not included in the analyses.

The Real-Time Tools provide dynamic insights into current and historical vehicle movements.

The Current Vehicle Positions map displays all tracking STM vehicles with estimated delay

levels, while the Trip Tracking History and Vehicle Tracking History tables allow users to

trace which vehicles operated speci�c trips or vice versa. The Trip Playback feature combines

tabular, graph, and map-based views to show detailed arrival and departure times at regular

and operational stops as well as vehicle trajectories for any recorded trip on a selected day.

Finally, maps and graphs are generated automatically to validate and discover potential

di�erences in the real-time observations using the high-resolution ride-check observations.

These tools are particularly useful for analyzing anomalies when debugging and validating

analysis results.

The Analyses section shows various existing performance indicators used by many agencies,

such as the On-Time Performance Tracker, which visualizes stop-level punctuality (similar

to the o�cial de�nition at STM from 1 minute early to 3 minutes late) across all bus services

since May 2021. Similarly, various maps show segments or routes with consistent delays

or slow travel conditions. Custom graph and map creation tools are also available when

summarizing research results by simply querying the result tables in the database. This tool

enables longitudinal performance monitoring and supports data-driven evaluations of service

reliability, allowing users to identify potential issues related to speci�c times and segments,

discover potential trends in transit travel time performance, as well as create graphs and

maps programmatically.

Technically, the online tools are implemented using a full-stack web development approach

and hosted on a Linux-based server. The frontend is built with HTML, CSS, and JavaScript,

providing a responsive and interactive user interface that supports dynamic visualizations for

transit data. The backend is developed in PHP, which handles database connections, user
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queries, and dynamic content generation.

3.3 General Framework, Methodology, and Expected Results

The projects aim to improve our understanding of transit travel times by addressing the

questions identi�ed in the literature above. More speci�cally, this project will be analyzing

transit travel times at 4 di�erent analysis scales, i.e. inter-stop, stop to stop, timepoint to

timepoint, and service pattern levels. In this section, I will demonstrate the general research

framework, introduce the methodologies, and present the expected results to answer the

research questions.

3.3.1 Overview of Research Framework

The overall framework of this research is shown in Figure 3.4. In this �gure, the data used

in this project are coloured blue. The process to integrate various data sources is marked in

green and explained in more detail in the data section. The �ve contributions are identi�ed

at the bottom in yellow, i.e. analyzing the overall statistical distribution, the mean, the

variance of transit travel times, improving travel time estimations, and the potential impact

on passenger experiences.

To reiterate, the goal is to use as many existing automated data sources as possible, since

manual data collection or additional equipment would cost more money for the agency. Hence,

there are �ve main existing data sources, GTFS, GTFS-RT, AFC, OpenStreetMap, and the

census data. However, to verify the automatically collected data, as well as to mitigate

the missing dwell time information from these data sources, ride-check observation data are

added to the project.

Then, the data sources are matched following the descriptions in the data section later.

In general, a routing engine matches the planned routes to the street network from Open-

StreetMap. This would allow the expansion of the planned data to include tra�c signal

locations, streetscape, land use, and population information. Using the combined stop and

tra�c signal locations, the planned route and the corresponding data are split into the 4

analysis levels, again, inter-stop, stop to stop, timepoint to timepoint, and service pattern

levels. For the analyses on passenger travel times, the journey times are generally categorized

into overall wait times and overall in-vehicle times since a passenger journey can involve mul-

tiple routes and multiple wait times and in-vehicle times. These analysis levels are illustrated

in Figure 3.5. Then, vehicle locations are used to match the planned times with the actual

times observed for each level. Finally, the integrated data can be used for the analyses.
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Finally, the integrated data allow more detailed analyses of transit travel times. Here, the

research aims to improve our understanding of the statistical distribution, the mean, and

the variance of transit travel times, which corresponds to the �rst, second, and third papers

submitted. Paper 4 tries to integrate the knowledge gained from previous analyses into a

travel time model, aiming to improve the travel time estimations for planning purposes.

Paper 5 attempts to evaluate the potential passenger impacts from travel time variations.

The more detailed methodology descriptions of each paper can be found in the subsections

below, and the complete papers can be found in the chapters that follow.

3.3.2 Contribution 1: Improve understanding of travel time distributions

The �rst paper focuses on this question and was selected for presentation at World Conference

on Transport Research (WCTR) 2023 and was published in Transportation Research Procedia

on January 9, 2025.

To answer the �rst general question on system-wide multi-level analysis, the second general

question on spatial-temporal variations, and the �rst speci�c question on travel time distri-

butions, the �rst paper looks at the overall distribution of bus travel times at all four analysis

levels. Most previous studies on mixture travel times only focus on a few routes or one transit

corridor, and they did not provide additional information on the factors related to the pres-

ence of these mixture distributions. Travel times following mixture distributions create more

di�culties for agencies to provide consistent service, since multimodal distributions imply

several di�erent underlying travel time distributions at once. Thus, it is important to better

understand the segments with travel times following mixture distributions.

We aim to provide these insights on the underlying travel conditions for agencies to consider

when improving their existing services. Identifying potential factors that relate to these mix-

ture travel time distributions can help agencies to focus their resources when implementing

or evaluating transit preferential measures like dedicated lanes and signal priorities. Hence,

the �rst paper identi�es the segments that follows mixture distributions, the spatial and tem-

poral variations of the segments following mixture distributions, as well as the operational

and environmental factors that could contribute to these distributions.

More speci�cally, there are two steps for this research. The �rst step involves using the

Hartigans' Dip Test (Hartigan and Hartigan, 1985) to identify mixture transit travel time

distributions from the integrated dataset at the 4 di�erent analysis levels. We then aggregate

the results to provide descriptive statistics related to mixture travel time distributions. The

second part of the research is to identify environmental and operational factors that could

relate to the presence of mixture transit travel time distributions. To achieve this, we used
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Figure 3.4 General Research Framework
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Figure 3.5 Illustration of Analysis Levels

various classi�cation models to model whether the transit travel times on a given segment

follow the mixture distribution.

The descriptive results would show the presence of mixture transit travel time distributions

at three analysis levels, stop-to-stop, timepoint-to-timepoint, and route levels. It is also

expected to show the spatial variations through maps and temporal variations (time of the day

and time of the week) through graphs, which would help provide more detailed information on

when and where mixture distributions occur to focus the attention of transit service planners.

The classi�cation model results would show the most e�ective approaches when modelling

the distribution patterns. The model coe�cients would also help reveal the in�uence of

di�erent environmental and operational variables on the statistical distribution of transit

travel times, such as passenger demand variations, time of the day, service frequencies, tra�c

lights, segment length, and land use variables.

The result would also relate to the �rst general research question by modelling systemwide

multi-level observations, and it is expected to demonstrate the mixture travel time distri-

bution patterns across stop, timepoint, and route levels. For the second general research

question, the result is expected to identify mixture distributions concentrated in speci�c spa-

tial zones and temporal periods, such as corridors with tra�c signals or during peak hours.
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3.3.3 Contribution 2: Improve understanding of average travel time modelling

The second paper corresponds to this speci�c question and was selected for presentations

at Canadian Transportation Research Forum (CTRF) 2023 and Association québécoise des

transports (AQTr) 2023, for a poster session at Transportation Research Board (TRB) 2024,

and the revised paper was submitted for publication to Public Transport on March 15, 2025.

Aiming to better understand the average transit travel time models and to help transit

planners better choose their future modelling approaches, the second paper attempts to

answer the �rst general question on system-wide multi-level analysis, the second general

question on spatial-temporal variations. Previous literature mostly focused on travel time

predictions for speci�c routes, related variables speeds and paces were typically used for

infrastructure planning, and various error measures were used to evaluate the models.

We propose to benchmark average travel time models using di�erent related dependent vari-

ables and various analysis levels, which relates to the second speci�c question on modelling

mean travel times. Using the integrated data, we �rst summarize the observed travel times,

operating speeds, operating pace, and the corresponding environmental and operational char-

acteristics at the 4 analysis levels. Then, these data are used as inputs for modelling.

Next, we will benchmark the model performance using two common planning scenarios. One

is to expand or modify the services into a new route. In this case, agencies may not have

historical data available at all. To account for this scenario, we reserve 10% of the segments

from our dataset for testing. Another common scenario is to expand the service hours on

an existing line. Therefore, agencies may not have historical data for a speci�c time of the

day on a given segment. Thus, we reserve another 10% of the remaining data with various

time-of-the-day values for testing. Finally, we compare and evaluate the model results using

a few commonly used error measures, including relative and absolute measures, to discover

potential biases in the model results.

The model coe�cients would show the in�uence of each temporal, spatial, and operational

variable on the average travel time, speeds, and paces, as well as how much variance can

be explained by unmeasured sources of variance that a�ect speci�c segments. The model

performances would show which model is more e�ective under which planning application.

For error measures, these aggregated and disaggregated error results would reveal potential

biases of these various modelling approaches, which allow us to discuss the advantages and

disadvantages of di�erent models, analysis levels, and evaluation criteria, so that we can

make recommendations to other researchers and planners when deciding future modelling

approaches, as well as to transit agencies for their future planning and operations.
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The results would also relate to the �rst general question by estimating models for di�erent

analysis levels using system-wide observations. The models would also include the spatial

and temporal variables, and the model coe�cients would show the impacts of di�erent spatial

and temporal variables, which relate to the second general question.

3.3.4 Contribution 3: Improve understanding of travel time variance

The third paper relates to this question and was selected for presentations at TransitData

2024, TRB 2025, CTRF 2025, and AQTr 2025, and the paper revision was accepted for

publication on Transport Research Record on September 25, 2025.

The third paper aims to combine the knowledge gained from previous research e�orts on the

statistical distributions and the mean travel times, and focuses on the variance aspect (the

third speci�c question) of travel times. It also relates to the �rst general question by adding

more details to the existing analysis levels. Since most previous literature did not focus on

attributing travel time variations to speci�c trip components, we propose to decompose the

trip travel times into the sum of a sequence of times according to TCQSM, namely, inter-

stop times, dwell times, and red light waiting times. To reconstruct the arrival times at each

stop and determine the tra�c signal states, we also need to include departure times in our

analyses. Thus, there are four types of variables used in this project.

We then used the integrated dataset to obtain these detailed times. Due to the lack of

door-closing times, we estimate a simple dwell time model at the stop level using ride-check

observation data and apply the model to the fare transaction data. The tra�c light settings

are also estimated following the methodology proposed by Fayazi et al. (2015) due to data

availability issues. For the departure times and inter-stop times, we can obtain them directly

from the GTFS-RT data. Since there may be multiple tra�c signals between two bus stops,

we further add to the existing analysis levels by considering tra�c signals as an operational

stop, better isolating each component of travel times.

Then, the decomposed travel times are grouped by service patterns and three di�erent time-

of-the-day and used for sensitivity analyses, which relates to the second general question.

Here, we focus on both the variance-based analysis (Saltelli et al., 2008), which is a global

method that quanti�es the proportion of variance that can be attributed to each variable,

while having the ability to handle non-linear and non-additive variables. We will also include

one-at-a-time sensitivity analysis to better illustrate the non-linearity between the input

variables and the overall travel times. We will present di�erent results and problems faced

by di�erent routes to illustrate the di�erent needs for improvements.
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The global sensitivity analysis provides two indices, �rst-order and total-order indices, which

shows the proportion of variation that can be attributed to each trip component without and

with interaction e�ects. These results will help rank the issues along each route analyzed

and help planners prioritize their limited resources to address the most pressing issues given

the �nancial constraints facing the agencies. The one-at-a-time analysis results could also

help planners to quantify potential travel time variations resulting from various changes in

the network, thus allowing planners to react more quickly to address future issues.

Due to data limitations, the results in the third paper would only include select routes

from the system, but more complete systemwide results can be found in paper 4 which

help contribute to the system-wide analysis (general question 1). The spatial and temporal

analysis could only focus on times of the day due to data limitation, which would show the

changes in sensitivity indices for each trip component throughout the day.

3.3.5 Contribution 4: Improve understanding of travel time modelling using

detailed trip components

The fourth paper answers this question and is sent for review to be presented at WCTR

2026 on October 31, 2025, and hopefully to be published in the conference proceedings

subsequently.

Building on the methodology from the previous papers, we aim to test the possibility of using

the travel time components in the previous analyses in a travel time planning and estimation

context, which relates to the added analysis level in the previous papers as well as the �rst

general question on multi-level analysis. We consider how to combine these details into a

simple travel time model and what the model performance is for various planning scenarios

compared to the average times, since most literature focused on more aggregated levels of

analysis.

For the travel time model, we proposed to reconstruct the bus trajectory by incorporating

various decisions that a driver needs to make, which relates to the fourth speci�c question.

First, the vehicle departs; add the inter-stop time to the next stop or signal; add the estimated

dwell time if applicable; add the red time required if applicable; then travel to the next stop

or signal. The decisions repeat until the end of the route, which would result in an estimated

trip trajectory at each stop and an estimated overall travel time for the trip.

To test the model performance, we �rst compare the estimated travel times to the observed

values to check if the model would generate similar values to the observations. We then

estimate travel times for future service periods using data from the January 2024 service
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period. Then, we compare the estimated values to the observed trip times to check the

performance and the potential improvements of our travel time model.

The result would illustrate the system-wide impacts of red light waiting times on the overall

travel times to highlight the needs to include them in travel time modelling, as there are fewer

empirical evaluations in the literature. Finally, we evaluate the performance of our proposed

simple scenario-based travel time model using detailed trip components by comparing the

travel time predictions against the previously observed averages typically used in planning.

The results would show the improvements in travel time estimations under various changes

in planning scenarios, such as departure time, ridership, and tra�c signal timing changes.

The results would also show the potential scenarios where the model estimations are not as

good as the averages.

3.3.6 Contribution 5: Improve understanding of the equity of experienced reli-

ability of potential passengers

The �fth paper addresses this question and is sent for review to be presented at WCTR

2026 on October 31, 2025, and hopefully to be published in the conference proceedings

subsequently.

To improve our understanding of the spatial and temporal patterns of transit reliability (gen-

eral question 2), as well as attempt to recognize potential equity issues (speci�c question 5)

related to system-wide service reliability (general question 1), we aim to remove the passenger

demand from the equation by analyzing the transit reliability from a given location to all pos-

sible destination zones as if passengers were to make these trips regularly. This would help

provide more detailed information to planners on potentially unreliable origin-destination

pairs as well as when and where in the network the reliability issues occur.

Trip generations and attractions are mostly analyzed at neighbourhood levels, which may

involve several di�erent transit route combinations, thus, we need to to limit anaysis area

to ensure passengers in the given area has similar route choices when analyzing the question

on the potential passenger experiences. We propose to split the entire service area into

hexagon grids that are roughly equal to a 10-minute walk within each zone, which allows us

to simulate trips across the entire service area. Then, we calculate potential passenger trip

plans from a given zone to all other zones, given the scheduled times using a routing engine,

OpenTripPlanner. Using the fastest trip as a reference trip with extra multipliers added for

waiting and transfer times, we simulated the passenger journey and the resulting travel times

that would have been delivered to the passengers using 3 months of archived vehicle location

data. Then, we calculated the reliability metrics for all weekday services within our study
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period, which are then stored in an origin-destination matrix for analysis. To illustrate the

results, we will show spatial and temporal variations for one origin and for all origins.

The results would include the travel time reliability for simulated system-wide passenger trips

between all origin and destination zones for various departure times, which also contribute

to the �rst and second general questions. The resulting reliability indices would include both

discrete measures similar to on-time performance as well as continuous measures similar to

bu�er times, showing the likelihood of on-time arrival and the variability of overall travel

times. Furthermore, passenger travel times would be categorized into wait times and in-

vehicle times, where the reliability indices would further illustrate the source of variations in

passenger travel times.

Finally, we aim to provide a short equity analysis, which aims to evaluate the fairness of

societal outcomes of a given system. Transit service reliability issues can either be consid-

ered as an outcome of the system, i.e. the delayed trips for passengers, but it also impacts

the passengers in their decisions whether to avoid unreliable transit by switching modes.

Although there is no standard de�nition for fair societal outcomes in evaluating transit ser-

vice reliability, we will take similar principles from Martens et al. (2012) based on equitable

accessibility measures. We consider it as maximizing the reliability performance everywhere

while meeting a minimum threshold for all and constraining the disparity in reliability per-

formance. Hence, we will calculate the number of reliable routes for each zone using the

minimum thresholds similar to those de�ned by the agency, and evaluate the evenness or

spread of disparities in the reliability outcomes using the Gini Index (Ceriani and Verme,

2012) as well as the potential societal impacts on di�erent population segments using spatial

regression models and a few general demographic attributes.
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Abstract

Understanding transit service reliability is essential for agencies to improve their operations

and passenger experiences. Transit travel times that follow mixture distributions would

create an additional layer of uncertainty when studying transit reliability. This paper tries to

identify segments where transit travel times follow mixture distributions at di�erent analysis

levels, namely stop pair level, route timepoint level, and service pattern level. We then

identify potential factors related to them. Hartigans' Dip Test is applied to archived transit

vehicle location data from Montreal to explore the presence of mixture distributions. The

results contain mixture distributions at three analysis levels, and the proportion of mixture

distributions varies temporally and spatially. Then we test several classi�cation models to

identify the potential factors that a�ect transit travel time distributions, where we found

demand variations, tra�c lights, service frequency, and segment lengths have a larger e�ect

on the results. The �ndings will help transit planners to later pinpoint the issues causing

transit travel time variations on each segment, then create strategies to reduce the transit

travel time variations thus improving the reliability of our transit system.

https://doi.org/10.1016/j.trpro.2024.12.055
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4.1 Introduction

Many transit agencies and planners have been trying to improve their service reliability,

which is important for both agency operations and passenger experiences. From the agen-

cies' perspective, unreliable services a�ect the operator and vehicle scheduling. Planners

need to add additional schedule padding times or layover times to account for the unrelia-

bility, which increases the operating costs (Danaher et al., 2020). Missing a layover due to

unreliability could increase operators' dissatisfaction causing operator retention issues and

delays propagating further downstream (Danaher et al., 2020). From the passengers' perspec-

tive, unreliable services are less attractive, therefore a�ecting the passengers' satisfaction and

mode choices (Carrel et al., 2013a). Some surveys pointed out that passengers value service

reliability more than service frequency and travel times (Balcombe et al., 2004; Daskalakis

and Stathopoulos, 2008; Chen et al., 2003; Perk et al., 2008).

There are many works looking into the variability of transit travel times, which is important

in many aspects of transit planning and operations such as scheduling (Trépanier et al.,

2009), vehicle arrival time prediction (Chen et al., 2023), transfer coordinations (Kieu et al.,

2017), and passenger experience evaluation (Ma et al., 2014). Several pieces of literature have

observed that transit travel time distributions might follow a mixture distribution (Kieu et al.,

2015; Ma et al., 2014; Wang, 2020). A mixture travel time distribution can be considered as

several di�erent underlying travel conditions happening with di�erent probabilities. In other

words, we �rst select one travel condition from a collection of travel conditions with di�erent

probabilities, then we observe the travel time value from the selected travel condition random

variable.

Travel times following mixture distributions create more di�culties for agencies to provide

consistent service, since multimodal distributions imply several di�erent underlying travel

time distributions at once. They can also cause inconsistencies in passenger experiences or

when predicting the arrival times for passenger information. Thus, it is important to better

understand the segments with travel times following mixture distributions.

This paper aims to build upon the previous literature and provide additional analyses on

mixture travel time distributions for agencies to consider when planning and improving their

services. We �rst propose to identify the systemwide presence of mixture transit travel

time distributions, which would help provide more detailed information on when and where

mixture distributions occur to focus the attention of transit service planners.

Here, we use 1.5 years of archived transit vehicle location data from Montreal, Canada

as a case study to test for mixture travel time distributions. We focus on three analysis
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levels, namely, (1) stop pair level, (2) route timepoint level, and (3) service pattern level.

Analyzing the travel time of a given service pattern, i.e. the travel time from one terminal

to another, is important for agencies to schedule vehicle and operator duties. Since there

may be multiple service patterns on the same route, such as short turns, and they may have

di�erent numbers of stops and ridership characteristics, we will analyze them separately.

Most transit agencies in North America develop and evaluate their schedules at timepoint

levels, and then interpolate the timepoint to timepoint travel times to produce the stop level

arrival times. Thus, we aim to understand the distribution of travel times at both timepoint

and stop levels, to help agencies improve their schedule accuracy and service consistency.

Additionally, we provide new insights for agencies to consider when improving their existing

services, by identifying potential factors that relate to these mixture travel time distribu-

tions. We use additional built environment and operational attributes as inputs to �t several

classi�cation models. The classi�cation models will help agencies to target their resources

when implementing or evaluating transit preferential measures like dedicated lanes and signal

priorities. By identifying the related factors, agencies can then "nudge" the higher travel time

conditions to a lower condition, thus reducing the number of underlying travel conditions and

improving travel times for passengers.

The structure of this paper is roughly summarized as the following. We provide additional

research contexts in section 2. The research framework, data sources, and overview of our

methodology are provided in section 3. Section 4 shows the descriptive statistics and results

on mixture transit travel time distributions. Section 5 details the factors related to mixture

travel time distributions. Finally, we conclude this article in section 6.

4.2 Literature Review

In this section, we quickly identify the de�nitions for transit travel time reliability, the com-

monly used analysis scales, as well as the previous studies speci�cally on transit travel time

distribution.

A quick literature review shows that there is no standard de�nition of transit travel time

reliability since it relates to multiple points of view, such as passenger and agency points of

view (National Academies of Sciences, Engineering, and Medicine and others, 2013).

Although there is no standard de�nition of transit reliability, most agencies and literature

de�ne transit reliability as the variability that a�ects the agency's or passenger's decision-

making (Abkowitz et al., 1978), ability to adhere to the planned service schedule or headway

(Turnquist et al., 1980), and have consistent service deliveries (Strathman et al., 1999). The
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terms consistent and variation used by these de�nitions imply that service performance should

be measured over a period of time. Thus, the distribution of travel times can help create an

overview of transit travel time reliability.

4.2.1 Analysis scales and factors of transit travel time reliability

To evaluate transit services over a period of time, we need to �rst identify the analysis time

scales. These temporal scales are summarized by Noland and Polak (2002) as the following:

ˆ Vehicle-to-vehicle variability is the travel time variation between di�erent trips oper-

ating on the same segment at the same time of the day period. Tra�c signals and

operator preferences typically cause the variations.

ˆ Period-to-period variability is the travel time variation between di�erent trips operating

on the same segment at di�erent times of the day periods. The variations are typically

caused by the variation of congestion levels, demand variations, weather conditions, as

well as the potential occurrence of tra�c incidents.

ˆ Day-to-day variation is the travel time variation of the same trip made on di�erent days.

The variations are typically caused by the variations of tra�c levels, demand, operator

preferences, weather conditions, and the potential occurrence of tra�c incidents.

As for spatial scales, the literature and agencies typically focus on the following levels for

travel time variations, namely the route, trip, timepoint, and stop levels (Danaher et al.,

2020). For route and trip levels, agencies typically use travel times and travel time variations

in scheduling, improving the on-time performance, meeting layover times laid out in the labor

agreements, and assigning vehicle and operator resources (Danaher et al., 2020).

In practice, even though transit schedules are typically revised multiple times a year, travel

times are revised less frequently at the timepoint level and then interpolated to the stop level

for passenger information in North America (Coleman et al., 2018). Schedule controls, such

as holdings, are also typically done at the timepoints. Whereas, in Europe, some agencies

would consider every stop as a timepoint to avoid large schedule deviations (Muller and

Furth, 2001).

Since the goal of our study is to help agencies to improve the existing services as well as

passenger experience, we will focus mainly on the vehicle-to-vehicle and day-to-day variation

of the same stop pair segment, timepoint pair segment, and service pattern levels.
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4.2.2 Studies on transit travel time distributions

To reiterate, transit travel time distributions can provides key statistics for analyzing service

reliability, exploring causes of service unreliability, and adjusting service schedules (Mazloumi

et al., 2010). The travel time distributions are also an important input for transit simulation

models, such as transfer simulations (Kieu et al., 2017).

Previous literature has attempted to �t transit travel times to di�erent parametric distri-

butions. Abkowitz and Engelstein (1984) showed that travel times follow a symmetrical

distribution. However, Mazloumi et al. (2010) then showed that travel times could also

follow skewed distributions, such as lognormal or gamma distributions.

More recent literature (Ma et al., 2014; Kieu et al., 2015; Wang, 2020) has also observed

mixture distributions. Kieu et al. (2015) �tted corridor level travel times using several para-

metric distribution models. Skewed distributions, such as log-normal distribution, �t the

best, while some limited number of trips show bimodal mixture distribution. Similarly, Ma

et al. (2014) �tted travel times on several route segments and showed that the multimodal

distribution of bus running times can be estimated by using the mixture model.

Since mixture distribution represents several unimodal distributions weighted with di�erent

probabilities, the possible explanation provided by Ma et al. (2014) is that there exist mixed

travel time patterns related to underlying tra�c conditions. For bus travel time, the mul-

timodal distribution can be related to di�erent operation characteristics, such as free-�ow

operation patterns in the early morning and congested operation patterns during peak hours.

However, they did not discuss more detailed causes.

One thing to note here is that, as data becomes more precise and the analysis scale becomes

smaller, we can now observe more detailed variations in transit travel times. The more aggre-

gated view provided by previous literature could hide the detailed variations that operators

and passengers experience. There is still some research needed to determine the shapes of

travel time distributions, and the cause for mixture distributions in more detail.

4.3 Research Framework and Methodology

As mentioned in the literature review section, most of the cited literature only focuses on a

few routes or one transit corridor. In addition, previous research have observed the presence

of mixture distributions in transit travel times. However, they did not provide additional

information on the factors related to the presence of these mixture distributions.

We propose to address these limitations by producing systemwide summary statistics re-
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garding the presence of mixture travel time distributions at di�erent analysis levels to help

agencies better understand transit reliability. Again, our goal is to help agencies focus their

resources and improve their existing services and develop more precise schedules for passen-

gers and operations in the future.

In this section, we provide a high-level overview of our analysis, data source, and methodology,

so that other agencies or researchers could build on top of this article. Here, we use the

data from Montreal as a case study to illustrate these analysis steps. The overall research

framework and steps are shown in Figure 4.1 and explained here after.

More speci�cally, the �rst step of the research involves merging the GTFS and GTFS Real

Time data to extract travel times at di�erent levels, namely the stop pair level, route time-

point pair level, and route service pattern level. Then, we use the Hartigans' Dip Test

(Hartigan and Hartigan, 1985) to identify mixture transit travel time distributions at these

di�erent analysis scales. We then aggregate the results to provide descriptive statistics related

to mixture travel time distributions.

The second part of the research is to identify factors that relate to the presence of mixture

transit travel time distributions. We aim to provide more information regarding the shape

of transit travel time distributions, which could be used by future research to further infer

the cause of transit unreliability. To achieve this, we propose to develop a classi�cation

model on the shape of transit travel time distribution, using the available open datasets

on Openstreetmap and the City's open data. More information on the datasets is detailed

below.

4.3.1 Data Sources

This paper focuses on the bus system on the island of Montréal, Québec, Canada, operated by

Société de transport de Montréal (STM). The bus system involves 224 bus lines, 2006 buses,

approximately 17,000 bus trips on average weekdays, and 439 kilometers of bus lanes. STM

publishes its schedules in GTFS format, which is a standard data format used to distribute

transit timetable data to various passenger trip planning softwares. To improve passenger

information, STM also implemented a real time information system iBus, which records the

bus arrival and departure times. Using 1.5 years of archived data from STM, from May 1st,

2021 to October 24, 2022, we calculate stop pair, route timepoint pair, and route service

pattern travel times for STM's bus services.

More speci�cally, we aggregate all stop pair travel time data without considering the route

di�erences, since their built environment and operational characteristics are the same. How-
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Figure 4.1 Research Framework

ever, for a given timepoint pair or a terminus pair, the built environment and operational

characteristics could di�er. There might be a local route operating alongside an express

route, or routes may not operate on the same street. Thus, we split the dataset into di�erent

routes for higher level analyses.

For modeling, we add factors mostly related to the physical environments and operational

characteristics of a given segment. This involves adding street information from Open-

StreetMap, which is an open crowdsourced database of the physical attributes of the streets.

We mainly use Openstreetmap to calculate the number of turns, speed limits, and street

con�gurations for the classi�cation models. However, due to the crowdsourced nature of

Openstreetmap, some sectors have less available data. We use the data provided by the

city as a supplement to OpenStreetMap. More detailed variable descriptions are available in

section 5.

4.3.2 Hartigans' Dip Test

In this section, we provide a quick overview of the methodology for the �rst analysis in our

framework, identifying the segments with mixture travel time distributions.

To model transit travel times, we can consider the transit travel times on a given segment

as a random variable with a continuous distribution following a speci�c probability density

function. However, the underlying distribution might not be directly observable. In this

case, we can use samples of observed travel time data to estimate the underlying probability
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density function.

Previous studies, such as Ma et al. (2014), uses parametric distributions. Using parametric

distributions requires prior knowledge or assumptions regarding the shape of the distribu-

tions. In the parametric approach to estimating the probability density function, one has to

assume that the data were sampled from a given distribution. However, as previous literature

pointed out, there are many parametric distributions that could be used to �t our dataset

(Mazloumi et al., 2010). Fitting a mixture distribution would also require a speci�c num-

ber of underlying distributions as input. However, these required inputs are not necessarily

known by planners or researchers beforehand.

We have also identi�ed a few non-parametric tests for the presence of multimodality so that

we don't need the number of underlying distributions as an input. Ameijeiras-Alonso et al.

(2019) provided a comparison among several commonly used tests. They found older models,

such as the Hartigans' dip test, tend to perform more conservatively than the more modern

proposals. The previous research results using various parametric distributions have shown

that the number of modes in observed travel times or travel speeds could be as high as

�ve (Du et al., 2017). Since a higher number of underlying distributions relates to di�erent

travel conditions, it would make the planning process harder for planners to manage. Thus,

we decided to act more conservatively for our methodology. Nevertheless, future research

could build on top of our research and examine the cases with a higher number of underlying

distributions.

In our study, we selected a commonly used non-parametric test, Hartigans' dip test, to check

the multimodality proposed by Hartigan and Hartigan (1985). The idea is to �nd the "dip"

in a given probability density function. If a distribution is a unimodal distribution, the prob-

ability density function would increase up until the mode, then decrease. Since there is no

upper bound for probability density functions, we can translate probability density functions

to cumulative density functions, which are bounded between 0 and 1. The cumulative dis-

tribution functions would be convex up until the mode then concave greater than the mode.

If a distribution follows a mixture distribution, the probability density function would have

a region where the density decreases and then increases. The dips in probability density

functions would make the shape of cumulative density functions switch between convex and

concave several times.

In short, the dip test constructs a unimodal cumulative density function that minimizes the

di�erence from the empirical cumulative density distribution of the given dataset. Then,

we �nd the dip statistic, which is the largest di�erence between the estimated constructed

cumulative density distribution and the empirical cumulative density distribution. Intuitively,
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A larger di�erence indicates that the data is more likely to have multiple modes.

More speci�cally, the test constructs the unimodal distribution function by analyzing all

possible modal intervals(xLowerBound ; xUpperBound ). Then, for each interval, it calculates the

greatest convex minorant in the interval(�1 ; x i ) and the least concave majorant in the

interval (x i ; 1 ). The best-�tted unimodal cumulative density function is chosen as the one

with the least di�erence from the empirical cumulative density function. Using this best-

�tted unimodal cumulative density function and its di�erence with the empirical cumulative

density function, we can then calculate the probability of dips less than a given threshold,

such as a p-value less than 0.05 in our case.

4.3.3 Overview of Classi�cation Methods

Based on the observations from the descriptive statistics shown in later sections, we want

to include a few simple and well-known models that cover a wide variety. Since the spa-

tial and temporal variations tend to be non-linear, we hypothesize that non-linear methods

would perform better to classify the segments. In addition, we also hypothesize that similar

segments would behave similarly. Thus, we decided to include examples of both linear and

non-linear models, as well as models based on similarity for comparison. This allows us to

determine which method works better in classifying whether travel times on a given segment

follow mixture distributions or not. The classi�cation methods included here are Logistics

Regression, Classi�cation Tree, Random Forest, and K-Nearest-Neighbour. There are other

methods in the aforementioned categories, and evaluating their performances can be left

for future works. In this section, we provide a quick summary of the advantages and the

prediction process of each method. The description of input variables is detailed in section

5.

1. We choose logistics regression due to its linear nature and its ability to allow us to inter-

pret various coe�cients (Hosmer Jr et al., 2013). Logistic regression predicts whether

the outcome is true or false, instead of a continuous outcome typically used in linear

regression. Logistics regression tries to �t a logistics distribution line between the data

points of two categories. The logistic function is bounded between 0 and 1, and it tells

us the probability of a positive outcome. If the probability of a positive outcome is

greater than 50%, we then classify it as positive. We then select the best-�tted curve

based on the maximum likelihood.

2. The reason for us to choose a decision tree to classify the shapes of transit travel time

distributions is due to its non-parametric and non-linear nature (Quinlan, 1987). It
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is an algorithm that recursively generates a set of binary split rules to best split the

dataset into the given categories. The algorithm examines each predictor and possible

split values by calculating the Gini's impurity index in our case to determine the best

split point. To predict a given data point, the algorithm simply follows these split rules

from the root of the tree to the leaves of the tree.

3. We recognize that by combining multiple decision trees, we could potentially achieve

better classi�cation results. This method is the random forests method proposed by

Ho (1995). The drawback of this method, however, is that it does not allow easy

interpretation due to it involving multiple decision trees. The basic idea is to generate

multiple decision trees using various subsets of the data sample and various subsets of

sample variables. To predict a new data point, the algorithm will follow the split rules

of all the decision trees, then use the majority outcome class as the �nal output.

4. The K-Nearest-Neighbour is a another simple classi�cation method, which predicts the

outcome by looking at the known category of similar data points (Cover and Hart,

1967). The distance between each data point is typically calculated as the Euclidean

distance. In addition, we also put a weight on each neighbour based on the distance,

where the nearest neighbour has more weight than the others. Then, we select the

nearest neighbours and use their weighted outcome class as the �nal output.

4.4 Identify Segments with Mixture Distributions

In this section, we demonstrate the clear presence and some descriptive statistics of mixture

travel time distributions. Generally, the results agree with the previous research e�orts, and

we provide examples of mixture distributions at all three analysis levels. In addition, we also

show some spatial and temporal descriptions of the mixture distributions in the following

subsections.

4.4.1 Examples of Mixture Distributions in Transit Travel Time

Travel time distribution can be multimodal at multiple aggregation levels. We have observed

mixture distributions in all three levels. To reiterate, our focus is on stop pair, route timepoint

pair, as well as route service pattern levels. In addition, previous research has mainly focused

on mixture distributions with two underlying components. However, we were able to observe

mixture distributions with more components.

In this section, we use route 51 as an example. The 11.3-kilometer route mainly runs through
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Figure 4.2 Map for Route 51

residential neighborhoods and many schools. It has 50 stops, 48 tra�c lights along the way,

and it operates on the main transportation corridors. We include a route map (Figure 4.2)

to help the readers conceptualize the route. In our examples, we focus mainly on the section

near the University of Montreal campus, which is located on the right half of the diagram.

Mixture distributions can be observed when analyzing a service pattern. Figure 4.3 is an

example taken from all trips on weekdays eastbound Line 51 between 11 AM and 12 PM. On

the route map (Figure 4.2), a given vehicle would travel from left to right. The sample con-

tains 2900 observations. In the �gure, we can observe two distinct modes in the distribution,

at 2920 seconds, and 3195 seconds. The scheduled travel time, 3060 seconds, corresponds to

55th percentile of observed travel times.

The di�erence between the two modes is 275 seconds, roughly 4.5 minutes. This large dif-

ference again highlights the future research needs to pinpoint the causes for these mixture

travel time distributions with more detailed data. There are various day-to-day and trip-

to-trip factors that could explain the di�erences, such as operator preferences, road works,

and the number of tra�c signals encountered by each trip. Since our data collection started

during the pandemic, there could also be period-to-period variations that cause the mixture

distribution, such as ridership variation and congestion variation.

Next, we analyze the travel time data at timepoint scale, and we can still observe mixture

distributions. Figure 4.4 is an example of a mixture distribution with two underlying distri-

butions. The travel times samples are again aggregated from all trips on weekday eastbound

Route 51 between 5 PM and 6 PM between timepoint Decelles / Jean-Brillant and timepoint

Station Édouard-Montpetit. On the route map (Figure 4.2), a given vehicle would travel

from left to right between the two timepoints near the center of the map.

This timepoint pair segment is roughly 1650 meters long, with 8 stops along the way. It runs

through a university area and a residential area. There are �ve tra�c signals between the

�rst and the last stop on this segment.
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Figure 4.3 Example of Mixture Transit Travel Time Distribution at Service Pattern Level
(Route 51, Eastbound, Weekdays 11 AM to 12 PM, STM data between May 1, 2021 and Oct
24, 2022)

The sample contains 2100 observations. In the �gure, we can observe two distinct modes in

the distribution, at 427 seconds, and 519 seconds. The scheduled travel time, 420 seconds or

7 minutes, corresponds to 28th percentile of observed travel times.

The di�erence between the two modes is 92 seconds. This is similar to one or two tra�c

light cycles, which suggests that some trips encounter fewer red lights than others. The

potential explanations could be linked tra�c lights, where some trips encounter a less ideal

cycle. Another potential explanation is due to operator preferences, where some operators

might rush through yellow lights and some others might not.

Figure 4.5 is an example of a mixture distribution at stop pair segment level with three

modes. The travel times samples are aggregated from all trips on weekday eastbound Route

51 between 5 PM and 6 PM between stop Decelles / Jean-Brillant and stop Decelles /

Édouard-Montpetit. On the route map (Figure 4.2), a given vehicle would travel up one

stop, from the said timepoint.

This stop segment is roughly 250 meters long. It starts near a university building and runs

through a residential area. Since the stops are on the near side, there is one tra�c signal

right after the �rst stop, one tra�c signal in between two stops, and one tra�c signal right
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Figure 4.4 Example of Mixture Transit Travel Time Distribution at Timepoint Level (Route
51, Eastbound, from Decelles / Jean-Brillant to Station Édouard-Montpetit, Weekdays Be-
tween 5 PM and 6 PM, STM data between May 1, 2021 and Oct 24, 2022)

after the end of this segment.

The sample contains 2100 observations. From the �gure, there are three modes, at 37 seconds,

91 seconds, and 161 seconds. The scheduled travel time, 67 seconds, corresponds to 21th

percentile in the estimated distribution. In other words, only 21 percent of the trips could

travel faster than the interpolated travel time.

The di�erence between the �rst two modes is 54 seconds, and the di�erences between the last

two modes are 70 seconds. Unfortunately, without more detailed tra�c light setting data or

passenger data, it is hard to say what contributed to the di�erences.

Based on the di�erences and the surrounding environment, an educated guess is that buses

could have issues clearing these signals, assuming passenger arrivals follow Poisson distribu-

tion due to the high service frequency with headways less than 10 minutes. The number of

underlying travel time distributions could relate to the tra�c signal states. We will explore

more potential factors in section 5.

As we can observe from this section, there is a lot of potentials for agencies to reduce the

travel time variance for passengers, increase service reliability, as well as allowing operators

to have more layover times to rest and prepare for the next trip. If the travel time savings is
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Figure 4.5 Example of Mixture Transit Travel Time Distribution at Stop Level (Route 51,
Eastbound, , from Decelles / Jean-Brillant to Decelles / Édouard-Montpetit, Weekdays Be-
tween 5 PM and 6 PM, STM data between May 1, 2021 and Oct 24, 2022)

large enough, the agency could potentially save one unit from this line, thus saving operating

costs. Again, there are further research needs to identify the causes for the slower travel

condition and identify methods to "nudge" the travel times under the slower travel condition

into the faster distribution components.

4.4.2 Temporal Statistics

To better understand the temporal variations of segments with travel times following mixture

distributions, we aggregated the results by the time of the day and the day of the week

attributes. For the time of the day, we aggregated the results by the hour. For the day

of the week, we aggregated the results by Weekday, Saturday, and Sunday services, which

corresponds to the published schedule. Due to the low service frequency and the small sample

of night buses, we excluded them from the �gure, since a small chaonge could lead to a large

variation in terms of percentages.

The service pattern level variations are shown in Figure 4.6. To reiterate, there could be

multiple service patterns on each route that has di�erent demand or operational characteris-

tics, such as short-turns. Thus, we aggregated the data based on individual service patterns
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which would help the agencies plan their services. Here, each data point corresponds to the

percent of service pattern travel times that follow mixture distributions. For example, in the

�gure, the �rst red data point shows that there are 46% service pattern travel times that

follow mixture distributions on weekdays between 4 and 5 AM.

In the �gure, we can see a �uctuation in the percentage of segments that follow mixture

distributions. Interestingly, the mixture distributions contribute to a less proportion during

weekday rush hours. Although the number of service pattern travel times that follow mixture

distributions is higher, there are more unimodal rush hour-only service patterns being added.

This is somewhat counterintuitive since peak hours might have more variation in travel

conditions. One hypothesis could be that the large variance in travel times makes the modes

harder to separate. Another hypothesis could be that the additional service patterns added

during rush hours are more consistent than the all-day service patterns.

The variation in mixture travel time distributions between route timepoint pairs is shown in

Figure 4.7. Again, there could be multiple routes running between two timepoints, such as

local and express routes. Since they may have di�erent numbers of stops, we aggregate them

separately. The �rst red data point shows that there are 37% route timepoint pair travel

times that follow mixture distributions on weekdays between 4 and 5 AM.

Here, we can observe a more stable trend compared to the route level, possibly due to a larger

sample size, since there are multiple timepoints on one route. However, there are di�erences

compared to the service pattern travel times. Mixture distributions contribute to a larger

proportion in the evening peak, but a smaller proportion during the morning peak.

Similarly, the stop pair level variations are shown in Figure 4.8. Since there is usually only

one way to travel between two given stops, we are not separating the data by route here.

The �rst red data point shows that there are 33% stop pair travel times that follow mixture

distributions on weekdays between 4 and 5 AM.

We can observe that stop pair level mixture distributions are also quite stable. However,

unlike, the timepoint level and route level observations, there are two small increases in the

percentage of mixture distributions around peak hours and lunch hours. Similar di�erences

regarding the peak hours at di�erent analysis levels can also be observed for weekend services.

The proportion of mixture distributions gradually increase until the afternoon peak for the

stop pair level, whereas the other two levels stay relatively stable. It could be interesting to

further investigate the observed di�erences during rush hours between these three analysis

levels.

For all three levels, Saturday and Sunday travel times have roughly half the percentage that
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Figure 4.6 Temporal variations of Mixture Transit Travel Time Distribution at Service Pat-
tern Level (STM data between May 1, 2021 and Oct 24, 2022)

Figure 4.7 Temporal variations of Mixture Transit Travel Time Distribution at Route Time-
point Level (STM data between May 1, 2021 and Oct 24, 2022)
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Figure 4.8 Temporal variations of Mixture Transit Travel Time Distribution at Stop Pairs
Level (STM data between May 1, 2021 and Oct 24, 2022)

follows mixture distributions compared to weekday services. This could be due to the smaller

data sample on each segment. Based on the types of services, weekday services have �ve times

more data compared to weekend services by de�nition. Weekend services may only have 70

to 100 data points in a given segment. Therefore, there may not be enough data points to

increase the power of our statistical tests. This behavior could also be due to the general

reduction in travel demand and congestion during the weekends.

4.4.3 Spatial Distribution

After examining the proportion of segments following mixture travel times distributions, we

mapped these segments on a map to determine where the mixture distributions exist in the

system.

To demonstrate the concept, Figure 4.9 shows the travel time distribution of each scheduled

segment on Weekdays at 7 AM, where green segments do not follow mixture distribution and

red segments follow mixture distribution. Due to the limitation in picture sizes, it is hard

to demonstrate the inbound and outbound segments here on the map. In reality, planners

could zoom in using their geographic information systems to get a better view.

To help the readers of this article, we include a more aggregated view by neighbourhoods

(Figure 4.10) to demonstrate the geographical variation. Here, we show the percentage of seg-

ments with mixture distributions in a given neighbourhood. More speci�cally, the red neigh-

bourhoods correspond to more than 35% of the segments following mixture distributions,
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Figure 4.9 Locations of Stop Level Mixture Transit Travel Time for Weekdays at 7 AM

orange neighbourhoods correspond to 20% to 35%, and green neighbourhoods correspond to

less than 20% percent.

From the two graphs, we can observe that the city's near east side (or geographically the

northeastern side) has more segments that follow mixture distributions. Segments near major

transportation corridors, also have more mixture distributions. These areas tend to have

higher population densities with more transit demand, as shown by the density of transit

segments as well. The streetscapes tend to be less car-friendly, with short blocks and tra�c

lights within short distances. This might create more variations in travel times.

More suburban areas, such as the west island, have fewer mixture distributions. This is

also expected, since these areas tend to have less transit demand and more car-oriented

streets. These segments tend to have wide streets, with longer block distances. Therefore,

we hypothesize that population density, land use, and streetscapes could also in�uence the

shape of travel time distributions.

The observations are similar for all three analysis levels. For simplicity, we are not repeating
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Figure 4.10 Percent Timepoint Pair Segment Length Following Mixture Distributions in each
Neighbourhood for Weekdays at 7 AM

the same observations for all three levels in this section.

4.5 Variables Related to Mixture Transit Travel Time Distributions

After identifying these unimodally and multimodally distributed segments, we combine them

with other open data sources, such as OpenStreetMap and the city's open data to identify

some systemwide factors contributing to mixture travel time distributions. To reiterate, we

hypothesize that the ridership variation, population density, tra�c signals, and streetscapes

could in�uence the shape of travel time distributions. We propose to develop a few classi�-

cation models to identify the in�uence of these factors.

Although we have observed segments with three or more underlying distributions, the sample

size with more than two underlying components is relatively small. Due to the unbalanced

data size, the classi�cation methods are less accurate for these categories. For example, the
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models could simply ignore these small samples and still achieve high accuracy. Therefore,

we set the outcome variable to either true, if a segment follows a mixture distribution, or

false, otherwise.

4.5.1 Variables Used in Classi�cation Models

Based on the literature review and the observation from the descriptive statistics, we selects a

few operational and built environment-related variables as inputs for our classi�cation model

to classify whether a segment follows mixture distribution or not at a given service type and

time of the day. We brie�y explain these variables in this section.

ˆ Service type. This is a series of binary variables that identify the service type. We

included three service types, weekdays, Saturdays, and Sundays. In the models, we

consider weekdays as a base case, and include one binary variable "Saturday" and one

binary variable "Sunday".

ˆ Time of the day. This is a series of binary variables that identify the time of the day.

Due to the non-linear nature of time variables, where the time would cycle back from

hour 23 to hour 0 at midnight. For simplicity, we include a few binary variables for

time of the day categories, namely "Early AM", "AM Peak", "PM Peak", "Evening",

"Late Night". We consider midday hours as a base case.

ˆ Service frequency. Since most STM schedules do not use clock-faced headways, we use

the average scheduled service frequency during the study period. The unit for this

variable is transit unit per hour.

ˆ Number of stops. The number of stops between two timepoints on a given route or

along a service pattern. This variable is only applicable to the route timepoint pairs

and service pattern levels.

ˆ Number of streets. This variable is calculated from OpenStreetMap, where we match

the shape of the segment to the street network. We hypothesize that when transit

vehicles make turns, transit vehicles could be a�ected by other tra�c or tra�c signals.

Therefore, it could potentially a�ect the shape of travel time distributions.

ˆ Number of Lights. The number of tra�c lights along a given segment. This variable is

obtained from OpenStreetMap and the city's open data. Since most of the STM stops

are at the near side of the intersection, we also include the tra�c light right after the

end stop of a given segment if there is one. Our reasoning is that, due to heavy tra�c,
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buses might have to wait for a tra�c light cycle before they can get to the stop at the

end of the segment, thus a�ecting the travel time distributions.

ˆ Number of lanes. This variable is average number of lanes of a given segment, calculated

from OpenStreetMap.

ˆ Speed limit. This variable is the average speed limit on a given segment, mainly

obtained from OpenstreetMap. In case there is no speed limit information, we use the

default speed limit according to the city ordinances. Please note that not everyone

strictly follows the legal speed limit. Some suburban streetscapes could encourage

drivers to drive faster than the legal limit.

ˆ Bus lane. This variable is the percentage of bus lanes in operation on a given segment,

calculated from OpenStreetMap and data provided by the agency. The variable is set

only if the reserved lane is in operation, if the reserved bus lanes are not in operation,

the variable is set to 0.

ˆ Oneway. This variable indicates the percentage of oneway streets or streets with medi-

ans separating di�erent directions on a given segment, calculated from OpenStreetMap.

ˆ Population density. This variable is the average population density in the census tracts

within 500 meters of the given segment, obtained from the census data from Statistics

Canada.

ˆ Lengths. This is a series of variables that show the length of di�erent street classi�ca-

tions on a given segment. The data is obtained from the city's open data.

ˆ Land use. This is a series of variables that show the proportion of land uses within 500

meters of the given segment. The data is obtained from the city's open data.

ˆ Vehicle Load. This variable is calculated from the vehicle location data. We included

both the average and the standard deviation of this variable. Passengers might take

more time to board and alight the vehicle if the vehicle is crowded, thus might a�ect

the travel times of the vehicle.

ˆ Delays. This variable is calculated from the vehicle location data. We included both

the average and the standard deviation of this variable. Since delays might a�ect how

operators behave or react to certain tra�c situations, we hypothesize that they could

a�ect the shape of the travel time distributions as well.
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ˆ Percent Boarding. This variable is inferred from the vehicle location data. For our

case, buses will only stop if there is someone waiting at the stop, or someone requests

to get o�. We hypothesize that the percentage of trips making a stop could a�ect the

shape of the overall travel time distribution.

The descriptive statistics of each individual variable (Table 4.1) are included here for readers'

reference.
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Table 4.1 Descriptive Statistics for the Variables

Stop Pairs Route Timepoint Pairs Service Pattern
Variable Min Max Avg SD Min Max Avg SD Min Max Avg SD

Is Mix Dist. 0.00 1.00 0.29 0.45 0.00 1.00 0.25 0.43 0.00 1.00 0.20 0.40
Saturday 0.00 1.00 0.33 0.47 0.00 1.00 0.31 0.46 0.00 1.00 0.31 0.46
Sunday 0.00 1.00 0.34 0.47 0.00 1.00 0.31 0.46 0.00 1.00 0.31 0.46
Early AM 0.00 1.00 0.10 0.30 0.00 1.00 0.10 0.30 0.00 1.00 0.10 0.30
AM Peak 0.00 1.00 0.21 0.41 0.00 1.00 0.20 0.40 0.00 1.00 0.21 0.40
PM Peak 0.00 1.00 0.20 0.40 0.00 1.00 0.20 0.40 0.00 1.00 0.20 0.40
Evening 0.00 1.00 0.14 0.35 0.00 1.00 0.13 0.34 0.00 1.00 0.13 0.34
Late Night 0.00 1.00 0.08 0.27 0.00 1.00 0.08 0.27 0.00 1.00 0.08 0.26
Service Frequency 0.02 22.67 2.34 1.69 0.02 17.09 2.11 1.36 0.04 16.61 2.15 1.47
Number of Stops - - - - 1.00 40.00 5.14 3.32 1.00 116.00 35.12 17.66
Number of Streets 0.00 14.00 1.34 0.73 0.00 16.00 2.47 1.64 1.00 41.00 11.00 6.03
Number of Lights 0.00 36.00 1.18 1.27 0.00 36.00 4.43 3.55 0.00 121.00 28.66 15.88
Number of Lanes 1.00 6.00 2.39 0.92 1.00 6.00 2.54 0.82 1.19 5.33 2.56 0.54
Speed Limit 20.00 100.00 40.83 8.85 21.56 96.86 42.18 8.32 30.07 81.55 42.72 7.61
Bus Lane 0.00 100.00 1.71 11.69 0.00 100.00 2.35 11.89 0.00 96.74 2.26 8.39
Oneway 0.00 100.00 39.05 45.62 0.00 100.00 46.06 39.71 2.52 100.00 45.56 24.94
Pop. Density 0.00 35.50 6.08 4.01 0.00 27.55 5.56 3.52 0.00 13.45 5.25 2.66
Length - Residential 0.00 3.11 0.05 0.10 0.00 3.11 0.52 0.52 0.00 8.27 1.53 1.51
Length - Collector 0.00 3.55 0.08 0.15 0.00 7.61 0.85 0.81 0.00 17.30 3.30 3.04
Length - Secondary 0.00 7.53 0.12 0.23 0.00 12.23 1.03 0.89 0.00 19.34 5.08 4.02
Length - Primary 0.00 5.75 0.03 0.12 0.00 5.75 0.95 0.86 0.00 12.94 2.60 3.31
Length - Motorway 0.00 14.03 0.02 0.32 0.00 7.35 1.12 1.57 0.00 26.32 3.42 5.45
Land Use - Mixed 0.00 100.00 10.35 28.31 0.00 100.00 11.94 25.28 0.00 90.36 10.62 13.50
Land Use - Downtown 0.00 100.00 5.44 22.25 0.00 100.00 8.17 25.82 0.00 100.00 7.67 18.80
Land Use - Residential 0.00 100.00 67.88 44.36 0.00 100.00 63.62 41.18 0.00 100.00 67.28 26.35
Land Use - Industrial 0.00 100.00 12.91 32.16 0.00 100.00 11.31 27.37 0.00 100.00 9.58 16.99
Average Load 1.28 32.82 8.19 3.86 0.00 21.30 4.69 2.73 0.00 21.36 5.23 2.78
SD Load 0.00 21.13 4.38 2.71 0.45 30.77 7.40 3.88 1.44 26.15 7.65 3.10
Average Delay -1.22 8.24 1.97 1.31 -1.45 5.80 1.79 1.54 -1.00 5.74 1.64 1.09
SD Delay 0.20 9.41 3.77 1.94 0.30 11.30 4.71 3.07 0.49 9.00 3.85 1.85
Percent Boarding 0.00 100.00 39.06 28.75 0.00 93.85 30.67 20.65 0.00 80.30 31.36 15.52

Number of Segments 10309 3176 552
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4.5.2 Classi�cation Model Results

To reiterate, we select four classi�cation models, K-Nearest-Neighbour, Decision Tree, Ran-

dom Forest, and Logistic Regression due to their own unique properties. We apply all four

models on the three di�erent analysis levels, namely the stop pair level, route timepoint pair

level, and service pattern level.

To evaluate each method, we use 80% of our dataset to �t these models, then use the rest

20% data unseen by the models as test sets. Table 4.2 shows the confusion matrices of each

classi�cation method at a given analysis level as well as their overall accuracies. The rows

in the confusion matrix correspond to the actual categories, and the columns correspond to

the category generated by the classi�cation model.

Take K-nearest-neighbour method at stop pairs level as an example. We can observe that

the overall accuracy is 0.79. More speci�cally, the true negative rate is 0.78, false positive

rate is 0.22, false negative rate is 0.20, and true positive rate is 0.8.

From the table, we can observe that the random forest and K-nearest-neighbour methods

generally perform better than the decision tree and logistic regression methods for the test

sets. In addition, we can see that the correct responses from these models are fairly balanced.

We can infer two pieces of information from these models. One is that the relationship

between the input variables and the outcome variable might be non-linear, since the logistic

regression analysis performs worse than the others. Another observation is that k-nearest-

neighbour performs well, which suggests that similar segments behave similarly. Thus, it

suggests a potential new way for performance analysis or scheduling, where planners could

potentially group similar segments together when analyzing travel times or adjusting transit

schedules. When planning new services, agencies could also refer to the data on similar

existing segments.

As for the analysis levels, the accuracy is the best for the route timepoint pair level, then

the stop pair level, and the service pattern level perform the worst. There could be a few

reasons for this behaviour. The sample size for the route level is very small, so the models

may not have good classi�cation power. In addition, a service pattern can also pass through

many neighbourhoods and land uses, and the streets could all have di�erent characteristics,

making it di�cult to produce a simple model to capture all these variations.

As for the stop pair levels, the stop segments are relatively short in Montreal. Common

distances between two stops are around 300 meters. One route may even have two stops

at both the near side and far side at the same intersection. Therefore, short stop distances

could introduce more uncertainty for the stop-level analysis.
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Table 4.2 Confusion Matrix for Classi�cation Methods at Di�erent Analysis Levels

Stop Pairs Route Timepoint Pairs Service Pattern

K-NN

False True False True False True
False 0.78 0.22 False 0.77 0.23 False 0.71 0.29
True 0.20 0.80 True 0.16 0.84 True 0.28 0.72
Accuracy 0.79 Accuracy 0.80 Accuracy 0.72

Decision Tree

False True False True False True
False 0.73 0.26 False 0.76 0.24 False 0.66 0.34
True 0.28 0.70 True 0.25 0.75 True 0.26 0.74
Accuracy 0.71 Accuracy 0.75 Accuracy 0.70

Rand Forest

False True False True False True
False 0.79 0.21 False 0.84 0.16 False 0.75 0.25
True 0.20 0.80 True 0.18 0.82 True 0.27 0.73
Accuracy 0.80 Accuracy 0.83 Accuracy 0.74

Logistic Reg.

False True False True False True
False 0.66 0.34 False 0.71 0.29 False 0.70 0.30
True 0.36 0.64 True 0.31 0.69 True 0.30 0.70
Accuracy 0.65 Accuracy 0.70 Accuracy 0.70

When planning for a new service, there would be no actual passenger demand and delay data

for reference. We tried to �t these models without delay and demand variables to see if the

models could be useful for agencies when planning a new service. We found that the general

observation still holds, except that the accuracy would decrease by roughly 2 to 3 percent in

all cases. Thus, we will not be repeating the results in detail here.

4.5.3 Identi�ed Factors Related to Mixture Transit Travel Time Distribution
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Table 4.3 Logistics Regression Coe�cients

Stop Pairs Route Timepoint Pairs Service Pattern
Variable Coe�. Err. T-Stat p Coe�. Err. T-Stat p Coe�. Err. T-Stat p

Intercept -0.24 0.04 -5.66 0.00 1.14 0.09 13.32 0.00 -0.01 0.39 -0.03 0.97
Saturday -0.84 0.01 -78.67 0.00 -1.11 0.02 -47.48 0.00 -1.56 0.07 -22.30 0.00
Sunday -0.80 0.01 -73.08 0.00 -1.00 0.02 -42.44 0.00 -1.48 0.07 -21.65 0.00
Early AM 0.04 0.02 2.38 0.02 0.32 0.03 9.11 0.00 -0.08 0.11 -0.72 0.47
AM Peak 0.10 0.01 7.68 0.00 0.06 0.03 2.16 0.03 -0.18 0.08 -2.32 0.02
PM Peak -0.02 0.01 -1.76 0.08 -0.05 0.03 -1.88 0.06-0.43 0.08 -5.60 0.00
Evening 0.01 0.01 0.60 0.55 0.05 0.03 1.59 0.11 -0.12 0.09 -1.40 0.16
Late Night 0.05 0.02 3.22 0.00 0.19 0.04 5.14 0.00 -0.18 0.11 -1.66 0.10
Service Frequency 0.16 0.00 54.45 0.00 0.21 0.01 27.43 0.00 0.29 0.02 13.04 0.00
Number of Stops -0.06 0.01 -10.82 0.00 0.01 0.00 3.55 0.00
Number of Streets -0.07 0.01 -9.88 0.00 -0.17 0.01 -21.20 0.00 -0.01 0.01 -1.48 0.14
Number of Lights 0.17 0.01 33.20 0.00 0.07 0.00 15.96 0.00 0.00 0.00 0.27 0.78
Number of Lanes 0.00 0.01 -0.69 0.49 -0.01 0.01 -0.87 0.38 -0.10 0.06 -1.59 0.11
Speed Limit 0.00 0.00 -1.03 0.30 0.00 0.00 -2.55 0.01 0.02 0.01 3.49 0.00
Bus Lane 0.00 0.00 0.33 0.75 0.00 0.00 2.61 0.01 0.00 0.00 -0.04 0.97
Oneway 0.00 0.00 11.93 0.00 0.00 0.00 11.42 0.00 0.00 0.00 -1.48 0.14
Pop. Density 0.03 0.00 22.63 0.00 0.02 0.00 6.87 0.00 0.02 0.02 1.46 0.14
Length - Residential -2.09 0.06 -34.50 0.00 -0.47 0.04 -13.47 0.00 0.00 0.01 -0.14 0.89
Length - Collector -1.78 0.04 -42.37 0.00 -0.59 0.03 -22.53 0.00 -0.08 0.01 -6.86 0.00
Length - Secondary -0.96 0.03 -28.27 0.00 -0.34 0.02 -14.48 0.00 -0.03 0.01 -2.66 0.01
Length - Primary -0.53 0.04 -12.30 0.00 -0.03 0.03 -1.04 0.300.04 0.01 2.65 0.01
Length - Motorway 0.08 0.02 4.74 0.00 0.04 0.02 2.31 0.02 0.04 0.02 2.47 0.01
Land Use - Mixed 0.00 0.00 2.65 0.01 0.00 0.00 3.40 0.00 -0.01 0.00 -2.87 0.00
Land Use - Downtown 0.00 0.00 5.09 0.00 0.00 0.00 -1.62 0.10-0.01 0.00 -3.66 0.00
Land Use - Residential 0.00 0.00 1.36 0.17 0.00 0.00 8.82 0.00 0.00 0.00 -0.56 0.58
Land Use - Industrial 0.00 0.00 -7.33 0.00 0.00 0.00 3.15 0.00 -0.01 0.00 -2.28 0.02
Average Load -0.07 0.00 -29.31 0.00 0.22 0.01 32.43 0.00 0.02 0.03 0.72 0.47
SD Load 0.13 0.00 34.67 0.00 -0.15 0.01 -29.63 0.00 0.07 0.03 2.77 0.01
Average Delay 0.08 0.00 26.26 0.00 -0.11 0.01 -16.03 0.00 -0.04 0.02 -1.57 0.12
SD Delay 0.00 0.00 0.82 0.42 0.01 0.00 3.78 0.00 0.00 0.01 -0.07 0.94
Percent Boarding 0.00 0.00 22.99 0.00 -0.01 0.00 -22.36 0.00 -0.02 0.00 -7.97 0.00
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In this section, we mainly focus on interpreting the logistic regression model coe�cients due

to their linearity. As a quick reminder, the logistic regression is �tted by log transforming

the logistic function. Thus, the coe�cients listed in this section are the log odds of having a

mixture distribution given one unit of change. The coe�cients that are statistically signi�cant

(p < 0:05) are marked with bold fonts.

As expected and demonstrated in earlier sections, the binary variables for Saturday and Sun-

day services have a negative sign in all three models compared to the base case of weekday

services. For example, at stop pair level, the coe�cient for Saturday service is -0.84. This

indicates that Saturday service hase� 0:84 � 0:43 times the odds of being a mixture distri-

bution compared to the weekday services all else being equal. In other words, the Saturday

travel times are less likely to follow mixture distributions. Again, there could be two pos-

sible scenarios to explain this behaviour. One is that, during the weekend, the tra�c and

demand levels are lower. Another one is that, due to the smaller data sample, the statistical

signi�cances are not enough to reject the null hypothesis that the travel times do not follow

mixture distribution.

As for the time of the day variables, the three models paint a di�erent picture. Compare

to midday services, morning travel times tend to have greater odds of following mixture

distributions at stop and route timepoint pair levels. As for the afternoon peak hours,

only the service pattern level coe�cient is statistically signi�cant with a negative sign. For

evening services, no coe�cients are signi�cant, suggesting similar travel conditions compared

to midday hours. However, for late night services, both stop and timepoint pair levels are

signi�cant with positive signs. This means that late night services are more likely to have

underlying travel conditions at a smaller scale. This could be due to the additional late-

night leisure activities at the end of the work week and during the weekend. Planners might

consider adjusting transit schedules for the end of the work week or weekend only.

Service frequency is a signi�cantly positive variable for all three levels. The variable could

correlate to the variation in underlying travel conditions and operator preferences. For ex-

ample, frequent service correlates to high passenger demand and congestion. More frequent

service also correlates to the increased number of operators on the route, thus there could

be various operator preferences. For example, some are more likely to rush through a yellow

light, while some might not. In addition, service frequency could also relate to vehicles inter-

acting with each other on the same corridor. For example, bus bunching may occur on high

frequency services. On common corridors shared by many routes, di�erent vehicles may also

interact with each other. In these scenarios, the vehicles that follow may be a�ected by the

travel times of the previous vehicle.
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Interestingly, more stops on a given segment would decrease the odds of having mixture

distributions at the route timepoint level but increase the odds for service pattern level.

More research is needed to understand the reason behind this observation.

As for the number of streets, the coe�cients are negative, which is also surprising. One

would assume that as the vehicle makes more turns, there are more chances to encounter

di�erent travel conditions. Yet, the coe�cient suggests that travel times are less likely to

follow mixture distributions if there are more turns. However, having more turns would

also correlate to having a longer segment, thus the longer segment lengths could hide more

detailed underlying travel conditions.

The number of tra�c lights is signi�cant and positive for stop pair and route timepoint

pair levels but is not signi�cant for the service pattern level. This suggests that having

additional tra�c lights on a given segment would increase the odds of having mixture travel

time distributions at a smaller scale. This is expected, since the travel times with and without

waiting at a tra�c signal are much easier to be distinguished at smaller scales.

The average number of lanes is not signi�cant in all three models. The average speed limit

is only signi�cant in two models, yet the magnitudes for all three models are very small. For

1 kilometer per hour average speed limit increase, the odds of having mixture distribution is

multiplied by roughly 1.02.

The percentage of bus lanes in operation and the percentage of oneway sections do not seem

to have a big in�uence on the odds of having mixture distributions. Despite some coe�cients

being signi�cant, the magnitudes are very close to 0.

The population density is also positive. This is expected, since population density correlates

to more transit demand, tra�c congestion, as well as more diverse land use activities. All of

these factors could then contribute to the variation in travel conditions.

For the length of the segment, the signs are mostly negative, except for the segments that

contain motorway sections. The magnitudes are also in decreasing order from stop pair to

service pattern levels. This is again expected since the longer segments correlate to longer

travel times, which could hide more detailed variations. The segments that include motorways

tend to be longer express routes. In case of disruptions on the highway, there is less chance

for buses to deviate, which could lead to di�erent underlying tra�c conditions.

As for the percentage of land use in surrounding areas, the coe�cients are very small despite

some of them being signi�cant.

The demand-related variables are split between the three models. The average load coe�cient

is negative for stop pairs yet it is positive at higher levels. The load standard deviation is
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positive for stop pair and service pattern levels, but negative for timepoint levels.

The average delay coe�cients are also split between the three models. Additional delays

correspond to higher odds of having mixture distribution at the stop pair level, yet correspond

to lower odds at route timepoint pair and service pattern levels. The standard deviation of

delays and percent of samples with boarding activities do not seem to have a big impact

on the overall odds, due to their small coe�cient magnitudes. More research is needed to

explain the discrepancies observed for load and delay related variables.
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Table 4.4 Average Variable E�ect in Logistic Regression

Stop Pairs Route Timepoint Pairs Service Pattern
Variable Avg E�ect Variable Avg E�ect Variable Avg E�ect

Average Load -0.59 Intercept 1.14 Speed Limit 1.05
SD Load 0.57 SD Load -1.11 Percent Boarding -0.77
Service Frequency 0.38 Average Load 1.05 Service Frequency 0.62
Saturday -0.28 Length - Collector -0.50 SD Load 0.53
Sunday -0.27 Service Frequency 0.45 Saturday -0.48
Intercept -0.24 Percent Boarding -0.44 Sunday -0.46
Number of Lights 0.20 Number of Streets -0.42 Number of Stops 0.38
Pop. Density 0.18 Saturday -0.35 Length - Collector -0.25
Average Delay 0.17 Length - Secondary -0.35 Number of Lanes -0.24
Length - Collector -0.15 Sunday -0.31 Length - Secondary -0.16
Length - Secondary -0.11 Number of Lights 0.30 Length - Motorway 0.14
Number of Streets -0.10 Number of Stops -0.30 Pop. Density 0.12
Length - Residential -0.09 Length - Residential -0.24 Number of Streets -0.11
Oneway 0.05 Land Use - Residential 0.21 Average Load 0.11
Land Use - Industrial -0.03 Average Delay -0.20 Land Use - Residential -0.11
Speed Limit -0.03 Speed Limit -0.17 Oneway -0.10
Land Use - Residential 0.03 Oneway 0.15 Land Use - Mixed -0.10
AM Peak 0.02 Pop. Density 0.12 Length - Primary 0.10
Length - Primary -0.01 SD Delay 0.06 Land Use - Downtown -0.09
Land Use - Downtown 0.01 Length - Motorway 0.04 PM Peak -0.09
Number of Lanes -0.01 Early AM 0.03 Land Use - Industrial -0.06
Land Use - Mixed 0.01 Number of Lanes -0.03 Average Delay -0.06
SD Delay 0.00 Length - Primary -0.03 AM Peak -0.04
PM Peak 0.00 Land Use - Mixed 0.02 Number of Lights 0.03
Late Night 0.00 Late Night 0.01 Evening -0.02
Early AM 0.00 AM Peak 0.01 Late Night -0.01
Length - Motorway 0.00 PM Peak -0.01 Intercept -0.01
Evening 0.00 Land Use - Industrial 0.01 Early AM -0.01
Bus Lane 0.00 Evening 0.01 SD Delay 0.00
Percent Boarding 0.00 Land Use - Downtown -0.01 Length - Residential 0.00

Bus Lane 0.00 Bus Lane 0.00
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Finally, we try to rank the variables by determining their average e�ects to the results.

Table 4.4 shows the ranking of each variable's magnitudes where we applied the estimated

coe�cients to the average value of each input variable.

From the results, we can observe that variables related to vehicle load, average delay, service

frequency, weekday service, number of tra�c lights, and the lengths of collector and sec-

ondary streets consistently rank high in all three models. These higher ranking variables are

related to passenger demand variations, operator preferences, vehicle-to-vehicle interactions,

weekend services, tra�c lights, and segment lengths. Other variables such as time of the day,

reserved lanes, and land use variables tend to have less impact on the odds of having mixture

distributions. The rankings should help agencies to focus their attention when analyzing

segments with mixture travel time distributions.

4.6 Conclusion

Transit reliability is important for both transit agencies and passengers. To improve the

agency's operation e�ciency and passenger experience, previous literature pointed out the

need to develop more precise models related to transit travel times. Some literature has

observed mixture transit travel time distributions.

Aiming to provide more comprehensive evaluations of mixture travel time distributions and to

provide more insights to the transit agencies, we conducted a systemwide study to illustrate

the presence of these mixture distributions. We also identi�ed potential spatial and temporal

patterns related to the shape of transit travel time distributions. Then we �tted several

classi�cation models to classify if a given segment would follow mixture distribution at a

given time. The �tted models allowed us to examine the importance of each predictor.

The results show the presence of mixture distributions in various analysis levels, stop pair

level, route timepoint pair level, and service pattern level. Further analysis could help agen-

cies to pinpoint the cause of such mixture distributions, thus could help agencies to "nudge"

the slower travel conditions towards the faster ones. In addition, the percentage of route time-

point pairs and stop pairs that follow mixture distributions stay relatively stable throughout

the day. However, the variation at the service pattern level is higher potentially due to

the smaller sample size. The weekend services also tend to have fewer segments identi�ed

as mixture distribution. However, this could be also due to the smaller sample size. The

geographical distribution shows that segments near tra�c lights or on major transportation

corridors tend to have more mixture distributions. Neighborhoods with more passenger de-

mands, higher population density, and mixed-land use could have more segments identi�ed
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as mixture distribution. From the classi�cation models, we showed that non-linear methods

and similarity-based models work the best in classifying the shape of transit travel time dis-

tributions. The results highlight the need to consider the non-linearity and suggest similar

segments tend to behave similarly. Agencies could potentially try to schedule similar seg-

ments at the same time. The logistic regression model highlighted the potential e�ects of

passenger demand variations, weekday services, operator preferences, vehicle-to-vehicle in-

teractions, tra�c lights, and segment length variables. These results could help agencies to

focus their attention and resources when trying to improve transit vehicle travel conditions.

The limitations of this research could be in the following areas. One is with regard to the

methodology. In our analyses, we aggregate the entire dataset without considering the service

changes that occurred during the study period. Additional research could examine potential

seasonal variations in mixture distributions. Another limitation is that our classi�cation

models only included a binary outcome variable, due to the smaller sample size with a higher

number of components. Future research could analyze the higher components in more detail.

Finally, we only selected four classi�cation models, from a wide range of categories. Future

research could test additional classi�cation models and compare their performances.

One potential expansion of this research is to use more detailed data on transit ridership,

tra�c counts, and tra�c light settings to help infer the reason causing consistent slower travel

conditions on each trip or segment. Using identi�ed causes, agencies can target speci�c areas

and potentially "nudge" the travel times under slower conditions towards faster conditions.

Similarly, there are other occasional factors causing slower travel conditions beyond transit

agencies' control, such as tra�c incidents and weather. By incorporating these data, agencies

could evaluate potential response strategies to increase the reliability and resilience of a given

transit network. These expansions would help reduce overall travel times, improve vehicle

travel conditions, and improve service consistency.

Future works could also expand our research by using additional historic data to further

evaluate bus preferential measures, such as transit signal priority and bus lanes. Agencies

could analyze the travel time distributions before and after to determine the e�ectiveness

of these strategies using the underlying travel time distributions. This way, agencies could

have a better understanding of how these strategies impact the services. Agencies could

also incorporate these more precise travel time distributions into other analyses to better

understand the passengers' experience, such as transfer simulations or bu�er time estimations.

Finally, transit agencies could use this information to provide more precise travel planning

information to passengers, such as the likelihood to get to their destinations or the planned

transfer vehicles for example.
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Abstract

Good travel time estimates are important for transit agencies and passengers. Since travel

time is a function of distance and speed, it is possible to use both as inputs in most scheduling

software since the distances are �xed in �xed-route services. However, most literature focuses

on travel times, and travel speeds are typically used to plan infrastructures or evaluate

operated services. There is a lack of comparison between modelling travel times directly and

indirectly through normalized measures, namely speed and pace, at various analysis levels.

In this paper, we try to �t and evaluate travel time, speed, and pace models at inter-stop,

stop-to-stop, timepoint-to-timepoint, and service pattern levels. Then, we test these models

using two typical scenarios in transit planning, creating new routes and expanding service

hours.

The results show that travel time, speed, and pace models perform similarly for new service

hour scenarios, with the time models performing better overall. However, speed models

tend to perform better for new route scenarios where no historical data has been observed.

Both direct and normalized approaches perform well at more aggregated levels, such as the

timepoint-to-timepoint level. For lower levels, both approaches perform better at the inter-

stop level than the stop-to-stop level, emphasizing the need to include more detailed tra�c
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signal and ridership information to improve the models. Errors calculated from the speed and

pace models are slightly more skewed than the direct travel time model. However, the relative

errors from travel time models are larger than the normalized models on shorter segments or

faster segments. Since each error measure provides di�erent views of the modelling results,

we conclude that planners need to choose their measures carefully according to speci�c model

applications and analysis levels.

Keywords: Transit Planning, Transit Operations, Transit Travel Times, Travel Time Mod-

elling
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5.1 Introduction

Reliable transit travel time estimates are important for transit agencies' operations and

passenger satisfaction. For a transit agency, unreliable travel time estimates a�ect scheduling,

where planners need to add schedule padding to improve reliability (Wessel and Widener,

2017) and thus increase operating costs. Unrealistic travel times may also cause vehicles

and operators to miss their scheduled layovers, propagating delays to future trips, as well

as causing operators' satisfaction and retention issues (Danaher et al., 2020). Similarly, for

passengers, underestimated travel times may cause them to arrive at their destination late

or miss their connecting trip. Overestimated travel times may lead passengers to perceive

transit services as slow due to the additional holding or schedule paddings. These unreliable

travel times also a�ect passengers' satisfaction and mode choice (Carrel et al., 2013a). Thus,

it is important to improve transit travel time models.

One way to account for travel time variations is to review and adjust service schedules peri-

odically. In practice, transit departure times are adjusted frequently according to ridership

�uctuation, but transit travel times are less frequently adjusted (Coleman et al., 2018). Up

until now, transit agencies and academics have mostly focused on travel time adherence and

prediction (Trépanier et al., 2009). This is possibly due to the fact that the schedules com-

municate arrival and departure times to transit operators and passengers, which are directly

related to travel times. Transit planners could simply diagnose the issues of a given segment

based on direct observations and adjust travel times accordingly.

However, there are several scenarios where transit vehicles can spend longer travel times than

planned. Delays can sometimes be attributed to slower travel conditions. For example, on

a snowy day, buses are more likely to travel at a lower speed to ensure safety, even when

there is no other tra�c nearby. Similarly, areas with high tra�c volume can also force transit

vehicles to slow down. Another potential scenario is that a vehicle might get stuck, such as

at stops with too many passengers or in front of tra�c lights. Transit vehicles may spend a

long time waiting for passengers to board and alight or for the tra�c lights to turn green. In

congested areas, vehicles may not only travel slowly, they may also spend more time waiting

for several tra�c light cycles. Overall, the delays can potentially be summarized into two

categories, how fast the bus can operate between two stops, and how long the bus is expected

to stop.

How fast a bus can operate between stops is related to the travel conditions on the route

or the travel speed. How long the bus is expected to stop is more related to passenger

activities, congestion level, and tra�c lights, i.e. the time we are expected to stop. Thus, to
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improve transit reliability and better adjust transit schedules, we need to better understand

transit travel conditions. This knowledge would help transit planners develop a more precise

schedule for operators and passengers. It would also help pinpoint the cause of transit travel

time issues and evaluate potential transit priority measures to improve transit service quality

in the future.

Travel time is a function of speed and distance. A long segment can have a short travel

time when driving quickly, and a short segment can have a long travel time in congested

conditions. A normalized measure, like speed and pace, also allows comparisons between

various segments in the network since stop-to-stop distances are not necessarily the same for

all segments. A local bus may make a stop every 300 meters every minute, and an express bus

may have a non-stop segment of 15 kilometres taking 20 minutes, whereas speed or pace is

more directly comparable. For example, the operating speed for the aforementioned local bus

may be roughly 15 kilometres per hour, but the express bus may be at 75 kilometres per hour.

Communicating using speed may also be more intuitive for transit operators to understand

the expectations of the schedules and evaluate potential actions for buses to remain on time.

We are also inspired by the comparison between predicting travel time and speed approaches

from Bauer and Tulic (2018) using �oating taxi data. However, taxis tend to travel point-

to-point without a prede�ned route, whereas transit vehicles need to make regular stops

along a �xed route to pick up and drop o� passengers. Previous studies have often focused

on a few routes or a small geographical area, a more varied data sample is still needed for

comparisons. Most of the existing works have also only focused on one modeling level, yet

transit planning typically involves multiple analysis levels. For example, when planning for a

new route or new infrastructure, planners typically assume an operating speed for the entire

route, whereas when evaluating the existing schedules, planners usually analyze at timepoint

levels (National Academies of Sciences, Engineering, and Medicine and others, 2013). Thus,

a more detailed comparison of these levels is still needed. In addition, researchers have also

focused on di�erent sets of model evaluation criteria (absolute or relative errors), but there

is less discussion on the advantages and disadvantages of these commonly used criteria.

To better understand transit travel time models and to help transit planners better choose

their future modelling approaches, we pose the following questions: using the same informa-

tion as inputs, does modelling travel time directly yield similar results compared to modelling

normalized variables like speed or pace, does the model performance di�er for each analysis

level, what are the advantages and disadvantages of using di�erent evaluation criteria?

To answer the aforementioned questions, we develop a framework to allow us to compute

and compare commonly used measures in transit planning. First, we summarize the observed
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travel times at various analysis levels, namely inter-stop, stop, timepoint, and service pattern

levels, using two years of archived service delivery data from Montréal, Québec, Canada.

Then, we compute the normalized measures, i.e. travel speed and pace, which allow us

to remove the varying segment distances. Next, we will integrate some commonly used

spatial and temporal variables as inputs for our models. Finally, we calculate and compare

model performances and discuss the advantages and disadvantages of these various modelling

approaches, analysis levels, and evaluation criteria, so that we can make recommendations

to other researchers when deciding future modelling approaches as well as to transit agencies

for their future planning and operations.

This paper is organized in the following ways. In section two, we will go through the related

literature on travel times and travel speeds as well as their applications in planning processes.

Next, in section three, we will describe our research framework and methodology. Then, in

section four, we will show the modelling results and the evaluations. Finally, in section �ve,

we will provide a quick summary of our research to conclude this paper.

5.2 Literature Review

Transit performance measures are commonly used by transit agencies in their planning and

operations. Academics have also studied existing measures and proposed additional transit

performance measures. Two commonly used measures for planning are travel time and travel

speed, which can be easily obtained with the help of Automated Vehicle Location (AVL)

systems.

Travel time is an important measure for scheduling. Coleman et al. (2018) provided a sum-

mary of a typical scheduling process. In general, the route performances are reviewed at

various intervals for di�erent types of routes and schedules. Service changes generally hap-

pen at pre-de�ned times every year to facilitate operator sign-ups and schedule adjustments.

When revising schedules, the analyses generally involve the level of ridership and travel times

between timepoints in the North American context. If passenger levels exceed a prede�ned

agency standard, service frequency is adjusted. Travel times are also analyzed using an

agency standard and then adjusted both between the two terminals as well as between var-

ious timepoints using measures such as the mean, median, or a given percentile of observed

travel times (Furth, 2000).

With the help of AVL data, travel times are also used to diagnose schedule adherence issues.

In general, agencies and scholars have proposed to classify each timepoint's on-time perfor-

mance and the frequency of schedule adherence issues. Then, analysts can use more detailed
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travel times and dwell times as diagnostic tools to infer the cause of the problems (Mandelzys

et al., 2010). Most works found that late buses are mostly caused by longer-than-planned

travel times or late departures from previous segments.

There are also attempts to account for the variations in transit travel times using AVL data.

Wessel and Widener (2017) calculated the schedule padding using best-case transit travel

times recorded. They found that 30% of total scheduled service hours are padded in their

case study, and that downtown and rush hours tend to have more paddings. In case of

better travel conditions, drivers need to wait for the schedule, thus, schedule control could

contribute to slower travel times.

More recently, there are also attempts at classifying delays into systematic (recurrent foresee-

able deviations) or stochastic delays (sporadic unforeseeable deviations) (Boudabous et al.,

2024), which would then help the agencies to improve their schedules and forecast delays.

To help provide passenger information, many works have tried to predict transit travel or

arrival times, and most of the literature focuses on time-related measures. Scholars have

proposed methods for predicting transit travel times. Some of the works used only AVL data

(Gurmu and Fan, 2014; Chen et al., 2023). There are also attempts to incorporate additional

datasets to improve the prediction models, such as real-time tra�c data (Ma et al., 2019;

Han et al., 2020). More recently, researchers have also included various arti�cial intelligence

methods to improve transit travel time models, such as using computer vision to incorporate

road side features (Abdelhalim and Zhao, 2024) and using neural networks to integrate vehicle

positions with weather data (Alam et al., 2021).

Using AVL data, it is also possible to evaluate the service delivered to passengers. Wessel

et al. (2017) proposed a method to retroactively improve the accuracy of transit agencies'

General Transit Feed Speci�cation (GTFS) feed by using archived AVL data. Agencies have

also started developing passenger-centric performance measures using their AVL and origin-

destination data (Graves et al., 2019).

However, travel speed, pace, and time are related variables, where the travel time equals the

travel distance divided by the travel speed and also equals the distance multiplied by the

travel pace. By using a normalized unit of measure, such as speed or pace, we can remove the

distance from the equation, and we can potentially �nd similarities and di�erences between

various segments in the system. Therefore, evaluating speed and pace could potentially allow

us to create schedules or target issues at the systemwide scale. Therefore, operating speed

and pace are other commonly used indicators for transit performance evaluations.

Travel speeds and paces are also used in diagnostic processes. Various attempts have created
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many classi�cation models identifying slow roadway segments using speed or pace for agencies

to improve performance (Cortés et al., 2011; Du et al., 2017). Speed has also been widely

used in assessing the e�ectiveness of various transit priority strategies, such as bus lanes

(Russo et al., 2022) and transit signal priorities (Wu et al., 2020).

More recently, researchers have also started to examine the possibility to model travel speeds

by correlating transit speed with various tra�c factors using descriptive and neural network

models (Du et al., 2017) and by integrating more detailed car speeds to model bus speed

distributions (Zhang et al., 2020). Existing literature has found bus lanes, road classi�cations,

geographical area, peak direction, and service types a�ect bus speeds, and that buses on main

roads, in outskirt neighbourhoods, during o�-peak hours, with larger stop spacings, or in bus

lanes tend to travel faster than on other segments (Zhang et al., 2014; Kopsacheilis et al.,

2023).

Travel pace is de�ned as the inverse of the travel speed. There is relatively less research

focusing on pace models speci�cally, but pace is still commonly used as an indicator for various

delay classi�cations (Boudabous et al., 2024) or performance evaluation models (Aemmer

et al., 2022).

The previous literature could all be helpful in identifying a slow segment, modelling the

transit systems, or predicting vehicle arrival times. However, given the one-to-one relation-

ship between time and speed, there is still a need to compare the time and speed measures

to examine their advantages and disadvantages at various analysis levels. There have been

some e�orts to compare time and speed measures in the transportation �eld, especially from

Bauer and Tulic (2018), which posed a similar question for taxi travel times. However, there

are some additional considerations for public transit planning, such as stops, ridership vari-

ations, and transit priority measures. Thus, we ask the question if we could compare these

two approaches for transit planning.

There are a few additional questions to answer. Even though most of the scheduling is done

at the timepoint level in North America, GTFS standard requires arrival and departure times

for every stop served by a certain trip for passenger information. Unfortunately, arrival and

departure times for stops in between timepoints are not clearly de�ned (Wessel et al., 2017),

and are typically interpolated using the timepoint inputs. Thus, there is a discrepancy be-

tween the general scheduling practices and what is shown to the passengers, since passengers

do not necessarily board and alight at timepoints. This calls for further investigation into

stop-level scheduling practices, also pointed out by other researchers (Wessel et al., 2017;

Graves et al., 2019).

In addition, the works mentioned above have used many error measures to evaluate their
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model performances, such as absolute measures and relative measures. Yet, these measures

are typically aggregated into one number. Di�erent measures evaluate the results "from

di�erent angles" (Kolassa, 2020), and there are not many comparisons between the measures.

As transit services have various segment sizes, it is also necessary to compare the errors by

segment for potential biases, since a short local segment is not directly comparable with a

long highway express segment, for example.

Thus, in this paper, we aim to create a framework to compare direct travel time models

and normalized models by using modelling speed and pace measures. Given the limitations

of earlier studies, we also try to compare travel times and travel speeds at various analysis

levels, namely, the inter-stop, stop-to-stop, timepoint-to-timepoint, and service pattern levels.

Then, we evaluate these di�erent models using various error measures. We hope to provide

more nuances for future researchers and planners to consider when planning or modelling

transit networks.

5.3 Research Framework and Methodology

In this section, we present an overview of our research framework. Then, we provide more

details regarding the data and the methodology.

The overall research framework is summarized in Figure 5.1. We �rst use GTFS and GTFS

Real-Time data provided by Société de Transport de Montréal in Canada as inputs to cal-

culate the travel times, speeds, and paces. Those who wish to produce these statistics else-

where could also use the archived data from similar data standards like Network Timetable

Exchange (NeTEx) and Standard Interface for Real-time Information (SIRI) or other agency

internal datasets.

Typically, agencies have their own policies on how to analyze travel times (Furth, 2000),

whether using the average or a prede�ned percentile. The average running time policy is a

compromise between having buses run early and having buses run late (Furth, 2000). Thus,

we use the average travel times and speeds as the dependent variables of our models. Other

researchers and planners could, nevertheless, test other statistics, such as percentile-based

statistics, using the same research framework in the future.

Then, we integrate additional spatial characteristics using OpenStreetMap (OpenStreetMap

contributors, 2023) and the open data provided by the city of Montréal. These spatial

attributes, along with the calculated travel times, speeds, and paces, are then used as in-

puts for modelling. In addition, we apply the models to various analysis levels, inter-stop,

stop-to-stop, timepoint-to-timepoint, and service pattern levels, to compare their planning
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Figure 5.1 Research Framework
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implications.

Next, we will test the models given two common planning scenarios. One is to expand or

modify the services into a new route. In this case, agencies may not have historical data

available at all. To account for this scenario, we reserve 10% of the segments from our

dataset for testing. Another common scenario is to expand the service hours on an existing

line. Therefore, agencies may not have historical data for a speci�c time-of-the-day on a given

segment. Thus, we reserve another 10% of the remaining data with various time-of-the-day

values for testing.

Finally, we compare and evaluate the model results using a few error measures, which are

outlined in an upcoming section. We also discuss their planning implications in the results

section.

5.3.1 Data

We use the bus system of Société de Transport de Montréal on the island of Montréal in

Canada as a case study. To summarize the system, it has 222 bus lines in operation, 2012

buses in the �eet, and more than 17,000 published bus trips on average weekdays.

The GTFS �le provides detailed information on the planned services, such as schedules and

geographical information for the routes and stops. The GTFS Real-Time data provides the

actual bus arrival and departure times at stops, as well as detailed bus location and speed

information every 5 to 20 seconds. In this paper, we used the archived data from May 1st,

2021 to March 24th, 2023.

Since this project focuses on the mean travel times and travel times do not have an upper

bound, outlier observations, such as from mechanical issues, major events, detours, or tra�c

incidents, might greatly a�ect the mean observation. Thus, we will remove these outliers from

the analysis using Density-Based Spatial Clustering of Applications with Noise (DBSCAN)

(Ester et al., 1996), which is a density-based algorithm to identify clusters and outliers in

the data. For each segment, we calculate the density according to the travel time and delay

observations. The outliers are identi�ed from the lower-density areas, where the observations

are less similar to the others. For example, travel times that are unusually short or long or

departures that deviate signi�cantly from the planned times will be removed. We chose to

keep 80% of the data as inputs, and this parameter choice and model sensitivity can be a

subject of future research.
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5.3.2 Analysis Levels

Again, in this paper, we will focus on various analysis levels, the inter-stop, stop-to-stop,

timepoint-to-timepoint, and service pattern levels. In this section, we will quickly de�ne

each level, as our dwell time de�nition is slightly di�erent from the Transit Capacity and

Quality of Service Manual (TCQSM) (National Academies of Sciences, Engineering, and

Medicine and others, 2013) due to data limitations.

The dwell time is typically de�ned as the time a vehicle stops to allow passengers to board

and alight at a given bus stop according to the TCQSM (National Academies of Sciences,

Engineering, and Medicine and others, 2013). However, since most stops are on the nearside

and we do not have more detailed door opening or closing data nor tra�c light timing data,

our study would thus combine both the time for passenger activities and the time waiting

for green lights into our dwell time calculations. The estimations of these detailed data can

be left for future research.

First, the inter-stop travel time includes the total time between the departure from the �rst

stop and the arrival at the second stop, which would include any tra�c light waiting times

or congestion between the two stops. It does not include the dwell times and tra�c light

waiting times at the stops.

The stop-to-stop time is de�ned as the total time between the departure from the �rst stop

to the departure of the second stop, which includes the dwell time at the second stop and

the inter-stop travel time between the �rst and second stops.

The timepoint-to-timepoint time is de�ned as the total time between the departure at a

timepoint to the next timepoint, which would include the sum of travel times of all stop-to-

stop segments between the two timepoints.

Since a route may have di�erent service patterns, such as short turns and branch lines, these

service patterns would have di�erent travel times. Thus, we will analyze the travel times

for each service pattern to ensure that the travel times are comparable. The service pattern

travel time is de�ned as the time between the departure from the �rst stop and the arrival

at the �nal stop.

Finally, to reiterate, we hope to test the possibility of using normalized measures to model

travel times by taking distance out of the equation, given the one-to-one correspondence

between time, speed, and pace. Thus, we will calculate the corresponding speed and pace

measures using the distance provided from the GTFS and the times observed in the GTFS-

RT data for our models. The summary of each measure, namely time, speed, and pace, can

be found in Table 5.1. From the table, we can observe that the segments have vastly di�erent
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lengths. The normalized measures, speed and pace, have less signi�cant ranges between the

minimum and the maximum compared to the travel times. The mean and medians are closer

to each other for normalized measures, meaning they are less skewed compared to the travel

times and the shape of the distribution is more symmetrical.

Table 5.1 Summary of Dependent Variables and Corresponding Distances at each Analysis
Level

Route Timepoint Stop Inter-Stop

Min Time (sec) 324.00 27.00 10.00 10.00
Average Time (sec) 2076.64 273.56 60.97 46.47
Median Time (sec) 1949.00 259.00 44.00 30.00
Max Time (sec) 4345.00 1024.00 974.00 943.00

Min Speed (km/h) 9.39 7.68 3.74 6.77
Average Speed (km/h) 19.75 20.25 23.57 29.63
Median Speed (km/h) 18.39 19.23 22.89 29.28
Max Speed (km/h) 48.56 51.10 58.79 63.53

Min Pace (sec/km) 76.76 82.87 62.26 58.68
Average Pace (sec/km) 200.31 208.90 212.24 149.42
Median Pace (sec/km) 196.55 191.43 173.20 127.46
Max Pace (sec/km) 350.00 528.20 1288.73 785.49

Min Distance (km) 0.81 0.04 0.02 0.02
Average Distance (km) 12.22 1.67 0.35 0.35
Median Distance (km) 10.44 1.38 0.25 0.25
Max Distance (km) 38.92 16.84 15.25 15.25

5.3.3 Modelling Methods

Since our research deals with repeated measurements on a subject, in our case, a segment

along a bus route, the resulting data points on each segment may be correlated. For example,

if we have a linked tra�c light, the tra�c light may always be green for the given segment.

The resulting impact of tra�c lights on travel times is negligible. Thus, we need to adopt a

mixed model to account for these unobserved di�erences between each segment (Yang et al.,

2014).

In our research, the random e�ects, or the grouping factors, are crossed random e�ects

between segments and time periods. For each segment, there are various time period mea-

surements. Similarly, for each time period, there are many segments being measured. In this

study, we will only allow random intercepts, which allows each subject to have a di�erent

intercept while keeping the slopes the same.



125

Since travel conditions, tra�c lights, or interactions between vehicles could contribute to

non-linear relationships between the dependent and independent variables, we decided to

test both linear and non-linear models for comparisons.

The linear mixed model is similar to the regular linear regression model, but with an ad-

ditional term to account for the grouping factors. Coe�cients are estimated by solving the

mixed model equations using maximum likelihood estimates (Laird and Ware, 1982). To

predict a new data point not in any existing groups, the model uses the population level

coe�cients without considering any group-speci�c e�ects.

The non-linear method used here is the random forest method originally proposed by Ho

(1995). Combining multiple regression trees was found to achieve better results than using

one regression tree, albeit the model is less explainable due to it involving multiple trees.

Hajjem et al. (2014) proposed an extension to account for the mixed e�ects. The basic

idea is to generate multiple regression trees using various subsets of the data sample and

various subsets of sample variables within a given group. To predict a new data point not

in the existing groups, the algorithm follows the split rules according to the population level

variations not speci�c to any pre-existing groups.

5.3.4 Input Variables

There are many factors a�ecting transit travel time and travel conditions. The Transit

Capacity and Quality of Service Manual (National Academies of Sciences, Engineering, and

Medicine and others, 2013) provides an excellent summary of these factors. Thus, we try to

include these temporal, spatial, and operational variables. In this subsection, we describe

the independent variables.

The temporal variables included in our studies are related to the daily, weekly, and seasonal

changes in travel time or travel speed. They are de�ned as the following:

ˆ Service Period. It is a categorical variable corresponding to each service change during

the year. In Montreal, there are �ve service periods in a year, namely January, March,

June, September, and November. Here, we use the January period as the base case.

ˆ Time-of-the-Day. Due to the non-linear nature of tra�c and the time periods, we

simpli�ed time as a categorical variable to correspond to various attributes for which

we do not have detailed data. In Montreal, the majority of tra�c signals use �xed-time

coordinated plans with 3 di�erent programs. For weekdays, the AM Peak program is

generally in use between 6:00 and 10:00; the midday program is used roughly between
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10:00 and 15:00; the PM Peak program is roughly in use between 15:00 and 19:00, and

the evening program is used between 19:00 and 6:00 the next day. For weekends, the

AM peak program is used between 10:00 and 19:00 for major corridors, and the evening

program is used between 19:00 and 10:00 for major corridors and all day for smaller

streets. Similarly, the bus lanes tend to operate during peak hours (roughly 6:30 to

9:30, then 15:30 to 18:30) in the peak direction only. Bus services are also divided

into various time-of-the-day categories. Peak-hour only services tend to run between

6:00 and 10:00 then 15:00 to 19:00, and the night routes are in service from 23:00 to

6:00. Since these discrete changes in tra�c and service patterns all happen close to 6:00,

10:00, 15:00, 19:00, and 23:00, we identi�ed �ve time of the day categories for weekdays,

namely morning peak (6 - 10), midday (10 - 14), evening peak (15 - 19), evening (19

- 23) periods, and late-night (23 - 6). For weekends, we used 4 time categories, i.e.

morning (6 - 10), midday (10 - 19), evening (19 - 23), and late-night (23 - 6). Here,

we use the Weekday PM peak as the base case, and these time categories are applied

across all segments analyzed. Thus, we include both time of day and the day of the

week in our categories.

The spatial variables included are related to street characteristics, land use characteristics,

and the population density near a given segment. These data are obtained mainly from

the city of Montréal and OpenStreetMaps (OpenStreetMap contributors, 2023). They are

de�ned as:

ˆ Number of Turns given a stop-to-stop segment. We hypothesize that turning would

require buses to slow down to account for other tra�c or pedestrians, thus increasing

travel times.

ˆ Number of Lanes, the average number of lanes on a given segment. We include this

variable since it is related to the street classi�cations. Wider streets typically correlate

to more tra�c, which could act as a proxy for tra�c data.

ˆ Number of stop signs given a segment. Tra�c is required to stop before the stop sign

before continuing by law. Thus, stop signs would impact the overall travel time and

speed.

ˆ Number of tra�c lights given a segment. Tra�c is required to stop before the light

when it is red. Thus, tra�c lights would impact the overall travel time and speed.

However, there are a variety of tra�c lights in operation, and due to the lack of data,

we can only include the total number in our model.
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ˆ Speed limit, the average legal speed limit of a given segment in kilometre/hour. This

variable gives a rough approximation of how fast the vehicles travel on a segment.

Legally, vehicles should travel at or below the speed limit. However, in practice, due to

congestion, travel speeds on some segments may never reach the legal limit. Similarly,

in less congested areas, people may drive well above the speed limit.

ˆ Segment length, the length for each street classi�cation category of a given segment

in kilometres. In Montreal, the streets can be roughly classi�ed into �ve categories,

namely, local, collector, secondary, primary, and motorways. Here we separate the

length of di�erent street categories, due to the fact that travel conditions on local

streets may be very di�erent compared to a highway.

ˆ Land use, a categorical variable on the land use surrounding a segment. For the models,

we include �ve main land uses, namely, commercial, industry, downtown, green spaces,

and residential as a base case.

ˆ Population density, the average population density for the surrounding census tracts in

thousand people per square kilometre. Due to the limitations of our ridership data, we

include this variable as a proxy for ridership, since ridership is higher in high-density

areas.

ˆ Distance to downtown, the straight line distance to downtown in kilometres. We include

this variable since tra�c generally gets less congested further away from downtown

areas. Thus, we can include neighbourhood di�erences in our model.

As for operational variables, we include them to account for operation-related variations.

They are the following:

ˆ Bus lane status, a categorical variable related to bus lane operations. Since bus lanes

are typically located in congested areas to facilitate transit operation, the speed and

travel times would be longer compared to less congested streets without bus lanes. In

addition, the bus lanes are not necessarily in service all day, thus, we further divide

the data to account for the di�erences when bus lanes are in service. Thus, we include

three categories in our models, namely bus lane not in service, bus lane in service, and

no bus lanes as the base case.

ˆ Average frequency, the average number of buses passing through this segment during

an hour. This is related to the ridership as well as the potential bus congestion. As

the frequency increases, the risk of bus bunching increases. Some buses may be stuck

behind another one, thus a�ecting the speed and travel times.
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ˆ Number of stops, the number of stops on a given segment for passengers to get on and

o�. This variable is only available for the timepoint-to-timepoint and service pattern

levels.

5.3.5 Model Evaluation Criteria

To evaluate the models estimated using the variables and methods outlined above, we use

four commonly used good-of-�t measures to evaluate the errors, namely coe�cient of deter-

mination (R2), root mean square error (RMSE), mean absolute error (MAE), mean absolute

percentage error (MAPE). Unfortunately, since the two models have di�erent dependent vari-

ables with di�erent scales and bounds, we cannot use a statistical test to directly measure

the signi�cance of their di�erences. Thus, we will convert the speed model results to time

results using the segment distance, so that they are comparable in terms of their good-of-�t

measures. In this subsection, we will provide a quick summary of these measures.

The coe�cient of determination, or R-squared, is a measure to determine the proportion

of variance in the dependent variable explained by the given independent variables. It is

calculated as:

R2 = 1 �
P n

i =1 (yi � ŷi )2

P n
i =1 (yi � y)2

where ŷi is the predicted value,yi is the actual value, y is the average of the dependent

variable, andN is the sample size.

The root mean squared error is de�ned as the square root of the mean squared error (MSE).

The least squares method of linear regression minimizes the MSE since it is always greater

than or equal to zero. It is also an unbiased estimator since minimizing MSE is the equiv-

alent of minimizing the variance. To better interpret the results, we take the square root

of MSE (RMSE), which yields the same units as the actual values. However, the RMSE is

scale-dependent, which means we cannot compare values if their scales are di�erent. Math-

ematically, it is calculated as:

RMSE =

vu
u
t 1

N

NX

i =1

(yi � ŷi )2

whereŷi is the predicted value,yi is the actual value, andN is the sample size.

The mean absolute percentage error is a relative error measure commonly used to evaluate

regression problems. It is the mean of prediction errors as a percentage of the actual values.
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Since it is a percentage, it is not scale-dependent. However, due to the division, the actual

data cannot contain actual zeros, since the results are unde�ned. It can be calculated as:

MAPE =
100%

N

NX

i =1

�
�
�
�
yi � ŷi

yi

�
�
�
�

whereŷi is the predicted value,yi is the actual value, andN is the sample size.

5.4 Results

In this section, we �rst present the �tted linear model results, and then provide a comparison

and an evaluation of the results for the time, speed, and pace models. Finally, we will provide

a more detailed analysis of the errors to demonstrate potential biases for each method.

5.4.1 Model Coe�cients

Since we use a mixed model, there are two sections to the coe�cients, �xed e�ects and random

e�ects. In this section, we will �rst demonstrate the random e�ect and then the �xed e�ect

from the linear mixed model, which is easier to interpret given its linear assumption.

Random E�ects for Linear Mixed Model

Table 5.2 shows the summary of random e�ects or the grouping factors. To reiterate, the

random e�ect shows the unobserved individual di�erences between each segment, such as

di�erent congestion levels and tra�c light synchronizations. For each segment, the random

e�ect of a given segment shows the additional changes in travel speeds that are due to the

di�erences of the segment itself (Yang et al., 2014).

In the table, we show the standard deviation of each segment in each analysis level. As we

can observe, the speed models have similar random e�ects, around 5 km/h, for inter-stop

and stop-to-stop levels. This means that the individual di�erences for each segment would

contribute to around 5 km/h travel speed di�erences. For timepoint-to-timepoint and route

levels, the standard deviation are slightly lower, around 4 km/h. For the pace model, the

standard deviations are low for inter-stop and route levels, around 40 sec/km. The stop-to-

stop level is the highest at around 79 sec/km. The observations from speed and pace models

suggest that higher analysis levels may hide more detailed variations at smaller scales. For the

time model, we can observe that as the analysis level goes up, the individual time di�erences

get longer. This is as expected since the more aggregated analysis levels tend to correlate to
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longer travel distances, which would contribute to larger variations in travel times.

We also included the adjusted intraclass correlation coe�cient (ICC), which explains the

proportion of the total variance in travel times or speeds that can be accounted for by simply

grouping the observations on the same segment alone (Hox et al., 2017). Here, we can observe

that all models have an ICC above 0.5 with most of them above 0.7, which indicates there

are di�erences between individual segments, and shows the importance of using the mixed

model to account for individual segment di�erences. It also highlights the importance of

improving our models with more detailed data that are unobserved in our study, such as

tra�c variations, tra�c light settings, and ridership variations. The smaller analysis scales

tend to have larger ICC, except for the speed model at the route level and the pace model at

inter-stop level. This means that the individual di�erences between segments become more

important at smaller scales. This further highlights the fact that higher analysis levels may

hide variations in smaller levels, and more research is needed for stop-stop level scheduling,

as also pointed out by other researchers (Wessel et al., 2017; Graves et al., 2019).

Fixed E�ects for Linear Mixed Model

Table 5.3 shows all the �xed e�ect coe�cients estimated from the linear model. As a quick

reminder to help readers interpret the coe�cients, the units used in this paper for speeds

are in km/h, the units for pace are in sec/km, and the units for times are in seconds. For

the description of each variable, please refer to the earlier sections. In addition, we italicized

variables with a p-value less than 0.05, since most of the values are statistically signi�cant

for smaller analysis scales.

Generally, most of the coe�cients and signs are as expected. In addition, we can observe

the opposing signs between speed and time variables. Given a �xed distance, if the speed is

higher, then the time and pace values are lower. However, the higher-level analyses tend to

Table 5.2 Random E�ects for Linear Speed and Time Models

Inter-stop Stop Timepoint Route

Speed SD 5.08 5.62 3.78 4.05
Speed Adj. ICC 0.81 0.75 0.79 0.85

Pace SD 43.77 78.51 62.87 39.79
Pace Adj. ICC 0.52 0.66 0.70 0.50

Time SD 20.89 23.07 58.46 320.10
Time Adj. ICC 0.72 0.70 0.74 0.53
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have fewer signi�cant variables. To better illustrate the di�erences between analysis levels,

we still need to demonstrate the results to better indicate to planners and operators to what

extent the results are signi�cant, since they are relevant for planners to make decisions.
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Table 5.3 Fixed E�ects for Linear Speed and Time Models

Speed Pace Time

Inter Stop TP Route Inter Stop TP Route Inter Stop TP Route

Intercept 27.09 20.25 12.66 2.27 130.80 207.90 271.53 382.62 -8.97 3.82 80.70 1138.75
Period Mar 0.21 -0.13 0.01 -0.05 0.29 2.72 0.71 1.37 0.09 0.69 0.57 13.61
Period Nov 0.39 -0.04 0.06 0.03 -1.30 1.87 0.11 0.86 -0.41 0.27 -0.13 6.56
Period Sep 0.69 0.03 0.07 0.01 -1.51 2.81 0.46 0.55 -0.27 0.72 0.31 4.88
Period Jun 0.69 0.22 0.16 0.11 -2.22 0.41 -1.32 -1.53 -0.67 -0.07 -1.37 -11.27
Bus Lane On -0.77 -0.92 -0.93 -0.43 4.62 7.67 2.87 0.66 6.22 7.81 19.00 72.41
Bus Lane O� -0.58 -1.16 -1.05 -0.38 2.52 7.85 5.66 0.94 4.26 5.81 13.89 72.43
Late Night All 5.83 9.59 6.47 5.77 -24.95 -84.60 -65.66 -72.43 -7.57 -21.08 -91.08 -620.01
AM Peak Week 0.80 1.19 1.01 0.76 -6.44 -16.71 -15.58 -14.28 -2.34 -4.78 -20.97 -107.03
Midday Week 1.25 2.16 1.64 1.88 -9.83 -25.66 -21.76 -31.82 -3.36 -7.20 -31.26 -245.68
Eve. Week 2.49 4.79 3.88 3.93 -17.83 -56.28 -51.57 -56.91 -5.57 -14.44 -67.38 -474.39
AM Weekend 3.29 5.08 4.13 4.78 -19.82 -56.41 -55.55 -71.63 -6.24 -14.47 -70.74 -587.38
Midday Weekend 1.73 3.04 2.23 2.10 -9.74 -31.26 -30.42 -35.49 -3.16 -8.10 -39.91 -282.98
Eve. Weekend 2.75 5.28 4.19 4.12 -16.91 -56.03 -52.81 -61.57 -5.25 -14.28 -70.36 -512.52
Avg Freq -0.11 -0.18 -0.02 0.02 -0.19 1.40 2.11 0.44 -0.11 0.13 0.82 8.93
Num Turns -3.41 -2.71 -0.44 -0.15 28.79 27.97 3.54 0.29 14.68 15.72 9.18 22.96
Avg Lanes 0.70 0.28 -0.67 -1.50 -2.25 2.27 4.17 7.41 -2.30 -1.51 -1.92 -4.25
Avg Speed 0.06 0.05 0.14 0.45 -0.24 -0.27 -0.72 -3.42-0.03 -0.02 -0.19 -19.01
Num Stop Signs -1.77 -1.02 -0.41 0.00 6.68 -2.10 2.58 0.18 5.47 4.44 7.53 5.11
Num Signals -1.76 -2.59 -0.54 -0.03 11.18 23.73 3.83 0.36 8.96 12.70 13.20 16.78
Length Local 4.73 8.06 3.98 0.88 -41.78 -90.80 -39.49 -8.43 89.20 81.17 82.0639.04
Length Collector 6.36 9.62 3.23 0.75 -44.94 -100.30 -28.51 -6.12 92.35 88.25 87.02 60.16
Length Secondary 7.86 11.13 3.95 0.68 -54.27 -116.30 -36.85 -5.74 89.04 83.79 83.45 60.67
Length Primary 5.96 8.95 3.88 0.64 -42.18 -110.10 -38.09 -5.95 99.92 93.04 78.37 69.41
Length Highway 4.25 4.52 2.50 1.05 -22.43 -26.16 -12.45-2.89 48.02 46.91 51.71 54.63
Green Space 1.05 1.50 0.35 -0.51 -3.62 -8.52 -1.16 2.36 1.41 0.29 0.21 13.14
Downtown -1.54 0.28 0.12 -1.04 30.66 25.04 20.34 18.63 3.60 1.93 7.78 32.42
Retail -1.31 -1.87 -1.38 -0.17 10.22 23.69 12.48 -0.59 3.71 7.37 22.65 127.01
Industry 2.62 3.47 0.61 -0.12 -8.40 -20.02 -2.19 0.60 2.74 0.47 -3.32 19.46
Pop. Density -0.11 -0.23 -0.24 -0.29 0.84 3.72 3.07 3.21 -0.09 0.29 2.52 -2.83
Dist. Downtown 0.24 0.30 0.29 0.12 -0.91 -2.04 -2.95 -1.84 -0.06 -0.23 -2.32 -11.48
Num Stops -0.28 -0.15 1.16 0.79 4.34 10.78
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More speci�cally, for the service period variables, all of the speed coe�cients are positive,

and all of the time or pace coe�cients are positive or insigni�cant for inter-stop models. This

is expected since we chose the January or the winter schedule as the base case. During the

winter, the speeds or times are also a�ected by adverse weather events like snow storms,

resulting in worse travel conditions. However, the coe�cients for higher levels, such as route

levels, become insigni�cant. Despite the buses being able to travel faster in other periods,

the faster travel condition does not reduce the overall travel time signi�cantly. Thus, future

researchers could consider including additional factors a�ecting the overall travel times to

improve the model, such as more detailed tra�c signal timings.

As for the time of days, we can observe that all the speed coe�cients are positive and all the

time or pace coe�cients are negative. Once again, this is expected since we chose weekday

afternoon peak as the base case, and it is typically the most congested period. We can also

observe the typical tra�c variation, where the speed gets slower for the morning peak, then

stays a bit faster throughout the day, and gets slower again for the evening peak, and gets

faster again for the evening. Since Saturdays and Sundays do not have peak hours, the travel

conditions during weekday and weekend midday periods are similar, and the weekday evening

coe�cients are similar to weekend mornings and evenings.

An increase in the number of stops on a segment can also result in longer travel times and

paces or slower travel speeds, since buses need to start and stop more often. However, we

believe the stop level ridership could be a better indicator since buses are not obligated to

stop if no passenger is getting on or o�. Unfortunately, we will leave this to future studies

to test due to our limited data sources.

For the bus lane operations, we can observe that both variables are negative for speeds and

positive for times. This is expected since we chose streets without a bus lane as the base

case. The results show that streets with bus lanes are more congested than those without bus

lanes, which is why the agency implemented the bus lanes on these streets. In addition, if

the bus lanes are in service, the negative impact on bus speeds is generally smaller for higher

analysis levels, bringing these segments more in line with less congested segments without

bus lanes.

As for the average frequency, the coe�cients are mostly negative for speed and mostly positive

for time and pace. Again, this is expected, since service frequency correlates to the ridership.

More ridership means buses will spend more time dwelling at stops, thus reducing the speed

and increasing the time and pace.

The number of turns also negatively a�ects the bus speeds. This is typically due to buses

having to slow down to manage the turn as well as to yield to pedestrians and other vehicles.
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The number of lane coe�cients are all negative for the time models. They are also positive

for speed models and negative for pace models at smaller scales. More lanes mean wider

streets, which typically correlate to better manoeuvrability. However, more lanes can also

correlate to more tra�c volume and more tra�c signals, which could contribute to slower

speeds and paces at higher levels.

Similarly, the speed limits are also positive for bus speeds and negative for time and paces.

However, it is mostly not signi�cant for the time models. Stop signs and tra�c lights also

negatively a�ect the bus speeds since buses are obligated to stop before them.

As the distance between stops increases, vehicles typically have more time to accelerate to

a higher speed. Thus, all the speed variables are positive and all the pace coe�cients are

negative. As for the time models, since the distance units are in kilometres and time units

are in seconds, the coe�cients can be interpreted as the pace to travel one kilometre on a

given street. Hence, the smaller the coe�cient, the faster a bus travels through a kilometre.

Take the inter-stop time as an example, travelling one kilometre on a local street is roughly

90 seconds, which corresponds to 40 kilometres per hour. Notice that the coe�cients are

�xed for the time models, which might be too restrictive since not all local streets behave

the same. It may become problematic if we try to create a schedule for a new area without

historical data.

As for the land use variables, we used residential land use as a base case. Vehicles can

travel faster near parks and industrial areas since they typically correlate to longer street

block distances. In downtown and commercial areas, vehicles typically travel slower, which

is expected due to the higher tra�c, ridership, and pedestrian counts in these areas. Thus, it

is important for agencies to improve service in these areas to improve passenger experiences.

Most variables are also not signi�cant in time models, suggesting that time models may be too

restrictive for the spatial variations. Interestingly, most land use variables are not signi�cant

at route levels, which suggests, again, that faster travel conditions do not necessarily translate

to overall time reduction.

Vehicles also travel slower in densely populated areas, which makes sense since it correlates to

higher ridership, tra�c, and pedestrian counts. Vehicles can travel faster in suburban areas

further away from the city center since it generally correlates to a decrease in ridership and

pedestrian volume. These two variables are, again, not signi�cant for higher analysis levels.

To summarize, the coe�cients behave as we expected. However, time models consider many

spatial variables, such as land use, to be not signi�cant. It may be too restrictive and under-

estimate the spatial variations in case we try to plan for a new route for a new neighbourhood.

Thus, we need to test their performances more closely in the next subsections.
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5.4.2 Model Comparisons

In this subsection, we compare the advantages and disadvantages of the above models. First,

we use a few common aggregated measures in previous literature to summarize the perfor-

mance of the models. Then, we provide a more disaggregated view to compare and evaluate

the models to demonstrate the potential issues of using aggregated measures.

To reiterate, we created two testing scenarios to evaluate the models by holding back some

data from the overall dataset. One scenario is service expansion with new routes where there

are no existing data. We reserved 10% of all segments in each analysis level for testing.

Another scenario is expanding the service hours on an existing segment. We reserved 10%

time-of-the-day data from the segments left for testing. We test both modelling methods, the

linear mixed model and mixed e�ect random forest. For each method, we tested the models

using both scenarios. Since the time model and the normalized speed and pace models are

not directly comparable, for the normalized models, we then converted the results to travel

times for comparisons in this section.

Aggregated Measures

Table 5.4 shows the results of the commonly used aggregated error measures of each model

using the two testing scenarios as well as the existing data used to �t the model. The better-

performing models in each category are marked with bold fonts. Readers can refer to earlier

sections for the de�nitions of these measures.

In general, the random forest method performs slightly better than the linear method. The

R2 values are generally higher and the RMSE and MAPE measures are lower for the random

forest models. The di�erences in MAPE are generally around one to three percent. The

di�erences in RMSE between the two methods are generally around a few seconds. However,

the RMSE di�erences are larger for service pattern levels due to their longer distances, and

a small percentage error can correspond to a relatively larger absolute error. Overall, given

the segment-speci�c intercepts and the additional variables available to us, the di�erences

between the two modelling methods are not too large.

We can also observe that the prediction results for the new service hours scenario are similar

to the modelling results from existing services used to �t the models. This result suggests

that planners can make a good estimate if they wish to expand service hours on existing

segments based on historical observations. The modelling results from the existing services

and the new hours scenario perform better than the new routes scenario where no historical

observations are available, which is to be expected. Future research could potentially improve
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Table 5.4 Aggregated Model Error Measures

Existing Services New Hours New Route

Linear Forest Linear Forest Linear Forest

Inter-
Stop

Time
Direct

R2 0.900 0.920 0.931 0.933 0.459 0.805
RMSE 16.139 14.055 12.856 12.777 38.196 17.246
MAE 3.608 2.985 3.699 3.238 10.564 7.835
MAPE 0.083 0.067 0.085 0.072 0.293 0.201

Time
from
Speed

R2 0.854 0.859 0.903 0.913 0.794 0.827
RMSE 19.338 19.199 16.005 14.505 18.190 16.228
MAE 4.298 3.886 4.318 4.010 7.625 6.975
MAPE 0.099 0.089 0.099 0.093 0.172 0.154

Time
from
Pace

R2 0.861 0.893 0.909 0.925 0.683 0.794
RMSE 18.834 16.672 14.707 13.459 25.046 17.717
MAE 4.549 3.808 4.526 4.066 8.733 7.643
MAPE 0.111 0.096 0.112 0.101 0.217 0.180

Stop
to

Stop

Time
Direct

R2 0.903 0.910 0.919 0.928 0.463 0.736
RMSE 17.145 16.097 15.185 14.394 40.615 23.505
MAE 6.793 5.149 6.977 5.743 15.182 13.448
MAPE 0.137 0.099 0.141 0.110 0.313 0.288

Time
from
Speed

R2 0.556 0.859 0.653 0.902 0.487 0.790
RMSE 33.987 20.670 27.789 16.792 29.749 22.902
MAE 8.448 6.894 8.425 7.235 15.068 13.349
MAPE 0.147 0.123 0.147 0.129 0.241 0.231

Time
from
Pace

R2 0.825 0.896 0.855 0.917 0.464 0.684
RMSE 23.236 17.734 19.564 15.426 35.211 25.054
MAE 8.436 6.137 8.530 6.703 15.399 14.331
MAPE 0.165 0.126 0.167 0.135 0.314 0.292

Timepoint
to

Timepoint

Time
Direct

R2 0.957 0.978 0.956 0.973 0.848 0.867
RMSE 34.136 24.765 34.953 27.242 60.234 56.452
MAE 22.018 15.158 22.786 16.979 42.435 41.876
MAPE 0.127 0.064 0.130 0.071 0.214 0.246

Time
from
Speed

R2 0.951 0.966 0.949 0.960 0.846 0.875
RMSE 36.820 30.422 37.314 33.111 60.703 54.770
MAE 20.729 16.594 21.272 18.381 42.136 38.804
MAPE 0.086 0.070 0.085 0.075 0.171 0.159

Time
from
Pace

R2 0.941 0.975 0.939 0.970 0.791 0.855
RMSE 40.274 26.311 41.063 28.548 70.783 58.810
MAE 24.131 15.910 24.841 17.690 45.251 42.651
MAPE 0.101 0.070 0.101 0.076 0.193 0.189

Route

Time
Direct

R2 0.874 0.917 0.864 0.868 0.829 0.786
RMSE 295.737 240.053 305.717 301.758 337.412 377.801
MAE 153.583 114.945 151.483 129.140 243.657 288.020
MAPE 0.081 0.057 0.081 0.064 0.120 0.153

Time
from
Speed

R2 0.870 0.904 0.861 0.866 0.722 0.843
RMSE 300.496 257.673 309.200 304.213 430.785323.698
MAE 122.478 102.826 122.196 113.633 287.925 222.926
MAPE 0.056 0.047 0.057 0.051 0.128 0.104

Time
from
Pace

R2 0.813 0.933 0.822 0.877 0.786 0.814
RMSE 360.062 215.130 350.678 290.761 378.238 352.399
MAE 182.558 96.575 182.282 114.164 232.938 250.299
MAPE 0.088 0.047 0.091 0.055 0.105 0.124
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the results by integrating more detailed tra�c data and ridership estimations into the model.

The direct time models perform better for existing segments in new service hours, whereas the

normalized speed models perform better for reserved segments in the new routes scenarios.

In our models, we included both speed-related, such as streetscapes and land use, as well

as time-related variables, such as the number of tra�c signals, which are related to a �xed

time coordinated plan regardless of speed. The random intercepts included in the time

models could help alleviate some limitations due to the lack of detailed signal timing plans

or ridership counts. We believe the speed models might be more intuitive for the new route

scenarios when there is no observed time-related information available, such as tra�c light

timing plans. This suggests that planners could potentially use speeds from existing similar

segments as a starting point when planning for a new route, which is in line with current

practices.

The results from the pace model perform in between the time and speed models. They do

not "win" in any category except for the route-level. They generally perform better than the

speed model for the new service hours scenario. However, they generally perform worse in

the new route scenario. To reiterate from the literature review, pace is less used as an input

for planners, as it is more used in the performance evaluation context. More research and

examination are still needed to improve and apply the pace models.

Despite missing some detailed time information, the inter-stop models, which does not include

the dwell times and signal waiting times, perform better than the stop-to-stop models. To

improve stop-to-stop models, future work can consider adding more detailed tra�c signal

and ridership information by creating a hybrid model and combining both time and speed

models.

For higher levels, namely timepoint-to-timepoint and the route levels, the di�erences between

the direct time model and the normalized speed and pace models become smaller. The

evaluation for new route scenarios is also relatively better compared to the two smaller

scales. This once again highlights the fact that higher analysis levels may hide more detailed

time variations in smaller levels. Thus, we add further evidence for the need to examine bus

travel time modelling at these smaller scales.

Another interesting observation at these higher levels is that the di�erent measures are more

likely to indicate di�erent "winners" in the same category, even for the existing data used

to �t the models. For example, in the new routes scenarios at the timepoint-to-timepoint

level, the R2 and RMSE measures would indicate that the direct time model is better, but

the MAE and MAPE measures would indicate that the result from normalized speed models

performs better. This indicates some potential biases that di�erent error measures might
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reward. For example, the MAPE measure prefers to forecast lower values (Goodwin and

Lawton, 1999), which is once again related to the original question of this paper. Due to the

length di�erences, we may prefer smaller errors on shorter segments, and we may tolerate

slightly larger errors on longer segments. A 20-second error may be great for a segment of

15 kilometres. It may not be as desirable for a short segment of 150 meters. For scheduling,

planners may prefer to add some schedule padding to improve on-time performance. However,

for arrival time predictions for passenger information, agencies may prefer to underestimate

travel times to ensure vehicles do not leave passengers behind given a travel time prediction.

Thus, transit planners need to decide if we would prefer certain biases when we model our

transit systems, since di�erent error measures evaluate the results "from di�erent angles"

(Kolassa, 2020). To illustrate these di�erent biases, we need to analyze the errors in more

detail in the next subsection.

Disaggregated Measures

In this section, we will demonstrate some additional biases in these models that might in-

�uence our model choices. In the previous subsection, we observed a few cases where the

error measures indicated di�erent "winners" in higher-level analyses. In this subsection, we

will use the direct and normalized linear mixed models at the timepoint-to-timepoint level

for the new routes scenario as an example for simplicity since the observations are similar for

the other models.

Figure 5.2 shows the error distributions for the direct time results and normalized model

results from the speed and pace models. To help readers see the di�erences, we use the same

x and y scale for these �gures.

The errors for the direct time model (Figure 5.2a) are closer to the normal distribution.

This is expected since the models try to directly minimize the MSE, which yields unbiased

estimates. Given the long travel times on longer segments, the direct model may place more

emphasis on long segments than on shorter segments. However, the errors from the two

normalized models are more centered around 0.

The speed results (Figure 5.2b) are skewed towards the right, whereas the pace results (Figure

5.2c) are skewed slightly to the left. In other words, the speeds models tend to underestimate

the average travel times, but the pace models tend to overestimate the average travel times. In

addition, speeds are bounded values between zero and the top speed of the vehicles, whereas

time and pace values do not have an upper bound. Thus, the congested observations may

have more impact on the average time measures.
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(a) Errors from Direct Time Model (b) Errors from Normalized Speed Model

(c) Errors from Normalized Pace Model

Figure 5.2 Error Distributions for Time, Speed, and Pace Models

Figures 5.3a and 5.3b show the modelling errors aggregated by the observed average segment

speed. Figure 5.3a shows that the average errors follow a similar conditional average and

conditional standard deviation for both the direct and the normalized model results. This

makes sense, since the models try to minimize the errors directly.
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(a) Error

(b) Percentage Error

Figure 5.3 Errors Aggregated by Observed Average Segment Speed



141

The percentage errors for the normalized results from speed and pace models follow a more

stable conditional average, whereas the direct time model has more varied conditional aver-

ages given the segment speed. This illustrates that the direct time models are slightly less

reliable in relative measures, which might be again due to the �xed distance coe�cients.

As for the standard deviations of errors, the time and speed models perform mostly with the

same trend for medium speeds. However, variation from the time model is higher for slower

and faster segments, which once again highlights that time models may be less reliable for

certain segments. The standard deviations from the pace model also become signi�cantly

larger for faster segments. As segments get faster, the changes in pace become smaller. Since

faster segments tend to be long highway sections, small variations in pace could contribute

to larger travel time variations.

Despite the similar conditional average percentage errors for the normalized models, the

standard deviations become higher for faster segments in the pace model, which again could

be smaller pace di�erences for faster segments. The standard deviations for time models

are also consistently higher than the normalized models. We once again believe the length

coe�cients from the time models may be too restrictive for the models to adapt to di�erent

segment lengths or speeds.

Both �gures show that the models underestimate the travel time on slower segments but

overestimate on faster segments. This is also expected since the models were given little

information on pedestrian counts, congestion, or tra�c light timings, which would be more

relevant for slower segments, whereas the faster segments typically include long sections on

highways with few tra�c lights or sections in areas without congestion. We once again

highlight the need to include tra�c light timings and tra�c levels in the modelling process

in future works.

Finally, Figures 5.4a and 5.4b show the modelling errors aggregated by the segment length.

From Figure 5.4a, we can again see that the errors from all three models follow similar trends

for conditional averages. Once again, this makes sense since the models try to minimize the

errors. The speed errors are generally stable for segments less than 1.8 km. However, the

errors gradually increase for the direct time model and decrease for the pace model. This

shows that the time and pace models may have put too much emphasis on segments that are

roughly 1.1 km long and became less �exible for other segments.

The standard deviations for all three models follow the same general trend, varying around

40% to 60%. However, the variation becomes larger for longer segments and the pace model

has the largest variations for longer segments.
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(a) Error

(b) Percentage Error

Figure 5.4 Errors Aggregated by Segment Length
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Figure 5.4b, which shows the aggregated percentage errors by segment length, highlights the

large di�erences between the two models for shorter segments typically found on regular local

routes. The direct time conditional percentage errors vary to as much as -80%, whereas, the

normalized results from speed and pace models have percentage errors around 0% to 30%

for short segments, much more stable compared to the direct time model. This indicates

that despite the similar aggregated errors between the direct and normalized models, small

changes in the model result can lead to relatively larger di�erences relative to the actual

observed values on these shorter segments. For longer segments, the direct and normalized

models become much more similar, which again shows the potential biases that the direct

time model may place too much emphasis on long segments given their long travel times.

Similar observations can be found for the conditional standard deviations. The conditional

standard deviation varies up to 150% for short segments in the time model. The conditional

standard deviations for the two normalized models are much more stable across various

segment lengths at around 25% to 40%. This observation once again highlights the fact that

small changes in the model result can lead to relatively larger di�erences.

These larger relative errors for shorter segments also make sense. The tra�c light waiting

times or dwell times at stops become a more signi�cant portion of the travel time for the

shorter segments. Thus, we again emphasize the need to include more detailed tra�c light

timing and ridership data in the models or to create a hybrid model to include them in the

analysis. In addition, shorter segment lengths correspond to the local services, where vehicles

make every single stop. Typically, local services represent the majority of services provided

by transit agencies. This suggests that normalized speed or pace models perform relatively

better for shorter segments and local services. Thus, transit planners need to consider their

speci�c planning context, whether they would prefer certain biases in the model or if they

are willing to accept the larger relative errors on short segments. Again, since di�erent

measures evaluate the results "from di�erent angles" (Kolassa, 2020), transit planners and

future researchers need to think more about which measure is more suitable given a speci�c

context.

5.5 Conclusion

To summarize, good travel time estimations are important for both transit agencies and

passengers, who rely on good travel time estimations for their decision-making processes.

However, travel times are the results of varying speeds, paces, and distances. Given the same

speed, longer segments will have longer travel times, whereas shorter segments will have

shorter travel times. Similarly, given the same distance, a faster speed will result in shorter
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travel times, and a slower speed will result in longer travel times. Hence, it is possible to use

time, speed, or pace as inputs for planning purposes.

Most of the previous literature focuses on travel times, and normalized measures, like travel

speeds or paces, are typically used to evaluate delivered services or to plan infrastructures.

Thus, we raise the question, how do we compare the e�ectiveness of these common transit

measures when we model a transit system?

We hypothesized that normalized measures may be better suited when evaluating transit

performances or planning for transit schedules since it does not depend on travel distances

like the travel time measures. In addition, there are many analysis levels when analyzing

transit services. The current scheduling or service planning practices typically focus on

timepoint-to-timepoint or service pattern travel times. For passengers, they typically focus

on the travel or arrival times at speci�c stops, since they do not necessarily travel between

timepoints. We also consider that inter-stop level may be more suitable for understanding

travel conditions since it does not heavily depend on signal timings and dwell times.

Thus, in this paper, we proposed a framework to compute and compare the travel time,

speed, and pace measures commonly used by transit agencies at various analysis levels. To

test these measures, we came up with two scenarios. One is to test the expansion of service

areas using new routes, and another is to test new service hours for existing services.

Our simple models show that the modelling results are in line with our expectations. Our

evaluations show that the non-linear models perform slightly better. Transit travel times,

speeds, and paces are greatly impacted by temporal variables, like time of the day, spatial

variables, like street classi�cations and the number of tra�c lights, as well as operational

variables, such as service frequency and ridership. However, most other spatial variables like

land use are not signi�cant for travel time models. The distance coe�cients in travel time

models are �xed paces, i.e. the time to travel 1 kilometer, which may be too restrictive to

deal with the changing segment lengths and speeds in reality.

Spatial, temporal, and operational variables can explain higher analysis levels much better,

such as timepoint-to-timepoint and service pattern levels. For lower levels, the inter-stop level

performs better than the stop-to-stop level. These results show that the analyses at higher

levels may hide more detailed variations at lower levels. Improving the results at these lower

levels requires more detailed data and further studies. Therefore, we emphasize the need to

further include detailed dwell times and tra�c light timings in the modelling processes to

improve the models. In addition, since dwell times and tra�c light timings are related to the

times, whereas travel conditions are related to speed or pace, future researchers could also

test a hybrid model using detailed inter-stop speed, tra�c light timing, dwell times, etc.
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Segments with existing observations can help greatly when trying to estimate travel times for

expanding service hours, since they have a segment-speci�c intercept to take account of the

di�erences between segments. However, the normalized results from speed models typically

win for the new route scenarios, given the lack of segment-speci�c intercepts. We believe

planners could more intuitively estimate how fast buses can travel along the segments based

on local knowledge and environmental variables when planning for a new route.

We also highlight the shortcomings of using speci�c aggregated measures in previous liter-

ature, since di�erent measures evaluate the results "from di�erent angles" (Kolassa, 2020).

A more disaggregated error analysis shows that the speed models tend to underestimate the

average travel times since the speeds are less a�ected by extreme values, such as extreme

weather events. Pace models, on the other hand, tend to overestimate average travel times.

Direct travel time models tend to have less skewed errors. All three approaches perform sim-

ilarly in terms of the average errors. However, the speed and pace models perform relatively

better and more consistently relative to the actual values. Time models tend to struggle

more with faster average speeds and short segments, which can be attributed to the �xed

paces in the coe�cients. Thus, transit planners and future researchers might want to spend

more time experimenting with which measures to choose given a speci�c planning context.

We acknowledge that this paper is by no means an exhaustive evaluation of all possible

measures and models used in transit planning. Our goal here is to introduce additional

nuances when planning for a transit network or analyzing the modelling results. Future

researchers could easily adopt and expand upon this framework to test new methods with

additional variables, such as weather, signal timings, ridership variations, and congestion

level to better help agencies plan and react to changes in the network for their operations. In

addition, future researchers could also compare and experiment with many other modelling

methods, such as time-series and arti�cial intelligence methods.

Finally, we want to mention that our research is limited in terms of passenger experiences,

since we do not have detailed passenger data. It is important to consider the impact of

service delivery on passenger experiences, since passengers may shift to other modes if their

experiences are bad. We have mostly talked about how transit vehicles may get stuck in

tra�c. However, for passengers, another potential way to get stuck is missing a transfer.

Thus, operational measures like the ones we compared may not necessarily re�ect passenger

experiences. Therefore, future researchers could also introduce additional analysis levels by

incorporating passenger experiences.
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Abstract

Transit service reliability is important for transit planning and operations as well as passen-

ger experience. Large travel time variations increase operating costs and negatively a�ect

passenger satisfaction. Existing literature focuses on speci�c aspects of transit travel times

but less on how these aspects interact with each other. This paper proposes to combine

previous research e�orts by further decomposing observed trip travel time into 4 elements

using 3 months of archived vehicle location and fare transaction data. Departure times and

inter-stop travel times are obtained from vehicle locations. Dwell times at stops are estimated

from fare transaction data using a dwell time model. Red light waiting times are calculated

using the vehicle locations and estimated signal timing plans. Then, using these as inputs,

we identify important trip elements a�ecting the overall travel time variation, as well as how

much variation can be attributed to each trip element using variance-based and one-at-a-time

sensitivity analyses.

The overall travel times and red light waiting times are more a�ected by interaction e�ects be-

tween trip elements, whereas the overall inter-stop times and dwell times are mainly a�ected

by large individual variations. The results suggest that planners must consider potential
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chain reactions where small variations in one trip element can lead to signi�cant changes

in the overall trip times due to interaction e�ects with varying cycle lengths in �xed signal

timing plans. These �ndings will help planners better integrate available datasets, carry out

comprehensive analyses, and pinpoint the determinants a�ecting travel time variation on

each route.

Keywords: Transit Planning, Transit Travel Times, Travel Time Variations, Sensitivity Anal-

ysis
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6.1 Introduction

Reliable travel time is important for both transit agency operations and passenger satisfac-

tion. Transit agencies and planners have been striving to achieve better reliability. From

the agencies' perspective, travel time reliability a�ects both vehicle and operator scheduling.

Transit planners typically add schedule padding or layover times to account for potential

travel time variations, which will, unfortunately, increase the operating costs (Danaher et al.,

2020). Missing a layover will also propagate delays to downstream trips and cause driver dis-

satisfaction issues (Danaher et al., 2020). Unreliable travel times will also force passengers

to budget additional time to arrive at their destination on time, which in turn a�ects their

satisfaction and mode choice (Carrel et al., 2013a). Some passengers value reliable service

more than service frequency and faster travel times (Balcombe et al., 2004; Daskalakis and

Stathopoulos, 2008).

Many studies have looked at the reliability of transit travel times from speci�c perspectives,

such as travel times on various analysis levels (e.g. timepoint to timepoint) (Muller and

Furth, 2001), dwell times at stops (Dueker et al., 2004), as well as signal priority measures

at intersections (Furth et al., 2025). However, little attention has been paid to how these

di�erent elements interact with each other. For example, due to signal synchronization, if the

vehicle always arrives at the stop during the red light, maybe dwell time variation becomes

less critical. On the other hand, if the vehicle always arrives during the green light, the

previous inter-stop tra�c and dwell time can become more critical when the driver tries to

cross the intersection before the light turns red. Thus, it is still important to consider the

interactions between di�erent trip elements as well as to quantify the sensitivity of each trip

element.

Hence, we hope to better integrate various data sources already available to most agencies,

such as vehicle position and fare collection data. Then, we aim to carry out a more detailed

comprehensive analysis that would include all these various aspects to better describe these

factors a�ecting transit travel time variations. Finally, we also attempt to help planners better

identify the important determinants a�ecting travel time variation among these factors on

each route, which will help create speci�c strategies to improve travel time reliability.

This paper aims to combine the previous research e�orts by further decomposing the travel

times by splitting the overall travel times into various trip elements. Then, we will conduct a

sensitivity analysis using variance-based sensitivity analysis and one-at-a-time analysis. This

would allow us to answer the two questions: Where do travel time variations come from?

How much travel time variation can be attributed to each trip element, i.e. departure time,
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inter-stop time, ridership change, and tra�c signal timing change?

We propose to answer these two questions by further decomposing observed trip travel times

using 3 months of archived transit data from various sources in Montréal, Canada. The exist-

ing literature focused on three aspects of the total travel time, inter-stop time (congestion),

dwell time (ridership), and red light waiting times (tra�c signals). The inter-stop times, i.e.

how long the vehicle travelled from one stop to another, are easy to obtain from the vehicle

location system. Unfortunately, due to data availability issues, we will create two models to

estimate dwell times and red light waiting times. The dwell time, i.e. how long the vehicle is

stopped for passenger activities at a given stop, is estimated based on the ridership observa-

tions, where we used 25,000 on-board observations to estimate a dwell time model, and the

model is applied to the ridership data obtained from automated fare collection where there

are no on-board observations. Red light waiting times, on the other hand, are the interaction

between the vehicle arrival times at the signal and the signal timing plan, which we will have

to calculate separately. The arrival time can be calculated using the departure time plus

the travel time up to the given intersection. The tra�c signal timing plans, including the

timing plan changes, o�set, red length, and cycle length, are estimated based on the vehicle

location observations using the methodology proposed by Fayazi et al. (2015). Since tra�c

signal timings are not under the agency's control, we treat them as a �xed input and analyze

the variations in red light waiting times as a result.

Finally, we conduct two sensitivity analyses on these decomposed times to demonstrate the

importance of each trip element. First, we propose to use the variance-based analysis, followed

by the one-at-a-time analysis. The variance-based analysis is a global method that can

handle interaction e�ects and non-linearity among di�erent variables (Saltelli et al., 2008).

The results provide two indices regarding the proportion of variation that can be attributed

to each trip element, one with the interaction e�ects and one without. We also perform

some example one-at-a-time analyses to demonstrate the non-linearity observed between the

variation of a trip element and the overall variation in trip travel times.

The results will enhance our understanding of travel time variations and help planners identify

certain locations or trip elements a�ecting travel time variations. In turn, these insights

could help agencies target speci�c issues, choose the appropriate strategy to improve the

reliability of a given route, develop more robust transit schedules, and thus improve passenger

experiences.

This paper is structured as follows. We will summarize existing research contexts in the

literature review section. Then, we will explain the research framework, data sources, and

detailed methodology in the methodology and data section. Next, we will show the result of
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our case study using data from Montréal, Canada in the case study section. Finally, in the

conclusion and future research section, we summarize our work and results in this paper, as

well as showing potential future expansions to this work.

6.2 Literature Review

Transit reliability measures are commonly used by transit agencies in their planning and

operations. Academics have also studied speci�c elements of transit reliability and proposed

numerous additional measures. The focus of current literature is typically on di�erent levels

of travel time variations, ridership variations which relate to dwell times, and transit priority

measures.

Research has focused extensively on transit travel times since the implementation of Auto-

mated Vehicle Location systems. Travel time variations are important for transit agencies

because they serve as a key scheduling input to determine the schedule padding and layover

times needed, which a�ect vehicle requirements (National Academies of Sciences, Engineer-

ing, and Medicine and others, 2013). The variations are typically analyzed at four di�erent

levels, line, trip, timepoint to timepoint, and stop to stop levels according to an agency sur-

vey (Danaher et al., 2020). The analyses for travel time variations have focused on typical

variation measures such as the standard deviation, coe�cient of variation, or a prede�ned

percentile (National Academies of Sciences, Engineering, and Medicine and others, 2013).

Common factors a�ecting transit travel times are typically route length, passenger activity,

and number of signalized intersections, dating back to 1984 from Abkowitz and Engelstein

(1984). Researchers also show that the number of stops, direction, time-of-the-day, dwell

time, and weather variations also have signi�cant e�ects on route run time (Berkow et al.,

2009).

Some researchers have also observed mixture travel time distributions in recent years (Ma

et al., 2013; Kieu et al., 2015). A mixture distribution means travel time observations are

generated �rst from a collection of underlying distributions or operating conditions (e.g. free-

�ow vs congested tra�c �ows) with various associated probabilities (Ma et al., 2013). Then

the value is selected from the selected probability distribution. Travel times following the

mixture distribution means that if we put the observed travel times in a histogram, we can

observe more than one peak, unlike the Normal distribution or a skewed distribution with

one single peak.

Figure 6.1 shows an example of a mixture distribution with multiple peaks in the distribution

shape observed on the westbound route 27 departed at 6:30 am in Montréal. In the �gure,
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we can observe three main peaks at roughly 6:46:30, 6:48:00, 6:49:30, and many smaller

peaks earlier and after the three main peaks. Each peak, separated by roughly 1 minute

and 30 seconds, would represent an underlying distribution or operating condition. Given

that the tra�c signal cycle lengths for the last stretch of this route are 90 seconds, we would

hypothesize that it relates to whether the bus misses a tra�c signal cycle or not.

Figure 6.1 Example of mixture travel time distribution observed for trips departed at 6:30
on westbound route 27 in Montréal.

In addition, even the smallest scale so far, namely the stop-to-stop scale, consists of the travel

time between the two stops, dwell time at one stop, and potentially multiple tra�c signal

waiting times. Buses routinely wait for tra�c signals, and higher ridership at a stop could

also contribute to buses missing a green light. A much �ner analysis scale with the ability

to better isolate various trip elements and handle interaction e�ects among these elements is

needed to attribute the travel time variation to a speci�c issue or a combination of issues.

Dwell times have also received high coverage in previous studies. It is de�ned as the time a

vehicle spends at stops for passenger boarding and alighting, typically the time between the
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door opening and closing (National Academies of Sciences, Engineering, and Medicine and

others, 2013). Similar to travel time studies, dwell time studies have also focused on typical

variation measures such as the standard deviation, coe�cient of variation, or a prede�ned

percentile (National Academies of Sciences, Engineering, and Medicine and others, 2013).

Some studies analyzed stop-level dwell times, which can be compared with vehicle load to

understand the source of dwell time variability. The variability could be due to passenger

boarding and alighting activities, existing crowding in vehicles which makes boarding and

alighting di�cult, fare payment methods, and ramp usages (Dueker et al., 2004; Rashidi

et al., 2023; Currie et al., 2013). However, there is less attention in the existing literature on

how dwell times might impact the overall travel times.

The Transit Capacity and Quality of Service Manual (National Academies of Sciences, En-

gineering, and Medicine and others, 2013) does not consider the time a vehicle remains

stationary at the stops after passenger boardings and alightings as dwell time, such as red

light waiting time. Most tra�c signal-related studies in the transit context are related to

transit signal priorities for transit vehicles. Many studies show positive impacts of transit

priority signals on reducing transit travel times (Lin et al., 2015). However, some other stud-

ies failed to show any signi�cant travel time gains from signal priority, and they speculated

that the no right turn on red policy combined with near side stops hinders bus departures

(Diab and El-Geneidy, 2013). Many previous studies also only considered the number of

priority signals in the model and didn't include any detailed signal timing information that

could have contributed to the situation.

For some cities, especially in downtown areas, the majority of the signalized intersections

still use a �xed timing plan. Researchers have suggested that good arrival time predictions

are important in these cities for transit priority signals to be e�ective at reducing travel

times (Li et al., 2012). Better inter-stop and dwell time estimations are needed to improve

the arrival time predictions. Scheduling strategies can also be adapted to take advantage

of transit priority signals (Altun and Furth, 2009). However, these previous studies tend to

focus on one speci�c intersection or a few consecutive intersections on a given corridor, which

would have similar base timings. Similarly, some studies only included the number of priority

signals to model their e�ects, which essentially assumes these signals behave similarly. Since

buses can make turns and travel through multiple corridors, the signal synchronization and

cycle lengths may all be di�erent in reality. Smaller intersections typically have shorter cycle

lengths, while large intersections have longer cycle lengths. There is still a need to consider

how the travel time and red light waiting times are a�ected by varying signal cycle lengths

and synchronization patterns.
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Overall, the literature mostly focused on the travel time impacts from one speci�c element

of the transit system, namely the variation in travel times, dwell times, and signal priorities.

There is still less attention on combining these various elements to examine how these travel

time elements a�ect and interact with each other. For example, given a signal synchroniza-

tion, if the vehicle always arrives at the stop during the red light, dwell time variation can

become less critical since the bus is stopped by the signal anyway. On the other hand, if the

vehicle always arrives during the green light, the previous inter-stop tra�c and dwell time

can become more critical when the bus tries to rush through the intersection before the light

turns red.

In addition, since transit agencies have limited resources, there is still a need to help planners

prioritize their resources. Thus, it is important to determine which trip element is more

important on a given route to reduce the overall travel time variations. By evaluating the

importance of each trip element, planners can select a good and e�ective strategy to improve

the reliability of a speci�c route.

Thus, in this paper, we propose a framework to further decompose transit travel times so

that the variation of each trip element along the route can be isolated. Given the limitations

of earlier studies, we also conduct a sensitivity analysis to rank the importance of each trip

element based on its potential impact on the overall travel times. We aim to provide better

tools to help planners diagnose and improve transit reliability.

6.3 Methodology and Data

Figure 6.2 shows our research framework. The basic idea is to decompose the trip travel times

into the sum of a sequence of times. For this paper, we decompose the trip travel times into

three categories, inter-stop times, dwell times, and red light waiting times. To reconstruct

the arrival times at each stop, we also need to include departure times in our analyses.

To get these detailed times, we use the General Transit Feed Speci�cation (GTFS), GTFS

Real Time (GTFS-RT), OpenStreetMap, Automated fare collection, and some ride-check ob-

servation data. The departure times and inter-stop times are directly obtained or calculated

from the GTFS-RT feed. Due to the lack of door-closing times, we estimate a simple dwell

time model at the stop level using ride-check observation data and apply the model to the

fare transaction data. The tra�c light settings are also estimated following the methodology

proposed by Fayazi et al. (2015) due to data availability issues.

Then the decomposed travel times are grouped by route direction and three di�erent time-of-

the-day and used for sensitivity analyses. Here, we focus on both the variance-based analysis
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(Saltelli et al., 2008), which is a global method that quanti�es the proportion of variance

that can be attributed to each variable. We also conduct a one-at-a-time sensitivity analysis

to better illustrate the non-linearity between the input variables and the overall travel times.

Since sensitivity analyses require varying one or more variables, we can adjust the inter-stop

and dwell time variables given the observations. However, since signal timings are mostly

�xed and not within the agency's control, we calculate the resulting red light waiting times

given the arrival time at the signal and the signal timing plan as input.

We use the data provided by Société de Transport de Montréal on the island of Montréal in

Canada as a case study. The system currently has 222 bus lines in operation, about 2000

buses in the �eet, and more than 17,000 published bus trips on average weekdays. More

detailed information regarding the methodologies and data used in each step can be found

in the subsections below.

Figure 6.2 Research Framework
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6.3.1 De�ning the Trip Elements

The GTFS �le provides detailed information on the planned services, such as schedules and

geographical information for the routes and stops. Since it only publishes transit-related

information based on stop arrival and departure times, we need to add more detailed infor-

mation to better isolate each trip element for our analysis.

To split the routes into these elements, we used the route shape from GTFS and matched

tra�c light positions from OpenStreetMap, so that we can estimate the red light waiting

times in later steps using the vehicle location information. Since there may be additional

tra�c signals between two scheduled stops and inter-stop time variations will cause the red

light waiting times to change for these signals, we will split the stop-to-stop segment at these

tra�c lights so that we can attribute red light waiting times to each signal along the route.

To reconstruct the travel and arrival times, we need to calculate four categories of information,

the departure time from the �rst stop, a series of inter-stop times, a series of dwell times,

and a series of red light waiting times. Since most of our bus stops are on the near-side, i.e.

right before the bus enters the intersection, The sequence of these times is typically ordered

as follows, �rst, we depart from stop 1 at a given departure time, followed by the inter-stop

time to stop 2, then the dwell time at stop 2 if applicable, and �nally the red light waiting

time at stop 2 if applicable. Since red light waiting times are the result of vehicle arrival time

at the intersection and the timing plan, we will have to calculate them using the arrival time

at the signal, based on vehicle position, and the estimated signal timing plan. The pattern

then repeats itself for the following stop-to-stop pairs until the service destination. Thus,

we de�ne our input variables following the same logic for every trip. After the introduction

of these times, we will provide an example to demonstrate the categorization in a separate

subsection.

6.3.2 Estimating Tra�c Signal Settings

Tra�c signal timing plan changes often since tra�c levels vary constantly. In addition,

due to roadworks, programming errors, or malfunctions, the planned signal timings are not

necessarily what is operated. Unfortunately, due to data availability issues, we could not

obtain the signal timings in real time. Thus, we will estimate the signal timings also using

the aforementioned archived bus trajectory data.

Given the high density of signalized intersections, most of the tra�c signals in Montréal use

the coordinated timing plan to optimize tra�c �ow on major streets, as recommended by the

National Cooperative Highway Research Program's Signal Timing Manual (Urbanik et al.,
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2015). There are three principal parameters for a coordinated timing plan, cycle length,

o�set, and split. Cycle length is the time for a complete sequence of signal phases at an

intersection (Urbanik et al., 2015). In Montréal, it is generally between 60 and 140 seconds,

depending on the tra�c volumes at the intersection. The o�set is de�ned as the time o�set

between coordinated phases to a prede�ned synchronization point (Urbanik et al., 2015).

They are used to o�set the green or red phases to help vehicles progress through multiple

intersections without stopping. The splits are the portion of green light plus clearance time

allocated to each phase at an intersection (Urbanik et al., 2015). In this paper, we will focus

on the green light time only, since the red times and clearance times have the same e�ect on

buses, i.e. buses are not allowed to cross the intersection.

To estimate these three tra�c signal settings, we mainly followed the methodology proposed

by Fayazi et al. (2015) with some minimal modi�cations to handle a few particularities of

our local vehicle locations feed. The basic idea is to match stop times at a given tra�c light

observed over a given time of the day by testing out various cycle lengths and signal o�sets

to see which combination �ts the observations the best. Then, using a moving window, we

can detect changes in tra�c signal schedules, such as peak schedule vs o�-peak schedule.

Readers interested in the details can refer to the original paper cited above.

To verify the estimated signal settings, we conducted ride checks on board buses and point

checks at intersections. The estimation errors are typically around 3 to 5 seconds. We

consider this acceptable, as it is similar to the length of yellow lights and the errors observed

in the original paper (Fayazi et al., 2015). As mentioned in the original paper, drivers have

di�erent risk tolerances towards yellow lights, some may treat it as a green light and some may

treat it as a red light, thus causing some slight discrepancy in the estimated timing (Fayazi

et al., 2015). For Montréal, we mainly use �xed signal timing plans with very little �exibility,

which allows this estimation method to function well. Unfortunately, the sensitivity for more

�exible timing plans and more aggressive transit signal priorities has to be left for future

research.

6.3.3 Getting Departure Times and Inter-Stop Times

This step mainly uses the GTFS-RT data, which provides the actual bus arrival and departure

times at stops, as well as detailed bus location and speed information around every 5 to 20

seconds. Using this information, we can directly obtain or calculate the departure times and

inter-stop times needed for our analyses. Here, we used 3 months of archived data from

January 8, 2024 to March 24, 2024.

Since this project focuses on travel times, outlier observations, such as major detours, might
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greatly a�ect the sensitivity of travel time, and agencies are typically aware of these types of

travel time variations. Thus, we will remove these outliers from the analysis using Density-

Based Spatial Clustering of Applications with Noise (DBSCAN) (Ester et al., 1996), which

is a density-based algorithm to identify clusters and outliers in the data. To reiterate, due

to various statistical distributions observed in previous research (Kieu et al., 2015), we don't

want to make any assumptions about the data distribution. In addition, due to the mixture

travel time distribution observed (e.g. Figure 6.1), there may be many small clusters of

travel times that might be more extreme but meaningful. Hence, we choose this method for

cluster detections and outlier removals. For each trip, we compare the similarities of the trip

departure, travel time and delay observation for all trips. The outliers that are not similar

to other observations, such as signi�cant delays and unusually long or short travel times, are

identi�ed and removed from the analysis.

6.3.4 Estimating Dwell Times

The dwell time is de�ned as the time for passengers boarding and alighting the bus (National

Academies of Sciences, Engineering, and Medicine and others, 2013). However, due to the

lack of door-closing times and some drivers leaving the door open for ventilation while waiting

for the red lights, we will estimate a dwell time model using ride check observation data.

The ride check observations include detailed door opening times, number of boardings, num-

ber of alightings, and any kneeling or ramp usages. The end of dwell time is de�ned as either

the door closing times collected on-board, or 5 seconds after the last passenger boarding or

alighting in case the driver leaves the door open. Then, using roughly 25,000 dwell time

observations over two years, we estimated a simple dwell time model using linear regres-

sion using these observations, following the example from Dueker et al. (2004). For trips

without on-board observations, we used the origin-destination from fare transaction data to

obtain the passenger counts at each stop, and applied the estimated dwell time model for

decomposition.

We acknowledge that the dwell time model is in no way perfect, as there remain some is-

sues with the agency's ridership matching algorithm, our ridership observations can still be

improved, and dwell time variations deserve more research on their own. As the agency

improves the origin and destination matching algorithm, future researchers could add more

variables with regard to the overall passenger �ow, ridership variations given bus bunching,

trip purposes, and so on. However, due to the time limit, we will settle with these imperfec-

tions for the moment and only focus on the sensitivity analyses at a given stop. We will leave

improving dwell time models, passenger �ow models, understanding ridership variations, and
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passenger arrival patterns as a future research task.

6.3.5 Example of decomposing a stop-to-stop travel time observation

Figure 6.3 Example: Splitting a Stop to Stop Travel Time Observation

Finally, to sum up these detailed time breakdowns, Figure 6.3 shows an example time distance

diagram for one stop-to-stop travel time observation. Here, we have a stop-to-stop travel time

observation where the bus starts from the terminal (distance 0 m) and travels to stop 2 on

the route (140 meters after the terminal). From the time-distance graph, we can see that the

stop-to-stop travel time is 2 minutes and 50 seconds from 7:22:51 to 7:25:41. The stop-to-stop

travel time is split �rst into the inter-stop time which is the time it took to travel to the next

stop from 7:22:51 to 7:24:41. For our example, despite the bus being 20 meters away from the

stop for over a minute, the door did not open due to congestion, so the inter-stop travel time

is around 1 minute and 50 seconds. Then, as the bus stops at the second stop, the stopped

times are split into dwell times according to the dwell time model, which is estimated to be

around 20 seconds, given the estimated passenger boarding and alighting numbers. Then,

the bus stays at the near-side stop for the remainder of the red light doing nothing, until the

green light activates at 7:25:41 according to the estimated timing plan. Thus, the estimated

red light waiting time is around 40 seconds. The decomposition is repeated and performed for

every stop-to-stop observation that follows until the end of the route and for every recorded

trip on a given route-direction.
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6.3.6 Sensitivity Analyses

Sensitivity analyses are typically used to attribute the variation of model outputs to the input

space. In this paper, we analyze the sensitivities by route-directions and by three time-of-the-

day periods, since the signal synchronization, ridership pattern, and tra�c conditions may be

di�erent. There are typically two main categories of sensitivity analyses, one-at-a-time and

global analyses (Saltelli et al., 2008). We will provide a quick introduction to both methods

in this subsection.

Variance-Based Sensitivity Analysis

Due to the complexity and non-linearity typically observed in previous travel time studies, we

�rst consider the variance-based sensitivity analysis (also referred to as the Sobol method).

Variance-based sensitivity analysis is a commonly used method that can handle non-linearities

between input and output results. It is typically used in analyzing large environmental or

biological models (Saltelli et al., 2008), albeit rarely used in transportation �elds. It is also

included in many statistical or optimization software packages.

A quick summary of the method is that it varies all input variables at the same time. Then,

it sends the inputs to the model, e.g. a travel time model, which is considered a black box.

Next, it decomposes the total variance of the model output into partial variances, i.e. the

percentage of total variance, and attributes the partial variances to individual input variables.

Readers who are interested in more detailed derivations and explanations can refer to Saltelli

et al. (2008).

To generate the samples needed to calculate these indices, researchers typically conduct a

Monte Carlo simulation (Saltelli et al., 2008) to uniformly sample all input space. However,

given the various travel time distributions observed from previous studies (Kieu et al., 2015),

we decided to use the observed trips as inputs to avoid making assumptions about the data

distribution.

The method would then randomly split our trip observations into two matricesA and B ,

with each row representing a trip observation and each column representing a trip element

de�ned above.

A =

2

6
6
6
4

a1;1 ::: a1;k

::: ::: :::

aN;1 ::: aN;k

3

7
7
7
5

; B =

2

6
6
6
4

b1;1 ::: b1;k

::: ::: :::

bN;1 ::: bN;k

3

7
7
7
5

(6.1)
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Sensitivity analysis attributes the output variance to the variation in some input variables

while holding other variables constant. For the variance-based analysis,k matricesC1:::k are

then generated using matricesA and B . Matrix C i uses all elements ofA except the column

corresponding to variable (or column)i, which is taken fromB , thus allowing the method to

calculate the impact on overall results by varying one variable (Saltelli et al., 2008). As an

example, Matrix C2 is:

C2 =

2

6
6
6
6
6
6
4

a1;1 b1;2 ::: a1;k� 1 a1;k

a2;1 b2;2 ::: a2;k� 1 a2;k

::: ::: ::: ::: :::

aN;1 bN;2 ::: aN;k � 1 aN;k

3

7
7
7
7
7
7
5

(6.2)

In simpler terms, the method uses one observed trip as a base case, then replaces di�erent

elements of the trip with the observations from another trip, i.e. what would have happened

if the bus were to spend a di�erent amount of time at a given section. If the analysis includes

a change to make an extra stop, the inter-stop times cannot be directly applied due to the

extra slowdown and acceleration time needed. In this case, we will estimate and include the

time changes due to additional or skipped stops. Similarly, new red light waiting times are

recalculated using the updated arrival time or signal timing plan.

Finally, the sensitivity indexes are estimated using original travel times observed for trips in

A and B , and the potential impact calculated from matricesC1:::k (Saltelli et al., 2008).

The model produces two main indices, the �rst-order index and the total-order index. The

�rst-order index is calculated as the percentage of total variance reduced if one variable were

�xed (Saltelli et al., 2008). In other words, the �rst-order index is the percentage of the total

variance caused by the variation of a given input variable, without interaction e�ects. It is

formulated as

Si =
V ar[E(Y jX i )]

V ar(Y)
(6.3)

Similarly, the total-order index is calculated as the complement of the variance produced by

varying all but one variable, normalized by the total variance (Saltelli et al., 2008). In other

words, it shows the percentage of the total variance caused by the variation of a given input

variable, with interaction e�ects. It is formulated as

ST i = 1 �
V ar[E(Y jX j 6= i )]

V ar(Y)
(6.4)
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These indices lie between 0 and 1, since they represent a percentage of total variance. These

indices can also be used for ranking purposes according to the share of total variance at-

tributed to each input. The �rst-order indexes typically add up to less than 1 due to the

exclusion of interaction e�ects. Similarly, the sum of total-order indices will typically exceed

1 due to counting interaction e�ects multiple times.

Although it is theoretically possible to calculate any n-th order sensitivity indices, they are

not practical to calculate or apply. Assuming there arek total variables, the number of

n-th order indices is the number of ways to choosen variables from all k variables, i.e. the

combination C(n; k) = n!
k!(n� k!) . The computational complexity is generally too expensive

to calculate the sensitivity indices among various combinations of variables. Hence, most

studies will only focus on the �rst and total order indices.

One-At-A-Time Sensitivity Analysis

One-at-a-time sensitivity analysis is a typical direct approach to see the e�ect of changing

one input on the output (Czitrom, 1999). The steps are incrementing one input variable

while keeping the others constant, then returning the changed input to its original value, and

repeatedly changing the other variables in the same way. Sensitivities are typically measured

by the partial derivatives, i.e. the amount of change observed in the output by changing the

input by 1.

Due to its simplicity, the method does not examine the entire input space like the variance-

based method from above, and thus the results do not show the interaction e�ects and

non-linearity (Czitrom, 1999) between variables. Due to its easy-to-understand nature, we

decided to include this method to better illustrate the sensitivity results and non-linearity

between trip travel times and various trip elements. However, we will not aggregate the

results into one number in this paper due to the limitations mentioned above.

6.4 Case Study: Montréal

In this section, we present the sensitivity results using the data from Montréal. First, we

will provide a quick overview of the variance-based global analysis results for 20 selected

routes operating in the central part of Montréal, so that readers can have an understanding

of the most important factor a�ecting each travel time component. Then, we will use the

westbound Route 27, the northbound Route 30, and the eastbound Route 97 as examples

to demonstrate more route-speci�c analyses. The data and conclusions may be speci�c to

Montréal and the routes analyzed, but the readers can nevertheless adapt the methodology
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for their cities and draw their own conclusions given their speci�c local contexts.

6.4.1 Overall Variance-Based Sensitivity Results for 20 Selected Routes

Here, we summarize the most important factors a�ecting 20 selected routes in the central

areas of Montréal. These routes typically travel through areas with a higher population

density, mixed-use developments, and higher tra�c light density. First, we will show the

most important factors for each travel time component, i.e. inter-stop travel times, dwell

times, and red light waiting times. Then, we will present the sensitivity results for the

overall trip travel times.

Most Important Factors A�ecting Inter-stop Travel Times and Dwell Times

The di�erences between �rst-order and total-order sensitivities are very small for the overall

inter-stop and dwell times. Therefore, the results suggest little interaction e�ects contributing

to the variation of inter-stop times and dwell times.

The important factors a�ecting the overall inter-stop times are all inter-stop variables. As we

categorized the trips by time-of-day periods, the inter-stop travel times are relatively similar.

Therefore, they are not as sensitive to the departure time changes as the overall trip times

and red light waiting times as we will demonstrate later. The overall inter-stop time is also

not very sensitive to the signal timing plan changes, since the vehicles would still need to

travel to the next stop in similar tra�c conditions.

Similarly, the most important factors a�ecting the overall dwell times are all ridership vari-

ables for the stops. This makes sense since dwell times only include the times for passenger

activities as de�ned by Transit Capacity and Quality of Service Manual (National Academies

of Sciences, Engineering, and Medicine and others, 2013) (e.g. Figure 6.3), and we do not

yet consider the ridership variations caused by vehicle interactions or schedule adherence

issues in this paper. Therefore, we emphasize the future research need to better understand

ridership variations caused by vehicle interactions, as well as incorporating passenger arrival

patterns into the variance decomposition models.

Most Important Factors A�ecting Red Light Waiting Times

Figure 6.4 shows the most important factor contributing to the overall red light waiting time

variations. Again, according to the Transit Capacity and Quality of Service Manual (National

Academies of Sciences, Engineering, and Medicine and others, 2013), red light waiting times
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Figure 6.4 Most important factors contributing to overall red light waiting time variations
for 20 routes at various time-of-day periods

are the times stopped after passenger boardings and alightings are complete (e.g. Figure

6.3).

The most important factor for the red light waiting times on the 20 routes (40 route-

directions) analyzed is almost all departure time changes at the �rst stop. The number

of route-directions with the departure times as the most important factors remains stable

throughout the day, roughly 36 to 37. The number of route-directions with other factors as

the most important is generally around 3 to 4. As the day goes on, the number of route-

directions with inter-stop times as the most important factor slightly decreases, but the

number of route-directions with dwell times as the most important factor increases slightly

as the ridership variation becomes higher later during the day. Still, it is very important to

consider the departure time when analyzing red light waiting time variations.

The 20 routes analyzed in this paper are all located near the center of the city, thus having

a higher density of tra�c lights. The red light waiting time counts towards 20% to 25%

of trip travel times for these 20 routes, and it is the category with relatively high variance.

This observation shows that it is really important for planners to choose the right departure
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time. If the planners want to reduce the red light waiting time variations, there is a need to

consider how departure time changes a�ect red light waiting time variations when adjusting

the schedules.

Currently, the signals follow a �xed timing plan with varying cycle lengths given the impor-

tance of an intersection. Larger intersections have longer cycle lengths (e.g. 140 seconds),

and quieter intersections have shorter cycle lengths (e.g. 60 seconds). Thus, green waves

do not necessarily line up perfectly for the entire bus route at all times. The importance of

departure time arises from how synchronized or de-synchronized the signals are. To reiter-

ate, since the travel times can be de�ned as the departure time from the �rst stop, plus a

series of dwell times, inter-stop times, and red light waiting times, the red light waiting times

down the route depend on the departure time at the �rst stop, and the previous inter-stop,

dwell, and red light waiting times. Thus, the departure time at the �rst stop roughly sets

the synchronization pattern further down the route.

Readers can consider a simple example. Buses leave intersection 1 at a perfect 5-minute

interval at an intersection with cycle lengths of 100 seconds i.e. every 3 cycles. For example,

departure times can be at 0, 5, 10 minutes, etc, past the hour. Then buses travel to inter-

section 2 with the same 1-minute travel time, thus arriving at the intersection at 1, 6, and

11 minutes past the hour. If the signal cycles at intersection 2 is 120 seconds and the green

light starts at 0, 2, 4, 6, 8, 10, and 12 minutes past the hour with 53 seconds green time and

7 seconds for yellow and clearance times, the �rst and the third bus will have to wait for red

lights at intersection 2 while the second doesn't. Hence, every other bus will have to spend

longer times trying to pass intersection 2.

Given the importance of departure time on red light waiting times, planners could add

adequate schedule padding to ensure the buses have similar travel times or to optimize for

speci�c departure times to include the red light waiting time variations in planned travel

times. Another potential strategy to reduce the red light waiting time variations could be

a more aggressive signal priority that is applied more in advance to reduce the signi�cance

of departure times. Moreover, not all trips are able to depart exactly on time, potentially

due to residual delays from earlier trips or waiting for a late passenger, etc. Thus, it is also

important for future researchers to �nd a way to better provide signal priority to buses while

considering the varying cycle lengths and potential departure, inter-stop, and dwell time

variations.

In addition, a common assumption used when creating schedules and optimizing vehicle

assignments is to assume travel times remain the same within a few minutes. Intuitively,

tra�c congestion levels may stay similar and ridership may remain similar if we change the
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departure time by a few minutes. However, as shown here, the red light waiting times are

signi�cantly a�ected by departure time changes. Thus, planners need to be careful when

optimizing bus schedules since the constant travel time assumption may not be applicable

everywhere.

Most Important Factors A�ecting Overall Trip Travel Times

Figure 6.5 Most important factors contributing to overall trip time variations for 20 routes
at various time-of-day periods

Figure 6.5 shows the most important factors contributing to overall trip time variations for

20 routes at various time-of-the-day periods. As we can observe from the �gure, the most

important factor can change throughout the day. Thus, planners may need to consider

di�erent strategies to improve transit reliability at various time-of-the-day periods.

The departure time contributes the most to the trip travel time variations for most of the

routes analyzed. As shown in earlier subsections, departure times are very important for

red light waiting times, but not as important for dwell and inter-stop times. Since red light

waiting times are also a big part of the overall travel times, the results suggest that variations
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in red light waiting times contribute greatly to the overall travel time variation. Moreover,

there are more possibilities for buses to get delayed or run early while interacting with tra�c

signals or congestion compared to the last stop on the route.

However, the number of route directions with departure time as the most important factor

decreases as the day goes on, decreasing from 23 route-directions during the AM peak to

20 route-directions during midday to 17 route-directions during the PM peak. The number

of routes having inter-stops as their most important factor grows from 14 to 16 from AM

peak to midday. The number of route directions with dwell time as their most important

factor grows from 3 to 7 throughout the day. As we will demonstrate in the later sections,

inter-stop time and dwell time variations become higher later in the day.

We believe this could be correlated to the travel pattern changes or signal timing plan changes.

For the AM peak, the tra�c patterns and ridership patterns are relatively stable, since most

people are going to work or school, as shops and other destinations are not yet open. As the

day goes on, more shops and restaurants begin to open, tra�c congestion and ridership can

become more �uctuated and signi�cant on some routes or certain sections. Thus, planners

may consider other ways to improve reliability, such as implementing bus lanes.

In addition, the changes may correlate to the three signal timing plan changes during the

day as well. During the o�-peak hours, such as midday, midnight, and weekends, the signals

typically use the same timing plan. During the two peaks, the timing plan is changed to

facilitate travel towards downtown in the morning or away from downtown in the evening.

Therefore, planners also need to consider how travel directions might potentially a�ect the

overall travel times.

6.4.2 Detailed Variance-Based Sensitivity Results for Three Example Routes

In this section, we will use the results from three di�erent routes analyzed to illustrate

the di�erent issues and factors a�ecting transit travel time reliability. These three chosen

examples are based on the most important issues discussed in the earlier section and are

somewhat representative of other routes in our study. However, planners want to be mindful

of di�erent local contexts and con�gurations for di�erent routes, although the analysis process

is similar. First, we will use the westbound route 27 as an example to illustrate the impacts of

departure time variations, which interact with signal timing plans and in turn a�ect the red

light waiting times. Then, we will discuss the northbound route 30, which faces congestion

variations in a popular shopping area. Finally, we will examine the eastbound route 97,

which has high ridership variations at the stop in front of the metro station.
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Westbound Route 27: Departure Time

Figure 6.6 Example: Sensitivity Indices for Westbound Route 27

Route 27 is relatively short and straightforward. The 4.1 km route operates on a secondary

corridor Saint-Joseph Boulevard through a densely populated neighbourhood on the eastern

side of the city. Its daily ridership is an average of 2400 passengers, mainly feeding passengers

into the metro service which is its western terminus. Its peak direction headway is 9 to 12

minutes with roughly 40 to 50 passengers on board. For o�-peak directions or hours, the

headway is typically between 23 to 27 minutes with roughly 25 to 35 passengers on board.

The planned one-way travel times are between 19 to 24 minutes. During rush hour, there is

also a limited stop service that supplements this local service in the peak direction only with

similar headways and ridership numbers. Another factor that makes this route interesting is

that it has the highest tra�c signal density within the network. On average, there is a signal

every 170 meters. However, the distance between signals is only 50 to 75 meters on some

sections.

Since we decomposed each stop-to-stop segment into 4 variables, departure time at the �rst

stop, inter-stop times, dwell times, and signal timing plans, the 22-stop service has 83 input

variables. As mentioned in the methodology section, we cannot calculate detailed results

showing every possible combination of variables and their interactions. To demonstrate

the computational complexity, the number of 41st-order sensitivity indexes for this route-
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direction would be C(41; 83), which roughly equals to8:39 � 1023. Hence, most studies

will only report the �rst and total order sensitivities for each variable (i.e. the sensitivity

attributed to 1 variable without or with interaction e�ects). We will include a map high-

lighting the most important variables using the total-order sensitivity (Figure 6.6), and we

will include examples of more detailed �rst and total-order results in the explanations.

The sensitivity results for the overall inter-stop and dwell times are similar to the observations

in previous sections. From the �gure, we can observe that the sensitivity indices are higher

near the north-eastern side of the route, at almost 0.7, meaning that with interaction e�ects,

70% of the total travel time variance can be attributed to the variables and their interactions

in this area. Given the small overall travel time variations, at around 2 to 3 minutes, this area

alone could be attributed 1.4 to 2.1 minutes of variation. The most important factor is the

departure times, the �rst-order sensitivities are around 8%, and the total-order indices remain

around 60% to 70%. This result again suggests that departure time alone doesn't contribute

much towards the overall red light waiting time variation. However, the interaction e�ects

of departure time contribute signi�cantly toward the overall travel time variation. Similar

to previous sections, the most important factor a�ecting the overall dwell time variation is

the stop with the largest ridership variance, located in the lower part of the map for the AM

peak, and the middle of the map for the midday and PM peak, contributing around 50% of

the total variance with interaction e�ects.

For the overall travel time variations, the most important factor for both the �rst-order

and total-order indices is the departure times at the �rst stop for all three time-of-the-day

periods, shown as a dark red circle on top of the �gures. Table 6.1 shows the departure time

sensitivity results with their equivalence in seconds calculated using the standard deviation.

From the table, we can see 8% of the total variance during the AM peak can be attributed to

the departure time without interaction e�ects (�rst-order). In terms of standard deviation

for context, it is roughly 10 seconds. If we include the interaction e�ects (total-order index),

the departure time attributes 67% of the total variance during the AM peak (roughly 83

seconds in terms of standard deviation). However, the sensitivity for departure time changes

slightly later in the day. The �rst-order indices for the midday and pm peak periods are 6%

and 8%. The total-order indices for the midday and pm peak periods are 47% and 42%.

Since the overall travel time includes the sum of all red light waiting times, where the impor-

tance of departure time dominates, and all inter-stop and dwell times, where departure time

is not as signi�cant. This result highlights the importance of red light waiting time variation

on the overall travel time variance.

More speci�cally, the signal cycle lengths along this route are 80, 90, 100, and 120 seconds,
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with a least common multiple of 3600 seconds. Thus, for any given departure time within

one hour, the green wave patterns and the red light waiting times will be di�erent. We

therefore emphasize the need for transit planners to pay more attention to the base timing

of tra�c signals and their interactions with transit vehicles when analyzing or planning for

travel times.

Table 6.1 Departure Time Sensitivity Results for Westbound Route 27

AM Peak Midday PM Peak

First Order (%) 8% 6% 5%
Total Order (%) 67% 47% 42%
Interaction E�ects (%) 59% 41% 37%

First Order (sec) 9.92 8.28 7.70
Total Order (sec) 83.08 64.86 64.68
Interaction E�ects (sec) 73.16 56.58 56.98

The second most important factor for the overall trip travel times is the tra�c light timing

changes, shown in the sections and points near the top of the maps. During the study period,

there was a tra�c light timing plan change due to a newly implemented bike lane as well as

improved pedestrian crossings. The change in signal timing contributed on average 2% of the

total variance without interaction e�ects (around 2 seconds in terms of standard deviation),

but 20% of the total variance with interaction e�ects (24 to 30 seconds in terms of standard

deviation) for all three time-of-day periods. Thus, a change in tra�c light timing may not

cause a signi�cant variation in travel times locally, but planners must consider the potential

chain reaction it has with downstream sections of the route when evaluating the impacts of

signal timing plan changes.

To summarize, the above observations show strong interaction e�ects between input variables

for the overall trip time and the overall red light waiting times, given the larger di�erences

between �rst-order and total-order sensitivity indices. Thus, the result emphasizes the need

for planners to choose the departure times at the �rst stop carefully and better understand the

interaction e�ects in transit travel times for planning. The results also show little interaction

e�ects for the inter-stop times and dwell times given our assumptions, which makes it easier

for planners to improve reliability for times in these two categories.

We will try to demonstrate the potential variations caused by di�erent variables and the

non-linear relationship by applying the one-at-a-time analysis on this route as an example in

the next section.
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Northbound Route 30: Inter-stop Time

Route 30 is a 11.3 km route, running north-south on corridors Saint-Denis and Saint-Hubert.

The population density around these two corridors is high. Given the mixed-use zoning

commonly found in the central areas of Montréal, these two streets are also busy shopping

areas. Hence, this route passes popular destinations for the locals and tourists. However,

since this route duplicates part of the metro orange line service and passengers generally

prefer the faster congestion-free metro service, the ridership on this route is not high (around

2000 to 2500 during average weekdays) and the service frequency is quite low at around 30 to

35 minutes. As for travel times, the planned times are between 44 to 64 minutes depending

on time of the day, and the standard deviation of the overall travel times is around 4 minutes

in the morning peak, 5.5 minutes around noon, and 8 minutes at the afternoon peak.

Figure 6.7 shows the general alignment of the route and the sensitivity indices on the map,

with the two main problem areas, Plaza Saint-Hubert and Saint-Denis, marked on the map

in the central and south side. The departure times (marked as the right-most dot in the

�gure) are the most important during the morning peak, contributing around 20% of the

variation with interaction e�ects. However, the importance remains relatively stable during

the day. The inter-stop times at Plaza Saint-Hubert start to contribute more variance to the

overall travel times. The sensitivity results for the inter-stop times at Plaza Saint-Hubert

gradually rise during the day, around 30% of the variation could be attributed here during

midday and the afternoon peaks.

The main issues identi�ed for this route are the inter-stop times, unsurprisingly due to tra�c

congestion, since not everyone uses transit to access these two popular areas, despite having

good transit connections. In this section, we will use the Plaza Saint-Hubert area as an

example, since it is the top issue for the midday and the afternoon peak, although the

variation is a lot smaller in the morning peak (total-order index less than 1%). Table 6.2

shows some simple statistics to highlight the day-to-day variations as well as the within-day

variations of inter-stop time. From the table, we can observe that the average inter-stop

time grows higher as the day progresses, where the morning peak has the lowest averages

and standard deviation regardless of day of the week, and the afternoon peak has the highest

averages and variation regardless of day of the week. This matches our expectation, since

the shops and restaurants in this popular area are not yet open during the morning peak.

Therefore, the area attracts fewer visitors and tra�c at this time. Around noon, shops and

restaurants start to open their doors until late at night, attracting more visitors during the

later time of the day, thus increasing the tra�c and travel time. There are also obvious

within-week variations for the travel times. From the table, we can see that Friday has the
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Figure 6.7 Example: Sensitivity Indices for Northbound Route 30
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highest travel time averages and variations. We hypothesize that some people are able to

work from home on Fridays, therefore having more freedom in their preferred times to visit

the area. Similarly, Monday generally has lower averages and standard deviations, which also

makes sense since some shops close on Mondays, so there are slightly fewer trip attractions

in the area. However, since the agency uses the same schedule for Monday and Friday and

Friday has signi�cantly higher (three times the average and standard deviations!) compared

to Monday, planners should be ready to deal with such variations when scheduling travel

time and recovery times.

Table 6.2 Inter-stop Time Averages and Variations at Di�erent Time of the Day and Day of
the Week for Northbound Route 30

AM Peak Midday PM Peak

Day of the Week Average Std. Dev. Average Std. Dev. Average Std. Dev.
Monday 41.12 10.03 60.21 31.31 75.54 45.33
Tuesday 42.12 13.62 77.99 52.06 78.89 55.77
Wednesday 41.99 15.31 68.44 42.01 76.48 56.24
Thursday 39.51 9.25 70.69 47.42 81.42 57.66
Friday 42.85 20.03 87.28 55.93 125.32 71.85

Given the signi�cant inter-stop travel time changes mentioned before, we want to discuss

the overall travel time variations that can be attributed to this short route segment. Ta-

ble 6.3 shows the sensitivity analyses results for the inter-stop times to the intersection at

Saint-Hubert and Jean-Talon (near the top end of the Plaza Saint-Hubert area in Figure

6.7). Again, we can see that the morning peak has the lowest sensitivity results due to the

consistent short travel times, at around 2% of the total travel time variation and around 4.5

seconds in terms of time. Then, as the day goes on, the sensitivity for this speci�c route seg-

ment grows as the tra�c becomes worse and more varied, and the sensitivity of this segment

increases as the total-order index reaches 15% and 73 seconds in terms of time. The total-

order index increases especially fast as expected, since the tra�c variations in this popular

shopping area are low in the morning peak, buses can generally clear the segment without

much queuing. In the afternoon, on the other hand, tra�c is worse, and buses may need to

wait for an extra cycle or two to clear this segment. Hence buses may face a slightly di�erent

green wave pattern for the upcoming intersections as the tra�c signals are not all synchro-

nized nor have the same cycle lengths. As a result, the departure times matter slightly less

for this route in the midday and afternoon peak periods, as the congestion levels may also

a�ect the upcoming signal patterns.
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Table 6.3 Inter-stop Time Sensitivity to Saint-Denis and Jean-Talon for Northbound Route
30

AM Peak Midday PM Peak

First Order (%) 0% 2% 3%
Total Order (%) 2% 11% 15%
Interaction E�ects (%) 2% 9% 12%

First Order (sec) 0.72 5.95 13.00
Total Order (sec) 4.51 36.53 73.15
Interaction E�ects (sec) 3.79 30.58 60.15

Eastbound Route 97: Dwell Time

Figure 6.8 Example: Sensitivity Indices for Eastbound Route 97

Route 97 is a 6.7 km route, part of the "frequent" service network, that runs along Avenue

du Mont-Royal in Montréal. Avenue du Mont-Royal is an important corridor for the city of

Montréal. The population density is relatively high. The western end connects to the Mont-

Royal park, allowing easy access for outdoor leisure activities for local residents and tourists.

With mixed-use zoning, it is also an important destination for shopping, cultural, and dining

opportunities. Hence, it is a popular destination for locals and tourists. With a connection

to the metro station at Station Mont-Royal, the route also allows riders from other parts of

the city to visit the area. Its daily ridership is around 6000 passengers, and the ridership

generally increases during peak shopping season, reaching as high as 9000 passengers. The
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headway for the afternoon peak is 7 to 10 minutes, the planned one-way travel times are

between 30 to 44 minutes, and some trips consistently have roughly 30 passengers waiting to

board here.

Figure 6.8 shows the sensitivity indices on the map, with varied sensitivity results. However,

the top 2 factors in terms of the variance attributed are the departure time (the dot on

the bottom left) and the dwell time at Station Mont-Royal. The percentage of variance

attributed to these two variables remains relatively stable during the day. For the departure

time, it is generally between 15% to 20%. For the dwell time at Station Mont-Royal, it is

slightly higher at between 17% to 20%. There are also a few sections with higher inter-stop

sensitivity. However, the sensitivities are generally related to the congestion and remain less

than the dwell time at Station Mont-Royal. Hence, this section will mainly focus on the

dwell-time at Station Mont-Royal area as an example.

Here, we use the stop in front of the metro station as an example to illustrate the variations.

Table 6.4 shows some simple statistics to highlight the ridership variations for this route.

From the table, we can observe that the average ridership grows higher as the day progresses.

This matches our expectation, since the shops and restaurants are not yet open during the

morning peak, and the routes are used mainly by regular commuters going to work. Around

noon, shops and restaurants start to open their doors until late at night, attracting more

visitors during the later time of the day periods. The variation of ridership also grows higher,

especially during the afternoon peak. The reason could be that people may choose to enjoy

leisure activities after work, so that the ridership variation comes from not only the variations

of commuters going home but also variations in leisure trips. Again, other cities may have

di�erent travel patterns and ridership variations compared to Montréal. Hence, the results

shown here are only used to illustrate the method, and other researchers could adopt similar

analyses for their speci�c contexts.

Table 6.4 Ridership Variation on Route 97 Direction East at Station Mont-Royal

Time of the Day Average Standard Deviation Max

AM Peak 11.16 6.21 32
Midday 14.66 7.65 36
PM Peak 24.33 11.29 54

As mentioned before, the most important variable associated with this route, this direction

more speci�cally, is the dwell time variation for the stop directly in front of the metro station.

Table 6.5 shows the sensitivity analyses results for the dwell time at Station Mont-Royal, given

the standard deviation of the overall travel time is generally around 3 minutes for the morning
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peak and midday, then 4 minutes during the evening peak, we also estimated the variance

contribution in seconds. From the table, we can see that the total variance attributed to

the dwell time at this stop remains relatively stable, around 7% to 11% for �rst-order and

around 17% to 20% for total-order, despite the increase in average ridership and ridership

variation later in the day. However, as we convert the percentage of variance attributed to

times, we can observe the relatively stable �rst-order e�ects but an increase in total-order

e�ects. Similar to the inter-stop times mentioned above, as the ridership increases, especially

for the bus with 54 people waiting to board, the longer dwell time may cause the bus to miss

one or two tra�c light cycles and have to depart at the following tra�c light cycle, which

would cause a slight deviation in green wave patterns. Hence, the departure time is a close

second in terms of the importance of the sensitivity indices, despite more tra�c lights being

synchronized in longer sections compared to route 27.

Table 6.5 Dwell Time Sensitivity at Station Mont-Royal for Eastbound Route 97

AM Peak Midday PM Peak

First Order (%) 11% 7% 7%
Total Order (%) 17% 20% 18%
Interaction E�ects (%) 6% 13% 11%

First Order (sec) 19.11 12.49 17.90
Total Order (sec) 30.73 38.87 43.30
Interaction E�ects (sec) 11.62 26.38 25.40

As a limitation, the algorithm to infer boarding and alighting locations for each passenger

is still relatively new for the agencies in the region, so the estimations here are not very

precise for more detailed analyses on passenger �ows. As the agencies improve the algorithm

to estimate boarding and alighting locations, future researchers could do more analysis into

the associated ridership variations, such as inferring trip purpose, passenger arrival patterns,

ridership variation given vehicle bunching, and so on. Then, future studies could improve on

this study to be more precise on dwell time variations, which could potentially help agencies

better plan for these ridership and dwell time variations.

Discussion

The three case studies, routes 27, 30, and 97, show three di�erent sources of travel time

variation. They are somewhat representative of the 20 routes chosen, travelling around the

centre of the city with high population density and mixed land use. The variability could

be linked to the various speci�c operational and geographic contexts of the route, e.g. signal
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synchronization, ridership, trip purpose, congestion, and land use. The sensitivity analyses

across these routes demonstrate the varying in�uence of departure time, inter-stop time,

and dwell time, and emphasize the importance of understanding interaction e�ects in transit

planning. Planners should also be prepared to plan the temporal variations observed, since

the trip elements may have di�erent importance during the day.

In all three cases, the total-order sensitivity indices were signi�cantly higher than �rst-order

indices, emphasizing that many transit delays are not caused by single variables alone but by

their interactions. For example, departure times determine roughly how the signal timings are

likely to be for the trip. Gaining or missing a tra�c signal cycle due to tra�c or ridership

variation would be relative to the green wave pattern determined at the departure time.

Hence, these interaction e�ects highlight the need to tailor transit priority strategies according

to the operational and geographical contexts of the route, although the analysis method could

be generalized combined with the local contexts and planners' local knowledge.

6.4.3 One-At-A-Time Sensitivity Results for Westbound Route 27

In this subsection, we will attempt to demonstrate the non-linear relationship between each

trip step and the trip travel time. As mentioned before, due to the limitation of one-at-a-time

analysis, we will not aggregate the results into one number. Like the previous section, we will

again use a westbound route 27 trip during the AM peak as an example. Similar analyses

can be carried out for the other routes.

Changing Dwell Time or Inter-stop Time

Similar to previous sections, we can also examine the potential impact of ridership variation

or inter-stop time variation on trip travel times while keeping the same departure time and

tra�c signal settings from the same median observation.

As shown in the previous section, the importance of dwell time and inter-stop times is high

for a stop at the western half of route 27. Figure 6.9 shows the relationship between a time

increase in either dwell or inter-stop times and the resulting red light waiting time and trip

travel times.

Given the median observation, the bus completes the stop at 6:41:20 while the tra�c light

is green, and the tra�c light would switch to red at 6:41:30. Hence, the bus has 10 seconds

to clear the intersection. If for some reason, the bus spends extra time travelling to the stop

or picking up passengers, there are di�erent impacts on the red light waiting times and the

travel times.
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Figure 6.9 One-at-a-time analysis for dwell time or inter-stop time changes

For red light waiting times, if we add less than 10 seconds, the overall red light waiting times

decrease. This makes sense because we will wait less at the next red light given the longer

time spent on this speci�c section. For the next tra�c signal, the arrival time of the median

observation is at around 6:42:00, given the green light comes on at 6:42:18, the red light

waiting time is around 18 seconds. If we can pass the current intersection with a small delay,

say one second, the bus would then arrive at 6:42:01, which means one second less for the

red light waiting time at the next intersection. The overall travel time stays the same if we

add less than 10 seconds, the overall trip time stays the same. This makes sense, since we

would depart the next intersection at the same green light. Thus, the red light at the next

intersection absorbed the extra time needed at this given stop, and there would be no impact

on downstream travel times.

If we add 10 seconds, the bus would arrive at 6:41:30, exactly when the red light comes on

at this intersection. We would not be able to pass the intersection, and the bus would then

depart when the next green light starts at 6:42:33, adding 63 seconds to the total red light

waiting time. Then, we would update the potential arrival times for the next stop, which

would be 6:43:13. Checking the signal timing plan, the next green phase activates at 6:43:58,

resulting in 45 seconds of red light waiting time. The bus would then depart the next inter-



179

section at 6:54:58. Then, given the 20-second cycle length di�erence to the third intersection,

the bus would pass during the green phase, rather than the red phase in the median observa-

tion, reducing 20 seconds of additional red light waiting time. The calculation would repeat

itself at every stop and intersection until the bus reaches the terminal. Unfortunately, the

bus would not be able to catch up for these additional times, which would give a total of

around 88 extra seconds waiting for red lights or extra travel times, similar to a tra�c light

cycle.

To summarize, the di�erences between the overall red light waiting time and the overall

travel time are similar but not the same. Red time would potentially absorb additional

"useful" time spent travelling to the stop or picking up the passenger. Unless the bus misses

a green phase, which would then cause an increase in the red time waiting times, then start

decreasing again to absorb additional times needed. However, for the overall travel times,

it stays relatively stable since it can be considered as the sum of inter-stop, dwell, and red

light waiting times. As red light waiting times could potentially absorb some of the extra

inter-stop or dwell times, the sums wouldn't change, unless the bus misses a green light and

departs one signal cycle late. Planners can potentially look at the risks of not going through

an intersection when evaluating the sensitive elements on a given route.

However, a limitation of our study is that the vehicle delays also cause ridership variations.

If the vehicle is delayed, it may pick up additional passengers that are supposed to catch

the next trip. Similarly, delays on the previous trips might a�ect the ridership on this trip.

Therefore, we need further research into the interaction e�ects between ridership and delays,

the interaction between transit vehicles, as well as the potential passenger arrival patterns

at stops to improve our model and analyses.

Changing Tra�c Light Settings

As seen from previous sections, the tra�c signal timing changes were the second most im-

portant factor for this route. During the analysis period, there was one single change in the

tra�c light timing plan for a newly implemented bike path, as well as an improved pedes-

trian crossing. Three consecutive signals were a�ected by this change (the 3rd, 4th, and 5th

signals, shown as red horizontal lines, from the start of the route in Figure 6.10). In the

new timing plan, there is a dedicated bike and pedestrian signal phase, a shortened green

light duration for car tra�c, and a shorter overall cycle length. More notably, the cycle

lengths were modi�ed from all 100 seconds to 80, 100, and 90 seconds respectively for the

three signals. As a result, the green wave patterns for these three signals repeat every 3600

seconds after the change, instead of being synchronized every cycle before the change.
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Figure 6.10 One-at-a-time analysis for tra�c signal changes

Figure 6.10 shows an observed trip before the timing plan change (green line). The orange

line in the �gure shows the potential impact on the trip travel time if we impose the same

departure time, the same inter-stop time, and the same dwell time on the newly implemented

signal timing plan with the red phases shown in red. The time deviations generated and the

signal cycle lengths after the timing plan change are also marked on the graph.

Given the median observation before the timing plan change, the bus would complete the

stop at the intersection around 614 meters at 7:06:20. Checking the tra�c signal timing plan,

the light is green, and the bus can pass the intersection without any issue. Since the tra�c

lights are synchronized before the timing plan change, the bus would then proceed to pass

the following intersections without any issue until reaching the stop and intersection at 1270

meters. However, due to the change in timing plan, now the signal is red at this time, hence

the bus would wait until the green light comes on at 7:06:50, an additional 30 seconds. In

addition, the cycle lengths are now di�erent, the signal would turn red as the bus arrives at

the intersection. Hence, the bus cannot immediately pass the intersection 75 meters after,
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having to wait another 42 seconds for the red light. Given the extra 1 minute and 42 seconds

delay, the bus would miss the green light on the original cycle. When the next green light

comes on, the bus will be 1 minute 40 seconds or exactly one signal cycle late. However,

since the intersection at 1700 meters received another cycle length change from 100 to 90

seconds, the bus is running one cycle and 10 seconds late. The light would remain green,

but it is 10 seconds closer to the red light. However, as the bus approaches the signal at

1900 meters, the extra 10 seconds make it too late, and the bus must wait for another tra�c

light, further increasing the delay to 2 minutes and 13 seconds. Eventually, the bus could

potentially arrive at the terminal two cycles later compared to the original timing plan given

the chain reaction e�ects.

From the �gure, we can observe a potential 3-minute increase in overall trip travel times

due to the timing plan change. If we analyze the impacts locally at the spots with changed

tra�c signals, the di�erence between the two lines is only 1 minute. However, this 1-minute

delay would cause the vehicle to potentially delay 2 additional minutes, due to missing more

green lights later in the route. Also, from the �gure, the bus very nearly misses a few signals

after the changed signals. Thus, the inter-stop times or dwell times would also become more

important if we consider the interaction e�ects. In reality, some drivers may drive fast and to

avoid hitting the red lights and some may slow down, which may or may not be the desired

behaviour. Again, planners want to look at the risks of hitting a red light at intersections

and determine what they are going to plan for.

Once again, the cycle lengths are not necessarily the same on the entire route and the signal

timing plans were changed. Thus, the green waves are not aligned everywhere along the

route. Planners must consider the potential chain reaction e�ect after the signal changes to

the end of the route rather than analyzing the impacts of tra�c signal changes locally. Thus,

we highlight once again the importance of including more detailed tra�c signal con�gurations

and interaction e�ects in the transit travel time studies.

For the three consecutive intersections used as an example in this section, a simple way to

reduce the travel time variance could be to revert back to using the same cycle length of 100

seconds. However, it is not quite possible to synchronize every tra�c signal on every tra�c

corridor in the city, given the number of signalized intersections (around 2600 in Montreal),

various intersection con�gurations, and di�erent travel demands. Synchronizing green waves

for transit on a certain direction may also a�ect travel times for buses on the opposite

direction. Hence, transit planners must work more closely together with tra�c engineers to

determine a better way to synchronize signals for buses and plan for travel times accordingly

given these impacts. As mentioned by Furth et al. (2025), the best way to improve transit
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travel time is to use both passive signal priority (i.e. setting tra�c signals based on bus

travel times) and active signal priority (i.e. based on real-time vehicle locations or sensor

information).

Changing Departure Time

Figure 6.11 One-at-a-time analysis for departure time changes

Sometimes buses did not leave at the intended time due to late arrivals from previous trips

or waiting for a running passenger. Some agencies would also use algorithms to modify the

departure times by a few minutes to facilitate interlining. However, one of the important

variables discussed previously is the departure time, and it was shown to contribute a lot

of variation to trip travel times and the red light waiting times. Here, we use a median

observation on the westbound route 27 trip departing at 6:30 as an example to demonstrate

the impacts of departure time by imposing the same inter-stop time, same dwell time at stops,

and keeping the same tra�c signal settings. The 6:30 departure has been moved around a

few times to facilitate interlining by a few minutes during the past few years. Hence, given

the service frequency of 15 to 20 minutes, we will test a 15-minute window for the departure

time change as an example.
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Figure 6.11 shows the trip travel time and red light waiting time variations given various

departure times. The times are calculated similarly to the previous two subsections, i.e.

updating the corresponding arrival and departure times as well as checking the signal timing

plan to determine the signal state for all stops and signals. Hence, we would not show the

detailed calculations for length purposes. From the �gure, we can observe that the trip travel

time and red light waiting time follow the same trend, which is not surprising as we kept

the same inter-stop time and dwell times. This result shows a high correlation between the

overall travel times and the overall red light waiting times.

A 4-minute di�erence can be observed on this 20-minute route between 6:33 and 6:39 de-

partures if we keep all other variables the same. As mentioned previously, the signal cycle

lengths along this route are 80, 90, 100, and 120 seconds, with a least common multiple of

3600 seconds. Thus, given any departure time within one hour, the green wave patterns and

the red light waiting times will be di�erent, resulting in large travel time and red light waiting

time variations shown above. Given the high correlation observed between the overall travel

times and the red light waiting times, we once again highlight the impact of departure time

changes on the overall trip and red light waiting times and the need for planners to plan

carefully given the base signal timings.

Moreover, given that our on-time window is 4 minutes, small departure time changes on this

route could also have a huge impact on the on-time performance. In addition, in reality,

drivers may speed up to rush through the intersection before the light turns red (the inter-

action e�ects), which may or may not be a desired behaviour. Therefore, planners need to

carefully consider the consequences and add adequate schedule padding or layover times in

case buses cannot depart on time for some reason. When optimizing for interlinings, the

assumption that travel times remain constant if departure times are adjusted only by a few

minutes is not necessarily a good assumption, as shown in this section. Hence, planners might

want to carefully select their departure times when adjusting schedules for interlining or for

adjusting service frequency to meet changing passenger demands. Alternatively, planners

could also choose to settle on a �xed departure time, so that they will remain unchanged

at a given anchor point (the peak load point for example). This way, planners could di-

rectly analyze the historical travel time observations without having to deal with the varying

underlying green wave patterns.

Discussion

This section highlights the complex, non-linear relationships between individual trip elements,

i.e. dwell time, inter-stop time, tra�c signal timing, and departure time. We also want to
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highlight once again the potential chain reaction and cumulative e�ects due to individual

element variations on the overall transit travel time.

Through one-at-a-time sensitivity analyses using a median trip observation from the west-

bound Route 27 during the morning peak, we demonstrate that small variations in any single

factor can trigger signi�cant downstream impacts, especially when interacting with the vari-

ous states of tra�c signals. Dwell and inter-stop time variations could be partially absorbed

by red light waiting time, unless a green phase is missed, leading to a signi�cant increase

in signal delays. Similarly, changes to tra�c signal timing plans may break synchronization

and create delays at intersections way past the changed sections. Even minor adjustments

to departure time can potentially cause up to 4-minute di�erences in travel time due to the

variation in signal cycles. These �ndings underscore the need for transit planners to account

for interaction e�ects and carefully select departure times when optimizing for interlining.

Given the di�culty of synchronizing every tra�c signal in the city, we want to emphasize

the need for collaborations between transit planners and tra�c engineers to optimize signal

timing strategies and scheduling practices to improve travel time reliability safely for all road

users.

6.5 Conclusion and Future Research

To summarize, transit reliability is important for both transit agencies and passengers. Larger

travel time variations a�ect the scheduling process for transit agencies and trip planning

decisions for passengers.

Previous studies mostly focused on either the variation of trip travel times or the variation

of speci�c elements in trip travel times. The main focus on travel time variation has been

on the contributing factors and the overall distribution of travel times. Dwell time variation

has also been studied, though not directly related to the overall travel times. Tra�c signal

studies are mostly focused on giving priority to buses with mixed results. We identi�ed that

there is still a need to better isolate the variation in each trip element, further decompose

the travel time, examine the interactions between these trip elements, and rank the impact

of each element on the overall travel time variation.

Aiming to create more comprehensive evaluations of transit travel time variations and to help

prioritize the resources for transit planners, we conducted both a variance-based sensitivity

analysis and a one-at-a-time analysis for observed transit travel times. More speci�cally, we

further decomposed 3 months of recorded transit travel times from 20 routes in Montréal

into several trip elements, i.e. departure time, inter-stop times, dwell times, and red light
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waiting times. Departure time and inter-stop times can be obtained directly from the vehicle

location data. However, due to the data limitation, the tra�c signal settings and dwell times

are estimated using various combinations of vehicle location data, fare transaction data, and

ride-check observation data.

The results show that we can better decompose the travel times by adding more details

on tra�c signal settings and ridership variations, and that the variations in speci�c trip

elements can be better isolated. The detailed data and sensitivity analyses allowed us to

answer the question of where the travel time variances come from. The results for the 20

analyzed routes show that the overall travel time variations can come from all four elements

identi�ed, i.e. departure time variations, inter-stop time (congestion) variations, dwell time

(ridership) variations, and signal timing plan changes. However, as to how much variation

can be attributed to each step, the results would vary at di�erent time of the day periods,

from route to route, from segment to segment, and the interaction e�ects among di�erent

elements are very signi�cant.

The most important element for half of the 20 routes analyzed in our case study is the

departure time at the �rst stop, which determines how synchronized the tra�c signals are

further down the route, given the �xed coordinated timing plan with varying cycle lengths.

In addition, most of the variation in the overall travel time and red light waiting time came

from the interaction e�ects, since red light waiting times are the interaction e�ects of when

the bus arrives at the signal and the signal timing plan. The inter-stop travel times and

dwell times, however, are a�ected less by the interaction e�ects and can mostly be ranked

by the individual variations. Hence, areas with high ridership and congestion variations tend

to have high impacts on the overall travel time as expected. The one-at-a-time analysis also

demonstrated the non-linear relationship between the variation of each trip element and the

trip travel time variation.

Planners need to choose the departure time carefully and better understand the base signal

timings before designing or adjusting service schedules. Slightly modifying the departure

time to facilitate interlining is not necessarily a good idea without a better understanding of

the potential impact on the overall travel times. As we demonstrated, the historical vehicle

location and travel time observations are conditional given the �xed signal plan and the

varying cycle lengths. A slight change in departure time can potentially cause a large travel

time variation due to the changes in signal synchronization patterns. Planners could either

optimize for speci�c departure times rather than applying the same travel time everywhere,

or add adequate schedule padding to account for the travel time variations which would

increase operating costs. Similarly, small changes in signal timing plan changes can have a
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chain-reaction e�ect on the overall travel times. The travel time variations in the a�ected

area can be small, but the impact on the whole trip can be large due to the interaction e�ects.

Thus, planners need to include more detailed signal timing plans and red light waiting time

information when scheduling or planning for transit travel times.

To conclude, we want to again highlight our contribution in the data integration, which

includes common data sources widely available to the agencies, as well as the analysis scale,

which is more detailed compared to the existing studies. Since the current literature tends

to focus on one speci�c aspect of travel time, our research also adds to the literature on how

to combine these di�erent elements in a more comprehensive study and how these di�erent

elements interact. The basic framework and the results help identify important determinants

for travel time variations for practitioners and future research directions for researchers.

However, there are many limitations and potential future research that are needed. The �rst

is related to our analysis scale. We have only analyzed three months of recent data, yet

we would need more observations to better reduce the con�dence intervals for less frequent

routes during o�-peak times. There is also a need for a longitudinal study to discover potential

trends and changes in the sensitivity results to better inform transit planners on the changes

in the system. With more data on more routes, it will also be possible to examine potential

temporal and spatial patterns a�ecting transit travel time reliability, which may in turn help

the planning process for new schedules or routes.

Our methodology does not currently consider the interaction between buses, since delays

can a�ect the number of boardings and alightings, where the vehicle may pick up additional

passengers that are supposed to take the following vehicle. Our methodology also only

considers the overall dwell time variations within a time of the day period without considering

detailed overall passenger �ow variations and the impacts on travel times. Unfortunately, due

to the data limitations, we cannot carry out a more detailed ridership analysis or estimate

a more comprehensive model here to include the overall passenger �ow, various day-to-day

ridership variations, and seasonal ridership patterns. Similarly, there are various studies on

the interaction of bus bunching, irregular headways, and ridership variations (Arriagada et al.,

2019), yet there is still a need to incorporate these vehicle and ridership interactions into the

various variance analysis models to determine the interaction e�ects and reliability impacts of

these factors. In addition, despite there is some research on the passenger arrival rates (Luethi

et al., 2007), it is not easy to determine the passenger arrival rates at bus stops using the

fare collection data available to us, nor to add this information into variance decomposition

models. As the agency in the region improves the ridership matching algorithm, some of

these limitations could be addressed by future researchers. By incorporating this information,
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future researchers could improve the accuracy of the travel time models, better pinpoint issues

on the routes, and better inform planning and operation decisions.

In addition, since our tra�c signals mainly use �xed timing plans with very little �exibility

for transit signal priorities, there is a need to better understand the interaction between buses

and non-�xed timing signals using empirical data, as the majority of the current literature

is based on simulations. This way, we could potentially compare various transit systems to

identify pros and cons in various con�gurations to help improve transit reliability. Similarly,

future research could �nd a way to better give signal priority to buses in travelling down a

coordinated corridor with densely con�gured signals.
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Abstract

Accurate travel time estimations are critical for public transit performance and passenger

satisfaction. Typical travel time analyses often rely on higher analysis levels, hiding the

detailed variations in di�erent travel time components, namely, inter-stop travel times, dwell

times, and tra�c signal delays. Recently, more detailed analysis levels and methods have

been proposed, but with limited insights on how these components can be integrated into

travel time estimations.

This paper builds on our previous work on travel time decomposition and sensitivity analysis

by extending the framework to a travel time estimation context. We discovered signi�cant

interaction e�ects between di�erent trip components in our previous work, and interactions

with tra�c signals could create signi�cant overall travel time variations Wang et al. (2025).

In this paper, we take the opportunity to provide more high-level system-wide summaries on

tra�c signal impacts. In addition, we propose a travel time model that incorporates these

detailed travel time components, and we evaluate the accuracy of the proposed model using

data from future service periods.

Results demonstrate that estimating travel times using detailed travel time components can
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potentially improve accuracy and responsiveness to potential changes in the network. The

proposed model could reasonably reproduce observed travel times with good precision and

could potentially be used to expand and improve interline optimization algorithms. These

�ndings further highlight the importance for planners to analyze travel times in more detail

and to incorporate detailed travel time components into planning contexts to deliver more

adaptive and responsive services.

Keywords: Public Transit, Bus Travel Times, Travel Time Reliability, Travel Time Estimation
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7.1 Introduction

Reliable and precise public transit travel time estimations are essential for public transit

systems. For agencies, travel time estimates determine vehicle allocation, operator assign-

ments, and overall service reliability, which are related to the operating costs. Inaccurate

travel times can lead to delays, increased operating costs, and driver retention issues due to

missing their breaks (Danaher et al., 2020). For passengers, good travel time estimates are

helpful for trip planning and a�ect passenger mode choices. Reliable travel time estimates

also improve passenger satisfaction (Carrel et al., 2013a).

In practice, travel times are generally analyzed at an aggregated level, often at the timepoint

level in North America (Danaher et al., 2020), without fully accounting for the variability

introduced by individual trip components such as dwell times, inter-stop travel times, and

delays at tra�c signals. These simpli�cations, while practical to analyze, may hide more de-

tailed variations due to the complexity of real-world operation conditions, potentially leading

to large overall variations which may a�ect passenger experiences.

Recent advancements in literature have created opportunities for more granular analyses of

bus operation data, such as more detailed dwell time impacts (Gallo and Sacco, 2022) and

signal delays (Furth et al., 2025). While prior research has examined travel time reliability

and its components individually, limited attention has been given to how these components

interact and how such detailed insights can be integrated into planning processes, especially

when estimating travel times. For example, the interaction with tra�c signals can signi�-

cantly in�uence overall trip duration if the bus just misses out on a green light. Yet current

travel time estimation frameworks rarely incorporate these dynamics. This issue becomes

more important in dense urban environments, where tra�c signals are frequent, congestion

varies, and ridership patterns �uctuate throughout the day.

Building on our previous work that decomposed bus travel times into distinct components

and analyzed their contributions towards the overall travel time variation (Wang et al.,

2025), this paper advances the discussion by exploring how decomposed travel times can

potentially be used in various planning and travel time estimation scenarios. Speci�cally, we

propose a simple yet �exible travel time model that uses these detailed components and their

interactions in travel time estimations. We then compare the travel times estimated with the

actual observations to evaluate the accuracy. We also test the performance of estimated times

in future service periods to see the potential of using the model for planning. This approach

allows planners to test various operational scenarios, evaluate the sensitivity of travel time

to changes in departure times, congestion, ridership, and tra�c signals. By doing so, we aim
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to bridge the gap between detailed operational data and practical travel time analyses and

help planners better react to changes in the network.

In addition to extending the methodological framework, we also wish to take this opportunity

to provide additional system-wide empirical results to complement our earlier study, which

were based on a few selected routes. While our previous work focused on decomposing travel

times and ranking the sensitivity of individual trip components, the current work expands

the scope by presenting system-wide descriptive statistics on signal delays across our bus

network, quantifying their contribution to both total travel time and variability, given the

relatively few empirical evaluations in the literature.

Our contributions in this paper are �rst, the integration of detailed components into a travel

time model. We demonstrate how departure times, inter-stop travel times, dwell times,

red light waiting times, and their interactions can be integrated in a simple travel time

model. Next, we contribute to the development of a scenario-based travel time model. By

using these detailed travel time components, we introduce a model that enables planners to

simulate di�erent changes in the network individually, such as departure time changes, and

assess their impacts on travel times more proactively.

The paper is organized in the following ways. In section 7.2, we summarize existing literature

on bus travel time studies and current scheduling practices. Next, in section 7.3, we describe

our research framework, methodology, and data used. We also introduce the proposed travel

time model incorporating these detailed travel time components in section 7.3. Then, in

section 7.4, we present the results from Montréal, Canada as a case study to evaluate the

potential use cases in travel time analyses and estimation scenarios. Finally, in section 7.5,

we provide a short summary to conclude this paper.

7.2 Literature Review

Travel time is an important measure for transit agencies and passengers. Scholars have

mainly focused on evaluating the overall travel times. More recently, there has been more

detailed research on speci�c components of travel times, i.e. inter-stop times, dwell times,

and red light waiting times. However, there was less literature focusing on the interactions

between these components and how to improve travel time estimations while incorporating

these additional details.

The intense focus on travel time studies started after the early adoption of Automatic Vehicle

Locating systems, which allow transit agencies to better monitor the performance of their

services. Early proposals to incorporate these data into operation planning processes can
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be traced to the early 2000s (e.g. Furth (2000)). Travel times and their variations are

important inputs for transit agencies since they determine the vehicle requirements, the

schedule padding, and layover times needed, which in turn a�ect the operating costs National

Academies of Sciences, Engineering, and Medicine and others (2013). In practice, travel times

and travel time variations are typically analyzed at four di�erent levels, line, trip, timepoint

to timepoint, and stop to stop levels according to an agency survey Danaher et al. (2020).

Good travel time and variation estimates are important inputs in service planning, especially

in scheduling. As for the general scheduling practice, Coleman et al. (2018) provided a

summary of a typical scheduling process at New York City Transit. In general, the route

performances are reviewed at various �xed intervals for di�erent types of routes and schedules

to facilitate driver sign-ups for their work. If passenger levels exceed a prede�ned agency

standard, service frequency is adjusted. Travel times are also analyzed using an agency

standard, and then adjusted both between the two terminals as well as between various

timepoints using measures such as the mean, median, or a given percentile of observed travel

times (Furth, 2000). Once the headway and travel times are set based on ridership and

the average round-trip times, travel time variations are used as additional inputs for setting

terminal recovery times. Good schedules should allow enough running time to operate the

route, account for congestion and signal delays, and provide enough recovery time to absorb

potential delays at the terminal so that most buses can start the next trip on time (Furth

and Muller, 2007).

Using the archived vehicle location data, agencies could also retroactively improve the accu-

racy of transit agencies' schedules. Using the observed vehicle location data, Wessel et al.

(2017) created a bus timetable representing service delivered, which can then be used in

assessing transit performance, reliability, and accessibility issues. Since the practice gener-

ally focuses on the more aggregated level for travel time analyses, typically at the timepoint

level. Passengers, on the other hand, require arrival and departure times for their speci�c

stop served by a certain trip. Thus, there is a discrepancy between general planning practice

and what's shown to the passengers (Wessel et al., 2017).

There are also attempts to focus on more detailed estimations for individual trip time compo-

nents, i.e. inter-stop, dwell, and red times. For red light waiting times, most literature relates

to tra�c signal priority. Much of the literature showed positive impacts on travel times and

variances from implementing signal priority Lin et al. (2015). However, some research did

not show a signi�cant impact due to various reasons, such as near-side stops combined with

no turn on red policy causing cars to block bus departures (Diab and El-Geneidy, 2013). Re-

searchers have suggested that good arrival time predictions are important for transit priority
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signals to be e�ective at reducing travel times Li et al. (2012); Furth et al. (2025). Better

inter-stop and dwell time estimations are needed to improve the arrival time predictions.

Planners should also adapt their scheduling practice to take advantage of the signal priori-

ties based on the conditions to receive signal priorities. Altun and Furth (2009) developed

simulation models to test the impact of schedule aggressiveness on bus running times, head-

way regularity, and crowding. They found that conditional signal priority, which only gives

priority to late buses, combined with more aggressive schedules and strategic holding, can

lead to a reduction in travel times.

For dwell time at stops, the literature generally focused on modelling the determinants of

dwell times and the variability of dwell times. The time variations are typically attributed

to passenger boardings and alightings, in vehicle crowding causing friction for passenger

movements, fare collection methods, and ramp usages Dueker et al. (2004); Rashidi et al.

(2023); Currie et al. (2013). Less attention is paid towards the dwell time impact on the

overall travel times. More recently, Gallo and Sacco (2022) proposed an optimization of bus

dwell times to reduce the red times at the following intersection. However, their method

only accounts for one intersection, which showed a reduction in red times. Yet, it is still

necessary to consider the possible impacts for the future stops and intersections as well as

the impact of various signal timing parameters. In addition, it is still important to consider

how to incorporate dwell times and ridership levels into the planning and travel time analysis

process.

Given there is a lack of literature focusing on how various trip components interact with

each other causing overall travel time variations, we proposed to use more detailed travel

time observations in variance decomposition sensitivity analyses (Wang et al., 2025). In our

previous paper, we decomposed 3 months of bus travel times into several trip components, i.e.

departure time, inter-stop times, dwell times, and red light waiting times. Departure time and

inter-stop times can be obtained directly from the vehicle location data, whereas the tra�c

signal settings and dwell times are estimated using various combinations of vehicle location

data, fare transaction data, and ride-check observation data. We showed that variations

in speci�c trip components can be better isolated by adding more details on tra�c signal

settings and ridership estimations. The analyses also show that the overall travel times and

red light waiting times are more a�ected by interaction e�ects between trip components,

mainly due to the dense tra�c signals and varying cycle lengths in our �xed signal timing

plans where the green wave pattern rarely lines up. The overall inter-stop times and dwell

times are mainly a�ected by large individual variations of inter-stop travel times and ridership

respectively. Thus, planners must consider potential chain reactions where small variations

in one trip component can lead to signi�cant changes in the overall trip times.
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To summarize, the existing literature has mostly focused on evaluating the overall travel

time or one speci�c component of the overall travel time. Our previous study examined how

various travel time components a�ect the overall travel time and interact with each other

as well as ranking the sources of variations for each route. However, since transit agencies

have limited resources, there is still a need to help planners prioritize their resources, e.g.

adjusting their travel time estimates to take advantage of the more detailed information in

various planning scenarios.

Given that the practice generally does not focus on incorporating signal timings in travel

time estimations and analyses, we aim to provide more information with respect to the

system-wide red light waiting times and sensitivity results as additional evidence to support

the decision-making process. Aiming to provide better tools to help planners and react to

changes in the transit network, we will also attempt to propose and evaluate a simple travel

time model that takes advantage of the extra information we could obtain from more detailed

information.

7.3 Methodology and Data

The methodology generally follows and expands on the methods we started to develop in

our previous paper (Wang et al., 2025). Here, we include a short summary. In addition, we

further explore the possibility of using these detailed times in a planning context by proposing

a simple scenario-based travel time model while taking into account the decisions operators

make while operating the trips.

7.3.1 Decomposed Travel Times

Overall, we proposed to analyze three categories of detailed travel time components, inter-

stop times, which relate to congestion, dwell times, which relate to passenger activities, and

red light waiting times, which relate to tra�c signal impacts. We would also need to include

the departure times as an input to reconstruct the arrival times at tra�c signals to estimate

tra�c signal states (Wang et al., 2025). Hence, there are four types of inputs in our analysis.

We use the data provided by Société de Transport de Montréal (STM) on the island of

Montréal in Canada as a case study. The system currently has 222 bus lines in operation,

about 1850 buses in the �eet, and more than 17,000 published bus trips on average weekdays.

We used the General Transit Feed Speci�cation (GTFS) feed to obtain the route shape as

well as stop locations. However, since GTFS does not provide tra�c signal locations, we

matched the route shape with OpenStreetMap to obtain detailed tra�c signal locations on
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the route. Since there may be zero or many tra�c signals between two passenger stops, we

then consider the tra�c signals as operational stops with no passenger activities to better

isolate the time wasted waiting for tra�c lights to turn green.

The travel time of a given trip could be decomposed as the departure time, plus a series

of inter-stop travel times, plus a series of dwell times, and plus a series of red light waiting

times. The departure time and the series of inter-stop travel times associated with a trip

can be obtained directly from the vehicle location logs. However, the dwell times and the

red light waiting times are less obvious given that the majority of the stops in Montréal are

near-side. Therefore, the stopped time would include both dwell and red light waiting times.

We proposed to separate them using an estimated dwell time model and estimated tra�c

signal parameters.

To estimate the dwell time model, we mainly followed the previous work from Dueker et al.

(2004). The observations used as inputs to estimate the linear regression model come from

our long-term ride check observations, which include roughly 25,000 detailed door opening

times, number of boardings, number of alightings, and any kneeling or ramp usages. Since

the agency uses the passenger fare transaction data to estimate the trip origin and destina-

tions, we then aggregated these estimations to calculate stop-level boarding and alightings

to estimate dwell times.

In Montréal, most of the tra�c signals follow �xed timing coordinated plans due to the high

density of tra�c signals. To estimate these three tra�c signal settings, i.e. cycle lengths,

o�sets, and green splits, we mainly followed the methodology proposed by Fayazi et al.

(2015) with some minimal modi�cations to handle a few particularities of our local vehicle

locations feed. The basic idea is to calculate arrival and departure times at a given tra�c

light observed over a period, then test out various cycle lengths and o�sets to see which

combination matches the observations the best. Readers interested in the details can refer

to the original paper cited above. The estimated times are also validated during our ride

checks.

Here, we reproduce our example in our previous paper (Wang et al., 2025) to demonstrate

how the times are calculated. In Figure 7.1, we have a stop-to-stop travel time observation

where the bus starts from the terminal and travels to stop 2 on the route. The overall stop-to-

stop travel time is 2 minutes and 50 seconds. Then, we decomposed the travel times into the

inter-stop time, i.e. the time between stop 1 departure and stop 2 arrival, which is 1 minute

50 seconds. In this example, despite the bus being a few meters away from the stop for over

a minute, the door did not open due to congestion. Then, as the bus stops at the second

stop, the stopped times are split into dwell times and red light waiting times. According to
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the dwell time model and the estimated passenger boarding and alighting numbers, the dwell

time at this stop is around 20 seconds. Then, the bus stays at the near-side stop for the

remainder of the red light, until the green light activates 40 seconds later according to the

estimated timing plan. The decomposition is repeated and performed for every stop-to-stop

observation for a given trip.

Figure 7.1 Example: Splitting a Stop to Stop Travel Time Observation Reproduced from
Wang et al. (2025)

7.3.2 Short Summary on Variance-based Global Sensitivity Analysis Method

In our previous work, global sensitivity analysis was used to identify which individual com-

ponent of bus travel time, such as inter-stop times, dwell times, and red light waiting times,

contributes most to overall travel time variability. The global sensitivity analysis is based

on a variance decomposition framework, where total travel time is expressed as a function of

multiple interacting travel time component variables. Unlike one-at-a-time sensitivity analy-

sis which cannot handle non-linearity and interaction e�ects, variance-based global analysis

accounts for both individual contributions and interaction e�ects among variables (Saltelli

et al., 2008).

The results from the analysis typically include �rst-order and total-order indices. The �rst-

order index measures the percentage of overall variance attributed to a single input variable

without interaction e�ects. The total-order index is the percentage of the overall variance

attributed to a single variable, including both its direct e�ect and its interactions with other
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variables. The di�erences with and without interaction e�ects allowed researchers to de-

termine not only which factors are in�uential on their own but also the ones that become

critical when interacting with the others (Saltelli et al., 2008). The model inputs included

decomposed travel time components derived from vehicle location data, fare transactions,

and estimated signal timing plans, while the output was the overall trip travel time (Wang

et al., 2025).

7.3.3 Proposed Travel Time Model

To evaluate the e�ectiveness and potential of using these detailed times in planning contexts,

travel time analyses more speci�cally, we propose a simple travel time model in this paper

following the sequences of events outlined above.

First, a vehicle would depart at the given departure time from the �rst stop, since the

passenger activities at the starting terminal are typically considered as part of the recovery

time (National Academies of Sciences, Engineering, and Medicine and others, 2013). Then,

we would add the inter-stop travel time to the next location that potentially requires the

operators to stop, i.e. a passenger stop or a tra�c signal. We check if passengers are waiting

or if the light is red respectively. If passengers are waiting in the given planning scenarios,

we add the estimated dwell times. If the tra�c signal is red, we add the remaining red time.

If there are no passengers or if the light is green, the vehicle would pass right away with no

time added. Then, repeatedly, we would add the inter-stop times to the next location to

check for passengers or tra�c signals.

In short, this simple model would cumulatively sum up the individual travel time components

to obtain the overall travel time, which is simple enough to be implemented as a small

computer program or in Excel. Readers can �nd a more detailed example calculation in

our case study section. This way, planners could test out various planning scenarios, such

as evaluating di�erent congestion levels by adjusting inter-stop times, evaluating ridership

change impacts by adjusting passenger patterns, and testing new tra�c signal con�gurations

by adjusting signal timing plans.

7.4 Case Study: Montréal, Canada

In this section, we will provide more system-wide results to complement our previous research

�ndings as well as to demonstrate the impacts of tra�c signals on the bus routes. In addition,

we will provide a few travel time scenarios to evaluate the potential usefulness of applying

the detailed times in our simple travel time model.
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7.4.1 System-Wide Descriptive Statistics for Red Times

First, as mentioned in the previous paper, there is a signi�cant variation in travel times that

can be attributed to red time variations (Wang et al., 2025). Since the current literature

has relatively fewer empirical evaluations on the signal delays using real-world observations,

we will summarize the impacts of red times for all the daytime routes in Montréal as a

demonstration.

Figure 7.2 Percent of Total Travel Time Attributed to Red Times for Weekday services from
Jan. 2024 to Mar. 2024

Figure 7.2 shows the overall red times as a percentage of total travel times. We can observe

that many routes in the central area have a higher amount of red times compared to the

western part of the island. The red times for many routes in the central area account for

more than 20% of total travel times, due to the higher tra�c signal density, sometimes as

dense as 70 meters between signals, resulting in very slow operating speeds for the bus routes

in this area. For the express routes that operate on highways or routes in the suburbs,
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Figure 7.3 Red Time Variations as a Percentage of Total Travel Time Variation for Weekday
Services from Jan. 2024 to Mar. 2024

especially the west island, the red times only account for less than 10% of total travel times,

since there are fewer tra�c signals in the suburbs and on highways. Unless the service runs

on major suburban corridors, then red times could contribute to around 15% of total travel

time, due to longer distances between tra�c signals and relatively free travel conditions.

For all daytime routes, red times account for 15% of the travel times on average at the

network level for the early 2024 observations, which equals 1624 service hours per weekday.

Hence, a signi�cant portion of STM's total operating budget for the bus network, around

900 million dollars in 2025, can be attributed to wasted time waiting for tra�c lights to

turn green. Similarly, given the estimated origin and destinations for passenger trips, we

can estimate that red times account for around 19,572 passenger-hours per day, which has a

very signi�cant impact on the passengers. Given the higher ridership counts in the central

area, combined with the dense tra�c signals and slow operating speeds, the impacts from
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red light waiting times are very signi�cant in terms of potential passenger experiences on

crowded buses.

As pointed out in Furth et al. (2025), near-zero signal delays and faster travel times for transit

vehicles are achievable goals which require both passive and active signal priority controls.

Therefore, at least in our case study in Montréal, there is a signi�cant time and cost saving

potential from reducing red times for buses. Better travel times and more reliable services

would increase both passenger satisfaction and operational e�ciency. The time saved could

either be used to run extra services or to give more breaks to the operators to improve their

work satisfaction. Hence, we emphasize the importance of transit planners cooperating with

the city's tra�c engineers to continuously evaluate the impact of red times on travel times

and �nd solutions to reduce the red times for buses. Similarly, given that cities generally

have their own speci�c signal timing guidelines and the relatively fewer practice and research

literature on evaluating empirical red times, we want to call for more empirical evaluation of

tra�c signal design on bus operations, which could help improve our understanding of the

impacts related to various signal timing strategies.

Similarly, we calculated the ratio between the total travel time variations and the red time

variations. Note that, due to interaction e�ects and correlation between each individual time

component, the variance cannot be directly added and the sum of detailed variances will not

equal 1. Figure 7.3 shows the estimated amount of travel time variations attributed to red

time variations. From the �gure, we can observe that most routes are above 55%, i.e. the red

time variations account for 55% of the total travel time variations. Hence, a large portion

of the travel time variations can be considered as gaining or missing tra�c light cycles. The

express routes and routes in the west island still have a lower percentage here, due to the

fewer tra�c signals again.

However, compared to the contribution to the overall travel times, the contribution towards

the overall travel time variation is more evenly distributed. Routes that operate in the

central areas have relatively less signi�cant travel time variation attributed to the red time

variations compared to routes that operate slightly outside of the central area or on major

suburban corridors. This is mainly due to inter-stop travel time variations, i.e. congestion,

becoming more signi�cant in central areas, especially shopping areas, despite the densely

con�gured tra�c signals. Given the observations from our previous paper that tra�c signals

do not have the same cycle lengths, the car queue lengths may also vary due to varying

green wave patterns, sometimes causing extra vehicles to block the bus access to near-side

stops, forcing the bus to wait another tra�c signal cycle. Congestion, more commonly found

in the central area, could also cause buses to get stuck for one or two tra�c signal cycles
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at a time, hence slightly lowering the signi�cance of red time variations. Routes that are

slightly outside of the downtown core or on major suburban corridors have more car-centric

design with many lanes and relatively less congestion, but still have many tra�c signals,

thus the contribution from red time variation remains high. This result does not mean red

time variations are not signi�cant for routes in the central core. It simply means that extra

congestion would lower the proportion of red time variations contributing towards the overall

travel time variations. Once again, we want to emphasize the need for transit planners and

tra�c engineers to collaborate and lower the variation in red light waiting times for transit

vehicles, as these variations would cause the overall travel time reliability issues, which would

incur extra operating costs.

7.4.2 Potential Travel Time Estimation Scenarios for Westbound Route 27

In this section, we will try to test the possibility of using the decomposed travel times and

add detailed signal settings, departure times, and ridership variations into the travel time

modelling process. We will include some example calculations using detailed data from Route

27, which is a short and straight route connecting a dense residential area with the metro

system.

Simulating di�erent travel conditions using the original data

First, we want to test if our proposed travel time model would generate estimates close to the

observation, given the most relevant and comprehensive data. More speci�cally, we try to

reconstruct the travel times from early 2024 and generate a few travel time estimates using

di�erent travel conditions given various thresholds. Then, we will compare the estimates

to the observed value to examine if our travel time model generated results similar to the

observed.

Here, we use the median travel condition but with ridership variation as an example to

demonstrate the calculation process for one speci�c trip, i.e. we test out the model using

three ridership scenarios with median travel conditions, same departure times, and same

tra�c signal settings. Figure 7.4 shows the estimated vehicle trajectory in a time-distance

from the travel time model using the decomposed observations for the trip departing at

6:30 on route 27 heading west. Since the tra�c light states depend on the arrival times at

the signals, we will show the actual time in the graph. The travel times (marked at the

top right corner) can be calculated by subtracting the trip departure time at 6:30 from the

terminal arrival times. The orange line shows the estimated trip trajectory with median

ridership, where the green line has the lower ridership at the 20th percentile (roughly 5 to 7
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Figure 7.4 Estimated Bus Trajectory for Three Ridership Scenarios on Westbound 27 De-
parting at 6:30 in Time-Distance Graph

passengers per trip) and the blue line has higher ridership at the 80th percentile (roughly 5

to 7 passengers per trip).

Starting from the terminal at 0 meters, the vehicle departs at 6:30, 20 seconds later at

around 100 meters, we check the tra�c signal state, which is green, allowing us to pass with

no additional time added. Then another 35 seconds later, the bus would arrive at around

300 meters, where the bus would pick up 0 to 2 passengers depending on the ridership

scenario, translating to 0 to 12 seconds of dwell time. However, after the passengers have

boarded at this near-side stop, the vehicle could not depart since the tra�c light remains

red until 6:31:10. Therefore, the three scenarios would still depart at the same time despite

the additional passengers boarding. Hence, the travel time up until stop 2 is 1 minute 10

seconds. Then, the pattern repeats itself, where we add around 40 seconds of travel time to
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Figure 7.5 Travel Times Observed and Simulated for Trips Departing at 6:30 on Westbound
Route 27 in Montréal

stop 3 at around 600 meters, the dwell time needed to pick up passengers at stop 3, checking

the signal state, and departing when the signal turns green.

Repeating the pattern to account for all inter-stop, dwell, and red times, the terminal arrival

times are at around 6:46:36, 6:47:55, and 6:49:55, translating to travel times of 16 minute 36

seconds, 17 minutes 55 seconds, and 19 minutes and 55 seconds, corresponding to the three

main "peaks" in the actual observations shown in Figure 7.5. The potential to save time

with fewer ridership is about 1 minute 20 seconds. However, the extra time spent on more

ridership is about 2 minutes. Therefore, we show once again the non-linearity observed in

the travel time changes due to various ways and possibilities to miss a tra�c signal cycle.

Thus, ridership variations may not impact the overall travel time equally.

More speci�cally, as we can observe, the scenario with fewer passengers can skip a stop at

around 1100 meters from the start. However, due to the upcoming red lights, the less than

10-second gain was quickly erased by the red light. Before the vehicle reaches the stop at

around 1900 meters from the start, the three scenarios generally behave similarly. However,

at this stop, the �rst two scenarios could quickly depart from the stop, barely passing the

following green signal. The scenario with slightly more ridership was unfortunately stopped

by the tra�c signal, potentially causing the vehicle to be one cycle out of sync with the other

two scenarios. Similarly, as the vehicle progresses, gaining a signal cycle from a shorter stop

at 2300 meters was erased 300 meters later due to long red times. Since the ridership near

the beginning of the route stays quite stable and the second half of the ridership varies more,
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we can see more obvious splits among the three scenarios in the latter half of the route.

Table 7.1 shows a few additional scenarios that we used to test the overall travel time esti-

mations with varying ridership and congestion levels. The inputs to the travel time models

were inter-stop travel times and the ridership patterns based on the 20th, 50th, and 80th

percentiles. The 20th percentile is chosen to re�ect free-�ow travel conditions, and the 80th

percentile is chosen to re�ect more congested conditions. Similarly, the 20th percentile rid-

ership is chosen to re�ect a quiet day, potentially with more people working from home, and

the 80th percentile is chosen to re�ect a busy day, potentially with many people going to

work. We also included the median observations to test if the estimated travel times corre-

spond well to the recorded median times. Since our goal is to test if the travel time model

corresponds well to the original data, we kept the same tra�c signal settings and departure

times from early 2024 to evaluate if these inter-stop and ridership variations would be similar

to the recorded terminal arrival times. We have added the distribution of estimations in

Figure 7.5 to help indicate the relation with actual observations.

Table 7.1 Estimated Travel Times Given Congestion and Ridership Scenarios

Travel Conditions Ridership Travel Time

20th percentile 20th percentile 15 min 09 sec
20th percentile 50th percentile 16 min 29 sec
50th percentile 20th percentile 16 min 36 sec
50th percentile 50th percentile 17 min 55 sec
80th percentile 50th percentile 18 min 05 sec
50th percentile 80th percentile 19 min 55 sec
80th percentile 80th percentile 21 min 02 sec

By comparing the table with the histogram of the actual distribution of terminal arrival

times for the trip departure at 6:30, we can see that the travel times correspond well to

the actual observations. From the graph, we can observe that the three most likely travel

times, around 16 minutes 30 seconds, 18 minutes, and 20 minutes, are very close to the

times estimated. For the �rst major "peak" of travel times at around 16 minutes and 30

seconds, it roughly corresponded with the faster travel combined with median ridership or

with the median travel condition but with less ridership. Similarly, the second "peak" at

around 18 minutes is similar to the scenarios with median travel conditions and ridership

or with slower travel conditions but median ridership. Please note that even though we are

slowing down and taking on the same passengers, the impacts are relatively small, where the

trip would terminate with a 10-second di�erence in both scenarios. Again, given our previous

discussions, tra�c signals could sometimes absorb the travel time or dwell time variations
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until the vehicle is on the verge of missing or passing a green signal, which would cause a

large increase in travel time variation due to red times. For the third peak at around 20

minutes, it is similar to median travel conditions combined with more passengers. For the

two extreme cases, faster travel with low ridership and slow travel with high ridership, they

generally align with the observations right before and right after the three main "peaks".

Given the similarity between the estimated times and the observed times, we think planners

could potentially test various ridership and travel time scenarios based on previous ridership

observations during the planning process to evaluate if the scheduled travel times and recovery

times are adequate. They could also examine the potential impacts from service changes, e.g.

evaluating if headway-related ridership pattern di�erences would impact the overall travel

times. As we mentioned, the di�erences from adjusting the thresholds are not necessarily the

same.

Hence, by generating various vehicle trajectories and travel time estimates, planners could

better communicate what they have planned. They could also better evaluate the terminal

recovery times and better tie the recovery times needed to di�erent travel conditions and

ridership levels. Finally, since the base tra�c signal synchronization patterns were determined

at departure, planners could use these trajectory estimations to better adjust tra�c signal

synchronizations. Signal priority could also be more proactive and apply changes in advance

to ensure vehicles do not get left behind from a longer stop (e.g. the blue higher ridership

line in Figure 7.4). Tra�c signals could equally slow down a vehicle when it is operating

ahead of schedule to provide a more on-time service to all passengers.

Estimating travel time for one future westbound trip

In this section, we test the possibility of using the decomposed travel times to improve travel

time estimations for one departure on route 27 based on the January 2024 observations for

future service changes. After the previous study, there are a few service changes. First, since

the agency performs interline optimizations which automatically adjust the departure times

by a few minutes, there are a few departure time changes. In addition, a few tra�c signal

timing plans were adjusted either temporarily or permanently. We would apply the same

travel time and ridership observations to the new departure times and tra�c signal timings.

Table 7.2, the observed median travel time for all the studied sign-up periods, including the

scheduled departure times, and observed travel times for each period, the estimated travel

times for periods after January 2024, as well as the di�erences between the estimated and

observed travel times in seconds both in terms of the trip level di�erences and in terms of

the average di�erences at stop level which passengers care the most.
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Table 7.2 Estimated and Observed Median Travel Times for Westbound Route 27 Departing
Around 6:30

Period Departure Time Obs. Time Est. Route Di�. Average Stop Di�.

2024 Jan 06:30:00 16 min 55 sec - - -
2024 Mar 06:30:00 17 min 15 sec 16 min 49 sec 26 sec 18 sec
2024 Jun 06:28:00 16 min 46 sec 17 min 04 sec -18 sec 13 sec
2024 Sep 06:27:00 18 min 19 sec 18 min 04 sec 15 sec 24 sec
2024 Nov 06:27:00 18 min 21 sec 18 min 04 sec 17 sec 32 sec
2025 Jan 06:32:00 18 min 16 sec 17 min 56 sec 20 sec 24 sec
2025 Mar 06:36:00 19 min 13 sec 19 min 27 sec -14 sec 15 sec
2025 Jun 06:28:00 16 min 56 sec 17 min 02 sec -8 sec 15 sec

Given the potential impact of departure time on travel times shown in the previous studies

and sections, due to variation in tra�c signal synchronizations. It is important to note that

the absolute majority of the observed trips departed within a few seconds of the scheduled

departure time, which would allow us to make direct comparisons. Shortly before the sched-

uled departure, the on-board driver console would play a message to allow the passengers

and drivers to get ready for the departure. Then, the driver console would also sound a beep

to indicate the exact departure time, allowing precise departures.

From the table, we can see that the average travel time is almost 17 minutes from the

observations in early 2024. If we are assuming the same travel time of 17 minutes for planning

purposes, the travel times could be �ne, since the di�erences are at around 20 seconds.

Given that the interval of vehicle position updates typically ranges from 5 to 20 seconds, this

di�erence is not very signi�cant. However, there are several departure times and signal timing

changes that could contribute to the increase in travel times, and applying the same observed

travel times could make it harder for buses to remain on time on this route. There may be

potential problems for the September 2024, November 2024, and January 2025 periods, as the

observed median travel time becomes around 1 minute and 25 seconds longer than the early

2024 observations. The result would be worse for the March 2025 period, where the observed

travel times are 2 minutes 20 seconds longer than the early 2024 observations. For trips that

operate on days with relatively higher ridership, the di�erence could be even more signi�cant

due to the possibility of longer dwell times at stops, causing the bus to miss additional tra�c

signals, as demonstrated in the previous section. Given the on-time window used at the

agency is from 1 minute early to 3 minutes late, directly using early 2024 observations for

future planning could potentially be problematic. In addition, the layover or recovery times

at the end of the route are typically set at 10% of the travel times per labour agreement. For
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this route, it is set at 2 to 3 minutes, increasing the possibility of having potential cascading

delays for downstream trips in the vehicle trip block or vehicle run.

Using the same median inter-stop times and passenger counts at each stop from the January

to March 2024 period, we estimated the travel times for the following periods with the

corresponding signal timings and departure times. In the table, we can see that the estimated

travel times are around 20 seconds o� from the observed values. For the periods with longer

observed travel times, the estimations also captured the extra times needed, where 1 minute

10 seconds were added to periods between late 2024 and early 2025, and 2 minutes 30 seconds

were added to periods starting in March 2025. Although the observed times in January 2024

are closer to the observed times in the March and June periods in 2024 as well as the June

2025 period, the estimated times can be a more �exible method to estimate travel times

while also keeping a reasonable error margin at around 20 seconds. Even if we look at the

stop-level travel time di�erences for passengers making their trip plans, the average stop-level

di�erences are generally within 30 seconds, with individual di�erences varying between a few

seconds and a minute. Again, at the trip level, the di�erence of 20 seconds is generally similar

to the update frequency for vehicle locations. At the stop-level, the planners could create a

more de�ned and accurate schedule for passengers, given the fact that most North American

bus schedules are not planned at the stop level, yet passengers need these times to plan for

their trips (Wessel et al., 2017). More granular vehicle movement data might potentially

help improve the precision estimation, although 20 seconds may not be very signi�cant for

scheduling, as most of the departure times are generally communicated in minutes. Hence,

by incorporating the new departure times and tra�c signal timings, the estimated travel

times can better account for the travel times needed to complete the trip. This would also

allow planners to quickly evaluate if the terminal recovery or layover times are enough to

absorb potential delays and ensure the next trips start on time.

In practice, service schedules needed to be developed in advance to facilitate operator signing

up for their shifts. When developing schedules in advance, we understand that planners may

not have access to the latest or the most accurate tra�c signal timing plans, travel time

changes potentially due to roadwork-related lane closures, and ridership patterns potentially

due to modifying service frequency for example. In this paper, our goal is to argue that

planners should do these more detailed analyses to better understand the travel conditions

and continuously update their travel time estimates based on the latest information. More

collaboration between various agencies and departments is needed to make these upcoming

changes available for bus scheduling purposes. This way, service planners could better react to

potential upcoming issues, such as tra�c signal timing changes and departure time changes,

causing extra travel times and increasing the possibility of delays. The up-to-date information
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could help planners �nd solutions to improve reliability more rapidly and help better inform

the drivers to make their decisions on the road to provide good service to passengers.

Estimating for all future westbound 27 trips

As demonstrated in the previous section, if we could improve the travel time estimations

for upcoming service changes for one trip, given the updated departure times and tra�c

signal timings, the logical next step is to test the model on all departures for the same route

travelling in the same direction.

Figure 7.6 Travel Time Estimation Improvements Compared to Averages for Westbound 27
Trips Throughout the Day

Figure 7.6 shows the improvements obtained from estimations based on updated departure

times and tra�c signal timings compared to simply applying the average trip travel times

across all westbound route 27 departures during the day for the September service change in

2024. We chose this period because many departure times and tra�c signals were adjusted,

which would allow us to test our estimations.

To summarize the �gures, among the 70% of the trips that have improvements, the estimates

are mostly around one minute closer to the real observed travel time for morning and evening

services compared to simply using the averages. Several departures have more than 2 minutes

of improvements, highlighting the need to improve our travel time estimates. Once again,

given the labour agreement, the minimum scheduled layover time for this route is around 2
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to 3 minutes. Hence, 2 minutes closer to the real observation is signi�cant for planning in

this context.

On the other hand, there are fewer improvements during the late morning and pm peak

trips, and that translates to around 30% percent trips without improvements. Similar to

the demonstration in the earlier section, the estimated travel times for these trips without

improvements are still reasonably close to the actual value. During these times, the di�erences

between the two models are generally less than a minute, and the di�erence between the

estimated travel times and the observed values is generally around 20 to 40 seconds. For

three trips, the estimates are signi�cantly worse by around 1 minute 20 seconds, similar to

a tra�c signal cycle, compared to using the average. By looking at the stop-level data, the

relatively worse observations are typically caused by driver changes in the middle of the route,

waiting at extra tra�c lights, and ridership variations. As a result, the di�erence between

estimated travel times and the observed travel times is also large, at around 1 minute 10

seconds to 1 minute 20 seconds for these trips, again similar to a tra�c signal cycle.

The model we proposed using the decomposed times couldn't account for mid-route driver

changes, since run-cutting and driver sign-ups happen after the schedule and the travel

times have been created. Therefore, there are additional times stopped at the shift change

location that the model using decomposed travel times couldn't plan for. However, the shift

changes tend to happen on similar trips for the following service periods. Thus, the average

travel times could better account for the additional time needed, despite the fact that most

scheduling processes do not include driver changes mid-route. For passengers planning their

trip or passengers on board, these additional mid-route driver changes could contribute to

travel time variations and could result in missed transfers and so on. Therefore, we want

to highlight the need to account for driver changes when planning new schedules and when

communicating travel times to passengers.

Another di�culty observed when modelling travel times at this level of detail can be at-

tributed to the various operator behaviours. Once again, we come back to the sensitivity

analysis in our previous paper that overall travel times are really sensitive to the tra�c light

synchronization (Wang et al., 2025). There are various driver preferences when encountering

a yellow light or when there are only a few seconds of green light left. Some may be more

inclined to depart immediately as long as they are allowed to, and some may choose to wait

and depart at the next cycle, potentially resulting in roughly 1 minute 30 seconds of travel

time variation. Using the decomposed travel times, planners could then explain what they

have planned and what they assumed more clearly to the drivers, so that when drivers could

adapt their driving to account for various changes encountered on the road, such as extra con-
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gestion and passengers. Again, more granular, higher-resolution vehicle location logs could

help improve the estimates. However, to accommodate variations in travel conditions and

operator behaviours, planners could potentially test out various thresholds using the model

and plan for adequate travel times and recovery times between trips to ensure reliable oper-

ations. Planners could also consider implementing more aggressive signal priority strategies

to ensure buses depart during the intended tra�c signal cycle, e.g. more red time for early

buses and more green time for late buses.

It is also di�cult to account for ridership changes without a detailed ridership prediction

due to the data limitations for our project. There is also a rush-hour only limited-stop

service that complements this route, and there are also as many departure time changes

related to headway variations. The interactions between vehicles could mean passengers

have two potential options, the local service scheduled to depart right in front of the limited-

stop service could mean some limited-stop passengers would catch the local service instead,

a�ecting the dwell time and the overall travel time. Similarly, departure time changes may

require passengers to shift to a later departure or an earlier departure, again, a�ecting dwell

times and the overall travel times. Hence, we want to highlight the future research needs to

include detailed ridership variations in the travel time model.

Adjusting departure times to �nd better estimated travel times

Since planners often optimize for interlining by adjusting departure times by a few minutes, as

shown in the earlier sections where the departure times were modi�ed frequently. We want

to test if planners could use similar approaches to incorporate the departure time-related

travel time changes into the optimization process. Planners could potentially optimize and

move the departure times by a few minutes so that buses can have a better tra�c signal

synchronization to depart to reduce travel times, or to improve travel time reliability given

our reasonable success in estimating travel times from earlier sections. Here, we will limit

the adjustments to plus or minus 2 minutes, which equals the maximum tra�c signal cycle

length on this route. We also limit the adjustments to whole minutes, since planned terminal

departure times are all on top of the minute at 0 seconds. In other words, we would check if

better estimated travel times could be obtained if we leave one tra�c cycle earlier or later.

Figure 7.7 shows the number of trips for each potential adjustment to obtain a better tra�c

light synchronization. As we can see, there could be better tra�c signal synchronizations

and reduced red times for 84% of the future trips by adjusting departure times by a minute

or two to align with potentially better tra�c signal synchronization patterns.

Figure 7.8 shows the potential travel times gained by adjusting departure times. As we can
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Figure 7.7 Departure Time Adjustment to Improve Estimated Travel Times

see in the graph, around one-third of trips could save between 1 minute and 1 minute 30

seconds alone, which roughly corresponds to one tra�c light cycle. It is also common for

trips to save between 2 minutes and 2 minutes 30 seconds, which is roughly two tra�c light

cycles. Otherwise, the savings are generally less than 1 minute. If the original intended

departure times are extremely unlucky given the tra�c signal synchronizations, there could

be a 4-minute gain for this 20-minute route, which is very signi�cant for saving costs and or

ensuring drivers have enough breaks between trips.

Hence, we believe we could potentially perform these types of optimizations to improve

travel times or the reliability of travel times. Optimization algorithms could potentially

incorporate these estimates while adjusting departure times for interline operations. However,

as mentioned in previous sections, most schedules are developed months before the actual

service dates to allow drivers to sign up for their work. It is less likely that the planners

have access to the most up-to-date information related to tra�c signal timings. Therefore,

planners should collaborate with the city's tra�c engineers to �nd the best solutions to ensure

fast and reliable bus trips. Optimization algorithms should also adapt, given the uncertainty

in travel time variations, to ensure good and reliable travel times.
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Figure 7.8 Potential Travel Time Gained from Departure Time Adjustments

7.5 Conclusion and Next Steps

This paper explored how detailed travel time components, i.e. departure time, inter-stop

times, ridership estimations, and tra�c signal timing plans can be integrated into transit

planning to improve the accuracy and reliability of bus travel time estimates. Building on

our previous work, which focused on variance decomposition and sensitivity analysis, we

extended the framework to a travel time estimation context by proposing a scenario-based

travel time model. This model enables planners to simulate di�erent levels of congestion and

ridership conditions, evaluate the impacts of departure time adjustments, and incorporate

detailed operational factors into di�erent travel time estimates.

Our case study in Montréal demonstrated that red light waiting times represent a signi�cant

proportion of total travel time and variability, particularly in dense urban areas with frequent

signals. The expanded system-wide sensitivity analysis for all daytime routes revealed that

departure time remains the most in�uential factor for overall red time variations on most of

the routes. Given the red times' signi�cance in overall travel time and overall travel time

variations, departure times are still the primary determinant for overall travel time variations.

To address red time impacts on bus services, planners can adjust departure times to align

with green waves, modify tra�c signal parameters, or implement more aggressive signal

priority strategies, ideally combining these approaches for optimal results. Future research
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can explore scenario-based travel time estimations we proposed in this paper to evaluate how

such adjustments in scheduling and signal timing can improve bus performance under various

constraints.

Then, we proposed a scenario-based travel time model that uses the detailed travel time

components, and we tested the potential use cases for the model. We showed that incor-

porating detailed inter-stop, dwell, and signal delay components can produce travel time

estimates that closely align with observed values, even under changing operating conditions.

The model performs generally better compared to simply using the observed average travel

times in the planning context. However, more information is needed to improve the accuracy

and the usefulness of the model, such as mid-route driver change and the most up-to-date

signal timings for example. Finally, our experiments highlighted the potential bene�ts of in-

corporating departure time-related travel time changes into inter-line optimization processes

to improve travel times and reliability, with possible savings of one to two minutes per trip.

Despite these results, several limitations remain. Our model does not fully capture mid-route

driver changes, operator behaviour di�erences, or ridership interactions between overlapping

services on the same corridor. The high possibility of not having the most up-to-date tra�c

signal data, congestion levels, and detailed ridership forecasts could constrain the precision of

our estimates. Hence, we emphasize the need for tra�c engineers to collaborate with transit

planners to improve communications on and plan for upcoming changes. Future research

should also focus on integrating predictive ridership models, higher-resolution vehicle loca-

tion data, and real-time signal control strategies into the travel time models to improve the

accuracy and the responsiveness to changes in the network. Further work is also needed to im-

prove interline optimization algorithms to incorporate these detailed travel time components

into large-scale scheduling and analysis processes.
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Abstract

Public transport reliability is important for the agencies and passengers. Unreliable services

a�ect passengers' satisfaction and mode choice. Most of the literature focuses on evaluating

reliability for actual passengers or the accessibility measures to assess equity. Some passengers

may still be forced to travel between less popular origin-destination pairs with long travel

times. It is relevant to assess the reliability between all origin-destination pairs within the

service area and evaluate the temporal and spatial distribution of reliability indices.

We propose to simulate potential passenger trips across the entire service area and compare

the planned travel times against delivered travel times based on archived vehicle position to

determine the reliability across the region. Using discrete metrics like on-time performance

and continuous metrics like bu�er times, we discover spatial and temporal variations of these

reliability indices for a given origin and across the entire region.

We found that various reliability thresholds a�ect the reliability outcomes signi�cantly. Relia-

bility for some routes remain constant all day, either good or bad, but some change throughout

the day. The number of reliable routes for each origin zone varies slightly across the region,

where the numbers remain more consistent for central areas than for the suburbs.
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8.1 Introduction

Public transport agencies continuously monitor and try to improve their service reliability,

which is important for both service operations and passenger experiences. Unreliable services

increase operating costs for agencies due to the additional schedule padding or layover times

(Wessel and Widener, 2017). Similarly, lengthy wait times, in-vehicle delays, missed transfers,

and being left behind at stops due to crowding negatively a�ect passengers' satisfaction and

their future intentions to ride public transport (Carrel and Walker, 2017).

Many studies have examined the reliability of public transport travel times from both oper-

ational and passenger perspectives. For operations, the researchers have focused on various

elements of travel times at various analysis levels, such as timepoint to timepoint travel times

typically used for scheduling (Muller and Furth, 2001), dwell times at stops (Dueker et al.,

2004), as well as signal delays at intersections (Altun and Furth, 2009).

For passengers, having customer-centric travel time metrics, such as excess bu�er times and

excess waiting times (Uniman et al., 2010), can help improve public communication to riders,

help measure how passengers are a�ected by service disruptions, improve transparency, and

give agencies metrics that better re�ect their priorities towards passengers (Halvorsen et al.,

2019). However, these studies tend to focus on the recorded passenger trips and existing

passenger demands.

Public transport planners have also looked at opportunity-based metrics, such as connectivity

and accessibility (Handley et al., 2019), to examine the equity aspects of a given public

transport network. Researchers are also adapting these opportunity-based metrics to include

the service reliability variations (Liu et al., 2023). Yet, these studies tend to focus on the

accessibility for a speci�c time budget.

Some riders may get stuck using public transport, doing extra-long commutes with low service

frequency every day. Reliability issues have been found to reduce accessibility measures,

contributing to the underestimation of potential equity issues (Liu et al., 2023; Lee and

Kim, 2023). In addition, for riders with di�erent mode choices, a lower public transport

demand for a certain origin-destination combination could be due to unreliable travel times

forcing passengers to use other modes (Carrel and Walker, 2017). With most passenger travel

time studies focusing on services experienced by actual passengers, it is still important to

assess the reliability between all origin-destination pairs as if passengers were to travel on

public transport across the entire service area, the potential spatial and temporal distribution

of travel time reliability in the region, and the potential impacts on di�erent population

segments.
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With the goal of improving our understanding of the spatial and temporal patterns of public

transport reliability, as well as attempting to recognize potential equity issues related to

service reliability, this paper analyzes the reliability from a given location to all possible

destination zones as if passengers were to make these trips regularly. This provides more

detailed information to planners on potentially unreliable origin-destination pairs as well as

when and where, in the network, the reliability issues occur.

In this paper, we propose a framework to explore the reliability of the overall passenger

travel times. More speci�cally, we simulate the planned routes with the fastest travel times

given di�erent departure times between all origin and destination pairs using 3 months of

archived Automated Vehicle Location data from Montréal, Canada. Next, we compare the

planned travel times and the operated travel times that would have been experienced by

passengers for all weekday services within our analysis period. These reliability indicators

are then stored in an origin-destination matrix, which then allows us to discover the spatial

and temporal patterns for public transport service reliability.

The paper is organized in the following ways. In section 8.2, we summarize existing liter-

ature on passenger-centric travel time reliability metrics, their planning applications, and

other opportunity or potential-based studies. Next, in section 8.3, we describe our research

framework, methodology, and data used. Then, in section 8.4, we present the results from

Montréal, Canada as a case study. Finally, in section 8.5, we provide a quick summary to

conclude this paper.

8.2 Literature Review

Numerous indicators and diagnostic processes have been proposed to improve public trans-

port operations. However, since vehicle-based travel time measures do not show how many

people were a�ected and for how long, researchers have argued that the focus should shift

more to passengers (Hendren et al., 2015). Passenger-based measures can improve trans-

parency and give agencies metrics to better re�ect their priorities towards passengers. Agen-

cies could also use these metrics to understand how incidents and service adjustments a�ect

passengers (Halvorsen et al., 2019). However, these passenger-based metrics are harder to

translate to improve operations, as they only illustrate the impacts but not the cause of these

impacts for corrective actions (Danaher et al., 2020).

A passenger trip involves access time from the origin to the boarding stop, waiting time,

in-vehicle travel time, potential transfer time, and access time from the alighting stop to the

destination. Agencies typically analyze the overall passenger travel times from the initial
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access to the system until the passenger exits the system (Danaher et al., 2020).

Similar to on-time performance in operational metrics, there are schedule-based metrics for

passengers which can be traced all the way back to Buneman (1984). They calculated the

percentage of passenger trips being delivered on time based on the overall passenger delays

in minutes. Similarly, Zhao et al. (2013) and Halvorsen et al. (2019) calculated the excessive

overall travel times, excess wait times, and excess in-vehicle times compared to planned travel

times. In addition, Hendren et al. (2015) created a dashboard to provide personalized travel

time reliability summaries, which are more closely aligned with actual passenger experiences.

Another popular approach is to use variation-based measures, since passengers typically

plan their trips based on worst-case scenarios (Danaher et al., 2020). These measures are

calculated based on historical distributions of travel times, such as the average travel time,

median travel time, and various pre-de�ned travel time percentiles (Hendren et al., 2015).

Reliability bu�er time is a common measure to calculate the extra time a passenger has to

plan in addition to the usual travel time, to arrive at the destination on time with a certain

level of tolerance. It typically compares the 90th to 95th percentile travel time to the mean

and median travel times, which would represent the extra time passengers have to plan to

have at most 2 disruptions in a month (Uniman et al., 2010).

To generalize these passenger-based measures for multimodal trips, Dixit et al. (2019) inte-

grated multiple modes into the bu�er time measurements and compared the variability of

di�erent components of bu�er times, wait times, in-vehicle times, and transfer times. Baghe-

rian et al. (2016) also analyzed the temporal variability of passenger travel times at the stop

level, line level, and network level.

For agencies that require passengers to tap-in and tap-out, passenger entry and exit infor-

mation is easier to obtain, which is why they are heavily present in the literature. Agencies

without tap-out data typically generate a representative ridership model for an average week-

day using the fare transaction data, which is then matched to scheduled and delivered trips

(e.g. (Halvorsen et al., 2019)).

Some researchers have also tried to ignore the observed demand by incorporating public

transport travel time reliability into accessibility measures, given an origin and a time budget.

They showed a reduction in accessibility measures using the delivered service compared to

the planned service due to delays and missed transfers (Liu et al., 2023; Bills and Carrel,

2021). Some have also found studies using planned travel times underestimate the inequity

in public transport accessibility, for example to healthcare, compared to using the actual

arrival and departure times (Lee and Kim, 2023). Hence, travel time reliability is also an

important factor when considering social equity impacts of public transport.
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Public transport travel time reliability is also a signi�cant factor for passenger mode choices.

People tend to orient their lives around a certain mode, e.g. by public transport, and the

decision is relatively stable (Carrel and Walker, 2017). In case of unreliability, people can

budget extra travel times. However, in the long term, passengers a�ected by unreliability

might switch to other modes, and people who stopped using public transport services are less

likely to return unless major improvements are made (Carrel and Walker, 2017). In addition,

some captive public transport users may have fewer choices and end up not travelling if the

services are not reliable. Since the aforementioned studies are all based on observed demands

and the long-term reliability impact on passenger mode choice, it is still important to consider

the potential public transport travel time reliability between origins and destinations with

less observed demand, since unreliability could be a contributing factor for lower demand.

Hence, in this paper, we consider the travel time reliability to all possible destinations in the

region equally, regardless of time budgets and regardless of actual demand. This can help

provide more detailed information to planners on unreliable origin-destination pairs, as well

as when and where the reliability issues occur. We also attempt to discover potential spatial

and temporal patterns related to any reliability variations that passengers would experience

in di�erent areas of the city.

8.3 Methodology and Data

As noted in the previous sections, we examine travel time reliability across all possible ori-

gin�destination pairs, independent of time budgets or travel demand. These indices can

re�ect the possibility that people rely on public transport for less common trips, potentially

due to less fortunate economic situations. We also explore the spatiotemporal variations in

overall public transport travel time reliability, as these patterns can provide insight into the

potential impacts on di�erent population segments.

Figure 8.1 shows a summary of our research framework. In general, we use a hexagonal

grid system to evenly sample 691 origin-destination zones across the service area. Each

hexagon's centroid is linked to the nearest publicly accessible street block for routing, and

public transport trips between all zones are generated using planned GTFS (General Transit

Feed Speci�cation) data. Actual travel times are assessed using GTFS Real Time data

from January to March 2024. Then, using the actual travel times, we calculate the reliability

measures, on-time performance and bu�er time. Finally, we evaluate the spatial and temporal

distribution of these measures across the service area.

More speci�cally, in this paper, we use the data from Société de transport de Montréal (STM)
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Figure 8.1 Research Framework

as an example to demonstrate our ideas. The public transport services include a bus system

involving 225 bus lines, 1849 buses, 8673 bus stops, operating more than 17,000 planned bus

trips on average weekdays, and a metro system involving 4 lines, 69 kilometres of tracks, 68

stations, and 999 train cars. There are other operators that run commuter rails and suburban

buses mostly to destinations outside the island of Montréal. Therefore, we will not include

them as part of our study. Future research could include these services and focus more on

the metropolitan area as a whole.

Since we are considering travel time reliability across the region that is not necessarily covered

by observed demand, we decide to sample origin and destination points across the region due

to the size of the network and assuming the reliability would be similar for two consecutive

bus stops on the same line. In this paper, we choose to sample the entire service area using

hexagon grids (step 1 in Figure 8.1), since the distances between neighbouring centres of

each cell are the same. As a demonstration for this paper, we used hexagon cells with 500

metres edges, or roughly 800 metres between neighbouring centres. The distances correspond

roughly to the distance between streets that bus routes operate, and roughly a 10-minute

walking distance within each zone. We chose these distances so that there is equal spatial

representation of the entire service area, and there is enough detail to understand the variation

of travel time reliability without spending too much computing power. Future research could

nonetheless test more detailed sampling resolutions and make weighted comparisons based

on populations or the number of points of interest.
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Since the centroids of the hexagons are not necessarily located in publicly accessible areas,

we sample a street block closest to the centroid as the origin and destination point for the

routing engine to calculate the routes based on planned services (step 2 in Figure 8.1). In

total, there are 691 hexagon cells in the service area, thus 691 x 691 origin-destination pairs.

However, around 30 hexagon cells lie entirely within major industrial complexes or large

infrastructure zones (e.g. airports or railway yards), which are not accessible to the public.

Hence, these zones are removed from the analyses.

Then, using these origins and destinations, we use the GTFS feed to generate all possible

trip plans between a given origin-destination pair for weekdays (step 3 in Figure 8.1). Next,

we assume a potential passenger selects the route with the fastest planned travel time as a

reference trip to evaluate the reliability for the given origin-destination pair at a given hour.

Since passengers generally dislike long walks and waiting times, we also include a multiplier

for walk times ( 1.7) and wait times ( 1.8) to discourage excessively long walks or transfers

based on the values estimated by Wardman (2004). We do not consider the cost as a factor

here since the agency operates on a �at-fare basis.

For each selected trip plan, we calculate the actual travel times for the reference trips during

the analysis period (from January to March 2024 as an example) using archived GTFS

Real Time feeds (step 4 in Figure 8.1). As indicated in previous studies, large portions

of passengers typically arrive 1 to 2 minutes before the scheduled departure time, even for

frequent routes with headways as low as 5 minutes (Luethi et al., 2007). Since we rarely have

frequent routes with less than 5-minute headways, for simplicity, we assume the passengers

arrive 3 minutes in advance at the departure stop and strictly follow the planned route for

the trip. Future researchers could test out various trip planning parameters and calculate

the sensitivity of the results.

To compare the delivered service and the planned service, we consider the reliability metrics

similar to on-time performance and the bu�er time metrics (step 5 in Figure 8.1). The on-

time performance is calculated as the percentage of potential trips with arrival time within

a given threshold, such as no more than 3 or 5 minutes later than the planned time, as per a

survey of various North American public transport agencies (National Academies of Sciences,

Engineering, and Medicine and others, 2013). We will use 3 minutes as our base case for

analysis, which is similar to the agency's standard, and test out a few additional thresholds

as a discussion.

Since passengers plan according to the worst-case scenarios to ensure arriving at their destina-

tions on time, we also include the continuous bu�er-time metric used by previous researchers,

e.g. Dixit et al. (2019). It is de�ned as the di�erence between a given high percentile (typi-
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cally 90th to 95th percentile) and the median, which would show the di�erence between the

worst-case scenarios and the typical experience for the journey.

Given the various passenger tolerances for delays, the perceived reliability may be di�erent.

Hence, we will compare and discuss the impacts of a few thresholds on the reliability results in

our discussion to demonstrate the impacts, since the results depend on the chosen threshold.

Since the agency's standard for late departure is more than 3 minutes after the scheduled

time, and the agency aims to have 80% of the services delivered on time, we will use 3 minutes

for our on-time performance and 80th percentile for bu�er time metrics as a base case for

analyses to better align with the agency's standard.

Next, following the thresholds similar to the agency's standards, we compare the likelihood

of the route being on-time for one origin, Polytechnique Montréal as an example, to all other

destination zones at various reliability metric thresholds and departure times. Similarly, we

compare the overall number of destinations with reliable routes across the day.

Finally, we compare the number of destinations with reliable routes for all zones with various

departure times by aggregating the results for individual zones to uncover potential spatial-

temporal variations. Using the number of destinations for each departing zone, we use the

Gini Index to measure the distribution inequality within the entire service area. The Gini

index is a measure of statistical dispersion commonly used to quantify income or wealth

inequality within a population, where 0 represents perfect equality and 1 indicates maximum

inequality. It is widely applied in economics and social sciences to assess disparities across

di�erent groups or countries (Ceriani and Verme, 2012).

We also intersect the hexagon cells with the census tracts from 2021 to obtain basic demo-

graphics information, such as the population density, assuming the population within each

census tract is evenly distributed. Since the reliability results for neighbouring zones may

have spatial correlations, e.g. similar route choices resulting in similar reliability indices

and neighbouring zones have similar demographics, we then �t a simple spatial lag model

to discover the impacts on various population segments while accounting for any potential

spatial correlations. The spatial lag model assumes that the outcome in a region depends

not only on local explanatory variables (X ), but also on the outcomes in neighbouring areas

(Wy). It accounts for spatial dependence by including a spatially lagged dependent variable

as a predictor, capturing the in�uence of neighbouring units on a given observation (Anselin,

1988). The model is formulated as:

y = �Wy + X� + �

where y is the dependent variable,� is the spatial autoregressive coe�cient measuring the
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strength and direction of spatial dependence,W is the spatial weights matrix identifying

the neighbours,X is a matrix of independent or explanatory variables,� is the vector of

regression coe�cients for the independent variables, and� is a vector of the error terms.

8.4 Case Study: Montréal, Canada

In this section, we show the results from our case study using the data from Montréal as a

demonstration. First, we present the descriptive summaries and potential variations using

various reliability metric thresholds. Then, using the thresholds close to the ones used by

the agency, we discuss the reliability variations from one origin, Polytechnique Montréal, to

all other destinations. Then, we examine the number of destinations with reliable routes

for each origin zone. Finally, we examine whether the number of destinations with reliable

routes is evenly distributed for various original zones and population segments.

8.4.1 Impact of Various Thresholds on Reliability Metrics

In this section, we quickly explore the impact of various thresholds on our chosen reliability

metrics since passengers may have di�erent tolerances or expectations. For example, pas-

sengers typically have a stricter reliability requirement for their trips to work or school than

trips to shopping or leisure activities, given the �xed start time at work or school (Carrel

and Walker, 2017). Hence, to provide an example here, we calculate the reliability metrics

given various thresholds to examine the impacts using Polytechnique Montréal as the origin.

For on-time performance, we chose 1 minute, 3 minutes, and 5 minutes as the thresholds. In

other words, a trip is considered on-time if the passenger arrives no more than 1 minute, 3

minutes, or 5 minutes later than the planned arrival time. We chose the 3-minute threshold

since it corresponds to the agency's policy for considering a trip being on-time, the 5-minute

threshold since it relates to the threshold of other agencies in North America (Danaher et al.,

2020), and a 1-minute threshold for a potential passenger who is really strict about being

on-time. As a reminder, the agency's target is to have better than 80% of the trips departing

no more than 3 minutes late at timepoints, and the actual on-time performance at timepoints

during the study period is 79.6%.

The top half of �gure 8.2 shows the resulting on-time performance using these three thresholds

for routes departing from Polytechnique to other destination zones departing at 17:00. In

general, as expected, we can observe that, more and more destinations are considered to have

reliable routes when we relax the thresholds.

More speci�cally, when the threshold is set to 1 minute, the on-time performance tends to
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(a) On-Time Performance with
1 min threshold

(b) On-Time Performance with
3 min threshold

(c) On-Time Performance with
5 min threshold

(d) Bu�er Time with 90 per-
centile threshold

(e) Bu�er Time with 80 per-
centile threshold

(f) Bu�er Time with 70 per-
centile threshold

Figure 8.2 Reliability for routes from Polytechnique Montréal (purple star) to other destina-
tions departing at 17:00 with various thresholds, by indicator (Jan-Mar 2024 data)

become a bit extreme. Most of the destinations have routes with either very good or very

bad on-time performance. Destinations near the metro (marked by green, orange, yellow,

and blue lines) tend to be more reliable than the other destinations, which is to be expected

since the metro has no congestion issues causing signi�cant delays. Despite having a few

service interruptions during the study period, the percentage of the trips delivered on time is

still very high. A few neighbourhoods on the northern edge or the western side of the island

also have routes with good arrival on-time performance, which could be attributed to the

higher service frequency during peak hours. Passengers may be able to catch an earlier bus

than planned, or use a long highway express route from the metro, which could arrive early

when leaving the highways.

On the other hand, when the threshold is set to 5 minutes, most of the destinations would

have routes with acceptable on-time performance, except for a few neighbourhoods with
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consistent congestion issues or long-term construction projects. Notably, the areas directly

southwest and northwest of the university have signi�cant congestion issues due to the street

being a narrow commercial street with higher trip attractions, while also being a bottleneck

due to limited street connectivity caused by highways and railways. Despite the presence

of peak-hour bus lanes, compliance is relatively low, further contributing to the potential

delays. Areas close to the northeastern terminus of the metro blue line also have signi�cant

delays, which could be attributed to long-term construction detours and stop cancellations

due to the metro extension projects.

As for the bu�er time metrics, we chose 90%, 80%, and 70% as the thresholds. Once again,

since the agency's target is to have 80% of the buses departing no later than 3 minutes after

the scheduled time at timepoints, we chose the 80% threshold as a reference, which would also

correspond to having 2 late trips per week, assuming one round-trip per weekday, i.e. 10 trips

per week. Similarly, we chose the 70% and 90% thresholds to represent potential passengers

who are more forgiving of unreliability and passengers who are more strict for travel time

reliability, which is more closely aligned with the existing literature. These two thresholds

correspond to one or three late arrivals per week on average, assuming one round-trip during

weekdays.

Similar to the on-time performance metric, when the potential passenger becomes more

forgiving, i.e. a lower percentile for the bu�er time, less bu�er time is needed to reach a

destination. When the potential passenger is really strict on the bu�er time threshold, more

bu�er times are needed. The routes to destinations along the metro still have low bu�er

time, once again showing the reliability of the metro system. However, unlike the on-time

performance, there is not a signi�cant reduction of bu�er times after lowering the threshold

from 80% to 70%, suggesting the spread of the empirical travel time observations is low

between the two thresholds.

Another observation is that the two metrics may not show the same reliability issues. Using

the northern edge of the island as an example, the on-time performance metric shows that

most of the potential passengers would arrive less than 3 minutes later than the scheduled

time. However, the bu�er time metric shows a large bu�er time (around 4 to 6 minutes).

Again, the services are frequent during peak hours. A small travel time variation in the �rst

leg of the trip may cause passengers to catch an earlier bus, thus saving a few minutes of

transfer time and the overall travel time. Thus, passengers may change their expectations

based on their past journey experiences. If they are sometimes able to catch an earlier bus

than expected to their destination, would they change their expectations and behaviours to

consider the earlier bus as the one they are expected to catch? What would they consider as
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�reliable�? If the delivered services can consistently get the passengers to their destination

early or late with a low travel time variation, regular passengers may have a di�erent expec-

tation towards their travel time reliability compared to a passenger without route knowledge

(Carrel and Walker, 2017). Future research could potentially consider incorporating these

considerations while analyzing the results.

8.4.2 Spatial-Temporal Changes of Reliability

In this section, we look at the potential travel time reliabilities departing from Polytechnique

Montréal to other destination zones in the region. As mentioned in the previous section,

the passengers' tolerances towards unreliability (di�erent metric thresholds) may a�ect their

experience. Pending more information regarding the distribution of passenger preferences, in

this section as a demonstration of the analysis, our thresholds mainly adhere to thresholds

similar to the agency's standards, i.e. having 80% of the trips depart no more than 3 minutes

later than scheduled.

Figure 8.3 shows the potential on-time performance and bu�er times measures from Poly-

technique Montréal to other destinations departing at 7:00, 12:00, and 17:00. Each hexagon

represents a potential destination zone, and the colour of each zone re�ects the route relia-

bility to the given zone at the given departure time.

From the �gures, we can observe that most of the destinations have routes that can be

considered reliable, given the agency's standards in general. The bu�er times measures meet

the agency's standards more often compared to the on-time performance, i.e. more late

arrivals compared to the schedule, but the variation of travel times is generally small. Again,

we can observe some consistent delays for routes to certain destinations.

However, the spatial-temporal distribution of reliability to di�erent destinations is not evenly

distributed. Similar to the previous section, destinations near the metro tend to have con-

sistently on-time service with low travel time variations. There are a few destinations with

consistently late services and larger travel time variations, which is not surprising given the

local knowledge that these areas have major construction and detours. The reliability pat-

terns to di�erent destinations also change throughout the day. For example, the on-time

performance to destinations directly southwest of Polytechnique is generally above 80% at

07:00, but it decreases to less than 60% later in the day. Similarly, the bu�er times are

less than 3 minutes, but they increase to 4 or 5 minutes later in the day. As mentioned in

the previous subsection, this area has limited road connectivity due to highway and railway

crossings, and the route goes through a dense shopping area, which further increases the

congestion impacts in this area. Hence, the agency might want to focus more on the given
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(a) On-Time Performance at
07:00

(b) On-Time Performance at
12:00

(c) On-Time Performance at
17:00

(d) Bu�er Time at 07:00 (e) Bu�er Time at 12:00 (f) Bu�er Time at 17:00

Figure 8.3 Reliability for the overall route travel times from Polytechnique (purple star) to
other destinations for three departure times, by indicator (Jan-Mar 2024 data)

local context and speci�c time periods when revising the schedule. For example, given that

most of the shops don't open in the early morning, the agency might want to modify the

schedule to better re�ect the travel time needed or adjust the bus lane hours to help reduce

bus delays.

To analyze these reliability metrics in more detail, we could also look at the reliability of

di�erent legs of a passenger journey, which includes a series of wait times and in-vehicle

times. Here, we include a high-level summary of the overall wait times and in-vehicle times,

since some destinations may have a direct connection and some routes may involve multiple

transfers.

Figure 8.4 shows the reliability of di�erent legs or components of passenger journeys in

terms of the overall wait times and in-vehicle times, using the same reliability metrics and

thresholds. Again, more destinations have in-vehicle times or wait times that are considered
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(a) In Vehicle OTP at 07:00 (b) In Vehicle OTP at 12:00 (c) In Vehicle OTP at 17:00

(d) In Vehicle Bu�er at 07:00 (e) In Vehicle Bu�er at 12:00 (f) In Vehicle Bu�er at 17:00

(g) Wait OTP at 07:00 (h) Wait OTP at 12:00 (i) Wait OTP at 17:00

(j) Wait Bu�er at 07:00 (k) Wait Bu�er at 12:00 (l) Wait Bu�er at 17:00

Figure 8.4 Route reliability breakdown from Polytechnique Montréal to other destinations at
di�erent times of the day, by indicator (Jan-Mar 2024 data)
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reliable if we use the bu�er time metrics, demonstrating consistent delays.

For the in-vehicle times, the on-time performances are more extreme, where the performance

is either really good or really bad. Again, the spatial patterns change during the day. For

example, there are consistent delays at all three departure times towards the northern edge

of the island. The destinations south of the university have longer in-vehicle times around

midday and the afternoon peak.

The bu�er time metrics for in-vehicle times, on the other hand, are generally within the

chosen threshold of 3 minutes, as most destinations are marked as green, i.e. meet the

threshold similar to the agency's standard. However, the central areas of the island are more

reliable. Since the university is located on a metro line, journeys to destinations in the central

region typically start at the metro station, followed by a short bus ride. As expected, the

bu�er times for these destinations are low, with many routes having bu�er times less than 1.5

minutes. For longer journeys toward destinations on the edge of the island, bu�er times tend

to be longer, since the journeys are more reliant on the bus network, which may be a�ected

by more varied congestion levels. Hence, regular passengers may adopt di�erent expectations

for short or longer trips. The perceived reliability can be left for future research.

For the on-time performance of overall wait times, the spatial pattern becomes more varied

compared to the in-vehicle times. There are more areas with lower performing wait times,

and there are more areas with performances slightly less than the target of 80%. Similar

to the in-vehicle time observations, there are consistent delays at all three departure times

towards the northern edge of the island. The destinations south of the university have longer

wait times around midday and the afternoon peak.

The bu�er time metrics for wait times generally align better with the chosen threshold,

similar to the in-vehicle times. The routes with longer wait times typically align with the

problematic spots in the wait time on-time performance. However, unlike the bu�er times

for the in-vehicle times, the wait times for many areas of the island become less reliable

throughout the day, since the bus reliability tends to get more varied in the afternoons.

Hence, the agency might want to better adjust the schedule to reduce passenger wait times.

Given that the agency manages 225 bus routes, synchronizing transfers for all of the routes

may not be possible. The agency could possibly suggest a minimum transfer time at transfer

points to better account for potential transfer needs, given the travel time and reliability

variations observed.

Figure 8.5 shows the number of destinations with routes that are considered reliable by hour,

i.e. the metrics are within the agency's standards in terms of the overall travel times for the

entire journey, in vehicle times, and wait times. Again, for on-time performance, the target
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Figure 8.5 Number of Destinations with Routes Considered Reliable Departing from Poly-
technique Montréal, by indicator (Jan-Mar 2024 data)

is 80% given the 3-minute threshold, and for bu�er time, the target is 3 minutes given the

80th percentile threshold.

In general, the overall travel times do not perform as well as the wait times nor the in-vehicle

times. This makes sense, since we used the same standards for all three categories and the

overall travel times can be a�ected by both wait and in-vehicle times. For the temporal

patterns, we can observe less reliable routes during the two peak hours and at noon for the

lunch break. The afternoon peak has the worst performance, which is related to more varied

congestion and passenger demand patterns.

For the in-vehicle times, it is considered the most reliable category compared to the wait times

and the overall travel times. The on-time performance metrics also show small decreases in

two peak hours and at noon, similar to the overall travel time observations, but there is

an additional decrease around 2 or 3 in the afternoon. The bu�er times generally remain

stable from the morning peak until noon, then also decrease at around 2 or 3 pm. Given the

local context that the university is surrounded by many other elementary, middle, and high

schools, it is not surprising that the in-vehicle times, especially bus travel times, degrade

around the end of the school day, where there is a lot more pedestrian tra�c as well as

vehicular tra�c around the university and schools.
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The wait times perform slightly worse than the in-vehicle times and remain generally more

stable all day than the overall travel times and in-vehicle times, suggesting a generally con-

sistent waiting experience all day. The wait times are slightly more likely to be longer around

noon and after the pm peak, but there are slightly more variations (i.e. bu�er time) in the

morning and the afternoon peaks.

In general, given our chosen thresholds, i.e. the times are less than 3 minutes longer than

planned 80% of the time, the bu�er times for all three categories behave better than the

on-time performance at nearly all of the sampled departure times. Again, this suggests

consistent delays, which regular passengers with route knowledge may have been used to

compared to passengers making a spontaneous trip to a new area. Hence, we once again

want to highlight the future need to examine the travel preferences and delay tolerances for

these two types of passengers.

Since most of the passenger-based reliability research focuses on the existing demand with

highly aggregated temporal and spatial scales, we want to demonstrate the extra details

that planners could observe given our relatively smaller analysis scale. However, as previous

research also pointed out, these extra details may come with a much longer computing time

requirement. In addition, as we have shown that wait times perform generally worse than

the in-vehicle times, we want to emphasize the need to incorporate wait time reliability in

public transport service planning. Since larger agencies typically do not operate on a hub-

and-spoke model due to the variation in coverage, headways, and travel times, sometimes it

is impossible to synchronize all transfers. Hence, more strategies are needed for the agency

to also improve the wait time and transfer time reliabilities.

8.4.3 Number of Potential Destinations with Reliable Routes for All Origins

Figure 8.6 shows the number of destinations with routes considered reliable given our on-

time performance and bu�er time metrics, for each origin zone. Again, we use the thresholds

similar to the agency's standard. For bu�er times at the 80th percentile, if the variation is

less than 3 minutes, the route is considered reliable. For on-time performance, if 80% of the

trips arrived less than 3 minutes late, the route is considered reliable.

From the �gure, we can observe that most origins have reliable routes to 300 to 500 des-

tinations (50% to 70% of all possible zones) during the observation period. In general, we

can observe some spatial and temporal changes of the potential destinations with reliable

routes. In addition, given our thresholds, the bu�er time metric would consider more routes

as reliable. Thus, the potential issues for public transport riders are more likely to be con-

sistent delays, rather than large travel time variations. The agency might want to adjust the
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(a) Depart at 07:00 Count by
OTP

(b) Depart at 12:00 Count by
OTP

(c) Depart at 17:00 Count by
OTP

(d) Depart at 07:00 Count by
Bu�er Times

(e) Depart at 12:00 Count by
Bu�er Times

(f) Depart at 17:00 Count by
Bu�er Times

Figure 8.6 Number of Reliable Destinations for each Zone at Di�erent Times, by indicator
(Jan-Mar 2024 data)

schedule or implement various public transport priority measures to improve performance,

such as dedicated lanes and signal priority. We have included an example for the bus ser-

vice delivery performance observed at noon in Figure 8.7 to help readers understand our

operational contexts.

There are areas with consistently good performance in both metrics, for example the down-

town area (central eastern edge of the island). This is to be expected as the bus network is

better con�gured to feed passengers into the metro network, which in turn focuses on getting

people to and from downtown. Again, the metro services are generally very reliable, with

three out of four metro lines that focus on the downtown passenger demands. Although the

bus routes that run through the downtown area are slower and less reliable midday (Figure

8.7), there are more rush-hour bus lanes with longer service hours to help with the long

express buses to various suburbs. Hence, it is not a surprise that this area performs generally
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(a) Operating Speed (b) Stop Level On-Time Performance

Figure 8.7 Bus Service Performance by Route for 12:00 Departures (Jan-Mar 2024 data)

well in terms of having more destinations with reliable routes.

There are some origin zones where the potential destinations with reliable routes change

throughout the day for both metrics, such as the western edge of the island. In the morning

and the afternoon peak hours, the reliability of the routes tends to decrease for both metrics.

However, for departures around noon, the reliability of the routes is relatively better. Given

the local knowledge that the west island has more suburban developments, i.e. higher single-

family housing and car-oriented street designs. Some local and express bus services are forced

to take detours and use the highway system due to the lack of local street connections. Hence,

it is not surprising that the public transport service there is more a�ected by congestion

during peak hours and services o�-peak generally perform well (e.g. Figure 8.7). In addition,

since the network is more oriented for people going to and from the metro, which sends people

to downtown, it may not necessarily be easy for people travelling in the reverse commute

direction or from these suburbs to other suburban areas during rush hours. Hence, these

suburban areas tend to have lower public transport modal share compared to the rest of the

island, and the modal share is even lower for suburb-to-suburb demands (Autorité régionale

de transport métropolitain, 2023). The di�culty of travelling from suburb to suburb, which

typically requires two or more transfers, has also been demonstrated by other researchers in

other metropolitan areas such as Palm and Farber (2024). Future researchers could attempt

to determine to what extent the relatively low travel time reliability contributed to the low

modal share, since the two could form a vicious cycle where low demand reduces the urgency
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to improve services in the area, causing further degradation in reliability, which forces people

to shift to other modes, further decreasing the demand.

Similarly, there are origins where the potential destinations with reliable routes are consis-

tently high or consistently low. For example, the near northeastern part of the island has

fewer than 375 potential destinations with routes that are consistently reliable in terms of

on-time performance. These areas have higher population density and ridership, which would

mean late arrivals would a�ect more passengers in reality. Access in these areas typically

requires more transfers as the northeast-southwest connections are not straightforward due

to the presence of large infrastructures, industries, and parks. Most bus routes in the area

are short and also tend to terminate at the nearby metro station with no through running.

Thus, many transfers are required for the passengers in this area. Furthermore, passengers

originating from the west or the northeastern side of the island have access to long highway

express buses which feed into the metro system, allowing them to bypass all the slow and

less reliable routes in this area (Figure 8.7) when travelling to other destinations unless this

area is their destination. However, for passengers originating in this area, the trips to all

destinations must travel through this area on local streets with slow bus routes, low mid-day

service frequency, and dense tra�c signals, further degrading the travel time and reliability

(Figure 8.7). Better bus route con�gurations, aggressive bus priority measures, and poten-

tially new metro expansions in the area might be able to help improve the service reliability

in the area.

As for the bu�er times in the same northeastern area, the number of potential destinations

with reliable routes is generally high (>425) except during the afternoon peak, suggesting

consistent delays with less travel time variations. Again, there are many construction-related

detours during the study period. These detours could consistently add travel times on one

or both route directions, causing signi�cant delays but not necessarily a large travel time

variation o�-peak. Again, potential passengers with local knowledge would know about the

detours and may plan accordingly. For passengers who are making a spontaneous trip to

this area without local knowledge, their experiences would be very di�erent. Since consistent

delays negatively impact everyone, we want to emphasize the need for agencies to quickly

update the expected travel times for passengers, as well as for the bus operators to be more

�exible with service adjustments during a long-term detour. It is also important for future

researchers to consider the possible impacts on passenger mode choices and equity impacts

given various passenger expectations and behaviours. How many passengers have good route

knowledge? How would passengers' route knowledge help them make decisions or a�ect their

expectations for service delivery?
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8.4.4 Potential Equity Implications for the Number of Destinations with Reli-

able Routes

To examine the potential equity impact on di�erent population segments, we intersected each

hexagon with the 2021 census tracts and calculated the demographic attributes assuming the

population within each tract is distributed evenly. Then, we �tted a simple spatial lag model

as well as calculated the Gini index to examine the evenness of distributions.

The Gini index for the number of destinations a zone has reliable access to is roughly 0.09,

0.07, and 0.10 for the bu�er time metric (Table 8.2) for the three chosen departure times

at 7:00, 12:00, and 17:00. As the Gini Index lies within 0 and 1, where 0 represents perfect

equality and 1 indicates maximum inequality, these values suggests that the overall number of

destinations with reliable routes for each zone is more evenly distributed during the midday

period, with the peak hours being slightly less evenly distributed. This is also shown by the

earlier results, where more zones would have destinations with less varied travel times, i.e.

bu�er times less than 3 minutes.

On the other hand, the on-time performance metric shows a di�erent evenness pattern (Table

8.2). The Gini index for the number of destinations with reliable routes for each zone is

roughly 0.7, 0.9, and 0.9 for our three chosen departure times at 7:00, 12:00, and 17:00.

Here, the morning peak is the more evenly distributed time period. As seen from earlier

sections, most buses operate on time, probably because most passengers are regulars going

to work or school with less varied congestion conditions. Around noon and the afternoon

peaks, the delays become slightly more unevenly distributed overall.

The two measures do not yield the same evenness of distribution. The more evenly dis-

tributed time periods are generally the times when more zones have reliable access to various

destinations. Hence, agencies should continue to strive to understand the speci�c reasons that

cause delays or large travel time variations, which would help improve their performance and

even out the reliability distribution. In addition, passengers who are used to travelling at

a speci�c time may have a di�erent expectation given their past experiences, also pointed

out by other researchers (Carrel and Walker, 2017). As shown here, each departure time is

associated with its own pros and cons. People who have gotten used to travelling mostly on

time during morning peaks may have completely di�erent expectations compared to people

who have gotten used to travelling during the congested afternoon peak. Thus, future re-

search could potentially look into these various expectations and improve our understanding

of perceived reliability by passengers.

To see if various population segments have a similar number of destinations with reliable
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routes, we used the simple spatial regression model, as well as accounting for potential spatial

correlations. The inputs include some basic demographic and socioeconomic information as

independent variables (x), the population (by 1000 people per square kilometre), percent

population with bachelor's degree, percent minorities, median age, and median annual income

(by 1000 dollars). The dependent variables (y) are the number of potential destinations with

reliable routes in terms of bu�er time or on-time performance. A summary of the dependent

and independent variables is in Table 8.1.

Table 8.1 Summary of independent and dependent variables

Min Max Average Standard Deviation

Number of Reliable Routes - OTP 272 476 386.20 65.36
Number of Reliable Routes - Bu�er 319 567 453.71 80.25
Population Density (1,000 people) 0.16 19.95 4.32 3.58
Percent Bachelor Degree 0.09 0.70 0.35 0.14
Percent Minority 0.06 0.85 0.36 0.15
Median Age 28.11 66.00 41.87 4.74
Median Income ($1,000) 26.83 84.00 41.16 7.34

The model results (Table 8.2) show that the signi�cance and the sign of each variable vary

across the day, once again showing that the potential reliability has di�erent impacts at

di�erent times.

Table 8.2 Spatial regression model results for the number of destinations with reliable routes
(Jan-Mar 2024 data)

Bu�er Time On Time Performance

Departure 07:00 12:00 17:00 07:00 12:00 17:00

Intercept 183.50*** 206.69*** 167.64*** 215.66*** 43.78* 171.20***

Population Density 1.53*** 2.63*** 1.87*** -1.02* -0.61 -0.36
Percent Bachelor Degree 0.30* 0.05 0.08 -0.16 0.00 0.17
Percent Minority -0.21 -0.50*** -0.40*** -0.19 0.01 -0.12
Median Age -1.27*** -0.07 -0.18 -0.68* 0.64* -0.32
Median Income -0.44 -0.28 -0.02** 0.07 0.37 -0.79*

Gini Index 0.0891 0.0700 0.0969 0.0696 0.0920 0.0931

*** p < 0:01, ** p < 0:05, * p < 0:1

For departures at 7:00, the intercept and three other variables, population density, percent

bachelor's degree, and median age, are signi�cant (p < 0:1) in the bu�er time model. The
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coe�cients for both population density and percent bachelor's degree are positive, meaning

zones with higher population density and a more educated population tend to have slightly

more reliable routes to other destinations. The older population are related to fewer desti-

nations with reliable routes, which makes sense given that there is a small correlation where

the older population tend to live in the suburbs with lower population density. Around

noon, population density still remains positive, but only one other variable is signi�cant, the

percentage of minority populations. Areas with higher proportions of minority population

relate to a slight decrease in the number of destinations with reliable routes. In the evening

peak, the population density and percentage of minority populations are still signi�cant.

Similar to earlier departures, higher population density correlates to a small increase, and

a higher percentage of minority population correlates to a small reduction in the number of

destinations with reliable routes. In addition, the median income is slightly signi�cant with

a negative coe�cient, suggesting that the higher-income population are negatively a�ected

during the afternoon peak. People with higher incomes tend to live in areas with limited

or less straightforward road access, which could restrict direct public transport routing and

increase potential unreliability.

As for the on-time performance models, for 7:00 departures, only population density and

median age are slightly signi�cant, which is not surprising, as the number of destinations

with reliable routes is the most evenly distributed according to the Gini Index. Again, most

routes can adhere to the schedule during the morning peak, since in reality, the passengers

at this time are regulars going to work or school, and there is less variation in congestion

levels. As the day goes on, there are even fewer signi�cant variables. Notably, at noon,

one variable is signi�cant other than the intercept. Zones with older populations tend to

have more destinations with reliably on-time routes compared to other zones. Again, since

the older population is slightly correlated to the suburbs, which generally have fewer tra�c

congestion issues compared to more central locations. In the evening, only the median income

is signi�cant, as it relates to fewer destinations having reliable routes. Similar to the bu�er

time observations, they tend to live in areas with less direct access, which could restrict the

public transport route options.

To summarize, di�erent times of the day correspond to di�erent impacts on di�erent pop-

ulation segments. In reality, more people would want to go downtown to work during the

morning peak and return home from downtown during the afternoon peak. Hence, the route

network is more optimized to focus on commuters to and from downtown, where the peak

directions have more frequent services than the opposing directions. Trips outside peak hour

and peak directions tend to be a�ected more negatively (e.g. departing from the suburbs

in the afternoon peak). Hence, planners should also consider improving the reliability for
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passengers not travelling in peak directions or travelling from suburb to suburb. Similarly,

in reality, people returning home from central locations tend to transfer from frequent metro

services to less frequent bus services. Gaining or missing a transfer could cause larger travel

time variations for passengers. Future research could also potentially reverse our research

and consider each zone as an arrival zone and count potential origins with reliable routes.

Bu�er time models tend to have more signi�cant variables than the on-time performance

variables. Given the fact that most agencies optimize for on-time operations and the di�-

culty of minimizing passenger travel time variations, our research again highlights the need

for planners to consider potential passenger impacts when adjusting services, such as the

impact on waiting and transfer times.

8.5 Conclusion and Next Steps

To summarize, public transport reliability is important for both agencies and passengers.

Larger travel time variations a�ect the trip planning decisions and mode choices for passen-

gers. If the services are consistently unreliable, people might change to other modes, and it

is di�cult to get people back to using public transport (Carrel and Walker, 2017).

Previous studies mostly focused on the reliability of observed trips, either using tap-in and

tap-out data or using an inferred ridership model. Thus, they did not show the reliability

of less observed destinations, which might still be important for passenger mode choice and

satisfaction.

Aiming to create a more comprehensive view of public transport reliability, we simulated

potential passenger trips and calculated travel time reliability assuming all origin-destination

pairs are equally important. We routed passengers to all destination zones from a given

origin based on the schedule and selected the fastest route in a given hour as a reference

route. Then, we checked the reliability for the reference route using schedule-based (on-time

performance) and variability-based (bu�er time) measures. Finally, we summarized these

reliability indicators for a given origin and for all origins.

Our �rst analysis evaluates on-time performance and bu�er time reliability using varying

thresholds to re�ect di�erent potential passenger experiences. Strict reliability thresholds

yield results that are more extreme, i.e. either really reliable or really unreliable. Results

show that reliability improves as thresholds become more forgiving as expected. Areas around

metro stations have consistently performed better since there is no congestion in the metro

system. Notably, the two metrics do not always align, as some areas show good on-time

performance but high bu�er time, likely due to frequent service sometimes allowing early



240

connections.

Using a similar threshold as the agency, we analyzed in detail the spatial and temporal

patterns of the overall travel time reliability departing from Polytechnique Montréal. While

most routes meet agency standards, there are still some spatial and temporal variations in

reliability to di�erent destinations. Bu�er time metrics generally show better performance

than on-time metrics, suggesting small travel time variations but with consistent delays given

the agency's standards. Routes to destinations near the metro are typically more reliable,

while routes to destinations near construction sites or further away from the origin experience

more variability. Reliability shifts throughout the day, with morning routes generally more

dependable than those in the afternoon.

A breakdown of the overall travel time, wait times, and in-vehicle times shows that in-vehicle

times are more reliable compared to the wait times. In-vehicle times are more a�ected during

the peak hours by congestion as expected. However, wait time variations are generally more

stable but degrade slightly during midday and the afternoon peak. Overall travel times

perform worse than individual components, re�ecting compounded e�ects of delays. The

�ndings highlight the importance of considering both travel time variations (bu�er times)

and delays (on-time performance). The study emphasizes the need for planners to factor in

wait time reliability and transfer synchronization when developing their service plans to help

improve passenger experience, particularly in complex public transport networks, due to the

computational intensity and more varied route con�gurations for these detailed analyses.

For all of the potential origins within the service area, the analysis reveals that most origin

zones in the network have reliable access to 300�500 destination zones (50�70% of all possible

zones), with bu�er time metrics generally identifying more routes as reliable than on-time

performance metrics given the agency's standards. This suggests that riders are more of-

ten a�ected by consistent delays than unpredictable travel times, highlighting the need for

schedule adjustments and priority measures to reduce travel time. The spatial-temporal re-

liability patterns also vary by time of day, with afternoon peak hours showing uneven delays

for more origins given the more varied tra�c conditions and passenger demands. Downtown

consistently performs well due to robust infrastructure and service design, while areas in

the west and near northeastern zones show more variability, often due to complex suburban

street layouts, congestion, or transfer needs. Since the network is focused on getting people

to and from the central area, it is not necessarily easy for people to travel in the direction

opposite to the peak hour tra�c or to travel from suburbs to other suburbs. Given the low

observed demand modal share for suburb-to-suburb trips, we emphasize the need to consider

the potential impacts on passengers who need to make these trips.
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Equity analysis using the Gini index shows that bu�er time reliability is relatively evenly

distributed, especially at noon, while on-time performance shows a di�erent pattern, where

it is more evenly distributed for the morning peak. Regression modelling incorporating

demographic data indicates that reliable access varies across population segments at di�erent

times of the day. Thus, the potential service reliability impacts di�erent population segments

di�erently throughout the day. These �ndings highlight the importance of considering not

only operational reliability but also passenger experience, expectations, and social equity in

public transport planning.

However, there are many limitations and potential future research that are needed, since

this paper is a demonstration of our idea. Future researchers could nevertheless test out

various trip planning parameters, route choices, passenger arrival patterns at origin, and

various reliability measure thresholds. This additional information could help discover issues

faced by potential passengers during their trip, as well as the sensitivity of various reliability

metrics. Similarly, future studies could test out other types of sampling methods, potentially

with accurate trip production and attraction information to better understand the reliability

impacts on di�erent population segments and trip purposes. Future research could look more

into the various expectations and perceptions of passengers, as we demonstrated that di�erent

departure times and departure areas may be associated with di�erent reliability, and regular

passengers may have gotten used to these particularities compared to a passenger making a

spontaneous trip on a new route. Finally, future studies could also concentrate on suburb-to-

suburb travels to determine how low observed demands, low modal shares, and low reliability

interact with each other given the di�culty of making these trips.
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CHAPTER 9 DISCUSSION

This chapter discusses the �ndings from the �ve research papers, analyzing the progression

from foundational statistical analyses to practical planning tools and equity evaluations. It

demonstrates how each paper builds upon the others and contributes to a deeper under-

standing of transit travel times, highlighting the importance of detailed analysis levels and

the role of tra�c signals and ridership variations in shaping reliability. The chapter also

highlights limitations and future research directions, emphasizing the need for continuous

data improvement, cross-agency collaboration, and a stronger focus on passenger experiences

in transit planning.

9.1 Overview of the Projects

The overarching goal of this study is to provide transit agencies with tools and knowledge to

improve service delivery, optimize operations, and better serve diverse populations. Hence,

this document presents �ve interconnected research projects that collectively aim to improve

the understanding, modelling, and planning of transit travel times. Figure 9.1 present a

high-level relationship between di�erent parts of the study.

Each paper builds upon the insights of the previous paper and adds more details to the

analysis levels to provide a more comprehensive understanding of transit travel time charac-

teristics and their broader impacts. The research progresses from statistical characteristics

to practical planning applications and passenger impact assessments.

At a high-level, each paper contributed to the general research question on system-wide multi-

level analysis and spatial-temporal analysis to varying degrees. Each paper also corresponds

to their speci�c questions on statistical distributions, means, and variances of transit travel

times, modelling travel times using detailed trip components, and the potential passenger

and equity impacts caused by the detailed travel time variations.

Paper 1 identi�es future research needs by examining the overall statistical distribution char-

acteristics of transit travel times at various analysis levels, since previous literature often

assumes or oversimpli�es travel time distributions, possibly due to low data resolution. It

identi�es that mixture distributions are prevalent across three analysis levels, stop-to-stop,

timepoint, and route levels, in�uenced by factors such as tra�c signals and ridership vari-

ations. There are two fundamental properties used to describe the statistical distributions

from Paper 1, mean and variance, which will be explored in Papers 2 and 3.
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Figure 9.1 High Level Summaries and Relationships Between the Papers
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Paper 2 focuses on modelling the mean travel times using streetscape, operational, and

temporal data. The analysis levels get more detailed, where the inter-stop level is added to

the analysis. It reveals that the stop-to-stop travel time model performs poorly, yet the inter-

stop level performs well, mainly due to the importance of tra�c signals and large ridership

�uctuations creating di�culty for modelling. However, the inter-stop analysis level may still

include any tra�c signals in between two stops.

Informed by the results from Papers 1 and 2 on the potential impacts of tra�c signals and

ridership variations, Paper 3 aims to mitigate these issues by including estimations for these

two variables. Paper 3 also focuses on the sources of travel time variance, which is the

other fundamental property of a travel time distribution. It further decomposed travel times

by considering tra�c signals as an operational stop without passengers, and tra�c signal,

ridership, and congestion impacts can now be fully isolated and analyzed. Global sensitivity

analysis also attributed variance contributions to speci�c travel time components. The result

shows signi�cant impacts from tra�c signal timings and their interactions with other factors

like departure time, inter-stop times, and dwell times.

This granular understanding of variance informs the next stage of modelling. Paper 4 takes

the insights from Papers 2 and 3, modelling detailed means and variances, and incorporates

detailed trip components into travel time models. Again, this paper considers the tra�c

signals as an operational stop, which allows the travel time model to react to individual

component changes or overall systemic changes. By comparing to the results and knowledge

gained in Paper 1 on the statistical distribution, Paper 4 demonstrates that scenario-based

models can e�ectively replicate observed statistical distributions, o�ering a more �exible

approach to modelling overall travel times.

The smallest analysis levels gradually got more and more detailed as the research progressed.

The �rst paper was at the stop-to-stop level, which included the dwell times at the stop and

all red light waiting times. The second paper was at the inter-stop level, which does not

include any dwell time, but it includes all red light waiting times between the two stops. The

third paper was at a more detailed "inter-stop" level, where the tra�c signals are considered

as a virtual operational stop with no ridership and with their own departure and arrival

times, which allows for better isolation of congestion e�ects, signal delays, and dwell times.

Paper 4 kept the same level of detail when trying to predict travel times for future periods.

Finally, given all the factors that impact the travel times at various analysis levels, Paper 5

focuses on the potential passenger impacts and equity implications of travel time reliability.

Passengers do not necessarily board and alight at timepoints where planners de�ne the bus

schedule. Hence, the analysis level shifted again to di�erent combinations of origin and
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destinations along a route. It shows how reliability varies across regions and times of day,

a�ecting di�erent population groups. The study also �nds that wait times are generally less

reliable than in-vehicle times, raising concerns about equitable access to reliable transit.

Together, these papers form a series of projects that move from foundational statistical anal-

yses to practical operation planning and equity-focused applications. Each subsequent paper

not only incorporates insights from previous ones but also introduces additional methodolog-

ical enhancements that improve the applicability of the models. A central theme across all

papers is the gradual re�nement and deepening of analysis levels, each adding more granular-

ity and precision to the study of transit travel times. The analytical framework evolved from

relatively more aggregated levels to more disaggregated component level models in Papers 3

and 4, where tra�c signals and ridership impacts are independently estimated and isolated.

The various analysis levels used in these projects show di�erent views on travel times, and

more detailed analysis levels help indicate speci�c factors a�ecting travel times. Hence, these

projects enable multi-level understanding of transit travel times. As a result, planners and

researchers gain knowledge on both broad patterns and �ne-grained issues of transit reliabil-

ity. This also allows planners to better focus their resources and target speci�c problems on

a given route, supporting more e�ective interventions to improve travel times and reliability.

The �gure also visually shows the progression of the path taken, where each study informs

the next and contributes to a more comprehensive understanding of transit travel times.

9.2 Detailed Discussion of Research Works

To summarize, good and reliable transit travel times are important for both transit agencies

and passengers, who rely on travel times for their decision-making processes. Based on the

existing literature, this research attempted to address two general and �ve speci�c research

questions to improve the understanding and planning of transit travel times:

ˆ General Question 1: How do di�erent analysis levels compare in assessing systemwide

transit performance, and what are their implications for transit planning and schedul-

ing?

ˆ General Question 2: How do spatial and temporal variations a�ect transit travel times

and reliability across a transit system?

ˆ Speci�c Question 1: Which segments have travel times that follow mixture statistical

distributions, and which operational or environmental factors could explain mixture

statistical distributions?



246

ˆ Speci�c Question 2: What are the pros and cons of di�erent related dependent variables

when modelling average travel times?

ˆ Speci�c Question 3: How much travel time variance can be attributed to speci�c trip

components?

ˆ Speci�c Question 4: How can detailed trip components and their interactions be in-

corporated into travel time models to improve the accuracy of performance prediction

under di�erent planning scenarios?

ˆ Speci�c Question 5: What is the potential travel time reliability if passengers were to

travel on public transport across the entire service area?

Aiming to provide more comprehensive evaluations of transit travel times and to provide

more insights to the transit agencies for planning purposes, we conducted a systemwide

multi-level study to further our understanding in the statistical distribution, the mean, and

the variance of transit travel times. We then proposed a travel time model to integrate the

knowledge gained in these studies into a simple scenario-based travel time model for planning

purposes. Aiming to better understand potential passenger impacts due to unreliability,

we simulated travel times for passengers, identi�ed potential spatial and temporal changes

related to the observed travel times, and evaluated potential equity impacts on di�erent

population segments. The following subsections will provide a more detailed discussion on

how each paper contributes to each question.

9.2.1 General Question 1: How do di�erent analysis levels compare in assess-

ing systemwide transit performance, and what are their implications for

transit planning and scheduling?

Across the �ve papers, multiple analysis levels were explored to evaluate transit performance,

ranging from inter-stop segments to full routes and systemwide passenger experience simula-

tions. Paper 1 demonstrated that di�erent levels, i.e. stop, timepoint, and route levels, reveal

mixture distribution patterns in travel time statistical distributions. Paper 2 compared mod-

elling outcomes across analysis levels using di�erent dependent variables, travel time, speed,

and pace, revealing that higher-level analyses may be more suitable for high-level infrastruc-

ture and cost analyses, but they may mask detailed variability that may a�ect operations

and passenger experiences. Finer levels require more detailed data but o�er more accurate

predictions. Papers 3 and 4 extended this by incorporating detailed trip components into

performance assessments, showing that modelling at the component level, such as adding



247

signal delay and dwell time, o�ers a more accurate understanding of trip travel time variabil-

ity and operational impacts. Finally, Paper 5 introduced a passenger-centric perspective by

evaluating travel time reliability across the entire service area, o�ering an additional analysis

level based on potential user experience.

Together, these system-wide analysis with various analysis levels help contribute to the lit-

erature a comprehensive framework for understanding and improving transit travel time

reliability by illustrating speci�c issues facing speci�c routes. The main �ndings highlights

that choosing the appropriate analysis level is critical for transit planning, more detailed

levels provide deeper insight into variability and component-level interactions, while higher

levels hides detailed variations but support broader high-level planning decisions.

9.2.2 General Question 2: How do spatial and temporal variations a�ect transit

travel times and reliability across a transit system?

All �ve papers show spatial and temporal variations in transit travel times and their reliability

to various degrees. Paper 1 showed that mixture distributions, associated with various under-

lying tra�c conditions, are often concentrated in speci�c spatial zones, such as corridors with

tra�c signals and during temporal peaks like weekday rush hours. Paper 2 con�rmed that

time of day, street classi�cation, and operational features, such as frequency and ridership,

a�ect average travel times and the performance of di�erent modelling approaches. Paper

3 found that variation in signal timing patterns makes travel times even more temporally

dependent. Small changes in departure times can lead to signi�cant impacts downstream due

to interaction e�ects. By expanding the results, Paper 4 further demonstrated that red light

waiting times are signi�cantly higher in the central areas with dense tra�c signals, while

less travel times are attributed to red lights in the suburbs. The performance of our simple

travel time model also emphasized that travel time modelling depends on accurately cap-

turing spatial and temporal contexts of speci�c trip components, such as detailed ridership

and tra�c signal timing. Paper 5 brought these themes together by showing how travel time

reliability varies across neighbourhoods and times of day, with suburban areas having worse

reliability during peak hours, dense central neighbourhoods with no metro service having

consistently low reliability all day, and downtown areas having better reliability given better

metro coverage.

By analyzing these spatial and temporal variations, this research contributes to when and

where unreliable or slow travel conditions occur, helping planners anticipate and address

issues that disproportionately a�ect certain areas or populations. Together, these results

collectively highlight the need for planners to incorporate detailed spatial and temporal di-
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mensions when evaluating or predicting transit performance. Overlooking these factors risks

hiding detailed variations a�ecting planning and operations or underestimating potential

inequities and passenger experiences.

9.2.3 Speci�c Question 1: Which segments have travel times that follow mixture

statistical distributions, and which operational or environmental factors

could explain mixture statistical distributions?

The questions on the statistical distributions of transit travel times mainly relate to the �rst

paper. Previous literature pointed out the need to develop more precise models related to

the statistical distribution of transit travel times, since some literature has observed mixture

transit travel time distributions using more granular observations.

Aiming to comprehensively identify the mixture travel time distributions and to provide

factors relating to these mixture distributions to the transit agencies, this study included

a systemwide study at three analysis levels, stop, timepoint, and route levels, to illustrate

the presence as well as the spatial-temporal patterns of these mixture distributions. Then,

classi�cation models classi�ed whether a given segment would follow mixture distribution,

given streetscape, temporal, and operational characteristics, which allowed us to examine the

importance of each predictor.

The results show the presence of mixture distributions in all analysis levels, stop, timepoint,

and route level. The percentage of timepoint pairs and stop pairs that follow mixture dis-

tributions stays relatively stable throughout the day. However, the variation at the service

pattern level is higher, potentially due to the smaller sample size. The weekend services also

tend to have fewer segments identi�ed as mixture distribution, which could also be due to

the smaller sample size or due to the lower tra�c congestion and demand patterns. The

geographical distribution shows that segments near tra�c lights or on major transportation

corridors tend to have more mixture distributions. Neighbourhoods with more passenger

demands, higher population density, and mixed land use could have more segments identi�ed

as mixture distribution.

Using various classi�cation models, we showed that non-linear methods and similarity-based

models work the best in classifying the shape of transit travel time distributions. The results

highlight the need to consider the non-linearity and suggest that similar segments tend to

behave similarly. Planners could potentially try to address travel time issues using similar

strategies for similar segments at the same time, given that similarity-based models worked

well. The regression models highlighted the potential e�ects of passenger demand varia-

tions, weekday services, operator preferences, vehicle-to-vehicle interactions, tra�c lights,
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and segment length variables.

Hence, this research contributes the literature on the mixture travel times by identifying

and analyzing the presence of mixture distributions across multiple levels of the transit

system, including stop-to-stop, timepoint-to-timepoint, and route levels. It �lls the gap

in the literature on how di�erent environmental, spatial, and temporal variables, such as

varying tra�c signals and ridership variations, combine to create multimodal distributions

that complicate service reliability. Through spatial and temporal analysis, the study shows

where and when these mixture distributions occur, o�ering insights for future research to

improve service reliability.

9.2.4 Speci�c Question 2: What are the pros and cons of di�erent related de-

pendent variables when modelling average travel times?

Improve the understanding of average travel time model mainly relates to Paper 2. It looks

at the mean, which is a fundamental property of the statistical distributions identi�ed from

Paper 1. Most of the previous literature focuses on travel times at timepoint levels, and

normalized measures, like travel speeds or paces, are typically used to evaluate delivered

services or to plan infrastructures at route levels. Built upon Paper 1, where we learned

tra�c signals and ridership variations contribute to mixture travel time distributions, this

paper further improves the analysis resolution by adding the inter-stop analysis level, which

does not include dwell times at stops and signal delays at near-side stops, which is the

majority given the local context. In addition, travel times are the result of varying speeds or

paces given the �xed distances in �xed route operations.

Thus, aiming to help planners better choose the models or measures for their speci�c planning

applications, in the second contribution, we proposed a framework to compute and compare

the travel time, speed, and pace measures commonly used by transit agencies at four analysis

levels, inter-stop, stop, timepoint, and route levels. To test these measures, we came up with

two planning scenarios, one is to test the expansion of service areas using new routes, and

another is to test new service hours for existing services. Finally, we discuss the aggregated

results to show the overall performances for each model and the disaggregated results to

demonstrate various biases related to each model.

The models show that the non-linear travel time models perform slightly better. Transit

travel times, speeds, and paces are greatly impacted by temporal variables, like time of the

day, spatial variables, like street classi�cations and the number of tra�c lights, as well as

operational variables, such as service frequency and ridership. However, most other spatial

variables, like land use, are not signi�cant for travel time models at a higher level, but are
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more signi�cant in �ner analysis levels. The distance coe�cients in travel time models may

be too restrictive to deal with the changing segment lengths and speeds in reality.

Spatial, temporal, and operational variables can explain higher analysis levels much better,

such as timepoint-to-timepoint and service pattern levels. For lower levels, the inter-stop

level performs better than the stop-to-stop level. These results show that the analyses at

higher levels may hide more detailed variations at lower levels. Improving the results at these

lower levels requires more detailed data and further studies on dwell times and signal waiting

times.

Segments with existing observations can help greatly when estimating travel times for ex-

panding service hours, since they have a segment-speci�c intercept to take account of the

di�erences between segments due to the lack of detailed dwell time and signal waiting time

data. However, the normalized results from speed models perform better for the new route

scenarios, given the lack of segment-speci�c intercepts. We believe planners could more in-

tuitively estimate how fast buses can travel along the segments based on local knowledge

and environmental variables when planning for a new route, which is in line with the current

practice.

We also highlight the shortcomings of using speci�c aggregated measures in previous liter-

ature, since di�erent measures evaluate the results "from di�erent angles" (Kolassa, 2020)

and that various error measures indicated di�erent "winners" when evaluating model perfor-

mances. A more disaggregated error analysis shows that the speed models tend to under-

estimate the average travel times since the speeds are less a�ected by extreme values, such

as extreme weather events. Pace models, on the other hand, tend to overestimate average

travel times. Direct travel time models tend to have less skewed errors. Although all three

approaches perform similarly in terms of the average errors, the speed and pace models per-

form relatively better and more consistently relative to the actual values. Time models tend

to struggle more with faster average speeds and short segments, which can be attributed to

the �xed paces in the coe�cients.

The methods and results contributes to the literature that we calculate and compare aggre-

gated model performances using the observed travel times, speeds, and paces integrated with

environmental and operational characteristics from a wide range of segments in the network,

o�ering a more comprehensive view of the travel time models. The second contribution is

that we summarized the disaggregated model performances from the aforementioned model

results to discover potential biases related to each dependent variable modelled. These ag-

gregated and disaggregated results allow us to discuss the advantages and disadvantages of

these various modelling approaches, analysis levels, and evaluation criteria, so that we can
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make recommendations to other researchers and planners when deciding future modelling

approaches.

9.2.5 Speci�c Question 3: How much travel time variance can be attributed to

speci�c trip components?

Improving our understanding of travel time variances mainly relates to Paper 3, which is

another fundamental property of statistical distributions identi�ed in Paper 1. Previous

studies mostly focused on either the variation of overall trip travel times or the variation

of speci�c elements in trip travel times, such as dwell times or signal waiting times. Given

the importance of tra�c signals and ridership variations identi�ed in Paper 1 and 2, there

is a need to better isolate the signal delays and dwell times to once again improve the data

resolution on these two issues in our travel time analyses. There is still a need to better

isolate the variation in each trip element, discover how these various elements interact with

each other, and rank the impact of each element on the overall travel time variation.

Aiming to create more comprehensive evaluations of transit travel time variations and to help

prioritize the resources for transit planners, we further decomposed recorded transit travel

times from 20 routes in Montréal into several trip elements, i.e. departure time, inter-stop

times, dwell times, and red light waiting times. Then, using these times, we conducted both

a variance-based sensitivity analysis and a one-at-a-time analysis for observed transit travel

times to demonstrate the importance of various trip elements.

The results from the third paper show that we can better decompose the travel times by

adding more details on tra�c signal settings and ridership variations, and that the variations

in speci�c trip elements can be better isolated. From the variance-based analyses, we quanti-

�ed and ranked the contribution of each trip element to the overall trip travel time variations.

The red light waiting times contributed the most variation to the trip travel time variations

for most of the routes analyzed in our case study. The most important element observed in

our case study is the departure time at the �rst stop, which determines how synchronized the

tra�c signals are further downstream on the route given the �xed timing plan with varying

cycle lengths used in Montreal. In addition, most of the variation in the overall travel time

and red light waiting time came from the interaction e�ects. The inter-stop travel times and

dwell times, however, are a�ected less by the interaction e�ects and can mostly be ranked

by the individual variations. The one-at-a-time analysis also demonstrated the non-linear

relationship between the variation of each trip element and the trip travel time variation.

Planners need to choose the departure time carefully and better understand the base signal

timings before designing or adjusting service schedules. Slightly modifying the departure
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time to facilitate interlining is not necessarily a good idea without a better understanding

of the potential impact on the overall travel times. A slight change in departure time can

potentially cause a large travel time variation due to the changes in signal synchronization

patterns. Thus, the historical vehicle location and travel time observations are conditional

given the �xed signal plan and the varying cycle lengths. Planners could either optimize

for speci�c departure times rather than applying the same travel time everywhere, or add

adequate schedule padding to account for the travel time variations which would increase

operating costs. Similarly, small changes in signal timing plan changes can cause a chain-

reaction e�ect on the overall travel times, where the resulting travel time changes can be

small locally, but the impact on the whole trip can be large due to the interaction e�ects for

the sections downstream. Thus, planners need to include more detailed signal timing plans

and red light waiting time information when scheduling or planning for transit travel times.

The results adds to the literature by introducing more detailed analysis levels, where tra�c

signals as an operational stop. The decomposition of travel times help better isolate and

pinpoint speci�c issues related to congestion, ridership, and signal delays, which allows ana-

lysts to clearly quantify the impacts of congestion, ridership variation, and red lights. The

importance of including tra�c signal timings in travel time models also o�ers future research

directions to improve travel time models and travel time reliability.

9.2.6 Speci�c Question 4: How can detailed trip components and their interac-

tions be incorporated into travel time models to improve the accuracy of

performance prediction under di�erent planning scenarios?

The fourth paper extends the third paper to travel time planning and estimation contexts.

Given the previous results highlighting the importance of tra�c signal impacts and ridership

variations and the lack of literature using detailed travel time components in travel time

modelling, we proposed a simple scenario-based travel time model that calculates trip com-

ponents given a planning scenario, i.e. departure time, inter-stop times, dwell times, and red

light waiting times. We also tested the model performances given various planning scenarios

in the observation period and future service periods. This paper also provides more empirical

system-wide evidence on tra�c signal impacts on the overall travel times as well as updates

the sensitivity results in paper 3.

The fourth paper shows that using the detailed trip components in travel time modelling

is feasible with acceptable model performance given various planning scenarios. We showed

that incorporating detailed inter-stop, dwell, and signal delay components can produce travel

time estimates that closely align with observed values, even under changing operating condi-
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tions. The model performs generally better compared to simply using the observed average

travel times in the planning context. This model enables planners to better evaluate di�erent

operational conditions and their impacts on the overall travel times. However, more infor-

mation is needed to improve the accuracy and the usefulness of the model, such as mid-route

driver change and the most up-to-date signal timings for example. Planners could also use the

model to evaluate various strategies to reduce the red time impacts on bus travel times, such

as using a combination of strategies like departure time changes, signal parameter changes,

and more aggressive signal priorities.

The contributions are �rst, the integration of detailed components into a simple travel time

model. We demonstrate how departure times, inter-stop travel times, dwell times, red light

waiting times, and their interactions can be integrated in a simple travel time model while

accounting for the decisions drivers make on the road. Next, we contribute to the development

of a scenario-based travel time model. By using these detailed travel time components,

we introduce a model that enables planners to simulate di�erent changes in the network

collectively or individually, such as departure time, congestion, or ridership changes, and

assess their impacts on travel times to address potential issues more proactively.

9.2.7 Speci�c Question 5: What is the potential travel time reliability if pas-

sengers were to travel on public transport across the entire service area?

Given all the factors that a�ect transit travel times and reliability, the �fth paper intended to

better understand the potential equity impacts of transit reliability on potential passengers by

answering the speci�c question 5. Previous studies mainly focused on the existing demands

and observed passenger travel times. However, there is limited information on whether

passengers who are stuck with low-demand routes and passengers on popular routes share

similar experiences.

We simulated the potential travel options from evenly sampled hexagon grids across the

entire service area and calculated the travel time reliability if passengers were to travel

across the whole region evenly and regularly. We routed passengers to all destination zones

from a given origin based on the schedule and selected the fastest route in a given hour as a

reference route. Then, we checked the reliability for the reference route using schedule-based

(on-time performance) and variability-based (bu�er time) measures. Finally, we summarized

these reliability indicators for a given origin and for all origins.

The �fth paper on the potential reliability for passengers shows that strict reliability thresh-

olds would yield results that are more extreme, i.e. either really reliable or really unreliable,

more forgiving thresholds would result in better reliability metrics as expected. On-time per-
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formance and bu�er time metric results do not necessarily align, and planners want to look

at both metrics to determine the exact nature of reliability issues given an origin-destination

pair. Some suburban areas show good on-time performance but high bu�er time, likely due

to catching an earlier transfer trip.

Given the Montréal local context, routes originating near the metro are typically more reli-

able, while origins near construction sites or destinations further away from the origin expe-

rience more variability. Reliability shifts throughout the day, with morning trips generally

more dependable than those in the afternoon. A breakdown of journey time into wait times

and in-vehicle times shows that in-vehicle times are more reliable compared to the wait times.

In-vehicle times are more a�ected during the peak hours by congestion as expected. Wait

time variations perform worse than in-vehicle times and are generally more stable with small

degradations during midday and the afternoon peak. Since wait times and transfer times are

generally not planned or analyzed, we highlight the need for agencies to incorporate these

analyses to improve passenger wait time performance. Overall journey times perform worse

than individual components, re�ecting compounded e�ects of delays.

A simple spatial regression model incorporating demographic data and Gini indices indicates

that reliable access varies across population segments at di�erent times of the day. Central

areas, e.g. downtown, have better access to reliable routes given that the transit network

is designed to get people to and from central areas. Suburb-to-suburb travels tend to be

more di�cult. Thus, the potential service reliability impacts di�erent population segments

di�erently throughout the day.

The contribution is to remove the passenger demands and sample the service area evenly.

This would help discover potential equity issues, especially for passengers who are stuck using

transit on long or low-demand journeys, since the existing literature focuses on the observed

demands. The second contribution is the spatial and temporal analysis, which help discover

the reliability issues for a speci�c origin and for all origins.

9.3 Summary of Limitations and Directions for Future Research

In summary, while this research provides a multi-level, systemwide understanding of tran-

sit travel times and reliability, several limitations may a�ect its applicability. A recurring

theme across all papers is the mismatch between the granularity required to model passenger

experiences accurately and the aggregated levels typically used in transit planning. Limi-

tations in data quality and availability, particularly regarding ridership patterns, real-time

signal timings, and driver behaviours, will a�ect the generalizability of the models. Method-
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ologically, the studies face constraints related to certain simpli�cation assumptions despite

the more detailed analysis levels, as well as limited temporal coverage for detailed analysis

levels due to higher computational requirements. Furthermore, while the research touches on

passenger reliability, it is limited by the lack of detailed behavioural data, assuming uniform

expectations across the network. As for the results, the applicability elsewhere may be lim-

ited, since other cities may have vastly di�erent transit planning or signal timing guidelines

for example. Future work should focus on increasing data resolution, incorporating more

detailed modelling levels, and bridging the gap between operational metrics and passenger

experiences to enhance both planning practices and service delivery.

More speci�cally, across all �ve papers, a key limitation is the disconnect between the analysis

levels used for planning and the levels at which passengers experience service, which relates

to the �rst general question. Planning is often done at higher levels, i.e. timepoint or route

levels, but passenger reliability is perceived at �ner-grained levels such as stops or inter-stop

segments. This mismatch limits the ability of existing models to fully capture passenger

experiences. Future research should aim to integrate �ner-scale analyses into system-level

planning, particularly to capture the detailed variations caused by ridership variations and

signal settings, which become more signi�cant at smaller scales and may cause travel time

variations downstream. Higher-level analyses can hide important local variations in travel

times, so we emphasize the need to model transit performance at more detailed levels and

improve the granularity of our understanding of transit travel times. We also want to highlight

the need for agencies and equipment suppliers to continuously improve the data granularity

and quality to enable these detailed analyses.

The studies were also limited in their ability to capture and respond to spatial and tempo-

ral variations related to the second general question, especially for changes in operational

contexts such as the implementation of new bus lanes, signal priority strategies, or evolv-

ing ridership patterns. The more detailed analyses did not cover many changes in signal

timing, service adjustments, or rider behaviour shifts, which limited the prediction accuracy

for planning in future or modi�ed contexts. Future work should use longitudinal data to

further evaluate temporal changes, such as the e�ectiveness of bus priority strategies over

time. More detailed spatial data on infrastructure, land use, and tra�c signal timings can

help explain potential geographic disparities in reliability. Finally, future research should test

di�erent sampling approaches for transit travel times while accounting for di�ering passenger

expectations and mobility patterns, which vary by location and time of day.

Finally, we want to mention that our research is limited in terms of passenger experiences,

since we do not have much passenger-related data. Passenger activities relate to the dwell
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times, which are important to model travel times for service planning. Passenger data are

also important to evaluate the impact of service delivery on passenger experiences, since

passengers may shift to other modes if their experiences are bad and they won't come back

to transit unless major improvements are made (Carrel et al., 2013a). For passengers, a trip

may involve two or more vehicles and the perceived travel times may vary in di�erent parts

of the trip. Thus, operational measures like the ones evaluated in most of the papers may

not necessarily re�ect passenger experiences and perceptions completely. Therefore, future

researchers could also introduce additional analysis levels to better understand passenger

experiences. Transit agencies could also potentially use detailed travel time analyses to inform

passengers on potential issues on the route or the likelihood of getting to their destinations

on time.

More speci�cally, for the �rst speci�c question on travel time distributions, there are two

speci�c limitations with regard to Paper 1. One is with regard to the methodology, where

we aggregate the entire dataset without considering the service changes that occurred during

the study period. Additional research could examine potential contributions from seasonal

variations and changes in infrastructure to mixture distributions. Another limitation is that

our classi�cation models only included a binary outcome variable, due to the smaller sample

size with a higher number of statistical components. Future research could analyze the higher

components in more detail. Similarly, due to page limits for the paper, we couldn't discuss

more on the validation of di�erent models, such as detailed correlations, units of the inputs,

relative e�ects, and the interpretations of the model coe�cients. Thus, readers should pay

attention to these details when interpreting the results or when trying to replicate the studies.

Finally, we only selected four classi�cation models, from a wide range of categories. Future

research could test additional classi�cation models and compare their performances.

As mentioned in the general results and limitations, a potential expansion of this research

is to use more detailed data on transit ridership, tra�c counts, and tra�c light settings to

help infer the reason causing the slower travel conditions on each trip or segment. Using

identi�ed causes, agencies can target speci�c areas and potentially "nudge" the travel times

under slower conditions towards faster conditions. Similarly, there are other occasional fac-

tors causing slower travel conditions beyond transit agencies' control, such as major events,

tra�c incidents, and weather. By incorporating these data, agencies could evaluate potential

response strategies to increase the reliability and resilience of a given transit network. These

expansions would help reduce overall travel times, improve vehicle travel conditions, and

improve service consistency.

For the second general question on modelling the mean travel times, there are still needs
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to further include detailed dwell times and tra�c light timings in the modelling processes

to improve the models, especially at the stop-to-stop level as they become more signi�cant.

Future researchers could easily adopt and expand upon this framework to test new methods

with additional variables, such as weather, signal timings, ridership variations, and congestion

levels to better help agencies plan and react to changes in the network for their operations. In

addition, future researchers could also compare and experiment with many other modelling

methods, such as using time-series methods to include more detailed seasonal and year-

over-year variations or arti�cial intelligence methods to include more detailed environmental

variables.

Given the limitations from the �rst two papers on tra�c signals and ridership variations,

we attempted to add estimated tra�c signal timing and dwell time to better understand

the travel time variations, i.e. speci�c question 3. The �rst is related to our analysis scale.

We have only analyzed three months of recent data due to data limitations and compute

complexity, yet we would need more observations to better reduce the con�dence intervals

for less frequent routes during o�-peak times. There is also a need for a longitudinal study to

discover potential trends and changes with regard to which element got better or got worse

in the sensitivity results to better inform transit planners on the changes in the system or

the e�ectiveness of bus priority strategies. With more data on more routes, it will also be

possible to examine more detailed temporal and spatial patterns a�ecting transit travel time

reliability, which may in turn help the planning process for new schedules or routes.

The second limitation is related to the dwell time models. Our methodology does not consider

the variation in ridership patterns given the limitations of our AFC data. As the matching

algorithm improves, it would be interesting to better incorporate the detailed passenger

pattern into the research. Our methodology does not currently consider the interaction

between buses which relates to more detailed ridership and dwell time variations. Since delays

can a�ect the number of boardings and alightings, especially for more frequent services, the

vehicle may pick up additional passengers who are supposed to take the following vehicle.

The interactions between vehicles, such as vehicles on the same route, common trunk sections

served by various routes, as well as local and express services running parallel, should be

better understood to improve the accuracy of the dwell time model, as well as to inform

planning and operation decisions.

There is also a limitation with regard to the tra�c signal models. Since our tra�c signals

mainly use �xed timing plans with very limited split changes for transit signal priority,

there is a need to better understand the interaction between buses and actuated non-�xed

timing signals using empirical data as the majority of the current literature is based on
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simulations. More detailed signal waiting time data could also help inform tra�c engineers

when determining what to simulate, as well as to calibrate their existing models. This way, we

could potentially compare and identify pros and cons in various signal timing con�gurations

to help improve transit reliability. Similarly, future research could �nd a way to better give

signal priority to buses when travelling down a coordinated corridor with densely con�gured

signals.

When incorporating detailed trip components into travel time modelling (speci�c question 4),

similar limitations exist, since Paper 4 builds on the previous research. If the goal is to predict

future travel times, more up-to-date information is required, such as the latest signal timing

and the latest departure times. The high possibility of not having the most up-to-date tra�c

signal data, congestion levels, and detailed ridership forecasts could constrain the precision

of our estimates. Hence, we emphasize the need for tra�c engineers to collaborate with

transit planners to improve communications on and plan for upcoming changes. The travel

time model does not fully capture mid-route driver changes, operator behaviour di�erences,

or ridership interactions between overlapping services on the same corridor. More research

is needed to incorporate mid-route driver change times into a travel time model, since in

practice, run cutting and driver sign-ups happen after the travel times have been set, yet

these times will have a general impact on passenger travel times. Future research should

also focus on integrating predictive ridership models, higher-resolution vehicle location data,

and real-time signal control strategies into the travel time models to improve the accuracy

and the responsiveness to changes in the network. Further work is also needed to improve

interline optimization algorithms to incorporate these detailed travel time components into

large-scale scheduling and analysis processes.

When evaluating potential passenger experiences for our speci�c question 5, future researchers

could look into various passenger expectations and perceptions with regard to reliability is-

sues, since our paper applied the same expectation for every origin-destination pair. Similarly,

there are various trip planning parameters that would a�ect the chosen routes and departure

times. These parameters and metric thresholds could potentially a�ect the results. There-

fore, future research could potentially determine the sensitivity of research results given the

variations in passenger expectations. Similar to the third paper, researchers could do more

research into ridership pattern variations and passenger arrival rates at stops, since regular

passengers with route knowledge might adapt their behaviour based on their experiences.

In turn, they could test out di�erent trip planning and preference parameters based on this

research, which might better re�ect reality and the varied passenger expectations. Finally,

this paper did not include the numbers of various destinations for each analysis zone, which

could better re�ect the passenger demands and experiences in reality. However, due to our
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relatively small spatial resolution, large amounts of zones only contain residential land uses,

which are typically not considered as points of interest or destinations, but transit trips to

visit friends or family do happen frequently and the reliability should be considered. Future

researchers could factor in more detailed and comprehensive trip attractions and generations,

as well as detailed population information, such as modal availabilities, economic factors, and

other special needs, into the analyses of reliability impacts.

9.4 Detailed Discussions on the Methodological Implications

To summarize the �rst four papers, the smallest analysis levels gradually got more and more

detailed. The �rst paper was at the stop-to-stop level, which included the dwell times at the

stop and all red light waiting times between the departure times. The second paper was at

the inter-stop level, which does not include any dwell time, but it still includes all red light

waiting times between the departure at the �rst stop and the arrival at the second stop. The

third paper was at a more detailed "inter-stop" level, where we considered the tra�c signals

as a virtual operational stop with no ridership and with their own departure and arrival

times. Hence, for the third paper, the "inter-stop" only includes the travel times between

the stops or operational stops, and it is much clearer to isolate congestion e�ects from signal

delays and dwell times.

Once again, we want to highlight the common theme from all three papers: small local

variations may cause a global chain reaction and the higher levels of analysis hide more

detailed variations that a�ect passenger experiences. Hence, for high-level planning purposes

such as infrastructure planning, it is okay to stay at a higher level. However, for schedule

revisions, operation optimizations, and transit preferential treatments, it is important to pay

closer attention to the more detailed results as they align better with passenger experiences

and can better indicate speci�c problems to the planners.

There have been many calls to move forward towards stop-level scheduling, which passengers

rely on since most of them don't travel from timepoint to timepoint (Wessel et al., 2017).

However, as we have shown, the most di�cult analysis level for modelling and analysis is

the stop-to-stop level. Red times may be evened out for higher-level analysis. Missing one

green light may not be a big impact at the route level, but missing one green light becomes

more signi�cant at the stop level. The importance of dwell and red time modelling has been

a common theme in all three papers. Yet, our proposed travel time model from paper 4 can

combine departure, inter-stop, dwell, and red times together and can provide estimates that

are closely aligned with the observed values under di�erent operational contexts. Hence, for

scheduling and improving reliability purposes, the higher-level analyses might not be a good



260

idea since they hide detailed variations in red times, dwell times, and congestion levels. We

once again emphasize the need for agencies to continuously improve the data granularity,

which would allow future researchers or analysts to focus on these detailed variations.

For future researchers, I want to highlight the importance of understanding the process which

generated the observed data, since it directly in�uences the selection of models, the validity of

assumptions, and the applicability of the results. Observing the data generation process, such

as travel times, is essential for developing accurate and reliable models. By directly observing

how higher-level travel time data are generated, such as by riding a bus or observing buses

get stuck at intersections, we can then look at the data for clues with a better understanding

of assumptions, contexts, limitations, and potential sources of error that are present in the

data. When this understanding is strong, even simple methods used in my projects, from the

early 1960s to 1980s, can perform surprisingly well because they align closely with the data

generation process. Without the thousands of hours spent on buses, the inspirations for my

research projects would not have happened.

As shown in the four papers, there are assumptions in transit planning that are not necessarily

valid, such as assuming travel times remain constant when moving departure times by a

few minutes to facilitate interlining. Similarly, the results in my papers are based on data

generated in Montreal and may not be directly applied elsewhere, since other cities may

have vastly di�erent operational contexts, such as the tra�c signal timing guidelines. Insight

into how travel time observations were generated, what the underlying patterns are, and

what potential biases might be present, such as red and dwell times, we can improve our

data collection process to include more diverse contexts and improve our models to be more

applicable elsewhere.

Although collecting and adding these ridership and tra�c signal details is not a simple task,

which includes merging many di�erent datasets from di�erent sources, the methodologies

proposed in the papers could be easily integrated into existing data standards and research

frameworks. There are various attempts to generalize the GTFS standard to include more

operational information (e.g. the Transit Operational Data Standard). For example, the

tra�c signals could be directly added to the stop times table in GTFS as well as the trip

updates in GTFS-RT as an extension, as shown in the overview of the methodology, which

would allow more detailed calculations mentioned in the papers.

Similarly, the railway industry has long been using the concept of operational stops for

scheduling and optimization purposes. A single-track railway means there is only one track

between two stations or operational stations (passing loops). The passing loops on single-

track railways is a place where there is more than one track to allow trains running in opposite
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directions to pass each other. Trains going in the same direction can also overtake at these

operational stations. A given train cannot depart unless the passing train has cleared the

track block (Lamorgese and Mannino, 2015). Railway timetables are developed to include

various line and train speed restrictions and these waiting times in the passing loops (i.e.

scheduling for red lights).

Unfortunately, bus systems, especially when operating in mixed tra�c, tend to be more

a�ected by tra�c signals and other tra�c, resulting in slower travel times (averages) and

higher travel time variations (variances). Researchers could consider expanding the dataset

to include operational stops and adopt some ideas from railway operations to examine the bus

operations with more detailed tra�c signal and ridership information similar to our e�orts

in papers 3 and 4. Then, researchers could better analyze the issues facing bus planning and

operations, such as optimizing bus schedules and better predicting bus travel times.

In railway operations, delays also occur quite often. Various models exist to �nd rescheduling

and rerouting decisions to avoid route con�icts and to minimize overall delays on single-track

railways (Mannino and Nakkerud, 2023; Lamorgese and Mannino, 2015). Once again as

mentioned in the results, tra�c signals cause a signi�cant variation in travel times, which is

a headache for modelling. Similar concepts from railway operations can be adopted for real-

time signal priority for buses while accounting for delays for other road users. Signal timings

can be evened out slightly a few cycles before the vehicle arrives, so that transit vehicles

can go through without a signi�cant waiting time as well as minimizing impacts for other

tra�c. These �ne-tuning and optimization methods require good predictions of bus arrival

times and trajectory (Furth et al., 2025; Li et al., 2012), which we have helped contribute

to in paper 4. Regardless of railway operation or bus operation, it is important to consider

the small local impacts when rescheduling as well as the global chain-reaction e�ects on the

entire line operation, as shown in our papers as well as the railway studies cited above.

Finally, we want to highlight the importance of evaluating potential passenger experiences,

since they are the reason why we provide transit services in the �rst place. Future research

should consider adding more information with regard to the passenger impacts. For example,

for tra�c signals, planners could evaluate the amount of passenger delays versus the amount

of vehicle delays. If a bus with 50 people on board during rush hour has to wait 1 minute for

the red lights at an intersection, the signal delays for the passengers are 50 minutes, which is

signi�cant. For some cities, signal priority is only given to late buses or signal priority is not

applied to consecutive buses (Altun and Furth, 2009), it is important to consider whether

planners want to use signal priority and risk running late for passengers or have more on-time

arrivals but at the expense of not bene�ting from signal priority.
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Similarly, when optimizing for interlining, departure times are adjusted by a few minutes

with the assumption that the travel times do not change much. As we have shown, this

assumption is not necessarily a good one. The signi�cant signal delays, frequent changes in

departure times, and the resulting travel time changes will a�ect how passengers use and

perceive the services.

For passengers, especially those commuting to work, school, or time-sensitive appointments,

unreliable travel times can be more disruptive than a slightly longer but dependable journey.

If buses or trains frequently run late or have large travel time variations, riders may be forced

to leave earlier than necessary to ensure on-time arrivals, e�ectively extending their perceived

travel time and reducing the appeal of transit altogether (Carrel and Walker, 2017). It is

necessary to incorporate potential passenger travel time impacts and reliability into these

operational optimization e�orts, such as interlining and transit priority treatments. The

optimizations could be great on paper for operational e�ciency, but they could have potential

negative impacts on passenger experiences and perceptions, which would make these e�ciency

gains less useful in the real world. Thus, it is important to constantly evaluate the passenger

experiences and assess the changes in behaviours due to various changes and optimization

e�orts in the transit network.

9.5 General Discussions on the Policy Implications

Based on the research projects conducted here, we can see that, at least in Montréal, the

common issues related to the travel times and their variations are tra�c signal settings and

inter-stop travel time variations. Thus, improving transit travel times and reducing travel

time variations will be an all-hands-on-deck situation spreading across various agencies and

departments and will be more di�cult if there is less political will to do so (Arias et al.,

2021).

Starting simple, the transit agencies, suppliers, and future researchers should continuously

improve the quality, reliability, and granularity of various existing transit data sources, since,

again, higher-level analyses mask more detailed variations a�ecting operations and passenger

experiences. More detailed analyses of various existing datasets can reveal additional factors

impacting transit travel times and their variations. The most sophisticated data analysis

methods are only as good as the data feeding into them. Good quality data can provide

information for planners to better adjust service and for passengers to plan their trips. Well-

run services and accurate information to passengers can build public trust and support when

advocating for more funding given the di�cult �nancial contexts in public transit around the

world.
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There should be a speci�c emphasis on evaluating ridership variations and signal waiting

times to better inform transit planning and operations. As highlighted in various sections

above, there is less attention in the existing literature that focuses on these two factors.

Given the limited �nancial resources available to the agencies in most places, having these

more detailed data could help the agency to prioritize their e�orts, focus on certain issues,

and �nd the solutions with the best value for the resources invested.

Obtaining data from di�erent sources to perform the detailed analyses may also be di�cult,

since it may relate to multiple departments. Some agencies, especially smaller agencies,

don't have the ability to analyze data in-house and often rely on the equipment suppliers

to manage the data and do the analyses for them. In these cases, data requests may take

longer, potentially limiting the agency's ability to better react to changes in the network.

If agencies are given poor-quality results or no data at all, they can't respond quickly to

demand variations, travel time changes, or potential routing changes due to detours, which

might lead to wasted resources, deteriorated services, and loss of public trust. Hence, we

want to emphasize the importance of data sharing between departments and data ownership

for the public transit agencies.

Unfortunately, there was less information related to the passenger experiences during my

study, since the development of more detailed passenger trip estimation is still in progress.

There is still a need for planners to include more detailed passenger experiences and impacts in

the analysis so that transit agencies can attract new passengers and retain existing passengers,

since passengers are the reason why we run transit services. Again, given the literature

review, passengers value their time and delays di�erently during various stages of their trip

(Wardman, 2004). By including more detailed information, agencies could also �nd solutions

that improve passenger perceptions.

In addition, once planners understand the congestion, tra�c signal settings, and ridership

variations in more detail, planners can better react to potential changes in the network and

surrounding environments. Planners can also better communicate to operators what the

expectations of the schedule are that was planned. This is important since schedules are

planned in advance to facilitate driver sign-ups, and operational contexts may change after

the driver bookings are �nalized. Also, not every operator has the same driving habits or

expectations as highlighted in our fourth paper. Communicating these expectations helps

drivers make various decisions while delivering the service, such as how to take advantage of

various transit priority measures since they vary from cities to cities, corridors to corridors.

The needs of a transit system are constantly changing due to everyday changes like detours

and long-term factors like urban growth, seasonal �uctuations, economic changes, and tech-
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nology advancements. Continuous performance monitoring allows agencies to better adapt to

changes in ridership or tra�c conditions. Once again, as demonstrated in the results, routes

have very speci�c issues given the local operating contexts. Transit priority initiatives, such

as signal priority, require constant performance monitoring and calibrations as needed. Since

the tra�c changes constantly, the implemented priority strategies need to adapt too.

Given the lack of empirical evaluation of transit priority measures, the current studies are

generally for a given route or a portion of a corridor. We emphasize the needs for planners and

researchers to systematically and empirically evaluate the transit performance with or without

these measures. Then, sharing the results and lessons learned from di�erent implementations

to better support future research and planning.

For example, the bus rapid transit route in Cleveland, Ohio has almost all the things you

could ask for in a bus rapid transit route when it began operating, such as a dedicated

center-running bus lane and o�-board fare payment. However, the actual travel times were

10 minutes (33%) longer than what was promised, due to the lack of signal priority. The new

signal control systems were paid for by the transit agency and the federal government, but

after car drivers complained, it was turned o� by the city's tra�c division and reverted to the

conventional timing plans (Schmitt, 2014). The transit agency did not complain because the

ridership was up anyway. Similarly, the light rail in Houston, Texas, lost its signal priority

around September 2025, which contributes to around 10-minute delays per trips, 5000 hours

total for passengers at a few intersections downtown (Beaubien, 2025). Unlike Cleveland,

Houston also organized a race between pedestrians and light rail vehicles to raise awareness

of the impacts, with the light rail barely beating the pedestrians.

Similar observations can be made for Montréal, where most of the signals follow the conven-

tional �xed-timing coordinated plan, which is in accordance with various design guidelines

built to facilitate continuous car travel. Hence, there is very little �exibility left to facilitate

the bus travel time variations with limited signal priority. To recover the coordination, the

signals may also ignore the priority requests coming right after.

Researchers could develop methods to support transit priority while limiting impacts on

other road users. However, any fancy method would not beat the o� button. Hence, transit

planners should continuously monitor the detailed performances and transit agencies could

be more transparent about the impacts from various factors on transit operations, such as

signal delays, congestion, and ridership variations.

Being transparent on the delays for light rail passengers from losing tra�c signal priori-

ties, Houston successfully raised public attention on this issue, and regular citizens have

also helped advocate for turning the signal priority back on (Beaubien, 2025). Similarly,
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some agencies (e.g. CTA, MBTA and Southeastern Pennsylvania Transportation Author-

ity (SEPTA)) are very transparent about the funding issues they are facing. They educate

people on what's at stake, such as eliminated routes, shortened service hours, and increased

fares. They also tell concerned passengers up-front on how and where to speak up for transit,

such as at legislator meetings, public meetings, and budget hearings.

Again, the results from this thesis demonstrated that transit travel times are a�ected by

various factors typically managed by di�erent departments and agencies. Unfortunately, the

di�culty is that public transit agencies do not directly manage various factors that directly

impact transit travel times and their reliability, such as street designs, signal timings, and road

works. These detailed analyses and results on transit travel time impacts can help change the

narrative, show the challenges faced by the agencies and passengers, and demonstrate how

good the service could become. Using all the newly gained knowledge and tools, more people

could help advocate for more resources to improve the �nancial and operational situation

faced by most transit agencies.

Planners also need to understand the assumptions related to di�erent optimization methods

to inform their own planning process, since, once again, the local contexts may be vastly

di�erent. It requires testing and evaluating to determine the impacts of various new methods.

Researchers could spend decades improving existing solutions and developing various new

solutions, yet if the new methods are not tested and implemented or if they are turned o�,

there will not be any improvements.

Agencies could test pilot projects and demonstrations to help illustrate how good services

could become, such as temporary bus lanes and signal priorities, e.g. Ferenchik (2019).

Even if the test results are not so great, planners should still post the detailed results. The

lessons learned from both success and failure stories need to be recorded and celebrated, since

we know better now. Again, given the lack of empirical evaluation on the detailed factors

a�ecting transit travel times, these projects could help share the lessons learned, which could

help researchers improve their methods and help other cities avoid similar mistakes.

Continuous performance monitoring and calibration of these new methods are once again key

to ensuring that the new pilot projects or methods function well, remain e�cient, responsive,

and e�ective while meeting the varying passenger demands and tra�c conditions. Agencies

should track various detailed performance indicators, such as red times and ridership, which

can help identify issues early, take corrective actions quickly, and avoid long-term service

deterioration or ine�ciencies. Constant calibration of travel times could help agencies cali-

brate their optimizations or models more frequently, which allows them to allocate buses and

drivers more e�ciently, implement bus lanes or signal priorities where it is needed the most,
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and improve overall system e�ciency, especially given the �nancial constraints.

Finally, similar to the methodology implications, it is important for transit researchers, plan-

ners, policy makers to go out, ride the buses, ride the trains, and observe the speci�c aspects

that could be useful to improve our understanding of the system. My projects could never

have happened without the operators allowing me to ask them questions, sit on the bus, and

observe for hours. Also, as shown in the paper on potential passenger travel time reliability

experiences, the potential reliabilities are not necessarily the same for everyone for any given

moment. Researchers and planners could attempt to uncover the potential issues by coming

up with travel scenarios that do not necessarily �t their original intention.

We could potentially draw some parallels from software development. Negative testing is

often used to test an application to improve the likelihood that an application works as

intended and can handle unexpected input by potential users, such as edge cases, invalid

data, or out-of-range inputs. Similarly, transit planners could adopt similar processes to

test the network performance for edge cases or unexpected use cases. This might include

navigating multiple transfers using night buses, using wheelchairs, waiting for a bus during

severe snowstorms, travelling on routes with detours, or travelling during major events.

Public transit planners play a crucial role in designing systems that move millions of riders,

even a tiny percentage of riders travelling on edge case scenarios can translate to potentially

hundreds or thousands of real-world passengers. For planners to truly understand the chal-

lenges faced by the public, it's essential that they ride the buses and evaluate the system in

various ways. While commuting to work or school, there may be moments when the system

demonstrates its robustness or reveals its weak spots. Planners and researchers can spend

time thinking about what aspect makes the current ride smooth or frustrating, then apply

these experiences when planning for future services. Testing these edge case scenarios not only

uncovers hidden �aws but also helps ensure that the system works not just for the average

commuter, but for everyone. Experiencing the system in person provides insights regarding

whether the data captured the experiences and whether the assumptions made during the

planning process are applicable. By doing these, planners and researchers will gain empathy

for passengers which helps create more e�ective and passenger-centred improvements.

To conclude, transit travel times and their reliability are important for everyone, transit

agencies, passengers, and the society as a whole. The thesis highlights the need to implement

more granular analyses and continuous performance monitoring at the agencies for transit

travel times and their variations. To achieve this, it is important to collaborate and test

various solutions to improve to transit services, which would in turn help reduce the car

dependency in our society. People are more open to transit when they can see tangible
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improvements in service quality and experience the bene�ts (Carrel and Walker, 2017). Before

asking people to drive less, give them something better to say yes to.
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CHAPTER 10 CONCLUSION

This �nal chapter summarizes the importance of public transit, existing research, as well

as the contributions towards methodological contributions, results, and broader implications

through the �ve research papers presented in this thesis.

Public transit is important when addressing environmental, economic, and social challenges,

particularly in the context of climate change and sustainable development. Public transit

help reduce greenhouse gas emissions, promote walkable urban forms, lower transportation

costs, boost local economies, and enhance equity. However, transit agencies face various chal-

lenges such as increasing travel times, funding shortfalls, aging infrastructure, climate-related

disruptions, labour shortages, and negative public perceptions, all worsened by the COVID-

19 pandemic. The research aims to address these challenges by improving the understanding

of transit travel times, integrating automated data sources, and developing tools to enhance

service reliability and e�ciency to make public transit more attractive for passengers.

The literature review highlights how transit travel time performance and reliability are de-

�ned, measured, and perceived, revealing a lack of standardized analysis levels and a gap be-

tween agency and passenger perspectives. Reliable travel times are essential for operational

e�ciency and passenger satisfaction, as unreliability increases costs and reduces ridership.

Automated data sources, such as AVL, APC, and AFC systems, can o�er more detailed

insights into transit operations and passenger behaviours. The literature showed various

factors a�ecting travel times, including congestion, ridership, and signal delays, while signal

priority and bus lanes help improve travel times. Gaps remain in understanding more de-

tailed components of travel time, the spatial and temporal variability of reliability, and the

equity implications.

The methodology chapter outlines a research framework designed to address the gaps iden-

ti�ed in the literature. The study is structured around two general and �ve speci�c research

questions that compares system-wide spatial and temporal variations at four analysis levels,

i.e. inter-stop, stop-to-stop, timepoint-to-timepoint, and route levels. By integrating vari-

ous automated data sources, GTFS, GTFS-RT, AFC, OpenStreetMap, census data, along

with ride-check observations, the methodology matched planned and actual travel time data,

analyzed statistical distributions, benchmarked travel time models, attributed variance to

speci�c trip components, and simulated passenger experiences. By leveraging existing data

and developing detailed models, the research seeks to deliver actionable insights to enhance

service reliability, reduce operational costs, and improve passenger satisfaction in public tran-
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sit.

Paper 1 identi�ed mixture travel time distributions across three analysis levels, stop-to-stop,

timepoint, and route levels. The presence of mixture distributions are related to temporal,

spatial, and operational factors such as time of the day, tra�c signals, ridership �uctuations,

and land use characteristics. Classi�cation models show that non-linear and similarity-based

models perform best. Mixture distributions are more common in dense, high-density areas

with more tra�c signals and ridership, as well as during peak periods. This paper highlights

the research needs for better understanding the complexity of transit travel time distributions

and more detailed modelling.

Paper 2 focused on modelling average travel times using both direct and normalized ap-

proaches, i.e. travel time, speed, and pace, across four analysis levels, inter-stop, stop-to-stop,

timepoint, and route levels. Models were tested using two planning scenarios, expanding ser-

vice hours and planning new routes, with both aggregated and disaggregated error metrics.

Inter-stop level models outperform stop-to-stop models due to reduced in�uence from dwell

times and signal delays. Speed and pace models are more robust for new route planning,

while direct travel time models perform better when historical data is available. Models also

have di�erent biases given various error measures emphasizing the importance of selecting

the right modelling approach based on context and data availability.

Paper 3 decomposes trip travel times into four components, departure time, inter-stop travel

time, dwell time, and red light waiting time. Variance-based and one-at-a-time sensitivity

analyses quanti�ed the contribution of each component to the overall travel time variations.

Departure times interacted with varying signal cycle lengths contributed the most variance

for more than half of the routes analyzed. It underscores the importance of signal timing

and synchronization, as small changes in departure time or signal settings can lead to large

variations in travel time. It also highlights the need to account for detailed data when

designing schedules, adjusting tra�c signal timing, and identifying sources of unreliability in

transit systems.

Paper 4 extends the insights from Paper 3 by developing a scenario-based travel time model

incorporating detailed trip components to estimate travel times under various planning con-

texts. The model reconstructs bus trajectories and are tested against observed data from

di�erent service periods. The model can e�ectively replicate observed travel times and out-

perform traditional average-based models, especially in scenarios involving changes in oper-

ational conditions. Using detailed trip components in travel time modelling provides more

�exibility for planners to better adapt to various changes in the system, such as new signal

timing plans or schedule adjustments.
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Paper 5 shifts the focus to passenger experiences and simulated passenger travel time relia-

bility across the entire service area. Using on-time performance and bu�er time as reliability

metrics, it shows reliability varies by perspectives, by location, and by time of day. Down-

town areas tend to have more reliable service given that it is the focus of the entire transit

system, while suburb-to-suburb trips are less dependable especially for o�-peak hours and

directions. Wait times are generally less reliable than in-vehicle times and overall journey

times su�er from compounded delays, highlighting the need to improve wait times in transit

planning. Spatial regression analysis showed that access to reliable transit is slighly unevenly

distributed across population segments, raising equity concerns.

Overall, the �ve papers collectively contribute to a multi-level, data-driven understanding of

transit travel times, moving from statistical analysis to practical modelling and equity-focused

applications. The research demonstrates that higher-level analyses often hide signi�cant local

variations, and that detailed, component-level modelling can provide more accurate, targeted,

and actionable insights to help improve travel times and reliability. The studies revealed the

importance of tra�c signals and ridership variations in a�ecting travel time reliability. The

research recommended improving data granularity, cross-agency collaboration, and continu-

ous performance monitoring to better enhance transit services.
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APPENDIX A CORRELATION MATRIX FOR MODEL INPUTS

Due to the length limits for the original papers, there wasn't enough space to demonstrate the correlations for the variables in

the modelling steps. Therefore, the correlation matrices for Papers 1, 2, and 5 are shown here in the appendix for reference.

Although there are some general correlations between variables, the correlations are still within acceptable ranges for modelling,

given the variety of routes, operational, and streetscape characteristics included in the study. A few coe�cients higher than 0.5 or

lower than -0.5 are underlined in the tables. Higher analysis levels have more higher coe�cients that are barely within acceptable

ranges, which could have an impact on the model results. Future researchers should check for potential multicollinearity issues

in their analyses.

Table A.1 Correlation Matrix for Paper 1 Stop Level

Sat. Sun. E.AM A.Peak Eve. Late A.Load SD.Load Freq. A.Delay SD.Delay %Board Turns Signals Lanes Spd BusLane Oneway L-Res. L-Col. L-Sec. L-Pri. L-Hwy Dense Mix Centre Res.

Sunday -0.47
Early AM 0.01 -0.01
AM Peak -0.01 -0.01 -0.19
Evening 0.00 0.01 -0.16 -0.20
Late 0.00 0.01 -0.12 -0.15 -0.13
Avg.Load -0.06 -0.12 -0.24 0.03 -0.09 -0.12
SD.Load -0.03 -0.16 -0.28 -0.01 -0.06 -0.12 0.64
Freq. -0.03 -0.14 -0.22 0.01 -0.03 -0.08 0.38 0.43
Avg.Delay 0.00 -0.02 0.12 -0.05 -0.01 0.00 -0.10 -0.06 -0.09
SD.Delay -0.01 -0.06 0.15 -0.05 -0.01 0.02 -0.10 -0.07 -0.08 0.56
% Board -0.03 -0.07 -0.25 0.03 -0.04 -0.09 0.44 0.45 0.23 -0.06 -0.11
Turns -0.01 -0.02 -0.02 0.01 0.00 -0.01 -0.07 -0.06 -0.08 0.00 -0.01 -0.06
Signals -0.01 0.00 0.04 -0.01 -0.01 -0.01 0.08 0.09 0.01 0.00 -0.03 0.25 0.30
Lanes 0.00 0.00 0.04 -0.01 -0.01 0.00 0.06 0.06 0.07 0.01 0.04 0.08 -0.04 0.23
Speed -0.01 -0.01 0.05 0.00 -0.01 -0.01 0.08 0.08 0.09 0.00 0.03 0.05 0.06 0.17 0.37
BusLane -0.11 -0.11 -0.02 0.04 -0.02 -0.02 0.11 0.11 0.17 0.01 0.05 0.07 -0.01 0.08 0.12 0.10
Oneway 0.00 0.00 0.04 -0.01 -0.01 -0.01 0.07 0.06 0.07 0.00 0.01 0.10 0.08 0.21 -0.04 0.38 0.12
L-Residential 0.00 0.00 -0.06 0.01 0.01 0.01 -0.08 -0.09 -0.09 -0.01 -0.02 -0.11 0.09 -0.26 -0.38 -0.45 -0.07 -0.22
L-Collector 0.00 0.00 -0.04 0.00 0.01 0.00 -0.05 -0.06 0.00 0.01 0.02 -0.09 -0.04 -0.15 -0.14 -0.05 -0.04 -0.19 -0.31
L-Secondary 0.00 0.01 0.06 -0.01 -0.01 0.00 0.06 0.07 0.04 -0.01 -0.02 0.15 -0.08 0.26 0.29 0.19 0.07 0.23 -0.38 -0.55
L-Primary 0.00 0.00 0.03 0.00 -0.01 0.00 0.10 0.09 0.06 0.01 0.01 0.09 -0.05 0.15 0.27 0.26 0.04 0.19 -0.14 -0.21 -0.25
L-Highway -0.01 -0.01 0.01 0.00 0.00 0.00 0.02 0.03 -0.01 0.00 0.01 -0.01 0.30 0.11 -0.02 0.32 0.00 0.12 -0.05 -0.06 -0.03 -0.03
Density 0.02 0.02 0.04 -0.01 0.00 0.00 0.06 0.08 0.00 -0.01 -0.08 0.31 -0.10 0.26 0.02 -0.22 -0.01 -0.04 -0.03 -0.10 0.18 0.01 -0.09
Mixed -0.01 -0.01 0.00 0.00 0.00 0.00 0.03 0.03 0.01 -0.01 0.00 0.04 0.23 0.28 0.07 0.19 0.05 0.16 -0.06 -0.06 0.06 0.02 0.14 -0.11
Centre 0.00 0.00 0.02 -0.01 0.00 0.00 -0.05 -0.03 -0.02 0.01 -0.01 0.01 0.21 0.25 0.05 0.06 0.01 0.07 -0.05 -0.03 0.03 0.02 0.20 0.13 0.02
Residential -0.01 -0.01 0.00 0.00 0.00 -0.01 0.01 0.02 0.00 -0.01 0.00 0.04 0.40 0.35 -0.01 0.09 0.00 0.02 0.02 -0.01 -0.02 -0.02 0.33 0.01 -0.02 -0.05
Industrial -0.01 -0.01 0.00 0.00 0.00 -0.01 0.02 0.03 -0.02 0.00 0.01 -0.05 0.47 0.34 0.01 0.18 0.02 0.06 -0.04 -0.02 -0.03 0.00 0.35 -0.15 0.21 0.07 0.44
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Table A.2 Correlation Matrix for Paper 1 Timepoint Level

Sat Sun E.AM A.Peak P.Peak Eve. Late A Load SD.Load Freq. A.Delay SD.Delay % Board Turns Signals Lanes Spd BusLane Oneway L-Res. L-Col. L-Sec. L-Pri L-Hwy Mix Centre Indu. Density

Sunday -0.44
Early AM 0.02 -0.01
AM Peak -0.02 -0.02 -0.17
PM Peak -0.02 -0.01 -0.17 -0.25
Evening 0.01 0.01 -0.13 -0.19 -0.20
Late 0.01 0.02 -0.10 -0.15 -0.15 -0.12
Avg Load -0.04 -0.17 -0.23 0.02 0.24 -0.09 -0.14
SD Load -0.06 -0.15 -0.20 0.04 0.22 -0.11 -0.15 0.68
Frequency -0.01 -0.12 -0.21 0.02 0.16 -0.04 -0.08 0.51 0.50
Avg Delay 0.12 0.02 0.05 -0.13 0.04 0.03 0.04 -0.08 -0.10 -0.11
SD Delay 0.02 -0.06 0.05 -0.07 0.00 0.01 0.04 -0.05 -0.06 -0.08 0.62
% Board -0.07 -0.14 -0.29 0.09 0.20 -0.08 -0.19 0.66 0.67 0.47 -0.16 -0.13
Turns -0.02 -0.02 0.06 0.00 -0.01 -0.01 -0.01 -0.13 -0.10 -0.13 0.09 0.09 -0.25
Signals 0.00 0.01 0.22 -0.04 -0.05 -0.03 -0.02 -0.01 0.00 0.02 0.10 -0.02 0.12 0.17
Lanes 0.01 0.01 0.02 0.00 -0.01 0.00 0.01 0.09 0.11 0.11 -0.03 0.02 0.15 -0.17 0.18
Speed -0.04 -0.04 0.04 0.01 0.01 -0.02 -0.02 0.11 0.05 0.05 -0.11 0.04 -0.01 0.10 0.04 0.23
BusLane -0.19 -0.19 -0.06 0.11 0.09 -0.05 -0.04 0.17 0.16 0.19 -0.08 0.06 0.17 -0.07 0.02 0.14 0.14
Oneway -0.02 -0.02 0.06 -0.01 0.00 -0.02 -0.02 0.08 0.03 0.03 -0.08 -0.02 0.09 -0.08 0.12 -0.11 0.510.13
L-Residential 0.02 0.01 -0.06 0.00 0.01 0.01 0.01 -0.10 -0.07 -0.09 0.00 0.00 -0.09 0.22 -0.27 -0.20 -0.41 -0.10 -0.24
L-Collector 0.01 0.00 -0.05 0.00 0.01 0.01 0.00 -0.06 -0.01 -0.08 0.02 0.03 -0.15 0.09 -0.18 -0.28 -0.17 -0.05 -0.21 -0.08
L-Secondary 0.00 0.01 0.06 -0.01 -0.02 -0.01 0.00 -0.04 -0.03 0.04 0.00 -0.05 0.14 -0.18 0.32 0.12 -0.02 0.04 0.10 -0.34 -0.52
L-Primary 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.14 0.16 0.12 -0.01 -0.03 0.15 -0.22 0.12 0.36 0.05 0.04 0.10 -0.09 -0.24 -0.37
L-Highway -0.02 -0.02 0.03 0.00 0.00 -0.01 -0.01 0.08 -0.03 0.00 -0.05 0.02 -0.02 0.18 -0.09 0.02 0.630.04 0.37 -0.22 -0.12 -0.12 -0.12
Mixed -0.02 -0.02 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.03 -0.10 -0.03 0.03 -0.03 -0.01 0.06 0.19 0.05 0.22 -0.02 -0.06 0.09 -0.06 -0.01
Centre 0.00 0.01 0.01 -0.01 0.00 0.00 -0.01 -0.14 -0.16 -0.02 0.13 -0.02 -0.08 -0.07 0.16 0.05 -0.13 -0.01 0.03 -0.12 -0.01 0.07 0.03 0.06 -0.23
Industrial -0.05 -0.05 0.00 0.02 0.02 -0.02 -0.02 0.03 -0.01 -0.07 -0.04 0.08 -0.16 0.26 -0.15 0.00 0.47 0.11 0.21 -0.11 -0.02 -0.15 -0.03 0.40 0.09 -0.20
Pop. Density 0.03 0.03 0.02 -0.02 -0.02 0.00 0.01 0.00 0.00 0.11 0.07 -0.10 0.26 -0.35 0.17 0.03 -0.50-0.06 -0.18 0.10 -0.11 0.24 0.06 -0.28 -0.19 0.28 -0.58
Num Stops 0.02 0.03 0.16 -0.03 -0.04 -0.01 0.00 -0.03 0.06 -0.03 0.07 0.03 -0.09 0.520.61 0.04 -0.04 -0.08 -0.12 0.00 0.09 0.05 0.00 -0.24 -0.03 -0.15 -0.03 -0.18

Table A.3 Correlation Matrix for Paper 1 Route Level

Sat Sun E.AM A.Peak P.Peak Eve. Late A Load SD.Load Freq. A.Delay SD.Delay % Board Turns Signals Lanes Spd BusLane Oneway L-Res. L-Col. L-Sec. L-Pri L-Hwy Mix Centre Indu. Density

Sunday -0.44
Early AM 0.02 -0.01
AM Peak -0.02 -0.02 -0.17
PM Peak -0.02 -0.01 -0.17 -0.25
Evening 0.01 0.01 -0.13 -0.19 -0.20
Late 0.01 0.02 -0.10 -0.15 -0.15 -0.12
Avg Load -0.04 -0.17 -0.23 0.02 0.24 -0.09 -0.14
SD Load -0.06 -0.15 -0.20 0.04 0.22 -0.11 -0.15 0.68
Frequency -0.01 -0.12 -0.21 0.02 0.16 -0.04 -0.08 0.51 0.50
Avg Delay 0.12 0.02 0.05 -0.13 0.04 0.03 0.04 -0.08 -0.10 -0.11
SD Delay 0.02 -0.06 0.05 -0.07 0.00 0.01 0.04 -0.05 -0.06 -0.08 0.62
% Board -0.07 -0.14 -0.29 0.09 0.20 -0.08 -0.19 0.66 0.67 0.47 -0.16 -0.13
Turns -0.02 -0.02 0.06 0.00 -0.01 -0.01 -0.01 -0.13 -0.10 -0.13 0.09 0.09 -0.25
Signals 0.00 0.01 0.22 -0.04 -0.05 -0.03 -0.02 -0.01 0.00 0.02 0.10 -0.02 0.12 0.17
Lanes 0.01 0.01 0.02 0.00 -0.01 0.00 0.01 0.09 0.11 0.11 -0.03 0.02 0.15 -0.17 0.18
Speed -0.04 -0.04 0.04 0.01 0.01 -0.02 -0.02 0.11 0.05 0.05 -0.11 0.04 -0.01 0.10 0.04 0.23
BusLane -0.19 -0.19 -0.06 0.11 0.09 -0.05 -0.04 0.17 0.16 0.19 -0.08 0.06 0.17 -0.07 0.02 0.14 0.14
Oneway -0.02 -0.02 0.06 -0.01 0.00 -0.02 -0.02 0.08 0.03 0.03 -0.08 -0.02 0.09 -0.08 0.12 -0.11 0.510.13
L-Residential 0.02 0.01 -0.06 0.00 0.01 0.01 0.01 -0.10 -0.07 -0.09 0.00 0.00 -0.09 0.22 -0.27 -0.20 -0.41 -0.10 -0.24
L-Collector 0.01 0.00 -0.05 0.00 0.01 0.01 0.00 -0.06 -0.01 -0.08 0.02 0.03 -0.15 0.09 -0.18 -0.28 -0.17 -0.05 -0.21 -0.08
L-Secondary 0.00 0.01 0.06 -0.01 -0.02 -0.01 0.00 -0.04 -0.03 0.04 0.00 -0.05 0.14 -0.18 0.32 0.12 -0.02 0.04 0.10 -0.34 -0.52
L-Primary 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.14 0.16 0.12 -0.01 -0.03 0.15 -0.22 0.12 0.36 0.05 0.04 0.10 -0.09 -0.24 -0.37
L-Highway -0.02 -0.02 0.03 0.00 0.00 -0.01 -0.01 0.08 -0.03 0.00 -0.05 0.02 -0.02 0.18 -0.09 0.02 0.630.04 0.37 -0.22 -0.12 -0.12 -0.12
Mixed -0.02 -0.02 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.03 -0.10 -0.03 0.03 -0.03 -0.01 0.06 0.19 0.05 0.22 -0.02 -0.06 0.09 -0.06 -0.01
Centre 0.00 0.01 0.01 -0.01 0.00 0.00 -0.01 -0.14 -0.16 -0.02 0.13 -0.02 -0.08 -0.07 0.16 0.05 -0.13 -0.01 0.03 -0.12 -0.01 0.07 0.03 0.06 -0.23
Industrial -0.05 -0.05 0.00 0.02 0.02 -0.02 -0.02 0.03 -0.01 -0.07 -0.04 0.08 -0.16 0.26 -0.15 0.00 0.47 0.11 0.21 -0.11 -0.02 -0.15 -0.03 0.40 0.09 -0.20
Pop. Density 0.03 0.03 0.02 -0.02 -0.02 0.00 0.01 0.00 0.00 0.11 0.07 -0.10 0.26 -0.35 0.17 0.03 -0.50-0.06 -0.18 0.10 -0.11 0.24 0.06 -0.28 -0.19 0.28 -0.58
Num Stops 0.02 0.03 0.16 -0.03 -0.04 -0.01 0.00 -0.03 0.06 -0.03 0.07 0.03 -0.09 0.520.61 0.04 -0.04 -0.08 -0.12 0.00 0.09 0.05 0.00 -0.24 -0.03 -0.15 -0.03 -0.18
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Table A.4 Correlations Matrix for Paper 2 Stop Level

Mar Jun Sep Nov B.Lane Late AMPeak Mid Eve AM E PM E Eve E Freq Turns Lanes Spd StopSigns Signals L.Res L.Col L.Sec L.Pri L.Hwy Park CV Retail Ind. Density

June -0.28
Sep -0.28 -0.22
Nov -0.29 -0.22 -0.22
BusLane 0.00 0.00 0.00 0.00
Late 0.00 0.00 0.00 0.00 0.03
AMPeak 0.00 0.00 0.00 0.00 -0.04 -0.05
Midday 0.00 0.00 0.00 0.00 0.00 -0.04 -0.08
Evening 0.00 0.00 0.00 0.00 0.00 -0.04 -0.08 -0.07
AM Weekend 0.00 0.00 0.00 0.00 0.00 -0.04 -0.07 -0.07 -0.07
PM Weekend 0.00 0.00 0.00 0.00 0.00 -0.04 -0.07 -0.07 -0.07 -0.07
Eve Weekend 0.00 0.00 0.00 0.00 0.00 -0.04 -0.07 -0.07 -0.07 -0.07 -0.07
Frequency 0.02 -0.04 -0.01 -0.01 0.12 -0.08 0.13 0.03 -0.03 -0.03 0.09 -0.04
Turns 0.00 0.00 0.00 0.00 0.01 -0.01 0.02 0.01 0.01 0.00 0.00 0.00 -0.08
Lanes 0.00 0.00 0.00 0.00 0.43 0.05 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 0.09 0.00
Speed 0.00 0.00 0.00 0.00 0.17 0.03 0.01 0.00 -0.01 -0.01 -0.01 -0.01 0.05 0.04 0.30
Stop Signs 0.00 0.00 0.00 0.00 -0.19 -0.03 0.02 0.01 0.01 0.00 0.01 0.01 -0.04 0.17 -0.33 -0.13
Signals 0.00 0.00 0.00 0.00 0.22 0.03 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 0.04 0.22 0.32 0.06 -0.37
L.Residential 0.00 0.00 0.00 0.00 -0.14 -0.03 0.02 0.02 0.01 0.00 0.01 0.00 -0.08 0.27 -0.28 -0.12 0.28 -0.14
L.Collector 0.00 0.00 0.00 0.00 -0.10 -0.02 0.02 0.01 0.00 0.00 0.00 0.00 -0.03 0.17 -0.19 -0.07 0.22 -0.06 -0.17
L.Secondary 0.00 0.00 0.00 0.00 0.12 0.04 0.01 0.00 -0.01 -0.01 -0.01 -0.01 0.01 0.20 0.32 0.17 -0.18 0.45 -0.15 -0.26
L.Primary 0.00 0.00 0.00 0.00 0.22 0.01 0.00 0.00 0.00 0.00 -0.01 0.00 0.05 0.02 0.27 0.12 -0.12 0.22 -0.07 -0.13 -0.10
L.Highway 0.00 0.00 0.00 0.00 0.03 0.01 0.01 0.01 0.00 0.00 0.00 0.00 -0.01 0.34 0.05 0.12 0.01 0.29 0.19 0.05 0.23 -0.01
Park 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.05 -0.03 -0.02 0.02 -0.02 -0.02 0.08 0.05 -0.01 0.03
CentreVille 0.00 0.00 0.00 0.00 0.00 0.02 -0.01 0.00 0.00 0.00 0.00 0.00 0.03 0.04 0.04 0.13 -0.11 0.15 -0.02 -0.05 0.04 0.02 0.02 0.04
Retail 0.00 -0.01 0.00 0.00 0.07 0.02 -0.01 0.00 0.00 0.00 0.00 0.00 0.03 0.07 0.09 -0.05 -0.12 0.29 -0.08 -0.01 0.11 0.01 0.05 -0.10 0.03
Industry 0.00 0.00 0.00 0.00 0.00 -0.01 0.05 0.02 0.00 -0.01 -0.01 -0.01 -0.06 0.13 0.02 0.20 0.00 -0.09 0.10 0.09 0.07 0.05 0.09 -0.04 -0.07 -0.13
Density 0.00 -0.01 0.00 0.00 0.02 0.01 -0.04 -0.02 0.00 0.00 0.00 0.00 0.05 -0.11 -0.06 -0.25 -0.15 0.26 -0.08 -0.15 -0.02 -0.03 -0.04 -0.13 0.18 0.21 -0.42
Dist CV 0.00 0.01 0.00 0.00 -0.05 -0.01 0.03 0.01 0.00 0.00 0.00 0.00 -0.06 0.01 0.01 0.13 0.22 -0.33 0.07 0.19 -0.05 0.00 -0.02 0.02 -0.30 -0.12 0.12 -0.55
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Table A.5 Correlation Matrix for Paper 2 Timepoint Level

Mar Jun Sep Nov Late AMPeak Mid Eve AM E PM E Eve E Freq Turns Lanes Spd StopSigns Signals L.Res L.Col L.Sec L.Pri L.Hwy Park CV Retail Ind. Density

June -0.35
Sep -0.23 -0.22
Nov -0.25 -0.24 -0.16
Late 0.02 -0.01 0.01 0.00
AMPeak -0.03 -0.03 0.01 0.01 -0.04
Midday -0.02 0.00 -0.01 -0.03 -0.04 -0.08
Evening -0.02 0.02 0.00 -0.02 -0.03 -0.08 -0.07
AM End -0.01 0.02 0.01 0.01 -0.03 -0.08 -0.07 -0.07
PM End -0.01 -0.01 0.00 -0.01 -0.03 -0.08 -0.07 -0.07 -0.07
Eve End -0.03 0.05 0.01 -0.01 -0.03 -0.07 -0.07 -0.07 -0.06 -0.06
Frequency -0.08 -0.08 -0.02 -0.04 -0.09 0.17 0.03 -0.02 -0.03 0.12 -0.03
Turns -0.01 0.02 0.01 0.02 0.02 0.01 0.00 0.00 0.00 0.00 0.00 -0.11
Lanes 0.00 0.02 0.00 -0.02 0.03 0.00 -0.01 -0.01 -0.01 -0.01 -0.01 0.05 -0.18
Speed 0.00 0.00 0.02 -0.02 0.03 0.02 0.00 -0.01 -0.02 -0.02 -0.01 0.02 -0.02 0.58
Stop Signs 0.00 0.02 0.01 0.01 0.00 0.00 0.00 0.01 0.01 0.00 0.00 -0.07 0.49 -0.41 -0.25
Signals 0.02 -0.02 -0.01 0.01 0.09 -0.02 -0.01 -0.02 -0.02 -0.02 -0.02 -0.03 0.09 0.29 0.18 -0.27
L.Residential -0.01 0.03 0.01 0.02 -0.01 0.01 0.01 0.01 0.01 0.00 0.01 -0.09 0.53-0.32 -0.17 0.58 -0.16
L.Collector 0.00 0.01 0.01 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00 -0.04 0.24 -0.27 -0.13 0.44 -0.03 0.03
L.Secondary 0.03 0.00 0.00 0.01 0.08 0.00 -0.01 -0.01 -0.02 -0.02 -0.02 -0.04 0.05 0.27 0.29 -0.13 0.50-0.20 -0.24
L.Primary 0.01 0.00 0.00 -0.02 0.02 0.01 0.01 -0.01 -0.01 -0.01 -0.01 0.01 -0.06 0.30 0.22 -0.14 0.33 -0.05 -0.13 -0.15
L.Highway 0.00 -0.01 0.01 0.01 0.03 0.01 0.00 -0.01 -0.01 -0.01 -0.01 -0.02 0.28 0.08 0.36 -0.01 0.11 0.02 0.02 0.16 -0.02
Park 0.02 -0.02 0.01 0.01 0.01 -0.01 0.00 0.00 0.00 0.00 0.00 -0.03 0.09 -0.07 -0.01 0.10 0.01 0.03 0.13 0.09 0.04 0.01
CV -0.01 -0.03 0.00 0.00 0.03 -0.01 0.00 -0.01 0.00 0.00 0.00 0.01 0.02 0.03 -0.02 -0.19 0.20 -0.11 -0.09 0.02 0.01 0.07 0.02
Retail -0.02 0.01 -0.01 0.00 0.03 0.00 0.00 -0.01 -0.01 -0.01 -0.01 -0.03 0.05 0.10 0.02 -0.06 0.31 -0.06 0.06 0.16 -0.01 0.06 -0.13 0.07
Industry 0.02 0.01 0.00 0.01 0.02 0.03 0.00 0.00 -0.01 -0.02 -0.01 -0.07 0.25 0.01 0.22 0.07 0.03 0.16 0.11 0.14 0.02 0.15 -0.02 -0.13 -0.07
Density -0.01 -0.02 -0.02 -0.01 0.00 -0.03 -0.01 0.00 0.00 0.01 0.01 0.09 -0.21 -0.04 -0.31 -0.22 0.19 -0.16 -0.22 -0.07 -0.02 -0.09 -0.20 0.24 0.16 -0.41
Dist CV -0.01 0.04 0.03 -0.01 0.00 0.04 0.02 0.00 0.00 0.00 -0.01 -0.09 0.05 0.02 0.23 0.28 -0.30 0.14 0.26 -0.04 0.02 -0.03 0.09 -0.40 -0.08 0.09 -0.58



291

Table A.6 Correlation Matrix for Paper 2 Route Level

Mar Jun Sep Nov Late AMPeak Mid Eve AM E PM E Eve E Freq Turns Lanes Spd StopSigns Signals L.Res L.Col L.Sec L.Pri L.Hwy Park CV Retail Ind. Density

June -0.33
Sep -0.23 -0.22
Nov -0.26 -0.24 -0.17
Late -0.02 -0.01 0.04 0.03
AMPeak 0.00 -0.01 0.03 -0.05 -0.06
Midday -0.04 -0.02 -0.04 0.00 -0.05 -0.08
Evening -0.01 0.02 -0.02 0.01 -0.05 -0.08 -0.07
AM End 0.01 0.04 0.01 0.01 -0.05 -0.08 -0.07 -0.06
PM End -0.02 0.01 0.00 -0.03 -0.05 -0.08 -0.07 -0.07 -0.06
Eve End -0.02 0.06 0.02 -0.03 -0.05 -0.07 -0.06 -0.06 -0.06 -0.06
Frequency -0.04 -0.05 0.03 -0.11 -0.13 0.18 0.05 0.02 -0.03 0.11 0.00
Turns 0.01 0.01 0.02 0.04 0.04 -0.03 0.00 0.01 0.01 -0.02 0.01 -0.13
Lanes 0.00 -0.03 0.03 -0.01 0.02 0.02 0.03 -0.02 -0.03 0.00 -0.02 0.07 -0.21
Speed -0.02 0.01 0.02 0.03 0.01 0.03 0.02 -0.01 -0.03 0.01 -0.02 -0.01 -0.11 0.67
Stop Signs 0.01 0.01 0.01 0.03 0.02 -0.03 -0.01 0.02 0.01 -0.01 0.04 -0.05 0.66-0.32 -0.18
Signals 0.03 -0.07 0.04 0.01 0.10 -0.06 -0.01 -0.02 -0.02 -0.02 -0.03 0.01 0.07 0.30 0.12 -0.14
L.Residential -0.01 0.01 -0.01 0.05 -0.01 -0.02 0.01 0.02 0.02 0.00 0.02 -0.10 0.67-0.31 -0.23 0.64 -0.21
L.Collector 0.03 0.01 0.04 -0.01 0.03 -0.02 -0.01 -0.01 0.00 -0.02 0.03 -0.05 0.34 -0.23 -0.15 0.570.04 0.07
L.Secondary 0.05 -0.01 0.04 -0.01 0.11 -0.04 -0.02 -0.01 -0.03 -0.03 -0.03 -0.07 0.14 0.40 0.38 -0.04 0.60-0.22 -0.05
L.Primary 0.01 -0.05 0.02 0.00 0.01 0.03 0.01 -0.01 -0.01 0.00 -0.01 0.06 -0.05 0.27 0.17 0.02 0.36 0.02 -0.09 -0.12
L.Highway -0.03 0.02 -0.01 0.04 -0.02 0.01 0.01 0.00 -0.01 0.03 -0.01 -0.02 0.06 0.28 0.67-0.02 -0.10 -0.10 -0.08 0.18 -0.09
Park 0.02 -0.02 0.02 -0.02 0.02 -0.01 -0.03 0.00 0.01 -0.01 0.01 0.05 0.09 -0.10 -0.10 0.04 0.21 0.03 0.01 0.10 0.23 -0.12
CV 0.02 -0.06 0.02 -0.01 -0.01 -0.02 -0.01 -0.01 0.01 0.02 -0.02 0.00 0.04 -0.01 -0.14 -0.34 0.38 -0.19 -0.24 0.11 -0.01 0.01 0.26
Retail 0.02 -0.05 -0.02 0.02 0.03 -0.03 0.01 0.00 0.00 0.00 0.01 0.02 0.17 0.08 0.09 0.17 0.19 0.08 0.09 0.12 0.10 0.05 -0.14 0.00
Industry -0.02 0.03 0.06 0.04 0.00 0.00 0.00 0.02 0.00 -0.01 -0.01 -0.11 0.26 0.16 0.24 0.18 -0.02 0.19 0.04 0.21 0.05 0.22 0.11 -0.14 0.02
Density -0.03 -0.03 -0.04 -0.02 -0.01 -0.01 0.01 -0.01 0.01 0.01 -0.01 0.08 -0.27 -0.27 -0.48 -0.35 0.14 -0.23 -0.27 -0.19 -0.09 -0.28 -0.09 0.34 0.05 -0.53
Dist CV -0.01 0.04 0.00 0.02 0.00 0.05 0.00 0.01 0.00 -0.02 0.02 -0.04 0.08 0.07 0.19 0.38 -0.35 0.22 0.37 -0.13 0.07 -0.03 -0.16 -0.570.00 0.12 -0.57

Table A.7 Correlation Matrix for Paper 5

Pop. Density % Bach. % Minoriy Avg age

% Bach. 0.11
% Minoriy 0.11 -0.25
Avg age -0.44 -0.06 -0.34
Avg income -0.36 0.63 -0.54 0.34
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