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Standardized and open source bus data including static schedules and realtime positions

have become widely available in public web application programming interfaces. Though

these data primarily underly popular mobile trip planning applications, they also enable

new analyses in understanding, forecasting and improving bus operations across cities. Due

to their lower resolution and simpler features, open data are more challenging to work with

than those of the underlying sensors. However, their wide scale and standardization make

them a valuable resource for researchers and planners. This work develops a set of tools for

analyzing bus operations with open data. Central to this endeavor is the ongoing collection

of a multi-year dataset from the King County Metro transit network in Seattle, Washington,

approaching one billion tracked bus locations. First, basic roadway segment aggregation

is used to visualize the spatiotemporal dynamics of different delays in the transit system.

This is used to identify priority locations for transit priority treatments. Then a set of deep

learning models are developed to forecast bus travel times under different data availability

scenarios. Their generalizability is tested across different cities and transit networks. Finally,

these models are used to estimate energy demands of a battery electric bus fleet for any city.

Implications of the open data standards for energy modeling are examined, and a cross-

sectional analysis reveals barriers to fleet electrification.
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Chapter 1

INTRODUCTION

1.1 Motivation

Transit systems decrease overall transportation sector emissions and improve population

accessibility. In 2021, 63 billion passenger-miles were taken by bus or BRT (bus rapid

transit) out of 176 billion total onboard transit, making buses the largest (36%) transit

share for Americans [137]. Compared to light rail, subways and streetcars (5%), buses have

similar per-mile operating costs (2.84$/passenger-mile compared to 2.51$) but significantly

lower capital investment (0.63$/passenger-mile compared to 4.78$) [4, 3]. In the broader

picture, this makes BRT or regular bus lines attractive in cities which have less capital

funding available for transit, and an important feeder component of networks which either

have existing rail, or are in the process of building out a rail network.

However, the shared infrastructure that makes bus transit an effective investment also

exposes it to delays from congestion, shared curb-use, and other roadway users. In transit

satisfaction surveys, service delivery metrics tend to take customer priority over measures

related to comfort [114, 73]. This means that functional improvements such as short head-

ways and higher travel speeds are more valuable to transit riders than auxiliary desires like

clean vehicles or customer service. It is only once basic service needs have been met that

riders begin to place satisfaction weight on secondary aspects of the service [10]. Thus, one

of the best methods of drawing and maintaining ridership is to improve the consistency and

efficiency of transit network operations. To accomplish this, planners and researchers strive

for new methods of monitoring, evaluating and executing changes to bus infrastructure. This

ultimately helps achieve the sustainability benefits of bus transit.
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One rapidly proliferating field of development in transit operations planning and re-

search is “big data” analyses collected from ITS (intelligent transportation system)s. These

methods have exciting potential (and at times hype beyond their current capabilities) for

improving transit delay and demand forecasting, automating customer service and manag-

ing operations. However, the emerging nature of these data means that nearly all tools are

home-grown or constructed on a need-by-need basis, and often use closed data sources col-

lected from proprietary software systems. This leads to the critical challenge of collaboration

in this emerging field through shared knowledge, resources and findings. Fortunately, many

agencies worldwide have rallied around standards for sharing transit data. Standards such

as GTFS (General Transit Feed Specification) and NeTEx (Network Timetable Exchange)

share “static” transit schedule and stop information, while “realtime” standards such as

GTFS-RT (General Transit Feed Specification - Realtime) and SIRI (Service Interface for

Realtime Information) share ongoing trip information. These standards are the foundation

of popular transit trip planning tools such as Google Maps and OpenTripPlanner. They also

provide opportunities for researchers and analysts to build tools and analyses that are gen-

eralizable between transit networks. This dissertation explores the potential of these open

source data standards for building practical, collaborative tools for analyzing bus transit

operations.

1.2 Standardized Bus Transit Data Formats

There are many sources of bus transit data and means of collecting them. Several existing

works have proposed thorough taxonomies of these data [74, 120]. For the sake of com-

pleteness a summary of these sources is provided here before delving into the specifics of

standardized bus data formats.

There are three primary, widely discussed transit data sources collected in most auto-

mated bus transit ITS systems. First, AFC (automatic fare collection) data is collected when

a customer taps on or off a transit system. This provides trip start and end locations, which

can be used to estimate OD (origin-destination) trip demand of the service. Some systems
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have fixed fares and do not require a tap-off, providing only trip origin information. One

challenge with AFC data is understanding when a trip is a transfer, as opposed to a short

stop at an intermediate destination [86]. Furthermore, cards may not use consistent identi-

fiers out of concern for passenger privacy. This means that spatial boarding and alighting

can be aggregated by location but individual traveler OD flows must be estimated separately

[86].

Second, APC (automatic passenger count) data is collected onboard transit vehicles when

passengers board or disembark, with doorway loop detectors or light sensors. This can

provide a count of the number of passengers onboard a transit vehicle at any given time.

This allows estimation of passenger-delay time due to vehicle slowdowns, as well as dwell time

at individual stops among other metrics. Challenges include discerning between boarding

and alighting movements, and again estimating OD information without unique passenger

identifiers [74].

Last, AVL (automatic vehicle location) data is continuously collected by odometer or

GPS sensors onboard a transit vehicle. This data can be used to estimate bus speeds,

detect bunching, and provide travelers with arrival information among other uses. There

are common challenges for GPS data, to which transit data is no exception. For example

GPS-multipath errors in urban canyons throw off calculations and must be filtered or cleaned

carefully, and data collected at constant frequency will have sampling bias towards locations

with slower speeds [91]. Ultimately, AVL data and its derivatives can only directly inform

performance in places and at times which vehicles currently or previously have been run. This

is a crucial challenge in operational planning for new routes, schedule changes or otherwise

predicting and forecasting bus movements in unobserved locations. Together, these three

automated data collection sources can provide a fairly robust picture of transit operations

including vehicle and passenger movements.

However, the systems which collect and monitor bus data are often based on propri-

etary hardware and software. This means that the sensor types, frequencies, data cleaning

methods, performance dashboards and other aspects differ from system to system or even



4

vehicle to vehicle [44]. Agencies may place separate contracts for hardware and monitoring

software or separate AVL/AFC/APC systems. They may also incorporate in-house analyses

and performance metrics, or rely on those developed by dashboard providers [144]. In other

words, these systems can lack interoperability [133]. This effect has carried into bus oper-

ations research, where analyses are frequently based on single cities, routes or times from

AVL/APC/AFC data as provided by a specific transit agency [147, 33, 158].

Standardized open formats for transit data can help solve this problem. Broadly, data

standardization can address analysis obstacles related to metadata uncertainties (e.g., vehicle

classes, network coverage), data transformation (e.g., trip/stop schedule structure, different

sensor frequencies) and critical missing data (e.g., lack of coordinates, timestamps) [72]. Data

standardization lowers the cost of switching providers for consumers (in this case transit

agencies) increasing competition among providers and lowering costs, but on the other hand

it can also stifle innovation and improvement of the standard itself, create high barrier-to-

entry for all parties to re-tool for the standard, or provide market control to the dominant

driver of the standard [72, 162, 67]. The former concerns are relatively low, given that transit

data standards are essentially web API (application programming interface)s, which have low

re-tooling costs and are adaptable to different existing hardware standards with appropriate

metadata. However, the latter concerns may be valid given that the widely adopted GTFS

standard is currently maintained by Google (in collaboration with industry partners), which

has a vested interest in protecting its market for trip planning tools.

There are several public data sharing standards available for public transit data. They

are typically broken into two components: 1) A static feed which includes all information

about scheduled trips and 2) A realtime updated feed which includes all information about

actual vehicle locations during ongoing trips. By far the most commonly adopted standard

is the GTFS/GTFS-RT standard [82, 81]. A GTFS static feed is a zip archive containing

comma separated value files for system trips, stops and other details. A GTFS-RT feed is

a web API providing live updates for active trips. The primary competing static standard

is NeTEx, which uses extensible markup language, and the primary competing realtime
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standard is SIRI [65, 166].

Advantages of NeTEx/SIRI are a neutral controlling agency, a format more complemen-

tary to web programming, and greater scope of information. Advantages of GTFS/GTFS-RT

are significantly wider adoption, and a simpler and more understandable format for static

data. GTFS/GTFS-RT is much more widely adopted in the US, while NeTEx/SIRI are

generally EU standards. Many EU transit agencies provide both formats. Regardless of the

chosen standard; their general purpose is to unify transit data such that it is interoperable

with transit trip planning tools (e.g., OpenTripPlanner, Google Maps). The less-explored

but emerging benefit is that planning-analysis and visualization tools can be created that

work for any transit network [12, 128]. The primary challenge with these data formats is

lack of personnel resources to manage and curate the data [181], and inconsistency across

agencies following the standards [14]. The adoption and success of these standardized public

transit data formats has also led to the emergence of similar standards for MaaS (mobility

as a service) and other rideshare providers [129].

1.3 Emerging Tools and Analyses Built on Open Bus Transit Data

As standardized bus transit data sources have emerged, a variety of tools, webapps, con-

verters and more have been developed that take advantage of or support these standards.

Though some have associated research papers, many are developed independently by mem-

bers of the community- perhaps more evidence towards the benefits of open and standardized

data. Here, some of the different tool archetypes are explored through defining examples.

First, there are a wealth of map-based visualization tools for showing scheduled and real-

time bus locations. The most comprehensive tools can show estimated positions from static

data or actual positions where realtime information is available, and do so simultaneously

across many different transit networks [17]. Most work however is demonstrated on a case

study for one city [187, 80]. Others take their visualization a step further into analysis. For

example estimating bus positions ([106]) or mining performance metrics from static sched-

ule feeds alone [177]. Spatial performance information can also be explicitly extracted and
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visualized from vehicle travel times and flows in static scheduled stop arrival times [148].

Another approach is to use embedding plus clustering techniques with schedule data to com-

pare latent variables between cities; creating visualizations of scheduled transit access and

availability [84]. From a planning standpoint, it is useful to have tools which interface with

APC/AFC data, which is not usually shared in standardized data feeds [76, 111, 107]. One

study in this dissertation (Chapter 2) developed TransitVis, a transit performance visualiza-

tion tool. It aggregates bus performance metrics and visualizes these across the network as

a whole, rather than for individual ongoing bus trips.

Arrival time tools give immediate information to passengers on predicted waiting times

at specific bus stops. OBA (OneBusAway) was one of the earliest, and explored the value

of such tools in improving traveler experiences and perceptions of transit [173]. Without

delving into individual modeling approaches, a sub-field has arisen around using open data

to predict transit travel movements, though most do not contain a visualization or tool

component [40, 53, 87]. For example some interface with the user through text messages

[49]. TheTransitClock is an arrival time prediction model that interfaces with GTFS and

GTFS-RT feeds to update times in bus schedules with realtime information, then provides

that information to the public [45]. It has been deployed by transit agencies in several cities

[45]. Regardless of the approach, information regarding the arrival time and certainty around

that estimate can give even more control to the user and greatly increase transit satisfaction

[93, 62].

Trip planning tools allow travelers to map out their trips before committing to them.

This might include choosing ideal access and egress points for the transit system, finding

transfer locations and times, or ultimately making decisions of whether to use transit and if

so what type. OpenTripPlanner is an open source planner which uses a combination of static

and realtime open data, along with travel time estimates for non-transit modes [140]. “R5R”

is a routing library built on OSM (OpenStreetMap) and static transit data [150]. Transitr

utilizes only realtime data in it’s trip routing and time estimates [97], while Mapnificent

uses only static open data to map travel time boundaries via public transit for any GTFS
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system [176]. Explore took the inverse approach to trip planning by allowing a user to search

attractions, and receive many different transit routing options [175]. Most transit agencies

provide their own trip planner (sometimes based on OpenTripPlanner or Google Maps) or are

aggregated among other regional agencies in a single planner. GTFS-OSM-Sync interfaced

OpenTripPlanner with OSM and open transit data feeds, creating a tool which handles trip

planning and synchronizes transit network info with OSM [92]. Though not always open

source, agency-maintained planners have the benefit of incorporating the most up-to-date

data from the source bus network [175].

Last, tools have been developed to help data providers meet and maintain open data

standards. One ongoing challenge is inconsistencies in application of the standard, whether

due to error or vagueness in the definition. To address this a GTFS-RT validation tool was

developed and tested across 78 feeds [14]. Findings from this study led to fundamental im-

provements in the GTFS-RT standard. The aforementioned GTFS-OSM-Sync also interfaces

GTFS data with OSM, making agency stops/routes easier and more accurate to query [92].

Open source tools also exist to help create static and realtime feeds from underlying data

[26]. Inversely, one can use open source tools to extract the transit network as a connected

graph from a static feed [102]. Outside of academic research, countless other community

tools exist on GitHub, with varying levels of upkeep. One compendium of such projects is

awesome-transit [66].

1.4 Closed Source Bus Transit Design and Monitoring Tools

The service planning design process for bus transit service begins with network and stop

layout, proceeds with timetabling, then handles vehicle and crew assignment [50]. Once in

service, routes are monitored for measures of performance deemed important by the operator,

and for providing realtime information to travelers. If certain routes, locations or times are

performing poorly by chosen metrics, then service planning steps can be revisited and changes

carried down the design chain [50]. Most software aids with one or more of these tasks:
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• Design Software: Perform demand forecasting, route layout and scheduling.

• Monitoring/Evaluation Software: Maintain performance dashboards, GIS analy-

ses, disruption detection.

• Realtime Arrival Software: Provide public-facing service alerts and trip updates.

• Trip Planning Software: Provide public-facing routing and timeschedule informa-

tion.

Most of the aforementioned open source tools offer realtime arrival or trip planning, but

few tackle design or monitoring/evaluation. This is where open data standards have potential

to bring more consistent, collaborative analyses. Though the quantity of emerging open

source transit analysis tools is high, existing tools may not meet the needs of transit planners

and researchers for design and evalution tasks. Some tools require advanced programming

knowledge to implement, others lack documentation, and most are prototypes. In order for

open source tools to supplement or replace existing tools, they must offer clean and simple

workflows for typical transit monitoring and evaluation tasks.

Several companies currently offer paid, all-in-one solutions for bus system design and

evaluation. Remix is one such tool [170]. Though originally open source design-focused

software, it has moved to closed source and added monitoring and evaluation functionality

[64]. Tripspark offers similar functionality as well as a customer-facing arrival time and

trip planning app [168]. PTV Visum focuses on network design and simulation, but also

has a monitoring component (PTV Optima) [85]. Transloc offers monitoring software and

a customer-facing arrival time apps [165]. Some notable design-only tools are TransCAD,

Optibus, and tools from Esri built for ArcGIS [142, 54, 28]. Conveyal and Sugar both provide

accessibility analysis tools that interface with OSM and GTFS data [43, 20].

Transit agencies and researchers have different resources and goals. For agencies, any

combination of these or other paid tools can integrate with underlying ITS systems. They
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can provide comprehensive design, monitoring, realtime arrival and trip planning analyses

specific to the system of interest. They ultimately offer simplicity as a service which can

reduce personnel and technological ownership burdens. Regardless, some agencies have be-

gun to adopt open source realtime arrival and trip planning software [45, 141]. Researchers

and community members generally work with fewer resources and often rely on open source

tools. They are also often interested in drawing comparisons across transit systems, for which

standardized data and tools immensely reduce the analytical burden. For bus transit system

design and evaluation these tools are in a nascent state. This could be in part due to limita-

tions in data shared through the open standards. These data are generally lower resolution

and have fewer features than those available in the underlying ITS collection systems [74, 14].

Understanding these limitations and improving the design/monitoring/evaluation tools con-

structed on these open standards stands to decrease the gap between research and practice,

lower the barrier to transit analysis, foster collaboration across agencies, and improve the

accessibility and sustainability benefits of public transit.

1.5 Outline of This Dissertation

This dissertation consists of three separate studies (in Chapters 2, 3 and 4). At the time of

writing, Chapters 2 and 3 have been published as journal articles [5, 6]. These studies are

synthesized under the theme of bus transit operations analysis supported by standardized,

open data sources. Though they tackle different research questions, each study builds upon

work in the previous chapter. They culminate in conclusions on practicality and limitations

of open data standards for wide-scale bus transit analyses.

For the selective reader, the remainder of Chapter 1 contains a summary of each paper

and its contribution to the greater whole of this dissertation. More detailed contribution

statements can be found in Sections 2.3.4, 3.3.4 and 4.3.3. The abstracts of the completed

studies are also included in Sections 2.1, 3.1 and 4.1.

Further literature reviews specific to the research questions of each individual study

are found in Sections 2.3, 3.3 and 4.3. Following this chapter, Chapters 2, 3 and 4 detail
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the specific motivations, methods, results and findings for each study. Last, Chapter 5

summarizes the contributions of each study to the literature and draws unified conclusions

on open data standards for wide-scale bus transit analysis.

• Measurement and Classification of Transit Delays Using GTFS-RT Data

This study lays the groundwork for subsequent analyses using open source bus trip

point data collected from public GTFS and GTFS-RT bus network feeds. It proposes

a new perspective for aggregating individual bus observations to roadway segments,

such that the system as a whole can be examined for inefficiencies, and places for

targeted infrastructure improvements can be located. It also discusses the development

of a prototype web tool which visualizes daily summaries of transit roadway segment

performance. This study is the first to aggregate GTFS-RT data to roadway segments

and classify delays in this way. It also identifies some key concerns related to the

reported features in realtime data.

• Generalization Strategies for Improving Bus Travel Time Prediction Across

Networks This study takes the step beyond single-network analysis to develop multi-

network analyses and models; one of the key benefits of standardized open data. It

proposes a set of machine learning based models for bus travel time prediction which

are generalizable between transit networks. Modeling results reveal forecastable spatial

delay patterns. It applies these models to the Seattle KCM (King County Metro) and

Trondheim AtB (A to B) bus transit networks and benchmarks them against heuristics

and a state of the art travel time model. Generalization strategies such as fine-tuning

and training on mixed data are employed and benchmarked. It also proposes a new

method for incorporating realtime trip information from other bus trips into arrival

predictions with realtime data. This and the other data sources are compared for their

ability to improve model performance in an ablation study. This study attempts to

address the challenge of information sparsity in open source transit data by using a

combination of standardized static, realtime vehicle positions and other urban data
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sources.

• Empowering Electric Bus Deployment with Standardized Transit Data This

study culminates in an application and comparison of the previous methods built on

open source bus data with those built on closed source data. It proposes a method

of predicting trip-by-trip drive cycles for an entire bus network, that is extendable

to any bus transit network which reports GTFS and GTFS-RT data. It examines

challenges with the resolution of open bus data for this network-wide energy estimation.

It also applies the methodology to a wide cross-section of international bus transit

agencies. This study demonstrates variation in agency readiness to electrify, their

energy and power needs, and how key BEB (battery electric bus) technologies influence

the proportion of per-agency blocks that can be electrified.
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Chapter 2

MEASUREMENT AND CLASSIFICATION OF TRANSIT
DELAYS USING GTFS-RT DATA

2.1 Abstract

This paper presents a method for extracting transit performance metrics from a general

transit feed specification-realtime component and aggregating them to roadway segments. A

framework is then used to analyze this data in terms of consistent, predictable delays (sys-

tematic delays) and random variation on a segment-by-segment basis (stochastic delays).

All methods and datasets used are generalizable to transit systems which report vehicle lo-

cations in terms of general transit feed specification-realtime parameters. This provides a

network-wide screening tool that can be used to determine locations where reactive treat-

ments (e.g., schedule padding) or proactive infrastructural changes (e.g., bus-only lanes,

transit signal priority) may be effective at improving efficiency and reliability. To demon-

strate this framework, a case study is performed regarding one year of data retrieved from the

King County Metro bus network in Seattle, Washington. Stochastic and systematic delays

were calculated and assigned to segments in the network, providing insight to spatial trends

in reliability and efficiency. Findings for the study network suggest that high-pace segments

create an opportunity for large, stochastic speedups, while the network as a whole may carry

excessive schedule padding. In addition to the static analysis discussed in this paper, an

online interactive visualization tool was developed to display ongoing performance measures

in the case study region. All code is open source to encourage additional generalizable work

on the general transit feed specification standards.
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2.2 Introduction

2.2.1 Motivation

The flexibility afforded by sharing existing roadway infrastructure has allowed bus transit

systems to flourish across a spectrum of transportation settings and cultures. However, one

inherent disadvantage to sharing existing infrastructure is that buses are susceptible to delays

caused by congestion, roadway controls, and shared curb use in addition to regular passenger

boarding and alighting; all of which can be highly unpredictable in nature. If these delays

are left unchecked, a bus system may become unreliable, and the utility it provides to its

riders will diminish rapidly. This might cause ridership to drop, bringing down fare recovery,

and eventually leading to service cuts compounding these issues.

To avoid this, transit agencies and planners account for delays when scheduling buses, or

simply fix their root causes. When determining where and how to target such treatments,

agencies and planners must often make broad strokes to account for cumulative delays across

entire routes. One of the primary tools used is schedule padding, which adds buffer time to

transit segments that are consistent sources of delay. Schedule padding can improve travel

time reliability by accounting for delays but can also hinder it in locations where travel time

is highly variable, and it does not fundamentally improve the efficiency of the transit system.

Furthermore, the iterative process of assigning buffer time to transit segments is informed

using AVL systems, for which analytical tools must be built on a system-by-system basis.

However, the GTFS has provided a fully generalizable framework by which agencies can

collect and share transit scheduling data. More importantly, it has led to the development

and initial proliferation of the GTFS-RT standard by which actual bus locations and stop

times can be shared in a standardized format, once collected by various onboard systems [11].

To date, analytical tools and support systems are relatively scarce for GTFS-RT. This may

be because there is little incentive to create them, as agencies collecting this data likely have

AVL-based performance measurement tools in place. Although powerful, each AVL-based

tool must be individually maintained by its respective agency, and the lack of standardization
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prevents clear comparison between transit systems.

2.2.2 Outline of This Work

This paper examines how the GTFS-RT standard may be used to quantify transit perfor-

mance in a way fully generalizable to any bus transit network. Bus delays are grouped

into two categories: stochastic and systematic, which are quantified through several metrics.

These metrics are then calculated at the segment-level across all routes and vehicles in the

entire transit network. This enables prioritization for specific locations where infrastruc-

tural treatments (e.g., dedicated bus lanes, transit signal priority) or operational treatments

(e.g., schedule padding) will be most effective in improving transit performance. Because

these measures are quantified from aggregated data across all buses utilizing a given seg-

ment, treatments can be identified where they stand to create the largest benefits across all

vehicles, rather than individual routes.

Following this introduction, prior work conducted in this area is discussed. The data

collection and analysis are presented in the Methods section, with a proposed framework

to identify individual instances of delay and examine temporal and spatial trends in delay

from the GTFS-RT data. The Case Study section introduces the data sources used for an

exploratory analysis of transit delays in the GTFS-RT system for KCM in Seattle, Washing-

ton. This is followed by Results and Discussion on what locations exhibit the most delay,

how delay varies spatially, and how it relates to segment pace. Last, the Conclusion section

summarizes the findings, states the limitations of the study, and presents suggestions for

future research.

2.3 Literature Review

2.3.1 Transit Performance and Delays

Transit performance is somewhat of an amorphous concept. Many works have aggregated,

surveyed, and proposed classification hierarchies for a multitude of established metrics [47,
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77]. One of its most commonly emphasized components is travel time reliability; quantified

through specific metrics such as expected waiting time, variance of travel time, or on-time

performance [47]. In other words, metrics of reliability measure how consistent the system

is. One way reliability is frequently reported is through schedule adherence, which relies on

measures of individual delays or the amount of time a vehicle has deviated from schedule in

a given time period [161]. As delays accumulate, buses deviate further from their schedule.

Reliability is one of the most important factors in the utility provided by transit systems;

shown to be valued higher than comfort [134] or frequency [25, 48]. Work has explicitly

tested the user cost of stop arrival time variability [25] and found it highly impactful. Other

work has documented how the utility of reliability extends to all modes of transportation,

not only transit [18]. Thus, if bus transit systems are to compete with other modes their

reliability must be at least comparable to cars, trains, or other modes.

One of the fundamental treatments for unreliability in transit service is “schedule padding”.

This is an iterative process of schedule design which allocates additional scheduled travel time

to roadway segments tending towards highly variable travel times [30]. While this does not

eliminate the delay, it does improve the reliability of the transit service by allowing extra

time for when delays occur, and the vehicle falls behind schedule. Unfortunately, when the

expected delays do not occur, this can lead to buses arriving at stops ahead of time, which

also reduces the overall reliability of the system [71]. In many cases, drivers are encouraged

to slow down when ahead of schedule, either by a central dispatcher or onboard clock, thus

maintaining equal headways between vehicles [115]. Schedule padding is a relatively simple

and inexpensive treatment to apply on a system-wide scale but does not address the actual

cause of delays.

Another component of transit performance is transit efficiency, or productivity [77]. This

component plays a smaller role in utility provided to individuals using the transit system but

has ramifications for cost of operation and net emissions network-wide. Metrics of transit

efficiency are expressed as ratios, and might include farebox recovery ratio (operating cost

divided by revenue) [47], or volume to capacity ratio (bus flow divided by lane capacity) [78].
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Example treatments to improve efficiency might include addition of transit signal priority,

queue-jump lanes, or route changes, among others [47]. Schedule padding on its own is

not sufficient to improve efficiency, as it simply adjusts bus schedules, without necessarily

improving their movement. In fact, if excessive schedule padding is used and a bus slows

down to remain on-time, there may be a reduction in efficiency-related metrics for that trip.

The term stochastic delay has been utilized in a transportation context by a handful

of previous works. First, in work using GTFS data to determine locations where there is

high schedule padding in a network [177]. Here stochastic delays were used to describe all

deviations from the GTFS schedule and suggest roadway treatments. In train networks,

stochastic propagation of delay was used in a method for modeling how an single delaying

event can progress through an entire system [21]. In other work, the quantity of schedule

deviation due to individual, delay-causing incidents was estimated through a model using

a combination of deterministic and stochastic delay elements [70]. In general, stochastic

delays are characterized as occurring due to “non-recurring” traffic conditions, which are

thus difficult to predict [159]. These occurrences rely on probabilistic methods to predict

accurately [88], and realtime monitoring systems to accommodate [70, 184].

2.3.2 AVL Data in Bus Performance Measurement

To determine performance metrics, and ultimately inform system treatments, data must

be collected at stops or corridors of interest. This can be expensive, time consuming and

provides only a narrow window of perspective into the nature of delays. AVL technology

offers an automated means to record and archive individual bus movements and can thus

help illuminate of the locations of delays for each vehicle in the system. They may also

communicate with a central dispatch to provide realtime updates to a controlling agency for

oversight and performance monitoring purposes.

In prior work, AVL data has been used to quantify bus reliability and efficiency at the

individual bus level [23, 34]. Aggregation then allows for metrics to be calculated at the stop,

corridor, route, or system levels [23]. Stop-to-stop and route level analysis in particular has
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been supported by AVL data, with performance measures calculated from schedule adherence

being used to determine reliability throughout such corridors in the system [52]. Additionally,

AVL data has been used to analyze secondary interactions which are not directly reported

by the system such as bus bunching [61], travel time for specific roadway segments [22], and

even in aggregate as probes to measure the performance of all roadway users, not just buses

[24]. Among these and other works, some classifications for delays based on their cause,

or location reported in AVL data have been proposed. For example, classifying the cause

of delays based on their coordinates and surrounding infrastructure [41] or whether they

occurred due to a scheduled stop [147].

Although powerful in analyzing performance, AVL/APC data is not often made publicly

available, lacks a standardized format, and leads to individual “home-grown” analysis tools

that are not reusable by other agencies or researchers [71]. Previous academic works have

developed tools that suggest automatically generated performance metrics [124], or visualize

transit performance through an analysis interface [60, 46]. While effective and useful, these

precipitate a burden on individual agencies to maintain supporting software and databases

for each technology and its respective analysis tools. It also creates opportunities for dis-

crepancies in the calculation methods for metrics between systems.

2.3.3 GTFS-RT Standard

Public-facing GTFS-RT feeds provide a standardized format for repackaging AVL data, from

which schedule padding and other system characteristics can be reliably ascertained [177].

Many agencies currently provide this data through APIs, from which users may request it

and receive unified results. Given that the GTFS standard has been adopted by more than

one thousand transit agencies globally, the GTFS-RT standard may be poised to follow.

Using this specification, generalizable tools for analysis and visualization of transit data can

be applied to draw comparisons between networks with ease.

There is currently much less literature on calculating performance metrics from GTFS-RT

data than AVL/APC data. This is likely due to the greater establishment of AVL/APC data,
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and its offering of additional variables and finer temporal detail. In prior work on GTFS-RT,

several projects have developed simple realtime observation tools to display immediate bus

locations to an end-user such as the web application “Pantograph” and one academic work

[186, 59]. Some studies have gone a step further and applied realtime prediction methods to

determine delays in active systems and used that information to provide better scheduling

information to travelers: This was found to lead to lower overall wait times for travelers,

and a more positive perception of transit reliability [174]. Sophisticated methods for archiv-

ing GTFS-RT data have also been developed, which is the first step for unified analysis

[15]. Preliminary work developed and tested a framework for analyzing bus corridors using

archived GTFS-RT data [29]. Their work first developed a method for combining routes into

consistent stop-to-stop corridors, then calculated aggregate performance metrics for each

corridor.

Overall, GTFS-RT is in a nascent state of adoption, with few open source analysis tools

available for performance analysis. One of the largest challenges currently facing GTFS-RT

data is quality control [160]. Many GTFS-RT feeds are not aligned with the standard, and

thus fully generalizable tools for differing feeds are not possible. As more agencies make

bus position data available through GTFS-RT, and additional tools are constructed on the

standard, there will be more incentive to fix the integrity of these feeds to benefit from open

source work. There is currently ongoing work to develop tools specifically for validating

GTFS-RT feeds [14].

2.3.4 Contribution of This Work

This paper contributes to the state of the art through a case study of bus transit data col-

lected from a web API-based GTFS-RT system and disaggregate analysis of segment-level

reliability and efficiency metrics informed by that data. It builds on prior work classifying

stochastic delays with the additional distinction of systematic delays, accruing from consis-

tent, predictable reductions in transit free-flow speed due to congestion, signals, and transit

stops. It is the hope that this analysis can be built upon by future researchers and applied
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by planners and agencies to direct resources in transit networks to where they are needed

most.

2.4 Methods

This section details the process by which GTFS-RT data was collected and analyzed, follow-

ing the general steps outlined in Figure 2.1.

Figure 2.1: Overview of the steps used to measure and classify transit performance.

2.4.1 Collect Data

The data source for this study was a web API providing access to underlying GTFS-RT

data for the study region. As a developing standard, there is ongoing debate as to which

parameters should be required in GTFS-RT, and which should be optional [14]. The list

below documents each parameter used in this analysis framework using the nomenclature of

the API from which they were collected. At a minimum, these are the required parameters

to recreate this analysis:

• activeTripId: Unique identifier for each vehicle, traversing a single route, on a single

day (i.e., a single scheduled run of a route).

• vehicleId: Unique identifier for each vehicle, consistent across days and routes. It is

physically painted on each vehicle.
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• scheduleDeviation: Difference in seconds between a trip’s known position, and where it

is scheduled to be as calculated by the AVL system. Can be positive (behind schedule)

or negative (ahead of schedule).

• lastKnownDistanceAlongTrip: The distance that the current trip has traveled since its

inception. Resets to zero for the next trip.

• lastKnownLocation: The last updated position for a given trip.

• lastLocationUpdateTime: The timestamp corresponding to when a trip’s last known

location was recorded.

Queries were made at the highest resolution feasible; different buses may update the

API at different frequencies, and the system itself may update at its own frequency. The

higher the frequency that the data is collected, the more precisely delays can be quantified

and located. This comes at heavier computational costs during the analysis and generates

more calls to the API. Additionally, it becomes more computationally challenging to assign

segment delays to their respective road segments as the size of the location and roadway

segment datasets increase. Although the archiving framework used here has suited the needs

of this project, there is room for improvement in efficiency and modularization, as detailed

by recent work in the field of GTFS-RT “big-data” management [15].

2.4.2 Quantify and Locate Delays

This paper presents several metrics calculated from onboard vehicle data feeds provided in

the GTFS-RT format, which fall separately under reliability and efficiency metrics. These

are based on time-series data and are calculated between each vehicle update interval. Thus,

the unit of analysis used is an individual instance of “delay” or step in time in which a bus

performs better or worse relative to either its schedule, or its free flow speed. Metrics were

chosen to capture both reliability and efficiency components of the system and are classified
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for treatment analysis as either stochastic or systematic delays. It is assumed that the current

route schedules are appropriate for the expected quantity of delay on each given segment,

and thus any schedule deviation is the result of unpredictable variation, i.e., stochastic delay.

Metrics for quantifying delay between consecutive bus locations i−1 and i were calculated

according to Equations 2.1, 2.2, 2.3 and 2.4. Vehicle pace at time i is calculated using

the lastKnownDistanceAlongTrip (TD) and lastLocationUpdateTime (LT ) parameters as

indicated in Equation 2.1. Total delay (combined systematic and stochastic delay) between

location i and i − 1 is then calculated as a product of the difference between the measured

pace and the 95th percentile pace for the segment, and the distance traveled between those

two locations (Equation 2.2).

LTi − LTi−1

TDi − TDi−1

= Pacei(sec/mi) (2.1)

(Pace95 − Pacei) ∗ (TDi − TDi−1) = TotalDelayi(sec) (2.2)

Stochastic delay (Equation 2.3) is estimated in terms of the scheduleDeviation (SD)

GTFS-RT parameter. Changes in schedule deviation indicate an instance of unpredictable

delay, which is available for all buses broadcasting realtime arrival information and is defined

as a cumulative measure of the delays and speedups experienced by a vehicle during a given

trip. Any decrease in schedule deviation is treated as a negative delay, i.e., the bus sped up

due to lack of congestion or other factors. Any increase in schedule deviation is treated as a

positive delay, i.e., the bus slowed down due to delaying factors (Equation 2.2).

SDi − SDi−1 = StochasticDelayi(sec) (2.3)

Systematic delay (Equation 2.4) is calculated from previously estimated stochastic and

total delays. Systematic delay measures the predictable delays that accrue due to congestion

and other interference.
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TotalDelayi − StochasticDelayi = SystematicDelayi (2.4)

Figure 2.2: The process of determining individual instances of delay from the cumulative

schedule deviation parameter.

2.4.3 Assign Segments

After the data is processed to determine all instances of delay during the study period, and

each delay has been assigned a location based on the bus location of its second timestamp,

each delay location is then assigned to its closest roadway segment. Contemporary practice

is to use a map-matching algorithm to assign locations to the nearest geographical feature

[149]. In this study, delay locations are matched to street segments based on their last-

KnownLocation and spatially indexed coordinates of each roadway segment using nearest
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neighbors. The atomic units of aggregation used for calculating performance metrics from

each observed bus coordinate in this method are street segments of approximately one block

length.

2.4.4 Case Study Details

To demonstrate the collection and analysis process of reliability and efficiency performance

metrics for GTFS-RT data, a case study was performed. Data was collected from the KCM

bus network in Seattle, Washington, over 12 months from August 2020 to August 2021

(Figure 2.3). This section details the data sources used for this purpose.

Figure 2.3: Map of case study region with major highways and CBDs labeled.
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2.4.5 Data Sources

Several data sources were utilized to record and analyze system-wide bus delays in the KCM

network. Bus delays, locations, and other GTFS-RT elements were drawn from the OBA

API, which provides access to data for all major transit agencies in the Puget Sound region,

and is managed by Sound Transit [63]. The API provides various function calls to access this

data, although some underlying variables such as AVL system location accuracy and refresh

rate are not documented and can be dependent on the agency or vehicle in question.

Analysis is performed at the segment-level across the KCM network, necessitating sep-

arate shapefiles for street segments and active bus routes. The street segments are drawn

from the ACS (American Community Survey) TIGER shapefiles. This dataset includes all

street segments regardless of whether they are utilized by the transit network and is avail-

able for all roadways in the United States. To improve computational efficiency in assigning

GPS coordinates for active routes to the closest street segment, these segments are filtered

to only include those traversed by buses in the KCM network. This is accomplished using a

second shapefile; the bus route shapefile provided by the KCM GTFS data. These routes are

buffered, and street segments contained within them are kept in the analysis. This reduces

the overall number of potential segments to search when assigning bus coordinates to the

nearest roadway and ensures that bus coordinates are only assigned to segments traversed

by their respective route. Segments were first determined based on intersecting roadways,

then long segments were broken up if longer than a specified length.

Data was collected on both weekdays and weekends. API queries were made starting

at 6AM and ending at 7PM. To gather data for all active transit routes, the OBA API

was queried once every ten seconds using a single API call to the “vehicles-for-agency” API

endpoint, which provides a list of vehicle IDs, and information about the trip status for

each vehicle in the response. To obtain information on only the active vehicles, trip statuses

listed as canceled, or trips with a null identifier were removed. Additionally, any active trips

without posted GPS coordinates were removed, on the assumption that these vehicles were
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not equipped with realtime tracking technology. These responses were then timestamped

and inserted into a relational database.

2.5 Results and Discussion

2.5.1 Summary

After cleaning, the final dataset consisted of approximately 27 million tracked bus locations

belonging to 6 thousand unique transit trips. Median stochastic delay was -19 seconds,

median systematic delay was 95 seconds, and median total delay was 72 seconds. Figures

2.4, 2.5 and 2.6 show the distribution of a sample of each type of delay across the dataset.

Figure 2.4: Distribution of stochastic delays in the bus locations dataset.

Stochastic delay is approximately normal and centered around approximately -19 seconds.

However, as shown in Figure 2.4, instances of schedule deviation reported by the system

appear to be rounded down to zero when less than 15 seconds in magnitude, leading to a

discontinuity in the center of the distribution at +/- 15 seconds. Because the distribution is

non-zero centered, there could be systematic delays that are unaccounted for, and potential

reliability improvements gained by adjusting bus schedules. In this case, the distribution of
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Figure 2.5: Distribution of systematic delays in the bus locations dataset.

Figure 2.6: Distribution of total delays in the bus locations dataset.

stochastic delays is skewed negative; therefore, buses are traveling ahead of schedule more

often than behind or on-time. One cause of this may be over-padded bus schedules, as buses

are consistently traveling faster than intended. The net effect may be a less reliable system,

as passengers arrive at bus stops only to find that their bus has already passed them by.
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Treatments might include training for drivers to wait at hold positions when ahead of schedule

on segments with high stochastic delay, or overall schedule adjustment to decrease allocated

travel time. Stochastic delays greater than 120 seconds in magnitude were quite rare, with

the combined set of all stochastic delays having a standard deviation of 34 seconds. The

standard deviation of stochastic delay may be used to compare the relative unpredictability

of segments within and across networks.

Total delay is skewed right and positive. This is because free-flow pace has been defined in

this study as the 95th percentile, and total delay was calculated using the difference between

actual and free-flow pace. Systematic delay is also skewed right, making it mostly positive.

Due to its derivation from total and stochastic delays, there is a small discontinuity near -15

seconds. This may again be the result of schedule deviation being rounded down to zero by

the system when smaller than 15 seconds in magnitude.

2.5.2 Segment Results

The analysis lends itself well to identifying hot spots in the network which carry high-

magnitude delays. Figures 2.7, 2.8, 2.9, 2.10, 2.11 and 2.12 show the quantitative and

spatial distributions of each classification of mean delay experienced by buses traversing a

given segment in the network.

One of the surprising findings of this case study was the presence of very high stochastic

speedups on some highway segments relative to local streets. This is shown most clearly on

the north-south traversing I-5 segments north of Seattle which each carry average speedups

of about 1-2 minutes. This may be because bus schedules accounting for time between stops

group these segments with local streets. So, when a bus leaves the highway, and continues on

local streets to its next stop, it accumulates delays which balance out the highway speedups.

Alternatively, this may be explained by large amounts of schedule padding for highway

segments (which can have highly variable speeds depending on congestion conditions) with

the understanding that drivers may wait at control points if not delayed.

In comparison to the stochastic delay results, some aspects of systematic delays were
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Figure 2.7: Distribution of mean stochastic delay for all segments in the study network.

similar. Again, certain highway segments such as the east-west I-90 and SR-520 segments

carried relatively low average delay. However, the distribution of mean segment delay reveals

a shift from speedups to slowdowns, with most segments carrying a positive average delay.

With the exception of a handful of segments, the magnitude of stochastic delay is relatively

small compared so systematic delay. Thus, the trends of total delay (Figures 2.11 and 2.12)

tend to mirror those of systematic delay.

In addition to mean delay, the mean pace is calculated for each segment in the network

across all observations in the dataset. The spatial distribution is shown in Figure 2.13. This

provides perhaps the clearest picture of efficiency in the network derived from GTFS-RT,

despite its lack of passenger data. The largest cluster of slower segments is found in the CBD,

with additional zones to the east (CBD of neighboring city Bellevue) and north (University

of Washington). As would be expected, highway segments are consistently higher pace than
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Figure 2.8: Spatial distribution of stochastic delays in the study network.

the rest of the network. Of course, this does not necessarily make them more efficient than

the rest of the network, as they have fewer stops and higher speed limits.

These results present a static analysis of 12 months of transit location data; however, the

primary strength of GTFS-RT is that it is real time and can provide continuous performance

insights as buses traverse the network. Thus, an interactive transit network performance

visualization tool “TransitVis” was developed for the data used in this paper and is avail-

able online, along with open source Python code for creating the necessary databases and

performing the analysis. This tool uses the same analysis framework as discussed in this pa-

per but provides additional performance measures and a higher temporal resolution (Figure

2.14).
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Figure 2.9: Distribution of mean systematic delay for all segments in the network.

2.6 Conclusions

This paper developed a framework for utilizing GTFS-RT data for locating and characterizing

service performance metrics. It outlined a framework for collecting and analyzing transit

delay data on a system-wide scale, using a case study of the KCM network in Seattle,

Washington.

Two metrics were developed that GTFS-RT data was capable of informing. The first,

stochastic delay, was based on the schedule deviation parameter, which is an indication

of delays that are not accounted for by schedule padding or intentional driver checkpoint

slowdowns. In the case study, stochastic delay was distributed equally throughout the net-

work, with the exception of highway segments which experienced unscheduled speedups. The

second metric, systematic delay, was based on odometer (distance) and timestamp (time)
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Figure 2.10: Spatial distribution of systematic delays.

sensors reported in the system. This allowed for the calculation of average speed and pace at

each tracked location. 95th percentile pace was taken as the free-flow, non-delayed pace, and

delay was calculated based on the GTFS-RT measurements. In theory, this should account

for all systematic and stochastic delay that occurred between tracked locations. This assumes

that the current schedule properly accounts for all systematic delay. However, the distribu-

tion of stochastic delays in the system was centered slightly towards speedups, indicating

that perhaps on a system-wide level the current schedule is slightly over padded.

This framework allowed for segment-based analysis of transit hotspots and differentiated

between types of delay which may require different types of treatment. For example, less

reliable areas with negative stochastic delay may be treated by removing schedule padding.

Whereas segments with high systematic delay may be inefficient and could be improved with

transit signal priority or bus lanes. Any corridor identified by either of the two metrics may
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Figure 2.11: Distribution of mean total delay for all segments in the network.

also become candidate for follow-on observation to identify the exact causes of delay. In fact,

because GTFS-RT has less detail than combined AVL/APC data, the main use-case for this

class of analysis may be as a preliminary screening tool for locations in the network with

performance anomalies, which can then be used to target additional monitoring resources

more efficiently.

This approach also does not measure other important components of transit performance,

such as accessibility, which may rely on factors of the built environment to quantify, for

which there is currently no standardized data source [100]. Additionally, many measures of

efficiency rely on data gathered from APC systems, which record the number of passengers

boarding and alighting at each transit stop. Bus occupancy is currently an experimental

feature of GTFS-RT. This data is not currently available in the feeds used for this case

study but would greatly improve the number of performance metrics that can be informed
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Figure 2.12: Spatial distribution of total delay.

by GTFS-RT.

Last, this work focused on a segment-based analysis of transit performance. However,

the GTFS-RT standard includes additional information on the current stop of each active

vehicle. This could be used to further separate analysis based on delay accrued at segments,

and delay accrued at individual stops. This would provide a more nuanced analysis of why

certain segments or corridors decrease performance relative to others and open the way for

predictive delay models based on GTFS-RT data. Future work might build on these methods

through the inclusion of AVL, field observation, and/or video data as ground truth validation

for information provided in a GTFS-RT feed. This more detailed data may also allow for

the development of more sophisticated modeling parameters related to bus movement such

as acceleration, average queuing distance for individual intersections, or average stop dwell

time. Deriving these secondary parameters from those in GTFS-RT would inform more
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Figure 2.13: Spatial distribution of pace.

Figure 2.14: User interface for interactive visualization tool.
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targeted treatments.
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Chapter 3

GENERALIZATION STRATEGIES FOR IMPROVING BUS
TRAVEL TIME PREDICTION ACROSS NETWORKS

3.1 Abstract

This study focuses on developing and evaluating predictive models for bus travel times adapt-

able to any transit network, or to new roadway segments without prior travel time data. Most

prior work relies on non-standardized features such as road traffic forecasts or closed-source

datasets to test predictions on a single route or network. This work leverages standardized

and open-source data from general transit feed specification feeds to gather four months of

realtime bus position data from Seattle and Trondheim’s transit networks. It then tests and

refines strategies for generalizing model predictions across both locations. To achieve this, a

data pipeline is developed to process and clean the raw data, then extract features from the

standardized sources. Performance is then evaluated for several deep learning and heuristic

models in predicting bus travel times between source and target bus networks. Holdout

data is taken from selected routes in the source city to validate the internal generalization

of the models. Data from the target city is used to evaluate the external generalization of

the models. An ablation study explores the impact of different open data sources on model

generalization (GPS, static timetables, OpenStreetMap and other realtime trips). This is

extended to the analysis to 33 international bus networks, placing the results in broader

context and testing fine-tuning strategies for generalization. Results show that deep learn-

ing methods generalize well within the source network, with as little as 1% loss in mean

absolute percent error on holdout routes. With minimal fine-tuning generalization is sig-

nificantly improved on the target network. Model features built on static schedule data,

realtime positions or OpenStreetMap embeddings improved generalization performance (up
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to 7% reduction). This was more pronounced for networks with a greater initial quantity

of training data. As a route-planning tool for roadways without prior data, geospatial data

mining can provide reasonable bus travel time estimates. For cross-sectional bus network

analysis, fine tuning on at least 100 trajectory samples for each target network is required to

significantly outperform baseline heuristics. This necessitates a standardized realtime data

feed in the target city.

3.2 Introduction

3.2.1 Motivation

Efficient bus transit systems play a crucial role in enhancing accessibility and reducing re-

liance on personal vehicles. The success of such systems hinges on factors like dependable

schedules, network coverage, and swift travel times. Crucial to achieving these objectives is

the ability to accurately forecast bus travel times across diverse locations within a transit

network.

A bus transit agency has access to very high-resolution, network-specific, integrated data

on where buses travel and what exactly slows them down. Technologies like AVL, AFC and

APC, furnish comprehensive data on realtime bus locations, fare tap-on and tap-off events,

and passenger boarding/alighting counts, respectively. These systems are typically propri-

etary and implemented on a case-by-case basis, making them specific to the transit network

they are constructed around. From an agency perspective, this simplifies procurement of

data collection and monitoring tools. It also ensures interoperability between the onboard

bus sensors, data collection and analysis software.

However, researchers and planners often perform analyses that transcend individual tran-

sit networks. Simpler models and heuristics such as average speed suffice for broad estimates,

but they overlook the variation of travel speeds within individual networks. Achieving a

balance between wide applicability and network-specific nuance defines the pursuit of a ’gen-

eralizable’ predictive model for bus travel times. A generalizable bus travel time model can
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be used by planners to predict travel speeds for temporary re-routes, headway and time

of day changes, or entirely new lines. It can also be used by researchers to predict travel

times across an array of transit networks. Consider the challenge of predicting adoption of

a new fixed-route transit service across many cities. Specific travel times would be needed

for numerous transit systems, stop configurations and road networks.

Building such a generalizable model depends on widespread availability of standardized

and open-source AVL data. Fortunately, there are well-adopted standards for sharing transit

data: GTFS, GTFS-RT, NeTEx and SIRI. These standards are used by many transit agencies

and third-party applications to provide schedule and realtime arrival information to travelers.

The GTFS and NeTEx formats are used to share static schedule data. This includes stop

locations and times for all routes across different days of the week. The GTFS-RT and SIRI

formats are used to share realtime bus position data. This is repackaged and standardized

AVL data that includes exact positions and timestamps for individual buses.

These standardized feeds provide ample data for building and testing bus travel time

models. However, they have lower resolution and feature availability than the underlying

AVL data. As discussed in later sections, many prior models are built on AVL data that is

requested on an individual basis from transit agencies. This gives them strong performance

for specific networks and routes but ultimately limits their scope. These models are rarely

tested on multiple networks, and it is unclear how well they can generalize. This limits

their utility for researchers who need to predict travel times across many networks with

standardized data, and for route planning purposes where prior data are unavailable.

3.2.2 Outline of This Work

This work tackles two research questions:

1. How effectively can geospatial data mining generalize travel time predictions to new

routes or different bus networks?

2. To what extent can this generalization be improved through fine-tuning, or through
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additional widely available features?

To address the first question, models were trained using a realtime bus position dataset

collected for four months from the KCM and AtB bus networks in Seattle, United States

and Trondheim, Norway. To assess generalizability, model performance was tested within

each network on a set of routes that are held out from the training data. This simulates a

route planning use-case where the model must predict travel times for bus trips it has not

seen before. The holdout data provides ground-truth validation for this test.

Models are then tested across the two bus training networks. This simulates a use-case

where a model trained extensively on a source bus network is extended to a different target

network. The model which has been trained on four months of data from the target bus

network provides validation for this test. Last, the models are tested on one week of data

collected from 33 international bus networks. This frames the results for these two cities in

a broader context.

To address the second question, fine-tuning and new features are incorporated to attempt

to improve on model generalization. First, fine-tuning is tested to determine the extent to

which a small sample of data from the target network can improve model performance.

Then an ablation study is conducted to evaluate the impact of various feature sources to

generalizability. These sources include basic GPS (global positioning system) coordinates,

static schedule information, OSM tags, and ongoing trip information from the GTFS-RT feed.

The study concludes by synthesizing the results of these experiments to draw conclusions

regarding the viability of generalizing this class of models across different bus transit systems.

All analyses rely only on open source and standardized feature data collected from GTFS,

and GTFS-RT feeds. These open data allow the models to be trained and tested on any bus

network that reports position and/or schedule data in the standardized format. However,

they present challenges related to lower resolution and feature availability over directly using

AVL data. Incorporated embedding features from OSM data are also open source and

standardized.
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The subsequent section of this paper comprises a review of the state of the art in bus

transit time estimation as it relates to this work. Then a description of the data and methods

employed in the experiments is provided. The study concludes by engaging in a discussion

of the generalization and ablation results and their implications.

3.3 Literature Review

There is little to no existing literature on fine-tuning bus travel time predictions across

multiple networks with GTFS-RT or other open source standardized data. Most work focuses

on comparing model architectures for a single network or route, and many rely on data sources

that are specific to the network of interest. This greatly restricts their wider applicability.

This section examines some of the most pertinent prior work and highlights limitations that

will be addressed in this study.

3.3.1 Spatiotemporal Data Mining for Travel Time Forecasting

Spatiotemporal data mining seeks to extract patterns and relationships from large quantities

of raw geospatial data. At its simplest form, coordinates of geospatial point, raster, or vector

data are interpreted as features and used as inputs to model geographic quantities of inter-

est. Map-matching and other preprocessing strategies can be used to refine these into more

complex geospatial features [156]. Some common use-cases for these techniques are anomaly

detection, event coupling, spatiotemporal prediction, partitioning, hotspot analysis and eval-

uating system changes [156, 125]. Trajectory data mining is a subset of spatiotemporal data

mining which focuses on the movement of objects through space and time [156, 189, 125].

It is particularly useful for transportation systems, where GPS traces from the movement of

vehicles and people can be analyzed to improve system performance and safety.

Deep learning techniques are often applied in spatiotemporal data mining for transporta-

tion. For example, they are used to model complex relationships between highly-dimensional

urban features and vehicle trajectories [172]. One fundamental task in this domain is travel

time prediction. Though deep learning techniques can model complex influences of the
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urban form on travel time, they require heavy computation, a large dataset, and lack in-

terpretability of simpler models [172]. However, prior work has shown that deep learning

models consistently outperform simpler models and heuristics for this task [16, 56, 98, 167]

making them an obvious choice when feasible.

3.3.2 Applications and Limitations of Studies Using Data Mining in Bus Travel Time Fore-

casting

There is prior work on bus travel time prediction using spatiotemporal data mining and deep

learning techniques. However, many of these studies are tested on a small subset of routes

or trips. Furthermore, many rely on data sources that are specific to the network of interest.

Both factors greatly restrict their wider applicability.

Among these studies, several have focused on comparing various machine learning meth-

ods for the purpose of predicting bus travel time. For example, one study evaluated a com-

prehensive set of classical machine learning models on data from the Tumakuru bus network

[13]. They found that more complex, nonlinear models outperformed simpler ones for bus

travel time prediction, but only tested models on one route, with one month of data. Similar

model comparison studies in Sydney and Macae came to the same conclusion on problem

complexity. They included basic deep learning approaches such as LSTM (long short-term

memory) and ANN (artificial neural network) models. Their analysis was also limited to one

route [143, 56]. MAGTTE took a step towards within-network generalizability by making

predictions where historic data is sparse to non-existent but was also ultimately limited to

three routes [121].

Others propose more complex model architectures and/or fitting techniques compared

to baseline benchmarks. For example, one study tested MLP (multilayer perceptron) and

LSTM deep learning approaches with and without genetic algorithm training and a Kalman

filter. These were also limited to four routes [132]. Kalman filters are one of the most

commonly used methods for rectifying a given state-model with predictions from a deep

learning model [151]. Other studies have tested similar combined Kalman filter/LSTM ap-
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proaches for forecasting bus travel times but were also limited in route and network scope

[188, 146, 118, 155, 185, 190, 113].

Another challenge to the generalizability of past work is the use of closed source or

difficult to obtain data. For example, Bustr is a model which underlies Google Maps and

provides travel time estimates where realtime information is unavailable [16]. The spatial

and temporal scope of the training data are also closed source, though GTFS-RT data is

used for validation. It relies in part on a car forecast to predict bus travel times. Similarly,

BusWTE is a bus-specific model which underlies Baidu Maps and was trained separately on

four million records from Xiamen and Nanjing [152]. It also relies on a car forecast. Another

bus-specific model is DEEPTRANS which can make predictions for the full LAMTA network.

It was tested in online prediction with a web interface [164]. However, it uses a traffic forecast

based on roadway loop detector data specific to the network. Each of these models takes

advantage of a car forecast to predict travel times for bus routes where no prior GPS data

is available, making them generalizable within their respective networks.

Last, AVL data provides specific stop-to-stop travel times and dwell times at bus stops. It

is often used to train models which break the travel time prediction problem into predicting

times for road segments between stops and predicting dwell times at stops. The total travel

time is then added up. This is a common approach in the literature [42, 131, 182, 113].

This provides very robust estimates for specific networks. The main challenge with this

approach is the fact that GTFS-RT data is not as specific as AVL data. It provides realtime

bus positions and trip updates but does not provide specific travel times between stops.

Therefore careful map-matching and interpolation must be applied if using the standard.

There is also no readily apparent way to transfer parameters learned for a given network in

this way to different networks.

Looking outside of bus travel time prediction, DeepTTE is a model developed on taxi

trajectory data from Chengdu and Beijing [171]. Its code and a data sample are available

open source. Likely for this reason, DeepTTE is used as a benchmark for many of the

studies listed throughout this review. DeepTTE focuses on mining temporal and spatial



43

speed information for a network from a large quantity of GPS data. Unfortunately, it is not

a bus-specific model, however, some bus-specific features can be added to the existing model

architecture (e.g., by simply increasing the number of features in a given input dimension).

For other bus-specific studies which are benchmarked against DeepTTE, it is not clear if their

additional features were added in this manner. DeepTTE is used as a flexible, multi-city

tested spatiotemporal data mining benchmark in this study.

3.3.3 Using Transfer Learning to Generalize Travel Time Forecasts

There are several studies that have applied transfer learning in the travel time prediction

domain. First, SSML is a model which was trained on data from Baidu Maps [57]. It

incorporates few-shot samples of past driving behavioral features from an ongoing trip to

improve inference for the remaining travel time of that trip. The base model on which tuning

was performed was ConSTGAT [58]. The goal was to use the model to predict more accurate

travel times for a trip already in progress. The model is trained on GPS data and is tested

in a real-time prediction setting. The model was tested on three cities. For shorter trips

(t=5 minutes) the few-shot training had little additional benefit. However, for trips longer

than 10 minutes the model outperformed baselines by 5-10 minutes MAE (mean absolute

error). This could be applied to bus travel time prediction for realtime arrival times, where

predictions are updated in realtime based on ongoing trip information.

Second, AtHy-TNet was developed to accommodate a mixture of data from different

vehicle types [116]. Though it was not necessarily bus-specific, the authors tested a model

trained on taxi data then tuned on bus data. They suggest that bus data itself may be

difficult to acquire in sufficient quantities for deep learning. However, this could be addressed

with open bus data sources such as GTFS-RT feeds rather than individually requested AFC

records from agencies, as was used in the paper.

Last, MetaST is a generic spatiotemporal data mining model that tests transfer learning

for generic cross-city tasks (it is demonstrated on traffic flow and water quality prediction)

[183]. In that work a pre-trained model is initialized on a source network then tuned to a



44

target network. The model is tested on a taxi traffic volume dataset from five US cities and

a bike dataset from three US cities. They benchmarked against single fine-tuning, in which

the model from the source city was tuned on a small sample from the target city. They also

tested multi fine-tuning, in which the model from the source city was tuned on combined

samples from many different target cities.

3.3.4 Contribution of This Work

This study contributes to the literature by testing the generalizability of deep learning models

for bus travel time prediction across different bus networks. The approach differs from prior

work in several ways:

• Features and data are specific to bus travel time prediction. There are many spatiotem-

poral data mining approaches to travel time prediction, but most are not specific to

buses. Those that are often impose constraints on the input features that are limited

to AVL data, which are impractical to apply on a wider scale.

• Only open source and standardized data sources (GTFS, GTFS-RT and OSM) are used

to train and test the models. This limits the resolution and feature availability of the

data, but allows them to be trained and tested on any bus network that reports position

and/or schedule data in the standardized format. No car forecasts or other closed or

non-standardized features are used. Models are tested on unseen routes within the

training bus network, and on entirely unseen networks.

• To improve model performance, fine-tuning is tested on single and multi-city data

samples. Findings are used to examine the feasibility of transfer learning for creating

generalizable bus travel time forecast models. The study does not propose new transfer-

or meta-learning strategies, but rather tests the feasibility of existing strategies in the

bus travel time prediction domain.
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3.4 Methods

The data and experiments in this study were designed to test the generalizability and perfor-

mance of various deep learning models for bus travel time prediction when trained on open

source data. This section contains a description of the datasets used for training and valida-

tion from the KCM and AtB realtime bus location feeds. Then the set of experimental tasks

are described which for each model are used to gauge performance across various use-cases.

3.4.1 Data Sources

Data was collected from two bus transit networks in different transportation and urban

planning contexts. The training and testing data for this study are time stamped, trip-

identified GPS coordinates collected from onboard bus sensors. Supplemental features are

used in the models with information from the GTFS feeds for both networks and examine the

effects of unavailability of either GTFS or GTFS-RT in ablation tests. The KCM network

provides GTFS-RT data through the OBA API. The AtB network provides GTFS-RT data

through the Entur API. Both APIs were queried at 30 second intervals, after each query all

new trip updates were recorded to a database. Table 3.4.1 summarizes some key points of

these datasets.

Table 3.1: Summary statistics for data collection from KCM and AtB networks.

Metric Seattle (KCM) Trondheim (AtB)

Collection Period 2023.02.13 - 2023.06.15 2023.02.13 - 2023.06.15

Observed Days 120 120

Observed Points 85,440,000 14,537,000

Approximate Shingles 3,785,000 658,000

Network boundary (sqkm) 1,972 775
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3.4.2 Feature Construction

Each data source provides a set of model features (static schedule from GTFS, traffic condi-

tions from GTFS-RT and urban environment from OSM). Similar to past work on geospatial

data mining for travel time estimation, the data begins with GPS coordinate features and

time embeddings [171, 152]. Information on the built environment is captured through em-

beddings [180]. Information from the closest stop (e.g., scheduled arrival time, distance) in

the static schedule is also included [16, 131, 89]. Information from past trips in the GTFS-RT

feed to estimate ongoing road traffic conditions is also used, another common feature source

in past work [16, 164, 152]. In summary, the features are:

• GPS-timestamp time embeddings. Time of day is encoded to 1440 values with 48

embedding dimensions. Day of week is encoded to seven values with four embedding

dimensions. The embeddings are trained along with each model. This provides the

model with information about the time that the trajectory occurred.

• GPS-based trajectory features. Locally projected X and Y coordinates, distance

and bearing are calculated between each point from the geometry of the trajectory

data. This provides the model with information on the location and direction of each

trajectory.

• OSM tag embeddings. Pre-trained OSM embedding models from hex2vec are gath-

ered using the SRAI (Spatial Representation for Artificial Intelligence) library [180].

The embedding space is a hexagonal grid covering each target network. The embed-

ding method used is a spatial skip-gram fit using negative sampling as proposed by

[180]. This provides the model with information on the built environment along each

trajectory.

• Static schedule features. Closest stop distance, scheduled travel time to that stop,

and the number of stops passed are calculated between each point from the geometries
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of the trajectory data, and the static feed. This provides the model with information

on the scheduled travel time for the inference trajectory.

• Static schedule embeddings. A set of GTFS embeddings based on standardized

static schedules is pulled from each of the target networks (including the 33 interna-

tional bus networks). The embedding space is the same hexagonal regions as the OSM

tag embeddings. The embedding method used is an autoencoder fit using MSE (mean

squared error) as proposed by [84]. This provides the model with information on the

scheduled travel times and directions of all scheduled trips near the trajectory.

• GTFS-RT ongoing trip features. GPS-based features for trips in the training data

that occurred prior to inference are included in the model using Equation 3.1. This

provides the model with most recent information on the traffic conditions experienced

by buses along the path at the time of inference.

Basic GPS and Data Cleaning

After data collection, some preprocessing steps were applied to each bus trip. A “trip” is

a single scheduled run of a route on any given day. To make predictions on sub-trip-length

trajectories, each observed trip is broken randomly into 2-5 shingles. “Shingle” is used to

describe a continuous unique chunk of a trip [16]. Then each point of each shingle is spatially

matched to its closest stop in the static timeschedule.

Next, coordinates were projected into a local CRS (coordinate reference system), and

calculate distance, mean speed and bearing between consecutive points in a shingle. Then

points were filtered having consecutive distances greater than five km, times greater than five

minutes and speeds outside the range of 0.2-35 m/s. The main purpose of this filtering is to

remove points that may have been recorded due to GPS multipathing or other sensor issues.

These filtering criteria are similar to the most relevant prior work (which used GTFS-RT data

as training and testing data for deep learning). Their filtering criteria were three km, five
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minutes, and 0.2-40 m/s [16]. DeepTTE (literature benchmark for a more complex model)

does not report any data cleaning or filtering steps [172]. However, their taxi trajectories

range from 11-128 points, spanning 2-50 km. [16] do not provide summary metrics for their

post-processed samples.

Following this initial filtering, the distance, mean speed and bearing are re-calculated

between consecutive points (note that these values have changed after the prior point filtering

step). After re-calculating these features, shingles containing points which still don’t meet

the filtering criteria are assumed to be due to an erroneous shingle rather than temporary

sensor issues. Filtering is completed by removing any shingles containing points that don’t

meet the prior filtering criteria. Last, 20% of the remaining data points are randomly dropped

from each shingle. This is done to ensure that points are not uniformly spaced in time, as is

often the case with regularly updated onboard sensors. This would allow the model to more

easily predict during training/testing than at inference. Approximately 60% of the original

points are retained after these preprocessing steps. Figure 3.1 summarizes the distribution

of key features in the filtered shingles.

GTFS and GTFS-RT Features

All points in each shingle are spatially joined with the nearest stop locations in the static

schedule corresponding to the day the data was collected. This provides the closest stop to

each point of each shingle. The scheduled arrival time at the last point is used to calculate

the scheduled travel time of the shingle. The distance to the closest stop is included as a

feature to provide the models with information on how precise the scheduled travel time

might be.

Features c are constructed which incorporate the speed, bearing, and observation age

of other nearby bus trips in the prediction for an inference trip (Equation 3.1). Similar to

the car forecast features used in some prior literature, this provides a realtime estimate of

road conditions during inference. The observation age is the number of seconds between the

nearby observation and the start of the inference trip. This is included since in some cases
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Figure 3.1: Distributions across shingle time and space. Point coordinates are shown relative

to city CBD (central business district).

the most recent observation takes place long prior to the inference trip.

To build these features, each bus network was broken into a square grid with cells i, j

having a resolution of 500 square meters. Then all training observations were sorted into

these cells by time and location. The n most recent observations are selected from the grid

cell celli,j containing each point in the inference trip S of length K.

Sk = celli,j =



feat1,1 feat1,2 ... feat1,c

feat2,1 ... ... ...

... ... ... ...

featn,1 ... ... featn,c


for k ∈ {1, 2, ..., K} (3.1)

These features are interpretable but may not capture all of the information the static
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schedule can provide. To attempt to improve on these hand-crafted features, embeddings

were included from the GTFS feeds. To create embedding features for the GTFS static

schedules the gtfs2vec method proposed by [84] was used. This approach trains an autoen-

coder to identify latent variables describing the spatial distribution of trip counts and stop

sequences in a GTFS feed.

The autoencoder is fit using MSE. The autoencoder is trained on static feeds from the

KCM and AtB networks, as well as feeds from 33 additional international bus networks using

the SRAI library detailed in [83]. This library also generates hexagonal regions using the

H3 library. Then the GTFS bounding box of each bus network is used to define the area to

create hexagonal regions for. The points in each shingle are then matched to the region they

fall within.

OSM Features

OSM data consist of geographical entities (nodes, ways, relations) covering the world. Each

of these entities can have any number of attributes in the form of key-value tags. These

data are submitted by volunteer users and are freely available. There are conventions but

no enforced standards in the OSM tagging format.

Prior work on spatial representation of OSM data for deep learning has identified the

most consistent tags and demonstrated their effectiveness in characterizing micro-regions

of urban areas. They accomplished this using the “hex2vec” embedding model [180]. The

hex2vec model is a modified spatial skip-gram fit with a negative sampling objective function.

This means that it is trained to maximize the similarity of adjacent regions and minimize

the similarity of randomly sampled non-adjacent regions. The dimensions used to measure

similarity are latent variables consisting of information in their OSM tags.

In this work the pre-trained hex2vec model is used to generate embeddings for OSM tag

data in each bus network. This captures information about the built environment along the

trajectory of each shingle in a set of latent variables. The same regions as those used for the

GTFS embedding features are used. Again points are matched to each shingle to the region



51

they fall within.

3.4.3 Models

All training, testing, hyperparameter tuning and model experiments used k-fold cross vali-

dation with five folds to ensure that the models did not overfit the training data and that

training reached stable solutions across runs. For each fold, models were trained on 80%

of the training data. Models were then tested on data from a separate set of dates. This

was done to ensure that no information from the testing dates was leaked when training the

models.

During model selection five neural network model architectures and two baselines were

tested on the first three months of data from the KCM and AtB networks:

• Average Hourly Speeds (AVG): Calculate the mean speed across all data during

each hour of the day. Use this speed combined with total sample distance to estimate

travel time.

• Feedforward (FF): A linear neural network [153]. Information about the shingle is

passed forward through the layers. For features that occur per-observation point in

a shingle (e.g., bearing) only the values from the first and last point are included as

features. This prevents the need for re-sampling every shingle to fixed length.

• Recurrent (GRU): A GRU (gated recurrent unit)-based neural network proposed by

[39]. Predictions are made per-point in a shingle and summed to get total travel time.

Information from prior points can be saved and influence future points as learned by

memory gates in the model. An LSTM-based recurrent model was also tested but no

significant improvements were observed.

• Convolutional (CONV): A 1D-convolutional neural network proposed by [112]. A

1D kernel is passed over consecutive points in a shingle. Predictions are made per-point
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in a shingle and summed to get total travel time. Feature information from prior and

future points can influence each point prediction.

• Transformer Encoder (TRSF): A transformer encoder neural network with self-

attention and feedforward layers proposed by [169]. Predictions are made per-point

in a shingle and summed to get total travel time. Each point in the shingle receives

a positional encoding, then a query-key-value approach allows feature values at each

point to attune differently to all other points.

• DeepTTE (DEEPTTE): A complex spatio-temporal neural network model, widely

cited in prior literature [171]. During training predictions are made both per-point and

per-shingle. During evaluation only the per-shingle estimates are used.

MAPE (mean absolute percentage error) was used to quantify model performance in

all experiments (Equation3.2). MAPE is the average of the absolute percentage difference

between actual y and predicted ŷ total travel times across all samples n in the test data. This

metric is commonly used in the related literature [16, 171]. It is favored for its interpretability

but can fail when actual travel times are zero. It measures error relative to the length of the

sample, which is valuable when comparing model errors across routes and networks.

MAPE =
1

n

n∑
i=1

∣∣∣∣y − ŷ

y

∣∣∣∣ (3.2)

DeepTTE (Deep Travel Time Estimation) was included as a benchmark. DeepTTE is

a flexible, multi-city tested spatiotemporal data mining benchmark [171]. It uses a CNN

(convolutional neural network) to extract spatial features from a trajectory, and feeds these

convolutions with concatenated attribute (e.g., time of day) embeddings to a LSTM layer

which models temporal dependence. During training, the outputs of the LSTM layer are

used to predict the travel times at each point in the trajectory. During inference, the out-

puts of the LSTM layer are fed into a self-attention layer and concatenated again with the
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attribute embeddings. A multi-task learning weight is used to balance the importance of the

predictions at individual points, and at the total trajectory.

These models were tested on the fourth month of data from each network (i.e., the model

trained on the KCM network was tested separately on the fourth month of data from the

KCM network, and from the AtB network). These models used only basic GPS trajectory

features. The recurrent GRU model had the best combined performance on each source and

target network without fine-tuning (Table 3.2).

Table 3.2: MAPE results for source and target cities.

Source City KCM AtB

Target City KCM AtB KCM AtB

Feedforward (FF) .23±.009 .44±.032 .70±.145 .27±.014

1D-Convolutional (CONV) .20±.017 .24±.013 .27±.037 .15±.029

DeepTTE (DEEPTTE) .14±.004 .28±.011 .31±.021 .11±.005

Transformer (TRSF) .21±.002 .26±.015 .24±.007 .17±.002

Recurrent (GRU) .18±.007 .22±.033 .26±.017 .12±.004

Models were also compared on the source city across other metrics such as RMSE (root

mean squared error) and MAE (Table 3.3). Out of the standard models, the GRU had

the best performance on the source network. The GRU model was selected for further

hyperparameter tuning and experiments.

Hyperparameter tuning was performed on the GRU model with random parameter search

and early stopping with a criterion of less than .001 MAPE improvement over three epochs.

This tuning was performed using only basic GPS trajectory features. The Adam optimizer

was used for all training [101]. Table 3.4 shows the range of tested hyperparameters, and

those selected for the final model.

All training, testing, hyperparameter tuning and experimental tasks were carried out on

a single NVIDIA 1660 Super GPU with 6GB of memory. The models were trained using
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Table 3.3: Other metric results for source cities.

Source City KCM AtB

Metric RMSE MAE RMSE MAE

Feedforward (FF) 17±.1 298±2 15±.1 213±2

1D-Convolutional (CONV) 10±.3 100±7 8±.7 70±11

DeepTTE (DEEPTTE) 10±.1 67±1 8±.1 47±2

Transformer (TRSF) 10±.1 102±1 9±.1 77±1

Recurrent (GRU) 10±.2 96±4 8±.1 58±1

Table 3.4: Hyperparameter testing.

Hyperparameter Range Tested

Batch Size 128, 256, 512, 1024

Dropout Rate .05, .10, .20, .40

Hidden Size 16, 32, 64, 128

Hidden Layers 1, 2, 3, 4

Adamα .0001, .001, .01, .10

Adamβ1 .90, .95, .99

Adamβ2 .90, .95, .99

version 2.2 of the PyTorch library.

3.4.4 Experimental Tasks

The first task for each model is to generalize within the bus network it was trained on (the

source network). This is tested by holding out all training data from five hand-selected

routes in the source network. The purpose of this test is to determine how well each model

can forecast travel times under proposed scheduling or route changes. The routes are chosen
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at random during each fold of the k-fold cross validation.

The second task is for the model to generalize outside of the source bus network. This

is tested by making predictions using the model trained on the source bus network on the

target bus network. For KCM this is AtB and vice-versa. The purpose of this test is to

determine how much information the model can generalize from the source network to the

target network. Model performance was compared against a model trained on all the data

collected from the target network.

Then an additional external generalization test was performed where each model is fine-

tuned on a small subset of data from the target bus network. For fine-tuning model training

was resumed for a short number of epochs with parameter weights from the existing pre-

trained model. This test is used to determine how much additional data is needed to improve

generalization performance to the same level as the model trained on all data from the target

bus network. This is repeated on 33 additional international bus networks (Appendix .2).

These networks were gathered from OpenMobilityData which indexes open transit data feeds

[138]. All agencies listed in the US, Canada, Europe or Australia with both a GTFS and

GTFS-RT feed were included. Feeds that required API keys were not included. For these

additional networks, only a small sample of data from the GTFS-RT feed was used.

The third task for each model is an ablation test of different data sources. To perform

the ablation, the model is tested with only GPS-based features and time embeddings. This

test is repeated after concatenating each of the data sources to those base features. This is

to test the benefit of incorporating specific open data sources on model generalizability and

draw conclusions on which features are highest priority for a generalizable model.

3.5 Results and Discussion

3.5.1 Internal Network Generalization

First the performance of the selected models on the source network was compared to a set

of holdout routes within the source network. Data from these holdout routes was not seen
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during training. Figure 3.2 compares the performance of each model on the holdout routes

from the source network.

Figure 3.2: Internal generalization performance of each model on its source city.

As expected model performance on the set of holdout routes for each network is generally

lower than those in the training data. However, despite having no information from these

routes the deep learning models outperform the simple hourly average model in all cases.

Between the deep learning approaches it was found that the simpler model performed better

on the holdout routes, while DeepTTE performed better on the full source network.

This may be due to the smaller size of the training dataset compared to the original pa-

per, in which the authors urge the usage of at least four million training samples to achieve

satisfactory performance (this study includes approximately three million for KCM, and 500

thousand for AtB after filtering) [171]. It may also be due to the simpler model overfit-

ting less on specific aspects of the non-holdout routes (DeepTTE has 10 times the GRU’s

parameters). This is supported by the hyperparameter tuning in which fewer parameters
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and higher dropout led to better generalization performance. This is also supported by the

higher variance in model performance for AtB, which had fewer training samples than KCM.

Regardless, both deep learning approaches can adequately model travel times for unseen

routes within the source network. A loss in performance of 1-20% MAPE can be expected

depending on the original quantity of training data and complexity of the model.

3.5.2 External Network Generalization

Next the performance of the selected models on the source network is compared to all routes

within the target network. This purpose of this test is to determine how much information the

model can generalize to an entirely different target network. 3.3 compares the performance

of each model on the target network.

Figure 3.3: External generalization performance of each model on its source and target cities.

On average, a performance drop of 10-20% MAPE occurs when drawing predictions on

a new city with no fine-tuning. The heuristic average model performs better on the AtB
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network, where average speeds are slightly slower (6.1m/s vs. 6.6 m/s) and have much less

variance (3.6m/s vs. 4.7m/s). The more complex models did not significantly outperform

the average speed model. In most cases this may not justify the use of more complex models.

Fine-tuning was then performed for 10 epochs with 100 samples from each target network.

This led to an average net reduction of 5-10% MAPE. This means that in places where GTFS-

RT data are available, a minimal collection effort can drastically improve generalization.

Again, results were split based on the network. The models trained on AtB consistently

improved by 2-6% MAPE. For the model trained on the larger network and greater initial

samples, the tuning actually had a larger impact. This effect was limited to the GRU model.

Along with the previous finding (Figure 3.3), this implies that the simpler GRU model is

more capable of tuning to new networks. In both cases, it is better to begin with the GRU

trained on the larger network. Without tuning the GRU has lower loss, and with tuning on

100 samples it has a greater response on the target network. On the other hand, DeepTTE

performs better when tested on either source network only (no tuning, no generalization).

Figure 3.4: External generalization improvements for each model tuned to the target city.
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To further explore the difference in model performance across cities, data from 33 addi-

tional bus networks was collected and tested with a model trained on the data from both

KCM and AtB on those networks. Figure 3.5 shows these results.

Figure 3.5: External generalization performance of each model on 33 different target cities.

There are diminishing returns from including more than 100 tuning samples. In this case

the initial model was trained on a large number of samples. The shift in performance from no

tuning 100 samples falls at approximately 5% MAPE. This corroborates the previous finding

for models trained on the KCM network and tuned using data from AtB (Figures 3.3 and

3.4). The implication of this finding is that an adequately large sample for an initial model

can be fine-tuned with as few as 100 additional samples from a target network to achieve

higher performance than a heuristic average. Overall performance after tuning varies by

10% MAPE across the different networks. This means that regardless of tuning there is

high variation in model performance depending on the characteristics of each individual bus

network.
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3.5.3 Feature Ablation

To perform the ablation, each model was first tested with only GPS-based features and time

embeddings. Then each additional data source was separately tested. Figure 3.5 compares

the performance of each model with additional features to those of the source network.

Table 3.5: Feature ablation results using GRU model.

Source City KCM AtB

Target City KCM AtB KCM AtB

GPS .18±.007 .22±.033 .26±.017 .12±.004

GPS+GTFS Embeddings .18±.010 .15±.020 .25±.015 .12±.004

GPS+OSM Embeddings .18±.007 .19±.030 .25±.013 .15±.027

GPS+Realtime Features .21±.012 .26±.050 .24±.009 .15±.030

GPS+Static Features .19±.006 .22±.034 .25±.020 .13±.019

First consider the models tested on each source network (outer columns of Table 3.5).

These results are for baseline models with no tuning. They show that none of the additional

features were able to significantly improve prediction in the source network over the baseline

GPS features. However, the inner columns (models tested on the opposite network) reveal

significant improvements for some models. On the smaller network, the OSM and GTFS

embeddings improved the external generalization of the model by up to 7%. On the larger

network, the finding was much less pronounced. MAPE improved by only 1-2%.

The implication of this finding is that it is worthwhile to train on the additional features

even if they don’t improve performance on the base network. When generalizing with no fine-

tuning data, OSM or GTFS embeddings can improve estimates to nearly the same level as a

baseline model. They may provide an additional source of information in the target network

to improve generalization estimates without fine-tuning, though this same information may

be provided by only the GPS data in the source network.
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Note that the GTFS embeddings contained latent variables built on the count and di-

rection of trips in a given region. In future work, the autoencoder used to find the GTFS

embeddings might be trained on input features that also relate to the scheduled trip times,

to improve inference related to travel time. Regardless, this was not the original goal of [84]

(the embeddings as designed and used here are for a task in classifying transit accessibility).

3.6 Conclusions

In this work, bus travel time forecasting models were tested on several feature sets and

generalization tasks. Many deep learning-based bus travel time forecast models rely on

closed source features (e.g., road traffic forecasts) or are tested on a very limited set of

routes/data from their respective transit network. To address this gap, five neural network

model architectures and one baseline heuristic were tested. All data was gathered from open

and standardized sources such as GTFS, GTFS-RT and OSM. Internal generalization was

tested (does a model generalize to unseen routes in the same system?) as well as external

generalization (does a model generalize to a different bus networks?). Model generalization

was improved through fine-tuning.

Our results suggest that deep learning methods generalize well within the source network.

Depending on the complexity of the model, and the size of the initial training dataset the

losses for holdout routes unseen in the training data were as little as 1% MAPE. When tested

on different cities, the models failed to significantly improve over heuristics. However, using as

few as 100 samples from the target network, the fine-tuned model improved by 5-10% MAPE.

Incorporating travel time features from a static schedule, or embeddings constructed on OSM

tags for the target network significantly improved model generalization. The improvements

were more pronounced when the source was a larger city with more initial training data,

though the relationships identified went both ways.

There are several implications of these results for practice. First, the internal generaliza-

tion tests demonstrate the viability of geospatial data mining for route- and trip-planning

purposes in the source network. Though training with 3-4 million samples gives better re-
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sults, a less complex model with fewer samples can still greatly outperform heuristics for this

use-case. Second, the external generalization tests reveal the need for fine-tuning in order to

generalize model forecasts to new networks. This means that when applying these methods

across bus networks, the target city must provide a GTFS-RT feed, or AVL data must be

requested on an individual basis. The quantity of data required is minimal (i.e., collectable

in less than a day for nearly any network). Third, the results of the ablation study show that

features of the built environment, existing schedule information, or road forecasts estimated

from GTFS-RT improve generalization to the target network. If using these data or methods

for cross-sectional analysis of bus networks, a GTFS feed from the target network can greatly

improve estimates, if GTFS is unavailable OSM data provides nearly similar improvements.

However, these additional data features only marginally improved performance on the source

network.

Though this work began to develop a generalizable model, there is still opportunity for

more internal and external network testing. For example, testing a more specific or varied

set of holdout routes including locations that have many or relatively few training samples,

or training on a larger dataset collected over several months from many different realtime

feeds. Improving the static schedule embeddings by incorporating travel time features may

also lead to model improvements. As the data size or number of systems increases, complex

models will likely begin to perform better, necessitating more creative combinations of the

architectures tested here.
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Chapter 4

EMPOWERING ELECTRIC BUS DEPLOYMENT WITH
STANDARDIZED TRANSIT DATA

4.1 Abstract

This study evaluates the accuracy vehicle energy consumption estimates built with GPS data

having low sampling frequencies as collected from standardized bus transit feeds. It applies

bus travel time forecast models to estimate trip-specific drive cycles for buses in any network

reporting standardized data. Validation with high sampling frequency data reveals challenges

for modeling vehicle drive cycles. A block-level energy model is then applied to a cross-

sectional analysis of 40 international bus networks to examine energy and power constraints

for implementing battery electric buses. Prior work on this topic has focused on aggregating

standardized bus GPS data directly to route segments. This study instead uses trained

models to infer speed profiles for routes and networks without pre-collected data. This allows

a much wider-reaching comparison of agency electrification needs. The sensitivity of energy

consumption estimates and blocking constraints is tested against key operational factors.

Conclusions are then drawn on the adequacy of standardized bus data for energy analysis,

and more practical findings related to electrification across agencies. Findings suggest that

the lost information in low sampling frequency feeds does not significantly impact energy

consumption estimates for battery electric buses. Current battery and charging technology

is capable of supporting initial rollouts on low-energy blocks, but incapable of supporting full

electrification. Furthermore, initial rollouts can often be entirely supported with unmanaged

depot charging. However to mitigate growing peak power costs and meet block energy needs,

it is essential for agencies to adopt managed charging strategies under a full electrification

scenario.
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4.2 Introduction

4.2.1 Motivation

Open source data and tools are useful for novel workflows that do not have industry estab-

lished toolsets. The collaborative development process that they encourage helps in sharing

knowledge for research-based tasks. For example, in electrification of bus networks. There

are several benefits to bus electrification. Foremost, it reduces operating costs for mainte-

nance and fuel [1]. This is a key benefit given the operations funding shortfalls currently

facing transit agencies [69]. From a GHG (greenhouse gas) emissions standpoint, electrifi-

cation of bus fleets is less important than personal vehicles, as they only account for 1.3%

of annual emissions [8]. However, diesel engines used in many fleets produce high concen-

trations of unhealthy CAP (criteria air pollutants) [19, 126]. Reducing noise pollution from

diesel buses also improves quality of life for residents residing near transit corridors, and

improves passenger experience riding transit [130, 104].

To realize these benefits there are risks. The capital investment to transition to electric

transit includes purchasing vehicles that are currently more expensive than diesel counter-

parts [1], though that is expected to change in the near future as battery manufacturing

improves and supply chains stabilize [109]. It also requires investment in charging infras-

tructure and facilities to maintain electric buses. There are also personnel costs for training

or hiring workers skilled in operating and maintaining electric buses. All told, there is a

significant capital expenditure to reach full fleet electrification, despite cost savings over the

life of each vehicle.

Thus, fleet electrification projects currently require federal funding to be cost-effective.

When funding through programs such as the Low or No Emission Vehicle Program [31, 32]

cover 80% of vehicle purchasing costs, BEBs have a lifecycle cost up to 23% lower than diesel

or compressed natural gas counterparts [154]. This contingency on federal funding has made

lessons learned from bus electrification projects isolated. This is further compounded by

the number of variables regarding vehicle operation, charging strategy and interaction with
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utilities’ power distribution infrastructure. There is simply very little real-world knowledge

on designing and operating BEB fleets relative to the variety of possible implementations.

As of 2023, only 2% of all bus transit was electric [79] and 44% of transit agencies could not

envision a path to full fleet electrification [79]. This creates an opportunity for open source,

generalizable bus fleet electrification planning tools that can be used by agencies to make

informed decisions on their transition to BEBs.

4.2.2 Outline of This Work

This study addresses agency uncertainties surrounding infrastructure needs for fleet electri-

fication. It first examines the accuracy of energy consumption estimates from low resolution

open data to a set of validation data collected with a phone and GNSS (global navigation

satellite system) receiver. It then applies the generative models developed in Chapter 3 to

estimate standardized route cycles built on GTFS-RT data. These use standardized bus

data sources such that the analysis is replicable for any agency or location, which is demon-

strated by extending the analysis to 40 bus networks. The sensitivity of energy consumption

estimates and design implications to key factors such as passenger load, temperature and

driver behavior are tested across all networks. Conclusions are then drawn on the adequacy

of tools built on open standardized transit data for predictive energy modeling and practical

findings for transit agencies transitioning to BEBs.

4.3 Literature Review

4.3.1 Battery Electric Bus Technology

The primary components introduced in a BEB system are batteries and chargers. Vehicle

chassis, maintenance equipment, and other components may be adapted to suit BEBs, but

do not largely inform the system design. The design aspects of the battery are available

capacity and maximum supported charging rate. The design aspects of the charger are

location, connection type, and maximum provided charging rate [1].
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BEB specific charger connection types include infrastructure-mounted cross rail, vehicle-

mounted pantograph, enclosed pin/socket, and wireless inductive connections [135, 136].

They also include plug-in connections used for light duty vehicles such as SAE J1772. Charg-

ing power ranges widely from 50-1,000 kW. Each connection type supports a range of charging

rates; cross rail and pantograph tend to offer the highest, with plug-in and inductive charging

generally providing slower charging speeds [136]. Generally, chargers must be connected to

the grid to provide the required power, though it is possible to have off-grid power storage

[123, 96]. Chargers may be located at the ends of routes or blocks, at individual bus stops,

or at a central depot. Different connection types offer advantages and disadvantages at each

type of location (e.g., plug-in charging is impractical at individual stops). Each of these

design parameters must be weighed against costs and charging strategy to determine the

optimal charging system design.

Battery capacity comes with a trade off to weight. Unlike with diesel fuel, a heavy weight

penalty is inflicted on energy consumption when carrying bigger batteries to support a larger

range. Thus, battery capacity in excess of route needs is a hindrance. Batteries may support

different charging rates, but higher rates generally lead to shorter battery lifetimes [179].

Extreme SOC (state of charge) and environmental conditions also affect lithium-ion battery

lifetimes. Faster charging rates support opportunistic charging, allowing for smaller batteries

to serve longer routes. Slower rates may work better with overnight depot charging. When

designing charging strategy and battery sizes, an important consideration is avoiding peak-

demand charging costs [1]. Battery design parameters must meet the needs of the route

based on selected charging strategy.

There are several key factors that affect bus battery consumption rate on-route. Low

ambient temperatures decrease energy efficiency and capacity of lithium-ion batteries, mani-

festing as decreased vehicle range [122]. High HVAC (heating, ventilation, and air condition-

ing) loads have a significant consumption impact. Stopping, idling and accelerating (e.g.,

at bus stops) can lead to inefficient engine operating zones, though more so for an internal

combustion motor than for an AC (alternating current) motor. Acceleration also generally
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consumes more energy than can be recovered via regenerative braking. Slower trips with

more idling consume more energy per mile due to the higher relative influence of auxiliary

loads. The topography of a bus route also affects the amount of energy required to run

the route (i.e., uphill routes require higher power and thus more energy to complete). The

passenger load onboard the bus also has interplay with these losses. An electric bus with

greater passenger loads will require more energy to travel uphill, but will also regain more

energy from regenerative braking [117]. Overall speed greatly influences energy consumption,

as more energy is lost to air and rolling resistances. These factors, along with heat loss and

other motor inefficiencies all contribute to the rate of energy consumption for a BEB.

The total consumed energy is then a combination of energy efficiency and power demand

over time, which can be measured using a vehicle drive cycle. The vehicle drive cycle or

operating profile is a map of velocity over time, which is representative of typical driving

conditions for a design vehicle. This provides an estimate of route energy consumption from

which one can begin to devise a charging strategy and fleet electrification plan. For bus

transit routes, an operating profile should be developed per-route [1] and include metrics

such as average route speed, worst case route speed, distance from depot to route start,

layover times, average grade, and average passenger load [1]. These metrics can be used to

estimate energy consumption for a given route, and to determine the optimal battery size

and charging strategy for a given route. As will be demonstrated in this work, these metrics

can be estimated per-trip using open source data and tools, and forecasted for new routes.

4.3.2 Modeling Power Consumption From GPS Data

There are many approaches to developing vehicle drive cycles. Foremost, there are stan-

dardized cycles for light duty vehicles as well as buses and other vehicles [7]. These are

collected using onboard vehicle speed sensors across a variety of driving styles and contexts.

Main criticisms of standardized drive cycles are that they over-generalize and do not closely

replicate real-world driving conditions or topography [37]. This is a particular challenge for

agencies switching to BEBs, as the characteristics of individual routes and even individual
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drivers may significantly impact the battery and charging design for the route and/or system.

Many drive cycles for buses (and general tests of vehicle performance) are collected at the

Altoona testing facility [95].

GPS data has been previously used to develop bus drive cycles and estimate vehicle

emissions under typical conditions for specific cities or regions [105, 108]. In these studies,

onboard collection is employed to gather large quantities of drive cycle data, which is then

classified according to typical times of day, route types (e.g., inter-city, within-city, peak/off

hour), driving behavior, and more [163, 145]. The exact classification criteria varies by study.

In some cases, it is combined with topography data from a DEM (digital elevation model)

to provide a better estimate of energy consumption across specific routes [9, 119]. In the

absence of real passenger loading data, probabilistic methods can also be used to estimate

vehicle loads during given trip segments [9].

There are fewer studies that use open data for bus drive cycle development. The main

challenge with using open data sources such as GTFS-RT for drive cycle development is that

they are relatively low resolution. This makes it more challenging to distinguish acceleration

and deceleration events in the drive cycle. Acceleration generally uses more energy than can

be recovered through regenerative braking. Thus low resolution data will tend to underesti-

mate energy consumption. Even AVL data is not as high of resolution as the onboard sensors

can provide. In one study AVL was found to provide energy estimates 80-90% as accurate

as those developed from onboard collected bus GPS data [2].

There is one prior work which used a combination of GTFS and GTFS-RT data to develop

system-wide electric bus drive cycles [178]. This study resampled the coordinates of static

route shapes, then map-matched collected speed observations from GTFS-RT data to said

coordinates. This gave estimates of the distribution of speed for vehicles traversing each

segment, similar to the analysis used in Chapter 2 of this dissertation. Their method was

calibrated against phone collected GPS data, and against a synthetic drive cycle generated

from pure GTFS with scheduled target speeds and probabilistic interactions with stops and

intersections. Their analysis spans two routes from the Victoria Regional Transit System.
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Estimating energy consumption from a given drive cycle depends on the vehicle’s physics-

based power consumption model. This is a function of the vehicle’s powertrain, which is a

combination of the engine, transmission, and other physical components. Given a speed

profile, sophisticated energy models such as NREL’s FASTSim (Future Automotive Systems

Technology Simulator) can be used to estimate energy consumption [27, 103]. However, [178]

used a slightly simpler physics-based model that was originally built as part of a different prior

work [68]. This model accounts for gravity, acceleration, air resistance, rolling resistance and

assumed static loads (e.g., HVAC) on the energy consumption. There is one other notable

study which developed a set of open source tools for estimating bus energy consumption

from GTFS data [51]. That work focused on applying standardized drive cycles to static

GTFS data and exploring system costs and component degradation over time. It is possibly

the best example of generalizable open software in this space, given that it can be applied

to any GTFS feed and is available as a python package.

4.3.3 Contribution of This Work

This study contributes to the field of tools for bus transit design and evaluation built on stan-

dardized open data. It does so by evaluating the energy estimates developed from forecasted

GTFS-RT drive cycles validated with phone and GNSS receiver data. This comparison sheds

light on the reliability and effectiveness of using standardized open data for predictive energy

modeling. It points to potential benefits and drawbacks of the GTFS-RT standard for energy

modeling.

This study also contributes to the field of bus transit electrification by applying gener-

alizable travel time models to construct data-informed drive cycles for new bus routes and

networks. Prior work in this area has focused on standard cycles for static feeds, or on

developing cycles for routes with pre-existing realtime data. By using generalizable models

to conduct analysis across 40 networks, this study provides cross-sectional insights on the

impact of key factors such as temperature, passenger load, and driver behavior on energy

consumption and design implications for transit agencies considering BEB adoption.
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These goals are stated in two research questions:

1. How accurately can bus energy consumption be predicted using a combination of 3D

route geometry and models trained on standardized open bus data? What are the

implications for findings on models built using open data?

2. How do blocking and charging constraints vary across agencies and with sensitivity to

key operational parameters? What are the implications for BEB technology growth?

4.4 Methods

4.4.1 Drive Cycle Energy Estimation

A bus drive cycle is a map of velocity over time which is representative of typical driving

conditions for a design route. A drive cycle can be combined with a vehicle energy model

to estimate the typical power profile and energy required to drive said design route. Fuel

consumption is driven by aerodynamic, rolling resistance, gravity and acceleration forces.

These forces, auxiliary loads and powertrain component efficiencies determine the total en-

ergy required for a design vehicle to carry out a specified drive cycle. Energy consumed can

be converted to fuel consumption and aggregated across routes to estimate network power

needs and environmental impacts.

The NREL (National Renewable Energy Laboratory) FASTSim model is a combined ve-

hicle and energy model. It is validated against the EPA (Environmental Protection Agency)-

tested fuel consumption values of 700 vehicles, falling within 5-10% in all cases [27]. Given a

design vehicle and drive cycle it can estimate power over time and total energy consumption

for the cycle. FASTSim has a built-in vehicle library with 62 vehicles. These include light-,

medium- and heavy-duty vehicles as well as a mix of ICEV (internal combustion engine

vehicle)s, PHEV (plug-in hybrid electric vehicle)s, HEV (hybrid electric vehicle)s and BEV

(battery electric vehicle)s. In this study only the FASTSim energy estimation framework is

used, but it can also estimate vehicle component lifetimes and total cost of ownership.
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One additional benefit of the FASTSim model is that it can estimate the impact of road

grade on energy consumption. Road grade plays an important role in the required force for

acceleration and in the amount of energy recovered by regenerative braking when deceler-

ating. The elevation data used in this study is collected from a combination of the USGS

3DEP (United States Geological Survey 3D Elevation Program) DEM (10m resolution),

the EU DEM (30m resolution) and the AW3D (ALOS World 3D) DEM (30m resolution)

[90, 75, 139]. The higher resolution USGS 3DEP is used as a first priority, with the others

filling in where it is unavailable.

4.4.2 BEB Vehicle Design Parameters

The design vehicle for this study was based on the 2022 New Flyer XE40 BEB. The FASTSim

vehicle library does not include any medium- or heavy-duty BEVs. Therefore the parameters

for the design vehicle were gathered from several sources. The first and highest priority

source was the Altoona bus testing report for the 2022 New Flyer XE40 [95]. For geometric

parameters not found in the report, the second source was heavy-duty diesel vehicles in

the FASTSim vehicle library. The last and lowest priority source were other BEVs in the

FASTSim library. These were used for parameters related to the engine map and drivetrain

component efficiencies. Table 4.1 shows each parameter, its source and the value used in the

model.

The MC (Motor Controller) parameters describe aspects of the AC motor used for propul-

sion. It is analogous to an ICE (internal combustion engine). The ESS (energy storage

system) is the onboard battery used to drive the AC motor. It is analogous to a fuel tank.

The bus has two axles with dual rear wheels giving six total wheels. The weight parameter

includes the curb weight of the vehicle with an additional 150 lbs for the driver and each

seated passenger (41 total). The auxiliary power includes heating at half-capacity and no air

conditioning (the same setup as used in the Altoona test cycle [95]). The motor efficiency

map (required by FASTSim) was also taken from the existing FASTSim BEVs.

The Altoona testing procedure includes measured energy consumption (at the ESS) from



72

Table 4.1: BEB Vehicle Parameters Used in FASTSim Based on 2022 New Flyer XE40

Vehicle Parameter Value Source

Drag Coefficient 0.60 FASTSim Class 8 Truck

Frontal Area 10.78 m2 Altoona Testing Report

Center of Gravity 0.53 m FASTSim Class 8 Truck

Drive Axle Weight 64 % Altoona Testing Report

Wheelbase 7.2 m Altoona Testing Report

Weight 18,230 kg Altoona Testing Report

MC Max Power 230 kW Altoona Testing Report

MC Time to Max Power 4 s FASTSim BEVs

ESS Max Power 1,000 kW FASTSim BEVs

ESS Max Energy 466 kWh Altoona Testing Report

ESS Round Trip Efficiency 0.97 FASTSim BEVs

Wheel Inertia 0.82 kg/m2 FASTSim Class 8 Truck

Number of Wheels 6 Altoona Testing Report

Wheel Rolling Resistance Coefficient 0.006 FASTSim Class 8 Truck

Wheel Radius 0.51 m FASTSim Class 8 Truck

Wheel Coefficient of Friction 0.70 FASTSim Class 8 Truck

Min State of Charge 10 % FASTSim BEVs

Max State of Charge 95 % FASTSim BEVs

Alternator Efficiency 100 % FASTSim BEVs

Auxiliary Power 10.2 kW Altoona Testing Report

Transmission Efficiency 98 % FASTSim BEVs

Max Braking Regeneration 98 % FASTSim BEVs

Time 0-60 MPH 60 s Altoona Testing Report



73

standardized drive cycles. The drive cycles included for the New Flyer XE40 were the EPA

HD UDDS (Heavy-Duty Urban Dynamometer Driving Schedule) cycle, the Manhattan Cycle

and the Orange County Bus Cycle. The tests were performed at seated weight with heat

at half-capacity and no air conditioning. These cycles were used to validate the energy

consumption of the bus parameters in Table 4.1. Table 4.2 shows the energy consumption

estimated by FASTSim of the BEB vehicle model on each of the standardized cycles.

Table 4.2: Design Vehicle Energy Consumption for Standardized BEB Drive Cycles

Drive Cycle Reported Consumption Modeled Consumption

Manhattan 2.75 kWh/mi 2.77 kWh/mi

Orange County 2.00 kWh/mi 2.18 kWh/mi

HD-UDDS 1.99 kWh/mi 1.98 kWh/mi

These results show that the BEB vehicle model is within 10% of the reported energy

consumption for each of the standardized drive cycles. It is within 1% of the reported energy

consumption for the Manhattan and HD-UDDS cycles.

4.4.3 Validating GTFS-RT Cycles with High Precision GNSS Receiver Data

One of the main challenges with using open standardized bus data for modeling energy

consumption is the low resolution of these data. Drive cycles are typically reported at one

Hz, whereas a GTFS-RT feed’s update frequency can vary depending on the bus network

and vehicle (typically 1/30 Hz). This study aims to address this challenge by collecting

one Hz phone and GNSS receiver data from onboard active bus trips. Using the vehicle ID

painted outside the vehicle, these high resolution data are matched to reported locations in

the low resolution GTFS-RT data. Using FASTSim, energy estimates from drive cycles built

on these data can be compared to those built on GTFS-RT data for the same trip.

Phone data from 12 trips between September 2022 and November 2022 were collected from

the KCM bus network. Phone data and GNSS receiver data were also collected from three
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trips on March 12, 2024. The phone data was collected using an Apple iPhone 11. The GNSS

receiver data was collected using an Emlid Reach RS2. Realtime kinematic corrections for

the GNSS receiver data were gathered through NTRIP from the WSRN (Washington State

Reference Network). The masking angle of the GNSS receiver was set to a 20◦ elevation

angle. Both the phone and GNSS receiver were mounted to a cradle (Figure 4.1) and carried

level at the center of the bus at approximately window-height.

Figure 4.1: Onboard validation data collection cradle for GNSS receiver and phone data.

4.4.4 Estimating Block Energy Consumption with GTFS and GTFS-RT

A basic GTFS feed describes a set of stop times and locations for all scheduled trips in

the bus network. A “trip” denotes a single run of a given route. Each trip is carried out

by a single vehicle. A “block” denotes a series of trips which are scheduled to be carried
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out consecutively on a given service day by a single vehicle. To estimate daily bus network

energy consumption, the energy consumed on all blocks is combined according to Equation

4.1.

DailyNetworkEnergy =
n∑

i=1

[(
m∑
j=1

Ĉijdij + TQpij + Plij + Clsij

)
+ Cl(Ui + Vi)

]
(4.1)

Q = (ti − To)avρc ·
3, 600s

1hr
· 1kW

3412BTU/hr
(4.2)

where:

• n is the number of blocks scheduled on the service date.

• m is the number of trips in block i.

• Ĉij is the estimated drive cycle energy consumption (kWh/mi) of trip j in block i.

• dij is the total distance (mi) of trip j in block i.

• T is the assumed door open/close time (hr).

• Q is the assumed door heat energy flux (kW ) from Equation 4.2 limited to the volume

of air in the cabin.

• pij is the number of stops on trip j in block i.

• P is the assumed auxiliary power (kW ) used during trip layovers.

• lij is the layover time (hr) between the end of trip j and the start of trip j + 1 in block

i.

• Cl is the assumed deadhead energy consumption (kWh/mi).
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• sij is the layover Manhattan distance (mi) between the end of trip j and the start of

trip j + 1 in block i.

• Ui is the Manhattan distance (mi) between the depot and the start of block i.

• Vi is the Manhattan distance (mi) between the depot and the end of block i.

and:

• ti is the temperature inside the bus cabin (65F ).

• To is the assumed temperature outside the bus (F ).

• a is the area of the bus door (32ft2).

• v is the wind speed through the door (0.5ft/s).

• ρ is the density of air at sea level (0.0765lb/ft3).

• c is the specific heat of air at sea level (0.241BTU/lb-F ).

Trip and layover distances and times can easily be calculated from scheduled stop loca-

tions and times in a GTFS feed. Depot locations are approximated using k-means clustering

of all block start locations. This minimizes the total block deadhead distance driven to the

start of all blocks. The baseline number of depots is based on the density of depots in the

KCM network. The KCM network contains seven depots covering 2,135 square miles, or

.003 depots per square mile [35, 55]. A minimum of one depot is imposed for all networks.

Since the driver may occupy the vehicle during layovers, the auxiliary power used between

trips is assumed to be the same as during trips (Table 4.1). The baseline energy consumption

used to travel between trips is assumed to be the FASTSim-estimated Manhattan drive cycle

energy consumption for the design vehicle (2.77 kWh/mi).
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The remaining challenge and focus of this study is to estimate Ĉ (i.e., the in-service

vehicle energy consumption in kWh/mi) on a trip-by-trip basis for any bus network. First,

an aggregation methodology proposed in prior work is tested on each route in the KCM

network [178]. This method breaks each route into 100 m uniform-distance segments then

aggregates observed speeds collected from a GTFS-RT feed to their nearest segment. The

speed profile is determined by the mean speed of the observations assigned to each segment.

Since the optional “shapes.txt” component is not available for all transit networks, the route

shape was determined by the stop locations.

This requires pre-collected GTFS-RT or AVL data to provide speeds for the routes and

times of interest. Using this same pre-collected data, travel time models can be developed

and used to predict speed profiles on new routes. This allows the analysis to be extended

to new bus networks without GTFS-RT feeds, or without archived data to aggregate. This

study applies the generalizable travel time models built in Chapter 3 to this task. Note that

The irreducible error in these models was found to range from 9-15%. An additional error

of 3-10% was incurred when generalizing to bus networks not in the original training set.

The travel time models were applied to the same 100 m uniform-distance trip segments

as used in the aggregation method. However, rather than aggregate GTFS-RT observations,

the models were used to infer segment-by-segment travel times for each trip in the target

GTFS feed. Using the static distances (100 m) and the inferred travel times, a drive cycle

of speed over time was created for every trip. The time of day embedding for each trip (an

input to the travel time models) was based on the initial stop time reported in the GTFS

feed. This makes the estimated drive cycles sensitive to varying traffic conditions. For both

drive cycle-construction methods, a Savitzky-Golay filter was applied to smooth the velocity

profile [178, 51, 16]. FASTSim was then used to calculate the estimated energy consumption

(Ĉ) for each drive cycle.
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4.4.5 Sensitivity Analysis

The energy consumption for all blocks in each of 40 international bus networks was estimated

using the predicted drive cycle method. A sensitivity analysis is performed on the assumed

parameters in Equations 4.1 and 4.2 (T , P , Cl, Ui, Vi, To) to determine the impact of various

operational treatments on BEB viability across these networks (Table 4.3).

Table 4.3: Sensitivity Parameters Affecting Block Energy Consumption

Treatment Baseline Tested Range Parameters Affected

Acc./Dec. Aggressiveness 1.00 [0.1, 5.0] Ĉij

Passenger Load 41 persons [1, 82] persons Ĉij

Auxiliary Power 20 kW [0, 40] kW Ĉij, P

Deadhead Consumption 2.77 kWh/mi [2, 5] kWh/mi Cl

Depot Density .003 n/sqmi [.001, .006] n/sqmi Ui, Vi

Door Open Time 30 s [10, 120] s T

Outside Temperature 46 F [20, 90] F To

Depot Plug Power 50 kW [50, 350] kW -

The sensitivity analysis is performed by varying each parameter in Table 4.3 by the range

specified. The energy consumption for all blocks in each network is then re-estimated using

the new parameter values. The results are then aggregated across all networks to determine

the impact of each parameter on energy consumption, and the viability of BEB technology

across all networks.

The acceleration/deceleration aggressiveness parameter is modeled by applying a weighted

moving average filter to the drive cycle which boosts or decreases the amplitude of the drive

cycle speeds. For each window, the difference of the signal from the window-mean (Syi) is

boosted by a scalar B (Equations 4.3 and 4.4). Figure 4.2 shows how different values of B

affect the drive cycle speed and overall magnitude of acceleration and deceleration events.
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ŷi = Syi ∗B (4.3)

Syi = (yi −
1

2w

i+w∑
i−w

yi) (4.4)

Figure 4.2: Boosting cycle deviations in speed creates higher peaks and greater-magnitude

acceleration/deceleration events. 10 mph/s gives a 0-60 time of six seconds, approximately

the same acceleration as a base Tesla Model 3.

Power consumption by the HVAC system due to door open time and outside temperature

parameters was modeled based on simple assumptions regarding airflow in/out of the cabin

and heat energy of that air at sea level [38] (Equation 4.2).

Charging needs are modeled using a simple, unmanaged depot-charging approach. At the

end of each block, the bus is assumed to return to the depot and charge at full available plug

power until the total consumed block energy is recharged. This approach does not account

for possible opportunity charging at stops or along the blocks. It does not account for the
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possibility of charging at a rate less than the plug power to minimize peak loads, or during

off-peak hours. It also does not account for possibly limited plug capacity at the depots, or

swapping low- and high-SOC vehicles to other blocks between service days. It is intended

only as a rough preliminary estimate of fleet charging needs, to inform more advanced and

potentially cost-saving strategies such as on-route or managed charging.

4.5 Results and Discussion

4.5.1 Energy Modeling with Open and Standardized Bus Data

Validation of GTFS-RT Energy Estimates with Phone and GNSS Receiver Data

To understand the accuracy of energy predictions built on low resolution GTFS-RT, data

were collected from a phone and GNSS receiver for three trips. These high resolution sources

were used to directly construct three validation drive cycles. Figures 4.3 and 4.4 show the

speed profiles of the phone and GNSS receiver location data. The speed profiles are calculated

based on the derivative of position reported from each data source. The three high resolution

drive cycles created for these trips were compared to drive cycles collected directly from the

realtime data for the exact same vehicles.

Without filtering, the phone and GNSS trajectories have rare but large GPS point errors

giving spikes of acceleration and deceleration. Applying a Savitsky-Golay filter to the phone

and realtime data reduces the RMSE between the phone and the realtime speed from 10.5

mph to 9.1 mph. Despite this relatively small improvement in signal RMSE (-13%), the

RMSE in energy consumption between the cycles improves significantly from 0.29 kWh/mi

to 0.07 kWh/mi (-76%). Given that standard drive cycles give consumption in the realm of

2.77 kWh/mi (as shown in Table 4.2), this is a relatively small error.

The agreement in cycle consumption is driven by several factors. Figure 4.5 shows the

large contribution of auxiliary power to the cycle’s overall energy consumption. Auxiliary

power is a fixed parameter of the design vehicle, making it the same for all cycle sources.

Due to the dominant role of auxiliary power in the overall energy consumption, the impact
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Figure 4.3: Several trips spanning the main KCM service area were captured using a phone

and GNSS receiver. Drive cycles built on these high resolution sources provided validation

for the realtime cycles.

of the cycle resolution differences is lessened. Note however that the aerodynamic drag and

rolling resistance forces are significantly higher in the phone/GNSS cycles than the realtime

cycle. This is particularly true in the last trip, which had the highest average and peak

speeds of the three trips. For higher speed trips, where drag and rolling resistance begin to

dominate the energy consumption, the differences in cycle resolution have a larger impact

on the overall consumption. This is especially true for trips with intermittent high speeds,

where the low resolution cycle completely misses high-speed events that greatly increase trip

energy consumption.

In addition to missing sporadic high-speed events, there are many acceleration and decel-
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Figure 4.4: Clipping speeds to physical limits and applying a Savitzky-Golay filter to the

phone and GNSS receiver data reduces the RMSE between the phone and GNSS by 2.3 mph,

and between the phone and the realtime by 1.4 mph.

eration events missed in the realtime cycles due to their lower temporal resolution. However

due to high maximum regenerative braking recovery for BEVs in FastSIM (98%) these are

less impactful on overall consumption than they would be in a real-world scenario. More

energy is typically spent accelerating than can be recovered decelerating with regenerative

braking. This drives greater energy losses in the phone and GNSS cycles where there are

more captured instances of acceleration and deceleration. For reference, reducing the maxi-

mum regenerative braking energy recovery to 0% increases the phone and realtime average

consumptions by 1.07 kWh/mi (64%) and 0.85 kWh/mi (52%) respectively.
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Figure 4.5: Net contribution of different BEB power consumption sources to total FASTSim-

modeled BEB energy use. Trips 2-3 have a net elevation loss.

Last, the ascent energy data reveal a challenge with using realtime data for elevation

analysis. Due to the lower resolution of the realtime trajectory, the interpolated path on

the DEM strays off path when the vehicle traveled quickly around a corner. The result is a

spike in elevation for the predicted drive cycle that was not experienced by the actual vehicle

(Figure 4.6). In theory, the elevation data used as input to FASTSim should be identical

for both cycles. This means that the power consumed in gaining elevation or regained from

regenerative braking should be nearly the same for both sources. However, the elevation
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spike from the low resolution creates discrepancies in the power required to drive the cycle

which contributes to error in net consumption.

Figure 4.6: Validation Trip 3 trajectory and elevation profile for phone and realtime data

sources. In the second half of the trip (as the vehicle approaches sea-level) the low resolution

realtime data create an error in the elevation profile.

Comparison to Direct Aggregation of GTFS-RT

One validation method was tested for constructing drive cycles directly from GTFS-RT data.

The validation method aggregated observed speed data from the GTFS-RT feed to a set of

uniform-distance points according to prior work [178]. This was compared to the method

using a generalizable travel time model to predict speeds between uniform-distance points.

All drive cycles were smoothed using the Savitzky-Golay filter. Figure 4.7 shows the resulting

drive cycles from applying these methods to three random trips from the KCM feed. The
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aggregation method uses data collected from the GTFS-RT feed for March 2024.

Figure 4.7: Sample of three trip drive cycles modeled using aggregation and prediction

methods and smoothed using a Savitsky-Golay filter. The predicted method is less accurate

on trips with sporadic high speeds. The RMSE for all trips in the feed is 0.23 kWh/mi.

The aggregation method approximates the most likely drive cycle of all buses traversing a

route. The prediction method attempts to forecast a drive cycle based on all prior information

from trips in the network. While the approximate speeds are similar, the prediction method

tends to underestimate the amplitude of acceleration events compared to the aggregated

profile (shown in cycles 3-4), especially when that acceleration occurs sporadically. This

may be due to the training data missing acceleration and short term high speed events.

Across all trips in the KCM network, the average RMSE of the aggregated and predicted
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cycles is 0.33 kWh/mi. This means that there is a small loss in precision by using predicted

models rather than directly aggregating the GTFS-RT data, as would be expected from the

results in Chapter 3. However, the benefit of using the travel time model is the ability to

infer drive cycles for trips and networks without prior data.

Implications on Using the GTFS-RT Standard for Energy Modeling

The results demonstrate that drive cycles built on GTFS-RT tend to slightly underesti-

mate energy consumption. This is driven by missed acceleration events that create higher

aerodynamic and rolling resistance forces. The validation trajectories built on phone/GNSS

receiver sources found a difference in estimated consumption of 0.29 kWh/mi compared to

the realtime data. This was reduced to 0.07 kWh/mi by applying a Savitsky-Golay filter to

both sources.

In this case, the relatively low error was accomplished due to the regenerative braking

recovery, auxiliary power and (usually) identical elevation profiles of each source. At times,

the low resolution of the realtime data led to differing elevation profiles. High contribution

of auxiliary loads to trip energy consumption made drive cycle inaccuracies less impactful,

especially for slow trips. If the same methodology were applied to non-BEB drive cycles, the

lack of regenerative braking recovery would lead to greater power required for acceleration,

and a larger discrepancy in consumption estimates. With a high resolution GTFS-RT feed,

the discrepancy in consumption estimates would be reduced.

The GTFS-RT standard also uses low resolution ridership data (e.g., low, medium or high

crowding) [81]. In the next section, differences in weight due to passenger load are shown to

have an effect on energy consumption and block electrification viability. With more precise

ridership data, the energy consumption of each block could be more accurately estimated.

Higher resolution ridership data may also enable better estimates of door open/close times

and auxiliary loads, which are also shown to have a significant impact on energy consumption.

Last, the optional block ID parameter in the GTFS standard limits the trip-by-trip analysis

for some networks.
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4.5.2 Cross-Sectional Sensitivity Analysis

Modeling Baseline Blocking Constraints with KCM Network

Network-wide predicted bus drive cycles were used to model total energy needs for any given

transit network. To validate these findings, data from existing BEBs in the KCM network

for the month of December 2023 were used. The energy consumption of each block (Ĉij)

was first estimated using the predicted drive cycles and FASTSim, then applied to Equation

4.1. The total energy and distance of each block including deadhead give a mean block

consumption of 3.14 kWh/mi (Figure 4.8).

Figure 4.8: Predicted block consumption for the KCM network on a Wednesday in December

2023. Block consumption includes both in-service and out-of-service energy use as described

in Equation 4.1.

Total block energy requirements impose constraints on the blocks which can be electrified

without opportunity charging. Figure 4.9 shows the distribution of total block energy con-

sumption for the KCM network. The battery capacity of the design vehicle (466 kWh) was

used to determine the number of blocks that could be feasibly completed on a single charge.

Under baseline assumptions, this was around 80% of blocks in the KCM network. The re-
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maining 20% of blocks would require additional charging on-route, or larger BEB ranges.

This is with new batteries; over the service life of the design vehicle (12 years) the number

of blocks capable of being served would decrease. This might be addressed by rolling fleet

replacements placing newer BEBs on the most energy-consuming blocks, as roughly 40% of

blocks could still be covered by older vehicles with as low as half of the new battery capacity.

Figure 4.9: Predicted net block energy needs for the KCM network on a Wednesday in

December 2023. The design vehicle battery capacity (466 kWh) was used to determine

which blocks could feasibly be completed on a single charge.

The predicted block energy consumption was validated with reported block energy con-

sumption for existing BEBs in the KCM network. Figure 4.10 shows the breakdown of

energy consumption reported for the month of December 2023. The actual reported average

daily energy consumption across the month for each block was matched to blocks from the

modeled energy consumption. The error bars show the standard deviation of actual energy

consumption for the various days reported for each block. The right plot shows the same

data, but with trip-level consumption values Ĉij and Cl scaled by 1.25. This factor is based

on the ratio of average block energy for the energy model in this work (which is based on

Altoona testing conditions) with a model prepared by Parametrix specifically for KCM [127].
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This scalar is shown for illustrative purposes and was not used in any other results.

Figure 4.10: Modeled and actual BEB consumption on blocks in the KCM network (only

electrified blocks having data are shown). The prediction method underestimates block

energy needs. This is in part due to the design vehicle being based on Altoona testing

conditions and simplifying assumptions regarding depot locations and routing. Data were

collected from the KCM network during the month of December 2023.

From a modeling standpoint there may be other contributing factors to underestimating

net energy. There is the assumption in clustering depots that they minimize distance to

block starts, and the approximation of deadhead distance with Manhattan distance. In

reality there may be longer routing to maneuver the various lakes, bridges and bottlenecks

in the KCM system. The actual deadhead energy consumption rate may also be higher

than estimated in the standard Manhattan cycle. Each of these would manifest as a lower

modeled driving energy consumption compared to real-world values.

Under simple charging strategy assumptions the approximate power needs of the KCM

network were also estimated. Figure 4.11 shows the number of active vehicles scheduled in

the KCM GTFS, and the power demand of all charging vehicles per 15-minute period of

the day. All vehicles were assumed to be electrified and charge immediately at baseline plug



90

power until fully recharged when they return to their assigned depots.

Figure 4.11: Active vehicles in the KCM network peak near 10AM and 5PM, with a large

number of vehicles returning to depots after the PM peak. Higher baseline charging increases

the peak demand and shifts it to match vehicle arrival times.

Assumptions of unmanaged charging lead to high overnight peak demand due to the large

number of vehicles returning to depots after the PM peak. The peak power demand is about

31.6 MW, and occurs near midnight. As higher plug power is assumed, the peak would

become higher and coincide more and more closely with PM peak vehicles arriving at the

depot (a generally more expensive time of day). This is in direct tension with daily pullout

needs of the fleet: With unmanaged charging and a 50 kW plug power, only about 75% of

scheduled vehicles would be recharged by their pullout time. In order to electrify 95% of the

fleet with unmanaged charging and meet daily pullout needs, a minimum plug power of 470

kW would be needed. This is on the upper range of available charger capacities, and many

existing depots may not have the infrastructure to support this level of charging. This high
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upper tail is driven by long-duration blocks with relatively short scheduled down-times at

the depot before departing.

Another way of framing charging needs is to divide the total network energy among the

number of vehicle-hours available for charging at the depot. This more closely approximates

the average power demand of the fleet under a scenario where managed charging is available.

For KCM this is 21 kW per vehicle charging at the depot. In this case, the power curve

would track the count of inactive vehicles in Figure 4.11. The peak power would occur when

the most vehicles are at the base (i.e., still midnight) and would be about 23.7 MW. This

significant reduction in peak power demand would require a more complex charging strategy,

but would also reduce the overall cost of electrification by through lower peak power demand

costs. Depending on electricity time of use rates, the greater mid-day consumption may

reduce or increase costs.

The implication of these findings is that from an operational standpoint, many blocks

can be quickly and easily electrified with no managed charging, no vehicle block swapping

and no on-route charging. As a BEB fleet grows, the peak charging power required to meet

all block pullouts would increase rapidly, at which point managed charging strategies could

be deployed to reduce peak power demand. The tradeoff between the costs of administering

a managed charging strategy and the costs of peak power demand is a key consideration for

transit agencies looking to electrify their fleets.

A sensitivity analysis was performed to determine the impact of operational parameters

on block energy consumption and charging needs. The results are shown in Figures 4.12 and

4.13.

Auxiliary power has a strong effect on the energy consumption of BEBs in the fleet.

Depending on the level of utilization it can lead to a difference of up to 3.0 kWh/mi. This

level of uncertainty is highly undesirable for fleet electrification, as it can increase the energy

required to run a block by up to 50% (Figure 4.13). If underestimated, this could lead to

stranded BEBs or missed pullouts due to insufficient charging capacity. As shown in Figure

4.12 much of the impact from auxiliary load is captured in the energy consumption estimates
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Figure 4.12: Sensitivity of block (Equation 4.1) and in-service (Ĉij) consumption to various

operational parameters. Auxiliary loads manifest in the trip consumption and strongly affect

overall block consumption.

for in-service trip driving (Ĉij). This indicates that reducing deadhead auxiliary use (P ) may

not have a large impact on net consumption (i.e., the layover times lij are not large for most

trips).

Other parameters affecting the in-service trip consumption have a minimal effect. The

implication of this is that one of the best ways to operationally reduce energy consumption

for BEBs is to coach drivers to reduce HVAC usage, rather than driving habits. Figure

4.12 also shows that routes with high passenger loads are just as viable for electrification as

others, as the increased weight generally doesn’t impact consumption. This does not account

for relationships with the number of passengers, outside temperature, HVAC usage and more

that could be modeled with a complex heat transfer model.

Despite high uncertainty, Figure 4.13 shows that even under worst-case scenario for aux-
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Figure 4.13: Even under worst case loads, 10% of blocks could be electrified with existing

BEB technology. Current capacities are not sufficient for full fleet electrification.

iliary loads 10% of blocks could be electrified with a usable battery capacity of only 120

kWh. This is well within the capabilities of the BEB market today. However, to meet a full

(95%) electrification scenario, many of the tested parameters would push blocks outside of

that capable range. To meet fleet electrification goals KCM would need BEBs with higher

ranges or diesel heaters and other operational treatments to offset auxiliary loads.
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Cross-Sectional Results for International Networks

For a more complete picture of agency needs regarding fleet electrification, the energy mod-

eling and sensitivity frameworks were extended to GTFS and GTFS-RT feeds from 40 inter-

national bus networks (Appendix .2). For each network, key technological requirements for

fleet electrification were determined. These included the minimum battery capacity needed

to meet 10/95% of block energy needs, and the minimum plug powers needed to meet similar

block pullouts. These results examine how the constraints to fleet electrification vary across

different networks, and how aspects of the network can affect these constraints.

First, nearly every agency in the study could electrify 10% of their blocks with unmanaged

depot charging. Figure 4.14 shows the battery capacity required to electrify 10/95% of each

agency’s fleet. The ranges shown represent the range of auxiliary loads. Note that the GTFS

standard lists “block id” as an optional parameter. For agencies not reporting block IDs,

each trip was considered a block. This will underestimate the net required energy for each

vehicle in that network, and overestimate the amount of time available at the depot for

charging.

To achieve full BEB fleet electrification with the design vehicle for this study (466 kWh

battery capacity), every agency listing block IDs would need to operate at the lowest end

of auxiliary power. This assumes baselines for other parameters such as temperature, driver

acceleration behavior and passenger load which could further reduce the margin of error.

Based on these findings, the current BEB market is inadequate for full fleet electrification.

Many agencies are challenged with 2030 zero-emission goals which based on these results may

be impossible without re-routes or other large operational changes. The difference in block

energy use between agencies is largely driven by block distances and times. No relationship

was found between block distance/time and the rate of energy consumption for that block.

Unmanaged charging is the simplest and most affordable strategy from an implementation

standpoint. It does not require equipment or personnel outside of chargers. For an initial

fleet rollout, very low charger power can be used. Figure 4.15 shows the range of charger
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Figure 4.14: Nearly all agencies could electrify 10% of blocks with unmanaged depot charging,

even under worst case auxiliary loads. Note that agencies not reporting block IDs are assigned

one block per trip.

powers required to meet 10%. These blocks do not necessarily align with those electrified in

Figure 4.14, but higher-energy blocks are mostly the result of longer distances and durations

(as opposed to inefficiencies from traffic, etc.). These also lead to higher plug power due

to higher energy needs and less depot charging time available. For full fleet electrification,

the power required to meet block pullout becomes excessively high along with peak demand.
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There is no choice but to transition to managed charging.

Figure 4.15: Nearly all agencies could meet pullouts for 10% of blocks with unmanaged depot

charging, even under worst case auxiliary loads. Note that agencies not reporting block IDs

are assigned one block per trip. Some agencies report block turnaround times of only a few

minutes. This leads to extraordinarily high charging requirements. The range of reasonable

plug powers covering most agencies is shown.

The ideal charging management strategy charges vehicles as slowly as possible, while

still meeting block energy pullout needs. To approximate the average power demand from
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a managed charging strategy, the total energy of the network is divided by the number of

vehicle-hours available for charging at the depot. This assumes a lower-bound best case

scenario for charging power where all vehicle pullouts can be met by swapping vehicles

between blocks.

One strategy to reduce individual block energy needs and peak demands is to run more

vehicles with shorter blocks. Figure 4.16 shows the relationship between the average block

distance and average managed charging rate (per-inactive vehicle) in the study networks (a

similar relationship holds for average block duration and charging rate). The average block

distance is a function of deadheading and scheduled trip distances. The average charge rate

is a function of the energy consumed by the full network and the duration of the blocks.

When block distance is high, vehicles consume more energy. When block duration is high,

vehicles have less time to charge at the depot. These compounding factors create high plug

powers at the depot.

Therefore, as shown in Figure 4.16, average and peak power can be greatly reduced by

agencies running shorter blocks. This may be accomplished by splitting blocks and running

more BEBs (or swapping BEBs between blocks). This decision would have to be weighed

against costs for implementing block swapping or purchasing additional vehicles. Given that

BEBs typically have high capital and low operating costs, the extra vehicles may not justify

the power savings.
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Figure 4.16: Decreasing block distance through block splitting or re-routing can greatly

reduce average and peak power demands. Vehicles spend more time at the depot and can

charge more slowly under a managed scenario. This comes at a tradeoff to operating more

vehicles and having greater deadhead miles. Note that agencies not reporting block IDs are

assigned one block per trip.
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Implications on Viability BEB Fleet Electrification

The results demonstrate that for all transit agencies in the study, even under highly conser-

vative estimates of auxiliary power loads most networks can support 10% block electrification

with little to no managed charging. This makes BEB pilot projects relatively straightfor-

ward, but not necessarily cost effective. To evaluate the costs for a full fleet transition the

capital and operational costs of the pilot BEBs would have to be weighed against potential

federal funding, future BEB technology, and the specific needs of the network.

To support full electrification, BEB capacities of at least 500-1000 kWh are needed. This

can be reduced through operational approaches such as driver acceleration and limiting door

open time. However, by far the greatest source of uncertainty remains the auxiliary load.

As a greater proportion of the fleet is electrified, peak demand and charger power to meet

block pullouts will necessitate managed charging. Under best-case scenarios for managed

charging, plug power as low as 30 kW may be possible.

To meet net-zero goals, vehicle battery capacities will need to improve significantly. Cur-

rent charger powers may be sufficient to meet full-electrification goals with adequate plugs

and managed charging strategies. Purchasing additional BEBs to run the same quantity of

service miles would greatly reduce average block distance and thus average and peak charging

power. Running these shorter blocks with lower capacity buses could also decrease consump-

tion and total energy needs by using lighter vehicles with smaller batteries. Ultimately, the

cost of these strategies must be weighed carefully against their benefits if transitioning to a

fully electric fleet.

4.6 Conclusions

This work proposed a new method for developing BEB drive cycles specific to any transit

network and demonstrated that method on a fleet electrification study of 40 international bus

networks. The core data came from GTFS and GTFS-RT which are standardized formats

that can be readily collected for most transit networks. The study evaluated the shortcomings
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of the GTFS-RT data format for constructing drive cycles and the implications of using the

standard for energy analysis. It also evaluated the sensitivity of network energy consumption

and charging needs related to key operational parameters. Drive cycle findings were validated

against individually-collected phone and GNSS receiver recordings onboard KCM buses.

Network energy findings were validated against reported consumption for existing KCM

BEBs.

The results show that the GTFS-RT standard is a useful tool for constructing drive cycles,

but that the low resolution of the data can lead to underestimation of energy consumption

by 0.03 to 0.25 kWh/mi (depending on the amount of post-processing for the validation

and GTFS-RT data). This is especially true for cycles with sporadic acceleration events

characteristic of urban bus routes. Routes where low speeds and large elevation changes

control BEB power consumption lead to estimates on the more accurate side of this range.

Also, GTFS-RT uses low resolution ridership data which can be used to model weight from

passenger loads. Passenger load effects on consumption were evaluated through sensitivity

rather than reported GTFS-RT values. However they were found to potentially impact

average block consumption by up to 0.20 kWh/mi.

Results from the cross-sectional agency analysis revealed that with current technology,

most agencies can electrify 10% of their blocks. This assumes completely unmanaged depot

charging; the simplest operational strategy for BEB charging. As the proportion of blocks to

be electrified grows, usable energy capacity becomes the main limiting factor. Capacities of

500-1000 kWh for the given design vehicle would be needed to electrify all blocks; these are on

the upper limit of the market today. To meet block pullouts under increasing electrification,

managed charging is essential. Under perfect efficiency, most agencies incur an average power

demand of 30 kW per-vehicle at the depot. The compounded relationship between average

power demand and average block distance means that more vehicles serving the same number

of service miles may be a viable way to reduce peak and average power demand. Future work

might examine the costs of this tradeoff in greater detail.

Limitations of the study were assumptions regarding depot locations, deadhead distances
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and charging strategies. In future work, more precise locations and routing decisions for dead-

head trips could be modeled to improve energy consumption estimates. Managed charging

strategies, including on-route opportunity charging could greatly reduce the BEB capacity

needed to meet block pullout needs. They may also reduce peak power demands and required

depot charging power. Ultimately, block energy consumption as calculated in this study

could be used as a constraint in blocking and scheduling optimization software. However it

is unlikely to be sufficient on its own to fully inform a fleet electrification strategy. Future

work could include a more detailed analysis of the cost implications of different charging

strategies, and the impact of different operational parameters on the total cost of ownership

of a BEB fleet.
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Chapter 5

CONCLUSIONS

5.1 Summary

Tools for planning and analyzing the operations of bus transit systems are primarily licensed

and closed source. This can limit their applicability to research and precipitates home-

grown solutions unique to individual systems. Open and standardized bus data are readily

available to support these analyses, but they come with some caveats to precision. Much

prior work has demonstrated the value of these data in providing customer-facing utilities

such as realtime arrival information. However few have applied them to agency planning or

operations analyses. This work strived to address this gap by exploring open source data

solutions and their limitations for bus transit operational analyses.

First, the segment delay analysis in Chapter 2 provided a system-wide tool for visualiz-

ing bus delays aggregated to segments. For system-wide operations analysis, there are many

closed source tools available. For example Tripspark, PTV, Remix and Transloc offer com-

prehensive dashboards which track realtime performance metrics [168, 85, 170, 165]. These

tools also include varying levels of integration with sensor collection hardware, routing al-

gorithms and scheduling. Some open source tools such as Pantograph and geOps visualize

realtime measured or scheduled vehicle movements but do not offer analysis of the opera-

tions or historic information [17, 59]. This study used GTFS-RT to identify locations in the

network where targeted transit priority treatments could generate the greatest benefit. It

found that one of the key challenges with open realtime bus data which is their relatively low

temporal resolution. Aggregating observations from many trips and routes revealed network

characteristics, but delays to individual trips were lost in the realtime feeds. In practice, this

makes realtime feeds a useful reporting and comparison tool for aggregate performance met-
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rics (e.g., freeflow travel times, route-level average delays). However they lack the precision

required for analysis of specific vehicles (e.g., stop times, causes of the delays for individual

bus trips).

The generalizable travel time modeling in Chapter 3 tested methods for forecasting bus

travel times across networks, on new routes and with varying levels of data availability. It

used a geospatial data mining approach to capture aggregate information from a large dataset

of bus trajectories and attempt to draw predictions for vehicles on specific routes and trips.

Bus travel time prediction is well explored in both open and closed source tools. For example

closed source tools such as Tripspark and Transloc use short-horizon travel time prediction

to provide realtime arrival information [168, 165]. However when reviewing the literature in

Chapter 3, very few open source models were found capable of forecasting across networks.

Most were tested on a handful of routes from a single network, or even only a few trips.

This study found that with only a handful of fine-tuning samples from a target network, a

bus travel time model trained on copious data from a source network can generalize with

performance nearly as good as a model trained on the target. It also demonstrated how

the model can be used as a planning tool for routes in the source network with no prior

data, by mining information from other nearby bus trips. While impractical for agencies,

this approach to travel time forecasting offers benefits to researchers and planners who often

seek to quickly and easily draw comparisons across many transit networks.

Last, there are analyses outside of existing closed and open source toolsets that require

agencies to contract solutions or perform in-house research. These benefit immensely from

open source data and code such that agencies can collaborate and benefit from other’s

findings. The energy drive cycle analysis constructed on open data standards in Chapter 4

builds on prior literature in analyzing the energy demand of electric buses. Prior work in

this topic focused on aggregating historic realtime data to static route segments [178, 51, 68].

This work constructed predictive models based on the historic realtime data to generate drive

cycles for new segments and networks. Based on findings from Chapters 2 and 3 related to

challenges with non-aggregated GTFS-RT data, it examined the accuracy of low resolution
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realtime data in modeling energy demands with a manually collected high resolution baseline.

It then tested a model for network-wide block energy consumption with real world data from

the KCM network, and extended the model to a cross sectional agency analysis. It found that

the limitations of the open data standard had a relatively minor impact on network energy

calculations. A cross-sectional analysis of energy consumption across agencies identified some

of the greatest barriers to BEB adoption.

All together, these findings point to 1) The viability of open and standardized transit

data sources in supporting operational analyses for both agencies and researchers and 2) The

potential benefits of increasing the level of detail and required variables reported in these

standards.

5.2 Limitations

The three studies in this work were targeted to specific tasks whereas most transit operations

and planning software offer a suite of tools. Evaluating the ability of open bus data to fully

replace more detailed ITS data collected by agencies would require applying and comparing

these tools side-by-side. Ultimately, this limits the applicability of these findings. The

true benefit of these open data is in examining metrics across many networks, which falls

mostly in the realm of research and planning. Individual transit agencies may look to others

as benchmarks, but still benefit greatly from the detailed monitoring and analysis systems

built on their high resolution ITS data. In future work, more detailed analyses such as

anomaly detection, stop performance, re-route design, scheduling and more could be built

on the limitations of open standards, then compared to state of the art tools.

This work did not cover the SIRI and NeTEx standards in detail. Conceptually they

are similar to GTFS-RT and GTFS, but with slightly different goals, parameters and data

format. Extending this work to SIRI and NeTEx would offer a greater pool of cities with

static and realtime data for the analyses in Chapters 3 and 4. Building generalizable tools

for both standards may also help bridge the gap between them. Furthermore, some of the

criticism leveled at GTFS-RT and GTFS feeds centers around lack of conformance to the
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standard. A more comprehensive comparison of adherence across both sets of standards may

reveal potential improvements for either side.

There are also some limitations specific to each study. The analyses of transit performance

metrics in Chapter 2 were relatively simplistic. They did not include stop performance or

attempt to model the effects of targeted infrastructure improvements on performance. The

travel time models used for Chapter 3 did not include map-matching for the training data,

which may have reduced their accuracy in some cases. Pairing trips to the road network may

have also supported more detailed tagging features from OSM, rather than relying on em-

beddings. Many assumptions were made to support the general energy analysis in Chapter

4, but most critical was the lack of managed charging, plug configurations or other charg-

ing strategies to lower peak energy demands. In a realistic scenario, the cost-savings from

optimizing opportunity charging, managed depot charging and plug configurations likely

outweighs the cost of their implementations. More realtime data could have been collected,

and the precision of the GPS measurements could have been validated with respect to the

urban environment (e.g., does the loss of precision in urban canyons lead to systematic er-

rors in the drive cycle energy?). A variety of design vehicles could also have been tested to

establish whether the current BEB market meets the blocking needs of agencies. Heat losses

and auxiliary loads also could have been modeled in greater detail, given their large impact

on trip energy consumption.

5.3 Future Work

Several interesting avenues for future research arose in the completion of this work. First,

calibrating the energy models (which used predicted travel times) involved careful tuning

of BEB design vehicle parameters and post-processing of the drive cycles. Ultimately, the

travel time model was essentially used as a proxy for most-likely energy consumption on

a trajectory. In future work, one might train a forecast model directly on the estimated

energy consumption. This would require collection of many drive cycles to use as training

data. RoutE (Route Energy Prediction Model) is an NREL tool which attempts to solve
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this problem. Second, this work focused only on required components of the GTFS-RT

standard. Optional components such as measured speed and passenger loads are available in

some feeds. With these features, more complex analyses could be built which better estimate

energy consumption. Last, one of the key benefits of the models tested in Chapter 3 was the

ability to generalize predictions to new routes within the source network without any training

data. This could be used to develop energy-efficient re-routes, or to more precisely model

deadhead energy consumption between depots and trips for the energy models in Chapter 4.
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