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ABSTRACT

Good travel time estimates are important for transit agencies and passengers. Since travel time is
a function of distance and speed, it is possible to use both as inputs in most scheduling software,
since the distances are fixed in fixed-route services. However, most literature focuses on travel
times, and travel speeds are typically used to plan infrastructures or evaluate operated services.
There is a lack of comparison between these two measures and models at various analysis levels.
In this paper, we try to compare travel times and travel speeds using different models at inter-stop,
stop-to-stop, timepoint-to-timepoint, and service pattern levels. Then, we test these models using
two typical scenarios in transit planning, new routes and new service hours.

The results show travel time and speed models perform similarly for new service hour
scenarios, with the time models performing slightly better. However, speed models tend to perform
better for new route scenarios. Both models perform better at more aggregated levels, such as
the timepoint-to-timepoint level. For lower levels, both models perform better at inter-stop level
than stop-to-stop level, emphasizing the need to include more detailed data to improve the models.
Errors calculated from travel speed models are slightly more biased than travel time ones. However,
the relative errors from travel time models are larger than the speed models on shorter segments
or faster segments. Since each error measure provides different views of the modelling results,
we conclude that planners need to choose their measures carefully according to specific model
applications.

Keywords: Transit Planning, Transit Operations, Transit Travel Times, Travel Time Modelling



O 00 9 N Lt W=

A B B B B DB W W LW W W W W W W WK DN NN NDNDN = /= == = = = e =
N B WD —= O VWO I WUN A WD~ O OV IONWM P W= O WK IO N A WD —=O

Wang, Morency, and Trépanier 3

INTRODUCTION

Reliable transit travel time estimates are important for transit agencies’ operations and passenger
satisfaction. For a transit agency, unreliable travel time estimates affect scheduling, where planners
need to add schedule padding to improve reliability (/) and thus increase operating costs. Unrealis-
tic travel times may also cause vehicles and operators to miss their scheduled layovers, propagating
delays to future trips, as well as causing operators’ satisfaction and retention issues (2). Similarly,
for passengers, underestimated travel times may cause them to arrive at their destination late or
miss their connecting trip. Overestimated travel times may lead passengers to perceive transit ser-
vices as slow due to the additional holding or schedule paddings. These unreliable travel times
also affect passengers’ satisfaction and mode choice (3). Thus, it is important to improve transit
travel time models.

One way to account for travel time variations is to review and adjust service schedules
periodically. In practice, transit departure times are adjusted frequently according to ridership
fluctuation, but transit travel times are less frequently adjusted (4). Up until now, transit agencies
and academics have mostly focused on travel times adherence and prediction (5). This is possibly
due to the fact that the schedules communicate arrival and departure times to transit operators and
passengers, which are directly related to travel times. Transit planners could simply diagnose the
issues of a given segment based on direct observations and adjust travel times accordingly.

However, there are several scenarios where transit vehicles can spend longer travel times
than planned. Delays can sometimes be attributed to slower travel conditions. For example, on a
snowy day, buses are more likely to travel at a lower speed to ensure safety, even when there is
no other traffic nearby. Similarly, areas with high traffic volume can also force transit vehicles to
slow down. Another potential scenario is that a vehicle might get stuck, such as at stops with too
many passengers or in front of traffic lights. Transit vehicles may spend a long time waiting for
passengers to board and alight or for the traffic lights to turn green. In congested areas, vehicles
may not only travel slowly, they may also spend more time waiting for several traffic light cycles.
Overall, the delays can potentially be summarized into two categories, how fast the bus can operate
between two stops, and how long the bus is expected to stop.

How fast a bus can operate between stops is related to the travel conditions on the route or
the travel speed. How long we expect to stop is more related to passenger activities, congestion
level, and traffic lights, i.e. the time we are expected to stop. Thus, to improve transit reliability and
better adjust transit schedules, we need to better understand transit travel conditions. This knowl-
edge would help transit planners develop a more precise schedule for operators and passengers.
It would also help pinpoint the cause of transit travel time issues, and evaluate potential transit
priority measures to improve transit service quality in the future.

Travel time is a function of speed and distance. A long segment can have a short travel
time when driving quickly, and a short segment can have a long travel time in congested condi-
tions. Speed also allows comparisons between various segments in the network, since stop-to-stop
distances are not necessarily the same for all segments. A local bus may make a stop every 300
meters every minute, and an express bus may have a non-stop segment of 15 kilometres taking
20 minutes. Whereas the speed is more directly comparable, the operating speed for the afore-
mentioned local bus may be roughly 15 kilometres per hour, but the express bus may be at 75
kilometres per hour. Communicating using speed may also be more intuitive for transit operators
to understand the expectations of the schedules and evaluate potential actions for buses to remain
on time.
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We are also inspired by the comparison between predicting travel time and speed ap-
proaches from Bauer and Tulic (6) using floating taxi data. However, taxis tend to travel point
to point without a predefined route, whereas transit vehicles need to make regular stops along a
fixed route to pick up and drop off passengers. Thus, we pose the question of whether the travel
time and speed models yield similar results for public transit.

With the goal of improving transit travel time models and passenger satisfaction, we aim
to help planners better understand transit travel conditions. We develop a framework to allow
us to compute and compare two commonly used measures in transit planning, travel times and
travel speeds. Then, we model travel times and travel speeds at different analysis levels using two
years of archived service delivery data from Montréal, Québec, Canada. Finally, we compare the
advantages and disadvantages of these two approaches as well as the different analysis levels, so
that we can make recommendations to transit agencies for their planning and operations.

This paper is organized in the following ways. In section two, we will go through the related
literature on travel times and travel speeds as well as their applications in planning processes. Next,
in section three, we will describe our research framework and methodology. Then in section four,
we will show the modelling results and the evaluations. Finally, in section five, we will provide a
quick summary of our research to conclude this paper.

LITERATURE REVIEW

Transit performance measures are commonly used by transit agencies in their planning and opera-
tions. Academics have also studied existing measures and proposed additional transit performance
measures. Two commonly used measures for planning are travel time and travel speed, which can
be easily obtained with the help of Automated Vehicle Location (AVL) systems.

Travel time is an important measure for scheduling. Coleman et al. (4) provided a summary
of a typical scheduling process. In general, the route performances are reviewed at various intervals
for different types of routes and schedules. Service changes generally happen at pre-defined times
every year to facilitate operator sign-ups and schedule adjustments. When revising schedules, the
analyses generally involve the level of ridership and travel times between timepoints in the North
American context. If passenger levels exceed a predefined agency standard, service frequency is
adjusted. Travel times are also analyzed using an agency standard and then adjusted both between
the two termini as well as between various timepoints using measures such as the mean, median,
or a given percentile of observed travel times (7).

With the help of AVL data, travel times are also used to diagnose schedule adherence issues.
In general, agencies and scholars have proposed to classify each timepoint’s on-time performance
and the frequency of schedule adherence issues. Then, analysts can use more detailed travel times
and dwell times as diagnostic tools to infer the cause of the problems (8). Most works found
late buses are mostly caused by longer than planned travel times or late departures from previous
segments.

There are also attempts to account for the variations in transit travel times using AVL
data. Wessel and Widener (1) calculated the schedule padding using best-case transit travel times
recorded. They found 30% of total scheduled service hours are padded in their case study, and that
downtown and rush hours tend to have more paddings. In case of better travel conditions, drivers
need to wait for the schedule, thus, schedule control could contribute to slower travel times.

To help provide passenger information, many works have tried to predict transit travel
times. Scholars have proposed methods predicting transit travel times. Some of the works used
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only AVL data (9, 10). There are also attempts to incorporate additional datasets to improve the
prediction models, such as real-time traffic data (/7). Using AVL data, it is also possible to evaluate
the service delivered to passengers. Wessel et al. (12) proposes a method to retroactively improve
the accuracy of transit agencies’ GTFS feed by using archived AVL data. Agencies have also
started developing passenger-centric performance measures using their AVL and origin-destination
data (/3).

However, travel speed and travel time are related variables, where the travel time equals the
travel distance divided by the travel speed. By evaluating speed, we can remove the distance from
the equation, and we can potentially find similarities and differences between various segments in
the system. Therefore, evaluating speed could potentially allow us to create schedules or target
issues at the systemwide scale. Therefore, operating speed is another commonly used indicator for
transit performance evaluations. It is defined as the average speed over a section travelled by the
passengers which includes all stops.

Cortés et al. (14) created a classification for average bus operating speeds and identified
slow roadway segments for agencies to improve speed. Aemmer et al. (15) aggregated the travel
time by roadway segments to calculate the pace (inverse of the speed). The results show buses
can more often travel faster than the schedule on a few selected segments. Zhang et al. (16)
tested a few factors that could affect bus operating speeds, such as bus lanes, road classifications,
geographical area, peak direction, and service types. They found buses on main roads, in outskirt
neighbourhoods, during off-peak hours, or in bus lanes tend to travel faster than on other segments.

The previous literature could all be helpful in identifying a slow segment, modelling the
transit systems, or predicting vehicle arrival times. However, given the one-to-one relationship
between time and speed, there is still a need to compare the time and speed measures to examine
their advantages and disadvantages at various analysis levels. There have been some efforts to
compare the two measures in the transportation field, especially from Bauer and Tulic (6), which
posed a similar question for taxi travel times. However, there are some additional considerations
for public transit planning, such as stops, ridership variations, and transit priority measures. Thus,
we ask the question if we could compare these two approaches for transit planning.

There are a few additional questions to answer. Even though most of the scheduling is done
at the timepoint level in North America, the General Transit Feed Specification (GTFS) standard
requires arrival and departure times for every stop served by a certain trip for passenger informa-
tion. Unfortunately, arrival and departure times for stops in between timepoints are not clearly
defined (/2), and are typically interpolated using the timepoint inputs. Thus, there is a discrepancy
between the general scheduling practices and what is shown to the passengers, since passengers do
not necessarily board and alight at timepoints. This calls for further investigation into stop-level
scheduling practices, also pointed out by other researchers (12, 13).

In addition, the works mentioned above have used many error measures to evaluate their
model performances, such as absolute measures and relative measures. Yet, these measures are
typically aggregated into one number. In addition, different measures evaluate the results "from
different angles" (/7), and there are not many comparisons between the measures. As transit
services have various segment sizes, it is also necessary to compare the errors by segment for
potential biases, since a short local segment is not directly comparable with a long highway express
segment for example.

Thus, in this paper, we aim to create a framework for comparing the travel time and travel
speed modelling approaches. Given the limitations of earlier studies, we also try to compare travel
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times and travel speeds at various analysis levels, namely, the inter-stop, stop-to-stop, timepoint-
to-timepoint, and service pattern levels. Then, we evaluate these different models using various
error measures. We hope to provide more nuances for future researchers and planners to consider
when planning or modelling transit networks.

RESEARCH FRAMEWORK AND METHODOLOGY
In this section, we present an overview of our research framework. Then, we provide more details
regarding the data and the methodology.

The overall research framework is summarized in Figure 1. We first use GTFS and GTFS
Real Time data provided by Société de Transport de Montréal in Canada as inputs to calculate the
travel times and speeds. Those who wish to produce these statistics elsewhere could also use the
archived data from similar data standards like Network Timetable Exchange (NeTEx) and Standard
Interface for Real-time Information (SIRI) or other agency internal datasets.

Calculate average

. Descriptive
travel times + o
Statistics
speeds
OpenStreetMap + Integrate

Montreal Open
Data

Additional Spatial
Characteristics

Y y

Speed Model Time Model
l Y
Convert Speed Reserved
i Segments for
to Time _
Testing

Comparison +

Evaluation

FIGURE 1: Research Framework

Typically, agencies have their own policies on how to analyze travel times (7), whether
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using the average or a predefined percentile. The average running time policy is a compromise be-
tween having buses run early and having buses run late (7). Thus, we use the average travel times
and speeds as the dependent variables of our models. Other researchers and planners could never-
theless test other statistics, such as percentile-based statistics, using the same research framework
in the future.

Then, we integrate additional spatial characteristics using OpenStreetMap and the open
data provided by the city of Montréal. These spatial attributes along with the calculated travel times
and speeds are then used as inputs for modelling average travel times and speeds. In addition, we
apply the models to various analysis levels, inter-stop, stop-to-stop, timepoint-to-timepoint, and
service pattern levels, to compare their planning implications.

Next, we will test the models given two common planning scenarios. One is to expand or
modify the services into a new route. In this case, agencies may not have historical data available
at all. To account for this scenario, we reserve 10% of the segments from our dataset for testing.
Another common scenario is to expand the service hours on an existing line. Therefore, agencies
may not have historical data for a given time of day on a given segment. Thus, we reserve another
10% of the remaining data with various time-of-day values for testing.

Finally, we compare and evaluate the model results using a few error measures which are
outlined in an upcoming section. We also discuss their planning implications in the results section.

Data

We use the bus system of Société de Transport de Montreal on the island of Montréal in Canada as
a case study. To summarize the system, it has 222 bus lines in operation, 2012 buses in the fleet,
and more than 17,000 published bus trips on average weekdays.

The GTFS file provides detailed information on the planned services, such as schedules and
geographical information for the routes and stops. The GTFS Real-Time data provides the actual
bus arrival and departure times at stops, as well as detailed bus location and speed information no
more than every 20 seconds. In this paper, we used the archived data from May 1st, 2021 to March
24th, 2024.

Since this project focuses on the mean travel times and travel times do not have an up-
per bound, outlier observations, such as from mechanical issues, major events, detours, or traffic
incidents, might greatly affect the mean observation. Thus, we will remove these outliers from
the analysis using Density-Based Spatial Clustering of Applications with Noise (DBSCAN) (/8),
which is a density-based algorithm to identify clusters and outliers in the data. For each segment,
we calculate the density according to the travel time and delay observations. The outliers are
identified from the lower-density areas, where the observations are less similar to the others. For
example, travel times that are unusually short or long or departures that deviate significantly from
the planned times will be removed. We chose to keep 80% of the data as inputs, and this parameter
choice and model sensitivity can be a subject of future research.

Analysis Levels
Again, in this paper, we will focus on various analysis levels, the inter-stop, stop-to-stop, timepoint-
to-timepoint, and service pattern levels. In this section, we will quickly define each level, as our
dwell time definition is slightly different from the Transit Capacity and Quality of Service Manual
(TCQSM) (19) due to data limitations.

The dwell time is typically defined as the time a vehicle stops to allow passengers to board
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and alight at a given bus stop according to the TCQSM (/9). However, since most stops are on
the nearside and we do not have more detailed door opening or closing data nor traffic light timing
data, our study would thus combine both the time for passenger activities and the time waiting for
green lights into our dwell time calculations. The estimations of these detailed data can be left for
future research.

First, the inter-stop travel time includes the total time between the departure from the first
stop and the arrival at the second stop, which would include any traffic light waiting times or
congestion between the two stops. It does not include the dwell times and traffic light waiting
times at the stops.

The stop-to-stop time is defined as the total time between the departure from the first stop to
the departure of the second stop, which includes the dwell time at the second stop and the inter-stop
travel time between the first and second stops.

The timepoint-to-timepoint time is defined as the total time between the departure at a
timepoint to the next timepoint, which would include the sum of travel times of all stop-to-stop
segments between the two timepoints.

Since a route may have different service patterns, such as short turns and branch lines, these
service patterns would have different travel times. Thus, we will analyze the travel times for each
service pattern to ensure the travel times are comparable. The service pattern travel time is defined
as the time between the departure from the terminus to the arrival at the ending terminus.

Finally, using these times calculated above and the segment lengths extracted from GTFS,
we calculate the corresponding inter-stop speed, stop-to-stop speed, timepoint-to-timepoint speed,
and the overall operating speed of the service pattern.

Modelling Methods

Since our research deals with repeated measurements on a subject, in our case a segment along a
bus route, the resulting data points on each segment may be correlated. For example, if we have
a linked traffic light, the traffic light may always be green for the given segment. The resulting
impact of traffic lights on travel times is negligible. Thus, we need to adopt a mixed model to
account for these unobserved differences between each segment (20).

In our research, the random effects, or the grouping factors, are crossed random effects be-
tween segments and time periods. For each segment, there are various time period measurements.
Similarly, for each time period, there are many segments being measured. In this study, we will
only allow random intercepts, which allows each subject to have a different intercept while keeping
the slopes the same.

Since travel conditions, traffic lights, or interactions between vehicles could contribute to
non-linear relationships between the dependent and independent variables, thus we decided to test
both linear and non-linear models for comparisons.

The linear mixed model is similar to the regular linear regression model, but with an ad-
ditional term to account for the grouping factors. Coefficients are estimated by solving the mixed
model equations using maximum likelihood estimates (27). To predict a new data point not in any
existing groups, the model uses the population level coefficients without considering any group-
specific effects.

The non-linear method used here is the random forests method originally proposed by
Ho (22). Combining multiple regression trees was found to achieve better results than using one
regression tree, albeit the model is less explainable due to it involving multiple trees. Hajjem et al.
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(23) proposed an extension to account for the mixed effects. The basic idea is to generate multiple
regression trees using various subsets of the data sample and various subsets of sample variables
within a given group. To predict a new data point not in the existing groups, the algorithm follows
the split rules according to the population level variations not specific to any pre-existing groups.

Input Variables

There are many factors affecting transit travel time and speeds. The Transit Capacity and Quality
of Service Manual (/9) provides an excellent summary of these factors. Thus, we try to include
these temporal, spatial, and operational variables. In this subsection, we describe the independent
variables.

The temporal variables included in our studies are related to the daily, weekly, and seasonal

changes in travel time or travel speed. They are defined as the following:

» Service Period. It is a categorical variable corresponding to each service change during
the year. In Montreal, there are five service periods in a year, namely January, March,
June, September, and November. Here we use the June period as the base case.

* Time of Day. Due to the non-linear nature of traffic and the time periods, we simplified
time as a categorical variable. According to the descriptive statistics, the time of day
variations also differ given the day of the week. Thus, we include both time of day and
the day of the week in our categories. We identified six time of the day categories for
weekdays, namely early morning (4 - 6), morning peak (7 - 9), midday (10 - 14), evening
peak (15 - 17), evening (18 - 22), and late-night (22 - 4) periods. For weekends, due to the
lack of morning peaks, we combined the morning peak and the midday into a morning
category. Here we use the Weekday PM peak as the base case.

The spatial variables included are related to street characteristics, land use characteristics,

and the population density near a given segment. They are defined as:

* Number of Turns given a stop-to-stop segment. We hypothesize that turning would re-
quire buses to slow down to account for other traffic or pedestrians, thus increasing travel
times.

* Number of Lanes, the average number of lanes on a given segment. We include this
variable since it is related to the street classifications. Wider streets typically correlate to
more traffic, which could act as a proxy for traffic data.

* Number of stop signs given a segment. Traffic is required to stop before the stop sign
before continuing by law. Thus, stop signs would impact the overall travel time and
speed.

* Number of traffic lights given a segment. Traffic is required to stop before the light when
it is red. Thus, traffic lights would impact the overall travel time and speed. However,
there are a variety of traffic lights in operation, and due to the lack of data, we can only
include the total number in our model.

* Speed limit, the average legal speed limit of a given segment in kilometre/hour. This vari-
able gives a rough approximation of how fast the vehicles travel on a segment. Legally,
vehicles should travel at or below the speed limit. However, in practice, due to conges-
tion, travel speeds on some segments may never reach the legal limit. Similarly, in less
congested areas, people may drive well above the speed limit.

» Segment length, the length for each street classification category of a given segment in
kilometres. In Montreal, the streets can be roughly classified into five categories, namely,
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local, collector, secondary, primary, and motorways. Here we separate the length of
different street categories, due to the fact that travel conditions on local streets may be
very different compared to a highway.

* Land use, a categorical variable on the land use surrounding a segment. For the models,
we include five main land uses, namely, commercial, industry, downtown, green spaces,
and residential as a base case.

* Population density, the average population density for the surrounding census tracts in
thousand people per square kilometre. Due to the limitations of our ridership data, we
include this variable as a proxy for ridership, since ridership is higher in high-density
areas.

* Distance to downtown, the straight line distance to downtown in kilometres. We include
this variable since traffic generally gets less congested further away from downtown ar-
eas. Thus, we can include neighbourhood differences in our model.

As for operational variables, we include them to account for operation-related variations.

They are the following:

* Bus lane status, a categorical variable related to bus lane operations. Since bus lanes are
typically located in congested areas to facilitate transit operation, the speed and travel
times would be longer compared to less congested streets without bus lanes. In addition,
the bus lanes are not necessarily in service all day, thus we further divide the data to ac-
count for the differences when bus lanes are in service. Thus, we include three categories
in our models, namely bus lane not in service, bus lane in service, and no bus lanes as the
base case.

* Average load, a ranked variable related to the number of people on board. As the number
of people on board increases, the time for boarding and alighting generally increases as
well. Thus, we include this variable to account for this friction. The data is ranked into
five categories, namely empty, many seats available, few seats available, standing room
only, and full.

* Average frequency, the average number of buses passing through this segment during
an hour. This is related to the ridership as well as the potential bus congestion. As the
frequency increases, the risk of bus bunching increases. Some buses may be stuck behind
another one, thus affecting the speed and travel times.

* Number of stops, the number of stops on a given segment for passengers to get on and off.
This variable is only available for the timepoint-to-timepoint and service pattern levels.

Model Evaluation Criteria
To evaluate the models estimated using the variables and methods outlined above, we use four
commonly used good-of-fit measures to evaluate the errors, namely coefficient of determination
(R?), root mean square error (RMSE), mean absolute error (MAE), mean absolute percentage error
(MAPE). Unfortunately, since the two models have different dependent variables with different
scales and bounds, we cannot use a statistical test to directly measure the significance of their dif-
ferences. Thus, we will convert the speed model results to time results using the segment distance,
so that they are comparable in terms of their good-of-fit measures. In this subsection, we will
provide a quick summary of these measures.

The coefficient of determination, or R-squared, is a measure to determine the proportion of
variance in the dependent variable explained by the given independent variables. It is calculated
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as:

X )?

Y vi—y)?
where y; is the predicted value, y; is the actual value, y is the average of the dependent
variable, and N is the sample size.

The root mean squared error is defined as the square root of the mean squared error (MSE).

The least squares method of linear regression minimizes the mean squared error since it is always
greater than or equal to zero. It is also an unbiased estimator since minimizing MSE is the equiv-
alent of minimizing the variance. To better interpret the results, we take the square root of MSE
(RMSE), which yields the same units as the actual values. However, the RMSE is scale-dependent,
which means we cannot compare values if their scales are different. Mathematically, it is calculated
as:

R =

1 ¥ )
N ~ (vi =)
where yj; is the predicted value, y; is the actual value, and N is the sample size.

The mean absolute percentage error is a relative error measure commonly used to evaluate
regression problems. It is the mean of prediction errors as a percentage of the actual values. Since
it is a percentage, it is not scale-dependent. However, due to the division, the actual data cannot

contain actual zeros, since the results are undefined. It can be calculated as:

RMSE =

100% & |yi — ¥

MAPE — 0 Z ) Yi—Yi
N = i

where y; is the predicted value, y; is the actual value, and N is the sample size.

RESULTS

In this section, we first present the fitted linear model results, and then provide a comparison and
an evaluation of the results for both models. Finally, we will provide a more detailed analysis of
the errors to demonstrate potential biases for each method.

Model Coefficients

Since we used a mixed model, there are two sections to the coefficients, fixed effects and random
effects. In this section, we will first demonstrate the random effect and then the fixed effect from
the linear mixed model, which is easier to interpret given its linearity assumption.

Random Effects for Linear Mixed Model
Table 1, shows the summary of random effects, or the grouping factors. To reiterate, the random
effect shows the unobserved individual differences between each segment, such as different con-
gestion levels and traffic light synchronizations. For each segment, the random effect of a given
segment shows the additional changes in travel speeds that are due to the differences of the segment
itself (20).

In the table, we show the standard deviation of each segment in each analysis level. As
we can observe, the speed models have similar random effects, around 5 km/h. This means that
the individual differences for each segment would contribute to around 5 km/h travel speed dif-
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ferences. For the time model, we can observe that as the analysis level goes up, the individual
time differences get longer. This is as expected, since the more aggregated analysis levels tend to
correlate to longer travel distances, which would contribute to larger variations in travel times.

We also included the adjusted intraclass correlation coefficient (ICC), which explains the
proportion of the total variance in travel times or speeds that can be accounted for by simply group-
ing the observations on the same segment alone (24). Here, we can observe that, all models have an
ICC above 0.6, which indicates there are differences between individual segments, and shows the
importance of using the mixed model to account for individual segment differences. It also high-
lights the importance of improving our models with more detailed data that are unobserved in our
study, such as traffic variations, traffic light settings, and ridership variations. The smaller analysis
scales tend to have larger ICC, with the exception of the speed model at the service pattern level.
This means that the individual differences between segments become more important at smaller
scales. This highlights the fact that higher analysis levels may hide variations in smaller levels,
and more research is needed for stop-stop level scheduling, also pointed out by other researchers
(12, 13).

TABLE 1: Random Effects for Linear Speed and Time Models

Analysis Level Speed Speed Adj. ICC  Time Time Adj. ICC
Inter-stop 5.26 0.74 19.81 0.87
Stop to Stop 5.70 0.69 21.71 0.79
Timepoint to Timepoint ~ 3.99 0.63 56.82 0.62
Service Pattern 4.34 0.92 315.90 0.62

Fixed Effects for Linear Mixed Model

Table 2 shows all of the fixed effect coefficients estimated from the linear model. As a quick
reminder to help readers interpret the coefficients, the units used in this paper for speeds are in
km/h, and the units for times are in seconds. For the description of each variable, please refer to
the earlier sections. In addition, we marked variables with p-value less than 0.05 with italic fonts,
since most of the values are statistically significant.

Generally, most of the coefficients and signs are as expected. In addition, we can observe
the opposing signs between speed and time variables. Given a fixed distance, if the speed is higher,
then the time is lower.

More specifically, for the service period variables, all of the speed coefficients are negative
and all of the time coefficients are positive. This is expected since we chose the June or summer
schedule as the base case. In other periods, the ridership is typically higher and traffic congestion
is generally worse. During the winter, the speeds or times are also affected by adverse weather
events like snow storms, resulting in worse travel conditions.

As for the time of days, we can observe that all the speed coefficients are positive and all
the time coefficients are negative. Once again, this is expected, since we chose weekday afternoon
peak as the base case, and it is typically the most congested period. We can also observe the typical
traffic variation, where the speed gets slower for the morning peak, then stays a bit faster throughout
the day, and gets slower again for the evening peak, and gets faster again for the evening. Since
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TABLE 2: Fixed Effects for Linear Speed and Time Models

13

Speed Models Time Models

Inter Stop Timepoint Route Inter Stop Timepoint Route
Pop. Intercept 31.38 27.38 14.07 0.63 -13.37 -10.77 58.33 1213.00
Num. Stops N/A  N/A -0.17  -0.12 N/A N/A 2.13 9.93
Period Sep -0.13  -0.28 0.34 -0.03 0.39 0.78 -2.03 29.67
Period Nov -0.34  -0.18 0.19 0.02 0.37 0.26 -2.61 25.81
Period Jan -0.89 -0.26 026 0.04 1.11 0.39 -2.12 18.70
Period Mar -0.82  -0.11 023 0.07 0.73 0.45 -1.08 23.71
Week Early AM 280 4.72 440 483 -5.62 -13.21 -71.58 -536.20
Week AM Peak 0.56 0.72 093 069 -1.64 -3.12 -19.25  -98.43
Week Midday 0.87 1.45 1.47  1.51 -2.58  -5.01 -27.61  -216.90
Week Night 1.81 3.46 353 329 -428 -10.34 -60.45 -385.90
Week Late Night 5.61 854 6.01 262 -7.27 -17.79 -86.79 51.82
Sat. Early AM 394 646 6.05 589 -6.06 -14.85 -89.62  -615.40
Sat. AM 269 3.87 379 412 -5.06 -10.72 -64.67 -507.70
Sat. PM 1.25  2.20 195 188 -2.55 -5.84 -34.33  -267.50
Sat. Night 204 3.88 375 3.61 -4.12 -10.30 -62.49 -448.40
Sat. Late Night 478  7.69 599 539  -6.31 -1594 -82.72  -588.60
Sun. Early AM 434 7.00 636 625 -645 -15.90 -92.27  -635.80
Sun. AM 325 4.66 450 474  -5.68 -12.07 -72.36  -553.90
Sun. PM 1.69 2.64 243 245 332 711 -42.86  -337.80
Sun. Night 241 430 424 406 -4.68 -11.32 -69.74  -499.10
Sun. Late Night 5.80 825 6.27 429 -6.30 -16.24 -92.67 -318.00
Bus Lane On -0.57 -0.55 -0.82 -0.63 4.88 6.20 21.83 74.30
Bus Lane Off -0.43  -0.78 -1.04  -0.84 4.25 5.16 17.12  126.10
Average Delay 0.00  0.00 0.00  0.00 0.00 0.00 0.00 0.05
Average Load -0.10 -0.23 -0.07  -0.11 0.08 0.50 1.01 17.95
Average Freq. -0.10 -0.10 0.00 0.03 -0.03 0.09 0.42 7.78
Num. Turns -3.39  -2.68 -041 -0.07 12.61 13.62 9.67 33.09
Num. Lanes 0.81 0.35 -0.50 -2.57  -2.83 -2.32 -7.03 64.96
Num. Stop Signs  -1.70 -0.98 -0.43  -0.13 542 4.71 8.09 11.89
Num. Signals -1.78  -2.50 -0.57  -0.07 9.15 12.84 14.61 19.44
Speed Limit 0.06  0.05 0.13 052 -0.03 -0.03 0.29  -32.98
Local Length 452 691 359 152 90.79 81.15 84.06 20.76
Collector Length 6.41 8.83 282 082 9535 091.14 87.65 32.97
Secondary Length ~ 7.95 10.58 365 075 9427 88.21 79.68 64.86
Primary Length 5.58 855 3.68 0.59 10650 99.48 73.00 58.32
Motorway Length  4.22  4.29 259  1.02 4729 4643 49.23 78.14
Green Space 093 140 0.29 -0.13 1.13 0.32 1.66 -0.04
Downtown -1.28  -0.20 0.08 -1.51 0.60 0.13 4.72 24.54
Retail -1.33  -1.92 -1.53  1.39 3.20 6.81 23.11 38.63
Industry 280 344 0.52 -0.74 1.75  -0.17 -3.25 39.22
Pop. Density -0.11  -0.23 -0.28 -0.25 -0.18 0.15 2.55 2.02
Dist. Downtown 0.22  0.26 0.27 0.10 -0.04 -0.15 -1.95 0.42
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Saturdays and Sundays do not have a morning peak, the weekend mornings behave similarly to the
early evenings.

An increase in the number of stops on a segment can also result in longer travel times
or slower travel speeds, since buses need to start and stop more often. However, we believe the
stop level ridership could be a better indicator since buses are not obligated to stop if there is no
passenger getting on or off. Unfortunately, we will leave this to future studies to test due to our
limited data sources.

For the bus lane operations, we can observe both variables are negative for speeds and
positive for times. This is expected since we chose streets without a bus lane as the base case. The
results show streets with bus lanes are more congested than those without bus lanes. In addition, if
the bus lanes are in service, the negative impact on bus speeds is generally smaller, bringing these
segments more in line with less congested segments without bus lanes.

As for the average load and frequency, they are all negative for speed and mostly positive
for time. Again, this is expected, since they correlate to the ridership and traffic congestion. More
ridership and congestion means buses will spend more time not moving, thus reducing the speed
and increasing the time.

The number of turns also negatively affects the bus speeds. This is typically due to buses
having to slow down to manage the turn as well as to yield to pedestrians and other vehicles.

The number of lanes is positive for bus speeds. More lanes mean wider streets, which
typically correlate to more traffic and higher speeds. Similarly, the speed limit is also positive for
bus speeds. However, it is not significant for the time models. Stop signs and traffic lights also
negatively affect the bus speeds, since buses are obligated to stop before them.

As the distance between stops increases, vehicles typically have more time to accelerate
to a higher speed. Thus, all the speed variables are positive. As for the time models, since the
distance units are in kilometres and time units are in seconds, the coefficients can be interpreted as
the pace to travel one kilometre on a given street. Hence, the smaller the coefficient, the faster a
bus travels through a kilometre. Take the inter-stop time as an example, travelling one kilometre on
a local street is roughly 90 seconds, which corresponds to 40 kilometres per hour. Notice that the
coefficients are fixed for the time models, which might be too restrictive since not all local streets
behave the same. It may become problematic in case we try to create a schedule for a new area
without historical data.

As for the land use variables, we used residential land use as a base case. Vehicles can travel
faster near parks and industrial areas since they typically correlate to longer street block distances.
In downtown and commercial areas, vehicles typically travel slower, which is expected due to the
higher traffic, higher ridership, and higher pedestrian counts in these areas. Thus, it is important
for agencies to improve service in these areas to improve passenger experiences. Interestingly,
most land use variables are not significant in the time models, except retail and industry land uses.

Vehicles also travel slower in densely populated areas, which makes sense since it cor-
relates to higher ridership, traffic, and pedestrian counts. Vehicles can travel faster in suburban
areas further away from the city center since it generally correlates to a decrease in ridership and
pedestrian volume. Interestingly, these two variables are not significant for the time models.

To summarize, the coefficients behave as we expected. However, time models consider
many spatial variables such as land use to be not significant. It may be too restrictive and underes-
timate the spatial variations in case we try to plan for a new route for a new neighbourhood. Thus,
we need to test their performances more closely in the next subsections.



O 00 9 N Lt W N =

—_— = =
o = O

13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
3]
32
33
34
35
36
37
38
39
40
41
42
43
44

Wang, Morency, and Trépanier 15

Model Comparisons

In this subsection, we compare the advantages and disadvantages of the above models. First, we
use a few common aggregated measures in previous literature to summarize the performance of
the models. Then, we provide a more disaggregated view to compare and evaluate the models to
demonstrate the potential issues of using aggregated measures.

To reiterate, we created two scenarios to test the models by holding back some data from the
overall dataset. One scenario is service expansion onto a new route where there is no existing data.
Another scenario is expanding the service hours on an existing segment. We use two modelling
methods, linear mixed model and mixed effect random forest. For each method, we tested the
models using both scenarios. Since the time and speeds are not directly comparable, for the speed
model, we then converted the speed results to travel times and named the indirect modelling result
for short in this section.

Aggregated Measures

Table 3 shows the results of the commonly used aggregated error measures of each model. The
better-performing models in each category are marked with bold fonts. Readers can refer to earlier
sections for the definitions of these measures.

Overall, we can observe that the random forest method performs slightly better than the
linear method. The R? values are generally higher and the RMSE and MAPE measures are lower
for the random forest models. The differences in MAPE are generally around one to three percent.
The differences in RMSE between the two methods are generally around two to three seconds.
However, the RMSE differences are larger for service pattern levels due to their longer distances,
and a small percentage error can correspond to a relatively larger absolute error. Overall, given the
segment-specific intercepts and the additional variables available to us, the differences between the
two modelling methods are not too large.

The direct time models perform better for existing segments in new service hours, whereas
the indirect speed models perform better for reserved segments on new routes on smaller scales.
In our models, we included both speed-related, such as streetscapes and land use, as well as time-
related variables, such as traffic signals which are related to a fixed time plan regardless of speed.
The random intercepts included in the time models could help alleviate some limitations due to
the lack of detailed signal timing plans or ridership counts. We believe the speed models might
be more intuitive for the new route scenarios when there is no observed time-related information
available, such as traffic light timing plans. This suggests that planners could potentially use speeds
from existing similar segments as a starting point when planning for a new route, which is in line
with current practices.

Despite missing some detailed time information, the inter-stop models, which doesn’t in-
clude the dwell times and signal waiting times, perform better than the stop-to-stop models. To
improve these models, future work can consider adding this missing information by creating a
hybrid model and combining both time and speed models.

For higher levels, namely timepoint-to-timepoint and the service pattern levels, the differ-
ences between time and speed models become smaller, especially in the new routes scenarios. This
once again highlights the fact that higher analysis levels may hide more detailed time variations in
smaller levels. Thus, we add further evidence for the need to examine bus travel time modelling at
these smaller scales.

Another interesting observation at these higher levels is that the different measures are more
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TABLE 3: Model Error Measures

New Hours New Routes New Hours New Routes

Linear Forest Linear Forest Linear Forest Linear Forest

Inter-stop Timepoint

R? 0.83  0.86 0.27  0.30 0.82 0.86 0.52 0.59
RMSE 3.05 275 559 549 2.99 2.68 5.01 0.46
MAE 2.16 1.93 433 431 1.92 1.66 3.67 3.32
MAPE 0.08  0.07 0.16 0.16 0.11 0.09 0.21 0.19

R2 096 097 072 075 092 093 081 085
Time Indireet RMSE 851 718 1213 1135 4513 4199 6554 59.14
e INATeEt - VAR 380 359 597 582 2478 2192 44.04 40.49

MAPE  0.10  0.09 0.16 0.16 0.11 0.10 0.18 0.17

R? 096 0.97 0.54  0.67 0.92 0.94 0.83 0.82
RMSE 842 778 15.64 1321 4520 3940 61.63 63.17
MAE 343 311 9.03 8.80 2639 20.74 4427 44.15
MAPE 0.09 0.08 0.30 0.28 0.14 0.09 0.27 0.24

Speed

Time Direct

Stop to Stop Service Pattern

R? 0.82 0.86 0.21 0.31 0.93 0.97 0.79 0.80
RMSE 385 345 7.41 6.96 1.37 0.97 2.33 2.25
MAE 282 249 594 554 0.83 0.61 1.83 1.68
MAPE 0.13  0.12 0.37 0.33 0.05 0.04 0.10 0.09

R2 085 094 040 045 089 095 083  0.90
Time Indireg RMSE 1366 1148 23.62 2279 287.87 19455 338.13 254.51
1me INArect - VAR 798 699 1547 14.56 102.38 72.94 232.54 185.34

MAPE 0.15 0.13 0.27  0.26 0.05 0.03 0.11 0.09

R? 095 095 0.30 041 0.89 0.96 0.84 0.86
RMSE 11.23 10.60 27.51 23.47 284.69 179.73 327.80 305.56
MAE 6.77 5.76 19.00 1629 12434 80.70 259.09 244.18
MAPE 0.1S  0.13 045 041 0.07 0.04 0.14 0.15

Speed

Time Direct
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likely to indicate different "winners" in the same category. For example, in the new routes scenarios
at the timepoint-to-timepoint level, the R?> and RMSE measures would indicate that the direct time
model is better but the MAE and MAPE measures would indicate the indirect result from speed
models performs better. This indicates some potential biases that different error measures might
reward. For example, the MAPE measure prefers to forecast lower values (25), which is once
again related to the original question of this paper. Due to the length differences, we may prefer
smaller errors on shorter segments, and we may tolerate slightly larger errors on longer segments.
A 20-second error may be great for a segment of 15 kilometres. It may not be as desirable for a
short segment of 150 meters. For scheduling, planners may prefer to add some schedule padding
to improve on-time performance. However, for arrival time predictions for passenger information,
agencies may prefer to underestimate travel times to ensure vehicles don’t leave passengers behind
given a travel time prediction. Thus, transit planners need to decide if we would prefer certain
biases when we model our transit systems, since different error measures evaluate the results "from
different angles" (/7). To illustrate these different biases, we need to analyze the errors in more
detail in the next subsection.

Disaggregated Measures

In this section, we will demonstrate some additional biases in these models that might influence our
model choices. In the previous subsection, we observed that a few cases where the error measures
indicated different "winners". In this subsection, we will use the direct and indirect linear mixed
models at the timepoint-to-timepoint level for the new routes scenario as an example for simplicity,
since the observations are similar for the other models.

15000
I
15000
J

10000
1
|
Counts
10000
1

Counts

5000
L
5000
L

r T T T T T 1 r T T T T T 1
-150 -100 -50 0 50 100 150 -150 -100 -50 0 50 100 150

Errors (seconds) Errors (seconds)

(a) Direct Time Model (b) Indirect Results from Speed Model
FIGURE 2: Error Histograms
Figure 2a and 2b show the error distributions for the direct time results and indirect time

results from the speed model. To help readers see the differences, we used the same x and y scale
for these two figures.
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The errors for the direct time model are closer to the normal distribution. This is expected
since the models try to directly minimize the MSE, which yields unbiased estimates. Given the
long travel times on longer segments, the direct model may place more emphasis on long segments
than on shorter segments. However, the errors for indirect time results from speed models are
more centered around 0, but skewed towards the right. In other words, the indirect models tend to
underestimate the average travel times. In addition, speeds are bounded values between zero and
the top speed of the vehicles, and times values do not have an upper bound. Thus, the congested
observations may have more impact on the average time measures.

Figures 3a and 3b show the modelling errors aggregated by the observed average segment
speed. Figure 3a shows that the errors follow a similar conditional average and conditional stan-
dard deviation for both the direct time model and the indirect results from the speed model. This
makes sense, since the models try to minimize the errors. However, the percentage errors for the
indirect results from speed models follow a more stable conditional average and conditional stan-
dard deviation, whereas the direct time model has more varied conditional averages and conditional
standard deviations, especially for faster segments. We once again believe the length coefficients
(the pace, inverse of the speed) from the time models may be too restrictive for the models to adapt
to different segment lengths or speeds.

Both figures show the models would underestimate the travel time on slower segments but
overestimate on faster segments. This is expected since the models were given little information
on pedestrian counts, congestion, or traffic light timings which would be more relevant for slower
segments, whereas the faster segments typically include long sections on highways with few traffic
lights or sections in areas without congestion. We once again highlight the need to include traffic
light timings and traffic levels in the modelling process in future works.

Finally, Figures 4a and 4b show the modelling errors aggregated by the segment length.
From Figure 4a, we can again see that the errors from both models follow similar conditional
averages and conditional standard deviations for longer segments. Once again, this makes sense
since the models try to minimize the errors, which might reduce the accuracy for shorter segments,
as the indirect results from speed models are closer to O for short segments less than 500 meters.

However, Figure 4b, which shows the percentage errors, highlights the large differences
between the two models for shorter segments typically found on local services. The direct time
results vary to as much as -100% and the conditional standard deviation varies up to 150% for short
segments. Whereas, the indirect results from speed models have stable percentage errors, around
18% for both conditional average and conditional standard deviation, much more stable compared
to the direct time model. This indicates that despite the close conditional average errors between
the two models, small changes in the model result can lead to relatively larger differences relative
to the actual observed values on these shorter segments. For longer segments, the two models
become much more similar, which again shows the potential biases that the direct time model may
place too much emphasis on long segments given their long travel times.

These larger relative errors for shorter segments also make sense. The traffic light waiting
times or dwell times at stops become a more significant portion of the travel time for the shorter
segments. Thus, we again emphasize the need to include more detailed traffic light timing and
ridership data in the models. In addition, shorter segment lengths correspond to the local services,
where vehicles make every single stop. Typically, local services represent the majority of services
provided by transit agencies. This suggests that speed models perform relatively better for shorter
segments and local services. Thus, transit planners need to consider their specific planning context,
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whether we would prefer certain biases in the model or if we are willing to accept the larger relative
errors on short segments. Again, since different measures evaluate the results "from different
angles" (/7), transit planners and future researchers need to think more about which measure is
more suitable given a specific context.

CONCLUSION

To summarize, good travel time estimations are important for both transit agencies and passengers,
who rely on good travel time estimations for their decision-making processes. However, travel
times are the results of varying speeds and distances, given the same speed, longer segments will
have longer travel times, whereas shorter segments will have shorter travel times. Similarly, given
the same distance, faster speed will result in shorter travel times, and slower speed will result in
longer travel times. Hence, it is possible to use both as inputs for planning purposes.

Most of the previous literature focuses on travel times, and travel speeds are typically used
to evaluate delivered services or to plan infrastructures. Thus, we raise the question, how do we
compare the effectiveness of these common transit measures when we plan for or model a transit
system?

We hypothesized that speed may be better suited when evaluating transit performances or
planning for transit schedules since it does not depend on travel distances like the travel time mea-
sures. In addition, there are many analysis levels when analyzing transit services. The current
scheduling or service planning practices typically focus on timepoint-to-timepoint or service pat-
tern travel times. For passengers, they typically focus on the travel or arrival times at specific stops,
since they don’t necessarily travel between timepoints. We also consider inter-stop level may be
more suitable for understanding travel conditions since it does not heavily depend on signal timings
and dwell times.

Thus, in this paper, we proposed a framework to compute and compare the travel time
or speed measures commonly used by transit agencies at various analysis levels. To test these
measures, we came up with two scenarios. One is to test the expansion of service areas using new
routes, and another is to test new service hours for existing services.

Our simple models show the modelling results are in line with our expectations. Our eval-
uations show that the non-linear models perform slightly better. Transit travel times and speeds are
greatly impacted by temporal variables, like time of the day, spatial variables, like street classifi-
cations and the number of traffic lights, as well as operational variables, such as service frequency
and ridership. However, most other spatial variables like land uses are not significant for travel
time models. The coefficients in travel time models are paces, the inverse of speed, which may be
too restrictive to deal with the changing segment lengths and speeds in reality.

Spatial, temporal, and operational variables can explain higher analysis measures much
better, such as timepoint-to-timepoint and service pattern levels. For lower levels, the inter-stop
level performs better than the stop-to-stop level. These results show that the analyses at higher
levels may hide more detailed variations at lower levels. Improving the results at these lower levels
requires further study.

Segments with existing observations can help greatly when trying to model them in the new
service hour scenario since they have a segment-specific intercept to take account of the differences
between segments. However, the indirect results from speed models typically win for the new route
scenarios, given the lack of segment-specific intercepts. Planners could refer to similar existing
segments based on local knowledge when planning for a new route. Therefore, we emphasize the
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need to further include detailed dwell times and traffic light timings in the modelling processes to
improve the models. In addition, since dwell times and traffic light timings are related to the times,
whereas travel conditions are related to speed, future researchers could also test a hybrid model
using detailed inter-stop speed, traffic light timing, dwell times, etc.

We also highlight the shortcomings of using specific aggregated measures in previous lit-
erature, since different measures evaluate the results "from different angles" (/7). A more disag-
gregated error analysis shows that the speed models tend to underestimate the average travel times
since the speeds are less affected by extreme values, such as extreme weather events. Both models
perform similarly in terms of the average errors. However, the speed models perform relatively
better and more consistently relative to the actual values. Time models tend to struggle more with
faster average speeds and short segments, which can be attributed to the fixed paces in the coeffi-
cients. Thus, transit planners and future researchers might want to spend more time experimenting
with which measures to choose given a specific planning context.

We acknowledge that this paper is by no means an exhaustive evaluation of all possible
measures and models used in transit planning. Our goal here is to introduce additional nuances
when planning for a transit network or analyzing the modelling results. Future researchers could
easily adopt and expand upon this framework to test new methods with additional variables, such
as weather, signal timings, ridership variations, and congestion level to better help agencies plan
and react to changes in the network for their operations. In addition, future researchers could also
compare and experiment with many other modelling methods, such as time-series and artificial
intelligence methods.

Finally, we want to mention that our research is limited in terms of passenger experiences,
since we do not have detailed passenger data. It is important to consider the impact of service
delivery on passenger experiences, since passengers may shift to other modes if their experiences
are bad. We have talked about how transit vehicles may get stuck in traffic. However, for passen-
gers, another potential way to get stuck is when missing a transfer. Thus, operational measures
like the ones we compared may not necessarily reflect passenger experiences. Therefore, future
researchers could also introduce additional measures regarding passenger experiences.
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