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Abstract

We present a framework for extracting spatiotemporal trip typologies using noisy mobile ticketing boarding data sampled
from passengers in a bus network. Our case study was the Pioneer Valley Transit Authority in Massachusetts. We first used
a greedy approach to infer bus boarding stops. Next, we calculated the multi-dimensional dissimilarity of passenger activa-
tion time series using the AWarp alignment algorithm for sparse time series. We then employed hierarchical clustering to
discover the spatiotemporal patterns, resulting in four distinct trip pattern typologies. We analyzed the typologies, based on
trip length and duration, seasonality and other temporal distributions, spatial distributions, and faretype. Three typologies
were linked to regular commuters, distinguished by boarding time or transfer tendency. The fourth typology was primarily
associated with leisure or other activities. Our typology method provides valuable passenger behavioral insights and can
facilitate demand estimation by planners. Further, we demonstrate a potential for decision-making support for other regional

transit authorities with limited passenger data availability.

Keywords Spatiotemporal patterns - Clustering - Mobile ticketing - Dynamic time warping - Public transportation -

Typologies

Introduction

Public transportation ridership in the United States has been
in decline over the past decade. Between 2014 and 2018,
ridership decreased by 7.5% (O’Toole 2018). The recent
COVID-19 pandemic further highlighted the vulnerability
of public transportation to disruptive events, as usage was
severely curtailed across the US, and even worldwide (Liu
et al. 2020). In the US, ridership dropped to 20% of pre-
pandemic levels in April 2020 but has since rebounded to
more than 70% of pre-pandemic levels (Kahana and Dickens
2023). With the continued rise of new modes and mobility
services, as well as the increasingly imminent threats of dis-
asters or extreme events like the COVID-19 pandemic, there
is an imperative to understand passenger behavior and travel
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patterns. This understanding is crucial to guiding planning
and response efforts, consistently meeting ridership demand,
and promoting public transportation usage.

Passengers in public transportation networks have unique
travel patterns and characteristics that transit agencies have
typically captured using surveys. However, survey data often
suffer from bias due to small sample sizes and can quickly
become outdated. Conducting surveys can also be resource-
intensive (Ben-Akiva and Morikawa 1989; Cui 2006). Auto-
mated fare collection systems (AFC) offer a more efficient
alternative, collecting extensive data including boarding
location, time, faretype, and demographics (Sun and Xu
2012). Stored daily and anonymized, these data allow for
large-scale tracking of passenger activity. However, tran-
sit agencies often lack the tools to collect and effectively
analyze this wealth of information, hindering their ability
to adapt to changing demands and constraints (Zhang et al.
2018; Chen et al. 2020; Zhang 2022).

Notably, smaller transit agencies often lack access to the
extensive data sources available to larger ones. Thus, we pre-
sent an analytical framework that leverages noisy boarding-
only mobile ticketing data for travel pattern analysis, provid-
ing valuable insights into passenger behavior and network
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usage at a reduced cost. Specifically, we utilize the dynamic
time warping algorithm along with hierarchical clustering
to infer and analyze the spatiotemporal trip pattern typolo-
gies of passengers in the Pioneer Valley Transit Authority
(PVTA) bus system. This framework enables planners to
better comprehend passenger behavior, make informed deci-
sions, and optimize resource allocation. Furthermore, we
demonstrate how the inclusion of demographic and faretype
data can enhance equitable planning.

Related Work

In the 1970 s and 1980 s, many surveys highlighted the
shortcomings of transit models focusing on aggregate
demand at the zonal level rather than diverse person-level
day-to-day demand patterns (Manley et al. 2018; Jones and
Clarke 1988; Pas and Koppelman 1986; Pas 1987). Addi-
tionally, several studies have indicated the richness, com-
plexity, and importance of capturing person-level patterns
(Manley et al. 2018; Hanson and Huff 1986, 1988; Zhong
et al. 2015; Primerano et al. 2008), which can be obtained
by analyzing user activities spatiotemporally, i.e., through
time and space (Manley et al. 2018).

Over the past few decades, automated fare collection
(AFC) systems, particularly those based on smart cards and
mobile devices, have revolutionized the analysis of travel
patterns in public transportation by collecting detailed high-
resolution spatiotemporal data (Manley et al. 2018). AFC
systems have been increasingly used for inferring certain
aspects of passenger behavior, such as station demand, trans-
fer locations, and desired destinations (Mohammed and Oke
2023). In particular, those patterns have been inferred in
the form of origin—destination (OD) matrices based on a
variety of data sources, including surveys, mobility traces,
and observed counts, using various methods, such as maxi-
mum entropy (Ait-Ali and Eliasson 2019; Ge and Fukuda
2016), Bayesian inference (Hazelton 2010), maximum like-
lihood (Navick and Furth 1994), and optimization models
that identify transfers and approximate network-level OD
flows (Liu et al. 2021). Trip chaining is the most commonly
used method for inferring passenger behavior through OD
matrices. It primarily utilizes AFC data to support planning
and operations by leveraging economically collected, high-
resolution data. This method helps in estimating the number
of passengers boarding and alighting at each bus stop, either
at the route level (Alsger et al. 2015; Wang 2010), or across
the entire network (Cui 2006; Gordon 2012).

Other aspects of user behavior, such as passenger spati-
otemporal patterns, are not collected by AFC systems and
cannot typically be derived from OD matrices. To address
this gap, several sophisticated techniques have been devel-
oped over the years for analyzing and extracting meaningful
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insights from passenger spatiotemporal patterns. These tech-
niques encompass a range of methodologies, including pat-
tern prediction, change detection, and clustering, and often
employ advanced machine learning algorithms to infer the
underlying trends and characteristics in the data (Shi and
Pun-Cheng 2019). Examples of these spatiotemporal pat-
tern detection methods in the literature include: dynamic
aggregation of movement data (Rinzivillo et al. 2008), deep
embedded clustering (Asadi and Regan 2019), Moran’s /
method of spatial autocorrelation with kernel density func-
tions (Prasannakumar et al. 2011), support vector regression
(Asif et al. 2014), negative binomial regression (Hochmair
2016), temporal Fuzzy C-Means (FCM) clustering (Sun
et al. 2018; Zhong and Sun 2022), and K-means clustering
(Song et al. 2019; Sanaullah et al. 2021; Chen et al. 2019).
Generally, clustering methods are some of the most widely
used (Shi and Pun-Cheng 2019).

Spatiotemporal clustering involves the grouping of tra-
jectories based on similarities in their features. Clustering
methods include distance-based, density-based, visual-aided,
and micro clustering methods (Kisilevich et al. 2010; Man-
ley et al. 2018; Giannotti et al. 2007; Shi and Pun-Cheng
2019). Similarities are computed using distance metrics
based on different trajectory properties, such as origins,
destinations, start and end times, or even routes (Rinziv-
illo et al. 2008). Spatiotemporal distance algorithms range
from the very simple ones that compute the average Euclid-
ean distances between coordinates and the absolute time
between each trajectory’s start and end (such as common
source and destination), to the highly complex methods that
incorporate a comparison of routes taken as well. However,
the high dimensionality of the data and the sparsity of the
time series can lead to challenges, such as in computational
performance and accuracy. In spite of these issues, cluster-
ing still proves popular due to its simplicity and its ability
to yield highly interpretable results.

In public transportation applications, specifically, some
efforts to analyze travel patterns simply compute statistics on
existing data using predefined passenger groups (Shi et al.
2020; Nishiuchi et al. 2013; Shao et al. 2019). Typically,
demographics are used. These approaches are less time-
consuming and can still yield important behavioral insights,
especially when relevant variables are available in the data.
Other implementations have used automated fare collection
(AFC) data along with clustering methods to extract spatial
and temporal features of passengers for pattern analysis. For
instance, some studies clustered spatial and temporal pat-
terns using Poisson and Gaussian mixture models (El1 Mahrsi
et al. 2017; Briand et al. 2017), while others have employed
the Density-Based Spatial Clustering of Applications with
Noise (DBSCAN) algorithm to detect historical travel pat-
terns with rough-set theory (Ma et al. 2013) and to discern
differences between regular and irregular travel (Manley
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et al. 2018), and others have used unsupervised learning
algorithms to study commuting trips based on GPS data
(Costa et al. 2023). Additionally, K-means clustering, which
necessitates specifying the number of clusters, has been
employed by some researchers (Zhao et al. 2014; Inmook
2019; Zhao et al. 2017; Ma et al. 2013; Agard et al. 2013).
Recent developments include the application of hierarchical
clustering with cross-correlation distance to time-series data
for classifying daily transactions of public transit smart card
users (He et al. 2020), the adoption of clustering techniques
to analyze smart card data focusing on station-oriented com-
mute space patterns (Yong et al. 2021), and the introduction
of a novel modulated spatiotemporal clustering tool that ana-
lyzes smart card data by controlling the relative influence of
space and time (Decouvelaere et al. 2022).

The aforementioned methods typically require extensive
data collection and significant computational resources,
which can be expensive and time-consuming. Furthermore,
some of these methods may not be suitable for regional bus
networks, where data availability and the network scale can
pose unique challenges. Thus, there is a need for methods
that are cost-effective and efficient in performing travel pat-
tern analyses in such networks.

We address this gap by developing a framework for ana-
lyzing travel patterns in a regional bus network based on
clustering anonymized passenger boarding activations on a
mobile platform. Our contribution is significant in two ways.
First, we have a minimal number of variables compared to
the more detailed information available from smart card
datasets used in larger bus systems. Second, we applied a
recent innovation in computing dissimilarity between sparse
time series observations—the AWarp algorithm (Mueen
et al. 2018). Our approach demonstrates the viability of clus-
tering techniques for transit agencies that have noisy mobile
boarding ticketing data such as the one used here.

Data and Methods

In this section, we present the case study network and the
data used for our analyses. We then provide the approaches
used to infer the origins of trips, including the greedy

Bus schedules

matching approach and the DBSCAN spatial clustering
approach, and compare them to assess their effectiveness.
After identifying boarding stops, we construct passen-
ger activation time series, encompassing the chronologi-
cal sequence of passenger activations, including boarding
locations and timestamps. These data are then subjected to
dynamic time warping and hierarchical clustering for the
identification of distinct passenger typologies. The entire
framework, from data input and processing to typology iden-
tification, is shown in Fig. 1.

Case Study Area

The Pioneer Valley Transit Authority (PVTA) bus network
in the western Pioneer Valley region of the US state of Mas-
sachusetts served as our case study. Founded in 1974, the
PVTA is the state’s largest regional transit authority, serv-
ing 24 communities in Hampden and Hampshire counties.
Its service area spans over 600 square miles and covers a
population of about 600000. The network includes 186 buses
operating on 36 routes with 1811 bus stops (PVTA 2023).

The PVTA employs an entry-only automated fare collec-
tion (AFC) system with a flat fare structure, facilitated by a
mobile ticketing application introduced in July 2020. At the
time of the study, only a small percentage of PVTA passen-
gers (10-12%) were using this system. The system requires
passengers to activate their tickets around the time of board-
ing, after which the driver visually verifies them. Passengers
can also make unlimited transfers within the ticket’s valid-
ity period using the application. Notably, passengers may
activate their tickets more than once before boarding, lead-
ing to multiple records in the dataset for a single boarding.
These activations may occur at different locations near the
bus stop, and as such, the recorded activation locations may
not always align with the actual bus stops. This imprecision,
coupled with multiple activations, complicates the task of
accurately pinpointing boarding locations. The dataset used
in this study is anonymized and comprises 3201 unique pas-
sengers with a total of 257000 passenger activations from
July 20, 2020, to March 28, 2021. It includes data fields such
as user ID, timestamp, coordinates, faretype, and an indica-
tor for elderly or disabled passengers (E&D).

and stop
locations
Boarding Passenger 2D sparse . . . .
stop —s/ activation —>| dynamic time —> Hlerarchlcal Trip patt_ern [ _» Analysls_ and
. N N X clustering typologies applications
inference time series warping
Automatic Fare
Collection (AFC)
Fig. 1 Methodological framework for the spatiotemporal analysis of bus ridership
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Figure 2 illustrates the distribution of activation locations
in juxtaposition to bus stops. Notably, the activations are
not just dispersed over an extensive geographic area, but
also appear in locations with no adjacent bus stops. Where
activations are close to bus stops, they are often erratically
scattered, at times closer to multiple stops or nearer to an
unintended stop rather than the actual one. The resulting
noise and duplication require algorithms for cleaning and
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Fig.2 Map of bus stops and user activations in the Pioneer Valley
Transit Authority network from July 2020 through March 2021

Fig.3 Hourly distribution of
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accurately assigning activations with the corresponding bus
stops. Additionally, the hourly fluctuations in passenger acti-
vations, which follow the anticipated morning and afternoon
peaks, are depicted in Fig. 3.

Boarding Inference

We began by inferring the boarding locations of trips from
the noisy mobile ticket activation data. This involved assign-
ing individual activations to bus stops since the data did not
include information on origin stops. Generally, passengers
activate their tickets around the time they board the bus,
marking the start of a new trip segment. However, tickets
can be activated at any time and place, which may result in
false activations. Our goal was to use the recorded locations
of activations to determine the boarding stops, filtering out
false activations.

We evaluated two methods to assign activations to stops:
(a) spatial clustering-based assignment, and (b) greedy
distance-based assignment. The spatial clustering method
groups activations based on their density, while the greedy
distance-based method assigns each activation to near-
est stop, which is simpler and more computationally effi-
cient. We used the Density-Based Spatial Clustering of
Applications with Noise (DBSCAN) algorithm (Ester et al.
1996) for spatial clustering, which identifies clusters of
nearby observations. DBSCAN requires two parameters: a
minimum number of points (minPoints) to define a region as
a cluster, and a distance threshold (g) beyond which obser-
vations are not considered neighbors. We conducted a grid
search over a range of values, minPoints € {1,2,3,...,10}
and € € {5,10,15,20,25} m, to find the optimal values,
minPoints® = 2 and €* = 15 m, and ran the clustering algo-
rithm on the activations. After excluding noise points (obser-
vations not in any cluster), we matched each cluster to the
nearest stop within a 100 ms to avoid incorrect assignments.
Each activation was assigned to the stop corresponding to its
cluster. In the greedy method, we first computed the distance
from each activation location to every stop, then directly
assigned each activation to the nearest stop within a radius
r =100 m.
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Given the absence of ground truth data for validation,
we compared the methods based on computation time, the
percentage of activations successfully assigned to an active
stop, and the ratio of activation-matched stops to all stops in
the network. These metrics were calculated for the full data-
set over 8 months and were also averaged by month, week,
and day. The comparison is shown in Table 1.

The results indicated that the greedy method consist-
ently assigned a higher percentage of activations to active
stops compared to DBSCAN, particularly when data were
provided at smaller time scales. This is because DBSCAN
requires a certain density of points to form clusters and
removes points not meeting this threshold as noise. In con-
trast, the greedy method uses all points and assigns them
to stops based on proximity. Moreover, the stop matching
rate was significantly higher using the greedy method. This
is because, in DBSCAN, points near multiple stops may be
grouped into one cluster, leading to assignment to only one
stop. We also observed that DBSCAN was faster on small
time scales, but the greedy method was faster on larger
time scales, making it more suitable for our dataset. Conse-
quently, we proceeded with the greedy assignment method
to infer boarding locations.

Passenger Activation Time Series Preparation

We obtained the noisy activation data from the PVTA,
which contained ridership data for the 8-month period
from July 2020 to March 2021, with the goal of using them
to obtain groups of passengers with similar mobility pat-
terns. To render the data suitable for spatiotemporal time
series extraction, we created a longitudinal dataset con-
taining observations of each individual’s activation loca-
tions over the study time period. We aggregated the data at
the 10-min level, meaning only one activation is recorded
if multiple activations occur within a 10-min window.
This choice of a 10-min scale was made based on a bal-
ance between granularity and computational efficiency. A
finer resolution would be computationally expensive and

may not provide substantial additional insights, while a
coarser resolution might obscure important patterns. Thus,
a 10-min scale strikes a balance between capturing the
nuances in passengers’ travel behaviors and being within a
reasonable spatiotemporal radius for more than one activa-
tion point to be considered one, while maintaining reason-
able computational efficiency. Furthermore, it is within a
suitable spatiotemporal radius to consider multiple activa-
tion points as part of the same trip.

The result was a dataset that consists of individual sepa-
rate passenger records that can be clustered. We repre-
sented this dataset as a data tensor, Y € RV*PXT where
N = 3201 is the number of passengers, D =2 are the
dimensions for latitude and longitude, and T = 36684 is
the number of 10-min time intervals in the study period
(from July 20, 2020, to March 28, 2021). The dataset starts
with the first date a passenger activated a ticket. Each sub-
sequent cell contains either the longitude or latitude of the
first activation within a 10-minute period, or a zero if no
ticket was activated. A snapshot of the time series table is
provided in Table 2.

Dynamic Time Warping

Clustering requires pairwise dissimilarities of the obser-
vations, which in this case are passenger time series. To
compute the similarity between time series, we used the
dynamic time warping (DTW) algorithm (Sakoe and Chiba
1978; Salvador and Chan 2007), which was originally devel-
oped as a method for speech recognition. The similarity is
computed by finding the optimal warping curve ¢, that
minimizes the weighted average distortion between cor-
responding elements of a pair of two time-series vectors
¥, € RTi (known as the “reference”) and y, € R (“query”)
whose lengths may vary. The warping curve ¢, specifies
the k = 1, ..., M mappings of elements in y, to those in y,,
where M = max(T,, T,). The DTW distance 6 between time
series y; and y, is thus given as:

Table 1 Performance metrics

. . _ Method Time scale Computation time Boarding inference ~ Stop
comparing the spatial clqstermg (seconds) rate (%) matching
approach to the greedy. dlgtance- rate (%)
based approach for assigning
passenger activations to bus Spatial clustering 8 months 1245.0 60.9 69.4
stop locations in the network Month 265 733 407

Week 6.0 66.6 23.8
Day 0.7 50.8 6.0
Greedy distance-based 8 months 405.0 79.0 83.7
Month 43.8 78.0 58.4
Week 12.0 78.6 40.4
Day 1.7 78.7 16.0
@ Springer
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Table2 A subsample of the

4 ) R 5 Longitude (d = 1)
two-dimensional time series

Latitude (d = 2)

tables representing slices of Time (t) 1 2 3 1 2 3
the data tensor Y atd = 1
(longitude) and d = 2 (latitude). ~ USer (W)
Zcetri(‘)/a\;?il(l;zs indicate no | 0 0 0 0 0 0
2 0 0 0 0 0 0
3 72.5600 0 0 42.1067 0 0
4 0 0 72.5252 0 0 42.8995
5 0 0 0 0 0 0
6 0 72.0009 0 0 42.8495 0
7 0 0 72.5432 0 0 42.1123
3201 0 0 72.4300 0 0 42.5020
o Hierarchical Clustering
6(y1-¥2) = C Z cd(hr(v1,¥2)) ey

k=1

where C is a normalization constant, ¢, is the weighting coef-
ficient in each step and d(+) is a metric, such as the Euclidean
distance function.

Historically used on one-dimensional data, DTW was
later expanded for multiple dimensions (Shen and Chi 2021;
Shokoohi-Yekta et al. 2017). A few methods exist, but we
used the independent approach for multi-dimensional DTW
in which pairwise distances between observations, §,;, are
computed separately in each dimension and then summed,
as follows:

D
51(Yn’ Yn’) = Z 5(yn,d’yn’,d) (2)
d=1

where Y, Y,, € RPXT are multivariate time series matrices
representing activations of a pair of passengers n and n'.

However, DTW can be time-consuming and extremely
inefficient, especially when applied to long and sparse time
series data that contain mostly zeros (Mueen et al. 2018;
Hwang and Gelfand 2018). Thus, we used the AWarp algo-
rithm (implemented in MATLAB), which takes advantage
of sparsity in employing a run-length encoding compres-
sion method that has been shown to drastically outperform
traditional DTW in terms of computation time (Mueen et al.
2018). Additionally, the AWarp algorithm adeptly handles
zeros (missing values) automatically by computing the best
alignment of the time series data while accounting for tem-
poral gaps and adjusting the similarity measure accordingly.
This makes the AWarp algorithm particularly effective in
processing and comparing passenger profiles without requir-
ing explicit handling of the zeros. Ultimately, we obtained
a dissimilarity matrix A € R™" of pairwise distances
between the activation time series matrices Y, and Y, of
the passengers.

@ Springer

We clustered the passenger activation time series to find the
prevailing spatiotemporal patterns in the data using hierar-
chical agglomerative clustering (HAC) approaches (imple-
mented with Python Scikit-learn (Cournapeau 2007)). HAC
allows for an examination of the entire grouping structure.
Thus, it provides a means of choosing the optimal/best num-
ber of clusters without specifying it beforehand. For our
dataset, we found that Ward’s linkage algorithm (also known
as Ward’s minimum variance method) (Ward 1963) gave
the best interpretation. Ward’s algorithm iteratively joins
two clusters C, and C;( by calculating the distance between
each cluster centroid and its members and minimizing the
increase of the sum of squared errors (SSE). The goal is to
minimize the difference between the combined SSE and the
sum of the individual clusters’ SSE, resulting in the opti-
mal pair of clusters to join, C;, ,- The optimization problem

(kK
(Strauss and von Maltitz 2017) is specified as:

GGk
= argmin

C _rt
cocy G+ 1Cy ]

S S 2
Ekk,k’) ”ka _ka, ” (3)
where |C;| and |C,,| are the respective cluster sizes, ||.||?
denotes the squared Euclidean distance, and y and y.  are
the respective cluster centroids.

We examined two cluster quality metrics, namely: the
silhouette coefficient and the Calinski—Harabasz Index, to
determine the optimal number of clusters to extract from the
hierarchical clustering analysis. The mean silhouette coef-
ficient S measures how tightly each observation fits in its
assigned cluster (Rousseeuw 1987). It is defined as:

1 1
oo Tt Zoeey W —9elP g T, o P
B N 1 1
=1 max (7 Zegy 0 =2l g See, 10 =3l

“
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where the first term in the numerator represents the aver-
age distance of the n-th observation to all observations in
the nearest neighboring cluster C;, and the second term is
the average distance of the n-th observation to all other
observations within the same cluster C,. The values range
between —1 and +1, with +1 indicating the best cluster sepa-
ration. The Calinski—Harabasz Index (CH) is the ratio of the
between-cluster and within-cluster variances (Calinski and
Harabasz 1974). It is given by:

" (N - K) Zszl ICilllye, ~Jall?

(&
K-DX, Znee, v = e II? )

where N is the total number of observations in the dataset,
K is the number of clusters, y, is observation # in cluster
Ci, and y, is the centroid of all data points considered as a
single cluster.

Results and Discussion
Spatiotemporal Trip Pattern Typologies

After applying Ward’s method, we obtained the dendrogram
shown in Fig. 4.

We inspected the dendrogram to determine the optimal
number of clusters. Three or four clusters appeared to pro-
vide the most distinct yet interpretable groups. The values
for the silhouette metric and the Calinski—-Harabasz (CH)
Index over different cluster numbers are shown in Fig. 5.

The silhouette score is largely stable for various numbers
of clusters. For the CH index, however, as the number of
clusters increases, the score decreases. A significant drop in
the index was observed for five clusters when compared to
four clusters. Due to the need to have fewer clusters for the
sake of interpretability, we found that four was the optimal
number of clusters to extract. We refer to these clusters as
spatiotemporal trip pattern typologies, namely T1, T2, T3,

— T1

=2
T3

Fig.4 Hierarchical clustering dendrogram of passenger activations trajectory similarities from July 2020 through March 2021 (using Ward’s

method) showing the four clusters (typologies) extracted
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and T4. We provide a summary of all the key characteristics
of the typologies in Table 3.

We investigated the characteristics of these typologies
based on the following outcomes: hourly ridership patterns,
average user time intervals between activations, as well as
weekday and weekend patterns. We also analyzed faretype
usage and investigated trip and faretype patterns across the
typologies using network maps.

Temporal Patterns
User Time Interval Between Activations

The time between each of the passenger’s activations can
reveal the daily average number of trips made by individual
passengers. A shorter average time interval between activa-
tions for a given passenger implies that they have more bus
boardings during a day, and consequently trips, compared
to a passenger with a relatively longer average time interval.
Furthermore, shorter time intervals may also indicate a high
frequency of transfers. We show the distribution of the user

Table 3 Summary of spatiotemporal trip pattern typology character-
istics

average time between activations for each typology in Fig. 6.
Summary statistics are given in Table 4.

In Fig. 6, we observe that T3 has a solitary peak at the
4-hour gap between activations, as demonstrated by the
modal interval (Table 4). Consequently, passengers belong-
ing to these typologies tend to re-board the bus more rap-
idly in comparison to passengers from other typologies. This
suggests a greater transfer rate for passengers within this
typology.

Observations in T1 are concentrated between 9 and 10 h,
which is consistent with normal work hours. This pattern
indicates that passengers from this typology mostly have no
need to transfer and only use one bus to reach their destina-
tions. It also supports the hypothesis that T1 is mostly com-
prised of commuters. T1 also has the lowest average interval
of all the groups. This indicates that a higher percentage of
passengers in T1 use the network more regularly than those
in the other groups.

T2 almost has no peaks and has a modal interval of
12-13 h with an average interval of 33 h. Similarly, T4 does
not have as distinct a peak as T1 or T3. It has a modal inter-
val of 17-18 h and an average interval of 96 h. This indicates

Table 4 Statistics of the passenger average time interval between acti-
vations (rounded up to the nearest hour)

Characteristic T1 T2 T3 T4
Typol M h Median (hrs Modal
Number of passengers 218 836 706 1441 POO8Y can (hrs) edian (hrs) .
Average hourly 5 6 3 3 (hrs)
boardings
Average daily boardings 49 70 15 21 T1 15 14 [9,10)
Average monthly board- 1280 1750 260 490 T2 33 28 [12,13)
ings T3 40 18 [3.4)
Peak ridership 7am. & 4p.m 7am. & 3p.m 4p.m 3p.m T4 96 64 [17,18)
Fig.6 Histograms of the pas-
senger average time interval 0.100- T 0.06 T2
between activations ’
5 5
£0.075 £0.04-
2 | g
©0.050+ 9
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that many passengers in T2 and T4 might not use the bus on
a regular schedule.

Distribution of Hourly Activations

We consider the hourly distribution of activations (rides) per
typology, as shown in Fig. 7. The trends indicate a clear dis-
tinction in travel patterns between the four groups. Typolo-
gies T1 and T2 are characterized by a morning—afternoon
travel pattern. T1 has two equal peaks of 40 activations at 7
a.m. and 4 p.m. T2 has a similar peak at 7 a.m. but a 50%
larger peak of 60 activations at 3 p.m. The morning—after-
noon pattern is most likely indicative of a daily commute. T3
and T4 also have two peaks during the day. The first peaks
for T3 and T4, both with 10 activations, occur at 6 a.m. and
7 a.m. respectively. The second peak at 3 p.m. for both T3
and T4, with 10 and 20 activations respectively. T3 and T4
are different from the other typologies in that they have a
much lower activation count of 10-16 activations (around
75% lower).

Passengers who belong to T2 and T4 also mostly travel
during the evening. This could indicate that many passengers
in these typologies largely use the bus for leisure or other
activities, rather than for commuting regularly to a day job.
We hypothesize that T2 and T4 may include a higher pro-
portion of non-commuting passengers, such as the elderly,
disabled, and children. Additionally, T2 and T4 may also
include students. However, we note that there can be varia-
tions within the student population. Some students may have
schedules that resemble regular commuting patterns, while
others may engage in activities that result in non-commuting
patterns.

Weekday and Weekend Distribution
An investigation of typology travel patterns by day of the

week yields further interesting insights into the behavior of
passengers. Figure 8 shows the weekly pattern of activations

Fig.7 Average hourly ridership 50
by typology

40

30

Activations

20

10

averaged by hour specific to a day of the week (a) and also
weighted by the number of passengers in that hour (b).
Weighting the hourly average activations by the number of
passengers allows us to observe the relative frequency of
passenger ridership in each typology by day of the week.

Figure 8(a) indicates trip volumes for each day of the
week. The patterns correspond, as expected, to those in
Fig. 7. We observe that the hourly average activations are
significantly lower on the weekend in typologies T1 and T2,
compared to the other two.

Observing the passenger—weighted average hourly activa-
tion distribution (Fig. 8(b)), we see that T1 has the highest
average activations per user peaking at 0.24 activations per
hour. It also has regular weekday morning—afternoon peaks.
These observations further provide support for the char-
acterization of this typology as being largely a commuter
typology. Typologies T2 and T3 have a somewhat similar
regularity in usage, with T2 having stable morning—after-
noon patterns. However, T3 does not have uniform peaks
throughout the week. The hourly average for both T2 and
T3 is between 0.05 and 0.10 during weekdays. T4 has the
least average activations per user with a maximum of 0.05
activations per hour, which means that T4 has the fewest
regular passengers, with the peaks being consistently in the
afternoon during weekdays. This further supports our pre-
vious analysis that members of this typology use the bus
infrequently and for activities other than regular commuting.

On Saturdays, T1, T2, and T4 each have a single peak
and significantly lower usage and regularity. However, T3
gains two equal morning—afternoon peaks and retains the
same activation count but with lower regularity. On Sun-
days, all typologies have two peaks with even lower usage
and regularity.

Seasonality Analysis

In this section, we analyze the seasonality and temporal
patterns of the four typologies based on the activation data
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from July 2020 to March 2021. The ridership seasonality
results for each typology are presented in Fig. 9. Seasonal
variations can be observed in the data, reflecting changes
in ridership throughout the year.

In our analysis of ridership seasonality for the four
typologies of passengers, we used an additive seasonal
decomposition method (implemented via the Python mod-
ule, statsmodels (Taylor 2010)). The time series of activa-
tions z, € R” in each typology k is decomposed for each
observation z; , in time ¢ as follows:

oy = Ty Sk, T €1y ©6)

where 7, is the trend component, s, , the seasonal compo-
nent, and e, , the residual component at time .

The observed data for T1 and T2 shows a pattern of ini-
tially increasing ridership followed by fluctuations around
600 activations. This pattern may indicate that both T1
and T2 represent regular commuters, such as workers
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and a subset of students who have schedules resembling
regular commuting patterns (e.g. full-time students with
fixed class schedules). The trend component confirms this
observation, as both typologies exhibit dips before the
start of December and January, possibly reflecting changes
in work or school schedules during the holiday season.

T3, on the other hand, starts with very low activations
and remains at that level until February, after which it rises
sharply. The trend component further supports this observa-
tion, as it shows a steady increase in ridership beginning in
February. This pattern could suggest that T3 represents a
group of passengers whose ridership is influenced by factors
that became prominent around February. Considering the
timing and the sharp increase, T3 might represent a category
of passengers such as seasonal workers or participants in
educational programs and activities that start at this time
of the year.

Lastly, T4 exhibits a pattern of initially moderate rider-
ship that gradually declines over time. This behavior could
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Fig. 9 Ridership seasonality decomposition by typology

indicate that T4 represents passengers who are not regular
commuters, such as shoppers or other occasional travelers.
The trend component shows a decline for T4, which may be
a result of these passengers gradually adapting to alternative
transportation options or reducing their travel frequency due
to external factors.

The seasonal component demonstrates a weekly cycle
for all typologies, highlighting the impact of weekly factors
such as work or school schedules on each passenger group.
On Sundays, activations decrease by around 65% in T1 and
T2, by 60% in T3, and by 55% in T4. The higher dips in
ridership for T1 and T2 on Sundays further support the infer-
ence that these typologies are likely associated with regular
commuters such as workers, who have a more significant
reduction in travel demand during weekends. In contrast, the
lower dips in ridership for T3 and T4 on Sundays, indicate
that these passenger groups potentially represent non-com-
muters such as shoppers or occasional travelers who have
more varied travel patterns and are less influenced by the
weekly work or school schedules.

The residual component indicates that most of the varia-
tion in the ridership data has been captured by the trend and
seasonal components, as the residuals are centered around
zero for all typologies. The average residuals are 0.236,

/\ﬂz\ it
B T N TN e —

it

2020-11

AT

AP AN M Y / WA AARNAAAY

meETSEE. | e
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2020-12
Date

2021-01 2021-02 2021-03 2021-04

—0.014, —0.502, and 0.008 for T1, T2, T3, and T4, respec-
tively. However, T1 and T2 exhibit some high residuals
between December and January, suggesting irregular fluc-
tuations or potential outliers in the ridership data for these
typologies during this period.

Spatial Patterns

To better comprehend the usage patterns of various pas-
senger groups on the bus network and enhance the service
planning abilities of transit agencies, we examine the spa-
tial distribution and trends among different typologies. This
involves studying the geographical distribution of boarding
locations and the intensity of usage across different areas.
We represent the spatial patterns by using heatmaps for each
typology (see Fig. 10), which depict the concentration of
boarding locations. The heatmaps have been generated using
the Python library, Folium (Story 2013).

In T1, Springfield, the major urban center of the region,
has the highest demand, with approximately 5600-5700
passengers boarding at various locations. Flows emanating
from Springfield reveal demand extending to suburban areas,
exemplified by Holyoke and Chicopee to the north, and Lud-
low to the east, which register around 5300, 5600, and 5000
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Fig. 10 Heatmaps depicting the spatial distribution of boardings for
each typology from July 2020 through March 2021

boardings, respectively. This suggests a group that uses the
bus service for extensive commuting within Springfield and
neighboring areas.

T2 shows a similar pattern, with Springfield being the
primary high-demand location. However, there is a notice-
able upswing in demand in Northampton, Holyoke, and
Chicopee, with around 5300, 6700, and 4700 boardings,
respectively. Additionally, Amherst and Hadley, home to the
flagship state university campus—University of Massachu-
setts Amherst (UMass), collectively account for a moderate
demand of around 4100 boardings. This indicates that this
group might be using the bus service for varied purposes,
including commuting and academic activities.

In contrast, T3 exhibits a different pattern. The central
part of Springfield, as well as East Springfield, remain the
principal locations with around 700-800 boardings. The
demand in other areas around Springfield, such as Holyoke
and Chicopee, is significantly reduced compared to T1 and
T2, suggesting more localized travel patterns within Spring-
field. Outside Springfield, the boarding figures dwindle

@ Springer

further; Amherst, Hadley, and Westfield register a mere
200-300 boardings, respectively, implying limited intercity
travels by this group of passengers.

Conversely, T4 presents a more heterogeneous and bal-
anced demand across several areas. Springfield, Northamp-
ton, Amherst, Hadley, Holyoke, Chicopee, and Westfield all
exhibit similar boarding figures of around 1200-1300. This
equilibrium suggests a broad user base with diverse needs.
The comparable levels of boarding across these areas indi-
cate that passengers in T4 are likely engaging in various
activities such as shopping, leisure, and accessing services.

Understanding these spatial patterns can be beneficial for
transit agencies in resource allocation and service planning,
as they reveal distinct trends among the typologies with
regards to how different user groups utilize the bus network.

Faretype Analysis

Examining faretype usage frequency and their distribution
among passengers is important for analyzing the passenger
typologies. The PVTA network offers 12 faretypes, includ-
ing One Ride, Transfer, 31-day Regular, College Pass, Chil-
dren’s One Ride, and options for the elderly and disabled
(E&D).

Frequency of Usage

Figure 11 displays the distribution of faretypes across the
four typologies over an 8-month period.

We observe that the passengers in T2 dominate the usage
of 31-day E&D and 31-day Regular faretypes, constituting
approximately 54% and 39%, respectively. T1 also has a
significant portion of the usage of these faretypes at around
17% and 21% respectively, which reinforces the inference
of the regular commute pattern. Notably, no Children’s
One Ride faretypes are used in T1 and T2. Passengers in T2
account for 44% of the Transfer faretypes, followed by those
in typologies T4 (33%) and T3 (18%). A negligible portion
of passengers in T1 use the Transfer faretypes. However,
at less than 2%, Transfer faretypes constitute a negligible
percentage of the total faretypes used, which could mean
that most people who need transfers regularly use a different
type of faretype.

We also find that the Day Pass and the One Ride faretypes
are predominantly used by passengers in T4, accounting for
around 50% of both faretypes, followed by T2 (around 24%),
T3 (around 19%), and T1 (around 7%). This suggests that
T4 might be associated with passengers who are not regu-
lar commuters, possibly using the bus service for leisure or
other activities.

Most bus rides are primarily associated with four fare-
types. Specifically, 46.7% of the total activations are attrib-
uted to the One Ride faretype, 25.7% to the Day Pass, 8.5%
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Fig. 11 Typology distribution in each faretype. Each bar is annotated with the faretype usage frequency across all activations

to the 31-day Regular, and 7.2% to the 7-day Pass. The One
Ride faretype, being the most prevalent choice, suggests that
a substantial number of bus rides are single-trip journeys.
The notable preference for the Day Pass, constituting 25.7%
of activations, indicates that a significant portion of bus rides
are likely part of multi-destination trips within a single day.
The 31-day Regular and 7-day Pass, accounting for 8.5%
and 7.2% of activations respectively, are probably favored
by regular commuters who rely on the bus network for their
daily transportation needs over longer periods.

Further analyses of faretype usage across the typologies
can provide insights to effectively target relevant groups to
increase the usage of a particular faretype. The typology
analysis can also facilitate the modification of existing fare-
types or the design of new ones to potentially increase bus
ridership in the network.

Temporal Faretype Patterns

We analyzed hourly usage by faretype (Fig. 12) to infer the
activities of passengers with the most prevalent patterns in
each typology. In T1, the 3/-day Regular faretype mostly
used by commuters was the only faretype with a morn-
ing—afternoon peak pattern that coincides with the peaks
we observed in Fig. 7. Other faretype patterns in T1 were
negligible.

In T2, the 31-day Regular faretype passengers had a
morning peak that was not matched by an afternoon one.
Passengers in this typology are thus likely to be commut-
ers with a fixed morning shift. The second most frequently
used faretype was the 3/-day E&D for elderly and disabled
passengers, which peaks at 7 a.m. and continues at a steady
demand level until 4 p.m. This indicates that T2 poten-
tially comprises significant numbers of elderly or disabled

passengers, along with those who do not use the bus to com-
mute for full-day working hours.

In T3, the most frequently used faretype was the 3/-day
Regular with morning—afternoon patterns. T3 is also the
first to have any Children’s One Ride faretypes used. It likely
comprises regular commuters who have a fixed afternoon
shift, as opposed to the fixed morning shift in T2, as well
as many other passengers who use the bus less regularly but
have similar spatial patterns.

Finally, there were two major peaks in T4 of 8 and 12
activations from passengers using the One Ride faretype at
10 a.m. and 2 p.m., respectively, and one peak of 7 activa-
tions at 12 p.m. from passengers who use the Day Pass. It
also had a peak at 2 p.m. by College Pass (Spring) faretype
users. This typology is characterized by non-uniform pat-
terns and non-commuting parties.

Spatial Faretype Patterns

In order to analyze the spatial distribution of faretype usage,
we plotted all trip trajectories within the study period to
detect major patterns across the typologies (Fig. 13). In T1,
the 7-day Pass is mostly used outside eastern Springfield
while the Day Pass faretype is mostly used inside eastern
Springfield. In T2, the One Ride is the most frequently used
faretype in eastern Springfield, while the Day Pass and 31-
day Regular faretypes are used for long travel. T3 has a simi-
lar pattern to T2 in that the Day Pass faretype is used mostly
for long travel, while the 7-day Pass and One Ride are the
dominant faretypes in eastern Springfield. In T4, the most
used faretypes are the Day Pass followed by the One Ride
faretype with 93% of the total usage. They are also used less
inside Springfield and more for longer trips.
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Fig. 12 Average hourly activations by typology and faretype

Summary

We have demonstrated the capability of detecting distinct
trip pattern typologies using only noisy activation data from
a small group of passengers of a regional bus network. To
infer origins (boarding locations), we compared the perfor-
mance of a spatial clustering approach (via DBSCAN) to
that of a greedy assignment based on the nearest distance.
The greedy approach performed consistently better across a
range of time horizons and successfully inferred the board-
ing stop locations of 86% of the activations in the dataset.
We then generated a dissimilarity matrix of pairwise sepa-
rations between the time series of each passenger via the
AWarp dynamic time warping algorithm for aligning sparse
time series. We then conducted hierarchical agglomerative
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clustering using the Ward method to discover the prevail-
ing trip patterns based on the activation time series of the
passengers. This resulted in four spatiotemporal trip pattern
typologies.

For T1, the patterns suggest that the majority might be
regular commuters, based on consistent time activations and
significant usage of the 3/-day Regular faretype. T2 appears
to comprise a mix of individuals, including some who may
be morning workers with unfixed work shifts, and possibly
regular elderly or disabled travelers, as inferred from the
variability in morning activation times and consistency in
other time slots, as well as the dominance in the usage of the
31-day E&D and 31-day Regular faretypes. T3’s characteris-
tics seem to suggest that it may be composed of workers with
a fixed shift start or end time in the afternoon, but no fixed
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Fig. 13 Spatiotemporal trajecto-
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shift in the morning. This is inferred from the consistency
in the afternoon activation times, variability in the morning,
and the usage of the 31-day Regular faretype. T4 appears to
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be the most diverse group, possibly consisting of individu-
als such as students with irregular schedules and shoppers,
which is inferred from the lack of regular daily patterns in
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activation times, and the predominant usage of the Day Pass
and One Ride faretypes.

We note that the characterizations of the groups T1, T2,
T3, and T4 are tentative and based on the patterns observed
in the activation times and faretypes. We cannot definitively
conclude the exact composition of these groups. The infer-
ences are made based on patterns that emerge from the data
and further research with socio-demographic data might be
needed for a more conclusive characterization.

Conclusion

In this paper, we used mobile ticketing data to analyze spa-
tiotemporal travel patterns in a regional bus network. Our
case study was the Pioneer Valley Transit Authority bus net-
work in the US state of Massachusetts. The data consisted
of timestamped location-based activations collected via a
mobile application—a class of automated fare collection sys-
tems—which are required prior to or slightly after boarding
a bus on this network. We addressed two areas of inquiry:
passenger origin inference and trip pattern analysis. Our
method yielded four spatiotemporal trip pattern typologies.

Our approach to analyzing mobility patterns gave dis-
tinct results in the absence of high-cost surveys and provided
valuable insights into travel behavior across the network,
which can inform decision-making by urban planners and
policymakers in the Pioneer Valley region. These insights
may help to identify areas in need of service improvements
or adjustments, leading to more efficient resource allocation
and better overall service quality. By relying on data-driven
analysis rather than traditional assumptions, this research
demonstrates the potential for more informed and targeted
decision-making in public transportation planning.

Given the diverse profiles and characteristics of transit
systems across the world, the analyses of travel patterns,
either on systems yet to be studied or via novel methods in
prior study areas, will continue to yield important insights.
In particular, the introduction and adoption of new modes
of transportation (such as micromobility), mobility services,
and technologies will likely continue to disrupt travel pat-
terns and behavior, as well as produce larger datasets. These
trends motivate the need for continued research and innova-
tion in this area. Ultimately, we expect that our findings can
serve as a basis for further research on trip patterns in bus
networks with sparse mobile ticketing information. Given
the technological and budgetary constraints in implement-
ing automated fare collection systems, greater efficiency and
parsimony will be required to provide planning insights for
effective management and targeted service improvements,
which in turn should serve to mitigate the decline in public
transportation ridership.
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