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information and personal communications technology, transit OD estimation methods
have evolved from relying on limited survey sources to automated big data sources.
Innovative modeling approaches have also been developed over several decades to esti-
mate trip ODs, not only for single routes, but also for full networks, including transfers.
In this paper, we synthesize a review of the state of the art in research and practice, along
Origin-destination inference with descriptions of key data types and methodological approaches, indicating how they
Trip chaining interact. We also discuss current research gaps and opportunities for further innovation.
Automated data collection systems This review provides a comprehensive resource that should facilitate the application of
these methods to various transit systems, thus enabling planners and policymakers to gain
insights from new and improved model estimates in various transit systems.
© 2022 Tongji University and Tongji University Press. Publishing Services by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/
licenses/by-nc-nd/4.0/).

Keywords:
Transit

1. Introduction

Mass transit is a critical component of sustainable mobility, as it is energy-efficient and has a lower emissions footprint
than other modes of transportation. With increased usage, mass transit can potentially reduce dependence on private vehi-
cles and thus mitigate their environmental impacts (Deakin, 2001; Beaudoin et al., 2015). Transit adoption can be encour-
aged by effective planning and improved integration with active mobility and on-demand modes, which could further
reduce travel and waiting times, thus making the service more attractive to passengers (Peterson, 2007; Miller et al.,
2016). Origin-destination (OD) models are essential for such planning, as they provide spatio-temporal trip estimates which
enable planners to understand which modes people use, how long they travel, and where they go. This leads to effective
management and resource allocation and, ultimately, more efficient transit systems. We can also expect an improved overall
quality of life, reduced greenhouse gas emissions, and lower energy consumption, among other economic benefits (Henke
et al., 2020). Together, these outcomes can contribute to widespread adoption of mass transit, thus leading to sustainable
mobility (Miller et al., 2016).

Since the late 1970s, various approaches and modeling frameworks have been developed to estimate OD flows in trans-
portation networks (Wilson, 1970; Low, 1972; Robillard, 1975; Willumsen, 1978; Ben-Akiva et al., 1985; Ben-Akiva, 1987).
In all cases, ground-truth data were obtained from surveys or other manually collected samples, which are laborious and
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expensive to assemble. Recently, the advent of automated data collection systems (ADCS), along with modern mobile com-
munications, has generated big datasets at various resolutions that now make it possible to estimate public transportation
flows with greater accuracy. Instead of relying on small survey samples with low spatial or temporal resolution, modern OD
estimation models can utilize big data sources to help planners understand mobility patterns. Beyond route-level flows,
innovative approaches have been developed to obtain complete network estimates, which include transfer information
between routes.

Given the importance of OD modeling for public transportation networks, there remains a dearth of comprehensive
sources that describe the linkage between available data sources and state-of-the-art methods. In this paper, we contribute
to filling this gap by providing a synthesis of the data and methodological approaches to OD estimation for transit systems.
We survey recent technologies and developments, as well as highlight opportunities for future research and applications. We
expect that this review will be valuable to researchers and practitioners, both as a reference and as a guide to further inves-
tigations of case studies or methods of interest.

The rest of the paper is organized as follows. Section 2 provides information about the data sources required for transit OD
modeling. In Section 3, we discuss the major methodological approaches. Section 4 provides an overview of notable recent
developments in various aspects of transit OD estimation. We follow this with a discussion of current knowledge gaps and
future research opportunities in Section 5, and then conclude in Section 6. We summarize the acronyms used throughout
this paper in Table 1.

2. Data sources

We consider two types of origin-destination matrices: route-level OD matrices and network-level OD matrices. Route-
level OD matrices contain the passenger flows from their origin stops to their destination stops along the same route. These
are useful for various planning decisions, such as extending routes or building new ones (Ji et al., 2015). Network-level OD
matrices contain the passenger flows from their origin stops to their destination stops, including transfer stops across mul-
tiple routes. Passengers may transfer one or more times between these stops across routes. These matrices have other ben-
efits such as improving service planning and transit policies as a result of understanding the true origins and destinations of
the network users.

Origin-destination matrices are the primary input for mass transit planning (Wong et al., 2005). In the past, however, OD
matrices were only calculated when a passenger survey was being conducted. Furthermore, surveys were infrequent, due to
their cost, and not always relevant to OD estimation needs (Ben-Akiva and Morikawa, 1989). Thus, up-to-date OD matrices
were not usually readily available (Cui, 2006).

In recent years, there have been rapid advancements in information and communication technologies, which have given
rise to advanced data collection methods. Data sources, such as automatic fare collection (AFC) systems used specifically for

Table 1
List of acronyms used in this paper.
Acronym Meaning
ABM Activity Based Model
ADCS Automated Data Collection Systems
AFC Automatic Fare Collection
APC Automatic Passenger Counter
AVL Automatic Vehicle Location
BE Bayesian Estimation
BODS Bus Origin and Destination Survey
CDR Call Data Records
DBSCAN Density-Based Spatial Clustering of Applications with Noise
FSDP Fast Search by Density Peak
FSM Four Step Model
GHG Greenhouse Gases
GIS Geographic Information System
GLS Generalized Least Squares
GM Gravity Model
GPS Global Positioning System
GSM Global System for Mobile communications
GTFS General Transit Feed Specification
IPF Iterative Proportional Fitting
MBTA Massachusetts Bay Transportation Authority
ME Maximum Entropy
MLE Maximum Likelihood Estimation
oD Origin-Destination
OPTICS Ordering Points To Identify the Clustering Structure
PVTA Pioneer Valley Transit Authority
TFL Transport for London
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mass transit systems, and other sources such as mobile phone data (Zannat and Choudhury, 2019) have become almost ubiqg-
uitous. Such systems can continuously collect, store, and disseminate high resolution big data, which can be exploited to
analyze mobility patterns at much lower costs and in greater detail than was previously possible (Cui, 2006; Nassir et al.,
2011). Moreover, these systems have the advantage of real-time or near real-time data collection. Data sources with these
innovative characteristics have opened up possibilities for dynamic research and improved transit planning (Zannat and
Choudhury, 2019). We describe them in detail below.

2.1. Automated data collection systems

In recent years, the abundance of raw and detailed data, which are collected by automated data collection systems
(ADCS), attracted the attention of researchers and inspired them to create various origin-destination estimation approaches
that use what is called the trip chaining method. This is because ADC systems proved to be very rich and detailed data
sources that are both realistic and up to date. This subsequently led to the development of new methods of inferring the
full-network origin-destination matrix referred to by some researchers as Origin-Destination-Transfer (ODX) models
(Vanderwaart, 2016; Sanchez-Martinez, 2017). By reducing costs of data collection, utilizing larger sample sizes, and
automating the process of these new methods, up-to-date OD matrices can be expected to become available on a much more
frequent basis (Cui, 2006).

The three major ADCS are: automatic vehicle location (AVL), automatic passenger counter (APC), and automatic fare col-
lection (AFC) systems. When all these sources are combined, they provide more accurate and reliable information as they
cover different aspects of the transit network service. There are, however, some challenges involved. It is usually not
intended for these systems to be used together to provide integrated data, as their purpose is not to generate OD matrices.
Thus, to exploit them for OD estimation, these sources require further processing (Zhao, 2004).

2.1.1. Fare collection

Around the world, transit systems have become increasingly reliant on automated fare collection (AFC) systems (Huang
et al., 2020). AFC systems vary in type from smart card to smartphone-based systems. A variety of smart fare card systems
are used by many cities, such as London’s Oyster card, New York’s Smart Link, Boston’s Charlie card, Beijing’s Yika tong, and
Hong Kong’s Octopus card (Zannat and Choudhury, 2019). In these systems, passengers indicate their boarding or alighting
activity via smart card tap-in or smartphone activation, among others, depending on the type of network and the transit
agencies’ policies. Individual passenger information is then collected by the AFC system and stored by the transit operator
(Cui, 2006). AFC systems can be further categorized as:

e Open: Only passenger boardings are recorded; common in areas where fare prices are fixed.
o Closed: Both boardings and alightings are indicated; typical where fares are distance-based.

Wu et al. (2021) provide a thorough review of the use of smart card data for OD estimation.

2.1.2. Vehicle location

The location of vehicles in a network is important for accurate OD estimates. However, the AFC systems in many bus net-
works do not collect spatial information along with payment data. Automatic vehicle location (AVL) systems address this
problem by utilizing GPS data to supplement AFC systems. GPS devices facilitate the collection of payment locations, in addi-
tion to the time recorded by the AFC (Cui, 2006; Zannat and Choudhury, 2019). However, some issues might arise when com-
bining the two data sources. For instance, GPS inaccuracies might lead to incorrect boarding or alighting stop inference. If
AVL data are not available, or if the data are highly inaccurate, vehicle locations can be inferred from alternate sources, such
as transit schedules (Cui, 2006).

2.1.3. Passenger counts

Automatic passenger counter (APC) systems provide spatial and temporal boarding and alighting counts (Vanderwaart,
2016; Cui, 2006). The data are typically collected from sensors installed near vehicle doors, which record passengers entering
and exiting. APC data can also be used to infer the number of passengers onboard a vehicle at a given time.

2.2. Mobile data

As cellular devices have become a very important aspect of most individuals’ lives, large amounts of data are collected by
the telecommunication companies from these devices. Call data records (CDR), which can provide the location of the nearest
cell towers that serve a given user, and global system for mobile communication (GSM) data, which are always being
collected as long as the device is operational, can be leveraged for mass transit planning. While the information they provide
may sometimes be limited to time and location, the size of these datasets allows for the application of data mining
algorithms to infer mobility patterns (Zannat and Choudhury, 2019).
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3. Key methods

Several methods have emerged for OD estimation using big data from ADCS, as a result of its increasing availability. These
approaches can be categorized as traffic modeling-based and statistical inference-based (Wong et al., 2005). Various meth-
ods are used for computing the trip origins, such as spatial clustering based on GPS, time-stamped boardings, bus schedules,
etc. Others are used to estimate trip destinations via trip chaining approaches, such as assumption-based heuristic methods,
neural networks, etc. These result in seed OD matrices, from which route-level and network-level solutions can be obtained.
Transfer inference is required for network-level OD estimates. We describe the key model frameworks for transit OD esti-
mation in the following subsections. Fig. 1 indicates the inputs (data sources), models, outputs, and purposes of OD estimates
in a transit setting. We summarize the notation used throughout this section in Table 2. Notable research efforts in transit OD
estimation are summarized in Table 3.

3.1. General full-network OD matrix estimation approach

A complete estimation of the trip distribution in a given public transportation network requires inference on trip origins,
destinations, and transfers. The inference of trip origins and destinations is typically performed simultaneously. Transfer
inference then identifies the destination stops that serve as transfers to another vehicle for a given passenger. These methods
provide a highly spatio-temporally resolved analysis of network usage than is possible with previous data collection meth-
ods. This offers a complete and reliable picture of riders’ activity and route choices that does not rely on assumptions. It can
also provide planners with specific information about where to target their available resources and make adjustments to
achieve maximum efficiency of the transit network (Vanderwaart, 2016). A general approach for network-level OD estima-
tion involves the following steps (Cui, 2006):

e Obtain a sample of ridership counts (from APC, AFC, etc.), a seed matrix (from AFC, mobile network data, etc.), and transfer
flows (from AFC, etc.).

e Using the boarding and alighting totals for each route and the seed matrix, estimate the route-level OD matrices with
methods such as the iterative proportional fitting (IPF).

o Infer route transfer probabilities from AFC data and use these to estimate the network-level OD matrix.

3.2. Iterative proportional fitting

Iterative proportional fitting (IPF), which is sometimes referred to as bi-proportional fitting, is usually used to estimate a
route-level OD matrix from a seed (base) matrix and the total boarding and alighting counts (marginal totals) (Cui, 2006). A
key advantage of IPF over other matrix estimation methods is that it can be computed easily without sacrificing accuracy
(Ben-Akiva et al., 1985). It is also considered the state-of-the-art method for estimating OD flows from boarding/ alighting
data (Ji et al., 2014).
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Fig. 1. Flowchart of full-network OD estimation methods, required data sources, and purpose of output.
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Table 2
List of mathematical symbols used in this paper.

Symbol Definition

a;, b; Lagrangian multipliers

|Gk number of points in the kth cluster, Cy
D; total trips to destination station j

i origin station index

j destination station index

K number of clusters

L likelihood function

0; total trips from origin station i

Qi,Q; row and column marginal totals

X seed matrix

Xij number of trips from i to j

xg number of trips from i to j in the seed matrix
Xij estimated number of trips from i to j
Xin mean for feature n in the kth cluster
Xn n-th point in cluster Cy

The IPF algorithm is described as follows:

1. Compute marginal totals Q; and Q; for boardings and alightings, respectively, from available data sources.
2. Obtain a seed matrix X from smart card or other AFC data:

X1 X2 Xin
X211 X2 - Xyj

x— | T (3.1)
Xmi Xm2 - Xmn

3. Using the marginal totals and the seed matrix, for each iteration k:
(a) Calculate the scaled updates by row:

I Xf
1 /)
X == (3.2)
Xij

J

(b) Then calculate the scaled updates by column:

k+1

XK
& (33)

+. 1]
Xl_( 2 ]
Xij

i =

1
where xg. is the number of trips between origin stop i and destination stop j (OD pair) in the kth iteration, and Q; and Q;
are the row and column marginal totals, respectively.
4. Repeat above steps until 3~.x; is sufficiently close to Q; and }~x; is sufficiently close to Q;, where %; is the final estimated
number of trips from i to j.

A limitation of IPF is the non-structural zeros problem (Ben-Akiva et al., 1985). It arises when OD pairs with low flow in
the seed matrix are estimated as zero flow cells in the solution. Another issue is that the quality of the seed matrix can sig-
nificantly affect the IPF solution accuracy (Liu et al., 2021). When data are unavailable to generate a seed matrix, a null seed
matrix is typically used. As a result, however, trip estimates may be inflated. To address this issue, Ben-Akiva et al. (1985)
proposed three approaches: resampling, zero-cell augmentation and Bayesian smoothing. More recently, Ji et al. (2014) pro-
posed an iteratively resampled approach, coined “IPF method with an iteratively improved base” (IPF-IB).

3.3. Maximum entropy

In the 1970s, researchers took advantage of data generated from traffic monitoring systems to develop indirect mathe-
matical models. They employed the maximum entropy (ME) principle (equivalent to minimum information) to obtain the
most likely trip matrix estimation based on traffic counts (Willumsen, 1978; Van Zuylen and Willumsen, 1980;
Willumsen, 1981). The underlying hypotheses of these approaches are: first, there is a large number of possible trip distri-
butions, and, second, that the optimal OD matrix estimate is the one that maximizes the total entropy (randomness) of the
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Table 3
Relevant origin-destination estimation research efforts, highlighting key methods, data types and study areas.
Researchers Method Data Mode Study Area/City Dynamic Purpose Level
Alsger et al. (2015)  Trip chaining Smart card Multimodal Queensland, N Planning Route
Australia
Assemi et al. Trip chaining (neural net)  Smart card Multimodal Queensland, N Planning Route
(2020) Australia
Ait-Ali and Maximum Entropy Smart card station Train Stockholm, Y Planning Network
Eliasson (2019) entry Sweden
Chengetal. (2019) Trip chaining, topic model = Smart card Train Guangzhou, China N Planning Network
Cui (2006) Trip chaining, IPF, MLE AFC, APC, AVL Bus Chicago, USA N Planning Network
Fan and Chen Trip chaining Smart card Bus Guangzhou, China N Planning Route
(2018)
Farzin (2008) Trip chaining AVL, AFC Bus Sdo Paulo, Brazil N Planning Route
Ge and Fukuda Maximum Entropy Mobility traces, survey  Train Tokyo, Japan N Planning Network
(2016)
Gordon (2012) Trip chaining, IPF AFC, AVL Bus/Train London, UK N Planning Network
Hazelton (2010) Bayesian Method Stop level counts Bus San Francisco, USA N Planning Route
He et al. (2015) Trip chaining Smart card Bus Brisbane, Australia N Planning Route
Hora et al. (2017)  Trip chaining AFC Bus/Train Porto, Portugal N Planning Network
Huang et al. DBSCAN, Trip chaining AFC, AVL Bus Suzhou, China N Planning Route
(2020)
Kang et al. (2020)  Trip chaining, expansion Smart card, GPS, GIS Bus Tehran, Iran Y Planning Network
factors
Kumar (2019) Trip chaining AFC, AVL, GTFS Bus/Train Minneapolis-Saint N Planning Route
Paul, USA
Lam et al. (2003) Generalized least squares  Observed counts, hist. ~ Bus/Train Kowloon, China N Planning Route
OD matrices
Li et al. (2011) Trip chaining APC Bus Jinan, China N Planning Route
Liu et al. (2021) IPF, Integer programming  AVL, APC Bus Ann Arbor- N Planning Network
Ypsilanti, USA
Liu et al. (2020) Trip chaining Smart card, GPS Bus Shenzhen, China N Planning Network
Luo et al. (2017) Transfer inference, K- Closed system AFC Bus/Train Haaglanden, N Planning Network
means Netherlands
Munizaga and Trip chaining, expansion Smart card, GPS Bus/Train Santiago, Chile N Planning Network
Palma (2012) factors
Nassir et al. (2011)  Trip chaining AFC, AVL, APC, GTFS Bus Minneapolis-Saint N Planning Network
Paul, USA
Navick and Furth IPF, MLE Surveys, stop level Bus Boston, USA N Planning Route
(1994) counts
Nunes et al. (2016)  Trip chaining AFC Porto, Portugal N Planning Route
Sanchez-Martinez  Trip chaining via dynamic ~ AFC, AVL Bus/Train Boston, USA N Operational Network
(2017) programming
Trépanier et al. Trip chaining Smart Card AFC Bus Gatineau, Canada N Planning Route
(2007)
Wang (2010) Trip chaining, expansion AFC, AVL, APC, GIS Bus London, UK N Planning Route
factors
Widyawan (2017)  Trip chaining AFC Bus Jakarta, Indonesia N Planning Route
Wong et al. (2005) Maximum Entropy Traffic counts Multimodal Hong Kong N Planning Network
Wau et al. (2021) Transfer inference, MLE AFC in a closed system Multimodal Seoul, South Korea N Planning Network
Zeng et al. (2014)  Trip chaining AVL, AFC, GTFS Bus/Train New York City, Y Operational Network
USA
Zhao et al. (2007)  Trip chaining, IPF AFC, APC, AVL Train Chicago, USA N Planning Route

system (Ait-Ali and Eliasson, 2019). Following Wilson (2011), the method has gained importance as a modeling and planning
tool. The ME method is viable for estimating flows because of its generalizability and ability to use any information from the
observed flows (Willumsen, 1981).
The objective function in ME is given as (Xie et al., 2010; Ait-Ali and Eliasson, 2019):
“}?XZ (x; log(xy) — xy) (3-4)
iy
where i is the origin station index, j is the destination station index, and x; is the number of trips from i to j. Objective (3.4)
can be subject to several constraints, e.g.:

Z(xij) =Q

J

(3.5)
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This constrained model can be solved by formulating the Lagrangian to incorporate the constraints into the objective
function (augmented Lagrangian method) to find the OD estimates (X;). In this basic solution, the OD estimates can be cal-
culated by:

Qi

(3.6)

where |D| is the number of possible destinations from the origin station. This is a basic solution since it assumes all desti-
nations have the same level of attraction (Ait-Ali and Eliasson, 2019).

3.4. Maximum likelihood estimation

In the maximum likelihood estimation (MLE) approach, we assume that OD pairs in the seed matrix are independent (a
simplifying but not necessarily true assumption) and identically distributed. Each OD pair can thus be considered a random
selection from a hypothetical joint distribution, with the resulting likelihood of all ODs obtained as the joint probability of
the OD pair observations. The estimated OD matrix is then obtained by maximizing the likelihood (Ben-Akiva et al., 1985; Lu,
2008).

Assuming a Poisson distribution for the OD pairs, the probability of observing the number of passengers in any OD pair is
given by:

P(Rj = x3) = (if exp(—*y)) (3.7)

where %; is the estimated number of trips from i to j and xg. is the number of trips from i to j in the seed matrix. The joint
likelihood function, assuming independence, can then be formulated as:

0
L= HH ( exp( x,])> (3.8)
The likelihood function can be subjected to constraints for feasibility, e.g.:
Y X =0, (3.9)
J
> X =D (3.10)
i

where O; is the total trips from origin station i and D; is the total trips to destination station j.
Maximizing the likelihood function under the constraints (3.9) and (3.10) can be done via the augmented Lagrangian
method as follows:

InL® = ZZ—XUH In(%y) — In(x§1)] — ai( ZXU—O qu ; (3.11)

The resulting maximum likelihood estimator can then be written as:
Ry=rr~U (3.12)

where &; is the estimated trips between i and j, a; and b; are the Lagrangian multipliers. As can be seen from the constrained
likelihood function solution in Eq. (3.12), the estimated OD flows are calculated as the seed OD trips divided by the summa-
tion of these balancing factors.

Aerde et al. (2003) proposed a numerical solution to the maximum likelihood synthetic OD problem that can overcome
some limitations of the traditional formulations, such as the computational difficulty, by using only Stirling’s approximation.
Their model is highly efficient and can be implemented on routes without a seed matrix.

3.5. Constrained generalized least squares

The estimation of OD flows %; can also be formulated as a constrained generalized least squares (CGLS) problem. CGLS
was formally described by Theil (1971) and then demonstrated as viable for transit OD estimation by Hendrickson and
McNeil (1984); McNeil and Hendrickson (1985); Ben-Akiva et al. (1985). The approach can be justified by assuming that
an expansion factor f applied to the seed matrix elements xg- provides an unbiased estimate of the true flows x;. The expan-
sion factor fis obtained as the ratio of the total number of trips (the sum of all the boardings, for instance) and the total trips
from the seed matrix X. The CGLS problem can then be written as:
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min (fx° — x)' V1 (fx° — x), (3.13)
where V is the K x K variance-covariance matrix of x°, and constrained as follows:
Rx=r (3.14)

where R is the C x K constraint-incidence matrix and r is the C x 1 vector of linearly independent row and column con-
straints (corresponding to total boardings and alightings). In this formulation, x is expressed as a vector of K origin-
destination flows. Thus, in a system with |O| possible origins and |D| possible destinations, C = |0| + |D| and K = |O] - |D|.
The estimator can then be written as:

& =fx° + VR'(RVR") ' (r — Rx") (3.15)

Bell (1991) later presented an algorithm to solve the GLS problem subject to inequality constraints. In a notable extension,
Xie et al. (2011) proposed a combined ME-LS method that improved accuracy by incorporating elastic, instead of fixed,
demand.

3.6. Bayesian estimation

Bayes’ Theorem gives the posterior distribution of unknown parameters 0 given an observed measurement Y as propor-
tional to the likelihood of the observation and the prior probability of the unknowns p(0). This is typically expressed as

p(0]Y) o< p(Y[0)p(0) (3.16)

In the case of the transit OD estimation problem, the unknowns are the OD flows between stops and are taken as conditioned
on a given observation, such as trip counts/totals, or boarding/alighting counts. The estimates can then be obtained as those
giving the maximum a posteriori (MAP) density. We note that some of the methods earlier discussed are either special cases
of Bayesian estimation (BE) or share a correspondence. For instance, MLE corresponds to the MAP estimate where a uniform
prior is assumed. Furthermore, it has been shown that the method of maximum entropy is a generalization of Bayesian infer-
ence (Giffin and Caticha, 2007).

In BE approaches, closed-form estimates of the likelihood are rarely possible, however, given the size of the problem.
Thus, sampling approaches, such as Metropolis-Hastings (Hastings, 1970) and Markov Chain Monte Carlo (MCMC) (Robert
and Casella, 2011) are typically used to obtain the estimates and their uncertainties. Bayesian methods have been demon-
strated for route-level estimation (Ji et al., 2015), as well as for full-network estimation (Park et al., 2008; Blume et al., 2021).
Several challenges perhaps contribute toward the increased application of BE approaches to transit OD estimation. A well-
documented issue is that of exhaustive OD enumeration required to evaluate the likelihood function. However, this can be
addressed via sampling methods such as MCMC or via the expectation maximization algorithm (Dempster et al., 1977; Meng
and Dyk, 1997; Ji et al., 2015). Another factor, depending on the formulation of the problem, is the requirement of a complete
observation of OD flows in a given snapshot. These data are not always available, however. Addressing this challenge
requires innovations in model formulation and sampling approaches. Blume et al. (2021) provide a recent example of this.

3.7. Trip chaining

Trip chaining is the process of inferring the alighting stop location of each trip that passengers take. This is necessary in
the absence of alighting data for individual passengers from the AFC data, as is usually the case. It is therefore an essential
step in obtaining a route-level seed matrix. In addition, trip chaining is used to infer transfers which helps in assigning trip
legs in order to complete a passenger’s entire trip sequence (journey), and thus integral to building a full-network origin-
destination model.

Trip chaining is commonly implemented as a rule-based heuristic. The algorithm takes individual boarding locations
obtained from AFC and AVL or bus schedule data and creates buffer zones around each boarding location to infer the alight-
ing location that preceded it. Other rules/assumptions specific to the transit system area are also applied (Cui, 2006). Using
the AFC data, transfers can either be inferred based on probabilistic models or by using deterministic criteria within the trip
chaining algorithm. This ultimately results in transfer probabilities that can be used to assign transfer flows across routes in
order to obtain the full-network result.

The potential use of automatic data collection systems (ADCS) to estimate trip chains was investigated by Wang (2010),
who analyzed bus passenger travel behavior in the Transport for London (TFL) network. He predicted boardings and alight-
ings and examined transfer patterns using the trip chaining principles employed in Chicago (Cui, 2006). He was also the first
to validate his results with manually administered surveys (the Bus Origin and Destination Survey data (BODS)). This work
showed the ease of applying the trip chaining method to ADCS data and inferring a network-level OD matrix. An enhanced
method to infer complete passenger journeys in a mass transit system was subsequently developed by Gordon (2012). This
effort provided a solution to the issue of non-representation of passengers who did not use farecards via a modified IPF
method. He also demonstrated that this process could be applied across the entire network and on a daily basis, thus
eliminating the need for small and infrequent samples.
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The typical criteria for trip chaining and transfer inference include the following general assumptions (Alsger et al., 2016):

e Transfer time threshold: This value ranges from 30 min to 90 min.

e Walking distance threshold: Similarly, walking distances can range from 400 m to 1100 m, depending on the area and the
network.

o Last destination: There are two assumptions for inferring the final alighting location of the day. One approach is to assume
that the final alighting location is the same as the first boarding location of that day. The alternative assumption is that
the final alighting location is the closest stop to the first boarding location on the final trip’s route.

3.7.1. Validation of trip chaining assumptions and results

The historical trip chaining assumptions that have guided modeling efforts in recent decades have not been validated in
many cases, or at least not completely. Revisiting and re-validating these assumptions can be challenging, however, espe-
cially in the absence of high resolution data. Nonetheless, when the major trends that emerged in the past several years such
as ride-hailing and micro-mobility services are considered, the need for validation is unavoidable (Shaheen et al., 2020; Palm
et al., 2021).

Big data sources could provide avenues for integrating relevant variables into novel datasets that could enhance valida-
tion efforts (Zannat and Choudhury, 2019). Recently, some researchers attempted to assess some of the trip chaining
assumptions using AFC smart card data in Queensland, Australia (Alsger et al., 2015; Alsger et al., 2016). Findings indicated
that: the assumed allowable transfer time does not have a significant impact on the OD matrix estimates; most passengers
(90%) are willing to walk less than 10 min for transfers; and most passengers return to their first origin of the day. This effort
also yielded an algorithm to generate OD matrices based on individual user transactions.

3.8. Spatial clustering

A problem commonly faced when trying to estimate an OD matrix in a system that has no boarding stop information is
origin inference. Spatial data from the AFC system need to be assigned to the correct stop location. This often requires some
spatial clustering algorithm to obtain the most accurate assignment. Clustering techniques such as K-means clustering,
density-based spatial clustering (DBSCAN), hierarchical clustering, ordering points to identify the clustering structure
(OPTICS), and fast search by density peak (FSDP) clustering (Schoier et al., 2017), can be applied to match AFC data to bus
stop locations (Huang et al., 2020). We discuss the K-means and DBSCAN methods in detail in the following subsections.

3.8.1. K-means clustering

The K-means algorithm (MacQueen, 1967) classifies points or observations into K clusters by minimizing the sum of
squared (Euclidean) distances between the points in each cluster. The method requires the prior input of the number of clus-
ter centers (K).

The objective function of the K-means algorithm can be formulated as:
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where K is the number of clusters, |Ci| is the number of points in cluster Cy, Xy, is the nth point in cluster Cy, and Xy, is the
mean for feature n in the cluster C,. In the stops inference application, the points to be clustered are the locations reported by
the AFC system and K would be the number of stations in the network. The resulting clusters should correspond to the loca-
tion of the stations (Hartigan and Wong, 1979). The location of each centroid might not exactly match the locations reported
by AFC. In that case, each cluster can be assigned to the nearest actual stop location.

3.8.2. Density-based spatial clustering

Density-based spatial clustering (DBSCAN) (Ester et al., 1996) generates clusters by finding regions where observations
are tightly packed. DBSCAN differs from K-means clustering in several aspects. It does not require the prespecification of
the number of clusters as it is designed to discover clusters on its own based on point density. It also discovers and removes
noise from cluster inclusion. This is achieved by specifying the minimum number of points to be considered a cluster (min-
Points) and a distance threshold (¢). DBSCAN takes the value of ¢ and creates a radius around each point in the data. It then
decides, based on the minimum number of points parameter, which points have minPoints in their radius (which translates
into a density threshold). The groups that satisfy this density threshold are then considered clusters. Any points that do not
fall inside these dense areas, as defined by the algorithm, are considered noise points (Sander, 1998).

Due to the limitations of having to specify single values for each of the two parameters in DBSCAN, which may lead to
some clusters going undiscovered, Ankerst et al. (1999) developed the alternative OPTICS algorithm. Rather than depending
on ¢, OPTICS instead finds high density samples based only on minPoints and expands from them. This helps it to identify
clusters with different densities and sizes.
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4. Recent developments

In this section, we discuss recent advances in transit OD estimation, notably in the areas of trip chaining and transfer
inference, real-time estimation, and real-world applications.

4.1. Innovations in alighting and transfer inference algorithms

In many cases, the boarding stop location is not available due to limitations in fare collection systems. An algorithm to
infer the boarding stop by identifying the boarding direction, without relying on GPS or survey data, was developed by
Chen and Fan (2018) in Guangzhou, China. Other researchers applied machine learning approaches (neural networks) for
more data-driven inference (Assemi et al., 2020) and optimization (Liu et al., 2021), both of which do not rely on heuristic
assumptions to estimate trip chains. Hussain et al. (2021) provides a more critical analysis of the recent developments in the
area of transfer inference and OD estimation using smart card data.

4.2. Real-time estimation

Static OD estimation focuses on finding the total trips between OD pairs for a certain period of time (Ait-Ali and Eliasson,
2019). Conversely, real-time (dynamic) OD estimation focuses on transit operations and management by adding a time
dimension to its estimation (Cho et al., 2009). The real-time requirements of this type of OD estimation, such as the limited
computation time available, make it very challenging (Peterson, 2007).

Some algorithms were introduced to solve the challenges of real-time estimation, such as the Kalman filter (Kalman,
1960) and LSQR—an iterative least squares approach via QR factorization (Paige and Saunders, 1982). These two algorithms
were compared by Bierlaire and Crittin (2004) who adopted a least-squares formulation to reduce the computation time for
large scale problems in the U.S. cities of Boston, Massachusetts and Irvine, California.

Other algorithms include: entropy maximization, which Ait-Ali and Eliasson (2019) used to solve the dynamic OD
estimation problem when the available data are only station entry counts; the Local Ensemble Transformed Kalman Filter
used to easily explain the nonlinearity between time-dependent OD flows and traffic data (Castiglione et al., 2021); and
the ‘dynamic transfer link’ network generation method used for automating large-scale planning (Zeng et al., 2014). The
latter proved suitable for high-resolution modeling on a daily basis and was used to infer passengers’ full journeys in
New York City via online calibration of shortest-path models.

4.3. Real-world applications

Rather than improving the trip chaining algorithm, some researchers focused on the applications of network-level OD
estimates. Vanderwaart et al. (2017) used an OD dataset from Boston provided by the MBTA from 2014 to identify service
needs in key locations and suggest new planning techniques. This work demonstrated how OD modeling results can be used
to obtain accessibility and equity outcomes of service changes. Planners can gain valuable information through these
approaches and use them for better decision-making.

Sanchez-Martinez (2017) developed a dynamic programming model based on a generalized disutility minimization
objective to estimate the path that a passenger will most likely take. This model, contrary to earlier ones, takes into account
the effect of the number of transfers on path choice and the time spent waiting for or inside vehicles. It is currently being
used to infer OD matrices in Boston, Massachusetts, with better results than previous efforts.

5. Opportunities for further research

There is a pressing need to develop full-network transit OD models that are readily deployable to various cities and
regions worldwide. To facilitate these developments, further investigations that harness the latest statistical and machine
learning innovations using big data on operational and passenger behavior are required. In an age where disruptive events
are increasingly imminent, insights gained in these areas can improve planning efforts. We highlight these research avenues
below.

5.1. Integration of new technologies

The rise of big data and advanced mobile technologies has yielded opportunities to exploit new sources of information
(e.g. mobility traces, social networks) for potentially more efficient and accurate models. Ongoing developments in machine
learning and network science are well poised to harness these developments to enhance the inferential capabilities of OD
models. There is also an opportunity for innovation in survey methods via mobile applications and social media, in order
to more readily obtain validation data. Furthermore, novel methods for survey data integration with ADCS can be developed
for more robust and explainable OD estimates.
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Fig. 2. World map indicating the cities that have served as study areas for origin-destination modeling research efforts between 1994 and 2021.

5.2. Incorporation of user behavior

The methods used for OD estimation in practice also often do not take in consideration user preferences for routes and
transfers. Different demographics with differing behaviors can affect the accuracy of the model predictions (Assemi et al.,
2020). Also, current methods assume the same usage of the transit system by all users and only scales the results obtained
from the ADCS. However, passengers who do not use the AFC system could have different patterns from those who do.
Models that capture heterogeneity across various groups can provide more detailed insights and analyses, and can be
particularly useful for investigating equity concerns (Wu et al., 2021).

5.3. Inclusion of developing countries

Finally, the planning capabilities afforded by OD models could have significant impacts in developing or emerging econo-
mies, where transit usage is on the decline and car ownership on the rise (Stead et al., 2017). Yet, as seen in Fig. 2, there are
significantly fewer studies in these countries. Future research efforts in emerging nations could harness big data available
from cellphones to estimate OD models for improved planning. The potential for increasing transit ridership as a result could
yield significant benefits for the environment.

5.4. Other research gaps
The following topics can also benefit from further research:

e The impact of AFC system type: The difference between tapping at boarding only, at boarding and alighting, or at alighting
only can affect the assumed values and the methods that should be used for estimation.

e Use of fixed versus dynamic trip chaining assumptions: More research on using a variable value based on bus schedule,
land use, station, etc., instead of a fixed value for the trip chaining assumptions is needed to increase the accuracy of infer-
ence. A non-residential area, for example, is less likely to be the last destination of the day.

o The effect of new transit services: Emerging transit services, such as ride-sharing and bike-sharing, could impact the
transfer assumptions (Assemi et al., 2020), especially in networks where the accessibility to mass transit facilities is lack-
ing. This can prevent the model from providing any meaningful full-network OD estimation. The effect of these needs to
be investigated and incorporated into future models.

o Impact of disruption on transfers: A delayed transfer due to congestion, high demand, or other disruptive events, can lead
to wrong inference in models where the transfer delay threshold is lower than that caused by the disruption. Disruptions
could also affect the traveled distance, route choice, and type of vehicle used for the transfer which lowers the model’s
planning capabilities (Hussain et al., 2021).

6. Conclusion

The theory and practice of OD inference have been refined over the past few decades in order to aid planning and
decision-making efforts in various transit systems. In this paper, we have given a comprehensive review of the background,
required data sources, and the state-of-the-art methods for estimating OD models. Given the importance of public
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transportation for sustainable urban and regional mobility, OD approaches will continue to remain critical to serving plan-
ning and demand-response needs. Thus, we expect that the modeling approaches detailed here would be useful as starting
points for future researchers and practitioners to expand on current methods and gain novel insights by applying them to
new transit systems worldwide.
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