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Abstract

Origin-Destination matrices (ODms) are a fundamental input for public transport plan-
ning and optimization, as they characterize travel demand across a network. Traditionally
estimated from user surveys, ODms are now increasingly inferred from large-scale auto-
matically collected data, such as Automated Fare Collection (AFC), Automated Passenger
Counting (APC), and Automated Vehicle Location data (AVL). This review focuses on the
reconstruction of static ODms in public transport systems, while accounting for studies
that exploit dynamic or short-term observations when these are used to infer static or
quasi-static demand patterns. We provide a transversal synthesis of OD estimation ap-
proaches by jointly analyzing data sources, modeling assumptions, uncertainty handling,
and validation strategies. A structured comparative table summarizes representative case
studies across different data contexts, objectives, and methodological families. Beyond a
descriptive overview, this review identifies key research gaps, including the lack of un-
certainty-aware benchmarking frameworks, the limited propagation of uncertainty across
modeling stages, and the strong dependence of reported performance on data quality and
validation references. These findings highlight that OD estimation performance is context-
dependent and that methodological choices should be aligned with data availability, mod-
eling objectives, and acceptable assumptions rather than with reported accuracy alone.

Keywords: OD matrix estimation; public transportation; performance indicators;
operational validation; flow estimation

1. Introduction
1.1. Context and Motivation

Efficient management and optimization of public transport systems require a de-
tailed understanding of passenger flows. These flows are commonly represented through
Origin-Destination matrices (ODms), which quantify flows between boarding and alight-
ing locations and serve as a fundamental input for network design, service planning, and
operational analysis. However, obtaining accurate OD information remains challenging
in practice, as direct field surveys are costly, time-consuming, and often limited in spatial
and temporal coverageTo overcome these limitations, a growing body of research has fo-
cused on estimating ODms from partial or indirect data sources. Traditional household
travel surveys are increasingly complemented or replaced by automatically collected
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data, such as automated fare collection (AFC), automated passenger counting (APC), ve-
hicle location (AVL), and household travel survey (HTSD) data. While these sources pro-
vide unprecedented data volume and temporal resolution, they also introduce new chal-
lenges related to noise, bias, incomplete observations, and uncertainty. As a result, ODm
reconstruction has become a complex problem involving data fusion, behavioral assump-
tions, methodological choices, and validation constraints.

Numerous OD reconstruction methods have been proposed, ranging from trip-chain
models and statistical inference techniques to clustering-based analyses and probabilistic
approaches. Existing review papers have provided comprehensive overviews of these
methods, typically classifying them by data sources or algorithmic families. However, de-
spite this growing literature, reported performance levels vary widely across studies, and
it remains difficult to interpret these differences or to determine under which conditions
specific approaches are more appropriate. In particular, the respective roles of data qual-
ity, modeling assumptions, uncertainty handling, and validation references in shaping
reported performance are rarely analyzed in a unified manner.

This review addresses this gap by providing a transversal qualitative synthesis of
static ODm reconstruction methods in public transport systems. While the focus is on
static ODms as modeling objects, the review includes studies that exploit dynamic or
short-term observations when these are used to infer static or quasi-static demand pat-
terns. Rather than ranking methods based on reported accuracy alone, the review explic-
itly links data availability, modeling assumptions, uncertainty profiles, and validation
strategies in order to explain observed performance differences across studies.

In literature, the terms estimation, inference, prediction, and reconstruction are
sometimes used interchangeably, although they refer to distinct problem settings in the
context of OD matrix analysis. In this review, estimation refers to numerical procedures
that assign unknown OD flows or alighting locations by optimizing a cost function under
given constraints. Inference denotes probabilistic approaches that infer latent variables
(e.g., alighting stops or OD flows) as random variables, typically through posterior distri-
butions conditioned on observed data and behavioral assumptions. Prediction is used
when models are trained to forecast future or unseen OD patterns based on historical ob-
servations, often in a short-term or dynamic setting. Finally, reconstruction refers to the
overall process of assigning missing trip components (such as alighting locations) and
aggregating individual trips into a consistent OD matrix, regardless of whether estima-
tion, inference, or prediction techniques are used.

Throughout this paper, the term OD matrix reconstruction is used as an umbrella
concept encompassing these complementary approaches, while distinctions are made ex-
plicit when necessary.

In open systems, only boarding events are observed, while alighting locations are
latent. Numerical estimation methods assign alighting stops by optimizing a cost function,
probabilistic approaches infer their posterior distribution given behavioral assumptions,
and learning-based models predict them from observed patterns. Once alighting stops are
assigned, regardless of the underlying mechanism, the individual trip chain is recon-
structed and contributes to the reconstructed ODm.

Based on this analysis, the review seeks to answer the following research questions:

e How do different data sources influence the types of uncertainty affecting OD esti-
mation?

¢ How do modeling assumptions and validation references shape reported perfor-
mance?

e  Under which data and modeling conditions are specific OD estimation approaches
more suitable than others?
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1.2. Review Protocol

Review protocol and study selection: This review follows a PRISMA-inspired work-
flow to ensure transparency and reproducibility. Literature was retrieved using Google
Scholar as the primary search engine (chosen for its broad coverage of journal articles,
conference proceedings, and theses in transport engineering). Searches were performed
between 2010 and 2025, restricted to publications in english, to reflect the widespread
adoption of AFC/AVL systems and standardized supply formats such as GTFS.

Search strategy: The search relied on a set of predefined keyword combinations tar-
geting ODm reconstruction in public transport. The exact search strings are reported in
Figure 1, e.g., («origin-destination» OR «O-D matrix» OR «OD estimation») AND («public
transport» OR «transit» OR «metro» OR «bus») AND («static» OR «single period»).

And the other string was («origin-destination» OR «O-D matrix» OR «O-D estima-
tion») AND («uncertainty» OR «error propagation» OR «imprecision») AND («public
transport» OR «transit» OR «metro» OR «bus»).

Backward referencing (reference lists of included papers) and forward snowballing
(papers citing key references) were used to reduce omission risk.

Inclusion criteria: Studies were included if they:

e Addressed ODm reconstruction or reconstruction for public transport systems
(bus/metro/tram);

e  Used survey data (HTSD), automated data collection systems (AFC/APC/AVL) or
open supply data (GTFS) as inputs;

e  Provided either a methodological contribution, a case study, or a validation frame-
work relevant to ODm reconstruction.

Exclusion criteria: Studies were excluded if they:

e  Focused exclusively on private vehicle traffic without public transport applicability;

e  Addressed only general travel demand modeling without OD reconstruction;

e  Were non-peer-reviewed or lacked sufficient methodological detail, or (iv) dupli-
cated results already reported in a more complete version.

Screening and final corpus. Figure 1 summarizes the literature selection process. The
initial search returned 9860 records for the first query string and 1640 records for the sec-
ond one. While this review primarily focuses on studies published after 2010, a limited
number of earlier works were retained when they constitute seminal methodological ref-
erences that have been widely adopted as baselines or foundational frameworks in sub-
sequent research.

A citation threshold of 150 citations was used solely as a pragmatic indicator of sus-
tained community uptake to identify such foundational contributions. This threshold cor-
responds to approximately 10 citations per year, reflecting continuous scholarly impact
rather than short-term visibility. Applied to the 1680 initially retrieved records, this crite-
rion was used selectively to identify a small set of methodological cornerstones, and not
to privilege older or mainstream studies.

Importantly, this citation-based criterion was not used to prioritize results in the syn-
thesis or to rank methods, but only to justify the inclusion of a limited number of pre-2010
references that remain relevant for interpreting post-2010 developments. To mitigate po-
tential bias toward older literature, the core synthesis and gap analysis are exclusively
based on the post-2010 corpus, while pre-2010 studies are used solely for historical context
and methodological grounding.

Among the pre-2010 references, two categories were considered. First, a small num-
ber of review articles were selected when they provided sufficiently general perspectives
on data sources or methodological families relevant to ODm reconstruction. Second, a
limited set of case studies on ODm reconstruction was included. In these cases, selection
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was based on the relevance of the methodological assumptions, the clarity of the recon-
struction framework, and the interpretability of the reported results, rather than on re-
ported accuracy alone.

While several recent reviews have provided comprehensive overviews of public
transport ODm reconstruction methods, they primarily adopt descriptive classifications
based on data sources or algorithmic families. The distinguishing contribution of this
study lies in its transversal analytical perspective, which explicitly connects data availa-
bility, modeling assumptions, uncertainty handling, validation references, and opera-
tional applicability across methods. Rather than proposing performance-based rankings,
this review explains observed differences in reported accuracy through method—-data—ob-
jective alignment and derives specific, method-driven research gaps. This approach pro-
vides a critical synthesis that complements existing reviews and offers a structured frame-
work for interpreting and selecting OD estimation methods in practice.

Data set Search string Hint
Google (« origin-destination » OR « O-D matrix » OR « OD estimation »} AND (« public transport » OR 9860
scholar « transit » OR « metro » OR «bus » ) AND (« statics OR « single period»)
(« origin-destination » OR « O-D matrix » OR « O-D estimation ») AND (« uncertainty »
GOOQIE OR « error propagation » OR « imprecision ») AND (« public transport » OR « transit » 1640
scholar OR « metro » OR « bus » )
Before 2010 From 2010 to 2025
A
Citation over 150 Data set Search string Hint
Google (4 origin-destination » OR « O-D matrix » OR « OD estimation ») AND (« public transport » OR
d « transit » OR « metro » OR «bus » } AND (« statics OR « single period») 7810
scholar
(« origin-destination » OR « O-D matrix » OR « O-D estimation ») AND (« uncertainty »
G009|e OR « error propagation » OR « imprecision ») AND (« public transport » OR « transit » 1340
scholar OR « metro » OR « bus » )
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Figure 1. PRISMA diagram.

The review article is structured as follows: In the first part, we present the data. In
the second part, the methods and models for constructing the ODm are presented. The
third section zooms in on the output data and performance indicators, both operational
from the perspective of the user and the network operator. In the final section, we con-
clude and present the remaining challenges.

2. Public Transport Data

In this article, we focus on the reconstruction of origin-destination matrices for public
transport (bus, metro, tram). We divided data sources into three categories: data provided
by surveys, Automatic Data Collection Systems (ADCS), and open-access data.
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Figure 2 summarizes the data collection and processing pipeline commonly involved
in public transport ODms reconstruction. Data are generated at the passenger, vehicle,
and network levels and provide partial and complementary observations of travel de-
mand. ODm are therefore not directly observed but inferred by combining these hetero-
geneous sources through modeling assumptions and estimation methods described in

Section 3.
Passenger Vehicle Network
level level level
Y
Y
HTSD AFC APC AVL GTFS
N
Y

Data fusion and
preprocessing

v v v

Synchronisation Aggregation Cleaning

ODm reconstruction

Figure 2. Illustration of the data collection and processing pipeline for public transport OD matrix

reconstruction.

2.1. Surveys

Household Travel Survey Data (HTSD) from field surveys are very valuable because
they closely reflect on-the-ground reality and are therefore highly representative. How-
ever, they have significant disadvantages: high financial and time costs, the need for a
sufficient number of participants to be meaningful, and a focus on metropolitan areas and
fixed periods.

2.2. Data from ADCS
Several types of data are collected automatically by different ADCS systems:

e  APC (Automated Passenger Counting);
e  AFC (Automated Fare Collection);
e  AVL (Automated Vehicle Location).

https://doi.org/10.3390/futuretransp6010045
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APC data corresponds to passenger counting, for example, using infrared sensors at
bus entrances. APC data have the advantage of directly measuring the actual number of
passengers boarding and alighting [1-4] but the disadvantage of not knowing the trip
origin. This type of data is difficult to use alone for ODm reconstruction.

AFC data are derived from ticketing: booking of soft mobility options such as electric
bikes, or validating bus, metro, or tramway tickets. However, this data may vary depend-
ing on the validation system (smart card, smartphone, etc.). Additionally, the information
gathered varies depending on the type of network being studied. In a closed system
(where the fare depends on the trip distance), both boarding and alighting information
are collected. In open networks (where ticket prices are fixed), only boarding information
is retrieved.

An increasing number of public transport vehicles are equipped with sensors such
as odometers or Global Navigation Satellite Systems (GNSS) receivers that allow vehicles
to be geolocated in real time. AVL data therefore contains the location of a fleet of vehicles.
When possible, AFC and AVL data are combined, but unfortunately, due to inaccuracies
and poor synchronization, the deduction of stops is not always reliable.

2.3. Open Data

In conjunction with automatically collected data, open-access datasets such as GTFS
can be used to describe the public transport supply [5]. The GTFS format provides a stand-
ardized representation of network topology, routes, stops, and scheduled timetables,
combining spatial and temporal information on the planned service. As such, GTFS data
are frequently used as a structural reference to locate stops, reconstruct routes, or support
data fusion with AFC, APC, or AVL sources [2,6-10]. However, GTES represents sched-
uled rather than realized operations and may differ from actual vehicle trajectories due to
delays, disruptions, short turns, or operational adjustments. Consequently, while GTFS is
valuable for network representation and consistency checks, it does not constitute ground
truth for passenger movements or service performance and should be interpreted with
caution when used for ODm reconstruction.

Overall, the literature shows that data availability largely dictates OD estimation
strategies. While AFC data dominate recent studies due to their volume and temporal
resolution, they systematically introduce destination uncertainty and user-selection bias.
Survey-based data remain essential for validation but are increasingly impractical at scale,
leading to hybrid approaches that trade representativeness for coverage.

3. Methodology for OD Matrix Reconstitution

The ODm reconstruction can be performed at different spatial and temporal scales.
Matrices can be estimated at various spatial scales: macroscopic (city level), mesoscopic
(neighborhood level), or microscopic (station level). Generally, this estimation is con-
ducted over time scales long enough to exceed the average duration of a trip. This ap-
proach helps mitigate transitional and boundary effects.

Rather than providing a performance-based ranking of OD estimation methods, this
section adopts a thematic perspective structured around modeling paradigms and their
associated trade-offs. The reviewed methods are compared in terms of data requirements,
modeling assumptions, interpretability, scalability, robustness to data imperfections, and
operational applicability. This approach reflects the fact that OD estimation performance
is inherently context-dependent and that no single method dominates all data configura-
tions and planning objectives.

3.1. The Four Step Model
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The Four Step Model (FSM) is a classical model used to predict transport demand in
urban planning. The study area is delineated by a boundary, with the inner part divided
into different Traffic Analysis Zones (TAZ), where modeling and explicit analysis are car-
ried out. Interactions with zones outside the boundary are defined by external stations,
and the models representing these interactions are less complex than those representing
interactions within the boundary.

The internal activity system is defined as the set of socio-economic, demographic,
and land-use data and characteristics that describe the activities and interactions within
the study area for the TAZs. The number of TAZs can vary from a hundred to several
thousand, depending on the data available and the model’s specifics (age, objectives, etc.).
The transport system is represented by network graphs with lines and nodes. The
transport system and the activity system are correlated via connectors between the TAZ
centroids and existing zones on the physical transport network [11,12]. The role and in-
terest of each stage of the FSM are summarized in the Table 1.

Table 1. Overview of the FSM process.

Action Use Interest

Trip generation Area is divided in TAZ

Trips are generated for each TAZ
based on population density, land-
use or household socio-economic
data.

The division allows variations in OD
trips to be captured at a more granular
scale.

Trip distribution

Trip origins are linked
to destinations across
zones using models

To model how journeys are distributed

Creation of trip matrix between across the transport network, consider-

each OD pairs ing the distances and attractions of the
different zones.

Determines the propor-

Mode choice

tion of trips using dif-
ferent modes of

To analyze the mode choices specific to

To show travelers’ modal prefer- _
. . each zone, and to understand the infra-

ences for each origin and destina- .
structure requirements for each mode

tion zone.

transport. of transport.

Routes are calculated for each

Travel between zones is

Route choice

assigned to specific
routes in the transport
network.

mode of transport using princi- To forecast traffic volumes and capacity
ples, and the results show how the requirements on the different parts of
different routes are used by jour- the transport network.
neys between zones.

3.2. Trip Chaining Method (TCM)

Now, we present a technique, the Trip Chaining Method (TCM), which is specific to
the public transportation context. The TCM is used for ODm reconstruction when infor-
mation is missing from the collected data on users’ journeys. For example, in open sys-
tems, we may not know the time or the station where a person alighted. To estimate this
information, hypotheses are used to approximate the data in a logical time-space contin-
uum. One disadvantage of this process is that it requires at least two trip records per day,
making it challenging to assess the uncertainty of network usage reconstruction [2].

To carry out trip chaining, certain assumptions about individual mobility are made:

e  Most passengers start the next trip at or near the point where they got off the previous
trip.

e  Most passengers end their last journey of the day at or near the boarding point of
their first journey of the day.

e  There are distance/time thresholds for inter-stop passenger transfers.

https://doi.org/10.3390/futuretransp6010045
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For additional TCM hypotheses, refer to [13] or consult [6] for a bibliographical study
based on distance/time thresholds.

The TCM is based on simplifying assumptions that lead to approximations and gen-
erate model uncertainty. Some authors have proposed solutions to improve the perfor-
mance of TCM in estimating alighting stops. For example, ref. [7] develop a methodology
to progressively estimate information related to unrecorded alighting stops, taking into
account trip characteristics (continuous travel, non-continuous recurrent travel, non-con-
tinuous non-recurrent travel or route pattern) and using temporal travel models along
with passenger boarding histories based on transit card data. A similar approach is found
in [8] which also proposes a method based on travel histories and AFC data to assign
alighting stops. This method generates travel profiles by counting recorded trips over
time. These profiles are then grouped into different clusters using k-means clustering, and
aneural network is used to associate each cluster with a temporal distribution of boarding
times. Then, based on trip records and travel patterns from previous days, months, or
years, the alighting stop is estimated. In the same article, ref. [8] states that the existing
TCM method succeeded in matching 60% of total trip destinations, while the proposed
method improved this match to 74.9%, additionally associating 37.2% of unmatched trip
destinations. Mobility indices are quantitative measures based on location or navigation
data, used to assess variations in population movement behaviors over time and space. In
their article, ref. [9] evaluate the relevance of using aggregated mobility indices, for exam-
ple Google Community Mobility Reports or Amazon Mobility Trend Reports, along with
traditional data in public transport planning. Along the same lines, ref. [10] conducts an
analysis in this study on the impact of supplementary data, such as link flows, destination
counts, and/or average travel distances, on alighting estimation within the reconstruction
of ODms. The TCM is a method for reconstructing ODm when boarding validation data
is available. This method has limitations due to public transport data and involves uncer-
tainty related to the model’s assumptions. Although it relies on simplified assumptions,
these limitations can be addressed by incorporating emerging data sources into traditional
transport data. Furthermore, this method can be combined with various tools, such as
clustering algorithms or neural networks. We can cite Radfar, in [14] realizes a study that
have leveraged smart card data to reconstruct zonal ODmsthrough enhanced trip-chain
reconstruction models. By processing a full year of transactions, including unlinked trips,
these approaches achieve more accurate origin—destination estimation and reveal detailed
patterns of transfers and trip origins. Such data-driven OD reconstruction frameworks
provide valuable insights for improving public transport planning and operations. Or Cui
in [15] present a short-term OD flow reconstruction in metro systems is challenging due
to data lag, high dimensionality, and data malconformation. To address this, the authors
propose an ST-LSTM model combining temporal feature extraction, spatial correlation
learning, an input-control gate to handle data lag, and a fusion module integrating histor-
ical and real-time information. Experiments on large-scale Nanjing and Beijing datasets
show that the model outperforms existing methods by more effectively capturing spatio-
temporal dependencies.

Despite their widespread adoption, Trip Chaining Methods rely on strong behavioral
and threshold-based assumptions that have direct implications for ODm reliability. The
assumption of spatial continuity between consecutive trips and of a systematic return to
the origin at the end of the day is well suited to regular commuting patterns but becomes
increasingly fragile in the presence of non-routine activities, intermediate stops, multi-
modal trips, or irregular schedules. As a result, OD estimates derived from TCM tend to
be more reliable for habitual users and peak-period travel, while off-peak, discretionary,
or occasional trips are more prone to misclassification.

https://doi.org/10.3390/futuretransp6010045
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Moreover, TCM performance is highly sensitive to the choice of distance and time
thresholds used to link successive trips. Small variations in these parameters can lead to
significant changes in inferred alighting locations and OD flows, yet these thresholds are
often calibrated heuristically and remain context dependent. In most studies, this sensi-
tivity is not systematically analyzed, and the uncertainty induced by threshold selection
is rarely propagated to the final ODm.

Finally, while recent extensions combining TCM with clustering techniques or ma-
chine learning models improve destination inference rates, they do not fundamentally re-
move the dependence on behavioral regularity assumptions. Instead, they tend to shift
uncertainty from explicit rules to data-driven representations that remain difficult to in-
terpret and validate. Consequently, TCM-based ODms should be interpreted as behavior-
ally plausible reconstructions rather than precise ground-truth representations, and their
use in planning or optimization should be accompanied by sensitivity analyses or com-
plementary validation sources whenever possible.

3.3. Data Fusion Methods for Public Transport OD Estimation

The growing availability of heterogeneous public transport data sources, such as Au-
tomatic Fare Collection (AFC), Automatic Vehicle Location (AVL), Automatic Passenger
Counting (APC), and General Transit Feed Specification (GTFS), has led to the develop-
ment of various data fusion approaches for OD reconstruction. Each source provides only
partial and noisy information on passenger movements: AFC captures boardings but
rarely alighting, AVL describes vehicle trajectories with positioning errors, APC data are
often incomplete, and GTFS reflects planned rather than realized operations. Conse-
quently, OD estimation increasingly relies on data fusion methods to mitigate these limi-
tations (Table 2).

Deterministic or rule-based methods typically combine AFC data with GTFS sched-
ules and network topology to infer passenger trajectories or OD pairs. In these ap-
proaches, heuristic rules based on temporal proximity, spatial feasibility, and service con-
sistency are used to assign transactions to routes and alighting stops. Their main ad-
vantages are simplicity, interpretability, and low computational cost.

However, several studies report that these methods are highly sensitive to modeling
assumptions and data quality. Deviations between scheduled and realized services, as
well as noise in transaction timestamps, can significantly affect results. Moreover, uncer-
tainty is not explicitly modeled, limiting robustness when data are incomplete or incon-
sistent.

Probabilistic and statistical approaches address these issues by explicitly modeling
uncertainty and latent passenger movements. OD flows, boarding and alighting events
are treated as random variables inferred from AFC, AVL, and APC observations using
Bayesian frameworks, expectation-maximization algorithms, or state-space models.

These methods have been shown to be more robust to noisy and missing data, par-
ticularly when APC coverage is partial or AVL data are used to correct schedule devia-
tions. Their main drawbacks lie in stronger parametric assumptions, calibration effort, and
increased computational complexity, especially for large-scale networks.

Optimization-based methods formulate data fusion as the adjustment of a prior
(seed) ODm to satisfy constraints derived from observed data, such as passenger counts,
link flows, or capacity limits. Techniques based on maximum entropy or generalized least
squares are commonly used.

These approaches are well suited for network-level OD estimation and ensure con-
sistency with system-wide constraints. However, their performance strongly depends on
the quality of the initial seed matrix, and uncertainty is often treated implicitly rather than
explicitly.
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Learning-based approaches, including machine learning and deep learning models,
have recently been proposed to integrate heterogeneous transit data sources. Multi-input
architectures are used to fuse AFC, AVL, and GTFS(-RT) data, capturing complex non-
linear relationships.

While these methods often achieve high predictive performance in data-rich contexts,
they generally suffer from limited interpretability. In addition, uncertainty quantification
is rarely addressed, which restricts their applicability for planning and policy analysis.

Overall, the literature indicates that no single data fusion approach simultaneously
addresses uncertainty modeling, interpretability, scalability, and robustness to heteroge-
neous data. Deterministic methods favor simplicity, probabilistic approaches explicitly
handle uncertainty, optimization-based methods ensure network coherence, and learn-
ing-based models excel in prediction. The choice of method should therefore depend on
data availability and study objectives.

Table 2. Analytical comparison of public transport ODm reconstruction paradigms.

Method Family Typical Data Sources Main Strengths Main Limitations References
Peterminis— AFC + GTFS (+AVL) Simple, interPretable, low Stror.lg assumpt.iqns, sensit‘ive to [16,17]
tic/rule-based computational cost noise, no explicit uncertainty
o Explicit uncertainty model- . . .
P 1 - P libra-
robal?l '1st1C/sta AFC + AVL + APC ing, robustness to missing arametr%c assumptlo‘ns, calibra [18,19]
tistical tion complexity
data
Optimization-  Seed OD + AFC/APC Network consistency, scala- Dependence on seed matrix, lim- [20,21]
based counts ble ited uncertainty handling ’
tu -li t-
, AFC + AVL + GTFS(- _ Copturesnon-inearpat- —y oo etability, limited un-
Learning-based terns, strong predictive per- . . [22,23]
RT) certainty modeling

formance

3.4. Generic Estimation Technics

In the literature, many methods are used to estimateODms. Classical probabilistic
methods such as Entropy Maximization (EM), Maximum Likelihood Estimation (MLE),
Constrained Generalized Least Squares (C-GLS), Iterative Proportional Fitting (IPF), and
Bayesian Estimation (BE) are commonly used because they yield good results in estima-
tion and can be applied to transport data [13,24-27]. Additionally, algorithms from artifi-
cial intelligence, such as Recurrent Neural Networks (RNN) and its variants, and genetic
algorithms, can also be employed to compute ODm [28-30]. Various filtering methods,
including Kalman filters and particle filters, have also shown good results in ODm recon-
struction [31,32]. All these techniques are well-known and used with different kinds of
data and for various applications, including ODm reconstruction. All these methods can
be used to estimate static or dynamic Odms, for example, Galliani in [33] has proposed a
scalable pipelines to estimate dynamic railwaODmsDm by fusing easily accessible data
sources such as ticket and subscription sales with APC-based passenger counts. By gen-
erating OD seeds from ticket data and refining them through Iterative Proportional Fit-
ting, these methods produce reliable weekly ODm without relying on smart card systems
or costly AFC infrastructures. Such approaches enable network-wide monitoring, anom-
aly detection, and data-driven operational planning, highlighting the growing value of
dynamic OD estimation for resilient and adaptive transport systems.

3.5. OD Matrix Estimation Model

We can categorize the models into two distinct types: on one hand, the explicit mod-
els, or “white box” models, which are based on explainable physical principles; and on
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the other hand, the “black box” models, which are driven by data flows. A structured
representation of this classification is shown in Figure 3.

This classification highlights a fundamental trade-off between interpretability and
flexibility: white-box models favor explanatory power and behavioral transparency,
whereas black-box models prioritize empirical accuracy and adaptability to complex data
at the expense of interpretability.

> Gravity model

Equilibrium approach

Y

> Path-flow estimation based model
White box model ~

( )
| Combined distribution assignment based
d model

.

(
> Multi-vehicul ODm estimation

.

(
> Multi-agent system

. J

( )
> Statistical approach

.

(
> Bi-level programming approach

Black box model

Y

Machine/Deep learning approach

) f
)

Y

Fuzzy based approach
. J

( )
« |Auto Regressive Integrated Moving Average
d

models
\\§ J

Figure 3. Models Classification.

3.6. White Box Model

Model 1: Gravity Model. The gravity model is based on a spatial approach that links
activity zones of varying attractiveness, separated by a given distance [32]. The model
allows for the assessment of interactions between these zones: interaction tends to de-
crease with increasing distances between zones and with decreasing attractiveness. While
the model is simple enough to capture the fundamental principles of the interaction, it
assumes that the travel path is homogeneous. To calibrate the model and estimate the
ODmm, data on inter-zone movements are required [34,35].

Model 2: Equilibrium Approach. In the equilibrium approach, the estimation of ODm
is based on Wardrop’s first principle, which states: “Travel times on all routes are equal
(to each other) and less than the time it would take a vehicle to switch to another route.”
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This implies that each user aims to minimize their transportation cost by choosing the
route that best suits their needs. Equilibrium is achieved when no user can reduce their
journey time unilaterally. This approach is particularly well-suited for accounting for con-
gestion effects [36].

Model 3: Path-Flow Estimation based models. Models based on the trip flow estima-
tor relate the ODm of flows to the proportion of route choices, considering congestion
effects. The central component of this approach is a path choice model, which interacts
with the link cost functions to produce a stochastic equilibrium traffic model for users.
The procedure involves solving a shortest path network flow programming sub-problem,
with a column generation technique used to generate paths. These alternative paths are
then used to determine the optimal solution of the linear programming model [37,38].

Model 4: Combined Distribution and Assignment-based problem. The Combined
Distribution and Assignment (CDA) problem is based on network equilibrium. Specifi-
cally, it involves simultaneously determining the distribution of trips between origins and
destinations—often approximated using a gravity model—and assigning these trips to
routes for each OD pair according to the user’s (deterministic or stochastic) equilibrium
principle [26,35,39].

Model 5: Multi-Agent Systems. A simulation tool can be employed to obtain spatio-
temporal information at various scales from the actions of agents (e.g., people, cars, buses)
that follow specific behavioral rules (tasks). Typically, a cost function (or score) is associ-
ated with the different tasks performed by each agent. Through iterative perturbation of
the system, different configurations can be explored, and convergence is achieved when
the overall score stabilizes. It is also possible to modify behavioral rules during the simu-
lation, such as inter-agent interactions. In dynamic environments, this approach is re-
ferred to as adaptive multi-agent systems [40].

Beyond OD reconstruction, behavioral information extracted from automatically col-
lected data—particularly AFC data—has been increasingly used to infer user preferences
and travel regularities. Repeated smart-card observations enable the identification of ha-
bitual patterns such as preferred boarding times, recurrent trajectories, or route usage,
which are commonly exploited through trip-chain reconstruction, clustering, or probabil-
istic inference. In OD estimation models, this behavioral information is typically incorpo-
rated implicitly via assumptions of regularity, stationarity, or continuity of travel chains,
while in more advanced frameworks it is used to calibrate route choice models or agent
cost functions. Multi-agent systems make this integration explicit by simulating individ-
ual agents whose decisions follow behavioral rules inferred from observed data, allowing
the reproduction of aggregate flows and responses to network changes or disruptions.
However, behavioral inference remains largely indirect, and associated uncertainty is
rarely propagated to OD estimates or simulation outcomes. Table 3 provides a synthesis
of all white box models, highlighting their respective limitations.

Table 3. Presentation of the main limitations for white box models.

Models Main Limitations White Box Nature

Assumes homogeneous travel conditions and
simplified impedance functions; limited ability

Gravity model to capture congestion effects and route choice
behavior; calibration strongly depends on the
quality of inter-zonal flow data.

Explicit functional form linking attractiveness and
distance; parameters have clear physical and behav-
ioral interpretations, making the influence of each fac-
tor on OD flows transparent.

Equilibrium-
based models

Relies on strong assumptions of rational user
behavior and perfect information; may fail to
represent heterogeneous preferences or

Directly grounded in Wardrop’s principles; travel be-
havior is explicitly modeled through cost minimiza-
tion and equilibrium conditions, allowing clear inter-
pretation of OD—network interactions.
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bounded rationality; computational complexity
increases for large-scale congested networks.

Path-flow esti-
mation models

Requires detailed knowledge of path choice
sets and link cost functions; sensitive to path
enumeration and model specification; computa-

OD flows are explicitly linked to route choice proba-
bilities and congestion effects; path-level representa-
tion provides transparent insight into how OD de-

tionally intensive due to column generation .
mand translates into network flows.

and shortest-path subproblems.

Multi-vehicle
ODm estima-
tion

Strong coupling between trip distribution and

. . . . Simultaneous modeling of trip distribution and route
assignment increases model complexity; relies

assignment offers an explicit and interpretable repre-
sentation of travel demand generation and network
loading mechanisms.

on simplifying assumptions (e.g., gravity-based
distribution); convergence and calibration can
be challenging.

Multi-agent
systems

High computational cost; results depend on be- Individual agent behaviors and interactions are ex-
havioral rules and parameter calibration; diffi- plicitly defined; emergent OD patterns can be traced
cult to scale and validate at large network lev- back to well-identified behavioral rules and decision
els. processes.

3.7. Black Box Model

Model 6: Statistical Approach. Regardless of whether the effects of congestion on net-
works are considered, statistical methods such as Bayesian Estimation (BE), Maximum
Likelihood Estimation (MLE), or (Constrained) Generalized Least Squares ((C-)GLS) can
be employed to estimate the ODm from an initial raw estimation matrix. The BE method
utilizes past data and observations to produce posterior estimates, which is useful in
transport planning. The MLE method incorporates the assumption that flows follow a
specific distribution, such as a multivariate normal distribution or a Poisson distribution.
This method aims to maximize the probability of correspondence between the ODm and
the observed count data. The (C-)GLS method, on the other hand, avoids making specific
assumptions about the data and integrates both count data and survey data to refine the
estimation [32,35].

Model 7: Bi-level programming approach. The two-level programmed approach is
based on a two-tier programming framework [41] and references therein. The lower level
involves solving the equilibrium assignment problem, which can be derived from field
data, numerical simulations, or analytical solutions. The upper level focuses on estimating
the flow ODm. The goal of these methods is to minimize the difference between the ob-
served counts and the counts estimated using the Spiess formulation [42].

Model 8: Machine/Deep Learning (ML/DL) based approach. As transport problems
become increasingly complex, it is important to have tools that provide solutions as close
to reality as possible, whether in terms of the scale probed, its resolution, or the dynamic
nature of the phenomena. Methods based on neural networks are proving to be increas-
ingly effective in addressing these systems. The operating principle involves training the
neural network on annotated data, i.e., known input and output data. Estimation of a
given configuration is then based solely on introducing a set of input data and applying
the model. There are many subtypes of machine learning models, including Artificial
Neural Networks, Hopfield Neural Networks [35], Multi-Layer Perceptrons, Backpropa-
gation Neural Networks (BPNNs), Radial Basis Function Neural Networks, Reinforce-
ment Learning, Evolutionary Computation, and Distributed Intelligence [32]. We can cite
[43], who developed a multi-fused residual neural network using AFC data from the
Shenzhen metro to perform short-term forecasting on the ODm. Using AFC data and a
trip-chaining algorithm, the ODm is reconstructed and used as input for the model. The
model then converts the complexity of relationships between OD pairs into spatial de-
pendencies based on graphs. It can robustly capture multiple complex dependencies and
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surpasses traditional methods in forecasting accuracy. Additionally, in the article by [44],
he identifies the issue of mode changes during trips due to infrastructure and bus network
services. He proposes a graph-based deep learning model to predict the ODm while ex-
plicitly distinguishing between passenger behaviors in transfers and direct trips.

Model 9: Fuzzy based approach. User behavior is particularly difficult to model with
a mathematical function due to its inherent complexity. To address this challenge, the
fuzzy approach can be employed. This approach is based on a probabilistic framework
and is widely used in mobility studies, including estimating ODms, transport planning,
and traffic control. For example, the fuzzy approach allows for the fine-tuning of factors
influencing user choices through weighting [35]. Moreno-Palacio proposes in his article
[45] a synthesis of public transport trips based on entropy, using fuzzy logic driven by
entropy maximization. He proposes a method using fuzzy parameters to estimate travel
flows based on traffic counts, solved using entropy maximization techniques for public
transport (buses). In this work, the fuzzy parameters are bus tour production, the total
cost or impedance in the transit system, and the volume or bus traffic counts. The uncer-
tainty related to the variability of these parameters is integrated into the model through
the inclusion of fuzzy logic.

Model 10: ARIMA Model. The Auto Regressive Integrated Moving Average
(ARIMA) statistical model is a forecasting tool that relies on the analysis of previously
observed time series data. It combines auto-regressive and moving average components,
making it optimal for systems with regular patterns in the data. ARIMA is commonly used
for traffic forecasting, utilizing historical time series data to make predictions [32].

Table 4 provides a synthesis of all black box models, highlighting their respective
limitations.

Table 4. Presentation of the main limitations for black box models.

Models

Main Limitations Black Box Nature

Statistical approaches
(BE, MLE, (C-)GLS)

Strong dependence on prior assumptions and
distributional hypotheses; sensitivity to noisy
or inconsistent data; may produce unrealistic
OD patterns without strong regularization or

The mapping between observed data and OD
estimates is implicit and driven by optimiza-
tion criteria; the influence of priors, weights,

. and error structures is difficult to interpret.
constraints.

Bi-level programming

High computational cost; nonconvexity and  Nested optimization obscures causal relation-
convergence to local optima; error propagation ships between observations and OD flows; the
from the traffic assignment model to OD esti- contribution of each level to the final ODm is
mates; sensitivity to initialization. not directly interpretable.

Machine/Deep Learn-
ing

Requires large volumes of labeled data; limited Learned nonlinear mappings lack interpreta-
transferability across networks; prone to over- bility; internal representations do not provide
fitting; difficulty integrating physical or behav- explicit behavioral or network-level explana-
ioral constraints. tions.

Fuzzy-based ap-

OD estimates emerge from aggregated fuzzy

Subjective definition of membership functions; . . e .
) P rules and membership functions; individual

heuristic calibration; limited reproducibility

roaches arameter effects are difficult to trace or ex-
P and scalability for large networks. P .
plain.
Assumes stationarity and linearity; ignores Temporal correlations are modeled without ex-
ARIMA models spatial dependencies; poor performance under plicit behavioral or network representation,

structural breaks or disruptions. limiting interpretability of OD dynamics.

3.8. Comparative Synthesis of OD Estimation Paradigms

Across the reviewed literature, OD estimation methods exhibit clear trade-offs rather
than a hierarchy of intrinsic performance. White-box approaches, such as gravity,
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equilibrium, and path-flow models, offer strong interpretability and explicit behavioral or
physical foundations, making them suitable for planning, scenario analysis, and policy
evaluation. However, they rely on simplifying assumptions that limit their flexibility in
data-rich but behaviorally complex contexts.

Conversely, black-box approaches, including statistical inference, machine learning,
and deep learning models, prioritize empirical fit and adaptability to heterogeneous and
noisy data. These methods often achieve strong predictive performance in large-scale net-
works but suffer from limited interpretability and weak uncertainty propagation, which
constrains their use for explanatory or decision-support purposes.

Hybrid and data fusion approaches attempt to balance these paradigms by combin-
ing structural constraints with probabilistic or learning-based inference. Nevertheless, the
literature indicates that no single framework simultaneously optimizes interpretability,
uncertainty handling, scalability, and behavioral realism. Method selection therefore re-
flects a compromise driven by data availability, computational constraints, and study ob-
jectives rather than absolute methodological superiority.

3.9. Uncertainty
Referring to [46], uncertainty can be expressed in three different ways:

e  Discord or dispersion, due to evidence supporting mutually exclusive alternatives,
for example inconsistent data;

e  Non-specificity or imprecision, due to evidence supporting nested alternatives, for
example the spatio-temporal variability of data;

e  Fuzziness or vagueness, due to evidence not supporting sharp definition of alterna-
tives for example model uncertainty.

In the validation process, it is important to consider the uncertainty of input data,
which can propagate to the output data, as well as the uncertainty of the model itself.

Few studies have examined the uncertainty of input data or model uncertainty, and
prior research has primarily been limited to four-step models [47]. Various authors have
used tools to address this uncertainty in data processing, which can be divided into three
categories: deterministic modeling, the Bayesian approach with ML/DL integration, and
operations research. In operations research, uncertainty is addressed by [48], who defines
uncertainty as Spatio-temporal variability of data and use it for route recommendation on
the Chicago Transit Authority under real disturbance cases. Uncertainty is integrated
through robust optimization, reducing the average travel time for passengers on the af-
fected line by 2.91% compared to the nominal model. In another study, ref. [49] defines
uncertainty as Spatio-temporal variability of data and proposes a three-step hybrid coding
method, to optimize bus routes under uncertain conditions. The study is conducted on
part of the road network in the An’ning district of Lanzhou city. In his article, Ma shows
that the results save 42.11% of operating time compared to the results from the hybrid
solution based on K-means and the multi-objective genetic algorithm. For Bayesian ap-
proaches with learning tools, we find [50], who defines uncertainty as Spatio-temporal
variability of data and designs a zero-inflated negative binomial spatio-temporal graph
neural network to quantify uncertainty in sparse ODm reconstruction, with results show-
ing the superiority of this network over reference models in terms of accuracy and tight
confidence intervals. Additionally, ref. [51] defines spatio-temporal variability of data and
use a day-to-day learning process to evaluate user behavior in relation to travel uncer-
tainty on the network. In [52], Manzo defines spatio-temporal variability of data and pro-
poses a Monte Carlo simulation and scenario analysis approach to quantify the impact of
data uncertainty on ODm reconstruction in applying the four-step model to transporta-
tion in the city of Neaestved, Denmark. Moreover we can cite [53] which present in a recent
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work the integration of uncertainty quantification into ODm reconstruction using ad-
vanced deep learning models. For instance, graph-based spatial-temporal neural archi-
tectures combined with Tweedie distributions have been proposed to jointly learn multi-
ple uncertainty parameters, enabling more robust modeling of zero-inflated and highly
variable flow data. These approaches highlight a growing interest in probabilistic frame-
works that explicitly capture spatial-temporal dependencies and inherent uncertainty in
ODm reconstruction. Or we can cite [54] which present in his work a nonparametric prob-
abilistic frameworks to quantify uncertainty in travel demand prediction. For example,
STGCN-VAE combines spatio-temporal graph convolutions with a variational autoen-
coder to learn the full distribution of demand through sampling and kernel density esti-
mation, enabling both point forecasts and calibrated uncertainty estimates. These contri-
butions illustrate a growing trend toward generative, distribution-aware models that ex-
plicitly capture spatial-temporal variability and data sparsity challenges in mobility fore-
casting. And Fan present in [55] a counterfactual deep learning frameworks to improve
ODm reconstruction under operational disruptions. A dual-channel model combining
factual forecasting with counterfactual inference has been shown to enhance robustness
during incidents by leveraging KL-based propensity matching and incident-type embed-
dings to capture heterogeneous disruption effects. These approaches highlight the grow-
ing importance of causal modeling for understanding spatiotemporal differences between
normal and disrupted passenger flows.

Across methodological families, no approach consistently outperforms others across
contexts. Instead, methods reflect trade-offs between interpretability, robustness, scalabil-
ity, and uncertainty handling. The literature reveals a fragmentation of approaches, with
limited cross-method comparisons under comparable validation settings.

4. Outputs and Performance

After estimating the ODm, it is essential to assess its quality to determine the confi-
dence level we can place in the results. This assessment step is crucial for evaluating the
performance of the estimation.

4.1. Statistical Indicators

We can use statistical indicators to evaluate the performance of a method. The main
statistical indicators, which evaluate a difference, are Mean Absolute Error (MAE), Root
Mean Square Error (Root Mean Square Error RMSE) and Mean Absolute Percentage Error
(MAPE). But it exists a lot of statistical indicators.

While statistical analysis tools are versatile, choosing the ‘right’ estimator for a given
measurement and interpreting its results can be challenging. According to [56] MAE and
RMSE are generally more stable than MAPE for evaluating discrepancies between esti-
mated and observed data. They note that RMSE values are typically higher than MAE
values and following Kleijnen’s work cited by [56], an acceptable limit for MAPE values
is 10%. Ref. [57] offers an interpretation of these indicators through function minimization
analysis. The zero-derivative approach highlights that optimizing RMSE tends to provide
a correct average response, while optimizing MAPE focuses on the median and is less
sensitive to outliers in the input data. Similar findings are reported by [58]. Vandeput em-
phasizes that selecting the appropriate estimator is often dependent on the dataset and is
not straightforward.

4.2. Similarity Indicators

Certain indicators are used to evaluate the similarity between the true and estimated
ODm.
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The Spearman correlation: This method calculates a correlation coefficient based on
the ranks rather than the actual values of the two variables. Instead of comparing the
numerical values directly, it compares the order of the values of the flows. For the
same origin, descending flows are ranked in ascending order, and the degree to
which these rankings match between the two matrices is assessed [59]. The Spearman
method is computationally efficient but should be used alongside hypothesis testing
to validate results [60].

Structural SIMilarity (SSim): Originally developed to compare two images and
measure their structural similarity, the SSim method has been adapted by some re-
searchers to assess the similarity between two ODms. This index evaluates similarity
by considering the mean, variance, and structure of the origin and destination distri-
butions [61]. While SSim is not a stand-alone solution, it complements statistical ap-
proaches effectively. As noted by [61], statistical indicators alone do not capture the
structural aspects of the matrix, which SSim provides.

Jensen—-Shannon Divergence (JSD) is an information-theoretic measure used to
quantify the dissimilarity between two probability distributions. When applied to
Origin-Destination (OD) matrices, it evaluates differences in the relative distribution
of flows rather than their absolute magnitudes. By symmetrizing and smoothing the
Kullback-Leibler divergence, JSD is bounded and well-defined even in the presence
of zero flows, making it particularly suitable for sparse ODms. This metric highlights
discrepancies in the spatial structure and proportional allocation of trips across OD
pairs. However, since it operates on normalized distributions, JSD is insensitive to
global scaling effects and does not capture errors in total demand levels. Conse-
quently, it is best suited for assessing how well a reconstructed ODm reproduces the
pattern of mobility flows, rather than their absolute volumes [62-64].

Normalized Root Mean Square Error (NRMSE) is a scale-independent error metric
that quantifies the average magnitude of deviations between estimated and observed
OD flows. By normalizing the Root Mean Square Error with respect to a reference
value (such as the mean or the range of observed flows), NRMSE enables compari-
sons across datasets with different demand levels. This metric is particularly sensitive
to large absolute errors, as squaring amplifies the contribution of high-flow OD pairs.
As a result, NRMSE effectively reflects the model’s ability to reproduce major traffic
flows, which are often of primary operational interest. However, this sensitivity also
constitutes a limitation, as errors in low-flow OD pairs contribute marginally to the
metric. NRMSE therefore provides a robust measure of global accuracy but may ob-
scure structural mismatches in the distribution of smaller flows [62].

Common Part of Commuters (CPC) metric measures the degree of overlap between
two ODms by quantifying the proportion of trips that are consistently represented in
both matrices. Defined as the ratio of shared flows to the total observed demand, CPC
ranges from 0 (no overlap) to 1 (perfect match). This indicator provides an intuitive
assessment of how much of the observed commuting structure is correctly captured
by the estimated ODm. CPC is particularly effective at highlighting the overall simi-
larity of flow allocations and is easy to interpret from a policy or planning perspec-
tive. Nevertheless, CPC does not penalize compensating errors and is insensitive to
the spatial redistribution of mismatches. As such, it may indicate high similarity even
when significant localized errors persist and should therefore be complemented with
metrics that explicitly account for flow magnitudes and spatial discrepancies [62,63].

4.3. Results

In Table 5. OD matrix estimation performance crossed with references. Table 5, we

present the case studies referenced in this paper. This table is not exhaustive, and readers
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are encouraged to consult additional sources such as [39,65] for more examples. It is im-

portant to note that some references do not always provide explicit details on validation

methods and performance. According to the data type and estimation methods used, the

validation performance reported in the literature ranges from approximately 60% to 90%.

Table 5. OD matrix estimation performance crossed with references.

Data Set and

Reference  Data Methods Tools . Source of Uncertainty Goal Validation Out Come
Size Sample
Assumpt.lf)ns.: deterministic Validation type: internal/con-
user equilibrium, homoge- . [
. sistency validation
neous behavior . .
. Validated against: observed
Northern Vir- ~ Data: measurement uncer- Test the effi link flow counts
[38] APC/AFC/ PFE—LP (TT) RMSE/MA gima Network  tainty in h’n k counts, ab- ciency of LP  Metric/order: low discrepancies
AVL E 164 links/31 sence of direct OD observa- . .
. (TT) model in reproduced link volumes
zones tions .
. Interpretation: ensures network
Models: non-uniqueness of .
. e flow consistency only; no OD
solutions, sensitivity to
. . ground truth
penalties and constraints
Assumpt1f)ns: regularity of Validation type: internal/con-
travel chains and return to . e
starting point sistency validation
&P . Validated against: board-
Data: behavioral uncer- . . .
tainty of users and collec- Estimate OD ing/alighting marginals (APC)
APC/AFC/ Percentage CTA Chicago amnty . . and prior OD estimates
[ AVL MLE/IPF comparison?2,736,454 records tion errors matrices using Metric/order: improved con:
P o (AFC/APC/AVL) ADCS , et mp
sistency using MLE vs. IPF
Models: uncontrolled prop- . .
R Interpretation: pipeline coher-
agation of errors between - .
ence verified; no independent
stages, dependence on IPF OD eround truth
vs. MLE choice &
Validation type: internal/con-
Assumptions: linear dy- sistency validation
namics of OD flows, local Validated against: time-de-
Combining stationarity Comparisons ofpendent link flow counts
Kalman filter Taipei Metro Data: noise and partial cov- real and Metric/order: reduced temporal
[31] APC . MAE i . .
and Gibbs sam- 9 stations erage of time counts estimated O-D flow errors compared to base-
pler Models: dependence on co- flows line
variance matrices and Interpretation: context-depend-
MCMC convergence ent validation; OD not directly
validated
Assumptions: continuity of
travel chains and fixed Validation type: survey-based
rules for inferring destina- validation
Compari tions Validated against: on-board
TCMon AFC  son bi HTSD/Oyster ~ Data: behavioral uncer- ~ Validation of passenger OD surveys
[66] AFC/AVL ~14,000 boardingstainty of users and ticketingreconstruction Metric/order: ~60-70% inferred
and AVL data tween sur- . .
recorded collection errors ODmbuses  destinations correctly matched
veys . . .
Models: dependence on Interpretation: partial valida-
spatio-temporal thresholds, tion; sensitive to survey bias
absence of uncertainty and coverage
propagation
Assumptlor.ls: time profiles Validation type: internal/con-
representative of actual be- . o
havior sistency validation
. Evaluate the ef- Validated against: internal clus-
Data: absence of destina- . . . -
Clustering Al- Rennes metro  tions and anonymisation of ficiency of com-tering coherence criteria
[67] AFC . & . 1 Y bining SCD andMetric/order: interpretable and
gorithm 53,195 tickets ticketing data . . .
socioeconomics stable passenger profiles
Models: dependence on the .
data Interpretation: exploratory be-
number of clusters, un- . Dy ..
ropagated classification havioral validation; OD not
propaga evaluated
uncertainty
Algorithm with d Translikn Aus- A tions: 1 - I d OD
gorithm wi C<.)mpare ranslikn Aus ssumptions: regular be. mprove O Validation type: survey-based
[68] AFC reducing dis-  with com- tralia haviors exploitable by trip- estimation al- 1
.. . validation
tance plete OD 161,446 records chaining gorithm

https://doi.org/10.3390/futuretransp6010045


https://doi.org/10.3390/futuretransp6010045

Future Transp. 2026, 6, 45

19 of 29

Data: behavioral uncer-
tainty of users and AFC
validation errors

Models: high sensitivity to
thresholds (walking, trans-
fer), uncertainty not propa-
gated

Validated against: independent
on-board surveys with known
alightings

Metric/order: ~65-73% zonal
OD match; mean error distance
~500-800 m

Interpretation: strong trip-
chaining validation; context-
specific

Assumptions: principle of
maximum entropy as a be-

Validation type: aggregate/indi-
rect validation

. Validated against: synthetic
using aggre-

. Pears.on s Metropolitan areahavxoral proxy . gated data of ground .tl“L.lth and aggregated
Sequential up- coeffi- Tokvo surve Data: loss of information mobile phone OD statistics
[69] HTSD dateonEM  cient/Co- Y Y dueto GPS aggregation phor Metric/order: moderate
. .. . 24 measurement . traces to esti- .
principle sine simi- and coverage bias RMSE/MAPE; high OD correla-
. intervals mate work-re- .
larity Models: dependence on en- lated trips tion
tropy constraints and non- ps: Interpretation: informative at
uniqueness of solutions aggregate level only; no indi-
vidual OD validation
Assumptions: inter-annual Yahdatlon t_ypef internal/con-
stability of individual be- sistency validation
haviory Validated against: likelihood-
. . SCD transport  Data: survival bias of maps Trac?qng and . basec.1 clustering criteria (ICL)
Gaussian Mix- . . Spatial analysis Metric/order: stable cluster
[70] AFC Gatineau and absence of OD infor-
ture Model/EM . by cluster and structure across parameter set-
3,492,310 records mation card tvoe fings
Models: dependence on P 5 . .
o1 . Interpretation: methodological
longitudinal clustering, un- Cq
ropagated uncertain validation only; no external ref-
propag v erence
Assumptions: conditional Validation type: internal/con-
independence of temporal sistency validation
events Validated against: longitudinal
Clustering tech AFC Rennes Data: behavioral uncer- stability of smart-card user pro-
[71] AFC nic on sin%ilar metro tainty and incomplete tick- Cluster popula-files
boardin 5,404,096 transac- eting data tion using SCD Metric/order: low KL diver-

& tions Models: choice of number gence between yearly clusters
of clusters and sensitivity Interpretation: validates rela-
to generative model param- tive behavioral dynamics; not
eters OD accuracy

lidati : Ty
Assumptions: daily sym- Va 1dat%on t.ype aggregate/indi
Compare metry and aggregate attrac rect validation
P ey v Validated against: official ag-
aggregated tiveness of stations 0.
. . gregate statistics (person-km,
statistics Data: absence of direct ob- .
. SCD Stockholm . L Test model per-exits)
[34] AFC EM with data . . servation of destinations . .
51 train station formance Metric/order: ~95-97% fit on
from (entry-only AFC) L
aggregate indicators
transport Models: dependence on ad- .
i . Interpretation: excellent macro-
agency ditional constraints, uncer- ..
taintv not propagated level agreement; no pairwise
y notpropag OD validation
Assumptions: regularity of Valildat'lon type: survey-based
validation
home-work travel and . .
) . Validated against: household
. fixed behavioral thresholds
Nanjing metro Data: ticketing uncertainty Identify factors travel survey (FITS)
Combination of Mixed logit SCD 21 million ' & R R y K y, Metric/order: ~90% commuter
[72] AFC/HTSD . and HTS sampling bias influencing . e
SCD-HTDS regression HTSD 12,000 per- identification agreement;
Models: dependence on  modal change
son . pseudo-R?~0.3
GMM clustering and non- . . .
ropagation to the explana- Interpretation: behavioral vali-
propag P dation; OD not explicitly as-
tory model
sessed
Assumptions: fixed chain-
Comparison of AFC transit sys- i1.r1g rules and repres:entia- Obtaining sys- Yalidation t.ypef internal/con-
73] AFC aleorithm for Percentage tem Seoul tiveness of AFC validations tem-level sistency validation
& .__comparison Data: AFC measurement transit infor-  Validated against: alternative
data processing 1,101,544,931 logs . ) . L .
uncertainty and low traffic mation AFC-based estimation variants

in certain segments
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Models: dependence on re- Metric/order: consistent relia-
liability parameters (quan- bility indicators (IQR, conges-

tiles, DBSCAN) tion patterns)
Interpretation: robust system-
level indicators; outside OD

scope
Assumptions: inter-source Validation type: survey-based
comparability with equal validation
. aggregation Validated against: OD survey
Public T t
WOAFC- SMAPE /RMLuoriC TPOTY Data: uncertainties specific Measure differ- and household travel survey
[74] AFC/HTSD WIAFC/ODS/H SE 1gzones /324 OD to each source (AFC, ODS, enceindata  Metric/order: R? up to ~0.97;
TDS . HTS) collections SMAPE/RMSE comparisons
pairs . .
Models: dependence on Interpretation: strong inter-
scaling rules and aggrega- source comparability; not an
tion level OD estimation method per se
Validation type: internal/con-
Assumptions: temporal sistency validation
similarity captured by dis- Validated against: clustering
SCD transport ]t;:;; E(e:;rri;s e tormoona] Compare CCD iit:bility and homogeneity crite-
[75] AFC CCD/DTW STO Gatineau : P Poral 4 DTW to clas- "2 ,
. . profiles and absence of OD ..~ . Metric/order: clear separation
26 time series sify time series
Models: strong dependence and stable temporal clusters
on the chosen metric (DTW Interpretation: methodological
vs. CCD) validation only; no external
benchmark
Validation type: survey-based
Assumptions: regular be- validation
haviors exploitable via trip- Validated against: full-sample
chaining field survey (recycled ticket ex-
. Ticket recycling Data: ticketing uncertainty . periment)
AFC/AVL/ CI h- E D
[76] HT(S:]/D VL/ r(fiélstermg tec MAE survey and GPS/time synchroniza- ;;1?:;: © Metric/order: >80% station ac-
10,551 records tion errors curacy; >90% OD with error <2
Models: sensitivity to passengers
DBSCAN parameters and Interpretation: strong empirical
spatio-temporal thresholds validation; highly context-de-
pendent
Assumptions: regularity of Validation type: aggregate/indi-
the supply—demand rela- e
tionship captured by the rect validation
dat peap y Validated against: synthetic OD
APC/HTSD Santander net- ata . ground truth and network-level
/Demo- work Data: uncertainty about Evaluate the ef- meastres
77 PCA MAPE fici f PCA
771 graphic 1 4205 links/1630 ;“easure‘itsipfeds arnd R A Metric/order: OD MAPE ~20-
Data nodes Ows, partial coverage o e 30%; low network RMSE
meters Interpretation: good global per-
Models: sensitivity to the p S P
. formance; sensitive to modeling
number of paths, linear assumptions
PCA and ML errors P
Validation type: survey-based
Assumptions: stationarity validation
and informational regular- Validated against: observed
AFC/AVL bus ity of trajectories Test new metro ahgbtmg d'ata (ground
TCM based on_ Logistic re- Nanjing Data: dependence on the framework truth for single trips)
- . . R (0 i
[2] AFC MER gression 52 million SCD length of the ticketing his based on MER Metrlc/orde.r. +.15 20 /0. im-
tory o provement in single-trip desti-
record e criterion .
Models: sensitivity to the nation inference
entropy threshold, indirect Interpretation: effective tar-
propagation of errors geted correction; partial OD im-
pact
Assumptions: Single, stable 1 1
Validation type: te/indi-
OD per individual, homo- Test inference aicanon ype: aggrega efindi
geneous preferences framework for rect validation (§-only)
[27] AFC oprpev QP analy- Seoulmetro B eting uncertainty distilling multi- | L ated against: masked AFC

sis with EM=1 billion records

data and route-choice model fit
Metric/order: stable 3 esti-
mates; consistent pseudo-R?

and indirect reconstruction modal routing
of segments outside the ~ preferences
system
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Models: Dependence on
EM initialisation and attrib-
ute selection ([3)

Interpretation: preferences vali-
dated, OD quality assessed in-
directly only

Assumptions: steady state
and conservation of nodal
flows

Validation type: probabilis-
tic/uncertainty-aware valida-
tion

Validated against: synthetic OD
ground truth and nodal flow

Test the effi-
New York metro Data: noise and overdisper- . counts
(78] AFC BE MSE 1315 records sion of entry/exit counts f:s;g of the Metric/order: posterior OD dis-
Models: dependence on tributions with 95% credible in-
priors and time window tervals
(but quantified uncertainty) Interpretation: robust uncer-
tainty-aware validation; as-
sumption-dependent
Validation type: internal/con-
Assumptions: weekly sta- sistency validation
Public Transport _ .. . Validated against: longitudinal
multimodal bility of terr.lpora.l profiles . persistence of individual pro-
Stockholm Data: selection bias of fre- Use attr.actwc.z—
[79] AFC/AVL/ Zonal Attrac- Percentage 10,000 quent users and absence of ness to identify Metric/order: stable weekly

GTES

tion Clusters ~ comparison

OD and classify ur-

km/800,000 pas- temporal patterns across
/ P Models: dependence on the ban area P P
sengers/5700 months
number of clusters and .
stops Interpretation: strong behav-

temporal aggregation . . .
P 88re8 ioral consistency; no OD valida-

tion

Reported performance and validation metrics are study-specific and not directly
comparable due to differences in data sources, spatial aggregation levels, modeling as-
sumptions, and validation procedures.

The comparative analysis summarized in Table 5 highlights a strong dependence be-
tween OD estimation methodologies and the nature of the available data. Rather than ex-
hibiting systematic performance dominance, methodological choices appear primarily
driven by data informativeness and by the type of outputs targeted. Trip Chain Models
(TCM) and their extensions, including MER-based approaches, rely almost exclusively on
AFC data, occasionally complemented by AVL information to ensure spatio-temporal
consistency. These methods explicitly exploit individual-level regularity in travel behav-
ior and therefore require sufficiently long user histories to remain identifiable.

In contrast, statistical inference approaches such as EM, IPF, MLE, or PCA are more
commonly applied to aggregated observations derived from APC, aggregated AFC, or
HTSD data. These methods prioritize global flow consistency and network-level coher-
ence rather than the reconstruction of individual trajectories. Exploratory and clustering-
based approaches predominantly rely on AFC data alone, leveraging their high temporal
resolution and large volume, but inherently lack direct access to destinations, which limits
their applicability to descriptive and behavioral analyses rather than ODm reconstruction.
Bayesian approaches remain marginal in the literature and are mostly applied to nodal or
aggregated flow counts, where assumptions of conservation and stationarity are accepta-
ble and where uncertainty can be formally modeled.

Beyond methodological diversity, several strong assumptions recur across studies
regardless of the chosen approach. These include the regularity of user behavior, often
associated with stable home-work travel patterns, temporal stationarity over the analysis
period, continuity of trip chains with frequent return to an origin location, and partial
behavioral homogeneity in aggregated models. Such assumptions are rarely tested explic-
itly and are generally accepted as necessary conditions for model identifiability.

At the same time, some assumptions are structurally tied to specific families of meth-
ods. TCM and MER-based approaches depend critically on individual-level stationarity
and on fixed spatial and temporal thresholds governing trip chaining, making their
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performance highly sensitive to behavioral deviations. EM-, IPF-, and MLE-based meth-
ods rely on assumptions of conditional independence, convexity, or entropy maximiza-
tion, and are often sensitive to initialization choices and imposed constraints. Clustering
approaches assume temporal similarity and separability of user groups, with results
strongly dependent on the choice of clustering parameters and the number of clusters.
Bayesian methods make their assumptions explicit through prior distributions and con-
servation constraints, offering a principled framework for uncertainty quantification at
the cost of stronger structural assumptions and higher computational complexity.

Further analysis shows that reported performances are not directly comparable
across studies, as they strongly depend on the validation reference employed. Internal or
consistency-based validations, such as flow conservation or cluster stability, tend to yield
favorable results but provide limited guarantees regarding OD accuracy. Survey-based
validations typically report more modest correspondence rates, reflecting higher behav-
ioral plausibility but also survey bias and limited coverage. Aggregate-level validations
can exhibit very high goodness-of-fit values while concealing substantial errors at the OD-
pair level. Probabilistic approaches offer a more rigorous validation framework through
uncertainty-aware inference, though their conclusions remain conditional on model as-
sumptions.

Distinct uncertainty profiles emerge across methods and data sources. For TCM-
based approaches, uncertainty is dominated by behavioral assumptions and chaining
thresholds, with limited propagation to final OD estimates. Statistical inference methods
are primarily affected by constraint selection, initialization, and solution non-uniqueness.
Clustering-based analyses concentrate uncertainty at the parameter and model-selection
level, which is rarely propagated to downstream OD or forecasting tasks. Bayesian ap-
proaches explicitly quantify uncertainty, but their results remain sensitive to prior speci-
fication and stationarity assumptions. Data sources further shape uncertainty characteris-
tics: AFC data introduce substantial uncertainty in destination and transfer inference and
selection bias toward frequent users; APC data suffer from measurement noise and partial
coverage; HTSD data are affected by reporting bias and limited temporal resolution; and
hybrid datasets reduce some biases while introducing uncertainty related to data fusion
and synchronization.

This transversal synthesis reveals several structural gaps in the literature. First, the
absence of a unified comparison framework prevents meaningful cross-study perfor-
mance assessment, as validation references and metrics remain heterogeneous and often
implicit. Second, most approaches provide point estimates without formal uncertainty
quantification or propagation. Third, OD estimation results are frequently dominated by
strong behavioral assumptions that are rarely tested or discussed. Fourth, uncertainties
arising from exploratory analyses and clustering are almost never propagated to ODm
reconstruction or predictive models. Finally, the increasing availability of large-scale AFC
data creates an illusion of precision, as data volume alone does not guarantee improved
OD quality without appropriate modeling assumptions and validation strategies.

No method consistently achieves higher accuracy across all settings. Instead, TCM-
based approaches tend to outperform others when individual-level AFC/AVL data with
long histories are available, whereas aggregate statistical and Bayesian approaches are
more suitable for sparse or underdetermined settings. Clustering-based methods achieve
robust descriptive performance but are not designed for OD accuracy. Thus, reported ac-
curacy should be interpreted as method—context compatibility rather than universal su-
periority.

5. Discussion
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Rather than proposing a performance-based ranking of OD estimation methods, this
review adopts a unifying analytical framework based on five comparative dimensions: (i)
data requirements, (ii) modeling assumptions, (iii) uncertainty handling, (iv) validation
reference, and (v) operational applicability. Within this framework, methods are not com-
pared in terms of intrinsic superiority, but in terms of contextual suitability. This perspec-
tive allows reported performance differences to be interpreted as the outcome of method-
data—objective alignment rather than as universal methodological dominance.

The comparative analysis conducted in this review reveals that the main challenges
in public transport ODm reconstruction are not methodological in isolation, but struc-
tural. Across the literature, three fundamental trade-offs repeatedly emerge:

e individual-level reconstruction versus aggregate robustness;
e model interpretability versus predictive performance;
e data richness versus validation feasibility.

These trade-offs explain why methodological advances do not translate into system-
atic performance gains and whyODmsms estimated under different data and modeling
contexts remain difficult to compare. These trade-offs directly correspond to the gaps
identified in the review. The absence of a unified comparison framework stems from het-
erogeneous validation references and incompatible accuracy metrics. The limited treat-
ment of uncertainty is closely tied to strong behavioral assumptions, which are rarely
tested or propagated. Finally, the separation between exploratory behavioral analysis and
ODm reconstruction results in ODm that are behaviorally plausible but operationally
fragile.

Within this framework, method selection reflects a set of fundamental trade-offs ra-
ther than incremental performance improvements. Methods are typically preferred in
contexts where their data requirements, behavioral assumptions, and computational com-
plexity align with the intended operational use. For instance, trip-chain-based approaches
are favored when long individual histories are available and behavioral regularity can be
assumed, whereas aggregate statistical or Bayesian methods are preferred in data-sparse
or underdetermined settings. Over time, methodological evolution has primarily been
driven by increased data availability and computational capacity, enabling more complex
models, but not necessarily resolving identifiability or uncertainty issues. As a result,
higher model complexity or richer data does not systematically translate into higher OD
accuracy, highlighting persistent trade-offs between interpretability, robustness, scalabil-
ity, and accuracy.

A key insight from the reviewed literature is that behavioral assumptions constitute
one of the dominant sources of uncertainty in ODm reconstruction. Regularity, station-
arity, and continuity assumptions are not merely modeling simplifications; they condition
identifiability and directly shape inferred OD flows. When behavioral heterogeneity in-
creases—due to non-routine trips, disruptions, or multimodality —uncertainty increases
accordingly, even when data volume grows. Consequently, integrating user behavior
without explicit uncertainty modeling may increase apparent precision while masking
structural errors.

Recent literature highlights two major trends in the estimation and reconstruction of
public transport ODms.

On the one hand, there is now a widespread use of AFC data as the primary source
of information. These datasets are perceived as an optimal compromise between availa-
bility, low cost, temporal resolution, and representativeness of real passenger flows. Their
use enables finer-grained estimations, more accurate calibration of dynamic models, and,
in some cases, the integration of behavioral components. However, this growing reliance
also leads to strong heterogeneity: the quality and structure of AFC data vary significantly
across networks, making direct comparison between approaches difficult.
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On the other hand, the literature reveals a persistent difficulty in quantifying the un-
certainty associated with reconstructed ODm. Most studies propose reconstruction meth-
ods (MLE, IPF, BE, etc.), but few explicitly address the uncertainty inherent to the esti-
mates. This lack of a unified framework hampers the assessment of the robustness of ex-
isting methods and limits scientific reproducibility. Another recurring aspect is methodo-
logical fragmentation. The literature offers a wide range of models —probabilistic, optimi-
zation-based, statistical, machine learning, and multi-agent simulation —yet no standard
protocol exists to compare methods against one another, particularly regarding accuracy,
spatial-temporal scale, data requirements, or uncertainty.

Finally, several authors implicitly emphasize that ODm reconstruction should evolve
toward an integrated approach combining AFC data, AVL data, network information
(GTEFS), external mobility datasets, and explicit uncertainty quantification.

6. Conclusions and Opportunities for Further Research

Decision-making and planning for public transport networks rely heavily on precise
knowledge of network usage. With the advent of intelligent transport systems, field
transport data can now be collected automatically, complementing or even replacing tra-
ditional methods such as surveys and manual counting, which are time-consuming and
costly. According to Novacko, combining ODms with network data inputs into the second
step of the FSM helps rebalance the ODm [80]. In this review article, we present data,
methods for reconstructing the ODm, and their performance in several concise tables.

Building on the cross-cutting synthesis and gaps identified in Section 5, the following
research directions are not presented as generic trends, but as targeted opportunities di-
rectly derived from the limitations observed across data sources, estimation methods, val-
idation strategies, and uncertainty treatment.

Rather than identifying generic research directions, this review highlights several tar-
geted research needs directly derived from the observed gaps. First, there is a need for
benchmarking frameworks that enable comparison across OD estimation methods under
comparable data and validation conditions, explicitly accounting for uncertainty. Second,
behavioral information extracted from AFC data should be systematically linked to un-
certainty quantification, rather than implicitly embedded in reconstruction rules. Third,
future research should focus on propagating uncertainty across the full OD reconstruction
pipeline, from data preprocessing to operational indicators, to ensure that ODms used for
planning and optimization reflect both demand and confidence levels.

Integrating user motivations and accounting for uncertainty should not be treated as
independent research directions. Behavioral heterogeneity is a primary driver of uncer-
tainty in OD reconstruction, particularly in AFC-based methods relying on regularity as-
sumptions. Future work should therefore aim to jointly model behavior and uncertainty,
for instance, by embedding behavioral classes within probabilistic OD estimation frame-
works or by coupling behavioral inference with sensitivity and scenario analysis.

Advances in artificial intelligence and multi-scale representations offer promising
tools for OD reconstruction, provided that training data, interpretability, and uncertainty
quantification are jointly addressed. Similarly, spatial and temporal aggregation strategies
should be viewed as analytical tools rather than accuracy improvements, enabling the
identification of robust demand patterns across scales.
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Abbreviations

The following abbreviations are used in this manuscript:

Acronym  Meaning

ADCS Automatic Data Collection System
AFC Automatic Fare Collection

APC Automatic Passenger Counter
AVL Automatic Vehicle Location

BE Bayesian Estimation

CCD Cross Correlation Distance

C-GLS Constrained Generalized Least Squares
DTW Dynamic Time Warping

EM Entropy Maximisation

FSM Four Step Model

GTES General Transit Feed Specification
HTSD Household Travel Survey Data
IPF Iterative Proportional Fitting

LP (TT) Linear Programming Trip Table
MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error
MER Minimum Entropy Rate

MLE Maximum Likelihood Estimation
MRT Mass Rapid Transit

ODm Origin-Destination Matrix

ODS Origin-Destination Survey

PCA Principal Component Analysis
RMSE Root Mean Square Error

RNN Recurrent Neural Network

SCD Smart Card Data

TAZ Traffic Analise Zone

TCM Trip Chaining Method

WOAFC Weighted Origin Automatic Fare Collection
WIAFC Weighted Itinerary Automatic Fare Collection
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