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Abstract

This work provides an updated report on the progress and prospects of quantum computing for
advancing transport modeling. Despite recent developments in classical methods, their use in com-
putationally intensive transport tasks such as traffic assignment, traffic signal control, logistics, and
pedestrian modeling remains limited due to the combinatorial complexity and uncertainty associ-
ated with the real-world transport scenarios. Quantum optimization algorithms offer the potential
for addressing transport problems, although most studies still remain at the proof-of-concept stage.
In this work, we highlight key challenges in traffic and logistics optimization and investigate how
quantum optimization tools could lead to novel and efficient solutions. Our perspective offers a clear
and concise timeline for the development of quantum optimization techniques and their practical
implementation aspects by highlighting key hardware/software challenges and proposed solutions.
We also discuss the barriers to adoption within transport contexts and possible pathways to overcome
current limitations to the application of quantum optimization techniques in real-world transport
systems. Finally, we provide our perspective for the applications of quantum computing in addressing
challenges pertaining to large crowd management and transport optimization during the Olympics
and Paralympics 2032 Games which may coincide with the development of a large-scale quantum
computer.

Keywords: quantum computing; transport modelling; quantum optimisation; traffic assignment;
logistics; pedestrian mobility; accessibility

1. Introduction

Modern multimodal transport systems operate as interconnected and adaptive networks, chal-
lenged by scale, diversity, and ever-growing demands. From the classical four-step travel model to
network design problems, and from granular pedestrian dynamics to freight and last-mile logistics, the
existing transport modeling approaches are struggling to capture system-wide interdependencies and
dynamics. Large-scale events, traffic congestion, and demand surges pose additional challenges that
traditional tools often fail to represent due to static assumptions, limited behavioral flexibility, and high
computational cost. For example, agent-based and simulation-based approaches offer valuable insights
into emergent crowd behavior and flow efficiency; however, their scalability remains constrained when
applied to dense environments or complex routing scenarios [1-3]. In domains such as vehicle routing,
traffic assignment, and behavioral simulation for pedestrian flow optimization, classical optimization
techniques often fail to handle the combinatorial complexity of real-world constraints, especially
under uncertainty and temporal variability [4-6]. Inclusive pedestrian mobility is also emerging as
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a critical priority in urban transport planning [7]. As cities transition towards rapid urbanisation,
demographic aging, and sustainability imperatives, there is a growing demand for transport systems
that equitably accommodate diverse user needs. In particular, the safe and efficient movement of
older adults, people with disabilities, and other users with mobility limitations has emerged as a key
concern for high-density urban environments such as stadiums, transit hubs, and large event precincts.
These contexts require adaptive routing strategies in real time that can respond to dynamic congestion,
environmental barriers, and user-specific constraints. Recent studies have emphasized the importance
of universal design principles, such as barrier-free crossings, priority waiting zones, and inclusive
route-finding, to support the autonomy and well-being of these user groups [8,9]. However, such
features are not yet largely explored in dynamic pedestrian flow simulation and operational transport
models. Additionally, large sporting events such as Olympics games result in huge crowds in and
around the sporting arena causing significant traffic and pedestrian challenges.

Classical transport modeling approaches, including demand forecasting, traffic assignment,
micro-simulation, and agent-based models, have been widely adopted to capture different aspects
of system behavior. These tools provide valuable insights, yet they face fundamental limitations
when applied at scale or under dynamic and uncertain conditions. Demand forecasting struggles
with short-term variability [10], traffic assignment models become computationally intensive when
extended to dynamic or stochastic formulations, and micro-simulations rapidly grow in complexity
when representing large networks with heterogeneous users [11]. Agent-based models provide higher
fidelity by modeling individual decision-making, but remain computationally expensive [12] and
difficult to scale for city-wide, real-time scenarios [13]. Logistics and freight problems such as the
classical vehicle routing problem (VRP) and traveling salesman problem (TSP), as well as their variants,
are computationally intractable beyond relatively small instances, especially when time windows,
congestion, or multimodal constraints are introduced. Across these domains, the common barrier
is the combinatorial explosion of possible decisions, which makes it increasingly difficult to balance
scalability, behavioral realism, and constraint-aware optimization on classical computing architectures.

Quantum Computing (QC) is a rapidly emerging paradigm which has become a promising
area of research for solving combinatorial optimization problems [14]. Quantum chemistry [15-20],
finance [21] and machine learning [22] science have been early testbeds, where quatum optimization
algorithms such as Variational Quantum Eigensolver (VQE) and Quantum Approximate Optimization
Algorithm (QAOA) have been applied to energy minimization [20,23] and portfolio optimization [24].
These advances motivate the exploration of QC in the transport field, hereby called Quantum Transport
Computing, where problems in logistics share similar combinatorial structures and computational
bottlenecks. In particular, its application to TSP and VRP through hybrid quantum-—classical algorithms
has already demonstrated early success for small-scale problems [25-28]. Unlike classical solvers
that are constrained by combinatorial explosion and limited scalability, quantum algorithms have
the potential to explore large decision spaces in a fundamentally new way, which could allow more
natural representations of multi-modal interactions, stochastic variations, and behavioral diversity.
QC is therefore attracting growing attention within the transport research community for its potential
to increase computational power beyond current limits and to overcome the challenges present in
the existing modeling and optimization frameworks. While the promise is compelling, key questions
remain: Where can quantum computing deliver the greatest impact in transport modeling? How
should the field prepare for the opportunities and challenges posed by this technological shift? And
what practical steps can be taken now to ensure transport researchers and practitioners are ready to
take advantage of quantum advances as the technology matures?

This review addresses these questions by surveying the current state-of-play in quantum comput-
ing and exploring its early applications to transport modeling.

®  Section Il introduces the challenges in transport modeling and optimization.
®  Section III reviews the existing quantum approaches explored to-date in certain types of transport
problems.
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e  Section IV provides a forward-looking discussion on the step-by-step transition from proof-of-
concept studies to practical deployment, highlighting both the opportunities and the challenges
ahead, and identifying future directions for scaling small experimental instances to large, real-
world transport systems.

®  Section V discusses a special case of Olympics Games and provides our perspective to use QC in
the Australian 2032 Brisbane Olympics context.

The review has been written to appeal researchers from both transport and quantum computing
communities providing ample background on transport problems in Section Il and quantum computing
methods in section III, and will instigate new ideas for future research enhancing the uptake for the
quantum transport computing.

2. Challenges in Transport Modelling and Optimisation

Transport systems face a wide range of operational and planning challenges that affect the
movement of people and goods. These challenges originate from variability in demand, constraints
in network capacity, and the dynamic nature of real-world operating conditions. Figure 1 highlights
key problems areas where Quantum Transport Computing may enable novel solutions, along with a
few widely used quantum algorithms. In the following section, we briefly discuss some of the key
challenges that affect the efficiency, reliability, and inclusivity of transport systems.

QUANTUM
TRANSPORT
COMPUTING

Figure 1. Quantum Transport Computing. Quantum computing will offer the potential to address complex
transport scenarios with impact in a diverse range of problems including Logistics, Demand Forecasting, Signal
Control, Traffic Assignment, Pedestrian modeling and Self-driving Vehicles. This work reports both challenges
and opportunities in these sectors and offer a perspective on how future developments of quantum computing
may enable new intelligent solutions paving the way for efficient transport networks. Quantum Approximate
Optimization, Variational Quantum Eigensolver, Quantum Machine Learning, and Quantum Cellular Automata
are some of the key algorithms being developed for transport applications.
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2.1. Travel Demand Forecasting

In transport networks, mismatches between forecasted and actual demand often lead to over-
crowding on some routes while the others remain under-utilised. During peak periods, passengers may
be unable to board services due to capacity limits, while parallel routes operate below capacity. When
forecasts are inaccurate, transport service providers need to decide how to use the limited resources,
such as vehicles and infrastructure, across the network. Typically, this involves adjusting service
frequency, re-allocating fleets, and managing capacity to better match actual demand [29,30]. Conven-
tional demand forecasting methods mainly rely on historical travel patterns, household surveys, and
socio-economic indicators, which are more effective for long-term planning but have limited ability
for short-term variations caused by weather events, special occasions, network disruptions, or rapid
uptake of emerging transport services. The expansion of emerging mobility options, including ride
hailing, shared micro-mobility, and on-demand public transport, has introduced additional uncertainty
in when, where, and how people travel. Conventional activity-based modeling frameworks [31] often
assume consistent behavioral patterns that do not fully capture fluctuations in mode choice, trip timing,
and destination selection, leading to a persistent gap between the planned capacity and the actual
demand.

Forecasting is fundamentally predictive, therefore, quantum machine learning (QML) may pro-
vide new ways to capture complex correlations in travel behavior that classical models cannot easily
represent. Quantum kernels and hybrid quantum-classical classifiers could support demand prediction
in settings with high variability and heterogeneous behavior. However, the allocation of services
and schedule of fleets are combinatorial optimization problems. These problems require searching
through very large numbers of possible schedules and allocations under strict operational constraints.
Quantum optimization approaches may offer advantages in exploring these large solution spaces more
efficiently than classical heuristics, especially for real-time adjustments where rapid decision-making
is critical.

2.2. Logistics

Urban freight operations face growing pressures, including an increased delivery volume and the
operational constraint of dense city networks. These pressures are most acute in last-mile delivery,
where high-frequency, time-sensitive consignments require access to limited loading and unloading
space in areas already saturated with passenger traffic [32]. In dense central areas, where access is
already restricted, these conditions result in longer delivery times, reduced service reliability, and
higher operational costs. To address such issues, optimization models derived from the TSP and its
generalization, the VRP, have been widely applied in freight scheduling. Variants of VRP, including
time-window, pickup-and-delivery, and multi-depot extensions, provide efficient and effective solu-
tions in static and predictable environments [33]. However, real-world urban freight operations are
highly dynamic. Travel time fluctuates with congestion, delivery locations, and availability of loading
zones vary throughout the day.

As illustrated in Figure 2, real-world vehicle scheduling and routing tasks are characterized by
high network density, dynamic disruptions, and complex inter-dependencies. The operational network
derived from St. John Ambulance logistics in Queensland (Figure 2 (a)) highlights the combinatorial
complexity multi-vehicle coordination across service points. Real-time traffic data from Brisbane
(Figure 2 (b)) further demonstrates how congestion and spatial dependencies amplify this complexity in
practice. The schematic examples in Figure 2 (c)-(f) represent routing disruptions, including congestion,
flooding, roadworks, and incidents, which introduce stochastic variations that are difficult to handle
with static optimization. These scenarios highlight the need for adaptive and computationally efficient
approaches to support real-time decision-making urban logistics systems. Quantum optimization has
already been explored for many logistics tasks that can be formulated as combinatorial optimization
problems, such as VRP and TSP. Although current quantum implementations remain limited to small-
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scale instances, logistics is widely studied as one of the most promising areas where future quantum
advances could extend classical optimization methods.
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Figure 2. Vehicle Scheduling and Routing Problems. (a) Complex multi-vehicle logistics network derived
from St Johns Ambulance data in Queensland, illustrating the depot (red) and the interconnected service nodes,
where the dense connectivity represents the combinatorial complexity of real-world scheduling and routing tasks.
(b) Real-world traffic conditions across Brisbane, showing congestion patterns and network inter-dependencies
that influence routing efficiency. (c-f) schematic representations of dynamic routing scenarios under various
operational disruptions, including congestion (c), flooding (d), maintenance works (e), and multiple concurrent
incidents (f).

The challenges outlined in this section are diverse in scope; however, many of these problems
share a common feature such as decision-making problems that are computationally intensive at
scale. Although TAP, TSC, and logistics can be formulated as combinatorial optimization tasks; travel
demand forecasting and behavioral modeling in pedestrian flows are aligned with predictive methods,
where QML may play a role. In all cases, the underlying challenge lies in the complexity of modeling,
optimization, and adaptation under dynamic and uncertain conditions.

2.3. Traffic Assignment Problem

Even when demand forecasts are accurate, transport networks can perform poorly if trips are
not allocated properly across available routes. Uneven distribution of flows can lead to severe con-
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gestion on certain corridors while the others remain under-utilised. This imbalance is particularly
problematic in dense urban systems where small routing shifts can trigger substantial changes in
network performance. Traffic assignment problem (TAP) formalizes this challenge by modeling how
trips are allocated given the origin-destination (OD) pairs across a network. Two widely adopted
formulations are user equilibrium, where each traveler seeks to minimize individual travel cost, and
system optimum, which minimizes the overall cost across the network [34]. Although these formula-
tions provide the foundation for modern transport planning, there are challenges to address. Static
models cannot represent how congestion evolves over time, whereas dynamic models such as dynamic
traffic assignment (DTA) are more realistic but computationally expensive. Models that incorporate
uncertainty in travel times and adaptive route choices improve performance [35], but further increase
complexity. Recently, machine learning (ML) has shown promise for predicting dynamic flows and
capturing heterogeneous vehicle interactions [36,37]. However, large-scale TAP remains difficult to
solve in practice, especially in multimodal settings or when real-time responsiveness is required.

TAP is therefore best understood as a large-scale combinatorial optimization problem. Assigning
thousands of trips to network routes under dynamic and uncertain conditions produces a vast solution
space that quickly exceeds the capacity of classical solvers, especially when rapid updates are required
during disruptions or peak periods. At practical scales, classical solvers struggle with computational
limits, making it difficult to obtain timely and reliable solutions, and therefore quantum optimization
approaches are worth looking into, as discussed in Section 3.

2.4. Traffic Signal Control

Signalized intersections are major contributors to congestion. Poor coordination of traffic signals
forces vehicles into repeated stop—go cycles, which increase travel time variability and emissions
while creating long waits for pedestrians and cyclists. Effective traffic signal control (TSC) is therefore
essential in improving both efficiency and equity in urban mobility. Traditional fixed-time control
approaches [38] allocate green phases using historical demand data, but such methods cannot adapt to
short-term fluctuations or unexpected disruptions. Vehicle-actuated control [39] improves responsive-
ness by adjusting green times in real time with on-site detection, although this approach is generally
applied at individual intersections rather than across networks. More advanced methods, such as
adaptive signal control, attempt to coordinate signals dynamically across a network using optimization
[40,41], ML and deep learning (DL) approaches [42,43]. Despite promising results in simulations and
pilot studies, large-scale deployment remains constrained by computational complexity.

Coordinating signals across an entire network represents a large-scale scheduling problem, which
requires the selection of timing plans for many intersections simultaneously under dynamic demand
conditions. The number of possible schedules grows exponentially with the size of the network, which
poses significant challenges for classical solvers. Quantum optimization has the potential to manage
this complexity by significantly efficient search of large scheduling spaces. As traffic signal control is
inherently sequential and must adapt to fluctuating demand and disruptions, quantum reinforcement
learning (QRL) [48] may offer a framework for learning control policies that could be adapted to adjust
dynamically to evolving traffic conditions.

2.5. Pedestrian Modeling

Pedestrian flow management in high-density environments such as transit hubs, commercial
districts, and event venues is a significant challenge. Congestion, delays, and unsafe crowding arise
when demand exceeds capacity at entrances, walkways, or crossings [2,49]. These pressures are further
complicated by the diversity of pedestrian characteristics: walking speed, route choice, and tolerance
for delay vary with age, mobility limitations, group dynamics, and the use of assistive devices. Existing
control measures, such as one-way routing or temporary barriers, provide only reactive solutions and
do not address inclusivity requirements. Pedestrian dynamics have been studied using agent-based
models [50], cellular automata [51], and social force formulations [2], and hybrid simulation platforms
such as PTV Viswalk [52], Aimsun Next [53], and Oasys MassMotion [54]. While these methods
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capture local interactions and crowd-level patterns, they are limited to incorporate heterogeneous
mobility needs, fatigue effects, and real-time behavioral adaptation [1,55]. A key gap lies in behavioral
prediction such as forecasting whether individuals will continue, pause, reroute, or switch strategies
under changing conditions. This aspect is critical for inclusive mobility but is not well represented in
the existing models.

Figure 3 illustrates pedestrian flow challenges in high-density environments. Large-scale crowd
accumulation and lane formation around a stadium precinct (Figure 3 (a)) highlight how macroscopic
congestion can emerge rapidly from local interactions. Figure 3 (b) depicts the friction effects experi-
enced by wheelchair users and pedestrian within mixed-mobility spaces, while Figure 3 (c) shows the
complexity of turning and merging flows under limited space and directional conflict near a stadium
entrance. Figure 3 (d) demonstrates heat maps of pedestrian density, congestion zones and dynamic
flow propagation across the network, while diffusion-based formulations (Figure 3(e) conceptualize
route-choice probabilities and temporal transitions between locations.
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Figure 3. Pedestrian Flow Problems and Modeling. (a) An example of spectator movement around the sporting

arena, showing large-scale crowd buildup and lane formations. (b) An example of accessibility-constrained
pedestrian movement, where wheelchair users navigate a friction zone in the stadium precinct. Figure generated
from Ref. [44] (c) An example of a turning and intersection friction problem, showing a microscopic simulation of
pedestrians approaching corners and merging paths near a stadium entrance. Figure adapted from Ref. [45] (d)
Heat maps used to determine pedestrian congestion or density points and flow dynamics. Figure adapted from
Ref. [46] (e) Diffusion-based pedestrian flow model illustrating route choice and probabilistic path assignment.
Figure adapted from Ref. [47].
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Pedestrian flow management is traditionally considered as a simulation problem, but it can also
be framed as an optimization and prediction challenge. For example, the evaluation of routing and
evacuation strategies can be expressed as large-scale combinatorial tasks, where the objective is to
assign pedestrians to routes or exits while considering for constraints such as capacity, safety, and
accessibility. Classical solvers struggle with these problems at scale, particularly under real-time condi-
tions, whereas quantum optimization approaches are designed to explore such exponentially large
solution spaces more effectively. At the same time, QML offers potential for modeling heterogeneous
pedestrian behaviors by learning complex correlations in behavioral data, and behavior prediction for
more adaptive crowd simulations.

2.6. Self-Driving Transport

Autonomous or self-driving transport is rapidly becoming popular and many applications of
this emerging transport medium are being tested and deployed around the world. However, a key
challenge in the robust deployment of self-driving transport stems from the unreliability of artificial
intelligence (AI) or ML methods, which work remarkably well under trained environments but fail to
adapt to dynamic, often unpredictable and noisy real-world scenarios. Furthermore, it has been shown
in the recent literature that adversarial perturbations of the datasets during testing and deployment
of AI/ML methods lead to complete failure of the decision making process based on these models.
For example, cleverly placed stickers on traffic signals could trick AI/ML models to mis-identify,
leading to traffic crashes and possible loss of lives. While these problems hinder the wide-spread
adaptation of autonomous transport, quantum computing may offer an advantage by addressing
reliability issue of AI/ML models. Indeed, recent research has shown that by integrating the power
of QC in AI/ML, highly secure and trustworthy quantum AI/ML models can be designed [22,56,57].
Despite promising results based on proof-of-concept simulations, significant more work is needed to
deploy and benchmark quantum models in practically relevant autonomous transport applications.

3. State-of-the-Art Quantum Approaches

To date, most applications of quantum computing in transport have focused on logistics problems,
particularly the TSP, and its generalization, the VRP due to the combinatorial structure. As networks
become larger, denser, and more interdependent, classical solvers begin to struggle with both solution
quality and computation time, particularly under real-time and uncertainty conditions. Over the
last decade, quantum optimization has emerged as a promising area for addressing combinatorial
optimization problems. By leveraging the principles of superposition and entanglement, quantum
algorithms can explore large solution spaces in parallel, potentially identifying solutions faster than
classical heuristics or metaheuristics for certain types of tasks. Although quantum hardware is still
in its noisy intermediate-scale (NISQ) phase, early experimental simulations suggest that for certain
problem classes, quantum methods are expected to offer advantages, either in solution quality, speed,
or the ability to model complex constraints more naturally [25,26,58]. However, other transport
challenges, such as dynamic traffic assignment, congestion management, and inclusive pedestrian
flow modeling, have not yet been studied in quantum computing.

This section reviews the state-of-the-art quantum approaches that have been applied for transport
relevant optimization tasks. We begin with Quadratic Unconstrained Binary Optimization (QUBO),
which defines how a transport optimization task is expressed in a form suitable for quantum compu-
tation. Building on this foundation, quantum optimization approaches such as quantum annealing,
Quantum Approximate Optimization Algorithm (QAOA), and Variational Quantum Eigensolver
(VQE) have been developed. Furthermore, other quantum approaches have also been explored such
as QML, which have the potential to address transport problems. Figure 4 (a-c) shows schematic
diagrams of QAOA, VQE, and QML architectures. Furthermore, there are also emerging areas of
research such as topological data and signal processing [59,60] which could play an important role in
future intelligent transport modeling.
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Figure 4. Quantum Computing State-of-the-Art. (a,b,c) Examples of standard architectures of quantum methods
for transport applications: (a) QAOA, (b) VQE and (c) QML. (d) Schematic diagram of IBM superconducting
Quantum Processor with 433 qubits. (e) Neutral atom quantum processor by QuEra with 256 qubits.(f) Simulation
of surface code error correction scheme. Number of fault-tolerant quantum operations as a function of physical
error rates in qubits for various code distances d are plotted. Figure adapted from Ref. [22] (g) Experimental im-
plementation of quantum error correction on Google Willow quantum processor, demonstrating error suppression
when the code distance is increased. Figure adapted from Ref. [61]

3.1. QUBO-Based Quantum Algorithms for Combinatorial Optimisation Problems

The QUBO is the foundation for most recent quantum optimization studies in transport. The
transport problem, whether it is a VRP, TSP, traffic signal coordination, or crew scheduling, can be
represented as a quadratic objective function over binary variables. Each binary variable typically
encodes a decision, such as whether a vehicle visits a given location, a signal is set to a particular phase
at a given time, or a specific crew member is assigned to a shift. These cost functions represent the
objective (e.g., minimize distance or congestion) and constraints (e.g., capacity limits, time windows)
as binary variables and penalty terms. Once the QUBO model is formulated, it can be embedded onto
quantum hardware. For quantum annealers such as D-Wave, we can map the QUBO graph onto the
hardware’s physical qubit connectivity. For gate-based approaches such as quantum approximate
optimization algorithm (QAOA) and variational quantum eigensolver (VQE), the QUBO is transformed
into a problem Hamiltonian and the algorithm then searches for the ground state of this energy
landscape, corresponding to a near-optimal or optimal transport solution.

Early research into quantum solutions for the VRP largely focused on quantum annealing, where
the problem is formulated as a QUBO model. One of the foundational studies in this area was
reported by [25], where quantum annealing is applied to a traffic flow optimization problem based
on an abstracted model of urban road networks. Using a QUBO formulation, the problem encoded
vehicle-route assignments and penalized overlapping paths. Due to hardware limitations, the study
relied on hybrid classical-quantum decomposition, highlighting the challenges of scaling QUBO-based
routing problems on NISQ-era quantum annealers. To improve scalability, Ref. [62] proposed a more
expressive quantum annealing model for the Multi-Depot Capacitated VRP and its dynamic variant.
Their QUBO formulation considered vehicle capacities, depot constraints, and customer demands,
using slack variables to encode inequalities. Although this approach enabled real-time rerouting and
dynamic logistics applications, it significantly increased the number of required qubits. This poses
a major challenge as today’s quantum devices provide only a limited number of qubits, and each
qubit is noisy with restricted connectivity. The problem of quantum resource overhead can be reduced
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by decomposing the VRP into more tractable sub-problems, and separate the vehicle-to-customer
assignment phase from the TSP phase [26]. This allows only the smaller TSP problem to be optimized
on quantum hardware, which significantly reduces the qubit requirements.

QAOA is one of the most widely studied gate-based methods for solving combinatorial optimiza-
tion problems within the NISQ era. The method alternates between applying a problem Hamiltonian,
which encodes the QUBO formulation of the problem task, and a mixing Hamiltonian, which explores
the feasible solution space. In principle, as the circuit depth increases, QAOA can approach the optimal
solution, however, practical implementations on today’s hardware face several constraints. Standard
QAOA [63] mappings require one qubit per binary decision variable. For realistic transport models
such as VRP or TSP, hundreds or even thousands of qubits might be required, which is far more
than current quantum devices can support. In addition, deeper circuits make quantum states more
vulnerable to decoherence and noise.

In recent years, several approaches have been proposed to mitigate these challenges. Ref. [58]
benchmarked QAOA and quantum annealing for the ride-pooling problem (RPP) on IBM and D-
Wave platforms. Unlike traditional VRP, RPP does not assume a central depot and allows multiple
customers to request on-demand pickups and drop-offs through a shared fleet of vehicles. This variant
more closely reflects real-world transport services, such as metro networks, bus routes, and ride-
sharing services. However, this study suggests that substantial advancements are still needed. While
QAOA currently faces challenges in achieving high-quality solutions on near-tern quantum devices
due to noise and limited number of qubits, its performance can be enhanced by hardware-aware
modifications, as demonstrated in [64]. Specifically, this approach introduces connectivity-forced
(CF) QAOA, which reduces circuit depth by removing long-range interactions, and CF-multi-angle
QAOA, to add variational parameters for improved performance. On IBM Quantum hardware, these
variants outperform standard QAOA to minimize traffic congestion, and optimizing routes for up to
23 cars. As the limited number of qubits is one of the most significant bottlenecks for scaling QAOA, a
promising research direction is qubit-efficient encoding [65,66]. Instead of using conventional one-hot
or full binary mappings, minimal and logarithmic encoding schemes reduce the qubit requirements
for problems such as the VRP and VRP with time windows from linear to logarithmic in the number of
routes. This reduction improves the feasibility of implementing QAOA on current quantum hardware
platforms, such as IBM, IonQ), and Rigetti devices. Empirical studies demonstrate that approximate yet
practically useful solutions to VRP instances can be obtained using as few as 13 qubits. Indirect QAOA
(IQAOA) [67] is another promising approach which introduces a parameterized set of unitary operators
with a classical meta-optimization loop. By reducing circuit depth, IQAOA improves adaptability for
noisy quantum devices and has been demonstrated on TSP instances with up to eight customers.

VQE is a hybrid quantum-classical algorithm widely applied in quantum chemistry, simulation,
and optimization. VQE iteratively combine quantum circuits with classical optimization to approx-
imate the ground state of a problem Hamiltonian to find low-energy solutions. A recent study [68]
decomposed capacitated VRP into a clustering phase and a set of TSPs and evaluated both QAOA and
VQE. The findings indicate that VQE achieves feasible energy thresholds and produce higher-quality
solutions, while QAOA struggles to find the required energy threshold for feasible TSP solutions, even
when enhanced with techniques such as constraint-preserving mixers. Similarly, ref. [69] compared
both approaches to solve VRP and demonstrates that VQE generally achieved better results on small-
scale instances (e.g., up to 5 nodes and 2 vehicles); however, unable to solve instances beyond that on
current NISQ devices.

3.2. Other Quantum Approaches

Beyond QUBO-based combinatorial methods such as quantum annealing, QAOA, and VQE,
quantum researchers are also exploring quantum machine learning (QML) approaches for transport
optimization. One such direction is Quantum Support Vector Machines (QSVMs), which use quantum
kernel estimation to perform classification in high-dimensional Hilbert spaces [70]. Rather than
encoding routing constraints explicitly into the cost Hamiltonian, QSVMs can learn patterns from data
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and offer a data-driven pathway to optimization. Recently, Ref. [71] applied QSVMs to small-scale VRP
instances using hybrid quantum-classical circuits and VQE. Although still limited to small problem
sizes, this approach demonstrates how problem structure and constraint validity can be captured
through learned quantum decision boundaries. For transport modeling, QSVMSs may offer potential
for encoding soft constraints or user-specific routing behaviors such as fatigue-aware preferences or
accessibility thresholds that are challenging to formulate in traditional QUBO-based formulations.
Other QML approaches such as quantum reinforcement learning [72] and quantum neural networks
with reinforcement learning [73] have also been studied for addressing VRP, however, these approaches
are still at the proof-of-concept stage.

Recently, Decoded Quantum Interferometry [74] has been proposed as a different way to tackle
combinatorial optimization problems. Instead of using a problem Hamiltonian like in QAOA or quan-
tum annealing, DQI reformulates the optimization task as a decoding problem for an error-correcting
code that represents the problem’s constraints. The method prepares quantum states where the in-
terference patterns are designed to add up good solutions (constructive interference) while discard
poor solutions. These interference patterns are created by transforming the objective function into
the Fourier domain and then applying specific mathematical operations. Once this quantum state
is prepared, efficient decoding algorithms, either classical or quantum are used to identify the best
solutions. DQI has already shown strong results in certain structured problems and achieved better
solutions than the best known classical methods in some settings. However, This approach has not yet
been applied to transport optimization problems.

To date, most quantum optimization techniques have been applied only to logistics problems
such as TSP and VRP, whereas travel demand forecasting, traffic assignment, congestion management,
and pedestrian movement and accessibility have not been studied yet.

4. Challenges and Opportunities

Quantum computing holds significant potential for advancing transport modeling and optimiza-
tion, however, substantial challenges need to be addressed before large-scale deployment becomes
feasible. Figure 5 illustrates a schematic of the key stages involved in applying quantum approaches
to transport problems, from problem formulation and algorithm selection to implementation on
simulators and hardware. These are discussed in detail in the following sections.

4.1. Problem Mapping

Whether we generalize the entire problem or identify the problem-specific smaller components,
the real-world transport optimization problems (as discussed in Section 2) need to be formulated into
a representation that is compatible with quantum devices. Most of the existing studies have relied
on the QUBO framework, which provides a mathematical formulation to encode problems like the
TSP, VRP, and scheduling into a quadratic Hamiltonian form suitable for both quantum annealer and
gate-based devices. Early implementations of the QUBO or Ising Hamiltonian based formulation
include small-scale routing [26], and traffic signal coordination [75-77] demonstrates that certain
subproblems can already be mapped into quantum-ready formulations.
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Figure 5. Quantum Transport Computing Workflow. Schematic framework of pathway for quantum computing
to transport optimisation problems. The workflow begins with defining transport challenges such as logistics,
routing, pedestrian flow, or accessibility, which are then mapped into quantum-ready formulations (e.g., QUBO,
Ising models, or feature maps). Quantum algorithms, including QAOA, VQE, annealing, and quantum machine
learning, can be applied either on simulators or hardware, with considerations for error mitigation, architecture
constraints, and algorithmic challenges such as barren plateaus. The framework also highlights the importance
of hybrid integration, and benchmarking in scaling from small proof-of-concept problems to large, real-world
scenarios such as Olympic-scale transport networks.
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Several transport challenges align naturally within the QUBO framework. TAP can be mapped by
representing route allocations as binary variables, where penalty terms can enforce flow conservation
and capacity constraints. Congestion management such as re-routing and capacity re-allocation can
also be encoded by defining binary variables for intervention choices and incorporating penalties for
exceeding link or intersection capacities. Traffic signal coordination can be encoded through binary
variables representing the selection of green phases at intersections, with penalty terms ensuring
that conflicting movements are avoided and adjacent intersections remain synchronized. Logistics
problems such as the TSP and VRP have already been the most extensively studied in quantum
optimization literature. Certain pedestrian modeling tasks, such as evacuation planning and crossing
allocation, can also be mapped into QUBO, where binary variables represent the assignment of
individuals or groups to specific exits or crossing phases, with penalties enforcing walkway limits, exit
capacity, and accessibility requirements. Across these transport problems, the combinatorial structure
of the decisions makes QUBO a unifying representation, although the scale and complexity of real
transport systems introduce significant challenges for practical implementation. Moreover, adapting
this general-purpose formulation to realistic transport problems remains a significant challenge, as
transport networks are rarely unconstrained. More fundamentally, mapping a real-world combinatorial
optimization problem, which likely involves constraints, into a QUBO, where these constraints are
mapped to large penalty terms, removes the inherent structure of the problem that is exploited by the
state-of-the-art classical solvers.Constraint encoding requires large penalty coefficients that can distort
optimization landscapes, leading to poor convergence or infeasibility when implemented on near-term
quantum devices [78,79].

However, not all transport challenges are naturally combinatorial. TDF, for example, is a predictive
task which can be considered as a QML. QML approaches require to encode classical transport data
such as socio-economic variables, demand fluctuations, and behavioral features into quantum states.
Different encoding strategies have been studied in QML, such as, amplitude encoding [80], angle or
phase encoding [80], and approximate encoding [81]. Amplitude encoding can be used to represent
high-dimensional transport data in quantum states, while angle encoding is well suited to map
temporal and categorical features. Pedestrian behavioral modeling such as prediction of walking speed
distributions, group coordination, and delay tolerance can also be framed as classification or regression
QML tasks where behavioral features need to encoded into quantum states. Transport datasets,
however, are often high-dimensional and heterogeneous, and the selection of encoding strategies will
strongly influence the performance and robustness of QML models. To date, such encoding schemes
in QML have been explored in proof-of-concept studies on simplified and down-scaled datasets.
Adapting these techniques to the real-world transport data has not yet been studied. Developing
encoding strategies that can capture the structural and statistical characteristics of transport systems
will therefore be an important direction for future research.

4.2. Quantum Implementation

In recent years, several techniques have been proposed for quantum optimization as discussed
in Section 3. Despite the potential to adopt these quantum approaches to transport modeling and
optimization, the transition from theoretical formulation to practical application in transport such
as vehicle routing, accessibility-aware routing, and pedestrian flow management poses significant
methodological and implementation challenges. Gate-based approaches such as the QAOA and
VQE offer a variational framework for solving combinatorial and constrained optimization tasks.
Refinements such as feasibility-preserving mixers, and warm-starts from classical heuristics have
been shown to stabilize training and reduce circuit depth for routing and congestion minimization.
However, scaling to realistic transport networks requires hundreds or thousands of qubits, while noisy
optimization landscapes, barren plateaus, and the sensitivity of penalty weights for hard constraints
remain unresolved barriers. Although hardware-aware variants of QAOA [64] and qubit-efficient
encoding strategies have been applied on small-scale benchmarks [65] for traffic congestion and
logistics, deployment to large, dynamic, and heterogeneous transport environments has not yet been
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demonstrated. In pedestrian modeling problem, further challenges arise, where walkway capacity,
accessibility requirements, and crowd safety need to be encoded simultaneously.

QML models can be developed for demand forecasting, pedestrian flow prediction, and
accessibility-aware routing, where improved predictive accuracy and adaptability could directly
support operational planning and real-time control. QML has shown promising potential in other
domains such as molecular property prediction in quantum chemistry [82], phase recognition in
materials science [83], semiconductor fabrication optimization [84], processing sensor datasets [85],
event classification in high-energy physics [86,87], and computer vision tasks such as image generation
[88,89], and image classification [90-92]. Although QML has not been widely explored in transport
problems, there is a potential to handle complex, multi-modal transport data, including temporal
demand profiles, spatial network structures, and heterogeneous user behaviors. Kernel-based QML
models, such as QSVMs, could be used for classification tasks such as predicting congestion states
or identifying accessibility-critical conditions. Variational quantum classifiers and quantum neural
networks may support adaptive crowd management, where real-time sensor data must be translated
into safe and efficient routing strategies. At the same time, transport data are high-dimensional,
and dynamic which raises questions that how QML models can remain robust to data uncertainty.
Furthermore, existing demonstrations of QML have been limited to down-scaled datasets. Practical
implementations will also require integration of QML outputs with optimization routines to ensure
that the prediction outputs can be embedded directly into decision-support frameworks for scheduling,
routing, and infrastructure planning.

Beyond QAOA, VQE, and QML, other approaches could be explored. DQI [74] reformulates
optimization as a decoding task rather than an energy-minimization problem. By exploiting interfer-
ence patterns to reinforce feasible solutions and suppress infeasible ones, DQI could be valuable for
transport applications that require the joint optimization of constrained tasks, such as multi-vehicle
routing with accessibility restrictions or evacuation scheduling under safety-critical conditions. Unlike
QUBO-based formulations, DQI may reduce the dependence on large penalty weights that distort
optimization landscapes in QAOA. However, there is no clear framework for encoding real-world
transport constraints into interference patterns, and scaling beyond toy instances remains an open
challenge. State-transfer inspired heuristics offer another direction, rapid optimization methods [93]
based on optimal state-transfer Hamiltonians achieve higher approximation quality at minimal circuit
depth and could be adapted for fast re-routing and traffic signal coordination. Variants of QAOA, such
as the progressive quantum algorithm [94] explore progressive subgraph expansion to approximate
high-quality solutions while requiring significantly fewer qubits, and could therefore be promising
for conflict-free scheduling and resource allocation in transport systems. Reinforcement learning
provides further opportunities for transport tasks characterized by sequential decision-making under
uncertainty, such as adaptive traffic signal control, real-time re-routing, fleet dispatch, and pedestrian
evacuation management. It has the potential to accelerate the convergence of variational algorithms
and improve adaptive policy learning in dynamic settings [48]. Policy-based quantum reinforcement
learning, where quantum circuits are embedded directly into decision policies, has demonstrated
improved performance in sequential decision-making tasks [95,96]. This might be particularly relevant
to pedestrian mobility, where evacuation scheduling, dynamic exit allocation, and accessibility-aware
routing can be modeled as agent-based systems that require adaptive strategies. Other Quantum
algorithms such as Harrow-Hassidim-Lloyd (HHL) [97], Grover’s [98,99], Shor’s algorithm [100]
Quantum Phase Estimation (QPE) [101] have been successfully shown to outperform classical methods
in theory, although not yet demonstrated on real hardware or applied to any problems in the transport
field. Finally, recent work on trustworthy and robust QML [22,56] can play an important role in the
adaptation of secure self-driving transport.

Although early quantum demonstrations provide proof-of-concept viability for small-scale trans-
port problems, realistic deployment remains constrained by data encoding challenges, hardware
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limitations, and the difficulty of scaling models to capture the dynamic and heterogeneous nature of
transport systems.

4.3. Hardware Challenges

Despite progress in problem mapping and algorithmic design, the application of quantum opti-
mization to transport systems is also constrained by the limitations of current hardware. Present-day
quantum devices provide only a limited number of qubits, restricted connectivity, and short coherence
times, which significantly limit the scale and fidelity of problems that can be solved. Many transport
optimizations tasks, such as city-wide vehicle routing, multimodal traffic assignment, signal coordi-
nation across intersections, require thousand of binary decision variables, which is well beyond the
capacity for current quantum processors. The gap between the size of realistic transport instances and
the resources available on existing hardware is a major barrier to practical deployment. Noise and
decoherence bring additional challenges. On noisy hardware, errors accumulate quickly, reducing the
probability of achieving reliable solution. This problem becomes more severe when penalty terms are
used to enforce constraints such as vehicle capacity, flow balance, safety margins, since even small
hardware-induced errors can cause invalid solutions.

Furthermore, transport models are subject to multiple constraints, including capacity, timing,
accessibility, and safety. On quantum hardware, these constraints are usually enforced by penalty
coefficients embedded in the objective function. However, the limited precision of coupling strengths
on annealers and the sensitivity of variational circuits on gate-based processors make it difficult to
balance these penalties. If penalty weights are set too high, the optimization landscape may become
distorted and hinder convergence. If penalty weights are set too low, the optimizer may provide
solutions that break critical constraints, for example, assigning more vehicles than available, exceeding
passenger capacity, ignoring accessibility requirements as such violations do not add enough cost
to the objective function. These outcomes may look mathematically valid but are infeasible in real
transport systems.

Challenges also arise from the architectural characteristics of current devices. Restricted connec-
tivity in superconducting processors, for example, complicates the encoding of dense urban networks
where many routes or intersections interact simultaneously. Trapped-ion systems offer better connec-
tivity and longer coherence times, which are beneficial for assignment-style problems, though slower
gate speeds limit their scalability. Neutral-atom arrays have shown progress in solving graph-based
optimization problems such as the maximum independent set [102], which aligns with certain trans-
port formulations, but practical applications remain at the proof-of-concept stage. These architectural
differences highlight that only carefully scoped transport subproblems, such as small routing clusters,
localized congestion hotspots, or simplified scheduling tasks are currently tractable. Bridging the gap
between small-scale demonstrations and realistic, city-wide systems will require advances not only in
hardware capacity and error correction but also in problem simplification and hybrid decomposition
strategies that align transport structures with device-specific capabilities.

On a positive note, the field of quantum hardware development has been advancing at a remark-
able pace. Quantum processors are being developed around the world by major industry players
such as IBM, Google, Intel and others along with many newly established start-ups and universities.
Figures 4 (d) and (e) shows examples of quantum processors developed by IBM and QuEra respectively
which already consists of hundred of qubits. There are several ambitious road-maps, which aim to
build large-scale quantum processors within the next decade, which should place quantum solutions
for many of the aforementioned transport and logistics problems within the possibility of practical
implementation. Furthermore, the field of quantum error correction is also progressing very fast in
which several noisy physical qubits are used to encode error-protected logical qubits. Figure 4 (f) plots
simulation results which show number of error protected quantum operations as a function of the
physical error rates in qubits when the error correction code distance d is varied. A larger distance
d implies that more qubits are used to encode error-protected quantum operations. For example, if
the physical error rate of qubits is 0.1%, a distance d=15 code (around 225 physical qubits per single
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error protected qubit) will allow roughly 107 quantum operations. As the development of quantum
processors advances, it is anticipated that quantum error correction codes over larger distances will
be implemented allowing deeper quantum circuits to be implemented commesurate with real-world
applications. Remarkably, the implementation of quantum error correction methods have already
transitioned from theoretical developments to practical implementations and benchmarking [103-108].
Figure 4 (g) shows recent results from Google Quantum AI [61] which demonstrate error suppression
when code distance is increased to distance 7, offering further hope that larger-scale error-protected
quantum processors may become available to make Quantum Transport Computing a reality.

4.4. Software Challenges

Due to the quantum hardware challenges, software frameworks have become an essential bridge
between theory and practice. Platforms such as Qiskit and Pennylane will allow researchers to design,
test, and benchmark transport-specific optimization strategies in advance of scalable hardware. These
environments accelerate algorithmic development, and prepare the research community for future
fault-tolerant devices. However, current simulators run on classical processors and quickly encounter
memory and runtime issues as the number of qubits increases, which limits the experiments to small-
scale instances. The highly entangled states further increase computational overhead, while noise
models built into simulators provide only approximate representations of hardware behavior, leaving
gaps between simulated results and real device performance.

4.5. Deployment

Once transport problems are mapped into quantum-ready formulations and quantum algorithms
are developed, the next step is to scale from toy problems to the full complexity of real world transport
systems. While the hardware challenges section highlighted the limitations of current quantum devices,
a key question is how these algorithms perform under operational conditions. Mega-events such as
the Olympic and Paralympic Games illustrate the pressures that future deployments need to address
sudden peaks in multimodal demand, dense pedestrian flows, dynamic disruptions, and accessibility
requirements. These represent highly relevant testbeds for assessing whether quantum approaches
can move beyond proof-of-concept and implement for practical optimization at large scale. Problems
such as large-scale vehicle routing, demand responsive scheduling, adaptive signal coordination, and
pedestrian evacuation expand exponentially with network size. Even when hardware constraints are
mitigated through hybrid architectures, quantum algorithms need to demonstrate consistent improve-
ments when applied to datasets involving hundreds of thousands of trips or heterogeneous mobility
needs. One promising pathway is modular deployment, where quantum solvers target subproblems
such as localized congestion hotspots, accessibility aware routing for wheelchair accessible fleets, or
crowd re-routing under disruptions, while classical methods maintain broader system coordination.
For deployment to be viable, quantum solutions also need to be embedded within the simulation and
control frameworks already used in transport planning and operations. This requires interoperabil-
ity with classical optimization engines, traffic management systems, and agent-based simulations,
ensuring that quantum-derived outputs can directly inform real-time decisions. Benchmarking and
validation against classical baselines will therefore be essential. While there are significant challenges
of scalability, integration, validation, and the near-term advantages of quantum approaches are likely
to be limited, early deployments of quantum algorithms in transport can build the foundation for
future large-scale adoption once hardware and algorithmic maturity converge.

5. Olympics 2032 Games — An Australian Case Study

Transport challenges such as traffic congestion during peak hours and unexpected delays due
to road incidents influence everyday life. However, big sporting events like Olympics Games are
unique scenarios which lead to significant and serious disruptions over a short period of time. These
events are often attended by hundreds of thousands of spectators which heavily strain transport
and logistics resources whether it is related to the capacity of roads to accommodate traffic or public
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transport for spectators to move around. Furthermore, in and around the sporting arena, thousands of
spectators require efficient pedestrian flow management to ensure public safety. In this section, we
discuss a case study which is based on our in-progress project in Australia to implement novel QC
models for Olympics 2032 games scheduled to be held in Brisbane Australia [109]. The project which
is funded through the Queensland Government Quantum Challenge 2032 program brings together
complementary expertise from researchers with diverse backgrounds including quantum computing
experts from CSIRO and transport modeling experts from Griffith University. The research team has
expertise in travel behavior, pedestrian modeling and accessible transport, essential to developing
appropriate algorithms, including a key paper on pedestrian level-of-service calculation [110]. In
the past, they have developed innovative algorithm portfolios-based evolutionary optimization for
optimizing complex and large-scale instances of logistics planning problems [111] (1st of 43 journals in
Industrial Engineering) and [112] (Q1 in Industrial & Manufacturing Engineering). Furthermore, the
team has relevant expertise in data analytics, modeling and optimization of complex and multimodal
transportation and logistics systems. These transport related skills are complemented by deep QC ex-
pertise, which include developing quantum optimization and quantum machine learning frameworks
for logistics and transport management.
The project aims to focus on two aspects of quantum development:

¢  Pedestrian crowd dynamics and pinch-points in locations around Southbank, the Brisbane CBD
and Milton will trigger the pre conditions for crowd crushes to occur. This project will develop
modelling that can help mitigate against events like the 2010 German Love Parade crush (21 dead;
652 injured) [113] and 2022 Seoul Halloween crush (159 killed; 196 injured) [114].

¢  The Games fleet of maxi-taxis and community transport vehicles is going to be worked extremely
hard servicing over 1,000 wheelchair users per day. Emphasis will be on managing the dynamic
and often unpredictable nature of such movements. By factoring in potential disruptions and
variations in demand, quantum computing algorithms will be developed with the capability
of rapidly generating alternative schedules and resource allocations, ensuring a seamless and
resilient operation even in the face of unexpected challenges. The work on this wheelchair vehicle
optimization system will be packaged and delivered to the Queensland State’s maxi-taxi operators
for their ongoing use beyond the Games.

The project team aims to work with both The Department of Transport and Main Roads (TMR)
and Brisbane City Council (BCC) to ensure that the research findings can be adopted and implemented
during the operations and delivery phases of the Games. The project is timed to prepare the transport
modeling industry for the arrival of significant local quantum capacity. Although the project will
run from 2025 to 2028, the objective it to continue development and benchmarking of the quantum
solutions beyond the funding period, leading to the scale up of our quantum algorithms in conjunction
with the scaling of the quantum processors. The Queensland Government and the Australian Federal
Government has recently announced an investment of $940 Million in PsiQuantum [115] to build a
large-scale error-corrected quantum processor by 2029. This and similar capacity should be available
before the 2032 Olympics and Paralympics games, allowing our quantum solutions to be deployed
directly on the sites and the transport systems of Southeast Queensland.

Of particular focus moving forward will be: whether the same methods can better optimize: (i)
athlete shuttle bus logistics, (ii) spectator shuttle buses; and/or, (iii) the operations of micromobility
(public e-scooters and e-bikes), to better service travel during the Games. The team has already
established a research partnership with the Brisbane City micromobility operator (BEAM) to better
understand visitor travel during events, to assist this agenda.

This case study features a unique QC capability purposely developed to address challenging
transport scenarios which in the past have led to significant disruptions and public safety issues.
The timeline of the project is coincided with the anticipated development of QC hardware to target
large-scale real-world deployment demonstrating quantum benefits. The successful delivery of the
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project will be the first ever application of QC in Olympics Games and will have broader application
for other large sporting events around the world.

6. Outlook

This review has outlined major challenges covering a broad range of transport modeling and
optimization tasks, the opportunities and the barriers of quantum implementation for addressing these
challenges, and the possible way forward for scaling proof-of-concept studies to large-scale, real-world
transport applications. Among the wide range of transport applications, problems with a combinatorial
structure, such as vehicle routing, dynamic traffic assignment, and evacuation scheduling offer the
highest near-term potential for quantum optimization. These problems can be naturally mapped to
quantum formulations and decomposed into subproblems that are feasible with the limited scale of
current quantum devices. Predictive tasks such as travel demand forecasting and behavioral modeling
in pedestrian flows present different challenges, which require high-dimensional and heterogeneous
data representations. Therefore, quantum machine learning and quantum cellular automata may
offer advantages with efficient encoding strategies that can capture transport-specific features such as
temporal fluctuations, multimodal interactions, and accessibility constraints.

Quantum adoption in transport will require systematic assessment of where the greatest com-
putational bottlenecks exist in classical methods, and where quantum approaches can realistically
provide advantages. While existing quantum approaches have the potential to address some of the
transport challenges, new methods and algorithms are needed, especially for demand forecasting,
pedestrian modeling, and accessibility-aware routing problems. To address current quantum hardware
and software challenges, transport problems may need to be reformulated into structures that are
more compatible with current devices. Decomposition into smaller subproblems can make large
optimization more scalable for near-term quantum devices, while qubit-efficient techniques can be
developed to reduce computational challenges. Hybrid classical-quantum frameworks can help bridge
the gap between proof-of-concept demonstrations and realistic applications. These directions provide
pathways for developing quantum approaches to advance transport research, and can be scaled up to
address large-scale scheduling, pedestrian flow management, and accessible-aware routing, which
will pose significant challenges in mega-events such as 2032 Olympic and Paralympic Games.

The field of quantum computing is rapidly progressing. Within the last decade, several quantum
processor platforms have been developed which already offer quantum devices with qubit numbers
ranging from a few hundreds to thousand. The quality of qubits and quantum operations is also
improving and recent devices have shown considerably lower error rates compared to earlier genera-
tions. Additionally, developments in quantum software layers including quantum error correction,
quantum control, quantum error mitigation, transpilation, and resource optimization have drastically
improved the performance of quantum devices. Although the current generation of quantum devices
remain limited in their capability to implement full-scale transport problems, it is anticipated that
future progress on both quantum hardware and software fronts should enable practically relevant
Quantum Transport Computing. A particularly exciting opportunity is to be able to develop use cases
for Olympics and Paralympics 2032 Games in Australia, which may coincide with the timeline of
useful quantum computing.
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