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Abstract
Space science and technology are among the most challenging and strategic fields in
which quantum computing promises to have a pervasive and long-lasting impact.
We provide an overview of selected published works reporting the application of
quantum computing to space science and technology. Our systematic analysis
identifies three major classes of problems that have been approached with quantum
computing. The first category includes optimization tasks, often cast into Quadratic
Unconstrained Binary Optimization and solved using quantum annealing, with
scheduling problems serving as a notable example. A second class comprises
learning tasks, such as image classification in Earth Observation, often tackled with
gate-based hybrid quantum-classical computation, namely with Quantum Machine
Learning concepts and tools. Finally, integrating quantum computing with other
quantum technologies may lead to new disruptive technologies, for instance, the
creation of a quantum satellite internet constellation and distributed quantum
computing. We organize our exposition by providing a critical analysis of the main
challenges and methods at the core of different quantum computing paradigms and
algorithms, which are often fundamentally similar across different domains of
application in the space sector and beyond.
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1 Introduction
Among many fields anticipated to benefit from quantum computing, space science and
technology have a special role. High-performance computing and intensive computational
resources are essential for a wide range of applications. Some notable examples include
space mission scheduling through efficient task planning, processing large datasets of air-
borne or satellite images for remote sensing, and simulating fundamental physics pro-
cesses. This review provides an overview of research conducted at the intersection of
quantum computing and space science and technology.

Although we aim to discuss how quantum computing [1, 2] entered the quest to solve the
computational challenges posed by space activities, our focus is on quantum computing
architectures and algorithms, which are discussed concisely but rigorously. We hope that
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this approach may help to elucidate the core challenges and opportunities of near-term
quantum computing, which often transcend the specific domain of application. To assist
readers – especially those with a technical background in the space sector – in navigating
our Selective Review, we have included a summarizing Table in Sect. 5, which organizes
all reviewed papers on quantum computing for space science and technology according
to the classification framework of the Jet Propulsion Lab of NASA.

With this review, our objective is to provide a timely and thorough assessment of cur-
rent state-of-the-art and future directions in this interdisciplinary field. Previously, NASA,
which has pioneered quantum computing applications in space, has periodically publicly
shared the status of its advancement on quantum annealing [3, 4] and gate-based quan-
tum computing [5]. However, we feel that a review that gathers the latest developments is
missing.

We present a focused summary of relevant literature, structured into three primary re-
search areas, each covered in a dedicated section. A visual synopsis of the reviewed sub-
jects is provided in Fig. 1, while detailed summaries are included at the beginning of each
section. We begin with Sect. 2, which examines QUBO problems in space science and
technology, primarily tackled with quantum annealing (QA) or hybrid quantum-classical
schemes based on QA. Particular emphasis is placed on scheduling problems, with a dis-
cussion of their mathematical formulations and their relevance to space applications.

Next, Sect. 3 explores the use of quantum machine learning (QML) algorithms for re-
mote sensing and Earth Observation. The need for processing and classifying vast datasets
from airborne and satellite systems has recently led to numerous quantum and hybrid
quantum-classical algorithmic proposals. Most QML algorithms are designed to run on
processors supporting a gate-based architecture, by leveraging both quantum and classi-

Figure 1 Pictorial description of the main applications of quantum computing to space science and
technology covered in this review article. The colored numbers refer to the corresponding sections
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cal computation. A notable exception is the QA-based version of SVMs, which is treated
in this section for ease of presentation despite relying on a QA scheme (see Fig. 1).

Although the QA-related techniques for optimization and the broad class of quantum
machine learning algorithms serve largely independent domains of application, it is worth
noting that there are cross-domain implementations. A first remarkable example is repre-
sented by the QA-based SVM mentioned above, to be exploited e.g. in classification prob-
lems. Secondly, the Quantum Approximate Optimization Algorithm (QAOA) is one of
the most renowned gate-based algorithms for optimization and learning, and has a direct
connection to QA, as mentioned in Sect. 2.1. Another noteworthy example is represented
by training Boltzmann Machines with QA [6], which is not covered here.

Section 4 broadens the perspective of quantum computing for space by considering the
potential integration with other quantum technologies. To maintain focus, we do not span
the entire breadth of available and proposed schemes that combine quantum technologies
and space research. Such efforts have already been addressed in previous topical and com-
prehensive reviews, devoted to shaping a roadmap for quantum technologies in and for
space [7], reviewing tests of fundamental physics implementable in space along with ap-
plications of quantum communication and quantum sensing in space [8], and discussing
quantum optical implementations [9]. Here, we narrow our scope to the prospects of in-
tegrating quantum computing with quantum communication and quantum sensing for
satellite missions.

Finally, in Sect. 5, we provide an outlook on quantum computing for space and conclud-
ing remarks. A list of acronyms used throughout this work is reported in App. C.

Among the topics that are not covered by our review, we mention physics-inspired and
quantum-inspired classical algorithms, based e.g. on tensor networks, which have been
analyzed in a recent publication [10]. To provide a coherent selective review that high-
lights key concepts and challenges in this field, we were unable to incorporate all available
published studies with the same level of detail while maintaining a reasonable manuscript
length. Consequently, certain references of major impact are examined in greater detail
than others, and our review is organized and structured around classes of quantum and
hybrid quantum-classical algorithms.

It is our goal to offer space scientists and technologists a practical guide to understand
the basics of quantum computing. In parallel, our goal is to establish a solid foundation for
further incremental and groundbreaking work in the field. Finally, a quantum computing
expert with knowledge of quantum theory and algorithms may find several real-world
problems to benchmark their new algorithmic proposals, which are often tested only in
idealized and synthetic scenarios.

The remainder of this Introduction offers a concise overview of quantum computing,
aimed at readers from different backgrounds.

1.1 Quantum computing in a nutshell
Unlike conventional microprocessors, which rely on a single technology – the silicon plat-
form – and one computational architecture based on Boolean logic implementing the Von
Neumann approach, at least three computational architectures enable universal quantum
computing.

In the circuit model [11], also known as gate-based architecture, registers of initialized
qubits – the quantum computational units – are processed by one-qubit and two-qubit
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quantum logic gates. Each gate is realized by a sequence of physical operations, imple-
menting approximately unitary operators. The sequential application of these gates re-
sults in a quantum circuit, i.e., a multi-qubit unitary transformation. A final (probabilis-
tic) measurement of the qubit register provides the quantum algorithm’s answer to the
computational problem. Usually, a series of quantum register preparation operations and
measurements (often dubbed “shots”) are needed to gather statistics on some observable
quantity to be measured, described by a hermitian operator.

In the adiabatic quantum computing architecture [12], instead, the physical qubits are
exploited as a graph of computational units onto which the computational problem can
be mapped, resulting in a complex energy potential with several minima. Initializing the
system in the ground state of a simple initial Hamiltonian, it is next driven very slowly
(i.e. adiabatically) to the target state, encoding the solution to the problem, which is the
quantum state associated with the minimum energy for a final target Hamiltonian.

Lastly, in the measurement-based (or one-way) architecture [13], the system simulates a
quantum circuit by starting from a highly entangled state, called a graph state, or resource
state, or cluster state. Quantum computation is performed by successive one-qubit mea-
surements of individual qubits, whose output is used to condition the next qubits until
a final register containing the output of the algorithm is measured to obtain the answer.
This makes it an irreversible type of computation from its core principles.

From a theoretical perspective, all three computational architectures are polynomially
equivalent and, therefore, quantum computationally universal. However, their experimen-
tal implementations are currently at very different stages of maturity. Six major quan-
tum computing prototype technologies exist [14], namely superconductors [15], trapped
ions [16], neutral atoms [17], spin in silicon [18–20], color-centers in diamond [21], and
light states in photonic circuits [22]. They all share the capability to encode quantum in-
formation by controlled quantum states and to leverage quantum resources like super-
position and entanglement. The state-of-the-art of these technologies is rapidly evolving,
and a brief overview with supplementary references is provided in App. A.

All universal quantum computation implementations currently rely on the gate-based
architecture, with trapped ions and superconducting platforms offering the most ad-
vanced Noisy Intermediate-Scale Quantum (NISQ) devices [23]. The adiabatic quantum
computation paradigm has inspired a generation of quantum annealers [24], which im-
plement a dynamical evolution of an Ising spin glass by tuning a dynamic coupling with
a transverse field. This approach is not universal and natively solves only Quadratic Un-
constrained Binary Optimization (QUBO) problems. The leading technology is based on
superconducting qubits and may offer the first commercial applications [25]. Finally, the
measurement-based architecture may be implemented on photonic devices, but it is still
in its infancy.

As the existing hardware of quantum computers is, at the time of writing, still relatively
immature, current research on quantum algorithms – and interest in their application
to space, as in other industrial fields – is conducted under the assumption that, at some
point in the future, the available resources and reliability will be sufficient for practical use.
Therefore, although there is currently no advantage in encoding and solving problems
with quantum hardware compared to classical methods, the substantial effort invested
in developing several distinct technologies is progressively narrowing the gap between
available resources and the scale of realistic problems. At the same time, the reliability of
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qubits has improved dramatically – from a few-qubit processors in the 2015-2023 period
– to thousands of qubits and partial quantum error correction in some hardware starting
in 2024. Like other fields, space applications will progressively benefit from intermediate
advances in hardware on the path toward universal fault-tolerant quantum computing.

There is currently no universal consensus on the terminology used to describe the an-
ticipated advantages offered by quantum computing, which have been referred to using
various labels, sometimes with imprecise or ambiguous meanings. In the literature, quan-
tum supremacy is commonly defined as the point at which a quantum computer can per-
form a computational task that is practically infeasible for any classical supercomputer,
regardless of whether the task has practical relevance. Highly debated claims of quantum
supremacy have appeared in the literature, but none have, in fact, addressed computa-
tional tasks of practical relevance beyond academic interest. In some policy and media
contexts, this term also carries geopolitical connotations, reflecting the so-called “quan-
tum divide” between countries that possess quantum technologies and those that do not.

Quantum advantage, in contrast, typically refers to a quantum computer solving a useful
problem more efficiently than classical algorithms. A more scientifically precise concept
is that of quantum speed-up, namely a reduction in computational complexity – often in
asymptotic terms – compared to the best-known (or a class of ) classical algorithms. A
clarifying and scientifically sound definition of different kinds of quantum speed-up was
offered long ago in Ref. [26]. Nevertheless, a quantum advantage may also arise in different
forms, since it may more broadly encompass any practical benefit in performance, accu-
racy, or resource use. An example may be represented by improved energy efficiency [27],
or co-integration with other quantum technologies such as quantum sensing and quantum
communication.

Quantum utility is a more recent term [28], generally used to describe scenarios in
which quantum computation emerges as a valid alternative or complement to classical
techniques for a practically relevant task, even in the absence of a proven computational
advantage. As this concept is still evolving, its definition can vary depending on the con-
text in which it is used. In some cases, it refers to a quantum computer that is able to run a
quantum circuit for a useful task, more efficiently than any classical simulation of the same
circuit. However, this would not preclude the existence of an intrinsically more efficient
classical method.

2 Quantum Annealing (QA) for scheduling and other key challenges
This section covers QA and hybrid quantum-classical techniques based on QA, with a
focus on their deployment in space science and technology.

The QUBO formulation is introduced in Sect. 2.1, and the underlying principles of QA
are discussed in Sect. 2.2. Practical implementation on D-Wave quantum devices is ex-
plained in Sect. 2.3, focusing on embedding challenges, limitations of current quantum
hardware, and hybrid solutions allowing to tackle larger and more diverse classes of prob-
lems. Section 2.4 offers an updated and critical perspective on the state-of-the-art of QA,
which may serve as a solid starting point for practitioners, highlighting common trends
and challenges.

Next, we focus our discussion and topical review on scheduling problems, emphasizing
recent research and recurring themes. Indeed, several tasks of interest in the aerospace
sector can be mapped to scheduling problems, such as Graph Coloring (GC) [29, 30] or
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Job-shop Scheduling Problem (JSP) [31]. As briefly discussed in Sect. 2.5, these are two
prominent examples of NP-complete problems that can be recast into the QUBO form.
Section 2.6 reviews published work on QA for scheduling problems in the space sector,
including the satellite scheduling problem, the Deep Space Network scheduling, and the
example of a Mars lander activity problem.

Finally, Sect. 2.7 describes a few selected examples of QUBO problems beyond schedul-
ing, yet relevant for space science and technology, and tackled with QA techniques. A few
examples include satellite constellation optimization, and determining optimal trajecto-
ries for aerial and space vehicles.

2.1 Quadratic Unconstrained Binary Optimization (QUBO)
Space applications pose formidable computational challenges that often admit a reformu-
lation in terms of combinatorial problems, specifically within the subclasses of optimiza-
tion and decision problems. In addition to the intrinsic interest in solving real-world use
cases for specific applications, these computational tasks often fall into renowned fami-
lies of computer science problems, frequently belonging to the NP-complete or NP-hard
complexity classes. These tasks are computationally intractable, as finding an exact so-
lution in worst-case scenarios requires computational resources that grow at least ex-
ponentially with the size, and no efficient exact algorithm exists. However, extensive re-
search on heuristic or meta-heuristic algorithms has been developed to tackle instances
that are highly relevant in domain-specific applications. In practice, approximate or even
exact solutions are routinely obtained with less than exponential resources but without
any performance guarantee. Due to this intrinsic hardness, alternative computational
paradigms have emerged as promising candidates for solving hard combinatorial prob-
lems and may substantially improve the state-of-the-art of standard heuristic algorithms.
Quantum computing is a leading candidate in this endeavor, encompassing both the digital
gate-based models of quantum computation and analog Quantum Annealing (QA) [24].
The interconnection of different computational problems implies that any numerical or
theoretical evidence of some form of quantum speed-up [26] for a domain-specific appli-
cation would likely imply similar benefits in other areas of application.

The most significant category of combinatorial optimization problems addressable us-
ing quantum computing is Quadratic Unconstrained Binary Optimization (QUBO). It
consists of the minimization of a quadratic cost function in terms of a set of binary vari-
ables xi = 0, 1:

E =
N∑

i=1

N∑

j=1

qijxixj =
N∑

i=1

∑

j �=i

qijxixj +
N∑

i=1

qiixi , (1)

as for such binary variables, it holds x2
i = xi. A key observation consists of noticing the

formal equivalence of any QUBO problem to an Ising spin glass, one of the best-studied
models in statistical physics. An Ising spin glass is defined by its energy function (or Hamil-
tonian in physical terminology)

H =
N∑

i=1

N∑

j=i+1

Jijσiσj +
N∑

i=1

hiσi, (2)
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now expressed in terms of N classical spins σi = ±1. This Hamiltonian can be interpreted
as a cost function depending on arrays of spins σ = (σ1, . . . ,σN ), where only one array (or a
specific set of arrays) achieves the minimum energy, corresponding to the ground state(s).
The one-to-one mapping between QUBO variables xi and Ising variables σi is obtained by
the affine transformation σi = 2xi – 1.

Several practical challenges admit a conceptual reformulation in terms of a QUBO prob-
lem [32] or, equivalently, an Ising spin glass [33]. A selected set of examples relevant
to space science is discussed in the following sections. Crucially, Eq. (2) represents the
broadest category of problems that current Quantum Annealers can encode. The distinc-
tive feature of an Ising spin glass is the presence of 2-variable couplings only, namely the
Jij, without higher-order interactions. Some simple examples of spin glass models have
been extensively studied in physics, notably the so-called Ising model in d dimensions,
where the coupling matrix (Jij) is sparse, and the only non-zero terms correspond to near-
est neighbors spins on a chain (for d = 1) or on a cubic lattice (for d ≥ 2). Typically, these
non-zero couplings all assume the same value Jij = J . However, for optimization problems
that can be mapped into Ising spin glass models, the coupling geometry is not restricted
to nearest neighbors. The coupling matrix in these cases is often dense, with elements Jij

taking various values, reflecting a more complex interaction structure.
We remark that combinatorial optimization problems, particularly when expressed in

the QUBO formalism, have also been routinely studied in the context of gate-based quan-
tum computation, specifically with hybrid quantum-classical algorithms. A special role
has been played by the Quantum Approximate Optimization Algorithm (QAOA) since
2014 [34], one of the earliest proposals leveraging the iterative optimization of a PQC con-
ducted by a classical optimizer. This formulation, specifically designed for QUBO prob-
lems, has later been generalized and refined in many ways [35–40] and today a whole
research field, namely Variational Quantum Algorithms (VQAs) [41, 42], relies on simi-
lar ideas. These hybrid quantum-classical schemes are discussed in Sect. 3.2, and utilized
in the reviewed literature on QML applications to the space sector. Nonetheless, quan-
tum annealers are more specialized to the class of QUBO computational problems and
currently allow for the encoding and the potential solution of significantly larger-scale in-
stances.

2.2 A short theoretical overview on QA
Here, we summarize the theoretical underpinning of QA, directing the interested reader
to more specialized material [43–47]. As a first step for the quantum solution of a QUBO
problem, one should promote the corresponding Ising classical Hamiltonian to a quan-
tum setting. The standard strategy to obtain a quantum Hamiltonian is to map classical
spins in Eq. (2) to quantum spin-1/2 Pauli operators σ̂ z

j . Hence, the initial cost function is
mapped to a quantum Hamiltonian that is diagonal, by construction, in the computational
basis of quantum computation [1], here identified with the common eigenbasis of all Pauli
operators σ̂ z

j :

H(σ1, . . . ,σN ) → Ĥz(σ̂ z
1 , . . . , σ̂ z

N ) . (3)

In a highly idealized scenario, the effectiveness of quantum annealing would rely on Adi-
abatic Quantum Computation (AQC) [12] performed at zero temperature. In a nutshell,
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a quantum system is initialized in the easy-to-prepare ground state of a transverse-field
non-interacting Hamiltonian

Ĥ0 = Ĥx = –
N∑

j=1

σ̂ x
j , (4)

and then driven by an external coupling to the ground state of a target Hamiltonian
Ĥz(σ̂ z

1 , . . . , σ̂ z
N ), which encodes by construction the solution of a classical computational

problem as its ground state. Schematically, the standard way to proceed is to construct an
interpolating Hamiltonian

Ĥ(s) = (1 – s) Ĥx + s Ĥz , (5)

with s = s(t) playing the role of the external coupling. Ideally, the goal would be to pursue
adiabatic dynamics, following the instantaneous ground state of Ĥ(s), by slowly increasing
s(t) from s(0) = 0 to s(τ ) = 1 in a large total annealing time τ . The main challenge is associ-
ated with the large value of τ usually required to avoid exciting higher energy states, which
depends on the minimum spectral gap Δ encountered during the annealing, as stated by
the adiabatic theorem(s) [48]. This is a subtle theoretical subject reviewed in [12]. In sim-
ple terms, the minimum annealing time τ required for adiabaticity typically scales as Δ–2.
A narrow or vanishing spectral gap, which is the hallmark of a quantum phase transition
in the thermodynamic limit (infinite size of a model), poses a serious challenge, as the
required values of τ would grow indefinitely.

On top of the finite values of τ , experimental platforms suffer from other non-idealities,
particularly finite-temperature effects and limited qubit connectivity. In practice, an ar-
bitrary QUBO (or Ising) problem1 is defined by a problem graph G = (V , E) where V is
a set of vertices corresponding to virtual qubits with a bias hi, and E is a set of weighted
edges, each associated with a non-vanishing coupling Jij. However, this is only the abstract
(or virtual) formulation of a QUBO problem, which poses a practical challenge to map it
into quantum annealers. Indeed, these are characterized by a certain number of physical
qubits with connectivity limited only to neighboring sites, which may not match the one
of the problem graph, hence the need for non-trivial embedding schemes. The technical
aspect of embedding a QUBO problem onto a realistic device is discussed below.

Finally, AQC has been proven universal since it is polynomially equivalent to conven-
tional gate-based quantum computing in the circuit model [49]. However, this is only
true by exploiting non-stoquastic Hamiltonians, stoquastic Hamiltonians being defined
as those with only non-positive off-diagonal matrix elements in the computational ba-
sis. Current quantum annealers have a scalable design that can only implement stoquastic
terms, precisely the Ising spin glass Hamiltonian in Eq. (2) and the transverse-field term in
Eq. (4). The implementation of non-stoquastic terms such as positive σx ⊗ σx interactions
is particularly challenging with superconducting flux-qubits technology [50].

1Since the two problem formulations are equivalent, they are often used interchangeably. In the following, we shall prefer
the Ising formulation, as it is the one directly implemented on quantum annealers (see Sect. 2.3).
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2.3 Practical QA: embedding challenges, hardware limitations, and hybrid
solutions

This section provides an overview of the current state-of-the-art technology in QA hard-
ware. In our discussion, we primarily focus on the latest superconducting devices from
D-Wave, currently providing the most advanced platform for quantum annealing. We also
acknowledge alternative technologies capable of executing analog operations on qubit reg-
isters, such as neutral atom implementations developed, for instance, by Pasqal [51], Atom
Computing [52], and QuEra [53].

D-Wave’s Advantage system has a quantum processor with 5000+ superconducting
qubits, a significant enhancement compared to the 2000 qubits of its predecessor, since
more physical qubits clearly allow to tackle more complex and computationally exten-
sive QUBO problems. This system relies on a Pegasus graph topology, characterized by a
15-way qubit connectivity [54]. Each qubit in the graph can directly interact with 15 neigh-
bors, thus defining a more dense and versatile connectivity map compared to the 6-way
connectivity of the precedent Chimera graph topology. This promotes efficient utilization
of quantum resources, resulting in a more compact embedding of an abstract problem
graph G into the Quantum Processing Unit (QPU), which typically correlates with im-
proved solution quality. The upcoming generations of quantum annealers are moving to-
wards more complex topologies like the so-called Zephyr with 20-way qubit connectivity,
also featuring longer coherence time.

The actual annealing schedule that is experimentally available on D-Wave QPUs is
closely related to the theoretical formulation in Eq. (5) and can be formalized as:

Ĥ(s) = A(s) Ĥx + B(s) Ĥz , (6)

where the two annealing functions A and B are fixed by the QPU architecture and such
that A(s) � B(s) at s = 0 when the annealing begins, and A(s) � B(s) at s = 1 at the end
of the annealing. The standard linear ramp s = s(t) = t/τ can be replaced by a piece-wise
linear annealing pattern. This flexibility allows the implementation of advanced strategies
such as quench and pause or reverse annealing, as mentioned in Sect. 2.4. While the two
functions A and B define a global annealing schedule for all qubits, tailored control at
the single superconductive qubit level can be implemented, as detailed online in D-Wave
documentation [55].

2.3.1 Embedding
The embedding procedure involves mapping the abstract QUBO problem graph, denoted
by G = (V , E), onto the D-Wave quantum annealer. Qubit chains are employed whenever
the limited connectivity of the physical qubits in the QPU impedes direct one-to-one map-
ping. In fact, to represent a high-connectivity graph on the physical hardware, it is possible
to encode each virtual qubit using multiple physical qubits. These physical qubits should
be adjacent in the hardware connectivity map and are artificially constrained to act as a
single qubit. In practice, a strong ferromagnetic coupling JF is introduced to artificially
force all such spins either in the spin up or down state.

Notably, the Pegasus topology allows for directly embedding triangular relationships
among qubits, a significant improvement over the older Chimera graph. Increased hard-
ware connectivity simplifies the embedding process by reducing or eliminating the need to
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Figure 2 Example of minor embedding of a fully connected graph with 5 virtual qubits, representing a
simple QUBO problem, min(x1 + x2 + x3 + x4 + x5)2, onto 6 physical qubits on a subsection of the Pegasus
topology. A chain of two physical qubits has been formed to represent the virtual qubit number 4. The red
nodes represent physical qubits of the QPU not used for embedding this problem

form chains, potentially enhancing the performance of quantum annealing operations. A
comparative study on embedding algorithms in Ref. [56] reveals that the Pegasus topology
consistently achieves shorter chain lengths by about 40-60 percent compared to Chimera,
significantly improving runtime and embedding efficiency. A simple illustrative example
of the embedding process is shown in Fig. 2.

Embedding a problem into a D-Wave quantum annealer is generally a complex task.
To facilitate this process, D-Wave provides software libraries that automate the task of
finding a suitable embedding for a given problem, with a procedure known as minor em-
bedding [57]. On top of reducing the number and the length of qubit chains, a key aspect
of the embedding process is setting the “chain strength” value, defined by the ferromag-
netic coupling JF. Strong coupling terms are fundamental to ensure that qubits belonging
to the same chain align in the same spin state, faithfully representing a single virtual qubit.
On the other hand, high ferromagnetic couplings can induce unwanted phenomena such
as freeze-out, where part of the quantum system is locked in a particular suboptimal state
early in the annealing process. This makes it harder to explore the solution space effec-
tively, thereby reducing the chance of reaching the true ground state. The optimal choice
for JF resides in this delicate trade-off and is usually determined experimentally or by em-
ploying D-Wave tools.

Some techniques enable the transformation of higher-order unconstrained binary opti-
mization (HUBO) problems into a QUBO format, as well as the incorporation of specific
constraints or problems involving non-binary variables. However, this process often in-
troduces a significant overhead in the number of virtual qubits required, which can com-
plicate the embedding process into the QPU. Various techniques have been developed to
address these challenges, as reported in Ref. [25] and references therein.

2.3.2 Hardware limitations
As described in the previous paragraph, only very specific problem graphs are amenable
to direct embedding into the QPU. The embedding procedure is computationally hard
and may require significant resource overhead, especially for high-connectivity problem
graphs.
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Even after a correct embedding of a QUBO problem is performed, it is essential to realize
that D-Wave is not performing ideal Adiabatic Quantum Computation. Thermal fluctua-
tions impact real machines, as temperatures within D-Wave’s freezers typically fluctuate
around a few millikelvins. These fluctuations may cause the system to transition to the
first excited states during annealing. Furthermore, quantum annealers, similarly to other
quantum and analog computing devices, are susceptible to non-idealities such as crosstalk,
device variation, and environmental noise.

A shortcoming inherently present in experimental implementations of QA for real-
world problems is the lack of availability of prior information about the minimum energy
gap Δ encountered along the annealing path. In practice, users have a constrained time
interval access to the annealer, typically set between 20 and 2000 microseconds. Obtaining
even an order-of-magnitude estimate for the annealing time τ required to maintain adi-
abaticity is typically infeasible for most practical applications. Short of theoretical guar-
antees that the available annealing time is sufficient to adhere to the adiabatic theorem,
current quantum annealers are rather operated as a sampler. At the end of the annealing,
each qubit undergoes measurement, and the resulting spin configuration is recorded in a
classical binary string. The whole annealing and measurement process is repeated multi-
ple times (usually between 103 and 104), and a histogram depicting the energy distribution
of the measured strings is obtained. Under favorable conditions, the histogram may have
a left tail overlapping with the ground state energy of the initial QUBO problem or at least
may provide some high-quality approximate solutions.

2.3.3 Hybrid solver service
Despite the steady technological progress in hardware manufacturing, many real-world
problems are still too large to fit into current quantum processing units and be solved
with QA. This is due both to the intrinsic complexity of practical use cases and to the
large number of binary variables – corresponding to virtual qubits – often required to re-
formulate them as QUBO problems. An example of this mapping to QUBO is summarized
in Sect. 2.5 for the graph coloring and the JSP. Moreover, as detailed above, the need for
embedding and the use of qubit chains represent an additional computational overhead in
terms of physical qubits. In practice, QUBO instances involving more than a few hundred
virtual qubits are challenging to embed in the QPU, especially for problem graphs with
high connectivity.

A valid alternative strategy relies on hybrid quantum-classical computation. In short,
a classical heuristic algorithm decomposes large problem instances into smaller sub-
problems that the D-Wave QPU can directly address. These sub-problems are tackled by
classical heuristic solvers running in parallel on state-of-the-art CPU and/or GPU plat-
forms. In a nutshell, each node contains a classical heuristic module that explores the
solution space and a quantum module, which formulates quantum queries that are sent
to a back-end Advantage QPU. Replies from the QPU guide the heuristic module toward
more promising areas of the search space or to improve existing solutions. Each heuristic
sends tentative solutions to the front-end before a time limit is reached, and the front-end
forwards the best results to the user. This approach is hybrid because it uses a classical ma-
chine for the initial heuristic decomposition of the problem and the organization of the
results provided by the QPUs. Unlike other quantum-classical algorithms, such as Vari-
ational Quantum Algorithm, classical computation is not employed as an optimization
subroutine.
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D-Wave has developed a Python framework [58] that allows user-defined integration of
classical and quantum methodologies for the solution of optimization problems, so that
the user has full control over the quantum-classical workflow. Alternatively, D-Wave offers
a Hybrid Solver Service (HSS), a set of ready-to-use hybrid solvers automatically capable
of handling inputs significantly larger than those the QPU can manage alone. This service
can be easily employed by users with less technical expertise. Hybrid solvers can also solve
a broader set of problems that are not necessarily in the QUBO formulation. To date [59],
it is possible to directly solve binary quadratic models (BQM), discrete quadratic models
(DQM) and constrained quadratic models (CQMs) without needing to map them into
the usual QUBO form. A very recent update includes a novel Nonlinear-Program Hybrid
Solver, which is described and tested in Ref. [60]. This article also provides a valuable
comparison of the D-Wave hybrid solvers included in the HSS, alongside a selection of
previously published works that utilize these hybrid approaches.

2.4 A perspective on QA effectiveness and advanced methods
Many of the most challenging computational problems in industry and science are tackled
by heuristic and meta-heuristic algorithms. Despite lacking formal efficiency proofs, re-
markable practical performance has been shown by empirical testing and benchmarking
on real world use cases. The question of whether QA may provide a genuine speedup [26]
over classical methods for QUBO remains largely unanswered, mainly due to the limited
problem sizes that current quantum annealers can handle and the inefficiencies in the
embedding process.

Hypothetically, QA and hybrid quantum-classical approaches may provide advantages
over classical heuristics in different ways. For instance, they could provide higher-quality
approximate solutions, faster time to solution and lower energy consumption, or qualita-
tively different solutions. However, extensive experiments with improved hardware and
larger QPUs are mandatory to assess the ultimate effectiveness of QA. This is the conclu-
sion of virtually all papers focusing on QA applications for QUBO with current hardware,
specifically those summarized in Sects. 2.6 and 2.7.

Incidentally, it is relevant to note that quantum annealers have also been employed as
samplers for different problem classes. A notable example is machine learning tasks, see,
for instance, Ref. [4] and references therein, or the more recent work in Ref. [6, 61], in-
cluding demonstration of limited quantum speed-up [62] in an anomaly detection task
over real IP traffic data [63]. Potential evidence for quantum advantage has recently been
demonstrated for sampling quantum many-body states after a quench (sudden short-time
annealing evolution) [64]. While an overview of these topics is beyond the scope of our
current work, similar techniques may also be developed for space applications.

To partially overcome the limitations of current QA hardware, recent research has fo-
cused on enhancing the algorithmic pipeline, often through the use of hybrid quantum-
classical computation. Despite encouraging evidence on the effectiveness of the ready-
to-use HSS framework [59], a potential drawback is the difficulty in assessing how much
of the empirical success of solving a given task is ultimately due to quantum mechanical
effects.

In addition to the HSS, tailored hybrid approaches are frequently designed to address
specific tasks. A first strategy resides in carefully preprocessing the QUBO problem, e.g. by
pruning unnecessary binary variables and reducing the problem size or utilizing empirical
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techniques to focus on more relevant sub-portions of the search space. Different post-
processing methods on the samples obtained from D-Wave are often used, sometimes in
combination with machine learning techniques. Secondly, D-Wave technology allows for
some flexibility in the schedule optimization, namely the customization of the schedule
s = s(t), which has to be a piece-wise linear function (see Eq. 2.3). The standard linear
schedule can be modified by adding a pause during the annealing, which might prove
beneficial in some settings [65]. An alternative strategy is reverse annealing [66]. There,
the system is initialized in a classical state acting as a warm-start, and the transverse field
term is gradually re-introduced and eventually lowered again. This approach might allow
for exploring a promising sub-region of the search space with quantum fluctuations, and
it can be combined with iterative techniques. Hybrid schemes or schedule optimization
have been applied in most publications described in Sects. 2.6 and 2.7.

2.5 Formalization of scheduling problems suitable for QA
Over the past few decades, scheduling problems have received substantial attention in
research and industry, with many applications in manufacturing and production environ-
ments [67]. A common mathematical formulation is represented by the Job-shop Schedul-
ing Problem (JSP), a fundamental problem in operations research and computer science,
which formalizes a variety of scheduling tasks of crucial importance for the space sec-
tor. The objective is to schedule jobs on a set of machines (or resources), where each job
consists of several operations (tasks) that need to be performed in a specific order. Each
operation is characterized by a certain duration and should be assigned to a specific ma-
chine, or to a subset of machines [67]. An optimal schedule should minimize the total
completion time or maximize a score while meeting operational constraints.

Before diving into the JSP formulation in Sect. 2.5.2, we deemed it instructive to summa-
rize the Graph Coloring (GC) problem [68] in Sect. 2.5.1 for two reasons. First, it may be
regarded as a reduced formulation of the JSP, and second, it offers a prototypical example
of a combinatorial optimization problem that can be easily recast into the QUBO form.

2.5.1 Graph coloring problem
The concept of graph coloring originates from the practice of coloring adjacent countries
on a map, namely a planar graph, with different colors. In modern terms, it is formulated
as vertex coloring for a graph G = (V , E) where V is a set of vertices and E is a set of edges,
each connecting a pair of vertices. The K-coloring problem requires finding a proper la-
beling of the graph’s N vertices utilizing K colors. The requirement is that each pair of
vertices (i, j) connected by an edge should have different colors .2 For K ≥ 3 colors, it is
an NP-complete problem. The chromatic number of a graph, often indicated as χ(G), is
the smallest number of colors required to achieve a proper vertex coloring. The determi-
nation of χ(G) for a generic graph is itself an NP-hard problem. The four-color theorem
offers a remarkable exception for planar graphs, since a proper coloring of any map with
at least K = 4 colors exists, and it can be found in polynomial time. An example of graph
coloring for a non-planar graph is shown in Fig. 3.

2The choice of colors is arbitrary, so one can use integer labeling. A subset characterized by the same color is an independent
set of the graph G . The face coloring of a planar graph can be recast to the vertex coloring of its dual, and similarly, the
edge coloring of a graph is just the vertex coloring of its line graph.
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Figure 3 Example of a correctly solved graph coloring problem. This is a Petersen graph, an undirected graph
with N = 10 vertices and 15 edges. The colors are K = 3, which is equal to its chromatic number

Exact methods for the solution of the K-coloring problem require exponential resources
in the graph size, and heuristic or meta-heuristic algorithms are employed for realistic
scenarios. Among these, quantum and hybrid quantum-classical optimization techniques
might prove useful. Indeed, graph coloring can be reformulated as a QUBO problem in
terms of a set of binary variables {xi,c}, where xi,c = 1 if the i-th vertex has a label (color) c:

HGC =
∑

(i,j)∈E

K∑

c=1

xi,cxj,c + s
N∑

i=1

(
1 –

K∑

c=1

xi,c

)2

. (7)

Here, s is a parameter that weights the relative importance of two contributions: The first
term formalizes the graph coloring task by penalizing identically labeled adjacent vertices.
In contrast, the second term is a soft local constraint that penalizes configurations in which
vertices have zero or multiple color assignments. Note that this formulation requires KN
binary variables (or virtual qubits, in a quantum setting).

The connection with scheduling can be intuitively understood as follows [30]. Nodes
in GC represent tasks to be performed, while edges account for operational constraints,
dependencies, or conflicts between tasks. For instance, an edge between two nodes may
indicate that two tasks require competing usage of the same resources, typically the same
machine or subset of machines, potentially leading to a scheduling conflict. In this context,
colors may represent the allocation of a machine or time slot to a task. If two adjacent
nodes are colored equally, a conflict in the schedule is counted.

2.5.2 Job-shop scheduling problem
The Job-shop Scheduling Problem (JSP) offers a more detailed mathematical framework
for scheduling tasks and is one of the most extensively studied problems in combinatorial
optimization. It is a general paradigmatic constraint satisfaction problem (CSP) modeling
the optimal allocation of resources required to execute sequences of operations, subject
to constraints on location and time.
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The JSP formalization involves a set of N jobs J = {J1, . . . , JN }, with a job defined as a
totally ordered sequence of operations:

Jn = {On 1 → On 2 → ·· · → On Ln} . (8)

Here, n = 1, . . . , N represents the job index, and each job may be composed by a different
number of operations Ln. Each operation of any job, e.g. the j-th operation of job n iden-
tified by Onj, is characterized by an integer execution time, often dubbed pnj. Moreover,
it must be executed on a prescribed machine selected from a set M = {M1, . . . , MM} with
cardinality M.

The objective of the JSP is to schedule all operations on the corresponding machines
by selecting appropriate integer starting times for each operation. A valid schedule should
satisfy two types of constraints. Firstly, precedence constraints must be respected for each
pair of consecutive operations within the same job, as specified in Eq. (8). In other words,
each operation must be completed before the next one can begin. Secondly, each machine
is limited to processing only one operation at any given time. The goal is to schedule all
operations to minimize the total completion time for the jobs, which is often indicated
with T and called the makespan.

Benchmark datasets and realistic applications often assume the number of operations
per job to be constant and equal to the number of machines, i.e. Ln = M. In this case, each
job requires each machine only for a single operation. For simplicity, we also limit our
focus to this setting, as the generalization is straightforward. Valid schedules are in one-
to-one correspondence with the selection of a specific ordering (or permutation) of all N
operations (one for each job) to be processed by a given machine. Indeed, once these M or-
derings (one for each machine) are established, each operation can be assigned the earliest
possible start time that respects the precedence constraints within the same job. However,
a brute force enumeration would require an unfeasible super-exponential complexity

(N !)M ≈
(√

2πN
(

N
e

)N
)M

, (9)

where we used the Stirling approximation, and typically M is the same order of N . This
leads to astronomical runtime even for small instances, such as N = M = 10.

Only recently, an exact algorithm with a better scaling than brute force has been
found [69]. This relies on dynamical programming, and despite being exponentially faster
than brute force, it still requires super-exponential resources:

(pmax)2N (M + 1)N , (10)

where pmax is the maximum execution time among all operations. Indeed, the JSP has
earned a reputation for being especially intractable, and the best general-purpose classical
solvers struggle with instances of moderate size, such as the aforementioned N = M = 10.
To solve larger instances approximately, heuristic and meta-heuristic algorithms are re-
quired. A QUBO formulation of the JSP problem has been proposed in Ref. [31], show-
casing preliminary results with QA. Further numerical experiments on D-Wave hard-
ware were performed in Ref. [70], and hybrid quantum-classical schemes were devised
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in Ref. [71]. The same QUBO formulation can be exploited for simulating the adiabatic
evolution on a classical variational manifold [72].

To simplify the notation, let us introduce a collective index i = 1, . . . , NM to enumerate
all operations across all jobs, for example, by first indexing all operations of the first job,
followed by those of the second job, and so on. In close analogy to the graph coloring case,
we introduce binary variables defined as

xi,t =

⎧
⎨

⎩
1 if operation Oi starts at time t,

0 otherwise
(11)

We remark that in the JSP framework, time is discretized as t = 0, . . . , T .
To recast the problem into QUBO, we frame it as a decision problem, much like the K-

coloring problem. By predefining the timespan value T , we aim to determine whether a
valid schedule of all operations within this time limit exists. In order to find the minimal
value of T that admits proper scheduling, we may solve the decision problem by iteratively
lowering T or introducing a penalty term that favors valid schedules with low T [31].

The QUBO formulation of the JSP decision problem has a Hamiltonian in the following
form:

HT (x) = η h1(x) + α h2(x) + β h3(x) , (12)

where η,α,β > 0 are user-defined constants that weight three different contributions, and
x is a collective vector for all the binary variables introduced in Eq. (11).

The explicit expression of the three contributions and technical details on the imple-
mentation and variable pruning are found in Ref. [31]. In a nutshell, the first term h1(x)

enforces the order of operations in a job, by ensuring that each operation can only start
after the previous one within the same job has been completed. The second contribution
h2(x) models the machine constraints, namely the processing of at most a single operation
on any machine at any time. The latter is composed of two terms: the first penalizes any
schedule where an operation begins on a machine before the previous one is completed,
and the second penalizes the simultaneous start of two operations on the same machine.
Finally, the third term h3(x) is a soft constraint introduced in the QUBO formulation to
ensure that each operation has a unique start time. It penalizes cases where an operation
is assigned multiple start times or none at all. Valid schedules do not violate any of these
constraints and therefore have energy zero, while violation of any constraint is signaled by
a positive energy.

The JSP instances can also be represented as disjunctive graphs, as described e.g. in
Ref [73], in analogy to the graph coloring problem. However, these two graph represen-
tations are quite different, as the JSP graph contains both directed (conjunctive) edges
between consecutive operations of the same job and undirected (disjunctive) edges be-
tween operations assigned to the same machine. A formal solution is obtained by turning
each undirected edge into a directed one, namely by ordering the operations assigned to
each machine.

Although the JSP formulation is quite general, it can be extended in several ways. For
instance, the flexible JSP allows specific operations to be executed on a subset of machines
rather than a single one [67]. Moreover, it is sometimes necessary to select only a specific
time window for the execution of certain operations or jobs [29].



Torta et al. EPJ Quantum Technology           (2025) 12:66 Page 17 of 76

2.6 Scheduling problems in space science and technology tackled with QA
methods

In this section, we present a selection of space applications where the primary computa-
tional challenge is a scheduling problem. This is modeled as JSP or a closely related formu-
lation and tackled with QA or hybrid quantum-classical schemes leveraging the D-Wave
QPU as a sampler.

2.6.1 Agile Earth observation satellite scheduling problem
Agile Earth Observation Satellites (AEOSs) are operated to acquire images from targeted
Earth regions while obeying several maneuvering and operational constraints. They are
commonly employed for monitoring disasters, tracking environmental changes, and ex-
ploring resources. Usually, satellites are equipped with fixed optical instruments and can
rotate on three axes, allowing for flexible and timely data collection.

The AEOS scheduling problem (AEOSSP) involves creating an optimal satellite mission
plan based on several competing requests for Earth images, namely acquisition requests,
each with a specific commercial value. A total score should be maximized while obeying
maneuvering constraints, accounting for the minimum time interval required to rotate
optical sensors between two successive image acquisitions scheduled on the same satel-
lite. Additional operational constraints may be related e.g. to ground control, on-board
memory or satellite constellations.

This optimization task has been studied extensively for decades and admits both
discrete-time and continuous-time mathematical formulations [74]. In the discrete frame-
work, the AEOSSP is formulated as an integer linear programming problem, which is
generally NP-hard.

In Ref. [75], a simplified version of the AEOSSP has been recast into a QUBO formu-
lation and tackled with quantum annealing methods. Here, the goal is to optimize the
selection of imaging attempts for a single satellite in a highly inclined orbit (typically sun-
synchronous at 98°), which provides good coverage of the globe and daily passes over the
same Earth region at roughly the same local solar time. The optimization aims at the max-
imum score while satisfying a series of constraints. It can be recast into a single-machine
scheduling problem or extended to a satellite constellation. In this study, the authors cre-
ated a collection of problem instances that are small enough for implementation on a D-
Wave quantum annealer, yet incorporate realistic elements of significant industry-scale
problems. The results obtained by the D-Wave 2000Q were compared against those from
classical solvers, namely exact algorithms for smaller instances and heuristic approaches
for larger problems. In more detail, they compared the time-to-solution of a quantum an-
nealer with that of an exact classical solver for problems of small size. Additionally, they
assessed the solution quality for larger instances by comparing the quantum annealer with
a heuristic classical optimizer.

Despite comparable performance, current technology did not reveal any practical ad-
vantage over classical implementations. Nonetheless, quantum annealers could still com-
pete with classical algorithms that benefited from decades of research.

A few recent publications generalized this quantum optimization scheme, including
more satellites, additional degrees of freedom and constraints, and realistic instances from
actual satellite missions, see e.g. [76] and references therein. Here, the authors extend the
previous numerical simulations by comparing different D-Wave architectures with the
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HSS and QAOA simulations. Alternative strategies based on hybrid quantum-enhanced
reinforcement learning schemes were explored in Ref. [77]. A proof-of-concept applica-
tion of reverse quantum annealing for the single satellite problem can be found in Ref. [78].
Finally, the satellite scheduling problem has also been tackled with gate-based hybrid
quantum-classical techniques such as the QAOA [79].

2.6.2 Scheduling tracks for the deep space network
The Deep Space Network (DSN) is the National Aeronautics and Space Administration’s
(NASA) infrastructure managing tracking and communication for deep space missions.
The DSN comprises three complexes located in California, Australia, and Spain, each fea-
turing several radio antennas, guaranteeing full sky coverage. The DSN routinely man-
ages tracking, navigation, and data transmission for a few dozen spacecraft missions. The
objective is to coordinate multiple antenna access requests for transmitting and receiv-
ing spacecraft data and to generate a valid schedule that accommodates all of these re-
quests [80]. A valid schedule should account for viewperiod constraints, namely, the spe-
cific time interval when any given spacecraft is visible to an antenna. Additional opera-
tional constraints must also be considered, including out-of-service antennas due to main-
tenance or prioritization of an urgent task over others.

The scheduling of the DSN is a highly complex task that relies on both human interven-
tions and automated solutions. It consists of three successive phases and can take up to a
few months. Since it involves a synergy of human planning and computational resources,
several efforts have been made to lower the computational cost and increase the level of
automation. In practice, the solution to the DSN scheduling problem requires placing as
many requests for antenna access – commonly referred to as tracks – as possible within
a finite time frame, usually a week, while utilizing a finite amount of computational re-
sources.

In Ref. [81], the authors present a QUBO formulation of this problem, attempting to
maximize the number of requests satisfied in the timespan while, at the same time, mini-
mizing the number of conflicts between scheduled tracks. Some tasks may require multi-
ple antennas simultaneously, and long tracks may be split into two shorter segments. This
combinatorial problem is an example of the JSP within a fixed time window (or times-
pan) of a week. This paper ambitiously addresses real-world operational data with QA
techniques, yet the required number of qubits and connectivity was too large for state-
of-the-art quantum annealers in 2022. The authors resorted to D-Wave HSS, which can
handle QUBO problems with much larger sizes compared to those directly solved by the
QPU. The authors also devised a quantum-inspired custom solver, a fully classical algo-
rithm inspired by quantum techniques. The results obtained with the HSS were compared
with a conventional mixed integer linear programming approach: in a shorter run time,
the D-Wave HSS was able to satisfy more requests and successfully schedule more hours,
resulting to be more effective than the classical counterpart on a specific use case. These
results offered a promising perspective on the applicability of hybrid quantum-classical
methods for practical scheduling problems. A similar outlook is offered by Ref. [82], where
the HSS results are compared against standard classical solvers and deep reinforcement
learning techniques.
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2.6.3 Scheduling a Mars lander activity problem
An operative Mars lander must perform multiple autonomous activities. Examples include
obtaining panoramic pictures of the landscape, measuring Martian weather, sampling the
Martian soil, and sending the stored data via communication satellites. Some activities,
such as collecting a soil sample, can be divided into subtasks that include precedence con-
straints. These operations may be conducted only during specific time windows, such as in
the presence of sunlight or an unobstructed view of the communication satellites. More-
over, solar panels recharge a battery during the daytime, and a constraint on sufficient
battery charge should be satisfied before scheduling any activity.

In the scheme of Ref. [83], the Mars lander can perform one task at a time, each with
a specific duration, a time window, a precedence constraint, and a battery consumption
rate. As the number of possible activities and constraints grows, finding the best activ-
ity scheduling is a complex optimization problem. The authors implemented a hybrid
quantum-classical framework, namely a Quantum Annealing Guided Tree search, de-
tailed in Ref. [84]. A quantum annealer is operated to generate discrete candidate sched-
ules to a subproblem without battery constraints. These candidate solutions are in the
form of binary strings. On the other hand, a classical computer manages the global search
tree and checks battery-profile feasibility (a continuous constraint) for schedules pro-
duced by the quantum annealer. In practice, the classical algorithm prunes unfeasible
branches and focuses the tree search on specific regions of the binary tree.

From a computational standpoint, the Mars lander scheduling problem without the bat-
tery constraint is a single-machine scheduling problem, which can be encoded in QUBO
form and embedded in the D-Wave hardware. This hybrid quantum-classical approach
may look particularly promising since the quantum annealer is used as a sampler, and the
sampled strings (even those violating constraints, with larger QUBO cost function values)
are utilized in a structured fashion, in synergy with a classical algorithm.

This hybrid scheme is benchmarked on a set of simplified Mars lander instances, show-
ing that samples generated by the quantum annealer are effective in guiding the classical
tree search. From a practical perspective, no confrontation was performed with a state-
of-the-art classical solver since realistic scheduling problems involve larger problem sizes
and additional technical issues not included in this analysis.

2.7 Selected QUBO problems in space and aerial sectors beyond scheduling
This section aims to broaden our perspective by pointing out some QUBO problems be-
yond scheduling that are relevant to the space or aerial sectors and for which QA or hybrid
QA techniques have been successfully utilized.

A comprehensive review of the literature goes beyond our scope, which is to provide
an insightful overview of a partial yet selected set of publications. Before that, we point
the interested reader to specific applications that are not described in our review. A first
example is QA for fault detection and diagnosis [3, 4, 85], which is not discussed here. We
also cite the application of D-Wave to extract features from a dataset of low-resolution
satellite images of airplanes in Ref. [86]. Finally, we acknowledge the application of QA [87]
and QAOA [88] to multiple-input multiple-output antenna arrays, a leading technology
for enhancing wireless communication systems, including satellite constellations [88].

D-Wave quantum annealers have also been employed to train specific types of machine
learning models, namely Support Vector Machines (SVMs), for various applications in
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the space sector, particularly in remote sensing. Although reformulated as a QUBO prob-
lem and solved using D-Wave QPUs, this topic is deferred to Sect. 3, which is dedicated
to Quantum Machine Learning (QML) applications in remote sensing. This approach
enables us to introduce remote sensing and Earth Observation while also outlining the
analogies and differences between QA-based and gate-based implementations of Quan-
tum SVMs.

Some computational challenges in the field of Earth Observation and remotely sensed
imagery can be directly mapped to the standard QUBO form and tackled with QA meth-
ods. An interesting example is provided in Ref. [89], which proposes a QUBO formula-
tion for two relevant problems: the selection of the most informative bands in hyperspec-
tral images and their binary and multi-class classification for a standard remote sensing
dataset. We do not review technical details, although similar problems in Earth Observa-
tion are discussed in depth in Sect. 3 and tackled with different approaches.

In the following, we delve into two use cases for QA that we find particularly compelling:
satellite constellation optimization and the evaluation of optimal trajectories for aerial and
space vehicles.

2.7.1 Satellite constellation optimization
Maximizing the coverage of a targeted Earth region by splitting N satellites into k inde-
pendent sub-constellations is a real-world optimization challenge that can be formalized
as an NP-hard weighted k-clique problem [90]. A weighted graph is defined where vertices
represent sub-constellations, vertex weights represent coverage, and edges connect com-
patible sub-constellations, namely those that do not share any common satellite. In this
formalism, any k-clique identifies a unique partitioning of the N satellites into k compat-
ible sub-constellations. The computational goal is to determine the k-clique maximizing
average coverage. Realistic problem sizes, featuring a few tens of satellites, become in-
tractable for exact solvers, necessitating heuristic approaches.

This weighted k-clique problem can be cast into a QUBO form – similarly to the graph
coloring and the JSP discussed in Sect. 2.5 – including constraints for k-cliques and high
coverage. However, the QUBO formulation here is only approximate, and QA runs would
frequently yield unfeasible solutions violating some constraints. Moreover, the abstract
QUBO graph is fully connected, which can be challenging for the current hardware with
limited connectivity. To address these limitations, the authors in Ref. [90] employed a ge-
netic algorithm to reduce the QUBO size, allowing the problem to fit within the quan-
tum annealer. Additionally, they introduced a classical post-processing step to efficiently
eliminate violated constraints in a candidate QA solution without decreasing its average
coverage. This approach showed promising results in experiments using either a simu-
lator or the real D-Wave hardware. This heterogeneous quantum computing approach,
which integrates hybrid quantum and classical computation, could be further refined and
expanded, demonstrating its utility beyond the scope of Ref. [90].

Satellite constellation optimization has also been studied in a different framework in
Ref. [91]. Here, the computational objective is to minimize overlapping monitoring areas
targeted by a constellation of observation satellites. By defining binary variables modeling
a conflict graph, the problem is formalized as a maximum weight independent set (MWIS)
task, another renowned class of NP-hard problems. The authors define an Ising Hamilto-
nian (or, equivalently, a QUBO cost function) to model the resulting constraints as penalty
terms and propose to utilize QAOA to solve the resulting optimization task.
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Finally, it is worth mentioning the recent publication in Ref. [92], focusing on Beam
Placement and Frequency Assignment tasks, modeled as clique cover (CC) and graph col-
oring (GC) problems, respectively. These NP-hard computational problems can be refor-
mulated as QUBO, as shown in Sect. 2.5 for the GC problem. Incidentally, the CC prob-
lem is computationally equivalent to the GC problem. To tackle large problem sizes, the
authors propose a tailored hybrid quantum-classical approach relying on a Hamiltonian
reduction method, claiming performance that it is competitive with, or even superior to,
that of commercial solvers. Similar techniques can be extrapolated and refined to tackle
other QUBO problems with current D-Wave QPUs.

2.7.2 Optimal trajectories for aerial and space vehicles
Trajectory optimization is crucial in space exploration and satellite operations, where
identifying the most efficient trajectories is critical to ensuring mission success, minimiz-
ing fuel consumption, and optimizing available resources.

A first notable approach to trajectory optimization is described in Ref. [93] and consists
in de-conflicting wind-optimal trajectories for air traffic management. Conflict detection
and resolution is a crucial task in the aerial and space sectors. Here, the emphasis is on
ensuring the safety of the shared airspace while preventing potential conflicts between
scheduled flights. By definition, a conflict is a violation of safety norms and protocols es-
tablished in the airspace, for instance, when two aircraft get alarmingly close to each other.
At the same time, fuel costs and the risk of traffic congestion should be accounted for. Due
to the increasing levels of air traffic in the last decades, novel approaches are needed to
manage the growing complexity.

A promising algorithm involves starting with wind-optimal trajectories, which are the
routes each flight would take to minimize fuel costs assuming no other flights are in the
air. Such wind-optimal trajectories – depending only on the origin, destination, departure
time, and forecast winds – will conflict with each other and thus need to be de-conflicted.
In practice, these trajectories must be perturbed, often by delaying departures.

In Ref. [93], this conflict resolution problem was mapped to QUBO and solved using
D-Wave for a simplified yet realistic dataset of transatlantic flights. Only a specific case
of perturbation, namely time delays, is considered for numerical experiments. A classi-
cal preprocessing step is devised to further reduce the need for quantum computational
resources.

The first interesting result is the definition and analysis of a problem graph whose nodes
correspond to flights and whose edges represent the presence of at least one potential
conflict between a pair of flights. Some typical features of real-world graphs are observed
and characterized quantitatively, such as a power law for the distribution of the degrees
of vertices. Moreover, the connectivity of the problem graph is a good indicator of the
hardness of the problem. For instance, a tree would represent a trivial instance, where the
conflicts can be removed straightforwardly.

Upon discretization of the configuration space, the original problem is mapped to
QUBO and solved using D-Wave machine 2X, based on the Chimera graph. We notice that
the mathematical formulation of the QUBO model has a remarkable similarity to the JSP
detailed in Sect. 2.5. As expected, upon increasing the problem size, the D-Wave perfor-
mance decreases significantly, and finding conflict-free solutions for more than 12 flights
became too challenging, suggesting the need for better embedding strategies or more ad-
vanced annealing schedules. Although not strictly related to space and still preliminary,
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this work introduces the concept of de-conflicting trajectories by discretizing the config-
uration space and analyzing a conflict graph, which could be expanded and refined for use
in other applications. Applying new-generation quantum annealers or hybrid quantum-
classical methods could improve the results and extend the scope of this approach.

The more recent publication in Ref. [94] offers a different perspective on trajectory op-
timization with QA. The optimal control problem of a single trajectory is converted into
binary optimization in the QUBO form, with the flexibility of including several types of
constraints. The trajectory is discretized and approximated with polynomials of a different
order, whose expansion coefficients should be optimized. This approach has been formu-
lated for linear (or linearized) dynamic systems but could be extended to more general set-
tings. This methodology has been applied to the lunar landing and rendezvous problems,
two relevant examples of dynamical systems that can be approximated with linear dy-
namics under ad-hoc simplifying assumptions. QA showed promising performance, par-
ticularly in relation to computational efficiency and in obtaining solution trajectories that
satisfy problem constraints.

3 Quantum machine learning for Remote Sensing (RS) and Earth Observation
(EO)

This section reviews Quantum Machine Learning (QML) methods and concepts applied
to space science and technology. To simplify the discussion, we narrowed our focus to
Remote Sensing (RS) and Earth Observation (EO). These constitute a strategic sector for
cutting-edge research and have witnessed several proposals for the application of quantum
and hybrid quantum-classical computation. We organize our exposition by focusing on
classes of quantum algorithms, which primarily rely on gate-based quantum computation.
A notable exception, already mentioned in Sect. 1, is represented by QA-based SVMs.

Before describing a selection of the most relevant quantum algorithms and reviewing
previous research, we provide an introduction to the field of RS and EO in Sect. 3.1.

Although a summary of modern quantum computing and hybrid quantum-classical
computation is beyond the scope of our work, Sect. 3.2 outlines some of the key features
of QML and Parametrized Quantum Circuits (PQCs) that we deem relevant for the next
sections. At the same time, we identify key theoretical and algorithmic challenges whose
practical solution may significantly improve the state-of-the-art. We direct the interested
reader to technical papers to delve further into the theory and application of these topics.

Section 3.3 reviews published literature utilizing Hybrid Quantum-Classical Neural
Networks (HQC-NNs) in RS and EO. The exposition is organized by collecting together
papers that use quantum layers for a specific task in the workflow (e.g. dimensionality
reduction and feature extraction vs. final feature transformation and classification).

We finally move to QA-based and gate-based SVMs in Sect. 3.4. After a concise intro-
duction to the classical SVM, we present the theoretical formulation of both quantum
variants and summarize published works within the same application domain.

3.1 Remote sensing and Earth observation
Remote sensing (RS) is the process of collecting data or information about an object, area,
or phenomenon from a distance, typically using sensors detecting and measuring elec-
tromagnetic radiation (e.g., visible light, infrared, or radar) [96]. The major commercial
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Figure 4 EO images from the UC Merced Land Use Dataset [95], a 21-class land use and land cover dataset
containing 100 images per class. Each image is 256×256 pixels with a pixel resolution of 1 foot, with three
standard bands Reed, Green, and Blue (RGB). Shown are examples for the following classes, in order: (a) dense
residential, (b) medium residential, (c) harbor, (d) parking lot, (e) river, (f ) freeway, (g) golf course, (h) forest.
Remotely sensed images of certain landscapes can appear quite similar. For instance, a river and a freeway
may share similar features, just as a parking lot might resemble a harbor, or a golf course could be mistaken
for a forest

and technological application of RS is Earth Observation (EO), which is crucial for map-
ping, monitoring, and analyzing natural and human-made environments [97]. EO pro-
vides valuable data for countless applications, including meteorology and climate change
monitoring, disaster prevention and management, agricultural and environmental moni-
toring, vegetation mapping, and urban planning, among many others [97]. A fundamental
task in EO is the identification and classification of land use and land cover images gath-
ered from airborne or space platforms. An illustrative example from the UC Merced Land
Use Dataset [95] is shown in Fig. 4.

In the last few decades, technological improvements and increased spatial resolution re-
sulted in a steadily increasing daily volume of satellite images, highly relevant for scientific
and commercial missions. In particular, EO satellites are equipped with advanced sensors,
including multispectral, hyperspectral, and radar systems, transmitting vast quantities of
data, often exceeding dozens of terabytes produced daily. This naturally led to the devel-
opment of sophisticated algorithms and computational tools to analyze and classify these
data, in particular, the widespread adoption of state-of-the-art big data and machine learn-
ing tools. An impressive amount of papers have been published on deep learning appli-
cations for remotely sensed data [98], and comprehensive reviews and assessments have
been conducted, highlighting the progress and challenges within this interdisciplinary re-
search field [99, 100]. A challenge in supervised learning for EO is the mismatch between
EO imagery and standard natural image datasets like ImageNet. In fact, remote sensing
datasets are often peculiar, and multispectral or hyperspectral images commonly include
more bands than the standard Reed, Green, and Blue (RGB). Standard pre-training via
transfer learning performed, e.g., on ImageNet, may thus be less effective. The difficulties
intrinsically present in EO datasets include low type separability (e.g. rivers and highways
can look very similar from a satellite), large differences in the scene scale (the remote sen-
sors may be at different altitudes and have different resolutions), and the coexistence of
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multiple objects in scenes with different labels (e.g. industrial and residential areas can
include similar buildings). In addition to standard RGB, multispectral, and hyperspectral
imagery, another powerful remote sensing technology is Synthetic Aperture Radar (SAR).
This uses microwave radar to capture high-resolution images of the Earth’s surface and can
also operate under unfavorable weather conditions (such as cloud cover) and at night. In-
terferometric SAR (InSAR) extends this capability by analyzing phase differences between
multiple SAR images to measure surface deformations and topography with millimeter-
scale precision.

As effectively depicted in Ref. [101], EO imagery is characterized by the so-called 4V
features: volume, variety, velocity, and veracity. Volume simply refers to the massive scale
of EO datasets, Variety reflects the diversity in spectral information and resolution dis-
cussed above, Velocity instead is due to the rapid changes observed on Earth’s surface
over time, and finally, Veracity highlights the challenges of dealing with imperfect data,
such as noisy images or remote sensing data partially obscured by cloud cover. Perhaps
unsurprisingly, the significant computational demands in the fields of RS and EO led to
the exploration of alternative computational paradigms, primarily quantum computing.
In fact, this is likely the most prolific sector within space science and technology, with
the highest number of publications proposing and utilizing quantum or hybrid quantum-
classical approaches. We point out the complementary perspective offered in Ref. [102],
focusing on computational complexity and the integration of classical high-performance
computing and quantum resources, offering at the same time a partial list of publications
in the field of quantum computing for RS and EO. From a different angle, QML methods
have also been envisaged for addressing computational tasks relevant to the analysis and
mitigation challenges related to climate change, as reviewed in Ref. [103]. These challenges
are often linked to climate monitoring and modeling via remotely sensed data.

3.2 Parametrized quantum circuits and Variational Quantum Algorithms (VQAs)
The purpose of this section is to provide a concise yet rigorous overview of standard tech-
niques in hybrid gate-based quantum computation, which are employed in the reviewed
papers discussed in the subsequent sections.

We do not cover the basics of quantum computing, such as quantum gates, entangle-
ment, and the milestone algorithms in quantum computing theory [1], but rather review
hybrid gate-based quantum algorithms that are currently studied and benchmarked on
NISQ devices. This is done in Sect. 3.2.1, whereas Sect. 3.2.2 summarizes the critical chal-
lenges to resolve in the quest for quantum utility. We aim to offer a practical roadmap for
future research on QML for space science and technology, moving from idealized proof-
of-principle tests to more realistic benchmarks.

3.2.1 VQA framework and the hybrid quantum-classical optimization loop
Our discussion here is adapted from [104], with additional insights concerning the state-
of-the-art of QML for space applications.

The vast majority of hybrid quantum-classical algorithms relying on gate-based quan-
tum computation are essentially devised in terms of Parametrized Quantum Circuits
(PQCs) [105], which depend on a set of tunable parameters θ that can be adjusted to op-
timally perform a computational task.
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These parameters are typically learned using a hybrid quantum-classical approach, in
the framework of Variational Quantum Algorithms (VQAs) [41], which are the main can-
didates for near-term practical applications of gate-based NISQ devices. In fact, VQAs
have been devised to jointly leverage the strength of quantum and classical computational
resources, to overcome the limitations imposed by NISQ hardware [23], such as noise,
limited number of qubits and sparse connectivity, and short coherence time. In essence,
the classically hard part of the algorithm — i.e. preparing and measuring non-trivial quan-
tum states — is delegated to a gate-based quantum device, whereas the remaining com-
putations, in particular the optimization step that iteratively refines the parameters θ , are
performed on a standard classical computer. The optimization step can be done either
with gradient-based or gradient-free methods.

The whole framework relies on a quantum-classical optimization loop, synthesized in
Fig. 5. Here, we present a simplified formulation that preserves the essential characteristics
of a general VQA, applicable to tasks such as preparing the ground state of a quantum
system and solving classical optimization problems. It is fundamentally equivalent to the
well-known variational principle used in techniques like Variational Monte Carlo. The
cost function reads

C(θ) = 〈ψ0|U†(θ ) O U(θ)|ψ0〉 , (13)

Figure 5 Hybrid quantum-classical loop of a VQA, in the simplified version of Eq. (13) (with an initial blank
register). The quantum device is utilized only for classically hard tasks, as depicted in the shaded region. At
each iterative step, the variational angles θ —encoded in the PQC— are fixed: The quantum device is used
for repeated state preparations and measurements. Once the state is prepared, qubits are measured in some
bases, and the outcomes are collected to estimate the cost function C(θ ) and its gradients. A pictorial
two-dimensional cut of the cost function C(θ ) is shown: the cost function is non-convex, implying a
challenging optimization. The estimated value of C(θ ) (and its gradients) are passed to a classical computer,
where an optimization routine performs the step θ → θ ′ , proposing a new, improved set of variational
parameters. A new PQC is then repeatedly prepared and measured in the next iteration. Figure adapted from
Ref. [104]
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where the state |ψ0〉 is an easily prepared initial state, and U(θ) is a parametrized unitary.
The observable O may coincide with the quantum Hamiltonian whose ground state has
to be prepared, or with the classical optimization cost function embedded in a quantum
setup (see Eq. (3)).

In practice, the initial state is often a blank register |ψ0〉 = |0〉⊗N , whereas the parametri-
zed unitary operator U(θ) is constituted by layers of single-qubit and entangling two-qubit
gates, some of which are parametric as shown in Fig. 5. These are typically rotational gates,
such as Rα

j (θ ) = exp–i σ̂ α
j θ , where σ̂ α

j is a Pauli matrix with j being the qubit index and
α = {x, y, z}. Other more complex parametric gates are often used, e.g. in the Quantum
Approximate Optimization Algorithm (QAOA) [34]. Nonlocal gates, usually acting on
pairs of qubits, are crucial to generating quantum correlation among the qubits and to
implement all controlled operations. The most common entangling gate is the CNOT gate,
which forms a universal set with local operations: any quantum circuit can be decomposed
in a finite sequence of such gates. However, different choices can be made depending on
the experimental implementation of the processing unit. As a pivotal example, we mention
the Mølmer-Sorresen gate, the first one proposed to generate entanglement in trapped-
ions simulators [106].

The crucial feature of a VQA is the synergy between quantum and classical computa-
tional resources. At each iteration, the quantum hardware is used to repeatedly prepare
the PQC with fixed values of θ and to perform measurements on it, yielding estimates for
C(θ) and its gradients, if the latter are needed. These values are then passed to a classical
computer, which performs an optimization step by updating the set of variational param-
eters θ → θ ′. This procedure is iterated up to convergence, or an exit condition is met.
This simplified scheme includes the two earliest proposals of VQAs from 2014: the Varia-
tional Quantum Eigensolver (VQE) [107] for quantum ground state preparation, and the
QAOA [34] for classical combinatorial optimization.

VQAs have also been devised and adapted to a variety of machine learning tasks, such
as classification, regression, generative modeling, and numerous other applications [41].
In the context of Quantum Machine Learning (QML), PQCs are sometimes referred to
as Quantum Neural Networks (QNNs), stressing their conceptual similarity to classical
neural networks, with quantum gates replacing artificial neurons. Nonetheless, it is worth
remarking on the notable differences between these two classes of models. Firstly, the
computation of gradients through efficient backpropagation is not easily generalized to
the QNN framework. Gradient computation proves more computationally demanding
and relies on repeated circuit preparation and measurements, as outlined in Sect. 3.2.2.
Secondly, modern deep learning architectures are routinely trained with billions of param-
eters or more, in an overparametrized regime. In contrast, the effective training of QNNs
is currently a significant computational bottleneck, mainly due to unfavorable training
landscapes with many local minima traps and vanishing gradients, as summarized in
Sect. 3.2.2. Additionally, embedding classical data into a quantum circuit (via quantum
feature maps) is a non-trivial design choice that significantly impacts performance, a topic
covered below in this section. Finally, since QNNs leverage NISQ devices, decoherence
and gate errors may pose practical limitations on their performance.

Here, we are interested in QML applications to EO and RS, which are discussed at
length in Sect. 3.3 for Hybrid Quantum-Classical Neural Networks (HQC-NNs), and in
Sects. 3.4.4 and 3.4.5 for gate-based SVMs using quantum kernels. Therefore, the previous
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VQA scheme should be slightly modified to account for a classical training set (such as re-
motely sensed imagery). In particular, each image – usually after classical pre-processing
– should undergo the crucial step of quantum embedding. This consists of encoding3 clas-
sical data into a quantum circuit, which can be done in several distinct ways. A thorough
discussion of basic quantum data encoding techniques can be found in Ref. [108], whereas
more application-oriented embedding schemes are ubiquitous in the QML literature. A
few basic examples are discussed below, and some others will be mentioned in the next
sections when reviewing application papers.

Following Ref. [41], the most general cost function, which holds also for QML applica-
tions with a classical training set, can be written in abstract terms as

C(θ) = f
({ρk}, {Ok}, U(θ)

)
, (14)

where f is some function, U(θ) is a parametrized unitary, {ρk} is a set of input (or ini-
tial) states that can be interpreted as the training set, and {Ok} is a set of observables. In
practice, most implementations of a variational scheme rely on a cost function in the form

C(θ) =
∑

k

fk
(
θ ,ρk

)
=

∑

k

fk
(
Tr[OkU(θ)ρkU†(θ)]

)
. (15)

More explicitly, each initial state ρk is time-evolved by the parametrized unitary and then
used to compute an expectation value for each observable Ok : these expectation values
are post-processed by applying functions fk and then summed together to yield the total
cost. At each iterative step of the VQA loop for fixed θ , it is thus necessary to repeatedly
prepare and measure several quantum circuits, one for each input state {ρk}. The previous
simpler version in Eq. (13) is simply recovered by dropping the sum over k, and choosing
fk(x) = x, ρk = |ψ0〉 〈ψ0|.

Notice that the input states {ρk}, here expressed in the general density matrix formal-
ism, are often pure states obtained by encoding a classical input from a training set into
a quantum circuit. This is shown below, after briefly describing quantum data encoding
and citing the most common techniques.

Embedding classical data into a quantum circuit A crucial task for QML applications
consists of the embedding (or encoding) of classical data into a quantum circuit, via a
quantum feature map. The simplest example refers to a single integer data point x in the
range {0, . . . , 2m – 1} with its binary representation x =

∑m–1
j=0 xj2j, where xj ∈ {0, 1} for all

j. This value can be embedded in a quantum circuit via basis encoding, which is given by:

|ψenc〉 =
m–1⊗

j=0

|xj〉 = |xm–1〉 · · · |x0〉, (16)

where |xj〉 can be either |0〉 or |1〉, which represent the computational basis states of a
qubit. This is equivalent to the mapping of classical spins into Pauli matrices σ̂ z

j as in
Eq. (3). The same integer data point can be encoded via Fourier encoding with multiple

3We use the terms encoding and embedding interchangeably.
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phase gates [108]. Both methods require m qubits and a layer of single-qubit rotations.
Note that the binary expansion may as well describe an approximated real number, e.g. in
float precision.

A more realistic situation concerns the embedding of a feature vector x ∈ R
q. In prin-

ciple, each component may be decomposed into an approximate binary representation;
however, it is more practical to proceed with different embedding methods. The two ba-
sic approaches, which have been modified in several ways [108], are amplitude encoding
and angle encoding.

The former requires prior normalization of the feature vector such that ‖x‖2 = 1, and it
also applies to a complex-valued feature vector. Without loss of generality, we can assume
q = 2m by filling the remaining xi with zeros, if necessary. The corresponding amplitude
encoding equation is given by:

|ψenc〉 =
q–1∑

i=0

xi|i〉m, (17)

defined on the computational basis states of m qubits, given as usual by the binary de-
composition of the integer i, i.e. |i〉m = |im–1〉 · · · |i0〉. Here, an exponential (in m) quantity
of information is stored in m qubits only; however, the gate decomposition required to im-
plement this encoding has an exponential depth. This depth can be reduced by increasing
the number of qubits, with bidirectional encoding [108].

Angle encoding simply encodes the feature components into the parametrized Pauli ro-
tations of a qubit, such as

|ψenc〉 =
q–1⊗

i=0

Ry(2θi)|0〉 =
q–1⊗

i=0

[cos θi|0〉 + sin θi|1〉] (18)

where θi ∈ [0,π/2] are the rescaled feature components and, here, the number of qubits
is simply m = q. This approach has been generalized in endless ways in QML, essentially
by replacing the y Pauli rotations with different parametrized single or multi-qubit gates.
Although this basic formulation uses one qubit per feature component, it can be easily
modified e.g. by encoding multiple components in one qubit only.

For any embedding scheme, a gate decomposition should be devised to perform the
embedding in practice starting from a blank qubit register. This is done by using an ap-
propriate set of elementary gates – some of which are parametrized by the feature vector
– resulting in an encoding unitary operator:

|ψenc(x)〉 = Uenc(x)|0〉m , (19)

where the number of qubits m depends on the embedding scheme. Indeed, it is crucial
to understand that different embeddings require a different number of qubits, gates, and
circuit depth. Additionally, each method allows different flexibility in manipulating and
retrieving the classical information embedded into the quantum circuit.

When considering a training set with several feature vectors {xk}, we can easily draw a
connection with Eq. (15) and the input states {ρk}. The whole PQC is essentially divided
into two blocks. The first block Uenc(xk) performs the embedding of the classical data xk
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into the quantum circuit as in Eq. (19), hence its parametrized gates are fixed and not
trainable. The second block U(θ) is instead the trainable PQC figuring in Eq. (15), whose
variational parameters θ should be adjusted in the training phase summarized in Fig. 5. In
the notation of Eq. (15), ρk is simply the density matrix associated with the pure quantum
state obtained after the embedding, namely in the ket-bra notation:

ρk = |ψenc(xk)〉〈ψenc(xk)| = Uenc(xk)|0〉m〈0|mU†
enc(xk) . (20)

This is essentially the proposal of Ref. [109], known as Variational Quantum Classifier,
where the whole circuit can be formally written into the subsequent application of an
encoding block and then a variational block.

For QML applications, data are loaded with the scope of influencing the behavior of
a quantum neural network and enhancing its performance. More complex schemes can
implement data reuploading and alternate variational layers parametrized by trainable pa-
rameters with encoding layers parametrized by the input data [110]. The generalization
of the VQA formalism to this case is straightforward.

As a final note, once data is encoded into the register and a variational quantum circuit
is defined, the whole circuit must be transpiled into a set of native quantum gates suitable
for hardware implementation. The performance of a PQC can significantly benefit from
software and hardware co-design, which accounts for hardware connectivity constraints
and minimizes transpilation overhead. However, these aspects are not addressed in the
literature on QML for space science and technology that we reviewed. They represent,
therefore, a promising direction for future research.

3.2.2 A perspective on challenges in gate-based quantum machine learning
In recent years, the theory of hybrid quantum-classical computation has seen remarkable
progress, with numerous algorithmic proposals and steady experimental advancements.
However, clear evidence of a practical quantum speedup over the best classical algorithms
remains elusive or highly debated across all application domains.

Here, we wish to remark on some theoretical and algorithmic challenges that are very
rarely addressed in papers focusing on applications, in particular in the literature on gate-
based QML for space science and technology. Nonetheless, these are of crucial importance
in the quest for any quantum speed up or quantum utility.

The first one is an almost-trivial remark, which still represents a key direction of im-
provement. Let us consider, for ease of notation, the simpler case in Eq. (13) (the general-
ization to Eq. (15) is straightforward). Despite small-scale classical simulations are often
run by exactly computing the PQC, by employing dedicated software likewise Qiskit [111]
or Pennylane [112], with real hardware it is not possible to access the exact values of the
cost function, which should be estimated as a sample mean (empirical mean estimator)
over a certain number of “shots” K:

C(K)(θ) :=
1
K

K∑

j=1

Cj(θ ) . (21)

We remark that the right-hand side of the previous equation represents the average over
empirical values of the cost function. Each of these values may require multiple measure-
ments of U(θ)|ψ0〉 in different bases, typically determined by the decomposition of the
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operator O as a weighted sum of Pauli strings. We denote shot noise the statistical noise
that is inherently present due to a finite value of K, even in the idealized scenario of a per-
fectly working quantum device without any physical noise or gate errors: by elementary
statistics, we expect the statistical error to scale as K–1/2. Including at least “shot noise” in
the small-scale classical simulation of quantum circuits is a vital step toward realistic appli-
cations since exact state-vector simulations represent a simplistic limit of infinite shots. A
finite number of shots introduces numerical instabilities in estimates for the gradients, e.g.
through variants of the parameter shift rule [113], which are unavoidable in experiments.
Clearly, a more realistic simulation would involve incorporating simulated hardware noise
or directly implementing the PQC on a real quantum device with physical noise and error
rates. This would enable testing error mitigation techniques, which are an essential tool
for current quantum computers to successfully solve real-world problems [114].

Our second comment concerns the trainability of VQAs, namely the effectiveness of a
classical optimization routine in the minimization of the cost function C(θ). The optimiza-
tion landscape is usually highly non-convex, and local minima traps represent a serious
issue. A systematic characterization of the presence of local minima traps in the cost func-
tion landscape for certain PQCs was derived in Ref. [115], and VQA training was formally
proven to be NP-hard in Ref. [116]. Another trainability issue has become a whole new
research field, namely Barren Plateaus (BPs): in a nutshell, the magnitude of the gradients
of the cost function C(θ) tend to vanish exponentially almost everywhere by increasing
the number of qubits N . This is equivalent to exponential cost function concentration
around a mean value almost everywhere in the optimization landscape [117]. In a nut-
shell, to accurately estimate gradients ∇θ C(θ), one would need an exponential number of
state preparations and measurements (i.e., shots), at each iteration of the hybrid quantum-
classical loop in Fig. 5. This would be impossible beyond a few tens qubits, i.e. precisely in
the regime beyond the reach of classical simulations. However, note that small-scale ex-
act state-vector simulations systematically hide the issue of vanishing gradients since they
implicitly use an infinite number of shots for a small number of qubits. A short, accessible
summary of BP theory, pointing to relevant literature, can be found in [104]. This includes
an overview of techniques to mitigate BPs: one of the most promising approaches resides
in warm starts — i.e. clever initialization strategies for the parameters θ — which may
initialize the search in a region where the gradients are non-vanishing.

To fully avoid the BP problem, the real challenge resides in the definition of a good
PQC architecture that must balance expressivity – encoding non-trivial, classically hard
quantum states – and trainability, the ability to optimize parameters effectively. Crucially,
the PQC should at the same time be trainable, and not classically simulable, as discussed
in [118]. For the interested reader, a unified theory of all possible sources of BPs for generic
deep PQCs has been proposed independently by two groups, in Refs. [119] and [120].

We close this perspective by mentioning the problem of the classical simulability of
quantum states. For a meaningful quantum utility or advantage, the quantum state defined
by the PQC must not be efficiently simulable classically. This remains an open research
challenge, as it is unclear what ultimately makes a quantum state hard to simulate, either
in the “weak” sense (efficient sampling of its squared amplitudes) or the “hard” sense (ef-
ficient computation of outcome probabilities). Note that, to simulate a VQA classically, it
would be enough for the PQC to be simulable in the weak sense (i.e. sampled efficiently,
to compute the cost function C and its gradients), a concept that has not been fully ex-
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plored, yet [121]. Low-entangled states can often be simulated using tensor network tech-
niques [122], while stabilizer circuits, relying only on Clifford gates, are efficiently simu-
lable by the Gottesman-Knill theorem. Quantum entanglement and “quantum magic” are
essential but insufficient on their own to ensure classical intractability. Neural network
quantum states provide another powerful simulation method [72, 123].

In conclusion, we argue that integrating theoretical insights into application-focused
studies is essential for advancing the pursuit of quantum utility. In particular, conducting
large-scale simulations with shot noise while addressing BP mitigation represents a crucial
step forward, alongside real hardware implementations with error mitigation techniques.
Furthermore, the careful design of a PQC that is not classically simulable could pave the
way for quantum speedups. At the same time, if a classically simulable PQC empirically
outperforms conventional methods, it would lead to a powerful quantum-inspired classi-
cal algorithm. This may represent an equally valuable outcome in the broader landscape
of quantum computing research.

3.3 Hybrid Quantum-Classical Neural Networks (HQC-NN) for RS and EO
In the previous section, we introduced the concept of a PQC trained in the VQA frame-
work, mentioning that it is sometimes referred to as a Quantum Neural Network (QNN).
Here, we further expand the terminology by introducing Hybrid Quantum-Classical Neu-
ral Networks (HQC-NNs). These models combine QNNs, made of parametrized quantum
gates, with classical NNs, composed of standard artificial “neurons” arranged in different
architectures, in particular variants of Convolutional Neural Networks (CNNs). Our in-
terest stems from the observation that nearly all RS and EO applications discussed in the
following sections utilize these hybrid architectures. In fact, limited size, noise, and er-
ror rates in current quantum hardware may severely limit the practical performance and
reliability of fully-quantum NNs, whereas HQC-NNs represent an interesting alternative
approach.

A summary of the concepts and tools of modern machine learning and Neural Networks
is beyond the scope of our work and can be found e.g. in [124]. Nonetheless, App. B pro-
vides a concise overview of CNNs, which are central to the majority of reviewed papers,
due to their ability to efficiently extract and learn hierarchical features directly from raw
images. In essence, this is accomplished by applying interleaved trainable filters within
convolutional layers and pooling layers for dimensionality reduction.

In Sect. 3.3.1 we briefly describe some common architectural choices for HQC-NNs, in
particular quantum versions of convolutional and pooling layers that can be implemented
within the quantum part of the network, namely in the PQC. We then review the published
literature on RS and EO. We notice that HQC-NNs have been implemented in various
ways, depending on the specific task assigned to the quantum subroutine.

The models discussed in Sect. 3.3.2 leverage the quantum layers of the network to per-
form the final feature transformation or classification task, while delegating data pre-
processing and feature extraction to classical computational resources. Hence, the quan-
tum part of the HQC-NN is placed at the end of the neural network and constitutes the
final layers, often including the last one (output layer).

On the other hand, the works discussed in Sect. 3.3.3 are characterized by the use of
quantum layers and quantum effects in the initial part of the network to perform feature
extraction and dimensionality reduction from the input data. These quantum-enhanced
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features are then processed classically in subsequent layers with standard neural network
architectures.

3.3.1 HQC-NNs: theoretical overview
The majority of proposed and tested architectures utilize CNNs and fully connected lay-
ers for the classical component of the network. Moreover, the concept of convolutional
and pooling layers has been adapted into a quantum framework in various ways, resulting
in multiple definitions of Quantum Convolutional Neural Networks (Q-CNNs) across the
literature, in particular in Refs. [125–127]. The potential for confusion is further amplified
by the inconsistent use of acronyms across the literature for Hybrid Quantum-Classical
Neural Networks (HQC-NN), Quantum Convolutional Neural Networks (Q-CNNs), and
Hybrid Quantum-Classical Convolutional Neural Networks (HQC-CNNs). We hope to
clarify this issue by using a consistent notation, separating “quantumness” from the archi-
tectural details with clear hyphenation in acronyms.

The next paragraphs offer a concise summary of the main Q-CNN architectures, which
have also been adapted to remote sensing applications. A clear understanding of these
proposals could foster novel research in QML for RS and EO, e.g. by extending proof-of-
principle tests to realistic benchmarks as discussed in Sect. 3.2.2.

Quantum convolutional neural networks by Cong et al. (2019) In the formulation of
Ref. [125] from 2019, Q-CNNs are a particular version of a QNN with specific quantum
convolutional and pooling layers inspired by their classical counterparts. This architec-
ture is depicted in Fig. 6. In a Q-CNN, the input data is initially mapped onto a quantum
state through quantum data encoding, or it is already quantum in nature. It is then trans-
formed by a sequence of parametrized quantum gates. The i-th convolutional layer applies
a trainable unitary operation Ui, which is quasilocal – i.e., it acts only on a few qubits –
and is applied in a translational invariant way to the whole quantum register. On the other
hand, the pooling operation in the j-th pooling layer is achieved through measurements
performed on a fraction of qubits, whose results condition unitary rotations Vj on nearby
qubits. Therefore, the pooling layers concurrently achieve nonlinearity through measure-
ments and reduction in the number of qubits. It is also possible to replace intermediate

Figure 6 The main components of a Q-CNN applied to a learning task on classical data. This is an example of
the general architecture explained in the main text. Figure adapted from Ref. [128]
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measurements with unitary controlled rotations and perform all measurements at the end
of the process [125]. The convolutional and pooling process is repeated a number of times
until the system size is sufficiently reduced. A final fully connected layer transforms the
remaining qubits by applying a trainable unitary operator F , and the resulting state is ul-
timately measured. Remarkably, only O(log(N)) variational parameters are used for input
sizes of N qubits, simplifying the training process and reducing the computational costs
for potential implementation on gate-based hardware. The training can be performed with
a hybrid quantum-classical loop as described in Sect. 3.2.1. Typical loss functions involve
the mean squared error (MSE) between the desired output and the Q-CNN output for
given training quantum states:

MSE =
1

2M
∑

k

(
yk – f{Ui ,Vj ,F}(|ψk〉)

)2
(22)

where yk are the training labels, |ψk〉 are the training states, and f{Ui ,Vj ,F} represents the
Q-CNN output function dependent on the unitary transformations. This formulation
is a specific example of the general cost function in Eq. (15), where the variational pa-
rameters θ are hidden inside the trainable unitaries. Other common choices include the
cross-entropy loss function between the desired and the predicted labels. The original
paper [125] utilized quantum input data and demonstrated impressive capabilities for
quantum phase recognition and quantum error correction. Promising results for quan-
tum phase detection have also been obtained in Ref. [128] by training only on marginal
points of the phase diagram and proving the generalization capabilities of the Q-CNN to
the whole phase diagram. However, these topics are beyond the scope of our discussion,
which only focuses on architectural proposals and their application to QML for classical
data.

Quanvolutional neural networks by Henderson et al. (2020) Ref. [126] from 2020 pro-
poses a completely distinct scheme dubbed quanvolutional neural network. Differently
from the fully-quantum model introduced in [125] and described above, this is an in-
herently hybrid quantum-classical architecture. The idea is to start from a classical CNN
and replace one or more convolutional layers with new quanvolutional layers. Similarly to
classical convolutional layers, a quanvolutional layer is composed of a variable number of
filters, each responsible for extracting a different feature by acting locally on the previous
layer. However, a given filter is realized by a random quantum circuit: first, the classical
data is encoded in the quantum circuit, then it is processed by applying a random selection
of one-qubit and two-qubit gates and, finally, the quantum state is measured to perform
a decoding step that leads to the feature value, which is the input to subsequent classical
layers. Since the random quantum state acts locally on the input data from the previous
layer (it has a receptive field, see App. B), the number of qubits is small and tunable. It is
crucial to notice that, here, the quantum circuit is not trained. Hence, there is no need for
a quantum-classical optimization loop. On the contrary, it acts as a feature extractor by
using a fixed and random quantum circuit: this leads to intrinsic noise resilience to real
hardware noise if the error models are unknown but constant in time. Indeed, the specific
choice and fine-tuning of gates is not relevant, and gate errors do not alter the proposed
scheme.
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A simple proof-of-principle test in the original publication shows interesting results on
an MNIST benchmark, with a performance improvement over the standard CNN. How-
ever, the same results are obtained upon substituting the random quantum circuit with
fully classical random noise models. Hence, no quantum advantage is present in this sim-
ple test. In follow-up works, several architectural hyperparameters could be tested. Start-
ing from any given classical CNN, one should set the number and position of quanvo-
lutional layers replacing convolutional layers, the number of quantum filters within each
quanvolutional layer, the structure or randomness of the quantum circuits, and the size
of each input qubit register. Additionally, one should define how to encode classical data
into the quantum circuit and decode or extract the information from the quantum circuit,
which is propagated to subsequent layers. A paper [129] that refines the original proposal
and addresses EO datasets is discussed below in Sect. 3.3.3.

Quantum convolutional neural network for classical data classification by Hur et al. (2022)
The authors of Ref. [127] test a Q-CNN scheme tailored for classification problems on
classical data. The architecture is equivalent to the fully-quantum PQC introduced by
Ref. [125], with an additional data encoding layer to embed classical data into the quantum
circuit.

Despite the conceptual similarity to the work in [125], the focus of Ref. [127] lies in
systematically investigating different Q-CNN implementations for classical datasets. In
particular, the MNIST and Fashion-MNIST are selected as a benchmark. Several variants
of Q-CNN models are tested and compared. Firstly, a number of different quantum data
encoding techniques are compared, and secondly, different realizations of the trainable
quantum convolutional circuit are tested. The authors also implement distinct classical
preprocessing strategies, cost functions C(θ) (MSE and cross-entropy), and optimization
algorithms. Remarkably, results on these standard testbed datasets numerically show bet-
ter performance of the Q-CNNs compared to fully classical CNNs.

Although we do not cover the details of this comparison, we refer the interested reader to
the original paper. In fact, this publication is particularly relevant for practitioners in QML
for space science and technology, who are typically dealing with classical datasets, and it
may provide several hints for designing quantum convolutional layers or fully-quantum
CNNs. Additionally, a clear description of the training procedure in a VQA framework is
provided, equivalent to the one in Sect. 3.2.1. Moreover, Appendix A of that paper draws
a comparison among different versions of quantum and hybrid CNNs, including some
proposals that seem incompatible with NISQ technology and are not described in our
review.

As the authors highlight, key directions for future research lie in real-hardware imple-
mentations and their application to more realistic datasets. This presents promising op-
portunities also for advancing QML in the domains of EO and RS. A first step in this
direction has been taken by Ref. [130], as discussed below in Sect. 3.3.2.

We conclude this section with a conceptual remark on Q-CNN for classical datasets.
The Q-CNN architectures used in Refs. [125, 127, 130] closely resemble a multiscale en-
tanglement renormalization ansatz (MERA) [131], with an additional fully connected uni-
tary operator F acting on a final small subset of qubits. Due to their structural similarity
to MERA, QCNNs can often be simulated classically using tensor network techniques, in
particular when acting on a trivial initial state such as a blank register (or any state with
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low entanglement). Hence, the hope for the quantum utility of this proposal depends on
the embedding procedure (or the input quantum state), which must be classically hard.
Realistic simulations with shot noise and quantum hardware implementations, particu-
larly for non-trivial classical datasets with classically intractable embedding schemes, will
be essential to assessing the practical effectiveness of QCNNs for QML on classical data.

3.3.2 Applications of HQC-NNs to RS and EO: quantum layers for classification
The five works discussed below in Refs. [130, 132–135] share a common focus: they all ap-
ply QML in the form of hybrid quantum-classical schemes and leverage quantum layers
to perform the final stages of feature transformation and/or classification on classical data
for Earth Observation. A pictorial description of this framework is represented in Fig. 7,
taken from Ref. [135]. In each case, the dataset consists of multispectral satellite images
from the Sentinel-2 mission by the European Space Agency (ESA). Further technical de-
tails on the mission are summarized in an informative paragraph in Ref. [134].

Binary classification with HQC-NNs The works in Refs. [132, 133] tackle a binary classi-
fication task on the EuroSAT dataset [136]. This dataset contains Sentinel-2 data featuring
13 spectral bands and includes a total of 27,000 labeled, georeferenced images, categorized
into 10 classes. To simplify the task, only three bands, typically RGB, have been selected,
and the classification is performed with respect to two classes only.

In the first work, Zaidenberg et al. [132] compare the performance of an HQC-NN with
that of a classical CNN. The classical architecture is composed of initial convolutional
layers followed by fully connected (FC) layers and softmax classification. In detail, three
convolutional 2D layers are followed by a ReLU layer, a max pooling 2D layer, and finally,
an FC layer. This first part of the network architecture is also identically incorporated in
the HQC-NN. After these steps, the classical version simply requires additional FC layers.
In the hybrid quantum-classical case, however, the weight parameters of the first FC layer
are used as rotational parameters of single-qubit Pauli Y rotations applied to an initial
quantum state. This state is then measured, and the expectation values of computational
basis measurements are interpreted as the weights connecting to the second and last FC
hidden layer. This architecture is a variant of the standard LeNet-5 or AlexNet. Then,

Figure 7 The input image is first heavily preprocessed with classical resources, often CNNs. The quantum
layers of the HQC-NN perform the final stages of feature transformation and/or classification. In this specific
example the quantum layers are inserted in between two fully connected classical layers. Figure from
Ref. [135]
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the final fully-connected layer of this network is arbitrarily weighted and mapped to the
output layer.

The training of the model is done through backpropagation, where the parametrized
angles of rotation in the quantum layer and the classical weights are optimized. The net-
works are used to perform several binary classification tasks of the RGB images of the
EuroSAT dataset. The results show that the quantum neural network performs compa-
rably or even better than the classical CNN, slightly improving its accuracy by 5 or 10%
for the most challenging classification pairs, at the expense of an increased computational
cost due to the additional quantum and classical FC layers in the HQC-NN. On top of the
standard limitations due to decoherence and current shortcomings of quantum hardware,
here, the actual utilization of quantum resources is very limited since single-qubit rota-
tions can be simulated classically and do not create additional entanglement on the initial
state. Nonetheless, this preliminary investigation paved the way for successive develop-
ments discussed below [135].

In the second work [133], Otgonbaatar and Datcu propose an HQC-NN where the clas-
sical part is made by two components. The first is a VGG16, which is a deep convolutional
neural network, extracting meaningful features from the input data. It is followed by an
autoencoder, specifically an energy-based model defined by a restricted Boltzmann ma-
chine (RBM), which performs dimensionality reduction of the input image. The quantum
part of the network, consisting of a PQC, is applied subsequently. It has been designed
and implemented on a classic simulator using the Tensorflow Quantum Python kit and is
devoted to performing the binary classification task.

The EuroSAT dataset is used for training, while a real-world image of Berlin (Germany)
from Sentinel-2 is used for testing. Each image in the dataset has dimension 64 × 64 × 3,
and needs to be reduced, through the autoencoder, to size 4 × 4 × 1 in order to provide
this classical input to the PQC, which has only 17 qubits. This limitation nearly matched
the hardware state-of-the-art of that time and allowed for simple classical simulation with
limited computational resources. One of the qubits is utilized as a readout qubit to encode
the prescribed label value 0 or 1. Interestingly, the PQC is defined as an energy-based
two-local model with trainable XX and ZZ couplings between the readout qubit and all
the other “data” qubits, which encode the classically preprocessed features. The results
show that a PQC classifies the EuroSAT images with the same high accuracy as a classic
deep learning method, which is obtained by replacing the PQC with an FC classical layer.
The HQC-NN happens to perform better for the complex remotely sensed image used
as test data. In this work, the low number of qubits in the PQC is identified as the main
limiting factor, as high-resolution images or high-dimensional data from more challenging
datasets may not be reduced meaningfully to only 16 features.

Binary classification with Q-CNNs The binary classification task on EuroSAT, along with
the SAT4 dataset, is also addressed in the work by Chang et al. in Ref. [130] by using a fully
quantum convolutional neural network (Q-CNN) instead of hybrid quantum-classical ar-
chitectures. Nonetheless, preliminary dimensionality reduction and feature extraction are
performed with a classical convolutional autoencoder on the input data, and the classi-
cally preprocessed features are embedded into the QCNN. This makes it, in essence, an
alternative implementation of the HQC-NN scheme using the quantum layers for clas-
sification. This work builds on the previous results by Hur. et al [127], and the authors
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compare different binary quantum classifiers. The architecture of the quantum network,
inspired by Ref. [127], is composed of convolutional layers and pooling layers. The con-
volutional layers are variational quantum circuits on two qubits parametrized by a set of
rotation angles for single- and two-qubit operations. The pooling layers reduce two-qubit
states into a single-qubit state. Finally, a reduced single qubit in the output layer is mea-
sured to obtain the probability of class 0 or 1 membership. The parameters of the Q-CNN
are updated to minimize the binary cross-entropy loss. The implementation in [130] dif-
fers from the original one introduced in [127] for a technical aspect. In fact, the latter
uses the same variational parameters for all filters to ensure translational invariance; the
former instead uses more parameters, different for all filters, breaking translational invari-
ance. The preliminary results of this work show that this new model may perform better
than the original one. This is somehow expected, as the number of variational parameters
is significantly larger, also leading to higher computational costs. Two different quantum
embedding techniques are compared. One uses Dense Qubit Encoding (DQE), and the
other uses Hybrid Angle Encoding (HAE). We refer to the original paper for details. The
preliminary results of this work show that the DQE embedding technique outperforms
the HAE for most of the cases considered.

Multi-class classification with HQC-NNs Binary classification is a simpler version of the
more general multi-class classification. The other two works cited above [134, 135] tackle
this problem. The first seminal paper [134] is from 2020 and utilizes a PQC to perform
Land Cover classification of a dataset created in the framework of the ESA “Sentinel-2
Global Land Cover” (S2GLC) project. Initially, the data undergo dimensionality reduction
through principal component analysis (PCA), where only the most significant features
are retained so that input data is projected onto a subspace equal in dimension to the
number of qubits used in the quantum classifier. These features are then normalized and
encoded into a quantum state as single-qubit Pauli X rotational angles. This is the first
part of the so-called variational quantum classifier [109], which takes care of encoding the
classically preprocessed features into the quantum circuit. The second part of the circuit,
instead, consists of entangling variational layers that can be trained in the framework of
a VQA with a hybrid quantum-classical loop. The variational circuit includes a sequence
of entangling CNOT gates and trainable parametrized single-qubit rotations, a version of
the so-called hardware-efficient ansatz [137].

The variational quantum classifier performs binary classification between any two spe-
cific classes by minimizing the mean square error between true labels y = ±1 and predicted
labels. The latter are obtained by computing the expectation value of the total magneti-
zation

∑
j σ̂

z
j on the full PQC, summing to it an additional trainable bias term, and then

applying the sign function. The PQC variational parameters are iteratively adjusted to
minimize the mean square error. Multi-class classification is done classically, by using the
OneVSOneClassifier built on top of the binary classifiers obtained by applying the vari-
ational quantum classifier to each pair of classes. This approach achieves an overall ac-
curacy of approximately 66% in multi-class land cover classification, below the accuracy
levels achieved by state-of-the-art classical systems, which can exceed 86% accuracy. This
suggests that further advancements in the PQC choice and computational scheme are
necessary to match the best classical performance. For instance, using a PQC that is phys-
ically motivated or encodes some symmetries of the input data may prove beneficial [138].
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Different kinds of data-encoding schemes, e.g. based on data re-uploading, could also be
tested [139].

The work in [135] also addresses multi-class classification and is a development stem-
ming from Ref. [132]. The goal here is to perform classification of the EuroSAT images
for all the 10 classes available in the dataset. An HQC-NN was implemented as a modi-
fied version of LeNet-5 with two FC layers stacked before and after a quantum layer. The
scheme is the same as described above for Ref. [132], where the features from the previous
FC layer are used to determine the rotational angles of the quantum layer’s PQC, whereas
the computational basis (Pauli Z) expectation values on the quantum state determine the
weights of the successive FC layer. However, here the quantum layer has been created
and evaluated in three different ways by implementing three versions of PQC with four
qubits. The first quantum circuit has no entanglement and applies first a Hadamard gate
and then a parametrized Pauli Y rotation gate to all qubits. The second and third PQCs
are defined as the Bellman circuit and Real Amplitudes Circuit respectively, and create
entanglement between the qubits by applying Hadamard gates, parametrized Pauli Y ro-
tations, and CNOT gates in different combinations. Contrarily to Ref. [134], this HQC-
NN approach performs direct multi-class classification. Remarkably, the entangled models
perform better both with respect to the other quantum model and to their classical coun-
terparts. Moreover, the Real Amplitudes Circuit reaches the best accuracy of 92%, with a
10% gain over the Bellman circuit. This small-size experiment may suggest that entangle-
ment can represent a valuable resource leading to increased computational capabilities.
However, four qubits can easily be classically simulated, and larger-scale simulations on
classical devices and experiments on real quantum hardware are mandatory for any solid
claim of empirical quantum utility. This would entail addressing significant challenges
such as barren plateaus and local minima, discussed in Sect. 3.2.

Recent advances towards practical utility The early works in QML for EO, including
Refs. [130, 132–135] summarized above, have recently been extended in several ways. The
main practical objective is to move from proof-of-principle results to quantum utility [28],
namely the adoption of hybrid quantum-classical schemes as a valid alternative to classical
methods.

A common challenge highlighted in the previous articles is dimensionality reduction,
namely the necessity of downsizing satellite dataset images to adapt them to the typical
input domain of PQCs utilized for classification. This is a key point for quantum comput-
ing in the NISQ era, since the number of qubits available on physical hardware is limited,
and satellite imagery has too large spatial resolution and too many bands to be directly
classified by quantum circuits.

A recent paper by Zollner et al. [140] systematically compares the performance of var-
ious dimensionality reduction techniques as part of hybrid quantum-classical systems.
These dimensionality reduction techniques are used to represent satellite images from
two benchmark datasets, EuroSAT and NWPURESISC45, performing a classical pre-
processing of the input data, downsized from up to 256 × 256 × 3 values to 16 values.
The dimensionality reduction techniques are compared based on their impact on the per-
formance of different versions of the variational quantum classifier [109]. The quantum
classifier implementations test two different data-encoding schemes, namely basis and
angle encoding, and four distinct trainable PQCs selected from standard literature: the
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Farhi quantum classifier [141], the circuit-centric (CC) quantum classifier [109], the tree
tensor network (TTN) quantum classifier [142], and the multiscale entanglement renor-
malization ansatz (MERA) quantum classifier [131, 143]. The theoretical motivation and
physical interpretation of these circuits can be found in the original references. For practi-
cal purposes, we mention that the Farhi architecture has parametric Ising gates with train-
able XX and ZZ rotations, whereas the other architectures include standard parametric
single-qubit rotations and CNOT gates. The hybrid systems compared are, in total, 72,
combining nine dimensionality reduction techniques for the classical pre-processing, two
data encodings, and four PQCs for the quantum classifiers. They are compared by eval-
uating their performance on two binary classification tasks for each of the two datasets
used. The nine dimensionality reduction techniques are discussed in detail in the original
Ref. [140]. For instance, PCA and two distinct versions of an autoencoder (one of which
is based on an RBM) are tested, with and without a prior feature extraction carried out
by VGG16, the same deep convolutional architecture also used in Ref. [133]. The results
show that autoencoders outperform other commonly used dimensionality reduction tech-
niques, such as PCA, and may enable even small quantum circuits to have potential use
for real-world applications. Concerning the comparison among the PQC architectures,
the model proposed by Farhi et al. [141] shows the best performance among the ones con-
sidered in this work. This PQC is the same as the one used in Ref. [133].

As noted in [144], the use of a pre-trained deep convolutional NN for extracting features
to encode into a quantum circuit is an implementation of quantum transfer learning. The
preliminary results discussed so far appear promising, despite the intrinsic challenges of
remotely detected datasets and the criticalities that can be encountered when applying a
transfer learning scheme, as briefly mentioned in Sect. 3.1. The authors of Ref. [144] ex-
plicitly recognize this approach as a transfer learning scheme and adopt the same VGG16
architecture pre-trained on the ImageNet dataset. The PQC performing feature transfor-
mation and classification is either a real-amplitude or a strongly entangling circuit, with
and without data re-uploading. During the PQC training, the classical network weights
are kept frozen. The main incremental advance of this article lies in the dataset, which
is characterized by a small number of images that are high-dimensional, i.e. not effec-
tively represented with a small number of features. In contrast, the EuroSAT dataset is
big and low-dimensional. The quantum transfer learning scheme is successfully applied
to a three-class dataset, where the classes are dense residential, medium residential, and
sparse residential areas taken from the UC Merced Land Use dataset. Only three qubits
are used, and a connection between performance and a theoretical measure known as lo-
cal effective dimension is tested empirically. Additional numerical work on hard data sets
is mandatory to empirically test HQC-NNs for remote sensing. However, a larger num-
ber of qubits should be used under more realistic experimental conditions (including shot
noise or real hardware implementations).

We finally point out the recent technical paper in Ref. [145], which could be useful for
practitioners interested in this field of application. Here, the authors do not propose new
architectural advancements but rather adopt a side perspective and focus on other topics.
They perform a comparison of different quantum computing libraries routinely used to
implement VQAs, out of which PennyLane may be the most versatile due to its integra-
tion with PyTorch GPU libraries. In addition, they assess the relevance of the initialization
values chosen for the variational parameters of a PQC by evaluating their impact on the
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final performance. Finally, they propose integrating quantum layers into Vision Trans-
former (ViT) classical architectures. Once more, the dataset is composed of RGB bands of
multispectral images from the EuroSAT dataset. The authors also provide an interesting
historical excursus of a selected subset of papers on quantum and hybrid approaches for
EO and RS.

3.3.3 Applications of HQC-NNs to RS and EO: quantum feature extraction
The works discussed in this section approach hybrid quantum-classical schemes from a
different perspective than those in Sect. 3.3.2. Here, the quantum components of the net-
work are utilized at the initial stages of the workflow, as schematically depicted in Fig. 8.
Specifically, quantum layers are positioned early in the network to handle feature extrac-
tion and dimensionality reduction. The benchmark problem is still the supervised learning
and classification of multispectral EO datasets.

Quantum layers for image representation and feature extraction In the previous section,
quantum computing has primarily been employed to transform classically extracted fea-
tures or to directly perform the classification step. However, a conceptual limitation of this
approach lies in its computational costs: indeed, feature extraction and pre-processing are
typically more resource-demanding than the final classification process. In practice, the
classical subroutines utilized in the HQC-NN described above often use computationally
intensive deep convolutional neural networks for image comprehension and feature ex-
traction. In contrast, only a simple PQC is typically used for the final steps, often with a
very limited number of qubits.

The authors of Ref. [147] propose to invert the two steps and use a complex PQC to ex-
tract important features from input images and a simple classical FC layer to perform the
final classification. We remark that real-world data, particularly EO images, are large and
multidimensional, and the encoding into quantum states is challenging given the small
number of qubits available in current NISQ devices or efficiently simulable in classical
emulators. Ref. [147] uses a technique named FRQI (Flexible Representation of Quantum
Images) [148] encoding an image of size 2N × 2N by using 2N + 1 qubits. The position
of pixel j (e.g. in raw-major order) is represented by the computational basis state j of
2N qubits, whereas the additional qubit is devoted to encoding the pixel intensity (e.g.,
grayscale value) as a rotation angle. This quantum state, in general, requires an exponen-
tial number of quantum gates (controlled rotations) to be prepared. This limits the prac-
tical applicability of FRQI only to moderate image sizes. Compression schemes have been

Figure 8 In this algorithmic pipeline, the quantum layers of the HQC-NN perform feature extraction, after the
preliminary encoding of an N× N image with M spectral bands into the quantum circuit. The final feature
processing and classification steps are handled by classical layers. Figure adapted from Ref. [146]
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devised [149], and are utilized in Ref. [147]. The second part of the PQC implements quan-
tum convolutional layers, which extract high-level features in a way conceptually similar
to convolutional layers in classical CNNs, as outlined in Sect. B. Implementation details of
the convolutional architecture are described in the original reference, but the main com-
ponents are multi-controlled single qubit rotations, where the controls are the position
and value of a given pixel. The third part of the PQC is made of the measurement layer,
which translates the quantum features extracted by the quantum convolutional layers to
classical feature values. The quantum state is measured in the X-basis, Y -basis, and Z-
basis, to obtain the corresponding expectation values. The latter are concatenated and
serve as input to the fourth and final part, which is a classical dense layer to perform the
final classification. This preliminary work tackles multi-class classification on a simplified
version of the Overhead MNIST dataset, composed of gray-scale images (a single color
band). The HQC-NN model achieves performance comparable to that of classical CNN
for this highly simplified problem.

This approach has been extended and improved in the recent publication [146] by
the same authors. In this work, they propose two different models of HQC-NN to per-
form land cover multi-class classification of Sentinel-2 multispectral images. Both hybrid
quantum-classical methods exploit quantum computation to perform encoding of the im-
ages into the quantum register and feature extraction, whereas classical computation is
used for the final classification task. These models leverage quantum convolutional layers,
and could thereby be named Hybrid Quantum Classical Convolutional Neural Networks
(HQC-CNN). The first model uses MCQI (Multi-Channel Quantum Images) to perform
image encoding into the quantum register and can be dubbed (in our notation) M-HQC-
CNN. The second model is a direct generalization of the one implemented in the previous
work [147], using FRQI, and dubbed F-HQC-CNN. Both models perform the multi-class
classification of multispectral images through three steps: quantum image representation,
feature extraction, and classification.

In the M-HQC-CNN model, the first step exploits the MCQI method, which is suited for
encoding images with multiple bands on a single quantum circuit, by using a well-defined
number of qubits to specify the pixel location, the band index, and the pixel value. On
the other end, the F-HQC-CNN model exploits the FRQI method, which was originally
proposed to encode classical gray-scale images and uses multiple quantum circuits, one
for each spectral band of the image. Multiple-controlled qubit rotations are the essential
building blocks of both methods, and a detailed explanation is given in the original ref-
erence. For the second step of feature extraction, the quantum circuit ansatz is rooted in
the same concepts described in the previous publication [147]. Essentially, quantum con-
volutional layers extract high-level features, and a measurement layer converts quantum
features to classical values via the computation of specific expectation values obtained
from Pauli measurements. The quantum ansatz is slightly different in the two quantum-
classical models: in the F-HQC-CNN model, multiple quantum convolutional circuits are
needed for feature extraction from each band separately, and therefore, a distinct measure-
ment layer is used for each band, instead of a single one as in the M-HQC-CNN model. As
noted by the authors, the M-HQC-CNN has the potential to select more refined features
by combining information from different bands. However, this comes at the expense of
using more qubits in the quantum circuit to encode the band index. For the final classifi-
cation task, both models use a classical dense layer to classify the classical feature vector
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output from the measurement layer. Standard training of the variational parameters in the
quantum convolutional layers is performed using the cross-entropy loss function.

Ref. [147] addressed the LCZ42 dataset, a benchmark dataset for global Local Climate
Zones Classification, with some technical simplifications. The image size was reduced
from 32 × 32 to 8 × 8 pixels, only four bands out of ten were selected, and only the images
labeled with three German cities were used, instead of all 42 cities.

To assess the performance of the two models proposed in this work, these were com-
pared with a classical CNN with two convolution layers, each comprising 2 and 24 ker-
nels, respectively, and with the HQC-NN discussed above for multi-class classification,
introduced in Ref. [135], where a classical CNN was operated as a feature extractor. A fair
comparison is performed by choosing a similar number of trainable parameters for the
competitor models.

The two models using quantum features, i.e., F-HQC-CNN and M-HQC-CNN, lead to
better average test accuracy and superior transferability and robustness. The benchmark
has been extended to other models for binary classification using only the RGB bands. We
refer the interested reader to the original paper for a detailed statistical analysis and in-
sightful discussion. Overall, quantum layers for feature extraction show promising results
and may represent a valid paradigm for future research. Crucial steps forward include
simulating a larger number of qubits with at least shot noise instead of exact state-vector
simulations, and, ultimately, tests on real quantum hardware. Additionally, tackling hy-
perspectral datasets with many bands would be an interesting way to assess the potential
of quantum features extracted by mixing different band information, e.g. by adapting the
M-HQC-CNN framework.

Application of the quanvolutional architecture In Ref. [129], the original proposal of
quanvolutional NNs [126] has been extended and tested for the classification of low-
resolution satellite imagery, specifically a subset of the SAT-4 dataset. These are 28×28×4
images (namely, with four bands) with 4 distinct labels: barren, trees, grassland, or other.

In this work, the authors use a single quanvolutional layer in the first part of the architec-
ture; hence, they test quantum layers for feature extraction. Nonetheless, we remark that
the quanvolutional NN framework is flexible and the quanvolutional layers may be placed
early or at the final stages of the network, or even in more places at the same time. This
version of quanvolutional NN has been tested on real hardware with a Rigetti computer.

The original architecture introduced in [126] has been refined significantly. Firstly, the
quantum circuit is not random but rather structured; in particular, the authors choose
a QAOA variational circuit (with depth P = 1, which is the main QAOA hyperparame-
ter [34]). Furthermore, the encoding and decoding schemes are improved and made realis-
tic, relying on measurements rather than a full state-vector representation of the quantum
state in a quanvolutional filter.

Referring to the quanvolutional architecture described in Sect. 3.3.1, the authors in [129]
use a single quanvolutional layer of 5-by-5 quanvolutional filters, requiring 25 qubits. The
quanvolutional layer is applied to 5 × 5 × 4 patches of the original images, corresponding
to a total of 100 feature components to be encoded. The encoding scheme is an angle
encoding into the QAOA variational angles that parameterize X rotations. Since these are
25 per QAOA layer, in principle, one should choose depth P = 4. To reduce the circuit
depth, the authors rather consider P = 1 and encode in each angle an average over 2 × 2
sub-patches of contiguous pixels.
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Interestingly, a software and hardware co-design approach has been implemented by
selecting a QAOA circuit requiring two-qubit gates that are natively implemented in the
hardware topology of the Rigetti quantum device. The paper does not provide sufficient
details regarding the algorithmic implementation, particularly concerning the interpre-
tation of the ZZ rotation angles and the decoding scheme. Based on the available infor-
mation, we hypothesize that these angles are initialized randomly for each quantum filter
and kept fixed, coherently with the original proposal of Ref. [126]. Assuming this is cor-
rect, QAOA is not trained here but rather adopted as an encoding circuit, by generalizing
the angle encoding scheme in Eq. (18).

The comparison with a classical CNN does not show any clear advantage, yet this for-
mulation could be improved and expanded in many ways, along the same lines discussed
above for the original proposal [126].

3.3.4 Other space science and technology applications of HQC-NNs
Quantum-classical computational schemes, in particular implementing variants of hybrid
neural networks, have been investigated for a wide range of application areas, including
space science and technology beyond RS and EO. A comprehensive review of the whole
literature would be impractical. Nonetheless, we briefly mention a few relevant papers
that apply these techniques to interesting space applications. Our scope here is dual. First,
we point the interested reader, with a technical background in space-related sectors, to
potentially interesting literature. Secondly, we highlight the conceptual similarity of dif-
ferent hybrid quantum-classical proposals, remarking that the computational scheme and
the main conceptual and technical challenges are often unrelated to the application do-
main.

A first interesting example in Ref. [150] concerns space weather detection. Here, an
HQC-NN is proposed to enhance the detection and early warning systems for space
weather events, such as solar flares and geomagnetic storms, which significantly impact
space technologies and infrastructures. The authors devise an HQC-NN that achieves
promising performance. The quantum layer with six qubits is positioned between two
classical dense layers and uses angle embedding encoding, entanglement, a quantum ac-
tivation function, and measurement operations. Remarkably, the experiments were also
tested with real hardware on IBM quantum services.

In the study conducted in Ref. [151], the application domain is forecasting solar irradi-
ance, a task traditionally addressed by deep learning techniques. This research investigates
the integration of quantum layers into conventional feedforward neural networks and the
development of a fully quantum PQC for the learning task, without any quantum convolu-
tional layer. To benchmark these advancements, a bidirectional long short-term memory
(BiLSTM) model is employed. The quantum-enhanced feedforward neural networks dis-
play robust and competitive performance, despite using significantly less variational pa-
rameters. As expected, the fully quantum PQC model exhibited sub-optimal performance
in comparison, probably due to its too simple architecture.

Ref. [152] introduces an HQC-NN architecture tailored for near real-time space-to-
ground communication of International Space Station (ISS) data, detected with the Light-
ning Imaging Sensor (LIS). In the long term, such hybrid architectures might be promis-
ing for processing and transmitting vast amounts of sensor data, which classical systems
struggle to handle efficiently. Initially, a classical network handles feature extraction from
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the ISS LIS lightning dataset. These features are then encoded into quantum states us-
ing multiple quantum encoding techniques. Performance comparisons between classical
models and the HQC-NN seem promising in terms of training and validation accuracy.

An interesting approach that falls into the category of RS is explored in Ref. [153]. Here,
QML is applied to PolSAR (Polarimetric Synthetic Aperture Radar), an advanced form
of SAR (briefly introduced in Sect. 3.1) that exploits the polarization of electromagnetic
waves to provide additional information about the Earth’s surface, e.g. for land use and
land cover applications. Here, the authors map the polarization state of the reflected beam
(reflected wave’s Jones parameters) into single-qubit states, a procedure dubbed natural
embedding, which exploits the natural equivalence between the Poincaré sphere for light
polarization and the Bloch sphere of a qubit. They also test an HQC-NN architecture to
classify this data, with the quantum layers applied to extract quantum features, before the
classical ones perform the classification task. This follows a similar workflow as the one
described in Sect. 3.3.3.

Finally, we mention Ref. [154], which tackles a complex binary classification task for an
EO dataset, namely the classification of satellite images to determine whether they con-
tain solar panels or not. This paper uses classical pre-processing and develops two dis-
tinct quantum models based on neural quantum kernels (NQKs). This technical tool is
discussed in detail in the original publication and shows promising results.

3.4 Quantum Support Vector Machines (QSVM) for RS and EO
Support Vector Machines (SVMs) are non-parametric supervised machine learning al-
gorithms that can be employed for classification and regression problems. Compared to
deep neural networks or other machine learning models, SVMs are particularly suitable
when the training set is small and the acquisition of additional training data is expensive
or impossible. Another key feature of SVMs is their stability, namely, small alterations of
the training data do not generally produce significant differences in the trained model.

SVMs are particularly appealing for RS applications, where typically only limited train-
ing samples are available, and further acquisitions would require impractical economic
and time overheads. An extensive amount of research has been devoted to SVMs in the
RS field, from urban growth monitoring to forest detection, analyzing different types of
images with a different number of bands, and with resolutions ranging from submeter to
many kilometers for each pixel [155].

Recently, a number of proposals to devise a Quantum Support Vector Machine (QSVM)
have been put forward. After a concise overview of classical SVMs in Sect. 3.4.1, we re-
view the proposal of a QA-based SVM and its applications to RS, in Sects. 3.4.2 and 3.4.3,
respectively. The same is done for gate-based SVMs in Sects. 3.4.4 and 3.4.5. Our discus-
sion focuses on the main conceptual novelties and common challenges that are inherently
present in these hybrid quantum-classical ML algorithms.

We remark that the QA-based SVM does not use gate-based quantum computation and
is inherently an application of Quantum Annealing, as illustrated in Fig. 1. We have chosen
to present it here to simplify the exposition. Conversely, gate-based SVMs utilize quantum
kernels, which involve embedding classical data into a quantum circuit, as outlined in
Sect. 3.2.1. These kernels may also incorporate variational parameters that are optimized
within a hybrid quantum-classical loop.
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Figure 9 The geometric interpretation of a linear SVM, which is the simple formulation of Eq. (1) without soft
margins or the kernel trick. Figure from Ref. [155]

3.4.1 A short overview of the theory of classical SVMs
An SVM operates on a labeled training set

D = {(xn, yn) : n = 1, . . . , M} , (23)

where xn ∈X ⊂R
d is a feature vector and yn = ±1 its prescribed label. A test set is defined

as T , whose samples are also drawn from X , with unknown labels that are statistically
correlated with those of the training set.

Intuitively, an SVM separates the training samples of two distinct classes in the feature
space by tracing a maximum margin hyperplane between them, as shown in Fig. 9. The
hyperplane is defined by its normal vector w and offset b, which should be determined
such that for any training point xn, we have

yn(w · xn – b) ≥ 1. (1)

In order to minimize the risk of test data being misclassified, one also aims to maximize
the margin width 2

‖w‖2 , geometrically representing the distance between the closest vec-
tors belonging to different classes. The latter are called support vectors and have a crucial
role in classifying test data after the training phase, as explained below.

This basic formulation of a linear SVM is generalized by including soft margins that
allow for a few misclassified data points and the kernel trick, enabling the definition of
non-linear decision boundaries separating the two classes [156]. Training an SVM is a
convex quadratic problem subject to convex constraints; thus, it always converges to the
global minimum. This implies that there is no need for repeating training using different
random initializations or stochasticity. The mathematical theory behind SVMs is refined
and can be found, e.g., in Ref. [156]. This theory leads to an equivalent dual formulation for
SVM training, which is immediately relevant for the definition of QA-based QSVMs [157].
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By considering the general case that includes kernels, training an SVM is equivalent to a
quadratic programming problem [157]:

minimize E =
1
2

M∑

n,m=1

αnαmynymk(xn, xm) –
M∑

n=1

αn, (24)

subject to 0 ≤ αn ≤ C ∀n = 1, . . . , M, (25)

and
M∑

n=1

αnyn = 0, (26)

where the M optimization variables are αn ∈R, while C is a regularization parameter and
k(·, ·) is the kernel function.

The kernel trick relies on mapping the original d-dimensional vectors to a larger (and
possibly infinite-dimensional) Hilbert space H, whose elements are now called feature
vectors. Although this is formally realized with a map Φ : Rd �→ H, only scalar products
of feature vectors are needed for training an SVM (see Eq. (24)), which define the kernel
function:

K(xi, xj) = Φ(xi)
† · Φ(xj) . (27)

The above equation defines the Gram matrix for the training set D, which is Hermitian
and positive semi-definite. The majority of classical kernels are defined in terms of real
feature maps. A notable example is the radial basis function (RBF) Gaussian kernel, often
just called the RBF kernel:

K(xi, xj) = e–γ ‖xi–xj‖2
, (28)

where γ is a tunable parameter, and the norm is the conventional Euclidean 2-norm. Here,
H is infinite-dimensional, and the explicit map Φ would be computationally intractable.
The kernel trick avoids this problem by only computing kernel functions, which can be
done easily, without requiring an explicit expression for the feature map.

A typical solution often contains many αn = 0. It can be proven that the only non-zero
variables αn �= 0 correspond to those feature vectors that lie on the decision boundary and
are named the support vectors of the SVM. A prediction for an arbitrary test vector x ∈ T
can be made by computing the sign of the decision function:

f (x) =
MS∑

n=1

αnyn k(xn, x) + b, (29)

where the sum has been restricted to the MS support vectors. An explicit expression for
the bias b can be provided, or it can be set to zero by definition [157].

As summarized in the conclusions of Ref. [155], SVMs emerge as a competitive can-
didate for performing ML tasks for RS images due to their effectiveness for training sets
with a limited size or low-quality training data. Intuitively, this is due to the definition of
an optimal boundary separating the two classes depending only on the support vectors. In
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addition, there is no requirement for a prior assumption for the data distribution, which
is unknown for most RS real-world use cases.

However, some limitations include the arbitrary choice of kernels, especially if the origi-
nal data in R

d are already high-dimensional, and the selection of the regularization param-
eter C. Finally, while the SVM framework could, in principle, be generalized from binary
to multiclass classification in different ways, several training issues can emerge.

3.4.2 QA-based QSVM: theory
As anticipated in Sect. 2.7, D-Wave quantum annealers have been utilized for training
Support Vector Machines in various applications for the space sector. In fact, the training
process of an SVM has been equivalently reformulated as a QUBO task in Ref. [157]. The
main idea behind QA-based SVMs is to discretize the quadratic programming problem
in Eq. (24), by replacing the float precision values of the variables {αn} with a discrete set
of values represented in some encoding base. Each variable is represented using K bits,
ensuring that the constraints in Eq. (25) are automatically satisfied. The optimization is
then recast to a QUBO problem with KM binary variables (or qubits), where a Lagrange
multiplier is introduced to account for the constraint in Eq. (26). For a kernel as in Eq. (28),
whose values decay rapidly as a function of the distance between two feature vectors, the
couplings between several qubits of the QUBO graph are small and can be neglected,
simplifying the embedding process.

As noted by the authors in [157], two remarkable conceptual advantages may emerge in
this approximate formulation of the training of a classical SVM with a quantum annealer.
First, determining the convergence to zero of a floating point number αn can be subtle,
whereas, with a discrete mesh of values including zero, it is straightforward. This is a cru-
cial step in identifying the support vectors for the trained SVM. Secondly, the global min-
imum found by direct solution of the SVM quadratic programming problem is optimal
only for a certain training set. On the other hand, quantum annealing samples may pro-
vide several close-to-optimal solutions corresponding to different decision boundaries in
the feature space. A combination of these has the potential to outperform the classical
global minimum when evaluated on the test set, which is the ultimate goal in supervised
classification.

Due to the current size limitations of QPUs, the authors propose to train a set of QA-
based SVMs only on a subset of the original training set, finally combining them to obtain
an aggregated classifier. This approach is found to be competitive or even outperforming
standard SVM training on a synthetic and a realistic datasets.

3.4.3 QA-based QSVM: applications to RS and EO
In this section, we summarize the key contributions to the application of QA-based SVMs
in the field of remote sensing. The summary is presented in chronological order, empha-
sizing the incremental progress made in the field.

Binary classification of multispectral images The methods outlined in the previous sec-
tion have found numerous applications to several datasets of practical interest in remote
sensing and Earth Observation. In Ref [158], a set of QA-based SVMs are trained on dis-
joint subsets of RS multispectral images for binary classification. These are aggregated
together to perform inference on the test data, showing encouraging preliminary results.
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This work has been extended in Ref. [159], utilizing the newer Advantage D-Wave Quan-
tum Processor. The authors compare QA-based SVMs to gate-based SVMs, which we
shall introduce in the following section. The former approach, relying on the QUBO for-
mulation described above, delivers better results. The authors consider a dataset dubbed
SemCity Toulouse, which is a multispectral image dataset focused on the city of Toulouse.
For our purposes, it offers a useful, practical example: here, an urban area is described as
a multispectral image of 500 × 500 = 250,000 pixels with 8 bands. Only 50 pixels are se-
lected for training, each consisting of a feature vector xn ∈ R

8. The two labels yn = ±1
correspond to the absence or presence of a building in that pixel.

Core of a dataset and weighted SVM An alternative strategy to apply the QA-based SVM
to challenging EO datasets has been presented in Ref. [160]. The idea is to replace the
original dataset with a “core of a dataset” (or coreset), which is a small representative
weighted subset of the original training set. This coreset technique has been applied to
train a weighted version of the standard SVM with D-Wave hardware. A preliminary tun-
ing of D-Wave annealing parameters is performed on two simple coresets of a synthetic
dataset and the Iris dataset. These parameters include the annealing time τ , the chain
strength JF , and the number of samples to be drawn (see Sect. 2.2). These values of the
annealing parameters are thereby used to train the QA-based weighted SVM for binary
classification on the coreset of two real EO datasets. Results on classification accuracy are
competitive with a state-of-the-art classical weighted SVM.

Extensions to regression and multiclass classification The QA-based SVM framework
has been extended to regression analysis for estimating biophysical variables in re-
mote sensing [161]. Furthermore, a generalization to multiclass SVMs was proposed in
Ref. [162]. The authors extend the original proposal of Ref. [157] to perform direct mul-
ticlass classification with an SVM trained with a quantum annealer. The QUBO mapping
now leads to a matrix with a linear dimension equal to KMC, where K and M are defined
above, and C is the number of classes of the training set. Two different multispectral RS
datasets were considered. The classification accuracy is nearly comparable to the classical
implementation of the same multiclass SVM. Interestingly, this quantum approach leads
to a favorable scaling of the execution time as a function of the training set size M: in par-
ticular, the inference time is constant in M. Although the embedding process of the QUBO
graph becomes increasingly challenging with M, this trade-off between the execution time
and the size of the QUBO graph may be favorable in some applications.

3.4.4 Gate-based QSVM and quantum kernels: theory
A first proposal for a Quantum Support Vector Machine was introduced in the seminal
paper [163], based on the inversion of a kernel matrix (introduced below) through an adap-
tation of the celebrated HHL algorithm [164]. However, this version of QSVM would re-
quire fault-tolerant quantum computation and is incompatible with current NISQ devices.
Moreover, its theoretical exponential quantum speedup over classical SVM could only be
obtained if classical data were provided in a quantum superposition, which is a highly ide-
alized scenario; hence, we will not explore its formulation. We instead focus on a hybrid
quantum-classical approach based on quantum feature maps that encode standard classi-
cal data into a quantum Hilbert space, which plays the role of a high-dimensional feature
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space [165, 166]. A gate-based quantum computer is used to compute quantum kernels,
which can be utilized to train a classical SVM as described in the previous Sect. 3.4.1.

The underlying idea is to embed a classical data point x ∈ R
d by defining a quantum

feature map UΦ(x). This is implemented with a parametrized quantum circuit that acts on
an initially blank register of N qubits in the state |0〉⊗N , preparing the state

|Φ(x)〉 = UΦ(x) |0〉⊗N . (30)

The quantum feature map is often defined in terms of a set of fixed entangling gates and a
set of parametrized Pauli rotations, whose rotational angles are determined by the com-
ponents of the input vector x. This may be regarded as quantum data encoding (or em-
bedding) as discussed in Sect. 3.2.1, often a generalization of angle encoding in Eq. (18).
The selection of an appropriate PQC to embed classical data into a quantum Hilbert space
is crucial. A valid approach relies on the introduction of additional variational parameters
θ in the quantum feature map, which can be tuned to optimally separate the training set
in the feature space using, for example, a method known as kernel-target alignment [167].
The training of parametrized kernels is performed within a VQA scheme using a hybrid
quantum-classical optimization loop.

To correctly formalize the mathematical description of quantum kernels within the
framework of classical kernel theory, the correct formulation would be to represent quan-
tum states as density matrix operator, which for a pure state reads ρ(x) = |φ(x)〉〈φ(x)| and
has the additional advantage of eliminating the unphysical global phase of ket states [168].

Looking back at Eqs. (24) and (29), a quantum computer would be needed to compute
the kernel matrix between pairs of training samples (during training) or between a test
sample and support vectors (during inference), i.e. to estimate

K(x, x′) = Tr
[
ρ(x′)ρ(x)

]
= |〈φ(x′)|φ(x)〉|2 = |〈0|⊗N U†

Φ(x′) UΦ(x) |0〉⊗N |2 . (31)

Notice that, formally, a linear Hilbert-Schmidt scalar product is indeed defined in the den-
sity matrix representation, where we recall that any density matrix operator satisfies ρ = ρ†

(it is also positive semidefinite with unit trace). This formulation is the so-called fidelity
quantum kernel, since its evaluation requires us to estimate the global quantity in Eq. (31),
namely the fidelity between two pure quantum states obtained by quantum-feature encod-
ing of two distinct classical data points.

Estimating fidelity on a quantum computer can be done via standard methods such as
the SWAP test or the overlap test (sometimes called the Loschmidt Echo test). The latter
consists of a direct evaluation of the probability of measuring all qubits in state |0〉 after
preparing the ket state in the last member of Eq. (31), obtained by the subsequent action of
a feature map circuit and an adjoint feature map. See e.g. Ref. [169] for additional details.

However, it is important to note that the fidelity between two distinct quantum states
is expected to vanish exponentially fast with an increasing number of qubits, due to non-
equal quantum states becoming orthogonal in the exponentially large Hilbert space. De-
signing a quantum feature map involves a delicate trade-off. On one hand, it must be in-
herently difficult to simulate classically to enable the possibility of quantum speed-up. On
the other hand, recent studies on quantum kernel trainability have highlighted that ex-
ponential concentration (a phenomenon equivalent to barren plateaus [117]) may often
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occur. In summary, the kernel values K(x, x′) may all concentrate exponentially fast in the
number of qubits N around a mean value, independent of the input data x and x′. For
example, when evaluated using the overlap test, the quantum kernel Gram matrix would
converge to the identity matrix. This results in a trivial model that becomes completely
ineffective when a polynomial number of measurements is used to estimate its values. Ex-
ponential concentration may arise due to highly expressive or highly entangling quantum
feature maps, but also noise and, notably, global observables such as the fidelity between
two quantum states [169].

Alternative approaches, such as the projected quantum kernel [170], relax this strong
requirement of estimating a global quantity. However, also this method is susceptible to
trainability issues, especially related to entanglement in the quantum feature map, or hard-
ware noise. We refer to [169] and references therein for recent developments on train-
ability and best practices in quantum kernels, such as exploiting symmetries or devising
problem-inspired quantum feature maps. Finally, it is worth noting that quantum kernels
can serve as an alternative to traditional kernels, such as the Gaussian kernel in Eq. (28),
for a wide range of applications extending beyond the SVM framework.

3.4.5 Gate-based QSVM: applications to RS and EO
In this section, we outline a selection of the main applications of quantum kernels to re-
mote sensing. The first paragraph describes an insightful analysis on cloud detection using
the fidelity quantum kernel, which is simulated on a classical computer. We then move to
land-use and land-cover classification with classically simulated projected quantum ker-
nels. Finally, we focus on a seminal paper reporting a real implementation of a gate-based
SVM on a noisy quantum processor, where a dataset for the binary classification of super-
novae into types II and Ia was selected as a challenging use case.

We also cite Ref. [171], where the authors examine the issue of concentration in quantum
kernels. They practically evaluate the trade-off between the exponential cost of classical
simulations and the exponential number of measurements required – due to concentra-
tion – for reliable quantum kernel estimation on a quantum device. This reference also
provides an introductory and high-level summary of the main QML challenges along with
a partial list of applications to remote sensing.

Cloud detection in multispectral satellite images A thorough application of hybrid SVMs
enhanced with quantum kernels is proposed in Ref. [172], where the authors approach the
task of cloud detection in satellite imagery data, specifically analyzing a large-scale dataset
of practical relevance composed of multispectral images from the Landsat-8 satellite.

The binary classification of image pixels into clear and cloudy areas is a crucial step in
the field of EO for two main reasons: first, cloudy regions are often removed from the
dataset because the target ground areas are likely to be obscured. Secondly, efficient cloud
detection is instrumental for meteorological and climate research. Furthermore, the re-
moval of cloudy areas represents a key step for on-board image compression and dataset
reduction.

The 38-Cloud dataset contains a set of diverse landscape images, where each pixel is
characterized by four spectral bands and a ground truth label indicating the presence or
absence of clouds at that specific point of the image. A classical dimensionality reduction
step is performed through a superpixel segmentation technique, followed by a classical
feature extraction with principal component analysis (PCA).
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The quantum feature map is implemented using the PennyLane Python package and
consists of multiple layers: a data encoding layer S that depends on the input data point
x, a variational layer W , and an entangling variational layer E. Both S and W involve only
single-qubit rotations and do not introduce entanglement. Notice that W and E include
trainable variational parameters θ , which are trained to optimally embed the training set in
the feature Hilbert space by utilizing kernel-target alignment [167]. This method is clearly
and thoroughly summarized in [172], and we recommend referring to it for further tech-
nical details. The investigated architectures are implemented by sequentially stacking the
previously defined blocks, specifically adopting the S, WS, ES, and WSWS configurations.

For each architecture, quantum kernels are classically simulated and used to enhance
the training of an SVM. Its performance is compared to a standard radial basis function
(RBF) kernel SVM, which utilizes the kernel in Eq. (28) with an optimized parameter γ .
In summary, the gate-based SVM offers a classification accuracy comparable to the classic
radial basis function (RBF) kernel and superior to a trivial linear kernel, where the feature
map Φ is the identity and therefore K(xi, xj) = x†

i · xj.
Interestingly, entanglement is not necessary for this application, as the introduction of

E layers does not improve the performance of the model. A quantum feature map with-
out entanglement can be efficiently simulated classically with polynomial resources in the
number of qubits N , excluding any potential quantum advantage. However, these results
hold for a specific binary classification task performed on a heavily classically prepro-
cessed dataset and should not be extrapolated to a general context. In fact, only 4 features
were used, and in the embedding scheme implemented by the S layer, this is equivalent to
setting the number of qubits to N = 4.

This work has the potential to be generalized to other real-world datasets in RS and EO,
perhaps using more features and simulating more qubits, or by implementing this scheme
on real quantum hardware.

Land-use and land-cover classification with projected quantum kernels Another crucial
task in EO is to classify land use and land cover in image datasets collected from satel-
lite missions. In Ref. [173], the authors perform supervised classification on multispectral
images of the Earth surface obtained from the Copernicus Sentinel-2 mission. These im-
ages are characterized by 12 spectral bands and 16 land use labels. As discussed above,
both classical and quantum-enhanced SVMs are more frequently employed for binary
classification tasks. Similarly, this work also focuses on the simplified task of separately
distinguishing between two pairs of land use labels.

The QML tool used in this paper is Projected Quantum Kernels (PQK), introduced and
motivated as part of a long theoretical work published in [170]. The complex theory pre-
sented in this article has been applied to a specific use case in [173], deferring the descrip-
tion and motivation of many technical details to the original reference. Therefore, we also
refer to [170] for a detailed exposition on PQKs. Concisely, the idea is to redefine the quan-
tum kernel formalism by avoiding comparing two feature vectors in an exponentially large
Hilbert space, as done for fidelity quantum kernels in Eq. (31). One way to do this is to de-
fine the PQK in terms of the one-particle reduced density matrix for each single qubit.
Starting from the density-matrix operator representation of the quantum feature state for
a data point xi, namely ρ(xi) = |φ(xi)〉〈φ(xi)|, one obtains the one-particle reduced density
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matrix for qubit k by tracing out all other qubits indexed by j �= k, leading to

ρk(xi) = Trj �=k [ρ(xi)] . (32)

The PQK is finally defined as

kPQ(xi, xj) = exp

(
–γ PQ

N∑

k=1

‖ρk(xi) – ρk(xj)‖2
F

)
, (33)

where γ PQ is a real positive hyperparameter and ‖ · ‖F is the simple Schatten 2-norm.
Once again, classical pre-processing is applied to the original dataset, including PCA

leading to the selection of a subset of relevant features. The authors compare the perfor-
mance of two identical classical feedforward neural networks with three layers, only one
of which has access to features extracted from the input image using a PQK approach.
They performed binary classification on a modified version of the dataset, where they
re-assigned the labels to maximize the geometric distance (defined in [170]) between the
PQK in Eq. (33) and an RBF classical kernel as in Eq. (28) with optimized hyperparameter
γ . This empirical study demonstrates an improved classification accuracy on the test set
for the model utilizing PQK features. Although still in its early stages, this work stands
out from the reviewed literature by applying a sophisticated mathematical framework to
a practical use case in EO. It could pave the way for further research in quantum kernels
for remote sensing applications beyond the basic formulation of fidelity kernels.

Implementation on quantum hardware for supernovae classification A significant dis-
tinction between the reviewed literature on QA-based SVM in Sect. 3.4.2 and the study of
gate-based SVM using quantum kernels lies in the implementation on real quantum hard-
ware. In fact, all papers using QA have implemented their proposals on D-Wave hardware,
whereas the quantum kernels are frequently simulated on classical devices rather than ex-
ecuted on actual quantum hardware. This represents a major shortcoming: not only is
hardware coherent and decoherent noise fully ignored, but also the statistical “shot noise”
due to the inherent measurement process in quantum mechanics is neglected by running
full state-vector simulations. We remark that shot noise is ultimately related to trainability
issues such as exponential cost concentration [169] discussed in Sect. 3.4.4, which would
be easily avoided if one had access to a full-precision state vector for the quantum state.

A remarkable exception is offered by Ref. [174], presenting a full-stack 17-qubit imple-
mentation of quantum kernels on the Google Sycamore processor based on supercon-
ducting qubits. Interestingly, their methods were tested on an RS dataset, which makes
the discussion in this paper particularly well suited to the scope of our work. The dataset
is composed of astronomical time series with flux measurements across six wavelength
bands. The authors focus on binary classification between Type II and Type Ia supernovae.
Only minor preprocessing has been applied to produce 67 features, which are embedded
in a real quantum circuit composed of 17 active qubits without further dimensionality
reduction.

Contrarily to the previously cited work on cloud detection [172], in Ref. [174] the au-
thors choose a non-parametric quantum kernel method. The quantum feature map is se-
lected to preserve, in practice, kernel magnitudes of non-diagonal Gram matrix elements,
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which would otherwise vanish due to exponential concentration. Tailored error mitiga-
tion techniques have been devised to improve the performance of noisy simulations on
the Sycamore quantum processor.

For a given data point, each feature is embedded using angle encoding, represented as
the rotation angle of a Pauli gate applied to a specific qubit. It is important to note that the
number of qubits (17) does not necessarily need to match the number of features (67) in
this encoding scheme.

Rigorous statistical analysis is performed, leading to the remarkable conclusion that
noise-mitigated real-hardware simulations provide similar classification accuracy com-
pared to ideal noiseless simulations performed on a classical computer. However, hard-
ware simulations are characterized by significantly larger training errors. As the authors
suggest, hardware noise seems to prevent the model from overfitting the training data, a
phenomenon that needs to be further investigated, since it could be beneficial for infer-
ence on test data (namely, for classification accuracy).

4 Integrating quantum computing, communication, and sensing in satellite
missions: a perspective

In this section, we outline recent advancements and prospects of integrating quantum
computing with other quantum technologies for space science and technology. As an-
ticipated in Sect. 1, we do not intend to fully cover this extensive interdisciplinary field,
which has already been thoroughly reviewed in prior studies [7–9]. Instead, we focus on
satellite missions, specifically on the perspective of combining quantum computing with
quantum communication and quantum sensing. A high-level representation is shown in
Fig. 10, which illustrates a schematic configuration of a modular quantum satellite capable
of acquiring, processing, and transmitting quantum information, and connected to a net-
work of equivalent devices. This pictorial representation reflects the content of the next
sections.

Figure 10 Graphical representation of a quantum satellite, consisting of three interconnected modules. Each
module performs a distinct function and supports applications in a specific area of quantum technology,
integrating quantum sensing, quantum computing, and quantum communication. The satellite is also
connected to other similar devices, forming a constellation. The long-term goal is to devise such a network of
quantum satellites capable of exchanging flying qubits and processing them on solid-state platforms. In
particular, we consider nitrogen-vacancy (NV) centers in diamond, as illustrated by the leftmost module (see
Sect. 4.2)
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We begin in Sect. 4.1 by exploring the long-term objective of establishing a distributed
quantum computing platform in space, leveraging a satellite constellation to integrate
various devices implementing different quantum technologies. The first experimental
implementations have demonstrated quantum communication networks, featuring both
ground-to-space communication and the exchange of quantum information between
satellites [175]. Based on recent advancements, we review the actual components needed
for a fully operational quantum network.

Section 4.2 examines the promising application of quantum sensing deployed on satel-
lite constellations, potentially leveraging quantum processors for computational tasks. We
first focus on spaceborne data acquisition and Nitrogen-Vacancy (NV) centers in dia-
monds, and then discuss the potential of quantum sensing for multi-messenger astronomy
and fundamental tests in physics.

4.1 Quantum networking and its space deployment
The first implementations of quantum networks have been conceived and tested to exe-
cute communication protocols. We refer to [176] for a discussion of the underlying physics
and a thorough analysis of the challenges posed by the realization of a quantum commu-
nication network that integrates quantum memories. We also point out the supporting
roadmap discussed in Ref. [177], where the authors have critically examined the poten-
tial benefits and performance of a satellite-based quantum information network across
various sectors of activity. The authors in [178] offer a compelling survey on space quan-
tum communication, addressing physical constraints such as atmospheric attenuation and
their impact on achieving significant milestones over the past decades. Additionally, they
provide valuable insights into feasibility studies exploring innovative research directions.

As mentioned in Sect. 1.1 and described in App. A, quantum computing and quantum
technologies are now at a crucial stage, with various experimental approaches competing
to become the standard for qubit technology. Early advances were achieved with supercon-
ducting qubits and trapped ions, while neutral atoms have recently gained ground, achiev-
ing the first implementations of logical error-corrected qubits. This accomplishment may
represent a shift from the NISQ era towards error-corrected logical qubits [179]. Besides
these three technologies, researchers also investigate spin qubits in silicon and photonic
qubits. Photonic qubits, in particular, present a unique hybrid approach, combining ele-
ments of both solid-state and optical technologies, which is expected to play a crucial role
in the development of a quantum internet.

Indeed, one of the primary challenges lies in reliably interconnecting quantum devices
and generating entanglement across long distances. Terrestrial optical fiber networks,
despite their potential for quantum communication, face prohibitive exponential losses,
particularly over intercontinental distances, whereas deploying numerous repeaters in-
troduces impractical costs and complexity [180]. It has been proposed that a quantum
satellite internet constellation could serve as a promising alternative by mitigating signal
attenuation and enabling global-scale quantum communications [181–183]. A pictorial
representation is given in Fig. 11.

In Sect. 4.1.1, we broaden our discussion to explore the prospects of networks for
distributed quantum computing, whereas Sect. 4.1.2 examines the conceptual building
blocks needed to realize a quantum network, with a focus on foreseeable satellite imple-
mentations. Finally, Sect. 4.1.3 reports some key experiments of quantum communication
that have been proposed for or realized in space.
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Figure 11 Pictorial description of the main constituents of non-terrestrial quantum networking from
Ref. [184], to which we refer the reader for a detailed explanation

4.1.1 Prospects of a quantum network for distributed quantum computing
Moving beyond quantum communication networks, the ultimate goal would be to estab-
lish a quantum network for quantum communication and computation, building a global
quantum internet that could enable distributed quantum computing and quantum com-
puting in cloud [185]. The framework required for a quantum satellite internet constella-
tion would share a similar conceptual architecture as a quantum network of computing
units implementing distributed quantum computing on Earth. The primary conceptual
challenges lie in storing and retrieving quantum information [176]. An effective solu-
tion of the latter would enable a distributed network of entangled QPUs to be realized
on the ground via optical-fibers links. The conceptualization of such distributed archi-
tecture would not be altered by considering ground-to-satellite and satellite-to-satellite
links. The extension to satellite nodes could be rather swift, thanks to the ongoing efforts
in the quantum communication sector [184]. Nevertheless, as we write this review paper,
the experimental implementations of distributed quantum computing schemes are still in
their infancy [186].

An architecture implementing distributed quantum computing tasks over a network of
computing nodes would allow the end-user to virtually access a number of qubits that
scales linearly with the number of interconnected processors, diminished by a small frac-
tion of qubits devoted to the communication tasks (see [187] for a detailed analysis). In the
near term, the objective is to implement the distributed quantum computing paradigm
with the computational ability of NISQ and beyond-NISQ devices before fault-tolerant
quantum computing. Recently, Ref. [188] has proposed an approximated distributed com-
puting scheme to implement variational quantum algorithms and time evolution of quan-
tum spin glasses model on already available quantum simulators.

Similarly to classical distributed computing, which was enabled by prior technological
achievements such as the development of ARPANET (the first network of communicating
computers), a crucial aspect relies on the interplay of computation and communication in
a distributed quantum computing environment [189]. In the quantum setting, this balance
is particularly critical when qubits need to interact across potentially vast distances, and it
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is expected that optimal performance may be achieved using solid-state technologies for
computation [190] and photons for communication [191]. In fact, photonic qubits are the
ideal candidates for flying qubits, namely those used for communication, as they can travel
over long distances either on optical fiber or in free space, with the possibility of exploiting
different wavelengths (typically in the visible domain or the telecom band) to reduce losses,
according to the experimental conditions. A paradigmatic architecture can employ spins
in solid-state [192] or NV centers [193, 194] in diamonds that emit or absorb photons
in the telecom spectrum, facilitating inter-module communication without requiring the
physical proximity of qubits for computation. The connection of qubits across different
quantum processing unit nodes with photonic links could potentially be scaled, reaching
a higher computing power than isolated processors (see e.g. Fig. 1 in Ref. [187]).

The ultimate goal would be to develop a grid of quantum computers, potentially even
NISQ devices that are not error-corrected, by letting them exchange quantum information
and data in such a way they could act as a single machine. This approach also highlights
the essential role of entanglement distribution. In contrast to classical communication and
computing networks, a quantum implementation relies on the certification of a certain
amount of quantum resources to function. In particular, entanglement allows quantum
information to be shared between the quantum units, and improvements in entanglement
distribution are expected to enable more scalable and efficient distributed quantum com-
puting [195], as it is done, for example, by achieving noise reduction in Ref. [196]. In this
context, quantum logic gates operating on different nodes to create maximally entangled
states of two qubits have been demonstrated [197]. Additionally, the implementation of
teleported controlled-NOT (CNOT) gates has been reported [198–200], providing com-
pelling evidence that qubits in spatially separated quantum processors can be entangled.
Moreover, a proof-of-principle experimental demonstration of distributed quantum com-
puting, in which the implementation of the Grover search algorithm on a an architecture
involving two trapped-ion modules interface via a photonic link has been reported in Ref.
[201].

4.1.2 Building blocks of a quantum network
Here, we outline the building blocks of a grid of quantum units deployable in space that
could serve as the backbone infrastructure of an extended quantum network. Such archi-
tecture could support several tasks ranging from quantum communication to quantum
sensing for fundamental studies and practical applications. We now sketch the key con-
cepts and challenges for the design and implementation of the long-term goal of a quan-
tum internet, as explained in greater detail in Ref. [202]. The objective is to build a network
of quantum devices that either directly interact or exchange quantum states. Linked mul-
tiple devices would enable the secure transmission of quantum information across dis-
tances and could find early applications in quantum cryptography, such as quantum key
distribution and blind quantum computing [203].

From a structural perspective, a quantum network is largely similar to its classical coun-
terpart but is characterized by its exploitation of quantum resources. The essential build-
ing blocks of a quantum network include quantum nodes, quantum channels, quantum
repeaters, and protocols for quantum communication. Reliable quantum information ma-
nipulation and transfer critically depend on these constituents, which can be implemented
across a variety of platforms. As a result, they represent a primary endeavor of current re-
search in the quantum technology community.
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Quantum networks are based on quantum nodes, which serve as processing or storage
centers for quantum information. Such nodes often consist of three units accountable for
acquiring the information, storing, and processing it, respectively. They can also feature
a batch of quantum sensors, a slot for quantum memory, and, in the long term, they may
include also a quantum computer. At the present stage, there are several proposals for
the physical realization of quantum nodes. Common platforms include photonic chips,
trapped ions or atoms, superconducting qubits, and color centers in diamond [185, 204],
each of them with unique properties in terms of coherence time, operational temperature,
and quantum error rates. For example, trapped-ion qubits have high coherence times but
are challenging to scale, while superconducting qubits are more scalable but tend to have
shorter coherence times [205, 206]. Moreover, the latter interact with cosmic rays [207],
potentially leading to decoherence and dissipation, which are responsible for the loss of
the quantum resources that are necessary for any quantum protocol. The physical imple-
mentation of a quantum node directly influences the performance and robustness of the
network.

Quantum channels provide the link that allows transferring quantum information en-
coded into quantum states among different quantum nodes. The feasibility of exchanging
photons across large space distances for quantum technology purposes was demonstrated
soon after the first tabletop experiments in quantum information science [208, 209], with
the Italian National Space Agency playing a pivotal role. The aim of such experiments is
the characterization of the channels that allow the transmission of flying qubits. This can
be achieved either through a physical medium or in a vacuum, and according to the phys-
ical nature of the carriers, several types of losses, dissipation, and decoherence effects can
come into play. For optical communication, these channels can be fiber optic cables or
free-space links. When deploying a quantum network in space, photon-based qubits are
currently the most suitable information carriers, primarily due to the resistance of pho-
tons to decoherence in a vacuum and their ability to traverse free-space paths with minimal
loss [210]. Photonic qubits have proven valuable in enabling ground-space quantum com-
munication, particularly at wavelengths around 1550–1560 nm. These wavelengths offer
high air transparency for free-space transmission and are well-suited for long-distance
optical fibers [211] once on the ground.

The most detrimental effect for optical fiber channels on the ground is photon losses.
Recent studies have shown robust techniques to lower the losses over long metropoli-
tan distances. A notable example is offered by Ref. [212], using high-dimensional pho-
tonic entanglement [213] over 10.2 km with high noise due to sunlight exposition. The
authors show that encoding the information on high-dimensional degrees of freedom can
effectively preserve quantum correlations despite photon loss, enabling stable quantum
key distribution protocols under daylight conditions. In Ref. [214], the authors tackle the
challenge of overcoming the rate-loss limit in long-distance point-to-point quantum key
distribution (QKD) experiments. They demonstrate secure key rates exceeding the stan-
dard over 413 km and 508 km of optical fibers. A key innovation in their approach is
the elimination of the need for a common global phase reference, namely a shared phase
alignment between communicating parties typically required for many QKD protocols.
This eliminates a significant experimental constraint, making the system more practical
and robust for real-world implementation. In a broader perspective, quantum channels
underpin the crucial task of entanglement distribution across the network, and more ad-
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vanced techniques, such as wavelength division multiplexing, are being investigated to
find the optimal values for efficiency and capacity of quantum channels [215].

Quantum repeaters are a critical element in overcoming the distance limitations of
quantum channels [216]. As already mentioned, due to photon losses and decoherence,
quantum signals degrade over long distances, creating the need for a mechanism to trans-
fer entanglement across wide networks. Quantum repeaters can be understood as inter-
mediary quantum nodes with storage and entanglement-swapping abilities. Entanglement
swapping is a process that allows two distant objects, initially in a separable state, to be-
come entangled without direct interaction. This is achieved by first generating entan-
glement between intermediate, adjacent nodes and then performing a specific measure-
ment operation on these intermediate nodes. This measurement transfers (or “swaps”) the
entanglement to the distant nodes, thereby establishing a long-distance entangled state.
This approach enables the formation of an extended entangled link. Its discovery was of
paramount importance to achieve quantum teleportation [217].

By breaking a long channel into shorter segments, quantum repeaters can generate en-
tanglement locally and perform entanglement swapping to extend it further. This ap-
proach theoretically allows for an entangled state to be distributed over distances far ex-
ceeding what would be achievable in a direct transmission [218]. In practice, quantum
repeaters require highly reliable quantum memory and controlled entanglement swap-
ping processes, which are currently challenging to implement. Recent advancements in
solid-state quantum memories, such as those based on rare-earth ions and atomic ensem-
bles, offer promising avenues toward effective quantum repeaters [219]. We also highlight
that the application of space-borne quantum memories is anticipated to have a disruptive
potential across several research lines in space science and for fundamental tests from
space [220]. The experimental scheme outlined above, where information is elaborated
and stored in solid-state processing units and transmitted with photons, presents several
technological challenges. A step forward is reported in Ref. [221], where the authors re-
port a deterministic protocol to store and retrieve light from a quantum dot in an atomic
ensemble quantum memory at telecom wavelengths.

Besides the hardware components, the development of a distributed quantum comput-
ing system deployed in space also requires significant advancements in software stacks. A
fully functional constellation of satellites executing quantum operations would require two
main software components. The first one, which may be either classical or quantum, is a
software-defined networking approach designed for the effective management of available
resources. This component should coordinate the entire constellation and may be oper-
ated from Earth or a station that actively manages the generation of entanglement among
the nodes [184, 222]. Secondly, a distributed quantum computing paradigm necessitates
an efficient compiler that matches all the physical constraints imposed by the different
computing nodes. A crucial task is the optimization of resources needed for local oper-
ations and classical communications, and the more computationally expensive protocols
for entanglement generation and distribution [187, 223].

4.1.3 Key experiments of quantum communication in space
At the present stage, the most successful protocols implemented on prototypical quan-
tum networks are the cryptographic ones based either on the BB84 [224] or the E91 [225]
protocols. Beyond the implementation of Quantum Key Distribution (QKD), which is
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the most mature application, other early proposals include teleportation-based and dis-
tributed quantum computing protocols that have been developed to facilitate informa-
tion transfer and share computational tasks across quantum networks [226]. A fully op-
erational quantum network for distributed quantum computing would ideally require the
synchronization of quantum operations and error correction to manage decoherence and
maintain fidelity across the network. All the hardware and software elements described
in the previous section should be effectively integrated [184].

Despite the significant technological challenges, experimental progress in recent years
has brought us closer to the realization of proof-of-concept quantum networks in space.
Here, we highlight a few notable examples. One significant advancement is the develop-
ment of a quantum communication station within the CubeSat standard, which consists of
cube-shaped satellites with compact dimensions and lightweight design. These satellites
typically have side lengths ranging from 0.1 to 1 meter and weight of the order of a few
kilograms. They have been employed in the Q3Sat experiment, in which a quantum-secure
key was generated [227] using a minimal configuration. Additionally, their application has
been proposed for missions deployed from the International Space Station [228], offer-
ing a flexible platform for quantum communication experiments. Such applications could
pave the way for the launch of a dedicated Quantum Science Space Station, as discussed
in [229].

Finally, we mention the experiments performed by the Chinese National Space Agency
subsequent to the launch of a 600 kg satellite carrying out the Quantum Experiments at
Space Scale (QUESS) project. Among its notable achievements, the transmission of en-
tangled photons over record distances stands out, further demonstrating the viability of
satellite-based quantum communication [175].

4.2 Quantum processing units for quantum sensing in space
We now shift our focus to the integration of quantum sensing with quantum process-
ing units that may be achieved in the foreseeable future. Similarly to quantum computing
processors, quantum sensors require a physical platform capable of preserving quantum
properties for a prolonged time. However, in contrast to quantum computing, quantum
sensors present fewer challenges, as they can be implemented even with a single qubit
and do not necessarily require large-scale entangled systems [230]. The technological ad-
vancements and potential integration of quantum sensing and computing, combined with
progress in controlling quantum systems both on the ground and in space, offer promising
perspectives. The theoretical framework of VQAs [41] suitable to run on NISQ devices
has recently been extended to implement experimentally programmable quantum sen-
sors [231], or to use trainable quantum algorithms for estimation and metrology tasks
[232–234].

Section 4.2.1 presents a synthetic description of applications of quantum sensing for data
acquisition and remote sensing (RS) from space, along with a specific focus on Nitrogen-
Vacancy (NV) centers in diamonds. In Sect. 4.2.2, we outline the potential of quantum
sensing for multi-messenger astronomy and fundamental physics tests.

4.2.1 Quantum sensing for spaceborne RS and data acquisition
Quantum sensing has emerged as a promising approach for spaceborne Earth Observa-
tion (EO) [97], which is crucial for understanding Earth’s physical and biological processes
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along with tracking changes in land use and land cover, as discussed in Sect. 3.1. Quan-
tum sensing may lead to significant improvements over traditional EO instruments, po-
tentially offering higher accuracy, sensitivity, and stability [235]. In view of the successful
development and ground-based testing of various quantum sensors – some of which are
commercially available – their application in space holds a broad potential [7] but poses
significant challenges.

From a wider perspective, the deployment of quantum sensors in space is one of the
most promising technologies for improving the quality of navigation systems [236] and
for spaceborne data acquisition in general. Several platforms to implement quantum tech-
nologies in space have been proposed or even tested depending on the specific application.
A complete summary goes beyond the scope of this section, but we mention a few rele-
vant examples. Cold atoms are employed as atomic clocks allowing for precise geodesy and
quantum gravimetry [237] measurements, whereas Bose-Einstein condensates are utilized
for fundamental studies in a microgravity environment [238]. Other sensors are imple-
mented with different technologies that could support deployment on an orbiting station.
Among them, we cite quantum receivers based on the excitation of neutral atoms to high
energy levels (also known as Rydberg atoms) [239, 240] and qubit sensors implemented
in NV centers in diamonds [241]. Both technologies are particularly advantageous due to
their high sensitivity to minute variations in external fields, such as electromagnetic fields,
as well as their ultra-wide bandwidth and broad sensitivity range. Additionally, quantum
LIDAR (Light Detection and Ranging) sensors can be used to detect nonclassical opti-
cal states of lights for extracting classical parameters (physical, measurable properties de-
scribed by classical physics) of target objects [242].

A system should satisfy a few prerequisites to be considered suitable to operate as a
quantum sensor. Crucially, it should possess a discrete series of energy levels, with the abil-
ity to isolate and define a pair of levels as a two-level system. The initialization of the system
in its ground state should be easy and require minimal engineering effort, and the read-out
state has to be achievable through coherent manipulation, e.g. via time-dependent electro-
magnetic fields [230]. One of the most promising implementations for emerging quantum
sensor technologies relies on Nitrogen-Vacancy (NV) centers in diamonds [192, 243]. In-
deed, NV centers naturally serve as qubit systems and can be envisioned as integrable
components within a qubit-based quantum computer, forming part of a more complex
device. This leads to the potential use of quantum sensors for acquiring data that can be
subsequently directly transmitted to quantum hardware for processing. Among many ad-
vantages, this approach may reduce or even eliminate the need to store classical data and,
consequently, the challenge of determining the optimal encoding of this data into a quan-
tum algorithm. For most quantum sensors currently available, we do not yet see a clear
path to developing such an operating device that relies solely on quantum components. On
the other hand, it appears feasible to engineer a fully quantum data acquisition and pro-
cessing system using NV centers by integrating the approaches for communication [244]
and computation [21].

NV centers in diamonds represent a quantum system where a nitrogen atom substitutes
a carbon atom in the diamond lattice, adjacent to a vacancy. The spin degree of freedom
of this system acts as an extremely sensitive compass needle, capable of detecting minute
variations in magnetic fields with high precision. The NV center operates by being excited
with nonresonant green laser light and microwave signals. The green laser light excites the
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system, causing it to emit red fluorescent light. By applying microwaves across different
frequencies and monitoring how this red fluorescence changes, the local magnetic field
strength can be accurately measured. These systems can operate at room temperature
and potentially withstand harsh conditions, making them ideal candidates for space ap-
plications. Although NV centers exhibit notable resilience and stability properties, a key
challenge to address lies in optimizing the sensor properties to address the complexities
of space missions. These include sensitivity to temperature fluctuations, noise levels, and
interference from the hosting satellite.

The compactness of NV centers, along with their ability to work individually or collec-
tively, offers the potential for high-resolution magnetic field mapping. The potential of NV
center technology, especially its ability to make precise magnetic field measurements, is
being investigated and tested in space [235]. Applications include mapping Earth’s mag-
netic field and monitoring space weather using satellite constellations [243]. Moreover,
magnetometry offers an invaluable tool to probe the interiors of planetary bodies, en-
abling remote investigation of a planet’s internal composition, structure, and even histori-
cal evolution by analyzing its magnetic history preserved in crustal rocks. This technique
can also reveal hidden subsurface oceans. NV centers are currently being employed in
space mission research in the context of planetary-scale magnetic field measurements by
leading space agencies.

Due to their sensitivity to small variations of external fields, the properties of NV center
sensors are also suitable for magnetic navigation [245], in conditions where the global po-
sitioning systems are not available [246]. Their implementation as navigation systems de-
ployed in satellite constellations with embedded magnetometers is currently under study
[247, 248].

4.2.2 Networks of quantum sensors for multi-messenger astronomy
Multi-messenger astronomy explores astronomical phenomena and physical processes by
integrating observations from various messengers, namely by different carriers of physical
information originating from cosmic sources. Quantum sensors, such as atomic clocks,
magnetometers, and gravitational wave detectors, hold great potential in this field, specif-
ically for advancing fundamental physics. A promising perspective lies in the realization
of quantum sensors that could operate in a network configuration and leverage quantum
computing stacks to analyze the acquired data [249].

A key challenge lies in employing these sensors in the quest for exotic physics beyond the
standard model. For instance, these networks can be repurposed to detect macroscopic
dark matter objects or signals from exotic low-mass particle fields [250], particularly by
capturing bursts generated by highly energetic astrophysical events. This can be enabled
by the high level of accuracy achieved in shielding quantum processing units from con-
ventional noise sources, such as electromagnetic radiation, cosmic rays, and other envi-
ronmental disturbances. Another detection strategy uses the matched-filter technique to
identify transient dark matter signals, such as objects moving at galactic velocities, and ap-
ply this to simulated data from GPS atomic clocks. The analysis in Ref. [251] demonstrates
a sensitivity improvement of up to three orders of magnitude over previous GPS-based re-
sults, showcasing the broader applicability of this methodology.

Lastly, we highlight a promising application achievable with a network of computing
units properly engineered to acquire and elaborate quantum data. Connecting multiple
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optical telescopes through a network of quantum computing nodes could dramatically
improve the imaging of faint astronomical objects. This approach would involve encod-
ing the quantum state of incoming photons along with their arrival times into qubit-based
codes at each receiver. By using entanglement-assisted parity checks, the network can re-
trieve the overall quantum state nonlocally, by avoiding common transmission losses be-
tween nodes. This strategy preserves and extracts the crucial phase differences needed for
interferometry, as outlined in Ref. [252]. Such methods could be integrated with quantum
estimation schemes to go beyond the classical resolution limit, heuristically summarized
by Rayleigh’s criterion. According to this criterion, two incoherent point sources are only
resolvable if they are separated by a distance proportional to the wavelength of the de-
tected light multiplied by the ratio of the distance to the sources to the pupil size. Inco-
herent and faint emissions are recurrent in astronomical observations to discriminate the
constituents of multiple systems, such as binary or trinary stars, or for the detection of
an exoplanet orbiting around a much brighter star. An experimentally achievable scheme
to achieve sub-Rayleigh precision in the detection of close incoherent sources has been
theoretically proposed in Ref. [253]. The authors have derived the ultimate quantum limit
in the form of the quantum Cramèr-Rao bound and proposed a realistic measurement
scheme, known as spatial-mode demultiplexing. This method is based on the decompo-
sition of the incoming light into Hermite-Gaussian spatial modes and avoids measuring
the position of each incoming photon. Such a scheme only requires the implementation
of linear photonics and has been experimentally demonstrated in [254]. Moreover, quan-
tum metrology and state discrimination techniques, such as quantum hypothesis testing,
have shown an advantage over classical methods, particularly in improving the scaling of
the Fisher information and the Chernoff bound. A significant application arises in sce-
narios that can be formulated as binary decision problems, with exoplanet science being
a promising area. In Ref. [255], the authors proposed a method for distinguishing a faint
source emitting near a much brighter one, achieving a lower error probability compared
to direct imaging techniques.

5 Outlook
In this review, we screened and analyzed published work on quantum computing for space
science and technology. We adopted the perspective of quantum computing experts, or-
ganizing the presentation by sorting previous works by quantum algorithms and architec-
tures utilized to solve a computational problem.

We aimed to offer an accessible and pedagogical summary of the key theoretical and
algorithmic challenges in quantum computing, which are often independent of the specific
application domain. In fact, a significant part of our effort is devoted to providing a timely,
concise, and in-depth overview of quantum computing in the quest for quantum utility.
We covered both Quantum Annealing and gate-based Variational Quantum Algorithms,
offering a self-contained description of the main tools and developments. In both cases,
we identified the adoption of hybrid quantum-classical computation as the best strategy
for near-term quantum computing.

This review has been written mainly for practitioners in space science and technology
with elementary or intermediate knowledge of quantum computing. With this goal in
mind, we summarized a large number of research papers, aiming to establish the state-
of-the-art and propose new directions for future developments. At the same time, experts
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Table 1 This table summarizes the reviewed papers on quantum computing applications in space
science and technology. It excludes cited works that focus solely on the theory of quantum
computing without direct relevance to space, as well as papers from the space sector that do not
involve quantum-related topics. The columns, from left to right, report the articles discussed in
Sects. 2, 3, and 4, respectively. Along the rows, papers are organized according to the five major
classes of research topics proposed by the Jet Propulsion Lab of NASA.

Synopsis of quantum computing for space applications

JPL classes Methodology

QA QML Q TECH

Earth Science [75, 76, 78, 86, 89–91,
158–162]§

[77]∗ [102, 103, 129, 130,
132–135, 140, 144–147,
153, 154, 171–173]

[235, 242, 248]

Astrophysics and Space Science - [150, 151, 174] [250–252, 254]

Planetary Science [83, 84] - [253, 255]

Legacy Technologies [3, 4, 81, 82, 85, 87,
92–94]

[79, 88]∗ [152] [9, 175, 181–183, 208–
210, 227–229]

Disruptive Technologies - - [220, 237, 238, 246, 247,
249]

∗ papers exploiting a gate-based architecture but cited in Sect. 2.
§ papers using QA-based SVMs but cited in Sect. 3.

in quantum computing may benefit from our analysis for identifying practical, real-world
problems that extend beyond traditional, idealized test scenarios for novel algorithms and
computational proposals.

As anticipated in Sect. 1, here we provide a summary table that may facilitate navigat-
ing the review for readers with a background in the space sector. The analyzed studies
on quantum applications for space have been discussed or cited in the three main sec-
tions of the review, organized by the primary methodologies considered, i.e., quantum
annealing in Sect. 2, quantum machine learning in Sect. 3, and integration with other
quantum technologies in Sect. 4. Here, we reorganize the screened literature by adopt-
ing the classification of the Jet Propulsion Lab of NASA, and classify the reviewed papers
into five research fields, as shown in Table 1: (1) Earth sciences, focusing on atmospheric,
land, and oceanic studies to predict future changes; (2) planetary sciences, which aim to
deepen understanding of planets, satellites, and smaller system bodies; (3) astrophysics
and space science, which explore the physics and origins of our galaxy and the universe;
(4) legacy technologies, representing technological areas in which the development and
upgrade of the instrumentation are crucial for the planning of future missions; and (5)
disruptive technologies, which drive system-level innovation in space systems design and
implementation.

We provided a pragmatic and realistic assessment of the state-of-the-art, avoiding em-
phatic and hyped statements on the potential of quantum computing. Novel experimental
tests on improved quantum annealing and gate-based hardware will be instrumental in
defining the ultimate capability of near-term quantum computing for problems of prac-
tical scientific and technological interest, both within and beyond the space sector. Al-
though it is not possible to accurately forecast the development or ultimate technological
impact of a complex and rapidly evolving field like quantum computing and its applica-
tions to space, we summarize in Table 2 the expected time scales for major anticipated
advancements. These range from near-term developments (likely within 3 years), such
as the integration of quantum computing with high-performance computing (HPC) and
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Table 2 Despite the inherent difficulty in making predictions on emerging technologies, we provide
a tentative expected timeline regarding the impact of quantum technologies currently under
development. These are classified into three timeframes: near-term (likely within 3 years),mid-term
(likely within 8 years), and long-term (likely beyond 8 years). The associated space applications and
potential impact provided here are illustrative examples and not aimed to be exhaustive

Estimated timeline for quantum technology deployment in space applications

Time frame Quantum technology Space applications Impact

Near-term Integration of HPC and
quantum computing

Scheduling and optimization More efficient assignment of
resources

Near-term Advances in fault-tolerant
hardware

RS image classification and
accurate simulation of physical
processes

Faster and more reliable results

Mid-term Integration of quantum
sensors and quantum
computing

Spaceborne data acquisition
and multi-messenger
astronomy

Improved sensing accuracy
and data processing pipeline

Long-term Distributed quantum
computing

Satellite quantum networks Development of a quantum
internet

Long-term Universal fault-tolerant
hardware

Pervasive employment in
space applications

New era of space exploration

advances in fault tolerance, to mid-term goals, including the operational integration of
quantum computing with quantum sensors, and finally to long-term prospects (likely be-
yond 8 years), such as distributed quantum computing and universal quantum hardware.
To maintain focus, we also provide selected examples of potential space applications and
the expected impact of these technological advancements, without aiming to be exhaus-
tive. These timelines reflect expectations shared by parts of the scientific community and
governmental organizations, such as the European Flagship program and the Quantum
Benchmarking Initiative of DARPA in the USA. However, there is no general consensus,
and the development of emerging technologies is always highly non-linear in time, with
unexpected breakthroughs driving innovation that are nearly impossible to anticipate.

Our review focused on the scientific side of quantum technologies and quantum com-
puting for space. However, it is worth mentioning the high geopolitical relevance of the
field. Recent years have seen a surge in funding directed toward research initiatives that
boosted the intersection of quantum technologies and the space sector, reflecting their
growing importance in shaping the future of science and innovation. Funding from gov-
ernments, research institutions, and private ventures is heavily impacting the develop-
ment of quantum communication networks, quantum sensors, and satellite-based quan-
tum experiments, recognizing their potential to revolutionize data security, navigation,
and Earth Observation.

Technological diplomacy and economic competition play a crucial role in the devel-
opment of quantum computing hardware and software, making joint global blue-sky re-
search alliances unstable and unlikely to form.

Quantum computing and quantum technologies would highly benefit from the long-
term vision of advancing global scientific collaboration on the same model as the Inter-
national Space Station, potentially leading to an international effort to design and deploy
a joint quantum science space station [229]. This would represent a key milestone in the
integration of quantum technologies into the space infrastructure.
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Appendix A: Experimental implementations of quantum computing
Drawing a parallel to one of the most transformative advancements of the last century,
we find ourselves in a similar position as in the early days of classical computing. Back
then, uncertainty loomed over which materials and technologies would eventually become
the state-of-the-art. Ultimately, silicon emerged as the best option, with complementary
metal-oxide-semiconductor (CMOS) technology enabling an efficient implementation.
This breakthrough set off an avalanche of innovations, revolutionizing daily life and paving
the way for current cutting-edge applications such as the Internet of Things, the 6G com-
munication standard, and Artificial Intelligence.

Each quantum computing technology is currently at a different stage of maturity, but all
are progressively expanding their computational capabilities. Depending on the number
of states involved in each physical quantum unit, the latter is referred to as a qubit (two-
level system), qudit (d-level system), or mode (a continuously variable version of qubits).

Here, we mention some notable facts about experimental quantum technologies and
introduce the quantities used to benchmark the performance of the quantum processors.
The quantum volume [256] is a useful quantity reflecting the largest size of a square circuit
that can be successfully run on a specific quantum computer. For instance, a quantum
volume of 8 means that 8 qubits are carrying a successful computation of a circuit by
involving 8 gate steps. Another relevant parameter is the gate fidelity, especially for two-
qubit gates. This parameter is directly related to the maximum circuit depth attainable on
a certain technological platform before losing quantum information.

Trapped ions qubits are currently the most successful platform in terms of quantum
volume. The qubits are alkali atoms, such as Yb, with prototypes consisting of hundreds
of qubits. Trapped ions have a long coherence time and are all-to-all connected, therefore
minimizing the depth of the transpiled circuits [257]. Novel 2D arrangements have sur-
passed the previous 1D geometry. The qubits are operated by lasers in high vacuum and
room temperature conditions.

Superconducting qubits have been produced up to over 1000 qubits for gate model ar-
chitecture and around 5000 qubits for adiabatic quantum computing – with the poten-
tial of attaining better performance compared to state-of-the-art classical methods, the
so-called “quantum supremacy” [64]. These qubits are based on oscillating LC circuits
equipped with a Josephson junction. Such hardware is highly susceptible to physical noise,
and cosmic rays are known to produce disturbances to this technology [258]. It requires
an mK operating temperature.

In neutral atom platforms [259], qubits are implemented as two electronic states of Ry-
dberg atoms that have been laser-cooled in a vacuum. Quantum error correction has been
successfully implemented on this technology [179]. Lasers induce the nK temperature re-
quired, so no cryogenics is necessary. Neutral atoms are stabilized in a vacuum and are
supported by 3D connectivity featuring a tunable arrangement [260].

Photonic qubits have been commercialized with tens of qumodes (continuous variable
versions of qubits) potentially suitable for measurement-based quantum computing. Cur-
rently available hardware addresses specialized problems, in particular Gaussian boson
sampling, but it is planned to be developed for universal quantum computing. The pho-
tons carry the quantum information and the circuit can be operated at room temperature.

For what concerns spin qubits in silicon, electron or hole spin encodes the qubit at a
temperature of 100-300 mK. Recently, >1 K operability with fidelity of 98-99% was demon-
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strated. In an optimistic scenario, wafer fabrication makes it reasonable to foresee a scaling
to millions of qubits in the long-term future.

Finally, also spin qubits in diamond have been created [21], based on electron states
captured by NV-center defects and operated at room temperature.

In gate-model quantum computing, the fragility of quantum states is mitigated by quan-
tum error correction (QEC) methods, which are resource-consuming – a logical qubit
may require from 100 to 10,000 physical qubits. When the technology allows to achieve
an error rate lower than the error correction rate of the QEC algorithm, then the quantum
computer is fault-tolerant. The technologies mentioned above show a different degree of
maturity, and it is difficult to predict which of them is going to achieve full development
as universal fault-tolerant quantum computers.

Appendix B: A short overview of the theory of classical convolutional neural
networks

Computer vision and image classification have been pivotal in driving the current AI revo-
lution, and Convolutional Neural Networks (CNNs) have played a major role. CNNs are a
renowned deep learning architecture, tailored to process and classify image or signal data,
generally in the form of multidimensional arrays. This architecture is capable of automat-
ically extracting hierarchical and meaningful features from large volumes of image data.
CNNs generalize standard feed-forward artificial neural networks and rely on four basic
concepts: local connections, shared weights, pooling, and the use of a deep architecture
with many layers [124].

Similarly to multi-layer perceptrons, classical CNNs can be trained using backpropa-
gation, and different architecture variations have been proposed to improve their per-
formance, such as LeNet-5 [261], AlexNet [262], and ResNet [263]. As expected, deeper
networks tend to achieve higher performance precision, though this comes at the cost
of increased optimization complexity and a greater risk of overfitting. All CNN variants
share the same building blocks: convolutional layers, pooling layers, and fully-connected
layers [264].

In a nutshell, convolutional layers extract feature representations from the input data
provided by the previous layer, by using a number of convolutional kernels, each respon-
sible for computing a distinct feature map. Every neuron within these feature maps has a
receptive field, that is a localized region of neurons in the previous layer. The feature value
at location (i, j) in the k-th feature map of the l-th layer of the network is:

zl
i,j,k = wl

k
⊺xl

i,j + bl
k , (34)

where wl
k and bl

k are the weight (kernel) and bias terms, and xl
i,j is the input patch centered

in location (i, j), namely the receptive field. The kernels utilize a weight-sharing mecha-
nism (weights and biases do not depend on the location (i, j)), which simplifies the training
process and reduces model complexity.

Then, a non-linear activation function a is applied to enable the detection of non-linear
features:

al
i,j,k = a(zl

i,j,k) . (35)
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The pooling layers are usually alternated with the convolutional ones and reduce the res-
olution of the feature maps, contributing to obtaining a shift-invariant feature represen-
tation of the input [124]

yl
i,j,k = pool(al

m,n,k) ∀(m, n) ∈ Rij , (36)

where Rij is a local neighborhood of (i, j). The fully-connected layers are the final layers
of the network that perform high-level reasoning. In particular, the last layer is an output
layer applied to a high-level feature representation of the input obtained with the previous
layers.

CNNs have been devised for and applied to several tasks in machine learning [264].
For our purposes, we consider the standard scenario of supervised learning, e.g. binary or
multi-class classification. Here, a CNN is trained by minimizing a loss function such as
the cross-entropy loss, typically using variants of stochastic gradient descent [124]. The
trainable parameters, collectively denoted as θ , include all the weights and biases of the
convolutional and fully-connected layers. The loss function is formally defined as an av-
erage over a training set of size N :

L =
1
N

N∑

n=1

�(θ ; y(n), o(n)) (37)

where x(n) is the n-th input data, y(n) the corresponding target label, and o(n) the predicted
label obtained as output of the CNN.
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