
Quantum computing in the service of satellite data processing

Piotr Gawron

Nicolaus Copernicus Astronomical Center, Polish Academy of Sciences

2nd International Workshop on Machine Learning
and Quantum Computing Applications in Medicine and Physics

3–7 June 2024, Warsaw

Piotr Gawron (CAMKPAN) QC&EO WMLQ 2024 1 / 36



Motivation

Piotr Gawron (CAMKPAN) QC&EO WMLQ 2024 2 / 36



Number of DOCDB patent families per earliest publication year in the field
of quantum computing

epo.org

Quantum 
computing
Insight report 

January 2023

QUANTUM COMPUTING 
INSIGHT REPORT

epo.org | 16

one tenth. A closer analysis of the country of residence of 
the applicants in these patent families with joint patent 
applications shows that the patent applicants come from 
all continents, with a clear preference for joint patent 
applications with geographically relatively close patent 
applicants, i.e. from the same regional structure or from 
the same continent. For example, about two thirds of the 
patent families with joint patent applications where one 
applicant is located in a contracting state of the European 
Patent Convention have a second applicant also from one 
of these states (see Figure 9). In about one quarter of the 
joint patent families with an applicant from an EPC state, 
a second applicant from North America is observed. These 
results suggest relatively close cooperation within the 
same region and weaker cooperation between applicants 
on different continents. A similar picture results from the 

analysis of the origin/country of residence of the inventors 
mentioned in the joint patent applications (see Figure 10).

Cross-border cooperation can be observed not only 
on the geographical level but also between different 
sectors to which the patent applicants can be assigned 
according to their nature as companies, universities, 
etc.11 Figure 11 shows the result of the analysis of joint 
patent applications in terms of the origin/country of 
residence, further broken down according to sector 
allocation for patent applicants located in Europe. It 
shows that European applicants from one sector tend to 
cooperate more frequently with other European patent 
applicants from the same sector. However, there is also 
cooperation with European patent applicants from 
other sectors.

11	 More detailed information on the sector allocation concept 
regarding patent applicants is available in: European Commission, 
Patent Statistics at Eurostat: Methods for Regionalisation, 
Sector Allocation and Name Harmonisation, chapter 3, 2011

Figure 2	
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The “quantum computing and artificial intelligence/
machine learning” sub-sector differs notably from 
the other sub-sectors examined and from the field of 
quantum computing as a whole. While an initial, minimal 
upswing in patent applications could be observed for this 
sub-sector in the 2000s, the actual dynamic development 
only began in the last decade (Figure 16). Remarkably, the 
momentum in this sub-sector is even higher than in the 
other sub-sectors or the field of quantum computing as 
a whole. With this far above-average momentum, the 
share of inventions in the sub-sector compared to the 
whole field is also rising, and is currently about 15 percent 
(Figure 16, right scale).

As in the other sub-sectors considered, IBM leads the list 
of the most active patent applicants, followed by patent 
applicants from Japan, the United States, Europe, Canada 
and China (Table 7). Compared to the other sub-sectors 
being looked at, in which US-based companies have 
played an increasingly prominent role in recent years, 
the diversity regarding the country of origin of the most 
active patent applicants in the sub-sector “quantum 
computing and artificial intelligence/machine learning” 
has clearly been higher over the last decade (Table 8).

Figure 16 	

Number of inventions per earliest publication year related to quantum computing  
and artificial intelligence/machine learning
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Daily Sea Surface Temperature, North Atlantic (0-60°N, 0-80°W)
Dataset: NOAA OISST V2.1 | Image Credit: ClimateReanalyzer.org, Climate Change Institute, University of Maine
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Quantum Advantage for Earth Observation
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Quantum Advantage for Earth Observation
Report commissioned by ESA
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Use-Cases

Use-Case I: Climate Adaptation Digital Twin HPC+QC Workflow

Use-Case II: Uncertainty Quantification for Remotely-Sensed Datasets

Use-Case III: Quantum Algorithms for Earth Observation Image Processing

Use-Case IV: Feature Selection and Feature Extraction for Satellite Hyperspectal Imagery
Data

Methods

Quantum Variational Algorithms / Eigensolvers

Quantum Neural Networks

Quantum Principal Component Analysis

Quantum Kernel Methods

Quadratic Unconstrained Binary Optimization-based algorithms
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Projection for scaling quantum machines
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Quantum machines parameters

Efficiency of variational quantum algorithms depends on multiple factors:

number of qubits,

qubits connectivity,

single-qubit, two-qubit or multi-qubit gate fidelities,

measurement errors,

quantum system coherence time,

execution time of operations reset, gate, and measurement,

scalability of the quantum computing hardware platform,

precision of control pulses,

possibility to perform mid-quantum computing measurement and classical computing,

classical optimization method,

ansatze.
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Assessing quantum advantage difficulties

4 h on a quantum computer 7 min on a laptop
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Proposed actions

Study the following research ideas

Idea 1: Hyper-spectral Image segmentation using deep RBMs/QBMs

Idea 2: Application of probabilistic graphical models for segmentation and post-processing

Idea 3: Change detection — using hybrid quantum-classical machine learning models

Idea 4: Application of physics inspired simulated bifurcation, and other hybrid algorithms
combined with quantum annealers for EO
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Spectral information processing with quantum neural networks
Piotr Gawron, CAMK PAN

Research Question
Is there a practical reason to use Quantum
Computing rather than classical classification
techniques for spectral classification task?

Source: ESA

Piotr Gawron (CAMKPAN) QC&EO WMLQ 2024 15 / 36
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ABSTRACT

Processing Earth observation images to obtain land cover
classification is an important task allowing to track changes
on the Earth’s surface resulting from natural processes, hu-
man activity, and climate change. The amount of data ac-
quired from Earth observation satellites is very large and
their processing takes large amount of computational re-
sources. We investigate application of quantum circuit based
neural network classifiers for multi-spectral data classifica-
tion aimed at obtaining the land cover information. We show
a proof-of-concept of our approach.

Index Terms— land cover classification, multi-spectral
imagery, quantum machine learning

1. INTRODUCTION

Development of the Near Intermediate Scale Quantum com-
puters and many successes of machine learning led to de-
velopment of the field of quantum machine learning. While
the field of quantum machine learning is a vast one and cov-
ers many subjects in this work we focus only on supervised
classification of classical information using quantum comput-
ers. Even that it has been shown that quantum computers are
able to perform various supervised classification tasks it is not
yet obvious whether quantum computers can surpass classical
computers for practical machine learning tasks. In this work
we investigate applicability of a particular quantum super-
vised classification scheme for classification of multi-spectral
data originating from Earth observation satellites. The goal
of this classification is to obtain land cover information about
the Earth’s surface.

Land cover (LC) information is used to track changes on
the Earth’s surface resulting from natural processes, human
activity and also expressed climate change. Satellite images
are the basic source of information for databases used in agri-
culture, forestry, spatial planning, water management, pro-

∗Supported by IRAP AstroCeNT (MAB/2018/7) funded by FNP from
ERDF.

tection of natural resources as well as in crisis management.
Land Cover databases are necessary to develop and monitor a
policy of sustainable development.

The general idea behind quantum classification of multi-
spectral data is following. The data form a three-dimensional
array of reflectance values with two modes responsible for
spacial dimensions, and the third mode for spectral dimen-
sion. In our analysis we do not make use of the spacial di-
mensions.

The first step of data processing in our processing pipeline
is dimensionality reduction using principal component anal-
ysis. The data’s principal components are calculated and the
data is projected to the high variability subspace. Then pixel
features obtained thereby are normalised and encoded on a
quantum state. This quantum state is processed by a vari-
ational quantum circuit and measured using a single qubit
sigma-z observable. The quantum procedure is repeated sev-
eral times for each pixel in order to calculate the expectation
value of our observable. When expectation values are ob-
tained the parameters of the variational quantum circuit are
changed in order to minimize the cost function that is re-
sponsible for maximization of proper classification probabil-
ity. The entire process is repeated until a set stopping criterion
is reached.

2. DATA ACQUISITION AND PROCESSING

In this research, as reference, a data sample of land cover clas-
sification prepared in the result of the European Space Agency
(ESA) “Sentinel-2 Global Land Cover” (S2GLC) project was
used.

2.1. Satellite data

Sentinel-2 is Earth observation mission of European Coper-
nicus program. The land and coastal waters are monitored
by two satellites Sentinel-2A and Sentinel-2B launched re-
spectively in 2015 and 2017. The optical images are acquires
by push-broom scanner Multi Spectral Instrument (MSI) col-

3513978-1-7281-6374-1/20/$31.00 ©2020 IEEE IGARSS 2020

avg
max

ASC CA BTC CTC HV MP NMS WB

ASC 91.3 98.8 98.5 95.8 88.3 77.0 99.3
CA 88.9 94.5 96.8 75.0 79.3 79.3 99.8

BTC 97.4 87.5 89.0 92.3 93.3 98.5 99.8
CTC 94.9 91.9 80.7 98.0 93.0 96.3 99.0
HV 92.9 72.0 83.3 94.9 70.3 91.0 100.0
MP 85.7 73.4 77.3 84.8 61.4 85.3 98.8

NMS 71.1 75.4 94.4 89.9 87.9 82.2 97.5
WB 98.9 99.3 99.3 98.9 99.4 98.6 95.7

Table 1. Average (avg) and maximum (max) over folds
of classification accuracies of binary classifiers for pairs of
classes, in ptc.

the experiment: • Nesterov momentum optimizer learning
rate: η = 0.01 and momentum: m = 0.9, • batch size: 10,
• number of epochs: 10, • number of quantum neural net-
work layers: 3, • number of principal components / number
of qubits: 4.

We performed 3-fold cross validation of our classification
scheme dividing the data into separate training, test, and val-
idation sets in each fold. A single cross-validation iteration
took over seven hours of computation time.

4.3. Results

Twenty eight binary classifiers are required to build multi-
class classifier for the eight labels we classify. Amongst these
binary classifiers, in the case of the best fold, eight classifiers
had maximal validation set classification accuracy of 70%–
90%, six of 90%–95% and fourteen of 95%–100%. The re-
sults in a form of maximum and average over folds of classi-
fication accuracies are gathered in Tab. 1. The overall multi-
class classification accuracy obtained from the experiment for
three cross validation folds was equal to 66.1%, 66.2% and
66.9% respectively.

The classifiers where trained for ten epochs but from plots
of accuracy in function of training iteration we have learned
that number of epochs does not have to exceed one since the
accuracy does not increase significantly with further training.

We can observe that even individual classifiers perform
well the aggregation method presented as Algorithm 1 intro-
duces large classification errors.

5. CONCLUSIONS

We have presented an adaptation of a quantum circuit based
neural network classification scheme to classification of
multi-spectral data originating from Sentiel-2 satellites.
While overall classification score of about 66% is lower
than what can be achieved in state-of-the-art classification
systems we believe that the idea of using quantum comput-
ers to perform Land Cover classification should be studied

further. We can observe that individual binary classifiers per-
form very well in most of the cases. For a few pairs of classes
the quality of results is relatively low.

We believe that by careful tuning of hyperparameters and
employing a different classification aggregation algorithm we
can obtain better overall classification scores.
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HOW QUANTUM COMPUTING-FRIENDLY MULTISPECTRAL DATA CAN BE?

Manish K. Gupta1∗ Martin Beseda2 Piotr Gawron1†
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ABSTRACT
Quantum computers consisting of hundreds of noisy qubits
are already available and can run specific quantum algo-
rithms although a large-scale fully error-corrected quantum
computer is decades away. It is important to study their
application to real-life computational problems. One such
problem is Land Use and Land Cover classification of Earth
Observation data set collected from the earth observation
satellite mission using quantum machine learning methods.
In this work, we compare the performance of the classical
neural network on the re-labeled dataset of the Copernicus
Sentinel-2 mission, when the model has access to Projected
Quantum Kernel features. We show that classical neural net-
work training accuracy increases drastically when the model
has access to Projected Quantum Kernel features. This study
shows the potential for quantum machine learning methods to
Earth Observation data and provides key evidence for further
investigation.

Index Terms— Quantum Computing, Quantum Machine
Learning, Sentinel-2, Earth Observation, Land Use and Land
Cover classification, Remote Sensing.

1. INTRODUCTION

Earth observation satellites carry onboard multispectral, hy-
perspectral, and radar sensors with the capability to contin-
uously transmit huge amounts of data, in access of 150 ter-
abytes per day, which is not always processed efficiently [1].
The amount of data generated by various missions falls in
the category of Big Data. At the same time, artificial intel-
ligence (AI) has shown great potential in terms of obtain-
ing a detailed understanding of Earth observation data (EO)
[2, 3, 4]. AI techniques in the field of image recognition
∗Supported by IRAP AstroCeNT (MAB/2018/7) funded

by FNP from ERDF. Supported by ESA under the contract
No. 4000137375/22/NL/GLC/my.
†Supported by IRAP AstroCeNT (MAB/2018/7) funded by FNP from

ERDF.

have been constantly improving to keep up with the ever-
expanding stream of Big Data and more computational power
leading to ever-increasing performance. Hence it is important
to explore new quantum computing base algorithms to pro-
cess the EO data efficiently. There has been some progress in
this area, where researchers have used some combination of
classical and quantum layers for Remote Sensing data classi-
fication [5, 6, 7, 8, 9].

A large-scale, fully error-corrected, quantum computer
will not be built for many decades, nevertheless, the recent
advancement in their implementation allows us to study their
application to real-life computational problems [10]. Quan-
tum computers consisting of hundreds of noisy qubits are
already available and can run specific quantum algorithms.
One class of such algorithms use quantum models to generate
correlation between variables that are inefficient to represent
using classical models of computation. Recent theoretical
and experimental evidence suggests that quantum computers
can efficiently sample probability distributions that are ex-
ponentially hard to sample classically [11, 12]. This is the
type of advantage that is exploited by both quantum neural
network (QNN) [13] and quantum kernel methods [14]. QNN
parameterizes a distribution using a set of adjustable param-
eters and the quantum kernel method defines feature maps in
quantum Hilbert space for classical data set. It is postulated
that quantum machine learning algorithms can outperform
their classical counterparts and the justification that is gen-
erally provided for this is that if the quantum circuit is hard
to sample classically then there is a potential for quantum
advantage.

In this work, we are interested in answering the ques-
tion of whether quantum machine learning [15, 16] is suitable
for the classification of spectral data such as, for example,
data gathered by the Earth observation satellites. The specific
goal is to study a Quantum Machine Learning system for land
cover classification of the Earth surface based on Sentinel-2
images. We find evidence that suggests that there exists a data
set where classical neural network training accuracy increases

4153978-1-6654-2792-0/22/$31.00 ©2022 IEEE IGARSS 2022
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Classs 1 Classs 2 t statistic p-value
62 73 3.416488 0.002894
62 82 4.120331 0.000582
73 82 3.974851 0.000811
73 102 3.083268 0.006119
82 102 4.621603 0.000186

Table 1. Paired t-test for data originally labelled as classes:
“Artificial surfaces and constructions — 62”, “Cultivated ar-
eas — 73”, “Broadleaf tree cover — 82”, and “Herbaceous
vegetation — 102”.

a detailed description, we refer to Appendix G: “Constructing
dataset to separate quantum and classical model” of [17]. The
geometric distance [17] between the kernel of classical and
quantum models is defined as

g
(
KC ||KQ

)
=

√∥∥∥√KQ (KC)
−1√

KQ
∥∥∥
∞

(4)

where KC and KQ are kernel matrices for the classical and
quantum models respectively.

3.4. Training and Testing

To compare the performance of the classical and quantum
models on the stilted dataset, we create two feedforward neu-
ral networks [22] of three layers of 32, 16, 1 weight in each
layer with sigmoid as activation function and binary cross-
entropy as loss function. We train the first network with PQK
features and the second network without access to the PQK
features on the re-labeled dataset for 1000 epochs. Finally, we
plot the training and validation accuracy of the model. The
calculations were performed using 6-core Intel(R) Xeon(R)
W-2133 CPU @ 3.60GHz. For this experiment, we used
Python 3.8.10, scikit-learn library 1.0.2, scikit-optimize li-
brary 0.9.0, and “TensorFlow-quantum” library version 2.4.1
[23, 24].

4. RESULTS

The training and validation accuracy for the classification of
the relabeled data set created using the data from two classes
“Broadleaf tree cover” and “Herbaceous vegetation” is shown
in Fig. 1, where both the models achieve a training accuracy
greater than 0.9 over seven hundred epochs. However, on the
validation data, the model with access to PQK features gen-
eralizes well to unseen instances of data. We also repeat the
experiment with other pairs of class labels and naively do the
Paired t-test for various class pair combinations. The result
of the test is shown in the Table 1. It is important to mention
here that the validation accuracy difference between the two
models did not satisfy the normal distribution requirement of
Paired t-test hence it is difficult to accurately claim that the
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(a) Classical and quantum training accuracy
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(b) Classical and quantum validation accuracy

Fig. 1. Training and validation accuracy of feedforward neu-
ral network with and without access to PKQ features for
classes “Broadleaf tree cover — 82”, and “Herbaceous vege-
tation — 102”.

quantum-based model always performs better than the classi-
cal model.

5. CONCLUSIONS

The main conclusion we draw from this empirical investiga-
tion is that there exists a data set that is easy for the quantum
model to learn and hard for the classical model to learn, re-
gardless of network model architecture or training algorithms
used. This emperical study shows the potential for quantum
machine learning methods to Earth Observation data and pro-
vides key evidence for further investigation.
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erowicz, Marcin Krupiński, C. Wojtkowski, Michał Krupiński
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Is there a labelling for a set of data for
which quantum kernel method is better
than any classical?

Short answer: Yes. So there is some hope.

Based on celebrated paper: Huang, H-Y
et al. 2021. “Power of Data in Quantum
Machine Learning.” Nature
Communications 12 (1): 2631.
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Potential of Quantum Machine Learning for Processing Multispectral
Earth Observation Data
With M. Gupta, M. Romaszewski (under review)
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Potential of Quantum Machine Learning for Processing Multispectral
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QC4GEO
Studies commissioned by CNES

Quantum machine learning in applications to unsupervised and semi-supervised analysis
of satellite images
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ABSTRACT

This article describes a practical Earth Observation use case
that would benefit from quantum computing. We analyze
three quantum neural network algorithms. We implemented
one of the algorithms on the EuroSAT dataset. We compare
the algorithms with respect to complexity and degree of quan-
tization. We believe that the algorithms we propose would be
useful for the remote sensing community when quantum com-
puting technologies become widely available.1

Index Terms— quantum machine learning, Earth obser-
vation, remote sensing

1. INTRODUCTION

The amount of data coming from Earth Observation mis-
sions is increasing rapidly due to the ongoing launch of new
remote-sensing satellites, and due to the increasing sophis-
tication of remote sensing instruments. It is reaching such
large volumes and the data is reaching such large resolutions
that there is a need for new Machine Learning techniques
to classify these data. Quantum computing is a candidate
technology to develop these techniques.

In recent years, several results using quantum machine
learning techniques on satellite images with both gate-based
and annealing systems have been published. Studies on gate-
based systems include P. Gawron et al [1] who performed a
multi-spectral classification with a quantum neural network
on Sentinel-2 images. M. Gupta et al [2] showed that there
exists data for which a classical neural network will have bet-
ter results, if it has access to motifs found with a quantum ker-
nel in pre-processing. A. Sebastianelli et al [3, 4] introduced
a quantum layer in a classical neural network and tested this
algorithm with several types of quantum layers on Sentinel-2

∗Supported by IRAP AstroCeNT (MAB/2018/7) funded by FNP from
ERDF.

1This work was partly supported by the QC4GEO project of CNES.

images. They found that the layers with the highest entangle-
ment gave the best inference results. A. Chalumuri et al [5]
described a hybrid quantum-classical algorithm where they
used the quantum computer to reduce the number of parame-
ters. N. Piatkowski et al [6] published a quantum algorithm to
fill data holes when we lose data due to clouds in the image.

Studies on quantum annealers include E. Boyda et al. [7]
who implemented the training of a classifier on a quantum an-
nealer of D-Wave. They reformulated the training problem as
a QUBO problem, and applied it on the problem of detecting
tree cover in aerial imagery of California. They attained up
to 92 % accuracy. S. Otgonbaatar et al [8] implemented the
spectral band selection and classification of hyperspectral im-
ages from AVIRIS HSI data from Indian Pine in the USA on
the D-Wave quantum annealer. They reformulated the prob-
lem as a QUBO problem. They show that their method gives
the same results as a classical computer.

The quantum computer vendors have ambitious roadmaps.
IBM offers a 433-qubits system and plans to reach 10000
qubits by 2026. D-Wave offers a 5000 qubits system and
plans a 7000 qubits system in 2024. Rigetti plans a 1000
qubits system in 2026 and a 4000 qubits system in 2027.

In this work we describe a practical application that would
like to use neural network classification techniques but can-
not because the training times are prohibitive. We start an
investigation into whether quantum machine learning could
bring a solution. We propose the hypothesis that one of the
pathways to quantum speedup is if the entire quantum neural
network algorithm is implemented on the quantum computer,
and if the number of qubits on the available quantum comput-
ers are large enough. We acknowledge that the size of the ma-
chines is currently not sufficient for quantum speedup, but we
plan ahead by searching for a suitable algorithm. We describe
the implementation of the image classification using quantum
convolutional neural network algorithm proposed by Cong et
al [9] and show its result on Sentinel-2 data. We compare this
algorithm with the single quantum layer algorithm of Sebas-

4.5. Complexity

The number of parameters scales with O(logN), where N is
the number of input qubits. Since we used basis encoding, the
number of input qubits corresponds to the number of pixels.
Compare this with the classical algorithm, where the num-
ber of parameters scales with O(N), thus with the number of
pixels.

4.6. Experiment

We implemented this quantum convolutional neural network
using TensorFlow-Quantum, which uses Cirq as quantum API
and tested it with the EuroSAT dataset. This is an applica-
tion of the algorithm that has not yet been done before. We
used one convolution and one pooling layer. The test was per-
formed using the TensorFlow-Quantum simulator. We ran the
test for 5 epochs, and attained an accuracy of 78 %.

5. SINGLE QUANTUM LAYER QCNN

Sebastianelli et al. [3, 4] have published the usage of hybrid
classical-quantum convolutional neural networks for remote
sensing imagery classification. They added one parameter-
ized quantum layer in the convolutional neural network, thus
just one layer is run on a quantum computer. We confirmed
their result that adding a quantum layer in the convolutional
neural network leads in many cases to an improved accuracy
compared to a fully classical model. They found that the lay-
ers with the highest entanglement generation capability gave
the best inference results. However the runtimes of classical
and hybrid classical-quantum algorithms are similar, mean-
ing that this algorithm is not ideal as a solution for solving
the runtime problem of IOTA2.

The advantage of the algorithm of Cong et al compared
to the algorithm of Sebastianelli et al is that the convolutional
neural network in the algorithm of Cong et al is fully quan-
tum, while the algorithm of Sebastianelli et al has just one
quantum layer.

6. ORTHOGONAL QUANTUM NEURAL NETWORK

Kerenidis et al. [10] have proposed an algorithm based on
quantum orthogonal neural networks. An orthogonal neural
network is a neural network where the trained weight matri-
ces are orthogonal matrices, a property that can improve ac-
curacy and avoid vanishing gradients and the barren plateaux
problem. The orthogonal weight matrices have a straightfor-
ward mapping on the unitary matrices of the quantum circuits.
The feedforward time of the quantum algorithm scales with
N , whereas the feedforward time of the classical algorithm
scales with N2. Here N is the size of the input.

Mathur et al. [17] have applied the algorithm on the medi-
cal images from MedMNIST, a collection of 10 pre-processed

Characteristic Classical
algorithm

Single
quantum
layer
QCNN

Full
quantum
model
QCNN

Ortho-
gonal
quantum
neural
network

Degree of
quantization None Low Medium Medium

Quantum pa-
rameters

Not appli-
cable

Gate an-
gles

Gate an-
gles

Matrix el-
ements

Scaling of
feedforward
time

O(N2) O(N2) - O(N)

Number of pa-
rameters O(N) O(N) O(logN) -

Table 1. Comparison of quantum neural network algorithms

medical open datasets. They showed that the results on IBM
quantum hardware with 5, 7 and 16 qubits match the results
from the classical algorithms. The quantum hardware cur-
rently available is however not powerful enough to provide a
quantum advantage in this application.

7. COMPARISON

We compared the three quantum neural network algorithms
described above, and their characteristics are shown in Ta-
ble 1.

We see that the fully quantum model QCNN and the or-
thogonal neural network algorithm use quantum resources in
a median manner, due to the necessity of using classical op-
timization. A next step would be to search for a fully quan-
tum algorithm, with a fully quantum optimization step. The
orthogonal neural network algorithm has a favorable O(N)
scaling in feedforward time. The full quantum model QCNN
has a favorable O(logN) scaling in the number of parame-
ters. These scalings could lead to quantum advantage, once
sufficiently powerful quantum machines become available.

8. CONCLUSIONS

Recently we have seen a proliferation of quantum algorithms
for various computing tasks. Here we propose approaches
for utilizing quantum processing stages in contemporary ma-
chine learning pipelines utilized in Earth observation tasks.
We have compared three quantum neural network algorithms
for earth observation. The quantum algorithms have an im-
proved complexity compared to the classical algorithm, and
we believe that the pipelines we propose would be useful
for the remote sensing community when quantum computing
technologies would become widely available.

9. REFERENCES

[1] P. Gawron and S. Lewiński, “Multi-spectral image clas-
sification with quantum neural network,” Waikoloa, HI,
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ABSTRACT

Supervised machine learning techniques are widely used for
hyper-spectral images segmentation. A typical simple scheme
of classification of such images probabilistically assigns a la-
bel to each individual pixel omitting information about pixel
surroundings. In order to achieve better classification results
for real world images one has to agree the local label ob-
tained from the classifier with the classes of pixel neighbor-
hood. A popular way to do it is through a probabilistic graph-
ical model, where label distributions for individual pixels are
mapped into a graph of neighborhood relations. One way to
realize this approach is to use Ising models, where class prob-
ability is mapped to spin energy and class-class interaction is
mapped to the spins coupling. By finding low energy states
of such an Ising model we can perform post-processing of
segmented images. In this work we present how this post-
processing can be implemented using a quantum annealer.

Index Terms— hyper-spectral image segmentation, energy-
based models, quantum annealing

1. INTRODUCTION

Hyperspectral imaging (HSI), or imaging spectroscopy, is
a technique of image capture that records at each pixel a com-
plete spectrum of the observed surface. In contrast to a typical
camera, which registers at each pixel three RGB values, HSI
can register hundreds of values from continuous sampling
of visible and near infrared spectrum. Hyperspectral images
carry a lot of information about the observed material in each
pixel and therefore are interesting input for image segmen-
tation algorithms whose goal is to assign a discrete label to
individual pixels or the whole image.

∗Supported by IRAP AstroCeNT (MAB/2018/7) funded by FNP from
ERDF.

Two kinds of information can be used in order to perform
image segmentation i.e. pixels spectra and pixels relative spa-
tial relation. In this work our goal is to study the applications
quantum of annealers for the purpose of hyper-spectral image
segmentation. We often use a two stage approach—in the first
stage each pixel spectral information is classified probabilis-
tically using a supervised classification algorithm, and in the
second stage we make use of spatial information leading to
the reconciliation of the classes of neighboring pixels. The
second step is performed on a quantum annealer.

1.1. Motivation

It is a common occurrence that many heuristics utilized in
computer science arise from physical models. A wide class of
such models has its source in statistical mechanics. Particu-
larly Ising models were widely used for various tasks as early
as in the 80-ties of the twentieth century [1]. Ising models
are a particular example of a wider class of models namely:
Markov Random Fields (MRF) that are widely used in image
segmentation and understanding. Unfortunately many tasks
related to MRFs such as for example inference are generally
NP-hard.

Quantum annealing is a heuristic algorithm–physical pro-
cess that allows for performing combinatorial optimisation of
Ising problems. One of the physical devices that performs
quantum annealing is D-Wave [2]. In this device the qubits
are connected in such a way that logical topology of these in-
teractions forms, so called, Chimera graph, whose properties
we use in this work.

While it is widely believed that quantum annealing does
not allow for solving NP-hard problems, it is conjectured [3]
that D-Wave annealers give good approximate solutions for
NP-hard problems quickly if the problem structure can be
mapped (embedded) efficiently into the Chimera graph. Hav-
ing in mind that inference in MRF models is generally a diffi-
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Markov Random Fields for image segmentation post-processing
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D-Wave Pegasus
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Figure 2. LUMI-Q consortium, with the planned LUMI-Q quantum computer and the distribution  

of supercomputers and quantum computers inside the consortium. 

The hosting site is described in detail within section III.4, while the network of EuroHPC supercomputers and their 

integration into the LUMI-Q ecosystem is detailed in sections III.1.2, III.1.3 and III.1.4. 

The LUMI-Q Consortium consists of the hosting entity (IT4I Innovations from the Czech Republic) and several 

partner organisations from 9 states (Czech Republic, Finland, Sweden, Denmark, Poland, Norway, Germany, 

Belgium and the Netherlands). As the LUMI-Q consortium brings together some of the best quantum expertise 

available in Europe, exchange of know-how between the participants within the consortium, and between 

collaborating partners, will strengthen the overall European competences in this rapidly growing high-tech domain. 

Direct access to and influence on a world-leading platform combining the most powerful supercomputer capacity with 

a variety of quantum resources will bring a notable competitive advantage to the industrial and academic R&D efforts 

of Europe. The complementary partners are in a unique capacity to efficiently mobilise the expertise and resources 

required for delivering the potential of hybrid HPC+QC to society. Below, the present consortium members are listed; 

additional members are welcome to join the effort. 

Table 1. LUMI-Q consortium  

Participant Acronym Country 

Coordinator: IT4Innovations National Supercomputing Center29. The mission of 

IT4Innovations is to conduct excellent research in the field of HPC and data analysis, run a 
leading national supercomputing infrastructure, and mediate its efficient utilisation to increase 
the competitiveness and innovation of Czech and European science and industry. 
IT4Innovations is unit of VSB – Technical University of Ostrava30, and part of the e-INFRA CZ, 
the strategic large research infrastructure in the Czech Republic. The IT4I National 
Supercomputing Center provides state-of-the-art supercomputing technology and services, 
operates national HPC and HPDA service, conducts excellent research in the field of high 
performance computing (HPC) and data analysis (HPDA), provides HPC, HPDA and AI related 
training and significantly participates in educational activities of VSB-TUO. One of 
IT4Innovations´ roles is to serve as a Digital Innovation Hub (DIH) in the area of HPC and as 
such to provide a wide portfolio of services and technology transfer for SMEs. Further, IT4I acts 
as the EuroCC National Competence Center (NCC). The NCC is the reference and the single 
point of contact and coordination in the Czech Republic for high-performance computing (HPC) 

IT4I CZ 

                                                
29 https://www.it4i.cz/en 
30 https://www.vsb.cz/en 

Objective of LUMI-Q
Acquisition of a quantum computer and its
integration into the HPC environment
associated with LUMI.

Objective of EuroQHPC-Integration
Integration of quantum computers and HPC in
Europe.
(Applications of QML for EO data processing
— as a use-case)
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QUantum AnnealiNg for Graphical models in climate Observation x

IITiS, PAN

Forschungszentrum Jülich

Durham University/Physics

CY Cergy Paris University/Geosciences

Objective of the project
Implementation of probabilistic graphical
models on quantum annealers
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What is needed to progress towards QA4EO?

1 Identification of difficult problems on the EO community side.
2 Explaining what could be achievable with QC.
3 Close and active collaboration between EO and QC communities:

▶ theoretical physicists,
▶ computer scientists,
▶ machine learning / data processing software developers,
▶ hardware providers,
▶ geoscientists.

4 Funding for basic and low-TRL research.
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Passion and hope for future generations

Hope
We need to give next generations the
hope that

▶ peaceful,
▶ democratic,
▶ sustainable,
▶ common

future exists.

Passion
We need to ignite the flame of
passion for science, space, universe.
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Thank you for your attention

Piotr Gawron

@ piotr@piotrgawron.eu
Ñ http://piotrgawron.eu/

More research is needed. . .

The project is co-financed by the funds of the Polish Ministry of Education and Science under the program entitled International Co-Financed Projects and
the European Space Agency.
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