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Abstract

Climate change and its impact on global sustainability are
critical challenges, demanding innovative solutions that com-
bine cutting-edge technologies and scientific insights. Quan-
tum machine learning (QML) has emerged as a promising
paradigm that harnesses the power of quantum computing
to address complex problems in various domains including
climate change and sustainability. In this work, we survey
existing literature that applies quantum machine learning to
solve climate change and sustainability-related problems. We
review promising QML methodologies that have the poten-
tial to accelerate decarbonization including energy systems,
climate data forecasting, climate monitoring, and hazardous
events predictions. We discuss the challenges and current lim-
itations of quantum machine learning approaches and pro-
vide an overview of potential opportunities and future work
to leverage QML-based methods in the important area of cli-
mate change research.

Introduction and Background

Climate change and global sustainability present pressing
challenges, necessitating innovative solutions for managing
complex distributed systems such as energy systems. While
classical machine learning techniques have been applied
to several problems in this area, Quantum machine learn-
ing (QML) offers a promising approach to overcome clas-
sical machine learning (ML) limitations in climate change
research by leveraging quantum computing (Singh et al.
2021). This section introduces the need for significant ac-
tions to face climate change, most importantly, by introduc-
ing new cutting-edge technologies such as quantum machine
learning (QML) (Wittek 2014) to help accelerate the CO2-
free transition. We present a brief overview of quantum ma-
chine learning fundamentals introducing quantum comput-
ing concepts and quantum neural network paradigms. The
paper highlights the motivation and advantages of using
QML to address challenges related to mitigation and adap-
tation of climate change applications.

Relation between QML and Climate Change

The urgency to address climate change-related issues has
reached a critical juncture, demanding immediate and inno-
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vative actions. With the planet experiencing unprecedented
shifts in weather patterns, historically recorded highest tem-
peratures and heat waves, rising sea levels, and ecological
disruptions, the imperative to combat climate change has
never been more evident. To effectively navigate this global
challenge and expedite the transition to a sustainable future,
harnessing cutting-edge technologies such as QML is an
important step. Quantum machine learning presents a sig-
nificant opportunity to better understand complex climate
dynamics. Because QML can process and analyze intricate
data sets at an unparalleled speed, better insights into climate
models would be a significant advantage in enhancing pre-
dictive accuracy which allows for more informed decision-
making. As the climate crisis accelerates, integrating quan-
tum machine learning into our efforts not only underscores
our commitment to innovative problem-solving but also of-
fers a powerful tool to drive the rapid changes required for a
resilient and sustainable world.

A Brief Overview of Quantum Machine Learning
Fundamentals

Quantum Computing is based on the principles of
quantum mechanics, while classical computation is built
on the rules of classical physics (Nielsen and Chuang
2010)(Desurvire 2009). Classical computers operate by ma-
nipulating bits, while in quantum computers, the informa-
tion is processed via the means of its building blocks called
qubits. Quantum bits or qubits live in a two-dimensional lin-
ear vector or Hilbert space, unlike bits that can assume dis-
crete values of either O or 1. The two computational basis
states that span the Hilbert space of a qubit are denoted by
the states |0) and |1) , as shown in Eq. (1).

ol m=[3

Quantum computing works on the basis of two princi-
ples of Quantum mechanics: superposition and entangle-
ment. Superposition states that the quantum states can be
added together and the qubits can be broken down into mul-
tiple quantum states. This principle allows the bit to be both
one and zero or neither at any given time which simply rep-
resents a linear combination of its states:
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Figure 2: Quantum Machine Learning Paradigms

Where coefficients « and S are complex numbers («, 3 €
C) and are often referred to as probability amplitudes such
that:

laf? + 181> =1 3)
Where |a|? is the probability of the qubit collapsing to the
state |0) upon measurement, and |3|? is the probability of it
collapsing to the state |1). In theory, by leveraging the prin-
ciple of superposition, a qubit can store and process infor-
mation more rapidly than classical computers, offering po-
tential energy efficiency advantages.

In addition to superposition, qubits also exhibit quantum
entanglement allowing them to form co-relations between
individually random behaviors. This property plays an im-
portant role in applications such as malicious attack detec-
tion, secure communication, and information processing. In-
terestingly, the qubits can be used to train machine learning
algorithms in a much faster way as we will see later.

Classical computers manipulate bits using logic gates
such as AND, OR, NOT, NAND, XOR, etc. Likewise, quan-
tum computers manipulate qubits using quantum gates. A
quantum gate is modeled as a unitary matrix that multiplies
the system qubit state, and all quantum operations must be
reversible (except measurement). A quantum program, im-
plemented as a quantum circuit, is a sequence of quantum
gates applied over one or more qubits as show in Figure 1.
More details about QC fundamentals can be found in (Rief-
fel and Polak 2000).

Quantum Neural Networks Quantum machine learning
is an emerging research area that bridges quantum comput-
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ing and machine learning. Being at the border of these two
research disciplines, QML entails methods that allow the ex-
ploitation of quantum phenomena to improve machine learn-
ing algorithms and the application of machine learning algo-
rithms for improving quantum algorithms and designs. QML
is based upon two main components — data and algorithms.
They can be either quantum or classical (see Figure 2) .

Quantum neural networks (QNNs) are currently one of
the most trending topics in quantum machine learning. They
represent a specific class of hybrid quantum-classical mod-
els that are executed in both quantum processors as well as
classical processors to perform a single task. The QNN ar-
chitecture has a structure that loosely resembles that of clas-
sical neural networks, as show in Figure 3.

The Role of Quantum ML in Climate Change

Classical ML has already played a crucial role in analyz-
ing climate data and making predictions. As the complex-
ity of climate models and the need for real-time decision-
making grows, QML offers a new opportunity (Havenstein,
Thomas, and Chandrasekaran 2018). There are two primary
issues that limit the performance of classical ML algorithms.
The first pertains to the availability of high-quality training
data, while the second revolves around the computational
resources required to handle the immense volumes of data,
which is common for climate models on a planetary scale.
QML harnesses the unique properties of quantum comput-
ing to tackle complex problems more efficiently than classi-
cal computers. When applied to climate science, QML can
enhance our understanding of climate patterns, improve cli-
mate modeling accuracy, and optimize strategies for miti-
gating climate change impacts. By leveraging quantum al-
gorithms and quantum annealers, QML can process massive
datasets, simulate intricate climate models, and optimize re-
source allocation for sustainable energy production.

Applications of QML for Climate Change

In this section, we review existing literature that investi-
gate the application of QML for climate change and sus-
tainability related applications. The applications are grouped
into 1) mitigation applications for decarbonization accel-
eration including energy systems, transportation and agri-
culture, 2) climate data forecasting applications including
weather, load, renewable energy and carbon price forecast-
ing, 3) climate monitoring applications including earth mon-
itoring and satellite imagery and 4) climate applications for
hazards prediction. A summary of the reviewed work is pre-
sented in Tablel.

QML for Decarbonization Acceleration

Decarbonization acceleration refers to efforts and applica-
tions aimed at rapidly reducing carbon emissions and tran-
sitioning to a low-carbon or carbon-neutral economy. In the
context of climate change, decarbonization is a critical strat-
egy to mitigate the impacts of global warming. Energy sys-
tems, transportation and agriculture form core applications
for this transition. In this section we review literature that
address this issue using QML techniques.
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Figure 3: General structure of hybrid quantum-classical QNN

Energy Systems Transitioning from fossil fuels to re-
newable energy-based systems and establishing optimised
sustainable management systems are pivotal steps towards
achieving climate neutrality. (Ajagekar and You 2022) re-
viewed the prospects of QC utilisation in general in various
areas of applications in energy sustainability to help address
climate change. The authors present in depth review about
different QC based algorithms that can be used for energy
sustainability, including QML methods. Our work in this
section differs as we review the literature that implemented
QML for energy systems.

In a recent study by (Yan et al. 2022), a data-driven approach
using multi-agent quantum deep reinforcement learning is
proposed for distributed frequency control in islanded mi-
crogrids. It combines a traditional deep reinforcement learn-
ing (DRL) framework with QML for learning the opti-
mal cooperative control strategy. The proposed method re-
duces parameter requirements and improves training per-
formance. These model improvements inherently enhance
the efficiency of islanded microgrids, driving them closer
to offering residents more eco-friendly services. In (Andrés,
Cuéllar, and Navarro 2022), the authors study the benefits
and limitations of quantum reinforcement learning (QRL)
to solve energy-efficiency scenarios in the contexts of Heat-
ing, Ventilation, and Air Conditioning (HVAC) control, elec-
tric vehicle energy management, and profit optimization for
charging stations. The results indicate that quantum neu-
ral networks offer improved accuracy and cumulative re-
wards compared to their classical counterparts while re-
quiring fewer parameters for learning. However, the learn-
ing process is slower for QRL based models. This suggests
the potential for QRL to enhance energy-efficient solutions
in various domains. In (Hayder Mahdi Abdulridhal 2022),
the authors present the implementation of a quantum neu-
ral network as a controller in a photovoltaic solar system.
The primary goal was to effectively track the maximum
power point and subsequently transfer the panel’s gener-
ated power to the load with minimal losses. The quantum-
driven controller showcased rapid adaptability to a range of
environmental conditions, outperforming classical methods
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thus ensuring better optimization in solar energy systems.
(Li et al. 2023) introduced a distributed area autonomy load
frequency control (DAA-LFC) technique, designed for the
efficient balance of interests among multiple grid operators
while ensuring swift frequency restoration in multi-area mi-
crogrids. The authors propose a quantum-based algorithm,
termed DQMA-DMDPG, which combines large-scale and
meta-learning for multitask collaboration by adjusting ex-
ploration parameters for varied tasks. The effectiveness of
this method in minimizing frequency deviations, slashing
power generation expenses, and aligning the interests of dif-
ferent operators was empirically validated. In the context
of smart generation control, (Yin and Cao 2022) proposed
lightweight robust quantum Q-learning (LRQQL) methods
to solve the problems of weak self-adaptation and low con-
vergence rate of current SGC methods of zero-carbon power
systems. The authors verify the feasibility of LRQQL algo-
rithms which proves to outperform classical methods such as
state-action-reward-state-action (SARSA) and Q-learning in
terms of control error, frequency error and convergence rate.

Transportation Transportation and vehicle electrification
has recently been significantly influenced by the economic
and environmental issues related with fossil fuel trans-
portation worldwide (Lutsey 2015). Recent advancements
in QML are beginning to influence research directions in
this field. (Geetha et al. 2023) proposes a hybrid approach
combining the Eurasian Oystercatcher Optimizer (EOO) and
Quantum Neural Network (QNN) for jointly optimizing the
placement of electric vehicle charging stations (EVCS) and
capacitors within distribution systems (DS). The proposed
EOO-QNN method aims to regulate capacitors to main-
tain voltage profiles, increase net gain, and reduce active
power loss. The authors report that the proposed technique is
more stable for increasing the voltage compared with com-
monly used optimization methods including Salp Swarm Al-
gorithm (SSA), and Particle Swarm Optimization (PSO). In
(Kumar et al. 2023), the authors introduced BQL-ET, which
is a Blockchain and QRL-based model for optimized en-
ergy trading in the context of e-mobility using microgrids



(MGs). It addresses the challenge of setting the selling price
for electricity generated by microgrids that charge Electric
Vehicles (EVs) by proposing a double-auction mechanism
to determine optimal market-trading prices. The model em-
ploys smart contracts on a consortium blockchain to evalu-
ate overall utility, transforming the problem into a Markov
Decision Process (MDP) and using (QRL) for policy de-
velopment. The results demonstrate that BQL-ET converges
faster, maximizes utility for both microgrids and EVs, and
achieves lower transaction confirmation times and optimal
market-trading prices compared to existing models. This re-
sult in using MGs to charge (EVs) in a better way, which is
important for further pushing electric mobility forward.

Agriculture Modern advancements in deep learning, both
classical and quantum, have significant potential when ap-
plied to the field of agriculture. A study by (Singh and
Khan 2023) offers a detailed comparison of these meth-
ods, particularly in the prediction of wheat plant diseases.
Their primary aim is to empower stakeholders with the in-
sights needed for informed decision-making in future agri-
cultural strategies. In their research, four distinct neural net-
work models were evaluated: Convolutional Neural Net-
work (CNN), Neural Network (NN), Quantum Neural Net-
work (QNN), and Quantum Convolutional Neural Network
(QCNN). The classical CNN model outperformed the quan-
tum models achieving an accuracy of 91.32%. This out-
come challenges the prevailing belief in the superiority of
quantum-based approaches for ML tasks. This suggests that
without the infrastructure of a genuine quantum computing
platform, the potential advantages of QNN might remain un-
realized on conventional hardware.

These findings emphasize a crucial observation: while
quantum methods are undeniably promising, they don’t nec-
essarily and always outperform classical methods, especially
when deployed on non-quantum systems. In fact, quantum
algorithms are designed to harness the unique properties
of quantum mechanics, such as superposition and entan-
glement, which don’t have direct counterparts in classical
systems. Thus, when quantum methods are implemented or
simulated on classical systems (quantum simulators), they
can be inefficient and don’t exploit the potential advantages
of quantum computation.

QML for Data Forecasting

Data forecasting of time-series data in the context of climate
change has many important use cases. Data forecasting can
be used to predict the weather, the power load, renewable
energy production, and carbon prices. The accuracy of such
forecasts is imperative for high-quality decision-making, es-
pecially in smart MGs. Accurate and timely forecasting
helps policymakers, businesses, and the public to prepare
for and mitigate the impacts of climate change. Quantum
computers, as recent studies suggest, might be adept at per-
ceiving trends in time series data more effectively than clas-
sical methods (Rivera-Ruiz, Mendez-Vazquez, and Lopez-
Romero 2022)(Kaushik et al. 2022). In this section, we re-
view the related studies.
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Weather Forecasting (Frolov 2017) discuss the funda-
mental limitations that impede the performance increase
of supercomputers based on silicon transistors. The limita-
tions in computing power severely impact the development
of accurate numerical weather and climate prediction mod-
els. The authors showcase how different global meteorolog-
ical centers are pushing the boundaries of forecast accuracy
and model resolution at the expense of excessive comput-
ing power required for such models. (Senekane and Taele
2016) propose a quantum support vector machine (QSVM)
algorithm for forecasting solar irradiation which is useful for
renewable energy production prediction and weather fore-
casting. (Besir Ogur 2023) explored the impact of quan-
tum phenomena, specifically superposition and entangle-
ment, on weather forecasting using a variational quantum
circuit (VQC) model. Incorporating the entanglement layer
between the variational layers has made significant improve-
ments in the circuit performance in this study. Additionally,
the use of the superposition layer before the data encoding
layer resulted in the use of less variational layers which im-
proves the performance. This study highlights the potential
synergy of Quantum Neural Networks (QNN) when com-
bined with other techniques, leading to highly accurate mod-
els that can calculate weather forecasts very fast.

Renewable Energy Forecasting (Hong and Santos 2023)
introduced a novel hybrid model combining quantum pro-
cesses and residual Long Short-Term Memory (LSTM) net-
works. The proposed model, optimized by particle swarm
optimization (PSO), aims at one-day-ahead spatiotemporal
wind speed forecasting. The proposed method outperforms
traditional methods, such as GRU, KELM, CNN, BLSTM,
SVRM, and ANN, in terms of accuracy. One limitation of
the proposed method is the extended training duration which
is attributed to the inclusion of the quantum embedding layer
and the exclusive utilization of a quantum simulator. Nev-
ertheless, the proposed method is fast enough for 24-hour
ahead wind power and speed forecasting.

Due to the randomness of solar energy due to short vary-
ing weather phenomena, the output of the PV system will
fluctuate. This form of randomness imposes a challenge on
forecast accuracy, which will affect the safe operation of
the grid. To improve forecast accuracy, a high-precision hy-
brid prediction model based on variational quantum circuit
(VQC) and long short-term memory (LSTM) network is de-
veloped by (Yu et al. 2023) to predict solar irradiance one
hour in advance. The authors propose a novel hybrid quan-
tum long short-term memory (QLSTM) model architecture,
which embeds the VQC into the LSTM. The proposed QL-
STM model is compared with the commonly used SARIMA,
CNN, RNN, GRU, and LSTM models under different exper-
imental conditions. The overall performance of the QLSTM
model is better than the baseline models in terms of annual
average mean absolute error and similar metrics.

Load Forecasting Accurate load forecasting is crucial for
the optimisation and operational stability of smart grids and
RE-based MGs. (Zhang and Gong 2016) propose a short-
term load forecasting model based on quantum Elman neu-
ral networks. They demonstrate that the accuracy is higher



Application Climate Appli- Reference QML approach Description
Category cation
(Yan et al. 2022) Multi-agent QDRL Distributed frequency control in islanded
Energy Systems microgrid
Decarbonization (Andrés, Cuéllar, and QRL Energy efficient optimisation in HVAC con-
Navarro 2022) trol, EV and energy management
(Hayder Mahdi Abdul- QNN Photovoltaic solar system controller to track
ridhal 2022) maximum power point
(Li et al. 2023) DQMA-DMDPG Distributed area autonomy load frequency
control
(Li et al. 2023) Quantum Q-learning  Smart grid energy and frequency control
Transportation (Geetha et al. 2023) hybrid QNN Optimise the placement of electric vehi-
cle charging stations (EVCS) and capacitors
within distribution systems
(Kumar et al. 2023) hybrid QRL Optimise energy trading between EVs and
MGs.
Agriculture (Singh and Khan 2023) QCNN Prediction of wheat plant disease
(Senekane and Taele QSVM Solar irradiation forecasting
Weather Forecast. 2016)
Data Forecasting . (Hong and Santos 2023)  hybrid LSTM One day—ahead spatio-temporal wind speed
RE Forecasting forecasting
(Yu et al. 2023) QLSTM Solar irradiation forecasting for solar en-
ergy prediction
Carbon Price (Cao et al. 2023) L-QLSTM Carbon Price forecasting
Forecasting
Load Forecast- (Zhang and Gong 2016)  Q-Elman Load forecasting
ing
Climate Moni- - (Sun, Cristea, and Rivas QML classifier Satellite-observed hyperspectral images
toring 2023) classification, distinguishing vegetation
from other land type
- (Sebastianelli et al. QCNNs Image classification for remote sensing ap-
2021) plication
- (Gupta, Romaszewski, POK Assess the impact of PQK features on
and Gawron 2023) multispectral classification accuracy using
satellite imagery
- (Gawron and Lewiriski VQC Satellite imagery classification
2020)
Hazards Pre- - (Dhotre et al. 2022) QSVM Earthquake prediction
diction
- (Bhavsar et al. 2023) vQC Asteroids hazards prediction

- (Satpathy et al. 2023)

Table 1: Summary of the literature review

compared to classical models based on conventional Elman
neural network and conventional feed-forward neural net-
work.

Carbon Price Forecasting Carbon pricing is a tool that
puts a monetary value on carbon emissions, incentivizing
businesses and individuals to reduce their carbon footprint.
Accurate forecasting of carbon prices allows businesses to
make informed decisions about investments in cleaner tech-
nologies and practices, knowing the potential costs of con-
tinued high emissions. (Cao et al. 2023) introduced a hybrid
quantum computing framework, L-QLSTM, aimed at pre-
dicting carbon prices. This framework builds upon the QL-
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STM model by incorporating linear layers, which enhance
the quantum model’s ability to learn. L-QLSTM provides
comparable accuracy to classical LSTM for carbon price
predictions. Its improved performance comes from the in-
tegration of linear embedding layers and an optimized vari-
ational quantum circuit. The study is one of the first efforts
to predict carbon prices using hybrid quantum methods.

QML for Climate Monitoring

Satellite image classification provides invaluable data that
can be used to monitor the planet’s health, validate scientific
models, plan responses, and guide policy decisions related to



climate change. Given the need to help expand the process-
ing techniques to deal with a large volume of high-resolution
data, Earth Monitoring can benefit from new and innova-
tive Big-Data computational technologies. In this context,
Some researchers tried to investigate the potential of quan-
tum computing and QML for earth and climate monitoring-
related applications.

(Sun, Cristea, and Rivas 2023) demonstrated the appli-
cation of QML in classifying satellite-observed hyperspec-
tral images, distinguishing vegetation from other land types.
(Senokosov et al. 2023) utilizes quantum effects through hy-
brid quantum-classical approaches to further enhance the ca-
pabilities of traditional classical models. They propose two
hybrid quantum-classical models: a neural network with par-
allel quantum layers and a neural network with a quanvo-
lutional layer, which effectively address image classifica-
tion problems. (Sebastianelli et al. 2021) developed a hybrid
Quantum Convolutional Neural Networks (QCNNs) model
for image classification for remote sensing applications. The
authors underline the potential of applying quantum comput-
ing to an Earth Observation case study and demonstrate that
the QCNN performance is higher than the classical methods.
Additionally, the authors study various quantum circuits to
show that the ones exploiting quantum entanglement achieve
the best classification scores.

In another comparative study, (Gupta, Romaszewski, and
Gawron 2023) evaluated the performance of several classical
machine learning algorithms on the stilted re-labeled dataset
of the Copernicus Sentinel-2 mission, when the algorithm
has access to Projected Quantum Kernels (PQK) features.
POK are a family of kernels that work by projecting the
quantum states to an approximate classical representation.
The results from this study indicate a marked increase in
classification accuracy with the integration of PQK features.
(Gawron and Lewiriski 2020) explored the application of
quantum circuit-based neural network classifiers for multi-
spectral data classification to gather land cover information.
However, it is noteworthy that the overall classification score
in this study lags behind what state-of-the-art classification
systems can achieve.

QML for Climate Hazards Predictions

Earthquakes rank among the most devastating natural haz-
ards, often leading to widespread destruction and significant
loss of life. The importance of developing early warning sys-
tems for such natural calamities cannot be overstated. In a
study by Dhotre et al. (2022), the potential of QSVM is ex-
plored for earthquake prediction. This effort underscores the
continued search for efficient predictive tools in the realm
of natural disaster mitigation. A separate study by (Bhavsar
et al. 2023) presents a QML-based approach specifically
tailored for predicting asteroid hazards. By utilizing Vari-
ational Quantum Circuits (VQC) and the Pegasos QSVC
algorithm, the proposed method showed superior perfor-
mance, registering an impressive accuracy of 98.11% and an
average Fl-score of 92.69%. Such advancements in QML-
based asteroid hazard prediction can significantly enhance
real-time risk detection and mitigation, playing a crucial role
in safeguarding our planet’s biodiversity.
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Discussion, Challenges, and Opportunities

Quantum computing (QC) has recently demonstrated re-
markable progress by achieving exceptionally high advan-
tages in computational performance for certain tasks per-
formed on quantum computers that are otherwise intractable
to tackle even with the most powerful supercomputers. Nat-
urally, researchers aim to integrate QC and QML in cli-
mate change use cases and sustainability-related applica-
tions. Quantum-based optimization, quantum time series
forecasting, and quantum image classification-based models
have recently gained the most attention from researchers in
the field. In the context of climate change, hybrid classical-
quantum approaches or equivalent of classical ML models
on a quantum simulator are most often used. Some of these
models include QDRL, QSVM, QNN and CQNN. These
models typically 1) improve the accuracy and, 2) reduce
the number of parameters compared to classical ML-based
methods. The impact of such improvements may help to ac-
celerate the transition towards climate neutrality. However,
these models were reported to be often slower. In fact, hybrid
algorithms that combine both quantum and classical com-
ponents can introduce overhead and additional operations.
Additionally, the reviewed literature uses quantum simula-
tors which are software tools that mimic the behavior of a
quantum computer but run on classical computers. Simula-
tors are useful when access to actual quantum hardware is
limited, however, simulating larger quantum circuits can be
resource-intensive and slow on classical hardware. More de-
tails about the limitations that lead to slower performance of
hybrid or quantum models compared to their classical coun-
terparts are discussed in the next subsection. Furthermore,
for the study case of agriculture in (Singh and Khan 2023),
the accuracy of the quantum model was reported to be worse
than its classical counterpart.

Several of the reviewed work was motivated by the
energy-efficiency that quantum computing offers. This is
in contrast to large ML models, which require an intensive
amount of compute power and thus energy for their training
leading to significant CO2 emissions required for producing
those models. Quantum computers, could, in theory, solve
certain problems more efficiently than classical computers,
leading to energy savings. However, it should be noted that
current quantum computers require extremely low tempera-
tures to operate, which in itself requires significant energy
for cooling. As technology advances, it is hoped that more
energy-efficient quantum computers will emerge.

Common limitations of the studied literature are 1) re-
stricted data encoding and quantum kernel usage, 2) com-
puting on ideal simulated quantum computer such as IBM-
quantum' and PennyLane?, and 3) the assumption of an in-
finite number of samples sampled from the quantum circuits
that encode the data. Especially, the last point implies that
when researchers are working with QML algorithms, they
might often assume (for the sake of simplicity or to over-
come present-day technological constraints) that they can
obtain an endless number of measurement samples from

"https://docs.quantum-computing.ibm.com
*https://pennylane.ai



these quantum circuits that encode classical data.

QML Challenges As QML is still in the early days, there
remain several open issues in QML research. We summarise
some of the major challenges below:

* Linear-Non-linear Compatibility: One of the main chal-
lenges for QNNs remains the linear-non-linear compat-
ibility between neural network computation and quan-
tum mechanics. Neural network computation is done in
a non-linear fashion, that is, the activation function that
triggers each neuron is non-linear, otherwise, the idea of
layers in neural networks would serve no purpose. On
the other hand, quantum systems behave in a linear way,
which gives rise to the first incompatibility.

* Qubit Coherence: The major challenge in quantum de-
vice development is that the qubits will lose quantum
properties due to de-coherence. This means that qubits
will become classical bits when these are in a superposi-
tion state. This problem may occur in mid-training which
produces errors while trying to compute specific values.
Naturally, environmental factors would cause noisy in-
termediate states that disturb the quantum devices. De-
coherence can be addressed by protecting qubits from
vibrations or by keeping them extremely cold. Many re-
searchers are trying to find approaches to address this re-
search challenge by developing error correction mecha-
nisms. A practical trick is to keep the width of the circiuit
small (i.e the number of layers).

 Limited Qubits: The number of qubits in quantum com-
puters today is still limited. This makes it challenging to
handle large-scale problems that require more qubits than
are available.

* Hybrid Approaches: several proposed QML algorithms
are hybrid, meaning they involve both quantum and clas-
sical machine learning steps. The back-and-forth can
introduce latency, especially when considering cloud-
based quantum processors.

* Noise: Current quantum devices are noisy and error-
prone. Error correction or mitigation strategies are often
needed, which can introduce overhead.

e Circuit Depth and Width: Even if there are fewer param-
eters in a QML method, the quantum circuits required
might be deep (many sequential gates) or wide (many
qubits). Both depth and width can impact the feasibility
of running a quantum circuit on today’s quantum devices
due to noise and qubit limitations.

* Measurement Sampling: Quantum systems provide prob-
abilistic outcomes. To get reliable results, many mea-
surements (samples) are often needed, introducing a time
overhead.

e Data Encoding Overhead: Quantum computers operate
on quantum data. Classical data must be encoded into
quantum states, which can be a time-consuming process
depending on the encoding scheme.

Future Work and Potential Directions It is important to
note that QML is still in its early stages. Still, many steps
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are required in order to reach the QC supremacy. More ad-
vanced models should be investigated in the context of cli-
mate change. Some of the potential applications are:

* Climate Systems Modeling: QML might significantly
speed up climate simulations, enabling more accurate
and granular forecasts.

* Material Simulation: QML can aid in simulating mate-
rials at the quantum level. This has implications for de-
signing new materials that can absorb or reflect certain
wavelengths of light, playing a role in climate control.

* Climate Data Analysis: With the increasing complexity
and volume of climate data, QML can be used to identify
patterns, anomalies, or trends that classical algorithms
might miss or take too long to process.

» Extreme Events: Predicting extreme climate events like
hurricanes, droughts, or floods with higher accuracy.

» Weather Forecasting: long-time horizon forecasting of-
ten suffer from low accuracy, and it is still an ongoing re-
search even for the ML community. QMLs higher accu-
racy can be leveraged to enhance predictive models and
provide more accurate, longer-term forecasts.

Conclusion

In this article, we surveyed various studies that employ
QML-based methods to address climate change-related ap-
plications. Most of these studies demonstrate QML’s effi-
ciency, highlighting its advantages over classical ML meth-
ods in tackling specific climate-related challenges. It is
crucial to emphasize that QML is still an emerging field.
Continuous research aims to refine its capabilities in or-
der to achieve quantum computational supremacy. As quan-
tum computing (QC) hardware becomes more advanced and
QML research progresses, the climate change research com-
munity should proactively harness these advancements, ac-
celerating our journey toward climate neutrality.
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