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Abstract: We present a quantum-enhanced deep learning framework for short-term forecasting
of extreme convective weather systems, specifically targeting the formation of bow echo structures
through prediction clouds. Our approach integrates a quantum convolutional neural network (QCNN)
into a classical convolutional neural network-long short-term memory (CNN-LSTM) pipeline,
incorporating a 10-qubit variational quantum circuit executed on the lightning.qubit simulator. The
model is trained using heterogeneous meteorological data (satellite images, convective available
potential energy (CAPE) fields, lightning activity) from the extreme storm that hit the Corsican coast
on August 18, 2022, preceding the convective event and evaluated during the critical intensification
window (0700-0800 h). We compare this hybrid quantum model with classical CNN-LSTM and
CNN-LSTM-Transformer architectures using three complementary metrics: Root mean squared
error (RMSE), structural similarity index (SSIM), and Wasserstein distance. The quantum model
demonstrates superior robustness to input noise and adversarial perturbations fast gradient sign method
(FGSM), maintaining spatial coherence and stable prediction under degradation. These findings
highlight the capacity of quantum circuits to encode more resilient representations for meteorological
inference. This study provides a concrete application of hybrid QCNN architectures in the domain of
extreme weather forecasting and lays the groundwork for future integration of topological data analysis
to assess the preservation of topological features in quantum predictions.

Keywords: quantum neural networks; extreme weather forecasting; bow echo; QCNN; adversarial
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1. Introduction

The term bow echo refers to the radar signature of a convective structure shaped like an arc. Bow
echoes typically form from squall lines and mesoscale convective systems (MCS), especially in
environments with moderate to strong wind shear in the lower 2-3 kilometers of the atmosphere.
These formations are primarily associated with a descending rear inflow jet (R1J) that spreads near the
surface, leading to strong straight-line winds, heavy precipitation, lightning, and occasionally hail or
tornadoes. A distinctive feature of bow echoes is the formation of vortices at both ends of the arc,
commonly referred to as bookend vortices. These vortices can intensify the rear jet stream and
increase the potential for damaging winds. Numerous studies have investigated the formation and
dynamics of bow echoes: [1-4] analyzed their development, while [5—7] proposed various automated
detection methods.

A major bow echo event occurred on August 18, 2022, near the Balearic Islands. The convective
system moved rapidly northeastward and struck Corsica with wind gusts exceeding 200 km/h, causing
five fatalities and widespread destruction. The storm later impacted northern Italy and Austria. This
event exhibited the typical characteristics of a derecho—a long-lived and intense convective storm
complex marked by arc-shaped radar signatures and high-impact wind bursts [8,9]. The associated
radar signatures generally exhibit linear structures, with arcuate or crescent-shaped segments
characterized by sharp reflectivity gradients along the convex edge [10-12]. These features often
appear as undulations within the main precipitation zone, followed by a bulging pattern associated
with meso-depressive systems.

Historically, the identification of bow echoes has relied on Doppler radar reflectivity imagery.
Przybylinski [2] described the reflectivity patterns of bow echoes linked to severe weather.
Bernatz [13] presented examples of radar signatures, including bow echoes, and discussed their role
in identifying intense thunderstorms. Fujita [1] introduced radar-based recognition of bow echoes
associated with downbursts. Lee et al. [14] conducted a detailed quantitative study on the evolution
and structure of convective bow echoes (CBEs). Parker and Johnson [15] investigated the
development of mesoscale convective systems with an emphasis on arc-shaped formations.
Klimowski et al. [3] examined the early evolution of bow echoes via radar observations and identified
three primary formation modes: Weakly organized cells, squall lines, and supercells. More recently,
Patil et al. [7] introduced several algorithmic approaches for detecting and monitoring convective
systems. Kamani et al. [5] developed an automatic framework for identifying bow echo patterns in
radar imagery using a skeletonization technique and shape-matching algorithms.

Table 1 summarizes prior machine learning/deep learning (ML/DL) work relevant to convective
hazards and extreme events, motivating our quantum-enhanced approach.

In parallel, several studies have investigated the potential of quantum convolutional neural networks
(QCNNs) for object detection and classification tasks. Notable contributions include the works of Cong
et al. [28], Moreira et al. [29], Herrmann et al. [30], Song et al. [31], and Gong et al. [32], who explored
various quantum-inspired approaches to pattern recognition and image analysis.

In recent years, quantum machine learning (QML) and quantum neural networks (QNNs) have
been applied to meteorological forecasting. Pastori et al. [33] compared multiple QNN architectures
with classical neural networks, training them on data derived from high-resolution Icosahedral
Non-hydrostatic (ICON) climate model simulations. Their findings indicate that QNNs can achieve
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Table 1.

Synthesis of ML/DL approaches for meteorology and

(classification, detection, nowcasting, and forecasting).

hydrometeorology

Study Method / Data Task / phenomenon Main limitation (reported
architecture or typical)

Elhoseiny et Convolutional neural Sky/weather images Weather labels Label granularity; no

al. [16] network (CNN) for (webcams, satellite, (sunny/cloudy, etc.) explicit temporal dynamics
image classification in situ)

Trock et al. [17] ML for attribution / Climate time series +  Anthropogenic impact Attribution is sensitive to

Liu et al. [18]

Gagne et al. [19]

Lagerquist et
al. [20]

Ayzel et al. [21]

Price et al. [22]

Mounier et al. [23]

Gauch et al. [24]

Kratzert et al. [25]

Shi et al. [26]

Tekin et al. [27]

impact quantification

Deep CNN for
pattern detection

CNN

CNN for occurrence
forecasting

U-Net / FCN (Fully
Convolutional
Network)
(nowcasting)
Foundation/generative
artificial intelligence
(AI) model (GenCast)

U-Net for detection

Long short-term
memory
(LSTM)(time series)
LSTM (multi-basin
learning)

(Convolutions +
memory)
(ConvLSTM)
CNN + LSTM +
Attention

human activity
indicators

Large-scale climate
datasets (satellite,
reanalyses)

Radar reflectivity +
environmental
variables

Numerical Weather
Prediction (NWP)
fields +
radar/observations

Radar sequences

Four decades of
meteorological data
(multi-source)

Application de la
Recherche a
I’Opérationnel a
Méso-Echelle —
Ensemble Prediction
System
(AROME-EPS)
high-resolution
model outputs
(France)

Hydrology +
meteorological
forcings

Hydro-
meteorological series
(e.g., Catchment
Attributes and
Meteorology for
Large-sample Studies
(CAMELS))

Radar/NWP
sequences

Multi-channel

radar/NWP

sequences

on extreme heat events

Tropical cyclones,
atmospheric rivers,
fronts

Severe hail
classification /
diagnosis

Tornado occurrence
(nowcasting ~1 h)

Short-term
precipitation
nowcasting

Forecasts up to 15 days
(including extremes)

Bow-echo detection

Streamflow prediction
— precipitation
applications
Hydrological modeling
from forcings

Precipitation
nowcasting

Learned NWP /
nowcasting

confounders;
interpretability
Cross-basin generalization;
rarity of events

Primarily spatial; limited
temporal context

Severe class imbalance;
false alarms

Short horizon; sensitivity
to radar noise

Black box; massive data;
Out-of-Distribution (OOD)
extremes remain difficult
Fine-scale smoothing; no
explicit sequence modeling

Transferability across
basins/time; dependence
on exogenous inputs
Needs robust
normalization; data
leakage risk

Computational cost;
limited long-range
dependencies
Complexity; instability on
noisy sequences
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performance comparable with classical models of similar complexity, while outperforming the
standard parameterizations commonly used in climate modeling. In [34], Lachure et al. proposed a
lightweight hybrid QCNN that integrates quantum computing with deep learning for temperature
predicting. Their hybrid model showed competitive results compared with conventional convolutional
neural network (CNN) and long short-term memory (LSTM) architectures. Other studies, including
those by Bazgir et al. [35] and Enos et al. [36], explored the potential of quantum computing to
enhance traditional machine learning techniques in climate simulations. More recently, Eswaran et
al. [37] investigated the use of QNN for forecasting extreme weather events. Their research focused
on designing a quantum neural network capable of analyzing satellite imagery and atmospheric data
to detect the precursors of severe storms. The proposed model demonstrated a 30% improvement in
forecast accuracy for high-impact weather scenarios, underscoring the potential of quantum-enhanced
models in operational meteorology.

Predicting highly dynamic and localized meteorological phenomena remains a significant
challenge due to the nonlinear nature of atmospheric processes and their sensitivity to the initial
conditions. Classical neural architectures often exhibit limitations in stability and generalization,
particularly when faced with noisy or incomplete input data. Within this context, our work
investigates the integration of quantum computing into a deep learning pipeline for extreme weather
forecasting. Quantum circuits provide a fundamentally different paradigm for information encoding
and transformation, exploiting high-dimensional entanglement and non-classical correlations to
capture intricate data structures. Building on recent advances in quantum neural networks, we
hypothesize that quantum layers can serve as expressive and robust feature spaces, thereby improving
generalization capabilities—especially in meteorological applications characterized by spatiotemporal
complexity. In this study, we specifically assess the impact of incorporating a variational quantum
circuit composed of 10 qubits—simulated via PennyLane’s lightning.qubit backend—into a
CNN-LSTM framework for short-term bow echo forecasting. Our findings reveal that the resulting
hybrid quantum-classical model not only achieves high perceptual accuracy but also exhibits
remarkable robustness under both Gaussian noise and fast gradient sign method (FGSM)
perturbations. The QCNN lightning 10-qubit model consistently outperforms classical baselines in
terms of stability, suggesting that quantum-enhanced representations may offer a promising path
toward more resilient extreme weather forecasting systems.

The paper is organized as follows. In Section 2, we introduce the algebraic mathematical concepts
that are the basis of quantum computing. Section 3 exhaustively describes the meteorological data
used. Section 4 defines the four neural network models and how to evaluate them. Section 5 presents
the entire results and their analysis. Finally, Section 6 proposes perspectives such as testing on real
hardware and Section 7 concludes with subsequent works that will combine quantum ML and
topological data analysis.

2. Mathematical backgroud

2.1. Introduction to Clifford algebras and applications

Quantum neural networks rely on mathematical structures that describe how quantum states evolve
and interact. Among these, Clifford algebras play a central role because they provide the algebraic
framework underlying both quantum mechanics and quantum computation. They offer a compact
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formalism to represent spin systems, quantum gates, and the symmetries of unitary evolutions.

In this section, we establish the connection between Clifford algebras, Pauli matrices, and the
Special Unitary Group of degree 2 SU(2), and then explain how these mathematical elements are
implemented in the quantum layers of our hybrid QCNN-LSTM architecture.

For readers interested in deepening their understanding of the mathematical foundations of quantum
computing, particularly the role of Pauli matrices, Clifford algebras, and algebraic structures used
in quantum neural networks, we recommend several authoritative references. These works provide
rigorous introductions to linear algebra, Lie groups, quantum mechanics, and the central role of Clifford
algebras in quantum theory [39—-43].

2.2. Quadratic forms and pre-Hilbert space
2.2.1. Bilinear form and signature

Let V be a real (or complex) vector space of dimension 7, endowed with a non-degenerate bilinear
(or sesquilinear) form g(-,-). Typically, g is symmetric (or Hermitian). A quadratic form is given by

Q) = g, v).

Definition 2.1 (Quadratic form). A quadratic form on V isamap Q : V — K such that

Oav) = a® QW), Q@ +v) + Qu—v) = 2(Qu) + O(v)).

The associated bilinear form is

g(u,v) = 3(Qu +v) = Q) = Q).

If g is non-degenerate, there is a basis of V in which the matrix of g is diagonal, having p positive
entries and ¢ negative entries. We speak of a signature (p, g) and often use R”? to denote such a space
of dimensionn = p + q.

2.3. Definition of Clifford algebra

Definition 2.2 (Clifford algebra). Let (V, g) be a real vector space of dimension n, equipped with a
symmetric non-degenerate bilinear form g. The Clifford algebra associated with it, denoted by CI(V, g)
or C{(V, g), 1s the associative unital algebra generated by V with the relation

vev=gv) o, forallvelV,

where 1¢yy,) 1s the unit element of the algebra.

(9]

Practically, we start from the tensor algebra 7'(V) = @ V® and the quotient by the bilateral ideal
k=0
generated by

{vev-gv,v)1:ve VL

The resulting quotient is the Clifford algebra.
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2.3.1. Dimension and basis

Proposition 2.1. The dimension of CI(V, g) as a real vector space is 2", if dim(V) = n.

Sketch of proof. Choosing an orthonormal basis (e, ..., e,) of V, one can build a basis of CI(V, g) from
the monomials
€j,€jy €, 1<ij<ihb<---<i<n.

There are 2" such monomials (including the unit, corresponding to k = 0). O

2.4. Standard Clifford algebras Ct,,
2.4.1. Definition

When V = R is endowed with a bilinear form of signature (p, g), we write
Ct,, = CI(R™, g).
If we take the Euclidean form (all positive), we get C¢, .

2.4.2. Multiplication relations

Let (ey, ..., e,.,) be an orthonormal basis of R”, i.e., g(e;,e;) = 0;;nm; withn; = +1 for i < p and
n; = —1 fori > p. Then, in C¢, ,, we have
+1 ifl1<i<p,
eiz = glei,e) = . p
-1 ifp+1<i<p+q,

and

eej+eje; =2g(e,ej)l.
2.5. Properties and structure
2.5.1. Grading and involutions

Elements of CI(V,g) can be classified by their grade, extending the usual exterior algebra
decomposition into A*V. However, the Clifford product modifies the standard wedge-product rules.
There are several classical involutions:

e Reversion, which sends vivy - vy > v - - vy
¢ Grade involution (or parity), which associates the factor (- 1)* with a monomial of grade k.

Such involutions are useful for defining, for example, a norm for vectors or to study the internal
symmetries of the algebra.

2.5.2. Pin and Spin groups

Within the Clifford algebra, one can define Pin(p, g) as the group of products of unit (or pseudo-unit)
vectors for the quadratic form. It is a double cover of O(p, g). Similarly, Spin(p, g) is the subgroup
formed by the products of an even number of such vectors, forming a double cover of SO(p, g).
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2.6. Concrete examples and related structures
2.6.1. C{p,: Complex numbers

Here, V is one-dimensional with g(e;,e;) = —1. Hence e, satisfies e% = —1. We obtain an
isomorphism
Cfo,l ~ C

by identifying e; with the imaginary unit i.

2.6.2. Ct,p: Quaternions

Consider V of dimension 2 with a Euclidean bilinear form, giving e% = e% = +1 and e;e; = —eqe;.
Then e, e, behaves as an ((e;e,)> = —1). One can show
Cto =~ H,

which is the algebra of quaternions. An example of identification is
o ee, joe, koe,

though conventions may vary.

2.7. Pauli matrices, and the SU(2) group

2.7.1. Pauli matrices

In physics (especially quantum mechanics), the Pauli matrices are three 2 X 2 complex matrices
commonly denoted o, oyando:

(01 (0 i (1 o0
=l o) T\ o) T“T\o -1/

OO0y =10, O0,0;,=1i0y, 0,0,=10y,

They satisty the relations

and
0')2620'5205:12,
where I, is the 2 X 2 identity matrix. These mirror the Clifford algebra relations in three dimensions

(with Euclidean or mixed signatures). In fact, the Pauli matrices provide a faithful representation of
such a Clifford algebra.

2.7.2. Connection with SU(2) and spinorial representations

The group SU(2) is that of 2 X 2 unitary matrices with a determinant of 1. It is isomorphic (as a
manifold) to the 3-sphere S° and is a double cover of SO(3). Algebraically, it is closely related to the
unit quaternions H;.

In particular, the usual two-dimensional (2D) complex representation of SU(2) describes the spin-
1/2 behavior of fermions in quantum physics (e.g., electrons).
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Hence, the entire family of quantum gates manipulating a qubit (Ry, Ry, Rz, Hadamard, etc.) arises
directly from the Clifford algebraic structure. This correspondence ensures that the abstract algebraic
framework introduced above is not merely formal—it dictates the geometry of qubit transformations
on the Bloch sphere, the 2D complex Hilbert space representing quantum states.

2.8. From Clifford algebra to quantum circuits
2.8.1. Quantum computing

In quantum computing, the manipulation of qubits (two-level systems) is closely tied to the structure
of SU(2) and spinorial representations, specifically

e Quantum gates like X, Y, Z or the Hadamard gate H are 2 X 2 complex unitary matrices, often
derived from or related to the Pauli matrices.

e Qubit states are spinors in 2 dimensions (over C), and the Bloch sphere provides a geometric
picture of these states.

e Clifford algebras offer a powerful language for handling larger qubit networks, including higher-
dimensional versions (qubits), quantum information encoding, spin correlations, and more.

2.8.2. Qubits and Bloch sphere

A qubit is a vector in C?, typically represented as
1 0 ) 2
|w>:a/0+,81, a,BeC, |la”+ 16" = 1.

The state space (up to a global phase factor) is identified with the Bloch sphere, which is a sphere S 2.
Concretely, any pure qubit state can be written as

) = cos (%) 10y + ¢ sin (2) 1),

which corresponds, geometrically, to a point with coordinates (6, ¢) on the sphere.

The link to SU(2) is as follows: Every unitary (detailed) operator acting on a qubit with a
determinant of 1 corresponds to a rotation on the Bloch sphere. More precisely, there is a surjective
group morphism

SU2) —» SO®3),

showing that spin-1/2 (qubit) transformations cover the usual three-dimensional (3D) rotations twice.
This deep duality is directly related to Clifford algebras, which provide a unified framework for
describing rotations, spinors, and operations on qubits (quantum logic, quantum gates, etc.).
The following subsections summarize how Clifford algebras and Pauli matrices apply to defining
qubits, quantum layers, and hybrid quantum-classical architectures in QNNSs.

2.8.3. Quantum layers in QNNs

In a quantum layer, qubits are often initialized in a reference state (commonly |0)®"), then undergo
a sequence of parametric unitary operators:

(@) = U®)|0)*".
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6 ) 7]
ly) = COS§|O) + e“”sinill)

Figure 1. Bloch sphere.

Quantum gates are typically constructed from Pauli rotations of the form

RX(H):e_%M*, R,(6), R.(6).

Hence the entire parametric circuit is heavily based on Clifford-algebraic notions, with a topology
adapted to the data (classification, generation, etc.).

2.8.4. Integration into the QCNN-LSTM architecture

The hybrid quantum convolutional neural network with LSTM (QCNN-LSTM) developed in this
work uses these algebraic principles to construct a trainable quantum layer embedded within a classical
deep learning pipeline.

1) Classical feature extraction (CNN + LSTM): Meteorological inputs (satellite, onvective
available potential energy (CAPE), lightning) are processed through convolutional and temporal
layers to extract latent spatio-temporal features.

2) Quantum encoding and transformation: The latent vector is normalized and encoded into a
10-qubit quantum state via angle embedding, each feature controlling a Pauli rotation Ry(x;).
The qubits are then entangled through a chain of (Controlled-NOT) CNOT gates—realizations of
Clifford operations that generate a correlated quantum representation of the input data.

3) Measurement and fusion: Expectation values (Z;) of the Pauli-Z operator are measured and
merged with the LSTM temporal embedding to produce the final forecast image of the bow echo
cloud at time 7 + 1.

This hybrid approach leverages the representational strength of CNNs along with the
high-dimensional Hilbert space explorations of quantum circuits, aiming to provide improvements in

expressivity and generalization.
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2.8.5. Classical data encoding

In quantum neural networks, classical data x € R"” must be mapped into quantum states. A common
technique is angle embedding as follow:

Ry(x) = e_%’“f,v _ (COS(%C) - Sin(%)].

3 X X
sin(3)  cos(3)
For n features, one may construct

U@ = Q)R ().
i=1

thereby embedding the classical vector x into a multi-qubit state. This sets the stage for further
entangling operations and parametric gates.

2.8.6. Entanglement and measurement

Entanglement. Entanglement is a key resource in QNNs, enabling non-classical correlations
among qubits. In practice, one often applies single-qubit rotations followed by multi-qubit gates (e.g,
CNOT) that entangle the qubits. A typical pattern for n qubits might be:

n—1

Uentangle(e) = H(CNOTj,j+1Ry(9j))’

J=1

where Ry(6;) is a single-qubit rotation about the y-axis on qubit j, and CNOT,; is a two-qubit
controlled-NOT gate acting on qubit j (control) and qubit j + 1 (target). The product over j indicates
that these gates are applied across the qubit chain (for j = 1,2,...,n — 1), entangling each qubit with
its neighbor. The CNOT gate flips the target qubit only when the control qubit is in state |1), and acts
as the identity otherwise. In the two-qubit computational basis {|00),01),|10), |11)} (the control qubit
is listed first), the CNOT operator is represented by the matrix

1 000
0100
CNOT = s
0001
0010

which clearly swaps the [10) and |11) states (flipping the target qubit when the control is |1)). Through
these entangling operations, the qubits become correlated in a way that cannot be described by any
product state, thereby increasing the expressiveness of the QNN.

Uentangle(e) = 1—[ CNOTj,j+1 : RY(GJ) (2.1)

J

Measurement. After the state preparation and entangling operations, the final step in a QNN
circuit is to measure the qubits to obtain a classical output. We typically measure each qubit on the
computational (Z) basis, which corresponds to the eigenstates |0) and |1) of the Pauli-Z operator. The
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Figure 2. Simple 4-qubit quantum circuit containing an Ry gate on each qubit, then a chain
of CNOT gates connecting adjacent qubits.

measurement observable for qubit i can be represented by the Pauli-Z operator Z;, and the expected
measurement outcome is given by its quantum expectation value

(Z)y = WIZly)

where | is the state of the system before measurement. This expectation value (Z;) will be +1 if
qubit i is in the state |0) (since Z|0) = +110)), and —1 if it is in the state |1) (Z|1) = —1]1)). For a
qubit in a superposition state ) = a |0) + B|1), the expectation evaluates to (Z;) = la)* — |,8|2, which is
the difference between the probabilities of obtaining O vs. 1 upon measurement. In other words, (Z;)
ranges between —1 and +1, indicating the bias towards |0) (positive values) or |1) (negative values) for
that qubit. Collecting the results for all n qubits, we obtain a vector of the expectation values:

z = ((Z1), (L), ..., (Zn)

which represents the measured output of the QNN. Each component (Z;) in this vector is a classical
number summarizing the measurement outcome of qubit i. Together, they can be used for further
classical processing or evaluation of the QNN’s performance.

Through this integration, the Clifford algebraic structure is not an abstract prelude but the
mathematical justification for the design of the quantum layer. It governs the transformations applied
to encoded meteorological features and ensures that the quantum circuit explores a non-commutative,
high-dimensional space capable of capturing complex atmospheric correlations. The resulting hybrid
model inherits the stability and robustness properties of Clifford-based unitary transformations, which
contribute to the observed resilience of the QCNN-LSTM against noise and adversarial perturbations.

This direct lineage, from algebraic theory to operational architecture, establishes a rigorous bridge
between mathematical physics and data-driven prediction, forming the theoretical foundation for the
quantum models analyzed in the following sections.

3. Meteorological data

3.1. Data description

The dataset used in this study is based on a combination of heterogeneous sources from different
European meteorological services, covering the main dynamic factors related to the formation and
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evolution of bow echo phenomena. These data, primarily in the form of images, constitute the inputs
and outputs of the hybrid neural networks models.

The satellite images come from the EUMETSAT service [44] and provide a spatio-temporal
visualization of the cloud cover associated with convective systems. These data are provided at a
15-minute cadence, allowing us to monitor the dynamics of storm cells with a relatively fine temporal
resolution. They represent the cloud structure associated with the bow echo phenomenon.

The CAPE data are sourced from Météo France [45] and represent the atmospheric instability
available to fuel convection. They are initially provided at an hourly resolution, in the form of scalar
fields that we converted into spatialized maps for integration into the model’s convolutional pipeline.

The lightning data comes from the Swiss meteorological service Meteologix [46]. These radar
images synthesize the intensity of electrical activity on the ground, made available every 15 minutes.
These data complement the multi-source approach by providing an indirect measure of the severity of
convective phenomena.

Finally, the bow echo radar images, used as model targets, come from Météo France’s
high-resolution radar system. These images are available at a frequency of 5 minutes, thus providing a
temporal granularity that is particularly useful for analyzing and predicting the fine structure of
the arcus.

CAPE map (Météo France)

ke
N\

}"L.
ﬂfj 7

Lightning radar (Meteologix) Bow echo radar (Météo France)

Figure 3. Representative examples of the four datasets used in our hybrid models: Satellite
imagery (left top), convective energy fields (right top), lightning radar (left bottom), and bow
echo radar (right bottom).

To ensure temporal consistency across all data sources, we applied linear interpolation to each
input dataset. This harmonization step enabled us to reproject all images onto a regular 5-minute
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interval sequence, aligned with the highest temporal resolution of the target dataset (Météo France
radar images). As a result, all input data are uniformly synchronized and temporally sequenced, which
facilitates temporal pattern learning by the LSTM and improves the consistency of predicted storm
cell trajectories.

EUMETSAT. Among the EUMETSAT satellite images used in this study, some clearly reveal the
presence of atmospheric gravity waves (see Figure 3), forming near the developing bow echo system.
These waves appear as regularly spaced, parallel cloud bands, indicating vertical oscillatory motion
within the troposphere. Gravity waves arise when an air parcel is displaced from its equilibrium
position in a stably stratified atmosphere. As the atmosphere attempts to restore equilibrium,
oscillations in vertical velocity, pressure, and temperature propagate outward from the disturbance. In
convective environments, such waves can be triggered by downdrafts, gust fronts, or vertical wind
shear associated with intense thunderstorm activity. Their visual signature in EUMETSAT imagery
offers valuable insight into local atmospheric instability and the interactions between convective
updrafts and stable stratification layers aloft. These wave patterns act as indirect indicators of the
developing storm’s severity and dynamics. Furthermore, they constitute a rich source of spatial
information that CNNs are particularly well-suited to exploit. Their presence reinforces the relevance
of EUMETSAT satellite imagery as a core input to our model, complementing dynamic predictors
such as CAPE and lightning activity. This justifies the deliberate inclusion of EUMETSAT images in
our dataset, not only for their usefulness in tracking convective systems, but also for the physical
processes they capture, which are both meteorologically significant and computationally exploitable
by deep learning architectures.

CAPE. One of the key input variables in our model is the CAPE, a fundamental thermodynamic
parameter used to assess the potential intensity of convective phenomena. CAPE quantifies the amount
of buoyant energy available to an air parcel for vertical ascent and thus serves as a direct indicator of
atmospheric instability. Mathematically, CAPE is defined as

“EL Tv - Tv e
CAPE = f g(—’p . ),dz
ZLFC TV’E

where: zigc 1s the level of free convection, zg; is the equilibrium level, g is the gravitational
acceleration, 7, is the virtual temperature of the rising air parcel and T, is the virtual temperature of
the environment.

This integral quantifies the positive buoyancy experienced by a parcel between the level of free
convection and the equilibrium level regions where the parcel is warmer (and thus less dense) than
its surroundings. CAPE is expressed in joules per kilogram (J/kg), with values exceeding 2000 J/kg
typically indicating strong potential for deep convection, and values above 3000 J/kg as observed in
our dataset suggesting conditions that are favorable for extreme convective events such as bow echoes
or supercells. In this study, CAPE values were interpolated in time and transformed into gridded spatial
maps. These maps are fed into the CNN as image-like inputs, enabling the model to capture both the
magnitude and spatial gradients of instability fields. This representation allows the CNN to exploit
fine-scale spatial patterns and detect precursors to convective development, making CAPE a physically
meaningful and computationally effective input in our hybrid prediction architecture.

Radar-based precipitation and lightning imagery. In addition to satellite imagery and CAPE
maps, our model incorporates radar imagery capturing both lightning activity and precipitation
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structures. The lightning data, sourced from Meteologix [46], provides high-resolution information on
the electrical activity associated with convective systems. These images serve as dynamic indicators
of a storm’s intensity and are updated every 15 minutes. The target variables consist of radar images
of bow echo systems, provided by Météo France at a 5-minute temporal resolution. These reflectivity
maps capture the fine-scale morphology of arc-shaped convective systems, particularly those
approaching the Corsican coastline—a region where sudden and intense storm surges pose significant
meteorological risks. By integrating these radar datasets, the model is equipped to detect both the
electrical and hydrometeorological signatures of severe convective events, thereby improving its
ability to anticipate the onset of hazardous weather conditions in real time.

3.2. Dataset structuring

The complete dataset corresponds to a mesoscale convective system observed between 0500 h and
0800 h local time. After preprocessing and linear interpolation, all data sources were temporally
resampled to an interval of 5 minutes, resulting in 37 synchronized images per variable (inputs and
targets). All images were resized to a spatial resolution of 256 x 256 pixels. This sequence captures
the progressive intensification of the system, with a particular focus on a key transformation: Around
0700 h local time, the initial squall line abruptly reorganized into a bow echo, which is clearly visible
in the radar reflectivity imagery. This structural shift, associated with enhanced convection and wind
severity, occurred just as the system approached the Corsican coastline. The proximity to land plays a
pivotal role in this reorganization. By 0700 h, the trajectory and dynamics of the storm system made
its coastal impact virtually certain. As a result, we evaluate the performance of our four neural
architectures specifically over the final hour of the sequence (0700 h to 0800 h local time), which
represents a high-stakes forecasting window where early predictions are crucial for alert systems and
risk mitigation.

4. Methodology

We designed and implemented four architectures of increasing complexity and expressivity, all
trained on the meteorological data described in the paragraph above. In the first part of our study,
we consider three distinct model configurations: A CNN-LSTM model, combining spatial feature
extraction with temporal modeling via LSTM layers, and a CNN-LSTM-Transformer, where the LSTM
component is replaced by self-attention mechanisms to capture long-range temporal dependencies. A
first version of the QCNN-LSTM, where a variational quantum circuit is embedded as a learnable layer
in the architecture using PennyLane KerasLayer and the default.qubit simulator with 8 qubits. These
three models share a common input—output structure and are trained under the same meteorological
time windows. The goal is to assess their respective strengths in terms of spatial coherence, stability,
and noise resilience.

In the second part of the study, we introduce a more advanced quantum model: A QCNN-LSTM
using a custom 10-qubit quantum layer with the high-performance lightning.qubit backend. Unlike
the earlier KerasLayer-based model, this architecture is implemented through a fully customized
quantum layer (PennyLaneQuantumLayer), enabling greater control over the quantum operations,
training dynamics, and gradient flow.

This version not only increases the quantum capacity by moving from 8 to 10 qubits, but also
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serves to evaluate whether deeper quantum encoding enhances robustness. In addition, it allows us to
apply adversarial robustness testing (FGSM) on the quantum feature extractor, assessing the network’s
resilience to input perturbations.

4.1. The CNN-LSTM architecture

The first architecture combines CNNs with LSTM layers to capture both spatial and temporal
dependencies in the data; see Figure 4. The CNN branch processes sequences of meteorological
images (e.g., satellite, CAPE, lightning) through a shared convolutional stack, using five
convolutional blocks with increasing depth. Each image in the input sequence is processed
individually via time-distributed layers, producing a compact spatial feature vector. This vector is
then flattened and concatenated with an LSTM output that encodes the temporal dynamics from
auxiliary inputs (e.g., time series, positional encodings).  The final output is a predicted
red—green—blue (RGB) image of the bow echo cloud at time t+1.

CNN-LSTM-transformer architecture. To improve the modeling of long-range temporal
interactions, the second architecture replaces the LSTM with a Transformer encoder. After
CNN-based feature extraction, temporal sequences are fed into a multi-head self-attention module.
The Transformer component aims to enhance the model’s ability to selectively focus on the most
relevant temporal dependencies across the input sequence.

QCNN-LSTM with eight qubits (KerasLayer + default.qubit). The third model introduces
quantum computation by replacing the penultimate dense layer with a quantum variational circuit,
implemented via the KerasLayer wrapper from PennyLane. The quantum layer consists of 8 qubits,
initialized with the single-qubit rotation Ry gates and entangled using BasicEntanglerLayers. Inputs
to the quantum layer are projected onto a compact feature space via a classical dense layer of size
eight with tanh activation. The output of the quantum circuit a vector of Pauli-Z expectation values is
then fused with the LSTM stream to generate the predicted image. To build our hybrid CNN +
quantum LSTM architecture, we employed PennyLane, an open-source software framework designed
for differentiable quantum programming. PennyLane provides seamless integration with TensorFlow,
allowing us to embed a trainable quantum circuit directly within a classical deep learning pipeline.
This quantum circuit is wrapped into a KerasLayer, enabling joint optimization of both classical and
quantum parameters via gradient descent. The differentiable nature of the quantum node ensures
compatibility with backpropagation, making PennyLane an ideal tool for quantum-enhanced learning
on structured meteorological data.

QCNN-LSTM with 10 qubits (Custom layer + lightning.qubit). The final model, and the most
advanced, integrates a custom quantum layer based on the lightning.qubit backend; see Figure 4. The
variational circuit uses 10 qubits and a depth-2 entanglement pattern. Unlike the KerasLayer version,
this model uses a fully customized tf.keras.layers.Layer implementation, enabling direct control over
quantum computation and seamless integration with the TensorFlow backpropagation engine. A
targeted FGSM adversarial attack was conducted to evaluate its resilience.

Role of dense layers in the four models. In the four architectures studied, dense layers were
introduced after feature extraction. This choice was motivated by the small size of the dataset, which
makes training models that are too deep or too parametric difficult without overfitting. Dense layers
allow us to reduce the dimensionality of convolutional representations (flatten); project the extracted
features into a regular latent space, acting as a generalization kernel between heterogeneous
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Figure 4. CNN LSTM (left) and quantum CNN lightning 10 qubits (right) architectures.

representations (weather images + time); and promote learning convergence, thanks to their fully
connected structure, by efficiently disseminating information between channels. In the case of
CNN-LSTM, the dense layer between the CNN and the fusion acts as a complexity reducer. In the
Transformer, the dense layers in the attention block allow resampling of the information after the
attention phase. Finally, in the quantum model (QCNN), the dense layer is essential to adapt the size
of the latent space to that of the quantum circuit (number of qubits).

4.2. Training and prediction of bow echo images

Each of the three input datasets (satellite imagery, lightning density maps, CAPE fields, and bow
echo output) consists of 37 temporally ordered RGB images of size 256 x 256. The images are sampled
hourly from 0500 to 0800 h, capturing the development cycle of a mesoscale convective system.

For training, we use data from 0500 to 0655 h, corresponding to the pre-convective and initiation
phases. The models learn to predict the next image in the bow echo sequence Y,,; from the
corresponding meteorological inputs at time ¢.

The testing phase focuses on the critical forecast window between 0700 and 0800 h, during which
the bow echo cloud system forms and intensifies. This allows us to assess the model’s ability to
generalize to unseen and rapidly evolving patterns.
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To ensure temporal coherence, the data are chronologically split without shuffling. This choice
reflects a realistic operational scenario where the models must extrapolate the storm’s dynamics based
on prior observations.

In this work, we aim to forecast the evolution of severe convective structures specifically, bow
echoes at future time step ¢ + 1, based on a sequence of meteorological observations at time ¢. These
include satellite imagery of convection, radar-based lightning data, and CAPE maps. Let us denote the
input triplet at time ¢ as:

_ sat ycape ylightning 3x256%256%3
X, = {[ P, L X, e R

and the target image (bow echo cloud) at time 7 + 1 as:

__ ybow echo 256x256%3
Y. = It+1 eR .

The model processes X, through a time-distributed CNN to extract the spatial features from each
modality independently. These features are then passed through a fully connected projection layer:

Zenn = tanh (Wgepse - Flatten(CNN(X)))) ,

where Wyense € R" projects the features into a space that is compatible with the quantum circuit of
n, = 8 qubits.

The projected vector z.,, is encoded into a parameterized quantum circuit U(Z.,,, #), composed of
Ry rotations followed by entanglement gates (basic entangler layers). The circuit outputs the
expectation value of the Pauli-Z observable on each qubit:

Zgyantum = ({Zo),{Z1),....{Z7)].

In parallel, a simple LSTM network processes a normalized abstract time sequence T, € R**!,
capturing the latent temporal dependencies. Its output zg, € R!* is concatenated with the
quantum vector:

Ztysed = [unantum, letm]

This fused latent representation is passed through dense decoding layers to produce a predicted
RGB image of the arcus cloud:

?Hl = ReShaPe (0- (Wout -ReLU (qused : qused)))

The model is trained using the MSE loss:

1 N
LMSE:N;

Training was conducted with early stopping (patience = 10), using a batch size of 1 due to the
memory overhead of the quantum simulation. During testing, the last two available samples are used
as input to generate Y,.1, the predicted image of the bow echo. Quantitative evaluation metrics include
the structural similarity index (SSIM), Wasserstein distance, and root mean squared error (RMSE).

YO —yo ”2

t+1 1+

Big Data and Information Analytics Volume 9, 152-187.



169

4.3. Metrics and evaluation protocol

To objectively assess and compare the performance of the four neural network architectures, we
employ three complementary evaluation metrics.

4.3.1. Evaluation metrics

(1) RMSE. RMSE evaluates the pixel-wise accuracy between the predicted and true bow echo
image by comparing their flattened pixel vectors:

1
RMSE = 4+ > (¥i - vy,

where ¥; and Y; denote the predicted and actual pixel intensities respectively. RMSE is sensitive to
large deviations and is computed after rescaling the image range to [0, 255].

(2) SSIM. SSIM quantifies the perceptual similarity between two images by evaluating their
luminance, contrast, and structural alignment:

SSIM _ (zlux,uy + Cl)(zo-xy + CZ)
(x.y) = 2 2 2 2 ’
(s + My + c)(os + o+ c7)

where p,, ut, are local means, o, o, are standard deviations, and o, is the covariance between patches
x and y. SSIM values are computed using the full RGB image with a dynamic range of 255.

(3) Wasserstein distance. To measure the spatial coherence between predicted and real images, we
compute the Wasserstein distance over the flattened grayscale intensities as follows:

Wi(Y,Y) = inff llx = yll dy(x, y).
R2xR2

yell(7,Y)

This metric measures the distance between the predicted and real distributions of pixel values,
interpreted as the minimal cost to transform one distribution into the other. It provides complementary
insights to RMSE by focusing on the global statistical distribution rather than local error.

For each architecture, we report the RMSE, SSIM, and Wasserstein scores with both clean and
noisy data. This dual evaluation allows us to quantify the robustness of the models to observational
perturbations, a critical aspect in real-world prediction of severe weather.

4.3.2. Evaluation scenarios.

Each model is evaluated on the following:

e Clean data: Standard input data without perturbation.
e Noisy data, corrupted with Gaussian noise to simulate degraded observational conditions.
Gaussian noise is defined as:

X = clip(X + N(u, 0,0, 1),

where u = 0, o = 0.1, and the clipping ensures that the noisy images remain within the [0, 1]
interval. This noise simulates realistic disturbances that could affect image sensors or data
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transmission in operational meteorological systems. We applied Gaussian noise to satellite
imagery.

e Adversarial data for the quantum CNN lightning 10q model. To rigorously evaluate the
adversarial robustness of the hybrid QCNN model, we implemented the FGSM on the classical
convolutional input pathway, following the principle introduced by Goodfellow et al. [38] The
FGSM attack perturbs the input x in the direction of the loss gradient to produce an adversarial

sample x*":

xadV =x+e€- Sign (VXL(X’ }’)) .

In our implementation, we extracted the subnetwork leading up to the quantum interface layer
(reduce_to_quantum), isolating the classical convolutional component of the QCNN. A dummy loss
was computed between this intermediate output and a null target to induce a gradient direction
without propagating through the quantum layer, which remained frozen for stability and
computational efficiency.

For all models and conditions, we computed the time series of RMSE, SSIM, and Wasserstein
distance over each test timestep; the distributional statistics (mean, standard deviation) across the
series; and boxplots and comparative line plots to visualize the models’ stability, variability, and
perceptual accuracy.

4.3.3. Model groups

To reflect architectural differences, we split the analysis into the following two groups:

Classical and hybrid models: CNN-LSTM, CNN-LSTM-Transformer, and QCNN-LSTM (8
qubits, KerasLayer);

Quantum-enhanced model: QCNN-LSTM (10 qubits, lightning.qubit backend).

This separation allows for a focused discussion on quantum enhancement effects under standard
and adversarial conditions.

5. Results

5.1. Classical and hybrid models
5.1.1. Comparative performance analysis on clean data

The performance of the three architectures CNN-LSTM, CNN-LSTM-Transformer, and Quantum
CNN-LSTM was evaluated using three complementary metrics: RMSE, SSIM, and Wasserstein
distance. The temporal evolution of these metrics throughout the prediction window (0700 to 0800 h)
is shown in Figure 5.

RMSE. The CNN-LSTM model achieves the lowest and most stable RMSE values throughout the
sequence, with optimal predictions around 0725 and 0750 h. The QCNN-LSTM model reports slightly
higher RMSEs but demonstrates consistent performance (~ 27-33), suggesting robust behavior. In
contrast, the CNN-LSTM-Transformer exhibits significant variability, including a major spike at 0735
h (RMSE = 62), indicating higher sensitivity to spatial patterns.

SSIM. From a perceptual perspective, CNN-LSTM clearly outperforms the other models, reaching
SSIM values up to 0.98, indicating excellent structural preservation of arcus formations. QCNN-LSTM
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Figure 5. RMSE, SSIM, and Wasserstein distance evolution over time for the three models
on clean input data.

maintains intermediate values (around 0.6) with low variance. The Transformer-based model shows
frequent perceptual drops, with SSIM plunging to 0.3 between 0730 and 0740 h.

Wasserstein distance. This metric further highlights the stability of the quantum model:
QCNN-LSTM maintains the lowest and most consistent Wasserstein distances (4.7), suggesting
accurate spatial alignment between prediction and reality. In contrast, the CNN-LSTM and
Transformer models show frequent peaks exceeding 15 or 25, reflecting instability in capturing the
spatial mass transport of convective systems.

Overall, CNN-LSTM excels in perceptual and numerical accuracy but is less stable in terms of
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spatial transport. QCNN-LSTM stands out for its consistent robustness across all metrics, particularly
in Wasserstein distance a potentially critical property for rare and extreme event forecasting.
Meanwhile, CNN-LSTM-Transformer, although theoretically more expressive, demonstrates reduced
operational reliability under clean input conditions.

5.1.2. Visual analysis of predicted arcus images

Figure 6 presents a visual comparison between the ground truth arcus cloud images and the
predictions generated by CNN-LSTM, CNN-LSTM-Transformer, and QCNN-LSTM. The selected
timestamps (0705, 0725, 0735, and 0755 h) capture different phases in the evolution of the
convective system.

0705 h. At this early stage, all three models produce reasonably accurate predictions. CNN-LSTM
preserves the bow echo structure with sharp contours and consistent color rendering. CNN-LSTM-
Transformer introduces minor distortions, particularly around the peripheral regions. QCNN-LSTM
generates smoother outputs with less detail, yet retains the global spatial coherence.

0725 h. This timestamp corresponds to one of the best-performing cases for all models.
CNN-LSTM delivers high fidelity in both the structure and texture. CNN-LSTM-Transformer
performs acceptably, though geometric inconsistencies remain. QCNN-LSTM, while slightly less
sharp, captures the arcus shape and positioning robustly.

0735 h. A challenging and discriminating scenario. CNN-LSTM-Transformer output degrades
notably, showing displaced and fragmented storm structures. = CNN-LSTM retains the arcus
morphology but with reduced clarity. QCNN-LSTM, though more diffuse, maintains spatial
alignment, aligning with its low Wasserstein distance at this step.

0755 h. In this final case, CNN-LSTM produces a highly accurate prediction, preserving both the
structure and texture of the arcus cloud. QCNN-LSTM retains the main shape with slight blurring.
CNN-LSTM-Transformer continues to exhibit instability in localizing the convective system.

In summary, CNN-LSTM provides the sharpest and most perceptually accurate forecasts, in line
with its superior RMSE and SSIM scores. QCNN-LSTM stands out for its robustness and spatial
consistency, delivering reliable predictions even in complex scenes. In contrast,
CNN-LSTM-Transformer, though theoretically powerful, demonstrates sensitivity and temporal
instability in this operational context. This visual analysis reinforces the quantitative results and
highlights the specific strengths and limitations of each architecture.

5.1.3. Robustness analysis: Performance with and without Gaussian noise

This section evaluates the robustness of the three models CNN-LSTM, CNN-LSTM-Transformer,
and QCNN-LSTM under Gaussian noise. The input satellite images were perturbed with zero-mean
Gaussian noise (u = 0, o = 0.1) and evaluated using the metrics RMSE, SSIM, and Wasserstein
distance. The goal is to assess the model resilience to degraded input quality, as illustrated by the six
figures below.

RMSE. CNN-LSTM model is the most sensitive to noise, with a noticeable increase in variance
and outliers. QCNN-LSTM remains very stable, showing almost no variation in the error distribution
between clean and noisy conditions. Interestingly, CNN-LSTM Transformer shows a slight
improvement in the median RMSE with noise, suggesting a possible regularization effect or
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Predicted Bow Echo Images by Model and Time

CNN-LSTM

-

QCNN-LSTM

Transformer

gl

Figure 6. Comparison of predicted bow echo (arcus) images at different times (0705, 0725,
0735, and 0755 h). The top row shows the real images, while the subsequent columns display
the predictions generated by the three models: CNN-LSTM, CNN-LSTM-Transformer,
and QCNN-LSTM. Visually, CNN-LTSM’s predictions appear more accurate in terms of
structural detail, while QCNN-LSTM predictions are more stable in texture and spatial
consistency. Transformer-based predictions suffer from occasional structural distortions and
displacements. These visual trends are consistent with the quantitative metrics reported in
the previous section.

robustness to perturbation.

SSIM. CNN-LSTM retains the highest SSIM scores and even benefits slightly from noise,
suggesting improved generalization. QCNN-LSTM displays moderate but steady values.
CNN-LSTM Transformer model suffers from overall lower SSIM, though its predictions stabilize
slightly under noisy conditions.

Wasserstein distance. QCNN-LSTM maintains low and stable Wasserstein distances regardless
of noise, confirming its spatial consistency. CNN-LSTM shows fluctuations but no systematic
degradation. CNN-LSTM Transformer again appears to be inconsistent, with large variations and
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Figure 7. Distribution of RMSE for the models with and without Gaussian noise.
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Figure 8. Evolution of RMSE across predictions: Noisy vs. clean images.

multiple peaks under both conditions.

Table 2 summarizes the observed behaviors across metrics.

These results highlight QCNN-LSTM as the most robust model against Gaussian perturbations,
offering consistent predictions across all metrics. While CNN-LSTM remains excellent under clean
inputs, its sensitivity to noise may limit operational reliability. CNN-LSTM Transformer shows
unstable performance, suggesting that it requires further calibration or architecture tuning for this type
of application.
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Figure 10. Evolution of SSIM across predictions: Noisy vs. clean images.

Table 2. Metrics of the three models.

Model Noise Impact RMSE SSIM Wasserstein
CNN-LSTM Sensitive T (degraded) T (improved) ~ (moderate)
QCNN-LSTM Robust ~ (stable) ~ (stable) ~ (best and stable)
CNN-LSTM-Transformer Inconsistent | (slight) T (less variance) T (still unstable)
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Figure 11. Wasserstein distance of the models with and without Gaussian noise.
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Figure 12. Evolution of Wasserstein distance: Noisy vs. clean images.

Finally, CNN-LSTM excels on noise-free data, particularly in terms of visual fineness (SSIM) and
raw accuracy (RMSE), but is very sensitive to noise, which can be problematic in real-world conditions.
QCNN-LSTM is the most robust, with stable performance regardless of the noise level. It provides
spatially reliable predictions (Wasserstein) and appreciable resilience, making it a good candidate for
forecasting real-world extreme events. CNN-LSTM Transformer remains the most unstable model,
showing little consistency and sensitivity to the input conditions, despite its theoretical complexity.
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5.2. Enhanced quantum resilience with lightning.qubit backend

In this subsection, we present the results obtained with the quantum-enhanced model using a
10-qubit variational quantum circuit implemented via the lightning.qubit backend from PennyLane.
This architecture represents the most advanced and scalable configuration tested in this study,
designed to explore the full potential of quantum circuits for feature encoding in meteorological
forecasting. Unlike the 8-qubit QCNN integrated via KerasLayer, this model uses a fully custom
quantum layer embedded directly in the TensorFlow pipeline. It enables greater flexibility in its
architectural design and enhanced numerical stability through direct quantum differentiation. This
setup allows us to evaluate the impact of increased quantum expressivity on predictive accuracy and
resilience. The following results assess the model’s performance on clean, noisy, and adversarial
(FGSM) inputs. Special attention is given to its robustness in maintaining high prediction quality
under perturbations, which is a critical requirement for operational deployment in extreme weather
forecasting systems.

The model’s architecture remains hybrid, combining a time-distributed CNN block for spatial
feature extraction, LSTM for temporal context encoding, and a variational quantum circuit applied to
a condensed representation of the CNN features. The quantum layer is composed of 10 qubits and
two layers of entangling gates (basic entangler layers), with backpropagation enabled through
differentiable quantum simulation; see Figure 4.

5.2.1. Performance and robustness

The QCNN lightning was evaluated on the same meteorological image prediction task, using the
last 13 time steps of the dataset for inference. The results, presented in Figures 13 and 14, show that
this model achieves comparable accuracy to the standard QCNN, but with an even more stable profile
across metrics.

To further assess the resilience of the lightning-based QCNN, we subjected it to FGSM adversarial
perturbations (¢ = 0.15). The attack had virtually no effect on its prediction quality, as evidenced
by minimal variations in RMSE, SSIM, and Wasserstein distance (see Table 3). This highlights the
intrinsic robustness of quantum-enhanced architectures and supports their potential for use in safety-
critical forecasting applications.

5.3. Adversarial evaluation using FGSM

To assess the robustness of the model, adversarial inputs x*"' were generated using FGSM and fed
to the full hybrid QCNN model. The resulting predictions were compared with those obtained from
clean inputs xlean using three key metrics: RMSE, SSIM, and Wasserstein distance.

Despite the application of strong perturbations (¢ = 0.15), the QCNN lightning 10-qubit model
exhibited remarkable resilience. The differences between clean and adversarial predictions were
negligible across all evaluation metrics. These findings underscore the inherent stability of the
quantum-enhanced representation and its robustness against adversarial attacks targeting early
convolutional layers.

According to the comparative table of the performance of the 10-qubit QCNN lightning model,
with and without FGSM attack, negligible variations are observed, which confirms the exceptional
robustness of the architecture.
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Figure 13. Boxplot comparison of the QCNN lightning (10 qubits) model’s performance
on clean inputs versus FGSM adversarial perturbations (¢ = 0.15). The RMSE, SSIM,
and Wasserstein distance distributions remain nearly identical, highlighting the model’s
strong robustness.

Table 3. Performance statistics of the QCNN lightning model (10 qubits) on the original data
and under FGSM attack (e = 0.15). The relative variations (A) between the two conditions
are negligible, which confirms the stability of the model.

Metric Mean (clean) Std (clean) Mean (FGSM) Std (FGSM) A (%)
RMSE 9.270 0.280 9.270 0.280 0.00

SSIM 0.578 0.077 0.577 0.078 —-0.17
Wasserstein 5.080 0.600 5.070 0.600 -0.20

Table 3 highlights the remarkable stability of the QCNN lightning (10 qubits) model under a
FGSM adversarial attack with € = 0.15. The differences in performance between clean and perturbed
predictions are negligible, with a variation of only —0.17 % in SSIM and —0.20 % in Wasserstein
distance. The RMSE remains strictly unchanged. These results confirm that the hybrid quantum
architecture simulated with lightning.qubit exhibits an inherent robustness to localized perturbations,
which is a major asset for critical applications in climatology or safety-sensitive forecasting. This
quantum resilience could be further enhanced with explicit defense strategies and represents a
promising direction toward achieving pratical quantum advantage.

These observations validate the robustness of the QCNN under adversarial conditions. To further
investigate the role of meteorological inputs in stabilizing predictions, we conducted an ablation study
by removing CAPE from the inputs.
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Figure 14. Evolution of RMSE, SSIM, and Wasserstein distance over time for the QCNN
lightning (10 qubits) model under clean and adversarial (FGSM € = 0.15) inputs. The nearly
overlapping curves confirm the exceptional resistance of the model to perturbations.

5.4. Ablation analysis: role of CAPE in the 10-qubit QCNN

To further assess the impact of meteorological inputs on the quantum model’s performance, we
conducted an ablation experiment comparing the 10-qubit QCNN trained with three inputs (satellite
imagery, lightning radar, and CAPE maps) versus a reduced version with only two inputs (satellite
imagery and lightning radar). All other components of the model and training procedure
remained unchanged.
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Figure 15. QCNN-10 model with two inputs (satellite + lightning). RMSE, SSIM, and
Wasserstein-1 metrics were computed every 5 minutes from 0700 to 0800 h.

The comparison (see Figure 15) reveals that the reduced-input model achieves slightly better
RMSE values during the early phase of the event (0700-0730 h), when convective activity is still
moderate. However, it exhibits a significant degradation in all metrics during the peak convective
dynamics (0730-0800 h), with RMSE spikes exceeding 30, reduced SSIM, and large Wasserstein
distances.

In contrast, the full model with CAPE maintains stable and lower RMSE values, superior SSIM
(~0.6), and significantly better Wasserstein-1 scores across the entire hour. Furthermore, under FGSM
perturbations (¢ = 0.15), the three-input model shows greater robustness with minimal deviation
between clean and perturbed predictions.

These results suggest that thermodynamic inputs like CAPE provide a stabilizing effect during a
storm’s intensification, enhancing both the accuracy and the resilience of quantum-enhanced
architectures under dynamic and potentially adversarial conditions.

5.5. Final comparative analysis

The comparative results, illustrated in Figure 16, provide a clear overview of each model’s behavior
across all evaluation metrics. The classical CNN-LSTM and CNN-LSTM+Transformer models exhibit
high variability in both RMSE and Wasserstein distance, particularly when subjected to Gaussian noise.
Although the Transformer variant slightly improves the SSIM in certain sequences, it remains highly
sensitive to perturbations.

The QCNN model, based on eight qubits and implemented via default.qubit with KerasLayer,
demonstrates consistent performance and superior robustness. However, the most striking result
emerges from the implementation of QCNN lightning (10 qubits). Not only does this model achieve
lower error rates, but it also maintains invariant metrics under FGSM adversarial attacks, as
previously demonstrated. The ablation results highlight the added value of CAPE as input in
enhancing the QCNN’s temporal robustness and predictive sharpness.

These findings suggest that hybrid quantum architectures, particularly those disentangled from
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Figure 16. Global boxplots comparison of all models in terms of RMSE, SSIM, and
Wasserstein metrics under clean and noisy conditions.

Keras abstraction layers and executed on performant simulators like lightning.qubit, offer compelling
advantages in terms of both accuracy and adversarial robustness. This opens up a promising avenue
for future deployments on real quantum hardware and establishes a strong precedent for practical
quantum machine learning in complex real-world applications such as forecasting extreme weather.

6. Perspectives for real quantum hardware deployment

This study demonstrates the effectiveness and robustness of hybrid quantum—classical models for
the short-term prediction of extreme weather events.

6.1. Limitations

While the proposed quantum-enhanced framework demonstrates stable and promising results,
several limitations should be acknowledged to contextualize the current findings.
First, the present study focuses on a single meteorological event—a three-hour bow echo system
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comprising 37 satellite—radar images—used as a proof of concept to evaluate the hybrid QCNN
architecture. No cross-validation was performed across independent storms or seasonal datasets,
which limits the generalization of the model. Future work will expand the dataset to multiple
convective systems with a similar topology in order to assess robustness across time and space.

Second, in the robustness analysis, the FGSM adversarial attack was applied only up to the
quantum interface layer. Because gradients were not propagated through the quantum circuit, the
attack corresponds to a partial white-box scenario. This constraint reflects the current limitations in
differentiating through quantum nodes within hybrid TensorFlow—PennyLane frameworks. In future
implementations, fully end-to-end differentiable attacks will be explored to assess the intrinsic
robustness of the quantum component.

Third, the training process was performed using the lightning.qubit simulator, which scales
exponentially with the number of qubits. Although our 10-qubit QCNN with depth 2 remains
computationally tractable, the training time per epoch is non-negligible (70 minutes for 150 epochs).
Further work will evaluate deployment on real noisy intermediate-scale quantum (NISQ) devices,
where additional factors such as sampling noise, decoherence, and readout error mitigation must
be considered.

Overall, these limitations are consistent with the exploratory nature of this study and point toward
concrete research directions. The forthcoming stages of our work aim to combine larger-scale data
assimilation with execution on photonic or superconducting quantum platforms, thereby closing the
loop between simulation and experimental quantum learning.

These encouraging results open several promising directions for future research and real-world
deployment. Although our experiments were conducted using state-of-the-art simulators, the ultimate
goal is to run the QCNN architecture on real quantum hardware. We are currently exploring
deployment on platforms such as Quandela MosaiQ (photonics-based) [47], Amazon Braket [48], and
OVHcloud [49] in collaboration with Quandela. These efforts aim to assess the feasibility of
executing end-to-end pipelines on actual quantum processors, starting with inference tasks and
eventually moving to full training loops. To adapt QCNN architectures to real quantum devices,
future work will focus on optimizing quantum circuits to meet hardware constraints such as limited
qubit counts, connectivity, and noise levels. Techniques such as circuit transpilation, qubit mapping,
and parameter freezing during inference could significantly reduce the computational costs and
enhance stability.

A long-term objective is the integration of quantum-enhanced models in edge-based or
cloud-assisted weather forecasting systems, particularly for early warning of convective hazards. By
offloading key inference components to quantum processors, we expect faster decision-making
pipelines in meteorological monitoring, especially when latency is critical.

The demonstrated robustness of quantum-enhanced learning suggests potential applications
beyond meteorology. Similar architectures could be transferred to domains such as climate modeling,
earthquake prediction, or flood forecasting, where noisy, high-dimensional, and dynamic data are
the norm.

In summary, the deployment of QCNNSs on quantum hardware represents a natural next step toward
operationalizing quantum machine learning for environmental science. While technical challenges
remain, the convergence of robust hybrid models and advancing quantum hardware offers an exciting
horizon for future innovation.
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7. Conclusions and future work

This study introduced an innovative hybrid approach for short-term forecasting of a rare extreme
weather phenomenon represented here by bow echo cloud formations. We compared three deep
learning architectures, CNN-LSTM, CNN-LSTM-Transformer, and quantum CNN-LSTM (QCNN),
using multi-source meteorological data (satellite imagery, CAPE fields, and lightning activity) from
the storm of August 18, 2022. The models were trained on data collected from 0500 to 0655 h, and
tested on the critical prediction window from 0700 to 0800 h, when the convective system formed and
intensified. =~ Among the key findings, the CNN-LSTM model achieved excellent perceptual
performance on clean inputs, with SSIM values reaching up to 0.98. However, it was highly sensitive
to Gaussian noise and adversarial perturbations. CNN-LSTM-Transformer, while theoretically
well-suited for temporal modeling, exhibited instability and strong variability, particularly in terms of
spatial coherence and Wasserstein distance. In contrast, QCNN-LSTM, integrating an 8-qubit
variational quantum circuit, demonstrated excellent stability across all metrics (RMSE, SSIM,
Wasserstein distance) under noisy conditions. More significantly, its enhanced version, the QCNN
lightning (10 qubits) based on the PennyLane lightning.qubit backend maintained not only high visual
and metric performance but also remarkable resilience to adversarial attacks. FGSM-based
perturbations with € = 0.15 produced no noticeable degradation, suggesting the architecture’s
potential for adversarially robust forecasting. These results underscore the promise of
quantum-enhanced neural networks in capturing compact, stable, and geometrically coherent
representations of convective storm systems, even under degraded conditions.

Future research directions

Two main research directions are proposed to extend this work:

1) Topological data analysis (TDA) on real bow echo cloud imagery from 0700 to 0800 h. TDA
will be used to extract robust topological descriptors (e.g., persistence diagrams, Betti numbers)
reflecting the geometry and dynamics of bow echo structures.

2) TDA of QCNN predictions. Building on the observed stability of the QCNN architectures,
particularly the lightning 10-qubit version, we aim to determine whether their predictions
preserve the topological invariants that are characteristic of convective systems. This will assess
the model’s ability not only to reproduce visible cloud formations but also to encode the deeper
dynamical and topological features crucial for anticipating extreme meteorological phenomena.
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