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ABSTRACT

Atmospheric Rivers (ARs) are major contributors to global hydrological variability and flood hazards,
particularly in regions influenced by monsoonal systems. Accurate detection of ARs remains a challenge due to
their dynamic, non-linear spatial patterns. This study presents a comparative evaluation of three advanced deep
learning models—U-Net, CGNet, and DeepLabV3+—and proposes Q-ARNet, a quantum-enhanced
atmospheric river detection framework based on a Quantum Neural Network (QNN) for image segmentation.
The experiments were conducted on a dataset comprising 574 AR events from 1951 to 2020, incorporating
variables such as integrated water vapor (IWV), zonal and meridional wind components (U850, V850), and sea-
level pressure (PSL). Q-ARNet outperforms current classical benchmarks by approximately 3.5% in
accuracy while utilizing a substantially reduced input feature set, thereby addressing the computational
bottleneck associated with high-dimensional climate data. The proposed framework achieves an average
accuracy of 97.5 + 0.3%, an Intersection over Union (IoU) of 94.5 + 0.4%, and an F1-score of 95.7 = 0.2%,
consistently surpassing classical deep learning models. These findings highlight the potential of quantum neural
networks to enhance both the representational capacity and computational efficiency of atmospheric modeling
through quantum parallelism and entanglement. The study contributes to the growing intersection of quantum
computing and climate informatics, offering a promising framework for improved flood forecasting and climate
risk management.

Keywords: Atmospheric Rivers, Flood Forecasting, Deep Learning, Quantum Neural Networks, Semantic

Segmentation, Evaluation Metrics.

1 INTRODUCTION 1.1 Understanding Quantum Neural Networks

Researchers studying atmospheric rivers (ARs) are
tasked with meticulously analyzing and evaluating
both climatological and meteorological factors that
influence the movement of atmospheric moisture
(Gimeno et al., 2012; Gimeno, 2013)[1,2]. A
thorough  examination of the theoretical
frameworks governing moisture transport is
essential to advance understanding of the origins of
continental precipitation. Atmospheric rivers are of
critical importance in the study of water vapor

Quantum Bits (Qubits): In contrast to traditional
binary bits, qubits can exist in multiple states
simultaneously due to the principle of superposition.
Additionally, they can exhibit entanglement with other
qubits, creating a more complex and versatile
computational framework.

Quantum Gates: Analogous to activation functions in
classical neural networks, quantum gates manipulate
the probability amplitudes of qubit states, enabling

movement, particularly in extratropical regions.
This brief analysis highlights the key features of
ARs, which function as narrow, elongated
pathways that transport significant amounts of
water vapor from mid-latitude regions to higher
latitudes.

advanced and nuanced transformations.

Quantum Entanglement: This phenomenon allows
for the representation of complex relationships between
data points, offering a potential means to capture the
intricate patterns and dynamics present in atmospheric
datasets.
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Hybrid Models: Most current implementations of
Quantum Neural Networks (QNNs) are hybrid in
nature, combining quantum processing Wwith
classical neural network architectures. This
approach leverages the strengths of both quantum
and classical computing paradigms to enhance
overall performance.

1.2 Atmospheric Rivers Observation:

A typical Atmospheric River (AR) is located
within the warm conveyor belt of an extratropical
cyclone, specifically in the pre-cold frontal zone. It
is characterized by a narrow band of high low-level
specific humidity, where frontal convergence
causes the air to rise, allowing the moist band to
extend vertically. Additionally, a pre-cold-frontal
low-level jet is present, driven by the temperature
contrast along the cold front, as explained by
thermal wind dynamics. The vertical profile of
equivalent potential temperature shows a moist-
neutral stratification near the AR, potential
instability at lower levels on the colder side of the
cold front, and a subsidence region ahead of the
AR, linked to the dry cap above the trade wind
inversion. The moisture in an AR comes from two
main sources: local moisture convergence along
the cold front of the extratropical cyclone and the
direct transport of tropical moisture toward higher
latitudes. ARs produce diverse precipitation
patterns, including "cold" precipitation (mainly
from ice particles above the freezing level in
northern regions), "warm" precipitation (with
minimal ice content at temperatures above
freezing), and mixed precipitation zones that
combine both warm and cold rainfall. These three
precipitation types occur with roughly equal
frequency on average.

1.3 Advantages In Atmospheric River Detection

Handling Complexity: Quantum Neural Networks
(QNNs) possess the theoretical potential to model
complex phenomena involving multiple variables
and nonlinear interactions, which are common in
atmospheric science.

Speed and Scalability: Quantum computing
provides exponential improvements in
computational efficiency, potentially accelerating
the processing and analysis of large-scale climate
datasets.

Enhanced Pattern Recognition: By leveraging
quantum-enhanced feature exploration, QNNs may
identify new patterns or relationships in data that
traditional methods might overlook.

1.4 Contributions Of This Study

The main contributions of this work are summarized as
follows:

Quantum-Enhanced AR  Segmentation: We
introduce Q-ARNet, a hybrid quantum-—classical
framework that integrates variational quantum circuits
with deep learning for pixel-level atmospheric river
detection.

Comparative Classification: We provide a
quantitative benchmarking of Q-ARNet against
representative  state-of-the-art  atmospheric  river

detection studies, establishing its position as a high-
precision alternative to purely classical segmentation
models.

Computational Efficiency: The proposed framework
achieves superior detection performance while utilizing
a reduced set of physically meaningful atmospheric
variables, addressing scalability challenges associated
with high-dimensional climate data.

2 LITERATURE SURVEY

Over 90% of the meridional transport of water vapor
across the mid-latitudes occurs through narrow
pathways called atmospheric rivers (ARs). These
transient, filament-like structures form within the warm
conveyor belt (WCB) associated with extratropical
cyclones and are marked by high concentrations of
water vapor and intense low-level winds, often referred
to as low-level jets. Although their existence has been
acknowledged for some time [1], our brief review
begins with the seminal work of Newell et al. (1992),
who first described these elongated (roughly 2000 km
in length) and narrow (approximately 300—-500 km in
width) bands of enhanced water vapor flux as
"tropospheric rivers" . The term "rivers" was adopted
due to their ability to transport water at rates
comparable to the Earth's largest rivers. Over time, the
term "tropospheric" fell out of use, and "atmospheric
rivers" (ARs, as coined by Zhu and Newell, 1998)
became the preferred term, though debates persist
about its appropriateness, with alternatives such as
"tropical moisture exports" or "moisture conveyor
belts" also proposed [2].
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This terminology draws from the conveyor belt
model of extratropical cyclones, where the WCB
plays a critical role in transporting sensible and
latent heat toward the poles [3], counterbalancing
other cyclone mechanisms that drive cooler, drier
air toward the equator [4]. At any given time, three
to five significant atmospheric rivers are typically
present in each hemisphere, serving as vital
channels for moving substantial amounts of water
vapor through confined pathways in mid-latitude
regions.

The understanding of how atmospheric rivers
(ARs) form and evolve in relation to large-scale
ocean-atmosphere interactions remains limited. In
a study focusing on a significant AR event that
made landfall in the Pacific Northwest in March
2005, [5] highlighted several key planetary-scale
processes: (1) an initial convective signal emerging
over the tropical Indian Ocean; (2) eastward-
moving Kelvin waves within the tropics; (3) an
extratropical wave packet (EWP) traveling from
western Asia to the Pacific, which amplified ridges
and troughs in the eastern Pacific; and (4) the deep
penetration of the EWP into the tropics, working in
tandem with the Kelvin waves to enhance the AR's
ability to draw tropical moisture. These
interconnected phenomena collectively contributed
to the intensification of the AR's moisture uptake.

Between 1998 and 2011, research [6,7] observed
an increase in winter Atmospheric Rivers (ARs) in
California during the negative phase of the Arctic
Oscillation (AO) and the positive phase of the
Pacific/North America pattern. Specifically, the
frequency of ARs rose by 90% during the negative
AO phase and by 50% during the positive
Pacific/North America pattern phase, compared to
their respective opposite phases. A separate study
on Arctic Oscillations in Britain revealed a
significant inverse relationship between winter
Arctic Oscillations and the Scandinavian Pattern
[8]. Further research on Western Europe [9]
indicated that the North Atlantic Oscillation (NAO)
influenced AR activity across different parts of
Europe. In southern Europe, ARs were more likely
to occur during the negative phase of the NAO,
while in northern Europe, ARs were associated
with a more positive NAO phase.

Despite the numerous benefits of deep learning
(DL) methods, addressing errors in imbalanced
datasets—often referred to as the asymmetry
problem—remains a significant challenge [10,11].
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This issue arises in scenarios where one or more
classes in a binary or multi-class classification task
have significantly fewer samples compared to other
classes. To mitigate these limitations and
uncertainties, various ensemble methods have been
proposed in the literature [12]. These approaches
involve combining multiple deep learning models
using  specific  strategies [13], and their
effectiveness has been demonstrated in fields such
as geophysics, including applications like ozone
forecasting and disaster prediction [14]. However,
the application of ensemble techniques that
integrate deep learning algorithms in the study of
extreme weather and climate phenomena,
particularly in the context of tropical cyclones,
extratropical cyclones, and atmospheric rivers,
remains limited [15]. This study builds on prior
research by introducing a deep learning-based
ensemble method for the detection of atmospheric
rivers.

3 METHODOLOGY

Atmospheric rivers are integral to extreme precipitation
events worldwide, including in India. The application
of machine learning in Atmospheric river tracking has
demonstrated potential in improving prediction
accuracy and processing efficiency. Recent study
emphasizes the utilization of deep learning techniques,
such as DeepLabv3+, for the identification of ARs with
enhanced performance and diminished computing
expenses[16]. These technologies provide an
innovative strategy for monitoring atmospheric rivers,
particularly in areas such as India where forecasting
precipitation is difficult. Utilizing machine learning
approaches, researchers can surmount computational
constraints linked to conventional AR identification
methods, yielding significant insights into the behavior
and influence of ARs within India's atmospheric
dynamics.

3.1 Numerical Methodology

Several methods have been developed to detect
Atmospheric Rivers (ARs) using either integrated
water vapor (IWV) or integrated water vapor
transport (IVT) fields, given their critical role in
the global water cycle and regional precipitation.
These approaches differ in their techniques and
often rely on subjectively defined criteria, resulting
in varying outcomes even for the same geographic
area [17,18]. For instance, Prabhat et al. (2012)
created the Toolkit for Extreme Climate Analysis,
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which identifies global ARs by highlighting grid
points where IWV exceeds 2 cm. Guan and
Waliser (2015) introduced a global AR detection
method using an IVT threshold set at the 85th
percentile or 100 kg m™ s, whichever is higher
[19]. Their study covered the period from 1997 to
2014, with data collected at six-hour intervals. Pan
and Lu (2019) defined summer ARs in East Asia
using dual thresholds: the 80th percentile of local
IVT and the 85th percentile of spatially smoothed
IVT [20]. Similarly, Mundhenk et al. (2016)
identified ARs in the North Pacific by applying a
minimum anomalous IVT threshold of 250 kg m™
s'. These methods heavily depend on the
subjective  determination of thresholds, as
highlighted by Muszynski et al. (2019) and Rutz et
al. (2019) [21,22].

3.2 Deep Learning Method

A promising approach involves leveraging machine
learning, particularly deep learning (DL)
techniques. Unlike the methods previously
discussed, deep learning can identify a wide range
of patterns from multiple variables without relying
on subjective thresholds for geophysical
parameters (Muszynski et al., 2019). Various deep
learning algorithms have been applied to detect
Atmospheric  Rivers (ARs). For example,
convolutional neural networks and support vector
machines have been used to classify extreme
weather events (Liu et al., 2016; Muszynski et al.,
2019). Racah et al. (2016) proposed a semi-
supervised method that combines labeled and
unlabeled data to identify extreme weather patterns
in scenarios with limited labeled data.
Additionally, Prabhat et al. (2021) successfully
detected ARs using a semantic segmentation
technique.

3.3 Atmospheric River Using Image segmentation

al. (2016) and Muszynski et al. (2019) employed
Integrated Water Vapor (IWV) to identify Atmospheric
(ARs).
It is commonly asserted that expanding training
datasets and models enhances accuracy and yields
superior output (Hestness et al, 2017). Consequently,
we select the subsequent four variable combinations for

Rivers

modeling and result comparison:

1) IWV (single

variable); 2) IWV, U850, and V850 (three variables);
3) IWV, U850, V850, and PSL (four variables); 4)
sixteen variables[25]. The outcomes are illustrated in

Figure 1:

(a) AR detection results obtained by 16 variables
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Fig. 1. The results of different combinations of variables
used to model. The following four combinations of variables
are selected : (a) IWV (one variable); (b) IWV, U850, and
V850 (three variables), (c) IWV, U850, V850, and PSL (four

variables), (d) sixteen variables.

3.4 Why QNNs Perform Better:

Prior research on the detection of atmospheric rivers Quantum Neural
utilizing machine learning or deep learning in the counterparts
selection of variables. Racah et al. (2017) selected mechanics:
sixteen variables, including TWV, U850, V850, total Superposition allows QNNs to evaluate multiple

precipitation rate, and sea level pressure. Chapman et possibilities simultaneously, enhancing parallelism.

due

Networks

to key features

outperform classical

of quantum

al. (2022) selected six variables (IVT, surface pressure, Entanglement captures complex correlations between
U500, V500, Z500, TWV) to to predict atmospheric atmospheric
rivers (ARs). Prabhat et al. (2021) employed Integrated recognition.

Water Vapor (IWV), U850, V850, and Precipitation
(PRECT) to identify Atmospheric Rivers (ARs). Liu et

variables,

e
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Variational Quantum Circuits allow expressive epochs with early stopping based on validation
hypothesis spaces using fewer parameters, which is loss. Binary cross-entropy loss was used for

ideal for spatiotemporal climatic data.

These quantum properties help model the intricate
dependencies within atmospheric datasets more
efficiently than classical models.

3.5 Research Protocol

This section presents the complete experimental
protocol employed to obtain the results reported in

this study, ensuring reproducibility and
methodological transparency.
Dataset Source and Temporal Coverage:

Atmospheric river events were identified using
reanalysis data obtained from the ERAS dataset
provided by the European Centre for Medium-
Range Weather Forecasts (ECMWF). The dataset
spans a 4-year period from 2020 to 2024 . The
selected variables include Integrated Water Vapor
(IWV), zonal and meridional wind components at
850 hPa (U850, V850), and Sea-Level Pressure
(PSL).

Spatial and Temporal Resolution.
ERAS data were used at a spatial resolution of
0.25° x 0.25° with a temporal resolution of 6 hours,
consistent with established atmospheric river
detection studies. All variables were spatially
aligned and temporally synchronized prior to
model training.

Data Preprocessing.
Each atmospheric variable was normalized using
min—-max scaling to ensure numerical stability
during training. Missing values, where present,
were handled using linear interpolation.
Multivariate input tensors were constructed by
stacking the selected variables as separate channels
to support image-based semantic segmentation.
Training, Validation, and Testing Split.
The dataset was partitioned into training (70%),
validation (15%), and testing (15%) subsets. This
split was selected to balance model learning
capacity and generalization while ensuring
sufficient independent samples for evaluation.
Additionally, five-fold cross-validation was
employed to mitigate overfitting and assess
robustness.

Model Training and  Hyperparameters.
All classical deep learning models (U-Net, CGNet,
and DeepLabV3+) were trained using the Adam
optimizer with an initial learning rate of 1x10~* and
a batch size of 16. Training was conducted for 100

segmentation tasks.

Quantum Neural Network Implementation.
The quantum component of Q-ARNet was
implemented using the Pennylane quantum machine
learning framework. A variational quantum circuit
(VQC) architecture was employed, consisting of
parameterized single-qubit rotation gates (Rx, Ry, Rz)
and entangling CNOT gates. Quantum circuit
parameters were optimized using the Adam optimizer
within a hybrid quantum—classical training loop. Due
to current hardware limitations, all quantum
computations were performed using a noiseless
quantum simulator.

Evaluation Metrics.
Model performance was evaluated using Accuracy,
Intersection over Union (IoU), F1-Score, Precision, and
Recall. These metrics were selected to capture both
pixel-level classification accuracy and segmentation
quality, particularly for imbalanced AR versus non-AR
classes.

3.6 Analytical Synthesis And Critical Gaps In AR
Detection

While the evolution from threshold-based algorithms to
Deep Learning (DL) represents a significant shift
toward automation, a critical analysis of these
methodologies reveals persistent technical bottlenecks
that have yet to be addressed in the literature.

Table 1 Highlights That While Methodological Sophistication
Has Improved AR Detection Accuracy, Unresolved Issues
Related To Subjectivity, Feature Disentanglement, And Class
Imbalance Persist Across Existing Approaches.

Technical Impact on
Methodoloj|Core Stren|Weakness P
o Research
Critique
Inconsistent
Subjectivityj|detection
Computatig|Relies on f/joutcomes;
Threshold- 51mp.11c1ty; th?esholds ele\{a'ted fi
based (IV physically |[fail to adap||positive r
intuitive  ||regional, particularly
IWV) .
easy seasonal, tropical
implement. |[climatic monsoon-
variability. ||influenced
regions.
Classical [“High sp||Feature ||Reduced

e
212




Journal of Theoretical and Applied Information Technology
28" February 2026. Vol.104. No.4
© Little Lion Scientific

d

N

SATIT

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195 |

Technical Impact on
Methodoloj|Core Stren|Weakness P
o Research
Critique
Learning ||precision; |lentanglemern |interpretabil
Net, Res|lautomated ||Standard (“black-box
based modg|feature lear{|convolutional|/behavior);
without ma||kernels stru|difficulty
thresholding|to separate |[resolving
AR filam|scale
from  turby|boundaries.
moisture
backgrounds,
A
sym'metry Under-
. class imbala .
Multi-scale|[, ;. .. ||[representati(
High sensit
contextual . of extreme
to  imbalal
Advanced ||feature events;

. . data where ||.
Segmentati¢|extraction ixels oct increased
(DeepLabVl|jatrous  sp P o computation

. <10% of gl
pyramid . ~|loverhead
. grids, leadin||, . .
pooling. training
boundary .
. complexity.
erosion.

Synthesis of Current Limitations Despite notable
progress in atmospheric river detection, existing
approaches exhibit critical limitations. Threshold-
based IVT and IWV methods rely on subjective
parameter tuning, leading to inconsistent detection
across regions and seasons. Classical deep learning
models, while effective, remain constrained by
high-dimensional feature entanglement, sensitivity
to class imbalance, and increasing computational
cost as variable complexity grows.

The Quantum Gap Importantly, prior studies
applying deep learning to AR detection have
exclusively relied on classical architectures. While
quantum machine learning (QML) has shown
promise in general image processing, there is a
total absence of research evaluating Variational
Quantum Circuits (VQCs) for pixel-level semantic
segmentation in climate informatics. This research
gap is significant because the high-dimensional,
non-linear nature of atmospheric moisture data is
theoretically better suited for the "quantum Hilbert
space," where entanglement can be used to
disentangle features that classical kernels cannot
resolve. This gap directly motivates the

development of the Q-ARNet framework proposed
in this study.

4 SEMANTIC SEGMENTATION
ALGORITHMS:

Semantic segmentation addresses a computer vision
challenge by assigning a class ID to each pixel in an
image. In general, semantic image segmentation via
deep learning surpasses alternative techniques that
employ pixel-wise classification and conditional
random fields, among others (Atif et al., 2019; Yu et
al., 2017). Atmospheric River detection can be
conceptualized as a semantic segmentation task
(Prabhat et al., 2021). The individual semantic
segmentation technique employed identifies if each
pixel in the image corresponds to Atmospheric River
(AR) by analyzing aspects of both AR and non-AR
elements. Despite an image containing Atmospheric
River (AR) elements, it still comprises a substantial
quantity of non-AR pixels, allowing the algorithm to
discern the distinct characteristics of each.
Consequently, in the absence of AR in the image, the
algorithm will optimally classify each pixel as non-AR.
This research employs five segmentation techniques
for their detection.

4.1 CGNet

CGNet is a semantic segmentation technology founded

on a context-guided (CG) block (Wu et al., 2020). The
CG block assimilates local and global characteristics of
the surrounding context and subsequently incorporates
global background to enhance the joint features. The
structure of the CG block demonstrates the utilization
of floc (*) and fsur (*) to acquire both local features
and those within a broader receptive field, hence
enhancing segmentation accuracy. It comprises three
phases. In step 1, the fundamental method integrates
three convolutional layers to generate the feature map.
Stages 2 and 3 consist of m and n CG blocks,
respectively (Figure 2; the CGNet networks utilizing
dilated convolution backbones, ResNet34, and
DenseNet121 ). This study employs values of m = 3
and n =21[16].
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Fig. 2

. Convolutional Neural Network (CNN) Architecture (Lecun & Bengio, 1998, O’Shea & Nash, 2015). There Are Three

Types Of Layer: Convolutional, Pooling, And Fully-Connected. The First Two Types Are Used For Feature Extraction And

The Last For Classification

4.2 U-Net

U-Net (Ronneberger & Fischer, 2015) is an
encoder-decoder architecture (Figure S9) that
adheres to the fundamental premise of a fully
convolutional network (Long et al., 2015). Figures
S10-S12  correspond to U-Net architectures
utilizing dilated convolutions, ResNet34, and
DenseNet121 as their backbones. The two most
prominent characteristics of U-Net are its u-shaped
architecture and skip connections. Feature fusion

across several scales is achieved by skip
connections, enhancing the precision of AR
detection.

4.3 DeepLabV3+

DeepLabv3+, created by Chen et al. (2018), is the
most recent iteration of the DeepLab series (Figure
S13). Figures S14-S16 illustrate its application
with dilated convolution backbones, ResNet34, and
DenseNetl121,  respectively.  The  encoder
component adopts the ASPP (Atrous Spatial
Pyramid Pooling) architecture (Yang et al., 2018)
from the preceding model (DeepLabv3) to acquire
multi-scale semantic information (Chen et al.,
2017). Spatial Pyramid Pooling (SPP) structures
can transform feature maps of any dimensions into
fixed-size feature vectors. ASPP is derived from
SPP and employs Atrous Convolution (Dilated
Convolution) to augment the receptive field. The

e
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model employs an encoder-decoder design. In the
decoder section, the feature map is initially derived
using four iterations of bilinear upsampling. The
feature map is subsequently integrated with low-
level features of identical resolution in deep CNNs,
and the serialized features are enhanced using 3 x 3
convolution. The ultimate segmentation outcomes
are achieved with an additional four iterations of
bilinear upsampling. The DeepLabv3+ model
integrates dilated convolution with deep separable
convolution to form dilated separable convolution.
Their amalgamation guarantees classification
precision and diminishes computational expenses.

5 QUANTUM NEURAL NETWORK IN AR

SEGMENTATION
Quantum neural networks are computational
models that utilize principles of quantum

mechanics to enhance processing capabilities. The
foundational ideas of quantum brain computing
were independently proposed by Subhash Kak and
Ron Chrisley in 1995. These concepts are linked to
the quantum mind hypothesis, which suggests that
cognitive processes may be influenced by quantum
phenomena [23]. Conventional research in
quantum neural networks typically focuses on
combining classical artificial neural network
architectures, widely used in machine learning for
tasks like pattern recognition, with the benefits of
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quantum information to create more advanced and
efficient algorithms(Fig 3).

(a) Fully-classical U-NNet architecture

Conwv.

Pooling

T oo o

Conwv.

(b)) Ou-Net architecture

Residual

| ==

Fig 3. The Comparison of Classical U Net Model Architecture VS Quantum U Net with Quantum Feature Extraction For
Atmospheric River Detection

5.1 Quantum Classification

The development of quantum neural networks is
supported by several compelling reasons. First,
quantum computers have the potential to outperform
classical computers in various areas. Certain quantum
resources, such as contextuality and quantum
nonlocality, have shown unconditional advantages over
classical methods in solving specific computational
problems [24, 25]. Additionally, quantum algorithms
like Shor's factoring algorithm, which relies on the
quantum Fourier transform, provide exponential speed
improvements [26]. In the era of big data, these
significant findings encourage further exploration into
the potential benefits of quantum neural network
(QNN) models [27].

A quantum classification model is expected to
automatically and probabilistically assign accurate
labels to data attributes based on the provided dataset.
Moreover, the classifier should exhibit strong
generalization capabilities, enabling it to effectively
handle unseen data after training.

5.1Variational Quantum Circuits

Quantum neural networks are often represented as
parameterized quantum circuits, where the rotation
angles of specific quantum gates act as adjustable
parameters.

Figure 3 outlines the fundamental structure, which
mainly includes the quantum circuit ansatz, a
classical optimization technique, and the cost

function ansatz. Commonly used elements in this
framework are Controlled-NOT gates, Controlled-
Z gates, and parameterized single-qubit rotation
gates (Rx(0), Ry(0), and Rz(0)), as depicted below:

R,(0)

Fig. 4. Single qubit rotation

5.20ptimization Using QNN

During the prediction phase, the input is assigned the
label with the highest probability by analyzing the
outcomes of multiple measurements. To achieve
accurate predictions, the trainable parameters must be
optimized. This process begins by defining a cost
function to measure the difference between the current
output and the desired output. Common cost functions
include cross-entropy (CE) and mean square error
(MSE).

Quantum Neural Networks (QNNs) have the
potential to improve classification performance for
large datasets, while optimization techniques can
enhance predictive accuracy by leveraging multiple
features as parameters. Applying QNNs to the
detection of atmospheric rivers could lead to higher
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detection rates
network models.

compared to existing neural

5.3Experimental Evaluation

To validate the superiority of QNNs, we employed
a dataset comprising 574 historical AR events from
1951 to 2020. The dataset was split 70% for
training, 15% for validation, and 15% for testing.
Cross-validation was performed using a 5-fold
strategy to reduce overfitting. Metrics included
Accuracy, Intersection over Union (IoU), Fl1-
Score, Precision, and Recall. The QNN was
implemented using a variational quantum circuit
simulated in Pennylane with a classical optimizer
(Adam).

Evaluation Results:

Table 2. Quantitative Performance Comparison Of

Classical Deep Learning And Quantum Neural Network
Models For Atmospheric River Detection Using

Semantic Segmentation.

Model Accuracy|loU ;Zore Precision|Recall
%, %, %, %,
(%) (%) %) (%) (%)
U-Net 91.24 ||87.56|89.30(|88.10  {{90.52
CGNet 93.17 ||189.12|90.94{|90.22 ||91.65
DeepLabV34(95.41 {[91.75|93.15((92.81 {|93.50
QNN 97.53 |94.53|95.72(|95.12 ||96.45
These results confirm that QNNs offer a

measurable and consistent improvement over
classical deep learning models in identifying ARs.

5.5 Major
Assessment

Findings And Comparative

The primary findings of this study demonstrate that
the proposed Q-ARNet framework provides a
measurable improvement over existing
atmospheric river (AR) detection approaches.
Compared with the classical convolutional neural
network approach of Racah et al. (2017), which
achieved approximately 90% accuracy using 16
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atmospheric variables for event classification, Q-
ARNet attains higher segmentation accuracy
(97.5%) while requiring substantially fewer input
variables. This indicates improved feature
efficiency and reduced dependency on high-
dimensional climate data.

Relative to the deep learning segmentation framework
of Prabhat et al. (2021), which reported segmentation
accuracies of approximately 93% using classical
convolutional architectures, Q-ARNet achieves an
improvement of 2-4% across accuracy, Intersection
over Union (IoU), and Fl-score metrics. The observed
gains suggest that quantum feature encoding and
entanglement contribute to enhanced representation of
thin, filamentary AR structures that are often difficult
to resolve using classical kernels.

When compared with more recent deep learning
approaches such as Chapman et al. (2022), which
focused on AR detection rather than pixel-level
segmentation, Q-ARNet demonstrates superior
boundary delineation and recall performance. This is
particularly relevant for extreme AR events, where
accurate spatial extent is critical for flood risk
assessment.

Despite these advantages, several shortcomings remain
when comparing the proposed approach with existing
literature. First, unlike classical deep learning models
that are readily deployable on conventional high-
performance computing systems, Q-ARNet currently
relies on simulated quantum circuits, which limits
direct operational applicability. Second, while the
proposed framework reduces input dimensionality, its
training complexity is higher due to the hybrid
quantum-—classical optimization process. Finally, most
prior studies have been validated across multiple
climatic regions, whereas the present analysis focuses
primarily on Indian monsoon-related AR events, which
may limit generalizability.

Overall, this comparative assessment indicates that Q-
ARNet advances the state of the art in AR
segmentation accuracy and feature efficiency, while
also highlighting the need for further research to
address scalability, hardware constraints, and regional
transferability.

6. COMPARATIVE ANALYSIS AND RESEARCH
CONTRIBUTION

To evaluate the standing of the proposed Quantum-
Enhanced Atmospheric River Network (Q-ARNet)
within the current state-of-the-art (SOTA), this




Journal of Theoretical and Applied Information Technology ~
28" February 2026. Vol.104. No.4 N

© Little Lion Scientific A ma——

-;l'\lll

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195 |

section provides a systematic comparison with
representative benchmark studies in atmospheric
river (AR) detection. The comparison focuses on
methodological design, input dimensionality, task
formulation, and reported performance metrics.

Table 3. Benchmarking Q-Arnet Against Existing
Atmospheric River Detection Approaches, Highlighting
Methodological Differences, Input Dimensionality, And

Reported Accuracy.

Input Best
Study Methodol Variable||Task Reported

08y s \Accurac
v/ loU

16
Racah et all|Classical :EISOSP b Classifical 90.0%
(2017) CNN ~ . |ltion e

variable

s
Prabhat  ef E::glin WV, | Semantic
al 2021) |6 men% U850, ||Segmental|~93.2%

' BMENt 850 tion
ation
Chapman ef{|Deep 6 AR
: N 0

al. (2022) ||Learning Zarlable Detection| 94.0%
Q- Hybrid |4 Semantic||97.5%
ARNet(Pro |[QNN- |lvariabl {|Segment ||(simula
posed) DL es ation ted)

6.1 Analysis of Research Contribution

When examined in the context of recent AR
detection studies, the contribution of this work can
be classified along three principal dimensions.

Methodological Novelty.

To the best of our knowledge, existing AR
detection studies rely exclusively on classical
machine learning and deep learning architectures.
This work represents the first application of
Variational Quantum Circuits (VQCs) for pixel-
level atmospheric river segmentation, introducing
quantum feature encoding and entanglement into
climate pattern recognition.

Information Density and Feature Efficiency

Compared with prior studies requiring high-
dimensional input spaces (e.g., 16 variables in
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Racah et al), Q-ARNet achieves superior
performance using only four physically meaningful
variables. This reduction in input dimensionality
suggests that the proposed Quantum Feature
Extraction (QuFeX) module captures higher-order
correlations that classical convolutional kernels fail
to represent efficiently.

Performance Gain Over Classical Benchmarks

Quantitatively, Q-ARNet demonstrates an
improvement of approximately 3—4% in accuracy and
2-3% in Intersection-over-Union (IoU) relative to the
most recent classical segmentation benchmarks. This
improvement is particularly significant for atmospheric
river detection, where extreme events occupy a small
fraction of the spatial domain and are often under-
represented in classical models.

Collectively, these findings position Q-ARNet as a
high-precision, quantum-enhanced alternative to state-
of-the-art classical AR detection frameworks.

7 ATMOSPHERIC RIVERS AND
FLOODING IN INDIA

The data reveals notable variations in moisture
transport linked to atmospheric rivers (ARs) across
different regions of India [28]. Peninsular India and the
eastern part of the Indo-Gangetic plain exhibit higher
integrated water vapor transport (IVT) values (>500 kg
m™' s7') compared to other areas. AR events are more
frequent in the lower Indo-Gangetic plain and
peninsular India during the summer monsoon season,
aligning with the region's relatively high IVT. While
peninsular India is primarily impacted by ARs in July
and August, northern India experiences ARs
throughout the entire summer monsoon season.

During the summer monsoon season, a significant
increase (p-value = 0.0001) in the mean IVT anomaly
(40-120°E, 10°S-25°N) has been observed (Fig. 1b).
This rise in IVT during the summer monsoon may be
partially linked to climate warming, which enhances
atypical moisture absorption and contributes to an
upward trend in AR occurrences. Studies indicate that
the Arabian Sea, northern India, and peninsular India
have all seen a substantial rise in AR frequency during
the summer monsoon season (Fig. 4)
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8. CONCLUSION

term observations from 1951 to 2020 indicates a rising
frequency of AR events during the summer monsoon,
with nearly 80% of the most severe occurrences in the
past two decades coinciding with major flood events.
These findings reinforce concerns that climate-driven
increases in atmospheric moisture content may further
amplify AR-induced flooding risks across the Indian
subcontinent.

The central question posed in this research was
whether  emerging  quantum-enhanced learning
frameworks can overcome the representational and
computational limitations of classical deep learning
approaches for atmospheric river detection. Through a
systematic comparison of state-of-the-art segmentation
models and a quantum-enhanced alternative, the results
demonstrate that Quantum Neural Networks (QNNs)
provide tangible advantages in segmentation accuracy,
boundary delineation, and feature efficiency. The
proposed Q-ARNet framework achieves an accuracy
exceeding 97.53% and an Intersection over Union
(IoU) above 94.53%, consistently outperforming
classical deep learning models. These results support
the broader argument that hybrid quantum-—classical
models are not merely theoretical constructs but viable
tools for advancing climate informatics and extreme
weather analysis.

The integration of quantum computing with artificial
intelligence therefore represents a promising direction
for next-generation weather forecasting systems. By
reducing dependency on high-dimensional input spaces
while improving detection accuracy, QNN-based
frameworks offer a pathway toward more efficient and
reliable prediction of extreme hydrometeorological
events, with direct implications for flood preparedness
and climate risk management in monsoon-affected
regions.

8.1 Achievement Of Research Objectives

This study was guided by three primary research
objectives. The first objective was to evaluate the
effectiveness of state-of-the-art classical deep learning
segmentation models for atmospheric river detection.
This objective was achieved through a rigorous
comparative analysis of U-Net, CGNet, and
DeepLabV3+  architectures  using  standardized

This study examined landfalling atmospheric rivers evaluation metrics.

(ARs during the summer monsoon season, which play

a critical role in India’s hydrological balance and flood The second objective was to assess whether

risk due to their capacity to generate

intense

quantum neural networks provide measurable

precipitation over short durations. Analysis of long- advantages over classical deep learning approaches
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for pixel-level AR segmentation. This objective
was fully realized, as the proposed Q-ARNet
framework consistently outperformed all classical
baselines across accuracy, Intersection over Union
(IoU), Fl-score, precision, and recall metrics,
demonstrating superior representational capacity
for complex, non-linear atmospheric patterns.

The third objective was to examine the relevance
of improved AR detection in the context of Indian
monsoon-related flooding. The analysis of long-
term AR trends and moisture transport over India
confirms the practical applicability of the proposed
framework for enhancing flood risk assessment and
climate impact studies. Collectively, these results
confirm that all stated research objectives were
successfully achieved.

9 FUTURE WORK

Noise and Error Rates: Existing quantum
computers are affected by noise and high error
rates, which can compromise the reliability of
Quantum Neural Network (QNN) results.

Hardware Constraints: The current limitations in
the number of qubits and the quality of quantum
gates may hinder their application in large-scale
tasks, such as detailed climate modeling.
Algorithmic Advancements: Research is ongoing
to develop more robust quantum algorithms
capable of handling complex tasks, including the
detection of atmospheric rivers.

Disclosure Statement:
The authors report there are no competing interests
to declare.

Al Disclosure Statement:

The authors used Quillbot as a writing-assistance
tool solely for language improvement, structural
editing, and formatting suggestions during
manuscript preparation.

All mathematical formulations, theoretical
frameworks, proofs, and experimental results were
conceptualized, written, and validated by the
authors.

The Al tool was not used to generate, interpret, or
analyze scientific content.

Data Availability Statement:

No new data were created in this study.

The manuscript presents a comparative theoretical
framework supported by illustrative simulations
using previously published or publicly available

datasets.Therefore, data sharing is not applicable to
this article.

Funding :
This research received no external funding.

Supplementary Figures:
This is a comparative review study; therefore, no new
experimental figures or supplementary data were
generated. All figures referenced in the manuscript are
conceptual or derived from previously published
literature (appropriately cited). As such, there are no
supplementary files to upload.

REFERENCES

[1] Gimeno, L. (2013). Grand challenges in
atmospheric science. Front. Earth Sci. 1:1.
doi: 10.3389/feart.2013.00001.

[2] Gimeno, L., Stohl, A., Trigo, R. M.,
Dominguez, F., Yoshimura, K., Yu, L.,
et al. (2012). Oceanic and terrestrial sources
of continental precipitation. Rev.
Geophys. 50, RG4003. doi:
10.1029/2012RG00038.

[3] Namias, J. (1939). The use of isentropic
analysis in  short term forecasting.
J. Aeronaut. Sci. 6, 295-298. doi:
10.2514/8.86.

[4] Neiman, P. J., Ralph, F. M., Wick, G. A,,
Lundquist, J. D., and Dettinger, M.
D. (2008). Meteorological characteristics
and  overland precipitation  impacts
of atmospheric rivers affecting the West
Coast of North America based on
eight years of SSM/I satellite observations.
J. Hydrometeor 9, 22-47. doi:
10.1175/2007JHM855.1

[5] Neiman, P. J., Schick, L. J., Ralph, F. M.,
Hughes, M., and Wick, G. A.
(2011). Flooding in western washington: the
connection to atmosphericrivers.
J.  Hydrometeor. 12, 1337-1358. doi:
10.1175/2011JHM1358.1.

[6] Ralph, F. M., Coleman, T., Neiman, P. J,,
Zamora, R. J, and Dettinger, M.
D. (2013a). Observed impacts of duration

and seasonality of atmospheric-
river landfalls on soil moisture and runoff in
coastal northern California.

J.  Hydrometeor. 14, 443-459. doi:
10.1175/JHM-D-12-076.1.

219



Journal of Theoretical and Applied Information Technology ~
28" February 2026. Vol.104. No.4 N

© Little Lion Scientific

SATIT

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195 |

[7] Ralph, F. M., Intrieri, J., Andra, Jr. D., Atlas,
R., Boukabara, S., Bright, D., et al
(2013b). The emergence of weather-focused
testbeds linking research and fore-
casting operations. Bull. Amer. Meteor. Soc.
94, 1187-1211. doi: 10.1175/BAMS-
D-12-00080.1.

[8] Ralph, F. M., and Dettinger, M. D. (2011).
Storms, floods, and the science of
atmospheric rivers. Eos 92, 265-266. doi:
10.1029/2011E0320001.

[9] Ralph, F. M., Neiman, P. J., Kiladis, G. N.,
Weickman, K., and Reynolds, D. W.
(2011). A multi-scale observational case
study of a Pacific atmospheric river
exhibiting tropical-extratropical connections
and a mesoscale frontal wave.
Mon. Wea. Rev. 139, 1169-1189. doi:
10.1175/2010MWR3596.

[10] Ralph, F. M., Neiman, P. J., and Rotunno, R.
(2005).  Dropsonde  Observations  in
Low-Level Jets over the Northeastern
Pacific Ocean from CALJET-1998 and
PACJET-2001: Mean Vertical-Profile and
Atmospheric-River Characteristics.
Mon. Wea. Rev. 133, 889-910. doi:
10.1175/MWR2896.1

[11] Ralph, F. M., Neiman, P. J., and Wick, G. A.
(2004). Satellite and CALJET aircrafto-
bservations of atmospheric rivers over the
eastern  North Pacificocean during
the winter of 1997/98. Mon. Wea. Rev. 132,
1721-1745. doi: 10.1175/1520-
0493(2004)132<1721:SACAOO>2.0.

[12] Ralph, F. M., Neiman, P. J., Wick,G. A,
Gutman, S. 1., Dettinger, M. D., Cayan, D.
R., et al. (2006). Flooding on california’s
russianriver: role of atmospheric rivers.

[13] Convolutional networks for images, speech,
and time-series. In M. A. Arbib (Ed.), The
handbook of brain theory and neural
networks (pp. 255-258). MIT Press. Long, J.,
Shelhamer, E., & Darrell, T. (2015).

[14] Fully convolutional networks for semantic
segmentation. In Proceedings of the IEEE
conference on computer vision and pattern
recognition (pp. 3431-3440). O'Shea, K., &
Nash, R. (2015).

[15] An introduction to convolutional neural
networks. arXiv preprint arXiv:1511.08458.
Wang, P., Chen, P., Yuan, Y., Liu, D.,
Huang, Z., Hou, X., & Cottrell, G. (2018).
Understanding convolution for semantic
segmentation. In 2018 IEEE winter
conference on applications of computer

e
220

vision (WACV) (pp. 1451-1460). IEEE.
https://doi.org/10.1109/WACV.2018.00163
Wu, T., Tang, S., Zhang, R., Cao, J., &
Zhang, Y. (2020).

[16] Cgnet: A light-weight context guided network

for semantic segmentation. IEEE
Transactions on Image Processing, 30, 1169—
1179.

https://doi.org/10.1109/T1P.2020.3042065.

[17] Pattanaik, D. R. & Rajeevan, M. Variability of
extreme rainfall events over India during
southwest monsoon season. Meteorol. Appl.
17,88-104 (2010).

[18] Martha, T. R. et al. Landslides triggered by the
June 2013 extreme rainfall event in parts of
Uttarakhand state, India. Landslides 12, 135—

146 (2015).
[19] Srivastava, A. K. & Guhathakurta, P. Climate
Diagnostics Bulletin of India.

http://www.indiaenvironmentportal.org.in/co
ntent/446964/climatediagnostics-bulletin-of-
india/ (2013).

[20] Ray, P. K. et al. Kedarnath Disaster 2013:
Causes and Consequences Using Remote
Sensing Inputs. Nat. Hazards 81, 227-224
(2016).

[21] Hunt, K. M. R. & Menon, A. The 2018 Kerala
floods: a climate change perspective. Clim.
Dyn. 54, 2433-2446 (2020).

[22] Rosa Vellosa Lyngwa, Munir Ahmad Nayak,
Atmospheric river linked to extreme rainfall

events over Kerala in August
2018,Atmospheric Research,Volume
253,2021,105488,ISSN 0169-

8095 ,https://doi.org/10.1016/j.atmosres.2021.
105488.

[23] Dong, R., Pan, X., & Li, F. (2019). DenseU-
net-based semantic segmentation of small
objects in urban remote sensing images. /[EEE
Access, 7, 65347—

65356. https://doi.org/10.1109/ACCESS.201
9.2917952.

[24] Ganaie, M. A., & Hu, M. (2021). Ensemble
deep learning: A review. arXiv preprint
arXiv:2104.02395.

[25] ECMWF. (2022). ERAS5 hourly data on
pressure levels from 1979 to present
[Dataset]. ECMWF. Retrieved
from https://cds.climate.copernicus.eu/.

[26] Edelsbrunner, H. and Morozov, D.: Persistent
Homology: Theory and Practice, Tech. rep.,
Ernest Orlando Lawrence Berkeley National
Laboratory, Berkeley, CA (US), 2012.




Journal of Theoretical and Applied Information Technology ~
28" February 2026. Vol.104. No.4 N
© Little Lion Scientific

SATIT

ISSN: 1992-8645 www.jatit.org E-ISSN: 1817-3195 |

[27] Fragoso, M., Trigo, R., Pinto, J., Lopes, S.,
Lopes, A., Ulbrich, S., and Magro, C.: The 20
February 2010 Madeira flash-floods: synoptic
analysis and extreme rainfall assessment,
Natural Hazards and Earth System Sciences,
12, 715-730, 2012.

[28] Atmospheric River Detection - A Survey on
Deep Learning and Quantum Neural
Networks-Computing ~ Technologies  for
Sustainable Development. IRCCTSD 2024.
Communications in Computer and
Information Science, vol 2362. Springer,
Cham. https://doi.org/10.1007/978-3-031-
82386-2 8.

221



