© 2026 JETIR March 2026, Volume 13, Issue 3 www.jetir.org (ISSN-2349-5162)

JETIR.ORG
JOURNAL OF EMERGING TECHNOLOGIES AND

INNOVATIVE RESEARCH (JETIR)

An International Scholarly Open Access, Peer-reviewed, Refereed Journal

Quantum Machine Learning for
Rainfall Forecasting

S.Annapoorani,* Dr. A.Kumar Kombaiya 2
Research Scholar, Associate Professor,

Department of Computer Science, Department of Computer Science
Chikkanna Government Arts College, Chikkanna Government Arts College,
Affiliated to Bharathiar University, Affiliated to Bharathiar University,
Tirupur — 641 602, Tamilnadu, India Tirupur — 641 602, Tamilnadu, India
I poorani3379@gmail.com 2"kumar_kombaiya@rediffmail.com

Abstract : Accurate rainfall forecasting remains a formidable challenge in meteorology due to the chaotic and nonlinear
dynamics of the atmosphere. Traditional models, including deep learning architectures such as CNN, LSTM, and Transformer
networks, exhibit limited capacity when modeling high-dimensional interactions across meteorological variables. Recent
advancements in Quantum Machine Learning (QML) offer a promising paradigm to overcome these challenges. This paper
proposes a Quantum Neural Network (QNN) and Quantum Long Short-Term Memory (Q-LSTM) framework for rainfall
forecasting. Quantum circuits are utilized to encode meteorological data into multi-dimensional Hilbert spaces using quantum
superposition and entanglement principles, enabling efficient representation of correlated variables like temperature, humidity,
and wind velocity. A Hybrid Quantum—Classical model is developed, integrating classical deep learning layers for feature
extraction with quantum layers for probabilistic inference. Experiments using IMD (India Meteorological Department) and
NASA-GPM datasets demonstrate that the proposed QML model achieves a 22% reduction in mean absolute error (MAE) and
15% faster training time compared to state-of-the-art classical deep networks. The results highlight the potential of quantum
computing to transform climate modeling and daily precipitation forecasting.

Keyword:Quantum Machine Learning, Rainfall Prediction, Quantum Neural Network, Quantum LSTM, Quantum
Reinforcement Learning, Hybrid Classical-Quantum Systems, Meteorological Forecasting.

|I. INTRODUCTION
1.1 Background

Rainfall forecasting is a cornerstone of agricultural planning, water management, and disaster mitigation. Despite remarkable
advances in Numerical Weather Prediction (NWP) and deep learning, the inherent chaos of atmospheric systems continues to
limit predictive precision. Meteorological variables such as pressure, temperature, humidity, and wind exhibit highly nonlinear
interdependencies that are difficult to capture using classical computation.

Quantum computing introduces fundamentally new mechanisms of information representation—through superposition,
entanglement, and quantum interference—which allow exponential scaling of representational capacity with fewer resources.
By leveraging Quantum Machine Learning (QML), it is possible to model high-dimensional atmospheric processes that remain
infeasible for classical networks.

1.2 Motivation

Classical neural networks are inherently linear in computation, even when layered deeply. They learn correlations but cannot
efficiently capture complex chaotic states due to parameter explosion and limited expressivity. Quantum Neural Networks
(QNNs), however, operate in Hilbert spaces of exponential dimension, enabling compact representation of global dependencies.

A Quantum-LSTM (Q-LSTM), which replaces matrix multiplications with quantum gate operations, can capture long-term
dependencies while exploiting quantum superposition for feature parallelism. Similarly, Quantum Reinforcement Learning
(QRL) can optimize forecasting policies under uncertainty more efficiently than classical RL agents.

1.3 Objectives

The objectives of this research are centered on leveraging the capabilities of quantum computing to advance rainfall forecasting
accuracy and efficiency. Firstly, the study aims to design a Quantum Long Short-Term Memory (Q-LSTM) architecture that
utilizes quantum principles such as superposition and entanglement to effectively model the nonlinear temporal dependencies
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present in meteorological data. Secondly, it seeks to develop a Hybrid Quantum—Classical system that integrates the strengths
of both quantum circuits for high-dimensional feature representation and classical deep learning layers for scalable
computation. Thirdly, the performance of this hybrid model will be rigorously evaluated against conventional deep learning
architectures, such as CNN-LSTM and Transformer networks, using real-world meteorological datasets obtained from sources
like the India Meteorological Department (IMD) and NASA-GPM. Lastly, the research proposes a Quantum Reinforcement
Learning (QRL) mechanism that enables adaptive optimization of the forecasting process, allowing the model to dynamically
adjust its parameters in response to environmental changes, thereby enhancing predictive stability and real-time adaptability in
rainfall prediction systems.

Il. Literature Review
2.1 Classical Machine Learning in Rainfall Prediction

Statistical approaches like ARIMA, regression, and SVMs dominated early rainfall modeling. With the emergence of deep
learning, architectures such as LSTM, CNN-LSTM, and ConvLSTM achieved higher accuracy by modeling spatio-temporal
dependencies. However, these models suffer from scalability limitations and poor interpretability in chaotic systems.

2.2 Rise of Quantum Machine Learning

Quantum computing introduces probabilistic computation using qubits instead of deterministic bits. Each qubit can represent
a superposition of 0 and 1, allowing parallel information processing. Quantum gates perform unitary transformations, enabling
linear combinations of complex-valued states—ideal for modeling meteorological uncertainty.

Recent works (Biamonte et al., 2023; Schuld & Killoran, 2024) demonstrate that QML algorithms can outperform classical
models in optimization, clustering, and sequence prediction tasks. Quantum kernels, parameterized quantum circuits (PQC),
and quantum Boltzmann machines have achieved promising results in financial forecasting and anomaly detection—fields that
share statistical similarities with rainfall prediction.

2.3 Hybrid Quantum—Classical Models

Hybrid architectures combine quantum layers for probabilistic feature mapping with classical layers for optimization. Quantum
Variational Circuits (VQC) are used as drop-in replacements for dense layers. Hybridization enables training on classical
hardware (using simulators or small quantum devices) while maintaining quantum parallelism advantages.

2.4 Quantum Reinforcement Learning (QRL)

QRL extends the reinforcement learning paradigm to quantum state spaces. The policy and value functions are encoded in qubit
amplitudes, and the agent explores multiple action paths simultaneously via quantum superposition. This property allows faster
convergence and improved adaptation in dynamic systems such as rainfall forecasting.

I11. Theoretical Foundations

3.1 Quantum States and Superposition

A single qubit in guantum computing is represented as
v=al +351

Subject to the normalization conditior

3.2 Quantum Neural Network (QNN)

For n qubits, the quantum state exists in a Hilbert space of dimension 2™

¥) e C¥
This enables exponential feature representation.
> U0)U\theta)U () = parameterized quantum circuit
> #(x)\phi(x)¢(x) = quantum feature map
> Jwout )|\psi_{outPrangle ivout) = output quantum state
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3.3 Quantum LSTM (Q-LSTM)

In Q-LSTM the gate is computed using quantum states:
Je = a{(¥y,_ [Url¥:)

Where

s Uz = quantum unitary operator
s |t ) = quantum encoded input

o |ty = previous hidden quantum state

3.4 Quantum Reinforcement Learning
J(B) = (te| Rip=

Whese
o J(8) = expected reward
¢ R = reward operator

* gy = pohcy quantum state

IV.. Proposed Quantum-Classical Framework4

4.1 Architecture Overview

The framework consists of three modules:

I Meteorological Data ,_.l Classical Preprocessing Network ]
5 3 3 1. Classical Preprocessing Network — Extracts features
Fasture Exsraction | | Normadization & idngl [ Prex psent Feataws | and scales data.
S 2. Quantum LSTM Layer — Performs temporal encoding
I Quanfus L5TH Laywr ] using qubit superposition.

Quarmum LT vt | JAHR M) Quarian ste Rasnfal Pregabily 3. Quantum Reinforcement Learning Agent — Optimizes
= (e i | vyt model adaptivel

¥ : PUVES:

i

[ Qu:mun Reinforcement Learning Agent ]

Foodback & Rewarty

——

Policy A Action | | Baaluation | Rainall
Update Optimization | | & Reward | Prediction

Proposed Quantum~Classical Rainfall Forecasting Framework

4.2 Data Encoding

Input meteorological features are amplitude-encoded into quantum states:
[I\phi(x)\rangle = \sum_i x_i |i\rangle]

Normalization ensures (\sum_i |x_i|*2 = 1).

4.3 Quantum Circuit Design

Each Q-LSTM layer consists of:

. Rotation gates (R_y, R _z) for encoding features.
J CNOT gates for entanglement.
Measurement layer to output expectation values corresponding to rainfall probabilities.
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Quantum Circuit Design
« Each Q-USTM Liyer cornists of 4.4 Reinforcement Learning Optimization
A tes (Ry R, ) for encodng features

or entanglement The QRL agent observes:

* Measurement layer to output expectation values corresponding t

rainfall probatelities

e State: Current loss, gradient, and quantum circuit fidelity.

ot I {Ry}—{Re}|—{ X +—{ M1 l e Action: Madify circuit depth, learning rate, or rotation angle.
q1 '_“.3‘,"- [RyHRz] 1‘( M} 1 Ranfal e Reward: Negative MAE or MSE over validation set.
[ Probabilin

Policy improvement uses quantum gradient-based updates to

R minimize loss efficiently.
Quantum Circuit Design

V. Experimental Setup

5.1 Datasets

1. IMD Daily Rainfall (2010-2024)
36 sub-divisions across India.
2. NASA-GPM Satellite Precipitation Data (2023-2025)
0.1° resolution global rainfall intensity dataset.
5.2 Tools
. PennyLane (quantum ML framework)
o IBM Qiskit (quantum circuit simulation)
. TensorFlow Quantum for hybrid training.

5.3 Baseline Models

. CNN-LSTM

. ConvLSTM

. Transformer

. Hybrid Classical-Quantum (proposed)
VI1.Results

TABLE DESCRIPTION FOR RESULTS
Table 1: Performance Comparison of Rainfall Prediction Models

Model MAE | RMSE | Training Time (min) | Accuracy 1
CNN-LSTM 108 159 45 81.2%
ConvLSTM 94 13.8 52 83.0%
Transformer 8.7 12.5 60 85.5%
Q-LSTM (Proposed) 6.8 10.1 38 88.7%

Table 1 presents the quantitative performance comparison of the proposed Quantum Long Short-Term Memory (Q-LSTM) model
with several widely used deep learning architectures for rainfall forecasting, including CNN-LSTM, ConvLSTM, and
Transformer models. The evaluation is conducted using four standard metrics: Mean Absolute Error (MAE), Root Mean Square
Error (RMSE), training time, and prediction accuracy. Lower values of MAE and RMSE indicate better prediction performance,
while higher accuracy reflects improved classification of rainfall events.

The results demonstrate that the proposed Q-LSTM model outperforms all baseline models across most metrics. Specifically, Q-
LSTM achieves the lowest MAE of 6.8 and RMSE of 10.1, indicating a significant improvement in prediction precision compared
to classical architectures. Additionally, the model requires only 38 minutes of training time, which is faster than CNN-LSTM,
ConvLSTM, and Transformer models. The prediction accuracy also increases to 88.7%, showing that quantum feature encoding
and hybrid quantum—classical learning effectively capture complex nonlinear relationships present in meteorological data.
These results highlight the potential of quantum machine learning techniques to enhance rainfall forecasting performance.
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VI11. Discussion

The proposed quantum-based rainfall forecasting framework offers several notable benefits. One of the most significant
advantages lies in its exponential feature representation, where as few as ten qubits can encode up to 1,024 distinct states,
enabling the model to represent complex atmospheric relationships with remarkable efficiency. This property allows for reduced
model parameters, resulting in a smaller yet highly expressive network compared to classical deep learning architectures.
Furthermore, the approach demonstrates enhanced energy efficiency, as quantum simulators and quantum circuits require
fewer computational operations to achieve comparable or superior learning performance, thereby reducing overall training
time and energy consumption.

Despite these advantages, the system faces several challenges inherent to the current stage of quantum computing technology.
The foremost limitation is quantum hardware noise, which affects the stability and accuracy of computations in today’s Noisy
Intermediate-Scale Quantum (NISQ) devices. Another challenge is the data encoding bottleneck, as transforming large, high-
resolution meteorological datasets into quantum states remains computationally intensive. Finally, the implementation of hybrid
deployment pipelines—integrating quantum circuits with classical machine learning frameworks—requires sophisticated
orchestration and interoperability between different computing environments. Addressing these challenges will be critical for
realizing the full potential of quantum machine learning in operational rainfall forecasting.

Tables and Descriptions

TABLE 1: METEOROLOGICAL VARIABLES USED
Variable  Symbol Description
Temperature TtT_tTt Atmospheric temperature
Humidity HtH_tHt Relative humidity
Pressure  PtP_tPt  Atmospheric pressure
Wind Speed WtW_tWt  Surface wind velocity

TABLE 2: DATASET DESCRIPTION

Dataset Source Description
IMD Daily Rainfall India Meteorological Department Rainfall records from 36 Indian meteorological subdivisions
NASA GPM NASA Global Precipitation Measurement  Satellite-based rainfall dataset with 0.1° spatial resolution

TABLE 3: EXPERIMENTAL TOOLS

Tool Purpose
PennyLane Quantum machine learning framework
Qiskit Quantum circuit simulation

TensorFlow Quantum Hybrid quantum-classical model training

TABLE 4: BASELINE MODELS FOR COMPARISON
Model Type
CNN-LSTM Deep learning hybrid
ConvLSTM Spatio-temporal neural network
Transformer Attention-based sequence model
Q-LSTM Proposed quantum model

TABLE 5: PERFORMANCE COMPARISON

Model MAE | RMSE | Training Time (min) | Accuracy 1
CNN-LSTM 10.8 15.9 45 81.2%
ConvLSTM 94 13.8 52 83.0%
Transformer 8.7 125 60 85.5%
Q-LSTM (Proposed) 6.8 10.1 38 88.7%
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TABLE 6: ARCHITECTURE MODULES

Module Function
Classical Preprocessing Data normalization and feature extraction
Quantum LSTM Layer Temporal feature learning
Quantum Reinforcement Learning Adaptive optimization
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