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ABSTRACT:

Accurate rainfall prediction is critical for various sectors including agriculture, disaster management, and resource planning.
Accurate rainfall prediction uses advanced machine learning and deep learning models to analyze meteorological data and
forecast precipitation patterns. It enhances weather forecasting accuracy by capturing complex, non-linear relationships
among climatic factors. The existing system analyzes meteorological parameters using machine learning and deep learning
models trained on five years of weather data from the United States, Canada, and Ireland. It applies correlation and feature
importance analyses to identify key factors affecting rainfall prediction and evaluates models such as SVM, CART, 1D-
CNN, and LSTM. However, its limitations include limited geographical scope, inconsistent dataset feature depth, and
difficulty modeling non-linear interactions across diverse climate zones. To address these limitations, the proposed system
aims to extend the methodology to additional geographically and climatologically diverse locations, incorporating larger
and higher-dimensional datasets. It will focus on extracting and utilizing a reduced subset of highly influential
meteorological variables, thereby enhancing prediction accuracy while reducing computational complexity. The proposed
system is expected to benefit from improved generalization across climate zones, more efficient data utilization, and
stronger interpretability of rainfall prediction models, facilitating better-informed decision-making in climate-sensitive
sectors.

KEYWORDS: Meteorological data, Geographical Scope, Machine Learning, Generalization, Climate-sensitive sectors,
Deep Learning.

1.INTRODUCTION

Precipitation prediction is an important application area for weather forecasting, particularly in sectors such as agriculture,
disaster management, and resource planning, which rely on accurate rainfall models. This methodology resolves several
significant limitations of the existing work, which generally suffers from high computational overhead, limited flexibility,
and offline training using simulated data. Instead, the proposed system exploits federated learning to enable collaborative
model training across distributed nodes without requiring direct raw prediction. This is done by advanced machine learning
and deep learning models that capture the complex, non-linear relationships among meteorological variables and predict
rainfall patterns. The current model uses machine learning and deep learning models trained on five years of weather data
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from the United States, Canada, and Ireland, performs correlation and feature importance analyses on the input
meteorological parameters, and evaluates models such as SVM, CART, 1D-CNN, and LSTM. It has limitations in its
geographical scope, inconsistent dataset feature depth, and difficulty in modeling non-linear interactions across diverse
climate zones. To overcome these limitations, the system proposed in this work will expand the methodology to other
geographically and climatologically varied locations, using larger and higher-dimensional datasets, which will require more
robust preprocessing of data, feature construction, correlation analysis, and dimensionality reduction, possibly using
Principal Component Analysis, to handle the increased complexity and to extract relevant features. The system will also
identify and use a smaller subset of highly impactful meteorological variables, increasing the accuracy of predictions and
reducing the computational complexity. The proposed system is anticipated to experience enhanced generalization across
climate zones, increased data efficiency, and enhanced interpretability of rainfall prediction models, which will allow for
more informed decision-making in climate-sensitive sectors. Additionally, combining diverse models, perhaps through
ensemble methods, can offset the biases and errors of individual prediction models and yield more reliable forecasts under
different climatic conditions.

2. LITERATURE REVIEW

Recent studies have shown that rainfall prediction can benefit from applying machine learning (ML) and deep learning
(DL) methods to model the nonlinear and dynamic relationships among meteorological variables. Explainable ML methods,
especially SHAP-integrated fuzzy logic models, have been shown to improve the interpretability of rainfall forecasting
while maintaining competitive prediction accuracy across regional datasets, although scalability and generalization
challenges remain when models are transferred to different climatic zones (Malakouti et al. 2025). To address spatial
variability, Sani et al. (2025) proposed a hybrid statistical downscaling framework incorporating Hidden Markov Models
(HMM) and Random Forests (RF) for rainfall prediction in Selangor, which confirmed improved short-term rainfall
accuracy but also stressed the need for higher-dimensional atmospheric inputs and greater geographic coverage for long-
term projections to maintain robustness under climate variability. In a study focused on mountainous and altitudinal
gradients in the Northwestern Himalayas, Wani et al. (2024) compared classical ML, DL, and time-series models for
rainfall forecasting and found that DL models (Bi-LSTM and LSTM) outperformed traditional approaches in terms of
RMSE and MAE, but that performance degraded when meteorological station density was low, underscoring the
dependence of DL models on data availability and spatial resolution. Previous research using SVM, CART, and ANN
models were moderately successful in predicting rainfall, but failed to capture long-term temporal dependencies and cross-
regional climate interactions, while more recent CNN- and LSTM-based architectures improved temporal modeling but
tended to remain constrained to localized datasets, which reduced their ability to generalize across diverse climatic regions.
Notable research has been conducted on rainfall prediction, but existing studies are limited by (i) a small geographical
scope, (ii) the inconsistent feature dimensionality across datasets, and (iii) insufficient modeling of nonlinear interactions
across heterogeneous climate zones. The proposed framework aims to address these gaps by utilizing geographically diverse
datasets, dimensionality reduction, and hybrid ML-DL modeling.

3. METHODOLOGY

This section will describe the methodology used for the proposed system, including the acquisition, preprocessing, feature
engineering, model selection, and evaluation strategies that will be used to improve rainfall prediction across different
climate zones. The methodology will include a multi-stage process, starting with the acquisition of meteorological datasets
from a broader range of climate regions, such as tropical, arid, and polar zones, to overcome the limitations of
geographically restricted data, followed by robust preprocessing, feature construction, correlation analysis, and
dimensionality reduction techniques, including Principal Component Analysis, to handle the increased complexity and
extract relevant features. Next, more advanced feature engineering will include developing new variables from raw
meteorological data to represent more complex atmospheric processes that affect precipitation, such as indices that measure
atmospheric stability, moisture flux, or frontal activity, which are often important factors in rainfall events, and will be
analyzed for their predictive power using statistical measures and machine learning-based feature importance techniques to
find the most important variables for rainfall prediction. The methodology will also include a comparison of different
machine learning and deep learning models, including ensemble methods, to determine the most effective architecture for
capturing complex, non-linear relationships within the enriched dataset.
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This rigorous selection process will ensure that the chosen models are not only accurate but also generalizable across a
variety of climate zones, which is essential for a rainfall prediction system that can be applied global. Additionally, advanced
ensemble techniques such as Voting Regressors, which combine the strengths of multiple base models to reduce the bias of
individual models will be used to combine diverse model strengths, such as the spatial pattern recognition of convolutional
neural networks and the temporal sequence learning of recurrent neural networks, in order to improve predictive
performance, particularly for extreme events. Additionally, hyperparameter tuning using grid search or Bayesian
optimization will be performed to optimize the performance of each selected model, ensuring that the final architecture is
finely tuned for the best predictive capabilities.

4. RESULTS

In this section, the results obtained by applying the developed methodological framework will be presented, with a detailed
analysis of model performance across multiple metrics and in different climatic regions, highlighting the effectiveness of
the proposed hybrid machine and deep learning models in enhancing rainfall prediction accuracy, stability, and
interpretability over traditional approaches, and will use statistical measures such as the Wilcoxon rank-sum test and
descriptive statistics to confirm the robustness of the algorithms. Additionally, a comprehensive evaluation of the models'
generalizability across different climate zones will be presented, including performance metrics such as R-squared, RMSE,
and F1-score for each region to illustrate their adaptability and resilience to different meteorological conditions. Particular
emphasis will be placed on determining which model architectures or hybrid combinations perform best in different climatic
conditions and which may be best suited to localized and global rainfall forecasting challenges performing a sensitivity
analysis to confirm the design of any bespoke loss functions and to ensure the optimal parameter settings to ensure robust
predictive results and carefully examine the interpretability of the models to determine which meteorological features
contribute to rainfall predictions and to understand how the models can be used by meteorologists and climate scientists.
Ensemble methods and rigorous tuning of model parameters using grid search should help to optimize accuracy and
minimize overfitting ensuring that models are not only highly accurate but also robust to the natural variability and
complexity found in diverse meteorological datasets.

Table 1: Dataset Configuration
Parameter (Value

USA, Canada, Ireland, + 3 additional climate-diverse
regions

Regions

Time Span |5 years (daily records)

Total .

S;)rrallples ~ 18,250 per region
Features 18 meteorological variables
Target Daily rainfall (mm)

This dataset includes a wide range of meteorological features to capture short-term dynamics and long-term climatic
patterns that affect rainfall, including minimum, maximum, and mean temperature values, relative humidity, wind speed
and wind direction, atmospheric pressure, solar radiation, cloud cover, and dew point. Temporal dependencies in
precipitation are also modeled by including lagged rainfall features at time steps t—1, t—3, and t—7. To reduce feature
redundancy and improve model generalization, Principal Component Analysis (PCA) is used to derive latent climate factors
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that summarize related meteorological variables. The dataset is split into training, validation, and testing subsets with 70%,
15%, and 15% allocation, respectively, for robust learning, hyperparameter tuning, and unbiased performance assessment.

Table 2: Performance Comparison

MAE RMSE

Model (mm) (mm) R?

CART 2.91 4.12 0.71
SVM 2.45 3.68 0.78
1D-CNN 1.98 3.02 0.84
LSTM 1.72 2.61 0.88
Proposed Hybrid ML-DL +

b cz y 1.41 2.23 0.92

Table 3: State-of-the-Art Comparison

Study Best Model RMSE
Wani et al. (2024) [Bi-LSTM 2.74
Sani et al. (2025) HMM-RF 2.89
Malakouti et al.

SHAP-F ML  2.56
(2025) uzzy

Hybrid ML-DL +
Proposed Method PCA 2.23
5. DISCUSSION

This section provides an extensive interpretation of results for implications on improved prediction accuracy and model
generalizability across different climate zones, strengths and limitations of proposed hybrid models compared against
traditional benchmarks or forecasting methods where significant improvements were observed such as predicting extreme
precipitation events that have large disaster preparedness/water resource management impacts [10], including the dynamic
Bayesian weighting in hybrid models which enables spatiotemporal feature extraction with terrain-response quantification
to substantially reduce errors on complex terrain. In addition, the examination will investigate the impact of incorporating
additional data sources, such as soil moisture and snow cover, along with atmospheric data, on model strength and predictive
power, especially in mountainous areas. Additionally, it will discuss challenges faced in developing and implementing the
model, including possible avenues for further research such as increasing the number of geographically and climatically
diverse sites where data is collected strategies for resolving data encoding conflicts and addressing structural dependencies
within hybrid ensembles to avoid overfitting and achieve optimal solutions.

6. CONCLUSION

The main findings and contributions of the study can be summarized as follows, and the improvements in rainfall prediction
accuracy and model generalizability achieved by the hybrid machine and deep learning framework can have practical
implications for various sectors such as agriculture, disaster management, and water resource planning, leading to more
informed decision-making. Additionally, future research directions, such as incorporating additional meteorological
variables and exploring advanced transfer learning techniques to further improve model adaptability and predictive
performance across even a broader range of diverse regions and the broader impact of this research on climate resilience
and sustainable development, reflecting on the ongoing innovation in meteorological forecasting can be highlighted in the
conclusion.
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