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Graphical abstract Abstract

Clustered Overview of Machine Learning Techniques in Rainfall Forecasting

Machine Learning Models for Forecasting |

Traditional Models
(e.g., SVR, DT, LR)

SVR for Noisy Data
Ideal for Noise-Heavy Datasets

DT and LR for Interpretability
Ideal for High-Stakes Applications

General Neural Networks
Basic Non-linear Modelling

Suitable for General Non-linear
Data Patterns

Leverage GNNs for general non-
linear relationships or as a base
for hybrid models

Ensemble Approaches
Ideal for Diverse Data Sources and
Complex Forecasting Needs

Random Forest (RF): Efficient in
low-resource settings

Ideal for Data-Scarce, Resource-
Constrained Settings

Bagging and Boosting Technigues
Improved Accuracy and Reduced
Overfitting

Bagging and Boosting Techniques
Improved Accuracy and Reduced
Overfitting

Deep Learning Models

DL for Complex Data
Ideal for Complex Data Patterns

Hybrid Models

Ideal for Matching Model
Complexity to Data Type and
Forecasting Goals

ARIMA-NF and ARIMA-HW
Adaptable for Daily Forecasting in
Stable Data

LSTM Hybrids
Enhanced Accuracy for Short-Term
Complex Forecasts

Recommendation:

Evaluate models based on context needs and data availability
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Rainfall forecasting plays a critical role in managing water resources, reducing the
risks of extreme weather, and supporting agriculture. Traditional methods such as
Numerical Weather Prediction (NWP) and statistical models often struggle with
accuracy and scalability, especially when dealing with localized weather
conditions or extreme events. In recent years, machine learning (ML) has emerged
as a powerful tool for identifying complex patterns in meteorological data. This
review explores the progress of ML-based rainfall forecasting from 2014 to 2024. It
organizes the literature into five main groups: Traditional Machine Learning models,
General Neural Networks, Deep Learning models like LSTM and CNN, Ensemble
techniques, and Hybrid models. The paper also highlights key frends through an N-
gram analysis of publications from Scopus and Web of Science. The main
contributions of this review include an overview of model development over the
last decade, a comparison of model performance across different forecasting
scenarios, and a summary of which models are best suited for various data
environments. While ML models show strong potential, they also face ongoing
challenges such as overfitting, high computational costs, and limited
interpretability. This review concludes by identifying future research directions fo
improve the efficiency, transparency, and real-world applicability of ML-based
rainfall forecasting.

Keywords: Rainfall forecasting, machine learning, deep learning, hybrid models,
temporal-spatial dependencies

Abstrak

Ramalan hujan memainkan peranan penting dalam pengurusan sumber air,
pengurangan risiko cuaca ekstrem, dan menyokong sektor pertanian. Kaedah
tradisional seperti Ramalan Cuaca Berangka (NWP) dan model statistik sering
menghadapi kekangan dari segi ketepatan dan kebolehsuaian, terutamanya
dalaom menangani keadaan cuaca setempat atau kejadian ekstrem. Dalam
beberapa tahun kebelakangan ini, pembelajaran mesin (ML) telah muncul
sebagai kaedah berkesan untuk mengenal pasti corak meteorologi yang
kompleks. Kajian ini meneroka kemajuan dalam ramalan hujan berasaskan ML
dari tahun 2014 hingga 2024. la mengkategorikan kajian terdahulu kepada lima
kumpulan utama: model ML Tradisional, Rangkaian Neural Umum, model
Pembelajaran Mendalam seperti LSTM dan CNN, teknik Ensemble, dan model
Hibrid. Kajian ini furut mengetengahkan tren utama berdasarkan analisis N-gram
terhadap penerbitan daripada Scopus dan Web of Science. Sumbangan utama

kajian ini termasuk gambaran menyeluruh tentang perkembangan model dalam
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tfempoh sepuluh tahun terakhir, perbandingan prestasi model mengikut senario
ramalan, serta rumusan tentang kesesuaian model bagi pelbagai jenis data.
Walaupun model ML menunjukkan potensi yang besar, cabaran seperti
overfitting, keperluan pengkomputeran tinggi, dan kekurangan kebolehfahaman

masih perlu ditangani. Kajian ini mengakhiri dengan mengenal pasti arah tuju
penyelidikan masa depan untuk meningkatkan kecekapan, ketelusan, dan
kebolehlaksanaan sebenar bagi ramalan hujan berasaskan ML.

Kata kunci: Ramalan hujan, pembelajaran mesin, pembelajaran mendalam,
model hibrid, kebergantungan temporal-spatial

© 2026 Penerbit UTM Press. All rights reserved

1.0 INTRODUCTION

Accurate and reliable rainfall forecasting is essential
for managing water resources, mitigating the impacts
of extreme weather events, and supporting
agricultural productivity. Conventional forecasting
methods, often based on physical models such as
Numerical Weather Prediction (NWP) model, have
achieved varying degrees of success. However, these
methods are sometimes constrained by the inherent
complexities of atmospheric processes, the
challenges of capturing localized  weather
phenomena, and the significant computational
resources required for high-resolution forecasts [1], [2].

In addition to physical models, stafistical methods
have been widely employed in rainfall forecasting
due to their simplicity and efficiency. These methods
are particularly suitable for short-term and site-specific
forecasts, as they are less computationally
demanding. However, they may noft fully capture the
underlying physical processes governing rainfall and
can be less accurate during extreme weather events
or in regions with limited data availability. Despite
these limitations, statistical and physical-based
methods are often used in a complementary manner,
with each providing unique advantages [3]-[5].

The advent of machine learning (ML) has opened
new avenues for enhancing rainfall forecasting by
harnessing large datasets and uncovering complex
patterns that traditional models might overlook. ML-
based approaches offer the potential to complement
or even surpass conventional methods in certain
scenarios, providing more flexible, data-driven models
capable of adapfing to the nonlinearities and
uncertainties in weather systems [6]-[8]. These
approaches can bridge the gap between physical-
based and statistical methods, leveraging the
strengths of both.

However, despite the increasing number of studies
using machine learning for rainfall forecasting, several
gaps remain. Many existing reviews do not offer a
detailed comparison between traditional and deep
learning models across different forecasting scenarios.
There is also limited discussion on model performance
in data-scarce regions, challenges in real-world
deployment, and how to balance accuracy with
interpretability and computational cost.

This  systematic review aims to provide a
comprehensive overview of the advances in machine
learning-based rainfall forecasting. We will provide an
overview of the current state of machine learning-
based rainfall forecasting techniques and examine
the emerging frends in ML-based methods. Following
this, we will explore various machine learning
techniques applied in this domain, including deep
learning models, ensemble methods, and hybrid
approaches that integrate machine learning with
fraditional forecasting techniques. Additionally, we
will discuss the challenges and limitations of current ML
models, such as data quality, model interpretability,
and the need for robust validation frameworks. The
objectives of this review are as follows:

1. Toidentify machine learning techniques used for
rainfall forecasting in the latest 10 years of
literature. (2014-2024)

2. To assess the effectiveness of different machine
learning models in rainfall forecasting by
reviewing their methodologies, data types, and
performance metrics.

3. To identify gaps and limitations in current
research to identify areas for future investigation
in machine learning-based rainfall forecasting.

By synthesizing the current state of research, this
review seeks to identify key frends, gaps, and future
directions in ML-based rainfall forecasting. The
ultimate goal is to provide insights that can guide
researchers and practitioners in developing more
accurate, reliable, and scalable forecasting models.

2.0 REVIEW PAPER METHODOLOGY

The review paper focuses on articles related to rainfall
forecasting using machine learning techniques. The
research process involved a systematic search across
multiple academic databases, specifically Scopus
and Web of Science (WoS). Although IEEE Explorer was
initially included in the search strategy, it did not yield
any relevant results due to the syntax used, leading to
its exclusion from further review.

The search strategy, as outlined in Figure 1, was
designed to capture a comprehensive range of
studies. It employed English and syntax aimed at
identifying articles published between 2014 and 2024,
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written in  English, and focusing on rainfall or
precipitation forecasting. The methods considered
include quantitative, statistical, data analysis, or
numerical approaches involving machine learning,
deep learning, artificial inteligence, or neural
networks.

Inclusion and exclusion criteria were systematically
applied throughout the article selection process.
Initially, papers were filtered based on their titles and

Review Paper Research Objectives

1. To identify machine learning techniques used for
rainfall forecasting in the latest 10 years of
literatures.

2. To assess the effectiveness of different machine
learning models in rainfall forecasting by reviewing
their methodologies, data types, and performance
metrics.

3. To identify gaps and limitations in current research to
identify areas for future investigation in machine
learning-based rainfall forecasting.

v
Search Terms
Document Type:
— Journal Article
&
E»_ ( rainfall OR precipitation )
& AND
%, forecast*
S AND
( quantitative OR statistical OR "data
analysis" OR numerical )
AND
("machine learning" OR "deep learning" OR "artificial
intelligence" OR "neural network*" )
’ 2014-2018 ‘ ’ 2019-2024 ‘
v v
Total
Scopus & WoS: 108 561 669
Scopus ;131 489 620
WoS ;84 323 407
Total : 323 1373 1696
Title, keywords, abstract and content screened
118 articles remain
Summarized into 5 clusters:
1
§ Traditional Machine General Neural
5 Learning Models Networks
g
D
Leaisipng Ensemble Hybrid
Al h M l
Models pproaches odels

Figure 1 Overview of the systematic review process for
rainfall forecasting methods, including the research
objectives, literature search strategy, article selection
criteria, and data analysis framework

abstracts, focusing specifically on those addressing
rainfall  forecasting  using machine  learning
techniques. Studies that directly discussed rainfall or
precipitation forecasting using machine learning,
deep learning, or artificial intelligence were included.
Conversely, papers on topics unrelated to direct
rainfall  forecasting—such as runoff forecasting,
streamflow prediction, landslides, bias correction,
statistical downscaling, and other hydrological
phenomena—were excluded. Review papers were
also omitted to ensure the focus remained on original
research articles.

To examine trends and developments in rainfall
forecasting methodologies, the selected literature
was divided info two distinct timeframes: January 1,
2014, to December 31, 2018, and January 1, 2019, to
September 1, 2024. This segmentation facilitated a
comparative analysis of how machine learning
applications in rainfall forecasting have evolved over
the past decade. By comparing these two periods,
the review highlights advancements in
methodologies, idenfifies emerging frends, and
uncovers potential gaps in current research practices.

Following the article selection, detailed
information was extracted from each study. This
included data types used, machine learning models
applied, performance metrics employed, and key
findings related to rainfall forecasting. During this
synthesis, recurring patterns and similarities in rainfall
forecasting methodologies were observed, prompting
the classification of the literature into four distinct
clusters: (1) Traditional Machine Learning Models, (2)
General Neural Networks, (3) Deep Learning Models,
(4) Ensemble Approaches and (5) Hybrid Models (refer
Figure 1). Throughout the data extraction and review
process, efforts were made to select the most recent
papers, especially when multiple studies exhibited
redundancy. In such cases, the most relevant and
recent paper was chosen to ensure that the review
captures the latest advances in the field. This
approach provides a comprehensive overview of the
current landscape of machine learning-based rainfall
forecasting and offers valuable insights into future
research directions.

3.0 OVERVIEW ANALYSIS

The analysis of machine learning-based rainfall
forecasting methods from 2014 to 2024 reveals
significant shifts and trends in the field. An N-gram
analysis, a text mining technique used to identify and
quantify the occurrence of specific terms or
sequences of words in the literature, was employed to
highlight key methods and approaches used in rainfall
forecasting research. Referring to Figure 2, the N-gram
analysis showcases the top 25 terms extracted from
research articles in Scopus and Web of Science,
indicating an evolution in the adoption of various
machine learning models over time.



90 Suhaimi et al. / Jurnal Teknologi (Sciences & Engineering) 88:2 (2026) 87—105

Machine Learning [118

|1325

o

Deep Learning

|686

Ensemble - [201

674
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Artificial Neural Network |
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Numerical Weather Prediction | _
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Linear Regression - 154
Convolutional Neural Network |
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Figure 2 Top 25 N-grams from article papers on machine learning-based rainfall forecasting in Scopus and Web of

Science, comparing 2014-2019 and 2019-2024

The radar chart in Figure 3 provides a
comprehensive overview of machine learning
techniques in rainfall forecasting, normalized across
five key clusters: Traditional Machine Learning Models,
General Neural Networks, Deep Learning Models,
Ensemble Approaches, and Hybrid Models. The outer
line plot highlights the relative prevalence of each
cluster, with Deep Learning Models and Ensemble
Approaches showing the highest normalized
representation, indicating their strong focus in recent
studies. The prominence of Ensemble Approaches
also reflects the growing frend of combining multiple
models to enhance forecasting accuracy, which has
gained significant attention in recent years. This
growth reflects the increasing ability of deep learning
to model spatiotemporal dependencies, and the
reliability of ensemble approaches in combining
model strengths to improve robustness.

The inner radial bars display the normalized paper
counts for specific methods within each cluster,
offering a deeper dive into the popularity of individual
techniques. Notably, Long Short-Term Memory (LSTM)
and Random Forest (RF) stand out as the most

frequently discussed methods. LSTM has gained
popularity due to its unique ability to capture long-
term dependencies in sequential rainfall and climate
time series, making it ideal for monsoon and seasonal
forecasting applications. RF, dominating the
Ensemble Approaches cluster, has become a widely
used model for its robustness, ease of use, and strong
performance in noisy orincomplete datasets. Its ability
to reduce overfitting through bootstrapping and
decision tree aggregation makes it effective in diverse
environmental condition.

The most notable trend is the dramatic increase in
the use of "Machine Learning" and "Deep Learning"
methods from 2019 to 2024. The count for "Machine
Learning" rose from 118 (2014-2019) to 1,325 (2019-
2024), while "Deep Learning" appears with a count of
686 in the latter period, absent in the earlier timeframe.
This surge underscores the rapid application of
advanced machine learning algorithms and neural
networks in recent rainfall forecasting research.

Deep learning models have gained considerable
prominence, partficularly "Long Short-Term Memory
(LSTM)" and "Convolutional Neural Networks (CNN)."
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As shown in Figure 2, "LSTM" has a count of 450 and
"CNN" appears with 133 mentions in the 2019-2024
period, highlighting a strong research focus on
model's adept at handling complex temporal
sequences (LSTM) and spatial data (CNN). CNNs have
become increasingly relevant due to their strength in
identifying localized rainfall patterns from satellite and
radar imagery, making them ideal for nowcasting and
flash flood forecasting.

Furthermore, the rise of "Multilayer Perceptron
(MLP)" from 28 (2014-2019) to 113 (2019-2024)
illustrates the ongoing relevance of neural network
architectures. MLPs continue to serve as accessible
and flexible models for small-fo-medium scale
forecasting problems and are often used as baseline
neural network architectures for comparison with
more advanced models. These increases emphasize

Traditional Machine Learning Models

Meéaheun’stic
Hybrids i

1.0 08 0.6

Jeaur] sjdiin

(4W) uo!ssajﬁau
3 uolssalbay Jeaur

the field's shift towards deep learning techniques for
capturing intricate patterns in rainfall data.
Traditional machine learning models, including
"Support Vector Machine (SVM)," "Random Forest
(RF).," and "Linear Regression,” have maintained a
consistent presence but exhibit varying levels of
popularity. As observed in Figure 2, "SVM" counfs
increased from 49 to 129, and "Random Forest" saw @
remarkable rise from 22 to 342, indicating their
contfinued applicability in specific rainfall forecasting
scenarios. SVM has remained popular for its
effectiveness in high-dimensional, low-sample-size
problems and its resiience against overfitting,
especially when kernel functions are applied.
Conversely, "Linear Regression” also experienced an
uptick from 28 to 154, suggesting ifs utility, potentially
as a benchmark model or in simpler forecasting

Clusters
Traditional Machine Learning Models
Il General Neural Networks
Bl Deep Learning Models
Il Ensemble Approaches
Il Hybrid Models

I‘ I'Ve
onlinear Autoregress!
Exo‘t\;‘enous (NARX) Netwcv:rks

Figure 3 Clustered overview of Machine Learning Techniques in Rainfall Forecasting. The innerradial bars represent
the relative frequency of different machine learning models across five clusters reviewed, while the outer line plot

shows the aggregate model count within each cluster
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applications. The absence of other traditional
methods, such as "Support Vector Regression (SVR)"
and "Least Square Support Vector Machine (LSSVM),"
in the 2019-2024 period may indicate a research shift
towards more advanced or ensemble-based
approaches.

"Ensemble” methods have seen a substantial
increase, with countsrising from 201 (2014-2019) to 674
(2019-2024). This trend reflects the increasing use of
ensemble learning fo enhance accuracy, reduce
variance, and build resiience to overfitting by
aggregating predictions from multiple models. The
appearance of "Extreme Gradient Boosting
(Xgboost)" exclusively in the 2019-2024 period (count
of 93) further signifies the adoption of advanced
ensemble techniques. XGBoost, in particular, has
gained popularity for its high accuracy, regularization
capabilities, and ability to handle missing data—traits
valuable in complex meteorological datasets.

The radar chart in Figure 3 highlights this frend by
illustrating Ensemble Approaches as one of the
dominant clusters, underlining their effectiveness in
improving forecasting reliability.

"Artificial Neural Network (ANN)" remains a notable
term, increasing from 189 (2014-2019) to 328 (2019-
2024), indicating sustained interest in general neural
network approaches. However, other neural network
variants like "Extreme Learning Machine (ELM)" and
"Wavelet-based Artificial Neural Network (WANN) do
not appear in the recent period, suggesting a
consolidation towards more sophisticated or
specialized neural network models, such as those in
deep learning. This shift suggests researchers are
focusing more on scalable, deep architectures
capable of learning both spatial and temporal
features simultaneously, rather than shallow or highly
specific architectures.

The infroduction of 'Precipitation Nowcasting'
(count of 131) in the 2019-2024 period points fo an
emerging inferest in realtime rainfall prediction
methods. However, the decline in specific methods,
such as 'Genetic Algorithm' and 'Radial Basis' (both
absent in 2019-2024), indicates a research shift
towards more data-driven models. In the literature,
'‘Radial Basis' has diverged info two distinct paths: its
use in Radial Basis Function Networks (RBFNs) and as a
Radial Basis Function Kernel in support vector
machines. The decline of these methods likely reflects
the increasing demand for models that scale well with
data volume and support complex non-linear
relationships, which are better addressed by DL or
ensemble methods.

The data reveal a clear evolution in rainfall
forecasting methodologies, with a significant surge in
the adoption of deep learning and ensemble models,
indicating their effectiveness in modelling the
complex, non-linear relationships within rainfall data.
The clustering into (1) Traditional Machine Learning
Models, (2) General Neural Networks, (3) Deep
Learning Models, (4) Ensemble Approaches, and (5)
Hybrid Models (refer to Figure 1) provides a framework
for understanding the diversity and progression of

methodologies applied in rainfall forecasting research
over the past decade.

While advanced models dominate current
research trends, traditional machine learning methods
confinue to play a role, particularly for interpretability
and benchmarking against newer, more complex
models. General Neural Networks in this context refer
to foundational neural network models like Artificial
Neural Networks (ANN) and Multilayer Perceptron
(MLP), which are relatively shallow architectures. In
contrast, Deep Learning Models encompass more
advanced architectures, such as Convolutional
Neural Networks (CNN) and Long Short-Term Memory
(LSTM) networks, which utilize deeper layers to learn
complex hierarchical features from the data. This
reflects an overall shift in the research community
foward models that can capture spatiotfemporal
dependencies and leverage multi-source data, even
as simpler models remain valuable for specific use
cases.

The analysis illustrates the field's fransition towards
leveraging advanced, flexible, and infegrated
machine learning models to tackle the challenges of
rainfall forecasting.

4.0 CLUSTER 1:
LEARNING MODELS

TRADITIONAL MACHINE

Traditional Machine Learning (ML) models have been
widely employed in rainfall forecasting due to their
simplicity and interpretability. This section reviews core
models frequently applied in recent literature
assessing their performance, strengths, limitations, and
potential areas for improvement.

4.1 Linear Regression (LR) and Multiple Linear
Regression (MLR)

Linear Regression (LR) and Multiple Linear Regression
(MLR) are commonly applied for rainfall forecasting,
especially due to their straightforward approach.
These models often leverage meteorological
variables to predict rainfall patterns across diverse
regions. Many studies highlight strong correlations
between rainfall and climate indices—parameters
that capture large-scale atmospheric and oceanic
conditions impacting weather systems. For instance,
the Southern Oscillation Index (SOI) reflects
atmospheric pressure differences between Tahiti and
Darwin, Australia, acting as a key factor in monitoring
El Nino-Southern Oscillation (ENSO) events [?]. Similarly,
the Dipole Mode Index (DMI) measures temperature
differentials in the Indian Ocean, influencing monsoon
patterns and regional rainfall [10]. LR models are
effective for detecting long-term seasonal and
annual rainfall frends, providing valuable insights info
shifts in precipitation patterns over fime due to climate
variability [9].

Incorporating climate indices like SOl and DM into
MLR models enhances forecast accuracy by
capturing large-scale climatic drivers of localized
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weather, especially useful for seasonal and long-term
forecasts [10], [11]. Although efficient, LR and MLR
struggle fo model the non-linear dynamics typical of
complex climate systems, limiting their efficacy in
intricate forecasting tasks ) [11]-[15]. Interestingly,
recent studies indicate LR may outperform complex
models, like Decision Trees (DT) and XGBoost, for long-
ferm trend forecasting. For instance, LR delivered
accurate long-term predictions in a study for
Thiruvananthapuram, Kerala, outperforming DT and
XGBoost for predictions up to 2035, particularly with 50-
year datasets [16]. This demonstrates the potential of LR
for simpler, long-term analyses focused on broad
frends, especially in regions with extensive historical
data.

However, despite computational efficiency, MLR
lacks the ability to capture non-linear relationships
inherent in many climatic interactions, making it less
suitable for forecasting extreme rainfall events or highly
variable short-term patterns [11]-[15]. MLR's predictive
accuracy can also suffer if essential variables are
missing or data exhibits high variability, as with seasonal
rainfall [15]. Thus, while MLR is a useful tool for
interpretable, simpler models, it faces limitations in
handling complex, non-linear phenomena.

4.2 Support Vector Regression (SVR)

Support Vector Regression (SVR), an extension of
Support Vector Machines (SVM), is tailored for
regression tasks by predicting continuous values. In
rainfall forecasting, SVR has been applied for predicting
values like monthly precipitation, Standardized
Precipitation Index (SPI), and drought indices. Hybrid
SVR models—such as SVR-RSM, SVR-ARIMA, fuzzy-SVR,
boosted-SVR, and EEMD-SVR—are commonly used fo
enhance forecast accuracy by addressing non-
linearities and improving computational efficiency
[171-[19].

Variants like Least Square Support Vector Machine
(LSSVM) have been explored for rainfall downscaling
and monthly precipitation forecasting, often as part of
ensemble frameworks rather than standalone models
[20], [21]. Comparative studies highlight that hybrid
models, like ARIMA-NF (Neuro-fuzzy) and ARIMA-HW
(Hammerstein-Weiner), can outperform LSSVM and
ARIMA-LSSVM hybrids for daily rainfall prediction [22].
These models, particularly in drought forecasting using
SPI on a monthly timescale, have shown SVR's potential
over other machine learning models (e.g., ANN, RF, DT,
and ANFIS) in some contexts [23], [24]. However, it's
essenfial fo note that such results may vary with
different timescales or climate indices, suggesting that
model suitability is context-dependent.

5.0 CLUSTER 2: GENERAL NEURAL NETWORKS

This section reviews general neural network models
commonly applied in rainfall forecasting. These models
range from foundational architectures like Artificial
Neural Networks (ANNs) and Multilayer Perceptrons

(MLPs) to specialized approaches such as Radial Basis
Function (RBF) Networks and Nonlinear Autoregressive
Exogenous (NARX) Networks, and even experimental
designs like Weight Agnostic Neural Networks (WANN).
Each offers unique strengths in modeling complex
atmospheric variables, with varied performance,
capabilities, and limitations.

5.1 Arificial Neural Network (ANN)

Artificial Neural Networks (ANNs) are among the
earliest and most widely adopted neural network
models, designed to mimic the structure of the human
brain by using interconnected nodes (neurons) to
process information. ANNs capfure non-linear
mappings between input and output data through
hidden layers that apply non-linear transformations
[25], [26]. In rainfall forecasting, ANNs have been
extensively used to model complex meteorological
relationships, incorporating variables like Sea Surface
Temperature (SST), humidity, and wind speed to
predict rainfall events [27], [28].

Compared to Multiple Linear Regression (MLR),
ANNs capture non-linear data relationships more
effectively, as MLR's linear assumptions restrict its
ability to model the complex interactions typical of
climate data [14]. However, ANNs require more
computational resources and are prone to overfitting,
especially with small datasets, while MLR remains
simpler and easier to interpret. Similarly, in contrast to
Support Vector Regression (SVR), ANNs provide
greater flexibility in learning complex relationships
through multiple hidden layers, while SVR's kernel
functions are often favoured for smaller datasets due
to their efficient handling of non-linear data with fewer
hyperparameters [23], [24]. However, with large
training datasets, ANNs can outperform SVR by
learning complex feature interactions more
effectively.

A notable ANN variation is reservoir computfing, an
efficient approach for time series forecasting. This
architecture consists of three layers (input, reservoir,
and output), training only the output layer, which
simplifies computational complexity. It has been
shown to handle non-smooth precipitation data,
achieving improved forecasting accuracy with limited
computational demands. A study that combined
reservoir computing with pre-processing techniques
like moving averages and logarithmic transformations
demonstrated improved rainfall pattern predictions,
highlighting its applicability in resource-constrained
scenarios [29].

ANNs' adaptability makes them suitable for regions
with noisy or incomplete data, incorporating diverse
meteorological inputs effectively. However, they rely
heavily on high-quality data and complex network
architectures to avoid overfitting. Regularization
tfechniques or early stopping can improve model
generalization, especially when dataset size is limited.
ANNs have been applied to predict monthly rainfall
and indices such as the Standardized Precipitation
Evapotranspiration Index (SPEl), Standard Index of
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Annual Precipitation  (SIAP), El Nino Southern
Oscillation (ENSO), Indian Ocean Dipole (IOD), and
Standardized Water Storage Index (SWSI) [30]-[34].
Studies often compare base ANN models to hybrid
versions, which typically achieve better performance,
as discussed further in Section 10.

One study trained an ANN model to predict rainfall
with a 24-hour lead time by extracting pixel values
from satellite infrared and water vapor images,
enabling accurate short-term forecasts by learning
atmospheric patterns from satellite data [35]. Similarly,
combining ANN models with numerical weather
prediction (NWP) models and satellite imagery has
proven effective in short-term rainfall forecasting. For
example, a quantitative precipitation forecast (QPF)
model used infrared and visible satellite images with
NWP data to produce one-hour rainfall forecasts,
yielding satisfactory R? values for flood-prone areas
[36].

In some contexts, however, tfraditional models may
outperform ANNs. In a comparison of SANN and
SARIMA for rainfall frequency forecasting, SARIMA
showed lower errors in MSE and RMSE [37], suggesting
that statistical models like SARIMA can be
advantageous for time series data with strong
seasonal components. Additionally, ANNs may require
extensive datasets and computational resources, and
without careful tuning, they risk overfitting.
Consequently, the choice of model depends on
dataset characteristics, the forecasting task, and
available computational resources.

5.2 Multilayer Perceptron (MLP)

The Multilayer Perceptron (MLP) is a specific type of
ANN featuring one or more hidden layers between
input and output layers, classifying it as a feedforward
neural network. Each hidden layer contains neurons
with non-linear activation functions, such as RelU,
sigmoid, or tanh, allowing MLPs to capture complex
relationships between input variables.

In rainfall forecasting, MLPs have been widely used
to  model non-linear relationships  between
meteorological parameters and rainfall. A study that
tested 25 different MLP models with varied input
combinations (e.g., temperature, wind speed, solar
radiation) demonstrated the model's adaptability,
allowing it to optimize forecasting accuracy based on
available data [28]. A hybrid MLP model, MLP-WOA
(Multilayer Perceptron-Whale Optimization Algorithm),
provided improved accuracy over the base MLP for
rainfall forecasting, though the benefits varied by
metric and location, indicating that hybrid methods
like MLP-WOA may be context-dependent [38].

5.3 Radial Basis Function (RBF) Networks

Radial Basis Function (RBF) Networks employ radial
basis functions as activation functions in their hidden
layers, making them effective for capturing localized
data relationships. Each neuron in the hidden layer is
activated based on the distance between the input

vector and a predefined center, often using Gaussian
activation functions, which activate neurons when
inputs are near their centers. RBF Networks have been
effectively used in rainfall  forecasting, as
demonstrated in a study where RBF outperformed
ANN algorithms like the Gradient Descent Algorithm
(GDA) and Scaled Conjugate Algorithm (SCG) in
annual rainfall prediction [39].

5.4 Nonlinear Avutoregressive Exogenous (NARX)
Networks

The Nonlinear Autoregressive Exogenous (NARX)
Network is a specialized neural network designed for
time-series data, using both past values of output and
external inputs (exogenous variables) for predictions.
In NARX Networks, feedback connections make them
a variant of recurrent neural networks (RNNs), capable
of handling femporal dependencies effectively. NARX
models capture temporal dynamics between
variables like precipitation, evaporation, and
temperature, making them powerful fools for
predicting  drought and the  Standardized
Precipitation Index (SPI) in various climates [40], [41].

NAR models, while similar to NARX, rely only on past
target values (e.g., rainfall) without exogenous inputs.
In a study on arid region rainfall forecasting, NAR
outperformed ARIMA by effectively capturing simple
climatic dynamics in rainfall prediction [42]. NARX's
inclusion of external factors like temperature and
humidity gives it an advantage in regions with more
dynamic climates. However, fraining NARX networks
can be computationally intensive, and they may
overfit if the input data is noisy or incomplete. In
contexts where physical data (e.g., soil moisture) is
unavailable, NARX remains a viable alternative to
physically based models like SM2RAIN [43].

5.5 Extreme Learning Machine (ELM)

The Extreme Learning Machine (ELM) is a single-layer
feedforward neural network (SLFN) known for rapid
learning. By assigning input weights and biases
randomly and calculating output weights analytically,
ELM eliminates the need for iterative optimization,
reducing computational time significantly while
maintaining high predictive performance. ELM has
shown effectiveness in predicting drought indices like
the  Standardized  Precipitation  Index  (SPI).
Comparative  studies found ELM  consistently
outperformed models like Random Forest (RF), MPMR,
and M5 Tree, achieving the lowest root mean square
error (RMSE) values across multiple timescales (1, 3, 6,
and 12 months) [44]. The adaptability and efficiency
of ELM make it suitable for long-term forecasting and
resource-critical applications in environmental and
climate research.
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6.0 CLUSTER 3: DEEP LEARNING MODELS

Deep Learning (DL) has revolutionized rainfall
forecasting by modelling complex and non-linear
relationships in meteorological data, outperforming
traditional and some advanced ML methods. As
detailed in Section 5, Overview Analysis, DL terms were
largely absent in articles from 2014 to 2019. However,
the past five years (2019-2024) have seen a rapid rise
in DL applications, making DL terms the second most
common n-grams after machine learning. This growth
underscores DL's expanding role in meteorology and
climate forecasting, as DL models—particularly
Convolutional Neural Networks (CNNs) and Long
Short-Term Memory (LSTM) networks—excel af
capturing spatial and temporal dependencies crucial
for predicting complex rainfall patterns associated
with variables such as temperature, humidity, wind,
and sea surface temperatures.

Recent DL-based advancements in nowcasting
demonstrate promising improvements in predicting
heavy rainfall events (HREs), where rapid and sporadic
precipitation development complicates short-term
forecasts. A notable approach that combined radar
images with ground-based measurements achieved
an impressive 162% improvement in accuracy over
conventional numerical models for 1- fo 6-hour HRE
forecasts, proving DL's value for real-time forecasting
[45]. These innovations suggest that DL-based
nowcasting models could supplement operational
numerical models in areas where precise HRE
prediction is critical for disaster preparedness.

New DL nowcasting methods have also
incorporated atmospheric factors like air divergence
and water vapor, which influence rainfall formation.
Infegrating these elements enables DL models to
better capture rainfall dynamics and reduce false
alarm rates. Compared fo radar-based methods,
these enriched DL models capture moderate to
severe rain events more accurately, strengthening
early warning systems and forecasting reliability [46].

6.1 Convolutional Neural Networks (CNNs)

Primarily used for image and spatial pattern
recognition, Convolutional Neural Neftworks (CNNs)
have been adapted for rainfall forecasting due to
their ability to capture spatial dependencies in
meteorological data. CNNs process satellite images
and radar data to identify cloud patterns, making
them valuable for short-term rainfall predictions where
spatial relationships are critical. CNN-based models
have been operationally tested in flood-prone
regions, such as in India, where district-level forecasts
using U-Net CNNs aligned closely with ground-truth
data from the Indian Meteorological Department
(IMD). In another case, a CNN-TL (fransfer leamning)
model was successfully applied to forecast heavy
rainfall in South China, integrating local data with
pretrained features. [47].

An advanced CNN-based architecture, the multi-
scale feature fusion (MFF) model, uses convolutional

kernels of varying sizes to capture essential
precipitation featfures like shape, direction, and
speed. MFF's mulfi-scale approach has proven
effective in detecting intense rainfall, outperforming
models like time series residual convolution (TSRC) and
U-Net in short-term heavy precipitation forecasts,
achieving high accuracy with reduced false alarms
[48]. Despite their strengths, deploying CNNs in real-
world systems poses challenges such as high
computational costs, dependency on realtime
satellite data streams, and difficulties in model
interpretability. These factors limit their use in low-
resource or time-critical operational environments.

Moreover, the Spatiotemporal Convolutional
Sequence to Sequence Network (STConvS2S) model
extends CNNs fo capture both spatial and temporal
dependencies, outperforming traditional RNN-based
models in rainfall and air temperature forecasting for
South America. CNNs have also outperformed models
like ANN and ARIMA in forecasting monthly rainfall
totals in hydrological basins, though a hybrid ANN-
ARIMA model provided the highest accuracy for
water resource management [49], [50].

Another noteworthy CNN variant, the 3D
Convolutional Neural Network (3D-CNN),
demonstrated superior performance in predicting
daily precipitation, with a milisecond-scale inference
time that enables real-time applications. Trained on 39
years of U.S. precipitation data, the 3D-CNN
outperformed leading weather models for heavy
precipitation events, making it suitable for daily
forecasts up to 5 days ahead [51]. The Deep Learning
Weather Prediction (DLWP) model, another CNN
variant, effectively generated six-week global
forecasts on atmospheric variables in three minutes,
demonstrating its applicability in subseasonal-to-
seasonal (S2S) forecasts comparable to ECMWF [52].

U-Nets, a CNN extension optimized for high-
resolution spatial predictions, excel in complex
terrains, particularly in district-level rainfall forecasting
for flash-flood-prone areas. U-Nets, especially when
paired with spatial attention, show superior accuracy
in regions like India, aligning predictions with actual
observational data from agencies like the India
Meteorological Department (IMD), a feat challenging
for conventional models like WRF [53]-[55]. Further
enhancements like frequency-based loss weighting
improve U-Nets' forecasting for heavy rainfall,
highlighting their utility in extreme weather scenarios
[56].

6.2 Long Short-Term Memory (LSTM)

Recurrent Neural Networks (RNNs), particularly Long
Short-Term  Memory (LSTM) networks, are widely
adopted in rainfall forecasting for their ability to
captfure sequential and temporal dependencies.
LSTMs outperform models such as MLP, KNN, SVM, and
RF in forecasting both long- and short-term rainfall and
weather indices like SPI, as they capture extended
patterns in meteorological data [57]-[64]. LSTM-based
rainfall prediction models have been explored for
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monsoon forecasting in countries like India,
Bangladesh, and Ghana, where long-term
dependencies in rainfall sequences are essential for
planning. Some national weather services have
begun integrating LSTM models as supplementary
tools for sub-seasonal forecasting.

For example, LSTM models have accurately
forecasted daily, monthly, and seasonal rainfall by
modeling the temporal relationships among factors
like SST and sea level pressure. One model
incorporating SST and Nino 3.4 index data showed
high correlation with real observations for up to four
months, underscoring LSTM's value in water resource
management [65]. LSTM has also proven effective for
rainfall predictions in regions with monsoon variability,
such as northeastern India [65]. In Ghana, multivariate
LSTM models successfully captured monthly rainfall
patterns across various regions, outperforming SVR
and RF [61]. However, the operational deployment of
LSTM models remains limited due to long training times,
sensifivity to missing data, and the requirement for
large, clean time series datasets. These models are
also often treated as "black boxes,” making it difficult
for policymakers or disaster response teams to
interpret predictions without supplementary
explanations.

Advanced LSTM variations, such as Intensified LSTM
with optfimized learning rates and loss functions,
outperform models like Holt-Winters and ARIMA with
lower RMSE values. Integrating LSTM with Adaptive
Moment Optimization (AMO) has vyielded high
accuracy (~95%) in big data contexts, while
Bidirectional-LSTM  combined with Instantaneous
Frequency (IF) excels in multi-step daily rainfall
forecasts with R2 values reaching 0.9983 [66]-[69].

6.3 Transformers

Transformers present a powerful alternative to
sequential models, utilizing self-attention mechanisms
to process temporal data in parallel, improving
efficiency and performance for large meteorological
datasets. A transformer model trained on 41 years of
rainfall data in India demonstrated superior accuracy
over LSTM and GRU, effectively capturing spatial-
tfemporal patterns for large-scale forecasts [70].

To address longer forecasting horizons, the Short-
Term Precipitation Forecast Network (STPF-Net)
incorporates a multi-tier transformer structure that
manages longer lead times (612 hours) by optimizing
spatial and temporal resolution, with improved
accuracy for 6-hour precipitation forecasts in
southeastern China [71]. Additionally, transformer
models with multi-head attention modules improve
short-term  nowcasting accuracy, and physics-
informed  fransformers  like LPT-QPN leverage
meteorological insights to excel in high-intensity
rainfall events [72] [73].

Further advancements in fransformer architectures
include the AdaNAS, an automated neural
architecture search method that customizes model
design for rainfall forecasting, achieving an 80%

reduction in MAE and RMSE. Additionally, transformer-
based generative models with radar composite data
have outperformed fraditional methods for short-term
convective rainfall nowcasting, underscoring their
value in dynamic, region-specific applications [74]
[75].

6.4 Auto-Encoder Neural Networks

For regions with flood-prone rain belts, particularly in
years without strong external forcing signals, short-term
climate predictability remains challenging. A novel
climate index wusing Auto-Encoder (AE) Neural
Networks demonstrated superior performance in
forecasting significant precipitation events under
varying El Nino conditions. This approach enhanced
prediction accuracy during the summer precipitation
of 2020, highlighting AE networks' potential in creating
climate indices that refine flood forecasting and water
resource planning [76].

7.0 CLUSTER 4: ENSEMBLE APPROACHES

Ensemble methods leverage multiple models to
enhance accuracy and robustness in precipitation
and drought forecasting. This section outlines various
ensemble techniques and their effectiveness.

7.1 Random Forest

Random Forest (RF) models have proven effective for
predicting weather indices like the Standardized
Precipitation Index (SPI) by aggregating predictions
from multiple decision frees, which reduces variance
and improves predictive performance [24]. Recent
studies have applied RF to Subseasonal-to-Seasonal
(S2S) precipitation forecasting, particularly for extreme
events in the contiguous United States (CONUS).
Enhanced by additional forecast variables (e.g.,
surface air temperature and geopotential heights), RF
showed improved forecast skill for lead times beyond
week 2, and further tuning of tree depth enhanced
forecast accuracy across CONUS [77].

A recent probabilistic RF-based system used
NOAA's GEFS/R reforecast data to predict locally
extreme precipitation over CONUS, focusing on 24-
hour accumulations across two severity levels. Trained
with 11 years of reforecast data, the RF model
incorporated predictors like quantitative precipitation
forecasts, winds, moisture, and instability. The RF
forecasts outperformed both raw GEFS/R QPFs and
ECMWF ensemble forecasts, demonstrating superior
performance for operational sub-seasonal fo seasonal
(S2S) rainfall prediction in the United States [78].

Evaluation metrics such as the Brier Skill Score (BSS),
Ensemble Critical Success Index (ECSI), and Area
Under the Receiver Operating Characteristics Curve
(AUROC) confirmed that supplementing RF models
with additional forecast variables enhances S2S
extreme precipitation forecasting. These
improvements highlight RF's applicability in flood
forecasting and water resource management.
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7.2 Gradient Boosting

Gradient boosting models, including Gradient Boosting
Decision Tree (GBDT), LightGBM, CatBoost, and XGBoost,
consistently  outperform  traditional  models  in
precipitation forecasting. In Eurasia, CatBoost has shown
high precision for urban rainfall predictions with minimal
Mean Absolute Error (MAE) and Root Mean Square Error
(RMSE), while XGBoost effectively handles complex data
patterns for short-term and seasonal forecasts [79]-[82].
AdaBoost, a variant, has also demonstrated utility in
forecasting by improving accuracy and lowering error
rates compared to models like SVM. For instance, in
Indian hydrological data (1901-2015), AdaBoost showed
superior performance, emphasizing its potential for
rainfall prediction across diverse regions [83]. It's crucial
to distinguish AdaBoost, a boosting method combining
multiple learners, from AdaNAS, which automates neural
architecture design for meteorological tasks.

7.3 Multi-Step Model Approaches

Multi-step models that leverage sequential data have
been applied to rainfall and seasonal forecasting by
capturing temporal dependencies. For instance, a multi-
step approach integrating ARIMA, LSTM, and XGBoost in
rainfall forecasting showed that while LSTM captured
temporal dependencies well, XGBoost's final stage
refinement yielded optimal accuracy [84].

In  Indian  Summer Monsoon Rainfall  (ISMR)
forecasting, multi-step models like the regularized online
sequential RVFL (ROS-RVFL) excelled over single-layer
neural networks by training on optimal historical data
intervals. The ROS-RVFL model demonstrated superior
accuracy when frained on 89 vyears of data,
underscoring its efficacy for monsoon forecasting [85].

Further, the  Synthetic-data  Task-segmented
Generafive Model (STGM) for rainfall nowcasting
segments high-intensity precipitation events over a 6-
hour horizon. This Al-driven approach effectively tracks
storm cell evolution, enhancing prediction quality for
disaster management and public safety [86].

7.4 Bagging Ensemble Learning Models

Bagging ensembles combining models like Random
Trees (RT), Locally Weighted Learning (LWL), and k-
Nearest Neighbor (kNN) have shown success in
precipitation forecasting. For example, a Bagging LWL-
RT model outperformed alternatives in specific locations,
while Bagging LWL-kNN was more effective elsewhere,
revealing region-specific dependencies [87]. Another
study validated Bagging Tree and MS5Pruned (MSP)
models for SPI predictions across three stations in India,
showing reliable mid-term drought forecasts for drought
management [88].

7.5 Stacking Ensemble Technique
Stacking, a technique that combines multiple models,

has shown further enhancements in prediction
accuracy. In one study, a stacked ensemble of XGBoost,

RF, and LightGBM effectively forecasted drought indices
like SPEI, achieving an R? of 0.845 [89]. Another multi-view
stacking approach improved monthly precipitation
predictions by combining Decision Tree, KNN, AdaBoost,
XGBoost, and LSTM, with XGBoost as the second-level
learner [90].

In another realworld case study, a stacked
ensemble model in Romania significantly improved
Quantitative Precipitation Estimatfion (QPE) by 33%
compared to radar-only methods. The model combined
radar data with machine learning techniques, proving its
value in enhancing real-time flood prediction and early
warning capabilities [91].

Together, these findings demonstrate stacking's
effectiveness in optlimizing weather and climate
forecasts, especially when utilizing advanced radar data
and machine learning fechniques.

8.0 CLUSTER 5: HYBRID MODELS

Hybrid models have advanced rainfall forecasting by
combining various techniques, capturing complex
meteorological patterns more effectively than single-
model approaches. This section presents hybrid
models grouped info broader methodological
clusters, illustrating their unique strengths and
applications.

8.1 Metaheuristic and Optimization-Based Hybrids

Metaheuristic optfimization fechniques, such as the
artificial bee colony (ABC) algorithm, have
successfully enhanced tfraditional models like Support
Vector Regression (SVR), improving accuracy in
hydrological time-series forecasting. For instance, the
SVR-ABC model outperformed Random Forest (RF)
and other hybrid models, highlighting the benefits of
metaheuristic optimization [92]. Other studies have
infegrated algorithms like K-Nearest Neighbor (KNNJ,
XGBoost  (XGB), and Decision Tree (DCT),
demonstrating that combining machine learning
methods with optimization techniques can achieve
high accuracy, as seen in rainfall forecasting at
Sydney Airport, Australia [93].

8.2 Decomposition and Deep Learning Hybrids

Integrating decomposition techniques with deep
learning enables models to capture infricate patterns
in rainfall data. Models like CEEMDAN-VMD-BILSTM
and  ESMD-EWT-SVD-LSTM  leverage  mulfi-level
decompositions to enhance predictive performance,
particularly for monthly rainfall. These models combine
decomposition methods (e.g., CEEMDAN, VMD, EWT)
with deep learning architectures like BILSTM and LSTM,
resulfing in models that can effectively capture
nonlinear dependencies and trends in complex
datasets [94], [95].
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8.3 Wavelet and Neuro-Fuzzy Integrated Models

Wavelet analysis and neuro-fuzzy systems have
proven effective in capturing variability in rainfall
data. Wavelet-integrated models, such as Wavelet
Packet Transform (WPT)-ANN and Adaptive Neuro-
Fuzzy Inference System (ANFIS), have shown significant
improvements in forecasting accuracy. Additionally,
models like the Wavelet-based ANN (WANN) and
Wavelet Neural Network (WNN) are particularly adept
at predicting extreme precipitation and future climate
scenarios, using meteorological inputs like
temperature and humidity to improve predictions
[96]-[99].

8.4 Spatial-Temporal and Attention-Based Hybrids

Models that incorporate spatial-temporal data and
attention mechanisms have enhanced interpretability
and forecasting precision. For example, the
interpretable spatial-temporal aftention convolution
network  (IDSTA-TCN) utilizes Bayesian-optimized
decomposition alongside spatial-temporal aftention,
dynamically incorporating data from surrounding
meteorological stations. This approach enables more
reliable and interpretable predictions, especially for
regional hydrological applications [100].

8.5 Ensemble and Multi-Algorithm Hybrids

Combining multiple machine learning algorithms into
ensemble hybrids offers robust solutions for rainfall
prediction. Models like the deep residual shrinkage
network (DRSN)-TCN-RF and U-Net with partial
differential equations (PDE) have shown high precision
in short-term and daily forecasts. These hybrids
leverage the strengths of different algorithms—such as
convolutional, recurrent, and residual networks—to
improve overall forecast reliability, particularly in
operational nowcasting and multi-hour prediction
windows [101] [102].

8.6 Exitreme Event and
Autocorrelation Hybrids

Spatiotemporal

To address the challenges of forecasting exfreme
precipitation, hybrid models like the MLP-CNN and
deformable convolutional LSTM  (DConvLSTM-SAC)
have shown promising results. These models use
atmospheric features and spatial autocorrelation
techniques (e.g., local Moran index) to enhance
accuracy for extreme event predictions, particularly in
early warning systems. Such methods are essential for
accurately predicting rare, high-impact weather
events that require spatial awareness for effective
response [103] [104].

8.7 Advanced Decomposition with Gated and
Attention Mechanisms

Infegrating advanced decomposition techniques
with gated networks and attention mechanisms has

proven effective in capturing stochastic rainfall
patterns. A recent hybrid model combining
Variational Mode Decomposition (VMD) with a gated
convolutional network, optimized by Gelu and
atftention functions, demonstrated high predictive
accuracy across real-world datasets, underscoring
the power of combining decomposition with deep
learning for daily rainfall forecasting [105].

9.0 DISCUSSION

Hybrid models have advanced rainfall forecasting by
combining various techniques, capfuring complex
meteorological patterns more effectively than single-
model approaches. This section presents hybrid
models grouped into broader methodological
clusters, illustrating their unique strengths and
applications.

9.1 Evolution of Model Complexity

The shift from simpler models, such as Linear Regression
(LR) and Support Vector Regression (SVR), to DL
models like Convolutional Neural Networks (CNNs)
and Long Short-Term Memory (LSTM) networks,
underscores a frend towards increasingly complex
architectures. These models are known for their
capability to capture nuanced spatial-temporal
patterns in meteorological data, making them
valuable for realtime applications such as
nowcasting and short-term heavy precipitation
forecasting [25], [26] . [47]. However, the complexity
of DL models brings forth contradictions in their
efficacy when contrasted with traditional models.
Contradiction: Although DL models like CNNs and
LSTMs are generally considered superior in accuracy,
some studies indicate that fraditional models like LR
can outperform advanced architectures in specific
contexts, particularly for long-term trend forecasting.
For instance, a study on rainfall trends in
Thiruvananthapuram, India, demonstrated that LR
provided more accurate long-term projections than
Decision Trees (DT) and XGBoost, suggesting that
simpler models may still be advantageous when the
primary focus is on broad trend forecasting rather than
capturing complex, short-term interactions [16].

However, one of the most common limitations of
deep learning models in this domain is their fendency
to overfit when frained on limited or noisy
meteorological datasets. This is due to the high
number of tfrainable parameters and their sensitivity to
fluctuations in time-series rainfall data, particularly
when spatial inputs (e.g., satellite images) are sparse
or inconsistent.  Overfitting  reduces  model
generalization and  reliability in  operational
forecasting. To address this, fechniques such as
dropout regularization, early stopping, and cross-
validation are widely used. In addition, data
augmentation strategies and ensemble averaging
can improve robustness, though they come with
increased computational demands.
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Table 1 Comparison of Machine Learning Models for Rainfall Forecasting

Topic Key Insights Supporting Studies Context Advantages Recommendations
Advanced models L
Linear (e.g.. XGBoost) ER ou’rperformed olj S’rqble . .LR' S|mpl|cn>{, Test LR vs. advanced
. and XGBoost in long- climates with  interpretability,
Regression vs. offer better A - models across
term forecasting in extensive low . -
Advanced accuracy but LR - L - varied climates to
; Thiruvananthapuram, historical computational : -
Models excels in long-term . clarify effectiveness.
India ([16]). data. needs.
stable forecasts.
Traditional models . .
- (e.g.. SVR) SVR had lower error Noisy SVR: Robust m. Combine DL's
Traditional vs. . : . datasets or unstable dafta; -
R outperform DL in rates than ANN in noise- .. . pattern recognition
Deep Learning . limited pre- avoids - , -
. . noisy/small heavy datasets ([23], - e with SVR's noise
in Noisy Data processing overfitting in . . .
datasets due to [37]). ; resilience in hybrids.
capacity. small datasets.
robustness.
Hybrid model
gfr:C;IlZ?OC/iegglr;CiS Sg:: lexit NSO e Develop frameworks
N goaks, ARIMA-NF and ARIMA- neeXY.  Adaptable and >lop fran
Variability in ARIMA-NF and . . periodicity, to align hybrid
N HW excel in daily accurate for !
Hybrid Models ARIMA-HW often and forecast . models with data
forecasts ([22]. [38]). - stable daily
outperform LSTM horizon and goals.
. ] forecasts.
hybrids for simpler mafter.
tasks.
DL remains a DT/LR:
“black box”; DL interpretability High-stakes . Develop
- . P . Transparent . .
Interpretability simpler models remains limited even settings o interpretability-
. . . .3 decision
Challenges in (e.g., DT, LR) with attention requiring enhanced DL
] pathways for . .
DL preferred for mechanisms ([25], clear requlated variants for critical
transparent [106]). reasoning. N applications.
o . contexts.
decision-making.
DL models (e.g.,
CNN, LSTM) require Low- RF: High Develop data-
Data and substantial RF more viable in data-  resource -9 . efficient DL models
. - - accuracy with
Computational data/resources, scarce regions ([99]. areas with or use transfer
A . o low data -
Demand favoring RF in [78]). limited data - learning for
. - complexity. o
resource-limited availability. accessibility.

regions.

This finding highlight that while DL models excel at
capturing transient and high-resolution data patterns,
fraditional models can sometimes provide better
interpretability and generalization over extensive
datasets, especially where long-term trends outweigh
short-term variability. As a result, these contradictory
findings suggest that model choice should be driven
by forecast objectives and data characteristics,
rather than by model complexity alone.

9.2 Emergence of Hybrid and Ensemble Models

The adoption of hybrid and ensemble approaches
reflects an increasing awareness of the limitations of
single-model applications and the value of combining
methods fo enhance robustness and accuracy.
Models like CEEMDAN-VMD-BILSTM and DRSN-TCN-RF
exemplify the benefits of incorporating decomposition
techniques, spatial-temporal data, and metaheuristic
optimization to improve predictions under noisy or
irregular data conditions [94] [?5] [101] [102]. This trend
signifies a departure from standalone models toward
adaptive frameworks that can better address the
inherent complexities of rainfall patterns.

Contradiction: Although hybrid models are generally
assumed to provide superior performance, there is no
consensus on the optfimal hybrid configuration. Studies
reveal that models such as ARIMA-NF (Neuro-fuzzy)
and ARIMA-HW (Hammerstein-Weiner) hybrids can
sometimes outperform LSTM-based hybrids,
particularly in applications requiring daily rainfall
forecasting. For instance, while LSTM-based hybrids
are effective in capturing temporal dependencies,
simpler statistical models like ARIMA-NF have shown
superior performance in certain daily predictions,
challenging the assumption that DL-based hylbrids are
universally advantageous [22], [38], [104].

These conflicting results suggest that while hybrid
models have a proven track record of accuracy, no
single configuration universally applies across all
rainfall forecasting contexts. The variability in hybrid
model efficacy implies that model selection must be
carefully tailored to specific data characteristics,
forecasting requirements, and model strengths, with a
preference for simpler combinations in cases where
data may lack the complexity required to benefit from
DL layers.
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While hybrid models show strong forecasting potential,
they can infroduce high computational overhead
and reduced transparency due fo their complexity.
Additionally, ensemble techniques may suffer from
redundancy or marginal performance gain when too
many models are combined. To address these issues,
researchers can consider using lightweight hybrid
architectures, pruning of redundant learners, or
selective stacking based on validation performance.
Frameworks that balance predictive power with
model interpretability—such as combining decision
trees with LSTM or CNN backbones—also offer a
promising compromise.

9.3 Performance of Traditional Models in Noise-
Heavy Datasets

The emergence of DL models as dominant
approaches in rainfall forecasting is largely due to
their superior ability fo capfure non-linear and
dynamic  relafionships among  meteorological
variables. However, not all data environments are
conducive to the effective application of DL
techniques. In contexts with limited or noise-heavy
datasefts, traditional models are sometimes preferred
over DL due fo their robustness against overfitting and
reduced sensitivity to data quality.

Contradiction: Although DL models like CNNs and
LSTMs generally achieve higher accuracy, they may
underperform when data quality is poor or datasets
are limited. Comparative studies suggest that
fraditional models, such as SARIMA and Support
Vector Regression (SVR), yield lower error rates in
noise-heavy datasets, where the high sensitivity of DL
models to data irregularities can reduce their
accuracy advantage [23], [24], [37].

This evidence underscores the limitations of DL
models in unstable data environments and highlights
the practicality of fraditional models for less-controlled
datasets. For regions with limited data quality or
availability, traditional approaches may still provide a
viable alternative, reinforcing the need for a flexible
approach to model selection based on data context.
This suggests the need for careful preprocessing of
rainfall datasets before using DL models in such
contexts. Techniques like denoising autoencoders,
signal decomposition, or synthetic data
augmentation may help improve model resilience
without sacrificing performance.

9.4 Challenges with Interpretability and Transparency

DL models offer substantial accuracy improvements;
however, they pose interpretability challenges that
can hinder their adoption in operational forecasting,
especially in contexts requiring clear reasoning behind
predictions, such as flood management and
emergency response. While attenfion mechanisms
have been introduced to improve interpretability,
research suggests that DL models may still function as
"black boxes" compared to traditional ML
approaches, which offer more transparency.

Contradiction: Despite advancements in DL
interpretability through mechanisms like attention-
based models (e.g., IDSTA-TCN), traditional models
such as decision trees or linear models are often
considered more transparent and interpretable. These
models provide traceable decision pathways that
make them preferable for applications requiring clear
reasoning behind predictions [25], [26], [100].

This confradiction highlights a critical trade-off:
while DL models provide enhanced accuracy, they
may lack the operational transparency that
traditional models afford. For forecasting applications
where interpretability is essential, simpler, more
fransparent models may still be preferable,
emphasizing the need to balance accuracy with
fransparency in model development. Recent efforts
to improve deep model interpretability include
applying SHAP (SHapley Additive Explanations) and
LIME (Local Interpretable Model-agnostic
Explanations),  which  help  quantify  feature
importance in model outputs. Integrating these
techniques into forecasting workflows could support
transparent, actionable insights in operational settings
like disaster preparedness and water resource
planning [107].

9.5 Resource Limitations and Computational
Constraints

The implementation of advanced models, particularly
DL and hybrid approaches, often requires significant
data and computational resources. In regions with
limited access to high-quality data or infrastructure,
the practical utility of complex models can be
constrained, presenting a further contradiction to the
assumption that advanced models are always
preferable.

Contradiction: While models like CNN, LSTM, and
various hybrid techniques offer high predictive
accuracy, studies indicate that simpler models, such
as Random Forest (RF) or LR, remain more feasible for
regions with limited computational resources. The
higher resource demands of DL models often make
fraditional ML models a more practical option in data-
scarce regions [923], [78].

This finding suggests that while advanced models
are theoretically optimal, their real-world application
may be restricted in regions with limited infrastructure.
Consequently, ensuring equitable access to high-
quality forecasting tfools may require an emphasis on
resource-efficient models or innovative approaches
like transfer learning, which enables training on larger
datasets and subsequent application in resource-
constrained  environments.  Additional  solutions
include the use of model compression techniques
such as knowledge distillation, quantization, or sparse
model fraining, which can significantly reduce the
memory and computational footprint of deep
models. Open-source pretrained models adapted
through transfer learning also offer a pathway to
scalable forecasting in data-poor regions [108].
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9.6 Future Directions

The confradictions highlighted above underscore the
importance of a nuanced approach to model
selection in rainfall forecasting. While advanced
models offer significant potential for accuracy and
adaptability, traditional and simpler hybrid models
retain relevance, particularly in  data-limited or
operationally sensitive contexts. Fufure research
should focus on addressing data efficiency,
interpretability, and computational accessibility to
ensure that advancements in rainfall forecasting
models are both scientifically robust and broadly
applicable.

To address these ongoing challenges, promising
directions include the development of data-efficient
models that leverage fransfer learning to expand
advanced model utility across diverse regions, as well
as efforts to incorporate remote sensing and loT-
based atmospheric sensors fo enhance input data
quality and availability. Additionally, future research
should continue to prioritize balanced evaluation
metrics, such as RMSE, MAE, and AUROC, along with
interpretability metrics that support both technical
performance and operational transparency [53]-[55],
[96], [97], [105].

These findings, summarized in Table 1, underscore
how specific model configurations may support or

| Machine Learning Models for Forecasting

Traditional Models
(e-g., SVR, DT, LR)

SVR for Noisy Data
Ideal for Noise-Heavy Datasets

DT and LR for Interpretability
Ideal for High-Stakes Applications

General Neural Networks
Basic Non-linear Modelling

Suitable for General Non-linear
Data Patterns

Leverage GNNs for general non-
linear relationships or as a base
for hybrid models

Ensemble Approaches
Ideal for Diverse Data Sources and
Complex Forecasting Needs

Random Forest (RF): Efficient in
low-resource settings

Ideal for Data-Scarce, Resource-
Constrained Settings

Bagging and Boosting Techniques
Improved Accuracy and Reduced
Overfitting

Bagging and Boosting Techniques
Improved Accuracy and Reduced
Overfitting

Deep Learning Models

DL for Complex Data
Ideal for Complex Data Patterns

Hybrid Models

Ideal for Matching Model
Complexity to Data Type and
Forecasting Goals

ARIMA-NF and ARIMA-HW
Adaptable for Daily Forecasting in
Stable Data

LSTM Hybrids
Enhanced Accuracy for Short-Term
Complex Forecasts

Recommendation:
Evaluate models based on context needs and data availability

SVR: Support Yector Regression, DT: Dedsion Tree, LR: Linear

‘Abbreviations

DL: Deep Leaming, RF: Random Forest, ARIMA: farto

Bgr Moving Average, NF: Neural Fuzzy,
HW: Holt-Winters, LSTM: Long Short-Term Memory

Figure 4 Summary of Machine Learning Models for Rainfall

Forecasting

contradict each other, emphasizing the need for
careful consideration of model complexity, data
quality, and computational feasibility in  various
forecasting contexts. Table 1 provides a comparative
summary of model advantages, limitations, and
situations where simpler or more complex models
excel, aligning with the findings discussed. Ultimately,
building rainfall forecasting models that are not only
accurate but also explainable, efficient, and scalable
will be essential for widespread adoption in both
research and policy contexts.

10.0 CONCLUSION

This review has outlined the evolving landscape of
machine learning-based rainfall forecasting, from
traditional ML models to advanced deep learning
and hybrid approaches. Traditional models, such as
Linear Regression (LR) and Support Vector Regression
(SVR), have offered foundational insights but often fall
short in capturing the nonlinear complexities and
spatial-temporal dependencies of rainfall patterns. As
rainfall forecasting demands increased precision and
adaptability, researchers have shifted toward more
sophisticated approaches that better address these
challenges.

Deep Leamning (DL) models, especially
Convolutional Neural Networks (CNNs) and Long
Short-Term  Memory (LSTM) networks, have shown
marked improvements in predictive accuracy. These
models excel in high-resolution forecasting and
nowcasting applications, where their ability to model
complex atmospheric interactions provides significant
advantages. However, the computational demands
and data requirements of DL models highlight the
importance of developing efficient methods and
exploring data augmentation techniques to make
these models more accessible to a broader range of
users.

Hybrid models, combining various ML and DL
techniques, have emerged as particularly promising
for capturing the multifaceted nature of rainfall
forecasting. By leveraging decomposition methods,
spatial-temporal data infegration, and optimization
algorithms, hybrid approaches like CEEMDAN-VMD-
BILSTM and DRSN-TCN-RF have achieved significant
accuracy gains. These models underscore the
potential of combining algorithms fo overcome
individual limitations, and they hold particular promise
for complex forecasting tasks in regions with diverse
climatic conditions.

Figure 4 visually summarizes the landscape of
machine learning models for forecasting, categorizing
them info Traditional Models, General Neural
Networks, Ensemble Approaches, Deep Learning
Models, and Hybrid Models. The figure highlights their
respective strengths, applications, and suitability for
various forecasting needs. The recommendation at
the bottom underscores the importance of selecting
models based on context, data availability, and
specific forecasting requirements.
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Despite these advances, several challenges remain.
Deep learning and hybrid models often require large,
high-quality datasets and significant computational
resources, making them less accessible in low-
resource  settings.  Furthermore, the limited
interpretability of complex models continues to hinder
their adoption in decision-critical applications such as
flood forecasting and early warning systems.

Future research should focus on several key
directions. First, the development of dato-efficient
learning techniques, such as fransfer learning and
few-shot learning, can help adapt pre-trained models
to local rainfall conditions with minimal data. Second,
efforts to improve model transparency—through
explainable Al methods like SHAP, attention
visualization, or surrogate modeling—are crifical for
trust and adoption by policymakers. Third, research
should explore model compression methods such as
pruning and quantization to reduce deployment
barriers in regions with limited infrastructure. Fourth,
integrating new data sources, such as loT-based
weather sensors, drone-based monitoring, and high-
resolution satellite imagery, can improve real-time
forecasting resolution. Finally, future studies should
emphasize benchmarking ML models under unified
frameworks using standard datasets, mefrics (e.g.,
RMSE, MAE, AUROC), and interpretability scores to
ensure fair and reproducible evaluations.

By addressing these challenges, the rainfalll
forecasting community can move toward models that
are not only accurate and scalable but also
tfransparent, efficient, and deployable in operational
contexts. These advances will be critical to support
disaster preparedness, agricultural planning, and
climate resilience initiatives globally.

Acknowledgement

Authors would also like to thank and acknowledge the
Innovative Electromobility Research Laboratory (ITEM)
and Faculty of Electrical Engineering Universiti
Teknologi MARA Shah Alam for their support.

Conflicts of Interest

The authors declare that there is no conflict of interest
regarding the publication of this paper.

References

[1] Ozkaya, A. 2023. Assessing the Numerical Weather
Prediction (NWP) Model in Estimating Exfreme Rainfall
Events: A Case Study for Severe Floods in the Southwest
Mediterranean Region, Turkey. Journal of Earth System
Science. 132(3): 125. https://doi.org/10.1007/s12040-023-
02137-7.

[2]  Wu, Y., and W. Xue. 2024. Data-Driven Weather Forecasting
and Climate Modeling from the Perspective of
Development. Atmosphere. 15(6): 689.
https://doi.org/10.3390/atmos15060689.

(3]

(4]

(3]

(6]

7]

(8]

91

[10]

(1]

(2]

(13]

[14]

[13]

[16]

(17]

(18]

Schaumann, P., ef al. 2021. A Calibrated and Consistent
Combination of Probabilistic Forecasts for the Exceedance
of Several Precipitation Thresholds Using Neural Networks.
Weather and Forecasting. 36(3).
https://journals.ametsoc.org/view/journals/wefo/36/3/WA
F-D-20-0188.1.xml.

Liu, Z., et al. 2019. Local Severe Storm Tracking and Warning
in Pre-Convection Stage from the New Generation
Geostationary Weather Satellite Measurements. Remote
Sensing. 11(4): 383. https://doi.org/10.3390/rs11040383.
Capecchi, V., et al. 2015. Statistical Modelling of Rainfall-
Induced Shallow Landsliding Using Static Predictors and
Numerical Weather Predictions: Preliminary Results. Natural
Hazards and Earth System Sciences. 15(1): 75-95.
https://doi.org/10.5194/nhess-15-75-2015.

Hachimi, C. E., et al. 2024. Advancements in Weather
Forecasting for Precision Agriculture: From Statistical
Modeling to Transformer-Based Architectures. Stochastic
Environmental Research and Risk Assessment. 38(%): 3695
3717. https://doi.org/10.1007/s00477-024-02778-0.

Chen, L., ef al. 2024. A Machine Learning Model That
Outperforms Conventional Global Subseasonal Forecast
Models.  Nature Communications. 15(1): 6425.
https://doi.org/10.1038/s41467-024-50714-1.

S, P. A., et al. 2023. Revolutionizing Rain Prediction: Deep
Learning-Powered TensorFlow Solution for Meteorology
and Emergency Management. International Journal of
Intelligent Systems and Applications in Engineering. 11(4):
844-852.

Saikh, N. 1., et al. 2023. Rainfall Trend and Variability Analysis
of the Past 119 (1901-2019) Years Using Stafistical
Techniques: A Case Study of Kolkata, India. MAUSAM.
74(4): 1093-1112.
https://doi.org/10.54302/mausam.v74i4.5909.

Islam, F., and M. A. Imteaz. 2020. Use of Teleconnections to
Predict Western Australian Seasonal Rainfall Using ARIMAX
Model. Hydrology. 7(3): 52.
https://doi.org/10.3390/hydrology7030052.

Islam, F., and M. A. Imteaz. 2024. Application of Gene
Expression Programming for Seasonal Rainfall Forecasting in
Western Australia Using Potential Climate Indices. Climate
Dynamics. 62(4): 2779-2806.
https://doi.org/10.1007/s00382-023-06764-0.

Banakara, K. B., et al. 2022. Evaluation of Weather
Parameter-Based Pre-Harvest Yield Forecast Models for
Wheat Crop: A Case Study in Saurashtra Region of Gujarat.
Environmental Monitoring and Assessment. 195(1): 51.
https://doi.org/10.1007/s10661-022-10552-4.

Kassem, Y., et al. 2021. Application of Arfificial Neural
Network, Multiple Linear Regression, and Response Surface
Regression Models in the Estimation of Monthly Rainfall in
Northern Cyprus. Desalination and Water Treatment. 215:
328-346. https://doi.org/10.5004/dwt.2021.26525.

Sittichok, K., et al. 2024. Long-Term Seasonal Rainfall
Forecasting Using Regression Analysis and Artificial Neural
Network Together with Large-Scale Circulation Indices.
ASEAN Journal of Science and Technology Reports. 27(3):
€253507. https://doi.org/10.55164/ajstr.v27i3.253507 .
Agarwal, S., ef al. 2023. Analysis of Extreme Annual Rainfall
in North-Eastern India Using Machine Learning Techniques.
AQUA - Water Infrastructure, Ecosystems and Society.
72(12): 2201-2215. https://doi.org/10.2166/aqua.2023.016.
Natarajan, S., et al. 2024. Forecasting and Spatially
Interpolating  Rainfall  Data: A Case Study on
Thiruvananthapuraom  District.  Indian  Journal  of
Environmental Protection. https://www.e-ijep.co.in/44-5-
428-436/.

Piri, J., et al. 2023. Advanced Machine Learning Model for
Prediction of Drought Indices Using Hybrid SVR-RSM.” Water
Resources Management. 37(2): 683-712.
https://doi.org/10.1007/s11269-022-03395-8.

Fung, K. F., et al. 2019. Improved SVR Machine Learning
Models for Agricultural Drought Prediction at Downstream
of Langat River Basin, Malaysia. Journal of Water and



103

(9]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

(29]

[30]

[31]

[32]

[33]

[34]

[35]

(3]

Suhaimi et al. / Jurnal Teknologi (Sciences & Engineering) 88:2 (2026) 87-105

Climate Change. 11(4):
https://doi.org/10.2166/wcc.2019.295.
Ouyang, Q., ef al. 2016. Monthly Rainfall Forecasting Using
EEMD-SVR Based on Phase-Space Reconstruction. Water
Resources Management. 30(7): 2311-2325.
https://doi.org/10.1007/s11269-016-1288-8.

Nourani, V., et al. 2018. Data-Driven Ensemble Model to
Statistically Downscale Rainfall Using Nonlinear Predictor
Screening Approach. Journal of Hydrology. 565: 538-551.
https://doi.org/10.1016/j.jhydrol.2018.08.049.

Nourani, V., et al. 2019. Arfificial Inteligence Based
Ensemble Modeling for Mulli-Station Prediction of
Precipitation. Atmosphere. 10(2): 80.
https://doi.org/10.3390/atmos10020080.

Pham, Q. B., ef al. 2019. Potential of Hybrid Dato-
Inteligence Algorithms for Multi-Station Modelling of
Rainfall. Water Resources Management. 33(15): 5067-5087.
https://doi.org/10.1007/s11269-019-02408-3.

Mokhtarzad, M., et al. 2017. Drought Forecasting by ANN,
ANFIS, and SVM and Comparison of the Models.
Environmental Earth Sciences. 76(21): 729.
https://doi.org/10.1007/512665-017-7064-0.

Tugrul, T., and M. A. Hinis. 2024. Improvement of Drought
Forecasting by Means of Various Machine Learning
Algorithms and Wavelet Transformation. Acta Geophysica.
https://doi.org/10.1007/s11600-024-01399-z.
Yegnanarayana, B. 2009. Artificial Neural Networks. New
Delhi: PHI Learning Pvt. Ltd.

Zou, J., et al. 2009. Overview of Artificial Neural Networks.”
In Artificial Neural Networks: Methods and Applications.
Edited by D. J. Livingstone, 14-22. Totowa, NJ: Humana
Press. https://doi.org/10.1007/978-1-60327-101-1_2.
Ghazvinian, H., et al. 2020. Simulation of Monthly
Precipitation in Semnan City Using ANN Artificial
Inteligence Model. Journal of Soft Computing in Civil
Engineering. 4(4): 36-46.
https://doi.org/10.22115/scce.2020.242813.1251.
Gokeekus, H., et al. 2020. Analysis of Different Combinations
of Meteorological Parameters in Predicting Rainfall with an
ANN Approach: A Case Study in Morphou, Northern
Cyprus. Desalination and Water Treatment. 177: 350-362.
https://doi.org/10.5004/dwt.2020.24988.

Pei, L., and K. Wang. 2023. Precipitation Forecast in China
Based on Reservoir Computing. European Physical Journal
Special Topics. 232(5): 695-702.
https://doi.org/10.1140/epjs/s11734-022-00693-5.

Wable, P. S., et al. 2023. Application of Hybrid ANN
Techniques for Drought Forecasting in the Semi-Arid Region
of India. Environmental Monitoring and Assessment. 195(9):
1090. https://doi.org/10.1007/s10661-023-11631-w.

Khan, M. M. H., ef al. 2018. Wavelet-ANN versus ANN-Based
Model for Hydrometeorological Drought Forecasting.
Water. 10(8): 998. https://doi.org/10.3390/w10080998.

Latif, S. D., et al. 2024. Developing an Innovative Machine
Learning Model for Rainfall Prediction in a Semi-Arid
Region. Journal of Hydroinformatics. 26(4): 904-914.
https://doi.org/10.2166/hydro.2024.014.

Hossain, 1., et al. 2020. Artificial Neural Network Modelling
Technique in Predicting Western Australion Seasonal
Rainfall. International Journal of Water. 14(1): 14-28.
https://doi.org/10.1504/1JW.2020.112711.

Hassan, Md. M., et al. 2023. Machine Learning-based
Rainfall Prediction: Unveiling Insights and Forecasting for
Improved Preparedness. IEEE Access. 11: 132196-132222.
https://doi.org/10.1109/ACCESS.2023.3333876.

Joshi, P., et al. 2022. Artificial Neural Network Model for
Precipitation Forecast over Western Himalaya Using
Satellite Images. MAUSAM. 73(1): 83-90.
https://doi.org/10.54302/mausam.v73i1.5083.

Tahir, W., et al. 2017. Quantitative Precipitation Forecast
Using Numerical Weather Prediction and Meteorological
Satellite for Kelantan and Klang River Basins. Jurnal
Teknologi (Sciences and Engineering). 79(1).
https://journals.utm.my/jurnalteknologi/article/view/8705.

1383-1398.

[37]

(38]

[39]

[40]

[41]

[42]

(43]

(44]

[43]

[46]

[47]

(48]

[49]

(50]

[51]

[52]

(53]

Nwokike, C. C., ef al. 2020. Comparing SANN and SARIMA
for Forecasting Frequency of Monthly Rainfall in Umuahia.
Scientific African. 10: e00621.
https://doi.org/10.1016/j.sciaf.2020.e00621.

Diop, L., et al. 2020. Annual Rainfall Forecasting Using Hybrid
Artificial Inteligence Model: Integration of Multilayer
Perceptron with Whale Optimization Algorithm. Water
Resources Management. 34(2): 733-746.
https://doi.org/10.1007/s11269-019-02473-8.

Nirmala, M. 2015. Computational Models for Forecasting
Annual Rainfall in Tamilnadu. Applied Mathematical
Sciences. 9: 617-621.
https://doi.org/10.12988/ams.2015.411952.
Magallanes-Quintanar, R., ef al. 2022. NARX Neural
Networks Models for Prediction of Standardized
Precipitation Index in Central Mexico. Atfmosphere. 13(8):
1254. https://doi.org/10.3390/atmos13081254.

Evkaya, O. O., and F. S. Kurnaz. 2021. Forecasting Drought
Using Neural Network Approaches with Transformed Time
Series Data. Journal of Applied Statfistics. 48(13-15): 2591—
2606. https://doi.org/10.1080/02664763.2020.1867829.
Alsumaiei, A. A. 2024. Long-Term Rainfall Forecasting in Arid
Climates Using Artificial Inteligence and Statistical
Recurrent Models. Journal of Engineering Research.
https://www.sciencedirect.com/science/article/pii/S2307
187724000488.

Fereidoon, M., and M. Koch. 2018. Rainfall Prediction with
AMSR-E Soil Moisture Products Using SM2RAIN and
Nonlinear Autoregressive Networks with Exogenous Input
(NARX) for Poorly Gauged Basins: Application to the
Karkheh  River  Basin, Iran.  Water. 10(7): 964.
https://doi.org/10.3390/w10070964.

Yaseen, Z. M., et al. 2021. Forecasting Standardized
Precipitation Index Using Data Infeligence Models:
Regional Investigation of Bangladesh. Scientific Reports.
11(1): 3435. https://doi.org/10.1038/s41598-021-82977-9.
Oh, S.-G., et al. 2024. Deep Learning Model for Heavy
Rainfall Nowcasting in South Korea. Weather and Climate
Extremes. 44: 100652.
https://doi.org/10.1016/j.wace.2024.100652.

Kim, W., et al. 2024. Improvements in Deep Learning-Based
Precipitation Nowcasting Using Major Atmospheric Factors
with Radar Rain Rate. Computers & Geosciences. 184:
105529. https://doi.org/10.1016/j.cageo.2024.105529.

Liu, S., et al. 2024. Interpretable Convolutional Neural
Network for Analyzing Precipitation in the Pre-Rainy Season
of South China. Journal of Applied Meteorology and
Climatology. 63 (3).
https://journals.ametsoc.org/view/journals/apme/63/3/JA
MC-D-23-0075.1.xml.

Tan, J., et al. 2024. Deep Learning Model Based on Multi-
Scale Feature Fusion for Precipitation Nowcasting.
Geoscientific ~ Model  Development. 17(1):  53-69.
https://doi.org/10.5194/gmd-17-53-2024.

Castro, R., et al. 2019. STConvS2S: Spatiotemporal
Convolutional  Sequence-to-Sequence  Network  for
Weather Forecasting. Neurocomputing. 426: 287-298.
https://doi.org/10.1016/j.neucom.2020.09.060.
Pérez-Alarcon, A., et al. 2022. Improving Monthly Rainfall
Forecast in a Watershed by Combining Neural Networks
and Autoregressive Models. Environmental Processes. 9(3):
53. https://doi.org/10.1007/540710-022-00602-x.

Chen, G., and W.-C. Wang. 2022. Short-Term Precipitation
Prediction for the Contiguous United States Using Deep
Learning.  Geophysical ~ Research  Letters. 49(8):
€2022GL097904. https://doi.org/10.1029/2022GL097904.
Weyn, J. A., et al. 2021. Sub-Seasonal Forecasting with a
Large Ensemble of Deep-Learning Weather Prediction
Models. Journal of Advances in Modeling Earth Systems.
13(7): €2021MS002502.
https://doi.org/10.1029/2021MS002502.

Sharma, O., ef al. 2023. Improvement in District-Scale
Heavy Rainfall Prediction over Complex Terrain of North
East India Using Deep Learning. IEEE Transactions on



104

[54]

[59]

[5¢]

[57]

[58]

[59]

[60]

[61]

[62]

(63]

[64]

[65]

[64]

[67]

[68]

[69]

[70]

Suhaimi et al. / Jurnal Teknologi (Sciences & Engineering) 88:2 (2026) 87-105

Geoscience and  Remote  Sensing. 61: 1-8.
https://doi.org/10.1109/TGRS.2023.3322676.

Trivedi, D., et al. 2024. Spatio-Attention-Based Network to
Improve Heavy Rainfall Prediction over the Complex Terrain
of Assam. Neural Computing and Applications. 36(19):
11257-11273. https://doi.org/10.1007/s00521-024-09682-2.
Zheng, J., et al. 2024. Improving the Short-Range
Precipitation Forecast of Numerical Weather Prediction
through a Deep Learning-Based Mask Approach.
Advances in Atmospheric Sciences. 41(8): 1601-1613.
https://doi.org/10.1007/s0037 6-023-3085-7.

Hess, P., and N. Boers. 2022. Deep Learning for Improving
Numerical Weather Prediction of Heavy Rainfall. Journal of
Advances in  Modeling  Earth  Systems. 14(3):
€2021MS002765. https://doi.org/10.1029/2021MS002765.
Suthar, T. 2024. Leveraging Advanced Data Analysis fo
Enhance Weather Forecasting Models Tailored for
Agricultural Decision-Making. Unpublished Manuscript /
Technical Report.

Kagabo, J., et al. 2024. Application of Machine Learning
Algorithms in Predicting Extreme Rainfall Events in Rwanda.
Atmosphere. 15(6): 691.
https://doi.org/10.3390/atmos15060691.

Endalie, D., et al. 2021. Deep Learning Model for Daily
Rainfall Prediction: Case Study of Jimma, Ethiopia. Water
Supply. 22(3): 3448-3461.
https://doi.org/10.2166/ws.2021.391.

Kang, J., et al. 2020. Prediction of Precipitation Based on
Recurrent Neural Networks in Jingdezhen, Jiangxi Province,
China. Atmosphere. 11(3): 246.
https://doi.org/10.3390/atmos11030246.

Doftse, S.-Q. 2024. Deep Learning-Based Long Short-Term
Memory Recurrent Neural Networks for Monthly Rainfall
Forecasting in Ghana, West Africa. Theoretical and
Applied Climatology. 155(4): 3033-3045.
https://doi.org/10.1007/s00704-023-04773-x.

Poornima, S., et al. 2023. Rainfall Forecast and Drought
Analysis for Recent and Forthcoming Years in India. Water.
15(3): 592. https://doi.org/10.3390/w15030592.

Chen, C., et al. 2022. Forecast of Rainfall Distribution Based
on Fixed Sliding Window Long Short-Term Memory.
Engineering  Applications of Computational  Fluid
Mechanics. 16(1): 248-261.
https://doi.org/10.1080/19942060.2021.2009374.

Nguyen, D. H., et al. 2021. Improving Radar-Based Rainfall
Forecasts by Long Short-Term Memory Network in Urban
Basins. Water. 13(6): 776.
https://doi.org/10.3390/w13060776.

Sarkar, P. 2023. Rainfall Forecasting in the Barak River Basin,
India Using an LSTM Network Based on Various Climate
Indices. MAUSAM. 74(3): 699-706.
https://doi.org/10.54302/mausam.v74i3.4933.

Poornima, S., and M. Pushpalatha. 2019. “Prediction of
Rainfall Using Intensified LSTM-Based Recurrent Neural
Network with Weighted Linear Units. Atmosphere. 10(11):
668. https://doi.org/10.3390/atmos10110668.

Reddy, P. C. 2019. Rainfall Prediction Based Crop Analysis
Using LSTM in Coastal Andhra Pradesh Region. Journal of
Advanced Research in Dynamical and Control Systems. 11:
1967.

Latifoglu, L. 2022. A Novel Combined Model for Prediction
of Daily Precipitation Data Using Instantaneous Frequency
Feature and Bidirectional Long Short-Term  Memory
Networks. Environmental Science and Pollution Research.
29(28): 42899-42912. https://doi.org/10.1007/511356-022-
18874-z.

Barrera-Animas, A. Y., et al. 2022. Rainfall Prediction: A
Comparative Analysis of Modern Machine Learning
Algorithms for Time-Series Forecasting. Machine Learning
with Applications. 7: 100204.
https://doi.org/10.1016/j.mlwa.2021.100204.

Nayak, G. H. H., et al. 2024. Modelling Monthly Rainfall of
India  through  Transformer-Based Deep Learning
Architecture. Modeling Earth Systems and Environment.

(711

[72]

(73]

[74]

[75]

[76]

[77]

(78]

[79]

(80]

(81]

(82]

(83]

(84]

(85]

(8]

(87]

10(3):  3119-3136.
01944-7.

Wang, J., et al. 2024. STPF-Net: Short-Term Precipitation
Forecast Based on a Recurrent Neural Network. Remote
Sensing. 16(1): 52. https://doi.org/10.3390/rs16010052.
Xiong, T., et al. 2024. Spatiotemporal Feature Fusion
Transformer for Precipitation Nowcasting via Feature
Crossing. Remote Sensing. 16(14): 2685.
https://doi.org/10.3390/rs16142685.

Li, D., et al. 2023. LPT-QPN: A Lightweight Physics-Informed
Transformer for Quantitative Precipitation Nowcasting. IEEE
Transactions on Geoscience and Remote Sensing. 61: 1-19.
https://doi.org/10.1109/TGRS.2023.3328945.

Wen, Y., et al. 2024. AJaNAS: Adaptively Postprocessing
with  Self-Supervised Neural Architecture Search for
Ensemble Rainfall Forecasts. IEEE Transactfions on
Geoscience and  Remotfe  Sensing.  62: 1-10.
https://doi.org/10.1109/TGRS.2024.3360636.

Piran, Md. J., et al. 2024. Precipitation Nowcasting Using
Transformer-Based Generative Models and  Transfer
Learning for Improved Disaster Preparedness. International
Journal of Applied Earth Observation and Geoinformation.
132: 103962. https://doi.org/10.1016/j.jag.2024.103962.

Fan, P., et al. 2024. Neural Network-Based Climate Index:
Advancing Rainfall Prediction in El Nifo Contexts.
Atmospheric Research. 300: 107216.
https://doi.org/10.1016/j.atmosres.2023.107216.

Zhang, L., et al. 2023. Improving Subseasonal-to-Seasonal
Forecasts in Predicting the Occurrence of Extreme
Precipitation Events over the Contfiguous U.S. Using
Machine Learning Models. Atmospheric Research. 281:
106502. https://doi.org/10.1016/j.atmosres.2022.106502.
Herman, G. R., and R. S. Schumacher. 2018. “Money
Doesn't Grow on Trees, but Forecasts Do: Forecasting
Extreme Precipitation with Random Forests. Monthly
Weather Review. 146(5): 1571-1600.
https://doi.org/10.1175/MWR-D-17-0250.1.

Qian, Q., et al. 2021. Seasonal Forecast of Nonmonsoonal
Winter Precipitation over the Eurasian Continent Using
Machine-Learning Models. Journal of Climate. 34(17).
https://journals.ametsoc.org/view/journals/clim/34/17/JCL
[-D-21-0113.1.xml.

Kumar, V., et al. 2023. A Comparison of Machine Learning
Models for Predicting Rainfall in Urban Metropolitan Cities.
Sustainability. 15(18): 13724.
https://doi.org/10.3390/su151813724.

Gahwera, T. A., et al. 2024. Analysis of Machine Learning
Algorithms for Prediction of Short-Term Rainfall Amounts
Using Uganda'’s Lake Victoria Basin Weather Dataset. IEEE
Access. 12: 63361-63380.
https://doi.org/10.1109/ACCESS.2024.3396695.

Mishra, P., et al. 2024. Modeling and Forecasting Rainfall
Patterns in India: A Time Series Analysis with XGBoost
Algorithm. Environmental Earth Sciences. 83(6): 163.
https://doi.org/10.1007/512665-024-11481-w.

Kumar, D. P. S., and M. N. Swathi. 2023. Rainfall Prediction
Using AdaBoost Machine Learning Ensemble Algorithm.
Journal of Advanced Applied Science Research. 5(4): 67—
81. https://doi.org/10.46947 /joaasr542023682.
Pattukandan Ganapathy, G., et al. 2022. Rainfall
Forecasting Using Machine Learning Algorithms for
Localized Events. Computers, Materials & Confinua. 71(3):
6333-6350. https://doi.org/10.32604/cmc.2022.023254.
Dash, Y., et al. 2018. Indian Summer Monsoon Rainfall
Prediction: A Comparison of lIterative and Non-lterative
Approaches. Applied Soft Computing. 70: 1122-1134.
https://doi.org/10.1016/j.as0c.2017.08.055.

Wang, R., et al. 2023. Physical-Dynamic-Driven Al-Synthetic
Precipitation Nowcasting Using Task-Segmented
Generative Model. Geophysical Research Letters. 50(21):
€2023GL106084. https://doi.org/10.1029/2023GL106084.
Al-Hashimi, M. M., and H. A. A. Hayawi. n.d. Nonlinear
Model for Precipitation Forecasting in Northern Irag Using
Machine Learning Algorithms.”  Al-Hashimi, Muzahem

https://doi.org/10.1007/s40808-023-



105

1891

[90]

1

[92]

[93]

[94]

[99]

[96]

[971]

(98]

Suhaimi et al. / Jurnal Teknologi (Sciences & Engineering) 88:2 (2026) 87-105

Mohammed Yahya, and Heyom Abd Al-Majeed Hayawi.
2024. Nonlinear Model for Precipitation Forecasting in
Northern Iragq Using Machine Learning Algorithms.
International Journal of Mathematics and Computer
Science. 19(1): 171-183.

Zhang, H., et al. 2024. A Novel Fusion-Based Methodology
for Drought Forecasting. Remote Sensing. 16(5): 828.
https://doi.org/10.3390/rs16050828.

El Hafyani, M., et al. 2024. Improving Monthly Precipitation
Prediction Accuracy Using Machine Learning Models: A
Multi-View Stacking Learning Technique. Frontiers in Water.
6. https://doi.org/10.3389/frwa.2024.1378598.

Mihulet, E., et al. 2023. Enhancing the Performance of
Quantitative Precipitation Estimation Using Ensemble of
Machine Learning Models Applied on Weather Radar
Data. Atmosphere. 14(1): 182.
https://doi.org/10.3390/atmos14010182.

Ersoy, M., et al. 2023. Rainfall Forecasting with Hybrid and
Machine Learning Models Based on Hyperparameter
Optimization. Journal of Hydrologic Engineering. 28(11):
04023031. https://doi.org/10.1061/JHYEFF.HEENG-5960.
Mohammed, M. H., and S. D. Latif. 2024. Forecasting Daily
Rainfall in a Humid Subtropical Area: An Innovative
Machine Learning Approach. Journal of Hydroinformatics.
26(7): 1661-1672. https://doi.org/10.2166/hydro.2024.016.
Hou, S., et al. 2024. Rainfall Prediction Model Based on
CEEMDAN-VMD-BILSTM  Network. Water, Air, & Soil
Pollution. 235(8): 482. https://doi.org/10.1007/s11270-024-
07299-8.

Li, Z., and X. Zhang. 2024. A Novel Coupled Model for
Monthly Rainfall Prediction Based on ESMD-EWT-SVD-LSTM.
Water Resources Management. 38(9): 3297-3312.
https://doi.org/10.1007/s11269-024-03815-x.

Das, P., et al. 2020. Hybrid Wavelet Packet Machine
Learning Approaches for Drought Modeling. Environmental
Earth Sciences. 79(10): 221. https://doi.org/10.1007/s12665-
020-08971-y.

El lorahimi, A., and A. Baali. 2018. Application of Several
Artificial Intelligence Models for Forecasting
Meteorological Drought Using the  Standardized
Precipitation Index in the Saiss Plain (Northern Morocco).
International Journal of Intelligent Engineering Systems. 11:
267-275. https://doi.org/10.22266/ijies2018.0228.28.

Solgi, A., et al. 2017. Evaluation of Nonlinear Models for
Precipitation Forecasting. Hydrological Sciences Journal.
62(16): 2695-2704.
https://doi.org/10.1080/02626667.2017.1392529.

[99]

[100]

[101]

[102]

[103]

[104]

[105]

[104]

[107]

[108]

Khoramabadi, F., and S. Fard Moradinia. 2024. The
Prediction of Precipitation Changes in the Aji-Chay
Watershed Using CMIPé Models and the Wavelet Neural
Network. Journal of Water and Climate Change. 15(5):
2141-2161. https://doi.org/10.2166/wcc.2024.607.

Shao, P., et al. 2024. Interpretable Spatial-Temporal
Attention Convolutional Network for Rainfall Forecasting.
Computers & Geosciences. 185: 105535.
https://doi.org/10.1016/j.cageo.2024.105535.

Enhteram, M., et al. 2024. Gaussian Mutation-Orca
Predation Algorithm-Deep Residual Shrinkage Network—
Temporal Convolutional Network—-Random Forest Model:
An Advanced Machine Learning Model for Predicting
Monthly  Rainfall and  Filtering  Irrelevant  Data.
Environmental Sciences Europe. 36(1): 13.
https://doi.org/10.1186/512302-024-00841-9.

Ha, J-H., and J. Park. 2024. Advancing Very Short-Term
Rainfall Prediction with Blended U-Net and Partial
Differential Approaches. Frontiers in Earth Science. 11.
https://doi.org/10.3389/feart.2023.1301523.

Jiang, Q., et al. 2024. Hybrid Mulfilayer Perceptron and
Convolutional Neural Network Model to Predict Extreme
Regional Precipitation Dominated by Large-Scale
Atmospheric Circulation. Afmospheric Research. 304:
107362. https://doi.org/10.1016/j.atmosres.2024.107362.

Xu, L., et al. 2024. Incorporating Spatial Autocorrelation into
Deformable ConvLSTM for Hourly Precipitation Forecasting.
Computers & Geosciences. 184: 105536.
https://doi.org/10.1016/j.cage0.2024.105536.

Wu, H., et al. 2024. Gated Convolution with Attention
Mechanism under Variational Mode Decomposition for
Daily Rainfall Forecasting. Measurement. 237: 115222.
https://doi.org/10.1016/j.measurement.2024.115222.
Abdullahi, J., et al. 2024. A Novel Approach for
Precipitation Modeling Using Atrtificial Inteligence-Based
Ensemble Models. Desalination and Water Treatment. 317:
100188. https://doi.org/10.1016/j.dwt.2024.100188.
Parisineni, S. R. A., and M. Pal. 2024. Enhancing Trust and
Interpretability of Complex Machine Learning Models Using
Local Interpretable Model-Agnostic SHAP Explanations.
International Journal of Data Science and Analytics. 18(4):
457-466. https://doi.org/10.1007/s41060-023-00458-w.
Zhang, R., et al. 2025. Optimization Methods, Challenges,
and Opyportunities for Edge Inference: A Comprehensive
Survey.” Electronics 14 (7): 1345.
https://doi.org/10.3390/electronics14071345.



