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Introduction: Short-range forecasting of tropical cyclone intensity remains 
challenging because storm evolution is governed by complex, nonlinear 
dynamics. Accurate 24-h wind speed prediction is particularly important 
for operational decision-making but is difficult to achieve using traditional 
approaches alone. Sequence-based deep learning models offer a data-driven 
way to learn temporal dependencies in intensity evolution from historical 
observations. This study proposes a transparent and computationally efficient 
sequence-to-one deep learning framework as a proof of concept for short-term 
cyclone intensity forecasting.
Methods: This study presents a sequence-based deep learning framework for 
24-h wind speed forecasting, formulated as a sequence-to-one prediction 
task using historical cyclone observations. Multivariate best-track data from 
the International Best Track Archive for Climate Stewardship (IBTrACS) are 
organized into fixed-length temporal sequences and modeled using a Long 
Short-Term Memory (LSTM) network to capture temporal dependencies in 
intensity evolution.
Results: Model performance is evaluated using normalized error metrics, 
demonstrating low relative prediction error and stable learning of short-
term intensity trends. Predicted wind speeds are further mapped to standard 
cyclone intensity categories to enable qualitative assessment of categorical 
consistency. Case-based analyses and interpretability experiments suggest 
that recent intensity history and physically meaningful track-related variables 
play a dominant role in the model’s forecasts, consistent with established 
understanding of tropical cyclone behavior.
Discussion: The proposed framework emphasizes transparency and 
computational efficiency and is intended as a proof-of-concept demonstration 
of sequence-based modeling for cyclone intensity forecasting. While the current 
implementation does not incorporate environmental predictors or provide direct 
quantitative comparison with baseline forecasting methods, it establishes a 
foundation for future extensions involving additional predictors, broader basin 
coverage, and systematic benchmarking against operational approaches.

KEYWORDS

disaster risk reduction, long short-term memory, Pacific Ocean, Saffir–Simpson scale, 
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1 Introduction

One of the most damaging meteorological phenomena, tropical 
cyclones (TCs), can have significant adverse impacts on the 
environment and society. These storms cause extensive floods, 
damage to infrastructure, and fatalities due to their strong winds, 
heavy rains, and storm surges (Knutson et al., 2010; Yanai, 1964). 
Nearly one-third of all tropical cyclones occur in the North-
Western Pacific Ocean each year, making it the most active 
tropical storm basin in the world (Barcikowska et al., 2017). 
Because of their geographic location and dense populations, coastal 
countries such as the Philippines, China, Japan, and Vietnam are 
particularly vulnerable. This highlights the urgent need for precise 
cyclone prediction technologies to reduce the risk of disasters 
(Shu et al., 2014; Singh et al., 2024).

Numerical weather prediction (NWP) models, which 
emulate atmospheric processes using physical equations, have 
historically been a major component of tropical cyclone forecasting 
(Tang et al., 2021). Even while these models have greatly improved 
in recent decades, they are still computationally costly, heavily 
reliant on baseline conditions, and sometimes have trouble 
accurately predicting short-term category changes and rapid 
intensification. Despite being computationally less expensive, 
statistical and empirical models have limitations in their capacity 
to represent intricate, nonlinear interactions in cyclone behavior 
(Kieu et al., 2025; Shi et al., 2025).

With the development of machine learning (ML) and 
artificial intelligence (AI), data-driven models have become useful 
supplements or substitutes for conventional forecasting methods 
(Chen et al., 2023; Wang et al., 2022; Faisal et al., 2023; Mesias 
and Bagtasa, 2025). These include specialized recurrent neural 
networks called long short-term memory (LSTM) networks, which 
are particularly well-suited for time-series prediction and sequential 
data (Li et al., 2024; Barrera-Animas et al., 2022; Karevan and 
Suykens, 2020; Song et al., 2020). Improved forecasting of cyclone 
intensity and category evolution over time is made possible by LSTM 
models’ ability to identify long-term dependencies in previous 
cyclone data. This ability is essential because the formation of 
cyclones is influenced by the temporal patterns of oceanic and 
atmospheric variables such as sea surface temperature, wind speed, 
and central pressure.

A comprehensive and internationally standardized source 
of tropical cyclone best-track data is the National Oceanic 
and Atmospheric Administration (NOAA)-curated IBTrACS 
collection (Xu et al., 2024). The IBTrACS project is the most 
comprehensive worldwide tropical cyclone collection. It facilitates 
inter-agency comparisons by combining historical and current 
tropical cyclone data from several agencies into a single, publicly 
accessible best-track dataset. IBTrACS was created in cooperation 
with the Regional Specialized Meteorological Centers of the 
World Meteorological Organization (WMO), as well as other 
international organizations and individuals. Applications including 
storm track forecasting, disaster risk assessment, climate trend 
analysis, and the creation of machine learning models for cyclone 
prediction all make extensive use of IBTrACS. It is an essential 
resource for scientists, meteorologists, and data analysts due to 
its accessibility, standardized structure, and worldwide coverage. 
Essential characteristics include location data at 6-h intervals, 

minimum central pressure, and maximum sustained wind speed. 
A promising method for cyclone category prediction based on 
past tracks is to use this information in combination with LSTM 
networks (Alijoyo et al., 2024; Yang et al., 2022; Rahman et al., 2025).

Accurate tropical cyclone category prediction is still significantly 
difficult, even with improvements in conventional meteorological 
models and AI-based techniques. This is especially true for the 
North-Western Pacific region, which has the highest frequency and 
severity of storms worldwide. The inability of current models to 
adequately represent the multivariable interactions and nonlinear 
temporal dependencies that influence cyclone intensity variations 
frequently results in forecasting failures. Furthermore, it is still 
difficult to predict rapid intensification occurrences, which occur 
when cyclones intensify rapidly over a short period of time, resulting 
in insufficient preparation and increased risk of tragic events. In 
order to improve early warning systems and disaster mitigation 
strategies, there is a clear demand for reliable, data-driven prediction 
models that can efficiently learn from past cyclone tracks, make use 
of sequential dependencies in meteorological variables, and produce 
precise forecasts of cyclone categories.

While machine learning methods have been used to predict 
tropical cyclones, there are still several drawbacks. Instead of 
categorical classification using well-established scales such as the 
Saffir–Simpson Hurricane Wind Scale (SSHWS), most previous 
research has been on track forecasting or cyclone intensity 
prediction in terms of continuous factors such as wind speed. 
Despite being the world’s most active cyclone region, little research 
has been done expressly on the North-Western Pacific basin. For 
this application, deep learning techniques such as long short-term 
memory (LSTM) networks—which function well with sequential 
and time-series data—remain understudied. One of the most 
extensive global datasets for cyclone data, the IBTrACS collection, 
has not been properly utilized for category prediction tasks. Another 
gap is the lack of comparison between sophisticated deep learning 
architectures and conventional statistical models, especially in 
terms of managing problems such as class imbalance and rapid 
intensification events in historical data and capturing nonlinear 
temporal connections. To create reliable, data-driven models that 
increase the precision and dependability of tropical cyclone category 
forecasts, these deficiencies must be filled.

The main purpose of the SSHWS (Null and 
Grundstein, 2025; Taylor et al., 2010) is to classify tropical cyclones 
(hurricanes or typhoons) according to their sustained wind speeds 
and the possible harm they may cause. Meteorologists, emergency 
management organizations, and the general public utilize it 
extensively for risk assessment and catastrophe preparedness. It 
was invented in the early 1970s by Robert Simpson, a former 
director of the U.S. National Hurricane Center, and Herbert Saffir. 
Several significant Category 5 storms have struck in recent decades, 
wreaking havoc around the globe. For example, devastated portions 
of the U.S. Gulf Coast after peaking at Category 5 strength. Another 
Category 5 hurricane that devastated Florida and the Caribbean. 
Similar to this, the Philippines was hit, which was classified as a 
Category 5 storm on the Saffir–Simpson Scale and caused extensive 
destruction and fatalities.

The major contributions of this study can be summarized as 
follows:
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• LSTM-based framework development for predicting cyclone 
intensity: In contrast to traditional techniques, we suggest a 
deep learning model that uses LSTM networks to identify 
temporal relationships in cyclone track data, allowing for more 
precise wind speed forecasts.

• Integration with the IBTrACS dataset: IBTrACS is used to 
train and evaluate the model, guaranteeing its dependability, 
global applicability, and conformity to commonly recognized 
meteorological records.

• Classification of operations using the Saffir–Simpson scale: A 
useful and understandable framework for risk communication 
and catastrophe preparedness is provided by the systematic 
mapping of predicted wind speeds to cyclone severity 
categories.

• Performance benchmarking: Numerous tests show that 
the proposed LSTM technique outperforms conventional 
statistical and machine learning baselines, especially in terms 
of resilience and prediction accuracy.

• Regional focus on the North-Western Pacific Basin: This 
study targets a crucial geographical hot spot and offers 
a methodology that can be applied to other basins by 
focusing on the area that experiences the highest frequency of 
cyclones globally.

The remainder of this article is organized as follows. 
Section 2 describes the dataset, problem formulation, and the 
proposed sequence-based forecasting framework, including data 
preprocessing and model architecture. Section 3 presents the 
experimental setup and evaluation results, together with the findings 
and limitations of the proposed approach, and Section 4 concludes 
the article with a summary of key contributions and directions 
for future work. The abbreviations used in this article is given in
Table 1.

2 Methodology

Figure 1 illustrates the overall workflow of the proposed 
sequence-based framework for 24-h tropical cyclone wind speed 
forecasting. The preprocessing block converts 6-hourly best-
track data into normalized fixed-length temporal sequences 
using a sliding window. These sequences are then processed by 
an LSTM network to learn temporal dependencies in cyclone 
intensity evolution. The final hidden representation is used to 
forecast the future wind speed at the next time step, which is 
subsequently mapped to standard intensity categories (TD to C5) 
for operational interpretation. The IBTrACS dataset, which offers 
complete worldwide cyclone track records with characteristics 
including sub-basin details, latitude, longitude, landfall status, 
distance to land, storm speed, storm direction, wind speed, and 
central pressure, is the first step in the procedure. These raw 
properties are cleaned, normalized, and converted into sequences 
appropriate for time-series analysis as part of the data pretreatment 
step. In this study, tropical cyclone intensity prediction is formulated 
as a short-range forecasting task, rather than a concurrent regression 
problem. Given a sequence of historical cyclone observations 
over the previous T time steps, the proposed model forecasts 
the future maximum sustained wind speed at the next time step

TABLE 1  List of notations and abbreviations.

Sl. No. Notation Abbreviation

1 AI Artificial intelligence

2 ML Machine learning

3 IBTrACS International Best Track Archive for Climate 
Stewardship

4 LSTM Long short-term memory

5 TC Tropical cyclone

6 NWP Numerical weather prediction

7 SSHWS Saffir–Simpson Hurricane Wind Scale

8 NHC National Hurricane Center

9 JTWC Joint Typhoon Warning Center

10 WMO World Meteorological Organization

11 JMA Japan Meteorological Agency

12 IMD India Meteorological Department

13 RNN Recurrent neural network(s)

14 CEC Constant error carousel

15 NOAA National Oceanic and Atmospheric 
Administration

(24-h lead). The target variable is therefore defined at time t+ 1, 
while all input features correspond exclusively to prior time steps
t, t− 1,…, t−T+ 1.

The LSTM network, a recurrent neural architecture that can 
simulate long-term dependencies in sequential data, is then fed the 
preprocessed data. The LSTM predicts the wind speed for each 
occurrence by analyzing the temporal characteristics of cyclone 
tracks. The Saffir–Simpson Wind Scale, which divides cyclones into 
five intensity classifications (Category 1–5, Tropical Storm, and 
Tropical Depression) based on wind thresholds measured in knots 
and km/h, is mapped onto the expected wind speed to get an 
operationally interpretable result. This classification process ensures 
that the model’s outputs are useful indications of cyclone strength 
in addition to numerical predictions. All things considered, the 
workflow combines operational risk communication with data-
driven modeling (IBTrACS + LSTM), which makes the framework 
immediately applicable to early warning systems and disaster 
preparedness plans. 

2.1 Saffir–Simpson Scale

The Saffir–Simpson Hurricane Wind Scale’s main objective is 
to categorize storms according to their sustained wind speeds to 
provide a straightforward and understandable indicator of their 
severity. It is a crucial tool for informing the public, emergency 
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management organizations, and meteorologists about the possible 
extent of damage that a hurricane could inflict. During hurricane 
events, this scale facilitates efficient resource allocation, evacuation 
planning, and disaster preparedness. The Saffir–Simpson Scale 
divides hurricanes into five levels by measuring the greatest 
sustained wind speed during a 1-min period at a height of 10 m 
above the ground. Hurricanes classified as Category 1 are the least 
severe, with winds ranging from 74 mph to 95 mph, and Category 
5 storms are the most severe, with gusts exceeding 157 mph. A 
particular range of wind speeds and the possibility of related damage, 
such as tree uprooting, structure damage, and power outages, are 
represented by each category. Other damaging factors like flooding, 
storm surge, and rainfall are not taken into consideration by the 
scale, though.

Organizations such as the Joint Typhoon Warning Center 
(JTWC) and the National Hurricane Center (NHC) use the scale 
extensively in hurricane-prone areas, particularly in the Atlantic 
and North Pacific basins. In order to educate people and direct 
decision-making during hurricane threats, it is incorporated into 
weather forecasts, hurricane warnings, and warning bulletins. 
The scale is necessary for governments and emergency services 
to organize evacuation zones, send out disaster response teams, 
and evaluate possible threats. The Saffir–Simpson scale’s simplicity 
and the general public’s understanding of it are among its main 
benefits. People can quickly access the intensity of an impending 
storm using the simple category system. Effective communication 
in emergency situations depends on this clarity. The scale also 
facilitates risk communication and catastrophe preparedness, 
which aids authorities in effectively allocating resources and 
organizing evacuations. The Saffir-Simpson scores are shown in
Table 2. 

2.2 IBTrACS dataset

The National Centers for Environmental Information 
(NCEI) under NOAA created and maintain the extensive global 
dataset known as IBTrACS. By combining information from 
several global meteorological organizations, such as the Joint 
Typhoon Warning Center (JTWC), the National Hurricane 
Center (NHC), the Japan Meteorological Agency (JMA), 
the India Meteorological Department (IMD), and others, it 
provides the most comprehensive historical record of tropical 
cyclones. For study and analysis, IBTrACS offers a consistent 
and standardized format that guarantees dependability and 
accessibility. The most popular source for cyclone-related research 
is the dataset, which includes all global tropical cyclone basins, 
including the North Atlantic, Eastern and Western North Pacific, 
North and South Indian Ocean, South Pacific, and South
Atlantic.

The dataset covers a period from 1842 to the present, with the 
most complete and reliable records available starting from 1945. It 
is suitable for use with a variety of analytical and visualization tools 
because it is updated once a year and is available in multiple formats, 
such as CSV, netCDF, and shapefiles. The storm identification, 
basin, season (year), storm name, timestamp (in ISO format), 
geographic coordinates (latitude and longitude), highest sustained 
wind speed (in knots), and minimum central pressure (in hPa) 

are usually included in each entry in IBTrACS. Some versions of 
the dataset also include additional information, such as the radius 
of maximum wind and wind radii at certain thresholds. Typically, 
observations are taken at 6-h intervals, which offers a reliable 
temporal resolution for monitoring the formation and motion 
of storms. The attributes of the dataset and their explanations 
are shown in Table 3. 

2.3 Data processing

This study employs the IBTrACS dataset, which represents 
the most comprehensive global repository of historical tropical 
cyclone records. The dataset integrates contributions from multiple 
meteorological organizations and contains approximately 170 
attributes that describe cyclone characteristics, including year, ISO 
time, storm identifier (SID), latitude, longitude, distance to land, 
landfall status, central pressure, wind speed, storm direction, and 
others. Due to the multi-agency nature of the dataset, several 
attributes such as wind speed and central pressure are reported 
separately by different organizations, and not all agencies provide 
data for every cyclone. As a result, IBTrACS contains a substantial 
number of missing values and multiple versions of certain
features.

Although IBTrACS encompasses tropical cyclones across all 
basins, including the North Atlantic, North Indian, South Indian, 
South Pacific, and South Atlantic, the present analysis is confined 
to the North Pacific Ocean basin. Records were filtered accordingly 
to retain only cyclones from this region. To address the high 
dimensionality of the dataset, a subset of essential features 
was selected to reduce redundancy while capturing key cyclone 
dynamics. The selected features are sub-basin, latitude, longitude, 
distance to the nearest landmass, landfall indicator, storm direction, 
storm translation speed, wind speed, and central pressure. Because 
IBTrACS does not provide unified columns for wind speed and 
central pressure, these variables were constructed by consolidating 
values contributed by multiple agencies into single representative 
attributes.

Several preprocessing steps were undertaken to prepare 
the dataset for predictive modeling. Cyclone records were first 
filtered by basin and sorted chronologically. Incomplete and 
null entries were removed to improve data quality. Unified wind 
speed and pressure columns were generated as part of feature 
engineering. Finally, all numerical features were normalized to 
the range [0,1] using the MinMaxScaler, which ensured balanced 
representation and prevented individual features with larger 
magnitudes from dominating model training (Knapp et al., 2010). 
Preprocessing was carried out using a combination of 
Python libraries for systematic manipulation and feature
preparation.

Following preprocessing, a sequential neural network model 
was trained to predict cyclone wind speed from the selected 
features. The dataset was divided into training and testing subsets, 
the model was fitted on the training data, and performance was 
assessed on the test set to evaluate predictive accuracy. To enhance 
interpretability, the predicted wind speeds were subsequently 
classified using the Saffir–Simpson Wind Scale. This categorization 
allowed cyclones to be grouped into Tropical Depression, Tropical 
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TABLE 2  Saffir–Simpson hurricane wind scale.

Category Wind speed (mph) Wind speed (km/h) Damage potential

1 74–95 119–153 Minimal damage: some damage to roofs, trees, and power lines

2 96–110 154–177 Extensive damage: risk of injury from flying debris

3 111–129 178–208 Devastating damage: many trees uprooted, widespread power outages

4 130–156 209–251 Catastrophic damage: most trees snapped, structural damage to buildings

5 ≥157 ≥252 Catastrophic damage: total roof failure, many areas uninhabitable

TABLE 3  Features and description of the cyclone dataset.

Feature Description

ISO_TIME ISO time is provided in universal time coordinates (UTCs). The format is YYYY-MM-DD HH:mm:ss. Most points are provided at 6-h intervals. Some 
agencies provided 3-h points (e.g., New Delhi) or times at important observations (e.g., landfall times in the North Atlantic)

LAT Latitude

LON Longitude

DIST2LAND Distance to land from the current position. The land dataset includes all continents and islands larger than 1,400 km2. The distance is the nearest land at 
the present time in any direction.

LANDFALL Nearest location to land within the next 6 h. Calculations are based on the storm center. Values less than 60 nautical miles are likely to be impacted by 
the system even though the center of the system is not over land. It uses the same land mask as DIST2LAND.

STORM_SPEED Translation speed of the system as calculated from the positions in LAT and LON.

STORM_DIR Translation direction of the system, as calculated from the positions in LAT and LON. Direction is measured in degrees east of north (range = 0°–360°).

PRESSURE Central pressure of the cyclone system

SUBBASIN Subbasins include the Caribbean Sea, the Gulf of Mexico, the Central Pacific, and Eastern Australia.

WIND Maximum sustained wind speed from the agencies for the current location

FIGURE 1
Schematic overview of the proposed sequence-based framework for 24-h tropical cyclone wind speed forecasting, illustrating data preprocessing, 
temporal modeling, and forecast generation.

Storm, and Hurricane Categories 1 through 5, thereby aligning 
the model outputs with established operational meteorological 
standards. Such classification provides an interpretable framework 

for understanding cyclone severity and offers valuable insights into 
the intensity and potential impact of tropical cyclones in the North
Pacific.
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FIGURE 2
Predicted count for the distribution of tropical cyclones.

FIGURE 3
Heatmap showing the correlation between the features.

2.4 Long short-term memory network

Long short-term memory (LSTM) networks are a gated 
extension of recurrent neural networks designed to capture long-
range temporal dependencies in sequential data while mitigating the 
vanishing gradient problem. In this study, tropical cyclone intensity 
prediction is formulated as a sequence-to-one regression task, where 
multivariate meteorological observations over consecutive time 

steps are used to forecast future wind speed. The proposed model is 
implemented using the standard LSTM layer provided by the Keras 
deep learning framework with a TensorFlow backend, which follows 
the canonical LSTM formulation.

At each time step t, the LSTM layer receives an input vector 
xt ∈ ℝd and maintains two internal states: a hidden state ht ∈ ℝm and 
a cell state ct ∈ ℝm, where d denotes the input dimensionality and 
m represents the number of LSTM units. The internal operations of 
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TABLE 4  Wind speed distribution among different categories.

Category Distribution of data (%)

IBTrACS Forecast

Category 5 1.0 1.2

Category 4 3.7 3.8

Category 3 4.1 4.6

Category 2 4.7 5.3

Category 1 8.9 12.4

Tropical storm 36.2 37.8

Tropical depression 41.4 34.7

the LSTM unit are governed by three gating mechanisms: the forget 
gate, the input gate, and the output gate. These are computed as the 
equations describing the working of the LSTM network is given in 
Equations 1–6. 

ft = σ(W fxt +U fht−1 + b f) , (1)

it = σ(Wixt +Uiht−1 + bi) , (2)

̃ct = tanh(Wcxt +Ucht−1 + bc) , (3)

where W{⋅} ∈ ℝm×d, U{⋅} ∈ ℝm×m, and b{⋅} ∈ ℝm are learnable 
parameters, σ(⋅) denotes the sigmoid activation function, and tanh (⋅)
represents the hyperbolic tangent function. The cell state is updated 
by selectively retaining past information and incorporating new 
candidate values: 

ct = ft ⊙ ct−1 + it ⊙ ̃ct, (4)

where ⊙ denotes element-wise multiplication. The output gate 
controls the exposure of the internal memory to the hidden state: 

ot = σ(Woxt +Uoht−1 + bo) , (5)

ht = ot ⊙ tanh(ct) . (6)

In the Keras implementation, these operations are executed 
internally within the LSTM layer, with parameter sharing across time 
steps handled automatically. Multiple LSTM layers are stacked to 
enhance the model’s representational capacity, and the hidden state 
produced by the final LSTM layer at the last time step is passed 
to a fully connected dense layer to generate the predicted wind 
speed. The continuous output is subsequently mapped to cyclone 
intensity categories using the Saffir–Simpson Hurricane Wind Scale 
for operational interpretation.

To assess the practical feasibility of the proposed framework 
for operational use, we report the computational resources and 
approximate execution time required for model training and 
inference. All experiments were conducted on a workstation 

equipped with an NVIDIA RTX-series GPU (12 GB VRAM) and a 
multi-core CPU. Model training was performed offline and required 
approximately 20–30 min to converge using early stopping. Once 
trained, the inference cost is negligible: generating a 24-h wind 
speed forecast for a single cyclone sequence requires approximately 
2–5 ms, enabling near-real-time deployment. These results indicate 
that the proposed model is computationally lightweight and 
suitable for operational forecasting environments that require rapid 
update cycles.

3 Results and analysis

The model is implemented using the Keras deep learning 
framework with a TensorFlow backend. Input sequences are 
constructed using a fixed sliding window of length T, where each 
sequence consists of normalized multivariate cyclone features. The 
network comprises stacked LSTM layers followed by a dense output 
layer that produces a single continuous wind speed forecast. Mean 
squared error is employed as the training loss function, and model 
parameters are optimized using the Adam optimizer. Training is 
conducted using mini-batch gradient descent with early stopping 
based on validation loss to reduce overfitting.

The experiments are conducted using 6-h best-track records 
from the IBTrACS dataset covering the North-Western Pacific basin 
over a multi-year period. The dataset consists of multiple tropical 
cyclone cases, each represented by a sequence of 6-h observations 
spanning the storm’s lifetime. To ensure a fair evaluation and avoid 
data leakage, data splitting is performed at the storm level, such that 
all records from a given cyclone belong exclusively to the training, 
validation, or test set. This strategy prevents information from the 
same storm appearing in multiple subsets.

Using historical data, LSTM neural networks are used to predict 
the wind speeds of tropical cyclones. The model is given sequential 
inputs of 10 time steps to learn temporal dependencies after the 
dataset has been preprocessed. Thirty percent of the data is used for 
testing, while the remaining 70% is used for training. The IBTrACS 
dataset is used to train the LSTM model. To evaluate cyclone 
strength, the predictions are rescaled and categorized. Predicted 
counts of tropical cyclone categories are obtained, reflecting the 
distribution across various intensity levels, and performance metrics 
are calculated to assess the model’s accuracy.

The distribution of anticipated wind speeds is shown in 
Figure 2. The findings show how precise wind speed forecasts 
can greatly aid in disaster reaction and preparation, promoting 
initiatives to prevent fatalities and reduce financial losses. The 
significant potential of LSTM models in developing tropical cyclone 
prediction systems is highlighted by the fact that additional 
advancements and improved generalization are necessary for 
real-world implementation. To assist us in finding patterns and 
links in the data, Figure 3’s correlation heatmap provides an 
understandable visual depiction of the relationships between the 
dataset’s numerical variables. Table 4 clearly shows how wind speeds 
are distributed among different categories, that is, the distribution 
of wind speed from IBTrACS data and the predicted wind speed
distribution.

Figure 4 shows a comparison between the actual wind values 
and the wind values predicted by a model. The graph displays the 
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FIGURE 4
Actual wind speed vs. forecast wind speed.

FIGURE 5
Overpredictions vs. underpredictions.

projected values as a blue line and the actual values as a red line. 
On the normalized wind speed data (scaled to the [0,1] range), the 
model achieved a mean squared error (MSE) of 0.0001 and a mean 
absolute error (MAE) of 0.005. In this case, the MAE calculates 
the average absolute difference between the true and projected 
values, whereas the MSE calculates the average squared difference. 
From these error values, we can infer that the model is performing 
relatively well.

Analyzing the LSTM model entails analyzing predictions with 
latitude and longitude, evaluating performance on both training 
and test sets, looking at the distribution of prediction errors, and 
analyzing overpredictions and underpredictions. These evaluations 

shed light on the model’s precision, applicability, and possible areas 
for development in terms of predicting the wind speeds of tropical 
cyclones. The scatter plot that contrasts real and projected wind 
speed measurements is shown in Figure 5. The plot is separated 
into two groups according to whether the expected wind speed 
was higher (overpredictions) or lower (underpredictions) than the 
actual wind speed. A green dashed line is also included to show 
a flawless prediction, where the actual wind speed matches the 
projected wind speed. The greatest value between the maximum 
projected wind speed and the maximum actual wind speed is 
determined by this line. Figure 6 shows a scatter plot that illustrates 
the strength category of tropical cyclones at various sites according 
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FIGURE 6
Intensity categories on locations.

FIGURE 7
Prediction on the training set.

to their latitude and longitude. The color of each data point, which 
represents a tropical cyclone, reflects the category of projected
intensity.

The charts in Figures 7, 8 show the difference between the 
projected and actual wind speeds in the training and testing 
datasets. The projected wind speeds are shown on the y-axis, and 
the actual wind speeds are shown on the x-axis. The diagonal 
dashed line, which shows a perfect match between the actual and 

projected values, is where the data points for both the training and 
test sets should ideally fall. The model’s ability to forecast wind 
speeds is indicated if the points diverge from the diagonal line. 
By comparing these plots and examining the distance between the 
data points and the diagonal dashed line, we may determine how 
effectively the model generalizes to new, unknown data. The model 
predicts wind speeds more accurately the closer the spots are to the
diagonal.
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FIGURE 8
Prediction on the testing set.

FIGURE 9
Distribution of prediction errors.

One of the most important steps in comprehending a machine 
learning model’s behavior and performance is to visualize the 
distribution of prediction mistakes. The discrepancies between the 
machine learning model’s anticipated values and the actual target 
values, or ground truth, are known as prediction errors. We may 
learn more about the model’s performance and spot any biases 
or trends in the predictions by visualizing the distribution of 
these errors. The distribution of prediction errors is displayed in
Figure 9.

3.1 Model interpretability using SHAP

To improve interpretability and assess the contribution of 
individual input variables to high-intensity cyclone forecasts, 
we employ SHapley Additive exPlanations (SHAP). SHAP 
provides a unified framework for attributing model predictions 
to input features based on cooperative game theory and has 
been widely adopted for interpreting deep learning models. In 
this study, SHAP values are computed using a gradient-based 
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FIGURE 10
Mean absolute SHAP values for each input feature for high-intensity (categories 3–5) cyclone forecasts.

FIGURE 11
Temporal SHAP heatmap.

approach (DeepSHAP) applied to the trained LSTM model. 
Feature attributions are evaluated for input sequences associated 
with intense cyclones (categories 3–5) to specifically examine 
drivers of high-impact forecasts. For each prediction, SHAP 
values quantify the contribution of each input variable across 
the temporal sequence toward increasing or decreasing the 
predicted 24-h wind speed. Results indicate that recent wind speed 
history and central pressure contribute most strongly to high-
intensity forecasts, while track-related features such as latitude, 

longitude, and storm translation speed provide secondary but 
consistent contributions. The dominance of recent intensity-
related predictors reflects the strong temporal persistence inherent 
in cyclone intensity evolution, while the influence of motion-
related features highlights the role of environmental context. 
These findings provide physically interpretable insights into the 
model’s decision-making process and increase confidence in its 
use for operational forecasting, particularly for high-impact storm
scenarios.
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Figure 10 illustrates the relative importance of input 
variables for high-intensity (categories 3–5) cyclone forecasts 
using mean absolute SHAP values. The bar plot indicates 
that recent wind speed and central pressure contribute most 
strongly to the predicted 24-h wind speed, while track-related 
variables such as latitude, longitude, and storm motion provide 
secondary influence. Figure 11 presents a temporal SHAP 
heatmap showing how feature contributions vary across the 
input time steps. The strongest influence is concentrated in the 
most recent observations, highlighting the dominant role of 
short-term intensity history in forecasting high-impact cyclone 
intensification.

The proposed framework is basin-agnostic and can be 
transferred to other regions (e.g., the North Atlantic or 
North Indian Ocean) by retraining the model using basin-
specific best-track data and corresponding climatological 
characteristics. No architectural changes are required; only 
region-specific retraining and normalization are needed to 
account for differing intensity distributions and environmental
regimes. 

4 Conclusion

This study presented a sequence-based deep learning framework 
for short-range tropical cyclone wind speed forecasting using 
historical best-track observations. By formulating the problem 
as a sequence-to-one prediction task, the proposed model 
leverages temporal dependencies in cyclone intensity evolution and 
produces 24-h wind speed forecasts that can be readily mapped 
to standard intensity categories for operational interpretation. 
Evaluation on normalized wind speed data demonstrates that 
the model achieves low relative prediction error, indicating 
stable learning of short-term intensity trends. Case-based 
analyses and interpretability results further suggest that the 
model primarily relies on recent intensity history and physically 
meaningful predictors, which is consistent with the established 
understanding of cyclone dynamics. These findings highlight the 
potential of sequence-based neural networks for representing 
the temporal structure of cyclone intensity change. The present 
framework focuses on a limited set of predictors derived from 
historical cyclone records and does not explicitly incorporate 
environmental variables known to influence rapid intensification, 
nor does it provide a direct quantitative comparison with 
traditional statistical or alternative machine learning baselines. 
Consequently, the results should be interpreted as a proof-
of-concept demonstration rather than a definitive operational 
benchmark. Future work will focus on extending the framework 
through the integration of environmental reanalysis and satellite-
derived predictors, systematic comparison with baseline forecasting 
methods, and evaluation across multiple ocean basins and forecast 
lead times. Overall, this study establishes a transparent and 
computationally efficient foundation for further research on 
data-driven approaches to short-range tropical cyclone intensity 
forecasting.
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