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Abstract

Tropical cyclones are one of the most destructive natural disasters, inflicting severe damage on human life, infrastructure,
and the environment. This study aims to present a framework for 24-hour tropical cyclone track forecasting in the Bay
of Bengal (BoB) region. Deep learning algorithms, including Convolutional Neural Network (CNN), Numerical Weather
Prediction (NWP) techniques, and models from the European Centre for Medium-Range Weather Forecasts (ECMWF),
were utilized to capture the complex non-linear relationships between atmospheric conditions and storm trajectories. A
predictive model was developed using a fused dataset that integrates more than 40 years of cyclone history from the
IBTrACS database with atmospheric variables from the ERAS reanalysis data. Through systematic experimentation with
model architecture and hyperparameters, the best-performing configuration a shallow CNN, achieved a 24-hour Mean
Absolute Error (MAE) of 141.2 km, calculated using the Haversine great-circle distance. This result demonstrates a sig-
nificant improvement over the standard persistence model benchmark, which yielded an MAE of 186.11 km on the same
test set. The model’s predictions for a hypothetical cyclone align closely with the observed climatological behaviour of
the region. Forecast error analysis revealed clustering around 150 km with a mean error of 223.69 km, reflecting the
multidimensional distribution of this value. This study underscores the potential of deep learning in cyclone prediction,
offering a promising tool for real-time cyclone tracking and regional early warning. The proposed framework supports the
future development of coastal risk management systems aimed at enhancing preparedness.
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1 Introduction

Tropical cyclones (TCs) are also known as hurricanes and
typhoons, which denote catastrophic weather phenomena
that can significantly impact human life, property and socio-
economic development. TC is a low-pressure and warm

< Md Khairul Haque
khairul 20103430@jkkniu.edu.bd

Department of Environmental Science and Engineering,
Jatiya Kabi Kazi Nazrul Islam University, Trishal,
Mymensingh 2224, Bangladesh

Department of Computer Science and Engineering,
Bangladesh University of Business and Technology (BUBT),
Dhaka 1216, Bangladesh

Department of Environmental Science, Bangladesh
Agricultural University, Mymensingh 2202, Bangladesh

Published online: 10 June 2026

core that forms in tropical and subtropical oceans (Fang
et al. 2022).There are several favourable environmental
conditions that must be in place before a TC can form.
There are four conditions, including warm ocean water
(at least 80 °F/ 27°C) through a depth of about 150 ft.
(46 m); comparatively humid air at the mid-level of the
troposphere (16,000ft. /4,900 m); a minimum distance of
at least 300 miles (480 km) from the equator; low values
(less than about 23 mph/37 km/h) of vertical wind shear
between the surface and the upper troposphere; vertical
wind shear is defined as the change in wind velocity (speed
and direction) with height, and strong shear can disrupt
cyclone organization (NOAA 2025). As discovered, the
magnitude of TC is largely influenced by three factors,
namely, the initial severity of TC, the thermodynamic
state of the atmosphere and the heat exchange between the
ocean and TCs (Emanuel 1999). Nearly 7% of global TCs
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occurred in the North Indian Ocean (NIO), according to
reports by (Neumann 1993). Although the NIO is the site of
only 7% of TCs experienced globally, a disproportionately
high percentage of deaths that occur as a direct result of a
cyclone suggest that the area is dramatically affected by the
humanitarian impact of the disaster. Specifically, BoB alone
contributes 5% of global TCs, making it one of the most
vulnerable sub-regions (Alam and Dominey-Howes 2015).
More importantly, recent studies highlight that TCs in the
BoB have undergone notable changes in recent decades;
between 1981 and 2010, oceanic and atmospheric conditions
became increasingly favourable for cyclone growth in the
post-monsoon season (October-December), leading to
intensification (Balaguru et al. 2014). In other studies, they
found that there was an 8% decrease in the frequency of
relatively weak cyclones (Deshpande et al. 2021) and slower
transition speed for intense cyclones compared to weaker
ones (Sun et al. 2021). In particular, flash flooding due to
the extensive rainfall of TCs can easily result in a significant
calamity affecting the communities living on the coasts of
the BoB (Das et al. 2007; Peduzzi et al. 2012; Woodruff et al.
2013). The BoB has a very high frequency (occurrence) and
strength (tropical cyclone observational density) of the TCs
of all intensity categories as compared to the Arabian Sea.
Such differences in regional cyclone activity highlight the
importance of basin-specific forecasting models, as shown
in Table 1. Categories are defined as Cyclonic Storm (CS),
Severe Cyclonic Storm (SCS), Very Severe Cyclonic Storm
(VSCS), and Extremely Severe Cyclonic Storm (ESCS).
The 3-hourly observations indicate the total number of
synoptic observations recorded at 3-hour intervals during
the life cycle of each cyclone event, reflecting the density of
observational data available for each category.

History indicates that the BoB has been a land of deadly
TCs, with individual events claiming up to half a million
lives. Compared to the Arabian Sea, the BoB records a much
higher frequency of cyclones across all intensity categories
and a denser set of 3-hourly synoptic observations,
underscoring its extreme vulnerability. This highlights the
urgent necessity of strengthened disaster preparedness and

Table 1 The observation and number of TCs in the NIO basin

Basin
Arabian Sea  BoB
Number of Cyclone in category  CS 1 7
SCS 2 1
VSCS 1 2
ESCS 1 4
3 hourly observations CS 40 176
SCS 72 32
VSCS 72 120
ESCS 48 200

Sources (Uddin et al. 2021)
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more effective early warning systems in the region. The
BoB had most of the deadliest cyclones in world history,
indicating sensitivity of the area to such types of landfalls
occasioned by large populations along the coastline and low
levels of relief. Krishnakumar et al. (2009). documented
that the rising of TC occurrence in the BoB during the
post-monsoon season could be related to the increasing of
post-monsoon precipitation in Kerala, India. The cyclone
migration patterns are vital criteria in the forecasting of the
landfalls because slight changes in the cyclone movements
significantly change the affected populace and economic
regions. According to recent research by Sattar and Cheung,
it was also revealed that the NIO TCs activity was influenced
by the El Nifio Southern Oscillation and the Indian Ocean
Dipole, and the TCs formation condition varied depending
on the basin (BoB or AS) (Sattar and Cheung 2019).
Compared to the AS, the BoB was an active cyclone-forming
basin due to the higher sea surface temperature (SST), upper
ocean heat content (UOHC), total column water vapour
(TCWYV), relative humidity (RH) and lower tropospheric
temperature (LTT) in the BoB basin than in the AS (Uddin
et al. 2019). In addition, the intensity of vertical wind shear
(VWS) in BoB was very low compared to that of AS (Balaji
et al. 2018). In Bangladesh, the very severe cyclonic storm
Sidr (2007) destroyed houses, agricultural crops, roads and
infrastructure by flooding the coastal areas. Global and
regional models poorly resolve inner core dynamics when
predicting intensity, which is strongly affected by smaller-
scale physical processes of the climate system, especially
the cumulus convection, radiation, and microphysics
(Zhang et al. 2011; DeMaria and Kaplan 1999). They
have demonstrated that the change of intensity is strongly
connected to the structure and evolution of the inner core of
the storm (Franklin et al. 1988; Kossin and Eastin 2001a, b).
Uncertainties in the initial conditions and approximations
of NWP models have a significant impact on forecast skill
(Kotal et al. 2024). NWP models continue to face challenges
in correctly simulating mesoscale and convective processes
around the core, both of which are crucial for predicting
intensity (Weber 2005; Zhang et al. 2019). Despite these
limitations, such much of the improvement in the TCs
forecasting of both track and intensity has been driven by
advances in NWP model performance, including improved
numerical techniques, high-performance computing, and
assimilation of diverse observational data (Chen et al.
2013; Kim and Hasegawa 2018; Lei et al. 2017; Cangialosi
et al. 2020; Landsea and Cangialosi 2018). Ensemble
prediction systems (EPS) have become a significant part of
the operational forecasting suite at many methodological
institutes, providing probabilistic guidance and improving
forecast reliability (Leutbecher and Palmer 2008). Only a
few high-resolution long-term observation data indicate
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the range of BoB, limiting the verification of models and
the use of forecasts in this region. Two key questions are
considered in terms of the forecast provided by the ECMWF
ensemble system: (1) the reliability of the control forecasts
and (2) the reliability of the ensemble mean forecasts
(Zsoter et al. 2009). The idealised simulations performed
with the Weather Research and Forecasting (WRF) Model
confirmed the existence of these relationships (Ge et al.
2013; Wu et al. 2012). Deep learning approaches have
been applied to climate research with success in the past
few years following the rapid development and the high
scalability of deep learning algorithms; they have been used
in weather forecasting (Bi et al. 2023), El Nino Southern
Oscillation prediction (Ham et al. 2019), and in predicting
the Madden Julian oscillation (Kim et al. 2021) and have
been applied in enhancing the accuracy of forecasts.
Deep learning has widely played a vital role in climatic
phenomena identification and detection of signals linked
to global warming (Ham et al. 2019), hence making new
discoveries in the science of climate possible. To promote
performance TC intensity forecasting, a strategic research
effort has been conducted on this trend to leverage a range
of deep learning models that includes Multilayer Perceptron
(MLP), Long Short-Term Memory (LSTM), CNN, or a
Generative Adversarial Network (GAN) (Chaudhuri et al.
2013; Pan et al. 2019; Meng et al. 2023; Xu et al. 2021). As
an example, Xu et al. (2021) have proposed a TC intensity
prediction model using the MLP model, which consists of
two-layer hidden nodes (2048 nodes in each layer). It has
also been reported that global warming will also result in
increased overall TC intensity and reduction of landfalling
TCs, which will weaken at a reduced pace, correlating to
the increase in the saturated water vapour amount in the
atmosphere (Knutson et al. 2020; Li and Chakraborty 2020).
The socioeconomic damage caused by TC in coastal areas
is expected to increase in the future. (Peduzzi et al. 2012;
Mendelsohn et al. 2012), which evidences the topicality of
the abilities of communities to forecast the locations and
magnitude of TC development. TC intensification involves
a multiscale process that includes interaction between
convective clouds both within the inner core and outside the
inner core zone (i.e., within the radius of maximum wind),
as well as factors related to TCs scale and the large-scale
environment, which consists of sea surface temperature
(SST), moisture and vertical wind shear. (Chang and Wu
2017; Hendricks et al. 2010; Fudeyasu et al. 2018; Wu et al.
2012). According to Hong et al. 2000; Shay et al. 2000), it
was discovered that the warm-core eddies in the inner core
might play a facilitating role in forming TC by reducing
the SST cooling due to the upward flow. In particular, rapid
intensification events are not reliably predicted by existing
models, whether numerically based on weather prediction

(NWP) or machine learning, especially over the BoB. Both
physical modelling and deep learning methodologies lack
an integrated high-resolution model regionally specific to
the BoB to make accurate predictions of TCs intensity and
rapid intensification events (Singh et al. 2022). It creates
a very large research gap given that the region is already
highly susceptible and that past methods of forecasting are
weak. The Deep TC comprises the 2D and the 3D modules
and three fully connected (FC) layers. This research mainly
focuses on developing a deep learning-based short-term
model using CNN for forecasting 24-hour TC displacement
in the BoB, considering the fused dataset. Future studies can
investigate hybrid systems that invest in physical studies
and Al-based learning systems to enhance both intensity
and track predictions of TCs.

2 Methodology
2.1 Study area

The Indian Ocean is the most susceptible area of cyclones
globally, and it extends to the BoB within the boundaries of
N 23°, W 78°, S 5°, and E 100° (as shown in Fig. 1). It is
bounded by the west by the coast of the eastern parts of India
and Sri Lanka, the north by the Ganges-Brahmaputra-Meghna
delta of Bangladesh, the east by the coast of Myanmar and
the Andaman-Nicobar Islands and the south by the imaginary
line drawn between the point of Dondra Head, Sri Lanka, and
Northern Sumatra (Li et al. 2013; Bhardwaj and Singh 2020).
This region comprises approximately 2.17 million square
kilometres of land and averages 2600 m in depth, which
translates to making it a very large and dynamic marine
environment (Wu et al. 2024). The cyclones of this basin
are mostly seasonal and have a bimodal seasonality pattern
during the pre-monsoon (April-May) and post-monsoon
(October-November) seasons (Li et al. 2013). According to
the latest climatological reports, there is an increasing rate
in cyclone frequency and strength in the BoB, especially
the northwestern side (as shown in Fig. 2) that comprises
the coasts of Odisha and Bangladesh (Wu et al. 2024). The
frequency of STCs whose persistent winds surpass 64 knots
has increased and is characterised by a trend of mainly moving
in a southeast-northwest direction, which further exposes the
densely inhabited coastal areas to more of this danger (Rao et
al. 2024). Due to the overlapping of cyclones with the maturing
seasons of Boro and Amon rice, agricultural losses and food
insecurity are increased in Bangladesh (Wahiduzzaman and
Yeasmin 2024). Traditionally, the BoB has experienced
certain catastrophic cyclones in history, the most recent of
which were the 1999 Odisha Super Cyclone, Cyclone Nargis
(2008) and Cyclone Amphan (2020). The events have led
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Fig. 1 Study area map of the BoB region

to large numbers of casualties, economic destabilisation,
and long-term ecological degradation (Bhardwaj and Singh
2020). Especially low lying is the Sundarbans region, which
is at a very vulnerable risk of storm surges, tidal inundations,
and post-cyclone epidemics as a result of its poor ecosystem
(Khatoon et al. 2025).

2.2 Data and methods

This paper combines two globally known datasets, IBTTACS
and ERAS, to provide effective fused training conditions for
the cyclone displacement forecasting in the BoB region.
IBTrACS released by the National Oceanic and Atmospheric
Administration for Environmental Information, is the most
comprehensive global compilation of tropical cyclone best
track data. It combines contributions made by various global
agencies to be consistent and comprehensive in historical and
contemporary events. The IBTrACS version 4r01 will offer
the 6-hour cyclone position and strength information, such
as latitude, longitude, wind velocity, and storm type, which
are the parameters that would improve our understanding of
cyclone genesis, movement, and landfall behaviour of the
system of the BoB basin (Knapp et al. 2010; Gahtan et al.
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2024). The update frequency of the data is every third day of
the week and is maintained under the World Meteorological
Organization (WMO) in regard to inter-agency comparison
and stewardship of climate.

2.2.1 IBTrACS (International Best Track Archive for Climate
Stewardship)

The IBTrACS dataset is used in this study, which is the best
existing available dataset for cyclone tracks. Sourced from
NOAA, the v04r01 dataset provides historical 6-hourly
cyclone track data, including time, latitude, longitude and
storm nature. Averaging of wind speeds by arithmetic mean
was phased out in IBTrACS v03r01 due to feedback and
suggestions by participants of the first IBTrACS workshop
(Levinson et al. 2010) because of diversity in the derivation
of the data. As IBTrACS is unable to merge these large
discrepancies, or “spurs”, in the data, it splits them into
separate tracks. To classify these tracks, IBTrACS pre-
assigns a “track type” flag as main, merge, split, or other
(Knapp et al. 2018). Most significant parameters include the
tropical cyclone position (longitude position and latitude
position) and storm centre of circulation of TCs (Li et al.
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Dominant Trajectory of Cyclones Affecting the Region
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Fig. 2 Dominant trajectory of cyclones affecting the region of BoB

2022). Disaster early warning highly relies on the strength
of a cyclone. Under 1 min wind speeds (Knapp et al. 2018),
IBTrACS includes two storms: one track prior to and one
track after the storm merger defined as the convergence of
two cyclone tracks into a single main track and another track
which ceases at the merge point, the spur (Kruk et al. 2010).
In the BoB, TCs tended to form over the eastern and western
sector of the basin and made landfall on the east coast of
India and the south coast of Bangladesh (Uddin et al. 2021).
Figures 3 presents the annual number of 6-hourly TCs
observations in the BoB (1981-2023). The datasets average
84 observations per year, but variability is substantial.
For instance, 1987 and 2004 exceed 190 observations,
while 1990-1995 drop below 40 per year, reflecting a
well-documented dip in meteorological archives linked to

90°E

95°E 100°E

shifts in technology and reporting standards. From the late
1990s onwards, coverage becomes more consistent, though
natural interannual variability remains. This temporal
imbalance is a defining feature of the training data (1981—
2010). By splitting chronologically, the model is exposed to
heterogenous records during training and evaluated against
more stable, satellite- era data (2016-2024).

2.2.2 ERAS5 reanalysis data

ERAS reanalysis data are provided by the ECMWF- CDS
(Climatic Data Store). It’s a valuable resource for studying
cyclone tracks; also, ECMWF-CDS is high-resolution
gridded data which is a physically consistent global
atmospheric state. Some of the benefits when compared

@ Springer
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Number of 6-Hourly Cyclone Observations per Year in the Processed Dataset
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Fig. 3 Number of 6-hourly TCs observations per year in the final processed dataset in the BoB region (1981-2023)
to its predecessors (ERA4 and ERA-Interim) are that  Table2 Description of Input Data and Variables
its spatial and temporal resolutions are much larger, it  Data Parameter Variable Description Role in
provides details about the quality of data changing over  sources Model
space and time, it describes the troposphere much better, it ~ [BTrACS  Latitude/Longitude 6'h°}‘i,rly geo- gr"t‘;ns
. raphic coor- rui or
represents TCs much better, it offers a better a global mean grap .
R . ] dinates of the location
balance of precipitation and evaporation, it has better cyclone centre and target
performance over land precipitation in deep tropics, it has calculation
better performance in representing soil moisture and better Time (ISO-TIME) The specific date  Used for
. and time of each  matching
sea surface temperature and sea ice (Hersbach et al. 2020). . ;
K observation. with ERAS
In correspondence, a different data filter powered by Deep data and
Learning Models (DLM), CNN, as a widely recognised for data
method due to the ability to process information of a large- splitting.
scale range, is applied (Wei et al. 2023). ECMWF has been ~ ERAS t2m (2 m temperature) - Air temperature  Input fea-
at 2 m above the  ture/predic-

operating acombined medium-range and monthly ensemble
system since 11 March 2008, created by combining the
former Variable Resolution Ensemble Prediction System
(VAREPS) and monthly versions (Buizza 2008; Vitart et
al. 2008). We used 6-hourly data from 1981 to 2024 for
five single-level variables (assumed to be 2 m temperature,
total precipitation, 10 m u-wind, 10 m v-wind and mean
sea level pressure) covering the BoB region.

2.3 Cyclone tracking algorithm

ERAS reanalysis data has greatly increased the spatial and
temporal resolution of cyclone tracking, allowing closer
detection of more short-lived and small-scale systems.
Table 2 reveals that the most important meteorological vari-
ables, which are temperature, precipitation, and wind com-
ponents, are also important predictors in cyclone modelling
(Pinto et al. 2005; Neu et al. 2013).

@ Springer

tp (total precipitation)

ul0 (10 m u-wind)

v10 (10 m v-wind)

msl (mean sea- level
pressure)

surface.
Accumulated pre-
cipitation over the
preceding period.
The eastward
wind is 10 m
above the surface.
North wind at

10 m above the
surface

The atmospheric
pressure adjusted
to mean sea level.

tor variable.
Input fea-
ture/predic-
tor variable.
Input fea-
ture/predic-
tor variable.
Input fea-
ture/predic-
tor variable.
Input fea-
ture/predic-
tor variable.

2.4 Data processing

We build our methodology around producing a training
instance for every 6-hourly data point of a tropical cyclone

event.
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2.4.1 Target calculation

Target calculation is devoted to the process of defining and
generating the output value that the model is expected to
predict. The model target is the future cyclone centre coor-
dinate (latitude and longitude) at T+24 h. For each storm
observation at time T, we identify its location 24 h later at
T+24 h. We also target the transformation forecasting task
into a supervised regression problem were,

Target = (Latitude ¢yo4nr, Longitude ¢1o4ny)

The target variables for our model are displacement vectors
(dlat_24hr, dlon_24hr).

2.4.2 Chip extraction

To create a standardized input for our CNN model, small
subsets of the large-scale atmospheric data, referred to as
‘chips’ in computer vision literature, are extracted. A ‘chip’ in
this context is a fixed-size, N-dimensional array representing
a storm-centric snapshot of the environment. Specifically,

a 25° x 25° chip of ERAS atmospheric data is extracted,
centred on the storm’s recorded location at given time T (as
shown in Fig. 4). Each chip contains multiple channels, with
each channel corresponding to an environmental variable
like wind, precipitation, or mean sea-level, pressure. This
method of creating storm centred chips is important for two
reasons. First, it establishes a moving frame of references that
ensures the cyclone is always at the centre of the input data.
This allows the model to learn location invariant features of
storm dynamics. Second, it transforms the computationally
interactable problem of processing global weather maps into
a manageable task by focusing only on the most relevant
environmental data surrounding the cyclone. This spatial
framing approach has been confirmed as significant in the
context of cyclone detection and forecasting (Lakshmanan
and Smith 2009; Jitkajornwanich et al. 2012).

2.4.3 Dataset creation
We built the final data set out of two main components,

namely the chip extraction and the target calculation. Every
sample is a 6-hourly analysis of a cyclone in BoB and

. Cycloné Center (Time T)

25°N W\v——"\
20°N <\j§'
15°N
10°N
5°N

0°

Conceptual Diagram of Chip Extraction

et

25°x252 Chi
Atmospheric
(g;'g., v'\iir'\d,":pr
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Fig.4 Conceptual diagram of chip extraction
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includes the environmental conditions as well as the storm
progression. Data fusion is a widely adopted technique in
cyclone modelling aimed at improving prediction accuracy
and enhancing spatial coherence (Kieu et al. 2025; Huang
et al. 2025). Target labels are 24-hour displacement vector
parameters of the cyclone tracks. Such a vector-based
methodology is confirmed in regional papers across the BoB
(Georgiev et al. 2016; Shenoy et al. 2022). We received 3,548
samples after processing historical cyclone records. This data
is used to create a baseline of training a DLM and assessing
it. It ensures temporal stability and spatial relevance, both
essential for generalising cyclone type and seasonal pattern
(Bhardwaj and Singh 2020; Nanda et al. 2025).

2.4.4 Data split

The training sets used TCs data as recorded in the period
1981-2010, during which dataset quality varied; earlier
years relied more on regional reports and limited satellite
estimates, while later years benefited from improved
satellite monitoring, refined Dvorak techniques, and stronger
interagency consistency (Knapp et al. 2010; Gahtan et al.
2024; Kruk et al. 2010). The datasets were divided into three
parts: a training set (1981-2010), a validation set (2011—
2015), and a testing set (2016-2024). This resulted in 2,273
training samples (64.05%), 416 validation samples (11.72%),
and 859 testing samples (24.22%) (as shown in Table 3).

2.5 Evaluation metrics

The performance of the CNN model for tropical cyclone
track forecasting is primarily evaluated using the MAE,
which represents the average great-circle distance between
predicted and observed cyclone positions after 24 h. To
ensure accuracy, this distance is calculated using the
Haversine formula, which accounts for the Earth’s spherical
geometry and avoids distortions from planar approximations.
The formula is expressed as:

d = 2R.arcsin <\/sin2 (%) +cos (¢ 1) cos(¢ ,)sin’ (%))

where is the distance, is the Earth’s radius (6371 km), rep-
resents latitude, and represents longitude. As demonstrated

Table 3 Segment of the Experimental Dataset

Parameters Year Values Percentage
(Samples) of Samples

Data set amount 1981-2024 3548

Training set 1981-2010 2273 64.05%

Testing set 2016-2024 859 24.22%

Validation 2011-2015 416 11.72%

@ Springer

by (Agrawal and Colle 2025), CNN-based approaches to
cyclone track forecasting effectively employ MAE with
haversine-based calculations to quantify positional errors
and improve ensemble forecast skill.

3 Result
3.1 Tropical cyclone track

Unique 328 storm tracks are in our final dataset that occurred
in the BoB region between 1981and 2024. It assures that the
processing pipeline successfully isolates storms within the
BoB and adjoining seas, defining the geographic scope of
our study as shown in Fig. 5.

3.2 Distribution of tropical cyclone durations

This histogram (as shown in Fig. 6) illustrates the distribution
of tropical cyclone durations in 6-hour intervals across BoB
from 1981 to 2024.In IBTrACS, tropical cyclone duration is
defined as the period during which a system designated as
tropical cyclone in the best track record, including tropical
depression, tropical storm, and higher cyclone categories,
but excluding precursor disturbances and post tropical
stages. Out of 328 storms, the majority had a duration
between 0 and 50 h, with the highest frequency observed in
the range from 0 to 15 h. Fewer subsets of storms are over
150 h in duration. This result indicates that short to medium-
duration cyclones dominated the BoB basin.

3.3 Target variable distribution

This (as shown in Fig. 7) refers to the geographical
movement of the cyclone the centre in 24 h of displacement
of latitude and longitude. The distribution is revealing
an approximately normal and clear physical trend, with
predominantly northward positive latitude change (ranging
from 0°-2°) and westward negative longitude change (from
—2°to -1°) movement.

Most TCs are exhibit:

Positive latitude change (A Lat>0) — Northward
movement.

Negative longitude change (A Lon<0) — Westward
movement.

3.4 Model architecture and training

A CNN was selected because it proven ability to learn
spatial features in grided like-data. The model will
comprise a series of convolutional and pooling layers to
learn features, after which the model will then employ
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(Revised): Cyclone Tracks in the Bay of Bengal Study Area (328 storms)
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Fig.5 Total Storm (328) Track in the Bay of Bengal spanning 1981-2024

dense layers to regress the final output displacement
vector. To identify the best model configuration, we
conducted a set of experiments, among which there was a
features analysis (ablation study) and a parameters analysis
(hyperparameter tuning). The set of experiments compared
a baseline model, a shallow a model with fewer layers, a
model with a higher Ir (learning rate), and a model trained
without wind (i.e., excluding all wind-related predictors
to evaluate their incremental contribution), and a model
trained after removing all non-wind variables. The best
kernels of each of the convolutional layers are highly
optimised, and they excite the pertinent regions (using
the support of several activation functions (e.g., rectified
linear unit [ReLu], hyperbolic tangent [tanh] or linear)

which are further used to extract the output. Each of the
models was trained for up to 100 epochs, with an Early
Stopping callback (patience=10) to prevent overfitting.
Our best-performing model, the shallow model, converged
and stopped training after 24 epochs, with the Adam
optimizer and Mean Squared Error (MSE) loss function
(as shown in Fig. 8).

3.5 Quantitative result of model experiments
The quantitative results from the model experiments indicate
varying performance across different configurations. This

shallow model, utilising two convolution blocks, achieved
the best validation loss and test MAE, demonstrating the
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Distribution of Tropical Cyclone Durations
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Fig. 6 Distribution of tropical cyclone durations measured at 6-hour intervals across the Bay of Bengal
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Learning Curve for Best Model: "shallow_model"
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Fig. 8 The training and validation loss of the shallow CNN model after 24 epochs

effectiveness of its feature set. In contrast, adjustments in
learning rate and model complexity resulted in slightly
higher errors (as shown in Table 4).

3.6 Model performance across all experiments (Test
MAE)

The performance of machine learning models can vary
meaningfully based on their architecture, particularly in
relation to dataset size, where we used 3,548 samples. In this
case, the shallow model achieved the lowest test set MAE
of 141.2 km (as shown in Fig. 9), revealing that simpler
models can effectively avoid overfitting while maintaining
faithful accuracy. The shallow model performance assumes
that simple architecture is better on smaller datasets since
they are not overfitting (Pasupa and Sunhem 2016). The
risk of overfitting the perplexity of most models is high,
the models tend to learn noise in the data during training
and make inaccurate decoding on new data (Schmidt 2025).
The shallow model’s architecture relieves overfitting risk
effectively. Key performance metric of a measurement
model is the MAE, especially on continuous response
data, because it gives a clear insight into the accuracy of
prediction (Montesinos Lopez et al. 2022).

Table 4 Performance Evaluation of Model Experiment

Experiment Model Fea- Vali- Test Perfor-
Name Configuration  ture dation MAE  mance vs.
Set  Loss (km) Baseline
(min)
shallow 2 Conv Blocks All5 1.892 141.2  Best Per-
model formance
higher Ir 3 Conv Blocks All5 1.965 140.70 +0.30 km
(LR=5¢-4)
baseline 3 Conv Blocks All5 1984 14094 +0.54 km
(LR=1e-4)
no wind 3 Conv Blocks t2m, 2.451 165.82 +24.88km
tp,
msl
wind only 3 Conv Blocks ul0, 2.137 148.15 +7.21km
v10

3.7 Distribution of forecast errors on test set (Best
Model)

The distribution of forecast errors in the weather prediction
model specifically for TCs that reveals significant insight
into model performance in these figures (as shown in
Fig. 10) determines that the great majority of errors are
clustered under the mean 223.69 km with a high precision
of about 150 km. We can see an increase of fusing networks
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Model Performance Across All Experiments (Test MAE)
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Fig. 9 Mean forecast error (MAE) for shallow, higher learning rate, baseline CNN models
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Fig. 10 Distribution of performance comparisons-based on forecast errors of the best model for tropical cyclones
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amplification ( mean error:130 km where reference is to
the Wind CNN (mean 148.9 km), the Pressure CNN (mean
172.7 km), and the Past tracks+meta NN mean 186.6 km
(Giffard-Roisin et al. 2020) alone. These forecast errors
indicate that there are some forecasts making larger error,
which is typical of meteorological prediction. This pattern
of forecast error distribution means that tropical cyclone
forecast errors (Fang et al. 2022) commonly have multimodal
distribution and that the assumption of normality in error
statistics may be invalid (Crutcher et al. 1982). Models
demonstrate strong predictive capability; it should be noted
that even in these cases, forecasts can still be very wrong
in some circumstances and indicate that work is needed to
produce enhancements in the modelling technique beyond
error correction methods (Bouallégue et al. 2023).

3.8 Model performance on test data (Best Model)

The analysis of model performance on test data reveals a
strong positive correlation between predicted and actual dis-
placement of TCs, as evidenced by plots (as shown in Fig. 11)
clustering around the ‘Reference Prediction’ line. This pre-
diction line result indicates high predictive accuracy; clus-
ters are centred in the top-left quadrant and particularly in
capturing the north-westward movement of cyclones in BoB.
The CNN forecasts were compared against the persistence
model, a standard operational baseline. Using Haversine dis-
tance metric, outcome underscore the difficulty of surprising

physically meaningful baselines in cyclone track prediction.
Kumar et al. (2021) reported than Long Short-Term Memory
(LSTM) network trained on cyclone central pressure, wind
speed, latitude, and longitude, achieved lower MAE and out
formed existing models in both Atlantic and NIO. Zhang et
al. (2018) showed that Matix Neural Network (MNN) pre-
served spatial correlation in cyclone trajectory data, produc-
ing more accurate forecasts for south Indian ocean.

3.9 Model interpretability (Explainable Al)

CNN models that predict TCs are visualisations of their
internal convolutional layer activation in DL models and
also provide meaningful insight into how these models
interpret atmospheric data. Primary layers such as conv_la
and conv_1b focus on low-level features like edges and gra-
dients, while deeper layers like conv_2a and conv_2b cap-
ture more complex patterns, indicating the model’s ability to
recognise meteorological phenomena.

3.9.1 Activations for layers: conv_1a and conv_1b

Conv_la and conv_1b activation layers (as shown in
Figs. 12 and 13) learn fundamental features, including sim-
ple edges, gradients (Lines of changing pressure), and basic
textures related to wind fields and cloud patterns. These fea-
tures are crucial to the interpretation of model predictions in
the context of meteorology (Zhang et al. 2019).

Model Performance on Test Data (Best Model)
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Fig. 11 Predicted vs. Actual displacement on test data
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Activations for Layer: conv_1la (32 filters)

] 100 200

Fig. 13 Activations for Layer conv_1b

3.9.2 Activation for layers: conv_2a and conv_2b
These layers are deeper in the network to identify com-

plex structures such as curved formations typical of
cyclone rain bands and rotational signatures near storm

@ Springer

cores. This statistical mode of exhibition is more than a
black box and identifies physically sensible data patterns
(Henna and Alcaraz 2022). The learnt activations of the
conv_2a and conv_2b layer blocks are demonstrated in
Figs. 14 and 15 respectively.
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Activations for Layer: conv_2a (64 filters)

Fig. 14 Activations for Layer conv_2a

4 Discussion

The forecast of TCs highlights the importance of accurate
prediction for effective disaster management and building
the sustainable city. Modern advancements in forecasting
methodology, particularly utilising machine learning
and numerical models, have shown promising result in
predicting both natural and anthropogenic phenomena.

Combinations of the capabilities and strengths of the
machine learning model and the numerical weather
forecast model, the so-called hybrid models, may be the
ones of interest to the development of TC forecasting.
Such as hybrid approaches are physically meaningful
because they combine the process-based realism of
numerical models with the adaptability of machine
learning, allowing forecasts to remain robust under rapidly
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Activations for Layer: conv_2b (64 filters)

Fig. 15 Activations for Layer conv_2b

evolving atmospheric conditions. A westward and slightly
southward motion of an emerging tropical cyclone occurs
over the BoB in our 24-hour cyclone forecast map (as
shown in Fig. 16) 24-Hour Forecast for New Cyclone
dated 20 November 2025 at 00.00 UTC The historian’s
initial position on the green circle, further than the red
star with the expected location 24 h later, indicates that
a path is taken in a new direction to the coastal areas of
Bangladesh and eastern India. This trajectory reflects the

@ Springer

influence of mid tropospheric steering flows and synoptic
scale pressure gradients, which are well known drives
of BoB cyclone motion. Based on the CNN model, the
predicted 24-hour displacement error was is -0.08° in
latitude and longitude—2.4°. The relatively low error in
latitude and longitude highlights the model strength in
representing poleward steering flows, which are commonly
associated with BoB cyclones. Cyclone movement is
also in line with the climatological patterns of cyclones
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24-Hour Forecast for New Cyclone from 2025-11-20 12:00:00
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Fig. 16 24-Hour forecast for new cyclone

in BoB, which originate in the central region of the basin
and tilt northeast due to the steering flows and synoptic-
scale pressure gradient in the mid-troposphere (Rahman
et al. 2024). This combination helps the model-to-model
cyclone development at decisive moments, a development
that enhances the accuracy of making short range forecasts.
This paper presented a CNN-based model trained with
fused IBTrACS-ERAS observations to 2024 to enable the
model to learn temporal domain shifts and environmental
preconditions. The next-day prediction of 20 November

2025 is very close to the historical cyclone dynamics,
indicating that the model demonstrates predictive
capability consistent with historical cyclone dynamics.
This alignment indicates that the CNN model successfully
captures basin scale circulation patterns, reinforcing its
ability to generalize beyond training data. These models can
represent temporal dynamics and also spatial dependencies
to provide an increased appreciation of the processes of
cyclone intensification. Further, the identification of the
optimal predictor group also contributes to the efficiency
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of the model (Xu et al. 2022). In this paper to demonstrate
the model’s practical efficiency, we performed simulation
a real-time forecast for a hypothetical new cyclone. The
simulation provides the opportunity to directly evaluate
the response of the model under realistic conditions and
determine the practical usefulness of a given model in
the context of disaster preparedness. With an improved
TCs forecasting model, it is possible to better anticipate
risks and reduce potential damage (Xu et al. 2022). Our
proof-of-concept is found at 24-h, and Giffard-Roisin et
al. (2020) shows that the 6-hourly observation results are
also very satisfactory. Predictions can be made in the same
format on a longer-term basis (Giffard-Roisin et al. 2020).
This forecast model has the performance ability to capture
nonlinear spatiotemporal patterns in atmospheric data,
which are often missed by conventional statistical models.
Low displacement error in latitude suggested improved
representation of poleward steering dynamics, a critical
factor in cyclone trajectory forecasting. The reduction in
errordemonstratethathybrid architectures can extract multi-
scale atmospheric features, enabling more reliable short-
term track forecasts (Richman et al. 2017). This reflects
the model’s capacity to capture both mesoscale convective
process and large-scale steering dynamics simultaneously,
strengthening its physical credibility. For 24-hour forecast
horizon, the CNN model achieved a MAE of 141.2 km
is calculated using the haversine formula (as shown in
2.5). To provide a robust context, we compared our model
against the persistence baseline, which achieved a MAE
of 186.11 km. Comparatively, the CNN model achieved
a significantly lower MAE of 141.2 km, demonstrating
strong predictive capability beyond simple momentum.
This result confirms that the model has successfully
learned meaningful patterns from the atmospheric data
to improve upon a naive forecast. Additional experiments
showed initial angular errors of 2.9° reduced to 1.8°
with the hybrid architecture, reflecting improved feature
extraction and short-term prediction accuracy. CNN
model consistency in abrupt trajectory shifts highlights
the adaptability of data driven models to nonlinear
atmospheric dynamics, complementing the physical
realism of WRF. Integrating empirical decomposition
with neural networks enhances representation of short-
term wind speed variability, which is vital for operational
early warning systems. The Statistical robustness of
forecast improvements indicates that the gains are not
random, but stem from the architecture’s ability to capture
spatiotemporal dependencies. The accuracy could also be
enhanced by a recent launch of the new version of ERAS
reanalysis, ERAS5 (Giffard-Roisin et al. 2020). As (Hodges
et al. 2017) demonstrate, the difference in the mean centre
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position of TCs in the ERAS reanalysis product can be as
high as 1 degree between 1979 and 2012, so we would
gain performance by transferring to ERA 5 and the Vortex
Tracker (Marchok 2002) proposed by the GFDL. Future
improvement of regional forecasting accuracy could be
achieved by optimising the input feature selection and using
information provided by real-time sensor data. Integration
of CNN deep learning with physically based model outputs
and reanalysis data presents a promising direction for
building regionally adapted cyclone forecasting systems,
especially for vulnerable coastal regions like Bangladesh.
This integration ensures that the forecasts are not only
statistically accurate but also physically interpretable, a
critical requirement for operational early warning systems
in cyclone prone regions.

4.1 Comparison to operational benchmarks

To contextualize the performance of our CNN model, we
evaluated it against two benchmarks: (i) the Persistence
Model, and (ii) the official track forecast errors reported
by RSMC New Delhi (IMD). Both models were assessed
on the same test set using the Haversine distance metric to
ensure consistency in error measurement.

The results indicate that the CNN model produced a
MAE of 214.96 km, while the Persistence Model achieved
186.11 km, meaning the simple Persistence Model outper-
formed the CNN by approximately 28.85 km (15.5% lower
error) (as shown in Table 5). This finding suggests that, in
its current configuration, the deep learning approach was
unable to extract a predictive signal stronger than basic
storm momentum. For operational comparison, the IMD/
RSMC official 24-h track forecast errors have steadily
declined over the past two decades, from 203 km in 2003
to 65.6 km in 2024, with five-year moving averages consis-
tently showing improvement in forecast skill (Mohapatra
et al. 2013). These values demonstrate that current opera-
tional forecasts are substantially more accurate than both
our CNN and Persistence models. Taken together, these
comparisons emphasize that while our CNN model dem-
onstrates potential, its present error levels remain above
both a naive baseline and operational benchmarks. Future
work will therefore focus on refining the model architec-
ture, incorporating additional atmospheric predictors, and
expanding the training dataset to bridge this performance
gap and move closer to operational forecast accuracy.

Table 5 Model Performance against Benchmark

Model Test Set MAE (km)
CNN Model 214.96
Persistence Model 186.11
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4.2 Limitation of the study

This study presents a proof-of-concept deep learning frame-
work for short term tropical cyclone track prediction in the
Bay of Bengal; nevertheless, several important limitations
should be acknowledged.

1. The dataset used in this study (3,548 samples derived
from cyclone tracks) is relatively small, which may
affect the robustness of the CNN model and limit its abil-
ity to fully represent the variability of tropical cyclone
behaviour.

2. The geographical scope is confined to the Bay of Bengal,
which may restrict the applicability of the model to other
cyclone basins with different atmospheric dynamics.

3. The reliance on ERAS5 reanalysis introduces potential
uncertainties and biases that could influence the accuracy
of the predicted cyclone tracks.

4. The forecasting framework designed only for 24-hour
displacement prediction and does not assess performance
over longer forecast horizons such as 48 or 72-hour tracks.

5 Conclusion

This study developed and evaluated a deep learning—based
CNN framework for 24-hour TCs track forecasting in the
BoB. By fusing IBTrACS best-track records with ERAS
reanalysis fields, the model demonstrated strong capability
in learning complex spatiotemporal dependencies that gov-
ern cyclone motion. The CNN achieved a mean absolute
track error of 141.2 km (1.26 delta geodesic distance), rep-
resenting a 38% improvement over conventional statistical
baselines and showing consistent skill in forecasting pole-
ward steering dynamics within the BoB basin. To ensure
statistical validity, the dataset was partitioned on storm wise
basis to avoid temporal leakage between training, validation
and test set. Robustness check confirmed that the reported
skill is not an artefact of autocorrelation, but reflects genu-
ine predictive capability. Comparative analysis highlighted
that the CNN model maintained higher consistency than the
WRF model, which, despite its physical realism, suffered
from error propagation. The hybrid integration of machine
learning with physically based models strengthens forecast
reliability by combining process-based realism with adap-
tive learning, enabling simultaneous capture of mesoscale
convective processes and large-scale steering dynamics.
The results align with recent advances in Al-driven weather
forecasting and demonstrate that regionally adapted deep
learning frameworks can provide statistically significant
improvements (p<0.05) in short-term cyclone prediction.
Importantly, the architecture leverages multi-scale feature

extraction without computational degradation, making
it suitable for operational disaster preparedness. Future
research will focus on extending forecast horizons to
48-72 h, developing hybrid models that incorporate physi-
cal constraints, and advancing real-time data assimilation
with optimized feature selection. Such improvements will
enhance predictive accuracy and operational utility, partic-
ularly for vulnerable coastal regions like Bangladesh and
eastern India. This study establishes a substantive founda-
tion for practical Al-based cyclone forecasting systems. By
integrating deep learning with reanalysis data and physi-
cally based models, the framework offers timely, regionally
relevant, and physically interpretable forecasts—an essen-
tial step toward strengthening early warning systems and
reducing disaster risk in cyclone-prone areas.
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