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Abstract The frequency and intensity of extreme weather events have risen with climate change, affecting
multiple sectors worldwide. This study examines the influence of anthropogenic warming on intense tropical
cyclones (TCs) over the Arabian Sea using convection‐permitting simulations with the Weather Research and
Forecasting (WRF) model. In particular, we provide the first quantitative assessment of the impact of
anthropogenic forcing on recently observed TC‐induced extreme rainfall. Human‐induced changes were
assessed through two experiments: all forcings (ALL) and natural forcings only (NAT). Anthropogenic
warming “delta” patterns of sea surface temperature, relative humidity, and air temperature were derived from
CMIP6 models and applied in WRF under a pseudo‐global warming framework. Three major TCs—Ockhi
(2017), Kyarr (2019), andMaha (2019)—were simulated, and the model reproduced their tracks, intensities, and
rainfall with high fidelity. Comparison of ALL and NAT runs shows a clear anthropogenic signal: TC‐induced
total and extreme rainfall both increases, linked to stronger vertical motion and greater moisture availability that
enhance latent heat release and deep convection. Furthermore, there is a statistically significant expansion in the
area experiencing extreme rainfall by ∼16%–34%, and an enhanced intensity of extreme rainfall by ∼4%–12%
under anthropogenic warming. Additional differences in vertical thermal profiles and warm‐core structures
further highlight the impact of human‐induced climate change on TC dynamics.

Plain Language Summary The North Indian Ocean cyclone basin is divided into two regions: the
Arabian Sea and the Bay of Bengal. Previous studies suggest that global warming has made the Arabian Sea
more prone to intense cyclones. Heavy rainfall and strong winds are the main drivers of cyclone‐related
destruction. However, the role of human influence on cyclone‐induced rainfall over the Arabian Sea remains
poorly understood. This study examines how global warming alters the intensity and spatial extent of cyclone‐
associated rainfall. Results show increases in average rainfall, extreme rainfall, and the area affected by heavy
rainfall, attributable to human‐induced climate change. Stronger mid‐tropospheric upward motion and greater
lower‐tropospheric moisture are the primary mechanisms behind these changes. Overall, this study underscores
how human influence is amplifying cyclone destructiveness and highlights the urgent need to reduce greenhouse
gas emissions for a sustainable future.

1. Introduction
Tropical cyclones (TCs) and their devastating impacts pose a persistent threat to coastal nations, causing
widespread human and economic losses and disrupting all sectors of life. The North Indian Ocean (NIO) is one of
the major TC basins, consisting of two sub‐basins, the Arabian Sea (ARB) and the Bay of Bengal, with particular
significance due to its densely populated coastlines. The historical cyclone‐landfalling events were potentially
devastating in terms of both human life and economic loss (Kikuchi et al., 2009; Lin et al., 2009; Mohanty
et al., 2014, 2015; Webster, 2008). An extremely severe cyclonic storm such as Kandla (1998), recorded a death
toll of 1173 (Mohapatra & Sharma, 2025). In the case of cyclone Ockhi (2017), forecasts failed to predict the rapid
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intensification, and the cyclone impacted the entire west coast of India and Sri Lanka, affecting more than 220,000
people (EM‐DAT, 2008; Singh et al., 2020). In addition to these social impacts, the thermodynamic factors such
as moist static energy (MSE) and tropical cyclone heat potential (TCHP) in ARB are becoming more conducive
for the formation and intensification of intense TCs in response to anthropogenic greenhouse gas emissions
(Pathaikara et al., 2025).

Moving on to the simulation studies, the Weather Research and Forecast (WRF) proved to work well with
convection‐permitting schemes over the NIO, simulating Bay of Bengal cyclones with satisfactory capturing of
track and intensity (Mohan et al., 2022). Studies have indicated that due to the deepening of the TC core and
enhancement of latent heat, cyclones such as Phailin (2013) formed over the Bay of Bengal will be more intense
and larger in the future with the pseudo‐global warming (PGW) method (Mittal et al., 2019). Jyoteeshkumar
Reddy et al. (2021) also used the PGW framework with WRF over the Bay of Bengal and reported that individual
TCs can jump to the next category in the far future—high‐emission scenarios. Here, they defined the future
warming pattern of the NIO from a single member, CCSM4 of CMIP5. However, over ARB, the simulation
studies of TCs with PGW approaches are fewer compared with the Bay of Bengal. With the real‐world conditions,
WRF simulations of TC Shaheen (2021) and Biparjoy (2023) over ARB demonstrate the underestimation of
intensity, yet they adequately simulate the precipitation in the regions along the track (Karami & Khansa-
lari, 2024). This underestimation of the intensity of intense TCs in WRF simulations is furthermore observed in
the case of TC Chapala (2015) and Megh (2015) with real‐world runs (Kumar et al., 2020). The WRF simulation
of Very Severe Cyclonic Storm Ockhi (2017) over the ARB further highlights this limitation, revealing dis-
crepancies in the spatial extent of rainbands (Mukherjee & Ramakrishnan, 2023). However, it also demonstrates
WRF's capability to capture the extreme rainfall intensity during the cyclone's mature stage.

Despite the existence of studies that simulate TCs over ARB, none of these have been approached using a PGW
framework for quantifying human‐caused impacts on the observed TCs. For instance, Ranji et al. (2022) used the
PGW framework and WRF with a suite of CMIP5 models to project future changes in the historical TCs Gonu
(2007), Phet (2010), and Ashobaa (2015) that formed over the ARB. Their findings indicate that the sea surface
temperature (SST) and air temperature predominantly influence the track and intensity of these storms. Apart
from intensity and track, no mention was made of the TC‐induced rainfall and extreme rainfall, which is a major
part that needs to be addressed. In addition to Ranji et al. (2022) and Jyoteeshkumar Reddy et al. (2021), the
present study investigates the impact of anthropogenic forcings on the increased TC‐induced rainfall intensity and
provides the plausible physical mechanism behind it. In contrast to the approach adopted by Jyoteeshkumar
Reddy et al. (2021), who defined the warming pattern from a single model, we have designed the PGW exper-
iment using all available CMIP6 models to minimize the uncertainty of a single model. Furthermore, all the
above‐mentioned studies employ the CMIP5 models to derive patterns of climate change, which have been shown
to exhibit larger SST bias over major ocean basins in comparison to CMIP6 (Farneti et al., 2022; Zhang
et al., 2023). To elaborate more specifically, this better representation of the SST‐mean state in CMIP6 over ARB
in the ON season (Lyon, 2022) signifies a methodological advancement of this study.

In a similar vein, Lee et al. (2023) utilized the PGW framework to study TCs formed over the northwestern
Pacific, deriving anthropogenic warming patterns from CMIP6 models. Their findings indicate an expansion of
the area experiencing extreme rainfall of 16%–37% attributable to human influence. However, the researchers
have not demonstrated the statistical significance of the results, nor have they addressed the changed vertical
structure of TC. On top of this, the present study is concerned with the changing horizontal and vertical patterns of
variables, as well as measuring the statistical significance of results. The observed phenomena—human‐induced
expansion of the Indo‐Pacific warm pool (Weller et al., 2016), accelerated thermal preconditioning of the Arabian
Sea warm pool (Pathaikara et al., 2025), and the most pronounced warming trend of SST of ARB (Roxy
et al., 2024)—keep ARB as a high‐alert region necessitating in‐depth studies. The considerable increase in the
projected population in the rim countries of ARB coasts (Harrington et al., 2018) substantiates the quantification
of the anthropogenic influence on the destructiveness potential of TCs in the region.

A deep dive into the oceanic factors reveals that both SST and TCHP (Leipper & Volgenau, 1972) play a major
role in the intensification of TCs, with additional weightage to TCHP (Evans, 1993; Gray, 1979; Wada, 2015;
Wada & Usui, 2007; Wang & Zhou, 2008). In addition to this, in the tropical regions of warmer SST, the at-
mospheric column will be more humid, which is due to the extensive convective moistening (Bretherton
et al., 2004). The relative humidity (RH) and total precipitable water in the atmosphere strongly influence TC‐
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induced rainfall (Guzman & Jiang, 2021; Hill & Lackmann, 2009; Matyas, 2010). The moisture supply to the TC
system is primarily through the low‐level atmospheric convergence and intensification through the latent heat
transfer at the sea surface (Braun, 2006; Emanuel, 1986; Yang et al., 2011). Another index for representing the
atmospheric instability is MSE, which is closely related to the formation and intensification of intense TCs
(Emanuel, 1994; Marquet, 1993; Pathaikara et al., 2025).

Given the absence of PGW framework studies utilizing the WRF and the suite of CMIP6 (Coupled Model
Intercomparison Project Phase 6) models over ARB, this study seeks to undertake a simulation analysis of
selected TCs over ARB. We considered the post‐monsoon season (October–December) as a more suitable season
than pre‐monsoon (March–May), since it shows an increasing trend of background factors such as RH, MSE,
potential intensity, and genesis potential index, which is more conducive to intense TCs (Abhinav et al., 2025;
Deshpande et al., 2021). With this in mind, we selected the three most intense TCs formed over ARB from 2016 in
the post‐monsoon season: Kyarr (2019), Maha (2019) and Ockhi (2017) (Table S1 in Supporting Information S1).
There are several studies that typify the track characteristics of ARB TCs. An analysis of the Joint Typhoon
Warning Center (JTWC) observation data set shows 74.6% of the tracks of TCs over ARB are oriented in the west
and northwest direction (Xiao‐ting et al., 2020). Recent studies using the JTWC data set also observed the west or
northwestward trajectory of tracks (Jayasekara et al., 2024; Najah et al., 2025). Another predominant behavior is
the north‐to‐northeast recurving of tracks (Kabir et al., 2022). Considering these findings, the climatological
variability is also represented by the three selected TCs under consideration: Kyarr (westward‐moving), Ockhi
(northwestward‐moving) and Maha (northwestward‐then‐eastward‐curving).

2. Data and Methods
2.1. Observations

The 6‐hourly data set provided by JTWC (Chu et al., 2002) and India Meteorological Department (IMD) was
utilized to obtain observed central sea‐level pressure (CSLP) and maximum sustained wind (VMAX) of TCs. The
6‐hourly accumulated precipitation is calculated from the Tropical Rainfall Measuring Mission‐3B42 version 7
(TRMM) (Huffman et al., 2007) and 30‐min Integrated Multi‐satellite Retrievals for GPM (IMERG) (Hou
et al., 2014).

2.2. WRF Model Configuration

The simulation of TCs was conducted utilizing the WRF version 4.0, employing the ERA5 reanalysis data set
(Hersbach et al., 2020) as the atmospheric initial condition and boundary condition. The SST input was derived
from the National Oceanic and Atmospheric Administration's Daily Optimum Interpolation Sea Surface Tem-
perature version 2.0. The complete experiments have been performed with an enabled convection‐permitting
scheme, using a single domain of 3 km resolution with 1787 × 982 grid points (Figure S1 in Supporting In-
formation S1) in the horizontal and 50‐sigma levels in the vertical, reaching up to 50 hPa at the top of the at-
mosphere. Cumulus scheme has been disabled in order to allow explicit convection in the model. The
microphysics, shortwave and longwave radiation, and the planetary boundary layer schemes are set to the WRF
single‐moment 6‐class (Hong & Lim, 2006), the Rapid Radiative Transfer Model for the General Circulation
Model (Iacono et al., 2008), and the Yonsei University scheme (Hong, 2010; Hong & Lim, 2006), respectively.
The spectral nudging technique was applied above 10 lowest sigma levels for the atmospheric temperature and
horizontal wind in all the experiments to simulate tracks realistically despite the initial conditions and boundary
conditions being perturbed (Cho et al., 2022; Storch et al., 2000). Spectral nudging is used here to simulate the
track and intensity more realistically, which is essential to compare the rainfall pattern with observation and draw
conclusions (Gutmann et al., 2018; Mori et al., 2014; Takayabu et al., 2015). It is difficult to extract the influence
of anthropogenic warming patterns on the direction of track and translation speed of TCs in this experimental
design. Conversely, the well‐synchronized track is a necessity to analyze the change in TC‐induced rainfall and
extreme rainfall, with particular reference to the TC system.

2.3. ALL and NAT Experiments

The study focuses on the three most intense TCs that occurred over the ARB during the post‐monsoon season in
the post‐2016 period. The first one is the most deadly‐Ockhi (2017), having a lifetime maximum intensity (LMI)
recorded 100 knots, causing over 800 casualties in India and Sri Lanka (EM‐DAT, 2008). It intensified to a
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Cyclonic Storm (CS category; VMAX ≥34 knots) on 29‐11‐2017:12 hr and weakened to a deep depression
(VMAX <34 knots) on 05‐12‐2017:06 hr before landfall at Coordinated Universal Time. The second and third
TCs are Kyarr (2019) and Maha (2019), which recorded LMI of 135 and 110 knots, respectively. Kyarr is the
strongest super cyclonic storm (VMAX ≥120 knots) formed over ARB in the post‐monsoon season (Akhila
et al., 2022). The commencement and cessation times of the simulation are designated as the observed times at
which the corresponding system transitions to the CS stage and weakens below the CS stage, respectively. The
initialization time of the model was determined by referring to successful WRF simulations over the western
North Pacific with PGW approach (Kim et al., 2024; Lee et al., 2023; Olschewski et al., 2024). The other models,
such as the GFDL hurricane model, have also adopted this same method for more precise simulation of events
(Knutson et al., 2015, 2022). A comprehensive description of TCs, inclusive of the simulation time, is provided in
Table S2 of Supporting Information S1. The location of simulated TCs and associated CSLP is obtained by
marking the geographic coordinate of minimum sea‐level pressure within a 500 km radius of observed CSLP and
its value at the corresponding time. Simulated VMAX is defined as the maximum 10 m wind speed determined
within a 500 km radius, consistent with previous studies (Michalek et al., 2024; Moon et al., 2021). According to
Knaff et al. (2015), a radial distance of 500 km represents the outer scale of a TC, encompassing its broad radial
structure. Thus, searching for VMAXwithin a 500 km radius is unlikely to miss TC‐related winds, particularly for
large, asymmetric, or transitioning storms. Radial distances of 550–600 km fall within the outer cloud bands of
TCs (Englehart & Douglas, 2001) can therefore be considered part of the TC system. Moreover, a 500 km radius
has been widely adopted to distinguish TC‐induced rainfall from other weather systems (Jiang et al., 2011; Lonfat
et al., 2007; Nogueira & Keim, 2010). Considering the employment of advanced data validation techniques,
particularly for strong TCs with intensities exceeding 100 knots (Ricciardulli et al., 2023), the JTWC database is
referred to as the observed track in the above process.

The present study considers the impact of enhanced thermodynamic components on the behavior of TCs. To align
with the objectives of the study, it was decided to perturb the variables SST, skin temperature, RH (across all
levels) and atmospheric temperature corresponding to the anthropogenic warming pattern. The selection of these
variables is informed by prior studies that employed a similar approach over different regions, including South
Korea and the Philippines (Delfino et al., 2023; Lee et al., 2023). Previous studies have shown that including
horizontal winds in the PGW framework can cause unwanted effects on cyclogenesis, such as random changes in
windshear and alterations in the track (Olschewski & Kunstmann, 2024; Patricola & Wehner, 2018). Therefore,
we excluded the horizontal wind components from the PGW framework. To calculate the anthropogenic changes
in the aforementioned variables, 10 CMIP6 models were utilized (Table S3 in Supporting Information S1).
Adding the response of variables in the general circulation model to the present‐day boundary conditions is the
usual method of PGW framework (Bacmeister et al., 2018; Knutson et al., 2015; Murakami, Mizuta, &
Shindo, 2012, Murakami, Wang, et al., 2012; Wehner et al., 2018). Here, the anthropogenic warming pattern
(hereafter “delta pattern”) was calculated by subtracting the multi‐model mean of the hist‐NAT experiments
(natural‐only forcing) from the historical experiment (anthropogenic plus natural forcing) in the period 2011–
2020 for the post‐monsoon season. For example, the mean anthropogenic SST warming that resulted over the
ARB was nearly+1°C in the OND season (Figure 1g). To get the delta patterns for individual TCs, we performed
the daily interpolation of CMIP6 monthly data to find background variables on each date if TC dates are extended
from 1 month to another. We have implemented this technique, which obtains a smoothly varying daily seasonal
cycle of delta patterns, referring to the previous studies (Hauser et al., 2017; Lauer et al., 2013). As demonstrated
in the studies by Deser et al. (2007) and Lan et al. (2022), variables like SST and skin temperature can be suc-
cessfully interpolated in this method. Also note that our delta patterns are obtained from multi‐model averages,
further reducing internal variability noise. The historical experiment was constructed by integrating historical
simulations (2011–2014) with Shared Socioeconomic Pathway 2–4.5 (SSP2‐4.5) simulations (2015–2020),
which is a widely used method for extending the CMIP historical simulations beyond 2014 (Gillett et al., 2016,
2025; Ribes et al., 2021). The ensemble mean of each CMIP6 model was calculated across all available ensemble
members before constructing the multi‐model mean; aiming to ensure equal weightage of each model. The WRF
runs with a natural‐only forcing environment (NAT) are designed by subtracting delta patterns of the above‐
mentioned variables from the initial and boundary conditions of real‐world runs (ALL). In NAT runs, the
greenhouse gas concentrations are also set to pre‐industrial levels (i.e.; CO2, CH4, and N2O at 284.3 ppm, 808.2,
and 273.0 ppb, respectively) (Meinshausen et al., 2017). In this study, the values above 150 mm per 6 hr are
defined as extreme rainfall. The unit of rainfall used in this study is mm per 6 hr, denoted as “mm 6 hr− 1” here
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onwards. We equally split the simulation time of each TC into three to do an in‐depth analysis and make the
results more reliable in all stages of the storm (Figure S1 in Supporting Information S1).

To ensure the reliability of results, ALL runs are performed using five ensembles: ALL_minus12h, ALL_mi-
nus6h, ALL_plus0h, ALL_plus6h, and ALL_plus12h. The suffix “minus12h” means the simulation initializes
12 hr before the observed time when the TC enters the CS stage; the other ensembles follow the same pattern. To
consider the inter‐model uncertainty in delta patterns, the NAT runs are also divided into four ensembles using
delta patterns of the cluster of models NAT_C1, NAT_C2, NAT_C3, and NAT_C4 (Figure 1). The multi‐model
mean of all 10 models is considered as C1. This classification is carried out by examining the first principal
component (PC1) of SST, the mean relative humidity of the vertical column of 700–500 hPa, and MSE (Ema-
nuel, 1994). The Empirical Orthogonal Function (EOF) analysis is applied to the delta pattern across 10 models,
and the first EOF of delta SST and RH explains 88.35% and 66.29% of the inter‐model variability in the domain,
respectively (Figure S2a and S2b in Supporting Information S1). Here, cluster NAT_C4 represents the highest
anthropogenic delta pattern (Figures 1a and 1b). Above the other clusters, NAT_C1 is utilized to derive the
primary results, as it represents multi‐model means.

3. Results
3.1. Model Performance for TC Intensity and Precipitation

Figure 2 shows the ability of convection‐permitting models to capture the observed intensity and track of TCs
while considering the VMAX and CSLP as indicators of intensity. The ALL_plus0h (ALL) underestimates the
intensity of Kyarr and Maha by about 25 and 23 kts, respectively, compared to JTWC (Figures 2a and 2b). It
should be noted that the rapid intensification experienced by both TCs is not captured by the model, as reported by
previous studies (Karami & Khansalari, 2024; Kumar et al., 2020). The beginning hours of the simulation
overestimate the intensity, even though it realistically captures intensity in the decaying period of each storm

Figure 1. Clustering of models and delta patterns. (a) Scatter plot of the first principal component (PC1) from the delta pattern of sea surface temperature (SST) and RH
in OND season of each model. The corresponding clustering of models is represented in circles. Black solid lines indicate the linear regression lines with correlation
coefficient (r‐value) and corresponding p‐value indicated. (b) Same as (a) but using PC1 of moist static energy and RH. (c–f) RH delta pattern of clusters NAT_C1 to
NAT_C4. The bar plot inside each subplot represents the area average of the delta pattern in the entire basin and ARB, where the ARB domain is indicated as a black box
in (c). In panels (g–j) same as (c–f) but for the variable SST.
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(Figures 2a–2c). The intensity of Ockhi is captured in ALL after 60 hr, but there is still a significant discrepancy
between JTWC and IMD in the estimation of maximum intensity. Overall, the average intensity is simulated
reasonably. As a result of spectral nudging, the observed tracks of the three TCs are reproduced with very small
errors (Figures 2d–2f, Table S4 in Supporting Information S1). The inter‐ensemble agreement of the simulations
in intensity and track recreation makes the results more reliable (Figure S3 in Supporting Information S1).

The precipitation induced by TCs causes major disasters. The widespread extreme rainfall caused by Ockhi on the
coasts of India and Sri Lanka caused huge economic and life loss to these countries (EM‐DAT, 2008). It is
important to assess the fraction of contribution by anthropogenic global warming to the extreme rainfall induced
by these TCs. In the current study, we optimized the area for area‐averaged calculations from 500 to 300 km,
given that TCs in ARB are smaller in size. Figures 3a–3c shows that the average rainfall experienced within a
300 km radius of the storm is well simulated by ALL compared to the TRMM. At the same time, IMERG shows
the highest amount of rainfall in Kyarr and Maha. In the case of Ockhi and Maha, IMERG recorded more rainfall
at the beginning of the storm, but later it aligns with TRMM and ALL (Figures 3b and 3c). The large amount of
rainfall at the beginning hours of these TCs aligns perfectly at the beginning of the storm, and their tracks are close
to Sri Lanka and India at this stage (Figures S1b and S1c in Supporting Information S1). It is important to note that
Sri Lanka and the Southern peninsular India suffered significant human and Economic loss at this initial phase of
the storm. The probability density function (PDF) is used to represent the fraction of grid points experiencing 6‐
hourly rainfall quantity inside a 300 km radius of TC. We have considered TC‐induced rainfall as the rainfall
inside the 300 km radius and recorded above 10 mm 6 hr− 1 only. To estimate the PDF, we exclusively considered
TC‐induced rainfall. A very close agreement between ALL and IMERG is observed in the integrated area of
rainfall irrespective of light or heavy precipitation in all three TCs (Figures 3d–3f). The capability of IMERG in
capturing large‐scale features of precipitation compared to TRMM, over the NIO, along with its overestimation
compared to the in situ measurements, was explained in previous studies (Pradhan & Markonis, 2023; Prakash
et al., 2018). On the other side, the high rainfall rates associated with TCs over this region are underestimated by
TRMM by about 25%–50% relative to precipitation radar (PR2A25) (Prakash et al., 2012). Similarly, preceding
studies comparing these data sets in the context of TC‐induced rainfall reveal that IMERG appears to outperform
TRMM in both areas of accumulated rainfall and extreme rainfall (Yuan et al., 2021). Furthermore, IMERG
captures an additional 10% extreme events compared to TRMM in a global‐scale analysis as well, with gauge‐
based measurements as a reference (Behrangi et al., 2016). While entering the TC system, IMERG was

Figure 2. Simulated track, VMAX and central sea‐level pressure (CSLP) against observations. (a) Simulated and observed evolution of VMAX (continuous line) and
CSLP (dashed line) with simulation time of TC Kyarr. (d) Simulated and observed track of Kyarr from India Meteorological Department (black), Joint Typhoon
Warning Center (orange), and ALL (red) with terrain height (shaded over land). In panels (b), (e) and (c), (f) are the same as (a, d), but for TCs Maha and Ockhi,
respectively.
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identified as one of the data sets widely used owing to its ability to give the structural information within a 200 km
radius of TC (Durden, 2024; Yang et al., 2024). However, TRMM captures TC‐induced rainfall with low to
moderate intensity. Lee et al. (2023) found a similar underestimation of TRMM in the heavier precipitation
regions over the western North Pacific. In summary, the average precipitation within a 300 km radius is overall
matched to TRMM, and the PDF showed similar results to IMERG regardless of the TC.

Hence, there is an underestimation of simulated VMAX (Figures 2a–2c), the intensity change at each step of the
TC was examined against the rainfall bias within a 200 km radius (Figure S4 in Supporting Information S1) to
assess the effect of intensity bias on rainfall. The Figure S4 in Supporting Information S1 indicates that the TC
intensity is underestimated in the majority of the time steps across all TCs, with the exception of Ockhi. It is
important to note that, during the time steps when the TC was under RI, both rainfall and VMAX were largely
underestimated in Kyarr and Maha, with some exceptions in Kyarr (Figures S4a–S4j in Supporting Informa-
tion S1). In contrast, Ockhi simulations resulted in overestimation of VMAX and exhibited positive or near‐zero
rainfall anomalies during the RI stage, which is discussed in Figure 2. However, a significant relationship between
the bias in inner‐core rainfall and VMAX was not observed across the storms and simulations, except for the
ALL_minus12 h and ALL_plus12 h simulations of Kyarr. Consequently, it is not feasible to establish a substantial
link between VMAX and inner‐core rainfall from this limited analysis.

3.2. Human Influence on TC Rainfall

The comparison between the precipitation and extreme precipitation simulated in ALL and NAT runs gives
further insights into the influence of anthropogenic warming on TC‐induced precipitation (Figure 4). There is no
discrepancy between ALL and NAT runs in the fraction of grids possessing TC‐induced rainfall with lower
intensity in all three TCs. However, when coming to heavy rainfall values, ALL simulations exhibited higher PDF
values compared to the NAT simulations in Kyarr andMaha (Figures 4a and 4b). The increased area experiencing
the heavy rainfall is quite different from those with light rainfall, potentially exerting the catastrophic effects. In
the case of Kyarr, this disparity starts from 310 mm 6 hr− 1. Conversely, in Maha, it is evident from 210 mm 6 hr− 1

onwards that the impact of anthropogenic warming is pronounced. Even though it is less visible in the case of

Figure 3. Simulated versus observed precipitation. (a) Observed and simulated average precipitation within a 300 km radius around the TC center of TC Kyarr against
simulation time. (d) The probability density function (PDF) of precipitation within a 300 km radius around the TC center of TC Kyarr. Precipitation <10 mm 6 hr− 1 is
not considered for PDF estimation. In panels (b), (e) and (c), (f) are the same as (a, d), but for TCs Maha and Ockhi, respectively.
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Ockhi, NAT_C4 (the cluster having the largest delta pattern) shows this impact of anthropogenic warming pattern
from 310 mm 6 hr− 1 onwards.

The ALL simulation demonstrates a greater percentage of the area experiencing extreme precipitation (>150 mm
6 hr− 1) compared to the NAT_C1‐ NAT_C4 clusters (Figuure 4a bar plot), indicating that ALL records 16% larger
area than NAT_C1 for the TC Kyarr, which is significant at 1% level (Table S5 in Supporting Information S1). A
one‐sample t‐test was conducted to identify the level of significance of the results among ALL (five members) and
NAT (one member); the values in the bar plot with p‐values are specified in Table S5 of Supporting Informa-
tion S1. A similar outcome was observed in the Maha and Ockhi cases, with a significant (at 1%) excess area
experiencing extreme rainfall in ALL compared to NAT_C1 due to human activities, accounting for 33.8% and
17.1%, respectively (Figures 4b and 4c bar plot). As mentioned in the methodology, we draw primary results from
NAT_C1, which represents multi‐model means. However, the other NAT runs also exhibit significantly reduced
area of extreme rainfall compared to the corresponding ALL runs. The consistency of these findings across the
storms and simulations serves to enhance the reliability of the results. The increased average rainfall within a 400‐
km radius of these TCs in ALL compared to NAT_C1 is displayed in Figures 4d–4f. It further strengthens the
conclusions about anthropogenic influence in TC‐induced rainfall. A notable increase in rainfall is experienced
within a 100–200 km radius. This hypothesis was further validated by analyzing other cluster simulations, which
demonstrate stronger changes in NAT_C4 than others (Figure S5 in Supporting Information S1). Previous studies
illustrate a non‐uniform pattern of increase and decrease in rainfall, as observed in Figures 4d–4f (Fujiwara
et al., 2025; Lee et al., 2023; Patricola & Wehner, 2018). Moreover, the time‐averaged rainfall of each TC for all
the simulations was examined (Figure S6 in Supporting Information S1) to ensure the noted increase in average
rainfall is not just a re‐orientation of the rain belt.

The heavy rainfall values in each scenario are compared by estimating the mean value of the 90th, 95th, 99th, and
99.9th percentile values in the entire period within a 300 km radius (Table 1). Results show that the values of
heavy rainfall (95th to 99.9th percentile) were considerably high in ALL in complete TCs, statistically significant

Figure 4. Comparison of heavy precipitation in different runs. Panel (a) probability density function (PDF) of rainfall experienced within a 300 km radius around the TC
center of TC Kyarr. Precipitation <10 mm 6 hr − 1 is not considered for PDF estimation. The bar plot inside shows the percentage of grids experiencing heavy
precipitation (≥150 mm 6 hr− 1) for each scenario. The red bar shows ALL_plus0h and error bars indicate the lower and upper limits of the ensemble runs. Conducted the
one‐sample t‐test among ALL (5 members) and NAT (one member) and added “*” marks on top of the NAT bars, showing significance at a level of 5%. In panels (b) and
(c) are same as (a) but for TCsMaha and Ockhi respectively. (d–f) Spatial pattern of precipitation difference (ALLminus NAT_C1) averaged in the entire period for TC
Kyarr, Maha, and Ockhi, respectively.
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at 5%. The sole exception to this is the 99.9th percentile of Ockhi, which has a confidence level of 85% only.
Specifically, the 99.9th percentile values indicate a substantial increase in the intensity of heavy rainfall by 11.6%,
9%, and 3.9% in ALL compared to NAT for the TCs Kyarr, Maha, and Ockhi, respectively, with 95% confidence
(except Ockhi; 85% confidence). To enhance the reliability of results, the median of the same samples is further
compared with the Wilcoxon rank sum test, which is more robust than the t‐test (Figure S7 in Supporting In-
formation S1). The results obtained appear to be consistent with those presented in Table 1. It is evident that the
intensity of extreme rainfall experienced in ALL is shown to be significantly larger than NAT, considering 95th,
99th and 99.9th percentile values in all the TCs at a level of 5%, with the exception of the 99.9th percentile of
Ockhi (p‐value = 0.15, 0.19 from Table 1 and Figure S7 in Supporting Information S1 respectively).

In summary, all the TCs exhibit increased mean rainfall within a 300 km radius in ALL compared to NAT.
Notably, anthropogenic warming over the ARB leads to enhanced heavy rainfall and a larger fraction of the area
experiencing extreme rainfall in ALL. These results are consistent with previous studies projecting increased TC
rainfall rates globally under greenhouse warming (Kim et al., 2014, 2024; Knutson et al., 2013; Moon
et al., 2023). For example, Villarini et al. (2014) reported an 18%–21% increase in TC‐induced mean precipitation
over the NIO in a 2 K warmer climate, while Knutson et al. (2015) and Liu et al. (2019) found an ∼11% increase
under RCP4.5 in the far future (2081–2100). For extreme rainfall, using large‐ensemble simulations, Yoshida
et al. (2017) projected a ∼30% increase in lifetime maximum precipitation rates within 200 km of TCs under
RCP8.5. Similar increases have been reported elsewhere, including an expansion of TC‐induced extreme rainfall
coverage from 1% to 18% over Texas (Emanuel, 2017) and a 17%–21% K− 1 increase in extreme rainfall intensity
for TC Irma (Huprikar et al., 2023). Overall, these studies closely align with our findings on the magnitude and
spatial shifts of TC‐induced extreme rainfall over the ARB. Moisture convergence is expected to play a key role
by enhancing the humidity of the TC vertical column and thus rainfall rates (Walsh et al., 2016). To further
elucidate the underlying mechanisms, we analyze precipitation in relation to background environmental variables.

3.3. Clustering of Models

The comparison between the above‐discussed clusters is a key aspect in this study for identifying the influence of
different levels of anthropogenic forcings. The identical group formation when using the PC1 of MSE and SST
against RH also justifies the above‐described classification of clusters (Figures 1a and 1b). PC1 of both SST and
MSE shows a significant inter‐model correlation to PC1 of RH at the 5% level. The delta pattern is more
prominently visible over the western parts of ARB than the eastern parts of the domain, irrespective of the variable
(Figures 1c–1j). The bar plot inside each plot shows the area average of the delta pattern over ARB (black box in
Figure 1c) and the whole domain. The EOF1 of SST and RH explains the variance (88% and 66%, respectively) in
the entire domain (Figures S8a and S8c in Supporting Information S1). In a similar manner, larger SST and RH
delta patterns are denoted by high PC1 (Figures S8e and S8g in Supporting Information S1). The conclusion
drawn is that the basin‐wide warming and humidification are indicated by larger PC1 values. Taking this into
consideration, NAT_C2 and NAT_C3 are equally dominant by the SST delta. But within the framework of RH,
NAT_C2 is more dominant than NAT_C3. However, NAT_C4 is the least dominant cluster in terms of both RH
and SST. The previous studies found the RH as a stronger influencing factor than SST on the TC‐induced rainfall
and its areal extent (Hill & Lackmann, 2009, 2011; Kim et al., 2021). The impact of increased RH on the behavior

Table 1
Percentile Values of Heavy Precipitation

Percentile

Kyarr (mm 6 hr− 1) Maha (mm 6 hr− 1) Ockhi (mm 6 hr− 1)

ALL NAT p value ALL NAT p value ALL NAT p value

99.9 316.2 (9.12) 283.4 (13) 0.01 232.7 (14.01) 213.5 (2.93) 0.04 340.8 (8.69) 328.1 (12.81) 0.15

99 150.16 (4.15) 137.4 (2.31) 0.0 110.5 (3.26) 103.2 (2.7) 0.01 190.92 (5.66) 178.31 (4.22) 0.01

95 61.24 (1.14) 57.56 (1.93) 0.02 40.72 (1.64) 38.36 (0.7) 0.03 85.92 (0.74) 81.63 (1.42) 0.0

90 33.3 (1.37) 32.22 (0.84) 0.17 20.88 (1.38) 19.71 (0.61) 0.14 51.48 (0.69) 49.68 (0.69) 0.01

Note.Mean value of 90th, 95th, 99th and 99.9th percentile values of rainfall experienced inside a 300 km radius of each TC for ALL and NAT experiments. Values in
parentheses indicate inter‐ensemble standard deviation. The p‐value was calculated by performing the Welch's t‐test between ALL (5 members) and NAT (4 members).
The cases of p‐value less than 0.05 are indicated in bold.
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of TC, including the induced rainfall, can be checked by comparing NAT_C2 and NAT_C3, considering the
observed contrast between them (delta RH of NAT_C3 > NAT_C2). The almost identical delta pattern of lower‐
tropospheric temperature (1000‐700 hPa) in NAT_C2 and NAT_C3 supports this approach (Figure S2c–S2f in
Supporting Information S1). Additionally, the cross‐storm consistency of clustering and the legitimacy of
comparing NAT_C2 and NAT_C3 are validated with the individual delta patterns applied to each TC after daily
interpolation (described in methods) (Figures S9–S11 in Supporting Information S1). However, it should be noted
that the track of TC Ockhi does not traverse the region with higher delta RH in NAT_C3, and its impact will be
less evident in the case of Ockhi (Figures S10j and S10k in Supporting Information S1).

For a better understanding of anthropogenic warming patterns, the distribution of horizontal and vertical delta
patterns across months is analyzed (Figures S12–S14 in Supporting Information S1). From the analysis of the
NAT_C1 cluster, a greater degree of SST warming was exhibited in the months of November and December
compared to October (Figure S12 in Supporting Information S1). In contrast, October has shown an enhanced RH
pattern in comparison with other months (Figure S13 in Supporting Information S1). This contradiction needs to
be addressed in future work. Nevertheless, Ockhi is the only TC that has been simulated in December, and its
trajectory is entirely situated within the eastern Arabian Sea. Consequently, it is anticipated that there will be no
impact on the model results. Similarly, the vertical structure of the domain is illustrated in Figure S14 of Sup-
porting Information S1 for a better understanding of RH and T at different levels. A noticeable disparity in the
pattern of RH and T was not observed across the months; however, the discrepancy between NAT_C2 and
NAT_C3 on RH is well represented in all the months.

3.4. Background Variables

Here we examine the departure of background variables in ALL from NAT_C1 that are conducive to TC
strengthening to identify themechanismof increased rainfall previously detected.Due to human‐inducedwarming,
an additional latent heat (LH) release is detectedwithin a 400 km radius of all the TCs (Figures 5a–5c). The 500 hPa
verticalwind also shows an increase inALL,which can boost atmospheric convection and cause additional rainfall,
along with the LH release (Figures 5d–5f).We have prepared the scatter plot of change in vertical wind and rainfall
to explain the spatial matching of vertical wind and corresponding rainfall anomaly (Figure S15 in Supporting
Information S1). The figure shows points with predominantly positive rain anomalies and negative vertical wind
anomalies (Figures S15e and S15h in Supporting Information S1). However, when all the points are considered, a
positive correlation is observed, which is statistically significant at a level of 0.01%. This significant correlation is
evident across all the TCs and simulations. However, it is important to note that the correlation value is too low. The
phenomenon can be explained by the principle that when the vertical velocity is strong, it activates condensation
and cloud formation, which subsequently leads to rainfall. It should be noted that, owing to the fact that the process
is time‐consuming, a time lag may be experienced. Furthermore, the spatial pattern of rainfall and vertical wind in
the three stages of TC has been plotted (Figure S16 in Supporting Information S1) for the in‐depth analysis of the
pattern. The similarity in the pattern of rainfall and vertical wind in each stage of TC is distinctly visible. However,
it is noteworthy that certain exceptional stages are also identified, such as stage 2 of Maha (Figures S16h and S16k
in Supporting Information S1).

We further examine the relationship between TC‐induced rainfall and the water vapor mixing ratio (WVMR) at
850 hPa following Lee et al. (2023). The results show that all the TCs exhibit a significantly wetter lower
troposphere in ALL, which can contribute more water vapor to the mid‐troposphere (Figures 5g–5i). Addition-
ally, the ensemble runs NAT_C2, NAT_C3, and NAT_C4 also show the same pattern of decreased WVMR and
LH compared to ALL, indicating the robust response (Figure S17 in Supporting Information S1). According to the
well‐known Clausius‐Clapeyron relationship, the increase in WVMR is obvious as the atmosphere's capacity to
hold water vapor increases by 7% per elevation of 1K temperature (Allen & Ingram, 2002; Held & Soden, 2006;
Panthou et al., 2014). It is important to note that the NAT_C4, which displays the largest delta pattern, exhibits the
highest departure of WVMR from ALL.

The inter‐model correlation analysis of all the NAT runs establishes a significant relationship between WVMR
and vertical wind against rainfall (Figures 6a and 6e). To confirm the robustness of the findings, we split the
simulation time of each TC into three equal parts (Figure S1 in Supporting Information S1) and repeated the
analysis for each period. Results show that the WVMR is significantly correlated to rainfall within a 300‐km
radius in all the periods except period 3 (Figures 6a–6d). ALL recorded higher rainfall than the NAT
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simulations within a 300 km except Kyarr in period 3. Among the clusters, NAT_C2 and NAT_C4 exhibit the
least and most departure from ALL, respectively (Figure 6a). This is well consistent with previous studies, which
found mid‐tropospheric moisture as a strong factor controlling the TC‐induced rainfall (Lee et al., 2023; Liu
et al., 2023; Liu & Wang, 2020). Similarly, the vertical wind exhibited a strong relationship with the rainfall
within a 200‐km radius during all storm periods, except period 2 (see Figures 6e–6h).

The additional evaporation from the sea surface inside the storm system is obviously seen in all the TCs due to
anthropogenic warming. In fact, this enhanced evaporation is getting added to the WVMR (Cheng et al., 2012;
Green & Zhang, 2013). The strong convection at the level of 500 hPa lifted the humid air to the mid‐troposphere,
which is called convective moistening (Bretherton et al., 2004; Fritz &Wang, 2013). The RH at the level of 400–
600 hPa is found to be a strong influencing factor behind TC‐induced rainfall (Liu et al., 2023). Using the
parametric hurricane rainfall model, it is found that the rainfall inside the inner‐core enhances with the increased

Figure 5. Response of LH, vertical wind, and water vapor mixing ratio (WVMR) to anthropogenic warming. (a, d, and g) Pattern of ALL minus NAT_C1 (time
averaged) for variables LH, vertical wind, and WVMR within a 400 km radius in the entire period of TC Kyarr. (b, e, and h) and (c, f, and i) same as (a, d, and g) but for
TC Maha and Ockhi, respectively.
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intensity of TC (Kim et al., 2022), whereas the rainfall received in the entire area of TC is impacted by the at-
mospheric moisture. These findings elucidate the mechanism through which human activity can lead to increased
rainfall.

3.5. Effect of RH Change in Rainfall

Given the observation of an increase in RH over ARB (Abhiram Nirmal et al., 2023; Deshpande et al., 2021), it is
essential to examine the impact of this increase on the rate of rainfall. To estimate it, a comparison was executed
between the NAT_C2 and NAT_C3 clusters, with the relevant background variables. It is evident from Figure 7a
that NAT_C2 experiences higher rainfall in TC Kyarr compared to NAT_C3, which is consistent with the larger
delta RH of NAT_C3. At the same time, in TCMaha and Ockhi, this distinction is less visible (Figures 7b and 7c).
However, the larger rainfall recorded in NAT_C2 compared to NAT_C3 is evident in all the TCs when checking
the area‐averaged rainfall of the entire period in a 300‐km radius (Figure 6a). This corroborates the hypothesis—
that additional rainfall experienced is attributed to increased RH. Along with the extra rainfall, LH and vertical
wind exhibit a notable enhancement (Figures 7d–7i), which is complementary to the hypothesis, with more
convection associated with elevated humidity. The relationship of LH to the TC intensity and rainfall rate has
been well documented in previous research (Emanuel & Sobel, 2013; Jiang, 2012; Mittal et al., 2019; Zagrodnik

Figure 6. Relationship between rainfall and background variable responses. (a) Scatter plot of the rainfall and water vapor mixing ratio responses (ALL–NAT_C1)
averaged within a 300 km radius in the entire period. Cluster numbers are represented inside each dot. Correlation coefficient (r) and corresponding p values are
indicated. (b) Same as (a), but the scatter plot of vertical wind at 500 hPa and rainfall averaged inside a 200 km radius. (c, d), (e, f), (g, h) are the same as (a, b) but for
periods 1, 2, and 3, respectively.
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& Jiang, 2014). On the other hand, WVMR did not show this supportive disparity between the two clusters
(Figures 7j–7l).

3.6. Change in the Vertical Structure of TC

The vertical structure of the TCs is also a key factor in the control of rainfall in TCs (Mukherjee & Ram-
akrishnan, 2022, 2023; Risi et al., 2023). Figure 8 presents an analysis of the change in the vertical structure of
RH, WVMR, and the core temperature of ALL from NAT_C1, averaged over the entire period of TC evolution.
The analysis reveals that TC Kyarr exhibits 2%–4% higher RH at the 600–200 hPa level (Figure 8a). This
increased humidity in the region has been shown to result in increased rainfall during the landfall of a TC (Lin
et al., 2015; Mittal et al., 2019). The findings are consistent with the analysis for all other TCs, increasing
confidence (Figure S18 in Supporting Information S1). In the lower level (850–700 hPa), there is little RH
difference near the center of the TC, and a large difference occurs 250 km away, where there is a small difference
in TC precipitation (Figure 8a, Figure S18a and S18e in Supporting Information S1). The precipitation difference
of the TC largely occurs near the center (Figures 4d–4f). Therefore, the decrease in RH in the lower level and the
outer region would not have had a significant effect on the precipitation change. The departure of WVMR is
higher in the lower troposphere, which can be due to additional LH and vapourization from the sea surface
(Figure 8b). This finding is further confirmed through the analysis of area‐averaged WVMR in the inner core
(200 km) of Kyarr (Figure 8c). The increase in the core temperature of TC is attributable to anthropogenic
warming, with a more pronounced rise above mid‐troposphere (600‐200 hPa). This departure of WVMR and RH
in NAT_C1 is also consistent in other clusters, with a more noticeable pattern in NAT_C4 (Figures S19 and S20 in
Supporting Information S1). The significant contribution of the well‐noticeable warm and humid vertical

Figure 7. RH influence on TC rainfall and background variables. (a, d, g, and j) NAT_C2 minus NAT_C3 spatial patterns of rainfall, LH, vertical wind at 500 hPa, and
water vapor mixing ratio averaged in the entire period for TC Kyarr. (b, e, h, and k) and (c, f, I, and l) same as (a, d, g, and j) but for TC Maha and Ockhi.
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structure of TCs to more TC‐induced rainfall is in accord with previous studies (Huang et al., 2025; Jiang, 2012;
Mukherjee & Ramakrishnan, 2022, 2023).

4. Discussion and Conclusions
It is important to quantify the changes in the disruptiveness of individual historical TCs formed over ARB in a
human‐altered environment. In this study, we examined the changes that happened to the rainfall pattern and
intensity of TCs using the WRF model with the PGW framework. The three most intense TCs formed over ARB
after 2016 in the post‐monsoon season were chosen for the simulations; Kyarr (2019), Maha (2019), and Ockhi
(2017). The model was designed to enable the convection‐permitting and spectral nudging schemes. In addition to
all‐forcing runs, we designed the natural‐only forcing runs by removing the anthropogenic warming “delta”
pattern from the real‐world initial conditions. Further, clustering different delta patterns based on inter‐model
differences and comparing results among clusters aids in increasing the reliability of the results. Although
future changes in TC intensity have been widely examined, quantitative attribution of TC‐induced extreme
rainfall to anthropogenic warming, particularly over ARB, remains largely unexplored. Previous PGW studies
have primarily focused on TC track and intensity (Mittal et al., 2019; Ranji et al., 2022) or relied on a single
model‐derived warming pattern (Jyoteeshkumar Reddy et al., 2021). In contrast, this study provides a multi‐
model‐based assessment of anthropogenic forcing on TC‐induced rainfall and elucidates the underlying phys-
ical mechanisms by examining both the horizontal and vertical structure of TCs. Furthermore, we address a
critical gap in the literature by offering a regional, risk‐oriented perspective on cyclone impacts and the associated
increase in flood hazards along the ARB coasts.

The model efficiently captures the track, intensity, and average rainfall within 300 km in all the simulations. From
the comparison of ALL and NAT runs, it is evident that there is an additional amount of rainfall and extreme
rainfall in ALL runs, which is significant and attributed to the anthropogenic forcings. The PDF and percentile
values of rainfall display that the intensity of heavy rainfall is also shown to be substantially higher in ALL runs.
More importantly, results from the cluster NAT_C1 (delta pattern representing multi‐model means) indicate that
if there were no anthropogenic warming, the area experiencing extreme rainfall would be less, about 16%–34%
within a 300 km radius for TCs at 5% significance level. Similarly, the intensity of heavy rainfall is also increased
by about 4%–12% due to human influence, with 95% confidence for Kyarr and Maha. The notable agreement
between the ensemble simulations in both runs adds confidence to the results. Consistent with this increased

Figure 8. Response of TC vertical structure to anthropogenic warming. (a) ALL‐NAT_C1 patterns of vertical distribution of RH with 500‐km radius for TC Kyarr. In
panels (b) same as (a) but with water vapor mixing ratio (WVMR) (1000–100 hPa). (c) The vertical structure of the area‐averagedWVMR (ALL− NAT cluster) within a
200 km radius in the entire storm period. In panels (d) the same as (c), but for air temperature.
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rainfall, ALL runs exhibit enhanced LH, vertical wind, and WVMR. The strong correlation between WVMR and
vertical wind and the rainfall supports a physically consistent mechanism under anthropogenic warming:
increased LH from the sea surface enhances low‐level moisture, which is subsequently lifted into the mid‐
troposphere by deep convection, resulting in amplified rainfall. While these interpretations align with estab-
lished thermodynamic relationships, the study provides a quantitative assessment of the magnitude and statistical
significance of human influence on TC‐induced extreme rainfall over ARB.

With the clustering of models, we designed experiments (NAT_C2 vs. NAT_C3) that can compare and
analyze the impact of increased RH on the intensity of TC and TC‐induced rainfall. From our analysis, we
could observe distinguishably enhanced rainfall, LH, and vertical wind in Kyarr in response to this increased
RH, although Maha and Ockhi do not exhibit this well‐marked difference in rainfall. All the TCs show an
enhanced pattern of high RH at the level 400–600 hPa in ALL compared to NAT within a 500 km radius.
Additionally, the vertical structure of the TCs also shows the humidification to 400 hPa with a warmer core
temperature in ALL.

We conclude that the historical intense TCs Kyarr, Maha, and Ockhi experienced a larger amount of rainfall and
extreme rainfall with the support of more conductive background environments, due to anthropogenic warming.
Future studies are warranted to address the caveats also remaining in this analysis. The limited number of models
possessing both historical and hist‐nat scenarios in CMIP6 pulls us back from designing a larger number of
ensembles. In this study, we focus on the plausible impacts of human‐induced changes in thermodynamic factors
in the atmosphere influencing TC activity. It is necessary to incorporate dynamic factors such as vertical wind
shear and vorticity as well into the PGW approach for a better understanding of the human impact on the
destructiveness of TCs (Zhang & Tao, 2013). According to a recent study by Wang et al. (2025), the changes in
the behavior of TCs in the future simulations are contingent on the changes in regional circulation (here, it is the
north‐west monsoon) and vertical wind shear. The results discussed above could be overestimated if dynamic
factors actually inhibit it (e.g., increased vertical wind shear). Some studies simulate air‐sea coupled processes
that execute with WRF‐ROMS (Chow et al., 2024; Warner et al., 2010) and WRF‐NEMO (Parker et al., 2018;
Samson et al., 2016). However, the present study focuses on the atmospheric processes and the impact of
changing atmospheric boundary conditions. Therefore, the coupling of models is beyond the scope of this study. It
is important to note that the increased amount of rainfall and extreme rainfall in the TCs that are passing close to
land (like Ockhi andMaha) or making landfall have the potential to inflict substantial damage to the economies of
the affected countries. Additionally, the coastal belt of ARB rim countries is projected to undergo a large increase
in population density in the future with the SSP2 scenario (Harrington et al., 2018). The summary of these facts
warns that the population living in the Arabian Sea rim countries will be more exposed to the highly devastating
TCs like Ockhi and Maha due to anthropogenic climate forcings. The study calls on policymakers to develop
targeted adaptation strategies aimed at coastal resilience and GHG emission mitigation strategies. Furthermore, it
emphasizes the need for additional research on projected changes in TC landfalls considering different emission
pathways.
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