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Abstract
The present study analyses the scienti�c strategies associated with mitigating the challenges in predicting track and intensity of cyclones
across the world basins. The relevant ‘51’ original publications on predicting track and intensity of cyclones across the world basins
utilising numerical weather prediction (NWP) models, machine learning and satellite based approach were chosen using a focused orderly
search and were used to develop the selection benchmarks for the systematic literature review. According to our review, out of selected ‘51’
studies, a total of ‘19’(37.25%) and ‘12’ (23.52%) and ‘9’ (17.64%) studies were focused on Paci�c (including south China sea) Atlantic and
North Indian Ocean (NIO) basins respectively. Three studies were conducted over both the Paci�c and Atlantic Basins. However, the
remaining ‘8’ studies were not over any speci�c basin. After 2015, the widespread use of machine based algorithm and analysis began, with
a focus on the improvement in intensity prediction of TCs. Satellite based approach was employed in nearly all of the studies, and data
assimilation techniques were in nascent stage during 2006-2013. To create detailed cyclone prediction track and intensity of cyclones
across the world basins, a balance among data assimilation systems, modelling systems, and machine learning to uncover predictability
drivers is necessary. Globally, predicting track and intensity of cyclones should take into account future climate change scenarios in the
world basins. In order to gain improvement in this direction, further research is needed to �ll in the knowledge gaps that have been
identi�ed.

1. Introduction
Cyclone forecasting entails the prediction of a number of interconnected elements, such as the cyclone's trajectory, strength, produced
storm surges and associated rainfall as well as the identi�cation of coastal regions that would be impacted by the cyclone (Willoughby et
al., 2007, Elsberry et al., 2014, Woodruff et al., 2013, Leroux et al. (2018) and Hoque et al., 2017). Among all of these interconnected
characteristics, knowing where a cyclone will travel is the most signi�cant since it allows the people of possibly impacted regions to be
alerted well in advance, therefore limiting damage and loss of human lives (Brooks et al., 2001). The number of cyclones (or hurricanes)
having wind intensity ≥ 35 knots have showed an increasing trend during 1940–2010 (Figure-1), consequently the meteorological o�ces
throughout the globe consider cyclone track forecasting to be one of the most signi�cant forecasting operations ranking it in the top three
(Titley et al., 2020,, and Landsea et al., 2013). In order to attain the best level of accuracy for cyclone track and intensity forecasting,
meteorological o�ces choose to utilize a variety of methodologies to predict cyclones that originate in various basins due to huge
difference in the behaviour of cyclones. TCs which undergo rapid intensi�cation (RI) are linked to the most inaccurate forecasts (Rappaport
et al., 2009). As an outcome, RI in strong TCs can lead to disasters, when coastal areas are not given enough time for evacuation (Paudyal
et al., 2002). Despite the fact that the number of tropical storms has remained relatively constant over the last several decades, there are
mounting evidences that the fraction of TCs that are becoming major hurricanes has grown dramatically (Klemas, (2009), Resio et al.,
(2018), Willoughby et al., (2007), & Atlas et al., (2015).

The present study enlists the various components of forecasting the track and severity of cyclones throughout the world's basins and
investigates the current scienti�c challenges in TC track and intensity forecasting. The study further aims to identify the strategic steps that
may be used to mitigate the di�culties in forecasting the course and severity of cyclones across different global oceans. A detailed
qualitative systematic literature review methodology is used in the present research work. The relevant literature was methodically combed,
and publications were chosen for review based on predetermined criteria. On the basis of these criteria, a selection of literature was
catalogued and critically examined. The purpose of this research based study and the �ow of systematic processing are outlined in the
sections 4.1 onwards. This study made use of the methodology outlined in Hoque et al. (2017).

2. History And Current Status Of Automated Tc Trackers
According to NOAA's National Hurricane Centre, the Northern Hemisphere is home to nearly 69 percent of tropical cyclones, whereas the rest
31 percent cyclones contract to southern hemisphere. The Atlantic Ocean accounts for around 12%, the Paci�c for 57% and the Indian
Ocean for the remaining 31%. The seven "basins" of tropical cyclones where storms occur frequently are depicted in the Figure-2. During
early years of 1990s, at �rst Murray and Simonds (1991) developed an automated algorithm for locating the position of the centre of
southern hemispheric cyclones, based on numerical analysis. Using global analyses from the European Centre for Medium Range Weather
Forecasting (ECMWF) and ensemble model data, Trenberth (1992) devised an objective procedure to detect and track tropical cyclones in
model �elds. Vitart et al. (1997) included TC tracking schemes developed by Murray and Simonds (1991) and Trenberth (1992) and further
developed a TC tracker for ensemble general circulation model. At United Kingdom Met o�ce too, the project to develop a fully automated
cyclone tracking tool was initiated during early 1990s. In this direction, at, Heming (1994) presented an outline of TC tracker to be used for
UK Met o�ce operational TC forecasting. At National centre for environmental prediction (NCEP), the �rst of its kind a new tracking
algorithm was adopted to produce forecasts of cyclones over globe (Marchok, 2002). The tracker described by Hewson and Titley (2010) is
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mainly used for tracking extratropical cyclones. However, it is also capable of identifying “barotropic low’, which makes it suitable for
tracking tropical cyclonic storms too. Several more tracking software packages are known to exist. One unanswered question is whether
future synergies in software development and maintenance are achievable. In the future, the ECMWF hopes to make the tracking code
available to the public. All TC trackers face di�culties in real-time operations, which stem partly from the di�culty of adequately
representing TCs and their vital information in a model, (Tsai et al., (2013) and Tort et al., (2014)) and partly from the complexity of TC
structures in nature.

Empirical forecasting methods rely on the forecaster's ability to recognise cyclone movement patterns. The forecaster's ability to recognise
trends can help to minimise big errors like missed re-curving and storm acceleration towards the mid-latitude storms. (Frazier et al. 2010,
Gao et al. 2014, Fang et al. 2016). The fundamental �aw with these methods is the amount of time it takes for the person forecasting to
develop the requisite amount of skill (Titley et al. 2020, Leroux et al. 2018, Landsea et al. 2013). Estimates for the duration of wind
acceleration, upper limits of the wind, and the cyclone's likely track are among the results of this technique (Moura et al. 2016, Kim et al.
2019).The current operational TC forecasting models are enlisted in table-1.

3. Nwp Techniques To Predict Track And Intensity Of Cyclones
Delivering accurate cyclone forecasts in time is of key importance when it comes to saving human lives and reducing economic loss.
Di�culties arise because the geographical and climatological characteristics of the various cyclone formation basins are not similar, which
entails that a single forecasting technique cannot yield reliable performance in all ocean basins. For this reason, global forecasting
techniques need to be applied together with basin-speci�c techniques to increase forecast accuracy. As cyclone track and intensity is
mainly governed by three aspects (Figure-3), namely, environmental effects (wind pressure, sea surface temperature, air temperature and
ocean currents etc.), inner core dynamics (Vortex Rossby wave, wave �ow, and Mesoscale convective systems (MCSs) etc.) and the
variations in underlying surface forcings (Sea surface temperature, Ocean Heat content etc.), it is a formidable task to combine these
parameters and produce reliable and accurate forecasts. Predictions of TCs, like all weather systems, face issues on various dimensions,
ranging from appropriately initialising the system on the appropriate scales to precisely modelling the processes on multiple scales to
accurately capturing the climatology of their occurrences. Once the initial location or genesis of a cyclone has been identi�ed, an effort is
made to make predictions regarding its future trajectory and intensity. The ‘mid-latitude westerlies’, the ‘subtropical ridge’, and the ‘beta-
effect’ caused by changes in the Coriolis force, all these factors have an impact on tropical cyclone steering. There are various approaches
such as “averaging across occurrences’, ‘statistical forecasting’ ‘statistical-dynamical technique (for intensity forecast)’ and ‘dynamical and
numerical forecasting’ etc. for prediction of cyclones. The categories of these prediction groups and subgroups have been enlisted in �gure-
4.

4. Methodology

4.1 Methodology of systematic literature review:
Relevant research literature, which focused on strategies associated with mitigating the challenges in predicting track and intensity of
cyclones across the world basins, were chosen from scholarly electronic database ‘Web of Science’. The data inputs were searched between
2006–2022. Due differentiation was carried out with respect to the discovery and the innovative and scienti�c inventions with respect to
upgradation based on the latest scienti�c challenges. The keywords used for the search were ‘Tropical cyclones, Rapid intensi�cation,
Rapid changes and also a combination of words like climate change, Movement/track, Numerical weather prediction, Forecasting
techniques, Intensity, Structure, Landfall’. A total of ‘17384’ articles were identi�ed in web of sciences on the above keywords. ‘8027’ web
pages were removed according to speci�c variables as needed for this research. Out of remaining 9357 studies, 8084 web pages, books
and online articles were removed and total research articles identi�ed were narrowed down to ‘1273’ containing the keywords ‘Tropical
cyclones, Rapid intensi�cation, Rapid changes, climate change, Movement/track, Numerical weather prediction, Forecasting techniques,
Intensity, Structure and Landfall. To be at par with the recent developments, 321 research articles before 2006 were discarded and 952
research studies were screened dating from 2006 till 2022. Out of these, 952 research studies based on the present approach, 612 studies
were eliminated and the eligible number of studies now stood at 340. Of these 340 research eligible articles, 289 were eliminated based on
relevance of the topic and the �nal number of studies were consolidated at 51 which were taken forward for this study and research. The
detailed �owchart adopted in the present study has been presented in the �gure-5.

4.2 Eligibility Criteria for study inclusion:
Only peer-reviewed studies published in academic journals during 2006–2022, that described the outcomes of original research on
challenges related with TC track and intensity prediction across the world basins, are examined in the present research. Papers on cyclone
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tracking and forecasting using empirical approaches and neural networks also included. While selecting the criteria, book chapters and
proceedings of various conferences and summits were excluded. The research papers were primarily classi�ed according to their main
focus on the systematic strategy e.g. origin, works done so far, response, shortcomings and current scienti�c challenge pivoting our study
and analysis to the main topic of research. Careful insights were offered not to mingle any overlapping topics like ‘risk disaster
management’ etc. From each research paper, the following data was then captured and analysed categorically, i.e. ‘authors’, ‘year of
publication’, ‘place of study’, ‘name of the publishing journal’, ‘data type’, ‘forecasting methods’, ‘aim of the study’, ‘veri�cation and
authentication of results’, ‘whether climate change aspects were inclusive or whether it presented a further scope for research’, and �nally
‘what scienti�c challenges were presented in the studies’. A total of ‘51’ original journal articles were selected out of ‘17384’ that used the
tools for predicting and tracking the cyclone intensity. The details of these ‘51’ selected studies, along with their categories is presented in
table-2.These studies concentrated in majority to Paci�c, Atlantic and to Indian Ocean basin as the predominant world basins.

4.3 Analysis of core journals and keywords:
Among the 51 studies selected based on key words etc. (Table-2), we found that 11 journals belong to maximum publication of core articles
as shown in Fig. 5. The �gure shows a detailed list of publication source, authors, and keywords in �eld of tropical cyclone modelling and
observations to mitigate challenges in predicting track and intensity of cyclones. The left column shows the publication source of the most
authors, the middle column shows the authors contributed and the right column shows the most popular keywords in predicting track and
intensity of cyclones. A grey plot connects the three elements and is related to one another. Each journal begins with the name of the author
who frequently contributes to its publication. Each author demonstrates a common topic for tropical cyclone modelling and observations in
predicting track and intensity of cyclones research.

The relationship between keywords produced by hierarchical clustering is depicted by the dendrogram of words (Fig. 6). According to
Andrews (2003), a dendrogram not only indicates an exact relationship between clusters generated, but it also aims to assess the number
of clusters for experts to specify the key drivers across different studies by different authors. The most commonly used keywords, their
relationships to other keywords, and the classi�cation of these keywords are depicted in different colours in a dendrogram tree diagram.
This dendrogram depicts two types of keywords classi�cations: red and blue. This demonstrates that the keywords in the blue
classi�cation have little in common with those in the red classi�cation. Each red one is subdivided into several clusters and each of which
is subdivided into several sub-clusters.

4.4 Analyses of Author’s keywords Co-Occurrence Network
Based on the frequency of occurrences, associations, and cooccurrences of each keyword in published tropical cyclones documents from
2006 to 2022, the title words co-occurrence network was establish. It is showed in Fig. 7 that 30 of the most commonly used words in
published publications on tropical cyclones studies include co-occurring, associated, and noded. To represent the number of times a
keyword appears alongside other keywords in published texts on tropical cyclones, we used a node-line graph. For each keyword in the
published paper on tropical cyclones investigations, its width or node size indicates the frequency of recurrence.

5. Result And Discussion
The present section discusses the detailed discussions about sorted 51 articles (table-2). The selected articles were categorised into 7
categories. i.e. (i) Modeling of genesis, track and storm surge of TCs’ (ii) Improvements in prediction of cyclone intensity (iii) Techniques
utilizing Arti�cial Neural Network (ANN) (iv) Impact of Data assimilation on TC track and intensity prediction (v) TC rainfall and structure
(vi) Impact of planetary boundary layer/convection/dynamics scheme on TC track and Intensity prediction and (vii) Tropical cyclone
disaster management respectively.

5.1 Modeling of genesis, track and storm surge of TCs:
Kuroda et al. (2010) numerically simulated the extremely severe cyclonic storm Nargis (2008) over Myanmar oceanic region, using two
numerical models (i.e. Japan Meteorological agency’s Nonhydrostatic model (NHM) and Princeton Ocean model). The study concluded that
the downscaling of the NHM with a horizontal resolution of ~ 10 km produced more realistic features of the TC in comparison to
operational global analysis and global spectral model forecasts. The storm surge could not be reproduced in Princeton Ocean Model
(horizontal resolution ~ 3.5 km) experiment using global spectral model forecast data, but the simulation of the ocean model using NHM
forecast data predicted a rise in sea level of over 3 metres. In a similar type of study by Singh et al. (2021), the authors found that India’s
National Centre for Medium Range Weather Forecasting operational global model NCUM (horizontal resolution ~ 12 km) was highly skilful
in predicting the track and intensity of an extremely severe cyclonic storm ‘Fani’ (2019) over the Bay of Bengal. However, the study by Singh
et al. (2021) did not analyse the storm surge associated with the TC. The e�cacy of NCUM global and regional models was further proved
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in simulation of a Super Cyclone (SuCS) 'Amphan' over the same ocean basin (i.e. Bay of Bengal; Ashrit et al. 2021). The performance of a
non-hydrostatic limited-area atmospheric model “Consortium for Small-scale Modelling (COSMO)” was evaluated and found commendable
in detection of early genesis of a very severe cyclonic storm ‘Ockhi’ (2017) over Arabian Sea (Subrahamanyam et al. (2019)). In line with the
study by Ashrit et al. (2021), Chen et al. (2022) also evaluated the skills of operational models of ‘China’ for super typhoon ‘Lekima’(2019)
over east-China sea region. The main difference in these two studies was that while Chen et al. (2022) evaluated the skill of operational
probabilistic (ensemble) model along with deterministic models, Ashrit et al. (2021) evaluated the skill of global and regional models only
(i.e. deterministic models) only. Further, the operational forecasts of various leading meteorological agencies were also compared by Chen
et al. (2022). The authors further concluded that all the operational deterministic models were e�cient enough for predicting landfall point
of super typhoon ‘Lekima’, as reported by Ashrit et al. (2021) for Super Cyclone (SuCS) 'Amphan' using NCMRWF’s operational model. The
nested �nite volume solver (FV-3) based Hurricane Analysis and Forecast System (HAFS) of National Oceanic and atmospheric
administration (NOAA) is a hurricane modelling system that is in evolution phase at present. Utilizing global-nested and regional versions of
HAFS modeling suite, the real-time simulations were conducted in 2019 creating �rst baseline for HAFS progressions. Hazelton et al. (2021)
showed that despite the fact that the ability to predict rapid intensi�cation was slightly inferior to the operational model ability, the global-
nested con�guration of the modeling suite was more skilful in predicting track, intensity and structure of hurricanes formed during July-
October, 2019.

The Advanced Research version of the WRF (Weather Research and Forecasting) model was used to investigate the rapid intensi�cation of
a category-5 hurricane Katrina (2005) before it made landfall in the southern United States (Liu et al., 2017). The �ndings of the study
suggested that the accurate hurricane intensity prediction requires better representation of vertical mixing and surface �uxes in the
planetary boundary layer. Zhu et al.(2019) found an improvement in prediction skill of WRF-ARW model for two typhoon rainfall cases
(Typhoon ‘Meranti’ (2016) and Typhoon ‘Fitow’ (2013)) over western north paci�c ocean, when the “Kain-Fritsch” convection
parametrization scheme of the model was optimized using a micro-genetic algorithm. Here, it is worth discussing that in place of
convection parametrization scheme, Liu et al., (2017) had compared two popular planetary boundary layer (PBL) schemes (i.e. the Mellor-
Yamada-Janjic (MYJ) and the Yonsei University (YSU) schemes) of the WRF-ARW model. As a result, the MYJ scheme performed better,
simulating a more accurate track and intensity evolution, as well as a more accurate vortex structure and landfall time and location of the
hurricane ‘Katrina’(2005).

In recent times, though signi�cant progress have been made in TC track prediction across all the world basins, the prediction of Intensity
still haven’t improved much in numerical models. The reason behind this sluggish improvement in TC intensity prediction is that numerical
models are unable to resolve ‘complex internal dynamics’ occurring in the core of TCs (Rhome, 2006, Lian Shou, 2012). In this regard, the
task of improving intensity forecasts in numerical models mandates the researchers to look into plausible causes on which intensity of TCs
depend. In the tropical cyclone secondary circulation, the weaker inertial stability in the out�ow layer is found to reduce the energy sink,
resulting in a faster intensi�cation to maximum potential intensity of TC (Rappin et al. (2011)). Convective bursts (CBs) occurring inside the
upper-level radius of maximum wind, have the potential to in�uence hurricane intensi�cation by causing compensatory subsidence of
lower-stratospheric air (Miller et al. (2015). The decrement in tilt of cyclonic-vortex and ‘symmetric convection’ leads to intensi�cation of
weak tropical cyclones (Berrios, 2020).Shieh et al. (2013) proposed that features of upper tropospheric troughs must be considered while
forecasting intensity of TCs. Short and Petch (2018) delineated superiority of the convection permitting regional uni�ed model (UM:
horizontal resolution ~ 4.4 km) over its global counterpart for prediction of intensities of strong TCs formed in the western north paci�c
ocean. The TC ‘Dora’ was formed over southwest Indian ocean in the year 2007. The causes of TC’s rapid intensi�cation under its
interaction with upper-level trough forcing was investigated by Leroux et al. (2013) utilizing an limited area operational NWP model. The
NWP model with 8-kilometer horizontal resolution was capable of reproducing the main characteristics of the eyewall replacement cycle
observed for the TC. Potential Vorticity (PV) superposition in conjunction with secondary eyewall formation induced by eddy momentum
�ux convergence and trough’s vertical velocity forcings were identi�ed as the main mechanisms of the TC vortex intensi�cation. Further, it
was found that for stronger cyclonic vortices, intensi�cation of the TC was greater under upper level forcing Leroux et al. (2016).

A thorough examination of high-resolution ensemble predictions of different intensity change (computed from operational ‘HWRF’ and
‘Hurricanes in a Multi-scale Ocean-coupled Non-hydrostatic (HMON) models’) thresholds was carried out by Torn et al. (2021) for the select
cyclones formed over Atlantic and eastern paci�c oceans during 2017–2019. After the application of a quantile-based bias correction
scheme, both the HWRF and HMON ensemble based models provided the skilful forecasting of intensity changes for cases without rapid
intensi�cation. The intercomparison of track and intensity forecasts of TCs over North Atlantic Ocean (NAO) basin, which formed in the
year 2019, revealed that the newly operationalized regional model ‘Real-Time Hurricane Analysis and Forecast System (HAFS) Stand-Alone
Regional (SAR)’outperformed the three operational models i.e. ‘Global Forecast System (GFS)’, ‘Hurricane Weather Research and
Forecasting model (HWRF)’, and ‘Hurricanes in a Multi-scale Ocean-coupled Non-hydrostatic model (HMON)’ in track prediction of TCs
(Dong et al. (2020). However the HFAS-SAR model was less skilful in intensity prediction of the TCS as compared to HWRF and HMON
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models. The model showed a little improvement in intensity prediction over the GFS model. The improved convection scheme (i.e. the
Finite-Volume cubed sphere (FV3)) may be attributed for the better TC track predicting skill of the HFAS-SAR model.

5.2 Improvements in prediction of cyclone intensity:
In the present times, researchers are trying to develop easy to use tools for intensity forecast guidance in real time. For the western North
Paci�c basin (excluding the South China Sea), a model post-processing tool called “TC intensity guidance on rapid intensi�cation (TINT-RI)”
has been developed recently (Tam, 2021). Utilizing robust logistic regression technique and the naïve Bayes classi�er, the tool is able to give
rapid intensi�cation forecasts of TCs well in advance (Upto 48 hr).Similarly, a tool, incorporating probabilistic methodology, was developed
for rapid intensi�cation prediction of cyclones forming over the oceans which come under JTWC’s area of observation and responsibility
(Knaff et al. (2020)). Vertical wind shear's in�uence on tropical cyclone intensity change is well documented (DeMaria (1996), Wang (1996),
Wong and Chan (2004)). A higher vertical wind shear inhibits the progress and further intensi�cation of cyclones. The warming of the
midlevel atmosphere suppresses the convective activity and prevents the development of storms (DeMaria (1996). Hazelton et al. (2020)
incorporated NCEP’s FV3GFS to study the rapid intensi�cation of hurricane Michael (2018) in a sheared environment and demonstrated
that vortex tilt reduction results in upshear humidi�cation and is, therefore, a driving factor for intensi�cation. The uncertainty in the
physical representation of the air-sea �uxes (i.e. momentum and enthalpy �uxes) at high winds in storms puts a constraint in predictability
of intensity of TCs (Jaimes et al., (2015)). In the proof-of-concept by Jaimes et al.(2015), Nystrom et al.(2021) investigated the feasibility of
estimating model parameters governing air–sea energy transfer processes using ensemble-based data assimilation.

Satellites have become one of the most essential platforms for collecting information about the cyclone and its surrounding environment
while monitoring and forecasting. Many traditional forecasting algorithms have struggled to identify variations in very low contrast cloud
characteristics associated with cyclones, as well as the integration of data received from numerous sensors and the detection of spectral
and spatial patterns (Lee and Liu, 2004, Villmann et al. (2003)). Although there are techniques that offer similar capabilities (e.g., numerical
and statistical-dynamical), these traditional procedures are di�cult, need high-end machines to run, and are subjected to erroneous initial
conditions (Jeffries et al., 1993, 1995). Furthermore, remotely sensed data is frequently noisy and typically quite vast in size. (Hoque et al.,
2017, Elsberry 2014, Heming et al., 2019). The data's intricacy, as well as the computational demands of existing forecasting
methodologies, has prompted studies and sparked researches into new approaches for processing remotely sensed pictures to anticipate
cyclones.

5.3 Techniques utilizing Arti�cial Neural Network (ANN):
The use of ANNs for data processing is one of these new approaches. Adaptivity, Robustness and power/speed are the characteristics of
ANN-based cyclone forecasting algorithms. ANN techniques, being a paramount tool for evaluating satellite data for predicting cyclone
track and intensity forecasts because of the advantages of the input from satellite pictures which are generally available and mostly free; is
simple to implement on conventional desktop computers. So, these methods are computationally inexpensive and although it takes a long
time to make the network adapt using all of the satellite pictures, it only takes a few minutes or fractions of a minute to produce cyclone
track and intensity projections after the network is trained. Neural network-based algorithms (Wei et al., 2010) can produce forecasts with a
reasonable level of accuracy.

For intensity prediction of TCs, Cloud et al. (2019) developed a feed forward neural network (FFNN) which was signi�cantly skilful in the
prediction of rapid intensi�cation of TCs in comparison to operational observation-adjusted HWRF model and probabilistic Statistical
Hurricane Intensity Prediction System. Similarly, a multilayer perceptron (MLP) TC intensity prediction model was found more skilful in
predicting the rapid intensi�cation of TCs as compared to the four operational statistical-dynamical TC intensity prediction models (Xu et
al. (2021)). The MLP model was based on deep-learning. Utilizing a decision-tree-based machine learning algorithm “XGBoost ”, an
increased TC intensity forecast skills have been achieved for ECMWF ensemble prediction system model outputs (Chan et al., 2021).
Despite their usefulness in intensity prediction of TCs, the machine learning technique provides short lead-time predictions of the cyclones,
due to which its utility is yet to be adopted by disaster managers for real-time operations (Chen et al., 2020). Based on evolutionary
programming, Schaffer et al. (2020) developed a statistical-dynamical forecast model for intensity prediction of TCs.

5.4 Impact of Data assimilation on TC track and intensity prediction:
Strong TCs have the highest initial errors and uncertainties in terms of TC intensity, since data assimilation (DA) technique struggles to
mimic the convective-scale and mesoscale processes that are key to intense TC forecasting. Position (and track) forecast errors are
signi�cantly higher for initially weak TCs than for initially strong TCs on average, especially in the short range. Forecasts have a long-
standing systematic inaccuracy caused by a slow propagation speed. There are signs that the main source of inaccuracy occurs during
propagation into the mid-latitudes, which could have an impact on extra-tropical transitions. Forecasts of westward-moving TCs,
particularly weak TCs, frequently drift northward abnormally. Generally, a non-linear forecast error growth is associated with rapidly
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intensifying TCs (Minamide et al. (2020)). Both, the real observations and axis-symmetric synthetic data assimilation in NWP models are
complementary to each other. Their simultaneous ingestion results in a more realistic representation of initial cyclonic vortex and a stronger
TC with a longer rapid intensi�cation period (Chang (2015)).

Utilizing the Ensemble Kalman Filter data assimilation technique, the assimilation of the geostationary Multifunctional Transport Satellite
(MTSAT) obtained atmospheric motion vectors (AMVs) in WRF model improved the track, intensity, and structure analyses of Typhoon
‘Sinlaku’ (2008) over the paci�c ocean (Wu et al. (2014)). On a similar note, the assimilation of these atmospheric vectors obtained from
geostationary satellite ‘Himawari-8’ enhanced the e�cacy of operational HWRF model in predicting track and intensity of three TCs namely
‘Nepartak’ (2016), ‘Meranti’(2016) and ‘Megi’(2016), all the three formed over western-north paci�c ocean (Sawada et al., (2019)). Large
improvements in track, minimum sea level pressure and maximum wind speed (vmax) have been found by assimilating Cyclone Global
Navigation Satellite System (CYGNSS) derived winds in the regional HWRF model (Mueller et al. (2021)).

In terms of magnitude of wind, the hurricane ‘Patricia (2015)’ was the strongest tropical cyclone of category-5 which formed over eastern
paci�c ocean. Utilizing a very high resolution WRF model, the hurricane’s intensity evolution was further analysed by Fox and Judt (2018).
The authors attributed to ‘vortex initialization’, ‘high resolution (~ 1km)’ and ‘parametrization of dissipative heating’ for successful
prediction of intensity of hurricane ‘Patricia’. When Doppler radar ‘radial velocity’ observations were assimilated in WRF-EnKF (Ensemble
Kalman Filter) data assimilation system, the intensity forecast of the hurricane Patricia (2015) was signi�cantly improved in comparison to
assimilation of only conventional observations in the NWP suite (Nystrom et al. (2019)). Adopting same type of methodology, in ensemble-
variational (EnVar) data assimilation technique of HWRF model, the assimilation of ‘upper-level wind observations’ derived from
dropsondes have been found improving the numerical analysis and prediction of Hurricane Patricia (2015) during its rapid intensi�cation
phase (Feng et al., 2019). Further, In a relatively more innovative approach, Lu et al. (2019) did vortex modi�cation and produced more-
realistic three dimensional analyses of hurricane Patricia (2015) by assimilating enhanced atmospheric motion vectors along with inner
core observations obtained from different �eld campaigns. The authors employed the GSI-based, continuously cycled, dual-resolution
hybrid ensemble–variational data assimilation (DA) system for in the HWRF Model for the vortex modi�cation. In cycling EnKF DA scheme,
the assimilation of all-sky infrared radiances obtained from the Advanced Baseline Imager on GOES-16 satellite potentially improved the
intensity forecast of TC Harvey (2017; Minamide (2020)) .Taylor et al. (2021) performed an observing system simulation experiment(OSSE)
on a West Paci�c tropical cyclone to see if geostationary satellite-based Precipitation Radar re�ectivity observations can be used for
numerical weather forecasting of TCs. The OSSE proved the utility of the assimilating the radar re�ectivity observations in the regional
cloud-resolving ‘SCALE-RM model version 5.0.0’ by reducing the intensity errors.

5.5 TC rainfall and structure:
The landfalling TCs are generally associated with various structure and intensity changes i.e. spiral rain band, mesoscale vortices and
remote rain bands etc. (Shou et al. (2012)).During the landfall process, weakening or sudden strengthening of a TC over or near the coast
can signi�cantly change rainfall characteristics associated with cyclonic storm (Ray et al. (2022). Four predictors associated with TC
rainfall and structure features were incorporated in Japan Meteorological Agency version of Statistical Hurricane Intensity Prediction
Scheme (SHIPS), which improved the intensity forecasts (both central pressure (Pmin) and maximum wind speed (Vmax)) of TCs (Shimada
et al. (2018). Similarly, incorporating several new predictors in SHIPS-RII (rapid intensi�cation index) model the intensity prediction of TCs
have been found improved operationally, for both the Atlantic and eastern North Paci�c basins (Kaplan et al. (2015).The India
Meteorological department has operationally implemented a state-of-the-art dynamical-statistical cyclone prediction model (Kotal et al.,
(2021)) which has been proved highly e�cient in prediction of genesis, structure, track, intensity and the rainfall associated with TCs
forming over North Indian Ocean (NIO) region (i.e. Bay of Bengal and Arabian Sea). Ren et al. (2018) developed an objective ‘TC track
similarity area index (TSAI)’ for precipitation forecasting of landfalling TCs over south China by employing a combined ‘dynamical–
statistical’ approach. Based on this index, a ‘landfalling TC precipitation dynamical–statistical ensemble forecast (LTP_DSEF) model’ was
developed which was found more skilful in comparison to three operational models (i.e. ECMWF, GFS, and T639/China) for higher threshold
values of intense precipitation associated with TCs.

5.6 Impact of planetary boundary layer/convection/dynamics scheme on TC
track and Intensity prediction:
The momentum and enthalpy �uxes from the earth’s surface affect its lower atmosphere. The interaction of these �uxes with atmosphere is
determined by parametrization of planetary boundary layer (PBL) in NWP models (Stensurd et al. (2009)). The ratio of momentum to heat
and moisture exchange in the PBL is governed by a number known as ‘Prandtl number (Pr)’. Kalina et al. (2021) suggested that the value of
‘Prandtl number (Pr)’ signi�cantly affects the intensi�cation and enthalpy �uxes of the rapidly intensifying TC. So, consideration of the ‘Pr’
number, while changing the planetary boundary scheme of Global Forecast System–Eddy Diffusivity Mass Flux (GFS-EDMF), may improve
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the skill of HWRF model. In the low ‘vertical eddy diffusivity’ (Km) forecasts of HWRF model, lowering Km in the planetary boundary layer
increases both in�ow and convergence in a TC, resulting in a stronger and more symmetric deep convection (Zhang et al. (2019). Similarly,
Singh et al. (2017) conducted numerical simulations to evaluate the impact of �ve PBL and six cumulus convection schemes of WRF-ARW
model on track and intensity predictions of seven landfalling TCs formed over Bay of Bengal. The model was the most skilful in TC track
and intensity prediction with the Yonsei University (YSU) PBL and the old simpli�ed Arakawa-Schubert cumulus parametrization scheme.
The two microphysical parametrization schemes (i.e. the older and newer versions) of the ‘Coupled Ocean–Atmosphere Mesoscale
Prediction System–Tropical Cyclone (COAMPS-TC) model’ were compared for prediction of 15 Atlantic cyclonic storms (Jin et al. (2014)).
The newer version of microphysical parametrization used a hybrid approach of double moment in ‘cloud’ ‘ice’ and ‘rain’ in contrast to single-
moment scheme for the three hydrometeor species employed in the older scheme. The newer scheme signi�cantly reduced rightward cross-
track errors and positive intensity bias in control forecasts. For 2005′s category-5 Hurricane ‘Rita’ Histova et al. (2021) showed that different
microphysical parameter combinations in the cloud-permitting community Weather Research and Forecasting model (WRF) produced
signi�cantly different microwave signatures for wind and precipitation observations. A detailed analysis of thermodynamic variables of the
vortex core of TC Vicente (2012) using a column integrated moist static energy budget revealed that before rapid intensi�cation, the core of
the TC was su�ciently humid (Chen et al. (2019).

5.7 Tropical cyclone disaster management:
Hazards associated with tropical cyclone (TC) landfall pose increasing risks as coastal populations grow, yet accurate forecasts of the
timing, location, and impacts of TC landfall remain an ongoing challenge. In recent times, the use of ‘remote sensing’ and ‘spatial analysis’
techniques has signi�cantly increased to manage the on-ground impacts of these disasters with rapid advances in a wide range of data
availability and processing techniques. Although TC frequency has stayed approximately constant over recent decades, there are growing
evidences that the proportion of TCs that became major hurricanes, has increased signi�cantly. Out of 51 studies selected for the detailed
review, the two studies by Hoque et al. (Part 1 and 2, 2017) discuss the possible management strategies associated with mitigating the
challenges in predicting the track and intensity of cyclones. Both the studies delineates the application of remote sensing and spatial
analysis in the context of response, recovery, prevention/reduction, and preparedness. The substantial coastal mitigation and adaptation
strategies would be required in the near future due to the global incidence of rapid intensi�cation of TCs due to anthropogenic reasons.

6. Gap Areas And Challenges Ahead
Predicting TC genesis is critical in both the medium and long term. It's well recognised that extratropical transitions introduce uncertainty
into the mid-latitude �ow. However, it is unclear if the TC is the primary source of uncertainty, or whether it functions as an ampli�er of
existing uncertainties from the upstream mid-latitude waveguide, or whether it does both. All the data assimilation strategies in any NWP
systems have signi�cant TC restrictions. While global models can represent the large-scale aspects of TCs, the core of TCs is dominated by
‘convective-scale’ and ‘meso-scale’ processes with strong gradients, which are at (and beyond) the operational limits of present global
models. The data assimilation scheme's resolution, some components (such as tangent linear models) that pre-suppose linear dynamics,
and background error covariances that may not re�ect the primary dynamic and thermodynamic balances in TCs are all examples of these
shortcomings. This is exacerbated by the TC's very low number of observations. More research is needed to see how data from
reconnaissance and surveillance aircraft improves analysis and model forecasts, and whether new approaches could make greater use of
these specialised, high-quality views.

The application of arti�cial neural networks as a cyclone track and intensity forecasting technique is relatively new. Nonlinear neural
network, Hybrid radial-basis-function network, iJADE WeatherMAN, SEMO-MAMO are some places where arti�cial neural network
techniques have been successfully applied for predicting cyclone intensities. These techniques are not as extensively used as other
forecasting techniques since they are still in development and need a signi�cant amount of time and effort to design and train. We still
need to integrate pre-trained machine learning models into high-performance computing settings for inference within NWP models and their
post-processing work�ows. We need to develop to detect the presence and location of TCs in �elds of selected meteorological parameters.
So neural-network-based tracking might prove a great factor to mitigate the challenges in TC track and intensity prediction.

Given that the storm surge is superposed on the astronomical tide, accurate estimates of the timing of TC landfall and the related wind
�elds are also required in storm surge forecasting. The different model components eventually form the basis for inundation models that
aim to estimate water levels down to street resolution for �ood forecasts based on both storm surge and TC precipitation. This will
necessitate not just high-quality TC forecasts, but also ensemble data processing at high spatial and temporal resolutions. Further, it’s also
crucial to look into the weak teleconnections between El-Nino Southern oscillation (ENSO) and local SST for seasonal forecasting of TCs.
Further it is also necessary to better comprehend the impact of global warming trend on TCs depicted in the models, when compared to
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reanalysis data, which is a hot topic in the climate modelling community. All of these issues must be addressed in partnership with model
developers.

When a TC is a ‘disorganised depression’ or weak tropical storm, discrete ‘convective-bursts’ typically dominate until a coherent vortex
forms and begins to symmetrize and intensify within or on the boundaries. These convective bursts occur on timescale of a few hours
contributing signi�cantly in rapid intensi�cation of TCs. The explicit modelling of temporally and spatially smaller scale ‘convective bursts’
has not been carried out in the rest of selected studies, except as conducted in Miller (2015). TC projections have improved as a result of
recent model advances. The addition of ocean coupling in atmospheric models improves intensity projections by preventing TCs from over-
deepening. The introduction of a surface drag coe�cient cap during very high wind speed regimes has improved maximum wind speed
forecasting and the wind-pressure relationship.

A ‘structured-evaluation’ approach for TCs is recommended that goes beyond the current framework to track progress and identifying new
challenges. The intriguing �nding that in-situ/dropsonde/�eld campaign data enhance the skill intensi�cation forecasts, albeit for a small
sample, needs additional exploration. One unresolved question is whether the horizontal scale of data assimilation is still too coarse to fully
exploit this �ne-scale information in wind regions with strong gradients. Given that the best-track values only represent a small number of
features linked to surface pressure and wind, new approaches for evaluating model forecasts are still needed for operational
implementations specially for developing countries. Because the resolution is believed to be especially essential in the evaluation of both
future assimilation techniques and model upgrades, TCs place special limits on the testing approach. Due to the work signi�cance and
investigation necessity, numerous areas of data assimilation were not reviewed in the present manuscript. It contains “changes to the data
assimilation scheme itself”; such as the 4D-Var algorithm's loop resolution, error covariance matrices that account for TC structure
dynamics, and observation quality control etc. We feel that these factors could have a signi�cant impact on TC studies and forecasts, and
that they should be reviewed carefully in future course of time. The present study investigated new satellite products, such as ‘adaptive
thinning of satellite observations’ to capture �ner-scale structures in TCs, a further shift to all-sky assimilation of satellite radiances (e.g.
infrared channels), and enhanced use of ‘atmospheric motion vectors’ near the TC. Several more new and future satellite observation kinds
and algorithms may help to improve TC assessments and forecasts. New low-earth orbit (LEO) satellites, targeted assimilation of �ne-scale
structures visible in geostationary satellites, rapid-scan AMVs, future Lidars, ocean surface wind retrievals, small satellite constellations like
TROPICS ( Biswas et al., 2018) and CYGNSS, and new remotely sensed and in situ ocean observations are just a few examples. Accurate
modelling of the structure of the wind and precipitation �elds is required for impact forecasting. In the present review, research articles on
climate change and global warming and its relative impact to TC tracking were not included. Their inclusion in future reviews will be
bene�cial to have more grasp qualitatively with respect to the above topic.

Despite the length of this systematic review research paper, there are bound to be some areas that have not been covered. The impact of
marine aerosols on TCs is one of the examples. This is an issue that could be addressed in the future with the Copernicus Atmospheric
Monitoring Service (CAMS) predictions. Even though ‘Africa’ is highly impuissant to tropical cyclones, no selected research study pinpointed
the TC modeling or observation techniques adopted in the scienti�cally struggling reason. Furthermore, reanalysis parts of TCs have not
been covered which can be quite useful in TC forecasting. As worldwide user needs grow and diversify, and global and regional TC
modelling at other centres improve at a rapid pace, numerous routes need to be investigated and improved. These entail a greater amount
of effort. Improved evaluation and diagnostic procedures, improvements in observational usage, and continual breakthroughs in data
assimilation and modelling systems in numerous directions are all on the horizon.

6.2. Conclusions:
The present study explored the factors associated with tropical cyclone track and intensity forecasting across the world basins while
analysing the related recent progress and challenges. The study adopted a systematic literature review methodology. Using bibliometric
analysis, a total of ‘51’ studies related to the tropical cyclone track and intensity forecasting across the world basins were sorted out for the
review. The factors associated with progress and challenges regarding tropical cyclone track and intensity forecasting were analyzed in
deep.

The present research work enlisted the use of machine learning approaches in the improvement of TC intensity prediction across the
different basins. However, more research and reviews is needed to tackle the current scienti�c issues in using machine learning approach to
track TCs, as well as more general technical aspects of putting a machine learning prediction system in operations (e.g., system
requirements, reliability, maintainability, etc.).In future, the studies should focus on to integrate pre-trained machine learning models into
high-performance computing settings for inference within NWP models and their post-processing work�ows. So that, neural-network-based
tracking will prove a great factor to mitigate the challenges currently. Also, studies related with Australian region tropical cyclones need to
be reviewed for a better understanding of the �eld.
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S.
No.

NWP model
names(Global/Regional/Ensemble)

Horizontal
Resolution

Vertical
Levels and
Coordinates

Data Assimilation Convective
Scheme

References
for further
details of
models

1 Météo-France operational    
Prévision d'Ensemble ARPEGE
(PEARP) model

Spectral
(Variable
resolution,
 7, 5 km
over
France
and 36 km
over New-
Zealand)

 

47,
 standard
pressure
levels and
height
levels

Météo-France
ensemble data
assimilation
system

Mass �ux
scheme based
on Kain and
Fritsch (1993)

Descamps et
al. (2015)

2 NOAA’s Global Forecast System
(FV3-GFS)

Finite
Volume
Cubed
Sphere
(~13km)

 

91, Hybrid
sigma
pressure 

Hybrid
4DEnVar/GSI

Simpli�ed
Arakawa
Schubert

Chen et al.
(2019)

-1974

3 ECMWF-Integrated forecast system
(IFS)

Spectral
(~9km)

137, Hybrid
Sigma-
pressure

4D-VAR Tiedtke( 1989)
mass-�ux
convective
parametrization 

Johnson et
al. (2019)

4 U.K. Met O�ce Deterministic
Global Model

Grid point
(~10 km)

70, Hybrid
sigma
pressure    
(lid ~80
km)

4D-VAR  Mass �ux
convection
scheme based
on Gregory and
Rowntree (1990)

Walters et al.
(2017)

5 Canada’s regional Deterministic
reforecast system

Grid point
(~10 km)

80, Hybrid
Sigma-
pressure

 

4D-EnVar system Kain-
Fritsch(1993)

Gasset et al.
(2021)

6 Japan Meteorological Agency
(JMA) global ensemble prediction
system

Spectral
(~27 km)

128,
 stretched
sigma
pressure
hybrid
levels (0.01
hPa)

 

Global analysis
with ensemble
perturbations

Prognostic
Arakawa-
Schubert
cumulus
parameterization

Tokuhiro et
al. (2018)

7 Australian Community Climate and
Earth-System Simulator (ACCESS)
tropical cyclone (TC) model

 Grid point
 (~12km)

50,  Hybrid
Sigma-
pressure

4D-VAR Modi�ed mass
�ux scheme
based on
Gregory and
Rowntree (1990)

Davidson et
al.(2014)

8 Hurricane Multi-scale Ocean-
coupled Non- hydrostatic
mesoscale  model

Nested
Grid point
(18-6-
2km)

61, Hybrid
Sigma-
pressure

GFS Initial
condition/Boundary
conditions + GSI 

Simpli�ed
Arakawa
Schubert 

Tallapragada
et al. (2014)

9 India Meteorological Department’s
operational HWRF ocean coupled
model

Nested
Grid point,
(18-6-2
Km)

 

61, Hybrid
levels
(Sigma to
pressure at
150 hPa)

HDAS Scale-aware    
Simpli�ed    
Arakawa-
Schubert
 scheme

Das et al.
(2021)

(GSI+3DVAR)

10

 

 

Chinese Global/Regional
Assimilation and Prediction
System (GRAPES)_GFS

0.25o x
0.25o

horizontal
resolution

60, Sigma
vertical
levels

3DVAR New Simpli�ed
Arakawa-
Schubert (NSAS)
shallow and
deep convection
scheme 

Ma et al.
(2018)
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Table-1: Details of major NWP cyclone prediction models currently operational at various countries.
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Category Author (year) Journal Country

Modeling of genesis, track and storm surge of TCs (37.25%) Kuroda et al.,
(2010)

Journal of the Meteorological
Society of Japan

Japan

 Rhome and
Raman (2006)

Indian Journal of Geo-Marine
Sciences (IJMS)

USA

Ashrit et al.,
(2021)

MAUSAM India

Chen et al., (2021) Frontiers of Earth Science China

Dong et al., (2020) Atmosphere USA

Hazelton et al.,
(2021)

Weather and Forecasting USA

Lerouxet al.,
(2013)

Journal of the atmospheric
sciences

France

Lerouxet al.,
(2016)

Monthly Weather Review France

Lian-Shou (2012) JOURNAL OF TROPICAL
METEOROLOGY

China

Liu et al., (2017) Advances in Atmospheric
Sciences

USA

Miller et al.,
(2015)

Journal of the Atmospheric
Sciences

USA

Rappin et al.,
(2011)

Journal of the Atmospheric
Sciences

Florida

Berrios (2020) Journal of the Atmospheric
Sciences

USA

Shieh et al.,
(2013)

Weather and forecasting Hawaii

Short and Petch
(2018)

Weather and Forecasting UK

Singh et al.,
(2021)

Atmospheric Research India

Subrahamanyam
et al., (2019)

Natural Hazards India

Torn and DeMaria
et al., (2021)

Atmosphere USA

Zhu et al., (2019) Frontiers of Earth Science China

Improvement in prediction of cyclone intensity (7.84%) Knaff et al.,
(2020)

Weather and Forecasting USA

Tam et al., (2021)  Meteorological Applications Hong
Kong

Hazelton et al.,
(2020)

Monthly Weather Review USA

Nystrom et al.,
(2021)

Monthly Weather Review USA

Techniques utilizing Arti�cial Neural Network (ANN)(9.8%) Chan et al., (2021) Meteorological Applications China

Chen et al., (2020) Atmosphere China

Cloud et al.,
(2019)

Weather and Forecasting USA

Schaffer et al.,
(2020)

Monthly Weather Review USA
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Xu et al., (2021) Weather and Forecasting USA

Impact of Data assimilation on TC track and intensity prediction
(19.60%) 

Chang et al.,
(2020)

Journal of the Atmospheric
Sciences

Taiwan

Feng and Wang
(2019)

Monthly Weather Review Japan

Fox and Judt
(2018)

Weather and Forecasting USA

Lu et al., (2019) Monthly Weather Review USA

Minamide et al.,
(2020)

Journal of the Atmospheric
Sciences

USA

Mueller et al.,
(2021)

Monthly Weather Review Colorado

Nystrom et al.,
(2019)

Monthly Weather Review USA

Sawada et al.,
(2019)

Monthly Weather Review Japan

Taylor et al.,
(2021)

Journal of Advances in
Modeling Earth Systems

Japan

Wu et al., (2014) Monthly Weather Review USA

TC rainfall and structure (9.8%) Ray et al., (2022) Meteorology and Atmospheric
Physics

India

Kaplan et al.,
(2015)

Weather and Forecasting USA

Kotal et al., (2021) MAUSAM India

Ren et al., (2018) Weather and Forecasting China

Shimada et al.,
(2018)

Weather and Forecasting Japan

Impact of planetary boundary layer/convection/dynamics scheme
on TC track and Intensity prediction(11.76%)

Chen et al., (2019) Geophysical Research Letters USA

Veleva et al.,
(2021)

Atmosphere USA

Jin et al., (2014) Monthly Weather Review USA

Kalina et al.,
(2021)

Atmosphere USA

Singh et al.,
(2017)

Journal of Atmospheric and
Solar-Terrestrial Physics

India

Zhang et al.,
(2019)

Monthly Weather Review USA

Tropical cyclone disaster management (3.92%) Hoque et al.,
(2017)

Ocean & Coastal Management Australia

Hoque et al.,
(2017)

International Journal of
Disaster Risk Reduction

Australia

Table-2: Details of a total 51 articles selected for review.

Figures

Figure 1
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Annual count of total number of cyclones having maximum sustained wind intensity ≥ 35 knots for world’s seven cyclone forming basins
using  (a) International Best Track Archive for Climate Stewardship (IBTrACS)-World Meteorological Organization (WMO) and (b) National
Hurricane Centre (NHC)+Joint typhoon warning centre (JTWC) observations respectively (Used with permission from Schreck III et al.
(2014) © American Meteorological Society).

Figure 2

Geographical locations of world’s seven tropical cyclone formation basins.

Figure 3

An illustration of the variables that in�uence the structure and intensity of a tropical cyclone (ET: Extratropical transition, VRW: Vortex
Rossby waves, S & I: Structure and Intensity, Figure re-plotted and adapted with permission from Lian Shou 2012).

Figure 4

Snapshot of various cyclone track and intensity prediction techniques, Figure used with permission from Roy et al. 2012 © Atmospheric
research journal).

Figure 5

Detailed Flow-diagram showing the detailed methodology of literature selection.

Figure 6

Depiction of three Fields Plot (i.e. Source, Author and Author’s keywords) showing an interrelation between them.
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Figure 7

Author’s keyword dendrogram throughout the 51 retrieved articles.

Figure 8

Author’s keywords co-occurrence network on tropical cyclones found in the present study.


