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ABSTRACT 

An enhanced understanding of Tropical Cyclones (TCs) in the Bay of Bengal (BoB) 

and their impact on coastal processes due to storm surge, wind waves, and coastal 

inundation is crucial for protecting densely populated areas. These events cause 

significant damage. An enhanced understanding of TCs and their nearshore impacts is 

vital for improving forecast accuracy, disaster preparedness, developing resilient 

coastal defences, and effective planning. This understanding also supports mitigating 

socio-economic and environmental impacts by fostering sustainable management 

strategies and promoting ecosystem conservation. 

The present study examines the storm surge through numerical and statistical 

modeling approaches. Storm-driven waves, coastal inundation, and changes in 

nearshore bed morphology are analyzed using a coupled hydrodynamic-wave-

morphodynamic modeling framework. The main motivation of the study is to enhance 

predictive capabilities using both statistical and numerical modeling approaches with a 

simplified methodology by thoroughly understanding cyclones and their impact on 

coastal dynamics. 

 For the numerical modeling approach, the study employs hydrodynamic models 

(ADCIRC and TELEMAC-2D), wave models (SWAN and TOMAWAC), and the 

morphodynamic model (GAIA) to investigate the nearshore impacts on water levels, 

wind waves, inundation, and morphodynamic bed evolution caused by the storms in the 

BoB. Since the cyclonic wind is the primary force for predicting surges and inundations, 

a better representation of TC wind fields is vital. Therefore, it focuses on improving the 

cyclonic wind field hindcast for the BoB. It proposes an enhanced blended wind field 

approach in which the five parametric wind models [Jelesnianski, Rankine vortex, 

Willoughby, Holland, and Generalized Asymmetric Holland (GAHM)] are assessed. 

Two global wind datasets from the European Centre for Medium-Range Weather 

Forecasts (ECMWF) Reanalysis and Weather Research Forecast (WRF) model are 

considered as background wind fields to drive the coupled ADCIRC+SWAN model. A 

blending approach smoothly superimposes the parametric and background wind fields. 

Further, the sensitivity analysis is performed on the predicted storm surges, wind waves, 
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and coastal inundation due to different cyclone wind models. A blended wind model 

based on GAHM and WRF is found to better simulate the background wind field with 

the internal structure of the cyclone in the BoB region. 

 Further, it is noted that studying nearshore morphological bed evolution due to 

cyclones is important as it impacts coastal stability, sediment transport, and erosion. 

The understanding aids in effective coastal management and disaster mitigation. 

Therefore, the present study adopts a coupled hydrodynamic (TELEMAC-2D) -wave 

(TOMAWAC) -morphodynamic (GAIA) model to investigate morphodynamic 

changes during storm surges. Here, the TELEMAC model is considered over the 

ADCIRC model because it includes a built-in morphodynamic module within the 

TELEMAC system. It introduces a modified parametric wind model to enhance wind 

field representation near and far from the cyclone center. This model is simpler and 

computationally efficient compared to the previously used blended wind field 

(GAHM+WRF). The simulated storm surges and wind waves are validated with in-situ 

observations during TC Hudhud (2014) and TC Varadah (2016), and the simulated 

morphodynamic bed evolution is validated with field measurements made after the 

landfall of TC Nivar (2020). Further, the performance of different bed load transport 

formulations is evaluated to predict morphodynamic bed evolution during TC Nivar 

(2020) under storm-induced currents and waves. It is found that the Engelund-Hansen 

model is most effective for only current-induced bed evolution, while the Bijker model 

excels for combined current and waves along the open coast of BoB. Incorporating the 

effect of waves along with current has enhanced the predictive capability of the coupled 

model framework. 

  The statistical modeling approach introduces a novel Tropical Cyclone Surge 

Potential Index (TCSPI) to estimate potential peak surge levels from tropical cyclones 

near landfall points along the entire BoB coastline. Statistical models are generally 

considered for predicting storm surges as they offer more computationally efficient 

estimates than numerical models. The proposed TCSPI incorporates atmospheric 

parameters that are often readily available in real-time for BoB along with bathymetry 

information. The inclusion of approach angle information leads to improvements in the 

TCSPI over other existing surge indices. Further, it utilizes renowned regression-based 

supervised machine learning (ML) models on small data samples to rapidly predict peak 
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surge height across an extensive coastal region of BoB using the same atmospheric 

characteristics and bathymetry information that are considered in the TCSPI at the 

landfall time frame. Peak surge values for historical TC events in the BoB, derived from 

TCSPI, ADCIRC, and ML models, are compared with observations. The errors 

associated with TCSPI are comparatively lower when the dataset sample size is smaller. 

The consideration of approach angle information in the TCSPI improves the accuracy 

of the overall prediction of peak surge height associated with historical TCs by up to 

17% and 19% for observed and ADCIRC-simulated peak surges, respectively. 

 Further, using the TCSPI model, a surge hazard map is being created for the 

eastern coast of India for effective long-term planning along the coastal districts that 

necessitate accurate estimates of peak surge heights associated with cyclones. 

Traditional methods for developing surge hazard maps rely on complex, fully physics-

based numerical models requiring synthetic cyclone tracks, making the process intricate 

and time-consuming. Using historical data from the IMD (1982–2022), return periods 

are being determined based on cyclone wind speeds at landfall for each Indian coastal 

state. Additionally, climate change projections from the IPCC are being considered. A 

simple and computationally efficient methodology is being developed to estimate peak 

surge heights and then used to create surge hazard maps. Peak surge heights for various 

return periods are being estimated along the coastal districts of the Indian east coast. 

For a 100-year return period, it is observed that about a 10 m maximum surge occurs 

along the northern BoB, and 19 out of 30 coastal districts show high vulnerability to 

storm surges, with peak surges increasing by 10% to 18% due to climate change. 

 

Keywords: Storm Surge, ADCIRC, Wind wave, Inundation, Parametric wind model, 

Global wind model, Blended wind field. TELEMAC-2D, Wind Waves, 

Morphodynamic Bed Evolution, Tropical Cyclone Surge Potential Index, Machine 

Learning, Surge Hazard Map. 
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CHAPTER 1 

INTRODUCTION 

1.1 STORM SURGES IN THE BAY OF BENGAL 

The term "storm surge" denotes an unusual increase in water level triggered by tropical 

cyclones (TCs) and is highly energetic, causing devastating damage along coastal 

locations such as coastal flooding, salinization, damage of coastal infrastructure and 

loss of lives. Therefore, predicting storm surges is essential to avoiding the massive 

destruction of coastal habitats, ecosystems and economic losses. The Bay of Bengal 

(BoB) is one of the most cyclone-prone regions in the world, with TCs often leading to 

devastating storm surges that pose significant hazards to coastal communities. It is 

noted that BoB experiences TCs five times more than the Arabian Sea in the North 

Indian Ocean (NIO) (Sahoo and Bhaskaran, 2016).  

BoB is semi-enclosed in nature, and its funnel-shaped conjunction will steer the 

direction of the storm approaching the land. India boasts a coastline measuring 

approximately 11,098 km, with 9,845 km bordering the mainland and, specifically, 

5,490 km constituting the extent along the coastal regions of the eastern Indian seaboard 

(MHA, 2024). The maximum depth in the deep waters of the BoB reaches 

approximately 4,694 meters (15,400 feet). This depth is found in the Sunda Trench, 

which lies to the southeast of the BoB, extending towards the Andaman and Nicobar 

Islands and continuing to the west of Indonesia (as shown in Fig. 1.1). The different 

coastal states of the eastern Indian coastline experience cyclones of different return 

periods. Major river systems, such as the Mahanadi River in Odisha, the Krishna and 

Godavari in Andhra Pradesh, and the Hooghly in West Bengal, increase the 

susceptibility of the coastal areas in concern to sea level rise and the resulting 

inundation caused by the storm surges. According to the 2011 census, there are 250 

million people living in all of the coastal districts along the Indian coast, constituting 

approximately 20% of the Indian population (Dhiman et al., 2016). For the coastal 

authorities judicial planning, preparedness, and relief procedures, understanding the 
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quantitative risk analysis in terms of the depth and horizontal extent of the floods caused 

by the surges is essential. The historical data signifies that the TCs move mostly in the 

northwest direction in the BoB (Priya et al., 2022; Bell et al., 2020), Along Indian east 

coast, the continental shelf width varies sigficantly, which affects the storm surges 

propagation. Ocean heat content, sea surface temperature, Coriolis force, eddy 

dispersion in the open ocean, troposphere vorticity, relative humidity, vertical wind 

shear, and upper ocean stratification are some of the variables that affect the formation 

of cyclones in the tropical regions (Girishkumar and Ravichandran, 2012; Tory et al., 

2013; Mandal et al., 2018; Priya et al., 2022). According to reports, the deadliest 

cyclones in history, with the greatest destruction and fatalities, happened along the BoB 

coast (Dube et al., 1997).  The 1737 cyclone, the 1970 Bhola Cyclone, and the 1999 

Odisha Cyclone were the deadliest TCs over the NIO region, affecting nearly 300,000 

casualties (Dube et al., 2008). More people died as a result of these storms than from 

the 2004 Indian Ocean tsunami, which affected nearly 2,28,000 casualties (United 

States Geological Survey, 2008). The extent of casualties affected by TCs has 

drastically lowered due to improved emergency management practices (Needham et al., 

2015). However, the massive loss of property due to TCs is still a challenge that needs 

to be addressed. For example, the recent Extremely Severe Cyclone (ESCS) Hudhud 

(2014) and Super-Cyclone (SuCS) Amphan (2020) were the most expensive TC over 

the BoB region, causing a loss of more than USD 20 billion (State of the World Climate 

2020).  



3 

 

 

Fig 1. 1. The entire BoB domain's bathymetry depth (in meters) is indicated by the 

colour bar, obtained from the General Bathymetric Chart of the Oceans (GEBCO). 

Implementing innovative early warning systems for public awareness reduced 

fatalities to less than 200 (Zhao et al., 2019; Mishra et al., 2020; Khan et al., 2021). 

Around 40% of the world's population lives in low-lying cities within a range of 

hundred kilometers from the coastline (Martinez et al., 2011), making coastal stretches 

more vulnerable to extreme weather events. Due to mankind's actions, the earth's 

temperature is rising, the accurate and timely forecasts and warnings accompanying 

storm surges and associated coastal parameters are paramount to mitigating the threats 

to assets and lives caused by these storms along the coasts. 

Along the coastal areas, storm winds, storm surges, and coastal flooding are 

mostly responsible for property damage and fatalities. Therefore, it is necessary to 

comprehend the risk elements responsible for extreme storm winds and associated 

storm surges. Accurate prediction and mapping of these surges are important for 

efficient mitigation and management of disasters. Modeling storm surges is crucial 

because it enables better forecasting, risk assessment, and decision-making for coastal 
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communities, helping to mitigate the devastating impacts of these natural disasters. 

Storm surge modeling typically involves two main approaches: numerical modeling 

and statistical modeling. Statistical modeling uses historical data and statistical 

techniques to identify patterns and predict future surges based on past events. Its 

advantages include simplicity, faster computation, and the ability to provide quick 

estimates with limited data. However, it is less accurate for predicting extreme events 

outside the range of observed data and struggles to capture complex, dynamic 

interactions in storm systems. On the other hand, numerical modeling relies on 

mathematical equations to simulate the physical processes governing storm surges, such 

as wind, pressure, and ocean dynamics. This approach offers higher accuracy and can 

predict a wide range of scenarios, including unprecedented conditions. However, it 

requires significant computational resources, complex data inputs, and expertise to set 

up and interpret, making it more costly and time-consuming. Machine learning is an 

emerging approach that combines aspects of both statistical and numerical methods, 

offering potential improvements in predictive accuracy and efficiency.  The present 

study addresses various key aspects of storm surge modeling and hazard assessment in 

the BoB, providing a comprehensive approach to improving our understanding and 

prediction capabilities. 

1.2 MODELING OF CYCLONIC WIND FIELD 

The crucial factor influencing the storm surge, wind wave, inundation, and 

morphological bed evolution prediction is the cyclonic wind (Wu et al., 2018, Han et 

al., 2022). Therefore, a better representation of cyclonic wind fields is vital. The 

cyclonic wind field dictates the distribution and intensity of winds around a TC, which 

in turn influences the surface stress exerted on the ocean. This stress generates waves 

and pushes seawater towards the coast, leading to a surge. An accurate wind field model 

captures the complex structure of the cyclone, including variations in wind speed, 

direction, and asymmetry, ensuring that the surge model can realistically simulate the 

resulting surge height and coastal inundation. Without precise modeling of the cyclonic 

wind field, the storm surge predictions could be significantly off, leading to either 

overestimation or underestimation of the hazard, which could impact emergency 

planning and response. Typically, numerical modeling for predicting storm surges 
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employs three broadly categorized types of models: parametric wind models, global or 

background wind models, and blended wind fields. 

1.2.1 Parametric wind models 

Numerous parametric cyclonic wind models have been presented in the past, like 

Jelesnianski (1966), Holland (1980), and Rankine Vortex (Depperman, 1947). A 

limited number of atmospheric input parameters like, pressure drop, maximum 

sustained wind speed, storm size, and the geographic coordinates of the storm center, 

are utilized by these cyclonic parametric wind models to recreate the storm structure 

(Fleming et al., 2007). Parametric models are effective, simple, and inexpensive to 

compute. As a result, they are widely used and serve as an excellent substitute when 

precise determination of the driving parameters is required. Despite their superior 

ability to regenerate the storm strucure, these parametric wind models have the 

drawback of being unable to adequately depict distribution of wind distribution farther 

distance from the cyclone center (Murty et al., 2016, 2020; Liu et al., 2018; Chen et al., 

2019; Hsiao et al., 2020). 

1.2.2 Background wind models 

Background wind models such as MERRA-2 (Modern-Era Retrospective Analysis for 

Research and Applications, Version 2) from NASA (National Aeronautics and Space 

Administration) and ERA5 (ECMWF Reanalysis 5th Generation) from ECMWF 

(European Centre for Medium-Range Weather Forecasts) are widely used reanalysis 

datasets. These reanalysis data depict the cyclonic wind fields with better accuracy 

away from the cyclone center. But they are too rough to depict a high-vorticity extreme 

TC wind (Hemer et al., 2010; Jeong et al., 2012), leading to an underestimation of 

maximum wind near the cyclone's center than the actual values (Hodges et al., 2017). 

Incorporating the wind field from the operational WRF model effectively resolves the 

underestimation of wind distribution at larger radial distances from the cyclone eye by 

the parametric models. The consideration wind field derived from WRF model 

improves the precision of wind field forecasts in the outer areas of cyclonic systems 

and provides a more accurate assessment of surge and inundation along extensive 

coastal areas (Kowaleski et al., 2020). However, WRF models cannot be used as a 
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routine operational forecast of cyclonic winds because they are computationally 

expensive to account for mesoscale and synoptic-scale convection processes (Pandey 

and Rao. 2018).  

1.2.3 Blended wind model 

The blended wind field approach is an advanced and accurate presentation of cyclonic 

wind fields (Pan et al., 2016). In this approach, the wind data obtained from the 

parametric model for the region close to the cyclone centre is superimposed with the 

background field derived from the global wind model. The reason for this is that 

parametric models typically give better depiction of wind fields near to the centre of 

the cyclone. In regions far away from the cyclone eye, the wind fields from global 

models are more accurate than those from parametric models. The basic idea behind 

the blended wind field approach is to make use of on each model's advantages (i.e., 

parametric and global wind models) while mitigating their respective limitations.  

1.2.4 Advancements in cyclonic wind field hindcasting 

The Jelesnianski wind formulation was previously used in a several studies to represent 

the storm structure from the available track parameters (Rao et al., 2010, 2013) in the 

NIO basin. However, at a distance away from the storm center, it is underestimated. 

Murty et al., (2016) incorporated a 3/5-power law to the actual Jelesnianski model, 

providing a fairly accurate values of wind values at distances away from the storm 

center. Pandey and Rao. (2018) incorporated the 3/5-power law to the actual 

Jelesnianski wind formulation only away from the radius of the maximum wind region 

(Rmax) keeping the same original Jelesnianski model within the radius of the maximum 

wind region. The incorporation of modifications has shown better accuracy than the 

original formulation in representing cyclone wind profiles for the BoB. The symmetric 

Holland model (H80, Holland 1980) has emerged as the most popular cyclostrophic 

model in a numerous studies pertaining to the cyclones (Wang et al., 2020; Muis et al., 

2016; Bhaskaran et al., 2013, 2014; Mattocks and Forbes, 2008). Jakobsen and Madsen. 

(2004); Das. (2018); Gao et al., (2018) demonstrated the wind speed behaviour of storm 

for different Holland shape parameter B values at the Rmax and away from the eye. 

Willoughby and Rahn. (2004) observed cyclone center region was poorly approximated 
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using H80. Further, it is noticed that the cyclostrophic approximation caused poor 

approximation of storm wind away from the Rmax region. In order to overcome this, the 

Generalized Asymmetric Holland model (GAHM) was introduced (Gao et al., 2018). 

This model considers inclusion of the translation component of a cyclone, eleminating 

the cyclostrophic approximation, the composite wind method, and frictional inflow 

corrections to the existing H80 model. 

Previously, Phadke et al., (2003); Das (2018) compared radial wind profiles of 

Rankine Vortex, Jelesnianski, and Holland wind schemes and found that contrast to the 

Jelesnianski and H80, the rankine vortex model results in a shorter peak and a more 

progressive declination of the wind speed moving away from the center. An experiment 

was conducted by Salcines et al., (2019) to test six widely recognized parametric wind 

models, evaluating the resulting wind and wave fields in the Gulf of Mexico. The 

analysis suggested that while a specific wind model might be the most suitable for 

representing a certain event. However, a particular wind model or a combination of 

parametric wind models cannot assure the same accuracy when considering the large 

number of cyclonic events across any basin. A system was developed by Qi et al., 

(2009) and Torres et al., (2019) using the Northeast Coastal Ocean Forecasting System 

(NECFOS), based on the WRF model. This system combines both forecast and hindcast 

capabilities with synthetic vortices, along the northeastern U.S. coast. When compared 

to conventional parametric wind models, their results demonstrated that the NECFOS-

WRF wind model is more accurate and better at handling uncertainty in replicating the 

internal structure of cyclones as well as the background ambient wind distribution. 

Murty et al., (2020) included the blended wind technique for the BoB region using the 

formulations presented by Pan et al., (2016) and Shao et al., (2018), to provide a 

seamless transition between the background wind field and the parametric model. In 

this study, the ECMWF global wind data considered as the background wind field, 

while the wind fields near the cyclone eye are estimated using the H80 parametric 

model. Chen et al., (2019); Hsiao et al., (2019, 2020, 2021); and Chang et al., (2021) 

experimented with the blended wind field approach to the Pacific Ocean basin, using 

Rankine Vortex and H80 as a parametric model to estimate wind fields near the cyclone 

eye and superimposing with different global reanalysis wind data as background wind 

field. 
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1.3 MORPHODYNAMIC RESPONSES TO THE STORM SURGES 

1.3.1 Significance of studying morphodynamic response during cyclones 

Studying the morphodynamic response of nearshore coastal regions during cyclonic 

events is essential for several critical reasons. Firstly, cyclones generate powerful waves 

and storm surges that can cause significant erosion, reshaping coastlines and altering 

natural habitats. Understanding these changes helps in predicting the impacts on coastal 

infrastructure and ecosystems. Secondly, morphodynamic studies provide insights into 

sediment transport, influencing beach nourishment and coastal stability. This 

knowledge is vital for designing effective coastal defense mechanisms. These studies 

also support the development of accurate models for predicting future changes due to 

climate change. Overall, understanding morphodynamic responses enhances our ability 

to protect coastal communities, infrastructure, and natural resources from the 

devastating effects of cyclonic events. 

1.3.2 Modeling of morphodynamic response during storm surges 

The coupling of hydrodynamic, wave, and morphological models is crucial in 

understanding the complex interactions between hydrodynamics, wind waves, and 

morphodynamics in coastal environments (van Wiechen et al., 2023). This integration 

allows for a more realistic representation of feedback mechanisms, such as the influence 

of waves on currents, as well as the interaction of current and waves on sediment 

movement and vice versa. This integrated modeling approach provides insightful 

information about the evolution of the seabed, aiding in the prediction of 

morphodynamics and evaluation of potential vulnerabilities during storm surges. Such 

simulations are vital for coastal management and disaster preparedness, providing a 

proactive means of mitigating the impacts of storm surges on coastal communities 

(Ribas et al., 2015). Generally, two-dimensional (2D) and three dimensional (3D) are 

commonly used in coastal engineering to simulate both short-term and long-term 

morphodynamic processes. The 3D models are effective in large-scale problems as they 

capture vertical variations in flow, sediment transport, and stratification, providing a 

more detailed representation of physical processes like sediment resuspension, and 

enhancing accuracy in regions with complex bathymetry (Warner et al., 2008). 

However, they are computationally expensive and less practical for large-scale 
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predictions. In contrast, 2D models simplify computations by averaging over depth, 

reducing computational costs while maintaining reasonable accuracy for large domains 

(Sanchez et al., 2016). Therefore, this study focused on exploring morphodynamic 

responses during storms considering a 2D model approach. 

Previously, a few studies have been conducted to investigate morphodynamic 

response using coupled modelling framework. Kury et al., (2014) used a 2D finite 

volume model simulating supercritical coastal flows. This flow model is coupled with 

the wave-action (CMS-Flow) and morphodynamic (Lund-CIRP) model to simulate 

morphological changes caused by storm surges for an idealized coast. Results show that 

the coupled model accurately simulates extreme conditions and morphological changes, 

validated through experimental dam-break tests and severe storm scenarios. 

Considering the impact of vegetation during breaching events, Nienhuis et al., (2021) 

utilized the Delft3D hydrodynamic and morphodynamic model (Deltares, 2014) to 

calibrate the morphology at the barrier. Khazaei et al., (2021) utilized a coupled 

FVCOM based hydrodynamic-wave-morphodynamic model for the Green Bay and 

demonstrated that that how morphodynamics in this region is affected by riverine 

inflow and atmospheric forcing. In order to evaluate the impact of bed friction on 

sediment transport pattern during the storm Ivan (2004) and Katrina (2005), Passeri et 

al., (2018) utilized the Xbeach model. Their findings demonstrated that bed friction 

caused during storm Katrina (2014) affected the coastal morphology more than storm 

Ivan (2004). This is due to significant to rise in water levels caused by the storm Katrina. 

Ma et al., (2024) presented a finite volume-based coupled flow-wave-sediment-

transport model to estimate the sediment movement along the Santa Rosa Island caused 

during the storm Ivan. Their findings demonstrate the accuracy of the model in 

predicting the sediment transport patterns resulting from the storm surge. Han et al., 

(2022) implemented a coupled Delft3D and Xbeach to investigate the storm surge 

hydrodynamical process and the morphological response of the beach to the TC Ampil 

(2018) along the Shanghai coast region of eastern China. Results show that the wind-

induced surge was the main contributor to the total storm surge, with beach foreshore 

sand transported offshore by the storm and returned onshore by mild waves during 

recovery. 
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To the author’s best of knowledge, three studies have been conducted to predict 

coastal morphodynamics in the NIO region. Nandhakumar et al., (2022) evaluated the 

performance of five different total sediment transport formulae [i.e., Engelund and 

Hansen, (1967), Ackers and White, (1973), van Rijn (1984a, b), Wu et al., (2000), and 

Yang and Lim (2003)] using hydro-morphodynamic model along the macro tidal 

estuary and a micro-tidal estuary. The result shows that Ackers and White (1973) 

performed better, followed by van Rijn, (1984a, b) and Engelund and Hansen, (1967) 

formulations. The impact of mangrove ecosystems on hydro-morphodynamics in the 

BoB is examined by Fanous et al., (2023). Experimental comparisons with and without 

mangroves based on tidal forcing simulations carried out. Results indicated that 

mangrove ecosystems can successfully lower water levels and flow velocities by ≥97% 

and prevent erosion of sediments when compared to non-mangrove enviornment. Both 

Nandhakumar et al., (2022) and Fanous et al., (2023) analyzed morphological bed 

evolution accounting for long-term tidal influences and did not incorporate the impact 

of wind-induced waves. Rohini et al., (2023) employed an internally coupled 

hydrodynamic-wave-morphodynamic model (Telemac2D+Tomawac+Sisyphe) to 

study the TC event Nivar (2020) and validated their results with field measurements. 

However, this study did not use empirical formulations such as Bijker's (1968), 

Soulsby-van Rijn (Soulsby, 1997), Bailard's (1981), and Dibajnia and Watanabe's 

(1992), which consider the effects of both waves and currents in predicting 

morphodynamic bed evolution. Instead, Rohini et al., (2023) used the Engelund and 

Hansen, (1967) formulation to predict changes in the morphodynamic bed due to storm-

induced currents and the currents influenced by storm-induced waves. It should be 

noted that Engelund and Hansen, (1967) formulation does not consider the effects of 

waves in predicting morphodynamic bed evolution. 

1.4 STATISTICAL MODELING OF STORM SURGE 

1.4.1 Why statistical modeling of storm surge is necessary? 

In the present study, the shift to statistical modeling of storm surge from numerical 

modeling is attributed to following key reasons: 
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• Data Efficiency: Statistical models can utilize historical data more effectively, 

enabling quicker assessments without the extensive computational resources 

required for numerical models. 

• Simplified Analysis: Statistical approaches often provide a more straightforward 

framework for analyzing storm surge trends and relationships, making it easier to 

interpret results for decision-making. 

• Parameter Uncertainty: Numerical models may involve complex parameterizations 

and assumptions, which can introduce uncertainty; statistical models can offer more 

robust estimates by directly relating observed data to surge events. 

• Rapid Prototyping: Statistical models can be developed and updated more quickly 

in response to new data, facilitating timely forecasts and risk assessments. 

• Broad Applicability: Statistical methods can be applied across different regions and 

scenarios without the need for extensive recalibration, providing a versatile tool for 

various contexts. 

• Focus on Extremes: Statistical modeling is particularly proven to be effective for 

estimating the storm surge, aiding in risk management and planning. 

• Integration with Other Data: Statistical approaches can easily incorporate various 

datasets (e.g., sea level rise, climate variables), enabling a more thorough 

comprehension of surge dynamics. 

Statistical modeling of storm surges involves use of statistical techniques to predict 

the magnitude and impact of storm surges. This modeling relies on historical data, 

physical parameters, and regression methods to estimate the likelihood and severity of 

storm surges at different locations. Statistical modeling of storm surges are majorly 

associated with classification of storm surges by analyzing patterns in historical surge 

data, helping to categorize surges based on intensity and frequency. This classification 

improves predictive accuracy for future events, linking specific surge levels with 

potential cyclone categories. By doing so, it enhances preparedness efforts, guiding 

emergency responses according to expected surge severity. 

Classifying cyclone storm surges is essential for assessing potential impacts on 

coastal regions, enabling more accurate risk management and disaster preparedness. 

Different surge classes help predict flooding extents, infrastructure damage, and 
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necessary evacuation measures. This classification aids in designing coastal defenses 

and informing the public based on surge severity. For instances, India Meteorological 

Department (IMD) has classified the low-pressure systems in the NIO. This has been 

used for nearly forty years by the Regional Specialized Meteorological Centre (RSMC) 

in India to categorize TC strength. Similarly, the Saffir–Simpson hurricane scale 

(SSHS) has been used for about fifty years by the National Hurricane Center (NHC, 

NOAA) to classify the TC strengths in the United States of America (Islam et al., 2021). 

However, NHC recently updated that the SSHS doesn’t take other potentially deadly 

hazards like tornadoes, storm surges, or rainfall into account (NHC, NOAA). Countries 

prone to TC, including Japan, Bangladesh, and Australia, also use the classification 

scale provided by the World Meteorological Organisation (WMO) to warn their coastal 

communities, where the WMO category has a linear relationship with evacuation intent 

(JMA, 2022; BMD, 2022; Bureau of Meteorology, 2022). However, these TC hazard-

prone scales (TCHPS) are widely criticized for a poor measure of the destructive 

potential of TCs because they depend only on wind-induced structural damage 

(Needham and Keim, 2011). The destruction potential can be quantified by considering 

deadly hazards such as storm surges, rainfall, and flooding (Rezapour and Baldock, 

2014). These deadly potential hazards do not necessarily scale with the intensity of TCs 

alone (Powell and Reinhold, 2007; Irish et al., 2008; Islam et al., 2021). Present study 

is mainly focused on storm surge hazard potential in the BoB, India. A peculiar aspect 

of the TCHPS is that, unlike the Richter scale (Boore, 1989), the resulting magnitudes 

are quantified. The TCHPS has a range of properties assigned to it (Kantha, 2008). For 

example, Super Cyclone (SuCS) can have maximum sustained wind speeds greater than 

120 knots. This means that a change of just one knot in maximum speed can make shift 

in the category. Thus, a SuCS is downgraded to Extreamly Severe Cyclonic Storm 

(ESCS) once its maximum sustained wind speed decreases from 120 to 119 knots, even 

when the wind speed has not changed much. 

Further, Islam et al., (2021) argue that even during landfall time frames, TCs 

often weaken, though storm surge potential is still increasing or vice versa in the BoB. 

Thus, a lower category TCHPS can affect higher storm surge. For example, Very Severe 

Cyclonic Storm (VSCS), such as Bulbul (2019), highlighted the risk posed by a 

weakening tropical storm. Bulbul approached the northeastern Indian state of West 
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Bengal coast as a Severe Cyclone Storm (SCS) with a maximum sustained wind speed 

of 60 knots before further weakening and making landfall. It generated a maximum 

peak surge height of ~ 2.5 m above astronomical tide, as reported by IMD. Another 

recent example from the same year, Fani (2019), highlighted as the risk posed by a 

strengthening tropical storm that approached the eastern Indian state of Odisha coast as 

an ESCS category storm, with a maximum wind speed of 100 knots. This resulted in a 

~ 1.5 m peak surge above astronomical tide near the landfall location, as reported by 

IMD. In light of the potentially lethal nature of storm surge, there is a clear need for 

methods to characterize the TC surge potential more effectively for the Indian coasts. 

1.4.2 Factors Affecting Storm Surges 

Numerous studies have shown that the extent of surges is influenced significantly by 

several parameters based on numerical surge modeling. Poulose et al., (2018) 

conducted numerical simulations to investigate the effect of varying width of 

continental shelf on storm surges. The results showed that along the idealised west coast 

of India, storm surge increased by roughly 12 cm for every 10 km increase in shelf 

width. Storm surge responses and their sensitivity to various storm parameters such as 

cyclone intensity, bathymetry, translational speed, and approach angle with respect to 

the coast were investigated by Weisberg and Zheng (2006) in the Tampa Bay of Florida. 

The results concluded that storm surge is sensitive to the all the parameters considered 

in the investigation. Irish et al., (2008) evaluated the effect of storm size on peak surge 

heights for various bottom slopes for the Gulf of Mexico using numerical model 

simulations. The research indicates that in shallow coastal areas, storm surges become 

more pronounced and intensify as the size of hurricanes increases. A similar analysis 

along the eastern North Carolina coast was previously reported by Peng et al., (2004). 

In order to understand the effect of hurricane forward speeds on storm surges, Rego and 

Li (2009) carried out a numerical modelling experiment of storm surges along the 

Louisiana coast. The results show that increasing the translational speed of the storm 

increases peak surge heights and decreases the flood volume. A similar conclusion was 

also previously reported by Jelesnianski, (1966) concerning the effect of translational 

speed on storm surges. The study by Sebastian and Behera, (2022) examines how both 

gradual and rapid cyclone intensification influence peak water levels and current, with 

a focus on identifying vulnerable areas along the east coast of India using numerical 
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model. Research finding indicates that for rapidly intensifying cyclones over the 

continental shelf, the intensification period led to an approximate 10–18% rise in peak 

water levels, while gradually intensifying cyclones had a negligible effect. The 

previously mentioned simulation studies based on numerical models highlighted the 

limitation of relying solely on wind speed as the key factor affecting the storm surges. 

 Several studies also found that other factors including coastal geometry and TC 

approach angle are affecting storm surges (Jelesnianski, 1966; Flierl and Robinson, 

1972; Mercer et al., 2002; Weisberg and Zheng, 2006; Irish et al., 2008; Zhang, 2012; 

Sahoo and Bhaskaran. 2017; Zhang and Li. 2019). Pandey and Rao. (2019) carried out 

a numerical experiment to investigate the effect of the storm track approach angle on 

the storm surges considering actual and idealized bathymetry with a straight coastline 

and uniform shelf width. The simulations for idealized bathymetry show that the 

maximum storm surge increases by about 15% for tracks land falling 60o–90o than the 

tracks land falling 10o–60o, while it decreases by about 13% from 90o–170o. The 

simulation for actual bathymetry along the east coast of India shows maximum surge 

occurs at 90o, while the least occurs at 20o and 160o, respectively. Sebastian et al., 

(2019) conducted a numerical experiment to understand how variations in the approach 

angle influence the interaction between tide and surge along Chennai's narrow 

continental shelf and concave coastal shape during TC Thane. The findings indicate 

that at the landfall location, the highest surge height occurs with an approach angle of 

75°, followed by 105°, and is lowest at an angle of 45°. However, these studies examine 

the effect of approach angle on storm surges at specific landfall locations along the west 

coast of BoB.  

1.4.3 Evolution Of Surge Indices 

In the early 20th century, storm surges were estimated with the help of a simple 

empirical method developed based on field observations (Proudman, 1954; Reid, 1956; 

Conner et al., 1957; Harris, 1959). SSHS (Table 1.1) was developed in 1969. NHC uses 

this scale to indicate the expected range of storm surges caused by the intensity of the 

storm until 2019 (NHC, NOAA). However, this scale has led misunderstanding among 

coastal communities regarding potential storm surges. Thus, several studies (Kantha, 

2006; Powell and Reinhold, 2007; Kantha, 2008; Irish et al., 2008; Hebert et al., 2008; 
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Rezapour and Baldock, 2014; Islam et al., 2021) have criticized SSHS as an 

inappropriate measure of storm surge along the coasts.  

Table 1.1. Saffir-Simpson Hurricane Scale 

Saffir–Simpson 

category 

Max 1-min sustained wind speed Storm 

surge 
(m) 

Knots kmph ms-1 

Category 1 64–82 119–153 33–42 1.2–1.5 

Category 2 83–95 154–177 43–49 1.8–2.4 

Category 3 96–112 178–208 50–58 2.7–3.7 

Category 4 113–136 209–251 59–70 4.0–5.5 

Category 5 ≥137 ≥252 ≥71 >5.5 

 

Kantha (2006) was one of the first who criticized the SSHS and asserted that 

SSHS does not take into account storm size, which is an essential determinant of 

cyclone hazards, and proposed the Hurricane Surge Index (HSI) based on best track 

parameters which include TC intensity ( ௠ܸ௔௫) and radius of hurricane-force wind (R) 

within which the wind speed exceeds 34 knots (17.5 ms-1) at landfall time from the Joint 

Typhoon Warning Center (JTWC). 

ܫܵܪ =  ( ௠ܸ௔௫௠ܸ௔௫0)2 ( ܴܴ0) (1.1) 

where the subscript 0 refers to climatological reference constants. In this study ௠ܸ௔௫0 

is 33 ms-1, and, ܴ0 is 96.6 km. The wind effect is inversely proportional to the water 

depth. As a consequence, in shallow waters, wind stress is often dominant over the 

inverse barometer effect (Bertin, 2014). HSI has a quadratic dependence on ௠ܸ௔௫ the 

input of wind stress at the water's surface is directly related to ௠ܸ௔௫2. The linear 

dependence of HSI on the storm radius is due to the strong size dependence on mild 

slopes where the wind stress-driven surge is dominant along the roughly linear strip of 

the coastline (Irish et al., 2008; Nielsen et al., 2009; Islam et al., 2021). 

 Based on numerical simulation results, Irish et al., (2008) presented an empirical 

relation between peak surge, storm intensity, storm size and bottom slope. However, 
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Irish et al., (2008) clearly recommended to not use their empirical relation as a surge 

model. The proposed empirical relation was just meant to show the dependence of 

surges on different atmospheric variables. 

 Powell and Reinhold. (2007) proposed a scale based on the integrated kinetic 

energy (IKETS) of storm wind greater than the tropical storm force (18 ms-1, Category 

1, SSHS) for mapping surge damage potential (SDP) along the US coast as: 

ܵ஽௉ =  0.676 + ௌ்ܧܭܫ√0.43 − ௌ்ܧܭܫ√)0.0176 − 6.5)2 
ௌ்ܧܭܫ (1.2) = ∫ ߩ12 ௠ܸ௔௫2ܸ݀⬚

௩  

where ߩ = 1.25 kg/m3 density of air, (ܸ݀) is storm domain volume.  

Das et al., (2009) developed a regression and data-based Storm Surge Forecasting 

Tool (SSFT) to predict storm surge height in Coastal Mississippi based on the weighted 

storm similarity index (WSSI). This index is defined by TC track position, pressure 

drop, storm size along with storm forward speed from and compared it with an existing 

synthetic TC database. ܹܵܵܫ = ௅ிܪܽ) + ௖௣ܪܾ + ோ௠௔௫ܪܿ +  ோ௄ (1.3)்ܪ(ிௌܪ݀

 

where ܪ௅ி is landfall similarity, ܪ௖௣ is central pressure deficit similarity, ܪோ௠௔௫ is 

storm similarity, ܪிௌ is storm forwarding speed, and similarity, ்ܪோ௄ is storm track 

similarity. Here a, b, c, and d are weighting factors whose summation is one.  

 Irish and Resio, (2010) constructed an improved dimensionless and continuous 

surge scale (SS) index based on the systematic study of the storm surge phenomenon 

using numerical models along the US coasts. ܵܵ = ܲ߂  ௫ߖ∗ℎ∗ܮ ௧ߖ(∗ܮܴ) (  (1.4) (ߠ)ఏߖ(∞ݐ∗ݐ

where ܮ∗, and ℎ∗are the characteristics of shelf width and depth, respectively, and ܲ߂, 

R, ݐ ,ߠ∗ and ݐ∞ are storm pressure deficit (Mb), storm size, approach angle, storm 

duration, and time scale for equilibrium surge, respectively. ߖ௫, ߖ௧, and ߖఏ are the 

linear dimensionless empirical functions to describe the relative influence of storm size, 
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duration, and approach angle respectively. However, Irish and Resio, (2010) simplified 

the equation by ignoring the dependence of the approach angle and time dependence in 

Eqn. (1.4), assuming their impact is insignificant on storm surges (Rezapour and 

Baldock, 2014). Thus, the final form of the equation is given as: 

ܵܵ = ௫ߖ30ܮܲ߂ܽ  (1.5) (30ܮܴ)

where, ܽ = 0.000243. The study found the horizontal distance (km) between the 

shoreline and the 30 m depth contour (30ܮ) for the width characteristics (ܮ∗) is quite 

reasonable. Also, the studies (Irish and Resio. 2010; Chavas et al., 2013) suggested 

characteristic width scale (30ܮ) considered to be an optimal scale for the generation of 

storm surges. Although SS demostrates enhancement over the earlier indices (SSHS, 

HSI, and ܵ஽௉) for estimating surge potential, Kantha, (2010) argued that the use of ܲ߂ 

does not characterize landfalling storms. Furthermore, it is suggested to take into 

account of the forward speed (S) of the TCs in Eqn. (1.5), as the temporal response of 

TCs is influenced by the ratio between the storm's residence time scale and the shelf's 

response time scale. Hence, Kantha, (2010), (2013) proposed Storm Surge Index (SSI) 

by incorporating modifications to Eqn. (1.4) in which ܲ߂ term was replaced by ௠ܸ௔௫ 

and introduced TC forward speed information. Further, dimensionless functions ߖ௫, 

and ߖ௧ in the exponential form, replacing the previously used linear form was 

introduced. 

ܫܵܵ =  ( ௠ܸ௔௫௠ܸ௔௫0)2 ∗ܮ30ܮ) ௫ߖ( ௧ߖ(30ܮܴ) (ܴ ௠ܸ௔௫30ܵܮ ) (1.6) 

here the term S is the forward speed (in ms-1) of the cyclone, ߖ௫(ݔ) = 1-e-3x and ߖ௧(ݐ) 
= 1-e-0.04t. The linear dependence of TC forward speed on surge index is due to increase 

in the forward speed of TC causes an increase in storm surge along the open coast since 

TC forward speed tends to coincide with the long-wave propagation speed of the water 

(Thomas et al., 2019).  Further, Rezapour and Baldock. (2014) estimated the rank of 

hurricane severity based on damage and death toll after hurricane landfall along the US 

coast based on the meteorological aspects of hurricanes. Thus, the proposed Tropical 

Cyclone Surge Index (TCSI) is given as follows: 
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ܫܵܥܶ =  ( ௠ܸ௔௫௠ܸ௔௫0)2 (  (1.7) (340ܣ34ܣ

where 34ܣ is the area of surface wind speed greater than 34-knot, and the reference 

value 340ܣ is the average of 34ܣ value of selected storms from the NOAA Real-time 

Hurricane Wind Analysis System (H*Wind; Powell et al., 1998) database. Further, 

Islam et al., (2021) proposed a storm surge hazard potential index (SSHPI) and 

estimated peak surge hazard potential for the Japan coast using Japan Meteorological 

Agency (JMA) TC track data by incorporating modifications to the earlier existing 

Eqns. (1.1), (1.5), and (1.6), given as: 

ܫܲܪܵܵ = ( ௠ܸ௔௫௠ܸ௔௫0)2 ( ܴ50ܴ500) ( ܵܵ0)௔ ∗ܮ30ܮ) ) (1.8) 

where ܴ50 is a measure of radius to 50-knot (26 m/s) winds, a is the characteristic 

coastal geometry: for open coast, a = 1, and for semi-enclosed bay, a = − 1, and the 

reference constants ௠ܸ௔௫0, ܴ500, ܵ0, and ܮ∗ are defined as 25.72 ms-1, 175 km, 9.72 ms-

1, and 40 km respectively. 

 Ormondt et al., (2021) presented a new semi-empirical storm surge prediction 

(SESSP) method which estimates storm surge along open coasts as a function of space 

and time based on the results of hydrodynamic model simulations. The proposed SESSP 

is an improvement to the follow-up study by Irish et al., (2008). The simulations were 

considered over an idealized bathymetry and coast using thousands of synthetic tracks. 

These synthetically generated tracks are based on varying bathymetry and track 

parameters, including approach angle. The SESSP method can predict the storm surges 

at landfall with an associated margin of error ranging from 30 to 35 cm with the model 

simulation results. However, the present study chooses to build upon the work by Islam 

et al., (2021) rather than Ormondt et al., (2021) because the scope of our study is 

focused on predicting peak surge height nearest to the landfall frame (location and time) 

since a peak storm surge height at landfall location leads to more extensive coastal 

flooding and increased damage to coastal structures. This aligns with the scope of 

previous studies by Kantha, (2008), (2010), (2013); and Irish and Resio, (2010). 

Further, the results show that SSHPI, considering actual bathymetry and coastline 

relying on limited historical parameters, demonstrates better accuracy than SESSP in 
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predicting peak surge height. In spite, SESSP relies on numerous synthetic track 

simulations from idealized hydrodynamic model setups resulting in associated 

comparatively higher errors than SSHPI. Moreover, developing an index that is based 

on the results of hydrodynamic simulations does not promise its reliability in predicting 

peak surge height during real-time cyclone events. Because a hydrodynamic model 

inherently proved to have some error with the observation, especially when considering 

a large number of cyclone events (Salcines et al., 2019). This can possibly compound 

SESSP's observation-based errors even more 

1.4.4. Machine Learning Models 

In addition to numerical modeling, data-driven Machine Learning (ML) modeling with 

synthetic storm simulation databases has gained increased attention in the last decade 

since it has the advantage of drastically reducing computational time and improving 

accuracy as compared to high-fidelity numerical models based on physics (Irish et al., 

2009; Taflanidis et al., 2013a, b; Cialone et al., 2015; Hashmi et al., 2016; Jia et al., 

2016; Kyprioti et al., 2021; Lee et al., 2021; Ayyad et al., 2022; Chao et al., 2022). ML 

models are, without complex theory, often used to build surrogate models for various 

applications. Along the BoB region, specifically for the Odisha coast, Sahoo and 

Bhaskaran, (2019a, b) incorporated Artificial Neural Networks (ANN), Genetic 

Algorithm (GA), and Genetic Programming (GP) to predict storm surge and inundation 

for the different landfall location considering about 200 synthetic track datasets consists 

of track intensity, location, direction, and translation speed as an input variable for 

training the models. A statistical-based index model is grounded in traditional statistical 

methods with explicit, often simpler relationships between variables, while a machine 

learning model leverages data-driven learning to identify complex patterns and make 

predictions with greater flexibility and complexity. Data-driven ML modeling with 

synthetic storm simulation databases has gained increased attention in the last decade 

since it has the advantage of drastically reducing computational time and improving 

accuracy as compared to high-fidelity numerical models based on physics (Irish et al., 

2009; Taflanidis et al., 2013a, b; Cialone et al., 2015; Hashmi et al., 2016; Jia et al., 

2016; Kyprioti et al., 2021; Lee et al., 2021; Ayyad et al., 2022; Chao et al., 2022).  
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1.5. STORM SURGE HAZARD MAP 

1.5.1. What is storm surge hazard map? 

Storm surge hazard maps are visual tools that depict areas at risk of flooding due to 

storm surges. These maps are created using data from past/future storm events based 

on hydrodynamic simulations. They highlight zones with varying levels of risk, often 

indicating potential flood depths and the extent of land that could be affected. The 

primary purpose of storm surge hazard maps is to inform emergency planning, guide 

development away from high-risk areas, and help communities prepare for potential 

evacuations. These maps are essential for reducing loss of life, minimizing property 

damage, and enhancing the overall resilience of coastal areas against storm surges. 

1.5.2. Why storm surge maps are required? 

According to reports, as sea surface temperatures have risen in recent decades, and 

hence the strength of TCs (Niyas et al., 2009; Singh et al., 2000; IPCC, 2007; 2013a, 

2013b; Parth Sarthi et al., 2015, Vyshnavi et al., 2023), It will only make future coastal 

floods worse. Analysing the historical data of TCs in the BoB is the most effective 

method for tackling this issue. It offers an opportunity to comprehend how their paths, 

intensities, and landfall locations behave, as well as a probable method of assessing the 

cyclone hazard (Nadimpalli et al., 2021). A reliable warning system requires accurate 

data on storm surges. Therefore, for emergency response plans and improved coastal 

infrastructure development, a realistic assessment of storm surges along the coast is 

essential. Understanding the return period of wind intensity scenarios is crucial for 

assessing the potential impact and frequency of storm surges along vulnerable coastal 

areas. A storm surge hazard map based on return periods provides valuable information 

about the likelihood of extreme wind events, aiding in effective disaster preparedness 

and response planning (Lechtenbörger, 2006). Thus, planning and readiness 

components of coastal management depend on the TC hazard proneness levels. Such a 

map enables authorities to prioritize resource allocation for infrastructure development, 

evacuation plans, and resilient coastal management strategies (Šakić Trogrlić et al., 

2022). Creating a storm surge hazard map aligns with the need for proactive measures 
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to mitigate the impact of TCs, ultimately safeguarding lives and minimizing economic 

losses along the Indian east coastline.  

1.5.3. Advancements in storm surge hazard mapping 

In the literature, to develop the surge hazard map, several studies have adopted fully 

physics-based numerical models to compute the peak surge heights. The use of such 

numerical models requires an effort to generate synthetic tracks. This makes the process 

of creating hazard maps complicated and time-consuming. IMD has published (Kalsi 

et al., 2007), hazard-prone coastal districts along the entire coast of India based on 

PMSS considering the historical frequency and maximum wind strength of TCs data 

collected from 1891 to 2008, based on the simulation results obtained from the storm 

surge model developed by IIT Delhi (Dube et al., 2009). Several studies have used 

synthetically generated tracks to feed the hydrodynamic model to develop storm surge 

hazard maps (Nayak and Bhaskaran, 2014; Sahoo and Bhaskaran, 2016; Rao et al., 

2019, 2020; Sridharan et al., 2022). Synthetic tracks for the BoB region are typically 

generated by shifting historical tracks to the target area (Jain et al., 2010; Rao et al., 

2013) or developed using the inverse distance method (Nayak and Bhaskaran, 2014; 

Sahoo and Bhaskaran, 2016; Sahoo and Bhaskaran, 2018; Rao et al., 2010, 2013; Jain 

et al, 2010). The techniques used are essentially derived from the empirical track model 

presented by Vickery et al, (2000). The corresponding surge values for different return 

periods along the coastal states of the Indian east coast are then estimated using a 

hydrodynamic model. The probable maximum surge levels are determined using fixed 

track characteristics such as ܲ߂ and Vmax obtained through the statistical distribution of 

historical cyclone data for different return periods. However, As the cyclone nears its 

landfall point, Vmax steadily rises to its peak value before declining. These variations in 

Vmax, along with other storm features related to the cyclone track, were not considered 

in the aforementioned research. Moreover, the studies reviewed have utilized the 

highest recorded Vmax values along cyclone tracks from historical data to assess the most 

extreme surge scenarios. When such constant maximum storm features are considered 

in a hydrodynamic simulation, more water will be pushed toward the coast, leading to 

overestimated peak surge values. To overcome this issue, Sridharan et al., (2022) 

proposed a method for calculating the wind intensity for different return periods and 

other storm parameters that varies across the track. The intensity of various return 
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periods is calculated at each eye position using a statistical approach. The findings 

imply enhanced surge values can be obtained by changing track parameters using the 

suggested methods. However, the suggested approach to feed the hydrodynamic model 

to generate a surge hazard map is complex and highly time-consuming. Moreover, the 

storm surge hazard map was produced by Sridharan et al., (2022) only for the small 

stretch along the northern portion of Tamil Nadu's coastline.  Bushra et al., (2019) 

developed a computationally efficient statistical 2D copula model to estimate the annual 

probability between storm surge observations and wind speeds 12 hours before landfall, 

specifically for predicting return period surge values along the BoB coast. Their 

findings suggest that in a worst-case scenario, the BoB region could experience wind 

speeds of 62 m/s and surge heights of at least 8.0 meters, on average, once every 311.8 

years. However, Sridharan et al., (2022) found that the surge values for the Tamil Nadu 

coast, based on return periods, were excessively high and significantly overestimated. 

Exaggerating storm surge predictions can lead to significant impacts on the costs of 

coastal protection and emergency planning. Conversely, underestimating them can 

result in devastating consequences due to inadequate mitigation strategies. It is essential 

to enhance the accuracy of predicting maximum surge values for coastal areas, 

considering varying return periods of wind speeds and other related track parameters 

1.6. RESEARCH GAPS 

• While several studies have applied the blended wind field approach to different 

ocean basins. However, no assessment has been conducted to select the appropriate 

parametric and background wind models to superimpose within the blended wind 

field. Choosing a parametric wind model that better depicts the wind field close to 

the cyclone eye region is crucial in the blended wind field approach. Also, it is 

necessary to choose a background wind field that better depicts the wind field in the 

area far away from the cyclone center. However, the blended wind field approach 

entails complexity, as it involves a separate procedure to possess the wind field data 

from the global wind field model sources to superimpose with a parametric model. 

This is due to the spatial and temporal resolution of the input data may not 

consistently align the cyclonic wind field features from different model sources 

(parametric and global) throughout the storm duration. Consequently, relying on 

wind fields from global models such as WRF or the Unified Model (UM) can incur 
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high computational costs (Silva et al., 2014) within the blended wind field approach. 

Therefore, there is also a need to improve the parametric wind models by 

incorporating modifications. This is because parametric models are simple and 

computationally efficient. 

 

• Several semi-empirical equations are available in the existing literature for 

estimating the total bedload transport rate in cases involving currents alone (without 

considering wave effects) as well as those considering both currents and waves. 

However, there is no study available in the open literature that has investigated the 

performance of various semi-empirical formulas for total bedload transport during 

storm surges along open coastlines of BoB. Specifically, it is crucial to understand 

which semi-empirical formulas for the total bed transport are better suited for the 

prediction of morphological bed evolution in the open coasts of the BoB during 

storm surges. 

 
• The shift from numerical to statistical index modeling is driven by the need for 

greater computational efficiency in predicting storm surges. From the literature, It 

is noted that the importance of consideration of approach angle is not yet clear 

within the statistical-based surge index models, However, several numerical 

investigations have shown the importance of consideration of approach angle in 

storm surge generation Further, previous studies considered mostly the synthetic 

track parameters within the Machine Learning models, which are based on 

hypothetical assumptions. Also, the literature reveals that all existing studies have 

focused solely on meteorological parameters, with none incorporating bathymetric 

data as an input for Machine Learning (ML) models to estimate storm surges. The 

literature also highlights the need to compare statistical index-based models with 

statistical ML models to predict peak surge height when considering low number 

dataset samples. 

 

• It is noted that all the aforementioned studies have generated synthetic tracks to feed 

the hydrodynamic model to derive the storm surge values for the respective periods 

to generate the surge hazard maps. It should be noted that generating synthetic 

tracks and running hydrodynamic simulations are complex and computationally 
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time-consuming processes to develop storm surge hazard maps. Enhancing the 

forecast accuracy of probable maximum surge values for the coast with different 

return periods of Vmax and other associated track parameters is necessary. Also, we 

need a system that is simple, accurate, and computationally highly efficient for 

creating the surge hazard map. 

1.7. OBJECTIVES 

The primary objective of the study is to enhance the predictive capabilities of the both 

numerical and statistical storm surge models for the BoB. The primary objective is 

supported by the following sub-objectives: 

Sub-objective 1: To bring improvements in wind field hindcast for the accurate 

prediction of storm surges and associated wind wave, coastal inundation and nearshore 

morphodynamic bed evolution using numerical model in the BoB. 

Sub-objective 2: Develop a novel statistical based surge potential index model for the 

BoB for effective and accurate prediction of storm surges and apply the model to create 

surge hazard maps. 

1.8. SCOPE OF PRESENT STUDY 

 

• Enhance the accuracy of wind field representations in the BoB region by evaluating 

the performance of parametric and global wind models, focusing on their 

effectiveness near and away from cyclone centers. 

• Enhance the accuracy of storm surge predictions along the coastal stretches of the 

BoB by implementing an enhanced blended wind field approach based on the 

evaluation of different wind models. 

• Enhance the accuracy of cyclonic structure representation by developing a modified 

parametric wind model that accounts for a better depiction of wind fields, both near 

and distant cyclone effects, based on performance evaluation of different parametric 

wind models. 

• Perform numerical simulations to understand the sensitivity of atmospheric forcing 

from different wind models on storm surges, wind waves, and coastal inundation.  
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• To investigate and analyze morphodynamic changes in nearshore coastal areas 

caused by storm-induced currents and waves in the BoB by implementing a tightly 

coupled hydrodynamic, wave, and morphodynamic model framework.  

• To assess and identify the most suitable empirical formulations for total bed 

transport that effectively account for the impact of storm-induced currents and 

waves, in order to enhance the prediction of morphodynamic bed evolution along 

the open coast of the BoB. 

• To develop a novel statistical-based Tropical Cyclone Surge Potential Index 

(TCSPI) model that provides accurate and efficient predictions of peak surge 

heights along the BoB coast. 

• For the rapid prediction of peak surge height implement regression-based 

supervised machine learning models across the extensive coastal regions of the 

BoB. 

• To determine how different modeling approaches influence the accuracy of peak 

surge height predictions in the BoB, the performance of various predictive models, 

including the TCSPI, ADCIRC, and machine learning techniques, will be assessed 

and compared 

• Develop an effective, simple, and efficient methodology to create a surge hazard 

map using return periods and projected climate change scenarios along Indian 

eastern coastline. 

1.9. LAYOUT OF THE THESIS 

The thesis of the present study comprises seven chapters and is organized as follows. 

Chapter – 1: This chapter introduces storm surges and the physical characteristics of 

the BoB basin. This chapter discusses numerical modeling and its importance. This 

includes recent advancements in enhancing cyclonic wind field modeling. This chapter 

briefly introduces numerical modeling of storm surges, wind waves, and 

morphodynamics. This chapter introduces statistical modeling of storm surges, 

highlighting its significance, recent advancements, and its application in developing 

surge hazard maps. 
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Chapter – 2: This chapter outlines the overall methodology of the thesis. Governing 

equations of the numerical models. The methodology used to predict water levels, wind 

waves, and morphodynamics using improved cyclonic wind fields within the numerical 

model is presented. It discusses the development of surge index model and ML models. 

Model validation and comparison methodologies are presented, including the 

application surge index model in developing surge hazard maps.  

Chapter – 3: This chapter outlines the evaluation of different parametric and global 

wind models for the BoB. An effective methodology was presented to enhance the 

blending technique. The model validation and application are presented. A sensitivity 

analysis of storm surge, wind waves, and coastal inundation based on different 

atmospheric wind models is presented. The chapter ends with a summary. 

Chapter – 4: This chapter outlines the setting up of a coupled hydrodynamic, wave, 

and morphodynamic model for the BoB to investigate nearshore morphodynamics 

during cyclones. A new modified parametric wind model for the BoB was introduced 

within the coupled framework for atmospheric forcing. Evaluating different bed load 

transport formulations under storm conditions is presented. The chapter ends with a 

summary. 

Chapter – 5: This chapter outlines the development of a statistical-based Tropical 

Cyclone Surge Potential Index (TCSPI) model and the development of ML models for 

predicting peak surge height in the BoB. Various datasets are considered in the 

development of TCSPI and ML models. A methodology to validate TCSPI and ML 

models. Comparison and analysis of the performance of TCSPI, ML, and numerical 

models. 

Chapter – 6: This chapter outlines enhancements made to the TCSPI model. Validation 

of improvised TCSPI model for the historical cyclone cases. The Surge Calculator 

website is presented. An Efficient methodology for generating a surge hazard map using 

the TCSPI model is presented. A surge hazard map based on different return periods 

and climate change scenarios is presented for the Indian east coast. The chapter ends 

with a summary. 
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Chapter – 7: The entire research work is summarized, and specific conclusions drawn 

from the study are presented in this chapter. The future scope of the present study is 

also suggested in the end. 

The flowchart presented in Fig. 1.4 outlines the structure of this thesis, which 

focuses on storm surge modeling and its applications. The thesis employs both 

statistical and numerical modeling approaches. In the statistical modeling section, the 

development and application of TCSPI are discussed. The numerical modeling section 

covers the applications of hydrodynamic modeling, coupled hydrodynamic and wave 

modeling, and coupled hydrodynamic, wave, and morphodynamic modeling, as 

presented below. 

 

 

 

Fig 1. 2. Structure of the thesis 
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CHAPTER 2 

METHODOLOGY 

2.1. GENERAL 

Different cyclonic wind models considered in the study are discussed briefly. An 

effective methodology to enhance the blended wind field approach is discussed.  

Further, the description of coupled hydrodynamic, wave, and morphodynamic 

frameworks is briefly discussed. The methodology of evaluating the performance of 

different bed load transport formulations in predicting the morphodynamic bed 

evolution during storm-induced currents and waves is presented. The chapter outlines 

the geographical characteristics of the domain of interest and the diverse data utilized 

in developing statistical-based TCSPI and ML models. It also delves into the specific 

methodology employed in the development, execution, validation, and comparison of 

statistical and numerical models for predicting peak surge height in the BoB. Further, 

this chapter discusses the application of TCSPI model in developing the surge hazard 

map, considering return period estimates and climate change scenarios.  

2.2. NUMERICAL MODELING 

The present study employs TELEMAC-2D and ADCIRC models for hydrodynamic 

simulations, SWAN and TOMAWAC for wave modeling, and the GAIA model for 

morphodynamic simulations. Brief description of these models is as follows 

2.2.1. ADCIRC Model 

Numerical simulations were performed using the ADvanced CIRCulation 2-

dimensional depth-integrated (ADCIRC-2DDI) hydrodynamical model. The model 

uses Galerkin finite element method to solve the Generalized Wave Continuity 

Equation (GWCE) and vertically integrated momentum equation on the unstructured 

triangular grid. In the ADCIRC, the weeting and drying technique is incorporated along 

the land boundary of the domain while the ocean boundary conditions are determined 
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at the open boundary of the domain (Kolar et al., 1994a, b; Luettich and Westerrink, 

2002) 

2.2.2. TELEMAC-2D Model 

The hydrodynamic simulations are performed using the TELEMAC-2D model. This 

model uses the finite-element method with triangular elements in its computational 

mesh to solve the Saint-Venant equations (shallow water equation) (Hervouet et al., 

1995, Bates et al., 1995). Long-period wave propagation, the influence of Coriolis 

force, the impact of wind and atmospheric pressure, turbulence, constant or fluctuating 

bed friction, flooding or drying effect, and other meteorological phenomena can all be 

simulated using TELEMAC-2D. Hervouet (1999) provided more details on the solution 

techniques used in TELEMAC-2D. 

2.2.3. Governing equations of hydrodynamic models 

The GWCE is a reformulation of the shallow water equations used in hydrodynamic 

modeling to improve numerical stability (Lynch and Gray, 1979). It combines 

continuity and momentum equations to better handle wave propagation and reduce 

numerical errors in computational simulations. The primitive continuity equation for an 

incompressible flow is given by: 

ܮ = ݐܪ߲߲ − ݔ߲(ܪܷ)߲ + ݕ߲(ܪܸ)߲ = 0 (2.1) 

 

The GWCE is derived using Eqn. (2.1) as: ߲ݐ߲ܮ + ܮ߬ = 0 
(2.2) 

 

Where ߬ is the tunining parameter. ߬ is function of bathymetry depth (h) and is related 

by following condition.  

߬ = { 5 × 10−3  ݂݅ ℎ > 200݉0.11   ݂݅ ℎ < 1݉110ℎ   ݂݅ 1݉ < ℎ < 200݉ (2.3) 
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Expanding Eqn. (2.2), the finite element formulation for the GWCE continuity equation 

is given by: ߲2ζ ߲2ݐ + ߬0 ߲ζ ߲ݐ + ݔ௫߲ܬ߲ + ݕ௬߲ܬ߲ − ܪܷ ݔ0߲߲߬ − ܪܸ ݕ0߲߲߬ = 0 (2.4) 

 

                                       

                 

Where 

௫ܬ = ܳ௫ ݔ߲ܷ߲ − ܳ௬ ݕ߲ܷ߲ + ݂ܳ௬ − 2݃ ߲ζ2 ߲ݔ − ܪ݃ ߲ [ 0ߩ௦݃݌ − ݔ߲[ߟߙ  

 (2.5) −߬(௦௫,௪௜௡ௗ) + ߬(௦௫,௪௔௩௘)0ߩ − ߬௕௫0ߩ ௫ܯ+ −  ௫ܦ

 

           

௬ܬ = ܳ௫ ݔ߲ܸ߲ − ܳ௬ ݕ߲ܸ߲ + ݂ܳ௬ − 2݃ ߲ζ2 ߲ݕ − ܪ݃ ߲ [ 0ߩ௦݃݌ − ݕ߲[ߟߙ  

 (2.6) −߬(௦௬,௪௜௡ௗ) + ߬(௦௬,௪௔௩௘)0ߩ − ߬௕௬0ߩ ௬ܯ+ −  ௬ܦ

 

     The vertically integrated momentum equation for currents are: 

ݐ߲ܷ߲  − ܷ ݔ߲ܷ߲ + ܸ ݕ߲ܸ߲ − ݂ܸ = −݃ ݔ߲߲  ߞ] + 0ߩ௦݃݌ −  [ߟߙ
 (2.7) −߬(௦௫,௪௜௡ௗ) + ߬(௦௫,௪௔௩௘)ܪ 0ߩ − ߬௕௫ܪ0ߩ ௫ܯ+ − ܪ௫ܦ  

ݐ߲ܸ߲  − ܷ ݔ߲ܸ߲ + ܸ ݕ߲ܸ߲ − ݂ܷ = −݃ ݕ߲߲  ߞ] + 0ߩ௦݃݌ −  [ߟߙ
 (2.8) −߬(௦௬,௪௜௡ௗ) + ߬(௦௬,௪௔௩௘)ܪ 0ߩ − ߬௕௬ܪ0ߩ ௬ܯ+ − ܪ௬ܦ  
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where, U and V are “depth-averaged velocities” in the x and y directions, respectively, 

while ζ denotes “elevation of the free surface from its mean position”. The total water 

column thickness H, is the sum of ζ and h. The fluxes in the x and y directions per unit 

width, Qx and Qy, are given by UH and VH. The parameter τ₀ is used to optimize phase 

propagation characteristics. “Coriolis parameter” is denoted by f, and g is “acceleration 

due to gravity”. Ps is “atmospheric pressure at the free surface”, while ρ₀ is “reference 

water density”. α stands for “effective elasticity factor of the Earth”, and η is 

“Equilibrium tidal potential in a Newtonian framework”, ߬(௦,௪௜௡ௗ) and ߬(௦,௪௔௩௘)  are 

“surface stresses by wind and waves”, respectively, ߬(௕)  is  “bottom stress”, M is 

“vertically integrated lateral stress gradients” and D is “momentum dispersion”. 

 ADCIRC employs Equations (2.4), (2.7), and (2.8) as its governing equations, 

while TELEMAC-2D utilizes Equations (2.1), (2.7), and (2.8). The GWCE used in 

ADCIRC provides stability advantages over traditional shallow water equations used 

in TELEMAC-2D, especially for large, unstructured grids in coastal simulations. This 

reduces numerical spurious oscillations and enhances stability in low-gradient areas, 

making ADCIRC more efficient and reliable for large-scale storm surge forecasting 

than TELEMAC-2D (Lynch and Gray, 1979). However, the present study also used 

TELEMAC-2D due to its versatility in simulating 2D shallow water flows and its tight 

coupling options for waves, sediment, in detailed river and estuary simulations. 

2.2.4. SWAN Model 

The unstructured version of the third generation Simulating WAves Nearshore 

(SWAN) numerical model was developed at Delft University of Technology 

specifically to simulate waves in coastal and near-shore environments. (Holthuijsen et 

al., 1993; Booij et al., 1999). The SWAN model solves the spectral action balance 

equations in the unstructured triangular grid.  

2.2.5. TOMAWAC Model 

Present study uses the TELEMAC-based Operational Model Addressing Wave Action 

Computation (TOMAWAC) model. This is a third-generation spectral wave-



32 

 

propagation model that accounts for critical processes such as the effect of wave 

generation by wind, white-capping, nonlinear wave-wave interaction, refraction, 

shoaling, and dissipation (Benoit et al., 1996). The model uses the finite elements 

formulation for discretizing the sea domain; it is based on the computational subroutines 

of the TELEMAC system.  

SWAN and TOMAWAC both utilize spectral wave equation to solve the action 

density balance, as given in Eqn. (2.9), yet each is tailored for different strengths in 

wave modeling. SWAN is optimized for computational efficiency in coastal zones, 

focusing on diffraction, wave breaking, and handling complex bathymetry, making it 

ideal for nearshore applications. In contrast, TOMAWAC is designed for seamless 

integration with other TELEMAC modules, allowing dynamic wave-current 

interactions suited for detailed hydrodynamic studies in environments like coastal, 

estuaries and river outflows. Together, they offer complementary capabilities for 

comprehensive wave and hydrodynamic simulations. 

ݐ݀ܰ݀ = ߘ ⋅ (ܰ ݃ܥ)  = ௜ܵ௡ − ܵ௢௨௧σ  (2.9) 

 

where N (t,x,σ,θ) is the wave action density, which is related to the energy density E by 

N=E/σ, with σ being the relative angular frequency of the waves. Cg is the group 

velocity of the waves. ∇⋅(Cg N) is the divergence of the wave action flux in physical 

and spectral space. Sin represents the energy source terms, which may include wind 

input and wave growth. Sout represents the energy sink terms, including wave breaking, 

white capping, and bottom friction. 

2.2.6. GAIA model 

GAIA is the latest open-source module for sediment transport and bed evolution within 

the TELEMAC-MASCARET modeling system (Tassi et al., 2023). GAIA is based on 

the historical SISYPHE morphodynamic model, which has undergone numerous 

modifications, adjustments, and optimizations. In order to reduce roundoff errors, 

GIAIA uses dry mass to determine the amount of each sediment class in the bed rather 

than volume, as used in SISYPHE (Audouin et al., 2019). To the author, no study in the 

open literature has incorporated the GAIA model in the (BoB). The sediment transport 
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module calculated the movement of non-cohesive sediments and seabed level changes 

caused by waves and currents, and the bed evolution scheme predicted the subsequent 

bed level changes. In GAIA, the bedload fluxes are estimated in terms of (dry) mass 

transport rate per unit width (kg/m s) without pores: 

ܳ௠௕ = ρ௦ܳ௕ (2.10) 
 ܳ௕ represents the vector of volumetric transport rate per unit width (m²/s), comprising 

the components (ܳ௕௫ and ܳ௕௬) in the ݔ and ݕ directions, respectively, ρ௦ the sediment 

density (kg∕m3). The non-dimensional sediment transport rate ܾߔ is given by Wu, 

(2007). Φ௕ = ܳ௕√݃(ݏ − 1)݀3 (2.11) 

where ߩ/ݏߩ = ݏ represents the relative density, ߩ is the water density (kg/m³), ݀ denotes 

the sand grain diameter (m), and ݃ is the acceleration due to gravity (m/s²). Various 

empirical formulas for calculating ܾߔ can be chosen by the user. The different sediment 

transport rate formulas incorporated in the GAIA model are listed in Table. 2.1. Most 

of these formulas are based on experimental studies, with sediment properties adhering 

to the constraints of the chosen formulation. Brief description of each of these models 

is given in Appendix B section. The minimum grain size (median particle diameter, d50) 

limit applicable to each sediment formulation (Bayram et al., 2001; Tassi and Villaret, 

2014) is also indicated in Table 2.1.  

 

Table 2.1. Gaia uses bedload transport formulae. 'No' is used to indicate formulas that 

do not specifically account for the effect of waves. 'Yes' indicates formulas that take 

the effect of waves into account. 

SL. 
No. 

Bedload transport formula Effect of 
waves 

Minimu
m 

grain 
size 

limit 
(mm) 

Source 

1 Meyer-Peter-Muller 
(MPM) formula 

No 0.4 Meyer-Peter and Müller, 
(1948)  
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Bedload, suspended load, or both sediment transport modes can be taken into 

consideration at the simultaneously when calculating the bed evolution by solving the 

mass conservation equation for sediment or the Exner equation (Garcia, 2008), which 

is expressed as. 

(1 − ݊) ܼ݀௕݀ݐ + ∇. ܳ௠௕ = ܦ −  (2.12) ܧ

where n is the porosity of the bed material at the bed surface, ܼ௕ is the bed elevation 

above datum (m), and ∇⋅ is the divergence operator and D and E are deposition and 

erosion rates, respectively. More detailed information about the GAIA model is 

presented in Tassi et al., (2023). In this study 250 the porosity and density of non-

cohesive sediment are considered to be 0.4 (Van Rijn, 1989) and 2650 kg/m³ (Tassi and 

Villaret, 2014), respectively, for estimating morphodynamic bed evolution using 

different sediment transport rate formulations. 

2.2.7. Coupled ADCIRC+SWAN 

The coupled ADCIRC+SWAN is employed to account for the effect of wind wave-

induced impact on surges for the case study TC Varadah in the present study. Water 

surface elevations, currents, and wind fields are first simulated using the ADCIRC 

model. These variables are then provided as input to the SWAN model to produce 

radiation stresses and associated gradients, which are then sent to the ADCIRC as a 

forcing function. 

2 Einstein-Brown (EB) 
formula 

No 0.25 Rouse (1949) and 
Einstein (1950) 

3 Engelund-Hansen (EH) 
formula 

No 0.15 Engelund and Hansen 
(1967) 

4 van Rijn’s (VR) formula No 0.20 van Rijn (1984) 
5 Bijker’s (BJ) formula Yes 0.10 Bijker, (1968) 
6 Soulsby-van Rijn (SVJ) 

formula 
Yes 0.10 Soulsby (1997) 

7 Bailard’s (BL) formula  Yes 0.10 Bailard (1981) 
8 Dibajnia and Watanabe 

(DB) formula 
Yes 0.10 Dibajnia and Watanabe 

(1992) 
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2.2.8. Coupled TELEMAC-2D+TOMAWAC+GAIA 

The hydrodynamic model (TELEMAC-2D), wave model (TOMAWAC), and 

morphodynamic model (GAIA) are coupled with each other and resolved on the same 

computational mesh. At each time step, the hydrodynamics variables (velocity field, 

water levels, and bed shear stress), as well as wave variables (significant wave height, 

wave peak period and mean wave direction), are transferred into the morphodynamic 

model, which sends back the updated bed evolution to the hydrodynamic and wave 

model.  

2.3. METHODOLOGY FOR NUMERICAL MODELING 

Five well-known parametric wind models—the Jelesnianski (SLOSH), Rankine Vortex 

(RV), Willoughby (WL06), Holland (HL80), and Generalised Asymmetric Holland 

Model (GAHM)—as well as two global wind models—the Weather Research Forecast 

(WRF) and the European Centre for Medium-Range Weather Forecasts (ECMWF)—

were evaluated in the present study with measurements that were available in BoB. The 

equations of each parametric wind model are detailed in Chapter─3. The performance 

of each wind model is assessed based on observation wind data sourced from in-situ 

buoy measurements (INCOIS). After examining the most effective wind model for this 

area. The assessment results introduce two enhanced cyclonic wind fields: one based 

on a blended wind field approach following Pan et al., (2016) and the other using a 

modified parametric wind model. Using the coupled ADCIRC+SWAN model, the 

current work sheds light on the variations in the simulated surge, wind wave, and 

inundation caused by the various atmospheric driving wind models. 

Further, among the two enhanced cyclonic wind fields developed, the wind field 

approach that offers the more reliable, computational efficiency, and simplicity, with 

accuracy remaining within acceptable limits, will be used in a coupled hydrodynamic-

wave-morphodynamic model for atmospheric forcing to predict the water levels, wind 

waves and morphodynamic changes resulting from overwash during TCs in the BoB. 

In the present study, the coupled hydrodynamic (TELEMAC-2D) -Wave 

(TOMAWAC) –Morphodynamic (GAIA) models were used for the simulations. 
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Further, evaluation the performances of four semi-empirical sediment transport 

models (Meyer-Peter-Muller (MPM), Einstein-Brown (EB), Engelund-Hansen (EH), 

and van Rijn (VR)) for scenarios with only currents, and four models (Bijker (BJ), 

Soulsby-van Rijn (SVJ), Bailard (BL), and Dibajnia and Watanabe (DB)) within the 

GAIA model of coupled framework for scenarios with both currents and waves for 

predicting morphodynamic bed evolution during TC Nivar (2020). 

 

Fig 2.1. Brief overview of methodology for numerical modeling 

2.4. METHODOLOGY FOR STATISTICAL MODELING 

The shift from numerical to statistical storm surge modeling is driven by enhanced data 

efficiency and simplified analysis. This method efficiently predicts storm surges while 

incorporating various readily accessible parameters to understand surge dynamics 

better. A novel Tropical Cyclone Surge Potential Index (TCSPI) equation is introduced 

that is well suited for the BoB region. This equation is based on readily available 

cyclone track atmospheric and bathymetry parameters. The estimated TCSPI values are 

regressed with the observed peak surge height values at the landfall. The least squares-

fit between surge height and TCSPI provides an empirical relationship. These empirical 

equations are used to estimate potential peak surge height. Further, the estimated 
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potential peak surge height and observed peak surge height are validated. Chapter─5 

provides a thorough discussion of the TCSPI model. 

 Further, slight modifications incorporated to the TCSPI for the enhanced 

accuracy and this model is made accessible for public use through IITM Surge 

calculator website (https://iitmaisurge.in/). This enhanced model is further used as an 

application for developing the surge hazard map for the Indian east coast. The Indian 

east coast is home to four coastal states: West Bengal, Odisha, Andhra Pradesh, and 

Tamil Nadu. Using historical track data from IMD (1982–2022), return periods are 

estimated using Weibull distribution for the track parameters i.e., wind speed, forward 

speed at the landfall time frame for each maritime state along the Indian east coasts. 

This proposed methodology ensures simple, accurate, and computationally efficient 

without the need to generate synthetic tracks and estimation of the return period of 

cyclone central pressure drop information. The estimation of peak surge heights is made 

for different return periods in combination with climate change scenarios (CCS) by 

increasing the present storm wind speed as per the International Panel for Climate 

Change (IPCC) projections. A concise summary of the methodology is illustrated in the 

flow chart depicted in Fig. 2.2. Chapter─6 provides a thorough discussion on the surge 

hazard map. 

 

Fig 2.2. Brief overview of the methodology for statistical modeling 

https://iitmaisurge.in/
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2.5. SUMMARY 

The chapter provides a comprehensive evaluation of various models and methodologies 

used in predicting and analysing storm surges. It begins with an overview of enhanced 

cyclonic wind field, based on evaluation of various wind parametric and background 

wind models to improve the accuracy of storm surge, wind wave and morphodynamic 

bed predictions. Further, this enhanced wind field is used within the coupled 

hydrodynamic –wave –morphodynamic model frame work evaluating different bed 

load transport formulations during cyclones, providing a nuanced understanding of how 

sediment movement can influence storm surge dynamics. The development of 

statistical-based index models for the BoB and it’s application in storm surge prediction 

are discussed. A key focus is on the effective and efficient development of surge hazard 

maps, which are crucial for disaster preparedness and mitigation are also presented. 
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CHAPTER 3 

MODELING OF CYCLONIC WIND FIELD1 

3.1. GENERAL 

Modeling the cyclonic wind field is vital for predicting storm surges, as wind intensity 

and structure directly impact surge height and inundation extent. Accurate wind field 

representation ensures that models capture the dynamics of wind-driven water 

movement along the long stretch of coast, improving surge forecasts. The literature 

indicates that the blended wind field approach is an advanced method that superimposes 

a parametric wind model with a background wind model. This approach superimposes 

the strengths of parametric and background wind models to more precisely predict wind 

conditions near the cyclone center and at greater distances, effectively overcoming the 

limitations of each model. There is no consensus on the selection appropriate parametric 

and background wind models in the blending technique. This study introduces a 

methodology to enhance the blended wind field by evaluating various parametric and 

background models.  

3.1.MODEL DESCRIPTION AND METHODOLOGY 

The present study uses ADCIRC and coupled ADCIRC+SWAN model. Details about 

the model description are given in Chapter─2. 

3.1.1. Atmospheric Forcing Models  

The wind field is one of the primary inputs for estimating the surges using ADCIRC 

Standalone and ADCIRC+SWAN. The study discusses some commonly used 

hindcasting of wind fields based on parametric and global wind models. The five 

commonly adopted wind models are Rankine Vortex, (1947), Jelesnianski, (1966), 

Holland, (1980), Willoughby et al., (2006), and Generalized Asymmetric Holland 

 
1 This work is published in: “Shashank, V. G., Sriram, V., & Sannasiraj, S. A. (2022). Improvements in 
wind field hindcast for storm surge predictions in the Bay of Bengal: A case study for the tropical cyclone 
Varadah. Applied Ocean Research, 127, 103324. https://doi.org/10.1016/j.apor.2019.102048 40” 
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Model (2013), respectively. The global wind field obtained from the assimilation model 

(i.e., ECMWF reanalysis) and operational weather model (i.e., WRF) are used in the 

present study. 

3.1.1.1.Rankine Vortex Model (RV) 

The Rankine vortex serves as a basic parametric model for describing the wind profile 

of a TC. The model was first proposed by Depperman, (1947), drawing from the 

classical Rankine vortex approximation (Rankine, 1882). It presumes that within the 

radius of maximum wind, the velocity increases in a linear fashion, while beyond this 

radius, the velocity decreases inversely with the radial distance (r).The gradient wind 

speed distribution ܸ(ݎ) is given by Eqn. (3.1). 

(ݎ)ܸ = { 
 ௠ܸ௔௫ ( (௠௔௫ܴݎ ,       0 ≤ ݎ ≤ ܴ௠௔௫

௠ܸ௔௫ (ܴ௠௔௫ݎ )௑ ݎ    , > ܴ௠௔௫        (3.1) 

where, ௠ܸ௔௫ is the 1-minute maximum sustained wind speed, r is radial distance, ܴ௠௔௫ 

is the radius of maximum wind, and X is the shape parameter that adjusts the velocity 

distribution in the radial direction. Hughes, (1952) empirically estimated the value of X 

to be in the range of 0.4–0.6 from observed TCs. X = 0.5 was usually adopted (Riehl, 

1954; Phadke et al., 2003; Salcines et al., 2019; Das, 2018), and the same was adopted 

in the present study. 

3.1.1.2.Jelesnianski Model (SLOSH) 

The parametric wind model, also famously known as the Sea, Lake, and Overland 

Surges from Hurricanes (SLOSH) model, is one of the widely used parametric wind 

models for the NIO region (Jelesnianski. 1966). Houston et al., (1999) validated this 

model with observation-based surface wind fields. The gradient wind speed distribution 

is expressed as 

(ݎ)ܸ = ௠ܸ௔௫ ( ௠௔௫ܴ௠௔௫2ܴݎ2 +  (3.2) (2ݎ
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3.1.1.3.Willoughby et al. (2006) Model (WL06) 

Willoughby et al., (2006) developed a wind profile based upon a sample of 493 cyclonic 

system profiles from aircraft observations. In the WL06 model, the wind intensity 

grows proportionally to a power of the radius within the eye and diminishes 

exponentially beyond the eye, following a seamless polynomial transition across the 

eyewall. This approach accounted for the average exponent in the power-law (n = 0.79) 

and the mean decay length of X = 243 km. The gradient wind profile for the WL06 is 

expressed as 

(ݎ)ܸ = { ௠ܸ௔௫ ( ௠௔௫)௡ܴݎ ,       0 ≤ ݎ ≤ ܴ௠௔௫
௠ܸ௔௫݁(−௥−ோ೘ೌೣ௑ ݎ    ,( > ܴ௠௔௫       (3.3) 

3.1.1.4.Holland Model (HL80) 

Holland (1980) introduced an analytical framework to describe the radial patterns of 

pressure gradients and wind speed distributions of the storm. The equations of the HL80 

model are expressed as  

(ݎ)ܲ = ௖ܲ + ( ௡ܲ − ௖ܲ)݁−(ோ೘ೌೣ௥ )ಳ (3.4) 

(ݎ)ܸ = √ ௠ܸ௔௫2 ݁1−(ோ೘ೌೣ௥ )ಳ (ܴ௠௔௫ݎ )஻ + 2݂ݎ) )2 − 2݂ݎ) ) (3.5) 

ܤ = ௠ܸ௔௫2 ρe( ௡ܲ − ௖ܲ) (3.6) 

 

where f is Coriolis force, ௖ܲ is the minimum central atmospheric pressure, ܲ݊ is the 

ambient pressure, ܲݎ is the pressure at radius r from the cyclone's center; B is the shape 

parameter derived from Eqn. (3.6) considering cyclostrophic assumption. B controls the 

eye diameter and steepness of the tangential velocity gradient using Eqn. (3.6). 

Mattocks and Forbes (2008) further improved the shape parameter and proposed a more 

detailed equation to calculate the parameter B as given in Eqn. (3.6), in which ௠ܸ௔௫ is 

computed as [( ௠ܸ − ௧ܸ)/ ௉ܹ஻௅]. Here,   is the 1-minute maximum sustained wind speed 

of the cyclone, ܸݐ is the cyclone’s translation speed,  ܹܲܮܤ is a wind reduction factor 
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determined at the gradient wind flow level positioned above the impact zone of the 

planetary boundary layer. It is set to 0.80 to adjust the wind speeds down to the surface 

(Powell and Black, 1990), and ߩ is the density of air (assumed to be constant at 1.15 

kg/m3 in the Holland parameter model). 

3.1.1.5.Generalized Asymmetric Holland Model (GAHM) 

GAHM was developed by (Gao et al., 2013, 2018), which differs from the existing 

HL80 model with adjustments that remove the presumption of cyclostrophic balance at ܴ௠௔௫. Further, employing a linear combination of parameter sets derived from the 

isotachs available in each quadrant. The radial pressure and gradient wind profile for 

the GAHM are expressed as: 

(ݎ)ܲ = ௖ܲ + ( ௡ܲ − ௖ܲ)݁−૎(ோ೘ೌೣ௥ )ಳ೒  (3.7) 

(ݎ)ܸ = √ mܸax 2 (1 + 1ܴ0) ݁1−(ோ೘ೌೣ௥ )ಳ೒ (ܴ௠௔௫ݎ )஻೒ + 2݂ݎ) )2 − 2݂ݎ) ) (3.8) 

             

where ܴ0 is the Rossby Number at r = ܴ௠௔௫, given as ܴ0 = ௠ܸ௔௫ ܴ௠௔௫݂⁄ . ௠ܸ௔௫ =[( ௠ܸ − γ ௧ܸ)/ ௉ܹ஻௅], in which γ is damp factor = /(ݎ)ܸ ௠ܸ௔௫ and ܤ௚ is shape 

parameter (same as HL80, without assuming cyclostrophic balance), given as, ܤ௚ 1)ܤ= + 1 ܴ0⁄ )݁φ−1 φ⁄  .  φ is the scaling parameter used in GAHM, given by φ = 1 +(1 ܴ0⁄ ) ௚(1ܤ + 1 ܴ0⁄ )⁄ . 

Except for GAHM, in the rest of the above parametric models, the surface pressure-

wind field follows a modified rectangular hyperbola as a function of radius (Schloemer, 

1954). The pressure field is obtained from Eqn. (3.4). GAHM follows a pressure-wind 

profile obtained from Eqn. (3.7). 

Traditionally SLOSH, WL06, RV, and HL80 parametric wind models were used 

for an azimuthally constant ܴ௠௔௫ either from the empirical formulations (Zhao et al., 

2021) or the “best track" datasets and do not account for the translational speed of the 

storm to generate its vortex winds. The numerical study by Xie et al., (2011) showed 

significant sensitivity to the water level and coastal flooding to the asymmetry of a 
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cyclonic wind field. Qiao et al., (2019) showed that the wind field obtained from the 

symmetric wind model predicts higher error with respect to the observed wind data near 

the cyclone center region than the wind field obtained from the asymmetric wind model. 

Murty et al., (2020) reported a few exceptions while implementing the blended wind 

field with the measured data in the BoB. The parametric wind formulation based on the 

symmetric Holland model preserves the inner core region of the cyclone, causing 

certain limitations associated with the blended wind fields. Hence, the study suggested 

that further improvement in the blending formulation can be made by considering the 

asymmetric nature of the cyclonic wind field in the blending technique. Hence, in the 

present study, modifications are employed to obtain the asymmetry nature of the 

cyclone's wind field to compute the gradient wind profile for SLOSH, RV, WL06, and 

HL80 parametric models. The azimuthally constant ܴ௠௔௫ is replaced with directionally 

varying ܴmax(ߠ),  where θ is the azimuthal angle around the center of the storm 

computed using the brute-force marching method (Xie et al., 2006). It can ensure the 

different radii of several characteristic wind speeds (e.g., the radii of 34-, 50- and 64-

knot wind speeds obtained from JTWC forecast advisories. Further, the asymmetric 

parametric wind models for each quadrant rely solely on the largest specified wind 

velocity and radius available. Due to the intricate nature of actual cyclonic structures, 

utilizing all forecasted wind data is essential to enhance the accuracy of the parametric 

wind model. Hence in the GAHM, a new composition method was implemented to 

generate a weighted composite wind field in which a linear weighting of the parameter 

set is computed from all available isotachs in each quadrant. A detailed explanation for 

the multiple isotachs approach can be referred to in Gao et al., (2013, 2018).  

In addition, considering the asymmetry nature of the wind profile, the moving 

velocity of the cyclone center was superimposed with storm vortex winds for all the 

parametric wind models based on the approach proposed by Jelesnianski, (1966) 

approach. The total wind vector V can be expressed as 

ܸ = (ݎ)ܸ + ௠ܸ௢௩ (3.9) 

௠ܸ௢௩ = ௧ܸ ( ௠௔௫ܴ௠௔௫2ܴݎ +  (3.10) (2ݎ
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where ௠ܸ௢௩ is the wind vector induced by the moving component, and ܸ(ݎ) is the 

gradient wind vector induced by the rotating component of the different parametric 

wind models.  

Further, following the empirical formulations (Bretschneider, 1972), the wind 

inflow angle (β) approximation was applied to account for frictional convergence to the 

wind field. The inflow angle was increased linearly from 10° at the storm center to 20° 
at ܴ௠௔௫ and then to 25° at 1.2ܴ௠௔௫, and to remain at 25° beyond 1.2ܴ௠௔௫ as given in 

Eqn. (3.11). This was also used by Lin and Chavas, (2012). Therefore, all the parametric 

wind models considered in the present study are asymmetric with respect to the cyclone 

center, which is in marked contrast to the past studies in BoB. 

ߚ = {  
  10° (1 + (௠௔௫ܴݎ ݎ                               < ܴ௠௔௫20° + 25 ( ௠௔௫ܴݎ − 1) ,               ܴ௠௔௫ ≤ ݎ ≤ 1.2ܴmax ݎ                                                  , 25°         ≥ 1.2ܴ௠௔௫  (3.11) 

The TC events are obtained from the JTWC that consists information of surface wind 

parameters and relevant atmospheric track parameters, the 1-minute maximum 

sustained wind ( ௠ܸ௔௫), the coordinates of the hurricane center and the radial pressure 

gradient ( ௡ܲ − ௖ܲ). The shape parameter (B and ܤ௚), translational speed ( ௧ܸ) and ܴ௠௔௫(ߠ) are pre-computed in the four storm quadrants for the available radii isotaches 

of the 34-, 50-, and 64-knot winds in four (northeast, southeast, southwest, and 

northwest) quadrants R34 (ߠ), R50 (ߠ), R64 (ߠ) with (315 ,45,135,225) = ߠ in the 

Asymmetric Wind Input Preprocessor (ASWIP), integrated within ADCIRC, and 

append to input prior to initiating ADCIRC simulations. 

3.1.1.6.ECMWF Wind 

The ECMWF wind dataset features a spatial resolution of 0.25° and is available at 3-

hour temporal intervals. Used as an atmospheric forcing within the hydrodynamic 

model. The ECMWF reanalysis assimilation model integrates dynamic, physical, and 

coupled ocean wave components. This model operates based on six fundamental 

governing equations that are defined within geographic space and time coordinate 

systems (Persson and Grazzini, 2007). 
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3.1.1.7.WRF Wind 

For background wind field information, the operational research WRF model was 

considered in the study. The schemes for determining the physical parameters 

considered in the study are discussed by Sandeep et al., (2018). The WRF simulation 

was extracted during the cyclonic activity period. The extracted wind data with a spatial 

resolution of 3 km and temporal resolution of 3 hours as the forcing fields to the model 

were employed in the present study. 

3.1.1.8.Blending Model 

As mentioned previously, neither the parametric nor the global wind models were 

performing better individually. Thus, blending methods were used (“Pan et al., 2016; 

Shao et al., 2018; Qiao et al., 2019; Asher et al., 2019; Chen et al., 2019; Hsiao et al., 

2019, 2020; Murty et al., 2020; Chang et al., 2021; Selvaraj et al., 2022”). When 

superimposing the parametric and background fields, the blending technique should 

offer a smooth transition between the two wind fields. The blending technique proposed 

by Pan et al., (2016) is used in this study since it performs better in our numerical study 

cases. The specific expression for blended wind field ஻ܹ௟௘௡ௗ is expressed as follows: 

ݎ ݂ܫ ≤ ℎ݁݊ ஻ܹ௟௘௡ௗݐ 1ܴ = ௣ܹ௔௥ 
1ܴ ݂ܫ ≤ ݎ ≤ ℎ݁݊ ஻ܹ௟௘௡ௗݐ 2ܴ = (1 − (ߙ × ௣ܹ௔௥ + ߙ × ௕ܹ௔௖ 

ݎ ݂ܫ ≥ ℎ݁݊ ஻ܹ௟௘௡ௗݐ  2ܴ = ௕ܹ௔௖ 
Where, ߙ is the blending factor given as ߙ = ௥−ோ1ோ2−ோ1  ௣ܹ௔௥ refers to the parametric model wind field, ௕ܹ௔௖ is the background wind field, ܴ1 

is the radial extent from the center of the cyclone till the parametric wind field is 

effective, ܴ2 is radial extent beyond the smoothed transitional zone, where the 

background wind field is effective. Previous studies have shown that the blending 

factor, a transitional function in the blended wind field, is a critical parameter (Qiao et 

al., 2019). The detailed procedure for blending methodology can be found in Pan et al., 

(2016). 
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3.1.2. Evaluation of parametric wind models for the BoB 

In this section, the wind field obtained from the parametric wind models is investigated 

for the past cyclonic events in the BoB. Complex models may provide different 

conclusions for a small number of events (Salcines et al., 2019). Hence, we have 

considered the past ten cyclonic events that occurred in the last ten years, as shown in 

Fig. 3.1. The model-simulated winds are compared to the winds from deep-water 

moored buoys (BD09, BD10, and BD11). The Indian National Centre for Ocean 

Information Services (INCOIS) provided the observed data. Table 3.1 lists the locations 

of the buoys used in the evaluation. Venkatesan et al., (2013) provide information on 

the sensors employed in the buoy. Table. 3.2 shows the list of cyclones and their 

classification as per the Indian Mereology Department (IMD) and the observation buoy 

station. For validation, 72 hours of observed data in the nearest location is considered 

for each cyclone case. 

The validation results are estimated in terms of Root-Mean-Square Error (RMSE) 

and Correlation Coefficient (CC) for all the five parametric wind models, as shown in 

Fig. 3.2. GAHM performs better with an RMSE of 3.15 m/s and CC of 0.74. Besides 

GAHM, RV also performed better with an RMSE of 3.53 m/s and CC of 0.62. However, 

SLOSH, WL06, and HL80 are underestimating the observed values (RMSE and CC) 

for most of the cyclonic events considered in the study. 

It is evident that the winds generated by GAHM using the multiple-isotach 

approach and elimination of cyclostrophic assumption compared better with the 

observed wind data in BoB. While, despite considering asymmetric modifications in 

SLOSH, RV, WL06, and HL80, GAHM performed better in the BoB region. This 

analysis is the overall comparison of the wind field using the parametric wind model. 

However, to understand better the performance of each of these models, a typical TC 

Varadah is considered further. 
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Fig 3.1. Tracks of the different cyclonic cases that occurred in the past decade (2010-

2020) in the BoB 

Table 3.1. Details of the buoy locations 

Buoy Latitude Longitude 

BD09 18°N 89°E 

BD10 16.3°N 88°E 

BD11 14°N 83°E 

 

Table 3.2. List of cyclones and the corresponding classification made by IMD and 

nearest available observed buoy considered to that particular each of the cyclonic 

track for 72 hours (3 days). 

Cyclone 
Case 

IMD 
Classificati

on 

Cyclone start time Cyclone end time 
Observed Buoy 

Station 

Phalin ESCS 10-10-2013:00 13-10-2013:00 BD09 
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Fig 3.2. In the x-axis, observed wind speed from buoy locations and the y-axis 

corresponds to simulated wind speed from a) SLOSH, b) RV, c) WL06, d) HL80, and 

e) GAHM models. ‘R’ and ‘C’ denote RMSE and correlation coefficients, 

respectively. 

3.1.3. Varadah Cyclone and Model Setup 

TC Vardah is one of the most intense cyclones formed in the BoB in 2016 and is 

classified as a VSCS by IMD. The cyclone system reached its lowest pressure at 975 

hPa, with a maximum 1-minute sustained wind speed of 41.15 m/s. This low-pressure 

Helan SCS 19-11-2013:00 22-11-2013:00 BD11 

Lehar VSCS 25-11-2013:00 28-11-2013:00 BD11 

Madi VSCS 07-12-2013:00 10-12-2013:00 BD11 

Hudhud ESCS 09-10-2014:00 12-10-2014:00 BD10 

Varadah VSCS 09-12-2016:12 12-12-2016:12 BD11 

Titli VSCS 09-10-2018:00 12-10-2018:00 BD10 

Gaja VSCS 14-11-2018:00 17-11-2018:00 BD11 

Fani ESCS 30-04-2019:00 03-05-2019:00 BD10 

Bulbul VSCS 08-11-2019:00 11-11-2019:00 BD10 
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system initially developed as a depression on December 6, close to the Malay Peninsula. 

It gradually intensified into a cyclonic storm on 8 December, maintaining to move 

generally on a westward track. The cyclonic system consolidated into a SCS on 10 

December. Due to favorable conditions for further development, the cyclonic system 

Vardah intensified to a VSCS on 11 December with a 1-minute sustained wind speed 

of 41.15 m/s and a minimum central pressure of 975 hPa. TC Vardah weakened into a 

SCS on 12 December and made landfall (09:30-11:30 UTC) on the north coast of Tamil 

Nadu near the Chennai location, with a wind speed of 30.5 m/s. Afterward, it rapidly 

weakened into a depression due to land interaction. The best track estimate from JTWC, 

along with the bathymetry of the region, is shown in Fig. 3.3a. The temporal variation 

of the wind speed and surface pressure are shown in Fig. 3.3b. 
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Fig. 3.3. (a) The Best track data for the TC Varadah (source: JTWC) is shown by the 

black line, with center points marked at 1200 UTC for each day from December 10 to 

December 13, 2016.The bathymetry depth of the entire domain from GEBCO is 

indicated by the colour bar. Black square dots indicate buoys BD11, which are located 

nearer to the cyclonic track, and BD14, which is away from the cyclonic track. (b) 

The JTWC track data from December 7–15, 2016, showing the temporal variation of 

surface pressure (in hPa) and wind speed (in m/s). The red dot represents the time of 

landfall. 
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In the present study, both the ADCIRC Standalone (uncoupled) and coupled 

ADCIRC+SWAN model simulations for TC Varadah are investigated. A hybrid 

bottom friction formulation with a drag coefficient of 0.0028 is used in the 

simulation.  In GWCE, the weighting factor (τ0) and horizontal eddy viscosity 

coefficient are taken to be 0.01 and 4 m2/s, respectively. The model's time step was 

chosen to be 3 s. The model time step for SWAN and the coupling time interval 

were set to 600 s. This was sufficient to capture the nonlinear interaction effects due 

to changing water levels and currents on the resultant wave field (Bhaskaran et al., 

2013). A wetting and drying algorithm is also activated with a minimum depth 

threshold of 0.5 m to delineate the wet and dry elements. The domain's tidal forcing 

is calculated using Le Provost's tidal database (Le Provost et al., 1998). The 

triangular unstructured grid consists of 157,390 elements and 308,909 nodes (see 

Fig. 3.4). Node spacing ranges from 80 meters near the coast to a maximum of 12 

km in the open ocean. The GEBCO database provides the inland topography and 

ocean bathymetry at a 15-second resolution (Weatherall et al., 2015). Furthermore, 

the boundary of the coastal grid (Fig. 3.4b) is represented by the 10-m contour line 

along the land (Bhaskaran et al., 2014). 

 

Fig 3.4. (a) The unstructured triangular grid covering the entire study area and (b) a 

zoomed-in view of the grid near the Chennai coastline. The red line depicts the zero-

contour coastline, while the land boundary is considered up to a 10 m topography 

contour line. 
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3.2. RESULTS AND DISCUSSIONS 

3.2.1. Comparison of the different atmospheric wind fields for the TC Varadah 

The spatial profiles of wind fields computed from asymmetric parametric wind models 

and background wind models during the stronger duration of TC Varadah are shown in 

Fig.3.5. It can be observed that RV is predicting better away from the cyclone center 

region due to its nature of gradient wind profile equation. However, wind intensity tends 

to diminishes too quickly away from the storm center for SLOSH. The WL06 winds 

did show few similarities to that of SLOSH winds. The HL80 and GAHM winds shared 

a lot of similarities. The differences were mostly observed in the outer region of the 

asymmetric nature of the cyclone due to the usage of the multiple-isotach approach in 

the GAHM. The maximum rotating component of wind speed produced by GAHM was 

38.9 m/s, whereas, for SLOSH, RV, WL06, and HL80 models, the maximum rotating 

component of wind speed predicted was 36 m/s along the track of TC Varadah. The 

background wind fields obtained from WRF and ECMWF winds were much more 

complex than those of the simple parametric wind models. The wind field obtained 

from the operational research WRF model produces very strong wind gusts at the radius 

of maximum wind with maximum rotating component wind speed indicating 44 m/s. 

In contrast, ECMWF reanalysis wind produces a significantly weaker rotating wind 

field with a maximum wind speed of 14 m/s along the track of TC Varadah.  

It was observed from the spatial distribution of wind field in WRF and ECMWF, ܴ௠௔௫ is higher than the observation made by JTWC. Whereas the ܴ௠௔௫ predicted by 

parametric wind fields are relatively less than the global wind models. Further, it was 

observed that the center of the cyclone depicted by the ECMWF deviated by a few 

degrees away from JTWC best track data, which was also reported previously by 

Walsh, (1997) and Landman et al., (2005). 
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Fig 3.5. Spatial distribution of the magnitude of cyclonic wind fields from a) SLOSH, 

b) RV, c) WL06, d) HL80, e) GAHM, f) ECMWF, and g) WRF wind models on 11 

December 2016 at 12:00 UTC. 

Fig. 3.6 shows the comparisons of radial profile among the SLOSH, RV, WL06, 

HL80 and GAHM at the snapshot time. Generally, from the radial profile observation, 

it can be seen that GAHM has predicted higher wind speed at ܴ௠௔௫ compared to the 

rest of the parametric wind models. In contrast, RV and WL06 models had predicted 

lower wind speeds. Further, it can be observed that moving far away from the cyclone 

center, RV has predicted high intensity while the rest of the other model winds are 

gradually reducing. The contour lines for 17.5 m/s (34-kt), 25.5 m/s (50-kt), and 33 m/s 

(64-kt) are shown for each wind snapshot at the matured stage of TC Varadah.  Fig. 

3.6a shows the South-West (SW) to North-East (NE) cross-section winds and Fig. 3.6b 

shows the North-West (NW) to South-East (SE) cross-section winds. The observed 

isotaches at radii from the JTWC "best track" are also plotted as vertical line segments 
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for reference. For a perfect match between the modelled and the observed isotaches, the 

radial profiles should meet close to the tip of the line segments at the same height. 

The statistical estimation from all the parametric wind models and observed 

isotaches at radii are shown in Table. 3.3. The GAHM had an almost perfect comparison 

with a mean wind speed, having a standard deviation ranging from 1.57 to 2.77 m/s. 

The SLOSH and HL80 have a good agreement with observation for the 33 m/s (64-kt) 

observed isotach but failed at the lower isotaches. The RV and WL06 winds behaved 

poorly, and the results also had an extensive spread compared to other parametric 

models. 

The parametric wind model wind fields over the cyclone durations are compared 

with the field observations at BD11 and BD14 (as shown in Fig. 3.3a). It can be seen 

that the location of BD11 is closer to the track of TC Varadah compared to BD14, which 

is located at the outer region of TC Varadah. The comparison between the different 

parametric wind models and the global wind model to understand the influence is 

shown in Fig. 3.7. It can be seen that GAHM performs better than the other parametric 

wind models at BD11, whereas RV predicts well at BD14 for this cyclone (Fig. 3.7a, 

and b). In the global or background wind models, WRF overestimates, and ECMWF 

underestimates the observed wind field at BD11. However, WRF performs well at 

BD14.  



55 

 

 

Fig 3.6. Comparison of radial wind profiles captured at matured stage (11 December 

2016, at 1200 UTC) of the TC Varadah among the SLOSH, RV, WL06, HL80, and 

GAHM winds obtained from JTWC best track input. For a) South West-North East 

quadrant and b) North West-South East quadrant. 

Table 3.3. Statistical analysis of modeled winds at radii to specified isotaches 

considering all the quadrants 

 Mean (m/s) Standard Deviation (m/s) 

Observed 
Iso-17.5 
(34kt-) 

Iso-25.5 
(50kt-) 

Iso-33 
(64kt-) 

Iso-17.5 
(34kt-) 

Iso-25.5 
(50kt-) 

Iso-33 
(64kt-) 

SLOSH 11.74 22.60 29.37 3.13 2.37 3.85 

RV 13.73 21.10 27.045 2.19 3.62 3.68 

WL06 15.22 21.37 25.89 2.34 2.59 2.79 

HL80 13.33 22.51 28.50 2.90 4.98 2.40 

GAHM 15.95 24.5 30.05 1.57 2.77 2.71 
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Fig 3.7. Comparison of simulated wind field from parametric TC Varadah wind 

models (i.e., SLOSH, RV, WL06, HL80, and GAHM) with the observed wind at a) 

BD11 and b) BD14. Comparison of simulated wind field from the background wind 

models (i.e., ECMWF and WRF) with the observed wind at c) BD11 and d) BD14. 

3.2.2. Blended wind field 

From the above analysis with different sources, it can be safely concluded that 

disadvantages of GAHM and WRF can be overcome by blending wind field together 

to represent the TC Varadah. Qiao et al., (2019) also attempted a similar blending 

technique with different parametric models. The spatial representation of the blended 

wind field (GAHM+WRF) is shown below in Fig. 3.8a. Comparing with Fig. 3.5, one 

could see a good representation in the inner and outer regions of the cyclone eye. 
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Fig 3.8. a) Depiction of the spatial distribution of blended wind field and b) radial 

profile of GAHM, WRF and blended wind fields for the TC Varadah cyclone 

captured on 11 December 2016, at 1200 UTC. 

Fig. 3.8b depicts the radial profile of the parametric wind field of GAHM, the 

background wind field obtained from WRF, and the blended wind field (GAHM+WRF) 

captured on 11 December 2016, at 1200 UTC during the TC Varadah event. The radial 

profile from GAHM+WRF compares well with the JTWC advisory (ܴ௠௔௫ of about 45 

km) and performs better than the WRF radius (about 100 km). The wind speed of 15 

m/s at the outer region of GAHM+WRF agrees with observed data at BD14, which is 

situated at the outer core region of the TC Varadah, compared to GAHM. From the 

spatial analysis, it is evident that the blended wind field aligns with the parametric wind 

near the eyewall (inner core) while seamlessly transitioning to the WRF wind in the 

outer core region. 

In order to evaluate the performance of parametric, background, and blended winds 

with the in-situ buoy measurements for TC Varadah in the BoB, a validation exercise 

has been conducted. Fig 3.9a illustrates that the WRF derived wind speeds are 

overestimated than those recorded by the buoy at BD11 (situated near cyclone track), 

while the wind speeds from GAHM and the blended model show good agreement with 

the observed data. 
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Similarly, Fig. 3.9b shows that the GAHM wind field underestimates with 

observed buoy wind at BD14 (far away from the cyclone track of Varadah). In contrast, 

the magnitude of WRF and blended winds are in good agreement with the observation. 

This indicates that the blended wind field closely follows the WRF wind pattern in the 

outer region of the cyclone, away from the storm center. 

 

Fig 3.9. Comparison of GAHM, WRF, and Blended wind speed with observed buoy 

wind speed at a) BD11 (situated nearer along the cyclonic track) and b) BD14 

(situated away from the cyclonic track) locations. 

The validation results are estimated in terms of RMSE and Mean Bias Error (MBE) 

for both the buoys, as shown in Fig. 3.10. The errors corresponding to wind speed at 

BD11 are considerably less for GAHM, followed by HL80. In contrast, WRF wind 

shows an overestimation of wind with respect to the observed wind (negative value of 

MBE). Similarly, the errors corresponding to wind speed at BD14 are considerably less 

for WRF, followed by RV, while ECMWF indicates an overestimation of wind 

intensity with respect to the observed wind.  

The errors associated with wind speed at the BD11 and BD14 buoy locations are 

notably lower for the blended wind field compared to the other wind models. This 

suggests that the blended wind field is more effective for operational applications, as 

indicated by the overall analysis. 
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Fig 3.10. a) MBE and RMSE at BD11 buoy and b) BD14 buoy locations. 

3.2.3. Impact on the surge, wind wave and inundation by different wind models 

The importance of the parametric, global, and blended model for a TC Varadah has 

been discussed in the previous section, and the best parametric model for all the past 

decade cyclones in BoB has been brought out. Now, the variations or influence of this 

wind field on the surge, significant wave height, and inundation extent are discussed. 

As discussed previously, the simulations were carried out using ADCIRC standalone 

and coupled ADCIRC+SWAN model for the different atmospheric wind field forcing. 

The residual water levels, also known as surge residuals or storm-induced surges 

(Murty et al., 2014; Pandey and Rao, 2018), are computed by subtracting tides from 

total water levels. The cyclone intensity started reducing as the cyclone reached the land 

surface. The landfall for the TC Varadah occurred at 80.32°E, 13.2°N near Chennai 

coast, at the low tide (-0.27 m), on 12 December 2016, at 0900 UTC. Predominant 

signatures of the storm-induced surge are significantly observed for the different 

atmospheric wind fields considered in the study. Thus, the storm-induced surge 

predicted by different atmospheric wind fields is in good agreement with the forecast 
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issued by the IMD report, except for ECMWF. IMD reported that “storm surge in low-

lying parts of Chennai and Tiruvallur districts of Tamil Nadu and Nellore district of 

Andhra Pradesh ranged in height from 1 m to 1.5 m above the astronomical tide at the 

time of landfall”. 

The variation of the maximum water level on the right and left side of the landfall 

locations can be represented using the Hovmöller diagram (Fig. 3.11b). The ECMWF 

wind field is more surging towards the left side of the coast from the actual landfall 

location, as indicated by the JTWC advisory. The strong wind gust produced from the 

WRF wind field is causing increased maximum water levels along the right side of the 

coast from the landfall location. As a result, it provides a reliable approximation of the 

wind field at a distance from the cyclone's center. It offers more precise predictions of 

surge and flooding extent along extensive coastal areas compared to other wind models.  

Overall, the figure clearly shows that the blended wind model shows a better 

representation on either side of the cyclone landfall than the rest of the models. It should 

be noted that the blending of GAHM+WRF is only attempted, and the blending of WRF 

with other parametric models is not carried out since the performance of GAHM is 

better than the rest of the parametric models. 

The ADCIRC standalone and coupled ADCIRC+SWAN models were used to 

calculate maximum storm-induced surge simulations. In both these simulations, the 

computed peak surge is observed near the landfall location near the Chennai coast 

(80.32°E, 13.2°N) on 12 December 2016, at 0900 UTC. The uncoupled simulation 

produced a maximum storm surge of approximately 0.95 m, while the coupled model 

simulation recorded around 1.10 m when using the blended wind field (GAHM+WRF) 

for the atmospheric forcing. The values of peak storm-induced surge for the SLOSH, 

RV, WL06, HL80, GAHM, ECMWF, and WRF atmospheric wind forcing are 

presented in Table. 3.4. The findings indicated that wave-induced radiation stresses led 

to a rise in surge heights ranging from approximately 13.68% to 24%  for the varying 

atmospheric wind forces during the TC Varadah event. This is in good agreement with 

previous studies (Dietrich et al., 2011; Sheng et al., 2010). 
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Fig 3.11.a) Using ADCIRC+SWAN, the storm-induced surge (m) caused by various 

atmospheric wind field forcing. The landfall time is shown by the red dot on the 

temporal plot (12 December 2016 0900 UTC) at the location 80.32°E, 13.2°N b). 

Hovmöller diagram indicating maximum water level (m) using coupled 

ADCIRC+SWAN for different atmospheric forcing that has been considered (along 

the y-axis). The distance measured along the coastline is referenced with the landfall 

point (80.32°E, 13.2°N) set as zero. Distances to the left of the landfall point are 

assigned negative values, while those to the right are given positive values. 

Table 3.4. Computed maximum storm-induced surge due to uncoupled ADCIRC 

Standalone and coupled ADCIRC+SWAN models near the landfall location (80.32°E, 

13.2°N) at landfall time (12 December 2016 0900 UTC) 
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Wind field 
Storm Induced Surge (m) 

ADCIRC Standalone ADCIRC+SWAN Percentage Change 

Blend 0.95 1.10 16.36% 

SLOSH 0.81 0.94 13.82% 

RV 0.80 0.93 13.97% 

WL06 0.82 0.95 13.68% 

HL80 0.89 1.04 14.42% 

GAHM 0.93 1.09 14.67% 

ECMWF 0.018 0.025 24% 

WRF 0.72 0.87 17.24% 

 

The wave height evolves rapidly to the changes in a cyclone’s wind field (Chen et 

al., 2019). Therefore, for the TC Varadah, the performance of the coupled 

hydrodynamic ADCIRC and SWAN model has been evaluated by comparing 

significant wave height from the different atmospheric wind field forcing with the 

observation (located about 150 km away from the landfall location at Krishnapattanam 

(80.14°E, 14.28°N)) as shown in Fig. 3.12a. Due to the poor wind field from ECMWF, 

the significant wave height (Hs) is poorly estimated compared to the rest of the wind 

fields. In contrast, from WRF, Hs has been overestimated. The RMSE and MBE for all 

the atmospheric wind forcing models are shown in Fig. 3.12b. The errors corresponding 

to significant wave height (m) are considerably less for blended wind fields, followed 

by GAHM, HL80, RV, WL06, and SLOSH wind models. The negative value of MBE 

indicates an overestimation of significant wave height with respect to the observation 

due to the strong wind gust produced by the WRF model. 
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Fig 3.12. a) Comparison of simulated significant wave height from different 

atmospheric forcing with observed in-situ buoy measurement situated at 

Krishnapattanam location (80.14°E, 14.28°N). b) MBE and RMSE calculated in terms 

of significant wave height (m). 

The peak wind speed from the different models needs to be analyzed to understand 

the variations of the significant wave height. The observed percentage of variations 

between peak wind speed from buoy data (BD11 & BD14) and the different models are 

shown in Table. 3.5. The parametric wind models (i.e., SLOSH, RV, WL06, HL80, and 

GAHM) underestimat peak wind speed from 2% to 29% compared with the observed 

wind speed at buoy BD11. Among all the parametric wind models, GAHM predicted 

peak wind speed is within 3%. The WRF wind simulation overestimated peak wind 

speed up to 24% compared with observed wind speed at BD11, while the differences 

are as high as 61% for the ECMWF winds. 

Similarly, the resulting parametric wind models underestimate peak wind speed 

from 24% to 83% compared with the observed wind speed at BD14, situated far away 

from the cyclonic track. Among all the parametric wind models, RV predicted peak 

wind speed within 24% in the outer core region of the storm, followed by GAHM, 
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SLOSH, HL80 and WL06, as indicated in Table. 3.5. The ECMWF wind overestimated 

peak wind speed up to 1.3% compared with observed wind speeds at BD14, and WRF 

wind is underestimated by 0.4%. Overall, the blended wind (GAHM+WRF) is 

underestimating with the least percentage of error at both BD11 (2%) and BD14 (18%) 

buoy locations. Table. 3.5 clearly shows that the larger deviation near the cyclone track 

wind field results in larger variations in the significant wave height. For example, a 

deviation of -29.1% in wind field leads to a deviation of -40% in significant wave height 

prediction. A similar observation was also pointed out by Torres et al., (2019). Overall, 

irrespective of the wind models (parametric, global, or blended), lesser deviations in 

the wind field are required to obtain a reasonable prediction of the significant wave 

height. Thus, GAHM and blended wind field are promising for the TC Varadah cyclone. 

Further, in the previous discussion over the past ten cyclone’s wind fields, GAHM 

predicts better for the BoB region.  

Table 3.5. Comparison of peak observed, simulated wind speed (m/s), and significant 

wave height (m) for different atmospheric wind forcing; error percentage in 

parentheses (negative values signify underestimation; positive values signify 

overestimation) 

 Observed WRF ECMWF 
Blended 

Wind 

Parametric Wind Models 

SLOSH RV WL06 HL80 GAHM 

Wind 
Speed 

(m/s) 

BD11 24.61 
30.59 

(+24.2%) 

9.48 

(-61.4%) 

24.05 

(-2.2%) 

17.45 

(-29.1%) 

18.14 

(-26.3%) 

21.04 

(-14.5%) 

21.92 

(-10.9%) 

24.05 

(-2.2%) 

BD14 9.30 
9.26 

(-0.4%) 

9.43 

(+1.3%) 

7.58 

(18.4%) 

4.26 

(-54.1%) 

7.05 

(-24.1%) 

1.61 

(-82.6%) 

1.78 

(-80.8%) 

6.08 

(-34.6%) 

Significant Wave 
Height (m) 

5.17 
7.66 

(+48.1%) 

0.65 

(-87.4%) 

5.14 

(-0.5%) 

3.07 

(-40.61) 

3.41 

(-34.1%) 

5.02 

(-2.9%) 

5.28 

(+2.1%) 

5.11 

(-1.1%) 

 

The destruction that occurs due to inundation due to storm surges in the BoB is an 

crucial issue for the lively hood of the coastal community, which is highly populated 

along India's east coast. Both ADCIRC standalone and coupled ADCIRC+SWAN 

simulation shows that the coastline in the north of Tamil Nadu and south of Andhra 

Pradesh is affected by storm surges with varying magnitudes. The INCOIS predicted 

inundation for three selected coastal locations (Nellore, Chennai, and Kancheepuram) 
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near the landfall is 300 m, 110 m, and 50 m, respectively. The computed onshore 

inundation extent at three selected coastal locations is shown in Fig. 3.13. The 

inundation distance varied from 30 m to 389 m for the different atmospheric forcing 

models considered in the study at the Nellore region. The highest inundation extent 

value of 389 m was predicted by the WRF wind model, followed by blended, GAHM, 

HL80, WL06, SLOSH, and RV wind forcing. The ECMWF wind has predicted the 

lowest inundation extent of 30 m along the low-lying areas of the coast of the Nellore 

district. Similarly, the computed coastal inundation extent ranges from 0 m to 140 m 

for the different atmospheric forcing considered in the study for both the Chennai and 

Kancheepuram regions. This is noticed from the inundation extent values presented in 

the table. 3.6, the ECMWF wind forcing predicts nil inland inundation along the coast 

of Chennai and Kancheepuram for the TC Varadah. The modeled surge penetration is 

higher at the Nellore coast compared to the Chennai and Kancheepuram coasts due to 

the low-lying area around the inland water body of Pullicat Lake. Overall the 

performance of the model computed inland inundation extent is in good agreement with 

the previous study (Bhaskaran et al., 2013) along the southern part of the east Indian 

coast. 

It is observed that there is a significant difference in the inundation extent for the 

parametric and global atmospheric wind forcing models. But, there is no significant 

difference in the inundation extent observed among the parametric wind forcing 

models. Also, it is observed that there is no notable variation in the extent of 

inundation.with (ADCIRC+SWAN) and without wave radiation stress (ADCIRC 

Standalone) for the TC Varadah simulation. Thus, the horizontal extent of inundation 

is significantly influenced by the characteristics of the local nearshore topography, even 

though variations in surge heights caused by differing atmospheric conditions is 

relatively less. 
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Fig 3.13. The model computed the inundation extent (in m) for the regions nearer to 

the landfall location along the coastline north of Tamil Nadu and south of Andhra 

Pradesh, which was affected by the storm Varadah. 

Table 3.6. Model computed inland inundation extent (m) along the coastline of three 

district places nearer to the landfall region using ADCIRC Standalone and coupled 

ADCIRC+SWAN model. 

Wind 
field 

Inland Inundation extent (m) 

Nellore 

(80.24E, 13.81N) 

Chennai 

(80.27E, 13.04N) 

Kancheepuram 

(80.21E, 12.66N) 

ADCIRC 
Standalone 

ADCIRC 
+ 

SWAN 

ADCIRC 
Standalone 

ADCIRC 
+ 

SWAN 

ADCIRC 
Standalone 

ADCIRC 
+ 

SWAN 

Blend 326 332 87 91 85 90 

SLOSH 326 328 78 80 80 85 

RV 326 326 80 82 78 80 

WL06 330 330 85 85 80 80 

HL80 326 331 88 88 88 90 

GAHM 330 330 85 90 86 90 

ECMWF 30 30 Nil Nil Nil Nil 

WRF 381 389 134 140 136 140 
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3.3.SUMMARY 

The expressions of various types of parametric models and background models and 

their descriptions have been presented. A coupled ADCIRC+SWAN model setup for 

the BoB domain is presented. Evaluation of SLOSH, RV, WL06, HL80, and GAHM 

parametric models has been performed in the BoB considering 10 historical cyclonic 

events. Evaluation of wind field derived from ECMWF Reanalysis and WRF 

background wind models is performed. Based on the accuracy assessments the best-

performing parametric and background wind model is used within the blending 

approach. Sensitivity to storm surge, wind wave, and inundation by the various wind 

models have been analyzed and comprehensively discussed. 
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CHAPTER 4 

MORPHODYNAMIC RESPONSE TO THE CYCLONE EVENTS2 

4.1. GENERAL 

Modeling morphodynamic bed evolution during storm surges is vital for the BoB coast 

due to its susceptibility to cyclones and rising sea levels. It helps predicting seabed 

changes, guiding coastal management and disaster preparedness to protect 

communities, ecosystems, and infrastructure from erosion and sediment shifts. Most 

research has focused on the hydrodynamic effects of cyclones, with limited studies on 

their impact on morphodynamics along BoB coasts. Therefore, present study 

implements a coupled hydrodynamic wave and morphodynamic model framework. The 

prediction accuracy of storm surge, wind waves, and morphodynamic bed evolution 

depends on the accuracy of the wind field. Thus the present study introduce a modified 

parametric model for the BoB within the coupled model framework for the atmospheric 

forcing. Additionally, the study assesses various total bed load transport formulations 

for currents and waves to predict bed evolution during cyclones, evaluating their 

suitability for the open coast of the BoB region. 

4.1. MODEL, DATA AND METHODOLOGY 

Present study uses a coupled hydrodynamic (TELEMAC-2D) –wave (TOMAWAC) –

morphodynamic (GAIA) model framework to simulate storm surges, wind waves, and 

sediment dynamics during TCs in the BoB. Section 2.2 of Chapter─2 provides detailed 

descriptions of the TELEMAC-2D, TOMAWAC, and GAIA models. The study 

examines the performance of eight different sediment transport formulations—both for 

currents alone and for currents along with waves—as listed in Table 2.1, using the 

 
2 This work is published in: “Shashank V G, Sriram V, Schüttrumpf H., Sannasiraj S. A., Investigation 
of morphodynamic response to the storm-induced currents and waves in the Bay of Bengal, Applied 
Ocean Research, Volume 153, 2024, 104285, ISSN 0141-1187, 
https://doi.org/10.1016/j.apor.2024.104285”. 
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GAIA model to analyse morphodynamics during storm surges. Appendix B includes a 

brief description of each sediment transport formulation. 

4.1.1. Atmospheric forcing  

Present study introduced a new modified version of a parametric wind model for the 

BoB. Additionally, the study also evaluated the performance of two existing modified 

parametric wind models proposed for the BoB and compared them with the newly 

introduced model.  

4.1.1.1.Murty et al., (2016) 

Murty et al., (2016) incorporated a power law (qr) fitted to the original Jelesnianski 

wind formulation (Jelesnianski, 1966).  Murty et al., (2016) incorporated a value of 

qr=3/5 based on numerical simulations. The selection of optimum (qr) is important for 

depicting the wind field in the away from the cyclone center region. This slight 

modification to the existing Jelesnianski wind formulation offers a fairly accurate 

approximation of the surface wind patterns at a distance away from the cyclone's core. 

The gradient wind speed distribution ܸ(ݎ) is given as:  

(ݎ)ܸ = ௠ܸ௔௫ ( ௠௔௫ܴ௠௔௫2ܴݎ2 +        ௤ೝ(2ݎ
(4.1) 

4.1.1.2.Pandey and Rao, (2018) 

The study by Pandey and Rao. (2018) further added modifications to the wind field 

proposed by Murty et al., (2016). Pandey and Rao (2018) integrated the original 

Jelesnianski wind formulation (Jelesnianski, 1966) within the radius of maximum wind 

from the cyclone center (r ≤ ܴ ௠௔௫) and used the modified Jelesnianski wind formulation 

proposed by Murty et al., (2016) beyond the Rmax (r >ܴ௠௔௫). Along with this, Pandey 

and Rao, (2018) also adjusted inflow angle uniformly 25°. Compared to the original 

Jelesnianski wind formulation, this adjustment led to a 30% reduction in the rate of 

exponential decay and an expansion in the radial reach of the wind within the cyclone's 

outer core area. The gradient wind speed distribution  ܸ(ݎ) is given as: 
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(ݎ)ܸ = ௠ܸ௔௫ ( ௠௔௫ܴ௠௔௫2ܴݎ2 + (2ݎ ݎ   ݎ݋݂ ≤ ܴ௠௔௫ 

(ݎ)ܸ = ௠ܸ௔௫ ( ௠௔௫ܴ௠௔௫2ܴݎ2 + ௤ೝ(2ݎ ݎ  ݎ݋݂ > ܴ௠௔௫ 

(4.2) 

 

4.1.1.3.Generalized Asymmetric Holland Model + Rankine Vortex Model 

(GAHM+RV) 

In present study, a new modified parametric model for atmospheric forcing is 

introduced which is based on an evaluation of various parametric wind models 

presented in Chapter─3 where the performance of five renowned parametric wind 

models—SLOSH, RV, WL06, HL80, and GAHM—were analyzed for ten cyclonic 

events in the BoB. The wind profiles of different parametric wind models for the 

Varadah cyclone case study are also presented. The findings indicate that among the 

parametric models considered, GAHM (Gao et al., 2013, 2018) depicts the wind field 

near the cyclone center with better accuracy, while the RV model (Depperman, 1947) 

depicts the wind field with better accuracy for the areas away from the center. This 

finding motived to incorporate the wind field in the manner presented by Pandey and 

Rao, (2018), i.e., by integrating GAHM within the Rmax (r ≤ ܴ ௠௔௫) and adopting the RV 

formulation beyond it (r > ܴ ௠௔௫). The gradient wind speed distribution for GAHM+RV 

model ܸ(ݎ) is given as:  

(ݎ)ܸ = {  
  √ mܸax 2 (1 + 1ܴ0) ݁1−(ோ೘ೌೣ௥ )ಳ೒ (ܴ௠௔௫ݎ )஻೒ + 2݂ݎ) )2 − 2݂ݎ) ) ݎ   ݎ݋݂  ≤ ܴ௠௔௫  

௠ܸ௔௫ (ܴ௠௔௫ݎ )0.5 , ݎ     > ܴ௠௔௫ ݎ  ݎ݋݂     > ܴ௠௔௫             (4.3) 

The terminologies used in the equations were explained in Chapter─3. To the best of 

the author’s knowledge, no study has incorporated the aforementioned parametric wind 

models within a coupled TELEMAC-2D+TOMAWAC+GAIA model framework for 

atmospheric forcing. The performance evaluation of the modified wind formulation for 

the BoB is discussed in Section 4.3.1. The best-performing wind model will 
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subsequently be used in the computation of storm surges, wind waves, and 

morphological bed evolution using the coupled model framework. 

4.1.2. Data 

In order to cover both nearshore and deepwater regions effectively, the present 

modeling work uses a blended dataset from the GEBCO and the Shuttle Radar 

Topography Mission (SRTM) (Fig. 4.1a). The SRTM data provides a 30 m resolution. 

The GEBCO gridded bathymetry that is derived based on combination of satellite-

derived gravity data with quality-controlled depth soundings to give a global 450 m 

resolution grid. For the nearshore coastal areas, a high-resolution data product is 

necessary for a realistic modelling of morphological bed evolution (Zhang et al., 2010). 

The researchers consider the hybrid-blended method employed in the study to be highly 

effective, providing an accurate prediction of potential surge formation and changes in 

nearshore bed morphology.  

The present study examines three cyclones: TC Hudhud (2014), Varadah (2016), and 

Nivar (2020). The track information of the TCs has been sourced from the best track 

details provided by the JTWC. A concise overview of TC Varadah is provided in 

Chapter─3. Details about TC Hudhud (2014) and TC Nivar (2020) are described below. 

 ESCS Hudhud was a powerful TC that caused significant damage and fatalities 

along the eastern coast of India in October 2014. From a low-pressure system in the 

Andaman Sea on October 6, Hudhud intensified rapidly, becoming a VSCS by the IMD 

on October 10. On October 11, Hudhud rapidly intensified and formed an eye at its 

center on October 11. It reached peak strength with wind speeds of 59 m/s and a central 

pressure of 937 mbar before making landfall near Visakhapatnam on October 12. 

 VSCS Nivar significantly affected Tamil Nadu and Andhra Pradesh in late 

November 2020. A low-pressure system developed in the BoB near Tamil Nadu on 

November 22, strengthening into a depression by early November 23 and further 

intensifying into CS Nivar on November 24. The IMD issued cyclone warnings to Tamil 

Nadu, Pondicherry, and Sri Lanka. Nivar peaked as a VSCS on November 25, with 

wind speeds of 34 m/s and a central pressure of 975 hPa, making landfall near 

Marakkanam at midnight. By November 26, it had weakened to a deep depression. 
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Fig 4. 1. (a) Best estimated track (source: JTWC) of the TC Hudhud (2014), Varadah 

(2016), and Nivar (2020). The color bar denotes the bathymetry depth of the whole 

domain from the blended dataset from SRTM and GEBCO. (b) The temporal variation 

of wind speed (m/s) and surface pressure (in hPa) from the JTWC track data for TC 

Hudhud, (c) Varadah, (d) Nivar, and the red dot on the time series plots indicate 

landfall time. 

4.1.3. Model Setup 

This present focuses on the open coastline along the eastern coast of India. A finite-

element unstructured mesh for this region was generated using the Blue Kenue software 

package, incorporating blended SRTM+GEBCO bathymetry data. The details of the 

tuned parameters considered for the coupled numerical setup are provided in Table. 4.1. 

 

Table 4. 1 Salient features of coupled numerical model setup 

 TELEMAC-2D TOMAWAC GAIA 

Bathymetry SRTM+GEBCO + Field 
measured data 

- - 

Method of 
discretization 

Finite element - - 

Mesh size Nearshore coast: 35 m - - 
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Open ocean: 4 km 
Number of 
elements 

2,58,845 - - 

Number of nodes 1,31,502 - - 
Simulation period 8 days for TC Nivar (2020) 

3 days for TC Hudhud (2014) 
and TC Varadah (2016) 

- - 

Time step 20 s 1800 s 20 s 
Tidal boundary 
condition 

TPXO database  
Egbert and Erofeeva, (2002) 

  

Wind model GAHM+RV   
Bottom stress 
formulation 

Nonlinear spatially varying 
quadratic friction law 

 - 

Law of bottom 
friction 

Manning’s law  - 

Manning’s 
coefficient 

0.020  - 

Wind drag law Institute of Oceanographic 
Sciences, United Kingdom 
(Tassi and Villaret, 2014) 

  

Total sediment 
transport formula 

  Table. 2.1 

 

4.1.4. Methodology 

In the study, the evaluation of the newly proposed GAHM+RV model is performed and 

compared with the performance of modified wind field formulations proposed by Murty 

et al., (2016) and Pandey and Rao (2018) for the BoB. While various studies have 

compared the performance of different parametric wind models for the BoB (Das, 2018; 

Shashank et al., 2022; Sebastian et al., 2023), present study specifically focuses on 

evaluating and comparing only the modified approaches. This focus is due to the fact 

that modified cyclone wind field formulations have demonstrated greater accuracy than 

the original formulations for the BoB in recent literature.  

Storm surge models can yield different conclusions for a small number of events 

(Salcines et al., 2019). Therefore, we have considered ten historical cyclonic events 

from the past decade (2010–2020), as depicted in Fig. 4.2. The model-simulated winds 

are compared with wind data collected from deep-water moored buoys (BD09, BD10, 

and BD11).  INCOIS provides the observed wind data on its website. Table. 4.2 lists 

the buoy locations used in the present study, and Venkatesan et al., (2013) provided the 

sensor specifications. The cyclones, their classifications according to the IMD, and their 
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corresponding observation buoy locations are provided in Table. 4.3. For validation of 

wind models, present study considered 72 hours of observed data from the nearest 

available buoy location for each cyclone case. 

 

Fig 4. 2. Tracks of various cyclonic events that occurred in the Bay of Bengal over the 

past decade (2010–2020). 

Table 4.2. Details of the buoy locations 

Buoy Latitude Longitude 

BD09 18°N 89°E 

BD10 16.3°N 88°E 

BD11 14°N 83°E 

BD14 8°N 85°E 
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Table 4.3. A list of cyclones along with their classifications by the IMD and the 

nearest available observed buoy data used for each cyclonic track over a period of 72 

hours (3 days). 

 

The simulated morphodynamic bed evolution from the coupled model is 

validated against field measurements. In order to measure bed evolution, the 

morphodynamic response along the Tamilnadu coast is considered for the cyclonic 

event Nivar (2020), as shown in Fig 4.3a. Bathymetry measurements were conducted 

before and after Cyclone Nivar for a small area of approximately 1 square km near 

Pondicherry (Fig. 4.3b). Pre-storm bathymetry data (Fig. 4.3c) was collected on 

November 20, 2020, and post-cyclone field data (Fig. 4.3d) was gathered on November 

28, 2020. Measurements were taken up to a water depth of 6 m. The difference in 

bathymetry between pre- and post-cyclone conditions is considered as the field-

measured bed evolution (Fig. 4.3e). This measured bed evolution is within the range of 

± 0.6 m. The pre-storm bathymetry data collected was utilized as the initial depth at the 

measured location (Fig. 4.3c) and combined with the blended SRTM+GEBCO data to 

generate the unstructured mesh for the model setup. Thus, the coupled numerical model 

simulations are carried out to evaluate the performance of different sediment transport 

formulations (Table. 2.1) considered in the morphodynamic model to predict the 

morphodynamic bed evolution during the combined action of storm-induced currents 

Cyclone 

Case 

IMD 

Classific

ation 

Cyclone start 

time 

Cyclone end 

time 

Observed 

Buoy 

Station 

Phalin ESCS 10-10-2013:00 13-10-2013:00 BD09 

Helan SCS 19-11-2013:00 22-11-2013:00 BD11 

Lehar VSCS 25-11-2013:00 28-11-2013:00 BD11 

Madi VSCS 07-12-2013:00 10-12-2013:00 BD11 

Hudhud ESCS 09-10-2014:00 12-10-2014:00 BD10 

Varadah VSCS 09-12-2016:12 12-12-2016:12 BD11 

Titli VSCS 09-10-2018:00 12-10-2018:00 BD10 

Gaja VSCS 14-11-2018:00 17-11-2018:00 BD11 

Fani ESCS 30-04-2019:00 03-05-2019:00 BD10 

Bulbul VSCS 08-11-2019:00 11-11-2019:00 BD10 
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and waves. Thus, the simulated bed evolution for TC Nivar (2020) for each sediment 

transport formula using a coupled model is validated against field-measured bed 

evolution (Fig. 4.3e).   

 

Fig 4. 3. a) Displays an unstructured mesh showing measured bathymetry (m) near the 

Puducherry area (highlighted by the orange box) along the Tamil Nadu coast. The 

black arrow line shows the track of Cyclone Nivar (2020). B) Enlarged view of 

measured bathymetry. c) Enlarged view of pre-storm measured bathymetry data. c) 

Enlarged view of post-storm measured bathymetry data. d) Measured morphodynamic 

bed evolution. 

To assess the quality of the simulations and the impact of different sediment 

transport formulas, the present study employs the Brier Skill Score (BSS) as per 

VanRijn et al., (2003). The BSS, in general, is applicable for evaluating spatially 

varying quantities. The BSS formula proposed by Van Rijn et al., (2003) used is 

depicted as follows:  

(ܵܵܤ) ݁ݎ݋ܿܵ ݈݈݅݇ܵ ݎ݁݅ݎܤ =  1 − [⟨(|ܼ஻஼ − ܼ஻ெ| − ∆ܼ஻ெ)2⟩⟨(ܼ஻0 − ܼ஻ெ)2⟩ ] (4.4) 

 

Where ܼ஻஼  computed bed evolution by the model is, ܼ஻ெ is field measured bed 

evolution, ∆ܼ஻ெ is bed level measured error. ∆ܼ஻ெ = 0.1 m for bed level in field 

conditions (VanRijn et al., 2003). ܼ஻0 is the initial bed level. The evaluation of BSS 
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categorizes the quality of the simulated model results into five classifications, as shown 

in Table. 4.4. 

Table 4.4 Classification of Brier Skill score by Van Rijn et al., (2003) 

 

 

 

Furthermore, the best-performing sediment transport formulas from the validation 

results for both currents, and currents combined with waves, will be used to simulate 

the morphological bed evolution caused by the other two storms (i.e., Hudhud (2014), 

and Varadah (2016)) along the nearshore area of the open coast of the BoB to understand 

their suitability. 

4.2. RESULTS AND DISCUSSIONS 

4.2.1. Comparison of modified cyclone wind models for the BoB 

Based on observed data from the nearest available buoy location for each of the 

historical cyclone events in the BoB (Fig. 4.2 and Table. 4.3), the performance of each 

of the three modified parametric wind models considered are shown in Fig. 4.4. The 

validation results are estimated in terms of RMSE and CC. The results indicate that the 

GAHM+RV model performs better with an RMSE of 3.07 m/s and CC of 0.77 as 

compared to modified wind models proposed by Pandey and Rao, (2018), and Murty et 

al., (2016). The modification to the original Jelesnianski, (1966) wind formulation 

proposed by Pandey and Rao, (2018) demonstrates better accuracy, with RMSE of 3.23 

m/s and CC of 0.75, as compared to the modifications proposed by Murty et al., (2016), 

which has an RMSE of 3.39 m/s and CC of 0.74. The study by Shashank et al., (2022) 

showed that, for the same wind conditions, GAHM performed with RMSE of 3.15 m/s 

and CC of 0.74. While RV performed with an RMSE of 3.53 m/s and CC of 0.62. The 

combined strengths of the GAHM and RV models, which represent the wind field near 

the cyclone center (r ≤ ܴ ௠௔௫) and away from the cyclone center (r > ܴ ௠௔௫) respectively 

shows better accuracy compared to the individual GAHM and RV as well. Fig. 4.4 also 

Score Classification 
<0 Bad 
0─0.3 Poor 
0.3─0.6 Reasonable 
0.6─0.8 Good 
0.8─1 Excellent 
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indicates that GAHM+RV performs better at lower wind speeds, as the data points are 

closer to the best-fit line. This demonstrates that GAHM+RV is more effective along 

the area farther from the cyclone center as compared to the modified wind formulations 

proposed by Pandey and Rao, (2018), and Murty et al., (2016). This analysis provides 

an overall comparison of the wind fields using the modified parametric wind models 

examined in the present study. To gain a more detailed understanding of each model’s 

performance, a typical TC Varadah will be considered from this list.  

Fig 4. 4. In the x-axis, observed wind speed from buoy locations and the y-axis 

corresponds to simulated wind speed from a) Murty et al., (2016) b) Pandey and Rao, 

(2018) c) GAHM+RV models. ‘R’ and ‘C’ denote RMSE and correlation coefficients, 

respectively. 

The spatial profiles of modeled wind fields from modified parametric wind 

formulations during the stronger phase of TC Varadah (2016) are shown in Fig. 4.5a, 

4.5b, and 4.5c for Murty et al., (2016), Pandey and Rao, (2018) and GAHM+RV 

models, respectively. Additionally, variations in the spatial distribution of maximum 

wind speeds (m/s) from these models for the entire duration of TC Varadah are shown 

in Fig. 4.5d, 4.5e, and 4.5f for Murty et al., (2016), Pandey and Rao, (2018), and 

GAHM+RV models, respectively. It can be observed from the spatial distribution of 

modeled wind fields that the GAHM+RV model is predicting better away from the 

cyclone center region compared to the models by Pandey and Rao, (2018) and Murty 

et al., (2016). This improved performance is attributed to the robust gradient wind 

profile (Eqn. 4.3) proposed in the study. The GAHM+RV model generated a peak 

rotational wind speed of 37.5 m/s. In comparison, the models by Murty et al., (2016) 
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and Pandey and Rao (2018) models produced maximum rotational wind speeds of 36.6 

m/s and 35.7 m/s, respectively, along the track of TC Varadah. The modeled wind 

profiles and maximum wind speeds from the modified formulations proposed by Murty 

et al., (2016) and Pandey and Rao, (2018) exhibit similarity in the spatial distribution 

of wind patterns. However, the wind formulation by Pandey and Rao, (2018) 

demonstrates a slightly broader spatial distribution of winds, depicting the wind field 

more effectively away from the cyclone center compared to the formulation by Murty 

et al., (2016). This may be due to combined effect of incorporation of frictional inflow 

angle as specified in Pandey and Rao, (2018) and imposing the Murty et al., (2016) 

wind model away from the cyclone center region (r > ܴ ௠௔௫) while retaining the original 

Jelesnianski, (1966) wind field near the cyclone center (r ≤ ܴ௠௔௫) in the formulation as 

indicated in Eqn. (8.5). 

 

Fig 4. 5. Spatial distribution of the magnitude (m/s) of cyclonic wind fields from a) 

Murty et al., (2016) b) Pandey and Rao, (2018) c) GAHM+RV wind models captured 

on 11 December 2016 at 12:00 UTC. Maximum wind speed (m/s) patterns from d) 

Murty et al., (2016) e) Pandey and Rao, (2018) f) GAHM+RV wind models for the 

entire duration of TC Varadah (2016). 
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The time series of parametric wind model wind fields over the cyclone durations 

are compared with the field observations at BD11 and BD14 (as shown in Fig. 4.2). It 

can be seen that the location of BD11 is closer to the track of TC Varadah compared to 

BD14, which is located at the outer region of TC Varadah. It can be seen that 

GAHM+RV shows a better match at both BD11 (Fig. 4.6a) and BD14 (Fig. 4.6b) as 

compared to Murty et al., (2016), and Pandey and Rao, (2018) wind models. Murty et 

al., (2016), and Pandey and Rao, (2018) models show similarity in predicting time 

series as well. However, Pandey and Rao, (2018) wind model predicts the wind speed 

with better accuracy at both BD11 and BD14 than Murty et al., (2016) wind model, as 

shown in Fig. 4.6c. Additionally, it is observed that modifications made to the original 

Jelesnianski (1966) wind formulations by Murty et al., (2016) and Pandey and Rao 

(2018) show improved accuracy over the original Jelesnianski, (1966) formulations at 

both BD11 and BD14 compared to the original Jelesnianski (1966) wind formulation 

for the TC Varadah in the BoB (Shashank et al., 2022). Shashank et al., (2022) showed 

the blended wind field GAHM+WRF based on Pan et al., (2016) approach performing 

with RMSE of 2.45 m/s and 1.09 m/s at BD11 and BD14, respectively. While the 

proposed GAHM+RV is performing with RMSE of 2.51 m/s and 1.26 m/s at BD11 and 

BD14 respectively, as shown in Fig. 4.6c. This comparison shows that GAHM+RV 

closely matches the performance of the blended GAHM+WRF model with less 

computational cost. Therefore, for all the simulations, the present study employs a wind 

field derived from the GAHM+RV model within a coupled hydrodynamic, wave, and 

morphodynamic framework to simulate storm surge, wind-generated waves, and 

morphodynamic bed evolution. 
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Fig 4. 6. Comparison of simulated winds from Murty et al., (2016), Pandey and Rao, 

(2018), and GAHM+RV models with the observed buoy wind speed at a) BD11 

(situated nearer along the cyclonic track) and b) BD14 (situated away from the 

cyclonic track) locations. A) RMSE at BD11 and BD14 buoy locations for Murty et 

al., (2016), Pandey and Rao, (2018), and GAHM+RV wind models. 

4.2.2. Validation of Hydrodynamic and Wind Wave models 

The validation of simulated storm surges and wind waves was performed using the 

internally coupled TELEMAC-2D+TOMAWAC+GAIA models for TC Hudhud (2014) 

and TC Varadah (2016). The internally coupled model offers a more realistic depiction 

of storm surges by incorporating the wave-induced radiation stress effect and the effect 

of morphodynamic bed level changes on water levels within the model coupling 

approach. The in-situ observations from tide gauges and wave rider buoys are sourced 

from INCOIS.  

4.2.2.1.Model validation for TC Hudhud (2014) 

The TC Hudhud (2014) made landfall on 12 October 2014 at 0700 UTC. The spatial 

depiction of total water levels at the landfall is shown in Fig. 4.7a. The Predominant 

signatures of the storm-induced surge are significantly observed at the landfall. The 

simulated peak surge height is 1.22 m. This value is in good agreement with the forecast 

issued by the IMD report. The time series of simulated surge residuals from the coupled 

model is validated with observed residuals obtained from the nearest available tide 

gauge station located at Visakhapatnam (83.28°E, 17.68°N).  The comparison shown in 

Fig. 4.7b demonstrates a good match between model computation and observation data 

with CC = 0.88 and RMSE = 0.26 m. This result agrees with the previous study by 

Murthy et al., (2020) and Pandey and Rao, (2018).  

Similarly, the spatial plot depicting the significant wave height for TC Hudhud 

(2014) at landfall is shown in Fig. 4.7c. The simulated peak significant wave height 

reached up to 10 m on the right side of the landfall location. This finding aligns well 

with the SWAN simulation results reported by Samiksha et al., (2017). The validation 

of the time series of simulated significant wave height with the observed in-situ 

significant wave height observations (obtained from the Visakhapatnam wave rider 
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buoy) during Hudhud (2014) is shown in Fig. 4.7. The modeled wave heights align 

closely with the observed wave heights, demonstrating good agreement. This is further 

supported by statistical evidence, with a high CC of 0.95 and RMSE of 0.90 m. 

 

 

Fig 4. 7. a) Spatial depiction of total water levels (m), and significant wave height (m) 

at the landfall for TC Hudhud (2014). B) Validation of time series of simulated 

residual water levels, and (d) significant wave height with observation near 

Visakhapatnam. The black square dot represents the tide gauge station located near 

Visakhapatnam. 

4.2.2.2.Model validation for TC Varadah (2016) 

A similar validation practice was also performed for the TC Varadah (2016). The 

landfall of the TC Varadah occurred at 80.32°E, 13.2°N near the Chennai coast on 12 

December 2016, at 0900 UTC. The special depiction of total water levels at the landfall 

is shown in Fig. 4.8a, and Fig. 4.8b shows a comparison between the time series of 

residual water levels derived from model simulations and those observed at the tide 

gauge location (80.33° E, and 13.25° N). The simulated peak surge height near the 

landfall is 0.98 m, which is in good agreement with the forecast provided in the IMD 
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report. The comparison reveals a strong alignment between the model's calculations and 

the observed data with CC = 0.98 and RMSE = 0.09 m. This result agrees with the 

previous study by Rohini et al., (2022). 

Similarly, the spatial plot depicting the significant wave height for TC Varadah 

(2016) at landfall is shown in Fig. 4.8c. The simulated peak significant wave height 

reached up to 8 m on the right side of the landfall location. This finding aligns well with 

the SWAN simulation results reported by Shankar and Behera, (2019). The validation 

of the time series of simulated significant wave height with the observed in-situ 

significant wave height observations (located about 150 km away from the landfall 

location at Krishnapattanam (80.14°E, 14.28°N) is shown in Fig. 4.8d. The modeled 

wave heights align closely with the observed wave heights, demonstrating good 

agreement. This is further supported by statistical evidence, with a high CC of 0.95 and 

a RMSE of 0.76 m. 

 

Fig 4. 8. a) Spatial depiction of total water levels (m) and © significant wave height 

(m) at the landfall for TC Varadah (2016). B) Validation of time series of simulated 

residual water levels, and (d) significant wave height with observation near Chennai. 

The black square dot represents the observation station located near Chennai. 



84 

 

4.2.3. Evaluation of different bed load transport formulations for TC Nivar 

(2020)  

Eight simulations were conducted using different sediment transport formulations 

(Table. 2.1) within the coupled framework to investigate the impact of storm-induced 

currents and the current-wave interaction on bottom evolution. The first four formulas 

considered only currents, while the remaining four accounted for currents and waves. 

The performance of all sediment transport formulations is evaluated by comparing the 

simulated bed evolution from each formulation with the field-measured bed evolution 

(Fig. 8.4c) for TC Nivar (2020). 

4.2.3.1.Effect of storm-induced currents on morphological bed evolution 

Firstly, the effect of currents induced by storm Nivar (2020) on the morphodynamic bed 

evolution is assessed for the four different sediment transport formulations. When 

considering the effect of currents alone, the MPM, EB, EH, and VR formulations are 

valid for predicting morphological bed evolution. Fig. 4.9 presents the spatial 

predictions of morphological bed evolution by the MPM, EB, EH, and VR 

formulations. Table. 4.5 provides the estimated BSS values for these formulations. The 

spatial plots (Fig. 4.9) reveal that the morphological bed evolution predicted by the EH 

formulation (Fig. 4.9d) closely matches the field-measured morphological bed 

evolution (Fig. 4.9a) compared to the MPM, EB, and VR formulations. The BSS 

analysis indicates that the EH formulation’s morphological bed evolution predictions 

are classified as good, with a skill score of 0.61. Nevertheless, the VR formulation’s 

predictions are classified as reasonable, with a skill score of 0.33. The MPM and EB 

formulations are categorized as poor, with skill scores of 0.15 and 0.11, respectively. 

The BoB’s coastal regions are characterized by fine to medium sediment sizes (Sarwar 

& Borthwick, 2023). Specifically, the sediments near the Puducherry coast are 

moderately well-sorted and display positive symmetrical skewness characteristics 

(Angusamy and Rajamanickam, 2007). The EH formula is more effective for predicting 

bed evolution in environments with finer sediments, whereas the MPM and EB 

formulas are better suited for coarser sediments. While the VR formula is 

comprehensive for a wide range of sediment sizes. However, it may not perform well 
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under flow characteristics that have not met the threshold conditions (Saichenthur et 

al., 2022).  

 

Fig 4. 9. a) Spatial representation of field-measured morphological bed evolution (m) 

near the Puducherry coast and the corresponding spatial predictions of morphological 

bed evolution (m) made by b) Meyer-Peter-Muller (MPM), c) Einstein-Brown (EB), 

d) Engelund-Hansen (EH), and e) van Rijn’s (VR) formulations. 

4.2.3.2.Effect of storm-induced Currents and waves on Morphological Bed 

Evolution 

Further, the effect of currents and waves induced by storm Nivar (2020) on the 

morphodynamic bed evolution is assessed for the different sediment transport 

formulations. Fig. 4.10 presents the spatial predictions of morphological bed evolution 

by the BJ, SVR, BL, and DW formulations. Table. 4.5 provides the estimated BSS 

values for these formulations. The spatial plots (Fig. 4.10) reveal that the morphological 

bed evolution predicted by the BJ (Fig. 4.10b) and SVR formulation (Fig. 4.10c) shows 

a good comparison with the field-measured morphological bed evolution (Fig. 4.10a) 
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than the BL and DW formulations. The BSS analysis indicates that the BJ formulation’s 

morphological bed evolution predictions are classified as good, with a skill score of 

0.70. However, the SVR formulation’s predictions are classified as reasonable, with a 

skill score 0.51. The BL and DW formulations are categorized as poor, with skill scores 

of 0.21 and 0.09, respectively.  

The spatial depiction in Fig. 4.10 shows that BJ and SVR predict morphological 

bed evolution within a measured range of ±0.6 m. However, the BJ pattern aligns more 

closely with the field-measured observations than SVR. BJ and SVR formulas are more 

effective for predicting bed evolution in environments with a sediment size of 0.1 mm 

under the combined action of currents and waves induced by storms. BJ is sensitive to 

bed roughness for the given sediment size (Bijker, 1992; Camenen and Larroudé, 2003), 

while SVR offers a comprehensive approach by considering both bed load and 

suspended load transport under wave and current conditions (Soulsby, 1997; Camenen 

and Larroudé, 2003; van Rijn, 2007). However, the BL and DW formulas indicate 

morphological bed evolution that does not approach zero but instead tends towards 

minimal values. This could be because the threshold values of the shear stresses in BL 

and DW formulations are not attained (Camenen and Larroudé, 2003). Also, both BL 

and DW formulations are specifically developed for wave-dominated environments and 

may not adequately account for the significant current interactions during storms in the 

BoB. Further, BL and DW formulations are based on data sets that do not entirely 

represent the open coast such as BoB’s, which has unique hydrodynamic and 

sedimentation conditions, especially during storms. Thus, limiting their accuracies. In 

contrast, BJ and SVR formulations have been widely validated in various coastal 

settings, providing confidence in their applicability to the open coast of the BoB during 

storm conditions (Camenen and Larroudé, 2003). 
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Fig 4. 10. a) Spatial representation of field-measured morphological bed evolution (m) 

near the Puducherry coast and the corresponding spatial predictions of morphological 

bed evolution (m) made by b) Meyer-Peter-Muller (MPM), c) Einstein-Brown (EB), 

d) Engelund-Hansen (EH), and e) van Rijn’s (VR) formulations. 

Table 4.5 Evaluation of various bed load transport models using the BSS metric and 

their corresponding categorization 

 

Model Sediment Transport 

Equation 
Brier Skill Score Classification 

Currents 

(Telemac2D + 
GAIA) 

Meyer-Peter-Muller formula 0.15 Poor 

Einstein-Brown formula 0.11 Poor 

Engelund-Hansen formula 0.61 Good 

van Rijn’s formula 0.33 Reasonable 

Wave + Currents 

(Telemac2D + 
TOMAWAC + 
GAIA) 

Bijker’s formula 0.70 Good 

Soulsby-van Rijn 0.51 Reasonable 

Bailard’s formula 0.21 Poor 

Dibajnia and Watanabe 0.09 Poor 
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4.2.3.3.Cross shore variations of simulated morphological bed evolution 

Present study also compares the cross-section of field-measured bed evolution with 

model-simulated bed evolution using the EH formulation for currents and the BJ 

formulation for currents combined with waves. This is because the BSS skill score 

indicates that EH and BJ formulations provide more accurate morphological bed 

evolution predictions than the other formulations considered (Table. 4.5) for currents 

and currents with waves, respectively. Therefore, in this section, the morphological bed 

evolution predicted by EH and BJ has been taken into consideration for analysis. Fig. 

4.11a shows that six cross-sections were considered. Three are taken vertically from the 

South-North direction [i.e., cross-section 1-1’ (Fig. 4.11b), cross-section 2-2’ (Fig. 

4.11c), and cross-section 3-3’ (Fig. 4.11d)], and the three are taken horizontally from 

the west-east direction [i.e., cross-section 4-4’ (Fig. 4.11e), cross-section 5-5’ (Fig. 

4.11f), and cross-section 6-6’ (Fig. 4.11g)]. From the cross-section depictions, the 

morphodynamic bed evolution predicted by BJ formulation is in close match with the 

field measured bed evolution having RMSE=0.10 m and CC=0.95 compared to 

morphodynamic bed evolution predicted by EH formulation having RMSE=0.18 m and 

CC=0.93. 

 

Fig 4. 11. Cross-sectional views over the field-measured bed evolution area, oriented 

south-north for a) section 1-1’, b) section 2-2’, and c) section 3-3’; and oriented west-

east for d) section 4-4’, e) section 5-5’, and f) section 6-6’. The blue, green, and red 
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lines represent the measured bed evolution, the simulated bed evolution using the EH 

formulation, and the simulated bed evolution using the BJ formulation, respectively. 

4.2.4. Simulation results for the TC Nivar (2020) 

The spatial plot (Fig. 4.12) illustrates the coupled model simulation results of the impact 

during Nivar storm (2022) on nearshore coastal parameters, including currents, storm 

tide, significant wave height (m), and morphodynamic bed evolution. The modelled 

(GAHM+RV) wind speed of 32 m/s at landfall for TC Nivar (2020) (Fig. 4.12a) induces 

a current speed of up to 0.6 m/s (Fig. 4.12b). The wind stress at the landfall causes a 

maximum rise in water level up to 0.5 m (Fig. 4.12c). The wind-induced significant 

wave height reaches up to 3 m (Fig. 4.12d). Fig. 8.13e shows the simulated 

morphological bed evolution due to currents using the EH formulation, while Fig. 4.12f 

depicts the evolution from the combined effect of currents and waves using the BJ 

formulation. It is evident from Fig. 4.12f that incorporating waves with currents 

increases the magnitude and the extent of morphological bed evolution along the 

nearshore of the coastal region at landfall. Further, the comparison between Fig. 4.12e 

and Fig. 4.12f indicates that the effect of storm-induced currents is dominating 

morphological bed evolution. Thus, including the wave effect and currents enhances 

morphological bed evolution prediction capability by the coupled model framework. 

The analysis of the comparison of results from sections 4.3.3.1 and 4.3.3.2 and the 

discussion from section 4.3.3.3 lead to a similar conclusion.  
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Fig 4. 12. depicts the following for TC Nivar (2020): a) Model-simulated wind speed 

(m/s) (GAHM+RV), b) Currents (m/s), c) Total water levels (m), d) Significant wave 

height (m), e) Predicted morphodynamic bed evolution using the EH formulation 

(currents only), and f) Predicted morphodynamic bed evolution using the BJ 

formulation (currents and waves). 

4.2.4.1.Cross-shore analysis of  simulated morphodynamic bed evolution 

To understand the effect of cyclone-induced currents and waves on seabed 

morphological evolution in the nearshore coastal regions of the cyclone's landfall, the 

present study analyzed simulated cross-shore bed evolution profiles using the BJ 

formulation (currents with waves). This is because BJ predicted morphological bed 

evolution with a higher BSS metric is compared to other sediment transport 

formulations. The cross-shore profiles of simulated morphodynamic bed evolution and 

depth, extending up to 200 m in the shelf region, are shown in Fig. 4.13b, Fig. 4.13c, 

and Fig. 4.13d for the Chennai, near landfall, and Puducherry locations along the 

nearshore regions of Tamilnadu coast, respectively. These profiles are considered for 6 

hours before, during, and 6 hours after the Nivar (2020) cyclone’s landfall. Each 

transect is approximately 50 km apart.  

 The storm-induced currents and waves affected the morphodynamic bed 

evolution up to 15 km extent from the Chennai coastline, as shown in Fig. 4.13b. Before 
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six hours of landfall, the cross-section A–A' is predicted to evolve by up to ± 0.3 m. 

The bed eroded to a maximum of 0.30 m and accreted to a maximum of 0.55 m during 

the landfall. The bed evolution is described with accretion of 0.38 m from the initial 

bathymetry and erosion of magnitude 0.35 m after six hours from TC landfall. The 

effect of storm-induced currents and waves on morphodynamic bed evolution is more 

pronounced at cross-section B-B’ compared to cross-section A-A’. It can be observed 

that the simulated bed evolution affected up to 35 km extent from the coastline for the 

cross-section B-B’ near landfall, as shown in Fig. 4.13c. Before six hours of landfall, 

the cross-section B–B' is predicted to evolve by up to ± 0.25 m. The bed eroded to a 

maximum of 1.2 m and accreted to a maximum of 1 m during the landfall. The bed 

evolution is described with accretion of 1.10 m from the initial bathymetry and erosion 

of magnitude 0.95 m after six hours from TC landfall. However, the effect of storm-

induced currents and waves on morphodynamic bed evolution is not so significant at 

cross-section C-C’ compared to cross-section B-B’. It can be observed that the 

simulated bed evolution affected up to 25 km extent from the coastline for the cross-

section B-B’ at landfall, as shown in Fig. 4.13c. Before six hours of landfall, the cross-

section C–C' is predicted to evolve by up to ± 0.25 m. The bed eroded to a maximum 

of 0.65 m and accreted to a maximum of 0.6 m during the landfall. The bed's evolution 

is described as accretion of 0.4 m from the initial bathymetry and erosion of 0.60 m 

after six hours from TC landfall.  

It is observed that the bed undergoes more significant changes at the time of 

landfall across all transects. Specifically, the bed experiences notable accretion or 

erosion near the landfall area, with the rate of change decreasing further from the TC 

landfall. A higher magnitude bed evolution is predicted within a water depth of 25 

meters and up to 15 km from the coastline. The bed evolution is more pronounced on 

the southern side (cross section C-C’) of the cyclone's landfall because of stronger 

storm-induced currents, whereas it is less significant on the right side, where storm-

induced waves predominantly influence the area. Significant bed evolution occurs in 

shallow regions with gentle slopes, whereas areas with steeper slopes and deeper 

contours experience less bed evolution. The extent of bed evolution is significantly 

greater during landfall than before the storm. Post-storm bed evolution is somewhat 

reduced compared to the landfall period. This is due to peak winds, waves, and storm 
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surges, causing substantial sediment transport, erosion, and deposition. Further, during 

post-storm the reduced energy levels of winds, waves, and currents lead to less sediment 

movement and a lower rate of bed evolution. While some sediment transport continues, 

changes are less dramatic than during landfall. 

 

Fig 4. 13. a) Three transects were chosen for studying the morphodynamic bed 

evolution along the Tamil Nadu coast. b) Line plots illustrating the cross-shore 

profiles of morphodynamic bed evolution at transects b) A-A’, c) B-B,’ and d) C-C.’ 

during TC Nivar (2020). 

4.2.5. Morphodynamic bed evolution during TC Hudhud (2014) and Varadah 

(2016)   

Section 4.3.3 demonstrates that the EH and BJ formulations are the most effective in 

predicting the bed evolution for the effects of currents and the combined effects of 

currents and waves, respectively. To understand the suitability of these formulations for 

other storm events along the open coast of the BoB, the present study used the same 

coupled model setup to simulate morphodynamic bed evolution due to current-wave 

interactions during TC Hudhud (2014) and TC Vardah (2016). 



93 

 

The modelled (GAHM+RV) wind speed of 57 m/s at landfall for TC Hudhud 

(2014) (Fig. 4.14a) induces a current speed of up to 1.2 m/s (Fig. 4.14b). The rise in 

total water level and significant wave height caused by TC Hudhud (2014) is discussed 

in section 4.3.2.1 Fig. 4.14c shows the simulated morphological bed evolution due to 

currents using the EH formulation, while Fig. 4.14d depicts the bed evolution due to 

the combined effect of currents and waves using the BJ formulation. Similarly, TC 

Varadah (2016) possesses a wind speed of 37.5 m/s at landfall (Fig. 4.14e), which 

induces a current speed of up to 0.75 m/s (Fig. 4.14f). The rise in total water level and 

significant wave height caused by TC Varadah (2016) is discussed in section 4.3.2.2. 

Fig. 4.14f shows the simulated morphological bed evolution due to currents using the 

EH formulation, while Fig. 4.14f depicts the bed evolution due to the combined effect 

of currents and waves using the BJ formulation. 

The results indicate that the combined effect of currents and waves induced by 

TC Hudhud (2014) predicted bed evolution up to ±1.5 m, whereas TC Vardah (2016) 

predicted bed evolution up to ±1 m near landfall locations. It is evident from Fig. 4.14 

that including waves along with currents amplifies the magnitude and extent of 

morphological bed evolution in the nearshore coastal region at landfall for both TC 

Hudhud (2014) and TC Vardah (2016). These findings are consistent with the results 

discussed in section 4.3.4 for TC Nivar (2020). These results demonstrate that the EH 

and BJ formulations can be applied to other cyclonic events along the open coast BoB 

to predict the morphodynamic bed evolution. However, the present does not guarantee 

that the same coupled model framework setup would predict morphodynamic bed 

evolution with the same accuracy for other storm events along the open coast of the 

BoB due to the limited availability of field-measured data for model validation 

assessment. 
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Fig 4. 14. shows the following for TC Hudhud (2014): a) Model-simulated wind 

speed (m/s) (GAHM+RV), b) Currents (m/s), c) Predicted morphodynamic bed 

evolution using the EH formulation (currents only), and d) Predicted morphodynamic 

bed evolution using the BJ formulation (currents and waves). For TC Vardah (2016): 

e) Model-simulated wind speed (m/s) (GAHM+RV), f) Currents (m/s), g) Predicted 

morphodynamic bed evolution using the EH formulation (currents only), and h) 

Predicted morphodynamic bed evolution using the BJ formulation (currents and 

waves). 

4.3.SUMMARY 

The description of the atmospheric and bathymetry data used in the study is detailed. 

The description of the individual hydrodynamic, wave, and morphodynamic models is 

detailed. The coupling framework is described. A modified wind field approach is 

presented. Validation and comparison with other modified wind models for the BoB 

are comprehensively analyzed and discussed.  Model validation for the storm surges, 

wind waves, and morphodynamic bed evolution are comprehensively discussed. 

Evaluation of different total bed load transport formulations in  predicting 

morphodynamic bed evolution caused due to storm-induced currents and waves is 

performed using the Brier skill score. Cross-shore and along-shore morphodynamic bed 

evolution profiles are analyzed during the cyclone events.  
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CHAPTER 5 

STATISTICAL MODELING OF STORM SURGE3 

5.1. GENERAL 

A statistical-based storm surge model is crucial for effectively quantifying and 

communicating the risks associated with cyclonic disturbances, particularly for 

vulnerable coastal communities. Disaster managers and policymakers require a reliable, 

classification-based approach to assess potential damages and convey these risks to the 

public in a clear and actionable manner. This chapter delves into the development of 

such a statistical model tailored for the BoB, detailing its equation, the datasets used, 

and the creation of regression-based machine learning models specific to the region. It 

further explores the methodology for comparing the surge index model with machine 

learning approaches, alongside an evaluation and validation of the statistical model's 

performance. The chapter also offers a comparative analysis between the statistical 

models and the best-performing regression-based machine learning models, 

underscoring the importance of a robust, statistical approach in disaster risk 

management. 

5.1. FORMULATION OF NEW SURGE INDEX 

In the present study, we have proposed a non-dimensional and continuous tropical 

cyclone surge potential index. The mathematical formula of TCSPI adapts and 

developed over previously established Eqn. (1.1), (1.5), (1.6), and (1.8). Intensity 

( ௠ܸ௔௫), size (R), and bathymetry (30ܮ) information of the equations are adopted from 

Eqns (1.1), (1.5), and (1.6). Whereas the forward speed (S) and associated coastal 

geometry (a) information are adopted from Eqn. (1.8). Further, in the new formulations, 

 
3 This work is published in: “Shashank, V. G., Sriram, V., Schüttrumpf, H., & Sannasiraj, S. A. (2024). 
A new surge index with the incorporation of cyclone track approach angle information for the Bay of 
Bengal. Coastal Engineering, 188, 104429. https://doi.org/10.1016/j.coastaleng.2023.104429” 
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the angle of approach (θ) and associated coast geometry (b) information are 

incorporated. 

ܫܲܵܥܶ = ( ௠ܸ௔௫௠ܸ௔௫0)2 ( ܴܴ0) ∗ܮ30ܮ) ) ( ܵܵ0)௔ (  ௕ (5.1)(0ߠߠ

( ܴܴ0) =  

{   
   ( ܴܴ0)

  1.5     ݂݅ ( ܴܴ0) ≥ 1.5
    ݂݅  0.5 < ( ܴܴ0) < 1.5 0.5      ݂݅ ( ܴܴ0) ≤ 0.5

  ;       ( ܵܵ0)௔

=  

{   
   1.5     ݂݅  ( ܵܵ0)௔ ≥ 1.5( ܵܵ0)௔    ݂݅  0.5 < ( ܵܵ0)௔ < 1.5 0.5     ݂݅ ( ܵܵ0)௔ ≤ 0.5

  

( ௕(0ߠߠ = {  
  ( ௕(01ߠߠ ߠ ݂݅   ≤ 90°
( ௕−(02ߠߠ ߠ ݂݅   > 90°             ܽ݊݀          ( ௕(0ߠߠ = 0.5  ݂݅ ( ௕(0ߠߠ ≤ 0.5 

 Storms that approach the coast perpendicular to the shoreline are more likely to 

produce the most significant storm surges (NHC, NOAA). This is because the strong 

winds associated with the storm are directed directly toward the shore, pushing seawater 

inland. In other words, wind stress is maximally aligned with the nearshore of the coast. 

This alignment results in the most significant storm surge potential because the wind 

forces push a large volume of water onto the shore. The water piles up and can result in 

extremely high surge levels. When a storm approaches the coast at an angle (oblique), 

here the wind stress is not as effectively aligned with the nearshore of the coastline. In 

this case, the surge potential may be somewhat reduced compared to a storm 

approaching perpendicular to the coast. In the present study, the angle θ of the cyclone 

refers to the measurement between the cyclone's track and the coastline located to the 

right of its landfall point (Sebastian et al., 2019). 0ߠ is the reference approach angle 

which has a lower bound 01ߠ = 60°, and an upper bound 02ߠ = 110°. Earlier studies 
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(Pandey and Rao, 2019) have shown that the maximum peak surge is observed when 

the landfalling track is perpendicular (θ = 90°) to the coast, and the influence of 

approach angle on surge decreases as θ increases or decreases from the value θ = 90°. 
Several other studies (“Jelesnianski. 1966; Mercer et al., 2002; Weisberg and Zheng, 

2006; Irish et al., 2008; Zhang, 2012; Zhang and Li, 2018; Islam and Takagi, 2020”) 

have reported similar conclusions for the different ocean basin across the world. Based 

on the study by (Pandey and Rao. 2019), we assumed that the approach angle is 

influential on surge when θ is within the lower bound (01ߠ = 60°) and upper bound 

02ߠ) = 110°) and surge will be maximum when θ = 90°. For a better representation of 

the TC-induced surge hazard potential index, Islam et al., (2021) found that the upper 

and lower limits on TC size and forward speed are essential for unusual and infrequent 

TCs. Similarly, (0ߠ/ߠ)௕ has been set up between the upper and lower bound (0.5≤ (0ߠ/ߠ)௕≤1.5). (0ߠ/ߠ)௕ is greater than or equal to 1 when ߠ lies between 01ߠand 02ߠ. 

When 90° = ߠ then (0ߠ/ߠ)௕ will attain a maximum (i.e., 1.5), whereas ߠ  is less or 

more than 900, then (0ߠ/ߠ)௕ will be less than 1.5. The characteristic coastal geometry 

b associated with θ/0ߠ is similar to the characteristic coastal geometry a for (S/ܵ0). 
Based on the investigation, the appropriate values of a and b for the open and semi-

enclosed coasts of BoB are obtained. The recommended coastal geometry values are a 

= b = 1 for the open coast (east and west coast of BoB) and a = 1, b = 0 for the semi-

enclosed coast (i.e., Ganges-Brahmaputra-Meghna (GBM) delta in northern BoB) (as 

discussed in section 5.4.4).  

 ௠ܸ௔௫0, ܴ0, and ܵ0 are the climatologically averaged reference constant values 

for the BoB region and are defined as 33 ms-1, 78 km, and 3.7 ms-1, respectively. These 

historically averaged values are in good agreement with Priya et al., (2022). ܮ∗ is chosen 

to be 50 km. However, the values of ௠ܸ௔௫0, and ܮ∗ can be chosen in a way that makes 

TCSPI roughly equal in magnitude to the peak storm surge height. Since the 

mathematical form of ( ௠ܸ௔௫ ௠ܸ௔௫0⁄ )2, and (ܮ 30ܮ∗ ⁄ ) do not have bounds in Eqn. (5.1). 

In order to avoid extreme values biasing the index values, reference values are used for 

normalization. The effect of ܲ߂ by replacing with ௠ܸ௔௫ in TCSPI is also investigated. 

However, the influence of TC-induced wind waves, riverine inflow, rain stress, rain 

mass, and astronomical tide information is not included in the study to keep TCSPI 

simple. Therefore, TCSPI may underestimate or overestimate peak surge height for 
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some TC events. TCSPI computes peak surge hazard potential near the landfall location 

point for each of the TC events that occurred along the entire coasts of the BoB that 

includes both open and bay coast region. However, the coastal inundation along the 

TCs landfall location remains beyond the scope of the study. 

  The historically available observed surge data are very limited for the BoB 

region. Therefore, the validation of the TCSPI model is also performed with the 

physics-based hydrodynamic model. The state of the art finite element-based ADCIRC 

model is used for simulations to compute the peak surge levels of historical TC events 

in the BoB.  

  Five supervised ML models, including the linear regression (LR), regression 

tree (TR), support vector machine (SVM), ensembles of trees (EnTR), and Gaussian 

process regression (GPR), are applied that can rapidly predict peak storm surge across 

an extensive coastal region of BoB from the same input parameter information that has 

considered in the TCSPI (i.e., ௠ܸ௔௫, R, S, 30ܮ, and θ) at the landfall time frame. Lastly, 

the observed peak surge values for TC events that occurred in BoB were compared with 

those estimated by TCSPI, ADCIRC, and ML models. 

5.2. DATA, MODEL, AND METHODOLOGY 

5.2.1. Bay of Bengal domain 

The study area includes the vast portion of the BoB that covers the coastlines of Sri 

Lanka, Eastern India, Bangladesh, and Myanmar. This covers up about 6,000 km 

(Mathiventhan and Jayasingam, 2018; Mishra 2016; Ahsan. 2013; Ramaswamy and 

Rao. 2014) with geographical uniqueness and various types of characteristic coastal 

geometry (Fig. 5.1), where the TCs historically have affected these regions.  

 In the study, the entire BoB coast is considered to be in terms of 3 distinct 

regions (as shown in Fig. 5.1). Region 1 is on the western side of BoB, including the 

coastline of east Sri Lanka and the east coast of India, which are prone to TCs. In this 

stretch, the seabed dips quickly up to 2,000 m or more after a narrow coastal strip 

(Prakash and Pant, 2020). Region 2, the northern part of BoB, known as the GBM delta, 

includes the coastline of India and Bangladesh. The GBM delta has a shallow area 
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formed with sediments extending about 200 km south from the shoreline (Kuehl., 2005) 

(Fig. 5.2b). Region 3 is on the eastern side of BoB. This region covers only the northern 

part of the Myanmar coast (as shown in Fig. 5.1, and Fig. 5.2c). This is because it has 

been observed that no TC has made landfall in the shallow water region of the Andaman 

Sea along the southern part of the Myanmar coast (Fig. 5.3) based on the historical TC 

data from 1990─2021. Thus, this was not considered. The boxes (in Fig. 5.1) are meant 

to represent only the coasts of respective regions where cyclones have made landfall 

historically to distinguish the characteristic coastal geometry. The bathymetry data for 

the BoB region was obtained from the GEBCO database with a 15-second global 

bathymetric grid resolution. Quantum Geographic Information System (QGIS) was 

used to measure the closest horizontal distance between each landfall location of TC 

and the 30 m depth contour (30ܮ).  

 Further, Region 1 and Region 3 coasts are considered open coasts, and small 

islands are located nearer (<10 km range) to these regions of the open coasts. It is 

confusing to consider a landfall point to measure L30 and θ information when TCs pass 

over these small islands and reach the open coast. For example, Cyclonic Storm (CS) 

Maarutha (2017) passed over Sagu-kyun island (as shown in Fig. 5.2c) and reached the 

open coast of Myanmar (Region 3). In this case, we have assumed that Sagu-kyun island 

does not exist and therefore considered TC directly made landfall location over the open 

coast of Myanmar to measure the L30 and θ information. Moreover, IMD reported peak 

surge height is also observed along the open coast of Myanmar and not along the island. 

Considering such cases in the future for evaluating TCSPI, it is reasonable to assume 

that small islands do not exist and that the storm is directly landfalling along the open 

coasts of Region 1 and Region 2 in the BoB. However, this assumption does not apply 

to the coasts of Region 2, as there are numerous islands present in this region, and the 

coasts are cut by canyons formed by rivers (GBM delta) across which, historically, 

several TCs have made landfall. 
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Fig 5. 1. The color bar denotes the bathymetry depth of the entire BoB basin 

constructed using GEBCO data. The red-bordered box indicates the western coast of 

BoB (Region 1), the black-bordered box indicates the northern coast of BoB (Region 

2), and the green box indicates the eastern coast of BoB (Region 3). The red line 

indicates 30 m contour bathymetry 
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Fig 5. 2. The enlarged view of the coast of (a) Region 1, (b) Region 2, and (c) Region 

3 of the BoB. The box represents Sagu-Kyun island along the coast of Region 3. 

5.2.2. Track Data  

In the present study, the best track archives from 1990─2021 were utilized since most 

of the historical observed surge data associated with TCs is available only for this 

period. The track parameters, such as track position, ௠ܸ௔௫, ܲ߂, and S extracted from 

both IMD and JTWC best track are considered. However, it should be noted that IMD 

provides the intensity of 3-minute maximum sustained wind speed information, while 

JTWC provides 1-minute maximum sustained wind speed information. Further, it is 

noticed that the IMD does not provide information on storm size. Hence, information 

on storm size, such as the radius of maximum wind (ܴ௠௔௫), and the radius of hurricane-

force wind (R) was extracted from JTWC. However, storm size information provided 

by JTWC is available from 2001─2021 (Priya et al., 2022). Based on a comparison of 

the frequency of cyclone events in BoB between 1990 and 2021, it is noticed that JTWC 

missed reporting four cyclones that were reported by the IMD. Further, IMD missed 
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reporting one cyclone that was reported by the JTWC. A similar analysis was also 

previously reported by Sebastian and Behera, (2022).  

 Considering IMD datasets (Fig. 5.3), it is observed that, overall, 73 landfalling 

TCs were reported in the BoB from 1990─2021. In terms of IMD’s TC intensity 

classification (Fig. 5.4), 26 TCs were reported as CS, 15 TCs as SCS, 15 TCs as VSCS, 

13 TCs as ESCS, and 4 TCs as SuCS. Considering track direction, it is observed that 

TCs often exhibit a significant inclination to travel in a northwestern direction., 

followed by northeast and north directions in the BoB. Thus, 42 TCs have made landfall 

along the Region 1 coast, 15 along the Region 2 coast, and 16 along the Region 3 coast. 

This analysis is consistent with the findings of Bell et al., (2020) and Priya et al., (2022) 

 

Fig 5. 3. Cumulative tracks and their respective IMD classification of landfalling TCs 

in the BoB region from 1990─2021. 
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Fig 5. 4. IMD Classification and yearly frequency of historical TCs in the BoB for 
years (1990─2021). D and DD, indicate the frequency of Depressions and Deep 

Depressions respectively. 

5.2.3. Surge Data 

Previously, the implementation of SSHPI using Eqn. (1.8) by Islam et al., (2021) was 

carried out with respect to the observed tide gauge stations. Whereas HSI, SS, SSI, and 

TCSI were implemented using Eqns (2.1), (2.5), (2.6), and (2.7) by Kantha (2008), Irish 

and Resio (2010), Kantha (2010), Rezapour and Baldock (2014) at TCs landfall 

locations along the coast. However, the availability of tide gauge observation data in 

the BoB is extremely limited. To the best of the author's knowledge, only eight tide 

gauge water level observations associated with storm surge for the TCs reported in the 

literature (as shown in Table. 5.1). Moreover, the BoB does not have a dense network 

of tide gauges, and the TC-associated hazards are more likely to occur at the location 

where the TC will make landfall. Therefore, the present study cannot rely on the surge 

data associated with TCs obtained from tide gauges. Hence, the study utilizes the peak 

surge data associated with TCs reported by Government meteorological agencies and 

literature. The reported peak surge values are considered as observed surge values in 

thie study.  

Table 5.1. Available tide gauge water level observation associated with TC storm 

surge in the BoB from 1990─2021 from literature. 

SL No. Year 
Tropical 
Cyclone 

Tide gauge station 
Peak Surge 

(m) 
Source 
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1. 2009 Aila Hiron point, 1.73 Antony et al., (2020) 

2. 
2011 

 
Thane 

Nagapattanam 0.19 Bhaskaran et al., 
(2014) Ennore 0.12 

3. 2012 Nilam Chennai 0.28 
Kolukula and Murty. 

(2022) 

4. 2013 
Phailin 

 
Paradeep 0.58 Murty et al., (2014) 

5. 2014 Hudhud Vishakhpattanam 0.95 
Pandey and Rao, 

(2018) 

6. 2019 Fani Paradeep 0.68 
Kolukula and Murty. 

(2022) 

7. 2020 Amphan 
Haldia 2.5 

Saichenthur and 
Murali. (2021) 

Dhamra 1.05 
Kolukula and Murty. 

(2022) 

8. 2021 Yaas Dhamra 1.94 
Shashank et al., 

(2022b) 

 

 Government meteorological agencies provide limited information on peak 

surges associated with TC events over the BoB region. Most of the peak surge 

information associated with TCs that have made landfall along the coasts of the BoB is 

obtained from annual TC review reports and TC bulletins published by IMD on its 

website [https://rsmcnewdelhi.imd.gov.in]. However, the data are available from 

1990─2021. The annual TC review reports provided by the IMD give various natural 

hazards information associated with TCs, including storm surge guidance, which is 

based on post-storm survey estimations (Gupta. 2003; Annual TC Review over NIO, 

2013), observations, nomograms (Annual TC Review over NIO, 2016), and numerical 

hydrodynamic models (IIT Delhi Storm Surge Model and ADCIRC Model) (Annual 

TC Review over NIO, 2013, 2016, 2018). Apart from IMD, few peak surge data 

associated with TCs that have made landfall along the Region 2, and Region 3 coasts 

are obtained from the Bangladesh Meteorology Department (BMD), The Myanmar 

Department of Meteorology and Hydrology (MDMH), and literature. The JTWC also 

provides an archive of Annual TC Reports from 1959─2011; however, the web links to 

these reports have been broken (Needham et al., 2015). Thus, 48 peak surge data out of 

73 TC events that occurred in the BoB were collected from the various sources as 

mentioned above. However, it should be noted that the present study considers the 

average peak surge value reported from various sources for each TC event. For 
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example, IMD reported that based on a post-storm survey, the peak surge height ranges 

from 2 m to 2.5 m above astronomical tide near the landfall location area for TC Phailin 

(Annual TC Review over NIO, 2013). However, the study considers 2.25 m as a peak 

surge observed value, which is an average of 2 m and 2.5 m for TC Phailin (2013).   

5.2.4. ADCIRC Model Setup 

The present study evaluates the performance of TCSPI with peak surge data obtained 

from numerical simulations using ADCIRC model. Brief description of ADCIRC 

model is presented in Chapter─2. 

 Shashank et al., (2021, 2022a) recommended using the Generalized 

Asymmetric Holland Model (GAHM) for the BoB region. GAHM requires R 

information apart from ௠ܸ௔௫, ܲ߂, coordinates of the cyclone center, and ܴ௠௔௫. 

However, it should be noted that ܴ௠௔௫, and R information is not available for the years 

1990─2001, and there is no study to determine R information using empirical relations. 

Therefore, we have used the symmetric Holland (HL80) model (Holland, 1980) for the 

wind field forcing in the ADCIRC model for the generation of the peak surge height. 

The HL80 model requires the surface wind parameters, such as ௠ܸ௔௫, ܲ߂, coordinates 

of the cyclone center, and ܴ௠௔௫ information from the best track. The ܲ߂ information is 

also not available for the years 1990─2000 in the JTWC best track archive. Therefore, 

the surface wind parameters from the IMD best track archive are used as input to the 

ADCIRC simulations in the present study. However, as discussed earlier, IMD best 

track archive does not provide ܴ௠௔௫ information, and therefore, the present study 

incorporates an empirical relationship proposed by Willoughby et al., (2006) based on 

493 cyclonic system profiles from aircraft observation. Thus, the predicted ܴ௠௔௫ is 

given as input along with track parameters associated with TCs from IMD for the 

ADCIRC simulations. 

ܴ௠௔௫ = 51.6 exp(−0.0223 ௠ܸ௔௫ + 0.0281߮) (5.2) 

 

 Where ܴ ௠௔௫ and ௠ܸ௔௫ are having units of nautical miles and knots, respectively, 

and ߮ is latitude (degrees). The description of the finite element grid, parameters 
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considered for setting up the model, and performance of validation of simulated water 

levels from the model setup with observed sea level are given in Shashank et al., (2021). 

The study also demonstrated validation of the ADCIRC model for a TC case study i.e., 

Hudhud (2014) as presented in Fig. 5.5. ADCIRC simulated surge residuals are 

validated with observed residuals obtained from the nearest available tide gauge station 

located at Visakhapatnam (83.28°E, 17.68°N) is shown in Fig. 5.5. The comparison 

shows a strong agreement between the model's calculations and the observed data with 

CC = 0.92 and RMSE = 20 cm (0.2 m). This result is in good agreement with a previous 

study by Murthy et al., (2020) and Pandey and Rao (2018). Thus, the present study 

provides ADCIRC simulated comprehensive peak surge data for the 73 historical TCs 

that occurred in the BoB from 1990 to 2021. In total, 146 simulations were performed 

(73 for surge tide simulation and 73 for astronomical tide simulation) to obtain the peak 

residual water levels (peak surge height) near the landfall location for each of the 73 

TC events that occurred in the BoB. It is assumed that the bathymetry has been the same 

for 30 years due to the lack of availability of the data in the past years. 

 

Fig 5. 5. a) Validation of computed residual water levels with observed surge 

residuals obtained from the in-situ tide gauge located at Visakhapatnam. b) 

Despeciation of ADCIRC model computed total water level (m) at the landfall 

location. The black square dot represents the tide gauge station located at 

Visakhapatnam (83.28°E, 17.68°N) 
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5.2.5. ML Models 

Due to the lack of availability of observational data, previously several studies created 

synthetic track data to incorporate it as an input to the neural network models to predict 

the storm surges associated with TCs (Lee, 2006; Tseng et al., 2007; Lee, 2008; De 

Oliveira et al., 2009; Hashemi et al., 2016; Kim et al., 2019). The peak surge prediction 

at the landfall locations is based on hypothetical assumptions, and most of the studies 

have incorporated only meteorological features from the best track archive as input for 

the neural network models. It is one of the common problems in data-driven surrogate 

models when it comes to small sample sizes. The small sample size tends to give 

inappropriate results when using neural network models (Babic et al., 2014; Zhang and 

Ling, 2018; Feng et al., 2019; Kokol et al., 2022). Therefore, the present study 

incorporates the most used regression-based machine learning algorithms on small 

sample size datasets, such as LR, TR, SVM, EnTR, and GPR (Zhang et al., 2017; 

Alvarsson et al., 2016; Cao et al., 2017; Shaikhina et al., 2019; Razzak et al., 2020). 

However, the sample used in the study is comparatively smaller than the sample used 

in previous studies in which LR, TR, SVM, EnTR, and GPR algorithms have been 

employed. Further, the study incorporates only observed track parameters instead of 

incorporating the synthetic track parameters, which are based on hypothetical 

assumptions. Apart from observed historical track meteorological parameter features, 

such as ௠ܸ௔௫, R, S, and θ, the present study also incorporates bathymetry (30ܮ) feature 

as input (as same given to TCSPI) to the model for training the rapid prediction of peak 

surge height. However, it should be noted that the meteorological parameters associated 

with TCs given as input to ML models are from IMD alone.  

A detailed description of the LR, TR, SVM, EnTr, and GPR models along with 

their fitting parameters, is given in Bang et al., (2020); Wang et al., (2022). The 

different types of above-mentioned ML models have been used with three different 

types of datasets (as shown in Table. 5.3) for learning and prediction. All the inputs and 

output datasets are processed using the normalization method. Normalized input 

datasets are used for training and testing to avoid variable differences. This improved 

the performance of the ML models (Wong et al., 2013; Wang et al., 2022). The 

following equation is used for this normalization so that all data can be intervals 

between 0 and 1. 
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ݕ = ݔ  − ௠௔௫ݔ௠௜௡ݔ −  ௠௜௡ (5.3)ݔ

 

where x and y represent the input and output sets respectively, the subscripts "min" 

and "max" denote the smallest and largest values within the input data set. Further, 

the observational track parameters along with bathymetry information associated 

with each TC data are shuffled randomly, and 70% of the dataset is used in training, 

and rest 30% dataset used in testing. After building the model with the training 

dataset, the CC and RMSE have been calculated with the overall dataset. In the 

present study, all the ML models perform hyperparameter tuning by using Bayesian 

optimization and prevent the overfitting problem. For reproducibility, Table. 5.2 

represents the tuned hyperparameter values. The K-fold cross-validation step has 

been applied. By considering the limited sample data size, K is set to 5. The study 

used the Bayesian optimization method 

Table 5.2. Optimized hyperparameter values for each of the models used in the 

present study 

Model Fitting 
Parameter Hyperparameter 

Optimized Hyperparameter values 

N1 N2 N3 

Linear 
regression 

Linear 
Regression 

Terms 
Linear Linear Linear 

Interaction 
Linear 
Regression 

Terms 
Interactions Interactions Interactions 

Robust Linear 
Regression 

Terms 
Robust 
Linear 

Robust 
Linear 

Robust 
Linear 

Stepwise 
Linear 
Regression 

Initial term 

 

Linear Linear Linear 

Upper bound on terms 

 

Interactions Interactions Interactions 

Maximum number of 
steps 

1000 1000 1000 

Ensemble 
of Trees 

Boosted Trees 

Minimum leaf size 7 5 5 

Number of learners 39 58 79 

No. of predictors to 
sample 

5 4 4 
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Bagged Trees 

Minimum leaf size 5 5 3 

Number of learners 75 13 13 

No. of predictors to 
sample 

5 4 4 

Support 
Vector 
Machine 
(SVM) 

Linear 
Kernel function Linear Linear Linear 
Box constraint 0.5463 18.330 984.83 

Epsilon 0.000408 0.5874 0.4454 

Quadratic 

Kernel function Quadratic Quadratic Quadratic 

Box constraint 0.0012 2.9735 4.6877 

Epsilon 0.0014 0.2303 0.0072 

Cubic 

Kernel function Cubic Cubic Cubic 

Box constraint 0.0010 1.1777 243.963 

Epsilon 0.0279 0.0013 0.6188 

Fine Gaussian 

Kernel function 
Fine 
Gaussian 

Fine 
Gaussian 

Fine 
Gaussian 

Box constraint 976.108 5.5820 8.4087 

Epsilon 0.0185 0.000810 0.0010 

Medium 
Gaussian 

Kernel function 
Medium 
Gaussian 

Medium 
Gaussian 

Medium 
Gaussian 

Box constraint 6.2419 3.2866 5.3181 

Epsilon 0.00214 0.0010 0.0301 

Coarse 
Gaussian 

Kernel function 
Coarse 
Gaussian 

Coarse 
Gaussian 

Coarse 
Gaussian 

Box constraint 5.1219 6.1678 7.4087 

Epsilon 0.0112 0.0272 0.0261 

Tree 

Fine Tree Minimum leaf size 4 4 4 

Medium Tree Minimum leaf size 12 12 12 

Coarse Tree Minimum leaf size 36 36 36 

Gaussian 
Process 
Regression 

Rational 
Quadratic 

Basis function Linear Zero Constant 
Sigma 0.0022 12.881 0.1655 

Standardize False True True 

isotropic kernel True True True 

Squared 
Exponential 

Basis function Zeo Zero Constant 
Sigma 0.9275 6.4081 10.665 

Standardize True True True 

isotropic kernel True True True 

Matern 5/2 

Basis function Constant Zero Zero 

Sigma 0.0015 0.1295 0.000487 

Standardize True True True 

isotropic kernel True True True 

Exponential 
Basis function Constant Zero Zero 

Sigma 0.000109 3.3476 0.000114 
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5.2.6. Methodology 

In the present study, depending on the availability of observed meteorological 

parameters from IMD/JTWC and observed/simulated peak surge data, the datasets have 

been classified into three types (as shown in Table. 5.3). The N1 dataset, consisting of 

33 samples, includes meteorological parameter information associated with TCs from 

IMD and JTWC between 2001 and 2021. N1 includes ௠ܸ௔௫, S, 30ܮ, θ, ܴ௠௔௫ and R. The 

TCSPI and ML model performance were validated for the N1 dataset, with peak surge 

data associated with TCs obtained solely from the IMD source. Similarly, the N2 

dataset has 48 samples consisting of meteorological parameters information associated 

with TCs from both IMD and JTWC between 1990 and 2021. N2 dataset includes ௠ܸ௔௫, 

S, 30ܮ, θ, and peak surge information from various sources (i.e., IMD, BMD, MDMH, 

and literature). Further, the N3 dataset with 73 samples consists of meteorological 

parameters information associated with TCs from IMD source alone between 1990 and 

2021. N3 includes ௠ܸ௔௫, S, 30ܮ, θ, and peak surge information from the ADCIRC 

simulations. However, to perform ADCIRC simulations, the meteorological parameter 

information associated with TCs from the IMD source is incorporated as an input to the 

ADCIRC model.  

Table 5.3. Classification of data based on the availability of meteorological 

parameters and peak surge height information from different sources 

Sample size ௠ܸ௔௫ ܲ߂ ܴ௠௔௫ 
R 

 
S 

 θ 30ܮ 
Peak 

surge 

(IMD) 

Peak surge 

(IMD, 

BMD, 

MDMH) 

Peak 

surge 

(ADCIRC) 

N1 = 33 

(JTWC/IMD) 

(2001─2021) 

  
 

(JTWC) 

 

(JTWC) 
    ☒ ☒ 

N2 = 48 

(JTWC/IMD) 
 

☒ 

(JTWC) 

☒ ☒    ☒  ☒ 

Standardize True True True 

isotropic kernel True True True 



111 

 

(1990─2021) 
N3 = 73 

(IMD) 

(1990─2021) 

  

 

Willoughby 
et al., 
(2006) 

☒    ☒ ☒  

 

 Fig.5.6 illustrates the flowchart outlining the general methodology incorporated 

in the present study. This describes the utilization of historical cyclone tracks and 

bathymetric parameters, and corresponding peak surge height data, within both the 

TCSPI and ML models to predict the potential peak surge height. The flowchart also 

outlines the implementation of a uniform procedure for comparing the performance of 

TCSPI and ML models. It should be noted that the results and discussion presented in 

the Section 4.4.1, 4.4.2, and 4.4.3 aim to illustrate how various TC track and bathymetry 

parameters (Vmax, R, S, L30, θ) and geometry coefficients (a and b) enhance the TCSPI 

accuracy in predicting peak surge height for N1, N2, and N3 datasets. Here the entire 

datasets were utilized for index-to-surge height conversion. This approach aligns with 

prior studies by Islam et al., (2021); Kantha, (2008), (2010), (2013); Irish and Resio, 

(2010). However, in the Sections 5.3.6 and 5.3.7 we have followed a uniform procedure 

for comparing the simplified physics-based regression model (TCSPI) and statistical-

based ML models. In both TCSPI and ML models 70% of the same data will be used 

for developing the model (training) and the performance of TCSPI and ML models 

evaluated and compared on rest 30% of testing datasets. The comparison of TCSPI and 

ML models carried out for N1, N2, and N3 samples considering IMD datasets alone. 
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Fig 5. 6. Flow chart of the methodology 

5.3.Results and Discussion 

5.3.1. Evaluation of TCSPI model performance for N1 dataset  

The TCSPI is positively proportional to the peak surge height for both the IMD and 

JTWC datasets. Fig. 5.7a illustrates that the Pearson CC between TCSPI and the 

observed surge height is 0.9217, with a significance level of p < 0.01 at a 95% 

confidence interval. This accounts for approximately 84% of the variance observed in 

the JTWC dataset. The validation of TCSPI was carried out using IMD dataset by 

including the R parameter from JTWC dataset. It is found that the Pearson CC is 

improved to 0.9487 (p < .01 at 95% confidence level) and explains about ~90% of the 

observed variance for the IMD dataset as shown in Fig. 5.7c. For both IMD and JTWC 

datasets a least squares fit between surge height and TCSPI (Fig. 5.7a, 5.7c) provides 

an empirical relationship (as given below). These empirical equations are used for 

estimating potential peak surge height. Further, the validation of estimated potential 

peak surge height and observed peak surge height are performed (Fig. 5.7b and Fig 

5.7d) for both JTWC and IMD datasets.  
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(݉ܿ) ௘௦௧ (௃்ௐ஼)ߟ = 30.86 × ܫܲܵܥܶ + (݉ܿ)௘௦௧ (ூெ஽)ߟ (5.4)   108.69 = 41.60 × ܫܲܵܥܶ + 102.65 (5.5) 

 

From the analysis, it is observed that the performance of the TCSPI model based on 

IMD datasets gives better results compared to the JTWC. The estimated peak surge 

height based on IMD’s 3-minute maximum wind speed information performs better 

(RMSE of 37 cm) than the JTWC’s 1-minute maximum sustained wind speed (RMSE 

of 46 cm) using Eqn (12) and Eqn (13) for JTWC and IMD datasets respectively as 

shown in Fig. 5.7b and Fig. 5.7d.  

 

Fig 5. 7. (a, c) Observed TC peak surges (ߟ) versus TCSPI (Eqn. 5.1) as a function of  ௠ܸ௔௫, R, S, 30ܮ, and θ parameter using N1 sample for the JTWC and IMD datasets, 

respectively. (b, d) Scatter plot of estimated (Eqn. 5.4, and Eqn. 5.5) and observed 

peak storm surge heights at landfall locations for JTWC and IMD datasets, 

respectively. The red line and black line indicate the least square fit and perfect fit of 

the observed peak surge and TCSPI (estimated potential peak surge η). The red, blue, 
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and green scatter dots indicate landfall locations associated with coasts of the Region 

1, Region 2, and Region 3, respectively. ‘C’ denotes the correlation coefficient. 

The present study performs sensitivity analysis to understand the dependency of ௠ܸ௔௫, R, S, 30ܮ, and θ parameter in improving the accuracy of the TCSPI model for 

both JTWC and IMD datasets using the Taylor diagram (as shown in Fig. 5.8a, 5.8b). 

Firstly, we performed validation of the TCSPI model with observed surge values 

considering only ௠ܸ௔௫ parameter in the TCSPI. The result shows that TCSPI performed 

poorly with CC of 0.6084, p < 0.01 and RMSE of 94 cm for the JTWC dataset. For the 

IMD dataset, CC of 0.5903, p < 0.01, and RMSE of 96 cm are obtained. Next, the 

validations are performed by including the R parameter along with ௠ܸ௔௫ in TCSPI. The 

result indicates a slight improvement in statistics with CC of 0.6132, p < 0.01, RMSE 

of 94 cm for the JTWC dataset, and CC of 0.5990, p < 0.01, RMSE of 95 cm for the 

IMD dataset. The statistics improved better by considering the S parameter along with 

R and ௠ܸ௔௫ in the TCSPI (CC = 0.6754, p < 0.01, RMSE = 88 cm for JTWC, and CC 

= 0.6658, p < 0.01, RMSE = 89 cm for IMD). The results indicate gradual improvement 

in statistics for 30ܮ parameter along with ௠ܸ௔௫, R, and S (CC = 0.9122, p < 0.01, RMSE 

= 49 cm for JTWC, and CC = 0.9265, p < 0.01, RMSE = 45 cm for IMD).  

The validation was performed again by including θ parameter along with ௠ܸ௔௫, R, 

S and 30ܮ in TCSPI. The result indicates improvement in statistics with CC = 0.9217, 

p < 0.01, RMSE = 46 cm for the JTWC dataset, and CC = 0.9487, p < 0.01, RMSE = 

37 cm for IMD dataset. Thus, the incorporation of θ parameter improved the accuracy 

of TCSPI by 17%. Finally, in the sensitivity analysis the importance of ௠ܸ௔௫ and  ܲ߂ 

are also ascertain. By replacing ௠ܸ௔௫ with  ܲ߂, the resulting statistics between TCSPI 

and observed surge height slightly reduced with CC = 0.9073, p < 0.01, RMSE = 50 cm 

for JTWC, and CC = 0.8877, p < 0.01, RMSE = 55 cm for IMD. This indicates that ௠ܸ௔௫ and  ܲ߂ are strongly associated with each other andalign well with findings from 

earlier research (Rosendal and Shaw, 1982; Callaghan and Smith, 1998; Raj et al., 2010; 

Kossin, 2015).  
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Fig 5. 8. A Taylor diagram utilizing (a) the JTWC dataset and (b) the IMD dataset 

shows how TCSPI performs in comparison to its reduced versions. The correlation is 

shown by the azimuthal angle, the standard deviation by the radial distance, and the 

RMSE by the semicircles centered on the "Obs" marker. The observed peak surge 

heights are referred to as "Obs" in this context. The standard deviation of the recorded 

peak surge heights for the N1 dataset is shown by the red line. 

 Further, the cumulative IMD observed peak surge and corresponding calculated 

TCSPI values using Eqn. (5.1) for each of the TC events considered from the N1 dataset 

are presented in Fig. 5.9. Overall, it is observed that the calculated TCSPI values are 

higher for the higher observed peak surge values associated with TCs, e.g., the TC Sidr 

(2007), Aila (2009), and Amphan (2020). It is also observed that the TCSPI values 

obtained from JTWC datasets are slightly higher than values obtained from IMD 

datasets for higher observed peak surge values associated with TCs. This slight 

overestimation of TCSPI is due to the consideration of 1-mins sustained ௠ܸ௔௫ from 

JTWC. However, it is observed that for a few of the observed peak surge values, the 

calculated TCSPI values are much lower, e.g., TC Laila (2010), and Phailin (2013), 

which may lead to underestimation of estimated potential peak surge values. This may 

be caused by to combined effect of wave-induced surge, inverse barometric effect, and 

a steeper slope of bathymetry along the Region 1 coast of BoB, where these cyclones 

have made landfall. This slight accuracy can be overcome by considering the 

bathymetry slope information in TCSPI. Overall, the calculated TCSPI values using the 
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IMD dataset correlate better with the observed peak surge compared to the JTWC 

dataset. However, the correlation between TCSPI and observed surge could have been 

improved further by considering wind waves (“Bhaskaran et al., 2013; Murty et al., 

2014, 2020; Wannawong and Ekkawatpanit. 2014; Thai et al., 2017; Chen et al., 2017; 

Pandey & Rao. 2019”), astronomical tides (“Dube et al., 2009, 2013; Johns et al., 

1983,1985; Johns and Ali, 1980; Rao et al., 2010, 2013; Antony et al., 2020; Shashank 

et al., 2021”), riverine inflow (Gayathri et al., 2021), rain mass, and rain stress effects 

(Wong and Toumi. 2016) in the TCSPI formulation.  

 

Fig 5. 9. Available IMD observed peak surge (y-axis-left) and corresponding 

calculated TCSPI (y-axis-right) values for the historical TC events that occurred 

between 2001─2021 in the BoB using the N1 dataset. 

5.3.2. Evaluation of TCSPI model performance for N2 dataset. 

The Pearson CC between TCSPI and observed surge height is 0.7358, p < 0.01 for the 

JTWC dataset, and CC of 0.7564, p<0.01 for the IMD dataset (as shown in Fig. 5.10a, 

and Fig. 5.10c). Thus, about ~54% observed variance for the JTWC dataset and about 

~57% of the observed variance for the IMD datasets. Further, the validation of the 

estimated potential peak surge height and observed peak surge height is shown in the 
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scatter plot (Fig. 5.10b, and Fig. 5.10d). The empirical relationship between the TCSPI 

and observed peak surge for both JTWC and IMD datasets is given below 

(݉ܿ)௘௦௧ (௃்ௐ஼)ߟ = 42.16 × ܫܲܵܥܶ + (݉ܿ)௘௦௧ (ூெ஽)ߟ (5.6) 145.52 = 51.98 × ܫܲܵܥܶ + 141.61 (5.7) 

 

 

Fig 5. 10. (a, c) Observed TC peak surges (η) versus TCSPI (Eqn. 5.1) as a function of ௠ܸ௔௫, R, S, 30ܮ, and θ parameter  using N2 sample for the JTWC and IMD datasets 

respectively. (b, d) Scatter plot of estimated (Eqn. 5.6, and Eqn. 5.7) and observed 

peak storm surge heights at landfall locations for JTWC, and IMD datasets 

respectively. The red line and black line indicate the least square fit and perfect fit of 

the observed peak surge and TCSPI (estimated potential peak surge η). The red, blue, 

and green scatter dots indicate landfall locations associated with coasts of the Region 

1, Region 2, and Region 3 respectively. ‘C’ denotes the correlation coefficient. 

A similar sensitivity test was performed for the N2 dataset to understand the 

dependency of ௠ܸ௔௫, S, 30ܮ, and θ parameter in improving the accuracy of the TCSPI 



118 

 

model for both JTWC and IMD datasets as presented in the Taylor diagram (Fig. 5.11a 

and Fig. 5.11b). It is observed that validation of the TCSPI model with observed peak 

surge improved the performance with CC = 0.6729, 0.6791, 0.7133, 0.7362and RMSE 

= 104 cm, 104 cm, 97 cm, 95 cm by systematically including the parameters such as ௠ܸ௔௫, S, 30ܮ, and θ parameter, respectively using the JTWC dataset. Similarly, the 

TCSPI performance improved with   CC =0.6744, 0.6815, 0.7246, 0.7537 and RMSE 

= 104 cm, 103 cm, 95 cm, 93 cm by systematically including the parameters such as ௠ܸ௔௫, S, 30ܮ, and θ parameter, respectively using the IMD dataset. Further, it should be 

noted that, the sensitivity analysis of ܲ߂ parameter in replacement of ܸ ௠௔௫ and inclusion 

of the R parameter in the TCSPI Eqn (9) has not been performed using the N2 dataset 

due to the unavailability of continuous data of ܲ߂ and the R parameter in the BoB for 

the years 1990─2021. 

 

Fig 5. 11. A Taylor diagram utilizing (a) the JTWC dataset and (b) the IMD dataset 

that shows how TCSPI performs in comparison to its reduced versions. The observed 

peak surge heights are referred to as "Obs" in this context. The standard deviation of 

the recorded peak surge heights for the N2 dataset is shown by the red line. 

 Further, the cumulative observed peak surge associated with TCs for the BoB 

from 1990─2021, and corresponding calculated TCSPI values from the N2 dataset are 

presented in Fig. 5.12. It is observed that the calculated TCSPI values using both JTWC 

and IMD datasets are poorly correlating with observed peak surge values associated 

with TCs obtained from various sources (i.e., IMD, BMD, MDMH, and literature) 
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compared to N1 dataset. However,  ௠ܸ௔௫ and 30ܮ is contributing significantly in 

improving the accuracy of TCSPI as compared to R, S, and θ information for both N1 

and N2 datasets. The relative underestimation of TCSPI values associated with 

observed peak surge is mostly seen along the coasts of the Region 1 (as shown in Fig. 

5.10a, and Fig. 5.10c). In corresponding to the observed peak surge associated with 

TCs, specifically for the year 1990─2008 (Fig. 5.12), e.g., TC BOB01 (1990), BOB02 

(1993), BOB03 (1994), BOB07 (1999), OGNI (2006), and Maala (2006). The present 

study suspects that the peak observed surge data for this period along the coasts of the 

Region 1 is majorly obtained from the IMD’s annual TC review reports (except for TC 

OGNI (Pradhan et al., 2012), and TC Maala (Source: MDMH)) are not qualitative 

enough in terms of accuracy. For example, TC BOB01 (1990) having an intensity of 

102 knots made landfall along the coast of Andhra Pradesh (Region 1), where a 30 m 

bathymetry contour is having a width (30ܮ) of about 15 km. This resulted in a maximum 

peak surge of 5 m as per reported in the Annual TC Review over NIO, (1990). However, 

TC Titli (2018) with similar intensity (slightly less intensity i.e., 80 knots) and having 

a width (30ܮ) of about 18 km, which made landfall along the coast of Andhra Pradesh 

(same along the Region 1 coast) could able to produce a maximum surge of only 1.5 m 

as per Annual TC Review over NIO, (2018). The same applicable to TC BOB02 (1993), 

BOB03 (1994), BOB07 (1999), OGNI (2006), and Maala (2006). This is probably 

because the surge guidance provided for the early years (1990─2008) by the IMD is 

based on the IIT Delhi Storm Surge Model (Annual TC Review over NIO, 2016). 

However, the study by Rao et al., (2009) reported that the errors associated with 

predicting storm surges using a finite difference-based IIT Delhi storm surge model are 

significant. Therefore, the proposed TCSPI is largely dependent on the quality in terms 

of the accuracy of the information used in the TCSPI. 
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Fig 5. 12. Available observed peak surge (y-axis-left) from different sources (i.e., 

IMD, BMD, MDMH, and literature) and corresponding calculated TCSPI (y-axis-

right) values for historical TC events that occurred between 1990─2021 in the BoB 

using the N2 dataset. 

5.3.3. Evaluation of TCSPI model performance for the N3 dataset 

The Pearson CC between TCSPI and observed surge height is 0.9553, p < 0.01, and 

explains ~91% observed variance for the N3 dataset, as shown in Fig. 5.13a. Further, 

the validation of the estimated potential peak surge height and simulated peak surge 

height is shown in the scatter plot (Fig. 5.13b). The empirical relationship between the 

TCSPI and ADCIRC simulated peak surge height for the IMD datasets is given below 

(݉ܿ) ௘௦௧ (ூெ஽)ߟ = 57.43 × ܫܲܵܥܶ + 43.48 (5.8) 
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Fig 5. 13.  (a) ADCIRC simulated TC peak surges (η) versus TCSPI (Eqn. 5.1) as a 

function of ௠ܸ௔௫, S, 30ܮ, and θ parameter using the N3 sample. (b) Scatter plots of 

estimated (Eqn. 5.8) and ADCIRC simulated peak storm surge heights at landfall 

locations. The red line and black line indicate the least square fit and perfect fit of the 

simulated peak surge and TCSPI (estimated potential peak surge η). The red, blue, 

and green scatter dots indicate landfall locations associated with the coasts of Region 

1, Region 2, and Region 3, respectively. ‘C’ denotes the correlation coefficient. 

 A similar sensitivity test was performed for the N3 dataset to understand the 

dependency of ௠ܸ௔௫, S, 30ܮ, and θ parameter in improving the accuracy of the TCSPI 

model for N3 datasets in the Taylor diagram (Fig. 5.14). It is observed that validation 

of the TCSPI model with ADCIRC simulated peak surge improved the performance 

with CC = 0.7192, 0.7811, 0.9415, 0.9553 and RMSE = 78 cm, 70 cm, 37 cm, 30 cm 

by systematically including the parameters such as ௠ܸ௔௫, S, 30ܮ, and θ parameter, 

respectively. The sensitivity analysis of ܲ߂ parameter instead of ௠ܸ௔௫ is also 

performed. The resulting statistics between TCSPI and ADCIRC simulated peak surge 

height slightly decreased (CC = 0.9098, p <.01, and RMSE = 46 cm). 
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Fig 5. 14. A Taylor diagram utilizing the IMD dataset shows how well TCSPI 

performs in comparison to its reduced versions. The ADCIRC simulated peak surge 

heights are referred to as "ADC Sim" in this context. The standard deviation of the 

recorded peak surge heights for the N3 dataset is shown by the red line. 

 Further, the cumulative ADCIRC simulated peak surge values associated with 

TCs for the BoB and corresponding estimated TCSPI values of the N3 dataset are 

presented in Fig. 5.15. It is observed that the calculated TCSPI and ADCIRC simulated 

peak surge values using the IMD dataset are well correlated. The TCSPI pattern is 

closely following the pattern of peak surge height values associated with TCs. The 

statistics show TCSPI is highly correlated with peak surge height using the N3 dataset 

compared to the N2 (see Section 5.3.2) and N1 datasets (see section 5.3.1). It is because 

both TCSPI and ADCIRC models do not include additional surge influencing factors 

such as wind wave, riverine inflow, rain mass, and rain stress effect information apart 

from ௠ܸ௔௫,S, 30ܮ, and θ. However, the inclusion of R information in TCSPI and taking 

into account of errors due to the parametric Holland wind field in the ADCIRC model 

could have improved the correlation between TCSPI and ADCIRC simulated surge 

values even better (Shashank et al., 2022a). 
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Fig 5. 15. Peak surge height obtained from ADCIRC simulations (y-axis-left), and 

corresponding TCSPI variations (y-axis-right) for historical TC events that occurred 

between 1990─2021 in the BoB using the N3 dataset. 

5.3.4. Evaluation of characteristic coastal geometry values in TCSPI 

In order to understand the importance of characteristic coastal geometry features (a and 

b) in the TCSPI, we considered N1 and N3 datasets to understand the necessity of the 

appropriate consideration of values a, and b in the Eqn. (5.1). N2 datasets have not been 

evaluated since errors associated with N2 datasets in the validation of TCSPI with 

observed peak surge height are significant, as discussed in Section 5.3.3. As discussed 

earlier, the characteristic coastal geometry feature (the default value a = 1) associated 

with forward speed information is considered in the TCSPI equation to evaluate N1 and 

N3 datasets for all the coasts of Region 1, Region 2, and Region 3. Peng et al., (2004); 

Islam and Takagi (2020) found that increased forward speed results in decreased surge 

height along the estuary and semi-enclosed bay coasts, respectively. Islam et al., (2021) 

found that the value of a = -1 is suitable in SSHPI Eqn. (1.8) for the semi-enclosed 

coast. However, no study in the literature suggests the effect of forward speed 

associated with TCs along the coasts of the delta region (i.e., Region 2 in our study 

area). Therefore, the study also looked at the performance of the TCSPI (Eqn. 5.1), 

considering the coastal geometry value a = -1 with peak surge height using the N1 and 

N3 datasets along the coast of the Region 2. Fig. 5.16a and Fig. 5.16c show validation 

of TCSPI with peak surge height considering a = -1 in Eqn. (5.1) for the coasts along 

the Region 2 using the N1 and N3 datasets, respectively. It is observed from the scatter 
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plot (Fig. 5.16a and Fig. 5.16c) that the values associated with the Region 2 (blue dots) 

are away from the least square fit line, resulting in the underestimation of peak surge 

height (Fig. 5.16b and Fig. 5.16d). The estimated potential peak surge height (Fig. 

5.16b, and Fig. 5.16d) resulted in poor statistics as compared to results discussed in 

section 5.3.1 and section 5.1.3 for N1 and N3 respectively (CC = 0.7649 (<0.9487), p 

<.01 and RMSE = 77 cm (>37 cm) for N1 dataset and, CC = 0.8642 (<0.9553), p <0.01 

and RMSE = 56 cm (>30 cm) for N3 dataset). Thus, overall statistics indicate that an 

increase in forward speed associated with TCs would result in increased peak surge 

height along the coasts of the GBM delta region (Region 2) of northern BoB, the same 

as that of open coast (Region 1 and 3). Therefore, it is recommended to use a default 

value of a = 1 in the proposed TCSPI Eqn. (5.1) for all the coasts in the Region 1, 2, 

and 3. 

 

Fig 5. 16. (a, c) Observed/simulated TC peak surges (η) versus TCSPI considering a = 

-1 for the coasts of the Region 2. (b, d) Scatter plot of estimated and 

observed/simulated peak storm surge heights at landfall locations. The red and black 

line shows the least square fit and perfect fit of the estimated peak surge (η) and 
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observed/simulated peak surge. The red, blue, and green scatter dots indicate landfall 

locations of TCs associated with coasts of the Region 1, Region 2, and Region 3, 

respectively. ‘C’ denotes the correlation coefficient. 

 Similarly, TCSPI Eqn. (5.1) is validated with peak surge heights using N1 and 

N3 datasets to evaluate characteristic coastal geometry feature (b) associated with the 

approach angle of TCs. As discussed earlier, the default value of b = 1 is considered for 

the open coasts in the Region 1 and 3. In the case of the semi-enclosed coasts b = 0 is 

considered. Several studies have suggested the importance of considering the approach 

angle in storm surge. However, none of them discussed the importance of considering 

approach angle for varying characteristic coastal geometry and bathymetry. Fig. 5.17a 

and 5.17c shows validation of TCSPI with peak surge height considering b = 1 for the 

coasts along the Region 2 in the TCSPI Eqn. (5.1). The results indicate poor statistics 

as compared to results discussed in section 5.3.1 and section 5.3.3 (CC = 0.8595 

(<0.9487) and RMSE = 61 cm (>37 cm) for the N1 dataset, and CC = 0.9122 (<0.9553), 

and RMSE = 46 cm (>30 cm) for N3 dataset). It is observed from the scatter plot (Fig. 

5.17a and Fig. 5.17c) that the values associated with coasts of the Region 2 (blue dots) 

are away from the least square fit line, resulting in mostly underestimation of peak surge 

height (Fig. 5.17b and Fig. 5.17d). This indicates that consideration of approach angle 

in TCSPI Eqn. (5.1) is not suitable for the curvy geometry of the coasts along the Region 

2 for the overall estimation of potential peak surge height in the BoB. Therefore, it is 

recommended to use the value b = 0 in the TCSPI Eqn. (5.1) for the coasts along the 

Region 2. Further, the consideration of approach angle information in TCSPI (Eqn. 5.1) 

is based on the numerical study (Pandey and Rao, 2019) for the BoB. However, these 

studies investigated the effect of approach angle for the landfalling TCs along the coasts 

of the Region 1 alone. Therefore, the present study makes further investigation on the 

effect of the approach angle associated with characteristic coastal geometry for the open 

coast along the Region 3. Fig. 5.17e and Fig. 5.17g show validation of TCSPI with peak 

surge height considering b = 0. The results indicate slightly reduced statistics compared 

to results discussed in section 5.3.1 and section 5.3.3 for N1 and N3, respectively (CC 

= 0.9249 (<0.9487) and RMSE = 45 cm (>30 cm) for the N1 dataset, and CC = 0.9485 

(<0.9553), and RMSE = 35 cm (>30 cm) for N3 dataset). It is observed from the scatter 

plot (Fig. 5.17f and Fig. 5.17h) that the values associated with the coasts along the 

Region 3 (green dots) are away from the least square fit line, which indicates the 
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importance of approach angle information in TCSPI (Eqn. 5.1) for the coasts along the 

Region 3. Therefore, it is valid to consider the value b = 1 in the TCSPI for the coasts 

along the Region 3 same as coasts along the Region 1. From the discussion in section 

4.3.1, and section 4.3.2, it is evident that the inclusion of the approach angle has 

improved the accuracy of TCSPI by up to 17% and 19% for N1 and N3 datasets, 

respectively. However, it is evident that consideration of b = 1 in Eqn. (5.1) for the 

Region 3 coastline has minimal impact on enhancing the accuracy of TCSPI in 

predicting the potential peak surge height across the BoB. 

 

Fig 5. 17. (a, c) Observed/simulated TC peak surges (η) versus TCSPI considering b = 

1 for the surge heights at landfall locations. (e, g) Observed/simulated TC peak surges 

(η) versus TCSPI considering b = 0 for the coasts of Region 3. (f, h) Scatter plot of 

estimated and observed/simulated peak storm surge heights at landfall locations for 

N1, and N3 datasets, respectively. The red and black line shows the least square fit 

and perfect fit of the estimated peak surge (η) and observed/simulated peak surge. The 

red, blue, and green scatter dots indicate landfall locations associated with the coasts 

of Region 1, Region 2, and Region 3, respectively. ‘C’ denotes the correlation 

coefficient. 

5.3.5. Verification score 

Next, the verification score was quantified using the probability of detection (POD), 

the false alarm ratio (FAR), and the critical success score (CSI) to assess quantitatively 
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the accuracy of the TCSPI model for using N1, N2, and N3 samples from the IMD 

datasets. The mathematical forms of POD, FAR, and CSI (Jolliffe et al., 2012) are given 

as 

ܦܱܲ =  (ℎ݅ݏݐ)(ℎ݅ݏݐ) + (ݏ݁ݏݏ݅݉)      0 ≤ ܦܱܲ ≤ 1;  (5.9)    1 ݏ݅ ݁ݎ݋ܿݏ ݐ݂ܿ݁ݎ݁݌ ℎ݁ݐ 

ܴܣܨ (ݏݐℎ݅)(݉ܽݎ݈ܽܽ ݁ݏ݈݂ܽ) = + (݉ܽݎ݈ܽܽ ݁ݏ݈݂ܽ)    0 ≤ ܴܣܨ ≤ 1; ܫܵܥ (5.10) 0 ݏ݅ ݁ݎ݋ܿݏ ݐ݂ܿ݁ݎ݁݌ ℎ݁ݐ  =  (ℎ௜௧௦)(ℎ௜௧௦)+(௠௜௦௦௘௦)+(௙௔௟௦௘ ௔௟௔௥௔௠)     0 ≤ ܫܵܥ ≤ 1;  (5.11)                  1 ݏ݅ ݁ݎ݋ܿݏ ݐ݂ܿ݁ݎ݁݌ ℎ݁ݐ 

To calibrate the verification score for peak surge heights ≤ threshold value, we 

have considered hits, misses, and false alarm as in Jolliffe et al., 2012. The hits represent 

observed peak surge height and predicted peak surge height values are ≤ threshold 

value. The misses represent observed peak surge height values is ≤ threshold value, and 

the predicted peak surge height value > threshold value. Finally, the false alarm 

represents the observed peak surge height value is > threshold value and the predicted 

peak surge height value ≤ threshold value. In a similar way, we also calibrated the 

verification score for peak surge heights ≥ threshold value. 

 All three scores (Fig. 5.18a, b, and c) suggest that the TCSPI performs better for 

events with smaller peak surge height values than the threshold values (threshold value 

is average of observed/simulated peak surge height) compared to peak surge heights 

higher than the threshold value. For example, the CSI score for minor surge events (< 

threshold peak surge values) is slightly higher than significant peak surge events (> 

threshold peak surge values). These results are in accordance with the previous study 

by Islam et al., (2021).  
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Fig 5. 18. (a, b, c) Verification scores for TCSPI, estimated storm surges. (d, e, f) 

Verification scores for ML (LR-Stepwise) estimated storm surges using N1, N2, and 

N3 datasets, respectively. Error bars show two-sided 95% confidence intervals. 

5.3.6. Evaluation of ML Models Performance 

The performance of regression-based LR, TR, SVM, EnTR, and GPR ML models for 

each of their respective fitting parameters for the training (70% of data) and test (30% 

of the data) datasets is given in the Table. 5.4. However, the validation for only the best-

performing ML model in each of the training, and testing, datasets for N1, N2, and N3 

samples are presented in the scatter plot (Fig. 5.19). It is observed that the LR model 

with stepwise fitting parameter is performing better compared to the rest of the ML 

models in terms of statistics (CC = 0.9431, 0.7535, 0.9555 and RMSE = 77 cm, 115 

cm, 30 cm for considering test datasets using N1, N2 and N3 samples respectively). 

Overall considering N1, N2, and N3 datasets, the LR and GPR model is performing 

better, followed by the SVM, TR and EnTR models for different fitting parameters as 

presented in Table. 5.4. 
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Fig 5. 19. (a, b) Scatter plot of ML (LR-Stepwise) estimated and observed storm surge 

heights at landfall locations for training and testing datasets, respectively, for the N1 

sample. Similarly, (c, d) for the N2 sample and (e, f) for the N3 sample. The red and 

black line indicates the least square fit and perfect fit of the respective ML estimated 

surge and observed/simulated surge. ‘C’ denotes the correlation coefficient. ‘n’ 

denotes the number of sample datasets used for training and testing. 

Table 5.4. CC and RMSE of training and testing datasets of the regression-based ML 

models with the machine learning methods for N1, N2, and N3 sample 

Model Fiƫng Method 

N1 N2 N3 

Training TesƟng Training TesƟng Training TesƟng 

CC 

RMSE 

(cm) 
CC 

RMSE 

(cm) 
CC 

RMSE 

(cm) 
CC 

RMSE 

(cm) 
CC 

RMSE 

(cm) 
CC 

RMSE 

(cm) 

Linear 
Regression 

(LR) 

Basic 0.3441 72 0.7983 140 0.6469 100 0.5960 146 0.8365 55 0.9260 37 

InteracƟon 0.0984 306 0.8991 107 0.7840 82 0.6972 125 0.9685 29 0.9499 31 

Robust 0.4186 63 0.8520 160 0.6719 95 0.5898 146 0.9019 50 0.9349 56 

Stepwise 0.4215 76 0.9431 77 0.7684 83 0.7535 115 0.9630 29 0.9555 30 

Tree 

Regression  
(TR) 

Fine 0.1709 73 0.6962 171 0.6881 93 0.5613 153 0.7395 80 0.8353 58 

Medium 
-
0.4859 

73 0.7962 197 0.1056 136 0.4398 163 0.4289 109 0.7722 61 

Coarse 
-
0.5215 

74 0.1222 216 
-
0.2167 

129 0.4624 183 
-
0.2281 

99 0.1000 98 

Support 
Vector 
Machine 

(SVM) 

Linear 0.2236 68 0.8813 197 0.6856 102 0.5760 164 0.9212 47 0.9178 51 

QuadraƟc 0.2214 68 0.8446 191 0.7755 80 0.6734 131 0.9566 30 0.9540 31 

Cubic 0.1606 71 0.8524 134 0.8288 72 0.8202 106 0.8925 43 0.9633 28 

Fine Gaussian 
-
0.1632 

70 0.0123 221 
-
0.2630 

134 0.0999 197 0.6181 85 0.3956 90 

Medium Gaussian 0.0833 70 0.4590 206 0.3034 124 0.5983 164 0.9250 36 0.9553 37 

Coarse Gaussian 
-
0.0907 

71 0.8528 212 0.3180 129 0.5349 194 0.8216 65 0.9265 62 

Ensemble Tree 
(EnTR) 

Boosted Trees 0.1146 71 0.6508 194 0.6689 95 0.4594 168 0.7846 66 0.9337 46 

Bagged Tress 0.1761 68 0.4979 198 0.6038 108 0.4559 164 0.6835 80 0.9195 53 

Gaussian 
processes 
regression 

(GPR) 

Squared 
exponenƟal 

-
0.1458 

75 0.0844 197 0.4938 113 0.6913 128 0.9607 27 0.9513 31 

Matern 5/2 0.0132 70 0.1662 196 0.4899 113 0.6721 132 0.9688 27 0.9484 31 

ExponenƟal -
0.0687 

76 0.2378 201 0.7865 80 0.6349 139 0.9203 35 0.9530 33 

RaƟonal QuadraƟc 0.0293 72 0.0844 197 0.8018 76 0.6913 128 0.9551 30 0.9543 30 
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5.3.7. Comparison of peak surge events estimated by TCSPI, ML, and ADCIRC 

model 

In the present study, we examined the accuracy of TCSPI, ML (LR-Stepwise), and 

ADCIRC models predicted peak surge height with IMD observations for the past 9 

notable cyclonic events that occurred along the entire BoB coast over the past 20 years 

(2001 to 2021). The peak surge height is estimated using TCSPI, ML (LR-Stepwise) 

using N1 datasets alone as it consists of all the meteorological parameters ( ௠ܸ௔௫, R, S, 30ܮ, and θ), and bathymetry (30ܮ) information. It should be noted that, for the 

comparison 70% of the randomly selected data used for both developing the TCSPI and 

ML models and rest 30% of the data treated as test (unknown) data. The empirical Eqn 

(4.12) derived from 70% of the data has been used to develop the TCSPI model. It 

should also be noted that the same meteorological parameter information ( ௠ܸ௔௫, R, S, 30ܮ, and θ) provided as input to the both TCSPI and ML models. While the ADCIRC 

model setup is prepared for the numerical simulations for the 9 notable cyclone test 

cases as per discussed model setup section 5.2.4. The results indicate TCSPI estimated 

potential peak surge values are close to IMD observation as compared to ML (LR-

Stepwise) and ADCIRC estimated peak surge values. However, ADCIRC simulated 

peak surges are mostly underestimating the observed values, which is closely align with 

the previous studies by Pandey and Rao, (2018); Antony et al., (2020); Murty et al., 

(2020) for the BoB region. Table. 5.5 indicates the performance of TCSPI, LR-

Stepwise, and ADCIRC model predicted peak surge height with the IMD observations 

for the 9 notable TC events. From the Fig. 5.20 and Table 5.5, it can be noted that the 

ADCIRC model's error in predicting the peak surge height for 9 test cases from the N1 

sample dataset is 59 cm. Nevertheless, when examining all 33 TCs from the same N1 

sample dataset, the error associated with ADCIRC model in predicting the peak surge 

height increases to 65 cm with the observation. 
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Fig 5. 20. The x-axis denotes notable cyclonic events in the BoB from 2001─2021, 

and the y-axis denotes the IMD observed peak surge height and estimated peak surge 

height using TCSPI, ML (LR-Stepwise), and ADCIRC model for comparison. 

Table 5.5. Performance of TCSPI, ML (LR-Stepwise) and ADCIRC model using N1 

(test) sample data. 

 TCSPI ML (LR-Stepwise) ADCIRC 

CC 0.9753 0.9431 0.9688 

RMSE (cm) 38 77 59 

 

5.3.8. Comparison of peak surge events estimated by TCSPI and ML models for 

N1, N2 and N3 datasets. 

In the present study, we compared the performance of both TCSPI and ML-based LR-

Stepwise models on testing datasets for N1, N2, and N3 data samples as shown in Fig. 

5.21. The empirical Eqn (4.12), (4.13), and (4.14) shown below are derived from 70% 

of the data, this has been used to develop the TCSPI model for N1, N2, and N3 datasets 

respectively. Using these equations, we tested the remaining 30% of the data using 

TCSPI, as presented in Fig. 5.21a, c, and e for the N1, N2, and N3 datasets respectively. 

Similarly, we trained 70% of the data using ML models and the remaining 30% for 

testing. The best performing ML model (LR-Stepwise) for the test dataset is presented 

in Fig. 5.21b, d and f for N1, N2, and N3 datasets respectively. 
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(݉ܿ) ௘௦௧ (ே1)ߟ = 43.64 × ܫܲܵܥܶ + (݉ܿ) ௘௦௧ (ே2)ߟ (5.12) 97.19 = 62.94 × ܫܲܵܥܶ + (݉ܿ) ௘௦௧ (ே3)ߟ (5.13) 103.58 = 56.40 × ܫܲܵܥܶ + 44.34 (5.13) 

 

 Considering the N1 dataset, it is observed that the ML-based LR model with 

stepwise fitting parameter performs poorly in terms of statistics compared to the TCSPI 

model (LR-Stepwise CC = 0.9431 < TCSPI CC = 9753 and LR-Stepwise RMSE = 77 

cm > TCSPI RMSE = 38 cm). This indicates that TCSPI performs better even with a 

smaller sample size compared to ML models. However, for the N2 dataset, the LR 

model with stepwise fitting parameter performs relatively better with statistics as 

compared to the TCSPI model (LR-Stepwise CC = 0.7535 > TCSPI CC = 0.6062 and 

LR-Stepwise RMSE = 115 cm < TCSPI RMSE = 159 cm). The accuracy of TCSPI 

depends on the accuracy of the observed track variables and observed/forecasted peak 

surge information. Whereas the ML models are capable of learning better with the 

increase in sample size. For the N3 dataset, it is observed that the LR model with 

stepwise fitting parameter performs nearly same as compared to the TCSPI (LR-

Stepwise CC = 0.9555 < TCSPI CC = 0.9423 and LR-Stepwise RMSE = 30 cm < 

TCSPI RMSE = 33 cm). Thus, the regression-based TCSPI model performs 

comparatively better than ML models even with a smaller sample size. The results of 

The TCSPI aligns closely with the surge index used in prior study by Islam et al., (2021) 

for the Japan coast.  
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Fig 5. 21.  (a, b) Scatter plot of ML (LR-Stepwise) and TCSPI estimated and observed 

storm surge heights at landfall locations for testing datasets, respectively, for the N1 

sample. Similarly, (c, d) for the N2 sample and (e, f) for the N3 sample. The red and 

black line indicates the least square fit and perfect fit of the respective ML estimated 

surge and observed/simulated surge. ‘C’ denotes the correlation coefficient. ‘n’ 

denotes the number of sample datasets used for training, testing, and overall. 

 

5.4.SUMMARY 

This summary outlines the development and evaluation of TCSPI using IMD and 

JTWC datasets. The study also investigated the influence of track parameters, 

bathymetry, and geometrical coefficients on peak surge height using TCSPI. TCSPI 

was validated against peak surge height values derived from the ADCIRC model to 

determine if the TCSPI and ADCIRC models exhibit similar trends in predicting peak 

surge height. Verification assessments were presented to understand the predictive 

capability of TCSPI with respect to the peak surge height threshold values for the N1, 

N2, and N3 datasets. Various regression-based machine learning models were 
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developed and evaluated to determine the most suitable model for the BoB, particularly 

considering the challenges posed by small sample datasets. A uniform comparison 

method was employed to analyze and compare the performance of TCSPI, ML, and 

ADCIRC models. 
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CHAPTER 6 

STORM SURGE HAZARD MAP4 

6.1. GENERAL 

The Indian east coast is highly susceptible to cyclones and storm surges from the Bay 

of Bengal, making surge hazard maps essential for identifying high-risk areas and 

guiding effective disaster management. These maps support better planning, evacuation 

strategies, and infrastructure resilience, ultimately reducing damage and saving lives. 

While several past studies have produced surge hazard maps, their methodologies are 

often complex and time-consuming. The present study proposes a simplified, accurate, 

and computationally efficient methodology, eliminating the need for synthetic track 

generation and cyclone pressure drop estimations. By focusing on peak surge height 

estimation for various return periods, combined with climate change scenarios, an 

enhanced version of the Tropical Cyclone Surge Potential Index (TCSPI) model is 

introduced. The present chapter provides detailed discussion of the model validation 

and its applications in generating surge hazard maps, along with an analysis of surge 

hazard vulnerability for each coastal state situated along the eastern coast of India. 

6.2. MODEL, DATA, AND METHODOLOGY 

6.2.1. Model 

In the present study, we incorporated a novel tropical cyclone surge potential index 

(TCSPI) proposed by Shashank et al., (2024) for estimating TC-induced potential peak 

surge levels near the landfall locations for the entire coast of the BoB. For the 

calibration of peak surge height, the simplified physics-based TCSPI model was found 

to be more useful than the full physics-based hydrodynamic model (i.e., ADCIRC 

model) and statistical-based data-driven supervised Machine Learning (ML) models on 

small sample datasets (Shashank et al., 2024). The physical significance of each storm 

 
4 This work is submitted to: “Shashank, V. G., Sriram, V., Schüttrumpf, H., & Sannasiraj, S. A. (2024). 
Mapping Storm Surge Risk for the Indian East Coast using a Tropical Cyclone Surge Potential Index 
Model. ISH Journal of Hydralic Engineering”  
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parameter (Vmax, R, S, and θ), and bathymetry parameter (L30) used in the TCSPI is 

discussed in detail in Shashank et al., (2024). However, in the present study, we have 

incorporated TCSPI only for the coastal states of the Indian east coast. Also, the present 

study has incorporated slight adjustments to the TCSPI model that is specifically 

suitable for the Indian east coast, enhancing its capability to provide even more accurate 

estimates of peak surge values. The modified form of the TCSPI model is given below: 

If Vmax ≤ 47 Knots 

Surge(cm) = 57.43×TCSPI+43.48 

If Vmax > 47 Knots 

Surge(cm) = 41.60×TCSPI+102.65 

ܹℎ݁ܫܲܵܥܶ   ݁ݎ = ( ௠ܸ௔௫௠ܸ௔௫0)2 ( ܴܴ0) ∗ܮ30ܮ) ) ( ܵܵ0)௔ (  ௕ (6.1)(0ߠߠ

 

( ܴܴ0) =  

{  
  
  ( ܴܴ0)

  1.5     ݂݅ ( ܴܴ0) ≥ 1.5
    ݂݅  0.5 < ( ܴܴ0) < 1.5 0.5      ݂݅ ( ܴܴ0) ≤ 0.5

  ;     ( ܵܵ0)௔ 
⬚

=  

{   
   1.5     ݂݅  ( ܵܵ0)௔ ≥ 1.5( ܵܵ0)௔    ݂݅  0.5 < ( ܵܵ0)௔ < 1.5 0.5     ݂݅ ( ܵܵ0)௔ ≤ 0.5

  

( ௕(0ߠߠ = {  
  ( ௕(01ߠߠ ߠ ݂݅   ≤ 90°
( ௕−(02ߠߠ ߠ ݂݅   > 90°             ܽ݊݀          ( ௕(0ߠߠ = 0.5  ݂݅ ( ௕(0ߠߠ ≤ 0.5 
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In the present study, if a TC makes landfall with a Vmax not exceeding 47 knots, 

categorizing it as a cyclonic storm (CS) or depression (D) or deep depression (DD), 

according to the IMD's cyclone classification. We had incorporated the empirical Eqn. 

(14) from the study of Shashank et al., (2024) to calculate the peak surge height caused 

by cyclones. If the landfalling Vmax of the cyclone exceeds 47 knots, it is categorized as 

SCS, or VSCS, or ESCS or SuCS, according to the IMD's cyclone classification. We 

had incorporated the empirical Eqn. (13) from the study of Shashank et al., (2024) to 

calculate the peak surge height caused by cyclones. Adopting this approach, enhanced 

the accuracy of predicting the potential peak surge height more effectively (as discussed 

in Section 5.3.1) in the study. This is because Eqn. (14), and Eqn. (13) are found to be 

more suitable for predicting peak surge height with lower-intensity storms (Vmax ≤ 47 

Knots) and higher-intensity storms (Vmax > 47 Knots), respectively. Previously, 

Shashank et al., (2024) used Eqn. (13) and Eqn. (14) for validating IMD observed peak 

surge heights and ADCIRC simulated peak surge heights.  

The subscript 0 refers to climatological reference constants. In the present study, ܸ݉ܽ0ݔ is 33 ms-1. This value is the same as in Shashank et al., (2024). However, the 

present study considers (R/R0) = 1. This is because the parameter R has a relatively 

minor influence on accurately predicting peak surge height along the BoB coast 

compared to other parameters (Vmax, S, L30, and θ) using the TCSPI model (Shashank 

et al., 2024). Moreover, in the present study, we are utilizing only IMD data to develop 

the storm surge hazard map (as discussed in Section 2.2), and IMD best track data does 

not provide R information. Shashank et al., (2024) incorporated bathymetry information 

L30. However, in this study, for estimating the peak surge height along the Indian east 

coastline exclusively, an optimized value of L* = 40 km was employed in TCSPI. This 

L* was determined through an iterative minimization process that adjusts parameters to 

reduce the objective function (Lagarias et al., 1998). Also, this L* value is 

approximately the average of L30 values along the eastern coast of India. Shashank et 

al., (2024) used the climatological reference constant for forward speed S0 = 3.77 ms-1 

and reference constants for approach angle 0ߠ that has a lower limit 60° = 01ߠ and an 

upper limit 110° = 02ߠ. The constants employed in this study for forward speed and 

approach angle references remain consistent, except where 50 = 01ߠ and 120°= 02ߠ. The 

minor adjustments mentioned above are crucial in improving the precision of peak 
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surge height forecasts (as discussed in section 3.1). This improved version of the TCSPI 

model is freely accessible to the public via the IITM Surge Calculator website at 

[https://iitmaisurge.in/]. A guide for users to operate the IITM Surge Calculator to 

calculate the potential peak surge height value for a cyclone test case Hudhud (2014) is 

given in Appendix A. 

6.2.2. Track Data 

In this study, the best track archives from IMD were utilized, as the 3-minute maximum 

sustained wind speed data from IMD is more suitable for generating precise peak surge 

height forecasts compared to the 1-minute maximum sustained wind speed data from 

the JTWC (Shashank et al., 2024). The IMD has provided the cyclone track information 

since 1891. However, the best track data is available only from 1982. This includes the 

track parameters, such as track position, ܸ݉ܽݔ, and ܲ߂. It should be noted that the IMD 

does not provide information on storm size. In the present study, only cyclones 

classified as Cyclonic Storms (CS) by the IMD TC classification and those TCs whose 

maximum Vmax during the storm duration is at least exceeding 47 knots were considered. 

Based on the frequency of cyclone events in BoB between 1982 and 2022, it is observed 

that, overall, 65 landfalling TCs across the Indian east coast were reported in the BoB 

(Fig. 5.1). From 1982─2022 in terms of IMD’s TC intensity classification (Fig. 2), 19 

TCs were reported as CS, 22 TCs as SCS, 12 TCs as VSCS, 6 TCs as ESCS, and 3 TCs 

as SuCS. The coastal districts of Andhra Pradesh experience the most frequent 

occurrences of cyclone landfalls among the coastal states along the Indian east coast, 

based on the IMD best track data from 1982-2022 (depicted in Fig. 5.2). Tamil Nadu, 

Odisha, and West Bengal are the subsequent states with closely following frequency of 

cyclone landfalls. It is observed that 26 TCs have made landfall along the coasts of 

Andhra Pradesh state, 18 TCs along the coast of Tamil Nadu state, 11 TCs along the 

coast of Odisha state, and 7 TCs along the coast of West Bengal state in the past 40 

years. However, analyzing the frequency of occurrence of TCs based on IMD track data 

from 1891 along the Indian east coast indicates that more frequent occurrence of 

landfalling TCs observed along the Odisha and West Bengal state coast, followed by 

Andhra Pradesh and Tamil Nadu state coast (Rao et al., 2019). 
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Fig 6.1. Cumulative tracks and their respective IMD classification of landfalling TCs 

along the Indian east coast from 1982─2022. Plotting style of cyclone tracks is 

inspired from the study presented by Shashank et al., (2024) 
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Fig 6.2. District-wise occurrence of landfalling TCs from 1982 to 2022. 

6.2.3. Indian East Coast 

The present study is focused only along the Indian east coast, which includes 30 coastal 

districts in four coastal states, as discussed above. The box in Fig. 6.3 indicates the 

domain of interest for creating a surge hazard map based on the different return periods 

and Climate Change Scenario (CCS) along the coastal regions where cyclones have 

historically made landfall. Shashank et al., (2024) classified the entire BoB region into 

three distinct coastal regions, assigning a coastal geometry coefficient (b = 0) to the 

northern region encompassing coasts of West Bengal and part of Bangladesh. The 

present study adopts the same assumption. However, we incorporated the measured 

distance between the coastline and the 40 m bathymetry contour (as shown in Fig. 6.3) 

line in estimating peak surge height using modified TCSPI. This replaces the 30 m 

bathymetry contour previously employed by Shashank et al., (2024).                                                                                                                                                                                                                                         
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Fig 6.3. The color bar denotes the bathymetry depth of the BoB basin constructed 

using GEBCO data. The red-bordered box indicates the eastern coast of India (domain 

of interest). The red and green lines indicate 30 m and 40 m contour bathymetry, 

respectively. 

6.2.4. Surge Data 

The present study, the observed peak surge height from the IMD is collected to validate 

the TCSPI model, as referenced by Shashank et al., (2024). 

6.2.5. Methodology 

Initially, this research validated the estimated peak surge height accuracy utilizing the 

modified TCSPI Eqn (6.1). The comparison was made with the observed peak surge 

height from the IMD. The parameters such as Vmax, S, L30, and θ for the recent cyclones 

(2007-2022) at the landfall time frame were considered to estimate the peak surge 
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height. This is due to the availability of more precise storm surge reported values in 

recent times (post-2007) (Shashank et al., 2024). In order to assess the predictive 

accuracy of the modified TCSPI Eqn, (6.1) the estimated peak surge height is validated 

and compared with the previous version of TCSPI proposed by Shashank et al., (2024). 

In the present study, the modified TCSPI Eqn. has been referred to as TCSPI-2, while 

the original TCSPI Eqn. is denoted as TCSPI-1. Further, the modified TCSPI Eqn. 

(TCSPI-2) will be incorporated to estimate the peak surge height for all the TCs IMD 

best track data from 1982-2022 that have made landfall along the Indian east coast. 

Thus, this research offers a comprehensive dataset of estimated peak surge heights for 

the TCs along the maritime states of the Indian east coast.  A map depicting coastal 

hazards in districts are initially generated. This map is based on the district-wise 

maximum available peak surge height data derived using the modified TCSPI Eqn. near 

point of landfall for the historical TC data of 40 years (from 1982-2022). The following 

step generates a map depicting surge hazards to different coastal districts based on the 

track parameters' return period at the landfall time frame and CCS. 

Literature shows that the wind data is modeled using Weibull distribution, 

especially when the aim is to characterize the annual resource (Hennessey, 1977, 

Kaminsky, 1977, Corotis et al., 1978, Weisser, 2003, Ettoumi et al., 2003). The study 

by Kumar and Philip, (2010) found that Weibull distribution fits better than Gumbel 

distribution for the extreme wind speeds estimation based on NCEP/NCAR reanalysis 

data for a 100-year return period. The details of the Weibull distribution are given by 

Palutikof et al., (1999). Therefore, the present study estimates the return period using 

Weibull distribution for 100 years based on 40 years of historical IMD best track TC 

parameters (wind speed and forward speed) collected at the landfall time frame for each 

of the maritime states (Fig. 6.4). The estimated return period values of wind speed and 

forward speed for 25 years, 50 years, and 100 years for each of the maritime states along 

Indian east coast using Weibull distribution is given in Table. 5.1.  

The present study distinguishes the coastal area of Tamil Nadu into two parts, 

Northern and Southern, owing to their unique coastal features. The southern part of 

Tamil Nadu encompasses the coastal region from Kanyakumari district to Tiruvarur 

district, while the northern part extends from Nagapattinam district to Thiruvallur 

district. Analyzing historical data from 1982-2022 using IMD best track data reveals an 
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increased vulnerability to TCs in the northern region of Tamil Nadu (14 observed TCs). 

Whereas, the southern part experienced only 4 TCs, which made landfall during the 

same period. However, the wind intensity of TCs making landfall along the northern 

Tamil Nadu coast tends to be higher compared to those TCs making landfall along the 

southern region of the Tamil Nadu coast. This is due to the geographical positioning of 

Sri Lanka, which influences the atmospheric flow in that region, resulting in fewer and 

less intense storms in the southern part of Tamil Nadu. Moreover, the northern part of 

Tamil Nadu features a narrower continental shelf, while the southern region has a 

broader continental shelf. If all TCs over the entire Tamil Nadu coast are considered for 

estimating the return period and positioned over the southern Tamil Nadu coast for 

estimating the peak surge height, the predicted peak surge values would be overstated 

and unrealistic. Thus, it is imperative to partition Tamil Nadu state into northern and 

southern regions to estimate the return periods of TC wind intensities. Thus, 

distinguishing India's entire eastern coast into five marine states. 

Fig 6.4. a) Estimated wind speed (y-axis) and b) forward speed of TC for return 

period up to 100 years (x-axis) using Weibull distribution. 

 

Table 6.1. Estimated 25-year, 50-year, and 100-year return periods for wind speed and 

forward speed of TC for the five maritime states along the Indian east coast. 

 West Bengal Odisha Andhra Pradesh North Tamil Nadu South Tamil Nadu 
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Return 
period 

Vmax 

(ms-1) 

S 

(ms-1) 

Vmax 

(ms-1) 

S 

(ms-1) 

Vmax 

(ms-1) 

S 

(ms-1) 

Vmax 

(ms-1) 

S 

(ms-1) 

Vmax 

(ms-1) 

S 

(ms-1) 

25 
years 

54.31 8.32 63.70 7.44 58.54 9.73 49.89 7.08 25.68 6.8 

50 

years 
67.98 10.93 78.79 9.04 66.68 11.17 60.34 8.05 33.18 8.88 

100 

years 
81.65 13.82 93.88 10.65 74.77 12.59 70.79 9.02 40.35 10.96 

 

To demonstrate the methodology, the present study has initially considered the 

maritime state Andhra Pradesh as an example for a meanwhile (as shown in Fig. 6.5). 

Later, the same methodology was incorporated for all the maritime states along the 

Indian east coast. We assumed that cyclones make landfall every 30 km along the coast. 

However, the present study assumed that all the landfalling tracks are perpendicular to 

the coast, considering the worst-case scenario for the storm surges. This mean approach 

angle (ߠ) of TC is 90°. Therefore, the present study considered (0ߠ/ ߠ) = 1.5 in TCSPI 

Eqn. (1) for computing the peak surge height. The estimated return period values of 

wind speed at landfall will be considered to compute the peak surge height using TCSPI 

Eqn. (5.1) at every 30 km distance. Therefore, in the present study does not need to take 

into consideration synthetic tracks. It is noted that the return period values of the 

forward speed of TCs are overestimated and unrealistic (as shown in Fig. 6.4b). 

Moreover, it is observed that the estimated return period values (for 25 years, 50 years, 

and 100 years) of forward speed across different maritime states along the Indian east 

coast were found to be more than 1.5 times the climatological average of the TCs' 

forward speed (i.e., 3.77 ms-1). Therefore, to ensure the worst-case scenarios, the 

present study also considers a maximum limit of (S/S0) = 1.5 for the forward speed in 

TCSPI Eqn. (5.1) to predict the peak surge height for different return periods (25 years, 

50 years, and 100 years) and to create the surge hazard map due to TCs.  

It should be noted that, the present study does not even require computing the 

return period of pressure drop values. This is because TCSPI Eqn does not include 

pressure drop information to estimate peak surge height along the landfall locations of 

TCs. The dominance of wind stress over the inverse barometer effect in shallow waters 

for surge generation is the reason for this exclusion (Bertin, 2014, Kantha, 2013, Islam 
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et al., 2021, Shashank et al., 2024). Thus, the TCSPI is entirely dependent on the 

estimated Vmax values for different return periods for each of the maritime states and the 

bathymetry (L30) information for computing peak surge height at every 30 km along the 

Indian East Coast. Furthermore, this study evaluates the impact of CCS on peak surge 

height predictions. Thus, incorporating a 10% increase in cyclonic wind speed based 

on recent IPCC (AR6) reports. This wind speed increase is considered under an 

extreme-case scenario for a one-time slice analysis in 2100. 

 

Fig 6.5. a) Coastal regions of Andhra Pradesh. b) depiction in an enlarged view of the 

state with a maritime area consisting of coastal districts. The arrows signify the 

assumption of TC making landfall perpendicular to the coast. The estimation of peak 

surge height is performed at about 30 km intervals along the coastline. 

6.3.RESULTS AND DISCUSSION 

6.3.1. Validation of modified TCSPI model 

The present study examined the performance of the original TCSPI Eqn. published by 

Shashank et al., (2024), (i.e., TCSPI-1) and validated the modified TCSPI Eqn. (TCSPI-

2) for the 14 TCs that have recently occurred and made landfall along the Indian east 

coast.  It is noted that even the low-intensity landfalling TCs from 2001-2021 (less than 

or equal to the CS category) reported higher surge values by the IMD. Thus, TCSPI-1 
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is well suited for validating storm surges associated with historical TCs from 2001-

2021. However, from 2007 onwards, it has been observed that IMD improved the 

accuracy of the prediction of storm surges by providing surge guidance (Shashank et 

al., 2024). Therefore, it is essential to bring slight modifications to the existing TCSPI-

1 Eqn. to improve the performance of validating storm surges associated with the 

recently occurred TCs (2007-2021). Fig. 6.6a depicts the observed peak surge height 

by the IMD and estimated peak surge height by TCSPI-1 and TCSPI-2. It is evident that 

the peak surge height calculated by TCSPI-2 is closer to the IMD observation than that 

of TCSPI-1, particularly for lower surge height values (i.e., < 1 m). The performance 

of the TCSPI-1 and TCSPI-2 is presented through a scattered plot, as shown in Fig. 6.6b 

and Fig. 6.6c., respectively. The CC = 0.96 and RMSE = 35 cm indicate that TCSPI-2 

outperformed TCSPI-1 (which has CC = 0.94 and RMSE = 42 cm). The scattered points 

are closer to the best-fit line in the case of TCSPI-2 (Fig. 7c) than TCSPI-1 (Fig. 7b). 

Thus, considering the minor modifications in TCSPI-2 helped improve the accuracy of 

prediction of peak surge height by up to 20% compared to TCSPI-1 for the recent 

cyclones. 
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Fig 6.6. a) Bar plot depicting the observed and estimated peak surge height values. 

Scatter plot of observed and estimated peak storm surge heights at landfall locations 

using b) TCSPI-1 and c) TCSPI-2. 

The values of the bathymetry parameters (i.e., L30) and atmospheric parameters 

(i.e., Vmax, S, and θ) for the recent TCs were taken into consideration for the validation 

as shown in Fig. 7a. The details are presented in Table. 2. TCSPI-1 and TCSPI-2 uses 

Vmax, S, L30, and θ to estimate the peak surge height. The climatological average 

reference constant S0 = 3.77 ms-1 has been used in TCSPI-1 and TCSPI-2. The estimated 

TCSPI values and corresponding estimated peak surge heights are shown in Table 2. It 

is observed that TCSPI-1 estimates peak surge height values that are always greater 

than 1 m. Thus, TCSPI-1 is not suitable when considering low-intensity TCs making 

landfall along the coast with lower surge values (< 1 m). TCSPI-2 is well suited for 

low-intensity TCs with lower surge values (< 1 m). Apart from that, the selection of 

optimized L* value according to Lagarias et al., (1998) within TCSPI-2 also contributes 

to improving the accuracy prediction of peak surge height values. 

 Table 6.2. The atmospheric bathymetry parameters and estimated peak surge height 

values using TCSPI-1, and TCSPI-2. 

Cyclone Year Wind 
speed 
(Vmax) 
(ms-1) 

Forward 
speed 

(S) 

(ms-1) 

L30 
(km) 

θ IMD 
Observed 

surge 
(m) 

TCSPI-
1 

TCSPI-
2 

Estimated 
surge 

(TCSPI-
1) 

Estimated 
surge 

(TCSPI-
2) 

GULAB 2021 23.15 7.87 8.69 83.15 0.5 0.25 0.26 1.13 0.58 
AMPHAN 2020 46.30 5.92 97.98 Region-2 4.5 8.04 8.67 4.37 4.63 

NIVAR 2020 33.44 2.22 8.92 116.57 0.75 0.16 0.12 1.09 1.07 
FANI 2019 54.01 6.48 16.96 106.4 1.25 2.14 1.76 1.91 1.75 
GAJA 2018 36.01 6.20 23.39 80.42 1 1.56 1.67 1.67 1.72 
TITLI 2018 41.15 3.61 18.11 78.69 1.15 1.00 1.06 1.44 1.46 

PETHAI 2018 23.15 5.28 8.46 101.31 0.75 0.20 0.15 1.11 0.52 
VARADAH 2016 30.86 4.17 8.83 76.19 1.25 0.31 0.32 1.15 1.16 
HUDHUD 2014 51.44 4.44 3.13 72.05 1.5 0.31 0.32 1.15 1.16 
LEHAR 2013 15.43 3.61 7.02 78.42 0.75 0.05 0.05 1.05 0.46 

PHAILIN 2013 59.16 5.92 7.69 90 2.25 1.54 1.66 1.67 1.72 
THANE 2011 38.58 4.07 13.69 89.97 1.25 0.86 0.90 1.38 1.40 

AILA 2009 28.29 5.18 85.56 Region-2 2.5 2.45 2.59 2.04 2.10 
SIDR 2007 59.16 14.07 80.48 Region-2 6 10.78 11.63 5.51 5.86 
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6.3.2. Hazard map based on estimated peak surge heights from historical TCs 

(1982-2022) 

Following the validation of TCSPI-2 for recent TCs (as discussed in section 5.3.1), the 

TCSPI-2 will be used to compute the peak surge height for all historical TCs (from 

1982-2022) that made landfall along the Indian east coast. Table. 6.3 lists the historical 

TCs, their predicted peak surge height values (derived from TCSPI-2), and their 

corresponding landfall across the districts of each maritime state on the Indian east 

coast. It is observed that the estimated peak surge height associated with historical TCs 

along the Indian east coast ranges between 0.45 m and 4.6 m.  Hence, each maritime 

district is classified into four categories: (a) less prone, (b) moderately prone, (c) highly 

prone, and (d) very high prone, based on the maximum estimated peak surge height 

(derived from TCSPI-2).  

 If the peak surge height falls between 0 and 1 m, the district is labeled as “less 

prone” to storm surges; the district is indicated by a green color on the map. When the 

peak surge height ranges from 1 m to 2 m, the district is classified as “moderately prone” 

to storm surges and represented by a blue color on the map. If the peak surge height 

ranges from 2 m to 3 m, it is classified as “highly prone” to storm surges and marked 

with a yellow color on the map. If the peak surge height exceeds 3 m, the district is 

classified as “very high prone” to storm surges, denoted by a red color on the map. 

Based on this, a map detailing coastal hazard levels across districts of maritime states 

along the Indian east coast is shown in Fig. 6.7. This map is constructed based on peak 

surge height (derived from TCSPI-2) associated with historical TCs. It can be observed 

from the map that the northern part of the east coast of India is prone to higher storm 

surges than the southern part. Specifically, the districts of West Bengal and northern 

Odisha states of the Indian east coast are more prone to storm surges, followed by the 

districts of Andhra Pradesh and Tamil Nadu state. It should be noted that this hazard 

map represents only the peak surge height associated with the historical TCs and does 

not represent the information-related frequency of TCs. The present study classified 

districts such as Kanyakumari and Tirunelveli as less prone to storm surges, where 

historically no TCs have made landfall (as shown in Fig. 6.2).  
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Fig 6.7. Surge hazard proneness map based on TCSPI-2 estimates of  peak surge 

heights associated with historical TCs. 

 

 Table 6.3. List of storm surge predictions generated from TCSPI-2 associated with 

historical TCs, along with the district information where these TCs have made 

landfall. 

 Cyclone Year Observed 
surge (m) 

Estimated 
surge (m) 

Landfall District 

South Tamil 
Nadu 

BUREVI’  2020 1.05 0.62 Ramanathpuram 
MADI 2013 No Data 0.50 Thanjavuru 

BOB-06 2000 No Data 0.80 Toothukodi 
BOB-07 1992 No Data 1.58 Toothukodi 

North Tamil 
Nadu 

MANDOUS 2022 0.6 0.56 Kancheepuram 
NIVAR 2020 0.75 1.07 Thiruvallur 
GAJA 2018 1 1.72 Nagapatanam 
NADA 2016 No Data 0.49 Nagapatanam 

VARDAH 2016 1.25 1.16 Chennai 
NILAM 2012 1.25 0.58 Kancheepuram 
THANE 2011 1.25 1.40 Cuddalore 
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JAL 2010 1.5 0.52 Chennai 
NISHA 2008 1 0.52 Nagapatanam 

FANOOS 2005 1.5 0.49 Nagapatanam 
BOB-09 1996 1.5 0.63 Kancheepuram 
BOB-03 1994 No Data 1.22 Chennai 
BOB-01 1993 3.5 1.67 Nagapatanam 
BOB-08 1991 No Data 0.57 Cuddalore 
BOB-06 1984 No Data 2.82 Nagapatanam 

Andhra 
Pradesh 

ASANI 2022 0.5 1.05 Krishna 
GULAB 2021 0.5 0.73 Srikakulam 
TITLI 2018 1.15 1.46 Srikakulam 

PETHAI 2018 0.75 0.52 East Godavari 
HUDHUD 2014 1.5 1.16 Visakhapatanm 

HELEN 2013 1.25 1.11 Krishna 
LEHAR 2013 0.75 0.46 Krishna 
LAILA 2010 1.5 1.18 Guntur 

KHAIMUK 2008 No Data 0.49 Praksam 
OGNI 2006 3.5 0.48 Praksam 

PYARR 2005 No Data 0.54 Srikakulam 
BOB-07 2003 No Data 1.24 Krishna 
BOB-05 2001 1.5 0.57 Nellore 
BOB-08 1998 No Data 1.17 Visakhapatanm 
BOB-02 1996 No Data 0.52 Krishna 
BOB-08 1996 No Data 1.17 East Godavari 
BOB-01 1990 4.25 1.18 Guntur 
BOB-05 1989 No Data 0.70 Srikakulam 
BOB-08 1989 No Data 2.87 Praksam 
BOB-06 1987 No Data 0.68 Praksam 
BOB-07 1987 No Data 1.28 Nellore 
BOB-08 1987 No Data 0.65 Krishna 
BOB-09 1985 No Data 0.67 Visakhapatanm 
BOB-13 1985 No Data 0.51 Nellore 
BOB-05 1984 No Data 1.06 Nellore 
BOB-09 1982 No Data 0.44 East Godavari 
BOB-10 1982 No Data 1.10 Nellore 

Odisha YAAS 2021 3.45 2.06 Balasore 
FANI 2019 1.25 1.75 Puri 
DAYE 2018 No Data 0.52 Ganjam 

PHAILIN 2013 2.25 1.72 Ganjam 
BOB-06 1999 No Data 1.10 Ganjam 
BOB-07 1999 5.5 2.88 Jagatsinghpur 
BOB-07 1995 1.5 1.39 Ganjam 
BOB-06 1985 No Data 0.75 Jagatsinghpur 
BOB-10 1985 No Data 0.84 Balasore 
BOB-04 1984 No Data 1.67 Bhadrak 
BOB-02 1982 No Data 2.39 Kendrapara 

West Bengal AMPHAN 2020 4.5 4.63 East Medinapur 
BULBUL 2019 2 1.84 South Paraganas 

AILA 2009 2.5 2.10 East Medinapur 
BOB-04 2002 No Data 2.27 South Paraganas 
BOB-04 2000 1.65 0.87 South Paraganas 
BOB-01 1989 No Data 4.46 East Medinapur 
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BOB-08 1988 No Data 3.438 South Paraganas 

 

6.3.3. Surge hazard map based on return period and CCS estimations 

To analyze the variation in peak surge heights across different scenarios, the average 

peak surge height for each district is calculated for all maritime states along the east 

coast of India. Fig. 6.8a illustrates the average peak surge heights across districts in 

Tamil Nadu for various scenarios across different return periods. The values displayed 

for each bar in the plot represent the peak surge heights associated for various return 

periods along with or without CSS. The results derived from TCSPI-2 indicates that out 

of all scenarios, the districts of Ramanathapuram and Pudukottai are observed to 

experience significant impact on storm surges reaching approximately 2.5 m for a 25-

year return period. The primary cause of increased storm surges in this region is majorly 

due to the characteristics of the local coastal geometry and bathymetry. The calculations 

of peak surge heights for the 50- and 100-year return periods exhibit a comparable trend, 

with higher surge levels, with a maximum peak surge height of about 4.7 m for these 

districts in the CCS. In the Kanyakumari district, a minimum peak surge height of 

approximately 1.3 m is observed under all 25-year return period scenarios. 

 Similarly, Fig. 6.8b shows the average peak surge heights for each Andhra 

Pradesh district. It appears that the southern districts are more affected than the northern 

districts. The peak surge height ranges from 1.5 to 5.7 m. Prakasam, Guntur, and 

Krishna are the districts most likely to see higher peak surge heights irrespective return 

periods and CCS. These districts are mainly located in the river delta region, where the 

continental shelf width is higher. Similarly, Visakhapatnam and Vizianagaram districts 

are the least affected in terms of risk as they are situated along the steeper continental 

slope region. However, the frequency of TCs landfall along this region is observed to 

be higher. Therefore, the structural damage risk due to wind from TCs is higher in this 

region. 

Maximum peak surge heights along the Indian east coast are more likely to 

occur in Odisha and West Bengal as compared to the maritime states of Andhra Pradesh 

and Tamil Nadu (Fig. 6.8c). The TCSPI-2 estimate of peak surge height for the Odisha 

state shows that peak surge heights along the coast of the northern region are higher 
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than those in the southern region. The geometry of the shoreline and the near-shore 

topography may be the reason for this. Considering both the 100-year return period and 

the CCS, the maximum peak surge height is approximately 9.4 m and 9.1 m, respec-

tively, in the Bhadrak and Balasore districts. 

The coastal districts in West Bengal that regularly experience cyclonic storms 

are Medinipur and 24 Parganas. The surge levels are typically high in this vicinity due 

to its delta nature, characterized by shallow bathymetry and sediment deposits 

stretching approximately 200 km south from the shoreline. The peak surge height for a 

25-year return period is observed to be relatively low, around 4.5 m, compared to the 

surge heights for the 50- and 100-year return periods. Additionally, the East Medinipur 

district consistently experiences a maximum peak surge height of about 9.8 m in all 

scenarios. The increased surface wind stress resulting from CCS acting on the ocean 

surface for varying return periods is observed as increasing peak surge height by 

approximately 10 % to 18% across different districts. The outcomes obtained from 

TCSPI-2 align well with those from the comprehensive physics-based hydrodynamic 

model (ADCIRC) as given in Rao et al., (2019) for various return durations and CCS. 
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Fig. 6.8. District-wise averaged peak surge height values for coastal states of a) Tamil 

Nadu, b) Andhra Pradesh, c) Odisha and West Bengal along the Indian east coast. 

 The map derived from TCSPI-2 peak surge height values, based on estimated 

wind speeds for 25, 50, and 100-year return periods with CCS is shown in Fig. 6.9. The 

severity is classified based on peak surge height values as outlined in Fig. 6.8. The surge 

hazard map is developed considering the extreme conditions. The comparison between 
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the surge hazard map (Fig. 6.9a) of 25-year return period (with CCS) and the hazard 

proneness map derived from historical TCs' peak surge heights (Fig. 6.7) reveals that 

coastal districts, initially classified as having low proneness, shifted to the moderately 

prone and high prone category. Comparing the surge hazard maps for different return 

periods (25 years, 50 years, and 100 years with CCS), reveals, a similar trend of shifting 

from lower to higher prone categories to storm surges over increasing return periods 

across the different districts of coastal states. 

 

Fig 6.9. Surge hazard proneness map based on TCSPI-2 estimates of peak surge 

heights based on estimated wind speeds for a) 25 years, b) 50 years, and c) 100-year 

return periods with CCS. 

 Fig. 6.10 depicts the number of districts (y-axis) affected by various hazard 

proneness categories (i.e., Less, Moderate, High, and Very High) for historical and 

different return periods (with and without CCS) based on peak surge heights. The 

number of districts with lower proneness category is only identified on the surge hazard 
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proneness map derived from historical TC peak surge height estimates. It can be noticed 

that with increase in return periods from 25 years to 100 years, the moderate prone 

category leads to decrease in the number of districts affected. Conversely, for very high 

prone category an increasing trend in the number of districts affected can be seen. In 

consideration of CCS, it is observed  that no change in the number of affected district 

proneness categories for a 100-year return period. However, consideration of CCS 

depicts few districts have shifted from a lower to a higher prone category for 25 and 50 

years return period. Overall, it is noted that 19 out of 30 coastal districts along the 

eastern coast of India exhibits a high prone to storm surges for a 100-year return period 

with CCS. 

 

Fig 6.10. The number of districts (y-axis) for historical and different (25, 50, and 100 

years) return periods (with and without CCS) estimated peak surge heights that are 

affected by different hazard proneness categories (i.e., Less, Moderate, High, and Very 

High). 

6.4.SURGE CALCULATOR WEBSITE  

A guide for users to operate the surge calculator [https://iitmaisurge.in/] to estimate the 

peak surge height value for a cyclone test case Hudhud (2014).  

• Point A (83.4E, 17.6N) marks the final recorded coordinates of Cyclone Hudhud 

over the ocean, just before landfall. In contrast, point B (83E, 17.8N) indicates the 
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first recorded location of the cyclone over land immediately after landfall, as shown 

in Fig. 6.11a. The time interval is typically set to 3 hours, as the IMD provides 

coordinate data every three hours. We input the Vmax (knots) value of Cyclone 

Hudhud, which is recorded at Point A to estimate the peak surge height.  

• The map will be displayed within a few seconds, showing the shoreline, Point A, 

Point B, L40, and the intersection points as shown in Fig. 6.11b. Select the suitable 

intersection point from the drop-down list and press the submit button to estimate 

the peak surge height. The estimated peak surge height for Cyclone Hudhud using 

the improved TCSPI model is 1.34 m (Fig, 6.11c), which is in good agreement with 

the IMD's reported peak surge height of 1.5 m. 
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Fig 6.11. a) Homepage of surge calculator where track parameters can be input b) A 

map displaying Point A and B, the shoreline, 40m bathymetry line, and the points of 

intersection c) Values for estimated TCSPIs and peak surge heights are displayed. 

6.5.SUMMARY 

The present study proposes an enhancement of the TCSPI model with slight 

modifications to improve its accuracy and utility. A detailed methodology is provided 

to estimate return periods using probabilistic distribution methods, incorporating 

climate change scenarios to assess future worst-case hazards. The study includes a 

thorough evaluation, validation, and comparison of the existing and newly modified 

TCSPI models. The enhanced TCSPI is then applied to develop surge hazard maps for 

the Indian east coast, considering historical cyclones, various return periods, and the 

impacts of climate change. Additionally, the hazard proneness of each maritime state is 

comprehensively analyzed and discussed. A concise tutorial is provided on using the 

surge calculator website to estimate a cyclone's peak surge height, accompanied by an 

illustrative example. 
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CHAPTER 7 

SUMMARY AND CONCLUSIONS 

7.1. GENERAL 

Studying tropical storms and their effect on water levels (storm surges), wind waves, 

inundation, and morphodynamics—is vital for safeguarding coastal communities and 

ecosystems. These phenomena profoundly impact coastal regions, leading to 

catastrophic flooding, erosion, and structural damage. By understanding how these 

forces interact and influence each other, The present study concentrated on both 

statistical and numerical modeling, enhancing predictive model capabilities and 

facilitating more effective and accurate forecasting and early warning systems. This 

knowledge is essential for designing resilient infrastructure, planning evacuation routes, 

and implementing sustainable coastal management practices. This chapter presents a 

summary of the entire research work and the comprehensive conclusions drawn from 

the study. The potential scope for future investigations in line with the present study is 

also discussed. 

7.2. SUMMARY 

• The present study shows descriptions and equations for various parametric and 

background models. A coupled ADCIRC+SWAN model setup for the BoB domain 

is presented. The study evaluates SLOSH, RV, WL06, HL80, and GAHM 

parametric models using 10 historical cyclonic events in the BoB. Also, the 

assessment of wind fields from ECMWF Reanalysis and WRF models is performed. 

The best-performing parametric and background wind models are used within the 

blending approach. Sensitivity analyses for storm surge, wind wave, and inundation 

by different wind models are thoroughly discussed. 

• The study provides a detailed description of individual hydrodynamic (TELEMAC-

2D), wave (TOMAWAC), and morphodynamic (GAIA) models, along with the 

coupling framework. It introduces a modified cyclone parametric wind model for 
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the BoB. The validation of models for storm surges, wind waves, and 

morphodynamic bed evolution is extensively covered. Additionally, it evaluates 

various total bed load transport formulations for predicting morphodynamic bed 

changes due to storm-induced currents and waves, using the Brier skill score. 

• A statistical-based index model is introduced, presenting the development of TCSPI 

suited to the BoB. Evaluation of TCSPI using IMD and JTWC datasets are 

performed. Investigation of the influence of track parameters, bathymetry, and 

geometrical coefficients on peak surge height are presented. TCSPI was regressed 

against ADCIRC model predictions to understand the correlation pattern in 

predicting peak surge height. Verification was conducted to evaluate TCSPI's 

predictive capability. Various regression-based machine learning models were 

developed and compared to identify the best fit for the BoB, given the challenges 

of small sample sizes, using a uniform comparison method presented to assess the 

performance of TCSPI, machine learning, and ADCIRC models in predicting peak 

surge height. 

• The present study also introduced enhancd TCSPI model with incorporation of 

slight modifications. The study thoroughly evaluates and compares the existing and 

modified TCSPI models. The study demonstrated the application of the enhanced 

TCSPI model to generate surge hazard maps for the Indian East Coast with a simple 

and effective methodology, taking into account historical cyclones, return periods, 

and the effects of climate change scenarios. Additionally, the hazard proneness of 

each maritime state is analyzed. A tutorial on using the surge calculator website, 

with an example, is also provided. 

7.3. CONCLUSIONS 

7.3.1. Modeling of Cyclonic Wind Field 

The study highlights that the accuracy of storm surge, wind wave, and inundation 

projections depends on the spatial distribution of the disturbance brought on by the 

cyclonic pressure system as well as the track and intensity of the cyclone. To our 

knowledge, particularly in the BoB region, Due to a lack of thorough evaluation of wind 

models, there was no agreement on the choice of parametric and background wind 

models. Five different parametric models, namely, SLOSH, RV, WL06, HL80, and 
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GAHM, are investigated. The asymmetric modifications are employed for SLOSH, RV, 

WL06, and HL80 parametric wind models. To assess these model’s effectiveness in the 

BoB region, the historical ten cyclones that occurred in the past ten years were analyzed. 

The analysis reveals that the GAHM performs better in this region based on the nearest 

measurement available for these cyclones. A similar analysis can be performed based 

on the past cyclones in the Arabian sea and other tropical regions to choose the best-

performing models. The various forms and attributes of coastal features, including bays, 

estuaries, width, and the slope of the continental shelf along the coasts of various 

tropical regions, affect how well the model performs.  

Further, an assessment was carried out during a particular cyclonic event TC 

Varadah for the wind field's spatial distribution and radial profile. The analysis shows 

that the GAHM's composite radial wind profiles compare better with JTWC isotachs. 

The rest of the models (based on the single-isotach) underestimate the modeled winds. 

To further strengthen the analysis, parametric models are compared with the measured 

wind near the cyclone track of TC Varadah. It reveals that GAHM performs better. 

WRF seems to be promising when analyzing the global wind models compared 

to ECWMF data for the BoB region. Hence, WRF can be considered the best suitable 

background wind field. In recent years, blending parametric and global models has been 

common to take advantage of their merits in predicting inner and outer regions. Thus, 

based on the above analysis, the blending of GAHM and WRF was attempted in the 

present study, showing the promising approach for the BoB region. 

It is widely recognized that variations in atmospheric wind forcing play a crucial 

role in determining the accuracy of predictions related to significant wave heights, 

surges, and flooding events. The analysis reveals that an error of more than 20% in 

estimating peak wind speed near the storm center can lead to an error greater than 35% 

in signification wave height predictions and depends upon the wind model in BoB, 

India. Torres et al., (2019) reported a similar observation for the US coasts. In 

comparison to conventional parametric TC wind models, a wind model that has ability 

to reproduce both the background wind (located far from the storm centre) and the 

cyclone structure (located near the storm centre) may yield more accurate results over 

the entire domain and over the storm's duration. 
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The inter-comparisons with different models reveal that the GAHM and blended 

wind fields better predict surge height. Compared to other models, the blended model 

shows a smooth surge extending on the right and left-hand side of the landfall, up to 

200 km. Thus, better atmospheric forcing models for the inner and outer cores of the 

cyclone are required. Regarding the inundation extend, the ECWMF shows no 

inundation at some stretches. The research highlights the importance of accounting for 

wave-current interactions when calculating storm surge levels and the extent of 

inundation. The coupled ADCIRC+SWAN performed significantly better, indicating a 

contribution of 13.68% up to a 24% increase in surge heights at the peak surge. 

Morphodynamic Response To Cyclone Events. 

7.3.2. Morphodynamic Response to The Cyclone Events 

In the study, a coupled hydrodynamic (TELEMAC-2D) – wave (TOMAWAC) – 

morphodynamic (GAIA) model has been successfully established to predict water 

levels, wind waves, and morphodynamic changes during cyclonic events in the BoB. 

The cyclonic wind is the primary force required to precisely predict the storm surges, 

wind waves, and morphodynamic bed evolution caused by storms. Hence, accurately 

representing cyclonic wind fields is essential. Therefore, the present study introduced a 

GAHM+RV model, a modified version of the parametric wind model tailored for the 

BoB. Based on observed wind data for historical storms in the BoB, this modified 

GAHM+RV wind model is validated and compared to other modified parametric wind 

formulations proposed for the BoB by Murty et al., (2016) model and Pandey and Rao, 

(2018) model. The combined strengths of the GAHM and RV models, which represent 

the wind field near the cyclone center (r ≤ R_max) and away from the cyclone center (r 

> R_max) respectively, show better accuracy compared to the modified wind field 

models proposed by Pandey and Rao (2018), and Murty et al., (2016). Therefore, the 

modified GAHM+RV wind model is utilized to predict morphodynamic bed evolution 

for cyclonic events Nivar (2020), Hudhud (2014), Vardah (2016). 

 Further, the validation of simulated storm surges and significant wave heights 

using the internally coupled model framework for TC Hudhud (2014) and TC Vardah 

(2016) was conducted against in-situ observations. The results show that the modeled 

storm-induced water levels and significant wave heights align well with the observed 
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wave heights. This indicates that the utilized coupled framework setup is reliable for 

estimating storm surges and wind waves in the BoB. 

 Further, eight simulations were performed using various sediment transport 

formulations within the coupled framework to examine the impact of storm-induced 

currents and current-wave interactions on bed evolution for the TC Nivar (2020). Upon 

evaluation, the BSS metric indicates that the EH formulation outperforms the MPM, 

EB, and VR formulations for predicting morphodynamic bed evolution when 

considering storm-induced currents. This demonstrates EH formulation’s capability to 

manage the region's dynamic hydrodynamic conditions, appropriately handle sediment 

characteristics, its empirical relevance to similar environments, practical application, 

and proven predictive accuracy. When predicting morphodynamic bed evolution with 

storm-induced current-wave interaction, the BJ formulation performs best, followed by 

the SVR formulation. Meanwhile, BL and DW formulations perform poorly. This 

indicates that BJ and SVR formulas provide a more comprehensive approach to the 

complex interactions of waves and currents during storm conditions. Whereas BL and 

DW formulations offer simplicity but may fail to handle the full range of interactions 

necessary for accurate predictions in the coastal environment of BoB. 

 Furthermore, the study assessed the suitability of the EH and BJ formulations 

for other storm events along the open coast of the BoB, given their effective prediction 

of morphodynamic bed evolution during Cyclone Nivar (2020). To do this, TC Hudhud 

(2014) and Vardah (2016) were selected to simulate the morphodynamic bed evolution 

caused by these storms. Results show that the same coupled framework effectively 

predicts the morphodynamic bed evolution caused by the storm-induced currents and 

wave-current interaction during Hudhud (2014) and Varadah (2016). Further, the 

results indicate that the inclusion of waves with currents increases the magnitude of 

predicted morphological bed evolution at landfall for TC Hudhud (2014) and TC 

Vardah (2016). This is nearly consistent with the findings of TC Nivar (2020). The 

results also show that including the effects of waves along with currents has improved 

the predictive capability of the coupled model framework.  
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7.3.3. Statistical Modeling of Storm Surge 

The present study demonstrated the new development of a simplified regression-based 

approach for a tropical cyclone surge potential index (TCSPI) that provides an 

instantaneous overall estimate of peak surge potential associated with TCs considering 

the underlying physical process involved in the storm surge for the entire BoB coast. 

The proposed TCSPI depends upon wind speed, storm size, forward speed, bathymetry, 

and coastal geometry. A fundamental difference between the TCSPI and existing 

indices that are applied elsewhere is that it considers approach angle and associated 

coastal geometry in potential peak surge height estimates. When TCSPI is applied 

retrospectively, it has about ~84% and ~90% of the observed variance for JTWC and 

IMD best track parameters, respectively, using the N1 dataset. This indicates that the 

estimated peak surge height using the linear empirical model for N1 datasets from the 

IMD best track parameters is close to the recorded peak surge height with an RMSE of 

37 cm. This error is smaller compared to the ADCIRC-derived peak surge height error 

(i.e., 65 cm) with the observation for the N1 dataset. Therefore, the present study 

recommends the empirically derived Eqn (4.6) be used to estimate the potential peak 

surge height for an unknown or future cyclone case (For example: let’s assume a 

cyclone occurring in 2022 whose track parameters are known). Thus, TCSPI can serves 

as a complementary tool to computationally intensive TC surge models, aiding in the 

prediction of potential peak surge heights. 

 TCSPI and observed peak surge height have 54% and 57% variance for JTWC 

and IMD best track parameters, respectively, using the N2 dataset. The poor 

performance of the proposed TCSPI is mainly due to the poor quality of reported peak 

surge data for the period 1990─2008 from various sources (IMD, BMD, MDMH, and 

literature). The accuracy of the TCSPI depends on the quality of the parameters as well 

as the reported surge. Therefore, the present study does not recommend any of the 

empirically derived equations from N2 sample dataset for estimating potential peak 

surge height. Further, the simulations are carried out with the ADCIRC to understand 

the performance of TCPSI. By using IMD best track parameter for the N3 dataset, 92% 

variance was observed. This indicates that the simplified physics-based TCSPI closely 

correlates the pattern with peak surge height derived from hydrodynamic model 

simulations. However, a hydrodynamic model (i.e., ADCIRC model) inherently proved 
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to have some error with the observation, especially when considering a large number 

of cyclone events (Salcines et al., 2019). This can possibly compound TCSPI's 

observation-based errors even more. Therefore, the present does not recommend the 

empirically derived equations from the N3 sample dataset for estimating potential peak 

surge height.  

 Furthermore, the study reveals the characteristic coastal geometry for the 

forward speed can be taken as a constant value (a = 1) in the proposed TCSPI for the 

coasts of the entire BoB. Whereas the approach angle in the coastal geometry (b) 

depends upon the region. For the semi-enclosed coast (Region 2), the recommended 

value is 0, and open coast (Region 1 and Region 3) is 1. In the present study, we have 

noticed for the semi-enclosed/estuary coast, the increase in forward speed increases the 

peak surge height. This is in contrast to the existing study in other coasts, wherein it is 

reported that the increase in forward speed reduces the peak surge along the semi-

enclosed/estuary coasts (Peng et al., 2004; Islam and Takagi, 2020; Islam et al., 2021) 

 Moreover, the present study incorporated the five most renowned ML-based 

models LR, TR, SVM, EnTR, and GPR which are suitable for smaller sample sizes. We 

used N1, N2, and N3 datasets for learning and prediction. The results indicate LR model 

with stepwise fitting parameters performs better as compared to the rest of the ML 

models. The estimated peak surge by the LR model with stepwise fitting parameter is 

~88%, ~57%, and ~92% of variance for N1, N2, and N3 test datasets, respectively. This 

illustrates the accuracy of the ML model. Additionally, it is proportionate to the sample 

dataset size. Machine learning algorithms are less effective and precise when the dataset 

size is smaller (Kokol et al., 2022). In comparison with the LR model (stepwise 

parameters), the regression-based TCSPI performs better even with a smaller sample 

size.  

 The verification score indicates both TCSPI and LR models (stepwise 

parameters) predict with better accuracy for both smaller and higher than the peak surge 

threshold value considering N1, N2, and N3 datasets. However, the accuracy associated 

with smaller peak surge threshold values is slightly better than higher peak surge 

threshold value. Further, considering the N1 dataset, for the 9 randomly selected notable 
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cyclone events, in the recent 20 years, the prediction by TCSPI is better than the ML 

and ADCIRC.  

7.3.4. Storm Surge Hazard Map 

This study presents a simplified and computationally efficient alternative to traditional 

methods for generating surge hazard maps. Eliminating the need for synthetic track 

generation and cyclone pressure drop estimations offers a simpler and more practical 

solution for creating surge hazard maps. The peak surge heights are estimated in 

response to the historical TCs, various return periods, and CCS for the coastal states of 

the Indian east coast. For this, a modified TCSPI-2 model has been introduced and 

adopted for calculating the potential peak surge height. These findings underscore the 

importance of timely generated maps in enhancing planning, evacuation strategies, and 

infrastructure resilience, which can significantly mitigate damage and save lives. This 

study also introduces the IITM Surge Index website (as discussed in Section 6.4), built 

on the enhanced TCSPI-2 model, which provides a freely accessible platform for 

estimating peak surge heights. Estimating peak surge using the proposed method is 

valuable for creating surge hazard maps using enhanced TCSPI-2. However, 

incorporating coastal inundation caused by storm surges would benefit coastal 

communities. As a future potential implication, developing an empirical model to 

predict coastal inundation extent based on peak surge heights predicted by TCSPI-2 for 

various return periods, along with climate change projections for the Indian east coast, 

could strengthen disaster preparedness and enhance resilience in vulnerable coastal 

areas. 

This study estimates peak storm surge heights along the Indian east coast in response 

to historical TCs, various return periods, and climate change scenarios using a modified 

TCSPI-2 model. The model improves prediction accuracy by 25% compared to TCSPI-

1. The peak surge heights were calculated at 30 km intervals along the coast, 

incorporating an average of 9% wind intensity increase based on IPCC scenarios. For 

a 100-year return period, peak surges could reach 10 m in the northern regions of the 

Indian east coast, with a 10% to 18% increase due to climate change. Nineteen out of 

thirty coastal districts of maritime states of the Indian east coast are classified as highly 

vulnerable to storm surges. This study provides detailed projections of surge heights, 

identifying the most affected areas under present and future conditions. 
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7.4. KEY CONTRIBUTION FROM THIS THESIS 

• Improvement of Wind Field Forecasting: Proposed an improved blending technique 

for accurately forecasting cyclonic wind fields, along with a sensitivity analysis of 

storm surges, wind waves, and coastal inundation influenced by different wind 

models. 

• Introduction of a Modified Parametric Wind Model: Introduced a new modified 

parametric wind model tailored for the BoB, which improves the representation of 

cyclonic wind fields and enhances predictive accuracy. 

• Effectiveness of Bed Load Transport Formulations: Developed a methodology to 

evaluate the effectiveness of different bed load transport formulations in nearshore 

coastal regions of the BoB during storm surges, utilizing a hydrodynamic-wave-

morphodynamic model framework setup. 

• Development of TCSPI Model: Developed a novel TCSPI model specifically 

designed to predict peak surge heights for the entire coast of the Bay of Bengal 

(BoB). 

• Surge Hazard Mapping Methodology: Developed a simple, accurate, and efficient 

methodology to generate surge hazard maps, aiding in better visualization and 

understanding of surge risk along the BoB coast. 

This study primarily focuses on improving the predictive capability of storm surge 

models, which is the main objective, while the investigation of morphodynamics during 

storm surge is included, which serves as a complementary aspect rather than a primary 

focus. The improved wind field hindcasts enhance storm surge predictions using 

numerical models along the coastal region. This enables accurate evacuation warnings 

and reduces false alarms. Coastal engineers need accurate surge estimates to design 

resilient structures. The inclusion of the approach angle parameter within the surge 

index model improves the accuracy of peak surge forecasts, aiding insurance companies 

in better risk assessments. Offshore industries benefit from informed operational 

decisions, minimizing storm-related damage. Lastly, improved forecasting supports 

climate adaptation policies, ensuring effective long-term flood mitigation strategies. 

These contributions collectively enhance the predictive capabilities of storm surge 

models, which helps in management of storm surge risks for the BoB region. 
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7.5. SCOPE FOR FUTURE WORK 

It is observed no significant difference was observed in the inundation extent for the 

different atmospheric forcing considered as discussed in Chapter─3. This may require 

further studies by investigating finer mesh resolutions near the coasts within the 

numerical stability of the GWCE in ADCIRC. As a future implication, focusing on 

investigating the role of mangroves in mitigating the effects of storm surges, wind 

waves, and morphodynamic changes using a similar coupled hydrodynamic wave 

morphodynamic model setup for the northern BoB. This would help us in understanding 

effect of mangroves in protecting the communities.  

As a future research scope, it is necessary to conduct a numerical experiment to 

investigate the impact of approach angles along the bay regions. This can help improve 

the accuracy of TCSPI. Furthermore, the accuracy associated with TCSPI can be 

improved further by incorporating parameters such as continental slope, wind wave, 

tide, gust wind, rain stress, and rain mass effect information in the TCSPI formulation.  

An improved statistical modeling approach for storm surge prediction is 

essential for the BoB region to accurately forecast time series data on water surface 

elevations. Additionally, a statistical model that can predict the inundation extent based 

on estimated peak surge heights values would be highly benaficial for the coastal 

communities. 

A similar surge index model could be developed for the Arabian Sea, along with 

creating surge hazard maps for the coastal districts along the western coast of India, 

taking into account return periods and climate change scenarios. This is because the 

West Coast is densely populated, and the frequency of cyclones in the Arabian Sea has 

increased in the past decade. A hazard map would offer crucial information for disaster 

preparedness, helping to identify high-risk areas, plan evacuation routes, and implement 

protective measures to reduce the impact of future storm surges. 
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APPENDIX A 

EFFECT OF BOTTOM FRICTION AND WIND DRAG ON STORM 

SURGES5 

A.1. GENERAL 

Studying bottom friction and wind drag during storm surges in the northern BoB is 

crucial as they significantly affect surge height and inland penetration. Accurate 

modeling improves surge forecasts by predicting energy dissipation and wind force on 

water. This understanding is vital for enhancing coastal protection in this vulnerable 

region. Numerous studies have analysed wind drag and bottom friction coefficients 

across ocean basins, but there's a notable gap in combining these formulations for storm 

surge modeling in the BoB. Therefore, the present study proposes a methodology to 

examine the impact of combining different bottom friction and wind drag coefficient 

formulations on storm surges by systematically adjusting their coefficients.  

A.1.1. Bottom friction and wind drag coefficient formulations 

The northern coastline of the BoB is highly vulnerable to severe cyclonic events and 

storm surges. The magnitude of storm surges is influenced by parameters such as 

bottom friction and wind drag coefficients. In the low-lying areas of the northern BoB, 

where storm surges significantly impact coastal communities, the recent tropical 

cyclones Bulbul (2019), Amphan (2020), and Yaas (2021) underscore the importance 

of enhancing surge prediction accuracy. The storm surge model depends on wind stress, 

influenced by the wind drag coefficient. While traditional methods use fixed or linear 

formulations (“Bryant et al., 2016; Jones and Davies, 1998”), recent nonlinear 

 
5 This work is taken from: “Shashank, V. G., et al. "Effect of Bottom Friction and Wind Drag Coefficient 
on Tropical Cyclone Storm Surge Hindcast in the Bay of Bengal." International Association for 
Hydraulic Environmental Engineering and Research-Asia Pacific Division, physical conference. 
Singapore: Springer Nature Singapore, 2022. DOI: https://doi.org/10.1007/978-981-97-6009-1_51” 
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equations offer improved estimates during cyclones (“Large and Yeager, 2009; Peng 

and Li, 2015”). In shallow coastal areas (<10 m depth), bottom friction dominates 

momentum balance by dissipating energy in the bottom boundary layer, influencing 

hydrodynamics, erosion, and sedimentation. Various models, including Manning, 

Chezy, and hybrid friction laws, adapt friction coefficients based on depth to capture 

nearshore and deep-water dynamics. Previous studies (e.g., “Peng & Li, 2015; Bryant 

et al., 2016; Yu et al., 2017; Shankar & Behera, 2019”) analyzed the effects of wind 

drag coefficient formulations on storm surges. Chu et al., (2019) and Akbar et al., 

(2017) further explored wind drag and bottom friction impacts on storm surge using 

FVCOM and ADCIRC models, respectively. This study examines the impact of varying 

wind drag and bottom friction coefficient formulations on storm surge modeling for the 

BoB region, using a systematic parameterization approach. It reassesses the claim that 

such variations minimally influence hindcasting, focusing on TC Yaas (2021). 

A.2. METHODOLOGY 

In the present study, apart from ADCIRC's inbuilt linear, constant quadratic, and 

nonlinear hybrid bottom friction formulations, the sensitivity experiments are 

performed also using Manning, Chezy's White-Colebrook (W-C), and Koutitas bottom 

friction coefficients formulations, and the parameter values of each respective bottom 

friction formulation are systematically increased and decreased from their default 

values as presented in (Table A.1), where ߬௕ is bottom stress. ADCIRC has an option 

of constant linear quadratic, and nonlinear hybrid type of bottom friction, defined by 

the choice of the drag coefficient  ܥ஽.  v is current velocity,  ܥ௙  is the bottom friction 

coefficient, for the linear friction relationship  ܥ஽  =  ܥ௙  considered. For quadratic 

relationship  ܥ஽  = ܥ௙ ||ݒ|| is being substituted in the  ߬௕ equation. ࣎࢞࢈ and  ࣎࢟࢈ are 

bottom stresses in x and y directions respectively in which spatially varying Manning, 

Chezy, and hybrid friction coefficient equations can be substituted (same as ca onstant 

quadratic equation). H is water depth, n is Manning roughness factor, g = 9.81 m/s2 is 

the acceleration due to gravity, k = 0.4 is the von Karman constant, 0.002 = 0ݖ mm is 

the bottom roughness parameter, Hbreak = 2 m is the control water depth, and The 

value of θ, set at 10 determines how rapidly  ܥ௙ approaches its asymptotic limit, 

approaches its asymptotic limits, whereas the exponent γ, set at 1.33 controls the rate 
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of increase in the friction coefficient as water depth decreases. The default value for 

constant linear, quadratic, and hybrid bottom friction coefficient is 0.00250. The default 

parameters have been increased to 0.00375 (+50%) and decreased to 0.00125 (-50%). 

Similarly, the manning roughness factor has been increased to 0.030 (+50%) and 

decreased to 0.010 (-50%) from its standard default value of 0.020. The Chezy 

roughness coefficient C typically falls within the range of 55 to 65. However, rather 

than utilizing a constant Chezy value, it is determined by White-Colebrook (W-C) 

roughness formulas, which are dependent on both water depth and the equivalent 

geometrical roughness coefficient of Nikuradse, Ks, which varies from 0.003 to 0.009 

(Morris et al., 2001). Each of the bottom friction formulations will have 15 simulation 

scenarios with varying parameter values, as indicated in (Table. A.1). 

Table A.1. Bottom drag coefficient formulations. 

SL 
No. 

Bottom friction law Formulation Parameters 

1 Linear friction relationship 

߬௕ =  ௙ܥ=஽ܥ ݒ஽ܥ

0.00125 

0.00250 

0.00375 

2 
Nonlinear spatially constant 
quadratic friction law 

 0.00125 ||ݒ||௙ܥ=஽ܥ

0.00250 

0.00375 

3 

Nonlinear spatially varying 

quadratic friction law ࣎࢞࢈ = ૛࢛√࢛ࢌ࡯࣋ + ࢜૛ ࣎࢟࢈ = ૛࢛√࢜ࢌ࡯࣋ + ࢜૛ 

1.     Manning coefficient 

௙ܥ = ݊2݃H1 3⁄  

0.010 

0.020 

0.030 

2.     Chezy coefficient 

௙ܥ =  2ܥ݃

a.    White-Colebrook (W-C) 
formulation 

ܥ = 18 × ݃݋݈ (12 × Hܭ௦ ) 

C = 55 to 65 

 ௦=0.003ܭ

& 0.009 

3.     Kotitas friction coefficient 
NA 



171 

 

௙ܥ = ݇2[log 0ݖܪ) + 1) − 1]2 

4 Nonlinear hybrid friction law ܥ஽ = ௙௠௜௡ܥ [1 + ܪ௕௥௘௔௞ܪ) )ఏ೑]ఊ೑ ఏ೑⁄
 

0.00125 

0.00250 

0.00375 
  

The wind drag coefficient formulations used to calculate wind stresses in this 

study are presented in Table A.2. 15 distinct parameterizations of bottom friction are 

simulated in conjunction with each of the four wind drag coefficient formulations. 

Therefore, the present study consists of an overall 60 simulations (15×4=60). To 

evaluate the behavior of different bottom friction equations as a function of depth, the 

behavior of different predominant wind speed-dependent empirical wind drag 

coefficient equations are presented in the comparison plots (Fig. A.1a, A.1b). 

Table A.2. Wind drag coefficient formulations 

SL 
No. Wind drag Law Equation 

1. Garret's wind drag 
formulation (1972) 

ௗܥ × 103 = ܽ + 10ݑ∣ܾ 10ݑ  ݎ݋݂ ∣ < ௗܥ ݏ/41݉ × 10ݑ  ݎ݋݂ 3.5 = 103 >  ݏ/41݉
Where a=0.75 and b=0.067 

2. 
Wu's wind drag formulation 

(1967) 

ௗܥ × 103 = 0.5 × 10ݑ  ݎ݋݂  100.5ݑ < ௗܥ ݏ/15݉ × 103 = <u_10  ݎ݋݂ 2.6  ݏ/15݉
3. 

Zijlema’s Relationship 

(1982) 

ௗܥ × 103 = 0.55 + ݑ2.97̅ − ݑ̅ 2ݑ1.49̅ = ௥௘௙ݑ10ݑ ,݁ݎℎ݁ݓ  ௥௘௙ݑ =  ݏ/݉ 31.5

4. 
Powell's formulation 

(2003) 

Sector based (Azimuthal angle) wind drag 
formulation (Powell et al., 2003) 
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Fig. A.1. a) Depth dependence of differently parametrized constant linear, constant 

quadratic, spatially quadratic (Manning, Chezy’s White-Colebrook and Koutitas), and 

hybrid bottom friction coefficient formulations b) The wind drag coefficient 

expressed as a function of wind speed is evaluated for various formulations given in 

Table. A2. 

A.3. MODEL SETUP FOR THE TC YAAS 

A.3.1. Yaas Cyclone  

In the present study, ADCIRC model setup for TC Yaas was carried out. VSCS Yaas 

made landfall in Odisha and affected West Bengal significantly in late May 2021. Yaas 

developed from a tropical disturbance and later became a deep depression. Upon 

turning to the northeast, the system intensified further, becoming a severe cyclonic 

storm on May 24. Yaas accelerated to a VSCS. On May 25 with marginally favorable 

conditions. On May 26, Yaas crossed the northern Odisha coast as VSCS.  

A.3.2. Model Setup 

For the present study, the ADCIRC model is employed, with a detailed explanation of 

the model presented in Chapter─2. The parameters used to setup the model are 

presented in Chapter─3. An unstructured triangular grid from the GEBCO database was 

created with 66303 elements, 130395 nodes, and a resolution ranging from 700 m 

nearshore to 10 km offshore. 
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Fig. A.2. a) The finite element method implemented to the unstructured triangular grid 

b) The bathymetry depth of the entire domain from GEBCO is indicated by the colour 

bar. The black line denotes track of TC Yaas (JTWC) c) The spatial representations of 

water level elevation (in m) simulated by the model.d) The spatial spread of cyclonic 

wind fields just prior to the landfall (at 23:00 hrs on 25 May). 

A.4. RESULTS AND DISCUSSION  

Initially, 15 cases of simulations for the different bottom friction coefficient 

formulations were carried out in combination with considering Garratt’s wind drag 

coefficient formulation to compute the water levels due to TC Yaas using Generalized 

Asymmetric Holland Model (GAHM) wind field. A sample snapshot water level (m) 

and wind speed (m/s) captured on 25 May 2021 at 23:00 hrs as shown in the Fig. A.2c 

& A.2d. An accuracy assessment of predicted residual water levels is performed for all 

60 simulation cases in comparison to the observed values obtained from the Dhamra 

tide gauge station located at 86.95E, 20.78N. Along the north of Odisha coast. 

Considering Garratt’s wind drag coefficient formulation in combination with different 

bottom friction coefficient formulas for the varied parameters, the constant linear 

bottom friction coefficient formula underestimates residual water levels poorly with 

RMSE ranging from 0.633 to 0.738, and attenuating surge propagation as the ܥ௙value 
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is increasing from 0.00125 to 0.00375 as shown in temporal  (Fig. A.3a, and Fig. A.3c), 

and corresponding spatial plots (Fig. A.4a, A.4b, and A.4c). While, the constant 

quadratic bottom friction coefficient is predicting residual water levels with better with 

RMSE ranging from 0.252 to 0.326. Coming to the spatially varying quadratic and 

nonlinear hybrid bottom friction coefficients formulations, Chezy’s C-W slightly 

overestimates the residual water levels to the observed value with RMSE (MBE) 

ranging from 0.307 (0.043) to 0.338 (-0.003) (The negative value of MBE indicates 

overestimation as shown in Fig. A.3c), while Manning and nonlinear hybrid bottom 

friction coefficient formulation perform better in terms of estimating residual water 

levels, with RMSE values of 0.257 and 0.250, respectively for the decreased ܥ௙ 

parameter (0.00125), followed by Koutitas bottom friction coefficient formulation with 

RMSE of 0.261. The RMSE increases as the bottom friction coefficient parameter ܥ௙ 

is increasing from the default value, while the opposite is true for decreasing the 

parameter from the default value. 
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Fig. A.3. a) The model results of time series of residual water levels produced from 

constant linear and constant quadratic bottom friction coefficient formulae b) 

Spatially varying quadratic (Manning and Chezy’s C-W and Koutitas) and nonlinear 

hybrid bottom friction formulations versus observed values measured at Dhamra tide 

gauge station for the increased (decreased) parameters in combination with Garratt’s 

wind drag formulation for the TC Yaas 

 

Fig. A.4. Contour plots of total water levels (m) for different cases of bottom friction 

formulation considering in combination with Garratt wind drag formulation 

Furthermore, as previously discussed, a similar experiment was carried out in which 15 

cases of different bottom friction coefficient formulations in combination with each 

wind drag coefficient formulations (as presented in Table. A2) were used to compute 

the residual water levels due to TC Yaas. The RMSE and MBE plotted for each of the 

wind drag coefficient formulation cases have been shown in the bar plot (Fig. A.5). It 

is observed that Wu’s wind drag formulation overestimates the residual water levels 

with observed values in most of the quadratic and nonlinear hybrid bottom friction 

coefficient cases of simulation with RMSE (MBE) ranging from 0.191 (-0.023) to 0.584 
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(-0.354), while the Zijlema and the sector-based Powell’s wind drag coefficient is 

underestimating for all the cases of bottom friction coefficient formulations. 

 

 

Fig A.5. 15 cases of different bottom friction coefficient formulations in combination 

with a) Powell b) Wu and c) Zijlema's wind drag coefficient formulations 

A.5. SUMMARY 

Overall, for all the wind drag coefficient formulations considered in the study, it is 

observed that decreased parameters (by 50%) from the default values of bottom friction 

coefficient formulations indicate relatively less errors, and the errors increase as the 

parameters of the bottom friction coefficient formulation increase for TC Yaas in the 

BoB. The nonlinear hybrid bottom friction performs best (RMSE: 0.235–0.384 m), 

followed by the quadratic (0.181–0.584 m) and linear formulations (0.384–0.775 m). 

Wu's wind drag formula overestimates surge (RMSE: 0.191–0.584 m), while Garratt, 
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Powell, and Zijlema's formulations underpredict considering all 15 bottom friction 

cases. Across all 15 bottom friction and 4 wind drag formulations, RMSE ranged from 

0.235 m to 0.775 m, aligning well with previous studies. The findings suggest using 

lower bottom friction parameters than the default values for the northern BoB region. 
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APPENDIX B 

BRIEF INTRODUCTION TO SEDIMENT TRANSPORT FORMULATIONS 

B.1 GENERAL 

This Appendix B provides an overview of the sediment transport formulations 

implemented to evaluate their performance during storm surges, as discussed in 

Chapter─4. These formulations are essential for understanding how sediments are 

mobilized and redistributed under the influence of high-energy conditions associated 

with TCs.The appendix includes a detailed listing and description of sediment transport 

formulations that consider both currents alone and combined currents and wave action. 

These formulations, presented in Table 2.1, represent various theoretical and empirical 

approaches commonly used to morphodlogical bed evolution under different 

hydrodynamic conditions. Each formulation is briefly outlined, highlighting its 

fundamental principles, and suitability for storm surge scenarios. This comparison aims 

to assist in assessing which formulations are best suited for accurate predictions of 

sediment movement and deposition in coastal regions impacted by storms. The 

appendix serves as a quick reference to the different models used, ensuring clarity on 

their roles and performance in the analyses conducted in Chapter─4. 

B.1.1. Meyer-Peter-Muller (MPM) 

The Meyer-Peter-Muller (1948) formula is one of the classical bed load transport 

equations used for estimating the bed load sediment transport rate. It is particularly 

effective for coarse sediments in rivers. The bed load transport rate is calculated as: 

ܳ௕ = 8(߬௕ − ߬௖௥)3/250ܦ݃ݏߩ  (B.1) ܾݑ

where ܳ௕ is the sediment transport rate per unit width, ߬௕ is the bed shear stress, ߬௖   is 

the critical shear stress, ݑ௕ is near bed flow velocity vector, and 50ܦ is median grain 

diameter (50 represents the particle diameter where 50% of the sediment is finer and 

50% is coarser). 
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B.1.2. Einstein-Brown (EB) 

The Einstein-Brown (1950) formulation is an empirical bed load transport equation 

derived from laboratory experiments. It focuses on the probability of particle movement 

based on fluid dynamics and sediment properties. A complex function of flow intensity 

and particle size gives the transport rate. 

ܳ௕ = ߶௕ (߬௕ − ߬௖ߛ௦50ܦ ) (B.2) 

where ߛ௦ is the specific weight of the sediment 

B.1.3. Engelund-Hansen (EH)  

The Engelund-Hansen (1967) formula is a widely used empirical equation for 

estimating the total bed load transport (bed and suspended load) in open channel flows, 

particularly for sandy riverbeds. Developed by Engelund and Hansen in 1967, it 

provides a framework for calculating the total sediment transport rate based on flow 

parameters and sediment characteristics. 

ܳ௕ = ௦ܷ2ߛ0.05 [ 50݃ܦ ߛ௦ߛ) − 1)] [ ௦ߛ)߬ −  (B.3) 3/2[50ܦ(ߛ

where γ is the specific weight of the water, and U is the depth averaged currents. 

B.1.4. Van Rijn (VR) 

The Van Rijn (1984) total bed load transport formula is a widely used empirical 

approach for estimating sediment transport in rivers and coastal environments. This 

formula is primarily applied to bed load transport, which involves the movement of 

sediment particles along the riverbed due to the action of flowing water. Van Rijn's 

approach accounts for key factors such as flow velocity, sediment characteristics, and 

bed shear stress. 

ܳ௕ = .501.5ܦ0.053 ௦ߩ) − ߩ(ߩ ݃0.5 (߬௕ − ߬௖߬௖ )1.5 (B.4) 
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B.1.5. Bijker (BJ) 

The Bijker (1968) total bed load transport formula is used in coastal engineering to 

estimate sediment transport along the seabed, especially in environments with waves 

and currents. It accounts for both bed shear stress generated by currents and additional 

effects of wave motion on sediment mobilization. The total bed load transport is 

expressed as: 

ܳ௕ = ܾ. ߬௖௨0.5 exp (−0.27. (௖௨௪߬ߤ1 + 11.6√߬௖ߩ . .ݎ ௔ܥ .1ܫ] ln (33ℎݎ ) +  (B.5) [2ܫ

where ߬௖௨ is the non-dimensional shear stress due to currents alone, ߬௖௨௪ is the non-

dimensional shear stress due to wave-current interaction, and ߤ is a correction factor 

that accounts for the effect of ripples, b is a constant value set equal to 2 in the GAIA 

model, ݎ is the thickness of the bottom layer, ܥ௔is reference concentration, h is local 

water depth, 1ܫand 2ܫ are Einstein integrals. 

B.1.6. Soulsby-van Rijn (SVR) 

The Soulsby-van Rijn (1997) total bed load transport formula is an empirical equation 

used to calculate the total sediment transport (bed load and suspended load) in a river 

or coastal environment. It is particularly useful for predicting sediment movement in 

sandy or gravelly beds under current and wave action. This formula includes factors 

such as grain size, bed shear stress, and fluid velocity to predict the rate of sediment 

movement over the bed. The total sediment transport rate is expressed as: 

ܳ௕ = ௕௦ܷܣ [(ܷ2 + ஽ܥ20.018 ܷ02)0.5 − ௖ܷ௥]2.4 (B.6) 

where ܣ௕௦ is an empirical coefficient that is a function of h, 50ܦ, ݃ and s. ܷ0 is the Root 

Mean Square (RMS) orbital velocity of waves, and ܥ஽ is the quadratic drag coefficient 

due to current alone. ௖ܷ௥ is critical entrainment velocity, which is a function of h, 50ܦ, 

and 90ܦ. 
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B.1.7. Bailard (BL) 

The Bailard (1981) formulation is used for calculating sediment transport under wave 

conditions, focusing on energetics. The Bailard formula is derived from energetics 

concepts, where sediment transport is driven by the balance of work done by fluid 

forces on the sediment particles. The total sediment transport rate is expressed as: 

ܳ௕ = ݏ)௖௪݃ܨ − 1) < ⃗⃗|(ݐ)ܷ| ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗⃗⃗(ݐ)2ܷ⃗  ⃗⃗⃗⃗  ⃗ > ( ߳௖tan ߠ − ߳௦ܹ௦) (B.7) 

where ܨ௖௪ friction coefficient which accounts for wave-current interactions. ߳௖, and ߳௦ 
are constants with values 0.1 and 0.02 respectively. < > is the time-averaged time-

averaged over a wave period, ߠ sediment friction angle, and ௦ܹ is the settling velocity. ܷ(ݐ)⃗⃗⃗⃗ ⃗⃗⃗⃗  ⃗ is the time-varying velocity vector. 

B.1.8. Dibajnia and Watanabe (DB) 

The Dibajnia and Watanabe (1992) total bed load transport formulation is commonly 

used in sediment transport modeling to predict the movement of bed load, which refers 

to sediment particles transported along the bottom of a water body by rolling, sliding, 

or hopping. This approach was developed to account for complex factors such as 

sediment mobility and wave-current interactions in coastal environments. The total 

sediment transport rate is expressed as: 

ܳ௕ = ߜ ௦ܹ50ܦ Γ |Γ |1−ఉ (B.8) 

where 0.0001 = ߜ and ߚ = 0.55 empirical model coefficients, and Γ  the difference 

between the amounts of sediments transported in the onshore and offshore 

directions. 

B.1.9. SUMMARY 

The study provides brief descriptions of various sediment transportation formulations. 

These descriptions include an overview of the principles and mechanisms governing 

sediment transport and the mathematical equations used to represent these processes. 
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The formulations are discussed in the context of their specific applications, highlighting 

the conditions under which each method is most effective.  
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