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In the past decades, coastal compound floods (CCF) caused significant losses to coastal 

communities. To develop an accurate and complete probabilistic framework for assessing coastal 

hazards, the U.S. Army Corps of Engineers established the Coastal Hazard System’s 

Probabilistic Coastal Hazard Analysis (PCHA) framework. The current PCHA framework has 

focused primarily on a subset of CCF drivers, particularly storm surges. 

This dissertation documents four studies that contribute to efforts to advance and extend the 

PCHA for CCF analysis.  



 

 

In the first study, machine learning-based data imputation models are developed to fill in missing 

records in the historical storm dataset. The performance of the machine learning-based data 

imputation models under different parameterizations are assessed  considering statistical and 

physical factors and also compared against existing prediction models. 

In the second study, a series of Joint Probability Method (JPM) assumptions to model the 

dependence among tropical cyclone (TC) atmospheric parameters are comparatively 

investigated. JPM assumptions considered in the analysis include parameter independence, 

partial dependence, and full dependence. Candidate full-dependence models include meta-

Gaussian copula and vine copulas combining linear-circular copulas. Emphases are put on 

modeling the circular behavior of storm heading and its dependencies with other linear 

parameters. Full dependence models are compared based on the predicted probability of large 

CPD and RMW combinations. 

In the third study, a Bayesian Network (BN) of multiple coastal hazards is constructed, where the 

conditional probability tables (CPT) of TC atmospheric parameters are computed using copula. 

A deaggregation methodology is developed to identify the dominant TC for significant coastal 

hazard events to support risk-informing and decision-making processes and refined analyses. 

In the fourth study, leveraging the aforementioned study results, the extended PCHA is leveraged 

to develop a multi-tiered BN CCF analysis framework. In this framework, multiple tiers of BN 

models with different complexities are designed for study cases with varying levels of resource 

availability. A case study is conducted in New Orleans, LA and a series of joint distribution, 

numerical, machine learning, and experimental models are used to compute CPTs needed for 

BNs.   
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Chapter 1:  Introduction 

1.1  Background 

Coastal hazards bring significant damage to coastal communities and have caused over one 

trillion dollars of losses in the United States since 1980 (NOAA 2022a). Among the top 20 most 

costly tropical cyclone (TC) disasters in U.S. history, eighteen have happened since 1998, 

resulting in over 800 billion dollars in losses (NOAA 2022b). As a result, there is an increasing 

demand for more accurate quantification of coastal hazards arising from tropical cyclone events. 

Comprehensive assessments of coastal hazards from tropical cyclones must account for 

individual hazard mechanisms (e.g., storm surge, storm precipitation, and river flow) as well as 

compound hazard events in which mechanisms interact and lead to more severe impacts.  

In the past decades, the joint probability method (JPM) has been used as the primary method for 

probabilistic assessment of coastal hazards (Myers 1954; Ho and Myers 1975; Russell 1969; 

Myers 1970), with a particular focus on storm surge hazards. Since its initial development, 

enhancements have been made to the JPM to increase efficiency and accuracy (e.g., Resio 2007; 

Toro 2008; Toro et al. 2010). Recently, a series of studies of the United States Army Corps of 

Engineers (USACE) (Cialone et al. 2015; Nadal-Caraballo et al. 2015, 2019, 2020, 2022a; b) 

leveraged a series of technological advancements including machine learning and copula models 

to make further advancements and formalize a procedure for the USACE’s Coastal Hazard 

System’s (CHS) probabilistic coastal hazard analysis (PCHA) framework. Figure 1 is a flowchart 

of the USACE’s CHS-PCHA procedure, as adapted from (Nadal-Caraballo et al. 2020).  
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Figure 1: Flowchart of the PCHA procedure (adapted from Nadal-Caraballo et al. 2020) 

In this USACE’s procedure, historical data for TC atmospheric parameters (i.e., central pressure 

deficient (Δ𝑃), forward velocity (𝑉f), radius to maximum winds (𝑅max ) and storm heading (Θ)) 

is first collected or computed from existing databases. Because existing data are not complete, a 
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data imputation process is applied to fill in missing values in historical storm datasets, as 

illustrated in box (1) of Figure 1. In box (2), imputed historical storm datasets are used for 

statistical analysis of storms affecting the study region. The marginal distribution of each TC 

atmospheric parameter is fitted, the correlation coefficients among TC atmospheric parameters 

are estimated, and the storm recurrence rate (SRR) is computed. In box (3), based on the 

marginal distributions, a JPM optimal sampling process (Resio 2007; Toro 2008; Toro et al. 

2010) is applied to discretize the TC atmospheric parameter space and generate a relatively small 

number (usually a few hundred) of synthetic storms. The initial storm suite is input into a high-

fidelity (computationally expensive) hydrodynamic model to generate storm surge responses 

across the study region. In box (4), the initial storm suite and associated storm surge responses 

are used as input and output to train a more efficient storm surge surrogate model. In box (5), the 

errors of the storm surge surrogate model are quantified. In box (6), copulas are fitted and used 

to build joint probability distribution models for TC atmospheric parameters. The TC 

atmospheric parameter space is then finely discretized to create a set of tens of thousands of 

synthetic storms (referred to as the augmented storm suite). The copula-based joint distribution is 

then similarly discretized to assign a probability mass to each synthetic storm in the augmented 

storm suite. In box (7), storm surge responses of the augmented storm suite are computed with 

the storm surge surrogate models, and the JPM integral is used to estimate hazard curves, which 

provides a measure of storm response (e.g., peak storm surge) on one axis and the corresponding 

annual frequency (or annual probability) of exceedance on the other axis. 
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1.2  Dissertation objectives and outline 

To date, the USACE’s CHS-PCHA procedure shown in Figure 1 has been primarily used to 

assess coastal hazards resulted from storm surge. In this dissertation, research efforts are devoted 

to extending the USACE’s CHS-PCHA for coastal compound flood (CCF) hazards. To account 

for differences in resources that are available to support CCF hazard assessment, a multi-tiered 

framework is established. Four studies presenting these research efforts are documented 

separately from Chapter 2 to Chapter 5. 

As shown in box (1) of Figure 1, historical storm datasets are used as the sources of statistical 

analysis. Existing historical storm datasets of the Atlantic basin date back to 1851. However, 

these datasets are not complete throughout the period of record. Specifically, a substantial part of 

the record for certain parameters (central pressure (𝑝c) and 𝑅max ) is missing because of the 

measurement and sensing technology limitations in the early years. A data imputation process 

that can fill in these missing values is needed to make the storm datasets complete. In this study, 

machine learning technologies are leveraged for this imputation process. The details and 

outcomes of this effort are documented in Chapter 2. 

As shown in box (6) of Figure 1, copulas are used to capture the dependence among TC 

atmospheric parameters in defining their joint probabilities. The meta-Gaussian copula1 (MGC) 

is straightforward to implement due to the ease of parameter estimation and model construction. 

However, the MGC has a drawback in dealing with circular variables such as storm heading, 

which may be more important when assessing multiple coastal hazards (e.g., storm rainfall) than 

 

1 In this dissertation, a multivariate Gaussian copula that links a set of marginal distributions is refered as a meta -

Gaussian copula  
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storm surge alone. Chapter 3 documents the efforts to (1) assess the robustness of the MGC for 

characterizing the joint distribution of TC atmospheric parameters in PCHA and (2) 

comparatively investigate different joint distribution models.  

Performing an analysis that captures the whole breadth of coastal hazards is important but can 

also be expensive. As a result, there is a demand to focus resources on identifying and 

understanding TC scenarios (i.e., TC parameter combinations; TCPCs) that are dominant 

contributors to significant coastal hazards that equal or exceed a specified threshold. The 

deaggregation (also referred to as disaggregation) method has been commonly employed for 

probabilistic seismic hazards analysis to identify earthquake event rupture scenarios that 

contribute to seismic hazards with specified return periods (Baker 2013). In this work, a 

Bayesian network (BN) based deaggregation method has been developed to identify the 

dominant storm scenarios associated with individual and multiple coastal hazards that equal or 

exceed a specified threshold. The details of this method are documented in Chapter 4. 

Ultimately, the studies described above provide input information that enables a multi-tiered BN 

framework for CCF analysis. Specifically, this work develops multiple tiers of BN CCF analysis 

framework that can be adapted to provide results with varying degrees of sophistication. The 

framework leverages and extends the CCF BN model established by Mohammadi et al. (2023) 

and USACE’s CHS-PCHA. In this framework, multiple tiers of BN models with different 

complexities are designed for study cases with varying levels of data availability and 

computational resources. The details of this framework are documented in Chapter 5. 
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Chapter 2:  Machine Learning Motivated Data Imputation of Storm Data 

Used in Coastal Hazard Assessments2 

2.1  Introduction 

Probabilistic hazard analysis assesses the frequency and severity of hazards. The Joint 

Probability Method (JPM) has become the foundational tool for probabilistic analysis of coastal 

hazards, particularly those associated with storm surges (Myers 1954; Ho and Myers 1975; 

Russell 1969; Myers 1970). JPM-based methods are increasingly being explored and used as part 

of assessments focused on compound hazards. Computation-enabling extensions such as 

response surface methods (Lee et al. 2021; Resio 2007), optimal sampling approaches (Toro et 

al. 2010), and the use of machine learning (Jia et al. 2016; Taflanidis et al. 2014; Zhang et al. 

2018) have been fundamental in enabling the JPM for probabilistic coastal hazard assessment. 

The United States Army Corps of Engineers (USACE) implements the Coastal Hazard System’s 

(CHS) (https://chs.erdc.dren.mil) Probabilistic Coastal Hazard Analysis (PCHA) framework (Nadal-

Caraballo et al. 2020), which builds off and extends the JPM. This implementation of JPM uses a 

hybrid set of sample approaches in the development of the joint probability distribution of storm 

atmospheric-forcing parameters; central pressure deficit (Δ𝑝), forward velocity (𝑉f), radius of 

maximum winds (𝑅max ) and storm heading (𝜃). The approaches used by USACE to develop 

these joint distributions have evolved from assuming independence between storm atmospheric-

forcing parameters (Nadal-Caraballo et al. 2015) to use of models that capture the full 

 

2 This chapter was submitted to the journal Coastal Engineering on September 1, 2023 (Manuscript number: CENG-

D-23-00364) and as of October 31, 2023, it is “Under Review.”  

https://chs.erdc.dren.mil/
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dependence between quantities using copula-based methods (Nadal-Caraballo et al. 2020, 2022a; 

b). 

To provide the climatological history for JPM analyses, statistical analysis to develop the joint 

distribution of storm parameters typically use historical storm databases (CIRA 2021; Demuth et 

al. 2006; Landsea and Franklin 2013; NOAA 2022c). However, these records are incomplete due 

to short record lengths, low spatial resolution in observations, and missing observations for some 

historical storms. Most notably, central pressure (𝑝c) and 𝑅max  are often not available. Missing 

observations can adversely affect the results of statistical assessments of atmospheric storm 

parameters, potentially leading to bias in the resulting joint distributions. This challenge is 

exacerbated when seeking to build joint probability models that capture the full dependence 

between random variables (Nadal-Caraballo et al. 2020, 2022a; b). 

To augment historical records, data imputation can be used to fill in missing gaps in storm 

parameter observations. Data imputation is the process of substituting missing values with values 

generated with a model built using available observations. The data imputation “model” can be 

as simple as replacing missing values with the mean of the available dataset or a randomly 

selected observation. More sophisticated approaches use regression or machine learning methods 

to build an imputation model from available data. 

In this work, we explore and assess the performance of multiple machine learning strategies to 

impute missing 𝑝c  and 𝑅max  observations in the historical storm datasets. Specifically, we 

consider multiple imputation models in conjunction with multiple candidate model 

parameterizations (i.e., alternate sets of predictor variables). Section 2 provides background 

information and describes available data. Section 3 introduces the candidate model 

parameterizations and candidate machine learning models used in this study to impute 𝑝c  and 
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𝑅max . Section 3 describes an assessment of the performance of candidate imputation models. 

Section 4 systematically compares the performance of candidate imputation models with existing 

storm parameter prediction models. Section 4 also investigates the performance of different 

imputation models and the effect of the data imputation process on the statistical analysis in 

PCHA. Section 5 provides discussions and conclusions. 

2.2  Background and Data 

The primary historical database used to develop the joint distribution of storm parameters (e.g., 

(Nadal-Caraballo et al. 2015, 2020, 2022a; b) is the Hurricane Database 2 (HURDAT2) (Landsea 

and Franklin 2013; NOAA 2022c). A National Oceanic and Atmospheric Administration's 

(NOAA) National Hurricane Center Re-Analysis Project product, the HURDAT2 database, 

contains validated, reanalyzed data of all historical storms recorded in the Atlantic basin from 

1851 to 2021. The primary sources for HURDAT2 data include satellite observations, Dvorak 

analysis, radar data, aircraft reconnaissance, ship records, and buoy and meteorological station 

data (NOAA 2022c). The database includes track data (typically at a 6-hour time step) related to 

date, time, latitude (lat), longitude (lon), maximum sustained wind speed (𝑉w), 𝑝c , 34 kt wind 

radii maximum extent (𝑅34 ), 50 kt wind radii maximum extent (𝑅50 ), and 64 kt wind radii 

maximum extent (𝑅64 ). Data related to storm heading and speed can be derived from temporal 

and geospatial track information. The record for 𝑝c  in HURDAT2 is limited prior to 1960, when 

satellite technology was introduced. Specifically, 𝑝c  values in HURDAT2 are reported 

consistently after 1979 (Landsea and Franklin 2013). 

In addition to the limited 𝑝c  observations, another limitation of HURDAT2 is the lack of 𝑅max  

observations prior to the 2021 update. The 𝑅max  parameter, which describes the distance to the 
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strongest wind from the storm’s center, provides information on the extent of the wind field for 

ocean response forcing. Chavas and Knaff (Chavas and Knaff 2022) provided a comprehensive 

literature review of meteorologists’ efforts to understand the properties of 𝑅max . The Tropical 

Cyclone Extended Best Track Dataset (EBTRK) database (CIRA 2021; Demuth et al. 2006) 

aggregates information from HURDAT2 with other data sources, providing extensive 

information but is somewhat less consistent. It also includes storm structure information, such as 

𝑅max  and wind radii. In EBTRK, radii data (𝑅34 , 𝑅50 , 𝑅64 ) from 2004 onward are based on the 

HURDAT2 re-analysis (CIRA 2021). Radii data prior to 2004 are estimated from operational 

data sources, which include ship and other surface reports, aircraft reconnaissance data, and 

satellite imagery. The 𝑅max  observations in EBTRK are all forecaster estimated  and only 

available after 1988 (CIRA 2021). 

Figure 2 shows the historical storm data availability in HURDAT2 and EBTRK (using data 

downloaded on the date of 08/30/2022). Specifically, it shows the fraction of observations 

associated with a storm that includes data for each parameter. It shows that 𝑅max  is only 

available after 1988. 𝑝c  is only well recorded after 1979, while other parameters have longer 

coverage and a higher fraction of storms with available data. For example, in the historical 

databases, over 50,000 𝑉w data points are recorded while only around 23,000 𝑝c  data points and 

around 13,000 𝑅max  data points are recorded. Few observations exist for which 𝑅max  is available 

but 𝑝c  is not. 
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Figure 2: Historical storm data availability, expressed as ratio of track points that include a 
specified variable for each storm in HURDAT2 and EBTRK  

In this study, we develop a series of 𝑝c  and 𝑅max  machine learning imputation models to impute 

missing values in historical datasets using available data of other storm parameters. The 

performance of these models is compared against existing models that relate 𝑝c  and 𝑅max  to 

other storm parameters. For example, a strong correlation exists between 𝑉w and 𝑝c  and Nadal-

Caraballo et al. (Nadal-Caraballo et al. 2015) developed a regression model estimating 𝑉w as a 

function of 𝑝c . We use the inverse of the regression model developed in Nadal-Caraballo et al. 

(Nadal-Caraballo et al. 2015) to predict 𝑝c  as a function of 𝑉w, which we refer to in this study as 

“NACCS15.” Similarly, Vickery and Wadhera (Vickery and Wadhera 2008) introduced 

regression models for 𝑅max  using Δ𝑝 and latitude information as predictors. We refer to the “all 

hurricane” regression model expressed by Equation 11 in Vickery and Wadhera (Vickery and 

Wadhera 2008) hereafter as “VW08.” More recently, Chavas and Knaff (Chavas and Knaff 

2022) developed an 𝑅max  prediction model based on a physical storm structure model (Chavas et 

al. 2015), referred to hereafter as “CK22.” We assess the performance of our 𝑅max  imputation 
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models by comparing to the VW08 and CK22 models (with their regression/model parameters 

re-estimated for consistency across the model validations, as described in Section 4.2). 

2.3  Imputation Methodology 

The combined database containing the HURDAT2 and EBTRK data is referred to herein as the 

“original dataset.” As noted above, the original dataset contains gaps, typically missing values of 

𝑝c  and 𝑅max . A data imputation process, which is used to fill in missing 𝑝c  and 𝑅max  values in 

the historical record, is proposed based on a series of imputation models and consists of two 

stages. In the first stage, available storm parameters in the original dataset are used to predict 

(impute) missing 𝑝c  values. In the second stage, the original dataset, augmented with imputed 𝑝c  

values, are used to predict (impute) missing 𝑅max  values. When missing 𝑝c  and 𝑅max  historical 

records are filled in using this two-stage process, the data matrix is described herein as the 

“imputed dataset.” 

Figure 3 presents a flowchart of the data imputation process. In the “Data Sources Integration” 

step (Figure 3; left shaded box), identical storms in HURDAT2 and EBTRK are paired. Then 

data from the two sources are integrated to create the original storm data matrix. In most cases, 

the timesteps for storm tracks included in HURDAT2 and EBTRK coincide; however, in some 

cases, values may be available in HURDAT2 at intermediate timesteps that are not available in 

EBTRK. In these cases, linear interpolation is used to temporally interpolate EBTRK 

observations onto the same temporal grid as HURDAT2. For each storm track and each timestep 

included in the HURDAT2 data, the original storm data matrix contains: 

• Storm track data point locations (latitude and longitude of the eye of the storm). 

• Central pressure (𝑝c) in hPa. 
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• Maximum sustained wind speed (𝑉w) in km/hr. 

• Storm heading (𝜃) in degrees; the heading assigned to point 𝑖 is computed as the angle 

the storm is heading between track point 𝑖 − 1 and track point 𝑖; 𝜃 is measured 

clockwise in [-180,180] degrees using due North as zero-degree direction. 

• Storm forward velocity 𝑉f in km/hr; the 𝑉f assigned to point 𝑖 is computed using the 

distance traveled and the time elapsed between the track point 𝑖 − 1 and track point 𝑖. 

• The radius of maximum winds (𝑅max ). 

• The four quadrants (northwest, northeast, southeast, and southwest) of 𝑅34 , 𝑅50  and 𝑅64  

(in km). 

 
Figure 3: Flowchart of the data imputation process 

Next, as illustrated in the right shaded box (labeled Data Imputation) of Figure 3, the original 

dataset is used to build candidate imputation models for 𝑝c , as shown in Box 1. The model takes 

the form: 

𝑝̂c 𝑖

[𝑚,𝑣] = 𝑔𝑝c

[𝑚]
(𝐱

𝑖

[𝑣]
) (1) 
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Where: 𝑝̂c 𝑖

[𝑚,𝑣] indicates the imputed value of 𝑝c  at data point 𝑖 using model 𝑚 and input variable 

parameterization (predictor variables) option 𝑣. In this notation, the superscripts in brackets 

indicate models and variable parameterizations, while subscripts indicate data points 𝑔𝑝c

[𝑚]
(□) is 

imputation model 𝑚 and 𝐱
𝑖

[𝑣]
 is the vector of storm parameters at data point 𝑖 using 

parameterization option 𝑣. Similarly, the imputation model for 𝑅max  (Box 2 of Figure 3) takes 

the following form: 

𝑅̂max𝑖

[𝑚,𝑣]
= 𝑔𝑅max

[𝑚]
(𝐱

𝑖

[𝑣]
) (2) 

Where terms are defined analogously to those in Equation (1). 

2.3.1  Candidate variable parameterizations 

Based on the tropical cyclone parameter coverage, as shown in Figure 2, 𝑝c  and 𝑅max  are 

generally only available after 1988, while some of the other storm parameters (e.g., lat, lon, 𝑉f, 

𝑉w and 𝜃) have almost full historical record coverage (from 1851 to 2020). Therefore, to impute 

missing 𝑝c  and 𝑅max  for full historical record coverage, these “full coverage” storm parameters 

represent the set of potential imputation model predictor parameters. 

In Table 1, candidate parameterizations for the 𝑝c  imputation model are listed, where 𝐱
𝑖

[1]
  is 

treated as the baseline parameterization. As shown, parameterizations 𝐱
𝑖

[2]
 to 𝐱

𝑖

[6]
 are developed 

by removing a single individual parameter from the baseline parameterization set (𝐱
𝑖

[1]
) for each. 

This provides insights regarding the importance of each of the individual parameters to the 

performance of the 𝑝c imputation model. 
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Table 1: Tested parameterizations for 𝒑𝐜 imputation model 

𝜈 

Parameterization name 𝐱𝑖
[𝜈]

 (included variables) 

 

Excluded 
variables 

1 Baseline   

2 Baseline without lat  lat 

3 Baseline without lon  lon 

4 Baseline without 𝑽𝐟  𝑉f  

5 Baseline without 𝑽𝒘   

6 Baseline without 𝜽  𝜃 

1 sin 𝜃 and cos 𝜃 are used to account for the circular nature of the variable 𝜃. 

 

For the 𝑅max  imputation model, the selection of candidate parameterizations is informed by 

existing studies. In the VW08 model (Vickery and Wadhera 2008), Δ𝑝 and lat are used as model 

predictors, and separate subregional models are developed to improve model performance. In the 

CK22 model (Chavas and Knaff 2022), a physical model with parameters estimated from 

regression analysis is used to predict 𝑅max . The predictors in the CK22 model include 𝑉𝑤, 𝑅34  

and lat. Values of 𝑅34  are available for four quadrants. In this paper, and consistent with CK22, 

the mean value of 𝑅34  is computed across non- zero quadrants. Hereafter, the symbol 𝑅34  

indicates the mean value of non-zero quadrants. Table 2 shows the candidate parameterizations 

for 𝑅max  imputation model. The record for 𝑅34  is limited in the historical database (see Figure 

2). This adversely affects its value in helping to expand the amount of available data. Therefore, 

candidate parameterizations are considered both with and without 𝑅34 . 

lat, lon, 𝑉f, 𝑉w, sin 𝜃 and cos 𝜃1 

 lon, 𝑉f, 𝑉w, sin 𝜃 and 𝑐𝑜𝑠𝜃 

 
lat, 𝑉f, 𝑉w, sin 𝜃 and 𝑐𝑜𝑠𝜃 

lat, lon, 𝑉w, sin 𝜃 and 𝑐𝑜𝑠𝜃 

lat, lon, 𝑉f, sin 𝜃 and 𝑐𝑜𝑠𝜃 𝑉w 

lat, lon, 𝑉f, 𝑉w 
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Table 2: Tested parameterizations for 𝑹𝐦𝐚𝐱   imputation model 

 

𝜈 
Parameterization name 𝐱𝑖

[𝜈]
 (included variables)1 

Excluded 
variables 

1 Baseline   

2 Baseline without lat  lat 

3 Baseline without lon  lon 

4 Baseline without 𝑽𝐟  𝑉f  

5 Baseline without 𝒑𝐜 lat, lon, 𝑉f , 𝑉w, sin 𝜃 and cos𝜃, 𝑅34 𝑝𝑐  

5 Baseline without 𝑽𝐰   

6 Baseline without 𝜽  𝜃 

1 For all rows, candidate parameterizations for 𝑅max are considered that include and exclude 𝑅34. 

 
 

2.3.2  Candidate machine learning models 

The implementation of machine learning techniques in coastal hazard analysis has increased 

substantially in the past decade. For example, Jia and Taflanidis (Jia and Taflanidis 2013) 

implemented a Gaussian process regression (GPR) model for storm surge prediction with follow-

up studies expanding and augmenting the use of GPR (e.g., (Jia et al. 2016; Taflanidis et al. 

2014; Zhang et al. 2018)) or leveraging or comparing alternate approaches (Al Kajbaf and Bensi 

2020; Lee et al. 2021). Nadal-Caraballo et al. (Nadal-Caraballo et al. 2020) added GPR-based 

metamodels to the USACE’s CHS-PCHA framework for water level prediction. 

lat, lon, 𝑉f, 𝑝c , 𝑉w, sin 𝜃 and cos 𝜃, 𝑅34  

lat, 𝑉f, 𝑝c , 𝑉w, sin 𝜃 and cos 𝜃, 𝑅34  

lat, lon, 𝑝c , 𝑉w, sin 𝜃 and cos 𝜃, 𝑅34  

lat, lon, 𝑉f, 𝑝c , sin 𝜃 and cos 𝜃, 𝑅34  𝑉w 

lat, lon, 𝑉f, 𝑝c , 𝑉w, 𝑅34  
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In this study, GPR models are investigated as candidate machine learning models for 𝑝c  and 

𝑅max   imputation. For comparison, the performance of two-hidden-layers forward-propagate 

artificial neural network (ANN) models for 𝑝c  and 𝑅max  imputation are also investigated. To 

support reproducibility, calculations were performed using standard functions available in the 

MATLAB Statistics and Machine Learning Toolbox and Deep Learning Toolbox (MathWorks 

2022). 

For the GPR models, a series of basis functions and kernel functions were tested. The linear basis 

function and the exponential kernel function (with exponent coefficient fixed to 1) provided by 

the MATLAB Statistics and Machine Learning Toolbox were found to have robust performance 

as well as good efficiency. Therefore, this study uses the linear basis function and the 

exponential kernel function in the training process of all GPR models. To address noise in the 

observation database, a nugget can be included in the GPR kernel, and its value can be explicitly 

optimized during the GPR calibration. However, for performance comparison with other 

candidate models, this was not adopted in this study. 

The ANN models implemented in this study use the sigmoid function as the hidden layers 

transfer function, linear function as the output layer transfer function, Bayesian regularization 

back-propagation as the regularization strategy, 50 as the training epochs number, and ten as 

neurons number in each hidden layer. The epoch number and neuron number in each hidden 

layer were set to optimize the performance of ANN models. 
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2.3.3  Model validation 

K-fold cross-validation is applied to assess the performance of the GPR and ANN imputation 

models with different parameterizations. The validation uses the full dataset, filtered to include 

only observations with all necessary parameters available. 

For the cross-validation, the data is randomly split into 𝑘 = 10 equal-size sets (folds). For each 

fold, one of the ten partitions is reserved as a testing set, while the remaining nine sets are treated 

as training data. All options in the candidate suite (i.e., combinations of candidate 

parameterizations and candidate machine learning models) are tested on the same set of cross-

validation partitions. This ensures that all models are trained and tested on the same data and 

assures a “head-to-head” comparison. Within each fold, the trained model is applied to the 

testing set, and the predictions are compared to the held-out testing data to calculate the root 

mean square error (RMSE) and the correlation coefficient (𝑅). RMSE is calculated using the 

difference between the predicted and holdout values of 𝑝c  (or 𝑅max ). 𝑅 is computed as the 

correlation coefficient between the predicted and holdout values of 𝑝c  (or 𝑅max ). 

Figure 4 shows the cross-validation results for the GPR and ANN 𝑝c  imputation models under 

the candidate parameterizations. The bars in Figure 4 (top) show the average value of RMSE 

(ARMSE) computed across the 𝑘 = 10 cross-validation folds for GPR and ANN models. Figure 

4 (bottom) similarly shows average values of 𝑅 (𝑅averaged ) of each model. The vertical red line 

sections indicate the range of RMSE and 𝑅 computed across the the k=10 cross-validation folds. 

When imputing 𝑝c , removing 𝑉w has a substantial impact on model performance, which is 

expected due to the comparatively high correlation between 𝑉w and 𝑝c  (Nadal-Caraballo et al. 
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2015). The impact of removing lat, lon, 𝑉f or 𝜃 is not as notable. The performance of the baseline 

parameterization models is later compared with the NACCS15 model for predicting 𝑝c . 

 

 

Figure 4: Cross-validation results (top: RMSE; bottom: 𝑹) for 𝒑𝐜 imputation models with 

different parameterizations. Bar heights indicate average values of metrics, and red line 
sections show the ranges of computed metrics computed across validation folds  

Figure 5 shows the cross-validation results for the 𝑅max  imputation models, with and without 

𝑅34 .The performance of 𝑅max  imputation models is not as strong as seen for 𝑝c  imputations, 

which is seen from the lower 𝑅 values and reflects the experience that 𝑅max  is harder to estimate. 

Regardless of the parameterization selected, the inclusion of 𝑅34  has a notable positive impact on 



 

19 

 

the performance imputation models (i.e., the bars without dashes are systematically higher than 

those with dashed edges). When 𝑅34  is included in the model, the impact of removing other 

parameters is relatively minor, as seen by the similarity in heights of the bars with dashed edges. 

However, when 𝑅34  is not included, the removal of spatial information (lat/lon) and windspeed 

have moderate bad effect on performance. 
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Figure 5: Cross-validation results (top: RMSE; bottom: 𝑹) for 𝑹𝐦𝐚𝐱  imputation models of 
different parameterizations with and without 𝑹𝟑𝟒 

Note: For graphical clarity, the colors/legends differ between the top (RMSE) and bottom (𝑅) 

figures. 

While the inclusion of 𝑅34  as a predictor results in the best performance, it is important to 

recognize that 𝑅34  is only available for a limited portion of the historical record (see Figure 2). 

Therefore, in the analysis that follows, the performance of both the baseline and “baseline 

without 𝑅34 ” parameterization models are compared with the VW08 and CK22 models for 

predicting 𝑅max . 

2.4  Performance and Effect of Data Imputation 

In this section, the performance of machine learning-based imputation models is assessed. In 

Section 4.1, 𝑝c  machine learning-based imputation models were compared with NACCS15. In 

Section 4.2, 𝑅max  machine learning-based imputation models were compared with VW08 and 

CK22. In Section 4.3, statistical analysis results generated from the original dataset and imputed 

dataset are visualized and quantified to assess the effect of the data imputation process. 

2.4.1  𝒑𝐜 model performance assessment 

To assess the performance of 𝑝c  imputation models, the same set of 10-fold cross-validation 

were applied to the two candidate machine learning models in the North Atlantic region (GPR 

and ANN with baseline parameterizations) as well as NACCS15 (i.e., the inverse of the Nadal-

Caraballo et al. (Nadal-Caraballo et al. 2015) regression model). Figure 6 plots the RMSE and 𝑅 
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of the 𝑝c  models for the North Atlantic region. Among the three 𝑝c  models, the GPR baseline 𝑝c  

imputation model has the highest accuracy (i.e., the lowest ARMSE and highest 𝑅averaged ). 

  

Figure 6: RMSE and 𝑹 for candidate 𝒑𝐜 models. The bars show ARMSE and 𝑹𝐚𝐯𝐞𝐫𝐚𝐠𝐞𝐝  of each 

model, while the red line sections show the range of RMSE and 𝑹 of each model 

Figure 7 presents density plots (2D histograms) of the predicted (imputed) and observed values 

for the testing data across the 10-fold cross-validation results for the three 𝑝c  models. In the 

density plots, the x-axis shows the observation value (e.g., as reflected in the original dataset), 

the y-axis shows the prediction value from the imputation model, and the color bar shows the 

number of observations within the specified bin. The color bar is presented in log-scale to aid 

visualization. The NACCS15 model generates gridded prediction values that are expected 

because NACCS15 model’s single input, 𝑉w, is recorded in increments of five knots. It also can 

be observed that in all three models, the predicted 𝑝c  are predominantly symmetrically 

distributed along the 45-degree line, which means the 𝑝c  model has a generally consistent 

performance across the range of 𝑝c  values. 
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Figure 7: Density plot of cross-validation results for candidate 𝒑𝐜 models  

2.4.2  𝑹𝐦𝐚𝐱 model performance assessment 

To assess the performance of the 𝑅max  imputation models, six models are compared using the 

cross-validation approach described in Section 3.3: (1) VW08, (2) CK22, (3) GPR baseline, (4) 

GPR baseline without 𝑅34 , (5) ANN baseline, and (6) ANN baseline without 𝑅34 . The models 

are applied to three study cases. The first case includes all data points within the North Atlantic 

region. The second case refines the geographic region to focus on the Gulf of Mexico. The third 

case considers only high-intensity storm data points within the North Atlantic region, consistent 

with data used in VW08. Table 3 lists the three cases, their geographic boundaries, and the 

associated number of data observations available for analysis. 

Table 3: Study cases used for 𝑹𝐦𝐚𝐱  model performance assessment 

Study case 
Bounding box # points 

North Atlantic region (Case 1) 
Lat: 69° N to 0° N; Lon: 12° E to 98° W 9833 

Gulf of Mexico region (Case 2) 
Lat: 30° N to 18° N; Lon: 82° W to 98° 

W 

1326  
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North Atlantic region with 𝑝c  < 980 hPa 

(Case 3) 

Lat: 69° N to 0° N; Lon: 12° E to 98° W 2880 

We compare the six models mentioned above using the K-fold cross-validation approach as 

described in Section 3.3. The VW08 and CK22 model functions are used with model parameters 

(e.g., regression coefficients) re-estimated for each study case using the training data contained 

in each validation fold (note these parameters may therefore differ from the parameters of a 

specific published model). 

The performance of the six 𝑅max  models are compared using three criteria: 

(1) Model accuracy quantified by model ARMSE and 𝑅averaged  

(2) Model capability to predict large 𝑅max  values 

(3) Effect of models on the correlation between Δ𝑝 and 𝑅max  

2.4.2.1. Model accuracy 

Figure 8 plots the RMSE and 𝑅 of candidate 𝑅max  models for the three study cases. In all three 

study cases, it is found that the GPR baseline imputation model has the minimum ARMSE and 

the maximum 𝑅averaged  among all tested 𝑅max  models. Among different study cases, the size of 

the study region, comparing the larger study case 1 with the smaller study case 2, has a moderate 

effect on the accuracy of different 𝑅max  models, with the smaller study region resulting in a 

slight reduction in performance when measured using ARMSE. This is likely due to the 

disadvantage of the smaller quantity of training data exceeding the advantage of the expected 

geographic homogeneity in the data. Applying models to a subset of high-intensity storms (i.e., 

comparing study case 1 with study case 3) improves the model performance. This is consistent 

with the field’s understanding that different intensities of tropical cyclones are connected to 
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different environmental conditions (Emanuel et al. 2004) and are sometimes treated as different 

populations. However, focusing on high-intensity storms limits the number of data points for 

which 𝑅max  can be imputed. 
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Figure 8: RMSE and 𝑹 of candidate 𝑹𝐦𝐚𝐱  models. The bars show ARMSE and 𝑹𝐚𝐯𝐞𝐫𝐚𝐠𝐞𝐝  of 

each model, while the red line sections show the range of RMSE and 𝑹 of each model 

2.4.2.2. Model capability to predict large 𝑹𝐦𝐚𝐱 values 

Figure 9 through Figure 11 present density plots (2D histograms) of the 10-fold cross-validation 

results of the candidate 𝑅max  models applied to the three study cases. In the density plots, the x-

axis shows the observation bin center values (e.g., as reflected in the original dataset), the y-axis 

shows the prediction bin center values from the imputation model, and the color bar shows the 

number of observations in the bin. The VW08 model shows a notable upper bound on predicted 

𝑅max  values for the first two study cases. This upper bound is not observed for the third study 

case, where the value of 𝑝c  is restricted. These results are consistent with the conditions under 

which the VW08 model was developed, which only include storms with Δ𝑝> 33 hPa. For all 

study cases, the GPR baseline without 𝑅34  model likewise shows challenges in predicting large 

𝑅max  values, though the effect is not as pronounced as for the VW08 model. The CK22 and 

ANN models do not show similar issues related to large 𝑅max  values. 
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Figure 9: Study Case 1, North Atlantic region; Density plot of cross-validation results for 
candidate 𝑹𝐦𝐚𝐱  models (note that color scales differ across plots) 
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Figure 10: Study Case 2, Gulf of Mexico region; Density plot of cross-validation results for 
candidate 𝑹𝐦𝐚𝐱  models (note that color scales differ across plots)  
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Figure 11: Study Case 3, North Atlantic region with 𝒑𝐜 smaller than 980 hPa; Density plot of 
cross-validation results for candidate 𝑹𝐦𝐚𝐱  models (note that color scales differ across 

plots)  
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2.4.2.3. Effect on the correlation between 𝜟𝒑 and 𝑹𝐦𝐚𝐱 

For PCHA studies, particularly those focused on storm surge hazards, Δ𝑝 and 𝑅max  are key 

parameters. Tropical cyclone parameter combinations involving larger values of Δ𝑝 and 

𝑅max  typically cause higher surges. However, negative correlation between them makes those 

combinations less likely to occur. For this reason, it is important to understand the impact of the 

data imputation process on the correlation between these two quantities. 

Figure 12 plots the values of Kendall’s 𝜏 between Δ𝑝 and 𝑅max   (computed using a ten-year 

moving window) vs. time for each candidate 𝑅max  model as well as when using the original 

dataset. This study calculates Δ𝑝 as Δ𝑝 = 𝑝p − 𝑝c , where 𝑝𝑝 is peripheral pressure of the storm 

(taken as 1013 hPa). Correlations for the observed data are only available after 1988, when 𝑅max  

data became available. Before 1988, only the VW08, GPR w/o R34 and ANN w/o R34 models 

were assessed and plotted, as they do not require R34, which likewise became available after 

1988. Therefore, time-series plots are provided for each study case for time horizons going back 

to 1851 (top plot) and beginning in 1988 (bottom plot). In the bottom plots, the 95% confidence 

interval of observed data is generated using the MATLAB bootstrap confidence interval function 

(MathWorks 2022). 
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(a) Study Case 1, North Atlantic region  
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(b) Study Case 2, Gulf of Mexico region 

 

 

 

(c) Study Case 3, North Atlantic region with 𝒑𝐜 smaller than 980 hPa 
Figure 12: Time-series of Kendall’s 𝝉 between 𝚫𝒑 and 𝑹𝐦𝐚𝐱  for candidate 𝑹𝐦𝐚𝐱  models for 

three study cases. For each study case, the top figure plots curves for 1851 to 2020, and the 
bottom figure plots the curves for 1988 to 2020. For each point, data from the previous ten 

years are used to compute Kendall’s 𝝉. When the interval of data used for computation is 
less than ten years, a dashed line is used. In the process of computing Kendall 𝝉, the 

imputed dataset includes imputed 𝒑𝐜 values. In the bottom plots, the 95% confidence 
interval of observed data after 1998 are plotted in the light blue shaded region  
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To quantify the difference between modeled values and observed values of Kendall’s 𝜏 between 

Δ𝑝 and 𝑅max , the RMSE between each modeled value and observed value are calculated using 

all data from 1988 to 2020. The calculated RMSEs are presented in Table 4. 

Table 4: RMSE on Kendall’s 𝝉 (between 𝚫𝒑 and 𝑹𝐦𝐚𝐱  ) computed using imputed and 

observed datasets 

 
VW08 CK22 GPR 

baseline 

GPR 

baseline 

w/o 𝑹𝟑𝟒 

ANN 

baseline 

ANN 

baseline 

w/o 𝑹𝟑𝟒 

Study Case 1 
0.14 0.099 0.072 0.12 0.13 0.12 

Study Case 2 
0.078 0.098 0.072 0.18 0.072 0.19 

Study Case 3 
0.23 0.068 0.065 0.090 0.073 0.14 

Based on the plots and RMSEs for study case 3 (except the VW08 model), Kendall’s 𝜏 values for 

the imputed dataset are more consistent with the observed dataset’s correlation values than in 

study case 1 and study case 2. Assuming the observed dataset correlation is more representative 

of the ‘true’ correlation, these results indicate the performance of models will be improved if 

only high-intensity storms are included in the training set (with the disadvantage that such a 

model cannot be used to impute data for lower-intensity storms). It is also noticed that in all three 

study cases, Kendall’s 𝜏 modeled by the GPR baseline without 𝑅34  and ANN baseline without 

𝑅34  models (which can be used prior to 1988) are generally consistent with each other through 

time. Based on the RMSE value in Table 4, the GPR baseline 𝑅max  imputation model can best 

capture the value and trend of the observed Kendall’s 𝜏 quantifying the correlation between Δ𝑝 

and 𝑅max . 
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2.4.2.4. Assessment results 

Overall, the GPR baseline imputation model is judged as the best performing 𝑅max  imputation 

model based on its ARMSE and the ability to capture the observed correlation between Δ𝑝 and 

𝑅max . However, the limited number of 𝑅34  records in the historical database restricts the use of 

the baseline GPR model to impute records prior to 1988. Among the models not requiring 

𝑅34  data, the GPR baseline without 𝑅34  imputation model offers the best performance, based on 

ARMSE and the ability to capture the correlation between Δ𝑝 and 𝑅max . However, it is 

associated with a notable challenge in predicting large 𝑅max  values. The ANN baseline without 

𝑅34  imputation model offers reduced performance compared to the GPR baseline without 𝑅34  

imputation model from the perspective of ARMSE but is better able to capture large 𝑅max  

values. It also performs well in capturing correlations. 

2.4.3  Imputed dataset assessment 

In this section, the data imputation process using a subset of candidate models is applied to the 

historical storm dataset described in Section 2. The GPR baseline parameterization 𝑝c  imputation 

model is used to impute around 30,000 missing 𝑝c  values in the dataset. The GPR baseline 

parameterization 𝑅max  imputation model is used to impute over 700 missing 𝑅max  at data points 

with 𝑅34  records available. The GPR baseline without 𝑅34  parameterization 𝑅max  imputation 

model is used to impute around 40,000 missing 𝑅max  at data points for which 𝑅34  records are not 

available. In the process of imputing 𝑅max , the imputed 𝑝c  values are used as input data for the 

𝑅max  imputation models. 

In the USACE’s CHS-PCHA framework (Nadal-Caraballo et al. 2020), a series of coastline 

nodes are selected as coastal reference locations (CRLs), and statistical analysis is performed for 



 

34 

 

each CRL individually. The statistical sampling data of each CRL is generated with a distance-

weight-adjustment process using representative storm track points with the maximum intensity 

indices within a 600 km radius capture zone (Nadal-Caraballo et al. 2015, 2022b). Information 

about the statistical sampling process is provided in Appendix A. Data resulting from the 

application of this process will be referred to as “statistical sampling data” in this paper. 

Three representative CRLs along the Atlantic and Gulf coastline are selected to assess the effect 

of the data imputation on the resulting statistical sampling data. Figure 13 shows the location of 

the three CRLs and their 600 km radius capture zone. Consistent with recent CHS studies 

(Nadal-Caraballo et al. 2022a; b), storm data from 1938 to 2020 are used to generate statistical 

sampling data. 

 

Figure 13: Location of example CRLs with their 600 km statistical analysis capture zones  

Figure 14 to 15 show the comparison of statistical sampling data generated from the original and 

imputed datasets (with adjustments made according to the distance-weight adjustment process). 

The data imputation process increased the quantity of both Δ𝑝 and 𝑅max  statistical sampling data 
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and consequently smoothed the empirical cumulative density functions (eCDF) curves for Δ𝑝 

and 𝑅max . This effect is especially significant for 𝑅max  because, prior to 1988, there is no 𝑅max  

record in original dataset, the increase of statistical sampling data can improve the robustness of 

fitted marginal distribution, regardless of the choice of distribution function form. A slight 

reduction of variance is observed, as evidenced by the steeper slope of the eCDF for the imputed 

dataset, reflecting the reduced variability that results from the use of model output in place of a 

missing observation. 
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Figure 14: Statistical sampling data for CRL A; The scatter plot maps show the statistical 
sampling data locations (lat/lon) and values (color bar) for 𝚫𝒑 and 𝑹𝐦𝐚𝐱  using the original 

dataset and imputed dataset. The bottom row plots the eCDF of 𝚫𝒑 and 𝑹𝐦𝐚𝐱  from 

statistical sampling data generated from the original dataset and imputed dataset  
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Figure 15: Statistical sampling data for CRL B; The scatter plot maps show the statistical 
sampling data locations (lat/lon) and values (color bar) for 𝚫𝒑 and 𝑹𝐦𝐚𝐱  using the original 

dataset and imputed dataset. The bottom row plots the eCDF of 𝚫𝒑 and 𝑹𝐦𝐚𝐱  from 
statistical sampling data generated from the original dataset and imputed dataset  
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Figure 16: Statistical sampling data for CRL C; The scatter plot maps show the statistical 

sampling data locations (lat/lon) and values (color bar) for 𝚫𝒑 and 𝑹𝐦𝐚𝐱  using the original 
dataset and imputed dataset. The bottom row plots the eCDF of 𝚫𝒑 and 𝑹𝐦𝐚𝐱  from 

statistical sampling data generated from the original dataset and imputed dataset  

 



 

39 

 

In the USACE’s CHS-PCHA framework (Nadal-Caraballo et al. 2020), copulas are used for 

constructing joint distribution models. A copula’s parameters are often estimated from measured 

correlation (Kendall's 𝜏) between storm atmospheric parameters. Here we compute the measured 

Kendall's 𝜏 between storm atmospheric parameters from the statistical sampling data generated 

from the original dataset and imputed dataset for the three CRLs. The calculated Kendall's 𝜏 are 

shown in . 

Table 5. Here, we focus on Kendall's 𝜏 between Δ𝑝 and 𝑅max  due to the impact of these 

parameters on surge generation. The 95% bootstrap confidence intervals (MathWorks 2022) are 

calculated and added for the Kendall's 𝜏 between Δ𝑝 and 𝑅max . It can be observed that, even 

when only using data within the time period of 1988~2020 (during which only a small part of Δ𝑝 

and 𝑅max  are imputed), the data imputation process results in a more negative correlation 

between Δ𝑝 and 𝑅max  than the original dataset (noting that the imputation model for 𝑅max  

includes 𝑝c  as an input parameter (predictor)). The enhanced negative correlation can likely be 

attributed to the lack of observational noise in data imputation. The data imputation process also 

reduces the width of the confidence interval of Kendall's 𝜏 between Δ𝑝 and 𝑅max . When using 

the imputed dataset for storm surge frequency analysis, a stronger negative correlation between 

Δ𝑝 and 𝑅max  may reduce the likelihood of large Δ𝑝 and 𝑅max  combinations. The potential 

tradeoffs between the larger sample size and increased correlation strength in coastal hazard 

analysis is an area for future work. 

Table 5: Comparison of Kendall’s 𝝉 of 𝚫𝒑 and 𝑹𝐦𝐚𝐱  computed from the original dataset 

and imputed dataset 

CRL A 
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𝝉 of 𝚫𝒑 𝚫𝒑 𝒗𝒇 𝑹𝐦𝐚𝐱  𝜽 

original dataset 
Δ𝑝 1.0 0.20 -0.038 -0.22 

imputed dataset 
Δ𝑝 1.0 0.19 -0.27 -0.20 

 
𝝉 of 𝑹𝐦𝐚𝐱  𝚫𝒑 𝒗𝒇 𝑹𝐦𝐚𝐱  𝜽 

original dataset 
𝑹𝐦𝐚𝐱  -0.038 [-0.23,0.18] -0.041 1.0 -0.070 

imputed dataset 
𝑹𝐦𝐚𝐱  -0.27 [-0.36,-0.19] 0.00045 1.0 0.042 

imputed dataset 

(1988~2020)1 

𝑹𝐦𝐚𝐱  -0.060 [-0.21,0.08] - - - 

 
     

CRL B 

 
𝝉 of 𝚫𝒑 𝚫𝒑 𝒗𝒇 𝑹𝐦𝐚𝐱  𝜽 

original dataset 
𝚫𝒑 1.0 0.066 -0.11 -0.25 

imputed dataset 
𝚫𝒑 1.0 0.10 -0.33 -0.20 

 
𝝉 of 𝑹𝐦𝐚𝐱  𝚫𝒑 𝒗𝒇 𝑹𝐦𝐚𝐱  𝜽 

original dataset 
𝑹𝐦𝐚𝐱  -0.11 [-0.23,0.04] 0.14 1.0 0.088 

imputed dataset 
𝑹𝐦𝐚𝐱  -0.33 [-0.39,-0.26] 0.12 1.0 0.19 

imputed dataset 

(1988~2020)1 

𝑹𝐦𝐚𝐱  -0.17 [-0.27,-0.05] - - - 
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CRL C 

 
𝝉 of 𝚫𝒑 𝚫𝒑 𝒗𝒇 𝑹𝐦𝐚𝐱  𝜽 

original dataset 
𝚫𝒑 1.0 0.093 -0.30 0.021 

imputed dataset 
𝚫𝒑 1.0 0.14 -0.39 0.073 

 
𝝉 of 𝑹𝐦𝐚𝐱  𝚫𝒑 𝒗𝒇 𝑹𝐦𝐚𝐱  𝜽 

original dataset 
𝑹𝐦𝐚𝐱  -0.30 [-0.43,-0.17] -0.051 1.0 0.064 

imputed dataset 
𝑹𝐦𝐚𝐱  -0.39 [-0.45,-0.30] -0.081 1.0 0.043 

imputed dataset 

(1988~2020)1 

𝑹𝐦𝐚𝐱  -0.31 [-0.41,-0.20] - - - 

1 In the original dataset, the Δ𝑝 and 𝑅max  are only available after 1988, while the imputed 

dataset extends this availability to 1938. To make a comparison for temporal consistency 

between the original dataset and the imputed dataset, Kendall's 𝜏 of Δ𝑝 and 𝑅max computed 

using imputed dataset data within 1988~2020 are also listed. 

2.5  Conclusion of Chapter 1 

In this study, a set of machine learning-derived data imputation models has been developed to 

impute the missing 𝑝c  and 𝑅max  in the North Atlantic tropical cyclone historical database, i.e., a 

combination of HURDAT2 and EBTRK databases. GPR and ANN models are investigated as 

candidate imputation models and compared against existing statistical relationships. The 
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observed performance of the GPR and ANN models demonstrates the capability and potential for 

using machine learning-derived methods to address data limitations. 

For 𝑝c  imputation, results indicated that 𝑉𝑤 is the most important parameter. Both GPR and ANN 

can achieve good model performance with 𝑅 greater than 0.9 when using lat, lon, 𝑉f, 𝑉w, storm 

heading (specifically sin 𝜃 and cos 𝜃) as model predictors. The performance of these machine 

learning-based 𝑝c  imputation models are also compared with the 𝑝c  model adapted from 

NACCS15. As expected, both GPR and ANN 𝑝c  imputation models have better model accuracy 

than the NACCS15-derived model. 

For 𝑅max  imputation, the model selection is more complicated. 𝑅max  is a highly idealized 

quantity intended to capture the radial extent of wind. Defining this quantity for historical storms 

requires modeling and judgment, leading to uncertainty in reported data, and researchers are still 

making efforts to understand and more accurately define 𝑅max . This context appears reflected by 

the relatively weaker performance of the 𝑅max  imputation models compared to 𝑝c  imputation 

models. For the 𝑅max  imputation parameterization, we leverage insights from the recent 𝑅max  

prediction model CK22 (Chavas and Knaff 2022) and use 𝑅34  as one parameter in the 𝑅max  

imputation baseline parameterization (i.e., using lat, lon, 𝑉f, 𝑝c , 𝑉w, 𝑅34 , sin 𝜃 and cos 𝜃 as model 

predictors). This results in the best overall performance when combined with a GPR model. 

However, given the fact that 𝑅34  data has a limited availability, we consider an alternate 𝑅max  

imputation parameterization (i.e., using lat, lon, 𝑉f, 𝑝c , 𝑉w, sin 𝜃 and cos 𝜃 as model predictors) 

for data points without 𝑅34 . It is found that the GPR models have the highest accuracy (i.e., the 

minimum ARMSE) among all tested models for imputing 𝑅max . Additionally, compared with 

using all storm data, the 𝑅max  imputation model accuracy is improved when developed using 
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storm data with high-intensity and only applied for high-intensity storms. This can be explained 

by the fact that tropical cyclones with different intensities are connected to different 

environmental conditions (Emanuel et al. 2004). We also assessed the 𝑅max  imputation models’ 

capability in predicting large 𝑅max  values (e.g., values greater than 250 km) that appear in the 

EBTRK database. While physical arguments may lead to the eventual treatment of large 𝑅max  

values, which treat them as outliers in a statistical aspect in some contexts and applications, we 

opted to keep the feature of original 𝑅max  data. It is found that for model parameterizations 

where 𝑅34  is not used, the GPR is challenged in predicting large 𝑅max  values though the 

performance was strong in other aspects. The ANN baseline without 𝑅34  parameterization model 

has a better capability for predicting large 𝑅max  values. Additionally, we compared the effect of 

different 𝑅max  imputation models on the correlation between Δ𝑝 and 𝑅max , which is a critical 

component of joint distribution analysis. The rank correlation coefficient Kendall’s 𝜏 was 

measured considering multiple candidate 𝑅max  models using a ten-year moving time window. It 

turns out that the GPR baseline 𝑅max  imputation model can best capture the value and trend of 

the observed Kendall’s τ quantifying the correlation between Δ𝑝 and 𝑅max . 

Finally, we assessed the effect of data imputation on statistical analysis using USACE’s CHS-

PCHA procedure. The data imputation process significantly increases the number of statistical 

sampling data of Δ𝑝 and 𝑅max , and therefore improves the robustness of fitted marginal 

distribution. However, the imputation process can also reduce the variability in the resulting 

distribution and may amplify the negative correlation between Δ𝑝 and 𝑅max , which might induce 

a potential underestimation of the frequency of severe storm surges. One alternative option is to 

use correlation estimated from recently observed data. The tradeoffs between the benefits of 
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increasing sample size and the statistical implications of using imputed data (with less 

variability) should be considered. Possible imputation model alternatives that can preserve 

expected variability and retain the observed correlation between storm parameters should be 

explored in the future. 
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Chapter 3:  Comparative Analysis of Joint Distribution Models for 

Tropical Cyclone Atmospheric Parameters in Probabilistic Coastal 

Hazard Analysis3 

3.1  Introduction 

A tropical cyclone (TC) is characterized by its atmospheric-forcing parameters, which can be 

used to construct synthetic storms comprised of wind and pressure fields, allowing for the 

prediction of coastal hazards such as storm surges and storm rainfall. These coastal hazards play 

significant roles in the mechanisms of coastal compound floods. Over the past few decades, the 

Joint Probability Method (JPM) has become the foundational tool for probabilistic 

characterizations of hurricane hazards, particularly those associated with storm surges (Myers 

1954; Ho and Myers 1975; Russell 1969; Myers 1970; IPET 2009). 

A key input to the JPM is the joint probability distribution of TC atmospheric-forcing 

parameters, which are typically represented by central pressure deficit (Δ𝑝), forward velocity, 

radius of maximum wind (𝑅max ), and landfall heading direction (𝜃). A range of joint distribution 

models of TC atmospheric parameters have been constructed and used for probabilistic coastal 

hazard studies. Specifically, previous studies have made assumptions regarding the relationship 

between parameters that range from independence to partial-dependence (i.e., assuming a subset 

 

3 This chapter was submitted to the journal Stochastic Environmental Research and Risk Assessment on June 20, 

2023 (Submission ID: 6175b70d-c951-4533-9740-ab95d525e8b5) and as of October 31, 2023, it is “Under 

Review.” 
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of parameters are dependent) to full dependence (i.e., all parameters are dependent) (e.g., FEMA 

2009; Nadal-Caraballo et al. 2015, 2022b). 

For the past decade, the United States Army Corps of Engineers (USACE) has been developing 

the Coastal Hazard System (CHS) (https://chs.erdc.dren.mil) and its Probabilistic Coastal Hazard 

Analysis (PCHA) framework in collaboration with other U.S. Federal agencies and academia 

(Nadal-Caraballo et al. 2020). The main goal of the CHS is the systematic quantification of 

coastal hazards caused by TCs and other storm events. The techniques used in the CHS for TCs 

build off and extend the previously established JPM, resulting in the development of the Joint 

Probability Method Aided by Metamodel Prediction (JPM-AMP). The CHS’ JPM-AMP 

encompasses climatological data imputation via metamodeling to resolve data discontinuities 

within historical TC records, metamodel prediction of hydrodynamic storm responses, 

implementation of multivariate meta-Gaussian copula (MGC) to estimate TC probabilities, and 

estimation of geospatial bias and associated uncertainties, among other advancements. The 

primary results of the CHS are expressed as hazard curves, which provide measures of storm 

response (e.g., peak storm surge elevation) on one axis and the corresponding annual exceedance 

frequency (AEF) on the other axis (Nadal-Caraballo et al. 2015; 2022a; b). 

In the CHS’ JPM-AMP, the MGC approach has been implemented to characterize the joint 

distribution of TC atmospheric parameters (Nadal-Caraballo et al. 2020, 2022a; b). Copulas have 

also been used in other coastal and ocean applications, such as modeling the dependence 

between coastal response quantities (e.g., storm surge and precipitation) (Sebastian et al. 2017), 

wave heights at multiple locations (Jane et al. 2016), and wave height and wave period and wave 

direction (Lin and Dong 2019). While existing research has explored a range of candidate 

copulas (e.g., elliptical copulas and Archimedean copulas), the MGC used in the CHS’ JPM-

https://chs.erdc.dren.mil/
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AMP has the advantage of being straightforward in capturing the full dependence between 

variables in the joint distribution. However, the linear correlation parameter used in the MGC 

may become unstable because the storm heading direction 𝜃 is a circular variable (e.g., angles of 

0 and 360 degrees have the same physical meaning but are not equivalent in linear space). 

Alternate copulas can explicitly account for both linear and circular variables (e.g., García-

Portugués et al. 2013; Johnson and Wehrly 1978) and have been used for applications in winds 

(García-Portugués et al. 2013; Wang et al. 2021) and waves (Lin and Dong 2019). However, 

circular-linear copulas are less straightforward to implement. To date, no research has explored 

the relative trade-offs of using the MGC and circular variable compatible copulas in the context 

of the joint distribution of TC atmospheric parameters.  

Considering the trade-offs between model stability and implementation practicality, this study 

aims to investigate and comparatively assess the performance of several candidate JPM 

assumptions for TC atmospheric parameters. JPM assumptions evaluated herein include 

parameter independence, partial dependence (i.e., only considering dependence between Δ𝑝 and 

𝑅max ), and full dependence copula models. The details of each tested assumption are described 

in Section 2.3.  

The performance of candidate models is assessed from several perspectives. We compare the 

surge hazard curves generated under multiple joint distribution models and quantify their 

differences at a series of case study locations around the region of New Orleans, LA. We take the 

MGC assumption as the base case. We also explore the sensitivity of estimated tail dependence 

to JPM assumptions. Given the practical advantages of the MGC, we investigate the sensitivity 

of the hazard curve developed using the MGC assumption to the shift of heading direction 𝜃’s 
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angular coordinate (i.e., the convention used to set the zero-degree direction) to understand the 

stability of the MGC assumption in the case study region. 

3.2  Method 

Figure 17 illustrates the procedure used to compare JPM assumptions as well as references to the 

sections of this paper where additional information is provided. This figure will be referenced in 

the subsections that follow. 

 

Figure 17: Procedure used to compare JPM assumptions 

3.2.1  Data Processing 

In the Data Processing step (Box [1] in Figure 17), historical data from multiple databases are 

combined and imputed to develop a matrix of TC atmospheric parameters for use in subsequent 

statistical analysis. Historical storm-related climatology records were collected from the National 

Oceanographic and Atmospheric Administration’s National Hurricane Center (NHC) HURDAT2 

(HURricane DATa 2nd generation) (Landsea and Franklin 2013; NOAA 2022c) for the years 
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1938 to 2020. Specifically, values of central pressure, wind speed, location (latitude/longitude), 

and date/time at discrete points along historical storm tracks are available in the database. 

Central pressure deficit is computed as the difference between recorded central pressure and an 

assumed peripheral pressure (taken as 1013 hPa in this study, consistent with recent studies (e.g., 

Nadal-Caraballo et al. 2022b). Spatial and temporal information is then used to compute storm 

heading (𝜃) and forward velocity (𝑉f). Heading and forward velocity values assigned to a track 

point 𝑖 are computed based on the angle and distance traveled from point [𝑖 − 1] to point [𝑖]. In 

addition, 𝑅max   data was collected from the extended best track (EBTRK) database (CIRA 2021; 

Demuth et al. 2006) because 𝑅max   values are not included in HURDAT2. The HURDAT2 and 

EBTRK data were temporally interpolated onto the same temporal grid. A data imputation 

process based on Gaussian process regression (GPR; also known as Kriging) models is applied to 

the combination of HURDAT2 and EBTRK datasets to “fill in” missing central pressure and 

𝑅max  values (Liu et al. 2023b; Nadal-Caraballo et al. 2022a; b). 

3.2.2  Marginal Distribution Analysis 

Developing joint distributions using any of the candidate models used in this study first requires 

the development of marginal distributions. In the Marginal Distribution Analysis step (Box [2] in 

Figure 17), marginal distributions for (Δ𝑝, 𝑉f, 𝑅max  and 𝜃) are estimated based on the sampling 

method developed and implemented by Nadal-Caraballo et al. (2015). Specifically, the Gaussian 

kernel function (GKF) distance-based weight method developed by Chouinard and Liu (1997) is 

used to compute the distance-weight adjusted values of Δ𝑝, 𝑅max , and 𝑉f. Weighted Δ𝑝 data is 

then used to estimate the parameters of a truncated Weibull distribution with maximum 
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likelihood estimation (MLE). Similarly, the probability models of 𝑉f and 𝑅max  are both 

represented by lognormal distributions with MLE. 

In this study, a modification to the CHS’ JPM-AMP (Nadal-Caraballo et al. 2020, 2022a; b) is 

investigated for building the marginal distribution of 𝜃. In JPM-AMP, the probability model of 𝜃 

is estimated by using scaled values of the directional storm recurrence rate (DSRR) to represent 

its evaluated marginal PDF. Specifically, the DSRR (𝜆𝜃) is derived from the directional intensity 

function in Chouinard and Liu (1997), which is expressed as: 

𝜆 𝜃 =
1

𝑇
∑ 𝑤(𝑑𝑖

)

𝑛

𝑖

𝑤(𝜃𝑖 − 𝜃) 
(3) 

In the above expression, 𝑇 is the record length (years), and the sum is taken over 𝑖 = 1, . . , 𝑛 

statistical sampling data points. 𝜃𝑖 is the heading direction of the storm track point associated 

with the statistical sampling data location 𝑖 (computed as the direction from point 𝑖 − 1 to point 

𝑖). 𝑤(𝑑𝑖) is the distance weight of 𝑖th statistical sampling data point calculated using a GKF. 

𝑤(𝜃𝑖 − 𝜃)  is also conventionally calculated using a GKF: 

𝑤(𝜃𝑖 − 𝜃) =
1

√2𝜋ℎ𝜃

𝑒𝑥𝑝 [−
1

2
(

𝜃𝑖 − 𝜃

ℎ𝜃

)
2

] 
(4) 

Where the kernel size ℎ𝜃 here is set to be 30° as recommended by FEMA (2012). The value of 

marginal PDF is then evaluated at 𝜃 as proportional to 𝜆𝜃 in Equation (3). A normalizing factor 

is set to make the integral of the PDF over the domain [-180,180] equal to 1. 

In this study, we use a von Mises kernel function (VKF) (Taylor 2008) to replace the GKF in 

Equation (4). The VKF is given by: 

𝑤(𝜃𝑖 − 𝜃) =
1

2𝜋𝐼0(𝜅) 
exp [𝜅 cos(𝜃𝑖 − 𝜃)]  (5) 
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The parameter 𝜅 can be regarded as analogous to the bandwidth parameter of the VKF and 𝐼0(𝜅) 

is the zeroth-order modified Bessel function of the first kind and is expressed as: 

𝐼0
(𝜅) =

1

2𝜋
∫ exp[𝜅 cos(𝜃) ] 𝑑𝜃

2𝜋

0

 (6) 

The VKF is derived from the von Mises distribution, which is also called the wrapped normal 

distribution. The VKF is proposed herein because it can be used to build a stable marginal 

distribution for a circular variable (Zar 1999). 

Three sets of marginal distribution are fitted for Δ𝑝, 𝑉f, 𝑅max  and 𝜃 for low intensity (LI), 

moderate intensity (MI), and high intensity (HI) TCs. The three intensity categories are classified 

based on Δ𝑝 as LI (28 hPa > Δ𝑝 ≥ 8 hPa), MI (48 hPa > Δ𝑝 ≥ 28 hPa), and HI (Δ𝑝 ≥

48 hPa). 

The probability model of the landfall location parameter 𝑥0 is treated as independent from Δ𝑝, 𝑉f, 

𝑅max  and 𝜃.  

3.2.3  Joint Distribution Analysis 

In the Joint Distribution Analysis step (Box [3] in Figure 17), a series of assumptions are 

considered to construct the joint distribution of TC atmospheric parameters Δ𝑝, 𝑉f, 𝑅max  and 𝜃. 

The assumptions reflect the range of approaches that have been used throughout the evolution of 

the JPM, leading to JPM-AMP. Candidate assumptions include: 

• Independence assumption: In this assumption, the joint PDF is taken as the product of 

the marginal PDFs. 
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• Partial-dependence assumption: In this assumption, there is dependence between Δ𝑝 

and 𝑅max , using the statistical model for 𝑅max|Δ𝑝 developed by Vickery and Wadhera 

(2008). 

• MGC assumption: In this assumption, there is full dependence among TC atmospheric 

parameters, and an MGC is used to construct the joint distribution model. 

• Linear-circular Gaussian vine (LCGV) assumption: In this assumption, there is full 

dependence among TC atmospheric parameters. A 2-tier canonical vine copula based on 

linear-circular copulas and MGCs is used to construct the joint distribution model. 

• Linear-circular Frank vine (LCFV) assumption: In this assumption, there is full 

dependence among TC atmospheric parameters. A 3-tier canonical vine copula based on 

linear-circular copulas and Frank copulas is used to construct the joint distribution model. 

Each of these assumptions is further described in the sections that follow. In the mathematical 

expressions that follow, notation is adopted such that capital letters (i.e., Δ𝑃, 𝑅max , 𝑉f , Θ) 

represent random variables and lowercase letters (i.e., 𝛿𝑝, 𝑟max ,𝑣f , 𝜃) represent realizations 

(values) of the random variable. 

3.2.3.1. Independence assumption 

Under the independence assumption, the joint PDF of the TC atmospheric parameters is 

calculated as the product of TC atmospheric parameters’ marginal PDFs as: 

𝑓(δ𝑝, 𝑣f , 𝑟max , 𝜃) = 𝑓Δ𝑃
(δ𝑝) ∗  𝑓𝑉f

(𝑣𝑓 ) ∗ 𝑓𝑅max
(𝑟max

) ∗ 𝑓Θ
(𝜃)  (7) 

Where 𝑓(□) is the PDF of corresponding variables. 

Partial-dependence assumption 
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For the partial-dependence assumption, the joint PDF of TC atmospheric parameters considering 

the dependence between Δ𝑝 and 𝑅max  is expressed as: 

𝑓(δ𝑝, 𝑣f , 𝑟max , 𝜃) = 𝑓𝑅max|ΔP
(𝑟max  |δ𝑝) ∗ 𝑓Δ𝑃

(δ𝑝) ∗ 𝑓𝑉f
(𝑣f

) ∗ 𝑓Θ
(𝜃)  (8) 

To define the conditional PDF 𝑓𝑅max|Δ𝑃 (𝑟max |δ𝑝), we leverage the work of Vickery and 

Wadhera (2008), which developed a statistical model for 𝑅max  using data for almost all 

hurricanes making landfall along the U.S. coastline between 1900 and 1985. General and region-

specific models are presented in their work. In this study, we leverage their regression model for 

the Gulf of Mexico. Equation 13 of Vickery and Wadhera (2008) is used to calculate 𝑟max . In 

this study, we assume 𝑓𝑅max|Δ𝑃(𝑟max |δ𝑝)  is a normal distribution PDF with standard deviation 

and mean value derived from Vickery and Wadhera (2008). 

3.2.3.2. MGC assumption 

A copula can be regarded as a function that couples multiple marginal distribution functions to 

create a multivariate distribution function. According to Sklar’s theorem (Sklar 1959), the joint 

cumulative distribution function (CDF) of multiple marginal distributions can be expressed as: 

𝐻(𝑥1, . . . , 𝑥n
) = 𝐶(𝐹1

(𝑥1
), . . . , 𝐹n (𝑥n)) (9) 

Where: 𝑥𝑖 , 𝑖 = 1, … , 𝑛 are realizations of random variables 𝑋𝑖. In this case, the 𝑥1,𝑥2,𝑥3 and 𝑥4  

represent the 𝑛 = 4 TC atmospheric parameters δ𝑝, 𝑣f, 𝑟max  and 𝜃, respectively. 𝐹𝑖(𝑥𝑖) is the 

CDF of 𝑋𝑖. 

For 𝑛 = 4, the joint PDF 𝑓(𝑥1,𝑥2,𝑥3, 𝑥4) can be calculated as: 

𝑓(𝑥1 ,𝑥2,𝑥3,𝑥4
) = 𝑐(𝐹1

(𝑥1
), 𝐹2

(𝑥2
), 𝐹3

(𝑥3
),𝐹4

(𝑥4
)) 𝑓1

(𝑥1
)𝑓2

(𝑥2
)𝑓3

(𝑥3
)𝑓4(𝑥4)  (10) 

where 𝑐(□) is the copula PDF and 𝑓𝑖(𝑥𝑖), 𝑖 = 1, … ,4 is the marginal PDF of 𝑋𝑖. 
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The Gaussian copula has been adopted in the JPM-AMP as part of USACE’s CHS-PCHA 

framework (Nadal-Caraballo et al. 2020). In general, a meta-Gaussian joint distribution 

(resulting from the use of a Gaussian copula) relaxes the multivariate Gaussian distribution 

requirement to have Gaussian marginals by allowing arbitrary marginals. Herein, we refer to a 

multivariate Gaussian copula derived from a meta-Gaussian joint distribution as MGC (Zhang 

and Singh 2019). In the MGC assumption, four-dimensional MGCs are used to characterize the 

full dependence among TC atmospheric parameters. 

The MGC CDF is expressed as: 

𝐶(𝐹1
(𝑥1

), … , 𝐹4
(𝑥4

)) = ΦR (Φ−1(𝐹1 (𝑥1)), Φ−1(𝐹2 (𝑥2)), Φ−1(𝐹3 (𝑥3)), Φ−1(𝐹4(𝑥4)))  (11) 

Where: Φ−1(□) is the inverse standard normal (marginal) CDF and ΦR
−1(□) is the joint normal 

multivariate CDF with correlation matrix 𝑅. The MGC uses a matrix of Pearson’s 𝜌 as a 

parameter. In this study, Pearson’s 𝜌 values were computed from estimated Kendall’s 𝜏 (i.e., 𝜏 

values estimated from the distance-adjusted imputed data series) using the relationship 𝜌 =

sin 
𝜏𝜋

2
 (Fang et al. 2002). 

The MGC assumption has the advantage of being straightforward in constructing a high-

dimensional joint distribution model. However, its correlation parameter 𝑅 matrix is calculated 

using Pearson’s 𝜌, which is a linear correlation coefficient. Because Θ is a circular variable, 

Pearson’s 𝜌 can differ with a change of the zero-degree direction/convention defined for 𝜃. In 

addition, the Gaussian copula is known to have potential limitations for modeling dependence in 

the tails of distributions (Donnelly and Embrechts 2010). 
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3.2.3.3. Linear-circular and Gaussian vine copula assumption 

Because Θ is a circular variable, there is no “true zero point,” and its designation of high and low 

values is arbitrary (Zar 1999). Pearson’s 𝜌, which is used to capture dependence in the MGC 

assumption, is unstable when estimating correlation related to Θ; that is, the correlation between 

Θ and other TC atmospheric parameters will change when the zero-degree convention for Θ 

changes.To address this issue, a linear-circular copula (García-Portugués et al. 2013; Johnson 

and Wehrly 1978; Lin and Dong 2019; Wang et al. 2021) is applied herein.  

Two candidate linear-circular copulas are considered:  (1) the linear-circular copula introduced 

by Johnson and Wehrly (1978) (JW linear-circular copula) and (2) the quadratic section (QS) 

linear-circular copula (García-Portugués et al. 2013; Nelsen 2007; Wang et al. 2021). The 

likelihood values of these two copulas are calculated (see  Appendix B.1), and it is found that the 

JW linear-circular copula exhibits a higher likelihood value than the QS linear-circular copula 

and is thus selected for hazard curve construction in this study.  

The challenge of implementing this linear-circular copula is that, unlike the MGC, this linear-

circular copula can only be used to depict the dependence between two variables (i.e., to define a 

pair copula). Vine theory (Bedford and Cooke 2002; Nelsen 2007) provides a method that can be 

used to combine multiple pair copulas into a multiple-variable joint probability model for more 

than two variables. In vine theory, it is assumed that the conditional dependence between 

variables can be characterized using a copula with fixed parameters regardless of the variance of 

a given conditional variable. In the rest of this section and Section 2.3.5, two vine copula models 

(i.e., an LCGV and an LCFV) are constructed. 

Leveraging the advantages of the MGC assumption, an MGC can be combined with linear-

circular copulas to construct a joint distribution model that contains circular variables. In this 
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study, an LCGV, which is a 2-tier canonical vine (Jaworski et al. 2010), was built to develop the 

joint distribution for TC atmospheric parameters. A vine copula can usually be represented with 

a tree graph. The tree graph of this 2-tier canonical vine is presented in Figure 18, where the gray 

ovals represent the random variables (Tier 1) or conditional copulas (Tier 2) used to estimate the 

parameters of the copulas in the tier, while the red boxes represent the fitted copulas. In Tier 1, 

three joint linear-circular copulas (𝐶14, 𝐶24, 𝐶34 ) are used to depict the dependence between Θ (Θ 

is represented by 𝑋4 in Tier 1 of Figure 18) and the other three TC atmospheric parameters Δ𝑃, 

𝑉f and 𝑅max  (represented by 𝑋1, 𝑋2 and 𝑋3, respectively). Next, the joint linear-circular copulas 

(𝐶12, 𝐶24 , 𝐶34) are used to calculate the conditional copula values (𝐶1|4 ,𝐶2|4, 𝐶3|4) at data points 

(see Equation A-6) as shown in the middle box of Figure 18.   In Tier 2, a three-dimensional 

MGC  (the red box labeled 𝐶123|4 ) is used to depict the dependence among the three linear-

circular copulas (gray ovals). The expressions for deriving the joint PDF using this two-tier vine 

copula are provided in Appendix B.2. 

 

Figure 18: Tree graph of the 2-tier canonical vine. In Tier 1, the gray ovals represent the 

random variables used to estimate the parameters of copulas, while the red boxes 
represent the fitted copulas. In Tier 2, the gray ovals represent the conditional copulas 

(estimated from Tier 1 copulas), while the red box represents the fitted copula 

Based on the derivation in Appendix B.2, we can calculate the joint PDF as: 
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𝑓1234
(𝑥1,𝑥2,𝑥3 ,𝑥4

) = 𝑐123|4 (𝐹1|4
(𝑥1

|𝑥4 ), 𝐹2|4
(𝑥2

|𝑥4 ), 𝐹3|4
(𝑥3

|𝑥4
)) 

∗ 𝑐14 (𝐹1
(𝑥1

),𝐹4
(𝑥4

)) 𝑐24 (𝐹2
(𝑥2

),𝐹4
(𝑥4

)) 𝑐34 (𝐹3
(𝑥3

), 𝐹4
(𝑥4

)) 

∗ 𝑓1
(𝑥1

)𝑓2
(𝑥2

)𝑓3
(𝑥3

)𝑓4
(𝑥4

) 

(12) 

3.2.3.4. Linear-circular and Frank vine copula assumption 

The LCGV introduced above allows for the inclusion of the circular variable but inherits the 

MGC assumption, which is based on Gaussian copulas. The Gaussian copula has a potential 

drawback in terms of the ability to model tail dependence (Donnelly and Embrechts 2010), 

which might lead to the underestimation of the probability of an extreme event. 

The Frank copula is selected as an alternative choice to replace the MGC in the vine copula 

model. The Frank copula is selected here because it belongs to the Archimedean copula family, 

which is the most commonly implemented copula family in coastal and ocean engineering (Joe, 

1997; Lin and Dong, 2019; Nelsen, 2007). Moreover, the Frank copula has flexibility in 

modeling both positive dependence and negative dependence (i.e., the Frank copula accepts a 

wide range of Kendall’s 𝜏 values, which is not possible with all copulas in the Archimedean 

copula family). 

The CDF of the Frank copula is presented here for convenience: 

𝐶(𝐹𝑖 (𝑥 𝑖),𝐹𝑗 (𝑥𝑗)) = −
1

𝛼
ln [1 +

(𝑒−𝛼𝐹𝑖 (𝑥𝑖) − 1)(𝑒 −𝛼𝐹𝑗(𝑥𝑗 ) − 1)

(𝑒 −𝛼 − 1)
] , 𝛼 ≠ 0 (13) 

Where: 𝐹𝑖(𝑥𝑖) and 𝐹𝑗(𝑥𝑗) are the marginal CDFs of random variables 𝑥𝑖 and 𝑥𝑗, respectively, and 

𝛼 is the dependence parameter. 𝛼 has a relationship with Kendall’s 𝜏 as described by: 

𝜏 = 1 +
4

𝛼
[
1

𝛼
∫

𝑡

𝑒𝑡 − 1
𝑑𝑡 − 1

𝛼

0

] (14) 

An LCFV, which is a 3-tier canonical vine based on a Frank copula, is used to build the joint 

distribution model of TC atmospheric parameters. The graphical model of this LCFV is 
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presented in Figure 19. In Tier 1, a linear-circular copula is used to depict the dependence 

between 𝜃 (𝜃 is represented by 𝑋4 in Tier 1) and the other three TC atmospheric parameters Δ𝑝, 

𝑉f and 𝑅max  (corresponding to 𝑋1,𝑋2 and 𝑋3) similar to the Tier 1 in LCGV (see Figure 18). In 

Tier 2, two Frank copulas are used to capture the dependence among the three linear-circular 

copulas fitted in Tier 1. In Tier 3, a Frank copula is used to capture the dependence between the 

two Frank copulas fitted in Tier 2. 

 

Figure 19: Tree graph of the 3-tier canonical vine. The gray ovals represent the random 
variables used to estimate the parameters of copulas, while the red boxes represent the 

fitted copulas  

The joint PDF 𝑓1234 (𝑥1,𝑥2, 𝑥3,𝑥4) can be expressed as: 

𝑓1234
(𝑥1,𝑥2,𝑥3 ,𝑥4

) = 𝑓1|234
(𝑥1

|𝑥2 ,𝑥3,𝑥4 )𝑓3|24
(𝑥3

|𝑥2,𝑥4 )𝑓2|4
(𝑥2

|𝑥4
)𝑓4 (𝑥4) (15) 

where 𝑓1|234 (𝑥1|𝑥2, 𝑥3,𝑥4) is the conditional PDF of 𝑋1 given 𝑋2, 𝑋3 and 𝑋4; 𝑓3|24 (𝑥3|𝑥2, 𝑥4 ) is 

the conditional PDF of 𝑋3 given 𝑋2 and 𝑋4. 

Using Skalar’s theorem, the joint PDF under LCFV assumption can be calculated as: 

𝑓1234
(𝑥1,𝑥2,𝑥3 ,𝑥4

) = 𝑐13|24(𝐹1|24 ,𝐹3 |24)  𝑐12|4 (𝐹1|4, 𝐹2|4)𝑐23|4(𝐹2|4, 𝐹3|4) 

∗ 𝑐14
(𝐹1 , 𝐹4

) 𝑐24 (𝐹2 , 𝐹4
)𝑐34 (𝐹3 , 𝐹4

) 

∗ 𝑓1
(𝑥1

)𝑓2
(𝑥2

)𝑓3
(𝑥3

)𝑓4(𝑥4) 

(16) 

3.2.3.5. Hazard curve construction 

In the Hazard Curve Analysis step (Box [4] in Figure 17), hazard curves are constructed using 

the five JPM assumptions outlined above, and comparisons are made among the resulting hazard 

curves. As a supplemental analysis, the hazard curve construction using the MGC assumption is 
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repeated with different conventions for setting the “zero-degree direction.” The sensitivity of 

constructed hazard curves to different zero-degree conventions is then assessed. 

In this study, the quantification of hazard curves follows the general approach outlined in Nadal-

Caraballo et al. (2022b). The joint PDF values of discretized TC atmospheric parameters 

combination are calculated using Equations (7), (8), (10), (12), and (16) for different joint 

distribution models considered in this study. Joint PDF values corresponding to each discretized 

parameter combination are then normalized and assigned as the corresponding probability mass. 

The JPM integral (in discretized form) is processed to compute AEF, and results are presented as 

estimated hazard curves. A confidence interval is later added to account for random error 

(uncertainty) by assuming it follows a Gaussian distribution, with its mean equal to zero and 

standard deviation accounting for both absolute and relative uncertainties (Nadal-Caraballo et al. 

2022b).  

3.3  Case Study 

The method described in Section 2 was applied to a case study in the New Orleans region. 

Historical storm datasets HURDAT2 and EBTRK are processed following the procedure 

described in Section 2.1. The marginal distribution analysis is processed following the procedure 

described in Section 2.2 and centered on a coastal reference location (CRL) near the City of New 

Orleans (latitude 29.576 and longitude -89.538). It considers data within 600 km of the CRL, as 

shown by the black circle in Figure 20 (a). Figure 20 (a) also shows the statistical sampling 

locations (red circles) used for statistical analysis. The results of the marginal distribution 

analysis are presented in Appendix C. Sixteen reference storm landfall locations as presented in 

Figure 20 (c) are used in the case study and assumed equally-likelihood.  
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The storm surge hazard curve is highly location-dependent because it depends on the physical 

processes governing surge amplification and attenuation. To cover the location variability in the 

study region, a set of representative study nodes were selected for the hazard curve sensitivity 

analysis. Figure 20b shows the location of selected study nodes. All of these selected nodes are 

permanently inundated. In this study, NAVD88 2009.65 is used as the datum of all elevation 

values. The labels and elevations of study nodes are: 

• Node 1: A river node at Plaquemine [30.31, -91.21], elevation: 1.67m. 

• Node 2: A lake node at New Canal Station [30.03, -90.11], elevation: -3.49m. 

• Node 3: A river node near the Center of New Orleans City [29.93, -90.14], elevation: -

19.75m. 

• Node 4: A coastal node at Grand Isle [29.25, -89.95], elevation: -3.30m. 

This case study uses a GPR metamodel developed in the USACE’s CHS-LA study (Nadal-

Caraballo et al. 2022b) as a storm surge prediction model. GPR-based storm surge prediction 

models have been well studied in a series of studies (Jia et al. 2016; Jia and Taflanidis 2013; 

Taflanidis et al. 2014; Zhang et al. 2018). In the GPR metamodel used in this study, Δ𝑃, 𝑉f , 

𝑅max ,Θ and 𝑋0 are treated as input (predictors), and peak surge elevation at 1.2 million nodes 

around the case study region are treated as output (target). The training data includes 645 

synthetic storms and peaks surge response for 1.2 million nodes generated by the ADCIRC 

model and planetary boundary layer model. Principal component analysis was applied in this 

GPR metamodel to reduce overall dimensionality. Given the purpose of this study, the 

probability models used for TC parameters differ from those used in the CHS-LA study (Nadal-

Caraballo et al. 2022b), and model refinements and judgements applied in the CHS-LA study are 

not applied here.   
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         (a) 
 

            (b) 

 

      (c) 

Figure 20: (a) Center of statistical analysis of study region (i.e., the CRL), locations of sample 
data, and capture zone (the black circle) for the case study; (b) Study node locations; (c) 

Storm landfall locations (red circles show study nodes) 

3.4  Results 

For the case study region, joint distribution models are built based on the JPM assumptions 

introduced in Section 2.3. In Section 3.4.1 , we explore the sensitivity of the marginal PDF of Θ 

and the correlation coefficient between Θ and the other TC atmospheric parameters (i.e., Δ𝑃, 
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𝑅max , 𝑉f) to the zero-degree convention used to define Θ. Then, in Section 3.4.2 , we graphically 

explore the pair-wise joint PDFs for TC atmospheric parameters and quantify tail dependence 

between Δ𝑃 and 𝑅max  under different joint distribution models. The sensitivity of storm surge 

hazard curves in the case study region to different joint distribution models is described in 

Section 3.4.3 . 

3.4.1  Sensitivity of statistical analysis to the 𝚯 zero-degree convention 

In this case study, the evaluated marginal PDF value of Θ is represented by the scaled VKF 

DSRR as described in Section 2.2. The VKF’s bandwidth parameter 𝜅 is subjectively selected to 

make the overall “shape” of the marginal PDF close to the marginal obtained with the GKF 

DSRR. To visualize the advantage of using the VKF, we test the sensitivity of the marginal 

distribution of Θ to the zero-degree convention. Figure 21 plots Θ’s marginal PDFs fitted using 

the GKF DSRR and VKF DSRR with differing zero-degree conventions for LI, MI, and HI TCs. 

As can be seen, the VKF produces results that are invariant to the zero-degree convention and 

thus cannot be distinguished in the small inset plots in Figure 21. It is worth noting that the 

similarity between the invariant VKF results and the “North-centered” zero-degree convention 

for the GKF in Figure 21 is, in part, an artifact of the geographic configuration of the case study 

region. In the case study region, landfalling storms tend to head in a northerly direction. For 

example, different results may be found along the Atlantic coast, where landfalling storms tend 

to head in a more westerly direction. 
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Figure 21: Marginal PDF for 𝚯, fitted using GKF DSRR (large plots) and VKF DSRR (inset small 

plots) considering different zero-degree conventions 

In addition to the effects from the marginal distributions, the joint distribution built using the 

MGC assumption could also be affected by other instabilities related to the circular variable Θ. 

As described in Section 2.3.3, the correlation matrix 𝑅 of the MGC assumption is derived from 

the estimated rank correlation Kendall’s 𝜏 and is used to characterize the dependence among TC 
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atmospheric parameters. However, the heading direction Θ is a circular variable, and its rank 

correlation will change depending on the selection of the zero-degree direction in the angular 

coordinate. Conventionally, North is assigned as the zero-degree direction, and Θ is measured 

from -180 degrees to 180 degrees (where positive angles are associated with the clockwise 

direction). A “conventional” selection of zero-degree direction might lead to the underestimation 

of the dependencies between the Θ and other variables. 

To visualize how a shifted angular coordinate can affect the estimated dependence between Θ 

and other parameters, Figure 22 shows scatter plots that depict the difference between the data 

measured in a conventional angular coordinate (using North as the zero-degree direction) and 

data measured using a shifted angular coordinate (using Southwest, i.e., -135° relative to due 

North, as the zero-degree direction). Results are shown for the LI category, which is associated 

with the largest sample size. 

 
𝟎° = North 𝟎° = Southwest 

 

 

𝚫𝑷  
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𝑽𝐟  

    

 

 

𝑹𝐦𝐚𝐱  

    

 
(a)  (b)  

Figure 22: Scatterplots of 𝜽 and other TC parameters using two options for zero-degree 
conventions with LI data in polar and cartesian coordinates. (a) Scatterplot using North as 

the zero-degree direction; (b) Scatterplot using Southwest as the zero-degree direction. In 
polar coordinates, the 𝒓 axis represents the magnitude of linear variable data, and the angle 

represents 𝜽 

It can be observed from Figure 22 that the shifted zero-degree direction did not change the 

“shape” of data distribution (it only rotates data distribution, as seen in the polar coordinate 

plots) but significantly affects the visual correlation between Θ and the other three linear variable 

parameters (as seen in the cartesian plots). 

Figure 23 presents the variations of estimated Kendall’s 𝜏 (a linear correlation coefficient) 

between Θ and the three linear TC atmospheric parameters (Δ𝑃, 𝑉f and 𝑅max ) when shifting the 
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zero-degree direction in Θ’s angular coordinate. Results are shown for Kendall’s 𝜏 when the 

angle is measured in [-180,180] and [0,360]. For comparison, a linear-circular correlation 

coefficient (Zar 1999) was also plotted, which is calculated as: 

 

𝜌cl = √
𝑟𝑐𝑥

2 + 𝑟𝑠𝑥
2 − 2𝑟𝑐𝑥 𝑟𝑠𝑥 𝑟𝑐𝑠

1 − 𝑟𝑐𝑠
2

 
(17) 

where 𝑟𝑠𝑥  is the Pearson’s 𝜌 between sin 𝜃 and 𝑥; 𝑟𝑐𝑥 is the Pearson’s 𝜌 between sin 𝜃 and 𝑥; 𝑟𝑐𝑠 

is the Pearson’s 𝜌 between sin 𝜃 and cos 𝜃; 𝑥 is a linear variable (Δ𝑃, 𝑉f and 𝑅max ). 
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Figure 23: Variations of estimated Kendall’s 𝝉 between 𝚯 and the three linear TC 

atmospheric parameters. The zero-degree direction (with 𝟎° indicating due North) is shown 
on the x-axis, and the correlation coefficients are on the y-axis 
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It can be observed from Figure 23 that Kendall’s 𝜏 is highly variant with the shift of the zero-

degree direction. Moreover, Kendall’s 𝜏 is often lower than the invariant linear-circular 

correlation coefficient 𝜌cl. The change of Θ’s scale range (i.e., [-180,180] vs. [0,360]) does not 

affect the above property of variance. Using [0,360] as Θ’s scale range is just equivalent to using 

-180 as the zero-degree direction in the [-180,180] case. There are some “flat” parts in Kendall’s 

𝜏 curves, this is induced by the scarcity of data. 

3.4.2  Dependence analysis 

In this section, the characterized full dependence in the MGC, LCGV, and LCFV assumptions 

are investigated. These full-dependence joint distribution models are visually presented by 

plotting their pair-wise joint PDF. The pair-wise joint PDF of two variables shown in the 

graphics is generated by numerically integrating the four-variable joint PDF over the other two 

variables that are not shown. In Figure 24 through Figure 26, the pair-wise joint PDFs are shown 

for the HI TC category (here, HI was chosen to present because HI TCs are most relevant to 

severe surge events). Results are shown for the MGC model, LCGV model, and LCFV model in 

Figures 8, 9, and 10, respectively. The off-diagonals are the plan view of the pair-wise joint 

PDFs; the diagonals are the marginal PDFs. 
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Figure 24: MGC model pair-wise joint PDF for HI TC category 
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Figure 25: LCGV model pair-wise joint PDF for HI TC category 
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Figure 26: LCFV model pair-wise joint PDF for HI TC category 

It can be observed that the MGC, LCGV, and LCFV models generated notably different pair-

wise joint PDF surface plots. However, there is almost no difference for the pair-wise joint PDF 

related to Θ between Figure 25 and Figure 26 (i.e., the bottom row and the rightmost column in 

both figures) because, in both vine copula models, their dependence between Θ and other 

parameters are characterized by the same set of linear-circular copulas, the minimum difference 

can be explained by numerical errors in integration. The estimated copula parameters are 

presented in Appendix B.3. 
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While the pair-wise joint PDF surfaces can be used to visualize the differences among the 

candidate full dependence models, quantitative metrics can provide further insights. Tail 

dependence is a concept that can be used to describe how large (or small) values of one random 

variable couple with large (or small) values of another random variable in a joint distribution 

model (Nelsen 2007). In surge generation, the mechanics indicate that large surge heights are 

likely to occur with combinations of large Δ𝑃 and 𝑅max . This means the tail dependence between 

large ΔP and large 𝑅max  is strongly relevant to the frequency of severe surge events. To quantify 

the difference of the tail dependence between large Δ𝑃 and large 𝑅max  in full dependence 

models, a tail dependence estimator 𝜆𝑡 is defined here as the conditional probability of a large 

𝑅max  value given a large Δ𝑃 value, and is expressed by: 

𝜆 𝑡 = 𝑃(𝑅max ≥ 𝑟max
+ | Δ𝑃 ≥ δ𝑝+ ) (18) 

Where 𝑟max
+  represents a large 𝑅max  value and δ𝑝+ represents a large Δ𝑃 value. 

In this study, we used tens of thousands of discretized TC atmospheric parameters combinations 

to numerically estimate 𝜆𝑡 (denoted as 𝜆̂𝑡) for a series of combinations of large values of Δ𝑃 and 

𝑅max  in the MGC, LCGV, and LCFV models. The 𝜆̂𝑡 is thus calculated as: 

𝜆 𝑡  =
∑ ∑ ∑ ∑ 𝑝(δ𝑝𝑖 , 𝑣f𝑖

, 𝑟max 𝑖
, 𝜃𝑖  )𝜃𝑖𝑣f𝑖𝑟max𝑖≥𝑟max

+δ𝑝𝑖≥δ𝑝+

∑ ∑ ∑ ∑ 𝑝(𝛿𝑝𝑖 , 𝑣f𝑖
, 𝑟max 𝑖

, 𝜃𝑖  )𝜃𝑖𝑣f𝑖𝑟max𝑖δ𝑝𝑖 ≥𝛿𝑝+

 
(19) 

Where δ𝑝𝑖 ,𝑣f𝑖
, 𝑟max𝑖

, 𝜃𝑖  are the TC atmospheric parameter in the 𝑖 th combination. The 

calculated 𝜆̂𝑡 values are listed in Table 6. 

Table 6: Calculated tail dependence estimator in the MGC, LCGV, and LCFV models 

   δ𝑝+ = 132 .21 hPa 𝛿𝑝+ = 137.47 hPa δ𝑝+ = 142.74 hPa 
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𝑟max
+ = 151.58 km 𝑟max

+ = 161.05 km 𝑟max
+ = 170 .53 km 

MGC 𝜆 𝑡 =8.0e-6 𝜆 𝑡 =2.2e-6 𝜆 𝑡 =5.3e-7 

LCGV 𝜆 𝑡 =1.4e-4 𝜆 𝑡 =4.9e-5 𝜆 𝑡 =1.4e-5 

LCFV 𝜆 𝑡 =2.1e-3 𝜆 𝑡 =1.2e-3 𝜆 𝑡 =6.2e-4 

Table 6 shows that the MGC model always has a lower tail dependence between large Δ𝑃 and 

large 𝑅max  than vine models (LCGV and LCFV). Thus, the conditional probability of large 𝑅max  

values given large Δ𝑃 values is smaller for the MGC. The LCFV model always has a higher tail 

dependence between large Δ𝑃 and large 𝑅max  than the LCGV model. It is challenging to 

ascertain a "truth" regarding tail dependence from limited historical observations. Higher values 

of tail dependence between large Δ𝑃 and large 𝑅max  can be "conservative" because they assign a 

higher probability to combinations involving concurrently high values of Δ𝑃 and 𝑅max , which 

will induce higher frequency of high storm surges at locations where high storm surges are 

connected with combinations of large Δ𝑃 and large 𝑅max . However, this effect might not be 

notable to the hazard curve if combinations of high values Δ𝑃 and 𝑅max  are associated with 

relatively low probability regardless of the dependence between them. 

3.4.3  Hazard curves sensitivity assessment 

To compare storm surge hazard curves, the estimated surge curves are plotted in Figure 27. 

Confidence intervals are also shown for the surge curve generated using the MGC with zero-

degree convention set as due North. In some regions, alternate strategies may be used to define 

the zero-degree convention for heading (e.g., through strategic selection of the zero-degree 

convention to correspond to the mean heading relative to due North), which may help to mitigate 
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the effect of the circular variable. However, in this region, the mean of the heading distribution 

relative to due north is approximately zero, so this strategy was not explored herein.  The 

confidence intervals are computed by assuming the uncertainty follows a Gaussian distribution 

with zero mean and standard deviation equal to an uncertainty term combining both absolute and 

relative uncertainties (Nadal-Caraballo et al. 2022b). 

Figure 27 plots the surge curves generated using the five JPM assumptions for the four study 

nodes. Note that the plot range of 𝜂 for each node is different. 
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Figure 27: Comparison of storm surge hazard curves using the five JPM assumptions for the 

four study nodes (shaded area shows the 90% confidence interval of MGC) 

To quantify the surge curves’ sensitivity to JPM assumptions, Table 7 lists the 10-3 AEF surge 

elevation estimated (with a 90% confidence interval) across the JPM assumptions for the four 

study nodes. All confidence intervals are computed using the combined uncertainty term (Nadal-

Caraballo et al. 2022b). 

Table 7: Estimated 10-3 AEF surge elevation 

JPM assumption 
Independence  Partial -

dependence  

MGC LCGV LCFV 

Node 1 8.9±0.8 m 11.4±0.8 m 9.2±0.8 m 8.8±0.8 m 

 

8.5±0.8 m 

Node 2 4.9±0.7 m 

 

6.0±0.7 m 

 

3.9±0.7 m 

 

4.2±0.7 m 

 

4.1±0.7 m 

 

Node 3 6.7±0.8 m 

 

7.5±0.8 m 

 

6.2±0.7 m 

 

6.1±0.7 m 

 

6.0±0.7 m 

 

Node 4 3.8±0.7 m 

 

3.9±0.7 m 

 

3.7±0.7 m 

 

3.6±0.7 m 

 

3.5±0.7 m 

 

From the above sensitivity analysis visualization and quantification, we observe that those surge 

curves (and 10-3 AEF storm surge elevations) generated from full dependence joint probability 

models (i.e., MGC, LCGV, and LCFV) can be notably different from those generated with the 

independence and partial-dependence joint probability models (for Node 1~3). Among those full 

dependence models, differences are generally less notable and vary by location.  

While we know that the linear-circular copula-based vine copulas (LCGV and LCFV) are able to 

model the linear-circular dependence between Θ and other TC atmospheric parameters, they are 

more challenging to implement compared to the MGC assumption. Therefore, we investigate the 

sensitivity of the surge curve generated from the MGC assumption to the zero-degree 

convention.  
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Figure 28 plots MGC surge curves with different zero-degree conventions. For visualization, 

only three zero-degree conventions are included in the plots. It can be observed that the surge 

curves generated with MGC vary with the change of zero-degree convention. This sensitivity can 

be caused by the use of linear correlation coefficients in the MGC as described in Section 4.1. 

 

To visualize the advantage of stability in linear-circular copula-based vine copulas, two cases 

that can show this advantage (Node 1 MI conditional surge curve and Node 2 MI conditional 

surge curve) are plotted in Figure 29. The conditional surge curve refers to the curve with the 

conditional probability of exceedance (i.e., probability of exceedance given the occurrence of a 

TC) on the x-axis and the associated surge height on the y-axis. The conditional probability of 

exceedance curve does not include the storm recurrence rate. The left panel of Figure 29 shows 

how the surge curve generated using the MGC varies when the zero-degree convention for Θ is 

changed. The impact on the 10-2 conditional probability of exceedance surge value is 

 

    

Figure 28: Surge curve with multiple zero-degree conventions using MGC assumption 
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approximately 0.4 m for Node 1 MI and 0.2 m for Node 2 MI. Under LCGV and LCFV (shown 

in the center and right panels of Figure 29, respectively), the shown surge curves have better 

stability with the varying of zero-degree convention. In other cases (not shown), either the 

instability of surge curves under the MGC is trivial, or the LCGV and LCFV are notably 

unstable because of the sensitivity of the procedure used to fit the linear-circular copula to the 

limited available statistical sampling data. 
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MGC LCGV LCFV 

   

Figure 29: Comparison of storm surge hazard curve’s sensitivity to different zero-degree 
conventions between MGC assumption (left panel) and vine copula assumptions (right and 

center panel). The 𝒙 axis is the conditional exceedance probability for MI TC 

From the above sensitivity visualization plots, we observed that the surge curves generated from 

the MGC assumption might be affected by the selection of the zero-degree convention. 

Implementing Linear-circular copula-based vine copula models can mitigate the instability issues 

caused by circular variables in MGC assumption in some cases. However, it may result in 

increased instability due to the sensitivity of the linear-circular vine copula procedure to limited 

amounts of sampling data.  

3.5  Conclusion of Chapter 3 

In this paper, a series of joint distribution models for TC atmospheric parameters were 

constructed with different JPM assumptions. It is found that full dependence models generate 

notably different hazard curves relative to independence and partial-dependence assumptions. 

Full dependence models considered in this study include the MGC model, LCGV model, and 

LCFV model. The MGC has the advantage of ease of implementation. However, it cannot 
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accommodate circular variables such as storm heading (Θ). It is observed that the estimated 

linear dependence between the circular Θ and other (linear) TC atmospheric parameters varies 

with the shift of zero-degree convention. The constructed hazard curves also showed sensitivity 

to the shift of zero-degree convention in some cases. 

The linear-circular vine copulas discussed in this paper can be implemented to capture the full 

dependence among TC atmospheric parameters and mitigate the potential hazard curve 

instability induced by the circular variable when using the MGC. The MGC assumption’s 

sensitivity to the shift of zero-degree convention was investigated and compared against vine 

models that include linear-circular copulas. This paper assessed the use of a VKF (in lieu of the 

GKF) for characterizing the marginal distribution of Θ, which offers stability to the marginal 

distribution of Θ regardless of the selection of zero-degree convention. 

It is also found that the MGC might result in a lower tail dependence between large Δ𝑃 and large 

𝑅max  (compared to LCGV and LCFV), which may induce a lower estimation of the AEF of 

extremely severe hazards at locations where high storm surges are connected with a combination 

of large Δ𝑃 and large 𝑅max . However, this difference might not have a substantial effect on the 

hazard curves if the likelihood of high values Δ𝑃 and large 𝑅max  remains relatively small, 

regardless of the strength of dependence. 

In the case study presented in this paper, the result of the investigation of the MGC assumption’s 

sensitivity to the shift of zero-degree convention shows that its instability issue related to circular 

variables is moderate. However, this does not imply that the MGC assumption has robust 

performance in all cases. TC’s heading direction in the New Orleans region, which is located on 

the southern U.S. coast on the Gulf of Mexico, has a distribution concentrated around the North 
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direction. This fact might mitigate the instability issue in MGC. Additional research is needed to 

assess the robustness of hazard curves to this convention in other regions. 
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Chapter 4:  A Deaggregation Method of Coastal Hazard Combinations 

Based on Bayesian Network 

4.1  Introduction 

Over the past few decades, the joint probability method (JPM) has been implemented for coastal 

hazard frequency analysis, particularly focusing on storm surge hazards. In the JPM, the joint 

distribution models of storm parameters are constructed, and the joint probability of storm 

parameters combinations are computed and assigned to their associated storm surge values 

(Nadal-Caraballo et al. 2015, 2020; Toro 2008; Toro et al. 2010). A numerical integration 

method is then typically applied to construct a hazard curve. Constructing a surge hazard curve 

that captures the possible breadth of tropical cyclone (TC) storm parameter combinations and 

their associated surge values requires running many synthetic storms in high-fidelity 

hydrodynamic numerical models. These simulations can be highly computationally expensive. In 

response, several strategies have been developed to reduce the computational burden of 

implementing the JPM. Quadrature-based (Toro 2008; Toro et al. 2010) and response-surface 

approaches (Irish et al. 2009; Resio et al. 2009), typically referred to as optimal-sampling 

approaches, were developed to improve the efficiency of storm surge hazard analysis by 

reducing the number of required synthetic storms. However, these techniques may still require 

substantial effort and may have other potential disadvantages, such as the dependence of certain 

quadrature approaches on the probability assumptions made regarding the joint distribution of 

storm parameters. Recently, machine-learning methods have been used to generate surrogate 

models that augment high-fidelity numerical models (Jia and Taflanidis 2013; Jia et al. 2016; 



 

82 

 

Taflanidis et al. 2014; Nadal-Caraballo et al. 2020; Lee et al. 2021; Nadal-Caraballo et al. 2022a; 

b). However, surrogate models are not as accurate as high-fidelity models and are not inherently 

constrained by physical considerations or limits. Therefore, their use to predict surges for 

parameter combinations outside the training data may lead to inaccurate results. These 

challenges may be exacerbated when predicting and assessing hazards associated with compound 

events.  

Alternatively, a hybrid approach can be used in which a lower fidelity model is used to develop 

an initial probabilistic model. Then, strategic probabilistic inference may be used to identify the 

portions of the TC parameter domain for which high-fidelity simulations should be performed to 

more accurately model coastal hazard effects. A lower-fidelity model may, for example, be a 

computationally efficient numerical model or a machine-learning-derived surrogate model 

trained using a limited number of high-fidelity simulations for a refined grid. Such a hybrid 

approach may also be used to process the results of a regional study and make selections 

regarding high-fidelity numerical model runs to be performed for a local-scale study. 

We posit that the limited computing resources for high-fidelity simulation be focused on storm 

parameter combinations associated with low exceedance probability coastal hazards that are 

most likely to bring consequential impacts to a study region and might be most relevant for risk-

informed decision-making. This study proposes a method to identify the dominant TC parameter 

combinations (TCPCs) that account for low exceedance probability coastal hazard events in 

specific locations. Specifically, a Bayesian modeling approach is implemented to compute the 

under-evidence distribution of TC parameters and deaggregate TCPCs contributing to low 

exceedance probability coastal hazards associated with two types: storm surge and storm total 

rainfall (STR). This study leverages the Coastal Hazard System’s (CHS) (ERDC 2023) 
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Probabilistic Coastal Hazard Analysis (PCHA) framework developed by the U.S Army Corp of 

Engineers (USACE) (Nadal-Caraballo et al. 2020) and adapts it within a Bayesian network 

(BN)-based modeling approach that leverages the work of Mohammadi et al. (2023). Leveraging 

the BN’s capabilities, analyses are performed under the occurrence of low exceedance 

probability storm surge and storm rainfall to identify storm characteristics associated with 

multiple hazards. In addition, the dependence between different coastal hazards is investigated. 

The distributions of one type of coastal hazard under evidence cases of low exceedance 

probability event of another type of coastal hazard are investigated. These analyses can provide 

insights to inform the TC parameter domain for which refined analyses are particularly relevant. 

A case study is applied to the New Orleans region to demonstrate the proposed approach. 

 

4.2  Method 

 Figure 30 presents a flowchart of the analysis procedure proposed for deaggregation of low 

exceedance probability coastal hazards. First, a BN is developed for modeling one or more 

coastal hazards as a function of TC parameters, as shown in Box [1] of Figure 1. The general BN 

structure proposed in this study is described in Section 2.1. Next, statistical analyses and 

modeling activities are performed to define the relationship between random variables modeled 

in the BN. This includes the collection and processing of historical TC data, as shown in Box [2] 

and described further in Section 2.2. Using historical TC data, marginal and joint distribution 

models of TC parameters are developed (Box [3], Section 2.3). Then, functions are developed to 

map TC parameters to coastal hazard response parameters (Box [4], Section 2.4). The results of 

statistical and numerical modeling activities are used to develop conditional probability tables 
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(CPT) required by the BN (Box [5], Section 2.5). Finally, the deaggregation is applied and used 

to identify dominant TCPCs (Box [6], Section 2.6).  

 

 Figure 30: Analysis procedure for the deaggregation of low exceedance probability coastal 
hazards 

4.2.1  Bayesian network configuration 

A BN is a Bayesian rule-motivated graphical model that represents the probabilistic relationships 

among multiple dependent variables. It excels in visualizing the dependence relationship in 

complex probabilistic models and supports efficient calculations of models involving complex 

dependencies. BNs have been selectively implemented in coastal and flood hazard assessments. 

For example, Sebastian et al. (2017) described a non-parametric BN-based storm events 

simulation method to determine the hydraulic boundary conditions for a low-lying coastal 

watershed in the Houston-Galveston region. Couasnon et al. (2018) built a BN based on a 

Gaussian copula to generate coastal watershed boundary conditions in Southeast Texas. Flores et 

al. (2019) created a hybrid dynamic object-oriented BN to model the risk of flooding in a 
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Mediterranean catchment in the south of Spain. Wu et al. (2020) coupled ontology and BN for 

urban pluvial flood risk evaluation in Zhengzhou City. Sanuy et al. (2020) built a BN to 

characterize the relationship between wave conditions, coastal erosion, and coastal inundation in 

the Catalan coast region. Mohammadi et al. (2023) implemented a BN framework for coastal 

compound flood analysis. The foundational concept in Mohammadi et al. (2023) is leveraged in 

the approach proposed in this study. 

To illustrate key concepts associated with BNs, Figure 31 presents a BN with four fully 

dependent variables. In a BN, each node represents a variable, and each arrow represents the 

(typically causal) relationship from a “parent” node to a “child” node. For example, in the BN 

shown in Figure 31, 𝑋1 is a parent node of 𝑋2, 𝑋3 and 𝑋4.  𝑋4 is a child node of 𝑋1, 𝑋2 and 𝑋3. 

To build a BN model that can be implemented for probabilistic analysis, every variable typically 

needs to be discretized (with the exception of selected special cases), and a CPT needs to be 

assigned for each variable. Additional information regarding BNs can be found in a range of 

references, e.g., Kjaerulff and Madsen (2008). 

 

 

Figure 31: Example BN with four fully dependent variables  

 

The BN enables multiple forms of probabilistic inference. Forward (predictive) inference 

calculates the probability distribution of nodes by propagating the information in the direction of 

the arrows. In this study, this forward inference of BN is leveraged to generate the probability 
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distribution of coastal hazards given the probability distribution of TC parameters (see Section 

3.5.1), which is consistent with the direction of inference used in probabilistic coastal hazard 

analysis. In addition, evidence cases (i.e., cases in which the values of nodes are assigned a 

particular known or assumed state) can be set for TC parameters to generate under-evidence 

probability distributions of coastal hazards. Backward inference calculates the probability 

distribution of nodes by propagating the information in the opposite direction of the arrows. In 

this study, this backward inference of BN is leveraged to generate the under-evidence probability 

distribution of TC parameters given evidence cases in which coastal hazards equal or exceed a 

particular value (see Section 3.5.2). It is also possible to perform analyses involving 

combinations of inference in which information is first propagated in the direction opposite of 

the arrows. In turn, the information propagates back down the network in the direction of the 

arrows. This type of inference is leveraged to generate the under-evidence probability 

distribution of one coastal hazard, given the evidence case in which another coastal hazard 

equals or exceeds a particular value (see Section 3.5.2). 

A general BN structure depicting the probabilistic model of a TC-induced coastal hazard is 

configured and presented in Figure 32. The physical definition of each node is listed in Table 8. 

The joint distribution over all involved variables is expressed using the BN factorization as: 

𝑝(𝛿𝑝,𝑣f , 𝑟max , θ, 𝑥0, 𝑟,̂ 𝑟, 𝜀𝑅)

= 𝑝(𝑟|𝑟̂, 𝜀𝑅)𝑝(𝑟̂|𝛿𝑝,𝑣f , 𝑟max , θ, 𝑥0)𝑝(𝜀𝑅)𝑝(𝛿𝑝,𝑣f , 𝑟max , θ, 𝑥0) 
(20) 

𝑝(𝛿𝑝,𝑣f , 𝑟max , θ, 𝑥0) = 𝑝(θ|𝛿𝑝, 𝑣f , 𝑟max )𝑝(𝑟max|𝛿𝑝,𝑣f)𝑝(𝑣f|𝛿𝑝)𝑝(𝛿𝑝)𝑓(𝑥0) (21) 

Where 𝑝(□) is a discretized probability mass function, and lowercase notation denotes a 

particular outcome of the random variables presented in Table 8 (e.g., 𝛿𝑝 denotes an outcome of 

the continuous random variable Δ𝑃) . Implementing the BN requires the specification of CPTs 
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corresponding to the conditional and marginal distributions specified above. BN inference 

algorithms are then used to efficiently perform computation (inference) involving the joint 

distribution over all random variables.   

This BN configuration leverages the USACE’s CHS-PCHA framework (Nadal-Caraballo et al. 

2020) as well as the work of Mohammadi et al. (2023). However, modifications of the BN 

topology can be made to reflect new or different information regarding TC parameters and their 

relationship to coastal hazard response quantities. This general structure is extended to multiple 

hazards in conjunction with the case study (see Section 3.1).  

 

Figure 32: BN that depicts the probabilistic model of TC-induced coastal 
hazard 

Table 8: Physical definition of each node in BN 

Notation Physical definition Notation Physical definition 

Δ𝑃: Central pressure deficit 𝑋0: Storm landfall location 
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𝑉f: 
Forward velocity 𝑅̂: Coastal hazard severity measure, as 

predicted by a model 

𝑅max : Radius of maximum winds 𝑅: Coastal hazard severity measure 

Θ: Storm heading direction 𝜀𝑅: Error node accounting for prediction 

model error 

4.2.2  Data processing 

Following the development of the BN model topology, data are collected and processed to 

support the development of probabilistic relationships between random variables included in the 

BN. In most probabilistic coastal hazard assessments, the relationship among TC parameters is 

based on observational or reanalysis data associated with historical TCs, e.g., Hurricane 

Database 2 (HURDAT2) (Landsea and Franklin 2013; NOAA 2022c) and Tropical Cyclone 

Extended Best Track Dataset (EBTRK) database (CIRA 2021; Demuth et al. 2006).  

4.2.3  Marginal distribution and joint distribution analysis 

Next, statistical analysis is performed to characterize the relationships among TC atmospheric 

parameter nodes in Figure 32 based on the joint distribution models of TC atmospheric 

parameters. For example, in the USACE’s CHS-PCHA framework (Nadal-Caraballo et al. 2020, 

2022a; b), a series of coastline nodes are selected as coastal reference locations (CRL), and 

statistical analysis is applied to each CRL individually.  The statistical sampling data of each 

CRL is generated with a distance-weight-adjustment process (Chouinard and Liu 1997; Nadal-

Caraballo et al. 2015) using storm track points with a maximum intensity index within a 

specified capture zone (Nadal-Caraballo et al. 2015). Then, the statistical sampling data is used 
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for marginal distribution fitting, dependence estimation, and development of the joint 

distributions model using copula analysis. 

4.2.4  Coastal hazard model 

Next, coastal hazard models are implemented to capture the relationship between TC parameter 

nodes and the coastal hazard node in Figure 32. In the past decades, different models have been 

applied to coastal hazard analysis with varying degrees of fidelity. For example, for storm surge, 

Dietrich et al. (2012) examined the performance of the high-fidelity Advanced CIRCulation 

model (ADCIRC) and Simulating WAves Nearshore model (SWAN) in computing hurricane 

waves and surges in the Gulf of Mexico and Louisiana regions. Gonçalves and Soares (2012) 

compared the performance of SWAN and steady-state spectral wave models in shallow water. 

Recently, a series of USACE studies leveraged ADCIRC and wave models for storm response 

simulations (Gonzalez et al. 2019; Nadal-Caraballo et al. 2015, 2020, 2022b).  

For storm rainfall, a series of parametric models including R-CLIPER (Lonfat et al. 2004; Marks 

and DeMaria 2003), IPET (Chen et al. 2006; Lonfat et al. 2004), PHRaM (Grieser and Jewson 

2011; Lonfat et al. 2004) and P-CLIPER (Lonfat et al. 2004; Marks and DeMaria 2003) has been 

developed. Brackins and Kalyanapu (2020) provide a comparison of these storm rainfall 

parametric models. While these parametric storm rainfall models are efficient, a physics-based 

numerical rainfall model can generally provide more accurate storm rainfall simulations (Lu et 

al. 2018; Xi et al. 2020; Zhu et al. 2013) but with higher computational cost.  

Although high-fidelity numerical models can generate accurate coastal hazard simulations, they 

are usually time-consuming and computationally expensive to develop and use. Surrogate 

models and lower fidelity models (e.g., Jelesnianski 1992) can be taken as alternatives to 
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numerical models and can make efficient simulations with varying degrees of accuracy. We 

propose that deaggregation can be implemented to extract dominant TCPCs for coastal hazards 

with a return period of interest to reduce computational burdens, and then a high-accuracy model 

can be applied to the portion of dominant TCPCs. 

4.2.5  Conditional probability table computation 

The CPT for a node defines the conditional probability of a node given each of the mutually 

exclusive combinations of the states of its parent nodes. Quantification of the BN requires 

specification of CPTs that provide the probability that a node 𝑋𝑖 is in a specified state (𝑥𝑖
− <

𝑋𝑖 < 𝑥𝑖
+) given the state of the parent node 𝑝𝑎(𝑋𝑖): 𝑃(𝑥𝑖

− < 𝑋𝑖 < 𝑥𝑖
+|𝑝𝑎(𝑋𝑖)). Given a joint 

probability density function of a set of 𝑚 random variables 𝑓𝐗(𝑥1,𝑥2, … 𝑥𝑚) (e.g., derived from 

copula analysis), the joint probability mass (PM) of a discretized variable combination 

𝑝𝐗(𝑥1,𝑥2,… 𝑥𝑚) can be calculated as: 

𝑝𝐗(𝑥1,𝑥2,… 𝑥𝑚) = 𝑃(𝑥1
− < 𝑋1 < 𝑥1

+ ∩ … ∩ 𝑥𝑚
− < 𝑋𝑚 < 𝑥𝑚

+ )

= ∫ ∫ … ∫ 𝑓𝐗(𝑥1,𝑥2, … 𝑥𝑚)𝑑𝑥1𝑑𝑥2

𝑥𝑚
+

𝑥𝑚
−

… 𝑑𝑥𝑚

𝑥2
+

𝑥2
−

𝑥1
+

𝑥1
−

 

 

(22) 

where 𝑥𝑖
− is the lower limit of discretized bin corresponding to point 𝑋𝑖 = 𝑥𝑖 and 𝑥𝑖

+ is the 

corresponding upper limit. Therefore, the conditional probability of any subset of variables can 

be derived as: 

𝑝𝐗(𝑥1,𝑥2,… 𝑥𝑖|𝑥𝑖+1, … 𝑥𝑚) =
𝑝𝐗(𝑥1, 𝑥2,… 𝑥𝑚)

𝑝𝐗(𝑥𝑖+1, … 𝑥𝑚)
 

(23) 

Given the implementation described later in Section 3, the joint distribution of TC atmospheric 

parameter Δ𝑃, 𝑉f, 𝑅max  and Θ will be defined via copula analysis, and their CPTs required by the 
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BN will be derived from the joint distribution. In this study, the TC landfall location 𝑋0 is 

assumed to be uniformly distributed along TC track spacing. 

The CPT of the model-estimated coastal hazard node 𝑅̂ is computed using coastal hazard models 

as described in Section 2.4. The predicted value of the coastal hazard severity measure (𝑅̂) is a 

function of TC parameters (Δ𝑃, 𝑉f, 𝑅max , Θ, 𝑋0), as indicated by the arrows from the TC 

parameters to 𝑅̂. Then, the value of the coastal hazard 𝑅 is computed as: 

𝑅(𝐱) = 𝑅̂(𝐱) + 𝜀𝑅𝜎𝑐(𝑅̂(𝐱)) (24) 

Where: 𝐱 represents the vector of TC parameters, 𝜀𝑅 is the normalized residuals of 𝑅, which 

follows a standard Gaussian distribution, 𝜎𝑐  is the standard deviation of a combined uncertainty 

term, which is a function of 𝑅̂(𝐱) (Nadal-Caraballo et al. 2022b).  

Monte Carlo simulation (MCS) is implemented for the computation of the CPT of nodes 𝑅̂ and 𝑅 

for the purpose of reducing the error induced by the discretization of TC parameters Mohammadi 

et al. (2023). In this MCS process, a number of TCPCs are generated within each combination of 

TC parameters’ discretized bins. For the CPT of node 𝑅, tens of thousands of normalized 

residuals 𝜀𝑅 are generated using a standard Gaussian distribution. 

4.2.6  Deaggregation 

Deaggregation (also known as disaggregation) is a method leveraged in probabilistic seismic 

hazard analysis for the purpose of identifying dominant scenarios for a given seismic hazard 

(Baker et al. 2021). In this study, we adapted the deaggregation method from probabilistic 

seismic hazard analysis (PSHA) described in (Baker et al. 2021) to PCHA to identify dominant 

TCPCs (scenarios of coastal hazards) under evidence cases of coastal hazard events.  
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The probability of TCPC vector 𝐗 taking on states 𝐱, given coastal hazard 𝑅 > 𝑟 can be 

expressed as: 

𝑃(𝐗 = 𝐱|𝑅 > 𝑟) =
𝑃(𝐗=𝐱,𝑅>𝑟)

𝑃 (𝑅>𝑟)
  (25) 

Where 𝐱 = [𝛿𝑝,𝑣f , 𝑟max , θ, 𝑥0] is a combination of TC parameters (each discrete value 

corresponding to a bin, as described in Section 2.5).  We leverage the BN to perform the 

deaggregation (as described in Bensi 2010) by entering evidence in the BN corresponding to 𝑅 >

𝑟 and using backward inference to obtain the joint PM of  TC parameters 𝐗 given the specified 

evidence state. In this study, the GeNIe software (BayesFusion 2023) is used for BN 

computation. The clustering algorithm (Dawid 1992; Jensen 1990; Lauritzen and Spiegelhalter 

1988) is used to efficiently calculate the joint PMs of TCPCs. A dummy child node under the 

clustering algorithm allows the preservation of clique potentials, from which the joint PMs of its 

parent nodes can be computed (BayesFusion 2023).  Then, the range of TCPCs with the total 

joint PMs that dominantly contribute to coastal hazards under corresponding evidence can be 

identified as the dominant TCPCs (see Section 3.5.2). 

4.3  Case Study 

A case study was performed in the region of New Orleans, LA. A coastal node (latitude = 29.58 

and longitude = -89.54) was selected as the CRL for TC atmospheric parameter statistical 

analysis (see Section 3.3). Figure 33(a) plots the location of the CRL and its 600 km radius 

capture zone. Historical storm data from 1938 to 2020 are included in the statistical analysis, 

consistent with Nadal-Caraballo et al. (2022b). One inland river node (Node 1) and one coastal 

node (Node 2) are selected as study nodes for computing coastal hazards. The locations of these 

two study nodes are identified in Figure 33(b). 
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(a) 

 

(b) 

Figure 33: (a) CRL [29.58, -89.54]and capture zone; (b)Locations of study nodes. Inland 
Node (Node 1) [29.91, -90.10]; Coastal Node (Node 2) [29.20, -90.00] 

4.3.1  Bayesian network construction 

In this case study, a BN consisting of TC parameters and coastal hazards (storm surge and STR) 

is constructed using the GeNIe software (BayesFusion 2023). Figure 34 shows this BN. Table 9 

lists the physical meaning of each node in the BN. The discretization information of each node 

can be found in Appendix D. 
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Figure 34: BN consisting of TC atmospheric parameters and coastal hazards 

Table 9: Physical definition of each node in BN 

Notation Physical definition Notation Physical meaning 

𝐼: Intensity category of TC (LI, 
MI, HI) 

𝜂: Storm surge (m) 

𝐽1: Node used to compute the 

joint PMs of TCPCs 

𝜀𝜂 : Normalized residuals of storm surge  

Δ𝑃: Central pressure deficit (hPa) 𝑝̂: STR predicted by the surrogate model 

(mm) 
𝑉f: Forward velocity (km/hr) 𝑝: STR (mm) 

𝑅max : Radius of maximum winds 
(km/hr) 

𝜀𝑝: Normalized residuals of STR  

Θ: Storm heading direction (deg) 𝐽2: Node used to compute the joint PMs of 
storm surge and STR 

𝑋0: Storm landfall location index 𝐸1: Node used to enter evidence to 𝜂 

𝜂̂: Storm surge predicted by the 

surrogate model (m) 

𝐸2: Node used to enter evidence to 𝑝 
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In this study, node 𝐽1 is assigned as a dummy child node of TC parameter nodes and the clique 

potentials are preserved (BayesFusion 2023) for the purpose of computing the joint PMs of 

TCPCs. For computing the joint PMs of node 𝜂 and node 𝑝, the memory demand restricts the 

application of the preserving clique potential method (BayesFusion 2023). Instead, Node 𝐽2 is set 

as a child node of node 𝜂 and node 𝑝, with CPT defined as an identity matrix and states 

representing combinations of discretized bins of node 𝜂 and node 𝑝 to compute their joint PMs. 

4.3.2  Data processing for case study 

In this study, a historical storm dataset with data imputation (Liu et al. 2023b) is used for the 

statistical analysis of TC atmospheric parameters. The historical dataset is a combination of 

HURDAT2 (Landsea and Franklin 2013; NOAA 2022c) and EBTRK databases (CIRA 2021; 

Demuth et al. 2006) with missing central pressure and 𝑅max  record imputed using Gaussian 

process regression (GPR) data imputation models (Liu et al. 2023b) consistent with (Nadal-

Caraballo et al. 2022b).  

Based on the historical storm dataset, statistical sampling data were generated by extracting the 

maximum intensity index track point of each storm pass through the capture zone and applying 

the distance-weight-adjustment (Nadal-Caraballo et al. 2015). These statistical sampling data are 

divided into three categories based on the value of Δ𝑃, i.e., low intensity (LI) storms (8 hPa ≤

Δ𝑃 <28 hPa), moderate intensity (MI) storms (28 hPa ≤ Δ𝑃 <48 hPa), and high intensity (HI) 

storms (48 hPa ≤ Δ𝑃). 

Storm surge data generated from the ADCIRC and SWAN is used for storm surge surrogate 

model training (Nadal-Caraballo et al. 2022b), where peak surge values for each synthetic storm 

at each location are extracted and taken as responses in training data of storm surge surrogate 
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model. The rainfall data used in this study for surrogate model training is generated by a physics-

based TC rainfall model (TCR) (Lu et al. 2018; Xi et al. 2020; Zhu et al. 2013), which is able to 

simulate the time series of rainfall under TC. The rainfall time series data is accumulated to 

compute the STR, and then, the STR data is taken as responses in the training data of the STR 

surrogate model. Additional details regarding surrogate models are provided in Section 3.4.  

4.3.3   Statistical analysis 

In the case study, the joint distribution of storm parameters is constructed using a meta Gaussian 

copula (MGC), consistent with recent implementations of the USACE’s CHS-PCHA framework 

(Nadal-Caraballo et al. 2020, 2022b). The performance of MGC is assessed in Liu et al. (2023a). 

Specification of the MGC requires estimations of marginal distributions as well as the correlation 

coefficient between the involved random variables.  

In this study, the truncated Weibull distribution is used for 𝛥𝑃 because of its flexibility in 

modeling the heavy tail of 𝛥𝑃. The distribution is truncated based on the three categories of 

storms (LI, MI, HI). The lognormal distribution is used for 𝑉f and 𝑅max . For heading direction Θ, 

a directional storm recurrence rate (DSRR) (Chouinard and Liu 1997) is used to represent its 

probability model as:  

𝜆𝜃 =
1

𝑇
∑ 𝑤(𝑑𝑖)

𝑛

𝑖

𝑤(𝜃𝑖 − 𝜃) 
(26) 

where 𝜆𝜃 is the DSRR of heading direction 𝜃, 𝑇 is the record length (yr) of historical data, 𝑤(𝑑𝑖) 

is a Gaussian kernel function (GKF) distance-based weight, and 𝑑𝑖 is the distance between the 

location associated with data point 𝑖 and the CRL (Nadal-Caraballo et al. 2019). Leveraging the 

work of Liu et al. (2023a), 𝑤(𝜃𝑖 − 𝜃) is a von Mises Kernel function (VKF) (Taylor 2008).  
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Three sets of marginal distribution are fitted separately to the statistical sampling data of LI, MI 

and HI. For each intensity category, an individual MGC is constructed, and statistical sampling 

data are used for fitting marginals and correlation estimation. The fitted marginals and 

correlation information among TC atmospheric parameters are presented in Appendix D. Given 

the marginal distributions and correlation coefficients, the MGC is specified using the method of 

Nadal-Caraballo et al. (2022b).  

In this study, landfall location 𝑋0 is not included in the MGC model. A horizontal reference line 

with latitude = 29.5 is used to build a uniform probability distribution model of 𝑋0. Fourteen 

reference points with index 1~14 are set on the reference line from longitude = -93 to longitude = 

-86 with equal spacing and equal likelihood assigned.  Figure 35 plots the locations of the 14 

reference points. 

 

Figure 35: Representatives of 𝒙𝟎  

Straight line TC tracks are used to determine projected landfall locations for each combination of  

𝑋0 and discretized Θ value. The projected landfall location is used as input in coastal hazard 

surrogate models. The projected landfall locations are plotted in Appendix D. 
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4.3.4  Coastal hazard model of case study 

In the case study, machine-learning-derived surrogate models are used to predict coastal hazards 

as a function of TC parameters. Machine-learning-derived surrogate models have been used 

increasingly in the estimation of storm surge hazards. For example, Jia and Taflanidis (Jia and 

Taflanidis 2013) implemented a GPR model for storm surge prediction with a series of follow-up 

studies expanding and augmenting the use of GPR (Jia et al. 2016; Taflanidis et al. 2014; Zhang 

et al. 2018) or leveraging or comparing alternate approaches (Al Kajbaf and Bensi 2020; Lee et 

al. 2021). Nadal-Caraballo et al. (Nadal-Caraballo et al. 2020) added GPR-based metamodels to 

the USACE’s CHS-PCHA framework for water level prediction. In this case study, a GPR-based 

metamodel developed for USACE’s CHS-LA study (Nadal-Caraballo et al. 2022b) is used as the 

storm surge surrogate model.  

There are a number of studies that develop storm surge surrogate models, but few storm rainfall 

surrogate models have been developed. In this study, an artificial neural network (ANN) model 

is used as a storm rainfall surrogate model. The MATLAB Deep Learning Toolbox (MathWorks 

2022) is used to train a multilayer feedforward back-propagation ANN model for the prediction 

of STR in study nodes. This ANN model contains one input layer, two hidden layers, and one 

output layer. Each hidden layer contains ten neurons. The training algorithm used is Levenberg-

Marquardt (Levenberg 1944; Marquardt 1963). The transfer function used in hidden layers is 

linear. To prevent the ANN model from producing negative outcomes, which is invalid for STR 

values, the Tanh Sigmoid function is used as the transfer function in the output layer. The 

regularization strategy used is Bayesian regularization back-propagation. 

In this study, TC parameters of synthetic TCs and corresponding STR generated from a 

numerical model are used as training data for the ANN storm rainfall surrogate model. The 645 
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synthetic TCs developed in the USACE’s CHS-LA study (Nadal-Caraballo et al. 2022b) are 

input into the TCR model (Lu et al. 2018; Xi et al. 2020; Zhu et al. 2013) for TC rainfall time 

series simulations. The time series rainfall responses are accumulated to get the corresponding 

STR. Leave-one-out cross-validation (LOOCV) is applied to assess the performance of this STR 

surrogate model. Figure 36 presents the results of LOOCV of this STR surrogate model. It can be 

observed that the trained STR surrogate model has reliable performance. 

 

(a) 

 

(b) 
Figure 36: Scatter plots of LOOCV with error information of STR surrogate 

model at Node 1 (a) and Node 2 (b) 

4.3.5  Results of Bayesian network analyses 

In Section 3.5.1, the forward propagation capabilities of the BN are used to calculate the 

marginal and joint distributions of coastal hazard nodes under the no-evidence case (i.e., 

considering only the initial assumptions used to build the model prior to entering any evidence in 

the BN). In Section 3.5.2, forward and backward propagations are used to calculate the 

distributions of nodes in the BN conditioned on evidence indicating low exceedance probability 

coastal hazards.  
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4.3.5.1. Analyses under no evidence 

The distribution information of coastal response quantities for the no-evidence case is 

represented by the PM of discretized bins and plotted in Figure 37 for nodes 1 and 2. The stem 

plot represents the PM value of each discretized bin, and dashed curves are created by 

interpolating the PM of discretized bins to approximate the distribution shapes.  

 

 

Figure 37: Coastal hazard distribution generated from BN  

 

Using the approach described in Section 3.1, the joint PMs of storm surge and STR are 

determined with node 𝐽2. Then, the PDF surfaces and joint exceedance probability surfaces are 

numerically approximated by scaling the computed joint PMs. Figure 38 plots the approximated 

joint PDF and joint exceedance probability surfaces.  
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Figure 38: Approximated joint PDF and joint exceedance probability of storm surge and 
STR. Note that color scales are set differently for visualization  

As expected, the peaks of the joint PDF and joint exceedance probability are concentrated at the 

left bottom area of their surface plot, reflecting the higher likelihood of smaller combinations of 

response quantities. Moderate correlations between storm surge and STR values are observed 

from the approximated joint PDF plots. The joint PMs are leveraged to approximately compute 

the correlation coefficients 𝜌𝜂 ,𝑝, which is evaluated as  𝜌𝜂,𝑝 = 0.5 at Node 1 and 𝜌𝜂 ,𝑝 = 0.48 at 

Node 2.  
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4.3.5.2. Analyses under evidence 

The forward and backward inference capabilities of BNs are leveraged to generate the 

probability distributions of TC parameters and coastal hazards for each study node under three 

evidence cases. The evidence cases correspond to events involving the occurrence of low 

exceedance probability coastal hazards. The three evidence cases are:  

EC1: restricting storm surge to be greater than 4.1 m at Node 1 or 2.1 m at Node 2.  

EC2: restricting STR to be greater than 107.8 mm at Node 1 or 85.9 mm at Node 2. 

EC3: a multiple hazards evidence case that combines EC1 and EC2. 

The EC1 and EC2 thresholds are selected based on the value of the severity measure that has a 

0.03 exceedance probability under the no-evidence case. 

Figure 39 shows the PMs of Δ𝑃, 𝑉f and 𝑅max . The dashed curves are created by interpolating the 

discretized bins’ PM to approximate the distributions’ shapes.  
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Figure 39: Distribution information of 𝚫𝑷, 𝑽𝐟  and 𝑹𝐦𝐚𝐱  under EC1 to EC3 at Node 1 

(row 1) and Node 2 (row 2) 

EC1 (high storm surge) shifts the distribution of Δ𝑃 towards higher values, reflecting the higher 

likelihood of larger Δ𝑃 values to have produced high storm surge events. EC2 (high STR) is 

associated with a moderately bimodal distribution with lower likelihood of large Δ𝑃 values than 

EC1. However, EC3 (high storm surge and STR) results in a more substantial shift towards 

higher Δ𝑃 than observed under EC1 and EC2 individually.  

EC1 (high storm surge) shifts the distribution of 𝑉𝑓  towards higher values reflecting the higher 

likelihood of faster moving storms given high storm surge events.  On the other hand, EC2 (high 

STR) shifts the distribution of 𝑉𝑓  towards lower values, reflecting the higher likelihood of slower 

moving storms given high STR events. EC3 (high storm surge and STR) results in a moderated 
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shift between the two evidence cases.  The impact of evidence on the distribution of 𝑅max  is 

relatively small when compared with Δ𝑃 and 𝑉f. 

The effects of evidence on the distribution of 𝑋0 and Θ are considered together because they 

reflect the TC track information. In each case, the 𝐽1 node in the BN, as shown in Figure 34, is 

used to compute the joint PMs of all discretized TCPCs. The joint distribution of TC track 

parameter combinations (pair-wise joint PM of 𝑋0 and Θ ) for each case is computed by 

integrating the joint PMs computed by the 𝐽1 node in the BN over  Δ𝑃, 𝑉f and 𝑅max  . Figure 40 

shows the pair-wise joint PM plot of each case. The no-evidence case is plotted for comparison 

and shows the equal likelihood assumption for 𝑋0 and the marginal distribution shape for Θ.  
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Figure 40: Pair-wise joint PM of 𝑿𝟎  and 𝚯 under each case 

From Figure 40, it can be observed that the input of evidence case notably affects the pair-wise 

joint PM of 𝑋0 and Θ (compared with no-evidence case). Under EC1, high storm surge values at 

Node 1 lead to a distribution with mode associated with northwesterly tracks crossing nearly the 

midpoint of the 𝑋0 reference line, while the distribution is a bit more dispersed when a high 

storm surge is observed as Node 2.  This pattern is somewhat moderately reflected under EC2. 
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However, the TC tracks in EC3  show a more concentrated dominant area than EC1 and EC2, 

reflecting the smaller range of tracks given large values of storm surge and STR.  

The contributions of Δ𝑃,𝑉f and 𝑅max  along with the TC track variables are visualized in Figure 

41 to Figure 43 as 3D stacked bar plots with partitions of Δ𝑃, 𝑉f  and 𝑅max  identified with 

different colors. 
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Figure 41: 3D stacked bar plot of TC track information with 𝚫𝑷 identified with colors 
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Figure 42: 3D stacked bar plot of TC track information with 𝑽𝐟  identified with colors 
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Figure 43: 3D stacked bar plot of TC track information with 𝑹𝐦𝐚𝐱  identified with colors 
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From Figure 41, it can be observed that TCs with high Δ𝑃 (Δ𝑃 >48 hPa) dominant under most 

evidence cases, which is very different from the no-evidence case, which is dominated by lower 

Δ𝑝 values.  Depiste the general dominance of high Δ𝑝 values across evidence cases, EC2 is 

associated with a higher likelihood of TCs with low Δ𝑃 (Δ𝑃 <48 hPa). Figure 42 shows that the 

dominant range of 𝑉f can be notably different under evidence cases. The likelihood of faster 

storms (𝑉f >25 km/hr) under EC1 is greater than under EC2. Figure 43 shows that, for the inland 

node (Node 1), the contribution of smaller 𝑅max  (𝑅max <60 km) to dominant TC tracks is greater 

under EC1 than under EC2, however, this difference is not oberved in the coastal node (Node 2) 

for the two most dominant TC tracks with Θ ≥ 40° (the two most right bars of EC2 Node2). 

Leveraging backward and forward propagation in the BN, information updating is performed to 

calculate the distribution of one coastal hazard given evidence associated with the occurrence of 

severe values of another coastal hazard. That is, the distributions of STR are computed under 

EC1 (high storm surge), and the distributions of storm surge are computed under EC2 (high 

STR). Figure 44 shows the resulting distribution. Note that the plotted range of variables in each 

figure is different. 
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Figure 44: Distribution of coastal hazard with no evidence and evidence case of low 
exceedance probability event of another coastal hazard  

It is observed that the peak PMs of storm surge and STR shift to the right under the evidence 

case of a low exceedance probability event of the other coastal hazard, which can be explained 

by the connection between intense storms and intense coastal hazards. Namely, EC1 (high storm 

surge) leads to a higher likelihood of high STR, while EC2 (high STR) leads to a higher 

likelihood of high storm surge at both nodes.   
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4.4  Conclusion of Chapter 4 

This study has developed a framework for the deaggregation of low exceedance probability 

coastal hazards, which is based on a BN approach. To generate the BN, copulas are used to 

capture the dependence among TC atmospheric parameters, and surrogate models are used to 

capture the relationship between TC atmospheric parameters and coastal hazards. The joint PMs 

of TCPCs under different evidence cases are computed with the BN. The ranges of dominant 

TCPCs can be identified based on the joint PMs of TCPCs. 

In the case study, an inland location and a coastal location near New Orleans, LA are selected as 

study nodes. A BN was constructed for this case study using the GeNIe software (BayesFusion 

2023). The statistical analysis and JPM based on the USACE’s CHS-PCHA framework are 

applied for the BN construction, where MGCs are used to characterize the dependence among 

TC atmospheric parameters. A GPR-based metamodel developed in the CHS-LA study (Nadal-

Caraballo et al. 2022b) is used as a storm surge surrogate model. An ANN model is trained as an 

STR surrogate model. The statistical analysis results, MGCs, and surrogate models are applied to 

compute the CPTs of TC parameters nodes and coastal hazard nodes in the BN.  

Leveraging the BN inference, the distributions of TC parameters are computed under evidence 

cases of low exceedance probability coastal hazards, providing insights regarding dominant TC 

parameter combinations, particularly relative to track information (landfall location and 

heading). Additionally, the dependence between coastal hazards was investigated to explore the 

impact of observations related to one hazard on the distribution of the other hazard. The 

distributions under evidence cases can be used to inform model refinement and augmentation 

activities, by focusing efforts on the events most likely to have consequential effects. 
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Chapter 5:  A Multi-Tiered Bayesian Network Coastal Compound Flood 

Analysis Framework 

5.1  Introduction 

Coastal areas are vulnerable to coastal compound floods (CCFs) that result from the combined 

effects of storm surges, tides, intense rainfall, and (in some cases) river flooding. CCFs can bring 

substantial losses to coastal communities, and these impacts are expected to increase as a result 

of climate change (Kirshen et al. 2008; NOAA 2022a; b). As a result, there is an increasing 

demand for accurate and efficient probabilistic analyses of CCFs to support risk assessments and 

decision-making processes. 

Xu et al. (2022) summarized a literature review of the development of CCF studies over the past 

two decades. The literature review covered CCF mechanism analysis, research methodology, and 

probabilistic analysis. They found there is limited literature that integrates stat istical and 

numerical models for CCF hazard analysis. Zhang and Najafi (2020) provided a literature review 

of probabilistic CCF analysis in conjunction with a probabilistic study on the southern coast of 

Saint Lucia in the Caribbean Sea. Their work demonstrates the potential of using simplified 

hydrodynamic models for CCF simulations. Bensi et al. (2020) provided a review of a range of 

studies addressing compound flooding hazards and identified several main classes of studies, 

including those that seek to characterize the joint distribution of multiple severity measures 

associated with CCFs (e.g., using parametric, non-parametric, and copula-based joint 

distribution) and apply Bayesian approaches.  
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In the past decade, the US Army Corps of Engineers (USACE) has undertaken a series of efforts 

to probabilistically analyze coastal hazards along coastal regions in the U.S. and has developed a 

Coastal Hazard Systems (CHS) Probabilistic Coastal Hazard Analysis (PCHA) framework 

(Melby et al. 2017; Nadal-Caraballo et al. 2015, 2020, 2022b). The USACE’s CHS-PCHA 

framework has been augmented with a range of meta-modeling strategies to increase efficiency 

and enable large-scale studies.  This study explores the use of Bayesian networks (BNs) to 

enable the extension of the CHS-PCHA framework to model CCFs. Three tiers of BN models are 

conceptualized and constructed. These three tiers of BN models have different complexity and 

are designed for cases with varying levels of data and computational resource availability.  

The BN-based CCF modeling approach builds off the proof-of-concept BN presented in 

Mohammadi et al. (2023) and subsequent BN-based applications in Chapter 4. Mohammadi et al. 

(2023) built a BN for a coastal compound flood cases study in a site located on the Delaware 

River near Trenton, New Jersey, where storm surge, storm precipitation, river flow, and tide 

have been included in their model. In Chapter 4, a BN built based on USACE’s CHS-PCHA has 

been implemented to develop a deaggregation method for multiple coastal hazards without 

addressing the interaction of coastal hazards. 
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(a)  (b)  (c)  
Figure 45: Conceptions of three tiers of BN models: (a) Tier-1 BN; (b) Tier-2 BN; (c) Tier-3 BN 

 Figure 30 presents a conceptual illustration of the three tiers of BN models.  In the Tier-1 BN 

model ( Figure 30 (a)), which reflects the approach used in Nadal-Caraballo et al. (2022), storm 

surge and river flow are treated as the dominant CCF drivers. The dependence between storm 

events and river flow is modeled through seasonality during hurricane seasons. In the Tier-2 BN 

model conception ( Figure 30 (b)), storm rainfall is added as a contributor to CCF. In the Tier-3 

BN conception ( Figure 30 (c)), climate conditions and antecedent river conditions are added to 

build a more comprehensive CCF model.  

To illustrate the proposed framework, these three tiers of BN are implemented using a case study 

in the region of New Orleans, LA, and illustrative results are presented for two study nodes 

illustrated in Figure 33 (a). Mississippi River (MR) is treated as the source of river flow 

contributor of CCF in the study region. While the case study is used to illustrate the framework, 

the multi-tiered BN approach is intended to be more generally valid.  
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(a) 

 

(b) 
 

(c) 

Figure 46: (a)Locations of study nodes; (b) Location of USGS gauge 07295100; (c) Center of 
statistical analysis study region, locations of sample data, and capture zone (the black circle) 

5.2  Tier-1 Bayesian Network Construction 

A Tier-1 BN model is constructed for the case study region leveraging the modeling approach 

first employed in the USACE’s CHS-LA (Coastal Hazards System–Louisiana) study (Nadal-

Caraballo et al. 2022b). Figure 47 presents this Tier-1 BN, and Table 9 lists the physical 

definition of each node. The discretization information of each node is provided in Appendix E.   
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In this Tier-1 BN, seasonality is used to capture the dependence between TC atmospheric 

parameters and concurrent river flow. Meteorological seasonality can have a significant impact 

on river discharge. Typically, seasonal events like snowmelt and rainfall will increase river 

discharge. Meanwhile, varying temperatures and moisture affect the formation of storms (Gray 

1968; Palmen 1948). Michele and Salvadori (2002) use river seasonality to capture flood 

antecedent conditions. Walega and Młyński (2017) evaluated the seasonality of median monthly 

discharge in selected Carpathian rivers in Poland.  

 

Figure 47: Tier-1 BN 

Table 10 physical definition of each node in Tier-1  BN 

Notation Physical definition Notation Physical meaning 
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𝑆: Time period within hurricane 
season  

𝑄: MR river flow (kcfs) 

Δ𝑃: Central pressure deficit (hPa) 𝑍̂: Water surface level (WSL) resulting 
from storm surge and river flow 

predicted by model (m) 

𝑉f: Forward velocity (km/hr) 𝑍: WSL resulting from storm surge and 
river flow with model error considered 

(m) 

𝑅max : Radius to maximum winds 

(km) 

𝜀𝑍: Normalized residuals of WSL 

Θ: Storm heading direction (deg) 𝑇:  Normalized residuals  of astronomical 

tide  

𝑋0: Storm landfall location index 𝑍t: WSL with astronomical tide considered 
(m) 

 

This Tier-1 BN consists of three primary models: 

• Seasonality-storm-river model (as depicted by black links in Figure 47): The node 𝑆, 

representing the time period within the hurricane season, is used to capture the 

dependence between TC atmospheric parameters (nodes Δ𝑃, 𝑉f, 𝑅max , and Θ) and 

concurrent river flow (node 𝑄), as reflected by the links from the node 𝑆 to its children. 

• Tier-1 joint probability model for TC atmospheric parameters (as depicted by blue 

links in Figure 47): The dependence between TC parameters (for a given season) is 

reflected by the series of links connecting them. 

• ADCIRC-derived water surface level model (as depicted by red links in Figure 47): 

The estimated CCF water surface level (WSL) resulting from storm surge and river flow 

is represented by node 𝑍̂, which is a child of nodes Δ𝑃, 𝑉f, 𝑅max , Θ and 𝑋0. The 

associated actual CCF WSL is a function of the estimated value and an error term, as 
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reflected by node 𝑍 with parent nodes 𝑍̂ and 𝜀𝑍 .  Finally, the effects of astronomical tide 

are included through the addition of a tidal residual, resulting in a final WSL, as reflected 

by node 𝑍t with parent nodes 𝑍 and 𝑇.  

Additional details regarding the generation of CPTs associated with each of the above models are 

provided in the subsections that follow. 

5.2.1  Seasonality-storm-river model 

The seasonality node 𝑆 is discretized into time periods within the hurricane season. While 

multiple discretization strategies can be used, the illustrative case study application uses two time 

periods: Season 1 (May 1 to August 31) and Season 2 (September 1 to November 30). The 

dividing point between meteorological summer and meteorological fall (i.e., Sept 1st) is 

subjectively chosen as the dividing point between the two seasons. A weighting strategy is used 

to mitigate the effect of the hard breakpoint when using time-series data. For each season, its 

probability is assigned based on the portion of observed storms that initiate inside that season. 

CPTs of TC atmospheric parameters nodes (Δ𝑃, 𝑉f, 𝑅max , and Θ) are generated based on 

statistical analysis of observational data. A historical storm dataset combining Hurricane 

Database 2 (HURDAT2) (Landsea and Franklin 2013; NOAA 2022c) and Tropical Cyclone 

Extended Best Track Dataset (EBTRK) database (CIRA 2021; Demuth et al. 2006) with data 

imputation (Liu et al. 2023b) is used to generate statistical sampling data using the procedure of 

(Chouinard and Liu 1997; Nadal-Caraballo et al. 2015). A coastal reference location (CRL) with 

latitude = 29.576 and longitude = -89.538 is selected for statistical sampling.  Figure 30 (c) plots 

the location of the CRL and its 600 km radius capture zone and statistical sampling locations. 
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Statistical sampling data is partitioned for each season and used to perform a seasonally-

dependent joint distribution analysis using copulas, as described further in Section 2.2.   

The daily discharge data of the United States Geological Survey (USGS) gauge 07295100 is 

used to compute the CPT of the river (MR) node 𝑄. Consistent with Nadal-Caraballo et al. 

(2022), it is assumed that there is a 70% and 30% split in discharge directed through MR and 

Atchafalaya Rivers, respectively, at the USGS gauge 07295100 at Red River Landing (Tarbert 

Landing). The location of the gauge is shown in  Figure 30 (b).  Gauge records from 1976 to 

2019 and inside the window of hurricane season (May 1-November 30) are used, and the 

maximum MR daily discharge is regulated to 35396  m3/s (1250 kcfs). Figure 48 plots the 

temporal distribution of MR daily discharge data with the red line depicting the subjectively 

chosen meteorological breakpoint between seasons. 

 

Figure 48: Temporal distribution of sample data of MR daily discharge with red line 
depicting the dividing point between Season 1 and Season 2 

A Gaussian kernel function (GKF) based temporal distance weighting method is used here to 

smooth out the effect of the season division in the time series. To generate the statistical sample 

data for a season, each record inside hurricane season (i.e., recordes within the window of May 
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1to November 30 ) is assigned a temporal distance 𝑑𝑖 to the boundaries of the corresponding 

season 𝑆𝑘  . The distance is calculated as: 

𝑑𝑖 = {

𝑆𝑘
− − 𝑡𝑖 , 𝑡𝑖 < 𝑆𝑘

−

0, 𝑆𝑘
− ≤  𝑡𝑖 ≤  𝑆𝑘

+

𝑡𝑖 − 𝑆𝑘
+ , 𝑆𝑘

+ ≤  𝑡𝑖

 

(27) 

Where 𝑆𝑘
− is the date of the first day of the season 𝑆𝑘 , 𝑆𝑘

+ is the last day of season 𝑆𝑘 , 𝑡𝑖 is the 

date of the 𝑖th record. The calculation of Equation (27) uses the integer of day. 

For each record, a temporal distance weight is calculated using a GKF: 

𝑤𝑡(𝑑𝑖) =
1

√2𝜋ℎ𝑑

exp [−
1

2
(

𝑑𝑖

ℎ𝑑

)
2

] 
(28) 

Where 𝑤𝑡(𝑑𝑖) is the temporal distance weight of the 𝑖th record, ℎ𝑑 is the kernel bandwidth, and 

an ℎ𝑑 = 15 days is selected in this study. 

Using this method, an identical highest weight is assigned for each data point within the seasonal 

time window, and the assigned weight decreases as the distance between the data and the time 

window increases. This is demonstrated in Figure 49. 
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Figure 49: Assigned weight along the time axis 

After calculating the temporal distance weight using the method described above, a distance 

weight adjustment method (Chouinard and Liu 1997; Nadal-Caraballo et al. 2015) is applied to 

all records within hurricane season. To mitigate the effect from the autocorrelation in the time 

series data,  processed data are randomly selected and used as statistical samples for MR daily 

discharge statistical analysis in each season. 

Figure 50 plots the fitted marginal PDF curves with the corresponding sampling data of MR 

daily discharge in each month. The generalized extreme value distributions (MathWorks 2022) 

are used to fit marginal distributions of MR daily discharge in each season. 

  

Figure 50: Fitted marginal PDF curves with the corresponding statistical sampling data of 
MR daily discharge; Note scales of y-axises are different 

 

5.2.2  Tier-1 Joint probability model for TC parameters 

Leveraging the work of Nadal-Caraballo et al. (2020, 2022) and Liu et al. (2023a), an MGC is 

used to construct the joint probability model of TC atmospheric parameters for each season. In 

this Tier-1 BN, the dependence among TC atmospheric parameters is characterized by one MGC 
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in each season, with the marginal distributions and parameters (i.e., the correlation matrix) 

estimated using each season’s TC atmospheric parameter statistical sampling data. Figure 51 

plots the fitted marginal PDF curves with the corresponding statistical sampling data of TC 

atmospheric parameters in each season. The marginal distribution model (distribution functional 

form) for the TC atmospheric parameters used in this study is consistent with Chapter 4.  The 

conditional probability table of each TC parameter node is computed using the same method as 

described by Chapter 4. 

 

Figure 51: Fitted marginal PDF curves with the corresponding statistical sampling data of TC 
atmospheric parameters; Note scales of y-axises are different  

5.2.3  ADCIRC-derived water surface level model 

To compute the conditional probability table (CPT) of node 𝑍̂ in the Tier-1 BN, a CCF WSL 

model with storm surge and river flow involved is needed. In the past decades, different models 

have been applied to coastal hazard analysis. A series of USACE studies leveraged ADCIRC and 
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wave models for storm surge simulations (Gonzalez et al. 2019; Nadal-Caraballo et al. 2015, 

2020, 2022b). Meanwhile, surrogate models based on machine learning have been well-studied 

for efficiently predicting storm surges based on ADCIRC-derived training data. For example, Jia 

and Taflanidis (Jia and Taflanidis 2013) implemented a Gaussian process regression (GPR) 

model for storm surge prediction with a series of follow-up studies expanding and augmenting 

the use of GPR (Jia et al. 2016; Taflanidis et al. 2014; Zhang et al. 2018) or leveraging or 

comparing alternate approaches (Al Kajbaf and Bensi 2020; Lee et al. 2021). Nadal-Caraballo et 

al. (Nadal-Caraballo et al. 2020) added GPR-based metamodels (GPM) to the USACE’s CHS-

PCHA framework for WSL prediction.  

A GPR-based metamodels (GPM) WSL surrogate model developed in USACE’s CHS-LA study 

(Nadal-Caraballo et al. 2022b) is used here to predict WSL (i.e., to develop the CPT for node 𝑍̂ 

given each combination of TC parameters) considering storm surge and MR river flow. The 

surrogate model training data is derived from ADCIRC simulations of 1145 synthetic storm 

events that cover multiple MR river flow scenarios. The resulting surrogate model can be used to 

predict peak WSL using TC parameters and MR river flow as input. The uncertainty information 

of this WSL model is represented by the normalized residual node 𝜀𝑍 , which carries combined 

uncertainty accounting for both the relative and absolute uncertainty of modeled value (Nadal-

Caraballo et al. 2022b). In this study, all normalized residual nodes carry the combined 

uncertainties. The actual WSL is represented by the node 𝑍, which is defined via the 

superposition of estimated WSL and an error term defined as a function of the normalized 

residual: i.e., 𝑍 = 𝑍̂ + 𝑓(𝜀𝑍). 

Monte Carlo simulation (MCS) is implemented for the computation of the CPTs of nodes 𝑍̂ and 

𝑍 for the purpose of reducing the error caused by discretization Mohammadi et al. (2023). 
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Applying this MCS process to generate the CPT for the node 𝑍̂, a large number of TC parameter 

values are generated for each combination of TC parameters’ discretized bins and used to define 

the corresponding conditional distribution of 𝑍. For the CPT of node 𝑍, a large number of 

normalized residual values corresponding to each state of 𝜀𝑍  are generated to computing error 

term and superimposed with simulated values from the discretized states of the node 𝑍̂. Similar 

MCS strategy is applied to other parts of BNs in this study to reduce the error induced by 

discretization. A graphical explanation of this MCS in BN can be found in Mohammadi et al. 

(2023). 

In the node 𝑍t, the tides component is accounted for by superimposing WSL and random 

generalized astronomical tides. The standard deviation of the astronomical tide computed in the 

CHS-LA study (Nadal-Caraballo et al. 2022b) is used. The CPT of tide residual node 𝑇 is set 

based on a discretized standard normal distribution.  

5.3  Tier-2 Bayesian Network Construction 

In this section, a Tier-2 BN model is constructed for the case study region. In this Tier-2 BN 

model, the river flow seasonality is preserved to capture base flow, while a TC intensity is used 

to categorize TCs into different intensities. Storm rainfall is involved in the relationship between 

TC parameters and WSL. A surrogate model derived from a regional HEC-RAS model is used to 

simulate the resultant WSL (𝑍) under storm surge, storm rainfall, and MR river flow. Figure 52 

presents this Tier-2 BN, and Table 11 lists the physical definition of each node of this Tier-2 BN. 
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Figure 52: Tier-2 BN 

Table 11 physical definition of each node in Tier-2 BN 

Notation Physical definition Notation Physical meaning 

𝐼: Intensity category of TC 𝑍: WSL resultant from storm surge, storm 
rainfall and river flow with model error 

considered (m) 

𝑍̂: WSL resultant from storm 

surge, storm rainfall and river 
flow predicted by model (m) 

  

Note: Nodes not included have the same physical definition as Tier-1 BN (see Table 9). 

The Tier-2 BN contains three models:   

• Tier-2 joint probability model for TC parameters (as depicted by blue links in Figure 52): 

The dependence between TC parameters nodes Δ𝑃, 𝑉f, 𝑅max , and Θ (for a given TC 

intensity category) is reflected by the links connecting them. 
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• HEC-RAS-derived water surface level model (as depicted by green links in Figure 52): 

The estimated CCF WSL resulting from storm surge, storm rainfall, and river flow is 

represented by node 𝑍̂, which is a child of nodes Δ𝑃, 𝑉f, 𝑅max , Θ,𝑋0, and 𝑄.  

• Storm rainfall model: A storm rainfall model is used to simulate TC-induced rainfall. The 

rainfall model is not directly reflected in the BN. Instead, it is used to incorporate storm 

rainfall of the HEC-RAS-derived WSL model as a function of the TC parameters.  

Additional details regarding the generation of CPTs associated with each of the above 

models are provided in the subsections that follow. 

5.3.1  Tier-2 Joint probability model for TC atmospheric parameters 

In this Tier-2 BN, the statistical sampling data of TC atmospheric parameters are partitioned 

based on the value of  Δ𝑃 into three categories: low intensity (LI,  28 hPa > Δ𝑃 ≥ 8 hPa), 

moderate intensity (MI, 48 hPa > Δ𝑃 ≥ 28 hPa), and high intensity (HI, 148 hPa > Δ𝑃 ≥

48 hPa).  For each TC intensity category, a separate set of marginal distributions is fitted to the 

intensity-partitioned statistical sampling data of Δ𝑃, 𝑉f, 𝑅max  and Θ, and a separate MGC is fitted 

using the general procedure described in Chapter 4.  

5.3.2  Storm rainfall model 

To incorporate storm rainfall in this Tier-2 BN, a storm rainfall model is used to generate storm 

rainfall under synthetic storm events (i.e., to estimate TC rainfall for each combination of TC 

parameters). In this study, the storm rainfall for synthetic storms is simulated using a physical-

based tropical cyclone rainfall model (TCR) (Lu et al. 2018; Xi et al. 2020; Zhu et al. 2013). The 
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computed rainfall time series is later used as rainfall input to HEC-RAS for CCF modeling, as 

described below. 

5.3.3  HEC-RAS-derived water surface level model 

To compute the CPT of the node 𝑍̂ in the Tier-2 BN, a CCF WSL model with TC rainfall 

involved is needed. HEC-RAS (the USACE Hydrologic Engineering Center’s River Analysis 

System software (USACE 2023)) is a widely used software application that can perform one and 

two-dimensional hydraulic calculations with rainfall involved. In this Tier-2 BN model 

construction, a limited-scope HEC-RAS 2D regional model is used to simulate CCFs under 

storm surge (modeled as a time-series boundary), storm rainfall (time-series gridded 

precipitation), and MR river flow (baseflow at the upstream boundary and storm rainfall-induced 

runoff). Figure 53 presents this limited-scope HEC-RAS 2D regional model. Then, a CCF 

surrogate model is trained using the HEC-RAS-derived data.  The resulting model combination 

provides a “mapping” between TC parameters, base flow, and WSL, which allows the 

construction of the CPT for the node 𝑍̂.  



 

129 

 

 

Figure 53: HEC-RAS 2D regional model; White curves depict boundary condition lines 

This limited-scope HEC-RAS 2D regional model covers the MR reach starting from around 

[30.96, -91.66] and ending at a downstream site around [29.63, -89.93]. It includes the region of 

Hurricane & Storm Damage Risk Reduction System (HSDRRS) (IPET 2009). The perimeter of 

this model is set based on the contour of the watershed with USGS Hydrologic Unit Code 

080701 (“Lower Mississippi-Baton Rouge”) and levees of the HSDRRS.  

The HEC-RAS software allows users to add hydraulic structure models into a 2D flow area to 

model the hydraulic mechanics of different types of hydraulic structures, which will affect the 

WSL distribution inside a 2D flow area, especially for an urban area with comprehensive flood 

risk reduction system like the HSDRRS region. In this HEC-RAS 2D regional model, a series of 

pump stations, flood gates, and barriers are involved inside the area of HSDRRS.  
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As shown in Figure 53, constant flow is used as the upstream boundary condition of MR, and 

ADCIRC-derived storm surge time series are used as a downstream boundary condition for the 

MR and as boundaries along the coastal line of Lake Pontchartrain and Lake Borgne. TCR 

model-derived grided rainfall time series, as mentioned in Section 3.2, is used to cover the whole 

model area to facilitate storm rainfall input.  

A synthetic TC suite adapted/interpolated from the CHS-LA study (Nadal-Caraballo et al. 

2022b) is used to generate the aforementioned ADCIRC-derived storm surge time series and 

TCR model-derived grided rainfall time series. A MATLAB program adapted from Leon and 

Goodell (2016) is developed to automatically input boundary conditions and collect the result 

(e.g., WSL) of each synthetic TC event, considering the combined inputs from storm surge and 

rainfall. This provided a set of synthetic results that “maps” TC parameters predictors (Δ𝑃, 𝑉f, 

𝑅max , Θ, lat, and lon) to peak CCF WSL response. Then, given the the demonstrated strong 

performance of GPR prediction models (e.g., Jia and Taflanidis 2013; Jia et al. 2016; Taflanidis 

et al. 2014; Zhang et al. 2018), a GPR surrogate model was trained using the simulation results 

and used to efficiently compute the CPT of node 𝑍̂ in conjunction with the MCS approach 

described above. Figure 54 shows the 10-fold cross-validation performance of this surrogate 

model, which demonstrates sufficient accuracy for the purposes of this illustrative study. 
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(a) (b) 

Figure 54: 10-fold cross-validation performance of the surrogate model. (a) Node 1; (b) Node 2 

 

 

5.4  Tier-3 Bayesian Network Construction  

In the Tier-3 BN, climate conditions and flood antecedent conditions are added to build a more 

comprehensive CCF BN. In this study, the theory of Kang and Elsner  (2015) is used to guide 

assumptions regarding the impact of climate change on TC activity. As a result, it is assumed 

that, under sea surface temperature (SST) rise, the ratio of HI TC to all intensity TCs increased, 

but the SRR of all intensity TCs decreased. However, the BN is sufficiently flexible to 

accommodate alternate approaches. In addition, the Tier-3 BN incorporates expanded models for 

antecedent conditions, namely seasonality of the MR and antecedent precipitation in the MR 

basin. Figure 55 presents the Tier-3 BN constructed in this study, and Table 12 lists the physical 

definition of each node inside the Tier-3 BN. 
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Figure 55: Tier-3 BN 

Table 12 physical meaning of each node in Tier-3 BN 

Notation Physical definition Notation Physical meaning 

𝐶: Global averaged SST rise 
relative to the year of 2020 

(℃) 

𝑍̂: WSL resultant from storm surge, storm 
rainfall and river flow predicted by 

model (m) 

𝐿: Sea level rise (SLR) (m) 𝑍: WSL resultant from storm surge, storm 
rainfall and river flow with model error 

considered (m) 

𝑆a: Antecedent river season 𝑍l : WSL with SLR involved (m) 

𝑃a Antecedent river basin 
precipitation 

  

Note: Nodes not included have the same physical definition as Tier-1 BN and Tier-2 BN (See 

Table 9 and Table 11). 

The Tier-3 BN contains three models:   
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• SST-tropical cyclone model (as depicted by the blue link in Figure 55): Potential SST 

rise scenarios are captured by node 𝐶, which is set as the a parent node of TC intensity 

(node 𝐼) to account for the impact of climate change on TC activity.  

• Antecedent moisture conditions-river models (as depicted by red links in Figure 55): 

Antecedent condition nodes (𝑆a and 𝑃a) are set as parents of river flow (node 𝑄) to 

account for the impact of antecedent conditions on river flow. 

• SLR model (as depicted by green links in Figure 55): Potential SST rise scenarios are 

captured by node 𝐶, which is set as a parent node of SLR node (𝐿) reflecting the impact 

of climate on sea-level. The final CCF WSL node (𝑍l) is a child of nodel 𝐿 to capture 

impact of SLR on WSL. 

 

In addition, the Tier-3 BN leverages models described in the Tier-2 BN. These models are 

reflected by the grey links in Figure 55. Additional details regarding the generation of CPTs 

associated with each of the above models are provided in the subsections that follow. 

5.4.1  Sea surface temperature-tropical cyclone model 

A series of studies have investigated the impact of climate condition change on TC activity. 

Webster et al. (2005) found that, during 1970~2004, an increase in the number of HI TCs was 

observed with a decrease in the number of all TCs, except the case of the North Atlantic Ocean 

during 1995~2004. Kang and Elsner  (2015) concluded that the TC intensity increased along 

with a decrease in TC frequency during 1985~2014. Wu et al. (2022) performed a review of 

current understanding of the effect of climate change on basin-wide TC intensity and concluded 

that the degree of climate change to TC is unclear, and it is also unclear when this impact will be 
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detectable. Knutson et al. (2019) assessed whether the detectable change in TC activity is 

identifiable and focused on the possible detection error. Roberts et al. (2020) simulated the 

impact of climate change on TC properties with multiple models and made comparisons. 

Gutmann et al. (2018) performed a high-resolution regional climate modeling experiment with 

the Weather Research and Forecasting model and found that storm rainfall increased in the study 

region under climate change. While there is currently a lack of well-established models that can 

predict the characteristics of TCs under future climate change, the goal of the Tier-3 BN is to 

facilitate the inclusion of climate change considerations.  

Based on the findings of Kang and Elsner  (2015), this case study implements the assumption 

that climate change will cause a decrease in the storm recurrence rate (SRR) of TC in the North 

Atlantic but an increase in their intensity. Considering the lack of an elaborated SST-TC model 

and uncertainty regarding what degree climate change will impact TC (Wu et al. 2022), only a 

small range of SST rise is considered. In the Tier-3 BN, a climate condition node (C) is used to 

represent the rise in SST.  A simplified SST-TC intensity relation is used in this case study. It 

assumed that as the SST increases, the SRR decreases linearly. Furthermore, a trade-off is 

assumed to exist between high-intensity (HI) and low-intensity (LI) cyclones, i.e., with the 

increase of SST, the proportion of HI TC increases while the proportion of LI TC decreases. The 

simplified SST-TC relation is used to build the CPT of the intensity node 𝐼 in the Tier-3 BN.  

5.4.2  Antecedent moisture conditions-river models 

Previous studies have investigated the impact of flood antecedent conditions on flood events. For 

example, Michele and Salvadori (2002) present a peak flood analytical formulation that involves 

antecedent moisture conditions based on river season and antecedent rainfall. Bennett et al. 
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(2018) investigate the effects of antecedent precipitation on flood volume. Grillakis et al. (2016) 

investigate the importance of the initial soil moisture state for flash flood magnitudes. In this 

case study, the river seasonality and antecedent precipitation are combined to build a flood 

antecedent moisture (AMC) condition model to enable increased refinement in the modeling of 

antecedent conditions. 

Michele and Salvadori (2002) identified antecedent precipitation and river season as the two 

factors that contribute to river AMC. In this case study, two nodes are used to represent AMC of 

the MR, i.e., antecedent river season (𝑆a) and antecedent river basin precipitation (𝑃a ). The node 

𝑆a is defined in the same way that 𝑆 node is defined in Tier-1 BN. For node 𝑃a, the antecedent 

river basin precipitation value is calculated as the basin-averaged accumulated rainfall for the 

prior five days. The “PRISM Climate Data” (PRISM 2023) is used as a database to inform the 

development of the marginal distribution of this node. Specifically, five-day accumulated basin-

averaged rainfall from 1980~2015 are randomly selected to generate independent statistical 

samples for 𝑃a and a GEV distribution (MathWorks 2022) is used for fitting the marginal 

distribution. In this case study, a linear regression rainfall-runoff model derived from HEC-RAS 

rainfall-runoff simulations is used to characterize the relationship between 𝑃a and 𝑄.  This linear 

regression rainfall-runoff model is plotted in Figure 56. 
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Figure 56: Linear regression rainfall-runoff model 

5.4.3  Sea level rise model 

In this case study, a node representing the SLR (node 𝐿) is added as a child on node 𝐶 

representing climate conditions. A cubic SLR function from Roper (2016) is used to characterize 

the relationship between SST and SLR and define the CPT between node 𝐶 and node 𝐿. Kyprioti 

et al. (2021) investigated the performance of incorporating SLR scenarios into storm surge 

surrogate models and concluded a series of strategies to develop a high-accuracy storm surge 

surrogate model incorporating SLR. In the North Atlantic Coast Comprehensive Study (NACCS) 

(Nadal-Caraballo et al. 2015), the linear superposition method is used to incorporate SLR into 

the water level results due to the complexity and extent of the hydrodynamic model. It is noted 

that the NACCS discusses the potential error induced by linear superposition. In this study, for 

simplicity, SLRs are superimposed on WSL (i.e., 𝑍l = 𝑍t + 𝐿) as a means of generating the CPT 

for node 𝑍l.  
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5.5  Results 

As illustrated in Section 2 ~ Section 4, three tiers of BN were constructed for a case study in 

New Orleans, LA. Leveraging these three BNs, probabilistic analyses of CCF are performed. In 

Section 5.1, the CCF WSL distributions generated from different BNs are assessed. It is 

emphasized that the BNs are built using illustrative, limited-scope models and statistical analysis 

results that differ from other studies. Thus, the results do not reflect actual hazards at the study 

nodes. Nonetheless, the results presented in Section 5.1 demonstrate the benefits and challenges 

associated with using the proposed framework. As a supplemental benefit of the use of BNs, 

Section 5.2 shows how a BN-based deaggregation method scheme Chapter 4 can be applied to 

better understand CCFs.   

5.5.1  Coastal compound flood distribution 

Figure 57 plots the CCF WSL distribution under two seasonality categories generated by Tier-1 

BN, assuming the occurrence of a tropical cyclone of unknown characteristics. It can be 

observed that the CCF WSL distribution under Season 1 has a slightly higher modal WSL value 

than Season 2, which captures the seasonal differences in MR river flow and storm parameter 

probabilities. 
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Figure 57: CCF WSL distribution generated by Tier-1 BN 

Figure 58 plots the CCF WSL distribution under three TC intensity categories generated by Tier-

2 BN. It can be observed that CCF WSL increases with the TC intensity (i.e., the probability 

distributions shift rightward), which is primarily caused by the connection between higher Δ𝑃 

and higher CCF WSL. However, it is noted that the joint distribution model for TC parameters 

captures the complex dependencies in storm parameters and their resulting influence on CCF 

WSL.   
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Figure 58: CCF WSL distribution generated by Tier-2 BN 

Figure 59 plots the CCF WSL distributions and hazard curves under illustrative SST rise 

scenarios generated by Tier-3 BN. A clear trend can be observed that with the rise of SST, the 

CCF WSL distributions shift rightward, which represents a more critical CCF prediction. 

Meanwhile, with the rise of SST, the predicted hazard curve (hazard curve reflected reduced 

SRR under the rise of SST) rises. 
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Figure 59: CCF WSL distribution under Tier-3 BN (top row); Hazard curve (CCF WSL) under 
Tier-3 BN (bottom row) 

To quantitatively compare CCF predicted by multiple models, Table 13 lists examples of 100-, 

200-, and 500-year CCF WSL predicted by Tier-1 BN, Tier-2 BN, and the Tier-3 BN (under a 

moderate SST rise scenario) considering the illustrative modeling choices made in this study.  

Table 13 Tabulated CCF predicted under different models and scenarios 

 
 100-year 200-year 500-year 

Node 

1 

Tier-1 BN 6.2 m 6.9 m 7.8 m 

Tier-2 BN 5.4 m 6.1 m 7.0 m 

Tier-3 BN (moderate SST rise) 8.4 m 9.3 m 10.3 m 

Node 

2 

Tier-1 BN 5.7 m 6.3 m 7.0 m 

Tier-2 BN 4.8 m 5.3 m 5.9 m 

Tier-3 BN (moderate SST rise) 7.8 m 8.4 m 9.0 m 

5.5.2  Coastal compound flood deaggregation 

Chapter 4 developed a BN-based coastal hazard deaggregation method. This deaggregation 

method can provide insights to inform the TC parameter domain of potentially severe coastal 

hazards, which is helpful for risk-informing and decision-making processes and refined analyses. 

Here, this deaggregation method is applied for CCF. An evidence case (EC) of CCF WSL > 5.13 

m is utilized here to evaluate the performance of this tiered BN framework in identifying the 

dominant TC parameter combinations of significant CCF events. 
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First, to visualize the track information of dominant TCs, Figure 60 shows the pair-wise joint 

probability mass (PM) plot of 𝑋0 (landfall location) and Θ (track angle) under EC generated from 

Tier-1 BN, Tier-2 BN and Tier-3 BN (moderate SST rise scenario). The no-evidence case is 

plotted for comparison. It can be observed that the input of EC notably affects the pair-wise joint 

PM of 𝑋0 and Θ (compared with no-evidence case). The dominate track parameters are 

concentrated around the same dominate values across all tiers. However,  Tier-2 BN generates a 

more coherent range of dominant TC tracks compared to Tier-1 BN. Under Tier-3 BN  (with a 

moderate SST rise scenario), a notable expansion of the range of dominant TCs tracks compared 

to Tier-2 BN is observed. 
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Figure 60: Pair-wise joint PM of 𝑿𝟎  and 𝚯 under EC (WSL > 5.13 m) 

The contributions of Δ𝑃,𝑉f and 𝑅max  in conjunction with the TC track variables are visualized in 

Figure 61 to Figure 63 as 3D stacked bar plots with partitions of Δ𝑃,𝑉f  and 𝑅max  identified with 

different colors. From Figure 61, it can be observed that TCs with high Δ𝑃 (Δ𝑃 >48 hPa) 

dominant most dominant TC tracks for the high WSL EC.  Under the Tier-3 BN (with a moderate 

SST rise scenario), the portion of relatively low Δ𝑃 slightly increased relative to the inissights 

from other tiers. Figure 62 shows that moderate 𝑉f (25 km/hr >Vf >15 km/hr) dominant most 

dominant TC tracks under EC, which is similar to the no-evidence case. Figure 63 shows that the 
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contribution of small 𝑅max  (𝑅max <60 km) dominant most dominant TC tracks under EC, which 

is also similar to the no-evidence case.  
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Figure 61: 3D stacked bar plot of TC track information with 𝚫𝑷 identified with colors 
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Figure 62: 3D stacked bar plot of TC track information with 𝑽𝐟  identified with colors 

 

 

Figure 63: 3D stacked bar plot of TC track information with 𝑹𝐦𝐚𝐱  identified with colors 
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5.6  Conclusion of Chapter 5 

In this work, a framework for constructing multiple tiers of CCF BN model is established. The 

motivation behind this framework lies in the idea of creating tiered BN models that become 

progressively more complex as more data and computing resources become available. The 

simplest BN only considers storm surge and river processes as mechanisms contributing to CCF, 

while the most sophisticated BN incorporates both rainfall and potential climate conditions as 

additional CCF mechanisms.  

The framework is implemented for a case study conducted in New Orleans, LA. A series of joint 

distribution, numerical, machine learning, and experimental models are used to build specific 

multiple tiers of BN for this study region. CCF Probabilistic analysis and deaggregation are 

performed based on established multiple tiers of BN. Although a series of simplifications and 

coarse assumptions are used herein, the results demonstrate the promise of these BN models in 

generating CCF distribution under various resource availability levels. Furthermore, the 

deaggreagtion results highlight the potential of this series of BN models for the identification of 

dominant TC of CCF events that might bring substantial damage to coastal communities, which 

is helpful for both risk-informing decision-making related to CCFs and identifying the potential 

need for high-fidelity numerical CCF events modeling.  

It is important to note that data and computing resources needed to implement this tiered BN 

framework may differ depending on the study region. In particular, additional nodes, dependence 

models, and more sophisticated process models may be necessary to account for the temporal 

process of CCF mechanisms in a given region (Joyce et al. 2018). In the Tier-3 BN, alternative 

strategies like linking climate change and moisture and rainfall can be explored. As climate 
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models continue to evolve, there is also room for integrating more sophisticated regional climate 

change and TC activity models into this framework.  

In summary, the adaptability and complexity of the BN framework should be tailored to the 

unique characteristics and data availability of the study region, allowing for a more precise 

representation of CCF events over time. 

 

Chapter 6: Summary and Future Work 

6.1  Summary 

This dissertation documents a series of efforts to extend the current PCHA (Nadal-Caraballo et 

al. 2020, 2022a; b) and enables its usage for coastal compound flood analysis. 

In Chapter 2, machine learning techniques are used to develop a data imputation method to “fill 

in” missing storm parameter records in historical datasets used for JPM-based coastal hazard 

analysis. The study extends upon previous imputation work performed by the USACE. 

Specifically, ANN and GPR models are investigated as candidate machine learning-derived data 

imputation models, and the performance of different model parameterizations is assessed. 

Candidate imputation models are compared against existing statistical relationships. The effect of 

the data imputation process on statistical analyses (marginal distributions and correlation 

measures) is also evaluated for a series of example coastal reference locations. It is found that a 

GPR model (with baseline parameterization) outperforms other models assessed in this work. 

Overall, the potential of using efficient machine learning models for imputing missing historical 

storm data is demonstrated. 
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In Chapter 3, a series of TC parameters joint distribution models are comparatively assessed. 

Those models are based on assumptions of parameter independence, partial dependence (i.e., 

dependence between central pressure deficit and radius of maximum wind), and full dependence. 

Full dependence models consider a range of copula models, such as the Gaussian copula and 

vine copulas that combine linear-circular copulas with Gaussian or Frank copulas. The Gaussian 

copula represents the current state of practice used by the USACE. However, the consideration 

of linear-circular copulas allows for the characterization of correlation between linear variables 

(e.g., Δ𝑃, 𝑉f and 𝑅max ) and circular variables (e.g., Θ). The sensitivity of the results to different 

joint distribution models is assessed by comparing hazard curves at representative locations in 

New Orleans, LA (USA). The stability of hazard curves generated using an MGC considering 

variation in the selection of the zero-degree convention is also assessed. The tail dependence 

between large central pressure deficit and large radius of maximum wind associated with various 

copula models are also compared. It is found that the linear-circular copula and Frank copula-

based vine copula model improve the stability of hazard curves and maximize tail dependence 

between large Δ𝑃 and large 𝑅max . However, the MGC models exhibit good performance within 

this study region (due to the limited range of heading values of landfalling storms in the region) 

and have the advantage of being easier to implement than vine copulas.  

In Chapter 4, a BN-based framework for coastal hazard deaggregation is developed. Copula-

based joint distribution models are applied to characterize the dependence among TC 

atmospheric parameters and compute CPTs for TC atmospheric parameters nodes in the BN. 

Machine-learning-based surrogate models are applied to characterize the relationship between 

TC atmospheric parameters and coastal hazards and compute CPTs for coastal hazard nodes in 

BN. Case studies are applied to New Orleans, LA. The primary accomplishment of this work is 
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the development of a deaggregation method for multiple coastal hazards. Leveraging this 

deaggregation method, the dominant TCs that have the potential to generate large storm surges 

and storm rainfall (and their combinations) in the study region are identified.  

In Chapter 5, a multiple tiers BN CCF analysis framework is established. In this framework, 

multiple tiers of BN models with different complexities are designed for study cases with 

varying levels of data availability and computational resources. A case study is conducted in 

New Orleans, LA to implement this framework. In the Tier-1 BN model, storm surge and river 

flow are involved based on ADCIRC simulations. A seasonality node is used to capture the 

dependence between concurrent river flow and TC parameters. Historical river discharge records 

and historical storm datasets are leveraged to build probability models of concurrent river flow 

and joint distribution models of TC parameters under separate meteorological seasons. In the 

Tier-2 BN model, joint distribution models of TC parameters are built for separate TC intensity 

categories. Storm rainfall is incorporated based on HEC-RAS simulations. In the Tier-3 BN 

model, potential climate change scenarios are incorporated and directly impact TC activity and 

SLR. Flood antecedent conditions are also involved to enhance the overall model completeness. 

In the case study, a series of joint distribution, numerical, machine learning, and experimental 

models are used to compute conditional probability tables needed for BNs. Probabilistic analyses 

are performed based on established BN models. The results demonstrate the promise of this 

framework in performing CCF hazard analysis under various resource availability constraints. 

6.2  Key Contribution 

This dissertation offers the following major contributions that support the extension of the 

USACE’s PCHA framework for analysis of CCFs: 
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• Explored and comprehensively assessed the performance of multiple machine learning 

strategies to impute missing observations in historical storm datasets using a holistic 

statistical and physically-informed evaluation.  

• Implemented a series of circular-variable statistical techniques (e.g., linear-circular vine 

copulas, VKF) in the JPM analysis of TC parameters and improved the robustness of 

hazard curves under modeling conventions associated with storm heading.  

• Comparatively assessed the performance of different joint distribution models for TC 

parameters ranging from independence to full dependence models (including MGC and 

different vine copulas) and provided insights regarding the tradeoffs between statistical 

accuracy and implementation practicality.  

• Developed a BN-motivated deaggregation method for multiple coastal hazards that 

enables the identification of dominant contributors to significant coastal hazards (i.e., 

coastal hazards that equal or exceed a specified threshold) to inform decision-making 

processes and model refinements. 

• Leveraged BN inference analysis to investigate the correlation between storm surge and 

storm rainfall in inland and coastal locations of the case study region (i.e., New Orleans, 

LA) and visualized this correlation. 

• Conceptualized and developed CCF analysis framework comprised of multiple tiers of 

BN models that can be scaled based on case needs and resources for probabilistic coastal 

compound flood analysis. 
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• Applied the multi-tiered BN CCF analysis framework to an illustrative case study and 

demonstrated its promise for predicting CCF hazards under potential climate change 

scenarios. 

 

 

6.3  Future Work 

Following a series of efforts and accomplishments presented in this dissertation, a discussion of 

future work is presented here. The majority of this dissertation focused on using the region of 

New Orleans, LA, as a case study area. Situated in the Gulf of Mexico, this region is exposed to 

a notably high risk of coastal hazards (IPET 2009). However, it’s important to note that factors 

such as TC parameter statistical property (explored in Chapter 3), the dominant TC range of 

potentially severe coastal hazard (as investigated in Chapter 4), and CCF mechanisms (as 

established in Chapter 5) may vary in other regions, such as the eastern coast of the U.S, which is 

also under high risk of coastal hazards (Cialone et al. 2015; Nadal-Caraballo et al. 2015). 

Therefore, future work will extend and apply the methodologies and frameworks developed in 

this dissertation to other study regions. It is anticipated that statistical conclusions (e.g., 

regarding the relative tradeoffs between the use of circular-variable enabling vine copulas and 

the MGC) may differ for other study regions.  

In addition to the extension of the effort devoted to this dissertation, there is a pressing need to 

develop more advanced tools and models for coastal hazard analysis. Surrogate models play a 

pivotal role in efficiently generating storm response in coastal hazard analysis. For CCF analysis, 

a CCF WSL surrogate model can significantly reduce the computational expenses associated 
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with numerical modeling. In Chapter 5, a simplified CCF WSL surrogate model trained based on 

synthetic storm suites is employed. However, there is a need for more sophisticated surrogate 

models capable of predicting CCF under realistic storm scenarios. One promising approach can 

be combining HEC-RAS simulations with deep learning techniques, using storm time-series data 

as predictors (Lee et al. 2021).  

Under the context of climate change, the extent to which TC activity will be impacted is 

uncertain (Wu et al. 2022). To enhance our ability to predict coastal hazards under potential 

climate change, it is of high interest to invest effort in developing models that can capture the 

relationship between regional climate conditions and TC activity.  

Meanwhile, it is important to emphasize that, under coastal hazards, coastal urban areas might 

suffer more losses than remote areas. However, conducting coastal hazard analysis within urban 

areas becomes notably complex due to the presence of urban infrastructure and human factors 

(Gallien et al. 2018). More sophisticated BN models with human factors involved can be a 

potential strategy to enhance the capability of  PCHA inside urban areas. 

Lastly, considering the significance of the temporal effect during a CCF (Joyce et al. 2018), it is 

of high interest to explore the potential of implementing dynamic BN(Ghahramani 1998; Sen et 

al. 2022) in CCF analysis, which is an extension of standard BN that can account for the varying 

dependence between variables under temporal process. 
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Appendix A:  Supplemental information for Chapter 2 

To facilitate a consistent characterization of storm climatology, the USACE’s CHS-PCHA 

framework develops marginal distributions and computes storm recurrence rates and parameter 

correlations along an idealized coastline discretized into a series of CRLs. The application of the 

CHS-PCHA framework is illustrated in Error! Reference source not found.. 

 

Figure A-1: Flowchart of the USACE’s CHS-PCHA statistical analysis 

The process uses the imputed storm data matrix as the input data. An assessment of storm 

climate is performed by first extracting storms within 600 km of each CRL. To estimate the 

marginal distributions of the storm parameters, the framework develops the d istributions in a 

manner that accounts for the spatial distance of storm points from the CRLs. Therefore, a 

distance-weight adjustment is conducted for all data sampled at a given CRL. The steps for 

performing the statistical data sampling in the USACE’s CHS-PCHA are as follows: 

For each storm passing through the 600 km radius capture zone of a CRL, calculate a distance-

based weight 𝑤(𝑑𝑖) for each track point of the storm. 

𝑤(𝑑𝑖
) =

1

√2𝜋ℎ𝑑
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where 𝑑𝑖 is the distance between the location associated with data point 𝑖 and CRL. ℎ𝑑 is the 

optimal kernel size, which is taken as 200 km (Nadal-Caraballo et al. 2019). 

For each storm, extract the track point with the largest intensity index 𝐼Δ𝑝  as the sampling 

location. 

𝐼Δ𝑝𝑖
= 𝑤(𝑑𝑖

)Δ𝑝𝑖  (A-2) 

where Δ𝑝𝑖 is the central pressure deficit recorded (or imputed) at track point 𝑖. 

Compute the mean 𝜇 and standard deviation 𝜎 of the storm parameters at sampling locations 

𝜇 =
∑ 𝑥𝑖

𝑁
𝑖 =1

𝑁
  (A-3) 

𝜎 = √
∑ (𝑥𝑖 −𝜇)2𝑁

𝑖=1

𝑁−1
  

(A-4) 

Where 𝑥𝑖 is the observed value of storm parameter at the 𝑖th sampling location, 𝑁 is the number 

of sampling locations. 

Use the values computed in Step 2 to compute a z-score for normalizing the parameters 

𝑧𝑖 =
𝑥𝑖 −𝜇

𝜎
  (A-5) 

The value 𝑧𝑖 is the normalized index of optimal sampling location point 𝑖’s data 

Use the distance-based weight to compute a distance-weighted mean and standard deviation for 

each parameter 

𝜇𝐷𝑊 =
∑ 𝑤(𝑑𝑖)𝑥𝑖

𝑁
𝑖 =1

∑ 𝑤(𝑑𝑖 )𝑁
𝑖=1

  (A-6) 
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𝜎𝐷𝑊 = √
∑ 𝑤(𝑑𝑖

)(𝑥𝑖 −𝜇𝐷𝑊
)2𝑁

𝑖 =1

(𝑁−1́

𝑁́
)∑ 𝑤(𝑑𝑖)𝑁

𝑖 =1

  

(A-7) 

where 𝜇𝐷𝑊  is the distance-adjusted mean and 𝜎𝐷𝑊  is the distance-weight adjusted standard 

deviation. 

Apply the distance-adjusted mean and standard deviation and the z-score to compute a new, 

distance-adjusted storm parameter 

𝑥′𝑖 = 𝑧𝑖𝜎𝐷𝑊  + 𝜇𝐷𝑊  (A-8) 

As a result, this process is a transformation of the storm parameters relative to a CRL based on 

the parameter’s distance from that location. The development of the marginal distribution and the 

correlation analysis is then performed by using the distance-adjusted values. 
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Appendix B: Supplemental information for Chapter 3, Part 1 

B.1  Linear-circular copula comparison 

The JW linear-circular copula is derived from a linear-circular joint distribution provided by 

Johnson and Wehrly (1978). The JW linear-circular joint distribution contains a circular random 

variable 𝜃 and a linear random variable 𝑥, and the joint PDF 𝑓(𝜃, 𝑥) can be expressed as (Lin 

and Dong 2019): 

𝑓(𝜃, 𝑥) = 2𝜋𝑔(𝜉)𝑓Θ
(𝜃) 𝑓𝑋 (𝑥) (B-1) 

where 𝑓Θ(𝜃) and 𝑓𝑋(𝑥) are the marginal PDFs of circular variable Θ and linear variable 𝑋. 𝑔(𝜉) 

is the PDF of the “coupling variable” 𝜉, which is defined as: 

𝜉 = {
2𝜋(𝑢 − 𝑣), 𝑢 ≥ 𝑣

2𝜋(𝑢 − 𝑣 + 1), 𝑢 < 𝑣
 (B-2) 

where 𝑢 = 𝐹Θ(𝜃) and 𝑣 = 𝐹𝑋 (𝑥). The distribution of 𝜉 is usually represented by a mixture of two 

von Mises distributions (MvM2) (Carta et al. 2008). According to Skalar’s theorem, we can write 

the JW linear-circular copula PDF as: 

𝑐𝐽𝑊 (𝐹Θ
(𝜃) , 𝐹𝑋

(𝑥) ) =
𝑓(𝜃 , 𝑥)

𝑓Θ
(𝜃) 𝑓𝑋

(𝑥)
=

2𝜋𝑔(𝜉)𝑓Θ
(𝜃) 𝑓𝑋

(𝑥)

𝑓Θ
(𝜃)𝑓𝑋

(𝑥)
 

=  {
2𝜋𝑔(𝐹Θ

(𝜃) − 𝐹𝑋
(𝑥)), 𝐹Θ

(𝜃) ≥ 𝐹𝑋
(𝑥)

2𝜋𝑔(𝐹Θ
(𝜃) − 𝐹𝑋

(𝑥) + 1), 𝐹Θ
(𝜃) < 𝐹𝑋

(𝑥)
 

(B-3) 

The QS linear-circular copula was introduced by (García-Portugués et al. 2013), which is derived 
from corollary 3.2.5 of the QS copula in Nelsen (2007). The QS copula PDF is defined as follow: 

𝑐𝑄𝑆(𝐹Θ
(𝜃), 𝐹𝑋

(𝑥)) = 1 + 2πα(1 − 2𝐹𝑋
(𝑥))cos (2π𝐹Θ

(𝜃) ) (B-4) 

Where 𝛼 is the copula parameter, |𝛼| ≤ (2𝜋)−1 . Here we used our statistical sampling data to fit 

both two linear-circular copulas. Figure B-1 plots the pair-wise PDF surface of each fitted linear-
circular copula. We use the copula log-likelihood ℒ to compare the fit of copulas to the data. The 

copula log-likelihood ℒ is calculated as: 

ℒ = ∑ln (𝑐(𝐹Θ
(𝜃𝑖

), 𝐹𝑋
(𝑥 𝑖

))) (B-5) 
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Where 𝜃𝑖 is the 𝜃 value of the 𝑖 th data point, 𝑥𝑖 is the corresponding linear variable value of the 𝑖 

th data point. Larger values of ℒ indicate a better fitted copula of the data. The computed values 

of ℒ for each pair copula are provided in Figure B-1. For each pair copula, except the case of pair 

copula between Δ𝑃 and Θ of LI, the JW linear-circular copula has a higher log-likelihood value 

than the QS linear-circular copula. Additionally, for each case, the QS linear-circular copula 

generates a symmetrical pair-wise PDF surface while the JW linear-circular copula does not, which 

suggests the JW linear-circular copula has higher flexibility than the QS linear-circular copula, 

though perhaps also exhibiting a higher potential for overfitting. 

 

LI 

JW  

   

ℒ = 1.22 ℒ = 2.55 ℒ = 3.72 

QS 

   

ℒ = 5.52 ℒ = 0.05 ℒ = 2.7 

MI 
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JW  

   

ℒ = 3.22 ℒ = 2.92 ℒ = 3.94 

QS 

   

ℒ = 0.74 ℒ = 0.99 ℒ = 0.19 

HI 

JW  

   

ℒ = 5.43 ℒ = 1.53 ℒ = 7.83 
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QS 

   

ℒ = 4.19 ℒ = 0.37 ℒ = 3.19 

Figure B-1: The pair-wise PDF surface of JW linear-circular copula and QS linear-circular 
copula. The corresponding copula log-likelihood values are presented under each plot  

B.2   Vine copula joint PDF derivation 

In the LCGV, TC atmospheric parameter data (i.e., the distance-adjusted data) are used to fit the 

three pair-wise joint linear copulas (𝐶14, 𝐶24 ,𝐶34 ) in Tier 1, as illustrated in the left graphic of 

Figure 18. Next, the joint linear-circular copulas are used to calculate the conditional copula values 
(𝐶1|4, 𝐶2|4, 𝐶3|4) at data points as shown in the middle box of Figure 18.  First, we derive the 

expressions used to calculate 𝐶𝑖|𝑗.  Letting 𝑢𝑖 = 𝐹𝑖 (𝑥𝑖), 𝐶𝑖|𝑗 is calculated as: 

𝐶𝑖|𝑗(𝑢𝑖|𝑢𝑗) = 𝐹𝑖 |𝑗(𝑥 𝑖|𝑥𝑗) = 𝑃(𝑋𝑖 ≤ 𝑥 𝑖
|𝑋𝑗 = 𝑥𝑗)  = ∫ 𝑓𝑖|𝑗(𝑥 𝑖|𝑥𝑗)𝑑𝑥𝑖

𝑥𝑖

−∞

= ∫
𝑓𝑖𝑗 (𝑥 𝑖 ,𝑥𝑗)𝑑𝑥 𝑖

𝑓𝑗 (𝑥𝑗)
= ∫ 𝑐𝑖𝑗 (𝑢𝑖 ,𝑢𝑗)𝑓𝑖

(𝑥 𝑖
)𝑑𝑥 𝑖

𝑥𝑖

−∞

= ∫ 𝑐𝑖𝑗(𝑢𝑖 , 𝑢𝑗)𝑑𝑢𝑖

𝑢𝑖

0

𝑥𝑖

−∞

 

(B-6) 

Where it is noted that the copula density 𝑐𝑖𝑗(𝑢𝑖 ,𝑢𝑗) may be expressed as the ratio of the joint PDF 

of 𝑋𝑖 and 𝑋𝑗 to the product of the marginal PDFs, i.e., 𝑐𝑖𝑗(𝑢𝑖 ,𝑢𝑗) =
𝑓𝑖𝑗 (𝑥𝑖 ,𝑥𝑗 )

𝑓𝑖 (𝑥𝑖)𝑓𝑗 (𝑥𝑗)
. 

The computed conditional copula CDF values 𝐶𝑖|𝑗  are used to fit the Tier 2 copula 𝐶123|4, as shown 

in the rightmost graphic of Figure 18. Given the 𝐶123|4, which is a three-dimensional MGC the 

copula density function 𝑐123|4 can be derived. We have: 

𝑐123|4
(𝑢1 ,𝑢2, 𝑢3

|𝑢4
) =

𝜕3 𝐶(𝑢1, 𝑢2 ,𝑢3
|𝑢4

)

𝜕𝑢1𝜕𝑢2𝜕𝑢3

 (B-7) 

Given the copula density 𝑐123|4 (𝑢1,𝑢2, 𝑢3|𝑢4) , the joint density can be derived as follows. First, it 

is noted that the joint PDF 𝑓1234 (𝑥1,𝑥2, 𝑥3,𝑥4) can  be expressed as: 

𝑓1234
(𝑥1,𝑥2,𝑥3 ,𝑥4

) = 𝑓123|4
(𝑥1,𝑥2 ,𝑥3

|𝑥4
)𝑓4

(𝑥4
) (B-8) 
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where the 𝑓123|4(𝑥1,𝑥2,𝑥3|𝑥4) is the conditional joint PDF of 𝑋1, 𝑋2 and 𝑋3 given 𝑋4. 

According to Skalar’s theorem for the 3-dimensional copula and 2-dimensional copula, we have 

𝑓123|4
(𝑥1,𝑥2,𝑥3

|𝑥4
) = 𝑐123|4 (𝐹1|4

(𝑥1
|𝑥4 ), 𝐹2|4

(𝑥2
|𝑥4 ), 𝐹3|4

(𝑥3
|𝑥4

)) 

 ∗ 𝑓1|4 (𝑥1
|𝑥4

)𝑓2|4
(𝑥2

|𝑥4
)𝑓3|4

(𝑥3
|𝑥4 ) 

(B-9) 

Where: 

𝑓1|4
(𝑥1

|𝑥4
) = 𝑐14 (𝐹1

(𝑥1
),𝐹4

(𝑥4
))𝑓1(𝑥1) 

𝑓2|4
(𝑥2

|𝑥4
) = 𝑐24 (𝐹2

(𝑥2
), 𝐹4

(𝑥4
))𝑓2 (𝑥2) 

𝑓3|4
(𝑥3

|𝑥4 ) = 𝑐34 (𝐹3
(𝑥3

), 𝐹4
(𝑥4

))𝑓3 (𝑥3) 

(B-10) 

Combing the above expressions, we can calculate the joint PDF as: 

𝑓1234
(𝑥1,𝑥2,𝑥3 ,𝑥4

) = 𝑐123|4 (𝐹1|4
(𝑥1

|𝑥4 ), 𝐹2|4
(𝑥2

|𝑥4 ), 𝐹3|4
(𝑥3

|𝑥4
)) 

∗ 𝑐14 (𝐹1
(𝑥1

),𝐹4
(𝑥4

)) 𝑐24 (𝐹2
(𝑥2

),𝐹4
(𝑥4

)) 𝑐34 (𝐹3
(𝑥3

), 𝐹4
(𝑥4

)) 

∗ 𝑓1
(𝑥1

)𝑓2
(𝑥2

)𝑓3
(𝑥3

)𝑓4
(𝑥4

) 

(B-11) 

 

 

 

B.3  Estimated copula parameters 

Table B-1: Estimated copula parameters 

 LI MI HI 

MGC 𝑅 = [

1 −0.0599 −0.3165 0.0678
0.0599 1 −0.2092 0.3130

−0.3165 −0.2092 1 −0.0032
0.0678 0.3130 −0.0032 1

]  𝑅 = [

1 −0.0292 −0.1246 0.1156
−0.0292 1 0.1000 0.2152
−0.1246 0.1000 1 0.3017
0.1156 0.2152 0.3017 1

]  𝑅 = [

1 0.1948 −0.4334 0.0514
0.1948 1 0.0991 −0.0237

−0.4334 0.0991 1 −0.1135
0.0514 −0.0237 −0.1135 1

]  

JW Linear-

circular 

copula 

(MvM2) 

𝐶14: 

𝜇1 = 1.30; 𝜅1 = 0.461; 

𝑃1 = 0.504 

𝜇2 = −2.099; 𝜅2 = 0.864; 

𝑃2 = 0.496 

𝐶14: 

𝜇1 = −1.396; 𝜅1 = 1.261; 

𝑃1 = 0.419 

𝜇2 = 2.036; 𝜅2 = 1.271; 

𝑃2 = 0.581 

𝐶14: 

𝜇1 = 0.375; 𝜅1 =  4.920; 

𝑃1 = 0.200 

𝜇2 =  −1.870; 𝜅2 = 1.071; 

𝑃2 = 0.800 

𝐶24: 𝐶24: 𝐶24: 
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𝜇1 = 0.064; 𝜅1 = 8.876; 

𝑃1 = 0.091 

𝜇2 = −2.886; 𝜅2 = 0.597; 

𝑃2 = 0.909 

𝜇1 = −1.569; 𝜅1 = 1.066; 

𝑃1 = 0.842 

𝜇2 = 2.165; 𝜅2 = 1.939; 

𝑃2 = 0.158 

𝜇1 = −2.622; 𝜅1 = 3.228; 

𝑃1 =  0.299 

𝜇2 = −0.461; 𝜅2 = 0.183; 

𝑃2 = 0.702 

𝐶34: 

𝜇1 = 2.114; 𝜅1 = 0.340; 

𝑃1 = 0.506 

𝜇2 = −0.491; 𝜅2 = 0.506; 

𝑃2 = 0.494 

𝐶34: 

𝜇1 = −0.296; 𝜅1 = 5.174; 

𝑃1 = 0.154 

𝜇2 = −2.751; 𝜅2 = 1.126; 

𝑃2 = 0.846 

𝐶34: 

𝜇1 = −2.860; 𝜅1 =  6.148; 

𝑃1 = 0.207 

𝜇2 = 1.091; 𝜅2 = 1.211; 

𝑃2 = 0.793 

QS Linear-

circular 

copula 

𝐶14: 𝛼 = 0.129 

𝐶24: 𝛼 = −0.013 

𝐶34: 𝛼 = −0.096 

 

𝐶14: 𝛼 = −0.095 

𝐶24: 𝛼 = 0.092 

𝐶34: 𝛼 = 0.049 

 

𝐶14: 𝛼 = 0.159 

𝐶24: 𝛼 = 0.081 

𝐶34: 𝛼 = −0.159 

 

LCGV Tier 

2 

𝑅 = [
1

−0.1184
−0.1184 −0.2713

1 −0.1503
−0.2713 −0.1503 1

] 𝑅 = [
1

−0.0119
−0.0119 −0.0654

1 0.0178
−0.0654 0.0178 1

] 𝑅 = [
1

0.0232
0.0232 −0.4408

1 0.1158
−0.4408 0.1158 1

] 

LCFV Tier 2 𝐶12|4: 

𝛼 =-0.579 

𝐶23|4: 

𝛼 =-0.740 

 

𝐶12|4: 

𝛼 =0.057 

𝐶23|4: 

𝛼 =0.159 

 

𝐶12|4: 

𝛼 =1.317 

𝐶23|4: 

𝛼 =-0.205 

 

LCFV Tier 3 𝛼 = −1.599 𝛼 = −0.839 𝛼 = −2.933 

B.4  Log-likelihood of different JPM assumptions 

The log-likelihood of the 𝑗 th JPM assumption is calculated as: 

ℒ 𝑗 = ∑ln (𝑓𝑖
𝑗

) (B-12) 

Where 𝑓𝑖
𝑗
 is the PDF value of the 𝑗 th JPM assumptions at the 𝑖 th statistical sampling points. The 

calculated log-likelihood values are presented in Table B-2, where the “-JW” and “-QS” specified 
the linear-circular copula used in corresponding vine models. 
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Table B-2: Log-likelihood of different JPM assumptions 

 Independence Partial-

dependence 

MGC LCGV-JW LCFV-JW LCGV-QS LCFV-QS 

LI -1769.879 -2391.408 -1756.027 -1756.929 -1756.957 -1756.064 -1756.460 

MI -525.264 -721.070 -523.434 -515.167 -514.952 -523.270 -523.264 

HI -509.011 -666.949 -503.310 -492.677 -490.893 -498.820 -497.193 

 

It can be observed that in both the MI category and HI category, the LCFV model with JW linear-

circular copula has the highest log-likelihood value among all JPM assumptions. However, in the 
LI category, the MGC has the highest log-likelihood value. 
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Appendix C: Supplemental Information for Chapter 3, Part 2 

Figure C-1 through Figure C-3 shows the fitted marginal PDF and CDF curves with the 

corresponding statistical sampling data. In these figures, Θ is measured in [-180,180] clockwise 

with the zero-degree direction set to due North (consistent with typical practice). For each TC 

atmospheric parameter, the top figure shows the estimated marginal PDF (red curve) plotted over 

the normalized frequency histogram (black bar), and the bottom figure shows the estimated 

marginal CDF (red curve) plotted over the empirical CDF (black curve). The parameters of all 

fitted marginal distributions can be found in Table C-1. For Δ𝑃, a single Weibull distribution is 

fitted to statistical sampling data of all storms and then truncated on the bounds (8,28], (28,48], 

and (48,148], for LI, MI, and HI intensity storms, respectively. For 𝑉f , 𝑅max   and Θ , separate 

distributions are estimated for storms of LI, MI, and HI. 

 

(a) 
 

(b) 
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(c) 
 

(d) 

Figure C-1: Marginal distributions fitted for LI TC atmospheric parameters  
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(a) (b) 

 

(c) 
 

(d) 

Figure C-2: Marginal distributions fitted for MI TC atmospheric parameters  
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(a) 
 

(b) 

 

(c) 
 

(d) 

Figure C-3:Marginal distributions fitted for HI TC atmospheric parameters  
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Table C-1: Marginal distribution parameters 

Variable 
Name of distribution Truncate Distribution parameters 

Δ𝑃 Weibull LI：[8,28] 𝑎 = 25.79 

𝑏 = 1.197 MI：[28,48] 

HI：[48,148] 

𝑉f Lognormal    LI：   𝜆 = 2.848 

  𝜁 = 0.4857 

  MI：   𝜆 = 2.970 

  𝜁 = 0.3518 

  HI：   𝜆 = 3.006 

  𝜁 = 0.5465 

𝑅max Lognormal    LI：   𝜆 = 4.307 

  𝜁 = 0.4170 

  MI：   𝜆 = 4.097 

  𝜁 = 0.3597 

  HI：   𝜆 = 4.009 

  𝜁 = 0.4276 

Θ Scaled GKF DSRR [-180,180]   ℎ𝑑 = 200 km 

  ℎ𝜃 = 30 deg 

Scaled VKF DSRR [-180,180]   ℎ𝑑 = 200 km 

  𝜅 = 4 
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Appendix D: Supplemental information for Chapter 4 

Figure D-1 to Figure D-3 presents the fitted marginals and correlation information among TC 

atmospheric parameters. In each figure, the diagonals are histogram plots of statistical sampling 

data with fitted PDF curves (in blue) and cumulative density function (CDF) curves (in 

magenta). The off-diagonals are scatter plots of two TC atmospheric parameters. On top of each 

off-diagonal scatter plot, the Pearson’s correlation coefficient 𝜌 are reported, which are derived 

from the measured Kendall’s 𝜏 shown in parentheses (Fang et al. 2002). The derived Pearson’s 𝜌 

are used as the parameter of corresponding MGC. 
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Figure D-1: Correlation information of TC atmospheric parameters for LI TCs 
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Figure D-2: Correlation information of TC atmospheric parameters for MI TCs 
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Figure D-3: Correlation information of TC atmospheric parameters for HI TCs 

 

 

Table D-1: The Discretization information of BN nodes 

NO. 
Variable Discretized values 

1 
Δ𝑃 (hPa) 8, 18, 28, 38, 48, 58, 68, 78, 88, 98, 108, 118, 128, 138 

2 
𝑉f (km/hr) 5, 10, 15, 20, 25, 30, 35, 40, 45 
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3 
𝑅max  (km) 10, 26.11, 42.22, 58.33, 74.44, 90.56, 106.67, 122.78, 138.89 

4 
𝑝̂ (mm) Node 1 and Node 2: 0, 6.25, 12.5, …, 243.75 (40 bins with 

equivalent interval) 

5 
𝑝 (mm) Node 1 and Node 2: 0,3.125, 6.25, …, 246.875 (80 bins with 

equivalent intervals) 

6 
𝜂̂ (m) Node 1: -0.5, -0.225, 0.05, …, 10.225 (40 bins with equivalent 

intervals) 

 
 Node 2: -0.1, 0.065, 0.23, …, 6.335 (40 bins with equivalent 

intervals) 

7 
𝜂 (m) Node 1: -0.5, -0.3625, 0.225, …, 10.3625 (80 bins with equivalent 

intervals) 

Node 2: -0.1,-0.0175, 0.065…, 6.4175 (80 bins with equivalent 

intervals) 

8 
𝜀𝜂  -∞,-3,-2,-1,0,1,2,3 

9 
𝜀𝑝 -∞,-3,-2,-1,0,1,2,3 

10 
Θ (deg) -80, -60, -40, -20, 0, 20, 40, 60 

11 
𝑋0 Projected landfall locations as shown in Figure D-4 

Note: The discretized values presented in rows 1 to 9 provide the lower edge (value) of each bin. 

The values in row 1 provide the landfall location. In row 10, eight values of Θ are used for TC 

tracks. 
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Figure D-4: Projected landfall locations 
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Appendix E: Supplemental information for Chapter 5 

Table E-1 The Discretization information of Tier-1 BN nodes  

NO. 
Node Discretized values 

1 
Δ𝑃 (hPa) 8, 28, 48, 68, 88, 108, 128 

2 
𝑉f (km/hr) 0,11.67, 23.33, 35, 46.67, 58.33 

3 
𝑅max  (km) 8, 40, 72, 104, 136, 168 

4 
𝑄 (kcfs) 0, 150, 300,… 1350 (equal interval) 

5 𝑍̂ (m) -0.5, -0.23, 0.05, …, 10.23 (equal interval)  

6 
𝑍 (m) -0.5, -0.23, 0.05, …, 10.23 (equal interval)  

7 
𝜀𝑧 -∞,-3,-2,-1,0,1,2,3 

8 
𝑍t (m) -0.5, -0.23, 0.05, …, 10.23 (equal interval) 

9 
𝑇 -∞,-3,-2,-1,0,1,2,3 

10 
𝑋0 See Figure D-4 

11 
Θ (deg) -80, -60, -40, -20, 0, 20, 40, 60 

12 
𝑆 Season 1, Season 2 

Note: The discretized values presented in rows 1 to 10 provide the lower edge (value) of each 

bin.  

Table E-2 The Discretization information of Tier-2 BN nodes  

NO. 
Node Discretized values 

1 
𝐼 LI, MI, HI 

Note: Nodes not mentioned use the same discretized information as Tier-1 BN. 

Table E-3 The Discretization information of Tier-3 BN nodes  

NO. 
Node Discretized values 

1 
𝐶 (°𝐶) -0.05, 0.05, 0.15, 0.25, 0.35, 0.45 

2 
𝐿 (m) -0.44, 0.44, 1.32, 2.2, 3.08, 3.96 

3 
𝑃a (mm) 0, 41.67, 83.33, 125, 166.67, 208.33 

4 
𝑍l (m) -0.5, -0.13, 0.25,… 14.13 (equal interval) 

5 
𝑆a Season 1, Season 2 
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Note: The discretized values presented in rows 1 to 4 provide the lower edge (value) of each bin. 

Nodes not mentioned use the same discretized information as Tier-1 BN and Tier-2 BN. 
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