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Abstract The overtopping of flood defenses by extreme storm surges during tropical cyclones poses a
significant threat to life and property in coastal and estuarine regions. Since little effort has been devoted
to investigating the complex interaction of multiple mechanisms causing extreme storm surges, for the
first time, we propose a robust data-driven framework to explicitly uncover the complex interaction and
thus to improve the characterization of extreme storm surges induced by tropical cyclones. The framework
constructs a probabilistic ensemble of dependence structures of multiple climatological forcing factors
that potentially cause extreme storm surges based on a multi-structure regular vine copula approach.
The uncertainty in the vine-based model structure is explicitly addressed in a Bayesian framework. The
climatological forcing factors sensitive to extreme storm surge levels are selected using partial correlations,
including 10-m wind, 850-mb temperature, 700-mb geopotential height, precipitation, sea level pressure,
and its spatial gradient extracted from the ERA5 reanalysis data. We demonstrate the framework by
an in-depth analysis of the extreme storm surge levels observed over two tidal gauging stations in
Hong Kong during 1979–2018. Our findings show that the proposed framework substantially improves
the characterization of extreme storm surges by taking into account the joint evolution of multiple
mechanisms causing extreme storm surges and underlying uncertainties. Furthermore, the framework not
only demonstrates higher skill than previous single-structure vine-based models but also can outperform
the principal components regression and the random forest regression in terms of characterizing extreme
storm surges.
1. Introduction
Storm surge is a type of coastal hazards characterized by an abnormal rise of seawater level over the estimated high tide that is caused by low-pressure systems such as tropical cyclones (Bevacqua et al., 2019;
Cid et al., 2016; Howard et al., 2010; Zheng et al., 2014). Extreme storm surge has been considered more
of a threat to coastal communities and infrastructure than strong winds from a hurricane, as it often leads
to coastal inundations and can cause substantial loss of life and economic damage (Grinsted et al., 2013;
MacPherson et al., 2019; Marcos et al., 2019; Morrow et al., 2015; Wahl et al., 2015). For example, Typhoon
Mangkhut in 2018 caused record-breaking storm surges of 2–3 m and widespread inundation in low-lying
coastal areas of Hong Kong. Thus, a reliable characterization of extreme storm surges induced by tropical
cyclones is vital for coastal flood risk management and hazard mitigation, which has attracted increasing
attention in hydroclimate and ocean science communities in recent years (Calafat & Marcos, 2020; Couasnon et al., 2020; Dube et al., 2009; Flowerdew et al., 2013; Haigh et al., 2014; Horsburgh & Wilson, 2007;
Needham et al., 2015; Qing et al., 2020; Reed et al., 2015).
Storm surges during the passage of tropical cyclones have been commonly characterized by the process-driven hydrodynamic models, such as ADCIRC (Bilskie et al., 2016; Luettich et al., 1992), Delft3D
(Hu et al., 2009), ROMS (Colberg & McInnes, 2012), FVCOM (Rego & Li, 2010), and HYCOM (Shriver
et al., 2014). These process-driven models use the meteorological fields (e.g., wind and pressure) as forcing to simulate surge/wave conditions during the passage of tropical cyclones (Bloemendaal et al., 2019;
Brown et al., 2007; Fernández-Montblanc et al., 2019; Gräwe & Burchard, 2012; Howard et al., 2010; Muis
et al., 2016). For example, Vousdoukas et al. (2016) used the hydrodynamic model Delft3D-Flow driven
by ERA-Interim atmospheric forcing to evaluate dynamics in storm surge level (SSL) along the European
coastline. Wu et al. (2018) used ROMS forced with meteorological forcing obtained from the U.S. National Centers for Environmental Prediction Climate Forecast System Reanalysis to simulate SSL along the
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Australian coastline. The process-driven hydrodynamic models contribute to the understanding of physical mechanisms of the storm surge process and can predict storm surges accurately (Dietrich et al., 2011;
Ramos-Valle et al., 2020); however, they are often numerically expensive and may fail to fully resolve bathymetric and geometric features due to limited details in the available data sets or the resolution of computational grids, thereby affecting the applicability and accuracy of the SSL simulation (Arns et al., 2020;
Beisiegel et al., 2020; Cyriac et al., 2018; Fernández-Montblanc et al., 2019; Zou et al., 2013).
Since the process-driven models have their own limitations in SSL simulations, the data-driven models
have emerged as an important alternative in recent years since they provide a simple and efficient method to characterize extreme storm surges with a low data requirement and a reasonable level of accuracy
(Cid et al., 2017, 2018; Dangendorf et al., 2014; Kim et al., 2015; T. L. Lee, 2006; Muis et al., 2018; Sahoo
& Bhaskaran, 2019). For example, Cid et al. (2018) used a multivariate linear regression model to link the
daily maximum SSL and the principal components of the local atmospheric conditions in Southeast Asia.
Tadesse et al. (2020) used a random forest regression model to simulate storm surges globally. These parametric data-driven approaches can yield reasonable SSL simulations, but they commonly require the assumption of normality and linearity. Such an assumption, however, does not often hold for the extreme SSL
that obeys the skewed distribution, thereby diminishing the reliability of coastal flood risk assessments. In
addition to the parametric data-driven approaches, the nonparametric ones have also been extensively used
to simulate SSL, such as the linguistic decision tree approach (Royston et al., 2013) and the NARX (nonlinear autoregressive models with exogenous input) model (Sheridan et al., 2019). However, the nonparametric
approaches often require a large number of samples to ensure the performance of extreme SSL simulations,
which can be barely satisfied for the extreme storm surge characterization (Lall et al., 2016).
Copulas have been proven to be a powerful tool to assess the joint dependence between hydroclimatic variables regardless of their marginal distributions (Chen et al., 2020b, 2020a; Masina et al., 2015; Moftakhari
et al., 2017; Trepanier et al., 2017; Wahl et al., 2015; Wang & Wang, 2019; Wang & Zhu, 2020; Zhang
et al., 2019). In order to extend the parametric copulas to higher dimensions, vine copula has been proposed
to decompose an arbitrary multivariate probability density into a cascade of bivariate copulas, thereby allowing for flexible simulations of the complex interactions among hydroclimate variables (Aas et al., 2009).
In recent year, vine copula has been successfully used to improve multivariate simulations and to understand compound extremes (Bevacqua et al., 2017; Liu et al., 2018, 2015; Manning et al., 2018; Pereira &
Veiga, 2018; Tosunoglu & Singh, 2018; Wang et al., 2019). However, little effort has been devoted to using the
flexible structures of vine copula for storm surge simulations. Since the meteorological factors (e.g., wind
and pressure) contributing to extreme storm surges are interdependent, assessing such multidimensional
interdependence based on vine copula can improve the accuracy and reliability of SSL simulations. It is thus
desired to use vine copula for improving the characterization of extreme storm surges induced by tropical
cyclones. In addition, the vine copula simulations are subject to the uncertainties in both model parameters
and model structures. Although the uncertainty in vine copula parameters has been explored in previous studies (Gruber & Czado, 2015, 2018;
Min & Czado, 2010), few studies have explicitly addressed the uncertainty in vine copula model structures (Chang et al., 2020). Previous studies
commonly used the Akaike information criterion (AIC) or the Bayesian
information criterion (BIC) to select an optimal vine structure. Such a
procedure not only fails to guarantee the optimal model performance but
also discards the vine structures that are equally good at characterizing
hydroclimate variables, thereby leading to biased simulation results. For
example, existing vine copula models can underestimate high values and
overestimate low values even though they often perform well for normal
values (Wang et al., 2019). Thus, it is necessary to develop a generalized
framework to address the vine structure uncertainty for improving the
reliability and robustness of SSL characterization.
Figure 1. The structures of the (a) canonical vine (C-vine) and (b)
drawable vine (D-vine) copula for five random variables (x1, x2, x3, x4, and
y) with a given order. The edges represent the bivariate copulas.
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Table 1
Summary of seven Bivariate Copula Families for Vine Copula Simulation
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the uncertainty in the vine copula model structure. The Bayesian model averaging (BMA) technique is used
to construct a probabilistic ensemble of dependence structures of multiple mechanisms causing extreme
storm surges. In addition, the Markov chain Monte Carlo (MCMC) simulations are performed to address
the uncertainty in the relative performance of vine structures, enhancing the reliability of SSL characterizations. We demonstrate the proposed data-driven framework by an in-depth analysis of the extreme SSL
observed over two tidal gauging stations in Hong Kong which is prone to tropical cyclones and has been
seriously damaged by storm surges over the past decades. The extreme SSL observations are collected from
the Hong Kong Observatory, and the climatological forcing factors are collected from the ERA5 reanalysis
data set.
This paper is organized as follows. Section 2 describes the regular vine copula, and Section 3 introduces the
proposed data-driven framework as well as the relevant models and algorithms. Section 4 introduces the
extreme storm surge observations and the climatological forcing factors used in this study. Section 5 introduces two benchmark approaches for the SSL simulation. Section 6 presents the characterization of extreme
SSL based on the robust data-driven framework and a comparison with the benchmark approaches. Finally,
Section 7 summarizes the major remarks of the study.

2. Regular Vine Copula
Copulas are cumulative joint distributions of multiple random variables regardless of their marginal distributions. Assume that X = (X1,…, Xn) signifies an n-dimensional random variable with marginal cumulative
distribution functions (CDFs), F1(x1),…, Fn(xn), and marginal probability density functions (pdfs), f1(x1),…,
fn(xn). According to Sklar's theorem (Sklar, 1959), the n-dimensional joint CDF F(x1,…, xn) can be expressed
by






F  x1,..., xn  C
F1  x1  ,..., Fn  xn 
C  u1,..., un 
(1)
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Figure 2. Locations of two tidal gauging stations in Hong Kong.

where F is the joint CDF; C is an n-dimensional copula. Table 1 presents formulas of seven commonly used
copula families. Fi(xi) is the marginal CDF of random variable xi and ui = Fi(xi), i = 1,…, n. The corresponding joint pdf can be calculated by
f  x1,..., x
f1  x1   ...  f n  xn   c  u1,, un 
(2)
n

where c is the copula density that can be expressed by
 nC  u1, u2 ,..., un 
c  u1 ,, un  
(3)
u1u2  un

Since copulas are inflexible in high dimensions and high-dimensional copula families are limited, vine copula, also known as pair-copula construction (PCC), has been proposed to graphically represent the high-dimensional dependence structure as vines comprising a nested set of trees with nodes which are joined by
edges. For an n-dimensional vine, the nodes in the first tree represent marginal densities of each variable,
while the nodes in tree i represent conditional bivariate densities (edges) in tree i−1, i = 2, …, n−1, which
are calculated by bivariate copulas. A vine in which two edges in tree i are joined by an edge in tree i+1
only if these edges share a common node, i = 1, …, n−2, is called regular vine. There are two special regular
vines: the canonical vine (C-vine) and the drawable vine (D-vine), which are also the most widely used
decompositions. Each tree in a C-vine has a unique node connected to all other nodes, while a D-vine has
no node connected to more than two edges. There are a large number of possible vine structures resulting
from the different order of variables and different bivariate copula families in a high-dimensional PCC.
Figure 1 presents the structures of C-vine and D-vine copulas for five random variables (x1, x2, x3, x4, and y)
with a given order. The joint densities for an n-dimensional C-vine and D-vine copula can be expressed by
Equations 4 and 5, respectively.
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f  x1,..., xn    f  xk    c j , j  i|1,..., j 1 F  x j | x1,..., x j 1  , F  x j  i | x1,..., x j 1 
(4)
n

n 1n  j

k 1

j 1 i 1





f  x1,..., xn    f  xk    ci ,i  j |i 1,...,i  j 1 F  xi | xi 1 ,..., xi  j 1  , F  xi  j | xi 1,..., xi  j 1 
(5)

where F(·|·) denotes marginal conditional distributions; c·|· represents bivariate copula densities. The five-dimensional C-vine and D-vine copulas can be expressed by Equations 6 and 7, respectively.
f12345  f1  f 2  f3  f 4  f5  c12  c13  c14  c15  c23|1  c24|1  c25|1  c34|12  c35|12  c45|123
(6)
f12345  f1  f 2  f3  f 4  f5  c12  c23  c34  c45  c13|2  c24|3  c35|4  c14|23  c25|34  c15|234
(7)

Such a decomposition improves upon the corresponding five-dimensional copulas (e.g., Gaussian copula)
since it permits a heterogeneous assignment of the 10 bivariate copula families in Equations 6 and 7. In addition, the PCC involves marginal conditional distributions F(·|·), which can be expressed using the general
formula (Joe, 1996):





Cx , j | v  j F  x | v  j  , F  j | v  j 
(8)
F  x | v 
F  j | v  j 

where v is a d-dimensional vector; υj is one arbitrarily chosen component of v and v-j denotes the remaining
vector of v after excluding υj; C x, j | v j denotes the bivariate copula. For the special case where v is univariate,
Equation 8 can be expressed by Equation 9, which is also commonly defined as h-functions:





C x,v F  x  , F  v  ,

F  x | v  h
(9)
 x , v , 
F  v 

where θ refers to the parameter set of bivariate parametric copulas (see Table 1). More details of vine copula
can be seen in Aas et al. (2009).

Figure 3. Histograms for the extreme storm surge level during the passage of tropical cyclones for the (a) Quarry Bay and (b) Tai Po Kau tidal gauging stations.
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Figure 4. Partial Rank Kendall's Tau correlogram between storm surge level (SSL) and its forcing factors, including the geopotential heights in 700 hPa (700Z),
the air pressure at mean sea level (SLP) and its gradient (GRDslp), the meridional and zonal wind components at 10 m (Uwind and Vwind, respectively), the
temperature in 850 hPa (850T), as well as the total precipitation (TP) over the Quarry Bay (left panel) and Tai Po Kau (right panel) tidal gauging stations. The
size of circles represents the relative magnitude of partial correlation. The colored numbers represent the detailed correlation coefficients.

An appropriate regular vine copula construction requires the structure specification and parameter estimation. There are n!/2 C-vine or D-vine structures for an n-dimensional vine copula resulting from different
node orders in the vine, and each structure also varies with the pair-copula family selection, leading to a
challenging selection of an optimal vine structure. Most bivariate copulas have at least one parameter, and
an n-dimensional vine copula typically has at least n(n−1)/2 pair-copula parameters to be estimated. Thus,
the global optimum of vine copula inference is challenging due to the numerous possible vine structures
and the enormous parameter space. To conduct a feasible optimization and reduce the computation cost,
the sequential maximal spanning tree algorithm has been widely used and proven to yield reasonable constructions of vine copula (Dißmann et al., 2013). The sequential algorithm refers to that the pair-copula
parameters are estimated from top tree to down tree sequentially by maximizing the log-likelihood function,
while the optimal pair-copula family is commonly selected based on the AIC or the BIC. The log-likelihood
function of the bivariate copula with parameters θ given the uniform margins u1 and u2 can be calculated as
Equation 10, where N is the sample size.





N





log L  u1, u2 ,    log c  u1,i , u2,i , 
(10)
i 1

3. The Data-Driven Storm Surge Characterization Framework
To improve the characterization of extreme storm surges, we propose a robust data-driven framework by
intelligently integrating a multi-structure ensemble of conditional quantile functions of SSL based on regular vine copulas and by explicitly addressing the uncertainty in vine structures in a Bayesian framework.
The marginal distribution of the SSL observation and its climatological forcing factors were selected from
a total of 13 types of probability distributions, including Gaussian, gamma, exponential, Weibull, logistic,
log-normal, log-logistic, Cauchy, Gumbel, generalized extreme value, generalized Pareto, Pearson Type III,
and inverse Gaussian. The optimal marginal distribution was identified using the Kolmogorov-Smirnov
(K-S) test, while the corresponding distribution parameters were estimated by the maximum likelihood
method. Vine copula was used to link the marginal distributions of the SSL and its climatological forcing
factors together for constructing the conditional quantile functions of SSL. In the vine copula construction,
ZHANG AND WANG

6 of 22

Journal of Geophysical Research: Atmospheres

10.1029/2020JD033557

Figure 5. Cumulative distribution functions (CDF) of storm surge level and its forcing factors, as well as their Q-Q plots over the Quarry Bay and Tai Po Kau
tidal gauging stations.

seven commonly used bivariate copulas were included as the pair-copula family candidates, including the
elliptical (Gaussian and Student t) and Archimedean copulas (Clayton, Gumbel, Frank, and Joe), as well as
a widely used two-parameters hybrid Archimedean copula, BB1. Formulas of these copulas are provided in
Table 1. Suppose there are n − 1 forcing factors of the SSL denoted by x1,…, xn-1 and the SSL is denoted by y,
ZHANG AND WANG
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the conditional distribution of the SSL based on the conditional C-vine and D-vine copulas can be expressed
by Equations 11 and 12, respectively.





Cn, n 1|1,..., n  2 F  y | x1 ,..., xn  2  , F  xn 1 | x1 ,..., xn  2 
F  y | x1,..., xn 1  
(11)
F  xn 1 | x1,..., xn  2 





Cn,1|2,..., n 1 F  y | x2 ,..., xn 1  , F  x1 | x2 ,..., xn 1 
F  y | x1,..., xn 1  
(12)
F  x1 | x2 ,..., xn 1 

To better explain the construction of the conditional distribution, an example of three forcing factors (x1,
x2, x3) for C-vine and D-vine copulas can be expressed by Equations 13 and 14, respectively, where u1, u2, u3,
and uy denote the corresponding marginal cumulative probability.
F  y | x1, x2 , x3  



C y ,3|1,2 F  y | x1, x2  , F  x3 | x1, x2 
F  x3 | x1, x2 











 C y ,2|1 F  y | x1  , F  x2 | x1  C3,2|1 F  x3 | x1  , F  x2 | x1  

,
C y ,3|1,2 


F  x2 | x1 
F  x2 | x1 
(13)



 C3,2|1 F  x3 | x1  , F  x2 | x1  




F  x2 | x1 









 h h  h  u y , u1,1 y  , h  u2 , u1,12  , 2 y|1  , h  h  u3 , u1,13  , h  u2 , u1 ,12  , 23|1  ,3 y|12

F  y | x1, x2 , x3  



C y ,1|2,3 F  y | x2 , x3  , F  x1 | x2 , x3 
F ( x1 | x2 , x3 )












 C y ,2|3 F  y | x3  , F  x2 | x3  C1,3|2 F  x1 | x2  , F  x3 | x2  

,
C y ,1|2,3 


F  x2 | x3 
F  x3 | x2 


(14)

 C1,3|2 F  x1 | x2  , F  x3 | x2  




F  x3 | x2 









 h h  h  u y , u3 ,3 y  , h  u2 , u3 , 23  , 2 y|3  , h  h  u1, u2 ,12  , h  u3 , u2 , 23  ,13|2  ,1 y|23



Figure 6. Four representative structures for five-dimensional vine copulas. (a–b) denote two canonical vine structures
and (c–d) denote two drawable vine structures. U, T, Z, G, and S represent the meridional wind components at 10 m,
air temperature, geopotential heights, the spatial gradient of sea level pressure, and storm surge level, respectively. The
edges represent the bivariate copulas.
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Figure 7. Akaike information criterion (AIC) for all C-vine and D-vine copulas as well as root mean squared error
(RMSE) for the simulated storm surge level over the Quarry Bay station during the calibration and validation periods.
The number on the y-axis indicates the order of the vine copula model based on AIC.

To generate SSL simulations from the conditional vine copula, the inverse forms of h-functions are applied.
For instance, assume that only one forcing factor, x1, is included in the SSL simulation, the conditional distribution of the SSL and x1 is h(uy|u1, θ). The SSL can be simulated by generating random probability levels
τ (e.g., τ = 0.01, 0.1, …, 0.99) as follows:
y  F 1  h 1  | u1,1 y 
(15)
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where θ1y represents the copula parameter for the joint distribution of (x1, y). Thus, the inverse forms of
h-functions can be recursively applied to transform Equations 13 and 14 into the SSL simulations conditioned by multiple forcing factors for C-vine and D-vine copulas as Equations 16 and 17, respectively. The
multi-structure conditional vine copula simulation was performed in R version 3.4.0 (Aas et al., 2009; Bevacqua et al., 2017; Nagler et al., 2019; R Core Team, 2018).




 





 










yC ‐ vine  F 1 h 1  h 1 h 1  | h h  u3 | u1  | h  u2 | u1  | h  u2 | u1  | u1 
(16)


yD ‐ vine  F 1 h 1  h 1 h 1  | h h  u1 | u2  | h  u3 | u2  | h  u2 | u3 | u3 
(17)



Since the large number of possible vine structures can lead to considerable uncertainty in the SSL simulation, the proposed data-driven framework uses BMA to generate an “intelligent” consensus forecast,
weighted by the model performance for each vine structure. Assume that x = x1,…, xK signify an ensemble
of SSL simulations obtained from K different vine structures and y denotes the SSL observations. Each ensemble member forecast, xk, in BMA is associated with a conditional pdf, pk(y|xk), which can be interpreted
as the conditional pdf of y on xk, given that xk is the optimal forecast in the ensemble. The probabilistic
prediction of y based on the multi-structure model ensemble can be expressed as a finite mixture model:
K

p  y | x1...xk    wk pk  y | xk 
(18)
k 1

where wk is the posterior probability distribution of forecast k being the optimal one. All the wk values are
nonnegative and add up to one, and they can be viewed as weights reflecting an individual model's relative
contribution to predictive skill in the training period (Madadgar & Moradkhani, 2014; Raftery et al., 2005,
1997; Vrugt, 2016). Since the SSL observations commonly obey the skew distribution, the conditional pdfs,
pk(y|xk), of the different ensemble members are approximated by a gamma distribution with PDF
1

p  y | xk 
y k 1 exp   y /  k 
(19)
k
 k Γ  k 

The parameters of the gamma distribution depend on the ensemble member forecast, xk, through the
relationships
u
b0 k  b1k xk
(20)
k

and
Table 2
Kolmogorov-Smirnov Test for the Optimal Distributions Fitted to Different
Variables
Gauging
station

Variable

Distribution

p-value

Quarry Bay

Storm surge level

Logistic

0.99

Quarry Bay

10-m Uwind

GEV

0.95

Quarry Bay

Sea level pressure gradient

Log-normal

0.99

Quarry Bay

700-mb geopotential height

Weibull

0.99

Quarry Bay

850-mb temperature

Logistic

0.85

Tai Po Kau

Storm surge level

Log-logistic

0.98

Tai Po Kau

10-m Uwind

GEV

0.84

Tai Po Kau

Sea level pressure gradient

Inverse Gaussian

0.99

Tai Po Kau

700-mb geopotential height

GEV

0.99

Tai Po Kau

850-mb temperature

Weibull

0.90

ZHANG AND WANG


c0  c1k xk
(21)
k
where μk = αkβk is the mean of the distribution, and  k2   k  k2 is its variance. The parameters b0k and b1k are determined by linear regression of the
observed SSL on the simulated SSL for each of the K ensemble members.
The BMA weights, wk, k = 1,…, K; c0; and c1k, k = 1,…, K, were estimated
using the MCMC simulation in this study. The MCMC simulation has
been demonstrated in a number of studies to outperform the Expectation-Maximization algorithm, since it not only guarantees the global
convergence of the BMA weights and other parameters but also explicitly uncovers the underlying uncertainty (Duan & Phillips, 2010; Vrugt
et al., 2008; Wong et al., 2018). The MCMC simulation is implemented using the Differential Evolution Adaptive Metropolis (DREAM) algorithm
(Vrugt, 2016). According to the Bayes’ theorem, the posterior distribution
p(w, c0, c1|y) of the BMA weights, w = (w1,…, wK); c0; and c1 = (c11,…, c1K)
can be expressed as:
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Figure 8. Akaike information criterion (AIC) for all C-vine and D-vine copulas as well as root mean squared error
(RMSE) for the simulated storm surge level over the Tai Po Kau station during the calibration and validation periods.
The number on the y-axis indicates the order of the vine copula model based on AIC.

p  w, c0 , c1   p  x, y | w, c0 , c1 
p  w, c0 , c1 | x, y  
(22)
p  x, y 

where p(x, y | w, c0, c1)  L(w, c0, c1 | x, y) denotes the likelihood function; p(w, c0, c1) is the prior distribution of the BMA weights and other parameters. p(x, y) denotes the evidence that acts as a normalization
constant, which is excluded from the Bayesian analysis in practice. Thus, the posterior distribution can be
simplified as:
ZHANG AND WANG
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Figure 9. Evolution of the convergence diagnostic R̂ values for different parameters in the Markov chain Monte Carlo
(MCMC)-based Bayesian model averaging (BMA) simulation.

p  w, c0 , c1 | x, y   p  w, c0 , c1   L  w, c0 , c1 | x, y 
(23)

For numerical stability and simplicity, the likelihood function L(·|·) is commonly logarithmically transformed to the log-likelihood function as:
n
 K

  w1 ,..., wK , c0 , c1 ,...cK | x1,...xK , y    log   wk pk  y | xk  
(24)
t 1 
k 1


where n denotes the total number of SSL observations in the training data set. When the prior distributions
are specified, the global convergence of BMA weights and other parameters to the stationary distribution
can be achieved by repeated Monte Carlo sampling in the prior parameter space, together with an acceptance/rejection rule. Specifically, the MCMC simulation proceeds by running multiple Markov chains simultaneously and proposing a candidate point zp at each step (S. Wang et al., 2018). The candidate can be either
accepted or rejected by calculating the Metropolis acceptance probability:
 p  zp  

paccept  zC  zp  
min 1,
(25)
 p  zC  
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Figure 10. Posterior estimates of the 10 largest Markov chain Monte Carlo (MCMC)-derived Bayesian model averaging
(BMA) weights and their uncertainty ranges of the individual single-structure storm surge level (SSL) simulation for
the (a) Quarry Bay and (b) Tai Po Kau tidal gauging stations. The number on the y-axis indicates the order of the vine
copula model based on Akaike information criterion (AIC).

where p(zc) and p(zp) denote the probability density of current point zc and candidate point zp, respectively. The Markov chain moves to zp if the candidate point is accepted, or it remains at its current location.
The MCMC evolution proceeds until the convergence of the Markov chain to a limiting distribution,
which can be monitored with the multi-chain R̂ diagnostic of Gelman and Rubin (1992). Typically, the
convergence of the posterior distribution is achieved when the R̂-statistic drops below a value of 1.2. More
details about the MCMC simulation using the DREAM algorithm can be found in Vrugt (2016) and Vrugt
et al. (2008).

4. Extreme Storm Surge Observations and Climatological Forcing Factors
The non-tidal residual component is considered as the SSL in this study, which represents the difference between the recorded sea level and the predicted astronomical tide (Cid et al., 2018; Pawlowicz
et al., 2002; Tadesse et al., 2020). Since tropical cyclones do not necessarily lead to significant storm
surge events, we focus on the maximum SSL during the passage of each of tropical cyclones (and tropical depression) that necessitate the issuance of tropical cyclone warning signals. Thus, we collected
226 and 219 such SSL records over the Quarry Bay and Tai Po Kau (hereafter referred to as QB and
TPK, respectively, see Figure 2) tidal gauging stations during 1979–2018 since QB and TPK have the
longest SSL records in Hong Kong. The maximum SSL records are separated from the recorded sea
level time series by the Hong Kong Observatory through harmonic analysis (Devlin et al., 2019; T. C.
Lee & Wong, 2007). It should be noted that the maximum SSL records are temporally discrete with a
sub-hourly time accuracy. Figure 3 presents the histograms of the maximum SSL records for the (a) QB
and (b) TPK tidal gauging stations, which significantly obey the gamma distribution at the significance
level of 0.05.
The ERA5 gridded reanalysis data set was used to select the climatological forcing factors, including the
pressure at mean sea level (SLP) and the corresponding gradients (GRDslp), the meridional and zonal wind
components at 10 m (Uwind and Vwind, respectively), the temperature in 850 hPa (850T), the geopotential
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Figure 11. Comparison of SSL derived from the proposed data-driven framework and the single-structure vine copula
simulations over the Quarry Bay and Tai Po Kau stations during a, c the calibration and b, d validation periods.

heights in 700 hPa (700Z), as well as the total precipitation (TP). The ERA5 reanalysis data set has a spatial
resolution of 0.25 × 0.25° and a one-hour temporal resolution, which is available from 1 January 1979 to
present (Dullaart et al., 2020). To link the ERA5 reanalysis data set with the SSL records, the meteorological
variables were averaged over the neighboring window of size 3 × 3 centered at each tidal gauging station to
eliminate the bias caused by the spatially heterogeneous surface (see Text S1 of the supplementary material
for sensitivity analysis of grid sizes). In addition, a 10-h lag was used to consider the delay effects of meteorological variables on extreme storm surges (i.e., the temporal average between the time of extreme storm
surge occurrence and 10 h before for each variable). For sensitivity analysis of time lags, please see Text S2
of the supplementary material.

5. Benchmark Approaches
To justify the robustness of the proposed data-driven framework, it is necessary to quantitatively compare with previous approaches. The principal components regression (PCR) and the random forest (RF)
regression were selected as comparative benchmarks since they have been successfully used in the SSL
characterization by linking with the surrounding atmospheric conditions (Cid et al., 2018; Tadesse
et al., 2020). The PCR is a multivariate linear regression model that relates the SSL with the principal
components of the climatological forcing factors, while the RF is a supervised machine learning algoZHANG AND WANG
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Figure 12. Comparison of SSL derived from the proposed data-driven framework, principal components regression,
and random forest regression over the Quarry Bay and Tai Po Kau stations during a, c the calibration and b, d validation
periods.

rithm that combines predictions from multiple machine learning algorithms based on the concepts of
classification and regression trees, thereby leading to a more reliable prediction than a single model.
Since the two benchmark approaches are both capable of handling predictors with a large dimension, the
aforementioned climatological forcing factors within a 3 × 3 grid centered at each tidal gauging stations
were used as the predictors. The predictors were also temporally averaged within a 10-h lag period to
consider the delay effects. Hence, a total of 63 predictors (i.e., 9 grid cells × 7 variables) were used for the
PCR and RF simulations.
To implement the PCR-based SSL simulation, a principal component analysis was performed on the predictor, thereby generating 63 principal components (PCs). Each PC was used as the independent variable to
fit a simple linear regression model where the SSL was the dependent variable, and the PC with the best fit
(smallest sum of squared errors) was selected as PC1 in Equation 26.
N

SSL 
a  bi  PCi
(26)
i 1

where a and bi are the regression coefficients; N represents the number of PCs. Then, a forward procedure was used to iteratively add PCs with the best fit into Equation 26 until the model was not improved
at the significance level of 0.05 based on the F-test. On the other hand, the number of regression trees
should be chosen properly to better implement the RF-based SSL simulation. We chose 25 as the optimal
number of regression trees based on sensitivity analysis that can be seen in Text S3 of the supplementary
material.
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Figure 13. Scatter plots of the 10-fold cross validation for SSL simulations generated from a, d the principal components regression (PCR), b, e random forest
regression (RF), and c, f the proposed data-driven framework.

6. Results and Discussion
The proposed data-driven framework was used to characterize the extreme SSL during the passage of tropical cyclones over two tidal gauging stations in Hong Kong during 1979–2018. To evaluate robustness of the
framework, the first two-thirds of SSL samples and the corresponding climatological forcing factors were
used to select the predictors and to calibrate the framework. The remaining one-third of SSL samples were
used to validate the framework. Figure 4 presents Kendall's τ partial rank correlation coefficients between
the extreme SSL and the climatological forcing factors. The extreme SSL is highly correlated with the geopotential heights in 700 hPa (700Z), the horizontal wind (Uwind), the temperature in 850 hPa (850T), and
the spatial gradient of sea level pressure (GRDslp) over the two stations. Precipitation does not show a
significant correlation with the SSL as previous studies (Bevacqua et al., 2019; Wahl et al., 2015) since the
correlation is measured with the effect of other forcing factors removed, and precipitation is not as important as other forcing factors (e.g., wind and pressure gradient). The four forcing factors and the SSL were
transformed to uniform margins on [0, 1] based on their optimal parametric probability distributions, which
were selected based on the K-S test and estimated by the maximum likelihood method. Table 2 presents
the K-S test results for the optimal distributions of the SSL and the four forcing factors. Figure 5 presents
the empirical cumulative probability of observations and the theoretical cumulative probability calculated
by the optimal probability distribution. The theoretical cumulative probability is overall consistent with
the empirical one for all variables. The five uniform margins were used to construct the multivariate vine
copula models, including 24 C-vine and 24 D-vine models, thereby leading to the model structural uncerZHANG AND WANG
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Figure 14. The meteorological factors over the Tai Po Kau station during the passage of Typhoon Hope (1979 August) and Super Typhoon Mangkhut (2018
September). (i) and (j) present the probability density of the storm surge levels predicted by the proposed data-driven framework. The vertical lines in (a−h)
and (i−j) correspond to the time and magnitude of observed extreme storm surges, respectively.

tainty in extreme SSL simulations. Figure 6 presents four representative structures for the five-dimensional
vine copulas, including two C-vine and two D-vine copulas. The multi-structure vine copula models were
calibrated based on the first two-thirds samples (i.e., 151 and 146 samples over the QB and TPK stations,
respectively, during 1979–2006), and then validated for the last one-third samples (i.e., 75 and 73 samples
over the QB and TPK stations, respectively, during 2007–2018) by comparing against extreme SSL observations. Figures 7 and 8 present the AIC values of the 48 conditional vine copula models constructed based on
the sequential maximal spanning tree algorithm proposed by Dißmann et al. (2013) and the corresponding
root mean squared error (RMSE) values over the QB and TPK stations, respectively, for the calibration and
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validation periods. The C-vine and D-vine models are distinguished by different colors. The number on
the y-axis indicates the order of the vine copula model based on AIC. For example, d-vine-24 represents a
D-vine model with the highest AIC among the 24 D-vine copulas. Results show that a lower AIC value does
not necessarily indicate a better SSL characterization for the conditional vine copula models. For example,
d-vine-24 is commonly not selected as the optimal model structure since it has the highest AIC, but its model bias is considerably lower than c-vine-1 that has the lowest AIC over the QB station for the calibration
and validation periods.
Since the model selection based on AIC fails to guarantee the optimal SSL characterization, it is necessary
to use an advanced model selection approach to improve the multi-structure SSL simulation. The proposed
data-driven framework uses BMA to intelligently assign weights to each single-vine forecast based on their
model performance, enhancing the reliability of extreme SSL characterization. Moreover, the MCMC simulations using the DREAM algorithm were performed to estimate the posterior distributions of the BMA
parameters. Figure 9 presents the evolution of the convergence diagnostic R̂ values for the MCMC simulations. The R̂ values of different BMA parameters are depicted with colored lines. All the BMA parameters
converge to the posterior distribution since the R̂ values drop below the critical threshold of 1.2 within the
total number of 250,000 evaluations.
Figure 10 presents the posterior estimates of the MCMC-derived BMA weights and their uncertainty ranges
of the individual single-structure SSL simulation. Only the 10 largest weights are shown for better visualization. Results show that the D-vine structure makes a dominant contribution in the multi-structure simulation to reproducing the extreme SSL. To evaluate the performance of the BMA-based data-driven framework in characterizing the extreme SSL, Figure 11 presents the Taylor Diagram to visualize the consistency
between the predicted and observed SSL for the calibration and validation periods. The single-structure
simulations, including C-vine and D-vine copulas, were also presented and distinguished by different colors
in Figure 11. Each point in Figure 11 represents an SSL forecast, and the forecast agrees better with the
observation if it has a higher correlation and a more consistent standard deviation with the observation, as
well as it lies nearer the “OBS.” Results indicate that the proposed data-driven framework substantially improves the SSL simulation upon each single-structure forecast by calculating the weighted average forecasts.
The D-vine structures lead to lower model biases compared to the C-vine structures for the QB station (see
Figures 11a and 11b).
Figure 12 presents the relative performance of the SSL simulations generated from the proposed data-driven framework, the PCR, and the RF. Results indicate that the proposed data-driven framework can lead to
better performance in characterizing the extreme SSL than the PCR and RF. For example, the PCR-based
and MLR-based SSL simulations have correlation coefficients of approximately 0.81 and 0.65, respectively,
with the observations over the QB station for the calibration period (see Figure 12a), whereas the proposed
data-driven framework leads to a higher correlation coefficient of 0.89. The model bias was also reduced
by the data-driven framework compared with the PCR and RF approaches. For example, the RMSE value
of the SSL simulations generated by both the PCR and RF is 0.22 m, which is reduced to 0.17 m by the
proposed data-driven framework over the QB station for the validation period. Although the data-driven
framework leads to a similar performance compared to the PCR approach over the TPK station for the
calibration period (Figure 12c), the correlation is largely increased and the RMSE is largely reduced over
the validation period, indicating a higher model performance. This indicates that the proposed data-driven
framework can improve the characterization of extreme storm surges upon previous approaches by constructing a probabilistic ensemble of dependence structures of multiple driving forcings, thereby enhancing
the reliability and robustness of extreme SSL simulations and coastal flood risk assessments.
To further evaluate the robustness of the data-driven framework, a 10-fold cross validation has been performed to compare the predicted and observed SSL. The Pearson's r and the RMSE have also been used to
quantitatively evaluate model performance. Figure 13 presents scatter plots of the 10-fold cross validation
results based on the PCR, RF, and the proposed data-driven framework. Results show that the proposed
data-driven framework leads to slightly higher performance than the PCR and RF in terms of Pearson's r,
while the three models reach almost similar results in terms of RMSE. For example, the Pearson's r generated from the PCR, RF, and the proposed data-driven framework is 0.77, 0.73, and 0.79, respectively, over the
QB station (Figures 13a–13c), while the corresponding RMSE is 0.18, 0.19, and 0.18 m.
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Figure 13 also indicates that the proposed data-driven framework and the benchmark approaches may
underpredict the extreme storm surges, as highlighted by the red rectangles. To understand the underlying
reason and further illustrate the data-driven framework, the extreme storm surges during the passage of
two tropical cyclones, namely Typhoon Hope (1979 August) and Super Typhoon Mangkhut (2018 September) were explored. Figures 14i and 14j depict the probability density of the maximum SSL predicted by
the proposed data-driven framework over the Tai Po Kau station during the passage of the two tropical
cyclones, while the vertical lines represent the observed maximum SSL. The probability density results from
the uncertainty in the vine copula structures and the marginal distribution of SSL. The observed maximum
SSLs are 3.23 and 3.4 m during the passage of the two tropical cyclones. The extreme SSL during the passage
of Super Typhoon Mangkhut is captured by the prediction intervals of the data-driven framework, although
an underprediction exists (Figure 14j). In comparison, the framework shows a significant underprediction
during the passage of Typhoon Hope (Figure 14i). Figures 14a–14h present the temporal evolution of the
meteorological forcing factors during the passage of the two tropical cyclones. There are significant peaks of
wind and pressure gradients during the passage of Super Typhoon Mangkhut (Figures 14b and 14h). Such
a pattern, however, is not observed during the passage of Typhoon Hope (Figures 14a and 14g). A possible
reason for such a difference is the relatively high translation speed of Typhoon Hope (Hong Kong Observatory, 1979), which renders the hourly ERA5 data set unable to capture the instant extremes of meteorological factors. This can also be the reason for the underpredicted SSL over the TBK station.

7. Summary and Conclusions
In this study, we propose a robust data-driven framework to improve the characterization of extreme storm
surges induced by tropical cyclones. This framework links the extreme SSL with the climatological forcing factors by developing a multi-structure ensemble of conditional vine copula simulations. The model
structural uncertainty in vine copula simulations was explicitly addressed in a Bayesian framework. The
proposed framework was applied to two tidal gauging stations in Hong Kong during 1979–2018, and was
also compared with the existing well-known approaches used to characterize storm surges.
The proposed data-driven framework improves upon the characterization of extreme storm surges not only
by taking into account the joint evolution of multiple mechanisms causing the extreme SSL through the
multi-structure vine copula simulations but also by addressing the underlying uncertainties in model structures and weights. Our findings show that the model structure selection based on AIC fails to guarantee the
optimal SSL simulation for the conditional vine copula model. D-vine copula makes a dominant contribution in the multi-structure ensemble SSL simulation compared with C-vine copula. The proposed framework also shows better performance in comparison with previous approaches in characterizing extreme
storm surges. This framework can be directly applicable to simulating a variety of extreme events driven by
multiple interdependent factors, which is an effective and efficient approach for enhancing the credibility
of the risk assessment of extreme events and natural hazards.

Data Availability Statement
The extreme storm surge observations used in this study are freely available from Hong Kong Observatory
and at https://www.hko.gov.hk/en/wservice/tsheet/pms/stormsurgedb.htm#. The ERA5 gridded reanalysis
products are provided by the ECMWF, which can be obtained from their website (https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels?tab=overview).
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