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Abstract 

Coastal areas are vulnerable to multiple flood hazards from heavy precipitation and 
extreme sea levels that are usually associated with cyclones (i.e., tropical cyclones 
[TCs] and extratropical cyclones [ETCs]). Moreover, the flood risk faced by coastal 
populations is expected to increase in a warmer future climate due to the accelerating 
sea level rise and intensifying climate extremes. Therefore, a better understanding of 
hazards and physical mechanisms of floods in coastal areas is of great significance 
for flood management and climate change adaptation. This study analyzes the flood 
hazards in coastal areas by exploring the response of local rainfall totals to the 
changes in TCs over the coast of China, and comprehensively assessing the 
compound flood hazards from heavy rainstorm and extreme storm surge across the 
globe. The spatio-temporal evolution of compound flood hazards during the past 
decades at the global scale is examined based on long-term observations. Based on 
the socio-economic damage induced by TCs in Hong Kong, this study also evaluates 
the impact of compound floods on the society and economy. 

The analysis of the changes in TC translation speed indicates that both observations 
and the multimodel ensemble of Global Climate Model simulations show a 
significant slowdown of TCs (11% in observations and 10% in simulations, 
respectively) from 1961 to 2017 over the coast of China. The analyses of long-term 
observations find a significant increase in the 90th percentile of TC-induced local 
rainfall totals and significant inverse relationships between TC translation speeds and 
local rainfall totals over the study period. The study also shows that TCs with lower 
translation speed and higher rainfall totals occurred more frequently after 1990 in the 
Pearl River Delta in southern China. The probability analysis indicates that slow-
moving TCs are more likely to generate heavy rainfall of higher total amounts than 
fast-moving TCs. These findings suggest that the slowdown of TCs tends to elevate 
local rainfall totals and thus impose greater flood risks at the regional scale. 

During simultaneous or successive occurrences of precipitation and storm surges, the 
interplay of the two types of extremes can exacerbate the impact to a greater extent 
than either of them in isolation. The compound flood hazards from precipitation and 
storm surges vary across regions of the world because of the various weather 
conditions. By analyzing in-situ observations of precipitation and storm surges across 
the globe, it is found that the return periods of compound floods with marginal values 
exceeding the 98.5th percentile (i.e., equivalent to a joint return period of 12 years if 
the marginal variables are independent) are < 2 years in most areas, while those in 
northern Europe are > 8 years due to weaker dependence. The quantitative 
assessment shows that cyclones (i.e., TCs and ETCs) are the major triggers of 
compound floods. More than 80% of compound floods in East Asia and > 50% of 
those in the Gulf of Mexico and northern Australia are associated with TCs, while in 
northern Europe and the higher latitude coast of North America, ETCs contribute to 
most compound floods (i.e., 80%). The meteorological patterns characterized by 
deep low pressure, cyclonic wind, and abundant precipitable water content are 
conducive to the occurrence of compound floods. Extreme precipitation and extreme 
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storm surges over Europe tend to occur in different months, which explains the 
relatively lower probability of compound floods in Europe. 

Analyzing the past changes in the characteristics of compound flood events is critical 
to understand the changing flood risks associated with the combination of multiple 
drivers/hazards. This study examines the evolution of compound flood days (defined 
using the 90th percentiles) to understand the changing compound flood hazards across 
the globe. Results show that the annual number of compound flood days increased 
significantly by 1–4 per decade (α = 0.1) on the east coast of the US and northern 
Europe, while the annual number of compound flood days decreased significantly in 
southern Europe and Japan. The increasing trends in precipitation under extreme 
storm surge and storm surge under extreme precipitation are found extensively across 
the world except in Japan, suggesting that more intense precipitation appeared when 
extreme storm surges occurred, and higher storm surge emerged when extreme 
precipitation occurred. Comparatively, the global fractional contributions of storm 
surge (i.e., 65%) on changes in compound flood days are higher than that of 
precipitation (i.e., 35%), demonstrating that storm surge is more likely to dominate 
the changes in compound flood days.  

The relevant methods are applied to Hong Kong to analyze the compound floods 
from precipitation and extreme sea levels. Results show that the most extreme sea 
levels are usually accompanied by heavy precipitation and thus may lead to 
compound floods, while the most extreme precipitation events are not likely to 
coincide with extreme sea levels. Those most extreme sea levels are associated with 
TCs, but TCs are not the only weather system that can trigger extreme precipitation 
in Hong Kong. During past decades, the compound flood hazards in Hong Kong 
show a significant increasing trend, which is mainly attributed to the mean sea level 
rise. TCs are the major trigger of compound floods with fractional contributions 
ranging from 48.8% to 83.8%. The analysis of TC-associated social-economic 
damage in Hong Kong demonstrates that TCs associated with compound floods are 
more destructive than those caused single hazards. 

This study contributes to providing observational evidence that the slowdown of TCs 
tends to produce higher local rainfall totals and thus imposes greater flood risks at the 
regional scale. The findings of spatio-temporal characteristics, the physical 
mechanisms, and the socio-economic damage of compound floods are important 
scientific references for engineering design, flood risk management, and formulation 
of climate change adaptation strategies. 

Keywords: Flood hazards; Precipitation; Storm surge; Tropical cyclones; 

Extratropical cyclones; Compound extremes; Copula; Coastal areas; Climate change 
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Chapter 1 Introduction 

1.1 Background 

1.1.1 Flood risk in coastal areas 

Floods are one of the most common and destructive types of climate-related hazard, 

and they can occur in any part of the world when water from heavy rainfall, 

snowmelt, lakes, or oceans overflows on typically dry land (Jha et al., 2012). 

Between 1970 and 2018, more than 317,000 deaths and more than 784 billion US 

dollars in economic losses were reported in relation to floods globally (Guha-Sapir et 

al., 2018). The extent of damage caused by floods depends not only on the severity 

and duration of the floods but also on the exposure (i.e., people, livelihoods, assets, 

etc.) and vulnerability (i.e., the propensity to be adversely affected) of the place 

where the hazard occurs (IPCC, 2012). 

Low-lying coastal areas are boundary zones between the land and sea, and they are 

therefore susceptible to a wide range of flood types induced by sea level rises, storm 

surges, and heavy precipitation. Such areas are also generally developed and densely 

populated because of their natural geographical advantages, which makes them 

highly vulnerable to the adverse effects of floods (Chan et al., 2018). Globally, 

approximately 189 million people lived on 100-year flood coastal plains in the year 

2000, and this number is projected to increase to 411 million by 2060 (Neumann et 

al., 2015). With economic growth and the increased population living in flood-prone 

areas, the risk of adverse effects from floods in coastal areas is expected to increase. 

1.1.2 Different flood types 

According to the different triggering mechanisms, floods can be classified into three 

categories: fluvial floods associated with the overflow of catchment river streamflow, 

pluvial floods derived directly from local rainstorms, and coastal floods caused by 

extreme sea levels relating to high tides, wind waves, and storm surges (Huntingford 

et al., 2014). Floods also occur in various forms depending on the weather 

mechanism involved and the geographical context. 
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Fluvial floods, or riverine floods, are river flows that exceed the capacity of a river 

channel and are usually the result of excessive rain falling over an extended period. 

However, fluvial floods are not only caused by high volumes of rainfall, but they are 

also associated with the runoff yield and concentration, and these involve factors 

such as soil type, infiltration, land cover, topography, groundwater storage, and man-

made infrastructures (Huntingford et al., 2014). A basin-level fluvial flood triggered 

by continuous heavy rainfall can affect an extensive area and last for months. In 1998, 

floods in China affected extensive areas of the middle and lower reaches of the 

Yangtze River and lasted from the middle of June to the beginning of September. 

Pluvial floods or surface floods occur when heavy rainfall creates overland flows that 

exceed the infiltration capacity of the soil and cannot be drained out on time 

(Huntingford et al., 2014). Due to land-use modifications and inadequate drainage 

systems, pluvial floods occur frequently in urban areas during high-intensity, short-

duration rainstorms or during median-intensity, long-duration heavy rainfall. The 

inundation depth of this type of flood in urban areas is usually only a few centimeters; 

however, severe total economic losses can be incurred because this type of flood 

occurs frequently in urban areas where properties are concentrated.  

In coastal areas, inundation can result from extreme sea levels associated with storm 

surges, which are the abnormal rises of sea levels forced by cyclonic winds around 

storms. Storm surges can reach heights of several meters and turn low-lying coastal 

zones into inundated areas (Rahmstorf, 2017). For example, Hurricane Katrina 

caused a storm surge that reached 8.8 m and resulted in the severe flooding of New 

Orleans in 2005 (Dietrich et al., 2010). Another example is Hurricane Sandy in 2012, 

which resulted in an extreme water level of 3.4 m above the mean sea level and 

caused flooding in New York (Brandon et al., 2014). 

1.1.3 Cyclone-induced flood hazards 

Cyclones are rotated wind systems circling low-pressure centers. Tropical cyclones 

(TCs) form over warm open oceans and affect tropical and subtropical areas, whereas 

extratropical cyclones (ETCs) usually form in middle latitudes between 30°and 60°

from the equator. Both types of cyclones can cause heavy rainstorms and extreme sea 
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levels, owing to the strong associated winds, intense atmospheric convection, 

abundant water vapor transportation, and low-pressure centers (Booth et al., 2016; 

Hawcroft et al., 2012; Khouakhi et al., 2017; Neu et al., 2013); they are therefore an 

associated major cause of flooding in coastal areas globally. Moreover, simultaneous 

heavy rainfall and extreme storm surges during cyclones can interact and result in 

compound floods. 

As reported in Khouakhi et al. (2017), TC-induced precipitation accounts for 35%–

50% of the total annual rainfall in areas such as northwestern Australia, Southeast 

Asia, and the southeast coast of the US. However, the fractional contribution from 

TCs is even higher for extreme precipitation events. For instance, the fractional 

contribution of TCs to annual maximum daily precipitation can reach 50%–80% in 

East Asia and northwestern Australia (Khouakhi et al., 2017). Countless numbers of 

historical flood events have been caused by TC-induced heavy rainfall. For example, 

Typhoon Morakot (2009) brought more than 3000 mm of rainfall to Taiwan in 4 days, 

which triggered severe flooding and caused 400 deaths and extensive socio-economic 

damage, with economic losses totaling millions of US dollars (Chien & Kuo, 2011). 

In addition to heavy rainfall, strong winds and deep low-pressure cyclonic systems 

can trigger extreme sea levels, which are the main drivers of cyclone-associated 

floods. TCs induce the most severe storm surges, and most TC-associated extreme 

storm surge events have occurred on the northeastern US coast, the northern coast of 

Australia, Southeast Asia, and the North Indian Ocean coast (Needham et al., 2015). 

The destructive power of extreme storm surges can be higher than that of TC-

associated rainstorms. For example, one of the most catastrophic hurricanes in the 

US, Hurricane Katrina in 2005, caused a storm surge reaching 7–8 m along the 

Mississippi coast that claimed more than 900 lives (Knabb et al., 2006; Rappaport, 

2014). As reported in Rappaport (2014), 49% of the deaths caused by Atlantic TCs 

are attributed to storm surges, and this number is considerably higher than the 27% 

of deaths associated with rainfall. 

As cyclones are important triggers of floods in coastal areas, changes in the 

characteristics of cyclones such as the track, translation speed, and intensity can lead 
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to changes in coastal floods. Previous studies have found a poleward migration of 

locations where TCs reach their maximum intensity and an increasing trend in the 

number of intense storms during the past decades (Elsner et al., 2008; Kossin et al., 

2014). This poleward migration of TC tracks can cause higher flood risks in higher 

latitude coastal areas; the more frequent intense storms imply more frequent extreme 

precipitation, storm surges, and strong winds. In addition, Kossin (2018) found that 

TC translation speed decreased by 10% globally during 1949–2016. This change may 

exacerbate coastal flooding hazards by increasing the amount of total local rainfall. 

Examples of severe floods caused by slow-moving TCs include those induced by 

Typhoon Morakot (2009) and Hurricane Harvey (2017). However, the impact of 

slow-moving TCs on precipitation in coastal areas has not been well studied. 

1.1.4 Interdependent flood hazards/drivers and compound floods 

Different types of floods can co-occur in certain weather systems, such as the 

simultaneous occurrence of pluvial and coastal floods in Houston owing to 

rainstorms and storm surges driven by Hurricane Harvey in 2017 (Emanuel, 2017; W. 

Zhang et al., 2018). The simultaneous or successive occurrence of more than one 

flood hazard/driver is known as a compound flood. During a compound flood, the 

interaction between different flood hazards/drivers can exacerbate the adverse impact 

of a single hazard and pose greater threats to society and ecosystems. For instance, 

during Typhoon Hato in 2017, coastal floods caused by extreme storm surges were 

accompanied by severe waterlogging (i.e., pluvial flooding) in Macau. The co-

occurrence of coastal and pluvial floods in Macau restricted the amount of inland 

water discharging into the sea, which resulted in 12 deaths and at least 2002 

casualties (HKO, 2021e). It has also been found that TCs with a high compound 

flood potential are responsible for most of the reported socio-economic damage 

induced by TCs in Hong Kong (Fang et al., 2021). 

Different types of floods can be physically and statistically interdependent due to the 

particular atmospheric conditions and regional factors, including the topography, 

catchment response time, geology, and land use type (Wahl et al., 2015; Ward et al., 

2018). Previous studies have reported correlations between different flood drivers 
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(such as precipitation, river discharge, and storm surges) in regions including Europe, 

the US, East Asia, and Australia (Hendry et al., 2019; Paprotny et al., 2020; 

Svensson & Jones, 2002, 2004; Ward et al., 2018; Zheng et al., 2013). It is vital to 

consider the interdependency between different flood hazards/drivers when assessing 

the joint probability of compound floods, because ignoring this interdependency may 

cause a considerable underestimation of compound flood hazards (Bevacqua et al., 

2019; Ward et al., 2018). 

The application of copula theory in hydrological research has greatly facilitated 

investigations of the joint probability of behaviors associated with multivariate 

extreme events. With the copula function, the dependence structure between two or 

more variables can be established without any theoretical constraints on marginal 

distributions, and copula-based joint probability functions are thus widely used in 

studies assessing compound flood hazards (Bevacqua et al., 2019; Li et al., 2015; 

Nelsen, 2006; Salvadori & De Michele, 2004; Wahl et al., 2015). However, spatial 

and temporal variations in compound floods on a global scale have not been well 

studied because of the limited available observational data. 

In addition, the physical mechanisms that trigger compound floods in different 

regions throughout the world have not yet been fully studied. The interplay between 

precipitation and storm surges can result in (or exacerbate) floods via different 

mechanisms, and the co-occurrence of both extreme precipitation and a storm surge 

has the most detrimental effect. In addition, a moderate storm surge, which may not 

be high enough to cause flooding, can block or slow down water drainage, thus 

exacerbating flooding from extreme precipitation. For a destructive storm surge that 

causes initial flooding, any significant amount of precipitation will exacerbate the 

amount of flooding, and in such a case, the factors contributing to a destructive 

compound flood are not necessarily extreme (IPCC, 2012; Wahl et al., 2015). 

From a meteorological perspective, weather systems, including TCs and ETCs, are 

closely related to the occurrence of compound floods (Bevacqua, Vousdoukas, Zappa, 

et al., 2020; Wahl et al., 2015; H. Xu et al., 2018). A deep low-pressure system, 

strong winds, and abundant precipitable water content have been identified as the key 
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meteorological drivers of compound floods associated with storm surges and 

precipitation (Bevacqua et al., 2019; Fang et al., 2021; Wahl et al., 2015). However, 

more studies are required to elucidate the underlying driving factors and interacting 

processes that cause compound floods and impact society and ecosystems. 

1.1.5 Increasing flood risk under climate change 

With climate change, the frequency, intensity, and duration of climate-related 

extreme events are correspondingly changing. According to the Clausius-Claperyron 

(C-C) relation, precipitation extremes will become more intense within the warming 

climate due to increased atmospheric humidity (Lenderink & van Meijgaard, 2008; 

Prein et al., 2017; Trenberth et al., 2003). In addition, the coastal flood risk is 

expected to increase rapidly during the 21st century as the accelerating sea level rise 

(Church & White, 2011; Sallenger et al., 2012). Global sea levels were estimated to 

have risen by 2.3–3.2 mm yr-1 during 1993–2009 (Church & White, 2011; Nicholls 

& Cazenave, 2010), and the frequency of extreme sea level events in the tropics are 

predicted to double if the mean sea level increases by 10–20 cm, which is projected 

to occur no later than 2050  (Vitousek et al., 2017). The rising sea level can directly 

inundate low-lying coastal areas, and increase the frequency, severity, and duration 

of coastal flooding indirectly by altering water depths, changing the generation, 

propagation, and interaction of waves, tides, and storm surges (Ikeuchi et al., 2015; 

Nicholls and Cazenave, 2010). Besides, sea level rise can lead to beach erosion, 

which increases the relative sea level rise, and aggravates the severity of coastal 

flooding (Anderson et al., 2015; Leatherman et al., 2000). 

Moreover, it is projected that there will be an increase in the number of the most 

intense TCs (Elsner et al., 2008). These changes may result in increases in TC-

induced extreme precipitation and storm surges under climate change conditions, 

which will potentially result in a higher probability of the occurrence of compound 

floods (Knutson et al., 2015; Walsh et al., 2016). Furthermore, the number of people 

living in low-lying coastal areas (especially in Asia and Africa)  will continue to 

increase, owing to population growth and socio-economic development (Neumann et 

al., 2015; Tellman et al., 2021). Therefore, the flood risks in coastal areas will 
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continue to increase, and improved flood risk management and adaptive measures are 

thus essential for building resilient coastal communities. 

1.2 Research gaps 

Cyclone activity significantly exacerbates the flood hazards in coastal areas. Many 

studies have investigated changes in the frequency and intensity of TCs over past and 

future periods, and the slowing of the TC translation speed on a global scale has been 

reported in previous studies. However, the slowing down of TCs is still under debate, 

primarily because of the inhomogeneity of observed TC track data, and more studies 

using different data types, such as observations and simulations in different regions 

are required to improve our understanding of TC translation speed changes. In 

addition, although it is known that slow-moving TCs may induce greater total rainfall 

over a localized area, few studies have examined the impact of changes in the TC 

translation speed on local total rainfall based on long-term observations. 

Low-lying coastal areas are affected by more than one type of flooding, and they thus 

usually experience compound floods. In the past decade, compound floods have 

received increased research attention, and significant progress in our understanding 

has been made. However, research gaps remain, and greater efforts are required to 

gain insights into the characteristics, mechanisms, and impacts of compound floods. 

For example, although many studies have assessed compound flood hazards in areas 

such as the US, Europe, Australia, and China, global-scale studies based on long-

term observations are scarce due to the limited amount of available data, and 

observation-based studies are important for providing references for conducting 

simulation-based evaluations. In addition, although temporal changes in compound 

floods have been identified in the US and Europe, the interannual variability of 

global compound floods over the past few decades has not been well studied. 

Furthermore, the physical mechanisms associated with compound floods and the 

meteorological drivers that cause changes in compound floods are not well 

understood. In this respect, the occurrence of compound floods is closely related to 

storms such as TCs and ETCs, but few studies have quantified the extent to which 

different mechanisms contribute to compound floods associated with heavy 
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precipitation and storm surges. Such knowledge is key to understanding global 

compound flood hazards and could be used as an important foundation for 

conducting further studies. Compound floods have caused substantial damage to 

society (e.g., the floods caused by Typhoon Hato and Hurricane Harvey in 2017). 

However, very few studies have systematically analyzed the socio-economic impacts 

of compound floods. Based on the research gaps elaborated above, this study aims to 

answer the following questions: 

1) How has the TC translation speed over the coast of China changed during the 

past few decades? What is the response of regional flood hazards to changes in 

the TC translation speed? 

2) What are the global spatial and temporal characteristics of compound flood 

hazards derived from multiple flood hazards/drivers? 

3) How many compound floods are associated with cyclone activity? How do 

cyclones affect compound flood hazards? 

4) What are the meteorological conditions driving compound floods and changes in 

compound floods? 

5) How severe is the socio-economic impact of compound floods? 

1.3 Research objectives 

Under climate change, flood hazards in coastal areas are expected to increase owing 

to intensifying precipitation, sea level rise, and the occurrence of more frequent and 

extreme weather events, such as severe storms. It is essential to adopt scientific and 

effective measures to adapt to the increasing coastal flood risk under climate change. 

To achieve this, it is of great scientific significance and practical importance to 

investigate the response of flood hazards/drivers to changing extreme weather 

systems under climate change conditions. In addition, given the substantial damage 

caused by compound floods over coastal areas, it is necessary to conduct risk 

assessments and physical mechanism analyses of compound floods at global and 

regional scales. Gaining such knowledge is key to formulating and expediting 

proactive flood protection management measures that immediately prepare cities for 

future compound floods. Therefore, the three overall objectives of this study are: 1) 
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to examine the response of flood hazards in coastal areas to changes in TCs, 2) to 

comprehensively assess the compound flood hazards across global coastal areas and 

explore the associated physical mechanisms, such as the impact of cyclones (TCs and 

ETCs) and meteorological drivers, and 3) to evaluate the socio-economic impact of 

compound floods. To fulfill the objectives, six tasks were set with the following 

specific objectives: 

1) To examine the changes in the landfalling TC translation speed over the past 

decades and to evaluate the extent to which such long-term changes have affected 

local rainfall totals over the coastal regions of China, which is one of the most 

TC-prone regions in the western North Pacific Ocean. 

2) To assess compound flood hazards from precipitation and extreme storm surges 

across global coastal areas based on conducting a joint probability analysis that 

considers the interdependency between different flood hazards/drivers. 

3) To evaluate the spatial and temporal evolution of compound floods at a global 

scale by examining the variations in the intensity and frequency of the co-

occurrences of heavy precipitation and extreme storm surges during the past 

decades. 

4) To quantitatively evaluate the extent to which cyclones, including TCs and ETCs, 

affect compound floods in global coastal areas. 

5) To identify the meteorological conditions associated with compound floods and 

non-compound floods (such as extreme precipitation without extreme storm 

surges and extreme storm surges without extreme precipitation) and explore the 

meteorological drivers responsible for changes in compound floods.  

6) To evaluate the socio-economic consequences of compound floods by analyzing 

the socio-economic damage caused by TC events in Hong Kong, a city that is 

susceptible to TCs, heavy precipitation, extreme sea levels, and thus compound 

floods. 

1.4 Dissertation outline 

This dissertation has 9 chapters (Figure 1.1). The first chapter introduces the 

background of this study, presents the research objectives, and provides an outline of 
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the work. Chapter 2 provides a literature review, and Chapter 3 describes the datasets 

and the main methods used in this study. Chapters 4 to 7 present the results of 

analyses corresponding to the six tasks outlined in the research objectives above, and 

they are described in greater detail below. Chapter 8 discusses the implications of the 

results and their limitations, and Chapter 9 presents the main conclusions and 

significance of this study, and prospects for future research. 

In greater detail concerning Chapters 4 to 7, Chapter 4 presents the results of the 

response of floods in coastal areas to changes in the TC translation speed. First, the 

changes in the translation speed of TCs that made landfall on the coast of China 

during the past decades are examined using both observations and a multimodel 

ensemble of global climate model simulations. The relationship between the 

translation speed and local rainfall totals over the coastal regions of China is then 

estimated to evaluate the effect of long-term changes in the TC translation speed on 

floods in coastal areas.  

By defining compound floods using the peak-over-threshold method, Chapter 5 

presents an assessment of the joint probability of compound floods at a global scale 

using both empirical and copula-based joint return periods. The roles of cyclones 

(i.e., TCs and ETCs) in compound floods are quantified by estimating the fractional 

contributions and impacts on the return period of compound floods. Meteorological 

conditions (i.e., sea level pressure, winds, and precipitable water content) associated 

with compound floods are also examined. 

The main focus of Chapter 6 is the temporal evolution of compound floods across the 

globe over the past decades. Interannual variability in the compound flood frequency 

is studied by examining the changes in the number of compound flood days, which 

are defined as days with concurrent heavy precipitation and storm surges. Changes in 

precipitation under extreme storm surges, and storm surges under extreme 

precipitation, are analyzed to reveal the evolution of compound flood intensity. The 

meteorological drivers associated with changes in compound floods are also 

investigated in this chapter. 
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Chapter 7 focuses on compound flood hazards in Hong Kong (an important city 

located on the southeast coast of China), which is susceptible to compound floods 

from heavy precipitation and extreme sea levels. The return periods of compound 

floods at six tide gauges are first calculated. The temporal evolution of compound 

floods and the impact of sea level rise on compound floods are then evaluated based 

on long-term observations. Finally, the impact of TC-induced compound floods on 

the social economy is assessed by analyzing the damage (number of deaths or 

persons missing or injured, and economic losses) caused by TC events that have 

affected Hong Kong since 1961. 
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Figure 1.1 Outline of the thesis. 
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Chapter 2 Literature Review 

2.1 Floods from heavy precipitation and extreme sea levels 

2.1.1 Fluvial and pluvial floods 

Fluvial floods, or riverine floods, are river flows that exceed the capacity of a river 

channel and usually result from excessive rainfall over an extended period. Whether 

a fluvial flood occurs is determined by both the amount of rainfall and the runoff 

yield and concentration, which involves factors such as the soil type, infiltration 

capacity, land cover type, topography, groundwater storage, and man-made 

structures (Huntingford et al., 2014). Global-scale studies based on historical 

observations and future projections have identified positive trends in fluvial floods. 

For example, Milly et al. (2002) investigated changes in great floods within large 

basins using both historically observed monthly streamflow and numerical 

simulations. They found that the frequency of great floods increased globally during 

the 20th century, and they also projected a future increasing trend. Furthermore, 

Hirabayashi et al. (2013) estimated the area of river discharge and inundation using a 

global river routing model based on the outputs of 11 atmosphere-ocean general 

circulation models. Their results indicated that under a high greenhouse gas 

emissions scenario, more than 42% of the global land area would show an increased 

frequency of floods trend during the 21st century. Regional studies have shown 

different changes to the flooding regimes in various regions because of the variability 

of differing regional hydrometeorological processes, and in this respect, there is less 

agreement about the projections of flood changes in Europe (Kundzewicz et al., 

2017). Some studies have reported that greater flood hazards will occur over most of 

Europe, whereas others have suggested less robust trends in flood frequency. In 

general, it appears that the frequency of floods will likely increase in the western 

parts of Europe but decrease considerably in northern, central, and southern Europe 

(Alfieri et al., 2015; Dankers & Feyen, 2008, 2009; Roudier et al., 2016).  

Pluvial floods, or surface floods, occur when heavy rainfall creates overland flows 

that exceed the infiltration capacity of the soil and which cannot be drained out on 

time (Huntingford et al., 2014). Due to land-use modification and inadequate 
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drainage systems, pluvial floods occur frequently in urban areas during high-intensity, 

short-duration rainstorms, or during median-intensity, long-duration heavy rainfall 

events.  The inundation depth of such floods in urban areas is usually only a few 

centimeters; however, they may cause considerable total economic losses because 

they occur in urban areas where properties are concentrated. As the risk of floods 

associated with precipitation is predicted to rise in the future, flood management 

strategies not only need to employ engineering flood control measures but also need 

to consider socio-economic factors (Chan et al., 2018; Zhou et al., 2012). In this 

respect, Zhou et al. (2012) assessed the economic pluvial flood risk under future 

scenarios (with and without specific adaptation measures) and suggested that the net 

benefit values (i.e., the difference between a reduction in damages and costs due to 

adaptation measures) would be positive in most cases.  Löwe et al., (2017) coupled a 

hydrodynamic flood model and an urban development model to test the efficiency of 

various flood risk adaptation measures in reducing flood risk and concluded that 

better urban planning policies are more efficient than engineering measures such as 

enlarging the pipe capacity in mitigating the tangible damage caused by floods. 

Extreme precipitation is projected to increase by 1%–15% per degree of warming 

(Bao et al., 2017; Pendergrass & Hartmann, 2014; Prein et al., 2017; Trenberth et al., 

2003). Future scenarios predict that the precipitation intensity and accumulated 

precipitation induced by cyclones (TCs and ETCs) will increase owing to an increase 

in the intensity of cyclones and deceleration of their moving speeds (Knutson et al., 

2015; Q. Zhang, Lai, et al., 2018). Therefore, flood hazards relating to precipitation 

will likely increase in the future. 

2.1.2 Coastal floods 

Coastal floods are caused by extreme sea levels associated with tides, sea level rise, 

and storm surges. The tides are the changes of seawater due to gravitational effects, 

e.g., Sun and Moon, without any atmospheric influences. The storm surges are the 

abnormal rises of water driven by the low-pressure system and forced forward to the 

coast by the strong wind. Mawdsley & Haigh (2016) analyzed the temporal 

variations in storm surge based on 220 tide gauges around the world and found a 
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decreasing trend in extreme storm surge (i.e., exceeding the 99th percentile threshold) 

around north Australia and southwestern Europe. Lin et al. (2012) assessed the storm 

surge risk in New York City under a balanced development climate scenario by 

coupling a Global Climate Model (GCM)-driven hurricane model and a 

hydrodynamic model. Their results indicated that the combined effects of storm 

climatology and sea level rise may greatly increase the surge risk in New York City, 

i.e., a present 100-year surge flooding may occur every 3-20 years by the end of 21th 

century. 

Sea level rise has long been one of the most discussed issues about climate change. 

Global sea level is observed to rise at a magnitude of ~2 mm yr-1 and ~3.2 mm yr-1 

since the 1950s and 1990s, respectively due to the melt of ice land and thermal 

expansion of seawater (Church & White, 2011; Nicholls & Cazenave, 2010). By 

2100, the mean sea level is projected to rise 30–50 cm, 40–80 cm, and 60–130 cm for 

the greenhouse gases emission scenarios RCP2.6, RCP4.5, and RCP8.5, respectively 

(Kopp et al., 2014; Mengel et al., 2016; Nicholls et al., 2011; Nicholls & Cazenave, 

2010). The sea level rise implies increasing flood risk over coastal areas. Firstly, the 

rising sea level can directly submerge low-lying coastal areas. It is projected that a 

global population of more than 300 million and 480 million will be exposed to the 

annual level of extreme sea levels under moderate and high greenhouse gas emission 

scenarios, respectively (Kulp & Strauss, 2019). Furthermore, due to the non-linear 

interactions between different components of sea water level, the sea level rise can 

amplify the astronomical tides, storm surge, and wind wave height (Arns et al., 2015, 

2020). The indirect impacts of sea level rise include the potential effects on erosion 

and subsidence, which may also exacerbate the inundation of low-lying coastal areas 

(Huang et al., 2004; Leatherman et al., 2000; K. Zhang et al., 2004).  

The projections of extreme sea levels also suggested the increasing coastal flood 

hazards. Vousdoukas et al. (2018) projected the extreme sea levels along the 

European coastline by simulating storm surges and wind waves using the D-Flow 

Flexible Mesh model and Wind Wave-Ⅲ model, respectively. They found that under 

a moderate-emission-mitigation polity scenario, the 1-in-100-year level extreme 
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events in the present-day may be annual by 2050, and the main driver of extreme sea 

level in the future is the thermal expansion and consequent sea level rise. Vitousek et 

al. (2017) estimated the extreme sea level coastal flooding based on extreme value 

theory and found that 10 cm of sea level rise could elevate the probability of 50-year 

floods in the tropics to 25 times the current level.  

2.2 Changes in TC activity and implications on flood hazards 

2.2.1 Trends in TC frequency and intensity 

TCs are destructive and they cause tremendous damage to societies, not only in 

relation to the strong associated winds but also to floods and landslides resulting 

from heavy rainfall and storm surges. Changes in TC activity have long been a focus 

of scientific research. However, there is currently no consensus about the influence 

of climate change on the frequency and intensity of past TCs, and it is known that 

trends in the TC frequency and intensity that have been determined over the western 

North Pacific are highly dependent on the dataset used (Elsner et al., 2008; Emanuel, 

2005; Walsh et al., 2016). For example, Song et al., (2010) analyzed the trends in 

intensity and frequency of TCs based on datasets collected from the Joint Typhoon 

Warning Center (JTWC), Japan Meteorological Agency (JMA), and  China 

Meteorological Administration (CMA). Results showed that an increasing trend in 

the frequency and potential destructiveness of intense TCs during 1977–2007 can be 

detected in the JTWC dataset, while downward trends were found in the JMA and 

CMA datasets. In addition, positive trends in TC frequency over the North Atlantic 

have been attributed to an abrupt surge in short-lived TCs (Landsea et al., 2010; 

Webster et al., 2005). Furthermore, observation-based studies have suggested an 

increasing trend in the frequency of intense TCs globally, even though variability 

exists among basins (Elsner et al., 2008; Holland & Bruyère, 2014; Walsh et al., 

2016; L. Wu & Zhao, 2012). However, most simulation studies providing future 

projections agree that there will be an increase in the occurrence of more destructive 

TCs associated with a warming scenario (Emanuel, 2013; Knutson et al., 2015, 2020; 

Murakami et al., 2012). 
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2.2.2 Historical changes of TC translation speed 

Compared with TC frequency and intensity, the influence of climate change on TC 

translation speed has received less attention. TC translation speed, which describes 

how fast TCs pass through a region, is largely controlled by the surrounding steering 

flow (Holland, 1983; G. Zhang et al., 2020). As anthropogenic warming weakens the 

tropical circulation (Caesar et al., 2018; Coumou et al., 2015; C. He et al., 2017; 

Vecchi et al., 2006; Vecchi & Soden, 2007), the globally TC translation speed has 

slowed by 10% during past 60 years (Kossin, 2018). However, the robustness and 

causative mechanisms of TC slowdown are still arguable (Kossin, 2019; Lanzante, 

2019; Moon et al., 2019; Yamaguchi et al., 2020; G. Zhang et al., 2020). This 

controversy is mainly caused by the inhomogeneity in the observed best-track data 

primarily due to the advancement in observation techniques from the pre-satellite era 

to the post-geostationary-satellite era (Landsea, 2007; Landsea et al., 2006; Lanzante, 

2019; Moon et al., 2019). More TC position points over low-latitude seas that are far 

away from the coast were detected in the post-satellite era compared to that in the 

pre-satellite era. The translation speed of TCs is highly sensitive to the latitude of 

TCs, i.e., TC translation speed is generally slower in the low latitudes, and vice versa 

(Lanzante, 2019; Moon et al., 2019). In that case, the slowing trend of TC translation 

speed over the period spanning the pre- and post-satellite era may be overestimated 

owing to systematic biases. Besides, considering the large variations in TC 

translation speed among different basins, more studies focusing on regions are 

needed to better understand the changes in regional TC translation speed (Kossin, 

2018; G. Zhang et al., 2020). 

2.2.3 Implications of slowing down of TC translation speed on flood hazards 

The TC translation speed over land was found to decrease by 20%–30% in areas 

affected by Western North Pacific and North Atlantic TCs (Kossin, 2018). This 

suggests that TCs are taking longer to pass through a given region; as such, localized 

total rainfall is expected to increase, because the total amount of rainfall is inversely 

proportional to the translation speed. Furthermore, according to the C-C relationship, 

the TC rainfall intensity is likely to be enhanced by anthropogenic warming 

(Lenderink & van Meijgaard, 2008; Prein et al., 2017; Trenberth et al., 2003). As the 
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rainfall intensity increases, the effect of the decrease in the TC translation speed on 

localized total rainfall is multiplied. For example, Morakot, which stalled in Taiwan 

for more than 30 h, produced more than 3000 mm of rainfall (Chien & Kuo, 2011). 

Previous studies have analyzed the relationship between TC duration and TC-

induced total rainfall over Taiwan and found that increasing TC rainfall is related 

more to an increase in the TC’s duration rather than an enhancement of its intensity 

(Chang et al., 2013; Chien & Kuo, 2011; S.-H. Su et al., 2012). A similar relationship 

between TC duration and TC rainfall was also found in mainland China (X. Chen et 

al., 2011) and the US (Hall & Kossin, 2019). However, compared to the effects of 

increased rainfall intensity, the impacts of changes in the TC translation speed on 

localized total rainfall in the long term have not been studied in depth. 

2.3 Compound floods in coastal areas: definition, hazard assessment, and 

impact of cyclones 

The studies on compound floods are discussed in three aspects: the definition and 

study framework of compound floods (Section 2.3.1), assessment of compound flood 

hazards (Section 2.3.2), and impact of cyclones on compound floods (Section 2.3.3). 

In Section 2.3.2, the studies of compound flood hazard assessment were introduced 

in three subsections according to the different approaches used to evaluate the 

compound flood hazards. They are: (1) estimation of the dependence between 

different types of flood hazards/drivers, (2) calculation of the joint probability of 

compound floods, and (3) simulation of the compound flood water level using 

hydrodynamic models to assess the compound flood hazards. 

2.3.1 Study framework of compound floods 

In 2017, Hurricane Harvey hit the coast of the Gulf of Mexico and caused 

widespread flooding over Texas, resulting in economic losses of more than 125 

billion US dollars and at least 68 fatalities (NWS, 2018). This devastating flood was 

driven by heavy rainfall and storm surges. The accumulated rainfall during Hurricane 

Harvey exceeded 1300 mm over the extensive Houston area, which resulted in 

pluvial floods. The strong winds and changes in the sea level pressure fields caused a 
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simultaneous abnormal rise in sea level reaching 1–4 ft that blocked the drainage of 

inland freshwater and further increased the flood level. 

A compound flood occurs in relation to two (or more) flood drivers/hazards. The 

compound flood caused by Hurricane Harvey was driven by a combination of 

extreme precipitation and a moderate storm surge; although the effect of the storm 

surge was not as extreme as the precipitation, it amplified the impact of the flood. 

Compound floods can also be triggered by various combinations of flood 

drivers/hazards, such as extreme precipitation and extreme storm surges, moderate 

precipitation, and moderate storm surges, all of which are not individually hazardous, 

but they can cause extreme impacts due to interplays between them. 

The concept of compound events (including compound floods) has been discussed in 

previous studies. For example, the Intergovernmental Panel on Climate Change 

(IPCC) special report on managing the risk of extreme events and disasters to 

advance climate change adaptation (IPCC, 2012) defines compound events as: (1) 

two or more extreme events occurring simultaneously or successively, (2) 

combinations of extreme events with underlying conditions that amplify the impact 

of the events, or (3) combinations of events that are not themselves extremes but lead 

to an extreme event or impact when combined. The contributing events can be 

similar or different types. Storms accompanied by heavy rainfall and storm surges 

are examples of Categories 1 and 3. For Category 2, the underlying variables may not 

cause extreme impacts alone, but they can provide favorable conditions for the 

occurrence of extreme events. For instance, floods are more likely to occur under 

high soil moisture conditions, even though high moisture does not cause extreme 

impacts. This definition highlights the multivariate nature of compound events, but it 

has a limitation in that it embodies various compound events associated with 

complex combinations of multiple variables. In addition, Leonard et al. (2014) 

defined compound events as extreme impacts that depend on multiple statistically 

dependent variables or events, and their study emphasized three key elements of 

compound floods: they made a significant impact, they were associated with multiple 

variables, and the different variables were interdependent. For example, the criteria 
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for a compound flood over a coast can be described as follows: (1) the flood level is 

extreme enough to cause an impact; (2) the impact depends on multiple variables 

(such as rainfall and the ocean boundary); and (3) the ocean level has a statistical 

dependence on rainfall due to influences such as storm surges, wind setups, or 

seasonality. Zscheischler et al. (2018) further generalized the concept of compound 

events as being combinations of multiple drivers and/or hazards that contribute to 

societal or environmental risks, where the drivers include climate and weather 

processes, variables (such as temperature and soil moisture), and phenomena (such as 

ENSO). Compound events are embedded in a general risk framework that linked the 

drivers, hazards, and risks to better identify the drivers of compound events from the 

impact of events using bottom-up approaches. 

The perspectives discussed above are important for clarifying the concepts, 

characteristics, and scopes of compound events, and they provide a basic framework 

for further studies on the physical mechanism and future changes in compound 

events, in addition to conducting risk assessments. However, most studies analyzing 

compound flood hazards and mechanisms identified compound floods by the 

existence of two or more flood-related variables that usually include at least one 

extreme and which occur within a given period and spatial range. For example, For 

example, Wahl et al. (2015) combined storm surge data of a tide gauge with 

precipitation data of stations in a radius of 25 km from the tide gauge and identified 

compound floods from the time series of the annual maximum storm surge and the 

highest precipitation within ±1 d, and the annual maximum precipitation and the 

highest storm surge within ±1 d. In some other studies, the paired daily precipitation 

and daily maximum storm surge were analyzed directly (Bevacqua et al., 2019; 

Bevacqua, Vousdoukas, Zappa, et al., 2020). When analyzing the compound floods 

from heavy precipitation and storm surges, the distance between precipitation 

stations and tide gauges is usually less than 75 km. However, when it comes to the 

compound floods from river discharge and storm surges, the distance between river 

discharge gauges and tide gauges can be up to 500 km, which depends on the 

catchment size (Couasnon et al., 2020; Wahl et al., 2015; Ward et al., 2018).  
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Attempts to identify the co-occurrence of precipitation and storm surges using such 

methods may not result in identifying compound floods that have led to actual 

damage to society or the environment, but only a representation of the potential 

compound flood hazards. This is because the actual flood hazards highly depend on 

localized characteristics such as topography, land use, regional climate, and their 

interactions, which need to be analyzed site by site (Bevacqua, Vousdoukas, 

Shepherd, et al., 2020; Hendry et al., 2019). Assessments of actual flood hazards are 

thus difficult to implement in large-scale studies, and most previous studies at global 

and continental scales have limited their analyses to potential compound flood 

hazards (e.g., Bevacqua et al., 2019; Bevacqua, Vousdoukas, Zappa, et al., 2020; 

Couasnon et al., 2020; Wahl et al., 2015). In contrast, estimations of actual 

compound flood hazards in terms of flood levels are mostly based on hydrodynamic 

models, and they are focused on small-scale regions (Gori, Lin, & Smith, 2020; Gori, 

Lin, & Xi, 2020; Lian et al., 2013). 

2.3.2 Assessment of compound flood hazards 

2.3.2.1 Dependence between different flood drivers/hazards 

There is usually a certain interdependence between different flood drivers (i.e., 

precipitation, river discharge, and storm surges) because of certain atmospheric 

conditions such as TCs and ETCs, and regional factors such as topography, 

catchment response time, geology, and land use (Svensson & Jones, 2002, 2004; 

Ward et al., 2018). For example, when heavy precipitation occurs, the probability of 

a storm surge is greater than that during non-heavy precipitation, and vice versa. 

Previous studies have employed correlation coefficient measures (such as Pearson’s r, 

Spearman’s ρ, Kendall’s τ, and the tail dependence measure χ) to examine the 

correlations between different flood drivers. Pearson’s r is a measure of linear 

correlations, Spearman’s ρ and Kendall’s τ are based on ranking variables to measure 

ordinal associations between them, and the tail dependence measure χ focuses on the 

extremal dependence in a multivariate series (Coles et al., 2001). Regardless of the 

measures applied, significant positive correlations between different flood drivers 

have been found in many areas globally. For example, a significant dependence 

between storm surge and precipitation has been detected on the coasts of the US 
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(Wahl et al., 2015), Eastern and Southern Europe (Bevacqua et al., 2019; Camus et 

al., 2021; Hendry et al., 2019; Paprotny et al., 2020), Australia (W. Wu et al., 2018, 

2021; Zheng et al., 2013, 2014), and China (Fang et al., 2021). Furthermore, with the 

application of reanalysis and simulated data, storm surge and precipitation have been 

found to exhibit significant positive dependence in areas such as the coast of 

Madagascar, the coast of Morocco, and large parts of India and East Asia where 

observational stations are scarce or absent (Bevacqua, Vousdoukas, Shepherd, et al., 

2020). The global spatial patterns in the correlations between storm surge and river 

discharge have also been found to be similar to those between storm surge and 

precipitation (Bevacqua, Vousdoukas, Shepherd, et al., 2020; Couasnon et al., 2020; 

Ward et al., 2018). 

Meteorological forcing that causes a correlation between precipitation and storm 

surge can be identified between stations located hundreds of kilometers apart (Zheng 

et al., 2013). However, regional topography can significantly affect the correlation 

between precipitation, river discharge, and storm surges. For instance, there is a 

stronger dependence between precipitation and storm surges in hilly coastal areas 

because precipitation is enhanced by orographic effects (Svensson & Jones, 2002, 

2004). However, a time lag may exist between a high storm surge and peak river 

discharge because of the catchment response time. In regions characterized by steep 

topography at a short distance to the coastline, such as the western US, the UK, and 

Japan, the time lag is relatively short (less than 1 day) because precipitation is 

enhanced by the orographic effects and river discharge rapidly reaches the coast 

(Ward et al., 2018). In contrast, the time lag between storm surge and river discharge 

is relatively longer in the western Netherlands (~6 days) because there is a longer 

response time between river discharge and precipitation within the catchment (Klerk 

et al., 2015). 

The dependence between different flood drivers has changed as a result of natural 

and anthropogenic climate change. For example, Wahl et al. (2015) observed an 

increasing trend in the dependence coefficient between precipitation and storm 

surges over major cities in the US. In Europe, upward trends of the upper-tail 
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dependence between high coastal water levels and river discharge were detected at 

mid-latitudes (from 47°N to 60°N) between 1901 and 2014 (Ganguli & Merz, 2019). 

However, the temporal evolution of dependence in other areas and the physical 

mechanisms causing such changes have not been well studied. 

2.3.2.2 Estimation of the joint probability of compound floods 

The probability of a compound flood occurring is typically measured in terms of the 

frequency or return periods (i.e., the average interval between two events) of 

previous compound floods. For locations with good data completeness over long 

periods, the empirical return period of compound floods can be calculated using the 

total record length divided by the number of compound flood events that have 

occurred during this time (e.g., Ridder et al., 2020). However, this method may fail if 

compound flooding has not occurred during the observation period. An alternative 

approach is to use a statistical method to estimate the joint probability of a compound 

flood occurring. 

Constructing the joint probability distributions of dependent flood drivers is key to 

assessing the joint occurrence of compound floods, and this process has become 

more feasible and reliable with the recent development of joint statistical theories. 

Copulas are among the most widely used joint probability distribution models for 

constructing multivariate distributions to assess joint probability behaviors in the 

field of hydrology (e.g., Li et al., 2015; Nelsen, 2006; L. Zhang & Singh, 2006; Q. 

Zhang et al., 2012, 2013). One major advantage of copula models is that the marginal 

distributions of individual variables can take any form. To assess the joint probability 

of compound floods using copulas, the marginal distributions of the variables (such 

as precipitation and storm surge) and their dependence are first estimated. The joint 

probability distribution functions (the copula functions) are then constructed based 

on the marginal distributions. Finally, the joint probability of a compound flood at 

any given return level can be estimated based on joint probability distributions. 

Based on this basic process, the combination of compound floods and event sampling 

methods used can vary. The most common combination compound flood scenarios 

include the use of “AND,” “OR,” “Kendall,” and “Survival Kendall” scenarios 



24 
 

(Salvadori et al., 2016). The “AND” scenario considers the most extreme scenarios, 

where both variables reach extreme levels. The “OR” scenario is the most 

conservative scenario and it includes three cases: 1) heavy precipitation occurs 

without storm surge, 2) storm surge occurs without heavy precipitation, and 3) the 

“AND” events (Lian et al., 2013; Moftakhari et al., 2017; H. Xu et al., 2018, 2019). 

The “Kendall” and “Survival Kendall” scenarios are similar to both the “AND” and 

“OR” scenarios, respectively, but they focus on the relationship between 

precipitation and storm surge in combinations that have the same joint return period 

(i.e., they consider various combinations of precipitation and storm surge that have 

the same return period). 

The compound flood event sampling methods used also vary from study to study. To 

extract single-variable extremes, the annual maxima and peak-over-threshold are two 

commonly used methods. The sample size of compound floods is small using the 

annual maxima method because only one event is sampled for each year and location; 

this is not advantageous for providing a robust statistical analysis of compound 

floods. However, the sample size can be flexibly adjusted by adjusting the threshold 

using the peak-over-threshold method. In addition, the data pairs used for copula 

modeling can be selected using two methods: conditional sampling and simultaneous 

exceedance sampling. The conditional sampling method produces two sample series: 

precipitation conditional on extreme storm surges and storm surges conditional on 

extreme precipitation (e.g., Ward et al., 2018; Wahl et al., 2015). Knowing that one 

variable is extreme, a compound flood occurs when the other variable is moderate or 

extreme. This method ensures that at least one variable in the selected events is 

extreme, but it may miss compound floods caused by combinations of moderate 

events and multiple compound floods that occur in the same year. For the 

simultaneous exceedance sampling method, all data pairs with individual values that 

simultaneously exceed their high values are selected for copula modeling and joint 

probability analysis (e.g., Bevacqua et al., 2019; Bevacqua, Vousdoukas, Zappa, et 

al., 2020). The advantage of this method is that more data pairs can be selected by 

adjusting the magnitude of the high values, and compound floods from combinations 

of moderate events cannot be missed. Although different results can be obtained 
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using the various sampling methods and compound flood combination scenarios, and 

when using different marginal distributions and copula models (Camus et al., 2021), 

few studies have analyzed the sensitivity and uncertainty of the joint probability of 

compound floods. 

Many previous studies have used copula models to estimate the joint probability of 

compound floods on regional or global scales. From a global perspective, compound 

floods relating to storm surges and precipitation/river discharge frequently occur in 

areas such as southern and eastern Europe, Madagascar, Morocco, part of India, the 

coast of the US, East Asia, and northern Australia (Bevacqua, Vousdoukas, Shepherd, 

et al., 2020; Couasnon et al., 2020). Bevacqua, Vousdoukas, Shepherd, et al. (2020) 

analyzed the compound floods defined using storm surge and precipitation and using 

storm surge and river discharge based on simulated data. Their results showed that 

the spatial patterns of dependence and return periods of compound floods are similar 

when defining compound compounds using precipitation or river discharge. For large 

catchments and long rivers, it is preferable to use river discharge data to analyze 

compound floods due to the relatively pronounced modulation of the effect of the 

catchment. For small and midsize rivers, the compound flood potential can be 

analyzed using precipitation. In addition, compound floods arising from the 

interaction between local rainstorms and storm surges can only be analyzed using 

precipitation in areas with no rivers. 

At a regional scale, most regional studies conducting compound flood hazard 

assessments have focused on the US, Europe, and China, where tide gauges are 

densely distributed and the data completeness over a long period is optimal (e.g., 

Bevacqua et al., 2019; Fang et al., 2021; Hendry et al., 2019; Moftakhari et al., 2017; 

Paprotny et al., 2020; Wahl et al., 2015). In addition, many studies focusing on cities 

or small catchments have investigated the impact of interactions between different 

flood drivers using hydrodynamic models (e.g., Gori, Lin, & Smith, 2020; Gori, Lin, 

& Xi, 2020; Jane et al., 2020; Khanam et al., 2021; Lian et al., 2013; Wu et al., 2021; 

Xu et al., 2018, 2019). These studies have revealed the characteristics of regional 

compound flood hazards, and they are important for regional flood risk management. 
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With respect to the temporal evolution of compound flood hazards, Wahl et al. (2015) 

reported that there has been an increase in compound flood hazards due to enhanced 

dependency during the past decades in major cities of the US. Likewise, upward 

trends in the compound flood frequency in relation to sea level and river discharge 

were observed during 1901–2014 in the middle latitudes of Europe (Ganguli & Merz, 

2019). Furthermore, with the release of a high-resolution global dataset of storm 

surges, two recent studies have projected compound flood hazards from precipitation 

and storm surges under climate change (Bevacqua et al., 2019; Bevacqua, 

Vousdoukas, Zappa, et al., 2020; Muis et al., 2020). Projection studies under high 

emission scenarios showed that the occurrence probability of compound floods will 

increase globally compared to the present because of changes in precipitation and 

meteorological tides (Bevacqua, Vousdoukas, Zappa, et al., 2020). Sea level rises 

will also significantly elevate the risk of compound floods (Bevacqua et al., 2019; 

Fang et al., 2021; Moftakhari et al., 2017). These studies have contributed to 

revealing the response of compound floods to future climate change; however, they 

showed large regional variability, and the projections contain great uncertainties. 

Therefore, more global and regional studies are needed to increase confidence in 

projecting future compound flood hazards. 

2.3.2.3 Compound flood hazard assessment using hydrodynamic models 

The assessments of compound flood hazards provided by large-scale studies based 

on statistical joint probabilities are of importance in depicting the primary 

distribution of compound flood hazards globally, however, did not provide 

information such as the flood level, flood extent, and duration which are needed for 

the practice engineering applications such as land-use planning, flood protection 

infrastructure designing and operating (e.g., reservoir and pumping station). 

Hydrodynamic models, in combination with hydrodynamic mechanisms and regional 

features such as orography, soil types, and land covers, can provide information on 

the complex physical processes and water levels of floods (Teng et al., 2017). The 

commonly used hydrodynamic models include the hydrological models that simulate 

rainfall-runoff processes according to the spatial and temporal patterns of rainfall 

(e.g., HEC-HMS, SWMM, and GSSHA), ocean circulation models that are forced by 
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surface wind and pressure field and produce storm surge/wind waves (e.g., ADCIRC), 

and hydraulic models that simulates the inundation depth and extent according to the 

river discharge from upstream, sea levels at the downstream boundary, and also the 

precipitation directly falling in the study area (e.g., HEC-RAS [Gori, Lin, & Smith, 

2020; Gori, Lin, & Xi, 2020; Lian et al., 2013; Santiago-Collazo et al., 2019; Silva-

Araya et al., 2018]). Different from the simulations of univariate floods, the 

simulation of compound floods in coastal areas involves different types of floods and 

the interactions between them. Therefore, a compound flood model usually consists 

of one or more numerical models (e.g., hydrological model, oceanic model, and 

hydraulic model) and/or observed data (e.g., precipitation, river discharge, and sea 

levels).  

The simulation of compound flood levels can be carried out by three schemes: 1) a 

hydrologic model with setting the sea levels as the downstream boundary, 2) an 

oceanic model with setting the freshwater discharge as the boundary conditions, and 

3) a hydraulic model linking the freshwater discharge as the upstream boundary and 

sea levels as the downstream boundary. The compound flood models based on 

hydrologic models focus on the hydrologic process and take the output water levels 

of hydrologic models as the compound flood levels. The coastal flood process, 

represented by the oceanic water level, is inputted as boundary conditions of the 

hydrologic model. This setting neglects the interactions between the rainfall-runoff 

and the storm surge in the coastal flood plain and thus underestimates the compound 

flood levels. Similarly, the oceanic model-based compound flood models concentrate 

on the ocean circulation process and may neglect the out-of-bank flow and a large 

amount of precipitation over the ocean (Santiago-Collazo et al., 2019). By contrast, 

the hydraulic models, which can be linked with a hydrologic model or observed river 

discharge as the upstream boundary and an oceanic model or observed sea level as 

the downstream boundary, become the most popular choice for compound flood 

modeling. 

By coupling the hydraulic models with other hydrologic models and oceanic models, 

one can 1) analyze compound flood hazards in areas where long-term observational 
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data is absent, 2) explore compound flood hazards under future climate scenarios, 

and 3) investigate the physical mechanisms such as the impacts of backwater effect, 

bifurcation, sea level rise, and TCs on compound flood levels (Gori, Lin, & Smith, 

2020; Gori, Lin, & Xi, 2020; Ikeuchi et al., 2015, 2017; Khanam et al., 2021). For 

instance, Khanam et al. (2021) presented a framework that uses the WRF model to 

synthesize the atmospheric conditions, a hydrological model to simulate the river 

discharge, and a hydrodynamic model to simulate the flood extent and flood depth 

caused by TC events. In their study, the impact of sea level rise was investigated by 

adding the factor of sea level rise in the future scenario to the downstream boundary. 

By linking three models using the one-way coupling approach, Gori, Lin, & Smith 

(2020) and Gori, Lin, & Xi (2020) assessed the TC-induced compound floods and 

investigated the impact of factors such as astronomical tides, time lag, and TC 

characteristics (i.e., landfalling angle, forward speed, rainfall radius, maximum wind 

speed) on compound water levels. They found that 1) rainfall rate and time lag are 

important predictors of compound flood impacts; 2) the flood levels in midstream 

over the coastal area are compounding zones determined by both storm surge and 

rainfall, while the upstream is the rainfall-dominated area, and the downstream is 

dominated by storm surge for lower return period events but compounding zones for 

higher return period events. 

The advantages of hydrodynamic models are apparent, such as the clear physical 

meaning and interpretability. However, limitations still exist. Firstly, most studies 

link hydrodynamic models using one-way or two-way loosely couple techniques, 

which may neglect many interactions between different flood drivers such as the 

interactions between storm surge and streamflow, the impacts of out-of-bank flow, 

and precipitation over the study area. Secondly, most existing studies concentrated 

on the small-scale estuarine areas in the US, Europe, and China because the 

application of hydrodynamic models requires sufficient high-resolution data and 

great computational power. The development of large-scale coupled compound flood 

models and the data assimilation techniques will be useful to promote the simulation 

of compound floods at large scales. 
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2.3.3 Impact of cyclones on compound floods in coastal areas 

Cyclones, including TCs and ETCs, can simultaneously cause damaging storm 

surges and heavy precipitation events. Previous studies have demonstrated the 

important impact of cyclones on precipitation and storm surges (e.g., Booth et al., 

2016; Catto & Pfahl, 2013; Colle et al., 2015; Hawcroft et al., 2012; Khouakhi et al., 

2017; Needham et al., 2015). However, the role of cyclones in compound floods has 

not been well studied, and studies investigating the effects of TCs on compound 

floods are limited to the case or regional studies (Gori, Lin, & Smith, 2020; Gori, Lin, 

& Xi, 2020; Qiang et al., 2021; H. Xu et al., 2018). For example, Xu et al. (2018) 

analyzed the joint risk between typhoons (characterized by the maximum sustained 

wind, center pressure, and distance between the typhoon center and the study area), 

rainfall, and storm surges over a city in China based on observed TCs. Other studies 

have focused on simulating compound floods during TCs. For instance, Gori, Lin, & 

Smith (2020) and Gori, Lin, & Xi (2020) simulated the compound water levels of a 

set of realistic TCs using hydrological and hydrodynamic models to investigate the 

impact of the landfalling angle, intensity, and forward speed of TCs on compound 

floods. The results showed that the rainfall rate and time lag between the centroid of 

the rainfall and the peak storm tides are the strongest predictors of the compound 

flood potential. These studies explored the impact of TCs on compound floods by 

analyzing the relationship between compound flood levels and TC characteristics, 

which is important for providing insights into the physical mechanisms of compound 

floods. However, these studies focused on specific limited regions, and their 

contributions to understanding the roles of TCs and ETCs in compound floods at a 

global scale are thus limited. 
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Chapter 3 Data description and methodology 

The datasets used in this study are presented in Section 3.1 and the methodology is 

shown in Section 3.2. Figure 3.1 and Figure 3.2 show the workflows of examination 

of the flood risk in response to changes in TC translation speed and analyses of 

compound floods in this study, respectively. 

 

Figure 3.1 Workflow of examination of the flood risk in response to changes of TC 

translation speed. 
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Figure 3.2 Workflow of analyses of compound floods in this study. 
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3.1 Data 

The observation-based gridded precipitation and the best track data of TCs are 

collected to analyze the changes in TC translation speed and the impact on local 

rainfall totals over the coast of China. The outputs of 8 Global Climate Models 

(GCMs) are collected to investigate the simulated TC translation speed. 

The observed daily precipitation and hourly sea level data are used to assess the 

global compound flood hazards from precipitation and storm surge. To investigate 

the physical mechanisms associated with compound floods, the cyclone track 

datasets, and meteorological variables such as level pressure, wind, and precipitable 

water content are also collected. 

The datasets including observed daily precipitation, daily maximum sea levels, 

maximum storm surges during TC events, and socio-economic damage caused by TC 

events are collected from the Hong Kong Observatory (HKO) to analyze the 

compound floods and socio-economic damage in Hong Kong. 

3.1.1 Gridded precipitation data over China 

A gridded daily precipitation dataset at the resolution of 0.5°× 0.5° covering a period 

of 1961-2010 is collected from the National Meteorological Information Center 

(NMIC) of the China Meteorological Administration (NMIC, 2012). This dataset was 

reproduced from the observations of 2,474 meteorological stations in China using the 

Thin Plate Spline method (Hutchinson, 1998a, 1998b). 

3.1.2 TC and ETC track data 

The TC track data (i.e., longitude and latitude of TC centers) between 1950 and 2017 

is collected from the International Best Track Archive for Climate Stewardship 

(IBTrACS, https://www.ncdc.noaa.gov/ibtracs/; Knapp et al., 2010). This dataset, 

combining the observed track estimates from multiple sources, has been widely used 

in studies related to TCs (e.g., Khouakhi et al., 2017; Wahl et al., 2015; Q. Zhang, 

Lai, et al., 2018) 

There is no extensively accepted single ETC track data owing to the complexity of 

ETCs (i.e., various shapes and structures, changeable motion, and wide size ranges 
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[Neu et al., 2013]). Previous studies on ETCs usually identified ETCs using objective 

feature tracking techniques based on meteorological variables such as mean sea level 

pressure and relative vorticity at 850 hPa (Hoskins & Hodges, 2002; X. L. Wang et 

al., 2006). By using different detection and tracking methods, the cyclone (i.e., 

including TCs and ETCs) tracks show marked differences in characteristics such as 

track density, track agreement with other datasets, wind speed, and intensity (Neu et 

al., 2013). In this study, the ETC track data between 1979‒2012 produced by method 

M09 proposed in the Intercomparison of Mid Latitude Storm Diagnostics project 

(IMILAST, www.proclim.ch/imilast/index.html [Neu et al., 2013]) is used because 

this method has the most balanced performance in various aspects mentioned above. 

Cyclones including ETCs and TCs are identified using the automatic tracking 

methods mentioned above. Identical tracks in both the ETC track data and IBTrACS 

data are removed from the ETC catalog. 

3.1.3 Global Climate Model outputs 

Outputs of Coupled Model Intercomparison Project Phase 5 (CMIP5) GCMs are 

obtained from the Earth System Grid Federation (ESGF) Peer-to-Peer system 

(https://esgf-node.llnl.gov/projects/esgf-llnl/) to investigate the simulated TC 

translation speed in GCMs. The meteorological variables include sea level pressure, 

the temperature at three pressure levels (850, 500, and 250 hPa), and winds at two 

pressure levels (850 and 250 hPa). In the CMIP5 archive, only GCMs with 6-hourly 

outputs of the above variables and with detected landfalling TCs in the study area in 

more than 30 years are selected. A total of eight GCMs, namely CSIRO-Mk3-6-0, 

GFDL-ESM2M, GFDL-CM3, HadGEM2-ES, MIROC5, MPI-ESM-LR, MRI-

CGCM3, and NorESM1-M, are chosen for analyzing the changes in TC translation 

speed (Appendix A, Table A1). 

3.1.4 Global precipitation data and storm surge data 

To estimate pluvial floods caused by precipitation extremes, daily precipitation data 

is derived from the Global Historical Climatology Network (GHCN-Daily, 

https://www.ncdc.noaa.gov/ghcn-daily-description; Menne et al., 2012). GHCN-

Daily dataset integrates daily climate records of land surface stations from numerous 

http://www.proclim.ch/imilast/index.html
https://esgf-node.llnl.gov/projects/esgf-llnl/
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sources. A common suite of quality control processes has been applied to control the 

data quality. In this study, the precipitation records from more than 4,900 stations 

with the longest time series of 126 years are selected to pair with the tide gauges. 

The sea level data used in this study is the Global Extreme Sea Level Analysis 

version 2 (GESLA-2, https://www.gesla.org/; Woodworth et al., 2016). GESLA-2 is 

a dataset of high-frequency sea level information from tide gauges operated by many 

agencies around the world. This dataset contains 39,151 station-years of sea level 

information from 1,355 stations distributed worldwide. The sea level information in 

this dataset has hourly or more frequent sampling (e.g., 15 min), depending on the 

stations and year. The record length of different stations ranges from 1 year to 167 

years, with a mean of 29 years. For tide gauges with record intervals shorter than 1 

hour, the hourly sea levels are extracted to unite the recording interval of sea levels. 

To extract storm surge from the total sea levels, a tidal harmonic analysis tool, i.e., 

the T-tide Toolbox in Matlab (Pawlowicz et al., 2002), is applied year by year to 

divide the total sea level into three major components, namely mean sea level, 

astronomical tides, and residual tides (including storm surge and wind waves and 

briefly referred to as storm surge). The residual tides are referred to as the storm 

surge, which is used to analyze the compound floods. Here, only tide gauges with at 

least 75% of overlapping data completeness per year are used. Even though the 

astronomical tides are also important components triggering coastal floods, they are 

not likely to have a relation to climate extremes. Therefore, the storm surge is used to 

represent the source of coastal floods to better focus on the physical mechanisms of 

compound floods in this study. The hourly storm surges are converted into daily time 

series by extracting the daily maxima. 

Following Wahl et al. (2015) and Ward et al. (2018), for each tide gauge, the daily 

maximum storm surge and the mean precipitation of stations within 25 km of the tide 

gauge are paired. When there is no precipitation station within 25 km of the tide 

gauge, the search radius is expanded to 50 km. Only tide gauges with at least 75% of 

overlapping data completeness per year and at least 18 years of records during 1979–

2014 are selected. The minimum record threshold of 18 years is selected with 
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consideration of the number of available tide gauges and the quality of the analysis 

(Figure B1 in Appendix B). Eventually, 316 tide gauges are chosen, which are 

mostly located along the coasts of North America, Europe, Australia, East Asia, and 

Southeast Asia (Figure 3.3). 

 

 

 

Figure 3.3 Locations of tide gauges and the length of overlapping years. (a) 

Locations of tide gauges and the length of overlapping years; (b) the number of tide 

gauges with a particular length of overlapping years; and (c) the number of tide 

gauges with data available in a particular year. In (a), the colors denote the length of 

overlapping years. Only tide gauges with ≥ 18 years of data are shown. 
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3.1.5 Meteorological variables 

The daily averaged sea level pressure, three-dimension winds, and precipitable water 

content at 2.5°×2.5° spatial resolution between 1948‒2014 are collected from 

NCEP/NCAR reanalysis dataset 

(https://www.esrl.noaa.gov/psd/data/gridded/data.ncep.reanalysis.html; Kalnay et al., 

1996) to analyze the meteorological conditions associated with compound floods and 

the meteorological drivers of changes in compound floods.  

3.1.6 Precipitation, sea levels, and socio-economic damage data in Hong Kong 

The daily maximum sea level data of 6 tide gauges, namely Quarry Bay (QUB), 

Tsim Bei Tsui (TBT), Shek Pik (SHP), Tai Miu Wan (TMW), Tai Po Kau (TPK), 

and Waglan Island (WAG), are collected from HKO 

(https://www.hko.gov.hk/en/cis/climat.htm). The tidal harmonic analysis can not be 

applied to this sea level data because there is no information on the time when the 

daily maximum sea levels occurred. Therefore, the compound floods are analyzed 

using the daily precipitation and daily maximum sea level data in this chapter. The 

daily precipitation data are collected from 53 stations in Hong Kong 

(https://www.hko.gov.hk/en/cis/climat.htm). The locations of tide gauges and 

precipitation stations are shown in Figure 3.4. The tidal information at gauge QUB 

consists of the data from 1954 to 1986 at tide gauge North Point and data during the 

period 1987–2019 at gauge QUB since they have matching datum information (Ding 

et al., 2001; Qu et al., 2019). For each tide gauge, the nearest precipitation station is 

selected to pair with the tide gauge. In case the record length of the nearest 

precipitation station can not cover that of the tide gauge, the second nearest 

precipitation station is used, and so on. The largest distance between tide gauges and 

the paired precipitation station cannot exceed 10 km. The years with a missing data 

rate greater than 25% are removed. Finally, the tide gauge QUB has the longest 

overlapping data of 60 years, while the overlapping data lengths of other tide gauges 

range from 18 to 34 years. The overlapping years of precipitation and sea level data 

in each tide gauge can be seen in Figure 3.5. 
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The maximum storm surges caused by the individual TCs from 1961 to 2019 are 

collected from HKO to examine the impact of meteorological-driven storm surge on 

extreme sea level/compound floods 

(https://www.hko.gov.hk/en/wservice/tsheet/pms/stormsurgedb.htm). The annual 

mean sea levels at 6 gauges are derived from the HKO to investigate the impact of 

sea level rise on the evolution of compound floods 

(https://www.hko.gov.hk/en/cis/climat.htm). The damage information caused by TCs 

including the persons dead/missing, persons injured, and economic losses in money 

from 1988 to 2019 is collected from HKO to investigate the impact of TC-induced 

compound floods (https://www.hko.gov.hk/en/informtc/historical_tc/cdtc.htm). With 

the development of the social economy in Hong Kong, the population and property 

exposed to natural hazards have increased as well, which is one important reason for 

the significant increased economic losses from natural hazards. In this study, the 

economic losses are normalized by dividing the actual losses by the gross domestic 

product (GDP) of the year when the losses occurred (Neumayer & Barthel, 2011; 

Sajjad & Chan, 2020). The GDP information is obtained from the Census and 

Statistics Department of Hong Kong (https://www.censtatd.gov.hk/en/). The fatalities 

and persons injured caused by lightning stroke are excluded because they are less 

related to the floods. 

Especially, the sea level data in 1964 is missing at gauge QUB and thus is not 

included in this study, however, the maximum daily precipitation and the highest sea 

levels of five TCs events in 1964 are available and found to be extreme events that 

had caused damage in Hong Kong. Therefore, these five TC events are included 

when analyzing the joint probability of compound floods and the TC-induced social 

economic damage. 

https://www.censtatd.gov.hk/en/
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Figure 3.4 Locations of tide gauges and precipitation stations in Hong Kong. The tide 

gauges are denoted by blue triangles, while precipitation stations are denoted by red 

circles. 

 

Figure 3.5 The overlapping years of precipitation and sea level data in Hong Kong. 
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3.2 Methodology 

3.2.1 Estimation of TC translation speed 

TC Translation speed is calculated by dividing the distance between every two 

neighboring positions along a TC track by the six-hourly interval following Kossin 

(2018). The distance between track points is computed along a great circle arc. Over-

land positions are determined using the 2-Minute Gridded Global Relief Data, a 

high-resolution global topography map (ETOPO2v2; 

https://www.ngdc.noaa.gov/mgg/global/etopo2.html). It should be noted that a 

translation speed is considered as over land whenever a track point is located on land 

and otherwise it is considered as over sea. 

3.2.2 Identification and tracking of TCs in GCM simulations 

TCs in CMIP5 GCMs are identified and tracked using the Camargo and Zebiak 

algorithm (Camargo, 2013; Camargo & Zebiak, 2002). This algorithm is an objective 

method that searches TCs in GCMs based on 6-hourly sea level pressure, the 

temperature at three pressure levels (850, 500, and 250 hPa), and winds at two 

pressure levels (850 and 250 hPa). The algorithm includes two parts: detection and 

tracking. In the detection part, potential TC points are identified based on four 

criteria: (1) relative vorticity at 850 hPa (ζ850) exceeds the vorticity threshold (ζm); (2) 

maximum wind speed at 850 hPa exceeds the wind speed threshold (𝑣𝑚 ); (3) 

vertically integrated local temperature anomaly exceeds the temperature anomaly 

threshold (𝑇𝑚); and (4) genesis location locates in the tropics (30°S-30°N) over the 

ocean. Afterward, the potential TC points are connected by time if they are less than 

a certain distance that depends on the spatial resolution of model outputs. Only TCs 

lasting for more than 2 days are considered. In the tracking part, the first TC center is 

defined as the vorticity centroid of the vorticity matrix around the initial TC point 

identified in the detection part. The next TC center is the location of the vorticity 

centroid in the next time step in the nearby grid point. This process is repeated until 

the vorticity value is below a relaxed vorticity threshold (ζr) which is lower than the 

vorticity threshold value in the detection part. The tracking procedure is performed 

for each TC detected in the detection part. These thresholds are determined 
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objectively by the joint probability distribution of these environmental variables in a 

given basin (western North Pacific for this study): the vorticity threshold is defined 

as twice the vorticity standard deviation; the wind speed threshold is the sum of 

oceanic global wind speed and the standard deviation of wind speed in each basin; 

the temperature anomaly threshold is calculated as the standard deviation of 

integrated local anomalous temperature. The values of the four thresholds in the 

western North Pacific for the eight GCMs provided by Camargo (Camargo, 2013) 

are listed in Appendix A, Table A2. 

3.2.3 Identification of compound floods 

There is no consistent mathematical definition of compound floods. A widely used 

method is based on the annual maxima. For example, Wahl et al. (2015) identified 

the compound floods from the time series of annual maxima of one variable (e.g., 

precipitation) and the corresponding block maxima of the other variable (e.g., storm 

surge). The sample size of compound floods based on this method is small because 

only one data pair is sampled for each year and each location, which is not ideal for 

the following statistical analyses of changes in compound floods. An alternative 

method to define compound floods is based on the Peak-Over-Threshold method, in 

which, compound floods are defined as the co-occurrences of univariate extremes 

(e.g., extreme precipitation and extreme storm surge) exceeding a given percentile 

(Bevacqua et al., 2019; Bevacqua, Vousdoukas, Zappa, et al., 2020). One advantage 

of this method is that more compound flood days can be sampled. In this study, 

different thresholds ranging from 85th to 99.5th percentiles are used according to 

different study aims when identifying the extreme precipitation/storm surge. The 

“AND” compound floods are defined as the co-occurrence of extreme precipitation 

and extreme storm surge, while the “OR” compound floods are events that at least 

one variable (precipitation or storm surge) reaches the “extreme” level (Moftakhari et 

al., 2017; Salvadori et al., 2016). 

3.2.4 Correlation measures and trend detection method 

The correlation measures used in this study include Pearson’s r, Spearman’s ρ, and 

Kendall’s τ coefficients. Among them, Pearson’s r is a measure of linear correlation, 
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while Kendall’s τ and Spearman’s ρ are based on the rank of variables to measure the 

ordinal associations between them. All these three correlation measures have been 

frequently used in previous studies to quantify the statistical dependence between 

different flood drivers (e.g., Moftakhari et al., 2019; Xu et al., 2019). 

Given two sets of observations 𝑋 = 𝑥1, 𝑥2, 𝑥3… , 𝑥𝑛  and 𝑌 = 𝑦1, 𝑦2, 𝑦3… , 𝑦𝑛 , the 

Pearson’s r can be calculated as: 

𝑟 =  
∑ (𝑥𝑖 − �̅�)(𝑦𝑖 − �̅�)
𝑛
𝑖=1

√∑ (𝑥𝑖 − �̅�)
2𝑛

𝑖=1 √∑ (𝑦𝑖 − �̅�)
2𝑛

𝑖=1

, (3.1) 

where 𝑛 is the size of the samples, 𝑖 = 1, 2, 3, … , 𝑛; �̅� = 1

𝑛
∑ 𝑥𝑖
𝑛
𝑖=1  , and �̅� = 1

𝑛
∑ 𝑦𝑖
𝑛
𝑖=1  

(i.e., the sample mean). 

The Spearman’s ρ is the Pearson’s r between the ranks of 𝑋 and 𝑌. Suppose the ranks 

of 𝑋 and 𝑌 are 𝑅(𝑥𝑖) and 𝑅(𝑦𝑖) respectively, the Spearman’s ρ can be obtained by: 

𝜌 =  
∑ (𝑅(𝑥𝑖) − 𝑅(𝑥𝑖)̅̅ ̅̅ ̅̅ ̅)(𝑅(𝑦𝑖) − 𝑅(𝑦𝑖)̅̅ ̅̅ ̅̅ ̅)𝑛
𝑖=1

√∑ (𝑅(𝑥𝑖) − 𝑅(𝑥𝑖)̅̅ ̅̅ ̅̅ ̅)2𝑛
𝑖=1 √∑ (𝑅(𝑦𝑖) − 𝑅(𝑦𝑖)̅̅ ̅̅ ̅̅ ̅)2𝑛

𝑖=1

. (3.2) 

Kendall’s τ (Kendall, 1938) can be formulated as follows. The statistic 𝑆  is 

calculated as: 

𝑆 =∑ sign[(𝑥𝑗 − 𝑥𝑖)(𝑦𝑗−𝑦𝑖)]

𝑖<𝑗

, (3.3) 

where 

sign(𝑥𝑗 − 𝑥𝑖) =  {

1     𝑥𝑖 < 𝑥𝑗  

0     𝑥𝑖 = 𝑥𝑗
−1    𝑥𝑖 > 𝑥𝑗

, (3.4) 

and Kendall’s 𝜏 is: 

𝜏 =  
2𝑆

𝑛(𝑛 − 1)
, (3.5) 

where 𝑛 is the size of the samples, 𝑖, 𝑗 = 1, 2, 3, … , 𝑛. 
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If let 𝑌 = 1, 2, 3, … , 𝑛, the test can be used to detect the trend of 𝑋 (Mann, 1945). In 

this case, the statistic 𝑆 can be written as: 

𝑆 =∑ sign(𝑥𝑗 − 𝑥𝑖)

𝑖<𝑗

. (3.6) 

Then the variance of 𝑆,  𝑉𝑎𝑟(𝑆) can be computed as: 

𝑉𝑎𝑟(𝑆) =  
𝑛(𝑛 − 1)(2𝑛 + 5) − ∑ 𝑡𝑖(𝑡𝑖 − 1)(2𝑡𝑖 + 5)

𝑚
𝑖=1

18
, (3.7) 

where 𝑡𝑖 is the number of ties in the tied group of extent 𝑖, and  𝑚 is the number of 

tied groups. A tied group is a set of sample data having the same value. The standard 

normal statistic 𝑍𝑠 can be computed as: 

𝑍𝑆 = 

{
 
 

 
 

𝑆 − 1

√𝑉𝑎𝑟(𝑆)
     𝑆 > 10 

0                 𝑆 = 0
𝑆 + 1

√𝑉𝑎𝑟(𝑆)
    𝑆 < 0

. (3.8) 

A positive 𝑍𝑆 indicates an increasing trend while a negative 𝑍𝑆 indicated a decreasing 

trend. This test is also known as the Mann-Kendall test. 

The serial and cross-correlation of hydro-meteorological series may alter the results 

of the Mann-Kendall test. Therefore, a modification process was proposed by Hamed 

& Ramachandra Rao (1998) to reduce this impact. In their modification, the modified 

variance 𝑉𝑎𝑟∗(𝑆) is given as: 

𝑉𝑎𝑟∗(𝑆) =  𝑉𝑎𝑟(𝑆)
𝑛

𝑛∗
, (3.9) 

where the 𝑛
𝑛∗

 is the correction factor, and 𝑛∗is the effective sample size that reflects 

the effect of serial correlation on the variance of 𝑆. The correction factor can be 

calculated by: 

𝑛

𝑛∗
= 1 +

2

𝑛(𝑛 − 𝑖 − 1)(𝑛 − 𝑖 − 2)
×∑(𝑛 − 𝑖)(𝑛 − 𝑖 − 1)(𝑛 − 𝑖 − 2)𝜌𝑠(𝑖)

𝑛−1

𝑖=1

, (3.10) 
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where 𝜌𝑠(𝑖) is the autocorrelation coefficient of the ranks of the observations. 

It should be noted that only when the autocorrelation 𝜌𝑠(𝑖)  is significant, the 

modified variance 𝑉𝑎𝑟∗(𝑆) is used to replace the 𝑉𝑎𝑟(𝑆); otherwise, the original 

Mann-Kendall test is used. 

If a trend is present in a time series, the changing rate (change per unit time) is 

estimated using Sen’s slope estimator 𝛽 (Sen, 1968), which can be obtained as: 

𝛽 = 𝑚𝑒𝑑𝑖𝑎𝑛 (
𝑋𝑗 − 𝑋𝑖
𝑡𝑗 − 𝑡𝑖

)         1 ≤ 𝑖 < 𝑗 ≤ 𝑛, (3.11) 

where  𝑋𝑖 and 𝑋𝑗 are the values at times 𝑡𝑖 and 𝑡𝑗, respectively. 

The Mann-Kendall test and the Sen’s slope estimator have been widely used in 

previous studies to quantify the trends and magnitudes of hydro-meteorological time 

series (e.g., Gocic & Trajkovic, 2013; da Silva et al., 2015; Q. Zhang et al., 2013; Q. 

Zhang, Li, et al., 2018). 

3.2.5 Copula functions 

The copula functions enable the isolations of dependency structure and marginal 

distributions of a multivariate distribution. According to Sklar’s Theorem, let 

(𝑋1, 𝑋2, 𝑋3, … , 𝑋𝑑)  be a multivariate random vector and suppose their marginal 

distributions 𝐹𝑋 are continuous (Nelsen, 2006). Then there exists a unique copula 𝐶, 

such that 𝐹(𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑑) = 𝐶(𝐹1(𝑥1), 𝐹2(𝑥2), 𝐹3(𝑥3), … , 𝐹𝑑(𝑥𝑑))  for all 𝑥1 ∈

[−∞,∞]  and 𝑖 = 1,2,3, … , 𝑑  (Nelsen, 2006). Here, 𝐹(𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑑)  is a 𝑑 -

dimensional multivariate distribution function with marginals 

𝐹1(𝑥1), 𝐹2(𝑥2), 𝐹3(𝑥3), … , 𝐹𝑑(𝑥𝑑) . In this study, five 2-dimensional copulas 

including two Elliptical copulas (i.e., Normal [Gaussian] and 𝑡 copulas) and three 

Archimedean copulas, (i.e., Clayton, Gumbel, and Frank copulas) are used to identify 

the dependence structure between precipitation and storm surges. For sake of brevity 

and clarity, let 𝑢  and 𝑣  donate the specific value of 𝑈  and  𝑉 , respectively. The 

Normal copula can be expressed as: 
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𝐶(𝑢, 𝑣, 𝜃) = ∫ ∫
1

2𝜋(1 − 𝜃2)
1
2

ϕ−1
−1
(𝑣)

−∞

ϕ−1(𝑢)

−∞

 × [
−(𝑠2 − 2𝜃𝑠𝑡 + 𝑡2)

2(1 − 𝜃2)
] 𝑑𝑠𝑑𝑡, (3.12) 

where ϕ is the distribution function of a standard normal variable 𝑁(0,1), and 𝜙−1 is 

the inverse function of 𝜙. 

The 𝑡 copula can be written as: 

𝐶(𝑢, 𝑣, 𝜃, 𝛼) = ∫ ∫
1

2𝜋(1 − 𝜃2)
1
2

𝑡𝛼
−1(𝑣)

−∞

𝑡𝛼
−1(𝑢)

−∞

 ×

[1 +
𝑠2 − 2𝜃𝑠𝑡 + 𝑡2

𝛼(1 − 𝜃2)
]

−
(𝑣+2)
2

𝑑𝑠𝑑𝑡, (3.13)

 

 where 𝑡𝛼  is the distribution function with the degree of freedom of 𝛼; 𝑡𝛼−1  is the 

inverse function of 𝑡𝛼. 

The relation between parameter  𝜃 and Kendall’s correlation coefficient  𝜏 between 

𝑋and 𝑌 is: 

𝜃 = sin (
𝜋𝜏

2
) . (3.14) 

The Archimedean family is the most popular copula family employed in the 

hydrological analysis. The general form of the Archimedean family can be written as: 

𝐶(𝑢, 𝑣) =  𝜙−1[𝜙(𝑢), 𝜙(𝑣)], (3.15) 

where 𝜙 is a strict Archimedean copula generator function and its inverse function 

𝜙−1 is completely monotonic on [0,∞). The copula functions, generator functions, 

and their parameters for Clayton, Gumbel, and Frank copulas are listed in Table 3.1. 

  



45 
 

 

Table 3.1 Common bivariate Archimedean copula functions. 

Copula 𝑪(𝒖, 𝒗) Generator Parameter 𝜽 

Clayton (𝑢−𝜃 + 𝑣−𝜃)−1/𝜃 
1

𝜃
(𝑡−𝜃 − 1) 𝜃 ∈ [−1,∞){0} 

Gumbel exp{−[(− ln 𝑢)𝜃 + (− ln 𝑣)𝜃]1/𝜃} (− log 𝑡)𝜃 𝜃 ∈ [1,∞) 

Frank −
1

𝜃
ln [1 +

(𝑒−𝜃𝑢 − 1)(𝑒−𝜃𝑣 − 1)

𝑒−𝜃 − 1
] − log (

exp(−𝜃𝑡) − 1

exp(−𝜃) − 1
) 𝜃 ∈ ℝ\{0} 

 

The parameters of the copulas are estimated by the maximum pseudo-likelihood 

estimator, which is conducted for each tide gauge (Nelsen, 2006; Salvadori & De 

Michele, 2004). The Akaike Information Criterion (AIC) is employed to select the 

best-fitting copula (Akaike, 1974). The AIC estimates the prediction error (i.e., 

relative quality) of statistical models for a given set of data, and thus has been widely 

used to compare the quality of different models to select the best-fitting one 

(Bevacqua et al., 2017; Couasnon et al., 2020; Moftakhari et al., 2019; H. Xu et al., 

2018). The Cramer-von-Mises criterion is a criterion used for testing the goodness-

of-fit of a cumulative distribution function compared to a given empirical distribution 

function by estimating the integrated squared difference between empirical and 

parametric copula distributions (Genest et al., 2009). This method has been widely 

used to test the goodness-of-fit of copula functions in many studies of compound 

floods (e.g., Bevacqua et al., 2020a, 2020b; Ganguli et al., 2019). Therefore, in this 

study, the goodness-of-fit of copula is assessed by the Cramer-von-Mises criterion. 
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Chapter 4 Greater flood risks in response to slowdown of tropical 

cyclones over the coast of China  

4.1 Introduction 

TC-induced rainfall is a major trigger of catastrophic flood hazards in many coastal 

regions of the world (Kossin, 2018; Peduzzi et al., 2012; W. Zhang et al., 2018). 

Flood risks in response to TC-induced rainfall at a given location are not only 

dependent on rainfall intensity but also the duration of TCs passing through the 

region (X. Chen et al., 2011; Chien & Kuo, 2011; Hall & Kossin, 2019; Kossin, 2018; 

C.-C. Wang et al., 2012). Observations and numerical climate model simulations 

have both demonstrated that the maximum increase in TC-induced rainfall rate can 

reach about 10% per degree (Celsius) of warming, suggesting potentially greater 

flood threats associated with more intense TC-induced rainfall under climate 

warming (Knutson et al., 2013, 2015; Lenderink & van Meijgaard, 2008; Patricola & 

Wehner, 2018; Trenberth et al., 2003). On the other hand, some devastating TCs in 

recent years were characterized by longer passage time (i.e., lower translation speed) 

through a region, resulting in greater rainfall totals (e.g., Typhoon Morakot [2019] 

and Hurricane Harvey [2017]). A global slowdown of TC translation speed in the 

best-track data has been recently reported (Kossin, 2018, 2019). However, compared 

to the increase of TC rainfall intensity with relatively higher confidence (Knutson et 

al., 2013, 2015; Patricola & Wehner, 2018), the robustness and causative 

mechanisms of TC slowdown are still arguable (Hall & Kossin, 2019; Kossin, 2019; 

Lanzante, 2019; Moon et al., 2019; Yamaguchi et al., 2020; G. Zhang et al., 2020). 

This controversy is mainly caused by the inhomogeneity in the observed best-track 

data primarily due to the advancement in observation techniques from the pre-

satellite era to the post-geostationary-satellite era (Lanzante, 2019; Moon et al., 2019; 

Yamaguchi et al., 2020).   

For an individual TC event, the local rainfall total is proportional to the rainfall 

intensity but inversely proportional to the translation speed (Chien & Kuo, 2011; 

Hall & Kossin, 2019; Kossin, 2018; C.-C. Wang et al., 2012). There have been some 
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event-based studies on the crucial role of slower translation speed and longer 

duration in increasing TC-induced rainfall (Chien & Kuo, 2011; Risser & Wehner, 

2017; C.-C. Wang et al., 2012; W. Zhang et al., 2018). However, over a long-term 

period, the responses of TC-induced rainfall to changes in TC characteristics appear 

highly stochastic and variable at various temporal and spatial scales (Hawkins et al., 

2014; Kossin, 2019). The impacts of changes in TC translation speed on local rainfall 

totals in the long run have received much less attention compared to the effects of 

increased rainfall intensity (Knutson et al., 2013; Patricola & Wehner, 2018).  

Based on observations and simulations of eight GCMs in the CMIP5 (Taylor et al., 

2012), I herein examine the changes of landfalling TC translation speed from 1960–

2017 and evaluate to what extent such long-term changes have affected local rainfall 

totals over the coastal regions of China, one of the most TC-prone regions in the 

western North Pacific Ocean. The coastal regions of China support nearly half of the 

country’s population and a number of highly populous and developed metropolises, 

such as the Pearl River Delta and Yangtze River Delta, making the regions highly 

exposed and vulnerable to TC-related hazards (Q. He et al., 2014; Yang et al., 2014). 

Simulated and observational evidence is of great importance for an improved 

understanding of the compound effects of slow-moving TCs and the intensification 

of TC-induced rainfall on local flood risks. 

4.2 Data and Methods 

4.2.1 Data and study area 

The data used in this chapter includes the TC best-track data covering the western 

North Pacific during 1961–2017 from the IBTrACS archive (Knapp et al., 2010), the 

observation-based gridded daily precipitation over mainland China during 1961–

2017 from NMIC of CMA, and the outputs of eight CMIP5 GCMs derived from the 

ESGF (See Sections 3.1.1–3.1.3). 

The study area is defined as the landside area within 200 km from the coastline of 

China (Figure 4.1) because the contribution of a TC to rainfall decreases sharply as 

the distance from the coastline increases. When the distance exceeds 200 km, the 

contribution drops below 10% (Khouakhi et al., 2017; Q. Zhang, Lai, et al., 2018). 
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TC positions located within 200 km on both sides of the coastal study area are 

considered in this study. Finally, a total of 406 TCs made landfall over the coast of 

China during 1961–2017, with 1224 TC track points over land and 1327 TC track 

points over the sea. 

 

Figure 4.1 The land area on the coast of China (red line) and the track points of TCs 

affecting the study area (blue points). The land area delineated by the red line is that 

within 200 km from the coastline of China. Blue points indicate TC track points 

located within 200 km from the study area. 

4.2.2 Methods 

4.2.2.1 Calculation of TC-induced rainfall 

As suggested by (Q. Zhang, Lai, et al., 2018), TC-induced rainfall is defined as 

rainfall that occurs within 200 km of TC center from 1 day before to 1 day after the 

passage of a TC. Total rainfall of a TC in a given grid is the sum of rainfall amount 

in this grid (i.e., within 200 km from the TC center) during the whole period affected 

by this TC: 
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Total rainfall =  ∑𝑅𝑖

𝑛

𝑖=1

, (4.1) 

where 𝑛 is the number of days on which the given grid is affected by the TC, and 𝑅𝑖 

is the rainfall amount (mm) in this grid on day 𝑖. The rainfall intensity in a given grid 

of a TC is calculated as follows: 

𝐼 =  
∑ 𝑅𝑖
𝑛
𝑖=1

𝑛
, (4.2) 

where 𝐼  is the rainfall intensity (mm/day) of this TC in this grid. 

4.2.2.2 Probability distribution of slow- and fast-moving TCs 

Slow- and fast-moving TCs are defined as those with translation speed ≤ 15 km/hr 

and ≥ 25 km/hr, respectively, which are very close to the first and third quartile of the 

translation speeds of all TCs analyzed in this study. The differences between local 

rainfall caused by slow- and fast-moving TCs are examined by the two-sample 

student’s t-test (Wilks, 2011). Because weak TCs such as tropical depressions and 

tropical storms may bring limited rainfall but move slowly, those TCs with 

maximum wind speed < 65 knots are excluded when defining the slow- and fast-

moving TCs in the probability analysis. The threshold of 65 knots is determined by 

the mean of maximum TC wind speed of the TCs analyzed.  

4.3 Results 

4.3.1 Change in TC translation speed over the coast of China 

Figure 4.2A shows that both the best-track data and the CMIP5 GCM ensemble show 

significant and comparable decreases (-0.043 km/hr per year or a total of -11% in 

observations and -0.038 km/hr per year or a total of -10% in simulations, respectively) 

in the translation speed of TCs that made landfall along China’s coastlines in 1961–

2017 (Figure 4.2A). As detailed in Appendix A, Appendix A.1, the observed 

decreasing trend in this study should be less affected by the sampling bias in the best-

track data compared to previous studies, because I exclude the TC track points 

located far away from the coast (Kossin, 2019). Furthermore, the finding that the 

significant decreasing trends in the GCM-derived TC translation speed are 
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comparable to those estimated from the best-track data adds more confidence in the 

slowdown of TCs over the past decades (1961–2017 under the historical and RCP4.5 

scenarios in Figure 4.2A; and 1961–2005 under the historical scenario only in 

Appendix A, Appendix A.2. 
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Figure 4.2 Temporal evolution of annual-mean TC translation speed (km/hr) and 

accumulated rainfall induced by TCs (mm) over the coastal areas of China from 

1961–2017. (A) Annual-mean TC translation speed based on the best-track data 

(black) and the multimodel ensemble mean of CMIP5 GCMs (red). (A) The annual-

mean TC translation speed in GCMs is extended to 2017 using the RCP4.5 scenario 

(right side of the vertical dashed line) from 1961-2005 under the historical scenario 

(left side of the vertical dashed line). The slowdown of TCs in GCMs is also 

significant in 1961–2005 under the historical scenario only without extension 

(Appendix A, Appendix A.2, Figure A2). (B) Annul-mean and (C) the 90th percentile 

of the areal-averaged rainfall totals of TCs, respectively. In (A), (B), and (C), the 

solid straight line indicates the trend is significant at the 95% level based on the 

Modified Mann-Kendall test, while the dashed straight line means the trend is 

insignificant. Sen’s slope is shown. 

4.3.2 Impact of TC slowdown on local rainfall totals 

In the analyses of the impacts of TC slowdown on local rainfall totals, I first examine 

the long-term and overall changes in TC-induced rainfall totals during the study 

period. As shown in Figure 4.2B and Figure 4.2C, both the annual mean and the 90th 

percentile of total rainfall per TC exhibited increasing trends over the period of 

1961–2017. Moreover, the 90th percentile of the total rainfall increased significantly 

by 18% from 187 mm in 1961 to 223 mm in 2017. The increasing trends in TC-

induced rainfall amounts are consistent with those reported in previous studies using 
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different datasets or TC detection methods (X. Wang et al., 2019; Ying et al., 2011; J. 

Zhang et al., 2013). Next, I analyze the correlations between TC translation speed 

and the local rainfall total of individual TCs. Figure 4.3 shows the general spatial 

pattern of negative Spearman correlations for TCs with rainfall intensities ≥ 30 

mm/day, which confirms the inverse relationship between TC translation speeds and 

local rainfall totals. To further verify this pattern, I evaluate these negative 

correlations for TCs with rainfall intensities in other ranges and find that the pattern 

is consistent and the inverse relationships are even stronger for TCs causing more 

intense rainfall (Appendix A, Appendix A.3). I obtain similar results in the analysis 

based on the Pearson correlation (Appendix A, Appendix A.3). The above spatial 

patterns consistently indicate that the inverse relationships are statistically significant 

and tend to be stronger at more locations in southern China. Therefore, I select the 

highly populated and developed Pearl River Delta city region (see Figure 4.3 for its 

location) as our focus to analyze how translation speed affects the local rainfall total 

of TC events generating rainfall of different intensities. The scatter plot in Figure 

4.4A exhibits the influence of TC translation speed in modulating local TC rainfall 

totals. The Spearman correlation coefficient reaches -0.53 for the TC events 

generating rainfall of more than 30 mm/day. Figure 4.4A also shows that TC events 

with similar rainfall intensities produce higher rainfall total when the TC moves at a 

lower translation speed. It is evident that TC events with high rainfall intensity and 

low translation speed bring about the largest local rainfall totals (the scatter points in 

the upper left) and those with high translation speed generally produce less rainfall 

(the scatter points in the bottom right). Furthermore, Figure 4.4B shows that 10 out 

of 14 recorded TCs (marked with squares) with translation speed ≤ 15 km/hr and 

rainfall intensity ≥ 30 mm/day occurred after 1990, and 3 of them produced rainfall 

totals of more than 200 mm in the Pearl River Delta, indicating a substantial increase 

of flood risks caused by TCs with low translation speeds in this region in recent years. 

Finally, I compare the probability density functions (PDFs) and cumulative 

distribution functions (CDFs) of the local rainfall totals induced by slow- (≤ 15 

km/hr) and fast-moving (≥ 25 km/hr) TCs and find that slow-moving TCs are more 

likely to generate high local rainfall totals (Figure 4.5). The occurrence probabilities 
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of local rainfall totals larger than 200 mm induced by slow-moving TCs are higher 

than those associated with fast-moving TCs. The PDF curve of rainfall totals of slow-

moving TCs is wider than that of fast-moving TCs, suggesting that slow-moving TCs 

may produce more extreme rainfall totals in a region as indicated by the longer and 

higher right tail. The CDF curves also show slow-moving TCs are more likely to 

generate higher local rainfall totals. The mean local rainfall totals of slow- and fast-

moving TCs are 99.1 mm and 80.5 mm, respectively. In other words, slow-moving 

TCs produce about 20% more rainfall on average than fast-moving events. 

 

Figure 4.3 Spatial pattern of correlation coefficients of translation speeds and local 

rainfall totals of individual TCs over the coastal areas of China. Only TCs with 

rainfall intensity (mm/day) ≥ 30 mm/day and areas that have at least 4 TCs with 

rainfall intensity ≥ 30 mm/day are considered. Stippled regions represent areas with 

Spearman correlation coefficients significant at the 95% level. The red box indicates 

the location of the Pearl River Delta. 
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Figure 4.4 Relationship of translation speed (km/hr), local rainfall total (mm), rainfall 

intensity (mm/day), and year of occurrence of individual TC events that made 

landfall over the Pearl River Delta. (A) Scatter plot of translation speeds and local 

rainfall totals of individual TCs. (B) Temporal evolution of translation speeds and 

local rainfall totals of individual TCs. The size of the circles indicates rainfall 

intensity. In (A), colors indicate the years the TCs occurred, and in (B) colors 

indicate the translation speeds. The black curve shows that total rainfall is inversely 

proportional to translation speed for TCs with rainfall intensity ≥ 30 mm/day. The 

Spearman (-0.53) correlation coefficient of local rainfall totals and translation speed 

is calculated based on TCs with rainfall intensity ≥ 30 mm/day. * indicates the 

coefficient is significant at the 95% level. Squares in (B) highlight the TCs with 

translation speed ≤ 15 km/hr and rainfall intensity ≥ 30 mm/day. 
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Figure 4.5 Statistical distributions of local rainfall totals produced by slow-moving 

TCs (translation speed ≤ 15 km/hr; blue) and fast-moving TCs (translation speed ≥ 

25 km/hr; red) in the coastal areas of China. (A) Probability density functions of 

local rainfall totals. (B) Cumulative distribution functions of local rainfall totals. 

4.3.3 The linkage between climate change and the slowdown of TCs 

My work reveals that both the observed best-track data and the multimodel ensemble 

of CMIP5 GCMs suggest a significant slowdown of TCs (-0.043 km/hr per year in 

observations and -0.038 km/hr per year in simulations, respectively) over the coastal 

areas of China from 1961–2017. The agreement of the observations and simulations 

provides more confidence in the trend of the TC slowdown. To explore the possible 

linkage between climate change and the trends of TC translation speed, I conduct a 

detection and attribution analysis using the optimal fingerprinting method (Gu et al., 

2019; Gudmundsson et al., 2017; Min et al., 2011; Stott et al., 2004) based on the 

historical simulations driven by ALL forcing (anthropogenic and natural radiative 

forcings) and NAT forcing (solar and volcanic combined) as well as pre-industrial 

control runs of CSIRO-Mk3-6-0, the only CMIP5 GCM that provides complete 6-

hourly outputs of these forcings and passes the residual consistency test (Appendix A, 

Appendix A.4). The detection result indicates that it is probable (90% significance 

level) that there is a climate change component associated with anthropogenic 

forcing in the observed TC slowdown. However, there are caveats arising from the 

effects of the uncertainties associated with GCMs on the detection result, and further 

detection and attribution analyses based on multiple climate model simulations are 

necessary. 

4.4 Summary 

This chapter focuses on the impacts of TC slowdown on local rainfall totals and the 

results show slower TCs tend to generate more rainfall over a given region. 

Specifically, as TC translation speeds decreased, the mean and the 90th percentile of 

TC-induced local rainfall totals exhibited increasing trends from 1961–2017. There 

are significant inverse correlations between local rainfall totals and TC translation 

speeds over the study period. The comparison of the probability distribution 
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functions of local rainfall totals induced by slow- and fast-moving TCs further 

indicates that slow-moving TCs are more likely to generate larger rainfall amounts. 

Therefore, this study highlights the evidence of TC slowdown in potentially elevating 

local rainfall totals and the associated greater flood risks and therefore provides 

scientific support for better flood management and adaptation strategies in coastal 

regions under the threats of TCs. 
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Chapter 5 Global compound floods from precipitation and storm surge: 

Hazards and the roles of cyclones 

5.1 Introduction 

When heavy precipitation and storm surge co-occur, the interaction between different 

hazards results in an impact that is greater than either of them in isolation. These 

combinations of two or more extremes are known as compound floods. The typical 

examples of compound floods from heavy precipitation and storm surge include the 

floods caused by Hurricane Harvey in Texas in 2017. The coastal areas are highly 

exposed to compound floods because of the dense populations and properties. 

Considering the substantial threat of compound floods from precipitation and storm 

surges around the world, it is of great importance to better understand the risk and 

mechanism of compound floods. 

The precipitation and storm surge may be dependent on each other, that is, the high 

precipitation is more likely to happen when there is an extreme storm surge 

compared to other periods, and so dese the storm surge when there is extreme 

precipitation. Previous studies have examined the dependence between precipitation 

and storm surge over areas such as the US, Western Europe, East Asia, and Australia 

(Fang et al., 2021; Paprotny et al., 2020; Svensson & Jones, 2002, 2004; Wahl et al., 

2015; Zheng et al., 2013). The significant dependence implies a higher probability of 

compound floods. Therefore, it is necessary to take the dependence into account 

when assessing the compound flood hazards. However, traditional studies assessed 

the flood hazards by considering one flood driver at one time, which neglected the 

potential impacts of other extremes and thus might underestimate the flood hazards. 

Fortunately, with the recent development of joint statistical theories, joint distribution 

methods have greatly facilitated the studies of joint behaviors of compound floods 

(Bevacqua et al., 2019; Li et al., 2015). 

Copula functions are one of the most widely used methods for the construction of 

multivariate distributions to assess the joint probability of compound events (e.g., 

Bevacqua et al., 2017, 2019; Bevacqua, Vousdoukas, Shepherd, et al., 2020; 
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Bevacqua, Vousdoukas, Zappa, et al., 2020; Couasnon et al., 2020; Wahl et al., 2015; 

Xu et al., 2018). By applying the joint distribution theories, some studies have 

evaluated the probability of compound floods by considering the dependence of 

individual variables, such as those in the US, and Europe (Bevacqua et al., 2019; 

Wahl et al., 2015). More recently, some studies explored the application of simulated 

storm surge data on compound flood analysis, which provided useful information 

regarding global compound flood risks, especially for areas with scarce observations 

(Bevacqua, Vousdoukas, Shepherd, et al., 2020; Bevacqua, Vousdoukas, Zappa, et 

al., 2020; Couasnon et al., 2020). However, global-scale studies based on long-term 

observations are rare because of limited available data. 

Compound floods associated with heavy precipitation and storm surges can be 

triggered by different mechanisms. TCs and ETCs usually simultaneously trigger 

heavy precipitation and storm surges, and thus the compound floods (Booth et al., 

2016; Catto & Pfahl, 2013; Gori, Lin, & Smith, 2020; Gori, Lin, & Xi, 2020; 

Hawcroft et al., 2012, 2018; Khouakhi et al., 2017; H. Xu et al., 2018). Even though, 

not all TCs/ETCs trigger these two types of extremes at the same time. More 

specifically, TCs/ETCs may result in different combinations of precipitation and 

storm surges: (1) Heavy precipitation but no extreme storm surge (i.e., non-

compound floods); (2) extreme storm surge and no heavy precipitation (non-

compound floods); (3) no heavy precipitation and extreme storm surge (non-extreme 

events); and (4) heavy precipitation and extreme storm surge (i.e., compound floods). 

Furthermore, not all compound floods are triggered by TCs/ETCs. For different 

regions across the globe, geographical locations (e.g., low, mid, or high-altitude areas) 

determine the possibility of occurrence of various weather systems, and geographical 

settings (e.g., topography and shape of coastlines) affect the statistics (e.g., 

occurrence and intensity) of precipitation and storm surges triggered by these 

weather systems (Chang et al., 2013; Hawcroft et al., 2012; Khouakhi et al., 2017). 

The extent to which different mechanisms (e.g., TCs and ETCs) contribute to 

compound floods associated with heavy precipitation and storm surges is not well 

understood. Given the complexity of the relationship between compound floods and 

TCs/ETCs, quantitative evidence of the degree of TC/ETC impacts on compound 
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floods is important for enhancing the scientific understanding of compound floods 

and improving the forecasting, warning, and management of compound floods in 

different regions. 

From the above discussions, it is of great scientific significance and practical 

importance to evaluate the global compound flood hazard and understand the 

physical mechanisms behind them. This knowledge is key to formulating and 

implementing proactive measures in flood protection management to help prepare 

cities for future compound floods promptly. Therefore, this chapter presents the 

assessment of the probability of compound floods from precipitation and storm 

surges, and the quantifications of impacts of TCs/ETCs on compound floods across 

the globe. First, the dependence structures between precipitation and storm surge are 

examined and the return periods of compound floods are estimated. Then, the 

impacts of TCs and ETCs on compound floods are quantitatively evaluated. Finally, 

the weather conditions associated with compound floods, extreme precipitation only, 

and extreme storm surges are analyzed. These results can help to better understand 

the compound flood hazards from a global perspective and are important foundations 

for further studies of compound floods. 

5.2 Data and methods 

5.2.1 Return periods of compound floods 

Compound flood events are sampled based on the Peak-Over-Threshold method (Gu 

et al., 2017). A compound flood event is detected if both daily precipitation and daily 

maximum storm surge exceed their high percentiles. The compound flood hazard is 

characterized by the joint return periods of extreme precipitation and extreme storm 

surges, i.e., the average waiting times between compound flood events. The return 

period of compound floods is inversely proportional to the probability of extreme 

precipitation and extreme storm surges; i.e., a longer return period corresponds to a 

lower probability of compound floods, and vice versa (Bevacqua et al., 2019). In this 

chapter, the threshold of 98.5th percentile is used to define compound floods. With 

setting 18 years as the minimum threshold of record length, the threshold used to 

identify compound floods should not be too high to ensure at least one compound 
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flood can be sampled in most tide gauges. At the same time, the threshold should be 

as high as possible to ensure the compound floods identified were rare enough to be 

considered “extremes”. With consideration of these factors, the 98.5th percentile is 

chosen as the threshold to define the univariate extremes and compound floods. In 

this case, if extreme precipitation and extreme storm surges are independent 

univariate events (i.e., the occurrence of one does not affect the other), the return 

period of compound floods with precipitation and storm surges exceeding the 98.5th 

percentiles is ~12 years, which is shorter than the minimum record length (i.e., 18 

years) so that at least one compound flood event can be sampled in most of the tide 

gauges. In addition, to test the sensitivity of our results to the choice of threshold and 

also provide more information about more extreme compound floods, the joint return 

periods of compound floods defined using the 99.5th percentile (i.e., the expected 

return period of ~109 years) are analyzed and shown in the Appendix B. Considering 

the non-stationary statistics of hydrometeorological variables under climate change, 

the probability distribution of a hydrometeorological variable might change over time 

and hence the statistics of a period can not reflect those of another period (Gu et al., 

2017; Milly et al., 2008; She et al., 2015). If the percentile threshold is estimated 

based on the data in a long period, the statistics of the variable may have altered in 

the study period (for example, the percentile in an earlier sub-period may be different 

from that in a later sub-period). Therefore, the percentiles of precipitation/storm 

surges at all stations are estimated based on the daily time series from 1979 to 2014 

to mitigate the impacts of non-stationarity. For example, the Expert Team on Climate 

Change Detection and Indices (ETCCDI; https://www.wcrp-climate.org/etccdi) 

includes a number of climate extreme indices based on percentile thresholds 

(Kurniadi et al., 2021; Li et al., 2013). The percentile threshold is calculated from the 

fixed period of 1961–1990 in ETCCDI (X. Zhang et al., 2011). For instance, 

R95pTOT is defined as annual total precipitation when daily precipitation exceeds 

the 95th percentile in the 1961–1990 period (S. Dong et al., 2021). The 95th 

percentile threshold estimated in 1961–1990 is used to identify climate extremes in 

the past (e.g., before 1961) and the future (e.g., the 21st century). 

https://www.wcrp-climate.org/etccdi
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The empirical return periods and the copula-based joint return periods are calculated 

to assess the compound flood hazard. The empirical return periods of compound 

floods 𝑇𝑒𝑚𝑝  can be calculated as the average waiting time between the observed 

compound flood events (Bevacqua et al., 2019; Bevacqua, Vousdoukas, Shepherd, et 

al., 2020), as follows: 

𝑇𝑒𝑚𝑝 = (
Total observation days

Number of compound flood days
) 365⁄ . (5.1) 

Since extreme precipitation and extreme storm surge can be triggered by the same 

weather system (such as a TC and ETC) as discussed in this study, the two events are 

dependent, and the empirical return periods in most tide gauges are < 12 years. 

Copula-based return periods are calculated based on the joint distribution of daily 

precipitation and daily maximum storm surges. For each station, the dependence 

between precipitation and storm surge is measured using Kendall’s rank correlation 

coefficient τ (Kendall, 1938). To avoid the risk of biasing the representation of 

extreme tails by the bulk of the joint distribution (Bevacqua et al., 2019), pairs (𝑅𝑠𝑒𝑙, 

𝑆𝑠𝑒𝑙 ) with both precipitation and storm surge exceeding the 95th percentiles are 

selected to fit the copula models. If the number of selected pairs is < 20 in a tide 

gauge, the threshold is lowered to ensure that the number of selected pairs is ≥ 20, 

while the threshold can not be below the 90th percentile. The marginal distributions 

of the selected precipitation series 𝑅𝑠𝑒𝑙  and selected storm surge series 𝑆𝑠𝑒𝑙  are 

selected from five distributions: LogNormal, normal, exponential, Weibull, and 

generalized extreme value distributions. Based on these selected pairs (𝑅𝑠𝑒𝑙 , 𝑆𝑠𝑒𝑙), 

five types of copulas (including normal, t, Clayton, Gumbel, and Frank copulas) are 

used to identify the dependence structure between precipitation and storm surges. 

The copulas’ parameters are estimated using the maximum likelihood estimator 

(Nelsen, 2006). The Akaike information criterion (AIC [Akaike, 1974]) is employed 

to select the best-fitting marginal distribution/copula. Goodness-of-fit is assessed 

using the Cramer-von Mises test (Genest et al., 2009). 

Then, the copula-based joint return period is calculated as (Salvadori & De Michele, 

2004): 
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𝑇(𝑅 >  𝑟, 𝑆 >  𝑠) =
1

𝑃(𝑅 >  𝑟,   𝑆 >  𝑠)

=
1

1 − 𝐹𝑅(𝑟) − 𝐹𝑆(𝑠) + 𝐹(𝑟, 𝑠)
, (5.2)

 

                 

where 𝐹𝑅(𝑟)  and 𝐹𝑆(𝑠)  are the cumulative distribution functions (CDFs) of 

precipitation and storm surge, respectively, and 𝐹(𝑟, 𝑠)  is the joint distribution 

function of the two variables.  

In this study, because the copula is fitted based on the selected pairs (𝑅𝑠𝑒𝑙, 𝑆𝑠𝑒𝑙), the 

corresponding joint distribution function is 𝐹𝑠𝑒𝑙(𝑟, 𝑠). The CDFs of precipitation and 

storm surges based on (𝑅𝑠𝑒𝑙, 𝑆𝑠𝑒𝑙) are  𝐹𝑅𝑠𝑒𝑙(𝑟) and 𝐹𝑆𝑠𝑒𝑙(𝑠), respectively. For a given 

threshold, (e.g., the 98.5th percentiles of precipitation and storm surges; [𝑟98.5, 𝑠98.5]), 

the joint return period can be calculated as: 

𝑇( 𝑅 >  𝑟98.5, 𝑆 >  𝑠98.5) =
𝜇

𝑃(𝑅 >  𝑟98.5,   𝑆 >  𝑠98.5)

=
𝜇

1 − 𝐹𝑅
𝑠𝑒𝑙(𝑟98.5)  −  𝐹𝑆

𝑠𝑒𝑙(𝑠98.5)  +  𝐹
𝑠𝑒𝑙( 𝑟98.5,   𝑠98.5)

, (5.3)
 

where 𝜇  is the average time elapsing between selected pairs. These analysis 

procedures are summarized in Figure 5.1. 

5.2.2 Contributions of TCs and ETCs to compound floods 

When a TC/ETC center was located within 500 km of the location that is interested, 

the storm surges of that day and ± 1 day are considered to be TC/ETC-induced storm 

surges. The same procedure is applied to the definitions of TC/ETC-induced 

precipitation (Booth et al., 2016; Hawcroft et al., 2012; Khouakhi et al., 2017; Q. 

Zhang, Lai, et al., 2018). To avoid the duplication of TC/ETC-associated events, if 

one event is found to be related to both TCs and ETCs, this event is identified as a 

TC-associated event, and removed from the ETC-associated event catalog. 

The contributions of TCs or ETCs to compound floods are estimated as the ratio of 

the number of TC-induced or ETC-induced compound floods to the total number of 

compound floods. It should be noted that this is limited by the record length of ETC 
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data and that the fractional contributions of TCs and ETCs are calculated based on 

data from 1979 to 2012. 

To further estimate the impact of TCs/ETCs on the return periods of compound 

floods, the changes in return periods by removing TC-/ETC-induced cases are 

estimated. In this section, the analysis of the impacts of TCs is based on the time 

series between 1950‒2014, while the time series between 1979‒2012 is used to 

analyze the impact of ETCs.  

First, the non-TC precipitation series 𝑅𝑛𝑜𝑛−𝑇𝐶and non-TC storm surge series 𝑆𝑛𝑜𝑛−𝑇𝐶 

are derived by removing TC-induced events from the original selected precipitation 

series 𝑅𝑠𝑒𝑙 and storm surge series 𝑆𝑠𝑒𝑙 , respectively. Then, the return periods of 

compound floods based on the non-TC series 𝑇𝑛𝑜𝑛−𝑇𝐶 are calculated using Eq 5.3. 

The changes (%) in the return periods of compound floods after removing the TC 

events ∆𝑇𝑛𝑜𝑛−𝑇𝐶 can be calculated as: 

∆𝑇𝑛𝑜𝑛−𝑇𝐶 = 
𝑇𝑛𝑜𝑛−𝑇𝐶 − 𝑇𝑠𝑒𝑙

𝑇𝑠𝑒𝑙
× 100%, (5.4) 

where 𝑇𝑛𝑜𝑛−𝑇𝐶 and 𝑇𝑠𝑒𝑙 are the return periods of the non-TC series and the original 

selected series, respectively, and ∆𝑇𝑛𝑜𝑛−𝑇𝐶  represents the impact of TCs on 

compound floods. 

TCs can affect the return periods of compound floods by altering: (1) dependence 

between precipitation and storm surge; (2) marginal distribution of precipitation; and 

(3) marginal distribution of storm surges. The impact of each aspect of TCs on 

compound flood can be estimated by calculating the changes in return periods when 

changing only one of three factors at a time while keeping the other two factors 

unchanged. Thus, the extent of the impact of a given factor can be estimated by the 

relative changes in the return periods due to the change in this factor. The details of 

the experiments are as follows.  

(1) The impact of TC-induced dependence between precipitation and storm surge on 

compound floods is estimated as the changes in return periods by altering the 

dependence structure to that of non-TC series while keeping the marginal 
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distributions unchanged. To achieve that, the non-TC precipitation series 𝑅𝑛𝑜𝑛−𝑇𝐶 

and non-TC storm surge series 𝑆𝑛𝑜𝑛−𝑇𝐶 , and their empirical CDFs 𝐹𝑅𝑛𝑜𝑛−𝑇𝐶  and 

𝐹𝑆𝑛𝑜𝑛−𝑇𝐶  are created. Based on the original selected series 𝑅𝑠𝑒𝑙  and 𝑆𝑠𝑒𝑙 , and their 

corresponding empirical CDFs 𝐹𝑅𝑠𝑒𝑙  and 𝐹𝑆𝑠𝑒𝑙 , the time series 𝑅1 = 𝐹𝑅𝑠𝑒𝑙
−1 (𝐹𝑅𝑛𝑜𝑛−𝑇𝐶) 

and 𝑆1 = 𝐹𝑆𝑠𝑒𝑙
−1 (𝐹𝑆𝑛𝑜𝑛−𝑇𝐶) are defined. In this case, 𝑅1 and 𝑆1 have the same marginal 

distributions as 𝑅𝑠𝑒𝑙 and 𝑆𝑠𝑒𝑙, respectively. The return periods of compound floods, 

without considering TC-associated dependence 𝑇𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑒𝑛𝑜𝑛−𝑇𝐶 , can be calculated based 

on (𝑅1 , 𝑆1 ). Since (𝑅1 , 𝑆1) have the same marginal distributions as (𝑅𝑠𝑒𝑙 , 𝑆𝑠𝑒𝑙 ), 

𝐹𝑅1(𝑟98.5) and 𝐹𝑆1(𝑠98.5) will be the same as 𝐹𝑅𝑠𝑒𝑙(𝑟98.5) and 𝐹𝑆𝑠𝑒𝑙(𝑠98.5), respectively; 

however, the joint distribution will be the same as that of (𝑅𝑛𝑜𝑛−𝑇𝐶 , 𝑆𝑛𝑜𝑛−𝑇𝐶 ). 

Therefore, 𝑇𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑒𝑛𝑜𝑛−𝑇𝐶  indicates the return periods of compound floods without the 

impact of TC-related dependence between precipitation and storm surge. 

(2) The impact of TC-induced precipitation on compound floods is estimated as the 

changes in return periods by changing the marginal distribution of precipitation to 

that of a non-TC series while keeping the marginal distribution of storm surge and 

the dependence structure unchanged. Based on the non-TC precipitation series 

𝑅𝑛𝑜𝑛−𝑇𝐶 , the time series 𝑅2 = 𝐹𝑅𝑛𝑜𝑛−𝑇𝐶
−1 (𝐹𝑅𝑠𝑒𝑙) and the corresponding CDF 𝐹𝑅2  are 

created. In this case, 𝑅2 has the same marginal distribution as 𝑅𝑛𝑜𝑛−𝑇𝐶. The return 

periods of compounds without considering TC-associated precipitation 𝑇𝑝𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛𝑛𝑜𝑛−𝑇𝐶  

can be calculated based on (𝑅2 , 𝑆𝑠𝑒𝑙 ). Since 𝑅2  has the same marginal distribution 

as 𝑅𝑛𝑜𝑛−𝑇𝐶 , 𝐹𝑅2(𝑟98.5)  is equivalent to 𝐹𝑅𝑛𝑜𝑛−𝑇𝐶(𝑟98.5) , while the marginal 

distributions of storm surge and dependence structure are unchanged. Therefore, 

𝑇𝑝𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛
𝑛𝑜𝑛−𝑇𝐶  indicates the return periods of compound floods without the impact of 

TC-induced precipitation. 

(3) The impact of TC-induced storm surge on compound floods is estimated as the 

changes in return periods by replacing the marginal distribution of storm surge by 

that of a non-TC series while keeping the marginal distribution of precipitation and 

the dependence structure unchanged. The time series 𝑆3 = 𝐹𝑆𝑛𝑜𝑛−𝑇𝐶
−1 (𝐹𝑆𝑠𝑒𝑙) is defined 

based on the non-TC storm series 𝑆𝑛𝑜𝑛−𝑇𝐶. In this case, 𝑆3 has the same marginal 
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distribution as 𝑆𝑛𝑜𝑛−𝑇𝐶. The return periods of compound floods, without considering 

TC-associated storm surge 𝑇𝑠𝑢𝑟𝑔𝑒𝑛𝑜𝑛−𝑇𝐶, can be calculated based on 𝑅𝑠𝑒𝑙 , 𝑆3 . Since 𝑆3  

has the same marginal distribution as 𝑆𝑛𝑜𝑛−𝑇𝐶 , 𝐹𝑆3(𝑠98.5)  is equivalent to 

𝐹𝑆𝑛𝑜𝑛−𝑇𝐶(𝑠98.5) , while the marginal distributions of precipitation and dependence 

structure are unchanged. Therefore, 𝑇𝑠𝑢𝑟𝑔𝑒𝑛𝑜𝑛−𝑇𝐶  indicates the return periods of 

compound floods without the impact of a TC-induced storm surge. 

Therefore, the relative changes (%) in return periods of compound floods between 𝑇 

and 𝑇𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑒𝑛𝑜𝑛−𝑇𝐶 , 𝑇𝑝𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛𝑛𝑜𝑛−𝑇𝐶 , and 𝑇𝑠𝑢𝑟𝑔𝑒𝑛𝑜𝑛−𝑇𝐶  are estimated as follows (Bevacqua et 

al., 2019): 

∆𝑇𝑖 = 
𝑇𝑖
𝑛𝑜𝑛−𝑇𝐶−𝑇

𝑇
× 100%, (5.5)               

where 𝑖 = {𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑒, 𝑝𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛, 𝑠𝑢𝑟𝑔𝑒} ; ∆𝑇𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑒 , ∆𝑇𝑝𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛 , 

and ∆𝑇𝑠𝑢𝑟𝑔𝑒 are the relative changes in return periods due to the impact of TCs on 

dependence, the marginal distributions of precipitation, and marginal distribution of 

storm surge, respectively. The changes in return periods are used to quantitatively 

evaluate the impacts of TCs on the return periods of compound floods. The impact of 

ETCs is also analyzed using the algorithms presented above. The workflow of the 

analysis methods described above is shown in Figure 5.1. 
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Figure 5.1 Workflow of estimating return periods of compound floods and evaluating 

impacts of TCs and ETCs. 

 

5.2.3 Weather patterns associated with compound floods 

Sea level pressure, wind field, and precipitable water content for three locations 

(namely Brest in France, Charleston in the southeast of the US, and Takamatsu in 

Japan) under three different extreme event types (including compound floods, 

extreme precipitation and non-extreme storm surge, and extreme storm surge and 

non-extreme precipitation) are compared to examine the weather conditions that 

favored compound floods. These three tide gauges are selected because: 1) they 

locate in different parts of the world; and 2) they have relative long data record 

lengths during 1948–2014 (i.e., the record lengths are 61, 67, 30 years in Brest, 

Charleston, and Takamatsu, respectively). For each location, the anomalies of sea 

level pressure, wind, and precipitable water content of all compound flood days (i.e., 

precipitation > 98.5th percentile and storm surge > 98.5th percentile), extreme 

precipitation without extreme storm surge days (i.e., precipitation > 98.5th percentile 

and storm surge < 95th percentile), and extreme storm surge without extreme 
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precipitation days (i.e., storm surge > 98.5th percentile and precipitation < 95th 

percentile) during 1948‒2014 are calculated. The significance levels of the anomalies 

are examined using the two-tailed student’s t-test to detect the characteristics of 

weather patterns objectively (Shen et al., 2020a, 2020b; P. Xu et al., 2020). 

5.3 Results 

5.3.1 Joint return periods of compound floods 

Before evaluating the joint probability of compound floods from precipitation and 

storm surge, the magnitudes of the marginal variables (i.e., extreme precipitation and 

extreme storm surge) at the global scale are estimated. Figure 5.2 shows the 

univariate magnitudes of extreme precipitation and storm surge at the 98.5th 

percentile, which is equivalent to a 67-day return period of the univariate extreme 

events. At this percentile level, if extreme precipitation and storm surges are 

independent of each other, the return period of the co-occurrence of both extreme 

events is expected to be approximately 12 years. The results show that extreme 

precipitation was the highest (> 100 mm) in Japan and southern China, followed by 

the coast of the Gulf of Mexico and northern Australia, where extreme precipitation 

exceeded 60 mm (Figure 5.2a). In contrast, the highest extreme storm surge is found 

in northwestern Europe, where the 98.5th percentile exceeds 1 m. The extreme storm 

surge is 0.4–0.8 m on the coast of the US, southern Europe, the southeast coast of 

China, and some tide gauges in Australia (Figure 5.2b). Therefore, in Southeast Asia 

and the Gulf of Mexico, the magnitude of pluvial floods from heavy precipitation is 

higher than in other regions, while Europe experienced higher extreme storm surges 

than other regions. The fractional contributions of TCs and ETCs to extreme 

precipitation and extreme storm surges are shown in Figure B2 and Figure B3 in 

Appendix B, respectively. More than 40% of extreme precipitation in East Asia and 

northwestern Australia is associated with TCs, while the contribution of TCs to 

extreme precipitation is 10‒30% on the east coast of the US. The contribution of TCs 

to extreme storm surges exceeds their contribution to extreme precipitation. In East 

Asia, TCs contribute to > 50% of extreme storm surges, while this value ranges from 

30 to 50% on the coast of the Gulf of Mexico (Figure B2 in Appendix B). In mid and 
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high-latitude areas, > 60% of extreme precipitation and extreme storm surges are 

associated with ETCs (Figure B3 in Appendix B).  

When estimating the joint return periods of compound floods, it is vital to consider 

the dependence between precipitation and storm surge because the dependence can 

greatly affect the occurrence probability of compound floods. For example, Ward et 

al. (2018) calculated the differences in the joint exceedance probabilities when 

assuming independence versus dependence between river discharge and storm surge 

and found that the joint exceedance probability of compound floods is more than 

twice that when ignoring the dependence. Therefore, to better understand the 

dependence between precipitation and storm surge, Kendall’s correlation coefficient 

τ is estimated to characterize the dependence for each tide gauge (Figure 5.3). The 

correlation coefficients between the daily values have been examined and used as 

evidence of the correlations between precipitation and storm surges in different 

regions, such as in Europe (Bevacqua et al., 2019). A significant positive dependence 

between daily precipitation and daily maximum storm surge in most locations (i.e., 

306 out of 314 locations) around the world can be identified (Figure 5.3a). From a 

regional perspective, northwestern North America and western Europe show higher 

dependence between precipitation and storm surge, while Kendall’s τ is smaller on 

the east coast of North America, East Asia, and Australia. Regarding extreme events, 

the dependence between extreme precipitation and extreme storm surge exceeding 

the 95th (instead of 98.5th) percentiles is examined (Figure 5.3b). The thresholds of 

the 95th percentiles are employed here because the copula-based joint distributions 

between precipitation and storm surge are modeled based on the selected pairs 

exceeding the 95th percentiles (see Section 5.2.1). In this case, the dependences 

between extreme precipitation and extreme storm surge exceeding the 95th 

percentiles are closely related to the copula-based joint distributions, and thus, the 

copula-based joint return periods of compound floods. As shown in Figure 5.3b, the 

dependence between extreme precipitation and extreme storm surge is significant; 

however, the number of stations with significant dependence is not as high as that of 

daily values. Significant positive correlations between extreme precipitation and 

storm surges are identified in Japan, the US coast, and several stations in Australia, 
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and Europe. This spatial pattern largely coincides with the spatial distribution of TC 

contributions to extreme precipitation and extreme storm surges (Figure B2 in 

Appendix B). Considering that TCs are one of the most common weather systems 

that simultaneously cause heavy precipitation and storm surges, they play a key role 

in determining the dependence between extreme precipitation and extreme storm 

surges. At the same time, other factors such as topography and seasonality of 

extreme precipitation and extreme storm surges should not be ignored (Ward et al., 

2018). For example, in Europe, the dependence between extreme precipitation and 

extreme storm surges at most stations is insignificant, while their daily time series are 

significantly interdependent. This can be explained by the fact that the main extreme 

precipitation and extreme storm surges occur in different seasons over Europe (see 

Section 5.4.1). In addition to the correlation, the dependence structure of the two 

marginal values is important for the estimation of the copula-based joint return 

period of compound floods. As shown in Figure B4 in Appendix B, the best-fitting 

copulas of the pairs of extreme precipitation and extreme storm surges at most of the 

gauges pass the significance test at a level of 0.05, demonstrating that copulas are 

capable of constructing the dependence structure of extreme precipitation and 

extreme storm surges.  

The empirical and copula-based joint return periods of compound floods are 

calculated to estimate the occurrence probability of compound floods. Figure 5.4a 

shows the empirical return periods of the compound floods estimated using Eq 5.1. 

The return periods of compound floods, considering the dependence between 

precipitation and storm surge, are much shorter than the expected 12-year return 

period, if the two types of extreme events were independent. Specifically, the return 

periods of compound floods are < 2 years along the coast of the US, East Asia, and 

some stations in western Europe and Australia Figure 5.4a. On the west coast of 

Canada and southern Europe, the return periods of compound floods are 4–8 years. 

The return periods of the compound floods are > 8 years in northwestern Europe. 

There are 13 gauges in which the estimation of the empirical return periods 

estimation fails (i.e., open circles in Figure 5.4a). In these gauges, the return periods 

may be longer than the number of years in the observations. Using copula functions 
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to model dependence is not constrained by the shortcomings of the empirical method 

(Figure 5.4b). Comparing Figure 5.4a and Figure 5.4b shows that in most locations, 

the copula-based return periods of compound floods match well with the empirical 

return periods, which can be further validated by scatter plots of empirical return 

periods and copula-based return periods shown in Figure B5 in Appendix B. The 

Pearson’s correlation coefficient between empirical and copula-based return periods 

is 0.83 at a significance level of 0.001. For locations in which the estimation of 

empirical return periods fails, the copula-based return periods are longer than the 

record lengths. Therefore, because of the dependence between precipitation and 

storm surges, for most of the coastal regions of the world, the return periods of 

compound floods from precipitation and storm surges are < 8 years, especially in 

Asia, Australia, North America, and southern Europe. These are shorter than the 

expected 12-year return period, assuming that the marginal variables are independent. 

When a higher threshold (e.g., 99.5th percentile) is used to define extreme 

precipitation and extreme storm surges, the return periods of more extreme 

compound floods show similar patterns (Figure B6 in Appendix B). The empirical 

return periods of compound floods range from 2 to 32 years on the coast of the US, 

southern Europe, East Asia, and Australia, which is much shorter than the expected 

109-year return period in the independent case. The copula-based return periods of 

compound floods show a similar pattern. In locations where the empirical return 

periods estimation fails (e.g., open circles in northern Europe, northeast coast of 

North America), the copula-based return periods are longer than 32 years. Compared 

with the results of compound floods defined by 98.5th (Figure 5.4), the empirical 

return periods estimation fails in more tide gauges when using a higher threshold 

(Figure B6a in Appendix B). The Pearson’s correlation coefficient between empirical 

and cupula-based return periods is 0.44 at a significance level of 0.001. The higher 

failing ratio and lower correlation coefficient when using the threshold of 99.5th 

percentile indicate that if the threshold was too high, the relatively short data record 

length and sparseness of samples may cause larger uncertainty for the estimation of 

compound flood probability. In summary, both spatial patterns of joint return periods 

of compound floods defined by higher or lower threshold suggest that coastal regions 
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experienced a high probability of compound floods due to the interdependence of 

precipitation and storm surges, and flood prevention management should take this 

factor into consideration.  

 

 

Figure 5.2 Magnitude of extreme precipitation (mm) and extreme storm surge (m) at 

the 98.5th percentile. (a) The magnitude of extreme precipitation at the 98.5th 

percentile; and (b) magnitude of extreme storm surge at the 98.5th percentile. The 

colors in (a) and (b) denote the values of precipitation and storm surge, respectively. 

The 98.5th percentiles of daily accumulated precipitation and daily maximum storm 

surge are estimated based on empirical cumulated distribution. 
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Figure 5.3 Dependence (i.e., Kendall’s τ) between precipitation and storm surge. (a) 

Dependence between daily precipitation and storm surge; (b) dependence between 

extreme precipitation and storm surge (i.e., > 95th percentile). The colors indicate the 

values of Kendall’s τ. Open circles denote insignificant Kendall’s τ (α = 0.05). 
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Figure 5.4 Joint return periods of compound floods from extreme precipitation and 

extreme storm surge across the globe. (a) Empirical return periods based on Eq 5.1; 

(b) copula-based return periods based on Eq 5.5. A compound flood is the co-

occurrence of an extreme storm surge and precipitation exceeding the 98.5th 

percentiles. Open circles in (a) denote no compound flood is observed. Colors denote 

the return periods. 

5.3.2 Contribution of TCs and ETCs to compound floods 

TCs can bring strong winds, and heavy rainfall, triggering compound floods. In 

higher-latitude areas such as Europe, Northeast America, and South Australia, storm 
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surges and heavy precipitation are often related to ETCs (Booth et al., 2016; 

Hawcroft et al., 2012). Therefore, the contributions of TCs and ETCs to compound 

floods are quantified on a global scale. Results show that TCs contribute to > 80% of 

compound floods in East Asia and northern Australia, and > 50% on the southeast 

coast of the US (Figure 5.5a). In areas less affected by TCs (such as western Europe, 

the northeast coast of the US, and the east coast of Australia) the contributions of 

TCs are < 30%. By contrast, ETCs’ contributions to compound floods are between 

60‒80% in the northeast of the US and western Europe, and > 90% in eastern Europe 

(Figure 5.5b). These results are consistent with the seasonality characteristics of 

concurrence of compound floods proposed by Bevacqua, Vousdoukas, Zappa, et al., 

(2020), who found that the compound floods in tropics tend to occur during TC 

seasons, while at midlatitudes, the peak seasons of compound floods are around the 

autumn and winter when the ETC activity is highest. In areas affected by both TCs 

and ETCs (such as the coast of the US, Japan, and Australia) the contributions of 

ETCs are < 40%. Comparing Figure 5.5a and Figure 5.5b, the spatial patterns of TCs’ 

and ETCs’ contributions to compound floods are compensated for by each other; in 

other words, in areas where TC fractional contributions are high, the contributions of 

ETCs are lower, and vice versa. Figure 5.5c shows that > 80% of compound floods 

on the east coast of the US, Europe, East Asia, and Australia are associated with TCs 

and/or ETCs. On the west coast of North America, the total contributions of TCs and 

ETCs are 20‒80%. This result demonstrates the importance of TCs and ETCs in 

triggering compound floods from precipitation and storm surges. 

To evaluate how TCs (or ETCs) affect the return periods of compound floods, the 

return periods of compound floods associated with non-TC (or non-ETC) events, and 

those of the original time series including TC (or ETC) and non-TC (or non-ETC) 

events are compared. After removing the impact of TCs, the return periods of 

compound floods increase dramatically and are expected to be five times longer than 

those of all events in East Asia (Figure 5.6a). On the coast of the Gulf of Mexico and 

northern Australia, the return periods of non-TC compound floods are 150% longer 

than those in the original series. On the southeast coast of the US, the return periods 

are shortened by 40‒150% due to the impact of TCs. The impacts of TCs on 
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compound flood hazards are relatively insignificant in Europe and the northeast coast 

of the US, where the changes in return periods of compound floods are < 40% after 

the TC-induced events are removed. When the impacts of ETCs are removed, the 

greatest changes in return periods occur in northeastern Europe (i.e., 150‒500%; 

Figure 5.6b). The return periods of compound floods increase by 40‒150% after 

removing the impact of ETCs in western Europe, northeast coast of the US, east 

coast of Canada, and southern Australia. In areas including Japan, the west coast of 

the US, and northwestern Australia, removing the ETC-associated data shortens the 

return periods of compound floods (Figure 5.6b). This may be because most 

precipitation/storm surges associated with ETCs in these places are non-extreme 

events, and removing these relatively small values will increase the ratio of high 

values, which in turn increases the probability of extreme events. 
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Figure 5.5  Fractional contribution of (a) TCs, and (b) ETCs to compound floods 

from extreme precipitation and storm surge exceeding the 98.5th percentiles. (c) Total 

fractional contributions of TCs and ETCs to compound floods (i.e., the sum of a and 

b). Data from 1979 to 2012 is used to estimate the fractional contributions of TCs 

and ETCs. Open circles denote that the fractional contributions are 0. 
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Figure 5.6 Impacts of (a) TCs, and (b) ETCs on return periods of compound floods. 

The impacts of TCs/ETCs are estimated in terms of relative changes (%) in return 

periods of compound floods after TC-/ETC-associated events are removed. Open 

circles denote locations that were not affected by TCs/ETCs. 

5.3.3 Attribution of changes in return periods to TC- and ETC-induced 

changes in dependence, and marginal distributions of precipitation and 

storm surge 

TCs and ETCs can affect compound floods by changing the marginal distributions of 

extreme precipitation and extreme storm surges and altering the joint distributions 

between them. To attribute the changes in return periods of compound floods to these 
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three factors, the relative changes in return periods in three cases when considering 

only: (a) changes in the dependence between precipitation and storm surge by 

removing TC (ETC) events; (b) changes in the marginal distribution of precipitation 

by removing TC (ETC) events; or (c) changes in the marginal distribution of storm 

surges by removing TC (ETC) events are estimated. For example, to estimate the 

impact of TC-caused changes in dependence on return periods of compound floods, 

the copula model of the original selected series is replaced by that of the non-TC 

series, and the marginal distributions of precipitation and storm surge are unchanged. 

The impact of TC-caused changes in dependence on compound floods is the relative 

difference between the return periods of the non-TC series and the original selected 

series. 

Figure 5.7a shows the changes in the return periods caused by changes in the 

dependence due to the removal of TC-associated data. The changes in the 

dependence by removing TC-associated events could increase the return periods of 

compound floods by > 80% in Japan and South China. Whereas this percentage is < 

40% on the east coast of the US, Europe, and Australia, indicating the limited impact 

of TC-induced interactions on compound floods in these areas. When TC-induced 

precipitation is not considered, the return periods of compound floods increase by 

150‒300% in East Asia and northern Australia (Figure 5.7b). On the southeast coast 

of the US, the probability of compound floods increases by 40‒150% due to TC-

induced precipitation, whereas this percentage is < 40% in the northeast US. For the 

changes caused by the removal of TC storm surges (Figure 5.7c), the return periods 

of compound floods are at least three times longer in Japan. The return periods of 

compound floods increase by 80‒300% after TC-induced storm surge events are 

removed in the Gulf of Mexico, northern Australia, and Southeast Asia, whereas this 

value is < 40% on the east coast of the US, eastern Australia, and Europe. 

Comparatively speaking, TC-induced storm surges amplify the probability of 

compound floods more than TC-induced precipitation, which can also be expected 

due to the fact that the fractional contribution of TCs to extreme storm surges is 

higher than that of extreme precipitation (Figure B2 in Appendix B). Therefore, in 

East Asia (where TCs are frequently experienced), any changes in the three 
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mechanisms associated with TCs can substantially affect the compound floods. TC-

induced changes in storm surges amplify the probability of compound floods most 

substantially. For the southeast coast of the US, the contributions of individual 

mechanisms to changes in the return periods of compound floods are < 80%. The 

accumulated effect of the three mechanisms results in a double-compound flood 

hazard.  

The results of the attribution analysis on ETCs’ impact on the return periods of 

compound floods are shown in Figure 5.8. When removing ETC-associated 

dependence, the return periods of compound floods are shorter on the west coast of 

the US, Europe, East Asia, and Australia (Figure 5.8a), which implies that the 

dependence between extreme precipitation and extreme storm surge is stronger after 

removing ETC-associated events. The return periods increase by < 60% on the south 

and east coast of the US after removing the impact of ETCs on dependence (Figure 

5.8a). When ignoring ETC-associated precipitation, the return periods are doubled in 

Europe and southeastern Australia but are slightly shortened on the west coast of the 

US, Japan, and northwestern Australia (Figure 5.8b). In contrast, ETC-induced storm 

surges greatly increase the occurrence probability of compound floods in most ETC-

affected areas except Japan (Figure 5.8c), showing the significant impact of ETC-

induced storm surges on compound floods in mid and high-latitude areas.  

By comparing the impact of TC- and ETC-induced dependence on the compound 

flood return periods, it can be found that the relative changes in return periods when 

removing TC-induced dependence are much higher than that when removing ETC-

induced dependence, indicating that the TC-induced dependence plays a more 

important role in triggering compound floods. The spatial pattern of effect of TC-

induced precipitation/storm surge is largely the opposite of ETC-induced 

precipitation/storm surge, which is consistent with the spatial patterns of the 

fractional contributions of TCs and ETCs on precipitation/storm surge (Figure B3 in 

Appendix B). Overall, the impacts of ETCs are more diverse among different factors 

(i.e., dependence and marginal distributions) and regions. The analysis of ETCs is 

conducted based on M09 track data from IMILAST (Neu et al., 2013). A caveat shall 
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be made whereby the results may be changed if other track data is used, given the 

inconsistency among different ETC track datasets (Neu et al., 2013). 
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Figure 5.7 Attribution of changes in return periods of compound floods to the 

changes in (a) dependence, (b) precipitation, and (c) storm surge by removing events 

associated with TCs. Open circles denote the locations that were not affected by TCs. 
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Figure 5.8 Attribution of changes in return periods of compound floods to the 

changes in (a) dependence, (b) precipitation, and (c) storm surge by removing events 

associated with ETCs. Open circles denote the locations that were not affected by 

ETCs. 

5.4 Analysis of mechanisms and weather patterns of compound floods 

5.4.1 Different peak seasons of extreme precipitation and extreme storm surge 

in Europe  

Figure 5.3b shows that the dependence between daily precipitation and daily 

maximum storm surge is significant in Europe, but the dependence between extreme 

precipitation and storm surge is much weaker. Due to the low dependence between 

the extremes of precipitation and storm surges, in some gauges in Europe, the return 

periods of compound floods are much longer than those in other regions (e.g., North 

America, East Asia, and Australia; Figure 5.4). The low dependence of extreme 

values over Europe can be explained by the different seasons of extreme precipitation 

and extreme storm surges (Figure 5.9); extreme precipitation tended to occur in 

August‒October, while extreme storm surges mostly occurred in November‒January, 

suggesting different peak seasons of extreme precipitation and extreme storm surges 

in Europe. The seasonal difference in the occurrences of extreme precipitation and 

storm surges largely reduces their interdependence, resulting in a lower occurrence of 

compound floods in Europe. 
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Figure 5.9  Probabilities of occurrence of extreme precipitation and extreme storm 

surge on the day of the year over Europe. The contours and shades denote the density 

of data pairs (i.e., precipitation and storm surge exceeding the 95th percentile). The 

empirical cumulative probabilities of the stations in Europe (-30‒60°E, 30‒70°N) are 

used to compute the density. 

5.4.2 Weather patterns associated with compound floods, extreme 

precipitation, and extreme storm surges 

To reveal the weather patterns associated with compound flood events, extreme 

precipitation without extreme storm surge, and extreme storm surge without extreme 

precipitation, the anomalies of sea level pressure, wind, and precipitable water 
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content of three tide gauges located in western Europe (Brest), southeast coast of the 

US (Charleston), and East Asia (Takamatsu) are analyzed (Figure 5.10 and Figure 

5.11). The weather patterns associated with compound floods are characterized by 

significant negative anomalous sea level pressure, stronger landward wind, and 

higher precipitable water content (Figure 5.10a‒c, Figure 5.11a‒c). During extreme 

precipitation events, the anomalies of sea level pressure and wind speed are smaller, 

and precipitable water content anomalies are higher, compared to that of compound 

floods and extreme storm surge (Figure 5.10d‒f, Figure 5.11d‒f). The occurrences of 

extreme storm surge events are associated with significant negative sea level pressure 

anomalies and strong wind, while there is no obvious change in precipitable water 

content (Figure 5.10g‒i, Figure 5.11g‒i). The composited maps of weather patterns 

associated with compound floods, extreme precipitation without extreme storm surge, 

and extreme storm surge without extreme precipitation are shown in Figure B7 and 

Figure B8 in Appendix B. The weather patterns associated with compound floods are 

characterized by deep low pressure, cyclonic wind, and high precipitable water 

content simultaneously occurring around the target locations (Figure B7a‒c, Figure 

B8a‒c). Abundant precipitable water is found in weather patterns during extreme 

precipitation, but there is no obvious low-pressure or cyclonic wind (Figure B7d‒f, 

Figure B8d‒f). The occurrences of extreme storm surge events are associated with 

obvious cyclonic wind and deep low-pressure systems (Figure B7g‒i, Figure B8g‒i). 

Both TCs and ETCs bring about heavy rainfall and storm surges, and consequently, 

compound floods. The weather patterns are also similar for TCs and ETCs, which are 

characterized by low-pressure systems. However, there are differences between the 

extreme events associated with TCs and ETCs in different locations. Figure 5.12 

shows the accumulative probability of precipitation and storm surges for Brest, 

Charleston, and Takamatsu, and the magnitudes of precipitation and storm surges are 

shown in Figure B9 in Appendix B. In Brest, most compound floods and almost all 

extreme storm surge events are associated with ETCs (Figure 5.12a). Almost all 

compound floods are caused by TCs in Takamatsu, and the most extreme storm 

surges and precipitation are associated with TCs (Figure 5.12c). For the tide gauge 

Charleston in the southeast of the US (where the contribution of TCs and ETCs to 
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compound floods are comparable; i.e., ~47%), TCs contribute to the most extreme 

compound floods, and ETCs relate to a number of compound floods that are second 

only to the most severe flood (Figure 5.12b). This result is consistent with Booth et al. 

(2016) who compared hurricane and ETC-induced storm surges on the northeast 

coast of the US and found that TCs are more likely to generate the most extreme 

storm surges, while ETCs relate to slightly weaker events. 

 

Figure 5.10 Anomalies of sea level pressure and wind associated with extreme events. 

Composite maps of sea level pressure anomalies (shadings, hPa) and wind anomalies 

(black arrows) based on days where extreme events (i.e., > 98.5th percentile) 

occurred in (a, d, g) Brest, (b, e, h) Charleston, and (c, f, i) Takamatsu between 

1948‒2014. Extreme events are (a‒c) compound floods, (e‒f) extreme precipitation 

without extreme storm surge (i.e., < 95th percentile), and (g‒i) extreme storm surge 

without extreme precipitation (i.e., < 95th percentile). Shadings and arrows indicate 
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that the anomalies are significant at the 95% confidence level based on a two-tailed 

student’s t-test. Green dots indicate the locations of tide gauges. 

 

Figure 5.11 Anomalies of precipitable water content associated with extreme events. 

Composite maps of precipitable water content (shadings, kg/m2) based on days where 

extreme events (i.e., > 98.5th percentile) occurred in (a, d, g) Brest, (b, e, h) 

Charleston, and (c, f, i) Takamatsu between 1948‒2014. Extreme events are (a‒c) 

compound floods, (e and f) extreme precipitation without extreme storm surge (i.e., < 

95th percentile), and (g‒i) extreme storm surge without extreme precipitation (i.e., < 

95th percentile). Stippled areas represent the areas with anomalies being significant at 

the 95% confidence level based on a two-tailed student’s t-test. Green dots indicate 

the locations of tide gauges. 
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Figure 5.12 Scatter plots of accumulative probability (%) of precipitation and storm 

surge for tide gauges in (a) Brest in France, (b) Charleston in the US, and (c) 

Takamatsu in Japan. The colors of points (boxes) denote different types of extreme 

events (zones). Extreme events associated with TCs and ETCs are denoted by 

rhombuses and triangles, respectively. The smaller open circles denote other events. 

5.5 Summary  

In this chapter, the return periods of compound floods from heavy precipitation and 

storm surges are assessed at the global scale based on observed storm surges and 

precipitation with the longest overlapping record of > 120 years. The empirical and 

copula-based return periods of compound floods are estimated. Results show that the 
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dependence between precipitation and storm surge is a critical factor that affects the 

occurrence of compound floods. The dependence between daily precipitation and 

daily maximum storm surge is significant in most of the studied gauges, while 

significant dependence between extreme precipitation and extreme storm surge is 

identified on the US coast and Japan. Because of the dependence between 

precipitation and storm surges, the return periods of compound floods from extreme 

precipitation and storm surges exceeding the 98.5th percentiles are substantially 

shorter than the expected 12-year return period when the marginal variables are 

considered independent. Specifically, East Asia, southwestern Europe, the coast of 

North America, and the coast of Australia experienced a higher probability of 

compound floods with joint return periods < 2 years due to the strong dependence in 

these regions. Over Europe, the return periods of compound floods are longer than in 

other regions because of the low dependence between extreme precipitation and 

storm surges, which tended to occur in different seasons of the year. These findings 

on the dependence between precipitation and storm surge and the return periods of 

compound floods agree in general with those in previous studies based on 

observational and simulated data (Bevacqua, Vousdoukas, Shepherd, et al., 2020; 

Bevacqua, Vousdoukas, Zappa, et al., 2020; Couasnon et al., 2020; Ward et al., 

2018). These results present the global perspective of compound flood hazards from 

heavy precipitation and storm surges, and highlight the necessity of considering cases 

of compound floods when designing flood management strategies. 

The analyses of the contributions of TCs and ETCs to compound floods show that 

cyclones (including TCs and ETCs) play important roles in the occurrence of 

compound floods in many coastal regions. In East Asia, > 80% of compound floods 

are associated with TC activity. In mid and high-latitude areas that are less affected 

by TCs, ETCs play a key role in the occurrence of compound floods. TCs and ETCs 

can impact compound floods in two ways: On one hand, TCs and ETCs raise the 

marginal probabilities of extreme precipitation and storm surges; and on the other 

hand, TCs and ETCs can simultaneously cause heavy precipitation and extreme 

storm surges, showing the dependence of the two extremes. Results show that the 

likelihoods of compound floods increase by 40‒500% or more in different areas of 
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the world due to TCs. Meanwhile, ETC-associated precipitation and storm surges can 

amplify the probability of compound floods over Europe by 100‒300%. These 

findings provide preliminary insights into the interactions between storm activities 

and compound floods. 

The weather patterns associated with compound floods, extreme precipitation, and 

extreme storm surges in three tide gauges located in Europe, the US, and East Asia 

are compared to further investigate the physical mechanisms associated with 

compound floods. The results show that the occurrence of compound floods is 

closely related to deep low pressure, cyclonic wind, and abundant precipitable water. 

During extreme precipitation events, weather patterns are characterized by abundant 

precipitable water but no low-pressure or cyclonic winds. Extreme storm surge 

events are triggered by obvious cyclonic winds and deep low-pressure systems. The 

weather conditions associated with compound floods, extreme precipitation, and 

extreme storm surges in East Asia are highly similar because TCs contributed to 

most extreme events in this region. In Europe, most compound floods or univariate 

extreme events (i.e., extreme precipitation and extreme storm surge) are associated 

with ETCs, while on the east coast of the US and Japan, TCs are likely to create the 

most extreme hazards. Extreme precipitation and extreme storm surges in Europe 

tend to occur in different seasons, which explains the low interdependence of 

extreme precipitation and extreme storm surges in this region. 

In summary, this study depicts the spatial pattern of compound flood return periods 

based on observational precipitation and storm surge data and quantifies the impact 

of TCs and ETCs on compound floods across the globe. The weather conditions of 

the compound flood events are analyzed. 
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Chapter 6 Evolution of frequency and intensity of concurrent heavy 

precipitation and storm surge at the global scale: implications for 

compound floods 

6.1 Introduction 

In this chapter, the temporal evolution of global compound floods is studied. The 

changes in characteristics such as the frequency, intensity, duration, and timing of 

individual flood drivers (i.e., precipitation and storm surge) can lead to changes in 

compound flood hazards correspondingly. Many studies have examined the changes 

in heavy precipitation over the past decades at regional and global scales. Even 

though the trends vary from region to region, the general conclusion is that the 

increasing trends in heavy precipitation can be detected in more regions rather than 

the decreasing trends. For example, Alexander et al. (2006) reported the statistically 

significant increasing trends of heavy precipitation in regions including North 

America, southern China, southeast of the South America, and central Europe. Donat 

et al. (2016) examined the annual maximum daily precipitation using both 

observations and simulations of GCMs and found more extreme precipitation over 

wet and dry regions around the world. Furthermore, the intensification of extreme 

precipitation under anthropogenic warming has been robustly projected in global and 

regional climate models (Bao et al., 2017; Lenderink & van Meijgaard, 2008; Pfahl 

et al., 2017; Prein et al., 2017; Trenberth et al., 2003). In this case, the flood risk 

from heavy precipitation is expected to increase in the future. 

The global sea level rise over the historical periods and the future acceleration 

tendency have been widely evidenced. The rate of sea level rise is witnessed to 

increase, i.e., the magnitudes of sea level rise are ~2 mm yr-1 since the 1950s and ~3 

mm yr-1 since the 1990s (Church & White, 2011; Nicholls et al., 2011; Nicholls & 

Cazenave, 2010). By 2100, the mean sea level was projected to rise 30–50 cm, 40–80 

cm, and 60–130 cm for the greenhouse gases emission scenarios RCP2.6, RCP4.5, 

and RCP8.5, respectively (Kopp et al., 2014; Mengel et al., 2016; Nicholls et al., 

2011; Nicholls & Cazenave, 2010). By contrast, few significant trends can be 
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identified in storm surge. Significant decreasing trends in extreme storm surge (i.e., 

exceeding the 99th percentile threshold) were identified in only several locations over 

Western Europe and northern Australia (Mawdsley & Haigh, 2016).  

Both storm surge and heavy precipitation are closely related to the TC and ETC 

activities, the changes in characteristics such as the TC intensity, the poleward 

migration of TC tracks, and the slowdown of the moving speed can also lead to 

changes in the TC/ETC-associated extreme precipitation and storm surge. It was 

predicted that the most intense TCs will occur more frequently even though the total 

number of TCs shows a decreasing trend (Knutson et al., 2015; Walsh et al., 2016). 

The poleward migration of TC activities enables more TCs to evolve into ETCs 

which can further affect higher latitudes. Slow-moving TCs imply a longer affecting 

period over a region and more local precipitation (Hall & Kossin, 2019; Kossin, 

2018). These changes in TC and ETC activities can also result in spatial and 

temporal variations of compound floods. 

In a place where both heavy precipitation and storm surge show increase (or decrease) 

trends, the compound floods are very likely to increase (or decrease) as well. 

However, when heavy precipitation and storm surge show opposite trend directions, 

e.g., heavy precipitation increases but storm surge decreases, it is hard to tell how the 

compound floods would change. Most previous studies focused on the spatial 

distribution of compound flood hazards, rare studies have illustrated the evolutions of 

occurrences of compound floods based on long-term observations.  

Here, the evolution in concurrences of heavy precipitation and extreme storm surge 

are analyzed based on the observed precipitation and storm surge data across the 

globe. The main research questions are as follows: (1) How’s the spatial distribution 

of compound floods? Which areas of the world are the most susceptible to compound 

floods? In which season do most compound floods occur? (2) What is the interannual 

variability of compound floods in past decades? And how’re the contributions of 

precipitation and storm surge to the interannual variability? (3) What could be the 

meteorological drivers causing the changes in compound floods? The answers are 

critical to understanding the changing compound flood risks and serve as a scientific 
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reference for flood risk management and an indispensable foundation for further 

studies. 

6.2 Methods 

6.2.1 Compound flood days 

In this chapter, the 90th percentiles are used to identify extreme precipitation/storm 

surge, and compound floods are defined as the co-occurrence of both extreme 

precipitation and extreme storm surge exceeding the percentiles. The storm surge and 

precipitation data at the same calendar day are paired without consideration of time 

lag, and each day with precipitation and storm surge exceeding the threshold is taken 

as a compound flood day. The number of compound flood days is defined as an 

index to investigate the evolution of the days of concurrent heavy precipitation and 

storm surge. Indices based on similar definitions (e.g., the number of days with 

precipitation > 75th, 95th, and 99th percentiles) have been widely used in previous 

studies to detect the changes in extreme events (Fatichi & Caporali, 2009; Li et al., 

2013; Q. Zhang et al., 2013). 

One drawback of defining compound flood days using the Peak-Over-Threshold 

method is that the threshold exceedances may occur successively during extreme 

weather systems (e.g., TCs), thus not fully respecting the independence assumption 

(Fatichi & Caporali, 2009). However, since the objective of this study is to assess 

whether the number of compound flood days is changing instead of evaluating the 

changes in the return period of compound flood events, the dependence between 

some compound flood days should not substantially affect our results of the trend 

detection (Fatichi & Caporali, 2009). Besides, a compound flood event that lasts 

longer might lead to greater damage than that lasts shorter. An increase in compound 

flood days implies more frequent compound flood events and/or longer durations of 

compound flood events. In either case, the potential risk of compound floods 

increases, and vice versa. 

Here, the 90th percentile threshold is used to identify the extreme events (instead of 

the 98.5th percentile used in Chapter 5) because even though using a lower threshold 

implies that the concurrent extreme precipitation and extreme storm surge may not 
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lead to actual damage to the society and the environment, it can ensure that enough 

compound flood days could be sampled to conduct a more robust analysis. The 90th 

percentile has been widely used as a threshold to define flood events in previous 

studies (Gemmer et al., 2011; Iannuccilli et al., 2021; Li et al., 2015; Muis et al., 

2018; Q. Zhang et al., 2013). Besides, whether an actual flood occurs or not highly 

depends on localized characteristics such as topography, land use, regional climate, 

and their interactions (Bevacqua et al., 2019; Hendry et al., 2019). In this case, the 

object of this study is limited to compound flood potentials (i.e., occurrence 

probability) rather than the actual compound flood to better understand their changes. 

To evaluate whether the choice of threshold would affect the analysis, the results 

with thresholds of 85th and 95th percentiles are shown in Appendix C. The percentiles 

of precipitation/storm surge at all stations are estimated based on the daily time series 

from 1979 to 2014 to mitigate the impact of non-stationarity.  

6.2.2 multivariate regression methodology 

The precipitation under extreme storm surge (i.e., precipitation of days with storm 

surge exceeding the 90th percentile) and storm surge under extreme precipitation (i.e., 

the storm surge of days with precipitation exceeding the 90th percentile) are analyzed 

to investigate the relationship between changes in compound floods, precipitation, 

and storm surge. According to our definition of compound floods, the intensity of 

compound floods is determined by the intensity of precipitation and storm surge 

height. With this understanding, the changes in precipitation under extreme storm 

surge and the changes in storm surge under extreme precipitation reflect the changes 

in the intensity of compound floods. That is, given one of the two variables (e.g., 

precipitation as an example) exceeds the threshold, the increase (or decrease) in the 

other variable (e.g., storm surge) indicates the increase (or decrease) in the intensity 

of a potential compound event. Once the storm surge exceeds the threshold, it is 

considered a compound flood in this study. Therefore, the changes in the intensity of 

compound floods can be reflected in terms of (1) the changes of precipitation under 

extreme storm surge, and (2) the changes of storm surge under extreme precipitation. 
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The contributions of changes in precipitation and storm surge to the changes in the 

number of compound flood days are determined by the multivariate regression 

methodology. This method has been applied in the attribution analysis of changes in 

soil moisture (Q. Zhang, Li, et al., 2018). The regression equation is written as: 

𝐶𝐹′ = 𝑎 × 𝑅 + 𝑏 × 𝑆 + 𝜀, (6.1) 

where 𝐶𝐹′ is the number of compound flood days predicted; 𝑅 and 𝑆 represent the 

precipitation under extreme storm surge, and storm surge under extreme precipitation, 

respectively; 𝑎  and 𝑏  are regression coefficients, and 𝜀  is a constant intercept 

coefficient. Therefore, the annual number of compound flood days is jointly affected 

by precipitation and storm surge, and the changes in the number of compound flood 

days, Δ𝐶𝐹′, can be estimated by: 

Δ𝐶𝐹′ = 𝑎 × Δ𝑅 + 𝑏 × Δ𝑆, (6.2) 

where Δ𝑅 and Δ𝑆 are the changes in precipitation under extreme storm surge, and 

storm surge under extreme precipitation, respectively. The contributions of 

precipitation under extreme storm surge, and storm surge under extreme precipitation 

to the number of compound flood days can be calculated as: 

{
𝐶𝑅 =

(𝑎 × Δ𝑅)

Δ𝐶𝐹′
× 100%

𝐶𝑆 =
(𝑏 × ΔS)

Δ𝐶𝐹′
× 100%

, (6.3) 

where 𝐶𝑅 and 𝐶𝑆 represent the contributions of precipitation under extreme storm 

surge, and storm surge under extreme precipitation to the number of compound flood 

days, respectively. Since the trends of the annual number of compound flood days 

can be positive or negative, so do the contributions. To facilitate the comparison of 

contributions of precipitation and storm surge, the contributions are transferred into 

fractional contributions through: 

{
 

 𝐶𝑅′ =
|𝐶𝑅|

|𝐶𝑅| + |𝐶𝑆|
× 100%

𝐶𝑆′ =
|𝐶𝑆|

|𝐶𝑅| + |𝐶𝑆|
× 100%

, (6.4) 
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where 𝐶𝑅′  and 𝐶𝑆′  represent the fractional contributions of precipitation under 

extreme storm surge, and storm surge under extreme precipitation to the number of 

compound flood days, respectively. 

6.2.3 Meteorological mechanism analysis 

To reveal the drivers associated with the changes in compound floods, the 

meteorological variables (i.e., precipitable water content, vertical wind shear, sea 

level pressure, and near-land wind speed) associated with extreme precipitation and 

extreme storm surge (i.e., > 90th percentiles) in three tide gauges (i.e., New York, NY 

in the US, Honmoku in Japan, and Tregde in Europe) are analyzed. These three tide 

gauges are selected based on three criteria: 1) the tide gauges should distribute in 

different parts of the world for the analysis of spatial variations; 2) the tide gauges 

should have longer data record years for more robust trend analysis; 3) the changes in 

compound flood days are significant at the selected tide gauges, and at least one 

significant trend can be detected in time series of precipitation and storm surge. For 

each tide gauge, the precipitable water content and vertical wind shear (calculated as 

the wind difference between 850 hPa and 200 hPa levels [Chen et al., 2006; K. A. 

Emanuel, 2013]) during extreme storm surge events are extracted and averaged by 

year to examine their relationships with changes in precipitation under extreme storm 

surge, while sea level pressure and near-land wind speed (i.e., wind speed at the 

0.995 sigma level) during extreme precipitation events are extracted and averaged by 

year to examine their relationships with the changes in storm surge under extreme 

precipitation. It shall be noted that our analysis of meteorological variables is based 

on extreme events from 1948 to 2014 because NCEP/NCAR reanalysis dataset is not 

available before this period. The trends in compound floods between the periods of 

1948–2014 and 1979–2014 are analyzed and shown in Appendix C. 

The trend of time series is detected using the Modified Mann-Kendall test (See 

Section 3.2.4). A trend is taken as a significant trend when the p-value is < 0.1 (i.e., α 

= 0.1). Sen’s slope method is used to estimate the magnitude of the trend of time 

series (Sen, 1968). 
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6.3 Results 

6.3.1 Spatial pattern and seasonal variation of compound floods 

Figure 6.1 shows the annual number of compound flood days with extreme 

precipitation and extreme storm surge exceeding the 90th percentiles. In southern 

Europe, the west and northeast coast of the US, and northern Japan, the compound 

floods occurred most frequently (i.e., > 12 per year), followed by the east and 

southeast of the US, northern Europe, western Australia, and Japan, experiencing 

average 8–12 compound flood days per year. The co-occurrences of extreme 

precipitation and storm surge can happen by chance or because of the dependence 

between univariate extreme events driven by associated meteorological systems. If 

the precipitation and storm surge are independent of each other, the expected annual 

number of co-occurrences of precipitation and storm surge exceeding the 90th 

percentile should be 0.1 × 0.1 × 365 = 3.65 . However, the actual number of 

compound flood days in reality is affected by various factors such as the dependence 

between precipitation and storm surge and the autocorrelation of time series (Martius 

et al., 2016). The observed annual number of compound flood days in 305 out of 314 

tide gauges is higher than 3.65, which means that not all compound floods occurred 

by chance, and the extra compound flood days are very likely to be associated with 

the dependence between precipitation and storm surge (Couasnon et al., 2020; Zheng 

et al., 2013). Besides, the dependence between precipitation and storm surge at 

regional and global scales has been reported in many previous studies (e.g., 

Bevacqua et al., 2019; Bevacqua, Vousdoukas, Shepherd, et al., 2020; Wahl et al., 

2015; Zheng et al., 2013). For example, Bevacqua, Vousdoukas, Shepherd, et al., 

(2020) calculated Kendall’s τ correlation between precipitation and storm surge and 

found a stronger correlation between precipitation and storm surge on the coast of the 

US, western Europe, East Asia, and Australia. This spatial pattern generally 

coincides with that of the annual number of compound flood days, which further 

proves the relationship between compound floods and dependence. From these 

results, the hotspots of compound floods, including the coast of the US, southern 

Europe, East Asia, and Australia, are identified. The identified hotspots of compound 

floods are consistent with that of studies that use reanalysis data (Bevacqua, 
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Vousdoukas, Shepherd, et al., 2020; Couasnon et al., 2020). These areas involve 

many socio-economically important regions, such as Europe, the coast of the US, and 

southeastern China, which hold densely distributed populations and properties. When 

using the 85th and 95th percentiles to identify the compound flood events, or 

examining the trends between different periods (i.e., 1948–2014 and 1979–2014), the 

spatial distributions of compound floods show very similar patterns to those based on 

the 90th percentile and all available data (Figure C1, Figure C5, and Figure C8 in 

Appendix C). If considering the time lag when sampling compound flood days, the 

spatial pattern of the annual number of compound flood days should not change 

substantially because previous studies have suggested no significant difference in the 

dependence between flood drivers (e.g., precipitation and storm surge) when 

employing different time lags (e.g., Camus et al., 2021; Ward et al., 2018). Figure 6.2 

shows the months in which compound floods occurred most frequently to illustrate 

the seasonal variation of compound floods. In Europe, the west coast of North 

America, and northeast of the US, compound floods tend to occur in November and 

December, while on the southeast coast of the US, northeast coast of Africa, and East 

Asia, the peak season of compound floods is September. In the Southern Hemisphere, 

the peak season of compound floods in southern Australia is June, while this is 

February in northern Australia. In the areas affected by TCs such as East Asia, the 

southeast coast of the US, and northern Australia (Khouakhi et al., 2017; Walsh et al., 

2016), the occurrences of compound floods are affected by TC activities, therefore 

the peak seasons of compound floods are concentrated on TC seasons (i.e., July–

September in the North Hemisphere, and December–February in the South 

Hemisphere). In mid and high-latitude areas, the compound floods tend to occur 

during winter (i.e., November–January in North Hemisphere, and June–July in South 

Hemisphere). 
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Figure 6.1 The annual number of compound flood days. Compound flood days are 

the days with extreme precipitation and extreme storm surge exceeding the 90th 

percentile values. 

 

Figure 6.2 The month with the most frequent concurrences of extreme precipitation 

and extreme storm surge exceeding the 90th percentile values. 

6.3.2 Trends in frequency and intensity of concurrences of heavy precipitation 

and storm surge 

Figure 6.3 shows the trends in the annual number of compound flood days across the 

globe. The largest increasing trend is found in the UK, where the number of 
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compound flood days increased by > 2 days per decade. Besides, in northwestern 

Europe and the east coast of the US, the annual number of compound flood days 

increased with a magnitude of 1–3 days per decade, implicating increasing 

compound flood risks in these areas. In contrast, the number of compound flood days 

decreased significantly in some tide gauges of southwestern Europe and Japan. The 

changes in the annual number of compound flood days are not significant (i.e., p > 

0.1) in most locations of the east coast of North America, South America, Australia, 

and Southeast China. Noted that these changes in compound flood days are estimated 

based on record lengths varying by tide gauge (Figure 3.3). When constraining the 

study period as 1948–2014 or 1979–2014, the spatial patterns of changes in 

compound flood days are similar (Figure C6 and Figure C9 in Appendix C). 

To investigate the evolution of the intensity of compound floods, the changes in 

precipitation under extreme storm surge and the changes in storm surge under 

extreme precipitation are examined. Figure 6.4a shows that precipitation under 

extreme storm surge increased significantly on the coast of North America, Europe, 

the east coast of Japan, and some locations of northern Australia, indicating the 

elevating probability of occurrences of heavy rainfall when extreme storm surges 

occur. The changes in storm surge under extreme precipitation show greater regional 

variations. On the west and northeast coast of the US and Japan, the storm surge 

under extreme precipitation decreased slightly (i.e., < 4 mm/year), while on the 

southeast coast of the US and Europe, storm surge under extreme precipitation shows 

an increasing trend (Figure 6.4b). The sensitivity of these results to the choice of 

thresholds is analyzed by comparing the results calculated based on the 85th and 95th 

percentile values. The spatial patterns of changes are consistent with those using the 

threshold of the 90th percentile even though the magnitudes of changes and number 

of significant trends may be different (Figure C2–Figure C4 in Appendix C). When 

conducting these analyses in different periods (i.e., 1948–2014 and 1979–2014), the 

results are similar except that the storm surge under extreme precipitation showed 

increasing trends on the northeast coast of the US during 1979–2014, while 

decreasing trends are detected in this area during the long period (e.g., 1948–2014; 

Figure C7 and Figure C10 in Appendix C). 
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Comparing the spatial patterns of changes in compound floods, precipitation under 

extreme storm surge, and storm surge under extreme precipitation (Figure 6.3 and 

Figure 6.4), it can be found that, on the west coast of the US where the precipitation 

increased but the storm surge decreased, the changes in the number of compound 

flood days are not obvious; in northwestern Europe, both precipitation under extreme 

storm surge and storm surge under extreme precipitation show increasing trends, thus 

the number of compound flood days increased most substantially. By contrast, in 

Japan where the precipitation showed different directions in different areas (i.e., 

negative trends on the west coast and positive trends on the east coast) and the storm 

surge decreased significantly across the country, the number of compound flood days 

also decreased significantly. Comparatively, the spatial distribution of changes in 

storm surge under extreme precipitation matches better with that of changes in 

compound floods, implicating that the changes in storm surge are more likely to 

dominate the changes in compound floods.  

To justify this inference, the fractional contributions of precipitation under extreme 

storm surge, and storm surge under extreme precipitation are calculated based on the 

multivariate regression methodology. As shown in Figure 6.5a, the changes in 

precipitation under extreme storm surge contribute to more than 50% of changes in 

compound floods in northern Europe (mainly on the coast of the North Sea and 

Baltic Sea) and tide gauges on the east coast of the US and southern Australia, 

indicating the changes in precipitation dominated the changes in compound floods in 

these areas. By contrast, in the other areas including the west coast of the US, 

western and southern Europe, Japan, northern Australia, and also some tide gauges 

on the east coast of the US, the fractional contribution of changes in storm surge 

under extreme precipitation exceed 50%, demonstrating the dominate role of storm 

surge in affecting the number of compound flood days (Figure 6.5b). The average 

contributions of precipitation and storm surge across the globe are 35% and 65%, 

respectively. These results further prove our inference that changes in storm surge 

are more likely to dominate the changes in compound floods. 
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Figure 6.3 Trends in the annual number of compound flood days. Compound flood 

days are the days with extreme precipitation and extreme storm surge exceeding the 

90th percentile values. Open circles denote the trends are insignificant (α = 0.1). 
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Figure 6.4 Trends in (a) precipitation under extreme storm surge (i.e., > 90th 

percentile); and (b) storm surge under extreme precipitation (i.e., > 90th percentile). 

Open circles denote the insignificant trends (α = 0.1). 

 



103 
 

 

Figure 6.5 Fractional contribution of (a) changes in precipitation and (b) storm surge 

to the changes in the number of compound flood days. Open circles denote that Sen’s 

slope of the number of compound flood days is 0. 

6.3.3 Changes in meteorological variables associated with precipitation under 

extreme storm surge and storm surge under extreme precipitation 

The meteorological variables including precipitable water content, vertical wind 

shear, sea level pressure, and near-land wind speed associated with extreme 

precipitation and extreme storm surge (i.e., > 90th percentiles) in three tide gauges 

(i.e., New York, NY, Honmoku, and Tregde) are analyzed to explore the 

meteorological drivers associated with changes in the compound floods. Before 

evaluating the changes in meteorological variables, the time series of the annual 

number of compound flood days, precipitation under extreme storm surge, and storm 

surge under extreme precipitation in New York, NY, Honmoku, and Tregde are 

analyzed for more details (Figure 6.6 and Figure 6.7). In New York, NY, the annual 

number of compound flood days shows an insignificant increasing trend during the 

long period between 1921–2014, while a significant slight increasing trend is 

detected in the shorter period between 1948–2014 (Figure 6.6a). In Honmoku, the 

number of compound flood days significantly decreased by 40% during 1961–2006 

(Figure 6.6b). In contrast, the number of compound flood days increased by 153% 

during 1928–2014 in Tregde, and this percentage is 97% for the shorter period of 
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1948–2014 (Figure 6.6c). The results of changes in the number of compound flood 

days are also supported by the changes in precipitation under extreme storm surge 

and storm surge under extreme precipitation. In New York, NY, the precipitation 

under extreme storm surge increased significantly in both longer and shorter periods, 

which contributes to more than 90% of the changes in the number of compound flood 

days (Table 6.1). The storm surge under extreme precipitation shows no obvious 

trend and contributed less to the increase of compound floods (Figure 6.7a and 

Figure 6.7b). In Honmoku, the changes in precipitation under extreme storm surge 

are not significant, but the storm surge under extreme precipitation decreased by 26%, 

which is responsible for the increase in the number of compound flood days (Figure 

6.7c and Figure 6.7d, Table 6.1). For the tide gauge Tregde, both precipitation under 

extreme storm surge and storm surge under extreme precipitation show significant 

increasing trends (Figure 6.7e and Figure 6.7f), indicating more intense precipitation 

when extreme storm surge events occur, and higher storm surge during extreme 

precipitation events. The fractional contributions of precipitation and storm surge in 

Tregde are 62.7% and 37.3%, respectively (Table 6.1). 

The changes in precipitable water content and vertical wind shear on the days of 

extreme storm surge are estimated to investigate their relationships with changes in 

precipitation under extreme storm surge. The precipitable water content measures the 

amount of available moisture in the atmosphere, which is closely related to 

precipitation (W. Dong et al., 2019; Kunkel et al., 2020). Vertical wind shear 

measures the changes of winds with height, which relates to convective activity 

(Tramblay et al., 2020). Vertical wind shear has different impacts on different types 

of storms: an environment of weak vertical wind shear favors the genesis and 

maintenance of TCs (Frank & Ritchie, 2001; Wong & Chan, 2004), while significant 

vertical wind shear is required for the development of ETCs (Lim & Simmonds, 

2007; Yanase & Niino, 2015, 2019). In New York, NY, the precipitable water 

content around New York , NY shows an insignificant trend, while the vertical wind 

shear is stronger in the north of New York, NY, and weaker in the south of New 

York, NY (Figure 6.8a and Figure 6.8d). The weaker vertical wind shear over the sea 

to the southeast of New York, NY allows the TCs to sustain for a longer duration and 
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move to the midlatitudes, and the increased vertical wind shear at higher latitude 

areas is likely a signature of the extratropical transition processes of TCs (Evans & 

Hart, 2003; Liu et al., 2017; Towey et al., 2018). The more frequent cyclone 

activities imply more precipitation events, which is consistent with the observed 

increasing trend of precipitation under extreme storm surge during the 1948–2014 

period in New York, NY. In Honmoku, the precipitable water content decreased 

significantly, which is consistent with the decreasing trend of precipitation under 

extreme storm surge (Figure 6.8b). The vertical wind shear shows an increasing but 

insignificant trend (Figure 6.8e). Considering that Honmoku is frequently affected by 

TCs (e.g., TCs contribute to 40–65% of extreme precipitation in Japan [Khouakhi et 

al., 2017]), the increased vertical wind shear may not be conducive to the strength 

maintenance of TCs and cause a shorter duration of TCs over this region. In Tregde, 

the changes in precipitable water content are insignificant, while the vertical wind 

shear shows increasing trends over most of western Europe, implicating the enhanced 

convective activity in this region (Figure 6.8c and Figure 6.8f). Furthermore, the 

increased vertical wind shear in higher latitudes may contribute to the development 

of ETCs, which is an important driver of heavy rainfall and extreme storm surge in 

Europe (Hawcroft et al., 2012, 2018; Pinto et al., 2014; Weisse et al., 2012). In this 

case, the increase in precipitation under extreme storm surge is likely to relate to the 

increase in vertical wind shear.  

The sea level pressure and near-land wind speed on the days of extreme precipitation 

are analyzed to examine their relationships with storm surge under extreme 

precipitation. Results show that the changes in sea level pressure around the New 

York, NY are not significant (Figure 6.9a), while the wind over the waterside of New 

York, NY increased significantly, which can cause higher wind waves (Figure 6.9d). 

In Honmoku, the sea level pressure increased over large areas of the Western North 

Pacific (Figure 6.9b). The increasing trend over large areas helps little in increasing 

the pressure gradient, thus may not help increase the storm surge. What’s more, the 

winds are weaker over the near-coast sea area, which is unfavorable for the 

generation of wind waves (Figure 6.9e). In Tregde, the sea level pressure decreased 

over the north of the location of interest, but increased over the other side (Figure 
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6.9c). This change increases the pressure gradient, resulting in higher storm surges. 

At the same time, the significant intensifying winds over western Europe also 

contribute to the increase of wind waves under extreme precipitation (Figure 6.9f). 

 

Figure 6.6 Temporal evolution of the annual number of compound flood days in tide 

gauge (a) New York, NY, (b) Honmoku, and (c) Tregde. The black straight line in (a) 

and (c) indicates the trend of the complete time series. The red straight line indicates 

the trend of the time series during 1948–2014. The Sen’s slopes are estimated. 

Significant trends are identified by an asterisk (α = 0.1). 
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Figure 6.7 Temporal evolution of (a, c, e) precipitation under extreme storm surge, 

and (b, d, f) storm surge under extreme precipitation in tide gauge (a, b) New York, 

NY, (c, d) Honmoku, and (e, f) Tregde. The black straight line in (a) and (c) indicates 

the trend of the complete time series. The red straight line indicates the trend of the 

time series during 1948–2014. The Sen’s slopes are estimated. Significant trends are 

identified by an asterisk (α = 0.1). 
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Figure 6.8 Trends in (a–c) precipitable water contents (kgm-2/year) and (d–f) vertical 

wind shear (ms-1/year) during precipitation under extreme storm surge in tide gauge 

New York, NY (a, d), Honmoku (b, e), and Tregde (c, f). Locations of the tide 

gauges interested are denoted by the green spots. Stippled regions represent areas 

with significant trends (α = 0.1). 

 

 

Figure 6.9  Trends in (a–c) sea level pressure (hPa/year) and (d–f) wind speed (ms-

1/year) during storm surge under extreme precipitation in tide gauge New York, NY 

(a, d), Honmoku (b, e), and Tregde (c, f). Locations of the tide gauges interested are 
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denoted by the green spots. Stippled regions represent areas with significant trends (α 

= 0.1). 

Table 6.1 Statistics of compound floods, precipitation, and storm surge between 

1948–2014. 

Tide gauge New York, NY Honmoku Tregde 

Trends of compound flood 
days (year-1) 0.06* -0.11* 0.11* 

Trends of precipitation 
(mm/year) 0.05* -0.04 0.06* 

Trends of storm surge (10-3 

m/year) 0.3 -0.9* 0.6* 

Contribution of precipitation 
(%) 94.8 9.3 62.7 

Contribution of storm surge 
(%) 5.2 90.7 37.3 

The asterisks (*) denote significant trends (α = 0.1)  

6.4 Summary 

In this chapter, the spatial and temporal characteristics of concurrences of 

precipitation and storm surge are examined based on observed storm surge and 

precipitation with the longest overlapping record of > 120 years. First, the spatial 

distribution and seasonal variation of concurrent extreme precipitation and storm 

surge are presented. Then, the trends in compound floods, precipitation under 

extreme storm surge, and storm surge under extreme precipitation are estimated to 

illustrate the long-term changes in compound floods. Last, the changes in weather 

conditions associated with precipitation under extreme storm surge, and storm surge 

under extreme precipitation in three tide gauges are analyzed to investigate the 

possible mechanisms associated with the changes in compound floods. Our main 

findings include: 

(1) The areas including southern Europe, the west and northeast coast of the US, and 

northern Japan experience > 12 compound flood days per year, followed by the 

east and southeast of the US, northern Europe, western Australia, and Japan, 
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where experience an average of 8–12 compound flood days per year. The 

seasonal variation analysis shows that on the south and east coast of the US, the 

north of South America, East Asia, and northern Australia, most of the compound 

floods occur during TCs seasons (i.e., July–September in North Hemisphere and 

December–February in South Hemisphere), while in mid and high-latitude areas 

(i.e., the north of North America, Europe, the south of South America and 

southern Australia), most occurrences of compound floods concentrate on the 

winter (i.e., November–January in North Hemisphere and June–August in South 

Hemisphere).  

(2) The results on evolutions of frequency of compound flood days show an 

increasing trend in compound flood risk in most areas across the globe except 

Japan. Europe experienced the most substantial increase in compound flood days 

(i.e., increased by >2 days per decade), followed by the east coast of the US (i.e., 

increased by 1–3 days per decade). Increased precipitation under extreme storm 

surge can be identified in North America, Europe, and Australia, indicating more 

intense precipitation under extreme storm surge events. The changes in storm 

surge under extreme precipitation show larger regional variation. The significant 

increasing trends can be found in Europe, and the east coast of the US, while 

decreasing trends are mainly found in Japan and the west coast of the US. This 

result is consistent with the changes in the annual number of compound flood 

days. The contribution analysis indicates that except in northern Europe and some 

tide gauges on the east coast of the US and southern Australia, the fractional 

contribution of storm surge on the changes in the number of compound flood 

days exceeds 50% in most areas across the globe, which demonstrates that the 

changes in storm surge are more likely to dominate the changes in compound 

floods. 

(3) The analyses on meteorological variables suggest that the changes in storm surge 

under extreme precipitation are likely driven by changes in sea level pressure and 

near-land winds, while the changes in precipitation under extreme storm surge 

are associated with the changes in precipitable water content and the convective 

activity.  
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This study presents the spatial distribution and seasonal variation of compound 

floods from precipitation and storm surge, and estimates the changes in compound 

floods, precipitation under extreme storm surge, and storm surge under extreme 

precipitation across the globe. These analyses are based on the observed precipitation 

and storm surge data with the longest record lengths of 126 years, which can provide 

useful information for a better understanding of the evolution of compound floods, 

and serve as scientific references in flood risk management and climate change 

adaptation strategy design. 
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Chapter 7 Compound floods in Hong Kong: hazards, spatio-temporal 

characteristics, and socio-economic consequences 

7.1 Introduction 

In this chapter, the compound flood hazards in Hong Kong, a densely populated and 

rapidly developing city located on the southeast coast of China, are comprehensively 

analyzed. Affected by 6–7 TCs per year, Hong Kong is susceptible to compound 

floods from heavy precipitation and extreme sea levels. The annual total precipitation 

amount in Hong Kong is 2400 mm, with 4–5 extreme precipitation days (i.e., > 100 

mm/day) per year (HKO, 2021c). The total area of Hong Kong is 1110.18 km2, with 

more than 50% of them being hilly areas and the developed areas are less than 25% 

(Chan et al., 2013). Many of the urban land use including residential and business 

areas are in low-lying flood-prone area, making Hong Kong highly vulnerable to 

flooding. Hong Kong has suffered large economic losses and fatalities due to floods 

in past decades. For example, the severe flooding caused by Typhoon Ellen in 1983 

resulted in 10 deaths, 12 missing, and hundreds of injured. The coastal flood caused 

by Typhoon Brenda in 1989 flooded about 130 hectares of fishponds and about 190 

hectares of farmland, resulting in a direct economic loss of more than 6 million Hong 

Kong Dollars (HKD; DSD, 2021b). 

To adapt to climate change and increase the resilience of the city to flood hazards, a 

three-pronged flood prevention strategy has been proposed to enhance the 

stormwater drainage capacities considering the diverse terrain and land-use 

conditions in Hong Kong. That is, the rainwater drainage tunnel is used to intercept 

and drain the stormwater from upstream to the sea or river directly; the underground 

stormwater storage tanks are set in midstream to store extra stormwater temporarily 

to mitigate the flood peak, and the downstream rivers are trained to increase the 

drainage capacities. Based on this strategy, a series of engineering projects such as 

Village flood pumping schemes and the Happy Valley Underground Stormwater 

Storage Scheme have been adopted and effectively increased the flood protection 

capacity of Hong Kong (DSD, 2021a, 2021c). Furthermore, the advanced weather 
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warning system also plays a key role in flood prevention and mitigation (Chan et al., 

2013, 2018). 

However, under climate change, the precipitation is projected to be more intense, sea 

level rise is accelerating, and the frequency of intense TCs may increase. As reported 

by HKO, the mean sea level in Victoria Harbour increased by 31 mm/decade during 

1954–2020 (HKO, 2021a); the short-duration heavy rainfall has become more 

intense, and extreme precipitation days have increased during past decades (HKO, 

2021b). These changes will further aggravate the coastal floods in Hong Kong, 

making flood risk management still a big challenge. 

In 2018, the occurrence of Typhoon Mangkhut reminded people of the great threats 

posed by climate change. At the same time, Mangkhut also made people aware of the 

destructive power of compound floods. The heavy precipitation and extreme sea 

levels during Mangkhut caused widespread flooding in many low-lying coastal areas, 

resulting in more than 400 people injured and enormous economic losses (HKO, 

2021f). In recent years, compound floods from multiple flood drivers/hazards have 

received more and more attention. Previous studies have discussed the compound 

flood potential in Hong Kong by analyzing the dependence between precipitation and 

storm surge, which was limited to only one tide gauge (Fang et al., 2021). Another 

recent study simulated the inundation process of compound floods during Typhoon 

Mangkhut (2018), illustrating the effect of a proper drainage system in mitigating 

flood severity (Qiang et al., 2021). However, the joint probability of compound 

floods, the physical mechanisms, and the impact on society have not been well 

studied using long-term observations in Hong Kong. 

Here, the joint probability of compound floods in Hong Kong and the role of TCs are 

assessed. The temporal evolution of compound floods in past decades is estimated 

and the impact of sea level rise is investigated. Especially, the damage information 

including persons affected and economic losses caused by TC events is collected to 

further explore the socio-economic effect of compound floods. 



114 
 

7.2 Data and Methods 

The datasets used in this chapter include the daily precipitation, daily maximum sea 

levels, TC-induced maximum storm surge, and socio-economic damage caused by 

TC events in Hong Kong. All these datasets are obtained in the HKO (See Section 

3.1.6). 

To estimate the joint probability of compound floods, the copula functions are 

established based on compound events with precipitation and sea levels exceeding 

the 95th percentile values simultaneously. The calculation of the joint return periods 

can be seen in Section 5.2.1. The marginal distributions of precipitation and sea 

levels are modeled using the generalized Pareto distribution. To determine the 

univariate return levels of precipitation and sea levels, the marginal distributions of 

precipitation and sea levels beyond the 97–99th percentile values are modeled using 

the generalized Pareto distribution. 

When examining the temporal evolution of compound floods, a lower threshold of 

the 90th percentile is used to obtain a larger sample size. At the same time, the 

thresholds of the 85th and 95th percentiles are used to test the sensitivity of the results. 

When estimating the impact of mean sea level rise on temporal trends in compound 

floods, the annual mean sea levels are replaced by the long-term mean sea levels to 

exclude the impact of mean sea level rise. 

A TC can cause different types of extreme events (e.g., compound flood, extreme 

precipitation only, or extreme sea level only) in different locations. However, the 

damage information is provided in units of TCs, i.e., there is no detailed information 

about where and when the damage occurred. To categorize casualties and economic 

losses associated with each TC into damage caused by different flood types, the type 

of floods that occurred at the majority of gauges affected by the TC is taken as the 

dominant type of floods caused by that TC, and assume that the damage resulted 

from the dominant type of floods. If a TC caused two or more types of floods at the 

same number of gauges, the type of flood that occurred at the gauge with the longest 

record length is regarded as the dominant type of flood caused by that TC. Then the 

damage caused by different types of floods is analyzed. 
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7.3 Results 

7.3.1 Assessment of compound flood hazards in Hong Kong 

7.3.1.1 Dependence between precipitation and sea levels 

The dependence between precipitation and extreme sea levels exceeding the 95th 

percentile is estimated through Kendall’s τ and Spearman’s ρ coefficients. The 

results are shown in Table 7.1. Significant dependence between precipitation and 

extreme sea levels is detected at QUB and TBT. Kendall’s τ at QUB and TBT are 

0.16 and 0.29, respectively. Spearman’s ρ are slightly higher, which are 0.23 and 

0.43 at QUB and TBT, respectively. At the other four gauges, insignificant positive 

correlations are detected. The significant dependence between precipitation and sea 

levels at QUB and TBT implies a higher probability of compound floods.  

Table 7.1 The correlation between selected precipitation and sea level pairs (i.e., > 

95th percentile), and the fractional contribution of TCs to these selected pairs. 

Tide  
gauges 

Overlapping 
years Kendall’s τ Spearman’s ρ TC contribution 

(%) 

QUB 60 0.16* 0.23* 72.6 

TBT 27 0.29** 0.43** 48.8 

SHP 21 0.18 0.27 51.7 

TMW 21 0.10 0.16 66.7 

TPK 34 0.10 0.13 83.8 

WAG 18 0.01 0.04 60.0 

* denotes p value < 0.1, ** denotes p value < 0.05 

7.3.1.2 Marginal distributions of precipitation and sea levels 

Before discussing the joint return periods of compound floods, the marginal 

probability distributions of precipitation and sea levels are investigated. The general 

Pareto distribution function is used to model the marginal probability distributions of 

precipitation and sea levels at each gauge. Figure 7.1 and Figure 7.2 show the QQ-

plots between the observed precipitation/sea levels and modeled precipitation/sea 
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level from the fitted marginal distributions. The points are located along the diagonal 

line (i.e., y = x), indicating that the models can generally reproduce the extreme 

precipitation/sea level time series. The validity of the fitted marginal distributions is 

also assessed using the Kolmogorov-Smirnov test (K-S test) at a 5% significance 

level. It should be noted that to obtain a better performance of marginal distribution, 

the threshold used to select samples for model fitting is adjusted in some cases, i.e., 

the 98.5th percentile value is used when fitting the marginal distribution of sea levels 

at QUB, and the 97th percentile value is used when fitting the marginal distribution of 

precipitation at WAG. 

With the marginal distributions, the univariate return periods of precipitation and sea 

levels are estimated as shown in Figure 7.3 and Figure 7.4, respectively. The values 

of precipitation with return periods of 2, 5, 10, 20, 30, 50, 100, and 200 years are 

shown in Table 7.2. The 1-in-100-year extreme precipitation ranges from 212.1 

mm/day to 458.1 mm/day at different gauges, with the highest precipitation of 458.1 

mm/day at QUB, and the lowest of 212.1 mm/day at WAG. The precipitation value 

with a return period of 2 years is 212.3 mm/day at QUB and 117.4 mm/day at WAG. 

To further validate the marginal distributions, the estimated univariate return levels at 

QUB are compared with previous studies (Chong & Lee, 2015; DSD, 2018). 

According to results in Chong and Lee (2015), the annual maximum daily 

precipitation with return periods of 200, 100, 50, 30, and 10 years at QUB are 546.4, 

486.5, 429.5, 389.1, and 305.5 mm/day, respectively. The corresponding return 

levels calculated in this study are 501.7, 458.1, 414.6, 382.5, and 313.5 mm/day, 

respectively. The relative differences between them are 2–9%, indicating the 

satisfactory performance of the marginal distribution functions. 

The sea levels with different return periods are shown in Table 7.3. The 1-in-100-

year extreme sea levels are 3.48–4.94 m, which is highest at TBT and lowest at 

WAG. For sea levels with a return period of 2 years, the highest value of 3.36 m is 

found at TBT, however, the lowest value of 2.94 m is found at TMW. The sea levels 

with return periods of 200, 100, 50, 20, 10, 5, and 2 years at QUB, TBT, TPK are 

compared with the design extreme sea levels provided by DSD (2018). The relative 
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differences between the results in this study and DSD (2018) are lower than 11%. 

The results at QUB match best with that of the DSD (2018), with the relative 

differences lower than 4%. The relative differences at TBT are larger, but the values 

are still small, with a maximum of 10.6%. In summary, the univariate return levels of 

precipitation and sea levels are consistent with that of previous studies. 
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Figure 7.1 QQ-plot between the observed precipitation (mm/day) and the modeled 

precipitation (mm/day) from the marginal distribution function. The black lines are 

the diagonal lines (i.e., y = x). Circles denote the observed extreme sea level events. 
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Figure 7.2 QQ-plot between the observed sea level (m) and the modeled sea level (m) 

from the marginal distribution function. The black lines are the diagonal lines (i.e., y 

= x). Circles denote the observed extreme sea level events. 



120 
 

 

 

 

Figure 7.3 Return levels of precipitation (mm/day) at 6 gauges in Hong Kong. The 

curves are generated based on the marginal distribution functions. Circles denote the 

observed extreme precipitation events. 
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Figure 7.4 Return levels of sea levels (m) at 6 gauges in Hong Kong. The curves are 

generated based on the marginal distribution functions. Circles denote the observed 

extreme sea level events. 

Table 7.2 Return levels of daily precipitation (mm/day) at different gauges. 

Return 
periods QUB TBT SHP TMW TPK WAG 
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(year) 

200 501.7 409.14 524.7 355.9 481.4 224.6 

100 458.1 362.9 446.2 326.6 439.4 212.1 

50 414.6 319.3 377.5 297.3 397.3 198.4 

30 382.5 288.8 332.4 275.7 366.3 187.6 

20 357.0 265.5 299.6 258.5 341.7 178.6 

10 313.5 227.5 249.0 229.2 299.7 162.0 

5 269.9 191.6 204.8 199.9 257.6 143.9 

2 212.3 147.3 154.5 161.1 202.0 117.4 

The marginal distribution of extreme precipitation in WAG is fitted using data 

exceeding the 97th percentile value. 

Table 7.3 Return levels of daily maximum sea levels (m above the Chart Datum) at 

different gauges. 

Return 
periods 
(year) 

QUB TBT SHP TMW TPK WAG 

200 3.98 5.48 4.85 4.36 5.45 3.56 

100 3.78 4.94 4.36 4.01 4.82 3.48 

50 3.60 4.50 3.98 3.71 4.33 3.40 

30 3.48 4.24 3.76 3.54 4.04 3.34 

20 3.39 4.05 3.60 3.41 3.85 3.29 

10 3.25 3.79 3.39 3.23 3.57 3.21 

5 3.13 3.58 3.22 3.09 3.35 3.13 

2 2.98 3.36 3.05 2.94 3.13 3.03 

The marginal distribution of extreme sea levels in QUB is fitted using data exceeding 

the 98.5th percentile value. 
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7.3.1.3 Joint occurrences of heavy precipitation and extreme sea levels 

After discussing the precipitation and sea levels separately, the co-occurrences of 

precipitation and sea levels are investigated in this section. The accumulative 

probability (%) of precipitation and sea levels at 6 gauges are shown in Figure 7.5. 

The panel is divided into 4 zones by the 95th percentile precipitation and sea level 

values: compound floods in Zone 1, extreme precipitation events without extreme sea 

level in Zone 2, extreme sea level without extreme precipitation in Zone 3, and the 

zone of non-extreme events (denoted by open circles). From these scatter plots, the 

highest precipitation events are in Zone 2, i.e., the extreme precipitation without 

extreme sea level. Taking results at QUB as an example, the highest precipitation in 

Zone 1 is 322.8 mm/day while the value is 411.3 mm/day in Zone 2. By contrast, the 

most extreme sea levels are more likely to locate in the compound flood zone (i.e., 

Zone 1). The highest sea level in Zone 1 is 3.96 m, which is much higher than 3.32 m 

in Zone 3. Similar patterns can be found in other gauges. This means that the most 

extreme precipitation does not tend to coincide with extreme sea levels, but the 

occurrence of the most extreme sea levels is very likely to be accompanied by 

extreme precipitation, leading to compound floods. It may be because most of the 

extreme sea levels are associated with TCs, which are usually accompanied by heavy 

precipitation. However, the TCs are not the only weather system that causes extreme 

precipitation in Hong Kong. The most extreme precipitation might be associated with 

other weather mechanisms such as the summer monsoon systems. Located on the 

Southeast coast of China, Hong Kong is surrounded by the South China Sea and is 

affected by the East Asia summer monsoon. During the summer monsoon season, the 

abundant warm moist from the Western North Pacific and the hilly and mountainous 

terrain in Hong Kong provide favorable conditions for extreme precipitation. 

Previous studies indicated that extreme precipitation in Hong Kong is more closely 

related to monsoon precipitation, rather than TC-associated precipitation (Chang et 

al., 2012; Yu et al., 2020). 

To further verify that, the fractional contribution of TC-associated events to different 

types of extreme events is calculated and shown in the corresponding zones. TCs 
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contribute to most of the compound floods. The fractional contributions of TCs to 

compound floods at 5 out of 6 gauges exceed 50%, which are 72.6%, 83.8%, and 

81.8% at QUB, TPK, and WAG, respectively. The TCs’ contributions to other types 

of extreme events in Zone 2 and Zone 3 are much lower, i.e., between 7.5–21.4%. 

The low contribution of TCs to events in Zone 2 implies the important role of other 

mechanisms in extreme precipitation. The TCs-associated extreme sea levels tend to 

co-occur with extreme precipitation, thus belonging to compound floods in Zone 1. 
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Figure 7.5 Scatter plots of accumulative probability (%) of precipitation and sea 

levels at 6 gauges in Hong Kong. The colors of points denote different types of 

extreme events: blue for extreme sea levels, red for compound floods, and orange for 

extreme precipitation. Extreme events associated with TCs are denoted by triangles. 

The percentages in different zones indicate the fractional contribution of TC-

associated events to each type of extreme events. 

7.3.1.4 Joint return periods of compound floods 

Based on the extreme events in Zone 1, the joint probability distribution of 

compound floods at 6 gauges is estimated using the copula functions. The joint return 

periods of compound floods are illustrated in Figure 7.6. Since the gauge QUB has 

the longest record length, the analysis would mainly focus on the results at QUB. The 

recorded compound flood with the longest joint return period was induced by 

Typhoon Wanda (1962), which is 178 years. The precipitation and sea levels reached 

203.0 mm/day and 3.96 m, with a univariate return period of 1.4 years and 68 years, 

respectively. The other compound flood with return periods exceeding 100 years was 

associated with Typhoon Mangkhut in 2018, with precipitation of 167.5 mm/day and 

a sea level of 3.88 m. These two TCs had caused enormous damage in Hong Kong. 

When assuming the independence between precipitation and sea levels, the return 

periods of compound floods caused by Wanda and Mangkhut are > 10,000 years. 

This demonstrates the necessity of taking account of the dependence when assessing 
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the hazards of compound floods, otherwise, it might cause a significant 

underestimation of the compound flood hazards. 

The compound flood that occurred during Typhoon Brenda (1989) has a joint return 

period of 81 years, whose precipitation reached 323 mm/day, but the sea level was 

relatively lower, i.e., 2.79 m. The main hazard of compound floods caused by Brenda 

is extreme precipitation, while that of Wanda and Mangkhut is extreme sea level. 

Besides, there are a total of 11 compound floods with joint return periods between 

20–50 years. The sea levels of these events range from 2.6 m to 3.6 m, and the 

precipitation is between 44 mm/day to 250 mm/day, indicating the various 

combinations of precipitation and sea levels for the same return level. 

The probability distribution of compound floods varies from gauge to gauge. At TBT, 

SHP, TMW, and TPK, the joint return periods of compound flood caused by 

Typhoon Mangkhut exceed 50 years. The joint return period of Mangkhut is longer 

than 500 years at TPK due to the extremely high sea level of 4.71 m, which is much 

higher than the 4.07 m caused by Typhoon Hato. Actually, the highest sea level at 

TPK is 5.03 m recorded in 1962 during Typhoon Wanda. However, this event was 

not included because there is no corresponding precipitation data. In this case, the 

return periods of compound floods caused by Mangkhut might be overestimated at 

TPK. At WAG, the magnitudes of extreme precipitation and sea levels are smaller 

than that of other gauges. The data after 2017 is not available at WAG, thus the 

Mangkhut is not shown in the probability distribution of this gauge. In this gauge, 

Typhoon Utor (2001) caused the compound flood with the longest return period of 

86 years, even though the sea level was lower than 3.5 m, and precipitation was only 

50 mm/day. 

The circles with colors denote compound floods associated with TCs, and the colors 

denote the maximum storm surge caused by the same TCs (the time when the 

maximum storm surge occurred might be different from the time when the maximum 

sea level occurred). Those TCs associated with the most severe compound floods 

(i.e., having longer return periods) also triggered the highest storm surges, such as 

Typhoon Wanda (1962), Hato (2017), and Mangkhut (2018). That means the higher 
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storm surges are important components of extreme sea levels. At the same time, the 

astronomical tides also play important role in the occurrence of extreme sea levels. 

For example, Typhoon Mangkhut triggered a maximum storm surge height of 2.35 m, 

which is much higher than the maximum storm surge during Typhoon Hato (i.e., 

1.18 m). However, the occurrence of Typhoon Hato coincided with the high water of 

astronomical tide, resulting in a maximum total sea level of 3.57 m, which is close to 

that of Typhoon Mangkhut (i.e., 3.88 m). 
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Figure 7.6 Joint return periods of concurrent heavy precipitation and extreme sea 

levels in Hong Kong. Filled circles are events associated with TCs. Colors denote the 

maximum storm surge height caused by TCs. Open circles are extreme sea levels that 

are not related to TCs. 

7.3.1.5 Comparison between joint return periods and the flood defence standard 

The Drainage Services Department (DSD) is the government department for the 

stormwater drainage service and inland flood protection in Hong Kong. As 

recommended in the Stormwater Drainage Manual proposed by DSD (2018), the 

determination of flood return levels in coastal areas affected by pluvial and coastal 

floods should consider the combined impact of precipitation and sea level at the same 

time. For the 1-in-T-year flood, the flood level is determined as the higher water 

levels in two cases: Case 1) a sea level with a return period of T years combined with 

precipitation with a return period of X years, and Case 2) precipitation with a return 

period of T years combined with a sea level with a return period of X years. For 

instance, the 100-year flood level is estimated as the higher water level of Case 1: the 

combination of a 100-year sea level and 10-year precipitation, and Case 2: the 

combination of a 10-year sea level and 100-year precipitation. This approach 

provides an approximate pragmatic way to determine the return levels of floods by 

considering the interplay between precipitation and sea levels. However, by using 

this approach, the return periods of compound floods that are determined without 
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estimation of the dependence relationship between precipitation and sea levels may 

be inaccurate. 

The illustrations of compound flood return periods can facilitate the determination of 

return periods of any combinations of precipitation and sea levels. Here, the results at 

QUB are taken as an example to investigate the return periods of combinations 

suggested by the DSD. Comparing the design return periods and the joint return 

periods (Table 7.4 and Table 7.5), the joint return periods of both cases are 

significantly longer than the design return periods. For compound floods with a 

design return period of 200 years, the joint return periods of Case 1 combination and 

Case 2 combination are 385 years and 555 years, respectively. The joint return period 

of compound floods with a univariate return period of 2 years is 38 years, which is 

19 times the design return period, indicating that this design strategy of flood levels 

is relative conservative, especially for the floods of lower return levels (e.g., 2- and 

5-year levels). Besides, the joint return periods of Case 1 are shorter than Case 2, 

which means that the compound floods dominated by extreme sea levels and 

accompanied by moderate precipitation are more likely to happen compared to the 

alternative combination. 

Table 7.4 Joint return periods of Case 1 combinations of precipitation and sea levels 

suggested by the DSD. 

Design 
RP 

(years) 

Univariate RP 
of sea level 

(years) 

Univariate RP 
of precipitation 

(years) 

Joint RP 
(years) 

Precipitation 
(mm/day) 

Sea 
level 
(m) 

200 200 10 385 313.5 4.18 

100 100 10 301 313.5 3.91 

50 50 10 240 313.5 3.68 

10 10 2 68 212.3 3.26 

5 5 2 53 212.3 3.12 

2 2 2 38 212.3 2.97 
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Table 7.5 Joint return periods of Case 2 combinations of precipitation and sea levels 

suggested by the DSD. 

Design 
RP 

(years) 

Univariate RP 
of sea level 

(years) 

Univariate RP 
of precipitation 

(years) 

Joint RP 
(years) 

Precipitation 
(mm/day) 

Sea 
level 
(m) 

200 10 200 555 501.7 3.26 

100 10 100 421 458.1 3.26 

50 10 50 315 414.6 3.26 

10 2 10 102 313.5 2.97 

5 2 5 68 269.9 2.97 

2 2 2 38 212.3 2.97 

 

7.3.2 Temporal evolution of compound floods in Hong Kong 

The changes in the number of compound flood days, which is defined as the number 

of days with precipitation and sea levels exceeding the 90th percentile, are calculated 

to examine the temporal evolution of compound floods in Hong Kong. As shown in 

Table 7.6, an increasing trend in the number of compound flood days can be detected 

at 6 gauges, and 3 of them including QUB, TBT, and TPK are significant at the 90% 

level (α = 0.1). The increasing rates range from 0.22 days/decade at QUB to 3.25 

days/decade at TBT.  

The changes in precipitation under extreme sea levels and sea levels under extreme 

precipitation are also examined since they reflect the probability and intensity of 

compound floods as discussed in Chapter 6. Results show that precipitation under 

extreme sea levels slightly increased by 0.78 mm/decade at QUB during past decades, 

whilst the increasing trends in other gauges are insignificant. By contrast, a 

significant increase in sea levels under extreme precipitation was detected at 4 
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gauges including QUB, TBT, TPK, and WAG at a rate of 18.7, 65.2, 37.8, and 78.9 

mm/decade, respectively. Comparing the trends in compound flood days, 

precipitation, and sea levels, it is likely that the increase in compound flood days is 

led by elevated sea levels. 

To test the sensitivity of the trends to the choice of thresholds, the same trend 

analysis was repeated using the threshold of the 85th and 95th percentiles (Table 7.7). 

The trends of the number of compound flood days based on the 85th percentile are in 

agreement with that based on the 90th percentile, but with higher changing rates since 

more compound flood days are identified when using a lower threshold. When it 

comes to the 95th percentiles, there is a barely increasing/decreasing trend in the 

number of compound flood days that can be detected in 4 out of 6 gauges, the only 

significant increasing trend was found at TBT. This may be because the sample size 

of compound flood days is too small to apply a robust trend analysis when using a 

higher threshold. 

The rates of increasing sea levels under extreme precipitation identified using lower 

or higher thresholds are highly consistent, which are also very similar to the rates of 

annual mean sea level rise. Therefore, the increase in sea level under extreme 

precipitation and the number of compound flood days might be the results of sea 

level rise. When excluding the impact of mean sea level rise by replacing the mean 

sea level of each year using the long-term mean sea level, the increasing trends in sea 

levels under extreme precipitation shift to insignificant or even decreasing trends; the 

change rates of the number of compound flood days also turn to 0 at QUB, TMW, 

TPK, and WAG. The number of compound floods at TBT shows a significant 

increasing trend after removing the impact of mean sea level rise, which might be 

attributed to the more intense precipitation under extreme sea levels (Table 7.7). 
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Table 7.6 Trends in the number of compound floods (decade-1), precipitation under 

extreme sea levels (mm/decade), and sea levels under extreme precipitation 

(mm/decade). The extreme events are identified using the 90th percentile values. 

Tide gauge QUB TBT SHP TMW TPK WAG 

Compound flood days 0.22* 3.25* 1.72 2.31 1.25* 1.06 

Precipitation under 
extreme sea levels 

0.78* 1.0 0.83 1.23 0.50 0.10 

Sea levels under 
extreme precipitation 

18.7* 65.2* 17.9 18.5 37.8* 78.9* 

The asterisks (*) denote significant trends (α = 0.1). 
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Table 7.7 Trends in the annual number of compound flood days (decade-1), 

precipitation under extreme sea levels (mm/decade), and sea levels under extreme 

precipitation (mm/decade) when using the 85th and 95th percentile values to identify 

extreme events and excluding the effect of sea level rise. The trends in the annual 

mean sea levels are also shown. 

Scenario Variables QUB TBT SHP TMW TPK WAG 

85th 
percentile 

Compound flood 
days 

0.91* 4.69* 2.72 2.86 1.50* 3.17* 

Precipitation under 
extreme sea levels 

-0.36 0.82 0.69 1.50 0.39 -0.89 

Sea level 
(mm/decade) 

18.0* 58.7* 33.4 27.7 33.7* 70.5* 

95th 
percentile 

Compound flood 
days 

0 1.43* 0 0 0 2 

Precipitation under 
extreme sea levels  

-1.73* 1.35 2.10 1.07 0.14 0.37 

Sea levels  18.3* 74.1* 48.3 62.5 44.2* 79.5* 

Exclude 
effect of 
mean sea 
level rise 

Compound flood 
days 

0 2.50* 1.06 0 0 0 

Precipitation under 
extreme sea levels 

-0.40 1.91* 1.57 0.68 0.58 0.20 

Sea levels  -4.8 16.4 26.6 -5.1 -5.6 -8.5 

Annual 
mean sea 

level 

Mean sea level 
(mm/decade) 

23.9* 41.4* 0 50.0* 42.9* 75.0* 

The asterisks (*) denote significant trends (α = 0.1). 

7.3.3 Damage associated with TC-induced hazards 

The damage information including the economic losses in money, and persons 

dead/missing caused by TC-associated hazards is collected from the Tropical 

Cyclone Annual Report (http://www.hko.gov.hk/en/publica/pubtc.htm) published by 

HKO to explore the social impact of the compound floods in Hong Kong. A total of 

180 TCs were reported to have caused damage in Hong Kong during 1961–2019, and 

the economic losses in money have been reported since 1988. The annual absolute 

http://www.hko.gov.hk/en/publica/pubtc.htm
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number of TCs reported damage and its ratio to the total number of TCs affected in 

Hong Kong are found to slightly increase by 0.022 and 0.006 per year during 1961–

2019, respectively. The year 1988 is found to be the change point of the ratio of TCs 

being reported damage information which shifted from 0.37 before 1988 to 0.56 after 

1988. Besides, between 1988 and 2019, the absolute number and the ratio of TCs 

reported damage do not show any significant trend. These results indicate that fewer 

TCs were reported to have caused damage before 1988, which might be due to the 

imperfect reporting system in the earlier years. However, the higher and relative 

stationary ratio after 1988 adds more confidence to the reliability of the damage 

information. 

It has to be noted that, this damage dataset only contains the damage caused by TC 

events, the damage unrelated to TCs is not included. In other words, the damage 

caused by heavy rainstorms triggered by monsoons could not be covered in this 

analysis. Besides, the reported damage might not be caused by floods, since TCs can 

cause many different disasters such as floods, landslides, strong winds, etc. Even 

though, this dataset is one acceptable option to approximately explore the social-

economic impact of compound floods in Hong Kong because most (i.e., 48.8–83.3%) 

of the compound floods in Hong Kong are associated with TCs, especially for those 

most severe compound floods (i.e., with the longest return periods). Therefore, the 

TC-induced damage should cover most of the damage caused by compound floods. 

In summary, this analysis provides a preliminary understanding of the impact of 

compound floods on the social economy in Hong Kong. 

The time series of damage caused by different types of TC-induced extreme events 

are shown in Figure 7.7 and Figure 7.8. The economic damage caused by TCs that 

triggered compound floods tended to increase since 2009, and before then, the TC-

induced extreme precipitation is the disaster that caused most of the economic 

damage in Hong Kong (Figure 7.7). Typhoon Dot (1993) and Typhoon Sam (1999) 

triggered the two most costly TC-extreme precipitation, with actual economic losses 

of 128.2 and 131.5 million HKD, respectively. Typhoon Mangkhut (2018), the 

costliest TC in Hong Kong, caused an economic loss of 910 million HKD, which is 
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followed by Typhoon Hato (2017) with an economic loss of 97 million HKD. The 

time series of normalized and actual economic losses show similar results, but the 

normalization “magnified” the economic losses in the earlier years because of the 

corresponding lower GDP. In total, the economic losses caused by TCs triggered 

compound floods, extreme precipitation without extreme sea levels, and extreme sea 

levels without extreme precipitation contribute to 55.6%, 40.0%, and 4.4% of the 

total amount of economic losses, respectively (calculated based on the normalized 

economic losses). 

The annual number of death due to the disasters caused by TCs during 1961–2019 is 

shown in Figure 7.8a. The annual number of persons dead/missing has been reduced 

significantly, owing to the improvement of the flood risk management and 

emergency response capacity of the city. The annual number of persons dead/missing 

was < 40 since 1972, and < 10 after 1983. Typhoon Wanda in 1962, triggered the 

most severe compound flood (at QUB), also caused the most persons dead/missing, 

i.e., 130 fatalities and 53 persons missing. Overall, 59.3% of the total fatalities and 

missing persons were associated with TCs associated with compound floods. 

As shown in Figure 7.8b, the year 1999 has the largest number of persons injured 

mainly due to Typhoon York (500 persons) and Typhoon Sam (328 persons), and 

these two typhoons caused extreme precipitation only. Typhoon Mangkhut (2018) 

also resulted in 458 persons injured, which is only second to Typhoon York in 1999. 

Typhoon Ellen in 1983 which caused 333 persons injured is classified as a non-

extreme event (i.e., NA) because the sea level data at QUB during this event is 

missing, while in gauges that have sea levels record, the corresponding precipitation 

data is not available. Even though, as reported in the Tropical Cyclone Annual 

Report published by HKO, the highest tide recorded at TBT and TPK are 3.62 m and 

3.06 m, both exceeded the 95th percentile; the recorded highest daily precipitation at 

HKO (precipitation stations paired with tide gauge QUB) is 172.4 mm, which also 

reached the extreme precipitation level. Therefore, it is very likely that Typhoon 

Ellen caused a compound flood in Hong Kong. The fractional contribution of TCs 

triggered compound floods in Hong Kong is 52.2% when Typhoon Ellen (1983) is 
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included; otherwise, the percentage is 46.1%, which is also higher than the other two 

types of extremes. 

To sum up, more than half of the economic losses and persons affected (dead/missing 

and injured) were caused by TCs that related to compound floods, and the most 

costly and deadliest disasters were also associated with TCs that triggered compound 

floods. It is notable that since the reported social-economic damage caused by TC 

events in Hong Kong does not contain information about when and where the 

damage occurred or what kind of disasters caused the damage, the results presented 

here may contain large uncertainties. Even though, this analysis illustrated the great 

threats that compound floods may bring to the society and economy based on the 

records of historical events. 
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Figure 7.7 Time series of economic losses caused by different types of TCs. (a) The 

normalized economic losses; and (b) the observed economic losses (million HKD). 

Damages caused by different types of extremes are indicated by different colors. NA 

means the event(s) is(are) not included in the extremes analyzed. 
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Figure 7.8 Time series of persons affected by different types of TCs. (a) The number 

of persons dead or missing; and (b) the number of persons injured. Damages caused 

by different types of extremes are indicated by different colors. NA means the 

event(s) is(are) not included in the extremes analyzed.                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                            

7.4 Summary 

In this chapter, the compound floods from precipitation and extreme sea levels in 

Hong Kong are analyzed from four aspects: the joint occurrence probability, the 

contribution of TCs, the temporal evolution over past decades, and the socio-

economic damage. The analysis of the joint occurrence of precipitation and sea levels 

indicates that the most extreme precipitation is not likely to coincide with extreme 
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sea levels, while the most extreme sea levels tend to be accompanied by heavy 

precipitation. That is because the most extreme sea levels were associated with TCs, 

and TCs usually bring about precipitation, but the most extreme precipitation events 

were triggered by other weather systems rather than TCs. The estimation of TCs’ 

contributions to compound floods shows that most of the compound floods are 

associated with TCs in Hong Kong. The percentage of TC-induced compound floods 

(defined using the 95th percentiles) ranges from 48.8% to 83.8% at different tide 

gauges. By constructing the copula functions between precipitation and sea levels, 

the joint return periods of different compound flood scenarios (i.e., combinations of 

precipitation and sea levels with different return levels) proposed by the DSD are 

estimated. It is found that the joint return periods of design compound floods are 

much longer than the design return periods, especially for combinations with shorter 

design return periods, suggesting that the design strategy is relatively conservative. 

Besides, the combinations of sea levels with longer return periods and precipitation 

with shorter return periods are more likely to occur compared to the reverse 

combinations. The analysis of the temporal evolution shows that the number of 

compound flood days has increased significantly increased during the past decades, 

which is mainly attributed to the mean sea level rise. Based on the historical record 

of social-economic damage induced by TC events in Hong Kong, it is found that TCs 

that are associated with compound floods caused more than half of the economic 

losses and persons affected (dead/missing and injured) and resulted in the most costly 

and deadliest disasters.  

These findings can help to better understand the potential risk and social-economic 

impact of compound floods from heavy precipitation and extreme sea levels in Hong 

Kong and serve as a scientific reference for flood management design. 
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Chapter 8 Discussions 

8.1 Major findings and the implications 

8.1.1 Slowdown of TC translation speed and impact on local rainfall totals 

The analysis of changes in TC translation speed suggests a slowing down of TC 

translation speed over the coast of China. To mitigate the bias induced by the 

advancement in TC observation techniques, many efforts have been done by previous 

studies. Firstly, I focus on only the translation speed of TC track points over land and 

seas near the coast and exclude those located far away from the coast. Secondly, the 

translation speed of TC track points over land is calculated to examine the changes in 

the translation speed of TCs that affected China. Thirdly, TCs identified in eight 

CMIP5 GCMs are analyzed to further verifies the slowdown of TC translation speed 

over the coast of China during the historical period. These efforts make the results of 

this study more reliable. The attribution analysis of the slowdown of TCs based on 

simulations of CMIP5 GCMs shows a probable linkage between anthropogenic-

forced climate change and the observed slowdown of TCs, even though there are 

substantial uncertainties of different GCMs that may affect the detection and 

attribution results. 

The analysis identifies the negative correlation between TC translation speed and 

local rainfall totals. The correlation is stronger with the increase in rainfall intensity, 

indicating that the increase in rainfall intensity can further exaggerate the effect of 

slowing down TCs on the local rainfall totals. When analyzing TC events affecting 

the Pearl River Delta, I focus on the TC events characterized by high rainfall 

intensity and slow translation speed that are similar to those catastrophic TC events 

like Hurricane Harvey (2017) and Super Typhoon Morakot (2009). The large 

increase of such TC events implies a greater flood risk over this place. Besides, from 

the probability distribution function of rainfall caused by slow- and fast-moving TCs, 

it is found that slow-moving TCs are more likely to produce a total rainfall amount 

greater than fast-moving TCs. In this study, the impact of slowdown TC translation 

speed on local rainfall totals is investigated. However, in addition to greater local 

rainfall, the slowdown of TC translation has multiple impacts on disasters in a region. 
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For example, the entire region will be exposed to the hazards for a longer period 

during the slow-moving TCs. Therefore, it is necessary to pay more attention to the 

changes in TC translation speed and its response to future climate scenarios. 

8.1.2 Global spatial patterns of compound flood hazards 

The hotspot regions of compound floods identified in this observation-based study 

include the coast of North America, East Asia, southwestern Europe, and Australia, 

which are in general consistent with the spatial patterns detected in previous studies 

(Bevacqua, Vousdoukas, Shepherd, et al., 2020; Bevacqua, Vousdoukas, Zappa, et 

al., 2020; Couasnon et al., 2020). Limited by the availability of high-quality observed 

sea level data, most previous analyses of compound floods at the global scale relied 

on simulated datasets. For example, Couasnon et al. (2020) used the GTSM-

simulated storm surge and the river discharge modeled by the CaMa-Flood model to 

measure the global compound flood potential and found compound flood potential 

hazards in more than half of global coastal areas, especially along the coast of 

Western Europe, the US, East Asia, Northern Australia, and Madagascar. Similar 

spatial patterns were also obtained in Bevacqua, Vousdoukas, Shepherd, et al. (2020), 

who compared the compound floods over coastal areas defined by precipitation and 

river discharge based on simulated data. These studies provided useful information 

regarding global compound flood risks, especially for areas with scarce observations, 

however, the simulated-based compound flood may be affected by model 

uncertainties and biases. Therefore, the results about the spatial patterns of 

compound floods based on observations provide important references for the 

evaluation of these simulation-based studies. 

The potential risk of compound floods can be estimated in terms of the dependence 

between different flood hazards/drivers (e.g., Wahl et al., 2015; Ward et al., 2018), 

the number of compound flood events (e.g., Couasnon et al., 2020; Ridder et al., 

2020), and the joint return periods of compound floods at given return level (e.g., 

Bevacqua et al., 2019; Bevacqua, Vousdoukas, Shepherd, et al., 2020). Compound 

flood hazards are jointly determined by the marginal distribution of variables and the 

dependence between different variables. Therefore, the dependence cannot provide 
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accurate estimates of the compound flood hazards although the variations of 

dependence can affect the potential risk of compound floods. The measurement of 

the number of compound flood events is an empirical method that is highly sensitive 

to the length of data, which thus is usually employed by studies based on simulation 

datasets that have the same data length across the study area. The return periods 

calculated based on the copula distribution functions have the advantages of 

considering all three factors that determine the compound flood hazards and 

adaptation to cases of short data length. In this study, the dependence between 

precipitation and storm surge, the empirical (i.e., the number of compound flood 

events), and the copula-based return periods of compound floods are estimated, and 

the spatial patterns are consistent with each other, which adds confidence on the 

results. 

The spatial pattern of compound flood disasters presented in this article provides 

basic guidance for further research on regional compound flood risks and 

mechanisms. On this basis, a comprehensive evaluation of compound flood risk can 

be conducted in hotspot regions by analyzing factors such as distributions of 

population and property, which will be of great significance to global and regional 

flood risk management. 

8.1.3 Roles of TCs/ETCs on compound floods at the global scale 

Previous studies about compound floods and TCs mainly focused on assessing the 

TC event-based compound flood hazards (e.g., Xu et al., 2018), and investigating the 

relationship between TCs characteristics (i.e., frequency, intensity, and tracks) and 

compound flood hazards (e.g., Gori, Lin, & Smith, 2020; Gori, Lin, & Xi, 2020). Xu 

et al. (2018) analyzed the joint probability of concurrent heavy precipitation and 

storm surge during typhoons in a city in south China and pointed out the doubled 

probability of compound floods during typhoons. Gori, Lin, & Smith (2020) and 

Gori, Lin, & Xi (2020) simulated the flood inundation levels to investigate the 

compound impact of precipitation and storm surge during landfalling TCs at an 

estuary in North Carolina, US. These studies are based on a smaller regional scale 

and thus cannot provide an overview of the roles of TCs and ETCs on compound 



143 
 

floods from the global scale. This study quantitatively demonstrates the extent of 

TCs/ETCs contributing to compound floods in terms of the fractional contribution of 

TCs/ETCs-associated compound floods to the total number of compound floods and 

the impact of TC/ETC-associated events on the return periods of compound floods, 

which provides initial guidance for further regional analysis. For example, in 

previous studies, most attention was paid to the impact of TCs on compound floods 

or TC-induced compound floods (e.g., Gori, Lin, & Smith, 2020; Gori, Lin, & Xi, 

2020), rare studies have focused on the role of ETCs. The results of this study reveal 

the considerable contribution of ETCs to compound floods, especially in the mid and 

high-latitude coastal areas such as Europe. It is notable that since the ETCs are far 

more various in shape, structure, and size, and the identification of ETCs tracks is 

more challenging compared to TCs, the commonly accepted ETC track data is absent. 

Therefore, one ETC track dataset (i.e., M09) from IMLAST (Neu et al., 2013) is used 

in this study, which might contain uncertainty in the identification of ETC tracks. 

However, this shall not change the main conclusions about the impact of ETCs on 

compound floods. In summary, more analysis on ETCs and associated compound 

floods are needed. 

Cyclones play an important role in triggering compound floods, i.e., the sum of TCs’ 

and ETCs’ contributions exceeds 80% in many regions (e.g., East Asia). On the one 

hand, the high contribution percentage indicates that most compound floods in these 

areas are associated with TCs or ETCs. Therefore, the response of cyclones to 

climate oscillations or climate change may lead to corresponding changes in 

compound floods. Therefore, it is possible to estimate and predict the variation of 

compound floods according to the changes in cyclone activity (e.g., the response of 

cyclones to the ENSO and climate change). This is of great significance for the 

analysis of the physical mechanisms, and the modeling and prediction of future 

compound floods. On the other hand, these fractional contributions also indicate that 

not all compound floods are caused by TCs/ETCs. Other mechanisms (e.g., 

atmospheric rivers) that can cause compound floods in coastal areas are also worthy 

to explore in future studies. 
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8.1.4 Temporal variability of compound floods at the global scale 

The evolutions of precipitation under extreme storm surge and storm surge under 

extreme precipitation are analyzed. According to the definitions provided in IPCC 

(2012), compound events can be two or more extreme events occurring 

simultaneously (i.e., compound floods defined in this study), and the combinations of 

events, that alone are not extreme, leading to an extreme impact. For flood events, 

the compound floods can be combinations of (1) extreme precipitation and extreme 

storm surge (i.e., compound floods defined in this study), (2) extreme storm surge 

and precipitation that can produce runoff and thus increase water level at the estuary, 

and (3) extreme precipitation and storm surge that may be not extreme but great 

enough to block or slow down the drainage (Wahl et al., 2015; Zscheischler et al., 

2018). In this case, the precipitation under extreme storm surge contains the second 

type of compound flood events, and the third type of compound floods is included in 

the storm surge under extreme precipitation. The increasing trends in precipitation 

under extreme storm surge across the world can be interpreted in two aspects: (1) As 

the precipitation increases, the probability of concurrence of extreme precipitation 

and extreme storm surge is higher than before (i.e., more precipitation under extreme 

storm surge reaches extreme levels); (2) given an extreme storm surge event, the 

precipitation is more intense (not have to be extreme), therefore its interplay with 

storm surge is more probable to exacerbate the adverse impact. This interpretation 

also applies to storm surges under extreme precipitation. From this perspective, 

analyzing the precipitation under extreme storm surge and storm surge under extreme 

precipitation could provide more information than analyzing the precipitation and 

storm surges directly. 

Even though compound floods are receiving more and more attention, rare studies 

have analyzed the inter-annual changes in compound floods based on observational 

data during past decades. At the regional scale, Wahl et al. (2015) examined the 

enhanced dependence between precipitation and storm surge and reported the 

increasing trends in compound flood risk in past decades along the coast of the US. 

At the global scale, our study analyzes the trends in compound floods, precipitation 

under extreme storm surge, and storm surge under extreme precipitation based on 
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observations, and found the significant increasing trends in compound flood risk over 

Europe and the US in past decades. These findings help to better understand the 

changing compound flood risk and provide important references for the evaluation of 

the simulation-based studies. For example, Bevacqua, Vousdoukas, Zappa, et al. 

(2020) projected a higher probability of occurrence of compound floods from 

precipitation and storm surge across the globe under a high emission scenario in the 

future, which means the increasing trends identified in this study are probable to 

continue in the future. However, in Japan, where the compound floods and storm 

surge under extreme precipitation decreased significantly during the period 1961–

2006, the return periods of compound floods are projected to shorten by >60% under 

a high emissions scenario (Bevacqua, Vousdoukas, Zappa, et al., 2020). The 

mechanisms behind this transition from the downward trend in the past to the upward 

trend in the future are worth exploring. Considering the relatively short record 

lengths of observational data in this region and the large uncertainties of simulation-

based studies, further studies are needed to examine the characteristics of compound 

flood events in Japan. 

The results of compound floods from heavy precipitation and extreme storm surge 

exceeding the 90th percentile are discussed in this study. The compound floods 

exceeding the 85th percentiles and 95th percentiles are analyzed and are shown in 

Appendix C (Figure C1–Figure C4). Compared to the changes in the annual number 

of compound flood days of different intensities, it is found that the direction of trends 

(i.e., increase or decrease) was consistent between compound floods of different 

intensities, but the lower the threshold, the more stations showing significant trends 

(Figure 6.3 and Figure C2 in Appendix C). This phenomenon could also be found in 

the changes in precipitation under extreme precipitation (Figure 6.4a and Figure C3 

in Appendix C). For storm surge under extreme precipitation, the spatial pattern of 

changes in storm surge under extreme precipitation exceeding the 85th percentile are 

almost the same as that of exceeding the 90th percentile. However, the changes in 

storm surge under extreme precipitation turn from negative to positive in some 

stations on the coast of the US when the thresholds elevated from 85th to 95th 

percentiles (Figure 6.4b and Figure C4 in Appendix C), indicating the higher storm 
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surge occurred during the most extreme precipitation events. In general, the spatial 

patterns of changes in compound floods, precipitation under extreme storm surge, 

and storm surge under extreme precipitation defined by 85th and 95th percentiles are 

very similar, except that when using the higher threshold (i.e., the 95th percentile), 

less significant trends could be detected because less extreme events could be 

identified when using the higher threshold. However, if the threshold is set too low, 

there is a risk of failing in capturing the change signal of the most extreme event. 

Results of the sensitivity analyses show that the spatial and temporal characteristics 

of compound floods are similar when using the inverse distance weighted method to 

calculate the average precipitation (Figure C11–Figure C13 in Appendix C).  

8.1.5 Meteorological drivers associated with compound floods  

In Chapter 5, the characteristics of the deep low-pressure system, cyclonic winds, 

and high precipitable water contents are found to relate to the occurrence of 

compound floods in this study, which is consistent with the results of previous 

studies (Bevacqua et al., 2019; Fang et al., 2021; Wahl et al., 2015). Wahl et al. 

(2015) analyzed the synoptic weather patterns at tide gauge over the east coast of the 

US, while Bevacqua et al., (2019) and Fang et al. (2021) focused on locations in 

Europe (i.e., the UK and Italy) and southeast coast of China, respectively. In this 

study, three tide gauges in Western Europe, southeast of the US, and Japan are 

chosen to analyze the similarities and differences between meteorological conditions 

of different extreme events and different locations. In addition to comparing the 

meteorological conditions of different extreme events to identify weather patterns 

associated with compound floods, the spatial differences of meteorological drivers 

can be explored by comparing the meteorological conditions in different locations in 

the world. The low-pressure systems associated with storm surges in Europe are 

larger and brought about stronger winds than those of the other sites, which, to some 

extent, explains the larger magnitudes of extreme storm surges in Europe (Figure 

5.2b). In the Takamatsu tide gauge in Japan, a low-pressure system and cyclonic 

wind are identified in all three types of extreme events, with varying strengths of the 

systems. In this region, extreme events are highly related to TC activity. More than 

90% of compound floods are associated with TC activities (Figure 5.5a), and 
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approximately 50% of extreme precipitation and extreme storm surges were induced 

by TCs (Figure B2 in Appendix B). Therefore, the weather mechanisms during the 

three types of extreme events are similar (i.e., TCs) in Takamatsu. 

The meteorological variables are also analyzed in Chapter 6, to explain the changes 

in precipitation under extreme storm surge and storm surge under extreme 

precipitation. Results indicate that the changes in storm surge under precipitation in 

three locations (i.e., New York, NY, Honmoku, and Tregde) are well explained by 

the changes in sea level pressure and near-land wind speed. The physical 

mechanisms that impact the precipitation under extreme storm surge may be more 

complex. The changes in precipitable water content can not explain all the changes in 

precipitation under extreme storm surge. For example, in Tregde, the precipitable 

water content shows no significant trend, while the precipitation under extreme storm 

surge here increased significantly by 51%. There might be some other factors 

causing the increase in precipitation. Therefore, the vertical wind shear is further 

analyzed. Results show that the increased vertical wind shear might reflect the 

enhanced convective activity in Europe, which could be related to the increased 

precipitation under extreme storm surge. But the impact of vertical wind shear should 

be identified carefully because of its complex effect on storms. Storms such as TCs 

and ETCs are accompanied by low-pressure, cyclonic wind, and abundant moisture 

transportation, and thus usually cause compound floods. Further studies focused on 

the impact of storm activities on compound floods will be helpful to better 

understand the characteristics of compound floods. 

8.1.6 Characteristics and socio-economic impacts of compound floods in Hong 

Kong 

The probability of concurrent heavy precipitation and extreme sea levels are 

estimated to illustrate the flood hazards in Hong Kong. Considering the local features 

such as hilly, highly urbanized, and no big river in Hong Kong, the rainfall-runoff 

process is very fast and short, thus the precipitation can largely reflect the flood 

hazards. With the development and application of hydrodynamical models, the water 

levels considering the interplay between heavy precipitation and high sea levels can 
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be simulated, which facilitates the physical mechanism analysis and flood risk 

assessment. For example, by applying a flow routing model, Qiang et al. (2021) 

modeled the inundation process during Typhoon Mangkhut (2018) by integrating the 

effects of multiple flooding triggers including precipitation, high sea levels, and 

waves. In their study, the mitigation effect of the drainage system on flooding was 

examined by changing the drainage conditions. In addition, the water levels of a 

series of combinations of precipitation and sea levels can be obtained using 

hydrological models, and the probability of compound flood levels can be 

determined (Moftakhari et al., 2019; W. Wu et al., 2021). 

From the analysis of the co-occurrence of precipitation and extreme sea levels, it is 

found that the most extreme precipitation does not tend to coincide with extreme sea 

levels, creating an illusion that Hong Kong is not susceptible to compound floods. 

That is because Hong Kong receives abundant precipitation every year and the 

magnitude and frequency of extreme precipitation are relatively high. The recorded 

highest daily precipitation in Hong Kong reached 534 mm/day, which is the 

approximate annual total rainfall in the northeast area of China (HKO, 2021d; Q. 

Zhang, Lai, et al., 2018). Extreme precipitation events with daily precipitation 

exceeding 100 mm/day occur 4–5 times a year in Hong Kong (HKO, 2021c). In this 

case, even if the precipitation intensity has reached the extreme level that may 

generate stress on the drainage system, the return period may not have reached the 

annual level. For instance, the maximum daily precipitation caused by Typhoon 

Mangkhut (2018) is 167.5 mm/day (observed at HKO station), which is much higher 

than the standard of extreme precipitation day, but its univariate return period is ~0.8 

years. However, the widespread destruction caused by Mangkhut is a wake-up call 

for us to be aware of the big threat of compound floods from precipitation and 

extreme sea levels in Hong Kong. 
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8.2 Limitations 

8.2.1 Impact of non-linear storm-tide interaction 

In Chapter 5 and Chapter 6, the non-tidal residual is used to represent the 

meteorologically driven coastal flood without consideration of the storm-tide 

interaction, which might cause uncertainties in the results. Many studies have pointed 

out that the storm-tide interaction can not be neglected when estimating the extreme 

sea levels, because the storm-tide interaction could modulate the actual highest water 

level (Arns et al., 2020; Horsburgh & Wilson, 2007; Mawdsley & Haigh, 2016; 

Williams et al., 2016; W. Z. Zhang et al., 2010). When neglecting the storm-tide 

interaction, the storm surge is assumed to be independent of the water level, which is 

not true because the observed highest storm surge was found to be more likely to 

occur at mid- or low-tides rather than at the high-tides (Horsburgh & Wilson, 2007). 

If neglecting the non-linear storm-tide interaction, the extreme sea level would be 

overestimated by 30% (Arns et al., 2020). However, since the storm-tide interaction 

is highly affected by local features such as locations, topography, oscillations, tide 

ranges, etc., it shows a less robust correlation with tidal levels or tidal contributions 

and varies greatly across different regions of the world (Arns et al., 2020; W. Z. 

Zhang et al., 2010). In general, it has been identified that the storm-tide interaction is 

strongest on the east coast of the US, western Europe, northern Australia, and Japan 

(Arns et al., 2020; Mawdsley & Haigh, 2016). Even though the important role of 

storm-tidal interaction in modulating the estimation of coastal floods has been 

noticed, it is still uncertain what method can be used to take care of the storm-tide 

interaction efficiently when assessing the coastal flood. Some previous studies have 

tried to use skew surge, which is the difference between the maximum total water 

level and maximum predicted tidal level within a tidal cycle, to represent the coastal 

floods, and suggested the independence between skew surge and tide (Mawdsley & 

Haigh, 2016; Williams et al., 2016). However, a more recent statistical method-based 

study assessed the non-linear storm-tide interaction and found that both non-tidal 

residuals and skew surges associated with the highest water levels are significantly 

dependent on tide (Arns et al., 2020). Besides, since the skew surge is an integrated 
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measure calculated within tidal cycles, it runs the risk of losing information on 

changes in water levels driven by meteorological factors (Mawdsley & Haigh, 2016; 

Williams et al., 2016). For example, Mawdsley and Haigh (2016) mentioned that the 

skew surge failed in capturing extreme storm surge caused by TCs. Therefore, the 

compound floods are studied based on the traditional non-tidal residual in Chapter 5 

and Chapter 6. Although the uncertainties remain, it is worthy to highlight the 

contribution of these findings in revealing the evolutions of compound floods 

potential from heavy precipitation and storm surge driven by meteorological systems 

based on historical observations. 

When focusing on the compound floods in Hong Kong (i.e., Chapter 7), however, the 

coastal floods are represented by the extreme sea levels because the total sea levels 

can better reflect the coastal flood levels which are closely related to the social-

economic damage. The average astronomical tides are 1–1.4 m in Hong Kong, which 

play an important role in extreme sea levels. For example, when moderate storm 

surges occur during high tides, the total sea levels may be higher than that of high 

storm surge occurring during neap tides. Besides, the non-linear interaction between 

storm surges and tides can also moderate the sea levels. However, the impact of the 

interactions is hard to estimate because they greatly vary by location and are very 

sensitive to features such as topography, tide ranges, and oscillations (Arns et al., 

2020; W. Z. Zhang et al., 2010). Using the sea level data can avoid the uncertainty 

caused by non-linear storm-tide interactions since the total sea level is the result of 

the storm-tide interactions. In addition, since the design of the flood prevention 

infrastructures and the development of adaptation strategies are based on sea levels 

rather than storm surge heights, using sea level data can facilitate the comparison and 

verification of the results of this analysis and the reference values. 

8.2.2 Limited spatial coverage of available data 

When aiming to assess the global compound flood hazards, the analysis of this study 

concentrates on coastal areas of North America, Europe, Australia, and East Asia, 

and large coastal areas in South America, Africa, and India are not covered due to 

lack of long-term observational data. For those data-sparse areas, compound flood 
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hazards can only be assessed based on simulated data. Several studies based on 

simulations have pointed out that some areas such as the southwest coast of South 

America, the coast of Morocco, the south part of Africa including Madagascar, and 

the coast of India are also susceptible to concurrent precipitation and storm surges 

(Bevacqua, Vousdoukas, Shepherd, et al., 2020; Bevacqua, Vousdoukas, Zappa, et 

al., 2020; Couasnon et al., 2020). Since there is no observational data to refer to, 

more simulation studies and comprehensive uncertainty analyses may be required to 

increase the reliability of the results. 

8.2.3 Uncertain compound flood water levels 

Although the precipitation and extreme sea levels can reflect the potential compound 

flood risk, this study does not provide information about the water levels and flood 

inundations, which is the factor that directly affects humans and causes damage. Due 

to the lack of qualified long-term observational water levels, most previous analyses 

of compound flood levels relied on hydrodynamic models to simulate the flood 

generating process (Gori, Lin, & Smith, 2020; Gori, Lin, & Xi, 2020; Qiang et al., 

2021). However, the applications of hydrodynamic models at the global scale are still 

limited because of the high computational cost. Further improvements on compound 

flood inundation models are needed for investigating compound flood levels by 

considering multivariate interactions at continental and global scales. 

  



152 
 

Chapter 9 Conclusions and prospect 

9.1 Conclusions 

This study first examines the flood risk over the coast of China in response to 

changes in the TC translation speed. Then, compound flood hazards are assessed by 

estimating the joint return periods of concurrent extreme precipitation and extreme 

storm surges on a global scale based on the long-term observational data. The roles 

of cyclones (including TCs and ETCs) on compound floods are evaluated, and the 

meteorological conditions associated with compound floods are identified. Third, the 

temporal evolution of compound floods is identified and the meteorological drivers 

explored. Finally, relevant methods are applied to Hong Kong to analyze the risk and 

temporal evolution of compound floods, and the associated socio-economic damage. 

The main conclusions of this study are summarized as follows: 

1) The analysis based on observations and simulations from the multimodel 

ensemble of GCMs shows that the TC translation speed over the coast of China 

has decreased significantly (11% in observations and 10% in simulations, 

respectively) during 1961-2017. At the same time, a significant increase in the 

90th percentile of TC-induced local rainfall totals and significant inverse 

relationships between TC translation speeds and local rainfall totals over the 

study period are found. The analysis of the TC events that affected the Pearl 

River Delta in southern China finds that TCs with lower translation speed and 

higher rainfall totals occurred more frequently after 1990 in the Pearl River Delta. 

From the probability analysis, it is found that slow-moving TCs are more likely 

to generate higher total amounts than fast-moving TCs. In summary, the 

slowdown of TC translation speed may increase the regional flood risk by 

producing higher local rainfall totals. 

2) Due to the dependence between precipitation and storm surge, the return periods 

of compound flooding in most coastal areas are shorter than expected when an 

independent relationship between precipitation and storm surge is assumed. 

Especially, the coastal areas of East Asia, southwestern Europe, North America, 

and Australia are hotspots that experience the highest compound flood hazards. 
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In these areas, the return periods of compound floods are < 2 years, even though 

the expecting return period should be 12 years.  

3) Cyclones including TCs and ETCs are one of the most important weather systems 

that cause compound floods in many coastal areas. more than 80% of compound 

floods in East Asia are associated with TCs, while ETCs play a key role (i.e., > 

80%) in triggering compound floods in mid and high-latitude areas such as 

Europe. Due to TC-induced extreme precipitation and storm surge, the return 

periods of compound floods are shortened by 40‒500% or more in different areas 

of the world. In Europe, ETC events increase the probability of compound floods 

by 100‒300%.  

4) The meteorological conditions associated with compound floods are 

characterized by deep low pressure, cyclonic wind, and abundant precipitable 

water. Higher precipitable water contents are associated with extreme 

precipitation, while extreme storm surges relate to obvious negative anomalous 

sea level pressure and strong landward wind. 

5) An increasing trend in the number of compound flood days over the past decades 

is found in most coastal areas in the world, except Japan. Specifically, Europe has 

experienced the most substantial increase due to significant increases in both 

precipitation and storm surges, followed by the east coast of the US, where 

intensified precipitation contributed the most to the increase in compound flood 

days. Globally, variations of storm surges are more likely to dominate the 

changes in compound floods.  

6) Changes in precipitation and storm surge are related to changes in meteorological 

factors. Increasing or decreasing trends in storm surge can be explained by the 

changes in sea level pressure and near-land winds, while variations in 

precipitation are associated with changes in the precipitable water content and 

convective activity. 

7) In Hong Kong, the most extreme sea levels are mostly accompanied by heavy 

precipitation, and compound floods may result. That is because extreme sea 

levels in Hong Kong are mostly caused by TCs, which also usually bring heavy 

precipitation. However, the most extreme precipitation events tend to occur alone 
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without extreme sea levels because TCs are not the only weather system 

triggering extreme precipitation in Hong Kong. The compound flood hazard in 

Hong Kong has increased significantly during the past decades, and this is mainly 

attributed to rising mean sea levels. TCs are the major weather system type 

causing co-occurrences of extreme precipitation and extreme storm surge 

(exceeding the 95th percentile values) in Hong Kong, with fractional 

contributions ranging from 48.8% to 83.8%. In general, TCs associated with 

compound floods are more destructive than those causing one type of flood 

hazard. 

9.2 Significance 

Torrential rain induced by TCs is a major trigger of catastrophic flood hazards. 

Devastating TCs causing unprecedented floods in recent years were usually 

characterized by low translation speeds. Investigating the veracity of TC translation 

and its linkage to climate change has been a topic of interest to many climate 

scientists in recent years since Kossin (2018) reported a global slowdown of TCs in 

Nature. However, no consensus has been reached among researchers to date. 

Although several studies have investigated how the stalling of a specific TC leads to 

higher local rainfall totals in a region (e.g. Super Typhoon Morakot [Chang et al., 

2013; Chien & Kuo, 2011; Hsu et al., 2013]), the extent to which the recently 

reported slowdown of TCs contributed to the long-term trends of local rainfall totals 

have not been adequately investigated. 

The analysis conducted in this study using both observations and numerical 

simulations indicates that the TC translation speed over the coast of China has 

significantly decreased during 1961-2017. The analyses of long-term observations 

show a significant increase in the amount of extreme rainfall induced by TCs and a 

significant inverse relationship between TC translation speeds and local rainfall totals 

over the study period. In addition, the probability analysis reveals the association 

between higher local rainfall totals and slow-moving TCs. These findings provide 

valuable insights into the ongoing heated discussion about the slowdown of TCs and 

their impacts on precipitation as reported in recent publications, such as those in 
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Nature (Kossin, 2018, 2019; Lanzante, 2019; Moon et al., 2019), npj Climate and 

Atmospheric Science (Hall & Kossin, 2019), and Nature Communications 

(Yamaguchi et al., 2020). 

The combined effect of heavy precipitation and storm surge can exacerbate the 

devastating effect on communities and the environment. However, our understanding 

of the assessment of the compound flood risk and analysis of the physical mechanism 

is insufficient. Therefore, conducting comprehensive assessments of global 

compound flood hazards from heavy precipitation and storm surges and relevant 

physical mechanism analyses are important for mitigating and adapting to the 

increasing flood risk in the context of global warming.  

In traditional single-hazard risk analyses, dependence and interactions are not 

considered well, thus leading to an underestimation of the risk of compound floods. 

This study assesses the joint probability of compound floods from precipitation and 

storm surge by constructing a dependence structure between precipitation and storm 

surges. The spatial pattern of the joint return periods of compound floods will assist 

in understanding the global compound flood hazards from an overall perspective, and 

it provides initial guidance for further global or regional studies. 

This study estimates the fractional contributions of TCs and ETCs to compound 

floods and evaluates the impact of TCs and ETCs on the return periods of compound 

floods. In previous studies, the contributions of TCs and ETCs to compound floods 

have been analyzed based on specific cases or regional studies. This study provides 

quantitative evidence of the important roles of TCs and ETCs on compound floods 

based on long-term global data. Understanding the impacts of TCs and ETCs on 

compound floods and their spatial variability is also valuable for future studies of the 

physical mechanisms, modeling, and projections. 

Under climate change, the precipitation intensity (particularly severe precipitation 

during intense storms) is expected to increase, and sea levels are rising. These 

changes may affect compound floods, which have not been well-studied. Based on 

long-term observational data, this study analyzes the temporal evolution of 

compound floods at the global scale and finds an increasing compound flood 
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potential trend in most coastal areas. The factors dominating the trends in compound 

floods are examined, and the meteorological drivers are investigated. These analyses 

augment our understanding of the historical changes in compound floods and their 

physical mechanisms, and as such provide valuable information for climate change 

adaptation policies. 

Furthermore, this study unravels the meteorological conditions favoring the 

occurrence of compound floods and the underlying physical mechanisms that are 

likely to drive changes in compound floods. The links between meteorological 

variables and compound floods are key to building an observation-based prediction 

framework to simulate and forecast compound floods. 

Relevant methods used in this study can be applied to regions to conduct detailed 

analyses. For example, this study analyzes the joint probability, temporal evolution, 

and the social-economic damage of compound floods in Hong Kong. The 

characteristics of compound floods are an important reference for use in engineering 

design. The increasing number of compound floods due to sea level rise in Hong 

Kong demonstrates the need to adopt adequate climate change adaptation strategies. 

The analysis of TC-associated socio-economic damage in Hong Kong demonstrates 

the tremendous destructive power of compound floods, and this will assist in 

focusing necessary attention on their occurrence and the need for greater measures to 

alleviate compound flood disasters. 

Flood protection designed to protect against one type of flood hazard/driver may not 

be effective for controlling the effects of compound floods. The findings relating to 

risk assessments and the physical mechanisms of compound floods provided in this 

study can serve as important references for conducting multi-hazard risk 

management, which is a major challenge of climate change adaptation, as indicated 

in the IPCC report (IPCC, 2012). 

9.3 Prospect of future research 

As previously discussed, there are three common flood types: fluvial floods, pluvial 

floods, and coastal floods. This study focuses on compound floods caused by a 
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combination of pluvial and coastal floods. Future studies based on compound floods 

comprising different combinations, including the components of fluvial floods, are 

required. However, given the uneven distribution of observational river discharge 

stations throughout the world, simulated data from hydrological models are required 

to complement observational data. 

With the development of hydrodynamic models, water levels can be simulated by 

considering interactions between different flood hazards/drivers and local features, 

such as topography, land-use types, drainage conditions, and flood prevention 

facilities. Future work can further investigate flood water levels during compound 

floods via hydrodynamic models, and the results will provide valuable information 

for conducting flood risk assessments and for the design and engineering of flood 

prevention infrastructure. In addition, by simulating the flooding process, physical 

mechanisms (such as the interaction between precipitation, upstream riverine 

discharge, and extreme sea levels) can be explored, and such knowledge will 

promote improvements in hydrodynamic compound flood models. 

Further efforts are required to investigate the impact of climate change and human 

activities on compound flood risk. Assessments should cover multiple aspects, such 

as the impacts on compound floods from sea level rise, intensifying rainstorms, and 

storms occurring at greater frequencies. In addition to natural hazards, the impacts of 

human activities (such as urbanization) on compound flood risk should also be 

considered. Using such information, future compound flood risk can be projected to 

provide a valuable scientific reference for climate change adaptation strategies. 
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Appendix A  for Chapter 4 
Appendix A.1 Sampling bias in the best-track data and its impacts on TC 

slowdown estimates 

In previous studies, TC slowdown is estimated using track data of TCs positioned 

over land and both near and far away from the coast. However, TC track points far 

away from the coast were less detected in the pre-satellite era and therefore TC 

translation speed tends to be over-estimated because TCs move slower over sea than 

over land (Landsea, 2007; Moon et al., 2019; Truchelut et al., 2013). In this 

connection, the veracity of global TC slowdown estimates has been questioned and 

the slowdown may have been generally over-estimated. To minimize the potential 

effect of sampling bias on trend detection, Kossin, (2019) excluded the TC track 

points over sea and found a decreasing trend in TC translation speed over the 

continental USA in 1900–2017. In our study, since our goal is to evaluate the impacts 

of TC slowdown on the local rainfall total in the coastal region, I only sample TCs 

making landfall and positioned inside and within 200 km on both sides of the coastal 

study area. Therefore, our estimates of TC slowdown should be less affected by the 

sampling bias the best-track data compared to previous studies. 

The sampling bias in the best-track data can be reflected by the changes in the ratio 

of the number of TC track points over sea to the total number over sea and over land 

(Moon et al., 2019). This ratio increased considerably over the past decades in 

previous studies, because TC track points far away from the coast were included 

(Landsea, 2007; Truchelut et al., 2013). However, the ratio does not change 

significantly in our study as shown in Figure A1A. Furthermore, even only the track 

points over land are considered, our results do show the significant slowdown of TCs 

(Figure A1B). Both findings support the argument that our estimates of TC 

slowdown are less affected by the sampling bias in the best-track data. 
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Figure A1. Temporal changes of annual percentage of TC track points over sea (%) 

and annual-mean TC translation speed over land (km/hr) in 1961–2017. (A) Changes 

in annual percentage of TC track points over sea near the coastline of China. (B) 

Changes in annual-mean TC translation speed over land in the study area along the 

coast of China. In (A) and (B), solid straight line indicates the trend is significant at 

the 95% level based on the Modified Mann-Kendall test, while dashed straight line 

means the trend is insignificant. Sen’s slope is shown.  

Appendix A.2 Trends in TC translation speed in Global Climate Model (GCM) 

simulations 

TCs in the simulations of GCMs in the Coupled Model Intercomparison Project 

Phase 5 (CMIP5) are identified and tracked using the Camargo and Zebiak algorithm 
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(Camargo, 2013; Camargo & Zebiak, 2002). A total of eight GCMs, namely CSIRO-

Mk3-6-0, GFDL-ESM2M, GFDL-CM3, HadGEM2-ES, MIROC5, MPI-ESM-LR, 

MRI-CGCM3, and NorESM1-M, are selected based on their data availability of 6-

hourly sea level pressure, temperature at three pressure levels (850, 500, and 250 

hPa), and winds at two pressure levels (850 and 250 hPa). Table A1 shows the 

information of the eight GCMs. The four thresholds for the Camargo and Zebiak 

algorithm are different for various basins and GCMs. The values of the thresholds in 

the western North Pacific for the eight selected GCMs have been given by Camargo 

(Camargo, 2013) as shown in Table A2. Following previous studies on TC 

simulations, the TC tracks extracted from GCMs are compared with the observations 

in terms of the root mean square error (RMSE) and the two-sample student’s t test 

(Camargo & Zebiak, 2002; Yokoi et al., 2012).  

Similar to GCM performance in terms of other variables (e.g., temperature and 

precipitation [Li et al., 2018; Su et al., 2013]), the multimodel ensemble mean 

outperforms individual GCMs as measured by RMSE and the two-sample student’s t 

test, and the performance of individual GCMs varies considerably (Table A3 and 

Table A4). The RMSE value of the multimodel ensemble mean is lower than those of 

individual GCMs. The two-sample student’s t test shows that the differences in the 

translation speed between the multimodel ensemble mean and observations are 

insignificant at the 95% level. The multimodel ensemble mean shows decreasing 

trends in TC translation speed comparable to observations from 1961 to 2005 under 

the historical scenario only (Table A3 and Figure A2) and from 1961 to 2017 under 

the historical and RCP4.5 scenarios (Table A4). The decreasing trends of TCs 

estimated from the CMIP5 GCM ensemble in both periods are significant at the 95% 

level. More than half of the GCMs agree on the decreasing trends (some significant 

and some not) in both periods, while some models simulate insignificant positive 

trends. The inconsistency of trends among GCMs may partially explain the 

contradictory results in recent but very limited number of simulation-based studies of 

TC translation speed. A very recent work based on one atmospheric global 

circulation model from the Meteorological Research Institute (MRI-AGCM3.2) 

found an increasing trend of global TC translation speed in the past decades 
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(Yamaguchi et al., 2020). However, another recent study based on a 13-year pseudo-

global warming simulations from multiple GCMs found slower translation speed in 

the eastern coast of North America (Gutmann et al., 2018). A most recent study 

found slower translation speed in a constant 4-K warming scenario relative to the 

historical scenario based on MRI-AGCM3.2H simulations, while the simulations 

under the historical scenario were inconsistent with the observed slowdown trend (G. 

Zhang et al., 2020). Different from the above studies based on one single model or 

short-term pseudo-warming simulations, our study, for the first time, uses 

simulations of multiple CMIP5 GCMs, the most commonly used GCM archive that 

is the best available to the public, to examine the trends in TC translation speed over 

the past several decades. The comparable slowdown trends in TCs estimated from 

the best-track data and the CMIP5 GCM ensemble provide valuable insights into the 

heated debate on the veracity of translation speed changes. 

 

Figure A2. Annual-mean TC translation speed from the observations and the 

multimodel ensemble mean of CMIP5 GCMs in 1961–2005 under the historical 

scenario. The black (red) curve denotes the observations (multimodel ensemble mean 

of CMIP5 GCMs). Solid straight line indicates the trend is significant at the 95% 

level based on the Modified Mann-Kendall test. Sen’s slope is shown. 
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Table A1. The eight CMIP5 GCMs used in this study. 

GCM Institution Resolution (Lon×Lat) 

CSIRO-Mk3-6-0 Commonwealth Scientific and 

Industrial Research Organization and 

Queensland Climate Change Centre 

of Excellence 

1.9°×1.9° 

GFDL_ESM2M NOAA/Geophysical Fluid Dynamics 

Laboratory 

2.5°×2.0° 

GFDL-CM3 NOAA/Geophysical Fluid Dynamics 

Laboratory 

2.5°×2.0° 

HadGEM2-ES Met Office Hadley Center 1.9°×1.2° 

MIROC5 Japan Agency for Marine-Earth 

Science and Ocean Research 

Institute (University of Tokyo), and 

National Institute for Environmental 

Studies 

1.4°×1.4° 

MPI-ESM-LR Max Planck Institute for 

Meteorology 

1.9°×1.9° 

MRI-CGCM3 Meteorological Research Institute 1.1°×1.2° 

NorESM1-M Norwegian Climate Centre 2.5°×1.9° 
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Table A2. Values of vorticity threshold (ζm; 10-5 /s), wind speed threshold (𝑣𝑚; m/s), 

vertical integrated local temperature anomaly ( 𝑇𝑚 ; oC), and relaxed vorticity 

threshold (ζr; 10-5 /s) for TC identification and tracking in the western North Pacific 

for the eight selected GCMs. The values are given in Camargo (Camargo, 2013). 

GCM ζm 𝑣𝑚 𝑇𝑚 ζr 

CSIRO-Mk3-6-0 3.9 13.3 2.1 2.7 

GFDL_ESM2M 3.1 11.3 3.0 2.7 

GFDL-CM3 3.4 13.4 2.0 2.0 

HadGEM2-ES 4.1 13.9 2.0 2.6 

MIROC5 3.9 11.7 1.4 2.7 

MPI-ESM-LR 3.6 12.8 1.9 3.5 

MRI-CGCM3 4.7 13.9 2.0 3.5 

NorESM1-M 3.1 12.8 1.1 2.0 
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Table A3. Evaluation metrics and trends of TC translation speed in GCMs during 

1961-2005. 

GCM 

Averaged 

translation speed 

(km/hr) 

RMSE 
Sen’s slope 

(km/hr/yr-) 

CSIRO-Mk3-6-0 20.6# 4.7 -0.134* 

GFDL_ESM2M 18.3# 8.6 0.021 

GFDL-CM3 22.2# 9.3 -0.074 

HadGEM2-ES 19.7# 11.5 -0.093 

MIROC5 19.0# 5.7 -0.015 

MPI-ESM-LR 21.0# 6.2 -0.053 

MRI-CGCM3 17.7 5.9 0.012 

NorESM1-M 24.0 9.8 0.128 

Ensemble mean 20.4# 3.1 -0.047* 

Note: The averaged translation speed is the mean value of TC translation speed 

during 1961–2005. # denotes the t test indicates the observed and simulated TC 

translation speed are not significantly different at the 95% level. * indicates the trend 

is significant at the 95% level based on the Modified Mann-Kendall test.  
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Table A4. Evaluation metrics and trends of TC translation speed in GCMs during 

1961–2017. 

GCM 

Averaged 

translation speed 

(km/hr) 

RMSE 
Sen’s slope 

(km/hr/yr-) 

CSIRO-Mk3-6-0 20.1# 4.8 -0.106* 

GFDL_ESM2M 17.0 8.8 -0.134* 

GFDL-CM3 21.3# 8.6 -0.093* 

HadGEM2-ES 19.4# 10.5 -0.033 

MIROC5 19.3# 5.5 0.039 

MPI-ESM-LR 21.5 6.0 0.021 

MRI-CGCM3 17.6 5.9 -0.030 

NorESM1-M 24.4 10.1 0.131* 

Ensemble mean 20.1# 3.2 -0.038* 

Note: The averaged translation speed is the mean value of TC translation speed 

during periods of 1961–2017. # denotes the t test indicates the observed and 

simulated TC translation speed are not significantly different at the 95% level. * 

indicates the trend is significant at the 95% level based on the Modified Mann-

Kendall test.  

Appendix A.3 Correlation between translation speeds and local rainfall totals of 

TCs with rainfall intensities in different ranges 

The spatial patterns of Spearman correlation coefficients of translation speeds and 

local rainfall totals of TCs with rainfall intensities in different ranges are shown in 

Figure A3. When rainfall intensity ≥ 10 mm/day, the southern and eastern parts of 

the coast of China show significant negative correlations between TC translation 

speeds and local rainfall totals. When rainfall intensity ≥ 20 mm/day, significant 

negative correlations can be observed over most parts of the coast of China. As the 

rainfall intensity increases from 20 mm/day to 50 mm/day, the negative correlations 

tend to be more evident. Similar findings are obtained using the Pearson correlation 

coefficients for the analysis (Figure A4). 
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Figure A3. Spatial pattern of correlation coefficients of translation speeds and local 

rainfall totals of individual TCs with rainfall intensities (I) in different ranges. In (A), 

(B), (C), and (D), only TCs with I ≥ 10 mm/day, ≥ 20 mm/day, ≥ 40 mm/day, and ≥ 

50 mm/day are considered, respectively. Only areas that have at least 4 TCs passing 

are used in the analysis. Stippled regions represent areas with Spearman correlation 

coefficients significant at the 95% level. 
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Figure A4. Same as Figure A3, but for the Pearson correlation coefficients. 
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Appendix A.4 Detection and attribution analysis of changes in TC translation 

speed 

To examine the possible linkage between climate change and the slowdown of TCs, a 

detection and attribution analysis are conducted using the optimal fingerprinting 

method (Gudmundsson et al., 2017). The optimal fingerprinting method has been 

widely used for the detection and attribution of anthropogenic impacts on changes in 

hydrologic and climatic variables, such as precipitation, temperature, and soil 

moisture (Gu et al., 2019; Min et al., 2011; Stott et al., 2004). For example, Stott et al. 

(2004) estimated the influence of anthropogenic forcing on changes in the seasonal 

mean temperature in 1920–1999 based on the CRUTEM2(v) observations and the 

HadCM3 simulations. In the optimal fingerprinting method, a generalized linear 

regression model is developed to represent observed changes as a linear combination 

of signals: 

𝑦 = ∑ (𝑥𝑖 − 𝑣𝑖)𝛽𝑖
𝑛
𝑖=1 + 𝜀                                               (S1) 

where 𝑦  is the vector of observation anomalies (i.e., annual-mean TC translation 

speed anomalies estimated from observations in this study), n is the number of signal 

patterns, 𝑥  is the vector of signal pattern anomalies, 𝑣  is the noise from internal 

variability in the signal pattern, 𝛽 is the unknown scaling factor to be estimated, and 

𝜀  is the regression residual. The annual-mean TC translation speed anomalies 

estimated from the CMIP5 GCM simulations under all external historical forcings 

combined (ALL; anthropogenic [greenhouse gas and aerosol emissions] and natural 

radiative [volcanic and solar] forcings), and natural forcing (NAT; solar and volcanic 

combined) are the signal patterns 𝑥. The simulations from the unforced preindustrial 

control runs (Control) are employed to estimate the internal climate variability 𝑣. The 

Control simulations are divided into chunks with a double length of the vector y to 

estimate the covariance structure of internal variability. Each of the chunks is split 

into two segments with the same length as vector y to obtain two noise matrices, of 

which one is used to estimate the internal climate, and the other to test the residual 

consistency. The total least square method that considers the sampling uncertainty in 

signal patterns is used to estimate the scaling factor 𝛽. If 𝛽 and its 90% confidence 
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interval (CI) are above zero, the signal is considered detected in the changes of 

observations 𝑦 . 𝛽 = 1  indicates that the response obtained from the model 

simulations is identical to the observed changes. The observed changes attributable to 

a signal pattern are estimated by multiplying the trend in the signal pattern (i.e., ALL 

or NAT) by the respective estimate of 𝛽. 

Among the eight GCMs selected for this study, only CSIRO-Mk3-6-0 and GDFL-

ESM2M provide complete 6-hourly outputs of ALL, NAT, and Control simulations 

(Table A5). Therefore, these two GCMs are chosen to conduct the detection and 

attribution analysis. The NAT simulations of CSIRO-Mk3-6-0 span from 1961 to 

2012, while the ALL simulations end in 2005. Therefore, the 2006–2012 simulations 

under the RCP4.5 scenario are used to extend the ALL simulations of CSIRO-Mk3-

6-0. Given the length of Control run is only 30 years for CSIRO-Mk3-6-0, a 

bootstrap resampling technology is used to extend the Control run (Sun et al., 2016). 

First, the annual TC translation speed is extracted from the 30-year Control run. 

Second, I use a random seed to obtain a 52-year (i.e., the length of 1961-2012) 

sample from the 30-year Control run through random resampling with replacement. 

Third, using this seed, the resampling process is repeated 600 times, and hence a 

52×600 noise matrix is generated. The noise matrix is divided into two 52×300 

matrices as explained above. The two noise matrices are used to conduct the 

detection and attribution analysis. Furthermore, this procedure is repeated 1000 times 

to examine the robustness of the detection and attribution results based on the 

bootstrap resampling technique.  

The temporal changes of the signal pattern anomalies (i.e., ALL and NAT) from 

CSIRO-Mk3-6-0 over 1961-2012 are shown in Figure A5. The ALL forcing can 

simulate the significant decreasing trend in the TC translation speed as found in 

observations, but the NAT forcing only shows an insignificant increasing trend. 

Before conducting detect and attribution analysis, the vector of observation 

anomalies is divided to a vector of non-overlapping five-year means. The use of five-

year average is a compromise between suppressing the natural variability, 

particularly that at inter-annual timescales, and the desire to detect the effects of 
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natural forcing including the relatively short-lived responses to volcanic activities 

(Sun et al., 2016). Therefore, the 52-year values are divided into 10 non-overlapping 

five-year means and 1 non-overlapping two-year mean, which is 𝑦 in Eq. A1. The 

two vectors of signal pattern anomalies (i.e., ALL and NAT) are separately divided 

into 11 non-overlapping averages, which are x in Eq. A1. The one-signal analysis is 

firstly conducted, in which each signal pattern is separately regressed according to 

Eq. A1, to examine if a specific signal is detectable in the observations. The two-

signal analysis in which ALL and NAT signal patterns are together regressed into Eq. 

A1 is performed. The two-signal analysis, on one hand, can verify the result of the 

one-signal analysis, and on the other hand, can evaluate whether the ALL signal can 

be separated from the NAT forcing in the observed changes. The scaling factors of 

ALL and NAT in both one-signal and two-signal analyses are estimated in the 1000 

experiments (Figure A6 and Table A6). Figure A6 shows the magnitudes of 

estimated scaling factors are stable for both ALL and NAT forcings in the 1000 

experiments. The frequencies of ALL signal detected in the 1000 experiments are 16, 

465, and 942 in the 5–95% (p < 0.05), 7.5–92.5% (p < 0.075), and 10–90% (p < 0.1) 

CIs in the one-signal analysis (Table A6). The ALL signal is detected 719 times in 

the 10–90% CI in the two-signal analysis. No NAT signal is detected in the three CIs. 

The scaling factors of ALL and NAT forcings and their CIs in the 1000 experiments 

are averaged separately (Figure A7). For both one-signal and two-signals analyses, 

the ALL signal is detected in observational changes at the 10–90% CI (i.e., the 10–90% 

CI of ALL forcing is above zero), but no NAT signal can be detected. Therefore, 

based on results obtained from the CSIRO-Mk3-6-0 simulations, it is probable (p < 

0.1) that there is a climate change component associated with anthropogenic forcing 

in the observed TC slowdown. The attribution results show that the total decrease in 

observed landfalling TC speeds is 4.7 km/hour (3.3–5.9 km/hr, 5–95% CI), and the 

ALL forcing contributes a total decrease of 1.8 km/hour (0.3–4.6 km/hr) over 1961–

2012. 

Similarly, the detection and attribution analysis based on the GFDL-ESM2M 

simulations are conducted. The ALL and NAT simulations of GFDL-ESM2M end in 

2005. Therefore, 1961–2005 is the period used for the detection and attribution 



171 
 

analysis. GFDL-ESM2M provides a relative long Control run (i.e., 438 years) which 

can be directly used in the detection and attribution analysis. However, it turns out 

that the regression-based optimal fingerprint of GFDL-ESM2M cannot pass the 

residual consistency test (Allen & Tett, 1999). It seems that there could be signal 

errors in the ALL simulations of GFDL-ESM2M which contribute to the residual 

variance (Min et al., 2011). 

Therefore, the detection and attribution results show that it is likely (> 90%) to have 

a climate change component associated with anthropogenic forcing in the observed 

TC slowdown based on the CSIRO-Mk3-6-0 simulations. GFDL-ESM2M fails in the 

residual consistency test of the optimal fingerprinting method. These two GCMs are 

the only two models that provide complete 6-hourly outputs of ALL and NAT 

simulations and Control run in the CMIP5 archive. Given the uncertainties of 

different GCMs that may affect the detection and attribution results, further research 

efforts on detection and attribution analyses using multiple climate models are 

necessary.  

  



172 
 

 

 

Figure A5. Temporal changes in TC translation speed anomalies (km/hr) relative to 

1961–1990 of (A) ALL and (B) NAT simulations in 1961–2012 from CSIRO-Mk3-

6-0. Solid straight line indicates the trend is significant at the 95% level based on the 

Modified Mann-Kendall test, while dashed straight line means the trend is 

insignificant. Sen’s slope is shown. 
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Figure A6. The estimated scaling factors of TC translation speed over 1961–2012 in 

CSIRO-Mk3-6-0 driven by ALL and NAT forcings in the one-signal and two-signal 

analyses based on the 1000 bootstrap samples. 
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Figure A7. The averaged scaling factors (A) and corresponding attributable changes 

(B) of TC translation speeds estimated from ALL and NAT simulations of CSIRO-

Mk3-6-0 over 1961–2012 in the one-signal (left) and two-signal (right) analyses 

based on the 1000 bootstrap samples. The scaling factors and CIs are the means of 

the corresponding 1000 estimations shown in Figure A6, which are hence used to 

estimate the contributions of ALL and NAT forcings. 
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Table A5. Availability of 6-hour outputs of CSIRO-Mk3-6-0 and GFDL-ESM2M. 

GCM Forcing Temporal length 

CSIRO-Mk3-6-0 ALL 1950–2005 

NAT 1950–2012 

Control 30 years 

GFDL-ESM2M ALL 1861–2005 

NAT 1861–2005 

Control 438 years 
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Table A6. Frequency of signal detected in TC translation speed in CSIRO-Mk3-6-0 

over 1961–2012 in the 1000-time detection and attribution experiments. The 

numbers in 5–95% CI, 7.5–92.5% CI, and 10–90% CI indicate the frequencies of 

signal detected in the corresponding CIs. 

Detection Forcing 5–95% CI 7.5–92.5% CI 10–90% CI 

One-signal ALL 16 465 942 

NAT 0 0 0 

Two-signal ALL 0 128 719 

NAT 0 0 0 
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Appendix B  for Chapter 5 
Appendix B.1 Illustration of the selection of minimum record length threshold 

based on the number of available tide gauges 

In this study, the 18-year is selected as the minimum threshold of record length given 

the consideration of the number of available tide gauges and the quality of the 

analysis. As shown in Figure B1a, the number of available tide gauges decreases as 

the minimum threshold is increased. Figure B1b shows the reduced number of tide 

gauges when the minimum record length threshold is increased. The number of tide 

gauges reduced increases obviously when the threshold is increased from 18 to 19–

21 years. The numbers of available tide gauges are 297, 275, and 254 when the 

minimum thresholds are set as 19, 20, and 21 years, respectively. Furthermore, I 

would like to clarify that the 18-year threshold is used as a minimum threshold of 

record length to select stations with enough observations, and the total record lengths 

in many tide gauges are longer than 18 years. For example, there are 144 (out of 314) 

tide gauges with record lengths > 40 years (Figure B1b). Moreover, the expected 

return period of compound floods defined in our study (i.e., co-occurrences of 

extreme precipitation and storm surge exceeding the 98.5th percentile) is about 12 

years and the joint return period is further shorter than the expected 12 years (i.e., < 4 

years in most areas). Therefore, the minimum threshold of 18-year is an optimized 

option that balanced the number of available tide gauges and the analysis quality. 
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Figure B1. (a) The number of available tide gauges at the specific minimum record 

length threshold; and (b) the reduced number of tide gauges when the minimum 

record length threshold is increased. The dashed grey vertical line indicates the 

threshold of 18 overlapping years. 
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Appendix B.2 Fractional contribution of tropical cyclones (TCs) and 

extratropical cyclones (ETCs) to extreme precipitation and extreme storm surge 

The fractional contributions of TCs to extreme precipitation and extreme storm surge 

are shown in Figure B2. More than 40% of extreme precipitation in East Asia and 

northwestern Australia was associated with TCs. This percentage is lower (< 30%) 

but still considerable on the east coast of the US (Figure B2a). TCs contributes to 

more than 50% of extreme storm surge in East Asia, while this value ranges from 

30–50% on the coast of the Gulf of Mexico (Figure B2b). In East Asia and the coast 

of the Gulf of Mexico, the contribution of TCs to extreme storm surge exceeds that to 

extreme precipitation, suggesting that TCs play a larger role in extreme storm surge. 

Figure B3 shows the contributions of ETCs to extreme precipitation and extreme 

storm surge. In mid and high-latitude areas, such as Europe, the west coast of Canada, 

the northeast coast of the US, and southeastern Australia, the fractional contributions 

of ETCs to extreme precipitation and storm surge exceed 60%. In areas where TCs 

are experienced frequently (i.e., southeast coast of the US, southeast China, and 

Northern Australia), the fractional contributions of ETCs to extreme precipitation 

and extreme storm surge are < 40% (Figure B3). 
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Figure B2. Fractional contribution of TCs to (a) extreme precipitation, and (b) storm 

surge (i.e., > 98.5th percentile). Data between 1979–2012 is used to estimate the 

fractional contribution of TCs. Open circles denote that the fractional contributions 

are 0. 
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Figure B3. Fractional contribution of ETCs to (a) extreme precipitation, and (b) 

storm surge (i.e., > 98.5th percentile). Data between 1979–2012 is used to estimate 

the fractional contribution of ETCs. Open circles denote that the fractional 

contributions are 0. 
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Appendix B.3 The best fitting copula types 

To determine the dependent structures between extreme precipitation and extreme 

storm surge, the best-fitting copula was selected from five copula types (i.e., normal, 

t, Clayton, Gumbel, and Frank copulas) for each tide gauge. The Akaike Information 

Criterion was employed to select the best-fitting copula. The Cramer-von-Mises test 

is employed to assess the goodness-of-fit. The results show that the best-fitting 

copulas in most areas of the world passed the significance test level of 0.05, 

demonstrating that copulas are capable of constructing the dependence structure of 

extreme precipitation and extreme storm surge (Figure B4). 
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Figure B4. The best-fitting copula type for the pairs of extreme precipitation and 

extreme storm surge (i.e., > 95th percentiles). Open circles (i.e., NA values) denote 

no copulas can significantly fit the pairs (α = 0.05). 

 

  



184 
 

Appendix B.4 The comparison between empirical return periods and copula-

based return periods of compound floods 

Figure B5 shows the scatter plot of the empirical and copula-based return periods of 

all tide gauges. Most of points located near the diagnosed line, which means the 

empirical and copula-based return periods of compound floods matched well. The 

Pearson’s correlation coefficient is 0.83 with the p value < 0.001, which further 

validates the performance of copula-based return periods. 

 

 

Figure B5. Scatter plot of empirical and copula-based return periods. Colors denote 

the length of time series analyzed. Pearson’s correlation coefficient between 

empirical and copula-based return periods was assessed. 
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Appendix B.5 The joint return periods of compound floods with univariate 

extreme events exceeding the 99.5th percentile 

Figure B6 shows the joint return periods of compound floods with precipitation and 

storm surge exceeding the 99.5th percentile. The expected return period is ~109 years 

if precipitation and storm surges are assumed to be independent. The empirical return 

periods of compound floods range from 2 to 32 years on the coast of the US, 

southern Europe, East Asia, and Australia (Figure B6a). The empirical return periods 

estimation failed in some locations (i.e., open circles in Figure B6a). This might be 

because the lengths of observational time series in these locations are shorter than the 

return periods of compound floods. The copula-based return periods of compound 

floods show a similar pattern. Areas such as the coast of the US, southern Europe, 

East Asia, and Australia experienced the largest potential risk of compound floods 

(Figure B6b). In locations where the empirical return periods estimation failed, the 

copula-based joint return periods are longer than 32 years. The Pearson’s correlation 

coefficient between empirical and cupula-based return periods is 0.44 at a 

significance level of 0.001 (Figure B6c).  
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Figure B6. Joint return periods of compound floods from extreme precipitation and 

extreme storm surge exceeding the 99.5th percentiles. (a) Empirical return periods, (b) 

copula-based return periods of compound floods, and (c) scatter plot of empirical and 

copula-based return periods. A compound flood is the co-occurrence of extreme 

precipitation and storm surge exceeding the 99.5th percentiles. Open circles in (a) 

denote no compound flood was observed. In (c), colors denote the length of time 

series analyzed. Pearson’s correlation coefficient between empirical and copula-

based return periods is assessed. 
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Appendix B.6 Weather patterns associated with compound floods, extreme 

precipitation, and extreme storm surges 

The composited maps of sea level pressure, wind field, and precipitable water 

content based on days where extreme evets (i.e., compound flood events, extreme 

precipitation without an extreme storm surge, and an extreme storm surge without 

extreme precipitation) occurred in tide gauges Brest (western Europe), Charleston 

(southeast coast of the US), Takamatsu and (East Asia) are showed in Figure B7 and 

Figure B8. The weather patterns associated with compound floods are characterized 

by deep low pressure, cyclonic wind, and high precipitable water content, 

simultaneously occurring around the target locations (Figure B7a‒c, Figure B8a‒c). 

During extreme precipitation events, the weather patterns featured abundant 

precipitable water; however, there is no obvious low-pressure or cyclonic wind 

(Figure B7d‒f, Figure B8d‒f). The occurrences of extreme storm surge events are 

associated with obvious cyclonic wind and deep low-pressure systems (Figure B7g‒i, 

Figure B8g‒i). 
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Figure B7. Sea level pressure and wind associated with extreme events. Composite 

maps of sea level pressure (shadings, hPa) and wind (black arrows) based on days 

where extreme events (i.e., > 98.5th percentile) occurred in (a, d, g) Brest, (b, e, h) 

Charleston, and (c, f, i) Takamatsu between 1948‒2014. Extreme events are (a‒c) 

compound floods, (e‒f) extreme precipitation without extreme storm surge (i.e., < 

95th percentile), and (g‒i) extreme storm surge without extreme precipitation (i.e., < 

95th percentile). Green dots indicate the locations of tide gauges. 
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Figure B8. Precipitable water content and sea level pressure associated with extreme 

events. Composite maps of precipitable water content (shadings, kg/m2) and sea level 

pressure (white contours, hPa) based on days where extreme events (i.e., > 98.5th 

percentile) occurred in (a, d, g) Brest, (b, e, h) Charleston, and (c, f, i) Takamatsu 

between 1948‒2014. Extreme events are (a‒c) compound floods, (e and f) extreme 

precipitation without extreme storm surge (i.e., < 95th percentile), and (g‒i) extreme 

storm surge without extreme precipitation (i.e., < 95th percentile). Green dots indicate 

the locations of tide gauges. 
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Appendix B.7 Scatter plots of the magnitudes of precipitation and storm surge  

Figure B9 shows the scatter plots of the magnitudes of precipitation and storm surge. 

In Brest, ETCs contributed to most compound floods and extreme storm surge events 

(Figure B9a), while almost all compound floods in Takamatsu are associated with 

TCs (Figure B9c). For the tide gauge Charleston in the southeast of the US (where 

the contribution of TCs and ETCs to compound floods are comparable; i.e., ~47%), 

TCs contributed to the most extreme compound floods, and ETCs caused a number 

of compound floods that are second only to the most severe flood (Figure B9b). 
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Figure B9. Scatter plots of precipitation (mm) and storm surge (m) for tide gauges (a) 

Brest in France, (b) Charleston in the US, and (c) Takamatsu in Japan. The colors of 

points (boxes) denote different types of extreme events (zones). Extreme events 

associated with TCs and ETCs are denoted by rhombuses and triangles, respectively. 

The smaller open circles denote other events. 
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Appendix C  for Chapter 6 
Appendix C.1 Spatial and temporal characteristics of compound floods from 

precipitation and extreme storm surge exceeding the 85th and 95th percentile 

values 

The annual number of compound flood days (i.e., days with precipitation and storm 

surge exceeding the threshold) defined by the threshold of 85th and 95th percentiles 

are examined. From Figure C1, the hotspots of compound floods can be identified. 

Areas including the coast of the US, southern Europe, western Australia, and Japan 

experienced the most compound floods, with the annual number of compound flood 

days defined by 85th and 95th percentiles being >16 and >3, respectively. The spatial 

patterns of the annual number of compound flood days defined by the threshold of 

85th and 95th percentiles are consistent with each other. 

The changes in the annual number of compound flood days are shown in Figure C2. 

The increase in the number of compound flood days is found to be greatest in 

western Europe, followed by northern Europe, and the east coast of the US. The 

number of compound flood days shows decreasing trends in Japan, indicating a 

smaller risk of compound flood. The changes in the annual number of compound 

flood days are not significant in most locations of the east coast of North America, 

South America, Australia, and Southeast China. As the thresholds lowering, more 

tide gauges show significant trends on the coast of the US, Europe, and Japan. 

The precipitation under extreme storm surge (i.e., precipitation of days with storm 

surge exceeding the 85th and 95th percentiles) and storm surge under extreme 

precipitation (i.e., storm surge of days with precipitation exceeding the 85th and 95th 

percentiles) are extracted to examine the trends. Results show that precipitation under 

extreme storm surge increased significantly on the coast of North America, Europe, 

and northern Australia, indicating the more intense precipitation when extreme storm 

surges occurred (Figure C3). In contrast, significant decreasing trends are detected in 

Japan, which indicates lower mean precipitation under extreme storm surge.  
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The changes in storm surge under extreme precipitation show larger regional 

variation (Figure C4). For storm surge under extreme precipitation exceeding the 85th 

percentiles, the significant decreasing trends are found on the western coast of North 

America, the northeast coast of the US, the east coast of South America, Europe, and 

Japan, while increasing trends are detected on the southeast coast of the US and 

northern Europe. In contrast, when applying the higher threshold, the changes in 

many tide gauges located on the west coast of the US, the northeast coast of the US, 

northern Europe, and Australia are turned from negative trends or non-trends to 

significant positive trends. That means in these locations, the storm surge under the 

most severe extreme precipitation increased significantly. In general, the spatial 

patterns of changes in compound floods, precipitation under extreme storm surge, 

and storm surge under extreme precipitation defined by 85th and 95th percentiles are 

very similar, except that when using the higher threshold (i.e., the 95th percentile), 

less significant trends can be detected because the higher the threshold, the lesser 

extreme events will be identified. However, if the threshold is set too low, there is a 

risk of failing in capturing the change signal of the most extreme event. 
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Figure C1. The annual number of compound flood days. The compound flood days 

are days with extreme precipitation and extreme storm surge exceeding the (a) 85th 

and (b) 95th percentile values. 
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Figure C2. Trends in the annual number of compound flood days. The compound 

flood days are days with extreme precipitation and extreme storm surge exceeding 

the (a) 85th, and (b) 95th percentile values. Open circles denote the insignificant 

trends (α = 0.1). 
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Figure C3. Trends in precipitation under extreme storm surge exceeding the (a) 85th 

and (b) 95th percentile values. Open circles denote the insignificant trends (α = 0.1). 
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Figure C4. Trends in storm surge under extreme precipitation exceeding the (a) 85th 

and (b) 95th percentile values. Open circles denote the insignificant trends (α = 0.1). 
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Appendix C.2 Trend in compound floods between periods of 1948–2014 and 

1979–2014 

The data record length of tide gauges used in this study ranges from 18 to 126 years. 

To test the extent to which the trend signals of the compound floods are affected by 

the periods used for trend detections, The trend analysis is applied to two time series: 

1) data during the period 1948–2014 at all 314 tide gauges (Figure C5–Figure C7); 

and 2) data during period 1979–2014 at tide gauges with a record length of at least 30 

years (Figure C8–Figure C10). In the latter case, 150 tide gauges are selected. Figure 

C5 shows that the annual number of compound flood days is the highest on the west 

and northeast coast of the US and southwestern Europe, followed by northern and 

southern Australia, and north Japan. The spatial distributions of compound flood 

days during different periods are highly consistent with that based on all available 

data shown in Figure 6.1 in the main text. When setting a shorter study period (i.e., 

1979–2014) and a longer minimum record length threshold (i.e., 30 years), the results 

are generally consistent, except for the annual numbers of compound flood days in 

southwestern Europe and the coast of Gulf of Mexico are slightly lower that of 

during longer study period (Figure C8). The trends of the annual number of 

compound flood days between 1948–2014 and 1979–2014 are shown in Figure C6 

and Figure C9. Significant increasing trends can be found on the east coast of the US 

and northwestern Europe, while in Japan and some locations in Europe, the annual 

number of compound flood days decreased significantly. Compared to longer periods 

(e.g., all available data periods [Figure 6.1 in the main text] and 1948–2014 [Figure 

C6]), significant increasing trends can be detected in more locations on the northeast 

coast of the US between 1979–2014 (Figure C9). Figure C7 and Figure C10 show the 

changes in precipitation under extreme storm surge, and storm surge under extreme 

precipitation during 1948–2014 and 1979–2014. For the precipitation under extreme 

storm surge, the main difference is found on the west coast of the US, where the 

precipitation under extreme storm surge shows increasing trends during 1948–2014, 

but decreasing or insignificant trends during 1979–2014. During 1948–2014, the 

storm surge under extreme precipitation decreased significantly on the northeast 

coast of the US. While during the period 1979–2014, significant increasing trends are 
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detected in this area. In general, spatial patterns of trends in compound floods during 

different periods are similar. 

 

Figure C5. The annual number of compound flood days during the period of 1948–

2014. Compound flood days are the days with extreme precipitation and extreme 

storm surge exceeding the 90th percentile values. 

 

Figure C6. Trends in the annual number of compound flood days during 1948–2014. 

Compound flood days are the days with extreme precipitation and extreme storm 

surge exceeding the 90th percentile values. Open circles denote the trends are 

insignificant (α = 0.1). 
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Figure C7. Trends in (a) precipitation under extreme storm surge (i.e., > 90th 

percentile); and (b) storm surge under extreme precipitation (i.e., > 90th percentile) 

during 1948–2014. Open circles denote the insignificant trends (α = 0.1). 
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Figure C8. The annual number of compound flood days during the period of 1979–

2014. Compound flood days are the days with extreme precipitation and extreme 

storm surge exceeding the 90th percentile values. Only tide gauges with record length 

of at least 30 years are shown. 

 

Figure C9. Trends in the annual number of compound flood days during 1979–2014. 

Compound flood days are the days with extreme precipitation and extreme storm 

surge exceeding the 90th percentile values. Open circles denote the trends are 

insignificant (α = 0.1). Only tide gauges with record length of at least 30 years are 

shown. 
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Figure C10. Trends in (a) precipitation under extreme storm surge (i.e., > 90th 

percentile); and (b) storm surge under extreme precipitation (i.e., > 90th percentile) 

during 1979–2014. Open circles denote the insignificant trends (α = 0.1). Only tide 

gauges with record length of at least 30 years are shown. 
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Appendix C.3 Sensitivity of trend in compound floods to the choice of 

precipitation average method 

To assess the sensitivity of compound floods to the choice of precipitation average 

method, I compare the results based on rainfall calculated by arithmetic mean 

method and inverse distance weighted method, and found no significant difference 

between them. Figure C11–Figure C13 show the spatial and temporal characteristics 

of compound floods based on the precipitation averaged using the inverse distance 

weighted method. Figure C11 shows the annual number of compound flood days by 

using the precipitation data calculated by the inverse distance weighted method. The 

compound floods occurred most frequently on the west and northeast coast of the US, 

southern Europe, northern Japan, and southern Australia, where the number of 

compound flood days exceeds 12 per year. On the east and southeast of the US, the 

northeast coast of North America, northeastern Europe, eastern Australia, and Japan, 

the annual number of compound flood days are 8–12. This spatial pattern is highly 

consistent with that of using the arithmetic mean average method (Figure 6.1 in the 

main text). The Pearson’s correlation coefficient between the annual number of 

compound floods by using different precipitation average methods is 0.99 with p-

value < 0.001. 

Figure C12 shows the trends in the annual number of compound flood days across 

the globe. Significant increasing trends in the annual number of compound flood 

days are identified on the eastern coast of the US and northwestern Europe, while 

decreasing trends are found in Japan and some tide gauges of southern Europe and 

southern Australia. The changes in the annual number of compound flood days are 

not significant (i.e., p > 0.1) in most locations on the east coast of North America and 

southeast China. The Pearson’s correlation coefficient between the trends in the 

annual number of compound floods by using different precipitation average methods 

is 0.95 with p value < 0.001. 

The trends in precipitation under extreme storm surge (i.e., > 90th percentile) and 

storm surge under extreme precipitation (i.e., > 90th percentile) are examined to 

investigate their relationships with changes in compound floods. From Figure C13a, 
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significant increasing trends in precipitation under extreme storm surge can be found 

on the northeast coast of North America, the east coast of the US, Europe, the east 

coast of Japan, and two locations in northern Australia, indicating the elevating 

probability of occurrences of heavy rainfall when extreme storm surges occurred. 

The changes in storm surge under extreme precipitation show different trends across 

regions (Figure C13b). Significant decreasing trends in storm surge under extreme 

precipitation are detected in most areas including the east coast of the US, 

northeastern Europe, Japan, and southeastern Australia, while on the southeast coast 

of the US and Europe, storm surge under extreme precipitation shows significant 

increasing trends. The changes in precipitation under extreme storm surge, and storm 

surge under extreme precipitation show very similar spatial patterns to that of using 

the simple mean average method with their correlation coefficients being> 0.98 (p < 

0.001). Therefore, the choice of precipitation average method will not significantly 

affect our analysis of compound floods. 

 

Figure C11. The annual number of compound flood days. Compound flood days are 

days with extreme precipitation and extreme storm surge exceeding the 90th 

percentile values. The precipitation is averaged based on the inverse distance 

weighted method. 
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Figure C12. Trends in the annual number of compound flood days. Compound flood 

days are days with extreme precipitation and extreme storm surge exceeding the 90th 

percentile values. The precipitation is averaged based on the inverse distance 

weighted method. Open circles denote the trends are insignificant (α = 0.1). 
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Figure C13. Trends in (a) precipitation under extreme storm surge (i.e., > 90th 

percentile); and (b) storm surge under extreme precipitation (i.e., > 90th percentile). 

The precipitation is averaged based on the inverse distance weighted method. Open 

circles denote the insignificant trends (α = 0.1). 
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