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Abstract

The South China Sea (SCS) is a region of critical economic and ecological im-

portance, subject to complex wave climates influenced by monsoon systems and

climate change. However, a comprehensive, holistic understanding of its wave

dynamics, from basin-scale extremes to coastal interactions, is still needed. This

thesis aims to provide a high-resolution, multi-scale characterization of wave pro-

cesses in the SCS. It specifically investigates long-term trends in annual maxi-

mum wave heights, their underlying multifractal properties, and the efficacy of

mangroves as a natural coastal defense.

To achieve this, a two-way coupled wave-current high-resolution hindcast was

developed for the SCS. A more specific treatment was reserved for typhoons and

extreme events, that were simulated with the Holland parametric wind model. The

hindcast data were then analyzed using a non-stationary extreme value approach to

characterize significant wave height trends and for return level estimations. More-

over, a multifractal detrended fluctuation analysis (MF-DFA)was performed to the

significant wave height series to uncover their scaling properties. Finally, the wave

dissipation capacity of mangroves was quantified through a focused case study in

the Mai Po Nature Reserve, Hong Kong.

The results reveal a solid performance of the SCHISM-WWMIII model, with
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the wave-current coupled hindcast providing robust nearshore skills, enhanced by

the Holland model for accurate typhoon peak HS and storm surge predictions.

Non-stationary extreme value analysis identifies significant wave height trends,

with most pronounced negative trends of about -0.045 m/year in northern and

eastern SCS and positive trends up to around 0.019 m/year in southern regions,

amplified by 20-30% during typhoon seasons, and 25-year return levels reaching

12 m in central-northwestern SCS, with projected increases by 2122. MF-DFA

uncovers synoptic (10-21 days), seasonal (5-7 months), and inter-annual (1.4-1.7

years) time scales, with northern SCS showing super-persistence (Hurst exponents

> 1.8) and southern regions greater stability. Mangrove dissipation at Mai Po re-

duces wave heights from 1.2-1.7 m offshore to centimeters inland, primarily due

to the effects of a shallow bathymetry, indicating that the effects of vegetation are

marginal.

This research establishes a robust numerical framework and provides novel

insights into the non-stationary and multiscale nature of SCS waves. The findings

have direct implications for coastal hazardmitigation, climate adaptation planning,

and the conservation of nature-based coastal defenses like mangrove ecosystems.
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Chapter 1

Introduction

1.1 Research context and motivation

The South China Sea (SCS) is one of the most dynamic and economically vital ma-

rine regions in the world, characterized by complex wave climates driven by sea-

sonal monsoons, tropical cyclones, and intricate bathymetric features. Its waves

influence a wide range of activities, from shipping and offshore engineering to

coastal protection and ecosystem stability. Despite its importance, a comprehen-

sive understanding of long-term wave dynamics, extreme events, and their inter-

actions with coastal systems remains incomplete, particularly at regional scales.

This knowledge gap is critical to address, given the increasing threats posed by

climate change, including rising sea levels and intensifying storm activity, which

may alter wave regimes and exacerbate coastal vulnerabilities.

A primary challenge in studying wave climatology in the SCS is the scarcity of

long-term, high-resolution observational data. While satellite altimetry and buoy

measurements provide valuable snapshots, they are often limited in spatial cover-
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age or temporal duration. To overcome this limitation, this research employs nu-

merical wave hindcasting, a powerful approach that reconstructs historical wave

conditions using the hydrodynamic model SCHISM fully coupled to the spectral

wind wave model WWMIII. By generating a multi-decadal hindcast database for

a large portion of the SCS (covering the years 1970-2022), this study provides an

unprecedented foundation for analyzing wave climate variability, validating mod-

els against sparse observations, and establishing baseline data for further statistical

and dynamical investigations. A dedicated section of this work is devoted to the

analysis of typhoons and extreme events that occurred in the selected time frame:

the Holland parametric wind model was deployed to better reproduce and simulate

the extreme events.

Beyond hindcasting, this thesis advances the understanding of wave dynam-

ics through several innovative analytical approaches. It examines long-term trends

and applies non-stationary extreme value analysis (NEVA) toHS data arising from

the above-mentioned wave hindcast, addressing a critical limitation of traditional

extreme value models that assume climate stationarity. Given the evidence of

changing storm patterns and sea-level rise, this approach offers a more realistic

framework for assessing future risks to coastal infrastructure and marine opera-

tions. In this way it is possible to detect and quantify the presence of monotonic

trends in the study domain in order to locate the most vulnerable areas. A compar-

ison is then made between the dataset that includes the Holland simulated extreme

events and the dataset that does not account for them. Moreover, the analysis al-

lows to estimate return levels ofHS with different approaches and for given return

times.

Furthermore, the research explores the complexity of wave climate variability
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through multifractal detrended fluctuation analysis (MF-DFA), a method capable

of uncovering hidden scaling behaviors, long-term persistence, and intermittency

in theHS time series in the SCS. Such insights are valuable for improving predic-

tive models and understanding the underlying physical processes governing wave

climate dynamics.

Finally, recognizing the increasing importance of nature-based solutions for

coastal protection, this research investigates the role of mangroves as natural wave

attenuators. The area investigated in this thesis is the Mai Po nature reserve in

Hong Kong. Nine water level gauges were installed in three different sections and

acquired water level elevations in 2023 and 2024. Mangrove forests, with their

dense root systems and vegetation, are known to dissipate wave energy, yet their

effectiveness under varying hydrodynamic conditions in the SCS remains under-

studied. By quantifying wave attenuation through numerical modeling and empir-

ical validation, this work provides critical insights for coastal resilience strategies,

particularly in regions where mangroves serve as a first line of defense against

erosion and storm surges.

The motivation for this research is both scientific and societal. From a sci-

entific perspective, it advances the state of knowledge in wave climate modeling,

non-stationary extremes, and nonlinear time series analysis, offering methodolo-

gies that can be applied to other ocean basins facing similar data limitations. From

a societal standpoint, the findings have direct implications for maritime safety,

coastal planning and adaptation, supporting policymakers, engineers, and envi-

ronmental managers in making informed decisions.

By integrating numerical hindcasting, statistical extremes, fractal analysis, and

ecological interactions, this thesis delivers a comprehensive perspective on wave
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dynamics in the SCS in an era of growing climatic uncertainty.

1.2 Research objectives and significance

The overarching goal of this thesis is to advance the understanding of wave dy-

namics in the South China Sea (SCS) through a combination of numerical model-

ing, statistical analysis, and ecological applications. To achieve this, the study is

structured around four primary objectives.

The research aims to develop a high-resolution, multi-decadal wave hindcast

for a large portion of the SCS using state-of-the-art spectral wave models such as

SWAN orWAVEWATCH III. This hindcast will serve as a foundational dataset for

reconstructing historical wave conditions, validating model performance against

sparse observational data, and analyzing the spatial and temporal variability of

wave climates under different meteorological forcings, including monsoons and

tropical cyclones.

The study seeks to investigate long-term trends and non-stationary extreme

wave behavior in the SCS. Traditional extreme value analysis often assumes cli-

matic stationarity, which may lead to underestimations of future risks in a chang-

ing climate. By applying advanced non-stationary extreme value models (NEVA)

to HS data, this work will provide more accurate estimates of return levels for

extreme waves, offering critical insights for coastal hazard assessment and infras-

tructure design.

Moreover, the research explores the multifractal characteristics ofHS time se-

ries through multifractal detrended fluctuation analysis (MF-DFA). This approach

will identify scaling behaviors, long-range dependence, and intermittency in wave
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climate variability, shedding light on the underlying dynamical processes that gov-

ern wave generation and propagation in the SCS. Such findings could enhance the

predictability of wave climates and contribute to improved numerical modeling

techniques.

Finally, the research quantifies wave attenuation through mangrove forests us-

ing numerical simulations and empirical validations, providing actionable knowl-

edge for nature-based coastal protection strategies.

This study holds substantial scientific and practical significance, addressing

critical gaps in wave climate research while offering actionable insights for marine

industries, policymakers, and coastal communities. From a scientific perspective,

this research contributes to several advancing fields. The high-resolution wave

hindcast fills a crucial data gap in the SCS, enabling more accurate climatological

studies and model validations. The application of non-stationary extreme value

analysis challenges traditional assumptions in wave climate studies, providing a

methodological framework that can be adapted to other regions experiencing cli-

matic non-stationarity. Meanwhile, the multifractal analysis of HS time series

offers novel insights into the complexity of wave dynamics, potentially refining

stochastic and deterministic wave prediction models.

From a practical standpoint, the findings have direct implications for marine

safety and coastal resilience. The improved characterization of extreme wave risks

supports safer maritime operations and more robust coastal infrastructure design,

particularly in typhoon-prone regions.

Furthermore, the investigation of mangroves as natural wave attenuators un-

derscores the importance of ecosystem-based adaptation in coastal protection. By

quantifying the wave-dissipating capacity of mangroves, this research provides
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empirical support for conservation efforts and the integration of nature-based so-

lutions into coastal management plans. This is particularly relevant for vulnerable

communities in the SCS, where mangroves serve as critical buffers against erosion

and storm surges, providing a framework that can be adapted for other vulnerable

coastal regions globally.

In summary, this thesis bridges fundamental and applied research, offering a

holistic understanding of wave dynamics in the SCS while delivering tools and

knowledge that can inform climate adaptation, marine resource management, and

sustainable development in the region.

1.3 Thesis structure and organization

This thesis is organized to systematically investigate wave dynamics in the South

China Sea, progressing from foundational concepts to advanced analyses and prac-

tical applications.

The Introduction establishes the research context, highlighting the scientific

and societalmotivations for studyingwave hindcasting, extreme events, and coastal

interactions in this region. It clearly defines the study’s objectives and anticipated

contributions to both academic research and coastal management practices.

A comprehensive Literature Review follows, critically examining existingwork

on numerical wave modeling, hindcasting methodologies, non-stationary extreme

value analysis, and the role of mangroves in wave attenuation. This chapter syn-

thesizes current knowledge while identifying key gaps that the present research

aims to address.

The Methodology chapter details the integrated numerical framework, com-



CHAPTER 1. INTRODUCTION 8

bining the SCHISMmodel for hydrodynamic processes withWWMIII for spectral

wave simulations. It elaborates on the implementation of typhoon parametriza-

tions, trend analysis techniques, multifractal detrended fluctuation analysis (MF-

DFA), and approaches for quantifying mangrove attenuation effects.

Results are presented thematically, beginning with validation of the wave hind-

cast system before exploring observed trends in extreme wave behavior, multifrac-

tal characteristics of wave height time series and mangrove-induced wave dissi-

pation. Each section includes targeted interpretation of the findings, maintaining

direct alignment with the research objectives.

Finally, the last chapter synthesizes the key insights and places them within

the broader context of coastal hydrodynamics and climate change adaptation. It

critically evaluates the study’s contributions, acknowledges methodological limi-

tations, and proposes actionable directions for future research. The chapter con-

cludes by emphasizing the implications of the findings for science, policy, and

sustainable coastal development.

Supplementary technical details and extended datasets are provided in the Ap-

pendices to ensure reproducibility and support further investigation.



Chapter 2

Research background and literature

review

2.1 Numerical modeling approaches in coastal hy-

drodynamics

The selection of numerical models is primarily determined by the specific objec-

tives of the analysis. In recent years, unstructured-grid models have emerged as

a robust alternative to traditional regular-grid models, particularly for large-scale

applications, as highlighted by Mentaschi et al. (2023). Unstructured-grid mod-

els offer significant advantages in coastal and oceanic simulations due to their

ability to generate flexible meshes that conform to complex shorelines and in-

tricate bathymetric features. This adaptability is particularly valuable in regions

with archipelagos or irregular topographies, where resolution requirements vary

considerably across the domain. The increasing demand for high-resolution sim-

9
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ulations across diverse spatial and temporal scales has further driven the adoption

of unstructured-grid approaches (Dietrich et al. 2011).

Among themost widely used unstructured-grid circulationmodels are the Finite-

Volume Coastal Ocean Model (FVCOM, C. Chen et al. (2003)) and the System of

HydrodYnamic Finite Element Modules (SHYFEM, Federico et al. (2017) and

Umgiesser et al. (2004)). Other prominent models include ADCIRC (Luettich et

al. (1992) and Lynch et al. (1996)), TELEMAC (Galland et al. (1991)), and the

Semi-Implicit Cross-scale Hydroscience Integrated System Model (SCHISM, Y.

Zhang and Baptista (2008), Y. J. Zhang et al. (2016), and Y. J. Zhang et al. (2023)).

These models have been extensively applied in coastal and estuarine hydrodynam-

ics due to their ability to efficiently represent complex geometries and multi-scale

processes.

In the context of spectral wave modeling, several frameworks are commonly

employed. These include SWAN (Booij et al. (1999)), TOMAWAC (Benoit et al.

(1997)), and WAVEWATCH III (Tolman (1991)). Additionally, models such as

WAM (Group (1988)), MIKE21 SW (Sørensen et al. (2005)), CREST (Ardhuin et

al. (2001)), and WWMIII (Roland et al. (2008), Roland et al. (2009), and Roland

et al. (2012)) are widely used for simulating wave dynamics across different en-

vironments. The versatility of these models allows for accurate representation of

wave processes in coastal regions, further enhancing the capabilities of modern

hydrodynamic simulations.

The integration of unstructured-grid circulation models with spectral wave

models has significantly advanced the field of coastal hydrodynamics, enabling

more precise and efficient simulations of coupled wave-current interactions in

complex coastal systems.



CHAPTER 2. RESEARCH BACKGROUND AND LITERATURE REVIEW 11

2.2 Wave hindcasting

The existing literature provides several examples and applications of both global-

scale wave hindcasts (M. A. Hemer et al. 2013; Perez et al. 2017; Stopa et al. 2019;

Mentaschi et al. 2023) and more regionally focused studies (Mirzaei et al. 2013;

Liang et al. 2016; Shi et al. 2019). The Eastern part of the North Atlantic coast

was studied by Bauer (2001), who produced a high-resolution ocean wave hind-

cast from 1981 to 1993 with the WAMwave model. Pilar et al. (2008) generated a

44-year wave hindcast (1958-2001) with the WAMmodel and Dodet et al. (2010)

investigated the wave climate variability using a 57-year wave hindcast (1953-

2009) obtained with a spectral wave model forced with reanalysis wind fields.

Later in 2013, Bertin et al. (2013) developed a 109-year wind wave hindcast for the

North Atlantic Ocean based on the 20th century atmospheric reanalysis (20CR).

Recently, a new dataset for the North Atlantic European waters has been published

with a relatively high spatial resolution (Alday and Lavidas 2024). Mentaschi et al.

(2013b) analyzed the performance of WAVEWATCH III in the Western Mediter-

ranean Sea concerning seventeen storm events. The Central and South Pacific was

investigated by Durrant et al. (2014) while generating a 31-year global wave hind-

cast with the deployment of WAVEWATCH III. Perez et al. (2017) also generated

a global wave hindcast from 1979 to 2015 with an improved resolution of 0.25◦

in coastal areas and near the poles. Only later, Mentaschi et al. (2023) developed

a 73-year global hindcast of waves and storm surges utilizing SCHISM-WWMV

and considering an unstructured mesh characterized by more than 650000 nodes

and with the highest resolutions ranging between 2 and 4 kilometers near costal

areas.
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The area examined in this workr encompasses a substantial portion of the SCS:

a marginal sea of the Western Pacific Ocean enclosed by the Indochinese Penin-

sula, China, Taiwan, Philippines, Indonesia, Malaysia and Borneo. During the

summer and autumn seasons, this region experiences the impact of intense winds

and typhoons, occasionally leading to significant harm to coastal structures, off-

shore installations, and vessels (Shi et al. 2017; H. Wang et al. 2017). In fact, the

climatology of this area is strongly influenced by the East Asia monsoon, with

northerly winds prevailing during the boreal winter and southerly winds dominat-

ing in the summer. Qian et al. (2020) studied the climatology of wind-seas and

swells of the SCS and assessed that the significant wave heights of wind seas are

predominant and significantly higher than the significant wave heights of swells.

Moreover, they highlighted that the wind is affected by strong seasonality and

ranges from mean values of wind velocities greater than 8 m/s during winter to

values around 6 m/s during summer. Regarding the wave conditions in the area,

J. Wang et al. (2021) analyzed the spatiotemporal variations ofHS in the SCS and

found that the maximum values of significant wave heights occur during summer

(typically between 5 m and 11 m with peaks that can reach 15 m in July) and

lowest values occur during winter and spring with values between 1 m and 7 m.

Moreover, the spatial pattern of the maximum significant wave height is found to

be consistent with the trajectories of most tropical cyclones. Regarding the tidal

conditions, the South China Sea predominantly features a microtidal regime, with

the largest M2 tide amplitude of about 2 meters in the Taiwan Strait, as reported

by a numerical study of the tidal dynamics in the SCS by Zu et al. (2008).

Extensive research efforts have been undertaken in this region to develop fore-

casting or hindcasting of waves, analyze wave climate trends, and achieve a com-
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prehensive understanding of the wave dynamics. Several studies focused on wave

condition analysis and wave energy assessment (Z. Wang et al. 2018; Jiang et al.

2019; Sun et al. 2020; S. Yang et al. 2020). Researchers have also been explor-

ing the effects of concurrent storm-tide-tsunami events (J. Wang and P. L.-F. Liu

2021) and the observations and modeling of typhoon waves (S. Yang et al. 2015;

Y. Xu et al. 2017; Wu et al. 2018). The literature also includes examples of wave

hindcasts produced in this region. Mirzaei et al. (2013) conducted a 31-year wave

hindcast using the WAVEWATCH III model, aiming to evaluate the long-term al-

terations and inter-annual variations in the wave climate of the SCS. The hindcast

employed a minimum resolution of 0.3 degrees to depict the wave characteristics

accurately and provided results every 3 hours, which could lead to neglecting im-

portant peaks in the wave height distributions. The wave climate in the Bohai Sea,

Yellow Sea, and East China Sea for the period spanning 1990 to 2011 was investi-

gated by Liang et al. (2016) using the SWANmodel and a minimum resolution of 1

arcminute. Another study by Shi et al. (2019) produced a wave hindcast covering

the time span from 1979 to 2017 along the Chinese coast reaching resolutions of

1 km in shallow areas deploying the TOMAWACmodel. A limitation of the latter

study is that, as noted in the conclusions, the long-term trends in the wave climate

may be affected by temporal inhomogeneities in the wind field.

Numerical wave modeling can be performed accounting for the influence and

interaction of currents or by neglecting them entirely. As mentioned by Kong et

al. (2024), the exchange of data in two-way coupled models between waves and

currents results in amore accurate representation of some real complex phenomena

such as the wave-induced turbulent mixing in 3D applications (Kumar et al. 2012).

Practice has shown that, typically, coupled models exhibit superior performance
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in simulating wave conditions compared to wave-only models (Kong et al. 2024).

This improvement can be attributed to the inclusion of current effects, which play

a significant role in accurately depicting phenomena such as dissipation, wave

breaking, wave refraction and wave steepening (Ardhuin et al. 2012).

The analysis presented in this study is based on the two-way fully coupled

SCHISM-WWMIII modeling system. A detailed description of the model setup

is provided in the subsequent sections. The primary objective of this analysis is

to produce a 53-year wave hindcast for a significant portion of the South China

Sea, with a specific focus on the coastline of the Guangdong province, which is

one of the most densely populated regions in China (Z. Chen et al. 2022) with a

population of about 86.17 million, as per 2020 (Xie et al. 2024). The numerical

simulations in terms of wave characteristics and water levels have been validated

against offshore satellite altimeter observations, coastal wave measurement sta-

tions and tidal gauges.

2.3 Trend analysis and non-stationary extreme value

analysis

The simplest and most straightforward method for assessing trends in sea state

datasets is to perform a linear regression over certain variables of the time series.

This methodology has been widely used to analyze HS trends, including studies

in the Northwest Pacific Ocean (Ruggiero et al. 2010), the western coast of the

United States (Allan and Komar 2006), Gulf of Mexico (Appendini et al. 2014),

the Arabian Sea (Shanas and Sanil Kumar 2014), the Balearic Sea (Cañellas et al.
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2024), the South China Sea (Shi et al. 2019) and the Italian Seas (Martucci et al.

2010).

A modified approach that is not influenced by outliers and therefore provides

an improved slope estimation is the so-called Theil-Sen (TS) method (Sen 1968;

Theil 1992). The TS slope was employed to analyze trends in monthly quantiles

in the Adriatic Sea (Pomaro et al. 2017). Vanem andWalker (2013) estimated long

term trends ofHS in the North Atlantic ocean by means of the Theil-Sen estimator

and then compared the results with other existing methods. More sophisticated

approaches, such as the wavelet analysis, were used by Castelle et al. (2018) in

order to assess the time-variation of temporal modes of variability in the Atlantic

coast of Europe.

When analyzing changes and temporal trends of geophysical variables (such as

temperature, wind velocities and wave characteristics), the non-parametric Mann-

Kendall (MK) statistical test (Mann 1945; Kendall 1948) is the preferred method.

Concerning the assessment of trends in theHS distribution, the MK test was used

by J. Wang et al. (2021) to identify significant trends in the South China Sea based

on a 71-year old wave reanalysis. Caloiero et al. (2019) performed a trend analysis

based on the MK test in the southern part of Italy while similar approaches were

conducted by Nguyen et al. (2022) in Vietnam and by Aydoğan and Ayat (2018)

in the Black Sea.

While the techniques discussed above (linear regression, Theil-Sen slope esti-

mator, and non-parametric Mann-Kendall test) are effective for the detection and

quantification of trends in wave climate parameters, they do not directly address

changes in extreme wave conditions, which are critical for coastal risk assessment

and engineering design. In order to evaluate extremes, extreme value analysis
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(EVA) provides a framework for estimating return levels under the assumption

of stationarity or by incorporating temporal trends (non-stationary EVA). Typi-

cally, traditional infrastructure design has been based on stationary return levels,

which assume that the statistical properties of extreme events do not vary over

time (Tank et al. 2009). However, robust evidence is indicating that the intensity

and frequency of extreme events is continuously changing also due to the induced

effects of climate change (Milly et al. 2008; Change 2007). Thus, it is becoming of

primary importance to account for non-stationarity in extremes and in this context,

Non-stationary Extreme Value Analysis (NEVA) has recently emerged as a power-

ful approach, providing more reliable estimates of return levels and trends. In this

context, Menéndez andWoodworth (2010) implemented a non-stationary extreme

value approach to analyze changes in maxima of total elevations and surges over

the 20th century. In a more recent work conducted by Boumis et al. (2023), a non-

stationary extreme value theory was applied to model the behavior of extreme sea

levels and quantify the evolution of annual maximum values using revised prob-

abilistic sea-level rise projections. Other notable works are those presented by

Baldan et al. (2022), Galiatsatou et al. (2021), and Mentaschi et al. (2016). Many

other studies are listed and cited in the systematic literature review about applica-

tions of nonstationary extreme value analysis in the coastal environment provided

by Radfar et al. (2023).

Among the methodological advances in this field, Cheng et al. (2014) intro-

duced a practical Matlab package (called NEVA) for estimating stationary and

especially non-stationary return levels. Several applications regarding the latter

methodology can be found in the literature. Luo and Zhu (2019) analyzed extreme

HS in the SCS and modeled extreme HS using the non-stationary GEV approach



CHAPTER 2. RESEARCH BACKGROUND AND LITERATURE REVIEW 17

in the NEVA package. Similarly, Du et al. (2024) applied the NEVA framework

to analyze the trends of 50- and 100-year wave heights. In a work published by

Toimil et al. (2021), future projections of coastal erosion in northern Spain are in-

vestigated following the same non-stationary approach. Moreover, De Leo et al.

(2021) analyzed the non-stationary behavior of annual maxima series of significant

wave height and peak period in the Mediterranean Sea and Vanem (2015) applied

a non-stationary analysis of extremes in an area of the North Atlantic Ocean.

The region investigated in this study comprises the majority of the South China

Sea, as presented in the work performed by Bagnasco et al. (2025). The northwest-

ern Pacific and the South China Sea are characterized by severe typhoon activity,

leading to intense surface waves that pose a threat to both the economy of the area

and to human lives (Y. Xu et al. 2017). The effects of typhoons have been exten-

sively investigated in previous works. For instance, Y. Xu et al. (2017) performed

simulations of three typhoon events in the South China Sea and then compared the

generated typhoon waves with observations retrieved from wave buoys. A. Li et

al. (2020) investigated the dependence of typhoon-induced storm surge and wave

set-up on typhoon intensity and size in the South China Sea. Differently, Pham

et al. (2019) characterized the spatio-temporal variations of extreme sea level and

explored their long-term evolution along the low-lying, densely populated coasts

of the South China Sea by applying a dynamic linear model for the generalized

extreme value distribution.

In this study, a non-stationary analysis of annual significant wave height (HS)

extremes in the South China Sea is conducted, based on the hindcast data from

Bagnasco et al. (2025) (1970-2022) and employing the framework established by

Cheng et al. (2014). After identifying the presence of statistically significant trends
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by means of the MK test and computing the trend estimation based on the TS

slope estimator, a non-stationary Generalized Extreme Value distribution (GEV)

was applied to all the nodes of the hindcast mesh. In this way, it was possible

to estimate the return levels for certain sets of return periods. The dataset hereby

considered includes a series of typhoons that occurred in the numerical domain

that were simulated with the parametric Holland model (G. Holland 2008). Since

the non-stationary extreme value analysis was applied to annual extremes of HS ,

incorporating typhoon events significantly improved the reliability for both trend

estimates and return level calculations.

2.4 Multifractal detrended fluctuation analysis

Fractals are structures or processes that exhibit a statistically self-similar pattern

across a wide range of spatial or temporal scales (Glenny et al. 1991). Fractal phe-

nomena are widely observed throughout the natural world (e.g., the morphology of

coastlines and river networks, and the branching structures of trees) and in physical

and chemical systems (e.g., fractal noise and soil particle distributions). The fun-

damental objective of fractal analysis is to discover underlying order within com-

plex, high-dimensional, and stochastic datasets by quantifying their fractal dimen-

sions. This approach enables the modeling of dynamic environmental changes,

thereby facilitating the optimization of distribution models. Consequently, fractal

analysis has been formalized as a core methodology, contributing substantially to

recent progress in data science.

The detrended fluctuation analysis method (hereby called DFA, (C.-K. Peng

et al. 1994)) is a commonly adopted method to determine (mono-) fractal scaling
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properties and detect long-range correlations in non-stationary and noisy time se-

ries. It has been effectively applied across a wide range of disciplines, including

DNA sequencing (C.-K. Peng et al. 1994; Buldyrev et al. 1998), neuron spik-

ing (Blesić et al. 1999), long time weather records (Koscielny-Bunde et al. 1998;

Talkner and Weber 2000), economics time series (Stanley and Mantegna 2000)

and many more. A key reason for using the DFA method is to prevent the spuri-

ous detection of correlations that arise from non-stationarities in the time series.

A time series can exhibit a simple monofractal scaling behavior that can be

described by a single scaling exponent. However, in some cases, it is possible

to observe crossover time scales that separate regimes characterized by different

scaling exponents (Kantelhardt et al. 2001; K. Hu et al. 2001). In other cases, the

scaling behavior is more complex, and different scaling exponents are required

for different segments of the time series, indicating the presence of multifractal

properties that require the application of a multifractal analysis.

Generally, multifractality arises when a time series exhibits varying scaling

behaviors across different interwoven fractal subsets, necessitating a spectrum

of scaling exponents to fully capture its dynamics. Unlike monofractal systems,

which are described by a single scaling exponent, multifractal systems display a

range of scaling behaviors that reflect their complex, heterogeneous structure. This

complexity often stems from the interplay of multiple underlying processes or the

presence of long-range correlations with diverse statistical properties. Multifrac-

tal scaling is addressed by applying the multifractal detrended fluctuation analysis

methodology (MF-DFA, (Kantelhardt et al. 2002)) which is an extension of the

standard DFA method proposed by C.-K. Peng et al. (1994).

Despite its use across diverse fields, MF-DFA has also been applied to wave
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height time series even though there are only a few examples in the literature.

G. Liu et al. (2019) applied this methodology to wave height data collected at

Chaolian Island (China) between 1963 and 1989 to analyze their statistical char-

acteristics, finding the presence of weak multifractality. In his thesis, López Avila

(2020) investigated the significant wave height series of 52 wave measurements

distributed in the western Mediterranean, between the period 2000-2005. López

Avila (2020) concluded that the areas of greatest asymmetry were related to wind

instability and wave height and persistence with an upward trend in wave height

was observed in fetches influenced by strong northern winds. Later, H. Liu et al.

(2023a) applied theMF-DFAmethod to analyze the hourly significant wave height

records of a series of locations in the South China Sea. The signals were mostly

characterized by dominant long-range correlations and showed a crossover point

at around 12-13 days, therefore dividing the fluctuation of the significant wave

height series into two parts. Moreover, H. Liu et al. (2023b) used the MF-DFA

method to determine thresholds based on the changes of long-term correlations

arising from the analysis of long-term significant wave height series in the South

China Sea.

In this study, hourly values of significant wave heights spanning the period

1970-2022 were considered to perform theMF-DFAmethod. The data is retrieved

from the two-way fully coupled wave-current hindcast provided by Bagnasco et al.

(2025), which covers a large portion of the South China Sea (SCS). The objective

is to analyze the behavior of significant wave height SCS as a whole, assessing

potential short- and long-term correlations and determining the characteristic time

scales prevalent in the region.
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2.5 Mangroves as natural coastal wave attenuators

Mangroves are unique ecological systems located at the interface of land and sea

along tropical and subtropical coastlines. Mangrove coastal vegetation displays

life-history adaptations to overcome challenges associated with establishment in

dynamic, mobile substrates influenced by currents and ocean waves, as well as

high salinity (0–90 ppt) in waterlogged, anoxic sediments (Kamil et al. 2021).

Nonetheless, mangroves contribute to coastal protection by reducing wave height

and energy, serving as a natural barrier against incoming waves and thereby miti-

gating erosion (W. K. Lee et al. 2021). In recent decades, studies have highlighted

themultifaceted benefits of mangrove trees, including: 1) preserving coastal biodi-

versity (Nehru and Balasubramanian 2018), 2) serving as critical nursery habitats

for juvenile fish and crustaceans (Punchihewa and Krishnarajah 2019; Kamil et al.

2021), 3) offering coastal protection against flooding and erosion by dissipating

wave energy (Chang et al. 2020), and 4) providing significant carbon sequestration

to support climate regulation services (Bell-James et al. 2020).

Waves are attenuated through interactions with mangrove forests, driven by

reduced water depths and resistance from mangrove roots, stems, and canopies in

sufficiently deepwater. Wave energy dissipation due to wave deformation depends

on wave parameters (height, length, and period) and water depth, particularly in

the intertidal zone’s morphology, and can be numerically estimated when these

parameters are known (Phan et al. 2019; Kamil et al. 2021).

Laboratory studies have elucidated the role of mangrove density and config-

uration in wave attenuation. Research by Hashim and Catherine (2013) demon-

strated that denser mangrove forests achieve greater wave height reduction, with
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staggered and tandem arrangements showing minimal differences. Vegetated ar-

eas exhibited approximately twice the wave reduction compared to non-vegetated

areas, with mangroves exerting higher drag forces that enhance energy dissipa-

tion. Similarly, Pasha and Tanaka (2016) and Pasha and Tanaka (2017) found

that higher densities of emergent vegetation more effectively attenuates wave en-

ergy, with dissipation influenced by current direction, velocity, water depth, and

vegetation density. Numerical modeling complemented these experiments to ad-

dress limitations in generating stable current velocities.Kristiyanto, Armono, et al.

(2013) explored the role of wave steepness, defined by wave height and period,

in wave dissipation through laboratory and field studies, deriving the transmission

coefficient (Kt) as the ratio of incident to transmitted wave height. Strusińska-

Correia et al. (2013) investigated wave attenuation across varying mangrove for-

est widths under tsunami conditions, showing greater reduction in wider forests

due to longer wave travel distances. However, laboratory mangrove models often

simplify structures (e.g., using cylinders), omitting roots, branches, and canopies,

which may affect the accuracy of wave attenuation estimates. Additionally, bed

friction in wave flumes is typically ignored, despite the need to replicate themuddy

substrates characteristic of mangrove environments.

Regarding numerical modeling, significant advancements have been made in

understanding wave attenuation by mangroves, often represented as coastal veg-

etation. Iimura and Tanaka (2012) used Boussinesq-type equations with porosity

and resistance terms to model tsunami energy reduction, showing greater water

level and velocity reductions with increased vegetation density. Validation ex-

periments indicated a 10% error, highlighting the need for improved modeling of

vegetation boundaries and back-row effects. Similarly, Teh et al. (2009) incorpo-
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rated the Morison equation into the TUNA-RP model, using mangrove geometry

data from Penang, Malaysia, to demonstrate that wave height and velocity reduc-

tion ratios vary with wave and mangrove parameters. Adytia and Husrin (2019)

refined this approach by adding bottom roughness dissipation terms to model non-

linear tsunami wave attenuation, relating required mangrove width to wavelength

for specific dissipation rates. For short-period waves, Van Rooijen et al. (2015)

extended the XBeach model with formulations from Mendez and Losada (2004)

to quantify attenuation of short waves, infragravity waves, and mean flow. Z. Hu

et al. (2014) modeled vegetation drag in tidal currents, finding wave attenuation of

96–97% during high tides and 85–90% during low tides, with mangrove canopies

and roots playing key roles in high and low tides, respectively.

Abdullah et al. (2019) used the Mansard-Funke method and spectral analysis

to assess wave amplitude, period, and mangrove density, noting higher energy

dissipation in denser mangroves under submerged conditions. Recent studies have

shifted towardmodelingmangroves as flexible vegetation, with the XBeachmodel

adapted to account for dynamic vegetation motion, improving predictions of wave

dissipation (Yin et al. 2021; Yin et al. 2022; Ma et al. 2024).

The area investigated in this work concerns theMai PoNature Reserve, located

in the northwestern part of Hong Kong near the Inner Deep Bay. The Mai Po

Nature Reserve has been the subject of extensive research, providing a foundation

for understanding its ecological and wave attenuation functions.

Studies indicate that wave height reductions in such environments can reach

up to 90% in some cases (Mclvor et al. 2012; Rasmeemasmuang and Sasaki 2015).

Despite hypothetical predictions of wave and storm surge attenuation in the Mai

Po region, field measurements of wave activity and water levels remain scarce, un-
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derscoring the need for this project’s field-based data collection (Wikramanayake

et al. 2020; De Dominicis et al. 2023). Key publications provide foundational data

on Mai Po’s mangrove ecosystem. Early work by Khan (1999) documented the

structure and composition of Mai Po’s seaward mangrove forest, detailing ground

elevation and seedling density. Owen and R. Lee (2004) examined sediment dy-

namics in Deep Bay, highlighting human impacts on sedimentation processes rel-

evant to the coastal environment of Mai Po. Y. Chen and Wai (2005) modeled

wave-current interactions in Deep Bay, demonstrating that wind significantly in-

fluences wave propagation and increases suspended sediment concentrations by

up to 20 times when wave and current magnitudes are comparable. Wave attenua-

tion studies provide critical insights for this research. Mclvor et al. (2012) reported

wave height reductions of 13–55% over 100 m of mangroves, with greater reduc-

tions associated with higher mangrove density, using models like SWAN (Simu-

lating Waves Nearshore). Similarly, Rasmeemasmuang and Sasaki (2015) found

wave reductions of 20–90% in mangrove forests, influenced by hydrodynamic,

botanical, and geological factors (Rasmeemasmuang and Sasaki 2015). Garzon et

al. (2019) investigated Spartina saltmarshes in Chesapeake Bay, noting that wave

attenuation (50–70% for wave heights of 1.55 m and 0.8 m, respectively, at 250 m

from the marsh edge) depends on water depth, plant height, and current directions.

Wikramanayake et al. (2020) applied the Sea Level Affecting Marshes Model to

assess habitat impacts under sea level rise scenarios (1.5 m and 2.0 m) for 2050,

2075, and 2100, indicating potential mangrove and tidal flat impacts by 2100 under

various accretion rates.

Advanced remote sensing studies (Q. Li et al. 2019; Q. Li et al. 2021) utilized

WorldView-3 and LiDAR data to classify seven mangrove species in Mai Po and
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estimate biophysical parameters such as canopy height, cover, stratification, leaf

area index, and biomass, which may correlate with drag coefficients and wave

attenuation. Best et al. (2022) quantified wave attenuation in Guyana’s mangrove

belt, reporting rates of 0.002–0.0032 m−1 within mangroves compared to 0.0003–

0.0004 m−1 on bare mudflats, with attenuation positively correlated to vegetation

density. The wave height reduction rate, α (m−1), is calculated as:

α =
∆Hs,0

Hs,0∆x
, (2.1)

where∆Hs,0 is the wave height reduction (m),Hs,0 is the initial wave height (m),

and∆x is the distance in the direction of wave propagation (m) (Best et al. 2022).

Finally, De Dominicis et al. (2023) highlighted the effectiveness of mangroves in

attenuating extreme water levels in the Pearl River Delta, emphasizing the role of

vegetation patch width and drag, though focused on storm surges rather than short-

period wind waves. These studies collectively underscore the importance of field

measurements to validate wave attenuation models in Mai Po, addressing the gap

in empirical data and enhancing the understanding of mangrove-mudflat systems

as natural coastal defenses.
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Methodology

This study is based on a 2-dimensional, 2-way coupled model, combining the

Semi-implicit Cross Scale Hydroscience Integrated System Model SCHISM and

the third-generation spectralWindWaveModelWWMIII. The 2-way coupling im-

plies that the current velocities and sea water levels are provided to the wavemodel

and the latter computes the wind stresses that are then handed back to SCHISM.

More details and formulations about the two models are provided in the following

Sections.

3.1 SCHISM:model framework and governing equa-

tions

SCHISM (Semi-implicit Cross-scale Hydroscience Integrated System Model) is

an open-source community-supportedmodeling system based on unstructured grids,

designed for seamless simulation of 3D baroclinic circulation across creek-lake-

river-estuary-shelf-ocean scales that was implemented by Dr. Zhang in 2016 (Y. J.

26
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Zhang et al. 2016). This unstructured-grid model is the upgrade of an existing

model (SELFE) (Y. Zhang and Baptista 2008) which is the Semi-implicit Eulerian-

Lagrangian Finite-element model for cross-scale ocean circulation. As reported in

the SCHISM v5.9 user manual, the main characteristics of the model can be listed

as follows:

• 1) Finite-element/finite-volume formulation

• 2) Unstructured mixed triangular/quadrangular grid in the horizontal dimen-

sion

• 3) Hybrid SZ coordinates or new LSC2 in the vertical dimension

• 4) Polymorphism: as ingle grid can mimic 1D/2DV/2DH/3D configurations

• 5) Semi-implicit time stepping (no mode splitting): no CFL stability con-

straints, which results in higher numerical efficiency

• 6) Robust matrix solver

• 7) Higher-order Eulerian-Lagrangian treatment of momentum advection

• 8) Natural treatment of wetting and drying suitable for inundation studies

• 9) Mass conservative and monotonicity-enforced transport: TVD2

• 10) No bathymetry smoothing necessary

• 11) Very tolerant of bad-quality meshes in the non-eddying regime

SCHISM been successfully used in several applications to model tsunami haz-

ards, short wave-current interactions, storm surge, sediment transport, oil spills,
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3D baroclinic cross-scale lake-river-estuary-plum-shelf-ocean circulations, ecol-

ogy, biogeochemistry and water quality. With the hydrostatic and Boussinesq ap-

proximations, the Navier-Stokes equations can be written as shown below.

Momentum equation :
Du

Dt
= f− g∇η +mz − α|u|uL(x, y, z), (3.1)

f = f(v,−u)− g

ρ0

ηˆ

z

∇ρ dζ − ∇pa
ρ0

+ αg∇ψ + Fm + other, (3.2)

Continuity equations in 3D and 2D depth-averaged forms:

∇ · u+
∂w

∂z
= 0, (3.3)

∂η

∂t
+∇ ·

ˆ η

−h

u dz = 0, (3.4)

Transport equation :
∂C

∂t
+∇ · (uC) = ∂

∂z

(
k
∂C

∂z

)
+ Fh, (3.5)

Equation of state : ρ = ρ(S, T, p), (3.6)

Where:

• u(x, y, z, t) = (u, v): Horizontal velocity components in m s−1

• w(x, y, z, t): Vertical velocity in m s−1

• p: Hydrostatic pressure in Pa

• pA: Atmospheric pressure reduced to MSL in Pa

• ρ, ρ0: Water density and reference density in kgm−3

• f: Other forcing terms in momentum equations (baroclinic gradient, horizontal
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viscosity, Coriolis, earth tidal potential, atmospheric pressure, radiation stress)

- typically treated explicitly in numerical formulation

• g = 9.81ms−2: Acceleration of gravity

• C: Tracer concentration (salinity, temperature, sediment, etc.) in relevant units

• ν: Vertical eddy viscosity in m2 s−1

• k: Vertical eddy diffusivity for tracers in m2 s−1

• Fm: Horizontal viscosity in m2 s−1

• Fh: Horizontal diffusion and mass sources/sinks in m2 s−1

and

∇ =

(
∂

∂x
,
∂

∂y

)
Horizontal gradient operator

D

Dt
=

∂

∂t
+ u · ∇ Material derivative

(x, y) Horizontal Cartesian coordinates

z Vertical coordinate (positive upward)

t Time

η(x, y, t) Free-surface elevation in m

h(x, y) Bathymetric depth (from fixed datum) in m

The momentum equation (as shown in Equations 3.1 and 3.2) can also account

for the effects of vegetation. α(x,y) is a vegetation parameter that represents the

vegetation-related density variable, expressed in m−1 and defined as:

α(x, y) = DνNν
CDν

2
, (3.7)
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where:

Dν is the stem diameter

Nν is the vegetation density (stems per m2)

CDν is the bulk form drag coefficient

The selection of CDν is the object of several studies with values that vary between

0 and 3 (Tanino and Nepf 2008; Nepf and Vivoni 2000), and is validated against re-

ported laboratory study values. The underlying assumption in the SCHISMmodel

is to treat the vegetation elements as solid cylinders. Flexibility of the stems or

sheltering effects within a cluster of vegetation can lead to one or two orders of

reduction in the drag forces, and Gaylord et al. (2008) showed that the drag co-

efficient is also species-dependent. Since SCHISM allows ’polymorphism’ with

mixed 2D and 3D cells in a single grid (Y. J. Zhang et al. 2016), the vertical eddy

viscosity term can be expressed in different forms as shown here:

mz =


∂
∂z

(
ν ∂u

∂z

)
for 3D cells

τw − χu

H
for 2D cells

(3.8)

and the vegetation term:

L(x, y, z) =


H(zv − z), 3D

1, 2D
(3.9)

where ν is the eddy viscosity, τw is the surface wind stress, H = h + η is the

total water depth (with h being the resting depth measured from a fixed datum),
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χ = CD|u| is the bottom friction term, CD is the bottom drag coefficient andH is

the Heaviside step function:

H(x) =


1, x ≥ 0

0, x < 0

(3.10)

Where zν is the z-coordinate of the canopy and u denotes the depth-averaged ve-

locity in a 2D region.

3.1.1 Boundary conditions

The differential equations in Section 3.1 need Initial Conditions (ICs) and Bound-

ary Conditions (BCs). Typically, all state variables (η,u, C) are specified at time t

= 0 as ICs and these are also specified at all open lateral boundary segments (open

ocean, rivers, etc.). However, not all variables need to be specified at all boundary

segments. The vertical BCs for momentum equation, continuity equation, trans-

port equation, and equation of state are described in detail below as these impact

the numerical scheme. Note that these only apply to 3D cells; for 2D cells, the

momentum equation (see Equation 3.8) has considered the BCs. At the sea sur-

face, SCHISM enforces the balance between the internal Reynolds stress and the

applied shear stress:

ν
∂u
∂z

= τw at z = η (3.11)

where the wind surface stress τw can be parametrized using the approach of Zeng

et al. (1998) or the simpler one introduced by Pond and Pickard (1983). If the wind

model is invoked, the stress can also be calculated from the wave model. Since the
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bottom boundary layer is usually not well resolved in ocean models, the no-slip

condition at the sea or river bottom (u = w = 0) is replaced by a balance between

the internal Reynolds stress and the bottom frictional stress:

ν
∂u
∂z

= τb at z = −h (3.12)

The specific form of the bottom stress τb depends on the type of boundary layer

used. In case of turbulent boundary layer (Blumberg and Mellor 1987), given its

prevalent usage in ocean modeling, the bottom stress is defined as:

τb = CD|ub|ub ≡ χub (3.13)

The velocity profile in the interior of the bottom boundary layer obeys the follow-

ing logarithmic law:

u =
ln
(

z+h
z0

)
ln
(

δb
z0

) ub, −h+ z0 ≤ z ≤ δb − h (3.14)

which is smoothly matched to the exterior flow at the top of the boundary layer.

In the previous equation (Equation 3.14), δb is the thickness of the bottom com-

putational cell (assuming that the bottom is sufficiently resolved in SCHISM that

the bottom cell is inside the boundary layer), z0 is the bottom roughness, and ub is

the velocity measured at the top of the bottom computational cell. Therefore, the

Reynolds stress inside the boundary layer is computed as:

ν
∂u
∂z

=
ν

(z + h) ln
(

δb
z0

)ub (3.15)
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Utilized the turbuluence closure theory discussed below, it is shown that the Reynolds

stress is constant inside the boundary layer:

ν
∂u
∂z

=
k0

ln
(

δb
z0

)C1/2
D |ub|ub, z0 − h ≤ z ≤ δb − h (3.16)

Equation 3.16 shows that the vertical viscosity term in the momentum equation

vanishes inside the boundary layer. Moreover, the drag coefficient can then be

calculated as discussed in Blumberg and Mellor (1987):

CD =

(
1

k0
ln
(
δb
z0

))−2

(3.17)

3.2 WWMIII:model framework and governing equa-

tions

As anticipated in Section 2.1, WWMIII (WindWaveModel III) is an unstructured-

grid, state-of-the-art, third-generation spectral wind wave model that can be cou-

pled to SCHISM in order to simulate the sea state in coastal and ocean waters.

WWMIII is the upgraded version of WWMII, the details of which are well ex-

plained in Roland et al. (2008) and Roland et al. (2009). The theory behind the

model and the equations that will be hereby shown are presented and discussed in

the thesis written by Roland (Roland et al. 2008).

Themain equation that needs to be solved is theWaveAction Equation (WAE):

∂N

∂t
+∇x(ẊN) +

∂

∂σ
(θ̇N) +

∂

∂θ
(σ̇N) = Stot (3.18)
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Where the wave action density spectrum (N) is defined as:

N(t,X, σ, θ) = E(t,X, σ, θ)
σ

(3.19)

And

∂N

∂t
represents the change in time of the wave action density spectrum

∇x(ẊN) represents the advection in horizontal space
∂

∂σ
(θ̇N) +

∂

∂θ
(σ̇N) represents the advection in spectral space

Stot represents the sum of all the source terms

Specifically, the source function Stot accounts for several contributions that

govern the local evolution of the wave spectrum:

dN

dt
= Sin︸︷︷︸

Wind input

+ Snl4︸︷︷︸
Quadruplets

+ Sds︸︷︷︸
Dissipation

+ Snl3︸︷︷︸
Triads

+ Sbr︸︷︷︸
Breaking

+ Sbf︸︷︷︸
Friction

+ Sbg︸︷︷︸
Scattering

+ · · ·

(3.20)

As shown in Equation 3.20, Sin is the energy input caused by the wind, Snl4 and

Snl3 are the source terms related to nonlinear interactions in deep and shallow wa-

ter, Sds and Sbr are the energy dissipation terms in deep and shallow water due to

whitecapping and wave breaking, Sbf is the energy dissipation due to bottom fric-

tion and Sbg is the energy dissipation induced by interactions between the waves

and the sea floor (also called Bragg-Scattering). Most of these processes are for-

mulated as semi-empirical equation, except for the Boltzmann integral, describ-

ing the nonlinear energy transfer in deep water (Snl4), which can be accurately

estimated for any arbitrary wave spectrum. In Equation 3.19, E is the variance
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density related to a certain spectral bin (dθ, dσ) as function of time and the spatial

coordinate vector X. The advection velocities in the different phase spaces were

originally derived by Keller (1958):

Ẋ = cx =
dX

dt
=
dω

dk
= cg +UA (3.21)

θ̇ = cθ =
1

k

∂σ

∂d

∂d

∂m
+ k

∂UA

∂s
(3.22)

σ̇ = cσ =
∂σ

∂d

(
∂d

∂t
+UA · ∇xd

)
− cgk

∂UA

∂s
(3.23)

In the last three equations, s represents the coordinate in wave propagation and m

the coordinate perpendicular to it. In case of no current, the advection velocity in

σ-direction vanishes and in deep-water scenarios with the absence of currents, the

component in θ-space becomes zero. The nonlinear evolution of waves is gov-

erned by the source term Stot, which in deep water conditions is typically decom-

posed into three fundamental components: a wave-wave interaction term, a wind-

induced growth term, and a dissipation term. A key distinguishing feature of third-

generation wave models compared to their first- and second-generation predeces-

sors lies in their explicit, albeit approximate, treatment of nonlinear wave-wave in-

teractions through the Discrete Interaction Approximation (DIA) (S. Hasselmann

1985). This approach provides amore physically consistent representation of spec-

tral energy mechanisms, representing a significant advancement in spectral wave

modeling capabilities. Regarding wave growth mechanisms, most spectral wave

models adopt the theoretical framework proposed by Miles (1957). A notable ex-

ception is the formulation developed by Tolman andChalikov (1996), which builds

upon the earlier work of Chalikov and Belevich (1993) to provide an alternative

parametrization of wind-wave generation. Wave energy dissipation remains the
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least understood component of wave dynamics, with current representations re-

lying primarily on semi-empirical formulations. These include the whitecapping

dissipation models (K. Hasselmann (1974), as extended by Komen et al. (1984)

and P. Janssen et al. (2005)) and the quasi-saturation approach proposed by Phillips

(1985).While recent studies incorporating field measurements and laboratory ex-

periments (I. R. Young and Babanin 2006; Ardhuin et al. 2008) have advanced

our physical understanding of dissipation processes, model parametrizations still

require substantial a posteriori calibration to achieve satisfactory agreement with

observations. The treatment of dissipation terms is intrinsically linked to wind

input parametrizations, as both processes are typically developed and calibrated

in tandem. This interdependence raises fundamental questions about the conven-

tional separation of source terms into distinct growth and dissipation components.

Ardhuin et al. (2008), for instance, proposed an alternative framework that distin-

guishes between ocean-atmosphere and ocean-ocean interactions, grouping wind-

forced swell dissipation together with exponential growth terms. This approach

highlights the complex interplay between different energy exchange processes

in the coupled air-sea system. The WavewatchIII (WWIII) model has been im-

plemented with two distinct sets of source term parametrizations: (1) the well-

established formulation by Tolman and Chalikov (1996) and (2) the more recent

physics package by Ardhuin et al. (2010), incorporating the J. Bidlot et al. (2005)

parametrization along with the ACC350 formulation documented in the WWIII

user manual. Similarly, the WWMIII model supports source terms parametriza-

tions based on the series of developments by Ardhuin et al. (2009), Ardhuin et al.

(2010), and Ardhuin et al. (2011). These implementations utilize a modified ver-

sion of the WAM Cycle 4 wind input formulation, where the positive part of the



CHAPTER 3. METHODOLOGY 37

wind input is retained while introducing an ad hoc reduction of the friction ve-

locity. This adjustment serves to key purposes: first, it establishes balance with

a saturation-based dissipation formulation that incorporates various options for

cumulative effects; second, it effectively reduces the drag coefficient under high

wind conditions. Themodification specifically targets the wind input reduction for

high-frequency wave components under strong wind forcing, thereby improving

the model’s performance across extreme wind regimes.

3.2.1 Holland model parametrization for typhoons

As mentioned in the previous Sections, typhoons and extreme events were in-

cluded in the analysis and accurately simulated with the Hurricane Pressure-Wind

Model (G.Holland 2008). More specifically, the tropical cyclone forcing in SCHISM

was provided by the PaHM parametric modeling system which was developed by

NOAA’s Office of Coast Survey Storm Surge Modeling Team. The parametric

models that can be adopted are the GeneralizedAsymmetric VortexHollandModel

(Gao et al. 2013; Gao 2018) and the Holland model (G. Holland 2008).

The latter formulation was therefore chosen to characterize the wind and pres-

sure fields related to a series of typhoons and extreme events that were observed

during the years covered by the wave hindcast (1970-2022). Extreme events that

occurred outside the numerical domain were excluded from the analysis. Typhoon

data were obtained from the International Best TrackArchive for Climate Steward-

ship (IBTrACS; Knapp et al. (2010)), with only complete records retained for anal-

ysis. The data can be retrieved from the followingwebsite: (https://www.ncei.noaa

.gov/products/international-best-track-archive). Events with missing critical pa-
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rameters (e.g., maximum radius or peak wind speed) were systematically excluded

to maintain data quality. In this way, a total of 32 events were included in the sim-

ulations as shown below:

Figure 3.1: Typhoon tracks analyzed in this work, source International Best Track
Archive for Climate Stewardship (IBtrACS).

The pressure field is characterized by the following equation:

P (r) = Pc + (Pn − Pc) e
−
(
Rmax

r

)B

(3.24)

where P (r) is the pressure at radius r, Pc is the central pressure, Pn is the ambi-

ent pressure (assumed constant at 1013.25 mbar), Rmax is the radius of maximum

winds and B is the Holland parameter: it defines the shape of the pressure profile
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and is calculated according to this relationship:

B =
ρair e V

2
max

Pn − Pc

(3.25)

where ρair is the density of air. The wind speed field Vg(r) is calculated according

to the following:

Vg(r) =

√√√√√
V 2
max

(
Rmax

r

)B

e
1−

(
Rmax

r

)B

+

(
rf

2

)2

− rf

2
(3.26)

where V 2max is the maximum wind speed and f is the Coriolis parameter.

3.3 Numerical model setup

The domain considered in this paper covers themajority of the SCS, spanning from

longitudes of approximately 106◦ E to 123◦ E and from latitudes of approximately

3◦ N to 28◦ N. Figure 3.2 shows the part of the South China Sea considered for the

numerical simulations. A particular focus was dedicated to the Great Bay Area

(GBA) and the coasts along the Guangdong Province (China).

This study is based on a 2-dimensional, two-way coupled model, combining

SCHISM and the third-generation spectral Wind Wave Model WWMIII. In this

configuration, SCHISM applies the 2D depth-integrated barotropic equations. The

two-way coupling implies that the current velocities and sea water levels are pro-

vided to the wave model and the latter computes the wind stresses that are then

handed back to SCHISM according to the parametrization based on the wave age

of Donelan et al. (1993). The structure of SCHISM is derived from the origi-
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Figure 3.2: Portion of the South China Sea investigated with the bathymetry con-
tours.

nal Semi-implicit Eulerian-Lagrangian Finite-Element model (SELFE) (Y. Zhang

and Baptista 2008; Y. J. Zhang et al. 2016). The integration time steps imple-

mented in the analysis are 100 s for SCHISM and 600 s for WWMIII: this im-

plies that the two models exchange information every 6 time steps. This choice

was made after testing different model time steps in order to minimize possible

numerical dispersion errors and/or excessive truncation errors. Being SCHISM

a semi-implicit model itself that applies no mode splitting, the fulfillment of the

CFL constraint is more easily met and this leads to greater numerical stability. As
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stressed by Huang et al. (2022), the typical integration time steps used in these

types of field applications usually vary between 100 s and 200 s. The unstructured

mesh covers the majority of the South China Sea (SCS) and was generated with

the aid of the 13.1 version of SMS (Surface-water Modeling System by Aquaveo,

https://www.xmswiki.com/wiki/SMS:SMS). Both SCHISM and WWMIII share

the same unstructured mesh which comprises 15523 nodes and 29039 triangular

elements. The lowest mesh resolution is circa 0.008◦ around the GBA and reaches

a size of 0.35◦ in the open ocean. Several unstructured meshes were generated

and tested in order to find the optimal mesh that provides sufficient resolution

and that contains the computational time. The bathymetry of the whole domain

was extracted from the 2022 General Bathymetric Chart of the Oceans (GEBCO)

dataset (Weatherall et al. 2015) with a resolution of 15 arc-second intervals and

then merged with a more refined dataset of 2020 water depths related to Hong

Kong only and provided by the Hong Kong Hydrographic Office (HO) of the Ma-

rine Department (https://www.hydro.gov.hk/eng/). Subsequently, the bathymetry

was interpolated on the unstructured mesh. Since the unstructured mesh size be-

comes coarser offshore and far from the GBA region, most of the islands were

neglected in the mesh generation, including Paracel Islands. This is because, in

these cases, the mesh size is larger than the dimension of the islands themselves.

The bottom friction was evaluated considering a minimum boundary layer

thickness of 0.2 m and a roughness length equal to 5.78 ·10-6m and constant for all

the nodes. The latter corresponds to a Manning coefficient of about 0.012 s/m1/3

which was also applied by J. Wang and P. L.-F. Liu (2021) for a similar applica-

tion in the SCS. The atmospheric forcing (sea level pressure and wind velocities)

and the tidal oscillations at the open boundaries start from a zero value and then
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have a warm-up time equal to 365 days in order to provide enough time for the

oceanic conditions to settle properly in such a large domain. The wetting and dry-

ingmechanismwas considered active and accounted for aminimumwater depth of

0.01 m. The surface stress was calculated according to the parameters of Donelan

et al. (1993), whose formulation is based on the wave age. The discretization of

the spectral domain was performed regrouping the frequencies into 36 bins (lower

limit of 0.04 Hz and higher limit of 1 Hz) and the directions into 24 bins with

minimum and maximum directions of respectively 0◦ and 360◦. The wave bound-

ary layer was activated and treated as explained by Soulsby (1997). WWMIII

solves the wave action equation and accounts for different contributions and phe-

nomena, mainly referred to as source terms, that cause the energy content to be

rearranged within the spectrum. The work done in this paper considers non-linear

interactions (DIA approximation, S. Hasselmann (1985)), wind-induced energy

input and wave energy dissipation in deep waters (whitecapping) according to the

ST4 parametrization (Ardhuin et al. 2010). The wavemodel incorporates the JON-

SWAP bottom friction parametrization (K. Hasselmann et al. 1973) with a bottom

friction coefficient equal to 0.067 m2s-3 (Bouws and Komen 1983) and shallow

water wave breaking characterized by a constant gamma criterion. The wave

breaking formulation is based on the work of Battjes and J. Janssen (1978) and

the model also incorporates the effects of triad 3-wave interactions (LTA Lumped

Triad Approximation, Eldeberky (1997)).

The numerical simulations aimed at generating a 53-year wave hindcast cover-

ing the time period between the years 1970 and 2022. The outputs of both SCHISM

andWWMIII are generated and saved hourly and comprise themain variables used

for the purpose of this paper: significant wave height (HS), peak wave period (Tp),
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mean wave direction (Dm) and water level (h).

3.3.1 Input forcings

Figure 3.3: Left panel: mesh used for the numerical simulations. Right panel:
Details of the unstructured mesh and boundaries of the numerical domain.

The boundary conditions applied at the open boundary nodes of the unstruc-

tured mesh (blue nodes in Figure 3.3, right panel) consist of the 8 major harmonic

components of the tides (M2, S2, N2, K2, K1, O1, Q1, P1) and were extracted

from the FES2014 package (Carrere et al. 2015). The boundary nodes that con-

nect Malaysia to the region above Manila in the Philippines were considered as

land nodes since the portion of water that they exclude is enclosed by various is-

lands and therefore not essential for wind waves generation. Regarding the wave

conditions at the open boundary, no conditions were applied. It was shown in

Chapter 9, Section 9, that the final results were not impacted by the choice of open

boundary condition, including the imposition of time signals from available hind-
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cast datasets. The main meteorological forcing employed are hourly data of sea

level pressures and wind velocities defined over a 0.25◦ x 0.25◦ grid obtained from

the fifth generation ECMWF reanalysis (ERA5) (Hersbach et al. 2023).

To improve the quality of the forcing wind data ERA5 wind velocities were

compared to the IFREMERblended velocities (https://cerweb.ifremer.fr/datarmor/

products/satellite/l4/multi-sensor/ifr-l4-ewsb-blendedwind-glo-025-6h-rep/data/)

that were estimated from reprocessed and near real-time scatterometer and ra-

diometer data jointly with ERA Interim wind re-analyses. Wind velocities are pro-

vided on a 0.25◦ x 0.25◦ global grid for each synoptic time (00:00; 06:00; 12:00;

18:00 UTC). Detailed descriptions of the data, methods and accuracy issues can

be found in Bentamy and Fillon (2012), Bentamy et al. (2017), Bentamy et al.

(2019), and Desbiolles et al. (2017). The comparison resulted in a bias correction

of the ERA5 wind field. This correction was necessary because wind velocities

derived from reanalysis products often exhibit bias under high wind conditions

(extreme scenarios). By comparing these values with satellite radiometer observa-

tions, a more accurate representation of themeteorological forcing can be achieved

(Campos et al. 2022; Benetazzo et al. 2022; Elshinnawy et al. 2024). A similar ap-

proach was also adopted by Zhai et al. (2023), who performed a bias-correction of

the ERA5 wind field in the SCS considering wind measurements from 15 buoys.

The study revealed that ERA5 winds can underestimate or overestimate the wind

intensities. In a more recent work conducted by Elshinnawy et al. (2024), a new

parametrization of the wind source terms in WAVEWATCH III has been proposed

in order to correct the ERA5 wind speed bias that is found to occur for significant

wave heights larger than 7.5 m.

For the matter of this work, in order to correct the bias, the analysis was prepro-
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cessed as follows. The 10-meter northward and eastward wind velocity compo-

nents provided by the ERA5 dataset span from 1970 to 2022 and are defined hourly

on a regular grid of 0.25◦. In contrast, the IFREMER dataset contains wind veloc-

ity components from 1992 to 2020 that are available every 6 hours on a different

regular grid of 0.25◦. Although the locations of the two datasets did not align, a

series of pre-processing steps were undertaken to ensure consistent spatiotemporal

resolution between them. First, a downsampling process was applied to the ERA5

velocities in order to convert them to a 6-hourly interval. Additionally, a cubic

spatial interpolation was performed in order to transfer the ERA5 data onto the

IFREMER grid. The velocities occurring at each grid node, for a specific year,

were grouped into bins of 1 m/s and the 6-hourly biases were divided into 0.10

m/s bins. Subsequently, a probability density function was computed enabling the

assignment of velocities falling within a specific bin to the most probable 6-hourly

bias bin value for that particular year. This final operation yielded a 6-hourly map

representing the most likely biases for both the wind velocity components. To fur-

ther fine-tune the biases, an additional cubic spatial interpolation was performed

so that hourly maps of biases were generated. These maps were then added to the

original ERA5wind field, resulting in a corrected wind field suitable for utilization

in the numerical simulations.
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3.4 Model validations and statistical performance in-

dexes

The validation of the model required at first the tuning of the integration time steps

for both the SCHISM and the WWMIII models as well as the choice of the un-

structured mesh size. The overall quality of the results and the performance of

the model were quantified through the comparison with observations provided by

physical stations (in terms ofHS , Tp,Dm, h) and satellite measurements (in terms

of HS).

3.4.1 Statistical analysis

The validation was carried out by evaluating a series of statistical indicators that

are commonly used in literature (Shi et al. 2019; Mentaschi et al. 2015) for assess-

ing the accuracy of the results such as the Correlation Coefficient CC, centered

Root Mean Square Difference RMSD and the Standard deviation σ. These three

fundamental indicators can be grouped within the Taylor diagram (Taylor 2001),

which provides an effective graphical representation of the results. As also men-

tioned by Mentaschi et al. (2015) it is advised not to rely on the more traditional

error indicators (such as the Normalized Root Mean Square Error NRMSE and

the Scatter Index SI); instead, a more accurate evaluation of the errors can be per-

formed with the exploitation of the symmetrically normalized root mean square

error HH (Hanna and Heinold 1985; Mentaschi et al. 2013a). Mentaschi et al.

(2013a) pointed out that, in some circumstances, simulations that exhibit nega-
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tive biases tend to be characterized by smaller RMSE values: this implies that,

paradoxically, these simulations perform better that simulations with no biases.

For these reasons, the statistical indicators considered in the validation for scalar

integrated variables (HS and Tp) are:

Correlation Coefficient CC =

∑
(Si − S̄) · (Oi − Ō)

σS · σO ·N
(3.27)

Normalized Bias NBI =

∑
(Si −Oi)∑

Oi

× 100 (3.28)

Hanna and Heinold indicator HH =

√∑
(Si −Oi)2∑
(Si ·Oi)

(3.29)

HH is also referred as a symmetrically normalized root mean square error: it

takes into account both the average and scatter components of the error and it is

unbiased towards simulations that underestimate the average.

In these formulationsN is the total number of samples, Si andOi are the simulated

and observed variables with their respective means S̄,Ō and standard deviations

σS ,σO.

A different treatment is reserved for Dm, which is a circular quantity, and

therefore normalized with an angle of 2π radiants (Mentaschi et al. 2015):

Normalized Bias NBIDm =

∑
mod−π,π(Si −Oi)

2πN
(3.30)

Hanna and Heinold indicator HHDm =

√∑
[mod−π,π(Si −Oi)]

2

N
· 1

2π

(3.31)
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wheremod−π,π(Si −Oi) is equal to (Si −Oi)− 2π if (Si −Oi) > π. Vice versa,

mod−π,π(Si −Oi) is equal to (Si −Oi) + 2π if (Si −Oi) < −π.

Finally, in order to better represent the accuracy of the results, also the model

skill score (SKILL) (Murphy 1988), the root mean square error (RMSE) and

the BIAS were computed.

Model skill score SKILL =

∑
(Oi − Si)

2∑
(Oi − Ō)2

(3.32)

Root Mean Square Error RMSE =

√∑
(Oi − Si)2

N
(3.33)

BIAS =

∑
(Si −Oi)

N
(3.34)

3.4.2 Tidal and wave stations

The simulated water levels (h) and the simulated wave variables considered in

this paper (HS , Tp and Dm) were compared to the observations provided in the

stations shown in Figure 3.4. More specifically, the four tide stations T1, T2, T3

and T4, which are detailed in Table 3.1, are managed by the HO and use acoustic

sensors to provide water level values every 10 minutes. These records are referred

to the Hong Kong time, which is 8 hours head of the Coordinated Universal Time

UTC and their values are in meters above the Chart Datum , which is 0.146 meters

above the Hong Kong Principal Datum. The two only existing wave stations in

the Hong Kong waters, labeled W1 and W2 (details in Table 3.1), are handled by

the Port Works Division of the Hong Kong Civil Engineering and Development

Department (CEDD). Specifically, they are bed-mounted wave recorders (both
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Figure 3.4: Wave stations and tide stations considered for the model validation.

installed at water depths between 9 and 10 m) that provide a hourly long-term

wave monitoring program in the harbour starting from 1994.

Station ID Name WGS84 Longitude WGS84 Latitude Variables Data availability
W1 Kau Yi Chau 114.0644 22.2649 wave data Jan 1994 - Dec 2022
W2 West Lamma Channel 114.0767 22.2208 wave data Jan 1994 - Dec 2022
T1 Cheung Chau 114.0231 22.2142 water level Feb 2005 - Aug 2020
T2 Ma Wan 114.0713 22.3640 water level Dec 2004 - Aug 2020
T3 Kwai Chung 114.1227 22.3237 water level Sept 2001 - Aug 2020
T4 Ko Lau Wan 114.3608 22.4587 water level Jan 2000 - Aug 2020

Table 3.1: Details of the stations used for the validation of the model.

3.4.3 Satellite wave heights

Further validation of the simulated wave parameters was performed using satellite

altimetry. The data were retrieved from the European Space Agency (ESA) Sea
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State Climate Change Initiative (CCI) project (Piollé et al. 2020; Dodet et al. 2020)

that produced a global dataset of HS with a spatial resolution of approximately 6

km for each of the satellites deployed in the missions. This study considers the

database version 1.1 (Topex satellite from 1992 to 2005) and the database version

3 (Envisat satellite from 2002 to 2012 and Jason-2 satellite from 2008 to 2019)

in order to have a proper coverage of most of the hindcast duration. Figure 3.5

shows examples of the satellite tracks in the area of interest. ThemodeledHS were

interpolated in space and time in order to match the resolution of the measurements

along the satellite tracks.

Figure 3.5: Plots of satellite orbits for the three satellites considered: a) TOPEX
2003, b) ENVISAT 2004, c) JASON-2 2016.

3.5 Wave climate trend analysis

For the purpose of estimating wave climate trends, annual maximum (AM) val-

ues of significant wave heights were extracted for all nodes of the mesh and then

considered in the analysis. The block maxima approach (e.g. retaining annual
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maximum values of significant wave heights, (Coles et al. 2001)) was therefore

adopted for the non-stationary Generalized Extreme Value analysis (GEV). The

estimation of trends can be achieved through the implementation of parametric

or non-parametric methodologies. The use of a parametric method is contingent

upon the assumption of independence and the distribution of the dataset as a nor-

mal variable. In contrast, non-parametric methods find application in datasets that

are independent (Aydoğan and Ayat 2018). In this work, the Mann Kendall test

and the Theil-Sen test are two non-parametric methods that were employed for

trend estimation.

The Mann-Kendall test, hereafter referred to as MK, is a non-parametric test

that aims at evaluatingwhether an upward or downwardmonotonic trend is present

within a dataset (Mann 1945; Kendall 1948). The null hypothesis of the test asserts

the absence of a monotonic trend in a given time series of n elements xi, where i=

1, …, n. The test statistic, ZMK , is computed as:

ZMK =
num√
σ2(S)

, (3.35)

where num is defined as:

num =


S - 1, if S > 0

0, if S = 0

S + 1, if S < 0.

(3.36)
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S and σ2(S) are computed as:

S =
n−1∑
k−1

n∑
j=k+1

δj−k (3.37)

σ2(S) =
1

18

[
n(n− 1)(2n+ 5)−

g∑
p=1

tp(tp − 1)(2tp + 5)

]
, (3.38)

where the indicator function δj−k assumes the values 1, 0 or -1 depending on the

sign of xj - xk (positive, null or negative, respectively); g corresponds to the num-

ber of tied groups in the time series and tp is the number of elements in each pth

group, with p = 1 2, ..g. ZMK is then compared to the percentile of the normal

distribution. This leads to the corresponding pMK of the statistic:

pMK = 2Φ(−|ZMK |), (3.39)

where Φ represents the cumulative distribution function of the standard normal

distribution. Subsequently, the MK test allows to detect statistically significant

positive or negative monotonic trends by comparing the pMK of the statistic to the

level of significance α by means of the following relationship:


ZMK > Φ−1

(
1− α

2

)
⇒ upward trend

ZMK < −Φ−1
(
1− α

2

)
⇒ downward trend

ZMK <
∣∣∣Φ−1

(
1− α

2

)∣∣∣ ⇒ no trend

(3.40)

In this study, the MK test was performed with a varying level of significance

threshold α ranging between 5% and 100%. However, the non-stationary GEV

analysis was then applied to all the nodes, hence considering α equal to 100%, in
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order to assess trends across the entire region.

The Theil-Sen estimation (TS) is another non-parametric method for trend

evaluation that identifies the magnitude of a trend by calculating the slope of a

linear fit (Theil 1992; Sen 1968). In the context of a time series data xi (i = 1, …,

n), with n being the number of samples), the objective of the TS test is to estimate

the median value of the slopes between all possible combination of pairs of data

points. The estimation process is outlined as follows and leads to the estimation

of the TS slope (b):

b = Median
(
xj − xl
j − l

)
∀l < j, l, j = 1, . . . , n, (3.41)

with xj and xl being the jth and lth data of the series, respectively. Differently

from a simple least square regression, the TS method is not sensitive to outliers

and therefore much more robust (Fernandes and Leblanc 2005; Chervenkov and

Slavov 2017).

3.5.1 Non stationary extreme value analysis and return level

estimation

Extreme Value Theory (EVT) offers a robust framework for analyzing climate ex-

tremes and determining their return levels (Coles et al. 2001; Katz et al. 2002). In

a variety of scenarios, the distribution of either the maximum or minimum values

of a time series tends to converge to one of the three fundamental statistical distri-

butions: Gumbel, Fréchet, or Weibull. These three distributions can be combined

to form the Generalized Extreme Value (GEV) distribution. An alternative form

of EVT is the Peak-Over-Threshold (POT) approach, in which only extreme val-
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ues above a certain chosen threshold are analyzed through a Generalized Pareto

distribution (GPD) (Pickands III 1975).

Under the assumption of non-stationarity, the parameters of the distribution

functions are time-dependent (Cooley 2009; Katz 2010; Gilleland and Katz 2011;

Renard et al. 2012). Specifically, in the NEVA framework, and for the purpose of

this work, the location parameter (µ) is assumed to be a linear function of time:

µ(t) = µ0 + µ1(t), (3.42)

while maintaining the shape (ϵ) and scale (σ) parameters constant. The treatment

employed for the non-stationary extreme value analysis follows the methodology

of the NEVA software package developed by Cheng et al. (2014). In the initial

steps of NEVA, the MK test is performed on all the nodes of the mesh in order to

detect the presence of trends for a chosen significance level α. Subsequently, re-

gardless of whether the null hypothesis is rejected,the GEV distribution is applied

to all the nodes considering annual maximum values of HS under non-stationary

conditions. On the other hand, the POT approach requires the selection of a HS

threshold that in some cases may significantly affect the trend analysis, either in

terms of resultant peaks or in magnitude estimation as highlighted by Laface et

al. (2016) and Liang et al. (2019). The threshold value can be influenced by cli-

matic trends, while the varying annual frequency of events exceeding this thresh-

old (along with differences in event counts across nodes) introduces challenges in

maintaining homogeneity within the reference population relative to AM values

(De Leo et al. 2020). Given these limitations, theGEVdistributionwas selected in-

stead of the POT approach for this analysis. NEVA employs a Bayesian technique
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to derive the parameters of the chosen distribution. The Bayesian Markov Chain

Monte Carlo (MCMC) method is used to infer the posterior parameter distribution

from an arbitrary distribution (Braak 2006; Ter Braak and Vrugt 2008; Vrugt et al.

2009). NEVA produces a large number of realizations from the joint posterior dis-

tribution of parameters by employing the Differential Evolution Markow Chain

(DE-MC). The return levels (q), with the respective return periods (T ), that can be

calculated according to the NEVA’s non-stationary framework are the following:

• standard return levels with design exceedance probability:

qp =

((
− 1

ln p

)ϵ

− 1

)
σ

ϵ
+ µ (3.43)

T =
1

1− p
, (3.44)

where p is the non-exceedance probability of occurrence in a given year, qp

is the p-return level and T is the return period calculated according to the

formulations provided by Cooley (2012). In this context, the exceedance

probability is constant for any given return period during the life of the de-

sign.

• standard return levels with time-varying exceedance probability:

qt = 1− exp

{
−
(
1 + ϵ

(
zq0 − µ

σ

))−1/ϵ
}

(3.45)

T =
xmax∑
x=1

xpx

x−1∏
t=1

(1− pt), (3.46)

where zq0 is the event with exceedance probability p0 = 1 - q0 at time 0, qt
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is the time-varying return level with respective exceedance probability pt, x

is a generic year and px is the exceedance probability at time = x (Salas and

Obeysekera 2014). For this matter, sampling approach, parameter estima-

tion and uncertainty assessment remain similar in both design exceedance

probability and time-varying exceedance probability frameworks.

• effective return levels:

qp =

((
− 1

ln p

)ϵ

− 1

)
σ

ϵ
+ µ (3.47)

T =
1

1− p
(3.48)

The concept of effective return levels was firstly introduced by Katz et al.

(2002). Under this perspective, quantiles of extremes vary over time to keep

the probability of extreme events constant.

More details about the procedure are well described and documented in Cheng et

al. (2014).

3.6 Multifractal detrended fluctuation analysis

For the purpose of this work, hourly values of significant wave heights spanning

the period 1970-2022 were considered to perform the MF-DFA method. The data

is retrieved from the two-way fully coupled wave-current hindcast provided by

Bagnasco et al. (2025), which covers a large portion of the South China Sea (SCS)

(as previously shown in Figure 3.2). The numerical mesh deployed in the numeri-

cal simulations reaches a fine resolution of around 0.008◦ in proximity of the Hong
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Kong waters and comprises a total of 15523 nodes.

The concept ofMultifractal detrended fluctuation analysis (MF-DFA)was firstly

introduced by Kantelhardt et al. (2002). MF-DFA is a methodology that can be

employed to identify the scaling behavior and the multifractalities of non station-

ary time series, including for instance significant wave height series (G. Liu et al.

2019; H. Liu et al. 2023a) and it is divided into five major parts. For a given

significant wave height time series x(t), t = 1,2, ..., N , the steps are computed as

follows:

Step 1: the mean of x(t) is computed and subtracted from the original time

series in order to determine the ”profile” Y(i):

Y (i) =
i∑

t=1

(x(t)− x), i = 1, 2, . . . , N (3.49)

Step 2: Y(i) is divided into Ns = int (N /s) non-overlapping segments of equal

length s. Since Nmay not be a multiple of the considered time scale s, it is possible

that the ending part of the signal will be neglected. In order to include these values,

the same procedure is applied starting from the end of the record. In this way, 2Ns

segments are obtained altogether. However, for the purpose of this study, since the

time series comprises 52 years of data, only the initial segmentation was used for

analysis.

Step 3: for each segment v, the local trend is evaluated by means of a least-

square fit of the data. By then computing the difference between the original time

series Y (i) and the fits pv(i), the detrended time series for a segment of duration s

is evaluated:

Ys(i) = Y (i)− pv(i), (3.50)
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where pv(i) is the fitting polynomial in the vth segment. In this work, the fitting

procedure is performed by considering quadratic polynomials (characteristic of

quadratic DFA) even though other choices foresee even linear, cubic, or higher

order polynomials.

Step 4: in this fourth step, the q-th order fluctuation functionFq(s) is computed:

Fq(s) =

[
1

2Ns

2Ns∑
v=1

(F 2
s (v))

q/2

]1/q

, (3.51)

being F 2
s (v) the variance of the detrended time series Ys(i) for each of the 2Ns

segments, computed by averaging over all data points i in the vth segment:

F 2
s (v) = ⟨Y 2

s (i)⟩ =
1

s

s∑
i=1

Y 2
s [(v − 1)s+ i] (3.52)

Note that for different detrending orders q different fluctuation functions are ob-

tained and for q = 2 the standard DFA procedure is retrieved:

F (s) =

[
1

2Ns

2Ns∑
v=1

(F 2
s (v))

]1/2

, (3.53)

Step 5: the scaling behavior of the fluctuation functions is determined by an-

alyzing Fq(s) versus s for each value of q on a log-log plot:

Fq(s) ∝ Ch(q)
s (3.54)

Here, the slope of log Fq(s) and logs is the Generalized Hurst exponent h(q).

When q = 2, the exponent h(2) is identical to the well known Hurst exponent

H , with h(2) varying between 0 and 1. Moreover, the analysis of time series
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correlation can be conducted using the value of H:


H = 0.5 ⇒ the time series is uncorrelated

0 < H < 0.5 ⇒ the time series presents an anti-persistent behaviour

0.5 < H < 1 ⇒ the time series has long-range correlation
(3.55)

Additionally, if the time series is characterized by monofractality, this implies h(q)

being a constant coefficient, independent of q. Multifractality is instead present

whenever there is a significant dependence of h(q) on q. In this case, for values

of q<0, h(q) depicts the scaling behavior of the segments with small fluctuations.

Differently, for values of q>0, h(q) depicts the scaling behavior of the segments

with large fluctuations.

Multifractal time series can also be analyzed by means of the singularity spec-

trum f(α). We first define the classical multifractal scaling exponents τ(q) and

the generalized multifractal dimensions D(q) as:

τ(q) = qh(q)− 1 (3.56)

D(q) ≡ τ(q)

q − 1
=
qh(q)− 1

q − 1
(3.57)

f(α) is related to τ(q) via a Legendre transform (Frisch 1985):

α = τ ′(q) and f(α) = qα− τ(q), (3.58)

where α is the singularity strength or Hölder exponent, while f(α) is the dimen-

sion of the subset of the series that is characterized by α. Using Equation 3.56,
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Equations 3.58 can be further expanded and lead to the definition of both α and

f(α) in function of h(q):

α = h(q) + qh′(q) and f(α) = q[α− h(q)] + 1 (3.59)

The methodology hereby described was applied to all the nodes of the numerical

domain in order to depict the general behavior of theHS time series. The primary

goal of the analysis using multifractal detrended fluctuation analysis (MF-DFA) is

to determine the typical time scales associated with significant wave height (HS)

variations in the South China Sea. By analyzing the log-log plots of the fluc-

tuation functions Fn versus the time window s, knee points —where the slope

changes significantly— are identified at each location. These knee points corre-

spond to specific values of s, which represent the typical time scales characterizing

the multifractal behavior of the wave data. A more detailed analysis was then per-

formed on a set of different locations in the SCS to highlight spatial discrepancies

and/or similarities.

3.7 Mangrove attenuation effects on wave action

This section focuses on the investigation of wave attenuation across the mangrove

intertidal wetland in Mai Po Nature Reserve. To this end, continuous water level

monitoring was performed along three transects strategically positioned at repre-

sentative locations within the marshes. Additionally, numerical simulations were

conducted to evaluate the influence of vegetation on wave characteristics in both

Mai Po marshes and Futian Reserve.
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3.7.1 Numerical domain and field measurements

The study area, Mai Po Nature Reserve, is a critical intertidal wetland located

in the northwestern New Territories of Hong Kong, within the Inner Deep Bay

region. Renowned for its rich biodiversity, this site encompasses extensive man-

grove forests and mudflats, serving as a vital habitat for migratory birds and a

natural buffer against coastal wave action. Figure 3.6 shows Deep Bay and the

Mai Po Nature Reserve (in the north-eastern part of the Figure).

Figure 3.6: Aerial view of Deep Bay, Hong Kong.

A particular attention was devoted in selecting the perimeter of the mangrove

forest, using the available aerial photographs and the published information. The

final proposed coverage of the current mangrove forest can be seen in Figure 3.7.
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The numerical mesh developed for the simulation encompasses the entire Inner

Deep Bay with a minimum spatial resolution of 20 m. Bathymetric data were de-

rived from the 2022 General Bathymetric Chart of the Oceans (GEBCO) dataset

(Weatherall et al. 2015), which provides a resolution of 15 arc-seconds. How-

ever, this resolution is relatively coarse for detailed coastal studies, and no high-

resolution bathymetric surveys are currently available for the Mai Po Nature Re-

serve study area.

Figure 3.7: Proposed vegetation coverage for the numerical simulations.

After testing the equipment in the 30-m irregular wave channel in the Hy-

draulics Laboratory (The Hong Kong Polytechnic University), three “synchro-
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Sensor ID N (1980) E (1980) HKPD [m]
1 839449.100 820981.314 1.719
2 839451.723 820974.358 1.778
3 839526.355 821128.287 2.142
4 839444.985 820984.423 1.822
5 839537.320 821111.445 1.860
6 839532.459 821115.504 1.942
7 839966.563 820909.319 1.649
8 839959.667 820918.985 1.787
9 839955.824 820925.961 1.763

Table 3.2: Coordinates (N and E) and vertical heights (HKPD) of the sensors re-
ferred to the Hong Kong 1980 Geodetic Datum.

nized” water level sensors were installed in each transect from the leading edge of

the marshes to where the water level fluctuations subside. In total, a number of

nine sensors were deployed in this project. Figure 3.8 shows the position of the

nine sensors and Table 3.2 provides the related coordinates.
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Figure 3.8: Location of the nine sensors installed for the analysis. Longitude and
Latitude are shown along the x- and y-axis, respectively.
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3.7.2 Model set up

This analysis follows the same numerical framework that was deployed to generate

the wave hindcast, as discussed in Section 3.3. However, particular emphasis is

placed on the model’s representation and treatment of vegetation dynamics. For

this reason, specific models are implemented to consider the effect of increased

drag due to emergent and submerged vegetation.

3.7.2.1 Vegetation treatment in SCHISM

A coefficient α is included in the bottom stress term of the momentum equation

that depends on the vegetation characteristics which is shown in the Navier-Stokes

equation below:

Du

Dt
= f − g∇η +mz − α|u|uL(x, y, z) (3.60)

Here, u is the horizontal velocity, f represents a number of explicitly treated terms

(Coriolis, baroclinic pressure gradient, horizontal viscosity, etc.), g is the gravita-

tional acceleration, η is the surface elevation, mz the vertical eddy viscosity term

(Y. J. Zhang et al. 2016), L(x,y,z) is the vegetation term and the main vegetation

parameter ’α’ is shown below:

α =
DvNvCDv

2
(3.61)

This last equation represents a vegetation related density variable in m-1, whereDv

is the stem diameter, Nv is the vegetation density (number of stems per m2), and

CDv is the bulk form drag coefficient. Selection ofCDv is the topic of other studies
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with values between 0 and 4 (Nepf and Vivoni 2000; Tanino and Nepf 2008) and

is validated against reported laboratory study values. Due to the sensitivity of the

above parameter, the hydrodynamic simulations were tested with different values

of CDv.

3.7.2.2 Vegetation treatment in WWMIII

Equation 3.18 presented in Section 3.2 also includes a wave-vegetation sink term

named Sveg. WWMIII implements the drag force model introduced by Mendez

and Losada (2004) of which the main equations are shown below for reference.

The vegetation sink term is calculated by

Sveg = −
Dveg

Etot
N (3.62)

where Dveg is the vegetation-related dispersion coefficient, defined as

Dveg =
ρ

2
√
π
Cdv bvNv

(
gk

2σ

)3 sinh3(kαvh) + 3 sinh(kαvh)

3k cosh3(kh)
H3

rms (3.63)

Here, Cdv is the drag coefficient, bv is the plant diameter, Nv is the vegetation

density, and αvh is the plant height (αv being the relative height of the plant). The

terms k and σ correspond to themeanwavenumber andmeanwave relative angular

frequency computed from Tm0,1. Hrms is the root-mean-square wave height, given

by Hrms = Hm0/
√
2, with Hm0 denoting the significant wave height. Following

Mendez and Losada (2004), Cdv can be related to the Keulegan–Carpenter (K)
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number as follows:

Cdv =
exp(−0.0138Q)

Q0.3
7 ≤ Q ≤ 172 (3.64)

with Q defined as:

Q =
K

α0.76
v

(3.65)

where the Keulegan–Carpenter numberK is given by:

K =
ucTp
bv

(3.66)

with Tp the peak wave period and uc a characteristic velocity acting on the plant.

It is defined as the maximum horizontal velocity at the top of the plants (z =

−h+ αvh) (e.g., Anderson and Smith (2014))

uc =
Hrmsπ

Tp
· cosh(kαvh)

sinh(kh)
(3.67)

3.7.3 Set of simulations

Several scenarios were simulated in order to understand the wave and storm surge

propagation within Deep Bay and to evaluate the effect of the mangrove forest as

follows: Series 1: the first series of simulations was conducted to evaluate wave

attenuation along the bay and through the mangrove forest. Three scenarios were

simulated using significant wave heights with return periods Tr of 10, 50, and 100

years. For each wave condition, three vegetation drag coefficients (CDv) were

tested: 0 (no vegetation), 2, and 4. The value of 4 represents an extreme condi-

tion suggested by Nepf and Vivoni (2000) and Tanino and Nepf (2008), enabling
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simulation of worst-case scenarios. All simulations were initialized with the wa-

ter level corresponding to high tide, ensuring complete inundation of both the bay

and mangrove forest. This condition represents the most critical scenario for wave

propagation. The low tide condition was not investigated, as the mangrove forest

becomes dry and wave attenuation is not relevant. Series 2: the storm surge associ-

ated with Typhoon Hato (August 2017) was reproduced, with simulations repeated

using the same threeCDv values. For the above selected simulations the conditions

that were imposed are the following:

1. the eight major harmonic components of the tides (M2, S2, N2, K2, K1,

O1, Q1, P1) extracted from the FES2014 package (Carrere et al. 2015).

2. the wave conditions in terms of wave spectrum obtained by a 52-years

hindcast produced with the same numerical model strategy (Bagnasco et al. 2025).

The hindcast wave data have been analyzed in order to evaluate the wave height

and spectral wave period for different storm return periods (10, 50 and 100 years).

3. the storm surge levels during extreme events have been computed using the

simulations performed over the entire South China Sea (Bagnasco et al. 2025) and

extracted along the present open boundary.



Chapter 4

A two-way coupled wave–current

high resolution hindcast for the

South China Sea

4.1 Mesh Independence analysis

One of the strictest requirements that any explicit numerical scheme has to fulfill in

order to be stable and convergent is the so-called Courant-Friedrichs-Lewy (CFL)

condition (Courant et al. 1928): CFL< 1, whereCFL =
∆t · v
∆x

. In this formula,

∆t is the integration time step, v is the flow velocity and ∆x is the mesh size.

However, the fact that SCHISM is an unstructured model based on implicit time

stepping schemes makes the CFL constraint no longer a stringent restriction, as

stressed byY. Zhang and Baptista (2008). For this reason, even significant changes

in both the mesh size and time step will not considerably affect the results. Several

mesh sizes were tested, with minimum size ranging between 0.001◦ and 0.01◦

69
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in the Hong Kong waters. In particular, five different meshes that differ for the

resolution around Hong Kong but share the same grid size offshore and far from

the area of interest were considered in the sensitivity analysis: mesh A (minimum

size ∼ 0.003◦ ), mesh B (minimum size ∼ 0.004◦), mesh C (minimum size ∼

0.006), mesh D (minimum size ∼ 0.008◦), mesh E (minimum size ∼ 0.01◦).
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Figure 4.1: Mesh sensitivity test on HS and related Taylor diagram at station W1
during a time period in 2001.

Figure 4.1 illustrates the outcomes obtained forHS using the above mentioned

unstructured meshes, along with the Taylor diagram in W1 during a time period in

2001. The correlation coefficient (CC) values remain consistently around 0.9, the

root mean square difference (RMSD) hovers around 0.12 m, and the standard de-

viation (STD) remains approximately 0.22 m. These results show that increasing

the nearshore mesh resolution more than 0.008◦ doesn’t further improve the model

skill. Note that a similar analysis has been performed using the observation of the

second wave station (W2), not shown here, which lead to very similar results com-

pared to Figure 4.1. A similar analysis was performed comparing the water levels
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Station ID mesh STD [m] RMSD [m] CC

T1
E 0.636 0.321 0.884
D 0.642 0.316 0.896
A 0.656 0.334 0.888

T2
E 0.637 0.326 0.874
D 0.645 0.326 0.881
A 0.674 0.349 0.880

T3
E 0.637 0.346 0.855
D 0.645 0.346 0.863
A 0.673 0.370 0.861

T4
E 0.578 0.325 0.832
D 0.585 0.322 0.842
A 0.593 0.333 0.836

Table 4.1: Statistics related to the water levels for the three meshes tested.

at the four tide stations (T1, T2, T3, T4) performing a one month long simulation

using three meshes, namely E, D and A. The results in terms of statistical indices

are reported in Table 4.1.

The results confirms that no significant differences are detected by comparing

the three meshes. Based on the above discussion, a resolution of 0.008◦ (mesh

D) was selected in order to provide sufficient resolution nearshore and reduce the

computational time of the numerical simulations.

4.2 ERA5 wind bias correction

As anticipated in Section 3.3.1, ERA5 wind velocities were compared to IFRE-

MER wind velocities in order to apply a hourly bias correction to each node ve-

locity and for the years spanning between 1992 and 2020. The mere compari-

son between the two datasets, both for the northward and eastward wind compo-

nents, provides an understanding of the degree of similarity between their distri-
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butions. As an example, three locations were selected for analysis: location A

(22◦N, 114◦E), location B (15◦N, 114◦E), and location C (11◦N, 109.25◦E). Scat-

ter plots were computed at these locations for the year 2006. Figure 4.2 shows

Figure 4.2: Scatter plots and Q-Q plots related to the absolute values of wind
velocities in locations A, B, C for 2006.

the positions of these three locations and the related scatter plots where each mark

is colored by the spatial density (PDE) of nearby points, computed by means of

the Kernel smoothing function. The plots also display the quantiles of the IFRE-

MER wind velocities versus the quantiles of the ERA5 wind velocities. In gen-

eral, the two distributions are alike if they do not deviate from red dashed line. It

can be observed that the two datasets show a strong agreement when the absolute

value of their velocity does not exceed circa 7 m/s. In this range of velocities,

the eastward and northward wind components therefore manifest robust values of

BIAS, RMSE and CC. The eastward wind component at location A is charac-

terized by CC equal to 0.998, RMSE equal to 0.169 m and aBIAS of -0.025 m.

Beyond that value, the disparities between ERA5 and IFREMER, although still
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within the range of approximately 1 m/s, begin to grow. In this case, location A

shows slightly poorer statistic metrics (CC = 0.979,RMSE = 1.207m andBIAS

= -1.073 m).

From the plots it seems that ERA5 velocities tend to be higher then IFREMER

velocities for values greater than 7 m/s. However, location C seems to show an

opposite behavior when the absolute value of the eastward wind velocity exceeds

the value of 10 m/s: BIAS reaches a positive value of 0.117 m, RMSE is equal

to 0.126 m and CC is equal to 0.983.

Moreover, yearly colored maps were generated in order to show the spatial

distribution of the mean wind bias within the SCS: it is therefore possible to un-

derstand when the bias becomes positive and when it becomes negative.

Figure 4.3: Mean annual bias in 2006 for both eastward and northward wind ve-
locity components.
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Figure 4.4: Mean annual bias in 2017 for both eastward and northward wind ve-
locity components.

Figure 4.3 and Figure 4.4 show the mean annual bias for the two velocity com-

ponents for the years 2006 and 2017, as examples. In 2006, the observational data

for eastward wind velocities (u10) in the coastal regions between Hainan Island

and Taiwan, Taiwan and the northern part of the Philippines, Manila and north

of Brunei, and Brunei and Ho Chi Minh City showed positive biases. Differently,

the northward wind velocities (v10) are predominantly negative with a few positive

patches around Taiwan, at the Philippines and in proximity of Hainan Island. In the

year 2017, there appears to be a noticeable resemblance in the behavior of both u10

and v10 mean biases. Similar to the biases observed in 2006, the coastline extend-

ing from the northern open boundary to the left edge of the southern open boundary

within the numerical domain exhibits comparable biases. However, in the eastern
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region of the domain, certain areas around the Philippines, and generally in deep

water locations, the mean bias for both components exhibits an opposite sign. The

mean annual bias distribution for the entire time range (1992–2020) is provided in

Section 9 of Chapter 9 for completeness. The distribution of bias is clearly time

and space dependent, with a tendency towards positive bias in the latitude below

15◦N. It is often observed a positive bias of the eastward component in the GBA

region. The present results seem to be slightly misaligned compared to previous

analysis in other ocean basins (Elshinnawy et al. 2024; Campos et al. 2022; Bel-

monte Rivas and Stoffelen 2019). However, the values of the computed bias are

comparable to the above mentioned studies.

4.3 Model performance

The overall performance of the SCHISM-WWMIII two-way coupled model de-

ployed in this study was assessed by considering and analyzing the water level

elevations h, significant wave heights HS , peak wave period Tp and mean wave

direction Dm.

As mentioned in Section 3.4.2, 4 tide stations in Hong Kong (T1, T2, T3, T4)

handled by the Hydrographic Office of Marine Department (HO) were consid-

ered for the water level validation. Hourly modeled water elevation versus hourly

observed water elevation were compared for each of the tide stations and for the

entire simulation time (1970-2022). Generally, all the locations exhibit similar

behavior and demonstrate a solid agreement with the observations.

Table 4.2 summarizes the values of the statistical parameters evaluated to as-

sess the performance of the comparisons. All the four stations are depicted by CC
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Station ID CC BIAS [m] RMSE [m] skill
T1 0.845 0.081 0.369 0.742
T2 0.839 0.102 0.379 0.818
T3 0.803 0.085 0.407 0.720
T4 0.780 0.144 0.407 0.717

Table 4.2: Statistics related to the water levels.

values in the range 0.780 (for T4) and 0.845 (for T1), BIAS values of the order

of 0.1 m and RMSE values varying between 0.369 m and 0.407 m. The SKILL

parameters for all the locations are greater than 0.7, with the highest value of 0.818

for T2, which suggest a fair agreement between the observations and the simulated

variables. C. He et al. (2022) performed a study about coastal macro-vortices dy-

namics in the Hong Kong waters and validated the 3D FVCOM model against

water level observations with the same tidal stations analyzed in this paper. The

results lead to CC values of 0.96 in all the stations except for T4 in which CC is

equal to 0.95. RMSE ranges between 0.13 m and 0.15 m and the SKILL pa-

rameters reach values of 0.97 and 0.98. All these statistics indicate an extremely

robust agreement even though the validation only includes the month of Decem-

ber 2017. Differently, statistics of Table 4.2 are referred to the entire available

datasets, and therefore cannot be directly compared to the 3D results presented in

C. He et al. (2022). Note that the model employed in C. He et al. (2022) was set

up with 10 sigma layers and with a spatial resolution down to 50 meters around

Hong Kong.

Figure 4.5 displays the Taylor diagrams for all the tide stations in order to pro-

vide more information about the comparison. It can be observed that the RMSD

values are always less than 0.4 m and that the standard deviations of the simulated

water levels fluctuate around 0.6 m.
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Figure 4.5: Taylor diagrams related to the four tide stations.

Regarding the wave heights validation, the numerical model results were com-

pared to satellite observations. In particular, the significant wave heightHS for the

whole numerical domain were interpolated along the satellite tracks, as described

in Section 3.4.3.

Table 4.3, Table 4.4 and Table 4.5 show the findings of the yearly statistical

analysis for each of the satellite missions considered. It can be observed that the



CHAPTER 4. WAVE–CURRENT HIGH RESOLUTION HINDCAST 78

Year CC BIAS [m] RMSE [m] NBI [%] HH
1992 0.884 -0.011 0.475 -0.50 0.204
1993 0.925 -0.060 0.403 -3.90 0.225
1994 0.908 -0.096 0.391 -6.44 0.234
1995 0.935 -0.068 0.384 -4.34 0.208
1996 0.906 -0.091 0.441 -5.70 0.244
1997 0.923 -0.054 0.347 -3.89 0.217
1998 0.935 -0.059 0.350 -4.44 0.219
1999 0.930 -0.019 0.417 -1.17 0.214
2000 0.930 -0.038 0.371 -2.41 0.204
2001 0.918 -0.063 0.381 -4.11 0.219
2002 0.921 -0.055 0.341 -3.92 0.213
2003 0.929 -0.072 0.371 -4.65 0.210
2004 0.907 -0.060 0.393 -3.86 0.225
2005 0.899 -0.103 0.375 -7.82 0.253

Table 4.3: TOPEX Statistics 1992-2005.

Year CC BIAS [m] RMSE [m] NBI [%] HH
2002 0.923 -0.074 0.363 -4.86 0.212
2003 0.921 -0.074 0.372 -5.01 0.220
2004 0.914 -0.043 0.362 -2.92 0.218
2005 0.922 -0.091 0.391 -6.00 0.225
2006 0.922 -0.066 0.394 -4.32 0.224
2007 0.935 -0.055 0.374 -3.59 0.208
2008 0.928 -0.035 0.384 -2.25 0.211
2009 0.931 -0.024 0.359 -1.54 0.201
2010 0.920 -0.126 0.387 -9.04 0.244
2011 0.940 -0.035 0.373 -2.06 0.190
2012 0.921 -0.008 0.385 -0.49 0.198

Table 4.4: ENVISAT Statistics 2002-2012.

correlation between satellite data and the simulation is significantly high with CC

values between 0.88 (TOPEX satellite - year 1992) and 0.94 (JASON-2 satellite -

year 2011). The biases, computed as ’modeled HS - observed HS’ always appear

to be negative with a minimum of -0.008 (ENVISAT satellite - year 2012) except

for a positive bias of 0.012 (JASON-2 satellite - year 2018). The RMSE values
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Year CC BIAS [m] RMSE [m] NBI [%] HH
2008 0.923 -0.037 0.399 -2.37 0.218
2009 0.921 -0.025 0.379 -1.58 0.208
2010 0.924 -0.101 0.371 -7.32 0.233
2011 0.941 -0.022 0.372 -1.31 0.189
2012 0.913 -0.067 0.370 -4.39 0.217
2013 0.922 -0.065 0.375 -4.10 0.209
2014 0.930 -0.034 0.367 -2.31 0.214
2015 0.935 -0.054 0.338 -3.86 0.208
2016 0.940 -0.044 0.351 -3.01 0.203
2017 0.934 -0.047 0.392 -2.74 0.199
2018 0.931 0.012 0.346 0.82 0.199
2019 0.912 -0.009 0.315 -0.64 0.201

Table 4.5: JASON-2 Statistics 2008-2019.

show relatively low values and don’t exceed 0.475 m. The normalized bias (NBI)

parameters, which serve as indicators of the average component of the error, are

always below -10%. Moreover, the Hanna and Heinold (HH) indicators oscillate

around 0.2 therefore suggesting good quality of the comparisons. It is worth noting

that there is a very low inter-annual variability for all the satellite missions.

Mission CC BIAS [m] RMSE [m] NBI [%] HH
TOPEX 0.918 ± 0.015 -0.061 ± 0.026 0.389 ± 0.037 -4.082 ± 1.900 0.221 ± 0.015
ENVISAT 0.925 ± 0.008 -0.057 ± 0.034 0.377 ± 0.012 -3.825 ± 2.397 0.214 ± 0.015
JASON-2 0.927 ± 0.010 -0.041 ± 0.030 0.365 ± 0.024 -2.734 ± 2.082 0.208 ± 0.011

Table 4.6: Statistics related to all the satellite missions: TOPEX (1992-2005),
ENVISAT (2002-2012), JASON-2 (2008-2019). Mean values with their corre-
sponding standard deviations are shown.

The statistical parameters were also evaluated for the whole satellite missions,

as seen in Table 4.6 and from the scatter plots of Figure 4.6. The overall good

performance of the present hindcast when comparing the significant wave heights

to the satellite observations is confirmed considering the whole observation pe-

riods. Notably, the bias and, consequently the normalized bias, are on average
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always negative, indicating that the numerical model tends to underestimate the

wave height predictions.

Figure 4.6: Scatter plots of HS related to the TOPEX (A), ENVISAT (B) and
JASON-2 (C) satellite missions.

Regarding the in-situ comparisons at wave stations W1 and W2, the quality
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assessment was performed by comparing the significant wave height (HS), peak

wave period (Tp) and mean wave direction (Dm).

Figure 4.7: Scatter plots and Taylor diagrams related toHS for W1 (first row) and
W2 (second row).

The results for both stations generally show good agreements for HS values

greater than 1 m with only a few outliers. Figure 4.7 shows the scatter plots and
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the corresponding Taylor diagrams relative to HS for both W1 and W2. Signif-

icant wave heights smaller than 1 m tend to be overestimated by the numerical

model. The Taylor diagrams show values of RMSD around 0.15 m and standard

deviation around 0.2 m for both stations, whereas the correlation coefficients CC

reach values of 0.64 and 0.76 for W1 and W2 respectively. More details can be

seen in Table 4.7.

Station ID Variable CC BIAS RMSE NBI [%] HH
W1 HS 0.637 0.038 m 0.136 m 12.32 0.391

Tp 0.444 0.049 s 2.218 s 0.83 0.365
W2 HS 0.761 0.067 m 0.151 m 18.40 0.353

Tp 0.499 -0.038 s 2.169 s -0.57 0.318

Table 4.7: Statistics related to significant wave heights and peak wave periods for
W1 and W2.

In the same table, the statistical parameters referred to the peak wave periods

(Tp) are reported. Correlation values CC for both W1 and W2 are considerably

lower than the values obtained for the significant wave heights (HS). RMSD

values are more or less equal to 2 s and the standard deviations of the simulated

peak wave periods (Tp) are slightly less than 2 s.

The comparative analysis of mean wave directions (Dm) was conducted using

wave roses, as shown in Figure 4.8. As a result of the geographical positioning of

the twowave stations, waves originating from the second quadrant (between North

and West) are not captured in the simulations. Nevertheless, the observed series

of mean wave directions for both stations exhibit the occurrence of minor waves

emanating from that sector. This occurrence is likely attributed to the influence

of marine traffic within the Hong Kong harbor, including boat wakes, as well as

potential errors originating from the wave stations. The analysis reveals that in sta-
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Figure 4.8: Wave roses for both W1 and W2. The plots denoted by A) show the
observedDm and the relatedHs while the B) plots are pertinent to the simulations.

tion W1, the most frequently occurring mean wave direction aligns well with the

simulated results. However, a relatively poor comparison is found for station W2.

In fact, the most frequently observed mean wave direction is South-East, whereas

the most frequently simulated mean wave direction tends to be South/South-West.

The statistical analysis on the whole dataset for W1 showed a HHDm value of

0.289 and a NBIDm equal to 0.250. The W2 station show almost the exact val-
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ues: HHDm equal to 0.288 and NBIDm equal to 0.250. The Dm results show a

relatively poor agreement between the outputs of the numerical model and the ob-

servations as also highlighted by Kong et al. (2024). Kong et al. (2024) compared

the outcomes of the Operational Marine Forecasting System (OMFS) managed by

the Hong Kong Observatory to the observations in both W1 and W2, stressing the

fact that apparent discrepancies arise due to the inability of the model to properly

simulate wave effects in small sea channels.

In order to understand the benefits of deploying a two-way coupling between

SCHISM and WWMIII in nearshore areas, the year 2018 had been considered

and simulated considering different coupling mechanisms: no coupling, two-way

coupling and two one-way coupling scenarios (see Section 2 of the Supplemen-

tary Information document). Statistical indicators were evaluated using significant

wave height data from stations W1 and W2, as well as water level observations

from stations T1, T2, T3, and T4. In addition, nearshore locations in the upper

part of the domain had been selected to perform a comparison with satellite data

where water depths do not exceed 200 meters, as seen in Figure S1. Considering

the statistics at wave stations (Table S1 and Table S2) and tidal stations (Table S4),

coupling mechanisms show an increase in both correlation coefficients (between

1% and 4%) and skill parameters (from 3% to about 18%) compared to the uncou-

pled simulation. Also, the choice of fully coupling SCHISM and WWMIII leads

to marginal improvements in terms of correlation coefficients (between 0.1% and

0.7%) and skill values (with a maximum value of 1.1%) compared to both one-way

coupling scenarios as seen in Table S4. Similar benefits of fully-coupling versus

one-way coupling seem not to appear for the significant wave height statistics as

shown in Table S1 and Table S2. From the results obtained in comparison with
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satellite data, shown in Table S3, no significant changes appear. Statistical pa-

rameters show that, in general, a coupling between the hydrodynamic model and

the spectral wave model slightly improves the comparisons and reduces the error

metrics.

4.4 Simulation of extreme events

The performance of large scale wave hindcasts are known to underperform in the

case of extreme events, typically underestimating the significant wave heights

(Mentaschi et al. 2023). This tendency is commonly ascribed to the reanalysis

of the atmospheric forcing that tend to predict lower winds and atmospheric pres-

sure extremes, typical of tropical storms or typhoons (Schenkel and Hart 2012;

Hodges et al. 2017; Campos et al. 2022; Lodise et al. 2024). In particular, sev-

eral approaches have been showed to effectively reproduce wave and storm surges

caused by tropical extreme events (G. J. Holland 1980; Emanuel and Rotunno

2011; J. Yang et al. 2019; J. Wang and P. L.-F. Liu 2021). In the context of extreme

events, operational wave models have been observed to underestimate the peak of

extreme wave heights, with errors reaching several meters. This phenomenon is

frequently observed in comparisons of model forecasts and hindcast to observa-

tions during the passage of cyclones (Cardone et al. 1996; Collins et al. 2021). A

poor understanding of the physics that govern extreme regimes, the accuracy of

wind forcing data, and the challenge of representing the aforementioned dynamics

on discrete grids in time and space are often advocated as the main source of dis-

crepancies. These factors lead to the smoothing and underestimation of maximum

values, sharp gradients, and overall variability (Cavaleri 2009). This is particu-
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larly the case with regard to the area of highest waves, which can be observed in

the vicinity of a cyclone’s forward motion (Collins et al. 2021).

For all these reasons, in order to optimize peak detection during typhoon events,

it was decided to adopt the Holland parametric wind model (G. J. Holland 1980) to

simulate part of the typhoons and tropical storms that occurred in the South China

Sea during the time frame covered in the present analysis. Details of the model

can be found in Section 3.2.1. The same approach was applied by J. Wang and

P. L.-F. Liu (2021), for instance, for studying the impact of concurrent storm-tide-

tsunami effects in Macau and Hong Kong during Typhoon Hato in 2017 and by N.

Wang et al. (2019) to conduct a preliminary analysis of typhoon waves in the Yel-

low Sea and South China Sea. In a more recent work, Vogt et al. (2024) adopted

the Holland parametric wind model to evaluate typhoon induced ocean surge and

coastal inundation dynamics around the globe for a series of events. This model

is able to satisfactorily reproduce the pressure and wind fields during the passage

of typhoons and all the necessary input data for running the parametric model are

extracted from the International Best Track Archive for Climate Stewardship IB-

trACS (Knapp et al. 2010), the most comprehensive global dataset of historical

tropical cyclones activity. Details and procedure on how to generate the pressure

and wind fields are well described and documented in J. Yang et al. (2019) and

therefore not repeated here.

In the present study, a total of 32 events taken from IBtrACS in the period be-

tween 2001 and 2022 were simulated. This is because some events were missing

important parameters and typhoon features required by the Holland model tu run.

Only events recorded in IBTrACS with complete tropical cyclone parameters for

the Holland model were considered. The details of the events and the correspond-
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ing tracks are presented in Section 9, Chapter 9.

The following section presents detailed results and a comparison ofwave heights

between in situ observations and numerical results obtained using the ERA5 and

Holland methods for two typhoons occurring in 2009 and 2018, respectively. The

information have been collected by the official reports yearly issued by the Hong

Kong Observatory (https://www.hko.gov.hk/en/publica/pubtc.htm). We reference

the reader to the Supplementary Information document for the results for the rest

of the tropical cyclones simulated.

The first event refers to the passage of Typhoon Koppu (0915) in 2009. Koppu

developed into a tropical depression over the western North Pacific about 490

km northeast of Manila on 12 September 2009, entered the northern part of the

South China Sea with a westerly track on the morning of 13 September 2009 and

then turned into a tropical storm. Koppu intensified further into a severe tropical

storm on the morning of 14 September 2009 and turned to move northwestwards

towards the coast of Guangdong. Koppu reached its peak intensity with estimated

maximum winds of 140 km/h near its center in the small hours of 15 September

2009. Koppu weakened into a tropical depression during the early hours of 16

September and then dissipated over Guangxi. The maximum significant wave

heights recorded by the wave buoys were about 2.81 m in station W1 and 3.34 m

in station W2, see Figure 4.9 and Figure 4.10.

The second period of simulation covered one of the most intense typhoon ever

recorded by the wave buoys in the Hong Kong waters, namely the Super Typhoon

Mangkhut (1822) between 7 and 17 September 2018. Mangkhut developed into a

super typhoon on 11 September, reaching its peak intensity before making land-

fall over Luzon with an estimated maximum sustained wind of 250 km/h near the
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Figure 4.9: HS plots and Taylor diagrams at stationsW1 andW2 related to event 1
(Typhoon Koppu). In the legend: OBS refers to the observed signal, ERA5 refers
to the two-way fully coupled signal and IBtrACS refers to the signal obtained with
the Holland model.

center. The maximum recorded HS were 4.37 m at W2 and 4.32 m at W1, see

Figure 4.9 and Figure 4.10. Due to its devastating impact, Mangkhut received a

lot of attention and several studies have been published both on the analysis of the

atmospheric event (J. He et al. 2020; J. He et al. 2022) and on its impact on the
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Figure 4.10: HS plots and Taylor diagrams at stations W1 andW2 related to event
2 (Typhoon Mangkhut). In the legend: OBS refers to the observed signal, ERA5
refers to the two-way fully coupled signal and IBtrACS refers to the signal obtained
with the Holland model.

coastal environment and urban areas (J. Yang et al. 2019; Y. He et al. 2020; Zhou

et al. 2020).

We compared the outputs of the simulations in terms of significant wave height

HS against the buoy measurements at W1 andW2 and evaluated the model perfor-
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mance using the Taylor diagram. The aim of this analysis is to show the improve-

ments of the Holland parametric model (denoted as IBtrACS) over the two-way

coupled simulations based on the ERA5 reanalysis. The results of the analysis are

shown in Figure 4.9 and Figure 4.10. For both the events and for both stations,

it is clear that the Holland parametric wind model allows a much more improved

representation of the typhoon induced significant wave heights. The simulations

based on ERA5 were not able to describe properly the passage of the typhoons,

leading to severe underestimations of maximum significant wave heights. Regard-

ing event 1, The Holland model brings an increase in the standard deviation from

0.19 m to 0.83 m at station W1 and from 0.2 m to 1 m at station W2. However,

the correlation coefficient considerably improves at station W2 from 0.47 to 0.88

and from 0.52 to 0.60 at station W1. RMSD values appear to remain relatively

stable. Event 2 shows a similar behavior, with the standard deviation increasing

from 0.39 m to 1.04 m at station W1 and from 0.51 m to 1.2 m at station W2. The

Holland model induces a 50% reduction in the RMSD values while the correla-

tion coefficients once again significantly increase from 0.47 to 0.88 at station W1

and from 0.58 to 0.91 at station W2.
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Figure 4.11: Water level signals during event 2 at stations T1 and T3 (panels (a) and
(b) respectively). In the legend: OBS refers to the observed signal, ERA5 refers
to the two-way fully coupled signal and IBtrACS refers to the signal obtained with
the Holland model.

Figure 4.11 presents the time series of water levels (h) at stations T1 and

T3 during Typhoon Mangkhut, comparing observations with model simulations

forced by ERA5 winds and by the Holland parametric wind model. The Holland-

forced simulation provides a visuallymore faithful depiction of the typhoon-generated

storm surge, particularly in terms of the timing and shape of the peak elevation.

While the peak water levels are slightly overestimated at both T1 and T3 compared

to the observations, the overall surge signature is more realistically captured than

in the ERA5-forced case. This comparison illustrates the benefit of incorporating

a parametric typhoon wind model for improved representation of extreme storm

surge events in the study region.
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Figure 4.12: Peak wave period signals during event 2 at stations W1 andW2 (pan-
els (a) and (b) respectively). In the legend: OBS refers to the observed signal,
ERA5 refers to the two-way fully coupled signal and IBtrACS refers to the signal
obtained with the Holland model.

Analogously, Figure 4.12 presents the time series of peak wave period (Tp)

at stations W1 and W2 during Typhoon Mangkhut, comparing observations with

model simulations forced by ERA5 winds and by the Holland parametric wind

model. In the days leading up to the typhoon’s approach (approximately 2 days

prior), both simulations underestimate the observed peak wave periods. This un-

derestimation is evident in both the ERA5-forced and Holland-forced runs, sug-

gesting that neither wind forcing fully captures the background swell field or the

early arrival of longer-period waves associated with the developing typhoon sys-

tem. The simulation forced by ERA5 winds shows a clear limitation in reproduc-

ing the observed wave period evolution, particularly during the typhoon’s passage.

The peak wave periods are generally underestimated and fail to capture the rapid

increase and the timing of the maximum Tp associated with the storm’s strongest

winds and swell arrival. In contrast, the Holland-forced simulation provides a vi-

sually more consistent representation of the peak wave period dynamics. It better

captures both the magnitude of the peak Tp and the temporal evolution of the sig-
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nal during the typhoon event, aligning more closely with the observed behaviour

at both stations.

In terms of statistical parameters, the overall performance of the Holland nu-

merical model can be considered satisfactory if compared to the results obtained

with the two-way fully coupled simulations based on ERA5. Overall, the perfor-

mance for extreme events is consistent with previous wave hindcasts using ERA5

(Perez et al. 2017; Shi et al. 2019), with a noted improvement when using the

Holland parametrization.

Regarding the prediction of maximum sea levels during tropical cyclones, the

results for each event are also presented in table format in Section 9, compar-

ing the outputs from the ERA5 and Holland approaches. It can be observed that

the comparison between the simulations and the recorded water levels at different

station in Hong Kong significantly improved using the wind and pressure fields

computed using the Holland parametrization, especially for very extreme events,

such as Koppu (2009), Usagi (2013) and Mangkhut (2018), among others.

The resulting wave–current hindcast is a composite product obtained by merg-

ing bias-corrected ERA5 simulations with high-resolution simulations of the 32

selected extreme events forced by the Holland tropical cyclone wind model. At

each grid point and time step, the significant wave height (HS) is taken as the

larger of the two values: the bias-corrected ERA5 hindcast or the Holland-forced

simulation. An identical maximum-selection procedure is applied to the storm

surge/water levels. The corresponding mean wave directions and peak wave peri-

ods are those occurring at the instant when the maximum HS is attained.



Chapter 5

Characterization of significant wave

height trends in the South China Sea

based on wave hindcast results: a

non-stationary extreme value

analysis (NEVA)

5.1 Spatial and temporal patterns of significantwave

height

Starting from the data provided by the current-wave hindcast (1979-2022), we

first characterize the spatial and temporal distributions of significant wave heights

within the numerical domain. Shown in Figure 5.1 is the monthly distribution of

94



CHAPTER 5. OBSERVED TRENDS AND RETURN LEVEL ESTIMATION 95

maximum significant wave heights, while Figure 5.2 shows the seasonal distribu-

tion of maximum significant wave heights. The highest maximum wave heights

are observed during September and October with a peak equal to 15.90 m in Oc-

tober. The latter is a month during which the typhoon activity is still quite active,

and therefore the domain is populated by a larger patch of intense significant wave

heights. In contrast, months characterized by lower wave activity are January,

February andMarch with maximumwave heights remaining below approximately

8 m.

Figure 5.1: Monthly plots of maximum significant wave height.



CHAPTER 5. OBSERVED TRENDS AND RETURN LEVEL ESTIMATION 96

From Figure 5.2 it is clear that Autumn is the season characterized by the most

intense wave activity, especially in the northern part of the domain. From the

winter plot it can be observed that the southwestern region is marked by a distinct

high-energy zone with peak values of maximum significant wave heights reaching

about 14-15 m. The summer season features highest values (≥ 13 m) in the north-

ern part of the basin, especially in the vicinity of the Luzon Strait. Spring months

show comparable values of maximum significant wave heights, with the central

domain experiencing peaks of 13–14 m. Generally, the highest values occur in

open ocean regions, with some localized peaks in the central and southern parts of

the domain, identifying areas more prone to extreme wave generation.
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Figure 5.2: Seasonal plots of maximum significant wave height. The months con-
sidered for the four seasons are the following: Summer (Jun, Jul, Aug), Autumn
(Sep, Oct, Nov), Winter (Dec, Jan, Feb), Spring (Mar, Apr, May).

The fact of not accounting for properly simulated typhoon events, hence by

means of the Holland model, implies substantial changes in the significant wave

height distributions. Figure 5.3, as opposed to Figure 5.1, shows weaker values of

maximum significant wave heights during the months with predominant typhoon

activity (August, September and October) and during April and December. As a

result, no substantial differences arise in the other months of the year.
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Figure 5.3: Monthly plots of maximum significant wave height in absence of the
Holland Model.

Similarly, a comparison between Figure 5.4 and Figure 5.2, shows the latter

being characterized bymore intense values of seasonal maximum significant wave

height, with summer being the season less affected by relevant changes.
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Figure 5.4: Seasonal plots of maximum significant wave height in absence of the
Holland Model. The months considered for the four seasons are the following:
Summer (Jun, Jul, Aug), Autumn (Sep, Oct, Nov), Winter (Dec, Jan, Feb), Spring
(Mar, Apr, May).

5.2 Identification and quantification of trends

The presence of trends and non-stationarities in annual maximum significant wave

heights is detected in the NEVA framework by means of the Mann-Kendall test.

As described in section 3.5, the test can be carried out for a certain significance
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level α in order to find statistically significant trends. Figure 5.5 illustrates the

results of the Mann-Kendall test for α equal to 5%, 30%, 50%, 80%, 95% and

100%. Figure 5.5 also shows the magnitude of the trend in terms of yearly in-

crement, or decrease, that was calculated through the Theil-Sen estimation (see

Section 3.41). As expected from the Mann-Kendall test, the higher the value of α,

the more evident the presence of trends. It can be seen that the choice of α = 5%

leads to the dominating presence of negative trends around the island of Hainan

and in the eastern part of the domain between 12 N◦ and 25 N◦ approximately.

These negative trends reach maximum values of 0.045 m/year. Some areas char-

acterized by positive trends are located approximately 200 km from the coast of

Vietnam (111 E◦, 11 N◦) with a maximum yearly increment of about 0.019 m/year.

As previously mentioned, increasing the value of α results in larger patches char-

acterized by trends. What stands out the most is the extension of the previously

found increasing-trend zone (considering α = 5%) in the southern part of the do-

main. Moreover, more positive trends appear above Taiwan (122 E◦, 26 N◦) and

in some localized areas between the Great Bay Area and the north-western part of

the Philippines.

A similar analysis could be conducted on a seasonal basis in order to determine

whether the magnitude of the trends changes significantly based on the specific

season under consideration. Figure 5.6 shows the MK test and the TS test for the

maximum values of significant wave height for all four seasons and only for a

α value equal to 100%. It can be observed that summer and autumn are mainly

dominated by negative trends except for a part of the domain above Taiwan dur-

ing autumn. Differently, winter and spring show the presence of more persistent

positive trends in the significant wave height distribution. Winter is mainly char-



CHAPTER 5. OBSERVED TRENDS AND RETURN LEVEL ESTIMATION 101

Figure 5.5: Mann-Kendall test and TS slope estimation for different significance
levels. Red colors represent positive trends while blue colors refer to negative
trends.

acterized by positive trends all over the domain, except for a few nearshore areas

along the Chinese coast, around Taiwan, and in the south-western part of the do-

main next to Vietnam. Spring is characterized by both negative and positive yearly

increments; however, more areas characterized by the absence of trends are shown

in white. By comparing Figure 5.5 and Figure 5.6, some analogies can be seen in

terms of where the positive and negative trends occur. Similarly to Section 5.1, a

comparison was made with the results of the MK test and the TS test in absence of

the Holland model. As illustrated in Figure 5.7, the positive trends in the southern

SCS are less extensive and exhibit lower magnitudes (typically peaking at +0.03

m/year versus +0.04 m/year as shown in Figure 5.5).
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Figure 5.6: Mann-Kendall test and TS slope estimation for a significance level
α equal to 100% and for each season. Red colors represent positive trends while
blue colors refer to negative trends.

In contrast, negative trends in the northern regions appear more confined and

slightly less intense without the model, as the Holland parameterization may en-

hance resolution of extreme events that influence long-term trends. Additionally,

transitional central areas show more insignificance (white regions) at mid-α lev-

els in the hindcast, indicating that the Holland model improves statistical power
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by refining input forcings, resulting in broader significant trend coverage over-

all. The main differences between the seasonal results without the Holland model

Figure 5.7: Mann-Kendall test and TS slope estimation for different significance
levels. Red colors represent positive trends while blue colors refer to negative
trends. The plots refer to the hindcast data that does not include the Holland for-
mulation.

(Figure 5.8) and with it (Figure 5.6) are most evident in typhoon-influenced sea-

sons. In Summer and Autumn, Figure 5.8 shows more pronounced negative trends

in the north and fewer positive areas in the south compared to the Holland version,

where the model likely intensifies positive typhoon-driven trends (expanding red

regions by about 20-30% in area). Winter trends in Figure 5.8 are positive but less

widespread and intense in the south than in the Holland case, suggesting under-

estimation of extreme wind effects without the model. Spring patterns are more
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similar between the two, with minor differences in the extent of transitional zones,

implying that non-typhoon seasons are less sensitive to the Holland parameteriza-

tion.

Figure 5.8: Mann-Kendall test and TS slope estimation for a significance level
α equal to 100% and for each season. Red colors represent positive trends while
blue colors refer to negative trends. The plots refer to the hindcast data that does
not include the Holland formulation.
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5.3 Return values of significant wave height

After detection of a trend at the chosen significance level, in this case α = 100%,

the GEV distribution parameters are estimated under non-stationary assumptions

according to the NEVA framework as described in Section 3.5.1.

Figure 5.9 presents spatial distributions of 25-year non-stationary return lev-

els of significant wave height HS under different estimation approaches and time

horizons, providing a comprehensive assessment of present and future extremes.

Panel (a) displays the 25-year effective return level computed as the median value

over the return distribution in the period 1970-2050, see equations 3.47 and 3.48.

It represents a robust central estimate of the extreme wave climate, showing dis-

tinct maxima (exceeding 12m) in the central and northwestern parts of the domain,

suggesting persistent exposure to extreme wave events in these regions. Panel (b)

shows the standard 25-year return level with design exceedance probability for

the whole observation period (1970-2022), calculated as the median while incor-

porating uncertainty in the model parameters, see equations 3.43 and 3.44. Panel

(c) extends the projection into the future 100-year period after the observation

window, under the same probabilistic framework as in (b), showing the average

future scenario. The spatial distribution remains consistent, though some localized

intensification of return levels is observed, particularly near 20 °N, 112 °E, indi-

cating potential future increases in extreme wave risk. Panel (d) instead, shows

the projections near the end of the 100-year period, thus emphasizing high-impact

scenarios. This results in noticeably higher return levels in high-energy regions,

especially along the north-western shelf, and can be useful for critical infrastruc-

ture design and coastal hazard planning.
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Figure 5.9: Median 25-year non-stationary return level estimates calculated with
different approaches. (a): 25-year effective return level during 1970-2050; (b):
standard 25-year return level with design exceedance probability during 1970-
2022; (c): projected standard 25-year return level with design exceedance prob-
ability 100 years after 2022 (average scenario); (d): projected standard 25-year
return level with design exceedance probability 100 years after 2022 (scenario
near the end of the 100 years).

NEVA also allows users to estimate non-stationary return levels excluding the

uncertainties in the parameters of the distribution. In general, including param-

eter uncertainty (b–d) leads to higher and more spatially extensive return level
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estimates, which is critical for conservative design and risk management (Seri-

naldi 2015). Future projections (c–d) indicate possible increases in extreme wave

height in the locations characterized by positive trends, which may be associated

with climate-induced changes in storm frequency or intensity (Morim et al. 2019;

Grossmann-Matheson et al. 2024). The northwestern and central parts of the do-

main consistently emerge as hotspots for extreme wave activity across all con-

figurations, suggesting that particular attention is needed in coastal planning and

offshore infrastructure design.

Now, Figure 5.9 was replicated for the dataset not accounting for the Holland

model as presented in Figure 5.10. The spatial distribution of HS across the SCS

shows a central peak with values ranging from 5 to 11 m, similar to the Holland

model case but with notable differences. Panels (a) to (d) depict variations in return

levels over different time frames and exceedance probabilities, with the highest

values concentrated in the central basin, gradually decreasing toward the north-

ern and southern boundaries. Compared to Figure 5.9, the absence of the wind

parametric model leads to a more subdued peak inHS , with maximum values typ-

ically reaching 10-11 m versus the slightly higher peaks (up to 11-12 m) observed

in Figure 5.9. This suggests that the Holland model, by incorporating asymmetric

typhoonwind fields, enhances the estimation of extremewave heights, particularly

in the central region prone to typhoon activity. Additionally, the spatial extent of

high HS values (greater than 9 m) is more confined without the model, indicat-

ing that the Holland parameterization extends the area of significant wave impact,

likely due to better representation of storm-induced dynamics. The differences

are most pronounced in panels (a) and (b), where the Holland model amplifies

the effective return levels, reflecting its role in capturing long-term non-stationary
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trends more effectively.

Figure 5.10: Median 25-year non-stationary return level estimates calculated with
different approaches. (a): 25-year effective return level during 1970-2050; (b):
standard 25-year return level with design exceedance probability during 1970-
2022; (c): projected standard 25-year return level with design exceedance prob-
ability 100 years after 2022 (average scenario); (d): projected standard 25-year
return level with design exceedance probability 100 years after 2022 (scenario
near the end of the 100 years). The plots refer to the hindcast data that does not
include the Holland formulation.
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5.4 Evaluating non-stationary return levels at selected

locations: Location A and Location B

In order to further extend the analysis, results and plots related to two specific

locations, as shown in Figure 5.11, are provided below. Location A is situated at

(118.92 N◦, 21.43 E◦), while location B is at (114.96 N◦, 21.41 E◦). Both sites

were selected since they reside in a region frequently affected by typhoons and

extreme weather events, as seen in Figure 3.1.

Figure 5.11: Visualization of the two selected locations for the localized return
level analysis.

Figures 5.12 and Figure 5.13 show the standard non-stationary return levels

with design exceedance probability (Equation 3.43)at location A and B, respec-

tively. Panels (a-c) are calculated in the same way as panels (b-d) in Figure 5.9.

For a 100-year return period, the median return level in panel a) is approximately

14.3 m for location A and 12.5 m for location B. If considering the standard return
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levels projected to the year 2122 in panels b) and c), it is shown that location A

is characterized by lower values of 13.3 m and 12.7 m. Differently, the upward

trend at location B implies an increase in the 100-year return level estimates up to

12.9 m and 13.1 m in panels b) and c), respectively.

Figure 5.12: Non-stationary return level estimates versus return times for location
A. The red dashed line represents the median of the samples while the black lines
identify the confidence intervals: 5th (lower line) and 95th (upper line) percentiles
of the samples. Blue dots in (a) represent the empirical return levels. The shaded
regions (grey, yellow, and magenta) illustrate the ensemble spread of the return
level estimates.



CHAPTER 5. OBSERVED TRENDS AND RETURN LEVEL ESTIMATION 111

Figure 5.13: Non-stationary return level estimates versus return times for loca-
tion B. The red dashed line represents the median of the samples while the black
lines identify the confidence intervals: 5th (lower lined) and 95th (upper line) per-
centiles of the samples. Blue dots in (a) represent the empirical return levels. The
shaded regions (grey, yellow, and magenta) illustrate the ensemble spread of the
return level estimates.

Figures 5.12 and 5.13 were also replicated for the dataset that neglects the

Holland model and presented here. The findings are displayed in Figures 5.14 and

5.15. It can be seen that, for a 100-year return period, the median return levels in

panel a) are now reduced to about 10.8 m for location A and 9.0 m for location

B if compared to those in Figure 5.12 and Figure 5.13. The projections for the

year 2122 at location A (Figure 5.14) show values of 8.8 m and 7.7 m for panels
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a) and b), respectively. On the other hand, values of 7.8 m and 7.0 m are depicted

in Figure 5.15. The non inclusion of maximum HS values calculated with the

Holland model lead to negative trends at both locations, therefore in contrast with

the upward trend previously found at location B.

Figure 5.14: Non-stationary return level estimates versus return times for location
A. The red dashed line represents the median of the samples while the black lines
identify the confidence intervals: 5th (lower line) and 95th (upper line) percentiles
of the samples. Blue dots in (a) represent the empirical return levels. The shaded
regions (grey, yellow, and magenta) illustrate the ensemble spread of the return
level estimates. The plots refer to the hindcast data that does not include the Hol-
land formulation.
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Figure 5.15: Non-stationary return level estimates versus return times for loca-
tion B. The red dashed line represents the median of the samples while the black
lines identify the confidence intervals: 5th (lower lined) and 95th (upper line) per-
centiles of the samples. Blue dots in (a) represent the empirical return levels. The
shaded regions (grey, yellow, and magenta) illustrate the ensemble spread of the
return level estimates. The plots refer to the hindcast data that does not include the
Holland formulation.

As previously seen in Section 5.2, location A exhibits a negative trend of 1.3

cm/year, while location B shows an increasing trend of 0.97 cm/year. Figure 5.16

and Figure 5.17 show the effective return levels at locations A and B, calculated

with Equation 3.47. In the concept of effective return levels, the return levels

change over time while ensuring that the probability of occurrence remains con-

stant. The effective return level indicates what return level should be considered
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for all years to maintain a constant level of risk (Cheng et al. 2014). In particu-

lar, they provide curves for 2-, 10-, 25-, 50- and 100-year effective return levels.

These figures also show the annual maxima values of HS for the whole duration

of the hindcast and highlight the differences arising when the Holland model is not

applied. It is apparent that the effective return levels at location A decrease over

time (hence indicating a downward trend) while they slightly increase over time

at location B due to the presence of an upward trend. For instance, the effective

return level at location A corresponding to a 50-year event (probability of occur-

rence equal to 0.02) during 1970-1980 (index t on the x axis equal to 11 years) is

12.72 m.The same risk for a 51-year period (1970-2020) would be 12.17 m.

Figure 5.16: Effective return levels at location A. The red dashed line refers to
100-year return levels, black dashed line to 50-year return levels and to annual
maximaHS values, blue dashed line to 25-year return levels, green dashed line to
10-year return levels and yellow dashed lined to 2-year return levels.
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The opposite behavior occurs at location B as shown in Figure 5.17, where an

increasing trend (albeit weak) in the annual maxima of wave height distribution

slightly affects the effective return levels. Locations A and B alone are not par-

ticularly significant, as other locations exhibit stronger intensity trends. However,

this will be further clarified in Section 5.5.

Figure 5.17: Effective return levels at location B. The red dashed line refers to
100-year return levels, black dashed line to 50-year return levels and to annual
maximaHS values, blue dashed line to 25-year return levels, green dashed line to
10-year return levels and yellow dashed lined to 2-year return levels.

The neglection of proper typhoon-simulated events implies a different scenario

in terms of effective return levels at locations A and B. Nonetheless, the Holland

model allows to better capture the peaks during extreme events, therefore giving

rise to higher annual maximum values ofHS . For reference, see Figures 5.18 and

5.19.
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Figure 5.18: Effective return levels at location A. The red dashed line refers to
100-year return levels, black dashed line to 50-year return levels and to annual
maxima HS values, blue dashed line to 25-year return levels, green dashed line
to 10-year return levels and yellow dashed lined to 2-year return levels. The plot
refers to the hindcast data that does not include the Holland formulation.

The annual maximum values of HS in Figure 5.18 demonstrate that the omis-

sion of the Holland model leads to an underestimation of peak wave heights. This

systematic underestimation produces a negative trend with a significantly lower

magnitude than the one observed in Figure 5.16.
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Figure 5.19: Effective return levels at location B. The red dashed line refers to
100-year return levels, black dashed line to 50-year return levels and to annual
maxima HS values, blue dashed line to 25-year return levels, green dashed line
to 10-year return levels and yellow dashed lined to 2-year return levels. The plot
refers to the hindcast data that does not include the Holland formulation.

The impact at location B is more pronounced. While the Holland model pro-

duces a weakly positive trend, its omission results in a negative one, effectively

reversing the trend’s sign.

5.5 The role of extreme events on wave height trends

A core part of this work is based on the inclusion of extreme events, in this case

typhoons, simulated with the Holland parametric model. Since the NEVA frame-

work is applied to annual maxima of significant wave heights, proper simulations
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of typhoon wind and pressure fields can result in more precise annual maxima val-

ues. The inclusion of typhoons results in less pronounced negative trends in the

upper region of the domain, specifically in the area between the Philippines, Tai-

wan, and the Great Bay Area, occasionally giving rise to positive trends when the

α value reaches 80%. However, the positive trends observed in the southern part

of the domain, longitudes 110 E◦- 115 E◦ and latitudes 3 N◦- 14 N◦, do not appear

to be affected by the application of the Holland model. This is because most of

the typhoon tracks considered in the analysis mainly pervade the upper part of the

numerical domain (see Figure 3.1 for reference).

As stressed before, the non-stationary return levels proposed in Section 5.3,

Figure 5.9, were also replicated for the dataset not accounting for extreme events

(CH dataset). Figure 5.20 shows the differences between the return level esti-

mations calculated with the two different datasets just mentioned. The regions

colored in red suggest that the inclusion of typhoons induced an increase in the

return level estimates, while blue regions indicate a decrease in the return level

estimates. Panel a) shows the differences in 25-year effective return levels during

the period 1970-2050. It can be seen that the largest positive differences reach

about 4.5 to 6 m, especially between 15 N◦ - 22 N◦ and 110 E◦ - 120 E◦.
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Figure 5.20: Differences between 25-year return level estimates (approaches a–d
in Figure 5.9) with and without the inclusion of Holland-simulated typhoons.

Areas in proximity of the Chinese and Vietnamese coasts mostly exhibit posi-

tive differences that range between 2 and 4m. Minimal variations mostly appear in

the southwestern part of the SCS, a region characterized by less frequent typhoon

activity.

Regarding panel b), it is observed that the spatial patterns of differences present

minimal changes compared to those in panel a). However, the magnitude is gen-



CHAPTER 5. OBSERVED TRENDS AND RETURN LEVEL ESTIMATION 120

erally reduced with the largest positive differences in the range 3.5 to 4 m and

average increases across the domain of around 1 m. Panels c) and d) show two

different future projections of non-stationary 25-year return levels. Here, the in-

corporation of extreme events lead to differences that exceed values of 6 m in some

cases, particularly in the central South China Sea. Panel d) shows some regional

differences, compared to panel c), off the coast of Vietnam and in proximity of the

Luzon strait.

In general, the implementation of the Holland model results in an increase by

up to 2-3 meters in the non-stationary return levels. The region around ∼20 N◦

and ∼115 E◦, highly influenced by typhoon activities, shows the most significant

surge. This is evident in Figure 3.1, which shows the typhoon tracks of the ex-

treme events simulated in this work. The differences arising by the comparison

of the two approaches highlight the importance of considering typhoon dynamics

when estimating non-stationary return levels. Neglecting a proper inclusion of ty-

phoons could result in severe underestimations (up to 20% - 30%) of significant

wave heights used in coastal structure design, especially in regions where typhoon

activity is dominant.

We now reconsider the two locations (A and B) to show the differences be-

tween the two datasets. As mentioned earlier, location A is characterized by a

negative trend of about 1.3 cm/year while location B is characterized by an up-

ward trend of about 0.97 cm/year. If the Holland model was not considered in

the analysis, the trends in annual maxima of HS would be -3.19 cm/year and -

2 cm/year (for locations A and B, respectively). As shown in Figure 5.12, the

weakening of the negative trend magnitude at location A also resulted in higher

non-stationary return levels. The estimates corresponding to the 50-year annual
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HS maxima (ensemble median - red dashed lines) in panels (a-c) were originally

9.87 m, 7.95 m and 6.84 m, respectively. As a result, these estimates have now in-

creased to 12.52 m, 11.51 m, and 10.90 m in Figure 5.12. Similarly to location A,

location B also presented enhanced values of non-stationary return levels across

all panels in Figure 5.13.

Finally, Figure 5.16 and Figure 5.17 allow to have a complete understanding of

the dynamics at locations A and B. In the latter location, the inclusion of typhoons

shows that the trend has become positive and therefore, the effective return levels

now increase over time, always maintaining a constant probability of occurrence.

For instance, if the effective return level corresponding to a 100-year event during

1970-2020 was 8.63 m for the CH dataset, it now becomes 12.57 m in Figure 5.17.



Chapter 6

Multifractal detrended fluctuation

analysis of significant wave heights

in the SCS

The application of multifractal detrended fluctuation analysis (MF-DFA) to signif-

icant wave height time series reveals distinct scaling properties in the wave climate

of the South China Sea (SCS), as detailed below. As mentioned in Section 3.6,

the analysis focuses on the q-th order fluctuation function Fq(s) (calculated with

Equation 3.51), in order to identify knee points and depict typical time scales. In

particular, the scaling behavior of the fluctuation functions is determined by an-

alyzing the log-log plot of Fq(s) for q = 2 across different time scales s. An

example of the resulting fluctuation function at a representative location is shown

in Figure 6.1. As illustrated in the figure, three distinct knee points are visually

identifiable, each corresponding to dominant temporal scales in the wave height

time series: log(s) ∼ 2.28 ∼ 8 days, log(s) ∼ 3.4 ∼ 3.5 months, log(s) ∼ 4.1 ∼

122
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1.5 years.
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Figure 6.1: Example of a log-log plot of the fluctuation function Fq(s) for q = 2
versus time scale s for a generic location.

The behavior shown in Figure 6.1 is representative for themajority of the nodes

of the study area: each node generally exhibits three distinct knee points, indicating

the presence of multiple scaling regimes: short-term (e.g., diurnal to synoptic),

intermediate (e.g., seasonal), and long-term (e.g., interannual).

Figure 6.2 shows the time scales at which the knee points occur. Spatial pat-

terns show higher values in the northern SCS, likely due to greater variability from

monsoons and typhoons, while southern areas display lower values, indicating

more stable equatorial influences.
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Figure 6.2: Time scales expressed in hours associated with the three knee points
for q = 2. Panels (A), (B) and (D) show the first, second and third knee point,
respectively.

In particular, Panel (A) depicts the shortest identified time scale, with values

ranging from approximately 240 hours (dominating time scale) to 500 hours (in a

few areas in the southern part of the domain). This scale corresponds to synoptic

weather systems, such as frontal passages, short-term storms, or mesoscale atmo-

spheric disturbances, which dominate wave height fluctuations on weekly to bi-

weekly intervals (Ozger 2011). Literature on DFA/MF-DFA of wave heights in the

SCS identifies similar crossovers around 4–11 days, where fluctuations transition

from Brownian noise-like (integrated random processes) to persistent long-range

correlations, aiding in short-term forecasting (Cabrera and Rodríguez 2011).

Intermediate knee points presented in Panel (B) exhibit values corresponding

to approximately 4.8 months (∼ 3500 hours) in the southern and central SCS, in-
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cluding the area enclosed byHainan Island, increasing to 6.8–7.5months (∼ 5000–

5500 hours) in the central and northern portions of the domain. This time scale

aligns with seasonal cycles, encompassing the SCS monsoon regimes (northeast

winter monsoon, between November and March; southwest summer monsoon,

between May and September) and the peak typhoon season (July–October).

Finally, Panel (C) identifies annual to inter-annual variability with longer time

scales of about 1.4 to 1.7 years. This longest scale likely captures inter-annual

phenomena, suggesting a possible link to El Niño-Southern Oscillation (ENSO)

influences or multi-year monsoon shifts, affecting wave climate over 1–2 years

(F.-H. Xu and Oey 2015; F. Peng et al. 2024). In the context of MF-DFA, long-

term crossovers (> 100 days) often indicate white noise-like randomness, reflect-

ing decoupled processes at extended scales. These knee points highlight the mul-

tifractal nature of SCS wave dynamics, influenced by typhoons, monsoons, and

bathymetry.
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Figure 6.3: Hurst exponents identified from the log-log plots of Fq(s) versus s.
Panel (A) refers to the value of H prior to the first knee point; Panel (B) refers to
the value ofH between the first and the second knee point; Panel (C) refers to the
value of H between the second and the third knee point; Panel (D) refers to the
value of H after the last knee point.

Following the identification of knee points in the MF-DFA fluctuation func-

tions (as discussed in Section 3.6), the three crossovers divide the log-log plots of

Fq(s) versus s into four distinct scaling regimes for each node in the SCS domain.

The slope within each regime corresponds to the generalized Hurst exponent h(q)

(see Equation 3.54 and Equation 3.51). For the specific case of q = 2, this ex-

ponent equals the classical Hurst exponent, i.e., h(2) = H (Equation 3.53). As

briefly introduced in Section 3.6, higher H values indicate stronger persistence,
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often linked to structured forcing like monsoons or typhoons, while lower values

indicate anti-persistent behavior and point to more random or dissipative processes

(H. Liu et al. 2023a).

Figure 6.3 illustrates the spatial distribution of these slopes across the four

regimes, revealing pronounced regional variability. Panel (A) shows the predom-

inance of Hurst exponents greater than 1.8 in the majority of the SCS, with the ex-

ception of the north-eastern SCS and the waters enclosed by Hainan Island where

slopes are milder. These elevated slopes (H > 1.5) suggest super-persistent or

non-stationary behavior at short time scales (e.g., hours to days, based on the first

knee point around 240–500 hours).

Panel (B) shows values ofH typically between 0.5 and 1.0 indicating persistent

long-range correlations, stronger in the southern SCS.

Panel (C) shows more variety in slopes, with values ranging from about 0.8

(in the northern coastal areas and close to the boundary) to 1.8 (especially in the

South, along the Vietnamese coast and between Taiwan and China). Here,H val-

ues greater than 0.5 indicate persistent behavior at seasonal to annual scales (up

to about 1.4 years), with northern values approaching 1.8 suggesting strong long-

range correlations or even non-stationarity.

Finally, Panel (D) shows minimal spatial variation, with only sporadic high

values. Slopes are generally low and ranging from around 0.1 in the South to 0.4

in isolated northern patches. H < 0.5 imply anti-persistent behavior at inter-annual

to decadal scales (> 12,000 hours or > 1.4 years). This could reflect the influence of

large-scale climatic oscillations like ENSO or Pacific Decadal Oscillation, which

introduce variability but disrupt long-term persistence through regime shifts.
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Figure 6.4: Map showing the six different locations considered for the detailed
analysis.

The multifractal properties are analyzed at six distinct locations, indicated in

Figure 6.4, using distinct multifractal measures: the generalized Hurst exponent

h(q) (Equation 3.52), the multifractal scaling exponent τ(q) (Equation 3.56), the

fractal dimensionD(q) (Equation 3.57), the singularity spectrum f(α) and the sin-

gularity exponent α (Equations 3.58). Firstly, the log-log plots of the q-th order

fluctuation functions Fq(s) are shown for all the locations (Figure 6.5) and for q

values ranging from -20 to 20. A consistent pattern emerges: curves correspond-

ing to negative q values display markedly higher scatter and noise compared to

positive q, as expected in MF-DFA. This behavior arises because negative mo-
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ments emphasize small-amplitude fluctuations, which are more sensitive to local

irregularities and measurement noise in the time series.

Figure 6.5: Log-log plots of the raw q-th order fluctuation function Fq(s) versus
time scale s for the six locations.

Figure 6.6 shows the corresponding linear curve fitting results. Starting from

the linear curve fitting of Fq(s), more detailed information are then calculated and

shown in Figure 6.7. It can be seen from Panel (B) that the generalized Hurst

exponent h(q) decreases monotonically with increasing moment order q (from -

20 to 20) for all locations: this dependence on q confirms multifractal scaling, as

monofractal series would yield constant h(q). Northern sites (A, B; red/orange

curves) show steeper declines and higher h(q) for negative q, suggesting stronger

persistence in small-scale variability, possibly linked to frequent synoptic distur-

bances like cold surges. In contrast, southern locations (E, F; blue/green) exhibit

flatter curves, indicating weaker multifractality and more anti-persistent behavior
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(h(2) ≈ 0.6–0.8), reflective of stable wind-wave regimes. At q = 2, h(2) = H >

0.5 across sites implies overall long-range correlations, consistent with typhoon-

modulated wave persistence in the SCS.

Figure 6.6: Log-log plots of the linear q-th order fluctuation function Fq(s) versus
time scale s for the six locations.

The singularity mass exponent τ(q) in Panel (C) displays a nonlinear, concave

behavior, transitioning from negative values at low q to positive at high q. Devi-

ations from linearity underscore multifractality, with the concavity measuring the

degree of heterogeneity in scaling (G. Liu et al. 2019). Northern curves (A, B) are

more pronounced, indicating greater intermittency in wave height fluctuations, at-

tributable to typhoon-induced extremes that amplify large-qmoments. Central and

southern sites (C–F) show milder nonlinearity, suggesting homogeneous scaling

dominated by regular monsoon patterns.

Panels (D) and (E) show the generalized multifractal dimension D(q) versus
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q and h(q), respectively. It can be seen that D(q) shows a bell-shape behaviour

with a maximum value of 1 at q=0, with northern locations (A, B) showing the

widest spread, where D(0) ≈ 1 and lower D(q > 0) reflect sparse, typhoon-

driven large fluctuations, indicative of multifractal intermittency. Southern sites

(E, F) maintain higher, more uniform D(q), suggesting stable regimes. Plotting

D(q) against h(q) reveals inverted parabolic curves peaking at h(q) ≈ 0.8–1.0,

with broader arches in the north, highlighting enhanced multifractality and diverse

fluctuation strengths tied to extreme wave events.

Finally, Panel (F) displays the singularity spectrum f(α). It is characterized

by bell-shaped curves peaking at 1, which is the monofractal limit and spanning

α values between 0.6 and 0.8. The width of the bell-curve is identified by ∆α =

αmax − αmin and quantifies multifractality strength. The northern sites (A,B) are

characterized by ∆α ∼ 0.6 and therefore exhibit narrower spectra if compared

to the southern sites (E,F). Broader spectra imply richer multifractal structures,

where low α corresponds to smooth, persistent regions, and high α to irregular,

extreme-driven singularities.

Overall, these results affirm themultifractal complexity of SCSHS series, with

southern locations displaying stronger multifractality due to climatic extremes,

complementing non-stationary EVA findings on wave trends (Luo and Zhu 2019).
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Figure 6.7: The following panels illustrate key MF-DFA outputs: Panel (A) loca-
tion of the six nodes; Panel (B): generalized Hurst exponent h(q); Panel (C): mass
exponent τ(q); Panels (D) and (E): generalized fractal dimensionD(q); Panel (F):
singularity spectrum f(α).



Chapter 7

Mangrove-induced wave dissipation

in the Mai Po Nature Reserve, Hong

Kong

While the preceding chapters focus on basin-scale wave dynamics in the South

China Sea — encompassing hindcasting, trend analysis of extreme significant

wave heights, and multifractal characterization of wave variability — the present

chapter addresses a more localized, site-specific question. Although the wave con-

ditions used in the following analysis are derived from the high-resolution hindcast

results presented earlier, this chapter is not intended as a direct continuation of the

regional-scale investigations. Instead, it constitutes an independent but comple-

mentary exercise aimed at evaluating the potential role of mangrove vegetation

in wave dissipation under realistic nearshore conditions in Hong Kong. Specifi-

cally, this chapter presents a case study at the Mai Po Nature Reserve, where the

SCHISM-WWMIII model is applied to quantify wave height reduction induced
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by vegetation. The analysis serves as a preliminary assessment of nature-based

coastal protection in a subtropical estuarine environment exposed to both regu-

lar and extreme (typhoon-driven) wave conditions; the results are related to the

scenarios and sets of simulations described in Section 3.7.

Firstly, the water levels have been validated against the tidal level observation

at the Tsim Bei Tsui station managed by the Hong Kong Observatory. A signal of

about one month has been used for the validation. The comparison between the

observed water levels and the modeled one is shown in Figure 7.1

Figure 7.1: Water level validation at Tsim Bei Tsui station: comparison between
signals.

The statistics for the quantitative comparison are summarized in the Taylor

diagram shown in Figure 7.2. The correlation between the two signals is about

0.97 with a RMSD of about 0.15 m, confirming the good agreement between the

model outputs and the observations.
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Figure 7.2: Water level validation at Tsim Bei Tsui station: Taylor diagram.

The distributions of the significant wave height for all cases simulated are

shown in the following Figures. The results for incident waves with Tr = 10 years

for the minimum and maximum drag coefficients are reported in Figure 7 and Fig-

ure 10. It can be seen that the effect of increasing resistance is hardly detectable.

Another important point is that the waves are rapidly dissipated along the direc-

tion of propagation from the inlet of the bay towards the end of the bay. The main

effect of attenuation is due to the bottom resistance since, even at high tides, the

water conditions remain always extremely shallow. Similar behavior is found for

more extreme wave conditions, Tr = 50 years see Figure 8 and Figure 11 or Tr =

100 years (see Figure 9 and Figure 12). Notably, the waves predicted around the

Mai Po reserve are of order of a few centimeters, qualitatively in agreement with

the observation of the water level gauges.
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Figure 7.3: Distribution of significant wave height: (left panel) over the entire
bay; (right panel) zoom around the Mai Po reserve. Note that the scale in the right
panel has been reduced to a maximum of 0.05 m. Simulation parameters: Tr = 10
years and Cdv = 2.

Figure 7.4: Distribution of significant wave height: (left panel) over the entire
bay; (right panel) zoom around the Mai Po reserve. Note that the scale in the right
panel has been reduced to a maximum of 0.05 m. Simulation parameters: Tr = 50
years and Cdv = 2.
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Figure 7.5: Distribution of significant wave height: (left panel) over the entire
bay; (right panel) zoom around the Mai Po reserve. Note that the scale in the right
panel has been reduced to a maximum of 0.05 m. Simulation parameters: Tr =
100 years and Cdv = 2.

Figure 7.6: Distribution of significant wave height: (left panel) over the entire
bay; (right panel) zoom around the Mai Po reserve. Note that the scale in the right
panel has been reduced to a maximum of 0.05 m. Simulation parameters: Tr = 10
years and Cdv = 4.
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Figure 7.7: Distribution of significant wave height: (left panel) over the entire
bay; (right panel) zoom around the Mai Po reserve. Note that the scale in the right
panel has been reduced to a maximum of 0.05 m. Simulation parameters: Tr = 50
years and Cdv = 4.

Figure 7.8: Distribution of significant wave height: (left panel) over the entire
bay; (right panel) zoom around the Mai Po reserve. Note that the scale in the right
panel has been reduced to a maximum of 0.05 m. Simulation parameters: Tr =
100 years and Cdv = 4.

To better understand the role of the vegetation, wave height profiles were ex-

tracted along two representative transects, as shown in Figure 7.9. Studying the

distributions of significant wave height (HS) along the transects helps in under-

standing the wave attenuation along two main directions, along the bay and across

the bay where the mangroves are located.
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Figure 7.9: Maps showing bathymetry contours and transects. The red lines in-
dicate the position of the transects: (left panel) along the major axis of the bay;
(right panel) along the mangrove forest.

Figure 7.10: significant wave height profiles for the three return periods (10, 50,
100) along transect 1. (left panel) profile along the entire transect. The results
shown are for the case Cdv = 2. The results obtained with higher drag coeffi-
cient are indistinguishable at this scale; (left panel) zoom corresponding to the red
square of panel (right panel) where the comparison between the two values of the
vegetation drags is shown. Solid lines correspond to Cdv = 2 and dashed lines cor-
respond to Cdv = 4.

Figure 7.10 shows the comparison among the profiles ofHS for the three return

periods along transect 1. Panel (a) shows only the results for the lower drag co-

efficient since the case with Cdv = 4 is almost indistinguishable expect for minor

differences at the end of the transect. Indeed, panel (b) shows the zoom corre-
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sponding to the red square, where the impact of the vegetation coefficient appears

clearly. The increased coefficient results in a slightly lower wave height. How-

ever, the attenuation generated by the mangrove forest seems to be relatively low

compared to the overall attenuation due to the shallowness of the bay. In fact,

panel (a) suggests that the bottom friction coefficient is extremely efficient in at-

tenuating the waves, even in the worst scenario of water level corresponding to

the highest tide. The wave height is attenuated from about 1.2-1.7 m (depending

on the return period) to a few centimeters during its propagation along the bay.

Figure 7.11: significant wave height profiles for the three return periods (10, 50,
100) along transect 2. (left panel) profile along the entire transect. The results
shown are for the case Cdv = 2. The results obtained with higher drag coeffi-
cient are indistinguishable at this scale; (left panel) zoom corresponding to the red
square of panel (right panel) where the comparison between the two values of the
vegetation drags is shown. Solid lines correspond to Cdv = 2 and dashed lines cor-
respond to Cdv = 4.

Similar results are recovered along the cross bay transect, shown in Figure

7.11, (left panel) for the whole transect and (right panel) for the zoomed area (red

square). Compared to the simulation with no vegetation (Cdv = 0) the presence

of the mangrove leads to a reduction of the wave height of the order of a few

centimeters. Doubling the effect of the mangrove using a higher drag results in an
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increased attenuation of the order of millimeters. Finally, the particular location

and geometry of Deep Bay is the major cause for wave attenuation, the energy

dissipation due to bottom friction is the main driver of wave attenuation. However,

it is undeniable that the mangrove forest generates a wave attenuation if considered

in percentage of the local incident wave, but the absolute reduction is limited to

centimeters.

A series of other simulations were devoted to understanding the effect of the

vegetation on the propagation of storm surge generated during extreme events. For

this matter, the passage of typhoon Hato was chosen as a representative event. The

simulations were conducted reproducing the typhoon using the strategy commonly

used to numerically simulate extreme events, see for example Vogt et al. (2024),

using the analytical approach suggested by G. Holland (2008) who suggested a

formula to describe wind and pressure fields starting from the observations of the

main characteristics of the typhoons. The computed storm surge has been com-

pared to the water level registered at the Tsim Bei Tsui station. The results are

presented through water level plots during the typhoon at different locations along

Deep Bay, from the open boundary to the inner part of the bay and within the

forest. The locations of the numerical water level gauges are shown in 7.12.
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Figure 7.12: Position of the locations considered for the water level analysis.

Figure 7.13 shows the water level signals recorded during the simulations in

the six stations (from A to F) for the three simulations. For the first four stations

(A, B, C and D) clearly the effect of the mangrove forest is absent. The oscillations

in the signals of panels (b, c, d) are merely numerical oscillations. Panel (e) and

(f) are the most representative for the present discussion. The results suggest that

the presence of the mangrove forest can reduce the water levels during a storm

surge event. Indeed, the levels are reduced by about 10-15 cm. Our results seem

in contrast to the simulations recently published (De Dominicis et al. 2023) where

the authors showed a more effective reduction in water levels. However, the un-

certainties of geometrical information (bathymetry) and on the real distribution of

mangrove trees can be easily induce a large scatter in the results. The effect of the
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mangroves in undeniable, but a correct estimation using a numerical model would

require a much more detailed collection of data.

(a) (b)

(c) (d)

(e) (f)

Figure 7.13: Time signals of the water levels recorded in the stations from A to F
shown in Figure 7.12, the panel letter corresponds to the station label.



Chapter 8

Final remarks and Conclusions

8.1 Limitations of the study

The multi-scale investigation of waves in the South China Sea (SCS) reveals sev-

eral limitations across its methodologies and findings. The SCHISM-WWMIII

hindcast, despite its high resolution (0.008◦), relies on a 2D framework that may

inadequately represent complex 3D currents and vertical mixing, potentially skew-

ing nearshore wave predictions, especially during extreme events. ERA5 wind

bias corrections, while effective, are constrained by spatial resolution (0.25◦) and

hourly intervals, leading to potential underestimation of localized wind bursts and

typhoon asymmetries, as evidenced by RMSD increases (∼ 1.207 m) at higher

velocities. The Holland model, though effective for 32 typhoon events, assumes

idealized storm structures, which may not fully capture real-world complexities

like irregular track shifts or multiple storm interactions, limiting its accuracy for

atypical typhoons. Moreover, not all the typhoons were simulated because of a

lack of continuous storm datasets.
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Trend analysis via non-stationary extreme value analysis (NEVA) faces chal-

lenges from sparse long-term data, with potential biases from incomplete typhoon

records pre-2000, and the model’s reliance on Holland-derived trends may overes-

timate positive shifts (20–30%) in typhoon-affected areas. Return level projections

to 2122, based on 95th quantile extrapolations, are extremely sensitive to future

climate uncertainties and lack validation beyond current datasets, risking over- or

under-prediction (2–6 m differences).

Multifractal detrended fluctuation analysis (MF-DFA) is limited by its depen-

dence on HS time series quality, with northern SCS’s richer multifractality (∆α

∼ 1) potentially exaggerated by noise from sparse typhoon data, while southern

stability (∆α ∼ 0.5) may reflect data gaps rather than true dynamics.The esti-

mated wave dissipation by mangroves at Mai Po is limited by the use of simplified

vegetation parameters (Cdv = 2–4) that omit canopy and root complexity. In this

environment, shallow bathymetry is the primary driver of attenuation, confining

efficacy estimates to a range of millimeters to centimeters. Consequently, these

results may not be directly transferable to sites with deeper bathymetry or higher

forest density.

8.2 Future research directions

To advance the SCHISM-WWMIII framework, future studies could incorporate

3D hydrodynamic modeling to better capture vertical mixing and stratified flows,

particularly in typhoon-prone areas, integrating higher-resolution bathymetry (e.g.,

< 50 m) for improved nearshore accuracy. Exploring data-driven enhancements,

such as machine learning-based rolling predictions for significant wave heights
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(HS), could refine short-term hindcasts by assimilating real-time satellite and buoy

data, as demonstrated in recent global wave models. Additionally, extending hind-

cast durations beyond 2022 with ensemble climate forcings (e.g., CMIP6 scenar-

ios) would enable probabilistic assessments of wave-current interactions under fu-

ture warming, focusing on SCS-specific phenomena like monsoon intensification.

Building on the Holland model’s efficacy, research should expand to ensemble

simulations of synthetic typhoons under climate change projections, incorporat-

ing uncertainties in storm tracks and intensities via stochastic modeling to quantify

compound risks (e.g., typhoon-rainfall interactions). Integrating advanced atmo-

spheric reanalyses (e.g., ERA6) with parametric models could address underesti-

mations in wind fields, while coupling with surge-tsunami models would evalu-

ate multi-hazard impacts in vulnerable regions like the Greater Bay Area. Long-

term hindcasts of extreme sea levels, as in recent global studies, could incorporate

non-stationary frameworks to predict shifts in typhoon frequency, aiding adaptive

coastal planning.

To refine non-stationary extreme value analysis (NEVA), future work should

integrate multi-model ensembles (e.g., from CMIP7) for robust projections ofHS

trends under varying RCP/SSP scenarios, addressing data sparsity by fusing satel-

lite, buoy, and hindcast datasets for extended records (> 100 years). Exploring hy-

brid statistical-physical models could better account for covariates like ENSO and

sea-level rise, enhancing return level estimates with spatial-temporal dependencies

via copula methods. Seasonal and directional trend analyses, incorporating wave

spectra, would provide granular insights for offshore energy infrastructure, while

validating projections against emerging high-resolution reanalyses could mitigate

extrapolation uncertainties.
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Extending MF-DFA to multivariate applications, such as joint analysis of HS

with wind speed or sea surface temperature, could uncover cross-correlations in

scaling behaviors, using advanced variants like multifractal detrended cross-

correlation analysis (MF-DCCA) for directional wave data. Integrating MF-DFA

with machine learning (e.g., neural networks for anomaly detection) would en-

able real-time forecasting of multifractal shifts, particularly in northern SCSwhere

typhoon-driven intermittency is pronounced. Future studies could apply MF-DFA

to global datasets for comparative analyses, exploring links to climate indices like

PDO, and validating against fractal properties in ocean currents or turbulence for

holistic wave climate predictions.

To optimize mangrove-based nature-based solutions (NbS), research should

employ high-resolution 3D vegetation models (e.g., resolving root and canopy

structures) with field-calibrated drag coefficients, integrating LiDAR-derived

bathymetry for accurate dissipation estimates under varying tidal and surge con-

ditions. Long-term monitoring of mangrove health under climate stressors (e.g.,

sea-level rise, acidification) could quantify adaptive capacity, while hybrid NbS

designs (mangroves + artificial reefs) should be tested via coupled hydrodynamic-

ecological models for enhanced coastal protection. Global comparative studies on

mangrove efficacy, incorporating uncertainty quantification, would inform scal-

able NbS frameworks, emphasizing restoration strategies in degraded SCS sites

like Mai Po.
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8.3 Conclusions

This thesis has undertaken a comprehensive multi-scale investigation into wave

dynamics in the South China Sea (SCS), integrating advanced modeling tech-

niques, statistical analyses, and ecological assessments to enhance our understand-

ing of wave behavior, extreme events, and coastal protection mechanisms. By

addressing key research objectives (ranging from hindcast modeling and extreme

value analysis to multifractal characterizations and mangrove-induced wave dissi-

pation) this work provides a holistic framework for assessingwave climates in a re-

gion increasingly vulnerable to climate change and anthropogenic pressures. The

findings underscore the interplay between atmospheric forcings, oceanographic

processes, and natural barriers, offering valuable insights for coastal management,

disaster risk reduction, and sustainable development in the SCS.

Central to this study is the validation and application of the SCHISM-WWMIII

two-way coupled model, which demonstrates robust performance in simulating

wave and current interactions, particularly in nearshore environments. The incor-

poration of the Holland parametric wind model significantly refines representa-

tions of typhoons, leading to more accurate peak significant wave height (HS) de-

tections and storm surge estimations compared to reliance on ERA5 winds alone.

This enhancement is evident in improved statistical metrics, such as correlation

coefficients (CC) of 0.780–0.845 for water levels and reduced biases in extreme

event simulations. These results affirm themodel’s utility for high-resolution hind-

casts, highlighting the necessity of parametric adjustments to capture localized

wind asymmetries and typhoon intensities that global reanalyses may underesti-

mate.
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The non-stationary extreme value analysis (NEVA) reveals spatially and sea-

sonally varying HS trends, with negative trends dominating northern and eastern

SCS regions (up to -0.045 m/year) and positive trends emerging in the south (up

to +0.019 m/year). Seasonal modulations, particularly stronger positives in win-

ter/spring and negatives in summer/autumn, reflect monsoon and typhoon influ-

ences. The Holland model’s integration expands areas of positive trends by 20–

30% during typhoon seasons, enhancing statistical significance and emphasizing

the critical role of extreme events in long-termwave climate evolution. Projections

of 25-year return levels, reaching approximately 12m in central-northwestern SCS

under median estimates, indicate potential increases northwestward by 2122 based

on 95th quantile extrapolations. Critically, neglecting typhoons leads to under-

estimations of 2–6 m (20–30%), underscoring the imperative for non-stationary

frameworks that account for such drivers to inform reliable risk assessments and

infrastructure planning.

The multifractal detrended fluctuation analysis (MF-DFA) uncovers distinct

scaling regimes in HS time series, identifying synoptic (10–21 days), seasonal

(5–7 months), and inter-annual (1.4–1.7 years) characteristic time scales. Hurst

exponents reveal super-persistent behavior at short scales (H > 1.8), persistent cor-

relations at intermediate scales (0.5 < H < 1.0, stronger in the south), and mixed

persistence with anti-persistent tendencies at longer scales. These insights illu-

minate the complex, non-linear dynamics of wave fields, providing a foundation

for predicting regime shifts and enhancing forecast models through fractal-based

approaches.

In evaluating mangrove-induced wave dissipation at Mai Po Nature Reserve,

the study finds limited attenuation attributable to vegetation, with HS reductions
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from1.2–1.7m offshore to centimeters inland primarily driven by shallow bathymetry

and bottom friction. Drag coefficients (Cdv = 2–4) contribute minor additional

dissipation (millimeters to centimeters), though percentage attenuations are locally

higher. During TyphoonHato, forested areas experienced 10–15 cmwater level re-

ductions, suggesting geometry-dependent protective benefits. Model validations,

withCC ∼ 0.97 andRMSD∼ 0.15 m, confirm accuracy, but emphasize the need

for site-specific factors in optimizing nature-based solutions (NbS).

Collectively, these contributions advance the field by bridging scales—from

synoptic events to decadal trends—and integrating physical, statistical, and eco-

logical perspectives. The enhanced modeling framework improves hindcast fi-

delity, while trend and return level analyses quantify evolving risks, informing

adaptive strategies amid rising sea levels and intensified storms. TheMF-DFA ap-

plication introduces a novel lens for characterizing wave intermittency, potentially

applicable to other ocean basins. Mangrove assessments highlight the contextual

efficacy of NbS, advocating for hybrid approaches in coastal defense.

The central scientific novelty of this thesis is the application of multifractal

detrended fluctuation analysis (MF-DFA) to significant wave height time series

across the entire South China Sea basin. Unlike most prior studies, which typi-

cally apply MF-DFA (or related fractal methods) at only a few isolated locations

or buoy sites, this work provides a spatially comprehensive characterization of

scaling regimes, characteristic time scales, long-range dependencies, and regional

differences in multifractality and persistence. This reveals distinct north-south

contrasts in wave dynamics—driven by monsoon-typhoon variability in the north

versus greater stability in the south—and lays a novel foundation for fractal-based

approaches to wave prediction and regime-shift detection in complex marginal
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seas.

Despite limitations—such as 2D modeling constraints, data sparsity, and sim-

plified vegetation parameters—this thesis lays groundwork for future refinements,

including 3D integrations, ensemble projections, multivariate MF-DFA, and ad-

vanced NbS modeling. Ultimately, this research contributes to a resilient SCS

framework, supporting policy-making for sustainable coastal ecosystems and com-

munities in the face of global change. By elucidating wave dynamics’ multifaceted

nature, it paves the way for interdisciplinary collaborations to mitigate climate im-

pacts and foster ocean health.
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Appendix 1: Mean annual bias from 1992 to 2020

Figure 9.1: Mean annual bias in 1992 for both eastward and northward wind ve-
locity components.

I
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Figure 9.2: Mean annual bias in 1993 for both eastward and northward wind ve-
locity components.

Figure 9.3: Mean annual bias in 1994 for both eastward and northward wind ve-
locity components.
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Figure 9.4: Mean annual bias in 1995 for both eastward and northward wind ve-
locity components.

Figure 9.5: Mean annual bias in 1996 for both eastward and northward wind ve-
locity components.
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Figure 9.6: Mean annual bias in 1997 for both eastward and northward wind ve-
locity components.

Figure 9.7: Mean annual bias in 1998 for both eastward and northward wind ve-
locity components.
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Figure 9.8: Mean annual bias in 1999 for both eastward and northward wind ve-
locity components.

Figure 9.9: Mean annual bias in 2000 for both eastward and northward wind ve-
locity components.
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Figure 9.10: Mean annual bias in 2001 for both eastward and northward wind
velocity components.

Figure 9.11: Mean annual bias in 2002 for both eastward and northward wind
velocity components.
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Figure 9.12: Mean annual bias in 2003 for both eastward and northward wind
velocity components.

Figure 9.13: Mean annual bias in 2004 for both eastward and northward wind
velocity components.
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Figure 9.14: Mean annual bias in 2005 for both eastward and northward wind
velocity components.

Figure 9.15: Mean annual bias in 2006 for both eastward and northward wind
velocity components.
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Figure 9.16: Mean annual bias in 2007 for both eastward and northward wind
velocity components.

Figure 9.17: Mean annual bias in 2008 for both eastward and northward wind
velocity components.
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Figure 9.18: Mean annual bias in 2009 for both eastward and northward wind
velocity components.

Figure 9.19: Mean annual bias in 2010 for both eastward and northward wind
velocity components.
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Figure 9.20: Mean annual bias in 2011 for both eastward and northward wind
velocity components.

Figure 9.21: Mean annual bias in 2012 for both eastward and northward wind
velocity components.
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Figure 9.22: Mean annual bias in 2013 for both eastward and northward wind
velocity components.

Figure 9.23: Mean annual bias in 2014 for both eastward and northward wind
velocity components.
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Figure 9.24: Mean annual bias in 2015 for both eastward and northward wind
velocity components.

Figure 9.25: Mean annual bias in 2016 for both eastward and northward wind
velocity components.
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Figure 9.26: Mean annual bias in 2017 for both eastward and northward wind
velocity components.

Figure 9.27: Mean annual bias in 2018 for both eastward and northward wind
velocity components.
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Figure 9.28: Mean annual bias in 2019 for both eastward and northward wind
velocity components.

Figure 9.29: Mean annual bias in 2020 for both eastward and northward wind
velocity components.
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Appendix 2: Comparisons among different coupling

strategies

The purpose of this analysis is to prove the differences and benefits of several

coupling mechanisms between the hydrodynamic model (SCHISM) and the wave

model (WWMIII) in nearshore areas.

W1 station

coupling CC BIAS [m] RMSE [m] SI SKILL NBI [%] HH

0 0.720 0.063 0.162 0.321 0.560 0.18 0.390

1 0.729 0.061 0.159 0.315 0.581 0.18 0.383

2 0.730 0.062 0.159 0.316 0.586 0.18 0.383

7 0.720 0.063 0.162 0.321 0.560 0.18 0.390

Table 9.1: Statistical parameters at station W1.

W2 station

coupling CC BIAS [m] RMSE [m] SI SKILL NBI [%] HH

0 0.729 0.118 0.211 0.429 0.650 0.33 0.457

1 0.752 0.142 0.224 0.470 0.761 0.39 0.473

2 0.753 0.142 0.224 0.471 0.766 0.39 0.473

7 0.749 0.143 0.226 0.474 0.763 0.39 0.477

Table 9.2: Statistical parameters at station W2.

Coupling 0 refers to results obtained with WWMIII only, hence no coupling;

coupling 1 means that SCHISM and WWMIII are fully coupled; coupling 2 is a
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one-way coupling (elevation and currents in SCHISM, nowave force inWWMIII);

coupling 7 is another type of one-way coupling (no elevation but currents inWWMIII,

no wave force in SCHISM). Tables 9.1 and 9.2 show some statistical parameters

related to the comparison between observed significant wave heights at stations

W1, W2 and simulated significant wave heights under different coupling tech-

niques for a one-year simulation (starting from 01/01/2018).

A similar comparison has been performed using the satellite altimeter data.

To this end, only the nodes characterized by a water depth smaller than 200 me-

ters were considered, with the aim to investigate the performance of the model in

nearshore areas under different coupling mechanisms. Figure 9.30 shows in red

the mesh nodes used for the statistical parameters evaluation. They have been se-

lected among those nodes included between the shoreline and the green line that

almost follows the 200 m isobath.
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Figure 9.30: Unstructured mesh domain and nodes selected for the comparison.

The results have been reported in the following Table:

Similarly to the analysis performed on the wave heights, also water levels were

simulated under different coupling mechanisms and then compared to the obser-

vations provided by the tide stations T1, T2, T3 and T4. Statistics are shown in

Tables 9.4, 9.5, 9.6 and 9.7:
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SATELLITE COMPARISONS - 2018
coupling CC BIAS [m] RMSE [m] SI SKILL NBI [%] HH

0 0.906 -0.180 0.380 0.202 0.496 -0.14 0.268
1 0.906 -0.182 0.381 0.202 0.495 -0.14 0.269
2 0.906 -0.182 0.381 0.202 0.495 -0.14 0.269
7 0.906 -0.182 0.382 0.202 0.494 -0.14 0.269

Table 9.3: Statistical parameters of significant wave heights related to the nodes
above the selected transect.

T1 station
coupling CC BIAS [m] RMSE [m] SI SKILL NBI [%] HH

0 0.831 0.041 0.377 -8.843 0.762 -1.170 0.729
1 0.859 0.123 0.369 -9.860 0.821 -4.000 0.707
2 0.854 0.124 0.377 -10.077 0.814 -4.020 0.721
7 0.854 0.125 0.378 -8.899 0.813 -3.580 0.723

Table 9.4: Statistical parameters at the tidal gauge station T1.

T2 station
coupling CC BIAS [m] RMSE [m] SI SKILL NBI [%] HH

0 0.824 0.020 0.380 70.708 0.759 4.510 0.733
1 0.853 0.099 0.367 38.019 0.829 12.340 0.693
2 0.848 0.100 0.375 -38.961 0.823 12.440 0.709
7 0.848 0.102 0.376 70.612 0.822 22.810 0.711

Table 9.5: statistical parameters at the tidal gauge station T2.

T3 station
coupling CC BIAS [m] RMSE [m] SI SKILL NBI [%] HH

0 0.817 -0.005 0.390 18.201 0.712 -0.290 0.763
1 0.850 0.075 0.369 14.228 0.798 3.480 0.706
2 0.844 0.076 0.377 14.584 0.790 3.500 0.722
7 0.844 0.077 0.378 17.899 0.789 4.380 0.724

Table 9.6: Statistical parameters at the tidal gauge station T3.
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T4 station
coupling CC BIAS [m] RMSE [m] SI SKILL NBI [%] HH

0 0.778 0.047 0.384 -7.593 0.694 -1.15 0.821
1 0.810 0.129 0.378 -8.241 0.730 -3.49 0.800
2 0.807 0.130 0.384 -8.343 0.726 -3.52 0.809
7 0.809 0.131 0.383 -7.613 0.731 -3.23 0.807

Table 9.7: Statistical parameters at the tidal gauge station T4.

Appendix 3: Simulation of extreme events

Table 9.8 reports the name, date range, maximum wind speed, and minimum pres-

sure for each event. Source: (https://www.ncei.noaa.gov/products/international-

best-track-archive).

The comparison between the observed maximum sea level at some station in

the Hong Kong Waters and the simulated one using ERA5 forcing or IBtrACS is

reported in table format for all events of Table 9.8. The observed data have been

downloaded from the official website of theHongKongObservatory (https://www.

hko.gov.hk/en/wservice/tsheet/pms/stormsurgedb.htm).
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Storm name - Year Date range Max wind speed [kt] Min pressure [mb]
NALGAE 2022 Oct 26 - Nov 03 75 972

RAI 2021 Dec 11 - Dec 21 150 908
LUPIT 2021 Aug 02 - Aug 15 45 976
HIGOS 2020 Aug 16 - Aug 20 60 988

MANGKHUT 2018 Sep 06 - Sep 17 155 896
EWINIAR 2018 Jun 02 - Jun 11 40 996
MAWAR 2017 Aug 30 - Sep 04 45 989
PAKHAR 2017 Aug 24 - Aug 28 60 983
HATO 2017 Aug 19 - Aug 25 90 956
ROKE 2017 Jul 21 - Jul 23 35 996

MERBOK 2017 Jun 10 - Jun 13 45 989
HAIMA 2016 Oct 14 - Oct 26 145 914
DIANMU 2016 Aug 15 - Aug 20 45 989
NIDA 2016 Jul 29 - Aug 03 80 963
LINFA 2015 Jul 01 - Jul 10 75 967
USAGI 2013 Sep 16 - Sep 24 135 922

VICENTE 2012 Jul 18 - Jul 25 115 937
DOKSURI 2012 Jun 25 - Jun 30 40 993
KOPPU 2009 Sep 11 - Sep 15 75 967
GONI 2009 Jul 31 - Aug 10 45 988

MOLAVE 2009 Jul 15 - Jul 19 65 974
NANGKA 2009 Jun 22 - Jun 27 45 988
HIGOS 2008 Sep 27 - Oct 06 40 993
NURI 2008 Aug 16 - Aug 23 100 948

KAMMURI 2008 Aug 03 - Aug 08 50 985
FENGSHEN 2008 Jun 17 -Jun 27 110 941
NEOGURI 2008 Apr 13 - Apr 19 100 948
PABUK 2007 Aug 04 - Aug 15 70 970
BOPHA 2006 Aug 05 - Aug 11 55 984
DUJUAN 2003 Aug 27 - Sep 03 125 916
KAMMURI 2002 Aug 01 - Aug 07 50 987

NARI 2001 Sep 05 - Sep 21 100 944

Table 9.8: Official name, date range, maximum wind speed and minimum atmo-
spheric pressure of the events simulated, source International Best Track Archive
for Climate Stewardship (IBtrACS).
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Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.39 2001-09-19 23:08 2.84 2.80
Shek Pik 2.37 2001-09-19 23:33 2.86 2.83

Waglan Island 2.47 2001-09-19 23:34 2.75 2.71

Table 9.9: Water levels comparisons during Typhoon Nari - September 2001.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.28 2002-08-04 06:17 2.36 2.31
Shek Pik 2.31 2002-08-04 04:56 2.38 2.31
Tai Po Kau 2.08 2002-08-04 05:49 2.41 2.40

Waglan Island 2.43 2002-08-04 06:03 2.34 2.34

Table 9.10: Water levels comparisons during Severe Tropical Storm Kammuri -
August 2002.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.59 2003-09-02 22:40 2.47 2.84
Shek Pik 2.63 2003-09-02 23:37 2.49 2.79
Tai Po Kau 3.54 2003-09-02 22:08 2.57 4.35
Tsim Bei Tsui 3.12 2003-09-03 01:22 2.78 3.44

Table 9.11: Water levels comparisons during Typhoon Dujuan - September 2003.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.66 2006-08-10 10:11 2.94 2.89
Shek Pik 2.89 2006-08-10 10:12 2.96 2.90
Tai Po Kau 2.71 2006-08-10 10:32 3.01 2.98
Tsim Bei Tsui 3.25 2006-08-10 09:57 3.22 3.21

Table 9.12: Water levels comparisons during Severe Tropical Storm Bopha - Au-
gust 2006.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.43 2007-08-08 05:35 2.46 2.68
Shek Pik 2.64 2007-08-08 05:14 2.52 2.73

Tai Miu Wan 2.43 2007-08-08 05:04 2.48 2.83
Tai Po Kau 2.80 2007-08-08 06:34 2.54 3.20
Tsim Bei Tsui 2.51 2007-08-08 05:13 2.63 2.78
Waglan Island 2.75 2007-08-08 04:54 2.46 2.81

Table 9.13: Water levels comparisons during Severe Tropical Storm Pabuk - Au-
gust 2007.
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Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.08 2008-04-19 08:54 2.72 2.56
Shek Pik 2.36 2008-04-19 09:37 2.77 2.64

Tai Miu Wan 2.09 2008-04-19 08:50 2.64 2.48
Tai Po Kau 2.23 2008-04-19 10:13 2.73 2.58

Waglan Island 2.20 2008-04-19 08:46 2.62 2.47

Table 9.14: Water levels comparisons during Typhoon Neoguri - April 2008.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 1.95 2008-06-23 10:54 2.64 2.59
Shek Pik 2.38 2008-06-23 11:25 2.67 2.61

Tai Miu Wan 2.25 2008-06-23 10:33 2.58 2.59
Tai Po Kau 2.18 2008-06-23 10:21 2.66 3.13

Waglan Island 2.18 2008-06-23 10:38 2.58 2.56

Table 9.15: Water levels comparisons during Typhoon Fengshen - June 2008.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.16 2008-08-06 13:03 2.75 2.78
Shek Pik 2.67 2008-08-06 12:25 2.82 3.08
Tai Po Kau 2.82 2008-08-06 09:25 2.86 2.77

Waglan Island 2.42 2008-08-06 10:12 2.69 2.60

Table 9.16: Water levels comparisons during Severe Tropical Storm Kammuri -
August 2008.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.16 2008-08-22 11:10 2.50 2.58
Shek Pik 2.46 2008-08-22 00:30 2.51 2.59

Tai Miu Wan 2.50 2008-08-22 11:10 2.50 2.78
Tai Po Kau 2.61 2008-08-22 13:51 2.62 3.89

Waglan Island 2.43 2008-08-22 12:15 2.48 2.71

Table 9.17: Water levels comparisons during Typhoon Nuri - August 2008.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.33 2008-10-03 21:39 2.73 2.55
Tai Po Kau 2.45 2008-10-03 00:17 2.74 2.52
Tsim Bei Tsui 2.60 2008-10-03 23:08 3.07 2.82

Table 9.18: Water levels comparisons during Tropical Storm Higos - October
2008.
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Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.58 2009-06-26 10:53 2.99 2.88
Shek Pik 2.71 2009-06-26 10:54 3.04 2.90

Tai Miu Wan 2.55 2009-06-26 12:06 2.96 2.83
Tai Po Kau 2.59 2009-06-26 13:09 3.09 2.92
Tsim Bei Tsui 3.05 2009-06-26 11:52 3.36 3.23
Waglan Island 2.58 2009-06-26 11:50 2.94 2.81

Table 9.19: Water levels comparisons during Tropical Storm Nangka - June 2009.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.67 2009-07-19 03:30 2.49 2.69
Shek Pik 2.63 2009-07-19 05:48 2.50 2.72

Tai Miu Wan 2.67 2009-07-19 03:29 2.46 2.62
Tai Po Kau 2.90 2009-07-19 03:43 2.54 3.05
Tsim Bei Tsui 3.15 2009-07-19 04:57 2.92 3.39

Table 9.20: Water levels comparisons during Typhoon Molave - July 2009.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.58 2009-08-04 07:53 2.71 2.68
Shek Pik 2.61 2009-08-04 07:07 2.77 2.82

Tai Miu Wan 2.58 2009-08-04 07:40 2.70 2.56
Tai Po Kau 2.55 2009-08-04 05:56 2.79 2.68

Waglan Island 2.72 2009-08-04 07:26 2.68 2.54

Table 9.21: Water levels comparisons during Severe Tropical StormGoni - August
2009.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 3.02 2009-09-15 04:33 2.55 3.08
Tai Po Kau 3.43 2009-09-15 01:43 2.58 3.04

Table 9.22: Water levels comparisons during Typhoon Koppu - September 2009.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.33 2012-06-30 05:03 2.59 2.66
Shek Pik 2.56 2012-06-30 04:33 2.64 2.72

Tai Miu Wan 2.35 2012-06-30 04:30 2.55 2.59
Tai Po Kau 2.47 2012-06-30 05:57 2.64 2.75
Tsim Bei Tsui 2.91 2012-06-30 05:13 2.98 3.01
Waglan Island 2.42 2012-06-30 04:22 2.53 2.56

Table 9.23: Water levels comparisons during Tropical Storm Doksuri - June 2012.
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Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.76 2012-07-24 01:48 2.88 3.74
Shek Pik 3.19 2012-07-24 02:08 2.93 5.17

Tai Miu Wan 2.78 2012-07-24 01:45 2.88 3.49
Tai Po Kau 3.09 2012-07-24 01:53 3.07 3.94

Table 9.24: Water levels comparisons during Severe Typhoon Vicente - July 2012.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.81 2013-09-22 22:58 2.66 2.94
Shek Pik 2.78 2013-09-22 23:24 2.68 2.95

Tai Miu Wan 2.69 2013-09-22 22:55 2.63 2.92
Tai Po Kau 3.16 2013-09-22 22:32 2.71 3.31
Tsim Bei Tsui 3.38 2013-09-23 00:28 3.16 3.42
Waglan Island 2.91 2013-09-22 22:56 2.61 2.90

Table 9.25: Water levels comparisons during Super Typhoon Usagi - September
2013.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.22 2015-07-08 14:27 2.44 2.40
Tai Miu Wan 2.16 2015-07-08 14:16 2.39 2.36
Tai Po Kau 2.29 2015-07-10 05:03 2.54 2.46
Tsim Bei Tsui 2.33 2015-07-08 14:11 2.38 2.53
Waglan Island 2.37 2015-07-10 04:50 2.38 2.35

Table 9.26: Water levels comparisons during Typhoon Linfa - July 2015.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.93 2016-08-02 08:22 2.96 3.33
Shek Pik 3.08 2016-08-02 08:06 3.00 3.36

Tai Miu Wan 2.83 2016-08-02 08:09 2.92 3.23
Tai Po Kau 2.76 2016-08-02 08:12 2.95 3.36
Tsim Bei Tsui 3.60 2016-08-02 09:49 3.42 3.93
Waglan Island 2.92 2016-08-02 08:01 2.90 3.17

Table 9.27: Water levels comparisons during Typhoon Nida - July 2016.
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Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.54 2016-08-18 08:05 2.73 2.68
Shek Pik 2.72 2016-08-18 08:01 2.78 2.72

Tai Miu Wan 2.44 2016-08-18 07:56 2.68 2.62
Tai Po Kau 2.43 2016-08-18 08:19 2.75 2.67
Tsim Bei Tsui 3.15 2016-08-18 09:36 3.04 2.97
Waglan Island 2.52 2016-08-18 07:31 2.66 2.61

Table 9.28: Water levels comparisons during Tropical Storm Dianmu - August
2016.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.74 2016-10-21 00:28 2.63 2.84
Shek Pik 2.75 2016-10-21 01:01 2.62 2.82

Tai Miu Wan 2.75 2016-10-21 01:34 2.61 2.89
Tai Po Kau 2.80 2016-10-21 01:28 2.63 3.09

Table 9.29: Water levels comparisons during Super Typhoon Haima - October
2016.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.35 2017-06-12 10:12 2.64 2.66
Shek Pik 2.57 2017-06-12 10:06 2.69 2.72

Tai Miu Wan 2.36 2017-06-12 10:35 2.62 2.67
Tai Po Kau 2.28 2017-06-12 11:46 2.67 2.86
Tsim Bei Tsui 2.86 2017-06-12 11:13 2.97 2.62
Waglan Island 2.42 2017-06-12 09:29 2.61 2.65

Table 9.30: Water levels comparisons during Severe Tropical StormMerbok - June
2017.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.66 2017-07-23 08:53 3.05 2.92
Shek Pik 2.75 2017-07-23 08:04 3.11 2.87

Tai Miu Wan 2.61 2017-07-23 09:06 2.97 2.90
Tsim Bei Tsui 3.18 2017-07-23 09:04 3.44 3.16
Waglan Island 2.71 2017-07-23 08:58 2.95 2.87

Table 9.31: Water levels comparisons during Tropical Storm Roke - July 2017.
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Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 3.57 2017-08-23 10:27 3.07 3.96
Shek Pik 3.91 2017-08-23 11:30 2.99 4.73

Tai Miu Wan* 3.14 2017-08-23 07:53 3.16 4.04
Tai Po Kau 4.09 2017-08-23 10:58 3.39 5.17

Waglan Island* 2.97 2017-08-23 07:35 3.10 3.60

Table 9.32: Water levels comparisons during Super Typhoon Hato - August 2017.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.23 2017-08-27 02:45 2.31 2.43
Shek Pik 2.38 2017-08-27 12:22 2.36 2.47

Tai Miu Wan 2.23 2017-08-27 00:51 2.27 2.37
Tai Po Kau 2.28 2017-08-27 02:14 2.36 2.44
Tsim Bei Tsui 2.63 2017-08-27 12:51 2.49 2.56
Waglan Island 2.27 2017-08-27 02:48 2.26 2.37

Table 9.33: Water levels comparisons during Severe Tropical Storm Pakhar - Au-
gust 2017.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.41 2017-09-03 06:22 2.45 2.52
Shek Pik 2.48 2017-09-03 06:42 2.47 2.53

Tai Miu Wan 2.39 2017-09-03 06:39 2.39 2.47
Tai Po Kau 2.36 2017-09-03 07:23 2.44 2.54
Tsim Bei Tsui 2.89 2017-09-03 08:11 2.66 2.71
Waglan Island 2.42 2017-09-03 06:33 2.39 2.45

Table 9.34: Water levels comparisons during Severe Tropical Storm Mawar -
September 2017.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.18 2018-06-05 12:59 2.27 2.12
Shek Pik 2.24 2018-06-05 11:44 2.32 2.14

Tai Miu Wan 2.08 2018-06-05 12:43 2.24 2.09
Tai Po Kau 2.13 2018-06-05 11:17 2.27 2.12
Tsim Bei Tsui 2.52 2018-06-05 13:34 2.38 2.22

Table 9.35: Water levels comparisons during Tropical Storm Ewiniar - June 2018.
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Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 3.88 2018-09-16 14:42 2.82 3.73
Shek Pik 3.89 2018-09-16 14:16 2.94 4.50

Tai Miu Wan* 4.19 2018-09-16 13:41 2.92 4.11
Tai Po Kau 4.71 2018-09-16 12:34 3.27 5.12

Table 9.36: Water levels comparisons during Super Typhoon Mangkhut - Septem-
ber 2018.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.75 2020-08-19 07:28 2.95 3.16
Shek Pik 3.00 2020-08-19 07:22 2.99 3.30

Tai Miu Wan 2.79 2020-08-19 07:40 2.87 2.79
Tai Po Kau 2.77 2020-08-19 06:43 2.98 3.26

Table 9.37: Water levels comparisons during Typhoon Higos - August 2020.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.14 2021-08-04 06:30 2.27 2.19
Shek Pik 2.20 2021-08-04 06:29 2.29 2.21

Tai Miu Wan 2.15 2021-08-04 05:59 2.22 2.16
Tai Po Kau 2.15 2021-08-04 05:51 2.29 2.16
Tsim Bei Tsui 2.33 2021-08-04 06:02 2.48 2.26

Table 9.38: Water levels comparisons during Tropical Storm Lupit - August 2021.

Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.56 2021-12-20 21:17 2.87 2.61
Shek Pik 2.68 2021-12-20 21:00 2.90 2.64

Tai Miu Wan 2.53 2021-12-20 21:05 2.82 2.55
Tai Po Kau 2.53 2021-12-20 19:49 2.91 2.60
Tsim Bei Tsui 2.93 2021-12-20 22:13 3.22 2.87

Table 9.39: Water levels comparisons during Super Typhoon Rai - December
2021.
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Max sea level (above chart datum) Max sea level (above chart datum)
Station Height [m] Date time ERA5 Height [m] IBTRACS Height [m]

Quarry Bay 2.93 2022-11-02 02:38 2.70 2.37
Shek Pik 2.99 2022-11-02 02:41 2.68 2.40

Tai Miu Wan 2.95 2022-11-02 03:14 2.68 2.42
Tai Po Kau 2.95 2022-11-02 01:56 2.71 2.63
Tsim Bei Tsui 3.00 2022-11-02 03:54 2.77 2.36

Table 9.40: Water levels comparisons during Severe Tropical Storm Nalgae -
November 2022.

* refers to incomplete data.


