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SUMMARY

This thesis presents a comprehensive investigation into the complexities of compound
fluvial and urban flooding, with a focus on coastal areas like the Savannah RiveaBasin

City of SavannahThe primaryobjective was to develop an integrated flood modeling
framework capable of capturing the interactions between multiple flood drivers, including
precipitation, riverine inflow, and coastal influences, under various scenarios. By
incorporating advanced geasstical approaches, mukcale modeling, and optimized
computational techniques, the research aimed to address critical challenges in urban flood

prediction and management.

A comprehensive flood modelas developedntegraing HEC-RAS for fluvial flooding

and SWMM/PCSWMM for urban flooding.The Physicdnformed Geostatistical
Approach (PIGA)for fluvial flooding analysis utilized in this study, offers significant
advantages by combining geostatistical analysis with physical modeling, enabling a more
accurate and computationally efficient flood prediction framework. PIGA's ability to
capture spatial correlations and redwomputational costs makes it particularly effective

in datascarce environment3 he couplingof fluvial and urban flooding modeklowed

the model to accurately simulate complex interactions between surface runoff and drainage
systems.The multiscale, 2Bnestedurban floodmodeling approach further optimized
computational efficiency without compromising accuracy, enabling the model to handle

complex urban environments effectively.

Following the development of the flood model, Latin Hypercube Sampling (LHS) and

Partial Least Squares Regression (PLSR) were employed to conduct a detailed flood factor

Xvil



analysis. These methods produced spatial sensitivity maps that quantified the influence of
various flood drivers under different scenarios. This analysis highlighted the spatially
variable contributions of flood factors to key metrics such as inundatad meximum

water depth, and residual time. Beyond conventional metrics, the research introduced
residual flood time and spatial distributions of influencing factors, providing deeper

insights into flood dynamics.

The research highlighted areas for improvement, including enhancing model generality by
applying the framework to diverse test cases and different geographical regions.
Additionally, it demonstratedthe necessity of an integrated model framework for
compound flooding.Overall, this thesis contributes to advancing flood modeling
methodologies, providing tools for better understanding, predicting, and managing

compound flood risks in urban coastal areas.

Xvili



CHAPTER 1. INTRODUCTION

1.1 Purpose and Scope

Flooding is a significant and costly natudiaster in the United States, with damages
varying annually based on the severity and frequency of flood e{@O®BA, 2024. The
National Oceanic and Atmospheric Administration (NOAA) reports that from 1980 to
2021, the U.S. experienced 35 flood events each causing over $1 billion in damages,
totaling approximately $165.1 billion. In 2023 alone, only flooding led to $7 billion
damages nationwide, with $3.6 billion attributed to hurricanes in the Southeastern U.S.
These figures highlight the significant and growing economic burden of flood disasters in
vulnerable regiond-lood risk studies at the national level reveal important commonalities
and differences across urban flooding scendh@adional Academies of Sciences and
Medicine, 201%. They identified that factors such as land use, land cover, development
patterns, and the condition and design capacity of stormwater infrastructure consistently
influence the location, severity, and duration of flooding. However, the primary drivers of
flooding vary significantly, underscoring the need for regional and localized assessments.
Compound flooding is a complex phenomenon driven by the interaction of multiple flood
drivers, including storm surge and high tide (coastal flooding), extreme pagioipi(flash
flooding), and high river discharge or stage (fluvial flooding). Coastal urban flooding
exemplifies this dynamic, as it arises from multiple interacting drivers compounded by
urbanization. As cities grow and their infrastructure ages, thepoonded effects of sea

level rise, intense precipitation, and storm surges pose increasing risks. Climate change

further exacerbates these challenges by intensifying the frequency and severity of extreme



weather events, creating a more hazardous flood landscape for densely populated, low

lying coastal areas.

Traditional flood management strategies, which often rely on historical data and assume
stationary conditions, are increasingly inadequate for addressing the complexities of
modern flood risks. These models fail to capture the dynamic interactions bétuweagn

coastal, and urban flood sources, which are essential for accurate flood prediction and
effective urban resilience planning. Addressing these challenges requires advanced flood

modeling approaches capable of iale predictions and adaptive gegies.

Another critical limitation of conventional flood analysis is its reliance on the assumption
of stationarity, where historical conditions are presumed to persist. This assumption is
increasingly invalidated by unprecedented environmental changes, sushlegekrise

and more frequent extreme precipitation events. Rising sea levels elevate baseline water
levels, diminishing the capacity of coastal and riverine systems to manage storm surges.
Similarly, intense and frequent rainfall events overwhelm exjsirban drainage systems,
compounding the risk of urban flooding. Aging stormwater infrastructure exacerbates these
vulnerabilities, further highlighting the need for adaptive modeling approaches. These
challenges underscore the necessity for integrdtemtl fmodels that can simulate the
interactions between multiple flood drivers in rsiationary environments and advanced
approach to flood risk assessment. Such models must also account for regional
characteristics and infrastructural vulnerabilities,chihwvary across different urban areas.
The complexity of urban flood dynamics requires higholution data and computationally

efficient models to support emergency response andterng planning eventually.



This thesis aims to address these challenges by developing an integrated flood modeling
framework that combines urban hydraulics and surface hydrology within a comprehensive
stormwater management context. The model focuses on key flood drivers, including
precipitation intensity, riverine inflow, and coastal influences, under various climate
scenarios. By examining these flood factors, the research aims to quantify their impacts on
critical flood metrics, such as maximum water depth, inundated area, atdatekiod

time.

The proposed approach goes beyond traditional models by providing a detailed flood factor
analysis that captures the compounded effects of multiple drivers. This analysis is crucial
for understanding the spatial and temporal variability of flood riskgbaruareas. The
model's adaptive capabilities will allow for more accurate predictions of flood dynamics,
enabling bettemformed decisions in urban planning, infrastructure design, and

emergency management.



1.2 Research Domain and Regional Analysis

&) Fort Pulaski ___Savannah River

[ I chatham County & Channels
[ Total-Domain =3 Fluvial
O Total-Domain

1 Urban

Chatham
County

(A)

Fig. 1 Geographic research domain for tt@mprehensiveompound flood modelA)
Model domain relative to Chatham County, showing the spatial extent of the study area;
(B) Boundary domains for the fluvial and urban flood models

Fig. 1-A presents the research domain, which includes the City of Savannah and its
surrounding areas in Chatham County, Georgia, situated near the Savannah River and the
Atlantic Ocean. Savannah covers an area of 97 square miles and has a population of
appoximately 130,000. The region features numerous canals and tributaries, including the
Little Ogeechee River, Vernon River, Bear River, Wilmington River, and Bull River,
which facilitate stormwater drainage into rivers, marshes, sounds, and ultimately the
Atlantic Ocean. In addition, Savannah has multiple drainage networks, including both
natural and artificial channels. The city is particularly susceptible to heavy rainfall,
drainage system failures, decreased infiltration capacity, and river watedlevwehfions

due to flat wetland surrounding rivers and channels. The local climate is warm and

temperate to subtropical, with an average annual precipitation of 50 inches, primarily



occurring in August. The Atlantic hurricane season spans from June to November, with
most historic storms impacting Savannah in August and September. Individual drivers of
compound flooding of the research domain suggest that the risk of compound fltabd cou

be increased and more severe.
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Fig. 2 Sealevel trend and flooding records at Fort Pulaski from 1930 to 2020. (A) Monthly
mean sedevel rise values, illustrating loAgrm trends over the 9fear period; (B)
Annual number of coastal flooding events from 1960 to 2020

In Fig. 2, historical data analysis reveals a significant increase in means sea level and
coastal flooding incidentat Fort Pulaskinear the Savannah River estuary from 1930 to
2023 Coastal Inundation cases are increasing from 0.15 cases per year between 1950
1969 to 6.1 cases during 202022 while the mean sea level has shown continuous
increasing over yearSweet et al., 2091 This indicates an increased risk of compound

flooding for the region.
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Fig. 3 Precipitation changes in the Southeastern U.S. (A) Trend in the number of days with
daily extreme precipitation exceeding 3 inches, indicating an increase in heavy rainfall
events; (B) Spatial distribution of NOAA station locations showing precipitatianggs

from 1950 to 2016 (Source: 4th National Climate Assessment, NOAA).

Fig. 3-(A) presents an increase of yearly mean number of days which daily precipitation is
greater than 3 inches. Fig. AB) shows spatial distribution of precipitation change from
1950 to 2016 at the southeast of the U.S. F{@)3resents increased frequency of extreme
precipitation over time while Fi-(B) shows an increase of overall precipitation over the
research domain. Therefore, the coastal flood changese®atlevel ris¢ SLR) projection

and the precipitation analysis highlight an elevated risk of compound flooding in the

research domain
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Fig. 4 Flood Records in Citpf Savannah compared to FENAnNes.

Fig. 4 presents the limitations of FEMA's flood record database. The data shows a higher
frequency of flooding in areas designated with a 0.2% risk area compared to those with a
1% risk. As an example, 193 of 353 Past Claimed cases, 1,879 of 2,876 Repesitive
cases, and 1900 0028 Past Flooded cases occurred in FEMA X Zone (0.2% annual
probability. This discrepancy highlights the limitations of traditional flood hazard
assessments, which may underestimate flood risk in urban regions influenced ble multip

flood drivers.

Federal Emergency Management Agency (FEMA) conducts the National Flood Insurance
Program (NFIP). For coastal areas, the program has providedeeeimented FIRMs for
Chatham county to revise and update information about the existence and severity of flood
hazards in Chatham counlyEMA, 2018. It merges GIS with flood analysis to generate

a flood risk map of the area.



However, FIRMs typically rely on Stillwater Elevation (SWEL) models, which focus on
static water levels from tides and storm surges. This approach neglects the dynamic
interactions of compound flooding, where urban stormwater failures, riverine overflows,
and coastal surges may occur simultaneolsigal studies in Chatham County have
predominantly focused on riverine and coastal flooding, overlooking the compounded risks
posed by flash flooding during heavy rainfé@hatham County, 20)8This limitation
highlights the need for more comprehensive flood models that integrate the multiple drivers

of urban flooding.

The increased risk of compound flooding and the knowledge gap between flood risk data
and flood records highlight the need for more sophisticated and comprehensive urban flood
analysis methods that combine urban hydraulics and hydrology with detailedvaterm

management systems.

1.3 Scientific and Technical Questions

This thesis seeks to address a series of scientific and technical questions that guide the
development and application of the proposed flood modeling framework, with S1,S2,and

S3 denoting scientific questions and T1, T2, and T3 for engineering questions:

S1. How do different flood factors, such as storm surge, riverine overflow, and urban

runoff, contribute to exacerbate flood severity?

S2: What flood metrics can be proposed that differ from conventional metrics, such as

maximum water depth and inundated area, to provide new insights into flood?



S3. How can the influence of flood factors be quantified, particularly under robust
conditions? How can the spatial distribution of these influences be represented for each

flood factor?

T1. How can a comprehensive flood model be constructed to integrate both fluvial and

urban flood effectively?

T2. How can higkresolution flood models be developed to provide efficient flood

projections without excessive computational costs?

T3 What are the most significant flood factors to consider in urban flood resilience

planning under various climate scenarios?

1.4 Research Objectives

The primary objectives of this research are to provide answers and solutions to the

scientific and technical questions above. The specific research objectives are:

1. Develop an integrated flood model that captures both riverine and urban flooding
processes, accurately simulating water flows, interactions, and impacts across a range of

flood scenarios.

2. Enhance optimized model for efficient computation by improving computational
efficiency in highresolution models, utilizing geospatial approach to flooding and GIS

datasets for mulscale adoption.

3. Analyze flood factors undeextreme conditionsby conductng a detailed flood

factor analysis under unprecedented conditions, including scenarios involvieyskea



rise, coastal flooding, and extreme precipitation. This analysis aims to quantify the
contributions of differentflood drivers and offer insights into adaptive flood risk

management strategies for evolving climate conditions.

1.5 Thesis Structure

This thesis is organized into several chapters based on three studies, each contributing to
the development, validation, and application of a comprehensive flood modeling approach

for compound fluvial and coastal urban flooding:

1 Chapter 3: Realime Fluvial Flood Modeling: Physics Informed Geostatistical
Approach
This chapter details the development of an integrated model that combines fluvial
flood dynamics with urban flood characteristics. By linking hydrodynamic models
(for riverine systems) with urban hydrology models, this chapter demonstrates a
holistic approach to urban flood simulation, capturing both surface runoff and
drainage system interactions.

1 Chapter 4: High Resolution Urb&ompound-lood Model

Building upon the integrated model, this chapter focuses on analyzing key flood
drivers under scenarios influenced by climate changelesehrise, and extreme
precipitation. Through scenarltased modeling and sensitivity analysis, it
identifies the pmary factors contributing to urban flood risks, providing valuable

insights for flood management and resilience planning.

1 Chapter 5: Flood Factor Analysis

1C



This chapter applies the developed model to-vealld case studies, demonstrating
its accuracy and computational efficiency in urban flood forecasting. Validation
techniques, including mulBource data comparisons, are used to evaluate the
model 6s p,establishmgns relaklity in different flood scenarios.

1 Chapter 6: Conclusion

This chapter synthesizes the findings across the thesis, discussing implications for
urban flood resilience and the limitations encountered. It also outlines
recommendations for future research, including potential improvements in model

coupling and datantegration.

The outcomes of this research aim to provide an adaptablesftestive flood modeling
framework, advancing predictive capabilities for urban areas facing the compounded risks
of climate change and rapid urbanization. By integrating advanced modelimgqises

with a detailed flood factor analysis, this thesis contributes to the field of urban hydrology,

offering actionable insights for improving urban resilience and flood preparedness.

1.6 Significance of the Study

This thesis provides an innovative framework that integrates geostatistical and high
resolution modeling techniques to address the multifaceted challenges of urban flooding.
By enhancing redime prediction capabilities and enabling detailed flood driwvelysis,

the findings of this study can inform resilience strategies, emergency response, and
infrastructure planning in vulnerable coastal cities. Furthermore, this research contributes
to the field of urban hydrology by developing scalable models aolepia other regions

facing similar compounded flood risks.

11



CHAPTER 2. LITERATURE REVIEW

2.1 Compound Flooding Models for Coastal Areas

The literature review consists of five themes based on their role in this stuetymppound
FloodingModels for Coastal Area) River Hydraulics Model for Urban Coastal Areas
3) Integration of Urban hydraulics and hydrology for urban flood meje&l.4 GIS in

Urban Flood Modeling5) Flood Factor Analysis

Coastalflooding has become one of the most significant and economically destructive
natural disasters globally, driven by the increasing frequency of extreme weather events
and exacerbated by sksvel rise (SLR[|Botzen et al., 201,9Moftakhari et al., 2017
Neumann et al., 2015&alicholls, 2002 Vitousek et al., 2017 Coastal communities in

the U.S. face multiple risks from SLR and heavy precipitation, including property damage,
economic losses, ecosystem degradation, and worsening environmental irjestese

and De Roo, 20QBremond et al., 2013leming et al., 2018These factors have led to
coastal flooding becoming recognized as a critical national security issue, underscoring the
need for robust flood management strategies (House, 2BaiEjeoning population and
corresponding population density, along with aging infrastructure in coastal cities increase
the risk of coastal flooding in coastal urban area more than ever, and the influences are
multi-dimensional and compoundé@éuchs et al., 2011 ane et al., 2013aNeumann et

al., 2015b.

Several flood models have been developed to estimate-tilazard exposure in coastal

regions considering SLR, tides, and storms, including the hydrodynamic Sea, Lake, and
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Overland Surges from Hurricanes (SLOSH) model to simulate storm surge from tropical
cyclones on the national ley2bchry et al., 2015and the Coastal Storm Modeling System
(CosMoS) recently developed by U.S. Geological Survey (USGS) which was applied to
urbanized areas in CalifornjBarnard et al., 20)9and ADCIRD+SWAN used to analyze
hurricane storm surge behaviors of TeX&ebastian et al., 20L4Many studiesare
weighted on coastal impact as the highest factor to consider. However, urban flooding in
the coastal area is a matrix of complex forcing mechanisms (variability of ocean levels,
waves, and rainfall), geometrical complexities of urban environmentsd(flwalls,
buildings, drainage systems), nonlinear feedbacks associated with natural processes (e.qg.,
beach erosion), and human decisinaking (e.g., sandbagging, operation of drainage
infrastructure, berming(Gallien et al., 2014 Different from those numerical modeling,
GlS-based model has been applied to coastal flooding based on digital elevation model

(DEM) data coupled with sea level rise on a probability m@dkeen et al., 2009

Generally, hydrology is dominant in higjtadient areas where flooding is related to
excessive stormwater from intensive rainfall. The coastal system is a dominant low
gradient coastal area that experiences flooding incurred by the tidal drivingSbereet

al. (2019)suggested that many studies did not clearly reason for flooding if the flooding is
caused by individual or compounded events, including extensive rainfall, storm surge, and
combined components. Moreover, the major urban area is in a transitional celfBharte
makes the analysis of coastal flooding more compégkie and Hagen (2018hpised a
guestion about the model domain and categorization of flood type in the delta area. In the
same research, they proposed a transitional area wheredflivoth components of the

coastal area (rainfall, storm surge) are compounded. The transz@rein the research
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is near the rural ocean area and urban areas of coastal communities where compound

flooding happens.

Flood modeling approaches fall into three primary categories: empirical, hydrodynamic,
and conceptual modg$eng et al., 201)7 Empirical models, which rely on historical data,
provide computational efficiency but may be unreliable in new scenarios involving SLR
and urbanization due to limited adaptability to unprecedented éabiset al., 2020Lei

et al., 2021SeguraBeltran et al., 2016 Hydrodynamic models offer detailed simulations
across varying conditions, which is advantageous for complex scenarios; however, these
models depend on higluality input data and can be computationally demanfinget

al., 2012 Gori et al., 2019 Conceptual models, including cellular automata and bathtub
models, are simpler to implement but can lack accuracy in dynamic or rapidly changing

flood scenariogFereshtehpour and Karamouz, 20J@mali et al., 2019

2.2 River Hydraulics Model for Urban Coastal Areas

For hydraulics related to pluvial flooding near the coast, many numerical models were
developed and used based on the given conditions and purpose of th& saatjopted
methods include various software programs and platforms. For exampleRAEGs

often used in conjunction with HEBMS for modeling. SELFE, a hydrodynamic model,

is frequently combined with ArcGIS for spatial analysis, while ADCIRC is used attagsi
Vflo for flood modeling and is often compared with HIRAS. Other models, such as
POM ard MSM_Flood, are also utilized. Additionally, standalone platforms like Delft3D

Flow and HEGRAS have been employed for specific studi@antiageCollazo et al.,
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2019. Coupling or linkage is determined by related model specifications such as model

compatibility, model interactivity, and domain size.

One of the numerical river hydraulics models, HE&S, developed by the US Army
Corps of Engineering (USACE), provides 1D/2D modeling for hydraulic analysis of rivers

or floodplains for physical and environmental analysis. (USACE, 2008). Due to its
powerful performance and credibility, las beeradopted by manyesignprojects and
appliedresearch. It requires users to select model dimensions between 1D and 2D based
on given conditions and data availabilities and shows different aspects for each mode. For
example, the 2D model cell in HERAS is collection of data that includes functional
relationships between elevation and volume, elevation and area, elevation and wetted
peri meter, and el &o &wilibenasaable tobbasder2hagld as n .
a data deposit for computation. However, the 2D approach of RES has disadvantages

in constructing a sediment model and analyzing environmental mimdedsater quality
characteristicsuch as salinity and pH of the water due to its structure (USACE, 2008)
Furthermorethe computatioal cost of the 2D model is less efficiesampared to the 1D

model However, it has the advantage of conducting hydraahedysis ofcomplex river
systems. For these reasons, the combination of the dual dimensions (1D with 2D
combination) is applied to mardesignprojects andappliedresearctstudiesfor coastal
flooding to maximize the potential of the mo@asquier et al., 201 ®Patel et al., 2017

Vozinaki et al., 201}

HEC-RAS can be coupled with other program components to receive boundary conditions
such as storm surge from ADCIRC for coastal floodiRgy et al., 201)1 Nevertheless,

the research did not cover the methodology to delineate the interfaces between different
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models, a common problem in model combinations. In the case of interaction with the
subsurface, a combination with MODFLOW was adopf(Radriguez et al., 2008
However, the combination is limited as a am& method, and that is a limitation of the
approach and critical considerations in some cases. Moreover, th&kAE@pplication

can be subjective to the physical conditions of environments. One of the &ssisngb

the HEGRAS 1 D model is uniform water levels over the same eseson. However,

water levels near river mouths and estuaries will vary in two dimensions depending on
tides, winds, freshwater inflows, and atmospheric pres@@omng et al., 2007 This
limitation needs to be considered during HRAS modeling with the 1D application. The
disadvantage can be compensated for by coupling with other components, such as
ADCIRC, and SLOSH, which can proces®zimulation with additional inputs such as
wind, 2D bathymetry, and pressure grids. There are many types of couplings of models
with given physical conditions and data availability. The coupling or model combination
selections are subject to the given conditions of research domains. Even Hi6GgRAS

is a public and free program, its source code and engine are not open to the public. This
exclusive aspect could be a limitation of HHR@S, but the application of other computer

languages like Python, MATLAB, and R is available for-pnelpostprocessing.

The advantage of HERAS over other hydraulieBydrology models is its efficient
capability to resolve the backwater effect. Some models, like - W§RIFo and HECGHMS,

cannot resolve backwater flow for linked routing and drainage netw(iBkhis et al.,

2015 Wa g n g a), ForzdadgtaBareas, backwater happens when a riverine stage is lower
than the high tide from the ocean or storm surge.-lyong delta and fluvial areas near the

ocean experience this flooding eviénthe upgradient or river area has a higher water
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elevation. Another advantage BIEC-RAS isits convertibility as inputs for other models.
SWMM can import the HEGRAS model file in HEC2 format into that of SWMM, which

can integrate the 1D irregular channel model into the 2D surface routing model by
PCSWMM, SWMM, and Mike 21(Beck, 2014 However, the application of HERAS

for fluvial delta areas could be limited if the study requires a 3D approach, aiRRWEC
cannot support fully 3D simulationdHEGRAS has been efficient in computational cost,

accurate, and even easy for commuigtyel model construction in many projects.

In addition to traditional modeling approaches, geostatistical methods (GA) that use spatial
monitoring data have shown promise for siale flood modelingKim et al., 202%. These
methods enable the estimation of dynamic spatial properties but often assume time
invariant spatial covariance, limiting accuracy under changing cond{ttarset al., 2023

Lee et al., 201,87hao and Luo, 2090To address the computational challenges posed by
high-dimensional data, a reduced geostatistical approach (RGA) has been proposed,
leveraging principal component analysis (PCA) to decrease model dimensionality while
maintaining accuracgZhao and Luo, 2020But the physicsnformed modebpproaches

have a highdependencyn quality or performance of the base physiovaldel andare
sensitiveto data selection. These limitatiogisouldbe considered when a physical model

and statistical approaches ammbined(Kim et al., 2023.

2.3 Integration of urban hydraulics and hydrology for urban flood model

Urban flooding occurs when stormwater inflow within a metropolitan area exceeds the
capacity of the drainage system to infiltrate or transport w@tational Academies of

Sciences and Medicine, 20190Urban flooding poses a significant national security
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challenge, as emphasized by the US emergency managg@toeeise, 201p Factors such

as intensifying urbanization, aging infrastructure, changing estuarine morphologies,
riverbank erosion, and coastal erosion increase the risk of coastal urban flooding and its
multifaceted impact$Chizewer and Tarlock, 2012ane et al., 2013bNeumann et al.,

2015a Ntelekos et al., 2010

Urban flood study requires a combined approach of hygiobind hydraulics analysis. It

is multi-layered with various spatial and temporal resolutions due to its environments,
including intensifying urbanization, global warming, and rising sea levels in the case of the
urban coastal area. Overall, only 5% of city development follows their initial projections
of city development(Gentleman, 2007 Therefore, urban conditions could be very

subjective and unpredictable in terms of temporal and spatial scale.

Coastal urban flood models must account for complex physical interactions, including
riverine flooding from upstream, coastal flooding from downstream, and urban flooding
from surface runoff and drainage system failufieetcher et al., 2033 They need to
consider riverine flooding from upstream, coastal flooding from downstream conditions,
and urban flooding caused by surface runoff and drainage sfatanes Coupling these

flood model® whether onevay, loosely coupled, tightly coupled, or fully coupled
essential but complefBartholmes and Todini, 2008ulti Dejene and Girma, 2020
SantiageCollazo et al., 201;9Shen and Jiang, 20R3However, the coupling method
selection is subject to given conditions such as relative dominance among models, code

compatibility of numerical engines, and interactions between models
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Storm Water Managememflodel (SWMM) was developed for an urban stormwater
management system by EPad can besed for a single event or lotgrm (continuous)
simulation of runoff quantity and quality of urban aréB®ssman, 20)0 SWMM is
preferred for its flexibility of hydraulic modeling capabilities, which combine mbuiaoff

and external inflows through the drainage systamg compatibility with other data
formats and modeling softwa(Bai et al., 2019Barco et al., 2008&5ironas et al., 2010

Rai et al., 2016 High-resolution modeling software, such as TUFLOW, XPSWMM, and
PCSWMM, enables lateral surface water routing and stormwater management system
simulations. However, fineesolution simulations incur high computational costs, which
can limit their utility fa reatime forecastingGuidolin et al., 2016Schubert et al., 2008
Advances in computational methods, such as parallel processing andbakadl
computing, offer promising solutions to these challenges. These innovations significantly
reduce simulation times, facilitating the broader application of-fegblution modelsn
reattime scenarias Hybrid approaches that integrate detailed simulations with
computationally efficient methods can address the limitations of conventional models,
enhancing the accuracy and applicability of urban flood mod@aks.integration of urdn
hydraulics and hydrology within a comprehensive modeling framework is essential for
accurately capturing the dynamics of urban flooding. By leveraging advanced
computational techniques and hybrid modeling approaches, urban flood models can
improve theipredictive capabilities, supporting more effective flood risk management and

resilience planning.

2.4 GIS in Urban Flood Modeling
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Geographic Information Systems (GIS) play a pivotal role in flood modeling for both urban
and rural environments, supporting a variety of methodologies inclugidgbdynamic
numericalmodeling statistical analysis, and machine learnijbgrabi et al., 201,9eng

et al., 2020Motta et al., 2021Thrysge et al., 2031Clark (Clark, 1998 categorized GIS
applications in flood research into three primary functions: (1) preprocessing of data, (2)
supporting modeling through calibration, prediction, and analysis, and (3) postprocessing
model results. These roles underline GIS as an essémpialn every stage of flood
modeling, from data preparation to result interpretation. The versatility of GIS has led to
its expanding applications in hydrology and water management. According to Maidment
(1994), GIS facilitates critical functions such laszard and vulnerability assessment,
parameter determination, direct modeling within GIS platforms, andine@lmonitoring

by linking GIS with hydrological models.(Maidment, 1994 The advent of high
resolution GIS data has further revolutionized flood modeling through the concept of
digital twin cities. This approach replicates urban environments withfulgaaccuracy,
providing a realistic and dynamic framework for simulatimgan flooding and supporting
decisionmaking under various flood scenari®hite et al., 202)L Originally developed

for multiphysics simulations in aerospg€&aessgen and Stargel, 2012the digital twin

concept now enables more accurate and realistic urban flood impact simulations.

In addition to numerical models, GIS supports probabilistic models like HAMHS a

tool developed by FEMA to estimate losses from natural hazards such as earthquakes,
floods, hurricanes, and tsunani®cawthorn et al., 2006HAZUS-MH uses various GIS
datasets, including Digital Elevation Models (DEMSs), Digital Flood Insurance Rate Maps

(DFIRMSs), and Flood Insurance Rate Maps (FIRMs), to estimate flood depth and potential
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damages. While its reliability and applicability have been demonstrated, its utility is often
limited to largescale assessments, such as cowntlg analyses, rather than fiseale

urban environment®ing et al., 2008 This limitation highlights the challenges posed by
conventional GIS data in complex urban settings, even when enhanced with technologies
like LIDAR (Liu, 2008. But there are limitations of traditional DEMs which often fail to
capture subsurface features like culverts beneath highways, which are critical for accurate
surface water flow simulations in urban areas. To address these shortcomings, modified
topograpiic DEMs, such as hydrenforced DEMs, have been develofBdppenga et al.,

2010. This model integrates hydraulic data with conventional DEMs to more accurately
represent urban hydrology and enhance flood simulation accuracy. Another role of GIS in
flood modeling is a validation referen¢Masafu and Williams, 2024guyen et al., 2023

Risling et al., 202} Validation remains a significant challenge for urban flood models due

to the scarcity of water level measurements during flood events. The use of remote sensing
data for flood detection offers a viable alternative but depends heavily on data availability
resolution, and the specific characteristics of the study(arest al., 2019 Mason et al.,

2021, Pitt, 2008. Therefore, the role of GIS in urban flooding is not limited as a hydraulic
system data but it becomes a core part of modeling as -#d3ksl flood model, and a

deterministic input data such as hydnaforced DEM.

Overall, GIS has evolved from a supporting tool into a core component of urban flood
modeling. It not only serves as a repository for hydraulic system data but also facilitates
the development of Gi8ased flood models. By integrating deterministic infutsh as

hydro-enforced DEMs, GIS significantly enhances the accuracy and applicability of flood
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simulations, providing a more comprehensive framework for urban flood risk assessment

and management.

2.5 Flood Factor Analysis

Future scenarios for coastal flooding incorporate both physical and socioeconomic aspects,
providing essential boundary conditions for hydrology and hydraulics models. The future
scenario of flood scenarios includes extensive precipitation return peéaod,sirge, and

land surface changes such as land use, modification of floodplains, and sea level rise.
(Kirshen et al., 2008 In the context of compound flooding, where multiple flood drivers
dynamically interact, the combined effects are often significantly greater than those of
individual drivers. Such interactions amplify flood risks and severely impact the resilience
of affected areas, highlighting the complex nature of compound flog8eigastian, 2022

Xu et al., 2022 Common compound flood drivers include coastal storm surges, riverine
flooding from river overflows, and flash floods triggered by intense precipitaiion

impervious urbamrea, all of which can occur simultaneously or sequentially.

The IPCC Sixth Assessment Report recognized that the probability of compound flooding
events has increased over time due to anthropogenic activities and that this trend will likely
continue due to seavel rise (SLR) and global warmir(@eneviratne et al., 20RSLR

has exacerbated both the intensity and frequency of flooding, as suggested by numerous
studies(Lin et al., 2016 Nicholls, 2002aTaherkhani et al., 202Witousek et al., 2017
Therefore, flood risk analysis should consider compound flooding considering its eminent

threat and increased risk.
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Flooding also poses significant risks beyond immediate physical damage. It disrupts
coastal economies, leads to property and land loss, and compromises public health.
Prolonged exposure to floodwaters is linked to increased mortality from cardiovascular an
respiratory diseases and exacerbates mental health disorders, which may persist or intensify
postflooding (Du et al., 2010 Extended and severe flooding also directly exacerbates
health risks, particularly respiratory illnesgBan et al., 2023Coalson et al., 2021Given

these prolonged impacts, the concept of residual flooddtihmv long floodwaters
remaird emerges as a critical metric in comprehensive flood analysis, offering insights

into both the immediate and lingering effects of flooding.

FEMA defines types dfloodsas riverine flooding, flash flooding (urban drainage failure
with heavy precipitation), and coastal flooding and erosion (FEMA 2006). However, urban
coastal flooding frequently involves a combination of these types, making it challenging to
attribute impats to a single cause. Urban environments present a complex matrix of
hydrological and hydraulic systems, overlaid with husmattuced factors such as land use
changes and topographical modifications. These complexities netessitantegrated
modeling approach, as traditional flood hazard maps often fail to capture the interactions
between different flood drivers. Standard regulatory flood maps, based on return periods
and static water elevation simulations, may underestimiates by excluding the
compounding effects of multiple flood driveiGouasnon et al., 201Bederal Emergency
Management Agency, 20L5Couasnonet al. (2018)pointed out that these simple
approaches could lead to underestimatiooverestimatiorf flooding factors and they

proved the importance of the integrated model approach.
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In flood risk assessment, a scendyased ensemble approach is widely uske to its
comprehensive scenario covergBeven, 2012 probabilitybased risk assessmé@loke

and Pappenberger, 200@nd capability for robust adaptation to climate chaifgéty

and Dessai, 2030 However, this approach faces challenges, particularly in dynamic
environments like coastal urban areas, where multiple flood drivers in{Bex@cqua et

al., 2019 Beven, 2012 Cloke and Pappenberger, 200&ahl et al., 2015 Another
limitation is the assumption of stationarity in flood processeasclimate change alters
precipitation patterns, sea levels, and the frequency of extreme weather events, models that
do not account for these natationary conditionsanrisk providing outdated or inaccurate
assessments, highlighting the need for incorporating more dynamic and adaptive modeling
approaches that can account for evolving environmental cond(fiberaun et al., 2017

Milly et al., 2009.

Different from scenariebased ensemble approadhatin Hypercube SamplingLHS)
provides a more systematic and comprehensive coverage of input variables, allowing for
broader exploration of the input space with fewer simulations and better uncertainty
estimates(Jung et al., 2001 (Helton and Davis, 2003 This method is particularly
valuable for compound flood scenarios, where climate and land use changes introduce non
stationary conditions. LHS can be integrated into ensemble approaches, allowing the
sampling of norstationary distributions of input vatles that reflect changes in climate

or land use over timéBeevers et al., 202@Chaney et al., 2013Hossain et al., 2006
Papaioannou et al., 201 7This approach not only enhances the robustness of flood risk
assessments but also improves the adaptability of models to future uncertainties, making it

a valuable tool for resilience planning in fleptone urban coastal regions.
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CHAPTER 3. REAL -TIME FLUVIAL FLOOD MODELING:

PHYSICS INFORMED GEOSTATISTICAL APPROACH

3.1 Abstract

This study presents the Physloformed Geostatistical Approach (PIGA), a novel
methodology aimed at improving flood prediction accuracy in riverine systems during
hurricane events. PIGA integrates reduced spatial correlations derived from fluvial
hydrodynamic models with a reduced geostatistical approach (RGA) based on monitoring
data to provide redime estimations of water surface elevations (WSE) across river
channels and reaches. Focusing on the Savannah River basin, an area prone to riverine
flooding during hurricane seasons, we developed a2DDHEGRAS model as the
numerical model gphysicalprocessand compared its performance with PIGA for various
hurricane events, including Hurricane Matthew, Irma, Dorian, and Idalia. Findings in the
study reveal that PIGA consistently outperforms the HEASS model in predicting WSE,
particularly in areas with lined bathymetry data. Statistical analyses demonstrate
significant improvements in prediction accuracy achieved by PIGA, emphasizing its
potential as a reliable tool for flood prediction in ddédicient regions. Additionally, we
explore the transferahiyi of reduced spatial correlations across different hurricane events.
Results in the study indicate that spatial correlations derived from one hurricane event can
effectively predict WSE for other events, with Hurricane Irma’s spatial correlations proving
to be the most versatile for the study site. However, this study observe variability in spatial
correlations among different hurricane events, highlighting the importance of selecting the

optimal alternative spatial reference for prediction. Furthermdwe,study highlights
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PIGA's computational efficiency, with simulations completed in significantly less time
compared to traditional physical models, rendering its potential to providdimeal

prediction of WSE during flooding events.

3.2 Introduction

This research introduces the Phydit®rmed Geostatistical Approach (PIGA),
integrating hydrodynamiaumertcal modeling with RGA for reatime flood mapping.
PIGA combines RGA with neparametric spatial covariance derived from hydrodynamic
models. The approach is applied to the Savannah River, using a calibrateRASE=C
model to simulate fluvial floods. PIGA usepatial correlations from HERAS results
andadoptsPrincipal Component Analysi®CA) to retrieve covariance approximations to
generate redime water level maps through interpolation and inverse modeling. This
method highlights how geostatistical techniques can compldmdrnadynamicaumerical
modeling enhancing redime flood prediction while addressing data limitations and

reducing computational costs.

Theresearch site ibbcatedin Chatham County, Georgia, along the Savannah River, an
area highly prone to flood hazards. The region has a history of frequent flooding events
that pose significant threats to public safety and infrastruatineentionedSeveral factors
contribute to Chatham County's heightened risk of coastal flooding, including its low
elevation, relatively flat terrain, and the absence of flood protection structures such as storm
walls and weirs. Furthermore, the aigaludesnumerous ivers and tributaries, further
exacerbating its vulnerability. Given that coastal regions along the Atlantic and Gulf coasts

face greater flooding risks compared to other parts of the country due to SLR and storm
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surge, conducting flood risk analysis in these areas is crucial for enhancing community

sustainability and resiliend&ordon et al., 20zNeumann et al., 201%hc
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Fig. 5 Geographic research domain for the fluvial model and hurricane events; (A)
Savannah River Basin in Chatham County; and (B) Precipitation and maximum water stage
records of 32 hurricanes from 2007 to 2023.

Fig. 5(A) delineates model domain, which is defined usiredata from the Water Body

Data (WBD) and National Hydrography Dataset Pltgh Resolution HDPlus HR
datasets, covering the Savannah River and its associated catctivieones et al., 2019

Fig. 5(B) showcases the distribution of 32 hurricane events that have affected this region
between 2007 and 2023, displaying both overall precipitation and the maximum water
stage for each event. The selected test cases, Hurricanes Matthew (201620kiH)a
Dorian (2019), and Idalia (2023), were chosen based on several criteria, including data
availability, the extent of flooding impacts such as precipitation and maximum water stage,
the event timing, and documented flood damadesspecific, Hurricanes Matthew and

Irma were chosen due to their severity and significant flood damage in the research domain.
Dorian and Idalia, while less severe in this area, were selected to assess the stationarity or

nonstationarity of geostatistical correlatmovertime.
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3.3 Method

The research methodology is structured into three key plaassesesented in Fig. 16
Initially, it centers on constructing a physical HHBAS model usinghe Savannah River

data to simulate fluvial floods. This involves integrating critical inputs such as river and
catchment data, bathymetry, and hydraulic structures. The second phase entails the
application of RGA, leveraging PCA for dimension reduction arehtong lowrank
approximations ofnonparametric covariance matrices. In the final stage, spatial
parameters and covariance matrices from the physical model are integrated R@Athe
model, enhancing redime flood mapping through interpolation and inverse modeling.
This holistic approach yields a robust flood prediction model that adeptly combines
detailed physical modeling with the flexibility of geostatistical analysis, ultimaieiyng

to deliver improved flood predictions and réahe water level maps.

Model Data
NHPlus HR, DEM, Stormwater
1_ management data, )
— HEC-RAS — /-GeospatialAnalysis\ / WSE_ -\
- Fluvial Flood Model - Adopted Reduced Regulating
- 1D-2D Modeling »| Geospatial Approach - Reproducing
\ J (RGA) WSE combining
i \ 1 J the spatial
(" _Validation using flood AP - — ~ covariance and
record and USGS data ) Spat.lally distributed s rea“‘rf‘e data
1 - - N inverse
- Water Surface - USGS real time modeling
Elevation (WSE) as measurement data of | approach
time series KWSE ) - /

Fig. 6 Simplified workflow of the fluvial model study
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3.3.1 HEC-RAS Model

To enhance efficiency and reduce computational tithis, studyemployed a 1E2D
modeling approach to develop a comprehensive fluvial model covering the entire
watershed. Table 1 provides a detailed overview of the datasets utilized in constructing the
flood model, with particular emphasis on the bathymetry datasethenNHDPIus HD
dataset. These datasets played a critical role in determining the physical configuration of
the river mode(Lee et al., 201,8Moore et al., 20LUSACE, 201§. Additionally,theland

use data obtained from the MuResolution Land Characteristics (MRLC) consortium

provided essential information for determining Manning's roughness coefficients for both

the 1D and 2D components of the model.

Name Description Spa“‘?" Tempqral Data Source
resolution resolution
DEM Hydro-enforced 3m N/A NOAA, USGS
DEM
National,
NHDPIlus HR geospatial Various N/A USGS
watershed model
Gridded Soil Data . Valid
gSSURGO sets Various 2022 USDA
National Land Land use data sel  30m Valid MRLC
Cover Data set 2019
Current and Tide Current and tide N/A Various NOAA
data sets
S_uk_) hqurly Precipitation data N/A Various NOAA, USGS
precipitation data set
Road Center Line Road GIS data seil N/A N/A GDOT
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City of

GIS portal for City :
Various
Savannah

SAGIS of Savannah

N/A

Benchmark Water
USGS water data  stage/flow rate N/A 15 mins USGS/USACE
data

Table 1. Key parameter datasets for theZIDHEGRAS model

Fig. 7 provides a visual representation of the riverine model, illustrating the model domain
and the fundamental structure of the river channel system. The model's boundary and
domain were delineated using Water Body Data (WBD) datasets and catchment datasets
from the NHDPIus HR datasets provided by the US Geological Survey (USBG8)e et

al.,, 2019. It comprises 1D components tailored to simulate major channel routing
including the Savannah River, Little Back River, and Middle Rivdre Savannah River
system isnterconnected via eight cuts as 1D channels. The channels, spanning 112 km,
were digitized into 955 segments, considering the curvature of the main rivers, variations
in width, and the locations of creeks and cuts to incorporate flow through the interface
between the main channels and minor channels. Derived from the flow line data of the
NHDPIlus HR datasets and truncated using burnwater datasets, these segments underwent
2D surface routing analysis to distinguish them from floodplain aféesburnwater data

set isa type of data used in hydrology modeling. Specifically, it represents water bodies
(like lakes, ponds, or rivers) that are part of a digital map used to study how water flows

across the landenerated by USGS as a sildtaset under NHDPIus HR dataset.
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Fig. 7 1D-2D HEGRAS fluvial model construction and USGS data stations.

The 2D component of the model, comprising 174,770 cells, is responsible for surface
routing analysis across an area of 481 kmz2, facilitating flow through tHeDliDterface.

To ensure precise simulation of surface water flow, we integrated surface kydraul
structures such as culverts, leveraging a hyahforced Digital Elevation Model (DEM)

in conjunction with flow GIS data from the NHDPIlus HR datasets. In the 2D segment, flow
datasets from the NHDPIlus HR data were incorporated as open channels wiib spec
resolution, a critical step for accurate flow simulations, especially in areas with limited
localized flow data for model calibration. The Lid#erived DEM includes elevations of
marnmade structures like road fills and railroad grades, enhancindgsiomuof hydraulic
systems such as channels, culverts, and bridges, and providing essential bathymetric
information and floodplain elevation. Portions of the DEM that were not processed were
adapted following the methodologies recommended by PoppengéReippenga et al.,

2010 , with adjustments made using hydraulic datasets from SAGIS, a GIS data portal
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managed by the Savannah Metropolitan Planning Commission. To optimize computation,
the 2D surface areas of the model were assigned varying scales based on factors such as
elevation, slope, the presence of hydraulic structures, and road center data,evwadh s

as a reference for break lines in the model to determine surface water transfer. For example,
flat areas lacking hydraulic structures were assigned a coarser resolution of 50 m, while
areas containing such structures were assigned a finer resad@itidh m. To address
backwater effects within coastal areas, dynamic wave computation was chosen as the most
suitable numerical method, balancing model comprehensiveness with computational
efficiency. And 1D2D modeling approach facilitated the creatioranfextensive fluvial

model covering the entire watershed with optimized computational costs.

It is important to note that the model excludes urban stormwater infrastructure due to
limitations in the HEGRAS software's capability to simulate such features. Although the
urban area constitutes approximately 14% of the total model domain, we deemed th
impact of urban flooding negligible for fluvial flood modeling. Consequently, the domain
comprises multiple catchments from the datasets, focusing solely on surface water routing

and excluding underground water transfer.

3.3.2 Reduced Geostatistical Approach

3.3.2.1 Low-rank nonparametric spatial covariance

In classical geostatistics, spatial covariance is typically modeled as a function of the
oriented or noforiented distance between two points. Estimating spatial covariance, or
more commonly, the variogram, typically necessitates measurements at nunfégcars d

locations. Nevertheless, this estimation process usually carries significant uncertainties,
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encompassing both model selection and hyperparameter estimations. Bigovis?hat

the Savannah River has limited monitoring stations, which are considered sparse for
estimating an accurate parametric spatial covariance or variogram model. In PIGA, we
conduct simulations to generate tiseries data to derive a nparametric covaance
function across the entire domain, mitigating the limitations associated with traditional

variogram estimation methods.

We start by considering the drift matix¥ s , Whered is the number of discretized

elements, ang is the number of drift functions, typically a small number. The detrending

matrix "EN a can be evaluated by:
T AAA (D)
For time series data™ 5 with U realizations generated by the developed HEAS

model, the detrended data can be computed from:

N EA (1-2)

The empirical, nofparametric approximation to the covariafieg s can then be

calculated by:
‘E —-N&yee (1-3)

For largedimensional problem$Edoes not need to be expressed explicitly. By conducting
a singular value decomposition of the time series data, theaokvapproximation ofe

can be expressed through the truncated eigen decomposition:

E R A HH (1-4)
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wherer N 5 is the unitary matrix withéi linearly independent eigenvectors whose

“@h column is the eigenvectdr of “E also known as principal component axig! s

is the diagonal matrix whose diagonal elements are the eigenv@lues, , sorted in
descending order, artdy s Is the matrix with truncated scaled eigenvectors. The
eigenvalues_ indicate the variances along the corresponding principal component axes.
The sum of all eigenvalues characterizes the total variance across all principal components.
To determine the truncation raffk one can select a value®6o that the ratio of the sum

of all higher eigenvalues to the total variance exceeds a predefined threshold, such as 0.95,
representing that 95 percent of variance can be described by the truncated principal

components.

Interpolation for reatime flood mapping

Given realtime monitoring data at several monitoring stations, thetme& water level
map can be generated through spatial interpolation based on thankvapproximate

spatial covariance. The general cokriging form can be written as:

<00 L (1-5)

No E n
where'g, (N A is the covariance between observations, which can be obtained by
extracting the elements frofacorresponding to the monitoring statiofis, N A is

the covariance matrix between monitoring stations and estimation locations, which can also

be extracted froifE QM andf- N are trends at the monitoring stations and
estimation locations, N A Is known as the kriging weights assigned to the monitoring
stations, antE N A is the matrix of Lagrange multipliers.
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For realtime mapping, the estimations at any time moment are a linear function of all

monitoring data:
) 0 (1-6)

where'IN q are the estimation at a certain time moment,@awdi are the vector

of measurements at the monitoring stations.
The associated estimation variance is given by:
R "E "By NE (1-7)

Eqg. (15) only needs to be solved for one time, while for each new set of data at different
time moments, we can utilize Eq. (6) to obtain the best estimates, and Balldws us

to calculate the variance, enabling the efficient generation efire@amaps.

Inverse modeling for redime flood mapping

For inverse modeling of reéime water level mapping, we define the observation function

describing the monitoring data based on the water level in the entire domain at a time

moment:
o £ 7 (1-8)
where’lN q is the water level variable vector over the entire donthirepresents the

matrix computation from the water level over the domain to the observatiof,Narnd
represents a Gaussian noise vector with the covarfpifeften proportional to the identity
matrix). For spatial random processes, the unknown vafieblegpically conceptualized

and modeled by a deterministic mean with unknown drift coefficients and a stochastic
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process, which can be approximated by a linear combination of scaled principal

components:
"R H (1-9)
where the latent variable™ s x . [ is the coefficient vector representing the

projections of the stochastic fluctuations on the retained principal axes. &

represents the unknown coefficient vector of the drift functlanthe applications, a
constant mean for each time moment is used as the mean drift function. The original inverse
problem is thus converted to be a lovdémensional problem of invertingand , which

can be formulated in a Bayesian framework and obtained by solving the following linear
equation systerfzhao and Luo, 20290

EHR E€H & E'HN

£
Enn E&H EnNn &

(1-10)

590 54

E'HR O
n"i‘rs_lé

This is aQ 1) linear equation system, independent of the number of observations.

Substituting and into Eq. (29) yields the best estimates bfor the entire domain.

The interpolation method expresses the estimation as a linear function of measurement
data, while the inverse modeling method estimates the latent variable by fitting the
measurement data. These two approaches yield similar results because they both assume
Gaussian proces¢Kitanidis, 198§ and employ the same les@nk approximate
covariance. However, their computation processes differ. In the interpolation method, the
weights are computed initially, and rémhe mapping at any moment only requires
implementing Eq. ($6). In contrast, thénverse modeling method needs to estimate the
latent variable for each time moment using Eg1Q) The interpolation method may be

more efficient for reatime mapping if the weights can be precomputed. However,
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considering that dimensionality reduction can significantly reduce the equation system, the

inverse modeling method may be more efficient in latigpeensional cases.

3.3.3 PIGA Algorithm

Result with spatial

distribution
W

SE
i ] 2 800 !
“ 11 suul —_—
| i °
‘ 0 2000 -0.05
' 4 ! M 1<
| @ PC1 PC2 PC3

= - - - - Oct05 Oct08 Oct11 Oct14
marw  wsw mem mew mew wmw e Time 2016

Regenerating WSE Feeding Selected

Simultaneously Realtime Data
WSE with PIGA

Physical Model Geospatial Analysis

Reformulated PCA

o
=]
@

Water Stage [m]

Geospatial Reference

. USGS at Downstream ‘ 2 Lt
J— ! . ? 008
2 = -2 i = PC2
E s uscsaticce — “l\‘i ; " 008 04
| 18 I uscsatlocs %8 ﬂl" W\J + ) |
| o - N 0 == ﬂlﬂll, ' " 004 ki-0.06
00 , T usGSatUpstream MN"'U‘““ - |
- . 5 - |n|u||u||u 111 2016 " 008
| 18 Enan p.«ﬂr"«h“v\ql’\ﬁp”.l"lﬂlﬂ’\l”u t1a : -
; = g :,f'uu'u'f'.\'q‘u,".“d WV e 3 =
z Yl et 14
IE\ -2 A 2018 IEI 0253 10KM
Oct04 Oct07 Oct1D Oct13 2 octos Octos Oettl Octid

Time e * WSE: Water Surface Elevation

Fig. 8. Workflow of PIGA for flood analysis. (A) Construction of physical flood model;
(B) Water Surface Elevation (WSE) from the model; (C) Reformulated PCA using RGA;
(D) Monitored data; (E) Predicted WSE for the entire domain UR®B4.

The PIGA algorithm, as illustrated in Fig.32 consists ofive main steps:

1. Developing the 1E2D flood model (Fig8-(A))

2. Simulating water surface elevation (WSE) for a specific event 8HiB))

3. Generating reduced Principal Components (PCs) based MiSkdrom step2 (Fig.
8-(C))-

4. Determining the covariance matrix for monitoring stations and the-cm&siance
matrix between monitoring stations and prediction locations.

5. Evaluating reatime WSE maps using RGFig. 8-(E)) with reattime monitoring

station datdFig. 8-(D)).
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For the model, boundary conditions are included in the dataset, arftthreahonitoring
datasets encompass boundary conditions for upstream and downstream, along with
reference datasets within the model domain (5 USGS data stations). PIGA harmonizes
spatal parameters and covariance matrices from the -RBS physical model with the

RGA model, enhancing retime flood mapping through interpolation and inverse
modeling techniques. This integration is pivotal for leveraging the detailed insights from
physicd modeling while benefiting from the efficiency of geostatistical analysis, resulting

in more accurate and timely water level maps. A noteworthy aspect of this approach is its
utilization of time series data in geostatistical methods and extending thextimas

spatial information.

3.4 Results and Discussion

3.4.1 Fluvial Model Validation

The HEGRAS model underwent extensive testing for all four hurricane eveigts.

9 shows the model performance specifically for Hurricane Matthew. Overall, the model
results align closely with the monitoring datasets across all USGS data location9in Fig.
particularly at Loc 2, 3, and 4. However, notable deviations are observed at Loc 1 and Loc
5. At Loc 5, the model tends to overestimate low water stages. This discrepancy is primarily
attributed to inadequate bathymetry data, characterized by a flatmbaith an assigned
elevation significantly higher than the minimum water stagjaes in the USGS datasets,
resulting in discrepancies and potential instabilities in its simuleSiomlar patterns were

observed in other hurricane events, as detailea iappendix asupplementargata.
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Fig. 9 HEC-RAS simulations of water surface elevation for Hurricane Matthew (2016)

(A) USGS data stations; (BF) HEGRAS simulations and USGS monitoring data at Loc
1to Loc 5.

Table 2 presents a comprehensive quantitative anatysimodel simulations for all
hurricane events in comparison with the USGS datasets. It includes metrics such as
differences in maximum water stages (DMWS), mean absolute error (MAE), root mean
square error (RMSE), correlation coefficients (CC), and caeffiof determination (8.

Across Loc 2, 3, and 4, the quantitative measures consistently indicate high model
performance, closely aligning with the observed data. Particularly noteworthy is the
obsevation that all correlations and’*Ralues exceed 95%, while DMWS, MAE, and
RMSE remain minimal. However, the performance at Loc 5 exhibits a slight decline

compared to other locations. For instance, theaRies range from 0.66 to 0.86 at Loc 5,
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indicating a lower level of agreement compared to other locations. This discrepancy

underscores the impact of limited input datasets in the vicinity of Loc 5, which led to

perfor mance degradati on

dependency on physical data quality and quantity.

Table 2 Comparisons of simulated hurricane cases with U@Sets

and

computational

HEC-RAS
Cases Statistics
Loc 1 Loc 2 Loc 3 Loc 4 Loc 5
DMWS 0.04 0.01 0 0.06 0.02
MAE 0.24 0.08 0.07 0.06 0.39
Matthew
(2016) RMSE 0.33 0.12 0.11 0.1 0.53
CC 0.94 0.99 0.99 0.99 0.82
R? 0.88 0.98 0.98 0.99 0.66
DMWS 0.01 0.14 0.03 0.07 0.09
MAE 0.18 0.15 0.11 0.09 0.29
Irma
(2017) RMSE 0.25 0.2 0.15 0.11 0.39
CC 0.97 0.98 0.99 0.99 0.93
R? 0.95 0.96 0.98 0.99 0.77
DMWS 0.05 0.02 0.09 0.06 0.2
MAE 0.28 0.13 0.08 0.06 0.41
Dorian
(2019) RMSE 0.34 0.17 0.09 0.08 0.55
CC 0.94 0.99 0.99 0.99 0.86
R? 0.89 0.98 0.99 0.99 0.74
DMWS 0.07 0.04 0.09 0.08 0.2
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MAE 0.28 0.12 0.09 0.07 0.31

Idalia RMSE 0.35 0.17 0.11 0.09 0.39

(2023) cC 0.94 0.99 0.99 0.99 0.9

R? 0.89 0.99 0.99 0.99 0.81

3.4.2 Principal Components for Spatial Correlations

The HEGRAS model provides a detailed representation of the Savannah River, along with
its interconnected creeks and channels, through 956 sectisnal analyses. For the events

of Hurricane Matthew and Hurricane Irma, this model simulates a time deat&set for

each crossection, capturing water stage data over 14 days for Matthew and 12.5 days for
Irma, with 15 minutesfrequency Fig. 5A visually represents the HERAS model's
outcomes for Hurricane Matthew, with tReaxis plotting time and thg-axis depicting

nodes (cross sections) along the river and its reaches. It's important to note that the model's
assumptions are based on the relative, not absolute or physical locations of these cross

sections, treating them as nodes within a networketing system.
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Fig. 10-(B) ~ Fig. 10-(D) illustrate the spatial distribution of the most dominant principal
components (PCs) for the spatial correlations of WSE derived from the PIGA model

specifically for Hurricane Matthew. The first PC (Fig}(B)) reveals a correlation pattern

of high WSE along the coast, gradually decreasing towards the inland areas with a gentle

decline near the coast. In contrast, the second PCYE@) depicts a similar decreasing
trend, but with a rapid decline rate near the coast. The third PC1#Ig) illustrates

smallerscale variations, with peak WSE in the middle and decreasing values towards both

the coast and further inland. The sum of these three eigenvalues, arranged in ascending

order for these PCs, accounts for more than 98% of the totalilative sum of all

eigenvalues. This high percentage underscores the significant variance captured by the
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leading PCs, indicating a strong underlying structure in the spatial data. To obtain the PCs,
we tested three different datasets for each hurricane event: a time series of-the non
hurricane period, during the hurricane events, antinaél series combinediowever, the

spatial reference from the separated datasets did not yield a noticeable difference.
Therefore, the spatial PCs are assumed to be consistent over a hurricane event, including

both nonhurricane and hurricane intervals within one hurricanateve

3.4.3 PIGA Simulations for Hurricane Events

After deriving the PCs (Figl0), the realtime WSE map was estimated using the RGA,
incorporating the PCs and rdahe monitoring data. The inverse modeling algorithm was
employed to generate the WSE map. Utilizing the USGS datasets at Loc 2, Loc 3, and Loc
4, latent variables in tHeIGA algorithm were estimated, leveraging measurements at these
boundaries. Meanwhile, the remaining two USGS monitoring stations, Loc 1 and Loc 5,

were utilized as reference data for validation.

Fig. 11 compares the performance of PIGA and the HEAS model. Fig. 1-(A) and (B)
illustrate that PIGA significantly outperforms the HERAS model at Loc 1 and Loc 5.
Particularly, PIGA accurately describes the low WSE at Loc 5, a feature poorly captured
by the HEGRAS model. This improvement is further supported by quativé measures,

with R? increasing from 0.88 to 0.94 and from 0.66 to 0.75 for Loc 1 and Loc 5, respectively
(Table 3). Fig. 1 displays all USGS datasets, HIRAS simulations, and th@atasets in
PIGA for estimating latent variables and predictions, highlighting the superior performance
of PIGA. Additionally, three other locations without monitoring data were randomly

selected for comparison between PIGA and the &S model (Fig. 1-(D) to (F)). The
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close alignment between PIGA and the HEAS model suggests that PIGA provides

predictions as effective as those of the physical model, indicating the potential for PIGA to

replace the physical model.
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Fig. 11. PIGA performance compared with USGS datasetsHG-RAS for Hurricane
Matthew (2016)Max.diff denotes the maximum water stage difference between PIGA and
USGS datasets. PIGA denotes PIGA simulations at Loc 1 and Loc 5, and RPEGA
denotes Loc 2, Loc 3, and Loc 4. (A) PIGA simulations at Loc 1; (B) PIGA simulations at
Loc 5; (C) PIGA andHEC-RAS simulations at all USGS stations; (D), (E), and (F) PIGA
simulations compared with HERAS at randomly selected locations.

Fig. 12 illustrates the maximum WSE generated from PIGA and HAGS, along with

their differences across the entire Savannah River during Hurricane Matthew2-(Ag. 1

and (B) reveal that both WSE distributions exhibit similar overall patterns, with deviations
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particularly noticeable in the middle river sections. The mean difference in maximum
WSE, as shown in Fig.24(C), is 0.05 m. However, large deviations are observed in the
upper branch of the Savannah River, with a maximum difference of 0.45 m, occuring in
the areas characterized by dificient bathemetry data. RAC) suggests that the
performance of PIGA closely matches that of HERS in datasufficient areas, while
major discrepancies occurred in dataufficient areas. The outcomes from Fifj.ahd12
indicate that PIGA shows the potential to provide accurate simulation results based on
spatial correlations, particulary in areas where insufficient bathemetry data could

significantly impact the physical model performance.

A D MaxWSE | | p { Max WSE | | Abs Diff.
: [m] [m] g WSE [m]
. 2.58 . 0.45

N w .2.57 ™ (,
: ’\ Wo

0 25 5 10KM

)

0 25 5 10KM 0 25 § 10 KM
N e

Fig. 12. Maximum WSE generated by PIGA and HRAS, and their differences during
Hurricane Matthew(A) Maximum WSE from PIGA; (B) Maximum WSE from RAS; and
(C) Absolute differences between WSE from PIGA and HEAS. The red arrow
indicates the location with the maximum difference.
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Table3. Quantative comparisasf PIGA and HEGRAS with USGS stations at Loc 1 and
Loc 5 for Hurricane Matthew and Irma

HEC- HEC- HEC-
Test Data RAS <CA Rras PIGA A PIGA
Case Station
R-squared RMSE [m] Max. Diff [m]
Loc 1 0.88 0.94 0.34 0.27 0.04 0.2
Matthew

Loc 5 0.66 0.75 0.54 0.41 0.02 0.3

Loc 1 0.95 0.99 0.35 0.13 0.03 0
Irma

Loc 5 0.77 082 049 039 0.07 0.07

Fig. 13 shows the PIGA simulation results for Hurricane Irma, employing the same

algorithm applied in the Hurricane Matthew scenario. Updated PCs were estimated
specifically using the HERAS model simulations for Hurricane Irma. The results
indicate that PIGA déctively predicts WSE with greater accuracy compared to its
performance in the Hurricane Matthew application, demonstrating its consistency and
reliability across diverse storm scenarios. In addition, PIGA outperforms theRASC
particularly in datespase areas such as Loc 1 and Loc 5 (Tak8g, Where it significantly
enhances the accuracy and utility of hydrological modeling. These results emphasize
PIGA's capability to accurately replicate overall spatial correlations intineej
positioning it asan effective corrective tool tailored for challenging hydrological
conditions. Overall, PIGA shows the potential to offer a robust and adaptable approach that
may serve as a superior alternative to existing physical hydrological models for enhancing

flood prediction.
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Fig. 13 PIGA performance for Hurricane Irma (2017) compared with HEAS and USGS
datasets(A) PIGA simulations at Loc 1; (B) PIGA simulations at Loc 5; (C) PIGA and
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3.4.4 Sensitivity of PIGA to Data Selection

While PIGA effectively regulates the WSE from HIRAS based on reduced spatial
correlations, its sensitivity to specific dataset selection remains uncertain. In the previous
section, we utilized the USGS datasets at Loc 2, Loc 3, and Loc 4 to estimate late
variables in the PIGA algorithm and the USGS datasets at Loc 1 and Loc 5 for validation.

To assess the sensitivity of PI GA6s perfoc

excluded certain USGS datasets from the modeling process. We conducted afseries
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simulations, each using a uniqgue combination of three datasets from the five available

USGS datasets within the PIGA procedure, with the remaining two datasets for validation.

Fig. 14 presents the performance results for all ten possible combinations. Two sets of
statistical matrices were calculated: one comparing the PIGA simulation with the
unselected USGS monitoring datasets, and the other assessing the overall performance of
the PIGA simulation against the HERAS simulation for the entire domain. The results
indicate that all combinations yield good performance, with Rigkalues and low RMSE

and DMWS values. However, performance varies among the ten selections. For example,
Selection 3 includes the USGS dataset at Loc 4 presenting reliable performances of HEC
RAS while excluding the USGS dataset with poor performance ofREE at Loc 5 with

less reliable performance of PIGA. By contrast, Selection 7 includes the USGS dataset at
Loc 5 and excludes the USGS dataset at Loc 4RPhaalues range from 0.83 to 0.99 for

the unselected USGS datasets and from 0.93 to 0.98 for the entire domain. This variation

indicates the influence of dataset selection on PIGA's efficacy.
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This studyfurther investigated the sensitivity of the model in terms of the number of
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reference datasets while keeping the number of principal components atFitree.
15 shows that as the number of reference datasets increases, the corresponding mean values

of R2and RMSE improve, indicating overall model enhancement. This trend suggests that
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inverse models benefit from increased information (measurement data), which leads to
better parameter estimates, reduced uncertainty, and greater robustness against noise and
outlierdAcar and Vogel, 1994Hansen, 2010 However, while the DMWS values
remained low, their changes exhibited a more fluctuating pattern compared to RMSE. This
difference arises because DMWS quantifies local behavior, whereas RMSE measures

overall performancéBishop and Nasrabadi, 20a8uber and Ronchetti, 2011

0.97

o
)
£

0.025

S

o
©
>

|
|

o

)

=

0.015

o

©

5
~
o
¥

o
e
©
o
o e
= o
3 =

e

©

n
o
_‘
o

Mean of R?
5 |
"\
Mean of RMSE [m]
o
Mean of DMWS [m]
o

o

-
o =K

1 2 3 4 5 2 3 4 2 3 4 5
Number of Selections Number of Selections Number of Selections

Fig. 15Impact of dataset selection o, RMSE, and DMWEwith three principal

componentg§A) Mean ofY as the number of dataset selections increg®&sMean

RMSE for varying dataset selection&) Mean DMWE, showing fluctuations with
changes in dataset selections

-

3.4.5 Stationarity and variability of spatial correlation

The previous section confirmed the consistency of spatial correlations within a single
hurricane event. Specifically, we derived PCs representing spatial correlations for

Hurricane Matthew and Irma, respectively, and subsequently applied them in PIGA for

simulations.
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PIGA M-M vs. PIGA I-M
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Fig. 16. Comparison of PIGA simulations using different spatial coverian@gsPIGA

Mi M using PCs from Hurricane Matthew to s
(B) PIGA I-M using PCs from Hurricane Irma to simulate the WSE for Hurricane Matthew;

(C) Hi stogram of differenceM (DpbRIGAWDefar PI GA
Hurricane Dorian; (E) PIGA-D; (F) Histogram of differences between PIGAIDand

PIGA I-D; (G) PIGA IDID for Hurricane ldalia; (H) PIGA-ID; () Histogram of
differences PIGA IBID and PIGA HD.

However, a remaining question is whether the spatial correlations derived from analyzing

one hurricane event can be applied to predict other hurricane events. For instance, can the
spatial correlations observed in Hurricane Matthew be extrapolated tagoigarricane

l rma and potentially similar events? | f su
based on one hurricane event to predict others. Thus, it is necessary to evaluate the stability

and variability of these spatial correlations acrossitames of differing intensities.

Our analysis includes comparisons among Hurricane Matthew, Irma, Dorian, and Idalia.

PCs derived from one hurricane event are utilized to predict WSE for other hurricane events.
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Fig. 16 compares the simulations for hurricane events Matthew, Dorian, and Idalia using
their respective PCs and the PCs derived from Hurricane Irma. These tests demonstrate
t hat empl oying Hurricane I rmabés PCs yield
correlations, indicating the interchange ability of spatial references across different
hurricane events. This transferability highlights the applicability of PIGA for predicting
hurricane events using previously derived spatial correlations. Mininfigreshces
between the PIGA simulation sets are evident, as indicated by the narrowly normally
distributed differences. In the supplementary material, we summarize the statistical
measures of all simulations, suggesting that the spatial reference fromeprasents the
optimal alternative to the original spatial reference. This finding implies that the
transferability of PCs from different hurricane events varies. Thus, for a specific site, it is

crucial to investigate and select the most effective altemn spatial reference.
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Fig. 17. PIGA simulationsvith PCsderived from different hurricane everfits Hurricane
Idalia (2023) (A) PIGA ID-ID; (B) PIGA M-ID; (C) PIGAI-ID; and (D) PIGA DID.
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Fig. 17 illustrates the performance of applying spatial references from different hurricane
events, including Matthew, Irma, and Dorian, to Hurricane Idalia. Similarly, these
simulations investigate how the variability of spatial references affects the perferofanc
PIGA models and the transferability of derived PCs from different hurricane events. The
PIGA model using PCs from Irma and Dorian yields results com parable to the original
PCs of Idalia, underscoring the influence of spatial reference sityibermodel outcomes.
However, the applica tion of the spatial reference from Matthew to Idalia shows under
performance. This observation is corroborated by the statistical data presented in the
supplementary materials, which present comparisons with U&&Storing locations

(Loc 1 to Loc 5). These results further emphasize the importance of selecting the most

effective alternative spatial reference for prediction.
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Fig. 18. Comparison ofthe 1st PG for different hurricane events.

Fig. 18 depicts the first and most dominant principal component derived from different
hurricane events. Across all test cases, the first PCs account for more than 85 % of the total

variance. Notably, the first PCs for Hurricane events Irma, Dorian, and Id&libitex
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proximity to each other, indicating a high degree of similarity and correlation among the
PCs. This observation supports the transferability of applying spatial correlations from one
event to others, as demonstrated in Figsardd 7. Conversely, the magnitude of values
differs for Hurricane Matthew, explaining the underperformance observed when applying
the PCs from Matthew to other events, as shown in Fég.This analysis not only
underscores the importance of careful spatial reference selectionsbusugjgests the
potential need for model adjustments or calibrations when applying PIGA across different
flood events. Furthermore, Fig6 tan be extended to other events to generate a library of
PCs for conducting uncertainty analysis and investigating the impacts of climate and other

drivers on spatial correlations.
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Fig 19. Statistical summary oHEC-RAS, PIGA simulations with original and best
alternative geospatial references. RAS represents theRESCmodel, PIGA MM is

denoted as MM, PIGA I-l as H, PIGA M-ID as MID, and PIGA IBID as ID-ID. (A)

DMWS; (B) RMSE; (C) MAE; and (D) R

Fig. 19 presents a comparison of the statistical measures assessing the performance of the
HEC-RAS model, PIGA using the original PCs for a specific hurricane event, and the best

alternative PCs for that event. The analysis reveals that the physical modebefters

results only for Hurricane Matthew in terms of DMWS, and PIGA consistently outperforms
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in all other measures, regardless of the event considered. Notably, while the original PCs
may Yyield optimal performance for certain hurricane events, alternative PCs derived from
other events also demonstrate satisfactory performance in various sceéDeeial, the

spatial reference derived from Hurricane Irma emerges as the most effective alternative
PIGA reference, as demonstrated in Figude\We note that the transferability of spatial
correlation PCs is generally influenced by both the dynami@acteistics of hurricanés

such as their path, intensity, and rainfall distribudicand the relatively constant
hydrological and topographical features of the Savannah River basin. While hurricane
characteristics vary from one event to another, the |latgufes remain stable over time.
Transferability is moreeliablewhen hurricanes share similar characteristics, allowing PCs
derived from one event to be applicable to another. In our study site and selected hurricane
events, it is reasonable to concluthat the Savannah River Basin properties, such as
bathymetry, may be the dominant factors controlling the spatial correlation, resulting in
high transferability as shown in Figk6 to 19. However, significant changes in land use

or extreme events that deviate substantially from the norm can affect the applicability of
PCs from one event to another. This necessitates the need for adaptive strategies or

recalibration to enhance the transfaitity of spatial correlation PCs.

3.5 Conclusion

This thesis proposed the PIGA method for estimating water surface elevations during
fluvial flooding caused by hurricanes. PIGA integrates spatial correlations obtained from
physical models and reiime monitoring data from limited stations with RGA for

interpolating or inversely modeling water surface elevations across entire river channels

and reaches. This integration addresses the computational cost and challenges of physical
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models in scenarios with limited data availability. Specifically, spatial correlations are
derived by reducing the dimensionality of physical model simulation results. This approach
describes spatial correlation using rarametric Principal Componentsg$) rather than
simplified two-point spatial covariance models found in classical geostatistics. RGA
utilizes these reduced PCs for interpolation or inverse modeling, significantly enhancing
the model's capacity to process and interpret large volumesamfriélated data. This
reduction is not merely a statistical convenience but a critical improvement in
computational efficiency. It enables a more manageable and accurate interpretation of
dynamic flood data, making the model particularly valuable fortreed flood prediction

scenarios by employing different references based on actual cases.

This study adopted the model approach in the Savannah River basin, known for its
susceptibility to riverine flooding during hurricane seasons. Specifically,-2Z0LBEG

RAS model was developed to simulate coupled catchment hydrology and channel
hydraulics.This model, along with PIGA, were applied to simulate four hurricane events,
including Hurricane Matthew, Irma, Dorian, and Idalia. A comprehensive comparative
anal ysis revealed Pl GAds enhanced perfor ma
areas \Were the physical model faced limitations due to insufficient bathymetry data.
Various statistical measures also underscored the significant improvement achieved by
PIGA, confirming its effectiveness as a more accurate and reliable tool for flood predictio
Beyond its performance, the model offers substantial economic and computational
advantages. For example, it took only a few seconds, in contrast to the extensive hours

required for a physical model simulation spanning -ady hurricane event, makingate
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time updates and calibration challenging. PIGA demonstrates the potential to replace the

physical model, providing redime flooding maps based on ré¢ahe monitoring data.

This study explores the transferability of spatial correlations, specifically examining the
feasibility of using principal components derived from one hurricane event to simulate
others. Results demonstrate that it is indeed possible to simulate hueiears using

PCs from different occurrences, indicating the model's capacity to maintain accuracy
across diverse scenarios. Notably, for the Savannah River basin and the investigated
hurricane events, PCs derived from Hurricane Irma offer satisfactoricfioed for other
events when compared to their original counterparts. This discovery demonstrates the
potential of PIGA for reatime water surface elevation forecasting based on spatial
correlations obtained from historical hurricane events. Conveliselyas also observed
variability in spatial correlations among different hurricane events. For instance, PCs
derived from Hurricane Matthew exhibited underperformance compared to others,
highlighting the importance of selecting the optimal alternativeiadpegference for
prediction. Additionally, PIGA offers the advantage of convenience in updating PCs or
creating a library of PCs for spatial correlations as new data becomes available. Through
these consistent spatial correlations, PIGA could signifigaintiprove computational
efficiency compared to conventional physical models. This improvement is maintained

with different options such as the number of dataset selections and PCs.

Additionally, the transferability and relative stability of spatial correlations suggest that, in
the tested cases and site, these correlations may not be significantly influenced by dynamic
properties such as distinct hurricane characteristics. Insteadappear to be dominated

by relatively constant properties such as river bathymetry and the topographical features of

56



the river basin. For instance, the successful application of the geostatistical reference from
Hurricane Irma to the PIGA model for Hurricane Idalia, despite significant differences in
precipitation and storm surge, supports this observation. Furtherratesshould
investigate whether this transferability is valid for other sites and how to develop a
methodology for selecting the most suitable reference hurricane event for new applications.
Conversely, significant changes in bathymetry, the addition ofalojid structures (e.g.,

weirs, dikes, additional wetlands, seawalls), land use changes, and extreme events that
deviate significantly from the norm could affect the applicability of the developed method
from one event to another. These scenarios indite&teneed for adaptive strategies or
recalibration to maintain the accuracy of the physical model for updating the spatial

correlations for the PIGA analysis.

PIGA is essentially a linear approach, assuming that water surface elevations can be
approximated with a linear system. This assumption holds for the Savannah River basin,
as observed in this study. However, it's important to acknowledge the potentiiidins

of PIGA in systems characterized by high nonlinearity, such as urban flooding scenarios
influenced by both riverine flooding and drainage systems. Further investigations are
warranted for such applications. Moreover, PIGA relies on a physical noodiedive non
parametric spatial correlations. Except for the geostatistical aspect, the river system is a
linked network responding dynamically to the surrounding environment. In this respect,
there are different applications of reduced PCA in diffefiefids such as wired network
system analysigHolanda Filho and Maia, 201®ang et al., 2012 While this study
demonstrated Pl GA6s effectiveness i n areas

be achieved with a more accurate physical model, such as improved bathymetry data
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(Almeida et al., 2018 eeetal., 208 Addi ti onal l vy, PI GAGds r el
generating reaime maps highlights the importance of a reliable data portal system, such

as the USGS Water Data for the Nat{&urvey, 2013
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CHAPTER 4. HIGH -RESOLUTION URBAN COMPOUND

FLOOD MODEL

4.1 Abstract

This study presents the development of a-megolution compound flood model designed

to address the complex challenges of urban flooding in coastal environments, with
Hurricane Matthew's impact on Savannah, Georgia, as a case study. The model integrates
hydrological and hydraulic components through the coupling of -REBS and
SWMM/PCSWMM, which simulate riverine and urban flood dynamics, respectively.
Advanced geospatial datasets, including NHDPlus HR and femimyced DEMSs, are
employed to capture théne-resolution characteristics of the study area. A rradéle,
stepwise modeling approach is used to optimize computational efficiency, combining both
1D and 2D simulations to accurately model stormwater management systems, surface
runoff, and compoundidoding events. The results demonstrate the model's ability to
capture interactions between riverine and urban flooding during Hurricane Matthew,
highlighting significant compound flood risks driven by both fluvial and pluvial processes.
The findings empleze the necessity of integrating multiple flood drivers in urban flood
risk assessments and showcase the potential ofréggitution, coupled models for
enhancing flood forecasting and urban resilience. Furthermore, the model offers a
comprehensive todbr analyzing flood drivers and flood risk, proposing a methodology

for studying urban flooding under complex conditions.
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4.2 Introduction

In this study, it is aimed to develop an integrated wtbairologyhydraulics flood model

of highresolution to address the challenges of modeling compounded coastal urban
flooding by prototyping the application in the City of Savannah in the Southe&s$ern

The City of Savannah is highly vulnerable to compound flooding risks due to its proximity
to the Savannah River and the Atlantic Ocean. This paper focuses on the model
development and validation process, while Chapter 5 is about an application of the

validated model to analyze the key flooding drivers at the study site.

The development process involved the interaction and coupling of different models.
Specifically, this study adopted the HERAS model, developed by the US Army Corps

of Engineers (USACE), for fluvial flood modeling for the Savannah River, and the Storm
Water Management Model (SWMM), developed by the Environmental Protection Agency
(EPA), for detailed urban flood modelif@ossman and Huber, 20186SACE, 2018,
incorporating the most wjp-date highdefinition data on stormwater management systems
such as pipes, canals, and pump stations. Additionally, this study incorporated PCSWMM,
a commercial variant of SWMM, for 2D surfammuting for urban flooding. To construct

the highresolution urban physical modalnew method was proposed for utilizing recently
introduced GIS datasets, which incorporate surface data sets such as NHDPIlus HR data,
hydro-enforced DEM, and urban stormwater structures in GIS format. Moreover, this study
employed a stepwise procedure fwban areas using GIS multiscale datasets of varying

resolutions to represent stormwater structures while minimizing computational cost.
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For model validation, this thesis adopted msitiurce data and approaches, including the
application of flood record/report data from FEMA/GEMA and mass media, and the use
of Synthetic Aperture Radar (SAR) to detect flooding during test cases, espéxially
resolve the ungagged flood areas. Among remote dat8sdRspperates effectively under

all weather conditions and is independent of therdgiit cycle, ensuring reliability for
continuous monitoring. However, SAR imaging has limitations for floodctiete due to
complex visual representation, speckle noise, and double backscattering froom built
areas, which complicate its applications in urban flood magpiagidi et al., 2023Paul

and Ganju, 2021 Another limitation of SAR is its sensitivity to certain physical
characteristicsfloodwater generally appears dark in a SAR image but can be disturbed by
wind, rain, or curreni{Kersten et al., 2030 This study adopted two approaches for
validation of flood model: the first is the application of the Kapur algorithm for image
classification(Kapur et al., 1985Rey and Delrieux, 2031and the second is the use of
supervised learning methods to classify SAR image into multiple segmentations, supported
by Google Earth Engine with various classification opti@tamidi et al., 2023Paul and

Ganju, 2021 Questier et al., 200%a

4.3 Methods

4.3.1 Overview of Model Structure

Fig. 20 shows the overall framework of the integrated urbgdrology-hydraulics model,
which consists of a riverine flood model and an urban flood model. Coastal modeling is
not included due to the relatively high elevation of the urban area of interest. Hpthever

impact of coastal tides and sea level changes is accounted for by incorporating coastal
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water level measurements directly as boundary conditions for the riverine flood model and
wetland boundary conditions for the urban flood model. A fluvial model in Chapter 3 built
on HEGRAS was adopted for the riverine flood model. The fluvial model pes/ivater

stage time series as boundary conditions for the urban flood model.

Model Data
[ Fluvial Model (B)
Urban Model
9 " sovannah HEC-RAS / SWMM/ PCSWMM
River — - Boundary - High resolution
- Fluvial Flood L
Fort Pulaski Conditions, Urban flood Model
Model S =
1D-2D Modeli Precipitation of - 1D-2D structure
- - odeling Matthew - Multiscale Model
- Urban Stormwater
("~ Validation using \ managementsystem)
USGS/SAR data Bound e T
. . oundary condition |
— Calibration forriverine area - Validation USiI"Ig SAR )
P k5 { - Calibration
Richmond i - Inundation ] ~ T g
0255 10KM . timeseries for the - —— —
- . - Inundation timeseries
| fluvial flood domain
| forurban area )

Model Data: Comprehensive analysis of
NHDPIlus HR, DEM, Stormwater system data, road data sets, P .y
L compound flooding
Surface condition data

Fig. 20. Schematic diagram of the compound flood model framework. (A) Model domains
for the fluvial and urban floodcomponents; (B) Model components, functions, and
workflow, including data inputs, boundary conditions, and validation processes

The urban flood model, constructed on the SWMM/PCSWMM platform, combines 2D
surface routing with a 1D subsurface pipe network. A notable feature of this urban flooding
model is the higdefinition drainage network, which consists of more than 23,000
pipelines and manages the transportation and processing of stormwater. The popularity of
SWMM stems from its versatile hydraulic modeling capabilities, compatibility with
various data formats, and seamless integration with modeling software, especially for urban
hydraulics combined with hydrologiBarco et al., 2008bRai et al., 201) This study
adopted the SWMM/PCSWMM to perform the urban flooding while coupled with the

HEC-RAS model. The model coupling between these two components-isayhevith
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the riverine model providing boundary conditions to the urban flood model. The coupling
method is validated by a couple of tests. This model simulates compound flooding
scenarios, generating time series of surface water depth, and simulates storm scenarios
under changing conditions, such as modified subsurface pipe networks or altered hydraulic

structures.

To avoid high computational costs without sacrificing accuracy, this study developed a
stepwise multiscale modeling approach for large and flat urban areas withscaildti
approach. This approach combines lumped and distributed surface routing models base
on data availability and physical conditions. One key dataset in the model construction is
the NHDPIus HR data, based on a 1:24000 scale map or 10 m 3DEP DEM published by
USGS(Moore et al., 2010 Another key dataset is a hyeeaforced DEM, which includes

the elevations of artificial impediments (such as road fills or railroad grades) to simulate
hydraulics systems like channels, culverts, and bridges, allowing continuous downslope
flow as suggested byPoppenga et al., 20L0An adopted a flexible resolution is based on
slope of surface, the roles of components in the stormwater management system. This

approach offers an advantage over fixesolution systems in terms of computational cost.

4.3.2 Comprehensive Urban Flood Model

The fluvial model's effectiveness and application have also been demonstrated by a
geostatistical approach also (Kim et al., 2024). The fluvial model will provide boundary

conditions for an urban flood model as mentioned.
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Fig 21. Construction of a 2D urban flood model using surface and drainage system data.

1D Model

Fig. 21 shows the urban flood model structure with its components. The model incorporates

a detailed 1D SWMM model for the drainage network and a 2D PCSWMM for surface
routing. Dynamic wave flow routing, known as Extran (Extended Transport), was adopted
for the sirface routing due to its model capability to simulate backwater effects, flow
reversals, pressurized flow, and entrance/exit energy IRessman and Huber, 2016

The model adopted a modified Horton method as an infiltration method to simulate realistic
surface routing under given conditions. Preprocessed GIS datasets were divided into two
main groups: the first included surface parameters needed for the 2D meladed to
hydrology, while the second contained datasets related to hydraulic structures, representing
the stormwater management system. The 1D and surface 2D nodes were connected through

an orifice that acted as a flow control{@rater and King, 1996

As described in the model overview, the urban flood model and the fluvial model for the

Savannah River employed emay coupling. This simplification was chosen because the
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fluvial model results around the boundary areas of the urban model were reliable without
considering the 1D drainage network in the urban areas. This assumption was tested with
simulations of Hurricane Matthew (2016) and Irma (20Theoneway coupling, where

the urban part was governed by the fluvial model, was a feasible approach.

Table 4summarizes critical datasets for the urban model with their roles. The urban model
was built on various GIS datasets to accurately represent complex urban environments. The
DEM used was a hydrenforced DEMA key dataset for urban catchment generation is

the NHDPIlus HR dataset including the National Hydrography Dataset (NHD) and WBD.

It helps identify the smallest watershed in domain and construct the entire domain with
consideration of drainage network. F& shows the watershed data from theDNftls

datasets and 1D SWMM pipe system in the domain.
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Table 4 Key datasets for the urban flood model

Data products &

NAME Spatial resolution Data Source
parameters
DEM Slope, Area 3m NOAA/USGS
NCLD Manning's roughness, 30m MRLC
imperviousness
NHDPIlus Water body data, water flow .
HR/NHDPIus line data Various USGS
SSURGO Subsurface data Various USDA
Stormwater Stormwater management N/A SAGIS
structures system
Road System Physical road data 1:24,000 GDOT
SMAP Initial soil moisture reference 3 km NASA
eMODIS Daily evaporation 1.1 km NASA/USGS

The detailed 1D drainage network dataset used for constructing the stormwater
management system was obtained from a GIS portal managed by the City of Savannah.
While the original dataset includes more pipeline information, we cleaned the dataset to
createa pipeline network that can be input into SWMM. It was combined with the
NHDPIlus HR data, WBD data to provide precise catchment delineation, allowing for the
creation of appropriate catchments that consider both surface routing and the drainage
network sinultaneously. Additionally, the hydrenforced DEM applied in the fluvial

flood model is crucial for the urban flood model, which is sensitive to surface conditions
due to its fine resolution and its processing of surface structures (e.g., culvertsjrweirs)

the DEM data. Parameters for the infiltration method followed recommendations from the
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SWMM hydrology manual and technical reports from the EPifet al., 1999Rossman,

2015.

4.3.3 Multi-Scale Urban Flood modelling and Simulation Process

Model
Construction

Model Simulation

Resolution

Fig. 22. Flowchart of urban flood model construction and simulation process
Multiscale model construction, beginning with the targetedcsithment and expanding
based on boundary conditions and physical factorsS{Bulation process, starting with
the broader domain and refining towards the catichment for detailed analysis.

Fig. 22 shows a flowchart detailing the model construction and simulation process for a
multi-scale modeling approach aimed at accurately simulating urban flood dynamics by
integrating surface hydrology and drainage network hydraulics. The flood model
comprisestiree main components: (1) Finesolution model (Model A), which focuses on

the finestscale catchment generated from a 10 m resolution DEM, and includes areas of
interest such as Catchment 1 (Model Al) and Catchment 2 (Model A2) shown 28Fig.

C; (2) Intermediate model (Model Byvhich groups merged catchments connected via a
1D drainage network, with no surface routing between the smallest catchments (shown in

Fig. 23B); and (3) Whole domain model (Model C), which covers the entire domain (Fig.
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