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ABSTRACT 
 

Floods are among the most devastating natural hazards across the globe, and it is 

expected to be escalated in the future mostly due to the warming climate. Depside 

tremendous national governments’ protection efforts, they still result in the loss of lives 

and properties. Understanding flood dynamics and developing fast and reliable flood 

forecasting systems are essential for mitigating the associated risks and implementing 

proactive risk management strategies. This dissertation is an attempt to characterize flood 

hazard and enhance flood risk assessment by leveraging enhanced statistical approaches 

and recent physical models. The first four chapters present previous peer-reviewed studies 

and are as follows: The first chapter is on assessing flash flood characteristics including 

frequency, duration, and intensity in addition to their associated property damages. The 

second chapter presents a systematic framework that considers a variety of features 

explaining different components of risk and examines multiple machine learning methods 

to predict flash flood damage. In chapter three, we assess the sensitivity of the HEC-RAS 

2D to its configuration factors and parameters. In chapter four, we are developing a new 

tropical cyclone scaling system that uses Copulas for categorizing Tropical Cyclones 

(TCs) based on the likelihood of a given set of severity for rainfall, surge, and wind speed. 

Finally, in chapter five, we present a systematic framework that uses Deep Learning (DL) 

algorithms, and hydrodynamic models to generate probabilistic flood water levels. 

Key Words: Flood Forecasting, Hydrodynamic Model, Machine Learning Model,  

Tropical Cyclones 
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INTRODUCTION 
 

Due to the frequent intense rainfalls triggered by tropical storms, thunderstorms, and 

hurricanes, flooding is one of the most prevalent and devastating natural disasters across the 

globe (Stefanidis & Stathis, 2013; Terti et al., 2017). Studies show that, between the years 1900 

to 2013 alone, floods have caused about 7 million deaths and more than $600 billion in damage 

(Wang et al., 2015). For example, according to the National Oceanic and Atmospheric 

Administration (NOAA) report, eight of the top 10 costliest weather and climate disasters 

between 1980 and 2019 in the United States (U.S.) were floods with the most damaging being 

hurricane Katrina in which flooding resulted in a monetary loss of $168.8B according to 2019 

prices. The rapid onset of flash floods limits effective and timely decision-making, and causes 

the highest number of casualties (on average) compared to the other types of flooding (e.g., 

coastal floods (storm surge) and river floods) (Jonkman, 2005). According to the National 

Weather Services (NWS), flash floods generally initiate within a few minutes up to less than six 

hours of an intense rainfall (Jalayer et al., 2018). Flash floods caused the highest number of 

casualties among various flood events in the United States (Ashley and Ashley, 2008; Terti et al., 

2017). The frequency of heavy precipitation has been shown to increase under the climate 

change (Villarini et al., 2011; Halmstad et al., 2013; Ma et al., 2018; Zarekarizi et al., 2018). 

Therefore, it is expected that more people will be affected by flash flooding in the future 

(Kvočka et al., 2016). The Southeast U.S. (SEUS) is known to be susceptible to flash flooding 

due to the frequent high-intensity rainfalls triggered by tropical storms, thunderstorms, and 

hurricanes (Smith and Smith 2015; Czajkowski et al. 2011; Orville and Huffines 2001). During 
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the last two decades, widespread flash flood events have caused significant economic damage in 

this region. Over the last two decades, a multitude of studies has been carried out to enhance 

flash flood forecasting ( Norbiato et al., 2008; Vincendon et al., 2011; Hardy et al., 2016; 

Vergara et al., 2016; Abbaszadeh et al., 2018; Tongal and Booij, 2018).  

Despite such progresses, the dynamics of flash flooding and its potential impacts have not 

been thoroughly understood, particularly due to the uncertainties associated with the rainfall 

forecast (Hapuarachchi et al., 2011). Therefore, it is crucial to better understand flash flood 

characteristics and identify flash flood susceptibility, in order to promote proactive flash flood 

risk management and disaster mitigation strategies. Considering the substantial impacts of flash 

floods and the fact that there is still inadequate social awareness of its regional causes and 

impacts (Lazrus et al., 2016), a comprehensive analysis of the spatiotemporal characteristics of 

flash floods over the SEUS will be beneficial. In light of this concern, chapter 1 provides an 

assessment of flash flood hazard by analyzing the frequency, duration, and intensity of flash 

flood events that happened during the 1996-2017 period across the region. The seasonal patterns 

and the spatial attributes are extracted, and the property damages caused by flash floods are also 

investigated and discussed. This study is among the first initiatives to utilize hourly gridded 

observed data as well as official records of flash flood events in order to characterize flash flood 

characteristics across the SEUS. 

Generally, risk refers to the potential losses of a particular hazard (Ahmadalipour et al. 

2019; Armenakis et al. 2017; Cardona et al. 2012), which is characterized as a function of three 

major components: hazard, vulnerability, and exposure (Adger 2006; Dang et al. 2011; 

Winsemius et al. 2013; Koks et al. 2015; Budiyono et al. 2015). Assessing flash flood risk 

components has been the subject of several studies. Recently, Ahmadalipour and Moradkhani 
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(2019) investigated the spatiotemporal characteristics of flash flooding hazard over the 

Contiguous United States (CONUS). Also, Khajehei et al. (2020) assessed the socio-economic 

vulnerability of flash flooding at the county scale across the entire CONUS while accounting for 

flash flood characteristics including duration, frequency, magnitude, and severity. Recent 

advances in Machine Learning (ML) techniques have led to significant improvements in the 

flood risk assessment (Lai et al. 2016; Wang et al. 2015). Artificial neural network, decision tree, 

logistic regression, random forest, regression tree, and support vector machine are the most 

widely used ML models for flood risk assessments (Gotham et al. 2018; Kourgialas and Karatzas 

2017; Terti et al. 2019). Although some of these works assessed the flood damage prediction, 

few attempted to predict the potential property damage of the flash flooding events. In addition, 

the majority of damage prediction studies are conducted in small-scale regional domains, 

explicitly applicable to the region of interest (Garrote et al. 2016; Scheuer et al. 2011). 

Therefore, in chapter 2, we propose a risk-based and physically informed model for near real-

time estimation of the potential property damages of flash flood events across the SEUS. Several 

influential factors including geographic, socioeconomic, and climatic features are utilized as 

input to the ML model in order to predict property damage of each flash flood event.  

The human-threatening nature of flooding and its costly impacts across the globe together 

with the high frequency of floods with an increasing trend in the United States (Alipour et al., 

2020b; Boustan et al., 2020; Mallakpour and Villarini, 2015) emphasize the necessity for further 

and deeper investigations of flood risk analysis and inundation modeling (Apollonio et al., 2021; 

Darabi et al., 2019; Mojaddadi et al., 2017). A critical step for flood risk mapping and 

management is to use hydrodynamic models (Abebe et al., 2019; Li et al., 2019; Patel et al., 

2017) . The Hydrologic Engineering Center's River Analysis System (HEC-RAS) is one of the 
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most commonly used hydrodynamic models in the United States. It offers a wide range of 

analyses including one-dimensional steady state, one and two-dimensional unsteady state 

simulations, sediment transport, and water temperature/water quality modeling. Joshi et al. 

(2019) used the HEC-RAS model to study the characteristics of sediment transported within the 

Maumee River in Ohio. Garcia et al. (2020) employed the HEC-RAS 2D model for a combined 

hydrologic and hydraulic simulation and reservoir operations in West Harris County, Texas 

during Hurricane Harvey 2017. The HEC-RAS 2D has a user-friendly environment compared to 

its one-dimensional version though computationally demanding. Due to the attractive interface of 

this model for 2D simulation of river hydrodynamics and its high capacity for supporting 

different model configurations, HEC-RAS 2D has been widely used for flood inundation 

modeling in recent years (Farid et al., 2017; Farooq et al., 2019; Moya Quiroga et al., 2016; 

Rangari et al., 2019; Surwase et al., 2019). Recently, the Linux version of HEC-RAS 2D has 

become available. This feature provides a new opportunity to run the model on a High-

Performance Computing (HPC) cluster and perform computationally intensive simulations. The 

growing attention to 2D simulation of floods with HEC-RAS 2D in the past years suggests an 

increasing demand for using this model in future studies. 

The hydrodynamic modeling is subject to different sources of uncertainties originating 

from the model structure, parameters, and boundary conditions. These uncertain components can 

significantly affect the reliability and accuracy of the model performance. Global sensitivity 

analysis (GSA) techniques are commonly used to quantify the impacts of model parameters, 

forcings, and boundary conditions on the model response and evaluate their relative importance 

(Baroni and Francke, 2020; Şalap-Ayça et al., 2021; Song et al., 2015; Wu et al., 2012).   There 

are a variety of SA approaches that focus on different characteristic properties of the underlying 
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response surfaces, which lead to differences in the assessment of sensitivity  (Borgonovo, 2007; 

Hornberger and Spear, 1981; Liu et al., 2005; Pianosi et al., 2015). Most well-established GSA 

methods rely on either an analysis of variances or an analysis of partial derivatives (Sobol’ and 

Kucherenko, 2009). Although the variance-based GSA methods have been used over a wide 

range of applications reflecting nonlinear processes and the effects of interactions among 

variables (Hall et al., 2009), they are unable to distinguish between response surfaces that have 

identical variance but different structures.  Razavi and Gupta (2016) proposed a new sensitivity 

analysis technique, named Variogram Analysis of Response Surfaces (VARS). VARS is a 

computationally efficient and statistically robust method compared to its counterparts that 

provide stable estimates even for high-dimensional response surfaces using a relatively small 

number of points sampled on the response surface (Becker, 2020; Puy et al., 2021, 2020). 

Considering the advantages of VARS and the recent HPC feature of HEC-RAS 2D, in chapter 3 

of this dissertation, we use VARS technique to evaluate the sensitivity of HEC-RAS 2D model 

outputs to channel and floodplain roughness coefficients, upstream boundary condition, 

computational mesh size, and DEM resolution across the spectrum of scales. Moreover, we 

evaluate the model run time and the accuracy of the HEC-RAS 2D based on different 

configurations of computational mesh size and time interval. 

Tropical cyclones (TCs) are among the most devastating natural disasters in the world. 

Despite the tremendous national governments' protection efforts, they still result in the loss of 

lives and properties (Karimiziarani et al., 2022; Klotzbach et al., 2018; Sebastian et al., 2017; 

Tennant and Gilmore, 2020). TCs are compound hazards, during which a combination of climate 

processes and hazards (i.e., torrential rainfall, intense winds, and abnormal surge) lead to 

significant societal impacts greater than the impacts each can produce in isolation (de Ruiter et 
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al., 2020; Leonard et al., 2014; Zscheischler et al., 2020, 2018). Although TCs cause compound 

events, the Saffir-Simpson Hurricane Wind Scale (SSHWS), the current scaling system used for 

classifying the level of hazardousness of TCs in the Atlantic, eastern and central Pacific, relies 

only on wind speed. Studies indicated that people's decision to evacuate is heavily related to the 

SSHWS category (Lazo et al., 2010; Morss and Hayden, 2010). While intensive winds 

associated with TC cause severe property damage and casualty, torrential rainfall accompanied 

by weakened wind speed causes extensive flooding (Touma et al., 2019). TCs hazard categories 

are effective risk communication tools that can help people with their disaster-related behaviors 

and actions. Therefore, using an enhanced TC scaling system that accounts for different TC 

hazard components can improve residents’ preparedness and their response decision. Therefore, 

in chapter 4, we propose a novel approach for comprehensive risk assessment of TCs based on 

the joint probability of all hazard components (i.e., rainfall severity, wind speed, and surge 

height). We gather the required information of the Atlantic and Gulf TCs from a variety of 

publicly available data sources including HURricane DATa 2nd generation (HURDAT2), the 

world’s storm SURGE DATa (SURGEDAT), phase 2 of the North American Land Data 

Assimilation System (NLDAS-2), and National Hurricane Center (NHC) report. We characterize 

the joint likelihood of TC-driven hazards using Copula functions and then define new TCs 

hazard categories considering the estimated joint exceedance probability of extreme winds, 

torrential rainfall, and surges during TC events. 

Slow moving tropical cyclones in coastal areas result in massive flooding mechanisms, 

i.e., pluvial, fluvial, coastal, and compound flooding (Alipour et al. 2022). Considering the 

substantial impacts of flooding and the increasing trend of its frequency, it is crucial to provide 

accurate and timely flood forecasts to promote flood risk management and disaster mitigation 
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strategies.  The traditional approach for the water level prediction across the channel and 

floodplain is using catchment-wide integrated hydrological and hydrodynamic 

modeling (Bacopoulos et al., 2017; Felder et al., 2017; Fleischmann et al., 2018; Li et al., 

2019). Hydrodynamic models predict water depths in each grid cell/node/cross-section for every 

time step and hence can simulate the dynamic propagation of flood waves over fluvial, coastal, 

and estuarine floodplains. ADaptive Hydraulics model (ADH) is an adaptive finite-element 

multi-dimensional hydraulic modeling program developed and maintained in the Coastal and 

Hydraulics Laboratory (CHL) of the Corps’ Engineering and Research Development Center 

(ERDC) (Gambucci, 2009). ADH has been used previously for the simulation of groundwater 

flow, internal flow, and open channel flow (Burgan & Icaga, 2019; Stockstill & Berger, 2004). 

Despite recent advances in hydrodynamic model developments, this approach requires long 

runtime which is not appropriate for real-time flood forecasting and a timely flood warning 

service. Several studies have used ML techniques to evaluate the water level at different 

locations (Bazartseren et al., 2003; Choi et al., 2020; Panyadee et al., 2017). The majority of 

these works use the values at a limited observational location for training and validating their 

models and are not able to predict the water level along the river. However, A reliable model to 

predict the changes in the water levels across a river is crucial for better planning to mitigate any 

risk associated with flooding. Hybrid hydraulic-ML approaches can be used for timely water 

level predictions. Deep learning (DL) is a subset of ML in artificial intelligence that has 

networks capable of analyzing large sets of data and finding useful patterns and 

correlations (Deng & Yu, 2013; Schmidhuber, 2015). Therefore, in chapter 5, we train DL 

models using ADH model predictions to forecast and generate probabilistic estimates of water 

surface levels at different time and locations across the rivers. 
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CHAPTER 1 ASSESSING FLASH FLOOD HAZARD AND DAMAGES IN THE 
SOUTHEAST U.S.1 

 
Abstract 

 
Flash floods are common natural hazards in the southeast U.S. (SEUS) as a consequence 

of frequent torrential rainfall caused by tropical storms, thunderstorms, and hurricanes. 

Understanding flash flood characteristics is essential for mitigating the associated risks and 

implementing proactive risk management strategies. In this study, flash flood characteristics 

including frequency, duration, and intensity are assessed in addition to their associated property 

damages. The National Oceanic and Atmospheric Administration (NOAA) Storm Events 

database, as well as hourly precipitation data of the North American Land Data Assimilation 

System project phase-2 (NLDAS-2), are utilized, and more than 14,000 flash flood events 

during 1996-2017 are analyzed. Flash flood hazard is investigated at the county, state, and 

regional levels across the SEUS. Results indicate an increasing pattern for the frequency and 

intensity of flash flooding over the SEUS. The frequency of flash flooding is found to be higher 

in spring and summer, whereas the duration and intensity of events are higher during winter and 

fall, respectively. The western parts of the SEUS are prone to more frequent and intense flash 

flooding compared to the eastern parts. Overall, our analyses suggest that flash flood hazard in 

Louisiana is higher than in other states in the SEUS. 

Keywords: Flash flood, hazard, frequency, duration, intensity 
 
 

 
1 Alipour, A., Ahmadalipour, A., & Moradkhani, H. (2020). Assessing flash flood hazard and 
damages in the southeast United States. Journal of Flood Risk Management, 13(2). 
https://doi.org/10.1111/jfr3.12605 
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Introduction  

Flash floods are among the most devastating natural hazards, which threaten human lives 

and properties in various regions of the world (Bezak et al., 2016; Miao et al., 2016). According 

to the National Weather Services (NWS), flash floods generally initiate within a few minutes up 

to less than six hours of an intense rainfall (Jalayer et al., 2018). The rapid onset of flash floods 

limits effective and timely decision-making and causes the highest number of casualties (on 

average) compared to the other types of flooding (e.g., coastal floods (storm surge) and river 

floods) (Jonkman, 2005). Flash floods caused the highest number of casualties among various 

flood events in the United States (Ashley and Ashley, 2008; Terti et al., 2017). The frequency of 

heavy precipitation has been shown to increase under the climate change (Villarini et al., 2011; 

Halmstad et al., 2013; Ma et al., 2018; Zarekarizi et al., 2018). Therefore, it is expected that 

more people will be affected by flash flooding in the future (Kvočka et al., 2016). 

More than 28,000 flash flood events have been reported across the U.S. during the years 

2007 to 2015 (Gourley et al., 2017). The most common driver of flash flooding is extensive 

rainfalls from tropical storms and thunderstorms (Smith and Smith, 2015). An indicator of the 

occurrence of thunderstorms is the cloud-to-ground (CG) lightning (Ntelekos et al., 2007; Smith 

et al., 2011). Investigation of the CG lightning over the Contiguous United States (CONUS) has 

indicated that the mean annual lightning density has the highest amount in the southeast U.S. 

(SEUS) (Orville and Huffines, 2001). The higher frequency of thunderstorms in SEUS 

compared to other regions shows that flash flooding is of paramount concern as well. In 

addition, hurricanes are often associated with widespread and torrential rainfalls, and SEUS is 

the hotspot of hurricane landfalls in the U.S. (Czajkowski et al., 2011).  
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Hence, due to the frequent occurrence of hurricanes and thunderstorms in SEUS, flash 

floods are recurrent in the region, causing substantial financial damages every year. 

Over the last two decades, a multitude of studies has been carried out to enhance the flash 

flood forecasting (Doswell et al., 1996; Reed et al., 2007; Norbiato et al., 2008; Villarini et al., 

2010; Vincendon et al., 2011; Hardy et al., 2016; Vergara et al., 2016; Yan and Moradkhani, 

2016; Abbaszadeh et al., 2018; Tongal and Booij, 2018). Despite such progresses, the dynamics 

of flash flooding and its potential impacts have not been thoroughly understood, particularly due 

to the uncertainties associated with rainfall forecast (Hapuarachchi et al., 2011). Therefore, it is 

crucial to better understand the flash flood characteristics and identify the flash flood 

susceptibility, in order to promote proactive flash flood risk management and disaster mitigation 

strategies (Hapuarachchi et al., 2011).  

Several studies have been conducted to investigate the chracteristics of flash floods over 

the globe. Spitalar et al. (2014) analyzed the onset, duration, and extent of flash flood events in 

the U.S. and reported the associated impacts, such as human injuries and fatalities. Trobec 

(2017) conducted a frequency analysis over 138 flash floods occurred between 1951 and 2015 in 

Slovenia. He investigated the seasonal distribution of these flash floods and found most of them 

happening during summer or fall. Saharia et al (2016) introduced a new index called flashiness, 

to measure flood severity over the CONUS. They proposed a model for prediction of flashiness 

for the entire CONUS using geomorphological and climatological variables. Faccini et al. 

(2018) evaluated rainfall intensities that caused flash floods over Bosagno catchment in Italy and 

observed increasing trend in short and intense rainfalls. Multiple studies have evaluated the 

connection between flash floods and rainfall spatial variability (Zoccatelli et al., 2010; 

Nikolopoulos et al., 2011). Additionally, a few studies have proposed flash flood indices to 
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characterize hazard level. For instance, Smith (2010) developed the Flash Flood Potential Index 

(FFPI) by concatenating the watershed physiographic properties including soil type, forest 

cover, land use, and terrain slope to assess flash flood prone areas for a certain rainfall. 

Schroeder et al. (2016) presented a five level post-event flash flood severity index to examine 

the physical damage associated with each flash flood. 

Considering the substantial impacts of flash floods and the fact that there is still 

inadequate social awareness of its regional causes and impacts (Lazrus et al., 2016), a 

comprehensive analysis of the spatiotemporal characteristics of flash floods over the SEUS will 

be beneficial. In light of this concern, this study provides an assessment of the flash flood hazard 

by analyzing the frequency, duration, and intensity of the flash flood events that happened 

during the 1996-2017 period across the region. The seasonal patterns and the spatial attributes 

are extracted, and the property damages caused by flash floods are also investigated and 

discussed. This study is among the first initiatives to utilize hourly gridded observed data as well 

as official records of flash flood events in order to characterize flash flood characteristics across 

the SEUS. The overarching goal of this study is to address the following objectives: Assessing 

the frequency, duration, and intensity of flash floods across the SEUS. Characterizing the spatial 

heterogeneities and the seasonal patterns attributed to flash floods at regional scales. 

Investigating the property damages associated with flash floods and evaluating the role of flash 

flood intensity and duration on those damages.  

 
Materials and Methods  

The study area comprises nine southeastern U.S. states including Alabama, Arkansas, 

Florida, Georgia, Louisiana, Mississippi, North Carolina, South Carolina, and Tennessee, 

altogether named southeast U.S. (SEUS) hereafter (see Figure 1-1). Table 1 provides a summary 
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of the study area, presenting the number of counties and flash floods in each state and their 

property damages during the 1996-2017 period. According to the National Oceanic and 

Atmospheric Administration (NOAA), the climate of SEUS varies with latitude, topography, 

and the distance from the Atlantic Ocean and Gulf of Mexico (NOAA, 2013).  The region 

consists of both coastal plains and mountainous regions including Ozarks and Appalachians. In 

general, precipitation declines to recede from the Atlantic-Gulf coast, except over the 

Appalachian Mountains. According to the 2010 Census estimation, more than 46 million people 

reside in SEUS (see Figure 1-1). The region is regularly affected by devastating flash floods, and 

more than 14,000 flash flood events have been reported in SEUS from 1996 to 2017 (see Table 

1-1). 
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Figure 1-1 The study area and the population (top) of each county in the SEUS, and the elevation 

(bottom) of the region. 
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Table 1-1 The states in the study area and their number of counties, number of flash flood events, 
and their total property damages during 1996-2017 

State No. of 
Counties 

No. of 
Flash flood events 

Property Damage 
(USD) 

Alabama 67 2,027 $1.2 B 
Arkansas 75 2,079 $348 M 
Florida 67 705 $621 M 
Georgia 159 976 $162 M 

Louisiana 64 1,450 $3.7 B 
Mississippi 82 2,004 $503 M 

North Carolina 100 2,154 $277 M  
South Carolina 46 941 $164 M 

Tennessee 95 1,981 $543 M 
Total 755 14,317 $7.5 B 

 
 

In this study, the NOAA storm events database, as well as the North American Land Data 

Assimilation System (NLDAS-2), are utilized to characterize flash floods across the SEUS from 

the period 1996 to 2017. Each data source is explicitly described in the following sections. 

 
NOAA Storm Events Database 

The NOAA storm events database reports different types of natural disasters such as flash 

flood events from 1996 to the present. Every flood event that occurs and meets the NWS criteria 

for flash flooding will be entered in NOAA storm events database (NWS, 2016). The criteria that 

determine flash floods include the following:  

§ A river rising in a few hours and flowed out of its banks that were a threat to life or 

property and needed an urgent response. 

§ A person or vehicle being swept away by the flowing water from runoff. 

§ A county or state road being closed due to high water. 

§ Six inches or more of rapid moving water flowing over a road or bridge threaten life or 

property. 
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§ Three feet or more of ponded water threatening life or property. 

§  Any amount of runoff flowing into or causing damage to an above-ground residence or 

building. 

The NOAA storm events database provides a comprehensive description about each 

event, for instance, the beginning and termination date and time, location, the associated injuries 

and fertilities, amount of damage to properties and crops, and event narrative. The National 

Weather Service of NOAA acquires these data from a variety of sources including trained 

spotters, county, state and federal emergency management officials, local law enforcement 

officials, damage surveys, newspaper clipping services, the insurance industry, and the general 

public. The associated damages of each event are presented in U.S. dollar values and they are 

retrieved from various sources including the U.S. Army Corps of Engineers, U.S. Geological 

Survey, utility companies, and newspaper articles. The presented time for the beginning of each 

flash flood is the local time that the event was observed, and it is not the time that a flash flood 

warning was issued. On the other hand, the reported ending of flash flood determines the time 

when the water diminishes and does not threaten lives and properties (NWS, 2016). The NOAA 

storm events database is among the most comprehensive flash flood records that is available at a 

large scale for a relatively long period, and it has been used in various studies for analyzing 

casualties and fatalities associated with extreme events (Ashley and Ashley, 2008; Sharif et al., 

2015; Shah et al., 2017).  

In this study, we have utilized the NOAA storm events database to assess the frequency, 

duration, and property damage of flash floods. The data is event-based, and they are extracted for 

each county and state, in order to investigate the regional and state-wise spatiotemporal patterns. 
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NLDAS-2 

The intensity of flash floods is of crucial importance besides their frequency and duration. 

However, the NOAA storm events database does not provide information about the intensity of 

flash flood events. Therefore, in order to assess the intensity of flash floods, we investigate the 

precipitation that occurred during each event (i.e., corresponding to the affected region during the 

event time) as the driving force of flash flooding. To this end, hourly precipitation data is 

acquired from phase 2 of the North American Land Data Assimilation System (NLDAS-2) at 

1/8° (about 12km) spatial resolution (Xia et al., 2012). The hourly NLDAS-2 precipitation data 

are generated from different data sources including daily gauge observations of the National 

Center for Environmental Prediction Climate Prediction Center with monthly Parameter-

elevation Regressions on Independent Slopes Model adjustments, hourly National Weather 

Service Doppler stage II radar-based precipitation, half-hourly NOAA CPC Morphing Technique 

data, and 3-hourly North American Regional Reanalysis (NARR) precipitation data. Since flash 

floods generally occur in small catchments at usually less than 1000km2 (Villarini et al., 2010; 

Llasat et al., 2016), the hourly NLDAS-2 precipitation is upscaled to 0.3° grid cell (using bilinear 

interpolation), so that each grid cell corresponds to an area of about 1000km2. Although some 

studies used catchment area in their flash flood analyses, in this study we use a 0.3 grid size 

(almost 1000 km2) for consistency and simplicity, since we are evaluating more than 14000 

events, many of which were pluvial events that happened in smaller parts of a basin and not 

necessarily at the outlet. Then, the location, start time, and duration of each flash flood event 

(acquired from NOAA storm events database) are utilized to extract the mean and accumulative 

precipitation that caused each event using the upscaled NLDAS-2 data.  
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Results and Discussion 

Frequency of Flash Floods 

The frequency of flash flooding has been the subject of many studies (Ballesteros-

Cánovas et al., 2015; Papagiannaki et al., 2015). The number of flash flood events reported in the 

NOAA storm events database is extracted for each county during the 1996 to 2017 period, and 

the results are shown in Figure 1-2a. The total number of flash flood events, the number of flash 

flood events that caused property damage, and the ratio of these two during 1996–2017 are 

shown in Figure 1-2a, 1-2b, and 1-2c, respectively. The total number of flash floods (Figure 1-

2a) indicates that flash flood frequency is higher in western counties of SEUS, whereas Georgia 

and Florida have the least number of events. The counties that indicate the largest number of 

flash flooding are two of the South Carolina counties, Charleston, and Richland with 217 and 

152 events, respectively, both of which are located in eastern parts of the state. The markedly 

high number of flash flooding in these counties is mainly caused by torrential precipitation in 

short durations, which is aggravated by relatively old drainage system and flat topography of 

these counties (Risk Nexus, 2015; Morsy et al., 2016).  

Focusing on Figure 1-2b, the number of damaging flash floods are higher in the western 

counties compared with the eastern regions. It is also noticed that flash flood events in most of 

the North Carolina counties did not trigger considerable property damage. Richland County in 

South Carolina and Hinds County in Mississippi experienced the highest number of damaging 

flash flood events with 130 and 103 damaging flash floods, respectively. In general, damaging 

flash floods have been mostly observed in western Mississippi, Louisiana, and Arkansas. 

Figure 1-2c shows the ratio of flash floods that caused property damage during 1996-

2017. Although the frequency of flash floods in Georgia and Florida is relatively low, yet most 
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of the events were destructive, implying that these states are more vulnerable to flash flooding. 

Vulnerability of a system is defined as the level of its susceptibility to harm from exposure to 

hazard (Ahmadalipour and Moradkhani, 2018). The counties with high vulnerability to flash 

flooding have generally experienced higher damage (Koks et al., 2015). In that sense, 

Mississippi, South Carolina, and Louisiana are identified to be susceptible to flash flooding, 

whereas most of the counties in North Carolina indicate low damaging ratio.  

 
 

 
Figure 1-2 (a) Frequency of all flash flood events during 1996 to 2017, (b) the number of 

damaging events for the same period, and (c) the ratio (percentage) of flash floods that caused 
property damage during 1996-2017. 

 

Figure 1-3 represents the timeseries of the total (subplots a-e) and damaging (subplots f-j) 

flash floods that occurred each year during 1996-2017. The results are shown for annual (a and f) 

and seasonal timescales. As it can be seen from Figures 1-3a and 1-3f, the total, as well as the 

damaging flash floods, indicate an increasing pattern for the annual timescale. The Mann-

Kendall test shows the existence of a trend for both total and damaging flash floods with a 

significance level of 0.05 (P-values of 0.0278 and 0.0131, respectively). The minimum number 

of flash flood events across the SEUS was in 2007, which was the year associated with 

widespread severe drought across the region according to the U.S. Drought Monitoring (USDM) 
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(Svoboda et al., 2002). On the contrary, the maximum number of flash flood events in SEUS 

happened in 2009. This is in agreement with the NWS report which indicated that thunderstorms 

brought extensive rainfall, leading to numerous flash floods during 2009 (NOAA, 2009a, 2009b). 

Figure 1-3 indicates that the fall of 2015 had the highest number of flash floods, especially in 

South Carolina. Several hydro-meteorological factors, such as the deep tropical moisture of 

hurricane Joaquin, produced intense rainfall over South Carolina during fall 2015. Only in the 

first week of October 2015, some parts of South Carolina experience 20 inches of rainfall 

(Mizzell et al., 2016). Later in February and March 2016, Mississippi experienced severe storms 

with tornadoes and thunderstorms, causing record flash flooding across the state (Breaker et al., 

2016). 
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Figure 1-3 Timeseries of the number of flash floods for each state in SEUS. (a-e) indicate the 
total number of flash flood events and (f-j) show the number of damaging events per year.  

Subplots (a) and (f) correspond to the annual timescale, and the other subplots present the results 
for each season. 

The seasonal pattern of flash flood frequency (during the 1996-2017 period) was 

evaluated across the SEUS and each state, and the results are presented in Figure 1-4. Figure 1-

4a and 1-4b indicate the proportion and distribution of the number of annual flash flood events 

in each season, respectively. As shown in Figure 1-4a, the majority of flash flood events over the 
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SEUS occurred during summer and spring. In the western parts of SEUS (e.g., Arkansas and 

Louisiana), the primary season of flash flooding is spring; however, moving toward the eastern 

regions (the Carolinas, Florida, and Georgia), most of the flash flooding occurs in summer. The 

number of flash flooding in Louisans, Mississippi, Tennessee, and Alabama during winter is 

also considerable. In general, SEUS flash floods are found to be infrequent during fall. Although 

Figure 1-4a implies that in South Carolina, flash floods are more frequent in fall than spring, 

according to Figures 1-3 and 1-4b, such a pattern is considerably affected by the 2015 severe 

storms which is found an outlier (Figure 1-4b). Considering the seasonal distribution of flash 

flood events (Figure 1-4b), summer is still the major flash flooding season in South Carolina. 

 
Figure 1-4 (a) Pie charts showing the proportion of flash flood events in each season across the 

SEUS and each state, and (b) boxplots presenting the distribution of number of annual flash 
flood events in each season during 1996 to 2017. 
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Duration of Flash Floods 

The duration of flood events is one of the most important flood characteristics that affects 

the associated damages (Karagiorgos et al., 2016; Marchi et al., 2016). In this study, flash flood 

duration is calculated considering the initiation and termination date and time of each event 

reported in the NOAA storm events database. The flash flood onset is observed when flood 

meets the criteria explained earlier, and the termination is when these criteria no longer apply. 

Flash flood duration is extracted for each of the 14,317 events across the SEUS, and Figure 1-5 

shows the spatial distribution of mean duration of events occurred in each county during 1996 to 

2017 at annual and seasonal timescales. In general, the mean duration of flash floods are higher 

in Louisiana and Florida, despite the fact that Florida did not experience frequent flash flooding 

(Figure 1-2a).  

Overall, most parts of the SEUS experienced short duration flash floods during spring, 

and southern costal parts received prolonged flash floods in summer.  

Several prolonged and extreme rainfall events have occurred during the past two decades 

across the SEUS. The counties that are shown in yellow color in Figure 1-5 correspond to some 

of these extreme events with high duration (more than two days) and we describe some of the 

attributes of such events for further clarification. During March 1998, torrential rainfalls caused 

flooding across the Pasco County in Florida. This event devastated more than 100 homes and 

infrastructures and caused 1.5 million dollars damage. Recently, Louisiana was extremely 

affected by two intense flash floods in 2016 (Watson et al., 2017). During March 2016, several 

severe thunderstorms caused widespread rainfall across northern Louisiana and southern 

Arkansas (Breaker et al., 2016). According to the NOAA storm events database, extensive flash 

flooding occurred across the northern half of the state due to the heavy rainfalls. Consequently, 
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several roads and bridges were washed out. Citizens of north Louisiana had to evacuate their 

houses and accommodate in shelters provided by the Red Cross and local churches. Emergency 

management community announced it as an unprecedented devastating flood. Later in the same 

year, during August 2016, extensive thunderstorm and showers occurred in southern Louisiana 

and Mississippi, which resulted in heavy rainfall across the region, and caused 20 to 30 inches of 

precipitation happening in only 48 hours in St. Helena county (Van Der Wiel et al., 2017). The 

heavy rainfall led to catastrophic flash flooding and record river flooding. 10 billion dollars of 

damage was reported over southern Louisiana and southern Mississippi, in addition to the death 

of 12 people.  

 

 
Figure 1-5 The annual and seasonal mean duration of flash flood events during 1996 to 2017. 

 

The time series of the total and mean duration of flash floods during 1996-2017 are 

displayed in Figure 1-6 for each state and the SEUS. This figure also shows the seasonal mean 

duration of flash floods across the region over this period. From Figure 1-6a, during 1999, the 
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total duration of flash floods in North Carolina was markedly high due to heavy rainfalls 

associated with hurricanes Floyd, Dennis, and Irene (Bales et al., 2000; Atallah and Bosart, 

2003). In 2009, numerous flash floods occurred across the state of Arkansas (NOAA, 2009a), 

and the high number of flash flood events during this year led to prolonged total duration of flash 

flooding in Arkansas, as seen in Figure 1-6a. In Figure 1-6b, the severe 2016 Louisiana flash 

flooding shows its impact on the state mean duration in this year. In the states of Florida and 

South Carolina, a decreasing trend in mean duration of events can be observed (Mann Kendal 

trend test with 0.0016 and 0.0321 P-values, respectively) (Figure 1-6b). 

Figure 1-6c indicates that the total (shown in blue) and mean (shown in red) duration of 

flash floods over the SEUS reached its lowest value in 2007, due to the widespread droughts that 

affected the majority of SEUS in that year (Li et al., 2008). Similarly, the total and mean 

duration of flash floods in 2000 indicate the least values as a consequent of protracted drought in 

that year (Barber and Stamey, 2000). The 2016 Louisiana flooding substantially increased the 

total and mean duration of flash flood in the region.  

Figure 1-6d indicates that the mean duration of flash flood events are higher in fall and 

winter over the SEUS. Generally, the SEUS flash flood events have the lowest duration in spring 

compared to other seasons. In the western states (i.e., Arkansas, Louisiana, Mississippi, and 

Tennessee), the mean duration of flash floods is higher in winter, whereas in the eastern states, 

mean duration of flash flooding is higher during fall. Overall, the mean duration of flash 

flooding in Mississippi and South Carolina is lower than that of other states.  



33  

 
Figure 1-6 Timeseries of (a) the total and (b) mean duration of flash flood events in each year 
across the states, (c) the total and mean duration of flash flood events across the SEUS and (d) 
seasonal mean duration of flash floods across each state and the SEUS during 1996 to 2017. 

 
 

The Intensity of Flash Floods 

Since a flash flood occurs within six hours after the causative rainfall starts, we defined 

the intensity of a flash flood as the average precipitation that a region receives from six hours 

before the flash flood’s onset until the event’s termination. Similarly, the severity of the event is 

defined as the total precipitation in the same timeframe. The role of rainfall intensity on flash 

flood events has been investigated in several studies (Saulnier and Le Lay, 2009; Varikoden et 

al., 2011). The intensity of flash floods is therefore extracted from the NLDAS-2 data separately 

for each of the 14,317 events. In addition, the severity of flash floods is also assessed by 

analyzing the total precipitation that occurred corresponding to each event. Figure 1-7 shows the 

long-term average intensity (a) and severity (b) of flash floods that occurred in each county at 
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annual and seasonal time scales. Overall, the intensity and severity of events are higher in 

western regions. Louisiana and most of the counties near the Gulf of Mexico generally 

experience higher severity of flash floods, whereas Tennessee and Georgia are mostly identified 

by lower intensities and severities.  

Several counties in North Carolina and Louisiana indicate exceptionally high values of 

flash flood intensity and severity, thus some of these events are described here for further 

clarification. In October 2016, Hurricane Matthew made 8 to 15 inches of torrential rainfall over 

the central and eastern parts of North Carolina and caused several catastrophic flash floods, 

resulting in numerous washed-out roads and the death of 14 people (Musser et al., 2017). The 

approximate property and crop damage of these flood events were more than $800 million. In 

addition to Hurricane Matthew, in August 2011, the heavy rainfall associated with Hurricane 

Irene promoted flash flooding across eleven counties in North Carolina including Hyde and 

Tyrrell counties (Williams, 2015). The state of Louisiana has also experienced frequent and 

severe flash floods. Apart from the previously mentioned 2016 flash flood events in Louisiana 

(Section 3.2), Hurricane Harvey (on August 2017) produced heavy rainfalls across the state of 

Louisiana, with extreme rainfall records up to 30 inches in the southwest counties such as 

Calcasieu (Van-Olderborgh et al., 2017). This resulted in devastating flash flooding and 

consequently 1,572 damaged properties in that county. 
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Figure 1-7 The long-term average (a) intensity and (b) severity of flash flood events during 1996 

to 2017. Intensity is calculated using the average precipitation during the effective flash flood 
period, and severity corresponds to the total precipitation that falls during a flash flood event. 

 

The seasonal and temporal variations of flash floods intensity and severity are 

investigated across the SEUS (Figure 1-8). Figure 1-8a shows the annual average intensity and 

severity of SEUS flash floods for each year, and Figures 1-8b displays their seasonal distribution. 

Overall, an increasing pattern is observed for the intensity of flash floods during the 1996-2017 
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period (Figure 1-8a). The minimum severity and intensity of flash floods happened in 2007, 

which corresponds to the year that widespread drought affected the region. According to Figure 

1-8b, the severity and the intensity of flash floods in the SEUS are higher in fall. Winter flash 

floods are also associated with relatively high intensity and severity. A possible explanation is 

that during fall and winter, the SEUS is highly affected by frontal systems, which can cause flash 

flooding (Ingram et al., 2013).  

 
Figure 1-8 (a) Timeseries of the spatially averaged intensity and severity of flash flood events in 
each year across the SEUS, and (b) the distribution of flash flood severity and intensity for each 

season from 1996 to 2017 across the SEUS. 

  
Property Damage of Flash Floods 

An approximation of property damage associated with each flash flood event is reported 

in the NOAA storm events database, and the reported data have been utilized here to assess the 

property damages caused by flash flooding. Figure 1-9 shows the mean (a) and total (b) property 

damages caused by flash floods in each county of SEUS from 1996 to 2017 for annual and 

seasonal timescales. Considering the mean damages at an annual timescale (Figure 1-9a), the 

average flash flood damage is found to be higher in southern Florida and Louisiana. Moreover, 

the total reported annual damage (Figure 1-9f) indicates that the majority of SEUS counties were 

substantially damaged by flash flood events, especially in western parts. 
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The total property damage of flash flooding during 1996-2017 (Figure 1-9f) reaches 

above half a billion dollars in several counties. In 1999, Hurricane Irene prompted flash floods 

that caused millions of dollars of damage in several counties of Florida (Agusti-Panareda et al., 

2004). Later, on May 2003, about 5 to 8 inches of rain occurred in just one hour in the Jefferson 

County, AL–the most populated county in Alabama–which caused significant flooding across 

this county. Several bridges and roads along with other infrastructure were damaged, resulting 

more than a billion dollars damage. Similarly in South Carolina, flash floods during the fall 2015 

resulted in more than $100 million of property damage (Feaster et al., 2015). In addition, 

Louisiana counties experienced many catastrophic flash flood events especially in 2016. For 

instance, only the 2016 flash flooding in Livingston county caused $576 million property 

damage (Wang et al., 2016).   
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Figure 1-9 (a) The mean and (b) total (property damage caused by flash flood events during 1996 
to 2017. 

  

Figure 1-10 shows the total (a) and mean (b) seasonal property damage over each state as 

well as the entire SEUS. Focusing on the SEUS (the last columns), the property damage is found 

substantially higher in spring and summer (in both plots a and b). The total and mean damage 
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during summer and spring are higher than other seasons, which can be a result of high number 

of flash flood events in these seasons. The August 2016 Louisiana flash flooding has resulted in 

considerably high damage in summer. In addition, severe property damages caused by the 2003 

spring flash flooding over the Jefferson County in Alabama has had remarkable impact on the 

spring property damage shown in Figure 1-10. According to the result for the mean damage (b), 

flash floods in Florida are associated with significant damages. Meanwhile, frequency analyses 

(Figures 1-2a and 1-4b) indicated that flash floods are not common in Florida. Thus, although 

infrequent, flash flooding in Florida can be devastating.  

 

Figure 1-10  (a) The total and (b) mean property damage of flash floods at seasonal scale across 
each state and the SEUS during 1996 to 2017. 

 

Having quantified the flash flood frequency, duration, intensity, and damage, flash flood 

hazard is investigated considering the aforementioned characteristics, and the results are 

reported in Figure 1-11. The size, position, and color of marker in Figure 1-11 illustrate the 

frequency, mean duration, mean intensity, and mean damage among the counties of each state in 
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SEUS during 1996 to 2017, respectively. The error bars indicate the variance (one standard 

deviation) of duration and intensity, plotted along the corresponding axes among the counties of 

each state. Figure 1-11 shows that flash flood hazard in Louisiana (having high values for all 

characteristics) is higher than other states in the SEUS. In other words, the states that had lower 

flash flood duration and intensity, received less property damage. For instance, the duration and 

intensity of flash floods in Florida were relatively high, and flash floods in Florida are usually 

associated with higher damage (on average). In addition, Alabama and Arkansas experienced the 

highest number of flash flooding (i.e., they have the largest marker size), whereas flash floods in 

Georgia were infrequent (i.e. smallest marker size). On the contrary, flash floods in most of the 

South Carolina counties were associated with least duration and intensity values.  

 
Figure 1-11 Composite plot of flash flood characteristics, viz., intensity, duration, frequency, 

and property damage across SEUS states. The marker size, x and y axes, and marker color 
represent the mean frequency, mean duration, mean intensity, and the mean property damage of 
flash floods per event, respectively. The error bars indicate the variation (one standard deviation) 

of duration and intensity (plotted along the corresponding axes) among the counties of each 
state. 
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The monetary damage caused by flash flooding in the SEUS has increased (see 

Supplementary Figure 1-S1). This may be due to the rise in the intensity, severity, or frequency 

of flash floods. Liu et al. (2015) found a positive correlation between the frequency and intensity 

of flash flooding with the amount of damage they cause. The increase in the frequency and 

intensity of flooding can be due to increasing extreme precipitation, which is partly a 

consequence of climate change (Trenberth, 2011; Berg and Hall, 2015; Xi et al., 2018). In 

addition to climate change, land-use alteration may highly affect the frequency of flash flooding 

(Wagner, 2007). Urbanization, cultivation, and deforestation can aggravate flood impacts, and 

may result in more intense flooding (Rogger et al., 2017; Akter et al., 2018; Kong et al., 2018). 

 

Summary and Conclusion 

This study employed an exploratory data analysis to enhance our knowledge of the 

patterns, seasonality, regional characteristics, and the trends of primary flash flood 

characteristics, namely intensity, severity, duration, and property damages. We assessed over 

14,000 reported flash flood events in the region and extracted the details of their associated 

causing rainfall, which helped us determine the attributes of each flash flood event in the 1996-

2017 period, and thus yield to accurate and reliable characterization of the regional 

spatiotemporal patterns. Notably, the hazardous regions and their seasonality are identified. 

Additionally, the property damage of each region is extracted, and the role of each flood 

characteristic is investigated. Follow-up studies can develop geospatial models to estimate the 

property damage of upcoming events for any part of the study area considering the rainfall 

forecast and regional domain attributes. In addition, the damaging ratio (number of damaging 

events / total number of events) depends on various components of vulnerability, hazard, 



42  

exposure, and geographical attributes of the region. Quantifying these underlying components 

and determining their impacts requires thorough investigation of all possible affecting factors 

(such as the land use, drainage system, sensitivity, disaster response, adaptive capacity, 

exposure, critical infrastructure, and more), which is subject to further investigation.  

The main findings of this study are summarized as follows: 

• The frequency of flash floods has increased across the SEUS during the 1996-2017 period. 

In general, frequency of flash floods is higher in the summer and spring.  The primary 

season of flash flooding for western regions is spring, whereas in the eastern states (the 

Carolinas, Florida, and Georgia), summer is the dominant flash flooding season. 

• Flash flood events across the SEUS are associated with higher duration in winter and fall. 

Most parts of the SEUS experience short duration flash floods during spring. Overall, the 

mean duration of flash floods is higher in Louisiana and Florida. 

• The intensity of flash floods in SEUS have increased during the 1996-2017 period. The flash 

floods happened in fall were usually more severe and more intense compared with the other 

seasons. In general, the intensity and severity of events are higher in western parts of SEUS. 

Louisiana and most of the counties that are located close to the Gulf of Mexico are generally 

associated with more severe flash floods.  

• Flash floods have caused substantial damage in the majority of counties over the SEUS. In 

general, the average flash flood damage is higher in southern Florida and Louisiana. In 

particular, flash flood events in Florida are infrequent but devastating. Spring and summer 

are associated with the highest property damage caused by flash flooding across the SEUS. 

• The property damages are proportional to flash flood intensity and duration. Flash flood 

hazard in Louisiana is found to be higher than other states in the SEUS. In contrast, the 
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majority of South Carolina counties experienced low flash flood duration and intensity 

indicating less hazard compared to the other states in the SEUS. 
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CHAPTER 2 LEVERAGING MACHINE LEARNING FOR PREDICTING FLASH FLOOD 
DAMAGES IN THE SOUTHEAST US2 

 
Abstract 

 
Flash flood is a recurrent natural hazard with substantial impacts in the Southeast U.S. 

(SEUS) due to the frequent torrential rainfalls that occur in the region, which are triggered by 

tropical storms, thunderstorms, and hurricanes. Flash floods are costly natural hazards, primarily 

due to their rapid onset. Therefore, predicting property damages of flash floods is imperative for 

proactive disaster management. Here, we present a systematic framework that considers a variety 

of features explaining different components of risk (i.e., hazard, vulnerability, and exposure), and 

examine multiple Machine Learning (ML) methods to predict flash flood damages. A large 

database of flash flood events consisting of more than 14,000 events are assessed for training and 

testing the methodology, while a multitude of data sources are utilized to acquire reliable 

information related to each event. A variable selection approach was employed to alleviate the 

complexity of the dataset and facilitate the model development process. The Random Forest (RF) 

method was then used to map the identified input covariates to a target variable (i.e., property 

damage). The RF model was implemented in two modes: first, as a binary classifier to estimate if 

a region of interest was damaged in any particular flood event, and then as a regression model to 

predict the amount of property damage associated with each event. The results indicate that the 

proposed approach is successful not only for classifying damaging events (with an accuracy of 

 
2 Alipour, A., Ahmadalipour, A., Abbaszadeh, P., & Moradkhani, H. (2020). Leveraging 
machine learning for predicting flash flood damage in the Southeast US. Environmental 
Research Letters, 15(2). https://doi.org/10.1088/1748-9326/ab6edd 
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81%), but also for predicting flash flood damage with a good agreement with the observed 

property damages. This study is among the few efforts for predicting flash flood damages across 

a large domain using mesoscale input variables, and the findings demonstrate the effectiveness of 

the proposed methodology.  

Keywords: Flash flood, risk, flood damage, machine learning  

 
Introduction  

The Southeast U.S. (SEUS) is known to be susceptible to flash flooding due to the 

frequent high-intensity rainfalls triggered by tropical storms, thunderstorms, and hurricanes 

(Smith and Smith 2015; Czajkowski et al. 2011; Orville and Huffines 2001). During the last two 

decades, widespread flash flood events have caused significant economic damage in this region. 

Recent studies have shown that the frequency of flash flooding is increasing in the SEUS 

(Alipour et al. 2020). Therefore, predicting property damages of flash floods is crucial for 

attaining proactive disaster management in this region. 

Generally, risk refers to the potential losses of a particular hazard (Ahmadalipour et al. 

2019; Armenakis et al. 2017; Cardona et al. 2012), which is characterized as a function of three 

major components: hazard, vulnerability, and exposure (Adger 2006; Dang et al. 2011; 

Winsemius et al. 2013; Koks et al. 2015; Budiyono et al. 2015). Assessing flash flood risk 

components has been the subject of several studies. Recently, Ahmadalipour and Moradkhani 

(2019) investigated the spatiotemporal characteristics of flash flooding hazards over the 

Contiguous United States (CONUS). Also, Khajehei et al. (2020) assessed the socio-economic 

vulnerability of flash flooding at the county scale across the entire CONUS while accounting for 

flash flood characteristics including duration, frequency, magnitude, and severity.   
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The conventional approaches for modeling flood risk are mostly dependent on the flood 

water depth to estimate the associated damage (Aerts J.C. et al. 2014; Velasco et al. 2014). 

Several recent studies have shown that considering multi variate data will improve the damage 

estimates (Wagenaar et al. 2017).  Therefore, over the past few years, several studies evaluated 

flood risk in various regions of the globe (van Berchum et al. 2018; Arnell and Gosling 2016; de 

Moel et al. 2015) using a multitude of variables representing hazard, vulnerability, and exposure.  

Recent advances in Machine Learning (ML) techniques have led to significant 

improvements in flood risk assessment (Lai et al. 2016; Wang et al. 2015). Artificial neural 

network, decision tree, logistic regression, random forest, regression tree, support vector machine 

are the most widely used ML models for flood risk assessments (Gotham et al. 2018; Kourgialas 

and Karatzas 2017; Mojaddadi et al. 2017; Nafari and Ngo, 2018; Shafapour Tehrany et al. 2019; 

Terti et al. 2019). Table 1S lists all of the factors used in these studies. Although some of these 

works assessed the flood damage prediction, few attempted to predict the potential property 

damage of the flash flooding events. In addition, the majority of damage prediction studies are 

conducted at small-scale regional domains, explicitly applicable to the region of interest (Garrote 

et al. 2016; Scheuer et al. 2011).  

Therefore, in this study, we propose a risk-based and physically informed model for near 

real-time estimation of the potential property damages of flash flood events across the SEUS. 

Several influential factors including geographic, socioeconomic, and climatic features are 

utilized as input to the ML model in order to predict property damage of each flash flood event. 

This study also presents a unique model input structure/topology by which the ML model 

produces improved results and would be a universal approach to predict potential property 

damage in any region of interest. The model was trained and tested based on a large database 
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consisting of more than 14,000 flash flood events during 1996-2017. In this study, the 

overarching research objective is to develop a risk-informed mesoscale flash flood damage 

prediction model across the SEUS that assist decision makers and insurance companies dealing 

with flood risk assessment. 

 
Study Area and Data 

In this study, several data sources have been utilized to acquire information for flash 

flood events as well as physical and geographical characteristics across the SEUS from 1996 to 

2017. Each dataset and its characteristics are thoroughly explained in the following sections. 

 
Study Area 

The study area encompasses nine southeastern U.S. states (referred to as SEUS in this 

study) including Alabama, Arkansas, Florida, Georgia, Louisiana, Mississippi, North Carolina, 

South Carolina, and Tennessee. The climate of this region varies with latitude, topography, and 

proximity to the Atlantic Ocean and Gulf of Mexico (Ingram et al. 2013). The high-pressure 

system, known as Bermuda High, commonly draws moisture from the Atlantic Ocean and the 

Gulf of Mexico and causes warm and humid summer in the SEUS along with frequent 

thunderstorms (Zhu and Liang 2013). Based on the 2017 U.S. census estimation, over 61 million 

people reside in the 755 counties of the SEUS. A large number of flash flood events have 

impacted the SEUS in the past couple of decades and imposed billions of dollars in damage to 

the SEUS residents. 
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NOAA Storm Events Database 

The National Oceanic and Atmospheric Administration (NOAA) Storm Events database 

is a comprehensive repository that provides information for different types of natural disasters, 

such as flash flooding across the U.S. from 1996 to the present. This information includes the 

beginning and termination date and time, location, the associated injuries and fertilities, amount 

of damage to properties and crops, and event narrative (Ashley and Ashley 2008; Sharif et al. 

2015; Konisky et al. 2016; Hamidi et al. 2017; Shah et al. 2017).  In this study, we have used the 

NOAA storm events database to obtain the information for 14,317 flash flood events including 

the onset time, duration, date, location, and property damages from 1996 to 2017.  

 

 NLDAS-2 Hourly Precipitation 

The precipitation data from Phase 2 of the North American Land Data Assimilation 

System (NLDAS-2) are available at 1/8th-degree spatial resolution (about 12km) and hourly 

temporal resolution during the period of January 1979 to the present (Xia et al. 2012). The hourly 

NLDAS-2 precipitation data is generated from different in situ and remote sensing data sources 

(Yu et al. 2017).  

Since flash floods generally occur in small catchments at usually less than 1000 km2  

(Villarini et al. 2010; Llasat et al. 2016), the hourly NLDAS-2 precipitation data is upscaled to 

0.3 grid cell (using bilinear interpolation) so as to represent an approximate inundated area of 

1000 km2. Then, the location, start time, and duration of each flash flood event (acquired from 

the NOAA storm events database) are utilized to extract the mean and cumulative precipitation 

during each flash flood event using the NLDAS-2 data.  
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The mean and the cumulative precipitation represent the intensity and severity of flash 

flood events, respectively, both of which are important characteristics for identifying flash flood 

hazards. 

 

GTOPO30 Topography Data 

GTOPO30 has a 1-km spatial resolution and it has been used in many studies for the 

estimation of multiple topographical indices (Durand et al. 2019; Marlier et al. 2015; Folk et al. 

2018; Abbaszadeh et al. 2019b). In this study, we used GTOPO30 to derive several topographic 

factors including altitude, slope, flow accumulation, and TRI at different spatial resolutions (i.e., 

1, 3, and 30 kilometers) corresponding to each flash flood event. 

 

Zillow Database 

Zillow real estate provides an index known as the Zillow Home Value Index (ZHVI) 

which is the median home value in a specific geographic region and housing type from 1996 to 

the present. Several studies have utilized this product for the risk analysis (Watson et al. 2016; 

Miller 2018; Morckel 2017). In this study, we used ZHIVI to evaluate the median home value for 

all homes in each county from 1996 to 2017. The median home value is an indicator of flash 

flood exposure. The Zillow dataset does not include information for all counties in all years, so 

we used machine learning to predict the missing values, which is explained in section 3.1 in 

more detail.      
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U.S. Census Bureau Database 

The U.S. Census Bureau aims to provide accurate data of the people, the economy of the 

nation, and the geographic information of the country including the boundaries map of the state, 

county, place, and census tracts through questionnaires every 10 years. Here, we have extracted 

the population of SEUS counties from this dataset to analyze the flash flood exposure. We also 

derived the area of each county from the SEUS counties shapefile to estimate the population 

density as another indicator of flash flood exposure. 

 

The Centers for Disease Control and Prevention’s Social Vulnerability Index 

The Centers for Disease Control and Prevention’s (CDC) Social Vulnerability Index 

(SVI) is based on 15 social factors that consider unemployment, minority status, and disability. 

These factors are divided into four themes namely socioeconomic status, household composition 

and disability, minority status and language, and housing and transportation (Cimellaro et al. 

2016). The SVI values are available for the years 2000, 2010, 2014, and 2016. Since this data is 

not available for all the years from 1996 to 2017, for simplicity, accuracy, and consistency we 

used the 2016 SVI at the county level to evaluate flash flood vulnerability to flash flood events. 

 

Methodology 

This study proposes a risk-based model for flash flood damage prediction over the SEUS, 

a valuable tool for decision makers and insurance companies. The framework of the proposed 

approach is presented in Figure 2-1. 
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Figure 2-1 Schematic representation of the proposed framework for flash flood damage 
prediction. In the figure, ANN (MLP) stands for Artificial Neural Network (Multilayer 

Perceptron), and RF is Random Forest. 
 

Filling the Gaps in Zillow Dataset 

One of the variables used in this study is the median home value that explains the flash 

flood exposure. We utilized Zillow dataset to extract this information for each flash flood event 

from 1996 to 2017 over the SEUS. Unfortunately, the median home value is not available for all 

counties and all years in the study period. To cope with this shortcoming, we utilized Artificial 

Neural Network (ANN) to predict the missing median home values. ANN models are suitable for 

modeling a wide variety of nonlinear problems by extrapolating the relationships between a set 

of inputs and the output without taking any prior assumption nor any knowledge of the 
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underlying physics of the process (ASCE Task Committee 2000a; ASCE Task Committee 

2000b; Mitra et al. 2016; Asadi et al. 2013). There are several versions of ANNs that could be 

adopted to find missing home values. Our appraisal analysis suggests that a simple ANN-MLP 

structure suffices to properly estimate the missing home values in this study. A typical ANN-

MLP structure consists of three layers including an input layer, a hidden layer that involves 

neurons, and an output layer. ANN model with a large dimension that includes irrelevant inputs, 

behave poorly (Bowden et al., 2005a; Bowden et al., 2005b; Wu et al., 2014).  In this study, our 

input variables only include the centroid latitude and longitude of the counties, the year, and the 

corresponding population of the county, while the output layer is the median home value of each 

specific year and county. A number of neurons in the hidden layer have been selected by a trial-

and-error approach. Out of 16610 samples (755 counties in the SEUS during the 1996-2017 

period: 755×22), 9853 cases were available in the Zillow dataset and the remaining median home 

value data (16610 – 9853 = 6757 cases) were missing.  

 There are several methods for splitting the data into different subsets for training, 

validation, and testing the model (Bowden et al. 2002; Wu et al. 2013). Here, we randomly 

separated the 9853 data into three groups: training (70% of data), to train and calibrate the ANN 

model, validation (15% of data), to validate the trained model and avoid the potential of model 

overfitting, and testing (15% of data), to verify the performance of the trained model. It is 

important to note that random separation of data sets assures the generalizability of the trained 

model. We normalized the input variables and trained the ANN-MLP model using the training 

dataset. Validation is an important part of modeling (Humphrey et al.). Here, we used validation 

data for early stopping during the model development process. The trained model was verified 

using the testing dataset as shown in Figure 2-2. The result shows a high correlation between the 
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model output and the actual values of median home value reported by Zillow. Therefore, the 

trained model was used to estimate the missing median home values in the Zillow dataset.  

 

Figure 2-2 Verification result for the ANN-MLP model for the testing period that is used to fill 
out the missing values of the median home values of the Zillow dataset; R= correlation 

coefficient. 
 

Variable Selection 

Variable selection is a common procedure for model development in artificial 

intelligence. It helps remove the redundant predictors that add noise to the major estimators and 

saves computation time. Additionally, it prevents the potential overfitting of the model. Figure 2-

3 illustrates the variable selection process, and the final selected features are shown in red, 

yellow, blue, and grey that are respectively representing exposure, vulnerability, hazard, and 

spatiotemporal features.  
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We selected our variables in different steps, such that we would be able to address one 

issue at a time. The geomorphologic features of the inundated area namely altitude, slope, flow 

accumulation, and topographic roughness index are extracted at different spatial resolutions (1, 

3, and 30 kilometers). The correlation between different resolutions and the reported damage was 

estimated and the one with the highest correlation was selected in this step. Please note that we 

also used the Spearman correlation coefficient that assesses the monotonic relationship between 

the two variables (whether linear or not) and found that the result for selected variables was the 

same as those obtained by Pearson correlation. Afterward, we used Variance Inflation Factor 

(VIF) approach to remove multicollinear variables. VIF is calculated as 1/(1-R!), where R is the 

correlation computed for each pair of the predictor variables. To further reduce the dimension of 

our input variables, we also performed a leave-one-out approach where one input variable was 

removed, and the prediction was implemented. Variables with the most accurate prediction result 

were selected as our final model input variables. Most of the selected variables (e.g., duration 

and median home value) represents the hazardousness of the flash flood events and the number 

of exposed properties. Household Composition and disability index represent the percentage of 

people aged 65 or older, aged 17 or younger, civilian with a disability, and single-parent 

households. We chose this factor as it had higher correlation with the flash flood property 

damage based on the result. The housing of this group of people may reside in regions that are 

more prone to flooding due to either their lack of awareness or financial standing. The location 

of the flash flooding enables our model to predict the damage for a large region, and the timing 

variables (i.e., month and onset time) are indicators of those factors that are not included in our 

study (e.g., soil moisture). We compared the models’ performance (classification and regression 

scenarios) with and without using the variable selection approach. Therefore, we realized that the 
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proposed variable selection procedure that includes three main components namely correlation 

coefficient, VIF, and leave-one-out approach all collectively assure that our ML models are fed 

by the most appropriate input variables and guarantee generalizable and not-overfitted models.  

 

Figure 2-3 Flowchart of the variable selection method, and the final 11 chosen variables (at the 
bottom) that are used as input to the Random Forests model. Red, yellow, blue, and gray colors 
are used for variables representing exposure, vulnerability, hazard, and spatiotemporal features, 

respectively. 
 

 
Figure 2-4 shows the spatial variation of input features including vulnerability, the 

population of each county in 2017, median home value in 2017, mean duration of flash floods 

from 1996 to 2017, the long-term average intensity of flash flood events from 1996 to 2017, flow 

accumulation, and slope. Figure 2-4 also illustrates the monthly and diurnal distribution of flash 
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flood events from 1996 to 2017. This figure indicates that flash floods are more frequent during 

spring and summer (April to September), and the onset is more likely to happen in the afternoon 

(3 pm-7 pm).  

 

Figure 2-4 The spatial variation of input features used for predicting flash flood damages. a) The 
2016 relative vulnerability index (household composition & disability); b) Population of each 

county in 2017; c) Median home value in 2017; d) Mean duration of flash floods during 1996 to 
2017; e) Long-term average intensity of flash flood events during 1996 to 2017; f) flow 

accumulation; g) slope for each county; and the monthly (h) and diurnal (i) distribution of flash 
flood events during 1996 to 2017. 
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Random Forest 

The objective of this study is to build a model that can predict flash flood damage using 

the event characteristics as the input variables. In this study, we used Random Forest (RF) for the 

classification and prediction of flash flood property damage. RF, proposed by Breiman (2001), is 

an ensemble learning method that generates multiple decision trees using a randomly selected 

subset of samples through replacement. This method is suitable for both regression and 

classification problems. Due to the randomized and decorrelated features of RF, it is able to build 

the connection between the input and output variables when their relationship is very complex 

and nonlinear ( He et al. 2016; Hong et al. 2016).  

In this study, RF was used in two modes, classification and regression (see Figure 2-5). 

For the classification problem, we transformed the damage values to a binary zero and one 

scoring system, such that zero represents the events with no property damage and one refers to 

any damage values greater than zero. In the regression model, RF is used to estimate the 

relationships between the predictors and the output variable (damage). To deal with the skewness 

of data, for the regression model, both input and output variables were transformed using Box-

Cox and log transformations. We randomly split the data set into two groups, 85% of the data for 

training and the remaining (15% of data) for testing. In both classification and regression models, 

using a trial-and-error approach, we identified 1000 regression trees to yield promising 

performance. Using 1000 trees improve the model performance compared to the small size of 

trees, while increasing the numbers of trees to more than 1000 result in very minor improvement 

and significantly add to the computational complexity.  The model was also verified using the 

testing dataset.  
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Figure 2-5 The schematic representation of the flash flood damage prediction framework. In the 
figure, RF stands for Random Forest, and AUC is the area under the relative-operating 

characteristic curve. 
 

Result and Discussion 

The results are discussed in two subsections below. The next section reports the 

performance of the proposed classification model for classifying flash flood events to damaging 

and non-damaging, and the following next section explains the effectiveness of the regression 

model for flash flood damage prediction.  

 
Damaging vs. Non-damaging Classification 

Here, sensitivity (true positive rate) and specificity (true negative rate) are utilized to 

assess the performance of the developed classifier model (Lin et al. 2019). Sensitivity measures 

the proportion of positives that are correctly identified (i.e. the events that actually caused 
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property damage and the model correctly classified them as damaging events) and specificity 

assesses the proportion of negatives that are correctly determined (i.e. the events that actually 

caused no property damage and the model correctly classified them as non-damaging events), 

both of which range from zero to one with an ideal value equal to one, which is an indication of 

perfect model accuracy. Therefore, sensitivity and specificity are calculated using the following 

equations:  

Sensitivity	 = "#.	#&	'()*	+(*,-.'*,	,/0/1-21	*3*2'4
5#'/6	"#.	#&	,/0/1-21	*3*2'4

                                                                             (1) 

Specificity = "#.	#&	'()*	+(*,-.'*,	2#27,/0/1-21	*3*2'4
5#'/6	"#.	#&	2#27,/0/1-21	*3*2'4

                                                                     (2) 

Figure 2-6 shows the performance of the RF classifier model. The location of correct 

(blue) and incorrect (red) classified events in the testing dataset as well as the sensitivity and 

specificity of the model for each state are shown in this figure. Figures 2-6a and 2-6b show the 

result for damaging and non-damaging events. The number of correct (true) and incorrect (false) 

classifications are shown in each figure panel as well. The overall performance of the model is 

fairly high in both classifying of damaging and non-damaging events. The sensitivity and 

specificity for the states of Alabama, Florida, and Louisiana are considerably high (greater than 

0.75), which indicates the higher reliability of the classification model in these states. Sensitivity 

and specificity are inversely proportional, such that if sensitivity increases, specificity will 

decrease and vice versa (Parikh et al. 2008). This is in particular more apparent in the case of 

Mississippi and North Carolina. Although North Carolina has a low value of sensitivity, it has a 

high value of specificity (>0.9). Conversely, a high value of sensitivity and low value of 

specificity is observed for the Mississippi state.  
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Figure 2-6 The performance of the proposed binary damage classification approach for (a) 

damaging and (b) non-damaging flash flood events. The blue and red colors indicate the true and 
false predictions, respectively. The points on the map show the location of flash flood events. 

The total number of correct and incorrect predicted events are shown for both cases. On the right 
side of the panels, the sensitivity and specificity of the model are shown for each state. 
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To better understand the classifier model’s performance, the overall sensitivity and 

specificity of the model, as well as the accuracy of the model (see equation 3) are presented in 

Figure 2-7a. The model accuracy, sensitivity, and specificity indicate the reliability of the model 

in the classification of flash flood damage. 

Accuracy = "#.	#&	'()*	+(*,-.'*,	,/0/1-21	*3*2'4	8	"#.	#&	'()*	+(*,-.'*,	2#27,/0/1-21	*3*2'4
5#'/6	"#.	#&	*3*2'4

         (3) 

Moreover, to further evaluate the ML model, we estimated the area under the Relative-

Operating Characteristic (ROC) curve. The ROC curve is considered as a representation of the 

model trade-off between the false positive (1 ̶  specificity) and true positive (sensitivity) rates, 

and it ranges between 0.5 to 1, where 1 is the ideal value (Rahmati and Pourghasemi 2017; Chapi 

et al. 2017). The dashed line in figure 2-7a represents the area of 0.5 which means an inaccurate 

model. The area under the curve (AUC) indicates the accuracy of the model. Several studies 

employed AUC to measure the performance of classifier models. For instance, Joo et al. (2019) 

used a Bayesian network to integrate weights of different variables that affect flood damage and 

reported an AUC value of 0.67 for their method. The high value of AUC (i.e., 0.87) shown in 

figure 2-7a is an indication of the reliability of the proposed model. 

Figure 2-7b shows the importance of each variable in the developed classifier model. The 

importance of each variable is calculated based on the increase in the prediction error if the 

values of that variable are permuted across the process. As can be seen from the figure, the most 

important variables are the location of the event (latitude and longitude). This implies that by 

considering the location of events along with other geographic, socioeconomic, and flood 

factors, we can extend our prediction to larger domains. The flow accumulation is the least 

important feature, however, the leave-one-out approach, as mentioned earlier, indicated that 

keeping this variable increases the accuracy.  
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Figure 2-7 a) The Relative-Operating Characteristic (ROC) curve of the proposed Random 
Forest classifier; AUC = Area Under Curve. b) The relative importance of features for the 

random forest classifier model. 

 

 
Damage Prediction Model 

RF not only is used as a classifier but it is also implemented to predict the amount of 

property damage from a particular flash flood event. The flash flood events that caused property 

damage were randomly divided into two parts: training (85% of the dataset) and testing (15% 

dataset). The result of the developed model is evaluated using two performance measures: 

correlation coefficient (R) and bias, both of which have been commonly used to measure the 

accuracy and performance of the ML models (Abbaszadeh et al. 2019a; Neri et al. 2019; Gavahi 

et al. 2019; Shastry and Durand 2019). Here, the regression (i.e., damage prediction) model is 

evaluated for training, and testing, as well as the entire dataset, and the results are shown in 

Figure 2-8. The statistical measures shown in this figure indicate that there is a satisfactory 

agreement between the observed and predicted values. However, a slightly negative bias is 

observed in the model (mean -$1100 for testing and -$1010 overall).  
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Figure 2-8 The performance of the Random Forest model in the prediction of flash flood damage 
over the SEUS. The subplots indicate the histogram of bias during the training, testing, and the 

entire dataset (totaling 5500, 970, and 6470 events, respectively). The axis titles for all the panels 
are the same. 

 
The findings of several studies suggest that climate change will increase the likelihood of 

flooding events (Marsooli e al. 2019; Sisco et al. 2017; Yin et al. 2018; Zhang et al. 2018), and 

therefore, proactive disaster risk management strategies are required. The proposed framework in 

this study can help the decision makers and insurance agencies to better allocate the resources 

and inform the communities about the hazardousness of flash flood events (Shao et al. 2019).   

 

Summary and Conclusion 

This study proposed a risk-based and physically informed model for predicting flash 

flood property damages across the Southeast U.S. (SEUS) using a variety of influential factors 

including geographic, socioeconomic, and climatic features. We selected Random Forest (RF) as 

the central model. The model was trained and tested using the information acquired from various 

data sources for a large number of flash flood events during the period 1996 to 2017. RF has 

been implemented in two different modes, classification and regression. In the classification 

model, we estimated whether the flash flood caused any property damage or not, and then in the 
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regression model, the amount of property damage was predicted. Various statistical measures 

were employed to evaluate the performance of both classifier and regression models, and the 

results indicated the reliability of the developed framework. 

 The findings of this study suggest the applicability and accuracy of the RF model for the 

prediction of property damages associated with flash flood events over a large domain. For 

future work, researchers are encouraged to develop probabilistic models for predicting flash 

flood damage. Moreover, additional predictors such as watershed properties can be incorporated 

into the model.  
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CHAPTER 3 GLOBAL SENSITIVITY ANALYSIS IN HYDRODYNAMIC MODELING 
AND FLOOD INUNDATION MAPPING3 

 
Abstract 

 
Flood simulation with two-dimensional hydrodynamic models is subject to different 

sources of uncertainties in model configuration, boundary conditions, and model 

parametrization. HEC-RAS 2D is a widely used hydrodynamic model. Here, we assess the 

sensitivity of the HEC-RAS 2D to its configuration factors and parameters. We evaluate the 

impacts of different model configuration factors, including the floodplain and channel roughness 

coefficients, terrain and mesh size, as well as river boundary conditions on the dynamic of water 

levels, maximum water level, and flood extent, and determine the importance of these 

contributing factors for reliable flood inundation modeling using both variogram and variance-

based analyses. For our case study, we found that depending on the perturbation scale, the 

performance measure, and the predicted output, the sensitivity to input factors changes. While 

for simulation of water level dynamics, the DEM and mesh resolutions are the most important 

factors, for flood extent mapping the floodplain roughness coefficient and the upstream boundary 

condition are the key factors. In addition, our analyses indicated that for a reliable simulation of 

maximum flood water level, modelers need to spend resources on the calibration of floodplain 

roughness coefficient while using fine DEM and mesh resolutions. Here, we also investigate the 

role of computational time interval and mesh resolution on the model’s run time and accuracy. 

 
3 Alipour, A., Jafarzadegan, K., & Moradkhani, H. (2022). Global sensitivity analysis in 
hydrodynamic modeling and flood inundation mapping. Environmental Modelling & Software, 
152, 105398. https://doi.org/10.1016/j.envsoft.2022.105398 
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Our results suggested that reducing the computational time interval has minimum impact, as it 

increases the model run time without much improving the model accuracy. 

Keywords: Flood inundation mapping; Global sensitivity analysis; HEC-RAS 2D, Hurricane 

Harvey 

 
Introduction  

The human-threatening nature of flooding and its costly impacts across the globe 

(Ahmadalipour and Moradkhani, 2019; Khajehei et al., 2020; Kundzewicz, 2019) together with 

the high frequency of floods with an increasing trend in the United States (Alipour et al., 2020b; 

Boustan et al., 2020; Mallakpour and Villarini, 2015) emphasize the necessity for further and 

deeper investigations of flood risk analysis and inundation modeling (Apollonio et al., 2021; 

Darabi et al., 2019; Mojaddadi et al., 2017). Numerous studies have been conducted globally to 

assess the risk of flooding and proposed plans for flood risk mitigation (Ahmadisharaf et al., 

2016; Alipour et al., 2020a; Costache, 2019; de Moel et al., 2009; Di Baldassarre et al., 2020; 

Marsooli et al., 2016; Oddo et al., 2020). A critical step for flood risk mapping and management 

is to use hydrodynamic models (Abebe et al., 2019; Ahmadisharaf et al., 2018; Li et al., 2019; 

Patel et al., 2017; Vojtek et al., 2019; Wang et al., 2019; Wu et al., 2017; Yin et al., 2016). The 

Hydrologic Engineering Center's River Analysis System (HEC-RAS) is one of the most 

commonly used hydrodynamic models in the United States. It offers a wide range of analyses 

including one-dimensional steady state, one and two-dimensional unsteady state simulations, 

sediment transport, and water temperature/water quality modeling (Brunner, 2016). Joshi et al. 

(2019) used the HEC-RAS model to study the characteristics of sediment transported within 

Maumee River in Ohio. Garcia et al. (2020) employed the HEC-RAS 2D model for a combined 
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hydrologic and hydraulic simulation and reservoir operations in West Harris County, Texas 

during Hurricane Harvey 2017. Studies have shown that 2D hydrodynamic models outperform 

1D models when a detailed simulation of flood wave propagation is required (Tayefi et al., 2007; 

Werner et al., 2005). The HEC-RAS 2D has a user-friendly environment compared to its one-

dimensional version though computationally demanding. Due to the attractive interface of this 

model for 2D simulation of river hydrodynamics and its high capacity for supporting different 

model configurations, HEC-RAS 2D has been widely used for flood inundation modeling in 

recent years (Farid et al., 2017; Farooq et al., 2019; Moya Quiroga et al., 2016; Rangari et al., 

2019; Surwase et al., 2019). 

The hydrodynamic modeling is subject to different sources of uncertainties originating 

from the model structure, parameters, and boundary conditions. These uncertain components can 

significantly affect the reliability and accuracy of the model performance. The model structure 

uncertainty accounts for the imperfection of underlying equations/numerical schemes of a 

hydrodynamic model while simulating the physical processes involved in a river system. The 

main hydrodynamic model parameters are the river bathymetry and surface roughness 

coefficients (Khanarmuei et al., 2020). The choice of roughness coefficient values for floodplain 

and channel in addition to the DEM resolution and accuracy alters the hydrodynamic model 

outputs (Pappenberger et al., 2006). Furthermore, the boundary conditions of a hydrodynamic 

model are the flow or water stage hydrographs that are derived from either streamflow gauges or 

hydrologic modeling. In either case, the hydrographs are associated with uncertainty 

(Abbaszadeh et al., 2019; R. D. Harmel et al., 2006). The uncertainty of hydrodynamic models 

has been the focus of many studies in the literature (Chen, 2012; Papaioannou et al., 2016; 

Rathod and Manekar, 2020; Thompson et al., 2008).  
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Global sensitivity analysis (GSA) techniques are commonly used to quantify the impacts 

of model parameters, forcings, and boundary conditions on the model response and evaluate their 

relative importance (Baroni and Francke, 2020; Şalap-Ayça et al., 2021; Song et al., 2015; Wu et 

al., 2012).   There are a variety of SA approaches that focus on different characteristic properties 

of the underlying response surfaces, which lead to differences in the assessment of sensitivity  

(Borgonovo, 2007; Hornberger and Spear, 1981; Liu et al., 2005; Pianosi et al., 2015). Most 

well-established GSA methods rely on either an analysis of variances or an analysis of partial 

derivatives (Campolongo et al., 2007; Homma and Saltelli, 1996; Sobol’ and Kucherenko, 2009). 

One of the commonly used variance-based approaches is the Sobol method (Sobol, 1990). Hall et 

al. (2005) used the Sobol method to investigate the role of upstream boundary condition flows, 

the elevation of land surface channel bed, channel width as well as channel and floodplain 

roughness coefficients in flood extent maps generated by the LISFLOOD-FP hydrodynamic 

model. Later, Savage et al. (2016) applied the Sobol GSA approach to explore the sensitivity of 

different LISFLOOD-FP model outputs including flood extent, water depth, and time of 

inundation, to the channel and floodplain roughness coefficients, boundary condition flows, the 

spatial resolution of the model, and DEM resolution. They used this method and evaluated the 

model performance based on 52,500 input combinations. Although the variance-based GSA 

methods have been used over a wide range of applications reflecting nonlinear processes and the 

effects of interactions among variables (Hall et al., 2009), they are unable to distinguish between 

response surfaces that have identical variance but different structures (Razavi and Gupta, 2015). 

Emulation techniques and data-driven approaches are used to reduce the computational burden of 

GSA. In emulation techniques, GSA is performed on an emulator/surrogate model that is trained 

using a set of available original model runs (Bomers et al., 2019; Marseguerra et al., 2003).  
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Although cost-effective, they are only an approximation of the original model and are 

unreliable at unsampled regions outside of the training data set. The data-driven approaches drive 

the sensitivity metrics directly from a set of sample points (input-output data) that contain 

enough information representing the system’s behavior (Borgonovo et al., 2017; Li and 

Mahadevan, 2016). To employ this method, the input-output data for GSA may require sample 

points (or observations) that are well distributed across the factor space, which enables exploring 

a full spectrum of the system's behavior (Sheikholeslami et al., 2021). Razavi and Gupta (2016a) 

proposed a new sensitivity analysis technique, named Variogram Analysis of Response Surfaces 

(VARS). VARS is a computationally efficient and statistically robust method compared to its 

counterparts that provide stable estimates even for high-dimensional response surfaces using a 

relatively small number of points sampled on the response surface (Becker, 2020; Puy et al., 

2021, 2020). Razavi and Gupta (2016a) demonstrated that derivative-based (e.g. Morris) and 

variance-based (e.g. Sobol) GSA methods ignore the spatially ordered structure of the response 

surface and their results can be misleading for many cases.  To overcome the limitation of these 

GSA methods, they introduced VARS that evaluates the sensitivity of the response surface 

across the full spectrum of perturbation scales (Haghnegahdar and Razavi, 2017). They also 

showed that derivative and variance-based methods are two extreme realizations of VARS when 

the scale factor approaches zero and infinity, respectively. Therefore, the VARS method bridges 

the gap between these two GSA methods and provides additional information for other scales. 

Razavi et al. (2019) later developed the VARS-Tool that includes VARS and other GSA 

techniques for sensitivity and uncertainty analysis of Earth and environmental systems models. 

Recently, the Linux version of HEC-RAS 2D has become available. This feature provides 

a new opportunity to run the model on a High-Performance Computing (HPC) cluster and 
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perform computationally intensive simulations. The growing attention for 2D simulation of 

floods with HEC-RAS 2D in the past years suggests an increasing demand for using this model 

in future studies. To properly meet this demand, a detailed investigation of the HEC-RAS 2D 

sensitivity to its parameters, inputs, and boundary conditions is highly desired. However, up until 

recently, this model could be only run on Windows systems which is a major limitation for 

sensitivity analysis that needs extensive model simulations. Therefore, the previous studies 

picked only one or two factors and defined a few model simulation scenarios. For instance, Liu 

et al. (2019) evaluated the sensitivity of HEC-RAS 2D to different river geometries and surface 

roughness characterization. They performed model simulations for 224 scenarios and concluded 

that although HEC-RAS 2D is sensitive to channel roughness, it is insensitive to floodplain 

roughness. Similarly, Yalcin (2020) assessed the sensitivity of HEC-RAS 2D to different factors 

including terrain resolution, roughness layer resolution, and the computational mesh size using 

19 different model simulations for the urban floodplain of Kilicozu Creek, in Turkey.  

Considering the recent HPC feature of HEC-RAS 2D, and the need for a better 

understanding of this model behavior, this study aims to conduct a comprehensive sensitivity 

analysis of HEC-RAS 2D and evaluate the importance of contributing factors for reliable flood 

modeling. For this purpose, we are targeting the sensitivity of different performance metrics that 

represent three model outputs including the dynamic of water levels, flood extents maps, and 

maximum water levels. Considering the advantages of VARS, we use this technique to evaluate 

the sensitivity of these model outputs to channel and floodplain roughness coefficients, upstream 

boundary condition, computational mesh size, and DEM resolution across the spectrum of scales. 

In addition, we use the Sobol sensitivity analysis method to compare the two methods’ results on 

the system’s behavior. Next, we evaluate the model run time and the accuracy of the HEC-RAS 
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2D based on different configurations of computational mesh size and time interval. The 

overarching goal of this study is to address the following objectives: 

1. Characterizing the behavior of three hydrodynamic model response surfaces (i.e., 

water level dynamics, maximum water level, and the extent of flooding) to the 

variability of five model factors (i.e., channel roughness coefficient, floodplain 

roughness coefficient, DEM resolution, mesh resolution, and inflow). 

2. Identifying those factors that are more/less influential in the hydrodynamic model 

response variability. 

3.  Investigating the relation between the model run time and accuracy considering 

different mesh sizes and computational time intervals. 

The remainder of this paper is structured as follows: Section 2 explains the study area and 

the data. Section 3 illustrates the models and the framework used in this study. The results and 

discussions are included in Sections 4 and 5, respectively. The findings of the study are 

summarized in the final section.  

 
Study Area and Datasets 

Hurricane Harvey made landfall on Texas and Louisiana in August 2017, causing 

catastrophic flooding and considerable casualties. This hurricane was the second costliest 

tropical cyclone in the United States’ history causing more than 125 billion dollars in damage 

(Song et al., 2020).  Here, we conduct our study over a flooded river stream in Southeast Texas 

(the eastern part of the San Jacinto basin) that was highly affected by the torrential rainfall of 

Hurricane Harvey. San Jacinto is the main river in the region, which flows across Montgomery 

County to the south and forms Lake Houston. The topography of the San Jacinto basin is slightly 

hilly except for floodplain areas along the river. The climate of the region is warm and humid 
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and has an average annual rainfall and temperature of 1295.4 millimeters and 19.63° C, 

respectively. Figure 3-1 shows the study area along with the stream networks and USGS 

streamflow gauges and 29 hurricane Harvey high-water marks.  

 

Figure 3-1 The location of the study area along with stream networks, the location of USGS 
streamflow gauges and hurricane Harvey high-water marks. 

 



87 
 

NLDAS-2 Forcing Data 

Phase 2 of the North American Land Data Assimilation System (NLDAS-2) forcing data 

provides quality-controlled and spatiotemporally consistent datasets from best available 

observations at 1/8° (about 12 km) spatial resolution and hourly temporal resolution from  

January 1979 to the present (Xia et al., 2012). The NLDAS-2 forcing dataset including incoming 

shortwave radiation, incoming longwave radiation, specific humidity, air temperature, surface 

pressure, near-surface wind in two directions, and precipitation rate were used by Abbaszadeh et 

al. (2020) to run the WRF-Hydro (Weather Research and Forecasting Model Hydrological 

modeling system) model and generate streamflow predictions across the San Jacinto Watershed. 

Here, we use the streamflow simulations provided by Abbaszadeh et al. (2020) as the model 

upstream flow boundary condition.  

 

NED Data 

The National Elevation Dataset (NED) is a raster product of Digital Elevation Models 

(DEMs) provided by the USGS. This dataset is available at approximately 30 meters for the 

entire United States and 10 and 3 meters for some parts of the country. Here, we use USGS 1/3 

arc-second DEM (approximately 10 meters) and resample it for larger DEM resolutions. 

 

NLCD Data 

National Land Cover Database (NLCD) is generated through the collaboration of 

different federal agencies. It provides the land cover information for the entire US and Puerto 

Rico. The dataset is updated every five years and the latest iteration of this product is NLCD 

2016, which is used in this study as the reference map to locate the floodplains.   
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USGS Streamflow Gauges   

In this study, we use two USGS gauges (see figure 1) to assess the HEC-RAS 2D model 

performance (see Section 3.9 for more detail). USGS station 08070000 E Fk San Jacinto Rv nr 

Cleveland with a drainage area of 841.746 square kilometers and 08070200 E Fk San Jacinto Rv 

nr New Caney with a drainage area of 1004.92square kilometers are located in San Jacinto River 

in San Jacinto watershed. The streamflow hydrographs at both gauges show that the study area 

has been heavily affected by Hurricane Harvey (https://webapps.usgs.gov/harvey/).  

 

Inundation Maps and High-Water Marks 

In the immediate aftermath of the hurricane Harvey flood-induced event, the USGS 

and Federal Emergency Management Agency (FEMA) initiated a cooperative study to evaluate 

the magnitude of flooding and map the extent of the flood in Texas. They analyzed seventy-four 

USGS streamflow stations and surveyed 2,123 high-water marks (Watson et al., 2018). Using 

this information, they performed geospatial analyses and generated maximum flood extent maps. 

This study considers the USGS flood extent maps and available high-water marks across the 

study region as a reference to evaluate the accuracy of flood extent maps simulated by the HEC-

RAS 2D. 

 
Methodology 

In this study, the upstream flow boundary conditions, provided by the WRF-Hydro are 

fed into the HEC-RAS 2D to predict the spatiotemporal distribution of water depth and 

inundation area.  
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The VARS and Sobol techniques are used to explore the sensitivity of HEC-RAS 2D to 

different factors. Each of these components is explicitly described in the following subsections. 

 

WRF-Hydro Hydrologic Model 

The Weather Research and Forecasting Model Hydrological modeling system (WRF-

Hydro) is an open-source community model recently developed by the National Center for 

Atmospheric Research (NCAR) for a range of studies including flood/flash flood prediction, 

regional hydroclimate assessment, and water resources management (Gochis & Chen, 2003). The 

WRF-Hydro modeling system is not a singular model, in fact, it is a modeling architecture that 

couples multiple hydrological processes representations.  It is described as a group of modules 

and functions that couples atmospheric components to a set of land surface hydrology 

components (Gochis et al., 2015). WRF-Hydro is a fully distributed model that uses different 

hydrological and hydraulic modules to simulate the surface overland flow, subsurface saturated 

flow, channel routing, and baseflow processes. WRF-Hydro has been applied in several recent 

studies (Arnault et al., 2016; Lahmers et al., 2019; Wehbe et al., 2019). Since there are not any 

gauges providing upstream flows for the river, we use the WRF-Hydro streamflow predictions 

provided by Abbaszadeh et al (2020) across the region for the period of Hurricane Harvey. 

Abbaszadeh et al (2020) generated 90 WRF-Hydro simulations across the region by taking into 

account the uncertainties in the meteorological forcing, hydrologic model parameters, and initial 

conditions. Recent studies have thoroughly discussed how the uncertainties associated with the 

meteorological forcings (i.e., NLDAS-2) along with hydrologic model parameters and 

hydrodynamic modeling are quantified and reduced within the data assimilation framework 

(Abbaszadeh et al., 2020; Jafarzadegan et al., 2021a; Muñoz et al., 2022). For more information 
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about the implementation of this model, its calibration, and the simulation process, we refer the 

interested readers to this article.  

 

HEC-RAS 2D Hydrodynamic Model 

HEC-RAS 2D is the recent product of the United States Army Corps of Engineers 

Hydrologic Engineering Center. The program performs two-dimensional unsteady flow routing 

through either the Full Saint Venant or the Diffusion wave equations. The software uses an 

implicit Finite Volume algorithm to solve the 2D unsteady flow equations. The model uses 

computational meshes (2D area), which contain a mixture of cells with different shapes and 

sizes. The cell faces/edges do not need to have a single elevation, instead, each computational 

cell is based on the details of the underlying DEM (USACE, 2015). This feature improves the 

efficiency of HEC-RAS 2D modeling as the model is run over a large mesh size while it still 

generates accurate simulations owing to the use of fine-resolution DEMs.   

In addition to the areal and terrain data, the HEC-RAS 2D model needs boundary 

condition information. Two types of boundary conditions can be defined inside the model, the 

internal and external boundary conditions. The internal boundary conditions are optional and 

allow the user to add flow within a river reach, while the external boundary is required to run an 

unsteady model. The external boundary condition can be a flow hydrograph, stage hydrograph, 

normal depth, rating curve, or precipitation. The normal depth and rating curve can be only used 

where flow leaves a 2D flow area, while flow and stage hydrograph boundary conditions can be 

used either as inflow or outflow.  
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The precipitation option allows the user to apply rainfall excess directly to the 2D flow 

area. Finally, to set the HEC-RAS 2D model roughness parameters, a single roughness 

coefficient can be assigned to the 2D area, or distributed roughness coefficient values can be 

defined using an imported land classification map.  

 

Variogram-Based Sensitivity Indices (VARS) 

The VARS Sensitivity method is based on the variogram analysis. Variograms can be 

used to characterize the spatial pattern and variability of the model response surface across the 

factor space. It is defined as the variance of the differences between model response values at 

pairs of points sampled from the factor space. Razavi and Gupta (2016a) used the variogram 

concept and proposed the VARS method for sensitivity analysis of environmental and earth 

system models. In this method, the higher values of the variogram for a given constant distance 

(scale) represent the higher sensitivity of the model response to the factor of interest. In the 

VARS method, the sensitivity metrics are estimated by integrating the variograms over any scale 

of interest (IVARS). The IVARS10, IVARS30, and IVARS50 are three recommended sensitivity 

metrics that correspond to 10%, 30%, and 50% of the factor range, respectively. For more 

information, we refer the readers to Razavi and Gupta (2016a). 

Razavi and Gupta (2016b) designed a Star-based sampling strategy for the VARS 

method, which facilitates the computation of sensitivity indices. To sample the star points, first, 

an n-dimensional space is defined where each dimension represents a normalized factor. Then, a 

set of points, representing the star centers, are randomly selected from the factor space 

(Sheikholeslami and Razavi, 2017). In this method, Δh represents the smallest distance value in 

the factor space. For each center point, we generate a cross-section of points that are equally 
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apart (Δh), along with each of the n dimensions of the factor space. This results in n(7 9
:;
8 − 1) 

new points for each star center. The VARS sensitivity indices are then calculated over the 

response surface of the generated points.   

 

Variance-Based Sensitivity Indices (Sobol) 

The variance-based sensitivity analysis assesses the relative impacts of each factor on the 

variance of the model outputs (Saltelli, 2008). In general, there are two variance sensitivity 

indices: the first-order and the total-order indices. The first index estimates the direct influence 

of the individual factor on the output variance, while the second one measures the total effect 

from both individual variations and the interactions with other factors on the output variance. 

Each index can be calculated using equations 1 and 2.   

S- =
<!"(>!~"(?|A"))

<(?)
                                                                                                                 (1) 

S5- = 1 −
<!~"(>!"(?|A~"))

<(?)
                                                                                                       (2) 

where x- is the ith input factor,  x∼- denotes the matrix of all factors but x-, Y is the model output, 

E is the expected value and V is the variance (Saltelli et al., 2010). The variance-based total-

order effect is a by-product of the VARS framework (Razavi and Gupta, 2016a). In this study, 

we use VARS-Tool to employ the variance-based total-order effect of the Sobol technique over 

the same sample space which results in further investigation into the sensitivity of the HEC-RAS 

2D model. Since the first-order indices estimate the fractional contribution of the individual 

factor to the output variance, their sum explains to what extent model factors are individually 

important and the remainder to one (1 − ∑ S-) implies the interaction effects. Here, in addition to 

the total-order effects, we estimate the interaction effect to further learn the system’s behavior.  
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The proposed Research Framework 

In this study, we utilize both variogram-based (VARS) and variance-based (Sobol) 

sensitivity analysis approaches to assess the impacts of DEM resolution, channel roughness 

coefficient, floodplain roughness coefficient, upstream boundary condition (input flows), and 

mesh size on the HEC-RAS 2D model response and evaluate their relative importance. Figure 3-

2 shows the schematic framework of the study. Part 1 illustrates the sensitivity analysis steps, 

and part 2 displays the relation of accuracy and efficiency for finding the optimum configuration 

point in the HEC-RAS 2D model.  

 

Figure 3-2 The schematic framework of the study. The red arrows indicate using the toolbox for 
sampling points and the black arrows indicate the sensitivity analyses. 
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Table 3-1 shows the range and the unit of different factors used in this study. Following 

the previous studies, we evaluated the HEC-RAS 2D model using channel roughness coefficients 

with values between 0.02 and 0.1	s/m9/E (Aronica et al., 2002, 1998; Di Baldassarre et al., 2009).  

Since using a distributed floodplain roughness usually adds no improvement to the model 

performance (Liu et al., 2019; Savage et al., 2016; Werner et al., 2005), here we employ a unique 

floodplain roughness coefficient in each model ranging from 0.025 to 0.2	s/m9/E (Di Baldassarre 

et al., 2009). Therefore, we utilize the NLCD map of the areas and assign a unique value to all the 

floodplain land cover categories. To ensure that the river channel falls exactly on the main channel, 

a shapefile that contains polygons and roughness of the rivers is used to override the land cover 

map. In this study, similar to other studies on sensitivity analysis of flood inundation models 

(Dottori et al., 2013; Hall et al., 2005; Pappenberger et al., 2008; Savage et al., 2016), we use a 10-

meter DEM and resample it to the larger scales up to 90 meters. The 30 and 90 meter DEMs are 

also publicly available and widely used in many studies (Cook and Merwade, 2009; Horritt and 

Bates, 2002; Hu et al., 2017). To explore the effect of mesh size, we select different cell sizes 

according to Table 3-1.  

Table 3-1 The factor ranges and units used in the study. 
Factor Lower Bound Upper bound Unit 

Channel Roughness coefficient  0.02 0.1 𝑠/𝑚9/E 

Floodplain Roughness coefficient  0.025 0.2 𝑠/𝑚9/E 

DEM Resolution 10 90 m 

Mesh Resolution 40 200 m 

Boundary Condition 5 95 Percentile 
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As there is no USGS gauge neither at the upstream of the river nor at the tributaries, we 

used the ensemble streamflow predictions generated by the WRF-Hydro model. Given the 

inherent model structural uncertainty and also the extreme precipitation during Hurricane Harvey 

as an outlier in model forcing, even after careful calibration of the hydrologic model, the model 

outputs remain biased. To estimate the bias, we calculate the difference between the downstream 

streamflow observation and the model prediction at gauge 08070200 (Jafarzadegan et al., 

2021b). Then, we distribute the hydrologic bias value to the upstream boundary condition values 

based on the ratio of their streamflow value to the total input flows. We calculate the difference 

between the total upstream flows and the downstream flow, both derived from the hydrologic 

model, as the amount of deficit that represents lateral flows and vertical fluxes applied to the 

main channel. Although the amount of deficit can be negligible during minor/moderate floods, in 

extreme cases, such as Hurricane Harvey, it is an effective boundary condition component that 

should be taken into account (Jafarzadegan et al., 2021b). We employed 90 WRF-Hydro 

streamflow simulations developed by Abbaszadeh et al. (2020) to calculate streamflow 

percentiles for defining the upstream boundary condition. We used 5 and 95 streamflow 

percentiles as the upstream flow condition lower and upper bound, respectively. Figure 3-3 

shows the hydrographs used in our sensitivity analysis.  
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Figure 3-3 The hydrographs of different upstream flow boundary conditions used for the 

sensitivity analysis. 
 

 

After identification of factor space, all contributing factors are individually rescaled 

between zero and one. We use Δh = 0.1 as the smallest distance value between a pair of points. 

We randomly select 100 model configurations as the star centers of the star sampling approach 

and then extract 4600 model configurations from all the possible configuration scenarios using 

the VARS toolbox (the red dashed arrows are shown in figure 3-2). All the model configurations 

are set up and run on the High-Performance Computing (HPC) Cluster.  

In order to evaluate the model outputs, the simulated time series of water stages are 

compared with the observed values at two USGS gauges using two deterministic performance 

measures (Root Mean Square Error (RMSE) and Kling Gupta Efficiency (KGE)). We also use 

RMSE to evaluate the accuracy of simulated maximum water stages at USGS high-water marks. 

The RMSE of USGS gauges represents the temporal error at specific points and explains how the 
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model simulates the flood dynamics. On the other hand, the RMSE of high-water marks 

measures the spatial error of the model in the simulation of the maximum flood water level over 

the domain and represents the performance of model simulations for flood inundation mapping. 

RMSE measures the difference between the predicted and observed values as follows:   

RMSE = E∑ (G"7H")$%
"&'

"
                                                                                                                   (3) 

where O- and P- are observed data and predicted data, respectively. N is the number of data. 

KGE was proposed by Gupta et al., (2009) to evaluate the performance of environmental models. 

It measures the Euclidean distance in a 3-dimensional space between the ideal point (1, 1, 1) and 

the Pearson product-moment correlation coefficient (r), relative variability (α), and ratio of 

mean (β ) using the following Equation.  

KGE = 1 − K(r − 1)! + (α − 1)! + (β − 1)!														where		α = I(
I)
	and		β = J(

J)
	        (4) 

where	σ+	,	µ+ and σ# , µ+ are the standard deviation and mean value of the simulated and 

observed variables, respectively. Moreover, the flood extent maps simulated by the HEC-RAS 

2D are compared with the reference maps provided by the geospatial analyses on the available 

high-water marks and USGS gauges observations in the region for the period of Hurricane 

Harvey. Here, we perform a binary comparison between the reference and simulated maps using 

the Fit (F) performance measure presented in Eq 5.  

F = 	 5()*	+#4-'-3*	-24'/2.*4
5#'/6	+#4-'-3*48K/64*	+#4-'-3*4

× 100                                                                      (5) 

where true positive is flood cells predicted correctly, false positives are nonflood cells predicted 

as flood, total positives are the number of flood cells in the reference map (Jafarzadegan and 

Merwade, 2017).  
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F index shows the goodness-of-overlap of the simulated and reference flood maps. It 

quantifies both the underprediction and overprediction of the simulated flood extent maps 

(Sangwan and Merwade, 2015).  

Since our sensitivity analysis methods are based on statistical sampling, it is necessary to 

quantify the degree of confidence one can place in the results and their reliability. Bootstrapping 

method is a commonly-used approach to quantify the confidence level of statistical estimates 

(Efron, 1979; Hesterberg, 2011; Sheikholeslami et al., 2017; Wehrens et al., 2000). In the 

bootstrapping method, we generate samples from the original sample point with replacement and 

estimate the statistical metrics based on the new samples. Repeating this process results in a 

distribution of the metrics. Since these new samples are driven from the original sample no 

additional model run is necessary. This makes bootstrapping a very computationally efficient 

approach. Therefore, here we use the method of statistical bootstrapping available in VARS-

TOOL and assess the levels of confidence and reliability for all the sensitivity metrics, where the 

reliability is calculated as the fraction of times among all bootstrap attempts that the factor 

sensitivity ranks are the same as the original sensitivity ranks driven from the original sample set. 

In addition to the reliability analyses, another VARS-TOOL feature is monitoring the 

convergence of the results such that reporting the estimates of factor sensitivities and rankings as 

the sample size increases.  

We also setup multiple model configurations with different mesh resolutions and 

computational time intervals, while keeping other factors unchanged. This analysis considers the 

relation between model accuracy and efficiency and provides the optimum configuration point of 

the HEC-RAS 2D (step two in figure 3-2).  
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The selected mesh sizes are 20, 40, 60, 80, and 100 meters along with time intervals of 

5,10, 15, 20, and 30 seconds, which collectively result in 25 scenarios.   

 

Results 

The results are discussed in two subsections below. The next section presents the results 

of the sensitivity analysis of the HEC-RAS 2D model using both VARS and Sobol methods and 

explains the relationship between the accuracy and efficiency of this model. 

 

Sensitivity Analysis of HEC-RAS 2D 

Here, we use a star-based sampling strategy and select 4600 HEC-RAS 2D model 

configurations.  After running all the model simulations, we assess model outputs using four 

different performance measures. KGE and RMSE are used to compare the predicted water level 

dynamics at both gauge locations along the river, and F statistics are used to evaluate the 

predicted flood extent maps. RMSE is again used to show the overall bias between USGS high-

water marks and maximum flood level simulations. Figure 3-4 shows the distributions of these 

performance measures. Figures 3-4a and 3-4d depict the distribution of KGE at both gauges and 

figures 3-4b, 3-4e and 3-4f show the distribution of RMSEs. In addition, subplot c displays the 

distribution of the F index. All the results show that the overall model performances are 

reasonable and mostly fall within an acceptable range.  The values of KGE and RMSE at USGS 

gauges indicate that the model performs better at gauge number 08070000 compared to gauge 

08070200.  
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Figure 3-4 The distribution of KGE (a, d), RMSE (b, c, f), and F (c) across the factor space. 
Note: the RMSE has unit of meter. 

In this study, VARS and Sobol global sensitivity analyses are used to identify the impacts 

of model parameters, configuration, and boundary conditions on the model responses. As 

explained earlier, the VARS method is based on the analysis of a variogram that provides 

sensitivity information at different scales. The smallest scale value used here is 0.1. The smaller 

values of scale (h) represent the local sensitivity of the model response to the factors, while 

larger h values represent the sensitivity at larger scales. Based on this method, a higher value of 

the variogram (γ;"), indicates higher sensitivity of the underlying response surface in the 

direction of ith factor at the scale represented by h-. Figures 3-5a, 3-5b, 3-5c, and 3-5d represent 

the directional variograms corresponding to average RMSEs, and average KGEs at two gauges 

as well as F, and RMSE at high-water marks, respectively. In these figures, some directional 

variograms are not monotonic, and also some cross each other. These show the structure of the 
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response surface and indicate how different perturbation scales can yield different results. 

Figures 3-5a and 3-5b show that DEM resolution is the most sensitive factor at all scales for 

simulation of water level dynamics. Although both indices evaluate the water level time series 

predictions at the observation gauges, their behavior is slightly different because KGE represents 

the correlation, bias, and variance between the simulated and observed data, simultaneously. 

Considering both RMSE and KGE, the local sensitivity of the HEC-RAS model performance to 

boundary condition, channel, and floodplain roughness coefficients are relatively similar, while 

at larger scales, the floodplain roughness coefficient is more important than the other two factors. 

Figure 3-5c displays the directional variograms of F and illustrates the importance of 

contributing factors for the simulation of flood extent. This index shows a different sensitivity 

ordering compared to RMSE and KGE. Based on this figure, the boundary condition and 

floodplain roughness coefficient are equally ranked as the most important factors at smaller 

scales (h < 0.2), however, at the large scale, the floodplain roughness completely dominates the 

other factors. Figure 3-5d shows the directional variograms corresponding to RMSE at high-

water marks. While F measure only represents the flood extent, this metric can be an indicator of 

both the maximum water level and the flood extent simultaneously. This figure indicates that 

mesh resolution is the most important factor at all scales. At small scales, DEM resolution stands 

as the second most important factor, while at larger scales, the floodplain roughness coefficient 

exceeds the DEM resolution and is found to be comparable to the mesh resolution.  
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Figure 3-5 Directional variograms for different model factors including CRC (Channel 
Roughness Coefficient), FRC (Floodplain Roughness Coefficient), DR (DEM Resolution), MR 
(Mesh Resolution), and BC (Boundary Condition) showing the VARS performance based on 

four performance measures of RMSE (a), KGE (b), F (c), and RMSE at High-Water Marks (d). 
 
 

 

Figure 3-6 shows a comparison between the VARS sensitivity metrics, namely 

IVARS10, IVARS30, IVAS50, and Sobol metric for different performance measures. The ratio 
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of factor sensitivity is the value of each metric divided by the summed values of that metric over 

all the factors. Figure 3-6 also shows the 90 percent confidence interval of the obtained 

sensitivity metrics representing the degree of uncertainty in the results using bootstrap 

resampling. The wider interval is an indication of higher uncertainty in the results.  Considering 

KGE and RMSE at USGS gauges (figures 3-6a and 3-6b), all three IVARS10, IVARS30, and 

IVARS50 metrics identify DEM resolution as the most important factor, which is also in 

agreement with the Sobol assessment. Figures 6a and 6b also show that mesh resolution has a 

higher impact on the water level dynamics prediction compared to the channel roughness 

coefficients, floodplain roughness coefficients, and upstream flow boundary conditions. There 

are some differences between the ranking based on RMSE and KGE. According to the RMSE, 

there is a relatively smaller difference between the sensitivity of factors compared to the KGE. 

Also, unlike KGE, when RMSE is used, the upstream boundary condition is more important than 

the channel roughness coefficient.  In addition, both RMSE and KGE plots show that the 

roughness coefficient factors are less or equally ranked compared to the boundary condition at 

the local scale (IVARS10), while moving toward larger scales, they dominate the boundary 

condition factor. Based on the obtained confidence intervals, the result of RMSE sensitivity has 

more uncertainty compared to KGE for the majority of factors. The results from RMSE indicate 

that the confidence interval associated with the DEM for the Sobol index is wider than the other 

sensitivity indices. It is also noted that if we had used a different performance measure, it is 

expected that depending on the nature and structure of the performance measure, we would have 

seen slightly different results.  

Considering the F index (figure 3-6c), floodplain roughness coefficient and upstream 

boundary condition are the most sensitive factors for flood extent mapping according to all the 
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sensitivity metrics. For the smaller scale values, the sensitivity of these two factors is 

comparable, however, as the scale value increases the sensitivity of the floodplain roughness 

coefficient rises significantly. Similar to KGE and RMSE analysis, there is an inconsistency in 

the ranking of the factors using the F index. Based on F analysis, mesh resolution is more 

important than terrain resolution. Moreover, according to the F, the floodplain roughness 

coefficient is less important than the boundary condition at the small-scale analysis (IVARS10), 

while at medium-/large-scale (IVASR30/IVARS50), the floodplain roughness coefficient is more 

important. Considering the F statistics confidence intervals, in general, the uncertainty in the F 

sensitivity analysis is higher than the other measures, particularly in IVARS10 results.  

According to RMSE at high-water marks, mesh resolution is the most important factor 

considering all the VARS sensitivity metrics and the Sobol method. Although IVARS10 shows 

less sensitivity to DEM resolution, IVARS50 (larger scale metric) and Sobol method 

demonstrate the importance of both floodplain roughness coefficient and DEM resolution. This 

result and what we have learned in the behavior of the F measure indicated that we cannot rely 

on a specific perturbation scale and should consider the full spectrum of perturbations scale for 

factor ranking identification. Similar to the KGE results, the confidence intervals are on average 

narrow for RMSE at high-water marks, which implies lower uncertainty in the results.  

Overall, both figures 3-4 and 3-5 demonstrate that depending on the purpose of modeling, 

the rank of sensitive factors is completely different. The DEM resolution and mesh resolution are 

the most sensitive factors when the simulation of water level dynamics at gauges is the main 

purpose. The floodplain roughness and the upstream river boundary conditions have the highest 

impact on the flood extent mapping, respectively.  Overall, considering RMSE at high water 

marks as a measure of both flood extent and flood level and summarizing the results of the other 



105 
 

three measures (RMSE at gauges, KGE, and F), mesh resolution, DEM resolution, and 

floodplain roughness coefficient are found to be the three most influencing factors for flood 

inundation mapping. In general, the uncertainty associated with the IVARS50 values remains 

low for all the metrics, unlike the other sensitivity indices. In addition, the similarity of 

IVARS50 and Sobol confirms the fact that the VARS results at the large-scale approach to the 

Sobol results (Razavi and Gupta, 2015).  
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Figure 3-6 The ratio of HEC-RAS 2D sensitivity (along with  90% confidence intervals (CI) 
estimated using bootstrapping) to different factors including CRC (Channel Roughness 

Coefficient), FRC (Floodplain Roughness Coefficient), DR (DEM Resolution), MR (Mesh 
Resolution), and BC (Boundary Condition) using four performance measures of RMSE (a), KGE 

(b), F (c), and RMSE at high-water marks (d). 
 

The primary interest of this study is to identify the most influential factors on HEC-RAS 

2D model output variability. To learn more about the robustness and reliability of the obtained 
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factor rankings, we illustrated how the factor rankings change as the sample size increases and 

also estimated the reliability that one can place on the result (Figure 3-7). The first four rows in 

figure 3-7 show the convergence result of each factor ranking considering each sensitivity index 

and model output. The bottom bar charts show the percentage of reliability of the final factor 

ranking. The reliability is calculated as the percentage of times among 1000 bootstrap resampling 

that the sensitivity ranks of the factors were identical to ranks obtained by the original sample.  

Based on the results, RMSE at high-water marks factor ranking seems very stable and does not 

change as the sample size increases. We can also see high reliability in the final factor ranking 

for RMSE at high water marks. On the other hand, the result of ranking for the F index is less 

reliable and robust. Overall, both IVARS50 and Sobol show the highest robustness and 

reliability in the most influential factors. The results also indicate that IVARS50 is the most 

robust and reliable sensitivity metric compared to its counterparts.   
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Figure 3-7 The first four rows show the factor ranking as the sample size increases for each 
sensitivity index and model output. The bottom bar charts show the percentage of reliability of 

the final factor rankings. 

 

Using the variance-based first-order indices, we can estimate the fraction contribution of 

interaction effects on the variance of the model outputs. Table 3-2 shows the first-order indices 

(main effects) of different model factors used in this study.  
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Based on the results, the sum of the main effects (the total fractional contribution of the 

individual factors to the output variance) is close to one, which indicates interactions do not play 

a significant role in the variability of the model outputs and thus the HEC-RAS 2D model 

response can be considered approximately as an additive function of the factors. 

 

Table 3-2 The main effects of different factors used in this study 
  Main Effects 

RMSE (USGS Gauges) KGE F RMSE (HWMs) 
Channel Roughness 
Coefficient 

0.149 0.029 0.025 0.031 

Floodplain Roughness 
Coefficient 

0.179 0.147 0.4 0.485 

DEM Resolution 0.378 0.531 0.102 0.114 
Mesh Resolution 0.217 0.052 0.028 0.247 
Boundary Condition 0.032 0.098 0.277 0.076 
Sum of the Main Effects 0.955 0.857 0.832 0.953 

 

The Optimum Model Configuration 

To explore the relationship between the accuracy and model run time of HEC-RAS 2D, 

multiple model setups are defined. Here, the accuracy is calculated by two performance 

measures, namely F and KGE. Floodplain roughness coefficient, channel roughness coefficient, 

and upstream boundary condition are set as equal for all simulations. The entire model 

configurations are run with 16 cores with 3.80 GHZ maximum frequency. Figure 8 shows the 

results of the comparison between the model run time and accuracy. The shape and color of the 

marker represent the computational mesh size and time interval, respectively. The figure shows 

that although using the finer computational time interval reduces the model run time, it usually 

does not affect the model accuracy (changes in the model outputs are negligible in most of the 

scenarios). This suggests that the modelers should pick the highest time interval that still 
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simulates the flooding river with no significant error. However, changing the mesh resolution 

affects both model accuracy and model run time. Considering the F index, we can see that the 

output range is very narrow, and as we lower the mesh size the model performance slightly 

improves. However, this improvement might result in a significant computation time. For 

example, in our case study, if we reduce the mesh size from 100 meters to 20 meters, the F index 

can improve 0.38 percent while it significantly increases the execution time (30 times) and 

results in highly inefficient flood inundation simulation. This trades-off reveals that the optimum 

configuration point that considers both accuracy and model run time should be chosen.  

Similarly, considering the KGE (figure 3-8b) shows that reducing the mesh size will mostly 

improve the model accuracy. Our result shows that selecting the mesh size of 20 meters yields 

the highest KGE values, although very close to the result of using 40- and 60-meters mesh sizes. 

In general, depending on the priority of accuracy vs model run time, the optimum configuration 

points can be either the (30, 20) or (30, 40) while the former is slightly more accurate and takes 

less time to run. It should be noted that the suggested model configuration points are specific for 

this study area and may vary for other sites with different topography and land cover 

characteristics. However, using a similar approach is highly recommended as it can improve the 

overall performance of flood inundation modeling. 

 

 

 

 



111 
 

 

Figure 3-8 The composite plot of the relation between the accuracy and model run time of the 
HEC-RAS 2D model. The model accuracy is calculated by two performance measures, namely F 

(a) and KGE (b) on the y-axis. The x-axis is the estimated computational time required to 
execute the model over the simulation period. The shape and color of the marker represent the 

computational mesh size and time interval, respectively. 
 
Discussion  

An important decision that usually flood inundation modelers deal with is how to 

prioritize resources (computational/storage/time) for reliable and efficient flood risk simulations. 

Knowledge of the model’s behavior enables us to understand the extent to which defining the 

model’s factors affects the output of interest. In this study, we used multiple sets of simulations 

to evaluate the impact of different factors on the HEC-RAS 2D model performance. As 
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mentioned earlier, the VARS method is based on the variogram analysis of the response surface 

across a full range of perturbation scales. Using variogram-based analysis (VARS) is 

advantageous compared to conventional sensitivity analysis methods, namely derivative-based 

(Morris) and variance-based (Sobol) methods because 1) The VARS method accounts for the 

response surface structure by evaluating the sensitivity of the model response surface across the 

full spectrum of scales and provides a more comprehensive understanding of the sensitivity. On 

the other hand, the derivative-based and variance-based approaches only reflect two specific 

realizations of the VARS for very small and large scales, respectively. For example, in this 

study, the Sobol method shows that floodplain roughness coefficient and upstream boundary 

condition are the most influential factors for flood extent mapping (figure 6c) and the impact of 

the rest of the model factors is much smaller. However, the VARS method shows that the impact 

of mesh resolution and DEM resolution are comparable with the former model factors when the 

perturbation scale is small. Therefore, VARS bridges the gap between these two conventional 

approaches by providing more information about the structures of the response surface (Razavi 

and Gupta 2016a). 2) The VARS method is computationally more efficient compared to 

derivative-based and variance-based methods because it is based on the information contained in 

pairs of points, rather than individual points (Razavi and Gupta 2016a). Using this efficient 

approach, and applying a practically efficient sampling strategy, named star-based sampling 

(Razavi and Gupta, 2016b), we only implemented 4600 model simulations for assessing the 

sensitivity of HEC-RAS 2D to five different factors. We refer to the previous study by Savage et 

al. (2016) where they implemented 52000 model simulations to evaluate the sensitivity of 

LISFLOOD-FP by the Sobol method. Since flood inundation modeling with hydrodynamic 

models is a computationally extensive task, using VARS which requires a much smaller number 
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of model simulations is significantly advantageous for sensitivity analysis of hydrodynamic 

models especially for large-scale domains. Our results also indicated the robustness and 

reliability of factor ranking using IVARS50 compared to IVARS 10, IVAR30, and Sobol total-

order index.  

Based on our analysis, regardless of the perturbation scale, DEM resolution is the most 

important factor for predicting water level dynamics and is one of the three major factors that 

affect the flood inundation areas. Therefore, depending on the interest in either the dynamic of 

inundation or the flood extent, one should carefully consider the associated uncertainty with 

topography. There are multiple methodologies that the modelers can adopt to have a better 

representation of small-scale features in coarser DEMs and produce the best representation of 

topography (Fewtrell et al., 2008). The importance of DEM resolution has been highlighted by 

other studies conducted on the sensitivity of water level and inundation area to the hydrodynamic 

model factors. For instance, Savage et al. (2016) explained that the uncertainty introduced by 

resampling topographic data to coarser resolutions are more important for water depth 

predictions.  Similarly, Oubennaceur et al. (2019) found that the predicted water depth is more 

sensitive to topography data compared with the roughness coefficient and flow rate. In addition, 

Muthusamy et al. (2021) described the significant impact of DEM resolution on the accuracy of 

predicted flood extent maps during the stimulation of flooding event caused by Storm Desmond 

in Cockermounuth, UK (in 2015) using the HEC-RAS 2D hydrodynamic model. Our results 

demonstrate that floodplain roughness coefficient and mesh resolution are two other important 

factors that need additional attention for maximum water level prediction. This shows when a 

decision-maker's concern is about the maximum floodwater level at specific locations DEM 

resolution, floodplain roughness coefficient, and mesh resolution factors would be important. In 
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addition, we showed that the uncertainty of the upstream boundary and floodplain roughness 

coefficients can have a significant impact on the flood extent prediction exceeding the 

importance of the other model parameters. Upstream condition in inundation models is often 

derived from either rating curves or hydrologic models which both involve considerable 

uncertainty (Moradkhani et al., 2019; Pelletier, 2011). The high impact of inflow on the flood 

extent variability and the high level of uncertainty with inflow data indicates that modelers must 

consider the upstream boundary condition uncertainty when the extent of flooding is of interest. 

The higher importance of floodplain roughness compared to the channel roughness is in contrast 

with the findings of other studies that showed a minimal contribution of floodplain roughness 

coefficient to flood extent prediction (Horritt, 2006; Liu et al., 2019; Savage et al., 2016). This 

confirms the fact that sensitivity analysis depends on the model structure and the study area. For 

instance, Hall et al. (2005) and Savage et al. (2016) found that the channel roughness coefficient 

is more important than floodplain roughness for flood extent mapping. However, both of these 

studies have tested the sensitivity of the LISFLOOD-FP model which has a different model 

structure compared to the HEC-RAS 2D. Moreover, their investigations suggested that 

depending on the region of the study, the relative sensitivity of the floodplain roughness 

coefficient can be different. Liu et al. (2019) also found that the flood extents simulated by HEC-

RAS 2D are not that sensitive to the floodplain roughness. However, their results were based on 

a local sensitivity analysis that estimates the model response variation by changing the floodplain 

roughness values at a few discrete points. On the other hand, here we apply a comprehensive 

global sensitivity analysis with more than 4000 model configurations which provide a more 

robust sampling of the response surface.  
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According to our results, the inundation area generated by the HEC-RAS 2D is highly 

sensitive to the floodplain roughness coefficient. Due to the key role of this factor, it is worth 

further investigating the floodplain roughness impacts on the accuracy and variance of HEC-

RAS 2D model results. Since we have assumed a uniform roughness coefficient across the 

floodplain, we conduct a new experiment that evaluates the impacts of using distributed 

floodplain roughness coefficient on the results. We set up 200 new model simulations, where the 

floodplain roughness coefficient for each type of land use category is randomly selected from the 

range indicated in table 3-1 while keeping the rest of the model factors constant. Then we 

compare the variance and accuracy of new model outputs with a subset of our previous 

simulations that includes a range of different uniform floodplain roughness coefficients while 

other factors are identical to our new experiment. Figure 3-9 shows the distribution of 

performance measures for both randomly distributed and uniform floodplain roughness 

coefficient scenarios with yellow and red colors, respectively. Based on this figure, regardless of 

the types of the model output, using a uniform floodplain roughness results in better or similar 

model performance compared to using distributed floodplain roughness. This is consistent with 

the findings of Lui et al. (2019), who indicated that the result of using a unique floodplain 

Manning's n value is either better or similar to the results of using distributed floodplain 

roughness. A comparison of two distributions also shows that using a uniform floodplain 

roughness leads to a larger variance of model outputs compared to the distributed floodplain 

roughness values. This is because using unique values across the floodplain has a higher chance 

of generating extreme scenarios than when distributed floodplain roughness coefficients are 

used. 
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Figure 3-9 Distribution of KGE (a, d), RMSE (b, e), F (c), and RMSE at high-water marks (f). 
The yellow color shows the relative frequency of performance measures for distributed 

floodplain roughness coefficients. The red color displays the relative frequency of performance 
measures for uniform floodplain roughness coefficients. 

 

In the second part of the analysis, we performed 25 new model simulations to investigate 

the relation between the model accuracy and run time. Our results suggested that for the 

prediction of both water levels and flood extent maps reducing the computation time interval has 

the minimum impact, as it degrades the model efficiency without improving the model accuracy. 

In addition, selecting the optimum mesh size depends on the output of interest. Considering the 

water level prediction, reducing the mesh size improves the model accuracy, however when we 

use smaller mesh sizes (20-40 meters), the improvement rate decreases while the computational 

time of modeling significantly increases. On the other hand, for flood extent mapping, using a 

smaller mesh size does not improve the accuracy, therefore, mesh resolution can be considered 

as a non-influential factor on the prediction of flood extent maps.  The illustration of accuracy-
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run time relation in Figure 3-8 is beneficial as it provides user-friendly guidelines for picking the 

optimum configuration points and can be generalized to different environmental models (e.g., 

hydrologic and climate models) in other fields.  

Our results demonstrate the role and importance of different factors that contributed to 

the generation of flood inundation maps via HEC-RAS 2D hydrodynamic model. It is worth 

mentioning that the findings of sensitivity analysis for flood simulation are highly dependent on 

the model structure and study area.  In addition, it is impossible to find a unique solution 

indicating the most sensitive factors that are generalizable to different types of floods (e.g., 

urban, coastal, fluvial, and pluvial floods) with different intensities (extreme floods vs typical 

floods) at different scales (small, medium, and large scale). Therefore, the findings of this study 

are exclusive to the HEC-RAS 2D model and are more suitable for the simulation of extreme 

flood events at a medium scale (DEM ~ 30 m). Future studies can focus on the sensitivity of the 

HEC-RAS 2D model for other regions, different types of floods, and intensities at other scales. 

As a side note, since there is not a unique way to define sensitivity, using different GSA methods 

(other than those employed here) might have led to a different factor ranking (Pappenberger et 

al., 2008). While in this study we used random sampling, which is extracted without considering 

the previously generated sample points, using a different sampling strategy (e.g., Orthogonal/ 

Latin Hypercube Sampling) could better represent the real variability and reduce the inherent 

sampling error (Mckay et al., 2000; Owen, 1992). In addition, in this study, we used four 

performance metrics to analyze the model sensitivity to its factors. However, these types of 

sensitivity analysis are more useful for model calibration and require some reference data which 

is one of their limitations (Razavi and Gupta, 2019). Therefore, for future study, one can focus 

on the model response directly (i.e., the values of maximum water levels, time of the inundation, 



118 
 

etc.). In general, this information paves the way for better interpretation of hydrodynamic 

processes which results in a more efficient calibration and assimilation of the HEC-RAS 2D 

model. Furthermore, future studies conducted on the sensitivity analysis of HEC-RAS 2D can 

also consider additional modeling factors such as the number and type of computational mesh, 

different DEM data sources, the bathymetry, and river geometry.   

 

Summary and Conclusion 

In this study, we applied variogram and variance-based GSA methods to assess the 

sensitivity of the HEC-RAS 2D hydrodynamic model to the channel and floodplain roughness 

coefficients, upstream boundary condition, and computational mesh size, and DEM resolution. 

We evaluated the HEC-RAS 2D model performance over the San Jacinto River basin during the 

extensive flooding of Hurricane Harvey in 2017 using 4600 model configurations. The response 

surfaces of the GSA approach used in this study are four performance measures of RMSE at 

gauges, KGE, RMSE over the high-water marks, and F that represent the dynamic of water level, 

maximum water level, and flood extent simulations. For our case study, we found that depending 

on the scale of sensitivity, the type of performance measure, and predicted output the sensitivity 

to the various input factors changes. For the simulation of water level dynamics, the DEM and 

mesh resolution are the most important factors, respectively. The floodplain roughness 

coefficient and the upstream boundary condition play a key role in flood extent mapping.  

Finally, this study demonstrates that HEC-RAS 2D is more sensitive to mesh resolution, 

floodplain roughness, and DEM resolution when the prediction of maximum water level is the 

main goal of simulations. The fact that the results of sensitivity analysis vary depending on the 

model output (target of simulation), shows the complexity of flood modeling and indicates that it 
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is unlikely to find a single factor to be the most influential for all types of model outputs. Our 

findings indicate that the sensitivity of HEC-RAS 2D prediction is complex and the modelers 

should carefully prioritize the input factors depending on their target model output.  The results 

imply that regardless of the types of the model output, using a uniform floodplain roughness 

results in better or similar model performance compared to using distributed floodplain 

roughness. Additionally, in this study, we investigated the relation between the accuracy and 

efficiency of HEC-RAS 2D. Our findings indicated that the impact of computational time 

interval on the model accuracy is negligible and finer mesh resolution increases model accuracy 

while decreasing model efficiency.    
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CHAPTER 4 A MULTIVARIATE SCALING SYSTEM IS ESSENTIAL TO 
CHARACTERIZE THE TROPICAL CYCLONES’ RISK4 

 
Abstract 

 
The current Tropical Cyclones (TCs) scaling system, Saffir-Simpson Hurricane Wind 

Scale (SSHWS), characterizes the hazardousness of these events solely based on wind speed. 

This is despite the fact that TCs are classic examples of compound hazards during which 

multiple hazard drivers that are wind, storm surge, and intense rainfall interact and yield in 

impacts greater than the sum of individuals. Studies have shown that people's decision to 

evacuate is highly related to the estimated SSHWS category. Thus, the current SSHWS -based 

classification of TCs yields an underestimation of the hazardousness of TCs and so may 

misguide the threatened communities. Here we propose a new scaling system that uses Copulas 

for categorizing TCs based on the likelihood of a given set of severity for rainfall, surge, and 

wind speed. We use a variety of data sources to obtain the timing and intensity of wind speed, 

rainfall along the track, and the associated maximum surge for 102 TCs that have made landfall 

in the United States Atlantic and Gulf coasts between 1979 and 2020. Comparing the outputs of 

our scaling system with official damage reporting for the costliest TCs in the history of the 

United States, we show that the proposed approach significantly improves TC hazard 

communication and can be useful for informing decision makers and emergency responders.  

Keywords: Tropical Cyclones; compound hazard; Copula; hazard communication 
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Scaling System is Essential to Characterize the Tropical Cyclones’ Risk. Earth's Future. 
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Introduction  

Tropical cyclones (TCs) are among the most devastating natural disasters in the world. 

Despite the tremendous national governments' protection efforts, they still result in the loss of 

lives and properties (Karimiziarani et al., 2022; Klotzbach et al., 2018; Sebastian et al., 2017; 

Tennant and Gilmore, 2020). TCs are compound hazards, during which a combination of climate 

processes and hazards (i.e., torrential rainfall, intense winds, and abnormal surge) lead to 

significant societal impacts greater than the impacts each can produce in isolation (de Ruiter et 

al., 2020; Leonard et al., 2014; Zscheischler et al., 2020, 2018).  

Current TC hazard characterization frameworks are incomprehensive and lack the 

systematic consideration of the compounding effects of hazards. Although TCs cause compound 

events, the Saffir-Simpson Hurricane Wind Scale (SSHWS), the current scaling system used for 

classifying the level of hazardousness of TCs in the Atlantic, eastern and central Pacific, relies 

only on wind speed. Studies indicated that people's decision to evacuate is heavily related to the 

SSHWS category (Lazo et al., 2010; Morss and Hayden, 2010). While intensive winds 

associated with TC cause severe property damage and casualty, torrential rainfall accompanied 

by weakened wind speed, cause extensive flooding (Oldenborgh et al., 2017; Touma et al., 

2019). Slow-moving TCs in coastal areas result in massive flooding due to heavy rainfall amount 

and destructive surges (Kossin, 2018). Rappaport (2014) investigated the causes of loss of life 

from Atlantic tropical cyclones in the United States from 1963 to 2012. He identified that storm 

surge is responsible for about half of the fatalities (49%) followed by heavy precipitation and 

strong winds with 27% and 8%, respectively. Due to climate change and sea-level rise, TC-

driven flooding in coastal areas is expected to increase in the future (Elsner et al., 2008; Marsooli 
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et al., 2019; Woodruff et al., 2013). Recent tree-ring–based analysis on extreme precipitation 

attributed to TC shows the increasing trend in precipitation amount as a result of slowing TC 

translation speed (Maxwell et al., 2021). The increasing frequency of TC rainfall and surge joint 

hazard (Gori et al., 2022) and the fact that TCs are one of the largest drivers of coastal flood 

losses across US Atlantic and Gulf coasts (Hallegatte et al., 2013; Peduzzi et al., 2012), raise the 

need for an enhancement in TC hazard assessments.     

TCs hazard categories are effective risk communication tools that can help people with 

their disaster related behaviors and actions. Therefore, using an enhanced TC scaling system that 

accounts for different TC hazard components can improve residents’ preparedness and their 

response decision. In a previous study, we proposed a new TC categorization scale that considers 

the joint probability of cumulative precipitation and wind speed (Song et al., 2020). We 

compared our results with those from SSHWS’s (based on wind speed only) and concluded that 

including the precipitation in TCs scaling system improves TCs hazard characterization and risk 

estimation. Although informative, the proposed scale did not account for the hazard of a potential 

surge. Senkbeil and Sheridan (2006) and Bloemendaal et al. (2021) proposed alternative TC 

hazard categories that consider the wind speed, surge, and precipitation simultaneously, by using 

physical concepts and dividing the possible range of each driver into different categories. These 

studies ignored the correlation among TCs drivers and considered them independently.  

Here we propose a novel approach for comprehensive risk assessment of TCs based on the joint 

probability of all hazard components (i.e., rainfall severity, wind speed, and surge height). We 

gather the required information of the Atlantic and Gulf TCs from a variety of publicly available 

data sources including HURricane DATa 2nd generation (HURDAT2), the world’s storm 

SURGE DATa (SURGEDAT), phase 2 of the North American Land Data Assimilation System 
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(NLDAS-2), and National Hurricane Center (NHC) report. We characterize the joint likelihood 

of TC-driven hazards using Copula functions and then define new TCs hazard categories 

considering the estimated joint exceedance probability of extreme winds, torrential rainfall, and 

surges during TC events. We integrate the estimated hazard of the 36 costliest TC in the U.S. 

history using SSHWS categories and our proposed multi-hazard scaling with the vulnerability of 

the affected areas to estimate the risk of these historic events and compare it with the official 

reported damage. This comparison helps evaluate the usefulness of our novel scaling system with 

the current practices.  

 

Data and Methods 

In this study, we propose a new TC hazard scaling that takes into account each event's 

associated wind speed, rainfall severity, and surge height. We gather the information of 102 

Atlantic TC that made landfall in the CONUS between 1979 to 2020 and then fit the marginal 

and joint distributions to data to estimate the joint probabilities of the compound events. We 

integrate the inverse normal of the compound hazard probability with the social vulnerability 

index to generate a risk proxy for each event and compare it with the officially reported 

damages. The detail of the datasets and the methodology are explained in the following 

subsections.  

 

HURDAT2 

The revised Atlantic TC database, HURricane DATa 2nd generation (HURDAT2), is a 

NOAA dataset that provides all the six-hourly information of tropical cyclones and subtropical 

cyclones into a comma-delimited, text file. This information includes, but is not limited to, 
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location, maximum winds, and a central pressure of all known TC events between 1851 and 

2020 (Landsea and Franklin, 2013). We linearly interpolated data to construct an hourly dataset 

in order to be consistent with the NLDAS-2 hourly precipitation. We use the date, time, location, 

and maximum sustained wind speed data from 1979 to 2020.  

 

NLDAS-2 

The hourly precipitation data from Phase 2 of the North American Land Data 

Assimilation System (NLDAS-2) is available at 1/8th-degree spatial resolution (about 12 km) for 

the period of January 1979 to the present (Xia et al., 2012). This hourly precipitation data is 

generated from multiple in situ and remotely-sensed data sources (Yu et al., 2017). Although the 

radius to maximum wind speeds is often less than 100 km, the precipitation radius can be much 

larger. For instance, for the case of hurricane Harvey 2017 and hurricane Irma 2017, the 

maximum precipitation rate has been observed in the radius of 350-400 km and 400-550 km, 

respectively (Pérez-Alarcón et al., 2021). To sample the precipitation associated with TCs at time 

t, in our previous study (Song et al., 2020), we extracted the cumulative precipitation within a 5-

degree radius buffer area of the eye of TCs over three hours window of time t-1, t, and t+1. 

Although using this method improved the characterization of TC hazards, it does not indicate if 

TCs rain over the same area over the three hours (slow moving TCs that result in extensive 

flooding like Hurricane Harvey 2017) or affect different areas with fewer overlaps impacts (fast 

moving TCs). Here, the date, time, and location of TC acquired from our constructed hourly 

HURDAT2 are utilized to extract the 3-hourly cumulative precipitation (i.e., the total 

precipitation for times t-1, t, and t+1) using a 5-degree radius buffer area from the center point of 

the TC at time t. Estimating the precipitation amount from the same location represents the 
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magnitude of slow moving TCs which can cause heavy rain due to their duration of influence 

(Yamaguchi et al., 2020). Since we used a 5-degree radius as the approximation of TC size in our 

study area, we sampled wind and precipitation from those parts of the TCs that are within 5 

degrees of shorelines. 

 

SURGEDAT 

The world’s storm SURGE DATa (SURGEDAT) developed in the Louisiana State 

University is an archive of the location and height of more than 700 TC surge around the world 

since 1880 (Needham et al., 2015). This information is gathered from multiple sources including 

government reports, historic maps, academic papers, books, and newspapers. To match NLDAS-

2 data availability, we use SURGEDAT to extract all the tropical surges along the U.S. Gulf and 

Atlantic coasts since 1979. The SURGEDAT available information does not include the storm 

surges after 2014, therefore we use NHC reports to obtain those hurricanes surge data that hit the 

U.S. coasts between 2014 and 2020. As we only had maximum surges available for each event, 

after using time series of precipitation and wind to conduct two-way sampling over the wind 

speed and precipitation for the events, instead of using a threshold to select multiple samples 

from the time series, we only used a maximum of two samples from each event that were 

associated to the reported maximum surge.  

 

Multivariate Hazard Categories 

To develop alternative TC hazard categories that consider the compound hazard of TC 

events, we employ vine copulas, which are shown to be effective tools for modeling high-

dimensional dependencies (Bedford and Cooke, 2002; Joe, 2014). Copula is a multivariate joint 
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probability distribution of uniform marginal distributions. Based on Sklar’s theorem (Sklar, 

1959), if 𝐹L(𝑥L) = Pr	(𝑋L ≤ 𝑥L)	there always exists a copula such that 

𝐻(𝑥9, … , 𝑥M) = 𝐶[𝐹9(𝑥9), … , 𝐹M(𝑥M)]                                                                                    (1) 

where H represents the joint distribution of random variables, F is the marginal distribution, 

and C is the copula function.  

Here, to estimate the marginal distribution for each variable, i.e., TCs windspeed, surge, 

and precipitation, we evaluate 17 different continuous distribution functions that previously have 

been used to fit skewed data (Sadegh et al., 2018). First, we employ the chi-square goodness-of-

fit test to see whether data is sampled from distributions at a 5% significance level. From those 

distributions that pass the test, we select the one that minimizes the distance (root mean square 

error) between empirical probability values and the estimated values.  

Although copulas are a popular approach due to their flexibility on marginal distributions and 

correlation structure selection compared to classic joint probability distribution functions (Joe, 

2014; Moftakhari et al., 2017), standard multivariate copulas can become inflexible in high 

dimensions and also do not allow for different dependency structures between pairs of variables 

(Aas et al., 2009; Czado, 2010; Madadgar and Moradkhani, 2013; Sukcharoen and Leatham, 

2017). To overcome these limitations, Joe (1996) and later Bedford and Cooke(2002, 2001) have 

introduced a more advanced and flexible graphical model denoted as the vine copula. Vine 

copulas decompose an n-dimensional multivariate probability density into at least 𝑛(𝑛 − 1)/2 

bivariate copulas densities using 𝑛 − 1 linked trees (Eq 2).   

𝑓(𝑥9, … , 𝑥M) =

∏ ∏ 𝑐L,(L8O)|(L89),…,(L8O79)(𝐹g𝑥L|𝑥L89, … , 𝑥L8O79i, 𝐹(𝑥L8O|𝑥L89, … , 𝑥L8O79))	.
M7O
LQ9 	∏ 𝑓R(𝑥R)M

RQ9
M79
OQ9                                                   

(2) 
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where 𝑓R , 𝑘 = 1,… , 𝑑, denote the marginal densities and 𝑐() refers to the bivariate copula 

densities with 𝑖 < 𝑗. 

In this paper, to construct and fit a vine copula model to our data we use the R 

VineCopula package which provides 48 bivariate copula families including Elliptical copulas 

(Gauss, t-), one-parametric Archimedean copulas (Clayton, Gumbel, Frank, Joe, ...), two-

parametric Archimedean copulas (BB1, BB7, etc.), and rotated versions of one-parametric and 

two-parametric Archimedean. Since there is a huge number of possible vines, this package 

selects the structure of trees using Czado et al.’s (2012) approach for finding optimal C-vines 

structure, Traveling Salesman Problem for D-vines, and Maximum Spanning Tree for R-vines 

(2012) structure selection. In addition, the package uses either Akaike's Information Criterion 

(AIC), Bayesian’s Information Criterion (BIC), or log-likelihood as the bivariate copula 

selection criteria and Maximum likelihood estimation for estimating their parameters, 

simultaneously. To assess if the selected vine copula function can represent the distribution of 

our sample, we test the estimated CDFs versus the joint empirical CDFs using two-sample 

Kolmogorov-Smirnov test at the 5% significance level. 

We define the Multihazard Hurricane Index (𝑀𝐻𝐼) using the non-exceedance probability 

from the vine copula model as follows: 

𝑀𝐻𝐼(𝑥9, 𝑥!, 𝑥E) = 	𝑁79(𝑃𝑟(𝑋9 ≤ 𝑥9	𝑜𝑟	𝑋! ≤ 𝑥!	𝑜𝑟	𝑋E ≤ 𝑥E	)	) = 𝑁79(𝐹9(𝑥9) + 𝐹!(𝑥!) +

𝐹E(𝑥E) − 𝐹9!(𝑥9, 𝑥!) − 𝐹9E(𝑥9, 𝑥E) − 𝐹!E(𝑥!, 𝑥E) + 𝐶[𝐹9(𝑥9), 𝐹!(𝑥!), 𝐹E(𝑥E)])                       (3) 

where 𝑁79 is the inverse normal function, variables 𝑋9, 𝑋!, and 𝑋E represent values of wind 

speed, rainfall severity, and surge, respectively. 𝑀𝐻𝐼 at the wind speed margin (when the events 

are associated with minimal precipitation and surge) is consistent with SSHWS as we use the 

non-exceedance probability of 0.703, 0.867, 0.927, 0.968, and 0.99 corresponding to SSHWS 
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wind speed thresholds of 74, 96, 111, 130, and 156 mph to divide the 𝑀𝐻𝐼 to different 

multivariate hazard categories. While this methodology results in similar SSHWS and MHI 

categories at wind speed margin, it alters the MHI categories when the amount of precipitation 

and surge are considerable. We use the terminologies of SSHWS for MHI categories to be 

consistent with the public’s perception of hazardous events. 

 

Social Vulnerability Index (SVI) 

The Centers for Disease Control and Prevention's (CDC) Social Vulnerability Index 

(SVI) is based on 15 census variables that consider unemployment, minority status, disability, 

housing, and transportation and aims to identify communities that may need support before, 

during, or after natural or human-caused disasters, or disease outbreaks (Flanagan et al., 2011). 

This dataset is available for the years 2000, 2010, 2014, 2016, and 2018 at both US census tract 

and county level resolutions. For simplicity, accuracy, and consistency, we use the 2018 SVI at 

the county level to evaluate the U.S. counties' vulnerability to TC events (Alipour et al., 2020). 

To identify the most affected areas, we use a 3-degree radius buffer area of which the center 

point is the middle point of TC reported surge and the associated maximum wind location. We 

examined the correlation between 15 vulnerability factors and the TC actual damage reported by 

NCEI and found the largest correlation value (0.55) in integrating factors namely, people who 

speak intermediate, households with people either older than 65, younger than 16, single parents 

or with disabilities, and housing units with more than one occupant per room. The integrated 

vulnerability index later will be used to produce a TC risk proxy and assess the MHI 

performance.  
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Results 

There exists a statistically significant correlation (at 5% significance) between the three 

TC-driven hazards considered here. In this study, we used Kendall's tau rank correlation 

coefficient to evaluate the dependencies between the TC hazard components. Based on our 

analysis, the correlation varies from strongly positive between surge and wind (0.48) to a weak 

negative correlation between wind and rainfall (0.14), and a weak positive correlation between 

rainfall and surge (0.28) (Figure 4-1). To estimate the distribution of each variable, we evaluated 

17 different continuous marginal distribution functions and ended up fitting the inverse Gaussian 

distribution to the wind speed data and generalized extreme value distribution to the rainfall 

severity and surge data. 
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Figure 4-1 The histogram and the fitted distribution of the three TC hazard components (a, b, c) 
and scatterplots and the linear trend line corresponding to each pair (d, e, f). 

 
We use the marginal distributions to estimate each variable probability/cumulative 

distribution function (CDF) and construct a C-vine copula that models the joint probabilities of 

three TC hazard components. C-vine copula has a star structure that uses surge as the root node 

and fits a Gaussian copula to wind speed and surge pairs and a Frank copula to rainfall severity 

and surge pairs at the first tree and then fits an independent copula to the variables at the second 

tree. In this study, Copulas are employed to obtain the events' non-exceedance probabilities and 

categorize them based on the multivariate hazard index, which is defined as the inverse normal 

of non-exceedance probability. Figure 4-2a shows the joint probability values across the three 

factors space using the C-vine copula model. The multivariate TC hazard categories are based on 
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the inverse normal values corresponding to SSHWS wind speed thresholds. SSHWS considers 

the wind speeds ranges of 74-95, 96-110, 111-130, 131-155, and ≥156 mph as a hurricane 

category 1 to 5, respectively, and events associated with wind speed less than 74 mph as tropical 

storm/depression. We use the same thresholds to classify the multivariate hazard index. This 

includes 0.533, 1.112, 1.454, 1.852, and 2.33 values, which correspond to the inverse normal of 

the non-exceedance probabilities of 74, 96, 111, 131, 156 mph wind speed at the margin, 

respectively. Figure 4-2b displays multivariate TC hazard categories. The different colors in this 

figure represent different categories, with yellow representing MHI tropical storms or 

depressions and dark red representing MHI hurricane category 5, the most severe TC events. 

This figure indicates TCs that are associated with low wind speed, but large surge or rainfall 

severity are categorized with a more severe ranking.  

 

Figure 4-2 Subplot “a” displays the joint cumulative distribution of wind speed, rainfall severity, 
and surge, with blue representing lower non-exceedance probabilities and red denoting higher 
values. Subplot “b” shows the distribution of TC categories based on the multivariate hazard 

index. 
 

Figure 4-3 displays some of the TCs that are characterized by severe surges or torrential 

rainfall but with low wind speed. Figure 4-3a depicts a few of the TCs with reported wind speeds 
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from 74 to 95 mph, which fall within the range that SSHWS considers being a hurricane 

category 1. For example, using our proposed multivariate hazard index, Irene in 2011, which was 

associated with extreme rainfall, can now be considered a MHI category 4 hurricane. Similarly, 

Sandy in 2012, with a storm surge of more than 12 feet, can be classified as a MHI category 2 

hurricane. Figure 4-3b also depicts some of the most devastating TCs in US history, which were 

associated with winds ranging from 96 to 110 mph, the range of wind speed that SSHWS 

classifies as a hurricane category 2 but brought severe surge and rainfall amounts. For example, 

Ike in 2008 was associated with wind speeds ranging from 96 to 110 mph and was classified as a 

hurricane category 2 based on SSHWS, but it turned out to be a much more devastating storm 

and is now the seventh costliest Atlantic TC on the U.S. record. Ike is classified as a MHI 

category 5 hurricane due to the significant rainfall severity and surge.  
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Figure 4-3 The multivariate hazard categories for some of the most devastating TC in U.S. 
history were associated with low wind speed (< 74 mph for subplot “a” and 74 to 95 mph for 

subplot “b”). 
 

NOAA's National Centers for Environmental Information (NCEI), in collaboration with 

the National Hurricane Center (NHC), has provided damage estimates for the 50 costliest 

tropical cyclones to hit the United States (NCEI , 2021). The NCEI data set is provided using 

both insured and uninsured losses that would not have been incurred had the event not taken 

place. NCEI determines the total loss of events using multiple sources including the National 

Weather Service, the Federal Emergency Management Agency, U.S. Department of Agriculture, 

U.S. Army Corps of Engineers, individual state emergency management agencies, state and 

regional climate centers, and media reports, and insurance industry estimates. Among the 50 

costliest TC reported by NCEI, 36 of them made landfall over the CONUS between 1979 and 
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2020. We use the reported damage of these TC to evaluate the proposed multivariate hazard 

index. Figure 4-4 depicts the track of 102 TCs that were used in this study to construct the MHI 

along with the multivariate category and the location of the 36 costliest TC related storm surges. 

These storm surges were associated with strong wind speed and widespread rainfalls. The area 

near these points can be considered as the potentially affected areas from TC compound hazard. 

We refer the readers to supplementary material (Figure 4-S1) for more information on the 

comparison of TCs categorization between the SSHWS and the MHI.  
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Figure 4-4 The track of 102 tropical cyclones that made landfall on the US Atlantic and Gulf 
coasts between 1979 to 2020. Circles show the location of 36 costliest tropical cyclones 

according to the NCEI report 2021 adjusted cost. The colors represent hurricane categories based 
on the proposed multivariate TC hazard index. 

 

The multivariate hazard scale, which considers storm surge, wind speed, and rainfall 

severity simultaneously, can significantly improve the TC hazard communication. To assess the 

usefulness of our method and compare it with the SSHWS, we multiply the estimated hazard 
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levels with the integrated SVI vulnerability index. With this, we generated a proxy of the 

associate risk for each event that enables us to compare the results with the actual damage. The 

hazard levels are the inverse normal of the non-exceedance probability of a given event 

estimated from either the Copulas (for the multivariate approach) or the inverse Gaussian 

distribution (for the univariate approach that is only based on wind speed). We use spearman’s 

ranking correlation coefficient to measure the association between the estimated risks and NCEI 

reported damage. Figure 4-5 shows the result of multivariate categories versus SSHWS scale 

where colors represent categories for both SSHWS and multivariate categories. Overall, while 

the SSHWS has a good correlation with NCEI reported damage (0.59), using the multivariate 

hazard scale can significantly strengthen the correlation (0.78). These 36 TC are the most 

devastating storms on record, while the SSHWS classifies seven events as category 4 and above 

hurricanes, the multivariate hazard scale classifies nineteen of them as MHI category 4 and 5. 

Katrina as the most devastating TC on record with the maximum wind speed in the range of 111-

130 mph (SSHWS category 3), is classified as MHI hurricane category 5 (Figure 4-5c).  
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Figure 4-5 Comparison of damage ranks using both univariate and multivariate hazard indices. 
Subplot “a” is the adjusted damage of 36 costliest tropical cyclones to impact the US Atlantic 

and Gulf coasts between 1979 and 2020. Subplots “b” and “c” are estimated products of hazard 
and vulnerability. 

 

 
Discussion and Conclusion 

In this paper, we propose a new TCs hazard scaling system that considers the compound 

hazard of TCs. Our findings revealed that considering the rainfall severity and surge associated 

with TCs, as well as their wind speed, could significantly improve TC hazard communication. 

TC is the major cause of compound flooding in the Gulf of Mexico and North America (Lai et 
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al., 2021). The current TC scaling system solely based on wind speed underestimates the 

hazardousness of events such as Sandy 2012, Irene 2011, and Matthew 2016, which are 

associated with either torrential rainfall, severe surge, or both but weakened wind speeds. 

Furthermore, as the frequency of TC-driven intensive rainfall is increasing (Knutson et al., 2010) 

and TC translation speed is expected to decrease (Maxwell et al., 2021) (resulting in higher 

rainfall severities), our new scaling system can be a helpful tool to inform communities prone to 

TC risk.    

The rain-gauged data have limitations due to their spatial coverage, and satellite-based 

precipitation, available for 1979-2020, have relatively coarse spatial or temporal resolution and 

are subject to the inherent systematic biases and uncertainties in their retrieval algorithms (Shi 

and Song, 2015; Wang et al., 2019). Spatial homogeneity and temporally consistent precipitation 

estimate of reanalysis precipitation products make them a valuable source for historical analyses 

(Dollan et al., 2022). Considering the relatively fine temporal and spatial resolution of NLDAS-

2, in addition to the data availability, we used this dataset to extract the precipitation during the 

events. However, as NLDAS-2 combines different data resources and disaggregation 

methodology, it results in underestimating extreme precipitation (Behnke et al., 2016). Using 

more accurate precipitation can improve the characterization of precipitation associated with 

tropical cyclones and the dependency structure of TCs hazard drivers, which in turn result in 

improving TCs hazard categorization and communication. It should be noted that the sample size 

for our analysis is limited to the available TCs surge data. We obtained the surge data from the 

world's storm surge data center, which included a limited record of Atlantic TCs between 1979 

and 2020 (less than 100). Considering a more comprehensive surge data would enhance the 

proposed TC hazard scaling skill.  
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Although here we used the historical data for our analysis, the constructed MHI (shown 

in Figure 4-2) is designed to be used in the operational setting as well. For this purpose, hazard 

data shall be retrieved from TC forecasts. NHC provides the forecast of the cyclone’s center 

location and maximum 1-min surface wind speed using multiple weather numerical models 

(https://www.nhc.noaa.gov/modelsummary.shtml). This information can be linearly interpolated 

to have an hourly estimate of the track and maximum wind speed. The 3 hourly cumulative 

precipitation forecasts can be also retrieved from weather forecast models like the Global 

Forecast System (GFS) (https://www.ncei.noaa.gov/products/weather-climate-models/global-

forecast). And finally, the NHC provides storm surge forecasts using the Sea, Lake 

and Overland Surges from Hurricanes (SLOSH) model 

(https://www.nhc.noaa.gov/surge/slosh.php). SLOSH is a numerical model developed by the 

NWS to estimate storm surge heights resulting from TCs using a different set of parameters. 

Recent advancements in more detailed hydrodynamic simulation and operational coastal ocean 

forecasting enables predictions like CERA (https://cera.coastalrisk.live/) that can be considered 

as possible alternatives for accurate surge forecasting. Given the possible availability of 

precipitation, wind speed, and storm surge forecasts, one can estimate their corresponding MHI 

and inform the potentially affected communities of the TC MHI-based category. Like other 

available scales, the performance of the MHI is subject to the quality of the forecast data. NHC 

provides yearly verification reports of its past track and wind speed forecasts 

(https://www.nhc.noaa.gov/verification/verify3.shtml). Each year the level of forecast error is 

different. In some years, like 2018, they were more accurate. The precipitation forecasts for 

landfalling TCs have been also evaluated in some studies (e.g., Luitel et al., 2018; Marchok et 

al., 2007). It has been indicated that depending on the weather forecast model and lead time the 
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skill of numerical weather forecasts systems is different. In addition, It has been shown that the 

SLOSH model can be a reliable tool for storm surge prediction (Forbes et al., 2014; Glahn et al., 

2009). The MHI can categorize TC at any time and location during the event given the expected 

wind speed, precipitation, and surge as it is based on the union of the non-exceedance 

probabilities of all the factors (please see equation 3). In other words, if the storm is close to the 

shoreline, based on the expected value of surge, precipitation, and wind speed, it can be scaled 

from a tropical storm to a hurricane with different categories. However, if it is far from the 

shoreline, where the impact from the surge is minimal to none, it still can scale the events to any 

category (due to the concept of the union in MHI formulation). For the same reason, we still can 

use the MHI solely considering the wind speed, which will result in the Saffir-Simpson 

Hurricane Wind Scale category. This means MHI design is flexible enough to categorize the 

event as it moves along its path and so can be helpful both for event categorization and warning. 

It is noted that although the multihazrad TC scaling system developed here is proposed and 

applied for the U.S. Gulf and Atlantic TC, the framework is applicable to other regions as well. 
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CHAPTER 5 A DEEP LEARNING BASED COASTAL FLOOD FORECASTING SYSTEM  
 

Abstract  
 

Timely and accurate flood water level prediction at any time and location of a river is 

vital for flood risk management while remaining a challenge for the flood community. The 

extensive computational time of numerical models alongside the availability of big data 

processing technology led to the development and implementation of enhanced data-driven 

models for flood level prediction. Here, we present a systematic framework that uses Deep 

Learning (DL) algorithms, and a hydrodynamic model to generate probabilistic flood water level 

estimates at different locations along coastal rivers. In this framework, ADaptive Hydraulics 

(ADH), a fast and stable numerical model for a variety of flow conditions, was calibrated and 

validated over Savannah River using two extreme compound flooding induced by Hurricane 

Matthew (2016) and Hurricane Irma (2017).  We used the ADH simulated water levels for 

Hurricane Matthew at different points along the river alongside other sources of data to train and 

test the DL model. The trained DL model was then able to simulate the compound flooding 

triggered by Hurricane Irma with the average root mean square error and Pearson’s correlation 

coefficient of 0.33 m and 0.7, respectively. The developed DL model is up to 20 times faster than 

the ADH model while requiring 10 times less computational resources. We used the DL model to 

simulate an ensemble of water levels considering the uncertainty in boundary conditions. Our 

results indicate that the proposed framework is successful in predicting peak water levels and the 

rising time of the flood water which is an effective tool for proactive flood risk management.  

Keywords: Compound Flooding: Hurricane Matthew; Hurricane Irma; ADH Model 
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Introduction  

Due to the frequent intense rainfalls triggered by tropical storms, thunderstorms, and 

hurricanes, flooding is one of the most prevalent and devastating natural disasters across the 

globe (Stefanidis & Stathis, 2013; Terti et al., 2017). Studies show that, between the years 1900 

to 2013 alone, floods have caused about 7 million deaths and more than $600 billion in damage 

(Wang et al., 2015). According to the National Oceanic and Atmospheric Administration 

(NOAA) report, eight of the top 10 costliest weather and climate disasters between 1980 and 

2019 in the United States (U.S.) were floods with the most damaging being hurricane Katrina in 

which flooding resulted in a monetary loss of $168.8B according to 2019 prices. Similarly, in 

Europe, during 1998 - 2008 more than 200 major floods had been reported causing around 1126 

fatalities and on average € 4 billion in damage per year (AghaKouchak et al., 2013; Technical, 

2010). Recent studies have shown an increase in extreme precipitation globally (Donat et al., 

2016) and frequency of flooding (Alipour et al., 2020; Mallakpour & Villarini, 2015). Moreover, 

due to climate change and sea-level rise, tropical cyclone-driven flooding in coastal areas is 

expected to increase in the future (Elsner et al., 2008; Marsooli et al., 2019; Woodruff et al., 

2013). Slow moving tropical cyclones in coastal areas result in massive flooding mechanisms, 

i.e., pluvial, fluvial, coastal, and compound flooding (Alipour et al. 2022; Alipour et al., 2022b). 

Considering the substantial impacts of flooding and the increasing trend of its frequency, it is 

crucial to provide accurate and timely flood forecasts to promote flood risk management and 

disaster mitigation strategies.  

The traditional approach for the water level prediction across the channel and floodplain 

is using catchment-wide integrated hydrological and hydrodynamic modeling (Bacopoulos et al., 

2017; Felder et al., 2017; Fleischmann et al., 2018; Li et al., 2019). Over the past decades, 
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several advanced hydrodynamic models have been developed (Altenau et al., 2017; Bates & de 

Roo, 2000; Brunner, 2010; Neelz & Pender, 2013; Pasquier et al., 2019). Hydrodynamic models 

predict water depths in each grid cell/node/cross-section for every time step and hence can 

simulate the dynamic propagation of flood waves over fluvial, coastal, and estuarine 

floodplains. ADaptive Hydraulics model (ADH) is an adaptive finite-element multi-dimensional 

hydraulic modeling program developed and maintained in the Coastal and Hydraulics Laboratory 

(CHL) of the Corps’ Engineering and Research Development Center (ERDC) (Gambucci, 2009). 

ADH has been used previously for the simulation of groundwater flow, internal flow, and open 

channel flow (Burgan & Icaga, 2019; Stockstill & Berger, 2004). Despite recent advances in 

hydrodynamic model developments, this approach requires long runtime which is not appropriate 

for real-time flood forecasting and a timely flood warning service. Data-driven models are an 

alternative approach to physical models when a timely forecast is necessary.  

Machine Learning (ML) algorithms are strong tools for modeling a wide variety of 

nonlinear problems by extrapolating the relationships between a set of inputs and the output 

without taking any prior assumption nor any knowledge of the underlying physics of the process. 

Several studies have used these techniques to evaluate the water level at different locations 

(Bazartseren et al., 2003; Choi et al., 2020; Panyadee et al., 2017). The majority of these works 

use the values at a limited observational location for training and validating their models and are 

not able to predict the water level along the river. However, A reliable model to predict the 

changes in the water levels across a river is crucial for better planning to mitigate any risk 

associated with flooding. Hydraulic-ML approaches can be used for timely water level 

predictions. In these approaches, ML models are trained using a different set of inputs and the 

outputs of a hydraulic model. The ML models are then employed as surrogate models to make 
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predictions. Deep learning (DL) is a subset of ML in artificial intelligence that has networks 

capable of analyzing large sets of data and finding useful patterns and correlations (Deng & Yu, 

2013; Schmidhuber, 2015). They can extract valuable information from various kinds of large 

datasets (Zhang et al., 2016).  

Since providing the flood forecasting information using the hydrodynamic model requires 

long runtime and is computationally intensive, most flood forecasting studies are deterministic 

and do not provide any information on the uncertainty associated with the model predictions 

(Nguyen & Chen, 2020). These deterministic outputs can make an illusion of certainty and lead 

to inadequate preparedness. Therefore, in this study, we train DL models using ADH model 

predictions to forecast and generate probabilistic estimates of water surface levels at different 

time and locations across the rivers. This study is among the first initiatives that develop a data-

driven model that can provide a fast real-time probabilistic prediction of river water level 

dynamics in coastal areas. The overarching goal of this study is to address the following 

objectives: 

Studying the skill of ADH model in prediction of water level during tropical cyclone induced 

compound flooding in coastal cities. Developing a hydraulic-DL emulator that can be employed 

as a surrogate model to make water level predictions. Proposing a probabilistic framework that 

can be used for real-time water level prediction while accounting for boundary conditions 

uncertainties.  

The remainder of this paper is structured as follows: the next section explains the study 

area and data, then we describe the methodology and the proposed framework. The results along 

with discussions are provided in the final section. The findings of the study are summarized in 

the summary and conclusion section.   
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Study Area and Data 

Study Area 

Hurricane Matthew in October 2016 was among the costliest hurricanes that made 

landfall in the southeast Atlantic coast of the US, resulting in more than 30 fatalities and around 

10 billion dollars in damage according to the National Centers for Environmental Information 

(NCEI) of NOAA. The massive compound flooding induced by storm torrential rainfall and 

severe surge forced more than 3 million residents to evacuate from coastal areas (Stewart, 2017). 

According to the National Hurricane Center (NHC) report, the maximum storm surge during the 

event in the U.S. was measured by a Fort Pulaski tide gauge in Georgia (Figure 5-1). Thus, we 

conduct our study over the Savannah River which separates the states of Georgia and South 

Carolina (Figure 5-1). Savannah, the oldest city in Georgia was established in 1733 and is 

located on the Savannah River approximately 20 mi (32 km) upriver from the Atlantic Ocean 

(~Fort Pulaski). Here, we are simulating the hurricane Matthew-induced compound flooding 

over this area using the ADH model and then using the simulated water level time series to train 

the DL model. The U.S. Geological Survey's (USGS) stations namely Savannah River near Clyo 

(02198500) and Ebenezer Creek at Springfield (02198690) are used as the upstream flows and 

Fork Pulaski (8670870) NOAA tide gauge data is employed as the downstream water levels 

(Figure 5-1). To validate the ADH and DL models, we simulate hurricane Irma (September 

2017) induced compound flooding. Hurricane Irma is the fifth costliest tropical cyclone that hit 

the southeast Atlantic coast of the US and caused extreme flooding across the area with an 

estimated $50 billion in damage, according to the NHC. 
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Figure 5-1 Map of the location of the study area and ADH model domain (the outlined orange 
lines). The red circles show the location of model upstream and downstream. The location of 

USGS water level gauges used for validation are shown with yellow circles. Cyan triangle 
indicates the location of peak stage data collected during Hurricane Matthew (2016) and 

Hurricane Irma (2017). 
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USGS Data 

The U.S. Geological Survey's (USGS) surface-water data collect information of more 

than 850,000 station years of time-series data that describe stream levels, streamflow, reservoir 

and lake levels, surface-water quality, and rainfall. Multiple USGS streamflow stations will be 

used in this study to extract the discharge and water level time series for forcing, calibrating, and 

validating the ADH and DL models (Figure 5-1). USGS station 02198500 Savannah River near 

Clyo with a drainage area of 25511.38 square kilometers and 02198690 Ebenezer Creek at 

Springfield with a drainage area of 420 square kilometers are the closest USGS streamflow 

gauges with the available streamflow information for our study periods. These two gauges were 

used as the upstream flow boundary conditions of the ADH model as well as the inputs of DL 

models for the simulation of both hurricane Matthew (calibration process) and Hurricane Irma 

(validation process). The water level time series from USGS stations 02198840 Savannah River 

near Port Wentworth, 02198950 Middle River at GA 25 at Port Wentworth, and 021989773 

Savannah River at U.S. Army Corps of Engineers (USACE) Dock at Savannah have been used 

to calibrate and validate the ADH model. 

 
NOAA Tides and Currents Gauges  

NOAA's Center for Operational Oceanographic Products and Services (CO-OPS) is 

responsible to provide accurate, reliable, and timely tides, water levels, currents, and other 

coastal oceanographic and meteorological information. CO-OPS collect the information from 

more than 200 permanent water level stations on the U.S. coasts and Great Lakes. Here, the 

water level records of station 8670870 Fort Pulaski, established in 1935, have been used as the 

downstream boundary condition of the ADH model as well as one of the inputs of DL models for 

the simulation of hurricane-induced compound flooding (Figure 5-2). 
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Peak stage data 

USGS in cooperation with Federal Emergency Management Agency (FEMA), employs 

monitoring networks of water-level and barometric pressure sensors at different locations to 

record the timing, areal extent, and magnitude of hurricane storm tide and coastal flooding 

generated by a hurricane. After the hurricane event, the sensors are retrieved, and the data are 

presented on the USGS Flood Event Viewer website (https://stn.wim.usgs.gov/FEV/). The 

available sensor in the study area at highway 17 bridge (Figure 5-1) has recorded the peak stage 

of 2.6 m on Saturday, October 8th, 2016 during Hurricane Matthew, and 2.48 m on Monday, 

September 11th, 2017, during Hurricane Irma. We use this information to further calibrate/ 

validates our models. 

 
Elevation data 

Continuously Updated Digital Elevation Model (CUDEM) is developed by NCEI of 

NOAA and provides digital elevation models (DEMs) for the U.S. coast with the objective of 

improving inundation modeling and mapping, habitat characterization, and visualization of 

Earth's surface. The DEMs are being developed in a 0.25-degree tiling scheme with a spatial 

resolution of 1/9 arc-second. Bathymetric and topographic data utilized for CUDEM are created 

from multiple resources, including (but not limited to) the NOAA Office of Coast Survey, 

NOAA National Geodetic Survey, and NOAA Office for Coastal Management, U.S. Geological 

Survey, and the U.S. Army Corps of Engineers. The data can be accessed from the Digital Coast 

Data Access Viewer website (https://coast.noaa.gov/dataviewer). Here, we will use this dataset 

first as the terrain file of the hydrodynamic model, second as one of the inputs of the DL models, 

and third to interchangeably convert the water level predictions to flood water depth values.  
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NLCD data 

National Land Cover Database (NLCD) is generated through the collaboration of 

different federal agencies. It provides the land cover information for the entire US and Puerto 

Rico and is updated every five years. In this study, we employed the latest completed iteration of 

this product (NLCD 2016) to set up the ADH model and assign different roughness coefficient 

values for different land covers across the floodplain. 

 
NLDAS-2 hourly precipitation 

Phase 2 of the North American Land Data Assimilation System (NLDAS‐2) forcing data 

provides quality-controlled and spatiotemporally consistent datasets from the best available 

observations at 1/8° (about 12 km) spatial resolution and hourly temporal resolution from 1979 

to the present (Xia et al., 2012). We use NLDAS-2 hourly precipitation as one of the inputs of 

our DL model.  

 

Methodology 

This study proposes a hydraulic-DL emulator that can be employed as a surrogate model 

to make real-time probabilistic water level predictions during the extreme compound flooding 

flash, a valuable tool for coastal flood risk management and risk mitigation. The framework of 

the proposed approach as well as each modeling component is explicitly described in the 

following subsections. 

 
 
ADH Model 

ADaptive Hydraulics (ADH) is a numerical modeling package that can be used to model 

a variety of flow conditions including saturated and unsaturated three-dimensional groundwater 
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flow, two-dimensional overland flow, three-dimensional Navier-Stokes flow, two-dimensional 

and three-dimensional shallow water flow (ERDC 2018). The two-dimensional shallow water 

module of ADH was released to the public in September 2007. The shallow water (2D) module 

of ADH has been found to be very fast and stable compared to previously used 2D hydraulic 

programs like RMA2 and HiVel2D (Gambucci, 2009). It can be used in both serial and 

multiprocessor mode on different operating systems. The 2D shallow water flow module can be 

applied to problems such as subcritical riverine or channel flows, supercritical riverine or 

channel flows, tidal flows, dam, and levee break flows, flooding due to overland flow conditions: 

urban and others, baroclinic transport (salinity, heat, as well as sediment induced), and sediment 

transport (ERDC 2018). It is designed to work in conjunction with the Groundwater Modeling 

System (GMS) and Surface Water Modeling System (SMS) developed and distributed by 

Aquaveo, Inc. 

Three files including the mesh, boundary condition, and the initial condition (hot start) is 

needed to run the model. The mesh file with “.3dm” extension includes the finite element mesh, 

assigning coordinates and elevations to nodes located. The boundary condition file uses the node 

numbering available in the mesh file to define the locations of applied boundary conditions. The 

boundary condition file with “.bc” extension contains different categories of controlling 

parameters including operational parameters, iteration parameters, material properties defining 

the flow and transport constants for each material, the interior and surface boundaries, 

initial/boundary conditions, time steps, and output time intervals. The initial condition file with 

“. hot” extension consists of the initial or restart conditions for depths and velocity components. 

All the input files should be used with the same root name. Once the mesh, boundary condition, 

and the initial condition files are created, we can run the model.  
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Deep learning model 

Artificial Intelligence (AI) techniques, such as Machine Learning (ML) and Deep 

Learning (DL), have been recognized as effective means for extrapolating the relationships 

between inputs and the outputs variables. For example, in our previous study, Random Forest 

(RF), an ML model that can be used for both regression and classification problems, has been 

employed (Alipour et al., 2020). The results indicated the applicability and accuracy of the RF 

model for the prediction of property damage associated with flash flood events over a large 

domain. DL is a subset of ML that uses multiple layers to progressively extract more features 

from the input data. For example, Recurrent Neural Network (RNN) are a class of artificial 

neural networks that unlike traditional neural networks allows information to be passed from one 

step of the network to the next. This is more like human thinking as they do not put everything 

aside and think from scratch each time. LSTM is a special configuration of RNN, the structure 

that is known for its ability for modeling long-range dependencies (Hochreiter and Schmidhuber, 

1997) and successfully used in a multitude of studies (Ding et al., 2020; Le et al., 2019). The 

LSTM network encompasses three gates, including the forget gate, input gate, and output gate, 

that update and control the cell states. Each gate has an individual task including whether to let 

new input in (input gate), delete the information because it isn’t important (forget gate), or let it 

impact the output at the current timestep (output gate). The gates use hyperbolic tangent and 

sigmoid activation functions. 

 

Proposed approach 

The focus of this proposal is to develop a fast and reliable framework to predict real-time 

flood water level dynamics at any time and location across a river in coastal regions. The 
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framework of the proposed approach is presented in Figure 5-2. The first step of the developed 

framework is to set up and calibrate the ADH model to simulate the compound flooding (the 

compound effect of river flooding and storm surge) induced by hurricane Matthew in 2016 over 

the Savannah River. The model has a varying cell-size spatial resolution ranging from 2 m in the 

upper part of the river and 100 m near the shore. The unstructured mesh is limited by two 

discharge boundary conditions at upstream and Fort Pulaski water levels at the outlet of the river. 

We run the model for the period of October 4, 2016, to October 14, 2016, and then calibrate 

roughness values based on the 2016 NLCD maps of the area. In order to calibrate the model, the 

simulated time series of water stages are compared with the observed values at three available 

USGS gauges using two performance measures of Root Mean Square Error (RMSE) and R-

squared (𝑅!). The RMSE represents the temporal error at specific points and explains how the 

model simulates the flood dynamics and 𝑅! measures the strength of a linear relationship 

between the observed and simulated time series. Next, we use the boundary conditions 

corresponding to hurricane Irma and run the model from September 9, 2017, to September 19, 

2017, for the validation process. 

For the second step, we divide the river into different tiles and for each tile, we train an 

LSTM model that uses multiple datasets as their input and the simulated water levels for the 

output. There are two types of model inputs: static inputs and dynamic inputs. Static inputs 

include DEM, latitude, longitude information, precipitation, ADH downstream boundary 

conditions (water levels at Fork Pulaski), and two ADH upstream boundary conditions (water 

discharge) are used as the dynamic input for the DL model. The DEM is the average elevation 

over a squared buffer area with a 1000 m diameter. The location of the buffer area center point 

(latitude, and longitude) and the corresponding precipitation values are used as the inputs of DL 
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model. For each dynamic input timestep, the DL model outputs the corresponding water level at 

that point.  

In the third step, we generate an ensemble of model outputs to account for the uncertainty 

from boundary conditions in compound flood modeling. For this purpose, we perturb the 

boundary conditions using white noise with a relative error of 15 percent. The noises are sampled 

from a lognormal and normal distribution for upstream (river discharge) and downstream (water 

levels at Fort Pulaski) boundary conditions, respectively.  

 

 
Figure 5-2 Schematic representation of the proposed framework. 

 
 
 
 
 
 
 



169 
 

Result and discussion 

The results are discussed in three subsections below. First, we report the performance of 

the ADH model after calibration and during the validation period. Then we discuss the 

performance of the DL model during the testing phase and summarize the model performance 

and the efficiency of the model for the probabilistic prediction of water level dynamics. 

 
ADH model calibration and validation 

Here, we used hurricane Matthew-induced compound flooding over the Savannah River 

to calibrate the ADH model.  We used RMSE and R! to assess the performance of the model for 

the prediction of water levels at USGS stations. RMSE has a similar unit to the output of interest 

and ranges from zero for the perfect prediction to infinity for complete dissimilarity, while R! is 

a unitless measure ranging from 0 for poor to 1 for the perfect match. In addition, we calculate 

the bias between the maximum water level prediction and the reported peak stage at Hwy 17 

Bridge. Figure 5-3 shows the performance of the model for an 11-day simulation period. The 

green color represents the model simulations and the black dash line indicates the observed water 

levels. The reported water levels are relative to NAVD 88. The RMSE is greater than 0.2 and R! 

is above 0.97 for all the three USGS stations. This result is comparable with those RMSE and R! 

reported in model simulations of Hurricane Matthew in previous studies (Muñoz et al., 2020). 

Moreover, the model shows reasonable performance for both capturing the peak stage (bias = -

0.02 m) and its timing (October 8th). 
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Figure 5-3 Model calibration of Savannah River for Hurricane Matthew (October 2016) at USGS 
water level and peak stage stations: (a) Savannah River near Port Wentworth, (b) Middle River at 

GA 25, (c) Savannah River at USACE Dock, and (d) peak stage at Highway 17 Bridge. 
 

 
The compound flooding triggered by Hurricane Irma in September 2017 was used here to 

validate the model after the calibration process. The model runtime was 272 minutes (4 hours 

and 32 minutes) for a 11-day simulation period using 256 CPU cores with 3.80 GHZ maximum 

frequency. The performance of the model is presented in Figure 5-4. The green color represents 

the model simulations and the black dash line indicates the observed water levels at the same 

USGS stations. The overall performance of the model is still fairly high in the validation process 

at the four USGS stations (e.g., RMSE below 0.22 m, and R! above 0.96). In addition, the model 
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was able to simulate the peak stage (bias = -0.04 m) and its timing (September 11th) with high 

accuracy (Figure 5-4.d). 

 

 

Figure 5-4 Model validation of Savannah River for Hurricane Irma (September 2017) at USGS 
water level and peak stage stations: (a) Savannah River near Port Wentworth, (b) Middle River at 

GA 25, (c) Savannah River at USACE Dock, and (d) peak stage at Highway 17 Bridge. 
 

 
Overall, the ADH model simulates both extreme events (Matthew and Irma) with high 

accuracy regarding water level values and timing of rises and falls. Although the model has had 

high accuracy for water level prediction, it is very computationally extensive and requires a long 

run time. Therefore, we use this model to train a DL model for fast real-time water level 

prediction in the next step. 
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DL model development 

To develop a real-time water level prediction model across the river, we selected 814 

points along the Savannah River. The points are equally distance to 200 m. We train and test the 

model for Hurricane Matthew water levels. The inputs are matrices with the dimension of 

Time × channel. For each point, the model receives 10 hours of data (t-9, t-8, …, t) from seven 

different channels (i.e., DEM, latitude, longitude, precipitation, two upstream discharges, and 

downstream water levels) and predicts the water level at time t. We split the samples and times 

series and then shuffled and normalized the sample points before feeding them to our model. As 

there are 11 days of model simulation for 814 points across the river, 206,756 samples from 

Hurricane Matthew are generated ((264 - 10) ´ 814). We divided the sample points across the 

river into eight different tiles with similar time series patterns. We split the samples into training 

and testing sections (0.7 and 0.3 percent of data, respectively) for each tile and then train an 

LSTM model for each part of the river. The entire DL simulations were performed in the 

University of Alabama High-Performance Computing (UAHPC) server using one Tesla V100-

PCIE GPU, and Tensorflow 2.9.1 and Keras libraries in python. We chose the Adam optimizer, 

and the number of epochs was set to 100. 6.3	 ×	107S, 6.07	 ×	107S, 5.36	 ×	107S, 

4.06	 ×	107S, 4.41	 ×	107S, 3.93	 ×	107S, 3.52	 ×	107S, 4.73 ×	107Sare the loss values 

(mean square error) on the test datasets.  

After we trained and tested the DL model, we employed it to simulate the water level 

dynamic for Hurricane Irma. Figure 5-5 shows the density plot of the DL model performances 

for 814 points.   
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We used RMSE and 𝑅! measures to evaluate and compare the performance of the DL 

models for the Hurricane Irma simulation. It takes ~13 minutes for the model to simulate 

Hurricane Irma for all the sample points with the average RMSE and 𝑅! are 0.33 m and 0.7, 

respectively.  

 

 
Figure 5-5 The density plot of the DL model predictions and the kernel distribution. 

 

 
 
Ensemble prediction 
 

In order to account for the uncertainty associated with the model boundary condition, we 

perturbed the input time series and designed 50 model boundary condition scenarios. given the 

ADH model computational cost and runtime, we used the DL model as an ADH model emulator 

and produced an ensemble of water levels across the river. Figure 5-6 shows the ensemble of DL 

models along with the ADH model output and observations at three USGS gauges across the 

river and the reported peak stage. This figure shows that the DL peak timing matches the 

observation, meaning that it is able to learn the dynamics of water level. Although there are some 

biases in the predicted water level by the DL model, we still see that the ensemble range captures 
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the peak water level observations.   

 

Figure 5-6 The ensemble of DL model simulations for Hurricane Irma (September 2017) at 
USGS water level and peak stage stations: (a) Savannah River near Port Wentworth, (b) Middle 
River at GA 25, (c) Savannah River at USACE Dock, and (d) peak stage at Highway 17 Bridge. 

 

 
 
Summary and conclusion 

In this study, we developed a hydraulic-DL emulator for fast real-time probabilistic river 

water level prediction along the coastal regions where compound flooding is more prevalent. In 

this study, we calibrated the ADH model over the Savannah River for the compound flooding 

during Hurricane Matthew (2016) and evaluated the model performance by simulation of 

flooding from Hurricane Irma (2017). Our results indicated the developed model is a reliable tool 
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for hurricane-induced flooding in the Savanah basin. We used the outputs of the ADH model and 

a set of data sources to train a DL model that can be used as a surrogate model (emulator) for 

water level prediction. The developed DL emulator is up to 20 times faster than the ADH model 

while requiring much less computational resources. Then, we added white noise to the upstream 

flows and downstream water levels and ran the DL model to account for the uncertainty 

associated with the model boundary condition. Our proposed DL emulator output ensemble was 

able to capture the observed peak water levels and the rising time of the water. Thus, our result 

suggested the applicability and accuracy of the proposed hydraulic-DL emulator for fast real-

time probabilistic river water level prediction over coastal areas. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



176 
 

 
 
 
 
 
 

References 

AghaKouchak, A., Easterling, D., Hsu, K., Schubert, S., & Sorooshian, S. (2013). Extremes in a 
Changing Climate: Detection, Analysis and Uncertainty. In Water Science and 
Technology Library: Vol. 1. Aufl. 

Alipour, A., Ahmadalipour, A., Abbaszadeh, P., & Moradkhani, H. (2020a). Leveraging machine 
learning for predicting flash flood damage in the Southeast US. Environmental Research 
Letters, 15(2). https://doi.org/10.1088/1748-9326/ab6edd 

Alipour, A., Ahmadalipour, A., & Moradkhani, H. (2020b). Assessing flash flood hazard and 
damages in the southeast United States. Journal of Flood Risk Management, 13(2). 
https://doi.org/10.1111/jfr3.12605 

Alipour, A., Jafarzadegan, K., & Moradkhani, H. (2022a). Global sensitivity analysis in 
hydrodynamic modeling and flood inundation mapping. Environmental Modelling & 
Software,  152, 105398. https://doi.org/10.1016/j.envsoft.2022.105398 

Alipour, A., Yarveysi, F., Moftakhari, H., Song, JY., Moradkhani, H., (2022b). A Multivariate 
Scaling System is Essential to Characterize the Tropical Cyclones’ Risk. Earth's Future. 
https://doi.org/10.1029/2021EF002635   

Altenau, E. H., Pavelsky, T. M., Bates, P. D., & Neal, J. C. (2017). The effects of spatial 
resolution and dimensionality on modeling regional-scale hydraulics in a multichannel 
river. Water Resources Research, 53(2). https://doi.org/10.1002/2016WR019396 

Bacopoulos, P., Tang, Y., Wang, D., & Hagen, S. C. (2017). Integrated Hydrologic-
Hydrodynamic Modeling of Estuarine-Riverine Flooding: 2008 Tropical Storm Fay. 
Journal of Hydrologic Engineering, 22(8). https://doi.org/10.1061/(asce)he.1943-
5584.0001539 

Bates, P. D., & de Roo, A. P. J. (2000). A simple raster-based model for flood inundation 
simulation. Journal of Hydrology, 236(1–2). https://doi.org/10.1016/S0022-
1694(00)00278-X 

Bazartseren, B., Hildebrandt, G., & Holz, K. P. (2003). Short-term water level prediction using 
neural networks and neuro-fuzzy approach. Neurocomputing, 55(3–4). 
https://doi.org/10.1016/S0925-2312(03)00388-6 

Brunner, G. (2010). HEC-RAS river analysis system, Hydraulic reference manual, Version 4.1. 
US Army Corps of Engineers Hydrologic Engineering Center, Davis CA, January. 



177 
 

Burgan, H. I., & Icaga, Y. (2019). Flood analysis using adaptive hydraulics (ADH) model in the 
Akarcay basin. Teknik Dergi/Technical Journal of Turkish Chamber of Civil Engineers, 
30(2). https://doi.org/10.18400/tekderg.416067 

Choi, C., Kim, J., Han, H., Han, D., & Kim, H. S. (2020). Development of water level prediction 
models using machine learning in wetlands: A case study of Upo wetland in South Korea. 
Water (Switzerland), 12(1). https://doi.org/10.3390/w12010093 

Deng, L., & Yu, D. (2013). Deep learning: Methods and applications. In Foundations and Trends 
in Signal Processing (Vol. 7, Issues 3–4). https://doi.org/10.1561/2000000039 

Ding, Y., Zhu, Y., Feng, J., Zhang, P., & Cheng, Z. (2020). Interpretable spatio-temporal 
attention LSTM model for flood forecasting. Neurocomputing, 403. 
https://doi.org/10.1016/j.neucom.2020.04.110 

Donat, M. G., Lowry, A. L., Alexander, L. v., O’Gorman, P. A., & Maher, N. (2016). More 
extreme precipitation in the worldâ €TM s dry and wet regions. Nature Climate Change, 
6(5). https://doi.org/10.1038/nclimate2941 

Elsner, J. B., Kossin, J. P., & Jagger, T. H. (2008). The increasing intensity of the strongest 
tropical cyclones. Nature, 455(7209), 92–95. https://doi.org/10.1038/nature07234 

ERDC (Engineer Research and Development Center), (2018). “Guidelines for Solving Two 
Dimensional Shallow Water Problems with the Adaptive Hydraulics (ADH) Modeling 
System.” 

Felder, G., Zischg, A., & Weingartner, R. (2017). The effect of coupling hydrologic and 
hydrodynamic models on probable maximum flood estimation. Journal of Hydrology, 
550. https://doi.org/10.1016/j.jhydrol.2017.04.052 

Fleischmann, A., Siqueira, V., Paris, A., Collischonn, W., Paiva, R., Pontes, P., Crétaux, J. F., 
Bergé-Nguyen, M., Biancamaria, S., Gosset, M., Calmant, S., & Tanimoun, B. (2018). 
Modelling hydrologic and hydrodynamic processes in basins with large semi-arid 
wetlands. Journal of Hydrology, 561. https://doi.org/10.1016/j.jhydrol.2018.04.041 

Gambucci, T. (2009). ADH = Fast and stable 2D finite element model. Proceedings of World 
Environmental and Water Resources Congress 2009 - World Environmental and Water 
Resources Congress 2009: Great Rivers, 342. https://doi.org/10.1061/41036(342)285 

Le, X. H., Ho, H. V., Lee, G., & Jung, S. (2019). Application of Long Short-Term Memory 
(LSTM) neural network for flood forecasting. Water (Switzerland), 11(7). 
https://doi.org/10.3390/w11071387 

Li, W., Lin, K., Zhao, T., Lan, T., Chen, X., Du, H., & Chen, H. (2019). Risk assessment and 
sensitivity analysis of flash floods in ungauged basins using coupled hydrologic and 
hydrodynamic models. Journal of Hydrology, 572. 
https://doi.org/10.1016/j.jhydrol.2019.03.002 



178 
 

Mallakpour, I., & Villarini, G. (2015). The changing nature of flooding across the central United 
States. Nature Climate Change, 5(3). https://doi.org/10.1038/nclimate2516 

Marsooli, R., Lin, N., Emanuel, K., & Feng, K. (2019). Climate change exacerbates hurricane 
flood hazards along US Atlantic and Gulf Coasts in spatially varying patterns. Nature 
Communications, 10(1). https://doi.org/10.1038/s41467-019-11755-z 

Muñoz, D. F., Moftakhari, H., & Moradkhani, H. (2020). Compound Effects of Flood Drivers 
and Wetland Elevation Correction on Coastal Flood Hazard Assessment. Water 
Resources Research, 56(7). https://doi.org/10.1029/2020WR027544 

Neelz, S., & Pender, G. (2013). Benchmarking the latest generation of 2D Hydraulic Modelling 
Packages. In Environment Agency. 

Nguyen, D. T., & Chen, S. T. (2020). Real-time probabilistic flood forecasting using multiple 
machine learning methods. Water (Switzerland), 12(3). 
https://doi.org/10.3390/w12030787 

Panyadee, P., Champrasert, P., & Aryupong, C. (2017). Water level prediction using artificial 
neural network with particle swarm optimization model. 2017 5th International 
Conference on Information and Communication Technology, ICoIC7 2017. 
https://doi.org/10.1109/ICoICT.2017.8074670 

Pasquier, U., He, Y., Hooton, S., Goulden, M., & Hiscock, K. M. (2019). An integrated 1D–2D 
hydraulic modelling approach to assess the sensitivity of a coastal region to compound 
flooding hazard under climate change. Natural Hazards, 98(3). 
https://doi.org/10.1007/s11069-018-3462-1 

Schmidhuber, J. (2015). Deep Learning in neural networks: An overview. In Neural Networks 
(Vol. 61). https://doi.org/10.1016/j.neunet.2014.09.003 

Stefanidis, S., & Stathis, D. (2013). Assessment of flood hazard based on natural and 
anthropogenic factors using analytic hierarchy process (AHP). Natural Hazards, 68(2). 
https://doi.org/10.1007/s11069-013-0639-5 

Stockstill, R. L., & Berger, R. C. (2004). Simulation of flow in hydraulic structures using ADH. 
Bridging the Gap: Meeting the World’s Water and Environmental Resources Challenges 
- Proceedings of the World Water and Environmental Resources Congress 2001, 111. 
https://doi.org/10.1061/40569(2001)280 

Technical, E. E. A. (2010). Mapping the impacts of natural hazards and technological accidents 
in Europe An overview of the last decade. In Technical report No 132010 (Issue 13). 

Terti, G., Ruin, I., Anquetin, S., & Gourley, J. J. (2017). A situation-based analysis of flash flood 
fatalities in the United States. Bulletin of the American Meteorological Society, 98(2). 
https://doi.org/10.1175/BAMS-D-15-00276.1 



179 
 

Wang, Z., Lai, C., Chen, X., Yang, B., Zhao, S., & Bai, X. (2015). Flood hazard risk assessment 
model based on random forest. Journal of Hydrology, 527, 1130–1141. 
https://doi.org/10.1016/j.jhydrol.2015.06.008 

Woodruff, J. D., Irish, J. L., & Camargo, S. J. (2013). Coastal flooding by tropical cyclones and 
sea-level rise. In Nature (Vol. 504, Issue 7478). https://doi.org/10.1038/nature12855 

Xia, Y., Mitchell, K., Ek, M., Sheffield, J., Cosgrove, B., Wood, E., Luo, L., Alonge, C., Wei, 
H., Meng, J., Livneh, B., Lettenmaier, D., Koren, V., Duan, Q., Mo, K., Fan, Y., & 
Mocko, D. (2012). Continental-scale water and energy flux analysis and validation for 
the North American Land Data Assimilation System project phase 2 (NLDAS-2): 1. 
Intercomparison and application of model products. Journal of Geophysical Research: 
Atmospheres, 117(D3), n/a-n/a. https://doi.org/10.1029/2011JD016048 

Zhang, L., Zhang, L., & Kumar, V. (2016). Deep learning for Remote Sensing Data. IEEE 
Geoscience and Remote Sensing Magazine, 4(2). 

 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



180 
 

 
 
 
 
 

CONCLUSION 
 

This dissertation is an attempt to enhance proactive flood risk management using state-of-

the-art statistical approaches and modern physical models. 

Due to the frequent intense rainfalls triggered by tropical storms, thunderstorms, and 

hurricanes, flooding is one of the most prevalent and devastating natural disasters across the 

Southeast United States (SEUS). Here, A throughout analysis of 14,000 reported flash flood 

events in the SEUS helped us to determine the characterization of flash floods in the 1996-2017 

period. Our findings suggested that the frequency and intensity of flash floods have increased 

across the SEUS during this period and the property damages associated with flash floods are 

proportional to events intensity and duration. Considering the increasing trend of flash flood 

frequency and intensity, proactive flood risk management strategies are required. The results of 

this dissertation indicated that machine learning models using a variety of influential factors 

including geographic, socioeconomic, and climatic features can be an applicable and accurate 

tool for the prediction of property damages associated with flash flood events over a large 

domain. 

Hydrodynamic models play a critical role in flood risk mapping and management. 

Hydrodynamic modeling is subject to different sources of uncertainties originating from the 

model structure, parameters, and boundary conditions. These uncertain components can 

significantly affect the reliability and accuracy of the model performance. Global sensitivity 

analysis (GSA) techniques are common approaches to quantify the impacts of model parameters, 

forcings, and boundary conditions on the model response and evaluate their relative importance. 
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In this dissertation, we applied variogram and variance-based GSA methods to assess the 

sensitivity of the HEC-RAS 2D hydrodynamic model and found that the sensitivity of HEC-RAS 

2D prediction is complex and the modelers should carefully prioritize the input factors 

depending on their target model output. For instance, while for the simulation of water level 

dynamics, the DEM and mesh resolution are the most important factors, respectively, floodplain 

roughness coefficient and the upstream boundary condition plays a key role in flood extent 

mapping. The information provided here paves the way for better interpretation of hydrodynamic 

processes which results in a more efficient calibration and assimilation of the HEC-RAS 2D 

model, one of the most commonly used hydrodynamic models in the United States. 

Tropical Cyclone (TS) is the major cause of compound flooding in the Gulf of Mexico 

and North America. The current TC scaling system solely based on wind speed underestimates 

the hazardousness of events such as Sandy 2012, Irene 2011, and Matthew 2016, which are 

associated with either torrential rainfall, severe surge, or both but weakened wind speeds. In this 

dissertation, we proposed a new TCs hazard scaling system that considers the compound hazard 

of TCs. Our findings revealed that considering the rainfall severity and surge associated with 

TCs, as well as their wind speed, could significantly improve TC hazard communication. 

Furthermore, as the frequency of TC-driven intensive rainfall is increasing, and TC translation 

speed is expected to decrease (resulting in higher rainfall severities) TC-driven flooding in 

coastal areas is expected to increase in the future. Despite recent advances in hydrodynamic 

model developments, this approach requires long runtime which is not appropriate for real-time 

flood forecasting and a timely flood warning service. Data-driven models are an alternative 

approach to physical models when a timely forecast is necessary.  
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Here, we developed and validated a hydraulic-Deep Learning emulator for fast real-time 

probabilistic river water level prediction along the coastal regions where compound flooding is 

more prevalent. 
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APPENDIX  
 
 
 
 
 
 

 
Figure 1-S1. Timeseries of the total and mean damage of flash flood events across the SEUS 

from 1996 to 2017. 
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4-S1. Comparison of tropical cyclones (TCs) categorization between the Saffir-Simpson 

Hurricane Wind Scale (SSHWS) and the proposed Multivariate Hazard Index (MHI). The colors 
indicate the number of events that fall in that categorization. The value zero in the lower 

diagonal represents that the MHI-based categorization remains always greater than (or equal to) 
that of SSHWS. Out of 102 TCs considered in this study, the category of 47 events has been 

increased using the MHI. 
 
 
 
 

 


