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ABSTRACT 

Flood hazard assessment is an essential component of risk and disaster management that 

helps identify areas exposed to flooding as well as support decision making, and emergency 

response. Floods can result from isolated, concurrent, or successive drivers of (non-) extreme 

origin (e.g., fluvial, pluvial, and oceanic) and so put society and the environment at constant risk. 

Specifically, a combination of either concurrent or successive flood drivers with potential impacts 

larger than those from isolated drivers is defined as compound flooding (CF). Contemporary 

studies in compound flood hazard assessment (CFHA) and modeling have focused on simulating 

inundation extent, water depth, and velocities at local or regional scale. However, those studies 

often neglect inherent uncertainties associated with forcing data, observations, model parameters, 

and model structure. A comprehensive analysis of these uncertainty sources is thus imperative, 

but it requires advanced statistical techniques such as data assimilation (DA) to adequately 

account for error propagation in compound flood modeling.  

Chapters 1 to 4 present previous peer-review studies oriented towards a better 

characterization of uncertainty in CFHA. Those studies include the following research topics: (i) 

analysis of wetland elevation error and correction of coastal digital elevation models, (ii) 

compound effects of wetland elevation error and uncertainty from flood drivers, (iii) effects of 

model selection and model structure error on total water level prediction, and (iv) long-term 

wetland dynamics associated with urbanization, sea level rise, and hurricane impacts. Chapter 5 

presents a cost-effective approach based on deep learning (DL) and data fusion (DF) techniques 

that enables efficient estimation of exposure to compound coastal flooding at regional scale. 
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Chapter 6 presents a DA scheme based on the Ensemble Kalman Filter (EnKF) technique 

and hydrodynamic modeling to improve water level (WL) predictions and CFHA in coastal to 

inland transition zones where pluvial, fluvial, and coastal processes interact. The last section of 

this dissertation summarizes the main findings of these studies and discusses future research 

areas that are worth exploring in the context of CFHA.
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INTRODUCTION 

Compound Flood Events and Hazard Assessment 

Compound events, as a result of oceanic, hydrological, meteorological and anthropogenic 

processes, are natural hazards that contribute to societal and environmental risk worldwide 

(AghaKouchak et al., 2018; Leonard et al., 2014; Zscheischler et al., 2020, 2018). Compound 

flooding (CF) results from either successive or concurrent flood drivers (e.g., storm surge, river 

discharge and/or rainfall) with associated socio-economic and environmental impacts that can be 

larger than those produced by each driver in isolation (Bevacqua et al., 2020; Moftakhari et al., 

2017; Wahl et al., 2015; Ward et al., 2018). CF therefore poses a significant threat to life and 

assets of people settled in low-lying coasts including riverine and estuarine zones at local (Klerk 

et al., 2015; Olbert et al., 2017; Wang et al., 2018), regional (Bevacqua et al., 2019; Fang et al., 

2020; Hendry et al., 2019; Wu et al., 2018) and global scale (Couasnon et al., 2020; Eilander et 

al., 2020; Ward et al., 2018). In the United States, CF is mainly triggered by tropical cyclones 

producing wind-driven storm surge and heavy rainfall along the coasts (Gori et al., 2020; Muis et 

al., 2019; Song et al., 2020), and with inherent risks that are higher for the Atlantic and Gulf 

coast than the Pacific coast (Wahl et al., 2015). Hurricane Sandy (Oct/2012) and Hurricane 

Harvey (Aug/2017) are among the most catastrophic compound flood events that impacted the 

Gulf of Mexico and Atlantic Coast and led to considerable damages and fatalities (NOAA-NHC, 

2020). 
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According to official reports of the National Oceanic and Atmospheric Administration 

(NOAA) and the National Hurricane Center (NHC), Hurricane Sandy resulted from a 

combination of extreme storm surge with water surface levels up to 3.85 m above NAVD88, 

sustained winds of 126 km/h at 10-m height, and heavy rainfall causing pluvial flooding in the 

coasts with 1.50 m and 2.40 m of water above ground level in Delaware City and New York, 

respectively (Blake et al., 2013). Hurricane Harvey made landfall twice in the Gulf of Mexico 

leading to extremely high rainfall and subsequent pluvial flooding in the Texas coasts with up to 

3 m of water above ground level, strong winds of 213 km/h at 10-m height, and storm-surge with 

water surface levels up to 2 m above NAVD88 (Blake and Zelinsky, 2018). Despite the well-

documented impacts of those compound flood events, CF is an emerging research area that is 

being studied with statistical or physically based approaches and under future climate scenarios.  

Statistical approaches for compound flood hazard assessment (CFHA) help characterize 

the joint occurrence of extreme events via multivariate analyses (AghaKouchak et al., 2012; 

Sadegh et al., 2018; Salvadori et al., 2016, 2007), hence allowing researchers to conduct CFHAs 

at regional and global scale (Fang et al., 2020; Wahl et al., 2015; Ward et al., 2018). However, 

statistical approaches require observational data from gauge stations (if available) having a 

considerable length of records to account for uncertainties when characterizing flood hazards at 

lower frequencies or long return periods (e.g., 25, 50, and 100 years). Moreover, even if data are 

available for several years, these approaches may not necessarily lead to identical CFHAs as 

gauge (point-based) measurements cannot fully capture the spatiotemporal patterns of CF 

(Ghanbari et al., 2021; Nasr et al., 2021; Wahl et al., 2015).  

In contrast, physically based approaches allow for simulating CF and generating flood 

maps over a user-defined model domain for a given compound event (Bilskie et al., 2021; 

Kumbier et al., 2018; Olbert et al., 2017; Valle-Levinson et al., 2020). Particularly, two-
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dimensional (2D) hydrodynamic models require a detailed mesh resolution (or cell size) to ensure 

a correct representation of relevant topographic and bathymetric (topobathy) features and 

accurately simulate water level dynamics (Bilskie and Hagen, 2013). However, these approaches 

are computationally intensive despite the growing access to powerful and low-cost computational 

resources. Linking statistical and physically-based approaches can alleviate computation burden 

since hydrodynamic simulations and/or CFHAs focused on the most likely boundary (forcing) 

conditions given the correlation structure of hazard drivers and desired return period (Moftakhari 

et al., 2019; Muñoz et al., 2020a; Serafin et al., 2019).  

Despite the advantages and limitations of both statistical and physically-based 

approaches, a thorough CFHA should also account for uncertainties derived from boundary 

conditions (BCs) and/or validation data, model parameters and model structure (Moradkhani et 

al., 2018; Nearing et al., 2016; Wu et al., 2020). These sources of uncertainty, when not 

accounted for, can significantly affect the accuracy of inundation depth, flood extent and velocity 

maps in hydrological and coastal systems (Parodi et al., 2020; Saleh et al., 2017; Wechsler, 

2007). 

 
Background 

 This dissertation is built upon previous research studies oriented towards a better 

characterization of uncertainty in CFHA (see Chapters 1 to 4) and summarized below for the 

reader’s convenience. Regarding uncertainties from input datasets such as digital elevation 

models (DEMs), Muñoz et al., (2019) reported surface elevation errors (up to 0.50 m) that alter 

water level and inundation dynamics in coastal marshes of Savannah Estuary, GA, Weeks Bay, 

AL and Fire Island, NY. They also developed an ArcGIS-based ‘DEM-correction’ tool that 

automates the elevation correction process (at pixel-level) in existing ‘raw’ DEMs of estuarine 
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systems. The tool relies on the spatiotemporal distribution of wetlands obtained from available 

land cover maps including the National Land Cover Database (NLCD), Coastal Change Analysis 

Program (C-CAP) and National Wetland Inventory (NWI). Furthermore, they combined machine 

learning techniques (Random Forest) with object-based image analysis to delineate wetland areas 

from satellite imagery. This in turn helps update land cover maps to present day conditions. The 

DEM-correction tool was validated with available real-time-kinematic data and has been used in 

other studies to generate reliable elevation maps (see Chapter 1 for more details). 

Muñoz et al., (2020a) made an attempt towards a better characterization of CFHA in 

Savannah Estuary, GA. The authors quantified errors emerging from flood hazard maps without 

adequate correction of elevation data and hazard characterization, i.e., univariate statistical 

analysis. In addition, they showed that inundation depth and velocity maps of Hurricane Mathew 

(Oct/2016) are correctly characterized with combined composites, i.e., synthesis of marginal Q, H 

and ‘AND’ scenarios, derived from a bivariate copula-based approach linked to hydrodynamic 

modeling. The composites of maximum floodwater height (MFH) and maximum floodwater 

velocity (MFV) lead to the lowest average underestimation (-0.35 m) and overestimation (0.20 

m/s), respectively, within wetland areas. The authors concluded that a thorough CFHA should 

leverage statistical analysis and hydrodynamic modeling of extremes including corrections of 

coastal DEMs (see Chapter 2 for more details). 

Next to that, Muñoz et al., (2021a) conducted an inter-model comparison of two widely 

used hydrodynamic models (e.g., 2D HEC-RAS and Delft3D-FM) and evaluated their ability to 

predict total water level,  i.e., a combination of river flow, tide, surge, wind and wave-induced 

water level, for Hurricane Sandy (Oct/2012) and Isabel (Sep/2013). They evaluated how model 

selection and model structure error affect total water level (TWL) prediction in Delaware Bay, 

DE. Specifically, comparisons of TWL based on a set of scenarios with/out meteorological 
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forcing (e.g., local wind and atmospheric pressure) revealed that both models performed better at 

downstream than upstream river locations. Nevertheless, Delft3D-FM outperformed HEC-RAS 

at most of the gauge stations; especially when simulating Hurricane Sandy due to the large 

influence of meteorological forcing on TWL variation as compared to Hurricane Isabel. 

Regarding computational time, a series of model simulations conducted with a fixed number of 

cores revealed that Delft3D-FM can be faster than HEC-RAS by a factor of 6 to 10. In addition to 

this study, Muñoz et al., (2020b) and later on Yin et al., (2021) analyzed in detail the contribution 

of different physical components and/or forcing conditions on TWL for Hurricane Isabel in 

Delaware Bay. They used an existing framework for compound flood modeling and found out 

that storm-surge is the most dominant component of TWL with an average contribution of 78% 

and followed by astronomical tides with 20%. The remaining contribution (2%) was attributed to 

both river discharge and local wind at the upstream and downstream part of the estuary, 

respectively (see Chapter 3 for more details). 

In a more recent study, Muñoz et al., (2021a) developed a robust land cover model based 

on state-of-the-art convolutional neural networks (CNNs) and data fusion (DF) framework. The 

model was used to analyze long-term wetland dynamics associated with urbanization, sea level 

rise (SLR) and hurricane impacts in the Mobile Bay watershed, AL. The advantage of using a 

CNN & DF framework is that the errors associated with land cover (wetland) classification are 

significantly reduced when fusing multi-source and multi-annual imagery datasets with adjusted 

light detection and ranging (LiDAR)-derived DEMs. Specifically, overall accuracy increased by 

8 to 19% as compared to land cover classification with single-source datasets. Moreover, they 

estimated that total wetland area is decreasing at a rate of -1106 m2/yr, which is consistent with 

wetland loss observed in nearby regions. The authors argued that hydrodynamic modeling in 

addition to deep learning (DL) techniques are required to fully understand wetland dynamics; 
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especially in terms of marsh equilibrium with SLR. In that regard, existing land cover maps (e.g., 

NLCD, C-CAP and NWI) should be updated with CNN & DF frameworks before being 

considered for compound flood modeling. Another advantage of the CNN & DF framework in 

CFHA is the possibility of fusing additional datasets (e.g., radar data) for compound flood 

mapping (see Chapter 4 for more details). 

Problem Statement and Motivation 

CFHA is often conducted with advanced hydrodynamic models that simulate complex 

and nonlinear processes using robust numerical schemes. However, model simulations at large 

(regional) scale are still computationally intensive despite the growing access to powerful and 

low-cost computational resources. An alternative for regional flood mapping consists in DL and 

DF techniques to process multispectral imagery, radar data, and digital elevation models (DEMs) 

together. These techniques rely on readily available data (e.g., satellite’s revisit time and/or 

spatiotemporal resolution) to delineate flood extent in near real-time over large areas. A more 

efficient and robust method for flood mapping consists in integrating both physically based and 

data driven approaches (at local scale), and then applying transfer learning techniques for flood 

mapping in the surrounding areas (large scale). Although the proposed method has the potential 

to alleviate computation burden, it has not yet been applied to regional compound flood mapping 

in low-lying areas. 

Another challenge when conducting CFHA is an adequate characterization of uncertainty, 

which is generally associated with model parameters, model structure, forcing data, and 

observations used for model evaluation and inference (Moradkhani et al., 2018; Nearing et al., 

2016). These sources of uncertainty can lead to systematic and random errors in compound flood 

modeling, and thereby compromising the accuracy and reliability of CFHA (e.g., inundation 
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extent, floodwater depth, and velocity maps). Advanced methods that improve the estimation of 

model parameters and time-varying state variables (e.g., water level, velocities and river 

discharge) while also accounting for all sources of uncertainty rely on (sequential) data 

assimilation (DA) techniques (Moradkhani et al., 2005b). In broad terms, DA techniques use 

available observations to improve model predictions and produce accurate compound flood 

hazard maps. Uncertainty from statistical and hydrodynamic models has been extensively studied 

regarding pluvial, fluvial, or coastal flooding events (Han and Coulibaly, 2017; J. Teng et al., 

2017), however research to date has not investigated uncertainty in CF especially in coastal to 

inland transition zones where inland and coastal flood drivers interact. 

 These two research gaps require further attention from the scientific community and are 

therefore the motivation of this dissertation. Addressing these research gaps as well as providing 

efficient tools for CFHA can assist disaster coordinators and stakeholders in flood risk 

management decisions, adequate planning, and prompt emergency response.  

 
Research Questions and Hypotheses 

 The research gaps described in the previous section are formulated into two research 

questions as follows. 

RQ1: Is transfer learning suitable for large scale compound flood mapping? Moreover, can 

hydrodynamic modeling, deep learning, and data fusion techniques be integrated coherently to 

produce accurate compound flood maps at regional scale?  

 The hypothesis is that the physics ruling hydrodynamic modeling can be transferred into 

data-driven algorithms and jointly produce accurate compound flood maps at different scales. 

While flood maps obtained from hydrodynamic simulations preserve the continuity and 

momentum balance in the model domain, DL models identify complex spatiotemporal patterns 
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from multispectral and backscattering data of satellite-based imagery. In that regard, physically 

based and data-driven models might help classify land cover types including complex inundated 

areas with high accuracy. For example, the models could separate periodic from purely hurricane-

induced and fluvial flooding in coastal ecosystems such as wetlands and mangroves. 

RQ2: Is data assimilation a feasible approach for addressing uncertainty in compound flood 

hazard assessment? More specifically, can the ensemble Kalman filter improve the accuracy of 

water level predictions and flood hazard maps in low-lying areas? 

The hypothesis to be tested is that uncertainty of forcing data, model structure, and 

parameters affect the accuracy of CFHA according to the relative contribution of each driver to 

total water level (TWL). For example, compound events with storm surge as the dominant flood 

driver and with substantial contribution to TWL may exhibit a larger mean absolute bias (e.g., 

water level and floodwater depth) in coastal areas and transition zones than upstream areas. 

Conversely, river discharge being the dominant driver in CF may lead to larger mean absolute 

bias (MAB) in upstream areas and transition zones than coastal areas. As can be noticed, 

transition zones are subject to large MAB regardless of the inland or coastal driver triggering CF.
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 ADJUSTING EMERGENT HERBACEOUS WETLAND ELEVATION WITH 

OBJECT-BASED IMAGE ANALYSIS, RANDOM FOREST AND THE 2016 NLCD1 

Abstract 

Emergent herbaceous wetlands are characterized by complex salt marsh ecosystems that play a 

key role in diverse coastal processes including carbon storage, nutrient cycling, flood attenuation 

and shoreline protection. Surface elevation characterization and spatiotemporal distribution of 

these ecosystems are commonly obtained from LiDAR measurements as this low-cost airborne 

technique has a wide range of applicability and usefulness in coastal environments. LiDAR 

techniques, despite significant advantages, show poor performance in generation of digital 

elevation models (DEMs) in tidal salt marshes due to large vertical errors. In this study, we 

present a methodology to (i) update emergent herbaceous wetlands (i.e., the ones delineated in 

the 2016 National Land Cover Database) to present-day conditions; and (ii) automate salt marsh 

elevation correction in estuarine systems. We integrate object-based image analysis and random 

forest technique with surface reflectance Landsat imagery to map three emergent U.S. wetlands 

in Weeks Bay, Alabama, Savannah Estuary, Georgia and Fire Island, New York. Conducting a 

hyperparameter tuning of random forest and following a hierarchical approach with three 

nomenclature levels for land cover classification, we are able to better map wetlands and improve 

1 Muñoz, D. F., Cissell, J. R., & Moftakhari, H. (2019). Adjusting emergent herbaceous wetland elevation with 
object‐based image analysis, random forest and the 2016 NLCD. Remote Sensing, 11(20), 2346. 
https://doi.org/10.3390/rs11202346 
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overall accuracies in Weeks Bay (0.91), Savannah Estuary (0.97) and Fire Island (0.95). We then 

develop a tool in ArcGIS to automate salt marsh elevation correction. We use this ‘DEM-

correction’ tool to modify an existing DEM (model input) with the calculated elevation correction 

over salt marsh regions. Our method and tool are validated with real-time kinematic elevation   

data and helps correct overestimated salt marsh elevation up to 0.50 m in the studied estuaries. 

The proposed tool can be easily adapted to different vegetation species in wetlands, and thus help 

provide accurate DEMs for flood inundation mapping in estuarine systems. 

  
Introduction 

 Salt marshes are considered not only the most productive and vast coastal ecosystems on 

the planet (Mcowen et al., 2017), but also the most complex ecological units as they support a 

variety of meso- and macro-fauna (Barbier, 2019; Costanza et al., 1997). Salt marshes facilitate 

the development of biological processes (e.g., nutrient cycling, pollutant filtration, carbon 

storage, nitrogen cycle) (Costanza et al., 1997; Mitsch and Gosselink, 2000), and contribute to 

storm surge dissipation and shoreline protection (Medeiros et al., 2015; Rogers et al., 2016). 

Tidal salt marshes are subject to tidal influence and sea level rise (SLR) as they grow within low-

energy intertidal zones (Leonardi et al., 2018). In general, moderate to high SLR rates can 

permanently inundate low marsh regions affecting the dynamics between tides and marsh 

biomass productivity. Moreover, elevated coastal water levels on marsh regions can influence the 

fate of sediments, salinity intrusion and nutrient availability, and ultimately transform tidal salt 

marshes into mudflats or open water (Alizad et al., 2018; Callaway et al., 1997; Morris et al., 

2002; Schile et al., 2014). Nevertheless, tidal salt marshes cope with SLR by controlling the 

overall sediment balance of the marsh platform (i.e., release or storage of sediments) and hence 

enabling the marsh platform to accrete and keep pace with rising water levels (Day et al., 2011). 
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Furthermore, tidal salt marshes can adapt to changes in sediment supply and salinity by migrating 

to higher non-urbanized lands (Alizad et al., 2016; Feagin et al., 2010; Kirwan et al., 2016; 

Schieder et al., 2018); as a result, salt marsh migration can alter the land cover distribution of 

emergent wetlands delineated in the 2016 National Land Cover Database (NLCD) map. 

The 2016 NLCD is a multi-temporal (2001–2016) land cover/land change database of the 

conterminous United States developed by the U.S. Geological survey (USGS) in collaboration 

with several federal agencies (Yang et al., 2018). The land cover classification process in the 

2016 NLCD consisted in a comprehensive data analysis of Landsat imagery of moderate (30 m) 

spatial resolution and cloud cover less than 20%, integration of ancillary datasets, image 

segmentation and decision tree classification techniques; and post-classification refinement 

process. As a result, the 2016 NLCD exhibits an overall agreement between land cover 

classification maps and reference data ranging from 71% to 97% (Yang et al., 2018). The 2016 

NLCD metadata file provides a list of code-values with a short description of land cover classes 

in the classification map. For example, the wetland class is classified in two groups: ‘Woody 

Wetlands’ (code-value 90) and ‘Emergent Herbaceous Wetlands’ (code-value 95). The second 

group in turn can be separated into two classes ‘Freshwater Emergent Wetlands’ and ‘Estuarine 

and Marine Wetlands’ according to the National Wetland Inventory (NWI) (Cowardin et al., 

2013). The last class is of particular interest for this study specially in estuarine systems of the 

Atlantic and Gulf Coasts of the U.S. emergent wetlands growing in those estuarine systems 

consist in (periodically inundated) perennial herbaceous vegetation with saltmarsh cordgrass 

(Spartina alterniflora), saltmeadow cordgrass (Spartina patens), big cordgrass (Spartina 

cynosuroides), needlerush (Juncus roemerianus), narrow-leaved cattail (Typha angustifolia), and 

southern wild rice (Zizaniopsis miliacea) as dominant species (Cowardin et al., 2013). 
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Over the last decade, the application of random forest (RF) and object-based image 

analysis (OBIA) to imagery datasets has proven to be a robust, stable and superior methodology 

for land cover mapping and land change analysis on a variety of landscapes (e.g., urban areas, 

wetlands, agricultural areas, natural forests) (Campbell and Wang, 2019; Lebourgeois et al., 

2017; Phiri et al., 2018; Phiri and Morgenroth, 2017). RF and OBIA present advantages over 

other classifiers (e.g., decision tree , maximum likelihood, k-nearest neighbor, support vector 

machine, artificial neural network) and over traditionally (sub)pixel-based classification 

techniques (e.g., supervised, unsupervised, contextual, hybrid, fuzzy, spectral mixture) (Cooper et 

al., 2019; Ma et al., 2017; Robertson and King, 2011). RF is a non-parametric ensemble 

algorithm that builds a large number of random decision trees based on random bootstrapped 

samples of training data to conduct a classification (Breiman, 2001). The major advantage of RF 

relies on its simplicity and easy implementation with multiple parameters for efficient multi-class 

classification (Wang et al., 2019). Likewise, the major advantage of OBIA relies on its reduction 

of within-class variability since image segmentation can effectively represent land cover classes 

as ground truth objects (Phiri and Morgenroth, 2017). Moreover, OBIA has demonstrated 

superior performance on imagery of both high and moderate spatial resolution such as Landsat 

images (Li et al., 2014). Applying RF and OBIA to high (~2 m) and medium (30 m) resolution 

images (e.g., WorldView-2, QuickBird, IKONOS, Landsat 8-OLI/TM/ETM+) can lead to mean 

overall accuracies above 83% (Ma et al., 2017; Phiri and Morgenroth, 2017), which suggests 

further application for land cover classification and land change analysis in present-day imagery 

datasets.  

When integrating land cover classification maps and digital elevation models (DEMs) for 

flood inundation mapping, a common issue over permanent tidal salt marsh regions (and 

migrating marsh communities) is the surface elevation error, specifically in DEMs derived from 
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light detection and ranging (LiDAR) methods. Despite the usefulness and widespread application 

of LiDAR-derived DEMs over coastal areas (Brock and Purkis, 2009; Campbell, 2018; Millard et 

al., 2013; Passalacqua et al., 2012; Zhao et al., 2018), several studies have argued that elevation 

errors arise in vegetated areas, especially in salt marsh species (Alizad et al., 2018; Cooper et al., 

2019; McClure et al., 2015; Rogers et al., 2018, 2016). The surface elevation error is calculated 

as the difference in elevation between LiDAR-derived DEMs and true ground-surface elevation; 

usually collected during real-time kinematic (RTK) topographic surveys (Cooper et al., 2019; 

Hladik and Alber, 2012; McClure et al., 2015; Rogers et al., 2016). The highest LiDAR elevation 

errors have been found in salt marsh species located along estuarine creeks with tall dense grasses 

(up to 2 m) such as Spartina alterniflora (Rogers et al., 2018, 2016), where overestimation of 

surface elevation can reach values up to 0.65 m (Medeiros et al., 2015). In order to rectify the 

surface elevation error in salt marshes, several studies have applied elevation adjustments and/or 

correction methods to LiDAR-derived DEM datasets. For example, DEM corrections are made 

by analyzing above-ground biomass variation in coastal marshes (Medeiros et al., 2015); using 

correction factors based on vegetation species (Cooper et al., 2019); analyzing the effects of 

seasonality, vegetation species and LiDAR processing/filtering methods on elevation uncertainty 

(Rogers et al., 2016); and applying location-specific, point-by-point corrections from LiDAR 

waveform-derived features (Rogers et al., 2018). 

In one recent study, Alizad et al. (Alizad et al., 2018) conducted a global LiDAR-derived 

DEM correction in marsh regions of Grand Bay in Mississippi and Weeks Bay in Alabama, USA. 

The authors adjusted salt marsh platform elevation of the bays based on marsh productivity and 

above-ground biomass density of biologically similar species to a nearby estuarine system at 

Apalachicola Bay in Florida, USA. The salt marsh platform of the two bays was therefore 

vertically positioned relative to the tidal frame similar to Apalachicola Bay. However, the 
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aforementioned process to correct salt marsh elevation has not been automated for reproducibility 

in other estuaries. Moreover, land cover update within emergent herbaceous wetlands of the 

NLCD is usually neglected, making this updated layer of value for similar analyses. Our 

approach integrates OBIA and RF techniques with the 2016 NLCD in order to update emergent 

wetland regions through a hierarchical approach and to correct the elevation of salt marsh 

regions. For this purpose, we first update emergent wetland regions of Weeks Bay, Alabama, 

Savannah Estuary, Georgia and Fire Island, New York to the year 2019, and then we develop an 

automated salt marsh elevation correction tool in ArcGIS to generate a modified (corrected) 

DEM. Our approach and DEM-correction tool can be easily adapted and applied to other 

estuarine systems supporting different marsh vegetation species in emergent herbaceous wetland 

regions. 

Materials and Methods 

Study area 

We selected two estuarine systems and one barrier island for this study: Weeks Bay, 

located on the Gulf of Mexico Coast of the United States, and Savannah Estuary and Fire Island, 

located on the Atlantic Coast of the United States. We studied these two estuaries with different 

hydro-morphological characteristics such as size, mean depth, riverine to tidal influence, 

anthropogenic interventions, and ecological characteristics to assess the broader applicability of 

our proposed methodology in different estuarine systems. In addition, we extended our analysis 

on Fire Island to validate our results with publicly available RTK topographic survey data. 

Weeks Bay is a shallow, diamond shaped, microtidal estuary located along the eastern 

shore of Mobile Bay in Baldwin County, Alabama (Figure 1-1a). Weeks Bay is a tributary 

estuary of Mobile Bay and has been designated as a National Estuarine Research Reserve 
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(NERR) site since 1986 (Kennish, 2003). The estuary has a surface area of approximately 7 km2 

with a longitudinal axis (north to south) of 3.4 km and a transversal axis (west to east) of 3.1 km 

(Alarcon et al., 2012). Freshwater discharge into the estuary comes from the Fish River and 

Magnolia River located at the northern and eastern sides of the Bay, respectively. Fish River 

provides ~73% of total freshwater input (~ 9 m3/s), while Magnolia River supplies the rest. Mean 

depth of Weeks Bay is about 1.5 m, with maximum local depths up to 7 m (see the deep area 

connecting Bon Secour Bay to Weeks Bay for example) (Camacho et al., 2014). The tidal regime 

is predominantly diurnal with tidal range of 0.4 m and currents exceeding 1 m/s at the mouth of 

the bay (Schroeder et al., 1990). The estuarine system consists of deep-water tidal habitats and 

adjacent tidal wetlands which are regularly flooded by tides (Cowardin et al., 2013). 

 Savannah River originates at the confluence of the Tulagoo and Seneca Rivers at 

Hartwell, Georgia and debouches into the Atlantic Ocean (Figure 1-1b). The river flows in a 

southeastern direction and serves as a ~500 km natural border of South Carolina and Georgia. 

Savannah River estuary extends from Port Wentworth to Fort Pulaski (at the estuary mouth) and 

comprises the lower ~50 km of the river (Reinert and Peterson, 2008). The river channel from 

Port Wentworth to Tybee Range has been deepened for navigation purposes with a mean depth of 

12 m below mean low water as reported by the U.S. Army Corps of Engineers (U.S. Army Corps 

of Engineers, 2017). Furthermore, the U.S. Army Corps of Engineers constructed three major 

dams (J. Strom Thurmond, Richard B. Russell, and Hartwell) on the Savannah River, mainly for 

hydroelectric generation, flood control and water supply management purposes (Zurqani et al., 

2018). Savannah River at Port Wentworth trifurcates in distributary channels named Front, 

Middle and Back rivers as (Figure 1-1b). The annual averaged discharge to the estuary and tidal 

range at the estuary mouth are approximately 359 m3/s and 2.5 m, respectively (Reinert and 

Peterson, 2008). The estuarine system consists of deep-water tidal habitats and adjacent tidal 
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wetlands which are regularly flooded by tides, and partly drained wetlands that have been altered 

hydrologically. Anthropogenic intervention is also evident in wetlands containing and connected 

to ditches (Cowardin et al., 2013). 

Fire Island, a 50-km-long barrier island with varying width from 200 m to 1 km 

(Pendleton et al., 2004), is located at the south shore of Long Island in Suffolk County, New 

York (Figure 1-1c). The island holds a variety of salt marsh species and vegetation distributed 

along the barrier. Fire Island is currently constrained by two main tidal inlets used as navigation 

channels: Fire Island Inlet to the west and Moriches Inlet to the east. The barrier island has been 

affected by extreme storm surges, such as Hurricane Sandy in 2012 which caused an overwash on 

41% of Fire Island and modified its shape due to large amounts of sediment accumulation 

(approximately 50,800 m3) (Campbell and Wang, 2019). From fall 2014 to spring 2016, an 

extensive RTK topographic survey over salt marsh regions was conducted on Fire Island as 

described in Section 2.2. These data are further used in Section 3.4 for validation of the proposed 

tool. 
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Figure 1-1. Map of the study areas and their location in the United States: (a) Weeks Bay, 

Alabama; (b) Savannah, Georgia; and (c) Fire Island, New York. 

Data 

We used imagery datasets (i.e., band collection) from both Landsat 8 OLI/TIRS 

(Collection 1 Level-1) and Landsat Analysis Ready Data (ARD) archives since the application of 

the former in land cover classification is affected by atmospheric errors (Phiri et al., 2018). 

Contrary to Landsat 8 OLI/TIRS, Landsat ARD is a surface reflectance product (Dwyer et al., 
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2018) with imagery corrected for atmospheric attenuation (e.g., scattering and absorption effects). 

However, Landsat ARD does not contain the thermal and panchromatic bands as they are not 

surface reflectance products. We used the panchromatic bands of Landsat 8 OLI/TIRS to enhance 

the spatial resolution of the images in OBIA and RF as further described in Subsection 2.4. Both 

datasets, covering the hydrologic catchments of the study areas in 2016 and 2019, are open 

source and can be obtained from the Earth Explorer website (https://earthexplorer.usgs.gov). In 

addition to the imagery datasets, we used the geo-database of the NWI 

(https://fwsprimary.wim.usgs.gov/wetlands/apps/wetlands-mapper/) and the ‘C-CAP 2010-Era 

Land Cover’ map (https://coast.noaa.gov/digitalcoast/tools/lca.html) of the National Oceanic and 

Atmospheric Administration (NOAA) and the National Ocean Service (NOS) as references to 

discriminate emergent wetlands in the study area. 

We obtained LiDAR-derived DEMs of Weeks Bay (i.e., 2014 Northern Gulf of Mexico 

dataset), Savannah Estuary (i.e., 2017 Coastal South Carolina dataset), and Fire Island (i.e., 2017 

East Coast dataset) from NOAA’s Data Access Viewer (https://coast.noaa.gov/dataviewer/#). 

The DEMs have horizontal datum: UTM Zone 16N, 17N and 18N—North American Datum 

1983 projection (NAD83); North American Vertical Datum 1988: NAVD88; and spatial 

resolution: ~3 × 3 m (1/9th arc-second), 1 × 1 m and 1 × 1 m, respectively. We also obtained 

information about the mean high water (MHW), mean sea level (MSL) and mean low water 

(MLW) datum referenced to NAVD88 for surface elevation correction (described in Subsection 

2.5) from NOAA (https://tidesandcurrents.noaa.gov). 

For validation of the DEM-correction tool, we used a set of 1530 RTK points (i.e., 

ground-truth marsh elevation) collected by staff of the Environmental Data Center (EDC) in 

cooperation with the Northeast Coastal and Barrier Network (NCBN) at strategic marsh locations 

in Fire Island (Figure 1-1c). This dataset is publicly available and can be obtained from the 
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Integrated Resource Management Applications (IRMA) database 

(https://irma.nps.gov/DataStore/Reference/Profile/2240329). The RTK data has a spatial 

resolution of 20 m referenced with respect to horizontal datum: UTM Zone 18N—NAD83 (2011) 

and vertical datum: NAVD88. 

Imagery preprocessing 

 We selected the time frame of single images in this study based on two conditions: (1) 

consistency with Landsat imagery used in the 2016 NLCD for land cover classification over the 

study areas; and (2) imagery preferably captured within MLW in order to avoid tidal inundation 

effects land cover classification (Campbell and Wang, 2018; Hurd et al., 2006). In addition, we 

obtained Landsat 8 OLI/TIRS and ARD images from Earth Explorer applying a cloud cover filter 

less than 20% in order to be consistent with the proposed steps for land cover classification of the 

2016 NLCD (Yang et al., 2018). We further preprocessed some images with the fmask tool (Qiu 

et al., 2019b) to get rid of clouds and shadows in our analyses. A summary of the imagery 

datasets used in this study including tidal stage during image acquisition is presented in Table 1-

1. The selected tidal gauges for Weeks Bay, Savannah Estuary and Fire Island were Dauphin 

Island, Alabama (NOAA station 8735180), Fort Pulaski, Georgia (NOAA station 8670870) and 

Great South Bay at Watch Hill, New York (USGS station 01305575), respectively. 

Table 1-1. Imagery dataset used in land cover classification of the 2016 National Land Cover 

Database (NLCD) (reference) and the dataset used for image segmentation, feature extraction, 

training, and validation, and updating emergent herbaceous wetland regions. 

NLCD 
(Reference) Date 

Landsat 8  
OLI/TIRS§ 

(Path/Row) 
Landsat ARD# 

(Horiz./Vert.) 
Tidal Stage* 

(Max/Min/Mean) 
(m) 

Study  
Area 

2016/Mar/03 2016/Feb/28 
20/39 22/16 

0.14/–0.14/0.00 
Weeks Bay 

N/A 2019/Apr/16 0.21/–0.12/0.04 
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2016/May/17 2016/May/06 
16/38 26/14 

1.73/–1.48/0.19 
Savannah 

N/A 2019/Apr/29 0.86/–0.87/0.05 
2016/Jun/17 2016/Jun/18 

13/32 29/7 
0.24/–0.19/0.02 

Fire Island 
N/A 2016/Apr/24 0.42/–0.09/0.16 

§ Operational Land Imager/Thermal Infrared Sensor; # Analysis Ready Data; * Referenced with

respect to NAVD88. 

Updating emergent wetland regions 

The updating process of emergent wetland regions to present-day (2019) conditions 

involved three steps: (1) image segmentation with OBIA; (2) feature and land cover class 

extraction; and (3) training and validation with RF technique. 

Image segmentation with OBIA 

To conduct the image segmentation, we first masked the clouds and shadows in the study 

area with the fmask tool (Qiu et al., 2019b) and then pansharpened the Landsat 8 OLI/TIRS 

imagery datasets (Table 1-1) with the Gram–Schmidt method (ArcGIS 10.6.1) as suggested in 

similar studies (Laben and Brower, 2000; Lebourgeois et al., 2017). The pansharpening process 

leverages the high spatial resolution of the panchromatic band (15 m) and replaces its low 

spectral resolution with the high spectral resolution of the other bands in the band collection. The 

multispectral bands used in this process (with equal band weight) were B5 (near-infrared); B3 

(green); B2 (blue); B8 (panchromatic). It is important to note that B5 was preferred over B4 (red) 

since the near-infrared band can better distinguish differences in spectral signatures from 

vegetated and non-vegetated areas (Gilbertson et al., 2017; Phiri et al., 2018). The resulting 

multispectral images therefore have high spatial and spectral resolution, and also highlight 

vegetated areas of the study area. We then used OBIA to divide the multispectral images into 

heterogeneous polygons (or objects) comprising areas with similar spectral properties. The 
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objects were generated through the ‘Mean-Shift’ segmentation algorithm included in the Orfeo 

Toolbox (OTB 6.6.0) (Grizonnet et al., 2017), and available in QGIS as an external plugin. This 

method has been used in other studies with satisfactory results (Bo et al., 2009; Campbell and 

Wang, 2019; Yang et al., 2013). It is worth mentioning that the polygon heterogeneity (i.e., size 

of the objects) is controlled by user-defined parameters. The main parameters used in this study 

and their corresponding values are spatial radius (5), range/spectral radius (10), and minimum 

region size (15). The remaining parameters were set to default values. The optimal (main) 

parameter-values were found empirically by testing different sets of values systematically (e.g., 

ranging from 5 to 40) (Cooper et al., 2019). This process was repeated until emergent wetland 

regions were properly delineated and/or separated from open water. Furthermore, the resulting 

polygons were visually compared to reference land cover maps (e.g., C-CAP and NWI). 

Feature and land cover class extraction 

At this stage we computed and extracted features and land cover classes to build a 

learning database for the RF algorithm. Since the Landsat 8 OLI/TIRS imagery is affected by 

atmospheric attenuation (Dwyer et al., 2018; Phiri et al., 2018), we conducted feature extraction 

from ARD imagery that is a surface reflectance product (Table 1-1). We classified the computed 

features in three groups: reflectance, spectral and textural indices (Lebourgeois et al., 2017; Phiri 

et al., 2018). The reflectance features, characterized via mean, standard deviation, and range, 

were obtained from two multispectral band compositions: B4 (red); B3 (green); B2 (blue) and B5 

(near-infrared); B3; B2. The spectral and textural indices from vegetated and non-vegetated areas 

are characterized via mean and standard deviation (SD) as indicated in Table 1-2. Moreover, the 

number of variables ‘p’ is 28 as presented in the same table. The textural indices were computed 

with both the ‘Haralick Texture’ features of OTB in QGIs and ‘Focal Statistics’ in ArcGIS; and 
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based on window sizes of 5 × 5 pixels with band composition of B5; B3; B2; B. B5 was preferred 

over B4 as the near-infrared band might contrast better soil-vegetation discontinuities than the red 

band (Lebourgeois et al., 2017). Haralick texture is a widely used parameter for texture 

recognition as it measures consistency of patterns and colors in image objects (Haralick et al., 

1973). Focal statistics computes a set of statistics (e.g., mean, standard deviation, range) based on 

information of neighbor raster cells, and hence identifies image objects sharing similar properties 

(e.g., reflectance, spectral and textural). Lastly, we extracted the land cover classes of Weeks Bay 

and Savannah Estuary from the 2016 NLCD to further train and validate the RF algorithm as 

described in the next section. 

Table 1-2. Feature extraction from Landsat Analysis Ready Data (ARD) imagery based on 

reflectance, spectral and textural indices. 

Features Variables (p) Expression 

Reflectance 
(mean, SD, and range) Multispectral band composition 

Red; Green; Blue 
NIR|; Green; Blue 

Spectral indices 
(mean and SD) 

Normalized Difference Vegetation 
Index 

(NDVI) 

−+
Normalized Difference Water Index 

(NDWI) 
−+

Brightness Index 
(BI) + + +  

Enhanced Vegetation Index 
(EVI) 

2.5∗ ( − )+ 6 ∗ − 7.5 ∗ + 1
Normalized Difference Built-up Index 

(NDBI) 
∦ −+

Specific Leaf Area Vegetation Index 
(SLAVI) +

Green Ratio Vegetation Index 
(GRVI) 

Ratio Vegetation Index 
(RVI) 
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Textural indices 
(mean and SD) 

Contrast Focal Statistics 
Entropy

Haralick Texture 
Haralick correlation

| Near-infrared; ∦ SWIR: Short-wave infrared. 

Training and validation with random forest 

 In this stage, we trained and validated the RF learning algorithm in Python 3.7 with the 

features extracted from the 2016 imagery and the land cover classes of the 2016 NLCD. This 

process requires three steps: (i) assembling the learning database; (ii) establishing a hierarchical 

approach for land cover classification; and (iii) hyperparameter tuning of the random forest 

algorithm including accuracy assessment. The ultimate goal of this stage was to classify and 

update emergent wetland regions in the 2019 imagery as described in Subsection 3.3. 

Assembling the learning database 

 We used ArcGIS to join and relate all the features and land cover classes extracted in the 

second stage to the polygons (or objects) generated through image segmentation in the first stage. 

Hence, each polygon feature (identified with a unique ID) displays a set of reflectance, spectral 

and textural indices that belongs to a specific land cover class. Since the numbers of objects 

generated in Weeks Bay and Savannah Estuary are relatively large (i.e., 102,983 and 105,580, 

respectively), we trained and validated the RF with a random sample consisting of 25% of all the 

polygon features per study area in order to reduce computation effort while also ensuring model 

robustness. Moreover, large training sample sizes could affect the proportion between land cover 

classes, and thus decrease the overall accuracy of the RF algorithm (Thanh Noi and Kappas, 

2018). The total number of objects generated in Fire Island, on the other hand, was approximately 

5% of those of Weeks Bay or Savannah Estuary (i.e., 5026). This in turn suggests that the 

random sample could be increased as there is always a trade-off between high accuracy (model 
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robustness) and computation time. We therefore used a random sample consisting of 50% of all 

polygon features for Fire Island. Furthermore, we dealt with unbalanced data in the sampling 

process by computing the class weight of each land cover class and using a fixed seed value (i.e., 

random state = 0) for reproducibility. The sample data therefore had a balanced number of 

polygons per land cover class. Likewise, we divided the sample data into two parts for training 

(70%) and validation (30%) with the fixed seed value to ensure reproducibility. 

Hierarchical approach for land cover classification 

We followed a hierarchical approach to discriminate land cover classes from each other. 

Contrary to the classical approach, in which the entire learning database is used to generate RF 

classifiers at each nomenclature level, the hierarchical approach separates the database according 

to user-defined levels and then generates classifiers for each nomenclature level. Moreover, this 

approach significantly improves land cover classification accuracy at all nomenclature levels, 

compared with the classical approach as reported in Lebourgeois et al. (2017). In this study, we 

arranged the polygon features (and associated indices) into three levels based on the 2016 NLCD 

classification: (L1) urban and non-urban areas, (L2) vegetated and non-vegetated areas and (L3) 

wetland areas, as indicated in Table 1-3. The number of polygons per level and study area is 

mentioned between parentheses below each land cover class. 

Table 1-3. Nomenclature levels and number of polygon features (Weeks Bay/Savannah/Fire 

Island) used to validate the random forest classifiers for land cover classification. 

Level 1 (L1) Level 2 (L2) Level 3 (L3) 

Urban areas 

(1979/2097/135) 

Developed, open space 

(797/736/21) 
NA 

Developed, low intensity 

(650/667/69) 
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Developed, medium intensity 

(444/417/36) 

Developed, high intensity 

(88/277/9) 

Non-urban areas 

(5639/5607/599) 

Open water 

(504/873/203) 

NA 

Deciduous, Evergreen and Mixed forest 

(1028/1117/23) 

Barren land, Grassland, Herbaceous, Pasture and 

Shrub 

(1887/1332/203) 

Cultivated crops 

(882/516/NA) 

Wetlands 

(1338/1769/170) 

Woody 

(845/902/14) 

Emergent herbaceous 

(493/867/156) 

Hyperparameter tuning of random forest and accuracy assessment 

The next step was to find optimal hyperparameter values to build the decision tree 

classifiers in the RF algorithm. We used the scikit-learn tool package of Python to conduct a 

‘Hyperparameter Tuning’, and hence account for overfitting through cross-validation (CV) 

(Koehrsen, 2018). For the hyperparameter tuning, we first created a grid with empirical range-

values based on recent studies (Adam et al., 2014; Muñoz et al., 2018; Pelletier et al., 2016; 

Probst et al., 2019; Thanh Noi and Kappas, 2018). We randomly generated the hyperparameter 

values within the established ranges, avoiding a fixed interval between two consecutive values as 

indicated in Table 1-4. In addition, we use a ‘stratified k-fold’ approach to divide the data into 

training and testing sets in the CV process. The number of k-folds is set to 5 as suggested in 

similar studies (Lebourgeois et al., 2017; Li et al., 2016; Lyons et al., 2018) and the grid is 
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generated with the fixed seed value for reproducibility. We then used the grid in the ‘Randomized 

Search CV’ function to randomly sample a set of hyperparameter values and conduct a stratified 

k-fold CV with each combination of values. The number of combinations to be tested in the 

function is defined by the ‘n_iter’ parameter which in our study was set to 100. As a result, the 

total number of fits, defined as k-folds × n_iter, led to 500 CV computations. 

Table 1-4. Hyperparameter grid used for a 5-fold cross-validation. 

Hyperparameter Range Total

Number of estimators 100–600 5 

Maximum features 10–20 5† 

Maximum depth 30–50 4 

Minimum sample split 2–6 3 

Minimum sample leaf 3–7 3 

Bootstrap True or False 2 
† Including ‘sqrt’ and ‘none’. 

To determine the best combination of values, each single combination was evaluated 

recursively in the validation dataset (i.e., 30% of the sampling data) by generating a confusion 

matrix and calculating three metrics related to land cover classification: overall accuracy, f1-

score (per class and macro), and Kappa coefficient. These metrics have been widely used to 

assess land cover classification in multiple studies (Campbell and Wang, 2019; Lebourgeois et 

al., 2017; Pelletier et al., 2016; Phiri et al., 2018; Thanh Noi and Kappas, 2018; Zurqani et al., 

2018). Hence, we quantitatively assessed actual vs. computed land cover class of each polygon 

(or object). Lastly, we defined the optimal hyperparameter values of each study area by refining 

our search around the best combination of values determined with the previous function. We use 

the ‘Grid Search CV’ function to evaluate specific user-defined combinations of values and 
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obtain the highest metrics per study area. The optimal hyperparameter values and the 

corresponding accuracy assessment indices are presented in Sections 3.1 and 3.2., respectively. 

Adjusting Emergent Wetland Surface Elevation 

Emergent wetlands growing in estuarine systems of the Atlantic and Gulf Coasts of the 

U.S. consist of different vegetation species, but salt marshes in particular lead to the highest 

LiDAR elevation errors (Rogers et al., 2018, 2016). Therefore, we selected those regions for 

further elevation adjustment and DEM correction. Alizad et al. (2018) corrected salt marsh 

elevation in Grand Bay and Weeks Bay in terms of marsh productivity and above-ground 

biomass density of vegetation species from Apalachicola Bay. The authors pointed out that marsh 

productive areas in the Apalachicola Bay are located in the upper portion of the tidal frame, and 

hence this elevation can be used to guide the salt marsh platform adjustment in the other two 

bays. Furthermore, they proposed the following equation to vertically position salt marsh 

platforms relative to the tidal frame similar to Apalachicola Bay: 

=  ( − ) ( − ) − +  (1)

where zadj is the adjusted elevation; u and l are the desired upper and lower limits of the adjusted 

elevation, respectively; and zmax and zmin are the actual maximum and minimum raw elevations 

(zraw) of the DEM cell to be adjusted in the domain. It is important to note that elevations lower 

than (or equal to) a threshold value (i.e., lower limit) should not be adjusted as this would 

unnecessarily flatten the micro-topography of small tidal creeks, and consequently alter the 

inundation patterns (Alizad et al., 2018). 

To apply Equation (1) in Weeks Bay and Savannah Estuary, we referenced MHW, MSL 

and MLW with respect to the vertical datum NAVD88 of Dauphin Island and Fort Pulaski, 

respectively (Table 1-1). Although Fire Island has its own representative tidal gauge (i.e., USGS 
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station 01305575), this station has been recording water heights since mid-April 2016 to present. 

As a result, the present National Tidal Datum Epoch (i.e., from 1983 up to 2001) used to 

calculate MHW, MSL and MLW is outside the time-frame of available water height records. We 

therefore estimated these datum data from a nearby tidal gauge station with longer records 

located at Montauk, New York (NOAA station 8510560). The upper tide range was calculated by 

subtracting MSL from MHW, and the upper midpoint of the tidal frame (lower limit) by adding 

half of the upper tide range to the MSL. Also, the upper limit was calculated by adding the upper 

tide range to the MHW, and zmax obtained from a frequency analysis of salt marsh elevation in the 

unadjusted DEM. A summary of these variables is presented in Table 1-5. 

Table 1-5. Tidal datum and variables of Equation (1) used for salt marsh elevation correction. 

Variable [m] 
Dauphin Island, AL 

(8735180) 
Fort Pulaski, GA 

(8670870) 
Fire Island, NY 

(8510560) 

Mean high water (MHW) 0.207 0.938 0.205 

Mean sea level (MSL) 0.018 –0.071 –0.101

Mean lower water (MLW) –0.151 –1.170 –0.426

Upper tide range 0.189 1.009 0.306 

Upper midpoint 0.113 0.434 0.052 

Upper limit (u) 0.396 1.947 0.511 

Lower limit (l) 0.113 0.434 0.052 

zmax 1.150 1.950 1.035 

zmin 0.113 0.434 0.052 

Implementation of the DEM-correction Tool 

We used Table 1-5 and Equation (1) to implement a tool aimed at automating salt marsh 

elevation correction. Since Equation (1) is based on salt marsh productivity and above-ground 

biomass density of biologically similar species, we assume the equation does not alter the natural 
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elevation of other vegetated species contained in the emergent herbaceous wetland class. The 

implementation of the DEM-correction tools is described as follows. 

First, the tool extracts the ground-surface elevation points of emergent herbaceous 

wetlands from the DEM (i.e., zraw) with a nearest neighbor resampling technique. We used the 

‘Sample’ tool to create a temporary lookup table containing the raster cell-values from those 

regions (i.e., X, Y and Z-coordinates). Subsequently, we extract the maximum and minimum 

elevations (i.e., zmax and zmin) of the emergent wetland regions from the lookup table. The second 

and third steps are to calculate the adjusted elevation (i.e., zadj) as indicated in Equation (1) and 

compare this value to the threshold value (i.e., lower limit). The resulting ‘Emergent Herbaceous 

wetland elevation’ dataset is then manually transformed into point features through the ‘Add XY 

data’ option in ArcGIS and stored in a shape file format for further use. The fourth step is to 

convert the point features in raster cell-values through the ‘Point to Raster’ tool. We set the cell 

size, cell assignment type and value/priority field to 3 m, mean value and ‘Elevation’, 

respectively. The remaining parameters of the tool were set to default. The final step is to 

combine the resulting ‘Emergent Herbaceous wetland Raster’ dataset with the DEM input of 

Weeks Bay or Savannah Estuary. We use the tool ‘Mosaic to New Raster’ to merge the two raster 

datasets by prioritizing the adjusted raster cell-values of the salt marsh regions with the ‘Mosaic 

Operator’ parameter. Finally, we set the cell size, pixel type, and number of bands to 3 m, 32-bit 

float and single band, respectively. Figure 1-2 presents a workflow of the DEM-correction tool 

created in Model Builder of ArcGIS. The results of the surface elevation correction in Weeks Bay 

and Savannah Estuary are presented in Subsection 3.4. 
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Figure 1-2. Schematic of the ‘DEM-correction’ tool developed in Model Builder of ArcGIS. 

Results 

Optimal hyperparameter values 

We conducted hyperparameter tuning in the two estuaries separately. The optimal values 

at each nomenclature level were almost identical with slight variations (i.e., order of units) 

mainly in the number of estimators and maximum features. For that reason, we used the same 

optimal values at each nomenclature level for further computations. Table 1-6 presents the 

optimal values per study area. In general, the optimal hyperparameter values were not far from 
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each other when comparing the two estuaries. The largest difference was observed in the number 

of estimators, which was greater by 50 units in Savannah Estuary. 

Table 1-6. Optimal hyperparameters used for land cover classification at each nomenclature 

level. 

Hyperparameter Weeks Bay Savannah Fire Island 

Number of estimators 500 550 563 

Maximum features 18 16 16 

Maximum depth 37 37 49 

Minimum sample split 4 4 4 

Minimum sample leaf 5 3 3 

Bootstrap True True True 

Accuracy assessment of land cover classification 

We quantitatively assessed the accuracy of land cover classification at each nomenclature 

level in terms of overall accuracy, f1-score (class and macro) and Kappa coefficient as presented 

in Table 1-7. At the first level (L1), the RF was able to discriminate urban from non-urban areas 

with moderate-high to high accuracies regarding the three metrics. Nevertheless, the Kappa 

coefficient was relatively low in Weeks Bay with a value of 0.62. At the second level (L2), the 

RF algorithm discriminated the land cover classes within the two groups of L1. When comparing 

the metrics of developed areas to undeveloped areas (i.e., open water, forests, crops, wetlands, 

etc.), we observe that RF was slightly better in identifying vegetated areas than developed areas. 

This might be related to the large extent of shrubs and wetlands around the estuaries, even though 

we dealt with unbalanced classes when sampling the data (see Subsection 2.4.3 for details). 

Moreover, the latter may have led the RF to learn more about the properties of those land covers 

compared to developed areas. As a result, the highest class f1-score belonged to shrubs in Weeks 

Bay (0.74) and wetlands in Savannah Estuary (0.80). At the third level (L3), the metrics 
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suggested that RF algorithm was able to identify emergent herbaceous wetlands with high 

accuracies (up to 0.97). As expected, better results were derived from Savannah Estuary due to its 

larger wetland areas.  

Table 1-7. Accuracy assessment of land cover classification (Weeks Bay/Savannah/Fire Island) 

during training and validation of the random forest algorithm. 

Nomenclature 

Level 

Description/Land cover 

class 

Overall 

accuracy 

Class 

f1-score 

f1-score 

macro 

Kappa 

coefficient 

L1 
Urban areas 

(0.86/0.90/0.86) 
(0.71/0.81/0.60) 

(0.81/0.87/0.76) (0.62/0.74/0.51) 
Non-urban areas (0.90/0.93/0.92) 

L2 

Developed, open space 

(0.65/0.73/0.70) 

(0.76/0.83/0.65) 

(0.63/0.73/0.68) (0.49/0.63/0.54) 
Developed, low intensity (0.55/0.66/0.72) 

Developed, medium intensity (0.62/0.63/0.71) 

Developed, high intensity (0.59/0.82/0.67) 

Open water 

(0.73/0.75/0.87) 

(0.93/0.96/0.95) 

(0.75/0.73/0.76) (0.65/0.67/0.82) 

Deciduous, Evergreen 

and Mixed forest 
(0.64/0.65/0.37) 

Barren land, Grassland, 

Herbaceous, Pasture and 

Shrub 

(0.74/0.70/0.88) 

Cultivated crops (0.72/0.56/NA) 

Wetlands (0.72/0.80/0.83) 

L3 
Woody 

(0.91/0.97/0.95) 
(0.93/0.97/0.69) 

(0.90/0.97/0.83) (0.80/0.95/0.66) 
Emergent herbaceous (0.88/0.97/0.97) 

 

Emergent wetland classification in the 2019 imagery 

 We conducted a land cover classification using the polygons created in the 2019 imagery 

with the associated indices (see Subsection 2.4 for details) and the optimal hyperparameters of 

each study area (Table 1-6). Then, we grouped the emergent herbaceous wetland class to further 

correct salt marsh elevation as described in the next subsection. Figure 1-3 shows land cover 
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change detection within emergent wetland areas obtained with OBIA and RF. Note that Savannah 

Estuary exhibits a larger wetland area than Weeks Bay as discussed in the previous subsection. 

Figure 1-3. Emergent herbaceous wetland change detection in (a) Weeks Bay, Alabama; (b) 

Savannah Estuary, Georgia; and (c) Fire Island, New York based on the 2016 NLCD and 2019 

imagery dataset. Color code indicates regions where this land cover class has emerged/migrated 

to upland areas (green), not changed (yellow) and vanished (red). 
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Adjusting emergent wetland surface elevation in DEMs 

We used the DEM-correction tool to adjust marsh elevation and generate a modified 

DEM. In order to compare the existing and modified DEM, we computed the overestimation in 

surface elevation over marsh regions as presented in Figure 1-4. The largest overestimation was 

observed in Weeks Bay with maximum values of 0.50 m followed by Fire Island and Savannah 

Estuary with 0.35 and 0.25 m, respectively. After surface elevation correction, no manual 

adjustment was conducted to ensure a proper evaluation of the proposed tool as described in the 

next section. 
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Figure 1-4. Overestimation of emergent herbaceous wetland elevation in (a) Weeks Bay, 

Alabama; (b) Savannah Estuary, Georgia; and (c) Fire Island, New York computed with the 

DEM-correction tool. 

DEM-Correction Accuracy Assessment 

We evaluated the performance of the DEM-correction tool by conducting statistical 

analyses of ground-truth marsh elevation points (i.e., RTK) of Fire Island (Figure 1-1c). 

Likewise, we used the spatial (x-y) coordinates of each point to extract the overlying elevation of 

the adjusted (zadj) and unadjusted (zraw) DEM. We then compared these elevations under the 

assumption that the entire emergent herbaceous wetland class follows a normal distribution as 

indicated in Figure 1-5a. We also conducted an analysis of frequency of errors (i.e., residuals) to 

evaluate the performance of the DEM-correction tool in mean error reduction (Figure 1-5b). For 

convenience, we also calculated the residual between zadj and RTK. Table 1-8 summarizes the 

results of this analysis in terms of mean error or overall bias (ME), standard error (SD) and root-

mean-square error (RMSE). 
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Figure 1-5. Accuracy assessment of LiDAR-derived DEM (zraw) and DEM-corrected (zadj) as 

compared to ground-truth elevation (RTK) collected on Fire Island, New York. (a) Histogram of 

surface elevation within emergent herbaceous wetlands referenced with respect to NAVD88; and 

(b) frequency of occurrence for residuals (vertical errors) of zraw and zadj with respect to RTK. 

Table 1-8. Summary of residual analysis (vertical error) within emergent herbaceous wetlands of 

Fire Island, New York. 

Residuals 
Max. 
(m) 

Min. 
(m) 

Range 
(m) 

ME 
(m) 

SE 
(m) 

RMSE 
(m) 

zraw - RTK 1.319 –0.926 2.245 0.250 0.004 0.008 

zadj - RTK 0.624 –0.481 1.105 0.003 0.003 0.003 

zraw - zadj 1.310 –0.451 1.761 0.247 0.003 0.007 

Discussion 

Although several studies have used default parameter values (or recommended values) in 

RF with satisfactory results (Immitzer et al., 2012; Phiri et al., 2018; Zhang and Roy, 2017; 

Zurqani et al., 2018), tuned parameter values can improve the performance of RF and thus lead to 

high accuracy in land cover classification (Probst et al., 2019; Thanh Noi and Kappas, 2018). In 

this study, we followed a hyperparameter tuning approach with stratified 5-fold cross-validation 

for Weeks Bay, Savannah Estuary and Fire Island, separately. As reported in similar studies 

(Breiman, 2001; Lebourgeois et al., 2017; Zurqani et al., 2018), the recommended number of 
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trees is 500 and the maximum number of features is given by p1/2 (e.g., we set p = 28 and/or 

p1/2 ~ 5 as indicated in Subsection 2.4.2). The last parameter value differs moderately (order of 

tens) with respect to the optimal values we presented in Table 1-6 even though the number of 

trees is close to the values reported in this study. In addition, we observed slight variations of 

optimal values (order of units) at each nomenclature level and study area, and for that reason, we 

used constant optimal values in further computations (Table 1-6). Nonetheless, the results with 

constant optimal values led to land cover classification with moderate to high accuracies at each 

nomenclature level (Table 1-7). 

Since this study is focused on updating emergent wetlands, we trained the RF with a third 

nomenclature level which in turn produced the highest accuracies in Weeks Bay, Savannah 

Estuary and Fire Island regarding the f1-scores (0.88, 0.97, 0.97), Kappa coefficient (0.80, 0.95, 

0.66) and overall accuracy (0.91, 0.97, 0.95) in the 2016 imagery dataset. We ultimately used the 

optimal parameter values to discriminate emergent herbaceous wetlands (among other land cover 

classes) in the 2019 imagery dataset since the NLCD is infrequently updated. Hence, using an 

updated wetland class is of value for further analysis such as salt marsh migration patterns due to 

sea level rise and coastal erosion. Figure 1-3 highlights wetland areas in the two estuaries and 

barrier island which have been visually validated with 2019 Landsat imagery. The validation 

suggests that developed (urban) zones (e.g., <1800 m2 or 3 pixel units) surrounded by larger 

emergent herbaceous wetland areas (e.g., Savannah Estuary and Fire Island) are often 

misclassified mainly due to the moderate resolution of Landsat imagery, which is not able to 

accurately discriminate these two areas even with pansharpened images. Misclassification errors 

could be overcome by either using available high or ultra-high resolution imagery as indicated in 

similar studies (Campbell and Wang, 2019; Cooper et al., 2019; Doughty and Cavanaugh, 2019; 

Zhang et al., 2018) as well as reducing the size of objects in the image segmentation process. 
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Even though smaller objects can better delineate urban features (e.g., streets, parking lots, 

squares), they might also increase computation effort when integrating OBIA and RF in large 

catchment areas (e.g., Lower Savannah, Figure 1-3b). 

We evaluated salt marsh elevation correction comparing the difference in elevation within 

corrected (modified) and original DEMs (Figure 1-4). Even though salt marsh areas in Savannah 

Estuary and Fire Island are larger than Weeks Bay, we obtained the largest overestimation in 

elevation (up to 0.50 m) in Weeks Bay, probably due to different LiDAR-derived DEM inputs for 

each estuary. As described in Subsection 2.2, the most updated DEM of Weeks Bay, Savannah 

Estuary and Fire Island correspond to 2014, 2017 and 2017, respectively. Therefore, Weeks Bay 

is likely to present relatively larger vertical errors, compared to the other study areas, due to salt 

marsh migration and/or land cover change effects. Savannah, on the other hand, presented 

overestimation in salt marsh elevation up to 0.25 m particularly in upstream areas of the 

Savannah River. When visually verifying the land cover classification, we identified a 

misclassified area at the upper left zone of Figure 1-3. This ‘Mixed and Evergreen Forest’ area 

located far away from the estuary was erroneously classified as emergent herbaceous wetland, 

which in turn led to high vertical errors (0.25 m) as shown in Figure 1-4. Likewise, Fire Island 

showed maximum overestimation (up to 0.35 m) in the marsh region along the barrier island. In 

contrast to the two estuarine systems, Fire Island has publicly available RTK data which in turn 

served to validate the performance of the DEM-correction tool. 

Figure 1-5a indicates that the mean elevation of zraw (~0.50 m) clearly overestimates the 

true mean RTK elevation (~0.25 m) by a factor of two. However, after linear adjustment through 

Equation (1), the adjusted mean elevation (~0.26 m) is almost identical to the ground-truth mean 

elevation. Nevertheless, it is worth noting that Equation (1) also modifies the natural spread of 

marsh elevation by narrowing its standard deviation. Likewise, extreme maximum and minimum 



39 

values presented in Figure 1-5 and Table 1-8 might be outliers due to errors in RTK data 

collection and/or LiDAR sensors commonly used for DEM generation. In addition, Figure 1-5b 

and Table 1-8 suggest that the DEM-correction tool can effectively lead to identical ME, SE and 

RMSE when adjusting zraw with respect to RTK elevation data. Furthermore, we calculated the 

vertical error between zadj and RTK and observed that ME, SE and RMSE are in the order of mm. 

The latter suggests that the proposed tool can confidently be used for rapid and reliable 

assessment of LiDAR elevation error in coastal wetlands without any species-level classification. 

Although other studies suggest that distribution of vegetation height shows unique characteristics 

depending on the species analyzed (Rogers et al., 2018, 2016), we assumed that RTK elevation 

data may follow a normal distribution provided that the entire emergent herbaceous wetland class 

is used in absence of accurate species-level classification (Figure 1-5). We therefore propose a 

methodology for elevation adjustment in wetlands that can easily be followed with readily 

available data (i.e., Landsat imagery of moderate resolution and DEMs) and high accuracy. 

Conclusions 

Adequate representation of salt marsh elevation in DEMs is necessary to conduct accurate 

studies in coastal ecosystems such as salt marsh restoration, local conservation and management 

of estuarine systems, storm surge attenuation and flood inundation mapping. In this study we 

propose a methodology that integrates remotely sensed data and machine learning with the 2016 

NLCD to update emergent herbaceous wetlands in present-day (2019) imagery datasets. We 

combined OBIA and RF in land cover classification through a hierarchical approach at three 

nomenclature levels. We successfully trained the RF algorithm with a set of indices avoiding 

‘noise’ from datasets with reflectance, spectral and textural properties different to emergent 

wetland regions. The hierarchical approach in addition to the hyperparameter tuning of the RF 
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algorithm led to the highest accuracies (e.g., f1-score, Kappa coefficient and overall accuracy) in 

wetland regions, which in turn is promising and useful when (updated) land cover data is not 

available and/or field (ground-truth) data collection is hindered by extreme conditions or site-

access difficulties. 

We used the updated emergent wetland regions to subsequently correct surface elevation 

of salt marsh ecosystems in Weeks Bay and Savannah Estuary. Our proposed automated method 

contains a DEM-correction tool in ArcGIS to generate a modified DEM based on the adjusted 

salt marsh elevation. We observed the largest overestimation in salt marsh elevation in Weeks 

Bay estuary with errors up to 0.50 m, which might influence the dynamics between coastal water 

level and wetlands in hydrodynamic models. The proposed tool can be modified and eventually 

applied to other bays and estuaries supporting different marsh vegetation species in emergent 

wetland regions. Based on RTK elevation validation in Fire Island, we argue that the learning 

database and methodology used to train the RF is adequate and robust enough to support the land 

cover classification we conducted without ‘ground truth’ validation in Weeks Bay and Savannah 

Estuary. Furthermore, the main goal of this study was to leverage the recent 2016 NLCD 

combined with present-day surface reflectance Landsat imagery. 
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 COMPOUND EFFECTS OF FLOOD DRIVERS AND WETLAND ELEVATION 

CORRECTION ON COASTAL FLOOD HAZARD ASSESSMENT2 

Abstract 

Compound flooding frequently threatens life and assets of people who live in low-lying coastal 

regions. Co-occurrence or sequence of extremes (e.g., high river discharge and extreme coastal 

water level) is of paramount importance as it may result in flood hazards with potential impacts 

larger than each extreme in isolation. Here, we use a coupled approach, i.e., bivariate statistical 

analysis linked to hydrodynamic modeling, to quantify compounding effects of flood drivers and 

generate flood hazard maps near Savannah, Georgia. Also, we integrate wetland elevation 

correction in digital elevation models (DEMs) to improve hydrodynamic simulations of 

compound events and hence the accuracy of flood hazard (inundation and velocity) maps. Using 

statistical measures, we analyze compounding effects of terrestrial/coastal flood drivers and 

wetland elevation correction on maximum floodwater height (MFH) and velocity (MFV) for 50-

year return period scenarios. In addition, we compare our results to MFH and MFV patterns of 

Hurricane Matthew that hit the West Atlantic Coasts in October 2016. The statistical measures 

indicate significant differences among the scenarios, partly explained by wetland elevation 

correction. Inundation and velocity maps suggest that a proposed composite, i.e., synthesis of 

marginal Q, marginal H and ‘AND’ scenarios, can lead to the lowest average underestimation of 

2 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. 
https://doi.org/10.1029/2020WR027544  



42 

MFH (-0.35 m) and overestimation of MFV (0.20 m/s) within wetland areas. We conclude that a 

thorough compound flooding assessment should leverage statistical analysis and hydrodynamic 

modeling of extremes including corrections of coastal DEMs.  

Introduction 

Flooding hazard assessment is crucial for adequate planning, prompt emergency-response 

and flood risk management decisions. Flooding hazards are of particular interest in coastal and 

low-lying areas where about 310 million people are currently exposed to extreme water levels 

(Hinkel et al., 2014; Wahl et al., 2017). When flooding drivers, i.e., intense precipitation, high 

river discharge and/or extreme coastal water levels, combine, the compound flood can lead to 

impacts larger than those caused by a single flood driver in isolation (AghaKouchak et al., 2018; 

Moftakhari et al., 2017) . In general, compound events result from either a successive or 

simultaneous occurrence of (non) extreme events that lead to extreme socio-environmental 

impacts (Leonard et al., 2014; Seneviratne et al., 2018). Compound flooding events are 

exacerbated by non-linear interactions of storm-surge, waves, wind and sea level rise (Bevacqua 

et al., 2017; Muis et al., 2019; Wahl et al., 2017, 2015), and anthropogenic effects such as land 

cover change, rapid urbanization over natural floodplains and climate change (Bevacqua et al., 

2019; Gallien et al., 2018). 

Over the past years, compound flooding has been studied at local scales based on flood 

driver pairs and with physically based models. For example, Olbert et al., (2017) and Kumbier et 

al., (2018) studied compound flooding in estuaries from river discharge and storm-surge with a 

high-resolution multi-scale modeling approach and Delft3D model, respectively. These studies 

assessed the effects of tides, storm surge, river inflow and their nonlinear interactions on coastal 

inundation dynamics of extreme events. The authors concluded that river discharge plays a key 
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role in accurately representing flood extents and inundation depths. Similar studies have focused 

on compound flooding driven by precipitation and river discharge with a copula-based bivariate 

approach and hydrodynamic modeling. Apel et al., (2016) generated joint fluvial-pluvial hazard 

maps based on synthetic flood hydrographs and rainstorms (with underlying uncertainties) and 

2D hydrodynamic modeling. Despite several assumptions in the synthetic scenarios, the joint 

hazard map suggested that inundation hot spots and flow pathways are similar to those of the 

dominant fluvial hazard map, but with deeper maximum inundation depths. Moreover, due to the 

spatially uniform nature of local precipitation, the joint hazard map captured pluvial inundation 

spots in zones where no fluvial inundation occurred. Jasim et al., (2019) combined bivariate 

scenarios and 3D stress- flow modeling approaches to assess earthen levee performance under 

fluvial and pluvial flooding. Using scenario-based numerical simulations, the authors indicated 

that compound flooding reduces the factor of safety to 8.7% and 18.6% for 2 and 50-year 

recurrence intervals, respectively.  

Furthermore, compound flooding has been studied on continental and global scales with 

flood drivers and climate data. Wahl et al., (2015) and Bevacqua et al., (2019) analyzed 

compound flooding from storm-surge and precipitation in major cities of the U.S. and Europe, 

respectively. The authors agreed that compound flooding hazards might be exacerbated in the 

future due to the effects of climate variability (e.g., future climate projections) on mean sea level 

rise at the coasts of both continents. Recently, Couasnon et al., (2020) estimated compound 

flooding hazard at global scale with river discharge and storm surge as major flooding drivers. 

The authors identified regions of high potential flooding based on a time-series of global models 

to overcome the lack of observational data in coastlines. Likewise, they pointed out some 

limitations and substantial uncertainties regarding inland flood propagation, additional flood 
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drivers and local characteristics (e.g., flood protection structures, catchment properties and 

bathymetry) that may affect the estimation of extreme water levels.  

The aforementioned studies indicate that statistical and physically based modeling 

approaches are feasible to analyze compound events, however, a more robust and integral 

assessment of compound flood hazards should leverage the intrinsic characteristics of both 

modeling approaches into a coupled approach. Moftakhari et al., (2019) recently proposed a 

framework that combines statistical and hydrodynamic modeling for compound flood hazard 

assessment. This framework was devised to estimate flood hazards in tidal channels and estuaries 

driven by upstream river discharge, downstream ocean level and for a given return period. In 

addition, the framework reduces the number of hydrodynamic simulations required for a 

representative compound flood hazard assessment. Despite these advantages, the framework does 

not account for uncertainties regarding topographic input data and/or wetland elevation error on 

hydrodynamic modeling; which we hypothesize, if considered, may result in more accurate 

coastal flood hazard maps. 

Digital elevation models (DEMs) are key input data for physically-based modeling and 

flood hazard mapping either with static bathtub projections (Cohen et al., 2019; Poulter and 

Halpin, 2008; Strauss et al., 2012) or hydrodynamic modeling based on the shallow-water 

equations (Bakhtyar et al., 2018; Ferreira et al., 2014; Gallien et al., 2014). Several studies, 

however, have reported limitations of DEMs to represent terrain features including hydraulically 

important infrastructure (Gallien et al., 2018; Néelz et al., 2006), and high vertical bias that might 

triple estimates of global vulnerability to sea-level rise and coastal flooding (Kulp and Strauss, 

2019). Likewise, other studies have reported that light detection and ranging (lidar)-derived 

DEMs present high vertical bias in wetlands areas, especially within salt marsh species of 

estuarine systems (Alizad et al., 2018; Cooper et al., 2019; Rogers et al., 2018). In a recent study, 
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Muñoz et al., (2019) developed an ArcGIS-tool to estimate wetland elevation error of lidar-

derived DEMs and subsequently produce modified DEMs for accurate flood inundation mapping 

in estuaries and bays. The ‘DEM-correction’ tool uses updated emergent herbaceous wetlands 

regions, i.e., from the 2016 National Land Cover Dataset (NLCD) to present-day conditions, to 

further modify existing ‘raw’ DEMs. The authors validated the tool using real-time kinematic 

data and adjusted lidar-derived DEMs in different U.S. estuarine systems.  

In this study, we explore the compounding phenomenon under the case of hurricane 

Matthew that hit the West Atlantic Coasts in October 2016. Hurricanes in general pose 

significant threats to coastal communities due to the nonlinear interactions of hazard drivers 

(Song et al., 2020). The objective of the present study is therefore to analyze the impact of 

different sources of uncertainty in compound hazard assessment of freshwater-influenced coastal 

systems with a particular interest in wetland regions and estuaries. These include compounding 

effects of terrestrial and coastal flood drivers as well as the influence of wetland elevation 

accuracy on flood hazard assessment. The assessment we propose is conducted with scenario-

based and real extreme event simulations. We divide this process into four steps: (i) development 

of a 2D hydrodynamic model for a freshwater-influenced estuary, (ii) application of the proposed 

framework (e.g., univariate and bivariate statistical analyses), (iii) model simulations based on 

selected scenarios with/out wetland elevation correction and (iv) comprehensive compound 

flooding hazard assessment in terms of maximum floodwater height and velocity. 

Materials and Methods 

Study area 

We select the Savannah River delta including its side-connected estuary (Wassaw Sound) 

for this study (Figure 2-1). This riverine/estuarine system presents a relatively complex 
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morphology characterized by a braided river that meets the coastal plain as a river delta. The 

Savannah River has a mean annual discharge of ~320 m3/s at Clyo station of the United States 

Geological Survey (USGS). The river delta is a meso-tidal system subject to ~1 m of greater 

semi-diurnal tidal range and ~1.5 m of storm tide above mean higher high water at Fort Pulaski 

station of the National Oceanic and Atmospheric Administration (NOAA). In addition, this 

complex system has unique ecological and land cover characteristics with vast wetland regions 

and salt marsh ecosystems. Moreover, the system presents intense anthropogenic interventions 

such as irrigation and drainage canals, ditches, hydroelectric reservoirs, stormwater gates, etc., 

and has readily available data with relatively long records (Table 2-1). Hence, Savannah River 

estuary is a suitable case study for compound flood hazard modeling and assessment. 

 The Savannah River, a ~505 km natural border between Georgia and South Carolina, 

originates at the confluence of the Seneca and Tulagoo rivers in Hart County, Georgia and flows 

in a southeastern direction towards the Atlantic Ocean (Reynolds, 2016; Seabrook, 2006). The 

river itself begins as an alluvial stream in the upstream catchment (Piedmont geologic province) 

conveying a large amount of sediments and nutrients to the lower catchment (near Screven 

County, Georgia) and with sediment accretion rates ranging from 4.5 to 19.1 mm/year upstream 

of the tidal zone (Ensign et al., 2014). The Savannah estuary comprises the lower ~50 km of the 

river and extends from Port Wentworth, where the river trifurcates into distributary channels 

(Front, Middle and Back rivers), to Fort Pulaski at the estuary mouth (Reinert and Peterson, 

2008). Next to the Savannah estuary, the Wassaw Sound is a large water body located at 

southwestern side of the river delta that presents a complex interplay of interior rivers, islands, 

and tidal creeks. The estuarine system experiences relatively large semi-diurnal tidal amplitudes 

at the estuary mouth, and consists of deep-water tidal habitats and wetlands continuously flooded 

by tides (Cowardin et al., 2013). Moreover, vast tidal salt marsh regions, with Spartina 
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alterniflora as the dominant vegetation species, emerge between Wassaw Sound, Wilmington, 

and Tybee islands (Figure 2-1).  Anthropogenic intervention plays a significant role in the 

dynamics of the system. For example, the river channel has been deepened 12 m below mean low 

water from Port Wentworth to Tybee Island Range for navigation purposes (U.S. Army Corps of 

Engineers, 2017). Likewise, the U.S. Army Corps of Engineers (USACE) constructed three large 

dams upstream the lower catchment (J. Strom Thurmond, Richard B. Russell, and Hartwell) for 

hydroelectric generation, flood control and water supply management purposes (Zurqani et al., 

2018).  

Figure 2-1. Map of the Savannah River delta and Wassaw Sound, Georgia (UTM Zone 17N). 

Model domain and wetland areas are outlined with orange and black lines, respectively. 
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Provisional/interpreted USGS High Water Marks and Peak Stage data collected during Hurricane 

Matthew (2016) are shown with cyan triangles, while red dots indicate the location of Port 

Wentworth and Tybee Island for upstream and downstream reference. 

Data 

We use publicly available data to conduct compound flood analysis and set up 

hydrodynamic models of the Savannah River and Wassaw Sound (e.g., with/out wetland 

elevation correction). River discharge, water level and mean flow velocity records are obtained 

from USGS’s website mapper (https://maps.waterdata.usgs.gov/mapper/index.html) and NOAA’s 

Tide & Currents portal (https://tidesandcurrents.noaa.gov/). Table 2-1 presents a summary of the 

stations selected in this study with time frames of available data, and the location of each station 

within the model domain is shown in Figure 2-2a. In addition to these records, the USGS offers 

provisional/interpreted High Water Marks (HWMs) and Peak Stage (PS) data collected from 

major flood inundation events. HWMs and PS data for Hurricane Matthew (October 8 – 12, 

2016) are obtained from the Flood Event Viewer in Chatham County 

(https://stn.wim.usgs.gov/FEV/#MatthewOctober2016) and summarized in Table 2-2.  

The latest topographic and bathymetric (topobathy) data of the Lower Savannah 

catchment are derived from lidar-DEMs, i.e., 2016-2017 Coastal South Carolina dataset, and are 

available at NOAA’s Data Access Viewer (https://coast.noaa.gov/dataviewer/#). The Savannah 

DEM has a 1x1 m spatial resolution with surface elevation referenced to the North American 

Vertical Datum 1988 (NAVD88). In addition, offshore and near-continental shelf bathymetric 

data (beyond the DEM boundaries) are extracted from the General Bathymetric Chart of Oceans 

(GEBCO) dataset through the Delft-Dashboard toolbox developed by Deltares 

(https://publicwiki.deltares.nl/pages/viewpage.action?pageId=42401894). The GEBCO_08 grid 
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covers ocean and land areas with a spatial resolution of 30 arc-second (~ 1 km). Land cover 

classes of the Lower Savannah catchment are obtained from the 2016 National Land Cover 

Database (https://www.mrlc.gov/national-land-cover-database-nlcd-2016). Moreover, wetland 

and salt marsh regions of the Savannah estuary and Wassaw Sound are delineated with the 

National Wetland Inventory (NWI) geo-database 

(https://www.fws.gov/wetlands/data/Mapper.html) and ‘C-CAP 2010-Era Land Cover’ map 

(https://coast.noaa.gov/digitalcoast/tools/lca.html). 

Table 2-1. Gauge and Tide Stations used for Bivariate Statistical Analysis and Model 

Calibration/Validation.  

Station name Station ID 
Data 

availability 
Objective 

Savannah River near Clyo 
USGS 

02198500 
1925 to present 

Bivariate statistical 

analysis 

Boundary condition (BC) 

Ebenezer creek at Springfield 
USGS 

02198690 
1990 to present Boundary condition (BC) 

Savannah River at Port 

Wentworth 

USGS 

02198920 
2007 to present 

Calibration/Validation Savannah River at Garden City 
USGS 

021989715 
2013 to present 

Savannah River at USACE Dock 
USGS 

021989773 
2007 to present 

Turner Creek at Wilmington 

Island 

USGS 

320207080591201 
Sept, 2019 

Validation 
Lazaretto Creek near Tybee 

Island 

USGS 

320057080530301 
Sept - Oct, 2019 

Fort Pulaski 
NOAA 

8670870 
1935 to present 

Bivariate statistical 

analysis 

Calibration/Validation 
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Hydrodynamic modeling 

We use the 2019 Delft3D-FM Suite package to model the complex riverine, estuarine, 

and intertidal flat hydrodynamics of the Savannah River and Wassaw Sound estuary. This 

package can handle dynamic interactions of storm-surge, hurricanes and tsunamis and provide 

detailed information of water level, flow rates and velocity (Deltares, 2021). Furthermore, this 

package has been widely used in similar compound flooding and river discharge-tide interaction 

studies (Barrera et al., 2019; Kumbier et al., 2018; Muñoz et al., 2020b), and salt marsh research 

(Fagherazzi et al., 2014; Marciano et al., 2005) including intertidal creeks and overmarsh 

circulation analyses in Savannah’s wetlands with satisfactory results (Sullivan et al., 2019, 2015). 

Model setup 

We setup a relatively large portion of Savannah River (~85 km from Clyo to Fort Pulaski, 

Figure 2-2a) in 2D (depth-averaged) mode to solve the conservation of mass and momentum 

balance equations under the assumption that vertical length scales are significantly smaller than 

the horizontal ones (Lesser et al., 2004), and with appropriate boundary conditions (BCs) on an 

unstructured finite volume grid. The advantage of using unstructured grids relies on their ability 

to capture geomorphological settings with greater detail than traditionally coarse structured grids  

(Deltares, 2019); particularly when combining curvilinear and/or triangular grids (e.g., along 

sinuous and braided river waterways) with local refinement grids (e.g., wetlands, urbanized areas, 

harbors). The model domain is simplified in the upstream part of the river to account only for two 

main streams (Clyo and Ebenezer Creek) that provide river flow as upstream BC. In the 

downstream part, the model covers Savannah River delta, Wassaw Sound estuary and part of the 

Atlantic Ocean to force the model with water level as the downstream BC. For simplicity, we 
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assign a time series of water levels from Fort Pulaski (NOAA station ID: 8670870) to the ocean 

boundary (red line, Figure 2-2a) as a proxy of water level variability at the coast. 

The Savannah model has a spatially varying mesh resolution with a triangular grid 

covering the upper narrow part of the Savannah River and its braided channels. The mesh 

resolution gradually increases from 1.5 to 120 m in the downstream direction. The triangular 

mesh is then connected with a rectangular grid covering the lower and wider part of the river and 

adjacent estuaries up to the Atlantic Ocean where the mesh is relatively coarse, i.e., mesh 

resolution from 120 m up to 1400 m. Wetlands and salt marsh regions around the Wilmington 

and Tybee islands (Figure 2-1) are represented with a moderate mesh resolution of 15 m in order 

to assess the overall influence of wetland elevation correction on compound flooding while also 

reducing computational burden. 

Figure 2-2. Model domain of the Savannah River delta and Wassaw Sound (UTM Zone 17N and 

referenced to NAVD88). (a) Unstructured grid developed in Delft3D-FM with USGS/NOAA 

stations (blue dots) for model calibration and validation. Red dots and red C-shaped line indicate 

upstream and downstream boundary conditions respectively, while black lines delineate wetland 

areas. (b) Topobathy data interpolated over Savannah’s unstructured grid with DEM corrected. 
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Top box shows a closer view of wetlands areas and (sub) tidal channels.  Note the relatively deep 

bathymetry along the Savannah River due to navigational requirements. 

Wetland elevation correction 

The Savannah DEM is obtained from a former study in which a DEM-correction tool was 

developed to adjust wetland surface elevation in the estuary and help correct a maximum 

overestimation of 0.25 m in the existing lidar-derived DEM (Muñoz et al., 2019). The DEM-

correction tool is based on a simple yet efficient algorithm that identifies and updates “emergent 

herbaceous wetlands” to present day-conditions with remotely sensed data and random forest 

technique. The existing DEM (raster input) is subsequently modified with a linear elevation 

adjustment (Alizad et al., 2018) to produce a high resolution adjusted DEM for wetland areas of 

3x3 m. We therefore separately combine the modified (DEM corrected) and original DEM (DEM 

raw) with the GEBCO dataset (see Section 2.2 for details) to account for anthropogenic 

manipulation as a result of navigational requirements (Figure 2-2b).  

The resulting topobathy datasets are interpolated over the unstructured mesh and used to 

generate two independent hydrodynamic models with/out wetland elevation correction. Another 

important aspect to consider is the Manning’s roughness coefficient (n) associated with land 

cover classes in the model domain. We use updated emergent herbaceous wetland regions to 

assign n-coefficient values of subtidal channels (n = 0.017) and salt marsh platforms (n = 0.10) of 

Savannah similar to those reported in Sullivan et al., (2015). The remaining n-coefficient values 

of the 2016 NLCD are initially derived from Liu et al., (2018) and further calibrated as described 

in the next section.   
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Evaluation performance 

We use the corrected version of the Savannah model to evaluate the Savannah model’s 

performance in terms of Root Mean Square Error (RMSE) and R2 between model observations 

and simulations for a 7.5-day simulation period centered on peak water levels. In general, 

RMSEs below 0.20 m (water level) are desirable for hurricane storm-surge modeling on the US 

Gulf-Atlantic Coasts (HSSOFS, 2015), however large RMSEs (0.58 to 1.27 m) have been 

reported in model simulations of Hurricane Matthew at upstream gauges of the Savannah River 

(Thomas et al., 2019). 

Model calibration 

Model calibration consists of simulating an extreme flood inundation event characterized 

by extreme coastal water levels (historical and recent crests) as reported by the National Weather 

Service (https://water.weather.gov/ahps/). Hurricane Matthew, the extreme event we focus on for 

calibration purposes, hit Chatham County in October 2016 with floodwater heights greater than 2 

m above NAVD88 (Table 2-2). The maximum coastal water level measured at Fort Pulaski 

(NOAA 8670870) reached 2.58 m (relative to NAVD88) and was the most extreme crest ever 

recorded at this station since 1935 (Table 2-1). 

Bottom friction coefficients associated with the Atlantic Ocean and riverbed are calibrated 

recursively in order to replicate the observed total water levels from USGS and NOAA stations 

with high accuracy. We use spatially varying bed roughness values in the Savannah model to 

account for anthropogenic interventions (e.g., dredged river channel, Figure 2-2b), 

heterogeneities in river morphology and sediment deposition patterns within fluvial to tidal 

transition zones (Barrera et al., 2019; Hoitink et al., 2017; Kästner et al., 2017). The calibrated 

Manning’s coefficient values in the model domain are n = 0.018 (Atlantic Ocean), n = 0.042 
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(dredged channel) and n = 0.035 (upstream part or the river). Figure 2-3 shows the results of 

model calibration at four of six USGS stations (Figure 2-2a). At the most upstream stations (Port 

Wentworth and Garden City), RMSE is around 0.30 m and R2 above 0.90. Note that these 

evaluation metrics improve at the remaining downstream stations (Savannah River at USACE 

and Fort Pulaski) with RMSE around 0.20 m and R2 above 0.95. 

Figure 2-3. Model calibration of Savannah River delta for Hurricane Matthew (October 2016) at 

USGS and NOAA stations (from upstream to downstream direction): (a) Port Wentworth, (b) 

Garden City, (c) Savannah River at USACE and (d) Fort Pulaski. 

Furthermore, we conduct a more rigorous evaluation of maximum floodwater height 

(MFH) for Hurricane Matthew with on-site HWM and PS data collected on Chatham County 

(Figure 2-1). Specifically, we calculate overall bias and mean bias error of simulated MFH and 

observed HWM and PS values. The overall bias (Table 2-2) indicates moderate overestimation 
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(positive values) and underestimation (negative values) of MFH in the Savannah model with a 

mean bias error of 0.29 m (HWM) and 0.04 m (PS). 

Table 2-2. Overall Bias between USGS High Water Marks & Peak Stage data and Model 

Simulations for Hurricane Matthew (October 2016).  

Data Type Description 
Site ID USGS 

[m] 
Simulation 

[m] 
Overall Bias 

[m] 

High 

Water 

Marka 

Seed line - fence 17944 2.28 2.61 0.33 

Seed line - residence 17939 2.22 2.60 0.38 

Seed line - shack 17924 2.44 2.59 0.15 

Peak 

Stageb 

Landing Harbor Marina 17861 2.66 2.68 0.02 

Back River 17850 2.61 2.59 -0.02 

Savannah Bend Marina 17845 2.48 2.57 0.09 

Near Fort Pulaski bridge 17824 2.78 2.57 -0.21 

Highway 80 17820 2.13 2.59 0.46 

Edge of marsh 17818 2.16 2.58 0.42 

Street culvert 17817 2.11 2.58 0.47 

Street beach access 17816 3.35 2.76 -0.59 

Tybee Pier 17815 3.01 2.72 -0.29 
aObserved data. bInterpreted data 

Calibration of (tidal) flow velocities is conducted with depth-averaged velocities, i.e., 

computed through user-defined cross-sections in the model domain (Deltares, 2019), and 

compared to mean water velocities from USGS stations (Turnipseed and Sauer, 2010). We use 

both mean and depth-averaged velocities, as a proxy of flow velocity calibration, to overcome the 

lack of vertical-velocity-profile data that would additionally require a more complex 3D-model 

setup (Deltares, 2021). It is worth mentioning that only Port Wentworth, Savannah River at 

USACE and Fort Pulaski stations provide mean water velocities for discharge computation. 

Simulated and observed flow velocities (Figure 2-4 (a, c, e)) indicate a good agreement of both 
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timing and magnitude at Fort Pulaski (R2 and RMSE of 0.85 and 0.38 m/s, respectively) and a 

clear underestimation of high flow velocities at the other two upstream stations (R2 and RMSE 

around 0.78 and 0.33 m/s, respectively). Note that flow velocities at the peak water level of 

Hurricane Matthew are missing (Figure 2-4 (a, e)), but the Savannah model is able to reconstruct 

the velocity pulses with a relatively better accuracy for Fort Pulaski than Port Wentworth station. 
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Figure 2-4. Calibration of simulated flow velocities of Hurricane Matthew (left panel) and 

validation of a non-extreme event at USGS and NOAA stations (upstream to downstream 

direction): Port Wentworth (a, b), Savannah River at USACE (c, d) and Fort Pulaski (e, f). 

Model validation 

Model validation leverages recent and provisional data measured at Turner and Lazaretto 

Creeks (Table 2-1) located at Wilmington and Tybee Islands, respectively (Figure 2-2a). We 

select this non-extreme event to assess the Savannah’s model performance on subtidal channels 

and indirectly evaluate floodwater heights propagated at adjacent wetlands and salt marsh 

platforms. The results of model validation (Figure 2-5) are slightly better than those of model 

calibration at the four USGS stations (e.g., RMSE below 0.30 and R2 above 0.95).  

In addition to the four stations, we validate the model at two USGS stations located within 

wetlands areas: Turner Creek (USGS 320207080591201) and Lazaretto Creek (USGS 

320057080530301). These stations provide provisional water level records for the period 

September - October 2019 (Table 2-1). The evaluation metrics indicate an acceptable 

performance of the model (e.g., RMSE around 0.50 m and R2 of 0.89) with a clear overestimation 

of low water level that might be attributed to inaccuracies of bottom friction coefficient and mesh 

resolution on complex wetland areas and subtidal channels. These inaccuracies may also lead to 

insufficient modeling capabilities of floodwater drainage and undrained conditions as reported in 

Kumbier et al., (2018). Despite this overestimation, high water levels are well captured along the 

entire model simulation and suggest that the Savannah model can replicate MFHs. Additionally, 

note that this agrees with what was found in model calibration (e.g., flood hazard map compared 

to HWMs and PS data for Hurricane Matthew).  
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Figure 2-5. Validation of simulated water levels of a non-extreme event at USGS and NOAA 

stations (upstream to downstream direction): (a) Port Wentworth, (b) Garden City, (c) Savannah 

River at USACE, (d) Fort Pulaski, (e) Turner Creek and (f) Lazaretto Creek.  

Validation of flow velocities (Figure 2-4 (b, d, f)) indicates an underestimation in 

upstream stations (R2 and RMSE around 0.73 and 0.51 m/s, respectively) similar to model 

calibration (Figure 2-4 (a, c, e)). Nevertheless, the Savannah model can simulate flow velocities 

at Fort Pulaski (near to wetland areas, Figure 2-2a) with relatively better accuracy (R2 and RMSE 
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around 0.85 and 0.38 m/s, respectively) than the other two upstream stations. Underestimation of 

high flow velocities might be attributed to inaccuracies in river bed bathymetry (and cross-section 

areas) despite a satisfactory calibration of bed friction coefficient (Cea and French, 2012). 

Overall, the Savannah model simulates both extreme events (calibration) and non-extreme events 

(validation) with high to moderate accuracy regarding water level and flow velocities, 

respectively. We use this model to conduct further scenario-based hydrodynamic simulations. 

Statistical framework 

  Statistical dependence between flood drivers in the Savannah River delta is analyzed 

through joint probability density functions similar to those presented in Moftakhari et al., (2019). 

The sampling procedure consists of selecting annual maxima records (denoted with hat notation) 

of river discharge (Q̂) and the corresponding largest hourly coastal water level (H) within ± 3 

days (see Ward et al., (2018) for analysis of sensitivity to sampling window length) and then 

further assessing the correlation structure of these variables. Among the USGS and NOAA’s 

stations located in the model domain (Table 2-1), we select observation data recorded within the 

period 1985-2019 at Clyo and Fort Pulaski stations in order to estimate return design levels (e.g., 

river discharge and water level) at lower frequencies and/or large return periods.  

 We implement a copula-based approach for bivariate modeling, which separates the 

correlation structure from their marginals (Joe, 2014; Nelsen, 2007). According to the Sklar’s 

theorem (Sklar, 1959), there exists a copula function C (CQ̂,H: [0,1]x[0,1]→[0,1]) of the pair 

(Q̂,H), with marginal cumulative distribution functions FQ̂ and FH, for all (Q̂,H) ∈ R2, as: , =  , ( )        (1) 

The copula function is therefore superior to traditional multivariate approaches, as these 

multivariate distributions are often constrained by (i) marginal distributions belonging to the 
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same probability family and (ii) parameters ruling both marginals and the dependence between 

the variables (AghaKouchak et al., 2012; Madadgar and Moradkhani, 2013; Salvadori et al., 

2007). 

The bivariate statistical analysis is conducted with the Multi-hazard Scenario Analysis 

Toolbox (MhAST) developed by Sadegh et al., (Sadegh et al., 2018, 2017) which consists of 

fitting univariate distribution functions on the marginals (e.g., MQ and MH) and suitable copula-

based models on pairwise associations with their underlying uncertainties. MhAST first estimates 

the parameters of the 17 different continuous marginal distribution, using a maximum likelihood 

algorithm, and then finds the best model that optimally fits the available data based on the 

Bayesian information criterion (BIC). MhAST also compares 26 copula families for bivariate 

modeling to find the one that best describes the correlation structure, based on three goodness‐of‐

fit criteria (Akaike information criterion, BIC, and maximum likelihood). Here, the joint 

probability refers to the exceedance of Q̂ AND H, i.e., compound flooding event during which 

both river discharge and coastal water level exceed a certain threshold. 

Bivariate and univariate scenarios 

The sampled pairs of river discharge and total water level (Q̂ and H) in Savannah did not 

suggest significant dependence between the variables. However, dependence of river discharge 

and Non-Tidal Residual (NTR), i.e., difference between total water level and astronomical tide, is 

statistically significant (p-value < 0.05). NTR can be interpreted as a surrogate of H (Moftakhari 

et al., 2019), and therefore allows for an equivalent bivariate analysis in terms of Q̂ and NTR. 

Moreover, based on the correlation structure of these variables, there are many bivariate 

occurrences associated with a given return period (T). We are interested in pairwise associations 

that fall along an iso- return period curve for T = 50 years. Among infinite combinations of the 
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variables that share the same return period, i.e., fall on the same return period curve), the most 

likely (Q̂T, HT) pair for the AND scenario is the point with the maximum probability density 

(shown with a red dot in Figure 2-6a). This point is then transformed into upstream and 

downstream BCs (e.g., peak water level and peak discharge) and used later for hydrodynamic 

simulations.  

For simplicity, the upstream BC is represented with a triangular hydrograph where the 

time to peak (tp) and total flood duration is 6 h and 16 h, respectively. Also, the downstream BC 

is approximated with a sinusoidal function based on the largest tidal amplitudes of Fort Pulaski 

(NOAA 8670870) and presented in Figure 2-6b. We select tidal constituents whose amplitudes 

exceed 0.10 m (e.g., M2, N2, S2 and K1), and added them up in such way that they equal H, i.e., 

MHHW plus NTR as a proxy of maximum coastal ocean water level (Table 2-4). These 

simplifications result from a sensitivity analysis along with preliminary model simulations where 

tp for both river discharge and water level coincides in time.  

The sensitivity analysis includes analyzing spatiotemporal variations of MFH and MFV 

due to (i) river discharge dominance, (ii) coastal water level dominance (iii) compound flooding. 

The results of this analysis indicate that MFH and MFV in the downstream part of the Savannah 

River and Wassaw Sound estuary are more susceptible to changes in coastal water level than the 

magnitude and/or duration of upstream river discharge, i.e., tp ranging from 4 h to 8 h. Only a 

negligible variation of MFH (< 0.05 m) and MFV (< 0.04 m/s) was observed with tp > 6 h and the 

downstream water level kept invariant. Lastly, the BCs (Figure 2-6b) are adapted to represent 

three scenarios derived from the bivariate statistical analysis (Table 2-4). We consider scenarios 

for a T = 50 year based on univariate marginal distribution values (MQ and MH) as well as the 

copula-based scenario (AND). The scenarios and BC values are used for compound flooding 

assessment and are presented in Section 3.1. 



62 

Figure 2-6. Bivariate statistical analysis of river discharge (Q̂) and Non-Tidal Residual (NTR). 

(a) Marginal probability distribution of Q̂ and NTR with 50-year return level pairs aligned with 

the corresponding iso- return period curve. Black dots represent bivariate occurrences of (Q̂, 

NTR), while red dot is the point of maximum probability density of (Q̂T, NTRT) based on the 

correlation structure of the variables. (b) River discharge (black and gray dashed lines) and water 

level above NAVD88 (blue dashed line) used for compound flood analysis (AND scenario). Note 
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that the two boundary conditions have been simplified with an upstream triangular hydrograph 

and a downstream sinusoidal function of Mean Higher High Water (MHHW) plus NTR.  

Methods for compound flooding assessment 

The Savannah model, after calibration and validation of (non) extreme events (Section 

2.4), is then forced with a set of BCs to assess the influence of wetland elevation correction on 

compound flooding. We divide this assessment into three parts that account for: (a) statistical 

analyses of MFHs and MFVs with/out elevation correction (Taylor diagram), (b) differences or 

residuals of proposed flood hazard maps (scenario-based) with respect to extreme storm-surge 

events (Hurricane Matthew) and (c) comparisons among flood hazard maps indicating how MFH 

and MFV patterns change between MQ, AND, and ‘Proposed’ scenarios.  

The Taylor diagram (Taylor, 2001) uses three statistical measures to evaluate how two 

series match each other. The correlation coefficient (R2) measures the strength (and direction) of 

a linear relationship between the series and ranges from 0 to 1, i.e., poor to perfect match. The 

Normalized Root Mean Square Difference (RMSD) quantifies the differences between the series 

and ranges from 0 to ∞, i.e., perfect analogy to total dissimilarity. Both R2 and RMSD describe 

the correspondence between the series and/or patterns and are further complemented with the 

Standard Deviation Ratio (or ratio of variances) that quantifies the relative amplitude of variation 

between the series. In general, the smaller the variation the closer SDR to 1. The Taylor diagram 

is here used to evaluate the overall effect of wetland elevation correction on MFH and MFV 

patterns derived from AND, MQ and MH scenarios. Therefore, we aim to provide a 

comprehensive analysis that involves not only hydrodynamic simulations with/out wetland 

elevation correction (Section 2.3.2), but also comparisons of scenario-based simulations and real 

flooding events. 
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Results and Discussion 

Bivariate statistical analysis 

Correlation analysis between (Q̂, H) pairs (with NTR being a surrogate of H) is presented in 

terms of the Kendall’s rank correlation (τ), Spearman’s rank correlation (ρ) and Pearson’s 

product-moment correlation coefficient (r) and their associated p-values (Table 2-3). The 

coefficients suggest a statistically significant correlation, i.e., at 5% level. Among 17 univariate 

distributions and 26 copula-based models (see Sadegh et al., (2018) for details), the most suitable 

distribution functions that fit the marginals and describe the correlation structure, i.e., joint 

probability function, are presented in Table 2-3. The JOE bivariate copula function exhibits a 

RMSE around 0.28 and Nash Sutcliffe Efficiency (NSE) above 0.95. 

Table 2-3. Correlation Structure and Evaluation Metrics of Marginal Distributions and Copula-

based Model. 

Coefficient Correlation p-value 

Univariate fitted 
distribution 

Copula (JOE) 

Q̂ NTR RMSE NSE 

Kendall (τ) 0.155 0.006 Generalized 

extreme 

value 

Gamma 0.282 0.990 Spearman (ρ) 0.225 0.007 

Pearson (r) 0.200 0.016 

Based on the bivariate statistical analysis (Figure 2-6a), we can further generate three 

scenarios that represent univariate marginal and joint-probability values for a given return design 

level as proposed in Moftakhari et al., (2019). The scenarios, devised for coastal flood hazard 

mapping in estuaries and tidal channels, describe: (S1) large river discharge (above the annual 

average) and NTR plus non-extreme water level, i.e., MHHW, (S2) high NTR plus MHHW and 

non-extreme river discharge, i.e., approximately daily average river discharge, and (S3) the most 
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likely pairwise association (Q̂T, HT) also referred as AND scenario (Figure 2-6a, red dot). Table 

2-4 presents a summary of these scenarios with their corresponding BC values for hydrodynamic 

simulations. 

Table 2-4. Scenarios derived from Bivariate Statistical Analysis on Annual Maxima River 

Discharge (Q̂) and Water Level (H).  

Scenarios 
(50-year return period) 

S1: Marginal Q 
(MQ) 

S2: Marginal H 
(MH) 

S3: Copula 
(AND) 

Q̂ [m3/s] 2078 688 1666 

NTR [m] 0.082 0.983 0.838 

H (NTR+MHHW) [m] 1.487 2.389 2.243 

Compound flooding assessment  

Impact of flood drivers and wetland elevation correction  

The first part of the assessment consists of six hydrodynamic simulations derived from 

AND, MQ and MH scenarios with DEM raw and DEM corrected (Figure 2-7 (a, c)). We take the 

most accurate AND scenario, i.e., with wetland elevation correction, as a reference to evaluate 

how well the other scenarios match MFH and MFV patterns (Figure 2-7, black dot). The AND 

scenario uses the most likely flood driver pair (Q̂T, HT) for T = 50 year, and as a result, it might 

represent compound flooding events with better accuracy and precision than the other marginal 

scenarios (MQ and MH).  

The Taylor diagram of MFH (Figure 2-7a) indicates that AND (DEM raw), MH (DEM 

raw and DEM corrected) are well correlated in space to the reference scenario (R2 around 0.98). 

The former scenarios show a slight variation of their variance ratio (SDR around 0.95) and 

Normalized RMSD above 0.15. Both MQ scenarios, however, differ significantly from the 

reference scenario and suggest that MFH patterns exhibit a weak correlation in space with large 
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water level variations, i.e., R2, SDR and Normalized RMSD around 0.80, 1.45 and 0.90, 

respectively. Note that the statistical measures of AND (DEM raw) differ from AND (DEM 

corrected) mainly due to the linear wetland elevation adjustment applied to Savannah DEM 

(Section 2.3.2). Regarding the other scenarios, the statistical differences involve the effect of 

wetland elevation correction and BCs applied to each scenario (Table 2-4).  

Similarly, the Taylor diagram of MFV (Figure 2-7c) indicates that AND (DEM raw), and 

MH (DEM raw and DEM corrected) scenarios are better correlated in space (R2 around 0.98) 

than MQ scenarios (R2 around 0.80) with respect to the reference scenario. In addition, MQ 

scenarios show larger velocity variation (SDR around 0.80) than AND and MH scenarios (SDR 

around 1) with respect to the reference. The impact of wetland elevation correction on flood 

dynamics is more evident when comparing the position of AND (DEM raw) and MH (DEM 

corrected) in the Taylor diagrams. These two scenarios are nearly at the same position relative to 

the reference suggesting slight variations of MFH between the studied scenarios, and indirectly a 

minimal impact of wetland elevation correction on the AND scenario. However, when analyzing 

flood velocities, MH (DEM corrected) is closer than AND (DEM raw) to the reference scenario 

suggesting large variations of MFV between them, and indirectly a considerable impact of 

wetland elevation correction on the AND scenario. 
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Figure 2-7. Taylor diagrams summarizing the effect of wetland elevation correction (DEM 

corrected) and boundary conditions on maximum floodwater height (a, b) and velocity patterns 

(c, d). Comparison of univariate marginal distribution scenarios (MQ and MH) versus copula-

based (AND) scenarios for a 50-year return period (a, c). Comparison of (DEM corrected) 

marginal scenarios, FEMA approach (FEMA, 2015) and ‘Proposed’ approach (Moftakhari et al., 

2019) against Hurricane Matthew (b, d). 
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In addition to this first set of simulations, we created two compound flood scenarios that 

represent FEMA approach (FEMA, 2015), i.e., MFH composite of MH and MQ scenarios, and a 

‘Proposed’ approach, i.e., composite of AND, MQ and MH scenarios, as suggested in Moftakhari 

et al., (2019). These scenarios, including MQ and MH, are compared to MFH and MFV patterns 

of Hurricane Matthew (Figure 2-7b and 2-7c, respectively). The Taylor diagram indicates that 

MH is closer to Hurricane Matthew than the other scenarios as this flooding event was primarily 

driven by extreme coastal water levels, i.e., R2, SDR and Normalized RMSD around 0.85, 1.20 

and 0.65, respectively. Nevertheless, both FEMA and proposed approaches are not far from MH 

as they consider MH and MQ as part of their composites.  

Moreover, a slight improvement is observed under the proposed approach with nearly 

similar R2, but less SDR and Normalized RMSD than FEMA. This suggests that compound 

flooding may have occurred in upstream parts of the Savannah River, but the FEMA approach 

underestimates this effect by only focusing on univariate analyses. The MQ scenario represents 

MFH patterns with poor accuracy as compared to the other scenarios, i.e., R2, SDR and 

Normalized RMSD around 0.50, 1.60 and 1.35, respectively. This confirms the relative 

importance of MH scenario in MFH composites especially in flooding events driven by extreme 

coastal water levels. The opposite applies to river-induced flooding events where MQ scenario is 

of particular importance (Olbert et al., 2017; Serafin et al., 2019).  

Lastly, compound flood velocities derived from the proposed scenario are comparable to 

FEMA approach and MH scenario as they show identical statistical measures in the Taylor 

diagram (Figure 2-7d), i.e., R2, SDR and Normalized RMSD around 0.85, 1.10 and 0.60, 

respectively. Note that the MQ scenario matches MFV patterns of Matthew more than the other 

scenarios (R2 = 0.80, Normalized RMSD = 0.60 and SDR = 0.90). The impact of flood drivers 
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and wetland elevation correction on MFH and MFV patterns are described in more detail with 

flood hazard and velocity maps as presented in the next section. 

Comparison of flood hazard maps 

In the second part of the assessment, we compare scenario-based flood hazard maps 

against flood hazard and velocity maps of Hurricane Matthew in order to identify zones of 

overestimation and/or underestimation of water level and flow velocity. Maximum water levels 

of Hurricane Matthew (Figure 2-8a) are above 2.5 m in wetlands areas (black outlined polygons) 

and adjacent areas, and they reach up to 0.50 m in river upstream areas. We calculate residuals of 

maximum water level between Hurricane Matthew and MQ, AND, and proposed scenarios 

(Figure 2-8 (b-d), respectively). Positive residuals indicate overestimation of maximum water 

level, while negative residuals suggest the opposite. It is important to mention that we also 

calculate residuals for MH and FEMA scenarios, but those maps are not presented in Figure 2-8 

as they are very similar to that of the proposed approach. 

MQ scenario (Figure 2-8b) shows underestimation of water level ranging from -1.50 to -1 

m within wetland areas, and a nearly constant value of -1.25 m in upstream direction up to the 

Savannah River trifurcation (e.g., 1052 km Easting and 35825 km Northing). Beyond the 

trifurcation, residuals range from -1.50 to -0.10 m. Note that water level differences are 

negligible (~0 m) in urban settlements of Tybee Island next to the river mouth (e.g., 1080 km 

Easting and 3560 km Easting). Similarly, AND scenario (Figure 2-8c) shows underestimation of 

water level ranging from -0.80 to -0.30 m within wetland areas, and negligible residuals in urban 

settlements of Tybee Island (~0 m). From the river mouth up to the river trifurcation, 

underestimation of water level is around -0.60 m. Beyond that point, residuals range from -0.80 

to -0.10 m. The proposed approach (Figure 2-8d), including MH and FEMA scenarios (not 
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presented here), shows underestimation of water level with residuals ranging from -0.60 to -0.10 

m within wetland areas. Likewise, water level differences are negligible in urban settlements of 

Tybee Island (~0 m) and remain nearly constant with residuals of -0.40 m in upstream direction 

up to the river trifurcation. Beyond the trifurcation, residuals range from -0.80 to -0.10 m.  

MQ shows the largest underestimation of water level among the other scenarios mainly 

due to a relatively low NTR and/or non-extreme coastal water level (Table 2-4). When comparing 

the AND scenario against the proposed approach (including MH and FEMA – not shown here), 

the most noticeable difference is the relatively low underestimation of the latter along the 

Savannah River, wetland areas and Atlantic Ocean. In general, the lowest underestimation is 

observed with the proposed scenario with an average residual of -0.35 m within wetland areas. 

Also, note that there is a significant underestimation of water level beyond the point where the 

Savannah River trifurcates for all scenarios. Residuals abruptly increase at this point and then 

decrease further upstream. This could be attributed to the lack of accurate river bathymetry that 

may have led to unrealistic water level simulations. Unfortunately, there is no information that 

allows for assessing the performance of the Savannah model in-between Clyo and the trifurcation 

point, i.e., USGS stations with available water level records. 
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Figure 2-8. Flood hazard map and water level differences (residuals) obtained from model 

simulations in the Savannah River delta and Wassaw Sound estuary, Georgia (UTM Zone 17N; 

NAVD88). (a) Maximum water level of Hurricane Matthew (October 2016). Differences of flood 

hazard maps between (b) MQ, (c) AND and (d) ‘Proposed’ scenarios and Hurricane Matthew. 

Maximum (depth-averaged) velocities of Hurricane Matthew (Figure 2-9a) range from 

0.75 to 1.75 m/s near the Savannah River mouth and Wassaw Sound estuary. Black arrows are 

proportional to velocity magnitudes (color bar) and indicate flow velocity direction. MFVs 

occurred during ebb tide (seaward direction) a few hours later (~2 h) than MFHs. This can be 

also inferred when analyzing the timing between peak water level and flow velocity simulated at 

Fort Pulaski (Figures 2-3d and 2-4e). The largest flow velocities are observed at the Wassaw 
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estuary and Wilmington River mouths (~1.80 m/s), while relatively low velocities dominate 

wetland areas and subtidal channels (<0.35 m/s). In addition, we calculate maximum velocity 

differences (residuals) between Hurricane Matthew and MQ, AND, and proposed scenarios 

(Figure 2-8 (b, c, d), respectively). Maximum velocity differences of MH and FEMA are not 

included in Figure 2-9 as they are very similar to that of the proposed approach (not shown here). 

Moreover, note that we analyze maximum velocities from Fort Pulaski up to Savannah River at 

USACE (Figure 2-2a) due to a relatively large overestimation of high flow velocities in upstream 

stations (Figure 2-4 (a, b)). 

MQ scenario (Figure 2-9b) shows underestimation of flow velocities ranging from -0.10 

to -0.45 m/s along the Savannah River and Wassaw Sound estuary. A relatively low 

underestimation is observed within wetland areas where the average negative residual is around -

0.15 m/s. Over the Atlantic Ocean, however, positive residuals ranging from 0.10 to 0.45 m/s 

indicate overestimation of flow velocities. The AND scenario (Figure 2-9c) indicates negative 

residuals ranging from -0.10 to -0.45 m/s along the Savannah River, Wassaw Sound estuary and 

over a large extension of the Atlantic Ocean. Contrary to the MQ scenario, overestimation of 

flow velocities is observed within wetland areas where the average positive residual is around 

0.15 m/s. The proposed approach (Figure 2-9d), including MH and FEMA scenarios (not 

presented here), shows underestimation of flow velocities ranging from -0.10 to -0.45 m/s along 

the Savannah River and Wassaw Sound estuary. Similar to the MQ scenario, positive residuals 

ranging from 0.10 to 0.45 m/s indicate overestimation over the Atlantic Ocean. However, a 

relatively low overestimation is observed within wetland areas where the average positive 

residual is around 0.20 m/s. 

The largest positive and negative residuals derived from the three scenarios are observed 

at ‘hot spots’ of Wassaw Sound and the Atlantic Ocean which coincide with the lowest and 
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highest flow velocities of Hurricane Matthew, respectively. Likewise, maximum velocity 

differences within wetland areas remain relatively low or high according to the coastal water 

level assigned to the downstream BC (Table 2-4). In particular, MQ and AND scenarios are 

driven by a low and high NTR which results in an underestimation and overestimation of flow 

velocities, respectively. As previously indicated in the Taylor diagram (Figure 2-7d), MQ is not 

far from MH, FEMA, and the proposed scenario as they share similar R2 and Normalized RMSE. 

The main difference relies on a lower SDR of MQ which is visually interpreted as a negative 

residual within wetland areas in contrast to AND and proposed scenarios (including MH and 

FEMA). Overall, the lowest underestimation and overestimation of flow velocities is observed 

with the proposed scenario even though the average residual within wetland areas is slightly 

higher than that of AND scenario. 
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Figure 2-9. Maximum velocities and differences (residuals) obtained from model simulations in 

the Savannah River delta and Wassaw Sound estuary. (a) Maximum flow velocities of Hurricane 

Matthew (October 2016). Differences of velocity maps between (b) MQ, (c) AND and (d) 

‘Proposed’ scenarios and Hurricane Matthew. 

In the last part of the assessment, we compare flood hazard and velocity maps obtained 

from MQ, AND and proposed scenarios (Figure 2-10). MFH and MFV of MQ are the most 

conservative among the other scenarios as they result from the lowest H despite the largest Q̂ in 

the model domain (Table 2-4). MFH patterns indicate two main zones where floodwater height 

ranges from 0.6 m to 1 m and 1.2 m to 1.6 m. Hot inundation spots are also visible in the coastal 

flood hazard map where MFH can exceed 2 m. Similarly, MFV patterns indicate two main zones 

with floodwater velocities up to 0.25 m/s in inland areas and up to 0.5 m/s in wetland areas next 

to (sub) tidal channels. The black squares, at the top right corner of each map, offer a detailed 

view of MFH and MFV near to urban settlements in Tybee Island.  

The AND scenario exhibits a gradual increase of MFH and MFV associated with a larger 

H and lower Q̂. MFH patterns indicate upper, middle, and lower flood hazard zones in the 

southern direction where floodwater height ranges from 1.6 to 1.8 m, 1.8 to 2 m and above 2m, 

respectively. As expected, wetland areas surrounding the Wassaw Sound estuary and next to the 

Atlantic Ocean experience the largest MFH with a progressive decrease of floodwater levels in 

the middle and upper zones. Salt marshes act as a natural barrier that dissipates extreme water 

levels and attenuates storm surge with a rate of 1.7 to 25 cm/km depending on marsh and storm 

characteristics (Leonardi et al., 2018). MFV patterns show two zones identical with the MQ 

scenario, but with a larger zone where floodwater velocities reach up to 0.5 m/s. Moreover, hot 

spots are noticeable next to subtidal channels where velocities exceed 1 m/s. Coastal flood hazard 
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maps derived from MQ and AND scenarios suggest that Savannah River delta and Wassaw 

Sound estuary are particularly more vulnerable to coastal than freshwater induced flooding. 

Moreover, river flow is controlled by three large dams located upstream Clyo station that might 

have influenced the results of the bivariate statistical analysis. 

The proposed scenario presents coastal flood hazard maps with the highest MFH and 

MFV spanning a larger wetland area. Although this scenario could be misinterpreted as the most 

extreme, note that these flood hazard maps led to the lowest residuals with respect to Hurricane 

Matthew (Figures 2-8 and 2-9). MFH patterns indicate an upper and lower zone with floodwater 

heights ranging from 1.8 to 2 m and above 2 m, respectively. MFV patterns are in general similar 

to those of the AND scenario, which in turn suggests that MFV is less vulnerable to BCs than 

MFH.  

Summarizing the results of Figures 2-7 to 2-10, flood hazard and velocity maps benefit 

from the proposed approach (Moftakhari et al., 2019) as this composite accounts for the most 

likely compound flooding scenario (AND) and univariate marginal scenarios (MQ and MH). 

Moreover, the accuracy of the proposed scenario is improved when conducting wetland elevation 

correction on coastal DEMs. Although the Savannah DEM required a relatively small adjustment 

of 0.25 m in salt marsh platform elevation (Muñoz et al., 2019), the latter improved the accuracy 

of both MFHs and MFVs. It should be noted that wetland elevation correction particularly affects 

MFV patterns due to changes in cross-section area, while BCs (associated to each scenario) play 

a major role on MFH patterns. 
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Figure 2-10. Maximum floodwater height (MFH) and velocity (MFV) obtained from model 

simulations with wetland elevation correction in the Savannah River delta and Wassaw Sound 

estuary. Left and right panel show MFH and MFV patterns for (a,b) MQ, (c,d) AND and (e,f) 

‘Proposed’ scenarios, respectively. A zoom-in view of urban settlements in Tybee Island is 

outlined with black boxes.  
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Conclusions 

Robust hybrid frameworks for accurate compound flooding assessment can benefit from 

statistical methods and physically based modeling approaches including correction of coastal 

DEM input data. In this study, we used a copula-based bivariate analysis to analyze the 

correlation structure (dependence) of upstream river discharge (Q̂) and coastal downstream ocean 

water level (H) of the Savannah River delta. We showed that Q̂ is significantly correlated to Non-

Tidal Residual (NTR) as a surrogate of H (p-value < 0.05). We then generated a set of scenarios 

based on pairwise associations of (Q̂, NTR) representing a 50-year return period. The scenarios 

were transformed into boundary conditions and further used in hydrodynamic simulations. For 

this, we developed a 2D hydrodynamic model in Delft3D-FM of Savannah River delta and 

Wassaw Sound estuary. The model has two versions (e.g., with and without DEM correction) and 

allows for evaluating the effect of wetland elevation correction on compound flooding between 

the scenarios.  

We showed in the Taylor diagram that compounding effects of wetland elevation 

correction and flood drivers lead to significant differences in maximum floodwater height (MFH) 

and maximum floodwater velocity (MFV) patterns derived from a set of scenarios. MFV patterns 

are particularly influenced by changes in cross-section area associated with salt marsh elevation 

adjustment in coastal DEMs. MFH patterns, on the other hand, are more sensitive to changes of 

BCs from univariate and compound flooding scenarios. This is in turn depicted upper, middle, 

and lower flood hazard zones where a progressive decrease of MFH is observed in landward 

direction due to the presence of salt marshes that dissipate extreme water levels and/or attenuate 

storm surge. In addition, we generated flood hazard and velocity maps for each scenario 

including a proposed composite, i.e., synthesis of marginal Q, marginal H and ‘AND’ scenarios, 

and compared them to MFH and MFV of Hurricane Matthew. The proposed composite led to the 
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lowest residuals of water level and flow velocities in the entire model domain as this composite 

encompasses not only traditionally univariate analysis (such as FEMA (2015)), but also the 

likelihood of compound events.  

In this study, we demonstrate that even a small vertical elevation correction in Savannah’s 

wetlands (25 cm) can help improve the accuracy of model simulations and so reduce the overall 

bias of MFH and MFV. We suggest that modeling efforts should focus on correcting wetland 

elevation in coastal DEMs, and then proceed with any hydrodynamic modeling. We conclude that 

compound flooding analysis in estuaries should account for not only the likelihood of high river 

discharge and extreme coastal water levels, but also elevation correction in coastal DEMs as this 

improves the accuracy of MFH and MFV in coastal flood hazard maps. 
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 INTER-MODEL COMPARISON OF DELFT3D-FM AND 2D HEC-RAS FOR 

TOTAL WATER LEVEL PREDICTION IN COASTAL TO INLAND TRANSITION ZONES3 

Abstract 

Hydrodynamic models play a key role in simulating total water level (TWL), i.e., a combination 

of river flow, tide, surge, wind, and wave-induced water level, and representing flood inundation 

dynamics in coastal areas. An appropriate selection of two-dimensional (2D) models that 

integrate riverine and estuarine interactions with ocean dynamics is crucial to generate accurate 

TWL predictions and assist stakeholders and federal agencies in decision making and flood 

emergency responses. In this study, we compare the performance of two widely used 

hydrodynamic models (e.g., 2D HEC-RAS and Delft3D-FM) with respect to their ability of 

predicting TWL in Delaware Bay, USA. Based on a previously established model configuration, 

we simulate Hurricane Sandy and Isabel that affected the Bay and led to considerable damages 

and economic losses. We then evaluate model capabilities with tidal analysis, compare observed 

vs. simulated TWL and analyze spatiotemporal variations of TWL through scenario-based 

simulations. Our results suggest that atmospheric forcing input in Delft3D-FM significantly 

improves TWL predictions as compared to those of 2D HEC-RAS. Furthermore, model 

simulations with Delft3D-FM can be faster than 2D HEC-RAS by a factor of 6 to 10. Despite 

3 Muñoz, D. F., Yin, D., Bakhtyar R., Moftakhari, H., Xue Z. G., Mandli K., Ferreira C. (2021). Inter-model 
comparison of Delft3D-FM and 2D HEC-RAS for Total Water Level Prediction in Coastal to Inland Transition 
Zones. Journal of the American Water Resources Association. https://doi.org/10.1111/1752-1688.12952  
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these advantages, 2D HEC-RAS (version 5.07) is a non-commercial software easier to implement 

and can be a simpler alternative for modeling extreme events when atmospheric forcing is not 

relevant in the model domain. 

Introduction 

It is estimated that by 2050, 25% of the world’s population will live in areas highly 

vulnerable to flooding (Aerts et al., 2014). Recent studies, based on improved coastal digital 

elevation models, estimate that 230 million people live in coastal areas below 1 m of current high 

tide lines and about one billion people below 10 m (Kulp and Strauss, 2019). In the United States, 

23 of the 25 most densely populated counties are located on the coast (Milne et al., 2009) and 

over half of the U.S. population is settled in coastal regions (Moftakhari et al., 2015). The North-

Atlantic coasts of the U.S. are of particular interest as they are vulnerable to coastal flooding 

caused by extreme sea levels during the Atlantic hurricane season (Muis et al., 2019; Titus and 

Anderson, 2009; Wahl et al., 2015). Accurate prediction of total water level (TWL) for extreme 

events is therefore crucial on these coasts to support stakeholders and federal agencies in 

adequate planning, prompt flood emergency-response and flood risk management decision.  

The National Water Center (NWC), a division of the National Weather Service (NWS) 

and the National Oceanic and Atmospheric Administration (NOAA), provides water information 

and forecast services for the U.S. in partnership with several federal agencies. Recent efforts of 

the NWC to predict accurate TWL in coastal to inland transition zones (CTZs), i.e., zones where 

TWL is influenced by both rainfall and coastal processes, have been focused on coupling the 

National Water Model with atmospheric, coastal, and oceanic models. However, there is a 

growing interest on identifying the most suitable hydrodynamic models and configurations (e.g., 
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1D, coupled 1D/2D or fully 2D) that can accurately simulate riverine to estuarine dynamics in 

CTZs (Bilskie and Hagen, 2018; Muñoz et al., 2020a; Santiago-Collazo et al., 2019).  

In that regard, numerous studies have discussed the benefits and drawbacks of different 

hydrodynamic models and schematizations for accurate simulation of water surface elevation and 

floodplain inundation dynamics (Bates et al., 2010; Büchele et al., 2006; Ferreira et al., 2014; 

Garzon and Ferreira, 2016; Mandli and Dawson, 2014; Sanders, 2017; F. Teng et al., 2017). Yet, 

to the best of our knowledge, there are no studies that compare Delft3D-FM and the U.S. Army 

Corps of Engineers’ River Analysis System (HEC-RAS) in a two-dimensional fashion. Liu et al., 

(2018) developed one- (1D) and two-dimensional (2D) hydraulic models of HEC-RAS (Brunner, 

2016a) and LISFLOOD-FP (Horritt and Bates, 2002) to investigate the influence of model 

structure and surface roughness in generating flood inundation extent. The authors reported that 

2D model simulations lead to better results than 1D simulations; especially with high channel 

roughness as more water can flow over lateral floodplains. Shustikova et al., (2019) compared 

2D capabilities of HEC-RAS and LISFLOOD-FP on complex topography. The authors 

performed an inter-model comparison with different grid sizes (e.g., 25, 50 and 100 m) and 

described advantages and drawbacks of the models in terms of flood inundation mapping and 

computation time. LISFLOOD-FP uses a rectangular mesh with cell sizes identical as the raster 

input while HEC-RAS can operate with both structured and unstructured cell sizes and allows for 

a sub-grid bathymetry approach, i.e., coarse mesh cell size overlying a high-resolution raster 

input. The authors pointed out that the sub-grid approach benefits HEC-RAS by reducing 

computation time and simulating accurate water surface elevation in areas with complex 

topography (e.g., levees, embankments, drainage channel networks, etc.). Nevertheless, accurate 

prediction of TWL in CTZs requires not only high-resolution grids and bathymetry, but also 

model configurations that integrate atmospheric, continental, and oceanic models.  
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Bakhtyar et al., (2020) developed a model configuration that couples atmospheric (e.g., 

Hurricane Weather Research and Forecasting (HWRF), Climate Forecast System Reanalysis 

(CFSR)), continental (e.g., National Water Model (NWM)) and oceanic models (e.g., Advanced 

Circulation model (ADCIRC) and WAVEWATCH III (WW-III)) to 1D HEC-RAS and 1D/2D 

D-FLOW FM models. Based on this model configuration, they discussed the benefits of multi-

model coupling on TWL prediction in the Delaware River Basin. A systematic comparison of 1D 

vs. 1D/2D hydrodynamic modeling revealed that 1D HEC-RAS fails to accurately predict TWL 

for wind-dominated storm surges. In contrast, the 1D/2D model setup of D-FLOW FM led to an 

improved performance in riverine and estuarine domains due to its atmospheric forcing module. 

However, the former comparison is unfairly limited to a one-dimensional structure of HEC-RAS 

without considering the advantages of a fully two-dimensional model structure.  

Although a 3D model setup can help model vertical dynamics such as salinity intrusion, water 

quality and sediment transport (Martyr-Koller et al., 2017; Sandbach et al., 2018; Ye et al., 2020), 

here we will compare two-dimensional model outputs from 2D HEC-RAS and Delft3D-FM (e.g., 

TWL prediction and computation time) within CTZs. In addition, we present an inter-model 

comparison based on spatiotemporal variations of TWL in the entire 2D domain in contrast to 

traditional evaluations of observed and simulated TWL at tidal gauge stations of Delaware Bay. 

Inter-model comparisons are ongoing in the research community for model development and/or 

improvement of pre-existing model capabilities. Therefore, a benchmark with pre-established 

model experiments are useful to conduct such comparisons. Particularly, model experiments 

presented here are in line with those of Bakhtyar et al., (2020) as this is a straightforward 

approach to quantify the effect of different forcing conditions on TWL prediction. In this context, 

the first novelty of this study is that 2D HEC-RAS and Delft3d-FM models have not been 

compared in any other study to the present date. Second, in contrast to Bakhtyar et al., (2020), we 
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provide insights of simulation time and average time step required for TWL prediction given 

different model configurations. Third, we propose a strategy to conduct a fair comparison 

between these models since any changes of model configuration or input data (e.g., boundary 

conditions, model domain, mesh cell-size, spatially varying roughness coefficient and topobathy) 

might lead to erroneous conclusions. 

Methods 

Study site 

We conduct this study in the Delaware Bay located at the east coast of the United States, 

(Figure 3-1a). Delaware Bay is vulnerable to extreme storm surges, rainfall and/or strong waves 

(higher than 1.5 m) as a consequence of the Atlantic Hurricane season, which has affected the 

Bay since 1749 with more than 100 tropical cyclones (Salehi, 2018). Delaware Bay has a length 

of 210 km starting at Trenton, New Jersey and flows in a southeastern direction towards the 

Atlantic Ocean (Whitney and Garvine, 2006). The Bay comprises approximately 2030 km2 and 

serves as a natural state border of New Jersey and Delaware. The Bay has a maximum width of 

45 km that gradually decreases down to 18 km at the Bay mouth between Cape May and Cape 

Henlopen (Salehi, 2018). Delaware Bay has a relatively deep channel (deeper than 28 m) along 

its longitudinal axis that is used for navigation purposes and an average bathymetry of 7 m 

(Ippen, 1966). Tides in the lower bay are semidiurnal and dominated by the principal lunar 

semidiurnal constituent (M2) with tidal amplitudes about 0.75 m. A high resolution study of tides 

in Delaware Bay (Hall et al., 2013) suggests that tides have remained fairly constant through time 

(~ 7000 years) and it is expected that tidal ranges will change up to 10% for future sea-level rise 

scenarios (100, 300 years). Figure 3-1a shows the five main NOAA gauge stations located along 

the Bay and used to validate the 2D hydrodynamic models for Hurricane Sandy (2012) and Isabel 
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(2003). The stations are located within CTZs that start at Brandywine Shoal Light station (NOAA 

8555889) and continue up to the upstream part of the Delaware River near to Newbold station 

(NOAA 8548989). 

Among the major historical hurricanes that impacted the Bay (NOAA-NHC, 2020), we 

select Hurricane Sandy (October, 2012) and Isabel (September, 2003) as they produced a 

relatively large (Sandy) and small (Isabel) wind-driven storm surge in Delaware Bay. In that 

regard, both hurricanes help perform a thorough inter-model comparison in terms of TWL 

prediction. Hurricane Sandy formed on October 22 of 2012 at the southwestern side of the 

Caribbean Sea and moved in a northeastern direction as Category 1 near Jamaica. Sandy turned 

into Category 3 on October 25 just before hitting Cuba with maximum 1-min sustained wind 

speeds of 185.20 km/h (Blake et al., 2013). Sandy continued moving in a northeastern direction 

and then turned northwestward to the mid-Atlantic Coasts as Category 1 with maximum 1-minute 

sustained wind speeds of 129 km/h (Figure 3-1a). Sandy’s best track passed closer to Delaware 

Bay than Isabel and made landfall on October 29 of 2012 in Brigantine, New Jersey. Hurricane 

Isabel, a Tropical Storm originated at the western side of Cape Verde Islands, developed from 

Category 1 to 5 on September 11 with sustained 1-minute wind speeds greater than 249.45 km/h. 

Making a slow northwest turn (Figure 3-1a), Isabel weakened to Category 3 and 2 and ultimately 

made landfall on the North Carolina Outer Banks on September 18 (NOAA-NWS, 2019). 

In addition to hurricane impacts on Delaware Bay, this study site is selected to leverage a 

previously established model configuration (Bakhtyar et al., 2020; Maitaria et al., 2018) that 

accounts for calibrated HEC-RAS and D-FLOW FM models of the Bay coupled with 

atmospheric, continental and oceanic models (e.g., HWRF, CFSR, NWM, ADCIRC and WW-III 

models). Figure 3-1b presents a schematic of the model configuration where the ultimate goal is 

to provide flood forecasts and stage hydrographs. In general, atmospheric forcing from HWRF 
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and CFSR is used to generate wind setup for the NWM and Delft3D-FM models. The NWM in 

turn generates river discharge input to WW-III, ADCIRC, HEC-RAS and Delft3D-FM. Likewise, 

WW-III and ADCIRC interact with each other sharing wave radiation stress, water level, 

velocities, and subsequently producing wave-induced water level as ocean/offshore boundary 

condition (BC) for HEC-RAS and Delft3D-FM. Hence, these models are forced with upstream 

and downstream BCs derived from atmospheric, inland, and oceanic processes. 

Figure 3-1. Map and model configuration of Delaware Bay, DE. (a) Hurricane best track of 

Isabel (brown line) and Sandy (purple line) are shown in the top right corner. Model domain 

(yellow area), NOAA stations (blue circles), river discharge input (red triangles) and ADCIRC 

boundary (red line) are identical for both HEC-RAS and Delft3D-FM models. (b) Model 

configuration is adapted from Bakhtyar et al., (2020) and Maitaria et al., (2018) and shows the 
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interaction of  atmospheric (CFSR and HWRF), continental (NWM) and oceanic models 

(ADCIRC and WAVEWATCH III)  for flood forecasting and stage hydrograph estimation. 

Model description 

Delft3D-Flexible Mesh (FM) 

 Delft3D-FM suite package (version 1.5.0) is a robust and highly developed computational 

model with several modules and tools that can handle dynamic interactions of storm surge, 

hurricanes and tsunamis and provide detailed information of water level, flow rates, waves, 

sediment transport, water quality, etc. (Deltares, 2021). Delft3D-FM can be simplified into 2D 

(depth-averaged) mode, hydrostatic and unsteady form, and solve the continuity (Equation (1)) 

and Reynolds-averaged Navier-Stokes equations (Equations (2) and (3)) with an implicit finite 

volume algorithm. The following set of equations are for an incompressible fluid under the 

assumption that vertical length scales are significantly smaller than the horizontal ones (Lesser et 

al., 2004). + ( ) + ( ) = 0                         (1) 

+ + + = ( )( ) ( − ) + ( − )  − ⋯   

… ( + ) + + −                (2) 

+ + − = ( )( ) ( − ) + ( − )  − ⋯   

… ( + ) + + −           (3) 

where ζ is water surface elevation (above still water), t is time, d is water depth (below horizontal 

datum or still water), u and v are 2D depth averaged velocities in x and y directions, f is the 

Coriolis parameter, ρa is air density, Cd is the wind-drag coefficient, ρ is water density, U10 and 
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V10 are wind velocities at 10 m height above still water in x and y directions, g is the gravitational 

acceleration, n is the Manning’s roughness coefficient and vH is the horizontal viscosity 

parameter.      

HEC-RAS 

The U.S. Army Corps of Engineers’ River Analysis System is a widely used software that 

allows for performing one-dimensional (1D) steady flow analysis, coupled 1D/2D and fully 2D 

unsteady flow analyses of river hydraulics, sediment transport and water quality (Brunner, 

2016a). The latest release of HEC-RAS (version 5.07) can be downloaded from the website 

(https://www.hec.usace.army.mil/software/hec-ras/) and runs on 64-bit Windows operating 

systems. HEC-RAS solves the continuity and momentum conservation equations (Equations (1), 

(2) and (3)) under the same assumptions of Delft3D-FM. However, the most noticeable 

difference is that HEC-RAS omits the wind forcing component in the momentum conservation 

equation (e.g., first term at the right side of Equations (2) and (3) ) (Brunner, 2016a). 

Model setup 

Bakhtyar et al., (2020)  developed a model configuration to simulate riverine-estuarine 

dynamics in CTZs under extreme storms. The authors coupled atmospheric, continental, and 

oceanic models to 1D HEC-RAS and 1D/2D D-FLOW FM models. However, these two core 

models must be modified in order to conduct a 2D inter-model comparison while keeping the 

other models and/or input forcing data invariant. For simplicity, river discharge coming from 

side-connected tributaries to the main Delaware River is included in HEC-RAS and Delft3D-FM 

models as lateral BCs (Figure 3-1). Similarly, surge and wave-induced water level are transferred 

to the models from ADCIRC model at the ocean/offshore boundary and freshwater river 
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discharge is derived from the NWM. Local wind & atmospheric pressure is obtained from CFSR 

and HWRF models and transferred to NWM and Delft3D-FM.  

CFSR is a third-generation reanalysis product that provides high resolution estimates of 

coupled atmosphere, ocean, land surface and sea ice dynamics with a global atmosphere 

resolution of approximately 38 km (CFSR, 2017). The NOAA operational model HWRF is an 

advanced real-time and hurricane prediction system with telescopic nested moving grids. The 

moving 4.5 and 1.5 km grids follow the storm, while the 13.5 km is a stationary parent grid 

(HWRF, 2018). Preliminary analyses and validation of local wind (e.g., wind velocity and 

direction) and atmospheric pressure inputs for hydrodynamic simulation indicated that CFSR 

leads to slightly better TWL estimates than HWRF when simulating Hurricane Isabel. This may 

be associated with the proximity of the hurricane’s track to Delaware Bay (Figure 3-1a). We 

therefore use atmospheric forcing from CFSR and HWRF models to further simulate TWL for 

Hurricane Isabel and Sandy, respectively.  

The 1D/2D D-FLOW FM model is transformed into a 2D Delft3D-FM model by 

excluding 1D river branches and coupling the 2D mesh with the NWM as flow boundaries 

(Figure 3-1a). The main difference between Delft3D-FM and D-FLOW FM is the use of 

unstructured grids (e.g., triangles, pentagons and hexagons) in addition to structured grids (e.g., 

quadrangles) (Deltares, 2019). These models have an orthogonal curvilinear grid in spherical 

coordinates (e.g., latitude and longitude). Furthermore, topographic, and bathymetric (topobathy) 

data used in the Delft3D-FM model are identical as the data used in the former D-FLOW FM 

model (Figure 3-2a). Regarding the 1D HEC-RAS model, this model setup is replaced by an 

improved 2D HEC-RAS model coupled with the NWM and ADCIRC model as upstream and 

downstream BCs, respectively. Since spatial data from D-FLOW FM cannot be directly 

transferred to the 2D HEC-RAS model (e.g., irregular grid with a different coordinate system), 
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we conduct data processing and management in Matlab and ArcGIS to interpolate spatial data 

over the model domain and generate equivalent input files between the models (e.g., 2D mesh 

extent, topobathy data and roughness coefficients). Although the 2D mesh structure differs 

between the models (e.g., curvilinear, and unstructured vs. irregular grid), we ensure the models 

have at least identical grid size over the same regions as shown in Figure 3-2 (c, d). Specifically, 

we use the ‘Refinement Regions’ option in the RAS Mapper tool to guarantee identical grid sizes 

(Brunner, 2016b). 

Data 

Topobathy data for the 2D HE-CRAS model are obtained from the latest available Digital 

Elevation Map (DEM) and Light Detection and Ranging (LiDAR) points (e.g., 2015 USGS 

CoNED Topobathymetric Model: New Jersey and Delaware). The LiDAR-derived DEM is 

referenced to North American Vertical Datum 1988 (NAVD88) and has a spatial resolution of 1 

meter. This dataset can be obtained from the NOAA: Data Access Viewer 

(https://coast.noaa.gov/htdata/raster2/elevation/NewJersey_Delaware_Coned_Topobathy_DEM_

2015_5040/). It is worth mentioning that the 1 m DEM is further resampled to a 10 m resolution 

as the minimum cell size of the grids is approximately above that threshold value (Figure 3-2b). 

In other words, the resampling process does not affect any terrain interpolation over cell sizes 

below the 10 m threshold.  

Both models have identical spatially varying roughness coefficients which are further 

used to calibrate and validate the hydrodynamic models. Roughness values for HEC-RAS model 

are initially derived from the 2011 National Land Cover Database (https://www.mrlc.gov/data) 

and subsequently adjusted to match the former calibrated roughness map of D-FLOW FM model. 

Although some roughness values at the edges of the Delft3D-FM mesh (Figure 3-2c) do not 
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coincide with the HEC-RAS mesh (Figure 3-2d), the spatial distribution of channel roughness 

and adjacent floodplain of Delaware River is in general identical. These minor discrepancies are 

related to the interpolation methods used to generate roughness maps. In particular, the Delft3D-

FM model allows for either a triangulation or averaging method to generate roughness maps 

whereas the HEC-RAS model reads a raster-based input map generated with a nearest neighbor 

interpolation method in ArcGIS. 

Time series of observed TWL at the five main stations of Delaware Bay (Figure 3-1a) are 

obtained from NOAA’s Tide & Currents portal (https://tidesandcurrents.noaa.gov/). Another 

important aspect in hydrodynamic modeling is the time step used to solve the continuity and 

momentum conservation equations (Equations (1), (2) and (3)). The maximum time step at each 

given computation is controlled by the Courant condition whose maximum value is set to 0.75. In 

addition, we set an initial and maximum time step of 1 s and 1 min for both models respectively, 

and let 2D HEC-RAS to solve the full set of the Saint-Venant equations instead of 2D diffusive 

wave approximation (Brunner, 2016b).   
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Figure 3-2. Model setup of Delft3D-FM (a, c) and HEC-RAS (b and d). Topobathy of Delaware 

Bay interpolated over the 2D domain (a, b). Black rectangles in the top panel indicate the location 

of Manning’s roughness maps interpolated over unstructured and irregular grids (c and d, 

respectively).  
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Model calibration and validation 

The 1D/2D D-FLOW FM model was previously calibrated and validated to simulate 

TWL of Hurricane Sandy (Figure 3-3) and Isabel (Figure 3-4) as presented in Bakhtyar et al., 

(2020) . Since the proposed 2D Delft3D-FM model uses the same input data, mesh structure and 

grid size without the 1D river coupling, we expect an identical fit between observed and 

simulated TWL. The 2D HEC-RAS model, on the other hand, requires calibration of roughness 

coefficients only since the model capabilities do not account for wind and atmospheric pressure 

components (Brunner, 2016a). In other words, the spatially varying roughness coefficients are the 

main target variable for a correct model calibration of 2D HEC-RAS (Figure 3-2). These 

coefficients, if calibrated, may differ from those of Delft3D-FM. As a result, the inter-model 

comparison will require a deeper analysis regarding uncertainty and sensitivity of the roughness 

coefficients in the calibration process, which is out of the scope of this study. We therefore 

assume that the calibrated roughness coefficients of 1D/2D D-FLOW FM model are a reasonable 

approximation of the optimal roughness coefficients of 2D HEC-RAS model. This assumption, in 

fact, led to satisfactory results as shown in the Results and Discussion section. 

In addition to Figure 3-3 and 3-4, we calculate the goodness of fit between observed and 

simulated TWL at NOAA stations of Delaware Bay according to five evaluation metrics: 

correlation coefficient (R2), Root Mean Square Error (RMSE), overall bias and model skill 

(Figure 3-5). R2 measures the strength (and direction) of a linear relationship between time series 

and ranges from 0 to 1 (e.g., poor to perfect match). The RMSE quantifies the standard deviation 

between predicted and observed values and ranges from 0 to ∞ (e.g., perfect analogy to total 

dissimilarity). Overall bias is defined as the difference between mean predicted and mean 

observed values, and ranges from -∞ to ∞. Negative values suggest underestimation while 

positive values the opposite. Model skill evaluates if the model setup (e.g., spatial resolution, 
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model parameters, input dataset and solution algorithms) is appropriate to simulate physical 

processes in the model domain (Camacho et al., 2014). Model skill ranges from 0 to 1 (e.g., poor 

to perfect agreement) as indicated in Equation (4) (Willmott, 1981). 

= 1 −  ∑ | |∑ (| | | |) (4) 

where p and o are predicted and observed TWL, respectively. Hat notation indicates mean value. 
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Figure 3-3. Observed and simulated total water level for Hurricane Sandy. Scenarios DF0, DF1 

and and HR1 indicate model configurations described in Table 3-2. Gray vertical lines show a 4-

day time window used to calculate evaluation metrics at (a) Brandywine Shoal Light, (b) Ship 

John Shoal, (c) Marcus Hook, (d) Burlington and (e) Newbold stations. 
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Figure 3-4. Observed and simulated total water level for Hurricane Isabel. Scenarios DF0, DF1 

and and HR1 indicate model configurations described in Table 3-2 Gray vertical lines show a 4-

day time window used to calculate evaluation metrics at (a) Brandywine Shoal Light, (b) Ship 

John Shoal, (c) Marcus Hook, (d) Burlington and (e) Newbold stations. 

For convenience, the evaluation metrics of each station are displayed based on their 

relative distance to Brandywine Shoal Light (from downstream to upstream direction) as 

presented in Table 3-1. Moreover, the evaluation metrics are calculated within a 4-day time 



                                          

96 
 

window centered at the peak water level of each hurricane. In that sense we focus our analysis on 

simulated TWL immediately before and after the hurricane impact. 

Table 3-1. Five main tidal gauge stations and relative distances in Delaware Bay.  

Station name and location NOAA’s station ID Distance [km] 

Brandywine Shoal Light, Delaware 8555889 0 

Ship John Shoal, New Jersey 8537121 41 

Marcus Hook, Pennsylvania 8540433 115 

Burlington, New Jersey 8539094 175 

Newbold, Pennsylvania 8548989 188 

 
Scenarios for inter-model comparison 

 We devise a systematic set of scenarios to conduct tidal analysis and compare model 

capabilities in terms of TWL prediction in the model domain (Table 3-2). The first three 

scenarios are run in Delft3D-FM (e.g., DF0, DF1 and DF3) while the remaining two in 2D HEC-

RAS (e.g., HR1 and HR2). Note that each scenario has its own model configuration that 

integrates Astronomical Tide (AT), Storm Surge & Wave (SS&W), River discharge (RD) and 

Local Wind & Atmospheric Pressure (LW&AP). A reasonable inter-model comparison will be 

DF1 vs. HR1 and DF2 vs. HR2 as these scenarios share identical forcing components. 

Furthermore, note that DF0 encompasses all 4 components which in turn might lead to the best fit 

between observed and simulated TWL. Likewise, note that HR1 is the most complete scenario 

for 2D HEC-RAS with three out of four possible forcing conditions.  

Table 3-2. Scenarios and model configurations for total water level prediction. 

Scenarios 
Astronomical 

Tide 

(AT) 

Storm Surge & 
Wave* 

(SS&W) 

River 
Discharge (RD) 

Local Wind & 
Atmospheric Pressure 

(LW&AP) 

Model 

DF0 x x x x Delft3D-FM 
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DF1 x x x - 

DF2 x x - - 

HR1 x x x - 
2D HEC-RAS 

HR2 x x - - 

* Wave-induced water level from ADCIRC model.

Inter-model comparison 

We conduct tidal analyses along the five main NOAA stations of Delaware Bay (Table 3-

1) and for both hurricanes. The Matlab script ‘T-tide’ (Pawlowicz et al., 2002) is used to

decompose water level signal through harmonic analysis of observed and simulated TWL, i.e., 

sum of a finite set of sinusoids at specific frequencies related to astronomical parameters. T-tide 

is a widely accepted tool that computes tidal amplitudes and phases with 95% confidence interval 

estimates (Byun and Hart, 2019; Ezer, 2020; Skarðhamar et al., 2015). We used TWL records 

within an approximated 30-day time frame in order to meet the Rayleigh criterion for M2 (Pugh 

and Woodworth, 2014). Other semidiurnal and diurnal constituents in the lower bay (e.g., 

Brandywine Shoal Light, NOAA 8555889) are not considered in this analysis as they show tidal 

amplitudes below 0.16 m and require longer model simulations to accurately decompose water 

level signal (Pugh and Woodworth, 2014). In the next section, we present a summary of tidal 

amplitude residuals defined as difference between observed and simulated M2 amplitudes for the 

proposed scenarios (Table 3-3), and the evaluation metrics of TWL at NOAA stations in 

Delaware Bay (Figure 3-5). 

Similarly, we use the evaluation metrics to compare spatiotemporal variations of TWL 

between Delft3D-FM (as the model reference) and 2D HEC-RAS model (Figure 3-6, 3-7). Note 

that these models share an identical 2D model domain (Figure 3-1a) which enables a thorough 

analysis at locations where tidal/gauge stations have not been deployed. We use spatial maps of 
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hourly TWL to further calculate R2, RMSE and model skill in the 2D model domain. It is 

important to mention that the 2D HEC-RAS maps are first converted from planar to spherical 

coordinates (e.g., from NAD83 UTM Zone 18N to WGS84) in order to extract TWL at each grid-

point coordinates (e.g., nodes) of Delft3D-FM mesh. In that sense, we are able to compare hourly 

time-series of TWL at corresponding grid points in the model domain. This process is conducted 

in ArcGIS with ArcPy coding. In addition to the evaluation metrics, we compare model 

performance in terms of computation time and average time step used in model simulations 

(Figure 3-8). Each scenario is run ten times without any modification in order to obtain averaged 

computation time values. Since computation time is linked to the average time step, we compare 

these variables per scenario without considering the time frame of each hurricane (Figure 3-3, 3-

4). Also, note that DF0 is included in the figure for further comparison among the Delft3D-FM 

scenarios.  

Results and Discussion 

Tidal analysis and comparisons of total water level prediction 

Tidal amplitude residuals of the semidiurnal constituent M2 (Table 3-3) are shown for 

Hurricane Sandy (left) and Isabel (right). Negative residuals indicate underestimation of M2 

amplitudes with respect to observed amplitudes, while positive residuals suggest the opposite. In 

general, Delft3D-FM and HEC-RAS models underestimate M2 amplitudes for all scenarios. Yet, 

positive residuals are observed in upstream river locations (e.g., Burlington and Newbold 

stations) for Hurricane Isabel. The lowest negative residuals are found in Brandywine station 

located downstream the Delaware River (Figure 3-1a) whereas a progressive increase of negative 

residuals is observed in upstream direction. As expected, DF0 has the lowest tidal residuals for 

Sandy and almost similar residuals for Isabel when compared to the other scenarios. This 
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suggests that LW&AP is a key forcing condition especially for Sandy as the hurricane track is 

closer to Delaware Bay than Isabel’s track.  

Comparisons of DF1 vs. HR1 and DF2 vs. HR2 suggest that tidal amplitude residuals of 

HEC-RAS are not far from those of Delft3D-FM model in the lower and upper bay (e.g., 

Brandywine up to Marcus Hook stations). Nevertheless, the Delft3D-FM outperforms HEC-RAS 

in upstream river locations especially when river discharge is included in model simulations. 

Although both models have grids with identical cell sizes, the selection of a nearest neighbor 

interpolation method for HEC-RAS (ArcGIS raster input) over a triangulation method in 

Delft3D-FM may have led to discrepancies of simulated TWL (or M2 tidal amplitudes) between 

the models. The effect of interpolation methods and spatial resolution of bathymetry and 

roughness values on hydrodynamic modeling has been discussed in several studies providing 

guidelines to better represent geomorphological features in river channels (Altenau et al., 2017; 

Casas et al., 2006; Schwendel et al., 2012). 

Table 3-3. M2 amplitude residuals of observed and simulated total water level in Delaware Bay. 

Scenarios and NOAA stations show the residuals for Hurricane Sandy (left) and Isabel (right).   

The evaluation metrics of Hurricane Sandy and Isabel (Figure 3-5) indicate that the best 

goodness of fit is achieved with scenario DF0 as it encompasses all forcing components (e.g., 

AT, SS&W, RD, and LW&AP). Moreover, the evaluation metrics suggest that (in general) DF0’s 

Scenarios 
Brandywine 

[m] 
Ship John 

[m] 
Marcus Hook 

[m] 
Burlington 

[m] 
Newbold 

[m] 

DF0 -0.03/-0.06 -0.07/-0.12 -0.09/-0.16 -0.22/0.05 -0.25/0.06 

DF1 -0.04/-0.06 -0.11/-0.12 -0.12/-0.16 -0.22/0.05 -0.25/0.06 

DF2 -0.04/-0.06 -0.11/-0.12 -0.12/-0.16 -0.21/0.07 -0.21/0.09 

HR1 -0.05/-0.08 -0.10/-0.15 -0.13/-0.16 -0.31/-0.35 -0.45/-0.53

HR2 -0.05/-0.08 -0.10/-0.12 -0.13/-0.16 -0.29/0.05 -0.29/0.06 
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accuracy in TWL prediction is followed by DF1, HR1, DF2 and HR2.  The five scenarios 

presented in Table 3-2 perform better at downstream than upstream river locations, however, 

each evaluation metric behaves differently when compared among scenarios and hurricanes. For 

example, DF0 outperforms the other scenarios especially for Hurricane Sandy than Isabel. This 

might be related to the relative importance of including atmospheric forcing in model simulations 

(Figure 3-3). Moreover, Sandy’s best track is closer to Delaware Bay than Isabel’s (Figure 3-1a), 

and therefore LW&AP plays a key role in TWL prediction for Hurricane Sandy.  

Comparisons of DF1 vs. HR1 indicate small to large differences between the evaluation 

metrics. The largest differences are observed in upstream river locations where DF1 outperforms 

HR1. This is more evident for Hurricane Isabel than Sandy since low water level is overestimated 

in 2D HEC-RAS in upstream river locations (Figure 3-4 (d, e)). When comparing DF2 vs. HR2, 

the evaluation metrics suggest that DF2 leads to slightly better results than HR2 in upstream river 

locations. Likewise, note that HR2 outperforms HR1 at Burlington and Newbold stations 

confirming that RD is not well simulated at those stations. This is mainly due to inconsistencies 

between NWM forecasts and observed river discharges (e.g., peak-discharge magnitude and 

timing) from USGS stations distributed along the Delaware Bay (Yin et al., 2021). In addition, 

inaccuracies of river bathymetry in the DEM and roughness mapping might have contributed to 

the relatively low performance of HR1 with respect to HR2 (Figure 3-2). 

In a previous study, we reported that the riverine contribution to TWL at the three most 

downstream locations (Table 3-1) is negligible (~1%) as compared to Burlington and Newbold 

where ~7% of TWL is attributed to river discharge for both hurricanes (Muñoz et al., 2020b). 

This seven-fold increase in percentage and inconsistencies between NWM forecasts and USGS 

river discharge observations help explain the relatively poor performance of the models at 

upstream locations. Regarding the physics of the system, tides dominate the riverine-tide 



101 

interaction in the Bay and further propagate upstream the Delaware River with negligible energy 

(friction) loss due to smooth bed roughness and deeper bathymetry (Figure 3-2). However, as 

tides propagate along the most upstream USGS stations, friction loss increases due to a coarse 

bed roughness, shallower river bathymetry, narrowing of the river channel, turbulence and 

funneling effects (van Rijn, 2011; Valle-Levinson, 2010). The effects of these physical factors on 

the friction loss are evident in terms of the most dominant tidal constituent - M2 (Table 3-3). In 

fact, M2 amplitude residuals between observed and simulated TWL increase in upstream 

direction suggesting that the model performs better at downstream locations. 
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Figure 3-5. Evaluation metrics of observed and simulated total water level at NOAA stations in 

Delaware Bay. The evaluation metrics are associated with five scenarios (DF0, DF1, DF2, HR1 

and HR2) of Hurricane Sandy (a, c, e, g) and Isabel (b, d, f, h).  
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Spatiotemporal variation of total water level 

As observed in Figure 3-5, scenarios DF1 and DF2 are in general more accurate in 

predicting TWL than HR1 and HR2, respectively. For convenience, the evaluation metrics 

presented in Figure 3-6 (Hurricane Sandy) and Figure 3-7 (Hurricane Isabel) are based on 

comparisons of 2D HEC-RAS model against Delft3D-FM as the model reference. In terms of R2, 

DF1 and HR1 predict almost identical TWL (R2 > 0.99) in most of the model domain for 

Hurricane Sandy (Figure 3-6a) while some discrepancies (0.95 > R2 > 0.98) emerge in upstream 

river locations for Isabel (Figure 3-7a). This may be related to low water overestimation of HEC-

RAS in Burlington and Newbold stations (Figure 3-4d and 3-4e). When comparing DF2 and 

HR2, R2 ranges from 0.95 to 0.98 for Hurricane Sandy (Figure 3-6d) which indicates some 

discrepancies between the models. Yet, the highest correlations (R2 > 0.99) in most of the model 

domain are observed for Hurricane Isabel (Figure 3-7d) despite a minor mismatch at upstream 

river locations (0.95 > R2 > 0.97).  

Regarding RMSE, DF1 and HR1 show low to moderate RMSE in the model domain with 

values ranging from 0.05 to 0.15 m (Figure 3-6b) and 0 to 0.30 m (Figure 3-7b). Likewise, DF2 

and HR2 show low to moderate RMSE with values ranging from 0.10 to 0.20 m (Figure 3-6e) 

and 0 to 0.30 m (Figure 3-7e). The largest RMSE are found in upstream river locations for both 

hurricanes. Similar to what was described for R2, model skill suggests that DF1 and HR1 predict 

almost identical TWL (R2 > 0.99) in most of the model domain (Figure 3-6c and 3-7c). A minor 

mismatch of TWL prediction is also evident at upstream river locations for Hurricane Isabel (0.95 

> R2 > 0.98). When comparing DF2 and HR2, model skill ranges from 0.96 to 0.99 for Hurricane 

Sandy (Figure 3-6f). The highest model skill in most of the model domain (Skill > 0.99) is 

observed for Hurricane Isabel despite a minor mismatch of TWL prediction at upstream river 

locations (0.95 > R2 > 0.98). 



104 

Figure 3-6. Inter-model comparisons of spatiotemporal variation of total water level for 

Hurricane Sandy. The evaluation metrics (R2, RMSE and model skill) are based on comparisons 

of 2D HEC-RAS against Delft3D-FM. Top panel shows comparisons of DF1 vs. HR1 (a, b, c) at 

grid nodes of the Delft3D-FM mesh while bottom panel DF2 vs. HR2 (d, e, f). 
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Figure 3-7. Inter-model comparisons of spatiotemporal variation of total water level for 

Hurricane Isabel. The evaluation metrics (R2, RMSE and model skill) are based on comparisons 

of 2D HEC-RAS against Delft3D-FM. Top panel shows comparisons of DF1 vs. HR1 (a, b, c) at 

grid nodes of the Delft3D-FM mesh while bottom panel DF2 vs. HR2 (d, e, f). 

Evaluation of computation time 

All model simulations are conducted with an Intel Core i7-7700 - 3.60 GHz CPU and 64 

GB RAM. Simulations of Hurricane Sandy indicate an average time step of 28 s and computation 

time of 10 min for all DF scenarios. HR1 and HR2 use an average time step of 13 and 23 s with a 

corresponding computation time of 100 and 52 min, respectively. Simulations of Hurricane Isabel 

indicate that DF0, DF1 and DF2 use an average time step of 11, 11.5 and 22 s with a 

corresponding computation time of 29, 26 and 16 min, respectively. Likewise, HR1 and HR2 use 
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an average time step of 12 and 33 s which in turn leads to a computation time of 158 and 34 min, 

respectively. This comparison indicates that Delft3D-FM is faster than 2D HEC-RAS by a factor 

of 6 to 10 (e.g., DF1 vs. HR1) and 2 to 6 (e.g., DF2 vs. HR2). Moreover, note that both models 

tend to increase their time step when river discharge (RD) is not simulated (e.g., DF1 vs. DF2 

and HR1 vs. HR2). This may suggest that RD is sensitive to large time steps used to solve the 

continuity and momentum conservation equations (Equation (1), (2) and (3)). When including all 

forcing components in the model simulations (Table 3-2), DF0 shows an average time step 

identical as DF1. This in turn may suggest that LW&AP is less sensitive to large time steps as 

RD controls the average time step required in the simulations. However, model simulations of 

other extreme events might be necessary to support these remarks.  

Figure 3-8. Computation time and average time step used in Delft3D-FM and 2D HEC-RAS to 

simulate Hurricane Sandy and Isabel. The scenarios DF and HR indicate model configurations 

described in Table 3-2. 
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Conclusions 

An appropriate selection of hydrodynamic models is crucial to accurately predict total 

water level (TWL) in coastal to inland transition zones. In this study, we conducted an inter-

model comparison of Delft3D-FM and 2D HEC-RAS since these models are widely used in 

many hydrologic and hydraulic projects. We devised a set of scenarios in order to compare 

observed and simulated TWL among the models. Both models performed better at downstream 

than upstream river locations. Fine-tuning of channel parameters of the NWM is suggested for a 

better performance of the hydrodynamic models. In that regard, the newest operational NWM 

v2.0 (released in March 2020) uses an idealized trapezoidal channel cross-section instead of a 

rectangular one to improve forecast or freshwater river discharge. The scenario that integrates all 

forcing conditions (DF0) led to the lowest M2 amplitude residuals and the most accurate TWL 

prediction according to the evaluation metrics (e.g., R2, RMSE, overall bias and model skill). 

This was more evident for Hurricane Sandy than Isabel due to the hurricane track proximity to 

Delaware Bay.  

Since the 2D HEC-RAS model cannot simulate atmospheric forcing, we conducted an 

inter-model comparison with scenarios that exclude wind and atmospheric pressure (DF1 vs. 

HR1) and additionally river discharge (DF2 vs. HR2). DF1 outperformed HR1 since the HEC-

RAS scenario overestimated low water level in upstream river locations and led to the highest M2 

amplitude residuals. The evaluation metrics indicated that DF2 leads to slightly better results than 

HR2. Neglecting river discharge in model simulations, especially at upstream river locations, 

reduced differences of TWL and M2 amplitudes and improved the evaluation metrics (e.g., 

Burlington and Newbold stations). Also, interpolation methods used for bathymetry and 

roughness mapping in the upstream river channel may have contributed to inaccuracies of 

simulated TWL with HEC-RAS scenarios. 
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Delft3D-FM and 2D HEC-RAS models share an identical 2D model domain in Delaware 

Bay. Hence, we used the evaluation metrics to compare spatiotemporal variations of TWL in the 

entire domain. The largest spatiotemporal differences were found in model simulations of 

Hurricane Sandy due to the relative importance of forcing conditions on TWL variation as 

compared to Isabel. These results can also be inferred from the evaluation metrics at NOAA 

stations distributed along the Bay. Comparisons of computation time and average time step 

suggested that Delft3D-FM can be faster than 2D HEC-RAS by a factor of 6 to 10 (e.g., DF1 vs. 

HR1) and 2 to 6 (e.g., DF2 vs. HR2). Moreover, scenarios that exclude river discharge in the 

model simulations increased the average time step and/or reduced computation time.  

Despite the advantages of Delft3D-FM, 2D HEC-RAS (version 5.07) is a non-commercial 

software and relatively easy to implement. Hence, 2D HEC-RAS can be a simpler alternative for 

modeling extreme events when atmospheric forcing is not dominant in the model domain and 

regardless of computation time constraints. Contrary to 2D HEC-RAS, Delft3D-FM allows for 

task parallelization and might lead to significant reduction of computation burden and time. 

However, exploring these capabilities would have led to an unfair comparison among the models. 

Lastly, we anticipate that the recently released 2D HEC-RAS model (beta-version 6.0) solves the 

full momentum equation including the wind forcing component. Future work is therefore 

envisioned toward a thorough comparison between 2D HEC-RAS and Delft3D-FM that include 

not only TWL, but also flood dynamics. 



 FUSING MULTISOURCE DATA TO ESTIMATE THE EFFECTS OF 

URBANIZATION, SEA LEVEL RISE, AND HURRICANE IMPACTS ON LONG-TERM 

WETLAND CHANGE DYNAMICS4 

Abstract 

Wetlands are endangered ecosystems that provide vital habitats for flora and fauna worldwide. 

They serve as water and carbon storage units regulating the global climate and water cycle, and 

act as natural barriers against storm-surge among other benefits. Long-term analyses are crucial 

to identify wetland cover change and support wetland protection/restoration programs. However, 

such analyses deal with insufficient validation data that limit land cover classification and pattern 

recognition tasks. Here, we analyze wetland dynamics associated with urbanization, sea level 

rise, and hurricane impacts in the Mobile Bay watershed, AL since 1984. For this, we develop a 

land cover classification model with convolutional neural networks (CNNs) and data fusion (DF) 

framework. The classification model achieves the highest overall accuracy (0.93), and f1-scores 

in woody (0.90) and emergent wetland class (0.99) when those datasets are fused in the 

framework. Long-term trends indicate that the wetland area is decreasing at a rate of -1106 m2/yr 

with sharp fluctuations exacerbated by hurricane impacts. We further discuss the effects of DF 

4 Muñoz, D. F., Muñoz P., Alipour A., Moftakhari H., Moradkhani H., Mortazavi B. (2021). Fusing multi-source 
data to estimate the effects of urbanization, sea level rise and hurricane impacts on long-term wetland dynamics. 
IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. 
https://doi.org/10.1109/JSTARS.2020.3048724  
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alternatives on classification accuracy and show that the CNN & DF framework outperforms 

machine/deep learning models trained only with single input datasets.  

Introduction 

Wetlands are defined as lands transitional between terrestrial and aquatic ecosystems 

(Cowardin, 1979) that provide valuable services to society (Mitsch and Gosselink, 2000). Among 

those services, wetlands improve water quality due to their capacity for nutrient and pollutant 

removal (Land et al., 2019; Verhoeven et al., 2006). Wetlands regulate the global climate through 

carbon sequestration and methane emissions (Kayranli et al., 2010; Pokorný et al., 2016; Wilson 

et al., 2015), and also contribute to maintaining biodiversity (Barbier, 2019). In coastal systems, 

wetlands act as water-storage units regulating the global water cycle and providing flood 

mitigation services such as storm-surge, wave attenuation and hurricane protection (Costanza et 

al., 2008; Muñoz et al., 2020a; Wamsley et al., 2010).  

Despite the ecosystem services they provide, wetlands are frequently threatened by 

anthropogenic activities including water abstraction and pollution, deforestation, intensive 

agriculture, aquaculture and urban development (An and Verhoeven, 2019; Wu et al., 2017). 

Wetlands are also vulnerable to natural disasters such as erosion, droughts, sea level rise (SLR), 

and hurricane impacts among other complex stressors, many of which are exacerbated by climate 

change (Dahl, 2011; Michener et al., 1997). Previous estimates indicate that since 1900 nearly 

70% of global natural wetlands have disappeared with a rate of almost four times faster in the 

20th and early 21st centuries than previously (Davidson, 2014). Estimation of wetland loss 

attributed to SLR is challenging in absence of high-resolution digital elevation models (DEMs), 

flood-protection infrastructure delineation and accurate land cover maps that help understand 

wetland dynamics in response to rising sea levels (Alizad et al., 2018; Kirwan and Megonigal, 
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2013). Besides SLR, hurricanes are responsible for coastal wetland erosion that directly depends 

on impact duration, wind strength, speed of the storm and the relative distance of wetland regions 

to the hurricane track (Morton and Barras, 2011; Rodgers et al., 2009).  

In the Conterminous United States (CONUS), the “Status and Trends of Wetlands: 2004 - 

2009” report indicates that freshwater wetland loss was mainly attributed to silviculture practices 

(56%) and urban development (23%), whereas coastal (marine and estuarine) wetland loss was 

associated with wetland conversion into deep-water bay bottoms or open ocean (83%) (Dahl, 

2011). Likewise, nearly all the estuarine emergent wetland loss (99%) was attributed to coastal 

processes including saltwater inundation and storm-surge. At the regional scale, Ellis et al., 

(2011) conducted a land cover land use change (LCLUC) assessment in the vicinity of Mobile 

Bay, AL for the period 1974 – 2008. They indicated that non-woody wetlands decreased by 6.4% 

(~10 km2) whereas woody wetlands increased by 3.4% (~26 km2) with respect to 1974. The 

authors used Landsat imagery of Mobile and Baldwin counties and produced LCLUC maps 

based on three-stage classification approach and machine learning (ML) techniques (e.g., 

decision tree and unsupervised/supervised classification). A detailed description of this approach 

was later presented by Spruce et al., (2014). Both studies reported moderate to high overall 

accuracies (OAs) in the land cover classification process (83 to 91%).  

Significant improvements in LCLUC assessment have been reported when integrating 

ML with hierarchical classification strategies and object-based image analysis (Mao et al., 2020; 

Muñoz et al., 2019). However, deep convolutional neural networks (CNNs) outperform 

traditional (shallow) ML approaches (e.g., random forest, support vector machine and decision 

tree) in a variety of applications including object detection, segmentation and spatial structure 

pattern analyses (Jiang, 2020; Mahdianpari et al., 2018). CNNs are state-of-the-art machine 

learning techniques that use a deep architecture characterized by multiple layers, non-linear 
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functions and parameter-sharing that allow for optimal feature learning at low-, mid- and high- 

levels of abstraction (i.e., edges, object parts and patterns). Thus, CNNs achieve high 

performances in image recognition and classification tasks (Carranza-García et al., 2019; Li et al., 

2018). Furthermore, integrating CNNs and geo-spatial data fusion (DF) of multi-source and 

multi-sensor data can improve complex land cover classification in urban and natural (wetland) 

landscapes.  

Chen et al., (2017) proposed deep CNNs and DF of multi- hyperspectral imagery (HSI) 

and light detection and ranging (LiDAR) data for accurate classification of urban landscapes. The 

authors developed a feature fusion framework consisting of a bi-branch CNN architecture that 

extracts spatial-spectral features from HSI and spatial-elevation features from LiDAR data. More 

advanced CNN & DF frameworks that integrate HSI and LiDAR data with very high-resolution 

imagery (VHI) were evaluated in the 2018 IEEE GRSS Data Fusion Contest (Xu et al., 2019). 

The contest winner team proposed a fully connected convolutional network (Fusion-FCN) that 

reduces the risk of spatial information loss and improves the classification accuracy via post-

classification processing. The Fusion-FCN approach consists of three branches that extract 

features from VHI+LiDAR intensity, LiDAR-derived digital surface maps and HSI, separately. 

Recently, Feng et al., (2019) proposed a novel alternative for DF of multi-source HSI and LiDAR 

data based on “Squeeze-and-Excitation Networks” (Hu et al., 2018). The alternative consists in 

an adaptive feature-fusion approach that evaluates the importance or contribution of each feature 

to the final classification task (i.e., feature weights), and thereby fusing multi-source features in a 

more intelligent fashion than the two CNN architectures aforementioned. Regarding natural 

landscapes, Pouliot et al., (2019) performed an assessment of CNNs for wetland mapping using 

Landsat imagery. The authors developed a Multi-Size/Scale ResNet Ensemble approach and 

evaluated wetland detection accuracy at different sampling spatial extents (e.g., local, and 
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regional level), since spectral characteristics might vary over large study areas. The CNN & DF 

frameworks described above were used for short-term land cover classification (e.g., up to 3 

years) and proved the benefits of DF in complex urban and wetland classification.  

Despite those efforts, research to date has not yet determined a suitable framework for 

long-term studies. This study therefore aims at contributing to this growing area of research by 

developing a land cover classification (LCC) model with a tri-branch CNN architecture and the 

adaptive feature-fusion approach for optimal DF. Moreover, in this study, we attempt for the first 

time a long-term (35-year) analysis that includes the effects of three major drivers, namely 

urbanization, sea level rise, and hurricane impacts. We combine multi-annual imagery and 

generic DEMs for wetland cover change analysis in the Mobile Bay watershed, AL. Specifically, 

we use readily available datasets consisting of (i) satellite-based Landsat imagery, (ii) airborne 

imagery of the National Agriculture Imagery Program (NAIP), and (iii) LiDAR-derived DEMs 

corrected for wetland elevation error (Muñoz et al., 2019). The LCC model is trained with land 

cover maps of the National Land Cover Database (NLCD) (Yang et al., 2018) and validated with 

maps of both the NLCD and the Coastal-Change Analysis Program (C-CAP) (Dobson, 1995). 

Study Area and Material 

Study area 

Mobile Bay is located in southwestern Alabama, U.S. (Fig. 4-1a). In terms of freshwater 

influx, Mobile Bay is the fourth largest estuary in the CONUS with a mean daily freshwater 

discharge of 1715 m3/s (Dzwonkowski et al., 2011). This relatively shallow estuary has a mean 

depth of 3 m and connects the Mobile Bay watershed and the Gulf of Mexico through a narrow 

inlet between Dauphin Island and Fort Morgan Peninsula. Freshwater discharge at the head of the 

estuary comes from the Tensaw River and Mobile River, which conveys ~95% of the freshwater 
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inflow to the bay (Schroeder, 1978). The Mobile Bay watershed has a surface area of ~2261 km2 

and comprises Bon Secour Bay (southeast) and the Gaillard Island (northwest) created with 

dredged material in 1979. In addition, Weeks Bay located upstream of Bon Secour Bay is a 

tributary estuary of Mobile Bay that has been designated as National Estuarine Research Reserve. 

Figure 4-1. Map of Mobile Bay, AL. (a) Mobile Bay watershed and county borders between 

Mobile (west) and Baldwin (east) counties, and (b) Hurricane best tracks denote 6-hour intervals 

and landfall close to Alabama State in the past four decades. 

Data availability 

The LCC model processes two imagery datasets of moderate (30 m) to very high (0.5 to 1 

m) spatial resolution and LiDAR-derived DEMs of high spatial resolution (3 m) (Table 4-1). The

first dataset consists of Landsat Analysis Ready Data (ARD) available at the Earth Explorer 

website (https://earthexplorer.usgs.gov). This dataset contains scenes (path 21, row 38) collected 
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around the growing (leaf-on) and hurricane seasons (June to November). We selected (single) 

annual Landsat ARD scenes with cloud cover and shadow less than 20% and close to hurricane 

landfall dates. Although time series analysis with several scenes of the same year may improve 

the accuracy of the LCC model, such an analysis is not always possible due to cloud formation 

during the hurricane season. 

Landsat ARD scenes are already corrected for atmospheric attenuation including 

scattering and absorption effects (Dwyer et al., 2018), which can substantially lower the accuracy 

of classification tasks (Phiri et al., 2018). Consequently, we will not conduct analyses with 

Landsat scenes in the period 1974 – 1983 as they are not corrected for atmospheric attenuation. 

The second dataset consists of airborne NAIP imagery from the United States Department of 

Agriculture (USDA) archive (https://nrcs.app.box.com/v/gateway) and collected from 2006 to 

2019 over Mobile and Baldwin counties during leaf-on conditions (or growing season). Both 

imagery datasets are selected for this study as they complement each other in terms of temporal 

and spatial resolution. Landsat has a revisit time of 15 days, whereas NAIP provides imagery 

with a frequency of 2 to 5 years. Moreover, NAIP imagery is not often explored in deep learning 

(DL) applications despite its potential for very high spatial resolution mapping and land cover 

classification (Maxwell et al., 2017). 

The third dataset consists of generic DEMs created with the most updated LiDAR-derived 

DEM of the Northern Gulf of Mexico (NGOM), which can be obtained from the NOAA's Data 

Access Viewer website (https://coast.noaa.gov/dataviewer/#). The NGOM DEM consists of 

multi-source topographic and bathymetric elevation data (topobathy) including LiDAR point 

clouds, hydrographic, multi-beam and side-scan sonar surveys collected from 1888 to 2013. The 

generic DEMs are referenced with respect to the North American Vertical Datum 1988 

(NAVD88) and corrected for wetland elevation error as further described in Section III-A. In 
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addition to those datasets, the LCC model is trained with land cover maps of the NLCD 

(https://www.mrlc.gov/data) and validated with maps of both the NLCD and C-CAP archives 

(https://coast.noaa.gov/digitalcoast/tools/lca.html). The NLCD is a multi-temporal database of the 

conterminous United States that consists in a comprehensive data analysis of Landsat imagery 

and ancillary datasets with image segmentation, decision tree classification techniques, and a 

post-classification refinement process (Yang et al., 2018). The C-CAP monitors changes of 

coastal intertidal areas, wetlands, and adjacent uplands based on automated classification of high 

resolution NAIP imagery, available LiDAR digital elevation data, and assorted ancillary 

information. C-CAP produces LCLUC products for coastal regions of the United States every 

five years. 

Table 4-1. Selected datasets to train and validate the land cover Classification (LCC) model. 

Dataset 
Resolution 

[m] 
Time frame Bands 

Landsat (ARD) 30 1984 to 2019 Red, green, and near infrared 

NAIP 0.50 and 1 
2006, 2009, 2011, 

2013, 2017 and 2019 
Red, green, and blue 

LiDAR-derived DEM 3 1988 - 2013 

Single band 
C-CAP 30 

1996, 2001, 2006, 

2010, 2015 and 2016 

NLCD 30 
1992, 2001, 2004, 2006, 

2008, 2011, 2013 and 2016 

Methodology 

Wetland elevation correction and generic DEMs 

Several studies have reported that LiDAR-derived DEMs contain surface elevation errors 

(i.e., vertical bias) in coastal wetlands (Hladik and Alber, 2012; McClure et al., 2015; Rogers et 
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al., 2016), especially in salt marsh species where overestimation of true elevation can be as high 

as 0.65 m (Medeiros et al., 2015). Similarly, Muñoz et al., (2019) reported an overestimation of 

salt marsh elevation (e.g., emergent herbaceous wetlands) up to 0.50 m in Weeks Bay of the 

NGOM DEM. The authors estimated vertical bias with a ‘DEM-correction’ tool that automates 

the elevation correction process based on the spatial distribution of emergent herbaceous 

wetlands from C-CAP, NLCD and updated wetland maps. Specifically, the tool modifies an 

existing DEM through linear elevation adjustment and site-specific parameters (Alizad et al., 

2018) and was validated with publicly available real-time kinematic elevation data. Furthermore, 

the DEM-correction tool was used in other studies for an accurate representation of wetland 

elevation, which in turn improved the accuracy of compound flooding and velocity maps from 

hydrodynamic simulations (Muñoz et al., 2020a). The DEM-correction tool is used to create 

generic DEMs for Mobile Bay watershed based on the existing NGOM DEM along with eight 

available NLCD and C-CAP maps (Table 4-1). Since C-CAP maps offer a detailed land cover 

classification with multiple categories (Dobson, 1995), we reclassify and match these categories 

to the land cover classes established in the NLCD (Cowardin, 1979; Yang et al., 2018). 

Specifically, we group ‘palustrine’ and ‘estuarine’ wetland categories (C-CAP) into ‘woody’ or 

‘emergent herbaceous’ wetlands (NLCD) based on the classification criteria of both maps 

(Klemas et al., 1993). Subsequently, we use the DEM-correction tool to address vertical bias in 

emergent herbaceous wetlands and produce eight generic DEMs with corrected elevation features 

within these wetlands. Although the remaining land cover classes might have considerably 

changed through time; and thereby requiring similar alternatives for elevation correction, we 

show that spatial-spectral features of multi-annual Landsat/NAIP imagery help overcome 

misclassification errors associated with misleading elevation features of the generic DEMs (see 

Section III-B-2 for details). Since we are particularly interested in changes of wetland 
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distribution, the resulting generic DEMs can be seen as a proxy of historical wetland elevation 

maps that are often scarce. Table 4-2 summarizes the generic DEMs and presents DF alternatives 

based on available datasets. 

Table 4-2. Generic DEMs created with the DEM-correction tool along with C-CAP and NLCD 

maps. Dataset combinations with/out generic DEMs indicate data fusion alternatives. 

Land cover map Time frame Dataset combination 

n/a 

(without DEM) 

1984, 1986, 1988, 1989, 1993, 1994, 

1995, 1997, 1998, 1999, 2002, 2005, 

2007, 2014 and 2018 

ARD 

2009, 2017 and 2019 ARD + NAIP 

C-CAP 1996, 2010 and 2015 ARD + DEM 

NLCD 
1992, 2001, 2004, 2008 and 2016 ARD + DEM 

2006, 2011 and 2013 ARD + NAIP + DEM 

Land cover classification (LCC) model 

Data pre-processing 

We conducted a correlation analysis between the multispectral bands from Landsat ARD 

imagery to select optical bands with the least redundant information for model training and fine-

tuning of the CNN architecture. The band selection technique was used in similar studies for 

complex land cover and wetland classification with satisfactory results in model learning 

optimization, computation burden and/or graphics-processing-unit (GPU) memory usage 

reduction (Mahdianpari et al., 2018; Rezaee et al., 2018). In particular, we used the ‘band 

collection statistics’ tool in ArcGIS and found the highest average band correlation between the 

blue and red bands (0.91). Therefore, we considered the nir, red and green bands of Landsat ARD 

imagery and the red, green, and blue bands of NAIP imagery in the CNN & DF framework (Fig. 

4-2). 
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Since the coarser resolution of C-CAP and NLCD maps is 30 m, the LCC model may be 

trained with ‘patch’ images of 30x30 m for pixel-based validation. However, DL models that are 

trained with a pixel-based approach cannot learn contextual information from local spatial 

features of neighboring pixels (Carranza-García et al., 2019; Chen et al., 2017). Moreover, data 

segmentation and the whole learning process could be computationally expensive. Therefore, we 

first resampled all datasets to a pixel resolution of 5 m with the ‘nearest neighbor’ method and 

then rescaled data values to a range of 0 and 1. Although a higher pixel resolution (e.g., 1 m) 

would contain detailed spatial-spectral information of NAIP imagery, there is always a trade-off 

between accuracy and computation burden in land cover classification at large scale. Likewise, 

we opted for a patch-based (instead of a pixel-based) approach centered on a single pixel to train 

and validate the model. This approach relies on the first law of geography where neighboring 

pixels are likely to belong to the land cover class of the central pixel (Tobler, 1970). As a result, 

the LCC model assigns a unique class label for all pixels inside a given patch image. 
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Figure 4-2. Land cover classification (LCC) model based on convolutional neural networks 

(CNN) and multi-source data fusion (DF). The model consists of a tri-branch CNN with two-

dimensional (2D) convolution (Conv), rectified linear unit (ReLU) and average (Avg) pooling 

operations. Avg2D pooling layers are merged into a single layer through pointwise addition (+), 

whereas the adaptive feature-fusion module is implemented for optimal DF. Feature weights are 

assigned to the Avg2D pooling layers through the pointwise product (X), and subsequently 



121 

concatenated (C) and flatten. Land cover classification is ultimately conducted with a fully 

connected layer, dropout and ‘Softmax’ function. 

Furthermore, the size of patch images (i.e., ‘h x w’ shown in Fig. 4-2) plays a key role in 

classification accuracy and depends on the resolution and size of the input datasets (Chen et al., 

2017; Guidici and Clark, 2017), as well as the size of target objects (e.g., salt marsh platforms, 

mangrove ponds, crop parcels, etc.). In general, oversized patches add more noise than local 

information, lead to under-segmentation problems and reduce OAs regardless of the CNN 

architecture (Carranza-García et al., 2019; Feng et al., 2019; Pouliot et al., 2019). We conducted 

trial-and-error tests with randomly generated patch sizes ranging from 10 and 50 pixels and found 

that the optimal patch size and shape that prevents overfitting and under-segmentation is a square 

patch of 30x30 pixels. Similarly, other studies reported an identical patch size and shape for 

complex land cover and wetland mapping (Mahdianpari et al., 2018; Rezaee et al., 2018). 

Convolutional neural network and multi-source data fusion 

The LCC model uses a CNN & DF framework resembling the Fusion-FCN architecture 

presented in the 2018 IEEE GRSS Data Fusion Contest (Xu et al., 2019) and the adaptive feature-

fusion approach (Feng et al., 2019). The framework is developed in TensorFlow 

(www.tensorflow.org) and consists of a tri-branch CNN architecture that processes Landsat, 

LiDAR-derived DEM and NAIP datasets simultaneously (Fig. 4-2). The left and right branches 

process patch images of three spectral bands from Landsat (nir, red and green) and NAIP (red, 

green, and blue) datasets, respectively, while the middle branch extracts spatial-elevation features 

from LiDAR-derived DEM data of single bands. Along each branch, three sets of two-

dimensional (2D) convolution (Conv), rectified linear unit (ReLU) and average (Avg) pooling 

operators extract feature information from patch images of 30x30 pixels at low, mid-, and high- 



122 

levels of abstraction. We set two kernel sizes of 3x3 and 2x2 for Conv2D and Avg2D pooling 

operations, respectively, and use ‘same’ (zero) padding at the boundaries to preserve the input 

shape (h x w) of patch images. In addition, we add batch normalization layers at the beginning of 

each branch and after each Conv2D layer to accelerate the learning process (Ioffe and Szegedy, 

2015), lower the ‘dropout’ rate and control overfitting (Carranza-García et al., 2019). Moreover, 

model weights of all sets of layers (e.g., kernel and bias) are randomly initialized using a ‘glorot 

uniform’ scheme and zero-values, respectively, to achieve a higher model convergence (Glorot 

and Bengio, 2010). We then merge the resulting Avg2D pooling layers into a single layer through 

pointwise addition, and hence benefit from multi-scale properties along each branch. Since CNN 

architectures are flexible in terms of the number of layers and kernel sizes, we previously 

evaluated the layer sets in the CNN & DF framework (see Section IV-A for details). 

Next to that, we integrate the adaptive feature-fusion approach (Feng et al., 2019) in the 

CNN architecture. The approach requires a 2D global average pooling layer (Gap2D), two fully 

connected (FC) layers and a ‘Sigmoid’ function. A detailed description of those layers is 

presented in the appendix (Table A-4-1). The resulting output tensor contains the global 

contribution of each input layer to the land cover classification task (i.e., feature weights). These 

weights are subsequently assigned to the input layers of each branch through the pointwise 

product (or scalar multiplication), and the three weighted layers are concatenated and flatten for 

optimal DF as shown in Fig. 4-2. As the final step, we add a FC layer with dropout rate set to 0.2 

and a ‘Softmax’ function for final land cover classification. The dropout method inactivates a 

given percentage of neurons to prevent complex co-adaptations in CNNs and helps prevent 

overfitting (Chen et al., 2017; Hinton et al., 2012). We transform the 15 land cover classes 

originally established in the Mobile Bay watershed (NLCD, 2016) into 7 generalized categories 

to avoid unnecessary specificity given the ultimate goal of our study. In that regard, similar 
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wetland cover change studies used a more general classification scheme to improve LCLUC 

interpretability (Ellis et al., 2011; Pouliot et al., 2019; Spruce et al., 2014). 

Model training and validation 

The CNN & DF framework is trained and validated in two steps: (i) pre-training the tri-

branch CNN architecture before the adaptive feature-fusion approach and (ii) fine-tuning the 

entire CNN architecture with single, double and triple datasets depending on data availability. 

The first step consists in training each branch independently by leveraging all available validation 

maps per dataset and then saving model weights of each set of layers (e.g., kernel and bias) for 

further use in the CNN & DF network. For instance, the left branch (Landsat imagery) counts 

with eight NLCD and three C-CAP maps that can effectively be used to train and validate the 

LCC model (Table 4-2). Similarly, the middle branch can leverage those eleven maps for DEM 

generation accordingly (see Section III-A). Note that the left branch can process nine NAIP 

imagery datasets (Table 4-1), but there are only three existing land cover maps readily available 

for training and validation purposes.  

Before training the model, we compute the class weights of each land cover class to deal 

with unbalanced data and use a sample size of 25% of the input datasets. We then randomly 

separate training (80%) and validation (20%) datasets and ensure reproducibility with a fixed 

seed value. The LCC model uses the stochastic gradient descent algorithm (SGD) with 

exponential decay and the sparse categorical cross-entropy loss as the model optimizer and loss 

function, respectively. The model is trained with 100 epochs and ‘early stopping’ set to 10 

epochs to avoid overfitting. In addition, we set an initial learning rate of 0.01 and 0.001 for 

imagery and DEM datasets, respectively. The learning rate and number of training epochs are 

selected from trial-and-error tests with randomly selected values ranging from 50 to 200 and 
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0.0001 to 0.1, respectively, whereas the remaining parameter-values are based on similar CNN 

model settings reported in recent literature (Carranza-García et al., 2019; Chen et al., 2017; 

Mahdianpari et al., 2018; Rezaee et al., 2018). 

In the second step, we integrate the pre-trained branches with the adaptive feature-fusion 

approach according to the DF alternatives presented in Table 4-2. In that sense, the model can 

adaptively identify land cover classes in absence of Landsat ARD, NAIP or DEM data, or 

alternatively, incorporate other datasets (if available) under additional branches. We conduct fine-

tuning of the entire CNN architecture with an initial learning rate of 0.001 and identical model 

setting, and parameter-values as previously described. The model weights obtained from fine-

tuning are then saved along with those of the set of layers. Specifically, we use the model weights 

in the CNN & DF framework to generate land cover maps with input datasets that lack NLCD 

and C-CAP maps or validation data. In other words, the framework leverages pre-trained model 

weights of multi-annual data to accurately identify land cover classes with unused Landsat ARD, 

NAIP or generic DEM datasets.  

The LCC model is validated with selected patch images of 30x30 pixels (see Section III-

B-1 for details) obtained from NLCD and C-CAP maps around the Mobile Bay watershed. 

Particularly, we ensure that patch images representing woody and emergent herbaceous wetlands 

match the NAIP imagery of very high spatial resolution. Moreover, we allow the patch images to 

contain less than 90 pixels (or <10%) of other land cover classes (e.g., open water, forest, 

developed areas, etc.) in an attempt to control misclassification errors arising from patches 

centered at the edge of two or more classes. The latter also augments the number of patches per 

land cover class and indirectly helps mitigate unbalanced class problems. The resulting land 

cover maps have a spatial resolution of 30x30 m by setting an overlap of 6 pixels in x- and y-

direction (i.e., strides) for all patches of ARD, NAIP and DEM datasets. We ultimately 
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implement post-classification processing to ensure correct mapping of small streams and river 

branches often misclassified as wetlands. Also, we ensure that transport infrastructure (e.g., 

highways and second-order roads) are correctly delineated in the land cover maps. 

Wetland cover change analysis 

For this analysis, we define urbanization, SLR and hurricane impacts to any gain or loss 

of developed, open water and remaining land cover class areas, respectively, with respect to 

existing wetland cover areas. We analyze their effects on wetland cover change using a total 

wetland distribution expression (1). = + +      (1) 

where Tw is total wetland balance (i.e., gain or loss) in km2, U, S and C are wetland net gains or 

losses attributed to urbanization (developed class), SLR (open water class) and the remaining 

land cover classes, respectively.  

The overall effect of hurricane impact on coastal wetlands is implicit in the variables S 

and C as strong winds, high storm-surges or torrential rainfalls cause severe wetland and 

shoreline erosion, denude marshes, create ponds and deposit sediments in the interior of marshes 

(Morton and Barras, 2011). A detailed analysis of hurricane effects on wetland coverage within 

those two variables is beyond the scope of this study. We use land cover maps generated with the 

CNN & DF framework and geo-spatial analysis to compute (1). The effect of urbanization on 

wetland cover change (loss/gain) can be estimated by identifying wetland areas altered to/from 

developed areas in the given 5-year interval. The difference between wetland gain and loss is the 

net residual attributed to urbanization (U). Since the developed class consists of various 

categories (e.g., open space, low, medium and high intensity areas), we may obtain a wetland 

gain in developed areas; especially in open space areas that are suitable for upland wetland 
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migration (Feagin et al., 2010; Schieder et al., 2018). For a detailed description of land cover 

classes, the reader is referred to the 2016 NLCD classification system and legend (NLCD, 2016). 

Similarly, the effects of SLR on wetland coverage can be estimated with an identical analysis 

with the open water class of NLCD and C-CAP maps. For simplicity, we assume that net 

residuals obtained from open water class (S) involve complex processes such as salinization, 

sediment deposition and nutrient availability that directly affect wetland biomass productivity, 

and thus wetland dynamics (Alizad et al., 2016; Kirwan et al., 2016; Schile et al., 2014). The last 

variable (C) can be computed following the geo-spatial analysis described above for the 

remaining land cover classes. 

Table 4-3. Accuracy assessment of data fusion alternatives for multi-annual (2006, 2011 and 

2013) land cover classification. 

Dataset 
Overall Accuracy 

(%) 
Cohen’s kappa 

(%) 
f1-score (macro) 

(%) 

Landsat (ARD) 85.36 82.51 83.25 

NAIP 74.56 69.55 72.12 

LiDAR-derived DEM 73.90 68.31 56.70 

ARD + NAIP 87.88 85.53 85.76 

ARD + DEM 89.83 87.82 85.69 

NAIP + DEM 89.48 87.42 86.49 

ARD + NAIP + DEM 93.24 91.93 92.01 

Results 

Model performance and accuracy assessment 

We evaluate model performance and compare the benefits of DF alternatives in terms of 

OA, f1-score (macro-average and per-class) Cohen’s kappa coefficient and confusion matrix. We 

did not find any significant improvement of OAs and f1-scores when including additional 
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Conv2D and Avg2D pooling layers in the CNN & DF framework, but rather observed an 

increase of computational burden and time. Likewise, we evaluated both kernel sizes as well as 

the number of kernel filters after each Conv2D+ReLU operation. There was no improvement of 

OAs and f1-scores with kernel filters beyond 64 and kernel sizes larger than 3x3. We select three 

years that contain all input datasets and validation maps readily available (e.g., 2006, 2011 and 

2013) and compute evaluation metrics with a sample size of 25% per dataset as described in 

Section III-B-3. The highest accuracies are achieved when the three datasets are fused together as 

indicated in Table 4-3.   

Fusing either Landsat ARD or NAIP imagery with generic DEM data leads to similar 

accuracies with a slightly better model performance of ARD + DEM. Although ARD has a 

coarser spatial resolution than NAIP (i.e., five times factor), spatial-elevation features from the 

generic DEMs help overcome the spatial resolution difference between these imagery datasets. 

This is also noticeable when comparing the former DF alternatives against ARD + NAIP, which 

shows a reduction of ~2% of OA and Cohen’s kappa. The generic DEMs provide a correct 

representation of historic emergent herbaceous wetland distribution and elevation using the 

NGOM DEM regardless of the other land cover classes. Nevertheless, fusing both spatial-

elevation with spatial-spectral features helps improve OAs of ARD and NAIP imagery in ~5% 

and ~15%, respectively. When comparing the evaluation metrics of each dataset in isolation, 

ARD outperforms NAIP despite the coarser spatial resolution. This in turn reveals that the band 

selection technique (see Section III-B-1) among optical bands of Landsat ARD improves model 

performance by more than 10% when compared to NAIP datasets. Besides, ARD dataset in 

isolation achieves similar accuracies compared to previously proposed geospatial LCLUC 

methods for Mobile Bay (Spruce et al., 2014). DEM data in isolation reaches similar accuracies 

than NAIP, but f1-score (macro-average) metric shows a reduction of ~15%. 
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In addition, we compute model performance with respect to each land cover class based 

on the f1-score (per class) metric (Fig. 4-3). Overall, the highest f1-score per land cover class is 

achieved when the three datasets are fused in the CNN & DF framework, whereas the lowest 

score is observed with DEM datasets in isolation. Moreover, other DF alternatives lead to high 

accuracies especially between wetland classes. The highest f1-scores among the land cover 

classes are observed in woody (90.43%) and emergent herbaceous wetlands (99.37%) with ARD 

+ NAIP + DEM. These scores are closely followed by ARD + DEM with a difference of ~1%. 

Note that ARD achieves moderate to high accuracies for woody (74.28%) and emergent 

herbaceous wetlands (93.42%) as compared to NAIP and DEM in isolation. The latter suggests 

that the LCC model can still achieve reasonable accuracies between wetlands classes in absence 

of NAIP and generic DEM datasets (Table 4-2). 

Figure 4-3. Comparison of land cover classification accuracies (f1-score per class) between 

datasets with/out data fusion (DF) alternatives (years 2006, 2011 and 2013). Fusing Landsat 

ARD, NAIP and generic DEM data (black bars) lead to the highest f1-score for all land cover 

classes and among the DF alternatives. ARD dataset (yellow bar) achieves the highest f1-scores 
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with respect to the other datasets in isolation (red and blue bars). Note that DEM dataset (red bar) 

cannot identify developed and grass/barren land classes which in turn highlights the importance 

of accounting for spatial-spectral properties derived from either satellite or airborne imagery. 

Regarding the other land cover classes, the model achieves moderate to very high f1-

scores for open water (89.69 and 99.75%) and moderate to high scores for pasture/crops (74.20 

and 94.26%) with/out DF alternatives, respectively. Shrub/forests exhibit a lower f1-score 

(65.14%) than the previous land cover classes, but this score improves by more than 13% when 

using DF alternatives. Similarly, the model achieves moderate f1-scores for developed (86.56%) 

and grass/barren land (86.76%) when the three datasets are fused in the CNN & DF framework. 

However, note that DEM dataset in isolation cannot identify those two land cover classes which 

is likely attributed to a broad range of elevation features (i.e., heights) especially in developed 

areas as reported in urban land cover classification studies (Feng et al., 2019; Xu et al., 2019). 

Specifically, we noticed that more than 80% of developed and grass/barren samples are 

incorrectly classified as shrub/forest and woody wetlands. Nevertheless, ARD and NAIP either in 

isolation or fused with DEM data help improve f1-scores by more than 60%. 

Next to OAs and f1-scores, we compute confusion matrices of the datasets with/out DF 

alternatives and analyze misclassification errors of the CNN & DF framework. Particularly, we 

show the confusion matrix of ARD+NAIP+DEM with both producer’s and user’s accuracies at 

the bottom and right panels (Table A-4-2 in the appendix). Overall, both producer’s and user’s 

accuracies are above 80% suggesting that the number of patch images (samples) omitted and 

erroneously included in a given land cover class are relatively small compared to the multi-

annual sample size (e.g., 2006, 2001 and 2013). Analyses per wetland class reveal that both 

accuracies are even higher than most of the other land cover classes with almost a perfect score 
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for emergent herbaceous wetlands (e.g., producer’s acc.: 99.64% and user’s acc.: 99.10%). 

Woody wetlands are classified with moderate (87.72%) and high accuracies (93.32%), but 

misclassification errors are particularly observed in shrub/forest classes due to similar spectral 

and elevation features. Specifically, 85 shrub/forest patch images are omitted from woody 

wetland class (omission error) whereas 40 shrub/forest patch images are erroneously classified as 

woody wetlands (commission error). 

Model performance and accuracy assessment 

We generate 29 land cover maps of the Mobile Bay watershed (Fig. 4-4a) and conduct 

geo-spatial analyses with annual, 5-year interval and long-term data (1984 – 2019). As an 

illustration, wetland cover change between 1984 and 2019 (Fig. 4-4b) is presented with three 

nomenclature levels to map gain, loss and ‘no change’ areas. Note that woody wetland coverage 

has expanded more in Baldwin than Mobile County and remained without change in the 

surrounding areas of Bon Secour Bay and Weeks Bay. Likewise, emergent wetland loss is 

evident along the shoreline of Baldwin County whereas no major change of wetland coverage is 

observed near to Fort Morgan. Estimates of wetland area including percentage changes in Mobile 

Bay watershed (Table 4-4) reveal an increase of woody wetlands (37.73%) and a reduction of 

emergent herbaceous wetlands (29.22%) between 1984 and 2019. Woody and emergent 

herbaceous wetlands have a net gain of 66.58 km2 and loss of 13.01 km2, respectively. 

Nevertheless, annual wetland areas exhibit sharp fluctuations regardless of the wetland class as 

these estimates depend on dataset time acquisition along with physical factors driving those 

fluctuations. Estimates of wetland cover change in a 5-year interval (Fig. 4-5) point out three 

major wetland losses in the period 1994 – 1998 (47.68 km2), 2005 – 2009 (56.01 km2) and 2010 

– 2014 (45.75 km2) and two major gains in the period 1989 – 1993 (89.89 km2) and 2015 – 2019
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(115.91 km2). The latter is mainly attributed to urban development, SLR and hurricane impacts 

on wetland coverage as discussed in the next section. 

Table 4-4. Wetland cover estimates in Mobile Bay watershed for selected years in km2. 

Percentage changes relative to 1984 are shown in parentheses. 

Wetland class 
1984 1989 1994 1999 2004 2009 2014 2019 

[km2] 

Woody 176.48 
125.47 

(-28.90) 

219.89 

(24.60) 

230.55 

(30.64) 

224.60 

(27.27) 

46.47 

(-73.67) 

185.13 

(4.90) 

243.06 

(37.73) 

Emergent 

herbaceous 
44.52 

83.33 

(87.18) 

64.14 

(44.08) 

44.07 

(-1.01) 

45.96 

(3.25) 

62.19 

(39.70) 

45.90 

(3.10) 

31.51 

(-29.22) 

Total wetlands 220.99 
208.80 

(-5.52) 

284.03 

(28.52) 

274.62 

(24.26) 

270.56 

(22.43) 

108.66 

(-50.83) 

231.03 

(4.54) 

274.57 

(24.24) 

Effects of urbanization, SLR and hurricane impacts on wetland cover change 

Results of total wetland balance in Mobile Bay watershed are shown for 5-year intervals 

and long-term (Fig. 4-5 and Table 4-5). Likewise, Fig. 4-6a shows hurricane landfall dates and 

linear trends of developed class (urbanization) and open water class (SLR) to better visualize the 

effects of these drivers on wetland dynamics. In the first interval (1984 – 1988), Hurricane Elena 

(Sep/1985) affected Mobile Bay causing structural damage in houses with strong winds (~201 

km/h) and a peak storm-surge (~1 m relative to NAVD88) recorded in Dauphin Island (NOAA 

station ID: 8735180). Urbanization and SLR did not lead to wetland loss in contrast to the 

remaining land cover classes (Table 4-5). We estimate a net gain of 4.08 km2 in emergent 

herbaceous wetlands despite the strong winds of Hurricane Elena. In the second interval, the state 

of Alabama did not report major hurricanes and urban development did not alter natural wetland 

expansion. However, note that open water areas (as a proxy of rising sea levels) reduced wetland 

gain compared to the previous interval. In fact, Fig. 4-6a shows that the mean sea level (MSL) 
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within the second interval (1989 – 1983) is ~4 cm higher than the previous years (NOAA, 2020). 

Nonetheless, we estimate a net gain of 89.89 km2 attributed to woody wetland expansion (Fig. 4-

5). 

Figure 4-4.  Land cover map and wetland cover change analysis in Mobile Bay watershed, AL. 

(a) Land cover map of 2019 derived from the CNN & DF framework, and (b) long-term wetland 

cover change with respect to 1984 classified into wetland gain (green color scale), loss (red color 

scale) and no change (blue color scale). Total wetland gain for the period 1984 – 2019 exceeds 

wetland losses and accounts for 53.57 km2. 

The third interval comprises Hurricane Opal (Oct/1995), Danny (Jul/1997) and Georges 

(Sep/1998) which generated a peak storm-surge at Dauphin Island (~1.10 m), torrential rainfalls 

in Mobile and Baldwin counties (~930 mm) and a peak storm-surge at Fort Morgan (~3.60 m), 

respectively (NOAA-NHC, 2020). Wetland loss as a result of urbanization, SLR and ‘other land 
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cover classes’ (i.e., variable C in (1)) is apparent in this interval. We estimate that the compound 

effect of these drivers on wetland coverage led to a net loss of 47.68 km2; particularly in woody 

wetlands that mostly became other land cover classes (Table 4-5). The next interval (1999 – 

2004) comprises Hurricane Ivan (Sep/2004) that made landfall in Alabama and caused a peak 

storm-surge at Dauphin Island (~1.98 m). Wetland loss in this interval is attributed to SLR and 

other land cover classes despite a wetland gain in developed areas (e.g., upland wetland migration 

over ‘open space’ areas). We estimate a net loss of 4.05 km2 attributed to woody wetland 

expansion. 

Figure 4-5. Wetland cover change [km2] in Mobile Bay watershed, AL for 5-year intervals and 

long term (1984 – 2019). Wetland gain (green color scale) and loss (red color scale) estimates are 

computed for woody and emergent herbaceous wetlands separately. Total wetland (net) gain or 

loss is shown with light-gray bars. 

The fifth interval comprises Hurricane Katrina (Aug/2005) considered one of the most 

damaging and costliest hurricanes that hit the Gulf of Mexico. Although Katrina made landfall at 

~100 km from Mobile Bay, the bay was exposed to a peak storm-surge (~1.79 m) and strong 
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winds (~100 km/h) measured in Dauphin Island. In this interval, wetland loss as a result of 

urbanization and other land cover classes exceeds wetland gain in open water areas. We estimate 

a net loss of 56.01 km2 in both woody and emergent herbaceous wetlands. Note that this is the 

largest net loss in the Mobile Bay watershed since 1984 (Fig. 4-5). Urbanization, SLR and other 

land cover classes caused wetland losses simultaneously in the next interval (2010 – 2014). 

Although this interval lacks hurricane threats, we estimate a net loss of 45.75 km2 in woody 

wetlands with urbanization being the primary driver of wetland loss (Table 4-5). This net loss is 

comparable to the wetland losses estimated for Hurricane Opal, Danny, and Georges (second 

interval) and Hurricane Katrina (fifth interval). The last interval (2015 – 2019) comprises 

Hurricane Nate (Oct/2017) which caused a peak storm-surges measured at Dauphin Island (~1.21 

m) and urban flooding in downtown Mobile. Urbanization and SLR did not alter wetland

expansion over developed and open water areas, respectively. We estimate a net gain of 115.91 

km2 in both woody and emergent wetlands; primarily attributed to wetland migration towards 

upland areas (Table 4-5). 

Table 4-5. Wetland loss/gain estimates attributed to urban development (U), sea level rise (S) and 

hurricane impacts (implicit in S and C) in 5-year intervals and long-term (1984 – 2019). Net 

residuals are shown in parentheses. 

Intervals 
Urbanization 

(U) 

SLR 

(S) 

Other land 

cover classes 
(C) 

Total wetland 

balance 
(Tw) 

1984 – 1988 
-15.34/18.08 

(2.74) 

-1.11/3.07 

(1.95) 

-73.47/72.86 

(-0.61) 

-89.92/94.01 

(4.08) 

1989 – 1993 
-12.87/21.29 

(8.42) 

-3.67/4.07 

(0.40) 

-63.59/144.66 

(81.07) 

-80.13/170.02 

(89.89) 

1994 – 1988 -25.28/12.32 -3.89/3.10 -89.60/55.67 -118.77/71.09 
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(-12.95) (-0.79) (-33.94) (-47.68) 

1999 – 2004 
-14.62/30.54 

(15.92) 

-3.99/3.32 

(-0.67) 

-102.82/83.52 

(-19.30) 

-121.43/117.38 

(-4.05) 

2005 – 2009 
-33.19/10.13 

(-23.06) 

-1.01/2.60 

(1.59) 

-75.48/40.93 

(-34.54) 

-109.68/53.66 

(-56.01) 

2010 – 2014 
-33.57/7.82 

(-25.75) 

-5.92/1.34 

(-4.58) 

-111.22/95.8 

(-15.42) 

-150.71/104.96 

(-45.75) 

2015 – 2019 
-10.69/12.58 

(1.89) 

-0.89/2.69 

(1.80) 

-44.58/156.80 

(112.22) 

-56.16/172.07 

(115.91) 

1984 – 2019 
-26.67/19.71 

(-6.96) 

-4.47/3.53 

(-0.95) 

-62.07/123.54 

(61.48) 

-93.21/146.78 

(53.57) 
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Figure 4-6.  Drivers of wetland dynamics in the Mobile Bay watershed, AL including long-term 

linear trends with 95% confidence intervals. (a) Monthly mean sea level (MSL) without seasonal 

fluctuations measured at Dauphin Island (blue solid line) and positive trend reflect a rise of sea 

level (~0.14 m) between 1984 and 2019. Developed area (red crosses) shows a positive trend 

suggesting urban expansion in the Mobile Bay watershed, whereas the total wetland area (green 

dots) shows a negative trend indicating wetland loss in the past 35 years. (b) Woody (yellow 

triangles) and emergent herbaceous (purple crosses) wetlands show a positive and negative trend, 
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respectively. Note that the long-term trend of emergent wetlands is almost twice as large as that 

of woody wetlands, and thereby resulting in a negative trend of total wetland area. The main 

hurricanes that hit Alabama (gray dashed line) are included to visualize their effects on wetland 

cover change. 

Discussion 

The effects of urbanization, SLR and hurricane impacts on wetland dynamics led to a net 

gain of 53.57 km2 (3.11%) of total wetlands between 1984 and 2019 (Fig. 4-5 and Table 4-5). 

This net gain is attributed to woody wetland expansion of 66.58 km2 (37.73%) that exceeds 

emergent herbaceous wetland loss of 13.01 km2 (29.22%) relative to 1984 (Table 4-4). However, 

Fig. 4-6b shows that the long-term trend of emergent herbaceous wetlands (~ -2488 m2/yr) is 

almost twice the magnitude of that of woody wetlands (~1383 m2/yr). This in turn explains the 

negative trend of total wetland area observed in the 35-year period (Fig. 4-6a). These results are 

in line with the findings of Ellis et al., (2011) as they found a net gain of 16.6 km2 (0.20%) 

attributed to woody wetlands. Note that they conducted geo-spatial analyses in a broader study 

area comprising Mobile and Baldwin counties and with Landsat imagery in the period 1974 – 

2008.  The decline in emergent herbaceous wetlands in the Mobile Bay watershed is also 

consistent with losses observed in nearby regions (O’Donnell and Schalles, 2016; Sapkota and 

White, 2019), and is occurring at a similar rate than that of the world’s wetlands (Gardner and 

Finlayson, 2018).  

These losses have important implications for the highly valuable ecosystem services that 

wetlands provide; namely carbon sequestration and nutrient removal (Costanza et al., 1997). In 

particular, emergent herbaceous wetlands sustain some of the highest rates of carbon 

sequestration due to their high productivity and ability to store organic carbon in the anoxic 
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sediments. Losses of these ecosystems will therefore reduce their ability to sequester carbon and 

result in release of millennial carbon stocks stored in the sediments to the open waters where it 

can be mineralized. Ellis et al., (2011) indicated that urbanization reduced the total wetland extent 

in the vicinity of Mobile Bay by 13.90 km2. Similarly, we estimate that urban development led to 

a net loss of 6.96 km2 relative to 1984 (Table 4-5). Urban development has been expanding in the 

Mobile Bay watershed (Fig. 4-6a) especially in Baldwin county where population growth, as an 

indirect measure of urbanization rate, has increased by 22.5% from 2010 to 2019 (U.S. Census 

Bureau, 2020). The increasing pace of urbanization in the Mobile Bay watershed will limit the 

ability of wetlands to migrate towards upland due to SLR and will reduce their capacity to 

provide the highly valued ecosystem services.  

SLR is likely to accelerate by the end of the 21st century at local and global scales under 

future climate scenarios (Kopp et al., 2014; Palmer et al., 2020). Mean sea level in Mobile Bay 

has been rising at a rate of 3.94 ± 0.58 mm/yr (95% confidence interval) according to monthly 

MSL records (1966 – 2020) at Dauphin Island gauge station (NOAA, 2020). Fig. 4-6a shows an 

increase of ~0.14 m in MSL between 1984 and 2019 which might explain a wetland net loss of 

0.95 km2 into open water (Table 4-5). The open water class is used as a proxy of SLR and 

involves complex processes such as salinization, sediment deposition and nutrient availability. 

Table 4-5 shows that SLR fluctuates over time leading to a wetland loss in most of the intervals. 

Nevertheless, wetland gain over existing open water areas points to the ability of emergent 

herbaceous wetlands to cope with SLR by controlling the overall sediment balance of marsh 

platforms. The conversion of these wetlands to subtidal unvegetated sediments will also 

significantly reduce their nutrient removal capacity (Hinshaw et al., 2017). Nutrients that would 

have otherwise been trapped and removed are instead exported to the nearshore waters where 
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they contribute to eutrophication resulting in hypoxia (Rabalais and Turner, 2019) and blooms of 

harmful algae (Glibert and Burkholder, 2006). 

We argue that hydrodynamic modeling in addition to DL techniques are required to fully 

understand wetland dynamics especially in terms of marsh equilibrium with SLR. Alizad et al., 

(2018) investigated coastal wetland response (i.e., salt marsh and/or emergent herbaceous) to 

SLR with Hydro-MEM model in Weeks Bay, AL. The authors reported a seven-fold increase of 

salt marsh coverage by the end of the 21st century based on an intermediate-low SLR scenario 

(0.50 m). Such an increase was attributed to fluvial sediment inputs and suitable topography in 

Weeks Bay that help the marsh platform to accrete and keep pace with rising sea levels. Although 

our results show a decreasing trend of total wetland area (Fig. 4-6a) and a more frequent 

emergent wetland loss than gain in annual basis and 5-year intervals (Table 4-4 and Fig. 4-5), we 

infer that discrepancies with the results of Alizad et al., (2018) are associated with study area 

extent differences (e.g., Mobile Bay watershed versus Weeks Bay) and the fact that both urban 

development and hurricane impacts were not included in their analysis. In addition, note that the 

long-term trends of total wetland and developed area are based on 29 effective land cover maps 

leading to wide 95% confidence intervals. Nonetheless, our results are in line with those of Ellis 

et al., (2011) as they reported emergent wetland loss in Mobile Bay relative to 1974. 

Conclusions 

We investigate wetland dynamics in Mobile Bay watershed, AL associated with urban 

development, SLR and hurricane impacts between 1984 and 2019. For this purpose, we develop a 

LCC model that leverages state-of-the-art CNNs and DF techniques. The CNN & DF framework 

is aimed at processing readily available satellite-based (Landsat ARD) and airborne (NAIP) 

imagery including generic LiDAR-derived DEMs corrected for wetland elevation correction. The 



140 

model achieves the highest accuracies when ARD, NAIP and DEMs are fused in the CNN & DF 

framework, and also proved suitability for long-term wetland cover change analysis as compared 

to traditional ML and DL models that rely on single input data sources. Furthermore, the CNN & 

DF framework can be adapted to incorporate additional datasets such as radar and hyperspectral 

imagery, and thus reduce misclassification errors among other land cover classes. 

Between 1984 and 2019, wetland cover change analyses reveal an increase of woody 

wetlands and a reduction of emergent herbaceous wetlands resulting in an overall net gain of 

53.57 km2 (3.11%). However, the long-term trend of emergent herbaceous wetlands (~ -2488 

m2/yr) is almost twice as large as that of woody wetlands (~1383 m2/yr), and thereby resulting in 

a negative trend of total wetland coverage (~1106 m2/yr). Estimates of annual wetland coverage 

during leaf-on conditions (i.e., growing season) show sharp fluctuations partly explained by 

imagery acquisition time and the effects of hurricane impact on wetland coverage. The interval 

encompassing Hurricane Katrina (2005 – 2009) led to the largest wetland loss of 56.01 km2 in the 

Mobile Bay watershed since 1984. Conversely, the most recent interval (2014 – 2019) led to the 

largest wetland gain of 115.91 km2; primarily attributed to wetland migration towards upland 

areas. The effects of SLR on wetland coverage are investigated in terms of open water class 

change (i.e., gain or loss from/to wetland classes), which led to a wetland loss in most of the 5-

year intervals and the long-term period (35-year). Integration of DL, hydrodynamic and statistical 

models is recommended for future research in order to fully understand wetland dynamics; 

especially the compound effects of SLR and hurricane impacts. 



 FROM LOCAL TO REGIONAL COMPOUND FLOOD MAPPING WITH DEEP 

LEARNING AND DATA FUSION TECHNIQUES5 

Abstract 

Compound flooding (CF), as a result of oceanic, hydrological, meteorological, and anthropogenic 

drivers, is often studied with hydrodynamic models that combine either successive or concurrent 

processes to simulate inundation dynamics. In recent years, convolutional neural networks 

(CNNs) and data fusion (DF) techniques have emerged as effective alternatives for post-flood 

mapping and supported current efforts of complex physical and dynamical modeling. Yet, those 

techniques have not been explored for large-scale (regional) compound flood mapping. Here, we 

evaluate the performance of a CNN & DF framework for generating CF maps along the southeast 

Atlantic coast of the U.S. as a result of Hurricane Matthew (October 2016). The framework fuses 

multispectral imagery from Landsat analysis ready data (ARD), dual-polarized synthetic aperture 

radar data (SAR), and coastal digital elevation models (DEMs) to produce flood maps at 

moderate (30 m) spatial resolution. The highest overall accuracy (97%) and f1-scores of 

permanent water/floodwater (99/100%) are achieved when ARD, SAR and DEM datasets are 

readily available and fused. Moreover, the resulting CF maps agree well (80%) with hindcast 

flood guidance maps of the Coastal Emergency Risk Assessment and can effectively match post-

flood high water marks of the U.S. Geological Survey distributed in coastal counties. We 

5 Muñoz, D. F., Muñoz P., Moftakhari H., Moradkhani H. (2021). From local to regional compound flood mapping 
with deep learning and data fusion techniques. Science of The Total Environment. 
https://doi.org/10.1016/j.scitotenv.2021.146927  
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ultimately evaluate the framework with different DF alternatives and highlight their usefulness 

for large-scale compound flood mapping as well as calibration of hydrodynamic models. The 

cost-effective approach proposed here enables efficient estimation of exposure to compound 

coastal flooding and is particularly useful in data scarce regions.  

Introduction 

Compound flooding (CF) is a natural hazard resulting from either successive or 

concurrent flood drivers (e.g., storm surge, river discharge and/or rainfall) with associated socio-

economic and environmental impacts that can be larger than those produced by each driver in 

isolation (Bevacqua et al., 2020; Moftakhari et al., 2017; Wahl et al., 2015; Zscheischler et al., 

2020). CF poses a significant threat to life and assets of people settled in low-lying coasts 

including riverine floodplains and estuarine zones at local (Klerk et al., 2015; Olbert et al., 2017; 

Wang et al., 2018), regional (Bevacqua et al., 2019; Fang et al., 2020; Hendry et al., 2019; Wu et 

al., 2018), and global scale (Couasnon et al., 2020; Eilander et al., 2020; Ward et al., 2018). In 

the East and Gulf coasts of United States, CF is mainly triggered by tropical cyclones producing 

wind-driven storm-surge and heavy rainfall (Gori et al., 2020; Muis et al., 2019; Song et al., 

2020), with inherent risks higher than those of the Pacific coast (Wahl et al., 2015).  

Among the costliest hurricanes that made landfall in the southeast Atlantic coast of the 

U.S., Hurricane Matthew (October 2016) was responsible for 34 deaths and more than 3 million 

residents evacuated from coastal areas (Stewart, 2017). Although minor damages to roofs, pools 

and line utilities were associated to the direct wind force, storm-surge caused severe structural 

damages with maximum inundation depths greater than 2 m above ground from Florida to North 

Carolina. Moreover, the compounding effects of pluvial and coastal flooding resulted in electrical 

power outages, and approximately $10 billion of wind- and water-related damages according to 

142 
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the National Centers for Environmental Information (NCEI) of the National Oceanic and 

Atmospheric Administration (NOAA). Compound flood inundation mapping is therefore of 

paramount importance for emergency planners and stakeholders, as they require these maps for 

decision-making and rapid coastal flood assessment. 

Flood inundation maps are commonly obtained from advanced hydrodynamic models that 

simulate complex oceanic, hydrological, meteorological, and anthropogenic processes with a 

robust numerical scheme. The advanced circulation model (ADCIRC) (Luettich et al., 1992) and 

DELFT3D (Roelvink and Van Banning, 1995) are among the high-performance hydrodynamic 

models that have been used for large-scale modeling studies in the U.S. (Dietrich et al., 2011; 

Martyr-Koller et al., 2017; Muis et al., 2019; Thomas et al., 2019). Particularly, ADCIRC 

provides real-time flood forecasts as well as hindcast flood guidance maps of the Atlantic and 

Gulf coast through the Coastal Emergency Risk Assessment (CERA) web mapper 

(https://cera.coastalrisk.live/). In spite of the growing access to powerful and low-cost 

computational resources, physically-based modeling approaches are still computationally 

intensive and often require model domain partitioning and parallelization tasks to map flood 

extent at large-scale (Dietrich et al., 2012, 2011).  

An alternative for efficient post-event large-scale flood mapping is the application of 

remote sensing techniques to multispectral imagery, radar data and digital elevation models 

(DEMs). These datasets allow for delineating flood extent over large areas in near real-time 

depending on the satellite’s revisit time and/or spatiotemporal resolution. Multispectral imagery 

and DEM datasets have been successfully combined for flood mapping in riverine and coastal 

floodplains with diverse techniques including principal component analysis, logical filtering, 

decision rules and image segmentation (Cohen et al., 2019; Gianinetto et al., 2006; Wang et al., 

2002). Contrary to multispectral imagery, the applicability of backscattering radar data is not 
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limited by adverse atmospheric conditions (e.g., shadows or cloud formation) as the radar 

antenna can emit and receive oscillating signals even during night-time conditions (Flores-

Anderson et al., 2019). This in turn makes radar data a powerful resource for flood mapping in 

urban settings and natural landscapes (Liang and Liu, 2020; Liu et al., 2019).  

Integration of backscattering radar data with either multispectral imagery or DEMs has 

been proposed for coastal flood monitoring and mapping with different techniques including 

change detection analysis, threshold-based and probabilistic approaches (Anusha and Bharathi, 

2020; Chaouch et al., 2012; Clement et al., 2018; Martinis et al., 2013). Among the machine 

learning techniques used for flood mapping, artificial neural networks (Singh and Singh, 2017; 

Tam et al., 2019; Tien Bui et al., 2020), support vector machine (Dhara et al., 2020; Nandi et al., 

2017), and random forest (Feng et al., 2015; Kabir et al., 2020a) have improved the accuracy of 

flood maps due to their ability to learn local features from terrain, soil properties and spectral 

indices (Huang et al., 2017; Rad et al., 2021; Zoka et al., 2018), radar intensity and 

interferometric coherence properties (Canisius et al., 2019; Li et al., 2019), and time series 

analysis (DeVries et al., 2020; Lin et al., 2019). More advanced techniques, such as convolutional 

neural networks (CNNs), use a deep architecture allowing for optimal feature learning at low-, 

mid- and high- levels of abstraction (e.g., edges, objects, and patterns) and hence outperforming 

‘shallow’ machine learning techniques in a variety of applications such as object detection and 

image segmentation (Hoeser et al., 2020; Pi et al., 2020), land cover classification (Li et al., 2018; 

Mahdianpari et al., 2018; Muñoz et al., 2021a), and flood mapping (Gebrehiwot et al., 2019; Li et 

al., 2019; Sarker et al., 2019). 

Despite the benefits of the aforementioned techniques that focus on binary classification, 

i.e., flood and non-flood areas, there are no studies that integrate multi-source satellite-based

data, hydrodynamic modeling, deep learning (DL) and data fusion (DF) techniques for large-
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scale land cover classification and compound flood mapping. The advantage of conducting 

multiclass land cover classification including flood inundation mapping relies on the ability of 

DL models to learn complex spatial patterns (Dalponte et al., 2008; Mahdianpari et al., 2018; 

Rezaee et al., 2018), and therefore separate purely hurricane-induced and fluvial flooding from 

periodical flooding in coastal areas (e.g., wetlands, salt marshes and mangroves). DL models 

such as CNNs can effectively delineate permanent water bodies and non-inundated urban areas 

(Hoeser et al., 2020; Xu et al., 2019), and hence expediting flood hazard assessments and 

emergency responses in flood prone areas. In contrast, binary classification of flood/non-flood 

areas require additional steps to identify permanent water bodies based on existing land cover 

maps (if available) as well as adequate threshold values that help discriminate water from land 

features. This in turn compromises the accuracy of flood maps since a single threshold value 

might not account for land surface complexity and variability (Liang and Liu, 2020), and 

consequently fail to effectively map CF. 

In this context, we modified a previously developed CNN & DF framework (Muñoz et 

al., 2021b) to conduct multi-class land cover classification with floodwater samples obtained 

from a physically-based model. The framework fuses multispectral Landsat analysis ready data 

(ARD), dual-polarized synthetic aperture radar data (SAR) and light detection and ranging 

(LiDAR) coastal DEMs to generate compound flood maps with moderate (30 m) spatial 

resolution. We first train the CNN & DF framework with official land cover maps as well as 

floodwater maps generated with a calibrated Delft3D-FM model of the Savannah River estuary 

(hereby referred as to ‘training area’). Then, we conduct transfer learning with conveniently 

stored model weights to further evaluate the framework in the southeast Atlantic coast of the U.S. 

We selected Hurricane Matthew (October 2016) for training and evaluation purposes since this 
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extreme event led to considerable flood extent and inundation depths in several estuaries, islands, 

and bays.  

Local and Regional Datasets 

Study area 

The study area comprises multiple rivers, estuaries, bays, and islands located in the 

southeast Atlantic coast of the U.S. (Figure 5-1a). From this large-scale study area, we define a 

strategic and local scale ‘training area’ along the Savannah River estuary that separates the states 

of Georgia and South Carolina (Figure 5-2a). The training area is characterized by complex 

geomorphological features and presents vast wetland regions of considerable ecological value as 

well as intense anthropogenic intervention that together shape a unique riverine-estuarine system 

(Reynolds, 2016; Seabrook, 2006). Another important aspect is that the training area is frequently 

monitored, and so counts with multisource data including multispectral Landsat ARD imagery, 

SAR data, LiDAR-derived coastal DEMs, and high water marks of the U.S. Geological Survey 

(USGS) collected after extreme flooding events (e.g., Hurricane Matthew). Furthermore, the 

training area has been studied with a detailed and calibrated Delft3D-FM hydrodynamic model 

for extreme/non-extreme events including hurricane-induced (compound) flooding (Muñoz et al., 

2020a).  

The path of Hurricane Matthew started along the southern coasts of Florida as a category 

3 in the Saffir-Simpson scale (2016/10/07 – 06:00 UTC), and then weakened into category 2 and 

1 along the northern coasts of Florida (2016/10/08 – 00:00 UTC) and South Carolina (2016/10/08 

– 15:00 UTC), respectively (Figure 5-1a). Furthermore, Hurricane Matthew considerably

impacted the Savannah River estuary leading to the highest water surface level of the entire 

southeast Atlantic coast with 2.58 m at Fort Pulaski station (Figure 5-3a, NOAA ID: 8670870). 
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We thereby argue that the Savannah River estuary is a suitable study area to train the CNN & DF 

framework. Eventually, the framework will be evaluated in terms of compound flood mapping 

accuracy along the southeast Atlantic coast of the U.S.  

Figure 5-1. Map of the southeast Atlantic coast of the U.S. and Hurricane Matthew (Oct/2016). 

(a) Flood extent and maximum inundation depth above ground (blue color scale) obtained from 

the CERA web mapper. Hurricane’s best track (red solid line) and intervals (triangles) indicate 

the proximity and timing of the hurricane to the coast. (b) Map of Savannah River estuary 
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(training area). USGS – high water marks (yellow circles) and Delft3D-FM model domain 

(purple dashed line) are used to train the CNN & DF framework. 

 Data availability 

Training, validation, and evaluation of the CNN & DF framework is based on publicly 

available data from different sources. Landsat ARD imagery of moderate (30 m) spatial 

resolution is obtained from the Earth Explorer website (https://earthexplorer.usgs.gov). The 

advantage of using Landsat ARD over similar imagery products is that any effects of atmospheric 

attenuation (e.g., scattering and absorption) on flood mapping accuracy are already corrected in 

the former product (Dwyer et al., 2018; Potapov et al., 2020). We use Landsat scenes with less 

than 20% of cloud cover and shadow as higher percentages might hinder the applicability of 

multispectral imagery to map CF (Figure 5-2 (a, b)). In addition, we use both Sentinel-1A and 1B 

(C-band) missions with dual-polarized radar data (e.g., vertical-horizontal (VH) and vertical-

vertical (VV) polarimetric channels), interferometric wide swath (IW) frames and ground range 

detected (GRD) products (Figure 5-2 (c, d)). SAR datasets of high (10 m) spatial resolution are 

obtained from archives of the Alaska Satellite Facility (ASF) website (https://asf.alaska.edu/).  

LiDAR-derived coastal DEM is another key dataset that improves the classification 

accuracy and flood mapping when combined with satellite-based and/or aerial imagery 

(Carranza-García et al., 2019; Feng et al., 2019; Muñoz et al., 2021a). The 2014 Continuously 

Updated Digital Elevation Model (CUDEM) is a topographic and bathymetric (topobathy) 

dataset with a ninth arc-second spatial resolution (~3.4 m) that spans the southeast Atlantic coast 

of the U.S (Figure 5-2e). The CUDEM topobathy is obtained from the NOAA digital coast 

repository (https://coast.noaa.gov/htdata/raster2/elevation/NCEI_ninth_Topobathy_2014_8483/). 

In addition to those datasets, the CNN & DF framework is trained with land cover maps of the 
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Coastal Change Analysis Program (C-CAP, Figure 5-2f). The program monitors changes of 

coastal intertidal areas, wetlands, and adjacent uplands with ancillary datasets as well as very 

high-resolution aerial imagery (1 m) of the National Agriculture Imagery Program (NAIP). 

Likewise, C-CAP produces land cover products for coastal regions of the U.S. every five years 

and can be obtained from the NOAA digital coast repository 

(https://coast.noaa.gov/digitalcoast/tools/lca.html). Lastly, we use USGS – high water marks of 

Hurricane Matthew to indirectly verify flood areas delineated with the framework. These data are 

available in the USGS – Flood event viewer platform (https://stn.wim.usgs.gov/FEV/). A detailed 

summary of the data used in this study is also presented in Table 5-1. 
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Figure 5-2. Publicly available data of the Savannah River estuary used to train the CNN & DF 

framework. (a, b) Landsat ARD imagery with red, blue, and green band composite, and (c, d) 

SAR data with dual polarized VH, VV and VH/VH band composites showing pre- and post-flood 

conditions. (e) LiDAR-derived coastal DEM of Savannah, GA. (f) C-CAP coastal land cover map 

for the period 2016 – 2017.   
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Table 5-1. Datasets used for compound flood mapping with the CNN & DF framework in the 

southeast Atlantic coast of the U.S. 

Dataset Resolution 
 [m] 

Scene date, time (UTC) 
ID/Row/Path 

Bands* 

Landsat Analysis Ready Data 

(ARD) 

30 2016-Oct-13, 15:54:32 

LC08_CU_026014/37/16 

R, G, B, Nir, 

Swir1 and Swir2 

2016-Oct-13, 15:54:56 

LC08_CU_026015/38/16 

2016-Oct-13, 15:54:08 

LC08_CU_027013/36/16 

Dual-polarized 

synthetic aperture radar  

(SAR) 

10 2016-Oct-09, 23:29:00 

S1A_IW_GRDH/94/48 

VH and VV 

2016-Oct-09, 23:29:25 

S1A_IW_GRDH/99/48 

2016-Oct-10, 23:20:33 

S1B_IW_GRDH/100/150 

2016-Oct-10, 23:20:58 

S1B_IW_GRDH/105/150 

2016-Oct-11, 23:13:41 

S1A_IW_GRDH/108/77 

LiDAR-derived  

Digital Elevation Model (DEM) 

3 2014 

CUDEM*** 

Single band 

* Red (R), Green (G), Blue (B), Near-infrared (Nir), Shortwave infrared (SWIR) 1 and 2. ** 

Vertical (V) and horizontal (H) polarimetric channels. Continuously updated DEM – topobathy 

dataset. 

 
Integration of Remote Sensing Data with Hydrodynamic and Deep Learning Models 

Data preprocessing 

 As the first step, we removed all remaining clouds and shadows from Landsat ARD 

scenes (e.g., see Figure 5-2a) with the fmask v4.0 tool (Qiu et al., 2019b) and ArcGIS. The tool 
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was initially set with default parameter values and then fine-tuned to identify obscured and 

cloudy pixels. Landsat ARD does not require any further atmospheric correction and has been 

widely used in many applications including time series analysis, land cover change assessment, 

and global land cover mapping (Muñoz et al., 2019; Potapov et al., 2020; Qiu et al., 2019a). We 

then prepare SAR data with the open-access Sentinel Application Platform (SNAP v8.0) as 

suggested in similar flood mapping studies (Liu et al., 2019; Uddin et al., 2019). For this purpose, 

we first import and geo-code the radar data with the ‘Apply-Orbit-File’ tool. The data is 

subsequently masked with a predefined vector-file that comprises the training and evaluation 

areas (see Section 2.1). We then radiometrically calibrate the masked data to remove over-

brightening effects due to the radar sensor.  

Next, we reduce the speckle noise effect, i.e., grainy appearance or ‘salt and pepper’ 

noise, to enable an unbiased analysis of SAR images. Similarly, we account for geometric 

distortions (e.g., foreshortening, layover, and shadow) with the ‘Terrain-Correction’ tool and the 

high resolution CUDEM topobathy data (Table 5-1). Also, we co-register the SAR images of pre- 

and post-flood conditions (Figure 5-2 (c, d)) with 5000 ground control points. These SAR images 

are ultimately used to train the CNN & DF framework. The SAR pre-processing steps are 

automated with the ‘Graph Builder’ option of SNAP and run in batch mode. Similar to Muñoz et 

al., (2021a), we resample all datasets to a pixel resolution of 5x5 m with the nearest neighbor 

method, and then re-scale the Landsat ARD and DEM data values to a range of 0 to 1. SAR data 

is already transformed to the dB scale (Eq. (1)), and therefore no additional scaling is done with 

this dataset.  
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Hydrodynamic modeling 

We conduct model simulations with Delft3D-FM to identify floodwater areas in the 

Savannah River estuary after the peak surge of Hurricane Matthew (Figure 5-3a). The 

hydrodynamic model was previously calibrated and validated with extreme and non-extreme 

events including compound flooding events as a result of Hurricane Matthew (Muñoz et al., 

2020a). Savannah floodplain consists of wetland and salt marsh regions that are periodically 

inundated by local tidal dynamics (i.e., M2-semidiurnal tidal cycle). Thus, we first define a 

threshold value to distinguish purely hurricane-induced and/or fluvial flooding from periodic 

inundation of wetlands and salt marsh areas. The mean higher-high water (MHHW) referenced to 

the North American Vertical Datum of 1988 (NAVD88) is here used as a threshold value (1.05 

m) in this regard (Figure 5-3a). MHHW is obtained from the NOAA’s Tide & Currents website

(https://tidesandcurrents.noaa.gov/) and seen as a proxy of inundation threshold according to the 

National Weather Service (NWS). Furthermore, MHHW has been used as a reference for 

nuisance tidal flooding in other studies (Moftakhari et al., 2015, 2018; Sweet et al., 2018).  

Second, we generate flood maps with the hydrodynamic model that match the date/time 

of SAR and Landsat ARD data acquisition (Figure 5-2 (b, d)). Floodwater areas that spatially 

coincide in both flood maps are selected and grouped into a new land cover class named 

‘floodwater’. The floodwater class will be eventually associated with multispectral, 

backscattering and elevation features (above the MHHW threshold), and thus differentiating them 

from those of open and/or permanent water (Figure 5-3b). Note that the maximum coastal water 

level at Fort Pulaski was ~1.5 m above MHHW. In that regard, we develop an alternative for 

compound flood mapping based on deep learning and/or multi-class land cover classification 

with floodwater samples explicitly derived from hydrodynamic modeling. The latter aims at 

improving flood mapping strategies that commonly rely on binary classification of flood/non-
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flood areas via multispectral and terrain indices, change detection, thresholds and object-based 

approaches (Chini et al., 2017; Huang et al., 2017; Liang and Liu, 2020; Munasinghe et al., 2018; 

Uddin et al., 2019). 
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Figure 5-3. Floodwater in Savannah River estuary above Mean higher-high water (MHHW) 

obtained from hydrodynamic simulations. (a) Water level time series (blue solid line) observed in 

Fort Pulaski station (NOAA ID: 8670870) and MHHW (gray dashed line) relative to NAVD88. 
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Acquisition dates of Landsat ARD imagery (red crosses) and SAR data (green asterisks) during 

pre- and post-flooding conditions. (b) Floodwater delineation within the Delft3D-FM model 

domain (purple solid line). Flood extent depicts floodwater areas that match the date/time of SAR 

and ARD data acquisition (cyan). USGS – high water marks (yellow circles) show verified flood 

locations during Hurricane Matthew. 

Convolutional neural network and data fusion framework 

 The CNN & DF framework is developed in TensorFlow (www.tensorflow.org) and was 

used to analyze long-term wetland dynamics in a previous study with satisfactory results (Muñoz 

et al., 2021a). In broad terms, the CNN model resembles the (winner) Fusion-FCN architecture of 

the 2018 IEEE GRSS Data Fusion Contest (Xu et al., 2019), and integrates a novel adaptive 

feature-fusion approach for multisource data (Feng et al., 2019). In this study, we extend the 

CNN & DF framework to account for SAR data and flood maps derived from a calibrated 2D 

hydrodynamic modeling (Muñoz et al., 2020a). The framework consists of a tri-branch CNN 

architecture that simultaneously processes Landsat ARD, DEM and NAIP data, and can 

additionally incorporate other datasets in new or existing branches. Specifically, we adapt the 

framework to process SAR data instead of NAIP imagery since the latter is best suited for 

vegetation mapping (Maxwell et al., 2017). Likewise, we train the framework with C-CAP and 

floodwater maps generated with a detailed hydrodynamic model (see Section 3.2 for details). In 

broad terms, the framework resembles a fully-connected CNN (Xu et al., 2019) with an adaptive 

feature-fusion approach for optimal DF (Feng et al., 2019). The left branch is initially devised to 

extract spatial-spectral features from blue, green, red, near-infrared and shortwave infrared (1 and 

2) bands, and then optimized to process selected band combinations reducing the computation 

burden (see Section 4.1 for details). The middle branch extracts spatial-elevation features from 
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LiDAR-derived DEM data of single bands whereas the right branch extracts spatial-

backscattering features converted from a linear to decibel (dB) scale (Equation 1). = 10 ( )      (1) 

where, σ0 and σ0dB are the raw amplitude values and log-transformed backscattering SAR data, 

respectively. 

The branches extract feature information from patch images of 30x30 pixels via two-

dimensional convolution, rectified linear unit and average pooling operations. The resulting 

pooling layers are merged through pointwise addition to integrate low-, mid- and high- levels of 

abstraction, and hence benefit from multi-scale properties along each branch. Feng et al., (2019) 

proposed a novel alternative for DF of multisource hyperspectral imagery and LiDAR data based 

on “Squeeze-and-Excitation Networks” (Hu et al., 2018). The alternative consists in an adaptive 

feature-fusion approach that computes the contribution of each feature to the classification task, 

and thereby fusing multisource features in a more intelligent fashion than simply feature stacking. 

The adaptive feature-fusion approach requires a two-dimensional global average pooling layer, 

two fully connected layers and a “sigmoid” function (Feng et al., 2019; Muñoz et al., 2021a), and 

produces an output tensor containing the global contribution (or feature weights) of Landsat 

imagery, SAR data and LiDAR-derived DEM to the land cover classification and compound 

flood mapping task.. The feature weights are assigned to these layers through pointwise product 

(or scalar multiplication), and subsequently concatenated and flatten for optimal DF. Lastly, we 

add a fully connected layer with dropout rate set to 0.2 and a ‘Softmax’ function for final land 

cover classification (Figure 5-4). The C-CAP establishes 17 land cover classes in the U.S, but we 

grouped similar classes into 7 general categories to avoid unnecessary specificity and improve 

interpretability as suggested in similar studies (Pouliot et al., 2019; Spruce et al., 2014). In 

addition, we have included the ‘floodwater’ class derived from hydrodynamic simulations as 
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indicated in the previous section. The resulting land cover and compound flood map has a spatial 

resolution of 30 m by setting an overlap (or stride) of 6 pixels in x- and y-direction. Note that we 

explicitly train the CNN & DF framework to separate floodwater from permanent water. Further 

details of the layers used in the CNN architecture are explained in Muñoz et al., (2021a).  
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Figure 5-4. Land cover and flood mapping model based on convolutional neural networks 

(CNN) and multisource data fusion (DF). The model consists of a tri-branch CNN with two-

dimensional (2D) convolution (Conv), rectified linear unit (ReLU) and average (Avg) pooling 

operations. Avg2D pooling layers are merged into a single layer through pointwise addition (+), 

while the adaptive feature-fusion module is implemented for optimal DF. Feature weights are 

assigned to the Avg2D pooling layers through the pointwise product (X), and subsequently 

concatenated (C) and flatten. The classification task is ultimately conducted with a fully 

connected (FC) layer, dropout and ‘Softmax’ function. 

Model training/validation and evaluation of the CNN & DF framework 

The land cover and flood mapping model can be trained with single, double, and triple 

dataset combinations depending on data availability. The Savannah River estuary counts with all 

three input datasets (e.g., Landsat ARD, DEM, and SAR), and is therefore suitable for training 

the framework with any possible dataset combinations in the southeast Atlantic coast. The 

sampling process consists of extracting patch images of 30x30 pixels (or 150x150 m) from pre- 

and post-flood imagery according to the C-CAP land cover and flood maps. Since some land 

cover classes are scarce in the training area (e.g., grass/bare land, shore and floodwater), we deal 

with unbalanced data with data augmentation, i.e., rotating the sample patches, and class weight 

computation prior to the sampling process. Moreover, we randomly separate training (80% or 

17980) and validation (20% or 4496) patches with a fixed seed value to ensure reproducibility. 

The selected model optimizer and loss function are the stochastic gradient descent 

algorithm (SGD) with exponential decay and the sparse categorical cross-entropy, respectively. 

To avoid overfitting, we use 100 epochs with a callback ‘early stopping’ monitoring accuracy 

values and ‘patience’ option set to 10 epochs. The initial learning rate is set to 0.01 for all input 



161 

datasets. The number of training epochs as well as the initial learning rate are selected from trial-

and-error tests with randomly selected values ranging from 50 to 200 and 1e-4 to 0.1, 

respectively. In addition, we conducted fine-tuning of the CNN architecture with a smaller 

learning rate (1e-3) and identical model settings described above. Model weights resulting from 

the training process with dataset combinations and/or DF alternatives are conveniently stored for 

further transfer learning in the southeast Atlantic coast. The CNN & DF framework ultimately 

classifies patch images of 30x30 pixels with a patch-based approach centered on a single pixel. 

Contrary to pixel-based approaches, patch-based analysis allows the CNN to learn contextual 

information from local spatial features of neighboring pixels (Carranza-García et al., 2019; Chen 

et al., 2017). Misclassification errors that may arise from patches located at the edge of two or 

more land cover classes are controlled by allowing the patch images to contain less than 10% (or 

< 90 pixels) of other land cover classes as suggested in Muñoz et al., (2021a). Model validation is 

conducted with patch images of identical size obtained from C-CAP (2016 – 2017) and flood 

maps derived from hydrodynamic simulations of the Delft3D-FM model (Figures 5-2f and 5-3b). 

Lastly, we evaluate compound flood maps obtained from the CNN & DF framework with 

respect to two datasets: (i) USGS – high water marks, and (ii) maximum flood extent map of the 

CERA web mapper. Those maps and high water marks are conveniently masked with geospatial 

tools in order to span coastal counties of interest where flood inundation is evident (Figure 5-1a). 

Although high water marks are indicative of flood inundation depth, we use point coordinates of 

those marks as a proxy of ‘ground truth’ flood areas within the coastal counties. We then conduct 

a pixel-based spatial analysis (30x30 m) to determine whether the flood maps of the CNN & DF 

framework and CERA match those point coordinates or not. Furthermore, we compare flood/non-

flood areas in the coastal counties by measuring the agreement between the maps of the CNN & 

DF framework and CERA (Equation 2). The advanced fitness index (AFI) was first developed to 
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compare inundated areas simulated with hydrodynamic models versus observed inundated areas 

of aerial imagery and SAR data (Bates and Roo, 2000), and eventually modified to compare both 

non-inundated and inundated areas (Munasinghe et al., 2018).  =  ∩     ∩  ∪   100    (2) 

where, FAobs is flood area from observed imagery (e.g., floodwater class obtained from the CNN 

& DF framework), FAmod is flood area simulated with large-scale hydrodynamic modeling (e.g., 

CERA map derived from ADCIRC model), NFA is non-flood area and A is the total area under 

analysis.  

Results 

Accuracy assessment 

We evaluate the CNN & DF framework in terms of overall accuracy, Cohen’s kappa 

coefficient, f1-score (macro) and f1-score per class (Table 5-2). Regarding the Landsat ARD 

imagery, the highest accuracies are observed when all six spectral bands are used in the 

framework. Nevertheless, this implies a heavy computation burden that might increase even more 

when implementing multi-source DF. To reduce computation burden and overcome graphics-

processing-unit (GPU) memory usage limitation, we select the last band combination for further 

transfer learning in the southeast Atlantic coast. The rationale behind this selection is that Nir, 

Swir1 and Swir2 achieve the highest accuracies in both land cover and flood mapping (bold 

letters) as compared to the other band combinations (Table 5-2), and also allow for a relatively 

easier interpretability of non-physical parameters. Note that we report the accuracies associated 

with all spectral bands and DF alternatives as a benchmark (italic letters).  

Among the DF alternatives, the highest overall accuracy and f1-scores of permanent/flood 

water classes are achieved when ARD, SAR and DEM datasets are readily available and 



163 

adequately fused. In absence of Landsat ARD imagery, or equivalently having scenes with cloud 

cover/shadow percentages above 20%, SAR and DEM datasets are a suitable DF alternative as 

they achieve satisfactory results with less than 1% difference with respect to the former 

alternative. The same percentage is obtained when ARD and DEM datasets are fused together. 

ARD and SAR dataset combination is less accurate (2%) than ARD, SAR and DEM together. 

The higher accuracy of the latter combination highlights the role of DEM data in the fusion 

process as elevation features combined with spectral and/or backscattering features help 

overcome misclassification errors associated with land cover classes having similar spectral or 

backscattering signatures. Nonetheless, in absence of highly detailed DEMs, the ARD and SAR 

dataset combination can still lead to comparable accuracies with respect to the ideal DF 

alternative (all datasets). Moreover, high overall accuracy results (> 95%) obtained from all DF 

alternatives suggest that the CNN & DF framework can perform satisfactorily in other remote 

areas with limited data availability. It is noted that the proposed band selection (Nir, Swir1 and 

Swir2) and all six spectral bands achieve identical f1-scores in permanent water and floodwater 

classes. 

Table 5-2. Accuracy assessment of data fusion alternatives for land cover classification and flood 

mapping in the Savannah River estuary. 

Dataset Band composite 
Overall 

accuracy 
(%) 

Cohen's 
kappa 

(%) 

f1-score 
(macro) 

(%) 

f1-score 
permanent water/floodwater 

(%) 

ARD 

All bands* 95.73 95.09 95.57 97.85/100 

R, G and B 87.28 85.38 86.06 96.10/100 

R, G and Nir 91.10 89.79 90.39 97.91/99.91 

Nir, Swir1 and Swir2 92.37 91.23 91.82 97.31/94.99 

SAR VH and VV** 86.48 84.47 86.00 98.25/83.73 
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DEM Single band 77.45 74.03 74.96 98.70/85.51 

ARD+SAR 

All bands + VH and VV 96.37 95.84 96.31 98.38/100 

Nir, Swir1 and Swir2 + 

VH and VV 
95.71 95.07 95.49 99.39/99.82 

ARD+DEM 

All bands + Single band 97.09 96.65 96.97 98.25/100 

Nir, Swir1 and Swir2 + 

Single band 
96.62 96.12 96.49 99.18/100 

SAR+DEM 
VH and VV + 

single band 
95.97 95.38 95.92 99.18/100 

ARD+SAR+DEM 

All bands + VH and VV + 

Single band 
97.55 97.19 97.48 99.39/100 

Nir, Swir1 and Swir2 + 

VH and VV + Single band 
97.24 96.83 97.13 99.39/100 

* Red (R), Green (G), Blue (B), Near-infrared (Nir), Shortwave infrared (SWIR) 1 and 2. **

Vertical (V) and horizontal (H) polarizations. 

Land cover and compound flood mapping 

We use a transfer learning approach (e.g., model weights obtained from the pre-trained 

CNN & DF framework) to conduct land cover classification and compound flood mapping in the 

south east Atlantic coast based on available datasets (Table 5-1). Particularly, we focus our 

analysis on the most flood-impacted zones of the study area including coastal counties of 

northern Florida, Georgia, South Carolina, and southern North Carolina (Figure 5-5). The 

framework can efficiently separate permanent water from floodwater even though minor 

misclassification errors are observed among (dry) land cover classes. This is also noticeable in 

the confusion matrix of the training area (validation patches); specifically, the palustrine wetland 

class achieves the lowest producer’s and user’s accuracies (Table A-5-1 in the appendix).  

In addition, we evaluate the performance of the CNN & DF framework with respect to 

hindcast flood guidance maps of CERA (Figure 5-6). In the figure, red color highlights flood 
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areas that match both our proposed framework and CERA maps. Flood areas obtained 

exclusively from the framework and CERA are shown with cyan and dark-blue, respectively. 

Note that the floodwater class is correctly delineated at most of the high water marks (yellow 

circles) in the southeast Atlantic coast. Specifically, we conduct a pixel-based spatial analysis to 

determine the number of high water marks that are correctly delineated with maps of the CNN & 

DF framework and CERA. Those results are reported as relative percentages with respect to the 

total number of marks available at each location (Table 5-3). Overall, the CNN & DF framework 

captures 39% of all USGS – high water marks distributed along the coastal counties (e.g., 393 

marks). Note that this percentage is higher than the one calculated with the CERA map by a 

factor of 2. Comparisons of flood/non-flood areas between maps of the CNN & DF framework 

and CERA indicate an overall agreement of 80% (Table 5-3). All locations shown in the table 

count with SAR and DEM datasets except those marked with an asterisk that include Landsat 

ARD dataset with clouds and shadows less than 20% (see Section 2.2 for details). AFI ranges 

from 61% to 96% at selected rivers, estuaries and islands suggesting that the transfer learning 

approach with the CNN & DF framework is an efficient alternative for compound flood mapping 

at large-scale. 
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Figure 5-5. Land cover classification and compound flood mapping in the southeast Atlantic 

coast of the U.S. Scale bar corresponds to the colored circles. Note that the CNN & DF model is 

able to discriminate between permanent (dark-blue) and floodwater (cyan) classes. 
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Figure 5-6. Comparison of flood maps between the CNN & DF framework and the CERA. Red 

areas indicate agreement between both maps, while cyan and dark-blue areas indicate the 

opposite. Scale bar corresponds to the colored circles. 
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Table 5-3. Evaluation of the CNN & DF framework with USGS – high water marks (HWMs) 

and the advanced fitness index (AFI). 

Location of main rivers, estuaries, and islands 
HWMs – CNN & DF 

(%) 
HWMs – CERA 

(%) 
AFI 
(%) 

St. Johns River and Amelia Island, FL 31.58 5.26 82.16 

St. Marys River and Cumberland Sound, GA 52.63 5.26 84.00 

St. Andrew/St. Simons Sounds and Satilla River, GA* 16.67 27.78 66.56 

Altamaha River and Sapelo Island, GA* 0.00 0.00 73.07 

Ogeechee River and Ossabaw Islands, GA* 0.00 33.33 61.24 

Wassaw Sound and Savannah River estuary, GA-SC* 7.14 42.86 68.08 

St. Helena Sound and Coosaw River, SC 51.16 32.56 73.53 

Hunting and St. Edisto Islands, SC 54.55 18.18 75.48 

Charleston Harbor, Ashley/Cooper/Wando Rivers, SC 22.22 20.37 74.44 

North/South Santee Rivers and Winyah Bay, SC 6.67 20.00 80.83 

Waccamaw River, Long Bay and Myrtle Beach, SC 0.00 0.00 69.70 

Atlantic Beach and North Myrtle Beach, SC 56.00 6.00 82.95 

Little River, Bird Island and Ocean Isle Beach, NC 69.57 17.39 95.29 

Oak/Bald Head Islands and Cape Fear River, NC 61.90 14.29 95.02 

Zekes Island and Kure/Carolina Beach, NC 22.22 44.44 95.36 

Masonboro Island and Wrightsville Beach, NC 9.09 9.09 92.51 

Figure Eight Island and Topsail Beach, NC 22.22 22.22 91.97 

North Topsail Beach and New River, NC 10.00 0.00 96.34 

Global 38.93 19.08 80.38 

* Landsat ARD, SAR, and DEM datasets.

Discussion 

Large-scale compound flood mapping 

Advanced hydrodynamic modeling is a common approach for simulating physically-

based processes such as compound flooding at large-scale (Dietrich et al., 2011; Muis et al., 

2019; Vousdoukas et al., 2016; Wing et al., 2017). However, such an approach requires an 
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adequate mesh resolution (e.g., order of meters) and a thorough model calibration to accurately 

represent CF in coastal to inland transition zones where flooding drivers interact (Bilskie and 

Hagen, 2018; Santiago-Collazo et al., 2019). An effective alternative that can complement 

current efforts in complex physical and dynamical modeling consists in leveraging DL models 

and transfer learning for post-event flood mapping. Transfer learning is an emerging and 

powerful technique for compound flood mapping and can help in flood hazard assessment of data 

scarce regions with only satellite-based data. In addition, DL and DF techniques can potentially 

aid in model parameter calibration and uncertainty reduction of flood hazard maps (Gude et al., 

2020; Kabir et al., 2020b). 

In this study, we propose a compound flood mapping strategy via multiclass land cover 

classification with CNNs and an adaptive DF approach (Figure 5-4). The CNN & DF framework 

aims at reducing misclassification errors associated with land cover heterogeneities and 

underlying complexity. The f1-scores of permanent water and floodwater slightly improve 

according to the DF alternatives with maximum values of 99.39 and 100% for permanent water 

and floodwater, respectively (Table 5-2). We argue that such high accuracies result from a correct 

classification of the entire set of land cover classes as opposed to common approaches that rely 

on decision rules or threshold values for binary classification of flood/non-flood areas. In this 

regard, we ensure the framework correctly delineates floodwater areas without requiring global or 

localized thresholds that may lead to over- or underestimation of flood extent and overfitting in 

the classification process (Liang and Liu, 2020). The selection of MHHW as ‘floodwater 

threshold’ in Delft3D-FM model simulations helps identify purely hurricane-induced and fluvial 

flooding from periodical flooding in wetlands and salt marshes, which are present in most 

estuaries and bays of the southeast Atlantic coast (Figure 5-5). Particularly, the MHHW 

(referenced to the NAVD88) adds a physical meaning to the compound flood mapping process 
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(e.g., floodwater training samples) and complements ‘abstract’ feature information extracted from 

multispectral, backscattering and elevation properties of the input datasets (Figure 5-4).  

Data Fusion Alternatives and Limitations of the Framework 

The acquisition dates of SAR data are a few days later than the date/time of Hurricane 

Matthew’s best track, and up to 5 days later in the case of Landsat ARD (Figure 5-1a and Table 

5-1). Flood recession is therefore of consideration as it may start a few hours later than the local 

peak storm surge, and so reduce the ability of the framework to delineate maximum flood extent 

and/or match post-flood high water marks collected in coastal counties (Table 5-3). Nonetheless, 

the compound effects of flood drivers do not necessarily coincide with the occurrence of the 

dominant flood driver (e.g., storm-surge), but usually with lag times of up to 7 days according to 

local-scale and global studies (Klerk et al., 2015; Moftakhari et al., 2017; Ward et al., 2018). In 

this regard, we expect fewer USGS – high water marks correctly identified with maps of the 

CNN & DF framework as well as an underestimation of flood inundation extent; especially at 

locations where the Landsat ARD dataset is available and fused (see rows with an asterisk in 

Table 5-3). This might also help explain the relatively low AFI values at locations that count with 

this lagged dataset. In contrast, we observe relatively high AFI values at locations where SAR 

and DEM datasets are fused since the former dataset is closer to the peak surge of Hurricane 

Matthew (Figure 5-3a). Hindcast flood guidance maps derived from a large-scale hydrodynamic 

model (ADCIRC) and available via the CERA web mapper may also contain uncertainties 

leading to over- and underestimation of maximum flood extent. Particularly, these uncertainties 

in hydrodynamic modeling may have led to a lower global percentage of high water marks 

correctly matched (~19%) as compared to the proposed framework (~39%).  
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Although we could have used the CERA map as an additional input dataset of the CNN & 

DF framework, we intentionally left this map out of the training process and used it for validation 

purposes instead. We therefore evaluate the performance of the framework without the help from 

a large-scale ADCIRC model but focus our efforts on a local-scale hydrodynamic modeling 

(Delft3D-FM) of relatively shorter simulation time and transfer learning approach with pre-

trained model weights. We show the CNN & DF framework achieves moderate-high accuracies 

overall in terms of high water marks and AFI percentages (Table 5-3) even with floodwater 

samples derived from the Savannah River estuary, GA. Hurricane Matthew considerably 

impacted this study area and led to the highest water surface level of the entire southeast Atlantic 

coast. Transfer learning from local to large-scale study areas is seen as a promising alternative for 

compound flood mapping given the complexity and computation burden associated with 

advanced hydrodynamic models at large-scale. 

Limitations of the CNN & DF framework include the selection of a suitable deep learning 

architecture as well as analyses of the associated sources of uncertainty. In general, uncertainty 

from input data (satellite sensor’s calibration and/or associated noise, data heterogeneity, and 

class-conditional distributions), model structure (deep learning architecture and/or number of 

‘deep’ layers), and model parameters (loss function, learning rate, dropout rate, initial bias, 

number of epochs, etc.) can lead to misclassification and/or prediction errors. To overcome such 

limitations, we conduct pre-processing of input data (section 3.1) as well as trial-and-error tests to 

find ‘optimal’ values for patch and kernel sizes, number of epochs and learning rate as suggested 

in several studies (section 3.4). A thorough uncertainty analysis would demand a full study by 

itself given several sources of uncertainty and is therefore left for future studies. Moreover, the 

main goal of this study is to propose a framework based on DL and present it comprehensively. 
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Conclusions 

The Atlantic hurricane season in the U.S. coasts is responsible for multiple deaths, severe 

damages to infrastructure and environmental impacts associated with compound flooding. Flood 

emergency managers and stakeholders are thus in need of real-time detailed flood maps for 

decision-making, prompt emergency response and coastal flood assessment. In this study, we 

presented a modified CNN & DF framework that integrates multi-source remotely sensed data 

and hydrodynamic model results to map compound flooding in the southeast Atlantic coasts of 

the U.S. The framework was trained in the Savannah River estuary, GA and achieved the highest 

accuracy results for all land cover classes when fusing Landsat ARD, SAR, and DEM datasets. In 

absence of Landsat ARD imagery, or equivalently having scenes with too many shadows and 

cloudy pixels, fusing SAR and DEM datasets emerged as a suitable alternative for compound 

flood mapping with accuracies of less than 1% difference with respect to the former alternative. 

The model weights of the pre-trained framework were used for transfer learning in coastal 

counties of the southeast Atlantic coast, and hence allowing for compound flood mapping at 

large-scale. Comparison of flood maps at locations with available USGS – high water marks 

resulted in a higher accuracy of the CNN & DF framework than hindcast flood guidance maps of 

CERA (factor of 2). Nevertheless, both maps showed an overall agreement greater than 80% in 

flood/non-flood areas suggesting that the framework can efficiently discriminate floodwater from 

permanent water classes. We highlight the usefulness of the CNN & DF framework for large-

scale compound flood mapping, and its potential use for a thorough calibration of hydrodynamic 

models and uncertainty reduction in coastal flood hazard assessment. Future work is envisioned 

toward a comprehensive framework that provides not only accurate flood extent maps, but also 

inundation depth based on both deep learning and multi-source data fusion techniques. Likewise, 
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uncertainty analysis of the proposed framework would demand a full study by itself given several 

sources of uncertainty and is therefore left for future studies.  



 ACCOUNTING FOR UNCERTAINTIES IN COMPOUND FLOOD HAZARD 

ASSESSMENT: THE VALUE OF DATA ASSIMILATION6 

Abstract 

Compound flood hazard assessment (CFHA) and modeling are subject to various sources of 

uncertainty including model structure, model parameters, input/forcing data, and those associated 

with nonlinear interactions among flood drivers. Data assimilation (DA) is an efficient method that 

helps quantify and reduce uncertainty in many hydrological applications and has proven to be 

effective in water level (WL) predictions and/or flood forecasts. However, research to date has not 

yet explored the benefits of DA in coastal to inland transition zones where pluvial, fluvial, and 

coastal flood drivers interact. Here, we present a DA scheme consisting of the Ensemble Kalman 

Filter (EnKF) technique and hydrodynamic modeling (Delft3D-FM) to provide (i) reliable WL 

predictions and (ii) accurate (near real-time) flood hazard maps within a 6 hour-assimilation cycle. 

The DA scheme is tested on two well-known compound flood events and study sites in the United 

States, namely Hurricane Harvey for Galveston Bay and Hurricane Sandy for Delaware Bay. WL 

predictions and compound flood hazard maps are validated against observational data collected 

from coastal and inland gauge stations and high water marks obtained from the U.S. Geological 

Survey, respectively. We show that the DA scheme can effectively account for uncertainty and 

reduce errors in peak WL estimates (up to 0.55 m) as well as reduce mean absolute bias in CFHA 

6 Muñoz, D. F., Abbaszadeh, P., Moftakhari H., Moradkhani H. (2021). Accounting for uncertainties in compound 
flood hazard assessment: the value of data assimilation. Coastal Engineering. 
(Submitted). 
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(up to 40%). We conclude that, regardless of the dominant fluvial/pluvial or coastal driver, DA can 

improve CFHAs in low-lying areas including coastal to inland transition zones. 

Introduction 

Compound events result from a combination of multiple drivers and/or hazards that 

contribute to societal or environmental risks (Zscheischler et al., 2020). During these events, 

spatiotemporal coincidence/succession of multiple (non-) extreme hazards and the associated 

nonlinear interactions among physical processes (e.g., oceanic, hydrological, and meteorological) 

can lead to larger impacts than those from isolated hazards (AghaKouchak et al., 2018; Leonard et 

al., 2014). Such nonlinear interactions along with sea level rise and anthropogenic activities (e.g., 

land cover land use change, water extraction, and climate change) may escalate flood risk globally 

and impact ~190 million people currently living below high tide lines (Kulp and Strauss, 2019). 

Over the past years, compound flooding (CF) has been studied with statistical, physically-based, 

or combined approaches improving compound flood hazard assessments (CFHAs) at different 

spatial scales. 

Compound flood hazard assessment 

Statistical approaches for CFHA help characterize the joint occurrence of extreme events 

via multivariate analyses (Bensi et al., 2020; Sadegh et al., 2018; Salvadori et al., 2016), hence 

allowing researchers to conduct assessments at local, regional and global scale (Hendry et al., 2019; 

Wahl et al., 2015; Ward et al., 2018). However, these approaches require observational data from 

gauge stations having a considerable length of records to account for uncertainties when 

characterizing flood hazards at low frequencies or long return periods (e.g., 25, 50, and 100 years). 

Moreover, even if data are available for several years, these approaches may not necessarily lead 

to identical CFHAs as gauge (point-based) measurements cannot fully capture the spatiotemporal 
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patterns of CF (Ghanbari et al., 2021; Moftakhari et al., 2017; Nasr et al., 2021). In contrast, 

physically-based approaches allow for simulating CF and generating flood maps over a user-

defined model domain for a given compound event (Valle-Levinson et al., 2020; Ye et al., 2021). 

Particularly, two-dimensional (2D) hydrodynamic models require a detailed mesh resolution (or 

cell size) to ensure a correct representation of relevant topographic and bathymetric (topobathy) 

features and accurately simulate water level (WL) dynamics (Bilskie and Hagen, 2013). Therefore, 

a series of hydrodynamic models have been developed to solve the continuity and momentum 

equations (Equations 1 to 3, in section 2.3) in 2D depth-average mode (e.g., ADCIRC, Delft3D-

FM, HEC-RAS, ROMS, etc.) and subsequently conduct CFHAs. However, these approaches are 

computationally intensive despite the growing access to powerful and low-cost computational 

resources.  

Linking statistical and physically-based approaches can alleviate computational burden 

since hydrodynamic simulations and/or CFHAs focus on the most likely boundary (forcing) 

conditions given the correlation structure of hazard drivers and desired return period (Moftakhari 

et al., 2019; Muñoz et al., 2020a; Serafin et al., 2019). Despite the advantages and limitations of 

both statistical and physically-based approaches, a thorough CFHA should also account for 

uncertainties derived from boundary conditions (BCs) and/or validation data, model parameters, 

and model structure (Moradkhani et al., 2018; Nearing et al., 2016; Wu et al., 2020). These sources 

of uncertainty, when not accounted for, can significantly affect the accuracy of inundation depth, 

flood extent, and velocity maps in hydrological and coastal systems (Parodi et al., 2020; Saleh et 

al., 2017; Wechsler, 2007). 
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Uncertainty sources 

Uncertainty from BCs in compound flood modeling is associated with the initial state and 

forcing data of the system. The initial state is affected by the uncertainty of topobathy data 

including an inadequate representation of flood-protection infrastructure in digital elevation 

models (DEMs) (e.g., seawalls, levees, and coastal barriers) (Gallien et al., 2018; Sanders and 

Schubert, 2019). In coastal systems, wetland coverage is a well-known source of vertical bias 

especially in light detection and ranging (LiDAR)-derived DEMs where overestimation of true 

topographic elevation can be as high as 0.65 m (Alizad et al., 2018; Medeiros et al., 2015). 

Uncertainty of bathymetric data directly affects velocity and current speed magnitudes, which in 

turn alters complex processes such as sedimentation, salinization, and mixing in rivers and estuaries 

(Cea and French, 2012). Likewise, forcing data (or BCs) and observations are other sources of 

uncertainty that can potentially affect the accuracy of CFHA. These uncertainties are often 

estimated a priori (Moradkhani et al., 2018) or ignored depending on the quality of the data source. 

For example, observation errors from WL stations of the National Oceanic and Atmospheric 

Administration (NOAA) are in the order of millimeters (1 mm) (Asher et al., 2019) whereas 

discharge measurements from U.S. Geological Survey (USGS) stations can range from excellent 

to poor quality, i.e., data within 2% and > 8% of actual flow, respectively (USGS, 2011).  

Another important source of uncertainty is derived from model parameters including 

roughness coefficient, wind-drag, eddy viscosity and diffusivity, and other physically-related 

coefficients that control the dynamics of coastal processes. Among those parameters, the 

Manning’s roughness coefficient is known to alter WL and/or inundation dynamics and therefore 

requires a robust calibration based on land cover and land use (LCLU) maps. When reliable 

LCLUC maps are not available at the desired resolution, alternatively, land cover  maps derived 

from remote sensing data can be used (Muñoz et al., 2021a; Potapov et al., 2020). This in turn aims 
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at improving traditional approaches that rely on a single roughness coefficient for estuarine, 

riverine and floodplain areas (Liu et al., 2018; Ye et al., 2020). Lastly, uncertainty from model 

structure (or process uncertainty) refers to limitations and a priori assumptions of underlying 

processes simulated in physically-based models (Moradkhani et al., 2018; Nearing et al., 2016). 

Models are themselves uncertain as they discretize oceanic, hydrological, and meteorological 

processes to make them suitable for numerical evaluation. Moreover, when using model coupling 

frameworks to provide CFHAs, the uncertainty of modeling processes propagates through the 

coupled models in series (Hasan Tanim and Goharian, 2021; Joyce et al., 2018). This in turn 

requires advanced statistical methods to account for the model’s uncertainty and reduce systematic 

errors. 

Accounting for uncertainty using data assimilation 

The aforementioned uncertainties can be accounted for with sequential data assimilation 

(DA) procedures. The purpose of DA is to combine information from model states with in-situ 

and/or remotely-sensed observations for a better forecast of the fields of interest (Moradkhani, 

2008). DA has been widely used to estimate uncertainties and improve forecasts from hydrological 

(Abbaszadeh et al., 2020; Jafarzadegan et al., 2021; Pathiraja et al., 2018, 2016), meteorological 

(Houtekamer and Zhang, 2016; Navon, 2009) and oceanic models (Bertino et al., 2003; Ghil and 

Malanotte-Rizzoli, 1991). In contrast, relatively few studies have successfully implemented DA 

techniques with coastal-ocean models to reduce uncertainties in storm-surge forecasting and 

coastal inundation. Heemink (1986) conducted one of the pioneer studies for storm-surge 

prediction using Kalman filtering (Kalman, 1960). Later on, Verlaan and Heemink (1997) and 

Cañizares et al., (1998) proposed an approximation of the Kalman filter (KF) algorithm via 

reduced-rank square-root filter to forecast tidal flows and initialize storm-surge models, 
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respectively. Madsen and Cañizares (1999) evaluated the performance of extended (EKF) and 

ensemble (EnKF) methods for assimilation of WL measurements in an idealized bay region. They 

pointed out the ability of both methods to efficiently correct model states given a suitable number 

of leading eigenvalues and ensemble size, and further recommend EnKF for assimilating coastal 

WLs due to highly nonlinear dynamics that arise in flooding and drying of tidal areas.  

More recent studies in storm-surge modeling have proposed alternatives of the Kalman 

filter algorithm to better propagate the error covariance and reduce the computational burden of 

stochastic realizations of coastal ocean models. Among those studies, Mayo et al., (2014) used the 

singular evolutive interpolated KF to estimate roughness (Manning’s) coefficients by assimilating 

water elevation data of an idealized inlet and a coarser representation of Galveston Bay, TX. They 

estimated bed roughness for non-extreme events and/or under typical weather conditions where 

astronomical tides are the dominant forcing condition. Likewise, Asher et al., (2019) developed an 

optimal interpolation-based DA scheme to correct WL residuals, i.e., observed minus simulated 

WLs, of Hurricane Matthew (Oct/2016) along the southeast Atlantic coasts of the U.S. Asher et 

al., (2019) concluded that WL residuals are associated with ‘unresolved drivers’ resulting from 

additional physical processes (e.g., steric variations, baroclinicity, major ocean currents, etc.) that 

are not fully resolved by the continuity and momentum equations, i.e., model structural error.  

Although these studies implemented DA to estimate model parameters and correct WLs at 

the coastal-ocean interface, to the best of our knowledge, there are no studies that explore the 

benefits of DA for CFHA in coastal to inland transition zones where pluvial, fluvial, and coastal 

processes are all of paramount importance (Bilskie and Hagen, 2018). To address this research 

gap, we integrate hydrodynamic modeling (Delft3D-FM) with the EnKF technique for correcting 

peak water surface elevation and improving the accuracy of compound flood maps for two well-

known extreme events: (i) Hurricane Sandy that affected Delaware Bay, DE in October 2012, and 
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(ii) Hurricane Harvey that hit twice Galveston Bay, TX in August 2017. Integration of data 

assimilation and hydrodynamic modeling can enhance stakeholder engagement, assist disaster 

coordinators and decision makers in risk-informed planning and efficient emergency responding 

(Sanders et al., 2020). 

Materials and Method 

Study area 

We select two strategic study sites with unique characteristics and corresponding compound 

flood events to evaluate the feasibility of DA in CFHA. Galveston Bay (G-Bay) is an inlet of the 

Gulf of Mexico and the seventh-largest estuary in the United States (Figure 6-1a). G-Bay is a 

relatively shallow water body of 2 m depth, 56 km length and 31 km width that comprises a total 

area of 1600 km2 approximately (Huang et al., 2021; Sebastian et al., 2019, 2014). Freshwater 

runoff input to the Bay comes from the Buffalo Bayou River (Houston Ship Channel) including 

several streams that join the river in Houston city. The annual average discharge measured at 

Buffalo Bayou station (USGS 08074000) is 50 m3/s approximately. The San Jacinto River is 

another important freshwater source that connects Lake Houston to G-Bay. The Lake Houston dam 

(and spillway on top) can release a maximum flow of 283 m3/s through its gates. An important fact 

of Hurricane Harvey is that the flow exceeded the dam’s capacity, and as a result, a 3.35 m column 

of water was flowing over the 963 m long spillway (https://reduceflooding.com/2019/11/13/aerial-

photos-of-lake-houston-dam-dramatize-need-for-more-gates/). Tides in G-Bay are mixed based on 

the form factor (Pugh and Woodworth, 2014) and so characterized by the lunar diurnal constituent 

(K1) and principal lunar semidiurnal constituent (M2) with tidal amplitudes of 0.15 m and 0.11 m, 

respectively. Ten stations from the NOAA and USGS provide water surface level for model 

calibration (blue squares) comprising the Bay and Houston city downtown (orange polygon). 
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According to official reports of NOAA and the National Hurricane Center (NHC), Hurricane 

Harvey (August 2017) was responsible for one of the most catastrophic flooding events in the 

United States. Harvey made landfall twice in Texas leading to extremely high cumulative rainfall 

of more than 1524 mm over southeastern Texas, and subsequent pluvial flooding with up to 3 m of 

water above ground level (Blake and Zelinsky, 2018).  

Delaware Bay (D-Bay) is a natural state border of New Jersey and Delaware in the east coast 

of the United States (Figure 6-1b). D-Bay is a diamond-shape water body of 210 km length and 45 

km width (18 km at the mouth) that comprises a total area of approximately 2030 km2 (Whitney 

and Garvine, 2006). The Delaware River (USGS 01463500) and Schuylkill River (USGS 

01474500) are two main freshwater runoff inputs to the Bay and have an annual average discharge 

of 340 m3/s and 82 m3/s, respectively. D-Bay has an average bathymetry of  approximately 7 m 

and counts with a deep channel (> 28 m) along its longitudinal axis designed for navigational 

purposes. Tides in the lower part of D-Bay are semidiurnal with M2 tidal amplitudes of 0.75 m. 

Ten stations from the NOAA and USGS are considered for model calibration (blue squares) 

comprising D-Bay and its lateral floodplains (orange polygon). The Atlantic Hurricane season has 

affected D-Bay since 1749 with more than hundred tropical cyclones producing extreme storm 

surges, strong winds and heavy rainfall (Salehi, 2018). Among the major historical hurricanes that 

impacted D-Bay (NOAA-NHC, 2020), Hurricane Sandy (October 2012) resulted from a 

combination of extreme storm surge and moderate rainfall causing pluvial flooding at the coast 

with 1.50 m of water above ground level in Delaware City (Blake et al., 2013).  
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Figure 6-1. Map of the study sites (orange polygons) including available NOAA and USGS 

stations (blue squares) for model calibration and compound flood hazard assessment with data 

assimilation. USGS high water marks (yellow circles) provide inundation depths within the mesh 

extent of (a) Galveston Bay, TX and (b) Delaware Bay, DE. Hurricane’s best track of Harvey 

(green line) and Sandy (purple line) are shown in the top right corners, respectively. 

Data availability 

 We use publicly available data to develop a hydrodynamic model of each study site and 

then validate our results with respect to ground-truth and satellite-based data. Topobathy data are 

obtained from coastal LiDAR-derived DEMs of the NOAA’s Data Access Viewer 

(https://coast.noaa.gov/). The data is referenced to the North American Vertical Datum 1988 

(NAVD88) and have a spatial resolution of 1 m. Manning’s roughness coefficients for D-Bay and 

G-Bay are initially derived from the 2011 and 2016 National Land Cover Database (NLCD) maps, 
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respectively (https://www.mrlc.gov/data). The selected NLCD maps have a 30 m spatial resolution 

with 16 land cover classes representing pre-flood conditions. For simplicity, the classes were re-

grouped into a more general classification to avoid unnecessary specificity in model calibration 

(see section 2.3.2 for details). 

Time-series of observed hourly WL are obtained from NOAA’s Tide & Currents portal 

(https://tidesandcurrents.noaa.gov/) and are used as downstream BCs at selected stations as well 

as calibration data for the hydrodynamic models. In addition, we use a time-series of hourly river 

discharge from the USGS portal (https://maps.waterdata.usgs.gov/mapper/) as upstream BCs at 

selected stations. Some USGS stations with available WL records are also considered for model 

calibration (Figure 6-1). Likewise, post-flood high water marks (HWMs) from the USGS 

indicating inundation depth at several locations of G-Bay and D-Bay are available in the Flood 

Event Viewer website (https://stn.wim.usgs.gov/fev/). Local wind (10 m height), sea level 

pressure and rainfall data are obtained from the ERA5 reanalysis dataset 

(https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5). The dataset consists of 

gridded hourly data with a spatial resolution of 30 km. 

Model configuration 

Hydrodynamic models of G-Bay and D-Bay are developed with the 2021 Delft3D-FM suite 

package in 2D (depth-averaged) mode (Roelvink and Van Banning, 1995). The models use an 

unstructured finite volume grid to solve the depth-averaged continuity and momentum equations 

(Equations 1 to 3) under the assumption that vertical length scales are significantly smaller than 

the horizontal ones (Lesser et al., 2004). Delft3D-FM can simulate complex riverine, estuarine and 

intertidal flat hydrodynamics and account for nonlinear interactions of river flow, rainfall, storm-

surge, wind, etc. (Deltares, 2021). Moreover, the model package has been used in several CF 
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studies at local and regional scale with satisfactory results (Bevacqua et al., 2019; Kumbier et al., 

2018; Muis et al., 2019; Muñoz et al., 2020a; Salehi, 2018). + ( ) + ( ) = 0 (1) 

+ + − = − − + + + +  (2) 

+ + + = − − + + + +  (3) 

where ζ is water surface elevation (above still water), t is time, h is water depth (below horizontal 

datum or still water), and u and v are the 2D depth averaged velocities in x and y directions, 

respectively. f is the Coriolis parameter, τb is bottom friction, τw is wind friction acting at the free 

surface, ρ0 is the constant water density, p is the atmospheric (sea level) pressure, g is the 

acceleration of gravity, vV is the vertical eddy viscosity coefficient, and Mx and My represent the 

contributions due to external sources or sinks of momentum (e.g., discharge or withdrawal of 

water).    

Model setup 

The G-Bay model has a varying cell-size spatial resolution ranging from 20 m in Houston 

city and the navigational channel up to 2 km in the Gulf of Mexico. The unstructured mesh 

comprises key features of the system such as the Houston Ship Channel, lateral floodplains, 

wetlands, and natural parks located downstream the Lake Houston Dam (Figure 6-2a). The mesh 

at Houston city is limited by several discharge BCs including Whiteoak Bayou (USGS 08074500), 

Buffalo Bayou (USGS 08073700), Brays Bayous (USGS 08075000), and Sims Bayou (USGS 

08075500). The Lake Houston Dam limits the mesh at the northern side where the sum of all 

upstream freshwater input is used as BC. Clear Creek (USGS 08077600) and the Trinity River 

(USGS 08067252) limit the mesh at the western and eastern side, respectively. For simplicity, three 
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downstream BCs at the ocean boundary namely San Luis Pass (NOAA 8771972), Galveston Bay 

Entrance (NOAA 8771341), and Rollover Pass (NOAA 8770971) provide coastal WLs at the outlet 

of the Bay. 

The D-Bay model has a cell-size spatial resolution of 20 m in urban areas and around the 

navigational channel that connects the Bay with the Delaware River (Figure 6-2b). A coarser 

resolution up to 1.4 km is used in the Atlantic Ocean and in some parts of the Bay with relatively 

large water depths. The unstructured mesh covers wetland regions, small streams and lateral 

floodplains in Delaware and New Jersey (Figure 6-2b). Discharge BCs in the upstream part of the 

Bay include the Delaware River (USGS 01463500), Schuylkill River (USGS 01474500), 

Brandywine Creek (USGS 01481500), Silver Lake tributary (USGS 01483155) and Blackbird 

Creek (USGS 01483200). The mesh is also limited at the western and eastern side by the Murderkill 

River (USGS 01484080) and Maurice River (USGS 01411900), respectively. In absence of a 

representative gauge station at the bay-ocean boundary, coastal WLs are derived from model 

simulations of the Advanced Circulation (ADCIRC) model. These time-series data were used in 

similar flood studies involving the Delaware Bay basin and Hurricane Sandy (Bakhtyar et al., 2020; 

Muñoz et al., 2021c; Yin et al., 2021). 

We use local wind, sea level pressure, and precipitation data obtained from the ERA5 

reanalysis dataset as additional forcing into the model. Likewise, we correct vertical bias in 

wetland areas of G-Bay and D-Bay prior interpolation over the unstructured mesh. For this, we 

use a previously developed ‘DEM-correction’ tool that adjusts surface elevation in coastal 

wetlands based on ‘emergent herbaceous’ wetland coverage of the NLCD (Muñoz et al., 2019). 

The tool modifies an existing DEM through linear elevation adjustment and site-specific 

parameters (Alizad et al., 2018), and helps reduce uncertainty in compound flood and velocity 

maps derived from hydrodynamic simulations (Muñoz et al., 2020a).   
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 Figure 6-2. Model domain, USGS/NOAA boundary conditions, and topobathy data (NAVD88 

datum) interpolated over the unstructured mesh of (a) Galveston Bay, TX, and (b) Delaware Bay, 

DE. 

Model calibration 

We calibrate roughness values based on the 2011 and 2016 NLCD maps of D-Bay and G-

Bay, respectively, as they contain land cover distributions prior to any effects of hurricane-induced 

flooding such as wetland loss, shoreline erosion, and sediment deposition (Morton and Barras, 

2011). It is important to note that here the goal of model calibration is to estimate the best possible 

model parameters and provide reasonable initial state estimates of the system (e.g., surface WL 

and flow velocities) used for further ensemble-based model simulations (see section 2.4.3 for 

details). For this, we regrouped and refined the original NLCD classes into five main categories as 

follows: open water, riverine water, navigational (or dredged) areas, coastal wetlands, and urban 

areas (Figure 6-3). The remaining land cover classes of the NLCD map (e.g., crops, pasture, forest, 
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etc.) are left with recommended roughness values due to their negligible effect on flood dynamics 

(dry areas). 

 
Figure 6-3. Land cover categories used for model calibration via the Latin Hypercube Sampling 

(LHS) technique in (a) Galveston Bay, TX and (b) Delaware Bay, DE. 

 A common approach for hydrodynamic model calibration consists of multiple runs with 

randomly sampled Manning’s roughness values (e.g., Monte Carlo approach) with the objective 

of: (i) minimizing the root mean square error (RMSE) between observed and simulated WLs, and  

(ii) maximizing their correlation. However, those ‘calibrated’ values may not be the optimal ones 

due to the Monte Carlo sampling procedure. Another alternative for calibration is the Latin 

Hypercube Sampling (LHS) technique that has been used for uncertainty propagation in complex 

systems and models (Cea and French, 2012; Iman et al., 1981). LHS results in a denser stratification 

over the range of each sampled parameter as compared to random sampling. Furthermore, the 

advantage of LHS over Monte Carlo is that the former technique leads to more stable results, i.e., 



188 

close to the true probability density function of the parameter, and facilitates the identification of 

interactions among multiple parameters (Helton and Davis, 2003).  

We therefore sample roughness values with the LHS technique and use pre-defined lower 

and upper limits for each land cover category (Table 6-1). The range of Manning’s roughness 

values is derived from pertinent literature including hydrodynamic and open channel flow studies 

(Arcement and Schneider, 1989; Chow, 1959; Liu et al., 2018). Model runs start on August 5, 

2017 and October 11, 2012 for G-Bay and D-Bay, respectively, and ensure WL variability during 

high and low tides in the system, i.e., spring-neap tidal cycle (Pugh and Woodworth, 2014). We 

intentionally consider extreme WLs of Hurricane Harvey and Sandy in the calibration process to 

prove the benefits of DA in CFHA even with a rigorously calibrated model. 

Table 6-1. Range of Manning’s roughness values used for calibration of Delaware Bay and 

Galveston Bay models. 

Land cover category Lower limit Upper limit G-Bay* D-Bay* 

Open water 0.005 0.035 0.015 0.021 

Riverine water 0.010 0.150 0.037 0.028 

Navigation areas 0.010 0.200 0.011 0.012 

Coastal wetlands 0.025 0.200 0.051 0.159 

Urban areas 0.020 0.070 0.030 0.021 

*Optimal (calibrated) roughness values.

Evaluation metrics 

We compare observed and simulated WLs using the Taylor diagram (Taylor, 2001) as 

proposed in hydrological and coastal studies (Abbaszadeh et al., 2018; DeChant and Moradkhani, 

2012; Muñoz et al., 2020a). The diagram combines three performance measures to evaluate the 

goodness of fit between two time series: i) the Pearson’s correlation coefficient (R2) that 

measures the strength (and direction) of a linear relationship between the time series, ranging 
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from 0 (poor) to 1 (perfect match), ii) the normalized root mean square difference (RMSD) that 

quantifies the similarity between the time series and ranges from 0 (perfect analogy) to ∞ (total 

dissimilarity), and iii) the standard deviation ratio (or ratio of variances) quantifies the relative 

amplitude of variation between the time series; where the smaller the variation the closer SDR to 

1. Likewise, we use additional deterministic and probabilistic metrics to provide a robust analysis

of model calibration and the assimilation process. Those metrics are the Nash-Sutcliffe efficiency 

(NSE) ranging from 0 to 1 (Nash and Sutcliffe, 1970), the Kling-Gupta efficiency (KGE) with 

values between -∞ and 1 where efficiency of 1 indicates a perfect match (Gupta et al., 2009), and 

the mean absolute bias (MAB) that quantifies the bias of the simulated variable with respect to 

the observation data. In MAB, a value of 0 suggests an absence of bias in model simulations. 

Lastly, reliability (RL) is a probabilistic metric that quantifies the statistical consistency between 

a time-varying variable and the corresponding distribution (Renard et al., 2010). RL ranges from 

0 (poor) to 1 (perfect match) between the predictive Q-Q plot and the theoretical quantile of 

uniform distribution (U [0,1]). For the readers’ convenience, all pertinent equations are included 

in the appendix (Table A-6-1). 

Data assimilation 

DA consists of the application of Bayes’ theorem  to probabilistically condition model 

states on observations; and ultimately forecast the state of a system based on the knowledge of 

the initial state (Moradkhani et al., 2018). We define WL in coastal to inland transition zones as 

the model state (Equation 4) and condition simulated WLs from hydrodynamic modeling to the 

corresponding observation at the USGS and NOAA stations (Equation 5). Hereinafter, we follow 

the nomenclature proposed in Moradkhani et al., (2005b) to define all pertinent variables = ( , , ) + ;      ~ Ṅ(0, Σ )              (4) 
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= ℎ( , ) + ;      ~ Ṅ 0, Σ               (5) 

where xt, ŷt, and ut are model state, model prediction, and forcing data vectors at the current time-

step t, respectively. f(.) is the generalized nonlinear state-transfer function (or forward operator) 

whereas h(.) is the observation operator that translates model states into observation space. ωt+1 

and νt+1 are additive noise terms (e.g., stochastic or random error) representing uncertainties from 

model structure and observation data, respectively. Both uncertainties are assumed to be 

independent of each other and derived from a normal (Ṅ) or Gaussian distribution with zero mean 

and covariances Ʃ xt and Ʃ yt+1. θ is a time-invariant parameter vector that represents (calibrated) 

spatially varying Manning’s roughness values (Table 6-1).  

For simplicity, we assume that a robust calibration of spatially varying θ-values in coastal 

to inland transition zones (see section 2.3.2) in addition to accurate topobathy data (see section 

2.2) can lead to reasonable WL estimates without requiring a sequential update or adjustment 

through time. Moreover, compound effects of flood drivers have a relatively short duration (e.g., 

lag times up to 7 days) that might not significantly alter the previously calibrated roughness 

values (Klerk et al., 2015; Moftakhari et al., 2017; Ward et al., 2018).  

Ensemble Kalman Filter technique 

We use the EnKF technique to correct model states (WL estimates) in coastal to inland 

transition zones since the ensemble-based formulation is suitable for systems with strongly 

nonlinear dynamics (Evensen, 2002); especially those emerging from complex interactions of 

pluvial, fluvial, and ocean drivers. The EnKF uses a recursive algorithm that processes a 

predefined set of ensemble model states (Equation 6) and allows for constructing time-evolving 

probability density functions (PDFs) with the associated error covariance matrix (Moradkhani et 

al., 2005b). The PDFs are sequentially adjusted in the algorithm to match observations, which 
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must be treated as a random variable (Burgers et al., 1998). This in turn prevents that the updated 

ensemble results in unrealistic (too low) variances (Equation 7). Similarly, uncertainty from 

forcing data is often derived from stochastic perturbations with a Gaussian error (Equation 8). 

However, in low-lying areas, CF is dominated by extreme coastal WLs (e.g., storm surge) that 

are better characterized by the General Extreme Value (GEV) distribution (Muis et al., 2019; 

Wahl et al., 2017).  = , , + ;      ~ Ṅ(0, Σ ) (6) = + ;      ~ Ṅ 0, Σ (7) = + ;      ~ Ṅ(0, Σ ) (8) 

where i = 1, 2, 3… n-ensemble members. xi-t+1 and xi+t+1 are the ith forecast (prior) ensemble 

member at time t+1 and the ith updated (posterior) ensemble member at time t, respectively. yit+1 

is the ith observation replicate whose mean value is the actual observation and noise term derived 

from a Ṅ distribution. Similarly, uit is the ith forcing replicate with Gaussian noise (ζ it) of zero 

mean and covariance Ʃ ut (Moradkhani et al., 2005b). 

We perturb forcing data using the GEV distribution for downstream BCs (coastal WL) 

and the Ṅ distribution for upstream BCs (river discharge) accordingly. Regarding the GEV 

distribution, we conveniently select NOAA stations having long records to ensure a proper 

characterization of extremes. Those stations are Galveston Pier 21, TX (NOAA – 8771450) and 

Lewes, NJ (NOAA – 8557380) as they have been collecting hourly WL data since 1904 and 

1919, respectively. The error covariance matrix associated with the state forecast estimate 

(Equation 9) and observation forecast (Equation 10) is calculated after each round of ensemble 

model simulations. Subsequently, the Kalman gain (Equation 11) is estimated with the forecast 
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cross-covariance matrix of the state variables (Equation 12) and the forecast error covariance 

matrix of the observation forecast (Equation 13). = ∑        (9)

= ∑  (10) 

=  Σ Σ + Σ (11) Σ = − − = ⋯
… ∑ − −  (12) 

Σ = − − = ⋯
… ∑ − −  (13) 

Equations 9 to 13 follow the standard KF formulation except that the model covariances 

are directly estimated with the ensemble members. In addition, these equations simplify the 

updating process as there is no need for linearization of the model (Moradkhani et al., 2018). 

Lastly, the ensemble members are updated as follows: = + − ŷ  (14) 

Mass and force balance closure   

A well-known limitation of the EnKF is that this technique alters the mass water balance 

(or continuity equation) when adding or subtracting water into/from the system to update model 

states (Abbaszadeh et al., 2019; DeChant and Moradkhani, 2012; Matgen et al., 2010). Likewise, 

such an update (or correction) of surface WL will not last enough in coastal systems due to a 

rapid barotropic adjustment in the velocity field (Asher et al., 2019; Valle-Levinson, 2010). A 

possible solution that might help achieve an adequate mass and force balance closure of the 
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system consists in a simultaneous update of forcing data and model states in the continuity (Eq. 

1) and momentum equations (Eq. 2 and 3), respectively. Following the approach of Asher et al.,

(2019), we introduce a fictitious force term in the momentum equation to match the WL 

correction accordingly. This force is derived from the inverse barometer relationship (Equation 

15) that relates any changes in atmospheric pressure (Δp) to the corresponding changes in surface

WL (Δζ). = + =  −   ζ (15) 

where pa is the actual pressure and Δp is referred as to the pseudo atmospheric pressure. 

Substituting this expression into the momentum equations (Eq. 2 and 3), the so-called 

pseudo atmospheric pressure allows the water level correction to propagate over the other 

equation terms (Equations 16 and 17).  + + − = − − ( ) + + + +      (16) 

+ + + = − − ( ) + + + +       (17) 

Data assimilation scheme for compound flood hazard assessment 

An important aspect of the DA cycle (Figure 6-4) is that the variances of input (e.g., initial 

condition, observation, and BCs) and output data (model states) are assumed to be heteroscedastic, 

i.e., the variances are proportional to their corresponding magnitudes (Eqs. 6 to 8). This 

assumption, in addition to a sufficient ensemble size (N), ensures that the ensemble spread can 

effectively characterize the uncertainty associated with input and output data; hence improving the 

efficiency of the EnKF technique (Burgers et al., 1998; Moradkhani et al., 2005b). In that regard, 

we tune a set of proportionality factors (F) and N based on trial-and-error experiments conducted 

with a high-performance computing system. F ranges from 5% to 25% with a 5% increment 
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whereas N is set to 25, 50, 100, and 200 members. Based on those experiments, we found that 

model simulations with 100 ensemble members and factors of initial state and observational data 

(10%), forcing data (20%), and model states (15%) are suitable for characterizing the associated 

errors. In addition, we noticed that using a larger N (e.g., more than 100 ensemble members) in the 

DA scheme did not improve the model performance with respect to open-loop (OL) simulations, 

i.e., simulations where both initial state and forcing data are perturbed without any assimilation 

cycles. Moreover, we noticed that a larger N increased the computational burden and simulation 

time even with parallel simulations conducted with a high-performance computing system. 

The initial state of the system for every node of the unstructured mesh (Figure 6-2) is 

derived from a 15-day model run prior to the assimilation starting point, which begins on August 

20, 2017 and October 26, 2012 for G-Bay and D-Bay, respectively. Likewise, the assimilation 

cycle is set to 6 h (e.g., WL update every 6h) in accordance with hurricane advisories of the NHC. 

Although daily assimilation cycles are common in hydrological modeling, this would not be useful 

from a storm surge forecast perspective. The assimilation window encompasses a total time (T) of 

7 days for D-Bay and 13 days for G-Bay due to a relatively long flood recession period (Figure S-

6-2, supplementary material).  

 Another key aspect of the DA scheme is the generation of flood hazard maps for CFHA 

over the study sites. We propose a simple yet practical approach to estimate flood extent and 

maximum floodwater height (MFH) in absence of readily available satellite imagery for 

assimilation purposes. The approach consists of identifying ensemble members and their 

corresponding flood maps that match the WL update at any observation station for a given time 

step. We argue that these maps preserve the underlying physics controlling compound flood 

dynamics even though they have not been corrected due to limited observation data in the entire 

model domain. As part of the identification and/or selection process, we use a threshold value 
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consisting of the desired WL update ± 1 cm. The flood maps whose WLs (at the observation 

stations) fall within the threshold value are then spatially overlayed to compute a single MFH 

composite for the entire model domain. Note that larger threshold values would eventually 

identify most of the ensemble members; and consequently, the MFH composite might 

overestimate floodwater heights instead. The MFH composite is recomputed every 6 h along with 

WL updates in near real-time, which in turn can assist in flood control management and prompt 

emergency responses. The proposed approach is further validated with respect to USGS – high 

water marks collected after Hurricane Harvey and Sandy (Figure 6-1). 

Figure 6-4. Schematic of the data assimilation (DA) process with the Ensemble Kalman Filter 

(EnKF) technique for compound flood hazard assessment (CFHA).  Dark-blue boxes are updated 

sequentially within the DA process. 
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Results and Discussion 

Model calibration with the LHS technique 

 We use Taylor diagrams to compare observed and simulated WLs at ten selected NOAA 

and USGS stations in G-Bay and D-Bay (Figure 6-5, and Figure S-6-1 (supplementary material)). 

Time series used in the diagrams are selected around the peak WL to highlight the models’ 

performance for CF. The pink circles displayed in the Taylor diagrams represent the evaluation 

metrics obtained from a given combination of Manning’s roughness values with respect to 

observational data (black circle). Among 200 combinations of roughness values, the best 

combination (red circle) is associated with the calibrated roughness values for all selected stations 

(Table 6-1). The statistical metrics of the Taylor diagram suggest that stations located close to the 

ocean (Figure 6-5, top panel) are less sensitive to changes of roughness values as compared to the 

ones located in transition zones (middle panel) and upstream areas (bottom panel). Consequently, 

models’ performance varies from relatively high accuracies in coastal areas (e.g., RMSD < 0.4, 

SDR close to 1, and R2 > 0.9) to moderate accuracies in upstream areas (e.g., RMSD < 0.6, SDR 

close to 1 and R2 > 0.8).  

 Moreover, the relative influence of either coastal or inland flood drivers on CF may have 

affected model’s performance at the selected stations despite a robust model calibration with the 

LHS technique (Figure S-6-1). CF in G-Bay was characterized by extreme rainfall (7.6x10 m3) and 

river-discharge pulses from the Buffalo Bayou River and the San Jacinto River that together 

produced an excessive freshwater runoff of 1.4x10 m3 (Huang et al., 2021; Valle-Levinson et al., 

2020). The dominance of fluvial flooding over storm surge during Hurricane Harvey probably 

caused the permanent damage of Lynchburg Landing station (NOAA – 8770733) located at the 

confluence of those rivers (Valle-Levinson et al., 2020). In contrast, CF in D-Bay was mainly 
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driven by extreme coastal WLs with storm tides of ~1.25 m above mean-higher high water at the 

Lewes station (Blake et al., 2013). Similarly, the dominance of storm surge over fluvial flooding 

during Hurricane Sandy may have interrupted the well-functioning of Brandywine Shoal Light 

station (NOAA - 8555889) located in the lower part of D-Bay (Fanelli et al., 2013). 

The evaluation metrics displayed in Figure S-6-2 (supplementary material) are also 

calculated around the peak WL. As mentioned before, the models perform satisfactorily at stations 

located in coastal areas where RMSE is below 0.25 m. Likewise, a relatively high RMSE is 

observed in transition zones where coastal and inland flood drivers interact. For example, 

Manchester (Figure S-6-2i) and San Jacinto River stations (Figure S-6-2s) show the strong effect 

of pluvial and fluvial forcing on G-Bay. Although model simulations match the observed tidal 

magnitude and phase accurately (NSE > 0.87), the model fails in capturing the peak WL attributed 

to excessive freshwater runoff. The G-Bay model overestimates the peak WL by 0.30 m at 

Manchester station (KGE = 0.85) whereas the peak at San Jacinto River is underestimated by 1.80 

m (KGE = 0.68). Similarly, Burlington (Figure S-6-1j) and Christina River stations (Figure S-6-

1t) show the effect of ocean forcing on D-Bay especially at the peak storm surge where the model 

fails in capturing the peak magnitude even though the tidal phase is correctly represented (NSE > 

0.74). The D-Bay model underestimates the peak WL in both stations with 0.35 m (KGE = 0.69) 

and 0.40 m (KGE = 0.61), respectively. 

This preliminary analysis suggests that hydrodynamic modeling can benefit from DA 

especially in transition and upstream areas where over- and underestimation of WL are evident 

regardless of the dominant flood driver (e.g., freshwater runoff or storm surge). Moreover, we 

argue that a well-calibrated hydrodynamic model may not require correcting time-varying 

roughness values, unlike hydrological models where model parameters are most often preferred to 

be corrected in conjunction with model state variables during the assimilation period (Abbaszadeh 
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et al., 2020; Meng et al., 2017; Ziliani et al., 2019). In particular, improvements in hydrodynamic 

modeling including the underlying physics, mesh decimation, and reliable topobathy data in coastal 

areas have resulted in a better model skill for storm surge forecasts and CF (Bilskie et al., 2020; 

Bode and Hardy, 1997; Mandli and Dawson, 2014; Santiago-Collazo et al., 2019). 
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Figure 6-5. Taylor diagrams summarizing the goodness of fit between observed and simulated 

water levels. The statistical metrics evaluate 200 combinations of Manning’s roughness values 

generated with the Latin Hypercube Sampling (LHS) technique. Selected NOAA and USGS 
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stations represent coastal (a, b), transition (c, d) and upstream areas (e, f) in Galveston Bay (left 

panel) and Delaware Bay (right panel). 

Data Assimilation with the EnKF Technique 

The deterministic metrics namely RMSE, NSE, and KGE evaluate the performance of DA 

(blue text) and OL simulations (red text) at ten NOAA and USGS stations of G-Bay and D-Bay 

(Figure 6-6, and Figure S-6-3 (supplementary material)). In general, the EnKF technique helps 

reduce both over- and underestimation in WL predictions as compared to the OL simulations; 

especially in transition and upstream areas where inland and coastal flood drivers interact. In 

coastal areas (Figure 6-6, top panel), such an improvement is noticeable in Galveston Pier 21 

station where freshwater runoff attenuates the incoming tide propagating from the Gulf of Mexico. 

Model simulations after DA can satisfactorily predict WL variability during the CF event since 

RMSE is reduced by 35% with respect to the OL simulation whereas both NSE and KGE increase 

up to 0.88. In contrast, the OL simulation overestimates the peak WL including the flood recession 

limb on August 30. Lewes station in D-Bay shows that WL estimates with DA and OL simulations 

are almost identical, and tides propagate from the Atlantic Ocean without any noticeable influence 

of freshwater runoff. Nevertheless, the deterministic metrics reflect a slight improvement in WL 

prediction with DA since RMSE is reduced by 14% whereas NSE and KGE increase up to 0.96 

and 0.95, respectively. Likewise, RL ≥ 0.85 in both stations suggests that the ensemble spread is 

appropriate for generating reliable WL predictions. 

In transition zones (middle panel), Morgans Point shows a moderate improvement in WL 

prediction. RMSE is reduced by 11% with respect to the OL simulation whereas NSE and KGE 

increase up to 0.84 and 0.77, respectively. However, after the peak WL on August 27, there is an 

evident overestimation of WL that propagates over the recession limb. This is likely associated 
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with a high uncertainty in river discharge estimates from the San Jacinto River located at the 

northeastern side of Houston City (Figure 6-1). In fact, detailed analyses of forcing conditions 

during Hurricane Harvey suggest that the observed WLs at Morgans Point are primarily attributed 

to the San Jacinto River’s flooding with a limited contribution of the Buffalo Bayou River (Valle-

Levinson et al., 2020). Similarly, Ship John Shoal station located in the transition zone of D-Bay 

shows a considerable improvement in WL prediction. The EnKF technique corrects a clear 

overestimation of high and low WLs on October 30 which in turn helps reduce RMSE by 35% and 

increase NSE and KGE up to 0.94 and 0.86, respectively. The ensemble spread in both stations can 

produce reliable WL predictions since RL ≥ 0.90. 

The benefit of the EnKF technique for WL prediction is also evident in upstream areas of 

G-Bay and D-Bay (bottom panel). Buffalo Bayou is among the stations in Houston City that 

reported historic WLs (> 3.5 m) associated with the compound effect of inland and ocean flood 

drivers. Although both OL and DA simulations match the peak WL, the assimilated one can 

reproduce WL variability with a higher accuracy especially before August 27. Note that 

underestimation of WL during the rising limb is compensated by an overestimation around the 

peak WL on August 28. The latter is reflected in both NSE and KGE as they achieve very high 

values ranging from 0.93 to 0.97 regardless of the EnKF implementation. Nonetheless, RMSE is 

reduced by 19% with respect to the OL simulation. Christina River station in D-Bay shows that the 

OL simulation cannot reproduce WL variability around the peak and beyond August 30. The DA 

simulation helps reduce both over- and underestimation of WL within the assimilation window, 

and as a result, RMSE is reduced by 33% with respect to the OL simulation. Likewise, NSE 

increases up to 0.89 even though KGE shows a slight decrease (0.83) in the DA simulation. RL ≥ 

0.89 suggests that the ensemble spread is appropriate and can produce reliable WL predictions. 
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Figure 6-6. Predicted and observed water levels using the (EnKF) technique in Galveston Bay 

(left panel) and Delaware Bay (right panel) for Hurricane Harvey and Hurricane Sandy, 

respectively. Open loop (OL) simulations (red dashed lines) and data assimilation (DA) results 

(blue solid line) are compared to observation data (black dots) in terms of RMSE, NSE and KGE. 

The ensemble spread of posterior simulation (light blue) is evaluated with the reliability metric 

(RL). Selected NOAA and USGS stations represent coastal (a, b), transition (c, d) and upstream 

areas (e, f). 

In addition to time series analyses, we compare the prior (forecast) and posterior (update) 

distributions of WL simulations at NOAA and USGS stations of G-Bay and D-Bay (Figure 6-7, 

and Figure S-6-4 (supplementary material)). In general, the expected value of the posterior 
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distributions is closer to the observed peaks (black circle) than that of the prior distribution in all 

stations, suggesting that the assimilation process could result in more reliable and accurate WL 

predictions. In coastal areas (Figure 6-7, top panel), such an improvement is more discernible at 

Galveston Pier 21 station where the EnKF technique helps correct overestimation of WL even at 

the start of the assimilation process (t = 0). This was also observed at the peak WL (t = tp) and 

the end of the simulation period (t = T). The improvement of WL prediction is less evident for the 

Lewes station at the three instances since the calibrated model (OL simulation) can represent 

storm surge accurately (Figure 6-6b). Nevertheless, uncertainty bounds around the observed WL 

are considerably reduced with the posterior distribution at t = T. In transition zones (middle 

panel), Morgans Point and Ship John Shoal show a similar pattern as the posterior distribution is 

centered around the observation data and uncertainty is reduced at the three instances. The 

improvement in WL prediction is also reflected in upstream areas of the study sites (bottom 

panel). The expected value of prior distributions overestimates the observed WL at Buffalo 

Bayou station (up to 0.30 m at t = T) and underestimates the peak WL at the Christina River 

station (0.55 m at t = tp). Furthermore, note that the prior distribution (WLs before correction or 

update) tends to overestimate the actual observation in all stations of G-Bay whereas the opposite 

is observed in D-Bay.      
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Figure 6-7. Forecast (prior) and update (posterior) distributions of water level simulation at the 

start (t = 0), peak water level (t = tp), and end of the simulation period (t = T) for Galveston Bay 

(a, c, e) and Delaware Bay (b, d, f). Selected NOAA and USGS stations represent coastal (a, b), 

transition (c, d) and upstream areas (e, f). 

Compound flood hazard assessment with DA  

 Another key aspect of the DA scheme is the generation of flood hazard maps in the absence 

of observational data in space (e.g., wetlands, floodplains, etc.) as opposed to gauge (point-based) 

data. Hereinafter, we compare flood hazard maps obtained from the two well-calibrated models 

(Figure S-6-2) with respect to MFH composites derived from the proposed DA scheme (see section 

2.4.3). For this, we leverage the assimilation process (Figure 6-4) and identify flood maps that 

match the WL update at selected NOAA and USGS stations. These maps are overlaid to compute 
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MFH composites covering the entire model domain. To validate this approach, we compare the 

resulting composites (and associated point data) with respect to USGS – high water marks collected 

after Hurricane Harvey and Hurricane Sandy (Figure 6-8, top panel). The 1:1 fit line represents a 

perfect match between simulated and observed maximum WLs in the study sites. In general, the 

MFH composites are more accurate than flood hazard maps of the well-calibrated models since the 

mean absolute bias (MAB) is reduced by 25% in G-Bay and by 43% in D-Bay. In both study sites, 

the calibrated models tend to underestimate the observed high water marks as most of the data is 

below the 1:1 fit line. In contrast, the MFH composites (or point data) are well aligned with the 1:1 

fit line especially in G-Bay that has about 240 verified marks in the model domain (Figure 6-1a). 

Although the MFH composite of D-Bay is validated with only 13 available marks in the model 

domain (Figure 6-1b), the advantage of the DA process is evident as well. 

To further examine the benefits of the assimilation process for CFHA, we compare the flood 

hazard maps and the MFH composites in terms of WL residuals (Figure 6-8, bottom panel). 

Based on the previous validation process, we consider the MFH composite as a reference and 

identify zones where flood hazard is overestimated (positive residuals) and underestimated 

(negative residual). The largest negative residuals are observed along the Buffalo Bayou River 

(Houston Ship Channel), the San Jacinto River, Cedar Bayou, and surrounding areas where the 

underestimation of MFH is above 0.7 m. Likewise, MFH is underestimated in the middle of G-

Bay (0.6 m) and overestimated in upstream areas beyond the flood risk zone (0.10 m). In 

contrast, the largest negative residuals in D-Bay are rather scattered around Lewes, Cape May, 

the Delaware National Estuarine Reserve (NER), and Trenton where the underestimation of MFH 

is above 1 m. The residual is almost negligible beyond wetland regions (at the edges of the Bay) 
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and in upstream areas of D-Bay. 

Figure 6-8. Compound flood hazard assessment (CFHA) for Hurricane Harvey in Galveston Bay 

(left panel) and Hurricane Sandy in Delaware Bay (right panel). (a, b) Validation of maximum 

floodwater height composites (MFH) with respect to high water marks of the U.S. Geological 

Survey (USGS). (c, d) WL residuals between flood hazard maps of well-calibrated models (based 

on LHS) and MFH composites (based on DA) show zones of overestimation (positive) and 

underestimation (negative) when conducting CFHA. 
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Overall, the DA process via the EnKF technique allows for reducing uncertainty in CFHA 

as compared to a rigorously calibrated model. Although assimilation of flood extent from satellite-

based imagery (or radar data) is desirable (Annis et al., 2021), this is not always possible from a 

CFHA perspective. Satellite’s revisit frequency is usually in the order of days, and so hinders 

sequential assimilation of spatial data and/or near real-time flood detection and mapping (Anusha 

and Bharathi, 2020; Kabir et al., 2020b; Muñoz et al., 2021b; Uddin et al., 2019). Moreover, even 

with available cloud-free imagery and/or radar data, the acquisition date may not coincide with that 

of the maximum flood extent and so hinder any efforts in CFHA with DA. Our approach attempts 

to overcome this issue by generating near real-time MFH composites within the DA cycle (6 h-

update). 

Conclusions 

 Compound flood hazard assessment (CFHA) is a challenging yet crucial task that can 

benefit from data assimilation (DA) techniques. Although coastal hydrodynamic models are well-

suited to predict storm surge and associated WL variability, complex and nonlinear interactions 

emerging from inland and coastal flood drivers increase the uncertainty in WL prediction and 

compound flood modeling especially in coastal to inland transition zones. In this study, we first 

developed a pair of high-resolution hydrodynamic models in Delft3D-FM, corrected wetland 

elevation bias in topographic data, and conducted a robust model calibration with the Latin 

hypercube sampling (LHS) technique in order to reduce any potential source of error in WL and 

compound flood simulations. We then used a DA scheme based on the Ensemble Kalman Filter 

(EnKF) technique and hydrodynamic modeling to provide reliable WL predictions and accurate 

near real-time flood hazard maps (e.g., 6 hour-sequential update). In addition, we attempted to 

close the mass and force balance of the system by adjusting both continuity and momentum 
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equations and so forced the system to the desired surface WL. The proposed DA scheme was tested 

on two well-known compound flood events and study sites in the United States, namely Hurricane 

Harvey for Galveston Bay (G-Bay) and Hurricane Sandy for Delaware Bay (D-Bay), and further 

validated with verified high water marks of the U.S. Geological Survey.  

Compound flooding (CF) in G-Bay was primarily attributed to extreme freshwater runoff from 

the San Jacinto River and the Buffalo Bayou River that jointly elevated WLs in both inland and 

coastal gauge stations. For this event, the proposed DA scheme corrected overestimation in WL 

predictions (up to 0.25 m) with respect to open-loop simulations and reduced mean absolute bias 

(MAB) by 25% with respect to the calibrated model. Unlike the G-Bay, CF in D-Bay was driven 

by extreme coastal WLs (storm surge) that propagated from the ocean boundary to inland stations 

distributed along the Delaware River. Here, the DA scheme corrected underestimation in the 

predictions (up to 0.55 m) and reduced MAB by 43%. From a CFHA perspective, the 

assimilation process helped generate maximum floodwater height (MFH) composites as a proxy 

for updated WLs over the entire model domain (e.g., flood hazard maps). The composites 

preserved the underlying physics of CF and were additionally conditioned to match WL updates 

at available gauge stations. The near real-time MFH composites allowed the identification of 

over- and underestimation zones when conducting CFHA with/out assimilation of WL. We 

conclude that even a rigorously calibrated model can benefit from DA regardless of the dominant 

flood driver in CF. Future research is advisable towards more advanced DA techniques, mainly 

the Particle Filtering (PF) (Abbaszadeh et al., 2019, 2018; Moradkhani et al., 2018, 2012, 2005a; 

Yan and Moradkhani, 2016), for CFHA to overcome inherent limitations of the EnKF technique 

such as linear updating rule, Gaussian assumption of errors in observations, and mass and force 

balance closure. The DA scheme proposed here can help generate actionable flood risk 
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information on a near-real time basis and so assist decision makers and emergency responders in 

case of compound coastal flooding (i.e. hurricanes).  



SUMMARY AND CONCLUSIONS 

Uncertainty estimation in compound flood hazard assessment (CFHA) is a challenging 

yet crucial task to provide accurate hazard information for decision makers and support efforts in 

flood disaster management and emergency response. This dissertation analyzed several sources 

of uncertainty in CFHA including input and forcing data, model structure, and model parameters 

and then presented tools, algorithms, and methodologies to effectively address this challenge. 

Uncertainty from input data can lead to unreliable flood inundation, water depth, and velocity 

maps especially over wetland areas where coastal digital elevation models (DEMs) exhibit high 

vertical bias (up to 0.65 m). Chapter 1 focused on such an uncertainty and presented a DEM 

correction tool to reduce wetland elevation errors in several estuaries and bays of the Gulf of 

Mexico and the Atlantic Coast. Uncertainties from coastal DEMs and flood drivers can also 

affect the accuracy of CFHA; particularly in estuarine and coastal areas exhibiting vast wetland 

regions and statistically significant correlations among flood drivers. Chapter 2 showed that 

linking hydrodynamic modeling and bivariate copula-based analyses can effectively characterize 

such an uncertainty in compound flood events (i.e., hurricanes) and proved its superiority over 

univariate approaches.  

Furthermore, model selection and model structure error affect total water level (TWL) 

predictions especially when forcing drivers are not fully resolved in model simulations. Chapter 3 

compared model capabilities of two widely used hydrodynamic models (HEC-RAS and Delft3D-

FM), and evaluated the effects of meteorological forcing on coastal and riverine water levels. 

Results of this study showed that upstream areas can exhibit large bias in TWL prediction (up to 
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0.40 m) when local wind and atmospheric pressure effects are neglected (or not fully resolved) in 

hydrodynamic modeling. In contrast, deep learning (DL) and data fusion (DF) techniques are 

effective alternatives for land cover and/or flood mapping and can support efforts in compound 

flood modeling and adaptation planning with nature-based solutions, i.e., wetland’s buffer 

capacity for storm surge and wave attenuation during extreme events. Chapter 4 presented a 

robust land cover classification framework to quantify long-term (35-year) wetland loss and gain 

over Mobile Bay, Alabama. Results of this study revealed that nearly a third of wetlands in 

Mobile Bay have disappeared since 1984 as a result of rapid urbanization in nearby areas, sea 

level rise (SLR) due to climate change, and hurricane impacts along the Gulf of Mexico. Wetland 

loss can have significant implications on the values and services that these ecosystems offer to 

society and the environment including storm surge attenuation, carbon sequestration, and 

pollutant/nutrient removal.  

Another key component of compound flood modeling is the validation of flood maps in 

space. Although some regions of the world count with post-flood high water marks for validation 

purposes (e.g., ground-truth point-based data), large scale flood maps derived from satellite 

imagery are crucial for CFHA. Chapter 5 improved the land cover classification framework to 

separate open water from ‘floodwater’ using local scale hydrodynamic modeling in combination 

with DL and DF techniques. The framework leveraged transfer learning methods to delineate 

compound flooding at the regional scale (e.g., south east coast of the U.S.) and enabled efficient 

estimation of exposure to CF. Likewise, data assimilation (DA) methods have been used in many 

hydrological applications to account for those sources of uncertainty with satisfactory results. 

Chapter 6 presented an efficient DA scheme aimed at improving water level (WL) predictions 

and CFHAs in near-real time (6 h-update), while also preserving the underlying physics of CF 

through the continuity and momentum force balance closure. Results showed that WL predictions 
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and flood forecasts with the Ensemble Kalman Filter technique are more accurate and reliable 

than those from open loop simulations (without DA). Moreover, this study proved that well-

calibrated hydrodynamic models can still benefit from DA regardless of the dominant inland or 

coastal flood drivers in low-lying areas.  

To conclude, this dissertation presented physically-based and data-driven approaches to 

address the sources of uncertainty in compound flood modeling and hazard assessment. 

Nonetheless, more research is needed to coherently integrate hazard, exposure, and vulnerability 

assessments while also accounting for uncertainties derived from climate change. Assessments of 

flood hazard impacts on critical infrastructure (e.g., hospitals, schools, shelters, etc.) and 

vulnerability regarding economic, social, environmental, and geographic aspects require more 

comprehensive frameworks that adequately characterize the complex interplays between them at 

local and regional scale. Uncertainty associated with climate change is expected to have at least 

three implications for coastal engineering including mid- and long-term planning for coastal 

protection infrastructure, integration of local adaptation strategies into larger-scale management 

schemes, and flexible and incremental adaptation measures that can cope with increasing SLR 

(Toimil et al., 2020). 
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Figure S-0-1. Taylor diagrams summarizing the goodness of fit between observed and simulated 

water levels. The statistical metrics evaluate 200 combinations of Manning’s roughness values 

generated with the Latin Hypercube Sampling (LHS) technique (pink circles). Calibrated 

roughness values (red circle) and observation data (black circles) shows the models’ performance 

at NOAA and USGS stations from Galveston Bay (left panel) and Delaware Bay (right panel). 
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Figure S-6-1 (continuation). 
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Figure S-0-2. Calibration of Galveston Bay (left panel) and Delaware Bay models (right panel). 

Observed and simulated water levels at USGS and NOAA stations show water level variability as 
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a result of Hurricane Harvey (Aug/2017) and Hurricane Sandy (Oct/2012). The three evaluation 

metrics indicate the model’s performance of G-Bay and D-Bay for the period Aug/22 – Sep/02 

and Oct/26 – Nov/02, respectively. 
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Figure S-0-3. Predicted and observed water levels using the (EnKF) technique in Galveston Bay 

(left panel) and Delaware Bay (right panel) for Hurricane Harvey and Hurricane Sandy, 
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respectively. Open loop (OL) simulations (red dashed lines) and data assimilation (DA) results 

(blue solid line) are compared against observation data (black dots) in terms of RMSE, NSE and 

KGE. The ensemble spread of posterior simulation (light blue) is evaluated with the reliability 

metric (RL). 
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Figure S-6-4. Forecast (prior) and update (posterior) distributions of peak water level simulation 

in Galveston Bay and Delaware Bay. 



APPENDIX 

Table A-4-1. Layers of the convolutional neural network and data fusion framework. 

Description Layer type Input shape Output shape 

Imagery datasets Input (30, 30, 3) - 

Initial normalization Batch normalization (30, 30, 3) (30, 30, 3) 

Layer set 1 

Conv2D + ReLU (30, 30, 3) (30, 30, 64) 

Batch normalization (30, 30, 64) (30, 30, 64) 

Avg2D pooling (30, 30, 64) (30, 30, 64) 

Layer set 2 … (30, 30, 64) (30, 30, 64) 

Layer set 3 … (30, 30, 64) (30, 30, 64) 

Pointwise addition Addition (30, 30, 64) x 3 (30, 30, 64) 

Adaptive feature- 

fusion approach 

Gap2D (30, 30, 64) (1, 1, 64) 

FC (1, 1, 64) (1, 1, 64) 

FC + Sigmoid (1, 1, 64) (1, 1, 64) 

Scalar multiplication (30, 30, 64) ; (1, 1, 64) (30, 30, 64) 

Data fusion Concatenation (30, 30, 64) x 3 (30, 30, 192) 

Flatten Flatten (30, 30, 192) (1, 1, 172800) 

Dense layer FC + ReLU (1, 1, 172800) (1, 1, 1024) 

Drop neurons Dropout (1, 1, 1024) (1, 1, 1024) 

Classification Softmax (1, 1, 1024) (1, 1, 7) 
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Table A-4-2. Confusion matrix of the land cover model with fused Landsat ARD, NAIP and 

generic DEM data (2006, 2011 and 2013) in the CNN & DF framework. 

Land cover class 
Open 
water 

Developed 
Grass/ 
barren 

Shrub/ 
forests 

Crops/ 
pasture 

Woody 
wetland 

Emergent 
wetland 

User's acc.
(%) 

Open water 797 0 0 0 0 0 1 99.87 

Developed 0 219 16 3 17 4 0 84.56 

Grass/barren 1 5 213 9 21 0 0 85.54 

Shrub/forests 0 4 4 552 10 85 0 84.27 

Crops/pasture 0 15 7 11 681 1 0 95.24 

Woody wetland 0 4 1 40 1 657 1 93.32 

Emergent wetland 2 0 1 0 0 2 550 99.10 

Producer's acc. 

(%) 
99.63 88.66 88.02 89.76 93.29 87.72 99.64 OA: 93.24 
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Table A-5-1. Confusion matrix of validation patches (20% of the dataset) resulting from Landsat 

ARD, SAR, and DEM data fusion in the Savannah River estuary. 

Class Developed 
Grass/ 

Bare land 

Upland trees/ 

Shrub 

Palustrine 

wetland 

Estuarine 

wetland 
Shore 

Permanent 

water 
Floodwater 

User's 
acc. (%) 

Developed 421 1 0 0 0 0 0 0 99.76 

Grass/ 

Bare land 
1 540 0 0 0 0 0 0 99.82 

Upland trees/ 

Shrub 
0 3 687 22 0 0 0 0 96.49 

Palustrine 

wetland 
0 3 30 416 19 0 0 0 88.89 

Estuarine 

wetland 
0 0 1 9 589 0 0 0 98.33 

Shore 1 3 0 2 20 439 6 0 93.21 

Permanent 

water 
0 0 0 3 0 0 729 0 99.59 

Floodwater 0 0 0 0 0 0 0 551 100 

Producer's 
acc. (%) 

99.53 98.18 95.68 92.04 93.79 100 99.18 100 
OA (%): 

97.24 
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Table A-6-1. Summary of evaluation metrics used for compound flood hazard assessment with 

data assimilation. 

Evaluation metrics Equation 

Pearson’s correlation = 1− 1 − − = ( , )
Centered root mean square 

difference 
= 1 ( − ) − ( − ) /

Standard deviation ratio =
Nash-Sutcliffe efficiency = 1 − ∑ ( − )∑ ( − )  

Kling-Gupta efficiency 

= 1 − ( , ) − 1 + − 1
+ − 1 /

Mean absolute bias = 1 | − | 
Reliability = 1 − 2 ( ) − ( )( )  

where t: time step, T: total time steps, ot: observation data, st: model simulation, uo: mean of 

observation data, us: mean of model simulations, σo: standard deviation of observation data, σu: 

standard deviation of model simulations, cov: covariance, N: ensemble size, x: ensemble member, 

px(i): ith observed p-value, and px(i)(th): theoretical p-value of x at t.   




