
ABSTRACT 

COLLINS, ELYSSA LAINE. Computationally Efficient Approaches to Modeling Flood Risk 

and River Discharge at Scale. (Under the direction of Dr. Ross Meentemeyer and Dr. Georgina 

Sanchez). 

 

Freshwater is vital to humans and ecosystems, with river discharge as the most renewable 

and accessible source. Despite its sustainability, river discharge is highly variable in space and in 

timeða characteristic that leads to tremendous water security challenges (e.g., flooding, limited 

access to drinking water). Understanding river discharge dynamics and its resulting impacts at 

scale is therefore critical for assessing water resources availability and hazards exposure, and for 

informing management decisions. However, previous model implementations have commonly 

used labor intensive, complex, and computationally inefficient methods, thus limiting their 

scalability to larger geographic extents and to alternative scenarios of environmental change, as 

well as their ability to account for uncertainty in model inputs. Through three computationally 

novel modeling approaches, this dissertation aims to advance seamless understanding of water 

distribution at scale by (1) leveraging river modeling to accurately estimate discharge and water 

storage globally, (2) applying machine learning to estimate flood damage probability across the 

United States, and (3) combining river and terrain modeling to efficiently compute flood hazard 

under climate change. 

Chapter 2 develops a bias correction algorithm to generate globally-corrected estimates 

of river discharge and water storage for ~3 million river reaches at a monthly time step over 

1980ï2009. The algorithm corrects runoff using in-situ discharge observations at 713 gauge 

locations; the corrected runoff is used as input to a simple routing model to estimate river 

discharge. The efficiency of the correction algorithm allowed us to constrain uncertainty in 

model inputs at the global scale, thus allowing us to provide our best estimates (i.e., those 



optimized using observations) of the global distribution of river discharge and storage at high 

spatial resolution. Our results show that the correction approach results in improved river 

discharge estimates relative to uncorrected simulations. We demonstrate that flow wave 

propagation time is critical for quantifying river storage. We also illustrate the capability of our 

correction approach to detect severe anthropogenic water withdrawals. 

Chapter 3 develops a machine learning approach to estimate the spatial distribution of 

flood damage probability across the conterminous Untied States (CONUS). We used 71,434 

reports of flood damage from the National Oceanic and Atmospheric Administration (NOAA) 

storm events database and 11 environmental predictors to train a Random Forest model and 

estimate the likelihood of flood damage for each 100 meter pixel in the CONUS. Results show 

that a large percentage of NOAA reported damage events are located outside of areas designated 

as high-risk by the Federal Emergency Management Agency (FEMA) and that more than a 

million square miles of land across the United States is at high risk from flood damage.  

Chapter 4 develops an innovative hybrid approach to model flood inundation extent and 

frequency (i.e., six return periods), by coupling an existing river network routing model and a 

terrain-based inundation model. This modeling framework allows to quickly assess how different 

climate change scenarios may reshape the spatial distribution of flood hazard. To demonstrate 

implementation of our modeling framework, we selected six Hydrologic Unit Code 6 digit 

watersheds; three in the coastal/piedmont region of North Carolina and the other three in the 

mountains of North Carolina, Tennessee, and Virginia. Hindcast validation of model accuracy 

shows overall underprediction of flood extents relative to FEMAôs 100-year floodplain. We find 

that poor runoff data likely led to underestimates of peak events and subsequent inundation 

extents. We also find that another component of underprediction is likely lack of spillover 



between catchments in the inundation methodology. Despite limitations, future advances of this 

computationally efficient approach could allow for a scenario- and uncertainty-based assessment 

that can inform flood adaptation planning. 
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CHAPTER 1: Introduction  

Freshwater is vital to humans and ecosystems because it is necessary for survival (e.g., drinking 

water, photosynthesis). Despite the vast amount of water on Earth, only a very small percentage 

(~0.3%) of it is usable (i.e., freshwater) and readily accessible (i.e., surface water; Shiklomanov, 

1993). The majority of the usable and accessible freshwater is stored in lakes and swamps 

(~0.29%), with the remaining water stored in rivers (~0.006%; Shiklomanov, 1993). Given that 

40% of global fresh surface water is stored in only two lakes (Lake Baikal and the Great Lakes), 

the majority of the world population obtains their water from rivers.  

 

While the amount water stored in rivers is relatively small, river water has a powerful flow (i.e., 

river discharge), making it the most renewable form of freshwater on Earth and therefore the 

most sustainable (Oki and Kanae, 2006). Despite its sustainability, river discharge is highly 

variable in space and in timeða characteristic that leads to tremendous water security 

challenges. For example, droughts, which result in extreme low river flows that lead to depleted 

water availability for humans and agriculture, caused $250 billion in damages in the United 

States (U.S.) between 1980 and 2020 (Ault, 2020). On the other end of the spectrum, extreme 

high river flows cause devastating flood impacts, with global economic damages exceeding $40 

billion annually (OECD, 2016). Furthermore, it is expected that the droughts and floods 

associated with extreme flows will be exacerbated by climate change (Trenberth et al., 2014; 

Hirabayashi et al., 2013; Bates et al., 2021). It is therefore critical to understand the spatial and 

temporal distribution of river discharge and its resulting impacts at scale to assess water 

resources and hazards, and to inform water management.  
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The traditional approach to monitoring and understanding river discharge and its impacts 

consisted of installing in-situ stream gauges, which currently provide the most accurate 

measurements of river discharge. However, stream gauge observations are sparsely available in 

time and space due to political data sharing constraints, decreases in stream gauge reporting, and 

other practical reasons (Fekete and Vörösmarty, 2007; Hannah et al., 2011; Famiglietti et al., 

2015; Fekete et al., 2015). Moreover, they are limited to a single point in space, hence limiting 

their ability to provide information on the spatial footprint of riverine hazards (e.g., flooding). 

Consequently, in-situ stream gauges donôt provide a spatially and temporally seamless 

understanding of river discharge and its impacts, with especially severe knowledge restrictions in 

ungauged basins (Sivapalan, 2003).  

 

To fill in the spatial and temporal gaps, researchers have used process-based or hydrodynamic 

(i.e., hydrological and hydraulic) models to estimate flows and related impacts for all rivers, 

including those in ungauged basins. For example, Emery et al. (2018) used a hydrological model, 

satellite measurements, and data assimilation to generate corrected and improved estimates of 

river discharge for the Amazon Basin. To understand the spatial footprint of hazards resulting 

from extreme river discharge, the Federal Emergency Management Agency (FEMA) has used 

hydrological and hydraulic models to develop 100-yr floodplain maps for 61% of the 

conterminous United States (CONUS; ASFPM, 2020). However, these approaches are highly 

resource and computationally intensive (e.g., it has been estimated that it would cost $3.2ï$11.8 

billion to complete FEMA flood map coverage for the CONUS and $107ï$480 million to 

maintain annually; ASFPM 2020). Consequently, these approaches are limiting in terms of their 
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scalability to larger geographic extents and to alternative scenarios of environmental change, as 

well as their ability to account for uncertainty in model inputs. 

 

To overcome these limitations, machine learning, simplified inundation models (i.e., non-

physics-based), and scalable routing models and correction algorithms can offer cost-effective 

and computationally efficient alternatives to the highly complex approaches. Considerable 

progress has been made to develop and apply these types of models to improve efficiency of 

generating predictions. For example, several previous studies have used machine learning to 

understand the spatial distribution of the probability of flooding (e.g., Mobley et al 2021) or 

flood susceptibility (e.g., Mobley et al. 2019; Choubin et al. 2019). Researchers have developed 

and applied simplified inundation models to estimate the spatial extent and depth of flooding 

(e.g., Follum, 2012; Nobre et al. 2011; Nobre et al. 2016). Scalable routing models and 

correction algorithms have also been developed and applied to estimate river discharge and water 

storage (e.g., David et al., 2011; Getirana et al., 2012; Pan and Wood, 2013; Getirana et al., 

2017; Tavakoly et al., 2017; Lin et al., 2019; Lewis et al., 2023). 

 

While significant progress has been made on development and application of computationally 

efficient alternatives, many previous studies have yet to scale their approaches to larger spatial 

extents or to different climate change scenarios. Through three computationally novel modeling 

approaches, this dissertation develops and applies scalable methods to assess river discharge and 

its resulting impacts (flooding, water storage, influences from climate change) across large 

geographic extents. Findings are presented as three research manuscripts, each as its own chapter 

(chapters 2ï4), with two of the chapters published or under consideration in peer-reviewed 
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journals. Chapter 2 has been submitted to Nature, chapter 3 has been published in Environmental 

Research Letters, and chapter 4 lays the methodological groundwork for research that has the 

potential to be published. The primary objective of this dissertation is to develop and apply 

scalable methods to assess river discharge and its resulting impacts across large geographic 

extents. More specifically, the goal of each chapter is the following: 

 

¶ Chapter 2: Develop a scalable bias correction algorithm to improve global estimates of 

river discharge and water storage at ~3 million river segments. 

¶ Chapter 3: Develop an efficient machine learning method to estimate the likelihood of 

flood damage for each 100 meter pixel across the CONUS.  

¶ Chapter 4: Develop a scalable workflow for rapidly modeling the impacts of different 

climate change scenarios on river discharge and the spatial footprint of inundation. 

 

Chapter 2 develops a scalable bias correction approach to generate globally-corrected river 

discharge and water storage (and variability) estimates for ~3 million river segments across 

1980ï2009. The bias correction approach uses in-situ observations from 713 gauges to correct 

runoff, which is highly uncertain (David et al., 2019), to use as input into a simple routing model 

to generate corrected river discharge. We found that the corrected river discharge estimates 

provided a better statistical match to observations than uncorrected estimates. Using our 

corrected simulations, we estimate global river storage mean and monthly variability between 

1,246 ± 225 Ὧά and 3,116 ± 564 Ὧά, and global continental flow of 37,455 ± 6,925 . The 

wide range in estimates of global river water storage is due to using different values of flow 

wave propagation time (influenced by celerity) in our calculations, hence demonstrating that 
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flow wave propagation time is critical for quantifying river storage. We find that our estimates of 

global flows are in the same range as previous estimates; however, the amount of water 

discharged from the Maritime Continentðwhere little attention has been given for ocean 

dischargeðis equivalent to nearly 1.5 times the Congo River. We also illustrate the capability of 

our correction approach to identify hydrological inconsistencies (downstream discharge less than 

upstream discharge) in the gauge observation network, and therefore its capability to detect 

severe anthropogenic water withdrawals. The efficiency of both the correction algorithm and the 

routing model allowed us to constrain uncertainty in model inputs and generate estimates at the 

global scale, thus allowing us provide our best estimates (using observations) of the global 

distribution of river discharge and storage at high spatial resolution.  

 

Chapter 3 uses machine learning to generate the first spatially complete map of flood damage 

probability across the CONUS. The model leverages 71,434 reports of flood damage from the 

National Oceanic and Atmospheric Administration (NOAA) storm events database and 11 

environmental predictors to estimate the likelihood of flood damage for each 100 meter pixel 

across the CONUS. We evaluated flood damage probability predictions at the county and state 

level and found that the highest probabilities were located in Florida, Louisiana, and Mississippi. 

When using a calibrated threshold to convert spatial estimates of flood damage probability to 

binary óhigh probability of flood damageô and ólow probability flood damage,ô we find that more 

than a million square miles of land across the United States is at high risk from flood damageð

an area much larger than the area identified as high risk by FEMA. We found that the most 

important predictors of flood damage were proximity to streams, elevation, and average annual 

maximum 3-day precipitation. We also evaluated the locations of the NOAA reported damage 



 

6 

 

events relative to the FEMA 100-yr floodplain and find that 85% of reports are located outside of 

areas designated as high-risk. Our analysis suggests that there are communities across the nation 

that are susceptible to flood damage that current management policies do not consider. Because 

the approach is computationally efficient (models ran in an average of ~6 hours), it was scalable 

to the CONUS and it could be used to rapidly update estimates as new data become available and 

environmental conditions change. 

 

Chapter 4 develops a methodological framework for rapid simulation of the spatial footprint 

flood hazards (i.e., extent and depth) under future climate scenarios and for six management-

relevant return periods (2-yr, 20-yr, 50-yr, 100-yr, 500-yr, and 1000-yr). To demonstrate 

implementation of our modeling framework, we selected six Hydrologic Unit Code 6 digit 

watersheds; three in the coastal/piedmont region of North Carolina and the other three in the 

mountains of North Carolina, Tennessee, and Virginia. The framework involves coupling a river 

routing model called the Routing Application of Parallel computatIon of Discharge (RAPID; 

David et al., 2011) with the Height Above the Nearest Drainage (HAND; Nobre et al., 2011) 

terrain-based inundation model to estimate river discharge and flood hazard. The primary steps 

of the framework are to 1) calibrate and validate RAPID using historical runoff and in-situ 

discharge observations to estimate óobservation-basedô river discharge across the baseline period 

(2006ï2020), 2) apply the calibrated RAPID model to runoff projections from 32 global climate 

models and two  climate scenarios to generate óclimate-basedô river discharge projections across 

the baseline and projected periods (2053ï2068; centered on 2060), 3) fit a generalized extreme 

value distribution to the annual maximum flows to determine the discharge magnitude for the 

return periods of study, and 4) input the discharge magnitudes into the HAND inundation 
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methodology to generate flood depths and extents for each return period. Results show that the 

óobservation-basedô simulations of river discharge and flood extent lead to underpredictions 

when compared to in-situ observations and FEMA 100-yr floodplain maps for both the coastal 

and mountainous study areas. We find that underpredictions in river discharge may lead to 

underpredicted discharge magnitudes for each return period, therefore propagating into the flood 

depth and extent results. Future work may explore the role that limitations of the HAND 

methodology play in flood extent underprediction. Given the efficiency of the approach (flood 

depths for all return periods are generated in ~12 hours across ~30,000 catchments), we believe 

that with some modifications, it could allow for a scenario-, uncertainty-, and error-based 

assessment that can inform flood adaptation planning. 

 

This dissertation develops and applies approaches to estimating river discharge and its resulting 

impacts that can be used for assessing water resources, evaluating water-related hazards, and 

informing water management. The methods presented are computationally efficient, and 

therefore are scalable to large geographic extents and to alternative scenarios of environmental 

change. Chapter 2 provides the first globally-corrected (using in-situ observations) dataset of 

river discharge and water storage and improves our understanding of the drivers of river water 

storage. Chapter 3 aims to improve understanding of the spatial distribution of historical flood 

damage risk across the CONUS. Chapter 4 introduces a framework for rapidly modeling river 

discharge and flood hazard under future climate change. The research manuscripts described in 

this dissertation have broad implications for flood risk and water resources modeling and 

management.  
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Summary 

Earthôs rivers are the most sustainable source of freshwater, making accurate knowledge of 

global river flows and stores critical for informing water management1. However, previous 

estimates of global river flows are widespread1ï16 and prior estimates of river stores are sparse17. 

Challenging accuracy, global estimates of river flows and stores are plagued by uncertainties in 

land runoff18, an unobserved quantity that provides water input to rivers. Here, we leverage 

global river flow observations to simultaneously correct continental runoff and river flow 

together, and further quantify river water storage, generating the first globally corrected monthly 

river flow and storage dataset. We estimate global river storage mean and monthly variability as 

2165 ± 415 km3 and global continental flow as 37455 ± 6925 km3/yr. Our analysis reveals flow 

wave propagation time as an unexpected, but fundamental driver that can double or halve river 

water stores and their variability, while also reconciling past debates on global river flows. We 

identify previously underappreciated freshwater sources to the ocean in water discharged from 

the Maritime Continent (Indonesia, Malaysia, and Papua New Guinea) amounting to nearly 1.5 

times the Congo River, and illustrate our capability to detect severe anthropogenic water 

withdrawals.  

 

1. Main 

Earthôs freshwater stores are rapidly declining: ice sheets are melting19, aquifers are emptying20, 

and glaciers are losing mass21. Ensuring safe and clean drinking water and sanitation22 for the 

worldôs rapidly growing population will therefore increasingly rely on other freshwater stores. 
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Rivers are considered the most renewable and most accessible, hence most sustainable1, source 

of freshwater. Yet, surprisingly little is known about global river water storage: nearly all 

estimates trace back to a handful of long-term averages published in the 1970s17. River water 

storage and discharge are connected by the laws of fluid dynamics and are highly variable in 

space and time, with anthropogenic influences further intensifying that variability23. This high 

variability presents many water security challenges (e.g., geographic and temporal disparities 

between freshwater demand and availability24,25). Accordingly, estimates of river discharge and 

storage are vital: they can be used to inform the management of freshwater resources1,26, in 

transport modeling studies (e.g., identification of areas with poor water quality or coastal dead 

zones27ï29), to understand the spatial and temporal patterns of extremes (e.g., flooding, 

drought30,31), or to explore the impacts of anthropogenic climate change on the hydrologic 

cycle32. The accurate reconstruction of global historical river discharge and water storage is 

therefore critical to our understanding of the worldôs waters.  

 

In-situ stream gauges around the world provide key information on the spatial and temporal 

distribution of river discharge. However, the spatial and temporal coverage of in-situ 

measurements are severely limited. Gauges are sparsely distributed globally, with placement bias 

towards specific environmental conditions (e.g., large rivers33). Moreover, data sharing 

constraints across political boundaries, in combination with a worldwide decrease in stream 

gauge reporting, have further constrained the amount of river discharge observations available 

for scientific research34ï38. Modeling approaches such as river network routing, which at global 

scales commonly uses gridded runoff from a land surface model (LSM) as input, can be used to 

seamlessly estimate river discharge and water storage around the world, including in ungauged 
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basins39. Yet, the quality of river water estimates produced from these models is greatly 

influenced by the resolution of the underlying hydrography40 and by uncertainties present in the 

input runoff data18. For global river discharge and water storage estimates to be most useful, the 

uncertainties in these simulations must be constrained by observations18,40. Significant progress 

has been made to correct for uncertainties and biases from runoff inputs that influence river 

discharge outputs in regional, continental, and global river network routing31,40ï42. However, past 

correction approaches are either computationally expensive41ðlimiting the geographic extent 

over which they can be appliedðor rely on modeled reference data that contain errors31,40,42. 

Given that surface and subsurface runoff are not directly measurable at the global scale, 

discharge observations from in-situ stream gauge networks provide the closest proxy. 

Surprisingly, a global methodology has yet to be developed that combines the strengths of 

models and in-situ observations together to produce high-resolution estimates of river discharge 

that are spatially seamless and match average monthly observations where available. Here, we 

derive such a method and apply it to generate the first globally corrected monthly river flow and 

storage dataset, which we name Mean Discharge Runoff and Storage (MeanDRS). Using 

MeanDRS, we quantify total discharge to the oceanðreconciling the wide range in previous 

continental flow estimates. Our study also identifies previously underappreciated freshwater 

sources to the ocean, and reveals a fundamental driver of river water stores. 

1.1 Global discharge aided by observations 

We used a global database of monthly discharge observations at 713 locations along with 

monthly runoff outputs from an ensemble of LSMs for 1980ï2009 to bias-correct simulated 

runoff and route it through a recent high-resolution river network containing ~3 million 

reaches31,40. Our novel bias correction approach, called Long-Term Inverse Routing (LTIR; see 
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Methods), compares average discharge simulations and average observations to calculate 

temporally constant multiplicative correction factors for runoff in all river reaches located 

upstream of available discharge observations. These corrections are then applied at each time 

step to generate global 30-year (1980ï2009) corrected monthly estimates of mean river discharge 

extrapolated from and consistent with in-situ observations. We evaluated the geographic 

distribution of common discharge metrics (e.g., normalized bias, Nash-Sutcliffe efficiency) at the 

monthly time scale (Extended Data Fig. 1; 2), and found that the bias-corrected estimates 

provided a better statistical match to observed discharge at gauges than uncorrected estimates; 

100% of the 713 gauges showed no normalized bias (the difference between simulated and 

observed temporal average, relative to the observed temporal average), as expected from bias 

correction. Our corrections also led to improvements in other metrics: 56% of gauges showed 

improvements in normalized standard deviation of error, 76% in normalized root mean square 

error, and 76% in Nash-Sutcliffe efficiency (a measure of how well the simulated time series 

matches the observed). The improvements in simulation metrics are further visually confirmed 

by discharge time series (see Extended Data Fig. 3 for example hydrographs before and after 

correction). More details are provided in Methods. 

 

Evaluating the sign and magnitude of our corrections along with the spatial distribution of river 

discharge estimates globally enables us to understand and visualize the impact of our gauge-

based corrections (Fig. 1). Global estimates of river discharge averaged across 30 years of 

monthly simulations ranged 0ï192683 m3/s across all river reaches for uncorrected simulations 

(Extended Data Fig. 4). Using our LTIR approach (see Methods), we developed multiplicative 

runoff correction factors for 16% of river reaches globally. The remaining 84% of river reaches 
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were not located upstream of a gauge used in this analysis. Correction factors can be positive or 

negative. Positive factors between 0ï1 lead to a decrease in discharge and those greater than 1 

lead to an increase in discharge. Negative correction factors are indicative of hydrological 

inconsistencies in the gauge network where upstream discharge is greater than downstream 

discharge, i.e. a distinct fingerprint of anthropogenic water withdrawals. Of the correction factors 

developed, 97% were positive (51% of which led to a decrease in discharge and the remaining 

49% to an increase), and 3% were negative. After applying LTIR and then propagating 

corrections downstream via routing through the river network, 18% of river reaches were 

impacted globally, which is 730 times more river reaches than have gauges (the 713 gauges used 

in this analysis cover 0.02% of global river reaches). Our average corrected discharge estimates 

ranged -155ï200008 m3/s (Fig. 1a), with negative discharges due to the aforementioned 

hydrological inconsistencies. These seemingly erroneous negative discharge values are not only 

justifiable from the mass conservation (i.e., water balance) perspective, they also specifically 

highlight three regions of the world characterized by intense water management43ï47, including 

water withdrawals: the southwestern United States (U.S.), southeastern Australia, and eastern 

Brazil (Fig. 1a). Our methodology can therefore be used to detect severe anthropogenic water 

withdrawals. 

 

Differences in 30-year average river discharge between corrected and uncorrected simulations 

ranged -5285ï8469 m3/s (Fig. 1b).  Positive differences indicate that the average corrected 

estimates are higher than the average uncorrected estimates, while negative differences indicate 

that corrected estimates are lower than uncorrected. Most of the worldôs river reaches (82%) 

display no difference between average corrected and uncorrected simulations, largely due to the 
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lack of available gauge data in those locations. Positive differences (8% of river reaches) are 

located in northern Europe, northeastern and northwestern U.S. (including Alaska), Canada, 

Peru, Bolivia, and portions of western Brazil. Negative differences (10% of river reaches) are 

located across the southern and central U.S., central Canada, eastern Brazil, Argentina, various 

countries in Africa (e.g., Zambia, Angola), Australia, and India. Note that using even just a few 

gauges (e.g., Africa, Australia) can lead to large differences in our estimates of basin-level 

discharge (Fig. 1b).  

 

We expect the spatial information gained from our corrections will be important for the land 

surface modeling community to evaluate and calibrate simulated runoff outputs. The corrected 

discharge can also provide an estimate of the state-of-the-art in global river discharge, offering 

future opportunities for comparison with the Surface Water and Ocean Topography (SWOT) 

mission that has begun such retrievals from space34. SWOT may also show similar evidence of 

severe water withdrawalsðthe spatial coverage of space-based estimates from SWOT and 

sparser ground observations used with LTIR can together be leveraged to document and quantify 

the human footprint on the water cycle. 
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Figure 1. Global 30-year mean river discharge, corrected using mean observations. (a) 

corrected global river discharge estimates and (b) the difference between corrected and 

uncorrected estimates. Black arrows in (a) point to locations that result in negative river 

discharges, which are indicative of the human footprint on the water cycle. Green areas in (b) 

indicate positive differences, and therefore locations where the corrected simulations resulted in 

greater discharge estimates than uncorrected. Brown areas in (b) indicate negative differences, 

and therefore locations where the corrected simulations resulted in smaller discharge estimates 

than uncorrected. 
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1.2 Total discharge to the global ocean 

Given that continental river discharge into oceans is a key feature of Earthôs water cycle, we 

summed all discharge values at coastal river termini globally (with the exception of Antarctica) 

and plotted the monthly time series for 1980ï2009 (Fig. 2). We found that the temporal average 

and monthly variability (i.e., standard deviation) of water discharged into the ocean from rivers 

is 37808  6704 km3/yr for uncorrected and 37455  6925 km3/yr for corrected simulations. 

While the LTIR approach results in large differences in discharge at the river reach scale (Fig. 

1b), uncorrected and corrected estimates produce similar results when globally summed (positive 

and negative differences cancel each other out on spatial aggregate), hence building confidence 

in the global sum even if some regions did not benefit from corrections due to lacking 

observations. Both uncorrected and corrected averages of total ocean discharge in our study are 

similar in magnitude to previous estimates in the literature, which range 30354ï46930 km3/yr 

(Extended Data Table 1)1ï16ðthese values are also encompassed within our simulated monthly 

variability (Fig. 2).The topic of monthly variability in total discharge to the ocean has received 

much less attention and reported values have considerable spread (6600ï16164 km3/yr)8,10,14.  

Other studies did not report variability but include graphical time series that allow making an 

inference (1116 km3/yr15 and 4242 km3/yr9). Our own estimates of monthly standard deviations 

for uncorrected (6704 km3/yr) and corrected (6925 km3/yr) are commensurate with the limited 

number of prior studies. Yet, our comparison of coefficients of variations between our 

simulations and observations (Extended Data Fig. 2; see Methods) suggest that the magnitude of 

our discharge variability generally matches observations (where available) and can hence help 

reconcile the sizable range among prior values.  
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Fig. 2. Monthly variability in total discharge to the global ocean (except from Antarctica). 

Uncorrected and corrected global monthly discharge accumulated into the ocean for 1980ï2009. 

The estimated average is indicated as horizontal colored dotted (uncorrected) and solid 

(corrected) lines. An arrow in proportion to the plot units on the left interior of the plot indicates 

temporal variability (i.e., one standard deviation). Previous long-term estimates in the literature 

(2009 and after) are indicated with a gray line and associated reference on the right exterior. 

Previous estimates in the literature prior to 2009 are included in Extended Data Table 1.  

 

We also estimated which hydrologic regions contribute most to global discharge and variability 

(Extended Data Fig. 5). Our findings are mostly consistent with previous knowledge (Methods); 

however, we found that the Maritime Continent (Indonesia, Malaysia, and Papua New Guinea) 

discharges 8% of the global total, i.e. the equivalent of nearly 1.5 times the Congo River (6%). 

Little attention has been given to Maritime Continent basins6,15 in previous global discharge 

studies, and we suspect the region might have escaped prior scrutiny in part because its rivers 

and streams (including Mahakam, Kapuas, Sepik, Fly) are all relatively small. Their spatial 
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aggregation in a relatively small geographical area, however, makes them globally significant. 

Accounting for these large aggregate water fluxes from the Maritime continent could impact 

ocean circulation models and change understanding of carbon/sediment/solute delivery to the 

ocean. Note, however, that in our analysis, the Maritime Continent did not benefit from 

corrections, and therefore the simulations were not constrained by observations, which may 

influence the accuracy of estimates.   

1.3 Implications for river water storage  

To provide a global assessment of the temporal variations of river water storage, we produced 

monthly estimates for each river reach, which we summed spatially (Fig. 3). Our estimates of 

storage depend on river flow wave propagation time (i.e., river length divided by flow wave 

celerity) and on the monthly discharge at each river reach (see Methods equation 15). We used 

three characteristic values for propagation speed (i.e., celerity) for each river reach with resulting 

propagation times (short, medium, and long) to calculate a range of possible storage estimates. 

Note that our analysis assumes spatial consistency in short, medium, and long propagation times, 

while the worldôs rivers and streams are likely to include a distribution thereof. This conscious 

assumption allows drawing lower and upper bounds for potential storage variability and hence 

constrain expected values. We found that the global average and monthly variability of river 

water storage is 1246  225 km3 (short residence time), 2181  394 km3 (medium), and 3116  

564 km3 (long) for uncorrected simulations (Fig. 3a). For corrected simulations (also in Fig. 3a), 

storage average and variability are 1237  237 km3 (short), 2165  415 km3 (medium), and 

3093  592 km3 (long). Both uncorrected and corrected estimates of average water storage are in 

the same order of magnitude relative to previous estimates in the literature of 2120 km3 48 and 

2860 km3 26. To our knowledge, there are no previous published time series of global river 
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storage; even though a recent notable study mentioned such computations, but focused its 

analysis on global hydrologic variability26.  

 

Given the considerable range we found in mean water storage across residence times (Fig. 3), we 

suggest that knowledge of flow wave propagation celerity is critical to accurately estimating 

global water storage. Longer propagation times (i.e., slower flow wave celerity) lead to larger 

estimates of mean global water storage, but also to greater temporal variability (Fig. 3). One of 

the future challenges in global river water science is therefore bound to be the accurate 

estimation of propagation times, a globally unobserved quantity that is currently determined 

from empirical equations49. Ongoing satellite measurements of changes in surface water 

storage34 can be expected to narrow the likely range of variability, thus helping refine 

understanding of wave propagation in Earthôs rivers, an unanticipated benefit beyond mission 

requirements50. In turn, accurate estimates of wave celerity can support flood warning systems49. 
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Figure 3. Global river water storage (except in Antarctica). Uncorrected and corrected global 

monthly water storage for each flow wave propagation time for 1980ï2009. The estimated 

average is indicated as horizontal colored dotted (uncorrected) and solid (corrected) lines. An 

arrow in proportion to the plot units on the left interior indicates temporal variability (i.e., one 

standard deviation). Previous long-term estimates in the literature are indicated on each plot with 

a gray line and associated reference on the right exterior.  
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2. Methods 

2.1 Hydrography 

Several hydrography datasets are available as the river network for global routing. Here, we used 

the vector-based river network called Multi-Error-Removed Improved Terrain (MERIT) Hydro 

(version 7) Basins (version 1) due to the high spatial resolution of its underlying digital elevation 

model (DEM; ~90 m) and to the geographic coverage above 60°N31,40,51. MERIT Hydro 

Basins was derived from the MERIT Hydro DEM by using a 25 km2 channelization threshold, 

which resulted in ~3 million river reaches and catchments globally, as well as 61 hydrologic 

regions. The MERIT Hydro Basins dataset also contains derived attributes for each individual 

reach polyline and each associated catchment polygon (e.g., reach length, downstream reach, 

catchment contributing area). 

 

2.2 Runoff estimates 

The primary dynamic (i.e., time variable) input file for our monthly routing was the lateral 

inflow into each river reach. To partially alleviate uncertainty in the runoff outputs from different 

land surface models (LSMs), we used an ensemble of three LSMs from version 2.0 of the Global 

Land Data Assimilation System (GLDAS)52. Specifically, we averaged the sum of monthly 

surface and subsurface runoff outputs from Variable Infiltration Capacity (VIC)53,54, 

Catchment Land Surface Model (CLSM)55, and Noah56ï58, all of which have a spatial 

resolution of 1 degree. The gridded runoff was converted into lateral inflow to each river reach 

using a centroid-based approachðthe centroid of each catchment is used to identify the 

corresponding LSM grid cell59 before multiplying the runoff by the area of the catchment. The 
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3-model ensemble average inflow was calculated on a monthly time step across the 30-yr period 

of interest for this study, which is January 1980 to December 2009. 

 

2.3 Discharge observations 

We compiled an extensive global database of in-situ gauges (for bias correction and model 

evaluation) by collecting daily gauge data from a combination of international and national 

organizations (Extended Data Table 3). We removed gauges located within ~100 meters of each 

other, assuming that they are redundant60. In total, 45,837 daily gauge records were collected. 

We subset the database to only those gauges that had no missing daily observations for the 1980ï

2009 study period and to those with an average discharge greater than or equal to 100 m3/s 

(based on the 1980ï2009 average; n = 838).  

 

Since the MERIT Hydro river network is delineated from a digital elevation model and gauges 

may also have low geolocational accuracy, we ensured the safe mapping of gauges to the MERIT 

Hydro reaches (a process also known as "snapping"). This provides locational knowledge along 

the river network where observations are available for bias correction and model evaluation. We 

first created a 0.05° (~5 km) buffer around all gauges, as we considered gauges farther than 5 km 

from their actual position on a river reach to have poor geolocational accuracy. Next, we 

intersected the buffered gauges with the MERIT Hydro river network and identified the river 

reach closest to the gauge within the buffer (the buffered gauge may intersect multiple river 

reaches; number of gauges that intersected at least one river reach = 838). If the uncorrected 30-

yr average simulated discharge of the river reach was off by an order of magnitude relative to the 

observed average discharge of the gauge, then the gauge was removed from the analysis (number 
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of gauges off by an order of magnitude = 39). On some occasions, more than one gauge snapped 

to the same MERIT Hydro reach (number of gauges that were removed because of duplicates on 

individual river reaches = 86; 84 reaches had 2 duplicate gauges and 1 reach had 3 duplicate 

gauges). In this case, we selected the gauge that had the closest observed average discharge to 

the uncorrected 30-yr average discharge of the river reach. The snapping process resulted in 713 

unique river reach-gauge pairs and coverage across 44% of the MERIT hydrologic regions (i.e., 

44% [n = 27] of the 61 MERIT hydrologic regions contained at least one gauge; Extended Data 

Fig. 2). All gauge data used for bias correction and model evaluation are publicly available. 

Since we are modeling at a monthly temporal resolution, we calculated monthly average 

discharge for each gauge across the 1980ï2009 time period (360 time steps). 

 

2.4 Discharge estimates 

Lateral inflow can be used with the monthly mass conservation equation to determine monthly 

average flows throughout a river network with ὶ river reaches with limited negative impact of 

neglecting horizontal transfer times18, as traditionally done through lumped river models: 

 

╘ ╝ Ͻ╠ ╠▄ ρ 

 

where ╘ is the ὶ ὶ identity matrix, ╝ is the ὶ ὶ river network matrix e.g. 39, ╠▄ is a r-sized 

vector of external lateral inflows (Ὡ) entering each river reach, and ╠ is a ὶ-sized vector of river 

discharge outflows exiting each reach. Given that lumped river models accumulate runoff from 

upstream to downstream without accounting for horizontal travel time from land to rivers or 

within the river system, we applied the model on a monthly time step. Lumped routing at this 
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time scale can produce a fair approximation of discharge except for the largest basins of the 

world; however, it is fair even at the scale of the Colorado and Columbia river basins18. The 

monthly ensemble average inflow was used as input to the lumped routing model to generate 

uncorrected ensemble river discharge estimates across the 30-yr period. 

 

2.5 Discharge corrections 

To generate constrained estimates of river discharge, we developed a novel inverse routing 

algorithm called Long-Term Inverse Routing (LTIR) that is capable of correcting bias in long-

term mean lateral inflow and long-term mean discharge together. Our approach allows for 

corrections of lateral inflows upstream of gauges while matching observed discharge values, 

with impacts on discharge estimates both upstream and downstream of gauges. 

 

Extended Data Fig. 7 presents a schematic that summarizes much of our notation for an example 

river network containing five reaches and two gauges and illustrates the mathematical derivation 

that follows.  We use a river network with ὶ river reaches and Ὣ gauges (with Ὣ ὶ), ╝ the 

ὶ ὶ river network matrix e.g. 25, ╢ the Ὣ ὶ observation selector matrix e.g. 52, ὸ for time, ╠▄ὸ 

an ὶ-sized vector of simulated monthly external lateral water inflows (Ὡ) entering upstream of 

each river reach, ╠ὸ an ὶ-sized vector of simulated monthly water outflows exiting each reach, 

and ▲ὸ a Ὣ-sized vector of monthly discharge observations.  Vinculum symbols are used to 

indicate long-term means, e.g. ╠▄ is the long-term mean of ╠▄ὸ.  Double struck symbols are 

used to indicated corrected quantities, e.g. ᴗ is the corrected equivalent to discharge ╠.   
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The long-term continuity equation enforces equality between the downstream outflows ╠ and the 

upstream inflows ╠▄ ╝Ͻ╠ (i.e. the sum of lateral inflows ╠▄ and inflows from upstream 

reaches ╝Ͻ╠).  This is traditionally done through lumped river models, and can be described in 

matrix-vector form e.g. 27 for both simulated and corrected states:  

 

╘ ╝ Ͻ╠▄ ╠

╘ ╝ Ͻᴗ▄ ᴗ
ς 

 

Enforcing that long-term corrected discharge equals observations at gauges leads to: 

 

╢Ͻᴗ ▲ σ 

 

Equations (2-3) together give rise to an ñinverse routingò problem for which an ὶ-sized vector of 

corrected lateral inflow ᴗ▄ is the unknown:  

 

╢Ͻ╘ ╝ Ͻᴗ▄ ▲ τ 

 

Equation (4) is a Ὣ ὶ linear system with ὶ unknowns, i.e. an underdetermined problem with an 

infinite number of solutions, and one must therefore narrow the mathematical problem down. 

Because the number of equations is the same as the number of gauges (Ὣ), one might first focus 

on the individual sub-basins associated with each one of the gauges.  Let ▲▄ be a Ὣ-sized array 

with long-term means of total lateral inflows for these individual sub-basins.  As a preliminary 
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step, let  ᴗ▄♪ be one of the infinite number of solutions to Equation (4) which crudely applies the 

total lateral inflow of each sub-basin solely at river reaches that are home to a gauge; such that:  

 

ᴗ▄♪ ╢◄Ͻ▲▄ υ 

 

where ╢◄ is the transpose of ╢.  Combining Equations (4-5) lead to: 

 

╢Ͻ╘ ╝ Ͻ╢◄Ͻ▲▄ ▲ φ 

 

Equation (6) is now a Ὣ Ὣ linear system with the Ὣ unknowns of ▲▄, and can therefore be 

solved. Using ▪, the Ὣ Ὣ matrix describing connectivity among gauges, Equation (6) can also 

be seen as a continuity equation that relates the total lateral inflow within each sub-basin to the 

outflow of each sub-basin: 

 

╘ ▪ Ͻ▲▄ ▲ χ 

 

As a result, and while the shape of ᴗ▄♪ was based on a crude assumption, it reveals that the 

inverse routing problem of Equation (4) can be reduced in order to solve for ▲▄, the total lateral 

inflows of each sub-basin. This in-turn offers multiple avenues for constructing valid options for 

ᴗ▄ from ▲▄ at the sub-basin level. To do so, one must first understand how the various elements 

of ╠▄ get accumulated downstream of a river network for which the connection between sub-
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basins were removed, creating the ñdisconnectedò discharge ╠╓, valid for both simulated and 

corrected states:   

 

╠╓ ╘ ╝ ╝Ͻ╢◄Ͻ╢ Ͻ╠▄

ᴗ╓ ╘ ╝ ╝Ͻ╢◄Ͻ╢ Ͻᴗ▄
ψ 

 

ᴗ╓ can be seen as the long-term mean of discharge at every reach of a river network where the 

connectivity downstream of each gauge was removed and with long-term mean inflow ᴗ▄.  

Provided adequate corrections are made, ╢Ͻᴗ╓ (i.e. the values of ᴗ╓ at river reaches that have a 

gauge) should be equal should be equal to ▲▄ (i.e. the total lateral inflows for these individual 

sub-basins):   

 

╢Ͻᴗ╓ ▲▄ ω 

 

We can now look for multiplicative scalars, one per sub-basin, stored in a Ὣ-sized vector ⱦ and 

allowing to correct ╢Ͻ╠╓ into ╢Ͻᴗ╓:  

 

ⱦṧ ╢Ͻ╠╓ ╢Ͻᴗ╓ ρπ 

 

where ṧ is elementwise multiplication.  Equations (9-10) together allow the computation of ⱦ: 

 

ⱦ ▲▄Ṩ ╢Ͻ╠╓ ρρ 
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where Ṩ is elementwise division.  The multiplicative scalars stored for each sub-basin in ⱦ can 

then be applied for each river reach of the relevant sub-basin and stored in an ὶ-sized vector  by 

applying the following transformation: 

 

╢Ͻ╘ ╝ ╝Ͻ╢◄Ͻ╢ ◄Ͻⱦ ρς 

 

We can then build a corrected lateral inflow vector ᴗ▄♫ such that the lateral inflow values of 

each sub-basin are proportional to the initial values of ╠▄: 

 

ᴗ▄♫ ṧ╠▄ ρσ 

 

Equation (13) is a linear transformation that can equally be applied at the monthly time step: 

 

ᴗ▄♫ὸ ṧ╠▄ὸ ρτ 

 

Overall, our inverse routing methodology can hence be summarized in six implementation steps 

(Extended Data Fig. 8): i) determine ▲▄ from ▲ using Equation (6), ii) determine ╢Ͻ╠╓ from ╠▄ 

using Equation (8), iii) determine ⱦ from ▲▄ and ╠╓ using Equation (11), iv) determine  from ⱦ 

using Equation (12), v) computing ᴗ▄♫ὸ from  and ╠▄ὸ for all monthly time steps using 

Equation (14), and vi) determine ᴗὸ from ᴗ▄♫ὸ using Equation (2).   
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Note that the design of this methodology is flawed in the cases in which occasional elements of 

╢Ͻᴗ╓ are null, i.e. when the total lateral inflow within given sub-basins is zero in which case a 

multiplicative scaling correction is bound to fail. 

 

2.6 Discharge evaluation metrics  

To evaluate the performance of bias correction, we calculated test statistics to compare 

uncorrected and corrected simulations to observations where in-situ observations exist. Using 

monthly observations and simulations, we calculated normalized bias (NBIAS; observed minus 

simulated; normalized using the mean of the observations), normalized standard error 

(NSTDERR), normalized root mean square error (NRMSE), and Nash-Sutcliffe Efficiency 

(NSE; a measure of how well the simulated time series matches the observed)61. We also 

calculate coefficient of variation (CV) for monthly observations, uncorrected simulations, and 

corrected simulations. 

 

2.7 Model Validation 

The mean/median normalized bias (NBIAS) decreased from 0.41/0.26 for uncorrected 

simulations to 0.00/0.00 for corrected simulations and 100% of the 713 gauges showed an 

improvement in NBIAS (Extended Data Fig. 1a). Reduction in normalized bias led to 

improvements in the other model test statistics. The mean/median normalized standard deviation 

of error (NSTDERR) changed from 0.79/0.57 for uncorrected simulations to 0.64/0.61 for 

corrected simulations (Extended Data Fig. 1b), hence showing very limited impacts of our bias 

correction on the temporal variability of flow errors. The mean/median normalized root mean 

square error (NRMSE) decreased from 0.91/0.66 for uncorrected simulations to 0.64/0.61 for 
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corrected simulations (Extended Data Fig. 1c), indicating that all of NRMSE was composed of 

NSTDERR. The mean/median Nash-Sutcliffe Efficiency (NSE) increased from -3.07/0.20 for 

uncorrected simulations to -0.50/0.44 for corrected simulations (Extended Data Fig. 1d), which 

indicates that corrected simulations better matched observations than uncorrected simulations; 

56% of gauges showed improvements in NSTDERR, 76% in NRMSE, and 76% in NSE. 

Improvements in test statistics can be seen across most of the world, except for portions of 

northwestern and northeastern U.S., western and southeastern Canada, western Brazil, and 

northern Europe. Deteriorations in NSTDERR were also present in central Europe.  

 

For each gauge location, we calculated the coefficient of variation (CV) and found that the 

mean/median was 0.76/0.73 for observations, 0.85/0.77 for uncorrected simulations, and 

0.86/0.78 for corrected simulations. Based on mean/median values, simulations showed slightly 

greater variability than observations, with minimally greater variability in corrected simulations. 

After fitting a linear regression enforcing a zero-intercept between simulated CV and observed 

CV, we found slopes of ~1.0 and R2 of ~0.85 for both uncorrected and corrected simulations 

(Extended Data Fig. 2), showing that observed and simulated CV were close to the line of unity 

(i.e., Observed CV = Simulated CV) and that 85% of the variance was explained. However, the 

regression residuals failed the Shapiro-Wilks normality test (uncorrected p-value = 6.526e-11; 

corrected p-value = 1.529e-14), hence limiting valid inference. 

 

Future studies might consider correcting for NSTDERR in addition to bias, which can be 

expected to have a positive impact on NRMSE, and likely also on NSE. The broad improvement 

in bias, NSE, and RMSE reported hereðwith limited impacts on NSTDERR and on CVðare 
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therefore sufficient for the stated purpose of our study, which is correcting bias and evaluating 

global discharge and storage in rivers. 

 

2.8 Estimates of discharge into the ocean 

The uncorrected and corrected river discharge estimates at coastal river termini were used to 

calculate the global total discharge into the ocean, along with its variability. Coastal river termini 

were identified by extracting all river reaches with no downstream river reach and then selecting 

all river reaches within 200 meters of the coastline. Using a buffer from the coastline was 

necessary to remove river termini located in the middle of continents. Global discharge into the 

ocean was calculated on a monthly time step by summing the discharge for all coastal river 

termini (n = 48200). Variability was calculated as the standard deviation of total discharge into 

the ocean across the time series.  

 

Across the globe, average discharge into the ocean is highest for the Amazon (18% of global 

discharge for uncorrected and 19% for corrected simulations), South America north of the 

Amazon (e.g., Orinoco, Catatumbo; 6%, 6%), the Congo (6%, 6%), and Ganges-Brahmaputra 

(5%, 5%) Basins (Extended Data Fig. 5a). Variability in discharge to the ocean is highest in the 

Amazon, Nile, La Plata, and Congo Basins (Extended Data Fig. 5b). 

 

2.9 Water storage estimates 

Each one of Earthôs river reaches can fundamentally be reduced to an individual control volume.  

At steady state, assuming that water is incompressible and neglecting friction by viscous forces, 

this control volume follows Bernoulliôs principle. In turn, the river reach becomes ruled by a 
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linear relationship between water storage and water flow, and involving residence time.  

Assuming that residence times are much smaller than one month, such a relationship can be 

applied at the monthly time scale. Under the same steady state assumption, the Muskingum 

method62 for river routing also reduces to a linear storage-discharge relationship: 

 

╢ ▓Ͻ ╠ ρυ 

 

where ╢ is the storage and ▓ is the Muskingum time parameter that is known to be related to the 

celerity ï or speed ï of flow wave propagation63. To calculate Muskingum ▓, we divided the 

length of each river reach by a reference celerity for the flow wave of 1 km/hr, and then 

multiplied that quantity by a scaling factor k. Based on our experience with automated 

parameter estimation for the Muskingum method (Extended Data Table 2) and that all used the 

same reference value18,39,59,64ï66, we used a low (0.20), medium (0.35), and high (0.50) value of 

k to calculate three different possible sets of Muskingum ▓s (for short, medium, and long flow 

wave propagation times) associated to each river reach. After confirming that our residence times 

are indeed much shorter than one month (mean / median values are 1.87 h / 1.37 h, 3.27 h / 2.39 

h, and 4.67 h / 3.41 h for short, medium, and long experiments respectively), we calculated 

global water storage using each Muskingum ▓ on a monthly time step by summing the storage 

for all river reaches. Variability was calculated as the standard deviation of river water storage 

across the time series. 

 

On average, the majority of river water is stored in the Amazon (34% of global river water 

storage for uncorrected and 36% for corrected simulations), Congo (8%, 8%), La Plata (5%, 
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5%), and Nile (5%, 5%) Basins (Extended Data Fig. 5c). Water storage variability is the highest 

in the Amazon, Nile, Ganges-Brahmaputra, La Plata, and South America north of the Amazon 

(e.g., Orinoco, Catatumbo) Basins (Extended Data Fig. 5d).  

 

2.10 Methodological limitations 

We believe that there are several avenues for future research and refinement. First, in this study, 

we focus on the impacts of observations and parameters (i.e., flow wave propagation time) on 

estimates of global water storage; however, future work could explore the impacts of multi-

model runoff uncertainty. Second, because existing approaches to map gauges to river reaches 

(i.e., ñsnappingò) are limited, we developed a robust methodology for ensuring safe ñsnappingò. 

However, our approach makes some assumptions (e.g., buffer distance) that could each be 

revisited. Third, we used stringent criteria for determining which gauges to include in the 

analysis, but future research could devise a new approach to incorporate more gauges in 

underrepresented locations (e.g., Africa, Russia). Fourth, the correction algorithm creates a 

multiplicative factor based on the average discharge across the 30-yr study period and therefore 

does not incorporate a constraint on river discharge extremes (high and low flows) or on 

variability. Future work could focus on correcting the amplitude in addition to the average. 

Lastly, human influences on the water cycle (e.g., water withdrawals, dams, reservoirs) are not 

directly incorporated into the routing model. While the gauge observations used for correction 

indirectly inform the model of some anthropogenic activities, explicit incorporation of such 

activities may improve river discharge estimates67. 
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Abstract 

Floods are the leading cause of natural disaster damages in the United States, with billions of 

dollars incurred every year in the form of government payouts, property damages, and 

agricultural losses. The Federal Emergency Management Agency oversees the delineation of 

floodplains to mitigate damages, but disparities exist between locations designated as high risk 

and where flood damages occur due to land use and climate changes and incomplete floodplain 

mapping. We harnessed publicly available geospatial datasets and random forest algorithms to 

analyze the spatial distribution and underlying drivers of flood damage probability (FDP) caused 

by excessive rainfall and overflowing water bodies across the conterminous United States. From 

this, we produced the first spatially complete map of FDP for the nation, along with spatially 

explicit standard errors for four selected cities. We trained models using the locations of 

historical reported flood damage events (n = 71 434) and a suite of geospatial predictors (e.g. 

flood severity, climate, socio-economic exposure, topographic variables, soil properties, and 

hydrologic characteristics). We developed independent models for each hydrologic unit code 

level 2 watershed and generated a FDP for each 100 m pixel. Our model classified damage or no 

damage with an average area under the curve accuracy of 0.75; however, model performance 

varied by environmental conditions, with certain land cover classes (e.g. forest) resulting in 

higher error rates than others (e.g. wetlands). Our results identified FDP hotspots across multiple 

spatial and regional scales, with high probabilities common in both inland and coastal regions. 
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The highest flood damage probabilities tended to be in areas of low elevation, in close proximity 

to streams, with extreme precipitation, and with high urban road density. Given rapid 

environmental changes, our study demonstrates an efficient approach for updating FDP estimates 

across the nation. 

 

Keywords: flood damage, hazards, machine learning, random forest, CONUS, geospatial 

 

1. Introduction 

Floods are the leading cause of losses in the United States, with billions of dollars incurred every 

year in the form of government outlays, property damages, and agriculture losses, as well as 

significant loss of life. The Federal Emergency Management Agency (FEMA) oversees the 

development of Flood Insurance Rate Maps (FIRMs), which delineate the 100 year floodplain 

and identify areas that have a 1% annual chance of flooding or a 26% chance of flooding at least 

once during a 30 year mortgage (Holmes and Dinicola 2010). However, FEMA-constructed 

FIRMs are often outdated (e.g. the majority of FIRMs are 5ï15 years old; ASFPM 2020), 

spatially incomplete (only 61% of the conterminous United States [CONUS] has been mapped; 

ASFPM 2020), and represent a dichotomous hazard condition (i.e. 'inside' or 'outside') rather 

than a continuous surface of flood risk. FEMA recently instituted a new risk rating 

methodologyðRisk Rating 2.0ðto incorporate spatially varying flood risk information (e.g. 

flood frequency, distance to water) for properties across the nation (FEMA 2021). However, 

Risk Rating 2.0 is only reflected in a property's flood insurance premium, and the 100 year 

floodplain boundary is still the primary metric against which floodplain management (e.g. 

elevated buildings) and flood insurance requirements are set (CRS 2021). As a result, 
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development directly adjacent to the floodplain may still be exposed to flooding, while also 

being built to a lower standard (Patterson and Doyle 2009, Blessing et al 2017). Overly 

simplified, incomplete, and inaccurate flood maps have led to disparities between locations 

designated as high risk and where damage has occurred (e.g. Brody et al 2014, Blessing et al 

2017). Given that climate and land use are dynamic across space and time, outdated maps will 

invariably exacerbate risk. 

 

Completing and updating flood hazard maps for the nation is time consuming (computationally 

intensive hydraulic modeling; FEMA 2019) and resource intensive ($3.2ï$11.8 billion to 

complete and $107ï$480 million to maintain annually; ASFPM 2020). New cost-effective 

methods are needed to rapidly assess flood damage probability (FDP) across the nation and 

update information across areas experiencing environmental change (e.g. land-cover and climate 

change). Machine learning (ML) offers an effective and computationally efficient alternative to 

model FDP over large spatial domains and at moderate resolution. Several studies have 

employed various ML algorithms to model the spatial distribution of flood susceptibility, 

damage, and inundation. For example, Woznicki et al (2019) used random forest (RF) 

classification to develop a spatially complete 100 year floodplain map of the CONUS (i.e. the 

Environmental Protection Agency [EPA] 100 year floodplain). Alipour et al (2020) used RF to 

predict flash flood damage across the Southeast United States. Recent studies have leveraged RF 

and National Flood Insurance Program (NFIP) claims to predict the probability of flooding 

(Mobley et al 2021) or the number of insurance claims from past flood events (Yang et al 

2021a). Numerous other studies have employed support vector machines, classification and 

regression trees, maximum entropy, RFs, and artificial neural networks to map flood 
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susceptibility (Tehrany et al 2014, Wang et al 2015, Lee et al 2017, Zhao et al 2018, Choubin et 

al 2019, Mobley et al 2019). These studies typically take advantage of various geospatial datasets 

(e.g. land cover, elevation, climate, soil characteristics) and flood inventory databases 

representing a sample of flood events to generate spatially explicit estimates of flood 

susceptibility at unsampled locations for the study area of interest. 

 

Here we present a proof of concept for rapid prediction of FDP using only open-source data and 

ML methods. Our modeling framework (figure 1) provides the opportunity to fill in gaps of 

unreported or unaccounted flood damage, identify unexpected damage, and rapidly update 

estimates of FDP as new information becomes available. In this study, we investigate the 

following questions to understand the underlying drivers of FDP in the U.S. and provide the 

first-ever spatially explicit estimate at scale: (a) Where are flood damage events frequently 

observed and how often are they reported outside of the FEMA 100 year floodplain? (b) What 

environmental and land cover characteristics are most correlated with flood damage? and (c) Can 

we accurately predict the spatial distribution of flood damage and identify where FDP is the 

highest? We define 'flood damage probability (FDP)' as the likelihood of any given location to be 

impacted by monetary damage, injuries, loss of life, or disruptions to the economy due to 

excessive rainfall and overflowing water bodies (i.e. flash or riverine flood) in a 14 year period 

(NOAA NWS 2019). This definition assumes stationary climate and land use conditions. Here, 

'FDP' differs from 'flood susceptibility' and 'flood probability' in that it accounts for the 

likelihood that floods have directly impacted people, the economy, and the built environment 

(i.e. the likelihood that a location experienced damage due to flooding, rather than only 

flooding). 
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Figure 1. Modeling framework and conceptual workflow for predicting flood damage 

probability (FDP) associated with excessive rainfall and overflowing water bodies across the 

conterminous United States (CONUS). (a) Using one of the largest, most comprehensive 

databases of reported flood damage event locations (71 434 reported events between 2006 and 

2020), we trained (b) Random Forest (RF) models to predict the likelihood of flood damage 

occurrence (i.e. 'presence') over the 14 year study period. (c) RF models were also trained on 

sampled 'pseudo-absence' data points (i.e. non-flood-damaged points) that serve as a proxy for 

locations where flood damage has not been reported. (d) Land cover and 100 year floodplain 
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maps were used to guide the sampling scheme of pseudo-absence points. (e) Geospatial predictor 

variables used in the RF models included topographic variables, climate, socio-economic 

exposure, soil properties, and hydrologic characteristics. (f) Unique RF models were developed 

for each 2-digit hydrologic unit code (HUC-2) watershed to account for spatial variability in the 

physiographic conditions associated with flooding. (g) We completed an observed distribution 

analysis to identify spatial bias of the reported flood damage events and to determine where 

events are frequently observed. We summarized the spatial distribution of reported flood damage 

events by land cover and the Federal Emergency Management Agency (FEMA) 100 year 

floodplain. (h) We evaluated the model's ability to predict flood damage using 4-fold cross 

validation and various test statistics (e.g. area under the curve [AUC]). (i) We used the RF 

models to: analyze the importance of the underlying drivers of flood damage, understand the 

spatial distribution of FDP across the CONUS, and quantify uncertainty (i.e. errors) of 

predictions. 

 

2. Methods 

We developed RF (Breiman 2001) models to estimate the probability of flood damage for each 

100 m pixel in the CONUS, as well as spatial estimates of standard errors (SE) for four selected 

cities. Our modeling framework (figure 1) consisted of training RF models using an occurrence 

dataset (i.e. presence and pseudo-absence, assigned a value of 1 and 0 respectively) and a suite of 

geospatial predictors. Independent RF models were developed and their parameters (e.g. sample 

fraction, minimum node size) optimized for each 2-digit hydrologic unit code (HUC-2) 

watershed (figure S1 available online at stacks.iop.org/ERL/17/034006/mmedia) to account for 

spatial variability of climatic and physiographic conditions. Training presence data consisted of 
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geolocations of 71 434 reported flood damage events (flash or riverine; NOAA Storm Events 

database; NOAA NWS 2018, 2019) occurring between December 2006 and May 2020 (i.e. 14 

years of data; figure 2) to serve as a sample of locations that have experienced flood damage. 

Coastal (i.e. storm surge, tidal) and lakeshore flood event types and reports prior to December 

2006 were not included in this study because records lack precise location information. We 

analyzed the presence data by identifying spatial bias of the reported events. 

 

 

Figure 2. Kernel density map of reported flood damage events (flash or riverine) in the 14 year 

study period (2006ï2020). Note that the subset of the National Oceanic and Atmospheric 

Administration (NOAA) Storm Events database used in this study does not include 'Coastal', 

'Storm Surge/Tide', or 'Lakeshore' flood damage events as these observations lack precise 

location information (see section 1.3 in the supplementary materials). This map describes the 
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spatial density of reported events and is not a comprehensive recollection of where all flood 

damages occurred over the 14 year period. 

 

RF requires at least two response classes, so we generated pseudo-absence data points (i.e. non-

flood-damaged points) to serve as a proxy for locations where flood damage has not been 

reported (Mobley et al 2021; for a detailed description of the response variable, see section 1.3 in 

the supplementary materials). Pseudo-absence data points were randomly sampled across the 

landscape based on the following criteria: (a) equal number as presence points per watershed, (b) 

equal number as presences per land cover class, (c) excluded from a combined 100 year 

floodplain (figure S1; table 1), and (d) excluded from grid cells with presence points. Given that 

the pseudo-absence sampling technique can significantly influence the model, we conducted a 

robust sensitivity analysis for one HUC-2 watershed to determine the appropriate pseudo-

absence to presence (PA:P) ratio for sampling criteria 'a' and 'b' (figure S2; Barbet-Massin et al 

2012). We also explored different model (predictor) resolutions because there is not an indication 

of the extent of event damage in the database. The final sampling scheme was selected based on 

model performance (i.e. total error rate, false positive rate, false negative rate, and area under the 

curve [AUC]) and used a PA:P ratio of 1:1 and a spatial resolution of 100 m (see supplementary 

materials section 1.3.2 for further details regarding the selection of the PA:P ratio and spatial 

resolution). 
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Table 1. Geospatial predictors description and source. 

 

 

Initially, we evaluated 13 predictors for their ability to estimate FDP. We eliminated the 'slope' 

and 'average annual maximum 1 day precipitation' predictors due to their high correlation with 

topographic wetness index and average annual maximum 3 day precipitation, respectively. The 

final subset of 11 predictor variables (table 1) used to train the RF models included hydrologic 

characteristics, topographic surface derivatives, flood severity, climate, soils, and socio-

economic exposure (figures S3 and S4). All variables were resampled to 100 m resolution. We 
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applied each RF model to map the probability and presence of flood damage at unsampled 

locations (i.e. for each 100 m pixel) across the CONUS and to generate SE estimates for four 

selected cities. Commission/omission error minimizer thresholds (minimizes the difference 

between false positive and false negative error rates) were used to convert flood damage 

probabilities to binary presence and absence of flood damage (Václavík and Meentemeyer 2009). 

We assessed model accuracy using 4-fold cross-validation (CV; i.e. training data consists of 75% 

of the dataset; CV accounts for spatial bias in the training dataset), AUC, and total error rate. 

Total error rates (i.e. [fp + fn]/[tp + fp + fn + tn], where fp = false positive, fn = false negative, tp 

= true positive, tn = true negative) were calculated within each land cover class and within each 

100 year floodplain class by converting FDP predictions to binary presence/absence using the 

commission/omission error minimizer thresholds calibrated for each HUC-2 watershed model. A 

detailed methodological description of the modeling workflow (figure 1) can be found in 

supplementary information section 1. 

 

3. Results 

3.1. Observed distribution 

Our analysis of the locations of the reported flood damage events with regard to land cover and 

the FEMA 100 year floodplain revealed that there were numerous damage events reported across 

the built environment and outside of FEMA delineated high-risk areas. With regard to land cover 

class, we found that most reported events were located in developed (29.6%) or agricultural 

(28.1%) areas (figure 3(a)). Developed and agricultural classes make up 3.6% and 23.6% of 

CONUS land surface, respectively. The distribution of flood damage events normalized by land 

cover class area (points in class i/total km2 of class i; figure 3(c)) revealed that developed areas 
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had the highest proportion of events (0.072 reported flood events per km2 of developed land). 

Developed land was followed by planted/cultivated (0.011), forest (0.008), wetlands/water 

(0.006), barren (0.004), then herbaceous/shrubland (0.003). For the FEMA 100 year floodplain, a 

majority of the reported flood damage events were located either outside (68.3%) of the 

floodplain or in unmapped (16.2%) areas of the CONUS (figure 3(b)). The distribution of flood 

damage events normalized by floodplain class area (number of points in class i/total km2 of class 

i; figure 3(d)) revealed a greater proportion of reported events inside the floodplain (0.021), 

followed by areas outside of the floodplain (0.011), and unmapped areas (0.004) 
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Figure 3. Percentage of flood damage events and relative area of each class by (a) land cover 

class and (b) Federal Emergency Management Agency (FEMA) 100 year floodplain class. 

Reported flood damage events per class normalized by (c) land cover class area (number of 

points in each class/total km2 of class) and by (d) FEMA 100 year floodplain class area. 
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3.2. Predicted distribution and damage probability 

3.2.1. Model performance 

The aggregated models performed well at the CONUS scale, with an average AUC of 0.750 

(first quartile = 0.726; third quartile = 0.802), indicating that our models were able to 

successfully distinguish between presences and pseudo-absences (i.e. flood-damaged and non-

flood-damaged points). Model performance varied by environmental conditions (table S1). 

Analysis of total error rate by land cover class revealed lower error rates across wetlands/water 

(mean = 0.158; standard deviation [S.D.] = 0.056) and barren (mean = 0.299; S.D. = 0.211) 

areas, while forest had the highest error rates (mean = 0.346; S.D. = 0.045). Error rates for the 

100 year floodplain were much higher outside of the mapped floodplain (mean = 0.347; S.D. = 

0.018) than inside of the floodplain (mean = 0.000; S.D. = 0.000). 

 

3.2.2. Underlying drivers of FDP 

The relative importance of each predictor was generally consistent across each HUC-2 watershed 

model (18 total in the CONUS; figures 4 and 5; table S2). Proximity to streams was the most 

important predictor for 33% of the models (average rank across HUC-2s of 2.7). Other important 

variables included elevation (average rank = 2.7), average annual maximum 3 day precipitation 

(average rank = 3.4), the combined 100 year floodplain (i.e. 'inside' or 'outside'; average rank = 

5.2), and height above the nearest drainage (average rank = 5.6). Predictors of moderate 

importance included urban road density (average rank = 5.8), profile curvature (average rank = 

6.3), and topographic wetness index (average rank = 6.7). Potential channelization, percent 

hydric soils, and land cover displayed low relative importance, with average ranks greater than 8. 

Some HUC-2 watershed models displayed differences in variable importance (figure 5; table 
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S2). For example, average annual maximum 3 day precipitation was ranked second in 

importance for the Missouri watershed, while it was ranked fourth in importance for the Lower 

Mississippi watershed. Percent hydric soils was ranked higher for the Lower Mississippi 

watershed (ranked fifth) than for the Missouri watershed (ranked eleventh). Urban road density 

was also more important in the Lower Mississippi watershed (ranked second) than the Missouri 

watershed (ranked sixth). 

 

 

Figure 4. Variable importance across all watersheds. Higher Gini importance suggests higher 

relative importance of a predictor. 
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Figure 5. Variable importance ranks (most important = 1; least important = 11) across the 

conterminous United States, as well as two selected watersheds with rankings deviating from the 

order at the national scale. Variables are ordered by importance at the national scale 

(counterclockwise). 

 

Partial dependence plots (PDPs) are useful for interpreting the relationship between a predictor 

and the response variable for black box methods, such as RF (Friedman 2001). Development of 

PDPs for four selected watersheds allowed us to visualize the relationship between the five most 

important continuous predictors (i.e. elevation, proximity to streams, average annual maximum 3 

day precipitation, height above the nearest drainage, and urban road density) and FDP (figure 6; 

see figures S5ïS9 for PDPs of remaining predictors and watersheds). Across the four 
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watersheds, FDP generally: (a) decreased with higher elevations, (b) was higher in close 

proximity to streams, (c) increased with higher average annual maximum 3 day precipitation, (d) 

decreased with greater elevations above the nearest drainage, and (e) increased with greater 

urban road density. While these are the general patterns, some watersheds display a unique 

relationship between the predictor and the response. For example, the South Atlantic-Gulf 

watershed has an increase in FDP between an elevation of 0 m and 500 m before plateauing. 

Also, FDP decreases between average annual maximum 3 day precipitation values of 130 mm 

and 200 mm for the Texas-Gulf watershed. 
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Figure 6. Partial dependence plots of the five most important continuous ranking variables 

across four selected watersheds: South Atlantic-Gulf, Texas-Gulf, Missouri, and Great Basin. (a) 
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Elevation (m), (b) proximity to streams (km), (c) average annual maximum 3-day precipitation 

(mm), (d) height above the nearest drainage (m), and (e) urban road density (% of cells with 

roads in an approximately 0.564 km radius). Plots for remaining predictors and watersheds can 

be found in figures S5ïS9. 

 

3.2.3. Spatial variation, distribution, and uncertainty of predicted FDP 

Predictions of FDP (figure 7) ranged from 0 to 1, where values close to 0 represent low FDP and 

values close to 1 represent high FDP over a 14 year period. Across the CONUS, flood damage 

probabilities are much higher inside of the combined 100 year floodplain (mean = 0.961; S.D. = 

0.087) than outside of the 100 year floodplain (mean = 0.392; S.D. = 0.155). In addition, 

potential exposure to flood damage is prevalent across both inland and coastal areas. 
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Figure 7. Predicted FDP across the conterminous United States. Example high-risk areas in (a) 

Louisiana (St. Charles, Jefferson, St. Bernard, and Plaquemines Parish), (b) Florida (Taylor 

county), and (c) Mississippi (Leflore county). Example areas are among the top 30 counties with 

the highest average FDP. 

 

Applying the error minimizer threshold (see supplementary information equation (1)) to the FDP 

estimates predicted the presence of flood damage at approximately 2626 613 km2 of land area 
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(figure S10). Comparing the areas of predicted damage for each land cover class to the respective 

total area of the class revealed that wetlands (61%) had the highest proportion of predicted 

damage (i.e. 61% of pixels classified as wetlands throughout the CONUS exceeded the error 

minimizer threshold, as generated for each HUC-2 watershed; figure S11(a)). The wetland land 

cover class was followed by developed (42%), planted/cultivated (38%), forest (32%), barren 

(29%), and herbaceous/shrubland (28%). Our analysis also revealed that areas inside of the 

FEMA floodplain had the highest proportion of predicted damage (99%), followed by areas 

outside of the floodplain (31%), then unmapped areas (28%; figure S9(b)). 

 

To better understand uncertainty associated with predicted FDP, we modeled the spatial 

distribution of SE for four selected cities (i.e. Charleston, South Carolina; Omaha, Nebraska; 

Houston, Texas; Salt Lake City, Utah; figure 8) that represent a range of environmental contexts. 

Across the four selected cities, SE ranged from 0.0 to 0.26, in which values close to 0 and 0.26 

represent low and high average variability, respectively (for a detailed description of estimated 

SE see supplementary section 1.1.2). Overall, SE appear to follow topographic characteristics. 

For example, SE are low in close proximity to rivers in Charleston, downtown Houston (Buffalo 

Bayou), and Omaha (Missouri River). There are pockets of high SE in the downtown sections of 

each city. High SE are also prevalent in some mountainous areas surrounding Salt Lake City. 
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Figure 8. Predicted standard errors for (a) Charleston, South Carolina, (b) Omaha, Nebraska, (c) 

Houston, Texas, and (d) Salt Lake City, Utah. 

 

3.2.4. Regional patterns in FDP 

Differential risk patterns emerge when comparing average FDP across different regions (figure 

9). Across the nine census divisions in the CONUS, we found that FDP was the highest across 

the East South Central (mean = 0.518; S.D. = 0.223), West South Central (mean = 0.501; S.D. = 

0.263), South Atlantic (mean = 0.498; S.D. = 0.260), and West North Central (mean = 0.470; 

S.D. = 0.224) divisions (table S3). The five states/districts with the highest average FDP were 
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Louisiana (mean = 0.662; S.D. = 0.320), Missouri (mean = 0.615; S.D. = 0.192), the District of 

Columbia (mean = 0.604; S.D. = 0.174), Florida (mean = 0.599; S.D. = 0.344), and Mississippi 

(mean = 0.574; S.D. = 0.251; table S4). Numerous counties across Florida (e.g. Monroe, Collier, 

Franklin), Louisiana (e.g. Cameron, St. Bernard, Concordia), and Mississippi (e.g. Issaquena 

Sharkey, Leflore) displayed FDPs greater than 0.790 (figure 9; table S4). North Carolina had 

three counties (Dare, Hyde, and Tyrrell) within the highest 30 counties for FDP. Tennessee and 

Virginia each had one county (Lake and Poquoson) in the highest 30. 

 

 

Figure 9. Average estimated FDP by county. Figure also shows the locations of the nine census 

divisions. 
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4. Discussion 

In the absence of reliable flood hazard information, risky decisions will continue to be made, 

affecting assets and lives. Therefore, we present a modeling framework to estimate a continuous 

surface of FDP for each 100 m pixel in the CONUS. This proof of concept for rapid prediction of 

FDP using only open-source data is the first study of its kind to analyze the underlying drivers 

and spatial distribution of FDP across the CONUS. Our approach is computationally efficient, 

replicable, and can be easily updated in response to changing environmental conditions. Our 

results support previous findings (e.g. Blessing et al 2017), which show that a large portion of 

flood loss is reported in areas classified as 'of minimal flood hazard' (i.e. outside of the FEMA 

100 year floodplain). Our study expands upon previous research by determining whether these 

findings are consistent across the entire CONUS at a moderately fine spatial grain. We found 

84.5% of the total reported damage events between 2006 and 2020 to be located outside of the 

FEMA delineated high-risk zones or in an unmapped area of the CONUS (figure 3), suggesting 

that FEMA flood hazard mapping is not capturing the full extent of flood damage exposure. Such 

a large percentage may be partially attributed to limitations (i.e. unrecorded return periods for the 

reported damage events) and potential bias (i.e. flood damage is more likely to be reported in 

locations where it affects people and the built environment) associated with the training dataset. 

The NOAA Storm Events database records damage reported after any flood frequency (e.g. 100 

year, 500 year flood, etc), whereas the FEMA floodplain only represents the 100 year return 

period. However, a high presence of reported events in areas of minimal hazard or in unmapped 

areas suggest that communities throughout the nation are susceptible to localized flooding that 

current management policies fail to consider, leading residents and developers to continue risky 

development decisions that may lead to subsequent damages. We reiterate the calls of previous 
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researchers for up-to-date and spatially complete flood hazard maps that characterize a 

continuous surface of flood risk probability. 

 

The variable importance analysis and PDPs provide valuable insight regarding the important 

predictors and their respective relationship to FDP. Proximity to streams was the most important 

predictor for 33% of the models and proximity to streams and elevation had the highest average 

variable importance rank (average rank = 2.7), suggesting that these variables are underlying 

drivers of flood damage across many different geographic contexts. The PDP analysis reveals the 

topographic characteristics associated with areas more vulnerable to flood damage, which could 

be used to inform land use (e.g. development) and flood damage mitigation policies. While the 

distinct drivers of and their relationships to FDP were generally consistent across the HUC-2 

watershed models, we found some differences that are attributed to environmental variation (e.g. 

land use, topography, climate) between watersheds. For example, the general increase in FDP 

with higher elevations for the South Atlantic-Gulf watershed could be due to the presence of 

large cities at higher elevations. Building the RF models at the HUC-2 watershed scale and 

implementing the explanatory analysis allowed us to uncover and capture these variations across 

different spatial domains. 

 

Our CONUS-scale estimates of FDP show great variability in potential exposure to damage 

across the landscape. The probability map is useful for decision-making purposes (e.g. guiding 

land use regulations), as it provides a measure of confidence in flood damage occurrence. Our 

map of the presence of flood damage (i.e. flood damage occurrence in a 14 year period; figure 

S10), on the other hand, delineates locations with modeled probabilities greater than a calculated 
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threshold. While the presence map does not provide any measure of confidence, it can be tailored 

to specific needs (e.g. preference of false positives over false negatives) by changing the 

threshold used (Pearson 2009). Specifically, we used a threshold that minimized the difference 

between false positive (predicting flood damage where there is none) and false negative (not 

recognizing flood damage) error rates, which predicted a total damage land area of 

approximately 2626 613 km2 (figure S10). By contrast, the total land area within the mapped 

FEMA 100 year floodplain is approximately 572 209 km2 (Woznicki et al 2019). The difference 

in area (2054 404 km2) is attributed to a combination of factors: (a) RF model coverage in areas 

unmapped by FEMA, (b) false positives, (c) choice of threshold, (d) potential underestimation of 

exposure by FEMA, and (e) various flood frequencies captured in the NOAA database (e.g. 100 

year, 500 year flood, etc), while the FEMA floodplain only represents the 100 year flood. 

Overall, it appears that the models overestimated FDP, particularly in Southwestern portions of 

the CONUS. While this result is counterintuitive from a climatology perspective, 'dry' states can 

nonetheless experience damaging flash flooding, even if the return frequencies of the individual 

events are low. Moreover, communities across dry areas may not have adapted to reduce their 

relative exposure to flood hazards in the way 'wet' or coastal states have. To further investigate 

uncertainty in predicted results, we generated spatially explicit SE for four selected cities. While 

it was not computationally feasible to produce SE for the entire CONUS, we showed that 

standard error maps can be useful for identifying locations with greater uncertainty. Knowledge 

of uncertainty is imperative for developing meaningful and cost-effective solutions in decision-

making contexts (Reckhow 1994). 
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Consistent with other studies, our results show flood damages often reported outside of areas 

managed to mitigate flood damages, such as the 100 year floodplain boundary (Brody et al 2014, 

Blessing et al 2017). This suggests that estimates of place-specific likelihood of flood damage 

can help policy makers, developers, and residents make more informed planning decisions. 

Overall, our study developed a computationally efficient and open-source approach to estimating 

FDP across large spatial scales and at moderate resolution, with all of the watershed models 

completing the training, 4-fold cross validation, and prediction in an average of 5.55 h (first 

quartile: 3.21; third quartile: 6.66; using 8 cores and an average of 23 GB of RAM per 

watershed). Because of the efficiency of the approach, the model could be used to update 

estimates on a frequent basis as more flood damage reports are added to the NOAA Storm 

Events database and as many regions of the country continue to experience rapid environmental 

change (e.g. land-cover and climate change). 

 

5. Study limitations and future work 

Our study provided an initial proof of concept for rapid prediction of FDP across large spatial 

scales using only open-source data and ML methods, however, the current approach has some 

limitations. First, the results are limited by the comprehensiveness, including any biases, of the 

observation dataset (i.e. the NOAA Storm Events database). See sections 2, 3.1, and 

supplementary 1.6 for detail on spatial bias. For example, observations of flood damage only 

contain flash or riverine flood events. Observations of coastal flooding (storm surge and tide 

effects) lack the location accuracy (i.e. exact latitude and longitude; NOAA NWS 2018) required 

by the approach. As a result, flood damage probabilities are lower than expected along coastlines 

(figure 7). Importantly, both the extent to which the available presence (i.e. reported flood 
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damage events) data match the environmental context and the type of absence data used (i.e. 

true-absences or pseudo-absence) can impact the results (Václavík and Meentemeyer 2009, 

2012). We addressed possible bias by refining the pseudo-absence sampling scheme based on 

our analysis of the spatial distribution of reported events and by accounting for spatial sorting 

bias in cross validation (supplementary materials section 1.6, model evaluation). 

 

Another limitation is the way exposure and flood hazard are represented in the model. Exposure 

predictors are land use/land cover and urban road density, while flood hazard predictors are 

average annual maximum 3 day precipitation and the 100 year floodplain boundary. These are 

geospatial predictors used in similar model approaches and environmental contexts (Wang et al 

2015, Giovannettone et al 2018, Choubin et al 2019, Mobley et al 2019, Woznicki et al 2019, 

Chen et al 2020). Future work could benefit from exploring or creating high-resolution (e.g. 

parcel level) open-source datasets that better capture socio-economic exposure and vulnerability, 

which may only be applicable for smaller study areas. While it could be possible to incorporate 

multiple flood severity predictors to capture the frequency, intensity, and duration of rainfall 

associated with different hydrometeorological extremes, flood severity predictors are likely to be 

highly correlated with one another. In the case of purely predictive RF models, highly correlated 

predictors do not present any issues. However, in our study, we are also interested in building an 

explanatory model, and variable importance measures can be biased whenever predictors are 

highly correlated (Strobl et al 2007, 2008). Future work could employ dynamic modeling 

frameworks that more precisely incorporate the spatio-temporal extent and depth of rainfall, 

runoff, and flooding during an event. This framework could be used in near and long-term 

forecasting applications of FDP, particularly as projections show that flood damages are likely to 
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increase through the 21st century (Wobus et al 2017, Wing et al 2018, Swain et al 2020). The 

release of new flood inundation archives (Tellman et al 2021, Yang et al 2021b) based on 

remotely sensed imagery represent promising developments that could form the necessary 

observational basis for such a dynamic modeling framework. 

 

Lastly, our study assumed stationary climate and land use conditions. This assumption may be 

violated given anthropogenic influences on both climate and land cover. The use of 2016 NLCD 

data could have impacted the results because the underlying land use could have changed during 

the time period of data used in our study (December 2006ïMay 2020). A temporally dynamic 

modeling framework could be developed to better capture changes in land use and climate across 

space and time and to better relate flood damage events and predictions to environmental change. 
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Abstract 

Floods are the costliest natural disaster in the United States and are projected to continue to cause 

devastating impacts as the frequency and magnitude of extreme weather events increase with 

climate change. To guide floodplain management decisions (e.g., zoning, flood insurance policy) 

and enhance community resilience, process-based flood models have been leveraged by the 

Federal Emergency Management Agency (FEMA) to accurately estimate the extent of flooding 

for a particular return period. However, the types of hydrologic and hydraulic modeling that 
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FEMA relies on are costly (in terms of dollar value and time), do not account for ongoing and 

future change in climate, and oversimplify the representation of risk as ñinsideò vs. ñoutsideò the 

mapped risk zone. In this study, we generated climate projections of river discharge to use as 

input to a novel application of terrain-based inundation modeling, with the goal to rapidly 

simulate the impacts of different climate change scenarios on flood depths for different return 

periods. Using historical runoff data and gauge observations, we calibrated and validated a river 

network routing model; the calibrated model was then used with daily climate projections of 

runoff (32 climate models) to estimate river discharge under baseline and future climate 

conditions for 2 greenhouse gas scenarios. Six return periods were derived from the ensemble 

climate projections of river discharge and coupled with a terrain-based inundation methodology 

to simulate flood depths for each return period across a baseline (2006ï2020) and projected 

(centered on 2060) period. Here, we detail this methodological approach, along with current 

results, methodological limitations, and recommendations for future work. Despite some of the 

current limitations, we believe that with some modifications, this computationally efficient and 

reproducible approach could allow for a scenario- and uncertainty-based assessment that can 

inform flood adaptation planning. 

 

 

1. Motivation 

Due to the devastating impacts that riverine floods have had and are projected to have on 

communities, various methodologies have been developed to predict extreme river discharges 

and the resulting areas that will be impacted by flooding. The timing and magnitude of river 

discharge throughout a river network is estimated using a river network routing (i.e., hydrologic) 

model and the spatial extent of flooding is estimated using an inundation model. Traditionally, 
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grid-based routing models have been used to estimate river discharge, but increased availability 

of high resolution river networks and increased needs for computational efficiency have led to 

the development of vector-based river routing models (David et al., 2011a; Lin et al., 2018). In 

terms of inundation models, hydrodynamic (process-based) models are the most commonly used. 

However, similarly to routing models, increased needs for computational efficiency have led to 

the development of simplified conceptual models that are not based on physical processes, and 

instead rely on simplified hydraulic concepts (Teng et al., 2017).  

 

Specifically, FEMA flood maps are developed using a combination of hydrologic and hydraulic 

analyses to determine the river discharge for an event (e.g., 50-yr, 100-yr, 500-yr) and the flood 

elevations and extents for the respective event (FEMA, 2019; i.e., the flood risk modeling is 

physically-based). However, FEMA flood mapping is highly resource intensiveðit costs 

between $5,000 and $10,000 per stream mile to generate a flood map and there are 3.5 million 

stream miles in the U.S. (ASFPM, 2020). Consequently, this limits the ability to apply their 

modeling approach to ongoing and future climate change scenarios, leading to underestimation 

of current and future risk (Ntelekos et al., 2010; Wing et al., 2018; First Street Foundation, 

2020). 

 

Various computationally efficient vector-based routing models (e.g., Routing Application for 

Parallel computatIon of Discharge [RAPID]; David et al., 2011a) and simplified inundation 

models (e.g., Height Above the Nearest Drainage [HAND]; Nobre et al., 2011) have been 

developed to rapidly predict river discharge and flood hazard across large spatial scales (e.g., the 

CONUS) to address the computational and resource challenges of physically-based flood 
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mapping (e.g., FEMAôs methodology). Specifically, the RAPID routing model and HAND 

inundation methodology have been proposed to be the models used for the National Flood 

Interoperability Experiment for real-time rapid flood prediction (Maidment, 2016; Maidment, 

2017). To date, however, no studies have sought to combine the RAPID and HAND modeling 

approaches to simulate the impacts of climate change on the spatial footprint of future flood 

hazard at scale. The ability of the RAPID and HAND methodology to rapidly predict river 

discharge and inundation extents across large-spatial scales makes it especially useful for climate 

change studies, in which it is necessary to incorporate multiple global climate models (GCMs), 

representative concentration pathway (RCP) scenarios, and time steps to appropriately simulate 

the impacts of climate change (Harris et al., 2014). Therefore, we apply a novel application of 

RAPID river routing model and the HAND inundation methodology to estimate flood depths for 

multiple return periods under a moderate (representative concentration pathway; RCP 4.5) and 

high (RCP 8.5) greenhouse gas emissions scenario for a baseline (2006ï2020) and projected 

period (centered on 2060). 

 

2. Methods 

2.1 Study domains 

We apply our approach to a coastal/piedmont and to a mountainous domain (figure 1) to evaluate 

model performance for different geographies. Each domain spans three hydrologic unit code 6 

(HUC-6) watersheds. The coastal/piedmont geography covers the Cape Fear, Neuse, and Onslow 

Bay watersheds across North Carolina (area: 44,211 km2; 25,895 catchments/river reaches). The 

mountainous geography covers the Upper Tennessee, Middle Tennessee-Hiwassee, and French 
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Broad-Holston watersheds, which are primarily situated across North Carolina, Tennessee, and 

Virginia (area: 58,154 km2; 31,056 catchments/river reaches).  

 

 

Figure 1. Hydrologic unit code 6 (HUC-6) watersheds included in the (a) coastal/piedmont and 

(b) mountainous study area.  

 

2.2 River network routing: RAPID 

RAPID is an open-source river routing model that solves a matrix-based version of the 

Muskingum method to estimate river discharge for every river reach in a vector-based river 

network (David et al., 2011a). The primary input files to RAPID consist of a gridded runoff time 

series from a land surface model (LSM), along with a vector representation of a river network. 

Here, we use the National Hydrography Dataset Plus (NHDPlus) version 2 (McKay et al., 2012) 

as the underlying river network for routing, which is an open-source and high spatial resolution 

network available for the United States (U.S.). We use two different open-source runoff datasets 

as input to RAPID for model calibration and validation (observation-based simulations) and 

climate prediction (climate-based simulations). Table 1 describes the model specs for each 

simulation type. In both simulation types, the runoff data are coupled to RAPID by identifying 
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the LSM grid cell that corresponds to the catchment centroid of each river reach. Once coupled, 

the inflow to the river network is calculated by multiplying the area of the catchment by the 

runoff at each time step in the corresponding grid cell.  

 

2.2.1 Model calibration and validation: Observation-based simulations  

For RAPID calibration, we use hourly runoff data (accumulated to daily) from the North 

American Land Data Assimilation System (NLDAS; Xia et al., 2012) version 002 Variable 

Infiltration Capacity (VIC) land surface model (Liang et al. 1994) and daily stream gauge 

observations of river discharge from the U.S. Geological Survey (USGS) National Water 

Information System (NWIS; U.S. Geological Survey, 2016). For both datasets, we used data for 

the baseline time period of January 1st, 2006 to December 31st, 2020. We only used gauges that 

had daily data with no missing observations across the baseline. The gauge data contain 

information about the river identifier that each gauge is associated with in NHDPlus, thus 

allowing us to know where along the river network observations are available for model 

calibration and validation. We removed gauges from the analysis that had a dam located in its 

corresponding catchment (David et al., 2011b), which was identified using the StreamCat dataset 

(Hill et al., 2016). This resulted in 57 gauges for the coastal/piedmont domain and 33 gauges for 

the mountainous domain.  

 

RAPID uses an automated parameter optimization procedure to estimate two multiplying factors 

‗ and ‗ to generate the required parameters for routing, Muskingum ὑ and ὢ (David et al., 

2013), for each river reach Ὦ using the following equations: 

ὑ ‗Ͻ
ὒ

ὅ
ȟὢ ‗ϽπȢρ ρ 
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where ὒ is the river reach length and ὅ is a reference flow wave celerity of 1 km/hr = 0.28 m/s. 

The multiplying factors are estimated by minimizing a cost function between observations and 

simulations of river discharge at the gauges in the basin. Since the final ‗ and ‗ produced from 

the optimization procedure are sensitive to initial guesses of ‗ and ‗, we used three different 

initial guessesð(‗, ‗) = (2, 3), (‗, ‗) = (4, 1), and (‗, ‗) = (1, 1)ðand selected the 

optimized parameter set that led to the lowest value of the cost function (David et al., 2011b). 

The optimization procedure was completed separately for the coastal/piedmont and mountainous 

domains. An individual year was used for model calibration, which was selected as the year with 

the highest average discharge across gauging stations (2018 for coastal/piedmont and 2020 for 

mountainous; David et al., 2013). Once RAPID parameters were optimized, we simulated river 

discharge for each daily time step across the 15-year period from January 2006 to December 

2020. For both RAPID optimization and simulation, we ran it in ñforcingò mode to account for 

potential anthropogenic influences on river discharge (e.g., dams; David et al., 2011b). ñForcingò 

mode substitutes simulations of discharge at gauging stations with observations.  

 

We also evaluated the impacts of applying the bias correction algorithm described in chapter 3 

on river discharge simulations and subsequent flood simulations. To do this, we corrected the 

NLDAS2-VIC runoff using observations from the USGS NWIS gauges described in paragraph 1 

of this section. The corrected runoff was used as input to RAPID to optimize the model 

parameters following the procedure described above. The optimized model parameters were then 

used with RAPID to simulate corrected river discharge for 2006ï2020.  
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After estimating uncorrected and corrected river discharge for each river reach and time step, we 

evaluated the performance of RAPID by calculating Nash-Sutcliffe Efficiency (NSE) and root 

mean square error (RMSE) between daily observations and simulations at gauging stations over 

2006ï2020. 

 

2.2.2 Model predictions: Climate-based simulations  

The optimized RAPID parameters, Muskingum ὑ and ὢ, from the observation-based simulations 

were used to run RAPID for the climate-based simulations. To incorporate the impacts of climate 

change, we used the LOcalized Constructed Analogs (LOCA) VIC projections of runoff from the 

Coupled Model Intercomparison Project phase 5 (CMIP5) from 32 GCMs and 2 RCPs (RCP 4.5 

and 8.5) as the runoff input to RAPID (Taylor et al., 2012; Pierce et al., 2015; Vano et al., 2020). 

We used the daily 2006ï2020 (baseline) and 2053ï2068 (projected) LOCA-VIC runoff for each 

GCM and greenhouse gas scenario to generate daily climate-based simulations of river discharge 

across the baseline and projected periods. The baseline period is set to 2006ï2020 since data 

generated using the LOCA downscaling method are affected by a statistical artifact in the 

frequency of extreme precipitation and runoff (Vano et al., 2020). 
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Table 1. Model specs for each simulation type. 

Simulation type Time period Input  

runoff  

Spatial 

resolution 

Temporal 

resolution 

Scenarios 

Calibration 

(observation-

based) 

Baseline: 2006ï

2020  

NLDAS2- 

VIC 

1/8 ° Daily N/A 

Predictions 

(climate-based) 

Baseline: 2006ï

2020  

LOCA-

VIC 

1/16 ° Daily RCP 4.5 

RCP 8.5 

Projected: 2060 

values from a 15-

yr (2053ï2068) 

period  

LOCA-

VIC 

1/16 ° Daily RCP 4.5 

RCP 8.5 

NLDAS2 = North American Land Data Assimilation System phase 2; LOCA = LOcalized 

Constructed Analogs; VIC = Variable Infiltration Capacity; RCP = Representative 

Concentration Pathway 

 

2.3 Terrain-based inundation modeling: HAND 

The height above the nearest drainage (HAND) raster depicts a digital elevation model 

normalized to the river network by determining pixels that belong to a mutually connecting 

flowpath to estimate vertical height between a pixel and its nearest river (Nobre et al., 2011). 

HAND is used in conjunction with estimates of river stage height across each river reach in the 

river network to simulate inundation and identify nearby flooded pixels (Nobre et al., 2016; 

Johnson et al., 2019). Liu et al. (2018) and Zheng et al. (2018) calculated HAND at 10-m 

resolution and synthetic rating curves (SRCs; i.e., stage-discharge relationships) for each river 

segment in the NHDPlus dataset for the conterminous United States (CONUS; McKay et al., 

2012). HAND was calculated using a hydrologically conditioned (i.e., obstacles and pits 

removed) digital elevation model (DEM; derived from the USGS  ӎ arc second DEM) and the 

DÐ flow direction method. A river network was derived from the DEM with guidance from 
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NHDPlus to ensure alignment of the river network to the DEM, but initiated at the source of each 

NHDPlus river (Liu et al., 2018). The DÐ flow direction grid and stream network were used to 

produce the HAND value for each cell by determining the vertical distance of each cell to its 

nearest river. SRCs for each river segment were calculated using channel hydraulic properties 

(e.g., slope, cross-sectional area) and Manningôs equation to convert discharge to stage height 

(stored in a look-up table; Zheng et al., 2018).  

 

2.3.1 Return periods 

Using the observation-based and climate-based simulations of discharge, we determined the 

discharge magnitude for six different return periods: 2-yr, 20-yr, 50-yr, 100-yr, 500-yr, and 

1000-yr. For observation-based simulations, we fit a generalized extreme value distribution (i.e.,  

right-skewed Gumbel) for each river segment to the 15 years of annual maximum discharge over 

2006ï2020 and extracted the 50th, 80th, 95th, 99th, 99.8th, and 99.9th percentiles to determine 

the discharge magnitude of each return period across the baseline. For climate-based simulations, 

the distribution was instead fit to the climate model ensemble (n=32) of annual maximum 

discharge (number of values used to fit the distribution = 32 GCMs Ͻ 15 years = 480; Wobus et 

al., 2017). The discharge magnitudes of each return period were calculated for each greenhouse 

gas scenario across the baseline (2006ï2020) and projected periods (centered on 2060; 2053ï

2068).  

    

2.3.2 Flood depths 

The calculated return periods for the observation-based and climate-based simulations were 

linearly interpolated to stage heights using the SRCs produced for each river segment (Liu et al., 
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2018). Spatially and temporally explicit inundation depths were calculated for each return period 

using the HAND raster, catchment shapefile (i.e., contributing area), and stage height. Depths 

were calculated using the ór.lakeô module in GRASS GIS (Neteler et al., 2012), which 

determines cells in the HAND raster that are hydrologically connected, and calculates the depth 

of water in those cells by subtracting the HAND raster from the stage height. Baseline flood 

depths for each return period were calculated for the observation-based simulations. For climate-

based simulations, baseline and projected flood depths were calculated for each return period and 

greenhouse gas scenario.  

 

2.3.3 Flood extent validation 

We validated our inundation modeling approach by comparing our observation-based 100-yr 

flood depths to the FEMA delineated 100-yr floodplain. FEMA has full data coverage across 

both the coastal/piedmont and mountainous study domains. Given that our approach results in 

flood depths and the FEMA data represent a flood extent (i.e., óinsideô or óoutsideô of the 100-yr 

floodplain), we converted our 100-yr flood depths to a flood extent by classifying cells with a 

depth  1 cm as óinsideô and remaining cells as óoutsideô (First Street Foundation, 2020). We 

used four evaluation metrics, including hit rate (HR), false alarm ratio (FAR), critical success 

index (CSI), and error bias (EB; Wing et al., 2017): 

ὌὙ  
ὓὊ

ὓὊ ὓὊ
ς 

ὊὃὙ 
ὓὊ

ὓὊ ὓὊ
σ 

ὅὛὍ 
ὓὊ

ὓὊ ὓὊ  ὓὊ
τ 
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Ὁὄ  
ὓὊ

ὓὊ
υ 

where ὓ Ὂ indicates the number of cells that are óinsideô (i.e., ὲ = 1) and/or óoutsideô (i.e., ὲ  = 

0) of the floodplain for the modeled (ὓ) and FEMA (ὓ) data. For example, ὓὊ indicates the 

number of cells where both the modeled and FEMA data are óinsideô of the floodplain. ὌὙ is a 

measure of underprediction and determines the proportion of cells that the model is able to 

correctly classify as óinsideô of the floodplain, regardless of overpredicting the floodplain 

boundaries. ὌὙ ranges between 0 (no cells are correctly classified as óinsideô of the floodplain) 

and 1 (all cells are correctly classified as óinsideô of the floodplain). ὊὃὙ is a measure of 

overprediction that determines the proportion of cells that the model incorrectly classifies as 

óinsideô of the floodplain and ranges between 0 (no false alarms) and 1 (all false alarms). ὅὛὍ is a 

measure of overall prediction and ranges between 0 (no cells are correctly classified) and 1 (all 

cells are correctly classified). Ὁὄ evaluates whether the model is generally underpredicting or 

overpredicting the extent of the FEMA 100-yr floodplain, where Ὁὄ ρ indicates no bias,  π

Ὁὄ ρ indicates that the model generally underpredicted, and Ὁὄ ρ indicates that the model 

generally overpredicted. 

 

3. Results 

3.1 RAPID discharge validation 

Model evaluation results using the observation-based simulations show that daily simulations for 

the coastal/piedmont study area more closely match observations than simulations for the 

mountainous study area, which is indicated by the coastal/piedmont study area having a higher 

NSE and lower PBIAS (table 2). For the coastal study area, applying the correction algorithm led 

to slight improvements in NSE and RMSE, and drastic improvements to PBIAS. For the 
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mountainous study area, applying the correction algorithm led to slight improvements to RMSE, 

and drastic improvements to NSE and PBIAS. For both uncorrected and corrected simulations 

and for both the coastal/piedmont and mountainous study areas, the high correlation indicates 

that the simulated timing of peak and low flows closely matches that of observations.  

 

Example hydrographs (figure 2) well display the differences in test statistics between the 

coastal/piedmont and mountainous study areas, as well as between uncorrected and corrected 

simulations. For the coastal/piedmont study area, the simulated average is much higher than the 

observed average (figure 2a), which is why the correction results in an overall decrease in 

discharge and less extremes captured relative to the observations. For the mountainous study 

area, the simulated average is lower than the observed average, therefore leading to simulated 

results that much more closely match observations, including extremes. These findings make 

sense given that the correction algorithm described in chapter 3 corrects simulations to the 

average of observations and doesnôt account for extremes. 
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Table 2. Routing Application for Parallel computatIon of Discharge (RAPID) model calibration 

and validation parameters. Optimized multiplying factors (k and x) for the Muskingum 

parameters (k and x) and daily validation metrics (Nash-Sutcliffe Efficiency [NSE], root mean 

square error [RMSE], percent bias [PBIAS], and correlation [ɟ]; displays the median/mean 

across all gauges) for the uncorrected and corrected observation-based simulations across the 

coastal and mountainous study domains. 

Study 

domain 

Uncorrected 

or corrected 

Optimized 

k 

Optimized 

x 

NSE RMSE 

(□ ▼) 

PBIAS 

(%)  

ɟ 

Coastal/ 

piedmont 

Uncorrected 0.391 0.305 0.210/ 

0.136 

3.46/ 

15.20 

67.16/ 

83.04 

0.700/ 

0.708 

Coastal/ 

piedmont 

Corrected 0.349 1.828 0.290/ 

0.328 

2.37/ 

11.97 

-0.02/ 

-1.996 

0.700/ 

0.692 

Mountainous Uncorrected 0.058 4.690 -0.360/ 

-0.376 

14.79/ 

26.48 

-86.30/ 

-85.93 

0.810/ 

0.813 

Mountainous Corrected 0.100 3.124 0.640/ 

0.647 

7.94/ 

12.42 

-0.002/ 

-0.787 

0.820/ 

0.823 
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Figure 2. Example hydrographs for one river each in the coastal/piedmont and mountainous 

study area: (a) coastal/piedmont, uncorrected, (b) mountainous, uncorrected, (c) 

coastal/piedmont, corrected, (d) mountainous, corrected. Observations are shown in black and 

simulations are shown in red.  
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3.2 HAND flood extent validation 

Observation-based flood depths were converted to flood extent (figure 3 for an example of the 

coastal/piedmont study area) and compared to the FEMA 100-yr floodplain (figure 4) to 

determine how well the modeled 100-yr floodplain matches the FEMA floodplain. Test statistics 

show that both the 100-yr flood extents for the coastal/piedmont and mountainous areas are only 

able to capture ~40ï50% of pixels classified by FEMA as óinsideô of the floodplain (table 3). 

The vast underprediction is also shown by Ὁὄ since π Ὁὄ ρ for both study areas. Overall, 

the mountainous study area performs slightly better than the coastal/piedmont study area. 

Applying the correction algorithm results in a slight deterioration in test statistics for the 

coastal/piedmont study area, but it results in slight improvement in test statistics in the 

mountainous study area. While the discharge test statistics (NSE, RMSE, and PBIAS) improve 

for both study areas after correction, the correction algorithm results in dampened extremes for 

the coastal/piedmont study (figure 2), which propagate into the calculation of return periods and 

simulated inundation. On the other hand, the correction algorithm results in simulated extremes 

that more closely match observations for the mountainous study area. This leads to a larger 100-

yr flood extent and improved test statistics, although the improvement is small. Test statistics for 

both study areas and for both uncorrected and corrected simulations are lower when compared to 

those of Wing et al. (2017) and Bates et al. (2021), which use a 2D hydraulic model to estimate 

the 100-yr floodplain. However, note that the present modeling framework only considers fluvial 

inundation, while Wing et al. (2017) considers fluvial and pluvial inundation and Bates et al. 

(2021) also includes coastal inundation.  
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Figure 3. For the coastal/piedmont study area, the uncorrected observation-based 100-yr (a) 

flood depth, which was converted to (b) flood extent using 1 cm depth as the threshold.   
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Figure 4. Modeled 100-yr flood extent using the uncorrected observation-based simulations 

compared to the Federal Emergency Management Agency (FEMA) 100-yr floodplain for the (a) 

coastal/piedmont and (b) mountainous study areas. ὓ Ὂ indicates óinsideô (i.e., ὲ = 1) and/or 

óoutsideô (i.e., ὲ  = 0) of the floodplain for the modeled (ὓ) and FEMA (ὓ) data. Red indicates 

underprediction, while yellow indicates overprediction of the modeled data relative to FEMA. 
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Table 3. Modeled 100-yr flood extent validation test statistics, using the Federal Emergency 

Management Agency 100-yr floodplain as the benchmark.  

Study domain Uncorrected or corrected HR FAR CSI EB 

Coastal/ 

piedmont 

Uncorrected 0.426 0.237 0.376 0.230 

Coastal/ 

piedmont 

Corrected 0.399 0.227 0.357 0.195 

Mountainous Uncorrected 0.470 0.125 0.441 0.127 

Mountainous Corrected 0.519 0.177 0.467 0.232 

HR = Hit Rate; FAR = False Alarm Ratio; CSI = Critical Success Index; EB = Error Bias 

 

To further examine the relationship between environmental conditions and model performance, 

we calculated each of the four flood extent test statistics by catchment (N=25,895 for the coastal 

area; N=31,056 for the mountainous area). We used 18 variables that are provided at the 

catchment level from the StreamCat database (Hill et al., 2016) and from NHDPlus and 

calculated Spearman correlations for each of the variables in relation to the four test statistics 

(tables 4 and 5). The coastal/piedmont and mountainous study areas have moderate correlations 

for three out of four test statistics for stream order and they suggest that model performance 

improves as stream order increases (i.e., river size increases). For the coastal/piedmont study 

area, there are some weak correlations for a handful of test statistics for percent hay, percent 

impervious, percent woody wetlands, and slope. The mountainous study area has 

strong/moderate correlations for slope and suggests that hit rate decreases as slope increases. 
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There are also moderate correlations for percent open water, and weak correlations for mean 

elevation, lake fraction, and river length. 

 

Table 4. Spearman correlations for each test statistic and variable for the coastal/piedmont study 

area. Correlations are assigned a color and bolded if they are weak (0.3 < r < 0.5; light orange), 

moderate (0.5 < r < 0.7; medium orange), or strong (r > 0.7; dark red). 

Variable 

Correlation: 

HR 

Correlation: 

FAR 

Correlation: 

CSI 

Correlation:

EB 

Base flow index 0.161** -0.072** 0.133** -0.014* 

Catchment area -0.09** 0.269** -0.086** 0.225** 

Dam density -0.021** 0.034** -0.026** 0.023** 

Mean elevation -0.128** 0.277** -0.21** 0.225** 

Lake fraction 0.07** 0.09** -0.087** 0.119** 

River length -0.145** 0.248** -0.085** 0.178** 

Percent crop (2011) -0.011 0.199** -0.081** 0.194** 

Percent hay (2011) -0.161** 0.307** -0.221** 0.237** 

Percent herbaceous wetlands 

(2011) 0.033** -0.111** 0.089** -0.109** 

Percent impervious (2011) -0.169** 0.306** -0.215** 0.218** 

Percent mixed forest (2011) -0.104** 0.229** -0.126** 0.189** 
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Percent open water (2011) 0.067** -0.175** 0.095** -0.151** 

Percent woody wetlands (2011) 0.273** -0.365** 0.35** -0.243** 

Mean soil permeability 0.091** -0.09** 0.091** -0.061** 

Density of roads-stream 

intersections -0.198** 0.259** -0.172** 0.177** 

Density of roads -0.159** 0.24** -0.204** 0.165** 

Slope -0.463** 0.417** -0.431** 0.234** 

Stream Order 0.611** -0.519** 0.667** -0.248** 

*indicates significance at p< 0.05** indicates significance at p< 0.01 

 

 Table 5. Spearman correlations for each test statistic and variable for the mountainous study 

area. Correlations are assigned a color and bolded if they are weak (0.3 < r < 0.5; light orange), 

moderate (0.5 < r < 0.7; medium orange), or strong (r > 0.7; dark red). 

Variable 

Correlation: 

HR 

Correlation: 

FAR 

Correlation: 

CSI 

Correlation:

EB 

Base flow index 0.161** -0.072** 0.133** -0.014* 

Catchment area -0.09** 0.269** -0.086** 0.225** 

Dam density -0.021** 0.034** -0.026** 0.023** 

Mean elevation -0.128** 0.277** -0.21** 0.225** 
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Lake fraction 0.07** 0.09** -0.087** 0.119** 

River length -0.145** 0.248** -0.085** 0.178** 

Percent crop (2011) -0.011 0.199** -0.081** 0.194** 

Percent hay (2011) -0.161** 0.307** -0.221** 0.237** 

Percent herbaceous wetlands 

(2011) 0.033** -0.111** 0.089** -0.109** 

Percent impervious (2011) -0.169** 0.306** -0.215** 0.218** 

Percent mixed forest (2011) -0.104** 0.229** -0.126** 0.189** 

Percent open water (2011) 0.067** -0.175** 0.095** -0.151** 

Percent woody wetlands (2011) 0.273** -0.365** 0.35** -0.243** 

Mean soil permeability 0.091** -0.09** 0.091** -0.061** 

Density of roads-stream 

intersections -0.198** 0.259** -0.172** 0.177** 

Density of roads -0.159** 0.24** -0.204** 0.165** 

Slope -0.463** 0.417** -0.431** 0.234** 

Stream Order 0.611** -0.519** 0.667** -0.248** 

*indicates significance at p< 0.05** indicates significance at p< 0.01 
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4. Study limitations and recommendations for future work 

Given the poor observation-based inundation results presented here, we deem it unproductive to 

show or discuss any of the climate-based simulation results until more work has been done to 

improve upon the current limitations of the observation-based simulations. There are many 

limitations, some of which will be described here.  

 

First, the observation-based discharge simulations underpredict observations for both the 

coastal/piedmont and mountainous study areas. This is likely due to poor input runoff, as it 

appears that not enough runoff is being produced to capture extremes. Poor discharge 

simulations propagate into the calculation of return periods and flood extentsðunderestimated 

discharge peaks leads to underestimated annual maxmiums and discharge magnitudes for each 

return period, which then results in underestimated stage heights and flood extents. We 

attempted to correct the discharge using the correction algorithm described in chapter 3, but the 

algorithm only corrects to the average and doesnôt account for extremes. The algorithm improves 

the simulation of extremes for the mountainous study area, but not the coastal/piedmont study 

area. Even with the improved simulation of extremes for the mountainous study area, the flood 

extent test statistics when compared to FEMA are still poor, which suggests that the underlying 

issue is likely in the HAND inundation methodology. However, itôs important to note that using 

FEMA as the benchmark for our 100-yr flood extent results has some limitations since FEMA 

calculates return periods differently than the present study (e.g., using different years for return 

period calculation can result in vast differences in the estimated discharge magnitude). Future 

work could begin to untangle this by, for example, comparing the present studyôs estimated 

water elevations to FEMAôs for each return period at gauges. One could also use FEMAôs water 
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elevations with the HAND inundation method to determine if there are differences in simulated 

flood extent and FEMAôs flood extent when using the ótrueô (i.e., FEMA) water level for the 

100-yr flood at a certain gauge. 

 

Second, the HAND methodology doesnôt allow for ócatchment spilloverô because the HAND 

inundation calculation is limited to the catchment (each catchment has its own stage height). 

Therefore, water that is present at the edge of any given catchment will not óspilloverô into the 

adjacent catchment, even though such water should spread across catchment boundaries (figure 

5). This restricts the extent of inundation and leads to underprediction of flooding. To deal with 

this limitation, Maidment et al. (2016) have proposed a modified HAND methodology, which 

takes stream order into account when deriving the HAND raster from NHDPlus and when 

simulating inundation. We did not implement this approach yet because the goal of the present 

study was to develop a scalable approach to rapidly simulating inundation and the open-source 

data we obtained from Liu et al. (2018) and Zheng et al. (2018) only contain data needed for the 

original HAND method. Progress is still being made on making the modified HAND 

methodology scalable (Maidment et al., 2016), but future work could evaluate the impacts of 

using this approach.  
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Figure 5. Zoomed in example of the impacts of ócatchment spillover,ô whereby water at the 

catchment edge (white outline) doesnôt spread into the adjacent catchment with the HAND 

methodology. Orange arrows point to a few catchments where this is present. 

 

Third, the SRCs produced by Zheng et al. (2018) assume a constant Manningôs ὔ (channel 

roughness) of 0.05 across the CONUS. Manningôs ὔ is dependent upon land cover and affects 

the value of the stage height that is linearly interpolated from discharge in the SRCs (figure 6): 
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