ABSTRACT

COLLINS, ELYSSALAINE. ComputationallyEfficient Approaches tdodelingFlood Risk
andRiver Dischargeat Scale (Under the directionf Dr. RossMeentemeyeand Dr. Gorgina
Sanchey

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
timed a characteristic that leads to tremendous water securitgmtes (e.g., flooding, limited
access to drinking watef)nderstandingiver dischargelynamicsand its resulting impacts at
scale is therefore critical for assessing water resoanaakbility and hazardexposureand for
informing managemerntecisons However previousmodelimplementations haveommonly
usedlabor intensive, complex, armdmputationally inefficientnethodsthus limiting their
scalability to larger geographic extents and to alternative scenarios of environmenta) akange
well astheir ability to account for uncertainty in model inputerough three computatiorl
novel modeling approaches, thiissertation 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 2evelops a bias correction algorithm to generate glofoalisected estimates
of river discharge and water storage for ~3 milliover reaches at a monthly time step over
1980 2009.The algorithm corrects runoff using-gitu discharge observations at 713 gauge
locations; the corrected runoff is used as input to a simple routing model to estimate river
dischargeThe efficiency othe correction algorithm allowed us to constrain uncertainty in

model inputs at the global scale, thus allowingoysrovide our best estimatase(, those



optimizedusing observations) of the global distribution of river discharge and storage at high
gpatial 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 storagée also illustratehe 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 (CONUSed/&1434
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 pixeeiCONUS. Results show
that a large percentage of NOAA reported damage events are located outside ddsageased
as highrisk bythe Federal Emergency Management Agency (FEMA) andribed than a
million square miles of land across the United Stetes high risk from flood damage.

Chapter 4levelogs an innovative hybrid approach to modlebd inundation extent and
frequency(i.e., six return periodspy couplingan existing river network routing modmhda
terrainbasednundationmodel. This modeling framework allows to quickpssess how different
climate change scenarios may reshape the spatial distribution of flood.Fazdeimonstrate
implementation of our modeling frameworke selectedix Hydrologic Unit Codeb digit
watershed; threein the coastal/piedmomtegion ofNorth Carolina andhe other thre@ the
mountainof North Carolina, Tennessee, and Virgirtiindcastvalidation of model accuracy
shows overallunderpredictiorof flood extents relative tBEMAG s -yle@rfibodplain 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 methodolDggpitelimitations, future advances dhis
computationally efficient approadould allowfor a scenarioand uncertaingpased 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 acblkes@ie., 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% ofglobalfresh surface wates stored in only two lakes (Lake Baikal and the Great Lakes),

the majority ofthe world populatiombtainstheir water from rivers.

While the amount water stored in rivers is relatively small, river water has a powerful flow (i.e.,
river discharge), makg 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 tidea characteristic that leads to trameus water security
chdlenges.For exampledroughts, 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
StateqU.S.)between 1980 and 2020 (Ault, 2020n the other end of the spectruefreme

high river flows cause devastating flood impacts, witlbgl@conomic damages exceed##f
billion annually (OECD, 2016)urthermoreit is expected that the droughtsdaifoods

associated with extreme flows Wile exacerbated by climate change (Trenberth et al., 2014;
Hirabayashet al., 2013Bates et al., 2021}t is therefore critical tainderstandhe spatial and
temporal distribution of river discharge and its resulting impacts at scale to assess water

resources and hazards, and to inform water management.



The traditional approach to monitoring and understanding river discharge and its impacts
consisted of installing ksitu stream gauges, which currentlpvide the most accurate

measurements of riverstharge However, streamayge observations are spdysaevailablein

time and space due to political data sharing constraints, decreases in stream gauge reporting, and
other practical reasons (Fekete aft@dsmarty 2007; Hannah et al., 2011; Famigliettial.,

2015; Fekete et al., 201Mloreover, they are limited to a single point in space, hence limiting

their ability to provide information on the spatial footprint of riverine hazéeds., flooding)
Consequently, k3 i t U st r eam ¢ asptaly and tempbrally geandegsi d e
understanding of river dischargead its impactswith especially sevedamowledgerestrictions in

ungauged basinS{vapalan 2003).

To fill in the spatial and temporal gaps, researchers havepuseessbased or hgrodynamic

(i.e., hydrologicaland hydraulif modelsto estimate flowsand related impacter all rivers,
including those in ungauged basiksr exampleEmery et al. (2018) usedhgdrological model
satellitemeasurementsnd data assimilation to generatgrectedand improvedestimates of

river discharge for the Amazon Basin. To understand the spatial footprint of hazards resulting
from extreme river dischargdéhe Federal Emergency Management Agency (FEMAukad
hydrological and hydraulicnodelsto devel@ 100-yr floodplain mapdgor 61% ofthe

conterminous United States (CONUSSFPM, 2020. However theseapproacks arehighly
resourceand computationallintensive (e.g.it has been estimated that it would c832 $11.8
billion to completd~EMA flood mapcoverage for the CONU&nd $107$480 million to

maintain annuallyASFPM 2020) Consequentlythese approacheselimiting in terms of their



scalability to larger geographic extents and to alternative scen&gosiconmental change, as

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

To overcome these limitationsathine learningsimplified inundationmodels(i.e., non
physicsbased, andscalable routing modebnd correction algorithnmsan offer coseffective

and computationally efficiergtliternative to thehighly complex approache€onsiderable
progress has been made to develop and apply these types of models to improve efficiency of
generating predictions.or exampleseverapreviousstudies have used machine learning to
understand the spatial distributiohthe probability of flooding (e.g., Mobley et al 2021) or
flood susceptibility (e.g., Mobley et al. 2019; Choubin et al. 2(R83earchers have deoped
and appliedsimplified inurdation models to estimate thpatial extenand depth of flooding

(eg., Follum, 2012Nobre et al. 2011; Nobre et al. 2Q18calable routingnodelsand

correction algorithmeavealsobeen developednd appliedo estimag river discharge and water
storagge.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 anchsippl of computationally
efficient alternatives, many previous studiese yet to scale their approasto larger spatial

extents or to different climate change scenafibsough three computationally novel modeling
approaches, this dissertation deyps and applies scalable methods to assess river discharge and
its resulting impacts (flooding, water storage, influences from climate change) across large
geographic extent&indings argresented afhreeresearchmanuscriptseach as its owohapter

(chapters P4), with two of the chapters publishea under consideration peerreviewed



journals.Chapter zhas been submitted Mature chapter 3 has been publishedEinvironmental
Research Letteraind chapter 4 lays the methodological gawark for researchihat haghe
potential to be published@he primary objective of thidissertations to develop and apply
scalable methods to assess river discharge and its resulting iapacs large geographic

extents More specifically, the goalf each chapter is the following:

1 Chapter 2: Develop a scalable bias correction algorithm to improve global estimates of
river discharge and water storage at ~3 million river segments.

1 Chapter 3Develop an efficient machine learning methoésomate the likelihood of
flood damage for each 100 meter pixel across the CONUS

1 Chapter 4Develop a scalable workflow feapidly modeling the impastof different

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

Chapter Zevelops a scalable bias correction approagfeterateylobaly-correctediver
discharge and water stora@dvariability) estimatedor ~3 million river segments across
1980 2009.The bias correction approaakes insitu observationgrom 713 gauge® correct
runoff, whichis highly uncertair{David et al., 2019), to use agut into a simple routing model
to generate corrected rivdischargeWe found that the corrected river discharge estimates
provided a better statical match to observations than uncorrected estimates. Using our

corrected simulations, evestimate global river storageean and monthly variability between
1,246+ 225°Qd and3,116+ 564°Qd , andglobal continental flow of 3455 + §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



flow wave propagation time is critical for quantifying rivéorage 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 Continéntvhere little attention has been given for ocean
dischargé is equivalent to nearly 1.5 timése Congo RiveiWe also illustrate the capability of

our correction approach tdentify hydrological inconsistencies (downstream discharge less than
upstream discharge) in the gauge observation network, and therefore its capatbéigcto

severe antlupogenic water withdrawal$he 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 obsesyatfitime 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 leverage$3Ateports of floa 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 probabilityqticedh 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 O6highodrdbmbgkdtgndf 6fbw probarborel i ty f
than a million square miles of land across the United Statdshigh risk from flood damage

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



events relative to the FEMA 180 floodplain and find that 85% of reports doeated outside of
areaglesignated as highisk. Our analysis suggests thilaere are communities across the nation
that are susceptible to flood damage that current management policies do not cBasalese
theapproach is computationally efficiefmhodels ran in an average of ~6 hourtsjas scalable

to the CONUS and itould be used to rapidlypdateestimates as new data become availahbk

environmental conditions change

Chapter 4 develops a methodological framework for rapid sifonlaf the spatial footprint

flood hazards (i.e., extent and depthger future climate scenarios dod six management
relevantreturn periodsZ-yr, 20-yr, 50-yr, 10Gyr, 500yr, and 1006yr). To demonstrate

implementation of our modeling framewomke seleatd six Hydrologic Unit Code 6 digit

watersheds; three in the coastal/piedmont region of North Carolina and the other three in the
mountains ofNorth Carolina, Tennessee, and Virginiae framework involvesouplinga river

routing model called the Routirgpplication of Parallel computatlon of Discharge (RAPID;

David et al., 2011ith the Height Above the Nearest Drainage (HAND; Nobre et al., 2011)
terrainbased inundation metito estimag river discharge and flood hazaithe primary steps

of the framework are to 1) calibrate and validate RAPID using historical runoff aisitun

di scharge observati éorass etdd eadyévaenoss thebaselindpereod v at i
(2006 2020, 2) apply the calibrated RAPID model to runoff projectionsrfrd2global climate
modelsandtwo climate scenarios 0 gener dtaes e@dd| irmateg dacresshar ge
the baselinerad projected period€2053 2068; centered on 205®) fit a generalized extreme

value distribution to the annual maximum flowsdtermine the discharge magnitudetfor

return period of study and 4) input the discharge magnitudes into the HAND inundation



methodology to generate flood depths and extents for each return pasadis show that the
00bsetrbwaasteidddn s of nverldischarge and flood extent lead to underpredictions

when compared to igitu observations and FEMA 180 floodplain maps for both the coastal

and mountainous study areas. We find that underpredictions in river discharge may lead to
underprediatd discharge magnitudes for each return period, therefore propagating into the flood
depth and extent resultauture workmayexplore 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 mofications, it could allowfor a $£enarie, uncertainty, and errotbased

assessment that can inform flood adaptation planning.

This dissertation develops and applies approaichestimating river discharge and its resulting
impactsthat can be used fossessing water resources, evaluating waiated hazards, and
informing water managementhe methods presented are computationally efficient, and
therefore are scalable to large geographic extentsoaaitkrnativescenarios oénvironmental
change. Chpter 2provides the first globalkgorrected (using Hsitu observations) dataset of

river discharge and water storage and improves our understanding of the drivers of river water
storageChapter 3 aims to improve understanding of the spatial distnibafibistorical flood
damage risk across the CONUWhapter 4 introduces a framework for rapidly modeling river
discharge and flood hazard undigture climate changeTlhe researcmanuscriptsiescribed in

this dissertation have broad implications for flatsk and water resourcesdeling and

management.
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Summary

Earthodés rivers ar e tfreshwatargpmakingsacigateknowledgeloe sour c
global river flows and stores critical for informing water managemetawever, previous

estimates of global river flows are widespré#tand pior estimates of river stores are spafse
Challenging accuracy, global estimates of river flows and stores are plaguecetaunties in

land runoft®, an unobserved quantity tiarovides water input tdvers.Here we leverage

global river flow observations to simultaneoustyrectcontinental runoffindriver flow

togetherand furtherquantify river water storaggenerating the first globallgorrected monthly

river flow and storage datas®Ve estinate global river storage mean and monthly variakalty
2165 + 415%m? and global continental flows37455 + 692%m3/yr. Our analysis reveals flow
wave propagatiotime as a unexpected, bdtindamental drivethat can double or halve river
water stores and their variability, while algzoncilng past debates on global river flowsde

identify previously underappreciated freshwater sources to the ocean in water discharged from
the Maritime Continenfindonesia Malaysia and Papua New Guineapaunting to nearly 1.5

times the Congo Riveandillustrateour capability to detect severe anthropogenic water

withdrawals.

1. Main

Eart hds f r arstapidydesliningse shaets are meltitity aquifers are emptying
and glaciers are losing mas€£nsuringsafe and clean drinking watand sanitatioff for the

w o r lrapidlysgrowing population will therefore increasingly rely otnerfreshwater stores.
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Rivers are considered the most renewableraast accessibjéience most sustainablsource
of freshwaterYet, surprisingly little is known abowglobalriver water storage: nearly all
estimategraceback to ahandful oflong-term averagepublished in the 1978§ River water
starage and dischargae connectelly the laws of fluid dynamicandare highly variable in
space and timayith anthropogenic influencdartherintensifying that variability®. Thishigh
variability presents many water security challenges (e.g., geographic and tediguaaties
between freshwater demand and availaBilit). Accordingly,estimatef river discharge and
storage are vital: thegan be used to inform the management of freshweseurces?®, in
transport modeling studi€s.g., identification of areas with poor water quality or coastal dead
zoned"?%), to understand the spatial and temporal patterns of exti(engesflooding,
drough®®3), or to explore the impacts of anthropogenic climate change on the hydrologic
cycle®?. Theaccuratgeconstruction of global historical river discharge and water storage is

thereforeart i cal to our understanding of the worl d¢

In-situ stream gaugesound the worlghrovidekey information on the spatial and temporal
distribution of river discharge. Howevéehe spatial and temporal coverage ositu

measurements are severktyited. Gauges are sparsely distributed globally, with placement bias
towards specific environmental conditiofesg., large rivers). Moreover, data shanj

constraints across political boundariescombination with a worldwide decrease in stream

gauge reportinghave furtherconstrainedhe amount of river discharge observations available

for scientific researcf %8. Modeling approaches such rager network routing, which at global

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

seamlesslgstimate river discharge and water storageindthe world, includingn ungauged
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basing®. Yet, the quality ofriver waterestimates produced from these models is greatly
influenced by the resolution of the underlying hydrogrdphgdby uncertainties qgsent in the
input runoff dat&. For global river discharge and water storage estimatesrwbeusefulthe
uncertainties in these simulations mustbastrainedy observation$“°. Significant progress
has been made to correct for uncertainties and biases from runofftimptutsfluenceiver
discharge outputs in regional, continental, and global river network réttffg. However, past
correction approaches are either computationally expéhdivieniting the geographic extent
over which they can be appli@dr rely on modeled referea data that contain errér§%42

Given that surface and subsurface runoff are not directly measatdbiglobal scaje

discharge observations from&itu stream gauge networks provide the closest proxy.
Surprisingly, a global methodology has yet to be developed that combines the strengths of
models and irsitu observations together to produce higbolution 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 corraotatilyriver flow and
storage dataset, which wame Mean Discharge Runoff and Storage (MeanDRS). Using
MeanDRS, weajuantify total discharge to the océareconciling the wide range in previous
continental flow estimates. Our study also identifies previously underappreciated freshwater

sources to the ocraand reveals a fundamental driver of river water stores.

1.1Global dischargeaidedby observations

We usel a global database afonthlydischarge observatiorss 713 locationglong with
monthly runoff outputs from an ensemble of LSMs for IZ8®9 to biascorrectsimulated
runoff and route it throughr@centhigh-resolution river network containing ~3 million

reached*° Our novelbiascorrection approacttalledLong-Term Inverse Routing. TIR; see
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Methods) compares average discharge simulationsaverage 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 togenerate global 3@ear(1980 2009)correctedmonthly estimates of mean river discharge
extrapolated from and consistent withsitu observations. We evaludtihe geographic

distribution ofcommon discharge metri€s.g., normalized bias, NaSutcliffe efficiency)at the
montly time scale Extended Data Fidl; 2), andfoundthat the biasorrected estimates

providel a better statistical match to observed discharge at gauges than uncorrected pstimates
100% of the 713 gauges shesdno normalized biagthe difference betweernsulated and

observed temporal average, relative to the observed temporal average), as expected from bias
correction. Our corrections alsed to improvements in othemetrics:56% of gauges shad
improvements in normalized standard deviation of errd¥ #w6normalized root mean square
error, and 76% in Nas8utcliffe efficiency(a measure of how well the simulated time series
matches the observed)he improvements in simulation metrics are further visually confirmed

by discharge time seri¢seeExtendel Data Fig.3 for example hydrographsefore and after

correctior). More details are provided in Methods

Evaluating the sign and magnitude of our corrections along with the spatial distributiver of
discharge estimategobally enables us to understand and visualize the impamirajauge
based corrections-{g. 1). Global estimates of rivatischarge averaged across 30 years of
monthly simulationsangel 0i 192683m?/s across all river reachdsr uncorrected simulations
(ExtendedDataFig. 4). Using our LTIRapproach (see Methods), we develdomultiplicative

runoff correction factors for 16%f river reaches globallyhe 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 betweelQead to a decrease in discharge and those greater than 1
lead to an increase in discharge. Negative correction fateiadicative of hydrological
inconsistencies in the gauge netwuaitereupstream discharge is greater than downstream
discharge, i.e. distinctfingerprint ofanthropogenievaterwithdrawals Of the correction factors
developed97% were positive (51% of which led to a decrease in discharge and the remaining
49% to an increaseand 3% were negativéfter applying LTIRand then propagating

corrections downstream via routittyyough the rivenetwork 18% of river reaches were

impacted globally, which is 730 times more river reatchas havegauge (the 713 gauges used

in this analysisover0.02% ofglobalriver reaches). Our average corrected discharge estimates
rangel -155 200008m°*/s (Fig. 1a), with negative discharges due to #ferementioned
hydrological inconsistencie$hese seemingly erroneous negatlisehargevaluesare not only
justifiable from the massonservation (i.e., watdralance perspective, they alspecifically
highlight three regions of the world characterized by intense water mana@@&tentluding

water withdrawalsthe 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 in30-yearaverage river disclnge between corrected and uncorrected simulations

rangel -5285 8469m°/s (Fig. 1b). Positive differences indicate that the average corrected
estimatesarehigher than the average uncorrected estimatieiie negative differencemdicate

that corrected éisnatesarelowert han wuncorrected. Most of the wc

display no difference between average corrected and uncorrected simulations, largethelue to
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lack ofavailable gauge data in those locations. Positive differences (8% ofeadtras) 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., centrati@agastern Brazil, Argentina, various
countries in Africa (e.g., Zambia, Angola), Australia, and India. Note that using everigust a
gauges (e.g., Africa, Australia) can lead to large differences in our estima@srdével

discharggFig. 1b)

We expecthe spatial information gained froour correctiors will be importantfor the land

surface modeling community to evaluate and calibrate simulated runoff ottpatorrected
dischargecan alsqrovide an estimate of the staibthe-art in globariver dischargeoffering

future opportunities for comparison with t8arface Water and Ocean Topography (SWOT)
missionthat has begun such retrievals frepacé®*. SWOT may also show similar evidence of
severe water withdrawdlsthe spatial coverage of spasased estimates from SWOT and

sparser grouwhobservations 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 30year mean river discharge, corrected using mean observation&)

corrected global river discharge estimates @)dhe 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 differensg 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 dischergte st

than uncorrected.

18



1.2 Total discharge to the global ocean

Given thatcontinentakiver discharge into oceansa key feature o a r watey gyclewe
summed all discharge values at coastal river termini globally (with the exception of Antarctica)
andplottedthe monthly time series for 19820009 fig. 2). We found that the temporal average
andmonthlyvariability (i.e., standard deviatiomf water discharged into the ocefaom rivers

is 37808 6704km?/yr for uncorrected and 37455 6925km3/yr for corrected simulations.
While the LTIRapproach results in large differences in discharge at the river reachFgale (
1b), uncorrected and corrected estimates produce similar results when gabaithed postive
and negative differences cancel each othepnupatial aggreggtenence building confidence

in the global sum even if some regions did not benefit from corrections due to lacking
observationsBoth uncorrected and corrected avesagietotal oceanlischarge in our study are
similar inmagnitude to previous estimates in the literature, which range B88%30km?/yr
(Extended Data Tabl®)!'165 these valuearealsoencompassed within our simulategbnthly
variability (Fig. 2).The topic of monthly variability in total discharge to the ocean has received
much less attention and reported values have considerable spreaid (@ xkm?>/yr)810.14

Other studies did not report variability but include graphical time series that allow making an
inference {116km3yr*® and 4242 krifyr®). Our own estimates of monthly stiand deviations

for uncorrected@704kmq/yr) and correcteds@25km?yr) are commensurate with the limited
number of prior studie¥et, our comparison of coefficients of variations betweem

simulations and observatio(BSxtended Data Fi®; see Methds) suggesthatthe magnitude of
our discharge variabilitgenerally matches observations (where availablerantencehelp

reconcilethe sizable range amopgior values
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Fig. 2. Monthly variability in total discharge to the global ocean (except frm Antarctica).
Uncorrected and corrected global monthly discharge accumulated into the ocean f@00980
The estimated average is indicated as horizontal colored dotted (uncorrected) and solid
(corrected) lines. An arrow in proportion to the plot upitsthe left interior of the plot indicates
temporal variability (i.e., one standard deviation). Previous-teng estimates in the literature
(2009 and after) are indicated with a gray line and associated reference on the right exterior.

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

We also estimatewhich hydrologic regios contribue mostto global discharge and variability
(Extended Data Figp). Ourfindings aremostly consistent with previousnowledge Method9;
however, wéoundthat 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 attentionhas beemjiven toMaritime Coninentbasin§°in previous ¢pbal discharge

studies, andve suspecthe regionmight have escaped prior scrutiny in part because its rivers

and stream@ncluding Mahakam, Kapuas, Sepik, Fly) are all relatively sritakir spatial
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aggregation in a relatively small geographical gneavever makes them globally significant.
Accounting for these large aggregate water fluxes from the Maritime contim@dtimpact
ocean circulation models astiange understanding of carbon/sediment/solute delivery to the
ocean. Notghowever, that irour analysis, the Maritime Continent did not benefit from
correctionsand 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
storagedepend on river flow wave propagation time (irever lengh divided by flow wave

celerity)and on the monthly dischargeeach river reacfsee Methods equation 1’e used

three characteristicalues forpropagatiorspeed (i.e., celerity) for each river reach with resulting
propagation times (short, mediumddong) to calculate a range of possible storage estimates.

Note that our analysis assumes spatial consistency in short, medium, and long propagation times,
while the worl ddés rivers and streams are |ike
assumption allows drawing lower and upper bounds for potential storage variability and hence
constrain expected values. \ieindthat the global average antbnthlyvariability of river

water storage is 1246 225km? (shortresidence time 2181  394km?® (medium), and 3116

564 km? (long) for uncorrected simulationBi¢. 3a). For corrected simulatiorialso in Fg. 3a),
storageaverage and variability are 1237237km? (short), 2165 415km?® (medium), and

3093 592km? (long). Bothuncorrected and corrected estimates of average water storage are in
the same order of magnitude relative to previous estimates in the literature of Z1*%8@ikdh

2860 knt 26, To our knowledge, there are no previous published sienies of global river
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storage; even though a recent notable study mentioned such compuatibosusedits

analysis orglobal hydrologic variabilitsP.

Given the considerablangewe foundin mean water storage acrassidenceimes(Fig. 3), we

suggest that knowledge thbw wave propagation celeriig critical to accurately estimating

global water storagé.onger propagation times (i.slpwerflow wave celerity) lead to larger

estimates ofmeanglobal water storagéut also to greatdemporalvariability (Fig. 3). One of

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

estimation of propagation times, a globallyobserved quantity that is currently determined

from empirical equatiorfS. Ongoing satellite measurementscbiinges irsurface water

storagé* can be expected to narrow tikely rangeof variability, thus helping refine
understanding of wave propagation in Earthos

requirement®. In turn, accurate estimates of wave celerity can support flood wasystem$’,
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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 foriZg8I®. The estimated

average is indicated as horizontal colored dotted (uncorrected) andceotet{ed) lines. An

arrow in proportion to the plot units on the left interior indicates temporal variability (i.e., one
standard deviation). Previous letgrm estimates in the literature are indicated on each plot with

a gray line and associated refereron 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 vectotbased river network called Mulrror-Removed Improved Terrain (MERIT) Hydro
(version 7) Esins (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 thireshol
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., €agti, 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 outpurtsdifferent

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 Infittna€apacity (VIC)53,54,

Catchment Land Surface Model (CLSM)55, and No&b86all of which have a spatial

resolution of 1 degree. The gridded runoff was converted into lateral inflow to each river reach
using a centroibased approaéhthe centroid of eacbatchment 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 acrosytipe06d

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

2.3 Discharge observations

We compiled an extensive global database -Gitin gauges (for bias correction and model
evaluation) by collecting daily gauge data from a combination of international and national
organizatims (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 olnsdiaatine 1980

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

(based on the 198009 average; n = 838).

Since the MERIT Hydro river network is delineated from a digital elevation model and gauges
may also hee 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 andewahlgtion. 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 Hydrer 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 disarge 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 gap&p: sna

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 dissgged average discharge to

the uncorrected 39r average discharge of the river reach. The snapping process resulted in 713
unique river reaciyauge pairs and coverage across 44% of the MERIT hydrologic regions (i.e.,
44% [n = 27] of the 61 MERIT hydrodpc 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 eachagige across the 1988009 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 wiithiver reaches with limited negaévimpact of

neglecting horizontal transfer timésas traditionally done through lumped river models:

-4 of 0

where His thei i identity matrix 2l is thei i river network matrix®9=°, |lmis a rsized

vecta of external lateral inflowsC) entering each river reach, aIH:dS ai -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. édingpiting 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 Cadorand Columbia river bastisThe
monthly ensemble average inflow was used astitpthe lumped routing model to generate

uncorrected ensemble river discharge estimates across-yngafod.

2.5 Discharge corrections

To generate constrained estimates of river discharge, we dedelovel inverse routing
algorithm called_.ong-Term Inverse Routing (LTIRdhat is capable of correcting bias in leng
term mean lateral inflow and lostigrm 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/. presents a schematic that summarizes much of our notation for an example
river network containing five reaches and two gauges and illustrates the mathlethesitiedion

that follows. We use a river network withriver reaches angauges (withQ 1), the

i 1 river network matri¥92% { the’Q i observation selector mat®é 2 ofor time, |-m o

ani -sized vector of simulated monthly external lateral water infldveiitering upstream of

each river reachlf 0 ani -sized vector of simulategionthly water outflows exiting each reach,

and A 0 a"Qsized vector of monthly discharge observations. Vinculum symbols are used to
indicate longterm meanse.g. [mis the longterm mean of® 6 . Double struck symbols are

used to indicated corresd quantitiese.g.v is the corrected equivalent to dischaq‘be
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The longterm continuity equation enforces equality between the downstream ouﬂﬂaws the
upstream inflowgtm 4 O (i.e. the sum of lateral inflowgtm and inflows from upstream
reachesl ). This is traditionally done through lumped river models, and can be described in

matrix-vector form&9-2 for both simulated and corrected states:

4 o |
Ld om o G

Enforcing that longerm corrected dischargeguals observations at gauges leads to:
{2 a o

Equatons(Z3) t oget her give rise t o ani-sidadwecter ofs e

corrected lateral inflow mis the unknown:

ok d Qam a T

Equation (4) is & i linear system with unknownsj.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 §@ugas Might first faus

on the individual sulbasins associated with each one of the gaugesslst a'Qsized array

with long-term means of total lateral inflows for these individual-babins. As a preliminary
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step, letum’be one of the infinite number of solois to Equation (4) which crudely applies the

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

om?  {*Om v

where| ¥is the transpose df. Combining Equations ¢8) lead to:

ok 4 Y om a4 ®

Equation (6) is now & "Qlinear system with th&unknowns ofam, and can therefore be
solved. Using , the'Q "Omatrix describing connectivity among gauges, Equation (6) can also
be seen as a continuity equation that relates the &bl inflow within each subasin to the

outflow of each suibbasin:

As a result, and while the shapeudsd *was based on a crude assumption, it reveals that the
inverse routing problem of Equation (4) can be reduced in order to solws, fibve total lateral
inflows of each sulbasin. This irturn offers multiple avenues for constructing valid options for
vmfrom amat the sukbasin level. To do so, one must first understand how the various elements

of |Fmget accumulated downstream of a river network for which the connection between sub
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basins were removed, creaj'fqr,ivaidgforbotheimmatédwdzonnect

corrected states:

L L4 g O
oy b4 459 o

v . can be seen as the lotgym mean of discharge at every reach of a river network where the
connectivity downstream of each gauge was removed ahdamigterm mean inflow, m.

Provided adequate corrections are meﬂdm r (i.e.the values ot _at river reaches that have a
gauge) should be equal should be equatst(i.e. the total lateral inflows for these individual

subbasins):

1, w

We can now look for multiplicative scalars, one per-babin, stored in &sized vectof and

allowing to correct| O _into{ Qu

rs ok o, o m

wheres$ is elementwise multiplicationEquations (91L0) together allow the computationgaf

¢y =S {9, PP
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whereS is elementwise divisionThe multiplicative scalars stored for each-asin inf can
then be applied for each river reach of the relevanbsisin and stored in ansized vector by

applying the following transformation:

fok 4 49 ¥ PG

We can then build a corrected lateral inflow vecter”such that the lateral inflow values of

each sukbasin are proportional to the initial values|e

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

om?y 5 |mo pT

Overall, ouninverse routing methodology can hence be summarized in six implementation steps
(Extended Data Fig): i) determineamfrom ausing Equation (6), ii) determirJff _ from |-
using Equation (8), iii) determirfefrom amand |Ifrr using Equation (1), iv) determine fromy
using Equation (12), v) computingm o from and |%I o for all monthly time steps using

Equation (14), and vi) determine 6 from . ®”0 using Equation (2).

31



Note that the design of this methodology is flawed in tlse€@n which occasional elements of
{2 r are nulli.e.when the total lateral inflow within given sidasins is zero in which case a

multiplicative scaling correction is bound to fail.

2.6 Discharge evaluation metrics

To evaluate the performance oébicorrection, we calculated test statistics to compare
uncorrected and corrected simulations to observations whsitiiobservations exist. Using
monthly observations and simulations, we calculated normalized bias (NBIAS; observed minus
simulated; norralized using the mean of the observations), normalized standard error
(NSTDERR), normalized root mean square error (NRMSE), and-Sagttiffe Efficiency

(NSE; a measure of how well the simulated time series matches the observed)61. We also
calculate coeftient 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 limitedtisngpacir 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), indicatiagyall of NRMSE was composed of
NSTDERR. The mean/median NaShtcliffe Efficiency (NSE) increased frof8.07/0.20 for
uncorrected simulations t0.50/0.44 for corrected simulations (Extended Data Fig. 1d), which
indicates that corrected simulationstbetnatched 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 northeasterr8U.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.%8 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 zéntercept 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 wseetolthe line of unity

(i.e., Observed CV = Simulated CV) and that 85% of the variance was explained. However, the
regression residuals failed the Shapwdks normality test (uncorrectedyalue = 6.526€.1;

corrected pvalue = 1.529€.4), hence limitag 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 hneith limited impactson NSTDERR and on G¥ are
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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 dischargenasts 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 dischargeéassdl 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 CBmadpEsaputra

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

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

2.9 Water storage estimates
Each one of Earthés river reaches can fundame
At steady state, assuming that water is incosgbde and neglecting friction by viscous forces,

A

this control vol ume foll ows Bernoullids princ
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linear relationship between water storage and water flow, and involving residence time.
Assuming that residerdimes 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

method? for river routing also reduces &dinearstoragedischarge relationship:

Ol p U

whered| is the storage arfllis the Muskingum time parameter tigknown to be relateatthe

celerityi or speed of flow wave propagatidii. To calculate Muskinguri® we divided the

length of each river reach by a reference celerity for the flow wav&mwiiir, andthen
multiplied that quantity by a scaling factar. Based on ouexperience with automated
parameter estimation for the Muskingum methexit¢nded Data Tabl2) and that all used the

same reference valtfe®®-°%6%66 e used a low (0.20), medium (0.35), and high (0.50) value of

k to calcuate three different possibtets ofMuskingum: s (for short, medium, and long flow
wave propagation timesssociated teach river redt After confirming that our residence times
are indeed much shorter than one month (mean / median values aré 1.87 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 storagesing each Muskinguigion a monthly time step by summing the storage

for all river reaches. Variability was calculatasl 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), Cong@%),La Plata (5%
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5%), and Nile (5%5%) Basins Extended Data Fighc). Water storage variability is the highest
in the Amazon, Nile, Gangédrahmaputra, La Plata, and South America north of the Amazon

(e.g., Orinoco, Catatumbo) Basirtsxended Data Fighd).

2.10Methodological 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 storagewever, future work could explore the impacts of multi

model runoff uncertainty. Second, because existing approaches to map gauges to river reaches
(i .e., fAsnappingo) are | imited, we developed
However, ouapproach makesomeassumptions (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-fhres8fily period and therefore

does not incorporate a constraint on river discharge extrenggsahd low flowspr 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 madé/hile the gauge observations used for correction
indirectly inform the model of some anthropogenic activities, explicit incorporation of such

activities may inprove river discharge estimatés
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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 Emergelianagement 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 harnesggublicly 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 Unitsd Stain

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 f | oo dtedf geospaia predictersi(é.gs (n =
flood severity, climate, socieconomic exposure, topographic variables, soil properties, and
hydrologic characteristics). We developed independent models for each hydrologic unit code
level 2 watershed and generated®PHor 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 errorates 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 lovii@hewa 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 Managemenh@&g@EMA) 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 andddia 2010). However, FEM&onstructed

FIRMs are often outdated (e.g. the majority of FIRMs b5/ ears old; ASFPM 2020),

spatially incomplete (only 61% of the conterminous United States [CONUS] has been mapped;
ASFPM 2020), and represent a dichotombagard condition (i.e. 'inside' or 'outside") rather

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

methodology Risk Rating 2.6 to incorporate spatially varying flood risk information (e.g.

flood frequency, distance twater) 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 bidings) 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 enoluidated 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 intensivei($8128 billion to

complete and $10%480 milion to maintain annually; ASFPM 2020). New cestective

methods are needed to rapidly assess flood damage probability (FDP) across the nation and
update information across areas experiencing environmental change (egpuandnd climate
change). Malgine 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 susceptibili

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 e2@20Q) 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 cldmms 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 e2@l5, 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 saple 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 onlysopece data and

ML methods. Our magling 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 flo@djblaiVhat
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)hadikelihood 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 dinition 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 overflowirtgmmdies across the
conterminous United States (CONUS). (a) Using one of the largest, most comprehensive
dat abases of reported flood damage event | oca
2020), we trained (b) Random Forest (RF) models to gréuidikelihood of flood damage

occurrence (i.e. 'presence’) over the 14 year study period. (c) RF models were also trained on
sampled 'pseudabsence’ data points (i.e. nfbmod-damaged points) that serve as a proxy for

locations where flood damage hast been reported. (d) Land cover and 100 year floodplain
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maps were used to guide the sampling scheme of psdsdmce points. (e) Geospatial predictor
variables used in the RF models included topographic variables, climategsonmmic

exposure, soroperties, and hydrologic characteristics. (f) Unique RF models were developed
for each 2digit hydrologic unit code (HU&) watershed to account for spatial variability in the
physiographic conditions associated with flooding. (g) We completed an othskstrébution
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 Manaigt Agency (FEMA) 100 year
floodplain. (h) We evaluated the model's ability to predict flood damage udoid dross

validation and various test statistics (e.g. area under the curve [AUC]). (i) We used the RF
models to: analyze the importance of timelerlying 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 psealsence, assigned a value of @l Grrespectively) and a suite of
geospatial predictors. Independent RF models were developed and their parameters (e.g. sample
fraction, minimum node size) optimized for eacHigit hydrologic unit code (HU)

watershed (figure S1 available online atk&aiop.org/ERL/17/034006/mmedia) to account for

spatial variability of climatic and physiographic conditions. Training presence data consisted of
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geol ocations of 71 434 reported flood damage
database; NOAA NW2018, 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.

N

A 0 90 180 360 540

Figure 2. Kernel density map of reported flood damage events (flash or rivenitied iLl4 year

study period (20062020). 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 asabhesevations 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 giseenice data points (i.e. Aon
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 respansdle, see section 1.3 in

the supplementary materials). Psewatisence data points were randomly sampled across the
landscape based on the following criteria: (a) equal number as presence points per watershed, (b)
eqgual number as presences per lanarcolass, (c) excluded from a combined 100 year

floodplain (figure S1; table 1), and (d) excluded from grid cells with presence points. Given that
the pseud@bsence sampling technique can significantly influence the model, we conducted a
robust sensitivit analysis for one HUQ watershed to determine the appropriate pseudo

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

2012). We also explored different model (predictor) resolutions because thererignaication

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 andpatial 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.

Name Description Units Source

Proximity to streams Proximity to USGS! Geospatial Fabric Meters Viger & Bock, 2014
features

HAND? DEM? normalized to the stream network Meters Liuet al,, 2018

Elevation USGS! 1 arc second DEM3 Meters USGS, 2017

Profile curvature The curvature of the surface in the direction Meters ™! Derived from USGS, 2017
of the steepest slope

Topographic Wetness Steady state wetness index; mdex Index Derived from USGS, 2017

Index representing the effect of topography on
flow direction and accumulation

Average annual Maximum amount of precipitation that Millimeters Derived from Thornton et al.,

maximum 3-day occurred over any 3-day period over the 2020

precipitation course of a year, averaged over 2006-2019

Hydric soils Combined SSURGO* and STATSGO23 Percentage Soil Survey Staff, Natural

100-yr floodplain

Potential
channelization

Land cover

Urban road density

classification of percentage hydric soils

Combined FEMAS 100-yr floodplain with
the estimated 100-yr floodplain developed
by the EPA7 (Woznicki et al., 2019); The
EPA’ floodplain was used where FEMA
data was unavailable

Measure of anthropogenic stream (from
NHDPlus®) straightening, widening, or
deepening based on a modification to The
Nature Conservancy’s methodology

2016 NLCD? reclassified into 6 broad
categories (developed, wetlands/water,
barren land, forest, herbaceous/shrubland,
planted/cultivated)

Density of all urban roads within a 1 km®
circle (% of cells with roads within an
approximately 0.564-km radius)

100-yr floodplain classification

Index

Land cover class

Percentage

Resources Conservation
Service

FEMA, 2017; Woznicki et al.
(2019)

The Nature Conservancy

Jin et al., 2019

Derived from U.S. Census
Bureau, 2016 and Jin et al.,
2019

USGS = United States Geological Survey, HAND = Height Above the Nearest Drainage, DEM = Digital Elevation Model, SSURGO = Soil
Survey Geographic Database, STATSGO2 = U.S. General Soil Map, FEMA = Federal Emergency Management Agency, EPA = Environmental
Protection Agency, NHDPlus = National Hydrography Dataset Plus, NLCD = National Land Cover Database

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
topographionvetness 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, climatg,awl 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 andiergie 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 absend®wotl damage (Vaclavik and Meentemeyer 2009).
We assessed model accuracy usitigld crossvalidation (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 rats (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 birn@sepce/absence using the
commission/omission error minimizer thresholds calibrated for each-2lw&tershed 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 FEMI&lineated highiisk 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 surfaceespectively. 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 lopeemMand).
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 loaithdr 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 (hnumber of points in class i/total km2 of class
i; figure 3(d)) revealed a greateroportion 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) Fkeral 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
sucessfully distinguish between presences and psabdences (i.e. floedamaged and nen
flood-damaged points). Model performance varied by environmental conditions (table S1).
Analysis of total error rate by land cover class revealed lower error rates aettends/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 ofrttapped 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 ea¢hvirit&eshed

model (18 total irthe CONUS,; figures 4 and 5; table S2). Proximity to streams was the most
important predictor for 33% of the models (average rank across284& 2.7). Other important
variables included elevation (average rank = 2.7), average annual maximum 3 dayaficetipit
(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@jjeurvature (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 HUG2 watershed models disgyed 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 watershedRercent 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).

Combined 100-yr Floodplain {

Proximity to Streams

Average Annual Maximum 3-day Precipitation 1 l .

Elevation 1

Height Above the Nearest Drainage

Predictor

Profile Curvature 1

Topographic Wetness Index {

Urban Road Density 1 —-

Potential Channelization 1

Percent Hydric Soils

Land Cover{ —

o o o
o o o S
- (V] o

Gini Importance

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 thelrsatiddma

(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 watershedswa#d 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;

seefigures S5S9 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 prenip(tgt
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 exahmplSouth Atlanti&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 TexdaSulf watershed.
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Figure 6. Partial dependence plots of the five most important continuous ranking variables

across four selected watersheds: South Atlaatitf, TexasGulf, Missouri, and Great Basin. (a)
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Elevation (m), (b) proximity to streams (km), (c) average annual maxiraday 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 S59.

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

Predictions of FDP (figure 7) ranged from O 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 mch 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. Exampladkigineas in (a)
Louisiana (St. Charles, Jefferson, St. Bernard, and Plaquemines Parish), (b) Florida (Taylor
county), and (c) Mississippi (Leflore county). Example areas are atherigp 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 dam
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(figure S10). Comaring 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 exceesfedrthe
minimizer threshold, as generated for each HRJ@atershed; 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 mtealereas 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 FDRpd&led 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 ranffech 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 exanple, 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 surrouaitlraks 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 FRsadifferent 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 = 0.498PS= 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 (mena = 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 Mississgpdsgaguena

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) ihitjteest 30.

[ Census Division Boundary
L 0.0-0.2
702-04
m04-06
mm06-08
m.038-1.0

A 0 90 180 360 540 728Iiles

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 prooboéept for rapid prediction of

FDP using only opesource 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 upgthin 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
100year 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 éxt datside of the

FEMA delineated highiisk 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 attributednbitditions (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 Stom 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 hazardroapped

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 subsequentgdamé@/e reiterate the calls of previous
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researchers for ufp-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 regardimgoiniant

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), sugggesiat 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 age.g. development) and flood damage mitigation policies. While the
distinct drivers of and their relationships to FDP were generally consistent across tHe HUC
watershed models, we found some differences that are attributed to environmental variation (e
land use, topography, climate) between watersheds. For example, the general increase in FDP
with higher elevations for the South AtlantBulf watershed could be due to the presence of

large cities at higher elevations. Building the RF models at thé-BlWwatershed scale and
implementing the explanatory analysis allowed us to uncover and capture these variations across

different spatial domains.

Our CONUSscale estimates of FDP show great variability in potential exposure to damage
across the landscapghe probability map is useful for decistamaking 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 yeafigered,;

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 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) errrates, which predicted a total damage land area of
approximately 2626 613 km2 (figure S10). By ¢
FEMA 100 year floodplain is approxi mately 572
i n ar ea kri22ie dtdbuted @04 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 datelns100

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 imeltology 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 floodazards 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 shwated t

standard error maps can be useful for identifying locations with greater uncertainty. Knowledge

of uncertainty is imperative for developing meaningful and-effstctive solutions in decisien

making contexts (Reckhow 1994).
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Consistent with other stugl, 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-pffic likelihood of flood damag

can help policy makers, developers, and residents make more informed planning decisions.
Overall, our study developed a computationally efficient and-gpence approach to estimating

FDP across large spatial scales and at moderate resolution, withhellwatershed models
completing the training,-fold cross validation, and prediction in an average of 5.55 h (first
guartile: 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 apph, 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. landover and climatehange).

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 opesource data and ML methods, however, the current approach has some
limitations. First, tle 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 thareiexpected 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 pseuddsence) can ipact the results (Vaclavik and Meentemeyer 2009,
2012). We addressed possible bias by refining the pssusknce sampling scheme based on

our analysis of the spatial distribution of reported events and by accounting for spatial sorting

bias in cross valiaion (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
avelge 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 2019jdkicatral 2019,

Chen et al 2020). Future work could benefit from exploring or creatingrligiution (e.g.

parcel level) opetsource datasets that better capture secanomic exposure and vulnerability,
which may only be applicable for smaller studgas. 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 corrdated 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 biasedevipgadictors are

highly correlated (Strobl et al 2007, 2008). Future work could employ dynamic modeling
frameworks that more precisely incorporate the sgatigporal extent and depth of rainfall,

runoff, and flooding during an event. This framework ddog¢ used in near and lotgym

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 inundati@mchives (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 lese 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 udén our study (December 200@ay 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 decisionsZetgng, flood insurance policy)

and enhance community resilience, prodessed 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, tlypés 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 inclimatendover si mpl i fy the representation o
mapped risk zoa In this study, wegenerated climate projectionsrofer dischargdo use as

input toa novel application of terraibased inundation modelingith the goal taapidly

simulate the impacts of different climate change scenarios ondleuiths for diffeent 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 estimateer dischargainder baseline and future climate

conditions for 2 greenhouse gas scenarios. Six return periods were derived from the ensemble
climateprojections ofiver dischargeandcoupled witha terrainbasednundation methodology

to simulate flood depths f@achreturn periocacross a baselif@006i 2020) and projected
(centered 0r2060) periodHere, we detail this methodological approach, along with current
results, methodological limitationandrecommendations for future work. Despite some of the
current limtations, we believe that with some modifications, ttisputationally efficient and
reproducible approaatould allowfor a scenarioand uncertaintpased assessment that can

inform flood adaptation planning.

1. Motivation

Due to the devastating imgacdhatriverinefloods have had and are projected to have on
communities, various methodologies have been developed to pretlahe river discharges
and the resulting areas that wikimpacted by flooding. The timing and magnitude of river
dischargehroughout a river network is estimated using a river network ro(teghydrologic)

modeland the spatial extent of flooding is estimated using an inundation niedditionally,
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grid-based routing models have beeed to estimate river discharge, but increased availability
of high resolution river networks and increased needs for computational efficiency have led to
the development of vectdrased river routing models (David &t 2011a; Lin et al., 2018)n

terms of inundation models, hydrodynamic (prodessed) models are the maesimmonlyused.
However, similarly to routing models, increased needs for computational efficiency have led to
the development of simplified condepl models thaére 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 thiger dischargdor an event (e.g., 59r, 100yr, 500yr) and the flood
elevations and extents for the respective event (FEMA, 201%hieeflood risk modeling is
physicallybased). However, FEMAood mapping is highly resource intensivé 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). Consetjyethis limits the ability to apply their

modeling approach to ongoing and future climate change scernasdsg to underestimation

of current and future risk (Ntelekos et al., 2010; Wing et al., 2018; First Street Foundation,

2020).

Various computabnally efficientvectorbasedouting models (e.gRouting Application for
Paallel computation of Discharg&RPID]; David et al., 2014) and simplified inundation
models (e.g., Height Above the Nearest Drainage [HANNDbre et al., 20N)lhave been
deweloped to rapidly predictver discharge anflood hazardacross large spatial scales (e.qg., the

CONUS) to address the computatioaatl resourcehallenges of physicalpased flood
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mapping (e.g., FEMAOGs nRAPID mutiogimodeand HANB peci fi ca

inundation methodology haveeen proposed to kike models used fdhe National Flood
Interoperability Experiment for redilme rapid flood predictionMaidment 2016 Maidment,

2017. To date, however, no studies have soughbtobine the RAB andHAND modeling
approacheto simulatethe impacts of climate change tire spatial footprint ofuture flood

hazardat scale The ability of theRAPID andHAND methodology to rapidly prediciver

discharge anthundation extents across largpatialscales 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 clirate change (Harris et al., 2014). Therefare,applya novel application of
RAPID river routingmodeland theHAND inundation methodology to estimdteod depths for
multiple return periodsinder a moderate (representative concentration pathway; BLC&hd.

high (RCP 8.5) greenhouse gas emissions scefmargobaseline (200&020) and projected

period (centered on 2060)

2. Methods

2.1 Study domains

We apply our approach to a coastal/piedmont aradlrhountainous domain (figurg tb evaluate

model peformance for different geographies. Each domain spans three hydrologic urit code
(HUC-6) watersheds. The coastal/piedmont geography covers the Cape Fear, Neuse, and Onslow
Bay watersheds across North Carolina (area: 44,22128895 catchmenftiver reaches The

mountainous geography covers the Upper Tennessee, Middle TerHesassee, and French
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BroadHolston watersheds, which are primarily situated across North Carolina, Tennessee, and

Virginia (area: 58,154 kf31,056catchmentsiver reaches

(a) /| (b)

-

Y \ \ 4

Figure 1. Hydrologicunit code 6 (HUCG6) watersheds included in the (a) coastal/piedmont and

(b) mountainous study area.

2.2 River network routing: RAPID

RAPID is an opersource river routing model that solves a malbased version of the
Muskingum method to estimate river discharge for every river reach in a-bested 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 refegsenof a river network.
Here, we use the National Hydrography Dataset Plus (NHDPIus) verdidckay et al., 201p

as the underlying river network for routing, which is an epeuarce and high spatial resolution
network availake for the United Statg$).S.) We use two different opesource runoff datasets
as input to RAPID for model calibration and validation (observatiased simulations) and
climate prediction (climatdased simulationsY.able 1 describes the model specs for each

simulation typeln 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 r&tchby the

runoff at each time step in the corresponding grid cell.

2.2.1 Model calibration and validation: Observatidmsed simulations

For RAPID calibration, we use hourly runoff data (accumulated to daily) from the North
American Land Data Assimili@n System (NLDAS; Xia et al., 2012) version 002 Variable
Infiltration Capacity (VIC) land surface model (Liargal. 1994 and daily stream gauge
observations ofiver dischargdrom the U.S. Geological Survey (USGS) National Water
Information System (W/IS; 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 NHDRisIs,

allowing us to know where along the river network observations are available for model
calibration and validation. We removed gauges from the analysis that hadecd#ad in its
corresponding catchment (David et al., 201 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 autormed parameter optimization procedure to estimate two multiplying factors
_ and_ to generate the required parameters for routing, Muskingamdc (David et al.,

2013), for each river reac@using the following equations:

O .
0 3-f _ o P
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where0 is the river reach length arid is a reference flow wave celerity of 1 Km= 0.28 nfs.

The multiplying factors are estimated by minimizing a cost function between observations and
simulations of river discharge at the gaugethebasin. Since the final and_ produced from

the optimization procedure are sensitive to initial guesses ahd_ , we used three different

initial guessed (_ ,_)=(2,3),( ,_)=(4,2),and(,_ )= (1, 1P and sele@d the

optimized parameter set that led to the lowest value of the cost function (David et d&), 2011

The optimization procedure was completed separately for the coastal/piedmont and mountainous
domains. An individual year was used for model calibratidnich 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 stapross the year period from January 2006 to December
2020. For both RAPID optimization and simul at

potential anthropogenic influences on river discharge (e.g., dams; David et ah) 2011A For ci ng

mode sbstitutes simulations of discharge at gauging stations with observations.

We also evaluated the impacts of applying the bias correction algorithm described in chapter 3
onriver dischargeimulations and subsequent flood simulations. To do this, wectedréhe
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 RAPdptimizethe model
parameter$ollowing the procedure described aboVle optimized modgbarameters were then

used with RAPID to simulate correctader dischargdor 2006 2020
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After estimatinguncorrected and correctesder dischargdor each river reach and time step, we
evaluated the performance of RAPID by calculating Nastcliffe Eficiency (NSE) and root
mean square error (RMSE) between daily observations and simulations at gauging stations over

2004 2020.

2.2.2 Model predictions: Climatbased simulations

The optimized RAPID parameteiduskingumu and®, from the observatictrased simulations
wereused to run RAPIDor the climatebased simulations. To incorporate the impacts of climate
changewe used théOcalized Constructed Analogs (LOCA) VIC projections of runoff from the
Coupled Model IntercompariadProject phase 5 (CMIPfrom 32 GCMs and 2 RCPs (RCP 4.5
and 8.9 as the runoff input to RAPIDT@aylor ¢ al., 2012; Pierce et al., 201%ano et al., 2020).
We used thelaily 2006 2020(baseline) an@053i 2068 (projected)LOCA-VIC runoff for each
GCM ard greenhouse gas scenaongeneratelaily climatebased simulationsf river discharge
across the baselirand projectegberiods. The baseline period is set2006 2020since 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 1L Model specs for each simulation type.

Simulation type Time period Input Spatial Temporal | Scenarios
runoff resolution | resolution
Calibration Baseline: 2006 NLDAS2- 1/8° Daily N/A
(observation 2020 VIC
based)
Predictions Baseline: 2006 LOCA- 1/16° Daily RCP 4.5
(climatebased) | 2020 VIC RCP 8.5
Projected: 2060 LOCA- 1/16° Daily RCP 4.5
values from a 15 VIC RCP 8.5
yr (2053 2068)
period
NLDAS2 = North American Land Data Assimilation System phase 2; LOCA = LOcalize(
Constructed Analogs; VIC = Variable Infiltration Capacity; RCP = Representative
Concentration Pathway

2.3 Terrainbased inundation modeling: HAND

The height above the nearest drainage (HAND) raster depicts a digital elevation model

normalized to the rier 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 riveinrdaeh

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 HAN{nat 10

resolution and synthetic rating curves (SRCs; i.e., aiighargeelationships) for each river

segment in the NHDPIlus 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; derivedfm t he USGS M arc second

Db fl ow direction method. A river net wor k was
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NHDPIus to ensure alignment of the river network to the DEM, but initiated at the source of each
NHDPlusriver (Liuetal., 2018 he Db fl ow direction grid and s
produce the HAND value for each cell by determining the vertical distance of each cell to its

nearest river. SRCs for eaglier segment were calculated using channel hydraulic properties

(e.g., sbpe,cross ect i onal area) and Miachangeanstpgeseightgu at i on

(stored in a lookup table; Zheng et al., 2018).

2.3.1 Return periods

Using the observatichased and thatebased simulations afischargewe determined the
dischage magnitude for six different return periodsy®@ 20-yr, 50-yr, 100yr, 500yr, and

1000yr. For observatiofbased simulations, we fit a generalized extreme value distribution (i.e.,
right-skewed Gumbel) for each river segment to the 15 years of amaxahumdischargeover

2006 2020 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. Forlohisetesimulations,

the distribution was instead fit todltlimate model ensemble (n=32) of annual maximum
discharggnumber of values used to fit the distributi®2 GCMsJL5 years= 480 Wobus et

al., 2017).Thedischarganagnitudes of each return period were calculated for each greenhouse
gas scenario acss the baseline (2008020) and projected periods (centered on 2060;12053

2068).

2.3.2 Flood depths
The calculated return periods for the observaliased and climatbased 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 welmilzded for each return period

using the HAND raster, catchment shapefile (i.e., contributing area), and stage height. Depths
were calcul ated wusing t lNeteléretall, 202mtich modul e i n
determines cells in the HAND raster that hyerologically 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 obserlas®ed simulations. For climate

based simulatins,baseline angrojected 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 obserated 10§

flood depths to the FEMA dlaeated 106yr 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 represemwmt a f|
floodplain), we converted our 190 flood depths to a flood extent by classifying cells with a

depth 1 cm as Oinsi ded andFistSheatiFoundatigO20eWe s as 00
used four evaluation metrics, including hit rate (HR), falsem ratio (FAR), critical success

index (CSI), and error bias (EB; Wing et al., 2017):

0Y b 0
50 0O ¢
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whered "Oindicates the number of cellstratr e 6 i n&sld)e éa n(di/.oer. Hout si de
0) of the floodplain for the modeled | and FEMA (0 ) data. For examplé&, "O indicates the

number of cells where both the modelOd%sla and FE
measuref underprediction and determines the proportion of cells that the model is able to
correctly classify as oO0insidedé of the floodpl
boundariesOYr anges between 0 (no cebké afetberféeobld
and 1 (all cells are correctQoyameamseeof fi ed as
overprediction that determines the proportion of cells that the model incorrectly classifies as
6insideod of the tivdewmO(ubdals@alarms)amid (alt false glads)iae

measure of overall prediction and ranges between 0 (no cells are correctly classified) and 1 (all

cells are correctly classifiedD 6evaluates whether the model is generally underprediofing
overpredicting the extent of the FEMA 1@60floodplain, wheréD 6 p indicates no biasm

‘006 pindicates that the model generally underpredicted@ad p indicates that the model

generally overpredicted.

3. Results

3.1 RAPID dischargevalidation

Model evaluatiomesultsusing the observatiebased simulationshow thatdaily simulations for
the coastal/piedmont study area more closely match observations than simulations for the
mountainous study area, which is indicated by the coast@iont study area having a higher
NSE and lower PBIAS (table 2). For the coastal study area, applying the correction alggdithm
to slight improvements in NSE and RMSE, and drastic improvements to PBIAS. For the
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mountainous study area, applying the eotion algorithmedto slight improvements to RMSE,
and drastic improvements to NSE d@BIAS. For both uncorrected and corrected simulations
and for both the coastal/piedmont and mountainous study, #redsgh correlation indicates

that the simulatetiming of peak and low flows closely matches that of observations.

Example hydrographs (figurg @ell 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 hightetha
observed average (figur@a which is why the correction results in an overall decrease in
dischargeand less extremes captured relative to the observakonste 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 desdribhechapter 3 corrects simulations to the

average of o0bs eacoomtfaertrerses.and doesnot
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Table 2 Routing Application for Parallel computatlof Discharge (RAPID) model calibration

and validation parameters. Optimized multiplying factora0d .) for the Muskingum
parametersk(andx) and daily validation metrics (NasButcliffe Efficiency [NSE], root mean

square error [RMSE], percentbifps BI AS], and correlation [1}1];
across all gauggs$or the uncorrected and corrected observatiased simulations across the

coastal and mountainous study domains.

Study Uncorrected | Optimized | Optimized | NSE | RMSE | PBIAS J

domain or corrected 3 » (E (%)
Coastal Uncorrected | 0.391 0.305 0.210/ | 3.46/ |67.16/ |0.700/
piedmont 0.136 |15.20 |83.04 |0.708
Coastal Corrected 0.349 1.828 0.290/ | 2.37/ |-0.02/ |0.700/
piedmont 0.328 |11.97 |-1.996 |0.692
Mountainous| Uncorrected | 0.058 4.690 -0.360/] 14.79/ | -86.30/ | 0.810/

-0.376 | 26.48 |-85.93 [ 0.813

Mountainous| Corrected 0.100 3.124 0.640/ | 7.94/ |-0.002/ | 0.820/
0.647 |12.42 |-0.787 |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

Observatiorbased flood depths were amnted to flood extent (figurefdr an example of the
coastal/piedmont study area) and compared to the FEMA/ifd0odplain (figure 4 to

determine howvell the modeled 109r floodplain matches the FEMA floodplain. Test statistics
show that both the 16¢r flood extents for the coastal/piedmont and mountainous areas are only
abletocapture~4% 0 % of pi xel s cl assi fi edaibitpbleBEMA as
The vast underprediction is also showrnigsincet ‘O6 p 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 det&tion in test statistics for the
coastal/piedmont study area, but it results in slight improvement in test statistics in the
mountainous study area. While tthechargdest statistics (NSE, RMSE, and PBIAS) improve

for both study areas after correctjghe correction algorithm results in dampened extremes for

the coastal/piedmont study (figuré,2vhich 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 $estlstatistics for

both study areas and for both uncorrected and correctethiong are lowewhen @mpared to
thoseof Wing et al. 2017) and Bates et al. (202Which use a 2D hydraulic model to estimate

the 100yr floodplain. However, note thatdtpresent modeling framewookly considers fluvial
inundation, while Wing eal. (2017) considers fluvial and pluviaundation and Bates et al.

(2021 also includes coastal inundation.
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Figure 3. For the coastal/piedmont study area,uheorrectedbservatiorbasedl00-yr (a)

flood depth, which was converted to (b) floextentusing 1 cm depth akethreshold.
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(b)

N Mo Fo I MoF, [ 1M Fo IR Mo F,

Figure 4. Modeled 106yr flood extent using thencorrectedbservatiofbased simulations
compared to the Federal Emergency Management Agency (FEMA)ridplain for the (a)
coastal/piedmont and (b) mountairs study area$. "Oindicates6 i n s i e &) ardfor. e . ,
6out si &de@® of(he floaplain for the modeled § and FEMA ( ) data.Red indicates

underprediction, while yellow indicates overprediction of the modeled data relative to FEMA.
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Table 3.Modeled100yr flood extent validation test statistics, using the Federal Emergency

Management Agency 16 floodplain as the benchmark.

Study domain Uncorrected or corrected HR FAR Csli EB
Coastal/ Uncorrected 0.426 [ 0.237 [0.376 0.230
piedmont
Coastal/ Corrected 0.399 [ 0.227 [ 0.357 0.195
piedmont
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 theelationship between environmental conditions and model performance,
we calculated each of tHeur flood extentest statistics by catchent (N=25895 for the coastal

area; N=31056 for the mountainous are#lye usedl18 variables that are provided at the

catchment level from the StreamCat datal{bdsiéet al., 201§ andfrom NHDPIlus and

calculated earman correlations for each of the &hles in relation to thi®ur 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 streamaer 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

strongmoderate 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 correlatiarfor each test statistic and variable for the coastal/piedmont study
area. @rrelationsare assigned a color and bolded if theg weak (0.3 <r < 0.5; light orange),

moderate (0.5 <r < 0.7; medium orang®)strong (r > 0.7; dark red).

Correl|Correl|Correl|Correl
Vari abl e HR FAR CSI EB

Base flow indg0.161*(-0.072*0.133*|-0.014*

Catchment aredg-0. 09**0.269*|-0. 086*0. 225*

O
o
3
o
™
>

sity -0.021*0.034*|-0.026*0. 023*

Mean el evation-0.128*0.277*|-0.21**0.225*

—
QO
=
D
—
—

action|0.07**|0.09**|-0.087*0.119*

Py,
<
D
-

ength -0. 145*0.248*|-0.085*0.178*

Percent crop ((-0.011 |0.199*[-0.081*0.194*

Percent hay (4-0.161* -0.221*0.237*
Percent tWwet bag

(2011) 0.033*|-0.111*f0.089*|-0.1009°*
Percent i mper\y-0.169* -0.215*0.218*

Percent mixed|-0.104*0.229*(-0.126*0.189*

97



Percent open yO0O.067*|-0.175*0.095*|-0. 151*
Percentwewd adchyd {0. 27 3* -0. 243"~
Mean soil pern0.091*|-0. 09**0.091*|-0.061*
Densitysbfeame

intersections (0. 198*0.259*|-0.172*0.177*
Density of rog-0.159*0.24**[-0.204*0.165*
Sl ope 0. 234+
Stream Order 0.611*|-0.519*0.667*|-0.248*
*Iindi cates si gni*f iicnadnicceataets psd gn.iOf5 cance

Table 5.Spearman correlations for each test statistic and variable for the mountainous study

area. @rrelationsare assigned a color and bolded if they weak (0.3 <r < 0.5; light orange),

moderate (0.5 <r < 0.7; medium orang®)strong (r > 0.7; dark red).

Correl|Correl|Correl|Correl

Vari abl e HR AR CSI EB
Base ifnldew 0.161*(-0.072*0.133*|-0.014*
Catchment areg-0.09**0.269*|-0. 086*0.225*
Dam density -0.021*0.034*|-0.026*0.023*
Mean el evation-0.128*0.277*[-0.21**0.225*
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Lake fraction|f0.07**|0.09**[-0. 087*0.119*%
River | ength 0. 145*0.248*|-0.085*0.178*
Percent crop -0.011 |0.199*|-0.081*0.194*~
Percent hay -0.161* -0.221*0. 237*
Percent herbac

(2011 0.033*(-0.111*0.089*[-0.1009*
Percent | mpe -0.169* -0.215*0.218*
Percent mixed|-0.104*0.229*[-0.126*0.189*
Percent open 0.067*|-0.175*0.095*|-0.151*
Percent woody (0. 273* -0. 243"~
Me an oi l pe 0.091*(-0.09**0.091*|-0.061*
Densitysbfea

intersect. n -0.198*0.259*|-0.21272*0.177*
Density of r -0.159*0.24**|-0. 204*0. 165*
Sl ope 0. 234+
Stream Order 0.611*|-0.519*0.667*|-0.248*

*

ndi cates s

i gri*f iicnadniccea taets ps<d gOn.iOfF5 cance
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4. Study limitations and recommendations for future work

Given the poor observatidmased inundation results presented herejeen it unproductiveo
showor discussany of the dmatebased simulatioresults until more work has been done to
improve upon the current limitations of the observabased simulations. There are many

limitations, some of which will be described here.

First, the observatiehasedlischargesimulatiors underpredicbbservations 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 extremediseébarge

simulations propagate into the cakatibn of return periods and flood extehtanderestimated
dischargegpeaks leads tanderestimatednnual maxmiums amdischarganagnitudes for each

return period, which then results in underestimated stage heights and flood extents. We

attempted to correthedischargausing the correction algorithm described in chapter 3, but the
algorithm only corrects to the average and do
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 comgadto FEMA are still poor, which suggests that the underlying
issue is likely in the HAND ipartantd aoteithatnsinghet hod
FEMA as the benchmark for our 2§0flood 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 vaktferences in the estimatelischarganagnitude). Future

work could begin to untangle this by, for exa

water elevations to FEMAG6s for each return pe
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elevations wit the HAND inundation method to determine if there are differences in simulated
flood extent and FEMAOGs f(le.oREMA)watetleval forthehen usi

100yr flood at a certain gauge.

Second t he HAND met hodol bghmdoesspitl|l hbVvVewdf becal
inundation calculation is limited to the catchm@dch catchment has its own stage hgight
Therefore, water that i s present at the edge
adjacent catchment, even tlgh such water should spread asroatchment boundaries (figure

5). This restricts the extent of inundation deadsto underpredictiorof 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 NHDPIus 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 amets®urce

data we obtained from Liu et al. (2018)d Zheng et al. (2018nly contain data needed for the

original HAND method. Progress is still being made on making the modified HAND

methodology scalabl@laidment et al., 2016but future work coul@valuate the impacts of

using this approach.
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Figure5Zoomed i n example of the impacts of O6catc
catchmentedgée whi t e outline) doesndt spread into the

methodology. Orange arrowsipt to a few catchments where this is present.

Third, t he SRCs produced by Zheng elG(charnel (2018)
roughness) of 0. 05 a cirisodependentupon lard Noved and &ffactsni n g o
the value of the stage heighat is linearly interpolated fromtischargen the SRCgfigure 6):
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