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Figure 5. PMF Hydrographs selected based on peak discharge for Etowah Watershed (Panel a)
and range of peak discharge for each set of simulations (CFSR-CT, CCSM4-BL, CCSM4-F1,
and CCSM4-F2) for Etowah Watershed and MEO1 and MEQ2 (Panel b, ¢ and d respectively).
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F1 and CCSM4-F2. The Panels a and e also show HMR52 based flood extents in white
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Abstract

The magnitude and frequency of hydro-meteorological extremes are expected to increase in a
changing environment that threaten the security of US energy-water assets. This includes
probable maximum precipitation (PMP) and probable maximum flood (PMF) which are used as
hydraulic design standards for critical infrastructures such as major hydropower reservoirs and
nuclear power plants. To assess the potential flood hazards due to PMP/PMF, an integrated high-
resolution process-based hydro-meteorologic modeling framework was utilized to develop
ensemble-based probabilistic flood maps based on best-available historic observations and future
climate projections. A graphical process unit accelerated 2-dimensional hydrodynamic model
was used to simulate the surface inundation areas corresponding to a total of 120 PMF
hydrographs. These ensemble-based PMF maps were compared with flood maps obtained from
the conventional deterministic PMP/PMF approach, revealing added information of conditional
probability of flooding. Further, a relative sensitivity test was conducted to explore the effects of
various factors in the framework such as meteorological forcings, antecedent hydrologic
conditions, reservoir storage, and flood model input resolution and parameters. The proposed
framework better illustrates the uncertainties associated with model inputs, parameterization and
hydro-meteorological factors allowing more informed decision-making for future emergency
preparation.

Keywords:  Probable maximum precipitation (PMP), Probable maximum flood (PMF),

Graphical Processing Units (GPU)
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1. Introduction

Floods are one of the most destructive natural hazard causing deaths and damages to
infrastructures worldwide. The United States (US) alone has observed 29 billion-dollar scale
flood events in the period of 1980-2018 with a total of 543 deaths and roughly 122 billion
dollars inflation adjusted loss (NCEI, 2018). The increasing frequency and magnitude of flood
events under a changing climate, land use land cover and population require better predictability
and preparedness towards flood hazards. The flood inundation maps serve as a critical input to
flood risk assessments and enable development of informed floodplain management and
mitigation strategies. In the US, Federal Emergency Management Agency (FEMA) utilize
hydrologic and hydraulic models to delineate flood inundation zones associated with 1% and
0.2% annual exceedance probability (AEP) (or 100-year and 500-year return period) to support
the National Flood Insurance Program (FEMA, 2018). For critical energy-water infrastructures
including major hydropower dams and nuclear power plants, the even rarer events (AEP < 0.2%)
or probable maximum flood (PMF) are the focus. Similar inundation maps developed for PMF-
scale events may serve as a useful tool to evaluate the vulnerability of critical infrastructures
under the worst case flooding scenario, as well as to identify regions with minimum flooding
likelihood to support future site selection.

A general procedure to prepare flood inundation maps (hereinafter referred as “modeling
chain”) associated with PMF involves: probable maximum precipitation (PMP) estimation,
followed by hydrologic simulation, and hydrodynamic/hydraulics modeling. Since the current
practice of PMP/PMF assessment focuses on estimating the single deterministic maximum
precipitation and streamflow event (that could occur under a series of adverse hydro-

meteorological conditions), the conventional PMF inundation maps are also deterministic in
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nature. However, deterministic maps would inevitably refrain the decision makers or planners
from the underlying uncertainties, given the binary (wet or dry) representation of the resulting
flood inundation maps. While the advanced deterministic maps employ process based hydrologic
and hydraulics model calibrated to historic events (Di Baldassarre et al., 2010), these maps are
unable to capture the uncertainties arising from various sources in the modeling chain such as
inaccurate input data, boundary conditions, model structure, and model parameterization
(Alfonso et al., 2016; Di Baldassarre et al., 2010). Therefore, the values and potential of
probabilistic flood maps (PFMs) are now highlighted (Alfonso et al., 2016; Di Baldassarre et al.,
2010; Papaioannou et al., 2017). Recent advances in computational power has allowed the use of
computationally intensive hydrologic-hydraulics models to develop PFM through multi-
ensemble simulation (Neal et al., 2013). The uncertainty characterization may be performed at
various stages of modeling chain by varying factors such as precipitation (Caseri et al., 2016),
spatiotemporal rainfall variability (Jenkins et al., 2017; Nuswantoro et al., 2016; Zischg et al.,
2018), spatial dependence of flow from tributaries (Neal et al., 2013; Pattison et al., 2014),
hydrologic model parameters or inputs (Domeneghetti et al., 2013), hydraulic model types
(Papaioannou et al., 2016), hydraulic model roughness coefficient (Papaioannou et al., 2017),
and different digital elevation models and observational data sets (Giustarini et al., 2016;
Papaioannou et al., 2016).

While a few studies have focused on the development of flood inundation maps for the
largest historic events (e.g., Pedrozo-Acufia et al., 2015) or for events with return period ranging
from hundreds (Smemoe et al., 2007) to thousands of years (Blchele et al., 2006; Prime et al.,
2016), studies evaluating flood inundation maps for rare hydroclimate extreme events such as

PMP/PMF are limited (Zischg et al., 2018). Further, recent studies have suggested the sensitivity



172 of PMP/PMF in a warming environment (e.g., Kunkel et al., 2013; Beauchamp et al., 2013;

173 Rousseau et al., 2014; Stratz and Hossain, 2014; Klein et al., 2016; Rastogi et al., 2017,

174  Gangrade et al., 2018) and challenged the deterministic treatment of PMP/PMF. It has also been
175  suggested that both epistemic and aleatoric uncertainties involved in the estimation of PMP

176  (Micovic et al., 2015). For instance, PMP and PMF estimates are often derived for a point

177  location of interest without considering variability originating from spatiotemporal rainfall

178  distribution or watershed heterogeneity. Through Monte Carlo simulation, Zischg et al. (2018)
179  demonstrated that the spatiotemporal distribution of PMP has significant effects on the resulting
180  PMF inundation maps. Other factors such as antecedent soil moisture, meteorological forcings,
181 land use landcover and reservoir operation (Gangrade et al., 2018) may introduce further

182  uncertainties to the estimated PMF and consequently the resulting surface inundation area.

183  Moving forward, it is of critical importance to advance our concept and practice from the

184  conventional, deterministic treatment of PMP/PMF to an ensemble-based, probabilistic flood
185  mapping approach to better analyze and quantify the vulnerability of critical energy-water

186 infrastructures in a changing environment.

187 In this study, building upon our prior works on PMP/PMF simulations (Rastogi et al., 2017;
188  Gangrade et al., 2018), we present a high-resolution, process-based, hydro-meteorological

189  modeling framework to produce probabilistic flood inundation maps for PMF. The main

190  objectives of the study are: (1) employ an ensemble-based approach to translate uncertainties
191  associated with PMP to flood inundation maps, (2) prepare flood inundation probability maps
192  illustrating uncertainties associated in the flood hazard modeling chain for PMF, and (3) quantify
193  the potential impacts of environmental change on the inundation areas of PMF. The study area

194  includes areas immediately upstream and downstream of the second largest dam (by maximum
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storage capacity in Alabama Coosa Tallapoosa River Basin), Allatoona Dam, in Georgia, US.
For PMP, we used an ensemble of 120 storms simulated by the Weather Research Forecasting
model (WRF; Skamarock et al., 2008), driven by both reanalysis and climate projection forcings
using the approach as described by Rastogi et al. (2017). These PMP storms were then used to
simulate PMF through a high resolution Distributed Hydrologic Soil Vegetation Model
(DHSVM; Wigmosta et al., 1994) as described in Gangrade et al. (2018). The ensemble of PMF
hydrographs was further used to drive a high-resolution, Graphics Processing Unit (GPU)
accelerated 2-dimensional dynamic wave flood model (Flood2D-GPU; Kalyanapu et al., 2011)
to simulate the spatiotemporal evolution of PMF and to develop the ensemble-based probabilistic
flood maps. Apart from better showing uncertainties (as opposed to the deterministic approach),
the ensemble-based flood mapping approach allows us to better visualize the potential impacts of
PMF through a more intuitive manner. The study also includes a relative sensitivity experiment
to evaluate the sensitivity of various factors in the modeling chain including inputs such as
precipitation, hydrologic model antecedent conditions, and hydraulic model parameters.

This paper is structured as follows: Section 2 introduces the overall method, data, and study
area; Section 3 illustrates and describes results; and Section 4 presents a summary and the
conclusion of this study.

2. Methods
2.1 Study Area

Our study area consists of Etowah watershed, located in northwestern Georgia, United States.
The Etowah watershed is an eight-digit hydrologic unit (HUCO08) with an approximate drainage
area of 4821 km? (1861 mi?; Figure 1) and is a part of Alabama-Coosa-Tallapoosa River Basin.

It drains parts of 15 counties of Georgia with major urban areas including city of Cartersville and
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Atlanta’s metropolitan areas such as Woodstock, Marietta and Alpharetta. The Etowah
watershed includes a large multi-purpose reservoir, Allatoona Lake and Dam, owned and
operated by the United States Army Corps of Engineers (USACE), with a maximum storage
capacity of roughly 826.5 million m3. While the headwaters of Etowah Watershed include
mountainous areas (such as Piedmont mountains), the topography of the rest of the watershed is
moderate with the elevation ranges from ~176 m (577 ft) to 1,147 m (3,763 ft) based on the
United States Geological Survey (USGS) National Elevation Dataset (NED; Gesch et al., 2002).
The region receives precipitation of roughly 1,336 mm per year predominantly in the form of
rainfall, with light snowfall in the headwater region. The major soil types include sandy loam
and silty loam. As per National Land Cover Database (NLCD), 61% of the basin is covered by
forests, 18.5 percent under small vegetation, and 18.5 percent fall under developed category.
[Figure 1]

The meteorological and hydrologic simulations were conducted for the entire Etowah
Watershed, while the flood (hydraulic) simulations were conducted for two selected regions
upstream (MEO1) and immediate downstream (MEOQ2) areas of Allatoona Dam (Figure 1). These
areas were selected such that it includes urban areas of Atlanta metropolitan area and city of
Cartersville. The computational domains for Flood2D-GPU for both regions MEO1 and ME02
are larger than the area of interest, with corresponding area of 358 km? and 507 km?. The
computational domains are selected larger than the area of interest to avoid any potential
backwater effects and computational domain boundary artefacts.

2.2 Modeling Framework
This study utilizes an ensemble based, high-resolution process-based modeling framework to

develop flood inundation maps associated with probable maximum flood estimates. The main
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steps involve 1) simulation of PMP 2) simulation of PMF hydrographs and, 3) simulation of
PMF flood maps. A brief overview is provided below:
2.2.1 Simulation of PMP

The PMP simulation was performed for an ensemble of 120 moisture-maximized storms by
Rastogi et al. (2017) using a WRF version 3.6, a mesoscale numerical weather model, running
using a double two-way nested domain at 9 km and 3 km horizontal spacing. The boundary
forcings for WRF simulations included both Climate Forecast System Reanalysis | (CFSR; Saha
et al., 2010) and Community Climate System Model version 4 (CCSM4; Gent et al., 2011). The
storms include four sets:

(1) CFSR-CT: Controlled simulation that includes the 30 largest historic storms during the

1981-2011 historic period driven by CFSR reanalysis.

(2) CCSM4-BL.: Baseline simulation that includes the 30 largest storms driven by both
1981-2005 in the historical period and 2006-2010 in a future period under an RCP8.5
scenario of CCSM4 experiments.

(3) CCSM4-F1: Near-future simulation that includes the 30 largest storms driven by a 2021-
2050 CCSM4 projection under an RCP8.5 scenario.

(4) CCSM4-F2: Far-future simulation that includes the 30 largest storms driven by a 2071-
2100 CCSM4 projection under an RCP 8.5 scenario.

The Relative Humidity Maximization method (RHM; Ohara et al., 2011; Ishida et al., 2015)
that adjusts relative humidity in the boundary conditions of the entire atmospheric column to
100% (i.e., fully saturated) was then used to simulate moisture-maximized storms to derive PMP.
Prior to PMP generation, the WRF simulations were extensively evaluated against both Oregon

State University’s PRISM (Daly et al., 2008) and Oak Ridge National Laboratory’s (ORNL)
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Daymet (Thornton et al., 1997) gridded precipitation data sets to select most appropriate
parameterization scheme. The readers are referred to Rastogi et al. (2017) for further technical
details regarding PMP estimation and WRF performance evaluation.

In addition, conventional PMP rainfall estimates were obtained using HMR51 and HMR52 to
provide a reference and enable comparison of ensemble-based simulations with conventional
deterministic approach. The conventional approach requires conversion of depth-area-duration
table to generate spatiotemporal storm hyetograph, after a deterministic PMP depth is chosen. In
this study, we use spatial hourly precipitation grid as an input for hydrologic simulation which
allows to capture the spatial structure of each storm. A key difference between the ensemble
approach and conventional PMP estimate relies in identifying the most critical PMF event based
on hydrologic and hydraulic simulations for each of the moisture-maximized storm as opposed to
one deterministic event based on synthetic hyetograph. The ensemble-based approach allows to
help us better understand the uncertainty associated with PMP estimates.

2.2.2 Simulation of PMF

The PMF simulations were conducted by using each of the 120 storms mentioned in Section
2.2.1 as an input meteorological forcing to a high resolution distributed hydrologic model known
as distributed hydrology soil vegetation model (DHSVM). The hydrologic model was selected
due to its previous applications in studying climate change impacts on streamflow extremes and
ability to provide high resolution output (e.g., streamflow at each channel in the stream network)
which serves as a key input to drive flood model. DHSVM performs mass (water) and energy
balance calculations at each grid cell and accounts for hydrological processes such as
evapotranspiration, snowmelt, canopy snow interception and release, unsaturated soil moisture,

saturated subsurface flow, overland flow, and channel flow. The spatially distributed parameters
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include topography, soil, and vegetation. The model requires a set of meteorological inputs that
includes precipitation, shortwave and longwave radiation, relative humidity, wind speed, and air
temperature. A detailed description of DHSVM can be found in Wigmosta et al. (1994 and 2002)
and Storck et al. (1998).

The DHSVM setup for Etowah Watershed was obtained from Gangrade et al. (2018) which
is a part of a much larger modeling effort performed for a HUCO4 region i.e. Alabama-Coosa-
Tallapoosa River Basin. A brief description of the DHSVM setup is provided below. The readers
are referred to Gangrade et al. (2018) for associated detailed technical description regarding
setup, calibration and validation. The DHSVM was setup at a fine 90-m horizontal grid
resolution at 3-h time steps from 1980 to 2012, using 1980 for model spin-up. A 90-m resolution
digital elevation model (DEM) was resampled from the 30-m resolution NED for Etowah
Watershed. The DEM serves as the base map and additional datasets including soil depth, soil
type, and LULC type, were obtained at the same resolution of DEM. The stream network was
obtained from the National Hydrography Dataset Plus (NHDPIlus; McKay et al., 2012) for
accurate representation of channels in the study area. The soil data was obtained from a
multilayer contiguous US soil characteristics data set (Miller and White, 1998) derived from the
State Soil Geographic Database (Schwarz and Alexander, 1995). A set of soil-hydraulic
properties such as porosity, hydraulic conductivity, wilting point, bubbling pressure, and field
capacity were assigned to every soil texture type (Maidment, 1993) for the dominant soil texture
type at each grid cell. The LULC map was obtained from the USGS National Land Cover
Database 2006 (NLCD; Fry et al., 2011). A set of vegetation properties including leaf area index,
albedo, stomatal resistance, moisture threshold, and fractional coverage were assigned to every

land cover type.
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The PMF was obtained by employing the concept of meteorologically transpositionable
storms to identify the most critical PMP input for the Etowah Watershed. Due to an overall
smooth topography in the southeast United States, this approach allows to identify the most
intense portion of a storm and transposition it over the desired study area. As a result, depending
on the size and shape of a selected watershed, the transpositioned PMP storm inputs may be
different. For each of the 120 moisture-maximized storms (as described in Section 2.2.1), the
largest 72 hr average precipitation over the watershed was identified and transpositioned re-
gridded to the same 4 km DHSVM radar rainfall format used for DHSVM calibration and
validation. In addition, the WRF output also provides shortwave and longwave radiation,
humidity, and other required DHSVM meteorological inputs. As per the NRC guidelines (Prasad
et al., 2011), a meteorological sequence that included 40% of PMP in the first 72 h (antecedent
precipitation), followed by 72 h of no precipitation, and then 72 h of full PMP (critical
precipitation) was used as the default setup to simulate PMF. The fully saturated moisture
conditions were utilized at the beginning of DHSVM simulations. The simulation was continued
for another 6 days to ensure the capture of peak flood hydrographs. This approach provides an
ensemble of simulated DHSVM streamflow hydrographs for each set of storms (CFSR-CT,
CCSM4-BL, CCSM4-F1, and CCSM4-F2).

To compare the results with conventional PMF, PMP rainfall inputs were also calculated for
Etowah Watershed using HMR51 and HMR52. The 72-h HMR PMP hyetograph was computed
using a critically stacked temporal pattern, which was used to drive the DHSVM simulation. The
critically stacked pattern allowed the occurrence of PMP for all durations (e.g., 1, 6, 12, 24, 48,

72 h) within a single storm of 72-h duration to generate a high-intensity storm (HMR52).
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2.2.3 Flood Modeling

The flood simulation for this study was performed using the computationally enhanced
version of the 2D hydraulic model Flood2D-GPU (Marshall et al., 2017), originally developed
by Kalyanapu et al. (2011). The numerical algorithm in Flood2D-GPU utilize a first-order
accurate upwind finite difference scheme that solves the non-linear hyperbolic shallow water
equations (SWE) (Saint Venant Equations). These equations are simplified version of the
Navier-Stokes equations, where the horizontal momentum and continuity equations are
integrated over depth. The numerical model implements a structured grid to take advantage of
the uniform grid structure of the DEM data. Flood2D-GPU has the capability to use a spatially
varying surface roughness coefficient (Manning’s n value), which can be obtained from a
standard table for a given land cover data (Phillips and Tadayon, 2007). The computational
performance of the Flood2D-GPU model was improved using a hybrid MPI+CUDA architecture.
The model speed up for the MP1 + multiple Graphics Processing Unit (GPU) version was up to
18x when compared to an identical single-process Open Multi-Processing (OpenMP) version
(Marshall et al., 2017). The high performance of the model therefore allows to perform an
ensemble simulation for two domains MEO1 (~400,000 grid cells, 360 sq. km) and MEO2
(~563,000 grid cells, 507 sg. km). The simulations were conducted on Titan supercomputer
maintained by the Oak Ridge Leadership Computing Facility at Oak Ridge National Laboratory.

The key input data required for Flood2D-GPU model are terrain data, surface roughness
(Manning’s n value), inflow source locations and corresponding flow hydrographs. In this study,
the 30m resolution DEM data is obtained from NED and a constant Manning’s n value (0.035) is
utilized to setup the Flood2D-GPU. The inflow locations (Figure 1) are defined at the end of the

channel segments obtained from NHDPIlus network. The corresponding hydrographs for each
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120 storms are extracted from the high-resolution hydrologic outputs from DHSVM (Section
2.2.2) at three hourly time-step for both domains, i.e., MEO1 and MEO2. Since, the DHSVM
outputs cumulative flow for each channel location, a post hydrologic-simulation water balance
correction was applied to estimate incremental flow hydrographs for locations when required.
The Flood2D-GPU performance is evaluated and presented in later section (please see Section
3.1). The flood model output was stored at a 10-minutes interval for each storm. The current
model setup allows to capture riverine or fluvial floods, the pluvial flood simulation capabilities
will be incorporated in the future model improvements.

An additional set of 120 flood simulations were conducted for MEO2 to account for the
reservoir operation effects in a rudimentary way. Since DHSVM setup in this study do not
account for reservoir presence in the watershed, a post-hydrologic simulation correction was
performed to adjust PMF hydrograph immediately downstream of Allatoona Lake and Dam. The
correction involved subtracting a water volume equivalent to the maximum storage capacity of
the Allatoona reservoir, i.e., 826.5 million m® from the peak portion of the PMF hydrograph. This
corrected hydrograph in addition to natural flow from other tributaries serve as an input to ME02
to drive Flood2D-GPU for each of the 30 storm sets from CFSR-CT, CCSM4-BL, CCSM4-F1
and CCSM4-F2.

This correction provided a maximum possible flood mitigation in terms of flood inundation
extents for the immediately downstream areas, under a best-case ideal flood management
scenario, which assumed a perfect PMF prediction and completely empty reservoirs at the
beginning of the PMF event. While actual reservoir operation will be different and more
complex, this assessment can aid understanding of the maximum PMF retention capacity of the

existing reservoirs and its impacts on flood mitigation.
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2.3 Probabilistic Flood Mapping

For each storm’s flood simulation (realization), the Flood2D-GPU simulation outputs were
post processed to obtain a binary wet-dry map where for each grid cell the distinction was made
by evaluating the flood depths (i.e. dry: flood depth equal zero, and wet was characterized as
flood depth greater than zero).

This results in a map of flood inundation extent for each realization. The probabilistic value
of flooding for any given cell was then calculated by weighing each storm equally using
Equation 1. This approach was utilized to produce one probabilistic flood map for each of the
storm sets i.e. CFSR-CT, CCSM4-BL, CCSM4-F1 and CCSM4-F2, for both MEO1 and MEO2.
In addition, probabilistic flood inundation maps were also generated for MEO2 under reservoir
operation.

iV x;

~ Equation 1

Peeyy =

Where,

Pcen = probability to flood for any given cell

Xi =0 (dry) or 1(wet) for realization ‘i’

N = total number of realizations/flood event simulations

These probability values can then be presented as a spatial map of conditional probability of

flooding given a PMF event has occurred for the region of interest. The probabilistic flood maps
were generated for two model domains MEO1 and MEO2 for each of the 30 storm sets for CFSR-
CT, CCSM4-BL, CCSM4-F1 and CCSM4-F2. The flood simulations are referenced by adding
the subscript MEO1, MEO2 and MEOZ2R after the name of storm set. For example, CFSR-CT-

MEOQ1, CFSR-CT-ME02 and CFSR-CT-MEOZ2R refers to probabilistic flood maps generated for
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CFSR-CT storms for model domain MEO1, MEO2 under natural flow, and MEO2 under reservoir
regulation respectively.
3. Results and Discussion
3.1 Flood2D-GPU Performance

The Flood2D-GPU performance is evaluated by comparing a simulated 1 in 100-year event
flood map against equivalent flood zones (Zone A / Zone AE) obtained from FEMA. This
approach captures the spatial extents of flood inundation obtained from simulation and compare
it with a benchmark dataset. It has been recently adopted to validate a hydrodynamic model for
conterminous US (Wing et al. 2017) and others (Alfieri et al. 2014). The model validation has
been performed for model domain MEOL. The first step in the process involves estimation of a
100-year streamflow value. It was computed by conducting a standard flood frequency analysis
at the outlet of the MEOL using guidelines from Bulletin 17B prepared by Interagency Advisory
Committee on Water Data (1982). The continuous streamflow data from the control simulation
(i.e., DHSVM driven using observed historic precipitation from Daymet) was obtained for a
period of 32 years (1981-2012) which serves as an input for flood frequency analysis. A series
of annual maximum discharge was extracted from the hydrograph data. A log Pearson Type Il
(LP3) distribution is then fit to a series of annual maximum discharge, using a skewness
parameter obtained for the region based on Plate 1 of Bulletin 17B. The results from the flood
frequency analysis are presented in Figure 2.

[Figure 2]

We employ an ensemble-based approach to validate the Flood2D-GPU, as a single storm

may not be able to capture the spatial-variability in the streamflow and may result in

underestimation of the flood extents for some channels. The hydrographs were extracted for each
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of the inflow locations (Figure 1) capturing each of the annual maximum discharge (32 events
from 1981-2012). These hydrographs were then scaled to match the peak discharge to a 100-year
flood event discharge (i.e., 18950 cfs at outlet of MEOQ1, Figure 2) which served as an input to
Flood2D-GPU. The ensemble simulation results in 32 flood inundation maps. The maximum
inundation area is then selected from the 32 maps and compared against FEMA 100-year flood
map rasterized to a 30 m resolution. The flood maps are compared based on a binary (flooded=1,
not-flooded = 0) classification scheme as presented in Table 1. The comparison is performed
exclusively for the region located downstream of the inflow locations. The vector-based flood
extents for the region of interest were rasterized to Flood2D-GPU grid to enable a direct
comparison.

[Table 1]

Figure 3 presents a comparison of flood inundation extents obtained from Flood2D-GPU and
FEMA for 100-year flood event. The regions where Flood2D-GPU accurately predicts the
FEMA flood zones are presented in blue. The region with overprediction (i.e. only flooded by
Flood2D-GPU but not FEMA) are presented in red, while the regions with underprediction (i.e.
flooded by FEMA but not captured by Flood2D-GPU are presented in green. The FEMA zones
excluded from this evaluation due to model or other data limitations are presented in grey. The
visual inspection reveals that Flood2D-GPU accurately predicts most of the FEMA flood zones.

[Figure 3]

The four key metrics to demonstrate model performance include hit rate (H), false alarm (F),
critical success (C) and error (E) (Table 2). The hit rate (H) provides a measure of model to
accurately predict the benchmark flood extents, however does not penalize for overprediction.

Flood2D-GPU obtained a H=0.82 for MEOQ1 revealing that model can accurately predict 82% of
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the FEMA flood zones. False alarm (F) that measures overprediction is estimated as 0.15,
demonstrating that 15% of the grid cells are falsely reported as flooded by the model. The critical
success (C) equivalent to the F squared statistics, a common metric to evaluate spatial extents for
flood studies (Bates and De Roo 2000), is estimated as 0.71 providing an overall measure of fit.
The C metric adds a penalty to H for any overprediction and underprediction. In addition, the
error value (E) for Flood2D-GPU being less than one (0.78) suggests an overall tendency of
model to underpredict which predominantly occurs in the upstream reaches close to inflow
boundary conditions.

[Table 2]

These key metrics reveal that Flood2D-GPU performance is at par to the acceptable range of
these metrics provided in the literature (Alfieri et al. 2014, Wing et al. 2017). For instance,
Alfieri et al. (2014) obtained H values between 0.59-0.78, and C values between 0.43-0.65 for a
flood simulation at a 100 m resolution across selected areas in Germany and UK compared with
national/regional hazard maps. Wing et al. (2017) performed a similar evaluation for validation
of flood hazard model for conterminous US using FEMA flood zones as benchmark, with a H
value as 0.685 and 0.815, and C value of 0.55 and 0.50 for a 90m and 30m resolution
respectively. The results indicate an overall satisfactory performance of the Flood2D-GPU in
comparing spatial extents for 1 in 100-year event against equivalent flood inundation zone
obtained from FEMA.

3.2 Ensemble PMF Hydrographs and Comparison with Deterministic Approach

This section presents the ensemble PMF hydrographs for each of the four storm sets (i.e.,

CFSR-CT, CCSM4-BL, CCSM4-F1 and CCSM4-F2) at the outlet of the Etowah Watershed

(Figure 4). The hydrographs resulting in the largest peak discharge are marked in thick lines and
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are individually presented in Figure 5a. For further comparison, the PMF hydrograph from the
conventional approach (HMR based) is also presented for the Etowah Watershed (Figure 5a).
The range of peak discharge values for these events is presented in Figure 5b for Etowah
watershed and at the outlet of computational Flood2D-domains MEO1 and MEOQ2 in Figure 5¢
and 5d respectively.

[Figure 4]

[Figure 5]

The results indicate that peak discharges obtained for CCSM4-BL and HMR are comparable
in magnitude with a maximum peak discharge value of 21,874 m%/s and 18,654 m%/s. The
maximum peak discharge for CFSR-CT (27,732 m®/s) is greater as compared to that for CCSM4-
BL. This higher discharge could be attributed to higher PMP estimates for CFSR-CT,
demonstrating the effect of choice of meteorological forcings on PMF. The effects of climate
change on maximum peak discharge indicate a significant increase in peak discharge magnitude
with an increase of approximately 58% for near future time period (CCSM4-F1; 2021-2050), and
109% for far-future time period (CCSM4-F2;2071-2100). The comparison is performed with
reference to peak discharge magnitude obtained for the baseline period CCSM4-BL. These
changes could be directly attributed to increased projected PMP estimates in future periods
resulting from intensification of hydrologic cycle caused by strong atmospheric warming.
Readers are referred to Rastogi et al. (2017) and Gangrade et al. (2018) for further technical
details.

The results for Etowah Watershed demonstrate a large variability in the hydrograph shapes
and peak discharge values (Figure 5b), also observed for MEO1 and MEO2 (Figure 5c and 5d). In

addition to the key factor i.e. PMP magnitude, the variability in the hydrographs can also be

20



493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

attributed to spatiotemporal rainfall structure and watershed heterogeneity. The results highlight
the range of uncertainties captured in terms of streamflow estimates which are often missing in
the conventional deterministic PMF estimation.

3.3 Development of Probabilistic Flood Maps

An ensemble approach provides multiple hydrographs and peak discharge magnitudes.
Generally, the most extreme or worst-case scenario is often selected by choosing the PMF
hydrograph with maximum discharge. In this section, we analyze the effects of PMF in terms of
flood inundation area by translating these hydrographs into flood inundation maps and
comparing the results to flood extents obtained from a conventional approach. This investigation
will improve the understanding of flood damages/extents resulting from a PMF event and
associated uncertainties.

The probabilistic flood maps are prepared as outlined in Section 2.3 and presented for each of
the 30 storms for CFSR-CT, CCSM4-BL, CCSM4-F1 and CCSM4-F2 (Figure 6, Panels a
through d for MEOQ1, Panels e through h for MEO2 and panels i through | for MEO2R). The
results are presented in term of conditional probability of flooding for a given cell, assuming a
PMF has occurred for the region. Panel a and e also include the deterministic flood extents
obtained from Flood2D-GPU driven by conventional PMF, presented as white contours overlaid
on top of the probabilistic flood maps. In addition, the range of maximum flood inundation area
associated with each storm event is presented in Figure 7 for MEO1 (Panel a), MEO2 under
natural flow condition (Panel b) and MEO2 under reservoir regulation (Panel c).

[Figure 6]

[Figure 7]
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A comparison of maximum flood inundation extent for upstream domain (MEOL; Figure 6a)
obtained from conventional approach (HMR based approach; 15.67 km?) is very similar to
maximum flooding extents of CFSR-CT-MEO1 (16.95 km?) and CCSM4-BL-ME01(16.44 km?)
resulting in an 8.2 % and 4.9% respective increment in inundation area compared to HMR. On
the other hand, the downstream domain (MEO2; Figure 6 €) has a larger difference in flood
extents obtained from HMR approach (97.5 km?) compared to maximum flood extents of CFSR-
CT-MEO2 (118.5 km?) and CCSM4-BL-ME02(102.08 km?) resulting in a 21.5 % and 4.7%
respective increment in inundation area compared to HMR. A comparison of panels e and i in
Figure 6, reveals an overall effect of Allatoona reservoir in regulating flood damages in
immediately downstream areas. An ideal reservoir operation results in a decrease of maximum
flood inundation area by 9.5 % in case of CFSR-CT.

Under climate change, the projected maximum inundation area reveals a likely increase for
both near future period (CCSM4-F1) and far-future period (CCSM4-F2). The projected
maximum inundation area is computed as 17.44 km?and 19.24 km? respectively for MEO1 which
suggests an increment of 7.9% and 17 % compared to maximum inundation area obtained for
baseline period CCSM4-BL-MEO1 (Figure 7a). Similarly, an increase of 19.3% (22.4%) and
33.4% (45%) in the maximum inundation area is projected for MEO2 (MEO2R) for CCSM4-F1
and CCSM4-F2 respectively compared to the maximum flood inundation of 102.08 km? (88.87
km?) for CCSM4-BL-ME02 (CCSM4-BL-MEO2R). The results indicate that increase in
maximum inundation area is projected to be higher for MEO2R compared to MEO2. This
suggests that magnitude of storms in future time periods will change such that current reservoir
capacity will have lower efficiency to successfully mitigate flood damages downstream of the

region.
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Given the wide range of areal extents produced for each storm set, a further insight into flood
characteristics (such as flood inundation area, gauge height etc.) with hydrologic/meteorological
parameters can improve the understanding of flood zones. The relationship between peak
discharge and maximum flood inundation area is presented in Figure 8. While the maximum
flood inundation area is directly related to the peak discharge at the outlet of each model domain.
The relationship is non-linear and positively correlated with higher variance observed for MEO2
(Figure 8b) compared to MEO1 (Figure 8a). This could be mainly attributed to the relatively flat
topography in MEO2. The variability demonstrates that a similar peak discharge could result in
varying extents of flood inundation which could be attributed to hydrographs characteristics
(including timing, sequence and total flood volume) and spatial variations in streamflow. For
instance, two storms with maximum peak discharge of 11,112 m3/s and 11,504 m®/s respectively
produces a very different maximum flood inundation area of 102.8 km? and 82.01 km? for ME02
(Figure 8b).

Thus, reliance on a single peak discharge value for PMF obtained from the conventional
approach cannot capture such variations on flood impacts. This fact further highlights the
importance of ensemble-based approach over deterministic approach for a more comprehensive
understanding of flood damages resulting from an extreme event.

[Figure 8]
3.4 Potential changes in flood impacts arising from PMF

In this section, we employ the probabilistic flood maps to understand the potential changes in
flood regime and its impacts on infrastructure/urban developments under climate change. To
investigate how the conditional probability of flooding in a region changes in future, the

difference in probability of flooding is calculated for CCSM4-F1 and CCSM4-F2, with respect to
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CCSM4-BL for each MEO1, MEO2 and MEO2R. The grid cells either flooded (i.e. probability
=1) or non-flooded (i.e. probability =0) in inundation maps for each storm (CCSM4-BL,
CCSM4-F1 and CCSM4-F2) are excluded from analysis (Figure 9).

[Figure 9]

The results indicate that overall probability of flooding will increase by up to 30% in
CCSM4-F1 for each MEO1, MEO2 and MEO2R, where most grid cells will observe an increase
in probability value ranging between 0-0.15. Similarly, the histogram for CCSM4-F2 indicate
that overall probability of flooding will increase by up to 60% for CCSM4-F2 for each MEO1,
MEOQ2 and MEO2R with most cells observing a positive increase ranging between 0-0.25. This
process allows the identification of additional areas which may be more susceptible to flooding
in addition to the most vulnerable areas (i.e., probability =1). The analysis is further expanded to
demonstrate utility of probabilistic flood maps as a tool to identify potential hazards to electricity
grid infrastructure arising from PMF events in the downstream region of Allatoona Dam. The
electric substation data (Homeland Infrastructure Foundation-Level DATA (HIFLD); Figure 1)
overlaid on top of probabilistic flood maps reveal the probability of flooding for the grid cell
based on substation location. The individual results are presented in Figure 10. These results
identify the substations at high risk of flooding given a PMF event has occurred. Out of 23
substations selected for the analysis, 8 substations demonstrate a high probability of flooding
(>0.8) for MEO2 under natural flow condition, which reduces to 3 substations under the effect of
ideal regulation from the reservoir for CCSM4-BL. Similarly, the substation which are currently
not at risk of flooding in CCSM4-BL but have a higher chance of flooding in future time periods
i.e. CCSM4-F1 and CCSM4-F2 are also identified (for instance, substation #8).

[Figure 10]
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This risk identification can assist in improving current flood mitigation features while also
equips the decision makers with information to be utilized in strategic planning and development
of future urban areas/infrastructure.

3.5 Sensitivity Analysis

To understand the overall and relative sensitivity of flood inundation to various factors such
as meteorological forcings, climate change, hydraulics and hydrologic model inputs and
parameters; a comprehensive sensitivity test was performed with following sets of experiments.

(1) Scenario 1-Baseline simulation (S1): One Flood2D-GPU simulation for MEQ2 driven

by hydrographs associated with the event with maximum peak discharge (out of 30
events) obtained from CCSM4 forcings (CCSM4-BL), and default Flood2D-GPU
configuration (i.e. 30 m grid resolution, and manning’s n value = 0.035).

(2) Scenario 2-Alternative meteorological forcings (S2):

S2-a: One Flood2D-GPU simulation for MEQ2 using PMF hydrographs with maximum
peak discharge obtained from CFSR forcings (CFSR-CT), and default Flood2D-GPU
configuration (i.e. 30 m grid resolution, and manning’s n value = 0.035)

S2-b: One Flood2D-GPU simulation for MEO2 using PMF hydrographs with maximum
peak discharge obtained from CFSR forcings (CFSR-CT), and default Flood2D-GPU
configuration (i.e. 30 m grid resolution, and manning’s n value = 0.035)

(3) Scenario 3—-Climate change (S3):

S3-a: One Flood2D-GPU simulation for MEO2 using PMF hydrographs with maximum
peak discharge obtained from near future CCSM4 forcings (CCSM4-F1), and default

Flood2D-GPU configuration (i.e. 30 m grid resolution, and manning’s n value = 0.035)
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S3-b: One Flood2D-GPU simulation for MEO2 using PMF hydrographs with maximum
peak discharge obtained from far future CCSM4 forcings (CCSM4-F2), and default
Flood2D-GPU configuration (i.e. 30 m grid resolution, and manning’s n value = 0.035)

(4) Scenario 4-Horizontal grid resolution for Flood2D-GPU (S4): One Flood2D-GPU
simulation for MEOQ2 driven by hydrographs associated with the event with maximum
peak discharge (out of 30 events) obtained from CCSM4 forcings (CCSM4-BL), and
default Flood2D-GPU configuration with 10-m DEM

(5) Scenario 5-Manning’s’ roughness coefficient (S5):

S5-a: One Flood2D-GPU simulation for MEQ2 driven by hydrographs associated with
the event with maximum peak discharge (out of 30 events) obtained from CCSM4
forcings (CCSM4-BL), and default Flood2D-GPU configuration with manning’s n value
=0.015.

S5-b: One Flood2D-GPU simulation for MEO2 driven by hydrographs associated with
the event with maximum peak discharge (out of 30 events) obtained from CCSM4
forcings (CCSM4-BL), and default Flood2D-GPU configuration with manning’s n value
=0.055.

(6) Scenario 6-Antecedent moisture conditions (S6): One Flood2D-GPU simulation for
MEOQ2 driven by hydrographs associated with the event with maximum peak discharge
(out of 30 events) obtained from CCSM4 forcings (CCSM4-BL), with unsaturated soil
moisture conditions at the beginning of hydrologic simulation, and default Flood2D-GPU
configuration (i.e. 30 m grid resolution, and manning’s n value = 0.035)

(7) Scenario 7-Reservoir operations (S7): One Flood2D-GPU simulation for MEO2 driven

by hydrographs associated with the event with maximum peak discharge (out of 30
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events) obtained from CCSM4 forcings (CCSM4-BL) adjusted to reflect ideal reservoir
operations and default Flood2D-GPU configuration (i.e. 30 m grid resolution, and
manning’s n value = 0.035)

The simulation results from scenarios S2 through S7 are compared with reference to control
scenario (S1) in Figure 11. The relative sensitivity reveals that climate change (S3a and S3b) and
meteorological forcings (S2a) are the most sensitive factors for flood inundation area and the
median flood depths for MEO2. The climate change is likely to cause a relative change of up to
33% (47.4%) in inundated area (median flood depth). These differences in inundation areas for
the above mentioned scenarios could be mainly attributed to changes in PMP values revealing
that precipitation is the most sensitive factor affecting flood regimes. The reservoir operations
(S7) can also contribute moderately by reducing the overall flood inundation area by
approximately 13% compared to S1. It is important to note that the reduction is calculated under
an ideal reservoir operation scenario and will be directly proportional to the maximum storage
capacity of reservoir as well. The other two sensitive parameters in this order include the effect
of antecedent moisture conditions in the hydrologic model (S6) and the effect of use of a high-
resolution DEM (S4). They produce a relative change of -8.2% and +6.7% respectively for the
inundation area. The effect of manning’s roughness coefficient was found to be least sensitive in
this case. A similar trend is also noticed for median flood depths.

[Figure 11]
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4. Summary and Conclusions

In this study, a high-resolution process-based hydro-meteorological modeling framework is
presented to generate ensemble based probabilistic flood maps for two selected domains in
Etowah Watershed, Georgia located in southeastern United States. These maps are prepared for
the worst-case flood scenarios i.e. PMF which occur under adverse set of hydrometeorological
conditions including PMP and other hydrologic factors such as saturated antecedent soil moisture
conditions. A total of 120 relative humidity maximized PMP storms were obtained under
historical and future climate conditions from Rastogi et al. (2017). These storms were used to
drive a calibrated hydrologic model (DHSVM) at a 90 m spatial resolution to generate PMF
estimates for the selected watershed. The high resolution 3-hourly hydrographs obtained from
DHSVM for each storm, were used to drive a two-dimensional GPU based hydraulic model
(Flood2D-GPU) at a 30 m spatial resolution to produce flood maps for each storm. The
probability of inundation is then calculated at each grid cell of flood domain, used to generate
probabilistic flood maps. Further, the relative sensitivity of flood inundation area and median
flood depth was evaluated for various factors such as meteorological forcings, climate change,
antecedent moisture conditions, and hydraulic model inputs and parameters.

The results indicate that peak discharge from the PMF hydrograph is likely to increase
significantly for the Etowah watershed region under a changing climate. The region downstream
of Allatoona Lake is likely to observe an increase of up to 58% in peak discharge magnitude for
near future period i.e. 2021-2050 (CCSM4-F1), and up to 109% for far future period i.e. 2071-
2100 (CCSM4-F2) under RCP8.5 compared to baseline period (CCSM4-CT). These changes in
PMF translate into approximately 19% and 33% increase in the flood inundation area. An

evaluation of probabilistic inundation maps reveal that the probability of flooding is likely to
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increase by up to 30% and 60% respectively under the near future and far future scenarios
respectively. The relative sensitivity experiments further demonstrate that the precipitation is the
most sensitive factor affecting flood regime including flood inundation areas and depth. The
choice of meteorological forcings can contribute to up to a 16% change in the flood inundation
area. Further, the flood inundation elasticity relationships developed between peak streamflow
and corresponding flood inundation area reveals the uncertainties associated with the shape and
timings of hydrographs originating from the spatiotemporal variability in precipitation along
with the watershed heterogeneity.

This study presents a unique framework of high resolution process-based hydro-
meteorological and two-dimensional numerical flood model to enable generation of probabilistic
flood inundation maps through an ensemble-based approach for PMP and PMF estimation. The
uncertainties associated with the most sensitive factor i.e. precipitation and others can be
successfully captured with an ensemble approach as presented in this study. The comprehensive
relative sensitivity analysis and its effects on flood regime further identifies the most important
factors causing changes to flood regimes. Although, the study has focused on a particular
HUCO08 basin, the framework can be extended to other regions to generate ensemble based
probabilistic flood inundation maps. These maps can serve as an important tool and provide
additional information to decision makers compared to deterministic inundation maps obtained
from conventional approach. Such an evaluation of a region not only determines the regions
under flood risks, but also informs the stakeholders about the probability of inundation to enable

an informed decision.
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Figure 2. Standard flood frequency analysis for MEOL1 as per the guidelines of Bulletin 17B.
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Figure 5. PMF Hydrographs selected based on peak discharge for Etowah Watershed (Panel a)
and range of peak discharge for each set of simulations (CFSR-CT, CCSM4-BL, CCSM4-F1,
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region MEO1 (Panel a), MEO2 under natural flow condition (Panel b) and MEO2 under reservoir

regulation (Panel c).
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Table 1. Contingency Table for the analysis domain in MEO1 represented as a fraction of total

number of cells in the analysis domain.

Cells

Wet in Model (M1)

Dry in Model (MO0)

Wet in FEMA (B1)

0.0798 (M1B1)

0.0181 (MOB1)

Dry in FEMA (B0)

0.0142 (M1B0)

0.8880 (MOBO)
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Table 2. Key flood model performance metrics calculated for MEO1 for a 100-year ensemble
flood event. Adopted from Wing et al. (2017) .

indicates a tendency

toward overprediction.

Criterion | Formula Calculated Range Description
Value
0-1
0= (none of the wet Measure of tendency of
: benchmark data are

Hit Rate | M1B1/ 0.82 wet model data) model to accurately
(H) (M1B1+MO0B1) | predict the benchmark

L = (all of the wet flood extents

benchmark data are

wet model data).
False M1BO/ o Measure of tendency to
Alarm | (M1BO+M1B1) | 0.15 . y

) 0 (no false alarms) overpredict flood extent

Ratio (F)

1 (all false alarms).

0-1

0 (no match between o
Critical M1B1/ modeled and Nelzizsli”is: fit with
Success | (M1B1+M0OB1 |0.71 benchmark data) gver r)(/ediction and
Index (C) | +M1B0) 1 (perfect match predictio

underprediction

between modeled and

benchmark data).

0 — infinity

E=1: no bias,

<=E<1 indi

?en dEncl I?:\,I:;tgs a Measure of tendency
Error (E) | M1BO/MOB1 | 0.78 y . toward overprediction or

underprediction, .

underprediction.
and
1<E<=infinity
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