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Abstract

Satellite observations of coastal Louisiana indicate an overall land loss over recent decades, which could be attributed to climate-
and human-induced factors, including sea level rise (SLR). Climate-induced hydrological change (CHC) has impacted the way
flood control structures are used, altering the spatiotemporal water distribution. Based on “what-if” scenarios, we determine
relative impacts of SLR and CHC on increased flood risk over southern Louisiana and examine the role of water management
via flood control structures in mitigating flood risk over the region. Our findings show that CHC has increased flood risk over
the past 28 years. The number of affected people increases as extreme hydrological events become more exceptional. Water
management reduces flood risk to urban areas and croplands, especially during exceptional hydrological events. For example,
currently (i.e., 2016-2020 period), CHC-induced flooding puts an additional 73km? of cropland under flood risk at least half of
the time (median flood event) and 65km? once a year (annual flood event), when compared to a past period (1993-1997). A ten-
to twenty-fold increase relative to SLR~induced flooding. CHC also increases population vulnerability in southern Louisiana to
flooding; additional 9900 residents currently live under flood risk at least half of the time, and that number increases to 27,400 for
annual flood events. Residents vulnerable to SLR-induced flooding is lower (6000 and 3300 residents, respectively). Conclusions
are that CHC is a major factor that should be accounted for flood resilience and that water management interventions can

mitigate risks to human life and activities.
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Key points
1. Relative impacts of climate-induced hydrological change, water management and sea level
rise on Louisiana flooding are quantified
2. Climate-induced hydrological change has increased flood risk over the past 28 years
3. Flood control structures play a vital role in protecting Louisiana’s major cities, and in

keeping cropland flood-free and productive
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Abstract

Satellite observations of coastal Louisiana indicate an overall land loss over recent decades, which
could be attributed to climate and human-induced factors, including sea level rise (SLR). Climate-
induced hydrological change (CHC) has impacted the way flood control structures are used,
altering the spatiotemporal water distribution. Based on “what-if” scenarios, we determine relative
impacts of SLR and CHC on increased flood risk over southern Louisiana and examine the role of
water management via flood control structures in mitigating flood risk over the region. Our
findings show that CHC has increased flood risk over the past 28 years. The number of affected
people increases as extreme hydrological events become more exceptional. Water management
reduces flood risk to urban areas and croplands, especially during exceptional hydrological events.
For example, currently (i.e., 2016-2020 period), CHC-induced flooding puts an additional 73km?
of cropland under flood risk at least half of the time (median flood event) and 65km? once a year
(annual flood event), when compared to a past period (1993-1997). A ten- to twenty-fold increase
relative to SLR-induced flooding. CHC also increases population vulnerability in southern
Louisiana to flooding; additional 9900 residents currently live under flood risk at least half of the
time, and that number increases to 27,400 for annual flood events. Residents vulnerable to SLR-
induced flooding is lower (6000 and 3300 residents, respectively). Conclusions are that CHC is a
major factor that should be accounted for flood resilience and that water management interventions

can mitigate risks to human life and activities.
Plain Language Summary

Current scientific literature defines sea level rise as a major factor in increasing global coastal
flood risk in recent and future decades, showing that coastal flood risk, particularly over southern
Louisiana, is exacerbated by natural and human-induced subsidence. However, the impacts of
climate-induced hydrological change (CHC) on flooding and synergy with SLR are often
overlooked. Here, we quantify how CHC affect southern Louisiana’s water dynamics and its
synergy with SLR and water management that results land loss and increase in terrestrial water
storage over the decades. We look to answer how much of observed changes are due to CHC and
SLR, what are their individual contributions to increasing flood risk, and how local water

management contributes to flood resilience.
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1. Introduction

River deltas are home to more than half a billion people worldwide, support some of the most
productive agricultural land and aquaculture, and their revenue and ecosystem services are
conservatively valued at trillions of US dollars (Giosan et al., 2014). Current scientific literature
defines sea level rise (SLR) as a major factor in increasing global coastal flood risk in recent and
future decades (Oppenheimer et al., 2019; Taherkhani et al., 2020). Coastal flood risk, particularly
over deltas, is exacerbated by natural and human-induced subsidence (Kolker et al., 2011; Syvitski
et al., 2009), as well as local processes such as wave effects, storm surges, tides, erosion,
sedimentation and compaction (Blum & Roberts, 2009; Jankowski et al., 2017; Lam et al., 2018;
Olson & Suski, 2021; Oppenheimer et al., 2019; Taherkhani et al., 2020). Although these are all
well-known factors affecting the world’s deltas, the impacts of climate-induced hydrological
change (CHC) on flooding and synergy with SLR are often overlooked. CHC is caused by water
cycle intensification due to spatiotemporal changes in water cycle processes (e.g., precipitation
and evapotranspiration), resulting in more hydrological extremes. CHC has been detected in many
parts of the world (Held & Soden, 2006; Huntington, 2006; Huntington et al., 2018; Ohmura, 2002;
Sun et al., 2016; Yeh & Wu, 2018), demonstrating an overall increase in global flood risks in
projected 2070-2100 climate scenarios (Hirabayashi et al., 2013). Across the U.S., CHC has
motivated discussions about the need to update existing flood control structures (Wright et al.,
2019) to build resilience against current and future flood risks. Southern Louisiana has been under
climate- and human-induced hydrological pressure for decades. Analysis merging USGS ground
measurements with NASA remote sensing and modeled outputs indicates increasing extreme
streamflow occurrences in recent years. Monthly upstream inflow [here, upstream inflow is
defined as the combination of Mississippi and Red River inflows at the Old River Control Structure
(ORCS) — location shown in Figure 1] exceeds the 95" percentile in all five recent years (2016-
2020), the same number of extreme flows that occurred over the two prior decades, as shown in
Figure la. Indeed, river flow is a major factor controlling the lower Mississippi River and its delta
water level fluctuations, according to Hiatt et al. (2019). Radar altimetry data derived from the
Multi Observation Global Ocean ARMOR3D (Guinehut et al., 2012) shows a clear increase in sea
surface heights on coastal Louisiana, with a long-term (1993-2020) positive trend of 2.7mm/year,
accelerating in recent years (2002-2020) to 5.1mm/year (Figure 1b). SLR worldwide has been

attributed to increasing rates of ice loss from the Greenland and Antarctic ice sheets, as well as sea
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temperature increase (Priestley et al., 2021). Terrestrial water storage (TWS) over southern
Louisiana also shows a positive trend of 15mm/year over 2002-2020, as estimated by GRACE
satellites (Loomis et al., 2019) and shown in Figure 1c. That trend is likely a result of surface water
storage increase driven by both climate-induced hydrological changes and SLR. Increasing surface
water storage combined with other factors, such as land subsidence, storm surges, and human-
induced sediment starvation from dredging, dams, levees, and land management activities have
resulted in significant coastal land change since 1988. According to NASA’s Delta-X project data

(https://deltax.jpl.nasa.gov), coastal Louisiana gained ~1200km? over 30 years and lost ~2645km?,

with a net land loss of ~1445km? (see Figure 1d). Most of these changes took place within
southeastern Louisiana. Recurring hurricane landfall in the region makes southern Louisiana even
more vulnerable to coastal erosion, flooding and storm surges. Such a vulnerability to extreme
events has motivated major investments in flood prevention since Hurricane Katrina in 2005,
improvements which substantially reduced damage in New Orleans during Hurricane Ida in 2021

(Garza, 2021).

Although recent studies coupling atmospheric and coastal circulation models show the synergy of
tides, sea level and storm surges controlling extreme flood events on northern U.S. Gulf Coast
(Alizad et al., 2018; Bunya et al., 2010; Passeri et al., 2016), knowledge on relative contributions
of CHC to southern Louisiana flooding instances is still limited. Motivated by the recent changes
over the region described above and the current gap of knowledge on the relative importance of
climate-induced hydrological change to flood risks, we quantify the combined and individual
impacts of CHC, SLR, and flood control structures (hereafter simply referred to as “water
management”) on changing flood risk in recent decades. Here, rather than using an ocean-
atmosphere coupling approach, we focus on a hydrologic perspective, i.e., we use advanced large-
scale hydrological modeling approaches and a simplified representation of ocean dynamics. Such
a simplified representation means that satellite-based sea level observations are used as a proxy of
ocean dynamics on the coast, compensating for the absence of an ocean model coupled to the
hydrological models. The science questions we attempt to answer are: how much of observed trends
are due to CHC and SLR; what are their individual contributions to increasing flood risk; and to
what extent is water management contributing to flood resilience in southern Louisiana? Here, we
refer to southern Louisiana as the domain extending 125-210km inland from the coast, as shown

in Fig. 1. This means that it includes not only the coastal zones and wetlands, but also dry lands.
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Our advanced hydrological modeling system is composed of two state-of-the-art models coupled
within NASA’s Land Information System (LIS; Kumar et al., 2006) modeling framework: the
Noah with multi-physics (Noah-MP; Niu et al., 2011) land surface model (LSM) and the
Hydrological Modeling and Analysis Platform (HyMAP; Getirana et al., 2012a; Getirana, Peters-
Lidard, et al., 2017). The system was improved for this study to account for water management
and sea level variability at river outlets. Water management is represented in the system as three
major flood control structures operated by the U.S. Army Corps of Engineers (USACE). These
structures divert about 30% of the water flowing in the Mississippi River. Two structures divert
water to the Atchafalaya River through ORCS and the Morganza Spillway, and one diverts water
to Lake Pontchartrain through the Bonnet Carre Spillway (locations are shown in Figure 1). SLR
is represented in our modeling system with weekly satellite-based sea surface heights (Guinehut
et al., 2012) used as downstream boundary conditions. Daily USGS streamflow observations at
seven gauges were used as upstream boundary conditions in an attempt to eliminate hydrological
model uncertainties propagated through the river network down to the delta. Gauge locations are

shown in Figure 1. The modeling system is fully described in Methods section below.
2. Methods
2.1. HyMAP

HyMAP is a state-of-the-art, globalscale flood model capable of simulating surface water
dynamics, including water storage, elevation and discharge in-stream, in rivers and floodplains
using the local inertia formulation (De Almeida et al., 2012; Bates et al., 2010; Getirana, Peters-
Lidard, et al., 2017). Local inertia solves the full momentum equation of open channel flow and
accounts for a more stable and computationally efficient representation of river flow diffusiveness
and inertia of large water mass of deep flow, which is essential for a physically-based
representation of wetlands, lakes, floodplains, tidal effects and impoundments (Getirana et al.,
2020). The Courant—Freidrichs—Levy (CFL) condition is used to determine HyMAP’s optimal sub
timesteps for numerical stability. Rivers and floodplains interact laterally and have independent
flow dynamics, with roughness and geometry derived from land cover characteristics, topography
and river parameterization (Getirana et al., 2012b, 2013). Hypsographic curves, i.e., the

relationship between water elevation (H) and storage (S) are derived from high resolution
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topographic data. In addition to S, the flooded area (A) within a grid cell can also be determined
through a relationship with H. As a result, floodplain water extent and storage can be derived from
the floodplain water elevation with HxSxA relationships. If the water volume within a grid cell is
above zero, the minimum A value corresponds to the river area (river length x river width) and it
only increases once the river overflows to floodplains, with the grid area as the maximum value.
The HxSxA relationship is derived for each grid cell from a pre-processing step where high
resolution topography is upscaled to the model spatial resolution. Water overflows to floodplains
when the river channel water height is higher than the bank height. This process is considered
instantaneous at each timestep. This means that water surface elevations of the river channel and

the floodplain are the same.

Digital elevation model (DEM) accuracy plays an essential role in representing river network and
floodplain extent in flat areas (Getirana, Bonnet, & Martinez, 2009; Getirana, Bonnet, Rotunno
Filho, et al., 2009). In this study, river network parameters were derived from the Multi-Error-
Removed Improved-Terrain (Yamazaki et al., 2017) (MERIT) DEM at 3-arcsec spatial resolution.
Over southern Louisiana, MERIT DEM is based on the NASA Shuttle Radar Topography Mission
(Farr et al., 2007) (SRTM) processed with successive correction of absolute bias, stripe noise,
speckle noise, and tree height bias from using multiple satellite data sets and filtering techniques.
As aresult, MERIT DEM provides a more reliable representation of floodplains and wetlands than
the original RSTM DEM. HyMAP resolves the local inertia formulation unidimensionally (i.e., a
unique flow direction is attributed to each grid cell) and does not currently represent bifurcations,
which is particularly important over deltas and flat areas(Yamazaki et al., 2014). However, its
capability of simulating backwater effects combined with interactions between rivers and
floodplains results in a pseudo two-dimensional representation of surface water dynamics
(Getirana et al., 2021). HyMAP has been extensively evaluated in the Amazon basin (Getirana et
al., 2013; Getirana & Peters-Lidard, 2013) and adopted as a tool for regional (Getirana et al., 2014;
Jung et al., 2017; Kumar et al., 2016; 2015) and global (Getirana, Kumar, et al., 2017) water cycle

studies.
2.2. Noah-MP

The Noah with Multi-Parameterization (Noah-MP; Niu et al., 2011) LSM is used to simulate the

vertical water and energy balances over the domain. The Noah-MP LSM builds upon the well-
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known Noah LSM (Ek et al., 2003), which has been used in a variety of operational models,
applications and research studies. Noah-MP contains four soil layers totaling two meters down the
land surface and different parameterization and physics options, which include different static
vegetation and dynamic vegetation schemes, canopy resistance effects, radiation transfer, runoff
and groundwater schemes, snow model options, and even crop and urban canopy schemes. We
apply the prescribed vegetation scheme, based on monthly leaf area index climatology. The
TOPMODEL simulated groundwater scheme (Niu et al., 2007) is selected, and the Noah-based
lower boundary of soil temperature option is applied. Other climatology-based vegetation and
albedo parameter maps include monthly greenness fraction and global (snow-free) albedo (Csiszar

& Gutman, 1999).
2.3. HyMAP improvements and customization

Three major improvements and customizations were required to represent the complex surface
water processes dominating this domain more accurately in HyMAP. They are (i) the use of a
ground-based dataset for the determination of river geometry, (ii) the use of observed streamflow
and SSH as upstream and downstream boundary conditions, and (iii) the implementation and

customization of a water management module. These features are described below.
2.3.1. River geometry

River geometry parameters used in large-scale river routing schemes are commonly derived from
empirical equations (Decharme et al., 2010; Getirana, Kumar, et al., 2017; Li et al., 2015). Such
equations are based on generalized representations of world rivers, and their accuracy largely
varies from a region to another. Here, in order to minimize errors related to model
parameterization, river width and height were derived from the USGS channel measurement
network (USGS, 2021). USGS archives ground-based measurements of river width, W, [m],
height, H, [m], and cross-sectional area, 4, [m?], at ~31,100 gauges across the country (see Figure
SIla for countrywide data, and Figure SIlb for a zoom over the study domain), totaling
approximately 4.4 million river cross-sectional records. A methodology was developed to convert
point-based cross-sectional records across the country to spatially distributed river width and

height and is described in the Appendix Al.



202

203
204
205
206
207
208
209
210
211
212
213
214

215
216
217
218
219
220
221
222
223
224

225

226
227
228
229
230
231

2.3.2. River boundary conditions

The model was constrained upstream the ORCS structures through direct insertion of streamflow
data, at USGS gauges over the Mississippi, Red and Quachita Rivers, where observations are
available (see Figure 1 for gauge locations). Directly inserting streamflow observations was
performed to reduce uncertainty related to meteorological forcings, model parameterization and
numerical representation of physical processes upstream the domain. Temporal data availability
varies from one location to another. Outputs from a model run over the entire Mississippi basin
composed of HyMAP and Noah-MP at 0.1° spatial resolution and 15-min timestep forced with
MERRA-2 meteorological dataset were used to fill the periods without observations. Streamflow
simulation errors at gauge locations were minimized by correcting them for bias, lag and standard
deviation using the overlapping period with observations as the reference. Hence, the final
streamflow time series used as upstream boundary conditions at gauges is a combination of

observations and optimized model outputs.

Coastal flooding was represented in the modeling system using sea levels as downstream boundary
conditions as a proxy for ocean dynamics. Weekly satellite-based SSH estimates across coastal
Louisiana were extracted for the 1993-2020 period from the Multi Observation Global Ocean
ARMOR3D (Guinehut et al., 2012). By considering variable SSH in conjunction with the local
inertia formulation, as described above, HyMAP can represent coastal backwater flooding,
occurring when sea levels are above river levels. This means that water availability in the ocean is
assumed unlimited and sufficient to flow inland whenever the model computes inflow (i.e., water
flow from the ocean to land/river). For example, in situations where SSH is above river outlet
levels, the model will reproduce the backwater effect, resulting in negative river flows. The

downside of using weekly SSH is the absence of sub-daily ocean dynamics, including tides.
2.3.3. Water management

HyMAP’s water management module was implemented in the framework of this study. Water
management is defined here as a human-controlled water diversion from a water body to another.
Note that reservoir operation is excluded from this definition of water management, as it is
represented in an independent module in HyMAP (Getirana et al., 2020). The water management
module requires grid points for the water source (i.e., water body where structures are located) and

destination (i.e., nearest water body where water is transferred to) as well as the operation rules.
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Three major water management structures are represented in the modeling system: the Old River
Control structures (ORCS), the Morganza Floodway (MF) and the Bonnet Carre Spillway (BCS).
These structures are operated by USACE and are used for flood control in the lower Mississippi
River. Their locations are shown in Figure 1. Numerous other engineered structures exist in the
domain, such as levees and small water transfers, and they were neglected in this study due to (i)
the lack of representative data, (ii) incompatible scales with model spatial resolution, or (iii) small
impact on the regional hydrology. Water management rules at the three selected structures were
represented in the modeling system by linear and polynomial equations derived from regressions
between reported water diversions and river discharge upstream of management structures,
following equations. The representation of flood control structures is fully described in the

Appendix A2.
2.4. Model configuration and validation

Noah-MP was driven with NASA’s Modern-Era Retrospective analysis for Research and
Applications, version 2 (MERRA-2 Reichle et al., 2017) meteorological dataset. Noah-MP and
HyMAP are coupled through NASA’s Land Information System (LIS; Kumar et al., 2006). These
models are one-way coupled, which means that, at each time step, gridded surface runoff and
baseflow simulated by Noah-MP are transferred to HyMAP and used to simulate spatially
continuous surface water dynamics, but no information is returned from HyMAP to Noah-MP.
Model parameters were processed using the Land surface Data Toolkit (LDT; Arsenault et al.,
2018) for the domain defined by the coordinates 7.2°W — 2.2°W and 12.1°N — 17.1°N at a 0.02°
spatial resolution. Model runs were first spun up for 60 years, allowing the models' water storage

components to stabilize, followed by the 1993-2020 period experiments at a 15-minute timestep.

The modeling system accounting for all HyYMAP customizations and processes (corresponding to
Scenario 4, as described in the following section) was quantitatively evaluated in terms of
simulated streamflow and surface water levels at selected locations, as a function of data
availability. The accuracy of these variables was quantified through well-known metrics computed
using ground-based and satellite observations as references. These metrics are the Kling-Gupta
(KG) efficiency coefficient and the normalized root mean square error (NRMSE) between

simulations (s) and observations (0). KG measures the Euclidean distance from an ideal point of
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the Pareto line and is a function of the correlation (7), bias (f), and standard deviation ratio (y),

also called amplitude ratio, between simulation (s) and observation (0):

KG=1-r—-1)2+@-1D2+(—-1)? (D)
p=" @
yz;‘—z (3)

where x4 and o are the mean and standard deviation of the time series. The optimal value for KG is
1. y ranges from zero to oo, where 1 is the optimal value.  ranges from -1 to 1, where 1 is the
optimal case. Water levels are bias-corrected before evaluation. As a result, the bias term in KG is
neglected. This means that KG for water levels is a function of phasing and amplitude ratio
between s and 0. NRMSE is defined as follows:

nt 2 1/2
Zt=1(5t_0t) /T’-t]

NRMSE = [

4

Oo

where ¢ is the timestep, nt the period length. NRMSE ranges from zero to oo, where zero is the
optimal case.

USGS daily streamflow data is available at 14 gauges monitoring several rivers across the domain,
with drainage areas varying from 3474km? to 2.96 million km?. Satellite-based radar altimetry
time series of surface water levels were derived from the ESA Sentinel-3A and the multi-agency
Jason-2 and Jason-3 satellites at nine locations over the Mississippi and Atchafalaya Rivers. The
altimetric dataset is available through the Global Water Monitor

(https://blueice.gsfc.nasa.gov/gwm/river/Index).

3. Results

Four “what-if” scenarios, listed in Table 1, were designed to distinguish the impacts of CHC, SLR,
and water management and quantify their individual and synergetic contributions to southern
Louisiana flood risk. In Scenario 1 (or S1), CHC is fully isolated by assuming a constant sea
surface height (SSH) at 0.26¢cm, corresponding to the median of the monthly climatology, with no
water management. Scenario 2 (S2) is similar to S1, except that a constant SSH is replaced with a
climatology of lower monthly terciles, representing a scenario where CHC co-exists with a
seasonal SSH change and no water management. Scenario 3 (S3) replaces SSH climatology with

weekly observations to represent climate induced SLR. Scenario 4 (S4) accounts for all three

10
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factors under analysis (i.e., CHC, SLR, and water management), representing the integrated
climate and human-induced change and variability. Note that dam operations upstream of the
domain are accounted for in all scenarios, since observed streamflow is used as an upstream
boundary condition in the modeling system. All four scenarios were simulated over the 1993-2020

period.

Individual and integrated climate and human-induced impacts on southern Louisiana’s hydrology

are determined as follows:

(1) CHC impacts are isolated in a temporal manner. This means that model outputs of an
“early” (1993-1997) period is subtracted from those of a “late” (2016-2020) period,
both derived from S1. These model outputs are hereafter referred to Slearty and Sliate,
respectively.

(i1) SLR and water management impacts are isolated by subtracting model outputs over the
late period from scenarios with and without these factors. This means that SLR impacts
are determined as the difference between S2ie and S3iae, and isolated water
management impacts are defined as the difference between S3iae and S4iae. The late
period was chosen for both factors to better represent recent climate-induced changes
on SLR and CHC (the latter directly influences water management).

(ii1))  Integrated impacts (i.e., all three factors combined) are also determined in a temporal
manner by computing the difference between S4earty and S4aee. It is noteworthy that the
sum of individual impacts may not total the result derived from all factors combined.
This is due to non-linear relationships between different factors and the fact that CHC
impacts are computed in a temporal manner, but not SLR or water management

impacts.

Such procedures are applied to maps of median (i.e., 50% chance of exceedance for daily events)
and annual (i.e., 0.27% chance of exceedance, or 1/365") flood events derived for early and late
periods of each scenario. Finally, flood risks are quantified in terms of impacts on socioeconomic
activities driven by SLR, CHC, water management and all factors combined. Socioeconomic
activities are represented here by cropland and population (Center for International Earth Science
Information Network - CIESIN - Columbia University, 2018) data. These data were assumed

constant throughout the study period as an attempt to isolate climate and human impacts from

11
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regional socioeconomic changes. Nominal years for cropland and population datasets are 2010 and
2020, respectively. Flood risks were quantified by overlapping these data with climate and human-

induced changes in median and annual flood events.
3.1. Model evaluation and interpretation

Figure 2 shows the locations and summarizes the model evaluation. Overall efficiency is high
across the domain for both streamflow and water levels. Median KG for streamflow is 0.71 and,
except for three locations, all values exceed 0.58. Low performance is found at gauges draining
small areas. Median KG for water levels is 0.7, with a minimum value of 0.45. Median NRMSE
values are 0.04 and 0.13 for streamflow and water levels, respectively. Median amplitude ratio for
streamflow is 0.86 and ten locations show values between 0.81 and 1.09, indicating very good
agreement. Median y for water levels is 0.81. Correlation is generally high, with medians of 0.87
for streamflow and 0.84 for water levels. Low performance at some locations can be explained by
uncertainties in meteorological forcings and numerical representation of physical processes in the
model, as well as model parameterization, particularly river geometry, which can significantly

impact water level amplitudes.

Results derived from S4 (i.e., all factors combined) evidence an overall increase in flooded area
(Figure 3a) and surface water elevation (Figure 3b) over southern Louisiana. Compared to the
early period, the median flooded area increased by ~800km? in the late period. This value is lower
than Delta-X’s estimates as it does not consider other factors, such as land subsidence and human-
induced sediment starvation. During the late period, annual events flood an additional ~1700km?
compared to the early period (not shown). This increase in flooded area is more predominantly
observed over the domain’s western side and wetlands, but also detected over lower reaches of the
Mississippi River, including near New Orleans and coastal areas. On the other hand, a decrease in
flooded areas is detected over a plain between the Atchafalaya and Mississippi Rivers. This area
is composed of countless small-scale interconnected manmade canals and bayous not represented
in our modeling system due to scale restrictions and limited data access, which may result in
uncertainties at local scales. Similar patterns are observed in the surface elevation map. More
prominent elevation change is detected over major rivers stretches, particularly over the
Mississippi River upstream of New Orleans, where median surface water elevations have increased

by 1-2 meters since the early 90s. As shown in Figures 3c and 3d, flooded areas and surface water

12
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storage (SWS) have increased at rates of 30km?/year and 0.07mm/year, respectively, since 1993.
Increased trend rates start in 2002 (76km?/year and 0.12mm/year, respectively) show changes in
regional hydrological processes in the past two decades. These model outputs corroborate with

previously discussed ground- and satellite-based observations.
3.2. Climate and human-induced impacts on flood events

Figure 4 shows the spatial distribution of individual climate and human-induced impacts on
median and annual flood events over southern Louisiana. CHC generally increases the median
flooded area over the domain by 296km? (Figure 4a). This increase is mostly detected near the
southwestern part of the domain and land adjacent to the Mississippi River, including its delta and
parts of Baton Rouge and New Orleans. Areas with increased flooding total 809km?. The drop in
flooded extent totals 513km? and is mostly detected in parts of the Atchafalaya River basin
downstream of ORCS. Such a widespread change demonstrates that CHC impacts on flooding are
significantly higher than those caused by sea level rise. CHC results in more severe annual flood
events in the late period, with a net increase of 1522km? of flooded areas for annual events
compared to the early period (Figure 4b). Like the median event, most of the increase is detected
in the southwestern area of the domain, totaling 2677km? of additional flooded areas, with a
decrease found in the Atchafalaya River basin and near Lake Pontchartrain, totaling 1155km? of
drier areas. The large increase over the southwestern area is explained by a regional increase in

runoff generation in recent years.

As shown in Figure 4c, compared to the early period, SLR alone (i.e., no synergy with other factors
such as tides, storm surges and land subsidence) currently floods an additional 389km? of southern
Louisiana’s land for at least half of the time. Most of the SLR-induced flooding increase is detected
in coastal zones, as expected, particularly over southeastern Louisiana. Such an increase reaches
up to 40km inland and is observed in some areas near New Orleans. SLR induces an increase in
annual flood events to 399km? during 2016-20 (Figure 4d), or an additional 10km? compared to
median events. Such a small difference between median and annual flood events is due to the use
of weekly SSH data as a model input, smoothening out daily and sub-daily extreme events like

high tides and storm surges.

Figures 4e and 4f show the spatially distributed impacts of water management on median and

annual flood events. Compared to CHC and SLR, management shows a much smaller impact on
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median floods, with an overall negative balance in flooded area of 23km? over the domain. This
decrease is mostly detected over the lower Mississippi River downstream of ORCS, totaling
94km?. Water management increases flooding over the surroundings of the Atchafalaya River by
71km?. Under annual flood events, water management impacts are significantly more pronounced,
further decreasing floods along the lower Mississippi, particularly around urban areas such as
Baton Rouge and New Orleans, but also at its delta. Flooding decrease under annual events totals
1055km? and is counterbalanced with an increase of 462km?, mostly detected over the Atchafalaya
River basin because of significant water transfer from one river to another through ORCS and the
Morganza Floodway. Flood increases are also noticed at the Bonnet Carre Spillway and the
surroundings of Lake Pontchartrain as a result of the spillway’s frequent use during extreme floods

in recent years (USACE, 2021).

Figure 5 summarizes how different climate and human factors contribute to southern Louisiana’s
flood risk. CHC-induced flooding currently puts an additional 73km? of cropland under flood risk
at least half of the time (median flood event) and 65km? once a year (annual flood event), compared
to the early period. That is a ten- to twenty-fold increase relative to SLR-induced flooding (7km?
and 3km?, respectively), which is mostly detected over coastal zones. CHC also increases
population vulnerability to flooding; compared to the early period, additional 9900 residents
currently live under flood risk at least half of the time, and that number increases to 27,400 for
annual flood events. The number of residents vulnerable to SLR-induced flood risk is lower (6000
and 3300 residents, respectively). Such a difference is explained by (i) the larger flooded area
added by CHC and (ii) the spatial distribution of that flooding. SLR mostly impacts wetlands and
their surroundings, not as socioeconomically developed. These results suggest that climate-
induced hydrological change is a major driver of flood risk over southern Louisiana. Water
management, on the other hand, diverts floodwaters away from population centers such as Baton
Rouge and New Orleans, and into the Atchafalaya River, protecting as many as 8600 people during
median flood events to 33,000 during annual events. Water management also protects cropland; a
total of 13km? is protected from median flood events, and 61km? from annual events. These results
demonstrate that flood control structures play a vital role not only in protecting the people in

southern Louisiana, but also in keeping a significant area of cropland flood-free and productive.

Discussion
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Sea level rise, combined with factors such as storm surges, tides and land subsidence, is typically
assumed to be the main cause of coastal flood risk increase. However, other factors such as climate-
induced hydrological change, are often overlooked. Motivated by major hydrological changes over
southern Louisiana in recent decades, and based on an advanced modeling system, this study
quantified the individual impacts of climate and human factors on regional water dynamics. Our
main findings are that (i) CHC is an important factor contributing to flooding and likely poses a
large risk to life and property, (ii)) SLR impacts alone are limited to coastal zones, and that (iii)
water management is key to reducing flood risk over the domain, particularly protecting its

cropland and major cities, including as Baton Rouge and New Orleans.

Our modeling system has a pioneering combination of features representing natural and
anthropogenic processes, reducing hydrological model uncertainties in coastal areas. However,
known limitations may still contribute to uncertain simulations. Typical sources of uncertainty in
hydrological modeling are meteorological forcings, numerical representations of physical
processes and model parameterizations. Proposed model improvements focused on the latter two.
Although impacts of major flood control structures are represented in our model, local-scale flood
protection structures, such as those found in New Orleans, were neglected mostly due to spatial
scale and limited data availability. As a result, model simulations may have overestimated the
number of residents vulnerable to flooding in experiments accounting for water management. This
means that the actual number of residents protected by human intervention could be significantly

higher than our estimates.

Understanding model limitations is essential when interpreting its outputs and using them for flood
resilience and decision-making. Other human interventions, such as irrigation and drainage
systems, are also neglected in our modeling system, and could result in uncertain vertical water
budget over cultivated areas. Neglecting daily and sub-daily coastal processes, such as high tides
and storm surges may have underestimated SLR-induced annual flood events. Hence, we
acknowledge that using satellite-based sea level observations as a proxy for ocean dynamics is a
limitation and may be a source of uncertainty. A possible solution for that limitation would be a proper
ocean-land model coupling, which is beyond the scope of this paper, but recommended for future
studies. It is also known that flood modeling is highly sensitive to the numerical representation of
river-floodplain dynamics (Getirana et al., 2021; Getirana, Peters-Lidard, et al., 2017; Li et al.,

2015; Luo et al., 2017) and river geometry parameterization (Decharme et al., 2012; Getirana et
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al., 2013; Yamazaki et al., 2011). Our model was parameterized with refined ground-based
measurements of river geometry combined with an advanced global topography dataset, and is
capable of numerically representing backwater effects, which is essential for modeling coasts,
lakes and wetlands. Indeed, streamflow and water level simulations have overall high performance,
as shown in Figure 2. However, we acknowledge that uncertainties remain, and could result in

inconsistent river overflow, directly impacting spatiotemporal distribution of flooding.

Our findings demonstrate the usefulness of the modeling system to quantify and understand natural
and anthropogenic factors changing southern Louisiana’s water dynamics and could be used to
evaluate projected impacts. The inclusion of missing physical processes would reduce model

uncertainty and further enhance the system, and possibly change our conclusions.

Although our investigation was limited to southern Louisiana, our findings have implications over
the world’s densely populated and managed coastal areas. It is estimated that 630 million people
are vulnerable to projected SLR-induced coastal floods alone (Kulp & Strauss, 2019). Mega-deltas,
such as the Ganges-Brahmaputra-Meghna, Nile, Pearl and Mekong River deltas are particularly
vulnerable. The Pearl River Delta, for example, witnessed rapid economic development and
population rise. Others, such as the Ganges-Brahmaputra-Meghna Delta, in addition to the dense
Bangladeshi population, is not equipped with appropriate flood control structures, resulting in
frequent coastal flooding. This is, indeed, the case of many locations in developing countries. The
scientific community has been gathering and refining information on SLR impacts on these
regions, but CHC impacts and its synergy with other climate and human factors are poorly
documented. Hence, it is strongly recommended that individual and synergistic impacts of climate
and human-induced factors, including but not limited to those considered in this study, be further
investigated globally. Such investigations could support the decision-making process on climate-
induced migration and relocation, as well as the optimal spatial distribution of flood control

structures and water management practices.
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Appendix
Al. Methodology to convert from point-based to grid-based river

geometry data

The methodology is composed of three steps, as described below.
Step 1: Definition of representative point-based channel geometry

The number of measurements at USGS gauges varies from one to over one thousand, depending
on the location. Channel measurements acquired at a given location vary over time as a function
of numerous factors, such as hydrological season, water flow regime, sedimentation, and
measurement technique. In this sense, we first need to define representative W,, H, and 4, values
for all gauges. It is important to note that channel geometry is represented here by rectangular cross
sections and large width-to-depth ratio. At gauges with ten or more records, representative values
are defined as the top quintile for , and 4,, as an attempt to avoid measurements during floods
when rivers overflow to floodplains and levees. Representative H, values at gauges are defined as
the highest record. For gauges with no valid river height record, H, is computed as 4,/ W,. At the
end of this step, we have a list of gauges with their respective coordinates, drainage areas and

representative channel geometry parameters.
Step 2: Generation of spatially distributed channel geometry map

We used the MERIT-Hydro dataset (Yamazaki et al., 2019) as the baseline to spatialize USGS
point-based channel geometry parameters. Among other parameters, MERIT-Hydro includes a
gridded 3-arcsec global river flow directions and drainage area maps derived from the MERIT
DEM. First, we attributed W, and A, values to MERIT-Hydro grid points with matching gauge
coordinates and drainage areas. Then, channel geometry at outlets and headwaters were
empirically defined. For catchments with at least two data grid points, we used the most
downstream point to determine outlet width, Wouse: [m], and height, Houres [m], by assuming these
parameters are constant between these two grid points. For catchments with one or no data grid
point, Wouner and Hourer Were determined through power law relationships with drainage area, A4

[km?]. These relationships are defined as follows:

Houtrer = 0.265 - AG274 (A5)
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Woutier = 0.468 - A?il656 (A6)

For example, Wouse: and Houer for a hypothetical 1000-km? catchment would be 1.8m and 43.5m,
respectively. Note that, as most U.S. basins are sufficiently well monitored, these equations are

only applied to a limited number of small and poorly equipped catchments.

A minimum river width, W, [m], was used at headwater grid points, defined as follows

Winin = max(90 - L1585,0.01) (A7)

where L, stands for the model spatial resolution in degrees.

The final product of Step 2, is a 3-arcsec spatial resolution river geometry map for the whole U.S.
Step 3: River geometry upscaling

3-arcsec maps were upscaled to 0.02° using the Flexible Location of Waterways (FLOW) method
(Yamazaki et al., 2009). Figures Alc and Ald show upscaled H, and W, over the domain. River
channel roughness coefficients vary as a function of H,, (for example, values are ~0.03 and ~0.04
over the Mississippi and Atchafalaya Rivers, respectively; roughness increases to 0.08-0.1 over
small and shallow tributaries). Figure Ale shows a map of river channel roughness coefficients
over the domain. Floodplain roughness is spatially distributed as a function of vegetation types
derived from a static map(Masson et al., 2003), where high values correspond to dense vegetated
areas and low values to sparser vegetated regions. See Getirana et al.(Getirana et al., 2012b) for

more details on the generation of the floodplain roughness map.
A2. Representation of flood control structures

Old River Control structures

The Old River Control structures (ORCS) consist of several large engineering structures, located
120km upstream of Baton Rouge, that began operation in 1962. ORCS capacity is a 19,820m%/s
and was conceived to distribute flow between the Mississippi and Atchafalaya Rivers, as well as
to prevent the Atchafalaya River from capturing the flow of the Mississippi River(USACE, 2021).
The water diversion rule at ORCS was empirically determined combining monthly streamflow
simulations upstream of the structure, at the Mississippi and Atchafalaya Rivers, and observations
downstream the structure, at the Atchafalaya River. A simulation of the naturalized system (i.e.,

no human impact) using the observation based upstream boundary conditions, as described above,
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was first performed to determine the naturalized river flow conditions downstream of ORCS. The
diverted water was then determined by the difference between observed and simulated streamflow
right downstream of the structures. A relationship between the diverted water at ORCS, Qorcs
[m?/s] and Mississippi River flow right upstream of the structures, Qmi [m?/s], can be empirically

determined through a linear regression, as shown in Figure A2:

Qores = 0.241Qm1 (A8)

Morganza Floodway

The Morganza Floodway (MF) is intended to divert excess floodwater from the Mississippi River
into the Atchafalaya River basin. Located 80km upstream of Baton Rouge, its construction was
completed in 1954, with a 16,990m?*/s maximum capacity. Since its construction, it has been
operated only twice, in 1973 and 2011. Daily water diversion at MF is available for the 2011 flood
event(USACE, 2021). During the 45-day operation, one can notice a clear break in the relationship
between Mississippi River flow at MF and the diverted water flow to the Atchafalaya River basin,
as shown in left plot of Figure A3. That break occurs when the Mississippi River flow reaches
32,000m?/s, allowing us to empirically define two water management rules using polynomial

regressions (i.e., y = ax? + bx + ¢):
if Quz < 32,000; Qg = —6.417 - 1077 Q& + 0.044 Qy, — 552 (A9)
if Quz =32,000;Q4r = 11.949- 1076 QZ, — 0.658 Q,, + 9305 (A10)

Where Qm2 and Qar stand for the Mississippi River flow at MF and the diverted flow to the
Atchafalaya River basin, respectively. The MF operation is triggered when Qwm2 reaches

42,475m3/s and is interrupted when it drops to 18,500m?/s.
Bonnet Carre Spillway

The Bonnet Carre Spillway (BCS) was built in 1931 to divert a portion of the Mississippi River's
flood flows to Lake Pontchartrain. It is located 53km upstream of New Orleans and its full capacity
is 7080m?/s. Daily water diversion at BCS is made available for five flood events that occurred
during the 2016-2020 period (USACE, 2021). The BCS operation largely varies from an event to
another, as a function of the flood magnitude and how bays are managed during the flood. Here,
the events that occurred in Jan 2016, Mar 2018 and Feb 2019 were used in polynomial regressions

combining Mississippi River water flow at BCS with diverted water to Lake Pontchartrain (see
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Figure A4, plot on the left). Regressions can be further refined by isolating days with ascending
and descending flow to represent hysteresis, as shown in middle and right plots of Figure A4.
Ascending flows are defined here as values higher than the previous record, and descending flows

as values lower than the previous record. As a result, the following operation rule has been defined

for BCS:
if Qus = QMgt_l; Qpc = 13.21- 10_5(2,.2,,3 — 8.427 Qu3 + 134,569 (A11)
if Qus < QM3t_1; Qgc =—2.1- 10_5(‘2,%,,3 + 2.084 Q3 — 43,526 (A12)

Where Qwms and Qgc, both in m3/s, stand for the Mississippi River flow at BCS and the water
diverted to Lake Pontchartrain, respectively. #-1 defines the previous time step. The BCS operation

is triggered when Qw3 reaches 35,400m?/s and is interrupted when Qwms drops to 26,500m?/s.
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meteorological data set is distributed by the Goddard Earth Sciences (GES) Data and Information
Services Center (DISC;
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made available through the USGS Water Data for the Nation portal

(https://nwis.waterdata.usgs.gov/nwis). GRACE data is available on

https://doi.org/10.15781/cgq9-nh24. Inland radar altimetry data is made available through the

Global Water Monitor portal (https:/blueice.gsfc.nasa.gov/gwm/river/Index) and ocean radar

altimetry is derived from the Copernicus Marine Service (https://doi.org/10.48670/moi-00148 and

https://doi.org/10.48670/moi-00149). Delta-X coastal land gain/loss data is available under request

by contacting M. Simard.
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Figure and table legends

Table 1. Factors considered in each of the four proposed “what-if” scenarios.

Figure 1. Southern Louisiana: (a) monthly inflow at the Old River Control Structure (ORCS); (b)
annual sea level at the delta; (c) terrestrial water storage (TWS) anomaly within the box defined
on the large map over 2002-2020; and (d) coastal land gain and loss over 1988-2018. Circles in
(a) indicate periods when inflow is above the 95" percentile or below the 5" percentile during
1993-2020. A positive trend is observed in the annual sea level over the same period in (b), with
an increased slope since 2002. Similar trends are observed in TWS since 2002 in (c¢) and coastal

land loss since 1988 in (d).

Figure 2. Daily streamflow and water level evaluation: (a) the Kling-Gupta efficiency coefficient;

(b) normalized root mean square error; (c) amplitude ratio; and (d) correlation.

Figure 3. Changes in median (a) flooded area and (b) surface water elevation from 1993-97 to
2016-20 combining all climate and human factors considered in this study (i.e., climate-induced
hydrological change, sea level rise and water management). Time series of annual (c) flooded area

and (d) surface water storage are also shown.

Figure 4. Changes in flooded areas due to climate-induced hydrological changes (CHC; top row),
sea level rise (SLR; middle row), and water management (bottom row) over southern Louisiana.
On the left, changes in median flooding; On the right, changes in annual flooding events. Numbers

on maps correspond to the net change, and areas with increasing (M) and decreasing ) flooding.

Figure 5. Flood risk over southern Louisiana as a function of return period (median and annual

events) due to sea level rise (SLR), climate-induced hydrological change (CHC), water
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management and all factors combined (all factors). Risk is quantified by changes in flooded (a)

cropland and (b) population over southern Louisiana.

Figure Al. Generation of ground-based river geometry maps: (a) USGS river geometry
measurement network; (b) zoom over the study domain; and upscaled (c) river height; (d) river

width; and (e) river roughness.

Figure A2. Operation of the Old River Control Structures (ORCS) and its numerical
approximation. A linear regression between monthly Mississippi River streamflow upstream of
ORCS and the water diverted to the Atchafalaya River was defined and used in the modeling

system.

Figure A3. Operation of the Morganza Floodway and its numerical approximation. Polynomial
regressions used in the modeling system were defined for observed flows below (plot in the

middle) and above (plot on the right) 32,000m?/s.

Figure A4. Operation of the Bonnet Carre Spillway and its numerical approximation. Polynomial
regressions used in the modeling system were defined for ascending (plot in the middle) and

descending (plot on the right) observed flows.
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Tables and Figures
Table 1
Scenario Hydrology Sea level Water
management
S1 Yes Constant (0.26cm) No
S2 Yes Climatology of lower | No
monthly terciles
S3 Yes Weekly No
S4 Yes Weekly Yes

24




636

637

Figure 1

25

o —
1993 1996 1999 2002 2005 2008 2011 2014 2017 2020

(b) Annual sea level [m]

03

reng (2002-2020’ =S5.1mm/yr

0.2 T T T T
1993 1996 1999 2002 2005 2008 2011 2014 2017 2020

(c) Terrestrial water storage anomaly [.mm]
¥

‘/\ S A \V.r.}i.,.,‘f'\:...'ll.;i.'_.‘ ......

Trend = 15mm/yr

58,38

2002 2005 2008 2011 2014 2017 2020

(d) Coastal land dynamics [kn7]
——Land gain

P st

1988 1993 1998 2003 2008 2013 2018



638

639

Figure 2
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