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ABSTRACT

Coastal zones are hotspots of global environmental cbanyerldwide, coastal
environments face multiple, interactive stressanssed by bothaturaland anthropogenic
impacts orclimatic, oceanographic, ecologicahdsociceconomigroaesses such as sea
level rise, storm surges, hurricandand subsidence, ammbpulation growthThe coastal
U.S.is highly vulnerable tanany of these climate and humiwluced stressors. Over the
past three decades, sea levels have risen by about 0OdngtheU.S. coasts, with an
additional projected increase of 0.2 to 0.3 m by 2050, and up to 2.0 m by the end of the
century. The rise in sea levels will cause tides and storm surges to reach further inland,
significantly altering flood regimes in coastéies. By 2050, potentially damaging coastal
flooding is expected to occur ten times as oftempared to a baseline for the start of the
215 century Moreover, these changes along th8.coaslinesvary regionallyand locally

due toeither positive b negativechanges in land elevation over time (i.e., vertical land
motion (VLM)). Lowering of land elevatiofi.e., land subsidencexacerbates sea level

rise and the risk ofnundation along coastal zones, presenting significant security
challenges to @astal ecosystems, infrastructure, and populations. These dynamic and
interacting stressors necessitate continuous monitoring to inform effective mitigation and
adaptation strategies. Earth observatitata allows for accurate, highsolution, and
continous measurements of changing coastliDespite the increasing availability of
Earth observation dataurrent methods for monitoringLM along coastlines lack the
necessary spatial resolution and continuous coverage to accurately assess foédiced
elevation changesin this dissertation,| introduce a framework tgointly invert
interferometric synthetic aperture radar (INSAR) and global navigation satellite systems
(GNSS) data to providsemicontinuous measuremef®0 m spatial resolutiorgf VLM

for the contiguousU.S. coasts from 2007 2020. Combining tle VLM dataset with
projectedsea level riseising different scenarip$ estimateflood hazardsexposurdor 32

major U.S. coastal cities by 205Q demonstrating that current measuremeatsl
frameworksunderestimate flood vulnerability in several cities by not accounting for local
and regional higitesolution VLM data. Next, | evaluate the possible drivers of land
subsidence, exploring the relationship between spatporal dynamic VLM and
grourdwater withdrawal from aquifers in maj&f.S. cities. Additionally, | assess the
hazards and risks of land subsidence to infrastructure and wetlandsUargpasts.
Finally, | extend this analysis beyond t&5.coastline, investigating how land sulende

is linked to the incessant occurrence of building collapskeadns A f r i nost Gopulous
coastal city.
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GENERAL AUDIENCE ABSTRACT

Coastal areaworldwide are undesignificant stress from both natural and humasde
changes, including rising sea levels, flooding, storms, hurricanes, land sinking, and
population growth. Th&J).S. coasts ee particularly affected by these issues. Sea levels
have risen significantly over the past few years, with further increases expectedearthe
future. As sea levels rise, tides and storm patterns will changesby altering théood
frequency and ngnitude incoastal cities. Land sinking exacerbates the impact desea

rise and flooding, affecting people, buildings, and the natural environmeodstal cities
These factors change over time, so tmesstbe constantly monitored to develop effee
strategies for adaptation and mitigatibtere | used satellitdased tools to monitor land
changes over time, identifying areas where the land is sinking. | combined this information
of where land is sinkingiith sealevel rise data to estimate theeas that will be vulnerable

to flooding by 2050 in 32J.S. coastal cities, including Boston (MA), New York (NY),
Virginia Beach (VA), Charleston (SC), Miami (FL), New Orleans (LA), Galveston (TX),
and San Diego (CA). | also examined the causes of lamdngi, particularly how
groundwater extraction can lead to lamuksg and the risks this poses to buildings and
the natural environment along theS. coasts. This research highlights the impact of
climate change and human activities onth8. coasts ad the importance of continuous
monitoring to enhance coastal resilience against current and future challenges.
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Key Terms, Abbreviations, and Definitions

Coastal Zones:Low-lying land areas at the stand interface with elevations less than 10
meters hove sea level.

Megacities: High density uban areas with populations exceeding 10 million residents

Global Mean Sea Level (GMSL):The average height of the ocean's surface, measured
across the globe, and an important indicator of global climate chafigeniced by factors
like icee-mass loss and thermal expansion of ocean water.

Relative Sea Level (RSL)The change inocal meansea level relative to the land at a
specific location, influenced by both global sea level rise and vertical land motion (VLM).

Vertical Land Motion (VLM): The upvard or dowrwar d mov e ment of
surface, driven by both natural and human processes.

Land Subsidence:The gradual sinking of the larsdirface. Note that land subsidence can
also be sudden, as in the case of athgaake activity, however, here we reference just
the gradual sinking. Denoted with negative valuoethis dissertation

Uplift : The graduatising of the landsurface. It is motion in the opposite direction of land
subsidence. Denoted with positive v@dlheren this dissertation.

Flooding: While flooding may refer to an overflow of water onto normally dry land. The
definition used in this dissertation is adapted from Flick et al. (2012) to refer to water
elevations above mean lower low water (MLLW)cluding periodic tidal flooding
between MLLW and mean high water (MHW), and episodic flooding above MHW.

Inundation: This is differentiated from flooding following Flick et al. (2012) to the
permanent submergence of the land under water.

High Tide Flooding: This is the overflow of wateonto typically dry coastal land and
occurs during high tides.

Storm Surges:Thisis the abnormal rise in seawater level during a stven, which is
measured as the height of the water above the normal tide

Tide Gauges:Instruments that measure sea level at specific locations along théseeast
Figure 1.5)

Glacial Isostatic Adjustment (GIA): The ongoing,slow, vertical movement of tHand

in response to the melting of ice shedtkhough the ice from the last ice a@€16,000

years ago) melted long ago, the land once under and around the ice is still rising and falling
in response to its ieage burden.

Global Navigation Satellite Systems (GNSSEatellite constellation that offers global or
regional positioning, navaion, and timing service®ften used to measupzecise3D

Xii
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position (latitude, longitude, and altitude) by triangulating signals from multiple satellites
(see Figure 1.5)

Interferometric Synthetic Aperture Radar (INSAR): A remote sensing technique that
measures land deformation using active microwave radar signals emitted by synthetic
aperture radar (SAR) satellitegésFigure 1.p

Sentinell: A constellation of radar imaging satellites operated by the European Space
Agency (ESA) as part of the Coperus Program.

Advanced Land Observing Satellite(ALOS): A Japanesdarth observation satellite
operated by the Japan Aerospace Exploration Agency (JAXA).

Line-of-Sight (LOS): The direction from a satellite to a point on faath's surface, used
in INSAR tomeasure changes in the distance between the satellite and the ground.

Hazard: A process, phenomenon or human activity that may cause loss of life, injury or
other health impacts, property damage, social and economic disruption or environmental
degradatior{e.g.,landsubsidencesea level rise, flooding)

Exposure: Thepresencef people, infrastructure, housing, production capacities and
other tangible human assets in hazamhe areas

Vulnerability: The conditions determined by physical, social, ecdnorand
environmental factors or processes which incre#ise susceptibility of an individual, a
community, assets or systems to the impacts of hazards

Risk: The potential loss of life, injury, or destroyed or damaged assets which could occur
to a system,society or a community in a specific period of time, determined
probabilistically as a function of hazard, exposure, vulnerability and capéciften
considers both the likelihood of an event occurring and the consequences of that event.

Hazard, Expsure, Vulnerability, and RisHefinitionsare based on the United Nations
Office for Disaster Risk Reduction (UNDRIfinitions fttps://www.urspider.org/risks
anddisasters/disasterisk-managemeit
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Chapter 1
Introduction : Contemporary and Emerging Hazards on theU.S.Coasts
1.1 Background & Motivation

Coastal zonesire essential social, economic, environmental, and ecological systems
defined as lowying land areas at the séand interface with elevations less than 10 m above sea
level. Worldwide, most coastal areas are densely populated urban agitkensostinhabitants
concentrated in megacities located on river déhseskenset al, 2016).Currently,about D% of
the worl ddéds population resides in coastal ar e:
land area (Neumaret al, 2015 Mehvaret al, 2018 and 15out of 23)megacitieg> 10 million
residentsworldwide arecoastalcities (Blackburnet al, 2019. Projected population growth and
ongoing coastal migratiotrends suggeghat by 2050,~1 billion peoplecould live in coastal
regionsdriven bythe appeal of economic opportunities aodialconditions MicGranaharet al,

2007; Neumann et al, 2015). Economically, coastal zones are vital industries for ports and
maritime transport, fishing, trade, and tourism; generating more than 12% of the global gross
domestic products (GDPMagnanet al, 2022).In some countries, the GDP pepita in coastal
regions is higher than that of the combined national economiesddalg 2019).Port cities and
maritime transport form a vital component of the global and national economieth&vigiobal

ocean economincreasing in value byS$ 1.5trillion in 2010(Hansoret al, 2011; Meleet al,
2020).By 2030, this value is projected to exceedp3Srillion, primarily from oil and gas mining,
coastal tourism, ports, and fisher{@ECD, 2016 Meletet al, 2020.

Beyond these socieconomidunctions and services, coastal zones also provide numerous
critical environmental and ecological functions. For example, coastal areas host a diverse
ecosystem, including mangroves, coral reefs, and wetlands, which play crucial roles in biodiversity
consevation andmaintainingecological balance (Befwet al, 2020). These areas act as natural
buffers against storm surges and coastal erppiatecing the shorelinedrom extreme weather
events. Wetlands and coastal forests also contribute to carbassatjan, nutrient cycling, and
sediment retentignhelping to mitigate the impacts of climate change and supporting overall
environmental healttBlankespooet al, 2014; Mcleockt al, 2011; Schuercét al, 2018; Hardy
& Wu, 2020.

Despite thee recgnizedimmense functions anglues coastal zones are facing increased
vulnerability to various hazards due to global climate change. The current raesefel rise
(SLR), high tide flooding, storm surges, erosion, saltwater intrusion, Hrel potenal for
accelerating sea levels and increased frequency and intensity of extreme events threatens coastal
environmental securitfNeumannet al, 2015;Allison et al, 2016;Haueret al, 2020; Befust
al., 2020; Nichollset al, 2021 Shirzaeiet al,, 2@R1).



Globally, mean sea levels have increased over the past cemtamyly attributed to
accelerated icenass loss of glaciers and ice shemtd thethermal expansion of ocean water
(Koppet al, 2015 Sweetet al, 2017). Since 1901, global mean se@le (GMSL) have risen by
about 22 cm, at a rate of 0.2 cm per year throughout the@@ury (1901 to 2000) (Figure 1.1).
This rate has not been constant over the past few debatleasincreasedBetween 1901 and
1971, the average rate of GMSL risasvl.3 mm per year, which increased to 1.9 mm per year
between 1971 and 2006, and furthmreasedo 3.7 mm per year from 2006 to 2Q0Mgith the
current rate at 4.0 mm per year measured between 2010 té 20@% than twice the lontgrm
rate(Figure 11; IPCC, 2021 Sherpeet al, 2023. During thiscentury, it is expected th&MSL
will continue to riseowing to the past warming of the oceans, current emissions, and the uncertain
response of glaciers and ice sheetdutare emissiongSweetet al, 20L7). The most recent
assessment of projected sea level change by the Intergovernmental Panel on Climate Change
(IPCC) based on shared socioeconomic pathways (SSPs) subge&sISL could increase by
approximately 0.3 to 6.m by 2050, contingent upon ession scenariofFox-Kemperet al.,

2021) In the bestase scenario (SSHA19), where emissions are substantially reduced, GMSL is
expected to increase by approximate$bsdo 0.75m by the end of the centurgndin the event

of a worstcase scenario §°58.5), in which emissions persist at a high level, the GMSL could
increase by up t6.8to 1.2m (Figure 1.1;Fox-Kemperet al, 2021)

However, at regional and local scales, relative sea level (Rigfiped aghe change in
sea level relative to theolid Earthat a specific locatigris mostrelevan to both shortterm and
long-term impacts of sea levels on coastal zones. In many regions,sesrgvelareexpected
to double the frequency dbbding and extreme weather evefdés)., storm surgemnd high tides)
along the coast¥/itouseket al, 2017). As sea levetse high tide lines migrate inland, increasing
the frequency, intensity, and impacts of coastal flooding during storms and highvitdes€ket
al., 2017;Almar et al, 2021).
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Figure 1.1.Historical and Projected Global SealL evelChange.Plot ofaverageglobalsea level
change since 1880 2023 based on longerm tide gauge and satelligdtimetry measurements
(CSIRQ 2017) and pojectedsea levelchange based on sharsacioeconomic pathways; SSPs
(Fox-Kemperet al, 2021). The future projectiorshowthe low (SSP11.9) andhigh (SSP58.5)
emission scenariognd of century (2100) projections f86P11.9, SSP2.5 (current emissions
trajectory), and SSP8.5. The solidine represents the B(ercentile, while the shaded region
represents the ¥7and 83 percentile, respectively.

Across the coast of the Unit&lates mainland, increases in RSL over the past several
decades have led to an increase in the frequendyoafifig (Taherkhanket al., 2020; Sweett al,
2022;Dangendorkt al, 2023). Figure 1.2 shows the regional rates of sea level rise at tide gauges
along U.S. coastlines before the start of tht @&intury (a, <2000) and during the’2éentury ¢,

2001 present). A comparison of the rates reveals significant differences imetidsand an
acceleration in RSL between the two periods. Higher RSL rafa®if» per year) are observed in
55% of the tide gauges during the®2Eentury, in contrast th3% obseved pre21% century. These
shifts in the local sea levels correlate with an increase inrtheaha occurrences dfigh tide
flooding across thdJ.S. coastline (Figure 1.3). Nearly all the tide gau@& out of 78) have
experienced temporal changes inthiigle flooding since 2000, with th&gestincrease occurring
where the local RSL is highest (Figure 1.3). Additionalg Highestoccurrence of annual flood
days during the past decade (since 2010) has ocathiedtly along the midAtlantic and the @lIf
coasts of thé).S.whererelative sea levels driven lopastal land subsidence is great8sillenger
et al, 2012;Eggleston& Pope, 2013Sweetet al, 2017; Sherpat al, 2023).
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Vertical land motion (M) (i.e., subsidenceor uplift) is a major factor influencing
changes irRSL along the coast of thé.S. (Eggleston& Pope, 2013Kopp et al, 2015 Shirzaei
et al, 2021). In most cadal regions, VLMis driven by both natural (e.g., land water storage,
glacial isostatic adjustment (GIA), tectonics, and sediment compaction) and anthropogenic (e.g.,
groundwatewithdrawal oil and gagxtraction, andirainage of organic so)lprocessethatmay
exacerbate (or alleviate) RSL and its effeslisng the coasby lowering (or raising) the land
elevation relative to the sea (Koppal, 2015; Nichollset al, 2021; Shirzaeget al, 2021).For
example VLM trends along théJ.S. coasts, as meared by global navigation satellite systems
(GNSS), indicate subsidence with rates exceeding 2 mm per year in regions where both natural
and anthropogenic processes are contributing to land sinking, such as the Gulf Coast and parts of
the East Coast (Fige 1.4). In turn, this subsidence contributes to higher RSL trends, imgreas
the frequency and severity of flooding (Figures 1.2 and 1.3). Converséliaska and certain
regions of the northern Pacific the land is rising at rates excegdimyg per yar due totectonic
activity and GIA (Figure 1.4). This uplift reduces the effects of global sea level rise, resulting in a
relative decrease in sea level and reduced flooding risks (Figures 1.2 and 1.3).
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Beyond these compounding effects VLM on sea levelsthe sinking of the land (so
called, land subsidence) is a major environmental hazard to coastal areas wolliyadeten
& Galloway, 2014; Shirzaei & Burgmann2018; Nichollset al, 2021; Shirzaeet al, 2021).
Globally, land subsidence has been documentetre than 150 regionwith varying underlying
processes, extent, and rates ranging from less than a few nygepéo more than 30 cm per year
(Erkenset al, 2021;BagheriGavkoshet al, 2021). In many coastal cities around the world,
contemporary rates of land subsidence eclipse current global sea levels trends, and in spme cities
the greatest risk of inundat at the end of the century is dudhesinking of the landErkenset
al., 2015 Zhouet al, 202Q Wu et al, 2023. In addition, landsubsidence poses independent
hazards to coastal regions worldwidérKens et al, 2015. Direct and indirect impactef
cumulative land subsidence include damage to infrastructure, such as buildings, roads,
underground pipelines, and utilitieGgmbolatiet al, 2006;Zimmerman& Faris 2010;Cigna &
Tapete, 2021a&ernandezl orreset al, 2020, loss of coastal wetlasdand ecosystems (Kirwan
et al, 2013;Hortonet al, 2018; Saintilaret al, 2020), and water quality impairmefms{amiet
al., 2021;Nicholls & Cazenave2010, with widespread consequences for coastal zones. Some of
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these impactgan create feedback ¢ps that further exacerbate subsidence and its associated
hazards. For instance, overland flooding and saltwater intrusion resulting from subsidence can
degrade shallow freshwater resources, which may lead to prospecting for groundwater in deeper
aquifers,potentialy accelerahg the subsidenceate (Chaussaret al, 2013. Similarly, the loss

of forested coastal areas and the degradation of wetlands due to subsidence can eliminate vital
carbon sinks and remove root structures that stabilize the saitjirgsn further subsidence and
long-term increases in sea levéBcheperet al, 2017 Kirwan & Gedan 2019.

While land subsidence (or VLM) emerges as a critical concern in understathéing
vulnerability of coastal regions, its contribution as a s still largely disregarded in most
studies For instance, much attention has been given to the global effects of sea level rise and the
need forconcertedglobal efforts to keep emissions low with little consideration for land
subsidence impacBéck & Mahony, 2017) . I n fact, the terms AfAv
Asubsi denc ddtimesm the2021 @A rgport on sea level chandg®x-Kemperet
al., 2021).Moreover, even in studies incorporating larsdibsidence irRSL assessments, its
dynamic and spatially variable nature is not adequately capi{8bnlzaei &Burgmann 2018
Nichollset al, 2021;Fox-Kemperet al, 2021) and the independent nature of subsidence hazards,
as discussed above, are often overlookaxygaet al, 2021).This underemphasis of subsidence
hazardis notably due to the lack of accurate, higlolution, andglobal standarden land
subsidencewhich is required to effectively assess amtlerstandts localized and regional
impactsand exacerbating effects scals relevant to coastal zone management.

1.2 Earth Observing Satellite System for Tracking Land Subsidence

High-resolution and accurate measurements of spaiporal variation in elevaticerea
crucial first stegor understanding and mitigating the iegts of land subsidence on coastal regions
(Allison et al, 2016; Shirzaeet al, 2021).Typically, local or regional changes in elevation
observed in coastal areas result from multiple intersecting proc&sestimes measurement
techniques may be setige to one or more components but not capture the total signature
associated with elevation changes. Additionally tieasuredand use can significantly influence
the effectiveness and accuracy of these technifpgs wetlands versus urban aredsus, the
selected monitoringechniquemust be tailored for individual settingad when necessanytilize
multiple techniques.

In this section, briefly summarizesome of the most commonly applied techniques for
monitoringsurface elevation changasdtheir challenges, and discuss the advantages of utilizing
space geodesybservationisthe technique of focus of this dissertatitmtrack land subsidence.
Some of the methods used to measure elevation changes incaldeerwironmental and
stratigraphic records extensometersleveling rod surfaceelevation table (RSET)marker
horizons (MH), tide gauge stations, lightetection andranging (LDAR), global navigation
satellite systems (GNSS), and interferometric synthetic aperture radar (In8A&9tailed
discussionon measuring land subsidengsing these techniques discussedy Shirzaeiet al
(2021).



Stratigraphic and paleoenvironmental records serve as usefldvetagroxies, whth
describe any physical (e.g., marine terraces and coastal sedbo@s), biological (e.g.,
microfossils), or chemical (e.g., staldarbonisotope) feature that maintains a systematic and
measurable relationship to sea level during its formation (Batal, 2013; Hortoret al, 2018).

The relationship between thegsmxies and contemporary tide levels can provide information on
long-term RSL change (including VLM), reconstruct past elevations, identify the drivers of land
subsidence, the magnitude and rate of land subsidence, and its relative contribution to RSL
(Torngvistet al, 2008; Engelharet al, 2009; Karegaet al, 2016; Brain, 2016; Hortoat al,

2018; Shirzaeet al, 2021).These records provide one of the few methods available to provide
long-term data on sea level trends and subsidence, extendingiesho millennia.

Borehole &tensometers are highly precise (several tens of microns) and accurate
instruments for measuring aquifer compaction. Extensometers have been used to measure land
subsidence since the 1960s (Burbey, 2020). Toeeprd continuais changes in the distance
between thdéand surface and the bottom depth of the extensometer pipe or the aquifer, usually
down to the bedrockHgure 1.5;Burbey, 2020). The high level of detail (hourly or dudurly
temporal resolution) provided by extenseters allows for deconvolving the various subsidence
causing factors acting at different depth intervals within the aquifer and offers insights into the
compaction dynamics of specific geological layers (Burbey, 2020; Shatzaki2021). However,
extensometers are often limited in their ability to measure total land deformation assaiated
aquifer compactionExtensometers are often connected to surface movement observations for
enhanced accuracthereby correlating subsurface data with surfasferthation measurements
(Erkenset al, 2015).

Leveling is a traditional surveying technique for measuring elevation changes within
spatially limited areas or along linear features such as roads, railways, and canals. The use of
leveling for tracking chargs in elevation dates to the earliest forms of geodetic surveying
(Van2] ek & Krakiwsky, 1982) . Measuring subsi
determining elevation differences between points on the ground from a stable andvienivah
reference poinor datumusing optical or digital levels (Shirzaei al, 2021). Leveling provides
high accuracy, often to the millimeter level, using either differential or trigonometric leveling
techniques. In differential leveling, a precisely leveled telps measures the incremental vertical
displacements of a graduated rod, while trigopnometric leveling involves measuring vertical angles
(Shirzaeiet al, 2021). Although its highly precise direct measurements of ground elevation
changes make it superion bther insitu measurements, its limited spatial coverage, discrete
snapshots, and laboand timeintensive monitoring make it unsuitable for continuous and
regionatscale monitoring.
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measures spatial land subsidence informatiith a temporal resolution 6f12 days

The RSET is a loveost instrument pioneered by Cahaaral (2002) for measuring the
variability in wetland surface elevatiolhe RSET instrument consists of a series of pins (usually
nine) mounted on a horizontal armhich is attached to a benchmark rod driven through the soll
to a depth extending 1 to 25 m (Figure 1.5; Cahetcal, 2002; Webket al, 2013). To determine
the rate of surface elevation change, the height above the reference arm is measured at regular
intervals as the pins slide downward due to subsidence (Cahab2002). When complemented
with MH, which measurevertical accretion, the RSENH provides @tails on the contributions
of both shallow subsidence and surface processes to elevation change €W\ahh2013;
Jankowskiet al, 2017). Some challenges to the RSET and MH method include 1) the significant
lag time between deployment and data cokextR) the labeintensive and logistical challenges
required for setup, maintenance, and accurate measurements, and 3) the discrete nature of the data
points, which is significantly limiting spatially. Despite these limitations, the REBETmethod
remainsa valuable tool and has seen applications in estimating subsidence rates in the Mississippi
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Delta (Jankowsket al, 2017) and longerm monitoring of the relationship between increases in
subsidence and accretion on a global scale (Saimtilah2022)

Tide-gauge measurements of RSL dattheearly 18" century (Hortoret al., 2018). Tide
gauges provide continuous measurements of RSL along the coast by recording sea levels at
specific locations, known as tidguge stations (Figure 1.5). Tide gauges highly sensitive to
fluctuations in sea levels, and can be usefulletecing local, regional, and global processes
affecting sedevels over timescales ranging from minutes to centuries (Douglas, 2001). The
permanent service for mean sea level (PSMSLc o mp i | e s tgéuge regwds,lwdthd st i ¢
some stations having more than 100 years of RSL data. These records have been useful for
projecting sea level trends and VLM along the world's coast to the end ofStlee@ry and
beyond (FoxKemperet al, 2021). However, tide gauges do not inherently differentiate between
land subsidence rates and letegm sea level trends (Douglas, 2001; Hamlingtbal., 2022). To
measure land subsidence using tide gauge data, the effect of sea level rise musived, rem
typically achieved by comparing tide gauge records with satellite altimetry data, which can be
quite challenging (Hamlingtoset al, 2022). Nevertheless, since VLM from tide gauges do not
account for subsidence in shallow strata, these measurenmelikely to represent only minimum
valuesor underestimate VLMFox-Kemper,et al., 202).

LIDAR is a spatial mapping technique that integrates laser technology and an aerial
platform (e.g., a drone, plane, or helicopter) to collect point cloud measuseofaheEarth's
surface in three dimensions (3D) to generate a $pgltiatresolution (<1 m) digital terrain model
(DTM) or digital elevation model (DEM) (Zhongt al., 2022). Obtaining subsidence information
from DEMs involves using dynamic DEMs oveffdrent time periods rather than static, dimee
measurements (Erkerd al, 2015). Differencing these DEMs provides information about the
change in elevation between the two periods. Due tongasuremendghigh cost and periodic
nature, this methodfien captures cumulative subsidence (or uplift) but may miss more dynamic
changes (Froese & Mei, 2008; Khanhal, 2014; Zhonget al, 2022). LIDAR is one of the few
methods available for measuring spatially variable land motion alongside INSAR. Hoiusver,
vertical accuracy is lower (1@5 cm) than that of INSAR (mm range) (Zhaiaal, 2022).

Space geodesysing GNSS and InSAK the most effective method for observiogal
andregional variations in land elevation at an unprecedented level of d&#lS uses signals
from a network of satellites (a minimum of four), which orbit Bagth, to determine the precise
position of stationsonthear t hés surface (Figure 1.5). Each
3D position (latitude, longitude, andialde) by triangulating signals from multiple satellites. By
continuously monitoring changes in these positions over time, GNSS can accurately detect
millimeter-level ground motion in both horizontal and vertical directiofisis precision and
accuracy haw made GNSS desirable for subsidence monitoring in both coastal andasial
areas Karegaret al, 2016;Argyrakiset al, 2020;Shirzaeiet al, 2021; Wangpt al, 2021;Susilo
et al, 2023). However, since the GNSS antentite component thateceivesthe signals
transmitted by the satellittis mounted on a monument that is typically anchorethécstable
ground atadepth(17 15 m) the GNSS measurements of vertical land motion may not capture
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subsidencehat occus above the anchoring dep{Keogh & Térngvist, 2019; Shirzaeet al,

2021) Effective regionaiscale subsidence monitoriafsorequires deploying a dense network of
GNSS stations across the study area. Currently, there are mogd@oontinuously operating
GNSS stations in the.S. (global positioning systems), with ~1,000 along the coasts (Figdire 1.
contributing to various research and practical applications, including groundwater monitoring,
tracking land deformation, and seismology.

INSAR overcomeghe majority of the challengs associated witm-situ point-based
measurements and can provide spatial maps of land deformationlat/girmccuracy and a spatial
resolution of up to ~13 m. InSAR is a remote sensing technique that measures land deformation
using active microwave rad signals emitted by synthetic aperture radar (SAR) satellites (Figure
1.5). The SAR satellites scan tlartHs surface, recording the amplitude and phase of the
backscattered signals at regular intervals as they orbiE#mth either from southto north
(ascending orbit) or nortto south (descending orbit). The amplitude of the signal provides
information on the strength of the backscattered signal, while the ghasfelie signal is related
to the distance between the satellite andBhgld s aseuBy €omparing o r intefiferingo the
pixel-by-pixel phase changesbetween two SARiImages acquired at different timgsan
interferogram is producedvhich can reveal minute changes in tharthd slistancetowards or
away from the satellitbetween twomageacquisitions (Birgmanat al, 2000; Hanssen, 2001).

An interferogram is a pattern of fringes (Figure 1.6), where eacitdidr cycle(blueto-red)
represents a path length change of half the radar wavelenpgthin the lineof-sight (LOS) of

the satellite The relationship between tiphase change and the path length change is given by
equationl.l:

YY —Ye 11

Where,Y'Yis the change in the line of sight (LOS) distance between the saetiitthe ground
_ is the radar wavelength, ande is the measurednterferometric phase changeThe
interferometric phase chan@¥ ) contains the contributions due to lageformationimprecise
orbit data,topographyerror, atmospheric delay of thedar signal, andystem nois€Hanssen
2001; Shirzaei, 2013)

Yo Yo Ye Ye Ye Ye 1.2

Where Ye is the contributiorfrom thelandmotion (i.e., the contribution of interes¥e

is the errordue toimprecise satellite positigrye is residualtopography error caused by
differences between the true topography and DEdM, Ye is the error due to changing
atmospheric conditions between SAR images, ¥nd is the system noise fromixel
decorrelation(i.e., the loss of coherence between SAR images due to changes in surface
propertiey, background scattering, and thermal noi$e. accurately measure land motion,
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removng or minimizing the contrbutions of these other terrssessentialln subsequent chapters,

| detail the processing techniques used to mitigate these contributions during SAR image analysis
over a regionCombining multiple radar images and interferograzas g@eratetime seriesof

land motion and deformation rates for individual pixels.
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Figure 16. Interferogram Over Chesapeake BayArea on the U.S. East Coast.Processed
interferogram from Sentindl images acquirebdetweenApril 19, 2020andMay 13, 2020Each

full-color cyclefrom blueto-redr e pr esent s a path | ength change
in the lineof-sight (LOS) of the satellite.

Although InSAR has its challenges, such as loss of coherence in vegetated areas due to
dynamic surface changes and difficultiesesolving 3D land deformation signals (Shirzeteal,
2021), its ability to provide continuous, higlsolution, and accurate spatial data over large areas
makes it a valuable tool for tracking land subsidence. Combining multiple observations enhance
the accuracy and reliability of subsidence measurements. For example, INSAR and GNSS are
complementary and synergistic; INSAR provides extensive spatial coverage, while GNSS data
offers longterm stability, 3D vector displacements for deconvolving InS#FRormation, and
better temporal coverage (usually dailgnd GNSS observations can be used to determine
atmospheric corrections for INSAR deformation d&&er large scales, INSAR data can be
combined with GNSS observations to precisely estimate-wawglength deformation signals,
transform InSARinformationfrom a local to a global reference frame, dadcompaisonsto
identify and quantify localized shemavelength sources of deformation. this dissertation, |
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introducea framework folintegrating INSAR and GNSS dat@ create seamless spatial maps of
VLM for enhancd regionatscale subsidence monitoring

1.3 Organization of the Dissertation

In this dissertation, | present six chapters focusedasorgEarthobservation data to assess
regional enironmental security challenges along the coast olil& and a localized study on
Africa’s only coastal megacitizagos, Nigeria. In these chapters, | address several key questions
related to sea level rissdland subsidence: What is the regional ekt#riand subsidence along
the U.S. coast Chapters 2, 4, and)3 What factorgontribute to totabubsidence in coastal and
inland cities Chapter 3? What is the contribution of land subsidence to RShapter 3? What
are the risks to coastal populatsofhapters 2 and ¥ infrastructure Chapters 3, 4, and)pand
ecosystemsQhapter 9 associated with land subsiden@dthough mostof the study focuses on
coastal areas, i@hapter 2 | broadeedthe scope of the analysis to include other cities athaess
U.S.mainlandto provide a more comprehensive understanding of land subsiaiivess

This dissertation is organized as follow€hapter 1 (this chapter) discusses the
environmental challenges facing coastal zones, including climate chrahgeedglobal sea level
rise,flooding, and land subsidence. | emphasize the importance of monitoring land sub8idence
a missing puzzle piece in coastal environmental discussioamg highresolution observations
and models to accurately assess coastal vulnigyaln chapter 2 the extent of land subsidence
along thel.S.coasts and its impact on skeael rise projections is quantified. Future flooding and
inundationdue to the combined effect of land subsidesealevel rise projectionsand high tide
flooding are modeled foB2 majorU.S. coastal cities considering both undefended (without
consideration for structural protection) and defended (considering current structural defenses)
scenarios for the year 2050he potential consequencekthis shoriterm projectionunderscore
the compounding thregtosed by land subsidengea rapidly warming climate and accelerating
sea levels,emphasizing theneed to incorporaé spatially variable subsidencato coastal
management strategiethe causeand risksof land subsidence i28 most populated).S. cities
are examined ichapter 3 High-resolution maps of subsidence rates were produced for 28 cities
including 11 coastal citie® ripariancities;and 9 inlanctities usingadvancedSAR and GNSS
datasets Also, | employ the subsidence data $3ess the risk to buildings in the cities and discuss
the subsidencto-risk criterion in urban landscapes.dnapter 4 | evaluate land subsidence as an
independent hazard to the population, assets, and infrastrattngethel.S. EastCoast.Coastal
wetlandsare one of the most valuatldeosystems oBarth with a dollar valuation /S $10,000
per hectaréKirwan et al, 2016). However, 80,000 acres of wetlanas theU.S. East and Gulf
coastsare lost each year {&man & Dahl, 2008)amounting to a lost value &fS $800 million
annually. Chapter 5quantifies the vulnerability of wetlands along the east coast of the US,
addressing a longtanding question in the wetland community: does wetland type determine its
vulnerability to sea level rise? By analyzing VLM data and other environmental factors, this
chapter provides insights into the differential impacts on various wetland types (i-antbhigh
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elevation wetlands). Land subsidence is a global protilatis documented in most coastal areas
worldwide. In the ultimate chapter of this dissertationapter 6 | highlight the role of land
subsidence in triggering building collapses in Lagos, Nigeria. By analyzing radar satellite data and
calculating the structal damage from cumulative subsidence, this chapter links subsidence to
foundation damage and high building failure risl@finica's most populougoastal city.

The findings presented in these chapters have been published in various journals. Chapter
2 has been published iNature Chapter 4 ilPNAS NexusChapter 5 ilfNature Communications
and Chapter6ikart hés Future
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Chapter 2

Understanding the Relative Contributions of Vertical Land Motion to Sea Level Rise
around the Coast of theUnited States

A version of this work has been published as:

Ohenhen, L. O., Shirzaei, M., Ojha, C., Sherpa, S. F., & Nicholls, R. J. (2024). Disappearing
cities onU.S.coastsNature 627(8002), 10815 https://doi.org/10.1038/s4158324-070383.

2.1 Abstract

Sealevel along theJ.S. coastlines is projected to rise by 0.25 to 0.3 m by 2050, increasing the
probability of more destructive flooding and inundation in major cities. ,Hegecombine high
resolution vertical land motion (VLM) and elevation datasets with projections -déselarise to
guantify the potential inundated areas in thtstyp majorU.S. coastal cities. We find that even
when considering the current coastal defestructures, an additional land area between 1,006 to
1,389 knt is threatened by relative stvel rise by 2050, posing a threat to a population between
55,000 to 273,000 people and 31,000 to 171,000 propektadysis of the exposed area indicate
that even without further rise in sea levels, a maxinis%, 35% and 8%f land area from the
Atlantic, Gulf, and Pacific coasts will be below sea lelgl2050.Our resultsshow that not
accounting for spatially variable VLM within the cities may lead tacourate projections of
expected exposure. These potential consequences show the fsit@eadaptation challenge,
which is not appreciated in mdstS. coastal cities.

2.2 Introduction

The widespread consequences of global climate change stress humannities and
ecosystems worldwide. Climate change is already causing an increase in the frequency and
intensity of heat waves, hurricanes, and wildfires and severely impacting the world's freshwater
resources through séewvel rise (SLR), more frequentalrghts, and changes in precipitation and
evapotranspiration (Michenet al, 1997; Woodrufet al, 2013; Kossiret al, 2020; Chianget
al., 2021) and thesdfects will almost certainly grow into the future (IPCC, 2DZ2lobally, SLR
will pose a signitant socioeconomic challenge in the 21st century, primarily affecting human
populations, infrastructure, and ecosystems along major coastlines (McGratadlar2007;
Nicholls & Cazenave, 2010; Hansa@t,al, 2011; Aertset al, 2014; Neumanat al, 2015; Hauer
et al, 2020). Global mean sdavel has risen by about 0.17 m over the past 100 years, with global
rates of SLR accelerating from ~Invn per yeain the late 20th century to ~3mMm per yeain
the early 21st century in response to warmingperatures (Church & White, 2011; Sweet & Park,
2014; Sweeet al 2022; FoxKemperet al, 2021) and are currently 317m per yea(Fox-Kemper
et al, 2021). Even if climate change mitigation efforts succeed in stabilizing temperature in the
future decadeg sea levels will continue to rise due to the ocean's ongoing response to past warming
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(Sweetet al 2022; FoxKemperet al, 2021; Nichollset al, 2018). Additionally, coastal cities

often experience sinking land ¢salled land subsidence), whose compading effect contributes

to relative SLR, exacerbating coastal hazards and risks (Ingebritsen & Galloway, 2014; Shirzaei
& Burgmann, 2018; Nichollst al, 2021; Sherpat al, 2023). In this study, we refer to seael

rise that incorporates the effeafsVertical Land Motion (VLM) as 'relative SLR," whereas 'SLR’
refers to sedevel rise without VLM. As sedevel rises and land subsides, the hazards associated
with climate extremes (e.g., hurricanes and storm syrgfesjeline erosion and inundatioh@w-

lying coastal areas grow (Nicholls, 2010; Thatoétesil, 2013; Marsoolet al, 2019).

On the coasts of the conterminous US, climatkiced sea levels are rising faster than the
global average, with a rate of #8m per yeafrom 1920 to 202@Sweet et al 2022). Relative (or
local) sedevel measured by tide gauges acrosdti& reveals mean sdavel trends of 4.9nm
per yearor North Spit, CA (Pacific coast), 4tim per yeafor Sewells Point, VA (Atlantic coast),
and 6.6mm per yeaffor Galveston Pier 21, TX (Gulf coasiNOAA, 2022), with an expected
increase in these rates over the next few decadesrés® 1 and 2.2. Due to its geography and
population distribution, the).S.is a coastal nation, with more than 30% of its populatiodires
in coastal cities, generating an estimated annual revenue of US$3.8 trillion (NOAA).2022
Consequently, socioeconomic losses from cliniatieiced sedevel rise (SLR) will represent a
significant facet of climate change consequences ibViSg(Hsianget al, 2017). Several studies
(e.g., Shirzaei & Birgmann, 2018; Haadral, 2013; Kulp & Strauss, 2019) highlight the high
socioeconomic exposure of thleS. coast via projections of relative SLR estimates for the end of
the century (2100). Despitmretelling a bleak future, these estimates are of limited use by
policymakers and stakeholders due to coarse spatial resolution and broad temporal $ineketw
et al 2022). In the short term (one to three decades), just continued observed riséevplsEa
sufficient to trigger cascading hazards actdsS.coastal regions, with a projected increase in the
frequency and intensity of storm surges, saltwater intrusionstligtilooding, and coastal erosion
(Aerts, et al, 2014; Sweet & Park, 2014n8etet al 2022; Ezer & Atkinson 2014; Vitousek
al., 2017).

SLR is projected to vary minimally within the next few decades across the different
greenhouse gas (GHG) emission scenarios, whileoéwdntury projections indicate a more
significant divegence in rise by emissions (brg@2.1b to g). For example, a statistical comparison
of low emission (Shared Socioeconomic Pathways; SIS®1with the high emission (SSB®H)
scenarios of the recent Intergovernmental Panel on Climate Change (IP&&jedgaojections
at 40 stations across theS.shows a maximum sdavel differential of 6 cm by 2050, contrasting
a minimum of 30 cm by 2100(Fekemperet al, 2021; Garneet al, 2021). Thus, shoterm
vulnerability assessments that incorporate ldaakrs are relevant to policymakers for developing
comprehensive adaptation strategies that extend beyond emission reduction, as they provide
insights into the immediate risks and challenges of coastal communities. However, accurately
projecting coastal winerability requires comprehensive and higsolution measurements of
VLM, which is currently lacking across théS. (Shirzaei & Birgmann, 2018). This lack of data
makes estimating the actual risks of relative SLR on different coastal communitiesighglle
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and contributes to high uncertainty and potentially systematic errors in existing coastal hazard
assessment.
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Figure 2.1. Current and Projected Sea level rise (SLR) &electedTide GaugeStations across

the U.S.Coasts.(a) Local mean sea level maaed at tide gauges for monthly (dashed line) and
annual (solid line) time serigNOAA, 2022). For clarity, the time series for the Pacific and
Atlantic coasts have been offset by a factor of +0.2 and +0.1, respectively. The corresponding tide
gauge loations for the projected sea level change and time series data are the green, brown, and
blue inverted triangles shown in kig 2.2a. Comparison of low emission scenarios (shared
socioeconomic pathways; SSBD) with high emission scenarios (shared ssmamomic
pathways; SSRB.5) (medium confidence) for the Atlantic Coélst Sewells Point, VA andc)
Charleston I, SC; Gulf Coafd) Galveston Pier 21, TX an@) Fort Myers, FL; and Pacific Coast

(f) N. Spit, Humboldt Bay, CA anfh) San Francisco, CA.

Here, we present coastal scendrased inundation hazard models for coastal cities in the
US, focusing on the shererm (2050) projection of SLR. Our inundation models integrate-high
resolution VLM data across thé.S. coast at mmevel accuracy using tarferometric Synthetic
Aperture Radar (INSAR), the projections of SLR and LIiDAR digital elevation models (DEMS) to
forecast relative SLR rates and create granular inundation maps for a set of major cities along the
U.S. coastline. Using the 2010.S. censis data as baseline estimates, we assess the impact of
relative SLR onU.S. coastal communities’ population and properties and explore several
adaptation regimes to minimize potential future impacts.

17



2.3 Materials and Methods
2.3.1 Vertical Land Motion Data

High-resolution vertical land motion (VLM) data are based on the Earth Observation and
Innovation (EOI) Lab VLM product, with spatially continuous coverage for the Pacific, Atlantic,
and Gulf coasts of the US. The dataset provides VLM measurements-laveiraccuracy and a
resolution of ~50 m within a 100 km strip along the coasts of the US. For each coast, the VLM
rates were determined by integrating SAR images from SeiitidéB and ALOS1 satellites
between 2007 and 2020 (s&ependix A, Table Afor satellite frames used for each coast) with
observations of horizontal and vertical velocities at global navigation satellite system (GNSS)
stations. To produce the spatially continuous surface deformation map, Interferometric Synthetic
Aperture Radar (IBAR) line-of-sight (LOS) displacements were generated for the multiple SAR
frames along the coasts.

We use GAMMA software to process SAR datasets (Wegmetlal, 2015; Werneet al.,
2000) and the Waveltased INSAR (WabInSAR) algorithm to perform ppsbcessing and
multi-temporal analysis (Shirzaei & Burgmann, 2012; Shirzaei, 2013; Shietaal, 2017;
Shirzaeiet al, 2019; Lee & Shirzaei, 2023\ppendix A, Figure Aa). To this end, thousands of
high-quality interferograms were generated and sever Wavel et based anal ys:¢
the interferograms to denoise the pixels and reduce the effects of spatially uncorrelated digital
elevation model (DEM) error (Shirzaei & Birgmann, 2012; Shirzaei, 2013) and topographically
correlated atmospheridhpse delay (Shirzaei, 2013). Next, the velocity along the LOS direction
for each pixel is calculated as the slope of the-figdisiy line to the associated time series using a
reweighted leassquares estimation. Lastly, the multiple SAR frames are nmexstatowing Ojha
et al (2018), and a stochastic model, which combines the LOS velocities with the GNSS datasets,
was adopted to generate a higisolution map of the VLM rateAppendix A, Figure Ab).

To implement the stochastic model, we resampled D& kelocities of Sentindl tracks
onto the ALOS track and interpolated the GNSS velocities on the pixels within the ALOS track
using a Kriging interpolation technigue with inverse distance weighting. Thus, we obtain multiple
(5) observations per pixel f@aach coast, including LOS observations and GNSS velocities. Let
whoMB® and , h, M, be the interpolated LOS velocities and variances for a given
pixel, where subscriptsipt8 & indicate the available satellite observations (SentiieLOS-1)
and orbits (ascending/descending) #givenU.S. coast (Atlantic/Gulf/Pacific) as defined in
Appendix A, Table A1The stochastic model to combine the LOS velocities with the velocities of
GNSS datasets to generate a seamless;ragghution, and accurate map of e&3), forth (),
andvertical ('Y) motions is given by equatidhi:

18



18
6 O - 2.1
0] U
Y Y

Y

Whered represents the unit vectors projecting 3D displasgsonto the LOS, which is a function
of the satellite heading and incidence angles the observation errors equal to the standard
deviations (). O, 0, and"Yare the unknowns arf@ , O hand"Y are the observed interpolated
eastnorth, and up GNSS velocities. The solution to equéibns given by equatioB.2:
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Wherewrepresents the unknowrisj s t he Greends functo)disthgi ven
observation, and is the weight matrix, which is inversely proportional to the observant variance

(, ). The parameters variancevariance matrix i$ — b 00 ,wherei b 6¢QQ

is the degree of freedom. The standard deviationgigie of the results) for each pixel on the
Atlantic/Gulf/Pacific is shown il\ppendix A,FigureA2a. The spatial distribution of the standard
deviation shows that most of the values are belonn8per yeafor the U.S. Atlantic and Gulf

coasts. Howevethere are a few hotspots of high standard deviation around the Chesapeake Bay
areas (US Atlantic coast) and around the coast of Florida (US Gulf coast). We note higher
estimated standard deviation values in the U.S. Pacific coast, specifically in N@tigonnia

and the Orange County basin (Blackvelal, 2020Appendix A, Figure A2a Generally, higher
standard deviation values represent areas of lower precision. The observed lower precision in some
pixels may be attributed to lower interferometpicase signaio-noise ratio caused by surface
vegetation, no#linearity in the rates between the ALOS and Sentlnelbservation periods due to
aquifer recharge and depleti@alimited number of GNSS stations used for the adjustment, and a
comparativelyhigher standard deviation of the GNSS station in the particular regions (Blackwell
et al, 2020; Ohenheet al, 2023). Furthermore, we validate the VLM rates using 756 GNSS
stations (US Atlantic coast: 218.S. Gulf coast:157, U.S. Pacific coast: 3819rfr the Nevada
Geodetic Laboratory (Blewittt al, 2018)and Shirzaeet al (2021). To perform the validation,

we computed the average INSAR VLM rates within a 200 m radius around each GNSS station for
comparison to the corresponding GNSS vertical riteesobtained a standard deviation of i

per yearand a mean difference less than @u® per yeafor theU.S. Atlantic, Gulf, and Pacific

coasts Appendix A, FigureA2bto d).

2.3.2 Coastal Cities Selection and Elevation Data

To select the 32 cities fanalysis, we considered 41 majhiS. coastal cities with VLM and
Light Detection and Ranging (LIDAR) digital elevation models (DEMs) data. We conducted a
preliminary analysis to determine the exposed area of each city, considering the IPCC localized
(relative) sea level rise (SLR) projections and mean high water (MHW) of the nearest tide gauge.
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Next, we screened the cities based on the largest exposed area and selected 10 cities from each
U.S.coastal region as follows:

1 US Atlantic coast: Boston, MA; NeWork City, NY; Atlantic City, NJ; Virginia Beach, VA;
Wilmington, NC; Myrtle Beach, SC; Charleston, SC; Savannah, GA; Jacksonville, FL; Miami,
FL;

1 US Gulf coast: Naples, FL; Mobile, AL; Biloxi, MS; New Orleans, LA; Slidell, LA; Lake
Charles, LA; Port Arthr, TX; Texas City, TX; Freeport, TX; Corpus Christi, TX;

1 US Pacific coast: Richmond, CA; Oakland, CA; San Francisco, CA; South San Francisco, CA,
Foster City, CA; Santa Cruz, CA,; Long Beach, CA; Huntington, CA; Newport, CA; San Diego,
CA.

In addition, weadded two cities, Jersey City, NJ and Texas City, TX, that were located near
other selected cities (New York, NY and Galveston, TX, respectively) and are also important urban
centers in their respective regions.

We use LIDAR DEM for the coastal elevatioatd. The highresolution LIDAR DEMs
hosted by the National Oceanic and Atmospheric Administration (NOAA) office for coastal
management are available for the coastal United States (NOAAg)2022his study, we used a
3 m x 3 m grid resolution for the 3ties, except Savannah, GA; Jacksonville, FL; Miami, FL;
and all cities on the Pacific coast, which were obtained at a 5 m x 5 m grid resofpman(ix
A, Table Al). All DEM for each city uses the NAVD88 vertical datum. Details on the
implementation, grtical and horizontal accuracy, errors, and temporal range are available with the
data download (NOAA, 2022.

2.3.3 Population, Properties, and Racial Demographic Data

We estimate the population and property datasets for each city using the TIGER géimogra
and economic data records available from th&).S. census bureau
(https://www.census.gov/geographies/mapgites/time-series/geo/tigedata.2010.htm)]  The
dataset provides population and property estimates for each city in the US, subdivided into census
blocks based on the 2010 census data. We utilized the 2010 dataset because it is the most recent
census data available from theS.census bureau hE racial demographic dataset is based on the
Decennial Census datdt{ps://data.census.gov/cedsci/advancedrresponding to the 2010
census. For this study, we selected eight races: White, Blagkrioan American, American
Indian and Alaska Native, Asian, Native Hawaiian and Other Pacific Islander, Hispanic, and
Others (some other race alone and two or more races) as defined by the Decennial data.

2.3.4 Sealevel Projections

We use the localizedealevel projections from the Sixth Assessment Report of the
Intergovernmental Panel on Climate Change (IPCC) {kexperet al, 2021; Garneet al,
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2021). The projections consider the contributions to future sea levels from sterodynamic effects
(ocean teric and ocean dynamic effects), ice sheets (Antarctic ice sheets (AlS) and Greenland ice
sheets (GIS)), land water storage, glacier and ice cap surface mass balance, thermal expansion,
and the IPCC estimates of total vertical land motion based on tide gdservationi reflecting

the sum of glacial isostatic adjustment (GIA) and other VLM processes. To prevent double
counting of VLM, we acquired the SLR projections without the effect of VLM for our analysis.
The database provides projections of seallatvtide gauge stations worldwide under five shared
socioeconomic pathways (SSPs) scenarios (SSPS, 2.6, 24.5, 37.0, and 88.5). SSP11.9

limits warming to 1.5 °C above 18501900 levels by 2100, implying net zero £€missions
around the midd of the century. SSPA6 keeps warming below 2.0 °C relative to 18300,

with projected net zero emissions in the second half of the century. TheASB&2nario projects
bestestimate warming of ~2.7 °C by the end of the twdmst century relatie to 18501900.
SSP37.0 is a medium to high reference scenario resulting from no additional climate policy with
particularly high norCO, and aerosol emissions and a warming of 2.846°C. SSP8B.5is a

high reference scenario with the highest emisiworls (above the current emissions trajectory)

and warming of 3.3°C 5.7°C. In this study, we apply the®1flower-bound), 58 (median), and

83 (upperbound) percentile projections under SSP2, which represents the current emission
trajectory. Appendix A, Table 2 summarizes the tide gauge stations utilized for thdesazh rise

(SLR) projections in each city.

2.3.5 High-Tide Estimates

We used MHW at tide gauges to estimate the-tidg events for each coastal city. The tide
gauge measurementeme obtained from NOAA tide and currents data (NOAA, 20)2dsing
NAVD88 datum consistent with the elevation datum, and mean measurement for the present
epoch. Tide gauge stations utilized for each city was selected based on the proximity to the city,
which provides localized data crucial for accurate evaluation of the current exposuretidénigh
within the urban areag\ppendix A, Table A2

2.3.6 Inundation Model

Employing a bathtub model (Shirzaei & Burgmann, 2018; Miller & Shirzaei, 2021; Hatkel
al., 2010; Ramireet al, 2016; Vernimmen & Hooijer, 20283eeAppendix A, Figure Ac) we
projected the inundation hazards for 32 cities orti& coasts. The input data for the inundation
model is as follows:

3 or 5 m grid LIDAR DEM for each city.

~50m resolution VLM data for each city.

MHW levels at tide gauges adjacent to each éyypendix A, Table A2

IPCC SLR Projections at the stations adjacent to eachApiyendix A, Table A2

pwnE
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To provide a comprehensive exposure assessment, we incotpardaemnporal scalésthe
current (2020) and projected exposure (2050). First, the current exposure to high tide is assessed
using MHW levels. Subsequently, projected exposure is evaluated by considering both VLM and
SLR. Thus, the projected exposure repnesadditional exposure, providing a baseline of current
exposure against which future scenarios can be compared. To implement the inundation model,
first, we resample the VLM rates on the LIDAR DEM. Next, we modify the elevation model to
account for VLM pojections, assuming a linear VLM rate from the base year of the DEM to the
target years of 2020 and 208Barneret al, 2021; Shirzaegt al, 2021; Miller & Shirzaei, 2021).
Lastly, we evaluated the current (2020) scenario by subtracting the modifcBight, which
accounts for VLM projections up to the year 2020, from MHW levels (equaliBin
Subsequently, for the 2050 scenario, we applyleea rise (SLR) projections by subtracting the
modified DEM height, updated for VLM projections to the y@&50, from both the SLR
projection height and the MHW levels (equati®8). Areas with a projected height below zero
are inundated. This simplified static model is useful for lscale simulations of inundated
locations hydrologically connected to tlmwast (Ramirezet al, 2016). However, it may
overestimate or underestimate inundated areas on the coast due to the reduced complexity of the
model (Ramireet al, 2016). To reduce the errors associated with this approach, we implemented
connected compong analysis to remove solitary grid cells from the inundation model, which
represents topographically isolated low regions. Additionally, we first present our inundation
model as an undefended inundation map that does not account for the presence of ss&es
walls, and we introduce and discuss the possible implications of flood control structures on the
impacts of relative SLR.

To account for all error sources in the input data, we consider the uncertainties in DEM, VLM,
and the SLR datasets. Specifigawe propagate the ¥7and 8% percentiles for SLR projections,
+1 standard deviation for VLM, and errors inherent in the Deyu&tion2.3). These measures
provide an error bound for the inundation analysis, ensuring robust estimation of the ntiertai
associated with the projections.

Ve 6¢ 00D YO'Y 0 Ow
Ot 6 & 0t 6 ¢ 000 0 0 wdD YO'Y YO Yjg

23

Where,"0¢ 0 ¢HO¢ 0 £ HO¢ 6 ¢represents the median, lower, and upper bounds for the
inundation modelsOO0 is the modified DEM height, updated using the VLM projections.
‘000 are the vertical accuracy of the DEMepresents the projection target years of 2020 or
2050.0 represents the base year of the DEEM) 0 are 1 standard deviation from the VLM data.
MHW represent mean high wateiyd 'Y, "YO 'Y, "YO 'Y represents the ¥7 50", and 8%
percentiles from the SLR projections. Note that for evaluating the current/baseline scenario (2020),
YO Y, YO Y, YD ‘Yare zero.
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2.3.7 Socioeconomic Exposure Analysis

We employed the TIGER demographic and economic data to assegspilation and
property exposure, which estimates the total population and properties subdivided into census
blocks. We consider a census block inundated if greater than 20% of its area is inundated and
assign the population and property for that bloclkexgsosed population or properties. To select
the 20% threshold for the exposure of each census block, an empirical analysis was conducted
across six representative cities. The distribution of exposed areas within these census blocks
followed an extreme vae distribution. Statistical metrics revealed a median value of exposed area
ranging between 18 to 23% for the six citigdpgendix A, Figure &). Additionally, the
distribution exhibited a sharp decline beyond 1@®ppendix A, Figure 8). Therefore, a 20%
criterion was established as a suitable threshold for quantifying the exposed population and
properties. To quantify the home value exposure, we employed tedsplevel Zillow Home
Value Index (ZHVI) as a metric for housing cost. The estimated horue \exposure was
calculated by multiplying the number of exposed properties within each city by the corresponding
ZHVI (https://www.zillow.com/research/dajalWe adjusted the ZHVI for the recent econom
inflation by using the miR021 housing price. The Zillow home value data for each zip code
utilized in this study is reported Appendix A, Table A3

2.3.8 Subsidence Hazard Exposure Analysis for Levees

The polygon features for the levees acrosdtig coasts were obtained from theS. Army
Corps of Engineers (USACE). To determine the exposure to subsidence for the levees, we
extracted the VLM rate for each point along the polygon feature. The subsidence exposure for
levees in 5 cities (Miami, FL; &v Orleans, LA; Port Arthur, TX; Freeport, TX; Foster City, CA)
are shown irAppendix A, Figure A.

2.4  Results and Discussion
2.4.1 Vertical Land Motion slowly but steadily impacts theU.S. Coast

Land subsidence, the sinking or settling of the land seyfeca global issue with costly
socioeconomic consequences (Dietal, 2021; Herrer&arciaet al, 2021; Candela & Koster,
2022). Subsidence along the coast is driven by natural and human processes and is a major
contributor to relative selevel chage(Shirzaei & Burgmann, 2018; Nichoks al., 2021; Allison
et al, 2016; Karegaet al, 2017; Shirzaeet al, 2021; Fanget al, 2022). Here, we compiled a
seamless map of VLM across theS. coasts by collecting existing datasets in the literature
(Blackwell et al, 2020; Miller & Shirzaei, 2021; Ohenhen al, 2023; Barnarcet al, 2023a;
Barnardet al, 2023b) and analyzing large sets of Synthetic Aperture Radar (SAR) data from
different sensors spanning 20@D20 (see methods). Spatial analysishef complied VLM map
(Figure 2.2 Appendix A, Figurs A5 to A7) reveals extensive coastal areas with subsidence rates
of more than 3nm per yearFigure2.2e highlights the spatially variable VLM for the 32 major
coastal cities selected for this study:
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1 USAtlantic coast: Boston, MA; New York City, NY; Jersey City, NJ; Atlantic City, NJ;
Virginia Beach, VA; Wilmington, NC; Myrtle Beach, SC; Charleston, SC; Savannah, GA;
Jacksonville, FL; Miami, FL.

1 US Gulf coast: Naples, FL; Mobile, AL; Biloxi, MS; New Cales, LA; Slidell, LA; Lake
Charles, LA; Port Arthur, TX; Galveston, TX; Texas City, TX; Freeport, TX; Corpus
Christi, TX.

1 U.S. Pacific coast: Richmond, CA; Oakland, CA; San Francisco, CA; South San
Francisco, CA; Foster City, CA; Santa Cruz, CA; Long BedZA; Huntington, CA;
Newport, CA; San Diego, CA.

The aggregate population of these cities is estimated to be 25 million ;perksenting
~20% of the current totdl.S. coastal inhabitants, with 10 million properties valued)8$12
trillion (AppendixA, Table A9. We find subsidence rates greater than 2penyear in 24 out of
32 major cities along thd.S. Atlantic, Gulf, and Pacific coasts, with notable subsidence rates (>5
mm per yeadrin cities such as Charleston (city number 8), Biloxi (city nanil), Galveston (city
number 20), and Corpus Christi (city number 22) (Feg.2e). On theU.S. Pacific coast, we
observe lower rates of land subsidence compared to the Atlantic and Gulf coasts, with some cities
characterized by significant uplift (suels Richmond: city number 23, Long Beach: city number
29, Huntington: city number 30, and Newport: city number 31).

Earlier studies suggested complex processes drive observed subsidence dlo8ctieests
(Blackwellet al,, 2020; Karegaet al, 2016;Morton et al, 2002; Kolkeret al, 2011; Jonest al,
2016). These drivers include a combination of natural and anthropogenic processes, such as Glacial
Isostatic Adjustment (GIA), compaction of sediments, groundwater withdrawal, hydrocarbon
extraction,surficial drainage/dewatering activities, and regional tectonic activities. On a broad
scale, disentangling the contribution of natueald anthropogenidriven processes is important
for developing effective strategies to mitigate or adapt to the impéstghsidence in lovying
coastal cities. On the one hand, in cities where subsidence is due to GIA and other natural
processes, effective subsidence mitigation will probably involve an adaptive response, such as
raised structures and infrastructure dfabd protection measures. On the other hand, for
anthropogenic processes, proactive policy interventions and mitigation measures to reduce and
control resulting subsidence, such as reducing groundwater and oil and gas extraction or changes
in landtuse, mg be helpful in sinking cities. As GIA is the main natural driver, we utilihed
GIA ICE-6G-D model (Peltieet al, 2018) to estimate the GIA contributions at the SAR pixels
and subtracted its effect from the observed MViovassess the ndBIA contribuions to the
estimated VLM alondJ.S.coasts Appendix A, Figure 8). The relative reduction of subsidence
by 46%, 4%, and 20% for the Atlantic, Gulf, and Pacific coasts, respectively, suggests that the
effect of GIA on subsidence is dominant primarily @dheU.S. Atlantic coast and minimal for
the Gulf and Pacific coastégpendix A, Figure Bc to e€). While the median rates of subsidence
are reduced for all 32 major coastal cities, several areas with subsidence rates greatanthan 2
per yearremain apprent in more than half the selected cities, such as Boston, Atlantic City,
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Charleston, Biloxi, New Orleans, Texas City, San Francisco, Foster City, and San Diego
(Appendix A, Figure A).
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Figure 2.2. Coastal Hazards across the US. (&patial distributio of vertical land motion
(VLM) across theU.S. coast. Positive VLM rates indicate an uplift, and negative VLM rates
indicate subsidence. Individual VLM maps for tbeS. Atlantic, Gulf, and Pacific coasts are
shown inAppendix A, Figurs A5 to A7. Projecions of sedevel rise (SLR) with a baseline for
the year 2020 based on shared socioeconomic pathways (SSP) scehar({®3P2.5) (Fox
Kemperet al, 2021; Garneet al, 2021) on théb) Pacific Coast (N. Spit, Humboldt Bay, CA),
(c) Atlantic Coast (8wells Point, VA), andd) Gulf Coast (Galveston I, TX). The bolded lines
represent the median (50th percentile) projected SLR, and the shaded regions represents 17th and
83rd percentiles(e) Boxplot representing the distribution of VLM for 32.S. coasal cities
evaluated in this study. The 32 coastal cities evaluated in this study are highligdgdTine
cities include:U.S. Atlantic coast: 1. Boston, MA; 2. New York City, NY; 3. Jersey City, NJ; 4.
Atlantic City, NJ; 5. Virginia Beach, VA, 6. Wilmgton, NC; 7. Myrtle Beach, SC; 8. Charleston,
SC; 9. Savannah, GA; 10. Jacksonville, FL; 11. Miami, BIS. Gulf coast: 12. Naples, FL; 13.
Mobile, AL; 14. Biloxi, MS; 15. New Orleans, LA; 16. Slidell, LA; 17. Lake Charles, LA; 18. Port
Arthur, TX; 19. Texas City, TX; 20. Galveston, TX; 21. Freeport, TX; 22. Corpus Christi, TX,
U.S. Pacific coast: 23. Richmond, CA; 24. Oakland, CA; 25. San Francisco, CA; 26. South San
Francisco, CA; 27. Foster City, CA; 28. Santa Cruz, CA,; 29. Long Beach, CA; 30. Hanting
CA,; 31. Newport, CA; 32. San Diego, CA.
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2.4.2 Relative Sealevel Risei Future Socioeconomic Impact on théJ).S.Coasts

Future inundation of coastal areas in 32 coastal cities along.$eoasts is modeled
using projections of current VLM rates ooastal elevation data, SLR projection scenarios, and
high-tide estimates. Our analysis quantifies how relativelesasl changes, attributable to both
VLM and SLR, will increase the exposdrearea, population, and propertieto hightide
flooding by 2050, sing 2020 as the baseline (see methods). For the analysis, we consider the SLR
scenario derived from SSPR5 (representing the current emissions trajectory) (IPCC, 2022),
population and property exposure using the 20 census data, and property/howadue using
the zipcode Zillow Home Value Index (ZHVI) (see methods). Our model suggests that by 2050,
relative SLR could cause additional exposed land area between 1,334 and 12813XM.S.
coastal cities if no floodlefense structures are implenmeh{Table2.1 andAppendix A, Tables
A5 to A7). Translating future inundation hazard maps into the exposure of socioeconomic
variables (e.g., population and properties) is inextricably linked to climate change resilience
planning. We estimate a populatierposure of 176,000 to 518,000 inhabitants from 94,000 to
288,000 properties, with a total estimated home value of US$32 to 109 billion by 2050. The
maximum population and properties exposure by 2050 represent approximately 1 in 50 people and
1 in 35 propdies from the 32 coastal cities. Here, we present results from thedsghution
inundation maps and exposure assessments for the Atlantic, Gulf, and Pacific coasts.

Table 2.1. Modeled Additional Exposed Area, Population, Properties, and Home Value
Exposure for the U.S.Coasts by 2050. a, landc represent the lower bounds, median value, and
upper bounds evaluated using equadh SeeAppendix A, TablesA5 to A7 for each city's
exposed area, population, properties, and home value exposure for @@20tjand 2050.

2050 Additional | 2050 Additional | 2050 Additional | 2050 Home Value
Coast Exposed Area Exposed Exposed Exposure (US$
(km?) Population Properties billion)
Y 772.5 59,276 32,986 14
€ |b._ 8715 100,276 60,580 25
7 C. 951.1 262,926 163533 64
a. 536.7 110,647 58,423 14
—— b. 669.7 159,776 78,609 16
@ |c. 8276 225,167 109,505 21
o a. 19.8 6,478 3,038 4.5
= |b. 29.0 12,180 5,707 9.3
s e 40.2 30,798 15,110 22
a.  1,329.0 176,401 94,447 325
Total b. 1,570.2 272,232 144,896 503
C. 1,818.9 518,891 288,148 107.0
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2.4.2.1US Atlantic Coast

TheU.S. Atlantic coast is one of the most exposed coastal regions to relative SLR, partly
due to widespread land subsideri@henheret al, 2023), with a significant percentage of the
populdion and valuable properties interacting directly with rising sea levels. From 11 cities on the
U.S.Atlantic coast, the projected additional area exposed to high tide flooding by 2050 is between
773 and 951 ki(Figure 2.3). This would affect a populationf 59,000 to 263,000 people and
32,000 to 163,000 properties on WHeS. Atlantic coast (Figre 2.3 and Table2.1). The property
and population exposure on the Atlantic coast are not homogeneous across all cities. For example,
Miami (average elevation déss than 2 m above skevel) has the greatest share of exposure,
accounting for 38 to 44% (340 to 360 Rrof the exposed area, 38 to 46% (22,000 to 122,000) of
the exposed population, and 41 to 49% (13,000 to 81,000) of the exposed properties along the
Atlantic coast Appendix A, Table A5). Additionally, when comparing the proportion of the
exposed population by 2050 to the total population for each city, we find that Atlantic City
demonstrates the greatest relative exposure, with an additional 3 tof3&)4otal population
projected to be exposed by 2050, compared to less than 2% at pPegesridix A, Table A5).

No other city on th&J.S. Atlantic coast has more than 4% of its population exposed.

Combining the exposed properties obtained fromUt#e census data with the housing
value for each city using the zgnde ZHVI, we translate the exposed properties into estimates of
the home value exposure, which serves as an indicator of the scale of the problem. The home value
exposure by 2050 for the Btlantic coastal cities is estimated at US$ 14 to 64 billion (T24le
The calculated exposure does not account for the value of critical infrastructure (such as airports,
schools, hospitals, power plants, roads, and railways), as well as economantidasdmarks,
and hence represents a conservative value. Due to these facilities' economic, cultural, and symbolic
value and potential inundation, the expected losses due to relative SLRW® tAdantic coast
goes well beyond financial losses, whane difficult to measure.
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Figure 2.3.Flooding ExposureMaps for Cities on theU.S. Atlantic Coast. Areas exposed to

current (2020) high tide and additional exposed areas by 2050 considering vertical land motion
(VLM), sealevel rise (SLR) projection ured shared socioeconomic pathways (SSP) scenario 2

4.5 (SSP24.5) for(a) Boston, MA;(b) New York City, NY and Jersey City, N{) Atlantic City,

NJ; (d) Virginia Beach, VA;(e) Wilmington, NC; (f) Myrtle Beach, SC(g) Charleston, SCth)
Savannah, GA(l) Jacksonville, FL; andj) Miami, FL. Note that for current exposure SLR = 0

m. The blue and red colors are the current and projected exposed areas, respectively. BOS: Boston
Logan International Airport, MA. MIA: Miami International Airport, FI(k) Distribution of
additional exposed areas, population and properties by 2050. The central value represents the
estimated median value from equati®8, while the error bars represent the lower and upper
bounds from equatio®.3.

2.4.2.2US Gulf Coast

The U.S. Gulf coast is classified as highly vulnerable to SLR and other extreme events
(Thatcheret al, 2013; Dangendorét al, 2023) and is expected to experience a rise in the
frequency and intensity of tropical storms due to climate chévigesooliet al, 2019). Recent
hurricanes, such as Hurricane lan (2022), Hurricane Ida (2021), Hurricane Sally (2020), Hurricane
Irma (2017), and Hurricane Harvey (2017), as well as Hurricane Katrina (2005), highlight the
vulnerability to and devastating impacts of coadtadding on coastal cities in the region. For 11
cities along thdJ.S. Gulf coast, our 2050 projection of inundation hazard shows a cumulative
exposed area between 528 and 826 (figure 2.4 and Table 2.1These affected areas will
expose an additional 0)000 to 225,000 people and 58,000 to 109,000 properties worth US$ 14
to 21 billion (Table2.1).
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Figure 2.4. Flooding Exposure Maps for Cities on the U.S. Gulf Coast. Areas exposed to
current (2020) high tide and additional exposed areas by 2050 camgidertical land motion

(VLM), sealevel rise (SLR) projection under shared socioeconomic pathways (SSP) scenario 2
4.5 (SSP2.5) for (a) Naples, FL;(b) Mobile, AL; (c) Biloxi, MS; (d) New Orleans, LA;(e)

Slidell, LA; (f) Lake Charles, LA{g) Port Arthur, TX; (h) Galveston and Texas City, TX)
Freeport, TX; andj) Corpus Christi, TX. Note that for current exposure SLR = 0 m. The blue and
red colors are the current and projected exposed areas, respectively. APF:. Naples Municipal
Airport, FL. MSY: Louis Armstrong New Orleans International Airport, L¢k) Distribution of
additional exposed areas, population and properties by 2050. The central value represents the
estimated median value from equat®8, while the error bars represent the lower angeup
bounds from equatioR.3.

The neaitotal inundation of New Orleans by 2050 accounts for more than 50%, 75%, and
74% of the exposed area, population, and property od.®&sulf coast (Figre 2.4; Appendix
A, Table A6). It should be noted that sigiwifint areas (318 to 426 Knpopulation (386,000 to
448,000), and properties (176,000 to 209,000) in New Orleans are already exposed to cufrent high
tide events, owing to the presence of areas lying below sea fgyebridix A, Table A6). We
emphasize thtaour analysis applies an undefended approach, which does not consider the presence
of flood control structures and future adaptation. New Orleans, however, is surrounded by
extensive floodwalls and levee systems and is heavily drained. Although floodl adnictures
offer significant protection to coastal areas, their effectiveness is not guaranteed. The events
following the landfall of Hurricane Katrina in August 2005, which claimed over 1,500 lives, are
tragic reminders of the heightened devastatioa failed levee system (Silkt al, 2008). Thus,
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considerations of flood control systems alone may only represent a temporary solution, as
discussed in later section.

Port Arthur, Galveston, and Freeport are three additional cities ah#&ulf coas that
show elevated exposure relative to their total populations, with corresponding percentages of 4 to
33%, 3 to 8%, and 1 to 5%, respectivéRigures 2.4 to i; Appendix A, TableA6). The exposed
area, population and properties by 2050 for Port Ardine 75 to 169 k5,000 to 38,000 people,
and 2,000 to 17,000 properties worth US$ 0.2 to 1.5 billioru¢Ei@.4 andAppendix A, Table
A6). The exposure for Galveston by 2050 encompasses an area of 18 td, 3fff&ating a
population of 1,499 to 4,@0people and 1,200 to 3,700 properties worth US$ 0.5 to 1.5 billion.
For Freeport, the exposed area, population, and properties are 19 t3,420Dkrto 990 people,
and 238 to 747 properties worth US$ 47 to 150 millionyfed2.4 and Appendix A, TableA6).
Airports, roadways, and refineries, ubiquitous in cities, are projected to be among the Gulf coast's
exposed infrastructure (@tire 2.4.

2.4.2.3US Pacific Coast

On the Pacific coast, we focused solely on future inundation hazards for cities inn@alifor
The absence of coastal cities from Oregon and Washington is due to the absencessbiigion
VLM for the U.S. northwest coast (Fige 2.2) and the complexities of future inundation hazards
in the region driven by earthquake and tsunami hazalgsaffermath of earthquake and tsunami
hazards can cause significant subsidence followed by inundation from tsunami waves. Evaluating
such hazards requires a probabilistic analysis of future earthquake and tsunami hazards beyond
this study. On the Pacifmoast, we find a large divergence in the impacts of relative SLR compared
to theU.S. Atlantic, and Gulf coasts. By 2050, the cumulative exposed area from 10 cities on the
U.S.Pacific coast is 20 to 40 Kywith a population exposure of 6,000 to 30,000gbe and 3,000
to 15,000 properties worth US$ 4.5 to 22 billion (Fig 2.5 Table2.1, andAppendix A, Table
A7). The comparatively low inundation hazard may be attributable to the higher topographic
elevations, lower rates of land subsidence, and relgtiow rates of SLR on the Pacific coast
relative to the Atlantic and Gulf coasts (Swetetl, 2018). However, the loAgnge projection
for the end of the century predicts significant inundation, with flooded areas greater thar400 km
in the San Fransco Bay area alone (Shirzaei & Burgmann, 2018). Several regions of the San
Francisco Bay area highlighted by Shirzaei and Burgmann (2018) as potentially inundated by 2100
are also evident in our 2050 projection, including areas in Oakland, Foster Citheaisan
Francisco International Airport (SFO) (kiges2.5, d, and e). While the inundation hazard for
Pacific coast communities (California's coast) by 2050 is modest, rock coast cliff retreat (Shadrick
et al, 2022) and the projected increase in tigh lide flooding (Sweett al 2022) are additional
factors which would impact some coastal residents and properties.
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Figure 2.5 Flooding ExposureMaps for Cities on the U.S. Pacific CoastAreas exposed to
current (2020) high tide and additional expdsareas by 2050 considering vertical land motion
(VLM), sealevel rise (SLR) projection under shared socioeconomic pathways (SSP) scenario 2
4.5 (SSP24.5) for(a) Richmond, CA;(b) Oakland, CA;(c) San Francisco, CA(d) South San
Francisco, CA(e) Foser City, CA;(f) Santa Cruz, CA(g) Long Beach, CA(h) Huntington, CA;

(i) Newport, CA; andj) San Diego, CA. Note that for current exposure SLR = 0 m. The blue and
red colors are the current and projected exposed areas, respectively. SFO: San Francisco
International Airport, CA(k) Distribution of additional exposed areas, population and properties

by 2050. The central value represents the estimated median value from egtishile the

error bars represent the lower and upper bounds from eq@a8ion

2.4.3 Land Subsidence- An overlooked but critical driver of coastal hazards

To quantify the contribution of subsidence to future flooding hazards in theS32oastal
cities, we consider two scenarios: 1) potential land areas below sea levellaig sobsidence
alone, 2) potential land areas below sea level due to a combination of land subsidence and sea
level change. Consideration of these scenarios is essential for coastal flood management because
land subsidence and rising sea levels can mdiumanges to topography and alter water flow
patterns during extreme weather events, thereby enhancing the vulnerability of cities to pluvial or
fluvial flooding in addition to coastal inundation (Nicholls & Cazenave, 2010; Miller & Shirzaei,
2019). Emploing linear projections of the current VLM rate and coastal elevation data, we
determine the land areas that, despite being above sea level at present, will be inundated by 2050
under both scenarios. We find a land area of 2981.0 kn?, 69.41 160.3 kn%, and 0.2 1.1
km? currently above sea levels on the Atlantic, Gulf, and Pacific coasts, respectively, will be below
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sea level by the year 2050 due to land subsidence alonedg2g6a to c;Appendix A, TablesA8

to A10). The potential land area extahat will be below sea level by 2050 due to the combined
effects of land subsidence and SLR are 204687.2 kn%, 196.1i 561.0 kn%, and 3.8 13.8 kn?

for the Atlantic, Gulf, and Pacific coasts, respectively. This indicates that land areas below sea
leves by 2050 due solely to land subsidence account foril1®1% (Atlantic coast), 22.0

35.4% (Gulf coast), and 4i88.1% (Pacific coast) of total inundated areas when land subsidence
and SLR are taken into consideration.

Furthermore, comparing our IAR-derived VLM (Figure 2.9 to sealevel change at
PSMSL tidegauge stations included in the IPCC projections {kerperet al, 2021;Garneret
al., 2021) across thd.S.reveals that in 21 of 24 stations with observed subsidence, sea levels are
rising faster than the land is sinkingpendix A,FigureA10). However, at three stations on the
Gulf coast, local land subsidence currently outpaces SLR (considering a low emission scenario:
SSP11.9) and presents a greater concern for the region than abseaakevel change
(considering a high emission scenario: S8 through 2045 (Fige2.6d) and 2070, assuming
linearly continuous subsidence (Ergs 2. and f). This observation is striking because it brings
land subsidence to the fore of coastal hdafiscussions and highlights it as a crucial index in
coastal disaster resilience design (Shetpal, 2023).
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Figure 2.6. Contribution of Land SubsidenceEmpirical cumulative distribution function (CDF)

of the total exposed area by 2050 for th&. (a) Atlantic Coast(b) Gulf Coast, andc) Pacific

Coast. The blue lines and shaded area show the contribution from land subsidence (LS) alone,
considering linear projection of VLM from 2020 to 2050. The red lines and shaded area show the
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contribution fran land subsidence and 2050 sea level rise (SLR) under the shared socioeconomic
pathways (SSP) scenariedd (SSP24.5). The red lines in (a) to (c) represent the median value
consideringequation2.3, while the shaded region is the lower and upper botrds equation

2.3 The total exposed area for each coast are the values in (a) to (c). Comparison of geocentric
sealevel change from the Intergovernmental Panel on Climate Change (IPCC) Sixth Assessment
Repot (Fox-Kemper et al, 2021; Garneret al, 202, with sealevel change due to land
subsidence from INSAR measurements in this study at three tide gauge stations on the Gulf coast:
(d) Galveston Pier 21, TXg) Eugene Island, LA; and) Grand Isle, LA. The solid red line shows

the median (50th percele) IPCC sedevel change under shared socioeconomic pathways (SSP)
scenario SSR1.9 (low emission scenario), while the red shaded range shows "hie 83¢
percentile. The solid brown line shows the mediarf' @rcentile) IPCC sekevel change unde
SSP58.5 (high emission scenario), while the brown shaded range showsth&3¥percentile.

The solid blue line shows the INSAR VLM from this study, and the-bhssled ranges are one
standard deviation. The black point and broken line indicate wtieer processes exceed sea level
change from land subsidence. An example comparison for 20 tide gauge stations atddSs the
subsidence is shown Appendix A,FigureA10.

Some flooding projections, however, do not consider the impacts of spatiadlgledand
elevation changes, resulting in inaccurate projections of expected exposure, which may impact
coastal communities' preparedness. For instance, a comparison of the estimated exposure by 2050
for the 32 cities derived for this study with exposdegived using the IPCC relative sea level
projections (Garneet al, 2021)shows that the exposuien terms of area, population, and
properties is not distinguishable within uncertainty in the majority of the cities and broadly for
the entirdJ.S.coast(Table2.2). However, we find that the greatest divergence occurs on the U.S.
Gulf coast, where the IPCC estimates overestimate the exposure in cities like Biloxi, New Orleans,
and Slidell (Figure.7a to c;Appendix A, TablesAl1l to A13. By comparing th average INSAR
VLM rates within the cities with the IPCC derived VLM rates from tide gauge records, we gain
insight into the underlying differences (Fig@.&d, Appendix A, Table Ad). In cities like Boston,

New York, Jersey City, Naples, Port Arthur, fBos Christi, Richmond, Oakland, and San
Francisco, where IPCC VLM rates are similar to the INSAR VLM within the city or where the
contribution of VLM is minimal, the disparities between the estimated exposure is modest.
However, the estimated exposuremlerestimated in cities where the IPCC VLM underestimates
the contribution of VLM (e.g., Atlantic city, Charleston, Savannah, Mobile, Biloxi). Similarly, in
cities where the IPCC VLM overestimates the contribution of VLM the estimated exposure is also
oveaestimated (e.g., Virginia Beach, Jacksonville, Miami, New Orleans, Slidell, Lake Charles, Port
Arthur, and Huntington). Focusing on specific cities with pronounced differences in exposure
offers further insights. In cities on the U.S. Atlantic coast, asBavannah and Miami, where
VLM from InNSAR and IPCC align within uncertainties, the differences in estimated exposure are
primarily localized in wetlands/nearban areas. This accounts for the divergence in the area
exposure while maintaining an overlajithin uncertainty for population and property exposure.
For cities on the Gulf Coast with huge margins between INSAR and IPCC VLM rates, such as
Biloxi and New Orleans, the differences in estimated exposure are pervasive, manifesting in both
urban and nowmirban areas.
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Figure 2.7. Comparing InNSAR and IPCGCderived Vertical Land Motion (VLM) and
Estimated Exposure.Differences between estimated exposure using Interferometric Synthetic
Aperture Radar (INSAR) derived VLM and Intergovernmental Panel on Cli@taage (IPCC)
derived VLM for 2050 (a) exposed areagh) exposed population, an@d) exposed properties.
INSAR (Interferometric Synthetic Aperture Radar) derived exposure is estimated using INSAR
vertical land motion (VLM) and IPCC (Intergovernmental &amn Climate Change) geocentric
SLR as detailed in the methods section, while the H€®/ed exposure is estimated using IPCC
relative SLR dataséFox-Kemperet al, 2021;Garneret al, 202]). The central value represents
the estimated median valu®ifin equation2.3, while the error bars represent the lower and upper
bounds fromequation2.3. Negative values indicate cities where IPCC \‘dkfived exposure is
overestimated, while positive values indicate areas where exposure is underest{djated.
Compaison of INSAR versus IPCC VLM rates for the 32 cities. The INSAR VLM rates are
obtained by averaging the VLM for each city utilized in the exposure analysis, while IPCC VLM
rates are derived from tide gauge stations. The error ranges for the INSAR andLRICshow

+ 1 standard deviatiorBummary ofthe comparison of exposure and VLM rages detailed in
Appendix A, Tables A11 to M
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Table 2.2. IPCC-VLM Derived Modeled Additional ExposedArea, Population, Properties

for the U.S. Coasts by 2050. ab, andc represent the lower bounds, median value, and upper
bounds. Seé\ppendix A, Tables A1l to Al3or each city's exposed area, population, and
properties exposure for 2020 (current) and 2050.

2050 Additional | 2050 Additional | 2050 Additional
Coast Exposed Area Exposed Exposed
(km?) Population Properties
o a. 763.9 61,715 34,803
€ |b._ 8713 96,866 58,658
z C. 952.6 242,139 151,597
a. 664.8 203,896 99,421
— b. 798.0 252,320 122,039
8 C. 922.8 286,080 142,089
o a. 16.4 9,989 4,547
% b. 28.2 13,433 6,301
5_5 C. 32.3 21,034 10,749
a. 1,445.1 275,600 138,771
Total b. 1,697.5 362,619 186,998
C. 1,907.7 549,253 304,435

To provide a more comprehensive understanding of these underlying differences, we
performed a comparative aysis of INSARderived VLM rates with the VLM rates used in the
IPCC Sixth Assessment Report (Garaeal, 2021) for 74 stations along theS. coast suggests
that current IPCC VLM projections are consistent with INSAR VLM at 44 (59%) stations, and
undeestimate contemporary subsidence rates (i.e. negative VLM) at 22% of the stations and
overestimate the subsidence rates at 19% of the stations, with the largest differences occur in
stations where IPCC and INSAR measure opposite VLM (i.e. subsidencstagdift) (Figure
2.8 andAppendix A, Table Ak). Despite a 59% consistency in VLM measurements at the tide
gauge stations, these stations often situated at the peripheries of urban areas, may not accurately
capture the contemporary dynamics of spatiadlgiable VLM within the cities themselves (e.qg.,
Biloxi, New Orleans, and San Diego) (compare stationBigure 2.8with Figure 2.7d). This
limitation is particularly pertinent in urban centers where anthropogenic drivers strongly influence
VLM, thereby @ntributing to discrepancies in estimated exposure. Although INSAR offers high
resolution VLM data, it is essential to acknowledge its inherent limitations. Notably, regions such
as the Chesapeake Bay, Florida's coast, and Northern California exhibitslarggard deviation
values in the INSAR VLM measuremenfgppendix A,FigureA2). A larger standard deviation
may subsequently impact the uncertainty margins in inundation models derived from this data,
which is accounted for in our analysis. NevertheltsSAR observations are the gold standard of
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VLM measurements with unprecedented spatial resolution and are useful to enhance the accuracy
of flood prediction models.
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Figure 2.8. Sedevel Change due toVertical Land Motion (VLM). (a) Difference betwee

VLM rates from the IPCC Sixth Assessment Reeox-Kemperet al, 2021;Garneret al., 202)

with VLM estimate from INSAR measurement at tide gauge stations across.the tlgain these

rates, we averaged the VLM rates of INSAR pixels within a 20@dius of the tide gauges and

the standard deviation associated with each INSAR pixel to estimate the error rangest. as

initially conducted to compare the VLM rates from both sources. Stations where no statistical
difference was observed are matle white, denoting consistent (C) VLM values. Stations where
the IPCC subsidence rates (negative VLM) are higher than the INnSAR estimates are marked in
yellow or red, indicating overestimation (O), while stations where the IPCC subsidence rates are
lower are marked in blue, indicating underestimation (U). Note that only stations with U or O are
labeled in(a). Summary of the VLM rates from IPCC and INSAR measurements, andtdise z

are detailed irAppendix A, Table Ab. Statistical comparison of IPCC VLkate versus INSAR

VLM rate for the(b) U.S.coast|c) Atlantic Coast(d) Gulf Coast, ande) Pacific Coast. Examples

of VLM comparison foi(f) Atlantic Coast (Cape May, NJg) Gulf Coast (Freeport, TX), ant)

Pacific Coast (San Diego, CA).
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2.4.4 Climate Change Inequalities

Climate change contributes to and exacerbates the fragility of the most vulnerable
communities. Generally, disadvantaged populations@mgpelledo live in the most susceptible
regions because safer areas are out of reach (&hMhamkel, 2017). A growing body of scientific
literature focuses on climate change's impacts on vulnerable populations across countries (Aerts,
et al, 2014; Brouweet al, 2007; Christensoet al, 2014; Rentschleat al, 2022). However, less
emphasis &s been placed on discussions on witoantry climate change inequality (Hsiaeg
al., 2017; Islam & Winkel, 2017). A recent report by thé. Environmental Protection Agency
(EPA) (2021), along with the work of Hsiamrg al. (2017), contributes to thgrowing body of
literature quantifying disproportionate climate change risks to vulnerable communities in the US.

Here, we examine the disparate impacts of relative SLR on vulnerable communities across
the 32 cities in the US, offering a nuanced undadstey of climate inequality in the US. To
examine the racial disparities in the exposed communities, we focused on eight races as defined
by theU.S.census decennial data: White, Black or African American, American Indian and Alaska
Native, Asian, Nativédawaiian/Other Pacific Islander, Hispanic or Latino, Other race, and two or
more races (see method#)nalysis of the affected population by 2050 reveals differential
exposure to relative SLR along racial lin€sg(re 2.9and Appendix A, Tables Aé to Al8).

Along the Atlantic and Pacific coasts, White residents are overrepresented among those exposed
to relative SLR Figure 2.@ and c). On the Atlantic coast, the white population makes ug 55.1
71.4% of the exposed population by 2050, which is higher tihain 38.3% share in the total
population. On the Pacific coast, white residents comprisel 500 % of the exposed population

by 2050, despite making up only 41.8% of the total population. However, the distribution of White
exposed population on theseasts, approximately reflect the dominant demographic of these
regions Figure 2.@ and cAppendix A, TablesA16 and A1§.

Contrastingly, on the Gulf coast, minoritizgobupsd individuals identifying as Black or
African American; American Indian or Alea Native; Asian; Native Hawaiian or Other Pacific
Islander; Hispanic or Latino; and two or more groups (EPA, 20@2&pnstitute a noteworthy
portion of the exposed population, despite not being the dominant population. Although,
minoritized groups make u3.0% of the total population across 11 cities in the Gulf Coast, they
are overrepresented in the exposed population, accounting for more than hailf $30/86) of
the exposed population in the case of Black/African American residents alone, and54.26
when considering all minoritiesFigure 2.®% and Appendix A, Table A17). Asians are
overrepresented among the exposed population on the Gulf and Pacific coasts, accounting for 2.6
T 4.4% and 21.4 26.3% (median and upper bounds only) of the exppsedlation on the Gulf
and Pacific coasts, respectively, despite makimg@.6% (Gulf coast) and 17.8% (Pacific coast) of
the total population. In cities like Jersey City, New Orleans, Port Arthur, and Oakland, minority
groups are disproportionately repeated among the exposed populatiéipendix A, Tables
Al16 to A18.

37



Total Population Exposed Population

Atlantic Coast
65.2%

28.5%
Gulf Coast 29.3%

49.0% 57.7%

Pacific Coast 41.8%
63.3%

[ 1 white ] Black/African American [llll American Indian & Alaska Native
[ Asian [l Native Hawaiian/Other Pacific Islander [l Hispanic
[ ] Other Races [ 2 or More Races

Figure 2.9 Total Population Versus Exposed Population by 2050 for Different Racial
Demographics on thdJ.S.Coast.Tree map of total and exposed population(@®@Atlantic coast,
(b) Gulf coast, and(c) Pacific coast The total and exposed population are expressed as a
percentage of the cumulative population for the coast. The percentages for the exposed population
represent only the median exposure values evaluatedeggiagon2.3. SeeAppendix A, Tables
Al16 to Al8for the population of each city, including the lower and upper bouxdte that
minoritized groups include individuals identifying as Black or African American, American Indian
or Alaska Native, Asian, Native Hawaiian @ther Pacific Islander, Hispanic or Latino, other
races, and two or more groups.

In addition, we extend our analysis to consider the impacts of relative SLR on economic
inequality. Here, the property value is used as a proxy for socioeconomic statusndJtli
KolmogorovSmirnov (K-S) statistical method, we compare the median home values in regions
exposed to relative SLR by 2050 against those in each city, employing an alpha value of 0.05 for
statistical significanceAppendix A, TablesA19 to A21summaize the statistical test for the 32
cities. Note that 9 22 cities (considering lower to upper bound relative SLR projections) were
excluded from the analysis due to limitations imposed by the central limit theorem. Across the 14
cities examined (consideg median relative SLR projection), we find statistically significant
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economic disparities in 12 citieBigure 2.10. In 8 of these cities, we find the median home value

for the exposed population is higher than the total home value in the citiesxfp@sed properties

are overvalued). However, in Atlantic City, New Orleans, Port Arthur, and Foster City, we find
that the median exposed home values are lower than the overall median home value within the
cities, highlighting their disproportionate econoraxposure. Noteworthy, New Orleans and Port
Arthur have an overrepresentation of Black and African American residents among the exposed
population, which runs parallel to their economic vulnerabilities. The intersection of racial and
economic inequalite highlights the multdimensional vulnerability that specific populations in
these cities face within the context of relative SLR.
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Figure 2.10. ModeledExposedProperties (EP) Value by 2050Versus theTotal Properties

(TP) Value for Cities on theU.S. Coast.Boxplots showing the distribution of TP and EP (ay

New York, (b) Atlantic city, (c) Virginia Beach(d) Charleston(e) Savannah(f) Jacksonville(qg)

Miami, (h) Mobile, (i) Biloxi, (j) New Orleangk) Port Arthur,(I) Galveston{m) Foster city (n)
Newport. The yaxis for TP and EP shows the normalized values. The displayed values for each
graph show the median, standard deviation, andlye for the TP and EP. The median and
standard deviation values are expressed in thousand (k). Feteitethe null hypothesis is that

there is no statistical difference between the value of the total properties in the city and the value
of the exposed properties. The boxplots only show the median exposure values evaluated using
equation2.3. SeeAppendixA, TablesAl19 to A21for the lower and upper bounds for each city.
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One contributing factor to climate change inequity is the diminished capacity of
minoritized/lowincome groups to adapt to and recover from the effects of existing hazards. To
accentuatehis point, consider the peblurricane Katrina impact on the population of Biloxi, MS.
Although the majority of attention is focused on the destruction to New Orleans caused by levee
failures, Mississippi (MS) incurred US$ 25 billion in direct storm damew® 100,000 people
were displaced as a result of Hurricane Katrina (Brown, 2015). East Biloxi, where threctone
and marginalized community resides, was still suffering the impact of Katrina 10 years after the
storm, with broken, untended infrastrugurhigh unemployment rates, and homelessness
(Rentschleret al, 2022). In contrast, the highcome communities received substantial federal
aid for infrastructure rebuilding and are "better off after the storm” (Brown, 2015). This exclusion
from recoveryaid will undoubtedly impose constraints on the ability of doeome and
minoritized communities to adapt to future climate change. Consequently, marginalized groups
may account for a disproportionate shareclrihate change collateral damageven if thg
comprise a relatively small share of the affected population. In simple terms, existing inequalities
make already vulnerable people more vulnerable to climate change's adverse impacts, resulting in
greater projected inequality (Islam & Winkel, 2017).

2.45 Towards Sustainable Adaptation Strategies

Human interaction with the coast is increasing acrost/iBe(McGranaharet al, 2007,
Haueret al, 2021), and despite the clear and present danger posed by relative SLR, the need for
adaptation and resilieaglanning is often overlooked or insufficiently prioritized. The growing
risks identified in thishapterpose a major challenge, and adaptation is to be expected in all the
cities considered. Will cities be proactive and prepared via detailed assegsian@mt)g, and
implementation of adaptive measures, or will they be reactive to events waiting for these impacts
and risks to manifest? Here we will consider the proactive option. Adaptation can take a variety of
forms and in addition to the changes thito@950, the likelihood of more intense impacts after
2050 and the occurrence of rarer events, such as a major hurricane landfall, should also be
considered. Sustainable adaptation to relative SLR is often classified under three main categories:
protection,accommodation, and retreat (Dronketsal, 1990), with the advance now added as a
fourth option (Oppenheimeet al, 2015). Adaptation is a longerm process, and some
combination of these strategies is likely most appropriate sequenced following @iveada
pathways approach (Haasnaatal, 2019). The precise details will vary from place to place
depending on the individual situation. Looking at the options in more detail and building on
Hansoret al (2011), Nichollset al (2008), and Hallegattetal. (2013), an ideal case appears to
be a combination from the following list of possibilities for coastal cities: new and upgraded
structural protection and land raising; maintenance of ndsased protection from marshes and
mangroves; subsidence comt{m cities subject to anthropogenic subsidence); and land use
planning to reduce vulnerability

Artificial coastal defense structures, such as levees, berms, dikes, and floodwalls, protect
coastal communities by decreasing the consequences of floodinguardation within exposed
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areas (Sunet al, 2018). ThdJ.S. has 6,900 levee systems, most of which protect coastal and
inland cities adjacent to the Mississippi River and Delta (USACE, 2022). Within the 32 coastal
cities considered in this study, theaee 131 flood control structures, with more than 50%
protecting the cities on the Pacific coasppendix A, TableA22). To demonstrate the protective
capacity of flood control structures on the U.S. coast through 2050, we modeled the exposed areas
in all cities with at least one flood control structure, using a defended scenario. For the defended
scenario, we account for existing levees and sea walls by modifying the DEM height at the location
of flood control structures above the threshold for potefitiatling. Appendix A,FigureA4ato

e depicts the spatial reduction in exposed areas and projregase cities with levees and flood

walls, such as Miami, New Orleans, Port Arthur, Texas City, Foster City, Long Beach, and
Huntington. The defended sceiwafor theU.S. Atlantic coast suggests that by 2050, relative SLR

will affect an additional land area of 684850 kn¥, a population of 45,000244,000, and 25,000

1 152,000 propertief\ppendix A, TableA23). This represents a 1AL 7% decrease in tlexposed

area and 1 24% decrease in the total exposed population and propertiesgFRAdLA to c;
Appendix A, Table A23). This ineffectiveness in hazard mitigation on thé&. Atlantic coast

reflects the lack of an adequate flood protection system st gittes. Ten cities on the.S.

Atlantic coast evaluated in this study (excluding Miami) have only three levees and floodwall
systems (Figre 2.11d), opting for other protective approaches such as beach nourishment,
enhancing the beach and bed#nt property aesthetics, but providing more limited flood
protection including from baekarrier shores. In contrast, the levee and seawall systems on the
Gulf and Pacific coasts reduced the projected exposed population by more than ~92% and 61 to
72%, respectigly (Figure 2.11 Appendix A, TablesA24 and A2%. In total, our model suggests

that by 2050, accounting for current fleddfense structures, relative SLR will affect a land area

of 1,006 to 1,389 k& 55,000 to 273,000 people, and 31,000 to 171,000 piepe®n theU.S.

coasts, with 61 to 63% of the exposed area, 79 to 89% of the exposed population, and 80 to 89%
of the exposed properties being situated on the Atlantic coast. It should be noted that most existing
structurebased coastal defense systenerenvnot designed with climate change in mind and
significant upgrades may be required to remain effective even to 2050 (Buatt€2013). This

is most relevant where subsidence and differential subsidence affect the utility of flood control
structuresby lowering their effective height below inundation depths and promoting structural
failure (Dixonet al, 2006 Appendix A, FigureA4f to ).

The U.S. coastline hosts 160,000 Knof wetlands and marshes, providing essential
functionality as storm bufferprotecting coastal communities against increasing waves, storm
surges, and tsunamisefe chapter IDuarteet al, 2013; Stedman & Dahl, 2008; Barbedral,

2011; Kirwan & Megonigal, 2013; McLeaet al, 2011; Schuercht al, 2018). Nationally, these
coastal wetlands and marshes are declining, diminishing their protective capacity (Cétealhen

2023; Schuercht al, 2018; Ganjeet al, 2017; Jankowslet al, 2017; Watsoet al, 2017; White

et al, 2021). A national codienefit analysis of wetl@hconservation and restoration reveals that
storm protection services provided by existing coastal wetlands exceed the cost of restoration and
conservation (Duartet al, 2013; Costanzet al, 2008; Narayaet al, 2017). Hence, conserving
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and restoringoastal ecosystems around cities is one beneficial component to mitigating future
impacts of SLR and coastal hazards in general.
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Figure 2.11 Influence of Flood Control Structures on ModeledExposure Percent decrease in

2050 exposeh) areas(b) popuation, and(c) properties(d) Number of levees or flood walls in

each city.Appendix A, Figure A4 shows the spatial maps of the defended scenario for some
selected cities. Details about the defended scenarios for each city and the percent change are show
in Appendix A, TablesA23 to A25 The central value ifa) to (c) represents the estimated median
value fromequation2.3, while the error bars represent the lower and upper boundsdation

2.3.

While not universal, humammduced land subsidence muslso be mitigated where
practical. Historically, land subsidence has been a silent problem with little public engagement or
policy-focused studies, and its complex evolution and drivers make it a "wicked" policy problem
(Zoysaet al, 2021). Although nairal processes (e.g., GIA) influence coastal land subsidence on
the U.S. coasts, noiGIA processes, including anthropogenic subsidence caused by the
accumulation of multiple shallow and deep subsurface activities, such as drainage, groundwater
withdrawal,and hydrocarbon extraction, currently contribute to relativdesesl rise around the
US, particularly on the Atlantic and Gulf coasts (Her@gciaet al, 2021; Shirzaedt al, 2021)
(Appendix A, Figures A8 and A9).Policies that aim to minimize suldence via reduced water
withdrawals, etc., are crucial in the relevant cities (Nichetllal, 2021; Fanget al, 2022; Zoysa
et al, 2021; Kondolkt al, 2022).

Land use planning and improved building standards and construction can also play an
important role in adaptation, especially for new development. This builds on establisGed
practices as regulated by the National Flood Insurance Program (FEMA, 2023). Other adaptation
alternatives may include floggroof or floodresilient buildings, the set@ve relocation of
threatened properties, improved flood warning systems, enhanced evacuation and disaster
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preparedness measures, and innovative options such as floating builthegs.strategies need

to be applied in a planned, incremental/stepwisen@athat addresses all the other issues and
aspirations in the city. This would be most effective if linked to a development plan and a clear
future vision.But whatever adaptation approach is followed, residual risk will remain, and it is
important that tsaster risk reduction planning is maintained and enhanced.

Although the differences between low and high emission scenarios in terms of exposed
area, population, and properties are relatively modest in thetshort These variations are not
inconsequeml, given the inevitable continued rise in sea level beyond 2050 and its likely
acceleration with additional warming (IPCC, 2022). Therefore, a-temg proactive and
continuous adaptation beyond simple coastal protection would be needed (Catzain2923).

For the sustainability and resilience OfS. coastal cities, it is critical to adopt a btipon
multifaceted strategy involving the implementation of adaptive measures, the regulation of
subsidence, and the implementation of stringent climatngs policies that keep carbon
emissions low. More importantly, these mitigation and adaptation strategies are driven by
anthropogenic influences and within reach with concerted societal efforts at all levels
(policymakers to citizens).

Acknowledgements:Thanks to Dr. S. A. Talke fdris helpfuldiscussbn onthe hightide data.
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Chapter 3

Quantifying the Land SubsidenceRisks and Drivers in U.S. Metropolises
3.1 Abstract

Land subsidence is a slewoving hazard with adverse environrtednand socioeconomic
consequences for densely populated urban areas worldwide. However, spatially dense subsidence
rates at policyrelevant scales to capture granular variations in land motion are often lacking in
most cities, hindering assessment of sldrsceinduced infrastructure risk. Here, we use advanced
synthetic aperture radar interferometric measurements and global navigation satellite system data
from 2015 to 2021 to create higlsolution maps of subsidence rates and extents for 28 most
populows U.S. cities. We estimate that at least 20% of the urban area is sinking in all cities,
affecting ~34 million peopleComparison of the vertical land deformation with groundwadaga

shows dinear relationshipvith a76% correlatiorvalug suggesting grundwater extraction from
confined aquifers as a major drivéur results also show that in 19 cities, glacial isostatic
adjustment, with rates between 1 to 3 mm per year, contributes4btmB0% of theobserved
subsidenceAdditionally, we estimatd the potential riks to buildings acros$).S. cities using
differential settlementOur analysis shows thabout29,000 buildings are located in highnd

very high-risk areas, indicating a greater likelihood of infrastructure failure in the affectesl citie
These datasets and information are crucial for develaaingocpolicies to adapt urban centers

to the complex challenges of the 21st century.

3.2 Introduction

The slow and gradual sinking of tigarttd s s Uand salusidenéés a present and
growing hazard with costly environmental, social, and economic impacts on urban centers
(HerreraGarciaet al, 2021; Shirzaeet al, 2021; Ohenhest al, 2024b; Nicholls & Shirzaei,
2024). Globally, the narrative of sinking cities has drawn widespread attéatrapidly sinking
coastal areas, such as Jakarta, Bangkok, Venice, and New Orleansw@h&tnal, 2006;
Chaussaret al, 2013; Erkenst al., 2015; Herrerd&arciaet al, 2021; Wwet al, 2022). However,
beyond these vulnerable coastal cities, @abter spectrum of major cities worldwide, including
inland metropolises like Mexico City, Beijing, and Tehran are experiencing major subsidence at
rates that necessitate immediate attention due to their potential impacts on infrastructure
(Chaussaret al, 2021; Cigna & Tapete, 2022, Khorrastial, 2023; Acet al, 2024; Haghshenas
& Motagh, 2024). Even modest rates of urban subsidence can profoundly impact the structural
integrity of buildings, roads, bridges, and dams (Ohengtel, 2024a). Over timethese
incremental changes may accumulate, magnifying vulnerabilities within urban systems, notably
the exacerbation of existing flood risks with impacts on urban livability (Shirzaei & Burgmann,
2018; Ohenhest al, 2024b).
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Moreover, the anthropogenicigers of subsidence, including groundwater extraction and
the loading effect of urban development (Galloway & Burbey, 2011; Parsons, 2021; Candela &
Koster, 2022), are likely to intensify as cities continue to grow and climate change exacerbates
environmetal stresses. The compounding effect of climate change and urban population growth
emerges as a critical concern, which may potentially accelerate subsidence rates and transform
previously stable urban areas into vulnerable zones (Nickib#, 2021; HereraGarciaet al,
2021, Heet al, 2021). Specifically, climatenduced droughts and the increasing demand for
freshwater resources are likely to exacerbate the risk of subsidence, projecting a future where an
increasing number of cities may face sigr@ht challenges in subsidence management.

Historically, land subsidence in the United States has been documented to affect more than
17,000 square miles in 45 States (Gallowal, 1999). One of the most striking examples of
subsidence in the United $a and globally is the San Joaquin Valley in California, where
extensive groundwater pumping for agricultural irrigation has led to substantial land elevation loss.
Since the early 20th century, parts of the valley have sunk by more than 28 feet (8, mete
marking one of the most severe cases of subsidence due to human activity globally. Other notable
subsiding regions and cities across the United States include Hdbshoeston area in Texas
(Miller & Shirzaei, 2019; Miller & Shirzaei, 2021), PhoemixArizona (Miller & Shirzaei, 2015),

Las Vegas Valley in Nevada (Ameluegal, 1999), Mississippi Delta in Louisiana (Torngwest

al., 2008), Major cities on the East Coast of the US, such as Hampton Roads in Virginia, Charleston
in South Carolina (Ohwenet al, 2024a), and Alaska (Galloway al, 1999). In the Housten
Galveston area, loAgrm groundwater mining and oil and gas extraction have resulted in
subsidence rates of up to 2 inches (5 centimeters) per year in certain areas. Similartenine Ph
metropolitan area and Las Vegas Valley have recorded yearly subsidence rates of up to 3.5 inches
(9 centimeters). The Mississippi Delta is experiencing subsidence rates greater than 1 centimeter
per year, exacerbated by reduced sediment depositemodevees and dams. Glacial isostatic
adjustment (GIA) and anthropogenic activities onth8. East Coast are causing subsidence at
variable rates, reaching up to 5 millimeters per year in some cities. In Alaska, permafrost thawing
has induced subsidemat variable rates, with some areas experiencing changes of up to 0.4 inches
(1 centimeters) per year.

These widespread, geographically diverse, and multifactorial nature of subsidence in the
U.S. present challenges for infrastructure resilience, urbEmnmg, and environmental
management, necessitating the monitoring of spatiotemporal patterns and rates of land elevation
changes. Whilan-situ pointbased observations, such as global navigation satellite systems
(GNSS) and leveling, may provide accerateasurements of subsidence extent and rates, they are
limited in their spatial resolution and are often impractical for lsagge and regional studies
(Shirzaeiet al.,, 2021; Wuet al, 2022; Ohenheat al, 2023). Recent studies employing statistical
models and machine learning have provided insights into the spatial extent of land subsidence and
its relationship with aquifer depletion and groundwater stresses th #1éHerreraGarciaet al.,
2021; Hassamet al, 2023; Davydzenkat al, 2024). Howeer, these global models operate at
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coarse spatial resolution (usually kilometers) and focus on rates on the order of centimeters per
year, which is inadequate for capturing localized,-8nale variations in land motion that are
critical for understand the risks and vulnerabilities of urban areas (Ohermtead, 2024b).
Furthermore, a challenge is the possibility of lasgale modetriven analyses to overlook
subsidence hotspots where subsidence is unrelated to groundwater extraction or other
anthr@ogenic activities (e.g., sediment compaction, urban development pressures, and climate
driven permafrost thawing). These challenges and the resulting lack of detaile@dogition

data may impede the implementation of targeted subsidence mitigatjotatiataefforts.

Satellitebased observations via interferometric synthetic aperture radar (INSAR) overcome
these challenges and complement global models and point observation datasets. This study
presents the systematic observation of land elevation ebawtgoss 28 most populdusS. cities
(see methods). Our analysis leverages Sentii®AR datasets at ~28 resolution and mrevel
precision to address the need for hrgBolution and accurate subsidence monitoring. Collectively,
the population of thescities constitutes about 12% of the tdafa®. population and includes all
U.S.metropolis with a population exceeding 600 thousand peApleedixB, TableB1). Using
the dataset of land elevation changes, we evaluate the hazard associated wittiaifetdement
and assess the associated risks to infrastructure across these cities. The implications of these
analyses are manifold: from the immediate need for infrastructural adaptation to promote
sustainable urban development in the face of esaglativironmental pressures to the ldagn
imperatives of groundwater management and urban planning reform.

3.3  Materials and Methods
3.3.1 Selection Criteria for U.S. Cities and Population Dataset

This study focused on the 28 most populouS. cities aglefined by the 2020.S.census
data. The combined population of the 28 cities is 39 million pedyedndix B, TableB1),
representing ~12% of the current totalS. population. Geographically, the cities were selected
from 19 different states; the ondyates with more than one city are Texas (6 cities), California (4
cities), and Tennessee (2 cities). Among the 28 cities, 11 are coastal, 8 as riparian, and 9 as inland
cities. Coastal cities, which are located directly along the coast or are sulijdet tofluences
and sea level rise, include New York, NY; Los Angeles, CA; Houston, TX; Philadelphia, PA; San
Diego, CA; Jacksonville, FL; San Francisco, CA; Seattle, WA; Washington, DC; Boston, MA;
and Portland, OR. Riparian cities, situated close &rsivinclude San Antonio, TX (San Antonio
River); Austin, TX (Colorado River); Columbus, OH (Scioto River); Indianapolis, IN (White
River); Nashville, TN (Cumberland River); El Paso, TX (Rio Grande); Detroit, Ml (Detroit River);
and Memphis, TN (Mississipgriver). Inland cities, not situated along the coast or near major
rivers, include Chicago, IL; Phoenix, AZ; Dallas, TX; San Jose, CA; Fort Worth, TX; Charlotte,
NC; Denver, CO; Oklahoma City, OK; and Las Vegas, NV. Note that Houston, TX (Buffalo
Bayou); Philadelphia, PA (Delaware River); and Washington, DC (Potomac River) are situated
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close to major rivers and not directly on the coast but are considered coastal due to the influences
of tides on the rivers and sea level rise impacts on these citiee £BthS.cities, 13 are among

the 20 fastesgjrowing cities in the US, with population increases between 10% and 26% from
2010 to 2020 Https://explodingtopics.com/blog/fastesbwing-cities), indicative of significant

urban population expansion and infrastructure development trends in recent years.

To estimate the population for eddIS. city, we used the 2020 op@tcess topologically
integrated geographic encoding and referen¢Tl IGER) system demographic and economic data
from the U.S. Census Bureau hftps://www.census.gov/geographies/mapgites/time
series/geol/tigedata.2@0.htm). This dataset provides detailed population estimates for each city,
subdivided into census blocks.

3.3.2 SAR Analysis

To generate higlspatial resolution maps of vertical land motion (VLM) for thel28.
cities, we applied advanced multitempdféhveletbased interferometric synthetic aperture radar
(WabInSAR) algorithm (Shirzaei & Burgmann, 2012; Shirzaei, 2013; Shieradj 2019; Lee &
Shirzaei, 2023) to 2,512 SAR images acquired in ascending orbit of Sein#iBl satellites
between 201%&nd 2021 AppendixB, TableB2). To this end, we generated ~400 sets of -high
quality Interferograms for each city (12,311 total interferograms) using the GAMMA software
(Werneret al, 2000) within a maximum temporal baseline of 700 days and a perpendicula
baseline of 500 meters. To improve the signatoise ratio and enable precise and detailed
observations of surface deformation, we applied a Aogdking factor of 12 x 2 in the range and
azimuth directions, respectively, to obtain an average groesdlution of ~28 meters. We
performed accurate e@gistration of the SAR images using the satellite's precise ephemeris data,
Shuttle Radar Topography Mission (SRTM) 30 m Digital Elevation Model (DEM), and an
enhanced spectral diversity algorithm (Shirzae al., 2017). We discarded pixels from the
distributed scatterers with a coherence of less than 0.8 and permanent scatterers with amplitude
dispersion of more than 0.2, following Lee & Shirzaei (2023). Next, we employed a modified 2D
minimum cost flow pase unwrapping algorithm to estimate absolute phase changes of the sparse
retained (i.e., elite) pixels in each interferogram (Costantini 1998; Costantini & Rosen, 1999;
Shirzaei, 2013). The unwrapped interferograms are corrected for the effect of eriwtal
(Shirzaei & Walter, 2011), the effects of topograyglayrelated atmospheric phase delay, and
spatially uncorrelated topography erfmy applying a suite of waveltased filters (Shirzaei &
Birgmann, 2012). We applied a reweighted least squaresipgtion to estimate the time series
and rate of | and motion along the satelliteods

We assume most horizontal motions are of a spatially smooth pattern that can be estimated
and removed using a polynomial. This is a dassumption because there are no active faults
within study areas or major earthquakes occurred within the study period to affect the observed
LOS velocities. Thus, the remainder of the LOS signal is mainly due to vertical deformation. We
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projected the awected LOS velocity for each pixdb (0 J¥n the vertical direction to obtain the
VLM following equation3.1:

w0 — 31

Where,A T -Qis the local incidence angle for each pixel. The obtained VLM is witheete to

the local reference point for each city. To transform the VLM from a local to a global reference
frame, we employed a global VLM model (Hammorad, al 2021) and applied an affine
transformation to align the VLM rates to the 1GS14 global referacee (Blackwellet al. 2020,
Ohenheret al, 2023).AppendixB, FiguresB1 to B28 show the final VLM maps in the IGS14
reference frame for the 28 cities.

To examine the quality of our results, we evaluated the standard deviation associated with
the LOSvelocities and validated the VLM rates by comparing them with global navigation satellite
systems (GNSS) data. The spatial maps for all cities indicate that the standard deviation values are
below 1 mm per year, suggesting high precision measurenigysndix B, Figures B to B28).

To validate the accuracy of the VLM rates, we compared the global VLM rates with observations
from 154 GNSS stations in 28 cities obtained from the Nevada Geodetic Laboratory (Blewitt
al., 2018). The comparison shows 88% etation (R value), with a mean difference of 0.1 mm

per year and a standard deviation and 1.1 mm per &pae(dixB, Figure B29.

3.3.3 Subsidence Exposure Analysis

To quantify the population exposed to urban subsidence, we used the 2020 censiestiatatéo

the population affected by various subsidence rates. For each census block, we classified the
population as exposed to subsidence based on the calculated median subsidence rate for the INSAR
pixel in the census block. We classified the subsideaiss (mm per year) into 5 categories in
order of increasing subsidence haza#dOs&Ldrit
<0,-5 O V83M 0< O V4 and WM <-10.

3.3.4 Infrastructure Risk Analysis

Infrastructure risk has emergedasarea of critical concern in theS. due to historical
and recent building failures. Between 1989 and 2000, a total of 225 building failures were recorded
in theU.S.due to diverse factors (Hadipriono & Wardhana, 2003). More recently, three building
failures were reported in Miami, Florida (June 2021); New York City, New York (April 2023);
and Davenport, lowa (May 2023), resulting in over 100 casualtigps(/finance
commerce.com/2024/01&centbuilding-collapsegaiseconcernsaboutamericasaging
infrastructure). The risk to infrastructure depends on intrinsic hazards, including the type of
construction materishge, and maintenance state of the infrastructure; extrinsic hazards such as
soil type and foundation materials; and subsideetsed hazards such as relative rotations,
horizontal strain, total and differential settlement (Burlabha@l, 1975; Cigna & apete, 2021a;
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2021b; Ohenhen & Shirzaei, 2022). Often, a combination of these factors can compromise the
integrity of infrastructures over time, increasing the risk of failure. In this study, however, we focus
on the subsideneelated hazard, which posesrisk to urban infrastructure and properties
(Burlandet al,1975; Skempton & Macdonald, 1956; Cigna & Tapete, 2021a; Ohenhen & Shirzaei,
2022).

To estimate the risk to infrastructure due to land subsidendeSirtities, we used a risk
matrix, which assciates the severity of a hazard with the exposure and vulnerability of the
elements at risk. Here, the risk matrix combines differential settlement hazard with the building
densities to produce varying risk levels for each city categorized as Very Miw Low i L,
Mediumi M, High7 H, and Very Highi VH (AppendixB, Figure B3(). The hazard associated
with differential settlement was evaluated by calculating the angular distdrtjpualdfined by
equation3.2 as the ratio of the subsidence horizontal gradi¥nj 6f adjacent pixels to their
horizontal distanced.

<

3.2

The calculatefl values were classified into four hazard severity levels: Jow 0.02°),
medi um (0. 002A04QA), thOgh. IDAPA AL ®D.1A)ebased omi g h
predefined criteria following geotechnical engineering standards for allowable settlements on
buildings and previous studies (Skempton & Macdonald, 1956; Budaat, 1975; Cigna &
Tapete, 2021a; Ohenhen & Shirzaei, 2022). The hazard categories indicate the likelihood of
structural damage, ranging from aesthetic issues (e.g., cracks, uneven floors, and misaligned doors
and windows) to extensive structural failsi@.g., foundation settling and collapse of buildings)
(Burlandet al,, 1975; FernandeZorreset al, 2020; Cigna & Tapete, 2021a; Ohenhen & Shirzaei,
2022). The total land area affected by differential subsidence hazasds. sities is summarized
in AppendixB, Table B3 and the spatial maps forare shown ilAppendix B, Figures B1 to B28

While we adopt this commonly applied differential settlement hazard categorization, it is
important to note that the critical threshold for angular distortion { varies based on the type
of construction materials and soil type. For example, for Hyering walls or buildings with steel
or reinforced concrete framés, occurs whef exceeds 0.19° (Boscardin & Cording, 1989;
Bjerrum, 1963,Day, 1990; Skempton & Macdonald, 1956). For beams and colimgeater
than 0.38° can cause structural damage (Skempton & Macdonald, 1956), and for brick walls and
encased steel frames, moderate to severe damage o¢cgreater than 0.38° (Wo0d948). For
structures built on sand or soft clays, occurs whem exceeds 0.02° (Burlanet al, 1975).
Additionally, we assessédover a 25year settlement period, assuming a linear rate of VLM for
this shoriterm period (Shirzaait al, 2021; Ohenhen & Shirzaei, 2022). This assumption provides
a practical framework for evaluating the cumulative impacts of differential settlement on urban
infrastructure.
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For the building densities, we extracted the building base outline developed by Microso
(https://github.com/Microsoft/USBuildingFootprints/ The building footprint database was
created using a semantic segmentation pixel recognition scheme and polygonization, which
accuratly delineates the shape and size of buildings for €aghcity. For an 80 m grid, we
assigned each grid a classification of l ow (|
densities < 3,300), and high (skirunousingiumtgkdd e ns i t
based on the 2020 urban areas density thresholds proposedlh$thensus burealtR@tcliffe,
2022. Appendix B, Figures B to B28 shows the spatial risk maps created by combining the
building density antl . AppendixB, Table B3 summarizes the number of buildings for each risk
category in théJ.S.cities.

3.3.5 Groundwater Extraction and Groundwater Level Dataset

For the groundwater extraction data, we obtained estimates of groundwater withdrawal
from aquifers available on a cayrbasis for 32 counties relevant to this study (Lovektcal,
2020; Dieteret al, 2015). The dataset includes groundwater withdrawal estimates from 66
principal aquifers and other ngumincipal aquifers during 2015 for various categories by different
uses (public supply, domestic, irrigation, thermoelectric power, industrial, mining, livestock, and
aguaculture water use). A summary of the 32 counties and the categorized groundwater use is
provided inAppendix B, Table B.

To estimate the change in grawater level in th&).S. cities, we collected 90 time series
of daily water level measurements from the United States Geological Survey (USSS) (
2024). The groundwater data were available for 13 cities, including 27 confined aquifers, 42
unconfinedaquifers, and 21 wells with no aquifer labels; termed unknown aquppe(dixB,
Table BY. The location, depths, and aquifer types for the groundwater wells is summarized in
Appendix B, Table B5 We used TheilSen regression slopegg(ation3.3), which provides a
robust estimation of the median slope of the data, to calculate the rate of change in groundwater

level — for the same time period as the INSAR timeseries (2Q(&1):
— GQQQ&E QP Q Q0 33

WhereQando are the groundwater levels and times, respectively (Theil, 1950; Sen, 1968).

To evaluate the relationship between groundwater level changes and changes in land
motion, we averaged the ngtacial isostatic adjustment (GIA) VLM rates from INSAR pixels

within a 50 m radius of the well locations and compared them with-tfe each groundwater

well. Only 46 of the 90 wells were located within a 50 m radius of the INSAR pixels and could be
compared with the VLM rates. To estimate the-&IA VLM rates, we used the IGEG-D GIA
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model (Peltieet al, 2018) to estimate and exclude tGIA contributions at the INSAR pixels for
eachU.S.city.

To assess the degree of correlation between the temporal dynamics of groundwater levels
and vertical deformation, we computed the lagged correlation matrix between the timeseries of the
groundwagr level and the VLM data, given by equati#:

" Q 34

Where” "Q is the Pearson correlation coefficient at f@y® ard & are the timeseries of
groundwater level and VLM data at tif@respectively, andi and® are the mean values. The
correlation coefficient”() ranges from1 to 1, indicating a perfect positive to a perfect negative
correlation. For eactimeseries, we presented the maximum lagged correlation value.

3.4  Results and Discussions
3.4.1 Subsidence Hotspots and Spatial Variability inJ.S. Cities

On average, we find that 25 out of the 28. cities are experiencing sinking (negative
VLM) at varying rates, indicative of the widespread nature of subsidence across major urban areas
in the U.S. (Figure 3.1a andAppendix B, Table B). Specifically, in 9 of the 25 sinking cities
(New York, Chicago, Houston, Dallas, Fort Worth, Columbus, SeattleDander), we find an
average weighted subsidence greater than 2.0 mm per year. Several cities in thex@stest
growing state in théJ.S. i including Houston, Fort Worth, and Dallas, exhibit the highest
measured subsidence rates among all cities,avighage subsidence rates exceeding 4.0 mm per
year. However, it is essential to highlight that vertical land deformation often varies spatially
within cities, and subsidence (or uplift) hotspots can be found in cities experiencing overall average
uplift (or subsidence). For instance, cities like San JimeksonvilleandMemphis, experiencing
uplift on average, also have areas sinking more than 5 mm perAmaandixB, FiguresB10a,
B12a, andB28a). Similarly, cities such as New York and Washington B@ich exhibit overall
average subsidence, contain localized areas of uplift (F&jlibeand f).AppendixB, Figures B1
to B28reveal spatially variable VLM rates within the 28 cities with varying subsidence (yellow
orangered colors) and uplift (greegpurple colors) patterns in several areas. From an urban risk
perspective, these cities with the greatest spatial variability may present the greatest hazard to
urban infrastructure, as discussed in the later section.
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Figure 3.1. Urban Land Subsidence in Unied StatesCities. (a) Average rate of vertical land
motion (VLM) for 28U.S.cities evaluated in this study. Each circle is ca@oded to the respective
average VLM for each cityAppendixB, TableB1 summarizes the average subsidence for each
city. Spaially varying VLM for (b) New York, NY, (c) Las Vegas, NV(d) Seattle, WA,(e)
Houston, TX, andf) Washington DC. The location of each city is highlightedah Positive
VLM (greenpurple colors) indicates uplift, while negative VLM (yelleawangered colors)
indicates subsidence. LGA represents LaGuardia Airport, NY. Individual VLM maps for all 28
cities are shown iAppendixB, Figures B1 to B23

To highlight the pervasive pattern of urban subsidence and identify hotspots within the
urban landscape, avestimated the percent area in each city affected by varying severity of
subsidence. This filtering approach accentuates cities where subsidence is most widespread and
reveals sinking hotspots (i.e. subsidence greater than 3 mm per year) withid.8acity. In
every city, at least 20% of the area is sinking, and in 25 out of the 28 cities, at least 65% is sinking
(Figure3.2a; AppendixB, TableB6). The cities with the most widespread subsidence in the US,
with about 98% of t ¢tlude Ghicaga, Pafla, Calumbus, Datroif, Eoctt e d ,
Worth, Denver, New York, Indianapolis, Houston, and Charlotte (Fig2eg. In 5 cities, at least
10% of the city area is sinking more than 3 mm per year, and this accounts for the greatest
percentage of sinkg rate in 3 of these cities (Dallas, Fort Worth, and Houston). Houstioa
fastest sinking city out of the 28 most populate®. citiesi has 42% of its land area subsiding
faster than 5 mm per year, and 12% subsiding faster than 10 mm pekpeamd|ix B, TableB6).

While not accounting for a major share of the city area, most cities have localized zones where the
land is sinking greater than 5 mm per year (FigdiBa). For example, significant subsidence
greater than 5 mm per year is observed uessd areas in LaGuardia Airport, New York (Figure
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3.1b), Northgate and Los Prados, Las Vegas (Fi§ure), East Potomac Park, Washington DC
(Figure3.1f), Northern part of Treasure Island and areas adjacent to Islais Creek, San Francisco
(Appendix B, Figire B17a), and Long Beach, Los Angeldappendix B, Figure B2aare
experiencing high rates of subsidence.

To translate the hazard maps (i.e. land subsidence) into exposure of socioeconomic
variables (i.e., population), we utilized the 202(. census da for each city to estimate the
population affected by urban subsidence (see methods). Our estimates show that about 33.8 million
people (greater than the current population of Texas: ~30 million), which is 10% of thd.&tal
population, currently rede on sinking land across the B8S. cities (Figure3.2b; AppendixB,
TableB6). In addition, 4.7 million people are exposed to subsidence greater than 3 mm per year,
and 1.1 million people reside in regions that subside faster than 5 mm per yeatJaSrogges
(Figure3.2b). Considering an estimated population of 37.6 million from the 28 cities, about 13%
and 3% of the population are affected by subsidence rates exceeding 3 mm per year and 5 mm per
year, respectively. Eight cities (New York, Chicalgos Angeles, Phoenix, Houston, Philadelphia,

San Antonio, and Dallas) have more than 1 million people exposed to subsidence, accounting for
over 60% of the total subsiding populatiéyppendixB, TableB6). New York City alone accounts

for 26% of the totakubsiding population, with the other seven cities making up 5 to 8% of the
population residing on subsiding landppendix B, Table B6). Additionally, 1 million people

reside in land areas subsiding at rates exceeding 5 mm per year, including resitienistar,

Los Angeles, Fort Worth, Las Vegas, and Dallas (Figu?k and c). Notably, these eight cities

with subsidence exceeding 3 mm per year have experienced more than 90 flood events since 2000
(FEMA, 2023) and ongoing land subsidence may exacetbat@ood hazards, particularly due to

the expected climate changeluced increases in the frequency and intensity of extreme weather
events (Nicholls & Cazenave, 2010; Aeztsal, 2014; Sweett al, 2022; Ohenheet al, 2024b).
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Figure 3.2. Exposure to Subsidence in United States. (®ercentage of each city affected by
subsidence(b) Percentage of the population affected by subsidence for eacfci®ercentage
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Table B1 summarizes the percentage of each city affected by each subsidence level and the

affected population.

3.4.2 Fingerprints of Urban Subsidence

Broadly, land subsidence is driven bythbmatural and anthropogenic processes. Natural
drivers of land subsidence operating in the timescale of less than a year to geologic timescales
(thousands of years) include regional tectonic activities, glacial isostatic adjustment (GIA), and
natural sednent compaction (autocompaction) (Peltier, 2004; Netfcal., 1996; Chaussarek
al., 2013; Zoccaratet al., 2018; Shirzaest al, 2021). Anthropogenic processes, such as land use
practices, subsurface fluid withdrawal (extraction of groundwater andibas), solid withdrawal
(mining), peat oxidation following dewatering activities can amplify natural subsidence processes
or initiate new anthropogenic subsidence, resulting in elevation loss in the order of centimeters per
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year (Galloway & Burbey, 2t Gallowayet al, 2016; Minderhouet al, 2018; Shirzaegt al,
2021; Candela & Koster, 2022).

Both natural and anthropogenic driven processes at various scales contribute to land
subsidence in urban cities across th&. (Gallowayet al, 1999). In dies such as New York,
Philadelphia, Washington DC, Denver, Indianapolis, Columbus, Detroit, Nashville, Chicago, and
Portland, contemporary rates of Gékea dominant factor driving regional land elevation loss,
which can vary from 1 3 mm per year (K&garet al, 2016; Peltier, 2018; Ohenhehal, 2024a,
2024b; Figure3d.3). Regional variability in the VLM (subsidence and uplift) observed in cities
along the Western coasts of the US, such as Seattle, Portland, and San Francisco, may be
influenced by éctonic activities associated with the active plate margins and/or sediment
compaction (Nelsoet al, 1996; Burgmanmt al, 2006; Blackwellet al, 2020). While natural
processes influence urban land subsidence in the US, most of the sinking landroesditsnan
driven activities, with 80% of the land subsidence associated with groundwater withdrawals
(Galloway et al, 1999). This extractiosubsidence relationship is based on the principle of
effective stress (total stress minus pthoed pressure) (@lloway & Burbey, 2011; Shirzaet al,

2021). When groundwater is pumped from an aquifer, thefhodepressure decreases, leading

to a decline in the hydraulic head, reflected in lower water levels in the wells. This decrease in
porefluid pressure inreases the effective stress (for constant total stress), causing compaction of
susceptible aquifer systems (e.g. clay), leading to land subsidence (Terzaghi, 1925; Eggleston &
Pope, 2013; Shirzaeit al, 2021). The faster the groundwater is extractezlgthicker the water

table declines, accelerating the subsidence rate (Chaessdrd®013).

To assess the impact of groundwater extraction on urban subsidence acrostife 28
cities, we obtained a counlyvel dataset of estimated groundwater witladds from principal
aquifers across thd.S. (see methods). Comparisons of the average VLM for 32 counties, where
the 28U.S.cities are located, did not reveal any significant trends between the rate of groundwater
withdrawals and surface elevation chasmge a regional scaléppendix B, Figure B31). This
suggests that the effects of anthropogenic processes (i.e. groundwater withdrawal) on subsidence
may be more localized. To better understand the local context, we obtained the time series of
groundwateiata across 13 cities (representing ~46% of the 28 cities) frok. & eological
Survey (see methods). For this analysis, we estimated the depth to groundwater level trends for 90
wells (27 confined aquifers, 42 unconfined aquifers, and 21 unknowrees)uilsing TheilSen
regression (see methods). The trends show groundwater level decline in 24%, 53%, and 47% of
the confined, unconfined, and unknown aquifer systems, respectively, at rates between 0.01 and
3.4 m per year. Some wells also showed incregsmahdwater levels at an average rate of 0.2 +
0.3 m per year, suggesting variability in groundwater trends across the different aquifer systems.
Note that the groundwater trends are estimated for the period of the VLM datd (2025) and
may not reflet the longterm trends in groundwater levels acrosslitfe. (Jasechket al, 2024).
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Figure 3.3. The Influence of Glacial Isostatic Adjustment (GIA) on Urban Subsidence id.S.
Cities. The GIA data is derived from the 1G&5-D model (Peltieet al, 2018).

To investigate the impact of localized groundwater level changes on the VLM, we
compared the groundwater rates with the averagegi8nvLM rates from INSAR pixels within
a 50 m radius of the well locations (see methods). The analysis shows a petatioarifor
unknown (R = 1.9%) and unconfined fR= 18.3%) aquifers between the rate of groundwater
levels and the VLM rates (Figure4d). In contrast, we observe a strong correlation of 76%
between the vertical deformation and changes in the groundieatds within the confined
aquifer systems (Figure4&). This linear relationship suggests two things. Firstly, the coefficient
of determination (R suggests that 76% of the r@A subsidence (or uplift rates) is due to the
variation in the groundwatdevels within the confined aquifers (Figured®). Secondly, a(n)
decrease (or increase) in the groundwater levels drives corresponding subsidence (or uplift) in the
land above the wells. However, we acknowledge the following caveats: (1) because of the
variability in aquifer characteristics across different cities, broad estimates using a single slope
value are not feasible, (2) this interpretation does not extend to every location but is only valid
within the spatially limited 13 cities explored, (3) wete the existence of some discrepancies
between the trends in groundwater level changes and the VLM rates. For example, in 24% (or
19%) of the confined aquifers in cities like Memphis, Washington DC, New York, Houston, and
San Diego, we note subsidence (plift) corresponding to a decline (or increase) in groundwater
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levels (Figure 3a). However, 12 wells show subsidence despite increased groundwater levels,
suggesting a delayed compaction following a period of significant decline in the groundwelter lev

(Shirzaei et al,

2019), and the contributions of other rABMA natural processes (e.qg.,

autocompaction) and anthropogenic activities (e.g., hydrocarbon extraction) to the remaining

subsidence variability.
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Figure 3.4. Contribution of Groundwater Withd rawal to Land Subsidence in US. (alinear
regression analysis of groundwater level trends and vertical land motion (VLM) acndsS.13
cities. The blue, yellow, and red lines are the regression lines for confined, unconfined, and
unknown aquifers, respideely. (b) Correlation between time series of VLM and changes in
groundwater levels for confined, unconfined, and unknown aquifers. Each square represents a
single wellin eachcity. ND represents wells with no data, where the wells are more than 50 m
away from an Interferometric synthetic aperture radar (INSAR) pixel. Comparison between
groundwater level and INnSAR displacement for wells in shoWdhgroundwater level decline

(Houston and San Diego) afd) groundwater level increase (Washington DC aeavNork).

The location of the wells for each city is summarizeAppendixB, TableB5.

Furthermore, we compared the temporal dynamics of groundwater levels and vertical

deformation for the different well locations. Using a Pearson correlation coefficign } )

a higher correl

ati on

(1}

0.5 N

2)

we f o
bet ween

groundwater level changes in the confined aquifers (Fig4dkei3d). However, we find a lower

correlation for

t he
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(Figure34b) . The exception is 2 wells in San Diego
(Figure 34b and c). Next, we test for a statistical relationship between groundwater levels and
VLM across termporal scales using atést. Testing at an alpha value of 0.01 for statistical

significance, we found no statistically signi!
and the unknown aquifers -@lue = 0.02). In contrast, the confined aqufexhibited a
statistically significant higher §J when- compa

value = 0.00), indicating that changes in the pore pressure, and consequently the stress acting on
the aquifer matrix, control the temporal dynasof vertical deformation of confined aquifers, and

in a few cases the unconfined aquifers (Galloway & Burbey, 2011;6Dgda 2019; Ghobadiar

et al, 2023). These results helig identify the fingerprint of anthropogenic land subsidence in
severalU.S. cities, offering crucial insights into the localized impacts of human activities on
subsidence.

3.4.3 Risk of Urban Subsidence orJ.S.Infrastructure

One of the most harmful yet less visible effects of urban land subsidence is the potential
damage to bildings, foundations, and infrastructure, primarily caused by differential land motion
(Fernandedl orreset al., 2020; Cigna & Tapete, 20810henhen & Shirzaei, 2022). Unlike flood
related subsidence hazards, where risks manifest only when high ratgdssiwfence lower the
land elevation below a critical threshold (Shirzaei & Buirgmann, 2018; Miller & Shirzaei, 2019),
subsidencénduced infrastructure damage can occur even with minor changes in land motion
(Cigna & Tapete, 202 Ohenhen & Shirzaei, 2028henheret al, 2024a). The latent nature of
this risk means that infrastructure can be silently compromised over time, with damage only
becoming evident when it is severe and potentially catastrophic. This risk is often exacerbated in
rapidly expanding ilban centers.

Building collapse is the ultimate expression and most severe consequence of infrastructure
hazards related to continuous urban land subsidélobally, multiple building collapses are
recorded yearly, with an average of eight incidentsualy (Ohenhen & Shirzaei, 2022). A
synthesis of collapsed buildings in the US, documented 225 incidences of building collapse
between 1989 and 2000 (Hadipriono & Wardhana, 2003). While maintenance deficiencies,
extreme events, construction, and desigmorerrare identified as the major causes of these
collapses, about 2% of the collapsed buildings were directly attributable to subsiclateg
issues, including foundation and soil settlement. Furthermore, another 30% (60 out of 225) of these
failures wee designated as having unknown causes. Given thetéomyand prevalent nature of
subsidence hazardshS.cities, along with their latent nature, it is probable, even expected, that
some of these unknown causes may be due to land subsidence.

We estimée that a total land area of 12,000 %r862 knt, 138 kn%, and 1.3 krfy are
affected by low, medium, high, and vdmgh angular distortioror differential settlement
respectively AppendixB, TableB3). Although the high and vetlyigh hazard zones affeanly
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about 1% of the total land area in the 28 citidppendix B, Table B3), these areas represent
critical zones within the urban landscape where the structural integrity of infrastructure may be
compromised (Cigna & Tapete, 2@G21Generally, angularistortion over 0.06° (high and very

high hazard zones) is likely to cause the development and/or propagation of structural
deterioration, such as the fracturing and cracking of infrastructure, depending on the type of
building or infrastructure (Skempton Blacdonald, 1956; Wood, 1958; Cigna & Tapete, 2021
Ohenhen & Shirzaei, 2022).

Next, we evaluated the risk to the buildings associated with urban differential subsidence.
Our analysis shows that across the cities, the risk to buildings is generallyitoihe majority
(>99%) of the buildings classified as low to medium risk (FiguEeAppendixB, FiguresB1 to
B28, andAppendix B, Table B3). The high and very highsk areas include more than 29,000
buildings from the 28J.S. cities (Figure3.5). This is significant considering the increasing
number of building failures in thg.S. (Hadipriono & Wardhana, 2003), and population growth
across majotJ.S. metropolitan areas. In terms of the ratio of high and very-hghbuildings to
the total building in each city, San Antonio (1 in 45), Austin (1 in 71), Fort Worth (1 in 143), and
Memphis (1 in 167) have the highest proportioAppendix B, Table B3). Additionally, San
Antonio, Austin, and Houston contribute more than 82% of the buildings at véryiskghaving
1,515, 706, and 376 buildings, respectively.

However, it is crucial to recognize that the occurrence of buildings in high and very high
risk zones does not immediately imply collapse. Other considerations, such as the soil type,
foundationmaterials, construction materials, construction practices, building type, building age,
building maintenance, or existing hazards (e.g., seismic hazards, extreme weather events, and
flooding) are important for assessing the risk to buildings (Skempton&deld, 19560zer &

Geurts, 2021; Ohenhen & Shirzaei, 2022). Nevertheless, these high and venglhigines in

the cities indicate areas where subsidete@ved stressors may unfavorably tilt buildings and
other infrastructure towards the higher eofthe risk spectrum. Within the context of a
socioeconomic framework, these spatial and quantitative risk information are essential in urban
planning and land use zoningpelping local policy makers to identify areas where new
development should proceedlze restricted due to existing risk levels (Cigna & Tapete, 021
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Figure 3.5. Risk of Subsidence to Infrastructure inMajor U.S. Cities. Spatial risk maps of
buildings in(a) New York, (b) Seattle,(c) Detroit, (d) Memphis,(e) Fort Worth,(f) Austin, (g)
Houston,(h) San Antonio.The risk maps for the 28 cities are showippendixB, FiguresB1

to B28. The risks are categorized in 5 classes: very low (VL), low (L), medium (M), high (H), and
very high (VH).(i) Distribution of buildings exposed toftérent risk levels in each citfhe cities
include: 1. New York, NY; 2. Los Angeles, CA; 3. Chicago, IL; 4. Houston, TX; 5. Phoenix, AZ,
6. Philadelphia, PA; 7. San Antonio, TX; 8. San Diego, CA; 9. Dallas, TX; 10. San Jose, CA; 11.
Austin, TX; 12. Jackonville, FL; 13. Fort Worth, TX; 14. Columbus, OH; 15. Indianapolis, IN;
16. Charlotte, NC; 17. San Francisco, CA; 18. Seattle, WA, 19. Denver, CO; 20. Washington DC;
21. Nashville, TN; 22. Oklahoma City, OK; 23. El Paso, TX; 24. Boston, MA; 25. PortG=Rd,

26. Las Vegas, NV; 27. Detroit, Ml; 28. Memphis, TN. Note that the bars only show the H and
VH risk category. The risk maps for all cities are showAppendixB, FiguresB1 to B28 and
AppendixB, TableB3 summarizes the distribution of risks for bamty.

So far, we have shown that cumulative differential settlement can cause hazards,
exacerbating the infrastructure risk thS. cities. But is there a subsidergsk criterion for
associating subsidence hotspots with infrastructure risk in urbasifo address this question,
we analyzed the land motibadjacent land motion occurrence and their associated risk levels
across the 28 cities (FiguBe6). The analysis shows that 99.9% of the high and very-tgh
zones (except for 4 high risk zonegcur in areas with VLM rates between 10 mm per year and
10 mm per year (Figurd.6). Additionally, 31.9% and 51.8% of high and very higgk zones
occur in areas where the land is experiencing uplift (Fig8e
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Figure 3.6 Influence of Subsidencen Infrastructure Risks. Comparison of the vertical land
motion (VLM) versus adjacent VLM and the associated risk&f8r cities.

As discussed at the outset of this section, the risk to infrastructure can be present even with
minor changes in land eleva. This is observed in cities like San Antonio, Austin, and Memphis,
which have an average VLM rate ranging from @ltonm per year (Figurd.1a), and contain 3
out of 5 highest number of buildings at high and very high risks (Fig&e Infrastructue risk
increases with spatially uneven settlement rather than subsidence alone. About 19% of the high
risk zones and 24% of the very highk zones occur in areas where adjacent areas of land exhibit
opposing motions (i.e. subsidence versus uplift). @lmmes may experience the greatest strain
rate and thus present the highest risk to infrastructure. Furthermore, the angular distortion spatial
maps for the cities show that these high and very high hazard zones are spatially distributed and
do not corredte with the subsidence hotspofgppendix B, FiguresB1 to B28). To summarize
these findings: the risk to infrastructure presents in areas of both subsidence and uplift. Of course,
this does not exclude areas of higlbsidence as ridkee, as observed iHouston (Figur&.6). It
does however, emphasize the importance of continuous monitoring of subtle (miHieveter
land elevation changésot just subsidentéo ensure the safety and resilience of urban
infrastructure against the backdrop of populagoowth and climate change.
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3.4.4 Addressing Urban Land Subsidence

How can we effectively respond to urban land subsidence? Is it possible to prevent cities
from sinking? While there is no panacea for urban land subsidence, effective responses generally
involve mitigation and adaptation, akin to strategies for addressing climate change @rkiens
2015).

A crucial first step to implementing targeted mitigation or adaptation strategies is
identifying the unique driver of subsidence in each urban &hesis important because while the
anthropogenic driver of subsidence can be mitigated, subsidence caused by natural pfteesses
requires adapting to ongoing changes (e.g., relative sea level rise and flooding) érakns
2015; Ohenheret al, 2@4b). However, separating these drivers is often difficult as multiple
subsidence signatures are sometimes superimposed at a singular location (&halza2021).
Nevertheless, in most cases, natural subsidence processes may be exacerbated byeanthropo
drivers, which can be mitigated. For example, in many major coastal and delta cities, the natural
sediment compaction driving subsidemseompounded by the construction of dams along river
channels, sand mining, and excessive groundwater and Rhydooc extraction, accelerating
subsidence rates (Bagh&avkoshet al, 2021; Kondolfet al, 2022). In other neroastal urban
cities, where GIA or tectonics processes drive subsidence, anthropic activities such as urban
infrastructural loading and grodwater exploitation contribute to observed subsidence. In these
areas, mitigation strategies such as strategic dam planning managed aquifer recharge, and policies
to regulate groundwater and hydrocarbon extraction can be useful to control, pause,@rergen r
subsidence despite the existing background rates (Eekehs2015; Zoysat al, 2021; Kondolf
et al, 2022; Fangt al, 2022).

A few examples of successful subsidence mitigation efforts globally include Tokyo in
Japan, Shanghai in China, aRdrth in Australia. In Tokyo and Shanghai, regulatory measures
restricting groundwater use and active groundwater recharge stopped, and subsidence in these
cities was significantly reduced (Erkeas al, 2015). Groundwater replenishment through the
implementation of managed aquifer recharge in Perth reverseddomgsubsidence rates in parts
of the city to uplift (Parkert al, 2021). In the United States, comprehensive groundwater
management and artificial recharge projects have successfully offset wgiply needs,
stabilizing ground levels and mitigating further subsidence in Santa Ana, CA (Holzer, 1989;
Dahlkeet al, 2018).

However, it is important to emphasize that while these measures achieved certain success,
they did not restore the land eswon to its original state. This means that even with effective
subsidence mitigation, once altered, land elevation changes may continue to present challenges
and exacerbate other hazards, such as compound flood hazards, nuisance flooding, and sea level
rise (Sweet & Park, 2014; Miller & Shirzaei, 2019; Miller & Shirzaei, 2021; Ohermeal,
2024b). Moreover, to be effective, proposed mitigation solutions should not only proffer technical
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solutions but also engage with community needs (Zelah 202). This is particularly important

in areas vulnerable to multiazards. For instance, in cities facing water scarcity and subsidence
related challenges due to groundwater withdrawal, the hazards associated with sinking land may
be an acceptable traddf for continued groundwater usage where alternate sources are
unavailable. Adapting to subsidence hazards may be the only feasible option in such instances.

When anthropogenic subsidence cannot be mitigated, or in cases of natural subsidence or
residual subsience after mitigation efforts, adaptation measures may be required to minimize
impacts (Erkengt al, 2015; Fanget al, 2022; Ohenheet al, 2024b). In this case, adaptation
strategies must be tailored to address the specific vulnerabilities of é&ackari example, in
coastal cities experiencing increased vulnerability to relative sea level rise due to land subsidence,
such as Houston, San Diego, Washington DC, Boston, Philadelphia, and New York, sustainable
adaptation will likely involve protectiorgccommodation, retreat, and advance (Dronkei,,

1990; Oppenheimeet al, 2015). Specific adaptive pathways for coastal cities are detailed by
Nicholls et al (2008), Hansoret al. (2011), and Hallegattet al (2013). In urban centers
experiencingincreased pluvial and fluvial flooding (e.g., Memphis, Philadelphia, Chicago,
Columbus, Charlotte, Indianapolis, and Los Angeles) (ktral, 2023; Batest al, 2021),
adaptation strategies might involve new and upgraded structural protection, grastinuafure to
manage stormwater, land raising, enhancing drainage systems, and improving flood warning and
disaster preparedness (Erkensl, 2015; Bate®t al, 2021; Quaglioleet al, 2023; Ohenhest

al., 2024b). For cities susceptible to subsidendeced infrastructure hazards, such as the cities
highlighted in this study, adaptation efforts should focus on retrofitting existing infrastructure,
integrating subsidence sensitivity into building codes, implementing better foundations for
structures,mproving land use zoning regulations to limit infrastructure loading, and conducting
regular maintenance and monitoring of critical infrastructure to prevent catastrophic failures
(Erkenset al,, 2015; Cigna & Tapete, 20B81Zoysaet al., 2021; Ohenhen &l8rzaei 2022).

Ultimately, a robust and sustainable mitigation and adaptive framework should encompass
continuous monitoring, collaboration among various stakeholders, and developing mitigation and
adaptive management plans that can evolve with changmgjtons. Regardless of the pathway
a city chooses, any effective mitigation and adaptation effort must be tailored to the specific driver
of land subsidence in the city, proportionate in response to the most significant vulnerabilities for
each city, anahcorporate a multifaceted approach.

Acknowledgements:Thank you to Dr. Guang Zhai for processing the INSAR data for the
majority of the cities and the entire Earth Observation & Innovatio(8&n) group for the risk
analysis.
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Chapter 4

Widespread Exposure of Critical Infrastructure and Communities to Land Subsidence on
the U.S.East Coast

A version of this work has been published as:

Ohenhen, L. O., Shirzaei, M., & Barnard, P. L. (2024). Slowly but surely: Exposure of
communities and infrastruatlto subsidence on theS. east coasPNAS nexys3(1), pgad426
https://doi.org/10.1093/pnasnexus/pgad426

41  Abstract

Coastal communities are vulnerable to mhHizards, which are exacerldtay land subsidence.

On the U.S. east coast, the high density of population and assets amplifies the region's exposure to
coastal hazards. We utilized measurements of vertical land motion rates obtained from analysis of
radar datasets to evaluate the sidrscehazard exposure to population, assets, and infrastructure
systems/facilities along the U.S. east coast. Here, we show that between 2,000 to 74800 km
area, 1.2 to 14 million people, 476,000 to 6.3 million properties, and more than 50% of
infrastructures in major cities such as New York, Baltimore, and Norfolk are exposed to
subsidence rates between 1 to 2 mm per year. Additionally, our analysis indicates a notable trend:
as subsidence rates increase, the extent of area exposed to thesebaeamdingly decreases.

Our analysis has faeaching implications for community and infrastructure resilience planning,
emphasizing the need for a targeted approach in transitioning from reactive to proactive hazard
mitigation strategies in the eradimate change.

4.2 Introduction

Coastal regions, where most megacities are located, are on the front lines of climate change
impacts and associated uncertainties (Nicholls & Cazenave, Bah6pret al, 2011;Shirzaei &
Bidrgmann, 2018Hamdaniet al, 2022). The coincidence of population migration towards-low
elevation coastal areas and continued acceleratintpgelarise (SLR) will increase the future
vulnerability of coastal communities worldwide (Neumaniml, 2015; Haueet al, 2020; Sweet
et al, 2022). The impact of SL-Bmplified hazards on coastal communities, such as flooding and
erosion, dominates in global climate change discussions (Nicholls & Cazenave;id0éfst al,

2020; Aertset al, 2014), with other coastal hazards, such asdabdidence (the lowering of land
elevation) relegated to the background. Land subsidence, howsewepernicious and growing
problem on a global scale withore immediate hazards to coastal aseas$ often presents more
pressing and localized challengeterreraGarciaet al, 2021;Nicholls et al, 2021; Zoysat al.,

2021; Dinaret al,, 2021; Shirzaett al, 2021; Wuet al, 2022;Candela & Koster, 2022). In many
nationsand subsidence barely registers as an issue of public pgbygdet al, 2021). In other

nations, where the adverse effects of subsidence are recognized, the slow, gradual and unapparent
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land sinking motion explains the lack of urgent policy interventions and subsidence governance
(Zoysaet al, 2021; Candela & Koster, 202Z)he resulting delayed response increases the
exposure of coastal residents, especially in light of the yearly elevation gaga lavels due to
climate change and elevation loss due to subsid&sznt considerations of the combined effect

of SLR and subsience indicate that subsidence increases the threat to coastal communities from
SLR and may even triple estimates of potential flooding areas over the next few decades (Shirzaei
& Burgmann, 2018Kulp & Strauss, 2019; Miller & Shirzaei, 2021).

On the eastoast of the U.S., the high density of population and infrastructure networks
(Figures 4.1a andb), coupled with SLR (Figre 4.1c) and land subsidence hazard, increases the
exposure of the population, properties, and assets in the region (Satrahe2021;Karegaret
al., 2016). The functionality, mobility, social comfort, and economic growth and development of
society depend on civil infrastructure networks (Macchiaetlal, 2022). Aging stock, extreme
weather events, and differential land substgemegatively impact infrastructure networks' safety
(Macchiaruloet al, 2022). The 2021 American Society of Civil Engineers (ASCE) report card for
airports, schools, roads, bridges, dams, and levees in the U.S. found that these infrastructures were
in 'mediocre' or 'poor' condition, with only railways in ‘good’ condition (ASCE, 2021). A similar
infrastructure assessment in 14 coastal states on the U.S. east coast (Florida to Maine) indicates an
overall 'poor' condition. The ASCE report estimates that 86%illion, US$125 billion, and
US$45.2 billion are needed for the backlog of roads, bridges, and railways maintenance. This
complacency towards maintenance in a Higlaardprone coastal area increases the susceptibility
of infrastructure to failure.

Infrastructure failure has major environmental repercussions and can result in significant
fatalities. For example, in August 2005, Hurricane Katrina caused the breaching of the New
Orleans levee system, resulting in widespread flooding, extensive damageity,thnd the loss
of over 1500 livegvan Heerden, 2017; Sillst al, 2008). The 2013 collapse of the eightry
Rana Plaza Savar, Dhaka, Bangladesh, resulted in more than 1,100 deathet @{aBi®19). On
August 14, 2018, the Morandi bridge inri@a, Italy collapsed over the Polcevera river, causing
43 deaths (Mililloet al,, 2019). The July 2021 twehstory building collapse in Miami, Florida,
claimed the lives of 98 people (lat al, 2021). These highonsequence events in coastal areas
are urfortunate reminders of the overwhelming and devastating consequences of infrastructure
failure. Settlement (or subsidence) in an area affects the integrity of existing structures and
increases the likelihood of failure (Skempton & Macdonald, 1956; Castcat, 2013; Cigna &

Tapete 20213, Vassileveet al, 2021). For some structures, unless foundations reach the bedrock,
they are more susceptible to settlement and subsidence hazards, which can lead to eventual failure
if not properly managed (Dehkst al, 2019). Thus, frequently monitoring the conditions of
infrastructure and associated hazards is essential for resilience assessment by individual asset
owners, engineers, and policymakers (Clemeetiail., 2021).
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Figure 4.1. Population, Infrastructure and SealLevel Rise (SLR) on the U.SEast Coast.(a)
Population distribution in major cities on the U.S. east coast. The population data is the 2020
population estimate from the U.S. census bureau. The black rectangle indicates extent ofthe close
up areashown inFigure 4.1b. (b) Closeup view of New England showing Infrastructure
systems/facilities on the U.S. east coast. The summary table béimeethresents statistics for

all infrastructure facilities analyzed in this studg) Time series of monti (dashed line) and
annual (solid line) mean sea level with the colors corresponding to the locations of the marked
black, blue, and green inverted triangles shown IN@AA, 2022). The time series have been
offset for visual clarity.

The exploitation b deformation signals from interferometric synthetic aperture radar
(INSAR) has proved effective in assessingisi populations (Herrer&arciaet al, 20221
Blackwell et al, 2020) and monitoring infrastructure resilience, e.g., roads, railways, hridges
airports, dams, and levees (Macchiaratoal, 2022; Milillo et al, 2019; Pedutet al, 2017;
Argyroudiset al, 2019; Bianchini Ciampolet al, 2019; D'Amicoet al, 2020; Aswathiet al,

2022). Here, we investigate the exposure of communitiestsasaad 14 infrastructure
systems/facilities (roads, railways, dams, levees, train stations, airports/airfields, universities,
schools, hospitals, nursing homes, fire departments, post offices, libraries, and police stations) to
subsidence hazards withi@@ km inland of the U.S. east coast. In this study, we define exposure
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to subsidence in terms of the area, population, properties, and infrastructure interacting directly
with the sinking land on the U.S. east coast, for varying magnitudes of subsidencéhe
subsidence exposure analysis is critical for coastal hazard (e.g., flooding) mitigation and
infrastructure resilience development on the U.S. east coast and for linking subsidence to the
socioeconomic consequences of relative SLR.

4.3  Materials and Methods
4.3.1 Vertical Land Motion (VLM) Data

To create a map of VLM rates whose uncertainties are verified and qualities are assessed,
we leverage the ~50 m resolution VLM datasets from 2007 to 2020 published by the United States
Geological Survey (USGSBarnardet al, 2023a; Barnaret al, 2023b) and Ohenhest al
(2023) @ppendix C, FigureC1g. The VLM datasets were produced using an interferometric
dataset comprising 3,057 SAR images from ascending tracks of the Séntindl/ B and ALOS
satellites, in combination with observations of 3D displacement fields at 162 global navigation
satellitesystem (GNSS) stationg\gpendixC, FigureC2). To produce the spatially continuous
VLM maps across the region, two largeale maps of linef-sight (LOS) velocity for Sentinel
A/ B and ALOS 1 satellites were fimemtedferd7oduced
Sentinell and 95 ALOSL frames wusing a multitempor al Wa v
algorithm (Shirzaei & Burgmann, 2012; Shirzaei, 2013; Shireaeil, 2019; Lee & Shirzaei,
2023) . To this end, t he wa20,600 eterfefograsne idvoled a |l y s i
identifying and removing noi sy pi xel s, redu.
atmospheric phase delay, and spatially uncorrelated DEM error (Shirzaei & Birgmann, 2012;
Shirzaei, 2013). Next, the LOS velocity faah pixel was estimated as the slope of the best fitting
line to the associated time series using a reweighteddgaates estimation. Lastly, the LOS
velocity for each frame is mosaiced to generate laogde continuous LOS displacements for
Sentinefl and ALOS datasets following the procedure of Gitjal (2018). Further details on the
model input parameters, interferogram, and LOS velocity generation can be found in Gétenhen
al. (2023).

To combine the LOS velocities with the GNSS 3D displacesnentl generate a map of
the VLM rate and assess uncertainties, we adopted a variation of the stochastic model proposed by
Ohenheret al (2023):

w 6 6 6

#P& ~6 6 6& 0
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where 0 represents the unit vectors projecting the 3D displacements onto the LOSeftjans
2001),0, 0 , and"Y are the interpolated GNSS velocities,andw are the interpolateLOS
velocities and, and, are the variances for each pixel, where the subsaiiptsdi indicate
ALOS-1 and Sentinel, respectively, ang, N, U are unknowns. Using matrix notations,
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The optimized value of unknown in terms of lesgtiares and associated varianoeariance
matrix O ) are given by

®w O00LO 0UVD 4.6
0 — 000 4.7

Whered is Green's functiori) is the observations, amdis the weight matrix, which is inversely
proportional to the observant variange ), Q '@ the degree of freedom, which is equal to the
number of indeperaht equations minus the number of unknowns andd 0 & The weight

matrix, 0 assigned to the interpolated GNSS observation, is a weight proportional to the nearest
GNSS station (Ohenhest al,, 2023).

Next, we perform a Cksquare goodness of fit test examine whether the unknown
parameters are distributed normally, or their distribution is skewed due to outliers and systematic
errors (Soong, 2004). This test accountgierimpact of observations error and model inaccuracy
on the quality of the estiated VLM rates usedh the exposure analysis. To that end, we
implemented a statistical hypothesis testing with a null hypothesis statingfollows a Chi
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square distribution.(.) with ‘Q "@egree of freedonfMikhail & Ackermann, 1976) Thus, the
alternative hypothesis defined as

JONEE

| I 4.8

We attempt to reject the null hypothesis at a significance tdvel= 0.05, namely, we excluded

pixels wherd 0 iis greater than the critical valuAgpendix C, FigureC1b). This exclusion
criterion was applied to ensure the robustness of our exposure analysis by removing data points
that may be affected byeasurement errors or model deficiencies. Generally, we note higher chi
square values in areas with noted higher standard deviations. This could be attributed to several
factors: the nonlinearities in surface deformation rates observed between thelA&®@IS
Sentinell periods, the sparse distribution of GNSS stations, and the comparatively higher standard
deviation observed at these GNSS stations in these areas (8hatp2023). The final VLM

utilized in this study is shown in Rige4.2a. The distrilution of the standard deviation shows that

79% of the pixels have values less than 1 mm per year, and more than 99% of the pixels have
standard deviation values less than 3 mm per yggendixC, FiguresC3a and h INSAR VLM
validation was performed ugy 30 independent GNSS stations provided by the Nevada Geodetic
Laboratory (Blewittet al, 2018) AppendixC, FigureC2). The comparison against the GNSS
vertical observation shows a mean and a standard deviati@ri6fmm per year and 0.8 mm per
year,respectively, for the difference between the two datasgisendixC, FigureC30).

4.3.2 SAR Analysis of JFK Airport

To measure the higlesolution surface deformation at JFK airport, we analyzed 104 SAR
images acquired during 05/17/20162/08/2021 in Acending orbit of the Sentin@)A/B satellite.
We applied a multliooking factor of 6 x 1 in range and azimuth directions, resulting in a ground
resolution cell of ~15 m. The rest of the analysis is similar to that described above for mapping
largescale \LM rates along the U.S. east coast.

4.3.3 Differential Subsidence Data for the U.S. East Coast

We define hazard due to differential subsidence on the U.S. east coast using angular
distortion [ ), which is a measure of differential settlement between ewljguixels (Skempton &
Macdonald, 1956; Burlanet al, 1975. Given ¢ the distance between adjacent SAR pixels and
Y as the differential settlement betwegh is defined as the ratio 6f to &(equation 3.4n
Chapter 3. Wheredis 50 m and is computed for the INSAR period, 2002020 (13 years).

The obtained values are dimensionless and expressed in fractions. Following Cigna & Tapete
(20218) we define four categories indicative of the increasing hazard severity, viz{ low (
pXofrt m)7tmedium pfoft mtt  pfph mrthigh Efplw mmtt  pfu myand very high

¢ pfu mn
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4.3.4 Population, Properties, and Infrastructure Data

The population and properties dataset for the U.S. east coast is based on thecepen
TIGER/Line demographic aheconomic data record available from the U.S. Census Bureau. For
the population data, we extracted the 2021 population estimates available-ooumtyybasis for
172 counties and 14 states along the U.S. east coast, including Florida (FL), GeorgBo(@A),
Carolina (SC), North Carolina (NC), Virginia (VA), Maryland (MD), Delaware (DE),
Pennsylvania (PA), New Jersey (NJ), New York (NY), Connecticut (CT), Rhode Island (RI),
Massachusetts (MA), and New Hampshire (NH). A summary of the 172 selecte@sasintiown
in Appendix C,Tables C1 to CL The properties dataset is from the 2020 total housing units
categorized by the census for each of the 172 counties.

We analyzed the exposure to subsidence for 14 infrastructure systems on the U.S. east
coast, intuding transport networks (roads and railways), flood control systems (levees and dams),
health facilities (hospitals and nursing homes), and other critical infrastructure (airports, schools,
universities, train stations, fire departments, police statipost offices, and libraries). The
infrastructure dataset used in this study is from three sources. All roads (primary/secondary and
interstate highways), railways, train stations, airports/airfields, universities, schools, hospitals,
nursing homes, fireagpartments, post offices, libraries, and police stations data are based on open
access data from TIGER/Line Shapefiles available from the U.S. census bureau. The dams are
extracted from the United States Army Corps of Engineers (USACE) National Invehttams,
which contains an extensive dataset of 92,092 dams across the U.S. The levees dataset is from the
United States Army Corps of Engineers (USACE) national levee database, which contains a total
of 6,972 levee systems (length: 39,445 km) across tBe However, we note that the USACE
national levee database only includes a small percentage (~ 20%) of existing levee systems in the
U.S. (Knoxet al, 2022). The roads, railways, and levees datasets are linear/line features. The
datasets of the dams, tmastations, airports/airfields, schools, fire departments, post offices,
libraries, and police stations are point features. While the universities, hospitals, and nursing homes
are area/polygon features. &rg 41 provides summary statistics of all infragture data used in
this study.

4.3.5 Subsidence Exposure Analysis

Exposure indicates the degree to which the elerratsk (population, properties, and
infrastructurg are exposed to a particular hazard (van Westen 2013). In this study, we define
exposure to land subsidence based on the magnitude of negative land level change (VLM < 0 mm
per year) for the different elemerdsrisk. We present the subsidence exposure for several
subsidence rates in order of increasing hazard severity: VLM < 0 mne@eniLM <-1 mm per
year, VLM <-2 mm per year, VLM <3 mm per year, VLM <4 mm per year), VLM <5 mm
per year.
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To determine the area exposure to subsidence, we estimated the areas affected by
subsidence hazard for 172 counties with INSAR pixels alomgy.S. east coast. To more precisely
define the exposure limits in each county/infrastructure, we incorporated the standard deviation
values associated with the VLM data (i.e., £ standard deviation). This approach yields estimates
of the lower (VLM + stadard deviation), median (VLM), and upper (VLMtandard deviation)
bounds of the exposure analysis, which is critical for accurately assessing the impact across
varying degrees of subsidence severity. We evaluated the exposure to subsidence for gach coun
by implementing a regular grid of 100 m for each county and assigned the VLM rate for each grid
cell as the median VLM value of INSAR pixels within that grid cell. Assuming spatially continuous
subsidence and applying a linear interpolation, we thezuledé the area exposed to subsidence
for different subsidence hazard severity (i.e., VLN) #+nm per year, VLM <1 mm per year,

VLM < -2 mm per year, VLM <3 mm per year, VLM <4 mm per year, and VLM & mm per

year) expressed as a percentage of tta @aoea of the county (equatidr®). Counties not exposed

to subsidence for the different subsidelnce r a
mm per yedr mmVperOy-8amm NMé&mM pO&eram perysat, ahd DM

O-5mm per yar) or without any INSAR pixels are given an absolute value of 0.

boil uoon ¢ d A i QQOEe0Q pTITP 4.9

Subsidence exposure for th#rastructure is independent of the infrastructure type, age,
quality, tolerance, and other factors which may increase the risk. Exposure to subsidence for
infrastructure is calculated based on the feature type (linear, point, or area). For the liness fea
(roads, railways, and levees), we generated a regular grid of VLM rates across the U.S. east coast
and extracted the VLM rate (and VLM % standard deviation) of each point on the linear
infrastructure. For the point features (train stations, airarfiglds, schools, fire departments,
post offices, libraries, and police stations), we selected INSAR pixels within a radius of 500 m and
calculated the average weighted VLM rate for each point infrastructure. Similarly, for the polygon
features (universies, hospitals, and nursing homes), the VLM rate for each polygon infrastructure
is the average weighted VLM rate of INSAR pixels within each polygon feature.

4.3.6 Differential Subsidence Hazard Analysis

The differential subsidence analysis for the dindrailways, roads, levees) and area
(universities, hospitals, and nursing homes) infrastructure was determined similarly to the
exposure analysis described above. For the linear feature, we generated a regular galdexf
across the U.S. east coasid extracted the of each point on the linear feature. For each levee,
we only report the maximum category (low, medium, high, very high). For the area infrastructure
(universities, hospitals, and nursing homes), ithealue for each area infrastture is the
maximuml of INSAR pixels within each polygon. For the point infrastructure, we extracted the
I value in the grid corresponding to the location of the point feature.
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4.4 Results
4.4.1 Land Subsidence along the U.S. East Coast

Figure 4.2a shavs the updated VLM from this study, with negative values indicative of
land subsidence and positive values indicating uplift. Hereafter, we quote VLM values with the
respected signs, while we only report the absolute values for subsidence (i.e., negitjve V
Given the standard deviations, 78 to 99% of the obtained INSAR pixels show subsidence with a
median rate of 1.3+0.5 mm per yeAppendixC, Figures C3 and C4 The maximum subsidence
rate across the U.S. east coast exceeds 10 mm peAyp@ndixC, FigureC4) and varies with
rates up to 13 mm per yeakdpendix C, Figure C4). We highlight twelve metropolitan cities
affected by spatially variable land subsidence {feégi2e): Boston (MA), Providence (RI), New
Haven (CT), New York (NY), Atlantic CityNJ), Baltimore (MD), Norfolk (VA), Wilmington
(NC), Charleston (SC), Jacksonville (FL), and Miami (FL). Note the different ranges of rates of
each city illustrated by the box plots and corresponding outliers. We observe subsidence in most
cities, with raes exceeding 1 mm per year in some areas. Notably, several areas in Atlantic City,
Savannah, and Charleston are subsiding with rates faster than 4 mm per year4Zey

To analyze the factors contributing to VLM along the U.S. east coast, we emteyed
glacial isostatic adjustment (GIA) IG&S-D model (Peltieret al, 2018) to estimate the GIA
contributions at the INSAR pixels and excluded its effect from the observed VLM. In the absence
of the long wavelength GIA signals, the corresponding VLM nsadominated by noGIA
signals, including the contribution of anthropogenic influences (e.g., groundwater extraction and
sediment compaction). The VLM from the GIA model displays a persistent subsidence signal
along the U.S. east coast, with particuldrigh subsidence rates of ~3 mm per year observed in
New Jersey and Delawar@gpendixA, Figure A83. Without the GIA effects, the subsidence
signal in the VLM map decreases by 55% (fFey42c), suggesting that GIA effects predominate
and control the obseed broaescale subsidence along the U.S. east coast. The medigBlAon
VLM rates show an apparent shift towards uplift (VLM > 0 mm per year) in half of the twelve
highlighted major cities. However, cities such as Boston, Atlantic City, Charlestonaaadrah
show norRGIA subsidence rates of 1 mm per year in some areasré~ige).

4.4.2 Differential Subsidence along the U.S. East Coast

Differential subsidence, the uneven sinking of the land, poses a significant hazard to urban
infrastructure, includig buildings, roads, and other infrastructure facilities. The hazard associated
with differential subsidence is due to angular distortioncaused by strain changes between two
adjacent points, which is commonly employed in geotechnical engineerisgdssahe severity
of damage caused by subsidence/differential settlement (e.g., Cigna & T2k 2021b;
Vassileveet al, 2021; Fernandezorreset al, 2020; Ohenhen & Shirzaei, 2022).
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Figure 4.2. Vertical Land Motion (VLM) along the U.S. EastCoast.(a) Updated VLM rate for

the U.S. east coast from this study. This map includes ~25 million pixels at ~50 m res@bjtion.
Spatial distribution of angular distortioh)(map.(c) Empirical cumulative distribution function

for VLM and VLM without glacial isostatic adjustment (GIA). The GIA data from the-6CED
model(Peltieret al, 2018. (d) Empirical cumulative distribution function fér The area for each

b categoy is estimated using a regular grid of 50(g) Distribution of land subsidence for twelve
metropolitan cities on the U.S. east coast: Boston (MA), Providence (RI), New Haven (CT), New
York (NY), Atlantic City (NJ), Baltimore (MD), Norfolk (VA), Wilmingtn (NC), Charleston
(SC), Savannah (GA), Jacksonville (FL), and Miami (FL). The locations of the cities are
highlighted in Figire4.2a.

The angular distortion map (Rigg4.2b) shows that more than 99.5% of the area (95,000
km?) are classified as lowazad zones for the time scale of INSAR period (20@D20). We find
no areawith  pAu Tt (very high hazard zones), which is the recommended threshold for severe
damage to urban infrastructure (Skempton & Macdonald, 1PB&@iandeZT orreset al, 202Q.
However, the presence of medium and Highones in a combined area of 290%predominantly
around the Chesapeake Bay area, where high subsidence and uplift signals are noted. These
medium and higihazard areas suggest uneven settlement in these regicstsoaidibe the focus
of frequent monitoring, particularly in urban areas. Analysis of the differential subsidence for
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urban areas on the U.S. east coast show tiskow for the 12 highlighted major cities, with only
Boston having a medium value in 0.05 kn? area Appendix C,Table C5.

4.4.3 County-specific Subsidence Exposure Analysis

To determine the area affected by subsidence on-clmyty basis, we calculated the
percent area in each county affected by subsidence using eq&i@erts et al, 2014) and
evaluated the area exposure for different subsidence hazard severity. This assessment incorporates
the standard deviation values from the VLM, providing specific lower, median, and upper bounds
for the subsidence exposure analysis in eachtgqsee methodsectior). Figure 4.3 (median),
Appendix C, Figure C5 (lower bound), andAppendix C, Figure C6 (upper bound) show the
percentarea exposed to subsidence hazards in coastal counties (172 counties overlapping with
SAR pixels) on the U.S. easbast, while Tablel.1l details the total land area, population, and
property exposurélote that ve only estimatepopulation and property exposure for counties with
high area exposure (greater than 60%).

Our analysis shows that out of the 172 countietyaed on the U.S. east coast, 154 to 163
counties are exposed to subsidence rates >0 mm per year, 138 to 163 counties to rates >1 mm per
year, and 56 to 152 counties to rates >2 mm per year (considering the lower to upper bounds)
(Figure 43; AppendixC, Hgures C5 and C64do c). However, only 6 to 32 counties have a high
percent area (>60%) exposed to land subsidence for the different subsidence hazard severity
(subsidence rates >0 mm per year to >2 mm per year). These counties include some major
metropoltan areas on the U.S. east coast, including Hampton (Virginia, VA), Norfolk (VA),
Virginia Beach (VA), Chesapeake (VA), Baltimore City, (Maryland, MD), Union (New Jersey,
NJ), Middlesex (NJ), Monmouth (NJ), Ocean (NJ), New Haven (CT), and several cauhtes
York City (Queens, Bronx, Nassau, and Westchestery(€s43ato c; AppendixC, Figures C5
and C7J. These communities with a high percent area exposed to subsidence also have high
estimated population and property exposure, with 242,000 peogl©®000 properties for
Norfolk (VA), 451,000 people and 177,000 properties for Virginia Beach (VA), 826,000 people
and 335,000 properties for Baltimore city (MD), 822,000 people and 294,000 properties for
Middlesex (NJ), and ~5 million people and ~1.8limil properties for Queens, Bronx, and Nassau
(NY) (Appendix C,Table C). We estimate that a total land area between 2,200 to 81,00@&km
population between 1.2 to 16 million people, and 476,000 to 6.3 million properties on the U.S. east
coast's coastalommunities are exposed to subsidence rates of 0 to 2 mm peflgbbr4.1).
However, as the severity of subsidence hazard increases, the extent of exposure decreases. For
exceptionally high subsidence rates >3 mm per year, we find a total exposadeiahetween 74
km? to 14,400 krA. However, only one county Sussex, DE (upper bound) exhibits a high
percentage of area exposure (greater than 60&b)l€4.1; AppendixC, FigureC6d).
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Table 4.1. Subsidence Exposure for Counties, Population, and Properties on the UEast
Coast.Lower, median, and upper bound for the area exposure (in thousand kmz2), total population
(in millions), and properties (in millions) on the U.S. east coast. The wothsut bounds are

where the lower, median, and upper bounds have the same exposure. The population and property
exposure are only estimated for counties with an area exposure greater than 60%. NA (not
applicable) is assigned as the population and propgpgsure for counties with an area exposure

of 60% or less. The area exposure, total population, and properties for each county are summarized

in Appendix C,Tables C1 to C4
VLM
(mm Area Number Total Land Population Property
per Exposure of Area (x1C° Exposure Exposure
year) (%) Counties km?) (million) (million)
>0-20 | 47,39,34] 5.6,4.8,4.6 NA NA
20-40 | 50,47,44| 21.2,17.1,21.] NA NA
<0 40-60 | 32,46,53| 17.4,24.7, 33.1 NA NA
60-80 | 24,30,31| 14.6,20.3,22.0 13.0,14.415.1| 5.1,5.8,6.0
>80 1 0.6 1.4 0.5
>0-20 | 70,51,40] 7.7,4.6,5.0 NA NA
20-40 | 35,41,43| 9.6,13.9,19.3 NA NA
<-1 40-60 | 15,39,49 5.6,20.7,28.6 NA NA
60-80 | 18,23,30] 7.1,12.5,20.7| 11.8,12.1,14.4 4.1,4.7,5.8
>80 0,11 0.0,0.6,0.6 0,14,14 0,0.5,05
>0-20 | 53,59,80 15, 3.6,6.5 NA NA
20-40 | 3,20,33| 0.6,5.3,11.8 NA NA
<-2 40-60 | 0,10,30| 0.0,4.4,155 NA NA
60- 80 0,6,9 0.0,2.0,5.6 0,1.2,24 0,05,1.2
>80 0 0.0 0 0
>0-20 | 13,43,64] 0.3,1.7,4.0 NA NA
20-40 1,512 0.2,1.8,4.1 NA NA
<-3 40- 60 0,0,9 0.0,0.0,4.8 NA NA
60- 80 0,0,1 0.0,0.0,15 0,0,0.2 0,0,0.1
>80 0 0 0 0
>0-20 | 8,28,52| 0.2,1.1, 3.3 NA NA
20-40 1,1,5 0.1,02,1.8 NA NA
<-4 40- 60 0,0,2 0.0,0.0,1.9 NA NA
60- 80 0 0.0 0 0
>80 0 0.0 0 0
>0-20 | 7,13,38| 0.1,04,1.3 NA NA
20-40 0,1,4 0.0,0.2,1.2 NA NA
<-5 40- 60 0,0,1 0.0,0.0,1.2 NA NA
60- 80 0 0.0 0 0
>80 0 0.0 0 0
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Figure 4.3. Subsidence Area Exposure for Counties on the U.&ast Coast. Perentage of

county's land area affected @) VLM < 0 mm per year(b) VLM < -1 mm per year(c) VLM <

-2 mm per year(d) VLM < -3 mm per year(e) VLM < -4 mm per yegrand(f) VLM < -5 mm

per year. Note that this figure considers the median bound (VL¥), @@eAppendixC, Figures

C5 and Céor the lower and upper bounds (VLM * standard deviation). The black and gray shape
outline in Figires4.3ato f defines the extent of each counmhile thelight grey countieare those

without any SAR pixels expodeto the different subsidence rates. Important counties are
numbered in red. Tabll summarizes the number of counties, total land areaingdopulation,

and properties exposed to subsidence. A summary table of all counties and land area exposure is
provided inAppendix C,Tables C2a C4.
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4.4.4 Infrastructure Subsidence Exposure Analysis

Detecting and monitoring critical infrastructure affected by fast subsidence rates are
essential in ensuring their structural integrity, maintaining their longewity,naonitoring site
specific structures vulnerable to land subsidence and related hazards (€asalini2013,;
Clementiniet al, 2021).

Subsidence exposure analysis of infrastructure assets for 14 states along the U.S. east coast
are shown in Figres4.4 to 4.6; AppendixC, Figures C8 and C9Figure 4.4aand AppendixC,
FigureC8show the distribution of vertical deformation velocities over the primary and secondary
roads. The exposure analysis shows that between 77 to 99% (5,300 to 6,900 km outkoh$,942
of Interstate highways and 76 to 99% (50,000 to 65,000 km out of 66,000 km) of primary and
secondary roads are exposed to subsidence (VLM < 0 mm per year) on the U.S. east coast. High
subsidence rates (greater than 3 mm per year) are observed@mAf4Xin of interstate highways
and 490 to 8,500 km of primary and secondary roads on the U.S. east coast, observed particularly
along the coastal fringes of Georgia, South Carolina, North Carolina, Delaware, and the Delmarva
Peninsula (Figre 4.4aand Appendix C, FigureC8). Figure 4.4b highlights a critical section of
roads in Hampton and Norfolk (VA), where subsidence rates along the roads exceed 2 mm per
year. Roads in the Hampton area have documented increased flooding of transport infrastructure
due b progressive subsidence and sea level rise in the region (Ezer, 2018; Buetzan@®20;

Pezza & White, 2021).

The railway network density on the U.S. east coast is among the highest in the country,
particularly in New England, which includes six Mhwrastern states: Connecticut, Maine,
Massachusetts, New Hampshire, Rhode Island, and Vermont. The exposure analysis for railway
systems and train stations is shown inuFég4.4c and Appendix C, FigureC9. The exposure
analysis shows sinking on 81 to 9%¥athe railway systems (7,452 to 9,221 km out of 9,247 km)
and 42% (11 out of 26) of train stations (lig4.6b), with subsidence rates of more than 3 mm
per year observed along 41 to 846 km stretch of railways on the U.S. east coast. The high density
of underground railways (subways) in New York City increases the risk associated with the
observed subsidence hazard in this regionufieig4d).

Figures 45 and 4.6 show the subsidence exposure analysis for an ensemble of
infrastructure facilities (scho®| universities, hospitals, airports, dams, levees, libraries, post
offices, fire departments, police stations, and nursing homes) on the U.S. east coaste$d big
(atof) and4.6, the warming of the colors from blue to red denotes an increasedesutesshazard
severity. Subsidence exposure analysis shows that more than 70% of infrastructure in each
category is sinking. However, we find that less than 10% of the infrastructure facilities on the U.S.
east coast are exposed to subsidence greateBthan per year. Subsidence hazards can be a
major concern for specific highsk infrastructures, such as dams, levees, or airports.
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Figure 4.4.Subsidence Exposure for Roads and Railways on the UEastCoast.(a) Median
exposure to subsidence for mpary/secondary roads. Exposure analysis for primary and
secondary roads are summarized inuFég44a. The lower and upper bounds for the primary
and secondary roads exposure analysis are showppendixC, FigureC8. White rectangle
indicates the extertf Figure4.4b. (b) Primary and secondary roads affected by subsidence in
Hampton and Norfolk (Virginia, VA)(c) Median exposure to subsidence for railways and train
stationsExposure analysis for primary and secondary roads are summarizedre #4d. The
lower and upper bounds for the railways exposure analysis are shéywpendixC, FigureC9.
Black rectangle indicates the extent of ig4.4d. (d) Railways are affected by subsidence in
New York City (New York, NY). The circles in FHiges4.4c and d are the locations of train
stations.
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Table4.2 summarizes the statistics for subsidence exposure for 10 levees protecting some
of the most valuable properties on the U.S. east coast. Median subsidence rates greater than 1 mm
per year affect all the Wee systems, with a total estimatedisk population of ~46,000, ~27,000
buildings, and properties valued at US$12 billion. Note that this population and property exposure
are only the base value estimated from the 10 highlighted leVakle4.2). Theactual population
and property exposure from the 116 levees exposed to subsidenaoe @#5f) may be two to
three times greater.

Major airports on the U.S. east coast exposed to subsidence are John F. Kennedy
International Airport (JFK), with a medianlssidence rate of 1.7 mm per year, LaGuardia Airport
(LGA) with a median subsidence rate of 1.5 mm per year, Newark Liberty International Airport
(EWR) with a median subsidence rate of 1.4 mm per year, and Boston Logan International Airport
(BOS) with a mdian subsidence rate of 1.1 mm per year. To emphasize the potentially damaging
effect of subsidence on airports and levees, we highlight the subsidence on JFK airport and the
Atlantic coast Maryland shoreline levee (fiigs4.5g to i). JFK airport, which erves more than
60 million annual passengers, shows a subsidence rate greater than 2 mm per year in several areas
of the airport and average and maximum subsidence rates of 0.8 and 2.8 mm per year, respectively,
on the runway (Figres 45g andh). The Atlantic coast Maryland shoreline levee protects some of
the most valuable assets (US$ 3.2 billion) on the U.S. east coast and also has the greatest
subsidence exposure for levees, with a maximum subsidence rate of 5.06 mm per year and a
median subsidence raté 4.3 mm per year (Figre 45i; Table4.2).
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Figure 45. Subsidence Exposure for Infrastructure Facilities on the U.SEast Coast.
Histogram showing average weighted subsidence exposu(a)fschools,(b) universities,(c)
hospitals,(d) Airports, (e) dams,(f) levees. The number of infrastructure facility within each
colored histogram are shown in the histograms. Not exposed to subsidence means VLM >0 mm
per year. N is the number of infrastructure facilitigg.Areas affected by subsidence in Jéhn
Kennedy International airporth) Time series of vertical land motion (VLM) around the runway
highlighted as the dotted black rectangle inurég45g. The yellow, green, and red circles
represent the time series for the minimum, average, and maxiohsitsnce rates observed on
the runway, respectivel{i) Subsidence across the Atlantic coast Maryland shoreline levee system.
The black polygons are building footprints. The property value of buildings behind the levee is
US$ 3.2 billion.
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Figure 4.6. SibsidenceExposure forInfrastructure Facilities on the U.SEastCoast Pie chart
showing subsidence exposure fay Kiursing homes,bj train stations,d) fire departments,dj

post offices, €) libraries, andf( police stations. N is the total numhrinfrastructure facilities.

The number of infrastructure facility within each VLM category are shown in the pie chart. Not
exposed to subsidence means VLM > 0 mm per year.

4.4.5 Infrastructure Differential Subsidence Hazard Analysis

Analysis of the diffeential subsidence hazard for infrastructure on the U.S. east coast revealed that
most infrastructure systems are in Idw ( pZotm m)thazard areas. Specifically, all railroads,
interstate roads, levees, nursing facilities, train stations, fire departrpestffices, libraries,

and police stations are located in areas with low vakuesgndixC, FigureC10). In the Delmarva
peninsula, however, 14 km stretch of primary and secondary road with mexfioim ¢t 1t 1

p¥plv m)rhazard levels were identified. faermore, infrastructure facilities with values
exceeding 1/3,000 (i.e., medium to high hazard zones) include 12 school buildings, 4 university
buildings, 1 hospital, 51 airports/airfields, and 117 daAppéndixC, FigureCl0ato €). These
structuresare potential facilities for careful monitoring and management to assess potential
structural damage due to subsidence gradients. Note that sirarggthiar distortionf () relies on
variations between neighboring pixels, we are limited to the smallesttalele scale of ~50 m

(see methods). Assessing localized tilts and structural damage on specific infrastructure would
require a finer spatial resolution (Cigna & Tap&@21a).
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