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ABSTRACT 

 

 

Coastal zones are hotspots of global environmental changes. Worldwide, coastal 

environments face multiple, interactive stressors caused by both natural and anthropogenic 

impacts on climatic, oceanographic, ecological, and socio-economic processes such as sea 

level rise, storm surges, hurricanes, land subsidence, and population growth. The coastal 

U.S. is highly vulnerable to many of these climate and human-induced stressors. Over the 

past three decades, sea levels have risen by about 0.1 m along the U.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 coastal cities. By 2050, potentially damaging coastal 

flooding is expected to occur ten times as often compared to a baseline for the start of the 

21st century. Moreover, these changes along the U.S. coastlines vary regionally and locally 

due to either positive or negative changes in land elevation over time (i.e., vertical land 

motion (VLM) ). Lowering of land elevation (i.e., land subsidence) exacerbates sea level 

rise and the risk of inundation along coastal zones, presenting significant security 

challenges to coastal ecosystems, infrastructure, and populations. These dynamic and 

interacting stressors necessitate continuous monitoring to inform effective mitigation and 

adaptation strategies. Earth observation data allows for accurate, high-resolution, and 

continuous measurements of changing coastline. Despite the increasing availability of 

Earth observation data, current methods for monitoring VLM  along coastlines lack the 

necessary spatial resolution and continuous coverage to accurately assess localized surface 

elevation changes. In this dissertation, I introduce a framework to jointly invert 

interferometric synthetic aperture radar (InSAR) and global navigation satellite systems 

(GNSS) data to provide semi-continuous measurement (50 m spatial resolution) of VLM 

for the contiguous U.S. coasts from 2007 ï 2020. Combining the VLM dataset with 

projected sea level rise using different scenarios, I estimate flood hazards exposure for 32 

major U.S. coastal cities by 2050, demonstrating that current measurements and 

frameworks underestimate flood vulnerability in several cities by not accounting for local 

and regional high-resolution VLM data. Next, I evaluate the possible drivers of land 

subsidence, exploring the relationship between spatio-temporal dynamic VLM and 

groundwater withdrawal from aquifers in major U.S. cities. Additionally, I assess the 

hazards and risks of land subsidence to infrastructure and wetlands along U.S. coasts. 

Finally, I extend this analysis beyond the U.S. coastline, investigating how land subsidence 

is linked to the incessant occurrence of building collapses in Lagos, Africaôs most populous 

coastal city. 
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GENERAL AUDIENCE ABSTRACT 

 

 

Coastal areas worldwide are under significant stress from both natural and human-made 

changes, including rising sea levels, flooding, storms, hurricanes, land sinking, and 

population growth. The U.S. coasts are particularly affected by these issues. Sea levels 

have risen significantly over the past few years, with further increases expected in the near 

future. As sea levels rise, tides and storm patterns will change; thereby altering the flood 

frequency and magnitude in coastal cities. Land sinking exacerbates the impact of sea-level 

rise and flooding, affecting people, buildings, and the natural environment in coastal cities. 

These factors change over time, so they must be constantly monitored to develop effective 

strategies for adaptation and mitigation. Here, I used satellite-based tools to monitor land 

changes over time, identifying areas where the land is sinking. I combined this information 

of where land is sinking with sea-level rise data to estimate the areas that will be vulnerable 

to flooding by 2050 in 32 U.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). I also examined the causes of land sinking, particularly how 

groundwater extraction can lead to land sinking and the risks this poses to buildings and 

the natural environment along the U.S. coasts. This research highlights the impact of 

climate change and human activities on the U.S. coasts and 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 sea-land interface with elevations less than 10 

meters above sea level. 

Megacities: High density urban 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 change, influenced by factors 

like ice-mass loss and thermal expansion of ocean water. 

Relative Sea Level (RSL): The change in local mean sea 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 upward or downward movement of the Earthôs 

surface, driven by both natural and human processes. 

Land Subsidence: The gradual sinking of the land surface. Note that land subsidence can 

also be sudden, as in the case of an earthquake activity, however, here we reference just 

the gradual sinking. Denoted with negative values in this dissertation. 

Uplift : The gradual rising of the land surface. It is motion in the opposite direction of land 

subsidence. Denoted with positive values here in 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), including 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 water onto typically dry coastal land and 

occurs during high tides. 

Storm Surges: This is the abnormal rise in seawater level during a storm event, which is 

measured as the height of the water above the normal tide. 

Tide Gauges: Instruments that measure sea level at specific locations along the coast (see 

Figure 1.5). 

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

in response to the melting of ice sheets. Although the ice from the last ice age (~16,000 

years ago) melted long ago, the land once under and around the ice is still rising and falling 

in response to its ice-age burden. 

Global Navigation Satellite Systems (GNSS): Satellite constellation that offers global or 

regional positioning, navigation, and timing services, often used to measure precise 3D 
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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) satellites (see Figure 1.5). 

Sentinel-1: A constellation of radar imaging satellites operated by the European Space 

Agency (ESA) as part of the Copernicus Program. 

Advanced Land Observing Satellite (ALOS): A Japanese Earth observation satellite 

operated by the Japan Aerospace Exploration Agency (JAXA). 

Line-of-Sight (LOS): The direction from a satellite to a point on the Earth's surface, used 

in InSAR to measure 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 

degradation (e.g., land subsidence, sea level rise, flooding). 

Exposure: The presence of people, infrastructure, housing, production capacities and 

other tangible human assets in hazard-prone areas. 

Vulnerability:  The conditions determined by physical, social, economic and 

environmental factors or processes which increases the 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 capacity. It often 

considers both the likelihood of an event occurring and the consequences of that event. 

 

Hazard, Exposure, Vulnerability, and Risk definitions are based on the United Nations 

Office for Disaster Risk Reduction (UNDRR) definitions (https://www.un-spider.org/risks-

and-disasters/disaster-risk-management). 
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Chapter 1 

Introduction : Contemporary and Emerging Hazards on the U.S. Coasts 

1.1 Background & Motivation 

Coastal zones are essential social, economic, environmental, and ecological systems, 

defined as low-lying land areas at the sea-land interface with elevations less than 10 m above sea 

level. Worldwide, most coastal areas are densely populated urban centers with most inhabitants 

concentrated in megacities located on river deltas (Merkens et al., 2016). Currently, about 10% of 

the worldôs population resides in coastal areas, despite these areas covering only 2% of the worldôs 

land area (Neumann et al., 2015; Mehvar et al., 2018) and 15 (out of 23) megacities (> 10 million 

residents) worldwide are coastal cities (Blackburn et al., 2019). Projected population growth and 

ongoing coastal migration trends suggest that by 2050, ~1 billion people could live in coastal 

regions, driven by the appeal of economic opportunities and social conditions (McGranahan et 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 (GDP) (Magnan et al., 2022). In some countries, the GDP per capita in coastal 

regions is higher than that of the combined national economies (Arto et al., 2019). Port cities and 

maritime transport form a vital component of the global and national economies with the global 

ocean economy increasing in value by US$ 1.5 trillion  in 2010 (Hanson et al., 2011; Melet et al., 

2020). By 2030, this value is projected to exceed US$ 3 trillion, primarily from oil and gas mining, 

coastal tourism, ports, and fisheries (OECD, 2016; Melet et al., 2020).  

Beyond these socio-economic functions 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 

conservation and maintaining ecological balance (Befus et al., 2020). These areas act as natural 

buffers against storm surges and coastal erosion, protecting the shorelines from extreme weather 

events. Wetlands and coastal forests also contribute to carbon sequestration, nutrient cycling, and 

sediment retention, helping to mitigate the impacts of climate change and supporting overall 

environmental health (Blankespoor et al., 2014; Mcleod et al., 2011; Schuerch et al., 2018; Hardy 

& Wu, 2020).  

Despite these recognized immense functions and values, coastal zones are facing increased 

vulnerability to various hazards due to global climate change. The current rates of sea-level rise 

(SLR), high tide flooding, storm surges, erosion, saltwater intrusion, and the potential for 

accelerating sea levels and increased frequency and intensity of extreme events threatens coastal 

environmental security (Neumann et al., 2015; Allison et al., 2016; Hauer et al., 2020; Befus et 

al., 2020; Nicholls et al., 2021; Shirzaei et al., 2021).  



2 

 

Globally, mean sea levels have increased over the past century, mainly attributed to 

accelerated ice-mass loss of glaciers and ice sheets and the thermal expansion of ocean water 

(Kopp et al., 2015; Sweet et al., 2017). Since 1901, global mean sea levels (GMSL) have risen by 

about 22 cm, at a rate of 0.2 cm per year throughout the 20th century (1901 to 2000) (Figure 1.1). 

This rate has not been constant over the past few decades but has increased. Between 1901 and 

1971, the average rate of GMSL rise was 1.3 mm per year, which increased to 1.9 mm per year 

between 1971 and 2006, and further increased to 3.7 mm per year from 2006 to 2018, with the 

current rate at 4.0 mm per year measured between 2010 to 2023 ï more than twice the long-term 

rate (Figure 1.1; IPCC, 2021; Sherpa et al., 2023). During this century, it is expected that GMSL 

will continue to rise owing to the past warming of the oceans, current emissions, and the uncertain 

response of glaciers and ice sheets to future emissions (Sweet et al., 2017). The most recent 

assessment of projected sea level change by the Intergovernmental Panel on Climate Change 

(IPCC) based on shared socioeconomic pathways (SSPs) suggests that GMSL could increase by 

approximately 0.3 to 0.5 m by 2050, contingent upon emission scenarios (Fox-Kemper et al., 

2021). In the best-case scenario (SSP1-1.9), where emissions are substantially reduced, GMSL is 

expected to increase by approximately 0.45 to 0.75 m by the end of the century, and in the event 

of a worst-case scenario (SSP5-8.5), in which emissions persist at a high level, the GMSL could 

increase by up to 0.8 to 1.2 m (Figure 1.1; Fox-Kemper et al., 2021). 

However, at regional and local scales, relative sea level (RSL), defined as the change in 

sea level relative to the solid Earth at a specific location, is most relevant to both short-term and 

long-term impacts of sea levels on coastal zones. In many regions, rising sea levels are expected 

to double the frequency of flooding and extreme weather events (e.g., storm surges and high tides) 

along the coasts (Vitousek et al., 2017). As sea levels rise, high tide lines migrate inland, increasing 

the frequency, intensity, and impacts of coastal flooding during storms and high tides (Vitousek et 

al., 2017; Almar et al., 2021).  
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Figure 1.1. Historical and Projected Global Sea Level Change. Plot of average global sea level 

change since 1880 ï 2023, based on long-term tide gauge and satellite altimetry measurements 

(CSIRO, 2017), and projected sea level change based on shared socioeconomic pathways; SSPs 

(Fox-Kemper et al., 2021). The future projections show the low (SSP1-1.9) and high (SSP5-8.5) 

emission scenarios. End of century (2100) projections for SSP1-1.9, SSP2-4.5 (current emissions 

trajectory), and SSP5-8.5. The solid line represents the 50th percentile, while the shaded region 

represents the 17th and 83rd percentile, respectively. 

Across the coast of the United States mainland, increases in RSL over the past several 

decades have led to an increase in the frequency of flooding (Taherkhani et al., 2020; Sweet et al., 

2022; Dangendorf et al., 2023). Figure 1.2 shows the regional rates of sea level rise at tide gauges 

along U.S. coastlines before the start of the 21st century (a, <2000) and during the 21st century (c, 

2001ïpresent). A comparison of the rates reveals significant differences in the trends and an 

acceleration in RSL between the two periods. Higher RSL rates (>5 mm per year) are observed in 

55% of the tide gauges during the 21st century, in contrast to 13% observed pre-21st century. These 

shifts in the local sea levels correlate with an increase in the annual occurrences of high tide 

flooding across the U.S. coastline (Figure 1.3). Nearly all the tide gauges (52 out of 78) have 

experienced temporal changes in high tide flooding since 2000, with the largest increase occurring 

where the local RSL is highest (Figure 1.3). Additionally, the highest occurrence of annual flood 

days during the past decade (since 2010) has occurred chiefly along the mid-Atlantic and the Gulf 

coasts of the U.S. where relative sea levels driven by coastal land subsidence is greatest (Sallenger 

et al., 2012; Eggleston & Pope, 2013; Sweet et al., 2017; Sherpa et al., 2023).  
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Figure 1.2. Relative Sea Level Trends along U.S. Coasts. (a) RSL trends along the coast of the 

U.S. from 1950 ï 2000 (pre-21st century). (b) Histogram showing the distribution of RSL rates 

shown in (a). (c) RSL trends along the coast of the U.S. from 2001 ï present (21st century). (d) 

Histogram showing the distribution of RSL rates shown in (c). The total number of tide gauge 

stations is 132 (NOAA, 2023). 
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Figure 1.3. High Tide Flooding along U.S. Coastline. The annual number of flood days from 

1980 to 2023 at tide gauge stations along U.S. coast referenced as height above mean higher high 

water (MHHW) (NOAA, 2024). 

Vertical land motion (VLM) (i.e., subsidence or uplift) is a major factor influencing 

changes in RSL along the coast of the U.S. (Eggleston & Pope, 2013; Kopp et al., 2015; Shirzaei 

et al., 2021). In most coastal regions, VLM is driven by both natural (e.g., land water storage, 

glacial isostatic adjustment (GIA), tectonics, and sediment compaction) and anthropogenic (e.g., 

groundwater withdrawal, oil and gas extraction, and drainage of organic soils) processes that may 

exacerbate (or alleviate) RSL and its effects along the coast by lowering (or raising) the land 

elevation relative to the sea (Kopp et al., 2015; Nicholls et al., 2021; Shirzaei et al., 2021). For 

example, VLM trends along the U.S. coasts, as measured 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 (Figure 1.4). In turn, this subsidence contributes to higher RSL trends, increasing 

the frequency and severity of flooding (Figures 1.2 and 1.3). Conversely, in Alaska and certain 

regions of the northern Pacific the land is rising at rates exceeding 5 mm per year due to tectonic 

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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Figure 1.4. Vertical Land Motion (VLM) along the  U.S. Coasts. (a) Observations of VLM 

along the U.S. coasts using global navigation satellite systems (GNSS) (Shirzaei et al., 2021). Red 

colors represent subsidence, while blue and purple represent uplift. (b) Histogram showing the 

distribution of VLM rates shown in (a). 68% of the GNSS stations are subsiding, while 32% are 

rising.  

Beyond these compounding effects of VLM on sea levels, the sinking of the land (so-

called, land subsidence) is a major environmental hazard to coastal areas worldwide (Ingebritsen 

& Galloway, 2014; Shirzaei & Bürgmann, 2018; Nicholls et al., 2021; Shirzaei et al., 2021). 

Globally, land subsidence has been documented in more than 150 regions, with varying underlying 

processes, extent, and rates ranging from less than a few mm per year to more than 30 cm per year 

(Erkens et al., 2021; Bagheri-Gavkosh et al., 2021). In many coastal cities around the world, 

contemporary rates of land subsidence eclipse current global sea levels trends, and in some cities, 

the greatest risk of inundation at the end of the century is due to the sinking of the land (Erkens et 

al., 2015; Zhou et al., 2020; Wu et al., 2022). In addition, land subsidence poses independent 

hazards to coastal regions worldwide (Erkens et al., 2015). Direct and indirect impacts of 

cumulative land subsidence include damage to infrastructure, such as buildings, roads, 

underground pipelines, and utilities (Gambolati et al., 2006; Zimmerman & Faris, 2010; Cigna & 

Tapete, 2021a; Fernández-Torres et al., 2020), loss of coastal wetlands and ecosystems (Kirwan 

et al., 2013; Horton et al., 2018; Saintilan et al., 2020), and water quality impairment (Eslami et 

al., 2021; Nicholls & Cazenave, 2010), with widespread consequences for coastal zones. Some of 
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these impacts can create feedback loops 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, potentially accelerating the subsidence rate (Chaussard et 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 soil, resulting in further subsidence and 

long-term increases in sea levels (Schepers et al., 2017; Kirwan & Gedan, 2019). 

While land subsidence (or VLM) emerges as a critical concern in understanding the 

vulnerability of coastal regions, its contribution as a hazard is still largely disregarded in most 

studies. For instance, much attention has been given to the global effects of sea level rise and the 

need for concerted global efforts to keep emissions low with little consideration for land 

subsidence impact (Beck & Mahony, 2017). In fact, the terms ñvertical land motion (VLM)ò or 

ñsubsidenceò occur only 17 times in the 2021 IPCC report on sea level change (Fox-Kemper et 

al., 2021). Moreover, even in studies incorporating land subsidence in RSL assessments, its 

dynamic and spatially variable nature is not adequately captured (Shirzaei & Bürgmann, 2018; 

Nicholls et al., 2021; Fox-Kemper et al., 2021), and the independent nature of subsidence hazards, 

as discussed above, are often overlooked (Zoysa et al., 2021). This underemphasis of subsidence 

hazard is notably due to the lack of accurate, high-resolution, and global standards on land 

subsidence, which is required to effectively assess and understand its localized and regional 

impacts and exacerbating effects at scales relevant to coastal zone management.  

 

1.2 Earth Observing Satellite System for Tracking Land Subsidence 

High-resolution and accurate measurements of spatio-temporal variation in elevation are a 

crucial first step for understanding and mitigating the impacts of land subsidence on coastal regions 

(Allison et al., 2016; Shirzaei et al., 2021). Typically, local or regional changes in elevation 

observed in coastal areas result from multiple intersecting processes. Sometimes, measurement 

techniques may be sensitive to one or more components but not capture the total signature 

associated with elevation changes. Additionally, the measured land use can significantly influence 

the effectiveness and accuracy of these techniques (e.g., wetlands versus urban areas). Thus, the 

selected monitoring technique must be tailored for individual settings and when necessary, utilize 

multiple techniques. 

In this section, I briefly summarize some of the most commonly applied techniques for 

monitoring surface elevation changes and their challenges, and discuss the advantages of utilizing 

space geodesy observationsïthe technique of focus of this dissertationïto track land subsidence. 

Some of the methods used to measure elevation changes include: paleoenvironmental and 

stratigraphic records, extensometers, leveling, rod surface-elevation table (RSET), marker 

horizons (MH), tide gauge stations, light detection and ranging (LiDAR), global navigation 

satellite systems (GNSS), and interferometric synthetic aperture radar (InSAR). A detailed 

discussion on measuring land subsidence using these techniques is discussed by Shirzaei et al. 

(2021). 
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Stratigraphic and paleoenvironmental records serve as useful sea-level proxies, which 

describe any physical (e.g., marine terraces and coastal sediment cores), biological (e.g., 

microfossils), or chemical (e.g., stable-carbon-isotope) feature that maintains a systematic and 

measurable relationship to sea level during its formation (Barlow et al., 2013; Horton et al., 2018). 

The relationship between these proxies 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 

(Törnqvist et al., 2008; Engelhart et al., 2009; Karegar et al., 2016; Brain, 2016; Horton et al., 

2018; Shirzaei et al., 2021). These records provide one of the few methods available to provide 

long-term data on sea level trends and subsidence, extending centuries to millennia. 

Borehole extensometers 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). They record continuous changes in the distance 

between the land surface and the bottom depth of the extensometer pipe or the aquifer, usually 

down to the bedrock (Figure 1.5; Burbey, 2020). The high level of detail (hourly or sub-hourly 

temporal resolution) provided by extensometers 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; Shirzaei et al., 2021). However, 

extensometers are often limited in their ability to measure total land deformation associated with 

aquifer compaction. Extensometers are often connected to surface movement observations for 

enhanced accuracy, thereby correlating subsurface data with surface deformation measurements 

(Erkens et 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 changes in elevation dates to the earliest forms of geodetic surveying 

(Van²ļek & Krakiwsky, 1982). Measuring subsidence (or uplift) using this method involves 

determining elevation differences between points on the ground from a stable and known vertical 

reference point or datum using optical or digital levels (Shirzaei et al., 2021). Leveling provides 

high accuracy, often to the millimeter level, using either differential or trigonometric leveling 

techniques. In differential leveling, a precisely leveled telescope measures the incremental vertical 

displacements of a graduated rod, while trigonometric leveling involves measuring vertical angles 

(Shirzaei et al., 2021). Although its highly precise direct measurements of ground elevation 

changes make it superior to other in-situ measurements, its limited spatial coverage, discrete 

snapshots, and labor- and time-intensive monitoring make it unsuitable for continuous and 

regional-scale monitoring. 
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Figure 1.5. Measuring Land Subsidence along the Coasts and Inland. Schematic showing 

different methods for measuring land subsidence. From left to right: Leveling, interferometric 

synthetic aperture radar (InSAR), rod surface-elevation table (RSET), marker horizons (MH), 

extensometers, global navigation satellite systems (GNSS), and tide gauge stations. Only InSAR 

measures spatial land subsidence information with a temporal resolution of ~12 days.  

The RSET is a low-cost instrument pioneered by Cahoon et al. (2002) for measuring the 

variability in wetland surface elevation. The RSET instrument consists of a series of pins (usually 

nine) mounted on a horizontal arm, which is attached to a benchmark rod driven through the soil 

to a depth extending 1 to 25 m (Figure 1.5; Cahoon et al., 2002; Webb et 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 (Cahoon et al., 2002). When complemented 

with MH, which measures vertical accretion, the RSET-MH provides details on the contributions 

of both shallow subsidence and surface processes to elevation change (Webb et al., 2013; 

Jankowski et al., 2017). Some challenges to the RSET and MH method include 1) the significant 

lag time between deployment and data collection, 2) the labor-intensive 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 RSET-MH method 

remains a valuable tool and has seen applications in estimating subsidence rates in the Mississippi 
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Delta (Jankowski et al., 2017) and long-term monitoring of the relationship between increases in 

subsidence and accretion on a global scale (Saintilan et al. 2022). 

Tide-gauge measurements of RSL date to the early 18th century (Horton et al., 2018). Tide-

gauges provide continuous measurements of RSL along the coast by recording sea levels at 

specific locations, known as tide-gauge stations (Figure 1.5). Tide gauges are highly sensitive to 

fluctuations in sea levels, and can be useful in detecting local, regional, and global processes 

affecting sea levels over timescales ranging from minutes to centuries (Douglas, 2001). The 

permanent service for mean sea level (PSMSL) compiles the worldôs tide-gauge records, with 

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 of the 21st century and 

beyond (Fox-Kemper et al., 2021). However, tide gauges do not inherently differentiate between 

land subsidence rates and long-term sea level trends (Douglas, 2001; Hamlington et al., 2022). To 

measure land subsidence using tide gauge data, the effect of sea level rise must be removed, 

typically achieved by comparing tide gauge records with satellite altimetry data, which can be 

quite challenging (Hamlington et al., 2022). Nevertheless, since VLM from tide gauges do not 

account for subsidence in shallow strata, these measurements are likely to represent only minimum 

values or underestimate VLM (Fox-Kemper, et al., 2021). 

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 measurements of the Earth's 

surface in three dimensions (3D) to generate a high spatial-resolution (<1 m) digital terrain model 

(DTM) or digital elevation model (DEM) (Zhong et al., 2022). Obtaining subsidence information 

from DEMs involves using dynamic DEMs over different time periods rather than static, one-time 

measurements (Erkens et al., 2015). Differencing these DEMs provides information about the 

change in elevation between the two periods. Due to the measurementsô high cost and periodic 

nature, this method often captures cumulative subsidence (or uplift) but may miss more dynamic 

changes (Froese & Mei, 2008; Khan et al., 2014; Zhong et al., 2022). LiDAR is one of the few 

methods available for measuring spatially variable land motion alongside InSAR. However, its 

vertical accuracy is lower (10ï15 cm) than that of InSAR (mm range) (Zhong et al., 2022). 

Space geodesy using GNSS and InSAR is the most effective method for observing local 

and regional variations in land elevation at an unprecedented level of detail. GNSS uses signals 

from a network of satellites (a minimum of four), which orbit the Earth, to determine the precise 

position of stations on the Earthôs surface (Figure 1.5). Each GNSS receiver calculates its exact 

3D position (latitude, longitude, and altitude) 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 directions. This precision and 

accuracy have made GNSS desirable for subsidence monitoring in both coastal and non-coastal 

areas (Karegar et al., 2016; Argyrakis et al., 2020; Shirzaei et al., 2021; Wang et al., 2021; Susilo 

et al., 2023). However, since the GNSS antennaïthe component that receives the signals 

transmitted by the satellitesïis mounted on a monument that is typically anchored to the stable 

ground at a depth (1 ï 15 m), the GNSS measurements of vertical land motion may not capture 
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subsidence that occurs above the anchoring depth (Keogh & Törnqvist, 2019; Shirzaei et al., 

2021). Effective regional-scale subsidence monitoring also requires deploying a dense network of 

GNSS stations across the study area. Currently, there are more than 5,000 continuously operating 

GNSS stations in the U.S. (global positioning systems), with ~1,000 along the coasts (Figure 1.4), 

contributing to various research and practical applications, including groundwater monitoring, 

tracking land deformation, and seismology. 

InSAR overcomes the majority of the challenges associated with in-situ point-based 

measurements and can provide spatial maps of land deformation at mm-level accuracy and a spatial 

resolution of up to ~13 m. InSAR is a remote sensing technique that measures land deformation 

using active microwave radar signals emitted by synthetic aperture radar (SAR) satellites (Figure 

1.5). The SAR satellites scan the Earth's surface, recording the amplitude and phase of the 

backscattered signals at regular intervals as they orbit the Earth, either from south to north 

(ascending orbit) or north to south (descending orbit). The amplitude of the signal provides 

information on the strength of the backscattered signal, while the phase (ű) of the signal is related 

to the distance between the satellite and the Earthôs surface. By comparing, or ñinterfering,ò the 

pixel-by-pixel phase changes between two SAR images acquired at different times, an 

interferogram is produced, which can reveal minute changes in the Earthôs distance towards or 

away from the satellite between two image acquisitions (Bürgmann et al., 2000; Hanssen, 2001). 

An interferogram is a pattern of fringes (Figure 1.6), where each full-color cycle (blue-to-red) 

represents a path length change of half the radar wavelength (‗ςϳ ) in the line-of-sight (LOS) of 

the satellite. The relationship between the phase change and the path length change is given by 

equation 1.1: 

 ЎὙ Ў•      1.1 

Where, ЎὙ is the change in the line of sight (LOS) distance between the satellite and the ground, 

‗ is the radar wavelength, and Ў• is the measured interferometric phase change. The 

interferometric phase change (Ў•) contains the contributions due to land deformation, imprecise 

orbit data, topography error, atmospheric delay of the radar signal, and system noise (Hanssen, 

2001; Shirzaei, 2013): 

Ў• Ў• Ў• Ў• Ў• Ў•   1.2  

Where, Ў•  is the contribution from the land motion (i.e., the contribution of interest), Ў•  

is the error due to imprecise satellite position, Ў•  is residual topography error caused by 

differences between the true topography and the DEM, Ў•  is the error due to changing 

atmospheric conditions between SAR images, and Ў•  is the system noise from pixel 

decorrelation (i.e., the loss of coherence between SAR images due to changes in surface 

properties), background scattering, and thermal noise. To accurately measure land motion, 
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removing or minimizing the contributions of these other terms is essential. In subsequent chapters, 

I detail the processing techniques used to mitigate these contributions during SAR image analysis 

over a region. Combining multiple radar images and interferograms can generate time series of 

land motion and deformation rates for individual pixels. 

 

Figure 1.6. Interferogram Over Chesapeake Bay Area on the U.S. East Coast. Processed 

interferogram from Sentinel-1 images acquired between April 19, 2020 and May 13, 2020. Each 

full -color cycle from blue-to-red represents a path length change of half the radar wavelength (ɚù2) 

in the line-of-sight (LOS) of the satellite. 

Although InSAR has its challenges, such as loss of coherence in vegetated areas due to 

dynamic surface changes and difficulties in resolving 3D land deformation signals (Shirzaei et al., 

2021), its ability to provide continuous, high-resolution, and accurate spatial data over large areas 

makes it a valuable tool for tracking land subsidence. Combining multiple observations enhances 

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 long-term stability, 3D vector displacements for deconvolving InSAR deformation, and 

better temporal coverage (usually daily), and GNSS observations can be used to determine 

atmospheric corrections for InSAR deformation data. Over large scales, InSAR data can be 

combined with GNSS observations to precisely estimate long-wavelength deformation signals, 

transform InSAR information from a local to a global reference frame, and for comparisons to 

identify and quantify localized short-wavelength sources of deformation. In this dissertation, I 
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introduce a framework for integrating InSAR and GNSS data to create seamless spatial maps of 

VLM for enhanced regional-scale subsidence monitoring. 

1.3 Organization of the Dissertation 

In this dissertation, I present six chapters focused on using Earth observation data to assess 

regional environmental security challenges along the coast of the U.S. and a localized study on 

Africa's only coastal megacity, Lagos, Nigeria. In these chapters, I address several key questions 

related to sea level rise and land subsidence: What is the regional extent of land subsidence along 

the U.S. coast (Chapters 2, 4, and 5)? What factors contribute to total subsidence in coastal and 

inland cities (Chapter 3)? What is the contribution of land subsidence to RSL (Chapter 2)? What 

are the risks to coastal populations (Chapters 2 and 4), infrastructure (Chapters 3, 4, and 6), and 

ecosystems (Chapter 5) associated with land subsidence? Although most of the study focuses on 

coastal areas, in Chapter 2, I broadened the scope of the analysis to include other cities across the 

U.S. mainland, to provide a more comprehensive understanding of land subsidence drivers. 

This dissertation is organized as follows: Chapter 1 (this chapter) discusses the 

environmental challenges facing coastal zones, including climate change-induced global sea level 

rise, flooding, and land subsidence. I emphasize the importance of monitoring land subsidenceð

a missing puzzle piece in coastal environmental discussionsðusing high-resolution observations 

and models to accurately assess coastal vulnerability. In chapter 2, the extent of land subsidence 

along the U.S. coasts and its impact on sea-level rise projections is quantified. Future flooding and 

inundation due to the combined effect of land subsidence, sea-level rise projections, and high tide 

flooding are modeled for 32 major U.S. coastal cities, considering both undefended (without 

consideration for structural protection) and defended (considering current structural defenses) 

scenarios for the year 2050. The potential consequences of this short-term projection underscore 

the compounding threat posed by land subsidence in a rapidly warming climate and accelerating 

sea levels, emphasizing the need to incorporate spatially variable subsidence into coastal 

management strategies. The causes and risks of land subsidence in 28 most populated U.S. cities 

are examined in chapter 3. High-resolution maps of subsidence rates were produced for 28 cities, 

including 11 coastal cities; 8 riparian cities; and 9 inland cities, using advanced SAR and GNSS 

datasets. Also, I employ the subsidence data to assess the risk to buildings in the cities and discuss 

the subsidence-to-risk criterion in urban landscapes. In chapter 4, I evaluate land subsidence as an 

independent hazard to the population, assets, and infrastructure along the U.S. East Coast. Coastal 

wetlands are one of the most valuable ecosystems on Earth, with a dollar valuation of US $10,000 

per hectare (Kirwan et al., 2016). However, ~80,000 acres of wetlands on the U.S. East and Gulf 

coasts are lost each year (Stedman & Dahl, 2008), amounting to a lost value of US $800 million 

annually. Chapter 5 quantifies the vulnerability of wetlands along the east coast of the US, 

addressing a long-standing 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.e., low- and high-
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elevation wetlands). Land subsidence is a global problem that is documented in most coastal areas 

worldwide. In the ultimate chapter of this dissertation, chapter 6, I highlight the role of land 

subsidence in triggering building collapses in Lagos, Nigeria. By analyzing radar satellite data and 

calculating the structural damage from cumulative subsidence, this chapter links subsidence to 

foundation damage and high building failure risk in Africa's most populous coastal city.  

The findings presented in these chapters have been published in various journals. Chapter 

2 has been published in Nature, Chapter 4 in PNAS Nexus, Chapter 5 in Nature Communications, 

and Chapter 6 in Earthôs Future. 
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Chapter 2 

Understanding the Relative Contributions of Vertical Land Motion to  Sea Level Rise 

around the Coast of the United 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 on U.S. coasts. Nature, 627(8002), 108-115. https://doi.org/10.1038/s41586-024-07038-3. 

 

2.1 Abstract  

Sea-level along the U.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. Here, we combine high-

resolution vertical land motion (VLM) and elevation datasets with projections of sea-level rise to 

quantify the potential inundated areas in thirty-two major U.S. coastal cities. We find that even 

when considering the current coastal defense structures, an additional land area between 1,006 to 

1,389 km2 is threatened by relative sea-level rise by 2050, posing a threat to a population between 

55,000 to 273,000 people and 31,000 to 171,000 properties. Analysis of the exposed area indicate 

that even without further rise in sea levels, a maximum 15%, 35% and 8% of land area from the 

Atlantic, Gulf, and Pacific coasts will be below sea level by 2050. Our results show that not 

accounting for spatially variable VLM within the cities may lead to inaccurate projections of 

expected exposure. These potential consequences show the scale of the adaptation challenge, 

which is not appreciated in most U.S. coastal cities. 

 

2.2 Introduction  

The widespread consequences of global climate change stress human communities 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 sea-level rise (SLR), more frequent droughts, and changes in precipitation and 

evapotranspiration (Michener et al., 1997; Woodruff et al., 2013; Kossin et al., 2020; Chiang et 

al., 2021) and these effects will almost certainly grow into the future (IPCC, 2022). Globally, SLR 

will pose a significant socioeconomic challenge in the 21st century, primarily affecting human 

populations, infrastructure, and ecosystems along major coastlines (McGranahan et al., 2007; 

Nicholls & Cazenave, 2010; Hanson, et al., 2011; Aerts, et al., 2014; Neumann et al., 2015; Hauer 

et al., 2020). Global mean sea-level has risen by about 0.17 m over the past 100 years, with global 

rates of SLR accelerating from ~1.7 mm per year in the late 20th century to ~3.1 mm per year in 

the early 21st century in response to warming temperatures (Church & White, 2011; Sweet & Park, 

2014; Sweet et al. 2022; Fox-Kemper et al., 2021) and are currently 3.7 mm per year (Fox-Kemper 

et al., 2021). Even if climate change mitigation efforts succeed in stabilizing temperature in the 

future decades, sea levels will continue to rise due to the ocean's ongoing response to past warming 

https://doi.org/10.1038/s41586-024-07038-3
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(Sweet et al. 2022; Fox-Kemper et al., 2021; Nicholls et al., 2018). Additionally, coastal cities 

often experience sinking land (so-called land subsidence), whose compounding effect contributes 

to relative SLR, exacerbating coastal hazards and risks (Ingebritsen & Galloway, 2014; Shirzaei 

& Bürgmann, 2018; Nicholls et al., 2021; Sherpa et al., 2023). In this study, we refer to sea-level 

rise that incorporates the effects of Vertical Land Motion (VLM) as 'relative SLR,' whereas 'SLR' 

refers to sea-level rise without VLM. As sea-level rises and land subsides, the hazards associated 

with climate extremes (e.g., hurricanes and storm surges), shoreline erosion and inundation of low-

lying coastal areas grow (Nicholls, 2010; Thatcher et al., 2013; Marsooli et al., 2019).  

On the coasts of the conterminous US, climate-induced sea levels are rising faster than the 

global average, with a rate of ~3 mm per year from 1920 to 2020 (Sweet et al. 2022). Relative (or 

local) sea-level measured by tide gauges across the U.S. reveals mean sea-level trends of 4.9 mm 

per year for North Spit, CA (Pacific coast), 4.7 mm per year for Sewells Point, VA (Atlantic coast), 

and 6.6 mm per year for Galveston Pier 21, TX (Gulf coast) (NOAA, 2022a), with an expected 

increase in these rates over the next few decades (Figures 2.1 and 2.2). Due to its geography and 

population distribution, the U.S. is a coastal nation, with more than 30% of its population residing 

in coastal cities, generating an estimated annual revenue of US$3.8 trillion (NOAA, 2022b). 

Consequently, socioeconomic losses from climate-induced sea-level rise (SLR) will represent a 

significant facet of climate change consequences in the U.S. (Hsiang et al., 2017). Several studies 

(e.g., Shirzaei & Bürgmann, 2018; Haer et al., 2013; Kulp & Strauss, 2019) highlight the high 

socioeconomic exposure of the U.S. coast via projections of relative SLR estimates for the end of 

the century (2100). Despite foretelling a bleak future, these estimates are of limited use by 

policymakers and stakeholders due to coarse spatial resolution and broad temporal window (Sweet 

et al. 2022). In the short term (one to three decades), just continued observed rises in sea-level are 

sufficient to trigger cascading hazards across U.S. coastal regions, with a projected increase in the 

frequency and intensity of storm surges, saltwater intrusion, high-tide flooding, and coastal erosion 

(Aerts, et al., 2014; Sweet & Park, 2014; Sweet et al. 2022; Ezer & Atkinson 2014; Vitousek et 

al., 2017).   

SLR is projected to vary minimally within the next few decades across the different 

greenhouse gas (GHG) emission scenarios, while end-of-century projections indicate a more 

significant divergence in rise by emissions (Figure 2.1b to g). For example, a statistical comparison 

of low emission (Shared Socioeconomic Pathways; SSP1-1.9) with the high emission (SSP5-8.5) 

scenarios of the recent Intergovernmental Panel on Climate Change (IPCC) sea-level projections 

at 40 stations across the U.S. shows a maximum sea-level differential of 6 cm by 2050, contrasting 

a minimum of 30 cm by 2100(Fox-Kemper et al., 2021; Garner et al., 2021). Thus, short-term 

vulnerability assessments that incorporate local drivers 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 vulnerability requires comprehensive and high-resolution measurements of 

VLM, which is currently lacking across the U.S. (Shirzaei & Bürgmann, 2018). This lack of data 

makes estimating the actual risks of relative SLR on different coastal communities challenging 
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and contributes to high uncertainty and potentially systematic errors in existing coastal hazard 

assessment. 

 

Figure 2.1. Current and Projected Sea level rise (SLR) at Selected Tide Gauge Stations across 

the U.S. Coasts. (a) Local mean sea level measured at tide gauges for monthly (dashed line) and 

annual (solid line) time series (NOAA, 2022a). 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 locations for the projected sea level change and time series data are the green, brown, and 

blue inverted triangles shown in Figure 2.2a. Comparison of low emission scenarios (shared 

socioeconomic pathways; SSP1-1.9) with high emission scenarios (shared socioeconomic 

pathways; SSP5-8.5) (medium confidence) for the Atlantic Coast (b) Sewells Point, VA and (c) 

Charleston I, SC; Gulf Coast (d) Galveston Pier 21, TX and (e) Fort Myers, FL; and Pacific Coast 

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

Here, we present coastal scenario-based inundation hazard models for coastal cities in the 

US, focusing on the short-term (2050) projection of SLR. Our inundation models integrate high-

resolution VLM data across the U.S. coast at mm-level accuracy using Interferometric Synthetic 

Aperture Radar (InSAR), the projections of SLR and LiDAR 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 U.S. census data as baseline estimates, we assess the impact of 

relative SLR on U.S. coastal communities' population and properties and explore several 

adaptation regimes to minimize potential future impacts. 
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2.3 Materials and Methods 

2.3.1 Vertical Land Motion Da ta 

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 at mm-level accuracy 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 Sentinel-1 A/B and ALOS-1 satellites 

between 2007 and 2020 (see Appendix A, Table A1 for 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 (InSAR) line-of-sight (LOS) displacements were generated for the multiple SAR 

frames along the coasts. 

We use GAMMA software to process SAR datasets (Wegmuller et al., 2015; Werner et al., 

2000) and the Wavelet-Based InSAR (WabInSAR) algorithm to perform post-processing and 

multi-temporal analysis (Shirzaei & Bürgmann, 2012; Shirzaei, 2013; Shirzaei et al., 2017; 

Shirzaei et al., 2019; Lee & Shirzaei, 2023) (Appendix A, Figure A1a). To this end, thousands of 

high-quality interferograms were generated and several Wavelet based analyses were applied to 

the interferograms to denoise the pixels and reduce the effects of spatially uncorrelated digital 

elevation model (DEM) error (Shirzaei & Bürgmann, 2012; Shirzaei, 2013) and topographically 

correlated atmospheric phase delay (Shirzaei, 2013). Next, the velocity along the LOS direction 

for each pixel is calculated as the slope of the best-fitting line to the associated time series using a 

reweighted least-squares estimation. Lastly, the multiple SAR frames are mosaiced following Ojha 

et al. (2018), and a stochastic model, which combines the LOS velocities with the GNSS datasets, 

was adopted to generate a high-resolution map of the VLM rate (Appendix A, Figure A1b). 

To implement the stochastic model, we resampled the LOS velocities of Sentinel-1 tracks 

onto the ALOS track and interpolated the GNSS velocities on the pixels within the ALOS track 

using a Kriging interpolation technique with inverse distance weighting. Thus, we obtain multiple 

(5) observations per pixel for each coast, including LOS observations and GNSS velocities. Let 

ώȟ ώȟȣώ  and „ȟ„ȟȣ„  be the interpolated LOS velocities and variances for a given 

pixel, where subscripts πȟρȟȣά indicate the available satellite observations (Sentinel-1/ALOS-1) 

and orbits (ascending/descending) for a given U.S. coast (Atlantic/Gulf/Pacific) as defined in 

Appendix A, Table A1. The stochastic model to combine the LOS velocities with the velocities of 

GNSS datasets to generate a seamless, high-resolution, and accurate map of east (Ὁ), north (ὔ), 

and vertical (Ὗ) motions is given by equation 2.1: 
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ώȟȟȣ ὅȟȟȣ Ὁ ὅȟȟȣ ὔ ὅȟȟȣ Ὗ ‐ȟȟȣ

Ὁ Ὁ ‐
ὔ ὔ ‐
Ὗ Ὗ ‐

  2.1 

Where ὅ represents the unit vectors projecting 3D displacements onto the LOS, which is a function 

of the satellite heading and incidence angles, ‐ is the observation errors equal to the standard 

deviations („). Ὁ, ὔ, and Ὗ are the unknowns and Ὁ , ὔȟ and Ὗ  are the observed interpolated 

east, north, and up GNSS velocities. The solution to equation 2.1 is given by equation 2.2: 

 

ὢ ὃὖὃ ὃὖὒ     2.2 

Where ὢ represents the unknowns, ὃ is the Greenôs function given by the unit vectors (ὅ), ὒ is the 

observation, and ὖ is the weight matrix, which is inversely proportional to the observant variance 

(„). The parameters variance-covariance matrix is ὗ ὃὖὃ , where, ὶ ὒ ὃὢ, ὨὪ 

is the degree of freedom. The standard deviations (precision of the results) for each pixel on the 

Atlantic/Gulf/Pacific is shown in Appendix A, Figure A2a. The spatial distribution of the standard 

deviation shows that most of the values are below 3 mm per year for the U.S. Atlantic and Gulf 

coasts. However, there 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 Northern California 

and the Orange County basin (Blackwell et al., 2020) (Appendix 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 interferometric phase signal-to-noise ratio caused by surface 

vegetation, non-linearity in the rates between the ALOS and Sentinel-1 observation periods due to 

aquifer recharge and depletion, a limited number of GNSS stations used for the adjustment, and a 

comparatively higher standard deviation of the GNSS station in the particular regions (Blackwell 

et al., 2020; Ohenhen et al., 2023). Furthermore, we validate the VLM rates using 756 GNSS 

stations (US Atlantic coast: 218, U.S. Gulf coast:157, U.S. Pacific coast: 381) from the Nevada 

Geodetic Laboratory (Blewitt et al., 2018) and Shirzaei et 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 rates. We obtained a standard deviation of 1.5 mm 

per year and a mean difference less than 0.3 mm per year for the U.S. Atlantic, Gulf, and Pacific 

coasts (Appendix A, Figure A2b to d). 

2.3.2 Coastal Cities Selection and Elevation Data 

To select the 32 cities for analysis, we considered 41 major U.S. 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: 

¶ US Atlantic coast: Boston, MA; New York City, NY; Atlantic City, NJ; Virginia Beach, VA; 

Wilmington, NC; Myrtle Beach, SC; Charleston, SC; Savannah, GA; Jacksonville, FL; Miami, 

FL;  

¶ US Gulf coast: Naples, FL; Mobile, AL; Biloxi, MS; New Orleans, LA; Slidell, LA; Lake 

Charles, LA; Port Arthur, TX; Texas City, TX; Freeport, TX; Corpus Christi, TX; 

¶ 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, we added 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 elevation data. The high-resolution LiDAR DEMs 

hosted by the National Oceanic and Atmospheric Administration (NOAA) office for coastal 

management are available for the coastal United States (NOAA, 2022c). In this study, we used a 

3 m x 3 m grid resolution for the 32 cities, 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 resolution (Appendix 

A, Table A1). All DEM for each city uses the NAVD88 vertical datum. Details on the 

implementation, vertical and horizontal accuracy, errors, and temporal range are available with the 

data download (NOAA, 2022c). 

2.3.3 Population, Properties, and Racial Demographic Data 

We estimate the population and property datasets for each city using the TIGER demographic 

and economic data records available from the U.S. census bureau 

(https://www.census.gov/geographies/mapping-files/time-series/geo/tiger-data.2010.html). 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 the U.S. census bureau. The racial demographic dataset is based on the 

Decennial Census data (https://data.census.gov/cedsci/advanced) corresponding to the 2010 

census. For this study, we selected eight races: White, Black or African 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 Sea-Level Projections 

We use the localized sea-level projections from the Sixth Assessment Report of the 

Intergovernmental Panel on Climate Change (IPCC) (Fox-Kemper et al., 2021; Garner et al., 

https://www.census.gov/geographies/mapping-files/time-series/geo/tiger-data.2010.html
https://data.census.gov/cedsci/advanced
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2021). The projections consider the contributions to future sea levels from sterodynamic effects 

(ocean steric and ocean dynamic effects), ice sheets (Antarctic ice sheets (AIS) 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 gauge observations ï 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 sea level at tide gauge stations worldwide under five shared 

socioeconomic pathways (SSPs) scenarios (SSPs 1-1.9, 1-2.6, 2-4.5, 3-7.0, and 5-8.5). SSP1-1.9 

limits warming to 1.5 °C above 1850 ï 1900 levels by 2100, implying net zero CO2 emissions 

around the middle of the century. SSP1-2.6 keeps warming below 2.0 °C relative to 1850-1900, 

with projected net zero emissions in the second half of the century. The SSP2-4.5 scenario projects 

best-estimate warming of ~2.7 °C by the end of the twenty-first century relative to 1850-1900. 

SSP3-7.0 is a medium to high reference scenario resulting from no additional climate policy with 

particularly high non-CO2 and aerosol emissions and a warming of 2.8°C ï 4.6°C. SSP5-8.5 is a 

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

and warming of 3.3°C ï 5.7°C. In this study, we apply the 17th (lower-bound), 50th (median), and 

83rd (upper-bound) percentile projections under SSP2-4.5, which represents the current emission 

trajectory. Appendix A, Table A2 summarizes the tide gauge stations utilized for the sea-level rise 

(SLR) projections in each city. 

2.3.5 High-Tide Estimates 

We used MHW at tide gauges to estimate the high-tide events for each coastal city. The tide 

gauge measurements were obtained from NOAA tide and currents data (NOAA, 2022d), using 

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 exposure to high-tide 

within the urban areas (Appendix A, Table A2).  

2.3.6 Inundation Model 

Employing a bathtub model (Shirzaei & Bürgmann, 2018; Miller & Shirzaei, 2021; Hinkel et 

al., 2010; Ramirez et al., 2016; Vernimmen & Hooijer, 2023) (see Appendix A, Figure A1c) we 

projected the inundation hazards for 32 cities on the U.S. coasts. The input data for the inundation 

model is as follows: 

1. 3 or 5 m grid LiDAR DEM for each city. 

2. ~50 m resolution VLM data for each city. 

3. MHW levels at tide gauges adjacent to each city (Appendix A, Table A2). 

4. IPCC SLR Projections at the stations adjacent to each city (Appendix A, Table A2). 
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To provide a comprehensive exposure assessment, we incorporate two temporal scalesðthe 

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 represents additional 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 projections, assuming a linear VLM rate from the base year of the DEM to the 

target years of 2020 and 2050 (Garner et al., 2021; Shirzaei et al., 2021; Miller & Shirzaei, 2021). 

Lastly, we evaluated the current (2020) scenario by subtracting the modified DEM height, which 

accounts for VLM projections up to the year 2020, from MHW levels (equation 2.3). 

Subsequently, for the 2050 scenario, we apply sea-level rise (SLR) projections by subtracting the 

modified DEM height, updated for VLM projections to the year 2050, from both the SLR 

projection height and the MHW levels (equation 2.3). Areas with a projected height below zero 

are inundated. This simplified static model is useful for local-scale simulations of inundated 

locations hydrologically connected to the coast (Ramirez et al., 2016). However, it may 

overestimate or underestimate inundated areas on the coast due to the reduced complexity of the 

model (Ramirez et al., 2016). To reduce the errors associated with this approach, we implemented 

connected component 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 levees or sea 

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. Specifically, we propagate the 17th and 83rd percentiles for SLR projections, 

±1 standard deviation for VLM, and errors inherent in the DEM (equation 2.3). These measures 

provide an error bound for the inundation analysis, ensuring robust estimation of the uncertainties 

associated with the projections. 

 
Ὅὲόὲ ὈὉὓ ὛὒὙ ὓὌὡ

Ὅὲόὲȟ Ὅὲόὲ ὈὉὓ ὸ ὸὠὒὓ ὛὒὙ ὛὒὙ ςϳ
 2.3 

   

Where, ὍὲόὲȟὍὲόὲȟὍὲόὲ represents the median, lower, and upper bounds for the 

inundation models. ὈὉὓ  is the modified DEM height, updated using the VLM projections. 

ὈὉὓ  are the vertical accuracy of the DEM. ὸ represents the projection target years of 2020 or 

2050. ὸ represents the base year of the DEM. ὠὒὓare 1 standard deviation from the VLM data. 

MHW represent mean high water. ὛὒὙ, ὛὒὙ, ὛὒὙ represents the 17th, 50th, and 83rd 

percentiles from the SLR projections. Note that for evaluating the current/baseline scenario (2020), 

ὛὒὙ, ὛὒὙ, ὛὒὙ are zero. 
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2.3.7 Socioeconomic Exposure Analysis 

We employed the TIGER demographic and economic data to assess the population 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 block as exposed 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 value distribution. Statistical metrics revealed a median value of exposed area 

ranging between 18 to 23% for the six cities (Appendix A, Figure A3). Additionally, the 

distribution exhibited a sharp decline beyond 10% (Appendix A, Figure A3). 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 the zip-code level Zillow Home 

Value Index (ZHVI) as a metric for housing cost. The estimated home value exposure was 

calculated by multiplying the number of exposed properties within each city by the corresponding 

ZHVI (https://www.zillow.com/research/data/). We adjusted the ZHVI for the recent economic 

inflation by using the mid-2021 housing price. The Zillow home value data for each zip code 

utilized in this study is reported in Appendix A, Table A3. 

2.3.8 Subsidence Hazard Exposure Analysis for Levees 

The polygon features for the levees across the U.S. coasts were obtained from the U.S. 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; New Orleans, LA; Port Arthur, TX; Freeport, TX; Foster City, CA) 

are shown in Appendix A, Figure A4. 

2.4 Results and Discussion 

2.4.1 Vertical Land Motion slowly but steadily impacts the U.S. Coast 

Land subsidence, the sinking or settling of the land surface, is a global issue with costly 

socioeconomic consequences (Dinar et al., 2021; Herrera-García et al., 2021; Candela & Koster, 

2022). Subsidence along the coast is driven by natural and human processes and is a major 

contributor to relative sea-level change (Shirzaei & Bürgmann, 2018; Nicholls et al., 2021; Allison 

et al., 2016; Karegar et al., 2017; Shirzaei et al., 2021; Fang et al., 2022). Here, we compiled a 

seamless map of VLM across the U.S. coasts by collecting existing datasets in the literature 

(Blackwell et al., 2020; Miller & Shirzaei, 2021; Ohenhen et al., 2023; Barnard et al., 2023a; 

Barnard et al., 2023b) and analyzing large sets of Synthetic Aperture Radar (SAR) data from 

different sensors spanning 2007ï2020 (see methods). Spatial analysis of the complied VLM map 

(Figure 2.2; Appendix A, Figures A5 to A7) reveals extensive coastal areas with subsidence rates 

of more than 3 mm per year. Figure 2.2e highlights the spatially variable VLM for the 32 major 

coastal cities selected for this study: 

https://www.zillow.com/research/data/
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¶ US Atlantic 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. 

¶ US Gulf coast: Naples, FL; Mobile, AL; Biloxi, MS; New Orleans, LA; Slidell, LA; Lake 

Charles, LA; Port Arthur, TX; Galveston, TX; Texas City, TX; Freeport, TX; Corpus 

Christi, TX. 

¶ U.S. 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. 

The aggregate population of these cities is estimated to be 25 million people; representing 

~20% of the current total U.S. coastal inhabitants, with 10 million properties valued at US$12 

trillion (Appendix A, Table A4). We find subsidence rates greater than 2 mm per year in 24 out of 

32 major cities along the U.S. Atlantic, Gulf, and Pacific coasts, with notable subsidence rates (>5 

mm per year) in cities such as Charleston (city number 8), Biloxi (city number 14), Galveston (city 

number 20), and Corpus Christi (city number 22) (Figure 2.2e). On the U.S. Pacific coast, we 

observe lower rates of land subsidence compared to the Atlantic and Gulf coasts, with some cities 

characterized by significant uplift (such as 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 along the U.S. coasts 

(Blackwell et al., 2020; Karegar et al., 2016; Morton et al., 2002; Kolker et al., 2011; Jones et 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 natural- and anthropogenic-driven processes is important 

for developing effective strategies to mitigate or adapt to the impacts of subsidence in low-lying 

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 and flood 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 land-use, may be helpful in sinking cities. As GIA is the main natural driver, we utilized the 

GIA ICE-6G-D model (Peltier et al., 2018) to estimate the GIA contributions at the SAR pixels 

and subtracted its effect from the observed VLM to assess the non-GIA contributions to the 

estimated VLM along U.S. coasts (Appendix A, Figure A8). 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 along the U.S. Atlantic coast and minimal for 

the Gulf and Pacific coasts (Appendix A, Figure A8c to e). While the median rates of subsidence 

are reduced for all 32 major coastal cities, several areas with subsidence rates greater than 2 mm 

per year remain apparent 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 A9). 

 

Figure 2.2. Coastal Hazards across the US. (a) Spatial distribution of vertical land motion 

(VLM) across the U.S. coast. Positive VLM rates indicate an uplift, and negative VLM rates 

indicate subsidence. Individual VLM maps for the U.S. Atlantic, Gulf, and Pacific coasts are 

shown in Appendix A, Figures A5 to A7. Projections of sea-level rise (SLR) with a baseline for 

the year 2020 based on shared socioeconomic pathways (SSP) scenario 2-4.5 (SSP2-4.5) (Fox-

Kemper et al., 2021; Garner et al., 2021) on the (b) Pacific Coast (N. Spit, Humboldt Bay, CA), 

(c) Atlantic Coast (Sewells Point, VA), and (d) Gulf Coast (Galveston II, 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 U.S. coastal cities 

evaluated in this study. The 32 coastal cities evaluated in this study are highlighted in (a). The 

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. Wilmington, NC; 7. Myrtle Beach, SC; 8. Charleston, 

SC; 9. Savannah, GA; 10. Jacksonville, FL; 11. Miami, FL, U.S. 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. Huntington, 

CA; 31. Newport, CA; 32. San Diego, CA. 
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2.4.2 Relative Sea-level Rise ï Future Socioeconomic Impact on the U.S. Coasts 

Future inundation of coastal areas in 32 coastal cities along the U.S. coasts is modeled 

using projections of current VLM rates on coastal elevation data, SLR projection scenarios, and 

high-tide estimates. Our analysis quantifies how relative sea-level changes, attributable to both 

VLM and SLR, will increase the exposureðarea, population, and propertiesðto high-tide 

flooding by 2050, using 2020 as the baseline (see methods). For the analysis, we consider the SLR 

scenario derived from SSP2-4.5 (representing the current emissions trajectory) (IPCC, 2022), 

population and property exposure using the 2010 U.S. census data, and property/home value using 

the zip-code 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 1,813 km2 in 32 U.S. 

coastal cities if no flood-defense structures are implemented (Table 2.1 and Appendix 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 population exposure 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 properties from the 32 coastal cities. Here, we present results from the high-resolution 

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, b, and c represent the lower bounds, median value, and 

upper bounds evaluated using equation 2.3. See Appendix A, Tables A5 to A7 for each city's 

exposed area, population, properties, and home value exposure for 2020 (current) and 2050. 

Coast 
2050 Additional 

Exposed Area 

(km2) 

2050 Additional 

Exposed 

Population 

2050 Additional 

Exposed 

Properties 

2050 Home Value 

Exposure (US$ 

billion)  

A
tl
a

n
ti
c a. 772.5 59,276 32,986 14 

b. 871.5 100,276 60,580 25 

c. 951.1 262,926 163,533 64 

G
u

lf
 

a. 536.7 110,647 58,423 14 

b. 669.7 159,776 78,609 16 

c. 827.6 225,167 109,505 21 

P
a
c
if
ic

 a. 19.8 6,478 3,038 4.5 

b. 29.0 12,180 5,707 9.3 

c. 40.2 30,798 15,110 22 

 a. 1,329.0 176,401 94,447 32.5 

Total b. 1,570.2 272,232 144,896 50.3 

 c. 1,818.9 518,891 288,148 107.0 
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2.4.2.1 US Atlantic Coast 

The U.S. Atlantic coast is one of the most exposed coastal regions to relative SLR, partly 

due to widespread land subsidence (Ohenhen et al., 2023), with a significant percentage of the 

population 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 km2 (Figure 2.3). This would affect a population of 59,000 to 263,000 people and 

32,000 to 163,000 properties on the U.S. Atlantic coast (Figure 2.3 and Table 2.1). The property 

and population exposure on the Atlantic coast are not homogeneous across all cities. For example, 

Miami (average elevation of less than 2 m above sea-level) has the greatest share of exposure, 

accounting for 38 to 44% (340 to 360 km2) of 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 to 35% of its total population 

projected to be exposed by 2050, compared to less than 2% at present (Appendix A, Table A5). 

No other city on the U.S. Atlantic coast has more than 4% of its population exposed. 

Combining the exposed properties obtained from the U.S. census data with the housing 

value for each city using the zip-code 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 11 Atlantic coastal cities is estimated at US$ 14 to 64 billion (Table 2.1). 

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 economic hubs and landmarks, 

and hence represents a conservative value. Due to these facilities' economic, cultural, and symbolic 

value and potential inundation, the expected losses due to relative SLR on the U.S. Atlantic coast 

goes well beyond financial losses, which are difficult to measure. 
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Figure 2.3. Flooding Exposure Maps for Cities on the U.S. Atlantic Coast. Areas exposed to 

current (2020) high tide and additional exposed areas by 2050 considering vertical land motion 

(VLM), sea-level rise (SLR) projection under shared socioeconomic pathways (SSP) scenario 2-

4.5 (SSP2-4.5) for (a) Boston, MA; (b) New York City, NY and Jersey City, NJ; (c) Atlantic City, 

NJ; (d) Virginia Beach, VA; (e) Wilmington, NC; (f) Myrtle Beach, SC; (g) Charleston, SC; (h) 

Savannah, GA; (I)  Jacksonville, FL; and (j) 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, FL. (k) Distribution of 

additional exposed areas, population and properties by 2050. The central value represents the 

estimated median value from equation 2.3, while the error bars represent the lower and upper 

bounds from equation 2.3. 

2.4.2.2 US Gulf Coast 

The U.S. Gulf coast is classified as highly vulnerable to SLR and other extreme events 

(Thatcher et al., 2013; Dangendorf et al., 2023) and is expected to experience a rise in the 

frequency and intensity of tropical storms due to climate change (Marsooli et al., 2019). Recent 

hurricanes, such as Hurricane Ian (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 coastal flooding on coastal cities in the region. For 11 

cities along the U.S. Gulf coast, our 2050 projection of inundation hazard shows a cumulative 

exposed area between 528 and 826 km2 (Figure 2.4 and Table 2.1). These affected areas will 

expose an additional 110,000 to 225,000 people and 58,000 to 109,000 properties worth US$ 14 

to 21 billion (Table 2.1). 
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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 considering vertical land motion 

(VLM), sea-level rise (SLR) projection under shared socioeconomic pathways (SSP) scenario 2-

4.5 (SSP2-4.5) 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; (i) 

Freeport, TX; and (j)  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, LA. (k) Distribution of 

additional exposed areas, population and properties by 2050. The central value represents the 

estimated median value from equation 2.3, while the error bars represent the lower and upper 

bounds from equation 2.3. 

The near-total inundation of New Orleans by 2050 accounts for more than 50%, 75%, and 

74% of the exposed area, population, and property on the U.S. Gulf coast (Figure 2.4d; Appendix 

A, Table A6). It should be noted that significant areas (318 to 426 km2), population (386,000 to 

448,000), and properties (176,000 to 209,000) in New Orleans are already exposed to current high-

tide events, owing to the presence of areas lying below sea level (Appendix A, Table A6). We 

emphasize that our 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 flood control structures 

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 devastation of a failed levee system (Sills et 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 on the U.S. Gulf coast that 

show elevated exposure relative to their total populations, with corresponding percentages of 4 to 

33%, 3 to 8%, and 1 to 5%, respectively. (Figures 2.4g to i; Appendix A, Table A6). The exposed 

area, population and properties by 2050 for Port Arthur are 75 to 169 km2, 5,000 to 38,000 people, 

and 2,000 to 17,000 properties worth US$ 0.2 to 1.5 billion (Figure 2.4g and Appendix A, Table 

A6). The exposure for Galveston by 2050 encompasses an area of 18 to 30 km2, affecting a 

population of 1,499 to 4,000 people 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 to 42 km2, 201 to 990 people, 

and 238 to 747 properties worth US$ 47 to 150 million (Figure 2.4i and Appendix A, Table A6). 

Airports, roadways, and refineries, ubiquitous in cities, are projected to be among the Gulf coast's 

exposed infrastructure (Figure 2.4). 

2.4.2.3 US Pacific Coast 

On the Pacific coast, we focused solely on future inundation hazards for cities in California. 

The absence of coastal cities from Oregon and Washington is due to the absence of high-resolution 

VLM for the U.S. northwest coast (Figure 2.2) and the complexities of future inundation hazards 

in the region driven by earthquake and tsunami hazards. The aftermath 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 Pacific coast, we find a large divergence in the impacts of relative SLR compared 

to the U.S. Atlantic, and Gulf coasts. By 2050, the cumulative exposed area from 10 cities on the 

U.S. Pacific coast is 20 to 40 km2, with a population exposure of 6,000 to 30,000 people and 3,000 

to 15,000 properties worth US$ 4.5 to 22 billion (Figure 2.5, Table 2.1, and Appendix A, Table 

A7). The comparatively low inundation hazard may be attributable to the higher topographic 

elevations, lower rates of land subsidence, and relatively low rates of SLR on the Pacific coast 

relative to the Atlantic and Gulf coasts (Sweet et al., 2018). However, the long-range projection 

for the end of the century predicts significant inundation, with flooded areas greater than 400 km2 

in the San Francisco Bay area alone (Shirzaei & Bürgmann, 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 City, and the San 

Francisco International Airport (SFO) (Figures 2.5b, 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 the high tide flooding (Sweet et al. 2022) are additional 

factors which would impact some coastal residents and properties. 
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Figure 2.5. Flooding Exposure Maps for Cities on the U.S. Pacific Coast. Areas exposed to 

current (2020) high tide and additional exposed areas by 2050 considering vertical land motion 

(VLM), sea-level rise (SLR) projection under shared socioeconomic pathways (SSP) scenario 2-

4.5 (SSP2-4.5) for (a) Richmond, CA; (b) Oakland, CA; (c) San Francisco, CA; (d) South San 

Francisco, CA; (e) Foster City, CA; (f) Santa Cruz, CA; (g) Long Beach, CA; (h) Huntington, CA; 

(i) Newport, CA; and (j)  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 equation 2.3, while the 

error bars represent the lower and upper bounds from equation 2.3. 

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

To quantify the contribution of subsidence to future flooding hazards in the 32 U.S. coastal 

cities, we consider two scenarios: 1) potential land areas below sea level due to land subsidence 

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 induce changes 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). Employing 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 29.4 ï 101.0 km2, 69.4 ï 160.3 km2, and 0.2 ï 1.1 

km2 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 alone (Figures 2.6a to c; Appendix A, Tables A8 

to A10). The potential land area extent that will be below sea level by 2050 due to the combined 

effects of land subsidence and SLR are 204.7 ï 667.2 km2, 196.1 ï 561.0 km2, and 3.8 ï 13.8 km2 

for the Atlantic, Gulf, and Pacific coasts, respectively. This indicates that land areas below sea 

levels by 2050 due solely to land subsidence account for 11.9 ï 15.1% (Atlantic coast), 22.9 ï 

35.4% (Gulf coast), and 4.8 ï 8.1% (Pacific coast) of total inundated areas when land subsidence 

and SLR are taken into consideration. 

Furthermore, comparing our InSAR-derived VLM (Figure 2.2) to sea-level change at 

PSMSL tide-gauge stations included in the IPCC projections (Fox-Kemper et al., 2021; Garner et 

al., 2021) across the U.S. reveals that in 21 of 24 stations with observed subsidence, sea levels are 

rising faster than the land is sinking (Appendix A, Figure A10). However, at three stations on the 

Gulf coast, local land subsidence currently outpaces SLR (considering a low emission scenario: 

SSP1-1.9) and presents a greater concern for the region than absolute sea-level change 

(considering a high emission scenario: SSP5-8.5) through 2045 (Figure 2.6d) and 2070, assuming 

linearly continuous subsidence (Figures 2.6e and f). This observation is striking because it brings 

land subsidence to the fore of coastal hazard discussions and highlights it as a crucial index in 

coastal disaster resilience design (Sherpa et al., 2023).  

 

Figure 2.6. Contribution of Land Subsidence. Empirical cumulative distribution function (CDF) 

of the total exposed area by 2050 for the U.S. (a) Atlantic Coast, (b) Gulf Coast, and (c) 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 



33 

 

contribution from land subsidence and 2050 sea level rise (SLR) under the shared socioeconomic 

pathways (SSP) scenario 2-4.5 (SSP2-4.5). The red lines in (a) to (c) represent the median value 

considering equation 2.3, while the shaded region is the lower and upper bounds from equation 

2.3. The total exposed area for each coast are the values in (a) to (c). Comparison of geocentric 

sea-level change from the Intergovernmental Panel on Climate Change (IPCC) Sixth Assessment 

Report (Fox-Kemper et al., 2021; Garner et al., 2021), with sea-level change due to land 

subsidence from InSAR measurements in this study at three tide gauge stations on the Gulf coast: 

(d) Galveston Pier 21, TX; (e) Eugene Island, LA; and (f) Grand Isle, LA. The solid red line shows 

the median (50th percentile) IPCC sea-level change under shared socioeconomic pathways (SSP) 

scenario SSP1-1.9 (low emission scenario), while the red shaded range shows the 17th ï 83rd 

percentile. The solid brown line shows the median (50th percentile) IPCC sea-level change under 

SSP5-8.5 (high emission scenario), while the brown shaded range shows the 17th ï 83rd percentile. 

The solid blue line shows the InSAR VLM from this study, and the blue-shaded ranges are one 

standard deviation. The black point and broken line indicate when other processes exceed sea level 

change from land subsidence. An example comparison for 20 tide gauge stations across the U.S. 

subsidence is shown in Appendix A, Figure A10. 

Some flooding projections, however, do not consider the impacts of spatially variable land 

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 exposure derived using the IPCC relative sea level 

projections (Garner et al., 2021) shows that the exposure ïin terms of area, population, and 

properties ïis not distinguishable within uncertainty in the majority of the cities and broadly for 

the entire U.S. coast (Table 2.2). 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 2.7a to c; Appendix A, Tables A11 to A13). By comparing the average InSAR 

VLM rates within the cities with the IPCC derived VLM rates from tide gauge records, we gain 

insight into the underlying differences (Figure 2.7d, Appendix A, Table A14). In cities like Boston, 

New York, Jersey City, Naples, Port Arthur, Corpus 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 exposure is underestimated 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 

overestimated (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, such as Savannah and Miami, where 

VLM from InSAR and IPCC align within uncertainties, the differences in estimated exposure are 

primarily localized in wetlands/non-urban areas. This accounts for the divergence in the area 

exposure while maintaining an overlap within 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 non-urban areas. 
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Figure 2.7. Comparing InSAR and IPCC-derived Vertical Land Motion (VLM) and 

Estimated Exposure. Differences between estimated exposure using Interferometric Synthetic 

Aperture Radar (InSAR) derived VLM and Intergovernmental Panel on Climate Change (IPCC) 

derived VLM for 2050 (a) exposed areas, (b) exposed population, and (c) exposed properties. 

InSAR (Interferometric Synthetic Aperture Radar) derived exposure is estimated using InSAR 

vertical land motion (VLM) and IPCC (Intergovernmental Panel on Climate Change) geocentric 

SLR as detailed in the methods section, while the IPCC-derived exposure is estimated using IPCC 

relative SLR dataset (Fox-Kemper et al., 2021; Garner et al., 2021). The central value represents 

the estimated median value from equation 2.3, while the error bars represent the lower and upper 

bounds from equation 2.3. Negative values indicate cities where IPCC VLM-derived exposure is 

overestimated, while positive values indicate areas where exposure is underestimated. (d) 

Comparison 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 and IPCC VLM show 

± 1 standard deviation. Summary of the comparison of exposure and VLM rates are detailed in 

Appendix A, Tables A11 to A14. 
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Table 2.2. IPCC-VLM Derived Modeled Additional Exposed Area, Population, Properties 

for the U.S. Coasts by 2050. a, b, and c represent the lower bounds, median value, and upper 

bounds. See Appendix A, Tables A11 to A13 for each city's exposed area, population, and 

properties exposure for 2020 (current) and 2050. 

 

 

 

 

 

 

 

 

 

 

 

 

To provide a more comprehensive understanding of these underlying differences, we 

performed a comparative analysis of InSAR-derived VLM rates with the VLM rates used in the 

IPCC Sixth Assessment Report (Garner et al., 2021) for 74 stations along the U.S. coast suggests 

that current IPCC VLM projections are consistent with InSAR VLM at 44 (59%) stations, and 

underestimate 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. subsidence against uplift) (Figure 

2.8 and Appendix A, Table A15). 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 spatially variable VLM within the cities themselves (e.g., 

Biloxi, New Orleans, and San Diego) (compare stations in Figure 2.8 with Figure 2.7d). This 

limitation is particularly pertinent in urban centers where anthropogenic drivers strongly influence 

VLM, thereby contributing 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 exhibit larger standard deviation 

values in the InSAR VLM measurements (Appendix A, Figure A2). A larger standard deviation 

may subsequently impact the uncertainty margins in inundation models derived from this data, 

which is accounted for in our analysis. Nevertheless, InSAR observations are the gold standard of 

Coast 
2050 Additional 

Exposed Area 

(km2) 

2050 Additional 

Exposed 

Population 

2050 Additional 

Exposed 

Properties 

A
tl
a

n
ti
c a. 763.9 61,715 34,803 

b. 871.3 96,866 58,658 

c. 952.6 242,139 151,597 

G
u

lf
 

a. 664.8 203,896 99,421 

b. 798.0 252,320 122,039 

c. 922.8 286,080 142,089 

P
a
c
if
ic

 a. 16.4 9,989 4,547 

b. 28.2 13,433 6,301 

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 
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VLM measurements with unprecedented spatial resolution and are useful to enhance the accuracy 

of flood prediction models.  

 

Figure 2.8. Sea-level Change due to Vertical Land Motion (VLM).  (a) Difference between 

VLM rates from the IPCC Sixth Assessment Report (Fox-Kemper et al., 2021; Garner et al., 2021) 

with VLM estimate from InSAR measurement at tide gauge stations across the US. To obtain these 

rates, we averaged the VLM rates of InSAR pixels within a 200 m radius of the tide gauges and 

the standard deviation associated with each InSAR pixel to estimate the error ranges. A z-test was 

initially conducted to compare the VLM rates from both sources. Stations where no statistical 

difference was observed are marked in white, denoting consistent (C) VLM values. Stations where 

the IPCC subsidence rates (negative VLM) are higher than the InSAR 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, and the z-test 

are detailed in Appendix A, Table A15. Statistical comparison of IPCC VLM rate versus InSAR 

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

of VLM comparison for (f) Atlantic Coast (Cape May, NJ), (g) Gulf Coast (Freeport, TX), and (h) 

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 are compelled to live in the most susceptible 

regions because safer areas are out of reach (Islam & Winkel, 2017). A growing body of scientific 

literature focuses on climate change's impacts on vulnerable populations across countries (Aerts, 

et al., 2014; Brouwer et al., 2007; Christenson et al., 2014; Rentschler et al., 2022). However, less 

emphasis has been placed on discussions on within-country climate change inequality (Hsiang et 

al., 2017; Islam & Winkel, 2017). A recent report by the U.S. Environmental Protection Agency 

(EPA) (2021), along with the work of Hsiang et al. (2017), contributes to the growing 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 understanding of climate inequality in the US. To 

examine the racial disparities in the exposed communities, we focused on eight races as defined 

by the U.S. census decennial data: White, Black or African American, American Indian and Alaska 

Native, Asian, Native Hawaiian/Other Pacific Islander, Hispanic or Latino, Other race, and two or 

more races (see methods). Analysis of the affected population by 2050 reveals differential 

exposure to relative SLR along racial lines (Figure 2.9 and Appendix A, Tables A16 to A18). 

Along the Atlantic and Pacific coasts, White residents are overrepresented among those exposed 

to relative SLR (Figure 2.9a and c). On the Atlantic coast, the white population makes up 55.1 ï 

71.4% of the exposed population by 2050, which is higher than their 38.3% share in the total 

population. On the Pacific coast, white residents comprise 57.6 ï 70.9% of the exposed population 

by 2050, despite making up only 41.8% of the total population. However, the distribution of White 

exposed population on these coasts, approximately reflect the dominant demographic of these 

regions (Figure 2.9a and c; Appendix A, Tables A16 and A18). 

Contrastingly, on the Gulf coast, minoritized groups ðindividuals identifying as Black or 

African American; American Indian or Alaska Native; Asian; Native Hawaiian or Other Pacific 

Islander; Hispanic or Latino; and two or more groups (EPA, 2021) ðconstitute a noteworthy 

portion of the exposed population, despite not being the dominant population. Although, 

minoritized groups make up 43.0% of the total population across 11 cities in the Gulf Coast, they 

are overrepresented in the exposed population, accounting for more than half (50.0 ï 57.7%) of 

the exposed population in the case of Black/African American residents alone, and 64.2 ï 71.5 % 

when considering all minorities (Figure 2.9b and Appendix A, Table A17). Asians are 

overrepresented among the exposed population on the Gulf and Pacific coasts, accounting for 2.6 

ï 4.4% and 21.4 ï 26.3% (median and upper bounds only) of the exposed population on the Gulf 

and Pacific coasts, respectively, despite making up 2.6% (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 represented among the exposed population (Appendix A, Tables 

A16 to A18). 
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Figure 2.9. Total Population Versus Exposed Population by 2050 for Different Racial 

Demographics on the U.S. Coast. Tree map of total and exposed population for (a) 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 evaluated using equation 2.3. See Appendix A, Tables 

A16 to A18 for the population of each city, including the lower and upper bounds. Note that 

minoritized groups include individuals identifying as Black or African American, American Indian 

or Alaska Native, Asian, Native Hawaiian or Other 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 status. Utilizing a 

Kolmogorov-Smirnov (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 significance. Appendix A, Tables A19 to A21 summarize the statistical test for the 32 

cities. Note that 9 ï 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 (considering median relative SLR projection), we find statistically significant 
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economic disparities in 12 cities (Figure 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 cities (i.e., exposed 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 economic exposure. 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 inequalities highlights the multi-dimensional vulnerability that specific populations in 

these cities face within the context of relative SLR. 

 
Figure 2.10. Modeled Exposed Properties (EP) Value by 2050 Versus the Total Properties 

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

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

Miami, (h) Mobile, (i) Biloxi, (j)  New Orleans (k) Port Arthur, (l) Galveston, (m) Foster city, (n) 

Newport. The y-axis for TP and EP shows the normalized values. The displayed values for each 

graph show the median, standard deviation, and p-value for the TP and EP. The median and 

standard deviation values are expressed in thousand (k). For the t-test, the 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 

equation 2.3. See Appendix A, Tables A19 to A21 for 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/low-income groups to adapt to and recover from the effects of existing hazards. To 

accentuate this point, consider the post-Hurricane 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 damage and 100,000 people 

were displaced as a result of Hurricane Katrina (Brown, 2015). East Biloxi, where the low-income 

and marginalized community resides, was still suffering the impact of Katrina 10 years after the 

storm, with broken, untended infrastructure, high unemployment rates, and homelessness 

(Rentschler et al., 2022). In contrast, the high-income communities received substantial federal 

aid for infrastructure rebuilding and are "better off after the storm" (Brown, 2015). This exclusion 

from recovery aid will undoubtedly impose constraints on the ability of low-income and 

minoritized communities to adapt to future climate change. Consequently, marginalized groups 

may account for a disproportionate share of climate change collateral damage, even if they 

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). 

2.4.5 Towards Sustainable Adaptation Strategies 

Human interaction with the coast is increasing across the U.S. (McGranahan et al., 2007; 

Hauer et al., 2021), and despite the clear and present danger posed by relative SLR, the need for 

adaptation and resilience planning is often overlooked or insufficiently prioritized. The growing 

risks identified in this chapter pose a major challenge, and adaptation is to be expected in all the 

cities considered. Will cities be proactive and prepared via detailed assessment, planning, 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 through 2050, 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 (Dronkers et al., 1990), with the advance now added as a 

fourth option (Oppenheimer et al., 2015). Adaptation is a long-term process, and some 

combination of these strategies is likely most appropriate sequenced following an adaptive 

pathways approach (Haasnoot et al., 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 

Hanson et al. (2011), Nicholls et al. (2008), and Hallegatte et al. (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 nature-based protection from marshes and 

mangroves; subsidence control (in 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 flooding and inundation within exposed 
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areas (Sung et al., 2018). The U.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, there are 131 flood control structures, with more than 50% 

protecting the cities on the Pacific coast (Appendix A, Table A22). 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 potential flooding. Appendix A, Figure A4a to 

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

walls, such as Miami, New Orleans, Port Arthur, Texas City, Foster City, Long Beach, and 

Huntington. The defended scenario for the U.S. Atlantic coast suggests that by 2050, relative SLR 

will affect an additional land area of 634 ï 850 km2, a population of 45,000 ï 244,000, and 25,000 

ï 152,000 properties (Appendix A, Table A23). This represents a 10 ï 17% decrease in the exposed 

area and 7 ï 24% decrease in the total exposed population and properties (Figure 2.11a to c; 

Appendix A, Table A23). This ineffectiveness in hazard mitigation on the U.S. Atlantic coast 

reflects the lack of an adequate flood protection system in most cities. Ten cities on the U.S. 

Atlantic coast evaluated in this study (excluding Miami) have only three levees and floodwall 

systems (Figure 2.11d), opting for other protective approaches such as beach nourishment, 

enhancing the beach and beach-front property aesthetics, but providing more limited flood 

protection including from back-barrier 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%, respectively (Figure 2.11, Appendix A, Tables A24 and A25). In total, our model suggests 

that by 2050, accounting for current flood-defense structures, relative SLR will affect a land area 

of 1,006 to 1,389 km2, 55,000 to 273,000 people, and 31,000 to 171,000 properties on the U.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 

structure-based coastal defense systems were not designed with climate change in mind and 

significant upgrades may be required to remain effective even to 2050 (Duarte et al., 2013). This 

is most relevant where subsidence and differential subsidence affect the utility of flood control 

structures by lowering their effective height below inundation depths and promoting structural 

failure (Dixon et al., 2006) (Appendix A, Figure A4f to j).  

The U.S. coastline hosts 160,000 km2 of wetlands and marshes, providing essential 

functionality as storm buffers protecting coastal communities against increasing waves, storm 

surges, and tsunamis (see chapter 1; Duarte et al., 2013; Stedman & Dahl, 2008; Barbier et al., 

2011; Kirwan & Megonigal, 2013; McLeod et al., 2011; Schuerch et al., 2018). Nationally, these 

coastal wetlands and marshes are declining, diminishing their protective capacity (Ohenhen et al., 

2023; Schuerch et al., 2018; Ganju et al., 2017; Jankowski et al., 2017; Watson et al., 2017; White 

et al., 2021). A national cost-benefit analysis of wetland conservation and restoration reveals that 

storm protection services provided by existing coastal wetlands exceed the cost of restoration and 

conservation (Duarte et al., 2013; Costanza et al., 2008; Narayan et al., 2017). Hence, conserving 
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and restoring coastal ecosystems around cities is one beneficial component to mitigating future 

impacts of SLR and coastal hazards in general. 

 

 

Figure 2.11. Influence of Flood Control Structures on Modeled Exposure. Percent decrease in 

2050 exposed (a) areas, (b) population, 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 shown 

in Appendix A, Tables A23 to A25. The central value in (a) to (c) represents the estimated median 

value from equation 2.3, while the error bars represent the lower and upper bounds from equation 

2.3. 

While not universal, human-induced land subsidence must also 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 

(Zoysa et al., 2021). Although natural processes (e.g., GIA) influence coastal land subsidence on 

the U.S. coasts, non-GIA 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 relative sea-level rise around the 

US, particularly on the Atlantic and Gulf coasts (Herrera-García et al., 2021; Shirzaei et al., 2021) 

(Appendix A, Figures A8 and A9). Policies that aim to minimize subsidence via reduced water 

withdrawals, etc., are crucial in the relevant cities (Nicholls et al., 2021; Fang et al., 2022; Zoysa 

et al., 2021; Kondolf et 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 established U.S. 

practices as regulated by the National Flood Insurance Program (FEMA, 2023). Other adaptation 

alternatives may include flood-proof or flood-resilient buildings, the selective relocation of 

threatened properties, improved flood warning systems, enhanced evacuation and disaster 
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preparedness measures, and innovative options such as floating buildings. These strategies need 

to be applied in a planned, incremental/stepwise manner that 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 disaster 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 the short-term. These variations are not 

inconsequential, given the inevitable continued rise in sea level beyond 2050 and its likely 

acceleration with additional warming (IPCC, 2022). Therefore, a long-term proactive and 

continuous adaptation beyond simple coastal protection would be needed (Cozanne et al., 2023). 

For the sustainability and resilience of U.S. coastal cities, it is critical to adopt a built-upon 

multifaceted strategy involving the implementation of adaptive measures, the regulation of 

subsidence, and the implementation of stringent climate change 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 for his helpful discussion on the high-tide data. 
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Chapter 3 

 

Quantifying the Land Subsidence Risks and Drivers in U.S. Metropolises 

3.1 Abstract 

Land subsidence is a slow-moving hazard with adverse environmental and socioeconomic 

consequences for densely populated urban areas worldwide. However, spatially dense subsidence 

rates at policy-relevant scales to capture granular variations in land motion are often lacking in 

most cities, hindering assessment of subsidence-induced infrastructure risk. Here, we use advanced 

synthetic aperture radar interferometric measurements and global navigation satellite system data 

from 2015 to 2021 to create high-resolution maps of subsidence rates and extents for 28 most 

populous U.S. cities. We estimate that at least 20% of the urban area is sinking in all cities, 

affecting ~34 million people. Comparison of the vertical land deformation with groundwater data 

shows a linear relationship with a 76% correlation value, suggesting groundwater extraction from 

confined aquifers as a major driver. Our results also show that in 19 cities, glacial isostatic 

adjustment, with rates between 1 to 3 mm per year, contributes about 40 to 90% of the observed 

subsidence. Additionally, we estimated the potential risks to buildings across U.S. cities using 

differential settlement. Our analysis shows that about 29,000 buildings are located in high- and 

very high-risk areas, indicating a greater likelihood of infrastructure failure in the affected cities. 

These datasets and information are crucial for developing ad hoc policies to adapt urban centers 

to the complex challenges of the 21st century. 

3.2 Introduction  

The slow and gradual sinking of the Earthôs surfaceïland subsidenceïis a present and 

growing hazard with costly environmental, social, and economic impacts on urban centers 

(Herrera-Garcia et al., 2021; Shirzaei et al., 2021; Ohenhen et al., 2024b; Nicholls & Shirzaei, 

2024). Globally, the narrative of sinking cities has drawn widespread attention to rapidly sinking 

coastal areas, such as Jakarta, Bangkok, Venice, and New Orleans (Phien-wej et al., 2006; 

Chaussard et al., 2013; Erkens et al., 2015; Herrera-Garcia et al., 2021; Wu et al., 2022). However, 

beyond these vulnerable coastal cities, a broader 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 

(Chaussard et al, 2021; Cigna & Tapete, 2022, Khorrami et al., 2023; Ao et al., 2024; Haghshenas 

& Motagh, 2024). Even modest rates of urban subsidence can profoundly impact the structural 

integrity of buildings, roads, bridges, and dams (Ohenhen et al., 2024a). Over time, these 

incremental changes may accumulate, magnifying vulnerabilities within urban systems, notably 

the exacerbation of existing flood risks with impacts on urban livability (Shirzaei & Burgmann, 

2018; Ohenhen et al., 2024b). 
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Moreover, the anthropogenic drivers 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 

environmental 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 (Nicholls et al., 2021; Herrera-Garcia et al., 

2021, He et al., 2021). Specifically, climate-induced 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 significant 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 (Galloway et al, 1999). One of the most striking examples of 

subsidence in the United States 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 (8.5 meters), 

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 Houston-Galveston area in Texas 

(Miller & Shirzaei, 2019; Miller & Shirzaei, 2021), Phoenix in Arizona (Miller & Shirzaei, 2015), 

Las Vegas Valley in Nevada (Amelung et al., 1999), Mississippi Delta in Louisiana (Törnqvist et 

al., 2008), Major cities on the East Coast of the US, such as Hampton Roads in Virginia, Charleston 

in South Carolina (Ohenhen et al., 2024a), and Alaska (Galloway et al., 1999). In the Houston-

Galveston area, long-term groundwater mining and oil and gas extraction have resulted in 

subsidence rates of up to 2 inches (5 centimeters) per year in certain areas. Similarly, the Phoenix 

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 deposition due to levees and dams. Glacial isostatic 

adjustment (GIA) and anthropogenic activities on the U.S. East Coast are causing subsidence at 

variable rates, reaching up to 5 millimeters per year in some cities. In Alaska, permafrost thawing 

has induced subsidence at 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, urban planning, and environmental 

management, necessitating the monitoring of spatiotemporal patterns and rates of land elevation 

changes. While in-situ point-based observations, such as global navigation satellite systems 

(GNSS) and leveling, may provide accurate measurements of subsidence extent and rates, they are 

limited in their spatial resolution and are often impractical for large-scale and regional studies 

(Shirzaei et al., 2021; Wu et al., 2022; Ohenhen et 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 in the U.S. (Herrera-Garcia et al., 

2021; Hassan et al., 2023; Davydzenka et al., 2024). However, 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, fine-scale variations in land motion that are 

critical for understanding the risks and vulnerabilities of urban areas (Ohenhen et al., 2024b). 

Furthermore, a challenge is the possibility of large-scale model-driven analyses to overlook 

subsidence hotspots where subsidence is unrelated to groundwater extraction or other 

anthropogenic activities (e.g., sediment compaction, urban development pressures, and climate-

driven permafrost thawing). These challenges and the resulting lack of detailed high-resolution 

data may impede the implementation of targeted subsidence mitigation/adaptation efforts. 

Satellite-based 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 changes across 28 most populous U.S. cities 

(see methods). Our analysis leverages Sentinel-1 SAR datasets at ~28-m resolution and mm-level 

precision to address the need for high-resolution and accurate subsidence monitoring. Collectively, 

the population of these cities constitutes about 12% of the total U.S. population and includes all 

U.S. metropolis with a population exceeding 600 thousand people (Appendix B, Table B1). Using 

the dataset of land elevation changes, we evaluate the hazard associated with differential settlement 

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 escalating environmental pressures to the long-term 

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 U.S. cities as defined by the 2020 U.S. census 

data. The combined population of the 28 cities is 39 million people (Appendix B, Table B1), 

representing ~12% of the current total U.S. population. Geographically, the cities were selected 

from 19 different states; the only states 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 subject to tidal influences 

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 to rivers, include 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, MI (Detroit River); 

and Memphis, TN (Mississippi River). 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 cities. Of the 28 U.S. cities, 13 are among 

the 20 fastest-growing cities in the US, with population increases between 10% and 26% from 

2010 to 2020 (https://explodingtopics.com/blog/fastest-growing-cities), indicative of significant 

urban population expansion and infrastructure development trends in recent years. 

To estimate the population for each U.S. city, we used the 2020 open-access topologically 

integrated geographic encoding and referencing (TIGER) system demographic and economic data 

from the U.S. Census Bureau (https://www.census.gov/geographies/mapping-files/time-

series/geo/tiger-data.2020.html). This dataset provides detailed population estimates for each city, 

subdivided into census blocks. 

3.3.2 SAR Analysis 

To generate high-spatial resolution maps of vertical land motion (VLM) for the 28 U.S. 

cities, we applied advanced multitemporal Wavelet-based interferometric synthetic aperture radar 

(WabInSAR) algorithm (Shirzaei & Bürgmann, 2012; Shirzaei, 2013; Shirzaei et al., 2019; Lee & 

Shirzaei, 2023) to 2,512 SAR images acquired in ascending orbit of Sentinel-1 A/B satellites 

between 2015 and 2021 (Appendix B, Table B2). To this end, we generated ~400 sets of high-

quality Interferograms for each city (12,311 total interferograms) using the GAMMA software 

(Werner et al., 2000) within a maximum temporal baseline of 700 days and a perpendicular 

baseline of 500 meters. To improve the signal-to-noise ratio and enable precise and detailed 

observations of surface deformation, we applied a multi-looking factor of 12 x 2 in the range and 

azimuth directions, respectively, to obtain an average ground resolution of ~28 meters. We 

performed accurate co-registration 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 (Shirzaei et 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 phase 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 orbital error 

(Shirzaei & Walter, 2011), the effects of topography-correlated atmospheric phase delay, and 

spatially uncorrelated topography error by applying a suite of wavelet-based filters (Shirzaei & 

Bürgmann, 2012). We applied a reweighted least squares optimization to estimate the time series 

and rate of land motion along the satelliteôs line of sight (LOS) for each pixel.  

We assume most horizontal motions are of a spatially smooth pattern that can be estimated 

and removed using a polynomial. This is a valid assumption 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 

https://explodingtopics.com/blog/fastest-growing-cities
https://www.census.gov/geographies/mapping-files/time-series/geo/tiger-data.2020.html
https://www.census.gov/geographies/mapping-files/time-series/geo/tiger-data.2020.html
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projected the corrected LOS velocity for each pixel (ὒὕὛ) in the vertical direction to obtain the 

VLM following equation 3.1: 

ὠὒὓ      3.1 

Where, ÃÏÓ— is the local incidence angle for each pixel. The obtained VLM is with reference 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 (Hammond, et al. 2021) and applied an affine 

transformation to align the VLM rates to the IGS14 global reference frame (Blackwell et al. 2020, 

Ohenhen et al., 2023). Appendix B, Figures B1 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 LOS velocities 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 measurements (Appendix B, Figures B1 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 et 

al., 2018). The comparison shows 88% correlation (R2 value), with a mean difference of 0.1 mm 

per year and a standard deviation and 1.1 mm per year (Appendix B, Figure B29). 

3.3.3 Subsidence Exposure Analysis 

To quantify the population exposed to urban subsidence, we used the 2020 census data to estimate 

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 subsidence rates (mm per year) into 5 categories in 

order of increasing subsidence hazard severity: VLM Ó 0 (not exposed to subsidence), -3 Ó VLM 

< 0, -5 Ó VLM < -3, -10 Ó VLM < -5, and VLM < -10. 

3.3.4 Infrastructure Risk Analysis  

Infrastructure risk has emerged as an area of critical concern in the U.S. due to historical 

and recent building failures. Between 1989 and 2000, a total of 225 building failures were recorded 

in the U.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, Iowa (May 2023), resulting in over 100 casualties (https://finance-

commerce.com/2024/01/4-recent-building-collapses-raise-concerns-about-americas-aging-

infrastructure/). The risk to infrastructure depends on intrinsic hazards, including the type of 

construction material age, and maintenance state of the infrastructure; extrinsic hazards such as 

soil type and foundation materials; and subsidence-related hazards such as relative rotations, 

horizontal strain, total and differential settlement (Burland et al., 1975; Cigna & Tapete, 2021a; 

https://finance-commerce.com/2024/01/4-recent-building-collapses-raise-concerns-about-americas-aging-infrastructure/
https://finance-commerce.com/2024/01/4-recent-building-collapses-raise-concerns-about-americas-aging-infrastructure/
https://finance-commerce.com/2024/01/4-recent-building-collapses-raise-concerns-about-americas-aging-infrastructure/
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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 subsidence-related hazard, which poses a risk to urban infrastructure and properties 

(Burland et al.,1975; Skempton & Macdonald, 1956; Cigna & Tapete, 2021a; Ohenhen & Shirzaei, 

2022). 

To estimate the risk to infrastructure due to land subsidence in U.S. cities, we used a risk 

matrix, which associates 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 Low ï VL, Low ï L, 

Medium ï M, High ï H, and Very High ï VH (Appendix B, Figure B30). The hazard associated 

with differential settlement was evaluated by calculating the angular distortion (‍), defined by 

equation 3.2 as the ratio of the subsidence horizontal gradient (Ў‏) of adjacent pixels to their 

horizontal distance (ὰ).   

‍
Ў

      3.2 

The calculated ‍ values were classified into four hazard severity levels: low (‍ < 0.02°), 

medium (0.02Á Ò ‍ < 0.04Á), high (0.04Á Ò ‍ Ò 0.12Á), and very high (‍ > 0.12°), based on 

predefined criteria following geotechnical engineering standards for allowable settlements on 

buildings and previous studies (Skempton & Macdonald, 1956; Burland et al., 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 failures (e.g., foundation settling and collapse of buildings) 

(Burland et al., 1975; Fernández-Torres et al., 2020; Cigna & Tapete, 2021a; Ohenhen & Shirzaei, 

2022). The total land area affected by differential subsidence hazards in U.S. cities is summarized 

in Appendix B, Table B3, and the spatial maps for ‍ are shown in Appendix 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 brick-bearing walls or buildings with steel 

or reinforced concrete frames, ‍  occurs when ‍ exceeds 0.19° (Boscardin & Cording, 1989; 

Bjerrum, 1963; Day, 1990; Skempton & Macdonald, 1956). For beams and columns, ‍ greater 

than 0.38° can cause structural damage (Skempton & Macdonald, 1956), and for brick walls and 

encased steel frames, moderate to severe damage occurs at ‍ greater than 0.38° (Wood, 1958). For 

structures built on sand or soft clays, ‍  occurs when ‍ exceeds 0.02° (Burland et al., 1975). 

Additionally, we assessed ‍ over a 25-year settlement period, assuming a linear rate of VLM for 

this short-term period (Shirzaei et 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 Microsoft 

(https://github.com/Microsoft/USBuildingFootprints/). The building footprint database was 

created using a semantic segmentation pixel recognition scheme and polygonization, which 

accurately delineates the shape and size of buildings for each U.S. city. For an 80 m grid, we 

assigned each grid a classification of low (building densities < 518), medium (518 Ó building 

densities < 3,300), and high (building densities Ó 3,300) housing densities (in housing units/km2) 

based on the 2020 urban areas density thresholds proposed by the U.S. census bureau (Ratcliffe, 

2022). Appendix B, Figures B1 to B28 shows the spatial risk maps created by combining the 

building density and ‍. Appendix B, Table B3 summarizes the number of buildings for each risk 

category in the U.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 county basis for 32 counties relevant to this study (Lovelace et al., 

2020; Dieter et al., 2015). The dataset includes groundwater withdrawal estimates from 66 

principal aquifers and other non-principal aquifers during 2015 for various categories by different 

uses (public supply, domestic, irrigation, thermoelectric power, industrial, mining, livestock, and 

aquaculture water use).  A summary of the 32 counties and the categorized groundwater use is 

provided in Appendix B, Table B4. 

To estimate the change in groundwater level in the U.S. cities, we collected 90 time series 

of daily water level measurements from the United States Geological Survey (USGS) (USGS, 

2024). The groundwater data were available for 13 cities, including 27 confined aquifers, 42 

unconfined aquifers, and 21 wells with no aquifer labels; termed unknown aquifers (Appendix B, 

Table B5). The location, depths, and aquifer types for the groundwater wells is summarized in 

Appendix B, Table B5. We used TheilïSen regression slopes (equation 3.3), 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 (2015 ï 2021): 

 άὩὨὭὥὲ  Ὢέὶ ρ Ὥ Ὦ ὔ  3.3  

Where Ὤ and ὸ 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 non-glacial isostatic adjustment (GIA) VLM rates from InSAR pixels 

within a 50 m radius of the well locations and compared them with the  for 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 non-GIA VLM rates, we used the ICE-6G-D GIA 

https://github.com/Microsoft/USBuildingFootprints/
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model (Peltier et al., 2018) to estimate and exclude the GIA contributions at the InSAR pixels for 

each U.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 

groundwater level and the VLM data, given by equation 3.4: 

”Ὧ
В

В В

    3.4 

Where ”Ὧ is the Pearson correlation coefficient at lag Ὧ, ὢ and ὣ are the timeseries of 

groundwater level and VLM data at time Ὥ, respectively, and  ὢ and ὣ are the mean values. The 

correlation coefficient (”) ranges from -1 to 1, indicating a perfect positive to a perfect negative 

correlation. For each timeseries, we presented the maximum lagged correlation value. 

3.4 Results and Discussions 

3.4.1 Subsidence Hotspots and Spatial Variability in U.S. Cities 

On average, we find that 25 out of the 28 U.S. 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 and Appendix B, Table B1). Specifically, in 9 of the 25 sinking cities 

(New York, Chicago, Houston, Dallas, Fort Worth, Columbus, Seattle, and Denver), we find an 

average weighted subsidence greater than 2.0 mm per year. Several cities in Texas ï the fastest 

growing state in the U.S. ï including Houston, Fort Worth, and Dallas, exhibit the highest 

measured subsidence rates among all cities, with average 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 Jose, Jacksonville, and Memphis, experiencing 

uplift on average, also have areas sinking more than 5 mm per year (Appendix B, Figures B10a, 

B12a, and B28a). Similarly, cities such as New York and Washington DC, which exhibit overall 

average subsidence, contain localized areas of uplift (Figure 3.1b and f). Appendix B, Figures B1 

to B28 reveal spatially variable VLM rates within the 28 cities with varying subsidence (yellow-

orange-red colors) and uplift (green-purple 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 United States Cities. (a) Average rate of vertical land 

motion (VLM) for 28 U.S. cities evaluated in this study. Each circle is color-coded to the respective 

average VLM for each city. Appendix B, Table B1 summarizes the average subsidence for each 

city. Spatially varying VLM for (b) New York, NY, (c) Las Vegas, NV, (d) Seattle, WA, (e) 

Houston, TX, and (f) Washington DC. The location of each city is highlighted in (a). Positive 

VLM (green-purple colors) indicates uplift, while negative VLM (yellow-orange-red colors) 

indicates subsidence. LGA represents LaGuardia Airport, NY. Individual VLM maps for all 28 

cities are shown in Appendix B, Figures B1 to B28. 

To highlight the pervasive pattern of urban subsidence and identify hotspots within the 

urban landscape, we estimated 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) within each U.S. city. In 

every city, at least 20% of the area is sinking, and in 25 out of the 28 cities, at least 65% is sinking 

(Figure 3.2a; Appendix B, Table B6). The cities with the most widespread subsidence in the US, 

with about 98% of the citiesô area affected, include Chicago, Dallas, Columbus, Detroit, Fort 

Worth, Denver, New York, Indianapolis, Houston, and Charlotte (Figure 3.2a). 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 sinking rate in 3 of these cities (Dallas, Fort Worth, and Houston). Houston ï the 

fastest sinking city out of the 28 most populated U.S. cities ï has 42% of its land area subsiding 

faster than 5 mm per year, and 12% subsiding faster than 10 mm per year (Appendix B, Table B6). 

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 (Figure 3.2a). For example, significant subsidence 

greater than 5 mm per year is observed in several areas in LaGuardia Airport, New York (Figure 



53 

 

3.1b), Northgate and Los Prados, Las Vegas (Figure 3.1c), East Potomac Park, Washington DC 

(Figure 3.1f), Northern part of Treasure Island and areas adjacent to Islais Creek, San Francisco 

(Appendix B, Figure B17a), and Long Beach, Los Angeles (Appendix B, Figure B2a) are 

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 2020 U.S. census data 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 the total U.S. 

population, currently reside on sinking land across the 28 U.S. cities (Figure 3.2b; Appendix B, 

Table B6). 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 year across U.S. cities 

(Figure 3.2b). 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, Chicago, Los 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 population (Appendix B, Table B6). New York City alone accounts 

for 26% of the total subsiding population, with the other seven cities making up 5 to 8% of the 

population residing on subsiding land (Appendix B, Table B6). Additionally, 1 million people 

reside in land areas subsiding at rates exceeding 5 mm per year, including residents of Houston, 

Los Angeles, Fort Worth, Las Vegas, and Dallas (Figure 3.2b 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 exacerbate the flood hazards, particularly due to 

the expected climate change-induced increases in the frequency and intensity of extreme weather 

events (Nicholls & Cazenave, 2010; Aerts et al., 2014; Sweet et al., 2022; Ohenhen et al., 2024b). 
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Figure 3.2.  Exposure to Subsidence in United States. (a) Percentage of each city affected by 

subsidence. (b) Percentage of the population affected by subsidence for each city. (c) Percentage 

of the population affected by subsidence greater than 5 mm per year (or VLM > -5 mm per year) 

for each city. The warming of the colors from yellow to red is indicative of increasing subsidence, 

while the green color denotes not exposed to subsidence (VLM Ó 0 mm per year). Appendix B, 

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 by both natural 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 sediment compaction (autocompaction) (Peltier, 2004; Nelson et al., 1996; Chaussard et 

al., 2013; Zoccarato et al., 2018; Shirzaei et al., 2021). Anthropogenic processes, such as land use 

practices, subsurface fluid withdrawal (extraction of groundwater or oil and gas), 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, 2011; Galloway et al., 2016; Minderhoud et al., 2018; Shirzaei et al., 

2021; Candela & Koster, 2022).  

Both natural and anthropogenic driven processes at various scales contribute to land 

subsidence in urban cities across the U.S. (Galloway et al, 1999). In cities such as New York, 

Philadelphia, Washington DC, Denver, Indianapolis, Columbus, Detroit, Nashville, Chicago, and 

Portland, contemporary rates of GIA are a dominant factor driving regional land elevation loss, 

which can vary from 1 ï 3 mm per year (Karegar et al., 2016; Peltier, 2018; Ohenhen et al., 2024a, 

2024b; Figure 3.3). 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 tectonic activities associated with the active plate margins and/or sediment 

compaction (Nelson et al., 1996; Bürgmann et al., 2006; Blackwell et al., 2020). While natural 

processes influence urban land subsidence in the US, most of the sinking land results from human-

driven activities, with 80% of the land subsidence associated with groundwater withdrawals 

(Galloway et al, 1999). This extraction-subsidence relationship is based on the principle of 

effective stress (total stress minus pore-fluid pressure) (Galloway & Burbey, 2011; Shirzaei et al., 

2021). When groundwater is pumped from an aquifer, the pore-fluid pressure decreases, leading 

to a decline in the hydraulic head, reflected in lower water levels in the wells. This decrease in 

pore-fluid pressure increases 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; Shirzaei et al., 2021). The faster the groundwater is extracted, the quicker the water 

table declines, accelerating the subsidence rate (Chaussard et al., 2013). 

To assess the impact of groundwater extraction on urban subsidence across the 28 U.S. 

cities, we obtained a county-level dataset of estimated groundwater withdrawals from principal 

aquifers across the U.S. (see methods). Comparisons of the average VLM for 32 counties, where 

the 28 U.S. cities are located, did not reveal any significant trends between the rate of groundwater 

withdrawals and surface elevation changes at a regional scale (Appendix 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 

groundwater data across 13 cities (representing ~46% of the 28 cities) from the U.S. Geological 

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 unknown aquifers) using TheilïSen 

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 increased groundwater 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 data (2015 ï 2021) and 

may not reflect the long-term trends in groundwater levels across the U.S. (Jasechko et al., 2024). 
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Figure 3.3. The Influence of Glacial Isostatic Adjustment (GIA) on Urban Subsidence in U.S. 

Cities. The GIA data is derived from the ICE-6G-D model (Peltier et al, 2018). 

To investigate the impact of localized groundwater level changes on the VLM, we 

compared the groundwater rates with the average non-GIA VLM rates from InSAR pixels within 

a 50 m radius of the well locations (see methods). The analysis shows a poor correlation for 

unknown (R2 = 1.9%) and unconfined (R2 = 18.3%) aquifers between the rate of groundwater 

levels and the VLM rates (Figure 3.4a). In contrast, we observe a strong correlation of 76% 

between the vertical deformation and changes in the groundwater levels within the confined 

aquifer systems (Figure 3.4a). This linear relationship suggests two things. Firstly, the coefficient 

of determination (R2) suggests that 76% of the non-GIA subsidence (or uplift rates) is due to the 

variation in the groundwater levels within the confined aquifers (Figure 3.4a). 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) we note 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 (or uplift) corresponding to a decline (or increase) in groundwater 
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levels (Figure 3.4a). However, 12 wells show subsidence despite increased groundwater levels, 

suggesting a delayed compaction following a period of significant decline in the groundwater level 

(Shirzaei et al., 2019), and the contributions of other non-GIA natural processes (e.g., 

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

subsidence variability. 

 
Figure 3.4. Contribution of Groundwater Withd rawal to Land Subsidence in US. (a) Linear 

regression analysis of groundwater level trends and vertical land motion (VLM) across 13 U.S. 

cities. The blue, yellow, and red lines are the regression lines for confined, unconfined, and 

unknown aquifers, respectively. (b) Correlation between time series of VLM and changes in 

groundwater levels for confined, unconfined, and unknown aquifers. Each square represents a 

single well in each city. 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 InSAR displacement for wells in showing (c) groundwater level decline 

(Houston and San Diego) and (d) groundwater level increase (Washington DC and New York). 

The location of the wells for each city is summarized in Appendix B, Table B5.  

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

deformation for the different well locations. Using a Pearson correlation coefficient (ɟ), we found 

a higher correlation (ɟ = 0.5 Ñ 0.2) between the time series of the vertical land motion and 

groundwater level changes in the confined aquifers (Figure 3.4b ï d). However, we find a lower 

correlation for the unconfined aquifers (ɟ = 0.2 Ñ 0.3) and the unknown aquifers (ɟ = 0.1 Ñ 0.2) 
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(Figure 3.4b). The exception is 2 wells in San Diego with ɟ > 0.9 that lie above the confined wells 

(Figure 3.4b and c). Next, we test for a statistical relationship between groundwater levels and 

VLM across temporal scales using a t-test. Testing at an alpha value of 0.01 for statistical 

significance, we found no statistically significant differences between the ɟ of unconfined aquifers 

and the unknown aquifers (p-value = 0.02). In contrast, the confined aquifers exhibited a 

statistically significant higher ɟ when compared to both the unconfined and unknown aquifers (p-

value = 0.00), indicating that changes in the pore pressure, and consequently the stress acting on 

the aquifer matrix, control the temporal dynamics of vertical deformation of confined aquifers, and 

in a few cases the unconfined aquifers (Galloway & Burbey, 2011; Ojha et al., 2019; Ghobadi-Far 

et al., 2023). These results help us identify the fingerprint of anthropogenic land subsidence in 

several U.S. cities, offering crucial insights into the localized impacts of human activities on 

subsidence. 

3.4.3 Risk of Urban Subsidence on U.S. Infrastructure  

One of the most harmful yet less visible effects of urban land subsidence is the potential 

damage to buildings, foundations, and infrastructure, primarily caused by differential land motion 

(Fernández-Torres et al., 2020; Cigna & Tapete, 2021b; Ohenhen & Shirzaei, 2022). Unlike flood-

related subsidence hazards, where risks manifest only when high rates of subsidence lower the 

land elevation below a critical threshold (Shirzaei & Bürgmann, 2018; Miller & Shirzaei, 2019), 

subsidence-induced infrastructure damage can occur even with minor changes in land motion 

(Cigna & Tapete, 2021a; Ohenhen & Shirzaei, 2022; Ohenhen et 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 urban centers.  

Building collapse is the ultimate expression and most severe consequence of infrastructure 

hazards related to continuous urban land subsidence. Globally, multiple building collapses are 

recorded yearly, with an average of eight incidents annually (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 design errors are identified as the major causes of these 

collapses, about 2% of the collapsed buildings were directly attributable to subsidence-related 

issues, including foundation and soil settlement. Furthermore, another 30% (60 out of 225) of these 

failures were designated as having unknown causes. Given the long-term and prevalent nature of 

subsidence hazards in U.S. cities, along with their latent nature, it is probable, even expected, that 

some of these unknown causes may be due to land subsidence.  

We estimate that a total land area of 12,000 km2, 862 km2, 138 km2, and 1.3 km2, are 

affected by low, medium, high, and very-high angular distortion or differential settlement, 

respectively (Appendix B, Table B3). Although the high and very-high hazard zones affect only 
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about 1% of the total land area in the 28 cities (Appendix B, Table B3), these areas represent 

critical zones within the urban landscape where the structural integrity of infrastructure may be 

compromised (Cigna & Tapete, 2021a). Generally, angular distortion 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 & Macdonald, 1956; Wood, 1958; Cigna & Tapete, 2021a; 

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 generally low, with the majority 

(>99%) of the buildings classified as low to medium risk (Figure 3.5, Appendix B, Figures B1 to 

B28, and Appendix B, Table B3). The high and very high-risk areas include more than 29,000 

buildings from the 28 U.S. cities (Figure 3.5i). This is significant considering the increasing 

number of building failures in the U.S. (Hadipriono & Wardhana, 2003), and population growth 

across major U.S. metropolitan areas. In terms of the ratio of high and very high-risk buildings to 

the total buildings 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 proportions (Appendix B, Table B3). Additionally, San 

Antonio, Austin, and Houston contribute more than 82% of the buildings at very high risk, having 

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, 

foundation materials, 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 & Macdonald, 1956; Ozer & 

Geurts, 2021; Ohenhen & Shirzaei, 2022). Nevertheless, these high and very high-risk zones in 

the cities indicate areas where subsidence-derived stressors may unfavorably tilt buildings and 

other infrastructure towards the higher end of the risk spectrum. Within the context of a 

socioeconomic framework, these spatial and quantitative risk information are essential in urban 

planning and land use zoning, helping local policy makers to identify areas where new 

development should proceed or be restricted due to existing risk levels (Cigna & Tapete, 2021a). 
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Figure 3.5. Risk of Subsidence to Infrastructure in Major  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 shown in Appendix B, Figures B1 

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 to different risk levels in each city. The 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. Jacksonville, 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. Portland, OR; 

26. Las Vegas, NV; 27. Detroit, MI; 28. Memphis, TN. Note that the bars only show the H and 

VH risk category. The risk maps for all cities are shown in Appendix B, Figures B1 to B28 and 

Appendix B, Table B3 summarizes the distribution of risks for each city. 

So far, we have shown that cumulative differential settlement can cause hazards, 

exacerbating the infrastructure risk in U.S. cities. But is there a subsidence-risk criterion for 

associating subsidence hotspots with infrastructure risk in urban cities? To address this question, 

we analyzed the land motionïadjacent land motion occurrence and their associated risk levels 

across the 28 cities (Figure 3.6). The analysis shows that 99.9% of the high and very high-risk 

zones (except for 4 high risk zones) occur in areas with VLM rates between 10 mm per year and -

10 mm per year (Figure 3.6). Additionally, 31.9% and 51.8% of high and very high-risk zones 

occur in areas where the land is experiencing uplift (Figure 3.6).  
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Figure 3.6 Influence of Subsidence on Infrastructure Risks. Comparison of the vertical land 

motion (VLM) versus adjacent VLM and the associated risks for U.S. cities. 

As discussed at the outset of this section, the risk to infrastructure can be present even with 

minor changes in land elevation. This is observed in cities like San Antonio, Austin, and Memphis, 

which have an average VLM rate ranging from 0 to -1 mm per year (Figure 3.1a), and contain 3 

out of 5 highest number of buildings at high and very high risks (Figure 3.5i). Infrastructure risk 

increases with spatially uneven settlement rather than subsidence alone. About 19% of the high-

risk zones and 24% of the very high-risk zones occur in areas where adjacent areas of land exhibit 

opposing motions (i.e. subsidence versus uplift). These zones 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 correlate with the subsidence hotspots (Appendix B, Figures B1 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 high-subsidence as risk-free, as observed in Houston (Figure 3.6). It 

does however, emphasize the importance of continuous monitoring of subtle (millimeter-level) 

land elevation changesïnot just subsidenceïto ensure the safety and resilience of urban 

infrastructure against the backdrop of population growth 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 (Erkens et al., 

2015). 

A crucial first step to implementing targeted mitigation or adaptation strategies is 

identifying the unique driver of subsidence in each urban area. This is important because while the 

anthropogenic driver of subsidence can be mitigated, subsidence caused by natural processes often 

requires adapting to ongoing changes (e.g., relative sea level rise and flooding) (Erkens et al., 

2015; Ohenhen et al., 2024b). However, separating these drivers is often difficult as multiple 

subsidence signatures are sometimes superimposed at a singular location (Shirzaei et al., 2021). 

Nevertheless, in most cases, natural subsidence processes may be exacerbated by anthropogenic 

drivers, which can be mitigated. For example, in many major coastal and delta cities, the natural 

sediment compaction driving subsidence is compounded by the construction of dams along river 

channels, sand mining, and excessive groundwater and hydrocarbon extraction, accelerating 

subsidence rates (Bagheri-Gavkosh et al., 2021; Kondolf et al., 2022). In other non-coastal urban 

cities, where GIA or tectonics processes drive subsidence, anthropic activities such as urban 

infrastructural loading and groundwater 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, or even reverse 

subsidence despite the existing background rates (Erkens et al., 2015; Zoysa et al., 2021; Kondolf 

et al., 2022; Fang et al., 2022).  

A few examples of successful subsidence mitigation efforts globally include Tokyo in 

Japan, Shanghai in China, and Perth in Australia. In Tokyo and Shanghai, regulatory measures 

restricting groundwater use and active groundwater recharge stopped, and subsidence in these 

cities was significantly reduced (Erkens et al., 2015). Groundwater replenishment through the 

implementation of managed aquifer recharge in Perth reversed long-term subsidence rates in parts 

of the city to uplift (Parker et al., 2021). In the United States, comprehensive groundwater 

management and artificial recharge projects have successfully offset water supply needs, 

stabilizing ground levels and mitigating further subsidence in Santa Ana, CA (Holzer, 1989; 

Dahlke et al., 2018).  

However, it is important to emphasize that while these measures achieved certain success, 

they did not restore the land elevation 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; Ohenhen et al., 

2024b). Moreover, to be effective, proposed mitigation solutions should not only proffer technical 
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solutions but also engage with community needs (Zoysa et al., 2021). This is particularly important 

in areas vulnerable to multi-hazards. 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 trade-off 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 subsidence after mitigation efforts, adaptation measures may be required to minimize 

impacts (Erkens et al., 2015; Fang et al., 2022; Ohenhen et al., 2024b). In this case, adaptation 

strategies must be tailored to address the specific vulnerabilities of each city. For 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 protection, accommodation, retreat, and advance (Dronkers et al., 

1990; Oppenheimer et al., 2015). Specific adaptive pathways for coastal cities are detailed by 

Nicholls et al. (2008), Hanson et al. (2011), and Hallegatte et al. (2013). In urban centers 

experiencing increased pluvial and fluvial flooding (e.g., Memphis, Philadelphia, Chicago, 

Columbus, Charlotte, Indianapolis, and Los Angeles) (Kim et al., 2023; Bates et al., 2021), 

adaptation strategies might involve new and upgraded structural protection, green infrastructure to 

manage stormwater, land raising, enhancing drainage systems, and improving flood warning and 

disaster preparedness (Erkens et al., 2015; Bates et al., 2021; Quagliolo et al., 2023; Ohenhen et 

al., 2024b). For cities susceptible to subsidence-induced 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, improving land use zoning regulations to limit infrastructure loading, and conducting 

regular maintenance and monitoring of critical infrastructure to prevent catastrophic failures 

(Erkens et al., 2015; Cigna & Tapete, 2021b; Zoysa et al., 2021; Ohenhen & Shirzaei 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 changing conditions. 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, and incorporate 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 & Innovation lab (EOI) group for the risk 

analysis. 

 

 

 

 



64 

 

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 infrastructure to subsidence on the U.S. east coast. PNAS nexus, 3(1), pgad426. 

https://doi.org/10.1093/pnasnexus/pgad426.  

4.1 Abstract 

Coastal communities are vulnerable to multi-hazards, which are exacerbated by 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 subsidence-hazard exposure to population, assets, and infrastructure 

systems/facilities along the U.S. east coast. Here, we show that between 2,000 to 74,000 km2 land 

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 these hazards correspondingly decreases. 

Our analysis has far-reaching 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 era of climate 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, 2010; Hanson et al., 2011; Shirzaei & 

Bürgmann, 2018; Hamdani et al., 2022). The coincidence of population migration towards low-

elevation coastal areas and continued accelerating sea-level rise (SLR) will increase the future 

vulnerability of coastal communities worldwide (Neumann et al., 2015; Hauer et al., 2020; Sweet 

et al., 2022). The impact of SLR-amplified hazards on coastal communities, such as flooding and 

erosion, dominates in global climate change discussions (Nicholls & Cazenave, 2010; Hauer et al., 

2020; Aerts et al., 2014), with other coastal hazards, such as land subsidence (the lowering of land 

elevation) relegated to the background. Land subsidence, however, is a pernicious and growing 

problem on a global scale with more immediate hazards to coastal areas and often presents more 

pressing and localized challenges (Herrera-García et al., 2021; Nicholls et al., 2021; Zoysa et al., 

2021; Dinar et al., 2021; Shirzaei et al., 2021; Wu et al., 2022; Candela & Koster, 2022). In many 

nations, land subsidence barely registers as an issue of public policy (Zoysa et al., 2021). In other 

nations, where the adverse effects of subsidence are recognized, the slow, gradual and unapparent 

https://doi.org/10.1093/pnasnexus/pgad426
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land sinking motion explains the lack of urgent policy interventions and subsidence governance 

(Zoysa et al., 2021; Candela & Koster, 2022). The resulting delayed response increases the 

exposure of coastal residents, especially in light of the yearly elevation gain in sea levels due to 

climate change and elevation loss due to subsidence. Recent considerations of the combined effect 

of SLR and subsidence 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 

& Bürgmann, 2018; Kulp & Strauss, 2019; Miller & Shirzaei, 2021). 

On the east coast of the U.S., the high density of population and infrastructure networks 

(Figures 4.1a and b), coupled with SLR (Figure 4.1c) and land subsidence hazard, increases the 

exposure of the population, properties, and assets in the region (Shirzaei et al., 2021; Karegar et 

al., 2016). The functionality, mobility, social comfort, and economic growth and development of 

society depend on civil infrastructure networks (Macchiarulo et al., 2022). Aging stock, extreme 

weather events, and differential land subsidence negatively impact infrastructure networks' safety 

(Macchiarulo et 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 US$786 billion, 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 high-hazard-prone 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 damage to the city, and the loss 

of over 1500 lives (van Heerden, 2017; Sills et al., 2008). The 2013 collapse of the eight-story 

Rana Plaza Savar, Dhaka, Bangladesh, resulted in more than 1,100 deaths (Kabir et al., 2019). On 

August 14, 2018, the Morandi bridge in Genoa, Italy collapsed over the Polcevera river, causing 

43 deaths (Milillo et al., 2019). The July 2021 twelve-story building collapse in Miami, Florida, 

claimed the lives of 98 people (Lu et al., 2021). These high-consequence events in coastal areas 

are unfortunate 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; Cascini et al., 2013; Cigna & 

Tapete, 2021a; Vassileva et 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 (Dehls et al., 2019). Thus, frequently monitoring the conditions of 

infrastructure and associated hazards is essential for resilience assessment by individual asset 

owners, engineers, and policymakers (Clementini et al., 2021). 
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Figure 4.1. Population, Infrastructure  and Sea-Level Rise (SLR) on the U.S. East 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 of the close-

up area shown in Figure 4.1b. (b) Close-up view of New England showing Infrastructure 

systems/facilities on the U.S. east coast. The summary table beneath (b) represents statistics for 

all infrastructure facilities analyzed in this study. (c) Time series of monthly (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 a (NOAA, 2022a). The time series have been 

offset for visual clarity. 

The exploitation of deformation signals from interferometric synthetic aperture radar 

(InSAR) has proved effective in assessing at-risk populations (Herrera-García et al., 2021; 

Blackwell et al., 2020) and monitoring infrastructure resilience, e.g., roads, railways, bridges, 

airports, dams, and levees (Macchiarulo et al., 2022; Milillo et al., 2019; Peduto et al., 2017; 

Argyroudis et al., 2019; Bianchini Ciampoli et al., 2019; D'Amico et al., 2020; Aswathi et al., 

2022). Here, we investigate the exposure of communities, assets, and 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 within 100 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 subsidence rate. The 

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 (USGS) (Barnard et al., 2023a; Barnard et al., 2023b) and Ohenhen et al. 

(2023) (Appendix C, Figure C1a). The VLM datasets were produced using an interferometric 

dataset comprising 3,057 SAR images from ascending tracks of the Sentinel-1 A/B and ALOS 1 

satellites, in combination with observations of 3D displacement fields at 162 global navigation 

satellite system (GNSS) stations (Appendix C, Figure C2). To produce the spatially continuous 

VLM maps across the region, two large-scale maps of line-of-sight (LOS) velocity for Sentinel-1 

A/B and ALOS 1 satellites were first produced. The LOS displacements were generated for 17 

Sentinel-1 and 95 ALOS-1 frames using a multitemporal Wavelet Based InSAR (WabInSAR) 

algorithm (Shirzaei & Bürgmann, 2012; Shirzaei, 2013; Shirzaei et al., 2019; Lee & Shirzaei, 

2023). To this end, the wavelet based analysis applied to the ~20,000 interferograms involved 

identifying and removing noisy pixels, reducing the effects of topographically correlated 

atmospheric phase delay, and spatially uncorrelated DEM error (Shirzaei & Bürgmann, 2012; 

Shirzaei, 2013). Next, the LOS velocity for each pixel was estimated as the slope of the best fitting 

line to the associated time series using a reweighted least-squares estimation. Lastly, the LOS 

velocity for each frame is mosaiced to generate large-scale continuous LOS displacements for 

Sentinel-1 and ALOS datasets following the procedure of Ohja et al. (2018). Further details on the 

model input parameters, interferogram, and LOS velocity generation can be found in Ohenhen et 

al. (2023).   

To combine the LOS velocities with the GNSS 3D displacements and generate a map of 

the VLM rate and assess uncertainties, we adopted a variation of the stochastic model proposed by 

Ohenhen et al. (2023): 
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where ὅ represents the unit vectors projecting the 3D displacements onto the LOS (Hanssen, 

2001), Ὁ , ὔ , and Ὗ  are the interpolated GNSS velocities, ώ and ώ are the interpolated LOS 

velocities and „  and „  are the variances for each pixel, where the subscripts ὥ and ί indicate 

ALOS-1 and Sentinel-1, respectively, and E, N, U are unknowns. Using matrix notations,   
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The optimized value of unknown in terms of least-squares and associated variance-covariance 

matrix (ὗ ) are given by: 

ὢ ὃὖὃ ὃὖὒ                  4.6 

ὗ ὃὖὃ      4.7  

Where ὃ is Green's function, ὒ is the observations, and ὖ is the weight matrix, which is inversely 

proportional to the observant variance („), ὨὪ is the degree of freedom, which is equal to the 

number of independent equations minus the number of unknowns and ὶ ὒ ὃὢ. The weight 

matrix, ὖ assigned to the interpolated GNSS observation, is a weight proportional to the nearest 

GNSS station (Ohenhen et al., 2023). 

Next, we perform a Chi-square goodness of fit test to examine whether the unknown 

parameters are distributed normally, or their distribution is skewed due to outliers and systematic 

errors (Soong, 2004). This test accounts for the impact of observations error and model inaccuracy 

on the quality of the estimated VLM rates used in the exposure analysis. To that end, we 

implemented a statistical hypothesis testing with a null hypothesis stating ὶὖὶ follows a Chi-
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square distribution (…) with ὨὪ degree of freedom (Mikhail & Ackermann, 1976). Thus, the 

alternative hypothesis is defined as  

ὶὖὶ …       4.8 

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

pixels where ὶὖὶ is greater than the critical value (Appendix C, Figure C1b). This exclusion 

criterion was applied to ensure the robustness of our exposure analysis by removing data points 

that may be affected by measurement 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 the ALOS-1 and 

Sentinel-1 periods, the sparse distribution of GNSS stations, and the comparatively higher standard 

deviation observed at these GNSS stations in these areas (Sherpa et al., 2023). The final VLM 

utilized in this study is shown in Figure 4.2a. The distribution 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 year (Appendix C, Figures C3a and b). InSAR VLM 

validation was performed using 30 independent GNSS stations provided by the Nevada Geodetic 

Laboratory (Blewitt et al., 2018) (Appendix C, Figure C2). The comparison against the GNSS 

vertical observation shows a mean and a standard deviation of -0.15 mm per year and 0.8 mm per 

year, respectively, for the difference between the two datasets (Appendix C, Figure C3c). 

4.3.2 SAR Analysis of JFK Airport  

To measure the high-resolution surface deformation at JFK airport, we analyzed 104 SAR 

images acquired during 05/17/2016 ï 02/08/2021 in Ascending orbit of the Sentinel-1A/B satellite. 

We applied a multi-looking 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 

large-scale VLM 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 adjacent pixels (Skempton & 

Macdonald, 1956; Burland et al., 1975). Given ὰ, the distance between adjacent SAR pixels and 

Ў‏ as the differential settlement between ὰ, ‍ is defined as the ratio of Ў‏  to ὰ (equation 3.2 in 

Chapter 3). Where ὰ is 50 m and Ў‏ is computed for the InSAR period, 2007 ï 2020 (13 years). 

The obtained ‍ values are dimensionless and expressed in fractions. Following Cigna & Tapete 

(2021a) we define four categories indicative of the increasing hazard severity, viz: low (‍

ρȾσȟπππ), medium (ρȾσȟπππ ‍ ρȾρȟυππ), high (ρȾρȟυππ ‍ ρȾυππ), and very high 

(‍ ρȾυππ). 
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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 the open-access 

TIGER/Line demographic and economic data record available from the U.S. Census Bureau. For 

the population data, we extracted the 2021 population estimates available on a by-county basis for 

172 counties and 14 states along the U.S. east coast, including Florida (FL), Georgia (GA), South 

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 selected counties is shown 

in Appendix C, Tables C1 to C4. 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, including 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 stations, post 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, fire departments, 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 Inventory of dams, 

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 the U.S. However, we note that the USACE 

national levee database only includes a small percentage (~ 20%) of existing levee systems in the 

U.S. (Knox et al., 2022). The roads, railways, and levees datasets are linear/line features. The 

datasets of the dams, train stations, 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. Figure 4.1 provides summary statistics of all infrastructure data used in 

this study. 

4.3.5 Subsidence Exposure Analysis 

Exposure indicates the degree to which the elements-at-risk (population, properties, and 

infrastructure) 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 elements-at-risk. We present the subsidence exposure for several 

subsidence rates in order of increasing hazard severity: VLM < 0 mm per year, VLM < -1 mm per 

year, VLM < -2 mm per year, VLM < -3 mm per year, VLM < -4 mm per year), VLM < -5 mm 

per year. 



71 

 

To determine the area exposure to subsidence, we estimated the areas affected by 

subsidence hazard for 172 counties with InSAR pixels along the U.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 + standard deviation), median (VLM), and upper (VLM - standard 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 each county 

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 then calculate the area exposed to subsidence 

for different subsidence hazard severity (i.e., VLM < 0 mm per year, VLM < -1 mm per year, 

VLM < -2 mm per year, VLM < -3 mm per year, VLM < -4 mm per year, and VLM < -5 mm per 

year) expressed as a percentage of the total area of the county (equation 4.9). Counties not exposed 

to subsidence for the different subsidence rate thresholds (i.e., VLM Ó 0 mm per year, VLM Ó -1 

mm per year, VLM Ó -2 mm per year, VLM Ó -3 mm per year, VLM Ó -4 mm per year, and VLM 

Ó -5mm per year) or without any InSAR pixels are given an absolute value of 0.  

Ϸ ὃὶὩὥ ὉὼὴέίὩὨ ὸέ ὛόὦίὭὨὩὲὧὩ 
    

  
ρππϷ  4.9 

Subsidence exposure for the infrastructure 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 linear features 

(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, airports/airfields, 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 (universities, 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 linear (railways, 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 grid of ‍ values 

across the U.S. east coast and 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), the ‍ value for each area infrastructure is the 

maximum ‍ of InSAR pixels within each polygon. For the point infrastructure, we extracted the 

‍ 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 shows 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., negative VLM). 

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 year (Appendix C, Figures C3 and C4). The maximum subsidence 

rate across the U.S. east coast exceeds 10 mm per year (Appendix C, Figure C4) and varies with 

rates up to 13 mm per year (Appendix C, Figure C4). We highlight twelve metropolitan cities 

affected by spatially variable land subsidence (Figure 4.2e): Boston (MA), Providence (RI), New 

Haven (CT), New York (NY), Atlantic City (NJ), 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 rates 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 year (Figure 4.2e). 

To analyze the factors contributing to VLM along the U.S. east coast, we employed the 

glacial isostatic adjustment (GIA) ICE-6G-D model (Peltier et 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 map is dominated by non-GIA 

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 particularly high subsidence rates of ~3 mm per year observed in 

New Jersey and Delaware (Appendix A, Figure A8a). Without the GIA effects, the subsidence 

signal in the VLM map decreases by 55% (Figure 4.2c), suggesting that GIA effects predominate 

and control the observed broad-scale subsidence along the U.S. east coast. The median non-GIA 

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, Charleston, and Savannah 

show non-GIA subsidence rates of 1 mm per year in some areas (Figure 4.2e). 

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, including buildings, roads, and other infrastructure facilities. The hazard associated 

with differential subsidence is due to angular distortion (‍) caused by strain changes between two 

adjacent points, which is commonly employed in geotechnical engineering to assess the severity 

of damage caused by subsidence/differential settlement (e.g., Cigna & Tapete, 2021a; 2021b; 

Vassileva et al., 2021; Fernández-Torres et al., 2020; Ohenhen & Shirzaei, 2022). 
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Figure 4.2. Vertical Land Motion (VLM) along the U.S. East Coast. (a) Updated VLM rate for 

the U.S. east coast from this study. This map includes ~25 million pixels at ~50 m resolution. (b) 

Spatial distribution of angular distortion (ɓ) map. (c) Empirical cumulative distribution function 

for VLM and VLM without glacial isostatic adjustment (GIA). The GIA data from the ICE-6G-D 

model (Peltier et al., 2018). (d) Empirical cumulative distribution function for ɓ. The area for each 

ɓ category is estimated using a regular grid of 50 m. (e) 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), Wilmington (NC), Charleston 

(SC), Savannah (GA), Jacksonville (FL), and Miami (FL). The locations of the cities are 

highlighted in Figure 4.2a. 

The angular distortion map (Figure 4.2b) shows that more than 99.5% of the area (95,000 

km2) are classified as low-hazard zones for the time scale of InSAR period (2007 ï 2020). We find 

no area with ‍ ρȾυππ (very high hazard zones), which is the recommended threshold for severe 

damage to urban infrastructure (Skempton & Macdonald, 1956; Fernández-Torres et al., 2020). 

However, the presence of medium and high ‍ zones in a combined area of 290 km2, predominantly 

around the Chesapeake Bay area, where high subsidence and uplift signals are noted. These 

medium and high-hazard areas suggest uneven settlement in these regions and should be 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 that ‍ is low for the 12 highlighted major cities, with only 

Boston having a medium ‍ value in 0.05 km2 area (Appendix C, Table C5). 

4.4.3  County-specific Subsidence Exposure Analysis 

To determine the area affected by subsidence on a by-county basis, we calculated the 

percent area in each county affected by subsidence using equation 4.9 (Aerts 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 each county (see methods section). Figure 4.3 (median), 

Appendix C, Figure C5 (lower bound), and Appendix C, Figure C6 (upper bound) show the 

percent area exposed to subsidence hazards in coastal counties (172 counties overlapping with 

SAR pixels) on the U.S. east coast, while Table 4.1 details the total land area, population, and 

property exposure. Note that we only estimated population and property exposure for counties with 

high area exposure (greater than 60%). 

Our analysis shows that out of the 172 counties analyzed 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 4.3; Appendix C, Figures C5 and C6a to 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 

metropolitan 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 counties in New 

York City (Queens, Bronx, Nassau, and Westchester) (Figures 4.3a to c; Appendix C, Figures C5 

and C7). These communities with a high percent area exposed to subsidence also have high 

estimated population and property exposure, with 242,000 people and 95,000 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 ~1.8 million properties for Queens, Bronx, and Nassau 

(NY) (Appendix C, Table C1). We estimate that a total land area between 2,200 to 81,000 km2, a 

population between 1.2 to 16 million people, and 476,000 to 6.3 million properties on the U.S. east 

coast's coastal communities are exposed to subsidence rates of 0 to 2 mm per year (Table 4.1). 

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 exposed land area between 74 

km2 to 14,400 km2. However, only one county ï Sussex, DE (upper bound) exhibits a high 

percentage of area exposure (greater than 60%) (Table 4.1; Appendix C, Figure C6d). 
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Table 4.1. Subsidence Exposure for Counties, Population, and Properties on the U.S. East 

Coast. Lower, median, and upper bound for the area exposure (in thousand km2), total population 

(in millions), and properties (in millions) on the U.S. east coast. The rows without 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 property exposure 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 

per 

year) 

Area 

Exposure 

(%) 

Number 

of 

Counties 

Total Land 

Area (x103 

km2) 

Population 

Exposure 

(million)  

Property 

Exposure 

(million)  

< 0 

>0 - 20 47, 39, 34 5.6, 4.8, 4.6 NA NA 

20 - 40 50, 47, 44 21.2, 17.1, 21.1 NA  NA 

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, 14.4, 15.1 5.1, 5.8, 6.0 

>80 1 0.6 1.4 0.5 

< -1 

>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  

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, 1, 1 0.0, 0.6, 0.6 0, 1.4, 1.4 0, 0.5, 0.5 

< -2 

>0 - 20 53, 59, 80 1.5, 3.6, 6.5 NA  NA  

20 - 40 3, 20, 33 0.6, 5.3, 11.8 NA  NA  

40 - 60 0, 10, 30 0.0, 4.4, 15.5 NA  NA  

60 - 80 0, 6, 9 0.0, 2.0, 5.6 0, 1.2, 2.4 0, 0.5, 1.2 

>80 0 0.0 0 0 

< -3 

>0 - 20 13, 43, 64 0.3, 1.7, 4.0 NA  NA  

20 - 40 1, 5, 12 0.2, 1.8, 4.1 NA  NA  

40 - 60 0, 0, 9 0.0, 0.0, 4.8 NA  NA  

60 - 80 0, 0, 1 0.0, 0.0, 1.5 0, 0, 0.2 0, 0, 0.1 

>80 0 0 0 0 

< -4 

>0 - 20 8, 28, 52 0.2, 1.1, 3.3 NA  NA  

20 - 40 1, 1, 5 0.1, 0.2, 1.8 NA  NA  

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 

< -5 

>0 - 20 7, 13, 38 0.1, 0.4, 1.3 NA NA  

20 - 40 0, 1, 4 0.0, 0.2, 1.2 NA NA  

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.S. East Coast. Percentage of 

county's land area affected by (a) 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 year, and (f) VLM < -5 mm 

per year. Note that this figure considers the median bound (VLM only), see Appendix C, Figures 

C5 and C6 for the lower and upper bounds (VLM ± standard deviation). The black and gray shape 

outline in Figures 4.3a to f defines the extent of each county, while the light grey counties are those 

without any SAR pixels exposed to the different subsidence rates. Important counties are 

numbered in red. Table 4.1 summarizes the number of counties, total land area in km2, population, 

and properties exposed to subsidence. A summary table of all counties and land area exposure is 

provided in Appendix C, Tables C2 to 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 longevity, and monitoring site-

specific structures vulnerable to land subsidence and related hazards (Cascini et al., 2013; 

Clementini et al., 2021).  

Subsidence exposure analysis of infrastructure assets for 14 states along the U.S. east coast 

are shown in Figures 4.4 to 4.6; Appendix C, Figures C8 and C9. Figure 4.4a and Appendix C, 

Figure C8 show 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 out of 6,942 km) 

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 on 2.3 to 444 km 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 (Figure 4.4a and Appendix C, Figure C8). 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 to progressive subsidence and sea level rise in the region (Ezer, 2018; Buzzanga et al., 2020; 

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 Northeastern states: Connecticut, Maine, 

Massachusetts, New Hampshire, Rhode Island, and Vermont. The exposure analysis for railway 

systems and train stations is shown in Figures 4.4c and Appendix C, Figure C9. The exposure 

analysis shows sinking on 81 to 99% of the railway systems (7,452 to 9,221 km out of 9,247 km) 

and 42% (11 out of 26) of train stations (Figure 4.6b), 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 region (Figure 4.4d).  

Figures 4.5 and 4.6 show the subsidence exposure analysis for an ensemble of 

infrastructure facilities (schools, universities, hospitals, airports, dams, levees, libraries, post 

offices, fire departments, police stations, and nursing homes) on the U.S. east coast. In Figures 4.5 

(a to f) and 4.6, the warming of the colors from blue to red denotes an increased subsidence hazard 

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 greater than 3 mm per year. Subsidence hazards can be a 

major concern for specific high-risk infrastructures, such as dams, levees, or airports.  
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Figure 4.4. Subsidence Exposure for Roads and Railways on the U.S. East Coast. (a) Median 

exposure to subsidence for primary/secondary roads. Exposure analysis for primary and 

secondary roads are summarized in Figure 4.4a. The lower and upper bounds for the primary 

and secondary roads exposure analysis are shown in Appendix C, Figure C8. White rectangle 

indicates the extent of Figure 4.4b. (b) Primary and secondary roads affected by subsidence in 

Hampton and Norfolk (Virginia, VA). (c) Median exposure to subsidence for railways and train 

stations. Exposure analysis for primary and secondary roads are summarized in Figure 4.4d. The 

lower and upper bounds for the railways exposure analysis are shown in Appendix C, Figure C9. 

Black rectangle indicates the extent of Figure 4.4d. (d) Railways are affected by subsidence in 

New York City (New York, NY). The circles in Figures 4.4c and d are the locations of train 

stations. 
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Table 4.2 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 levee systems, with a total estimated at-risk 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 levees (Table 4.2). The actual population 

and property exposure from the 116 levees exposed to subsidence (Figure 4.5f) 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 median subsidence 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 median 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 (Figures 4.5g to i). JFK airport, which serves 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 (Figures 4.5g and h). 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 rate of 4.3 mm per year (Figure 4.5i; Table 4.2). 
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Figure 4.5. Subsidence Exposure for Infrastructure Facilities on the U.S. East Coast. 

Histogram showing average weighted subsidence exposure for (a) schools, (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 facilities. (g) Areas affected by subsidence in John F. 

Kennedy International airport. (h) Time series of vertical land motion (VLM) around the runway 

highlighted as the dotted black rectangle in Figure 4.5g. The yellow, green, and red circles 

represent the time series for the minimum, average, and maximum subsidence rates observed on 

the runway, respectively. (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. Subsidence Exposure for Infrastructure Facilities on the U.S. East Coast. Pie chart 

showing subsidence exposure for (a) nursing homes, (b) train stations, (c) fire departments, (d) 

post offices, (e) libraries, and (f) police stations. N is the total number of infrastructure 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 differential subsidence hazard for infrastructure on the U.S. east coast revealed that 

most infrastructure systems are in low (‍ ρȾσȟπππ) hazard areas. Specifically, all railroads, 

interstate roads, levees, nursing facilities, train stations, fire departments, post offices, libraries, 

and police stations are located in areas with low values (Appendix C, Figure C10). In the Delmarva 

peninsula, however, 14 km stretch of primary and secondary road with medium (ρȾσȟπππ ‍

ρȾρȟυππ) hazard levels were identified. Furthermore, 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 dams (Appendix C, Figure C10a to e). These 

structures are potential facilities for careful monitoring and management to assess potential 

structural damage due to subsidence gradients. Note that since the angular distortion (‍) relies on 

variations between neighboring pixels, we are limited to the smallest detectable scale of ~50 m 

(see methods). Assessing localized tilts and structural damage on specific infrastructure would 

require a finer spatial resolution (Cigna & Tapete, 2021a). 


