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Abstract 16 

 17 

Coastal land is being lost worldwide at an alarming rate due to relative sea-level rise (RSLR) 18 

resulting from vertical land motion (VLM). This problem is understudied at a global scale, due 19 

to high spatial variability and difficulties reconciling VLM between regions. Here we provide 20 

self-consistent, high spatial resolution VLM observations derived from Interferometric 21 

Synthetic Aperture Radar for the 51 largest coastal cities, representing 22% of the global urban 22 

population. We show that peak subsidence rates are faster than current global mean sea-level 23 

rise rates and VLM contributions to RSLR are greater than IPCC projections in 90% and 53% 24 

of the cities respectively. Localized VLM worsens RSLR impacts on land and population in 73-25 

75% of the cities, with Chittagong (Bangladesh), Yangon (Myanmar) and Jakarta (Indonesia) 26 

at greatest risk. With this dataset, accurate projections and comparisons of RSLR effects 27 

accounting for VLM are now possible for urban areas at a global scale.  28 

  29 

Sea-level rise resulting from climate change has rightly received substantial attention from 30 

researchers, practitioners and the public as an ongoing threat that needs to be addressed1. 31 

Yet lesser attention has been paid to land subsidence which can exceed tens of mm/year2–4, 32 

and increase local relative sea-level rise (RSLR) many times that of global mean sea-level 33 

rise of few mm/year alone5,6. Local RSLR, defined as sea-level rise relative to local land height, 34 

is what effectively matters for any coastal community. Furthermore, many coastal areas 35 

experiencing the fastest land subsidence are major cities built on flat, low elevation river deltas, 36 

exposing large populations and substantial economic value to the impacts of local RSLR7,8. 37 

Consequently, it is crucial to consider land subsidence when assessing coastal risks of 38 

RSLR9,10.   39 

 40 

Vertical land motion (VLM) – either subsidence (downward land motion) or uplift (upward land 41 

motion) – can be caused by several factors such as tectonics11,12, natural compaction of 42 

sediments7,8, groundwater, oil, and gas extraction2,4, reduced aggradation due to dams, levees, 43 

and loss of coastal vegetation5, and glacial isostatic adjustment13,14. Because these 44 

contributing factors vary significantly over a range of temporal and spatial scales, the 45 

contribution of VLM to RSLR has been difficult to assess on a global scale15. Many local- to 46 

regional-scale studies have mapped VLM at different coastal localities over different time 47 
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spans2–4,16–19. Amongst these, methods to measure VLM include Global Navigation Satellite 48 

System (GNSS)16,17, tide gauges20 (indirectly, as this measures relative sea-level), 49 

Interferometric Synthetic Aperture Radar (InSAR)2–4, and geological observations21. However, 50 

practical barriers such as data accessibility and the lack of dense instrument networks or 51 

surveys for GNSS, tide gauges, and geological observations prevent the extension of these 52 

studies to a global scale5. For InSAR, high computational costs and disparities in processing 53 

approaches, datasets, and timespans are barriers to consolidating VLM from numerous 54 

existing regional and local studies6. 55 

 56 

Lacking a suitable global-scale analysis of VLM, global-scale studies of RSLR have either 57 

excluded VLM1,9, assumed VLM to be similar across localities based on their common 58 

characteristics8,10,22, assumed VLM to be spatially uniform across each locality7,23, or analyzed 59 

VLM with point measurements20,24. The contribution of VLM to RSLR projections is 60 

understudied at a global level, with limited consideration of its magnitude and spatial 61 

variation15,25.  62 

 63 

We aim to address this gap by providing self-consistent VLM observations for the 51 largest 64 

coastal cities worldwide, accounting for 22% of the global urban population26. We focus on 65 

InSAR which can fill gaps between point measurements from GNSS and tide gauges given its 66 

continuous spatial extent and high resolution18. We employ best practices in a standardized 67 

InSAR processing approach to produce self-consistent observations and use cloud computing 68 

to address expensive computational requirements. The VLM observations presented here 69 

allow for the identification of specific areas and neighborhoods in cities that are undergoing 70 

rapid land subsidence, thus facing accelerated RSLR and greater vulnerability to coastal 71 

hazards. The results also serve as a basis for RSLR projections which include the influence 72 

of land subsidence consistently across these coastal cities.  73 

 74 

Results 75 

 76 

We derive velocities of VLM by analyzing Sentinel-1 InSAR data from 2014 to 2020 (see 77 

“Methods”). Negative velocity refers to land subsidence throughout this study. The velocities 78 

for each coastal city are relative to a nearby reference point within the SAR images used. The 79 

InSAR velocities therefore reflect localized VLM, and do not include broad-scale VLM such as 80 

due to regional tectonics11,12 and glacial isostatic adjustment13,14. We use the InSAR velocities, 81 

existing land heights from CoastalDEM27, and the projected global mean sea-level rise from 82 

the Intergovernmental Panel on Climate Change Sixth Assessment Report Shared 83 

Socioeconomic Pathway 2-4.5 (IPCC AR6 SSP2-4.5) scenario1 in a bathtub model to project 84 

RSLR by 2050, assuming that VLM continues at a constant rate (see “Methods”). Finally, we 85 

compare the projected RSLR with and without the velocities to show the contributions of 86 

localized VLM to RSLR.  87 

 88 

Firstly, our global analysis of localized VLM shows that the fastest rates of land subsidence 89 

are concentrated in coastal cities in Asia, especially in Southeast Asia. We identify the 95th 90 

percentile of negative InSAR velocities as representative of the peak local land subsidence 91 

rate experienced by each coastal city (Fig. 1). Coastal cities experiencing notable rates of 92 

local land subsidence with a 95th percentile rate faster than -20 mm/year include Tianjin 93 

(China), Ho Chi Minh City (Vietnam), Chittagong (Bangladesh), Yangon (Myanmar), Jakarta 94 
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(Indonesia), and Ahmedabad (India). In comparison, climate-driven global mean sea-level rise 95 

from glacier and ice melting in recent years is around 3.7 mm/year1, an order of magnitude 96 

smaller. Many of these fast-subsiding coastal cities are rapidly expanding megacities, where 97 

anthropogenic factors, such as high demands for groundwater extraction and loading from 98 

densely constructed building structures contribute to land subsidence2,7,8,22. The 95th percentile 99 

rate may also be indicative of the overall prevalence of local land subsidence within each 100 

coastal city, where more extreme 95th percentile rates suggest larger areas experiencing 101 

subsidence. For example, the six coastal cities with highest 95th percentile rates also have the 102 

largest proportion of subsiding areas (Fig. 2). In the mid-range, 22 of the 51 coastal cities have 103 

a 95th percentile rate faster than -10 mm/year (Fig. 1). This is a rate well beyond both the 104 

millimeter precision of InSAR28 and the typical standard deviations of our derived velocities 105 

(Fig. 3b and 4b). Next, 46 of the 51 coastal cities have 95th percentile rates faster than the 106 

current global mean sea-level rise rate of around 3.7 mm/year1 (Fig. 2) and are thus also likely 107 

exposed to a greater extent of RSLR impacts due to the added contribution of localized VLM. 108 

At the lower end of the spectrum, the remaining 5 of 51 coastal cities are at relatively lower 109 

risk of increased RSLR impacts due to localized VLM at current rates. These coastal cities 110 

include Seoul (South Korea), Pune (India), Tokyo (Japan), Washington D.C. (USA), and 111 

Nagoya (Japan) (Fig. 1 and 2).  112 

 113 

 114 
 115 
Fig. 1: Global map of the 95th percentile of negative InSAR velocities, reflective of the fastest local land subsidence 116 
rates within the administrative boundary of each of the 51 analyzed coastal cities. Basemap: Carto. 117 

 118 
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 119 
 120 
Fig. 2: Histograms of the normalized number of pixels associated with each range of InSAR velocities within the 121 
administrative boundaries of the 51 analyzed coastal cities. The dashed lines and upper-left numbers indicate the 122 
95th percentile of negative InSAR velocities which are shown in Fig.1.  123 

 124 
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Our analysis also shows high spatial variability of local land subsidence, underscoring the 125 

importance of measuring subsidence at high spatial resolution. In coastal cities experiencing 126 

fast and widespread local land subsidence such as Jakarta (Indonesia) (Fig. 3), using an 127 

average VLM rate or the fastest known VLM rate uniformly over the coastal city would likely 128 

overestimate RSLR projections in many areas, and divert attention away from the most rapidly 129 

subsiding areas. This is because the subsiding areas are commonly localized in clusters, such 130 

as in the Penjaringan and Kembangan Districts in the case of Jakarta (Fig. 3a). While we do 131 

not investigate the cause of the clusters in this study, other site-specific studies4,19,29 have 132 

found that VLM varies based on the spatial distribution in both human activity, related to 133 

industrial, agricultural, or aquacultural zones with rapid groundwater use; and subsurface 134 

geology, as some layers compact more easily than others. In coastal cities known to 135 

experience less extreme local land subsidence rates like New York (USA) (Fig. 4), mapping 136 

of spatial variation is beneficial because areas of more rapid subsidence may potentially be 137 

identified. It may also be misleading if point measurements of VLM were coincidentally only 138 

available at any small clusters of local land subsidence and extrapolated spatially. For 139 

example, in New York, the InSAR-derived results suggest that possible land subsidence is 140 

only localized in the west of Breezy Point and should not be extrapolated eastward along the 141 

coast (Fig. 4a).  142 

 143 

 144 
 145 
Fig. 3: InSAR-derived localized vertical land motion (VLM) rates and relative sea-level rise projections in a city with 146 
fast subsiding areas, Jakarta (Indonesia). Subsiding clusters are concentrated in the urban areas of Penjaringan 147 
(right arrow) and Kembangan District (left arrow). The inclusion of localized VLM contributions in addition to global 148 
mean sea-level rise (GMSLR) greatly increases the extent of coastal inundation. Panels: a. Localized VLM derived 149 
from time series analysis and spatial interpolation to fill small spatial gaps after time series analysis. b. 150 
Corresponding uncertainties of velocities shown in a. c. Projected areas below sea-level by 2050, note that 151 
‘GMSLR+VLM’ pixels overlapping with ‘GMSLR’ pixels are not shown. Black crosses indicate the reference point 152 
of the velocities, white rectangles indicate c’s map extent. Basemaps: Google, Carto. 153 
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 154 

 155 
 156 
Fig. 4: InSAR-derived localized vertical land motion (VLM) rates and relative sea-level rise projections in a city with 157 
minimal local land subsidence, New York (USA). Localized VLM contributes little to the extent of coastal inundation, 158 
only in certain locations such as at a small area of Breezy Point (arrow). Panels: a. Localized VLM derived from 159 
time series analysis and spatial interpolation to fill small spatial gaps after time series analysis. b. Corresponding 160 
uncertainties of velocities shown in a. c. Projected areas below sea-level by 2050, note that ‘GMSLR+VLM’ pixels 161 
overlapping with ‘GMSLR’ pixels are not shown. Black crosses indicate the reference point of the velocities, white 162 
rectangles indicate c’s map extent. Basemaps: Google, Carto. 163 

 164 

Our analysis also shows that local land subsidence adds on to the impacts of climate-driven 165 

global mean sea-level rise. We compute the additional land area and number of people which 166 

will be below sea-level by 2050 due to local land subsidence for all 51 coastal cities, relative 167 

to the effect of global mean sea-level rise alone (Fig. 5). We describe the treatment of 168 

uncertainties in the Methods. The results show that 38 (for land area metric) and 37 of 51 169 

coastal cities (for population metric) are shown to be worse off due to the presence of 170 

subsiding areas when localized VLM contributions are included in the RSLR projection (Fig. 171 

5). In some coastal cities such as Bangkok and Lagos, the sign of the additional percentage 172 

of land area and number of people below sea-level are opposite to each other. This may arise 173 

where, for example, lesser populated areas are subsiding while more populated areas are 174 

stable or uplifting. Regional tectonic and isostatic uplift or subsidence is beyond the scope of 175 

this study and not accounted for in the estimates shown in Fig. 5. We expect that the impacts 176 

due to VLM may be under- or over-estimated if an entire coastal city is subsiding or uplifting 177 

respectively, but this would unlikely be significant in cities already experiencing rapid local 178 

land subsidence. 179 

 180 
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 181 
 182 
Fig. 5: Additional percentages of land area and population projected to be below sea-level by 2050 if localized 183 
vertical land motion (VLM) is included in relative sea-level rise projections, compared to a global mean sea-level 184 
rise (GMSLR) -only scenario. Positive indicates more land area or people below sea-level due to localized VLM. 185 
Coastal cities are ranked according to their additional percentage of land area below sea-level. The asterisks (*) 186 
indicate coastal cities where the spatial coverage of CoastalDEM is incomplete and a portion of pixels is excluded 187 
from the analysis.  188 

 189 

Discussion and conclusion 190 

 191 

We present a global analysis of localized VLM rates representing subsidence or uplift for the 192 

51 largest coastal cities worldwide, processed in a self-consistent manner and at high spatial 193 

resolution. These results are complementary to, and greatly expand on existing global studies 194 

based on point measurements20,24, as this is the first high spatial resolution analysis conducted 195 
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consistently at a global scale based on InSAR. Our results are more representative of the 196 

spatial complexities of coastal subsidence that can occur at a local scale, but are intrinsically 197 

relative measurements that do not record absolute VLM. For example, our peak local land 198 

subsidence rates of each coastal city (Fig. 1 and 2) are generally similar in trend to the high 199 

estimate of average subsidence used in a previous study by Nicholls et al., 202123. The same 200 

cities are shown to experience relatively fast subsidence such as Tianjin (China) and Ho Chi 201 

Minh City (Vietnam), mid-range subsidence such as Shanghai (China) and Dhaka 202 

(Bangladesh), and minimal subsidence such as Tokyo and Nagoya (Japan), in agreement 203 

with Nicholls et al., 202123. However, the fastest subsidence rate we map is -187 mm/year, 204 

faster than -16 mm/year and -34.92 mm/year from point observations reported by Pfeffer and 205 

Allemand, 201620 and Ostanciaux et al., 201924 respectively. This is possible due to our higher 206 

spatial resolution and extension of observations inland from the coastline, where RSLR can 207 

still impact land and populations through flooding, storm surges and other extreme weather 208 

events. The large magnitude and significant spatial variation of VLM exceeding tens of 209 

mm/year we show, compared to the smaller but globally consistent rates of global mean sea-210 

level rise of a few mm/year, also highlight the importance of integrating these VLM datasets 211 

for anticipating and mitigating problems caused by RSLR. We estimate that 27 of 51 coastal 212 

cities experience a median subsidence rate of at least -0.8 mm/year across the analyzed areas 213 

(Fig. 2 and Supplementary A), totaling to at least -40 mm of subsidence if these rates continue 214 

to 2050. This exceeds the IPCC AR6 estimates that RSLR is within 20% of the 200 mm of 215 

climate-driven global mean sea-level rise in most coastal areas under the SSP2-4.5 scenario1. 216 

We thus show how VLM contributes to RSLR at a level on par, or potentially greater, than 217 

climate-driven factors at localized scales in many coastal cities worldwide.  218 

 219 

Potential future refinements of our land subsidence rates include: (1) Site-specific integration 220 

of our InSAR-derived rates with a dense network of GNSS observations. This would better 221 

capture region-wide vertical land motion which can occur due to regional tectonics, affecting 222 

coastal cities around major faults, particularly megathrusts11,12, or due to glacial isostatic 223 

adjustment which affects coastal cities at varying rates on a mm/year level depending on their 224 

locations13,14. (2) Extension of the analysis to metropolitan areas and neighboring satellite 225 

cities as these are future centers of growth where land subsidence may be aggravated by 226 

anthropogenic causes. (3) By linearly projecting the local land subsidence rates, we have 227 

presented the status quo scenario whereby long-term rates remain constant. The long-term 228 

land subsidence rate may be accelerated, decelerated, or even ceased due to natural limiting 229 

factors such as the depletion or salinization of aquifers, or due to societal action such as 230 

changing the levels of natural resource extraction and introducing measures to stabilize 231 

coastal land. Thus, models of these factors30,31 may be added to our InSAR-derived rates to 232 

quantify the uncertainties of site-specific, long-term projections. 233 

 234 

This study provides a robust basis for estimating how local-scale land subsidence can 235 

compound the effects of global mean sea-level rise, and represents the first step toward 236 

accurate assessment of its overall human and economic impact at a global scale. Our results 237 

are best suited for identifying relative vulnerabilities to land subsidence within each coastal 238 

city, and for comparing the average rates or the size of subsiding areas between coastal cities. 239 

The spatial footprints and VLM rates that we provide can be used to refine existing global 240 

assessments of RSLR, and the effects of land subsidence can be readily accounted for in risk 241 

assessments, adaptation options, appraisal, and ultimately societal decisions. Our results also 242 

highlight a major need and opportunity for mitigation of coastal subsidence at the local, 243 
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municipal level. Accelerated vertical land motion is frequently caused by over-extraction of 244 

groundwater, or in some areas extraction of gas or oil. When provided with a high-resolution 245 

map of subsidence in their area, affected communities are empowered to identify the causes 246 

and take direct action to reduce their future coastal risk, irrespective of actions taken by the 247 

rest of the world to address climate change and global mean sea-level rise. 248 

 249 

Methods 250 

 251 

Coastal city selection 252 

 253 

We select the 51 largest coastal cities worldwide based on a minimum population of 5 million 254 

in 2020 and a maximum distance of 50 km from the coast. To account for the complexities in 255 

urban growth and extent, we refer to population sizes of urban agglomerations from the World 256 

Urbanization Prospects 201826. Shenzhen (China) is within the list of most populous coastal 257 

cities but excluded due to InSAR processing errors (see “InSAR time series processing”). 258 

 259 

InSAR time series processing 260 

 261 

In InSAR, the radar phase – related to the distance between the SAR satellite’s sensor and 262 

target on ground – of two SAR images acquired at different times is differenced to form an 263 

interferogram. Thus, the interferogram represents relative change in land motion along the 264 

satellite’s line-of-sight over a specific period, assuming a repeat-pass orbit where the SAR 265 

satellite returns to the same position over time. A connected series of interferograms which 266 

shows the time series of land motion can then be used to estimate the ground surface velocity, 267 

which is the long-term rate of land motion along the radar’s line-of-sight. 268 

 269 

We first download and process Sentinel-1 SAR images from October 2014 to April 2020 from 270 

either the ascending or descending orbit to create interferograms. The track with better spatial 271 

and temporal coverage of the coastal city is used. We use Sentinel-1 SAR imagery from the 272 

European Space Agency’s Copernicus Sentinel program as it is freely available, provides 273 

global coverage and has a high revisit frequency of 6 or 12 days since 2014. The native pixel 274 

resolution is approximately 5 m by 20 m. Downloads and interferogram processing are 275 

completed using the Advanced Rapid Imaging and Analysis Singapore (ARIA-SG) system 276 

(https://earthobservatory.sg/project/aria-sg-project) for scalability and ease of automation. 277 

ARIA-SG is a cloud-based SAR processing system, originally cloned from the Jet Propulsion 278 

Laboratory and California Institute of Technology’s ARIA system (https://aria.jpl.nasa.gov/), 279 

and now co-developed by the Earth Observatory of Singapore. The system uses routine 280 

algorithms from the open-source InSAR Scientific Computing Environment (ISCE) software32 281 

to process interferograms. Using ARIA-SG, we create standard displacement products, which 282 

are phase-unwrapped interferograms processed using range and azimuth looks of 19 and 7, 283 

a Goldstein filter strength of 0.5, the enhanced spectral diversity (ESD) co-registration 284 

method33, and unwrapping through SNAPHU34 The resulting interferograms are geocoded 285 

relative to the NASA Shuttle Radar Topography Mission Global 3 arc second Version 3.0 286 

(SRTMGL3 v003) dataset35 at 90 m pixel spacing. To form a continuous time series of 287 

interferograms, each SAR image was paired with two other SAR images having the closest 288 

acquisition dates. Through the ARIA-SG system, we ensure no spatial or temporal gaps in 289 
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each time series of interferograms, and the use of consistent Sentinel-1 Instrument Processing 290 

Facility (IPF) versions.  291 

 292 

Next, we use the ARIA-tools software36 to stitch together spatially adjacent interferograms 293 

which share identical date pairings. This involves the correction for integer multiples of 2π 294 

phase jumps at the overlapping area between two interferograms, and the removal of 295 

additional bias from slant range pixel offset correction introduced during the routine ISCE 296 

processing of each interferogram36. We also use the ARIA-tools software to prepare 297 

interferograms in a compatible format for time series analysis in the Miami INsar Time series 298 

software in PYthon (MintPy). 299 

 300 

Thirdly, we use routine Small BAseline Subset (SBAS) algorithms in MintPy37 to perform time 301 

series analysis for each coastal city. The analysis is done pixel-by-pixel. A weighted least 302 

squares inversion is used to determine the long-term linear rate of land motion (velocity) of a 303 

pixel, based on the time series of interferograms. The standard deviation associated with each 304 

pixel’s velocity is computed and equal to the goodness of fit of the predicted velocity (the best-305 

fit linear line) to the land motion observed at each time epoch of the time series38. We find the 306 

following MintPy processing parameters applicable and use these for the time series analysis 307 

of all coastal cities: 308 

 309 

1. Phase unwrapping error correction using bridging and phase closure methods to 310 

correct for phase jumps37. 311 

2. Tropospheric delay correction based on the European Center for Medium-Range 312 

Weather Forecasts ReAnalysis (ERA-5) Global Atmospheric Model39, using the 313 

Python-based Atmospheric Phase Screen (PyAPS) package40,41 to remove unwanted 314 

tropospheric signals in C-band Sentinel-1 SAR. 315 

3. Linear phase deramping to remove planar trends in velocities based on reliable pixels. 316 

4. Topographic residual correction to reduce errors stemming from the DEM during 317 

interferogram processing42. 318 

5. User-defined reference point for each coastal city.   319 

 320 

We show the effects of the above processing parameters on the velocity in Supplementary B. 321 

Parameters (2) to (4) typically result in adjustments at the mm level or less, which is relatively 322 

much smaller compared to parameters (1) and (5). For parameter (1), interferograms covering 323 

Shenzhen (China) have imperfect corrections for the phase unwrapping error, and the coastal 324 

city is excluded from our analysis. Related to parameter (2), atmospheric noise caused by 325 

tropospheric delays of the SAR signal may be reduced further with future extension of our six-326 

year dataset. For each coastal city, a zero-velocity reference point, parameter (5), must be 327 

defined because InSAR observations are relative to an arbitrary local spatial reference – all 328 

velocities in an image are relative to the assumed velocity at the reference point. Ideally, a 329 

reference point with known velocity from GNSS can be chosen to ensure that all velocities are 330 

fixed in an accurate reference frame. Due to the lack of such information in a consistent 331 

manner for all cities within our dataset, we instead choose a zero-velocity reference point from 332 

candidate pixels of a preliminary MintPy time series analysis. Our candidate pixels are located 333 

over man-made structures which are likely stable based on Google Earth satellite images, 334 

have a coherence greater than 0.85 across all dates, and have a velocity close to the mode 335 

of velocities within the coastal city’s administrative boundary. This method assumes that there 336 

is no broad scale land motion, and that most places have zero velocity within an administrative 337 
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boundary. After choosing a reference point from among these candidate pixels, we run a 338 

second MintPy time series analysis with all pixel velocities computed relative to this point. 339 

 340 

For each coastal city, we clip the InSAR images to administrative boundaries obtained from 341 

OpenStreetMap (https://www.openstreetmap.org/), modified by subtracting permanent water 342 

bodies estimated from the European Space Agency Climate Change Initiative Water Bodies 343 

dataset43 since land motion rates are not applicable over pixels of water bodies. Finally, we 344 

exclude decorrelated pixels which have a coherence less than 0.35 from the time series 345 

analysis, as the phase is likely too noisy to reliably measure land motion at these pixels.  346 

 347 

Spatial interpolation of InSAR velocities 348 

 349 

Although the InSAR velocities from our time series analysis have dense spatial coverage, 350 

there are some spatial gaps in the data in areas where the InSAR pixels have undergone 351 

phase decorrelation due to vegetation growth or significant land disturbance between images. 352 

These areas are automatically masked in our InSAR analysis above; hence, we spatially 353 

interpolate the velocities across these gaps to produce a continuous map, assuming that land 354 

motions between nearby pixels are spatially correlated with each other. Since the velocity at 355 

each pixel is associated with its own standard deviation by virtue of the time series estimation, 356 

we adopt an approach which accounts for non-uniform standard deviations44. Like kriging, this 357 

approach relies on multivariate normal distributions. While kriging assumes that all pixels have 358 

the same standard deviation, this extension allows for varying uncertainties and treats the 359 

pixels with higher standard deviations with less weight during the prediction based on the 360 

variogram44 (Supplementary C).  361 

 362 

Before implementing this interpolation method, we use a variance quadtree algorithm45 to 363 

obtain a subset of the spatially dense velocities over each study region (Supplementary C). 364 

This helps to avoid redundancy while preserving the spatial variability of the velocities45. To 365 

quantify the spatial correlation in the velocities, we fit a spherical variogram via maximum 366 

likelihood estimation to the velocities of pixels associated with standard deviations lower than 367 

the mode. We treat these velocities as the base dataset and calculate the additional 368 

uncertainties in the other velocities relative to the mode of standard deviation. Since the 369 

interpolation method accounts for both the uncertainty from the time series analysis and the 370 

estimated spatial variability in the velocities as quantified by the variogram, the estimates 371 

typically have higher standard deviations than those derived directly from the time series 372 

analysis (Supplementary C). To avoid high estimation uncertainties at large distances from 373 

the data, we perform the interpolation only for pixels which have at least 40 pixels present 374 

within an 11-pixel radial distance, equivalent to ~1 km radius. The final distribution of pixels 375 

may hence not provide complete coverage of the administrative boundary of a coastal city, 376 

but areas left unmapped are dominantly over vegetation where populations do not reside. The 377 

subsidence rates we provide are thus most readily comparable across cities for built-up urban 378 

areas as opposed to vegetated land.  379 

 380 

Relative sea-level rise projection 381 

 382 

We project areas below sea-level (below 0 m elevation) by 2050 using the VLM velocities 383 

derived from InSAR, existing land heights from CoastalDEM, and the estimated global mean 384 

sea-level rise from the IPCC AR6 in a bathtub model. We consider steady state land motion 385 
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by using the average velocity between 2014 and 2020 for all projected years up to 2050. We 386 

note that alternate societal choices, such as increasing or decreasing rates of groundwater 387 

extraction, could introduce non-linearity in the rates of subsidence. Exploring these scenarios 388 

is outside the scope of this study but can be done using the results we present here30,31.  389 

 390 

To better represent VLM, we project the line-of-sight velocity, 𝑣!"# from a single look direction 391 

to vertical velocity with respect to the ground, 𝑣$  following Eq. 1. 𝜃  refers to the radar’s 392 

incidence angle which ranges between 29° and 41° across each Sentinel-1 SAR image used. 393 

We assume in this projection that there are no significant gradients in the horizontal land 394 

motion. Any constant horizontal land motion across the image, for example, due to plate 395 

tectonics, is accounted for by the assumption of a zero-velocity reference point (see “InSAR 396 

time series processing”). The error in this line-of-sight to vertical projection scales with the 397 

magnitude of horizontal land motion, if any. As we focus on localized land subsidence typically 398 

caused by natural resource extraction of groundwater, oil, and gas, and sediment compaction, 399 

we expect in most coastal cities that vertical land motion will be more dominant than the 400 

horizontal, and projection errors to be minimal. This assumption is commonly made in VLM 401 

studies23 but could break down in areas where there are extreme magnitudes of subsidence 402 

which also induce significant gradients in horizontal land motion around the subsiding area. 403 

This would slightly shift the apparent location of the maximum subsiding point toward the 404 

satellite look direction but would affect the magnitude only slightly due to the ratio of horizontal 405 

to vertical motions induced by the subsidence and the relative sensitivity of InSAR to these 406 

components of motion. To further refine the VLM rates, future work can be done to incorporate 407 

observations from both look directions46,47 (Supplementary D). 408 

 409 

𝑣$ =
𝑣!"#

𝑐𝑜𝑠𝜃
 (Eq. 1) 

 410 

For existing land heights, we use CoastalDEM27 which has a reference year of 2000 and pixel 411 

spacing of 90 m. CoastalDEM is based on the globally available NASA SRTMGL1 v003 DEM48, 412 

but has corrections applied over vegetation and densely populated areas to follow the height 413 

of the bare ground instead of the height of objects such as tall buildings standing on bare 414 

ground. CoastalDEM is thus suited for our projections of RSLR impacts on land area and 415 

population.  416 

 417 

We use 200 mm of global mean sea-level rise by 2050, as estimated in the IPCC AR6 SSP2-418 

4.5 scenario1. This is relative to a 1995 to 2014 baseline, and we assume that global mean 419 

sea-level rise is around zero in 2000 for simplicity. We refer to SSP2-4.5 as we consider it the 420 

most likely scenario where current climate policies remain in place, and projected emissions 421 

are neither particularly low nor high as in other SSP scenarios, but within Nationally 422 

Determined Contribution levels1. 423 

 424 

Lastly, we estimate the total land area and population over pixels below sea-level. We refer to 425 

the spatially continuous Gridded Population of the World Version 4.0 2020 dataset49 for 426 

population counts. All datasets are projected to the WGS84 EPGS: 4326 geographic 427 

coordinates, resampled to the same pixel grid as the velocities, and cropped to the same 428 

spatial extent as the velocities. When comparing scenarios with and without the inclusion of 429 

VLM, we compute the lower and upper bounds of the additional percentage of land area and 430 
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population below sea-level using one standard deviation of the InSAR velocity at each pixel. 431 

We do not consider uncertainties in existing land heights and global mean sea-level rise. 432 

 433 

Data Availability  434 
All replication data of VLM and projections of RSLR impacts in this study are available in the following DR-NTU 435 
Data repository: https://doi.org/10.21979/N9/GPVX0F. The Gridded Population of the World Version 4.0 2020 436 
dataset and CoastalDEM are publicly available.  437 
 438 
Code Availability  439 
All codes for the analysis of the datasets are available in the following DR-NTU Data repository: 440 
https://doi.org/10.21979/N9/GPVX0F. ARIA-SG algorithms are accessible at: https://github.com/earthobservatory. 441 
InSAR processing algorithms including ISCE, ARIA-Tools and MintPy are open-source and freely available through 442 
Github. 443 
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Figures

Figure 1

Global map of the 95th percentile of negative InSAR velocities, re�ective of the fastest local land
subsidence rates within the administrative boundary of each of the 51 analyzed coastal cities. Basemap:
Carto.



Figure 2

Histograms of the normalized number of pixels associated with each range of InSAR velocities within the
administrative boundaries of the 51 analyzed coastal cities. The dashed lines and upper-left numbers
indicate the 95th percentile of negative InSAR velocities which are shown in Fig.1.



Figure 3

InSAR-derived localized vertical land motion (VLM) rates and relative sea-level rise projections in a city
with fast subsiding areas, Jakarta (Indonesia). Subsiding clusters are concentrated in the urban areas of
Penjaringan (right arrow) and Kembangan District (left arrow). The inclusion of localized VLM
contributions in addition to global mean sea-level rise (GMSLR) greatly increases the extent of coastal
inundation. Panels: a. Localized VLM derived from time series analysis and spatial interpolation to �ll
small spatial gaps after time series analysis. b. Corresponding uncertainties of velocities shown in a. c.
Projected areas below sea-level by 2050, note that ‘GMSLR+VLM’ pixels overlapping with ‘GMSLR’ pixels
are not shown. Black crosses indicate the reference point of the velocities, white rectangles indicate c’s
map extent. Basemaps: Google, Carto.



Figure 4

InSAR-derived localized vertical land motion (VLM) rates and relative sea-level rise projections in a city
with fast subsiding areas, Jakarta (Indonesia). Subsiding clusters are concentrated in the urban areas of
Penjaringan (right arrow) and Kembangan District (left arrow). The inclusion of localized VLM
contributions in addition to global mean sea-level rise (GMSLR) greatly increases the extent of coastal
inundation. Panels: a. Localized VLM derived from time series analysis and spatial interpolation to �ll
small spatial gaps after time series analysis. b. Corresponding uncertainties of velocities shown in a. c.
Projected areas below sea-level by 2050, note that ‘GMSLR+VLM’ pixels overlapping with ‘GMSLR’ pixels
are not shown. Black crosses indicate the reference point of the velocities, white rectangles indicate c’s
map extent. Basemaps: Google, Carto.



Figure 5

Additional percentages of land area and population projected to be below sea-level by 2050 if localized
vertical land motion (VLM) is included in relative sea-level rise projections, compared to a global mean
sea-level rise (GMSLR) -only scenario. Positive indicates more land area or people below sea-level due to
localized VLM. Coastal cities are ranked according to their additional percentage of land area below sea-



level. The asterisks (*) indicate coastal cities where the spatial coverage of CoastalDEM is incomplete
and a portion of pixels is excluded from the analysis.
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