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Urbanland subsidence is widespread, yet a global assessment using a
consistent methodology is lacking, limiting targeted adaptation and
mitigation. Here we use satellite interferometric synthetic aperture radar
datafrom 2014 to 2023 to produce high-resolution relative local land
subsidence maps for 465 cities worldwide with populations exceeding one
million. Subsidence is most severe in Southeast Asia, West-Central Asia
and North America, and is evidentin historically under-studied regions,
including South America, Africa and Russia. These spatial patterns remain
broadly consistent after referencing relative local land subsidence to a
global vertical land motion product, although the vertical land motion
correction adds uncertainty. We further detect marked deceleration across
many cities in Southeast and East Asia, while substantial urban areasin
these regions continue to show accelerating subsidence. Our global maps
and trend estimates provide a consistent basis for identifying hotspots and
prioritizing actions to reduce subsidence-related hazards.

Citiesworldwide are experiencing varying degrees of land subsidence—
thegradual sinking process of urban land surfaces'. In the USA, coastal
citiesincluding New York, Boston and San Francisco are sinking with a
median velocity of approximately -2to 6 mm yr™ (ref. 4).In China, 16%
oftheland area of 82 major cities are sinking with a velocity faster than
10 mmyr~ (ref.5), whereasinlran, 3.5% of the country’s total land area is
subsiding®. Urban subsidence impairs land stability by damaging build-
ings, foundations, drainage and sewage systems, while alsoincreasing

flood vulnerability”'°. These consequences directly undermine the
United Nations’ goal of fostering sustainable cities.

Giventhe potentially large threatland subsidence poses to urban
socio-natural systems, it isimperative to implement effective mitiga-
tion and adaptation strategies to minimize its detrimental impacts.
Achieving this goal requires a comprehensive understanding of the
spatial patterns and evolutionary trends of global urban subsidence.
Yet conventional monitoring is based on point-wise measurements
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and cannot be easily scaled to large spatial extents®”"'%, Although an
increasing number of modeling studies and literature reviews have
sought to characterize large-scale subsidence patterns® ">, they
typically lack fine-grained spatial detail.

Recent advances in Interferometric Synthetic Aperture Radar
(InSAR) technology, whichemploys microwave interferometry to meas-
ure land displacements with centimeter- to millimeter-level accuracy®,
have enabled large-scale monitoring of urban subsidence at high spatial
resolution’. This approach has successfully revealed the subsidence
patternsinregions suchasjapan®, China’, the USA*, Iran®, India*** and
theworld’s coastal lands*****¢, greatly enhancing our understanding of
subsidence dynamics. However, previous urban subsidence studies
relying on InSAR approach employed inconsistent InSAR processing
methodologies, focused on different time periods or predominantly
concentrated on alimited number of cities, with 99 coastal cities rep-
resenting the largest dataset to date®. As a result, a high-resolution
analysis of land subsidence for global major cities within a consist-
ent InSAR methodological is still absent; without it, policy efforts to
address urban subsidence cannot be effectively targeted.

Tofill this gap, we conducted high-resolution (40 m) land subsid-
ence mapping from 2014 to 2023 for major cities worldwide with more
than one million population. We obtained self-consistent, high spatial
resolution relative local land subsidence (RLLS)* velocities with satel-
lite InSAR technique. Currently, large-scale INSAR-derived land subsid-
enceispresented intwo approaches (Supplementary Table1providesa
shortreview): one adoptsInSAR displacements that have beenreferred
toalocal groundtarget during InSAR data processing, and the results
can be considered as RLLS; the other aligns InSAR displacements to
a given global navigation satellite systems (GNSS) reference frame,
depending onwhich tectonic plate that the area of interest sitson and
the alignment leverages InSAR displacements and an existing vertical
land motion (VLM) product associated with long-wavelength signals
duetoglacial isostatic adjustment and regional tectonics* (Methods).
In this study, we implemented both approaches. More detailed dis-
cussions on the purpose and shortage of each approach/product are
provided in‘Discussion’ and Methods.

We initially focused on 477 large cities that have more than one
million population (Methods). Due to the unavailability of SAR imagery,
12 citieswere excluded, leaving 465 cities in 107 countries—representing
anextensive endeavor for evaluating worldwide urban subsidence under
uniform temporal and methodological frameworks (Supplementary
Table 2). We fully acknowledged the efforts of previous relevant studies
conducted across spatial-temporal scales with varying methods* "%,
Thus, we first visually compared our InSAR results with existing ones
generated using similar techniques and observation periods to verify
that the subsidence patterns were consistent. This provided a qualita-
tive assessment of our results. Next, relying on observations from pairs
of GNSS stations, we quantitatively assessed the accuracy of our InSAR
results, achieving an averaged uncertainty of .88 mm yr™ (Methods;
Supplementary Figs.1-4 provide moreinformation, including regional
variability of the uncertainty). We then examined the spatial pattern of
urban subsidence worldwide using different indicators for the sever-
ity of subsidence. Additionally, we delved deeper into the temporal
acceleration and deceleration trends of land subsidence (Methods),
hopingto provide moreinsights for targeted mitigationand adaptation
strategies. With all subsidence maps publicly accessible through our
online platform ‘GUS’ (Global Urban Subsidence)”, our study bridges
acritical gap to better understand the present-day urban subsidence
conditionsinthe world, which can help advance United Nation’s Sustain-
able Development Goal of building sustainable cities.

Results

Global pattern of urban subsidence

To comprehensively quantify the severity of urban subsidence, we used
threeindicators—the median subsidence velocity withinacity (V,,), the

5th percentile velocity within a city (Vs,) and the proportion of lands
with a velocity below —10 mm yr™ within a city (P,,). Here displace-
ment velocity is defined as positive for uplift and negative for subsid-
ence. Thethreeindicators consistently indicated more severe RLLS in
Asiathan the other continents (Fig. 1a-c). Asian cities’ V,, valueshad a
minimum of =33 mm yr™, much lower than, for example, -6 mmyrin
Africa,-3 mmyr™in Europe and-17 mm yrin North America (Table1,
top). The median value of Vs, (-12 mm yr™) was also the lowest in Asia,
although North America (Mexico) showed the lowest Vs, (-217 mm yr™).
Regarding P, Asia’s P,, value was also the highest, reaching 71% (Table 1,
top). Further, Southeast and West-Central Asia exhibited the most
severe sinking, with V,, values aslow as-33 and -1l mmyr™, V,,, aslow as
-151and-133 mm yrand P, as highas 71% and 52%, respectively (Table 1,
top). In alignment with this pattern, we also noted faster subsidence
rates in cities from developing countries than those from developed
countries (Supplementary Fig. 6).

Inaddition to the global pattern of urban subsidence revealed by
RLLS as presented above, we also examined the pattern using VLM-
aligned subsidence maps. We found an altered spatial pattern for V;,,but
highly similar patterns for Vs, and P, (Fig. 1d-f). Importantly, all three
indicators continue to identify Asia as the continent experiencing the
most severe urbansubsidence (Table 1, bottom). At the regional scale,
North America (Mexico), Southeast Asia (Indonesia) and West-Central
Asia (Iran) remain the most severely affected regions, with the lowest
Vs values of —213,-150 and -114 mm yr™, respectively (Table 1, bottom).

Ourresultsrepresent one of the largest efforts to map urban sub-
sidence using a consistent INSAR method. By conducting a literature
review using combinations of each city name, ‘subsidence’ and ‘InSAR’
as keywords in Google Scholar (Methods and Supplementary Fig. 7;
Supplementary Table 3 provides the corresponding literature), we
found that no InSAR-based land subsidence studies were identified for
204 cities. Thus, we were able to quantify urban subsidence in some
historically under-studied regions, including South America, Africa
and Russia. According to the RLLS results, South America exhibits
substantial localized subsidence, with the minimum V;,, value below
-30 mm yrand the maximum P,, exceeding 40%. In Africa, Vs, high-
lights notable subsidence hotspots despite the limited attention
received in previous studies, with a median value of -6.6 mmyr™. In
Russia, although only five cities were included, the median Vs, and Py,
values were -18.2 mm yr and 15.9%, respectively. Still, such results
quantified with Vs, and P, remained largely consistent if the VLM-
aligned results were considered (Supplementary Fig. 8).

Ranking of the severities of urban subsidence

We also ranked cities based on their severity of RLLS. As expected, the
ranking varied slightly depending on the chosenindicator (Supplemen-
tary Table 2). Mexico exhibited the lowest Vs, (217 mm yr™), whereas
Medan showed the lowest V,, (-33 mm yr™) and the highest P, (71%).
To overcome this variability, we integrated all three indicators into a
final composite severity score whichranges from 0to 100, with alarger
value indicating a more severe subsidence status (Methods), provid-
ing acomprehensive ranking that accounts for both spatial extents
and rates of sinking lands (Fig. 2a and Supplementary Table 2). Our
results showed that the ten most severely subsiding cities worldwide
are Medan (V,,: -33 mmyr™, Vg,,: =80 mm yr™, P,o: 71%), Bandung (V,,;:
-22mmyr?, Vg,: 120 mmyr™, P,o: 60%), Torreon (V,,: =17 mmyr™, Vi,
-80 mmyr?, Py: 60%), Mexico City (V,,: =8 mm yr™?, Vg, —217 mmyr?,
Pyo:47%), Isfahan (V,: 11 mmyr™, Vs,: =70 mmyr™, P,y 52%), Tianjin (V,:
-8 mmyr?, Vyy,: =65 mmyr~, P,;:47%), Chittagong (V,,: —10 mm yr™, Vs,
—-47 mmyr™, P,: 50%), Florianopolis (V,,: =8 mm yr™, Vy,: =37 mmyr™,
Py:46%),Rangoon (V,:~6 mmyr™, Vy,:—47 mmyr™, P,:37%) and Toluca
(V=6 mmyr™, Vy,: —46 mmyr™, P,: 42%) (Table 2, top). It is particu-
larly worth mentioning that six out of the ten most severely sinking
cities are in Asia, specifically in Indonesia and Iran, and three are in
Mexico (Supplementary Figs. 9 and 10 show representative cities).
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Fig.1| Patterns of InSAR-derived RLLS and VLM-aligned land subsidence for
465 global major cities. a-f, Patterns of INSAR-derived RLLS (a-c) and VLM-
aligned land subsidence (d-f) (2014-2023) for 465 global major cities. All the
465 cities shown here have a population surpassing one million. VLM-aligned
land subsidence was obtained by aligning InSAR-derived RLLS to aglobal VLM
productinterpolated from GNSS observations. Severity of urban subsidence is

0O 10 30 5 70 90
Proportion of urban lands with a velocity <-10 mm yr™ (P,o, %)

indicated using three indicators: median velocity of all pixels (each being 40 x 40
m) within a city (V,; aand d), 5th percentile velocity of all pixels within a city

(Vs band e) and proportion of subsiding pixels faster than10 mm yr™*

(or <-10 mm yr™?) withina city (P,o; c and f). Note that land velocity is defined as
positive for uplift and negative for subsidence. The insets in the lower-left corner
show the histogram of V,,, Vs, and Py, values of the 465 cities.

We further examined the rankings of subsidence severity using the
VLM-aligned subsidence maps and found largely consistent ranking
patterns, despite someinevitable changes in the order for certain cit-
ies (Fig. 2b and Supplementary Table 2). Notably, among the top ten
cities experiencing the most severe subsidence, the majority remain
concentratedin Asiaand North America, including Bandung and Medan
inIndonesia, Mashhad in Iran and Torreén, Mexico City and Tolucain
Mexico (Table 2, bottom).

Acceleration and deceleration of RLLS

Thus far, we have focused on assessing the spatial pattern of subsid-
ence rates in major cities globally. A relatively underexplored topic is
thetemporalacceleration/deceleration trends of land displacements
derived fromsatellite geodesy'. Despite nine years of time series, it is
still valuable to identify urban areas experiencing accelerating/deceler-
ating subsidence, thereby enabling more effective targeting of mitiga-
tion measures. We therefore analyzed the temporal evolution of land
subsidence across 465 global cities using piecewise regression which
identifies the existence of turning point in a time series (Methods).
The calculation and analysis of acceleration and deceleration were

conducted based onthe time series of RLLS. We opt toidentify asingle
change point primarily because the monitoring period is relatively
short. Consequently, the way we used piecewise regression was to
detect aturning point that represents the most substantial change in
thetimeseries, rather than transient seasonal variations. The accelera-
tion and deceleration of land subsidence were quantified from two
perspectives: (1) the proportion of land area exhibiting accelerating
or decelerating subsidence and (2) the magnitude of acceleration or
deceleration, calculated as the absolute difference in velocities before
and after the turning point (Methods).

Our results revealed distinct regional patterns in subsidence
dynamics. Africa, Oceania and Russia exhibited a higher proportion
of urban lands undergoing accelerating subsidence compared to
deceleration, whereas all other regions showed a greater proportion
of decelerating subsidence than acceleration (Fig. 3c). This pattern
indicates that urban subsidence in global cities generally tends to be
alleviating. Among all regions, Europe exhibited the highest proportion
ofland experiencing both accelerating and decelerating subsidence;
however, we noted that the overall subsidence rates in Europe were
minor (Fig. 1), and even though a change point was detected in the
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Table 1] Statistics of INSAR-derived RLLS and VLM-aligned land subsidence for 465 global major cities

Continent Region Country V,,(mmyr™) Vi (Mmyr™) Pyo (%)
Min Median Max Min Median Max Min Median Max
InSAR-derived RLLS
Africa / / -5.6 -0.6 1.6 -32.3 =71 -1.9 0.1 2.5 321
Asia / / -32.7 =11 2.2 -151.4 -11.9 -1.5 0.0 70 7.3
/ East Asia / -8.3 -1.4 2.2 -64.8 =141 =13 0.0 10.0 46.5
/ / China -8.3 -17 2.2 -64.8 -15.6 -39 0.2 1.6 46.5
/ South Asia / -10.2 -0.8 0.6 -4 -9.2 -26 0.1 4.0 50.2
/ India -3.7 -0.8 0.0 =231 -81 -26 0.1 32 225
/ Southeast Asia / -32.7 -1.6 -01 -151.4 -20.7 -4.6 11 19.0 7.3
/ Indonesia =327 -17 -0.8 -151.4 -24.7 -10.2 5.2 24.8 7.3
/ West-Central Asia / -10.6 -0.5 0.8 1331 =72 -2.3 0.0 21 51.6
/ / Iran -10.6 -17 0.8 -1331 -55.1 -72 2.0 18.0 51.6
Europe / / -2.8 -0.5 15 -24.1 -6.8 -15 0.0 2.3 21.2
North America / / -17.3 -0.4 0.3 -216.5 -6.3 -17 0.0 11 60.2
/ / Mexico =17:3 -0.7 0.0 -216.5 -20.0 =17 0.1 19.2 60.2
/ / USA -4.8 -0.4 0.3 -20.3 -4.5 -2.0 0.0 1.0 211
Oceania / / -0.6 -0.4 -01 -15.2 -8.4 -5.0 17 3.6 97
South America / / -79 -07 07 -36.9 -75 -17 0.0 31 457
/ / Brazil =79 =11 -0.3 -36.9 =11 =51 11 5.9 457
/ Russia / -4.0 -1.3 0.2 -25.6 -13.9 -4.7 0.6 10.3 281
VLM-aligned land subsidence
Africa / / =87 -0.4 4.2 -31.8 -6.6 -0.9 0.1 2.2 26.3
Asia / / -24.4 0.2 161 -150.3 -10.2 6.8 0.0 5.2 64.8
/ East Asia / -4.0 05 8.9 -53.0 -1.6 6.8 0.0 6.6 293
/ / China -4.0 0.5 5.3 -53.0 -12.9 -3.3 0.2 8.0 293
/ South Asia / -8.6 -0.3 10.8 -64.8 -9.0 1.6 0.0 4.2 43.9
/ India -5.3 -0.5 24 -2041 -8.9 =11 0.0 4.2 15.7
/ Southeast Asia / -24.4 -1.4 6.9 -150.3 -18.1 -5.5 13 12.0 64.8
/ Indonesia -24.4 -1.4 1.4 -150.3 -24.0 -95 4.5 21.6 64.8
/ West-Central Asia / -16.5 0.2 16.1 -113.9 -5.9 -11 0.0 1.6 61.8
/ / Iran -16.5 11 16.1 -113.9 -48.2 -5.2 11 13.7 61.8
Europe / / -0.9 0.6 1.6 -21.4 -5.6 4.8 0.0 2.2 1.6
North America / / -12.0 -0.7 31 -212.8 -5.0 1.0 0.0 1.2 53.2
/ / Mexico -12.0 =13 27 -212.8 -17.9 1.0 0.0 14.4 53.2
/ / USA -4.9 -0.8 1.5 -20.4 -5.0 -2.2 0.0 1.2 21.3
Oceania / / -1.9 0.2 54 -13.2 -8.1 0.2 0.9 3.5 77
South America / / -2.3 0.0 8.0 -31.3 -6.8 1.4 0.0 27 34.7
/ / Brazil -2.3 -0.2 8.0 -31.3 -97 -4.2 1.0 4.7 34.7
/ Russia / 0.0 1.3 9.3 -19.7 -6.8 -3.9 05 2.8 15.3

The VLM-aligned land subsidence was obtained by aligning InSAR-derived RLLS to a global VLM product interpolated from GNSS observations. The table shows the severity of urban
subsidence summarized at continental, regional and country levels. The spatial locations of the regions are shown in Supplementary Fig. 5.

InSAR time series, the magnitude of change remained subtle (Fig. 3c;
Supplementary Fig. 11 provides examples).

When focusing on accelerating subsidence, Africa, Russia, South
Asia and East Asia exhibited the highest proportions of urban land
affected by suchissue after Europe, accounting for 7.8%, 7.8%, 7.3% and
7.2% of their respective urban areas (Fig. 3c). However, the magnitude
of change was small in Africa and Russia despite the high proportion
ofaccelerating subsidence. Regarding decelerating subsidence, apart
from Europe, Southeast Asia, East Asia and South Asia exhibited the

highest proportions of decelerating subsidence, amounting to 10.1%,
8.7%and 7.9%, respectively (Fig. 3c). The magnitude of change—whether
acceleration or deceleration—was consistently greatest in Southeast
Asiaand East Asia (Fig. 3c; Supplementary Fig. 11 provides examples).

Togetaclearerview, we derived aweighted score (WS) by multiply-
ingtheareaproportion withthe magnitude of acceleration or decelera-
tion. WS was calculated separately for acceleration and deceleration.
It has a minimum value of O, and larger values denote a stronger ten-
dency towards accelerating/decelerating land subsidence (Methods).
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Fig. 2| Ranking of the severity of INSAR-derived RLLS and VLM-aligned land
subsidence for 465 global major cities. a,b, Ranking of the severity of INSAR-
derived RLLS (a) and VLM-aligned land subsidence (b) for 465 global major cities.
VLM-aligned land subsidence was obtained by aligning InSAR-derived RLLS to
aglobal VLM productinterpolated from GNSS observations. The ranking was

based on composite severity score, which was calculated by integrating all three
indicators of subsidence severity presented in Fig. 1 (namely, V,,, Vs,,and Py,). The
composite severity score ranges from 0 to 100, with a larger value indicating a
more severe subsidence status (Methods).

We found that Southeast Asia (WS: 0.7), East Asia (WS: 0.7) and South
Asia (WS: 0.5) were the global hotspots for accelerating subsidence
(Fig. 3b), whereas Southeast Asia (WS: 1.3) and East Asia (WS: 1.1) led
insubsidence deceleration (Fig. 3a). Notably, Southeast Asia and East
Asiaranked highin both acceleration and deceleration of subsidence
(Fig.3a,b).

Discussion
Using European Space Agency’s Copernicus Sentinel-1satellite radar
images and InSAR methodology, our study quantified urban subsid-
enceratesand trends across 465 cities worldwide, each with a popula-
tion exceeding one million. We first provided self-consistent RLLS for
each city, controlling the biases rising from varying InSAR methods
and observation periods. Such citywide relative local land subsidence
was obtained through initializing and concluding the selection of the
reference point following two runs of time series analysis for each city
(Supplementary Table 2 provides the geographic locations of reference
and Methods).

Moreover, we aligned the InSAR-derived RLLS results to a global
reference frame by using aglobal VLM productinterpolated from GNSS

observations (Supplementary Fig. 12 and Methods). We presented
both RLLS and the VLM-aligned results as both have value and can
serve different purposes. RLLS captures localized subsidence signals
relevant to infrastructure stability and urban risk management®°,
whereas VLM-aligned results, referenced to a global reference frame,
aremore suitable for plate tectonic studies***. However, we would like
to emphasize that InSAR-derived RLLS results referenced to a local
ground target, in principle, canbe transformed into a global reference
frame. The mostideal approachisto use observations from stable GNSS
stations within the city to constrain the reference frame conversion, as
demonstrated in previous studies”. Because such GNSS observations
arenotavailable forallthe 465 cities, we utilized aglobal VLM product
interpolated from GNSS observations to align the RLLS results to a
common global reference frame, thereby obtaining the VLM-aligned
results. By doing so, we acknowledge that the VLM-aligned results may
introduce additional uncertainties, as the accuracy of the underlying
VLM product is inherently dependent on the spatial distribution of
GNSS stations. Consequently, in regions with sparse GNSS coverage,
such as parts of Asia and Africa, the interpolated VLM field may have
reduced accuracy (example of Tianjin in Supplementary Fig. 13).
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Table 2 | The ten cities with the most severe INSAR-derived RLLS and VLM-aligned land subsidence as ranked by the

composite severity score

Rank City Country Region V., (mmyr™) Vi (mmyr™) Py (%) Composite severity
score [0, 100]
InSAR-derived RLLS
1 Medan Indonesia Southeast Asia =327 -80.1 7.3 997
2 Bandung Indonesia Southeast Asia -21.9 -119.8 59.7 99.6
3 Torreén Mexico North America -17.3 -79.5 60.2 99.4
4 Mexico City Mexico North America -7.9 -216.5 46.5 99.2
5 Isfahan Iran West-Central Asia -10.6 -70.0 51.6 99.1
6 Tianjin China East Asia -8.3 -64.8 46.5 98.6
7 Chittagong Bangladesh South Asia -10.2 -46.8 50.2 98.5
8 Florianopolis Brazil South America -79 -36.9 457 976
9 Rangoon Myanmar Southeast Asia -6.4 -47.2 36.9 975
10 Toluca Mexico North America -6.0 -46.0 42.4 97.3
VLM-aligned land subsidence
1 Bandung Indonesia Southeast Asia -16.7 -114.5 54.5 99.6
2 Medan Indonesia Southeast Asia -24.4 -7.8 64.8 99.6
S Mashhad Iran West-Central Asia -16.5 -84.6 61.8 99.5
4 Torredn Mexico North America -12.0 -74.3 53.2 99.2
5 Mexico City Mexico North America -4.2 -212.8 M1 98.6
6 Toluca Mexico North America -7.3 -474 447 98.6
7 Chittagong Bangladesh South Asia -5.9 -42.5 439 98.3
8 Dhaka Bangladesh South Asia -8.6 -27.9 39.2 975
9 Rangoon Myanmar Southeast Asia =31 -43.8 32.0 971
10 CanTho Vietnam Southeast Asia -4.8 -23.4 29.9 96.0

VLM-aligned land subsidence was obtained by aligning INSAR-derived RLLS to a global VLM product interpolated from GNSS observations. For the calculation of the composite severity score,
please refer to the Methods. The composite severity scores for all 465 cities are provided in Supplementary Table 2.

Onthe basis of the two complementary InSAR-derived results, this
study provides a comprehensive quantification of land subsidence
patterns across 465 major cities worldwide. Pronounced subsidence is
observedinseveral regions, particularly in Southeast Asia, West-Cen-
tral Asiaand North America, whichisbroadly consistent with previous
studies>*'¥1¢?>2*_ An additional literature survey on Google Scholar
using combinations of ‘city name’, ‘subsidence’ and ‘InSAR’ as keywords
revealed that InSAR-based land subsidence studies were not identi-
fied for 204 cities. Thus, we further observed that several historically
under-studied regions also experienced subsidence, such as South
America, Africa and Russia, suggesting widespread subsidence glob-
ally. To characterize subsidence severity, we ranked cities using three
complementary indicators. It should be noted that for each city, the
indicators are derived from observations within the administrative
boundary. Therefore, cities associated with extensive subsidence
features extending beyond the city boundary may not rank as highly as
expected. This was demonstrated in some cities, for example, Mashhad
and TehraninIran®, where large subsidence bowls extend beyond the
administrative boundary, and only the portions falling within it are
included in the analysis. All the resulting maps are hosted on ‘GUS’, a
newly established, publicly accessible platform?. This innovative tool
enables the identification of localized, high-risk subsidence areas,
supporting the development of targeted mitigation and adaptation
strategies’ ®'**"*, Assuch, our study is expected to support the United
Nations’ goal of building sustainable cities.

In addition to the spatial pattern of urban subsidence, another
notable contribution of our study is the analysis on temporal accelera-
tion/deceleration of subsidence. We found that Southeast Asia and East
Asiashowed high proportions of both acceleration and deceleration of

subsidence (Fig. 3). These contrasting trends may reflect the region’s
rapid economic development, factoring in accelerating subsidence
and the implementation of extensive mitigation measures that have
effectively curbed or reversed subsidence in certain areas. For exam-
ple, large-scale interventions such as the world’s largest water diver-
sion project and stringent groundwater regulation policies have been
implemented in East Asia>*"**. One notable case happensin the Beijing-
Tianjin-Hebeiurban agglomeration in China, where the replenishment
of underground aquifers since approximately 2016 has success-
fully halted land subsidence across several regions of the cities>”
(Supplementary Fig.11).

Looking ahead, future endeavors could be focused on separating
and quantifying the drivers of urban subsidence. Local land subsidence
canbelinked to avariety of naturaland anthropogenic factors®. Natural
factors primarily include sediment compaction®*~**, whereas anthropo-
genic factors primarily include urban construction®**° and extraction
of natural gas, minerals and especially groundwater™>*"**, Separating
and quantifying the multifaceted causes of urban subsidence requires
extensive geological and groundwater data along with sophisticated
models®. This is becoming increasingly feasible as data availability
expands and artificial intelligence advances, enabling the analysis of
complex interactions among different mechanisms®. Given ongoing
urban development and more frequent occurrences of droughts that
exacerbate water stress and floods that offer opportunities to store
freshwater", itis also critical to develop urban planning theory to cre-
atethe surface and subsurface space for water resource exchanges. It
isalso valuable to explore the possible impact of subsidence on build-
ing integrity and urban population, given increasingly availability of
high-resolutionbuilding footprint data**°. Beyond that, continuously
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Fig.3|Acceleration and deceleration of InSAR-derived RLLS. a, WS for
subsidence deceleration by geographical region. b, WS for subsidence
acceleration by geographical region. The regional-scale WS was calculated
asthe product of regional area proportion (unit: %) and regional magnitude

of acceleration or deceleration (unit: mm yr™). The area proportion for each
region was calculated as proportion of pixels that are undergoing accelerating/
decelerating subsidence to the total number of pixels in this region. The
magnitude and its uncertainty range at the regional scale were derived from
pixel-level magnitudes using the median (number outside the bracketsinaandb)
and 25th-75th percentiles (numbers in square brackets inaand b), respectively.
The Methods provides the calculation of pixel-level magnitude of subsidence
acceleration/deceleration. WS ranges from O upward and increases with the
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strength of subsidence acceleration/deceleration. ¢, Regional area proportions
and magnitudes of acceleration/deceleration. Bars show the proportion of
regional area. Circles above the barsindicate the regional magnitude (median
pixel-level magnitude), with error bars representing the 25th-75th percentiles of
pixel-level magnitudes. The number of pixels (n) for acceleration and deceleration
are 799,698 and 723,361 in Africa, 4,383,900 and 5,355,166 in East Asia, 656,387
and 834,082 in Europe, 735,872 and 937,700 in North America, 221,703 and 131,515
in Oceania, 95,945 and 57,195 in Russia, 524,834 and 600,446 in South America,
743,381and 800,634 in South Asia, 308,215 and 456,993 in Southeast Asia and
541,720 and 732,155 in West-Central Asia, respectively. The spatial locations of
the regions are shown in Supplementary Fig. 5. Supplementary Fig. 11 provides
representative cases of subsidence acceleration and deceleration.

monitoring of urban subsidence, not only for major cities but also
smaller ones, can help determine whether the acceleration or decel-
eration observed over the nine-year period will persist or shift'®>. Such
long-term efforts could also enable the detection of multiple change
points in land motion time series, thus better assisting policymakers
in evaluating the effectiveness of interventions, informing targeted
mitigation and adaptation strategies and identifying early warning
signs of emerging threats.

Methods

Selection of global major cities

Thisstudy focused onlarge cities worldwide with a population exceed-
ing one million. Frolking et al.”’ compiled a list of 477 global cities,
which all have a population over one million in the year of 2015, and
we followed it in our analysis. Due to limited European Space Agen-
cy’s Copernicus Sentinel-1 Synthetic Aperture Radar (SAR) images,
12 cities were excluded, resulting in atotal of 465 cities from 107 coun-
tries. Among them, 128 cities are in developed countries and 337 in
developing countries.

Land subsidence has been extensively investigated in the literature
using InSAR. We conducted a literature review using combinations of
each city name, ‘subsidence’ and ‘InSAR’ as keywords in Google Scholar
to obtain a preliminary overview of whether InNSAR-based land subsid-
encestudies have beenreported foreach city. Theresultsindicated that
land subsidence has beeninvestigated using InSAR for 261 cities, whereas
no InSAR-based subsidence studies were identified for the remaining

204 cities (Supplementary Fig. 7; Supplementary Table 3 provides the
corresponding literature). It should be noted that this survey is based
solely onaliterature search and therefore does not representacompre-
hensive assessment of all available studies. Large-scale ground motion
monitoring platforms such as the European Ground Motion Service,
which provideregional-scale products, were notincluded in this analysis.
Despite these limitations, this study represents one of the largest efforts
to map urban subsidence using a consistent INSAR methodology.

For citiesin Chinaand the USA, the administrative boundaries have
beenclarified by authorities and canbe sourced from the Resource and
Environmental Science Data Platform (https://www.resdc.cn/) and
US Census Bureau (https://www2.census.gov/geo/tiger/GENZ2023/
shp/), respectively. However, city boundaries for other countries vary
across sources, and we referred to Google Maps to select the sources.
Theglobal administrative areas (https://gadm.org/download_country.
html), the OpenStreetMap Boundaries database (https://osm-bound-
aries.com/map), the Global Urban Boundaries®> and the Common
Operational Datasets Subnational Administrative Boundaries database
from the Humanitarian Data Exchange (https://data.humdata.org/
dataset/?dataseries_name=COD+-+Subnational+Administrative+
Boundaries) are four candidate sources. For each city, the one that
aligns the most with Google Map’s boundaries was selected.

We acknowledge that as our research focused on major cities,
theresults may not fully capture the dynamicsin smaller cities, where
urban development patterns, subsurface structures and governance
capacities differ substantially.
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InSAR-derived RLLS

InSAR has emerged as an essential tool for land subsidence monitoring
due to its ability to provide high-precision, millimeter-level surface
deformation information over large areas'***. The Small Baseline
Subset (SBAS) InSAR constructs a series of interferograms character-
ized by small spatio-temporal baselines and estimates deformation
time series using least squares or singular value decomposition meth-
ods’*”. It effectively mitigates the impact of atmospheric delay noise
andis well suited for urbanland subsidence monitoring***°, Therefore,
we applied the SBAS-InSAR method to evaluate the land subsidence
patterns for the 465 cities from June 2014 toJune 2023.

For each city, an interferometric network was constructed using
allavailable Sentinel-1SARimages (June 2014-June 2023) from asingle
flight direction (ascending or descending) witha maximum temporal
baseline of 60 days and a maximum spatial baseline of 200 m. We
generated interferograms using the Alaska Satellite Facility (ASF)’s
Hybrid Pluggable Processing Pipeline (HyP3) (https://search.asf.alaska.
edu/).HyP3 cloud computing platform provides two options of range
and azimuth look ratios, thatis, 10:2 and 20:4. We chose the option of
10:2 to produce differential interferograms at a finer pixel spacing of
approximately 40 m. Earth’s ellipsoid and topographic phases were
simulated based on the imaging geometry and GLO-30 Copernicus
digital elevation model (DEM) and were subsequently removed. The
Goldstein-Werner Adaptive Phase Filter® was employed to reduce
phasenoiseininterferograms, with the adaptive filter parameter of 0.6.
Afterwards, the differential interferograms were unwrapped using the
Minimum Cost Flow algorithm in GAMMA software applied by the ASF’s
cloud computing platform. More information about InSAR workflow
used in HyP3 is available from ASF’s Sentinel-1 InSAR Product Guide
(https://hyp3-docs.asf.alaska.edu/guides/insar_product_guide/).

The phase of each pixel in the unwrapped interferogram 4¢ can
be expressed as:

A¢ = ¢(t1) - ¢ (fz) ~ _4;1_“ [d(tl) - d(tZ)] + A¢t0po + A¢atm + A¢noise (1)

where ¢(t;) and ¢(t,) denote the phases of the SAR signals acquired at
times ¢, and t,, respectively, and d (¢;) and d (¢,) denote the cumulative
displacement along the radar’s line of sight (LOS) at times ¢; and ¢,
respectively. Agy,p,representsthe residual topographic phase resulting
from DEM errors, Ag,.represents the atmosphericartifacts and Ag ;e
represents noise in SAR signals.

The unwrapped interferograms were used as the input for the
Miami InSAR time series software in Python (MintPy)® to generate
displacement time series and velocities. Low-coherence pixels were
masked out dueto a highlikelihood of unwrappingerrors. Because the
acquisition frequency of Sentinel-1images and the land cover across
theglobe vary substantially®>**, enlightened by previous attempts>">,
we selected different coherence thresholds (from 0.3, 0.35 and 0.4),
depending onthe decorrelation condition of each city (Supplementary
Table 2). Additionally, ERA5 reanalysis meteorological dataset was
utilized to correct for atmospheric artifacts®, and the residual topo-
graphic correction was applied to minimize the impact of DEM errors®®.
After removing these erroneous phases, the phase of the unwrapping
interferogram can be written into a matrix form as:

A = AV\os (2)

where A is a design matrix representing the connections in the SBAS
network. The LOS deformation velocity V, s can be obtained via least
squares or singular value decomposition method with minimum
norm conditions®.

InSAR method measures therelative land displacements referring
to a specific pixel or area within the extent of the image. Following the
guidelines about reference selection addressed in ref. 23, we initially

selected areference pixel withacoherence greater than 0.85, typically
located on man-made structures, ensuring that it showed no phase
difference compared to the surrounding pixels in the interferograms.
We obtained the preliminary displacement velocities from SBAS-InSAR
analysis. Subsequently, we refined our criteria for the reference pixel to
match the displacement velocity close to the mode value (most frequent
values in all pixels) within the extent of the administrative boundary
andrepeated the SBAS-InSAR analysis to obtain the final displacement
results. The effects of the above processing parameters on the velocity
areshownin Supplementary Fig. 14 and Supplementary Table 4.

The LOS deformation velocity V, s was converted to vertical dis-
placement velocity V using the following equation:

V = V,os/cosb 3)

where 6 is the radar’s incidence angle and varies pixel by pixel. In this
study, land velocity follows the convention that positive valuesindicate
uplift, whereas negative values denote subsidence.

Transforming InSAR-derived RLLS to a global reference frame
To align the RLLS derived by InSAR to a global reference frame, we
applied an offset correction® for each city:

[V+d, —VLM| =0 4)

where V represents the RLLS for all pixels within a given city; VLM
represents the published vertical land motion product®® interpolated
from GNSS observations in the International GNSS Service 2014 refer-
ence frame ataspatial resolution of 0.25°; the parameter d, is the offset
and can be calculated as the difference between the mean of VLM and
the median of INSARRLLS for each city. The offset correction parameter
applied for each city can be found in Supplementary Table 2.

The VLM field primarily encapsulates long-wavelength signals,
suchasglacialisostatic adjustment and regional tectonics, which can
span thousands of kilometers. Imposing these broad spatial trends
ontoour InSAR displacements systematically shifted the results, which
may even change the sign of the local signal, for instance, transforming
alocally measured subsidence (negative value) into an uplift (posi-
tive value) in Yokohama, Japan. Consequently, an alignment to the
global frame can obscure localized displacements. Because the long-
wavelength signals are relatively uniform on the city scale”, and the
city authorities are primarily concerned with RLLS, we retained the
original InNSAR-derived RLLS resultsin our spatial and temporal analy-
sis. We present VLM alignment analysis solely to provide insights for
other studies focused on spatially continuous displacement mapping
at global or near-global scales. Alternatively, users of our products
can calibrate the RLLS dataset within their study area using available
GNSS observations*’ or prior knowledge of regional tectonics, glacial
isostatic adjustment and reference frame adjustments®.

Accuracy assessment for InSAR-derived RLLS

The three-dimensional GNSS observations have often been used as the
benchmark to assess the accuracy of one-dimensional InSAR line-of-
sight measurements. However, INSAR measures the relative displace-
ments with respect to a local pixel within the image, whereas GNSS
measures the displacements in a specific reference frame, typically
defined by the tectonic plate movements, adirect comparison between
the twois notappropriate”. Here we developed a workflow specialized
foraccuracy assessment of INSAR measurements to best minimize the
ambiguity due to different dimensions of measurements and different
reference systems (Supplementary Fig.1).

GNSS observations in the International Terrestrial Reference
Frame 2014 were sourced from the Nevada Geodetic Laboratory (http://
geodesy.unr.edu/NGLStationPages/gpsnetmap/GPSNetMap.html).
We sorted out GNSS observations for InSAR accuracy assessment
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based onthe four requirements. First, GNSS stations outside the city’s
administrative boundaries were removed. Second, based on the Envi-
ronmental Systems Research Institute 2020 Global Land Use Land
Cover data® and Google Earthimagery, GNSS stations located outside
built-up areas were excluded to ensure that INSAR and GNSS observa-
tions represent comparable surface deformation processes®”°. Third,
GNSS stations with observations shorter than two years spanning
Sentinel-1image acquisitions or presenting evident anomalies were
further removed. Fourth, at least two GNSS stations are available to
enable an unambiguous pair-comparison. Consequently, a total of 320
GNSS stations in 83 cities were selected for the accuracy assessment
(Supplementary Figs. 2-4).

Althoughin our global scale analysis, the INSAR-derived displace-
ments were projected to the vertical direction, the assessment of INSAR
accuracy can be performed with the least bias by projecting three-
dimensional GNSS measurements to the one-dimensional InNSAR LOS
direction by

GNSS, o5 = —sin Bcos@GNSS; + sin fsinpGNSSy + cos OGNSS (5)

where GNSS;, GNSS, and GNSS,, are the east, north and vertical com-
ponents of the three-dimensional GNSS measurements, respectively,
@istheincidence angle and ¢ is the heading angle of the SAR satel-
lite measured from the north with clockwise as positive”’, and both
angles correspond to the exact values where the GNSS stations
are situated.

To eliminate ambiguity due to reference systems, we adopted
pairwise comparison for co-located GNSS stations and InSAR pixels.
For each city, the GNSS station with the minimal vertical deformation
was selected as the reference station (note that the reference here
does not mean the one used to interpret InSAR displacements), and
we called the other stations as the counterparts. We computed the
relative time series difference between the GNSS reference and its
counterpartsinthe projected LOS direction. Similarly, we obtained the
relative difference in INSAR LOS time series between pixels co-located
with the GNSSreference and its counterparts. Therefore, any citywide
systematic shiftsinland displacements, if existant, would be canceled
out. We conducted the linear regression of two sets of relative time
series differences from GNSS and InSAR LOS results. We considered
the absolute difference of their linear coefficients as the uncertainties
of INSAR measurements. Overall, the comparison between the relative
time series displacements of co-located GNSS stations and InSAR pixels
was attempted in the same dimension (direction) and time window and
inaself-consistent measuring system.

The uncertainty of InSAR against GNSS varies across regions,
with the lowest of 0.3 mm yr™ observed in Africa and the highest of
2.6 mmyr'observedin East Asia (Supplementary Fig. 2). On average,
the uncertainty among 83 cities with available data is 1.8 mmyr™
(Supplementary Figs. 3 and 4). Note that the reported uncertainty
mainly reflects INSAR performance where GNSS stations are available;
validation in some rapidly subsiding regions is inherently limited by
dataavailability.

Additionally, we calculated the standard deviation of the
velocity maps:

N ~\2
Velstd = Z (d, - d,) / (6)
i=1

(N—zé(n—ﬂ

where d; represents the observed range displacement at epoch i, d; is
the predicted linear displacement, Ndenotes the total number of SAR
acquisitions, ¢;is the time at epoch i and ¢ is the average acquisition
timesf = Zf.vzl t;/N. Vel represents the standard deviation of the esti-
mated InSAR velocity at a given pixel relative to a reference pixel,
primarily caused by temporal noise®>”%

The velocity standard deviation map for each city is available in
our website portal ‘GUS”. Supplementary Table 2 contains the median
velocity standard deviation for each city. For all 465 cities, the 5th
percentile, median and 95th percentile of the median velocity standard
deviation are 0.13,0.30 and 0.71mm yr, respectively.

City rankings based on severity of subsidence

To compare and rank the severity of subsidence of the 465 cities, we
account for three independent indicators: the median velocity of all
pixelswithinacity (V,,), the 5th percentile velocity of all pixels withina
city (Vi) and the proportion of subsiding pixels faster than10 mm yr!
(thatis, <-10 mm yr™) (P,,). These three indicators reflect different
aspects of the severity of subsidence. V,, represents the overall condi-
tion of urban subsidence of a city, Vi, focuses on the fastest end of
subsidence, and Py, reflects the proportion of area undergoing rapid
subsidence. Consequently, the rankings of cities based on these three
indicators differed slightly (Supplementary Table 2).

To obtainacomprehensive assessment of subsidence severity, we
calculated a severity score (S) by integrating the three indicators. Let
l/l.j be the value of ith indicator of cityj, withiranging from 1and 3 and

Jjranging from1land 465,

N/

J _ 1

ST W @
51—1351 8)
=325 (

Il
-

where §'is the final score of city j, Sif is the score of city j according to
theithindicator, N/ isthe number of cities with the value of ith indicator
lower than a given threshold and N is the number of cities (465 in our
case). Because V,,and Vs, signify severe subsidence (negative values),
the absolute values of V,, and V;,, were used as the threshold when
calculating N/ This composite severity score ranges from O to 100,
with alarger value indicating a more severe subsidence situation.

Acceleration and deceleration of RLLS
Toexploretheacceleration/deceleration patternsinsubsidence rate, we
opttothepiecewiselinearregressiontechnique.Herewefocusedoniden-
tifying asingle change point primarily because the monitoring period
is relatively short, spanning approximately nine years (2014-2023).
Withinsuchatimeframe, multiple change points could occur; however,
minor ones are likely to reflect short-term or seasonal land motions
rather than long-term trends persisting across years. In addition, the
alignment of InSAR results to a global GNSS reference frame was per-
formed for land subsidence velocity rather than for land subsidence
time series. Accordingly, the calculation and analysis of acceleration
and deceleration were conducted based on the time series of RLLS.

Piecewise linear regression has provento be effectiveinexamining
temporal changes, especially the change rate of two periods embedded
in a time series”> . Given the dependent variable y (subsidence time
series) and the independent variable ¢ (date), a simple linear model is
defined as:

y=PBot+bo 9

where ,and b denote the trend and intercept of the fitted line for the
entire period, respectively. 8,<0indicates asubsiding trend, and 3, >
Oindicates an uplifting trend.
Different from the simple linear regression, piecewise linear
regression fits separate linear models onboth sides of achange point™:
Pit+b, t<a

= (10)
ﬁ2t+ b, t>a
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where a denotes the time stamp since when the subsidence rate
changes, f; and b, represent the trend and intercept before the time
stamp a, respectively, and 8, and b, represent the trend and intercept
after the time stamp q, respectively.

To identify the critical time stamp a, we iteratively selected each
time stamp in the time series and fit separate linear models before and
after thattime. For each candidate time stamp, the total residual sum of
squares (RSS) for boththe pre-and post-change periods was calculated.
The candidate time stamp that minimizes the total RSS was identified as
the optimal critical time stamp’®. Due to potential influence of seasonal
ground processes, the critical time stamp was not allowed tobe in the
first and last two years to better capture multi-annual trends.

Thetemporalchangeinsubsidencerate (accelerating or decelerat-
ing) wasthen determined by comparing the values of S, ,and 5,. When
Bo<0andp,>p,;, the subsidence was considered as decelerating. When
B, < 0 and B, < B, the subsidence was considered as accelerating
(Supplementary Fig.11). A Davies test was used to evaluate the signifi-
cance of the change”’. Given K fixed ordered values of breakpoints
¢, <, <...<y and relevant K values of their Wald statistics
S, S (@) ... S (), the Pvalue can be measured as™:

P =20(-M) + 2V, exp (—%) (8m)~12 (1)

where M = max (S (¢,).S@,) ... S(¢y)) indicates the maximum of the
statistics, ® indicates the standard normal distribution function and
Vo = 2, 1S (@) — S (Y1)l is the total variation of the statistics. We also
demand that thelinear trends before and after the critical time stamp
should also be evident, and only significant acceleration or decelera-
tionataPlevel of 0.05were presented in Fig. 3. Two aspects of accelera-
tionand deceleration of land subsidence were finally quantified at the
regionalscale: (1) the area proportion (%) of land exhibiting accelerat-
ing or decelerating subsidence. For each region, the area proportion
ofaccelerating/decelerating subsidence was calculated as the ratio of
allaccelerating/decelerating subsiding pixelsin this region to the total
pixelsinthisregion. (2) The magnitude of acceleration or deceleration,
calculated as the median of pixel-level magnitudes, with pixel-level
magnitude defined as the absolute difference in linear coefficients
(thatis, velocity,inmm per year) before and after the critical time stamp
a.Toprovide anintegrated measure of the temporal evolution in sub-
sidence, we further derived a WS for each region by multiplying the
regional area proportion by the corresponding magnitude. WS was
calculated separately for acceleration and for deceleration. Theoreti-
cally, itranges from O upward and increases with the strength of subsid-
ence acceleration or deceleration. In our case, the calculations yield
maximum median magnitude values of 10.7 mm yr™ for acceleration
and 12.6 mm yr* for deceleration. The uncertainty range for regional
magnitude was derived from pixel-level magnitudes using the 25th and
75th percentiles and propagated in the calculation of regional WS. The
calculations related with piecewise regression were performed using
Matlab R2024b”°, and the significance level test was performed using
the Python package ‘piecewise-regression’°,

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Sentinel-1 SAR images used by this study are publicly available at
https://search.asf.alaska.edu/. GNSS and VLM data were sourced from
the Nevada Geodetic Laboratory website (http://geodesy.unr.edu/
NGLStationPages/gpsnetmap/GPSNetMap.html). The land subsid-
ence velocities, InSAR coherence, the standard deviation of veloci-
ties and geographic locations of reference points for all 465 cities in
this study can be visualized via ‘GUS’ (Global Urban Subsidence) at

https://ee-pkurelab.projects.earthengine.app/view/gus. The subsid-
encemapforallcities (RLLSandthosealignedtoaglobal VLM product) can
be downloaded at https://doi.org/10.24433/C0.7021098.v2 (ref. 81).

Code availability

AllPython/Matlab codes used to produce the figures and to calculate
theland subsidence from SAR images are publicly available at https://
doi.org/10.24433/C0.7021098.v3 (ref. 81) and https://github.com/
LandSinking/GlobalUrbanSubsidence.
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