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Land subsidence on Java Island and its contributions to

relative sea level change
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Rising sea levels and land subsidence combine to determine relative sea level (RSL) rise, which is intensifying
coastal hazards. However, many densely populated regions lack the observational infrastructure to identify and
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quantify land subsidence contribution to RSL, hindering effective planning of responses. Here, we used satellite
radar observations to generate a high-resolution assessment of land subsidence across Java Island, Indonesia,
and evaluate its contribution to 21st-century RSL change. We identify widespread and temporally evolving sub-
sidence with rates ranging from 1 to 15 cm/year in multiple coastal cities. Using machine learning spatiotemporal
clustering and ancillary datasets, we attribute the dominant subsidence mechanisms to resource extraction across
various geographic and geological settings. We further construct virtual tide gauges at 5-km intervals along the
northern coastline, revealing that contemporary subsidence will dominate RSL budgets over the next 25 years
along >75% of the coast. These findings underscore the urgent need to integrate subsidence into sea level risk

and adaptation assessments in vulnerable coastal regions.

INTRODUCTION

Globally, low-elevation coastal zones face an escalating array of nat-
ural hazards that threaten infrastructure, livelihoods, and ecosystems
(1-3). These areas are subject to a confluence of acute events such as
tropical cyclones, extratropical cyclones and storm surges (4), ex-
treme rainfall (5), and wave inundation events (6); alongside chron-
ic stressors such as shoreline erosion (7, 8), saltwater intrusion (9),
and recurrent tidal flooding (5, 6) that progressively degrade coastal
environments and communities through instantaneous, persistent,
and incremental impacts (3, 6, 10). Together, these processes gener-
ate compound, spatially variable, and temporally evolving risks that
demand both short-term emergency responses and long-term adap-
tation strategies that balance immediate protection and risk reduc-
tion with long-term sustainable development goals (11).

Central to these evolving risks is the interaction between the ris-
ing sea surface and vertical land motion (VLM) (12). Their com-
bined effect determines relative sea level (RSL) change (13), a key
determinant of flood exposure, drainage capacity, and shoreline sta-
bility (3, 10, 14). While sea level rise driven primarily by climatic
effects of thermal expansion, ocean mass changes associated with

"Department of Earth Systems Science, University of California, Irvine, CA, USA.
2Department of Geosciences, Virginia Tech, Blacksburg, VA, USA. 3Institute of Water,
Environment and Health, United Nations University, Ontario, Canada. “Department
of Earth and Planetary Sciences, Rutgers University, Piscataway, NJ, USA. *Rutgers
Climate and Energy Institute, Rutgers University, New Brunswick, NJ, USA. 6Geospa-
tial Information Agency, Cibinong, Indonesia. "Texas A&M AgriLife Research Center,
Corpus Christi, TX, USA. 8Lamont-Doherty Earth Observatory of Columbia Univer-
sity in the City of New York, New York, NY, USA. °FM—Research Division, Norwoord,
MA, USA. '°1 OAlytics, Leicester, UK. 11Department of Civil and Environmental Engi-
neering, Virginia Tech, Blacksburg, VA, USA. "?Tyndall Centre for Climate Change
Research, University of East Anglia, Norwich, UK. '*School of Engineering, Univer-
sity of Southampton, Southampton, UK. '*Soil Geography and Landscape Group,
Wageningen University and Research, Wageningen, Netherlands. '*Department of
Civil, Environmental and Architectural Engineering, University of Padova, Padova,
Italy. '®Department of Subsurface and Groundwater Systems, Deltares Research
Institute, Utrecht, Netherlands.

*Corresponding author. Email: oohenhen@uci.edu

Ohenhen et al., Sci. Adv. 12, eaec0172 (2026) 8 April 2026

ice mass loss, and glacial isostatic adjustment creates spatially vari-
able oceanic changes worldwide (3, 15), RSL rise reflects localized
conditions experienced at the coast. In many locations, land subsid-
ence (i.e., negative VLM), often anthropogenically driven, can ex-
ceed oceanic processes by an order of magnitude (12, 16, 17). This
distinction is critical, as land subsidence amplifies RSL rates at local
scales, accelerating chronic hazards and exacerbating exposure to
acute events (6, 12, 17, 18-20). While the relative contributions of
oceanic and terrestrial processes vary widely across spatial and tem-
poral scales (15), accurately quantifying this heterogeneity requires an
integrated observational framework that simultaneously accounts
for oceanographic dynamics and land-surface deformation (3, 21).

However, tide gauge networks essential for measuring long-term
RSL trends and capturing the combined effects of ocean processes
and VLM remain sparsely distributed across global coastlines, espe-
cially in low- and middle-income nations where coastal vulnerabil-
ity is often greatest due to rapid urbanization and limited adaptation
capacity (22, 23). For example, only 18 permanent service for mean
sea level (PSMSL) stations from the African continent provide ob-
servational data for understanding current and projected regional
sea levels in the Intergovernmental Panel on Climate Change (IPCC)
Sixth Assessment Report (AR6), while the 130,000 km south-eastern
Asia coastline hosts just 49 stations (24). Similarly, the limited avail-
ability of Global Navigation Satellite System (GNSS) stations further
constrains our ability to resolve the highly heterogeneous subsidence
patterns that dominate RSL variability. These observational infra-
structure gaps leave vast stretches of vulnerable coastline without
sufficient long-term observational data to assess current and future
local RSL dynamics. Furthermore, because VLM rates can vary sub-
stantially over short distances, even dense in situ observation net-
works are insufficient on their own to accurately quantify RSL.

Java island, Indonesia—home to ~2% of the global population
(150 million inhabitants)—represents a critical hot spot where these
challenges converge, creating an archetype of compound coastal
vulnerability driven by both climate and anthropogenic factors (25)
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(Fig. 1). The Java Sea exhibits absolute sea level rise rates of 5 to
6 mm/year since 2000 (Fig. 1), while urban subsidence in cities such
as Jakarta reaches up to 15 cm/year (26, 27). The resulting RSL rise
rates far surpass global projections, transforming long-term risks into
an immediate threat for millions of people. However, this predomi-
nant narrative of “Jakarta is sinking” (26, 28) has obscured the broader,
island-wide impacts. Existing studies have documented land sub-
sidence in major urban centers across the island (26, 27, 29-31),
particularly along the northern low-lying coastline—a densely pop-
ulated corridor that is the country’s economic and population hub
extending ~1500 km. With projected sea levels along this coastline
potentially reaching 1 m by the end of the century (Fig. 1, B to D),
the vulnerability of this region could be substantially magnified by
subsidence. While previous studies documented land deformation
patterns across Java (27, 31), these studies have relied on single satel-
lite orbit geometries, limiting comprehensive attribution of spatio-
temporal deformation trends. This knowledge gap is further enhanced
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by Indonesia’s lack of representation in the PSMSL stations used for
IPCC ARG sea level projections (although local monitoring stations
may exist but are not publicly accessible).

In this study, we address these knowledge gaps by developing a
comprehensive island-wide assessment of land subsidence patterns
across Java Island and evaluating its contribution to RSL rise along
the northern coastline. We quantify both the spatial extent and tem-
poral evolution of subsidence hot spots using satellite geodetic mea-
surements, classify the dominant anthropogenic drivers, and construct
historical and projected 21st century RSL trends at 5 km resolution
along the northern coast. In addition, we introduce a process-based
approach to interpreting drivers of land motion, shifting from static
rate maps to a dynamic understanding of hazard evolution. Our
findings provide critical insights for risk assessment, adaptation
planning, and sustainable long-term urban development across the
region, supporting more targeted and effective responses in the face
of intensifying coastal risks.
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Fig. 1. Study area and datasets. (A) Population density (population/km?) and synthetic aperture radar (SAR) frame boundaries across Java Island. The SAR data include
10 ascending (solid gray rectangles) and 11 descending (dashed gray rectangles) frames. Observed (2001-2024) and projected (2020-2050) absolute sea level (ASL)
change for (B) Jakarta, West Java; (C) Semarang, Central Java; and (D) Surabaya, East Java. The locations of (B), (C), and (D) are shown in (A). The population density data is
based on the 2021 WorldPop Global High Resolution Population dataset (WPGP) available at www.worldpop.org/. The observed ASL trends (2001-2024) are from satellite
altimetry dataset obtained from Copernicus Marine Environment Monitoring Service (79), while the projected ASL trends (2020-2050) are obtained from (24). The under-
lying basemap in (A) is provided by Esri, TomTom, Garmin, Food and Agriculture Organization (FAO), National Oceanic and Atmospheric Administration (NOAA), and

U.S. Geological Survey (USGS).
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RESULTS

Spatio-temporal variability of land subsidence on
Javalsland

To estimate the spatial and temporal trends of land subsidence across
Java, we used a multitemporal interferometric synthetic aperture ra-
dar (InSAR) approach to ~4000 SAR images from 10 ascending and
11 descending frames acquired by the Sentinel-1 C-band satellite
from 2017 to 2023 (Fig. 2 and table S1). We combined these SAR
datasets with VLM rates inferred from GNSS observations at 28
sites to generate 75-m spatial resolution two-dimensional (2D) dis-
placement fields of horizontal (east-west) (fig. S1) and VLM (Fig. 2A)
across the island (see Materials and Methods).

The horizontal land motion in a local reference frame exhibits
negligible average velocity (<0.1 cm/year) across the island, reflect-
ing overall stability (fig. S1). However, localized zones of enhanced
east-west horizontal motion with peak velocities of up to 1 cm/
year are observed in urban centers such as Jakarta, Bekasi Regency,
Bandung, and Semarang (fig. S1, B to D). These zones of elevated
horizontal displacement correlate with urban centers and areas ex-
periencing high subsidence rates (>5 cm/year) (Fig. 2A) and coin-
cide spatially with previously documented cases of structural damage
to buildings, roads, and other infrastructure (29, 32). Regions of
high spatially variable horizontal displacement and subsidence rates
are associated with localized crustal strain, which can induce hog-
ging and sagging effects in structure-bending deformations that lead
to cracking, tilting, and structural failure (33).

The VLM data across Java indicate widespread subsidence at
an average rate of —0.5 cm/year and an SD of 1 cm/year, indicating
notable spatial variability across the island (Fig. 2A). We identify

hotspots of high subsidence rates (>1 cm/year) in coastal and inland
urban centers, including Jakarta, Bekasi, Bandung, Tegal, Semarang,
Cilacap, Surabaya, Sidoarjo, and Jember. Other rapidly subsiding
nonurban regions include Pekalongan, northern Subang, Brebes,
Madiun, Demak, areas adjacent to the Lusi mud volcano, and large
agricultural fields along the Bengawan Solo River in Pasi village,
Lamongan Regency. The detailed analysis of VLM distributions for
12 major districts reveals that more than 20% of the urban area in
the majority of these cities (9 of 12) is subsiding faster than 1 cm/
year, and in Bandung, Pekalongan, and Demak, more than 30% of
the city area is experiencing subsidence rates greater than 5 cm per
year (fig. S2). In the majority of these 12 cities, mostly located along
the northern coastline, we observe median subsidence rates of more
than 0.5 cm/year and peak subsidence rates exceeding 10 cm/
year (table S2). The analysis of the spatially varying VLM along
the northern coastline shows that more than 25% of the 1500 km
stretch of the coastline (defined as a 10-km buffer extending inland
from the shoreline) is experiencing subsidence at rates greater than
1 cm/year, with the most severe sinking concentrated in low-lying
elevation and highly populated regions (Fig. 2B). The hot spots of
subsidence exposure (high subsidence rate, high population, and
low elevation) along the coastline (within ~1-km inland) include
Jakarta (maximum subsidence: 3.6 cm/year; population: 100,000
people; average elevation: 0.1 m), Cirebon (maximum subsid-
ence: 3.8 cm/year; population: 12,000 people; average elevation: 0 m),
Pekalongan (maximum subsidence: 10 cm/year; population: 5000
people; average elevation: —0.1 m), and Semarang (maximum sub-
sidence: 8 cm/year; population: 10,000 people; average elevation:
—0.1 m).
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Fig. 2. Spatial patterns and temporal evolution of land subsidence across Java Island. (A) VLM rates (2017-2023) for Java Island in the IGS14 geodetic reference
frame. Negative VLM values indicate subsidence. (B) Along-coast transect of VLM sampled at 5-km intervals along the northern coastline, color-coded with acceleration,
and overlaid on coastal population within 10 km (gray bars). Topography elevation is plotted in the lower panel. Positive acceleration values indicate accelerating subsid-
ence rates, while negative values indicate deceleration. (C) Histogram of subsidence acceleration across Java Island, derived from Sentinel-1 observations (2017-2023).
The spatial map of the acceleration is shown in fig. S3A. (D) Distribution of differences between Sentinel-1 (2017-2023) and ALOS-1 (2007-2011) VLM rates highlighting
percentages of intensifying, stable, or slowing subsidence. The spatial map of the difference is shown in fig. S3B. The underlying basemap in (A) is provided by Esri, Tom-

Tom, Garmin, FAO, NOAA, and USGS.
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Furthermore, we characterize the temporal evolution of VLM at
each InSAR pixel as accelerating, decelerating, or monotonic (linear).
For this, we applied a time-dependent quadratic regression model to
the Sentinel-1 VLM time series to quantify recent nonlinear trends
(see Materials and Methods; figs. S3A and S4). We then tested for
the existence of a significant nonlinear pattern in the VLM data
using a ¢ test (P < 0.05), ensuring that acceleration or deceleration
trends were statistically significant (see Materials and Methods). To
examine long-term changes in subsidence rates, we compared his-
torical VLM rates from ALOS-1 L-band satellite data (2007-2010)
(27) with the Sentinel-1 estimates, classifying locations where land
subsidence has intensified, remained stable, or slowed relative to
past trends (see Materials and Methods; fig. S3B). Our analysis re-
veals that 17% of currently subsiding areas exhibit statistically sig-
nificant acceleration in VLM over the short timescales (2017-2023),
while 45% show a deceleration in the subsidence rate (Fig. 2C). Along
the coastline, the accelerating subsidence trend is concentrated in
some high-population regions such as Cirebon (mean acceleration:
0.2 to 1.0 mm/year?), Tegal (0.2 to 0.4 mm/year”), and central Sema-
rang (0.5 to 2.0 mm/year?), whereas we observe linear or decelerat-
ing trends in Jakarta, Demak, Surabaya, and Sidoarjo (Fig. 2B). The
analysis of the long-term trends reveals that ~13% of previously
identified subsiding zones have transitioned from moderate subsid-
ing conditions (<0.5 cm/year) in the late 2000s to rapid subsidence
over the past decade (Fig. 2D). These intensifying trends are observed
mostly in urban areas such as Bekasi, Tegal, Pekalongan, Semarang,
Bandung, and Madiun; other rural areas including Pamanukan; and
agricultural areas in Demak and Pasi, with mean subsidence rate
increasing by 1 to 7 cm/year (fig. S3B). In contrast, slowed subsid-
ence or reversed trends are observed in 22% of the land area, notably
in areas of central Jakarta, Cirebon, Cilacap, Surabaya, and several
rural districts, which may reflect the effects of localized subsidence
control efforts such as reduced groundwater extraction. The remain-
ing 65% of the land area exhibited no notable change in subsidence
rates over the past decade, indicating persistent deformation at rates
comparable to those observed in the late 2000s (Fig. 2D).

The comparison of these long-term trends with annual flood ex-
tent (2012-2023) derived from VIIRS (Visible Infrared Imaging Ra-
diometer Suite) observations indicates that regions experiencing a
transition from stable to subsiding conditions or where subsidence
has intensified such as Madiun, Pekalongan, Demak, and Pasi, also
exhibit concurrent increases in the rate of flood frequency and ex-
tent (fig. S5).

Dynamics and attribution of subsidence hot spots on

Java Island

To investigate the spatial clustering of subsidence patterns (i.e., con-
tiguous areas with consistent deformation characteristics) and their
underlying drivers across Java Island, we implemented a hybrid un-
supervised machine learning framework that integrates temporal
variability in VLM, spatial proximity, and dynamic deformation be-
havior, followed by post hoc interpretation using geospatial and
geologic datasets and previous studies (see Materials and Methods;
fig. S6). This approach leverages the complementary strengths of
temporal pattern analysis and spatial contextualization to delineate
cohesive subsidence zones with physically distinct deformation pat-
terns. To that end, we first applied k-means temporal clustering on
the horizontal and vertical displacement time series after dimen-
sionality reduction using principal components analysis (PCA) to

Ohenhen et al., Sci. Adv. 12, eaec0172 (2026) 8 April 2026

isolate dominant temporal trends between 2017 and 2023. Next, we
refined the spatial coherence of the clusters using density-based spa-
tial clustering of applications with noise (DBSCAN) to aggregate ad-
jacent pixels from shared temporal clusters into contiguous spatial
units based on a 1-km neighborhood radius and a subsidence thresh-
old (>0.5 cm/year). Last, we used multivariate dynamic time warping
(DTW) to compare the mean detrended cluster time series, identi-
tying regions with analogous temporal structure (e.g., delayed onset,
curvature, inflection points, or phase shifts).

The k-means clustering revealed seven dominant temporal pat-
terns, partitioned by DBSCAN into 30 spatially coherent deforma-
tion clusters (Fig. 3A and fig. S7). These clusters capture the primary
deformation hot spots across the Island, each with unique spatio-
temporal deformation characteristics (Fig. 3A and figs. S7 and S8).

Cluster 0, comprising areas with background VLM rates (<—0.5 cm/
year) and minimal spatial coherence (<5 km), was excluded from
further analysis. Broadly, we find that multiple clusters overlap spa-
tially, likely reflecting shared land deformation driving processes
across different areas. In the Western Java region, eight spatial clus-
ters (clusters 5, 6, 7, 8, 9, 12, 13, and 15) co-occur within a 600-km?
zone, extending from Banten-Jakarta to eastern Bekasi Regency
(fig. S7B). Similarly, six clusters (clusters 1, 2, 3, 4, 17, and 21) con-
centrate along Central Java’s northern coastline in Cirebon, Beres,
Tegal, Pekalongan, Semarang, and Demak (fig. S7A). Other multi-
cluster regions include the Sidoarjo-Surabaya metropolitan area and
Jember Regency (clusters 23, 24, and 29) and occupy the narrow
southern coastal region (fig. S7D). Apart from cluster 29, cluster-
level east-west motion shows a median rate of 0 cm per year while
the median VLM rates vary significantly (median ranging from —1
to —7 cm/year; SD: 0.3 to 8 cm/year) (fig. S8).

To classify shared deformation behavior, we grouped the 29 spatial
clusters into six (6) distinct spatiotemporal groups using multivariate
DTW (Fig. 3B and fig. S9). Lower DTW distances reflect greater sim-
ilarity in temporal evolution, while higher distances indicate diver-
gent behaviors. A DTW distance threshold of 200 was selected to
balance inter-group dissimilarity and intragroup cohesion. Below we
discuss the deformation characteristics of the six distinct groups with
inferred drivers interpreted from their temporal signatures, spatial
distribution, regional geological and anthropogenic contexts, and
comparisons with previous site-specific studies (table S3).

Group 1 exhibits sharp, high-amplitude VLM oscillatory patterns
(—1.5 to +2 cm), likely reflecting a complex mixture of spatially het-
erogeneous surface and subsurface processes (fig. S10). These clus-
ters correspond to agricultural, urban, industrial, and peri-urban
regions located on Central Java’s coastal alluvial deposits (Fig. 3 and
fig. S11) (34). The irregular peaks and troughs may suggest asyn-
chronous groundwater use and recharge cycles across the group’s
spatial footprint. While similar geologic deposits occur in other ar-
eas of the Island (fig. S11A), the temporal pattern of group 1 likely
reflects the heterogeneous anthropogenic stressors and diverse ex-
traction regimes (27, 35, 36). Group 2 is characterized by multiyear
VLM oscillations (—2.5 to +1.5 cm), suggesting deformation pat-
terns modulated by both extraction and natural hydrologic variabil-
ity (fig. S10). Clusters in group 2 are found predominantly in deltas
and along river channels, such as Pamanukan and the Brantas Delta
in Sidoarjo, these clusters likely reflect regional climate patterns com-
bined with human extraction responses to those conditions (Fig. 3
and fig. S12) (27). Group 3 features moderate-amplitude oscilla-
tions (—1 to +1.3 cm) with mild seasonal variability and no extreme
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Fig. 3. Spatio-temporal classification and attribution of subsidence hot spots across Java Island. (A) Spatial distribution of subsidence hotspot derived from k-
means clustering of INSAR-derived VLM time series and spatial coherence refinement using DBSCAN. Each color represents a unique cluster (cluster ID). Detailed figure of
each cluster is shown in fig. S9. (B) Conceptual model showing the dominant land use or geologic mechanism associated with each group of clusters, determined using
multivariate DTW of their temporal signatures. Clusters are grouped into six classes: coastal alluvial compaction (clusters 1 to 4, 17, and 21), deltas and river channels
(clusters 5, 11, and 23), industrial areas (clusters 7, 10, 12 to 14, and 24), residential areas (clusters 6, 8,9, 15, 16, and 25 to 27), agricultural areas (clusters 18 to 20, 22, and
28), and the Lusi mud volcano (cluster 29). The underlying basemap in (A) is provided by Esri, TomTom, Garmin, FAO, NOAA, and USGS.

amplitudes, characteristic of residential zones experiencing consis-
tent but modest land motion driven by domestic groundwater us-
age (fig. S13). Although the spatial and temporal characteristics of
group 3 strongly suggest groundwater withdrawal as the dominant
mechanism, contributions from shallow or deep sediment com-
paction cannot be ruled out. These clusters are distributed across
urban residential zones such as central Jakarta, parts of Bandung, and
Jember regency (26, 27, 29). Group 4 displays the least seasonal vari-
ation among all the groups (—1 to +1 cm) but exhibits a monotonic
downward trend, suggesting continuous accelerating subsidence
(fig. S10). These clusters are mostly located in industrial zones or
mixed industrial and residential areas like Jakarta, Bekasi, Bandung,

Ohenhen et al., Sci. Adv. 12, eaec0172 (2026) 8 April 2026

and Surabaya (fig. S12, B and D). The temporal trend of this group
may reflect deformation associated with sustained, intensive deep
aquifer resource (likely groundwater or hydrocarbon) extraction
(Fig. 3 and fig. S13) (27, 37). Group 5 is characterized by large-
amplitude seasonal oscillations (—3 to 4+2 cm), repeating temporal
fluctuations representative of seasonal groundwater depletion and
recharge linked to irrigation practices (fig. S10) (37). Group 5 is pri-
marily observed in the agricultural zones along the Bengawan-Solo
River plains in Pasi and agricultural fields in Madiun (Fig. 3 and
fig. S12C). Last, group 6, corresponding to the Lusi mud volcano in
Sidoarjo (Fig. 3B), exhibits complex, episodic, nonlinear vertical (—1.5
to +1.8 cm), and horizontal (—1.5 to +3.2 cm) motion (amplitude
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ratio = 0.7) possibly indicative of anthropogenic signals super-
imposed on natural (tectonic) deformation events (fig. S10, A and
B) (38).

Collectively, these spatiotemporal groups reveals that land sub-
sidence across Java Island is driven by several key mechanisms: in-
tensive groundwater withdrawal in urban coastal centers including
Jakarta, Bekasi, Semarang, and Surabaya (groups 3 and 4), seasonal
agricultural extraction cycles (Group 5), natural sediment compac-
tion and loading in deltaic environments such as Pamanukan and the
Brantas Delta (groups 1 and 2), and mixed anthropogenic-tectonic
processes (group 6) (Fig. 3B).

RSL along the northern coastline of Java Island

We quantified 21st century historical, present, and future (project-
ed) RSL change along the northern coastline of Java Island by com-
bining InSAR-derived VLM estimates with absolute sea level trends
and probabilistic sea level projections to create time-resolved virtual
tide gauge records at 5-km intervals along the coastline (see Materi-
als and Methods). For historical (2001 to 2013) and present-day
(2014 to 2024) RSL estimates, we integrated gridded satellite altim-
etry data with satellite-derived VLM rates to create spatial dense
fields of observed RSL trends. For future projections (2024 to 2050),
probabilistic projections of RSL were obtained using the Framework
for Assessing Changes to Sea-level (FACTS) (39), presented as me-
dium and low confidence under multiple emission scenarios [Shared
Socioeconomic Pathways (SSPs) 1-1.9, 1-2.6, 2-4.5, 3-7.0, and 5-
8.5). The VLM component incorporated into FACTS is assumed to
be temporally stable (linear projection) over the next two decades,
while we also explored potential sensitivity of the projection to non-
linear VLM.

Our analysis reveals substantial spatial heterogeneity in RSL rates
across the coastline (Fig. 4). During the historical period, observed
RSL rise rates ranged from 0.4 to 8.9 (average: 1.5) cm/year (Fig. 4A).
Current RSL rise rates (measured over the past decade) show a no-
table increase compared to historical measurements, varying between
0.2 and 9.0 (average: 1.7) cm/year, with the highest rates observed in
Jakarta, Cirebon, Tegal, Pekalongan, Semarang, and Demak (Fig. 4B).
These elevated rates above historical measurements reflect increases
in the land subsidence rates (5 to 100%) over the past decade despite
adecrease in sea level trends over the same period (1 to 70%) (fig. S14).
By 2050, under SSP2-4.5 (current emissions trajectory), projected
RSL rates are expected to reach 0.4 to 9.0 (average: 1.8) cm/year. These
rates represent a two- to tenfold increase compared to those attrib-
utable to sea level rise alone (fig. S14).

Figure 5 presents the virtual tide gauge records for multiple areas
in four representative coastal cities (Jakarta, Cirebon, Semarang, and
Surabaya) (see data S1 for all locations). Across these locations, cu-
mulative RSL shows an increase between 0.1 and 0.7 m since 2001
(start of the 21st century). The current short-term trajectories across
70% of the locations align most closely with either SSP1-2.6, repre-
senting a low-emissions pathway, or SSP2-4.5, an intermediate-
emissions scenario. By 2050, RSL is projected to rise by 0.4 to 1.9 m
across all scenarios (17th to 83rd percentile), with the likely range
for SSP2-4.5 being 0.5 to 1.7 m, relative to the year 2001. Under low-
confidence assumptions, SSP5-8.5 projections by 2050 approach
2.0 m in Jakarta, Cirebon, and Semarang. Incorporating temporally
evolving VLM patterns alters projected RSL rates and trajectories un-
der SSP2-4.5, producing differences in the rates exceeding 1 cm/year
and RSL change between 0.3 and 0.7 m by 2050 (figs. S15 and S16).
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To assess the relative contributions of various processes to RSL
change along the coastline, we quantified the fractional contribu-
tions of climate-related (sterodynamic, glaciers, and ice sheet mass)
and nonclimatic (VLM and land water storage) driven components.
Now, VLM dominates the RSL budget, accounting for 25 to 91% of
total RSL change under the high-emissions scenario (SSP5-8.5) (me-
dium confidence) across 77% of the coastline (Fig. 6A). Over short
timescales (projections by 2050), VLM remains the primary driver
in more than 75% of coastal segments, contributing 27 to 85% of
total RSL variability, particularly in densely populated urban centers
(Fig. 6, B and C). Sterodynamic effects—primarily thermal expan-
sion and regional ocean circulation shifts—and glacier loss constitute
the second-largest driver but contribute less than 25% to the total
RSL budget across the coastline. Ice sheet mass loss contributes min-
imally (<20% combined), while changes in terrestrial water storage
(e.g., groundwater and reservoir fluxes) play a negligible role (<1%)
in RSL variance across all time horizons and segments.

DISCUSSION

Java Island’s coastal plains are experiencing RSL rise at rates that
exceed regional and global averages, driven by the compounding
interplay of climate-driven oceanic processes and natural or anthro-
pogenically accelerated land subsidence. The Java Sea shows current
(2001 to 2024) rates of 5 to 7 mm/year, which is 25 to 75% higher
than the global mean (Fig. 1). However, our analysis reveals that
land subsidence rates of 1 to 15 cm/year dominates present and pre-
sumably future RSL budgets along much of the densely populated
northern coastline, outpacing present and predicted climate-driven
sea level rise rates even under the highest-emission scenarios. These
findings align with global observations that local land subsidence
currently acts as the primary driver of increasing coastal vulnerabil-
ity in some low-elevation regions, with South, East, and Southeast
Asia being major hot spots (12, 17). This hazard is amplifying the
threat to Java Island’s coastal and inland areas far beyond Jakarta’s
well-documented coastal challenges, compromising critical infra-
structure, intensifying present-day chronic flooding, exacerbating
21st century flood exposure, and enhancing socioeconomic and en-
vironmental risks across the region.

For Java’s coastal and inland urban areas, land subsidence also
emerges independently as a severe hazard to infrastructure, driving
systemic risks that extend beyond RSL. As the ground progressively
sinks, critical infrastructure networks such as water supply lines,
transportation routes, energy grids, and building foundations are
strained to the point of failure (33, 40). While vertical displacement
directly undermines structural stability, lateral ground motion (or
horizontal motion)-often underappreciated in infrastructure risk
assessments—may induce differential shearing, tilting, and stress ac-
cumulation in buildings and linear infrastructure (33). We observed
these dual modes of ground deformation in Jakarta, Bandung, and
Semarang (Fig. 2A and fig. S1), where damage manifests as warped
roads and rail lines, ruptured pipelines, and multilevel structural
failure (29, 32, 41). Land subsidence also subverts flood manage-
ment systems, compromising the physical integrity of protective in-
frastructure such as levees, seawalls, and drainage networks, making
flood management policies and approaches misaligned with present-
day reality (20, 42). Coastal regions that stood above high tide just a
few decades ago are now routinely inundated during normal high
tides, even in the absence of rainfall, while inland cities face their
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Fig. 4. 21st century RSL rise rates along the northern coastline of Java Island. Observations of RSL rise rates during (A) the historical (2001-2013) and (B) current
(2014-2024) periods. (C) Projected RSL rise rates under shared socioeconomic pathways 2-4.5 (SSP2-4.5) scenario for the year 2050. Each circle represents a virtual tide
gauge constructed at 5-km coastal segments interval. Elevation labels for major coastal cities in (B) and (C) (Jakarta: 0.2 m; Pamanukan: 0.3 m; Cirebon and Tegal: 0.3 m;
Pekalongan: —0.5 m, Semarang and Demak: —0.3 m; and Surabaya: 0.4 m) indicate average elevation relative to mean sea level in meters. The underlying basemap in (A)

to (C) is provided by Esri, TomTom, Garmin, FAO, NOAA, and USGS.

own variants of flood risk exacerbation as subsidence alters drainage
gradients and amplifies runoff exposure (fig. S5) (43). In Semarang,
for example, banjir rob (tidal flooding) has evolved from a sporadic
nuisance into a chronic crisis, inundating roads and submerging
homes (44). Similarly, in Bandung, subsidence along the Citarum
River has reduced channel gradients, slowing drainage and trapping
floodwaters in industrial and residential zones already burdened by
aging infrastructure (29). These examples highlight a widespread
challenge around the world, where land subsidence reinforces mul-
tiple dimensions of vulnerability, emphasizing the need for integrat-
ed and sustainable subsidence management, and forward-looking
urban planning and adaptive flood control strategies in coastal

Ohenhen et al., Sci. Adv. 12, eaec0172 (2026) 8 April 2026

regions that consider all the climate and nonclimate drivers of risk
(11, 42, 45, 46).

In cases where subsidence is anthropogenically driven, local and
city-specific groundwater policies, governance capacity, and infra-
structure systems can offer effective solutions that reshape subsidence
trajectories (16, 45). On Java Island, the observed geographic distri-
bution of VLM reveals both encouraging transitions and concerning
new patterns. In parts of Jakarta, our analysis shows a current decelerat-
ing trend and a shift from rapid subsidence during 2007-2010 to near
stability or even uplift in 2017-2023 in 50% of the land areas (Fig. 2
and fig. S3A). This transition coincides with the phased implementa-
tion of groundwater extraction bans in high-risk zones, industrial
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Fig. 5. RSL change on Java’s northern coastline. 21st century measurements (gray points) and projections until 2050 (blue to red colors and shaded areas) of RSL change
for (A and B) Jakarta, (C and D) Cirebon, (E and F) Semarang, and (G and H) Surabaya. Projected RSL for five Shared Socioeconomic Pathways (SSPs): SSP1-1.9, SSP1-2.6,
SSP2-4.5,5SP3-7.0, and SSP5-8.5 (medium confidence), and SSP5-8.5 (low confidence). Shaded bands represent the likely range (17th and 83rd quantile interval), and bold
lines indicate the median (50th quantile) projection. Panels on the top (A, C, E, and G) represent sites with higher subsidence rates, while those on the bottom (B, D, F, and
H) reflect lower-subsiding or less affected nearby sites. The time series of the observed monthly trends are shown in fig. S20. The locations of all sites are shown on Fig. 4A.

relocation incentives, and expansion of piped water infrastructure
to reduce aquifer dependence (fig. S13A) (47). This demonstrates
that regulatory and economic measures can halt or even reverse
human-induced subsidence trajectories as shown in other Asian
locations (48). In addition to this policy-driven recovery, we also
observe a natural uplift of the land (~2 mm/year) in the Ciliwung
River delta region east of Jakarta (Fig. 2A), likely reflecting sediment
deposition or possibly elastic unloading processes, highlighting
the diverse VLM mechanisms operating across the region. Yet, these
localized gains contrast with the emergence of new subsidence hot
spots elsewhere on the island. As regulations tightened in core ur-
ban centers, groundwater extraction and water-intensive indus-
tries (e.g., agricultural areas) appear to have migrated to peri-urban
and rural regions as observed previously around Bangkok, Thailand
(49). Our analysis reveals accelerating or emerging subsidence trends
in previously stable districts of Madiun, Jember, and Pasi, which
previously showed minimal deformation (Fig. 2 and fig. S3, A and
B). This pattern suggests a concerning “balloon effect” and a critical
gap in subsidence policy and management, where subsidence is
not being eliminated but merely displaced geographically, trans-
forming once-stable areas into zones with high rates of RSL rise,
infrastructural stress, and increased socioeconomic and environ-
mental degradation.

The compounding effects of land subsidence and sea level rise
create a dual hazard for many coastal communities, which poses
challenges for observational monitoring and predictive modeling of
coastal risk, particularly as the subsidence component is underap-
preciated. A major limitation lies in the sparse and uneven global
distribution of observational networks (tide gauges and GNSS), re-
stricting both the spatial resolution and coverage of RSL observa-
tions (21, 22). Even where measurement stations exist, they typically
offer only point measurements, providing limited spatial coverage of
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complex coastal systems and failing to capture the heterogeneous
nature of both land and oceanographic processes (20). This limita-
tion is particularly consequential in urban centers, where human
activities drive variable land motion in space and time, producing
different relative sea level conditions along short coastal transects.
Our analysis, along with other recent studies (50, 51), demonstrates
that satellite observations can overcome these limitations, providing
a framework for creating virtual tide gauges at high spatial resolu-
tion across most coastal zones, thereby enhancing the detection of
RSL hot spots that are likely to remain undetected by conventional
monitoring networks.

Beyond recent uncertainty quantification of nonlinearity in VLM
trends (51, 52), we show that VLM exhibits complex temporal be-
haviors (linear, accelerating, and decelerating phases) that are not
captured by standard linear projections. This variability has direct
implications for sea level projections, as extrapolations based on his-
torical linear trends can under- or overestimate future RSL change.
Our sensitivity analysis reveals that, in some locations, linear versus
nonlinear projections diverge by over 40 cm by 2050, underscoring
the importance of considering temporal dynamics in risk assessment
and adaptation planning (figs. S15 and S16). Developing scenario-
based, driver-specific subsidence projections—methodologically
aligned with existing multiscenario sea level frameworks—represents
an important direction for future research (17, 45), which would
equip decision-makers with a more realistic range of land-surface
change futures for planning effective adaptive responses.

The widespread confluence of accelerating land subsidence and
sea level rise is reshaping coastal risks, demanding a paradigm shift
in risk assessment and adaptation strategies. The systemic arche-
types revealed in our analysis demonstrate that growth engines like
resource extraction must be constrained to prevent cascading haz-
ards across water, land, and infrastructure systems. Thus, maintaining
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Fig. 6. Component contributions to projected RSL change along Java’s northern coastline. Stacked area plots of the fractional contributions of VLM, land water stor-
age (LWS), Antarctic ice sheet (AlS), Greenland ice sheet (GIS), glaciers, and sterodynamic processes to total projected RSL change at each 5-km coastal segment for years
(A) 2024 and (B) 2050 under the SSP5-8.5 scenario (medium confidence). The horizontal dashed line indicates the 0.5 threshold, below which VLM contributes more than
half of the total RSL budget. (C) Longitudinal distribution of VLM rates, overlaid with coastal population (gray bars).

and enhancing resilience in subsidence-prone coastal regions re-
quires reallocating limited adaptation resources to prioritize subsid-
ence mitigation measures along with broader coastal adaptation
strategies (11, 53, 54). Without this integration, coastal communi-
ties risk perpetuating cycles of maladaptation, where short-term
infrastructural fixes inadvertently accelerate long-term vulnerabili-
ties by creating false impressions of security while baseline hazards
continue to intensify.

MATERIALS AND METHODS

Land surface deformation on Java Island

SAR interferometric analysis

We used SAR datasets from the Sentinel-1 C-band satellite to gener-
ate surface land deformation dataset for Java Island, Indonesia. The
SAR datasets include 4000 images acquired in ascending and de-
scending orbit geometries spanning 2017 to 2023. The datasets con-
tain 10 and 11 frames for the ascending and descending satellite
orbits, respectively (Fig. 1 and table S1). For each SAR frame, we
used a multitemporal SAR interferometric approach to create the
surface deformation time series in the satellite’s line-of-sight (LOS)

Ohenhen et al., Sci. Adv. 12, eaec0172 (2026) 8 April 2026

using Wavelet-Based InSAR (WabInSAR) algorithm (55, 56). We
applied a multi-looking factor of 32 in range and 6 in azimuth direc-
tions, resulting in a pixel resolution of ~75 m. We first performed
coregistration of the SAR images using precise ephemeris orbit data
and Shuttle Radar Topography Mission digital elevation model and
apply an enhanced spectral diversity (ESD) algorithm to minimize
the interferometric phase error (57). Next, we generated more than
11,000 interferograms from the coregistered SAR images using the
GAMMA software (58), using a pair selection algorithm optimized
via dyadic temporal downsampling and Delaunay triangulation (59).
The interferometric pairs were constrained to a maximum threshold
of 150 m for perpendicular and 300 days for temporal baselines,
respectively, to minimize decorrelation errors. Next, we retained
so-called elite pixels with average coherence greater than 0.7 for
distributed scatterers and amplitude dispersion less than 0.35 for
permanent scatterers using a statistical framework (59). We then
unwrapped the interferogram phases of the elite pixels using a 2D
minimum cost flow algorithm (60) optimized for sparse coherent
pixels (61). We corrected all unwrapped interferograms for the ef-
fect of orbital error (62) and reduced the effects of spatially uncor-
related topography error and the topography-correlated component
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of atmospheric delay (55, 63). To estimate the LOS time series and
rates of each pixel, we use a reweighted least squares optimization
(55, 56) using stable GPS-affiliated or stable zero-velocity pixels as
local reference point. The final LOS for each SAR frame is mosaiced to
generate two large-scale maps of LOS displacements for the ascending
and descending datasets, following the approach detailed in (64).

2D land motion decomposition

Given the satellite’s near-polar orbit geometry, which provides min-
imal sensitivity to north-south motion, we decompose the LOS time
series into two components of land motion: horizontal (east-west)
and vertical (VLM), by jointly inverting the ascending and descend-
ing datasets (40). Consequently, we first resampled the LOS dis-
placement data from the descending track onto the location of pixels
within the ascending dataset by identifying colocated pixels within a
10-m spatial radius. Let {y,, y,}and {c%,07 } be the LOS dis-
placement and associated variances for a given pixel, respectively,
where the subscripts A and D denote ascending and descending track
geometries. The model for the horizontal (de) and vertical (dv) com-
ponents of displacement is expressed in Eq. 1 and solved using
a weighted least squares adjustment, given in Eq. 2

AuERR

= 1

[yD Cle) Clv) dv ( )
X =[G"PG|™ G"PL )

C is the unit vector for projecting the 2D displacements {d,, d,}
onto the LOS (65), X is a matrix of unknowns {d,, d,}, L are the ob-
servations { y,, yp}, Gis a design matrix, and P is a weight matrix,
the elements of which are inversely proportional to the observant
variances (6?).

After obtaining the 2D displacement for each pixel, we performed
an affine transformation to translate the vertical velocities to the
1GS14 global reference frame (64, 66). We used the vertical veloci-
ties of 10 GNSS stations (35% of the available GNSS data) provided
by the Nevada Geodetic Laboratory (67) and previous studies (30).
The final VLM and east-west rates are shown in Fig. 2 and fig. SI,
respectively. Note that the east-west velocity is provided in the local
reference frame.

Error analysis, temporal variability, and validation of VLM
measurements
We evaluated the precision of the displacement velocities using the
associated parameter uncertainties (i.e., SD), quantified the tempo-
ral variability in VLM trends, and validated the VLM rate estimates
by comparison against GNSS vertical observation. We use the con-
cept of error propagation (68) to obtain the variance-covariance ma-
trix (QXX) using Eq. 3

Qu = [6"PG]™ 3)

The SDs (formal uncertainties) for VLM and east-west velocities
are shown in fig. S17. In addition to the formal uncertainties, we
quantify temporal variability in the d, by estimating the posterior
uncertainty associated with d, at each observation epoch. For each
time step t;, the SD characterizes the uncertainty in the estimated d,,,
capturing deviations from a linear trend. The temporal variability
for each pixel is defined using Eq. 4
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1
Otemporal — ; Z;l C4, (ti) (4)

where 7 is the total number of time steps. This metric offers a quan-
tification of time-dependent deformation behavior, distinguishing
temporally variable motion from steady or linear displacement pat-
terns (fig. S18).

To validate the VLM rates, we compared the VLM rates in IGS14
reference frame with VLM observations from 26 available GNSS
stations (including GNSS observations used for aligning the refer-
ence frame). The comparison shows a correlation of 0.83 to 0.96 and
amean and SD of 0.1 and 0.4 cm/year, respectively, for the difference
between the two datasets (fig. S19).

Analysis of multi-epoch VLM trends

To evaluate the temporal evolution of VLM, we implemented a dual-
epoch trend analysis that separately characterizes (i) recent short-term
accelerations or decelerations in VLM and (ii) long-term changes in
VLM trends over decadal timescales.

For the short-term (2017-2023) analysis, we modeled the time-
dependent displacement at each InSAR pixel using the quadratic
polynomial in Eq. 5 to identify accelerating, decelerating, or mono-
tonic (linear) deformation patterns

d, ()= %atz + vt +e(t) (5)

where d, (¢) is the cumulative vertical displacement, a is the accelera-
tion in cm per year?, v is the velocity in cm per year, and &(t) repre-
sents the observation error. To ensure the robustness of our analysis,
we tested for the existence of a statistically significant (P < 0.05)
nonlinear pattern in each time series using a ¢ test. If a statistically
significant relationship exists, then we classify the pixels by the sign
of a into accelerating (positive) or decelerating (negative) subsidence
trends and assign “linear” if the test fails to reject the null hypothesis.
For the long-term (multi-epoch) analysis, we compared contem-
porary VLM rates derived from Sentinel-1 observations (2017-2023)
with historical rates derived from ALOS-1 L-band data spanning
2007-2010. The ALOS-1 dataset was obtained from Chaussard et al.
(27), which applied InSAR observations to map VLM trends across
Java and parts of Sumatra Islands, Indonesia. After resampling the
ALOS-1 measurements to the Sentinel-1 pixels, we computed the
velocity difference for each pixel using Eq. 6
Av=vg—v, (6)
where, v is the VLM rate derived from Sentinel-1 observations and
v, is the corresponding rate from the ALOS-1 dataset. Based on the
magnitude and sign of A v, we adopted the scheme in Eq. 7 to clas-
sify the subsidence trends as intensifying/emergent (IE), stable (ST),
or slowing (SL)

IEif Av < —0.5 cm per year

Av =4 STif|Av| £0.5 cm per year

@)
SLifAv>0.5 cm per year

We selected these thresholds to account for systematic variations

in processing methodologies between the two datasets, differences

in the orbit geometries, and to accommodate the measurement un-
certainties inherent in the ALOS-1 observations. This comparison
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enabled identification of areas where land subsidence has worsened,
stabilized, or improved over the past decade (figs. S3 and S4)—re-
flecting both policy-driven interventions (e.g., groundwater regula-
tions) and emergent stressors from expanding urban and resource

demand (fig. S13).

Classification and attribution of deformation hotspots on
Javalsland

To identify and characterize dominant patterns of land deformation
across Java Island, we developed a hybrid unsupervised machine
learning framework that integrates temporal dynamics of deforma-
tion, spatial contiguity of subsiding regions, and multivariate time
series comparison of the deformation trends. The objective of this
classification was to delineate spatio-temporal coherent subsidence
hot spots and to attribute these deformation behaviors to plausible
underlying anthropogenic and geophysical/natural drivers. Infor-
mation mining methods using machine learning have proven valuable
for extracting contextual insights from InSAR-derived deformation
data, including detection of deformation signals (69), spatial, context-
driven interpolation (70), and decomposition of complex signals
into physically meaningful modes (71-73). We implemented a four-
step methodology (fig. S6): (i) PCA for reducing dimensionality in
the displacement time series, (ii) k-means temporal clustering refined
with DBSCAN to identify spatially contiguous deformation zones,
(iii) multivariate DTW to quantify temporal similarities among clus-
ters, and (iv) the resulting deformation trends are interpreted using
ancillary datasets including geospatial and geologic information and
domain-specific contextual interpretation from previous studies to
identify underlying physical drivers and their attribution.

First, we applied PCA to the VLM and east-west displacement
time series derived from the Sentinel-1 datasets to extract their dom-
inant temporal features. PCA transformed the original time series
into an orthogonal feature space dominated by the principal modes
of variability (74). For each pixel, the first two principal components
explaining >90% of the cumulative variance were retained, preserv-
ing both long-term and short-term variability while providing a
compact representation of deformation signals for subsequent clus-
tering. Next, we applied k-means clustering to the PCA-reduced
data to group pixels with similar temporal deformation profiles. The
k-means algorithm partitions the dataset into disjoint K clusters by
minimizing intracluster variance

=3 I RO

where x; is the 2D PCA-transformed feature vector for pixel i and p;,
is the centroid of cluster C;. We determined seven optimal K based
on the elbow method, yielding clusters with consistent intra-group
temporal behaviors. While this step generated clusters reflecting
temporal similarity, spatial contiguity was not enforced, leading to
fragmented groupings. To ensure spatial continuity and remove
noisy outliers, we refined temporal clusters using DBSCAN (75).
The DBSCAN algorithm aggregates spatially connected pixels with
similar deformation patterns into contiguous regions by connecting
clusters to density-reachable neighbors. We used a spatial search ra-
dius of 5 km and a minimum subsidence threshold of 0.5 cm/year,
yielding 30 spatially coherent clusters, each representing distinct
temporal and spatial footprint (Fig. 3 and figs. S7 and S8).

(8)
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To compare temporal deformation trends across the 30 clusters,
each cluster was represented by its mean time series. The VLM
component was detrended to accentuate short-term variability and
structural features such as curvature, inflection points, and seasonal
variations associated with anthropogenic processes (e.g., seasonal
groundwater extraction), while the east-west displacement retained
its original trend to preserve geophysically meaningful horizontal
signals (e.g., tectonic signals). Each cluster was then represented as
a multivariate time series vector in Eq. 9

) T
X = [v], e{] 9)
t=1

t

where v, and €] represents average VLM and horizontal displace-
ment at time ¢ for cluster j, respectively.

We then quantified the intercluster similarity in deformation be-
havior between pairs of clusters using DTW (76). Unlike univariate
DTW, multivariate DTW considers both deformation channels si-
multaneously, aligning sequences to minimize cumulative Euclidean
distance across both vertical and horizontal dimensions. Given two

T
[Vil,z), e§1,2)] } ,

t=1
the DTW distance between them is defined by Eq. 10

clusters 1 and 2, represented by time series X =

X -x®|
2

DTW(1,2) = rr%[in Z(z’,j)en i J

(10)
where © represents the optimal warping path aligns points in time
between the two sequences (1) and (2), || - ||, is the Euclidean norm
over the 2D deformation vector, and i and j are the time indices
from the two sequences being compared. The resulting pairwise
DTW distance matrix between all 29 clusters (excluding cluster 0)
was subjected to agglomerative hierarchical clustering, generating a
dendrogram spatiotemporal similarity (fig. $9). In the resulting den-
drogram, lower DTW distances indicate higher similarity between
deformation trajectories, while higher distances reflect greater dis-
similarity. This suggests that clusters that merge at low DTW dis-
tances exhibit closely matched deformation dynamics, while those
connected at higher thresholds show divergent patterns. A DTW
distance threshold of 200 was selected empirically to define six
meta-clusters or groups refined by contextual knowledge and ancil-
lary datasets, balancing intragroup cohesion with intergroup sepa-
ration. The resulting groups reflect common deformation trajectories
ranging from steady, gradual trends to multi-phased behaviors even
among geographically distant clusters.

We interpreted the physical attribution and underlying drivers
of the resulting spatiotemporal groups through post hoc integration
of multiple geospatial and geologic datasets and previous studies
(26, 27, 29, 35-38). Specifically, we obtained geologic data of Indo-
nesia to delineate lithologic information across Java Island (77)
(fig. S11A). High-resolution Google Earth imagery and land cover da-
taset (78) were used to classify land use patterns across the island and
differentiate residential, industrial, and agricultural zones (figs. S11B
and S12). Last, previous studies were used to independently validate
and corroborate the inferred deformation mechanisms. The frame-
work presented here is designed for applicability in data-limited en-
vironments where direct measurements of hydrological, geological,
or anthropogenic forcing are sparse. Deformation mechanisms are
therefore inferred from the integration of spatial patterns, temporal sig-
natures, geological context, and comparison with previous site-specific
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studies. While this approach provides valuable insights into the most
plausible dominant physical processes, some deformation classes
may represent mixtures of processes including groundwater with-
drawal, shallow or deep sediment compaction, and tectonic contri-
butions that cannot be fully disentangled with current datasets. This
represents a common challenge in regional-scale subsidence studies
and does not diminish the value of the spatiotemporal classification
approach for identifying deformation hot spots and their likely
dominant mechanisms.

Estimation of RSL trends across Java’s northern coastline

We estimated historical (2001-2013), present-day (2014-2024), and
future (until 2050) RSL rise along the northern coastline of Java Is-
land by integrating satellite-derived VLM rates with absolute sea
level anomalies from satellite altimetry and probabilistic sea level
rise projections. To resolve spatial variability of RSL, we constructed
high-spatial resolution (5 km), time-resolved virtual tide gauge re-
cords along the coastline.

To estimate the observed RSL change (historical and present-day
epochs), we combined absolute sea level anomalies (SLA) from sat-
ellite altimetry data with InSAR-derived VLM estimates. The altim-
etry data were obtained from the Copernicus Marine Environment
Monitoring Service (79), which provides gridded monthly SLA at
0.25° spatial resolution. The SLA dataset includes all standard cor-
rections, including adjustments for instrumental drift, tidal and at-
mospheric effects, and geophysical processes (79, 80). Because the
SLA resolution is coarser than our 5-km coastal segment grid spac-
ing, we selected the closest SLA grid point to each coastal segment
using a minimum distance spatial proximity threshold. SLA values
represent instantaneous absolute sea surface height at each time step
(i) and were converted to RSL using the VLM estimates, applied cu-
mulatively as a deterministic, constant-rate process across the SLA
time series (si )

Let v represent the annual VLM rate assigned to each 5-km
coastal segment and N the number of time steps per year (ie.,
N = 12 for monthly SLA dataset). The RSL at each time step (ri) is
given by Eq. 11

ri=£v(si) =s;+ (%) i

where L, denotes a linear operator applying a cumulative displace-
ment from VLM, distributed uniformly across subannual intervals
assuming land motion progresses linearly and independently of the
SLA signals.

To account for differences in VLM across observational epochs,
let v; represent the VLM rate assigned to time step i, applied as a
piecewise-constant function such that v; = v, fori € [1, Tl] (corre-
sponding to 2001-2013) and v; = vg fori € (Tl, T) (corresponding
to 2014-2024). The trend of the reconstructed RSL series for each
epoch satisfies Eq. 12

(11)

dr _ ds
dt  dt

where :—i is the trend of absolute SLA, Z—:, and is the trend of the RSL

(fig. S20).

Validation of virtual tide gauge records

To validate the reconstructed RSL time series, we compared the vir-

tual tide gauge estimates against observations from the PSMSL station

(12)
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at Cilacap. Although this station is located on the southern coast of
Java and outside the primary analysis domain, the Cilacap tide gauge
provides the longest continuous sea level record in the region and
serves as a critical benchmark. We find strong agreement in both
temporal structure and magnitude, with a high correlation in trend
(p =0.9) and a rate difference of 0.1 mm/year between the virtual
tide gauge and the PSMSL record (fig. S21).

For projections of RSL through mid-21st century, we applied the
FACTS (39), consistent with the IPCC ARG sea level rise projec-
tions. This framework combines probabilistic projections of oceano-
graphic processes such as thermal expansion (sterodynamics), glacier
and ice sheet mass loss, and changes in land water storage with lo-
calized VLM to produce site-specific RSL change under multiple
SSPs. We incorporated both the VLM rates and their temporal vari-
ability (estimated from Eq. 4) to ensure that local VLM trends and
confidence bounds reflect nonlinear land motion in the RSL pro-
jections. Following the procedures outlined in (39), we generated
full probability distributions of projected RSL for five SSPs (SSP1-
1.9, SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5), providing estimates
of both medium confidence and low confidence (high-impact out-
comes) scenarios. Seven projection workflows, corresponding to
different assumptions about ice sheet dynamics and greenhouse gas
forcing, were used to account for deep uncertainty in future sea level
contributions (39). To combine these outputs into confidence-bound
projections, we constructed probability boxes (p-boxes) in accor-
dance with the AR6 guidance on uncertainty quantification.

For medium-confidence RSL projections, we used workflow le
(based on the emulandice emulator for Antarctic ice sheet response)
and workflow 1f for RSL rates; for low-confidence projections, we used
workflows 2e and 2f, respectively. Each coastal segment’s projected
RSL reflects the cumulative contributions from both oceanographic
processes and contemporary (Sentinel-1 derived) land subsidence.
We emphasize that in these projections, VLM is assumed to be tem-
porally stable (linear rates), consistent with the current AR6 frame-
work. To investigate the sensitivity of RSL projections to nonlinear
land motion, we performed an auxiliary analysis to incorporate
VLM accelerations (observed in some parts of the coastline) into the
no-VLM p-box output through an additive adjustment sampled from
empirical probability distributions (figs. S15 and S16). This high-
lights the influence of accelerating (or decelerating) land deforma-
tion on near-term coastal hazard projections and highlights the
limitations of assuming linear subsidence rates in the context of
evolving anthropogenic pressures.

While the virtual tide gauge construction provides a valid first-
order assessment of RSL change, it relies on several simplified as-
sumptions that introduce limitations. First, the assumption of VLM
as a constant, deterministic rate neglects temporal variability, in-
cluding short-term nonlinear trends driven by anthropogenic pro-
cesses. For instance, observed accelerations in VLM of 0.1 to 0.2 cm/
year” in Pekalongan and Semarang indicate that linear rate assump-
tions may underestimate past and RSL rise in some subsiding regions
(see Fig. 2 and figs. S3 and S4). Second, the use of satellite altimetry
data—originally optimized for open-ocean conditions—to charac-
terize coastal sea level anomalies introduces additional uncertainty.
Nearshore, sea level is influenced by localized processes such as shelf
circulation, riverine input, and tidal amplification, which may decou-
ple coastal sea level behavior from offshore altimetric signals. Third,
in projecting future RSL, the extrapolation of contemporary VLM
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rates assumes stationarity in subsidence processes, which in practice
is unlikely to hold over multidecadal timescales due to shifting land
use, hydrological conditions, or mitigation policies (see Discussion
section for scenario-based land subsidence alternative). Neverthe-
less, in regions where long-term tide gauge observations are sparse
or absent, the virtual tide gauge framework offers a practical and scal-
able alternative for generating spatially explicit RSL estimates, espe-
cially over the next few decades.
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