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 16 

Figure S1: Workflow of integrating different datasets into the DIVA (Dynamic Interactive Vulnerability 17 
Assessment) model frame work. All datasets are mapped onto the DIVA model segments using nearest neighbour 18 
interpolation. The coastal segments are ‘filled’ from left to right, e.g., we incorporate all InSAR data wherever 19 
available, then GNSS data in cities is used where no InSAR data is available, then the remaining segments are filled 20 
with the VLM reconstruction (OE24) and the GIA model (Caron et al., 2018). 21 

 22 

 23 
Dataset Europe  

EGMS 

USA 

(Ohenhen et al., 2024) 

Delta 

(Ohenhen et al., 

2025) 

Cities  

(Shirzaei et al., 2024) 

Chinese cities (Ao et 

al., 2024) 

New Zealand 

(Hamling et al., 

2022) 

Period 2015-2021 2007-2020 2014-2023 2015-2020 

 

2015-2022 2003-2011 

Mission Sentinel-1 Sentinel-1 

 

Sentinel-1 

 

Sentinel-1 

 

Sentinel-1 

 

Envisat 

Resolution 100 m grid 50 m 1000 m 50 m 40 m ~ 1000 m 

Validation 

informatio

n 

weighted standard 

deviation: 1.19 

mm/year (n=1617, 

NGL) 

weighted standard 

deviation: 1.43 

mm/year (n=943, 

NGL) 

 

weighted standard 

deviation: 1.2 

mm/year (n=81, 

NGL), as reported by 

Ohenhen et al., 2025 

 

weighted standard 

deviation: 1.72 mm/year 

(n=119, NGL) 

 

1.5 mm/year 

(RMSE) in 

comparison with 

CMONOC GNSS 

trends (n=32), as 

reported by Ao et al., 

2024 

 

1.6 mm/year 

standard deviation 

w.r.t. GNSS trends 

as reported by 

Hamling et al., 2021 
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Table S1: Information on the different InSAR datasets used in this research. 25 
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Validation 31 

 32 

 33 

 34 

Figure S2: Comparison of vertical velocities of NGL GPS rates and the US (Ohenen et al., 2024), European 35 
(EGMS), and coastal city datasets (Shirzaei et al., 2024). Shown are scatter plots (where error bars indicate the 36 
individual formal uncertainties), and histograms, in which absolute differences are color-coded from (-5 - 5 37 
mm/year). In the second row we show the weighted standard deviations and means, using the inverse of the square-38 
root-sum of the squared uncertainties as weights. The EGMS InSAR data are transformed using a latitude(𝝓)-39 
dependent transfer function 𝛥𝑉fit = −2 × 10−4𝜙2 + 0.04𝜙 − 0.85, defined by Thieblemont et al., 2024. To match the 40 
InSAR points with the GPS data, we used the weighted average of the data within a radius of 5 km, with inverted 41 
formal uncertainties as weights. The last row shows boxplots of the differences (InSAR minus GPS), including the 42 
median (central line), interquartile range (box; 25th–75th percentiles), and whiskers that extend to 1.5× of the 43 
interquartile range. 44 
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Local vertical land motion 56 

 57 

Figure S3: A Vertical land motion at different coastal cities. Shown are averaged rates provided at the coastal 58 
segments of the DIVA model within a radius of 50 km around the city area (which is here defined as the area that is 59 
covered by the InSAR dataset from Tay et al., 2022). Shown are the mean VLM values for InSAR (filled bars), the 60 
VLM reconstruction (bars with dotted outlines, OE24), GIA (bars with blue dashed outlines) and GPS from NGL, or 61 
Blewitt et al., 2016 (bars with red dashed outlines), where available.  The thin black lines and grey lines indicate the 62 
mean 1σ  uncertainties (Methods) for the InSAR data (i.e., the combined spatial, formal, and cross-validation) and the 63 
VLM reconstruction (OE24) for each city. B shows the averaged population at the same coastal segments. 64 
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National relative sea level change and vertical land motion 76 

  77 

Figure S4: A, B Population weighted RSLC (filled bars) and weighted standard deviations (black lines) for different 78 
countries. The data is sorted such that A and B show a fraction of countries with the highest (lowest) population-79 
weighted RSLC. The unfilled bars denote the population weighted VLM.  C, D shows the averaged coastal 80 
population.  81 

 82 
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 83 
Figure S5: Statistics for 35 of the largest global deltas (according to a selection of the deltas discussed by Ericson et 84 
al., 2005). Shown are the geographical locations of the deltas, where the inner circles indicate the VLM averages in 85 
mm/year, which are either based on the averages of the combination of InSAR and GNSS data points (interpolated 86 
on the DIVA segments), or on one of the individual datasets, if the other is not available, see also SI data file 1). The 87 
outer circles represent the standard deviations of the VLM estimates per delta. These delta VLM-averages (and 88 
standard-deviations) are also illustrated by the filled bars (incl. errorbars) in the lower plot. The dashed bars indicate 89 
the delta-averages of NI21b. The yellow and blue dots indicate the individual InSAR and GNSS data points in the 90 
vicinity of the delta (i.e., the InSAR and GNSS data interpolated onto the DIVA grid). 91 
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 97 
Table S2: Population weighted RSLC and VLM (positive values denote subsidence) per country. 98 
 99 

Country RSLC [mm/year] VLM [mm/year] 
(positive ~ 
subsidence) 

Thailand 9.52 5.02 

Nigeria 9.46 5.70 

Taiwan 8.97 6.12 

Egypt 8.72 5.50 

Cameroon 8.53 4.97 

Bangladesh 8.38 5.28 

Argentina 8.31 2.89 

Indonesia 8.03 5.05 

Slovenia 7.91 4.89 

China 6.59 3.62 

Trinidad and Tobago 6.57 2.91 

Gambia 6.53 3.54 

Colombia 6.49 2.97 

Belgium 6.25 3.38 

Djibouti 6.06 1.07 

Mozambique 5.69 1.45 

Vietnam 5.59 2.76 

Pakistan 5.50 1.69 

Jamaica 5.47 1.71 

New Zealand 5.45 1.25 

Eritrea 5.37 1.01 

Togo 5.35 1.64 

Suriname 5.29 1.21 

United States of America 5.19 1.66 

Turks and Caicos Islands 5.08 0.70 

Kiribati 5.07 0.69 

Cuba 5.05 1.19 

Uruguay 4.99 0.13 

Benin 4.94 1.17 

Myanmar 4.93 -0.08 

Philippines 4.91 1.02 

The Bahamas 4.81 0.94 

United Republic of Tanzania 4.74 0.44 

Venezuela 4.68 1.25 

Ghana 4.64 1.01 

Italy 4.62 1.88 

Netherlands 4.55 1.71 

Mexico 4.54 1.06 

British Virgin Islands 4.52 0.95 

Marshall Islands 4.52 0.60 

... ... ... 

Ireland 2.44 -0.09 

Faroe Islands 2.43 -0.39 

Guadeloupe 2.25 -0.57 

Iceland 2.19 -0.01 
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Canada 2.17 0.16 

Georgia 1.89 1.29 

Bulgaria 1.51 0.35 

Estonia 1.31 -2.78 

Ukraine 1.18 0.49 

Norway 0.57 -2.94 

Sweden 0.22 -3.20 

Greenland -0.31 0.01 

Chile -0.40 -3.19 

Finnland -1.34 -5.29 

Åland -2.28 -6.32 

 100 
 101 

 102 

Figure S6: a) shows the station density in terms of number of stations per 1002 km. The station density was 103 
computed based on the number of GNSS stations (from NGL) within a 500 km search radius around an individual 104 
station, divided by the area covered by this circle. b) compares the station density versus population (on a 105 
logarithmic scale). Colorbar shows the kernel density estimate (KDE), indicating how densely points cluster in the 106 
(population, station density) space. The values of the station density and the population (defined at the coastlines) 107 
are coupled by nearest neighbor interpolation. c) shows the VLM uncertainties, the InSAR and GPS data are 108 
highlighted by blue outlines. The boxplots in d) present the VLM uncertainties of the different dataset components. 109 
Note that these uncertainties are based on the combined formal, spatial and cross-validation uncertainties in the 110 
InSAR datasets (and the provided uncertainties in OE24, GNSS (Blewitt et al., 2018), and Caron et al., 2018 (GIA)). 111 

 112 

 113 
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 115 

Figure S7: Contributions to uncertainties in the global population-weighted global VLM estimates. a) VLM values 116 
are perturbed using normally distributed random errors (i.e., combined formal, cross-validation, and spatial 117 
uncertainties, see Methods) over 10,000 iterations. Shown are the resulting distributions together with the mean 118 
(solid lines), median (dashed lines), and the 15.9–84.1 percentile range (red dotted lines, corresponding to ±1 119 
standard deviation for a normal distribution). b) Uncertainty arising from spatial heterogeneity is estimated by 120 
repeatedly computing population-weighted mean VLM from 10,000 random subsamples containing 50% of the 121 
original data. c shows the combined effects of subsampling and random perturbations. d) Distributions obtained 122 
when using median InSAR rates (instead of means, as shown in a-c) during the aggregation from high-resolution 123 
InSAR to the coarser DIVA grid, based on the same subsampling and perturbation approach as in panels a and b. e) 124 
Relative contributions of the different uncertainty sources to the uncertainty in the mean. We additionally illustrate 125 
how *hypothetical systematic biases of ±1 mm yr⁻¹ in the dataset would affect the global mean VLM estimate, 126 
highlighting the sensitivity of the results to potential measurement biases. 127 
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 128 

129 
Figure S8: Absolute sea level changes derived over different periods. Shown are (a) coastal trends [mm/year] 130 
derived over 1995-2020, over 2010-2020 (b), as well as the differences between the two periods (c). 131 

 132 

 133 

 134 

Figure S9: Global distribution of the underlying datasets used in the VLM estimate. 135 

 136 

SI data file 137 

The delta and city subsidence and the total global estimates can be downloaded from the zenodo repositories listed 138 
in ‘data availability’ in the main file. 139 

 140 
 141 
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