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Text S1. Modelling of GPS-observed vertical displacements. 

We model the GPS-observed vertical displacements as a sum of deterministic and stochastic parts: 

     y t x t s t        (1) 

with x(t) and s(t) being deterministic and stochastic components, respectively. To model the 

deterministic part, we use a constant velocity model presented by Bevis and Brown (2014), to which we 

add annual and semi-annual terms: 
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where t0 is the reference epoch, defined as the middle epoch of the time series, Jj is the magnitude of 

offset occurring in the tj epoch, H is the Heaviside step function, k is the number of modeled frequencies, 

and 
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  with τk=1 year and τk=1/2 year. To model the stochastic component s(t), we use a 

combination of white noise and power-law noise, which has been widely recognized as the preferred 

noise combination for describing time series residuals between the original time series and the 

deterministic component (Williams et al., 2004; Santamaria-Gomez et al., 2011; Klos et al., 2018). 

Power-law noise is characterized by spectral index and amplitude.  

Figure S1 presents the estimates of spectral indices and amplitudes of power-law noise for the 

set of 4,443 GPS-observed vertical displacements. By combining both these estimates, we group the 

GPS stations regionally into 11 regions, which are further used to stack and average the GPS-

displacements in three pre-defined temporal resolutions for regional analyses and comparisons. 
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Text S2. A detailed description of the benchmarking results 

Figure S2 shows the variance of the time series in the three temporal scales as introduced in the main 

body of the text. Most of the variance, over 70%, in the GPS time series originates from short-term 

displacements. Approximately 20-30% of the total signal, depending on the station, is generated at 

seasonal and long-term temporal scales, although at this stage we cannot clearly attribute this to either 

true signal or measurement noise. Motions at seasonal and long-term temporal scales are small and may 

be difficult to determine reliably, especially for stations where the variance of short-term temporal scale 

exceeds 90%. This is illustrated in Figure S3, which compares the time series of vertical displacements 

observed at the GPS station ZYWI (Zywiec, Poland), one of Europe’s highest-quality permanent 

(“gold”) stations, with those derived from the high-resolution hydrological model, CLM5 we use in the 

main body of the paper (“HYDOL”). The comparison is shown for the full time series as well as the 

extracted signal components at the three previously defined temporal scales: short-term, seasonal, and 

long-term. We note very good agreement between the vertical displacement signals from the GPS and 

the HYDOL model. This agreement is excellent for seasonal and long-term temporal scales, both in 

terms of the character of the observed changes, i.e., consistent increases and decreases of displacements 

at seasonal and long-term temporal scales, and their amplitude. Correlation coefficients between GPS 

and HYDOL are equal to 0.75 and 0.73 for the long-term and seasonal temporal scales, respectively. A 

large decrease in GPS-observed vertical displacements in 2010, which may be mistakenly identified as 

an offset, is also visible in the model. For short-term temporal scale, we note that the spread of the 

displacements observed by GPS is ten times greater than that predicted by HYDOL. Correlation 

coefficient between two time series is equal to 0.21. 

Figure S4 presents correlation coefficients estimated between GPS-observed time series and 

time series derived from a model at the corresponding temporal scales. The high correlation coefficients 

between the GPS-observed and HYDOL-predicted displacements indicate an extreme similarity 

between these two time series on a long-term and seasonal temporal scales for all GPS locations across 

Europe. At long-term temporal scale, we find correlation between -1 (anticorrelation) and nearly 1, 

however, 40% of all time series achieve positive values higher than 0.5. For this temporal scale, we use 

a threshold of 0.3 for correlation coefficients to classify stations as benchmark dataset. In this way, 2,521 

stations are classified as benchmark dataset. 33% of GPS stations included in the benchmark dataset are 

characterized by moderate positive correlation ranging from 0.3 to 0.5, and 67% by strong positive 

correlation ranging from 0.5 to 1.0. At the seasonal temporal scale, we find 90% of time series with 

positive correlation. Similarly to the long-term temporal scale, stations characterized by correlation 

coefficients higher than 0.3 are classified as benchmark dataset. In this way, a number of 3,401 stations 

is classified as the benchmark dataset for seasonal temporal scale. 19% of these stations show a moderate 

positive correlation ranging from 0.3 to 0.5, and 81% of these stations show strong positive correlation 

ranging from 0.5 to 1.0. For short-term temporal scale, fairly low correlation coefficients ranging from 
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-0.4 to 0.4 are found. 90% of stations achieve positive correlation coefficients. A number of 2,329 

stations characterized by correlation coefficients higher than 0.1 are classified as the benchmark dataset 

for the short-term temporal scale.  

We can conclude that GPS is sensitive to regional and local changes in hydrological loading. 

Long-term changes agree in the character, meaning that almost all increases and decreases present in the 

HYDOL-predicted displacements are also present in the GPS-observed displacements. Strong similarity 

is also observed for the seasonal temporal scale; both for annual amplitudes and phases. This is 

somewhat expected and consistent with previous studies that have demonstrated a potential of using 

GPS displacements to detect seasonal changes in the hydrosphere across Europe (starting with van Dam 

et al., 1997). Low, but positive correlation coefficients observed for the short-term temporal scale are 

also extremely encouraging. These values indicate that short-term signals, even hidden within the GPS 

noise, may arise from hydrosphere changes. At present, these changes are dominated by systematic 

errors and random errors in the GPS system or poorly modeled large-scale effects (Wdowinski et al. 

1997; King et al. 2010). However, with the increasing accuracy of background models and the 

continuous evolution of GPS technique over time, this temporal scale may become increasingly reliable 

for estimating short-term changes in total water storage in the near future.  

 

Figures S1-S4: 

 

Fig. S1. Spectral indices and amplitudes of power-law noise estimated for a set of 4,443 GPS-observed 

vertical displacements over Europe. 
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Fig. S2 Percentage of variance of GPS-observed displacements explained by different temporal scales. 

Note that the long-term temporal scale does not show a trend, but rather variability at scales longer 

than 1.1 years. 
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Fig. S3 (a) GPS-observed vertical displacements of the ZYWI GPS station (Zywiec, Poland), 

together with HYDOL-predicted displacements. (b-d) Short-term, seasonal, and long-term signal 

components determined using a wavelet-based decomposition of the displacement time series. 

Note that the linear trend has been removed from the time series. 
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Fig. S4 GPS stations classified into benchmark dataset for Europe. Note that the histograms present all 

the correlation coefficients we obtain between the GPS-observed and HYDOL-predicted 

displacements. The maps show only those stations that we classify as benchmark dataset.  

 

 

Table S1: 

Table S1. SAR data and InSAR processing specifications. 
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Ascending Orbit Path ID 161 (eastern path) 59 (western path) 
ID of frames 156 151 155 160 
# SAR images per frame 205 203 216 214 
# Concatenated images along paths 408 430 
# Interferograms per path 598 553 
Total # images 848 
Total # interferograms 1152 
Maximum temporal baseline 350 days 
Perpendicular baseline 35 meters 
Multi-looking factor (range/azimuth 
direction) 

31/6 

Average ground resolution 78 meters 
Scatterer coherence (PS/DS) 0.33 / 0.65 
# Concatenated images (time steps) 314 
Time Period of final VLM images June 2, 2017 – March 2, 2024 
# Pixels in final VLM images 3820440 
Reference Frame IGS-14 
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