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Global mean sea level (GMSL) has been rising at a faster rate during the 25 

satellite-altimetry period (1993-2014) than previous decades, and is expected to 26 

accelerate further over the coming century1. However, the accelerations observed 27 

over century and longer periods2 has not been clearly detected in altimeter data 28 

spanning the past two decades3-5. Here we show that the rise from the sum of all 29 

observed contributions to GMSL increases from 2.2 ± 0.3 mm/yr in 1993 to 3.3 ± 30 

0.3 mm/yr in 2014. This is in approximate agreement with observed increase in 31 

GMSL rise, 2.4 ± 0.2 mm/yr (1993) to 2.9 ± 0.3 mm/yr (2014), from satellite 32 

observations that have been adjusted for small systematic drift, particularly 33 

affecting the first decade of satellite observations6. The mass contributions to 34 

GMSL increase from 45% in 1993 to 70% in 2014 with the largest, and 35 

statistically significant increase coming from the contribution from the 36 

Greenland Ice Sheet, which is less than 5% of the GMSL rate during 1993 but 37 

more than 25% during 2014. The suggested acceleration and improved closure of 38 

the sea level budget highlights the importance and urgency of climate change 39 

mitigation and formulating coastal adaption plans to mitigate the impacts of 40 

ongoing sea-level rise.  41 

Projections of future sea levels must be based on a sound understanding of 42 

historical changes in GMSL and its underlying processes, as well as recent changes in 43 

the rate of rise1. The apparent decrease in the rate of GMSL rise from 3.2 mm/yr in 44 

the first decade of satellite altimetry to 2.8 mm/yr in the second was suggested to be 45 

primarily a result of natural interannual variability, related to water exchange between 46 

ocean and land during El Niño - Southern Oscillation (ENSO) cycles3. After removing 47 

this variability, the underlying rate of GMSL rise was 3.3±0.4 mm/yr for both decades, 48 

with neither deceleration nor acceleration of GMSL inferred over 1993 to 2014. This 49 
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lack of observed acceleration of GMSL contrasts with a simultaneously increased 50 

contribution from the Greenland Ice Sheet (GIS) and a less certain increase from 51 

Antarctica Ice Sheet (AIS) overall7, and is inconsistent with the positive acceleration 52 

presented in century-long tide gauge data8 and global mean sea level reconstructions2.  53 

By comparing tide gauge and satellite altimeter sea-level observations, a recent 54 

study6 identified a possible systematic drift within the altimeter record, particularly 55 

affecting the first six years (1993-1999). This systematic error erroneously elevates 56 

the GMSL trend during 1993-1998 by between 0.9±0.5 to 1.5±0.5 mm/yr, depending 57 

on whether a Glacial Isostatic Adjustment (GIA) or Global Positioning System (GPS) 58 

dataset was used to correct for the effects of land motion at tide gauges used in the 59 

bias estimation process. After removing these biases, the estimated the rate of GMSL 60 

rise from 1993 to mid-2014 was between 2.6±0.4 and 2.9±0.4 mm/yr, with a positive 61 

but not statistically significant acceleration of 0.041±0.058 mm/yr2, compared with a 62 

not statistically significant deceleration of -0.057±0.058 mm/yr2 for unadjusted data.  63 

GMSL rise results from the ocean thermal expansion, loss of mass from glaciers9, 64 

the GIS and the AIS7, and changes in land water storage from climate variability and 65 

anthropogenic effects10,11. To study how the rate of the GMSL rise varies during the 66 

satellite period, we investigate the time-varying intrinsic trend in GMSL and these 67 

contributing components by separating them from their interannual variability using 68 

an adaptive data analysis approach. 69 

An intrinsic trend is defined as “an intrinsically fitted monotonic function or a 70 

function in which there can be at most one extremum within a given data span”12. 71 

Unlike the commonly used linear polynomial trend that requires a priori assumptions 72 

regarding stationarity and linearity of time series, the intrinsic trend is not defined by 73 

pre-determined functional form of trend and, hence is more adaptive to the underlying 74 
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physical properties of observations. The method we apply to derive the intrinsic trend 75 

in GMSL and its components is ensemble empirical mode decomposition (EEMD)13, 76 

which is based on empirical mode decomposition (EMD) method designed for 77 

adaptive analysis of non-linear and non-stationary time series14 (See Methods and 78 

Supplementary Information, SI) and has only recently been applied to sea level trend 79 

estimation8. The main benefit of using EMD is that it can separate non-stationary 80 

oscillations (such as natural variations on different time-scales) from the long-term 81 

trend, and the trend is found empirically without any assumptions about its shape. 82 

Fig. 1a presents the unadjusted GMSL from four different processing groups, and 83 

the adjusted CSIRO GMSL derived using vertical land motion (VLM) estimates at 84 

tide gauges based on GIA and GPS6. We note there is not yet a homogeneously 85 

reprocessed altimeter dataset that addresses the likely systematic bias estimated by 86 

Ref. 6. In the absence of such a dataset, an assessment of all available records 87 

(including the adjusted record for Ref. 6) is entirely appropriate. The intrinsic trend 88 

and interannual variability of each time series are shown in Fig. 1a, b, respectively. 89 

The significance of the intrinsic trend is tested against a null hypothesis of red 90 

background noise with the same lag-1 auto-correlation as the raw time series (Fig. S1, 91 

SI), and it is shown that the increase in the intrinsic trend of the GPS-based adjusted 92 

GMSL record is statistically significant during the recent decade (Fig. S2, SI). 93 

We derive the rate of the time-varying intrinsic trend by calculating its first order 94 

temporal derivative (Fig. 1c). Consistent with previous studies3, the unadjusted 95 

GMSL exhibits a slightly decreasing rate of rise from about 3.5 mm/yr during the first 96 

decade to 3.0-3.3 mm/yr during the second. In contrast, the rate of the GPS-based 97 

adjusted GMSL rise increases by 0.5 mm/yr from about 2.4 ± 0.2 (1 ) mm/yr in 1993 98 

to around 2.9± 0.3 mm/yr in 2014 (2.8 ± 0.2 to 3.2 ± 0.3 mm/yr for the GIA-based 99 
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adjusted GMSL. That is, the time-varying trend of the adjusted altimeter data suggests 100 

an acceleration in GMSL in agreement with Ref. 6, with the dominant increase in the 101 

rate of rise occurring in the recent decade. 102 

Fig. 1b shows the interannual variability of all GMSL records derived by EEMD. 103 

It includes a significant drop of water level related to the transfer of water from the 104 

ocean to the land during the strong La Niña event in 2011 and the subsequent rapid 105 

recovery in the following two years15. This interannual variability agrees well with the 106 

interannual variability of the land water storage based on the global hydrological 107 

model16 and the interannual variability of the thermosteric sea level17, and is 108 

significantly correlated (0.42 for the unadjusted CSIRO-based time series, and up to 109 

0.56 for the others) with the ENSO index18. By definition of EMD method, this 110 

interannual variability does not contribute to the intrinsic trend over the whole period. 111 

We determined global mean steric sea level (GMSSL) anomalies using a range of 112 

subsurface measurements of temperature and salinity data sets19. The GMSSL from 113 

these datasets exhibit wide discrepancies owing to the inhomogeneous observations in 114 

the ocean, different data quality control procedures, XBT bias corrections, mapping 115 

methods, and model structures20. These discrepancies are especially pronounced until 116 

2005 when sufficient spatial data coverage was obtained from Argo floats. We select 117 

ocean temperature-salinity datasets which do not have obvious discontinuities in the 118 

GMSSL time series and whose linear trend of GMSSL during the Argo period 119 

(2005-2014) remain within 2-σ range of that derived from three Argo gridded datasets 120 

(Table S1). Fig. 2 shows monthly GMSSL anomalies, interannual variability and the 121 

intrinsic trends from seven datasets based on the above selection criteria.  122 

Even with these relatively strict criteria, the GMSSL of the selected ocean 123 

temperature-salinity datasets still exhibit remarkable differences over the whole 124 
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period. The instantaneous rate of the GMSSL of some models indicate acceleration, 125 

whereas others not. To reduce the impact of the skewness, we estimate the 126 

instantaneous rate of GMSSL rise as the median of that derived from seven datasets at 127 

each year. The derived thermal expansion contribution is about 0.94±0.16 mm/yr, 128 

which is equivalent to about 0.48±0.08 W/m2 net surface heat flux into the ocean 129 

during 1993-2014, and consistent with the observed top-of-atmosphere heat 130 

imbalance21. The ensemble estimate of the GMSSL rise suggests little acceleration 131 

during the satellite-altimetry period. 132 

The main contributions to the global ocean mass changes are from Greenland Ice 133 

Sheet (GIS), Antarctica Ice Sheet (AIS), and glaciers. The GIS and AIS mass change 134 

are investigated using the estimates based on altimetry, gravimetry and mass flux data 135 

for 1993-20127, and the GRACE observations during 2003-2014 by adjusting its trend 136 

to match the published data over 2003-200922 (Fig. S5). The glacier data is from the 137 

estimation with a glacier mass balance model driven by gridded climate 138 

observations9. 139 

Fig. 3 shows that all three sources of mass loss exhibit an increasing contribution 140 

to GMSL. The rate of glaciers mass loss increased over 1993 to 2005, from 0.60±0.15 141 

to 0.87±0.21 mm/yr GMSL equivalent, but is then nearly unchanged up to 2013 (Fig. 142 

3c). The GIS mass loss increased from around 0.11±0.03 mm/yr in 1993 to around 143 

0.85±0.03 mm/yr in 2014, approaching an average acceleration 0.03 mm/yr2. The rate 144 

of the AIS mass loss is around 0.22±0.02 mm/yr in 1993, and only slightly increases 145 

to 0.31±0.02 mm/yr in 2014. These trends agree quantitatively with previous linear 146 

estimates7,9 over the whole satellite period, and contribute to the acceleration of 147 

GMSL. 148 

Another contribution to changes in the global ocean mass is from terrestrial water 149 
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storage (TWS), including that associated with anthropogenic activities (groundwater 150 

extraction, irrigation, impoundment in reservoirs, wetland drainage, and deforestation) 151 

and natural climate variability. Here, the anthropogenic TWS changes are based on 152 

the estimates of Ref. 11, with their groundwater depletion being replaced with the 153 

estimates of Ref. 10, which are 20% smaller. This smaller estimate is consistent with 154 

an 80% of the extracted ground water making its way to the ocean23. The intrinsic 155 

trend and its instantaneous rate of the anthropogenic TWS show a slightly increased 156 

contribution to GMSL from around 0.11±0.04 mm/yr during the first decade to about 157 

0.24±0.06 mm/yr during the second (Fig. 3c).  158 

Regarding the natural variability of TWS, global values are not reliable before the 159 

GRACE mission in 2002. Interannual fluctuations of TWS based on the continental 160 

water balance model are estimated as about 0.25 mm/yr (GMSL equivalent) during 161 

1993-199824, whereas the GRACE observations during 2002-2012 suggested a natural 162 

TWS contribution to GMSL of around -0.71±0.20 mm/yr25. This rate is approximately 163 

consistent with the 5.5 mm fall in GMSL over 2002-2012 in the interannual 164 

variability (Fig. 1b), which is highly correlated with the La Niña-like variability in the 165 

Pacific15, when precipitation decreases over the ocean and increases over the land. 166 

Because of the strong ENSO-related interannual variability, there can be significant 167 

trends in TWS over periods of a decade or shorter. Therefore, short-period linear trend 168 

estimates do not adequately represent the time series over the whole satellite altimeter 169 

period, and it is likely that the total trend is small (but poorly quantified). 170 

Using time series of GMSL, GMSSL and all components of global ocean mass 171 

change, Fig 4 shows the instantaneous budget of GMSL over the satellite period. The 172 

thermal expansion component is about 50% of the total contributions in 1993. 173 

Although the rate of this contribution did not change much throughout the record, it is 174 
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reduced to about 30% of the sum of the contributions because of the acceleration in 175 

the global ocean mass component, consistent with a previous estimate of the changing 176 

relative roles of ocean thermal expansion and ocean mass26. The ocean mass change is 177 

initially dominated by the contribution of glacier mass loss, with smaller contributions 178 

from the GIS and AIS mass loss and anthropogenic TWS changes. But in the recent 179 

decade, the acceleration of the mass loss from the GIS was the largest, and its 180 

contribution to the GMSL became almost equal to that from thermal expansion and 181 

glaciers by 2014. The year-by-year contribution from the AIS mass loss is nearly 182 

constant while the glacier contribution increases slowly. 183 

In all future projection scenarios of IPCC AR5 report27, the largest contribution to 184 

changes in GMSL is the ocean thermal expansion, accounting for 30-55% of the 185 

projection, whereas the glaciers are the second largest, accounting for 15-35%. Our 186 

analysis of recent observations shows that the acceleration of ocean thermal 187 

expansion during 1993-2014 is not significant. Climate model simulations indicate the 188 

fall in ocean heat content following the 1991 volcanic eruption of Mt Pinatubo and 189 

the subsequent recovery has likely resulted in a rate of thermal expansion about 0.5 190 

mm/yr higher than would be expected from greenhouse gas forcing alone28. The 191 

recovery in ocean thermal expansion following major volcanic eruption takes more 192 

than 15 years28,29. Thus the underlying acceleration of thermal expansion in response 193 

to the anthropogenic forcing may emerge over the next decade or so, resulting in a 194 

further acceleration in the rate from that reported here and recent estimations30. In 195 

contrast to the lack of observed acceleration in the ocean thermal expansion, there has 196 

been a significant acceleration in the mass contributions, dominated by the increased 197 

GIS mass loss. This results in an approximate closure of the sea level budget 198 

throughout the study period from 1993 to 2014 and, importantly, both the sum of 199 
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contributions and the GPS (and GIA)-based VLM adjusted altimeter rates indicate an 200 

acceleration in sea level over the satellite altimeter period. 201 

This approximate but improved closure of the sea level budget throughout 202 

1993-2014 is progress with respect to the IPCC AR5, and increases confidence in our 203 

observations and understanding of recent changes in sea level. The study period is 204 

still short and ongoing observations are required to understand the longer-term 205 

significance of this finding, and to identify the contributions of decadal and 206 

multi-decadal variations that are unresolved in the 20-year long records. The 207 

estimated increase in the rate of rise has important implications for projections of 208 

sea-level rise and for society. 209 
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Figures Caption. 239 

 240 

Figure 1. Global Mean Sea Level (GMSL). Curves show the GPS-based and 241 

GIA-based VLM adjusted GMSL, and unadjusted GMSL from 4 different groups. (a) 242 

GMSL and the time-varying secular trend from EEMD analysis. (b) the interannual 243 

variability, and (c) the instantaneous rate of GMSL rise. The uncertainty of the 244 

derived interannual variability, intrinsic secular trend, and its instantaneous rate are 245 

shown in colored shades. 246 

 247 

Figure 2. Global Mean Steric Sea Level (GMSSL). Colored curves show the global 248 

mean steric sea level from seven datasets. (a) The GMSSL and its time varying 249 

secular trend. (b) the interannual variability, and (c) the instantaneous rate of GMSSL 250 

rise. The uncertainty of the derived interannual variability, intrinsic secular trend, and 251 

its instantaneous rate are shown in colored shades. In (c), the dots denote the median 252 

of all GMSSL records at each year, with the uncertainty estimated using the median 253 

statistical method. Note that the different length of the GMSSL time series affects the 254 

median rates over the last few years, and consequently affects the budget over the last 255 

few years as shown in Fig. 4. 256 

 257 

Figure 3. Global mean ocean mass change. Curves show the land-glacier, AIS and 258 

GIS and anthropogenic TWS contributions to GMSL. (a) Each mass component and 259 

its secular trend, (b) the interannual variability, and (c) the instantaneous rate of the 260 

ocean mass change. In (c), the black dots show the rate of thermal expansion for 261 

comparison with the mass change rate. The uncertainty of the derived interannual 262 

variability, intrinsic secular trend, and their instantaneous rates are shown in coloured 263 
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shades. 264 

 265 

Figure 4. Instantaneous closure of the global mean sea level budget. Yearly 266 

instantaneous rate of change of the GPS adjusted (black dots) and mean unadjusted 267 

GMSL (grey stars) and that of the GMSSL, and ocean mass contributions from the 268 

GIS, the AIS, the anthropogenic TWS and glaciers, and ocean thermal expansion 269 

(each shown in colored shades, ordered from top to bottom). The blue dots denote the 270 

sum of the instantaneous rates of change of each component with its uncertainty 271 

estimated as the square root of the sum of the squares of the uncertainty in each 272 

instantaneous rate, as shown in previous figures. The time series of the loss of mass 273 

from the glaciers and the anthropogenic TWS stops in 2012, and 2009, respectively. 274 

Their rates in the years up to 2014 are assumed unchanged and shown in the 275 

transparent color.  276 
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Methods. 365 

Data.  366 

a. Satellite altimetry 367 

We use six different altimetry-based monthly sea level data from four processing 368 

groups: 369 

1) Archiving Validation and Interpretation Satellite Oceanographic Center (AVISO; 370 

ftp://ftp.aviso.oceanobs.com/pub/oceano/AVISO/indicators/msl/MSL_Serie_MER371 

GED_Global_IB_RWT_GIA_Adjust.txt),  372 

2) Colorado University (CU, Release 4; http://sealevel.colorado.edu/files/2015_rel4/ 373 

sl_ns_global.txt),  374 

3) Goddard Space Flight Center (GSFC; ftp://podaac.jpl.nasa.gov/allData/merged 375 

_alt/ preview/global_mean_sea_level/GMSL_TPJAOS_199209_210504.txt), 376 

4) Commonwealth Scientific and Industrial Research Organization (CSIRO) and 377 

University of Tasmania; ftp://ftp.marine.csiro.au/pub/legresy/gmsl_files/ 378 

CSIRO_Alt_refined.csv), 379 

5) Adjusted CSIRO dataset using a model of Glacial Isostatic Adjustment to estimate 380 

vertical land motion at tide gauges, and 381 

6) Adjusted CSIRO dataset using GPS data to estimate vertical land motion at tide 382 

gauges. 383 

All six datasets are based on TOPEX, Jason-1, and OSTM/Jason-2 data. The global 384 

average is computed over 66oS-66oN for AVISO, CU, and GSFC, but over 65oS-65oN 385 

for CSIRO. Detailed descriptions of each dataset are available in the corresponding 386 

websites. 387 

 388 

b. Steric sea level datasets 389 
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We use seven products describing the global ocean monthly temperature-salinity 390 

to compute the global mean steric sea level. Two of which are objective analyses 391 

based on Optimal Interpolation (OI) without constraints from ocean model dynamics, 392 

and five are reanalyses based on data assimilation with models. From 20 global ocean 393 

temperature-salinity datasets19, we select a subset of seven ocean temperature-salinity 394 

datasets which don’t have obvious discontinuities in the GMSSL time series and 395 

whose linear trends of GMSSL during the Argo period (2005-2014) remain within the 396 

2-σ range of that derived from three Argo gridded datasets. Table S1 provides the 397 

basic information of these datasets.  398 

 399 

c. Land glaciers 400 

The global yearly glacier mass dataset used in this paper is produced with a 401 

glacier model driven by gridded climate observations9. 402 

 403 

d. Greenland and Antarctic ice sheets 404 

Greenland and Antarctic ice sheet records during 1993-2012 available at 405 

http://imbie.org/data-downloads7, are used in this study. To extend the records to the 406 

end of 2014, observations based on the GRACE satellite are used. Noting the 407 

potential GIA error in GRACE, especially for Antarctica31, we adjusted the trend of 408 

the GRACE records so that they agreed with the published trends over 2003-2009. 409 

Then two records are connected in 2003. After 2003, the GRACE record is used. The 410 

derived monthly time series are shown in Fig. S5, SI. 411 

 412 

e. Anthropogenic terrestrial water storage 413 

The yearly data of anthropogenic terrestrial water storage are extracted from the 414 



20 
 

century-long time series11, after their groundwater depletion are replaced with the 415 

most recent estimates10. 416 

 417 

Data availability. All data supporting the findings of this study are available from the 418 

corresponding authors on request.  419 

 420 

Ensemble Empirical Mode Decomposition Method. The main method used in this 421 

study is the ensemble empirical mode decomposition (EEMD)13, which was 422 

developed based on the empirical mode decomposition (EMD)14. The EMD and 423 

EEMD methods have been introduced the applications to oceanic and climatic time 424 

series32, and are also used to study regional8,33,34 and global sea level variability35. 425 

Here we briefly introduce the general decomposition procedure and mainly introduce 426 

the tests used to assess statistical significance and the estimation of the uncertainty of 427 

intrinsic secular trend derived by the EMD/EEMD method. 428 

 429 

a. Decomposition and intrinsic secular trend 430 

In EMD, a time series x(t) is decomposed into a set of amplitude-frequency 431 

modulated oscillatory functions (so called intrinsic mode functions, IMFs) Cj(t), 432 

j=1,2,.. n and a residual R(t), which has at most one extremum: 433 

( ) ( ) ( )
1

n

jj
x t C t R t

=
= +  through a sifting process, the following is undertaken: 1) 434 

locate all maxima and minima and connect all maxima (minima) with a cubic spline 435 

as an upper (lower) envelope of the time series; 2) compute the difference between the 436 

time series and the mean of the upper and lower envelopes to yield a new time series 437 

h(t); 3) for the time series h(t), repeat steps 1 and 2 until upper and lower envelopes 438 

are symmetric with respect to zero mean under the stopping criteria13,14, then an IMF, 439 
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Cj(t), is derived as the time series h(t); and 4) subtract Cj(t) from original time series 440 

to yield a residual R(t) and treat R(t) as the original time series and repeat steps 1–3 441 

until the residual R(t) becomes a monotonic function or a function with only one 442 

extremum; then, the whole sifting process is completed and all IMFs and the residual 443 

function, namely, the intrinsic trend of x(t), are obtained. 444 

 The EEMD approach is based on EMD13. In EEMD, multiple noise realizations 445 

are added to the time series x(t), from which, an ensemble average of the 446 

corresponding IMFs are extracted to yield scale-consistent signals. The main steps in 447 

the EEMD are as follows: (1) add a white noise series to the targeted data; (2) 448 

decompose the data with the added white noise into IMFs; (3) repeat step 1 and 2 449 

again and again, but with different white noise series each time; and (4) obtain 450 

(ensemble) means of the respective IMFs of the decompositions as the final result. 451 

The advantage of the EEMD is that by using an ensemble mean, non-physical 452 

oscillations due to random data errors are reduced and thus low-frequency modes are 453 

more accurate. 454 

 It is proved that the added white noise with the variance  will have at most 455 

Nσ  impact on the resulted IMFs13, where N is the number of ensemble members. 456 

When N increases, this impact is negligible small. In this paper, we always use the 457 

white noise with variance 0.2σ =  relative to the variance of the original time series, 458 

and N = 1000 ensemble members. 459 

As demonstrated in previous applications of the EEMD method involving trend 460 

analysis of global mean surface temperature36, global land surface air temperature37, 461 

and the sea level observations along eastern US coast8,33, the residual function R(t) is 462 

derived by removing any, but not a pre-determined, variability on shorter time scales 463 

than the length of time series, as represented by the IMFs Cj(t). Consequently, R(t) 464 
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can take any unspecified shape and will preserve the potential variability on longer 465 

time scales than the length of time series. For the observations used here (22 year 466 

duration for the altimetry), the relative high-frequency variability on the interannual 467 

time scales will be shown by summing all the IMFs, i.e., ( )
1

n

jj
C t

=  and the 468 

residual R(t) will be regarded as the intrinsic trend. 469 

It should be noted that the intrinsic trend R(t) is in the same unit as the raw time 470 

series (in this case for the global mean sea level used here, the units are mm). Taking 471 

the first-order time derivative of the time-varying intrinsic trend yields the 472 

instantaneous rate of the trend, in units of mm/yr for global mean sea level rise, which 473 

provides more time-varying information on how the intrinsic trend has evolved within 474 

the given time region, compared with a typical fitted polynomial and the time-varying 475 

estimations based on the sliding window approach 38,39.  476 

The validity of the intrinsic trend is strongly based on the specified data duration. 477 

The properties of the trend beyond the data length require further investigation with 478 

more observations. In this study, the potential decadal variability of GMSL on the 479 

time-scale longer than the length of satellite altimetry cannot be separated from the 480 

secular trend, which implies that the accelerated GMSL may partially reflect the 481 

internal decadal variability, as well as the effects of the anthropogenic forcing. 482 

 483 

b. Significant test of the intrinsic secular trend 484 

To test the statistical significance of the intrinsic secular trend, one needs to reject 485 

a null hypothesis that it arises by chance for stochastic processes with zero means at 486 

given confidence levels. In climate sciences, two widely used null hypotheses are that 487 

the underlying processes are noise characterize as white (i.e. no temporal correlation) 488 

or red (with lag temporal correlation). There are many methods to test the statistical 489 
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significance of linear, curve-fitted, or time-varying trend against a white or red noise 490 

null hypothesis33,40-42. Here we applied one approach developed for testing the 491 

time-varying trend derived by EMD/EEMD method37. Though the detail of the 492 

statistical significance test is given in their Section 2 of Supplementary Information, 493 

the general procedures of this approach are introduced as follows, in order for the 494 

integrity of this work. 495 

For any time series x(t) with time-varying secular trend R(t) derived by EEMD 496 

method, the statistical significance test includes: (1) Computing the lag-1 497 

auto-correlation α  of the time series x(t). If 0α =  then the null hypothesis that the 498 

white background noise is applied; If 0α > , then the null hypothesis that the red 499 

background noise is applied; (2) Generating five-thousand samples of red noise time 500 

series with the same temporal data length of x(t) and the lag-1 auto-correlation α ; (3) 501 

Deriving the intrinsic trend of each generated red noise time series by using EEMD 502 

method. This yields an empirical probability density function (PDF) of the intrinsic 503 

trends, which is approximately normally distributed, at any temporal locations; (4) 504 

Comparing the intrinsic trend of the studied time series with the 505 

two-standard-deviation spread value of the trends of the red noise time series (around 506 

95% of confidence) at any temporal locations. If the former is larger, the intrinsic 507 

trend of the studied time series is considered statistically significant and the null 508 

hypothesis that the intrinsic trend of the time series is from noise could be rejected; (5) 509 

Taking the first-order time derivative of the intrinsic trend yields its instantaneous rate. 510 

If the intrinsic trend is statistical significant, we will consider its instantaneous rate is 511 

significant. 512 

In this approach, the noise time series are generated based on AR(1) process513 

( ) ( ) ( )x t x t t w tα= − Δ +  where the coefficient α  is the autoregressive parameter 514 
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(i.e. lag-1 correlation coefficient), tΔ  the sampling rate and ( )w t  the white noise 515 

with the unit standard deviation. A more general case is to generate the red noise 516 

based on ARMA(p,q) process43,44. Empirically, the selection of red noise model may 517 

change the PDF shape of the EEMD trends of each red noise time series, but it will 518 

not change the general patterns of the statistical significance test if we go through all 519 

possibilities of the lag-1 autocorrelation from 0 to 0.99. In this study, we adopt the 520 

AR(1) model. 521 

Taking the GPS-based adjusted GMSL time series as an example, Fig. S2, 3, 4 522 

present the analysis of its intrinsic trend, and the test of its statistical significance. Fig. 523 

S2 shows that the lag-1 auto-correlation coefficient of the GPS-based adjusted GMSL 524 

is 0.84α = . With this lag-1 auto-correlation coefficient, five thousand AR(1) time 525 

series are generated and then decomposed by the EEMD method to derive their 526 

intrinsic trend (Fig. S2a). Both thick black lines in Fig. S2a are 527 

two-standard-deviation spread lines of the trend of AR(1) time series. Please note that 528 

these intrinsic trends of the background noise are dimensionless. To test the statistical 529 

significance of the intrinsic trend of GPS-based adjusted GMSL time series, which is 530 

in the same unit of mm, we divide it by the standard deviation of the linearly 531 

detrended GMSL time series (red line in Fig. S2a) and compare it with the 532 

two-standard-deviation of the intrinsic trend of the red background noise at each 533 

temporal location. If the former is larger, the trend of GMSL is considered statistically 534 

significant. Fig. S2b, c present the comparison at two randomly-selected year 1999 535 

and 2009, respectively, in which, the trend of GMSL time series is not statistically 536 

different with the trend of AR(1) red noise with 0.84 lag-1 auto-correlation in 1999, 537 

but significantly different in 2009. In Fig. S2a, comparing the temporal variability of 538 

the intrinsic secular trend of the GPS-based adjusted GMSL time series with the 539 



25 
 

two-standard-deviation line (around 95% confidence) of the intrinsic trend of the 540 

5000 AR(1) processes with 0.84 lag-1 autocorrelation shows that the intrinsic trend of 541 

GPS-based GMSL becomes statistically significant since 2005. 542 

Same as the definition of the intrinsic trend12, this statistical significance test is 543 

also only valid during the studied period, because the properties of the intrinsic trend 544 

beyond the data length may change a lot, so as their statistical significance. 545 

In order to test the time series with different lag-1 autocorrelation, Fig. S3 shows 546 

the two-standard-deviation line (around 95% confidence) of the intrinsic secular trend 547 

of the 5000 AR(1) processes with the lag-1 auto-correlation ranging from 0 to 0.99. 548 

The trend spread depends on the value of lag-1 auto-correlation. When the noise is 549 

getting redder (larger lag-1 auto-correlation), the corresponding spreads become 550 

wider37.  551 

Based on the 95% confidence levels of different AR(1) time series with lag-1 552 

auto-correlation ranging from 0 to 0.99, the statistical significance of the intrinsic 553 

secular trend of the GMSL, the GMSSL, and the global ocean mass change can be 554 

tested, as shown in Fig. S4a, b, c, respectively. 555 

 556 

c. Estimation of the uncertainty of the intrinsic trend 557 

To estimate the uncertainties in the intrinsic trend, the down sampling approach36 558 

is applied. This method is also used to study the increasing flooding hazard in the 559 

Miami Beach, Florida34.  560 

For the monthly time series of global mean sea level, global mean steric sea level, 561 

or the Greenland and Antarctic Ice Sheet mass loss, we randomly pick a value of the 562 

time series for each calendar year to represent the entire annual average. This step can 563 

theoretically yield 1222 different time series for 22-years of monthly data. We 564 
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randomly choose one thousand series and re-compute their intrinsic secular trend, and 565 

then obtain the mean of the trend, and the spread of the trends provides the confidence 566 

interval. For the yearly time series of glacier and anthropogenic terrestrial water 567 

storage time series, we randomly pick up a value of the time series within the 568 

two-standard-deviation to represent the spread of the time series, and choose one 569 

thousand different series and re-compute their intrinsic secular trend. The rate of the 570 

intrinsic trend is obtained by computing the mean of the time-derivative of each 571 

intrinsic trend and its uncertainty. This approach can also be applied to estimate the 572 

uncertainty of the other IMFs of the time series if the time scale of the function is 573 

longer than month. 574 

Since the higher-frequency variability of the time series is gradually separated 575 

using EEMD, the uncertainty of the intrinsic trend is generally less than the 576 

uncertainty estimation of the linear trend of original whole time series. The 577 

uncertainty of the intrinsic trend at the start and end of data range is relatively large 578 

given the edge effects. This is unavoidable for any temporally local analysis method, 579 

such the Gibbs effect of Fourier transform and the “cone of influence” of wavelet 580 

analysis45. Compared with these methods, the temporal locality of EEMD is smaller, 581 

and so are the uncertainties at the two ends, as discussed in the study of uncertainty of 582 

the global sea surface temperature36.  583 

The above uncertainty estimation of the intrinsic trend does not take into account 584 

systematic (non-averaging) errors terms present in the time series. For the case of the 585 

adjusted GMSL time series, uncertainty associated with the bias drift estimation for 586 

each mission needs to be considered. The above uncertainty estimation method can be 587 

applied to each realization of the time series, with each realization generated sampling 588 

the bias drifts and intra/inter-mission bias and associated uncertainties. Applying the 589 
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EEMD analysis to each time series and estimating the uncertainty of the derived 590 

intrinsic trend gives a joint uncertainty estimation of the instantaneous rate of the 591 

GPS-adjusted GMSL rise (not shown). The slightly higher uncertainty of the 592 

instantaneous rate of the GMSL change (from ±0.6 mm/yr during 1993 to ±0.4 mm/yr 593 

during 2014) reflects the different mission lengths and the split between TOPEX side 594 

A and side B in the early part of the record.  595 
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