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Abstract
We further developed a space–timeKalman approach to investigate time-fixed and time-variable signals in vertical landmotion
(VLM) and residual altimeter systematic errors around the Australian coast, through combining multi-mission absolute sea-
level (ASL), relative sea-level from tide gauges (TGs) and Global Positioning System (GPS) height time series. Our results
confirmed coastal subsidence in broad agreement with GPS velocities and unexplained by glacial isostatic adjustment alone.
VLM determined at individual TGs differs from spatially interpolated GPS velocities by up to ~ 1.5 mm/year, yielding
a ~ 40% reduction in RMSE of geographic ASL variability at TGs around Australia. Our mission-specific altimeter error
estimates are small but significant (typically within ~ ± 0.5–1.0 mm/year), with negligible effect on the average ASL rate. Our
circum-Australia ASL rate is higher than previous results, suggesting an acceleration in the ~ 27-year time series. Analysis
of the time-variability of altimeter errors confirmed stability for most missions except for Jason-2 with an anomaly reaching
~ 2.8 mm/year in the first ~ 3.5 years of operation, supported by analysis from the Bass Strait altimeter validation facility.
Data predominantly from the reference missions and located well off narrow shelf regions was shown to bias results by as
much as ~ 0.5 mm/year and highlights that residual oceanographic signals remain a fundamental limitation. Incorporating
non-reference-mission measurements well on the shelf helped to mitigate this effect. Comparing stacked nonlinear VLM
estimates and altimeter systematic errors with the El Niño-Southern Oscillation shows weak correlation and suggests our
approach improves the ability to explore nonlinear localized signals and is suitable for other regional- and global-scale studies.

Keywords Vertical land motion · Altimeter systematic errors · Altimeter minus tide gauge · Australian region · Sea-level
rise · Time-variability · Residual oceanographic signals

1 Introduction

Vertical land motion (VLM) of the Earth’s surface is a key
link between changes in absolute sea-level (ASL) derived
in a geocentric frame from satellite altimeters (ALTs) and
relative sea-level (RSL) from tide gauges (TGs) attached to
the crust in a local reference frame (e.g. White et al. 2014).
VLM is often assumed to be dominated by glacial isostatic
adjustment (GIA, e.g. Peltier et al. 2018), yet tectonics (e.g.
Bevis and Brown 2014) and climate-induced mass redis-
tribution of the atmosphere, ocean, and continental waters
(e.g. Santamaría-Gómez and Mémin 2015) play a noticeable
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role over various timescales. Anthropogenic effects also con-
tribute at local scales (e.g. Dangendorf et al. 2015; Raucoules
et al. 2013). Quantifying VLM and its possible variability in
time is required to improve our understanding of regional pat-
terns of sea-level rise at the coast, and thus better planning
of adaption strategies.

The Global Positioning System (GPS) has emerged as the
main tool used to quantify VLM at TG locations (e.g. Ham-
lington et al. 2016; King et al. 2012; Santamaría-Gómez
et al. 2012; Wöppelmann et al. 2009). As most TGs are
not yet equipped with co-located or nearby GPS sites, and
GPS-derived ellipsoidal height series are often short in com-
parison with the altimeter records (Bouin & Wöpplemann
2010), approaches seeking to estimate VLM from the com-
bination of ALT and TG measurements have been explored
(e.g. Wöppelmann and Marcos 2016). These studies have
provided new insight into VLM along the coasts yet have
mostly neglected the systematic errors in altimeter datasets.
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Fig. 1 Schematic overview of the altimeter minus tide gauge (ALT-TG)
technique with the key prior assumptions and surrounding open ques-
tions. The ALTs observe absolute sea-level (ASL) at comparison points
(CPs, blue and orange circles). TGs (red triangles) observe relative sea-
level (RSL) at the coast. Also,Global Positioning System (GPS) stations
(green squares) observe ellipsoidal heights to derive vertical landmotion
(VLM). We take the difference of sea-level observations between
ALT CP (e.g. [ASL]ALT1

CP1
) and TG (e.g. [RSL]TG1 ) to derive VLM at

TG locations (e.g. [VLM]TG1 ), mission-specific ALT systematic errors

over a study region (e.g. [Bias]ALT1
CP ), as well as the time-invariant and

time-variant components of the residual (e.g. [Residual]ALT1
CP1, TG1

), while
subsets of tandem and dual crossovers are used. The covariances of
ASL, RSL and GPS height series across time and space are included.
Key assumptions to be tested are listed on the right-hand side. The
potential nonlinearity in ALT systematic error and/or VLM parameters
is also investigated. Figure adapted from Rezvani et al. (2021)

Thesemethods have also been affected by short-scale oceanic
processes that act differently at coastal TG and offshore ALT
measurement locations and thus potentially bias results.

Regionally-correlated systematic errors in altimetry may
arise from accumulated errors in orbits, ranges, and other
environmental and geophysical corrections that otherwise
meet globally averaged mission specifications. These error
contributions are considered as a major challenge to derive
regional ASL with sub-mm/year accuracy (e.g. Fu and
Haines 2013; Ablain et al. 2015; Couhert et al. 2015). Dif-
ferent ocean processes acting between the sample locations
of TG and ALT records have been identified as another pro-
nounced issue in the ALT minus TG approaches (e.g. Nerem
andMitchum 2002; Watson et al. 2015). The extent to which
these residual oceanographic signals become a hard or fixed
limit to the utility of the technique remains a vexing issue
yet to be fully explored. The central proposition of studies
using ALT-TG data to infer VLM, as well as the key prior
assumptions and open questions surrounding the technique,
are shown in Fig. 1.

GPS observations of VLM across Australia suggest the
continent is subsiding overall (e.g. Hammond et al. 2021;
King et al. 2012; Riddell et al. 2020). Recent work by Riddell
et al. (2020) using GPS time series showed the widespread
pattern of subsidence cannot be fully explained by GIA. Ear-
lier work also suggested subtle subsidence from spatially
interpolating linear GPS rates to many Australian TGs (e.g.

Burgette et al. 2013; White et al. 2014). This linear-only
assumption was further challenged by Watson et al. (2010)
who investigated anomalous subsidence on the Australian
plate margin in response to the 2004 Mw 8.1 earthquake
north of Macquarie Island. Riddell et al. (2021) and Ham-
mond et al. (2021) also pointed out that some regions of
continental Australia are subject to small post-seismic relax-
ation which may manifest in the vertical component. Other
known drivers of nonlinearity include hydrological loads
across the continent which are modulated strongly by the
El Niño Southern Oscillation (ENSO, e.g. Han 2017), and
more localized anthropogenic effects, such as across thePerth
basin (e.g. Featherstone et al. 2015).

Estimation of VLM using ALT minus TG records around
Australia has received some attention. Wöppelmann and
Marcos (2016) pointed out that the ALT-TG combinations
are likely to yield reliable VLM estimates in Western Aus-
tralia. Pfeffer et al. (2017) derived VLMs by comparing the
TG and ALT data and suggested a discrepancy with GIA pre-
dictions possibly due to continental tilt and changes in surface
mass loading. More recently, Watson (2020) confirmed the
general pattern of subtle subsidence, from differences taken
between the altimeter and TG observations.

These studies adopted gridded rather than along-track
products, made a linear VLM assumption, and did not con-
sider the potential for residual mission-specific systematic
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errors around the region. Three key and interrelated ques-
tions emerge when seeking to improve our understanding of
VLM around the Australian coast using the ALT-TG tech-
nique. First, could ALT-TG approaches be further developed
to investigate potential time-variable signals in VLM and
altimeter systematic errors? Second, to what extent is the
approach limited by the unknown differential oceanographic
signals betweenTG andALT locations? Third, towhat extent
can the multi-mission along-track data improve spatial sam-
pling and mitigate the latter ocean-induced limitations?

We address these questions by advancing the space–time
Kalman filtering and smoothing method set out by Rezvani
et al. (2021)who applied an early version of the framework to
estimate linear-only signals of VLM and regional systematic
error in the Baltic Sea region using the reference-mission
altimetry records. Here, we consider multi-mission along-
track datasets and simultaneously estimate the time-fixed
and time-variable components of location-specific VLMs
and residual altimeter-specific systematic errors around Aus-
tralia since the early 1990s. We integrate measurements
of ALT minus TG, ALT tandem/dual crossovers and GPS
bedrock heights, accounting for correlated noise and obser-
vational covariances across time and space. To overcome
the singularity of the underlying problem, we develop a
refined multi-stage solution strategy to gradually estimate
the highly correlated unknowns. Sensitivity tests are under-
taken as well as comparing our multi-mission solution to
the reference-mission-only implementation, to assess bene-
fits and limitations of the approach (see Supplementary Sect.
S2.4).

2 Datasets

Our altimeter datasets include 1-Hz along-track ASL from
the reference missions (TOPEX, Jason-1, OSTM/Jason-2,
and Jason-3 with temporal sampling every ~ 9.9 days) and to
improve spatial sampling, the non-reference missions (ERS-
2, Envisat, and SARAL/AltiKa with 35 day, and Sentinel-3A
with 27 day, repeat sampling) with the ground tracks shown
in Fig. 3. Altimeter datasets were retrieved from the Radar
Altimeter Database System (RADS, Scharroo et al. 2013;
data accessed March 31, 2020) and interpolated to offshore
Comparison Points (CPs) spaced by 20 km, spanning from
September 1992 to February 2020, relative to ITRF2008
(Altamimi et al. 2011). The so-called cal-1 mode correction
was not applied to the TOPEX data (Beckley et al. 2017).
Following Watson et al. (2015), TOPEX-side A and -side
B were treated as two different missions. We applied the
solid-Earth tides and then removed the ocean tides and load-
ings using the FES2014 model (Lyard et al. 2021). We used
the AVISO dynamic atmosphere corrections (DACs, https://
www.aviso.altimetry.fr/) for ALT-TG, substituted with the

MOG2D model for ALT crossover series. We applied the
pole tide model to the crossovers, but only the radial body
pole tide component to theALT-TG combinations (e.g. Desai
et al. 2015). Table S1 lists other geophysical and environmen-
tal corrections applied.

We used hourly RSL series from a national network
of 23 TGs accessible from the Australian Baseline Sea
Level Monitoring Project (ABSLMP, and its Supplementary
Stations) operated by the Australian Bureau of Meteo-
rology (http://www.bom.gov.au/oceanography/projects/
abslmp/abslmp.shtml), with the timespan between Jan-
uary 1990 and February 2020 (see Fig. 3 and Table S4).
We limited the TG set to these gauges given they were
sited in areas generally considered well connected to
the open ocean to minimize the impacts of river/estuary
outflow contributing to residual oceanography between
the TG and ALT measurement locations. We similarly
applied the AVISO DACs to the RSL records to account
for the impact of atmospheric pressure changes on the
sea-level variability (White et al. 2014). We then esti-
mated and removed the ocean tides from the RSL records
using the UTide software (Codiga 2011), considering
nodal modulations and the same constituents as those
used in the FES2014b model applied to the ASL time
series.

Daily height series were used from 210 GPS sites pro-
vided by the Nevada Geodetic Laboratory (NGL, Blewitt
et al. 2018; data accessed February 26, 2020). These data
are relative to the ITRF2008 and have a maximum span of
January 1994–September 2019 (noting that from 1994 to
2009 the site distribution is sparse given network densifi-
cation occurred over ~ 2009 to ~ 2014, see Fig. 3 and Table
S5).

For comparison purposes, we linearly interpolated GIA
rates at the TG and GPS locations using an available 0.2°
× 0.2° grid of ICE6G_D model (Peltier et al. 2018, http://
www.atmosp.physics.utoronto.ca/%7Epeltier/data.php, last
accessed November 18, 2018). Note the GIA predictions are
referred to the centre of mass of the solid-Earth (CE) frame,
but VLM trends derived from GPS and ALT-TG are with
respect to the centre of mass of the entire Earth (CM) system
(e.g. Blewitt 2003). Thus, the GIA discrepancy compared
to our VLM estimates are partly associated with the drift of
long-term average CM in the polar direction (Wu et al. 2012).

3 Methodology

3.1 Overview

The basic premise behind our approach is shown in Fig. 1.We
further advanced the Kalman-based methodology developed
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Fig. 2 A flow illustration of our
multi-stage approach to estimate
unknowns within subsequent
solutions in a unified reference
frame. The strategy commenced
with estimating a priori estimates
of linear altimeter systematic
error or bias drift from a priori
knowledge about linear VLMs at
geodetic sites, followed by
improving a priori estimates of
linear VLM, and concluded with
simultaneous estimation of
nonlinear evolution in VLM and
altimeter error parameters.
Having derived the a posteriori
average estimates of altimeter
errors, linear VLMs were then
subsequently optimized
accordingly

Solution 1
Aim: Derive a priori estimates of linear altimeter systematic error 

Use tight constraints on a priori estimates of linear VLM.
Iterate with updated initial states and uncertainties.

Solution 2
Aim: Improve a priori estimates of linear VLM

Use tight constraints on linear altimeter errors from Soln 1.
Iterate with updated initial states and uncertainties.

Solution 3
Aim: Optimize a posteriori estimates of nonlinearity  

in VLM and altimeter systematic error
Use tight constraints on linear VLMs from Soln 2.
Iterate with updated initial states and uncertainties. 

Use tight 
constraints 
on average 
altimeter 

errors from 
Soln 3.

byRezvani et al. (2021) to simultaneously estimate the under-
lying parameters through recursive forward and backward
solutions of the refined multi-stage approach as summarized
in Fig. 2. Our observation vector is defined as:

zq =
[
zATGq zAXOq zGPS

q zPSOq

]T
(1)

that includes nATG ASL minus RSL (zATGq ) series, nAXO
ASL differences at tandem and dual crossovers (zAXOq ), nGPS
GPS heights (zGPS

q ), and nPSO pseudo-observation (PSO)

constraints (zPSOq ) over a study region. Note the subscript
stands for the computational timestep q within the Kalman
framework adopted from the Jason-series altimeter sampling
repeat period (~ 9.9 days), while the superscripts indicate the
observation types.

Wefirst extracted1-Hzalong-trackASLdata fromnALT =
(1, 2, . . . , l) missions at nCP = (1, 2, . . . , j) ALT CPs,
that were then combined with hourly RSL records from
nTG = (1, 2, . . . , i) TGs. We linearly interpolated the RSL
in time to the nearest ASL within a distance threshold of
120 km off the coast, to construct ALT and TG differences
(designated asATGhereon).We removed residual annual and
semi-annual terms using the harmonic analysis of all ATG
observations relating to each CP, while the altimeter-specific
intercepts were estimated simultaneously. For computational
efficiency, we followed thresholds suggested by Rezvani
et al. (2021) to limit our ATG combinations to a maximum of
8 mission-specific ATG series per TG. For later analysis, the
candidate CPs were flagged as being ‘on’ or ‘off’ the conti-
nental shelf based on their relative location to the 200mdepth
contour. Note the ATG series of the non-reference missions

were incorporated at less frequent sampling periods, e.g. for
Envisat, once in every 3rd computational epoch given differ-
ent repeat orbit periods.

We then constructed measurements of tandem/dual ALT
crossover (designated as AXO), through differencing the
ASL data of the two overflying missions at the respective
CPs that were located within 500 km of the coastal gauges.
For computational efficiency, we reduced the numbers of tan-
dem and dual AXO CPs using the same criteria proposed by
Rezvani et al. (2021) as well as applying the additional root
mean squared error (RMSE) and distance thresholds given
in Table S2. We adopted the sampling times of AXO series
as the average times of ASL measurements from each set of
overflying missions. The dual crossover observations were
less frequent than our computational timesteps, hence were
ingested in a similar way as to the non-reference-mission
ATG data.

We then linearly interpolated the daily height series from
nGPS = (1, 2, . . . , k) GPS sites at the measurement times of
the nearestASLseries to arrive at the third typeof input obser-
vations. Note the GPS series were effectively down-sampled
(from daily to ~ 9.9 day sampling) to conform with the com-
putational intervals in our Kalman engine. We retained the
daily sampling data to infer the comparative trends using the
Hector analysis package (Bos et al. 2013).

We further introduced a suite of PSO constraints to take
advantage of preliminary knowledge about the unknowns in
the multi-stage solution strategy. We defined constraints on
linear rates ofVLM in the first solution to approximately esti-
mate linear components of systematic errors in each altimeter
mission that were later used in a subsequent solution to
examine the a priori VLM rates. We constrained the final

123



Vertical deformation and residual altimeter systematic errors around continental Australia… Page 5 of 21    96 

adjustment to the improved velocity field from the latter solu-
tion, to simultaneously resolve temporal evolution in the bias
drift and VLM parameters. We derived the optimised VLM
rates at TGs, once the former solution has been constrained to
the resultant average estimates of altimeter systematic errors.

To allow the investigation of time-variable signals, in an
extension of the method of Rezvani et al. (2021) we differen-
tiated VLM into linear and nonlinear quantities, and further
inspected the potential time-variability in altimeter system-
atic errors. We hence defined the state vector as:

xq = [rqvqδvq sq aqξ q]T (2)

comprised of (i) “time-fixed” unknowns that include vq for
linear VLMs at TG and GPS sites, and sq for across-track
ASL slopes; and (ii) “time-variable” unknowns that include
δvq for nonlinear VLMs, and ξ q for time-dependent noise
of observations. The intercepts aq , defined at initial instants
of the observational series, are dealt with as either “time-
variable” or “time-fixed” parameters, depending on the steps
of our multi-stage approach. The altimeter-specific residual
systematic errors or bias drifts rq were primarily assumed
to be “time-fixed”; however, these were treated as “time-
variable” quantities in the final optimization of the multi-
stage solution.

Our assumption is that TG and GPS data are free from
common-mode systematic error that would otherwise signif-
icantly bias the average RSL at TGs or VLM at GPS sites. It
is well known that individual TGs may be affected by unre-
solved datum jumps (e.g. Wöppelmann et al. 2008) and we
assess this possibility later. It is also well known that GPS
time series contain time-correlated noise (e.g. Williams et al.
2004) which we consider in the following section.

3.2 Kalman framework

We derived the filtered estimates of the state unknowns xq
and covariances

∑
q at all computational instants tKalq in the

forward solution, through the observations up to the compu-
tational instant and the predictions from a dynamic model
linked to the previous a posteriori estimates. In the back-
ward solution, we proceeded with the Rauch–Tung–Striebel
smoothing to attain the a posteriori estimates at each instant
using all observations available throughout the study span.

Following the underlying observational models described
in Rezvani et al. (2021), we formulated the measurement
equation at the timestep q as (e.g. Grewal and Andrews,
2008):

zq = Hqxq + eq (3)

with the observational matrix Hq constructed on an
epoch-by-epoch basis and the Gaussian white noise

eq= [eATGq eAXOq eGPS
q ePSOq ]T accounted for ATG combina-

tions (eATGq ), AXO differences (eAXOq ), GPS bedrock heights

(eGPS
q ) and tight or loose constraints (ePSOq ), that are each

zero-mean and have the variance–covariance (VCV) matri-
ces R(eATGq ), R(eAXOq ), R(eGPS

q ) and R(ePSOq ), respectively.
We undertook spectral analysis of residuals (following

removal of a linear fit) to fill the diagonal elements of the
VCV matrices of the ATG, AXO and GPS observations
(Supplementary Sect. S1.3.2 and Fig. S2). The off-diagonal
elements of thesematriceswere derived fromempirical semi-
variograms of the respective residuals (see Supplementary
Sect. S1.3.3 and Fig. S3). The elements of diagonal R(ePSOq )

were filled with the constraint variances. We considered
R ≡ Rq as the VCV matrix of the measurement noise eq ,
that is notated as:

diag(Rq) = [R(eATGq )R(eAXOq )R(eGPS
q )R(ePSOq )]T (4)

To form the dynamic model, we linearly linked the state
vectors xq and xq−1 at the consecutive instants tKalq and tKalq−1
through (e.g. Grewal & Andrews 2008):

xq = Fxq−1 + εq (5)

characterized by the diagonal transition matrix F, and the

Gaussian state process noise εq = [εr
qε

v
qε

δv
q εs

qε
a
qε

ξ
q]

T
fol-

lowing the VCV matrix Q ≡ Qq , such that:

diag(Qq) = [Q(εr
q)Q(εv

q)Q(εδv
q )Q(εsq)Q(εaq)Q(ε

ξ
q)]

T

(6)

in which the superscripts refer to parameter types for
mission-specific bias drifts εr

q ∼ Q(εr
q), linear VLMs

εv
q ∼ Q(εv

q), nonlinear VLMs εδv
q ∼ Q(εδv

q ), across-track
slopes εsq∼ Q(εs

q), observational intercepts εaq∼ Q(εa
q) and

time-correlated noise ε
ξ
q ∼ Q(ε

ξ
q). Note the elements corre-

sponding to the time-correlated noise in the matrices F and
Q(ε

ξ
q) were filled with the first-order autoregressive (AR1)

coefficients and magnitudes, inferred from the spectral anal-
ysis of the observational residuals (see Supplementary Sect.
S1.3.2).

In practice,we updated the predicted andfiltered estimates
of the state unknowns and covariances if the associated obser-
vations were recorded in the individual timesteps, otherwise
the former estimates of the unknowns and uncertainties were
carried forward. We used singular value decomposition to
invert the underlying large-dimension covariance matrices
across the Australian region, with the matrix sizes of ~ 4000
× 4000 and ~ 7000 × 7000 for the filtering and smooth-
ing gains, respectively. We undertook preliminary analyses
to derive a priori estimates of unknowns and to configure
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the noise content and spatiotemporal covariances within our
framework (seeSupplementarySect. S1.3).Note thatwe con-
sidered the correlations between each set of observational
series but did not assume any spatial correlations between
the unknowns.

3.3 Multi-stage solution approach

In any ALT-TG approach used to infer VLM, the average
VLM estimated across the study region is inherently corre-
lated to any regional systematic bias that may be present in
ALT records. To differentiate between the weighted average
of the VLM across the network and the average systematic
error (bias drift) across the altimeter constellation, we imple-
mented the refined multi-stage solution shown in Fig. 2 (see
Fig. S1 for the detailed flow). We first approximated esti-
mates of time-fixed bias drift per mission in Solution 1 using
tight constraints on our linear VLM datum at TG locations
inferred from GPS-Krig interpolation analysis (Supplemen-
tary Sect. S1.3.1). In Solution 2, we improved a priori
estimates of VLM rates at TGs, by placing tight constrains on
themedian estimates of linear bias drifts from Solution 1.We
detected and excluded outlying ATG records contaminated
with potential RSL datum issues, by visually checking cycle-
by-cycle weighted averages of “white plus AR1” residuals
of ATG observations formed at all CPs relevant to any given
TG (see Supplementary Sect. S1.3.4 and Fig. S4).

We successively sought to resolve nonlinear evolution in
both VLM and bias drift unknowns, with tight constraints on
themedian estimates ofVLM trends generated fromSolution
2. Within a simultaneous adjustment of Solution 3, the time-
variable bias drifts were derived with respect to the weighted
average datums of linear and nonlinear VLMs throughout the
network of TGs. Finally, we repeated Solution 2 to update
the linear VLM estimates at TGs, relative to the weighted
averages of the time-variable bias drift (as the most probable
values) derived fromSolution 3.More details and the process
noise used in our Kalman configuration across the Australian
region are provided in Supplementary Sect. S1.2 and Table
S3.

4 Results

4.1 VLM estimates

4.1.1 Linear VLM

We first applied our methodology to infer time-fixed VLMs
at TGs and nearby GPS sites around the Australian region.
Figure 3a shows the magnitudes and spatial distribution
of our estimates of VLM trend. The GPS-inferred VLM

field reveals that the Australian plate is largely subsid-
ing with weighted mean rates of –0.10, –0.38, –0.95 and
– 0.62 mm/year in the NW, NE, SW, and SE regions, respec-
tively, in general agreement with previous GPS estimates
of subsidence (Hammond et al. 2021; Riddell et al. 2020).
Figure 3b maps the differences between our VLM trends and
the benchmark estimates (i.e. GPS-Krig at TG, and Hector
at GPS locations), and in Fig. 4 as a function of latitude. We
found a good agreement between our linear VLM estimates
andHector-derived trends atGPS sites,with aweightedmean
difference of+ 0.03 mm/year andWRMSE of 0.12 mm/year
(Fig. 4). This comparison identified no statistically signifi-
cant difference, confirming the basic operation of the filter
using the down-sampledGPS series at the ~ 9.9 day intervals.

Conversely, we noticed five TGs (flagged by green
labels in Figs. 3 and 4) with significant differences (1-
sigma) between our VLM trends and spatially interpolated
GPS-Krig velocities (with a weighted mean difference of
+0.06mm/year andWRMSEof 0.73mm/year).We repeated
the samecomparisonbetweenourVLMand ICE6G_D trends
(see Figs. S5 and S6). The weighted mean differences of
our estimates minus the GIA predictions were – 0.42 and
– 0.40 mm/year at TG and GPS sites, with the respective
WRMSE of 0.93 and 1.04 mm/year. Tables S4 and S5 list a
priori and posteriori estimates of VLM at the TG and GPS
locations, respectively.

We compared the estimates of VLM uncertainty from our
solution, scaled by the a posteriori variance factor, with those
from GPS-Krig and Hector approaches (Fig. S7). The aver-
age uncertainties from our approach at the GPS and TG sites
were 0.65 and 0.71 mm/year, respectively, comparable but
marginally lower than 0.83 and 0.87 mm/year inferred from
the Hector-derived (at GPS) and GPS-Krig (at TG) uncer-
tainties, respectively.

Our approach suggests localizedVLM trends at someTGs
around the continent. In particular, the current subsidence
at the FREM TG (VLM rate of – 0.96 ± 0.53 mm/year)
is noticeably closer to zero than the PERT GPS (– 3.02 ±
0.48 mm/year, with a record span of 25 years, and ~ 31 km
away), the HIL1 GPS (– 2.17 ± 0.55 mm/year, with a record
span of 22 years, and~25kmaway), and theHILLTG (–2.38
± 0.52 mm/year, ~ 25 km away). This is broadly consistent
with the findings of Featherstone et al. (2015). We found that
VLM at the FORT TG (+ 0.04 ± 0.77 mm/year) in Sydney
Harbour is marginally, yet insignificantly, different from that
at the KEMB TG (– 0.64 ± 0.67 mm/year with a ~ 75 km
separation), and the FTDN GPS (– 0.61 ± 0.59 mm/year,
with shorter timespan of ~ 7 years, ~ 1 km away).

Our estimates suggest that both the TOWN and CAPE
TGs are subsiding at a comparable rate considering the uncer-
tainty (– 1.75 ± 0.88 mm/year and –1.54 ± 0.73 mm/year,
respectively, separated by ~ 24 km). These rates of sub-
sidence are marginally faster (although insignificant) than
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Fig. 3 Map of (a) our estimates of time-fixed vertical land motion
(VLM), and (b) differences of our approach minus Global Position-
ing System (GPS)-Krig and Hector alternatives at tide gauges (TGs,
squares) and GPS sites (circles), respectively. TGs with significant dif-
ferences at 1-sigma are annotated in green. For clarity, TG latitudes

at the TOWN and FREM locations are shifted by + 0.75 and –0.45
degrees, respectively. The ground tracks of Jason-series and Envisat-
series altimeters are shown in orange and grey, respectively. Note the
different colour scales in (a) and (b)

Fig. 4 Profile of differences in time-fixed vertical land motion (VLM)
plotted against latitude, our estimates minus Global Positioning System
(GPS)-Krig at tide gauges (TGs, blue squares) and our estimates minus
Hector at GPS sites (orange circles). Theweighted average and standard

deviation (STD) of the differences are annotated. Sites with significant
differences at 1-sigma are labelled in green. Error bars are ± 1-sigma
and scaled by the a posteriori variance factor. For clarity, TG latitudes
at the CAPE, CARN and FREM locations are shifted by – 0.45 degrees
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Fig. 5 Weighted average stack of our estimates of time-variable vertical
land motion (δVLM) at tide gauges (TGs, blue line) and coastal Global
Positioning System (GPS) sites (red line) from Solution 3, against the
control stack derived from detrended raw height series (black line). The
smoothed lines show the low-passed results after applying aButterworth

filter to the stacked series. For comparison, the Southern Oscillation
Index (SOI), with the sign reversed, is shown in the lower panel as the
climatic descriptor in the region. The standard deviations (STDs) of the
stacked series are annotated

the TOW2 GPS (– 0.85 ± 0.50 mm/year, spanning
~ 25 years, given ~ 23 km and ~ 1 km away from TOWN
and CAPE gauges). An anomalous uplift of + 0.95 ±
0.71 mm/year was found at the LORN TG, compared with
subsidence of – 0.15 ± 0.70 mm/year from the nearest
TG (STON, ~ 110 km away), and – 0.67 ± 0.59 mm/year
at the nearest GPS (MNGO, ~ 39 km away, and span-
ning ~ 8 years). Noteworthy, the LORN gauge (one of the
ABSLMP supplementary stations) shows the lowest rate
of RSL rise (BOM monthly report, http://www.bom.gov.au/
ntc/IDO60201/IDO60201.202108.pdf), hinting at localized
uplift or an atypical localized oceanographic setting.

4.1.2 Nonlinear VLM

We next sought to examine the ability of our approach to
resolve potential time-variability in site-specific VLMs. To
tune our filter and appropriately distinguish between sig-
nal and noise, we assumed the magnitude of low-frequency
variability present in GPS records located near to the coast
(defined as < 100 km) should be the same as those observed at
TGs, noting ~ 75% of the GPS sites are located within 60 km
off the coast.Given site-to-site variability,we assessed this by
stacking across all relevant sites and computing the weighted
mean per unit time. Our assumptionwas that the STD of vari-
ability in the coastal GPS stack should be approximately the
same as the TG stack. As an external control, we checked our
stacked time series at the TG and GPS sites with the stack
from the original raw GPS height series, that was detrended
outside of our engine. We obtained all stacked series from
Huber Robust estimation using iteratively reweighted least

squares (IRWLS, e.g. Maronna et al. 2006; Rezvani et al.
2015), initially weighted by the inverse of the respective
squared uncertainties.

As shown in Fig. 5, as expected, our GPS-stacked time
series (of “coastal” GPS sites sampled at the Kalman time
step of ~ 9.9 days; red line) corresponded closely to the exter-
nal raw stack (black line). The temporal variability in the
stacked GPS series at the few-mm level is likely to be mainly
driven by changes in TerrestrialWater Storage (TWS) around
the continent, which is in turn modulated by the major cli-
mate modes of the El Niño-Southern Oscillation (ENSO)
and the Indian Ocean Dipole (IOD) anomaly (e.g. Fasullo
et al. 2013).We observed some correlation between theGPS-
stacked series and the Southern Oscillation Index (SOI) used
as a proxy for ENSO (Fig. 5 lower panel). We note this cor-
relation (– 0.22) is weak, yet it is broadly consistent with our
expectation that the hydrological loadings are the dominant
driver of time-variable VLM (e.g. Han 2017; McGrath et al.
2012; Tregoning et al. 2009).

The TG-stacked VLM series (blue line, Fig. 5) showed
some correlation (+ 0.34) with our independent GPS stack
(red line, Fig. 5), yet this is again quite weak, providing lim-
ited evidence supporting our ability to resolve time-variable
VLM.Wedrew the same conclusion from comparing the TG-
and GPS-stacked series over each of the NW, SW, NE, and
NW sub-regions (Figs. S8–S11). Site-by-site comparisons
of nonlinear VLMs show some interesting correlations (e.g.
HEDL, HILL, BROO, ESPE and CAPE TGs with KARR,
HIL1, BRO1, ESPA and TOW2 GPS sites, respectively) yet
significant variability between someTGs and the nearbyGPS
sites is evident (see Figs. S12–S16). We also note that GPS
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series will be affected by some common-mode error that will
affect the stacked series (e.g. Tian & Shen 2016).

This inspection is perhaps a key to understanding where
the technique works well or is inherently limited. This
also highlights an inevitable limitation of our approach in
fully resolving subtle nonlinearity at any individual TG
location. We further return to this point in Sect. 4.4 to
examine the potential relationship of the issue with the dif-
ferential oceanographic signals as a function of distances
between CP and TG sample locations, as well as proxim-
ity/geometry to the coast and the level to which CPs are
located on the continental shelves. We note that capturing
the time-variable VLM (specific to each TG) is important
to resolving regionally-coherent ALT systematic error (i.e.
mission-specific, common to all gauges), and we investigate
this in the next section.

4.2 Altimeter systematic errors

We investigated potential linear and nonlinear components
of altimeter systematic errors in a simultaneous adjustment
where the nonlinear VLMs at TG locations were also esti-
mated. Figure 6 shows the filtered and smoothed estimates
of the multi-mission systematic errors around the Australian
coast. The average values of the smoothed estimates, rang-
ing from – 1.09 ± 0.14 mm/year for Jason-1 to + 4.80 ±
0.26 mm/year for TOPEX-side B, suggest that altimeter bias
drifts are significant in a regional context yet remain within
mission specifications and consistent with the regional error
budget assessments (Ablain et al. 2015). These estimates are
also consistent with regional differences in the leading orbit
products alone (e.g. Belli et al. 2021; Couhert et al. 2015,
2020). We note that the reliability of these time-fixed esti-
mates is dependent upon the accuracy of the linear VLM
datum which was stabilized from the weighted average of
the GPS-Krig interpolations, i.e. we note a systematic bias in
the GPS velocity field would map directly into the altimeter
systematic errors.

The investigation into whether time-variable regionally-
coherent systematic errors were plausible offered an inter-
esting insight, particularly for the Jason-2 mission (Fig. 6).
On first inspection, a significant change in behaviour in the
first ~ 3.5 years of the Jason-2 performance was suspected to
have erroneously arisen in our engine due partly to imperfect
cross-calibration ofEnvisat and Jason-2 up until 2010.8when
Envisat ceased. However, similar patterns were derived in a
solutionwhen the non-reference datasetswere excluded (Fig.
S23). This anomaly for Jason-2 coincides with the remark-
able 2010–12 La Niña period, with a large amount of water
mass on the Australian continent clearly affecting global
mean sea-level (e.g. Boening et al. 2012). We return to this
point in the discussion.

Other mission-specific systematic error time series show
notably less variability than for Jason-2 (see coloured lines,
Fig. 6). Noting the small magnitude of the time-variability,
each series shows some correlation with the low-frequency
variability observed in the SOI series. We note the corre-
lation coefficients of approximately – 0.5 to – 0.6 for the
reference-mission series, and approximately – 0.4 to – 0.6
for ERS-2, Envisat and Sentinel-3A series, except for neg-
ligible correlation for the short SARAL series. This reveals
that appropriately capturing any ENSO-related signal in the
nonlinearVLMdatum (which is expected considering results
in Han et al. 2017) is critical to our ability to appropriately
estimate the time-variable systematic errors of any givenmis-
sion (Supplementary Sects. S2.4.3 and S2.4.4).

4.3 Implications for coastal and offshore ASL

We derived ASL trends by applying our estimates of linear
VLM to RSL rates, determined from the TG data resam-
pled from the non-tidal residuals every ~ 9.9 days. We ran
a Kalman framework with a “white plus AR1” stochastic
model to estimate the RSL trends over the same time-
frame of the altimetry records. We used spectral analysis to
derive tuning parameters including the measurement noise,
as well as the process noise and transition coefficients of
the time-correlated errors. We selected tight process noise
of 10−3 /

√
9.9mm/year

√
s and 10−6 /

√
9.9mm/

√
s (where

s is the ~ 9.9 day Kalman timestep) to tune the estimates
of linear trends and intercepts, respectively. We considered
spatiotemporal covarianceswithin theRSLnoise, from semi-
variogram analysis, up to a length-scale of 750 km (Fig. S3).

We observed spatial inconsistency in the RSL trends at
adjacent TGs around the coast (Fig. 7a). We speculate that
this high spatial variability has a dominant contribution from
localized VLM processes and not highly-localized ocean
processes given the spatial scale involved and general con-
nectivity of most of the gauge locations to the open ocean.
Inspection of the computed ASL trends conversely shows
improved coherence at the adjacent TGs (Fig. 7b).

Using ~ 17 years of data, White et al. (2014) showed that
ENSO effects were largely responsible for a large south-
to-north gradient in ASL trends in the Australian region.
Using a data duration of ~ 27 years, we expected less
influence of ENSO on the ASL trend estimates around
Australia. We also expected very similar spatial variabil-
ity to the altimeter-derived ASL maps produced by other
groups (e.g. https://sealevel.colorado.edu/trend-map; https://
doi.org/10.5067/SLREF-CDRV3). The open question is
whether residual oceanographic signals (specific to a TG and
CP pair) bias our estimates of VLM and generate a spatially-
coherent ASL field at the TGs which may inappropriately be
comparable to the offshore altimetry.
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Fig. 6 Time-variable systematic errors of (top) non-reference and
(middle) reference altimeters, simultaneously estimated with the time-
variable vertical land motions (δVLMs) in Solution 3. Note the
convergence between the estimates from filtered (black lines) and
smoothed (coloured lines) solutions. The mission-specific averages of

smoothed bias drifts are annotated with the 1-sigma uncertainties that
have been scaled by the a posteriori variance factor. The filter-based
uncertainties are also given in brackets. The sign-inversed Southern
Oscillation Index (SOI) is shown in the lower panel. The non-reference
and reference cycles are annotated on the top axes with the same colours

Our approach did yield a more spatially-coherent set of
ASL estimates at TGs compared to those computed using
GPS-Krig and GIA VLM rates (compare Figs. 7b and S19).
Based on our assumption of negligible contribution to the
trend from residual ocean signals, this suggests that localized
VLMtrends at theTGs cannot be reliably inferred fromeither
spatially interpolated GPS or GIA outputs–each of which
would result in an inadequate representation of likely ASL
variability in the region. Table S4 lists the RSL and ASL
estimates at the TG locations.

To further examine the spatial variability in ASL rise, we
fitted a quadratic polynomial to the underlying sets of ASL
estimates as a function of latitudes in the SE-NW direction
(hereon referred to as the reduced latitudes, Fig. S20). As
expected, these show a reduced south-to-north gradient in
ASL trends compared to White et al. (2014). The RMSE
of our ASL trends about the fitted model is 0.39 mm/year,
compared with 0.67 and 0.75 mm/year from GPS-Krig and

GIA estimates. This implies a ~ 42 and ~ 48% reduction in
variability of the geographical ASL trends at TGs (in the SE-
NW direction), when using our VLM estimates compared
to GPS-Krig and GIA, respectively. Our estimates suggest a
weighted averageASL rate of+ 3.40± 0.34mm/year around
theAustralian coast with the highest values at individual TGs
in the NW (around ~ 5.0 mm/year) and the lowest in the SE
(around ~ 2.5 mm/year).

We evaluated the consistency of our TG ASLs with
ASLs computed from the Jason- and Envisat-series altime-
try dataset alone—again, assuming negligible contribution
from residual ocean signals between the TG and altimeter
CP locations. To do this, we computed the altimetry ASL
trends outside of our engine yet applied our corrections for
time-varying mission-specific bias drifts (Fig. 6) and relative
intra- and inter-mission biases (Figs. S17 and S18). We com-
puted a Kalman filter and smoother solution with a “white
plusAR1” stochasticmodel to derive theASLestimates at the
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Fig. 7 Map of (a) relative sea-level (RSL) trends, and (b) resul-
tant absolute sea-level (ASL) rates at tide gauge (TG) locations
after applying our estimates of linear vertical land motion
(VLM), derived from the multi-mission solution, over the
same timeframe (1992.7–2020.1). TGs with 1-sigma significant

VLM differences from Global Positioning System (GPS)-Krig
interpolations are highlighted with green annotations. For clarity,
TG latitudes at the TOWN and FREM locations are shifted by
small amounts. The ground tracks of Jason-series and Envisat-series
altimeters are shown in orange and grey, respectively

already used CPs over the satellite era. We undertook spec-
tral analysis to derive the measurement noise, the process
noise of time-correlated errors, and the AR1 transition coef-
ficients. We assumed the same process noise used from RSL
trend analysis to estimate the linear trends and CP-specific
intercepts. Spatiotemporal covariances within the ASL noise
were also applied up to a length-scale of 750 km, from the
relevant semi-variogram analysis (Fig. S3).

As expected, we found a good agreement between our
ASL estimates at TG and CP locations, confirming the geo-
graphical dependence in ASL rise, relative to the SE-NW
direction in the region (Fig. 8). The inferred ASL estimates
at altimetry CPs show RMSE of 0.46 mm/year once fitted
with a polynomial reduced to the SE-NWdirection, and yield
a weighted average ASL rate of + 3.51 ± 0.26 mm/year.
Comparing our estimates of coastal ASL at TGs to offshore
ASL at the nearest CPs shows the differences do not exceed
~ ± 1.1 mm/year, on a per TG basis. This range reaches
~ ± 1.8 and ~ ± 2.3 mm/year, once GPS-Krig and GIA
interpolationswere substituted in place of ourVLMs, respec-
tively.

4.4 Implications for the approach: differential
oceanography

To probe the presence and potential impact of residual
oceanographic signals, from Solution 3, we computed the
“white plus AR1” noise magnitudes of ATG combinations
between each pair of TG and CP pertaining to each mission
series. Figure 9 shows the results versus the distances of CPs
from respective TGs and the coast around the region, while
distinguishing whether the CPs were ‘on’ or ‘off’ the conti-
nental shelf (defined as the 200 m depth contour).

The ATG noise magnitudes generally increased as a func-
tion of CP distances from either TGs or the coast, though this
dependence becomes more pronounced as a function of the
CP separation off the coast (Fig. 9). Both distance metrics
are influenced by relative geometry of the coast and satel-
lite ground tracks. Further, the highest magnitudes of ATG
noise were often associated with CPs located off the con-
tinental shelf (bold black dots, Fig. 9), where the offshore
ocean dynamics are likely to be substantially different in
comparison with the coastal on-shelf conditions.

We then investigated the regional pattern of the magni-
tudes of time-variableVLMagainst themagnitudes of “white
plus AR1” ATG noise (for each mission series) on a per
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Fig. 8 Profile of absolute sea-level (ASL) trends at tide gauges (TGs)
using relative sea-level (RSL) plus our linear vertical land motion
(VLM) from the multi-mission solution, Global Positioning System
(GPS)-Krig, and ICE6G_D glacial isostatic adjustment (GIA) predic-
tions, compared with those derived at comparison points (CPs) using

altimetry alone after applying estimated bias drifts and relative biases.
Solid and dashed lines show a quadratic polynomial fitted to each set of
ASL estimates per latitude reduced to the SE-NW direction with root
mean squared error (RMSE) annotated in the legend. Error bars are
± 1-sigma scaled by the a posteriori variance factor

Fig. 9 The “white plus AR1” noise magnitudes of altimeter minus tide
gauge (ATG) series from Solution 3 as a function of distances of com-
parison points (CPs) from (a) TGs and (b) coast, for the Jason-series,
Envisat-series, and Sentinel-3A constellations (colours). Note an intrin-
sic increase in the noise level as a function of the distances, though this

pattern is more evident in the distances to the coast compared to the
distances to TGs. CPs located “on” and “off” the continental shelf are
differentiated with grey and bolder black dots (defined as the 200 m
depth contour)

TG basis (Fig. 10). Sites adjacent to the narrow continental
shelf such as FORT are interesting—the ATG noise scatter
is high, consistent with the differential oceanographic sig-
nals, and manifested by large numbers of CPs located off the
narrow shelf. However, the nonlinear VLM variability at this
site is moderate, which likely highlights the beneficial effect
of Sentinel-3A data (with low-magnitude ATG noise) in the
integrated adjustment. This is further confirmed by compar-
ing the RMSE of nonlinear VLM variability of this gauge,

derived from the multi-mission and reference-mission-only
solutions, of 2.37 mm versus 2.86 mm, respectively.

Given the magnitude of changes in TWS, we expected
the TGs in the North and North-West regions (i.e. DARW,
BROO, HEDL, and to a lesser extent given far-field effects,
BOOB) to be associated with significant nonlinear VLM.
This was the case, however, these sites were also associated
with large ATG noise which is likely driven by the unique
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Fig. 10 Spatial variability in the root mean squared error (RMSE) of
nonlinear vertical land motion (green bars, δVLM, right-hand axis)
and “white plus AR1” noise magnitudes of altimeter minus tide gauge
(ATG, left-hand axis) observations, pertaining to the Jason-series (blue),
Envisat-series (orange) and Sentinel-3A (purple) constellations on a per

TG basis. Note the different y-axis scales. Comparison points (CPs)
located “on” and “off” the continental shelf are differentiated with grey
and bolder black dots (defined as the 200 m depth contour). TGs are
ordered anti-clockwise, commencingwith TOWN located on theNorth-
East coast of Australia

coastal geometry of these shallow-shelf areas, and the pos-
sible impact of various shelf-based resonances in the region.
This hints that the engine was not appropriately separating
these two components of nonlinear VLM and ATG noise,
which reveals the limitation of the approach in these com-
plex regions. Conversely, the filter was working well in some
cases such as ESPE and HILL gauges as evidenced by com-
parable localized variability to the nearby GPS sites (Fig.
S13).

Investigation into the regional pattern of variability on a
per TG basis further supports a relationship between theATG
noise magnitudes and distances between CPs and the coast
(rather than the distances to TGs). Sites with high-magnitude
ATGnoise typically had higher distances between theCP and
the coast, with less discernible correlation with the CP and
TG separations (compare Fig. 10 with Fig. S39). Also, the
CPs located ‘off’ the shelf had significantly greater noise in
most cases. Given the ground-track geometry, the median
distances of the non-reference CPs to the coast were slightly
less than those pertaining to the Jason-series missions. A
lower median ATG noise was thus observed for the non-
reference-mission CPs, compared to those of the reference
missions. This suggests the effects of different oceanographic
regimes at the CP and TG locations, specifically in the cases
where the CPs were located off the narrow continental shelf.

Differentiating CPs based on their location with respect
to the continental shelf provides further insight into the
technique.We found that ~ 15, ~ 7 and 6% of our ATG obser-
vations were formed using off-shelf CPs pertaining to the
Jason-series, Envisat-series and Sentinel-3A constellations,
respectively. TGs adjacent to narrow stretches of continen-
tal shelf (i.e. HILL, FREM, PORT, SPRI, KEMB, FORT
and BRIS) had the highest number of the off-shelf CPs. For
these gauges,we separately computedATGnoisemagnitudes

using CPs that were either ‘on’ or ‘off’ the shelf (Fig. 11).
The ATG noise at these gauges are noticeably increased for
off-shelf CPs, especially in the case of Jason-series combi-
nations, and particularly for gauges located adjacent to the
highly dynamic East Australian Current (i.e. KEMB, FORT
and BRIS) (see Figs. 10 and 11).

We lastly computed the VLM rates of these adjacent
TGs separately using only the ‘on-shelf’ versus ‘off-shelf’
ATG combinations, respectively (Fig. 11). The comparison
of these VLM estimates suggests the presence of insignifi-
cant residual trends up to approximately ± 0.5 mm/year in
the ATG differences on a per TG basis, likely due to different
sampling the oceanographic signals at these gauges and the
off-shelf CPs. This provides a highly useful insight into the
ALT-TG technique, motivating future investigations.

4.5 Residuals and a posteriori analysis

We undertook a suite of quality control tests to understand
the efficiency of our Kalman performance in capturing the
unknown parameters that evolve across time and space (see
Supplementary Sect. S2.6). We first monitored the tempo-
ral convergence between the forward filtered estimates and
the smoothed estimates for each set of site-specific param-
eters in the state vector: intercept, across-track ASL slope,
linear VLM, and nonlinear VLM, at each different stage of
the multi-stage approach (see Figs. S40–S43 as an example
of each parameter for a representative CP and TG pair). Sec-
ond, we evaluated estimates of averaged “white plus AR1”
ATG noise (on a per TG basis) across all missions in the
subsequent solutions (see Figs. S44 and S45 for an illustra-
tive example). Third, we investigated the spatial variability
in the derived ASL slopes, with respect to the a priori val-
ues from the DTU15 mean sea surface (Fig. S47). Failure of
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Fig. 11 The “white plus AR1” noise magnitudes of altimeter minus
tide gauge (ATG) series, pertaining to the Jason-series, Envisat-series
and Sentinel-3A constellations associated with the TGs adjacent to nar-
row stretches of continental shelf. For each gauge (identified in each
column), for each constellation (identified by colour), ‘on-shelf’ com-
parison points (CPs) are shown on the left (darker colour shade) and

‘off-shelf’ CPs on the right (light colour shade). Note, for each constel-
lation, the percentage of the ATG observations associated with CPs that
are located on the shelf is annotated. The linear vertical land motions
(VLMs) at TGs computed using only on- or off-shelf CPs are annotated

these tests warn of anomalous cases that likely have inappro-
priate settings for the state process noise, which are unable
to decorrelate the signals and noise in the solutions.

Tomonitor the stability of the time-fixedVLM“datum” in
our solutions, we compared our multi-mission VLM trends
against the GPS-Krig interpolations at TGs (Fig. 4). This
reveals that the weighted average of discrepancy in the GPS-
Krig and our estimates of VLM “datum” does not exceed the
average uncertainty (i.e. ± 0.69 mm/year derived nominally
as the standard error from GPS-Krig uncertainties). We fur-
ther computed theweighted average of our estimates of linear
TG VLMs per cycle and monitored the stability over time to
ensure there was no spatially-correlated common-mode vari-
ability reflected in the resultant VLM datum (see Fig. S46);
this otherwise would lead to significant step-change in the
estimates of mission-specific systematic error. This analysis
further supports the reliability of the significant bias drift esti-
mated for the TOPEX-side B mission over the study region.

Finally, we checked the weighted average stack of the
“white plus AR1” noise estimates of the ATG combinations
to assess the presence of any uncaptured trends or time-
varying signals over the region (Fig. 12). As expected, the
RMSE values over our domain were marginally higher than
those from global studies (e.g. Beckley et al. 2017; Nerem
et al. 2018), yet comparable with our previous work over
the Baltic Sea region (Rezvani et al. 2021). This investiga-
tion reveals that negligible signal remains unmodelled in the
ATG residuals, which supports the validity of our a priori

assumptions and that our filter was tuned appropriately. We
refer the readers to Rezvani et al. (2021) for further informa-
tion about the tuning process and performance evaluations.

5 Discussion

We have investigated time-fixed and time-variable compo-
nents of site-specific VLMs and mission-specific systematic
errors around the Australian continent using a novel analy-
sis of altimetry, GPS, and TG records. A key assumption of
our approach is that GPS-Krig interpolations at TG locations
were sufficiently accurate to stabilize an a priori VLM “da-
tum” for the initial determinationof time-averagedbias drifts.
As noted byRezvani et al. (2021), a network-widemean error
in the a priori VLM “datum” has the potential to map into
the average mission-specific altimeter systematic error. The
inclusion of localized nonlinear VLM at TGs into the mea-
surement model established an a posteriori VLM “datum”
to subsequently distinguish the potential time-variability in
the altimeter systematic errors. A key assumption used to
tune our filter is that the magnitude of time-variability is
expected to be comparable between TGs and GPS (in the
coastal zone), given the likely common-mode influence of
deformation caused by hydrological loading. This assump-
tion is made despite the difference in spatial sampling of the
associated networks in the coastal zone and the presence of
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Fig. 12 Cycle-by-cycle weighted average stack of “white plus AR1”
residuals of altimeter minus tide gauge (ATG) formations in the region,
inferred from the last solution of our multi-stage approach, with root

mean squared error (RMSE) of mission-specific noise annotated. The
observational cycles of non-reference and reference satellites are shown
on the top axes with the same colours

technique-specific errors in GPS solutions (e.g. Tregoning
and Watson 2009).

Our estimates of linear VLM showed awidespread pattern
of subsidence of the Australian coastline, with the median
trends of – 0.55 and – 0.66 mm/year at the GPS and TG sites,
respectively. Comparing these with the median of ICE6G_D
GIA predictions highlights a discrepancy of ~ 0.45 mm/year,
which is broadly consistent with Riddell et al. (2020) and
partly explained by our lack of treatment of frame differ-
ences between the GIA model and ITRF (e.g. Sun and Riva
2020). This discrepancy reduced to ~ 0.39 mm/year after
applying these corrections, which was further supported by
the median difference of ~ 0.38 mm/year in comparison with
the a priori GPS-Krig VLM rates. We note that Riddell et al.
(2020) was unable to attribute the observed subsidence to
a known geophysical source, but Riddell et al. (2021) and

Hammond et al. (2021) suggested there may be additional
contribution from post-seismic signals since 2004.

Comparing the time-fixed VLMs at TGs with the nearby
GPS stations reveals very local-scale differences within
15 km, yet a negligibleweighted average difference across all
sites of – 0.12 mm/year. The variability in these differences
was quite high, with the STD of 0.81 mm/year and WRMSE
of 0.73 mm/year. Note that differences in timespans of the
TG and GPS records will contribute to this variability (com-
pare Tables S4 and S5). Our VLM trends, applied to the RSL
records, generally improved the spatial coherence in ASL
rates at TGs around the region. The scatter of our TG ASLs
was 0.56mm/year, significantly smaller thanwhenGPS-Krig
(0.94 mm/year) or GIA (0.97 mm/year) were used. Also, our
scatter of ASL estimates was slightly better than the solution
when altimeter systematic errors were constrained to be zero
across the satellite era (0.56 vs. 0.64 mm/year, Fig. S38).
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In a regional context, the scatter of our ASL estimates was
0.52, 0.43, 0.29, and 0.15 mm/year in the NW, SE, NE, and
SW of Australia, respectively. These results suggest that we
detected real spatial variability in time-fixed components of
VLM, calling into question the adequacy of GPSVLMKrig-
ing (interpolating comparatively short records) and GIA to
any given TG location in the region. As an alternate hypoth-
esis, the differential oceanographic trends at least partially
bias our VLMs that subsequently enforces the reduction of
the spatial variability of ASL estimates across the region.

We estimated an average rate of ASL rise at TGs to be
+ 3.40 ± 0.34 mm/year, which is well supported by the
average estimate of + 3.51 ± 0.26 mm/year from ALT
records at CPs (as expected). The ALT rates were com-
puted after applying the time-variable altimeter systematic
errors (Fig. 6) as well as relative intra- and inter-mission
biases (Figs. S17 and S18). There appeared to be a slight
(but insignificant) SE-NW gradient in ASL trends (+ 3.24
± 0.33 to + 3.83 ± 0.69 mm/year) with the North and
North-West areas exposed to the higher rates, potentially in
response to the ENSO-related effects (White et al. 2014).
Compared to the large spatial gradient in trends described
by White et al. (2014), our estimates show a reduction in
the regional variability of ASL around Australia (especially
in the spatial gradient as described above), likely less influ-
enced by ENSO-related effects due to the 10 year increase
in the data span in our study. Having adjusted for the effects
of changing ocean volume caused by GIA (Peltier 2004),
our average rates of sea-level rise increased to+ 3.80± 0.34
and+ 3.87± 0.23mm/year for TG andALT records, respec-
tively, which are ~ 1.0 mm/year higher than that fromWhite
et al. (2014) who used data up to the end of 2010. These
suggest the potential of an acceleration in sea-level around
Australia, consistent with findings across the Oceania region
from Wang et al. (2021). Our adjusted ASL estimates also
appeared marginally higher than the global rate of sea-level
rise (+ 3.40 ± 0.22 mm/year, over approximately the same
time period, updated from Beckley et al. 2017).

Our approach suggests small but significant systematic
errors in the Australian altimeter records, with the potential
of nonlinear variability over a mission lifespan. The time-
variable behaviour of the estimated Jason-2 systematic error
is noticeable and further supported by analysis of the absolute
bias series from the Bass Strait altimeter validation facility
(e.g.Watson et al. 2020), where a similar signal was observed
and remained unexplained.Wenote thatGPS records confirm
that this signal is not associated with anomalously high VLM
during this period. Beckley et al. (2012) reported a similar
feature in Jason-2 data as part of an analysis that prompted
improved time-variable gravity field modelling used in the
process of precise orbit determination for the Jason-2 mis-
sion. Whether the atypically strong 2010–12 La Niña (see
Fasullo et al. 2013) remains inadequately modelled by the

low degree and order time-variable gravity field used in the
orbit determination, or whether there was, for example, an
alternate driver such as a common differential steric change
between TG and CPs driven by enhanced continental water
runoff/discharge, remains to be determined. Comparing solu-
tions when the altimeter systematic errors were treated as
time-fixed or time-variable quantities suggests that the mag-
nitude of the bias drift anomaly with Jason-2 was at least
partly influenced by the extent to which continental load-
ings are expressed in VLM (Figs. S26 and S27). There were
no other comparably large ENSO events (which involved a
constructive alignment of variousmodes of climate that influ-
ence the Australian TWS, e.g. Fasullo et al. 2013) over the
study period to enable further comparison or investigation.
The Envisat mission had also finished by this time preventing
further cross-calibration to isolate the cause. Other drivers
such as residual errors in precise orbit determination and the
impact of mismodelled geocenter motion cannot be ruled out
(e.g. Belli et al. 2021; Couhert et al. 2018, 2020).

Aswith previousALT-TG studies, thiswork remains pred-
icated on the hypothesis that there is no significant trend in the
difference of absolute sea-level between TG and ALT (CP)
measurement locations. Oceanographic signals are expected
to differ between the coastal and offshore locations driven
by a range of local-scale influences such as wind stress, river
runoff and coastally-trapped propagations as well as large-
scale effects associated with circulation (e.g. Ponte et al.
2019). In particular, it is well known that Australia’s east
coast is dominated by the energeticwestern boundary system,
the East Australian Current (EAC, e.g. Cetina-Heredia et al.
2014; Ridgway and Hill 2009). The EAC flows southward
interacting with bathymetry and water masses well offshore,
moving on and off the continental shelf cyclically with likely
impact on the on-shelf circulation (Archer et al. 2017). The
extension of the EAC (~ 31–33°S) has strengthened and
extended further southward along Australia’s south-eastern
coast, becoming warmer and saltier (e.g. Johnson et al. 2011;
Suthers et al. 2011), leading to higher-than-average rates of
sea-level rise well off the shelf. The extent to which these
highly variable ocean-dynamics influence gradients across
the narrow shelf coast is uncertain. Such gradients have the
potential to contribute to the residual trends in the ATG dif-
ferences considered in the region.

Our investigation reveals that the residual trends of abso-
lute sea-level driven by differential ocean signals may at least
partially contribute to what we inferred to as localized TG
VLM, despite the siting of chosen TGs mostly in locations
well connected to the open ocean. The FORT gauge is an
interesting example which sits adjacent to the narrow shelf
and in close proximity to the intensifying EAC. For this TG,
~ 69% and ~ 13% of the Jason-series and Envisat-series
CPs were located off the continental shelf. Comparing the
time-fixed VLM estimates of this gauge using solely the
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on- and off-shelf ATG combinations highlights the likely
effect of sampling biases given a differential ASL rate of
~ 0.5 mm/year (Fig. 11).

Our investigation shows that the ATG noise increased as a
function of the CP distance from the coast or TGs, in which
the highest magnitudes were often associated with the CPs
off the narrow shelf in the EAC as discussed above (Figs. 9,
10 and 11). We also found the largest noise magnitudes were
mostly associated with TGs installed in high-latitude regions
that are more exposed to the climate-induced TWS variabil-
ity (consistent with noise analysis by Burgette et al. 2013;
White et al. 2014). This increased noise may be driven by
the unique coastal geometry of these shallow-shelf areas,
and the possible impact of various shelf-based resonances in
the region. We note that the increased noise associated with
these CPs is inherently incorporated into the Kalman engine
with the effect of down-weighting the respective ATG series
in the solution adjustment, as compared to those formed with
CPs located well on the shelf with reduced noise amplitudes.
Thus, we consider the ~ 0.5 mm/year difference in VLM as
mentioned above to be an upper bound of residual trends in
the ASL estimates using only on- and off-shelf CPs, for the
dataset used here.

Owing to the likely impacts of residual oceanography, our
estimates of nonlinearVLMshowed high variability between
some TGs and the nearby GPS, particularly those located in
the geometrically complex coastal regions. Therefore, our
approach was not able to capture subtle geophysical signals
such as the far-field post-seismic relaxation of the North-
West coast as identified in GPS data by Riddell et al. (2021).
Site-by-site inspection reveals that there was a spatial coher-
ence in the variability of the nonlinear TG VLMs and the
ATG noise for TGs in the North and North-West regions
(Fig. 10). These emphasize that the localized variability at
some TGs was likely contaminated with residual oceano-
graphic signals (Figs. S12–S16). Conversely, the stacks of
nonlinear VLM estimates at TG and GPS sites show quite
comparable variability (Fig. 5, and Figs. S8–S11), indicating
the method had some skill in capturing the common-mode
deformation around the continent likely driven by surface
loadings.

The impact of differential oceanographic signals was
somewhat mitigated by adding non-reference-mission data
with the spatial sampling typically closer to the gauge loca-
tions and with the higher percentage of CPs located well
on the shelf. Given the reduced noise of the ATG obser-
vations pertaining to on-shelf CPs (Fig. 11), we benefited
from including all altimeter missions in the integrated solu-
tion (see Supplementary Sect. S2.4.1 and Figs. S21–S25).
Regardless of the advantages of the multi-mission solution,
in many cases we continue to lack ALT data adjacent to the
TG locations (hence coastal retracking has only limited ben-
efit). This returns us to the vexing question of sampling the

same ocean signals, which is a hard limit on the utility of all
ATG-type techniques in fully resolving site-specific VLM
and its evolution in the regions with complex geometry, nar-
row shelf widths and dynamic oceanic conditions. This also
underscores the inherent challenge of separating the tempo-
ral evolution of the altimeter systematic errors from localized
variability in the final step of our multi-stage solution strat-
egy.

Like all Kalman-type engines, our approach requires
appropriate settings and tuning for measurement noise and
random-walk process noise within the context of the study
region and our a priori assumptions. In contrast to the ini-
tial work by Rezvani et al. (2021), we considered a more
flexible functionalmodel forVLM,with the inclusion of non-
linear variability besides the linear movements. As opposed
to the TG VLMs, the estimated bias drifts were thus quite
unaffected by either small unresolved datum shifts below
our detection resolution or residual oceanographic signals,
which is an advance of the recently developed approach.
Our approach could be further improved to remove the har-
monic ocean tides given we only considered the standard
34 constituents (including M4) in our analysis, as used by
FES2014b. The effects of internal tides were also not con-
sidered yet would likely contribute to the ATG noise in some
regions around Australia (particularly at some CPs located
offshore of the NW coast). Overall, the enhancements pre-
sented here potentially makes the technique applicable to
tectonically highly dynamic areas exposed to abrupt changes
in VLM signals either due to sudden ice-mass loss or large
earthquakes.

6 Conclusions

We developed a Kalman-based methodology to simulta-
neously estimate site-specific VLM and altimeter-specific
systematic errors around Australia since the early 1990s
using ALT minus TG, tandem/dual crossover, and GPS
height series. To copewith singularity of the underlying prob-
lem, we gradually separated the highly correlated unknowns
in the presence of noise across space and time. The presented
method advances the ATG technique by (1) assimilating
multi-mission records; (2) exploring nonlinearity in both
altimeter drift and VLM terms; and (3) assessing the likely
contribution of residual oceanographic signals by consider-
ing altimeter measurements located ‘on’ and ‘off’ narrow
shelf regions.

Our approach confirms the widespread subsidence of the
Australian coast that is not explained by GIA alone, with
the weighted average rates of – 0.10, – 0.38, – 0.95 and
– 0.62 mm/year for GPS sites in the NW, NE, SW and SE
sub-regions, respectively (note the result in the SW region is
affected by localized anthropogenic signals across the Perth
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basin).We detected localized VLM trends at some TGs, rela-
tive to velocities from nearby GPS sites located within 15 km
(STD of 0.81 mm/year, andWRMSE of 0.73 mm/year), with
typical uncertainties of 0.71 and 0.87 mm/year for the ALT-
TG and GPS-Krig estimates, respectively. Our TG VLMs
generally improved the spatial coherency in the resultant
ASL trends, with a ~ 42% and ~ 48% decrease in the RMSE
of a fitted quadratic polynomial per latitudes reduced to
the SE-NW direction, compared to the GPS-Krig and GIA
rates, respectively. These suggest that Kriging interpolation
of velocities from existing GPS sites and GIA predictions to
any given TG location will be inadequate for the purpose of
ASL determination. An alternate interpretation is that resid-
ual trends in absolute sea-level between the TG and ALT
CP locations, driven by differential oceanographic signals,
were biasing the estimated VLMs and artificially imposing
the altimeter ASL on the TG locations, therefore reducing
the variability of ASL at TG sites.

Our approach enables some interrogation of the often-held
assumption of zero residual trend in the ATG observations.
We found the high ATG noise pertaining to the Jason-series
were generally associated with CPs located off narrow con-
tinental shelves and well separated from the coast. The
opposite was the case for non-reference-mission ATG series
given their locationwell on the shelf and closer toTGs (owing
to their different ground-track spacing). The FORT gauge
provides an interesting example given its location adjacent
to a complex western boundary current system and narrow
shelf widths (~ 25 km, Cresswell et al. 2017). VLMs for this
gauge computed using only on- and off-shelf CPs revealed
residual difference of ~ 0.5mm/year. The relatively lowmag-
nitude of these differences adds weight to the ability of our
filter to adequately down-weight observations form noisier
CPs and separate the signal from noise. These effects do,
however, hinder the ability to resolve small site-specific non-
linear VLM such as the small post-seismic relaxation signal
along the NW Australian coast as identified by Riddell et al.
(2021).

The application of our VLMestimates to TGRSL yield an
average ASL rate of + 3.40 ± 0.34 mm/year at TGs, unsur-
prisingly in close agreement with the average estimate of
+ 3.51 ± 0.26 mm/year derived from ALT alone at our
CP locations. Our use of an additional ~ 10 years of data
(~ 27 years in total) attenuated the effect of ENSO on the
ASL gradient across Australia as earlier reported by White
et al. (2014). After adjusting the GIA-induced ocean volume
changes, our average rate of sea-level rise is noticeably higher
than that from White et al. (2014), suggesting an accelera-
tion in sea-level consistent with findings across the Oceania
region from Wang et al. (2021).

We detected small but significant altimeter-specific drifts
(ranging from –1.09mm/year for Jason-1 to+ 4.80 mm/year

for TOPEX-side B), which are consistent with the geographi-
cally coherent differences between the leading orbit solutions
over single mission durations (e.g. Belli et al. 2021; Couhert
et al. 2015, 2018, 2020). The altimeter-specific drifts had
a negligible effect on the average rate of regional sea-level
change over the full altimetry era. We identified an anomaly
in the early period (~ 2008.5–2012) of the regional Jason-2
performance, which was also observed and remained unex-
plained in results from the Bass Strait altimeter validation
facility (Watson et al. 2020). Further work is required to
investigate and attribute this signal (e.g. assess possible inad-
equate representation of the anomalously large 2010–2012
La Niña event and its potential impact on orbit determina-
tion).

The separation of site-specific, nonlinear VLM at TGs
from mission-specific, nonlinear systematic errors in altime-
try in the Australian region is challenging given the potential
for ENSO-related variability in both, as well as in the ATG
observations (particularly for those with large separation dis-
tances as mentioned above). Our approach does however
provide useful insight into placing bounds on potential spatial
and temporal variability of regional altimeter errors, VLM
and ASL around the Australian coast.

The limitations of the ALT-TG approach, especially in
areas with narrow continental shelves, emphasize the ongo-
ing need to install GPS directly at the TG or the nearest
feasible locations (Woodworth et al. 2016). There is also
an ongoing need to further develop high-resolution regional
ocean models that resolve a full suite of coastal ocean
processes (Ponte et al. 2019). Such models are presently
unavailable for Australian shelf waters, and hence are unable
to be utilised here. Our data-driven approach can be imple-
mented in other study regions to examine nonlinear VLM
for geophysical studies, and to test the assumption of zero-
differential VLM between the TG and nearby GPS sites.
Such investigationswill assist in further advancing the under-
standing of impacts of climate change on regional and global
sea-level change.
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