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Executive Summary 
 

Satellite data has been used  to estimate changes in groundwater in the Great Artesian Basin. 
Previous reports have used estimates of changes in total water storage – coupled with 
(observed or modelled) estimates of soil moisture, surface water and vegetation canopy water 
– to derive changes in groundwater over Australia. 

In this report the remote sensing data of changes in total water quantity (from the GRACE 
space gravity mission) and upper levels of soil moisture (from the SMOS soil moisture 
mission) are combined with a land surface model through a process called data assimilation. 
The observational information from the satellite data augments the hydrological modeling 
through mathematical representations of the processes occurring plus forcing data sets such 
as precipitation, temperature and wind speed. The outputs of the data assimilation processes 
are estimates of changes in water in different layers, including surface, shallow soil, root zone 
and deeper groundwater. 

In this study, total water storage from GRACE and soil moisture (0-10 cm depth) were 
assimilated into the W3 hydrology model. Two GRACE total water storage solutions were 
used: mass concentration (mascon) geometry that followed surface catchments and geometry 
that followed aquifers.  

Estimates of total water storage that included data assimilation have greater agreement with 
the total water storage derived directly from GRACE data than do the so-called open loop 
values from the W3 model itself. This shows that assimilating the remotely sensed data 
improves the accuracy of the hydrology model outputs. 

Estimates of groundwater changes in the Surat and Eromanga Basins were derived and 
compared with previous estimates that used the more simplistic subtraction approach 
(groundwater = total water storage – everything other than groundwater). It was found that 
the changes estimated using data assimilation were roughly an order of magnitude smaller 
than those of the subtraction approach. It is unclear why the differences are so significant and 
further research is necessary to ascertain which of the two approaches is more accurate. 

 

 



Introduction 
The quantification of changes in storage of groundwater across the great Artesian Basin using 
remote sensing has been the focus of a number of studies. There are a number of satellite 
missions that can contribute information to this problem, including space gravity (GRACE, 
from which changes in total water storage can be quantified) and soil moisture (SMOS, 
SMAP, measuring the wetness of the shallow soil) missions. The simplest approach to 
making estimates of groundwater storage changes is to subtract from total water storage 
estimates from GRACE the measured/modelled changes in soil moisture, surface water and 
water stored in vegetation. This is the approach that was applied in the previous report, 
comparing estimates using different configurations of surface mass concentration elements 
(mascons) and different modelled values of the other components. 

In this report we investigate a different approach, whereby the remote sensing information is 
combined with physics-based modelling in a land surface model. Known as data 
assimilation, this approach exploits the available observations with known properties and 
behaviour of water in the landscape through mathematical representations of processes such 
as evapo-transpiration, overland flow and stream flow. It offers the possibility of separating 
the observed total water storage changes from remote sensing into changes in different layers, 
including shallow soil, root zone and groundwater. 

The data assimilation combines the physics of a land surface model, forced by inputs such as 
precipitation, atmospheric temperature and wind speed, with the remote sensing observations. 
The output estimates of groundwater changes are, therefore, dependent not only on the 
remote sensing observations but also on the input forcing datasets and, importantly, on the 
mathematical representations within the model of the physical processes occurring. The data 
assimilation process involves estimating improvements to predicted values for a suite of 
parameters by adjusting the predicted values to align with the information provided by the 
external – and independent – remote sensing observations. An ensemble Kalman filter is used 
in this mathematical procedure. 

We describe in this report the land surface model that we have used, the datasets used to force 
the model and the remote sensing observations assimilated into the land surface model. 
Model output values are compared to the total water storage changes across Australia 
estimated from GRACE.  

We focus on the groundwater components of the model outputs, in particular for the Surat 
and Eromanga Basins. Time series of values are compared with the previous estimates of 
groundwater changes for the Surat Basin, while the first estimates of groundwater changes 
are provided for the Eromanga Basin.  

In the process of developing the results from the data assimilation approach, certain 
limitations and critical sensitivities of the modelling were identified. We describe these in this 
report to highlight how sensitive groundwater changes are to some of the assumptions that 
must be made when setting up the modelling framework. 
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Data sets 

W3 Hydrology Model 
The World-Wide Water (W3) hydrological model, developed by	Van Dijk et al., 2013, has 
been used for this study. This global water balance model is based on the landscape 
hydrology component of the Australia Water Resource Assessment system (AWRA-L) [Van 
Dijk, (2010b); . Van Dijk & Renzullo, (2011)]. The simulation of soil water and energy 
fluxes have been done on two hydrological response units (HRUs); deep rooted vegetation 
and shallow rooted vegetation. Each HRUs occupies a fraction of each grid cell of 𝑓!"# 
(where HRU is the hydrological response unit and 𝑓 indicates the hydrology model). Further 
information regarding the model can be found in Van Dijk, (2010a). 

SMOS Soil  Moisture Retrieval 
The level 3 CATDS (Centre Aval de Traitement des Données SMOS) product of near surface 
global Soil Moisture (SM) retrieval has been used in this study. SMOS observation have a 
repeat cycle of 2-3 days. The satellite is in a sun-synchronous orbit with equatorial overpass 
at 6:00 A.M. ascending and 6:00 P.M. descending. L-band signal penetrates the soil to a 
depth of 0–5 cm, depending on the degree of soil wetness [Kerr et al., (2001); Jacquette et al., 
(2010)). 

Total Water Storage 
Estimates of changes in total water storage (TWS) are derived from the ANU analysis of 
GRACE data as provided previously to this project (Tregoning et al., 2020). Estimates using 
geometry of surface drainage basins as well as aquifers are used in the analysis. 

Data assimilat ion 
Two different types of data assimilation were conducted over the Australian continent. First, 
we assimilate only total water storage changes using the GRACE TWS data set. Second, we 
perform a joint assimilation of SMOS soil moisture and GRACE TWS observations into W3 
model using an Ensemble Kalman Smoother (EnKS). 

The EnKS is a sequential smoother that uses an ensemble of forward model states to estimate 
the components within an assimilation window, from the analysis of the previous time steps 
to the current time step. The observations are used in this assimilation time window, based on 
the assumption that the observations will only impact the states in this time interval. This 
improves the computational efficiency (Cohn et al., 1994). Another benefit of using EnKS is 
it eliminates discontinuities or spikes in the parameter estimates (e.g., Evensen & Van 
Leeuwen, (2000); . Dunne & Entekhabi, (2006); Dunne et al., (2007)). 

For each state variable (𝑥) at time 𝑡, the 𝑖!! ensemble member can be expressed as 

𝑥!!! = 𝑓 𝑥!!!!! ,𝑑!! ,𝛼, 𝑒!!                  𝑖 = 1,… ,𝑀,# 1  

where 𝑓 is the hydrologic model, 𝑑, 𝛼, and 𝑒 are the forcing data, model parameters, and 
model error, respectively, and 𝑀 is the number of ensemble members. We have used 100 
ensemble members in this study to ensure an accurate approximation while assuring the 



efficiency of the computation. We found that using additional ensemble members increased 
the analysis time but did not change the result significantly. 

To assimilate satellite data sets into the hydrology model, let us consider 𝑢! as the satellite 
observations at the time of observation, with their corresponding uncertainties as 

𝑢! =ℳ 𝑥!!! + 𝜖! ,             𝜖~𝒩 0,𝑅 ,# 2  

where ℳ is the observation operator that maps the state vector to the observation space. The 
EnKS updates the state for each ensemble member with the forecast state and a weighted 
difference between the observation and model prediction as per the approach of Tian et al., 
(2017): 

𝑥!! = 𝑥!! + 𝑃!𝐻! 𝐻𝑃!𝐻! + 𝑅 !! 𝑢 −ℳ 𝑥!! + 𝜖! ,         𝑖 = 1,… ,𝑀,# 3  

where 𝑃 is the model error covariance, which is calculated from the forecast states. If the 
observation 𝑢 has less contribution, 𝑃 tends toward zero otherwise the analysis states are 
dominated by the observations. 

 

In this study, ANU GRACE-derived TWS (from two different mascon solutions) and SMOS 
soil moisture (SM) retrievals were assimilated into the W3 hydrology model using the EnKS 
with a 1-month assimilation window. A so-called joint-assimilation results from the 
integration of both SMOS SM retrievals and GRACE TWS into the model, whereas the 
GRACE-only assimilation is produced by only assimilating monthly TWS estimated by 
GRACE into the hydrology model. 

 

SMOS data preparation 
SMOS soil moisture retrievals have a repeat period of 2-3 days with a 0.25° spatial 
resolution. To make it consistent with the rest of the datasets, we upscaled them to 1° by 
averaging the data. Also, since previous studies have found that ascending passes show better 
agreement with in-situ observations [Jackson et al., (2011); Dente et al., (2012); De Jeu, 
(2003); Draper et al., (2009)] we have used only the daily SM derived from ascending passes 
from 2010 to 2015 for the joint assimilation. 

Another important issue which one needs to take it into account when using SMOS data is the 
units used for the soil moisture. W3 simulates soil moisture in terms of equivalent water 
height while SMOS SM retrievals have been calculated in terms of volumetric water content	
observations [Reichle & Koster, (2004); Renzullo et al., (2014); Koster et al., (2009)]. To 
make them consistent in terms of units, we consider the	relative wetness as the observation 
operator and calculate the relative wetness as (Tian et al., 2017): 

ℳ = 1− 𝑓!"# 𝜔! + 𝑓!"# ,# 5  

where 𝜔! is the relative wetness of the unsaturated soil column, derived by scaling the topsoil 
layer water storage, and 𝑓!"# is the fraction of saturated area. 

 



Model preparation and forcing 
Meterological inputs to the model were: global daily gridded precipitation, short-wave and 
long-wave downward radiation, air temperature, wind speed, surface pressure, humidity, and 
snow rate from the WATCH (Water and Global Change) Forcing Data methodology applied 
to ERA-Interim (WFDEI) (Weedon, et al., 2014) (available at https://wci.earth2observe.eu/). 
In addition, an albedo climatology was derived from Moderate Resolution Imaging 
Spectrometer white-sky albedo (Moody et al., 2005) (http://modis-
atmos.gsfc.nasa.gov/ALBEDO/). The initial values and of parameters and other constants 
used in this study are based on those of AWRA-L version 0.5 [van Dijk, 2010a]. 

 

GRACE-only Assimilation 
A 1-month EnKS assimilation window has been employed to assimilate monthly TWS 
changes estimated by GRACE into the W3 hydrology model. To obtain the absolute TWS 
from the GRACE, we added a long-term TWS from the open-loop simulation to the GRACE-
derived TWS. The W3 model simulates TWS as an integration of soil moisture, groundwater, 
surface water, snow, and vegetation. 

A monthly-averaged TWS estimated by model has been used as the observation operator ℳ 
(Tian et al., 2017): 

ℳ =
1
𝑁

𝑓!"#! 𝑆!,!!"!! + 𝑆!,!!"!! + 𝑆!,!!"!! + 𝑆!"#$,!!"!! + 𝑆!"#,!!"!!

+𝑓!"#! 𝑆!,!!"!! + 𝑆!,!!"!! + 𝑆!,!!"!! + 𝑆!"#$,!!"!! + 𝑆!"#,!!"!! + 𝑆!! + 𝑆!!

!

!!!

,# 4  

where 𝑆! , 𝑆! , 𝑆!  are top, shallow root and deep layer soil moisture, 𝑆!"#$, 𝑆!"# are snow 
and vegetation water, and 𝑆! , 𝑆!  are groundwater and surface water storage, respectively. 

The smoother is applied at the end of the month (N-days) and updates all states back to the 
first day of the month through the use of temporal error correlation. Next, a priori states of 
the first day for the next month were set to the analysis states of the last day from the 
previous month. The perturbation of the observations were made temporally and spatially 
independent, with uncertainties assigned from the ANU GRACE product. 

 

Joint Assimilation 
In the joint assimilation, we also used a 1-month assimilation window of EnKS to	assimilate 
the SMOS SM and GRACE TWS observations into the W3 model. The state vector includes 
monthly GRACE TWS observation and the available SMOS observation for the 
corresponding month. The observation operator consists of both SMOS and GRACE 
observations with their corresponding variance and covariance matrices, which makes the 
efficiency of the model dependent on both SMOS and GRACE satellite data sets. 

The difference of magnitude between SM retrieval from SMOS and TWS changes derived 
from GRACE causes larger observation uncertainties from GRACE and consequently smaller 
value in the Kalman gain matrix (spatially, SMOS samples a location twice per month 
whereas the GRACE estimates are monthly). Besides, for each month, the ratio of the 
observation’s contribution from SMOS and GRACE is about 10 to 1, which makes the model 



dominated mostly by SMOS. To rectify this, we assigned different scale factors to GRACE 
and SMOS observation uncertainties, finding that multiplying GRACE and SMOS 
observation uncertainties by 2 and 0.5, respectively, balanced the importance between these 
two data sets in terms of contribution in the Joint assimilation.  

 

Model spin-up 
The first step in running a hydrology model is to use a “warmup state” which is actually an 
adjustment process for the model to reach the “optimal” state. Such a process moves the 
model from an initial condition to an optimal condition, which makes the simulation of 
hydrology variables match better the real observations. These initial conditions may come 
from an initial observation and/or some initial estimation of the states and help the model to 
become more realistic and/or more stable [Ajami et al., (2014); Cosgrove et al., (2003); (Seck 
et al., (2015); Yang et al., (1995)]. In our first results, we noticed that the estimates of total 
water storage changes from the W3 model in the western part of Australia were noisy and 
unrealistic, while this was not seen in the eastern part. As can be seen in Figure 1 for 
September 2010, the W3 model produced an unrealistic pattern of TWS in the western part of 
the continent, which consequently affected the data assimilation results in that area as well. 
After a careful investigation, poor initial parameter values in the western part were found to 
be causing such results. In fact, some parameters had zero starting values, likely because 
there are few rain gauges and few in situ observations in the western part of continent 
compared to the east. This affected the W3 model through a process known as inflation 
(Anderson & Anderson, 1999), whereby the model’s predicted values are upscaled for high 
variance in modelled values, even though model accuracy is very low.  

Since the inflation caused the W3 model to have unrealistic values in western part of 
Australia, we decided not to use inflation in any of the W3 modelling, including open loop 
and the final data assimilations. More realistic results are then produced compared to the real 
observations of total water storage from GRACE (e.g., Figure 2,3). 

 

	

Figure	 1.	 Total	 water	 storage	 for	 September	 2010	 estimated	 from	 GRACE,	 the	 W3	 open	 loop	 model	 and	 the	 data	
assimilations	of	GRACE-only	and	Joint	assimilation. 

 



Total Water Storage 
We compared the TWS derived from the GRACE-only assimilation and joint assimilation 
with the estimates of ANU GRACE TWS observations. Table 1 contains the correlation and 
RMS variation of the TWS from the W3 hydrology model (open-loop) and the two 
assimilations, with respect to the GRACE-derived TWS.  

Table	1.	Correlation	(R)	and	RMS	variation	of	the	TWS	derived	from	W3	(open-loop),	GRACE-only	assimilation	(EnKS-GRACE)	
and	Joint	assimilation	of	GRACE	and	SMOS	(EnKS-Joint)	into	W3	model	compared	to	TWS	estimated	using	mascons	aligned	
with	surface	drainage	basins	or	aquifer	geometry.	More	than	50%	increase	in	correlation	can	be	seen	in	terms	of	TWS	due	
to	assimilating	satellite	data	sets	into	W3	hydrology	model.	

	

Aquifer mascons Open-Loop EnKS-GRACE EnKS-Joint 
Correlation 0.50 0.86 0.75 
RMS 42.70 16.72 23.21 
Surface Catchment 
mascons 

Open-Loop EnKS-GRACE EnKS-Joint 

Correlation 0.45 0.83 0.73 
RMS 45.47 17.67 25.82 
 

The correlation of the TWS estimated by the W3 hydrology model against GRACE-derived 
TWS has been improved more than 50% due to data assimilations with a more 20% 
improvement for the GRACE-only assimilation. This has happened for the RMS variation of 
driven TWS as well with 40% and 60% improvement for joint and GRACE-only 
assimilations, respectively.  

The GRACE-only assimilation was performed over the period 2003 to 2015 while the Joint 
assimilation is limited to 2010 to 2015, as SMOS data is only available for this period of 
time. 



	

Figure	 2.	 Spatial	 correlation	 of	 total	 water	 storage	 between	 W3,	 EnKS-GRACE,	 EnKS-Joint	 and	 GRACE-derived	 TWS.	 A	
greater	improvement	in	spatial	correlation	can	be	seen	from	GRACE-only	assimilation,	especially	for	the	western	part	of	the	
continent.	The	top	row	is	based	on	GRACE	TWS	estimated	using	Aquifer-constrained	mascon,	while	the	bottom	row	is	using	
Surface	Catchment-constrained	mascon. 

Figure 2 shows maps of spatial correlation of GRACE-derived TWS with that estimated from 
the W3 hydrology model, EnKS-GRACE, and EnKS-Joint. There is more correlation 
between the TWS from the W3 model in the eastern part of the continent with GRACE TWS 
than the western part, however, this has been improved in the data assimilation process, 
especially by assimilating only GRACE into the W3 model (EnKS-GRACE).  This is to be 
expected, since it was the GRACE TWS that was used in the data assimilations, so one might 
expect to find the greatest correlations in this particular case. Unfortunately, there is no other 
continent-wide, independent measure against which to compare these results. 



	

Figure	 3.	 TWS	 in	 January	 2010	 derived	 from	GRACE,	 simulated	 by	 the	W3	model	 and	 estimated	 from	 the	 two	 different	
assimilations.	TWS	estimated	by	the	W3	model	is	lacking	signal	when	compared	with	GRACE	TWS,	which	is	better	captured	
in	the	western	part	using	data	assimilation.	 

 

Figures 3 compares the TWS estimated by open-loop W3, EnKS-GRACE and EnKS-Joint 
with GRACE-derived TWS in January 2010. The W3 results show a wet area from the 
northern territory toward the centre of Australia, which is not consistent with the estimated 
total water storage from GRACE for the same month. This has been improved by both 
GRACE-only assimilation and Joint assimilation, with more comparable result from 
GRACE-only assimilation.  

	

Figure	4.	TWS	in	February	2014,	estimated	from	GRACE	data,	simulated	by	W3	model,	and	estimated	by	the	two	different	
assimilations.	 

 

 



Another example (February 2014, Figure 4) shows the TWS inferred from GRACE, 
simulated by W3 and estimated by two data assimilation. Here the W3 shows a positive TWS 
changes for the most of coastal areas (and even some part of central Australia); however, 
GRACE shows a negative TWS changes for many of the same areas. Despite these 
inconsistencies, the data assimilation estimates resolve the TWS, producing results more 
comparable with GRACE TWS estimates, especially in the northern and western parts of the 
continent. 

Please provide a summary of model spinup results. 

Case Studies – Surat and Eromanga Basins 
Since the main focus of the project is to assess groundwater storage changes in the Great 
Artesian Basin, in the following sections we present integrated total water storage and 
groundwater storage changes for the Surat and Eromanga basins estimated from GRACE 
data, W3 hydrology model (open-loop) and the two data assimilations of EnKS-GRACE and 
EnKS-Joint. 

The Eromanga basin, located in central and northern Australia, covers parts of New South 
Wales, South Australia, Queensland, and Northern Territory (Figure 4). With an area over 
1,000,000 𝑘𝑚!, this basin is a large sedimentary basin of Great Artesian Basin. As for the 
Surat basin (Tregoning et al., 2020), we used two different mascon geometries to estimate the 
total water storage changes: either surface catchment geometry or aquifer geometry for the 
definition of the mascon geometry. In the former, there is a misalignment between the outline 
of the mascons and the Eromanga Basin; however, there are only minor differences in total 
water storage estimates from the two mascon GRACE solutions. 

 

	

Figure	4.	Pattern	of	mascons	covering	the	Eromanga	Basin.	Surface	Catchment	constrained	mascon	(left)	and	groundwater	
aquifer	constrained	mascon	(right)	and. 

TWS changes over the Surat and Eromanga basins have been computed using the W3 model 
and estimated by the two data assimilations.  The correlation between these estimates and the 
ANU GRACE TWS estimates are given in Table 2, along with time series of TWS changes 
in Figures 6 and 7. 



Table	 2.	 Correlation	 between	 TWS	 estimated	 by	 W3	 model,	 and	 two	 assimilation	 with	 GRACE	 TWS	 over	 Surat	 and	
Eromanga	basins.	

Aquifer Open-Loop EnKS-GRACE EnKS-Joint 
Surat 0.67 0.95 0.84 
Eromanga 0.61 0.90 0.94 
Surface Catchment Open-Loop EnKS-GRACE EnKS-Joint 
Surat  0.62 0.94 0.87 
Eromanga 0.59 0.90 0.95 
    
Both assimilations improved the correlation between the estimated TWS and GRACE TWS 
estimates. The correlation is roughly doubled for the GRACE-only assimilation for Surat 
basin while a similar result is found for the Joint assimilation for the Eromanga Basin. 

	

Figure	5.	TWS	over	Surat	basin,	from	GRACE	(blue),	W3	model	(red),	EnKS-GRACE	(yellow)	and	EnKS-Joint	(purple).	Note	that	
Joint	 is	 only	 available	 for	 the	 SMOS	 duration	 which	 is	 2010	 to	 2015.	 EnKS-GRACE	 represents	 more	 comparable	 TWS	
estimation	with	the	GRACE	than	other	solutions. 

TWS over the Surat Basin varies between −10 and 15 𝑐𝑚 (Figure 5), although there is 
significantly less fluctuation before 2011 prior to the last La Nina over Australia. This pattern 
is seen in all the time series; however, the open-loop TWS estimates are typically lower than 



the other time series. Note that the Joint assimilation time series only presents the result from 
2010, as SMOS is only available from 2010 to 2015. 

TWS over the Eromanga Basin varies between -5 and +5 cm, with a very large increase in 
2011 due to the La Nina event over the Australian continent (Figure 6). While all four of the 
time series follow a similar pattern, the open-loop TWS values are mostly lower than the 
other three time series. Joint assimilation is more comparable with GRACE TWS. 

	

Figure	 6.	 TWS	 over	 Eromanga	 basin,	 from	GRACE	 (blue),	W3	model	 (red),	 EnKS-GRACE	 (yellow)	 and	 EnKS-Joint	 (purple).	
Note	that	Joint	is	only	available	for	the	SMOS	duration	which	is	2010	to	2015.	EnKS-Joint	represents	more	comparable	TWS	
estimation	with	the	GRACE	than	other	solutions. 

 

Ground Water Storage 
In situ estimates of groundwater changes have not been used to evaluate and validate our 
estimates from data assimilation. We use correlation between our estimates of total water 
storage from the data assimilation model runs with the total water storage estimated directly 
from the GRACE data. We assume that the model outputs with greater correlation to GRACE 
TWS will be “more accurate” in all modeled water components; therefore, we assume that 
the groundwater estimates from such models will be more accurate. The correlation of 



estimated TWS by data assimilation improved by ~30% for both the Surat and Eromanga 
Basins (Table 2) and more than 50% over Australian continent (Table 1) compared to the 
correlation between the open-loop and GRACE TWS.  

In this section, we present the groundwater storage over Surat and Eromanga basins estimated 
from GRACE-only assimilation and Joint (GRACE and SMOS) assimilation. 

The ground water component of the W3 model consists of groundwater storage, 𝑆!, recharge 
from deep drainage 𝐷!, capillary rise from the groundwater 𝑌, evaporation from groundwater 
saturated areas 𝐸!, and discharge into streams 𝑄! [Peña-Arancibia et al., (2010); van Dijk, 
2010a, 2010b). This hydrology model uses a linear reservoir equation to calculate and update 
groundwater balance: 

𝑆! 𝑡 + 1 = 𝑆! 𝑡 + 𝐷! 𝑡 − 𝐸! 𝑡 − 𝑄! 𝑡 − 𝑌 𝑡 ,# 6  

There is no physical depth for the groundwater store in W3 and an uncalibrated field capacity 
of ~1000 mm is used for the deep soil component. This field capacity encloses the ground 
water storage in the deep soil storage where the distributing water does not reach the default 
capacity. It causes groundwater recharge to not be generated and, consequently, reduces the 
magnitude of the estimated groundwater storage amplitude (Tangdamrongsub et al., 2018). 



	

Figure	 7.	 GWS	 over	 Surat	 basin,	 blue	 is	 estimated	 by	 GRACE-only	 assimilation	 and	 red	 is	 estimated	 through	 Joint	
assimilation.	 More	 correlated	 results	 can	 be	 seen	 from	 Aquifer	 constrained	 mascon	 which	 is	 in	 consistency	 with	 TWS	
correlation	in	Table	2. 

Assimilating satellite data sets into W3 hydrology model anticipates the GWS changes over 
Surat basin between −5 to 20 𝑚𝑚 with a significant increase between 2011 and 2013. Figure 
7 shows GWS changes in the Surat basin estimated from GRACE-only assimilation (blue) 
and Joint assimilation (red). Similar to TWS, less variation is observed until the La Nina 
event in 2011. There is closer agreement between the EnKS-GRACE and EnKS-Joint when 
the aquifer mascon GRACE TWS are used than when the surface catchment mascon 
solutions are used. This is possibly because the alignment of mascons with the geometry of 
the aquifer captures better the groundwater signals, with less contamination from surrounding 
areas, compared with catchment geometries. 

GWS change estimated for the Eromanga Basin is shown in Figure 8. All four of the time 
series estimates variations of < 3 mm; however, the GRACE-only assimilated results show a 
peak around 2009 which is not seen in the TWS time series estimates (Figure 6). This is a 
curious result, worthy of additional investigation through comparison with in situ ground 
water bores. 



	

Figure	 8.	 GWS	 over	 Eromanga	 basin,	 blue	 is	 estimated	 by	 GRACE-only	 assimilation	 and	 red	 is	 estimated	 through	 Joint	
assimilation.	There	is	no	significant	change	between	the	results	from	two	different	mascons,	Aquifer	and	Surface	Catchment	
constrained	mascons.	 

Comparison to previous groundwater estimates 
Previously groundwater changes were estimated by subtracting from the GRACE TWS the 
combined changes in surface water, soil moisture and vegetation canopy water. In principle, 
those estimates of groundwater changes and the estimates from the data assimilation 
approach used here should be comparable.  

We compare in Figure 9 estimates of groundwater change from the different approaches, 
using the GRACE TWS derived from mascons using the aquifer geometry. There is a stark 
difference between the estimates, with an order of magnitude less variation apparent in the 
data assimilation estimates of groundwater change.  

It is not clear why such a large difference exists. It is possible that the parameterization for 
groundwater used in the W3 model has attenuated the groundwater signals. Alternatively, it 
may be that the previous approach failed to account for some significant signal that was not 



related to groundwater change, resulting in that component being included – erroneously – in 
the groundwater change estimates.  

Independent assessment of the groundwater changes is required to determine why the two 
approaches yield such different results. A comparison with in situ groundwater height 
changes from bores might provide insights into the discrepancy, or outputs from data 
assimilation using a different hydrology model. 

	

Figure	9.	GWS	change	over	Surat	and	Eromanga	Basins	from	2003	to	2015	from	the	data	assimilation	approach	(purple,	
green	lines)	and	from	the	subtraction	method	of	Tregoning	et	al.	(2020)	(blue,	red,	yellow	lines). 

Conclusion 
The GWS changes presented in the previous report (Tregoning et al., 2020a) were derived by 
removing soil moisture, snow and canopy water from TWS estimated from GRACE data. In 
this study, the estimated GWS change is the result of assimilating satellite data estimates of 
total water storage and soil moisture into the W3 hydrology model. Given the clear 
improvement on TWS estimates through assimilating GRACE and SMOS data into the 



hydrology model, it is likely that the other water components of the water balance may be 
improved as well.  

There are important limitations of the W3 model that may have had significant impact on the 
results of GWS change in this report. The W3 hydrology model does not include a recharge 
component (Equation 6) which likely causes the amplitude of GWS changes to be reduced. 
There are other land surface/hydrology models available (such as GLDAS NOAH, GLDAS 
CLSM, CABLE) which may provide more accurate GWS change estimates over Australia. 
Nonetheless, the results found here demonstrate the power of assimilated remote sensing data 
(total water storage, soil moisture) to improve the outputs of hydrology models. Comparisons 
of data assimilation outputs with in situ data will provide independent validation and 
indications of which model is likely to be the most accurate. 
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