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a b s t r a c t 

Assimilating remote sensing observations into land surface models has become common practice to improve the 
accuracy of terrestrial water storage (TWS) estimates such as soil moisture and groundwater, for understanding 
the land surface interaction with the climate system, as well as assessing regional and global water resources. Such 
remote sensing observations include soil moisture information from the L-band Soil Moisture and Ocean Salinity 
(SMOS) and Soil Moisture Active Passive (SMAP) missions, and TWS information from the Gravity Recovery 
And Climate Experiment (GRACE). This study evaluates the benefit of assimilating them into the Community 
Atmosphere and Biosphere Land Exchange (CABLE) land surface model. The evaluation is conducted in the 
Goulburn River catchment, South-East Australia, where various in situ soil moisture and groundwater level data 
are available for validating data assimilation (DA) approaches. It is found that the performance of DA mainly 
depends on the type of observations that are assimilated. The SMOS/SMAP-only assimilation (SM DA) improves 
the top soil moisture but degrades the groundwater storage estimates, whereas the GRACE-only assimilation 
(GRACE DA) improves only the groundwater component. Assimilating both observations (multivariate DA) results 
in increased accuracy of both soil moisture and groundwater storage estimates. These findings demonstrate the 
added value of multivariate DA for simultaneously improving different model states, thus leading to a more robust 
DA system. 
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. Introduction 

Accurate knowledge on terrestrial water storage (TWS) is crucial
or the assessment of climate variation and water resource availability
Entekhabi et al., 1996 ; Pitman, 2003 ; Rodell et al., 2007 ). The accu-
acy of TWS components (e.g., soil moisture, groundwater, snow, sur-
ace water) simulated by land surface models (LSM) at high spatial reso-
ution is commonly degraded by uncertainties in meteorological forcing,
odel parameter calibration, and land surface process representation

 Moradkhani et al., 2005 ; Wood et al., 2011 ). Hydrologic information
an also be obtained from satellite remote sensing observations (e.g.,
err et al., 2012 ; Maurer et al., 2003 ; Tapley et al., 2004 ). However,
WS components such as subsurface soil moisture and groundwater are
sually not observed directly by in-situ observations, and the limited
atellite coverage and sensing depths often restrict the reliability of the
∗ Corresponding author at: Hydrological Sciences Laboratory, NASA Goddard Spac
E-mail address: natthachet.tangdamrongsub@nasa.gov (N. Tangdamrongsub). 
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eceived 5 April 2019; Received in revised form 28 November 2019; Accepted 29 No
vailable online 4 December 2019 
309-1708/© 2019 Elsevier Ltd. All rights reserved. 
bservations ( Reichle et al., 2008 ). Data assimilation (DA) can be used
o combine various types of observations at different temporal and spa-
ial resolutions with the model simulations according to the relative size
f their errors ( Reichle, 2008 ; Reichle et al., 2008 ). DA has been suc-
essfully applied in enhancing model-estimated hydrologic components
uch as TWS (e.g., Li et al., 2012 ), soil moisture (e.g., Lievens et al.,
015 ), groundwater (e.g., Tangdamrongsub et al., 2018b ), snow (e.g.,
ndreadis and Lettenmaier, 2006 ), and runoff (e.g., Weerts and El Ser-
fy, 2006 ). 

Various satellite observations can be considered in the DA system to
mprove the key components of the TWS estimate. For example, surface
oil moisture has an important role in the variability of the hydrological
ycle and climate system (Entekhabi et al., 1996 ; Koster et al., 2009 ;
chumann et al., 2009 ) and can be measured by L-band radiometers, i.e.,
rom the Soil Moisture and Ocean Salinity (SMOS; Kerr et al., 2012 ) and
e Flight Center, Greenbelt, MD, USA. 

vember 2019 
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Fig. 1. The geographical location of the Goulburn River catchment, located in 
South-East Australia (see the inserted map). The black dotted squares indicate 
the 25 km model grid cells while the blue boundary denotes the GRACE grid cell 
used in this study. The locations of the in situ soil moisture and groundwater 
data are shown as green and red triangles, respectively. All in situ soil moisture 
data inside the same model grid cell are averaged, resulting in S1 – S4 in situ 
soil moisture grid cells. A similar approach is applied to the in situ groundwater 
data, resulting in G1 – G4 in situ groundwater grid cells. (For interpretation of 
the references to color in this figure legend, the reader is referred to the web 
version of this article.) 
oil Moisture Active Passive ( Entekhabi et al., 2010 ) satellite missions
 Chan et al., 2016 ). Both satellite missions provide global soil moisture
roducts at a spatial resolution of ~25 – 36 km (representing the wetness
n the top 0 – 5 cm soil layer) approximately every 3 days. The SMOS
nd SMAP radiometer data have been exploited in soil moisture data
ssimilation (SM DA) systems over several river basins, e.g., Ahlergaarde
Western Denmark; Ridler et al., 2014 ), Murray-Darling ( Lievens et al.,
015 ), continental Australia (e.g., Tian et al., 2017 ), the Great Lakes ( Xu
t al., 2015 ), and North America (e.g., Blankenship et al., 2016 ). These
tudies have demonstrated the benefits of SM DA on both surface and
oot zone soil moisture components (e.g., De Lannoy and Reichle, 2016 ;
ian et al., 2017 ; Xu et al., 2015 ). However, SM DA has been found to
ave a negative impact on the groundwater storage estimate ( Tian et al.,
017 ). 

In addition to the surface soil moisture, TWS variations ( ∆TWS) can
e derived from gravity measurements by the Gravity Recovery And
limate Experiment (GRACE) satellite mission ( Tapley et al., 2004 ).
he GRACE twin satellites measure changes of the Earth’s gravity field
very month using a combination of several measurements, including
-band ranging, accelerometer, attitude, and orbital data ( Bettadpur,
012 ). Because hydrological mass variations are dominant at a monthly
ime scale, the GRACE data are commonly presented in terms of ∆TWS,
nd have been used in a wide range of hydrological applications in-
luding data assimilation (e.g., Zaitchik et al., 2008 ; Eicker et al., 2014 )
or drought detection (e.g., Houborg et al., 2012 ; Li et al., 2012 ; Kumar
t al., 2016 ), flood analysis ( Reager et al., 2015 ), groundwater loss anal-
sis ( Girotto et al., 2017 ; Tangdamrongsub et al., 2018b ), and snow esti-
ation ( Forman et al., 2012 ; Su et al., 2010 ). The benefit of GRACE DA
as observed particularly in deep storage components such as ground-
ater storage (e.g., Tangdamrongsub et al., 2015 ; Zaitchik et al., 2008 ).
owever, GRACE DA is generally less effective in surface soil moisture

mprovement ( Li et al., 2012 ; Tangdamrongsub et al., 2017a ; Tian et al.,
017 ). 

The goal of multivariate DA is to combine the strengths of SM DA and
RACE DA to simultaneously improve soil moisture and groundwater
stimates. Tian et al. (2017) elaborated this concept and showed that
he accuracy of surface and deep storage components could be improved
y the application of GRACE and SMOS data assimilation. Similarly,
umar et al. (2018) and Jasinski et al. (2019) applied multivariate DA
sing multiple satellite soil moisture and snow products to improve the
kills of model state estimates and climate assessment indicators. Kumar
t al. (2018) showed that the performance of DA is improved with new
atellite sensors. Based on these findings, multivariate assimilation of
RACE and L-band satellite soil moisture sensors (e.g., SMOS, SMAP) is
xpected to lead to increased accuracy of soil moisture and groundwater
stimates. 

This study develops a multivariate DA with GRACE, SMOS, and
MAP data to improve the accuracy of regional soil moisture and
roundwater storage estimates. The main research objective is to inves-
igate the performance of multivariate DA in simultaneously improving
oil moisture and groundwater storage estimates. Different DA schemes
re developed to incorporate different observations into the DA system
imultaneously. Three different DA scenarios subject to three different
bservation cases (SM-only, GRACE-only, and both) are evaluated in
erms of estimating water storage (e.g., surface and root zone soil mois-
ure, and groundwater). The DA approach is developed based on ensem-
le Kalman smoother (EnKS, see, e.g., Dunne et al., 2007 ; Dong et al.,
015 ; Tian et al., 2017 ; Tangdamrongsub et al., 2018b ). The LSM used in
his study is the Community Atmosphere and Biosphere Land Exchange
CABLE; Decker, 2015 ). The analysis is conducted over the Goulburn
iver catchment ( Rüdiger et al., 2007 ) located in the eastern part of
ew South Wales, Australia, where extensive records of in situ soil mois-

ure and groundwater are available from more than 20 sites throughout
he catchment. The DA results are assessed by comparing them against
he in situ data, and the ensemble open-loop estimate (EnOL, model run
ithout DA). The evaluation is performed between January 2010 and
ecember 2015, when GRACE, SMOS, SMAP (from March 2015), and
n situ data are available. 

. Materials 

.1. Study area 

The Goulburn River catchment is located in the south-eastern part
f the Murray-Darling basin and has a sub-humid or temperate climate
 Fig. 1 ). The catchment has a total area of 6540 km 

2 and consists
f more than ten sub-catchments, including the Krui and Merriwa
atchments where in situ soil moisture data are regularly recorded.
he catchment is maintained by the Scaling and Assimilation of Soil
oisture and Streamflow (SASMAS) project ( Rüdiger et al., 2007 ;

ttp://www.eng.newcastle.edu.au/sasmas/SASMAS/sasdata.html ). 
he land cover of the catchment consists of a floodplain, clear
rassland, crop in the northern part, and a mountain range with
ense vegetation in the south. The northern part of the catchment
s particularly suitable for satellite soil moisture remote sensing
tudies due to its low to moderate vegetation cover. Furthermore,
he clay content of the top soil layer (0 – 5 cm) in the northern
art is several times greater than in the south ( Senanayake et al.,
019 ; http://www.clw.csiro.au/aclep/soilandlandscapegrid ). Higher
ariability in the top soil moisture can, therefore, be anticipated in the
orthern area. The mean annual rainfall of the catchment is ~700 mm
nd reaches ~1100 mm in the higher altitude areas. Monthly mean
inimum/maximum temperatures reach approximately 16°/30 °C in

ummer and 2°/14°C in winter. No snowfall is presented in the catch-
ent. LSM simulations are expected to perform well over the catchment
ue to the absence of groundwater abstraction and streamflow control.

http://www.eng.newcastle.edu.au/sasmas/SASMAS/sasdata.html
http://www.clw.csiro.au/aclep/soilandlandscapegrid
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.2. Land surface model setup 

The Community Atmosphere and Biosphere Land Exchange (CABLE)
and surface model is used to simulate daily volumetric soil moisture and
roundwater storage at approximately 25 km resolution (see Fig. 1 ).
he model can be obtained from https://trac.nci.org.au/trac/cable , and
he model user guide and descriptions can be found in Decker (2015) ,
owalczyk et al. (2006) , and Ukkola et al. (2016) . CABLE estimates soil
oisture in six separate layers. In this study, the soil thicknesses from

he top to bottom compartments are set to 1.2, 3.8, 25, 39.9, 107.9,
87.2 cm, respectively. In comparison with the in situ data (see Section
.5), the combination of the first two model soil layers represents the 0
5 cm soil moisture component while the combination of the first three
enotes the 0 – 30 cm component. The forcing data used in CABLE are
recipitation, air temperature, snowfall rate, wind speed, humidity, sur-
ace pressure, and shortwave and longwave downward radiation. Simi-
ar to Tangdamrongsub et al. (2018a) , the model is forced with meteo-
ological input from the Global Land Data Assimilation System (GLDAS;
odell et al., 2004 ). Following the sensitivity study of Tangdamrongsub
t al. (2018a) , GLDAS precipitation is replaced by data from the Tropical
ainfall Measuring Mission (TRMM; Huffman et al., 2007 ) to improve

he performance of the CABLE model. 
Two primary error sources of the LSM are the meteorological forc-

ng data and the model parameters. In the DA process (see Section 3),
he precipitation is perturbed based on the uncertainty provided by
he TRMM product ( Huffman, 1997 ). The shortwave radiation is per-
urbed using multiplicative white noise, with 10% of the nominal val-
es. An additive white noise is used for the air temperature. It is ac-
nowledged that while a homoscedastic error would be more realistic
or air temperature, an offline sensitivity analysis found that the temper-
ture error had only a marginal influence on the state estimates com-
ared to e.g. precipitation. The errors of forcing data are assumed to
e spatially correlated. As such, an exponential correlation function is
pplied to the covariance matrix for each forcing variable. The corre-
ation lengths for forcing data were determined using variogram anal-
sis and found to be approximately 25 km. Model parameters associ-
ted with soil moisture and groundwater components are also perturbed
ith a magnitude of 10%. The selected model parameters are the frac-

ions of clay/sand/silt and the drainage parameters that control the soil
torage capacity and amount of subsurface runoff, respectively. Both
ave a direct impact on the soil moisture and groundwater storages (see
able 2 in Tangdamrongsub et al. (2018a) for more details). The per-
urbation sizes of forcing data and parameters are determined based on
he ensemble verification measures (De Lannoy et al., 2006 ), mainly
o allow an adequate spread of the ensemble between updates in the
A process. Table 1 summarizes the forcing and parameter perturba-

ion of this study. Note that the model state is not perturbed directly,
ut rather perturbed as a result of model propagation associated with
he perturbed forcing and perturbed model parameters. As a result, the
orrelation between soil layers is mainly controlled by LSM physics, and
 f  

Table 1 

Perturbations associated with the forcing data and model parameters. The compl
(2016) . 

Forcing/ parameter variables Description 

Meteorological forcings 

Rainf Precipitation 

SW Shortwave radiation 

Tair Air temperature 

Model parameters 

f clay , f sand , f silt The fraction of clay, sand, and silt 

f sat The fraction of the grid cell that is saturated 

q sub The maximum rate of subsurface drainage 

assuming a fully saturated soil column 

f p Tunable parameter controlling drainage speed 
here is no artificially additional imposed error correlation between soil
ayers. 

.3. GRACE data processing 

The GRACE data release 05 (RL05), provided by the Center for Space
esearch (CSR), the University of Texas Austin ( Bettadpur, 2012 ), is ob-

ained between January 2010 and December 2015. The product con-
ists of the monthly spherical harmonic coefficient (SHC) complete up
o degree and order 96. The full error variance-covariance matrix is also
rovided as a part of the product. The error matrix is only available up
o June 2014, and the monthly average values are used for the missing
onths (July 2014 – Dec 2015). The GRACE-derived ∆TWS and its un-

ertainty over the Goulburn catchment are computed following the ap-
roach in Tangdamrongsub et al. (2017b) . First, the degree 1 coefficients
SHC) provided by Swenson et al. (2008) are restored, and the C20 term
s replaced by the value estimated from the satellite laser ranging ( Cheng
nd Tapley, 2004 ). Second, the long-term mean (January 2010 – Decem-
er 2015) is computed and removed from the monthly product to obtain
he SHC variations, and the destriping ( Swenson and Wahr, 2006 ) and
00-km radius Gaussian smoothing filters ( Jekeli, 1981 ) are applied to
he SHC variations to suppress the high-frequency noise. Third, the TWS
ariation ( ∆TWS) is computed from the filtered SHC variations using the
ethod described by Wahr et al. (1998) . Because the GRACE-derived
TWS shows no significant spatial variability over the study area, the
atchment averaged ∆TWS is used in this study. Finally, a signal restora-
ion (e.g., Chen et al., 2014 ) is applied to the computed ∆TWS to restore
he damped signal caused by the applied filters. The method iteratively
earches for the genuine ∆TWS using a forward model constructed solely
rom the GRACE data. To be consistent with the model estimate, the
emporal mean value of TWS (January 2010 – December 2015) from
he CABLE estimate is added to the GRACE-derived ∆TWS to obtain
he absolute TWS prior to the assimilation process. Finally, the TWS
ncertainty is computed based on the GRACE full error-variance covari-
nce matrix using error propagation (see, e.g., Tangdamrongsub et al.
2017b) ). As GRACE error is spatially correlated in nature ( Swenson
nd Wahr, 2006 ), deriving the error from the available full covariance
atrix represents a more realistic GRACE uncertainty compared to the

pplication of a uniform error value (e.g., Tangdamrongsub et al., 2015 ).

.4. Satellite soil moisture observations 

The daily satellite soil moisture retrievals derived from the Soil Mois-
ure and Ocean Salinity (SMOS, Kerr et al., 2012 ) and the Soil Mois-
ure Active Passive (SMAP, Entekhabi et al., 2010 ) missions are used
n this study. SMOS data are obtained from the level 3 gridded prod-
ct ( Bitar et al., 2017 ) provided by the centre Aval de Traitement des
onnées SMOS (CATDS, https://www.catds.fr ) operated for the cen-

re National d’Etudes Spatiales (CNES) by the French Research Institute
or Exploitation of the Sea (IFREMER). The data are available from 15
ete parameter description can be found in Decker (2015) and Ukkola et al. 

Spatially correlated Perturbation type Standard deviation 

Yes Multiplicative Obtained from Huffman (1997) 

Yes Multiplicative 10% of the nominal value 

Yes Additive 10% of the nominal value 

No Multiplicative 10% of the nominal value 

No Additive 10% of the nominal value 

No Additive 10% of the nominal value 

No Additive 10% of the nominal value 

https://trac.nci.org.au/trac/cable
https://www.catds.fr
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𝒉  
anuary 2010 to present, with a spatial resolution of ~25 km on the
qual-Area Scalable Earth (EASE; Brodzik et al., 2012 ) grid. The SMAP
ata are retrieved from the level 3 (version 4) radiometer global daily
6 km EASE-grid product (SPL3SMP) provided by the National Snow
nd Ice Data Center Distributed Active Archive Center (NSIDC DAAC,
ttps://nsidc.org/data/smap ). The product contains the volumetric soil
oisture retrieved by the SMAP passive microwave radiometer, avail-

ble from 31 March 2015 to present. For both SMOS and SMAP, the data
re resampled to a 25 km regular grid to reconcile the observations with
he model grid space. On days for which more than one SM retrieval is
vailable, the daily average is used to ensure consistency with the model
ime step. 

Following previous SM studies (e.g., Colliander et al., 2017 ; Lievens
t al., 2015 ; Liu et al., 2016 ), the measurement error of both SMOS and
MAP are both assumed to be 0.04 m 

3 /m 

3 . It is acknowledged that triple
ollocation analysis (TCA) may potentially provide more accurate SM
rror estimates ( De Lannoy and Reichle, 2016 ). However, applying TCA
n SM DA requires linear consistency between modeled and retrieved
M ( Dong and Crow, 2018 ). This assumption has not yet been validated
n practice. Therefore, constant, rather than TCA-based, error estimates
re used in this study. 

The assimilation of satellite soil moisture data into the LSM requires
he application of rescaling to reduce systematic bias that may be found
etween the model estimate and the observation ( Crow et al., 2005 ;
eichle and Koster, 2004 ). The bias correction can be used to transform

he observation into model space and reduce the inconsistency between
heir respective climatology ( Koster et al., 2009 ; Renzullo et al., 2014 ).
n this study, cumulative density function matching (CDF-matching;
eichle and Koster, 2004 ) is used to rescale satellite observation to LSM
limatology. The approach is applied separately for each model grid cell,
nd each satellite data product (with respect to its entire period). 

.5. In situ data 

The in situ soil moisture and groundwater measurements between
anuary 2010 and December 2015 are obtained from the ground
bservation networks for validation. The in situ soil moisture data
re provided by the SASMAS network ( Rüdiger et al., 2007 ). Data
t each depth are provided in terms of volumetric soil moisture ( 𝜃,
 

3 /m 

3 ). The 0 – 5 ( 𝜃0 − 5cm 

) and 0 – 30 cm ( 𝜃0 − 30cm 

) data are
sed in this study due to their compatibility with the model soil lay-
rs (see Section 2.2). In situ groundwater level data (H) are obtained
rom the Department of Primary Industries (DPI), Office of Water,
SW ( http://www.water.nsw.gov.au ). Groundwater storage (GWS) sim-
lated in the model can be converted to H if specific yield data are avail-
ble. However, this is not the case for the Goulburn Catchment. 

. Methodology 

.1. Ensemble open-loop (EnOL) 

The EnOL is used as a reference to evaluate the performance and the
ncertainty of the LSM outputs. In the EnOL, the forcing data ( u ) and
odel parameters ( 𝜶) are perturbed (see Section 2.2), and the model
ropagation is performed without assimilation as: 

 

𝑖 
𝑡 |𝑡 −1 = 𝒇 

(
𝒙 𝑖 
𝑡 −1 , 𝒖 

𝑖 
𝑡 
, 𝜶𝑖 

)
, (1)

here f is the model operator used to propagate the states from t − 1 to
 , x is the model state vector, and i = 1, 2, 3, …, N denotes the index of
nsemble member ( N in total). In this paper, the EnOL estimate is the
nsemble mean of 𝒙 𝑖 

𝑡 |𝑡 −1 . Note that the perturbed initial states are ob-
ained by spinning up the model (in EnOL mode) for six years (between
004 and 2009) prior to the assimilation period. In this study, the state
ector ( x ) consists of a total of seven variables (soil moisture at six lay-
rs and one groundwater storage, see Section 3.2 for more details). The
ontribution of the snow water and canopy water components to the to-
al water storage in the Goulburn catchment are negligible. Hence, they
re not included in the state vector. Following Tangdamrongsub et al.
2017 a), an ensemble size of N = 300 is used, which is sufficient to
nsure the effectiveness of DA in the Goulburn catchment. 

.2. Ensemble Kalman smoother (EnKS) 

The EnKS consists of a forecast and analysis (update) step. Similar
o the EnOL, the states are propagated forward in time using the LSM
n the forecast step. The period of model propagation depends on the
eriod of the assimilated observations (e.g., approximately one month
or GRACE). A set of observations was computed by perturbing the mea-
urement with its associated covariance R s ( Burgers et al., 1998 ). The
ubscript s denotes smoother, e.g., s = t − L + 1: t where L is the smoother
indow length. The state vector is updated as: 

 

𝑖 
𝑠 |𝑠 = 𝒙 𝑖 

𝑠 |𝑡 − 𝐿 + 𝐊 𝑠 

(
𝒚 𝑖 
𝑠 
− 𝐇 𝒙 𝑖 

𝑠 |𝑡 − 𝐿 
)

(2)

ith 

 𝑠 = 𝐏 𝑒,𝑠 𝐇 

𝑇 
𝑠 

(
𝐇 𝑠 𝐏 𝑒,𝑠 𝐇 

𝑇 
𝑠 
+ 𝐑 𝑒, 𝒔 

)−1 
(3)

here 𝒚 𝑖 
𝑠 

is a perturbed observation vector, H s is an operator which
elates the ensemble state 𝒙 𝑖 

𝑠 |𝑡 − 𝐿 to the measurement vector 𝒚 𝑖 
𝑠 
, K is the

alman gain matrix, and P e,s and R e,s are the ensemble error covariance
atrices of the model and observation, respectively. Note that the state

ariables from t − L + 1 to t are considered in the smoother case. If the
atrix A contains the ensemble states and �̄� is the matrix of the same

ize as A and filled with the mean value computed from all ensemble
embers, the ensemble error covariance matrix P e,s can be computed

s follows: 

 𝑒,𝑠 = 

(
𝐀 − �̄� 

)(
𝐀 − �̄� 

)𝑇 ∕ ( 𝑁 − 1 ) . (4)

imilarly, R e is computed as: 

 𝑒,𝑠 = 

(
𝐃 − �̄� 

)(
𝐃 − �̄� 

)𝑇 ∕ ( 𝑁 − 1 ) , (5)

here D stores the perturbed observation and �̄� is the ensemble mean.
he DA estimate is the ensemble mean of 𝒙 𝑖 

𝑠 |𝑠 . 
.3. Design of the DA schemes 

The different DA schemes are developed to incorporate observations
ith different spatial-temporal resolutions and error characteristics into

he DA system simultaneously. Three different DA schemes are consid-
red here ( Fig. 2 ), SM DA (only soil moisture is assimilated), GRACE DA
only GRACE is assimilated), and multivariate DA (both soil moisture
nd GRACE are assimilated). 

As described in Section 3.2, the state vector contains daily volumet-
ic soil moisture of six different layers and groundwater storage compo-
ents. For a particular model grid cell ( j ) on a given day ( t ), the state
ector can be defined as [ 𝜃𝑗,𝑡 1 𝜃

𝑗,𝑡 

2 𝜃
𝑗,𝑡 

3 𝜃
𝑗,𝑡 

4 𝜃
𝑗,𝑡 

5 𝜃
𝑗,𝑡 

6 𝑔𝑤 𝑠 𝑗,𝑡 ] 𝑇 , where 𝜃 is the
olumetric soil moisture (m 

3 /m 

3 ), and gws is the groundwater storage
m). The state variables are obtained from the results of model propa-
ation. 

In the SM DA ( Fig. 2 a), the soil moisture observations are assimilated
very L = 3 days on the model grid cell individually. Only SMOS data
s used between January 2010 and February 2015, and the dimension
f the state vector is ML x1, where M = 7 is the number of the state
ariables. The 3-day window allows the soil moisture observations to
ave full coverage over the Goulburn catchment and yields the adequate
nsemble spread between the updates. The observation vector d contains
he SMOS data with dimension L x1. The H s matrix is defined as: 

 𝑠 = 

⎡ ⎢ ⎢ ⎢ ⎣ 
𝒉 
𝑗,𝑡 =1 
𝑆𝑀 

0 0 
0 𝒉 

𝑗,𝑡 =2 
𝑆𝑀 

0 
0 0 𝒉 

𝑗,𝑡 =3 
𝑆𝑀 

⎤ ⎥ ⎥ ⎥ ⎦ 
(6)

 

𝑗,𝑡 

𝑆𝑀 

= 

[
𝑠 1 𝑠 2 0 0 0 0 0 

]
, (7)

https://nsidc.org/data/smap
http://www.water.nsw.gov.au
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Fig. 2. Three different DA schemes, SM-only DA, 
GRACE-only DA, and multivariate DA. The SM DA (a) 
updates the state estimate using the time window of ap- 
proximately three days (blue rectangle in (a)) while the 
GRACE DA (b) uses the time window of approximately 
one month (orange rectangle in (b)). In the multivari- 
ate DA (c), the SM DA is first performed (step 1 in (c)), 
and its updated states are used as the forecast state in 
the GRACE DA (step 2 in (c)). (For interpretation of the 
references to color in this figure legend, the reader is 
referred to the web version of this article.) 
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here s 1 , s 2 are the thickness of the first and second soil layers, re-
pectively. The soil thickness is described in Section 2.2. The H s matrix
dimension L x ML ) relates the SMOS observation to the top two soil lay-
rs. Bias correction is performed prior to the application of DA to reduce
he systematic error between the model estimated and the satellite re-
rieved soil moisture (see Section 3.3). When SMAP data are available,
.g., from March 2015, the SMOS and SMAP data are assimilated into
he LSM, simultaneously. Lievens et al. (2017) demonstrated that the
oint SM DA performed better than a single SM DA case. In the case
f SMOS/SMAP assimilation, the dimension of H s and d are extended
o 2 L x ML , and 2 L x1, respectively, to include the measurement operator
ssociated with the SMAP data. In this study, the errors in SMOS and
MAP data are assumed to be uncorrelated. 

In the GRACE DA ( Fig. 2 b), the model states are updated at a monthly
ime scale consistent with the GRACE temporal resolution. The model
tate vector contains all model grid cells (inside the blue polygon in
ig. 1 ) of daily state variables within approximately one month. The
tate vector is also constructed from the results of model propagation.
he length of the vector is JLM , where J is the number of grid cells in the
tudy area, and L ≈ 1 month. The monthly time window used for each
pdate is based on the time tag of the GRACE product. As the monthly
indow used to produce a GRACE solution is not necessarily a calen-
ar month, L is different in each update and varies between 13 and 31
ays (following GRACE data used). The observation vector y s is a 1 × 1
ector containing the monthly average values of the catchment mean
WS. The matrix H s is used to convert the volumetric soil moisture and
roundwater storage into the catchment averaged TWS of the month: 

 𝑠 = 

[
𝒉 𝑡 =1 
𝐺 

𝒉 𝑡 =2 
𝐺 

⋯ 𝒉 𝑡 = 𝐿 
𝐺 

]
(8) 

 𝑮 = 

[
𝒈 𝑗=1 𝒈 𝑗=2 ⋯ 𝒈 𝑗= 𝐽 

]
(9) 

 

𝑗 = 

[
𝑠 1 𝑠 2 𝑠 3 𝑠 4 𝑠 5 𝑠 6 1 

]
∕ 𝐽𝐿, (10)

here s 1 − s 6 are the thickness of each soil layer (see Section 2.2). 
In the multivariate DA ( Fig. 2 c), the SM DA and GRACE DA schemes

re combined. The SM DA is firstly performed (step 1 in Fig. 2 c), and its
pdated state variables are used as the forecast state in the GRACE DA
step 2). 

It should be noted that, unlike the 3D EnKF ( Reichle and Koster,
003 ), satellite soil moisture observations are only used for correct-
ng collocated soil moisture estimates. However, a recent study demon-
trates that remote sensing observation error is highly structured in
pace – suggesting a spatial correlation of soil moisture retrieval errors
 Dong et al., 2017 ). This complicates the accurate parameterization of
he observation error matrix in a 3D updating DA scheme. Hence, the
oil moisture retrievals are not used for correcting nearby grid cells. 

.4. Evaluation metrics 

The volumetric soil moisture estimates are validated with the in situ
oil moisture and groundwater data in terms of temporal correlation ( 𝜌),
nd unbiased root mean square difference (ubRMSD; Entekhabi et al.,
010 ): 

= 

∑(
𝑥 sim − 𝐸 

[
𝑥 sim 

])(
𝑥 obs − 𝐸 

[
𝑥 obs 

])
√ ∑(

𝑥 sim − 𝐸 

[
𝑥 sim 

])2 ∑(
𝑥 obs − 𝐸 

[
𝑥 obs 

])2 (11) 

𝑏𝑅𝑀𝑆𝐷 = 

√ 

𝐸 

{ [(
𝑥 sim − 𝐸 

[
𝑥 sim 

])
− 

(
𝑥 obs − 𝐸 

[
𝑥 obs 

])]2 } 

(12) 

here x sim 

and x obs are state vectors from simulation (model estimate)
nd observation (e.g., satellite product, in situ data), respectively, and
 [·] is the expectation operator. 

All in situ soil moisture and groundwater data inside the same model
rid cell ( Fig. 1 ) are averaged before the comparison. This produces four
rid cells of in situ soil moisture (S1 – S4) and four of in situ groundwa-
er data (G1 – G4). Note that, only the temporal correlation between H
nd GWS is used to evaluate the groundwater storage estimate (against
roundwater level) due to the absence of accurate information on spe-
ific yield. 

. Results and discussion 

.1. Impact of DA on soil moisture estimate 

The top soil moisture ( 𝜃0 − 5cm 

) is estimated from the EnOL and three
A scenarios (SM-only, GRACE-only, and both). The goodness of fit in

erms of correlation is evaluated against the SMOS data ( Fig. 3 , top row)
o investigate the impact of different DA scenarios on the 𝜃0 − 5cm 

esti-
ates. From Fig. 3 , the SM DA and the multivariate DA deliver ~ 0.1
0.15 higher averaged correlation values compared to the EnOL. This

s expected, as the SMOS/SMAP data are being integrated into the state
stimate (particularly into the 𝜃0 − 5cm 

component) by the applications
f the SM DA and multivariate DA. The Kalman gain attempts to statisti-
ally optimize the fit between the 𝜃0 − 5cm 

estimate and the SMOS/SMAP
bservation, resulting in an improved agreement between them. Similar
ehavior is also observed from the evaluation with the SMAP data (not
hown). Including the SMOS/SMAP data in the assimilation system is
roven necessary to improve the 𝜃0 − 5cm 

estimate. 
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Fig. 3. The correlation coefficients (top row) and uncertainty (ensemble spread, bottom row) of the 0 – 5 soil moisture estimates computed between the SMOS data 
and different DA case studies. The averaged correlation and error values of the Goulburn catchment are given in each figure. 

Fig. 4. Scatter plots between the basin-averaged ∆TWS and soil moisture 
anomaly ((a) GRACE Vs. SMOS, and (b) CABLE-estimated ΔTWS and Δ𝜃0 − 5cm ) 
of the Goulburn catchment. The correlation coefficient ( 𝜌) is provided in each 
figure. 
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Fig. 5. The monthly basin-averaged ∆TWS computed from different DA ap- 
proaches (SM DA, GRACE DA, and multivariate DA). The EnOL estimate, the 
GRACE observation, and the yearly precipitation accumulated between April 
and May are also shown for comparison. 

i  

t  

i  

c  

i  

a  

s

4

 

A  

A  

e  

a  

t  

a  

t  

s  

a  

o  

a  
By contrast, GRACE DA reduces the correlation value by ~0.1. The
egradation is likely caused by the limited sensitivity of GRACE obser-
ations to top soil moisture. The top soil component is strongly gov-
rned by high-frequency meteorological forcing ( Wu et al., 2002 ) while
RACE can only observe monthly catchment-averaged TWS changes,
hich is dominated by the low-frequency variability of deep-water stor-
ge components. Also, the degradation of surface SM after assimilating
RACE suggests an inconsistency between the observed and modeled
M-TWS relationship. As shown in Fig. 4 , the modeled TWS change is
ess sensitive to the modeled SM change, compared to the correspond-
ng observations. Therefore, correcting the modeled TWS to GRACE may
ver-correct SM estimates and lead to degraded results. Clearly, assim-
lating GRACE data alone cannot provide the high spatiotemporal vari-
bility essential for modeling the water storage in the top soil layer, and
he inclusion of GRACE data tends to have a negative impact on the

0 − 5cm 

estimate. 
All DA cases reduce the uncertainty (ensemble spread) of the 𝜃0 − 5cm 

stimate ( Fig. 3 , bottom row). Compared to the EnOL, the SM DA and
ultivariate DA reduce the uncertainty by a factor of three while the
RACE DA reduces the uncertainty by a factor of 1.2. Importantly, the
pplications of the SM DA and multivariate DA also lead to an approxi-
ately three times lower uncertainty than the assigned SMOS/SMAP un-

ertainty value. In addition, it is seen that the uncertainty of the 𝜃0 − 5cm 

stimate is lower in the south-eastern part of the catchment. This is likely
nfluenced by the lower field capacity associated with lower clay con-
ent in the southern region, leading to a small variation of 𝜃0 − 5cm 

and
ts uncertainty. The spatial pattern of the uncertainty also explains the
ontribution of SMOS/SMAP observation. The update is likely limited
n the south-eastern part where the model uncertainty is small. This is
pparent in, e.g., Fig. 3 b where slightly lower correlation values are ob-
erved mostly in the south-eastern region. 

.2. Impact of DA on TWS estimate 

The basin-averaged ∆TWS of all three DA cases is shown in Fig. 5 .
lso, the correlation with respect to GRACE is shown in Fig. 6 (top row).
ssimilating SMOS/SMAP-only yields a negative impact on the ∆TWS
stimates, resulting in a decreased agreement between the state estimate
nd the GRACE observation. In the SM DA, the smoother underestimates
he annual and inter-annual variability of ∆TWS and reduces the aver-
ged correlation value by ~0.2 ( Fig. 6 b). The smoothers estimate a set of
he ensemble by optimizing the Kalman gain (or likelihood) function as-
ociated only with the 𝜃0 − 5cm 

component while leaving the other stor-
ge components unconstrained. Computing the posterior estimate based
n the resulted sample set produces an improved 𝜃0 − 5cm 

estimate (see
lso Section 4.1), but does not necessarily improve the computation of
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Fig. 6. The correlation coefficients (top row) and errors (ensemble spread, bottom row) of the ∆TWS estimate computed between the GRACE observation and 
different DA case studies. The averaged correlation and error values of the Goulburn catchment are given in each figure. 

Table 2 

Total mass variations (Gton) estimated from nine different DA case studies, model estimate 
(EnOL), and GRACE observation during two periods: January 2010 – March 2012 and April 2012 
– December 2015. 

Period SM DA GRACE DA Multivariate DA EnOL GRACE observation 

Jan 2010 – Mar 2012 0.12 0.64 0.56 0.48 0.61 

Apr 2012 – Dec 2015 − 0.21 − 0.30 − 0.34 − 0.47 − 0.35 
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otal storage changes. The degradation in ∆TWS may be due to the fact
hat the satellite SM observation does not provide information on the
otal column water, which is crucial in the accurate distribution of the
ater through all stores. 

In the GRACE DA, the constraint is applied to the entire water col-
mn, leading to an improved agreement between the ∆TWS estimate
nd the GRACE observation. The averaged correlation value is increased
y ~0.2 ( Fig. 6 c). The impact of the GRACE DA is clearly seen in the
TWS adjustment before and after March 2012. To evaluate this, the

otal mass variation in the two periods (January 2010 – March 2012
nd April 2012 – December 2015) is computed and shown in Table 2 .
o determine the total mass of TWS variation (Gton) in each period,
he long-term trend (m/year) is first estimated, and multiplied by the
rea of the Goulburn catchment (see Section 2.1), the density of water,
nd the number of years in that period, respectively. GRACE observes
he increased mass estimate of ~0.6 Gton prior to April 2012, which is
ainly induced by the 2010 – 2011 La Niña rainfall (see Fig. 5 ). The
nOL underestimates the mass estimate by ~0.1 Gton during this pe-
iod. The estimate is improved by the GRACE DA, leading to a ~20%
mprovement in cross-correlation between the adjusted mass estimate
nd GRACE data. Similar behavior is observed during the post La Niña
eriod (after March 2012) when the GRACE DA produces a ~30% im-
rovement in cross-correlation. Unlike the GRACE DA, the SM DA can-
ot improve the mass estimate in both periods due to e.g., the deficiency
f deep-water storage information necessary for the TWS computation. 

It is apparent that SM DA and GRACE DA are valuable for updat-
ng 𝜃0 − 5cm 

and TWS estimates, respectively, while they show lim-
ted benefit for the estimation of the other components. The under-
ying strengths motivate the concept of assimilating the SMOS/SMAP
nd GRACE observation simultaneously into the LSM. In the multivari-
te DA, the 𝜃0 − 5cm 

and ∆TWS components are adjusted toward the
MOS/SMAP and GRACE observation, respectively, resulting in the fi-
 4
al state estimates that agree with both observations. The ∆TWS esti-
ated with multivariate DA agrees better with the GRACE observations

y ~0.12 in cross-correlation ( Fig. 6 d) and, simultaneously, the 𝜃0 − 5cm 

stimate presenting better correlation by > 0.1 with SMOS/SMAP data
see Fig. 3 b). Consequently, the multivariate DA improves the mass es-
imate during the La Niña period ( Table 2 ). 

The GRACE DA and multivariate DA reduce the TWS uncertainty
y more than a factor of 2 ( Fig. 6 , bottom row). As expected, the SM
A cannot deliver a reliable TWS estimate, as seen in the uncertainty
hich is approximately twice that obtained from the GRACE DA and
ultivariate DA. 

.3. Validation with in situ data 

.3.1. Soil moisture 

The 𝜃0 − 5cm 

variations estimated from all DA case studies are vali-
ated against the in-situ data at S1 – S4 ( Fig. 7 ). The validation is con-
ucted in terms of correlation and ubRMSD, and the estimated values
re shown in Fig. 8 . CABLE performs remarkably well in the estima-
ion of 𝜃0 − 5cm 

, and provides a good agreement with the in situ data
t all locations with an averaged correlation value of ~0.69 (see EnOL
n Fig. 8 a). The SM DA and multivariate DA increase the correlation
alue further by ~7% (from ~0.69 to ~0.73) and decrease the ubRMSD
y ~11%. The improved result is anticipated since the satellite SM ob-
ervation is used in the SM DA and multivariate DA. By contrast, the
RACE DA shows an apparent negative impact on the 𝜃0 − 5cm 

estimate
see, Fig. 8 a, b). Comparing to the EnOL, the GRACE DA overestimates

0 − 5cm 

by a factor of 1.5 (ubRMSD), and decreases the correlation by
0%. Poor performance is due to the insensitivity of GRACE data to the
ignal associated with the top soil component as described in Sections
.1 and 4.2. 
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Fig. 7. The monthly “0 – 5 cm ” soil moisture variations estimated at S1 – S4 pixels computed from different DA approaches (SM DA, GRACE DA, and multivariate 
DA). The EnOL estimates and the in situ soil moisture data are also shown for comparison. 

Fig. 8. The correlation coefficients (a, c) and unbiased root mean square differ- 
ences (ubRMSD; b, d) of the 0 – 5 cm soil moisture (top row) and 0 – 30 cm soil 
moisture (bottom row) computed from the estimate of different DA case studies 
at S1 – S4 (S: SM DA, G: GRACE DA, M: Multivariate DA). The statistical results 
of the EnOL (OL) are also shown. 
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The 𝜃0 − 30cm 

variation is also validated against the in-situ data with
he statistical results shown in Fig. 8 (bottom row). CABLE provides a
ery accurate 𝜃0 − 30cm 

component with a correlation value of almost
.7 ( Fig. 8 c). Unlike the 𝜃0 − 5cm 

, the SM DA and multivariate DA do not
mprove the correlation and ubRMSD values of the 𝜃0 − 30cm 

estimate.
his is consistent previous studies that found that the benefit of surface
M DA in root zone SM estimates depends on the accuracy of model
hysics ( Dunne et al., 2007 ; Kumar et al., 2009 ). In line with the anal-
sis found in Fig. 4 , GRACE DA also reduces the quality of the 𝜃0 − 30cm 

stimate, seen from both metrics. 
The benefit of including the SMAP data in the DA system is evalu-

ted. The multivariate DA results from two case studies using SMAP data
etween March and December 2015 are compared with the in-situ data
t S1, S2, and S4 ( Fig. 9 a – c). The in-situ data at S3 are not available dur-
ng this validation period. In all locations, the daily 𝜃0 − 5cm 

estimates
f the SMOS-only assimilation and the SMOS/SMAP assimilation are
ery similar and visibly show a better agreement with the in-situ data
comparing to the EnOL). The correlation value is increased to almost
.2 (e.g., at S1, Fig. 9 d), and the highest correlation value is seen when
he SMAP data is included in the DA system (~3% higher compared
o the SMOS-only assimilation). The application of the SMOS/SMAP as-
imilation also reduces the spurious peaks of the 𝜃0 − 5cm 

estimate, e.g.,
n October 2015 ( Fig. 9 a, b) and November 2015 ( Fig. 9 c), leading to a
etter agreement with the in-situ data. Evidently, the SMAP data should
e considered in the DA process to maintain the accuracy (in terms of
greement with the in situ data) of the 𝜃0 − 5cm 

estimate in the Goulburn
atchment. 

.3.2. Groundwater storage 

The ∆GWS estimates are compared with the in-situ groundwater
evel anomalies ( ∆H) at G1 – G4 ( Fig. 10 ), and the averaged correlation
oefficients are shown in Fig. 11 . In Fig. 10 , the application of the SM
A leads to an incorrect groundwater storage estimate with a large
isagreement between the ∆GWS estimate and ∆H, particularly at G1
here the correlation value is as low as − 0.6. The poor performance
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Fig. 9. The daily 0 – 5 soil moisture variations estimated at S1 (a), S2 (b), and S4 (c) pixels from the EnOL estimate, the SMOS-only DA estimate, the SMOS/SMAP DA 

estimate, and the in situ data between March and December 2015. Circles indicate the spurious peaks found in SMOS-only DA estimate. The correlation coefficients 
between the in situ data and the results of the EnOL, the SMAP-only DA, and the SMOS/SMAP DA are shown in (d). 

Fig. 10. The monthly groundwater storage variations ( ∆GWS) at G1 – G4 pixels computed from different DA approaches (SM DA, GRACE DA, and multivariate DA). 
The EnOL estimates and the in situ groundwater level variations ( ∆H) are also shown for comparison. 

c  

S  

t  

Δ  

i  

t  

s  

s  

f  

F  

r  

t  

t  

l  

c  

T  

D  

c

an be attributed to the lack of groundwater information in the satellite
M observation (see Sections 4.1 and 4.2). The ∆H shows a very similar
emporal variation in all G1 – G4 locations. The different scale between
GWS and ΔH likely causes the visual phase shift seen in Fig. 10 . Apply-

ng a specific yield (e.g., ranging between 0 and 1) to ΔH could reduce
he magnitude of the right axis, and led to the reduction of visual phase
hift. However, the conversion is not performed due to the absence of
pecific yield as described in Section 2.5. The temporal variations of ∆H
ollow those of the ∆TWS estimate and the GRACE observations (see
ig. 5 ). ∆H (and ∆TWS) increases under the influence of the La Niña
ainfall in 2011 – 2012 and decreases afterward. The similarity suggests
hat GRACE is sensitive to the signal of the groundwater store more
han the shallow storage component. In particular, the groundwater
evel data ( ∆H) are correlated throughout the catchment with the
ross-correlation of ~0.9 (see Fig. 6 in Tangdamrongsub et al. (2017 a)).
he assimilation of GRACE data (in both GRACE DA and multivariate
A) increases the correlation between the ∆GWS estimate and ∆H
hanges in each grid by a factor of 2, compared to the EnOL estimate. 
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Fig. 11. The correlation coefficients of the ∆GWS estimates at (a) G1, (b) G2, 
(c) G3, and (d) G4 pixels computed from EnOL and different DA case studies. 
The averaged correlation values (Avg) of G1 – G4 are also shown. 
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The EnOL-simulated ∆GWS shows smaller variations compared to
he DA estimate and ∆H. CABLE models the unconfined aquifer using
 simple groundwater model ( Decker, 2015 ; Decker and Zeng, 2009 ;
iu et al., 2007 ; Vergnes et al., 2012 ) that calculates the groundwa-

er recharge based on the available water after vertical redistribution
etween the soil layers. This simplification might lead to an enclosed
roundwater component in the deep soil layer when the distributing wa-
er does not reach the defined field capacity. In such a case, groundwa-
er recharge is not accounted for correctly, and the groundwater storage
hanges become small. The soil and groundwater components are not
fficiently separated, and the variation of the ∆GWS estimate is likely
resented in the deep soil layer. 

Assimilating GRACE-only always shows a better performance in the
GWS estimate and provides ~29% higher average correlation com-
ared to assimilating both GRACE and SMOS/SMAP measurements. In
he multivariate DA, ∆GWS is updated by the GRACE DA (step 2 in
ig. 2 c) after the application of the SM DA (step 1 in Fig. 2 c). The ap-
lication of the SM DA (in the multivariate DA) likely decreases the
ncertainty of the state estimate, which consequently reduces the con-
ribution of GRACE in the analysis step of the GRACE DA. Rescaling
he GRACE uncertainty could increase the contribution of the GRACE
bservation (e.g., Tian et al., 2017 ). 

. Conclusions 

This study evaluates three different DA schemes to assimilate differ-
nt combinations of satellite observations (SMOS/SMAP, GRACE, and
oth (SMOS/SMAP and GRACE)) in the Goulburn catchment, Australia.
alidation against the in-situ data reveals that the performance of the
A in estimating soil moisture and groundwater storage highly depends
n the choice of the observation type. The application of the SM DA
ignificantly improves the top (0 – 5 cm) soil moisture but degrades
he groundwater component, whereas the GRACE DA improves only the
GWS estimate. Applying the multivariate DA simultaneously increases

he accuracy of the soil moisture and groundwater storage estimates,
hough at a slightly lesser degree of improvement compared to the sin-
le observation DA case. 

The application of the SM DA underlines the importance of the
MOS/SMAP data on the SM estimate, by increasing the 0 – 5 cm corre-
ation with in situ observations by up to 7%. The benefit on the 0 – 30 cm
oil moisture and groundwater component is minor or negative, which
s in line with several previous studies. For example, Blankenship et al.
2016) , Kolassa et al. (2017) , Ridler et al. (2014) and Tian et al. (2017) ,
ho reported a detrimental impact on the root zone and deep storage

omponents. SM DA significantly reduces the uncertainty of storage in
he top 0 – 5 cm soil layer but does not have an impact on the TWS un-
ertainty. The constraint solely in the top soil moisture component by
he SM DA does not necessarily have a positive effect on the entire wa-
er column. We also found that assimilating both SMOS and SMAP data
imultaneously is recommended in the Goulburn catchment. The advan-
age of multivariate SM DA is also found in Lievens et al. (2017) , Kumar
t al. (2018) , Jasinski et al. (2019) . However, it should be noted that
MOS and SMAP soil moisture may have potentially common system-
tic errors, which may affect the observation error matrix. Future stud-
es should explore the magnitude of SMOS-SMAP error cross-correlation
nd its impact on the DA results. 

The GRACE DA demonstrates an outstanding example of improv-
ng the groundwater storage of the Goulburn catchment, particularly
t a finer spatial resolution (~25 km) compared to GRACE’s intrinsic
esolution ( > 100 km). As the groundwater variation of the Goulburn
atchment is likely to be spatially correlated due to the large unconfined
quifer (Tangdamrongsub et al., 2017a), assimilating a coarser spatial
cale ∆TWS from the GRACE observation can benefit the groundwa-
er estimate even in the smaller individual grid cell. GRACE DA leads
o the improved groundwater estimate by increasing the correlation
o independent in situ groundwater level data. However, assimilating
RACE into LSM does not provide a positive impact on the top or sur-

ace SM components. This is consistent with the conclusions of Li et al.
2012) and Tian et al. (2017) . GRACE DA significantly reduces the un-
ertainty of the TWS estimate but has only a minor impact on the SM
ncertainty. It is known that GRACE is sensitive to the signal of the en-
ire water column, dominated by the processes in deeper layers. The
RACE DA might therefore adversely distribute the deep water storage

ignals into the shallow one. 
Multivariate DA provides an improvement over both SM and ∆GWS

stimates. Assimilating the satellite soil moisture and GRACE data to-
ether allows the high-frequency components to be adjusted by the SM
A while the low-frequency signal is corrected by the GRACE DA, lead-

ng to the increased correlation values of both the 0 – 5 cm soil moisture
by ~7%) and ∆GWS estimates (by ~65%), compared to the indepen-
ent in situ data. However, the multivariate DA does not outperform the
M DA or the GRACE DA in the separate estimation of the “0 – 5 cm ” soil
oisture and ∆GWS. The DA approach optimized the model states with
ultiple cost functions relevant to shallow and deep groundwater stor-

ge changes (e.g., minimizing the residuals against both SMOS/SMAP
nd GRACE), resulting in an optimal solution that is not closer to one
articular observation, as also found by Tian et al. (2017) . 

With the increased availability of satellite retrievals and ground mea-
urement networks, multivariate DA can be an effective tool to exploit
iverse observations. The multivariate DA presented in this study can be
xtended to include different types of new observations (e.g., soil mois-
ure from Sentinel-1 ( Lievens et al., 2017 ), ∆TWS from GRACE Follow-
n ( Flechtner et al., 2014 ), snow water equivalent from SnowEx ( Kim,
017 )) with simple modification of the measurement operator as de-
cribed in Section 3.2. Ongoing research is focused on the sensitivity to
he selected window length ( L ) of the smoother ( Dong et al., 2015 ) and
pplications over regions with different climate conditions (e.g., snow-
overed basins). 
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