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Abstract

Hydrological models play a crucial role in tracking and predicting terrestrial water storage, yet
they face challenges due to uncertainties and inaccuracies caused by various factors such as
meteorological processes and data limitations. To refine these models, data assimilation has
emerged as a valuable tool, utilizing a new source of data to update model states while
considering associated uncertainties, thereby enhancing our comprehension and predictive
capabilities in hydrological processes. In this context, satellite data are receiving increasing
attention because they can cover large areas and are useful in detecting spatial and temporal

variability of water.

In most existing studies related to satellite data assimilation in hydrological models, one source
satellite data is used in the analysis. This study focuses on improving subsurface water storage
model accuracy by assimilating data from different satellite sources. In particular, we used data
from the Soil Moisture and Ocean Salinity (SMOS) satellite and terrestrial water storage data
from the Gravity Recovery and Climate Experiment (GRACE). The data are assimilated into a
fully coupled subsurface-surface hydrological model, developed with ParFlow-CLM (PARallel
FLOW- Community Land Model). The investigation is conducted in Iran. Employing an
Ensemble Kalman Filter, three assimilation scenarios are explored: (i) GRACE, (i1) SMOS, and

(ii1) the combined assimilation of both GRACE and SMOS data (joint). Findings are validated
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against the Soil Moisture Active Passive (SMAP) and in-situ groundwater data by using a novel

probabilistic reliability framework, demonstrating the advantages of joint data assimilation.

The study highlights the influence of assimilated remote sensing data type on the effectiveness
of data assimilation. Assimilating GRACE data enhances groundwater level estimations.
However, SMOS data positively impacts topsoil moisture estimations, but adversely affects
groundwater level estimates. Importantly, the assimilation of both GRACE and SMOS data
through multivariate (joint) data assimilation significantly improves accuracy for both soil

moisture estimation and groundwater level estimation.

Keywords: Hydrological Modeling, ParFlow-CLM, Multivariate Data Assimilation,

Ensemble Kalman Filter, Groundwater, Soil Moisture
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1 Introduction

Accurate hydrologic simulations are essential for managing water resources, predicting future
water availability, and anticipating extreme events. For understanding the impacts of climate
change and water resource availability, estimation of terrestrial water storage (TWS)
components (e.g., soil moisture, groundwater storage, snow, surface water) is essential for
understanding the impacts of climate change and water resource availability (Hirschi et al.,
2007; Soltani et al., 2021). Soil moisture is the degree of saturation of an unsaturated soil. It is
equal to 1 when the soil is saturated and 0 when the soil is dry. Groundwater storage is is the
volume of water stored in the aquifer (saturated zone). Each TWS component has a particular
impact on the climate as a whole and it is also an important climate change driver (Bierkens
and Van den Hurk, 2007; Green et al., 2011). For instance, a major source of atmospheric
humidity is supplied by soil moisture, and it is therefore a strong contributor to the climate
system (Seneviratne et al., 2010). In order to obtain accurate seasonal forecasts, soil moisture
should be accurately predicted (Koster et al., 2010; Van den Hurk et al., 2012). Groundwater
storage variations (AGWS) should be determined accurately to be able to assess water resources
in a reliable fashion, especially for dry climates with large abstractions of groundwater and

significant temporal and spatial of climate variability (Soltani et al., 2022a).

Despite the importance of having reliable estimates of TWS, knowledge of spatial and temporal

variations in TWS and its components is generally lacking. This is particularly true at large
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scales, or in less-developed countries where there is, in general, an absence of global monitoring

systems (Soltani et al., 2020).

Ground-based measurements, while very accurate, only provide point-wise estimates (Dorigo
et al., 2011; Soltani et al., 2020). This is where hydrological models stand out as a solution to
fill this gap at high spatiotemporal resolutions (e.g., Ddll et al., 2003; Van Dijk, 2010). As a
result, hydrological models are essential tools for sustainable management of water resources
(Yu et al., 2015). However, absence of reliable data often means that the modeling process is
challenged and this is further compounded by errors in modeling and model parameter
uncertainties (Van Dijk et al., 2011; Vrugt et al., 2013). As a result, simulation results can be
unreliable. Subsequently, models can be made more trustworthy by data assimilation (DA)
(Bertino et al., 2003). For this purpose, additional information is supplied by means of new
datasets which can constrain the estimators of model’s states to more meaningful values

(Bertino et al., 2003; Hoteit et al., 2012).

Assimilation of satellite data has applications in various fields such as magnetospheric (Garner
et al., 1999), ocean (Bennett, 2005; Lahoz et al., 2007) and atmosphere (Schunk et al., 2004;
Altaf et al., 2014) studies. It is also predominantly used in hydrological models where the
accuracy of flux and/or storage components needs to be enhanced (e.g., Dillon et al., 2016;

Khaki et al., 2018a; Khaki et al., 2018Db).
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TWS variations (ATWS) can be derived from gravity measurements by the Gravity Recovery
And Climate Experiment (GRACE) satellite mission (Tapley et al., 2004) and have been used
in data assimilation studies and discussed widely in the literature (Soltani et al., 2021). Soltani
et al. (2021) provided an in-depth review of the recent studies on incorporating GRACE TWS
data into hydrological models, highlighting their limitations, problems, and progress. They also
presented an overview of the advantages and limitations of various data assimilation techniques,
with a focus on the capacity of sequential methods for hydrological applications. Various
filtering techniques, such as variational methods and sequential filtering, have been proposed
and developed across different fields to achieve DA objectives. In recent decades, there has
been significant attention on GRACE DA, particularly for improving deep storage components
like groundwater levels (Tangdamrongsub et al., 2015; Zaitchik et al., 2008; Soltani et al.,
2021). While the benefits of GRACE DA are evident in deep storage, its effectiveness in
enhancing surface soil moisture remains a challenge (Li et al., 2012; Tangdamrongsub et al.,

2017; Tian et al., 2017).

The goal of multivariate DA is to combine the strengths of SM DA and GRACE DA to
simultaneously improve soil moisture and groundwater level estimates. Recent studies showed
that the accuracy of surface and deep storage components could be improved by assimilating
GRACE and soil moisture data (Tian et al., 2017; Tangdamrongsub et al., 2020). Furthermore,

and used multivariate DA to increase the skills of model state estimations and climate
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assessment indicators utilizing several satellite soil moisture and snow products (Jasinski et al.,
2019). Based on these results, multivariate assimilation of GRACE and satellite soil moisture
data (e.g., SMOS (Soil Moisture and Ocean Salinity)) is projected to improve soil moisture and

groundwater estimates (Kumar et al., 2019).

This study develops a multivariate DA with GRACE and SMOS data to improve the accuracy
of regional soil moisture and groundwater level estimates. The main research objective is to
investigate the performance of multivariate DA in simultaneously improving soil moisture and
groundwater level estimates. Different DA schemes are developed to incorporate different
observations into the DA system simultaneously. Three different DA scenarios subject to three
different observation cases (SM-only, GRACE-only, and both) are evaluated by using a novel

probabilistic framework.

The hydrological model used in this study is the fully coupled surface-subsurface hydrological
model ParFlow-CLM (PARallel FLOW- Community Land Model), known for simulating the
intricate interactions between land surface and subsurface hydrology effectively. This
specialized model is particularly tailored to accurately represent the dynamics of water and
energy fluxes at high spatial resolutions across extensive geographical areas (Sulis et al., 2017).
ParFlow is a grid-based parallel integrated two-way coupled hydrologic modeling technique
through which the surface and subsurface flow is simulated simultaneously in 3D. The ParFlow
model can be used for various surface and groundwater problems over large and small basins

7



133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

(Ferguson and Maxwell, 2012). It does not include surface processes such as evaporation.
Therefore, to generate more realistic outputs, ParFlow is often coupled with a land surface
model, in particular, CLM (Kollet and Maxwell, 2008). The coupled ParFlow-CLM model
combines high-resolution simulations, complex terrain representation, vegetation dynamics,
climate change and land use studies, water resources management, and flood and drought
analysis. ParFlow has been used to study different surface and groundwater problems in large
domains (Ferguson and Maxwell, 2012), small basins (Kollet and Maxwell, 2006), and even

subsurface—surface (Soltani et al., 2022b) and atmospheric ( Shrestha et al., 2014) coupling.

2 Case study description

The case study area encompasses portions of the Persian Gulf and the Sea of Oman basin,
notably including several significant sub-basins in the western and southwestern regions of Iran.
This area incorporates the Karun, Jarahi, and Karkheh sub-basins, and collectively covers a
substantial expanse of 158,000 km?. This territory constitutes approximately ten percent of
Iran's total land area. This case study is bounded by [29°N 35° N] and [46° E and 53° E], in the
west of [ran and important cities such as Ahvaz, Khorramshahr, Shahr-e Kord, Kermanshah and
Yasuj are in this region (Figure 1). In the mountainous regions, the elevation ranges from over

4,000 m to sea level at the Persian Gulf coast (Figure 1).
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Precipitation varies seasonally and geographically owing to the passage of mid-latitude storms
that originate in the Mediterranean Sea region and the effects of the complicated topography
(Kiany et al., 2020) The study area's mean annual precipitation ranges from 100 mm in the
plains in the southwest to >900 mm in some of the eastern mountainous regions (Raziei et al.,
2012) and the average temperature in the summer and winter are 48° and 4°C. Deserts in this
zone have an area of 1.3x10% km?, which is equal to eight percent of the basin’s area, which are
predominantly located in the south and southwest arid and hyper-arid climatic zones (Ardebili

and Khademalrasoulb, 2018).

The important rivers that run through this basin are Jarahi, Karkheh, Karun, Zohreh and Dez,
supplying 34x10° m® of water annually, which is about 33% contribution of the total water
resources of the entire country. 83% contribution of the water consumption in Zohreh-Jarahi,
88% in Karun and 89% in Karkheh were by agricultural use (Rahmani, 2021). This basin is a
hub for agriculture, with 26.2% dedicated to crops such as rice, wheat, barley, cotton, corn,
sugarcane, and various summer crops, and 12% dedicated to tree cultivation. These crops thrive
on the fertile plains of the southwest, nourished by the water from the five major rivers (Ardebili

and Khademalrasoulb, 2018).
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Figure 1. The geographical location of the case study, located in west and southwest of Iran,
overlaid by the study location Digital Elevation Model (DEM) and the river network.

3 Methodology and data

3.1 Model description

The ParFlow-CLM model comprises two essential components. First, the ParFlow model solves

the Richards equation, a governing equation for water flow through 3-D variably saturated

porous media (Ashby and Falgout, 1996; Kollet and Maxwell, 2006). The Richards equation

takes into account critical factors such as soil properties, and topography, allowing the

simulation of subsurface water movement. The ParFlow model utilizes a finite difference

10
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approach and parallel computing techniques to efficiently handle the complex computations

involved in modeling these intricate processes (Kollet and Maxwell, 2006).

Second component , CLM (Oleson et al., 2004, 2008) focuses on representing land surface
processes. It consists of modules dedicated to surface energy balance, vegetation dynamics,
biogeochemistry, and snow accumulation and melt. These modules interact with the ParFlow
subsurface component through flux exchanges, enabling processes such as water infiltration
from the surface to the subsurface, evapotranspiration from vegetation, and heat transfer
between the land surface and subsurface to be effectively simulated and integrated into the
model (Soltani et al., 2022c). In the sequential information exchange procedure, ParFlow sends
the updated relative saturation (S) and pressure () for the top 10 layers to CLM. In turn, CLM
sends the depth differentiated source and sink terms for soil moisture [top soil moisture flux
(qrain), soil evapotranspiration (qe)] for the top 10 soil layers to ParFlow ( Shrestha et al., 2014).
For more details on the numerical aspects and other features of the model, refer to Kollet and
Maxwell (2006). Additionally, the model's structure and configuration are visually represented
in Figure 2.

The critical soil hydraulic properties, such as water retention and hydraulic conductivity curves,
are described using Mualem-van Genuchten functions (Van Genuchten, 1980), with their
parameters estimated through the application of pedotransfer functions. Notably, leveraging

physics-based Integrated Hydrological Models (IHMs) offers a significant advantage over

11
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lumped hydrological models. IHMs deliver robust results without requiring extensive

calibration steps (Poméon et al., 2020).

Aatmospheric Forcing

Evapotranspiration

E .
Snow vaporation L cLM
1 i o
Soil Moisture Flux W m erland Flow m Counli
< L pling
( Interface

and Soil Evapotranspiration

Relative Saturation ParFlow

Deeper Vados

and Pressure Head

Saturated Zone

Figure 2. Schematic of ParFlow-CLM model

The Van Genuchten relationships are utilized to define the relative saturation and permeability

functions as follows:

S —S
S — sat res + , 1
W) (1+(ay )H" " S M
1 (alr// p)n71 2
( - (1 + (al// p)n)(l—l/n) )
Kr (!// p) = (1-1/n) (2)

(+(ay )" ?
where ssat [—] 1s the relative saturated water content, sres [—] 1s the relative residual saturation,

a [L'] and n [] are soil parameters.
3.2 Water balance
ParFlow can perform water balance calculations for the Richards' equation, overland flow, and

CLM capabilities. There are two types of water balance storage: subsurface and surface, as well

12
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as two types of flux calculations: overland flow and evapotranspiration. The storage

components are measured in units [L], whereas the fluxes can be instantaneous and measured
in units [L3T '] or cumulative over an output interval and measured in units [L*]. The water
balance has the following form (Maxwell et al., 2016):

AlVol

surface

+ VO lsubsmjface ]
At

= Qoverland + Qevapotmnspiration + Qsource/sink (3 )

where Volsubsurface 1S the subsurface storage [L*], Volsurface is the surface storage [L*], Qoverland iS
the overland flux [L*T '], Qevapotranspiration is the evapotranspiration flux passed from CLM [L°T
1, and Qsourc/esink are any other source or sink fluxes specified in the simulation [LT ~!]. Only
the external fluxes passed from CLM are included in Qevapotranspiration, Which needs to be recorded
as a variable in ParFlow. It is important to note that these volume and flux quantities, like any
other quantity in ParFlow, are computed spatially across the entire domain and returned as array
values. The subsurface water is the summation of soil moisture and groundwater storage. It is
represented by the subsurface equivalent water thickness which is computed for all active cells
in the domain, as follows (the outcomes represent as an array of balances by domain) (Maxwell

et al., 2016):

Hvubsu)jface = Z[Sw (Wp) x Ss X V/p + Sw (l//p) X ‘//p] (4)
Q

13
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Here, H subsurface [L] 1s equivalent water thickness in subsurface and S; [-] is the specific storage.
The surface equivalent water thickness (Hsurface)is determined using the continuity equation over
the top surface boundary cells in the domain I' ,as obtained by the mask. This is done on a cell-

by-cell basis (resulting in an array of balances across the domain) like follows (Maxwell et al.,

2016):

H e = Er]t//,, 5)

The summation of surface equivalent water thickness and subsurface equivalent water thickness

results in TWS derived by GRACE.

3.2 Data
3.2.1 Land surface data and atmospheric forcing

The land surface input data include topography, land cover, soil characteristics, and
physiological parameters of the canopy which are static variables. Global Multiresolution
Terrain Elevation Data 2010 (Danielson et al., 2011) was used as Digital Elevation Model
(DEM) which has a resolution of 1km (see Figure 1). The Moderate Resolution Imaging
Spectroradiometer (MODIS) satellite land-use classification (Friedl et al., 2002) was also used,
where it was converted to Plant Functional Types (PFT). In order to include the soil
characteristics, the percentage of soil and clay were obtained using FAO/UNESCO Digital Soil

Map of the World (Batjes, 1997) which has numerous soil classes consisting of 19 classes,

14
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which was based on Schaap and Leij (1998)’s pedotransfer functions. For the Manning’s
coefficient, the values which has been proposed based on relationship between landcover type

and roughness is used (Asante et al., 2008).

The atmospheric forcing of the coupled ParFlow model with CLM including barometric
pressure, wind speed, precipitation, specific humidity, downward shortwave and longwave
radiations and air temperature near the surface is provided from GLDAS-Noah Land Surface
Model L4 V2.1 data (https://disc.gsfc.nasa.gov/datasets/GLDAS NOAHO025 3H 2.1). This
has a spatial resolution of 0.25° and temporal resolution of 3-hourly (due to the temporal
resolution of the GLDAS data), and the data used covers the time period of 2015-2020. All
model inputs given in Table 1, were re-projected to have an equal cell size of 0.25° resolution.
In this study, the model was employed for a total thickness of 300 m over 100 model layers
(n=100) with different thickness. The model was implemented with a horizontal resolution of
0.25°. This grid comprises 28 cells in the x-direction (nx=28) and 24 cells in the y-direction

(ny=24) (see Figure 3).
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Figure 3. Visualization of the domain dimensions

3.2.2 GRACE TWS

The GRACE data release 05 (RL05) was supplied by the University of Texas at Austin's Center
for Space Research (CSR) (Bettadpur, 2012). This release includes the monthly spherical
harmonic coefficients (SHC) complete up to degree and order 96. The GRACE-derived TWS,
as well as its uncertainty over the case study, are calculated as follows: First, the Swenson et al.
(2008) degree 1 coefficients (SHC) are restored, and the C20 term is replaced by the value
derived from the satellite laser range (Cheng and Tapley, 2004). Second, the mean covering the
period from March 2015 to June 2017 is calculated and subtracted from the monthly product to
produce the SHC variations, then restriping (Swenson and Wahr, 2006) and 300-km radius
Gaussian smoothing filters are applied to the SHC variations to reduce the high-frequency noise.

Third, following the method outlined by Wahr et al. (1998), the TWS variation (TWS) is

16
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computed from the filtered SHC variations. Finally, a signal restoration algorithm (e.g., Chen
et al., 2014) is used to the computed TWS. The strategy iteratively searches for the true TWS
using a forward model built entirely from GRACE data. To be consistent with the model
estimate, the ParFlow-CLM estimates of TWS temporal mean value (March 2015—June 2017)
is added to the GRACE-derived TWS to produce the absolute TWS prior to the assimilation

procedure (Zaitchik et al., 2008).

3.2.3 SMOS and SMAP soil moisture datasets

This research relies on daily satellite soil moisture retrievals from the Soil Moisture and Ocean
Salinity mission (SMOS, Kerr et al., 2012). The SMOS missions consist in a L-Band (1.4 Ghz)
interferometric radiometer that is sensible to surface soil moisture and vegetation optical
thickness over continental surfaces. The level 3 gridded product (Al Bitar et al., 2017) provided
by the Centre Aval de Traitement des Données SMOS (CATDS, https://www.catds.fr) and run
by the French Research Institute for Exploitation of the Sea for the Centre National d'Etudes
Spatiales (CNES) is used to collect SMOS data (IFREMER). On the Equal-Area Scalable Earth
(EASE; Brodzik et al., 2012) grid, data are accessible from January 2010 to present, with a
spatial resolution of 25 km in m*/m?. SMOS data with a daily temporal resolution are spatially
rescaled from 25 kmx25 km to 0.25"%0.25° resolution using the nearest neighbor interpolation
to match ParFlow-CLM. The data is filtered for Radio Frequency Interference (RFI) using the
RFI probability flag. Jamei et al. (2022 ) have evaluated the accuracy of soil moisture derived

17
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by SMOS (SMswmos) products over the Southwest and West regions of Iran for the time period
of 2012-2015. The research results demonstrate that SMsmos model exhibits a high level of
accuracy and agreement when compared to in-situ measurements. These findings substantiate
the efficacy of utilizing remotely sensed data for estimating soil moisture, highlighting the

potential of SMsmos as a reliable tool in such applications.

The Soil Moisture Active Passive (SMAP, Entekhabi et al., 2010) mission consists of a L.-Band
radiometer at 1.4 Ghz with a mesh grid antenna (the radar component was only active during
the first 3 months of the mission). The National Snow and Ice Data Center Distributed Active
Archive Center (NSIDC DAAC, https://nsidc.org/data/smap) supplied a grid product
(SPL3SMP). The volumetric soil moisture obtained by the SMAP level 3 (version 4) passive
microwave radiometer, available from 2015 to the present, is included in this package. To match
the observations with the model grid space, the data for both SMOS and SMAP are resampled
to a 0.25¢ resolution in m*/m>. When more than one SM retrieval is available on a given day,

the daily average is employed to assure model time step consistency.

A drawback of our research is the comparison of model results assimilated with Soil Moisture
and Ocean Salinity (SMOS) data against other remote sensing observations, specifically from
the Soil Moisture Active Passive (SMAP) mission, instead of using in-situ data. While both
SMOS and SMAP provide valuable soil moisture information, they operate with different

sensing technologies and retrieval algorithms, leading to potential discrepancies in the observed

18
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values. This methodological disparity can introduce biases and affect the accuracy of our model
comparisons. Furthermore, the absence of in-situ data, which typically offers more precise and
localized measurements, may limit the validation and robustness of our findings. By
highlighting these considerations upfront, we aim to provide a clearer context for the
interpretation of our results and underscore the necessity for caution when drawing conclusions

based on these inter-comparisons.

3.2.4 Groundwater data

In-situ groundwater level data obtained from the Iran Water Resources Management Company
(IWRMC) for observation wells distributed across the case study area (http://www.wrm.ir) is
utilized. The size of each aquifer plays a crucial role in converting volumetric groundwater
change values provided by IWRMC to equivalent water height. This conversion process is
instrumental in ensuring a meaningful comparison. The results are then evaluated using an area-
averaged time series of groundwater changes for each aquifer. Specifically, the modified in-situ
groundwater time series, adjusted according to changes in well characteristics, seasonal
variations, or calibration factors to address any biases or inaccuracies inherent in the initial
measurements, are compared to the aquifer's average assimilation findings individually. This
comparison provides insights into the effectiveness of the adjustments made to the in-situ

groundwater time series in aligning it with the aquifer's average assimilation findings.
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325 Table 1: List of used data including input data of ParFlow-CLM and evaluation dataset

Resolution:
Spatial /

Temporal

Data Source

Download Link or Reference

Atmospheric 0.25°/
forcing 3-hourly

GLDAS NOAH

https://disc.gsfc.nasa.gov/datasets/GLDAS
NOAHO025_3H_2.1

Plant
500

m/Yearly

Functional

Input Data Type

MODIS satellite (land-

use classification)

https://Ipdaac.usgs.gov/products/med12q1v0
06/

Soil Texture

Data, Sand FAO/UNESCO Digital )
- ) (Batjes, 1997)

and Clay Soil Map of the World

Percentage
Global Multiresolution
DEM ) )
1 km Terrain Elevation Data https://earthexplorer.usgs.gov/
2010
) Relationship between
Manning’s
) - landcover type and (Asante et al., 2008)
coefficient ) )
manning’s coefficient
Data GRACE https://www2.csr.utexas.edu/grace/RL0S.ht
1°/Monthly CSR
Assimilation TWS ml
25 Km/
SMOS ) CATDS https://www.catds.fr
Daily
NSIDC DAAC/
SMAP 36 Km/Daily https://nsidc.org/data/smap
Evaluation SPL3SMP
Dataset Point data/ )
Groundwater IWRMC http://www.wrm.ir
Monthly
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3.3 Data assimilation framework
3.3.1 EnKF

The Ensemble Kalman Filter (EnKF) is widely used in the previous papers due to its flexibility
and simplicity of use in land surface models (e.g., Draper et al., 2012; Crow and Wood, 2003).
Model state ensembles are created for estimating error covariance matrix of the state variable.

This allows optimal merging of observations and model prediction.

EnKF involves the computation of the updated state ensemble X" at time step t for the model-

estimated state variable X; which encompasses the saturation degree of all grids for each
ensemble member i. It is worth noting that the Van Genuchten relationships define the
correlation between the degree of saturation and pressure head. When the degree of saturation

is updated, the pressure head is correspondingly updated as well.
X =X+K,[L-HX]] (6)

Here, the perturbed observation is L, . Perturbed observation is SMOS and GRACE data for

SM DA and GRACE DA, respectively. The Kalman gain K, can be defined via:

Kt = PthT (Rt +HtPthT )_l (7)
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Here, R¢ is the observation error matrix (a priori assigned as the expected observation error of
the soil moisture from SMOS or/and GRACE TWS data from GRACE, H| is the operator
matrix that maps observations to model states at time t (transposed), and P, is the error
covariance matrix for the state variable related to model prediction, which is obtained from:

N

> (X -X)(x, -X)

T ®)

Here, X is the ensemble mean that contains values for all of the grid cells. The number of
ensemble members is given by N. Similarly, Rt is computed as:

N — —\T

>(1-D)(5-7)

R, =5 — ©)

where L stores the perturbed observations and L is the ensemble mean. The operator matrix
that maps observations to model states can be computed as the following equations for SM DA

scenario:
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357 (10)

358 where L stores the perturbed observations and L is the ensemble mean. The operator matrix
359 that maps observations to model states (H) is made by Eq. 4 and Eq. 5 for GRACE DA scenario.
360 Data Assimilation Framework requires filter algorithm parameters, observation files, and
361 instructions for building an ensemble of model runs as input (Figure 4). TWS/or SM data, it’s
362 error information was derived using GRACE level 2/or SMOS data, and generated ensembles
363 of mnput data were obtained during pre-processing. Post-processing involves evaluating
364 ParFlow-CLM output against independent data sets. We evaluated the results of simulations by

365 a cross-validation with SMAP data and in-situ groundwater measurements as shown in Figure

366 4.
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368 Figure 4. Flowchart showing the general set-up of the data assimilation including (i) the pre-
369 processing of model input and observations, (ii) the data assimilation framework ParFlow-
370 CLM-DA, and (iii) the post-processing to validate the DA performance.
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3.3.2 ParFlow-CLM-DA experimental design

The assimilation tests were carried out from March 2015 to March 2020. To acquire equilibrium
initial state variables, a ten-year spin up was undertaken by simulating the input data of 2015
ten times. We used ParFlow-CLM for a case study of Iran with a spatial resolution of 0.25° in
this work. The model was run with a 3-hour time step (due to the temporal resolution of the

GLDAS data) and a 5-day time window for soil moisture updates.

Because assimilation observations have various temporal resolutions, such as monthly GRACE
TWS and daily soil moisture measurements, soil moisture observation is temporally rescaled
into a 5-day resolution for data assimilation and GRACE TWS data is assimilated into the model
in a monthly time scale. In this study, we assumed a spatially uniform observational error of
0.04 m*/m> for SMOS (Colliander et al., 2017; Lievens et al., 2017 ) and a diagonal error

covariance matrix for GRACE TWS data in the ParFlow-CLM-DA setup.

Both atmospheric forcing and soil properties affect the results of a land surface model.
Precipitation and soil texture (%sand and %clay) were perturbed in this study to account for
uncertainty in atmospheric forcing and soil texture. Precipitation received multiplicative
perturbations that were log-normally distributed, geographically homogeneous, and temporally
uncorrelated (Naz et al., 2019). The applied perturbation factors for precipitation had a mean
and standard deviation of 1.0 and 0.10, respectively (Naz et al., 2019). A random noise with a

standard deviation of 10% was used to perturb the sand and clay content (Naz et al., 2019). The
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sand and clay content added up to 100%, in order to ensure the physical meaning of the soil
parameters. The sand and clay percentage have a direct impact on the computation of the soil
pedotransfer functions that links the hydraulic pressure in the soil to the water content of the

soil.

In the simulation/assimilation experiment, the initial ensemble size for precipitation and soil
texture was set to 36 to update the soil moisture of the top soil layer (0-15c¢m) and pressure
head. The main experiment consists of four ParFlow-CLM-DA simulations: (a) SMOS data
assimilation, (b) GRACE TWS data assimilation and (c¢) combined SMOS and GRACE data

assimilation, and (d) ensemble open-loop simulation (no data assimilation) (Figure 5).
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399

400
401
402
403
404
405

(2) SM DA

(b) GRACE DA

Step 2

Figure 5. Three different DA scenarios, (a) SM DA, (b) GRACE DA, and (c) multivariate DA.
The SM DA updates the state estimate using the time window of approximately five days (green
rectangle in (a)) while the GRACE DA uses the time window of approximately one month
(yellow rectangle in (b)). In the multivariate DA (c), the SM DA is first performed using the
time window of approximately five days and its updated states are used as the forecast state in
the GRACE DA using the time window of approximately one month.
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3.4 Evaluation
3.4.1 Deterministic assessment

To assess model performance in simulating hydrological variables, we use absolute error, bias
(BIAS), the correlation coefficient (R) and a probabilistic reliability assessment. These metrics

are calculated as follows:

Absolute Error = ZYl =Y, (11)

i=1
n

2 Yo, )

BIAS =L (12)

n
ZYO})S R
i=l

i(yobs S _Y_obs )(Yl _Y_)

\/Z 0 s Y ¥, T )

R= (13)

Where n is the total number of time steps; Yi and Yobs,i represent the simulated ensemble mean

and observation values at time step 1, respectively.

3.4.2 Probabilistic assessment: the first order reliability method

The First Order Reliability Method (FORM) is a frequently used approach for assessing a

system's structural reliability (Zhao et al., 2020). To approximate the failure function of the
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examined system, the technique uses a Limit State Function (LSF) constructed via a Taylor

expansion in Eq. (14) (Soltani et al., 2020).
G(») = L() = G(3,) +VG(,) (r=¥,) (14)

where G(y) is the water budget closure failure function of a hydrologic system, L(y) is the LSF
linearization, y =(y,,V,,...,y,) is the vector of n variables in G(y) function, ym is the expansion
point, and VG is the first order gradient vector of G(y).

In this study, FORM is used to assess the accuracy of the different DA experiments. The

failure function G(y) defined as follows:

Model Estimation; —Observation;

1 n
o

G)=r=

(15)

where i is a pixel number, and 7 is the total number of months. Since many recent studies found
out that the accuracy of different DA strategies is between 5% and 25% of corresponding
average precipitation (Long et al., 2014, Sahoo et al., 2011). We considered that when r; of
hydrologic system is less than 0.2, the model’s results from different DA strategies are

satisfactory.

The strategy seeks to find a point y* which is called the most probable failure point by

calculating the shortest distance between the origin and failure surface with the constraint
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of G(y)<£0. This shortest distance is called the reliability index =Hy” (see Soltani et al.

(2020) for point-by-point application forms of this strategy).

The failure probability of G(y) which means the accuracy of different DA strategies is lower
than 20% of corresponding average precipitation, can be approximated using the reliability

index P after it has been calculated as follows:
P =0(-p) (16)

Pr is the hydrologic system's failure probability and ®(—f)is the standard normal variates
cumulative distribution (Madsen et al., 2006). A smaller value of Pt corresponds to reduced
uncertainty in the accuracy of various Data Assimilation strategies, showing heightened

accuracy of the different DA experiment’s reliability.

4 Results and Discussions

4.1 DA impacts on spatially averaged state variables
4.1.1 Soil moisture dynamics

The spatially averaged time series of the SM o-15cm estimated from the model top layer open
loop (running the model without DA) and all DA strategies are presented in Figure 6. The
SMAP data is used for validation which shows that the application of data assimilation reduces

misfits between the results and SMAP data compared to the open loop. The validation is carried
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out in terms of correlation and absolute error, with the estimated values presented in Figure 7
and Figure 8, respectively. With an averaged correlation value of 0.67, ParFlow-CLM performs
well in the estimate of the SM ¢-15.m and gives good agreement with SMAP data at all sites (see
ensemble open loop in Figure 7). The SMOS assimilation also minimizes erroneous peaks of
the SM o-15cm estimate, such as in November 2018 (Figure 6) and May 2018 (Figure 6), resulting
in greater agreement with the SMAP data. Clearly, the SMOS data should be considered in the
DA process in order to retain the accuracy (in terms of agreement with the SMAP data) of the
SM ¢-15¢m estimate in the case study. The SM DA and multivariate DA increase the correlation
value by 0.17 and 0.22, respectively (from 0.67 to 0.84 and 0.89). Since satellite SM observation
is employed in the SM DA and multivariate DA, an improved outcome is expected. The
GRACE DA, on the other hand, appears to have a negative impact on the SM ¢-15cm estimate
(see, Figures 7Erreur ! Source du renvoi introuvable. and 8). The GRACE DA reduces the
correlation by 0.08 when compared to the ensemble open loop. Poor performance is owing to
sensitivity of GRACE data to the signal associated with the top soil component. The results of
multivariate DA utilizing SMOS and GRACE data between March 2015 and June 2017 are
compared to SMAP data (Figure 6). The daily SM ¢-15cm estimations of SMOS assimilation
clearly show a greater agreement with SMAP data (comparing to the ensemble open loop) (see,
Figures 7 and 8). The hydrological model did not benefit from the limited improvement in the
hydrological model's estimation of surface soil moisture with GRACE assimilation can be

attributed to GRACE's coarse spatial and temporal resolution. Additionally, the GRACE signal
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is not sufficiently sensitive to surface soil moisture variations, as it is more adept at capturing
large-scale changes in terrestrial water storage. These factors hinder the model's ability to
benefit from GRACE data for precise surface soil moisture predictions. However, it should be
mentioned that even though soil moisture data assimilation improves the estimates for the top

soil moisture, the accuracy for the whole water column may not necessarily increase.
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Figure 6. The monthly spatially averaged soil moisture (m*/m?) simulated for the first soil layer
(0-15 cm) using different DA strategies (SM DA, GRACE DA, and multivariate DA). The
SMAP observation and the ensemble open loop estimates are also shown for comparison.
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482 Figure 7. Averaged correlations between SM ¢ -15s cm variations derived using SMAP and
483 simulated by ParFlow-CLM before DA (open loop) using different DA strategies (SM DA,
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486 Figure 8. Absolute error of the SM ¢ 15 cm variations simulated by ParFlow-CLM before DA
487 (open loop) and using different DA strategies (SM DA, GRACE DA, and joint DA) when
488 compared with SMAP observations.
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4.1.2 TWS variations

The basin-averaged time series of TWS variations from ParFlow-CLM before and after
assimilating three different DA strategies is shown in Figure 9. It shows larger amplitude of
TWS variations for the data assimilation results compared to open-loop results. Also, Figure
10, shows the correlation with respect to GRACE observations. Assimilating SM not only has
the least impact on the TWS variations but also results in a negative impact on improving TWS
estimates. The SM DA, reduces the averaged correlation value by ~0.07 (Figure 10). As a result,
our findings show a lower level of agreement between the state estimate and the GRACE
observation. SM assimilation appears to create a stimulatory effect that reduces the quality of

TWS predictions.

In the GRACE DA, the improvement is applied to the entire water column, leading to an
improved agreement between the TWS variation estimate and the GRACE observation. The
averaged correlation value increase by 0.20 compared to open-loop results (Figure 10). GRACE
DA appears to be more useful for improving TWS estimations than SM DA, but it may be of
reduced benefit for the estimation of the other components (see, Figures 7 and 8). The idea of
incorporating the SMOS and GRACE observations into the model at the same time is motivated

by the underlying strengths of each individually.

Erreur ! Source du renvoi introuvable. Figure 9 also shows the multivariate DA results using

SMOS and GRACE data between March 2015 and June 2017 when compared with GRACE
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data. TWS estimations derived joint clearly demonstrate better agreement with GRACE data
(comparing to the ensemble open loop and GRACE DA). When compared to open-loop results,
the averaged correlation coefficient increases by 0.22 (Figure 10). The SM o - 15em and TWS
variations components of the multivariate DA are modified toward the SMAP and GRACE
observations, yielding final state estimates that agree with both observations. TWS variations
predicted with multivariate DA agree with GRACE observations by 0.2 in cross-correlation
(Figure 10) while, at the same time, the SM ¢. 15cm estimate has a better correlation with SMAP
data by 0.17. (See Figure 7). TWS correlation increased by more than a factor of 1.3 using the
GRACE DA and multivariate DA (Figure 10). The SM DA, cannot provide a reliable TWS
estimate, as evidenced by the correlation, which is less than the GRACE DA and multivariate

DA (Figure 10).
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526 Figure 9. The monthly spatially averaged TWS variations (cm) simulated from different DA
527 strategies (SM DA, GRACE DA, and multivariate DA). The GRACE observation and the
528 ensemble open loop estimates are also shown for comparison.
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530 Figure 10. The average correlation coefficients (R) of the TWS variations simulated by
531 different DA strategies (SM DA, GRACE DA, and multivariate DA) and the GRACE data.
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4.1.3 Groundwater level variations

Figure 11 depicts the time series of monthly averaged groundwater (GW) level variations over
the case study for the time period of 2015-2017. In-situ groundwater measurements are used to
validate assimilation results of the different DA strategies. The average correlation coefficients
and their absolute error in in-situ groundwater measurements are shown in Figures 12 and 13,
respectively. The application of the SM DA results in inaccurate groundwater level estimates
in Figure 12, with a considerable difference between the GW estimate and in-situ groundwater
measurements. When compared to the ensemble open- loop estimate, the assimilation of
GRACE data (in both GRACE DA and multivariate DA) boosts the correlation and reduces
absolute error between the GW estimate and in-situ groundwater level changes by a factor of
more than two (see, Figures 12 and 13). As a result, it is found that GRACE is more sensitive
to the signal from the groundwater storage than the shallow storage component (similar to

Tangdamrongsub et al. (2020)’s findings).

When compared to assimilating GRACE-only, assimilating both GRACE and SMOS
observations performs better in the GW level variations estimate and delivers a 0.07 greater
average correlation which is not a significant improvement (Figure 12). The GRACE DA
updates GW level variations in the multivariate DA after the SM DA is applied. The use of the
SM DA (in the multivariate DA) reduces the uncertainty of the state estimate, which increases

the contribution of GRACE data in the GRACE DA. Groundwater trends are generally negative
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over the entire time period (2015 — 2017). Again, it can be concluded that without using

assimilation, these correct negative trends are not captured.

Khaki et al. (2018b) integrated GRACE Total Water Storage (TWS) data into the World-Wide
Water Resources Assessment (W3RA) model, enabling a detailed examination of various water
budget components, including groundwater, soil moisture, and surface water storage, across
Iran's six major drainage divisions from 2002 to 2012. Their study revealed that assimilating
GRACE TWS data significantly enhances the W3RA model's performance, offering improved
insights into water availability in diverse locations. Particularly, the assimilation corrects for
open-loop simulation variations, a crucial aspect for accurate groundwater level estimation. Our
study, utilizing the ParFlow-CLM model, corroborates these findings, further supporting the

efficacy of GRACE TWS data assimilation in improving water resource assessments."

Khaki and Awange (2019) used the Ensemble Square-Root Filter (EnSRF) to integrate multi-
mission satellite datasets such as TWS from the GRACE satellite mission and soil moisture
products from the Advanced Microwave Scanning Radiometer-Earth Observing System
(AMSR-E) and SMOS into the W3RA model for estimating groundwater and soil moisture over
South America. The use of joint data assimilation improves W3RA estimations when compared
to groundwater in-situ measurements which is in a good agreement with our results. This effect

was clearly seen for TWS estimations and, more critically, groundwater simulations,
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569 highlighting the potential for assimilating remotely sensed products to improve the W3RA

570 hydrological model's reliability.
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572 Figure 11. The monthly spatially averaged groundwater level variations (cm) simulated using
573 different DA strategies (SM DA, GRACE DA, and multivariate DA). The in-situ groundwater
574 measurements and the ensemble open-loop estimate are also shown for comparison.
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576 Figure 12. The Averaged correlation coefficients (R) of the groundwater level variations
577 simulated using different DA strategies (SM DA, GRACE DA, and multivariate DA) and in-
578 situ groundwater observations.
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Figure 13. Absolute error for groundwater variations (cm) simulated by ParFlow-CLM before
DA (open loop) and after different DA strategies (SM DA, GRACE DA, and joint DA) when
compared to in-situ measurements.

4.2 DA impacts on temporally averaged state variables

Figure 14 shows temporally averaged SM ¢ - 15cm variation from the ParFlow-CLM experiments
derived ensemble open loop and different DA strategies (SM DA, GRACE DA, and joint DA)
and the SMAP data over the time period of 2015-2017. Figure 15 evaluates the performance of
the DA in terms of BIAS error against the SMAP data to investigate the impact of different DA
strategies on the SM o - 15cm estimates. In comparison to the ensemble open loop, the SM DA
and multivariate DA provide smaller BIAS error values (Figure 15). This is to be expected,
given that the SMOS data are incorporated into the state estimate via the SM DA and

multivariate DA applications. The Kalman gain (Eq. 7) tries to statistically enhance the fit

41



592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610

between the SM . 15cm estimates and the SMAP observation, resulting in better agreement (the

maximum BIAS changes from 17.71 to 8.48).

GRACE DA, on the other hand, increases the BIAS error. The increase is most likely caused
by low sensitivity of GRACE observations to top soil moisture. The top soil component is
largely influenced by high-frequency meteorological forcing, but GRACE can only measure
monthly basin-averaged TWS changes, which are dominated by deep-water storage component
with low-frequency variability. GRACE data, with its coarse spatial and temporal resolution,
faces challenges in accurately simulating the high spatiotemporal variability of water storage in
the top soil layer. The satellite's measurements, covering large areas with intervals of several
weeks to months, are insufficient for capturing the rapid and localized changes in the shallow
top soil layer. As a result, GRACE alone may not provide the level of detail needed for precise
modeling of water dynamics in this specific layer, highlighting the importance of
complementing GRACE data with other sources or advanced modeling techniques. The BIAS
error (ensemble spread) of the SM ¢ - 15cm estimate is reduced in all DA strategies (Figure 15).
The SM DA and multivariate DA reduce uncertainty when compared to the ensemble open
loop, while the GRACE DA reduces uncertainty. Importantly, the SM DA and multivariate DA

applications result in less uncertainty than the allocated SMAP uncertainty estimate.

Figure 16 evaluates the performance of the DA in terms of absolute error against the in-situ

groundwater level measurements data to investigate the impact of different DA strategies on
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the groundwater variation estimates. As shown in Figure 16, the BIAS inaccuracy indicates
bigger differences from north to south and the biggest BIAS error is evident in the southwest of
the basin. A similar pattern is seen in all DA scenarios. The BIAS inaccuracy in Figure 16
clearly demonstrates the effect of DA. In SM DA, the biggest uncertainty is seen compared to
other DA scenarios and ensemble open loop estimate, particularly in the central part of the
basin. In GRACE DA and joint DA, the uncertainty decreases, and the lowest uncertainty is

seen in the central part of the basin and this extends north and west when joint DA is employed.

Tangdamrongsub et al. (2020) assimilated multi-mission remote sensing observations,
including soil moisture information from SMOS and SMAP missions, as well as TWS
information from GRACE, into the Community Atmosphere and Biosphere Land Exchange
(CABLE) land surface model over the Goulburn River basin in Australia to enhance model
performance. The validation of data assimilation was conducted using in-situ soil moisture and
groundwater level data. The study revealed that SMOS assimilation improves topsoil moisture
but degrades groundwater level estimates. Conversely, GRACE assimilation enhances only the

groundwater component.
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627 Figure 14. Temporally averaged soil moisture maps (mm) obtained using different DA
628 strategies (SM DA, GRACE DA, and multivariate DA) over the case study. The ensemble open
629 -loop estimates and SMAP data are also shown for comparison.
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(SM DA, GRACE DA, and multivariate DA) and the SMAP data. The ensemble open-loop
estimate is also shown for comparison.
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Figure 16. BIAS between temporally averaged groundwater level variations (cm) obtained
using DA approaches (SM DA, GRACE DA, and multivariate DA) and in-situ groundwater
level measurements.

4.3 Evaluating uncertainty in the DA strategies

The failure probability of LSF (refer to Eq.15) is investigated as a criterion to assess model
reliability using a novel application of the First Order Reliability Method (FORM). Specifying
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r smaller than 0.2 (see Section 3.4.2), can be used as a criterion to assess the reliability of
model's results. To achieve this, the FORM calculates the failure probability (Pr) of the model's
closure results. The results of the FORM implementation in Table 2 show that failure
probability of multivariate data assimilation has the lowest value, and the best solution was
found to be multivariate data assimilation using both GRACE and SMOS data for improving
soil moisture, TWS and groundwater estimates. Pr of groundwater estimate using SM DA is
larger than all DA strategies, and Pr of groundwater estimate using GRACE DA and
multivariate DA is lower than all DA strategies. Pr of TWS estimates using GRACE DA is
lower than all DA strategies, and Pr of TWS estimates using SM DA is larger than all DA
strategies. Pr of soil moisture estimate using SM DA is lower than all DA strategies, and Pr of
soil moisture estimate using GRACE DA is larger than all DA strategies which indicates that
the performance of DA mainly depends on the type of observations, the prediction variable of
interest that are assimilate and the prediction variable of interest. Each DA strategy exhibits an
acceptable Pr value; however, if one choice is to be made, the joint DA approach appears more
promising. It has the potential to enhance both soil moisture and groundwater estimates. It is
essential to note that the significance of this finding may vary depending on the chosen
hydrological model under consideration and the states incorporated in the Ensemble Kalman

filter.
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659 Table 2: Evaluating uncertainty in the DA strategies and open-loop simulation
DA Strategies P
Soil Moisture Groundwater TWS
Open Loop 13% 12% 12%
SM DA 7% 14% 14%
GRACE DA 15% 10% 5%
joint DA 9% 8% 7%
660
661 S Summary and conclusion
662 In this pioneering study, a novel approach emerges as both soil moisture from SMOS and total
663 water storage (TWS) data from GRACE are concurrently assimilated into the coupled ParFlow-
664 CLM hydrology model. Significantly, this marks the first-time integration of data assimilation
665 (DA) techniques into the ParFlow-CLM model, a physically based model renowned for its
666 capability to capture intricate interactions between surface and subsurface water dynamics.
667 The intricacies of the interaction between subsurface and surface water are adeptly addressed
668 through the utilization of the coupled surface-subsurface ParFlow-CLM model. This model,
669 renowned for its physical realism, proves instrumental in simulating the complex processes
670 occurring at the interface between the deeper subsurface and the surface.
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Three innovative data assimilation strategies are deployed to assimilate either one or both of
GRACE and SMOS satellite products for basins in Iran. The assimilation method demonstrates
proficiency in estimating soil moisture, particularly for the top 15 centimeters of the soil, when
appropriate observations are incorporated. Strikingly, the assimilation of GRACE data
significantly improves estimates of groundwater level variation, emphasizing its unique

contribution.

The novel aspect of this work lies in the revelation that assimilating both GRACE and SMOS
data results in more accurate soil moisture estimates. Notably, single observation assimilation
proves crucial for achieving the highest accuracy. This underscores the importance of
incorporating SMOS data for enhancing soil moisture assimilation and elevating its precision,

resulting in a substantial increase in correlation coefficient with SMAP data.

In contrast to previous findings, the hydrological model in this study does not derive significant
benefits from GRACE assimilation for estimating surface soil moisture values. The study
acknowledges the well-documented uncertainties associated with total water storage, yet
highlights the marginal impact of GRACE assimilation on reducing soil moisture uncertainty,

cautioning against potential misattributions of deep groundwater to shallow groundwater.

The breakthrough solution identified in this study is the application of multivariate data
assimilation for both GRACE and SMOS data. This innovative approach adjusts high and low

frequency values through soil moisture and GRACE assimilation, respectively. Consequently,
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the correlation coefficients for the top 15 centimeters of soil moisture and changes in

groundwater level experience substantial increases with SMAP data and in-situ measurements.

While multivariate data assimilation exhibits slightly lower performance compared to single
assimilations for their respective target zones, it represents a significant advancement in
improving soil moisture estimates. Importantly, the study underscores the utility of comparing
model results with SMAP data to assess the model's ability to replicate key aspects of satellite
observations, emphasizing the reliance on remotely sensed data in regions lacking in-situ

measurements.

The study's novelty is further accentuated by the integration of data assimilation into the
ParFlow-CLM model, a milestone that expands the model's capabilities and enhances its utility
in capturing the complexity of surface-subsurface interactions. Additionally, the proposed
generalization of multivariate data assimilation to various data sources represents a
groundbreaking step towards a more comprehensive and adaptable hydrological modeling
framework. To ensure the robustness of the assimilation process, the study highlights the need
for future investigations to conduct a cross-correlation analysis of SMOS errors, shedding light
on their patterns and quantifying their impact on the assimilation processes. Additionally,
despite the original resolution of GRACE exceeding 100 kilometers, the research demonstrates
its capacity to enhance groundwater level estimation accuracy for Iran at a 0.25° resolution,

presenting a noteworthy advancement in spatial resolution for groundwater studies.
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We encourage future studies to utilize finer resolution data if available. This will likely enhance
the precision of the simulations and address some of the drawbacks identified in our research.
If higher-resolution atmospheric and surface datasets become accessible, we recommend

repeating the simulations to potentially achieve more detailed and accurate results.

In addition to the points mentioned, it's important to note that the validation results of our
ParFlow-CLM simulations should also be compared with those obtained from other data
assimilation techniques. While our study focused on a specific approach, other techniques such
as Particle Filter (PF), or variational methods could potentially offer different strengths and
weaknesses in terms of accuracy and computational efficiency. These methods incorporate
observational data in varied ways, which might enhance the simulation of surface soil moisture
and other hydrological variables. Conducting comparative studies with these alternative
techniques would provide a more comprehensive understanding of the relative performance and
reliability of our results. This comparison could highlight the advantages of using a fully
coupled model like ParFlow-CLM versus simpler or different data assimilation methods,
offering valuable insights for future research and practical applications in hydrological

modeling.
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732 Appendix A: List of Abbreviations

Abbreviation Meaning
CLM Community Land Model
DA Data Assimilation

EnKF Ensemble Kalman

Filter

FORM First Order Reliability Method

GRACE GraV1‘Fy Recovery and  Climate
Experiment

GW Groundwater

TWRMC Iran Water Resources Management
Company

LSF Limit State Function

ParFlow PARallel FLOW

SM Soil Moisture

SMAP Soil Moisture Active Passive

SMOS Soil Moisture and Ocean Salinity

TWSA Terrestrial Water Storage Anomaly

W3RA World-Wide Water Resources Assessment
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