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A B S T R A C T

Combining metamodels with data assimilation schemes allows the incorporation of up-to-date information in
metamodels, offering new opportunities for operational water resources management. We developed a data
assimilation scheme for the unsaturated zone metamodel MetaSWAP using OpenDA, which is an open source
data assimilation framework. A twin experiment showed the feasibility of applying an Ensemble Kalman filter as
a data assimilation method for updating metamodels. Furthermore, we assessed the accuracy of root zone soil
moisture model estimates when assimilating the regional SMAP L3 Enhanced surface soil moisture product. The
model accuracy is assessed using in situ soil moisture measurements collected at 12 locations in the Twente
region, the Netherlands. Although the accuracy of the model estimates does not improve in terms of correlation
coefficient, the accuracy does improve in terms of Root Mean Square Error and bias. Therefore, the assimilation
of surface soil moisture observations has value for updating root zone soil moisture model estimates. In addition,
the accuracy of the model estimates improves on both regional and local spatial scales. The increasing avail-
ability of remotely sensed soil moisture data will lead to new possibilities for integrating metamodelling and data
assimilation in operational water resources management. However, we expect that significant investments in
computational capacities are necessary for effective implementation in decision-making.

1. Introduction

The application of integrated physically-based hydrological models
is increasing in water resources management (Guswa et al., 2014; Kurtz
et al., 2017). Such modelling tools are typically used for water re-
sources management on various spatial and temporal scales. Water
managers can use model output for decision-making while taking into
account uncertainties of, among others, input data, boundary and initial
conditions, and model structure (Beven and Alcock, 2012). To reduce
the uncertainties inherent to integrated physically-based hydrological
modelling, data assimilation schemes are often applied (Liu et al., 2012;
Weerts et al., 2014). Data assimilation schemes aim to find an optimal
combination of merging hydrological model state estimates with ob-
servations. Several studies have shown the value of data assimilation
schemes for integrated surface–subsurface modelling (Camporese et al.,

2009a; Camporese et al., 2009b; Zhang et al., 2016; Botto et al., 2018;
Zhao and Yang, 2018), some specifically focusing on operational ap-
plications (Hendricks Franssen et al., 2011; De Rosnay et al., 2013;
Kurtz et al., 2017; He et al., 2019).

Combining integrated physically-based modelling with data assim-
ilation schemes often needs considerable computational capacities,
which limit the application of data assimilation schemes in operational
water resources management. Several studies propose metamodelling
as a tool to significantly decrease computation times (Van Walsum and
Groenendijk, 2008; Ratto et al., 2012; Razavi et al., 2012; Fraser et al.,
2013; Berends et al., 2018). Haberlandt (2010) defines a metamodel as
“a substitute for a complex simulation model consisting of simplified,
but often non-linear and dynamic relationships. Metamodels can be
trained using results from simulation experiments with available pro-
cess models, expert knowledge and observations if available”. The
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decrease in computational time is a trade-off, since metamodels gen-
erally have lower accuracies than the models from which they are de-
rived (Fraser et al., 2013). Metamodels are usually based on models
which are calibrated using training datasets. Such datasets consist of a
specific period of hydrological observations. Since physically-based
models typically include parameters which are difficult to obtain for
large spatial domains (Yilmaz et al., 2010), calibration is an important
aspect of hydrological model development (Beven and Binley, 1992).
However, it is practically impossible to monitor hydrological variables
in situ on catchment scales due to time and budget constraints. Remote
sensing data provide a means for monitoring across large spatial do-
mains.

A recent development is the emergence of high-resolution satellite-
based surface soil moisture observations (Petropoulos et al., 2015;
Balsamo et al., 2018). Soil moisture is a key variable in integrated
hydrological modelling, since the unsaturated zone relates atmospheric,
land surface and subsurface processes (Brocca et al., 2017). Satellite-
based soil moisture products provide valuable information for hydro-
logical models if they are used in combination with data assimilation
schemes (Houser et al., 1998; Moradkhani, 2008; Reichle, 2008; Liu
et al., 2012). Several studies investigated the applicability of remotely
sensed soil moisture data for data assimilation using data products from
satellites such as AMSR-E (Sahoo et al., 2013; Wanders et al., 2014a;
Wanders et al., 2014b), ASCAT (Gruber et al., 2015; Loizu et al., 2018),
SMOS (Lievens et al., 2015; Srivastava et al., 2015), H-SAF (Laiolo
et al., 2015), SMAP (Koster et al., 2018; Blyverket et al., 2019), a
combination of AMSR-2 and SMOS (Gevaert et al., 2018) and a com-
bination of Sentinel-1 and SMAP (Lievens et al., 2017).

Ratto et al. (2012) state that integrating metamodelling with data
assimilation schemes could significantly contribute to the operational
use of metamodels and remotely sensed soil moisture products for de-
cision-making in operational water resources management. In this
study, we use the Netherlands Hydrological Instrument (NHI), a tool
used for decision-making in operational water resources management
in the Netherlands. NHI is an integrated physically-based modelling
framework developed for hydrological simulations on several spatial
scales (De Lange et al., 2014). A few studies focus on the combination of
the unsaturated zone metamodel MetaSWAP as part of NHI and the
assimilation of actual evapotranspiration estimates (Schuurmans et al.,
2011; Hartanto et al., 2017), however not on assimilating soil moisture
observations. The goal of this study is to evaluate the applicability of a
data assimilation scheme for updating root zone soil moisture estimates
of a metamodel using a regional surface soil moisture product based on
SMAP satellite data (Chan et al., 2018). The main research question is:
to what extent can we increase the accuracy of root zone soil moisture
estimates of a metamodel by assimilating satellite-based regional sur-
face soil moisture observations?

Section 2 gives a description of the data assimilation framework, the
metamodel, the data, and the research methodology. Results are shown
in Section 3 and discussed in Section 4. Conclusions are drawn in
Section 5. A list of abbreviations can be found in Appendix A. A de-
scription of the data assimilation scheme is found in Appendix B.

2. Methodology

2.1. Data assimilation framework

We apply a sequential data assimilation scheme that applies statis-
tical uncertainty measures for assigning weights to both model esti-
mates and observations. Sequential data assimilation improves the ac-
curacy of model estimates in two ways. Firstly, these methods update
model states, which lead to more accurate model estimates at the up-
date step. Secondly, the updated model state estimates are used as input
for the next modelling time step, which reduces model error propaga-
tion. Sequential data assimilation schemes require calculation of the
model mean state x and corresponding model state error covariance

matrix P. Due to the size of P in hydrological model calculations, it is
generally not feasible to explicitly calculate P. An alternative approach
is the Ensemble Kalman filter (EnKF), which is a sequential data as-
similation scheme suitable for high-dimensional systems (Evensen,
1994). The EnKF is a Monte Carlo implementation of Kalman filtering
for non-linear problems. The EnKF uses a sample of evolved model
states to estimate the covariance matrix P. This ensemble of model runs
is created by perturbing model forcing, parameters and/or states. The
model perturbations should represent total model uncertainty and re-
quire the development of an error model. Among others, Reichle et al.
(2002) and Crow and Wood (2003) showed the potential of applying an
EnKF in soil moisture modelling. We refer to Appendix B for a de-
scription of EnKF data assimilation theory.

We implemented an EnKF scheme using OpenDA, which is an open
source framework for implementing data assimilation schemes in hy-
drological modelling (www.openda.org). Applications of OpenDA can
be found in Ridler et al. (2014) and Van Velzen et al. (2016). OpenDA is
a relatively easy-to-implement solution for coupling hydrological
models and data assimilation schemes. We coupled this framework with
the unsaturated zone metamodel MetaSWAP (described in Section 2.2)
by means of the OpenDA black-box wrapper. Implementation of the
black-box wrapper does not require changes in model code and allows
for reading and editing of model input and output files. The source code
of OpenDA, including the MetaSWAP black-box wrapper, is freely ac-
cessible at: https://github.com/OpenDA-Association/OpenDA. For the
remainder of this paper, we refer to this coupling as MetaSWAP-
OpenDA.

2.2. Model description

The NHI modelling framework consists of coupled hydrological
models for unsaturated flow, saturated flow, and surface water flow and
distribution (De Lange et al., 2014). Fig. 1 shows a schematic overview
of the models and the coupling between them. The models are coupled
in a modular way, which means that individual models can run in-
dependently. In this research, we use the subsurface part of the Land-
elijk Hydrologisch Model (LHM), which is the Dutch national applica-
tion of NHI. The subsurface part consists of two coupled hydrological
models: the metamodel MetaSWAP (Van Walsum and Groenendijk,
2008) represents unsaturated zone dynamics and MODFLOW-2005
(Harbaugh et al., 2017) represents saturated zone dynamics. The sub-
surface part of LHM is schematized on a rectangular grid with a spatial
resolution of 250 m by 250 m and a simulation time step of one day.

2.2.1. MetaSWAP
The Soil-Vegetation-Atmosphere-Transfer (SVAT) model MetaSWAP

computes the vertical transfer of water in a one-dimensional column
between the atmosphere and the saturated zone (Van Walsum and
Groenendijk, 2008). MetaSWAP is a metamodel based on the open
source SWAP model (Van Dam et al., 2008). SWAP solves unsaturated
soil water flow on field scales by applying the Richards equation. Me-
taSWAP applies a simplified approach in which the one-dimensional
partial differential Richards equation is replaced by two ordinary dif-
ferential equations: an equation for vertical variations assuming steady
state flow and an equation accounting for variations in time. Steady
state solutions are stored in a database of pre-computed soil saturation
profiles at discrete intervals of soil moisture conditions and ground-
water depths. The unsaturated zone is discretized into up to 18 vertical
aggregation boxes, starting with the root zone and ending with a box
extending into the saturated zone. These boxes are linked as reservoirs.
The soil saturation degree of each box is retrieved from the pre-com-
puted database during each time step.

MetaSWAP needs several spatial datasets as input. The Actueel
Hoogtebestand Nederland (AHN) is used as a digital elevation model
(Actueel Hoogtebestand Nederland, 2019). The Landelijk Grondgebruik
Nederland (LGN) dataset supplies land cover data (Hazeu, 2014).
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Precipitation and Makkink reference crop evapotranspiration rasters
obtained from KNMI data are used as model forcing (KNMI, 2018b;
KNMI, 2018a). The BOFEK2012 dataset supplies soil physical para-
meters for 72 soil units in the Netherlands (Wösten et al., 2013). Van
Walsum and Van der Bolt (2013) verified the MetaSWAP meta-ap-
proach for these soil units by comparing transpiration output of Me-
taSWAP with transpiration output of the SWAP model. The meta-ap-
proach leads to faster calculation times in comparison with SWAP,
while the transpiration output of MetaSWAP did not deviate more than
5% from the SWAP output.

The metamodelling concept of MetaSWAP has implications for ap-
plying data assimilation schemes. Firstly, vegetation dynamics are
parametrized using a pre-defined root zone depth growth pattern. As
the root zone depth varies in the growing season, also the depth of the
first aggregation box of MetaSWAP varies. Data assimilation results are
therefore only comparable for periods with similar root zone depths,
like summer or winter periods. Secondly, the data assimilation scheme
requires a model restart after each update step. The use of a single
precision format in the model restart files introduces small differences
in the restarted model run (Van Walsum, 2017). Section 4.1 discusses
the effect of the model restart on model accuracy.

2.2.2. MODFLOW
MODFLOW-2005 is a software package for simulating 3D ground-

water flow (Harbaugh et al., 2017). The schematization of MODFLOW
in LHM consists of seven layers. These seven aquifers and aquitards
represent the hydrogeological layers distinguished in the Dutch na-
tional hydrogeological database REGIS (De Lange et al., 2014). MOD-
FLOW is coupled to MetaSWAP using a shared state variable, phreatic
groundwater head for MODFLOW and groundwater level for Me-
taSWAP respectively (Van Walsum and Veldhuizen, 2011). During each
time step, groundwater levels are determined by iteration of MOD-
FLOW and MetaSWAP. The iteration stops when the difference in
groundwater head of MODFLOW and groundwater level of MetaSWAP
is within a pre-defined limit.

2.2.3. Data assimilation for MetaSWAP-MODFLOW models
The potential of data assimilation for coupled MetaSWAP-

MODFLOW models has been studied before. Schuurmans et al. (2011)
assimilated satellite-based actual evapotranspiration data using a con-
stant gain Kalman filter to update actual evapotranspiration model es-
timates. Furthermore, Hartanto et al. (2017) used satellite-based actual
evapotranspiration data in combination with a Particle Filter to im-
prove discharge simulations. Due to the availability of high-resolution

soil moisture observations, we extend the findings of Schuurmans et al.
(2011) and Hartanto et al., 2017 by assessing the applicability of soil
moisture observations to update soil moisture states of MetaSWAP.

In the aforementioned studies, the entire MetaSWAP grid was scaled
with a single factor per time step, therefore not accounting for the
spatial distribution of the observations. The OpenDA framework en-
ables assimilation of multiple observations at various locations.

2.3. Study area

The study area is the Twente region in the east of the Netherlands,
see Fig. 2. The region includes part of the Dinkel and Regge catchments
and is situated in a temperate marine climate zone (Hendriks et al.,
2014). Annual precipitation rates vary between 800 and 850 mm
(Kaandorp et al., 2018). The region is relatively flat with an elevation
between 3 to 85 m a s l. . . . and has a size of approximately 40 km by
50 km. Glacial ridges form elevated features in the landscape. The main
soil types are sand and loamy sand, while the main land use is agri-
culture. The water system is free-draining and water management is
mainly performed by operating a system of weirs and pumps.

2.4. Data

We use the SMAP (Soil Moisture Active Passive) L3 Enhanced
Radiometer-only daily gridded soil moisture product for the data as-
similation scheme (Entekhabi et al., 2010; Chan et al., 2018; O’Neill
et al., 2018). The value of SMAP data for hydrological data assimilation
has been shown in several studies (Kolassa et al., 2017; Lievens et al.,
2017; Koster et al., 2018; Blyverket et al., 2019). The delivery of the
enhanced SMAP soil moisture products was motivated by the gap that
emerged after failure of the SMAP radar (Chan et al., 2018; Das et al.,
2018). The 9 km resolution of the enhanced data products is achieved
through an optimal interpolation technique applied to the antenna
temperature from which the brightness temperature Tb is calculated.
Subsequently, the same soil moisture retrieval procedure is followed as
is applied to the native Tb data. We use the baseline SMAP L3 Enhanced
product, which relies on the Single Channel Algorithm at V-polarization
(SCA-V). The SMAP L3 Enhanced product is available approximately
every 2–3 days for the Twente region. Colliander et al. (2017) found
that SMAP soil moisture products generally perform well in the Twente
region. Chan et al. (2018) assessed the accuracy of the enhanced SMAP
L3 products in the Twente region using in situ soil moisture measure-
ments at 5 cm soil depth from the Twente network (see next section) for
the period April 2015–October 2016 and found an unbiased root mean

Fig. 1. Software codes covering the various hydro-
logical domains within the Netherlands
Hydrological Instrument (NHI) (De Lange et al.,
2014). The red dashed box indicates the subsurface
part applied in this study. (For interpretation of the
references to colour in this figure legend, the reader
is referred to the web version of this article.)
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square error (uRMSE) of 0.056 m m3 3. For this study, we used the soil
moisture retrievals from the morning satellite overpasses. During the
morning, the moisture and temperature profiles across the soil-vege-
tation system are more uniform, which is one of the assumptions un-
derlying retrieval algorithms. Indeed, Chan et al. (2018) found more
reliable soil moisture estimates for data collected in the morning
compared to the data collected in the afternoon.

Furthermore, we use in situ soil moisture measurements from a
monitoring network operating since 2009. The network is maintained
by the faculty of ITC of the University of Twente. The network consists
of 20 stations equipped with Decagon Em50 data loggers and probes for
measuring both soil moisture and soil temperature (Dente et al., 2012).
Decagon EC-TM probes were installed when the network was first de-
veloped. Gradually, the probes were replaced by 5TM probes. Soil type-
specific calibration functions have been developed for both sensors. The
expected accuracies are 0.023 m m3 3 for the EC-TM probes and
0.027 m m3 3 for the 5TM probes respectively. The station locations are
shown in Fig. 2. The sensors are installed in agricultural fields, except
station 20, which is installed in a forest area. The stations provide a
reading every 15 min since July 2009 at nominal soil depths of 5, 10,
20, 40 and 80 cm. Installation of the monitoring network is similar to
the installation of the Raam soil moisture monitoring network de-
scribed in Benninga et al. (2018). The in situ measurements are used to
validate the assimilation results.

2.5. Error model: noise definition

We perturb the MetaSWAP ensemble members for the EnKF scheme
by adding noise to the model forcing. Syed et al. (2004) show that
precipitation and potential evaporation are the most dominant forcing
terms for the hydrological cycle. In addition, uncertainties in pre-
cipitation measurements dominate errors in subsurface and runoff
predictions (McMillan et al., 2011). Tian et al. (2013) show that a
multiplicative error model outperforms an additive error model for
daily precipitation measurements. We perturb input rasters of daily
precipitation and daily Makkink reference evapotranspiration with
Gaussian white multiplicative noise. The noise is described using the
distribution mean and standard deviation. We assume that the errors in
the input data are not systematic and therefore, in the case of multi-
plicative noise, the distribution mean is set equal to one. The standard
deviation of the precipitation error distribution function is often arbi-
trarily set ranging from 15% (Weerts and El Serafy, 2006) up to 50%
(Pauwels and De Lannoy, 2006) of the nominal precipitation value. We

found that the model ensemble does not collapse when using a standard
deviation defined as 25% of the maximum daily precipitation rate. The
average annual maximum daily precipitation rate in the Twente area is
close to 30 mm for the years between 1961 and 2014 (Golroudbary
et al., 2017; KNMI, 2018b). Correspondingly, we assume that the error
distribution of the precipitation input has a standard deviation of
7.5 mm. In a similar way, we assume a standard deviation of 2 mm for
the reference evapotranspiration input (KNMI, 2018a). Furthermore,
using the KNMI precipitation and reference evapotranspiration data-
sets, we found that the correlation length of precipitation and reference
evapotranspiration is larger than our region of interest (approximately
40 km by 50 km). Therefore, we assume a spatial correlation length of
50 km for the noise in every direction, which means that the spatial
anisotropy of precipitation fields is not considered.

In addition, the SMAP observations are perturbed with Gaussian
white additive noise. For data assimilation applications, Drusch et al.
(2009) and De Rosnay et al. (2013) defined the soil moisture satellite
observational error as a standard deviation with a value of
0.010 m m3 3. We use a standard deviation of 0.056 m m3 3 for defining
the satellite observation error. This error was retrieved from the study
of Chan et al. (2018), which focuses on the SMAP product and the
Twente region.

2.6. Experimental setup

We set up two experiments to assess the applicability of the EnKF for
updating soil moisture estimates of the metamodel MetaSWAP. First,
we test the MetaSWAP-OpenDA data assimilation implementation by
performing a synthetic experiment often referred to as a twin experi-
ment. Then, we evaluate data assimilation in a real-world application
on regional and local spatial scales using the SMAP satellite data. The
flowcharts visualized in Fig. 3 show the research steps for the two ex-
periments.

2.6.1. Twin experiment
A twin experiment allows testing of a data assimilation im-

plementation in an idealized situation (Remy et al., 2002; Robinson and
Lermusiaux, 2002; Irrgang et al., 2017). The goal is to assess whether
the EnKF scheme improves the accuracy of soil moisture model esti-
mates when all error statistics are known. The twin experiment is
performed for the in situ station locations and for a period of two
months. The twin experiment spans the period May 1 2015 to July 1
2015. The twin experiment consists of three model runs:
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Fig. 2. Overview of the Twente region in the Netherlands. Elevation data is based on the AHN elevation dataset. Also, the stations of the Twente soil moisture
monitoring network are shown.
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TWIN-truth This run represents the true state of root zone soil moisture
in the period May 1 2015 to July 1 2015. The run produces
synthetic soil moisture observations which are assimilated
in the TWIN-EnKF run. The synthetic observations are as-
sumed to be perfectly accurate.

TWIN-OL This run represents a reference simulation without data
assimilation, also known as an open loop (OL) run. To
resemble an imperfect model, we perturbed the forcing
data of this run. White multiplicative noise with a nominal
value of 2% is added to the forcing data to resemble model
uncertainty.

TWIN-EnKF This run applies the EnKF using the MetaSWAP-OpenDA
framework to correct root zone soil moisture by assim-
ilating the synthetic soil moisture observations from the
TWIN-truth run. The run contains the same uncertainty as
the TWIN-OL run by using the same perturbed forcing
data.

In general, increasing the ensemble size will lead to a better re-
presentation of model uncertainty (Zhang et al., 2016). However, due
to computational limitations, one has to find a balance between

computational costs and appropriate ensemble size (He et al., 2019). To
determine the number of ensemble members, we varied the ensemble
size (8, 16, 32, and 64 members) and assessed the corresponding Root
Mean Square Error (RMSE) of the TWIN-EnKF run. We found that at
least 32 ensemble members are needed to get a good representation of
model uncertainty, see Fig. 5.

The twin experiment is successful if the accuracy of the TWIN-EnKF
soil moisture estimates increases with respect to the soil moisture es-
timates of the TWIN-OL run. The accuracy is assessed using three per-
formance indicators: the RMSE for the absolute deviation, the model
bias for the systematic deviation, and the Pearson correlation coeffi-
cient r for the dynamics. The RMSE is defined as:

= =RMSE
N

( )
,i

N
i i1
obs pred 2

(1)

in which i
obs are the observed soil moisture estimates (in this case the

synthetic observations from the TWIN-truth run), i
pred are the predicted

soil moisture estimates (from the TWIN-OL and TWIN-EnKF runs), and
N is the number of observations. The closer the RMSE is to zero, the
more accurate the model predictions are.

Fig. 3. Flowcharts visualizing experimental setup: (1) Synthetic twin experiment and (2) SMAP data assimilation experiment.
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Next, the model bias is defined as:

= =Bias
N

( )
.i

N
i i1
obs pred

(2)

Again, the closer the bias is to zero, the less biased the model pre-
dictions are.

Last, the Pearson correlation coefficient r is defined as:

= =

= =

r
( )( )

( ) ( )
i
N

i
N

i
N

1
obs obs pred pred

1
obs obs 2

1
pred pred 2 (3)

in which obs and pred are the averaged observed and predicted soil
moisture estimates. The correlation coefficient r can range between −1
and 1. A value of 1 (-1) indicates a perfect positive (negative) linear
relationship between obs and pred.

2.6.2. Assimilation of SMAP observations
Next, we performed an EnKF data assimilation run with the SMAP

L3 Enhanced observations. An EnKF run is performed for the full year
2016 to capture soil moisture variability in both wet and dry periods.
32 ensemble members are used to resemble model uncertainty. The
ensemble members are initialized with a spin-up period between
January 1 2014 and January 1 2016. Furthermore, a deterministic
model run without data assimilation is performed. We refer to this run
as SMAP-OL to distinguish between this run and the TWIN-OL run. The
updated soil moisture model estimates and the open loop run are va-
lidated by evaluating the RMSE, model bias, and correlation coefficient
r performance indicators using the in situ soil moisture measurements.
The in situ measurements are daily averaged.

Both satellite soil moisture and in situ soil moisture observations are
inherently different with respect to each other. In situ soil moisture
measurements contain significant uncertainties related to accuracy,
precision, and spatial support (Lekshmi et al., 2014). These un-
certainties limit validation possibilities on local scales. Upscaling in situ
measurements to regional averages reduces sampling errors (Cosh et al.,
2006; Crow et al., 2012; Zhao and Yang, 2018). Therefore, we evaluate
the results on both regional and local spatial scales. A typical regional
scale is the management area of a regional water authority, which is
approximately the size of the study area. We define field scale as a
typical local scale, which is resembled by individual soil moisture
monitoring stations. First, the regional-scale applicability of the SMAP
L3 Enhanced product for data assimilation is assessed by evaluating the
performance indicators for both the in situ data and the model esti-
mates. The in situ data and model estimates are spatially averaged. We
refer to these results as SMAP-EnKF-AVG. The following twelve in situ
stations have a complete data series for the year 2016 and are used for
the averaging: 1, 2, 4, 7, 9, 12, 13, 15, 17, 18, 19, 20. The locations are
shown in Fig. 2. Then, the local scale applicability of the SMAP L3
Enhanced product is assessed by evaluating the performance indicators
for the stations used for the regional averaging.

As described in Section 2.2.1, data assimilation results using the
MetaSWAP model are only comparable for periods with similar root
zone depths. Therefore, we split the year 2016 in a summer and winter
period. The length of the summer period depends on the parametrized
vegetation type. The root zone depth of the grass vegetation type varies
between 0.20 m in winter and 0.40 m in summer. The root zone depth
of the maize vegetation type varies between 0.10 m in winter and
0.40 m in summer. The root zone depth of the forest vegetation type
does not vary. To define a summer period for this vegetation type, we
split the year in half. Table 1 shows the parametrized vegetation type
and summer period length. Since the first aggregation box of Me-
taSWAP represents the root zone up to 40 cm depth, we use the in situ
measurements at 10 cm depth for the winter period and the in situ
measurements at 20 cm depth for the summer period. Because the
model result is an aggregate of the root zone soil moisture profile, we
consider the measurements at these depths representative for the winter

and summer periods. Since the most abundant vegetation type in the
list of selected stations is grass, we assume that the summer period of
grass is representative for the regional average results.

3. Results

3.1. Twin experiment

First, we show the synthetic twin experiment results. Fig. 4 shows
the performance indicators for the TWIN-OL and TWIN-EnKF runs. As
described in Section 2.6.1, the TWIN-OL run represents a model run
with randomly added errors. The TWIN-EnKF run is the result of as-
similating synthetic observations of perfect accuracy to update the soil
moisture model state estimates.

In general, the results indicate that the MetaSWAP-OpenDA im-
plementation is able to correct for synthetically added errors for which
the error structure is known. In terms of RMSE and model bias, the
accuracy of model estimates improves in the TWIN-EnKF run in com-
parison with the TWIN-OL run. The RMSE of the TWIN-OL run ranges
from 0.0013 to 0.010 m m3 3, while the RMSE of the TWIN-EnKF run
ranges from 0 to 0.0032 m m3 3. The bias of the TWIN-OL run ranges
from 0.0010 to 0.0090 m m3 3, while the bias of the TWIN-EnKF run
ranges from 0.00010 to 0.0024 m m3 3. Furthermore, in terms of cor-
relation coefficient r, the accuracy of model estimates generally in-
creases in the TWIN-EnKF run compared with the TWIN-OL run. The
correlation coefficient of the TWIN-OL run ranges from 0.98 to 1 [–],
while the correlation coefficient of the TWIN-EnKF run ranges from
0.99 to 1 [–]. However, the accuracy of the TWIN-EnKF run is lower for
three stations (7, 11, and 16) in terms of correlation coefficient.

Furthermore, we assessed whether the ensemble size of 32 members
is sufficient. Fig. 5 shows the change in RMSE of the TWIN-EnKF run
when increasing the number of ensemble members. The RMSE of the
ensemble mean decreases for larger ensemble sizes. The decrease in
RMSE flattens out for an ensemble size larger than 32. Therefore, we
assume that an ensemble of 32 members is a good balance between
accuracy and computational requirements.

3.2. SMAP assimilation: regional comparison

This section presents the findings of assimilating SMAP data into the
metamodel MetaSWAP. Fig. 6 shows the EnKF data assimilation results
for the regional soil moisture estimates in the year 2016. The regional
estimates are obtained by spatially averaging the soil moisture model
estimates of each in situ location. A visual comparison of the SMAP-OL
and SMAP-EnKF-AVG runs shows an improvement for both the winter
and summer periods of the SMAP-EnKF-AVG run, except in the begin-
ning of May. Furthermore, the accuracy of model estimates only slightly
improves in the period between January 1–April 1.

Table 2 shows the RMSE, model bias, and correlation coefficient for

Table 1
Vegetation type and length of summer period for each station as parametrized
in the MetaSWAP model.

Station Vegetation type Summer period

1 Grass April 1–November 1
2 Grass April 1–November 1
4 Grass April 1–November 1
7 Maize June 1–October 12
9 Grass April 1–November 1
12 Grass April 1–November 1
13 Grass April 1–November 1
15 Grass April 1–November 1
17 Maize June 1–October 12
18 Grass April 1–November 1
19 Grass April 1–November 1
20 Forest April 1–October 1
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the winter and summer periods. In terms of RMSE and model bias, the
accuracy of model estimates improves in the SMAP-EnKF run in com-
parison with the SMAP-OL run. The decrease in RMSE and model bias is
larger in the summer period. In terms of correlation coefficient, the
accuracy of model estimates decreases in the SMAP-EnKF run in com-
parison with the SMAP-OL run. The decrease in correlation coefficient
is smaller in the summer period.

3.3. SMAP assimilation: local comparison

An overview of the local-scale assimilation results is shown in
Table 2. For the winter period, in terms of RMSE, the assimilation in-
creases the accuracy of local soil moisture estimates for 8 out of 12
stations. In terms of model bias, the assimilation increases the accuracy
for 7 out of 12 stations. In terms of correlation coefficient, the assim-
ilation increases the accuracy for 3 out of 12 stations. For the summer
period, in terms of RMSE, the assimilation increases the accuracy of local
soil moisture estimates for 10 out of 12 stations. In terms of model bias,
the assimilation increases the accuracy for 11 out of 12 stations. In terms
of correlation coefficient, the assimilation increases the accuracy for 5
out of 12 stations. Furthermore, the EnKF corrects the low correlation
found during the summer period in the SMAP-OL run for station 17.
However, the EnKF is not able to correct for the negative correlation

found during the winter period in the SMAP-OL run for station 2.
Next, we focus on local results for two stations: station 9 where the

updated estimates clearly improve, and station 7 for which the accuracy
declines. Fig. 7 shows the assimilation results for station 9. The accu-
racy of the model estimates increases in the EnKF run, similar to the
patterns found for the regional soil moisture estimates. In terms of
RMSE and model bias, the accuracy of model estimates improves in
both the winter and summer period. In terms of correlation coefficient,
the accuracy of model estimates improves in the summer period and
declines in the winter period.

Fig. 8 shows the assimilation results for station 7. Since the para-
metrized vegetation type at this station is maize, the length of the
summer period is different than for station 9, see Table 1. While the
accuracy of model estimates slightly improves in terms of RMSE and
correlation coefficient, the accuracy in terms of model bias declines in
the winter period. Furthermore, the accuracy of model estimates shows
no improvement in terms of RMSE and model bias and a small decline
in terms of correlation coefficient in the summer period. The EnKF does
not significantly affect the model estimates. A possible explanation is
that the SMAP L3 Enhanced product does not reflect local root zone
conditions for this station. A thick clay layer can be found below the
root zone at station 7. In addition, the subsurface of the field contains
pipes which drain excess water during wet winter periods.

Fig. 4. (a) RMSE, (b) model bias and (c) correlation coefficient r for TWIN-OL and TWIN-EnKF runs. Arrows show if the skill of the TWIN-EnKF run is higher or lower
than the TWIN-OL run.

Fig. 5. The decrease in RMSE of the TWIN-EnKF run when the ensemble size is varied from 8, 16, 32 up to 64 members.
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4. Discussion

4.1. Application of data assimilation for metamodelling: twin experiment

We assessed whether data assimilation can be a tool to integrate soil
moisture observations into unsaturated zone metamodels. The meta-
modelling concept of MetaSWAP depends on the database with pre-
calculated soil saturation profiles. Updating this database is a time-
consuming process. The twin experiment and SMAP-EnKF runs show
that data assimilation forms a good alternative to update the meta-
model. The twin experiment indicates that applying an EnKF with
perfectly accurate synthetic observations increases the accuracy of the
soil moisture estimates of MetaSWAP and does not lead to model in-
stabilities or other spurious model behaviour. Therefore, we conclude
that the MetaSWAP-OpenDA implementation is suitable for assimilating

soil moisture observations into the metamodel MetaSWAP. Also, we
found that an ensemble size of 32 members gives a good representation
of model uncertainty. It is important to note that, although Fig. 4 shows
that the accuracy of soil moisture estimates increases in the TWIN-EnKF
run, also an inherent model uncertainty exists that cannot be mitigated
using data assimilation. For example, the EnKF reduces the RMSE to a
lower limit, even when using observations of perfect accuracy. This
inherent uncertainty is among others caused by the restart procedure of
MetaSWAP after each update step, as is described in Section 2.2.1.

4.2. Application of data assimilation for metamodelling: SMAP experiment

Table 2 shows that the MetaSWAP-OpenDA implementation has
value in an experiment with SMAP L3 Enhanced surface soil moisture
observations. The accuracy of model estimates improves on both

Fig. 6. Regional soil moisture estimates in the Twente region in the year 2016. The black dashed line is the spatially averaged deterministic SMAP-OL run. The
orange line represents the spatially averaged updated root zone soil moisture estimates. We refer to these data as SMAP-EnKF-AVG. The green line represents the
spatially averaged in situ soil moisture measurements. The blue dots represent the spatially averaged SMAP L3 Enhanced surface soil moisture observations. The grey
area indicates the summer period. In the winter period, the in situ soil moisture measurements at 10 cm depth are used. In the summer period, the in situ soil moisture
measurements at 20 cm depth are used. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 2
RMSE, bias, and correlation coefficient for regional and local SMAP-OL and SMAP-EnKF winter and summer results. The station locations are found in Fig. 2.
Improvements in the SMAP-EnKF run are indicated by underlining.

Winter Summer

SMAP-OL SMAP-EnKF SMAP-OL SMAP-EnKF

Station RMSE Bias r RMSE Bias r RMSE Bias r RMSE Bias r
[m m ]3 3 [m m ]3 3 [–] [m m ]3 3 [m m ]3 3 [–] [m m ]3 3 [m m ]3 3 [–] [m m ]3 3 [m m ]3 3 [–]

Regional 0.11 0.11 0.94 0.094 0.082 0.74 0.11 0.11 0.88 0.091 0.085 0.83
1 0.12 −0.053 0.57 0.12 −0.057 0.43 0.13 −0.12 0.74 0.12 -0.10 0.51
2 0.21 0.16 −0.82 0.16 0.11 -0.70 0.092 0.081 0.73 0.071 0.052 0.82
4 0.48 0.47 0.57 0.46 0.44 0.33 0.58 0.58 0.51 0.55 0.55 0.45
7 0.093 0.052 0.74 0.089 0.054 0.79 0.12 0.11 0.76 0.12 0.11 0.70
9 0.040 0.022 0.77 0.038 -0.016 0.68 0.12 0.11 0.68 0.078 0.055 0.74
12 0.15 −0.039 0.83 0.15 −0.047 0.76 0.11 −0.098 0.90 0.10 -0.092 0.74
13 0.041 0.0046 0.73 0.046 −0.039 0.50 0.055 0.042 0.87 0.066 -0.025 0.61
15 0.038 0.028 0.77 0.028 -0.0024 0.48 0.066 0.051 0.75 0.050 0.015 0.71
17 0.081 −0.030 0.18 0.087 −0.041 0.17 0.26 0.25 −0.00068 0.18 0.17 0.48
18 0.12 0.080 0.76 0.12 0.069 0.63 0.069 −0.022 0.49 0.067 −0.030 0.60
19 0.39 0.30 0.84 0.39 0.27 0.77 0.12 0.095 0.89 0.11 0.049 0.53
20 0.12 0.12 0.44 0.042 0.041 0.71 0.18 0.17 0.64 0.14 0.14 0.67
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regional and local scales in terms of RMSE and model bias. The im-
provement is larger for the summer period than for the winter period. In
terms of correlation coefficient, the improvement in accuracy is less
distinct. In the winter period, only three stations show an improvement
in correlation coefficient, in the summer period, almost half of the
stations show an improvement in correlation coefficient. The larger
variability of the SMAP surface soil moisture observations with respect
to the in situ root zone measurements might explain the impact of the
assimilation on the correlation coefficient. Also, the availability of
SMAP observations influences the effectiveness of the assimilation. For
example, less SMAP observations are available in the period January 1
2016–April 1 2016 in comparison with the rest of 2016. Consequently,
the model state is less often updated during the SMAP-EnKF run in the
period up to April 1 2016, affecting the performance of the EnKF in the
defined winter period.

4.3. Regional versus local spatial scales

The SMAP L3 Enhanced product corresponds well with the in situ
measurements on a regional scale (Chan et al., 2018). Therefore, the
accuracy of regional-scale soil moisture model estimates increase after
assimilation of the SMAP L3 Enhanced product in terms of RMSE and
model bias. Data assimilation results on local scales largely depend on
how well the SMAP L3 Enhanced product represents local field condi-
tions. We want to stress that both the in situ measurements and LHM
simulations contain uncertainties, e.g. they might not be representative
for local field conditions, as explained in Section 2.6.2. New remote
sensing products from satellites such as Sentinel-1 are expected to make
the leap from regional to local field scales (Balsamo et al., 2018). For
example, Bauer-Marschallinger et al. (2019) developed a high-resolu-
tion surface soil moisture product based on Sentinel-1 satellite data and

Fig. 7. Results for station 9 in the year 2016. For a detailed description of the visualized features, see Fig. 6.

Fig. 8. Results for station 7 in the year 2016. For a detailed description of the visualized features, see Fig. 6.

M. Pezij, et al. Journal of Hydrology X 4 (2019) 100040

9



a change-detection algorithm. The spatial resolution of this product is
1 km by 1 km. We expect that such high-resolution surface soil moisture
products will lead to new possibilities for soil moisture data assimila-
tion in operational water resources management.

Furthermore, the model bias and correlation coefficient show that
while the EnKF is able to correct for systematic model errors, the
variability of the SMAP L3 Enhanced surface soil moisture product does
not always reflect dynamics in deeper layers. Carranza et al. (2018)
show a strong vertical variability between soil moisture at 5 and 40 cm
depth in the Twente region. The vertical variability forms a challenge
for data assimilation applications, since most (if not all) remotely
sensed soil moisture data concerns surface soil moisture due to sensor
constraints. However, the SMAP-EnKF run shows that a root zone soil
moisture model can be updated by assimilating SMAP surface soil
moisture observations. The results in Table 2 show that assimilating the
9 km resolution surface SMAP L3 Enhanced observations increases the
accuracy of local soil moisture model estimates for more than half of the
stations. Thus, the SMAP surface soil moisture product has significant
value in data assimilation approaches. Renzullo et al. (2014), Dumedah
et al. (2015) and Blyverket et al. (2019) also show the value of as-
similating satellite-based surface soil moisture observations into a hy-
drological model to update root zone soil moisture estimates. We want
to accentuate the impact of the SMAP observation on December 6 2016.
This observation significantly impacts the assimilation run, as visible in
Fig. 6 and Fig. 7. The in situ measurements do not indicate a steep
reduction in soil moisture on that day, so the SMAP observation may be
erroneous. Temperatures dropped below 0 °C on December 6 2016,
which probably significantly affected the SMAP reading. Similarly, the
SMAP L3 Enhanced product does not reflect field conditions well during
May 2016, which also significantly affects the assimilation run.

4.4. Implications for operational water resources management

The assimilation of high-resolution remotely sensed soil moisture
products leads to new possibilities for integrated physically-based hy-
drological models in operational water resources management. Pezij
et al. (2019) found that hydrological models are currently not con-
sidered by Dutch regional operational water managers as decisive tools
for decision-making. Among others, regional operational water man-
agers identified model accuracy as a limiting factor. Data assimilation is
a tool to increase the accuracy and hence the application of hydro-
logical modelling in operational water management.

Yet, combining data assimilation schemes and integrated physically-
based modelling for operational water resources management is cur-
rently limited due to, among others, computational requirements (Sun
et al., 2016). Even with the application of metamodels for simulating
hydrological processes at field scale, high performance computing (HPC)
facilities are often required for efficient implementation of data assim-
ilation schemes. Furthermore, the implementation of remote sensing data
in operational management requires additional investments in data ac-
quiring, processing and storage facilities. However, we expect that due to
the development of new computational methods, these challenges be-
come less of an issue in the future (He et al., 2019). For example, Kurtz
et al. (2017) show the potential of combining data assimilation and in-
tegrated physically-based hydrological modelling with cloud computing
techniques for operational water resources management. Ma et al. (2015)
identifies several promising tools, such as cluster-based HPC systems and
cloud computing for fast calculations, and parallel file systems for big
data storage. However, the implementation of such tools requires in-
vestments in computational infrastructure. We expect that in the near
future research and investments into these promising new tools will in-
crease, which will help to integrate the application of data assimilation
schemes in operational water resources management.

5. Conclusions

We assessed the applicability of satellite-based regional-scale sur-
face soil moisture observations to increase the accuracy of root zone soil
moisture estimates of a metamodel. This study shows that combining
metamodels with data assimilation schemes allows incorporating new
information in metamodels. Therefore, integrating hydrological meta-
modelling and satellite-based soil moisture observations leads to new
opportunities for operational water resources management.

A data assimilation scheme was developed for the unsaturated zone
metamodel MetaSWAP using the OpenDA open source data assimilation
framework. A synthetic experiment, known as a twin experiment,
showed the value of integrating metamodelling and an Ensemble
Kalman filter (EnKF) data assimilation scheme. Furthermore, the ap-
plicability of the 9 km by 9 km resolution SMAP L3 Enhanced surface
soil moisture product for the MetaSWAP-OpenDA framework was as-
sessed for the year 2016. On a regional scale, the updated root zone soil
moisture model estimates show a larger skill in terms of RMSE and
model bias. In terms of correlation coefficient, the skill of the updated
root zone soil moisture model estimates is slightly lower than in the
open loop run. The decline is partly explained by the larger variability
of the assimilated surface soil moisture observations with respect to the
in situ root zone soil moisture measurements. On a local scale, similar
results were found. However, the applicability of the SMAP L3
Enhanced product on local scales depends on how well the SMAP
product represents local field conditions. In addition, we show that the
assimilation of surface soil moisture observations leads to increased
accuracy of root zone soil moisture model estimates. The improvement
of the soil moisture model estimates is larger in the summer period than
in the winter period of 2016. The limited availability of SMAP L3
Enhanced soil moisture observations in the first months of 2016 might
explain this difference. The limited availability is caused by, among
others, freezing of the soil in winter periods.

As a final remark, high-resolution surface soil moisture products
will lead to new opportunities in terms of data assimilation in opera-
tional water resources management. Nevertheless, significant develop-
ments and investments in terms of computation capacities are required
for operational application of remote sensing data in data assimilation
schemes. However, recent developments in HPC and cloud computing
are expected to contribute to the integration of data assimilation in
operational water resources management.
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Appendix A. List of abbreviations

To improve readability, the acronyms are alphabetically summarized in the following list:

AHN: Actueel Hoogtebestand Nederland (Elevation Map The Netherlands)
AMSR-2: Advanced Microwave Scanning Radiometer 2
AMSR-E: Advanced Microwave Scanning Radiometer for EOS
ASCAT: Advanced Scatterometer
BOFEK2012: Bodemfysische Eenhedenkaart (Soil Physical Units Map)
DA: data assimilation
EnKF: Ensemble Kalman filter
HPC: High-Performance Computing
H-SAF: Satellite Application Facility on Support to Operational Hydrology and Water Management
KNMI: Koninklijk Nederlands Meteorologisch Instituut (Royal Dutch Meteorological Institute)
LGN: Landelijk Grondgebruik Nederland (National Land Use the Netherlands)
LHM: Landelijk Hydrologisch Model (National Hydrological Model)
NHI: Netherlands Hydrological Instrument
OL: Open Loop
REGIS: Regionaal Geohydrologisch Informatie Systeem (Regional Geohydrological Information System)
RMSE: Root Mean Square Error
uRMSE: Unbiased Root Mean Square Error
SCA-V: Single Channel Algorithm at V-polarization
SMAP: Soil Moisture Active Passive
SMOS: Soil Moisture and Ocean Salinity
SVAT: Soil-Vegetation-Atmopshere-Transfer
SWAP: Soil–Water-Atmosphere-Plant

Appendix B. Ensemble Kalman Filter theory

Due to the size of the model state error covariance matrix P in hydrological model predictions, it is generally not feasible to explicitly calculate P.
An alternative approach is to estimate P using a sample of evolved model states, leading to a lower rank estimation of P. This ensemble of model runs
is created by perturbing model forcing, parameters and/or states. The model perturbations ( ) have to be defined in such a way that the model
ensemble represents total model uncertainty. This method, introduced by Evensen (1994), is generally known as an Ensemble Kalman filter (EnKF).
We apply a stochastic (or perturbed observations) EnKF (Burgers et al., 1998; Houtekamer and Mitchell, 1998).

Applying an EnKF consists of a forecast (f ) and analysis step (a). The forecast and analysis model state ensembles are represented as:

= …x x x x[ , , ],N
f

1
f

2
f f (B.1)

= …x x x x[ , , ],N
a

1
a

2
a a (B.2)

where x f is the forecasted model state, xa is the analysis model state, and N is the ensemble size. The subscript indicates the ensemble member. Model
states of each ensemble member are propagated forward in time:

M= +x x( ) ,j j j
f a

(B.3)

where M is a model operator and j is the added model noise for ensemble member j. Note that for the first forecast step, an initial model state
estimate is used instead of the previous analysis model state. The forecast mean state x f and model state forecast error covariance matrix P f are:
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where T denotes the transpose of a matrix or vector. The mean x f and covariance P f are used to calculate the Kalman gain K:

= +K P H HP H R( ) ,T Tf f 1 (B.6)

where H is a transformation matrix. This matrix is used to transform the observations to the model state space. R is a covariance matrix based on
perturbed observations and is defined as:
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where dj are perturbed observations (with the addition of noise), which are defined as:

= +d y ,j j (B.8)

where y are observations and i are perturbations sampled from a normal distribution N with zero mean and variance R:

N R(0, ).i (B.9)
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Next, the ensemble mean and error covariance matrix (xa and Pa) are updated:

= +x x K d Hx( ),j j j j
a f f (B.10)
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