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Abstract Land surface models are crucial components within earth system models, simulating the
exchanges of water, energy, carbon, and nitrogen between the land surface, atmosphere, and subsurface. One
challenge is the large number of uncertain parameters in these models. One way to calibrate these parameters is
by performing history matching, where the model parameters are updated using data assimilation strategies in
order to match past observational data more closely. We demonstrate the usage of iterative ensemble smoothers
in order to calibrate parameters governing soil moisture and evapotranspiration in the Community Land Model
version 5 (CLM5), by assimilating Soil Moisture Active Passive (SMAP) retrievals, and evapotranspiration
estimates based on the ICOS flux tower network. With the use of the iterative ensemble smoother we are better
able to account for non‐linear relations between the model parameters and the observed state vectors compared
to only using a single update. We show that model improvements are persistent, with similar improvements in
soil moisture for the year 2019 where data were assimilated, as for the year 2020 which was purely used to
validate the updated model performance. Substantial model improvements are observed for soil moisture, with
neutral to slight improvements for evapotranspiration, which can be attributed to the sparse and noisy nature of
these data. By updating model parameters we achieve persistent model improvements and avoid the
introduction of model imbalances in state vector updates. This approach can help future studies of terrestrial
systems modeling, dealing with coupled models and large numbers of uncertain parameters.

Plain Language Summary Predicting how water moves through soil, and how plants release
moisture into the air is important for understanding Earth's climate and ecosystems. Land surface models can be
used to simulate these processes on a computer. One difficulty with such models is that they contain many
uncertain parameters, which ideally need to be calibrated to make the model predictions as realistic as possible.
In our study, we test a method for improving one of these models: the Community Land Model version 5
(CLM5). We adjust the parameters of this model, such that its predictions better match historical measurements
of soil moisture taken by satellites, and ground‐based measurements of evapotranspiration (the movement of
water from land and plants into the air) at various measurement stations over Europe. Our approach uses an
iterative technique, where the model parameters are updated multiple times, which helps it handle complex
relationships between the parameters and the observed quantities (soil moisture and evapotranspiration). The
improved model not only matches the soil moisture observations better for the year on which it is trained (2019),
but also produces better predictions for the subsequent year that was used to test the model (2020).

1. Introduction
Understanding and accurately representing the terrestrial water cycle is essential for improving climate pre-
dictions and ecosystem and agricultural management. Recent years have seen an increase in the frequency of
droughts and heatwaves over Europe (Blunden & Arndt, 2020; Blunden & Boyer, 2021; Markonis et al., 2021;
Rousi et al., 2022), which had an effect on the functioning of ecosystems (Graf et al., 2020; Poppe Terán
et al., 2023), and which had direct socio‐economic impacts (Naumann et al., 2021; Rezaei et al., 2023). As an
example, a lack of available water for irrigation, cooling capacity, and fluvial transport resulted in a decrease in
productivity in the agricultural, industrial, and transport sectors, causing billions of euros in losses (Naumann
et al., 2021; Rakovec et al., 2022). Furthermore, the availability of drinking water was impacted, and extreme heat
and low soil moisture enhanced the conditions for catastrophic wildfires (Blunden & Boyer, 2021; Vogel
et al., 2019). Due to these devastating impacts it is essential to understand the changing terrestrial water cycle, and
how it can be accurately modeled for future projections and assessment of extreme event impacts.
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Land surface models play a key role in simulating fluxes of water, energy, and carbon between the land surface
and atmosphere (Fisher & Koven, 2020), oftentimes integrated as part of coupled climate or earth system models
(Danabasoglu et al., 2020; Guimberteau et al., 2018; Lawrence et al., 2019; Sepulchre et al., 2020). Land surface
models are additionally used to capture water and energy fluxes between the land surface and subsurface in
hydrological studies (Belleflamme et al., 2023; Naz et al., 2023).

Surface soil moisture is essential to consider in the terrestrial water cycle, as it determines the amount of direct
evaporation of soil water into the atmosphere and how much precipitation can infiltrate the deeper layers of the
soil (Koster et al., 2019). To accurately capture the terrestrial water cycle, it is furthermore important to correctly
represent evaporation. Evaporation accounts for approximately two‐thirds of the global terrestrial precipitation
but is difficult to measure using remote sensing and, therefore, one of the most uncertain components of the
Earth's energy and water balance (Blunden & Arndt, 2020). A substantial fraction of the global terrestrial
evaporation is accounted for by transpiration by plants. The exact amount is highly uncertain and depends on the
data source and methodology (Rothfuss et al., 2021), with some high‐end estimates attributing up to 90% of the
global terrestrial evaporation to transpiration by plants (Jasechko et al., 2013), and attributing a smaller remainder
to evaporation of water intercepted by plants, soil evaporation, and snow sublimation (Dolman et al., 2014).

Although their ability to simulate ecosystem processes over a heterogeneous landscape and under highly variable
conditions is encouraging, land surface models are subject to various challenges and limitations. Model output
from land surface models is subject to model uncertainty (due to e.g., simplifications of the underlying physics),
uncertainty in inputs (e.g., meteorological forcing, land cover maps), and uncertainty in model parameters (Gao
et al., 2021). Recent studies indicate that these uncertainties may lead to discrepancies in the spatiotemporal
variability of land surface model outputs compared to observations, particularly for variables such as evapo-
transpiration, gross primary production, and annual crop yields (Boas et al., 2024; Poppe Terán et al., 2025).

This work uses the Community Land Model, version 5 (CLM5), which contains hundreds of model parameters.
Model parameters are often based on empirical evidence from small‐scale experiments. For example, the
pedotransfer functions in CLM5 that map soil texture to hydraulic parameters are based on the empirical relations
in Cosby et al. (1984), where soil samples were used to determine hydraulic properties in the laboratory. The
effective parameters at the large (e.g., kilometer) scale might vary substantially due to, for example, subgrid
variability and scale dependence (Nykanen & Foufoula‐Georgiou, 2001), which poses one of the main difficulties
when estimating soil moisture dynamics on a continental scale using coarser model resolutions (e.g., at the
kilometer‐scale, Samaniego et al. (2013)). One way of dealing with uncertainties in land surface models is by
applying data assimilation techniques to get improved estimates of uncertain state variables, uncertain parame-
ters, or both.

Numerous remote sensing products are available that can help to more accurately constrain soil water content in
land surface models. Previous data assimilation studies targeting soil moisture have, for example, used Soil
Moisture and Ocean Salinity (SMOS) data (Lannoy & Reichle, 2016; Lievens et al., 2015; Muñoz‐Sabater
et al., 2019; Rodríguez‐Fernández et al., 2019), Soil Moisture Active Passive (SMAP) data (Pinnington
et al., 2021; Seo et al., 2021; Zhao et al., 2023), and Advanced Scatterometer (ASCAT) data (Dharssi et al., 2011;
Muñoz‐Sabater et al., 2019; Seo et al., 2021). We choose to use SMAP soil moisture retrievals in this work, given
its relatively high correlation and low bias with in situ observations of soil moisture over Europe (Montzka
et al., 2017) and its extensive coverage.

In this work, we will furthermore assimilate latent heat flux estimates from eddy‐covariance towers, obtained
from the Integrated Carbon Observation System (ICOS) Research Infrastructure (Franz et al., 2018; Heiskanen
et al., 2022; Pastorello et al., 2020; Warm Winter 2020 Team and ICOS Ecosystem Thematic Centre, 2022), in
order to constrain the simulated evapotranspiration. While the extent of these observations is small compared to
the SMAP soil moisture observations, they provide continuous, standardized, and quality‐controlled records at a
high temporal resolution for many locations throughout Europe, and thereby provide valuable information on
evapotranspiration for different land cover types. Several prior studies have demonstrated the value of in situ flux
or evapotranspiration data for constraining land surface model parameters. For example, Bastrikov et al. (2018)
used eddy‐covariance measurements of latent heat flux from FLUXNET to optimise parameters controlling latent
heat flux (LE) and net ecosystem CO2 exchange (NEE) in the ORCHIDEE land surface model. Assimilation of
FLUXNET measurements has also been applied in Peylin et al. (2016) to constrain carbon fluxes in terrestrial
biosphere models using ORCHIDEE. More recently, Bacour et al. (2023) assimilated FLUXNET NEE and LE
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together with remote sensing products and atmospheric CO2 observations to assess global carbon fluxes using
ORCHIDEE. Latent heat flux and NEE observations from FLUXNET have also been used to optimise ecosystem
parameters in the JULES land surface model (Raoult et al., 2016), resulting in substantial improvements relative
to default parameter values. Together, these studies highlight the potential of assimilating flux‐based observations
to constrain key land surface model parameters, providing a strong motivation for incorporating ICOS latent heat
flux data alongside soil moisture observations in the present work.

We present several new aspects in this work. We will apply iterative Ensemble Kalman Smoothers to update a
large set of parameters related to soil hydrology and evapotranspiration in a land surface model (CLM5) on the
continental scale. Iterative ensemble smoothers have not seen extensive usage in land surface models: one
example of their application is given in Pinnington et al. (2021), where pedotransfer function parameters were
estimated using SMAP soil moisture retrievals. In fields such as reservoir engineering, iterative ensemble
smoothers have been used extensively and have been shown to perform well for high‐dimensional problems with
many observations (Evensen et al., 2019). One benefit of using a smoother algorithm over a filter (e.g., Ensemble
Kalman Filters) is the fact that a long time period could be assimilated at once, instead of having short sequential
assimilation windows. Previous studies using Ensemble Kalman Filters that included the estimation of model
parameters for hydrology and/or land surface models, oftentimes show a slow convergence of the parameter
estimates, or no clear convergence at all (Han et al., 2014; Montzka et al., 2011; Moradkhani et al., 2005; Patil
et al., 2021). The relatively short assimilation window of filters could mean that parameter updates that are
supposed to be time‐invariant, compensate for, as an example, seasonally dependent model deficiencies.

We assess whether iterative ensemble smoothers, in this case the Ensemble Smoother with Multiple Data
Assimilation (ES‐MDA), can be used to constrain land surface model parameters in order to decrease the
mismatch with observational data for both soil moisture and evapotranspiration. We will include model pa-
rameters that are defined locally (e.g., soil texture), and model parameters that have a global effect
(e.g., pedotransfer function parameters that map soil texture to soil hydraulic properties, or parameters related to
photosynthesis and plant hydraulics).

By assimilating over a relatively long time period (1 year) we aim to achieve robust parameter estimates that
structurally improve the model performance. The use of a smoother means that each parameter is informed by a
large set of observations, under varying environmental conditions. Satellite soil moisture retrievals have a
penetration depth of a few centimeters, and therefore observe a highly dynamic share of the soil moisture
reservoir. Directly updating the soil moisture state vector therefore provides relatively little memory when
considering longer (e.g., seasonal) time scales (Gao et al., 2021). By focusing on updating model parameters,
instead of directly updating the model state vectors for soil moisture and evapotranspiration, we aim to minimize
systematic and long‐term model deviations. Our approach of updating model parameters instead of the state
vectors directly has the added benefit of avoiding inconsistencies in the state updates, which could lead to water
budget imbalances (De Lannoy et al., 2022) and numerical instabilities of the model. The iterative nature of the
algorithm is furthermore suitable to resolve possible non‐linear dependencies between the model parameters and
the observed state vectors (Emerick & Reynolds, 2012)—in our case soil moisture and evapotranspiration.

We will assess the added benefit of jointly assimilating both SMAP and ICOS observations and the effect of
separately assimilating both types of observations. Under certain soil saturation conditions, there is a strong
relation between soil moisture and the amount of evapotranspiration. This is the case under transitional climate
regime conditions (Seneviratne et al., 2010), where the soil saturation lies above the wilting point but still under a
critical point where evaporation is controlled by net radiative energy. This can, in turn, lead to a strong coupling
between soil moisture and precipitation (Koster et al., 2004). However, various studies have indicated that the
assimilation of observations related to soil water content does not necessarily translate into improved evapo-
transpiration estimates as well (Peters‐Lidard et al., 2011), suggesting that additionally constraining Leaf
Area Index, vegetation parameters, and parameters governing water uptake by roots might be necessary to
achieve this (Strebel et al., 2024). We will investigate whether there is evidence that the strong relationship
between soil moisture and evapotranspiration improves soil moisture when assimilating evapotranspiration
observations, and vice versa, by assessing the difference in data assimilation performance for arid and moist sites
over our domain.
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2. Methods
2.1. Model and Domain Description

We use a fork of the Community Land Model, version 5 (CLM5, Lawrence et al., 2019), which simulates the
water, energy, and matter balances over a given domain. Our fork of the Community Land Model, eCLM
(HPSCTerrSys, 2024b), retains the same model features of CLM5, but uses a different tooling infrastructure, with
CMake to build the model, and with custom scripts related to preprocessing and the model configuration. This
infrastructure allows for future coupled model runs with hydrological and atmospheric model components within
the Terrestrial Systems Modeling Platform (TSMP; HPSCTerrSys, 2024a), for further information see for
example, (Gasper et al., 2014; Poll et al., 2025; Shrestha et al., 2014).

The domain in CLM5 is divided into grid cells, which are each further divided into individual land units, con-
sisting of vegetated, urban, glacier, and crop land units (Lawrence et al., 2019). Within each given grid cell the
relative area coverage of each land unit is considered. Plants share the same soil column in natural vegetation land
units, consequently competing for water. Crops in cultivated land units have separated soil columns and can be
managed (irrigated and fertilized) or unmanaged. Natural and cultivated vegetation are characterized using plant
functional types (PFT), distinguished by leaf phenology (evergreen or deciduous), morphology (needle or broad
leaves, grass, shrubs), and the local climate (temperate, boreal, tropical). The PFT determines which equation and
parameters are used to calculate vegetation processes in CLM5. This approach has been used extensively in
assessments of the available water resources, carbon budgets, extreme event impacts, and climate change pro-
jections on multiple spatial and temporal scales (Boas et al., 2023; Cheng et al., 2021; Lawrence et al., 2019; Sitch
et al., 2015; Song et al., 2020; Strebel et al., 2024; Umair et al., 2020; Wozniak et al., 2020; Xie et al., 2020).

Our domain covers Europe using the CORDEX standards (Giorgi et al., 2009), with an approximately equidistant
grid spacing of 12 km, or about 0.11◦, see also Furusho‐Percot et al. (2019). The land surface model parameters
were generated using the standard tools included in CLM5. Land cover information, including the distribution of
PFTs, was updated to our model resolution using GLC2000 data (Bartholome & Belward, 2005). Climatological
Leaf Area Index (LAI) data were obtained from the Copernicus Land Monitoring Service (Copernicus Climate
Change Service, Climate Data Store, 2018). Soil properties, such as the percentages of clay and sand were
interpolated to the vertical levels of CLM5 using SoilGrids (Shangguan et al., 2017) data.

We use ERA5 data (Hersbach et al., 2020) for the atmospheric forcing of the model. Importantly, this data set
generally has a high correlation between the modeled precipitation and gauge‐based preciptation observations
(Lavers et al., 2022). Besides precipitation, ERA5 data is used to specify the incoming shortwave and longwave
radiation, the wind speed, and the air temperature and dewpoint temperature.

2.1.1. Included Parameters

Some recent publications, such as Dagon et al. (2020) and Yan et al. (2023b) have looked at the sensitivity of
various state variables in CLM5 (e.g., soil moisture in the upper 10 cm, evapotranspiration, streamflow) to a large
number of model parameters. We selected the most sensitive parameters to upper‐layer soil moisture and
evapotranspiration from these works for perturbation in our experiment.

Soil moisture and evapotranspiration in land surface models are highly sensitive to soil texture, as this determines
the resulting soil hydraulic properties such as porosity, hydraulic conductivity, and soil matric potential (Li
et al., 2013). CLM5 uses pedotransfer functions to map soil texture (sand, clay, and soil carbon content) to
porosity, saturated hydraulic conductivity, and the soil matric potential at saturation. It calculates the hydraulic
properties for mineral soil and organic soil separately, after which a weighted average of both quantities is taken
based on the fraction of organic soil. Where the sensitivity study in Yan et al. (2023b) directly perturbed soil
hydraulic properties using scalar multipliers, we chose to perturb the underlying pedotransfer function parameters
instead, as this allows us to consistently and efficiently vary the soil hydraulic properties over our domain.

We base our parameter ranges on the overview from Dagon et al. (2020) as much as possible. We use these
parameter ranges to define the 95% confidence interval of the prior parameter values. Where not available, we set
the prior 95% confidence interval of the parameters to±20% around their default value, which is consistent to the
perturbation strategy in Dagon et al. (2020). All parameters and their ranges are presented in Table 1.
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The pedotransfer functions for mineral soil in CLM5 are based on Clapp and Hornberger (1978) and Cosby
et al. (1984), mapping sand and clay percentages to the porosity θs, the saturated hydraulic conductivity ks
(mm s− 1), the saturated soil matric potential ψs (mm), and the Clapp and Hornberger coefficient b.

There are eight empirical regression coefficients based on Cosby et al. (1984) that map the sand and clay per-
centages to the mineral soil hydraulic properties in CLM5, consisting of four slope parameters α (αθs,miner.,
αb,miner., αψs,miner., αks ,miner.) and four intercept parameters β (βθs ,miner., βb,miner., βψs ,miner., βks,miner.):

θs,miner. = αθs,miner.(%sand) + βθs,miner., (1)

bminer. = αb,miner. (%clay) + βb,miner., (2)

ψs,miner. = − 10 × 10αψs ,miner.(%sand)+βψs ,miner. , (3)

ks,miner. = 0.0070556 × 10αks ,miner.(%sand)+βks ,miner. , (4)

where the prefactors in (Equations 3 and 4) are used to convert from cm to mm, and from inches per hour to
mm s− 1 respectively. We used the raw data from Cosby et al. (1984) to estimate the coefficients α and β, as well as
their uncertainties which are used to define the prior parameter ranges in the data assimilation procedure. See
Section S1 in Supporting Information S1 for further explanation.

The calculation of hydraulic properties for organic soil in CLM5 is described in Lawrence and Slater (2008). The
soil organic fraction is calculated by dividing the soil carbon density ρsc by the maximum soil organic density
ρsc,max. The standard value of the parameter ρsc,max is set to 130 kgm− 3 in CLM5.We observed that this parameter
has a large influence on soil moisture, especially in the upper latitudes where the soil organic density reaches
ρsc,max in the upper soil layers (i.e. a soil organic fraction of 1). We therefore include ρsc,max as a parameter in our
study, using the standard 95% confidence interval (±20%) to perturb it. We furthermore perturb the hydraulic
properties of the organic soil itself, which in CLM5 are based on a peatland study by Letts et al. (2000). Hydraulic
properties of the organic soil are defined at the surface, and vary until reaching a depth of 0.5 m. We perturb the
surface parameters (θs,om, ks,om, ψs,om, bom) and the depth increments (Δz,θ,om, Δz,ψ,om, Δz,b,om; ks,om is not included
as this is set to ks,miner. for deeper soil layers in CLM5).

We introduce depth‐invariant spatial perturbation fields to the soil texture components: the percentage sand
(Δsand), percentage clay (Δclay), and soil carbon content (Δom). The standard 95% confidence interval (±20%) is
used to perturb the three soil components. This perturbation magnitude is plausible given the variation in soil
texture between different soil property databases (Stoorvogel & Mulder, 2021). We introduce the soil texture

Table 1
Set of Estimated CLM5 Parameters, the Number of Parameters per Set, and the Parameter Uncertainty Definition

Parameter set Nr. of parameters PFT‐ specific Range definition

αθs ,miner., αb,miner., αψs ,miner., αks ,miner. 4 Section S1 in Supporting Information S1

βθs ,miner., βb,miner., βψs ,miner., βks ,miner. 4 Section S1 in Supporting Information S1

ρsc,max 1 ±20%

θs,om, ks,om, ψs,om, bom, Δz,θ,om, Δz,ψ,om, Δz,b,om 7 ±20%

Δsand , Δclay, Δom 1242 ±20%

fsat,decay 1 (Dagon et al., 2020)

αgs 9 x (Dagon et al., 2020)

βgs 9 x ±20%

Jmaxb0, Jmaxb1, tc,j0, H 4 ±20%

kmax 9 x (Dagon et al., 2020)

H2Ocan.,max 1 (Dagon et al., 2020)

Note. All parameters are defined in the main text, Section 2.1.1.
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perturbations every 16th grid cell, based on the correlation length scale calculated from the SMAP soil moisture
observations. The perturbation field at intermediate grid cells is calculated using radial basis functions with an
exponential kernel, see Section S2 in Supporting Information S1 for further clarification. This approach keeps the
number of soil texture perturbation parameters limited, while allowing for local corrections to the soil texture
when necessary.

Parameterization of runoff has a strong influence on soil moisture (Yan et al., 2023a). The runoff calculation in
CLM5 is dependent on the saturated fraction of a grid cell, which is determined by the water table depth and a
decay factor fsat,decay (Niu et al., 2005). This decay factor is included in our parameter perturbations, where we use
the parameter bounds as given in Dagon et al. (2020).

Various previous studies on land surface models have shown a high sensitivity of evapotranspiration and soil
moisture in the upper few centimeters to stomatal conductance and photosynthesis parameters (Dagon
et al., 2020; Jefferson et al., 2017; Li et al., 2013). CLM5 uses the stomatal conductance model by Medlyn
et al. (2011), where the stomatal conductance is calculated such that carbon gain (photosynthesis) is maximized,
while minimizing water loss. The stomatal conductance gs (μmolm− 2 s− 1) is calculated based on the leaf‐to‐air
vapor pressure deficit D (kPa), the leaf net photosynthesis A (μmolm2 s− 1), the CO2 partial pressure at the
leaf surface cs (Pa), and the atmospheric pressure Patm using

gs = βgs + 1.6(1 +
αgs̅̅̅̅
D

√ )
A

cs/Patm
, (5)

where the αgs and βgs parameters can be set for every PFT separately in CLM5. We allow both parameters to vary
for every modeled PFT in our simulations, where we use the expert‐based parameter ranges from Dagon
et al. (2020) for αgs. We use the standard 95% confidence interval (±20%) to vary βgs. The CLM5 photosynthesis
module LUNA includes four parameters (Ali et al., 2016), which we allow to vary all: the baseline proportion of
nitrogen allocated for electron transport rate Jmaxb0, the electron transport rate response to light availability Jmaxb1,
the baseline ratio of Rubisco limited rate to light tc,j0, and the electron transport rate response to relative humidity
H (all unitless). We set the prior 95% confidence interval of these parameters to ±20% around their baseline
values.

Plant hydraulic conductivity has a large influence on transpiration by plants in land surface models. Hydraulic
conductivity is calculated for four different plant segments in CLM5: the root, stem, shaded leafs, and for sunlit
leafs. Water supply in the plant segments is modeled via Darcy's law, where the hydraulic conductance for each
segment is determined though xylem vulnerability curves (Tyree & Sperry, 1989). The parameter kmax determines
the maximum conductance, which has been observed to have a large influence on evapotranspiration and upper
layer soil moisture (Dagon et al., 2020). We allow kmax to vary per PFT in our simulations, using the parameter
bounds as given in Dagon et al. (2020). The value for kmax is set uniformly for all plant segments for a given PFT,
as is also done in the standard CLM5 setup.

Evapotranspiration is furthermore highly influenced by the amount of canopy water stored on leaf surfaces (Yan
et al., 2023a). We include the maximum canopy water storage H2Ocan.,max as a parameter, using the parameter
bounds given in (Dagon et al., 2020).

2.2. Training and Testing Data Sets

We use SMAP soil moisture retrievals (Entekhabi et al., 2014) and ICOS flux tower evapotranspiration estimates
(Franz et al., 2018) to calibrate the parameters listed in Table 1. Data for the years 2019 and 2020 are used, where
we first calibrate the parameters based on one year of data from 2019, and then validate the model performance
over the year 2020, to see whether the improvements remain consistent over time. By using a full annual cycle for
model calibration and keeping the parameters fixed in time, we aim to obtain parameter estimates that are not
biased toward specific seasons, but instead reflect the dominant annual variability driven by key processes such as
vegetation phenology and surface energy partitioning. Using 1 year of data that spans a complete seasonal cycle
has been shown to be sufficient to constrain land surface model parameters, and is consistent with previous land
surface model calibration studies focusing on soil moisture (e.g., Loaiza Usuga & Pauwels, 2008; Pinnington
et al., 2021).
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2.2.1. SMAP

For the soil moisture observations we use the SMAP enhanced Level‐3 soil
moisture product at a 9 km resolution (O'Neill et al., 2020). The spatial data
coverage of the SMAP soil moisture retrievals is presented in Figure 1 using
the dark blue shading. We only use SMAP retrievals where the quality flags
are favorable, which means that retrievals for densely vegetated areas, regions
with snow, ice, and/or frozen ground, and mountainous areas are not used.We
specify a standard deviation of 0.04 cm3 cm− 3 for the SMAP retrievals, ac-
cording to the baseline requirement under favorable observational conditions
(Entekhabi et al., 2014).

2.2.2. ICOS

The Integrated Carbon Observation System (ICOS) consists of a network of
eddy covariance (EC) measurement towers across the European continent
(ICOS RI, 2022). In short, these EC towers are equipped with instruments to
determine the wind, gas, energy, and momentum data, from which key fluxes
can be determined. These include, for example, the sensible and latent energy
fluxes between the atmosphere and land surface, and carbon uptake and
emissions by ecosystems. While the EC method is regarded as an appropriate
standard to measure energy and carbon fluxes on the ecosystem level
(Aubinet et al., 2012; Pastorello et al., 2020), several uncertainties still persist.
These include, for example, a variable footprint area of the tower, which

varies depending on wind direction, wind speed, and land surface heterogeneity (Chu et al., 2021). A missing
representation of large eddies in the measurements can furthermore result in inconsistencies in the energy balance
(Eshonkulov et al., 2019; Franssen et al., 2010; Zhang et al., 2024).

For this work, we extracted energy balance corrected latent heat (LE_CORR), which is post‐processed from the
directly measured latent heat from the ICOSWarmWinter 2020 data set (ICOS RI, 2022), including 70 sites over
the European continent. The energy balance closure is accomplished by re‐partitioning of the missing energy over
latent and sensible heat fluxes according the observed Bowen ratio. Latent heat in W m− 2 is transformed to ET in
mm day− 1 by multiplying with the factor 0.035, assuming a constant enthalpy of vapourization decoupled from
variable temperature, given its negligible influence on the overall outcome of the conversion (Allen, 2000).

The spatial coverage of the ICOS flux tower network we used is presented in Figure 1 using the colored symbols,
where each symbol/color represents the landcover type of each flux tower footprint. For most of the ICOS
measurement sites the landcover type is specified, which fall into 9 categories over our domain: Croplands
(CRO), Mixed Forests (MXF), Grasslands (GRA), Evergreen Needleleaf Forests (ENF), Permanent Wetlands
(WET), Deciduous Broadleaf Forests (DBF), Savannas (SAV), Woody Savannas (WSA), Open Shrublands
(OSH). In case the land cover type was not specified in the metadata platform we define the landcover type as
Unspecified (XX).

In our model setup we consider nine different plant functional types: (a) Needleleaf Evergreen Trees, (b) Nee-
dleleaf Deciduous Trees, (c) Broadleaf Evergreen Trees, (d) Broadleaf Deciduous Trees, (e) Broadleaf Evergreen
Shrubs, (f) Broadleaf Deciduous Shrubs, (g) Grass, (h) Crops, and (i) Irrigated Crops.

For some of the dominant landcover types as reported for the ICOS flux tower sites, we can directly compare the
evapotranspiration estimates with the modeled CLM5 output at the PFT level (GRA, ENF, DBF map to PFT's 7,
1, 4, respectively). For other landcover types that are not directly represented by CLM (e.g., Mixed Forests,
Savannas) we mapped the landcover type to the most similar PFT, or the mean of similar PFT's. For the landcover
types WET and XX we did not have evapotranspiration estimates available at the PFT level: in those cases we
used the modeled evapotranspiration at the gridcell level instead. The ICOS land cover type mapping to CLM5
PFT is presented in Table 2.

Figure 1. Availability of SMAP observations (dark shading) and ICOS
observations (colored symbols). For each of the ICOS observation sites the
landcover type is indicated by the different symbols/colors.
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2.3. Iterative Ensemble Smoother

We use the Ensemble Smoother with Multiple Data Assimilation (ES‐MDA,
Emerick & Reynolds, 2013) to assimilate the SMAP and ICOS observations
into the model, where the model parameters to be calibrated are listed in
Table 1. The ES‐MDA algorithm is similar to the Ensemble Smoother (ES)
algorithm (Evensen & van Leeuwen, 2000), with the only difference being
that the observational data are assimilated multiple times. The main moti-
vation for using this algorithm is that by using multiple iterations, we should
be better able to account for nonlinear relations between the model parameters
and the observed state vectors (Emerick & Reynolds, 2012), which are in this
case soil moisture and evapotranspiration.

We base the general ES‐MDA implementation on Emerick (2016). The up-
date step of ensemble member j at iteration i can be written as

maj = m
f
j + C

f
MD(C

f
DD + αiCD)

− 1(dobs,j − d
f
j ), (6)

where m is the vector containing the model parameters, dobs is a vector containing the observational data, and d
contains the data predicted by the model. The superscripts f and a refer to the forecast (prior) and analysis
(posterior) respectively. The matrix CMD contains the cross‐covariances between the prior model parametersm f

and predicted data d f , and CDD contains the auto‐covariances of the predicted data d f . We assume the obser-
vational errors are uncorrelated, making the observation error covariance matrix CD diagonal. Finally, a choice
for the inflation factors αi needs to be made. Various methods exist in the literature, where we chose the Hanke's
regularization condition approach from Rafiee and Reynolds (2017) to calculate a geometric series for αi, as this
was shown to result in relatively little overfitting of parameters. The inflation factors are determined prior to
starting the history matching procedure, and depend on the eigenvalues of the problem and the number of ES‐
MDA iterations. We will investigate how the number of iterations changes the results, by performing a set of
experiments with 1, 3, 5, and 7 ES‐MDA iterations.

Localization is required for our problem (Chen & Oliver, 2017), given the relatively large number of parameters
compared to the ensemble size that we can computationally afford (64 ensemble members). We apply a radius‐
based localization in space for the parameters with a defined location (Δsand, Δclay, Δom, see Table 1). We use a
Gaspari‐Cohn localization function, with its radius defined by the soil moisture correlation length scale, see
Section S2 in Supporting Information S1.

Estimating a mix of global and localized parameters can lead to complications such as too strong updates of global
parameters, as discussed in Malartic et al. (2022). We use the same approach as in Malartic et al. (2022), with a
global tapering factor ζ that dampens the global parameter updates. We ran a set of five test experiments where we
assimilated a period of 3 months with generally high biological productivity over Europe (May–July 2019), with
four different values for ζ ranging from 0.2 to 1.0. In these tests we used a total of 3 ES‐MDA iterations. Ideally,
one would compare a large set of values for ζ for a varying number of total iterations and a varying number of
ensemble members. However, this was computationally infeasible, so we opted for this approach to hopefully get
reasonably close to optimal performance. In the end we chose ζ = 0.4 which gave the lowest RMSE with respect
to both the SMAP and ICOS observations, see Section S3 in Supporting Information S1. Without this tapering
factor (i.e., ζ = 1), global parameter updates tended to be very large, resulting in unrealistic parameter values and
unstable simulations.

Running the ES‐MDA algorithm requires the storage of soil moisture and evapotranspiration observations and
state estimates over the whole assimilation window, in this case 1 year. Based on limitations regarding memory
and computational performance, we chose to thin the SMAP observations, only using SMAP retrievals once every
3 days. For ICOS we use all available data. This resulted in the assimilation of approximately 1,000,000 SMAP
observations and 4,700 ICOS observations over the year 2019. Based on computational constraints, we choose an
ensemble size of 64 members.

Table 2
Map From the Dominant Landcover Type at the ICOS Flux Tower Sites, to
the PFT's That Were Used in CLM5 to Determine the Corresponding
Modeled Evapotranspiration

ICOS landcover type PFT used in CLM5

CRO 8

MXF 1,4

GRA 7

ENF 1

WET cell avg.

DBF 4

SAV 7

WSA 6

OSH 5,6

XX cell avg.
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The ES‐MDA algorithm (Equation 6) is equivalent to using a standard ensemble smoother when having a linear
forward solver (Emerick & Reynolds, 2012; Köpke et al., 2019). By distributing the assimilation over multiple
iterations with inflated observation error covariance, ES‐MDA reduces the impact of the linearization implicit in a
single ensemble smoother update (Evensen et al., 2022), and is therefore better suited to capture non‐linear re-
lationships between the model parameters and the state variables (soil moisture and evapotranspiration). We
investigate whether using multiple iterations (3, 5, or 7) improves performance relative to a single iteration, which
is equivalent to applying a standard ensemble smoother (Evensen et al., 2024). We do not separately test an
Ensemble Kalman Filter (EnKF) configuration, in which observations are assimilated sequentially over smaller
sub‐windows of the assimilation period. For linear and Gaussian problems, the EnKF and the ensemble smoother
are theoretically equivalent in the sense that they converge to the same posterior parameter estimates at the final
time (Evensen & van Leeuwen, 2000). As a result, the ensemble smoother is a more natural choice for the history
matching problem considered here, providing consistent parameter estimates over the full assimilation window.

3. Results and Discussion
3.1. Selecting the Optimal Model Performance

In a set of assimilation experiments we looked at the effect of varying the number of ES‐MDA iterations, and at
the effect of assimilating SMAP and ICOS observations together versus separately. We used a 1‐year assimilation
window for the year of 2019, using 64 ensemble members.

After finishing the assimilation window, we used a validation window of 1 year to test whether posterior
parameter values perform well for the subsequent year as well. In Figure 2 we present the model performance in
terms of RMSE for different setups of the ES‐MDA algorithm, each with a different number of total iterations.
The presented results should not be interpreted as consecutive steps of the ES‐MDA algorithm, but as separate
setups with a different number of specified iterations counts, and corresponding inflation factors α, see Equa-
tion 6. In the same figure, we furthermore look at the effect of assimilating SMAP and ICOS observations only, as
opposed to assimilating both data sets simultaneously.

We find a substantial decrease in soil moisture RMSE already with one iteration of the ES‐MDA algorithm (i.e.,
equivalent to running a “standard” ensemble smoother algorithm). However, the RMSE decreases further when
using 3 and 5 iterations. No substantial improvement in the soil moisture RMSE is observed when increasing the
number of iterations from 5 to 7. The results for the training window and validation window lie very close
together, indicating that improvements in the soil moisture for the year 2019 structurally improve the results for
the year 2020 as well. The pattern for the RMSE of evapotranspiration is slightly different. We see a similar
RMSE for the prior parameter values and when using 1 or 3 iterations. Results are improved the most when using
5 iterations, and worsen in the case of using 7 iterations. This can have multiple causes. One possibility is the
iterative algorithm getting stuck in a local minimum. Furthermore, as addressed in for example, Emerick (2019)

Figure 2. Model performance in terms of root mean squared error, for a varying number of total iterations and varying
assimilated data sets. The RMSE of soil moisture (CLM vs. SMAP) is presented in the left panel, the RMSE of
evapotranspiration (CLM vs. ICOS) is presented in the right panel. Results for a varying number of total iterations of the ES‐
MDA algorithm are presented using the colored solid lines. Horizontal lines indicate the model performance when using the
prior model parameters, and when assimilating SMAP/ICOS separately.
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and Emerick and Neto (2023), the ES‐MDA algorithm can have a tendency to overcorrect parameters and to
overfit the data, resulting in a too low ensemble spread, which in turn can lead to a decreased performance.

A good improvement in the soil moisture model bias is observed, see Figure 3. A wet bias of − 0.054 cm3 cm− 3 is
present for the prior parameter settings, changing into a negligible dry model bias of 0.001 cm3 cm− 3 when using
5 iterations, both for the assimilation window and the validation window. The model bias for evapotranspiration is
already relatively low for the prior parameter settings, with a slight model overestimation of 0.05 mmd− 1, moving
to a slight underestimation of 0.10 mmd− 1 when using 5 iterations for the validation window.

We present additional analysis for the Pearson R correlation coefficient for the different assimilation setups in
Section S4 of the Supporting Information S1. The trends for the Pearson R correlation coefficient are similar to the
ones for RMSE, attaining high values for 5 iterations when assimilating both SMAP and ICOS data (R = 0.84 for
SMAP, R = 0.79 for ICOS, for the validation window).

The model performance when assimilating only SMAP data, or when only assimilating ICOS data is presented in
Figures 2 and 3 using the gray horizontal lines. We find that when only assimilating SMAP data there is no
substantial improvement in the evapotranspiration estimates. When assimilating ICOS data only, we do see a
slight improvement in the soil moisture RMSE and bias, although the effect is only minor (the RMSE for the
validation window decreases from 0.12 cm3 cm− 3 to 0.11 cm3 cm− 3). These small improvements are consistent
over the entire domain, with small reductions in the RMSE and bias across all latitudes, both for the assimilation
and validation window, see Figure S7 in Supporting Information S1. Only in the southern‐most part of the domain
(<20◦N) there is no reduction in the RMSE and bias: here the prior mismatch with respect to the SMAP retrievals
(RMSE: 0.03) is already below the expected accuracy under favorable conditions 0.04 cm3 cm− 3.

Under certain atmospheric conditions there can be a strong relation between soil moisture and evapotranspiration
(Seneviratne et al., 2010). Under energy‐limited conditions evapotranspiration is not sensitive to changes in soil
moisture content: in such a case it is unlikely that the assimilation of ICOS data results in an improvement in
modeled soil moisture, and vice‐versa for the assimilation of SMAP data. We assessed the difference in DA
performance for arid (i.e., generally water‐limited) and moist (i.e., generally energy‐limited) ICOS sites over our
domain during the calibration period (2019) using SMAP SM and ICOS ET observations (see Section S5 in
Supporting Information S1). Results are analyzed across different aridity regimes (Zomer et al., 2022), and
classified by season. For ET, the impact of DA exhibits a strong dependence on aridity and season. ET RMSE
reductions are generally larger in arid regions, with the strongest improvements occurring during summer for both
SMAP‐only and FLX‐only assimilation experiments. In humid regions, ET improvements are smaller and more
variable, indicating a reduced sensitivity of ET to SM corrections.

SM generally shows clear improvement relative to the open‐loop simulations across DA scenarios, with RMSE
reductions that are again most pronounced in arid regions, particularly during summer. However, SM im-
provements from the FLX‐only assimilation are weak overall and absent in humid regions, whereas

Figure 3. Model bias for a varying number of iterations and varying assimilated data sets. The soil moisture bias (CLM vs.
SMAP) is presented in the left panel, the evapotranspiration bias (CLM vs. ICOS) is presented in the right panel. Results for a
varying number of total iterations of the ES‐MDA algorithm are presented using the colored solid lines. Horizontal lines
indicate the model performance when using the prior model parameters, and when assimilating SMAP/ICOS separately.
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SMAP + FLX and SMAP only DA yield clearer benefits. These results indicate that arid, water‐limited regions
benefit more from DA for both for SM and ET. This behavior likely reflects stronger SM‐ET coupling in arid
environments, where soil water availability exerts a dominant control on ET. In humid regions, ET is also strongly
controlled by atmospheric vapor pressure deficit and vegetation (Baldocchi et al., 2022; Zhang et al., 2023),
limiting the effectiveness of DA from SM alone.

Model limitations may partly explain why assimilating ICOS data alone leads to only modest improvements. For
example, evapotranspiration estimates depend on plant functional type (PFT), for which only a limited number of
categories are represented in our model. In addition, the spatial coverage of ICOS sites is sparse and uneven across
the domain, with most stations located in the central region. This limited and clustered coverage reduces the
ability of the calibration to improve RMSE at the domain scale, particularly when compared to SMAP soil
moisture observations, which provide much broader spatial coverage.

In the next sections we will focus on the results when using 5 iterations of the ES‐MDA algorithm, which showed
the most improvement in RMSE for the mismatch of both SMAP and ICOS data. We will evaluate the mismatch
in soil moisture and evapotranspiration separately in the next sections.

3.2. Soil Moisture

The average deviation between the modeled volumetric soil moisture and the SMAP soil moisture retrievals after
5 iterations of the ES‐MDA algorithm is plotted in Figure 4. We observe a wet model bias over most of Europe for
the prior model run, a dry bias over the Nordic countries, and a strong wet bias in the north‐eastern part of the
domain between 60◦N—70◦N and 40◦E—60◦E. These biases are greatly reduced for the posterior model run
(right column of Figure 4), with large areas having a deviation less than 0.05 cm3 cm− 3. Improvements are
furthermore consistent for both the assimilation window and the validation window, indicating that structural
improvements are made with respect to the overall modeled soil moisture. A large part of the improvements can
be attributed to changes in the soil texture (Δsand, Δclay, Δom in Table 1) after the assimilation, which will be
further discussed in Section 3.5.

While over most parts of the domain the model bias with respect to SMAP is reduced, we do see an increase in the
mismatch over the island of Ireland. Furthermore there is a persistent dry model bias visible over Tunisia, which
could be caused by difficulties to model this particular area, as it contains a large salt‐covered depression that is
only flooded during some months (Abdallah et al., 2016).

The improvement of the posterior model performance is clearly visible in the density plots of the SMAP soil
moisture retrievals versus the modeled soil moisture in Figure 5. We see a consistent reduction in RMSE and
model bias for all latitude bands of the domain, both for the assimilation and validation window. Over the entire
domain, there is a decrease in the Root Mean Square Error (RMSE) from 0.12 cm3 cm− 3 to 0.06 cm3 cm− 3, and a
decrease in the bias from 0.05 cm3 cm− 3 to 0.00 cm3 cm− 3 over the validation window, and an increase in the
Pearson correlation coefficient from 0.68 to 0.84. The reduction in RMSE is the greatest for 60◦N–70◦N, where
the wet model bias in the north‐eastern part of the domain leads to a high RMSE for the prior model parameters.
This cluster of points with a wet model bias moves closer to the 1:1 line for the posterior model parameters.
Overall, the soil moisture of the posterior model runs is centered more densely around the 1:1 line, as indicated by
the increased data count densities in the different panels.

Figure 6 presents a timeseries of the mean deviation between the CLM model output and the SMAP soil moisture
retrievals. The time series are presented per latitude band, where for each date the spatial mean of the deviation
was calculated. Generally, the deviation is closer to zero after the data assimilation. The target accuracy of SMAP
(0.04 cm3 cm− 3, Entekhabi et al. (2014)) is plotted as a reference using the red dashed lines.

Little deviation is present for the lowest latitude band between 20◦N and 30◦N in both the OL and DA simu-
lations. Most deviation can be observed for the highest latitude band, between 60◦N and 70◦N. Most of the
deviation occurs either when the ground starts to be frozen (around October‐November), or at the onset of thaw
(around April‐May). Since less measurements are available for this latitude band around these periods (large areas
are still covered by snow), single deviating points have a large influence on the overall mean deviation. The mean
deviation between 60◦N and 70◦N is relatively small for the remainder of the available months (betweenMay and
October). However, the model generally remains dryer than the SMAP soil moisture retrievals for the Nordic
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countries, and wetter for the Russian tundra (see also Figure 4), with both deviations roughly canceling each other
out in the time series in Figure 6.

Deviations between the model (CLM) and the SMAP soil moisture retrievals can either occur because of inac-
curacies in the retrievals themselves, or due to model deficiencies. SMAP has been observed to underestimate soil
moisture under frozen conditions, where the dielectric constant of the soil can reduce to levels similar to dry soil,
and has been observed to overestimate soil moisture at the end of dry spells compared to in situ observations (van
der Velde et al., 2021). This can lead to a lower accuracy than the target accuracy (e.g., 0.06 cm3 cm− 3 in the
Netherlands (van der Velde et al., 2021) vs. the target accuracy of 0.04 cm3 cm− 3). The accuracy of SMAP in the
northern latitudes is furthermore likely reduced due to limitations in the soil dielectric model for organic soils
(Park et al., 2019); as well as transient waterbodies in the northern permafrost regions that could impact the
accuracy of the SMAP soil moisture retrievals (Yi et al., 2022).

On the other hand, the model also carries significant uncertainties. When considering the northern part of the
domain, model uncertainties related to the snow cover extent and snow water equivalent (Largeron et al., 2020)
translate to uncertainties in soil moisture at the onset of thaw. Additionally, uncertainties in soil organic content
and its hydraulic properties will have a large influence on soil moisture for the high latitudes, given the high soil
carbon content in this region (see Figure 15a). The inclusion of organic soil is characterized by lower soil
temperatures in summer and slightly higher soil temperatures in winter, due to a relatively low thermal con-
ductivity and a high heat capacity. Furthermore, organic soils have a high porosity and hydraulic conductivity,

Figure 4. Average mismatch between the SMAP soil moisture retrievals and modeled CLM values. In red areas the model
output is dryer than the SMAP retrievals, in blue areas the model output is wetter than the SMAP retrievals. Left column:
open loop simulations, right column: after the data assimilation procedure. Upper row: training window, lower row:
validation window.
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generally leading to wetter soil columns, but at the same time lower surface layer saturation and lower soil
evaporation (Lawrence & Slater, 2008).

The high porosity of the organic soil is clearly visible for the high latitudes when looking at the prior model results
of the surface soil moisture, for which three snapshots are presented in Figure 7. In these three snapshots the
ground has started to thaw between 60◦N and 70◦N, resulting in very high volumetric soil moisture levels near the
specified saturated water content of organic soil in CLM5 (around 0.9 cm3 cm− 3, Lawrence and Slater (2008)).

These high soil moisture levels are substantially decreased when looking at the posterior model results in Figure 7.
There are several changes in the posterior parameter values leading to this difference, which will be discussed in
more detail in Section 3.5: the overall contribution of organic soil with respect to mineral soil is decreased
(through an increase in the parameter ρsc,max), the porosity of organic soil is decreased (θs,om), and the fraction of

Figure 5. Density plots of modeled soil moisture values versus SMAP soil moisture retrievals. Results for the assimilation window are presented in the upper panel,
results for the validation window in the lower panel. Each column represents a given latitude band, the upper row of each panel shows results for the prior model
parameters, and the lower row of each panel shows the results after 5 iterations of the ES‐MDA algorithm.
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soil carbon content between 60◦N—70◦N and 40◦E—60◦E is decreased. The posterior surface soil moisture
during the thawing season for the high latitudes at around 0.5 cm3 cm− 3 is still somewhat higher than the SMAP
soil moisture retrievals (see also the cluster of points to the right of the 1:1 line in Figure 5), but this could also be
related to limitations of the soil moisture retrievals as discussed earlier.

As could be seen in Figure 4, the Nordic countries generally show a dry bias in the prior model run, with slight
improvements in the posterior model run. This might also be related to the high soil carbon content, where an
efficient transport of water down into the column and a low suction of organic soil can lead to a low surface layer
saturation (Lawrence & Slater, 2008). The slight improvements in terms of an increased volumetric soil moisture
can be attributed to the decreased contribution of organic soil with respect to mineral soil in the posterior model
run (through the increase in the parameter ρsc,max).

3.3. Evapotranspiration

While we have an overall improvement in the RMSE of the modeled evapotranspiration when using 5 iterations
(See Figure 2), these improvements are not consistent over the entire domain and for every plant functional type.

In Figure 8 we present the RMSE between the modeled and the observed ICOS evapotranspiration estimates over
our domain, with in the left panel the results as given for the prior model parameters. For most of the sites the
RMSE lies below 1 mmd− 1, with especially high accuracies for Nordic needleleaf forests around 0.5 mmd− 1. In
the right panel we show the decrease or increase in RMSE after the data assimilation.We find a few stations with a
substantial decrease in RMSE, mainly a number of cropland and grassland sites in Germany and France. Many
stations have little change in the RMSE, with changes between − 0.1 and 0.1 mmd− 1. The Bosca Fontana station
in Italy (IT‐BFt) has a substantial increase in the RMSE of 0.25 mmd− 1, with Deciduous Broadleaf Forests as its
dominant landcover. Other Deciduous Broadleaf Forest flux tower sites (DE‐Hai, DE‐HoH, DE‐Hzd, FR‐Hes)
show varying levels of change in RMSE (ΔRMSE = − 0.41, 0.00, 0.05, 0.19 mmd− 1 respectively). This could
suggest that representing deciduous broadleaf forests over our domain using one single plant functional type is
insufficient.

Figure 6. Time series for the mean SMAP‐CLM mismatch over various latitude bands. Results for the prior model run are
presented using the dotted lines, posterior model results after assimilating SMAP and ICOS data using the solid lines. Each
color represents a different latitude band. The vertical black dashed line represents the date separating the assimilation and
validation windows. As a reference, the target SMAP standard deviation (±0.04 cm3 cm− 3) is plotted using the horizontal red
dashed lines.
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Evapotranspiration correlation plots are presented in Figure 9. For some sites, such as mixed forests, grasslands,
savannahs, we can observe an increase in performance for both the assimilation window and for the validation
window. For other sites, such as woody savannahs and open shrublands the improvement in the assimilation
window does not hold for the validation window. This could be caused by a lack of data, as well as the generally
high variance of the data, given that only one site is present in the data set for both of these plant functional types
(see also Figure 1). The model parameters could furthermore be calibrated for the particular climatological
conditions during the year 2019. Repeating this analysis over longer time windows is required to see if parameters
can be found that are universally valid under different atmospheric forcings.

It is important to stress the high variance present in the evapotranspiration data from the ICOS sites. In Section S2
of the Supporting Information S1 we took all ICOS evapotranspiration data pairs valid on the same day within
12.5 km of each other, to assess the variability of these evapotranspiration estimates at the length scale of the grid
used in this work. We calculate a RMSE based on these observation pairs of 0.85 mmd− 1, and a Pearson cor-
relation coefficient of R = 0.83. This is close to the model‐observation mismatch presented in Figure 9. This has
the caveat that we get PFT specific evapotranspiration estimates from the model, whereas in the pairwise ICOS
observation comparison the PFT sometimes differs between the pairs due to a lack of data. Nonetheless, this high
variability within the in situ data should be considered for future model calibration studies. The variability appears
to scale with the absolute amount of measured evapotranspiration, with most of the variability between the ICOS
observation pairs around May to July.

Figure 7. Snapshots of the modeled surface soil moisture for May‐June 2019. Upper row: results for the prior parameter values. Lower row: results for the posterior
parameter values. The surface soil moisture is calculated by taking the average liquid volumetric soil moisture of the two upper‐most vertical layers (upper 6 cm).
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3.4. Time Series Selected Sites

We show the soil moisture and evapotranspiration time series for two ICOS sites in Figures 10 and 11, which both
show good improvement in the RMSE, and which both are covered by the observational data for the years 2019
and 2020. The first site is located in Germany (DE‐Hai), with deciduous broadleaf forest as its dominant land-
cover, the second site is located in Spain (ES‐LM1), with savannah as its dominant landcover. The rest of the 44
sites are presented in Section S8 of the Supporting Information S1. These two selected sites only serve as

Figure 8. RMSE of modeled evapotranspiration versus observed evapotranspiration from ICOS sites (in mmd− 1). The left
panels show the results for the prior model parameters, the right panels show the increase/decrease in RSME after the data
assimilation. Results for the assimilation window are presented in the upper row, results for the validation window in the
lower row.
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examples where the data assimilation improved the results, to have a closer look at the dynamics and spread of the
prior and posterior model runs.

For both sites we see that the SMAP soil moisture retrievals are reproduced well by the posterior model runs, with
most of the observations intersecting with the posterior runs when considering the confidence interval. The
posterior model performs better for both the assimilation and the validation windows. For all examples it is
striking that the posterior ensemble shows very little spread for both the soil moisture and evapotranspiration.
This is an issue that is encountered more often in the literature when applying ensemble smoothers and iterative
ensemble smoothers (Emerick & Neto, 2023; Pinnington et al., 2021), and can be related to the relatively small
ensemble size (64 members), which can lead to spurious correlations between the model parameters and observed
state vectors, leading to an ensemble collapse.

Figure 9. Correlation plots of modeled evapotranspiration versus observed evapotranspiration from ICOS sites. The left
panels show the results for the prior model parameters, the right panels show the results for the posterior model parameters.
Results for the assimilation window are presented in the upper row, results for the validation window in the lower row. The
different symbols/colors indicate different landcover types.
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For the DE‐Hai site, we can observe that the overall wet soil moisture bias is reduced. Additionally, we can
observe an improvement in the dynamics on timescales in the order of days to weeks, with the magnitude of the
increase in soil moisture just before/around October 2019 and October 2020 being captured more accurately in the
posterior model. This is encouraging, as it could indicate that the updated parameters improve the dynamics of
infiltration and runoff of water at the land surface. We can observe an overall decrease in the evapotranspiration
error of the posterior model run, mainly due to reduced evapotranspiration around summer which follows the
observed latent heat fluxes more accurately.

Figure 10. Comparison between CLM and SMAP/ICOS at the DE‐Hai ICOS site (DBF). Upper panel: soil moisture time series. Lower panel: evapotranspiration time
series. The ensemble spread is plotted using the blue and orange shading, model runs using the most likely (ML) parameter values are presented using the dashed blue
and orange lines.
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For the ES‐LM1 site, we can also observe an improvement in the soil moisture dynamics, although the model is
still slightly more moist than the SMAP soil moisture retrievals in spring and summer. The rapid increase in soil
moisture after October 2019 and October 2020 is captured well. For both years, the soil moisture remains
relatively constant around June to August in both the model and the SMAP retrievals. The evapotranspiration
slowly decays during these time periods, which is better captured by the posterior model. The posterior model
fails to capture the more intense evapotranspiration events in spring, however, and the days with low evapo-
transpiration in the summer of 2020. Although the overall evapotranspiration error of the posterior model run is

Figure 11. Comparison between CLM and SMAP/ICOS at the ES‐LM1 ICOS site (SAV). Upper panel: soil moisture time series. Lower panel: evapotranspiration time
series. The ensemble spread is plotted using the blue and orange shading, model runs using the most likely (ML) parameter values are presented using the dashed blue
and orange lines.
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reduced, the more intense evapotranspiration events in spring are underpredicted, and variability within these
months is missing. These issues could be related to the grid resolution being coarser than the ICOS flux tower
footprints, or similarly related to the relatively coarse spatial and temporal resolution of the model forcing,
resulting in missing subgrid‐scale variability when comparing to the observations.

As noted earlier, the ES‐MDA algorithm (Equation 6) is equivalent to running an Ensemble Smoother in the case
of a linear forward solver (Emerick & Reynolds, 2012; Köpke et al., 2019). The multiple iterations used in the ES‐
MDA algorithm can help to reduce the impact of the linearization, that is applied in the standard Ensemble
Smoother (Evensen et al., 2022). As shown in Figures 2 and 3, the improvements in modeled soil moisture are
limited when using only one iteration of the ES‐MDA algorithm, equivalent to running the standard Ensemble
Smoother (Evensen et al., 2024). This can be explained due to the fact that our parameter‐to‐state mapping is
relatively complex: the model parameters considered here are related in a non‐trivial and likely non‐linear way to
the state variables (soil moisture and evapotranspiration). Where in more traditional data assimilation methods the
model operator propagates the model states from an initial state to sequential states within the assimilation
window, the situation presented here is arguably more complex, with a forward operator propagating a set of
model parameters into model states within the assimilation window.

In Figure 12 we present a more detailed analysis for the case presented in Figure 10, focusing on soil moisture
during the assimilation window. The ensemble range is presented for the prior parameter set, the 1‐iteration ES‐
MDA setup, and the 5‐iteration ES‐MDA setup. As can be observed the modeled soil moisture for the prior
parameter set has a wet bias, consistent with the general wet bias in Figure 3. The 1‐iteration ES‐MDA setup
improves upon this wet bias, and for a large part of the year there is an overlap between the posterior distribution
and the SMAP soil moisture retrieval data. The most likely parameter set still shows a wet bias, however. The 5‐
iteration ES‐MDA setup largely removes the wet bias and fits most of the data points within their uncertainty
intervals. The RMSE between the 1‐iteration and 5‐iteration ES‐MDA setup is reduced from 0.08 to 0.04 for the
assimilation window, and from 0.09 to 0.04 for the validation window (not shown here). As discussed before,
however, the posterior distribution is underspread for the 5‐iteration setup. We will further elaborate upon
possible measures to resolve this issue in the conclusions and outlook, which includes, for example, different

Figure 12. Example soil moisture timeseries resulting from the Ensemble Smoother (1 iteration) and the ES‐MDA (5 iterations).
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inflation and localisation strategies (Silva et al., 2021), thinning of assimilated data (Emerick & Neto, 2023), or
adding model bias terms to the smoother algorithm (Evensen, 2019).

3.5. Prior and Posterior Parameter Values

We present a brief overview of the prior and posterior model parameters, starting with parameters related to the
soil hydrology.

The percentage of sand in the prior model, and the change in sand percentage for the posterior model is presented
in Figure 13, both taking the most likely parameter values of the ensemble over the domain. Similary, the prior
and posterior clay percentage and soil carbon content over the domain are presented in Figures 14 and 15,
respectively.

Generally, we can observe increased sand percentages and decreased clay percentages in areas that are too wet in
the prior model run. This includes several regions bordering the Mediterranean Sea around Spain, Morocco,
Algeria, Tunisia, Lebanon and Syria, and regions north of the Black Sea around Ukraine. On the other hand, we
can find decreased sand percentages and increased clay percentages in areas that are too dry in the prior model
runs (see Figure 4). This includes the Nordic regions close to 70◦N, the island of Ireland, the Netherlands, and
north‐west Germany. Increasing the sand percentage increases the hydraulic conductivity and reduces the soil
suction in the pedotransfer functions (see Section S1 in Supporting Information S1), promoting a decreased top
layer soil moisture. Additionally, increasing the sand percentage decreases the porosity of the soil, decreasing the
capacity of the soil to hold water.

Changes in the soil carbon content are mainly visible in the high latitudes, where the decreased soil carbon content
reduces the large wet bias as discussed earlier in relation to Figure 7, which can largely be attributed to a decreased
porosity of the soil. Important to note here is that these large changes in soil carbon content are only present in
areas where soil moisture observations are available. The more densely forested areas for which no SMAP re-
trievals were used could have similar high wet biases in the high latitudes. While the inclusion of global pa-
rameters in this study could theoretically improve soil moisture estimates in areas where no direct observations
are available, it would be beneficial to include high‐quality in situ observations of soil moisture in these regions
for calibration of localized parameters such as soil texture. We will further elaborate upon this in the conclusions
and discussions section.

Figure 13. Percentage sand (most likely parameter values). Left panel: percentage sand used in the prior model run. Right
panel: change in sand percentage after the assimilation.
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Soil water characteristic curves, showing the soil matric potential given a certain soil water content θ, are plotted
in Figure 16 for the prior model parameters (left panel) and the posterior model parameters (right panel). The soil
matric potential is at its lowest strength near saturation, and is capped at ‐107 centimeters for the pedotransfer
functions in CLM5. It is clearly visible that the soil matric properties are homogenized for the different types of
soil after the parameter estimation process. The influence of clay on the soil matric potential is strongly decreased
compared to the prior model parameters, with a much lower suction for soils dominated by clay content given the

Figure 14. Percentage clay (most likely parameter values). Left panel: percentage clay used in the prior model run. Right
panel: change in clay percentage after the assimilation.

Figure 15. Soil carbon content (most likely parameter values). Left panel: soil carbon content used in the prior model run.
Right panel: change in soil carbon content after the assimilation.
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same soil water content. On the other hand, the soil matric potential is slightly increased for soils dominated by
sand and for organic soils.

The prior and posterior distributions for the underlying pedotransfer function parameters are presented in Figure
S12 of the Supporting Information S1. One can see that homogenization of the soil water characteristic curves is
introduced by a decrease in magnitude of the intercept and slope parameters for porosity (αθs ,miner., βθs ,miner.). This
is generally consistent across the different configurations using a different number of iterations of the ES‐MDA
algorithm, although updates tend to be stronger when using more iterations. A similar decrease in magnitude can
be seen for the intercept and slope parameters for the saturated hydraulic conductivity (αks,miner., βks,miner.). We can
observe a consistent decrease in the fsat,decay parameter, which was observed to have a strong effect on the modeled
soil water content in CLM5 (Yan et al., 2023a). This parameter increases surface runoff in the model, leading to an
overall reduction of the wet model bias over our domain.

The homogenization of the soil water characteristic curves could be caused by different underlying factors, which
require further study. One possibility is that the updated pedotransfer function parameters are compensating for
other model errors. For example, inaccurate soil texture maps could lead to incorrect soil type fractions in the
model gridpoints, leading to outliers in soil moisture. The homogenization of the soil hydraulic properties could
lead to a decrease in these kind of outliers. Similarly, it could compensate for outliers that are introduced by
inaccuracies in the SMAP retrievals for particular soil texture types. Other factors could be significant influences
of subgrid‐scale effects (Boone & Wetzel, 1999), or possible scale‐dependence of parameters (Nykanen &
Foufoula‐Georgiou, 2001): soil texture properties measured under laboratory conditions do not necessarily lead to
the correct results when applied at a kilometer‐scale. We find that the global parameters governing soil hydraulic
properties play a dominant role in reducing soil moisture RMSE and wet model bias. Density plots illustrating the
mismatch between modeled soil moisture and SMAP retrievals are provided in Figures S8–S10 of the Supporting
Information S1 for three configurations: (a) only global parameters active, (b) only soil texture perturbations
active, and (c) both parameter sets active. Because the global parameters control the homogenization of soil
matric properties (Figure 16), their adjustment tends to dampen the influence of local soil texture variations. As a
result, in the configuration considered here, soil texture perturbations likely contribute to local fine‐tuning pri-
marily, rather than to large‐scale improvements in model performance.

Figure 16. Soil water characteristic curves corresponding to the prior and posterior model runs. The soil matric potential
(mm) is plotted against the soil water content θ for four example soil types: pure sand with no organic content (solid blue
line), a mixture of 50% sand and 50% clay with no organic content (dashed orange line), pure clay with no organic content (dash‐
dotted green line), and purely organic soil (dashed red line).
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A comprehensive overview of all prior and posterior model parameters across different setups with varying
numbers of ES‐MDA iterations is provided in Section S6 of the Supporting Information S1. For certain pa-
rameters, such as soil texture, the updates show consistency, albeit with varying magnitudes. In general, more
iterations of the ES‐MDA algorithm result in stronger updates and reduced posterior parameter spread. However,
one limitation of the parameter estimation approach presented here is the non‐uniqueness of the solutions.
Multiple parameter sets may produce similar effects on soil moisture and/or evapotranspiration, complicating the
interpretation. This is particularly evident for PFT‐specific parameters related to stomatal conductance and plant
segment hydraulic conductivity, where no clear convergence to specific values is observed across the different
setups.

For each PFT, we included parameters governing stomatal conductance (αgs, βgs) and plant segment hydraulic
conductance (kmax), as these parameters have been shown to significantly influence evapotranspiration in CLM5
(Dagon et al., 2020). However, the assimilated evapotranspiration data is likely too sparse and noisy to constrain
all different parameters effectively. Variations in these conductance parameters can result in similar trans-
formations of root soil moisture into latent heat fluxes. For example, in PFTs 3, 5, 6, 7, and 9, we observe a
decrease in kmax after five ES‐MDA iterations, but at the same time an increase in the stomatal conductance
parameters αgs and/or βgs. Further research is required to find effective methods to deal with this issue, such as
setting stricter prior constraints, or by using dimensionality reduction techniques to group parameters with similar
effects on observed variables like evapotranspiration. For photosynthesis‐related parameters, no clear trends
emerge between prior and posterior values across the different ES‐MDA setups, except for a tendency to increase
Jmaxb0. Running CLM5 with the biogeochemistry (BGC) module activated could help better constrain these
parameters by allowing additional assimilation of Leaf Area Index (LAI) data and other biotic variables.

As noted earlier, the sparse and noisy ICOS evapotranspiration estimates limit the ability to constrain vegetation
parameters. This is evident from the calculated RMSE of 0.85 mm, d− 1 between ICOS observation pairs located
within 12.5 km of each other. Meanwhile, the prior evapotranspiration estimates from CLM are nearly bias‐free,
with an error of just 0.05 mm, d− 1. As a result, little improvement can be made in this respect on large spatio‐
temporal scales by varying the vegetation parameters. When looking at Figure 9 we see no evidence of over-
fitting of the data, which would manifest as reduced errors during the assimilation window but increased errors
during the validation window. This suggests that introducing more degrees of freedom in future studies could be
beneficial. Possible approaches include refining the grid resolution, more elaborate handling of the flux tower
footprints, or by introducing more flexibility in the system by allowing landcover and LAI maps to vary as an
example.

4. Conclusions and Outlook
In this study, we explored the application of iterative ensemble smoothers in land surface models to enhance the
accuracy of soil moisture and evapotranspiration simulations. Using the Ensemble Smoother with Multiple Data
Assimilation (ES‐MDA) algorithm (Emerick, 2016), we calibrated hydrological and ecosystem parameters,
achieving a closer alignment with Soil Moisture Active Passive (SMAP) retrievals and ICOS flux tower
evapotranspiration estimates compared to the baseline model. These improvements are evident during the
observation assimilation period and, importantly, persist into the validation period, which extends up to 1 year
beyond the assimilation window. Our findings highlight the advantage of employing multiple ES‐MDA iterations
over standard single‐iteration Ensemble Smoother formulations. Multiple iterations enable better handling of the
non‐linear relationships between hydrological and ecosystem parameters and the observed variables, resulting in
an improved fit to observational data. Post‐assimilation, the model shows a much closer match to observed soil
moisture, with localized adjustments driven by changes in soil texture and broader improvements across the
model domain due to updates to hydrological and pedotransfer function parameters. In contrast, improvements in
evapotranspiration are less pronounced. This is likely due to the sparse and noisy nature of the observed
evapotranspiration data and the fact that the prior modeled evapotranspiration was already relatively bias‐free.
Despite this, the results demonstrate the potential of iterative ensemble smoothers to refine parameter estimates
and improve land surface model performance. The simultaneous assimilation of SMAP and ICOS data yields
promising results, as model biases after three to five iterations are notably reduced. Future studies would benefit
from improved spatial coverage of evapotranspiration observations to better identify potential synergies between
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the two data sources. In addition, assimilating further atmospheric and near‐surface variables, such as 2‐m relative
humidity, could strengthen the coupling between land–atmosphere fluxes and land surface processes.

Further investigations into getting a better representation of the posterior model variance are required. A number
of schemes have been published in the literature that could counteract the loss of posterior ensemble variance,
where some recent studies suggested that singular value truncation (Evensen & Eikrem, 2018), or using more
sophisticated schemes to tune the inflation factors α can help (Silva et al., 2021). In addition, future work should
examine the impact of thinning the assimilated observations (Emerick & Neto, 2023), as the dense spatial and
temporal sampling of soil moisture retrievals, combined with neglected observation error covariances, may
promote overfitting and lead to an artificial reduction of ensemble spread. Related land surface modeling studies
using SMAP data to calibrate pedotransfer function parameters also found narrow posterior parameter distri-
butions, suggesting that ensemble inflation might be necessary (Pinnington et al., 2021). A further promising
direction is the adoption of a weak‐constraint formulation of the ensemble smoother, in which model error terms
are estimated jointly with model parameters. Such approaches relax the perfect‐model assumption and explicitly
account for model inadequacy, and have been shown to mitigate underestimation of posterior uncertainty in
iterative ensemble smoothers (Evensen, 2019). Importantly, further investigations are required to assess the effect
of uncertainties in the model forcing data. It would be possible to use the ERA5 ensemble product (Hersbach
et al., 2020) to apply perturbed atmospheric forcings to individual ES‐MDA ensemble members, thereby ac-
counting for forcing uncertainties, for example, in precipitation (Lavers et al., 2022).

Improvement in the modeled evapotranspiration when comparing to the flux tower sites is not always consistent
over our domain. As an example, there are differences in improvement/degradation for flux tower sites located in
deciduous broadleaf forests (DBF). One solution might be to introduce more PFT's, for example, accounting for
differences in iso/anisohydric behavior in plants (Hwang et al., 2017; Wu et al., 2021), which could explain why
in our case there is a degraded performance for DBF sites over France and Italy, but mainly an improvement for
DBF sites over Germany. Instead, one could also consider specifying the underlying effective parameters
(e.g., stomatal conductance, plant segment hydraulic conductivity) directly at the grid‐level, instead of having to
keep introducing additional discrete PFT's.

Some areas of our domain are lacking observational data, such as the densely vegetated areas in the higher
latitudes (around 60◦N) where no SMAP soil moisture retrievals were available. We recommend gathering more
in situ observations of soil moisture for these areas in follow‐up data assimilation studies. As observed for the
Russian tundra, the model shows a substantial mismatch with respect to the SMAP soil moisture retrievals in the
thawing season. These mismatches are greatly reduced for the posterior model parameters, as the iterative
ensemble smoother decreases the soil carbon content, and thus reduces the soil porosity. However, similar issues
might be present in other areas not covered by SMAP, in which case in situ data of soil moisture might help, but
also remotely sensed land surface temperature and snow cover observations to accurately capture the exact timing
of the freezing and thawing cycles. In data‐sparse areas where satellite observations of soil moisture are not
feasible and in situ data should be used instead, further optimization of the localisation radius should be
considered: where updates in data‐rich areas to parameters can be kept local, it is likely beneficial to increase the
localisation radius in data‐sparse regions.

The parameters estimated here may compensate not only for uncertainties in the forcing data and errors in other,
unestimated parameters, but also for structural deficiencies in the model, including temporal variations that are
not explicitly represented in the model formulation. As a result, the calibrated parameters should be interpreted as
effective parameters rather than strictly physical constants. Although the ERA5 data set generally shows high
correlation with gauge‐based precipitation over Europe, it has a documented slight wet bias on average (around
0.2 mmd− 1, Lavers et al., 2022). For most locations and most months this should be less than 10% of the mean
precipitation (see Section S7 in Supporting Information S1), but this can still have significant impacts on the
estimated parameter values. This work forms part of a broader investigation into data assimilation in coupled
atmospheric and land surface models. In future studies we plan to extend this framework to a coupled system with
CLM5 and the Icosahedral Nonhydrostatic (ICON) model (Zängl et al., 2015), where we will further consider
improving predicted precipitation patterns.

Effective parameters may also compensate for limitations in the land surface model itself. The updated soil texture
should therefore not be interpreted as a more faithful representation of reality, as the optimized values depend on
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the specific model formulation and, in the case of a complex model such as CLM5, on which model components
are activated during the simulation. The Cosby parameterizations used for the CLM5 pedotransfer functions are
relatively simplistic, as mineral soil hydraulic properties are described using univariate relationships (Equa-
tions 1–4). Employing more realistic multivariate pedotransfer functions, potentially including additional soil
constituents such as loam, could therefore lead to substantially different optimized soil texture maps. Finally,
parameters treated as time‐invariant during calibration may implicitly compensate for processes that vary
seasonally or are structurally missing from the model. For example, plant hydraulic properties have been shown to
exhibit seasonal variability (Zhang et al., 2025), and soil hydraulic properties may vary seasonally due to changes
in soil organic matter content (Li et al., 2024). Consequently, the time‐invariant parameters estimated by ES‐
MDA should be interpreted as effective descriptors of model behavior over the calibration period.

Follow‐up work could focus on evaluating the sensitivity of state vectors to the particular parameters, in order to
identify which parameters influence the model mismatch in certain areas the most. This would possibly allow for
thinning the model parameters, which could lead to more robust parameter estimates related to evapotranspira-
tion, given the fact we see no clear convergence to particular values for plant functional type parameters. The use
of surrogate models, such as Gaussian Process models (Bhattacharjee et al., 2019), could aid in extending the ES‐
MDA ensemble without increasing computational costs significantly. Running CLM5 with the biogeochemistry
(BGC) module activated would allow us to assimilate additional data that could inform us on biological processes.
In the current setup, climatological values are used for the Leaf Area Index (LAI). Instead, LAI could be
determined prognostically with the BGC module activated, which could then be assimilated using, for example,
MODIS LAI retrievals. Prognostically determined Gross Primary Production (GPP) could furthermore be
compared to GPP observations from eddy covariance fluxes (Pinnington et al., 2020).
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