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ABSTRACT
Accurate soil moisture estimates are essential for effective management and operational planning of flood and drought 
events, both of which are intensifying under a changing climate. However, soil moisture values derived from land surface 
models often exhibit significant deviations from in situ observations. Data assimilation combines model information with 
observations to enhance prediction accuracy. Previous studies have typically focused on either estimating the initial soil 
moisture state or optimising Pedotransfer Function (PTF) constants (or parameters), which link soil texture to the hydraulic 
properties of land surface models. In contrast, this study introduces a novel extension by performing joint state-parameter 
assimilation for the JULES model, simultaneously optimising both PTF constants and initial soil moisture states within 
an augmented framework. Using an Ensemble–Variational hybrid data assimilation scheme, we ingested field-scale soil 
moisture observations from the Cosmic-ray Soil Moisture Monitoring Network across 16 diverse sites in the UK. The joint 
state-parameter assimilation improved average Kling–Gupta Efficiency by approximately 113% relative to the open-loop, 
105% relative to state-only and 9.6% relative to parameter-only experiments. These results highlight the strong potential 
of the proposed framework for enhancing land-surface reanalysis, numerical weather prediction and hydrometeorological 
forecasting of floods and droughts.

1   |   Introduction

Soil moisture plays a significant role in land surface processes 
due to its strong influence on various components of the water 
cycle (Huggannavar and Indu  2020). Consequently, accurate 
representation of soil moisture is crucial for water resource 
management, irrigation scheduling and flood and drought re-
sponses. Reliable soil moisture estimates also support land-
surface reanalysis, enhancing numerical weather prediction 
and informing long-term climate assessments (Visweshwaran, 

Ramsankaran, Eldho, and Jha 2022; Subbarayan et  al. 2025; 
Hou and Pu 2023; Brocca et al. 2017; Visweshwaran et al. 2024).

Land surface models (LSMs) can estimate soil moisture con-
ditions at various soil depths and across a range of spatial and 
temporal scales. However, these estimates are uncertain. The 
uncertainties can stem from errors in the forcing variables, 
such as rainfall and temperature data, and the model's inher-
ent structural limitations, including parameter inaccuracies 
and improper initialisation of the soil moisture conditions 
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(Alvarado-Montero et  al.  2017). In addition, modern LSMs, 
such as the Joint UK Land Environment Simulator (JULES), 
rely on empirical soil models or pedotransfer functions (PTFs) 
like Cosby (Cosby et al. 1984) or Toth models (Tóth et al. 2015) 
to translate commonly available soil properties like texture 
into hydraulic parameters (hydraulic conductivity and soil 
matric suction) essential for running the model. The con-
stants within these PTFs are often derived through statistical 
regression analyses fitted against soil databases (Van Looy 
et al. 2017), and thus carry inherent uncertainty that can vary 
across soil types. Uncertainty resulting from inaccuracies in 
PTF constants can also propagate through the model, reduc-
ing the reliability of model forecasts.

On the other hand, soil moisture can be observed using 
in  situ instruments or remote sensing platforms. Remotely 
sensed observations such as Soil Moisture and Ocean Salinity 
(SMOS; Kerr et al. 2001), Soil Moisture Active Passive (SMAP; 
Entekhabi et  al.  2010), Advanced Scatterometer (ASCAT; 
Wagner et al. 2013), determine soil moisture conditions across a 
wide area, but provide information only at the surface level due 
to low penetration capacity (Albergel et  al.  2012). Conversely, 
in situ observations from networks like Aquitaine soil moisture 
network, France (FR-AQUI; Wigneron et al. 2018), the Center 
for Western Weather and Water Extremes network (CW3E; 
Sumargo et  al.  2021) and the GROW Observatory (Xaver 
et  al.  2020) provide soil moisture conditions at both surface 
(0–5 cm) and subsurface levels (up to 100 cm depth). However, 
these observations are limited to point locations at selected 
sites, offering less spatial coverage compared to satellite-based 
methods. In recent years, new approaches have been developed 
to measure soil moisture at the field scale. The Cosmic-ray Soil 
Moisture Monitoring Network (COSMOS-UK), provided by the 
UK Centre for Ecology and Hydrology (UKCEH), uses cosmic 
ray neutron sensors to monitor soil moisture conditions. These 
sensors provide volumetric water content estimates over a hori-
zontal footprint of approximately 12 ha and to a vertical depth of 
up to 80 cm, with a measurement uncertainty of approximately 
0.04 m3 m−3 (Cooper, Bennett, et al. 2021; Stanley et al. 2023).

Given the complementary strengths and limitations of LSMs 
and observation networks, there is a clear need for a framework 
that can leverage both. Data assimilation (DA) offers this by 
optimally combining information from both sources, account-
ing for their respective uncertainties (Beven and Binley  1992; 
Kumar et al. 2022; Xu et al. 2025).

In land data assimilation systems, soil moisture assimilation 
has gained considerable attention (Ramesh et al. 2025; Mason 
et  al.  2020; Tian et  al.  2021; Visweshwaran, Ramsankaran, 
Eldho, and Lakshmivarahan  2022; Heyvaert et  al.  2024). 
Sequential methods (like Ensemble filters) are widely used due 
to their relatively simple and cost-effective implementation 
(Cooper et  al.  2019; Gong et  al.  2024). They dynamically up-
date model states and parameters at frequent intervals, which 
may not be consistent with the stable (non-chaotic) nature of 
land surface processes (Shi et al. 2015; Raoult et al. 2025). On 
the other hand, variational techniques (like 4D-Var) can use 
a longer assimilation window timeframe and establish time-
invariant state-parameter values over the duration of this win-
dow (Smith et al. 2013; Pinnington et al. 2017). Due to the high 

dimensionality and complexity of JULES, along with the frequent 
release of new versions, calculating the gradient of the dynam-
ical model and the observation operator has become both com-
putationally expensive and inefficient. Hybrid data assimilation 
methods, such as the Ensemble-Variational (En-Var) approach, 
combine features of both variational and ensemble techniques 
by using ensemble-based prior error covariances within a varia-
tional framework. En-Var avoids the need to explicitly compute 
the full model adjoint while still approximating the model tra-
jectory over an assimilation window, offering a flexible alterna-
tive to traditional approaches (Lorenc et al. 2015; Poterjoy and 
Zhang  2015). Other gradient-free statistical approaches, like 
Markov chain Monte Carlo (MCMC), are often computationally 
prohibitive for high-dimensional systems, as they require many 
model realisations to effectively sample the probability density. 
In contrast, the En-Var approach only requires a moderate en-
semble size and enables reusability of model trajectories across 
experiments. These characteristics make this approach a robust 
and flexible option for building data assimilation systems for 
complex LSMs like JULES.

In the context of land surface modelling, data assimilation 
is used for state estimation in numerical weather prediction 
(Mahfouf and Viterbo  1996) and land-surface reanalysis sys-
tems (Muñoz Sabater et al. 2021), or for parameter estimation 
where model parameters are optimised to reduce structural 
errors and improve long-term simulation accuracy. However, 
the two are rarely performed simultaneously. Previous studies 
on parameter estimation in LSMs using soil moisture obser-
vations have focused on either directly improving the model's 
soil parameters (Visweshwaran et al. 2024; Lü et al. 2011; Zha 
et al. 2019; Seo et al. 2021) or updating the underlying PTF con-
stants (Pinnington et al. 2021; Cooper, Blyth, et al. 2021) to en-
hance predictive accuracy. Particularly, for JULES Pinnington 
et  al.  (2020) developed the Land Variational Ensemble Data 
Assimilation Framework (LAVENDAR), which was subse-
quently applied for parameter estimation to optimise the Toth 
PTF constants (Pinnington et al. 2021). Building on this Cooper, 
Blyth, et al. (2021) used the same framework to estimate Cosby 
PTF constants. Updating PTF constants is important, as it pre-
serves the physical relationships between soil hydraulic pa-
rameters while reducing uncertainty propagation from poor 
calibration. When observations from multiple sites are assim-
ilated jointly, they can yield a generalised set of posterior PTF 
constants. These capture diverse soil characteristics and can be 
applied to regions where in situ observations are unavailable.

Beyond parameters, the model's initial soil moisture condition 
also plays a significant role in model forecasts. While optimis-
ing model parameters minimises long-term bias (systematic 
error) in forecasts, state assimilation addresses stochastic errors 
(Nearing et al. 2018). The initial soil moisture condition influ-
ences not only current land surface processes but also future 
conditions through its long-term memory effect (Walker and 
Houser 2001). In practice, state estimation of soil moisture forms 
a key component of operational systems such as ERA5-Land 
and the ECMWF Integrated Forecasting System, where assim-
ilation of moisture observations helps initialise land-surface 
conditions for short- to medium-range forecasts (Mahfouf and 
Viterbo  1996; Muñoz Sabater et  al.  2021). Many studies have 
therefore focused on updating the initial soil moisture state 
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in LSMs (Ridler et al. 2014; Dumedah and Walker 2014; Chen 
et al. 2015).

Accurate forecasting requires precise information on both the 
model parameters and initial conditions (Smith et  al.  2013). 
While joint state-parameter estimation has been explored in 
other land surface models (Chen et al. 2015; Han et al. 2014), 
it remains unexplored in the context of the JULES model 
with ensemble-variational assimilation approaches. Although 
Pinnington et  al.  (2020) discussed the possibility of using 
LAVENDAR for state estimation, only parameter estimation 
was implemented. All subsequent applications with JULES 
(Pinnington et  al.  2021; Cooper, Blyth, et  al.  2021; Douglas 
et  al.  2026) have been limited to parameter estimation only, 
without incorporating any state updates. Here, we introduce 
a novel extension by modifying the LAVENDAR algorithm to 
incorporate the state vector alongside the parameter vector in 
an augmented approach, enabling joint state-parameter estima-
tion. This represents the first application of joint state-parameter 
assimilation for the JULES model, aiming to improve predictive 
accuracy across various soil characteristics. To demonstrate 
the advantage of state-parameter assimilation over individual 
state-only or parameter-only assimilation, in this study, we per-
formed soil moisture assimilation in three scenarios:

1.	 parameter-only assimilation to update Cosby PTF con-
stants (SC1),

2.	 state-only assimilation to update the initial soil moisture 
condition at the beginning of the assimilation period (SC2) 
(i.e., 1 January 2017) and

3.	 joint state-parameter assimilation to update both the initial 
soil moisture condition and Cosby PTF constants (SC3).

It should be noted that SC1 follows the same methodology as 
Cooper, Blyth, et  al.  (2021), using the same observation data 
(COSMOS-UK), assimilation period (2017), forecast period 
(2018) and PTF selection (Cosby). However, the experiments 
for SC1 were independently performed in this study and are 
not taken from Cooper, Blyth, et  al.  (2021) to ensure that ex-
actly the same detailed JULES configuration was used in all of 
our experiments. SC1 is included here so that the comparison 
across all three scenarios can be followed within a single, self-
contained study, without requiring reference to previous work. 
COSMOS-UK observations from 2017, across 16 sites in the UK, 
were integrated into the JULES model using an En-Var hybrid 
assimilation approach. Observations from all 16 sites were used 
together to derive common PTF constants representative of the 
different soil types in the UK and the model's initial conditions 
for each site.

2   |   Methods

2.1   |   Study Area and COSMOS-UK Observations

To assess JULES performance during assimilation of field-scale 
soil moisture observations, 16 sites across the UK were selected 
(Figure  1). The sites were chosen based on the availability of 
COSMOS-UK soil moisture and meteorological observations 
over the assimilation and forecast period, while also seeking to 

ensure a representative range of soil types. The sites span three 
soil categories: typical mineral soil, high organic content and 
calcareous mineral soil. The details about the soil characteristics 
were taken from Antoniou et al. (n.d.).

The meteorological dataset required to run the JULES model 
was obtained from the COSMOS-UK sub-daily database 
(Cooper, Bennett, et  al.  2021; Stanley et  al.  2023). These data 
were collected every 30 min at the same 16 locations where soil 
moisture observations were measured. Meteorological observa-
tions from 2016 to 2018 were used in this study.

Soil moisture observations were obtained from the COSMOS-UK 
network. At each site, a Cosmic-Ray Neutron Sensor (CRNS) 

FIGURE 1    |    Locations of the 16 COSMOS-UK sites used for assim-
ilation, grouped by soil type. ‘Typical mineral soil’ sites: Cardington 
(CARDT), Bickley Hall (BICKL), Crichton (CRICH), Waddesdon 
(WADDN), Hollin Hill (HOLLN), Easter Bush (EASTB), Rothamsted 
(ROTHD), Hartwood Home (HARTW) and Chobham Common 
(CHOBH). ‘High organic content’ sites: Sheepdrove (SHEEP), Gisburn 
Forest (GISBN), Moorhouse (MOORH) and Sourhope (SOURH). 
‘Calcareous mineral soil’ sites: Chimney Meadows (CHIMN), Porton 
Down (PORTN) and Lullington Heath (LULLN).
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measures epithermal cosmic-ray neutrons attenuated by water 
molecules in the soil profile, providing near-real-time soil mois-
ture integrated over a variable sensing depth that is reported 
alongside the dataset at a daily timestep (Evans et  al.  2016). 
The sensor footprint covers an area of up to 120,000 m2 and an 
effective depth of 10–80 cm, depending on local site conditions 
(Antoniou et  al.,  n.d.). Observations are available at a 30-min 
temporal resolution and are calibrated at each site to account 
for local conditions (Evans et al. 2016). The integration of these 
observations into the assimilation system is detailed in Point 6 
of Section 2.5.

2.2   |   JULES Land Surface Model

JULES is a community land surface model that can operate in-
dependently or as the land surface component within the Met 
Office Unified Model (Best et  al.  2011). Meteorological inputs 
required for running JULES include precipitation, wind speed, 
temperature, specific humidity, air pressure and incoming solar 
radiation. A detailed explanation of the energy and water flux 
components of JULES is provided in Best et al. (2011).

In this study, the focus is specifically on the soil hydraulic mod-
ule of JULES, which governs the vertical redistribution of soil 
moisture within the soil profile. Other components of JULES 
such as canopy interception, surface runoff and throughfall gov-
ern the water input reaching the soil and remain active within 
the model structure in our experiments, but are not directly ex-
amined. Once water enters the soil surface, its vertical move-
ment is calculated using a finite-difference form of Richards' 
equation, where the infiltrated water serves as the upper bound-
ary condition and the free drainage defines the lower boundary. 
Although JULES can be configured with a variable number of 
soil layers, the default configuration of four vertical soil layers 
is used in this study to represent soil moisture, with thicknesses 
of 0.1, 0.25, 0.65 and 2 m. The water balance in each layer is ex-
pressed as

where �l is the soil water content (in m3 m−3) in layer l. The terms 
w�
l−1

 and w′
l
 represent the downward water flux infiltrating into 

layer l from the layer above (l − 1), and E′
l
 represents uptake by 

plant roots from soil layer l. All flux terms are expressed per unit 
layer thickness and have units of s−1. the term Rbl denotes lateral 
flow, which is set to zero in this study, treating JULES as one-
dimensional in vertical columns.

The vertical flux of water between soil layers (w′
l
) is computed 

based on Darcy's law and depends on soil hydraulic properties. 
While JULES supports both the Brooks and Corey (n.d.) and van 
Genuchten (1980) formulations for soil hydraulic properties, the 
Brooks and Corey model is adopted here. The Brooks and Corey 
model is consistent with the PTFs that we use to derive the soil 
hydraulic parameters (see Section 2.3).

JULES represent the relationship between soil water content (� 
in m3 m−3), matric suction (� in m) and hydraulic conductivity 
(Kh in kg m−2 s−1) as follows:

where �sat, � sat and Kh,sat represent the volumetric soil mois-
ture at saturation, matric suction at saturation and saturated 
hydraulic conductivity, respectively. The term b is the Clapp–
Hornberger parameter that appears in the soil-water retention 
exponent.

2.3   |   Pedotransfer Function

The soil hydraulic parameters (�sat, � sat and Kh,sat) required 
by JULES (Equations 2 and 3) cannot be directly measured at 
the spatial scales relevant to LSMs. Direct measurements sam-
ple only small soil volumes and are expensive to deploy at the 
catchment or regional scales required by such models (Van Looy 
et al. 2017). PTFs are therefore employed to estimate these pa-
rameters from easily measurable properties like soil texture and 
specific density.

In this study, we adopt the Cosby PTF (Cosby et  al.  1984; 
Marthews et  al.  2014), a simple formulation which requires 
only soil sand and clay fractions as inputs, providing continu-
ous functions well-suited for representing spatial heterogene-
ity across large scales. Further, the Cosby PTF has been used 
in conjunction with the JULES model across a wide range of 
UK soils and has shown promising results (Cooper, Blyth, 
et al. 2021).

The Cosby PTFs express each hydraulic parameter as a function 
of the clay and sand fractions by weight, fclay and fsand, through a 
set of empirical constants C1 to C12 whose prior values are given 
in table 2 of Cosby et al. (1984). The Clapp–Hornberger param-
eter (b), is defined as,

The soil water content (�sat), which gives the maximum amount 
of water the soil can hold per unit volume when fully saturated 
is represented by,

The matric suction (� sat), which describes the force with which 
water is held in the soil at saturation, is represented by,

Finally, Kh,sat, which governs how easily water moves through 
the soil when fully saturated, is represented by,

Other parameters are the critical point (�crit), wilting point 
(�wilt), dry soil heat capacity (hcap) and thermal conductivity 
(hcon), are derived quantities that depend on �sat and � sat. These 
represent, respectively, the water contents at which plant water 

(1)
d�l
dt

= w�
l−1

− w�
l
− E�

l
− Rbl,

(2)
�

�sat
=

(

�

� sat

)−
1

b

,

(3)Kh = Kh,sat

(

�

�sat

)2b+3

,

(4)b = C1 + C2 fclay − C3 fsand.

(5)�sat = C4 − C5 fclay − C6 fsand.

(6)� sat = 0.01 × 10(C7−C8 fclay−C9 fsand).

(7)Kh,sat = 10(−C10−C11 fclay+C12 fsand).
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uptake becomes limited and ceases, and the ability of the soil to 
store and transfer heat. Further details about the derived param-
eters can be found in Cooper, Blyth, et al. (2021) and Marthews 
et al. (2014).

2.4   |   En-Var Assimilation

In this section, we describe how the JULES initial soil moisture 
condition and the PTF constants are updated using the En-Var 
assimilation approach. We consider the discrete non-linear dy-
namical model, written as

where zt ∈ ℝ
n represents the state vector at time t , and pt ∈ ℝ

m 
denotes a vector of model parameters. The initial condition z0 
provides the starting state for the model. The non-linear opera-
tor f  propagates the state forward from t − 1 to t  (t = 1, 2, … ,N 
timesteps). Here, JULES forms the model operator f , which de-
scribes the evolution of soil moisture over time.

Model parameters are generally expected to be constant in time 
during a model forecast. However, in cycling data assimilation 
systems that include parameter estimation, parameters are typ-
ically updated after each assimilation window. For this reason, 
parameters are often expressed with a time index to indicate 
their dependence on the assimilation cycle. In this work, only 
a single assimilation window is used, spanning the year 2017. 
Nevertheless, the time-index notation is retained for flexibility 
in potential future applications involving multiple assimilation 
cycles.

Let yt ∈ ℝ
kt represent the observation vector at time t , which 

here comes from the COSMOS-UK soil moisture product. To 
enable a direct comparison with JULES soil moisture estimates, 

we use the observation operator ht :ℝ
n
→ ℝ

kt. The operator ht 
maps the model state to the observation space and yields model-
equivalent soil moisture estimates

where �t ∈ ℝ
kt is the observation error, assumed to be unbiased, 

Gaussian and uncorrelated in time, with a covariance matrix Rt. 
These assumptions are standard in variational data assimilation 
and allow Rt to be specified as a diagonal matrix.

The En-Var method belongs to the class of variational assimila-
tion techniques that uses a time window, drawing conceptual 
similarity to 4D-Var. Both approaches assimilate all observa-
tions from a predetermined time window and spatial domain 
together in a batch rather than sequentially. In the 4D-Var 
method, we seek to minimise the cost function J, which in-
cludes two components:

	i.	 The difference between the control vector xt and its prior 
estimate (xb representing the prior vector at time = 0, ‘b’ for 
‘background’ synonymous with ‘prior’)

	ii.	 The difference between modelled outputs and observa-
tions. Each component is weighted by the inverse of its 
respective error covariance matrix (B and R). These matri-
ces control the relative influence of observations and prior 
information in the final solution. The cost function (J) is 
defined as

where N denotes the number of observation times used within 
the assimilation window. A simplified representation of differ-
ent components of J is shown in Figure 2.

(8)zt = ft−1→t

(

zt−1,pt−1, z0
)

,

(9)yt = ht
(

zt
)

+ �t ,

(10)

J
(

xa
)

=
1

2

(

xa−xb
)T
B−1

(

xa − xb
)

+
1

2

N
∑

t = 0

(

ht
(

xt
)

−yt
)T
R−1

(

ht
(

xt
)

− yt
)

,

FIGURE 2    |    Schematic diagram illustrating the components of the cost function (J).
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The principal aim is to optimise a control vector xt denoted by 
a set of variables that minimises J. Generally, xt is represented 
by a state (z) and/or parameter vector (p). In this study, the 
state vector represents a 1D soil column comprising four layers 
(Section 2.2), and the parameter vector is represented by the PTF 
constants (Section 2.3). Depending on the experiment, the con-
trol vector xt may consist of z, p or their concatenation 

[

p; z
]

. We 
do this in three ways (scenarios):

1.	 Parameter-only assimilation (SC1): In this scenario, we 
evaluate the constants of the PTF (C1–C12; Equations 4–7), 
denoted by p ∈ ℝ

m. Here, the control vector is represented 

as xt =
[

pt
]T

∈ ℝ
m, where m = 12 represents the 12 Cosby 

constants.

2.	 State-only assimilation (SC2): In this scenario, we es-
timate the initial soil moisture states z0 ∈ ℝ

n consisting 
of the four soil layers at each of the 16 sites (Equation 1). 
The control vector for this scenario is represented as 
xt =

[

z0
]T

∈ ℝ
n, where n = 64.

3.	 Joint state-parameter assimilation (SC3): In this sce-
nario, we simultaneously estimate both the initial soil 
moisture states and the PTF constants. The augmented 
system control vector xt is determined by appending the 
parameters to the model state vector. It is represented as 
xt =

[

pt z0
]T

∈ ℝ
m+n, where m + n = 76.

The state that minimises the cost function is often called the 
analysis or posterior vector (xa, ‘a’ for ‘analysis’ synonymous 
with ‘posterior’). In practice, xa is determined by iteratively min-
imising J using gradient-based optimisation (e.g., quasi-Newton 
or conjugate-gradient methods).

In En-Var, an ensemble is used to provide a flow-dependent es-
timate of the background error covariance matrix B. To avoid 
calculating the tangent linear model, adjoint model and B−1 for 
JULES, En-Var applies a control variable transform to precondi-
tion the matrix B (Pinnington et al. 2020). This approach allows 
B to be defined as the product of the perturbation matrix, X′

b
, and 

its transpose, given by

where

The columns of X′
b
 are the deviations of each background en-

semble member from the ensemble mean, xb, where Ne is the 
ensemble size. The term x(i)

b
 can come from a previous forecast 

(in that case xb is the mean of the Ne ensemble members) or sam-
pled from a known distribution 

(

xb,B
)

. The posterior vector 
xa is then defined as

where w is a weight vector of length Ne. Substituting 
Equations (13) and (11) into 10, we get a new cost function and 
its gradient as a function of w given by

and

The term 
∑N

t=0 Y
�
b,t

≈
∑N

t=0Ht

�

X�
b

�

 is the perturbation matrix in 
observation space, and it is computed by

This allows the computation of the posterior without explicitly 
determining the tangent linear model, adjoint model and B−1. 
Minimising the cost function (Equation 14) using the gradient 
provides the posterior estimate of w, which, when substituted 
into Equation (13), yields the posterior estimate of the control 
vector xa. The posterior ensemble perturbations, representing 
the uncertainty in the analysis, are obtained from the Hessian 
of the cost function following (Douglas et al. 2025) as

2.5   |   Experiment Design

The experiment was performed for 3 years between 2016 and 
2018. The year 2016 was designated as the spin-up period to ini-
tialise the JULES model, 2017 served as the assimilation window 
for the En-Var implementation, and 2018 was used for forecast 
evaluation of JULES after assimilation. The implementation 
of COSMOS-UK soil moisture assimilation into the JULES 
model using the En-Var is done in three scenarios as outlined in 
Section 2.4. The key elements involved in the implementation of 
these three scenarios are outlined below and shown in Figure 3.

1.	 Ensemble generation: A 50-member ensemble (i.e., 
Ne = 50) was generated for each of the 12 Cosby PTF con-
stants by sampling from a Gaussian distribution centred 
on the mean values reported by Cosby et al.  (1984), with 
a standard deviation equal to 10% of the mean. The en-
semble size of 50 is consistent with previous applications 
of the LAVENDAR framework (Cooper, Blyth, et al. 2021; 
Pinnington et  al.  2020). This ±10% standard deviation 
range was chosen as a practical estimate to introduce 
variability around the prior values, informed by previous 
and successful experience with JULES on these sites by 
Cooper, Blyth, et al. (2021).

2.	 Harmonised World Soil Database (HWSD): Soil tex-
ture information, comprising the percentage of sand, silt 
and clay, is obtained from the HWSD dataset (Fischer 
et al., n.d.) for all 16 sites. The HWSD data, originally in 
a 30 arc-second spatial scale gridded raster format, were 

(11)B ≈ X�
b
X�
b
T ,

(12)

X�
b
=

1
√

Ne − 1

�

x(1)
b

− xb, x
(2)

b
− xb, … , x

(Ne)
b

− xb

�

.

(13)xa = xb + X�
b
w,

(14)

J(w) =
1

2
wTw +

1

2

N
∑

t = 0

(

Y�
b,t
w+ht

(

xb
)

−yt

)T

R−1
(

Y�
b,t
w + ht

(

xb
)

− yt

)

,

(15)

∇J(w) =w +

N
∑

t = 0

(

Y�
b,t

)T

R−1
(

Y�
b,t
w + ĥt

(

xb
)

− ŷt

)

.

(16)
Y�
b,t
=

1
√

Ne−1

�

ht

�

x
(1)

b

�

−ht
�

xb
�

, ht

�

x
(2)

b

�

−ht
�

xb
�

, … ,

ht

�

x
(Ne−1)
b

�

−ht
�

xb
�

, ht

�

x
(Ne)
b

�

−ht
�

xb
�

�

.

(17)X�
a ≈ X�

b

(

I+

Ne
∑

t=0

(

Y�
b,t

)T

R−1Y�
b,t

)−
1

2

.

 14698080, 2026, 5, D
ow

nloaded from
 https://rm

ets.onlinelibrary.w
iley.com

/doi/10.1002/m
et.70256 by U

K
 C

entre For E
cology &

 H
ydrology, W

iley O
nline L

ibrary on [19/10/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



7 of 21Meteorological Applications, 2026

downscaled to a 1 km resolution, and the gridpoints pass-
ing through the COSMOS-UK sites were selected. It should 
be noted that the HWSD soil texture data were selected to 
ensure consistency across sites and to adopt realistic UK-
scale applications where local measurements are often un-
available. While discrepancies with site-specific data exist, 
HWSD has been successfully used in previous JULES stud-
ies (Martínez-de la Torre et al. 2019; Ritchie et al. 2019). 
Building on this prior success and given its relevance to 
large-scale applications, HWSD was chosen for this study.

3.	 Pedotransfer function: Cosby PTF is applied using the 
HWSD data, and the C1–C12 sets are used to generate a 
50-member ensemble of unique soil hydraulic parameters. 
It should be noted that a prior sensitivity analysis to select 
a subset of parameters is not required, since all 12 PTF con-
stants are included in the estimation.

4.	 Spin-up period: The soil hydraulic parameters (50 × 12 ) 
obtained from the PTF are fed into the JULES model 
during the warm-up period extending from January to 
December 2016.

5.	 Prior vector:
a.	 Scenario 1 (SC1): During parameter estimation, 

Cosby's prior parameter 50-member ensemble, which is 
common to all 16 sites, forms the prior ensemble with a 
dimension of 

{

x(i)
b
∈ ℝ

12: i = 1, 2, … , 50
}

.

b.	 Scenario 2 (SC2): During state estimation, the JULES 
50-member ensemble forecast at the end of the spin-up 
period, represented by four soil layers, forms the ini-
tial soil moisture condition for the start of the assim-
ilation period. These 4 layers for each of the 16 sites 
are combined to represent the prior ensemble (i.e., 
{

x(i)
b
∈ ℝ

64: i = 1, 2, … , 50
}

).

c.	 Scenario 3 (SC3): During state-parameter estimation, 
JULES 50-member ensemble forecast (containing 4 soil 
layers) from the spin-up period for each site and a com-
mon Cosby's prior parameter ensemble representing all 

the 16 sites are augmented to represent the prior ensem-
ble (i.e., 

{

x(i)
b
∈ ℝ

76: i = 1, 2, … , 50
}

).

6.	 Observations:
a.	 Observation Operator: As outlined in Section  2.1, 

COSMOS-UK provides soil moisture observations at 
the field scale around the CRNS instrument at a 30-
min frequency. We require the JULES soil moisture 
values to correspond to the same soil depth as the ob-
servations. Therefore, a weighted depth approach is 
employed, averaging the JULES estimates over the top 
soil layers to align with the effective sensing depth of 
COSMOS-UK. The sensing depth varies with soil mois-
ture, but typically does not extend to the bottom layer 
of JULES (Antoniou et  al.,  n.d.; Evans et  al.  2016), 
which is therefore excluded from the weighted aver-
age. Assimilation updates, however, still influence 
deeper layers due to strong vertical correlations in 
the background error covariance matrix. Further de-
tails on the weighted depth approach can be found in 
Cooper, Blyth, et al. (2021).

b.	 Observation Uncertainties: Half-hourly observa-
tions are averaged to a daily scale for our experiments. 
Analysis indicates that the standard deviation of half-
hourly data around the daily mean is approximately 
20% (Cooper, Blyth, et al. 2021). However, in the data 
assimilation framework, the observation error must 
also account for errors in the conversion of neutron 
counts to soil moisture, the averaging of sub-daily 
measurements to a daily scale and temporal (intra-site) 
observation error correlations arising from persistent 
calibration or environmental effects at a given site. We 
also recognise the presence of representation errors 
(Janjić et al. 2018), which may result from differences in 
scale between the model and the observations, or sim-
plifications in the observation operator. To account for 
these additional sources of uncertainty, we inflate the 
standard deviation to 50% of the daily mean observation 
when assigning R, consistent with practices adopted in 

FIGURE 3    |    Schematic showing the application of the En-Var assimilation scheme on the JULES land surface model during state-parameter es-
timation (SC3). The numbered components represent the key elements of the proposed methodology adopted in this study. Detailed explanations of 
each element are provided in Section 2.5.
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8 of 21 Meteorological Applications, 2026

other data assimilation studies (Liu and Rabier  2003; 
Stewart et al. 2008).

7.	 Data assimilation: The En-Var assimilation scheme is 
employed within the JULES model for the year 2017, using 
a one-year time window to ensure that the hydraulic pa-
rameters are constrained against a full seasonal cycle of 
soil moisture variability. This produces posterior values 
for the state (for each site) and/or parameters (common for 
all sites).

8.	 Model forecast: 3 and 4 are repeated with posterior PTF 
values, and the JULES model is rerun for the assimilation 
period (year 2017) and for the forecast period (year 2018) 
with the posterior initial conditions and soil ancillary files.

2.6   |   Evaluation Metrics

To assess the model's performance during assimilation and 
forecast periods, two evaluation metrics are calculated: Root 
Mean Square Error (RMSE) and Kling-Gupta Efficiency 
(KGE). These metrics enable a comprehensive assessment of 
the model's performance by quantifying discrepancies between 
observed and modelled soil moisture values over a two-year pe-
riod. The RMSE and KGE metrics are defined as follows:

where N is the total number of observations. In this study, 
N = 730 for the two-year study period, and �m and �o are the 
modelled and observed soil moisture values, respectively. The 
term KGE is defined as

The KGE, as proposed by Gupta et al. (2009), provides an over-
all assessment of soil moisture distribution trends by incorpo-
rating three components: correlation, variability and bias. In 
this context, r represents the Pearson correlation coefficient, 
capturing the correlation between modelled and observed soil 
moisture time series. The term � = �m ∕�o reflects the model's 
ability to capture the variability in the observations, where 
�m and �o are the standard deviations of the modelled and ob-
served data, respectively. Meanwhile, � = �m ∕�o represents 
the model bias, where �m and �o denote the mean soil moisture 
values for the model and observations. Together, these compo-
nents provide a robust evaluation of model performance. For 
all components and the KGE, values closer to 1 indicate good 
model performance.

(18)RMSE =

�

∑N
t=1

�

�tm−�to
�2

N
,

(19)KGE = 1 −

√

(r−1)2 + (�−1)2 + (�−1)2.

FIGURE 4    |    Histograms showing the prior and posterior distribution values of Cosby PTF constants (C1 to C12) during parameter-only assimila-
tion scenario (SC1) across 16 sites. Blue (prior) and orange (posterior) lines represent kernel density estimates. Bin widths are individually adjusted 
to reflect the range and spread of values for each constant.
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9 of 21Meteorological Applications, 2026

3   |   Results

3.1   |   Scenario 1: Individual Effect 
of Parameter Assimilation on JULES   
Performance

During parameter-only assimilation (SC1), Cosby PTF con-
stants were updated and this scenario is included as a base-
line following (Cooper, Blyth, et  al.  2021) to enable direct 
comparison with SC2 and SC3. The resulting changes in the 
PTF constants led to corresponding shifts in the derived hy-
draulic parameters, as shown in Figures 4 and 5. For instance, 
the parameter �sat increased due to higher values of C4 and 
C5, suggesting an increase in the model's representation of the 
soil's water-holding capacity at full saturation. In contrast, 
Kh,sat decreased due to changes in C10 to C12 values. This in-
dicates that the model now simulates slower water movement 
through the soil when fully saturated, which may suggest less 
permeable soil conditions in the model. In addition, param-
eters � sat and b were reduced due to the decreased values of 
C7 to C9 and changes in C1 to C3 values, respectively. Finally, 
�crit and �wilt showed only small differences between prior and 
posterior distributions, but they remain relevant as indicators 
of shifts in plant-available water and soil moisture retention 
characteristics following data assimilation. Overall, the pos-
terior distributions are narrower than the prior distributions 

across all sites, since the En-Var technique serves as an ap-
proximate minimum variance estimator.

Figure 6 shows the ensemble mean JULES and COSMOS-UK 
soil moisture time series for the HOLLN and SHEEP sites, 
which have different soil characteristics. It is evident that the 
posterior soil moisture time series is more consistent with the 
COSMOS-UK observations than the prior values. Both KGE 
(Figure 7) and RMSE (Table 1) metrics also showed a similar 
outcome. Although Figure 4 and Table 1 include results from 
the other scenarios, this section discusses SC1 specifically. The 
posterior RMSE values decreased relative to the prior values, 
with an average reduction of 49% across all 16 sites. For the 
KGE metrics, improvements were mainly driven by reductions 
in the � and � components (capturing variability and bias). This 
is due to changes in �sat, b and Kh,sat, which increased soil water 
storage and reduced the underestimation in the JULES soil 
moisture estimates.

3.2   |   Scenario 2: Individual Effect of State 
Assimilation on JULES Performance

During state assimilation, the initial soil moisture conditions 
at the start of the assimilation window (i.e., 1 January 2017) 
are updated for each site, and the posterior JULES estimates 

FIGURE 5    |    Ensemble prior and posterior values of different soil hydraulic parameters at 16 sites across the UK during parameter-only assimila-
tion scenario (SC1).
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10 of 21 Meteorological Applications, 2026

FIGURE 6    |    Modelled (ensemble mean) and observed soil moisture 
time series at HOLLN and SHEEP sites during assimilation (2017) and 
forecast periods (2018) for parameter-only assimilation scenario (SC1).

FIGURE 7    |    KGE metrics and its components showing the performance of JULES model across all the 16 sites in the UK for three assimilation 
scenarios: Parameter-only (SC1), state-only (SC2) and joint state-parameter (SC3).

TABLE 1    |    RMSE values between the JULES simulated soil moisture 
and COSMOS-UK observations during different scenarios.

Site

RMSE (m3 m−3)

Prior

Posterior 
parameter-
only (SC1)

Posterior 
state-
only 
(SC2)

Posterior 
state-

parameter 
(SC3)

CARDT 0.09 0.08 0.07 0.08

BICKL 0.14 0.03 0.08 0.03

CRICH 0.12 0.04 0.06 0.04

WADDN 0.10 0.07 0.06 0.07

HOLLN 0.17 0.06 0.10 0.06

EASTB 0.16 0.04 0.10 0.03

ROTHD 0.08 0.04 0.03 0.04

CHIMN 0.06 0.05 0.06 0.05

SHEEP 0.10 0.05 0.05 0.05

PORTN 0.11 0.07 0.06 0.06

HARTW 0.17 0.10 0.10 0.10

GISBN 0.23 0.09 0.17 0.07

CHOBH 0.28 0.20 0.21 0.20

LULLN 0.09 0.04 0.04 0.04

MOORH 0.25 0.13 0.17 0.11

SOURH 0.13 0.07 0.08 0.06

Average 0.143 0.073 0.09 0.068
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11 of 21Meteorological Applications, 2026

(xa) are compared against COSMOS-UK observations. The ad-
justments made to the initial conditions shifted the posterior 
estimates closer to the observations during the initial phase 
(January 2017–April 2017), as illustrated in Figure 8 with ex-
amples from the HOLLN and SHEEP sites. These sites were 
chosen to represent two distinct soil types—typical mineral 
soil (HOLLN) and soil with high organic content (SHEEP)—
since JULES performance is likely to vary depending on soil 
characteristics. Although assimilating the initial conditions 
improved the JULES estimates, the improvement progressively 
weakened after approximately 4–5 months. Notably, for most 
sites, including HOLLN and SHEEP, both the prior and poste-
rior estimates showed no significant differences after 6 months. 
This reflects the limited memory and dynamic response of soil 
moisture to ongoing meteorological forcing over longer dura-
tions (seasonal to annual timescales).

While analysing the RMSE (Table 1) and KGE (Figure 7) met-
rics, we observe moderate improvements relative to the prior 
run. The RMSE values decreased across all sites, with an aver-
age reduction of 37.1% over the 16 sites. Correspondingly, KGE 
values showed a moderate improvement between the prior 
(blue) and posterior (brown) estimates for most sites, except 
at GISBN. The anomaly at GISBN may be related to the dense 

coniferous cover, which affects CRNS calibration and re-
duces the reliability of COSMOS-UK soil moisture retrievals. 
Component-wise, improvements were mainly reflected in the 
� and � terms, while the correlation component r changed little 
due to the already high correlation between the prior model 
estimates and observations before assimilation. Although 
these improvements were observed, the parameter-only sce-
nario (SC1) clearly outperformed the state-only scenario (SC2), 
which can be attributed to the rapid decay of the impact of the 
updated initial soil moisture state.

3.3   |   Scenario 3: Combined Effect of State-Parameter 
Assimilation on JULES Performance

During joint state-parameter assimilation, we optimised both 
Cosby constants and JULES's initial soil moisture condition. 
Figure  9 shows that the posterior parameter distribution (or-
ange) deviated from its respective prior distribution (blue) 
after assimilation, though the deviations are less pronounced 
compared to the parameter-only scenario. This suggests that 
updating the initial soil moisture conditions in this scenario 
has partially alleviated the adjustments required in the PTF 
constants. Due to this, all eight soil hydraulic properties in 

FIGURE 8    |    The figure shows the results of the state-only assimilation scenario (SC2). The left panels display the modelled (ensemble mean) and 
observed soil moisture time series at the HOLLN and SHEEP sites during the assimilation (2017) and forecast (2018) periods. The right panels show 
the prior and posterior distributions of the initial condition state (1 January 2017) across 50 ensemble members and four soil layers.
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12 of 21 Meteorological Applications, 2026

the Brooks and Corey model also showed deviations from 
their respective prior values as shown in Figure 10. In general, 
across all sites, the ensemble members span a narrower range 
in the posterior distribution than in the prior distribution, as 
seen in the parameter-only assimilation scenario, suggesting 
a reduction in variability of the hydraulic parameters after 
assimilation.

After assimilation, the posterior JULES is able to store more 
water in the soil, due to the combined effect of increased re-
tention capacity and reduced hydraulic conductivity. This is 
due to the changes observed in Kh,sat and �sat values. Parameter 
Kh,sat reduced due to the decreased C10 and C12 values, while 
the increase in �sat is driven by higher C4 and C5 values. It 
should be noted that the magnitude change in both �sat and 
Kh,sat is smaller than that observed in SC1. Finally, b and 
� sat show only minimal shifts in their distributions after 
assimilation.

Similarly, Figure 11 shows the prior and posterior distribution 
of initial soil moisture conditions for two locations, GISBN and 
CARDT. These sites were selected to illustrate the assimilation's 
impact on different soil types—GISBN with high organic con-
tent and CARDT with mineral-rich soil. From the figure, we 

can see that the initial soil moisture condition has increased 
in GISBN and decreased in CARDT after assimilation. This is 
because, on January 1, 2017, the model's prior estimates were 
lower compared to the observations for the GISBN location and 
higher for the CARDT location. Accordingly, the initial con-
dition was updated to be closer to the observation values. The 
prior and posterior distributions for all 16 locations are shown in 
Figures A1–A4 of Appendix A.

Figure 12 shows the ensemble mean soil moisture time series 
for two locations with different soil characteristics. Table 1 and 
Figure  12 show that the posterior soil moisture estimates are 
more consistent with the COSMOS-UK observations than the 
prior estimates. RMSE reduced by an average of 50% across all 
sites, with the maximum reduction observed at BICKL (78.5%) 
followed by GISBN (69.5%). Overall, these results suggest that 
the bias in the model is significantly reduced, the posterior 
JULES estimates showed a good correlation with COSMOS-UK 
observations, and the variability in the observations is captured 
more accurately.

KGE values showed significant improvement after assimila-
tion, with the maximum increase observed at the GISBN site 
(≈ 350%) and a minimum increase of ≈ 25% at the CHIMN site 

FIGURE 9    |    Histograms showing the prior and posterior distribution values of Cosby PTF constants (C1 to C12) during state-parameter assimila-
tion (SC3) across 16 sites. Blue (prior) and orange (posterior) lines represent kernel density estimates. Bin widths are individually adjusted to reflect 
the range and spread of values for each constant.
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13 of 21Meteorological Applications, 2026

(Figure  7). Breaking down the components of KGE, the com-
bined effect of the � and � components contributed substantially 
to the increase in KGE. The r component was already high in 
the prior JULES estimates (averaging more than ≈ 0.8), leav-
ing little scope for assimilation to improve the correlation with 
COSMOS-UK observations.

Out of the 16 locations, prior soil moisture estimates at 15 sites 
were negatively biased, as indicated by the � component (values 
less than 1, represented by a horizontal line). After assimilation, 
the hydraulic parameter Kh,sat decreased, reducing the move-
ment of water within the soil profile, while the parameter �sat 
increased, improving the water holding capacity of the soil. This 

FIGURE 10    |    Ensemble prior and posterior values of different soil hydraulic parameters at 16 sites across the UK during state-parameter assim-
ilation scenario (SC3).

FIGURE 11    |    Prior (blue) and posterior (orange) distributions of JULES's initial soil moisture condition during state-parameter assimilation (SC3) 
for two sites (GISBN and CARDT) across 50 ensemble members and four soil layers. Bin widths vary across subplots to allow comparison of prior 
and posterior value ranges for each soil layer.
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combined effect increased the water content in the soil column, 
reducing the underestimation of the prior JULES run. This im-
provement also enabled the model to better capture the vari-
ability in COSMOS-UK observations, leading to an improved � 
component.

On average across the 16 sites, SC3 improved KGE by 113% 
relative to the prior, 9.6% relative to SC1 and 105% relative to 
SC2. A similar pattern is observed for the RMSE values. SC3 
reduced RMSE by 52.4% relative to the prior, by 6.8% com-
pared to SC1 and by 24.4% compared to SC2. Together, these 
results demonstrate that jointly updating both model states 
and PTF constants provides a more consistent improvement 
in soil moisture simulations than updating either component 
in isolation.

4   |   Discussion

In general, results from all three scenarios demonstrated 
that assimilating field-scale soil moisture observations can 
improve the JULES performance. Comparing SC3 with SC1 
and SC2 showed that joint state-parameter assimilation can 
constrain the JULES model well and enhance its predictive 
skill. Specifically, in SC3, the average KGE value increased from 
0.33 to 0.72 after assimilation, corresponding to an improve-
ment of approximately 113% relative to the prior. In contrast, 
individual state-only and parameter-only assimilation results 

showed moderate improvements of about 6% (KGE: 0.33–0.35) 
and 100% (KGE: 0.33–0.66), respectively against the prior run.

Regarding absolute error metrics (i.e., RMSE), SC3 clearly out-
performed both the prior and SC2. Although the absolute dif-
ferences in RMSE between SC1 and SC3 were relatively small 
(Table 1), joint assimilation still provided meaningful improve-
ments at several sites, including EASTB, GISBN, MOORH, 
SOURH and PORTN. Moreover, SC3 required smaller adjust-
ments to hydraulic parameters compared to SC1, suggesting that 
incorporating initial state information helped moderate param-
eter updates and led to a more constrained and potentially more 
physically plausible calibration.

Soil characteristics have a strong influence on JULES perfor-
mance. Cosby PTFs are calibrated for mineral soils, meaning 
the JULES model performs well in ‘typical mineral soil’ but 
tends to show more errors in areas with high organic con-
tent. Prior model results demonstrate this pattern, with an 
average KGE of 0.34 for ‘typical mineral soil’ sites and 0.25 
for ‘high organic content’ sites. However, assimilation results 
(SC3) showed maximum improvement at sites where JULES 
initially performed poorly. For instance, three of the top four 
improvements were seen at sites with high organic content: 
GISBN, CHOBH and MOORH showed improvements of ap-
proximately 350%, 250% and 220%, respectively, in KGE val-
ues. The post-assimilation model with updated PTF constants 
and initial conditions performed well across various soil types 
within the UK, suggesting that this framework has strong po-
tential for broader application.

During state-only assimilation (SC2), the posterior JULES 
model performed marginally better than the prior run, with a 
mean improvement of 6% in KGE and 37.1% in RMSE. However, 
the effect of the updated initial soil moisture condition decayed 
quickly in less than 6 months. For a few sites, the prior and pos-
terior soil moisture time series coincided within 3 months from 
the point of assimilation. This limitation can be addressed by 
assimilating more frequently using a smaller time window. 
Having a longer time window of 1 year for parameter estimation 
and multiple shorter time windows of 3 months for state assimi-
lation using a cycling data assimilation system could potentially 
yield better forecasts.

An important consideration is the relationship between DA and 
physics-based model development. DA approaches such as the 
one presented here are not intended to replace physically-based 
model improvements. On the contrary, insights gained from DA 
experiments can help diagnose model deficiencies and drive 
model development. For example, in SC1 and SC3, the changes 
to the Cosby PTF constants may partly reflect the fact that we 
are optimising against field-scale COSMOS-UK observations 
(~12 ha footprint), whereas the original Cosby constants were 
derived from laboratory analyses of small soil samples (Cosby 
et  al.  1984). This raises questions about whether the physical 
relationships embedded in JULES hold at the spatial scales at 
which they are applied, an issue that has been recognised as a 
fundamental challenge for PTFs in LSMs (Weber et  al.  2024). 
Exploring alternative PTFs, such as the Tóth formulation used 
by Pinnington et al. (2021), or updated hydraulic parameterisa-
tions could provide complementary insights. Similarly, Douglas 

FIGURE 12    |    Modelled (ensemble mean) and observed soil moisture 
at GISBN and CARDT sites during assimilation (2017) and forecast pe-
riods (2018) for state-parameter assimilation scenario (SC3).
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et  al.  (2025) demonstrated that regularisation of the 4DEnVar 
can improve the parameter estimation by limiting overfitting, 
offering a methodological refinement that could be applied 
within this framework. Such physically-based developments 
and methodological refinements are beyond the scope of this 
study but are an important avenue for future work.

It should also be noted that discrepancies between modelled and 
observed soil moisture may stem from uncertainty in evapo-
transpiration, which in JULES is calculated using the Penman-
Monteith formulation. As independent site observations (e.g., 
from lysimeters or flux towers) were not available at these sites, 
incorporating such data offers scope for future work to further 
constrain soil moisture estimates.

5   |   Conclusions

In this study, we presented the first application of joint state-
parameter assimilation for the JULES model, allowing both the 
initial soil moisture conditions and Cosby PTF constants to be 
optimised simultaneously. Using daily COSMOS-UK observa-
tions for 2017 across 16 UK sites, we employed the En-Var hybrid 
assimilation technique to compare three scenarios: parameter-
only (SC1), state-only (SC2) and joint state-parameter (SC3) as-
similation. Results demonstrated that jointly updating both the 
PTF constants and initial soil moisture state consistently out-
performed individual scenarios in predicting the soil moisture 
estimates across the majority of sites and evaluation metrics.

These findings have far-reaching implications beyond the land 
surface. Soil moisture governs infiltration and runoff generation, 
directly influencing the magnitude and timing of river flows. 
Improved soil moisture conditions in JULES can therefore 
strengthen hydrological forecasting capabilities. As operational 
weather prediction systems increasingly rely on land surface 
models like JULES for initialisation, the joint state-parameter 
framework presented here offers a practical pathway to improve 
land–atmosphere coupling and land-surface reanalysis. In addi-
tion, this work provides a foundation for extending joint assim-
ilation to broader regions and diverse soil types, contributing to 
disaster preparedness at larger scales.
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Appendix A

Updated JULES Initial Soil Moisture Condition During State-Parameter Scenario

FIGURE A1    |    Prior and posterior distribution values of JULES's initial soil moisture condition at CARDT, BICKL, CRICH and WADDN COSMOS-
UK sites during state-parameter assimilation.
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FIGURE A2    |    Prior and posterior distribution values of JULES's initial soil moisture condition at HOLLN, EASTB, ROTHD and CHIMN 
COSMOS-UK sites during state-parameter assimilation.
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FIGURE A3    |    Prior and posterior distribution values of JULES's initial soil moisture condition at SHEEP, PORTN, HARTW and GISBN COSMOS-
UK sites during state-parameter assimilation.
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FIGURE A4    |    Prior and posterior distribution values of JULES's initial soil moisture condition at CHOBH, LULLN, MOORH and SOURH 
COSMOS-UK sites during state-parameter assimilation.
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