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Abstract. This study emphasises the importance of soil moisture (SM) in subseasonal-to-seasonal (S2S) predictions at mid-
latitudes. To address this we introduce the Norwegian Climate Prediction Model Land (NorCPM-Land), a land reanalysis
framework tailored for integration with the Norwegian Climate Prediction Model (NorCPM). NorCPM-Land assimilates
blended SM data from the European Space Agency’s Climate Change Initiative into a 30-member offline simulation of the
Community Land Model with fluxes from the coupled model. The assimilation of SM data reduces error in SM by 10.5 %
when validated against independent SM observations. It also improves latent heat flux estimates, illustrating that the adjust-
ment of underlying SM significantly augments the capacity to model land surface dynamics. We evaluate the added value of
land initialisation for subseasonal predictions, by comparing the performance of hindcasts (retrospective prediction) using the
standard NorCPM with a version where the land initial condition is taken from NorCPM-Land reanalysis. The hindcast covers
the period 2000 to 2019 with four start dates per year. Land initialisation improves predictions up to a 3.5-month lead time
for SM and a 1.5-month lead time for temperature and precipitation. The largest improvements are observed in regions with
significant land-atmospheric coupling, such as the Central United States, the Sahel, and Central India. It also better captures
extreme (high and low) temperature events in parts of Europe, the United States, and Asia, at mid and high latitudes. Overall,
our study provides further evidence for the significant role of SM content in enhancing the accuracy of subseasonal predictions.

This study provides an technique for improved land initialisation, utilising the same model employed in climate predictions.

1 Introduction

Subseasonal-to-seasonal (S2S) forecasts have significant societal implications, especially in the water resources management,
agribusiness, and emergency response sectors (Merryfield et al., 2020). There is, however, a considerable gap in accurate
prediction at S2S range because of the chaotic processes affecting the sources of predictability (Meehl et al., 2021; Mariotti
et al., 2018). It is essential to understand the sources of S2S predictability better and develop more accurate monitoring and
prediction systems. The land surface is an important factor in determining the predictability and variability of the climate at
S2S timescales (Koster et al., 2004; Guo et al., 2011) — up to 4-week lead time (Mariotti et al., 2018). In regions where there is
substantial land-atmosphere coupling, soil moisture (SM) exerts a direct influence on the atmosphere. It influences latent and

sensible heat fluxes and thus regulates the land-atmosphere feedbacks (Koster et al., 2004; Dirmeyer and Halder, 2016). SM
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can also influence hydro-meteorological factors such as temperature and precipitation (Koster et al., 2004; Seneviratne et al.,
2010; Taylor et al., 2012a). Previous studies have shown that SM affects the accuracy of seasonal predictions (Fischer et al.,
2007; Koster et al., 2010; Dirmeyer and Halder, 2016; Dirmeyer et al., 2018; Seo et al., 2019, 2020). The persistence of SM
anomalies over time (also known as SM memory) is longer than for meteorological variables, hence enhancing subseasonal
forecasts (Orth and Seneviratne, 2012; McColl et al., 2017; Santanello Jr et al., 2018).

The Norwegian Climate Prediction Model (NorCPM) provide climate reanalyses (Counillon et al., 2016) and seasonal-to-
decadal climate predictions (Counillon et al., 2014; Bethke et al., 2021; Hermanson et al., 2022). The model is used to perform
monthly operational S2S predictions, which are provided to stakeholders through the Norwegian center for research innovation
Climate Futures (https://klimavarsling.no). The current data assimilation (DA) scheme is not ideal for such applications: it
only updates the ocean and sea ice components (Kimmritz et al., 2019; Bethke et al., 2021); while the atmosphere and land
components are only weakly constrained to observations through their dynamical adjustment to the ocean and sea-ice states
(which are updated by the assimilation).

This study aims to enhance land surface initialisation within NorCPM and to examine the impact of the improved land
initialisation on S2S prediction skill. Data from existing land reanalysis can be used directly as initial conditions for land
surface components (e.g., Li et al., 2019), but discrepancies in the models, resolutions and grids tend to generate dynamical
imbalances and drift during the predictions (Pohlmann et al., 2009). Here, we aim to constrain the land component of the same
model used for running predictions, by performing our own land reanalysis—hereafter called NorCPM-Land. Subsequently,
we assess the benefits of SM initialisation for S2S prediction by comparing the hindcast skill of the standard NorCPM with a
version where the land initial state is from NorCPM-Land.

The community land model (CLM) used in NorCPM simulates key land surface processes (Oleson et al., 2010) and provides
SM estimates at different soil depths down in the vadose zone. Uncertainty in the land state grows inherently with errors in the
atmospheric forcing and inaccuracy in the land surface processes. Data assimilation (DA) of SM can constrain such error (Ku-
mar et al., 2012; Nair and Indu, 2019; Reichle and Koster, 2004). In-situ SM observations are too sparse and heterogeneously
distributed to constrain the land surface model effectively, but SM measurements can be derived from passive and active mi-
crowave satellite remote sensing. We rely here on the daily SM from the European Space Agency’s Climate Change Initiative
(ESA CCI; Gruber et al., 2019) to update CLM states. ESA CCI provides a consistent SM product from the multi-satellite
products.

While direct online assimilation of SM data into NorCPM would be preferable, NorCPM is currently working offline — mean-
ing that the model is stopped, the state is written on disk, DA is applied to the files, and the model restarted. The time required
for initialising the model and writing the input/output is burdensome (Karspeck et al., 2018), and the required daily frequency
for SM assimilation is not feasible with our current NorCPM configuration. To address this limitation, NorCPM-Land performs
daily offline assimilation of SM data. This is accomplished by utilising CLM with identical version and resolution settings as
those employed in NorCPM. The atmospheric ensemble flux, consisting of 30 members, for the offline CLM is sourced from

a historical ensemble of simulations generated by the earth system model utilised in NorCPM.
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The NorCPM-Land relies on EnKF (Evensen, 2003) that is a flow-dependent assimilation method, and which has proven
successful for land DA (Reichle and Koster, 2004; Drusch et al., 2009; De Rosnay et al., 2013; Kumar et al., 2012; Nair and
Indu, 2016, 2019; Nair et al., 2022; Pradhan et al., 2023). During the assimilation process, we use a cumulative density function
matching approach to ensure that DA does not alter the distribution of the quantity assimilated. Our assimilation framework
ensures that the model’s climatology remains unchanged — in good agreement with the initialisation of the other component in
NorCPM - thereby minimising hindcast drift.

To assess the influence of the land component on the resultant prediction skill, we conducted a comparison between two
sets of sub-seasonal hindcasts (retrospective predictions). One set utilised the standard NorCPM, while the other incorporated
land initial conditions derived from NorCPM-Land reanalysis. This hindcast study spanned from 2000 to 2019, featuring four
different start dates per year and comprising 30 members for each hindcast. Notably, it did not necessitate the application of
drift correction. The integration of land initialisation led to a notable enhancement in SM predictions, extending up to 3.5 lead
months, as well as improvements in surface temperature and precipitation predictions, extending up to 1.5 lead months. We

discuss potential avenues to refine our approach and further improve the accuracy and reliability of our initialisation approach.

2 Model description
2.1 Norwegian Earth System Model

The NorCPM is based on the Norwegian Earth System Model (NorESM). We use here the NorESM1-ME (Bentsen et al.,
2013; Tjiputra et al., 2012). NorESMI1 is based on the Community Earth System Model version 1.0.3 (CESM1; Hurrell et al.,
2013), but differs in the ocean component, atmospheric chemistry, and ocean biogeochemistry. The land component is the
CLM version 4 (Oleson et al., 2010). The ocean component of NorESM is an upgraded version of the isopycnal coordinate
ocean model MICOM (Bleck et al., 1992), referred to as Bergen Layered Ocean Model (Bentsen et al., 2013). The ocean
biogeochemistry is based on the Hamburg Ocean Carbon Cycle Model (HAMOCC, Assmann et al., 2010; Tjiputra et al.,
2012). The sea ice component is a version of the Los Alamos Sea ice model (CICE4, Gent et al., 2011; Holland et al., 2012).
The ocean and the sea-ice model have a horizontal resolution of approximately 1°. The atmosphere component is a version
of the Community Atmosphere Model (CAM4-Oslo, Kirkevag et al. 2013), which provides choices for aerosol and cloud
chemistry (Kirkevag et al., 2013). CAM4 has a horizontal resolution of 1.9° latitude and 2.5° longitude and 26 vertical levels

in a hybrid sigma-pressure coordinate; CLM follows the same horizontal grid as CAM4.
2.2 Community Land Model

The CLM model is an integrated land model based on water and energy balance equations. Land surface in CLM follows a
subgrid hierarchy, with each grid cell consisting of land units, columns, and plant functional types (PFTs). Grid cells can have
different numbers of land units, like lakes, glaciers, vegetation, and urban areas. Each column in the vegetated land units has

15 layers of soil and 5 layers of snow, depending on the snow depth. The default configuration of the soil profile in CLM
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consists of 15 strata with thicknesses ranging from 17.5 mm, 45.1 mm, 90.6 mm, 165.5 mm, 289.1 mm, 492.9 mm, 828.9 mm,
1382.8 mm, 2296.1 mm, 3801.9 mm, 6284.5 mm, 10377.5 mm, 17125.9 mm, 28252.0 mm, 42103.2 mm in each active grid cell.
The top 10 hydrologically active strata are used to compute the SM. To simulate changes in canopy water, surface water, snow
water, soil water, soil ice, and water in the unconfined aquifer, the model parameterizes interception, throughfall, canopy drip,
snow accumulation and melt, water transfer between snow layers, infiltration, evaporation, surface runoff, sub-surface drainage,
redistribution within the soil column, and groundwater discharge and recharge. In CLM the multilayer vertical moisture and
energy transfer in a one-dimensional soil model are predicted using a modified Richard’s equation. Similarly, to derive the land
surface fluxes, the similarity theory developed by Monin and Obukhov is adopted. CLM considers the spatial heterogeneity of
the land surface, and it simulates the SM, soil temperature, infiltration, evapotranspiration, sensible heat flux, latent heat flux,
and soil heat flux (Orth and Seneviratne, 2012). The soil hydraulic and thermal characteristics in CLM are derived from the
pedotransfer functions of sand and clay (Cosby et al., 1984) and organic properties of the soil (Lawrence and Slater, 2008).
In this work, the CLM is configured by incorporating the following components: DATM; CLM; SICE; SOCN; RTM; SGLC;
SWAV. The resolution of the model is set to f19_g16 globally, with a total of 288 (longitude) 192 (latitude) grid cells.

2.3 Data assimilation: Ensemble Kalman Filter

The DA system is based on the Ensemble Kalman Filter (EnKF). The observations are sampling to the true model state (x").

y=Hx +e, ey

where the H is the observation operator that project the model space to the observations space, y is the observation vector,
and € is the observation error that is assumed to be a Gaussian random error with zero mean and observation error covariance
matrix R. Similarly, the forecast ensemble X/ and the ensemble mean x/ are assumed to be unbiased, and the forecast error is
approximated by the sample error covariance matrix P/, with P/ = ﬁAf AT, with n being the ensemble size, the ensemble
anomaly A =X —x1T and the 1,, = [1,1,...,1] e R1*"

We update the ensemble mean as follows:

x* =x/ +K(y - Hx/), 2)

where K is the Kalman gain matrix, computed as follows:

K=P'H'(HP/HT +R)".. 3)

The superscripts f and a denote the forecast and the analysis estimates.
We use the Ensemble Square Root Filter (EnSRF) that solves the analysis without perturbing observations and performs

more optimally than the stochastic EnKF (Whitaker and Hamill, 2002). The ensemble anomaly is updated as follows:
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A?=AS + oK (-HAY), “)
R -1
with @ = (1 + m) .

2.4 ESA CCI SM observations

Satellite missions with active microwave sensors detect the backscattered value from the surface, while passive microwave
sensors estimate SM from the surface emitted brightness temperature. Njoku et al. (2003) found that soil microwave emission
originates from the top surface layer, with the emitting depth regulated by the dielectric properties of the near-surface moisture
profile and decreasing with higher frequencies and wetter soils. The emission depth at C-band is about 1 cm or less, while
at L-band it is roughly 2-5cm (Ulaby et al. 1986). Some of the widely used missions for SM estimates are the Advanced
Scatterometer (ASCAT) aboard the Meteorological Operational (METOP) satellites (Wagner et al., 2013), multi-frequency
polarimetric microwave radiometer WindSat aboard the Coriolis satellite (Gaiser et al., 2004), and the Advanced Microwave
Scanning Radiometer Earth Observing System (AMSR-E; Njoku et al. 2003) aboard Aqua satellite, among others, provide
widely used satellite SM products. The Soil Moisture Ocean Salinity (SMOS) mission (Kerr et al. 2010) and Soil Moisture Ac-
tive Passive (SMAP) mission (Entekhabi et al. 2010) also offer SM products. The European Space Agency’s Climate Change
Initiative (ESA CCI) provides a consistent SM product from the multi-satellite products. The ESA CCI SM v 06.1 is assim-
ilated in this study. It incorporates over four decades of scatterometer-based active and radiometer-based passive microwave
sensors from several satellite platforms. Datasets based on active sensors stem from the C-band (5.3 GHz) Active Microwave
Instrument Wind Scatterometer (AMI-WS ERS-1/2 SCAT, 1991-2006; AMI-WS ERS-2, 1997-2007), Advanced Scatterome-
ter (ASCAT), MetOp-A (2007-19), and MetOp-B (2012-19). The passive sensors used to generate SM are from the C-band
(6.6 GHz) Scanning Multichannel Microwave Radiometer (SMMR, 1979-1987), the K-band (19.3 GHz) Special Sensor Mi-
crowave Imager (SSM/I, 1987-2013), the X-band (10.7 GHz) Tropical Rainfall Measuring Mission (TRMM) Microwave Im-
ager (TMI, 1998-2015), the X-band (10.7 GHz) FengYun-3B Microwave Radiation Imager (FY-3B/MWRI, 2011-2019), and
the X-band (10.7 GHz) Global Precipitation Measurement (GPM, 2014-20). The Advanced Microwave Scanning Radiometer
2 (AMSR-2, 20012-2019), WindSat (2007-2012), and the Advanced Microwave Scanning Radiometer for Earth Observing
System (AMSR-E, 2002-11) are three more passive platforms that measure in the X band and C band. The SM Active and
Passive mission (SMAP, 2015-19) and SM and Ocean Salinity (SMOS, 2010-2019) are the other two passive sensors that
measure in the L band (1.4 GHz). The ESA CCI SM algorithm offers three distinct SM products. These include SM estimates
derived solely from satellites equipped with active sensors, SM estimates derived solely from satellites equipped with passive
sensors, and a merged product that integrates and harmonises SM retrievals from both. In this study, we specifically utilise the
combined SM product derived from passive sensors. The passive data set spans the entire duration of the study and offers a

resolution that adequately meets our requirements.
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2.5 NorCPM-Land reanalysis practical implementation

The production can be decomposed into two distinct stages (see the flowchart in Fig. 1): 1) producing the ensemble of atmo-
spheric forcing required to run the offline CLM simulation and 2) assimilating SM daily into the offline ensemble of CLM
to produce NorCPM-Land reanalysis. The ensemble of forcing is produced by running a 30-member ensemble of historical
simulation of NorESM. We save precipitation, surface air temperature, humidity, pressure, and radiation forcing at 3 hourly
intervals needed to run CLM offline for the period 2000-2019. The initial ensemble of NorESM is generated by sampling state
from a stable preindustrial simulation and integrating it from 1850 to 2005 using CMIPS5 historical forcings and with RCP8.5
scenario (Taylor et al., 2012b) from 2005-2019.

The reanalysis, as shown in Tab. 1, commences in January 1980 using the land initial conditions derived from the ensemble
of NorESM historical simulations, referred to as FREE. We assimilate daily surface SM from ESA CCI. The assimilation only
updates the SM of the first ten layers out of the 15 vertical layers that comprise the CLM state and does not update the other
variables. In CLM, only the top 10 layers are considered hydrologically active, while the bottom 5 layers serve as thermal slabs
and do not contribute to hydrological processes Lawrence et al. (2011).

Assimilation of SM occurs solely on land units defined as bare soil or vegetation. We do not assimilate in densely vegetated
regions, due to the uncertainty in SM estimations from the ESA CCI (Sec. 2.4) in thick canopy cover and in regions covered

by snow or frozen SM (Ulaby et al., 1987).
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Figure 1. Flowchart of NorCPM-Land
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NorCPM uses an anomaly assimilation framework, meaning that the climatological monthly difference between the model
and observations is removed before assimilation (Counillon et al., 2016; Bethke et al., 2021). For consistency, we developed
a data assimilation of SM that does not change the climatological state of the land component. The bias between satellite and
model-based SM estimates is large and is removed before the assimilation using the cumulative distribution function (CDF)
mapping (Reichle and Koster, 2004; Kumar et al., 2012). A CDF matching is preferable to standard anomaly assimilation (Mag-
nusson et al., 2013; Carrassi et al., 2014) for SM assimilation because the variable is non-Gaussian distributed. In this study,
we employ a grid-point based simplified CDF rescaling approach similar to Scipal et al. (2008). However, we implemented a
CDF mapping that is computed for each calendar month using the discrepancy between the ensemble mean of NorESM free
run and ESA-CCI SM throughout the period 2000-2020. The monthly CDF matching approach removes seasonally dependent

systematic bias between SM from model and observation. As such, y in Eq. 2 is replaced by a “bias corrected” observation,

S MBlas_corrected

pat using Eq. 5.

X SMccr (5)

CCI

. —_— —_— ONorESM ONorESM
SMBlas_corrected — (SMNorESM _ (SMCCI % or] )) + ( or

occl occl

where S_MNor Esym and S_MCC 7 are the daily mean SM of a particular month from NorESM and ESA CCI, respectively. Sim-
ilarly, onorEsm and occy are the corresponding standard deviations. SMc ¢y is the value of SM observation for a particular
day. The CDF-matching is estimated for each calendar month and model grid point, and we show an example for two different
months at a random location (Fig. 2). CDF matching considerably reduces the biases between ESA CCI data and NorESM
(Fig. 2 a,b). Further, we rescale the observation error estimate from ESA CCI accordingly, to match with the bias-corrected

observation in the DA.
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Figure 2. Example of CDFs from ESA CCI SM, NorESM (ensemble mean) along with ESA CCI after CDF matching for the calendar month
of July and October at a location (selected randomly) near Central India — 25.58°N and Longitude 77.5°E.

Finally, we use a small multiplicative inflation (Anderson, 2001) of 1.05 (i.e., 5 % inflation) to prevent a collapse of the

ensemble spread. This was selected at the start of the experiment design, based on Ines et al. (2013).
2.5.1 Hindcast experiment setup

To assess the influence of land initialisation on predictions skill, we conduct two sets of sub-seasonal hindcasts (retrospective

predictions) spanning 20 years from 2000 to 2019 (Tab. 1). The hindcast experiments are initiated quarterly on the 15" day
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of January, April, July, and October. The first set of hindcasts (Hind-S) is produced with the standard NorCPM prediction
system (Wang et al., 2019; Bethke et al., 2021), in which the land component is not updated by assimilation — albeit some weak
synchronisation can occur dynamically in between the monthly assimilation steps from the updated ocean and sea ice state.
Initial conditions are taken from the 30 ensemble member NorCPM reanalyses. In the second set of hindcasts (Hind-S+L), the
land component is replaced by that of NorCPM-Land reanalysis. Each hindcast comprises 30 realisations (ensemble members)
and runs for 4 months. In total, there are 80 hindcasts (20 years with 4 hindcasts per year). The predictions use historical
forcing from CMIP5 (Taylor et al., 2012a) up to 2005 and the representative Concentration Pathway 8.5 (RCP 8.5, Van Vuuren
et al., 2011) afterwards. NorCPM assimilates monthly ocean observations in the middle of the month. As a consequence, the
effective start of the hindcasts is after a half-month integration period. For example, a February hindcast assimilates January
monthly averaged ocean data on the 15 of January. However, the primary objective is to quantify the additional benefits of
land initialisation. SM data are only assimilated until the 15" of the month (until January 15" in the example above), and
the subsequent days within the month will be referred to as lead month LMO.5 (second half of January in the example). For
simplicity, we will subsequently denote the following predictions as LM1.5, LM2.5, and LM3.5 (being February, March and

April in the given example).

Table 1. List of experiments.

Assimilated observations in model components  Time Period

Experiment Name Model Run type

Land Other components
FREE NorESM Historical X X 1980-2019
NorCPM-Land CLM 4 (offline) Reanalysis daily SM X 1980-2019
NorCPM* NorESM Reanalysis X SST,T/S Profile 1980-2019

Reanalysis used for initialisation

Land Other components
Hind-S NorESM Hindcast NorCPM NorCPM 2000-2019
Hind-S+L NorESM Hindcast NorCPM-Land NorCPM 2000-2019

*Configuration for NorCPM is based on Bethke et al. (2021) i2 version.

X Indicates that no observations are assimilated

3 Reference data sets

3.1 In Situ measurements

We use in-situ SM observations from the International SM Network for continental domain validation (ISMN; Dorigo et al.,

2011) as the primary source of independent SM validation. We concentrate on locations with dense observational cover-
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age. Over the contiguous United States (CONUS), we use the Atmospheric Radiation Measurement (ARM), the FLUXNET-
AMERIFLUX, the Cosmic-Ray Soil Moisture Observing System (COSMOS; Zreda et al., 2012), the Plate Boundary Obser-
vatory (PBO H20; Larson et al., 2008), the Soil Climate Analysis Network (SCAN; Schaefer et al., 2007), the Snowpack
Telemetry (SNOTEL). For validation over Europe, we use the (FR_Aqui Al-Yaari et al., 2018), Danish Hydrological Observa-
tory and Exploratorium (HOBE; Jensen and Refsgaard, 2018), ORACLE, (REMEDHUS, Gonzéilez-Zamora et al., 2019), the
Norwegian water resources and energy directorate (NVE), the Finnish network (FMI, Ikonen et al., 2018). For validation over
Asia, we use the central Tibetan Plateau (CTP_SMTMN, Yang et al., 2013) 2013), (MAQU, Dente et al., 2012) networks are
used. For validation over Australia, we use the observations from the OzNet hydrological monitoring network (Young et al.,
2008; Smith et al., 2012). This study further includes only hourly readings to a depth between 5 cm to 10 cm that are classified
as “excellent quality” and concurrently measured for validation purposes. The daily mean SM is calculated after filtering the

hourly data. Only locations with more than thirty per cent measurements during the study period are used for validation.
3.2 ERAS and ERAS-Land

ERAS (Hersbach et al., 2020) is the 5" global atmospheric reanalysis product from the European Centre for Medium-Range
Weather Forecasts (ECMWF) available at a horizontal resolution of 0.25° and hourly frequency from 1940 to the present. It as-
similates a large number of observations with the 4Dvar data assimilation method (Talagrand, 2014) —from around 0.75 million
per day in 1979 to nearly 24 million per day by the end of 2018. The atmospheric component of ERAS assimilates in situ ob-
servations of surface (10 m) wind over oceans and 2 m humidity over land along with pressure over both land and oceans. It
also assimilates upper-air wind, temperature, and humidity from radiosonde, dropsonde, aircraft, and satellite observations.
The land component further assimilates observations such as, screen level temperatures using two-dimensional optimal inter-
polation (2D-OI), SM using a Simplified Extended Kalman Filter (SEKF; De Rosnay et al., 2013), and snow temperature using
an OI. We use ERAS5 for validating our hindcast skill for precipitation and 2 m temperature (T2M).

We validate SM quantities using the ERAS5-1and reanalysis (Mufioz-Sabater et al., 2021). ERAS5-Land reanalysis is generated
by forcing an offline LSM with the ERAS atmospheric reanalysis. It is available at an hourly temporal resolution and a spatial
resolution of 0.1°x0.1° from 1950 to the present at https://cds.climate.copernicus.eu. ERAS5-Land is built around the ECMWF
land surface model: the Carbon Hydrology-Tiled ECMWF Scheme for Surface Exchanges over Land (HTESSEL). Each land
grid-box is subdivided into up to six fractions (or tiles): bare ground, low and high vegetation, intercepted water, shaded and
exposed snow. Each fraction has features that define distinct heat and water fluxes utilised to solve an energy balance equation
for the tile skin temperature. According to Muifioz-Sabater et al. (2021), ERAS5-Land considers grids with more than 50 % of

their area covered by glaciers to be glacier grids, assuming a constant snow depth of 10 m.
3.3 GLDAS

The Global Land Data Assimilation System (GLDAS) was collaboratively designed and developed by the National Aeronautics
and Space Administration (NASA) Goddard Space Flight Center and the National Oceanic and Atmospheric Administration

National Centers for Environmental Prediction. The primary goal of GLDAS is to create a series of global land surface states
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and flux-related datasets that exhibit excellent performance. GLDAS employs four Land Surface Models (LSMs), namely Noah
(Chen et al., 1996), Catchment (CLSM; Koster et al., 2000), CLM (Dai et al., 2003), and Variable Infiltration Capacity (VIC;
Liang et al., 1994), and incorporates numerous observation datasets and reanalysis products to assimilate products with pixel
resolutions of 0.25° and 1°. For more detailed information about GLDAS, please refer to (Rodell et al., 2004). This study
utilises GLDAS Version 2.1 SM products, which stems from the monthly 1° resolution CLSM. The dataset can be downloaded
from https://disc.gsfc.nasa.gov/datasets ?keywords=GLDAS.

4 Metrics for skill assessment

In order to quantify the accuracy of our system, we use the Root Mean Square Error (RMSE) and the anomaly correlation
coefficient (ACC). The metric are calculated comparing the ensemble-mean and the reference datasets. Because the amplitude
of the seasonal changes is large and predictable, we subtract the seasonal cycle (hereafter referred to as deseasoned variability)
from the model estimate (FREE and NorCPM-Land) and the reference before computing the RMSE and ACC. This also ensure
that the model bias is removed, and we refer to the metric as bias free RMSE (bfRMSE).

1
2

bfRMSE = %Z((x-?)—(y—?))2 (6)

S(X-X)(Y-Y)
VEX-XP T -7

The term X represent the model estimate and Y the observed estimate, and X, Y are the monthly climatology. Note that X

ACC = (7

and Y can be at daily frequency. Validation is carried over the 40 years study period from 1980 to 2019. The improvement in
NorCPM-Land skill after DA is represented using the reduction of bfRMSE (RRMSE).

bfRMSENorcPM-Land — PfRMSEFREE
bfRMSEgReE

We also investigate the reliability of NorCPM-Land. The reliability is the property of the ensemble of a system to estimate

RRMSE = x 100 ®)

its uncertainty (Counillon et al., 2016; Rodwell et al., 2016). The bfRMSE is calculated here with imperfect observations and
the total error is the quadratic sum of the observation error variance (0'02) and the ensemble forecast error variance (0',2,,). Ina
perfectly reliable system, bfRMSE should be equal to the Total Error. In the following, we use a reliability index, which divides
bfRMSE by the total error.
_ bfRMSE
Nop+on

A reliability index of one implies that the spread is ideal (Fortin et al., 2014), whereas a value more than one suggests a

R.I €))

too-narrow spread (under dispersive), and a value less than one indicates a wide ensemble (over dispersive).
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We also use the atmospheric coupling index (ACI; Miiller et al., 2021). This index shows whether alterations to a surface flux
variable can influence precipitation changes. The areas where the coupling between the land and the atmosphere is strongest
are known as the land-atmosphere hot spots. The ACI is computed using latent heat flux (LHF, AE), and precipitation (P) as in
Eq. 10

AcI= S22t (10)

where cov(AE, P) represents covariance between LHF and precipitation, while o (1E) represents the standard deviation
along the time space. The ACI indicates the areas where latent heat fluxes impact precipitation. The reference ACI is computed
using ERAS precipitation and LHF data. To evaluate the impact of SM assimilation, we computed ACI using the flux compo-
nent from CLM simulations (FREE, NorCPM-Land), with precipitation data still provided by ERAS. This analysis highlights
the synchronisation of heat flux and precipitation due to SM assimilation, providing a preliminary evaluation of the atmospheric

coupling of the offline land system.

5 Results

We first verify the performance of NorCPM-Land reanalysis with assimilated SM observations, and independent observa-
tions of SM, and land atmospheric coupling. We then analyse the impact of SM assimilation on prediction skill of SM and

atmospheric quantities.
5.1 NorCPM-Land reanalysis evaluation
5.1.1 Sanity check with assimilated observation

We first assess the efficiency of the SM assimilation by comparing bfRMSE in the assimilated experiment with that of FREE
using the assimilated observations. As this data is assimilated, it is imposed that error is reduced, but it is a starting point for
verifying the performance of a DA system. The analysis shows that the error in FREE (Fig. 3a) has been effectively reduced in

NorCPM-Land (Fig. 3b). The performance is stable through the analysis period (not shown).
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Figure 3. Depicts bfRMSE in FREE computed against ESA-CCI SM data (a), RRMSE (Eq. 8), in NorCPM-Land (b).

We then assess the reliability of the system — i.e., R.I should be 1 in (Eq. 9). The reliability index is very small (global
mean value of approximately 0.11), suggesting that the system is strongly over-dispersive (Fig. 4c). In the NorCPM-Land
system, the reliability improves and achieves a global average of around 0.56 (Fig. 4d). This implies that the total error is now

approximately twice the error of the ensemble mean.
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Figure 4. Depicts (a) the ensemble spread from FREE (b), from NorCPM-Land (c), the reliability index for FREE (d), and the reliability
index for NorCPM-Land.
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5.1.2 Soil Moisture validation with independent data sets

290 The independent in situ observations from the International Soil Moisture Network (ISMN, Sec. 3.1) are used to validate the
simulated daily averaged SM from NorCPM-Land. We compared the performance to that of FREE and of two widely-used
land reanalysis products, namely ERA5-Land (Sec. 3.2) and GLDAS (Sec. 3.3).
In FREE, there is a significant error in SM over the western United States of America, parts of Europe, and Asia (Fig.
5a). These regions are of utmost importance for enhancing sub-seasonal forecasts due to their strong atmospheric coupling. In
295 NorCPM-Land (Fig. 5b), bfRMSE is reduced globally by 10.5 % and by 25 % in specific regions such as parts of the USA and
the Sahel, among others. The accuracy of NorCPM-Land reaches a comparable level of accuracy to ERAS5-Land and GLDAS
(Fig. 5c-e); reaching even lower bfRMSE than both reanalysis products. It is important to note that ERAS5-Land and GLDAS
do not explicitly assimilate SM (but only through using ERAS to force ERA-Land, Sec. 3.2).
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~
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Figure 5. Daily average bfRMSE in FREE (a), RRMSE of NorCPM-Land (b) where cold color indicates regions with improvement, domain
average of bfRMSE over USA (c), domain average of bfRMSE over Europe (d) , domain average of bfRMSE over Asia (e).
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However, the domain covered by in-situ measurements is relatively sparse. We pursue the evaluation of SM in NorCPM-Land
by comparing it with existing reanalysis products, to asses skill in regions where in situ data is unavailable. We present here only
the comparison with ERAS-Land for conciseness, but the results are comparable with GLDAS (not shown). NorCPM-Land
significantly improves the SM simulation (Fig. 6) compared to FREE, particularly in arid regions such as the Sahara, Mexico,
and Australia. The improvement is globally about 12.75%. The ACC in FREE (Fig. 6c¢) is relatively low (with a global average
of 0.1), but reaches significant skill in regions where climate change have been most pronounced. The ACC in NorCPM-Land
is higher (Figure 6d; 0.35 on global average). Regions of improvement coincide with region of reduced bfRMSE (e.g. in the
Sahel region). Overall, this analysis confirms that SM assimilation in NorCPM-Land leads to improved variability of SM.
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Figure 6. Pointwise bfRMSE of the monthly average of SM in FREE compared to ERAS5-Land (a), RRMSE of NorCPM-Land (b). ACC
of monthly averaged SM with respect to ERAS5-Land in FREE (c) and NorCPM-Land (d). Cold colour indicates improvements (negative
RRMSE and higher ACC). Grid-cells with significant correlation coefficient are marked with a green dot)

5.1.3 Improvement in Land-Atmospheric Coupling

The exchange of latent heat flux (LHF) between the land surface and the atmosphere plays a crucial role in the land-atmosphere
energy transfer, as it directly affects evaporation and atmospheric moisture. The release of latent heat through precipitation leads

to atmospheric drying, acting as a strong heating source. SM is one of the key variables influencing the latent heat flux.
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To assess the impact of SM assimilation on the land-atmosphere dynamics, we compare LHF of FREE and NorCPM-Land
to that of ERAS-Land (Fig. 7). The improved SM estimates in NorCPM-Land yields a reduction of error of LHF compared to
FREE. The global average RRMSE of NorCPM-Land is only -2.1 %, but the reduction is larger in regions with strong land-
atmospheric coupling, such as parts of the Sahel and the USA, where RRMSE reaches up to -30 %. There are a few regions
where the error in LHF is larger in NorCPM-Land than in FREE. However, it is important to note that performance of SM in
NorCPM-Land regions with high LHF error was improved compared to FREE (Fig. 6), suggesting that the degradation relates

to an atmospheric circulation bias in our model.
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Figure 7. Pointwise bfRMSE of monthly averaged LHF in FREE compared to ERA5-Land (a), and RRMSE in NorCPM-Land — blue color

indicates regions with improvement (b).

We further assess the improvement in land-atmosphere feedback by calculating the ACI (Sec. 4, Eq. 10). This analysis is
conducted for four seasons: March to May (MAM), June to August (JJA), September to November (SON), and December to
February (DJF).

During the MAM season, there is a prolonged precipitation period over East Africa, which exhibits strong coupling with
latent heat flux, as shown in ERA5-Land (Fig. 8a). However, in FREE (Fig. 8c) this coupling is absent. The assimilation of
SM improves latent heat flux and enhances this coupling (Fig. 8b). Circles highlight some key locations that exhibit improved
coupling after SM assimilation. During summer season, high potential evaporation (PET) causes large fluctuation in SM leading
to substantial impact on low level atmosphere over tropics.

Similarly, during the JJA season, there is an increased coupling strength observed over India following SM assimilation
(Fig. 8e), aligning with the coupling pattern in ERAS-Land (Fig. 8d). Additionally, a strengthening of coupling over the Sahel
region (highlighted by a black rectangle) is evident during JJA. During JJA, large values of PET in arid regions results in
low persistence in SM. This high variability in SM is synchronised well after SM assimilation in NorCPM-Land, hence has
better atmospheric coupling compared to FREE. Other areas with lower PET relative to precipitation experience SM saturation,

resulting in little impact on the atmosphere.

15



https://doi.org/10.5194/gmd-2023-217
Preprint. Discussion started: 4 January 2024
(© Author(s) 2024. CC BY 4.0 License.

Furthermore, during the SON season, the influence of latent heat flux on precipitation improves over the USA, as observed
in Fig. 8g and 8h. A consistent improvement is observed over Australia, particularly during DJF (Fig. 8k and 8j), indicating
enhanced land-atmosphere coupling. At high latitudes, weak insolation causes small PET values. Thus,variations in SM have

335 minimal effect on the latent heat flow and, in turn, the atmosphere in this regions during DJF.
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Figure 8. ACI for ERA5-Land (a,d,g,j), NorCPM-Land (b,e,h,k) , and FREE (c,f,i,]) at different seasons. Note that the scales for ERAS-Land
and the NorCPM and FREE are different.

5.2 Impact on S2S prediction skill

We now assess the added value of land initialisation on S2S predictions by comparing two sets of hindcasts with and without
land initialisation using SM assimilation (Sec. 2.5.1). We assess the hindcast skill for SM, T2M, and precipitation and compare
them to ERAS and ERAS-Land (Sec. 3.2).
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340 The predicted SM from Hind-S (Fig. 9a), exhibits significant error across the entire domain, with a spatial mean of 0.043
m3/m?. Improved land initialisation with NorCPM-Land in Hind-S+L significantly reduces SM error in most regions at LMO0.5
compared to Hind-S (Fig. 9b). This error reduction is largest over the USA, the Sahel, East Africa, France, India, and Australia,
and is more prominent on average over mid-latitudes (Fig. 9c). The benefits of SM initialisation are most pronounced at LMO0.5
as shown in the longitudinal mean of RRMSE (Fig. 9¢) and LM1.5 (Fig. 9d), but some impact can still be noticed at LM2.5

345 (Fig. 9e). At LM3.5, the impact of land initialisation on SM prediction is minimal, and the RRMSE field is very noisy (Fig.

9f).
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Figure 9. bfRMSE of predicted SM at lead month 0.5 (LMO0.5) in Hind-S (a) calculated against ERAS estimate, and RRMSE in Hind-S+L
hindcasts (b). A positive value of RRMSE (blue colour) indicates the percentage reduction of bfRMSE compared to Hind-S. Panels c-d
display the Latitude-dependent average of RRMSE in Hind-S+L at LMO0.5(c), LM1.5(d), LM2.5(e), and LM3.5(f).
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While NorCPM already demonstrates skill in the tropics under the influence of the El Nifio-Southern Oscillation (ENSO)

(Wang et al., 2019), the incorporation of NorCPM-Land initialisation clearly enhances its performance. The ACC values in

Hind-S+L initialised using NorCPM-Land (Fig. 10b) are considerably higher than in Hind-S (Fig. 10a) at LMO0.5, in good

350 agreement with the RRMSE results. The number of points exhibiting a significant positive correlation increase from 452 to

832. However, at longer lead time, the added value of land initialisation diminishes (Fig. 10c). At LM1.5 and LM2.5, the
average ACC of SM in Hind-S+L is similar to that of Hind-S.
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Figure 10. ACC of predicted SM in Hind-S (a) and Hind-S+L (b) at LMO0.5 calculated against ERAS5-Land. The hatch indicate points having
significant ACC. Panel c¢) shows the spatial mean of ACC at different lead times for the two systems, and panel d) depicts the number of

pixels having a significant positive correlation.
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For T2M the bfRMSE of the hindcast from Hind-S (Fig. 11a), is also reduced with NorCPM-Land initialisation in Hind-
S+L (Fig. 11b). The error is reduced over land areas in Africa, South America, and India within the tropical band, as a direct
response from SM initialisation. Additionally, significant error reduction is observed in Eurasia, Siberia, and Alaska, which
can be attributed to strong land-atmospheric couping and teleconnections. For hindcasts initialised in January (Fig. 11c,d),
Hind-S shows a 20 % improvement, while for hindcasts initialised in April, July, and October only a 10 % improvement is
found.Though we do not assimilate SM in these regions when covered with snow. The assimilation during snow free period
can also contribute to this improvement. As during January majority of these regions are covered with snow the major factor
for improvement is the atmospheric teleconnections which need further detailed evaluation. In a few regions, a slight increase
in error can be observed, which may be related to the imbalance caused by transitioning from an offline simulation (NorCPM-

Land) to a fully coupled framework (NorCPM). The impact of land initialisation on T2M beyond LM1.5 is low and noisy.
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Figure 11. bfRMSE of T2M at LMO0.5 in Hind-S calculated against ERAS (a), the RRMSE of Hind-S+L compared to Hind-S (b), and its
average organised by start date (c), the RRMSE of Hind-S+L compared to Hind-S at LMO0.5 initialised on January (d) .

We also assess the impact on prediction of temperature extremes. We use the 95™ percentile (q95, to classify extreme high
T2M) and the 5™ percentile (q5, to classify extreme-low T2M) of the hindcast ensemble mean. Hind-S exhibits significant er-
rors in predicting q95 events at LMO.5 over land (Fig. 12 ¢). This is somewhat mitigated in Hind-S+L (Fig. 12 e). The reduction

in 95 error was most pronounced across portions of the United States, Europe, India, Sahel, and parts of Scandinavia (Fig.
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12 e). Similarly, the improved land initialisation helps to reduce error at LM1.5 (Fig. 12 f). The improvement in predicting
extreme high temperature can be mainly attributed to drier SM condition in NorCPM-Land that intensifies surface air temper-
ature. These findings suggest that the prevailing SM condition has high importance for the global prediction of extreme high
370 events. Similarly, the Hind-S hindcast exhibits significant errors in predicting q5 at high latitudes, particularly above 30°N, for
both LM0.5 and LM1.5 (Fig. 13). However, with land initialisation, the Hind-S+L can better capture g5 in certain areas, such

as parts of the Sahel, India, and USA, as well as over eastern Europe, Scandinavia, and much of the United States.
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Figure 12. T2M q95 in ERAS (a,b), bfRMSE of T2M q95 in Hind-S at LMO0.5 and LM1.5 with respect to ERAS (c,d), and RRMSE of T2M
q95 in Hind-S+L (e,f).
The bar plots indicate the longitudinal average of RRMSE at corresponding LM.
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Figure 13. As in Fig. 12 but for g5.

The large error in precipitation in Hind- over equatorial and mid-latitudes at LMO0.5 (Fig. 14a) and LM1.5 (Fig. 14b) is
reduced over land(Figure 14c) in Hind-S+L. This is particularly notable in regions such as the Sahel, India, and certain areas

375 of the USA during their respective monsoon seasons, in good agreement with previous studies (Koster et al., 2004). The global
mean reduction in bfRMSE observed in Hind-S+L is 0.13 mm/day at LMO0.5. At LM1.5, while the reduction in Hind-S+L is

more sporadic over the ocean, there is still a noticeable improvement over land (Fig. 14d).
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Figure 14. bfRMSE of precipitation with Hind-S at LM0.5 and LM 1.5 with respect to ERAS (a,b) and bfRMSE difference in Hind-S+L (c,d)

— where cold colour indicates that error in Hind-S+L are reducing. Bar plots shows the longitude-wise average of RRMSE.

6 Conclusions

In this study, we introduced a framework for developing a land reanalysis tailored to the NorCPM system and to enhance the
skill of S28S predictions. We assimilate the daily blended satellite SM data from ESA CCI. The resulting system, NorCPM-Land,
operates offline, but utilises fluxes from an ensemble of the same coupled system employed in running the NorCPM climate
predictions. This approach enables the generation of an improved land initial state and maintains dynamical compatibility
between NorCPM-Land and NorCPM, thus minimising the risk of drift during the prediction. The NorCPM-Land reanalysis
span four decades from 1980 to 2019, inclusive.

NorCPM-Land reanalysis demonstrates enhanced capability in capturing the spatiotemporal dynamics of SM. Validation
using independent in situ SM data reveals a 10.5 % reduction of error compared to the FREE run. A verification in places
where no in situ observation is available were carried against ERAS5-Land, and NorCPM-Land reduces the global error by
12.75 % compared to FREE. Improvements were also found in other parameters. NorCPM-Land reduces the error in latent

heat flux — particularly at mid-latitudes, such as in USA, Sahel, and India, where strong land-atmosphere coupling exists.
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The NorCPM-Land reanalysis exhibits an overdispersion for SM (meaning that the ensemble spread is larger than the error).
It is worth noting that the Free ensemble run is even more over-dispersive. Our bias correction technique — the (CDF) matching
— maintains this overdispersion because the CDF function was computed from the FREE run.

In future versions of the system, the fluxes will be provided by a version of NorCPM with constrained atmospheric variability.
We expected that the reliability would be improved and that the CDF matching will not maintain the overdispersion of the Free
run. Furthermore, we have used a constant inflation factor, which deteriorates the overdispersion. We aim to use adaptive
inflation (El Gharamti, 2018), which can inflate or deflate the spread based on reliability statistics.

The hindcast experiments conducted in this study revealed that the added value of land initialisation persists up to a lead
time of 2.5 months, with slightly larger benefits observed during the summer and fall seasons. Specifically, at a lead time of 0.5
months, land-surface initialisation positively influences precipitation skill, and to a lesser extent, temperature, aligning with
previous research studies (Koster et al., 2004, 2010). This improvement is consistently observed in regions characterised by
significant land-atmosphere couplings, such as central India, the central United States, and the Sahel. Although the impact
on mean temperature is modest, land surface initialisation enhances the representation of extreme warm and cold temperature
events (95" and 5" percentiles) in mid and high latitudes. This improvement is noticeable up to a lead time of 1.5 months,
which aligns with the findings of (Van Vuuren et al., 2011) who reported improvements of up to six weeks across Europe.
It highlights the importance of capturing pre-existing dry conditions preceding heatwave events to accurately represent their
severity. However, it is worth noting that the representation of temperature and precipitation over the ocean is slightly degraded
with land initialisation. This may be attributed to the lack of full dynamical agreement between the land initial conditions and
the rest of the system in oceanic regions, leading to imbalances that outweigh the benefits of land initialisation. In a future
improvement, we aim to directly assimilate SM within our coupled system to address this issue.

The forthcoming research endeavors of NorCPM-Land will center on the integration of real-time satellite SM data sources
to enhance the operational capabilities of NorCPM-Land. This is necessitated by the limited operability and considerable
latency associated with the current use of the ESA CCI dataset. In the operational version of NorCPM-land the SM observation
data will stem from Climate Change Service (C3S), which are produced on a 10-day cycle with 10-day latency. Moreover, the
integration will encompass additional land surface variables, including snow and skin temperature, along with enhanced forcing
data. These advancements are anticipated to contribute significantly to the enhancement of prediction accuracy, particularly in

high-latitude regions.

Code availability. The code of Norwegian Earth System Model (NorESM), Norwegian Climate Prediction Model (NorCPM versionl) are
available online on the Norwegian Earth System Modeling hub https://github.com/NorESMhub. Specific details about NorCPM can be found
in the website https://wiki.app.uib.no/norcpm/index.php/Norwegian_Climate_Prediction_Model.
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Data availability. The ESA CCI merged soil moisture data can be obtained from the climate change initiative website
https://www.esa-soilmoisture-cci.org. The reference data from ERA-Land can be obtained from the Copernicus web services
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-eraS-land ?tab=form. The insitu soil moisture from International Soil Moisture
network can be found at data hosting facility https://ismn.earth/en/. The GLDAS data can be obtained from
https://disc.gsfc.nasa.gov/datasets ?keywords=GLDAS.
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