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Abstract

To improve the Arctic sea ice forecast skill of the First Institute of Oceanography-Earth System Model (FIO-ESM)
climate forecast system, satellite-derived sea ice concentration and sea ice thickness from the Pan-Arctic Ice-
Ocean Modeling and Assimilation System (PIOMAS) are assimilated into this system, using the method of
localized error subspace transform ensemble Kalman filter (LESTKF). Five-year (2014-2018) Arctic sea ice
assimilation experiments and a 2-month near-real-time forecast in August 2018 were conducted to study the roles
of ice data assimilation. Assimilation experiment results show that ice concentration assimilation can help to get
better modeled ice concentration and ice extent. All the biases of ice concentration, ice cover, ice volume, and ice
thickness can be reduced dramatically through ice concentration and thickness assimilation. The near-real-time
forecast results indicate that ice data assimilation can improve the forecast skill significantly in the FIO-ESM
climate forecast system. The forecasted Arctic integrated ice edge error is reduced by around 1/3 by sea ice data
assimilation. Compared with the six near-real-time Arctic sea ice forecast results from the subseasonal-to-
seasonal (S2S) Prediction Project, FIO-ESM climate forecast system with LESTKF ice data assimilation has
relatively high Arctic sea ice forecast skill in 2018 summer sea ice forecast. Since sea ice thickness in the PIOMAS
is updated in time, it is a good choice for data assimilation to improve sea ice prediction skills in the near-real-

time Arctic sea ice seasonal prediction.
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1 Introduction

Observations show that Arctic sea ice has been undergoing
significant changes over the past several decades. Arctic sea ice
cover derived from passive microwave instruments has shown
negative trends in all months since 1979, with the largest de-
crease in September (Parkinson and Cavalieri, 2008; Parkinson,
2019). The sea ice extent in September has decreased by 3.24x
106 km? during 1979-2017 (Liu et al., 2019). As the Arctic sea ice
declines, the sea ice age has decreased continually (Fowler et al.,
2004; Nghiem et al., 2007; Maslanik et al., 2011). Based on the es-
timation of Maslanik et al. (2011), the fraction of multiyear sea ice
in March decreased from about 75% in the mid 1980s to 45% in
2011. The thickness of Arctic sea ice has also declined signific-
antly (Kwok and Rothrock, 2009; Laxon et al., 2013; Lindsay and

Schweiger, 2015; Kwok and Cunningham, 2015). Over the past 40
years, observed Arctic sea ice thickness in the data available area
has decreased by 1.6 m or about 53% (Kwok and Rothrock, 2009).
Meanwhile, observations indicate that Arctic sea ice drift has
shown gradual acceleration in both winter and summer since
1950s (Hakkinen et al., 2008; Olason and Notz, 2014).

The changes of Arctic sea ice have potential influences not only
on the local marine ecosystem (Barber et al., 2015; Zhang et al.,
2015), future trans-Arctic shipping (Smith and Stephenson, 2013;
Melia et al., 2016), but also on the climate in the northern hemi-
sphere mid-latitude continents (Liu et al., 2012; Cohen et al., 2014;
Mori et al., 2014) and even the global climate system (Tomas et
al., 2016; Sévellec et al., 2017). So there is a growing demand for
Arctic sea ice forecast and prediction for different time scales.
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Coupled sea ice-ocean models and fully coupled climate
models have been used in Arctic sea ice forecast and prediction.
However, based on the seasonal sea ice outlook under Sea Ice
Prediction Network (SIPN, https://www.arcus.org/sipn) (Stroeve
etal., 2014), the sea ice predictions by dynamical models (both
coupled sea ice-ocean models and fully coupled climate models)
still deviate from the observations substantially for most years
since 2008 (Liu et al., 2019). For the subseasonal-to-seasonal
(S2S) Arctic sea ice prediction, Zampieri et al. (2018) shows that
there are large differences in predictive skill between different
operational forecast systems, with some showing a lack of pre-
dictive skill even at short weather time scales and the best produ-
cing skilful forecasts more than 1.5 months ahead. To improve
Arctic sea ice predictive skill, both the model and the initializa-
tion should be improved.

Sea ice data assimilation to generate realistic and skilful mod-
el initialization is essential to improve the Arctic sea ice predict-
ive skill, but at present sea ice data assimilation remains a relat-
ively new research area (Liu et al., 2019). Several methods have
been used to sea ice parameters assimilation, such as nudging
(Tietsche et al., 2013), optimal interpolation (Zhang et al., 2003),
variational methods (Hebert et al., 2015; Lemieux et al., 2016),
and ensemble Kalman filters (Sakov et al., 2012; Lisaeter et al.,
2003; Yang et al., 2014, 2015; Chen et al., 2017). The method of
ensemble Kalman filters is relatively easy to implement, and is ef-
fective for sea ice simulations and forecasts, so it has recently be-
come more common (Liu et al., 2019).

Several sea ice parameters derived from satellite remote sens-
ing, such as sea ice concentration, sea ice thickness, and sea ice
drift are available now to be potentially assimilated into the large
scale dynamical sea ice models (Liu et al., 2019). Sea ice concen-
tration and thickness are the most commonly used in the Arctic
sea ice data assimilation. With sea ice concentration data assimil-
ation, the model simulation capacity and predictive skill of sea
ice cover and sea ice extent can be improved by both coupled sea
ice-ocean models (Lisater et al., 2003; Lindsay and Zhang, 2006;
Wang et al., 2013b; Yang et al., 2015, 2016; Toyoda et al., 2016)
and fully coupled climate models (Tietsche et al., 2013; Wang et
al., 2013a; Kimmritz et al., 2018). As the satellite-derived basin-
scale Arctic sea ice thickness are produced, sea ice thickness are
beginning to be assimilated into the coupled sea ice-ocean mod-
els to improve the sea ice thickness simulations and seasonal sea
ice forecasts (Liseter et al., 2017; Lindsay et al., 2012; Yang et al.,
2014; Xie et al., 2016; Allard et al., 2018; Mu et al., 2018). The stud-
ies of Chevallier and Salas-Mélia (2012) and Day et al. (2014) in-
dicate that accurate knowledge of Arctic sea ice thickness field is
crucial for sea ice prediction at longer time scales. Based on the
National Centers for Environmental Prediction (NCEP) climate
forecast system, reanalysis and satellite-derived sea ice thickness
have been assimilated by Collow et al. (2015) and Chen et al.
(2017), respectively, and the systematic bias in the predicted ice
thickness is dramatically reduced. Blockley and Peterson (2018)
assimilated winter CryoSat-2 sea ice thickness into the Met Of-
fice’s coupled seasonal prediction system, and they found the
skill of summer seasonal predictions is significantly improved.

The purposes of this paper are to study Arctic sea ice concen-
tration and thickness assimilation in First Institute of Oceano-
graphy-Earth System Model (FIO-ESM) climate forecast system,
and to assess the predictive skill in a near-real-time Arctic sea ice
forecast in August 2018.

2 Model and data

2.1 Model

This study is based on FIO-ESM climate forecast system. The
model used in this system is FIO-ESM v1.0, which is developed
by Qiao et al. (2013). It is the first fully coupled earth system mod-
el including the surface wave model through including the non-
breaking wave-induced vertical mixing (Qiao et al., 2004) into the
ocean circulation model. The physical model components are
the Community Atmosphere Model Version 3 (CAM3) (Collins et
al., 2006), the Community Land Model Version 3.5 (CLM3.5)
(Dickinson et al., 2006), the Los Alamos National Laboratory sea
ice model Version 4 (CICE4) (Hunke and Lipscomb, 2008), the
Parallel Ocean Program Version 2.0 (POP2.0) (Smith et al., 2010),
and the MASNUM surface wave model (Yang et al., 2005). The
horizontal resolution of the CAM3 is T42 spectral truncation
(about 2.875°), nominal 1° for POP2.0 and CICE4. The number of
vertical layer in the atmosphere and ocean models is 26 and 40,
respectively. Five ice thickness categories with the lower bounds
of 0 m, 0.64 m, 1.39 m, 2.47 m, and 4.57 m are used in FIO-ESM.
The detail of FIO-ESM can be found in Qiao et al. (2013).

2.2 Data

For ocean data assimilation, satellite observed daily sea sur-
face temperature (SST) and sea level anomaly (SLA) were used.
SST was from satellites of Advanced Very High Resolution Ra-
diometer (NOAA-AVHRR) and Advanced Microwave Scanning
Radiometer-Earth Observing System (AMSR-E), with a horizont-
al resolution of (1/4)°x(1/4)° (Reynolds et al., 2007), provided by
the Climate Data Center of National Oceanic and Atmospheric
Administration (NOAA). SLA was from Archiving, Validation and
Interpretation of Satellite Data in Oceanography (AVISO) (Ducet
et al.,, 2000), with a horizontal resolution of (1/3)°x(1/3)°. During
data assimilation, SST and SLA were assimilated only in the open
water regions. For ice-covered regions, ocean state is not adjus-
ted directly by the assimilation.

For sea ice data assimilation, two satellite-derived sea ice
concentration products from EUMETSAT OSI SAF (http://osisaf.
met.no) and modelled sea ice thickness from the the Pan-Arctic
Ice-Ocean Modeling and Assimilation System (PIOMAS) reana-
lysis (http://psc.apl.uw.edu/research/projects/arctic-sea-ice-
volume-anomaly/data/model_grid) were used. The first sea ice
concentration product is OSI-409/-a, which is derived using
passive microwave data from the SMMR, SSM/I and SSMIS
sensors before 15 April 2015, and using SSMIS sensors after 16
April 2015. The deviations between this ice product and the ice
charts are large during summer melt (up to -20%), while during
the winter the negative deviations are 5%-10%. So 15% was used
to represent observational error during data assimilation in this
study. The second product used is OSI-408, which is computed
from atmospherically corrected AMSR-2 brightness temperat-
ures. Its total standard deviation is about 13% comparison with
ice charts. So the observational error of 15% was used to kept the
same as the first product. During assimilation experiment, OSI-
409/-a was used during 2014 to 2017, and OSI-408 was used in
2018. The spatial resolutions of these two sea ice concentration
products are both 10 km. Daily Arctic sea ice thickness used in
data assimilation was from PIOMAS, provided by the Polar Sci-
ence Center at the University of Washington. PIOMAS is a nu-
merical model with components for sea ice and ocean and the
capacity for assimilating sea ice concentration and SST (Zhang
and Rothrock, 2003). PIOMAS sea ice thickness estimates agree
well with in situ observation, airborne and satellite measure-
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ments (Zhang and Rothrock, 2003; Schweiger et al., 2011; Laxon
etal., 2013). It has been widely used in the Arctic climate studies.
Collow et al. (2015) reported that Arctic sea ice prediction can be
improved using PIOMAS initial sea ice thickness in the NCEP cli-
mate forecast system. Compared with observations, the root
mean square error of PIOMAS sea ice thickness is 0.61 m in
spring, and 0.76 m in autumn (Schweiger et al., 2011). So here the
mean value of 0.685 m was used as the data uncertainty during
assimilation.

For assimilation result assessment, several independent data-
sets were used in this study. Satellite-derived sea ice extent from
the National Snow and Ice Data Centre (NSIDC) (ftp://sidads.
colorado.edu/DATASETS/NOAA/G02135/; Fetterer et al., 2017)
was used to assess the simulated sea ice extent. During sea ice
concentration assessment, daily sea ice concentration derived
based on the National Aeronautics and Space Administration
(NASA) team algorithm (Cavalieri et al., 1996) provided by the
NSIDC (http://nsidc.org/data/seaice/) was selected. Observed
sea ice thickness from the Operation IceBridge (https://nsidc.
org/data/NSIDC-0708/versions/1) and winter season (October-
April) weekly sea ice thickness product based on the CryoSat-2
and SMOS merged data (Ricker et al., 2017) (http://data.seaice-
portal.de/gallery/index_new.php) was used to evaluate the
modeled sea ice thickness. In order to intercompare near-real-
time sea ice forecasts, six forecast results from S2S Prediction
Project (http://www.s2sprediction.net/) were also used. These
six S28 sea ice forecasts were provided by CMA, ECMWE, KMA,
Meteo France, NCEP and UKMO, which have dynamical sea ice
models in their forecast systems.

3 Assimilation method and experiment design

3.1 Assimilation method

The ocean data assimilation method applied in the FIO-ESM
climate forecast system is Ensemble Adjustment Kalman Filter
(EAKF), which assimilates satellite observed SST and SLA (Yin,
2015; Chen et al., 2016). There is no in-situ temperature and sa-
linity profiles assimilated. With EAKF ocean satellite data assimil-
ation, FIO-ESM modeled ocean temperature and salinity biases
are reduced significantly (Yin, 2015; Chen et al., 2016), and the
long-term trend of Arctic sea ice extent in this system is also dra-
matically improved compared with free run result (Shu et al., 2015).

Sea ice data assimilation method used here follows Chen et

a. 20140301 b. 20140601

Sea ice concentration/%
Sea ice concentration/%

Sea ice thickness/m

j=}
[\S)
Sea ice thickness/m

al. (2017), but with some differences. The method is the en-
semble-based localized error subspace transform ensemble Kal-
man filter (LESTKF) implemented in the parallel data assimila-
tion framework (PDAF) (Nerger and Hiller, 2013). After review-
ing different kinds of assimilation method, Liu et al. (2019) re-
commends the LESTKEF for sea ice data assimilation. Chen et al.
(2017) shows that systemic bias of modeled sea ice concentra-
tion and thickness can be reduced dramatically by performing
sea ice assimilation every 5 days using the LESTKF. Different
from Chen et al. (2017), sea ice data was assimilated every day in
this study.

The LESTKEF consists of four steps: initialization, forecast,
analysis, and ensemble transformation. For the initialization
step, the method recommended by PDAF is that initial en-
sembles are generated from the leading modes of the modeled
sea ice state vectors, which provide an estimate of initial model
states and uncertainties prior to the evolution of forecasts. This
method was used in Chen et al. (2017). But in this study, 10 en-
sembles in the FIO-ESM climate forecast system were used dir-
ectly; since the 10 ensembles have been generated already dur-
ing ocean data assimilation by a tiny-perturbing method through
three-dimensional ocean temperature perturbed the FIO-ESM
climate forecast system (Chen et al., 2016). For the tiny-perturb-
ing method, only the ocean temperature in three dimensions was
perturbed, which can be expressed by the following formula:

7?;’2 = (1 + aﬂiJ,k) e M
where @ is a small value equal to 10-3, and f is a random number
within the range of (-1, 1). For different ensembles, different ran-
dom seeds are used to generate the random number at each
model grid. The subscripts i, j and k are the indices of the model
grid, and the superscripts “pert” and “init” represent the state be-
fore and after perturbation, respectively. The dynamic relation-
ship of variables in the model can be well maintained and the im-
balance due to the perturbation on the initial conditions signific-
antly reduced using this tiny-perturbing method. The sea ice
concentration and thickness spreads for these 10 ensembles in
2014 were checked (Fig. 1). Sea ice concentration spread is large
in the marginal ice zone and small in the ice covered regions,
which shares the similar feature of the uncertainty of satellite ob-
served sea ice concentration. Sea ice thickness spread is mainly
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Fig. 1. Ensemble spread (one standard deviation) of simulated sea ice concentration (a-d) and sea ice thickness (e-h) on the first day
of March (a, €), June (b, f), September (c, g), and December (d, h) 2014 in the FIO-ESM climate forecast system.
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<0.4 m in most regions in winter season, but can exceed 0.4 m in
September. So these 10 ensembles can be used for sea ice data
assimilation. For the second step, all the 10 ensembles were dy-
namically evolved with the FIO-ESM climate forecast system. For
the third step, the LESTKF was used to assimilate satellite-de-
rived sea ice concentration and PIOMAS thickness, considering
the observational errors and background uncertainty represen-
ted by the spread of model realizations. In the regulated localiza-
tion scheme, an influential cutoff distance of four model grid
points (about 160 km in the Arctic Ocean) was used. For the last
step, all the 10 ensembles were transformed to new states while
preserving the ensemble mean and covariance.

FIO-ESM forecast system uses five ice categories to describe
the evolution of sea ice thickness distribution. However, satellite-
derived ice concentration and PIOMAS ice thickness only
provide the aggregated values. So a scheme is required to remap
the updated aggregated sea ice parameters to model ice categor-
ies after the data assimilation (Liu et al., 2019). Another differ-
ence with Chen et al. (2017) is the remap scheme. In Chen et al.
(2017), the analysis is remapped to the categories keeping the ra-
tios of the ice concentration (volume) in each category the same
as the value before data assimilation, and then ice thickness is
shifted to the adjacent category to meet the thickness limitation.
In this study, the increment of ice concentration, thickness and
energy are first added (subtracted) only to (from) the thinnest
category, and then ice area, thickness and energy are shifted to
the adjacent category to meet the thickness limitation. For the
snow on sea ice, its mass is kept during data assimilation. But if
there is no sea ice, snow mass is set to zero.

3.2 Experiment design

With the development of the FIO-ESM climate forecast sys-
tem, it can not only be used as a new tool to study the impacts of
assimilating sea ice data in coupled model simulations, but also
be used for realistic sea ice forecast. In this paper the potential
applications of the system using two sets of experiments are
demonstrated.

In the first set of experiments three numerical experiments
(EXP1, EXP2, and EXP3) which assimilate different observational
data are carried out to assess the impacts of assimilating sea ice
data. In EXPI, satellite-observed SST and SLA from first January
1992 to the end of 2018 are assimilated. This experiment is the ex-
tension of the standard assimilation experiment described by

Table 1. Numerical experiment design

Song et al. (2015). EXP2 and EXP3 branched out from the results
of EXP1 on 1 January 2014 and were run until the end of 2018. In
EXP2, satellite-observed sea ice concentration and SST and SLA
as well are assimilated. In EXP3, the sea ice thickness provided by
PIOMAS is also assimilated besides the data assimilated in EXP2.
The data assimilated in the three experiments are summarized in
Table 1. By comparing EXP1 and EXP2, the impact of assimilat-
ing sea ice concentration can be studied; by comparing EXP2 and
EXP3, the impact of assimilating sea ice thickness can be invest-
igated. The overall effect of assimilating sea ice concentration
and thickness can be revealed by comparing EXP1 and EXP3.

In the second set of experiments near-real-time two-month
forecast with three experiments are carried out. They were initial-
ized using the results on 1 August 2018 obtained from the three
assimilation experiments described above, respectively. During
the forecast simulations, data assimilation was switched off to
learn how the initial condition can influence the forecast. Figure 2
illustrates the configuration and timeline of all the experiments.

For first set of experiments, 5-year (2014-2018) results from
EXP1, EXP2, and EXP3 were compared with the observations. For
the second set of experiments, two-month (August and Septem-
ber of 2018) near-real-time forecast results from EXP1, EXP2, and
EXP3 were compared with S2S Prediction Project results and the
observations. The sea ice concentration and extent observations
used for result assessment are from OSI SAF, which were intro-
duced in Section 2.

4 Results

4.1 Sea ice extent and concentration assessment

Figure 3 is the comparison of 5-year time-series of Arctic sea
ice extent biases from EXP1, EXP2 and EXP3 with satellite-de-
rived sea ice extent from NSIDC, which is derived using different
algorithm. Here modeled sea ice extent is calculated as the sum
of the area of each grid cell with ice concentration greater than
15%, which is same as the algorithm of satellite-derived sea ice
extent. Figure 3 shows that sea ice data assimilation in the FIO-
ESM climate forecast system can reduce the sea ice extent bias ef-
fectively. SIE root-mean-square error (RMSE) in EXP1 is 0.91x
106 km?2. With sea ice concentration assimilation, SIE RMSE in
EXP2 is only 0.36x106 km?, so about 60% model bias can be re-
duced. SIE RMSE in EXP3 is 0.45x10% km?. Although the error of
EXP3 is a little larger than that in EXP2, about 50% model bias has

Experiment name SST and SLA data assimilation Sea ice concentration data assimilation Sea ice thickness data assimilation
EXP1 Y
EXP2 V N
EXP3 V \ \
SST and SLA 20180801
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. . EXP1
near-real-time forecast

SST, SLA, sea ice concentration, [
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\
\
\
\
\
\
\
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\
|
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> near-real-time forecast

Fig. 2. Numerical experiment processes.
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Fig. 3. Arctic sea ice extent (SIE) biases during 2014 to 2018.
Blue, red and yellow lines are from EXP1, EXP2 and EXP3, re-
spectively. The biases are the results between simulations and
observations from NSIDC.

been reduced compared with EXP1. In fact, the SIE difference
between EXP2 and EXP3 is comparable to the uncertainties of
different satellite-derived SIE datasets.

The main problem in EXP1 is that the modeled sea ice cover
is less than satellite observations in summer, autumn and winter
seasons (Fig. 3). EXP1 modeled winter sea ice cover is insuffi-
cient mainly in the marginal ice zone, such as the Bering Sea, Sea
of Okhotsk, Labrador Sea, and Gulf of St. Lawrence (Fig. 4). In
summer, underestimated sea ice cover is mainly in the Beaufort
Sea and Canadian Archipelago (Fig. 4). With sea ice concentra-
tion assimilation, most of these problems disappear in EXP2 and
EXP3.

The RMSE of sea ice concentration in Fig. 5 shows that the bi-
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as of sea ice concentration can be reduced dramatically by sea ice
data assimilation. In EXP1, RMSE in most of the Arctic Ocean is
larger than 20%, but it is reduced to less than 10% in EXP2 and
EXP3. RMSE in EXP2 and EXP3 has no obvious differences, ex-
cept in the Sea of Okhotsk, where EXP3 has larger bias than EXP2.
This is the main reason why SIE RMSE (0.45x106 km?) in EXP3 is
larger than that (0.36x10¢ km?2) in EXP2. It is maybe caused by the
setup in sea ice thickness assimilation. In EXP3, for any grid
point, if the observed ice concentration is positive but the PIO-
MAS ice thickness is 0 m, then the ice concentration is set to 0
during data assimilation. An alternative method may help to fur-
ther reduce the bias in EXP3, such as the scheme used in Tietsche
et al. (2013) and Chen et al. (2017). In that scheme, if the ob-
served ice concentration is positive but the ice thickness is 0 m,
then the ice thickness is set to 2 m multiplied by the ice concen-
tration.

4.2 Sea ice volume and thickness assessment

A 5-year time-series of Arctic sea ice volume is compared with
PIOMAS in Fig. 6. All the EXP1, EXP2 and EXP3 modeled sea ice
volume is less than PIOMAS. Statistical results indicate that the
sea ice volume RMSE in EXP1, EXP2, and EXP3 is 2.3x103 km3, 2.9x
103 km3, and 1.9x10% km3 respectively. EXP3 has the smallest sea
ice volume bias. In EXP2, sea ice volume has some improvement
in summer, but has larger bias in winter compared with EXP1.
This means that sea ice concentration assimilation has no signi-
ficant improvement of sea ice thickness in this climate forecast
system. The RMSE of sea ice thickness compared to the CryoSat-
2 and SMOS merged ice thickness product and PIOMAS ice
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Fig. 4. Arctic sea ice concentration observations from NSIDC (a, e) and model biases (b-d and f-h) in March (a-d) and September

(e-h) during 2014 to 2018.
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Fig. 5. Root mean square error (RMSE) of Arctic sea ice concentration during 2014 to 2018. a, b, and c are from EXP1, EXP2, and EXP3,
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Fig. 6. Arctic sea ice volume (SIV) during 2014 to 2018 in the
PIOMAS, EXP1, EXP2, and EXP3.

thickness for the five winter seasons were calculated (Fig. 7). The
large ice thickness bias is mainly in the thick ice regions. Com-
pared with the independent CryoSat-2 and SMOS merged ice
thickness, EXP1, EXP2, and EXP3 have similar RMSE, with RMSE
value averaged in the Arctic Ocean of 0.28 m, 0.25 m, and 0.24 m,
respectively. But compared with the PIOMAS ice thickness, the
ice thickness bias in EXP3 is reduced significantly. The EXP3
RMSE is less than 0.2 m in most Arctic Ocean. The Arctic Ocean
mean RMSE in EXP1, EXP2, and EXP3 is 0.20 m, 0.21 m, and 0.11 m,
respectively. The probability density function (PDF) distribution
of ice thickness bias compared with IceBridge observations in
Fig. 8 shows that simulated sea ice thickness has negative system
errors. The ice thickness biases in EXP1, EXP2, and EXP3 com-
pared with IceBridge observations are -0.73 m, —-0.62 m, and
-0.35 m, respectively. EXP3 has the smallest error.

The realistic spatial distribution of ice thickness can help to
improve sea ice predictions for longer time scale. So the spatial
correlation coefficients between modeled ice thickness and PIO-
MAS ice thickness were assessed (Fig. 9). In EXP1, the correla-
tion is high in winter seasons, but decreases quickly during melt-
ing seasons, and has the minimum in summer. The EXP2 correla-
tion coefficient is larger than that in EXP1, but it is also restively
small in summer reasons. Correlation coefficient in EXP3 in-
creases quickly at beginning of the data assimilation and then
keeps quite steady with large correlation coefficient and no drop
during melting seasons. The mean correlation coefficient in

a. EXP1 (CS2SMOS)

b. EXP2 (CS2SMOS)

EXP1, EXP2, and EXP3is 0.73, 0.76, and 0.95, respectively. There-
fore, the spatial correlation between modeled ice thickness and
PIOMAS ice thickness is improved significantly through ice thick-
ness assimilation.

The assimilation results indicate that ice concentration as-
similation can result in better modeled ice concentration and ex-
tent, but there is no much improvement in ice volume and thick-
ness simulations. However, all the biases of modeled ice concen-
tration, ice cover, ice volume, and ice thickness can be reduced in
EXP3 with both ice concentration and thickness assimilated.

4.3 Near-real-time sea ice forecast assessment

The ninth Chinese National Arctic Research Expedition was
conducted in the summer 2018. At the beginning of August 2018,
the FIO-ESM climate forecast system did a near-real-time Arctic
sea ice forecast to provide the following two-month ice condition
for this expedition. The forecasting initializations were the Au-
gust 1 restart files in the three assimilation experiments. Forecast
length is two months. The forecast results based on EXP3 initial-
ization were further corrected and then provided for this expedi-
tion. In this section, the forecast results (without further correc-
tion) were assessed by comparison with six S2S near-real-time
Arctic ice forecasts, which have dynamical sea ice model in the
S$2S Prediction Project. These six 52§ ice forecasts are from the
China Meteorological Administration (CMA), European Centre
for Medium-Range Weather Forecasts (ECMWF), Korea Meteor-
ological Administration (KMA), Météo France, National Centers
for Environmental Prediction (NCEP), and UK Met Office
(UKMO), respectively.

Here the Arctic integrated ice edge error (IIEE) was used dur-
ing assessment. It is defined as the area where the forecast and
the observation disagree on the ice concentration being above or
below 15% (Goessling et al., 2016). IIEE is an effective metric to
evaluate the forecast skill of ice edge forecast (Goessling et al.,
2016; Zampieri et al., 2018). Figure 10 is ITEEs for the six S2S Pre-
diction Project models, FIO-ESM, observation persistence, and
climatology forecasts. The IIEE of observation persistence fore-
cast is used as the benchmark to measure the ice forecast skills.
Observation persistence forecast is let the observations at the be-
ginning of forecast (1 August 2018 in this case) to be the forecast

c. EXP3 (CS2SMOS)

— 0.8 0.8
0.6 0.6
£ £ £
04 § 0.4 L‘é g
= 2 &
02 02
0 0
0.8 0.8
0.6 0.6
£ £ £
04 5 04 & g2
> = =
~ 24 ~
02 0.2
0 0

Fig. 7. Root mean square error (RMSE) of winter season Arctic sea ice thickness during 2014 to 2018. a-c are calculated based on the
CryoSat-2 and SMOS (CS2SMOS) merged sea ice thickness. d-f are calculated based on PIOMAS sea ice thickness.



Shu Qi et al. Acta Oceanol. Sin., 2021, Vol. 40, No. 10, P. 65-75 71

2014 (0312-0403)
2015 (0319-0403)
2016 (0420-0504)
2017 (0309-0419)
2018 (0322-0416)

A
¥ g

35
b s EXP |
20 | EXP2
EXP3
25
=
[
[a)
(=9
2 20
£
8
S 15t
o
3
[}
Q
=10 |
5 F
O — 1 I I " 1
-8 -6 —4 -2 0 2 4 6 8

Sea ice thickness bias/m

Fig. 8. Location of IceBridge observations during 2014-2018 (a)
and the probability density function (PDF) distribution of
modeled sea ice thickness biases compared with IceBridge ob-
servations in EXP1, EXP2, and EXP3 (b). The legend in a is the
time of the observations.

results. If the IIEE is lower than that of benchmark, the dynamic-
al forecasting system has some predictive skill (Zampieri et al.,
2018). Climatology-based benchmark is also used here, which is
calculated based on the climatological observations during
1989-2018. The observations are from the same datasets used in
data assimilation. Considering the differences in land-sea masks
and resolutions of these forecasts, all the forecast and observed
ice concentration are re-gridded onto 0.25° longitude by 0.25° lat-
itude grids. Only the grid cells, which are the ocean points for all
the forecasts and observations, have been chosen during the cal-
culation of IIEE.

Figure 10 shows that half of S2S Prediction Project systems
(CMA, Météo France, and NCEP) have larger IIEE compared with
the benchmark. The CMA and Météo France systems have no sea
ice data assimilation, and this may cause their large IIEE among
the S2S Prediction Project systems. Their IIEEs are larger than
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Fig. 9. Time series of spatial correlation coefficients between
PIOMAS and modeled Arctic sea ice thickness during 2014 to
2018. Blue, red and yellow lines are for EXP1, EXP2 and EXP3, re-
spectively.
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Fig. 10. Arctic integrated ice edge error (IIEE) from different
near-real-time forecasts in the early of August 2018. Observation
persistence represents observation-based benchmark based on
the observed sea ice conditions in 1 August 2018. Climatology
represents the climatology-based benchmark based on the ob-
served sea ice conditions during 1989-2018. The observations are
from the same datasets used in data assimilation. CMA repres-
ents China Meteorological Administration. ECMWEF represents
European Centre for Medium-Range Weather Forecasts. KMA
represents Korea Meteorological Administration. Meteo France
represents Météo France. NCEP represents National Centers for
Environmental Prediction. UKMO represents UK Met Office.
MMM represents multimodel ensemble mean. FIO-ESM EXP1,
FIO-ESM EXP2, and FIO-ESM EXP3 represent the forecasts based
on EXP1, EXP2 and EXP3 in this study, respectively.

observation-based benchmark and climatology-based bench-
mark. The ECMWEF system has the best forecast skill among the
six S2S Prediction Project systems, and its IIEE keeps smaller
than 1x10% km? at 1.5-month lead time. Figure 10 indicates that
the multimodel ensemble mean forecast has quite high forecast
skill, which is also true for the year-round S2S sea ice forecast re-
ported by Wayand et al. (2019).

Sea ice data assimilation can improve the Arctic sea ice fore-
cast skill significantly in the FIO-ESM system (Fig. 10). Without
sea ice data assimilation, EXP1 in the FIO-ESM system has large
IIEE, and has no forecast skill for the August sea ice forecast. But
in EXP2 and EXP3, IIEE is reduced significantly. IIEEs in EXP2
and EXP3 have no obvious increase for 2-weak to 2-month lead
time forecast and are smaller than most of the S2S Prediction
Project ITEEs (Figs 10-12). The initialization with both ice con-
centration and thickness in EXP3 has the lowest IIEE in the three
FIO-ESM experiments. The mean IIEEs of EXP1, EXP2, and EXP3
are 1.7x108 km?, 1.2x10°¢ km?, and 1.1x10¢ km?, respectively. So
the ITIEE has been reduced by about 1/3. The longer sea ice pre-
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diction skill in EXP3 benefits from its most realistic spatial distri-
bution of ice thickness shown in Fig. 9. However, for the first 2-
week lead time forecast, IIEEs of the FIO-ESM system are relat-
ively large compared with some S2S Prediction Project results. It
may be caused by no atmosphere and land data assimilation in
the FIO-ESM climate forecast system.

5 Summary and discussion

In this study, the role of Arctic sea ice data assimilation in the
FIO-ESM climate forecast system is examined. The assimilation
method used here is the ensemble-based local error subspace
transform Kalman filter (LESTKF). Three experiments are con-
ducted using this climate forecast system. The first one has no
sea ice data assimilation. In the second assimilation experiment,
only satellite-derived sea ice concentration is assimilated. Both

a. ECMWF b. KMA

Sea ice concentration/%

e. UKMO

Sea ice concentration/%

satellite-derived sea ice concentration and PIOMAS modelled sea
ice thickness are assimilated in the third one. Each experiment
has five-year (2014-2018) reanalysis simulations. Model results
assessment indicates that the model biases of ice concentration,
ice extent, ice volume, and ice thickness are reduced dramatic-
ally by sea ice assimilation using LESTKF. Ice concentration as-
similation can help to improve ice concentration and sea ice ex-
tent simulation. All the biases of modeled ice concentration, sea
ice extent, ice volume, and ice thickness can be reduced dramat-
ically through ice concentration and thickness assimilation. So
LESTKEF is an effective method for FIO-ESM to improve its sea ice
simulations.

Using the initializations from the three assimilation experi-
ments, 2-month near-real-time Arctic sea ice forecasts in August
2018 were conducted for the ninth Chinese National Arctic Re-

c. Meteo France
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Sea ice concentration/%

f. FIO-ESM
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Fig. 11. Forecasted Arctic sea ice concentration for 15 August 2018 based on different forecasting systems. They are the forecasts from
the early of August 2018. The red line is the sea ice edge from satellite observations.
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Fig. 12. Forecasted Arctic sea ice concentration for 25 August 2018 based on different forecasting systems. They are the forecasts from
the early of August 2018. The red line is the sea ice edge from satellite observations.
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search Expedition. The forecast skills were assessed by compar-
ing with the six near-real-time forecast results from subseasonal-
to-seasonal (S2S) Prediction Project and the observations. The
results show that ice data assimilation using LESTKF can im-
prove the Arctic sea ice forecast skill significantly in the FIO-ESM
climate forecast system. The Arctic integrated ice edge error
(ITEE) is reduced by about 1/3 in this two-month near-real-time
forecast by LESTKF ice assimilation, and FIO-ESM climate fore-
cast system has relatively high Arctic sea ice forecast skill in this
Arctic sea ice forecast.

The sea ice thickness dataset assimilated in this study is from
PIOMAS. It belongs to modelled ice thickness but not observa-
tions. Although its winter ice volume is low compared with Cryo-
Sat-2 estimates (Laxon et al., 2013; Tilling et al., 2016), this study
indicates that the long-lead forecast skill with PIOMAS sea ice
thickness assimilation is higher than that without any ice thick-
ness assimilation. So PIOMAS dataset can be used in ice thick-
ness assimilation, especially in summer time, when there is no
satellite observed basin-scale ice thickness. Considering the
products of satellite observed basin-scale ice thickness usually
have relatively long delay time to release, PIOMAS is a good op-
tion for sea ice thickness assimilation in the near-real-time Arc-
tic sea ice seasonal predictions.

A limitation of this study is that only one near-real-time sum-
mer Arctic sea ice forecast was studied. The forecast skill given
here may vary for different years. So more near-real-time fore-
cast should be conducted in the following years to further study
the Arctic sea ice forecast skill in the FIO-ESM climate forecast
system.
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