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Rapid declines in Arctic sea ice have captured attention and pose significant challenges to a variety of
stakeholders. There is a rising demand for Arctic sea ice prediction at daily to seasonal time scales, which
is partly a sea ice initial condition problem. Thus, a multivariate data assimilation that integrates sea ice
observations to generate realistic and skillful model initialization is needed to improve predictive skill of
Arctic sea ice. Sea ice data assimilation is a relatively new research area. In this review paper, we focus on
two challenges for implementing multivariate data assimilation systems for sea ice forecast. First, to
address the challenge of limited spatiotemporal coverage and large uncertainties of observations, we dis-
cuss sea ice parameters derived from satellite remote sensing that (1) have been utilized for improved
model initialization, including concentration, thickness and drift, and (2) are currently under develop-
ment with the potential for enhancing the predictability of Arctic sea ice, including melt ponds and
sea ice leads. Second, to strive to generate the “best” estimate of sea ice initial conditions by combining
model simulations/forecasts and observations, we review capabilities and limitations of different data
assimilation techniques that have been developed and used to assimilate observed sea ice parameters
in dynamical models.

© 2018 Science China Press. Published by Elsevier B.V. and Science China Press. All rights reserved.

1. Introduction

cover has been a thinning of the ice pack. Compared to submarine
observations during 1958-1976, recent satellite data showed that

The Arctic warming is much faster than global warming. Sea ice
cover in the Arctic has declined since at least the early 1950s [1,2].
Negative trends in the total Arctic sea ice extent are observed for
every month since the late 1970s [3], with the largest decrease
in September. The ice extent in September has decreased by
3.24 million km? during 1979-2017, with significant ice reduction
in the periphery of the Arctic Basin, from the western Beaufort Sea
to the northern Kara/Barents Seas (Fig. 1). The observed rate of
September sea ice decline is underestimated by most of current
day climate models [4]. Accompanying the reduction of the ice
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the mean Arctic sea ice thickness has decreased ~50% [5,6]. This
is mainly due to the thinner seasonal ice replacing thicker multi-
year ice [7,8]. As a result, Arctic sea ice has tended to be more akin
to the marginal ice zone. Sea ice can be disturbed more easily by
weather systems and ocean waves, which fracture ice and push
ice floes around to create leads and polynyas. Observations of sea
ice mass balance buoys and satellites showed that the ice drift
speed has increased, which reduces the strength and increases
the deformation of sea ice in the Arctic [9-11].

The above mentioned changes of Arctic sea ice have captured
attention and pose significant challenges to many stakeholders,
including shipping, oil/gas exploration, and coastal communities
facing the prospect of relocation [12-15]. As a result, there is an
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Fig. 1. Linear trends of September sea ice concentration in the Arctic during the period of 1979-2017 (% per decade). The meshed areas denote the trends above 95%

confidence level. The data is obtained from the National Snow and Ice Data Center.

increasing need of Arctic sea ice prediction ranging from daily to
seasonal time scales [13,16,17], driven in particular by an increas-
ing accessibility of the Arctic associated with global climate
change. Moreover, the rapid decline of Arctic sea ice in recent years
has coincided with more frequent extreme events in parts of north-
ern mid-latitude continents, i.e., several winters following anoma-
lously low Arctic sea ice cover had strong cold surges along with
heavy snowfall [18-23]. Hence accurate Arctic sea ice prediction
might have the potential for improving seasonal climate prediction
in the northern mid- and high-latitudes. Analyses of climate model
projections suggested that Arctic sea ice would continue to
decrease and reach an ice-free state in the middle of 21st century
associated with global warming [24-27].

Since 2008, a call for sea ice outlook has been announced every
year to research community for predictions of seasonal minimum
sea ice extent in the Arctic (http://www.arcus.org/sipn), which
provides the basis for our knowledge of the progress of Arctic sea
ice prediction. During past years, sea ice prediction has been pri-
marily conducted through statistical models. For example, most
utilize linear regression models, which are trained with observa-
tions in the past, and used to predict future sea ice state. Coupled
sea ice-ocean models have been used to predict sea ice cover,
which are forced by an ensemble of prescribed atmospheric forcing
from numerical weather predictions [28]. Some institutions have
also developed operational systems configured for the Arctic
region for short-term sea ice forecasts. Examples are the U.S. Navy
Arctic Cap Nowcast/Forecast System (ACNFS) [29], the Canadian
Regional Ice Prediction System (RIPS) [30], and the TOPAZ4 cou-

pled ocean sea ice data assimilation system [31]. In recent years,
major operational and modeling centers have implemented sea
ice model components in their global coupled predictive models
for sea ice prediction. Examples are the NCEP Climate Forecast Sys-
tem [32], the NASA Goddard Earth Observing System Model [33],
and the UK Global Seasonal Forecast System [34]. Sea ice predic-
tion is particularly challenging in the context of coupled predictive
models. In the fully coupled predictive model, sea ice strongly
interacts with both the atmosphere above and the ocean below.
Variation in the ice cover and thickness regionally would influence
atmospheric and oceanic conditions, which in turn affect sea ice
distribution (concentration and thickness). The ongoing
subseasonal-to-seasonal (S2S) project provides opportunities to
compare the operational sea ice forecast conducted by major oper-
ational and modeling centers (http://gpvjma.ccs.hpcc.jp/S2S/S2S_
SICmap.html).

Fig. 2 shows the median and interquartile range of the predicted
September sea ice extent obtained from the July outlook by
dynamical models, including coupled sea ice-ocean models, and
fully coupled Arctic and global models. It appears that the median
sea ice predictions for most years deviate from the observations
substantially, for example in the record-low year of 2012. So far,
the predictive skill of seasonal minimum ice extent by numerical
models is generally comparable to that of statistical methods.
Clearly, seasonal Arctic sea ice prediction remains challenging. It
is well known that dynamic models used to predict Arctic sea ice
at short-term periods strongly depend on model initial conditions.
Thus, a multivariate data assimilation that assimilates sea ice
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Fig. 2. The median and interquartile range of the predicted September sea ice extent based on July outlook by dynamical models that are participated in the Sea Ice Prediction
Network. Y-axis: left is September sea ice extent and right is the number of dynamical models.

observations to generate realistic and skillful model initialization is
needed to improve Arctic sea ice prediction.

Observations are of course essential inputs for the multivariate
data assimilation. However, observations in the Arctic have limited
spatiotemporal coverage and large uncertainties. In Section 2, we
discuss satellite remote sensing of sea ice parameters that (1) have
been utilized and (2) are currently under development for
improved model initialization, which could enhance the pre-
dictability of Arctic sea ice at daily to seasonal time scales. To
reduce uncertainties associated with sea ice initial conditions that
are based on imperfect representations of physical processes by
dynamical models, data assimilation techniques have been utilized
to assimilate various observed sea ice parameters in dynamical
models. However, it is not clear which data assimilation method
is the best choice to generate the “best” estimate of sea ice initial
conditions by combining model simulations/forecasts and observa-
tions. In Section 3, we review the capabilities, and limitations of
different data assimilation methods.

2. Satellite remote sensing of sea ice parameters

The evolution of Arctic sea ice during the melting season is
strongly determined by characteristics of initial ice conditions,
which affect subsequent thermodynamic and dynamic sea ice
change. Thermodynamic changes consist of surface, internal, lat-
eral and bottom melts, and dynamic changes include transport
and deformation. Hence predictability of Arctic sea ice from days
to seasons strongly depends on the initial sea ice state [35,36].
Here we review sea ice parameters derived from satellite remote
sensing that would aid in sea ice prediction procedures.

2.1. Sea ice concentration

To date, sea ice concentration data used to improve model ini-
tialization are primarily based on the retrievals using brightness
temperature from passive microwave radiometers, including the
Scanning Multi-channel Microwave Radiometer (SMMR), Special
Sensor Microwave/Imager (SSM/I), Special Sensor Microwave Ima-
ger/Sounder (SSMIS), Advanced Microwave Scanning Radiometer
for EOS (AMSRE), and AMSR2. A variety of retrieval algorithms
have been proposed (see Refs. [37,38] for detailed comparisons of
algorithms). These algorithms use different channel combinations
of brightness temperature to distinguish sea ice and open water,

as well as make different corrections (i.e., weather filters, satellite
drifts). Table S1 (online) provides a summary and snapshot of
available near real-time satellite-based sea ice concentration data
sets [39-44]. These data sets can be assimilated as the “best” esti-
mate of the initial ice coverage for operational sea ice forecast in
coupled predictive models. The horizontal resolution of SSMIS-
based (25-10km) and AMSR2-based (15-5km) data sets is
approximately comparable to most of current global and regional
Arctic prediction systems, respectively. However, as the resolution
of regional Arctic prediction systems increases over time, the need
for higher resolution satellite sea ice concentration grows. Con-
cepts for radiometers with larger antenna reflectors for higher spa-
tial resolution are currently developed (e.g., Copernicus CIMR).

A number of studies have leveraged the extensive coverage of
sea ice concentration (both spatially and temporally) to examine
the assimilation of satellite-based ice fraction in stand-alone sea
ice models [45-48], sea ice-ocean coupled models [49-55], and
fully coupled climate models [56-58]. These studies demonstrated
that assimilating sea ice fraction successfully reduces the models’
bias and significantly improves the predictive skill of regional dis-
tribution of the ice cover and the total ice extent. Ivanova et al. [37]
pointed out that sea ice concentration obtained from the same pas-
sive microwave product but with different retrieval methods can
lead to a difference in the total Arctic sea ice extent (area) up to
0.6 (1.3) million km?, particularly during the melting season asso-
ciated with changing surface features of sea ice (i.e., wet snow,
ponds). Hindcasts/predictions that differ only in the assimilated
products of sea ice fraction as the estimate of the initial condition
show increasing discrepancies in the simulated Arctic sea ice
extent/area. This further leads to significant differences in seasonal
climate prediction [59]. Thus, data assimilation needs both obser-
vations of sea ice concentration and their uncertainty estimates.
In general, the studies as mentioned above assume the uncertainty
of observed sea ice concentration to be constant, i.e., 15% is typi-
cally used to represent observational error [60]. A recent study
showed that using satellite-based sea ice concentration with
appropriate uncertainty estimates can improve the ensemble mean
forecast of ice fraction in a sea ice-ocean coupled model compared
to that with constant uncertainty, but the ice thickness forecast
appears to be degraded [61]. Hence there is scope for further
improvement by using realistic varying uncertainty estimates of
observed sea ice concentration (both spatially and temporally),
i.e., the recently released sea ice concentration under the ESA-CCI
sea ice project (SICCI) provides quantitative information on uncer-
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tainty induced by the algorithm and spatial remapping, which is
helpful for sea ice assimilation [62]. Additionally, some studies
noted that assimilating observed sea ice concentration yields little
reduction of the models’ bias in sea ice thickness.

2.2. Sea ice drift

Sea ice drift caused by winds and ocean currents strongly influ-
ences ice concentration and thickness, i.e., divergence of the ice
pack creates open water, where new ice grows in winter and the
lateral melt increases in summer, and convergence of the ice pack
increases ice concentration and thickens the ice by rafting/ridging.
Using satellite and buoy observations, Olason and Notz [63]
showed that variation in the ice motion is strongly associated with
variation in ice conditions, i.e., for low ice fraction, drift speed gen-
erally increases with reducing concentration, while for high ice
fraction, drift speed is more closely associated with thickness. As
mentioned previously, the ice strength of in the Arctic has been
reduced due to the decrease of the ice cover and thickness. This
allows more deformation, and then increases the movement of
sea ice. Several hemispheric wide sea ice drift data sets have been
developed primarily based on brightness temperature measured
by passive microwave radiometers and scatterometers, including
SMMR, SSM/I, SSMIS, AMSR-E, AMSR2, QuikSCAT, and Advanced
Scatterometer (ASCAT) [64-66]. For regional studies, sea ice drift
data from Synthetic Aperture Radar (SAR) provide higher resolu-
tion and accuracy [67,68]. In general, the ice drift is derived from
the movement of ice floes in a certain time interval using continu-
ous satellite imagery [69]. Table S2 (online) provides a summary
and snapshot of near real-time gridded sea ice drift data sets that
can be assimilated as the estimate of the initial condition for oper-
ational sea ice forecast in coupled predictive models [70,71].
Despite the low spatial resolution, a recent uncertainty estimate
[72] suggested that OSI SAF data, which combines the brightness
temperature from SSMIS, AMSR2 and ASCAT, might have better
quality compared to other ice drift data.

Research has examined the incorporation of observed sea ice
motion in stand-alone sea ice models [48,73-78], and sea ice-
ocean coupled models [79]. Their results showed that the simula-
tion of sea ice circulation is substantially improved as the ice drift
data is assimilated, in particular the response of the ice motion to
weather systems. A few studies suggested that assimilating the ice
drift data also has a strong impact on the simulation of sea ice con-
centration as well as thickness, which in turn affects the ice
motion. Thus a high quality observation of sea ice drift would aid
in sea ice forecast procedure. Currently, most of the available sea
ice drift data sets do not provide uncertainty estimates for the
ice displacement in each grid cell, but only provide the mean value
for all ice displacements. Compared with buoy data and synthetic
aperture radar images, recent studies suggested that the ice drift
speed error is dependent on its magnitude, and the error in sum-
mer is two times larger than that of winter [72,79]. Thus a thor-
ough error assessment of these data sets (i.e., uncertainty maps
for different sea ice conditions) is needed to understand effects
of uncertainties in satellite-derived sea ice drift on predictive skill
of Arctic sea ice. The representation of ice dynamics especially sea
ice deformation in sea ice models needs further attention. With
current viscous-plastic model ice rheologies, high resolution
(<10 km) models are needed for a more realistic ice deformation
representation [80]. Alternative ice rheologies like elasto-brittle
are currently developed and might help a more realistic represen-
tation of sea ice dynamics [81].

In the past two to three decades, most efforts have been made
to assimilate observed sea ice concentration and drift in dynamical
models. For better Arctic sea ice prediction, besides accurate sea ice
concentration and drift, model initialization also needs sea ice

parameters that modulate energy fluxes at atmosphere-sea ice-
ocean interface [35,82]. These additional variables are discussed
below.

2.3. Sea ice thickness

Recent studies showed that anomalies of sea ice thickness could
persist much longer than that of sea ice cover. The preconditioning
of the ice thickness has been shown to be important for Arctic sea
ice prediction at longer time scales [35,83-86]. However, com-
pared to sea ice concentration, it is difficult to observing sea ice
thickness from space [87,88]. In recent years, many efforts have
been underway to generate basin-scale sea ice thickness data from
satellites. The CryoSat?2 satellite radar altimeter provides observa-
tions of sea ice thickness, which extends the 2003-2008 ICESat
thickness record post-2010. Sea ice thickness is retrieved from
the ice freeboard measurements by CryoSat2 along with a climato-
logical estimate of snow depth and density [88]. The uncertainties
of the CryoSat2 ice thickness mainly originate from the inadequate
knowledge of snow depth and density of snow/ice, the freeboard
determination itself that is needed for the conversion from free-
board to ice thickness, and the radar interaction with snow
[89,90]. Thus, the accurate observation of snow depth is important
for sea ice thickness retrieval, but the retrieval of snow depth over
sea ice and the assessment of its variability are a challenging work
[91,92]. CryoSat2-derived sea ice thickness is more accurate for
thick and perennial ice. The Soil Moisture and Ocean Salinity
(SMOS) satellite radiometer, on the other hand, provides bright-
ness temperature measured at L-band (1.4 GHz) microwave fre-
quency that is utilized to derive the thickness for thin ice
(relatively deeper penetration in snow/ice). It has been used to
derive sea ice thickness using a single layer emissivity model at
close to nadir observations [93,94], and an empirical model based
on polarization difference at 40°-50° incidence angle [95]. Recently
observations from the NASA SMAP L-band radiometer were also
used for thin ice thickness retrieval and combined with SMOS data
[96,97], which will increase the number of observations per day
and make the retrieval more robust. The maximum retrievable
ice thickness from microwave radiometers depends on the pene-
tration depth, which saturates at about 50-100 cm for L-band.
Uncertainties increase for thicker ice when small brightness tem-
perature changes relate to large ice thickness changes [93-95].
Further uncertainty contributions stem from sub-footprint surface
type variability (i.e., can be large for the SMOS 40 km footprint),
brightness temperature measurement, auxiliary datasets, and
assumptions made in the retrieval algorithm. More recently, Ricker
et al. [98] has developed a merged product of CryoSat2 and SMOS
data by taking advantage of their complementary features. The
data is merged weekly to take into account different temporal res-
olutions of the CryoSat2 and SMOS data (note that this product is
only available until 2017). With faster and more precise lasers,
the recently lunched NASA’s Ice, Cloud and land Elevation Satellite
2 (ICESat2) will provide even more precise and uniform coverage of
sea ice thickness observations. Table S3 (online) provides a sum-
mary and snapshot of the available gridded satellite sea ice thick-
ness products that can be assimilated in coupled predictive models
when selecting initial conditions for operational sea ice forecasts
[88,95,99-102].

Unlike sea ice concentration, there are limited studies that
investigate impacts of sea ice thickness assimilation. A few studies
examined the potential influence of assimilating the aforemen-
tioned satellite-derived sea ice thickness in sea ice-ocean coupled
models [103-109]. They found that the assimilation of the ice
thickness has an obvious impact on the simulated sea ice fields,
leading to significant reduction in the bias of the modeled ice
thickness for several months. Collow et al. [110] and Chen et al.
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[111], respectively, have assimilated sea ice thickness from the
Pan-Arctic Ice Ocean Modeling and Assimilation System (PIOMAS,
an Arctic sea ice reanalysis [112]) and the combined CryoSat2
and SMOS retrievals, in the NCEP Climate Forecast System. The
results showed that the experiment assimilating ice thickness
results in a significant reduction of systematic bias in the fore-
casted ice thickness relative to the experiment assimilating ice
concentration only or without sea ice assimilation. Moreover, they
pointed out that assimilating both sea ice thickness and fraction
benefits the prediction of sea ice concentration in distinct regions
as well as interannual variability. This is primarily due to the
covariability between sea ice thickness and concentration. Hence
a high quality measurement of sea ice thickness would aid in sea
ice forecast procedure. Research is also needed to understand sen-
sitivity of predictive skill of Arctic sea ice to uncertainties in
satellite-derived sea ice thickness, i.e., how the impacts of a given
thickness error on forecast skill may differ by month and location.
The aforementioned merged product of CryoSat2 and SMOS and
recently released SICCI sea ice thickness provide quantitative infor-
mation on uncertainty that is helpful for sea ice assimilation. Addi-
tionally, a few efforts are underway to improve estimate of Arctic-
wide sea ice thickness/volume and Arctic reanalysis by assimilat-
ing the combined CryoSat2 and SMOS sea ice thickness [113,114].

2.4. Melt pond fraction

During the melting season, as snow/ice melts, ponds form as
melt water accumulates on the surface. The area and depth of melt
ponds depends on surface topography and ice internal structure
[115,116]. First-year ice is on average less deformed than multi-
year ice, and thus a high surface fraction of first-year ice is covered
by melt ponds in summer. The albedo of the ponds is much smaller
than snow and bare ice. Surface albedo decreases as more melt
water accumulates on the ice, which absorbs more solar radiation
and further melts snow/ice [117-119]. Light measurements under
summer Arctic sea ice showed that first-year ice covered by ponds
allows nearly a factor of three more insolation to pass through the
ice than multi-year ice [120,121]. Thus larger pond coverage leads
to higher fraction of solar radiation being transmitted through sea
ice during the melt season, enhancing the ice melt, leading to a
positive albedo-transmittance-melt feedback [118,122]. A recent
modeling study suggested that considering melt ponds might
improve the skill of seasonal Arctic sea ice prediction [123]. A par-
allel study using satellite observations further showed that a inte-
gration of pond fraction from late spring to mid-summer strongly
influences sea ice variation during the melting season, which can
improve the prediction of seasonal minimum sea ice extent
[124]. Thus the assimilation of pond fraction observations has
the potential to improve Arctic sea ice prediction. However, to
date, melt ponds have not been assimilated to improve the initial
sea ice condition due to a lack of accurate basin wide melt ponds
observations.

Recently, some efforts have been underway to generate basin-
wide melt pond fraction data from satellites. Using a neural net-
work, Résel et al. [125] retrieved the pond fraction from surface
reflectance data measured by the Moderate Resolution Image Spec-
troradiometer (MODIS). The method takes into account that fresh-
water ponds have different spectral features compared to snow/ice
and open water. Zege et al. [126] and Istomina et al. [127] retrieved
melt pond fraction using the Medium Resolution Imaging Spec-
trometer (MERIS) radiance coefficients as well as solar and obser-
vation angles. The method employs an analytical solution of sea
ice surface reflection and a radiative transfer model, instead of a
priori reflectance of different ice types. This method along with a
recently improved forward model [128] is being applied to
Sentinel-3 data for improved detection of melt ponds. The above

MODIS and MERIS based melt ponds fraction products are only
available until 2011 (https://icdc.cen.uni-hamburg.de/1/daten/
cryosphere/arctic-meltponds.html and https://seaice.uni-bremen.
de/melt-ponds). Recently, following the similar approach in Ref.
[125] but with some improvements, the MODIS melt ponds data
set has been extended to present and validated that can be assim-
ilated in coupled predictive models for operational sea ice forecasts
(see Table S4 online for details). Current melt pond satellite retrie-
vals are based on optical data, which is hampered by clouds.
Hemispheric-wide melt pond fraction maps can only be derived
by accumulating data over at least one week. This introduces
uncertainties in the detection of melt onset, melt pond cover devel-
opment and freeze-up date. In future, it will be important to assess
how such uncertainties in the pond fraction retrievals, which vary
by month and location impact Arctic sea ice prediction.

2.5. Sea ice leads

Sea ice leads are narrow and non-linear cracks in the ice pack
resulting from the deformation of sea ice and upwelling of warm
water. Leads are important sites of heat, salt and gas fluxes that
strongly influence Arctic sea ice variation, although the total area
of leads is relatively small. Sea ice leads result in large variation
in surface temperature and thus sensible and latent heat fluxes
[129-131]. Leads have lower reflectivity compared to the sur-
rounding ice, resulting in enhanced absorption of solar radiation
during the melting season. This warms the water in leads and
enhances sea ice melt, especially lateral melt, that creates more
openings, and thus allows more heat to the atmosphere [132].
Sea ice deformation related to leads is also important for marine
operations in the Arctic Ocean. A recent analysis based on
satellite-derived sea ice leads shows that an integrated the lead
area from January to April is a good predictor of July sea ice cover
[133]. Thus the assimilation of leads (e.g., the areal coverage) into
coupled predictive models can potentially improve the skill of sea
ice prediction. However, sea ice leads are rarely used for model ini-
tialization because of two issues. First, leads are underrepresented
process in sea ice prediction systems because of their small-scale
and irregular occurrence characteristics. Only newer ice rheologies
can adequately use them for initialization [81]. Second, there is a
lack of accurate basin wide sea ice leads observations.

Recently, a few efforts have been made to retrieve sea ice leads
from satellites. Rohrs and Kaleschke [134] applied an algorithm to
the AMSR-E passive microwave brightness temperature to obtain
leads at least 3 km in width. Willmes and Heinemann [135,136]
derived sea ice leads composite maps by applying a binary
segmentation procedure to the MODIS ice surface temperature
product, detecting significant positive surface temperature anoma-
lies associated with leads. They also used a spatiotemporal cloud
artifact filter to identify physical leads and remove cloud artifacts
due to the uncertainty of the MODIS-based cloud mask. This pro-
vides the possibility to obtain sea ice leads information continu-
ously from the MODIS data. The MODIS sea ice leads product is
only available until 2015 [136]. Recently, following the approach
developed by Ref. [135] but with different filter windows, MODIS
sea ice leads data set has been extended to present and validated
that can be assimilated in high-resolution coupled predictive mod-
els for operational sea ice forecasts (see Table S5 online for details).

3. Data assimilation methods

Data assimilation combines sea ice observations, numerical
models, and their error statistics to create an improved model ini-
tialization in a physically consistent manner, which enhances the
predictive skill for sea ice. Different methods have been imple-
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mented to assimilate some of the aforementioned sea ice parame-
ters in a hierarchy of models used for Arctic sea ice simulation and
prediction. These methods include nudging, optimal interpolation,
variational methods, and ensemble Kalman filters. Here a summary
of these methods is provided, demonstrating how they work, how
they are different, what advantages and disadvantages they have,
and what improvements can be expected over time.

(1) Nudging is the simplest method (also called Newtonian
relaxation). It uses the difference between the modeled or
background (x,) and observed (y,) sea ice field (i.e.
Ax =X, —Y,) to correct the modeled state, so that
X, = Xp — 0lAx, where x, is the analyzed sea ice field, and «
is the empirically determined nudging factor. The nudging
is applied during the time stepping of the model and pulls
the modeled sea ice field towards the observations. Nudging
is easy to implement and has vey low computational cost. It
has been utilized to update the modeled sea ice concentra-
tion towards the observations in sea ice-ocean coupled mod-
els [50,51] and in coupled global climate model [57]. Other
modeled sea ice and related variables (i.e., sea ice thickness,
sea surface temperature) are then adjusted to be consistent
with the updated ice concentration, i.e., the update of the
ice thickness is set to be proportional to the updated ice con-
centration [57]. Recently, nudging has been used to assimi-
late CryoSat2 sea ice thickness in the Met Office’s coupled
seasonal forecasting system [137]. The results of these stud-
ies suggested that the simple nudging approach is useful for
generating skillful sea ice initialization, which results in
improved sea ice simulation. However, nudging does not
consider spatial correlation in the modeled and observed
sea ice fields, and multivariate covariances, which leads to
dynamical inconsistencies. A more objective method that
takes into account observation and model error statistics is
needed, i.e., optimal interpolation.

(2) Optimal Interpolation (OI) determines the optimal weight
matrix (W) that minimizes the estimated error covariance
of the observed and modeled sea ice field, as described by
the following equations.

Xa = Xp + Wy, — H(xp)],

W = BH" (HBHT + R) o

where B is the background (model) error covariance matrix, which
determines the filtering of sea ice observations and its propagation
to the model space, and R is the observation error covariance
matrix. H sets the relationship between the model and the observed
sea ice variables (called observation operator). The OI solves the
equation directly by inverting the matrix HB + R. The OI has been
used to assimilate satellite sea ice concentration in the Regional
Ocean Modeling System [56] and the ECHAMS5/MPI-OM climate
model [57], which significantly reduces the difference in the ice
fraction and extent between simulations and observations. The OI
has also been used to examine impacts of assimilating observed
sea ice drift in stand-alone sea ice models [73-77] and a sea ice-
ocean coupled model [79]. These studies noted significant improve-
ments in the simulation of sea ice circulation, but mixed or
degraded performance in other modeled sea ice variables (i.e., sea
ice thickness). This is in part due to the incorporation of observed
sea ice drift tends to violate the ice dynamics in the model [77]. A
few studies further investigated the most appropriate way to assim-
ilate both sea ice drift and concentration in coupled ice-ocean mod-
els using the OI [48,52]. They suggested that assimilating ice drift
and concentration could be complementary, since the former (lat-

ter) is mainly dynamically driven (thermodynamically controlled).
However, the corrected sea ice state obtained from the OI is still
not consistent with model dynamics due to (1) error statistics
determined by some simplified assumptions and (2) artifacts intro-
duced by restricting observations falling in a surrounding area of
each model grid cell, which limits us to simple observation opera-
tors. Thus there is a tendency towards variational methods.

(3) The three dimensional variational method (3DVAR) bases on
optimal control theory, in which a cost function is mini-
mized under dynamical constraints that satisfy the govern-
ing equations of the model [138]. The cost function J(x) is

given by
) = 5 (ta0) "B () 3 [V H0) R o=t ).

Let the gradient VJ(x) = 0, then
-1
Xa = Xp + (3*1 i HTR”H) H'R [y, — H(xy)].

In practice, the analyzed sea ice state is obtained through minimiz-
ing the cost function using iterative methods. It represents the max-
imum likelihood estimate of the true sea ice state given the error
information from two sources (background and observation).
3DVAR takes into account all available observations, which avoids
the selective data used in the OI. In general, 3DVAR assumes that
the error covariance matrix is stationary. It has been demonstrated
that 3DVAR is effective at generating improved sea ice initial condi-
tions, leading to more skillful forecasts in sea ice-ocean coupled
models [55,139]. Currently, the U.S. Navy Arctic Cap Nowcast/Fore-
cast System [140] and the Canadian sea ice prediction system [141]
employ 3DVAR to assimilate various sea ice types for short-term sea
ice forecasts. However, 3DVAR and OI have the same limitation,
only considering errors in the spatial dimension, but not in the tem-
poral dimension. That is, 3DVAR does not consider the time depen-
dent and non-normal error in complex nonlinear dynamical models.
As an extension of 3DVAR, 4DVAR can determine the modeled tra-
jectory of sea ice state that is the best estimate of the observations
and satisfies dynamical constraints of the model equations within
an assimilation time window. The tangent linear and adjoint mod-
els are used to minimize the cost function within the assimilation
time window. So far, little effort has been made to examine the per-
formance of Arctic sea ice prediction through assimilating sea ice
observations using 4DVAR. This is largely due to high computa-
tional cost of 4DVAR, and complication of developing and maintain-
ing the adjoint model, which limits its application to date for
complex nonlinear dynamical models.

(4) Ensemble Kalman filter (EnKF) is a flow-dependent method.
It is a combination of the Kalman filter (KF) and Monte Carlo
statistical method [142]. An ensemble of model state realiza-
tions is utilized to describe and propagate the estimate of
model state and associated covariance matrix of the state
error. The equations of the Kalman filter are given by

Xa =X +K[y0 —H(ibﬂ,
P, = (1— KH)P;,

K = PH" (HPfHT n R) -

Here x;, and x, are the ensemble mean of the model forecast and
analysis, K is the Kalman gain. The matrices Py and P, are the
ensemble-sampled model forecast and analysis covariance
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matrices. The flow dependence of the EnKF arises from the fact
that the ensemble of model state is propagated in time and also
updated at the time when the observations are assimilated. The
EnKF is relatively easy to implement because it does not need tan-
gent linear and adjoint models to propagate error covariance. The
original EnKF is a stochastic method that perturbs the observa-
tions to generate the ensemble spread in accordance with the
ensemble mean error, but a number of variants of the EnKF have
been developed based on either stochastic (perturbed observa-
tions) or deterministic (square root) filters. Some variants of the
EnKF have been used to show their effectiveness for sea ice simu-
lation and forecasts. Lis&ter et al. [49] assimilated sea ice concen-
tration and thickness using the original EnKF. Sea ice
concentration and/or drift were assimilated in the TOPAZ4 coupled
sea ice-ocean data assimilation system and the Norwegian climate
prediction model using a deterministic variant of the EnKF [31,58].
A localized version of the EnKF had been used by Ref. [143] to
assimilate sea ice concentration. Yang et al. [105] further assimi-
lated both the ice concentration and thickness using the local sin-
gular evolutive Interpolated KF (LSEIKF, [144]). Chen et al. [111]
used the error subspace transform ensemble KF with localization
(LESTKF, [145]) to assimilate satellite-derived ice fraction and
thickness. The results obtained so far showed that they have pos-
itive effects in reducing the difference between model and obser-
vations. In general, the LESTKF (ESTKF) filter is recommended if a
local (global) filter is needed. The LESTKF consists of four steps:
initialization, forecast, analysis, and ensemble transformation.
Firstly, initial ensembles (perturbations overlaid on the mean state
of model trajectories) 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.
Secondly, all ensembles are dynamically evolved with the model.
Thirdly, the LESTKF is used to assimilate satellite sea ice parame-
ters, considering the observational errors and background uncer-
tainty represented by the spread of model realizations. Finally,
all ensembles are transformed to new states while preserving
the ensemble mean and covariance. In contrast to the original
EnKF that needs observation perturbations, which can introduce
sampling error that can make the analysis suboptimal, the LESTKF
uses a deterministic analysis scheme.

Among the methods mentioned above, 3DVAR and variants of
the EnKF are the most used methods to assimilate sea ice observa-
tions for operational sea ice forecast, and the use of EnKF has
recently become more common. 3DVAR is computationally effi-
cient, but the major disadvantage of 3DVAR is that the background
error covariance is stationary in time, while large variability exists
in the model forecast error. The EnKF can explicitly evolve the
background error covariance through the assimilation cycle, but
a major source of errors for EnKF is the sampling error due to a rel-
atively small ensemble size, which requires to restrict the
influence-distance for observations (so-called “localization”) and
inflation methods to avoid the underestimation of variances. To
combine the complementary features of both 3DVAR and EnKF,
and to address their respective issues, a hybrid ensemble and vari-
ational method, EnVAR, has been developed and is of increasing
interest [146,147]. In EnVAR, the background error covariance
obtained from the model ensemble is used to fully or partially
replace the static background error covariance commonly used
in variational methods. The Canadian regional sea ice prediction
system has recently transitioned from 3DVAR to EnVAR [148]
using multivariate ensemble covariance to assimilate observed
sea ice fraction. While EnVAR allows to incorporate flow depen-
dent error information into the variational data assimilation, it
can also suffer from the sampling errors due to a relatively small
ensemble size.

4. Discussion and summary

This paper provides a review of (1) sea ice parameters from
satellite remote sensing that have been utilized and are currently
under development for improved sea ice initial conditions, and
(2) capabilities and limitations of different data assimilation meth-
ods that have been used to assimilate sea ice observations in
dynamical models to aid in the sea ice forecast procedure.

A precondition for a meaningful assimilation of the aforemen-
tioned satellite-retrieved sea ice parameters (concentration, thick-
ness, pond fraction, leads, and drift) into coupled predictive
models is a realistic estimate of the retrieval uncertainties. For most
of the observational sea ice data sets, some knowledge about their
expected uncertainty exists [37,38,43,69,72,89,149]. However,
most of the data sets are not distributed with uncertainty fields.
Uncertainties of the satellite-retrieved sea ice parameters vary spa-
tially and temporally. For example, uncertainties are larger in the
marginal sea ice zone (low sea ice concentration, waves, flooding
etc.) or under melting conditions. It is necessary to synthesize avail-
able literature and validate with airborne, buoy and mooring data
to construct two or three dimensional uncertainty fields of the
satellite-retrieved sea ice parameters. While these uncertainty esti-
mates might not be correct for every single grid cell, the result still
will be a vast improvement over using a single, spatially homoge-
neous uncertainty value for a complete data set. It is furthermore
critically important that the influence of the uncertainty estimates
on Arctic sea ice prediction should be examined and documented in
a coordinated way, across operational and modeling centers.

The sea ice model component in most prediction systems uses
categories to describe the evolution of sea ice thickness distribu-
tion within each grid cell due to both thermodynamic and dynamic
processes. Each category has a value of fractional sea ice area. The
total sea ice concentration of a grid cell is the sum of fractional ice
areas for each category of ice. This is also true for other sea ice
parameters (i.e., ice thickness, melt pond fraction). However, satel-
lite observations only provide the aggregated value of sea ice
parameters at each grid cell. Thus, a scheme is required to remap
the updated aggregated sea ice parameters to ice categories after
the data assimilation. Such schemes need to consider the following
conservations. First, sea ice mass must be conserved when remap-
ping the analyzed state to ice categories. This can be achieved as
follows. Before assimilation, the ratios of the ice concentration
(volume) in each category to the total value are stored. After assim-
ilation, the analysis is remapped to the categories using their pre-
calculated ratios. If the new ice thickness is larger (smaller) than
the ice thickness bounds, the larger (smaller) portion is shifted to
the next (previous) categories, maintaining the conservation of
sea ice concentration and volume. Second, the sea ice temperature
gradient in the ice layers must be maintained. This conservation is
a consequence of the temperature gradient being closely related to
the ice internal heat conduction, which affects the ice energy
equilibrium.

Finding an appropriate method for sea ice assimilation is chal-
lenging. Unlike extensive research of data assimilation for numer-
ical weather predictions, sea ice data assimilation is a relatively
new area. Thus a rigorous intercomparison is needed to understand
the performance of different assimilation methods, i.e., which
method produces the most accurate analyses by effectively cor-
recting the fast-growing errors at affordable computational cost
using the same dynamical model, the same sea ice observations,
the same observation error covariance matrix, and the same obser-
vation operator. Such intercomparisons can be performed using
the Data Assimilation Research Testbed (DART, http://www.im-
age.ucar.edu/DAReS/DART) and the Parallel Data Assimilation
Framework (PDAF [150], http://pdaf.awi.de, a community software
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providing different ensemble assimilation methods). Further,
under the Joint Effort for Data assimilation Integration (JEDI)
framework, a unified community data assimilation system is being
developed, using a common code base. This software encompasses
a variety of data assimilation methods, which would facilitate such
intercomparison.

The data assimilation methods discussed above analyze variables
in a Gaussian (errors are assumed to be random in nature, and follow
statistically a normal distribution), which is the assumption behind
the cost function. This can introduce biases for non-Gaussian vari-
ables. We know that sea ice parameters are not Gaussian distributed,
i.e., the distribution of sea ice thickness features a long tail towards
thicker ice in remote sensing observations [6]. In practice, the distri-
bution of sea ice thickness is closer to a lognormal distribution, and
its mean mode/median are different. Thus the distribution of sea ice
parameters cannot be well represented by the Gaussian distribution.
When the Gaussian-based data assimilation method is applied for
non-Gaussian sea ice variables, it can make the variables unphysical,
for example, introducing negative value for sea ice thickness.
Fletcher and Zupanski [151,152] attempted to introduce different
distributions (i.e., log-normal and mixed Gaussian-lognormal) into
variational data assimilation frameworks. It is similarly necessary
to consider non-Gaussian distribution of sea ice parameters in data
assimilation methods, and to examine their impacts on sea ice fore-
cast at daily to seasonal time scales.

Additionally, sea ice dynamics are highly non-linear and tightly
coupled with the atmosphere and ocean. The Gaussian-based data
assimilation methods have only limited abilities to handle nonlin-
earity in dynamical models. For this reason, there is active research
in developing new filter algorithms. In particular, particle filter
methods [153] are fully nonlinear, but it is still a challenge to apply
them with high dimensional nonlinear models. Very recently, a few
studies have demonstrated that particle filters can be applied to
realistic high-dimensional models, in particular when they are
applied with the method of “localization” [154,155]. While these
methods should be suitable for sea ice data assimilation, none of
them have yet been assessed in this context.

This review paper emphasizes the importance of assimilating
satellite remote sensing of sea ice parameters into coupled predic-
tive models to improve capability to predict Arctic sea ice. Very
recently, a few studies also suggested that the incorporation of
satellite-based sea surface temperature can improve hindcast of
regional sea ice thickness during the melt season [156], and the
assimilation of Arctic radiosonde observations can result in skillful
prediction of sea ice advection driven by severe weather systems
along the northern sea route [157]. Thus the assimilation of addi-
tional atmospheric and oceanic observations that strongly coupled
to sea ice processes would benefit Arctic sea ice prediction [158].
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