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[1] Simulated CryoSat ice thickness measurements have been assimilated into a coupled
ice-ocean model to examine the impact in Arctic ocean prediction systems. The model
system is based on the HYbrid Coordinate Ocean Model (HYCOM) and the EVP ice
rheology, and the data assimilation method is the Ensemble Kalman Filter (EnKF). It is
shown how ocean salinity, surface temperature, and ice concentration fields are affected by
the ice thickness assimilation, and how these fields are improved relative to a free-run
experiment of the model. The ice thickness assimilation primarily affects the surface
properties of the ocean. By running two different assimilation experiments, it is shown
how the choice of stochastic forcing is crucial to the performance of the assimilation.
Specifically, it is shown how stochastic wind forcing is important to correctly describe
model prediction errors, which are important for the data assimilation step. The
assimilation experiments illustrate how the ice thickness observations can have a strong
impact on the ice thickness estimates of the model system. The manner in which the EnKF
forcing is set up is crucial, but with the correct setup, the assimilation of ice thickness
measurements could have a beneficial effect on the modeled ice thickness and ocean
fields.
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1. Introduction

[2] Sea ice is an important component of the climate. The
presence of sea ice has a strong impact on the exchange of
momentum, moisture and heat between the ocean and
atmosphere. The high albedo of sea ice means that it affects
the net short wave radiation input to the earth. Sea ice is also
important for the formation of deep waters at high latitudes,
and subsequently for the thermohaline circulation of the
world oceans [Aagaard and Carmack, 1989; Roach et al.,
1993; Visbeck et al., 1995; Marshall and Schott, 1999]. In
addition, knowledge of the sea ice is important for oper-
ations close to the ice edge. This makes the ability to
accurately forecast sea-ice parameters important for the safe
operation of fisheries and offshore industries.
[3] At present, ice concentration is the most frequently

observed property of sea ice. Data from airborne passive
microwave sensors has given good information on the areal
coverage of sea ice since the late 1970s. Information on sea
ice thickness has been more sparse, with measurements by
upward looking sonar mounted onboard British and US
submarines serving as the most comprehensive data set,

with data available from the 1950s to the 1990s. The data is,
however, sparsely sampled in time and can only give ice
thickness estimates along cruise tracks in the Arctic. A clear
picture of the sea ice cover and its impact on climate is hard
to obtain until more frequent sampling of the ice thickness is
possible.
[4] The recent launch of the ICEsat satellite mission of

NASA will therefore be a valuable addition to our current
sea-ice observing capabilities. This satellite has shown
potential for estimating sea ice freeboard, which, when
compared with snow depth estimates, may be used to obtain
ice thickness [Forsberg and Skorup, 2005]. This satellite
uses laser to measure the freeboard of the sea ice, and gives
an indication of sea ice thickness. A similar satellite
mission, CryoSat, was launched by ESA in October 2005,
but unfortunately this satellite failed before entering orbit.
That mission planned to use satellite altimetry techniques to
estimate freeboard of sea ice, a technique demonstrated by
Laxon et al. [2003], and further improved for CryoSat. A
replacement mission for the failed CryoSat is now scheduled
for 2009.
[5] Aside from the important climate information provided

by the thickness measurements, the data sets will also be
important for validating sea ice models. As shown by
Rothrock et al. [2003], there is considerable variability
among different sea-ice model results presented in the
literature. The ice models tend to show agreement on certain
features, for instance the decline of sea ice thickness in the
1990s. On the other hand, they differ considerably in detail.
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The inability of many sea ice models to properly represent
annual variability has also been noted by Laxon et al. [2003].
[6] The assimilation of sea ice variables can be used to

produce improved estimates of the sea-ice cover, as was
shown by Lisæter et al. [2003], where sea ice concentration
derived from passive microwave sensors were used. That
work demonstrated how assimilation of sea-ice concentra-
tion can improve the sea-ice variables, mainly by control-
ling the location of the ice edge. The multivariate
assimilation of sea ice concentration also affected the ice
thickness, but since this happened primarily along the ice
edge, the changes to the ice mass budget in the Arctic were
small. In another study, Lindsay and Zhang [2006] found
that the assimilation of ice concentration improved ice draft
RMS errors and correlation between observations and
modeled ice draft. However, the ice thickness bias was seen
to increase after the assimilation, owing to how ice was
introduced/removed in their experiment.
[7] The two studies mentioned above illustrate that it is

beneficial to improve model ice thickness through data
assimilation, both in uni- and multi-variate assimilation
schemes. An interesting approach to improve sea-ice thick-
ness in models is to use the information available from the
sea-ice drift. The study ofMeier et al. [2000] illustrated how
sea-ice thickness could substantially change owing to the
assimilation of ice drift. In another study, Zhang et al.
[2003] assimilated sea-ice drift into their model and com-
pared against ice thickness measurements from submarine-
mounted sonars. They found that ice drift assimilation led to
a reduced ice thickness bias, and an improved correlation
between modeled and observed ice thickness in the Arctic.
[8] The direct assimilation of ice thickness is not yet

possible on a regular basis owing to the lack of data. With
future observation systems in mind, the present study will

examine the potential for assimilating sea ice thickness
observations in coupled sea-ice/ocean models. Using avail-
able observations, data assimilation gives an improved
model estimate by combining model values and observa-
tions. Data assimilation can be used to produce historical
model estimates (reanalysis), or to produce improved model
forecasts. Two data assimilation experiments will be carried
out using synthetic sea ice thickness estimates, which mimic
error statistics from sensors which were on board the
CryoSat satellite. The results from the data assimilation
experiments and the impact it has on the coupled ice-ocean
model should be useful for future sea-ice prediction systems.
[9] The experiments done in this work use the Ensemble

Kalman Filter [Evensen, 1994, 2003, 2004] to assimilate
synthetic sea ice thickness data into a coupled ice-ocean
model. In this approach, both the state of the ocean and the
ice are modified by the assimilation. We will investigate the
effect of assimilating ice thickness over a 1-year period.
Also of importance is the setup of the stochastic forcing in
the experiments. The stochastic forcing is introduced to
increase the ensemble spread, and its effect will be inves-
tigated in the different data assimilation experiments.
[10] This work is presented as follows: In section 2 the

ocean/sea-ice model is presented, which is followed by a
short description of the EnKF in section 3. The generation
of the synthetic ice thickness fields is presented in section 4
and the setup of the experiments is described in section 5.
Section 6 discusses the assimilation runs and how well they
perform compared to a model run without assimilation. We
also look at the impact of individual assimilation updates to
the model fields, as well as the cumulative effect of the data
assimilation. This section also discusses the setup of the
random forcing used by the EnKF and how this affects the
results. The study is summarized in section 7.

2. Model Setup

[11] The ocean model used is the HYbrid Coordinate
Ocean Model (HYCOM) [Bleck, 2002], which is based on
the Miami Coordinate Ocean Model (MICOM) [Bleck and
Smith, 1990]. The MICOM model uses density as the
vertical coordinate. The main advantage of isopycnic coor-
dinates lies in their ability to maintain the properties of water
masses which do not communicate directly with the surface
mixed layer. In the interior of the ocean, mixing is believed
to mainly occur along neutral surfaces [Montgomery, 1938],
which for most situations are relatively close to isopycnic
coordinate surfaces.
[12] A major change in HYCOM relative to MICOM is

the introduction of hybrid coordinates, which makes it
possible to mix s-, z-, and isopycnal coordinates. This
approach allows for high vertical resolution z-layers close
to the surface of the ocean, and makes it easier to use
advanced vertical mixing schemes in HYCOM, such as the
K-Profile Parameterization [KPP; Large et al., 1994] which
is used in this study.
[13] The model grid has a resolution focus in the Nordic

Seas with closed boundaries in the Bering Strait and the
South Atlantic (see Figure 1). It was created with the
conformal mapping tools of Bentsen et al. [1999], and has
grid sizes ranging from 100 to 150 km in the Arctic. The
vertical discretization consists of 22 isopycnal layers, with

Figure 1. Illustration of the model grid. Every second grid
line is shown; also shown is the location of a section
referred to in the text (black line in the Arctic).
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densities ranging from 1021.8 to 1028.11 kg m�3. Note that
the lightest layers in this discretization are primarily used to
describe the surface mixed layer, as they are usually too
light to describe interior water masses of the ocean. The
lightest layers then become the surface z layers in the hybrid
coordinate formulation.
[14] The ice model uses a two-category description,

where the surface is classified as ice or open water. The
ice thermodynamic model uses the ‘‘0-layer’’ thermody-
namic formulation of Semtner [1976], which ignores the
specific heat of the ice, and a snow layer is included. The
momentum exchange between the ocean and the ice is given
by quadratic drag formulas. The bottom ablation of ice is
given by a simple parameterization, where positive ocean
heat (relative to the freezing point) is immediately used to
melt the ice. As a consequence of this, the ocean temper-
ature never deviates from the freezing point if ice is present.
The ice model also calculates salinity fluxes to the ocean
model when ice freezes or melts. The ice dynamics model
uses the Elastic-Viscous-Plastic (EVP) ice rheology of
Hunke and Dukowicz [1997]. The ice dynamic and thermo-
dynamic models have been solved for the same model grid
as the ocean model, shown in Figure 1.
[15] The synoptic forcing used temperature, winds,

humidity, clouds, precipitation and sea level pressure from
the NCEP/NCAR reanalysis [Kalnay et al., 1996]. River
input is modeled as a negative salinity flux. This flux is
spread evenly over all ocean points within a radius of
300 km centered on the river locations. The river sources
in the Arctic include the Lena, Ob, Kotuy, Dvina, Yenisei
and the Mackenzie rivers [Dümenil et al., 1993; Aagaard
and Carmack, 1989]. At the surface the ocean model uses
temperature and salinity relaxation toward the Generalized
Digital Environmental Model (GDEM) Climatologies
[Teague et al., 1990], with a common relaxation time scale
of 150 days. Note that if ice is present in a grid cell, no
relaxation is used.
[16] The ocean fields were initialized from the GDEM

Climatology, whereas the ice model was initialized with
2.5 m thick ice and 100% ice concentration wherever the
GDEM climatology deviated less than 0.1�C from the
freezing point of sea water. This initialization was done
for the month of January, and the model was then integrated
with the synoptic forcing for approximately 10 years prior
to the start of the experiment. For climate studies 10 years
of ocean model spin-up is probably too short, but since the
focus of the experiment is on the effect of the data
assimilation over a 1-year period, we deemed 10 years to
be sufficient. In addition, the 10-year spin-up allows the
spatial ice thickness distribution in the Arctic to evolve from
the initially uniform 2.5 m ice cover to a more realistic
spatial distribution, with thicker ice along the Canadian
Arctic Archipelago and the northern coast of Greenland. A
more detailed setup of each of the experiments is given in
section 5.

3. Ensemble Kalman Filter

[17] To assimilate observational data into a model system,
it is important to have a knowledge of the errors present in
the model and observations. Vital statistics are the error
covariance matrices of the observations and the model state.

The Ensemble Kalman Filter (EnKF) [Evensen, 1994] uses
an ensemble of model states to estimate the model error
statistics.
[18] In the EnKF approach, correlation patterns will

evolve according to the nonlinear evolution of the ensemble
members. This comes at a cost of model resources when
compared to for instance Optimal Interpolation (OI) methods
[e.g., Cooper and Haines, 1996; De Mey and Benkiran,
2001; Zhang et al., 2003]. The OI-methods integrate a single
model state, whereas the EnKF integrates several model
states in parallel, thus requiring more CPU time in total. The
main advantage of the EnKF is that error statistics are
calculated using different realizations of model states at the
current time, rather than using error statistics specified a
priori. Moreover, in multivariate data assimilation, OI meth-
ods require covariances between the assimilated variable
(ice thickness) and other variables (e.g., temperature). These
covariances are usually diagnosed from time-averaged
statistics, or from physical reasoning, whereas in the EnKF
they are derived statistically from the different model real-
izations. A brief explanation of the EnKF is given here; for a
more thorough description of the EnKF see Evensen [1994,
2003, 2004] and Burgers et al. [1998].

[19] Let yi
f 2 R

n�1 be the n-dimensional model forecast
of the ensemble member i 2 {1, 2, . . ., N}. This forecast
evolves in time from the analyzed ensemble member, yi

a, at
time tk,

y f
i tkþ1ð Þ ¼ gg ya

i tkð Þ
� �

þ bi tkð Þ: ð1Þ

Here bi 2 R
n�1 is an additive stochastic error component

drawn from a N (0, sb) distribution, and represents the
effect of model errors on the evolution of the ensemble
members. This error can be due to errors in the physical
assumptions of the model and due to external errors (e.g.,
atmospheric forcing), in our application bi is implicitly
introduced by adding stochastic forcing components to
the atmospheric forcing used by the coupled ice-ocean
model, see section 5. The operator g: Rn�1 ! R

n�1 can, as
already mentioned, be a nonlinear function of the model
state.
[20] In order to infer the error evolution of the model

state, knowledge is needed of the ‘‘truth.’’ In the EnKF, the
best estimate of the truth is represented by the ensemble
mean state. It follows that the model state error covariance
used in the EnKF is that given by the ensemble covariance.
Then, at any time, an estimate of the model state error
covariance matrix can be computed from the ensemble of
model states as

P f 
 P f
e ¼ y f

i �y f
� �

y f
i �y f

� �T

; ð2Þ

where y is the ensemble estimated mean state, and the
overbar denotes the expected value.
[21] At the time observations are available an analysis is

computed. The observations d 2 R
m�1 have an associated

uncertainty ���, and an observation error covariance matrix R =
��� ���T, where the observation error covariance matrix must be
based on prior knowledge of the observation errors. Let H 2
R
m�n be a linear operator that transforms the model state to
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the observation space. Then the analysis update is given by
the following variant of the traditional Kalman filter equa-
tion [Jazwinski, 1970; Burgers et al., 1998]:

y a
i ¼ y f

i þ P f
e H

T HP f
eH

T þ R
� ��1

di �Hy f
i

� �

¼ y f
i þ Ke di �Hy f

i

� �
;

where Ke is called the optimal Kalman gain. Special notice
should be taken of the observation vector di used in
equation (3); as indicated by its subscript it is different for
each ensemble member. This is because the observations
need to be perturbed to get an analysis error covariance
matrix consistent with the original Kalman Filter. As shown
by Burgers et al. [1998] the analysis with di taken from a

N (d, R) distribution gives the following analysis covariance
matrix:

P a
e ¼ I � KeHð ÞP f

e : ð4Þ

Here I is the identity matrix, and the analysis covariance
matrix derived in this way is consistent with the covariance
of the analysis in the Kalman Filter. Without perturbation of
the original observations d, the analyzed covariance would
be systematically underestimated, an effect which could
lead to filter divergence. By filter divergence we mean that
the error estimate of the model in the EnKF is too small, and
the analysis will have little impact on the model. This way
significant bias can develop in the model ensemble.
[22] It should be noted that variants of the EnKF have been

developed which removes the need for perturbed observa-
tions [see Anderson, 2001; Whitaker and Hamill, 2002;
Bishop et al., 2001; Evensen, 2004], but for our experiments
we use the analysis method given by equation (3).
[23] In the literature, the model state errors described by

the EnKF (Pe
f ) are frequently called EnKF estimated errors

or forecast errors. In the following, we will use the term
prediction error to describe this quantity.

4. Synthetic Ice Thickness Data

[24] The ice thickness data used in this study is intended
to be a realistic representation of ice thickness products of
the CryoSat mission. It is created using sea ice model data,
which gives estimates of the ice thickness, ice concentra-
tion, surface temperature and snow thickness. The surface
state is then used in a model which simulates the orbit of the
CryoSat satellite, and the instrument and geophysical errors
introduced by the sea ice thickness retrieval. The synthetic
ice thickness data was generated for 1990, the year when the
assimilation experiment takes place. It should be noted that
the model used to generate the synthetic ice thickness,
briefly described below, is different from the model used
in the assimilation experiments.

4.1. Background Ice Thickness Data

[25] The surface state was generated from a run of a coupled
sea-ice/oceanmodel. This model is different from the one used
in the assimilation experiments, and consists of the Miami
Isopycnic Coordinate Ocean Model (MICOM) [Bleck and
Smith, 1990] coupled to a dynamic-thermodynamic sea ice

model. The sea ice model uses the Viscous-Plastic rheol-
ogy of Hibler [1979], as implemented by Harder [1996].
The thermodynamic module is described by Drange and
Simonsen [1996]. Two major differences between the
model used to generate synthetic ice thickness data and
the one used in the assimilation experiment (section 2) are
in the ocean model and the ice model. It should also be
noted that the model grids are slightly different, but they
both include the Arctic and the North Atlantic Ocean.
[26] The model used to generate synthetic ice thickness

was run for a 40-year period, from 1958 to 1998 using
NCEP forcing, and relaxation to Levitus climatologies
[Levitus et al., 1994; Levitus and Boyer, 1994]. Compar-
isons of the modeled fields with ice thickness from subma-
rine sonar measurements are shown in Figure 2 for two
submarine cruises done in 1990 and 1991.

4.2. Generation of Synthetic CryoSat Observations

[27] After having obtained the ice thickness estimates
from the coupled ice/ocean model, the sampling pattern of
CryoSat was used to obtain measurements, using the model
as the ground truth. An example of the ice thickness
sampled this way is shown in Figure 3. Errors were then
added to the thickness estimates to simulate the errors of the
CryoSat sensor. As the CryoSat satellite sensor measures the
freeboard hf, a first step is to convert model ice and snow
thickness to freeboard height,

hf ¼
rw � ri
rw

hi �
rs
rw

hs; ð5Þ

where h and r are thickness and densities of the snow and
ice (subscript i or s), and rw is the density of sea water. The
synthetic freeboard estimate is then calculated by adding a
random error wf to the model freeboard estimate. The
random error wf has an error variance sf

2, which is a
function of the ice elevation error variance sEice

2 and the
ocean elevation error variance sEocn

2 ,

h0f ¼ hf þ wf

s2
f ¼ s2

Eice þ s2
Eocn: ð6Þ

The error variances of ice and ocean elevation depend on
formulas given by Laxon [2001] and Peacock and Laxon
[2004]. These errors are functions of the surface state,
depending on ice concentration, ice thickness, surface
temperature and backscatter contrast between ocean and
water. The errors were computed using a simulation of the
CryoSat instrument and retrieval algorithms over idealized
sea ice surfaces.
[28] Experience from the ERS sensors indicates that as

the surface temperature reaches the melting point, the
location of the surface reflection becomes ambiguous.
Therefore, if the surface temperature rises above �5�C,
the synthetic data is discarded. Furthermore, owing to a
strong dependence of ice elevation error on the ice concen-
tration, an ice concentration threshold has been introduced.
If the model ice concentration is below 0.7, the synthetic
data is discarded as well. We stress here that this applies
only to the generation of the synthetic observations. In the
experiments, any available data will be used regardless of
the surface temperature or ice concentration in the model.

ð3Þ
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