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Abstract Remotely sensed observations of sea-level
anomaly and sea-surface temperature have been assim-
ilated into an implementation of the Miami Isopycnic
Coordinate Ocean Model (MICOM) for the Indian
Ocean using the Ensemble Kalman Filter (EnKF). The
system has been applied in a hindcast validation exper-
iment to examine the properties of the assimilation
scheme when used with a full ocean general circulation
model and real observations. This work is considered as
a first step towards an operational ocean monitoring and
forecasting system for the Indian Ocean. The assimila-
tion of real data has demonstrated that the sequential
EnKF can efficiently control the model evolution in
time. The use of data assimilation requires a significant
amount of additional processing and computational
resources. However, we have tried to justify the cost of
using a sophisticated assimilation scheme by demon-
strating strong regional and temporal dependencies of
the covariance statistics, which include highly aniso-
tropic and flow-dependent correlation functions. In
particular, we observed a marked difference between
error statistics in the equatorial region and at off-equa-
torial latitudes. We have also demonstrated how the
assimilation of SLA and SST improves the model fields
with respect to real observations. Independent in situ
temperature profiles have been used to examine the
impact of assimilating the remotely sensed observations.
These intercomparisons have shown that the model
temperature and salinity fields better resemble in situ

observations in the assimilation experiment than in a
model free-run case. On the other hand, it is also
expected that assimilation of in situ profiles is needed to
properly control the deep ocean circulation.

Keywords Assimilation of SLA and SST � EnKF �
Indian Ocean

1 Introduction

The motivation for this study has been to implement a
system which will provide a basis for future operational
monitoring and prediction of the Indian Ocean. We have
assimilated the combined gridded sea-level anomalies
(SLA) from ERS and Topex/Poseidon and sea-surface
temperature data (SST) from AVHRR into the Miami
Isopycnic Coordinate Ocean Model (MICOM) imple-
mented for the Indian Ocean, using the Ensemble Kal-
man Filter (EnKF) developed by Evensen (1994). The
model is more complex than previous models run in the
area and has been validated using altimeter SLA and
previously published model and in situ data (Haugen
et al. 2002), and has proved to reproduce the ocean
circulation, water masses and volume transport well.
Modelling efforts in the Indian Ocean have not been as
extensive as in other parts of the world’s oceans. The
authors know of only two previous assimilations studies
in the Indian Ocean. Greiner and Perigaud (1994,1996)
assimilated Geosat sea-level variations into a non-linear
reduced-gravity model of the Indian Ocean using the
adjoint method. Another work is by Lopez (1998), who
applied the optimal interpolation method to a version of
the sigma-coordinate, free-surface, primitive equation
Princeton Ocean Model (POM) for the North Indian
Ocean.
The Indian Ocean is a region which is sparsely cov-

ered by in situ data, and a best-possible estimate of the
ocean circulation will ultimately be obtained through
assimilation systems which represent an optimal way of
merging knowledge about the ocean obtained indepen-
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dently from models, in situ and remote sensing obser-
vations.
The Ensemble Kalman Filter was introduced to

resolve previously reported problems with the traditional
Kalman Filter. It integrates an ensemble of model states
from which the error covariances can be calculated. The
method blends observations and model solutions
according to their respective accuracy. The EnKF allows
for non-linear evolution of error statistics while still
applying a linear equation when computing the analysis.
The assimilation scheme’s ability to find a better estimate
of the true field has been investigated by validating the
model with and without assimilation using independent
temperature and salinity data.
The EnKF has recently been validated and inter-

compared with other assimilation methodologies in a
large number of applications using different dynamical
models. Some recent examples are the following: Miller
et al. (1999), Hamill and Snyder (2000), Keppenne
(2000), Pham (2001) and Verlaan and Heemink (2001),
where in particular Hamill and Snyder (2000) is inter-
esting, since it intercompares the EnKF with a state of
the art 3DVAR (optimal interpolation) method, and
concludes that the EnKF is superior due to its ability to
predict flow-dependent error statistics. Evensen and van
Leeuwen (1996) studied the ring-shedding process in the
Agulhas Current using the EnKF and found that the
method produced results consistent with the data and
that the assimilation of data provided a means to correct
for deficiencies or neglected physics in the model. The
results from these papers have encouraged us to further
examine the EnKF with a MICOM implementation for
the Indian Ocean.
Section 2 briefly presents the model used in this ex-

periment, followed by a description of the data assimi-
lated and the in situ data used for validation in Section
3. A description of the data-assimilation technique and
the simulation strategy is presented in Section 4. In
Section 5, results of the simulations over 5 months of
altimeter data in the surface and subsurface, respec-
tively, are discussed. The assimilation impact is evalu-
ated by comparison with a free model run and quantified
using independent in situ temperature and salinity data
in Section 6. Correlation functions have been computed
and plotted in Section 7. In Section 8 a final discussion
concludes the paper.

2 Model

The physical model used is based on the Miami Iso-
pycnic Coordinate Ocean Model (MICOM), which is a
dynamic-thermodynamic ocean general circulation
model described in detail by Bleck et al. (1992), but see
also Bleck and Boudra (1986), Bleck et al. (1989) and
Smith et al. (1990). In this paper only a brief presen-
tation of the present model configuration will be given,
as it has previously been described in Haugen et al.
(2002). The model solves the primitive equations, using

a split-explicit numerical scheme (Bleck and Smith
1990), and is in the horizontal discretized on a C-grid.
In the vertical, MICOM uses potential density as the
coordinate. The present implementation of the model
has 15 layers based on densities from the study area.
The upper layer is a mixed layer which interacts with
the atmospheric forcing through freshwater and heat
fluxes and the transfer of wind stress. It interacts with
the interior layers through entrainment/detrainment
processes when the mixed layer deepens/retreats, and
the mixed layer depth is based on the bulk represen-
tation by Gaspar et al (1990). The different layers in-
teract mainly through hydrostatic pressure forces, but
there is also a vertical flux due to a specified diapycnal
mixing.
The model domain is shown in Fig. 1. An orthogonal

curvilinear grid (Bentsen et al. 1999) is used to enhance
the resolution in the northern Indian Ocean, where the
minimum grid distance is 42 km, sufficient to resolve the
larger mesoscale features. The bathymetry used was in-
terpolated to the model grid using an improved version
of ETOPO-5, named DS759.2 from the TerrainBase
project conducted by the National Geophysical Data
center and World Data Centers-A for Solid Earth
Geophysics and for Marine Geology and Geophysics
(NGDC/WDC-A).
The model was initialized using Levitus data, and

spun up over 10 years using climatological monthly
means of atmospheric forcing data (winds, air temper-
ature and relative humidity) from the European Centre
of Medium-Range Weather Forecasting (ECMWF).
The model was then forced using a mixture of radiative

Fig. 1 Model domain and grid size (cm) of the Indian Ocean
model. The section used for validation in Section 6.1 is shown with
a solid line. The position of the temperature profiles used for the
validation in Section 6.2 are shown as bullets, and numbers
correspond to profile numbers. The two filled squares represent
the two locations from which correlation in Section 7 has been
computed. The open square represents the position plotted in time–
depth in Section 7.3
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forcing and climatological cloud cover from the
Comprehensive Ocean–Atmosphere Data Set (COADS),
precipitation from Legates and Willmott (1990) and
synoptic atmospheric fields (winds, air temperature, sea-
level pressure and relative humidity) from ECMWF.
The ECMWF data are available every 6 h with a spatial
resolution of approximately 1� by 1�. Data have been
bilinearly interpolated to the model grid, and Hermitian
interpolated in time.
The mass flux is determined by evaporation minus

precipitation and is implemented as a salt flux (Sflx). The
evaporation is computed based on the latent heat flux,
and involves a transfer coefficient and the specific heats
of the surface water and air. The specific humidity of air
is calculated from synoptic fields of relative humidity,
sea-level pressure and air temperature. The freshwater
flux from the Brahamaputra and Ganges rivers into the
Bay of Bengal is included in the model, using monthly
averages from the UNESCO database (2000) and Perry
et al. (1996), and is used to update the mixed-layer
salinity, by treating the freshwater flux as a negative
salinity flux. The heat flux through the ocean surface
(Qtot) is computed based on fractional cloud cover which
influences the solar irradiance, the air and mixed-layer
temperatures which determine the sensible heat flux,
the evaporation which gives the latent flux and finally
the longwave radiation.
The surface heat flux ðQ�

totÞ and the salinity flux ðS�flxÞ
are relaxed to observed monthly mean temperature
T*and S*, respectively, and expressed as:

Q�
tot ¼ Qtot � cp

h
trelax

qðT � � T Þ ; ð1Þ

where cp ¼ 3.99 J Kg)1K)1 is the specific heat of sea
water, h (m) is the mixed-layer thickness and trelax (s) is
the time scale for relaxation. The surface salinity flux is
expressed as:

S�flx ¼ Sflx �
h

trelax
qðS� � SÞ : ð2Þ

The relaxation used in this experiment is weak, with a
decorrelation time of trelax ¼ 50 days.
On the open boundaries we apply a relaxation of

temperature and salinity to monthly averaged climatol-
ogies produced by a global version of MICOM. The
global model has a resolution of 1.5� and was initialized
using Levitus climatological data. The purpose of re-
laxing to the global model fields, rather than using
Levitus data directly, is that we expect the global model
fields to be smoother and in better dynamical balance
than the original Levitus data.

3 Data sets

3.1 Altimeter data

Combined ERS and Topex/Poseidon gridded Maps
of Sea-Level Anomaly, MSLA, altimeter data

products1 with a spatial resolution of 0.25� by 0.25�
and a temporal resolution of 10 days, were assimilated
into the model.
The MSLA products are generated from AVISO

GDR-M (geophysical data records) products for
Topex/Poseidon and from CERSAT OPRs (ocean
products) for ERS altimeter data. These data have
already been corrected for instrumental errors, envi-
ronmental perturbations (wet and dry tropospheric
correction) and fitted to the more precise Topex/Po-
seidon data using a global minimization of ERS and
Topex/Poseidon dual cross-over differences (Le Traon
1995; Le Traon and Ogar (1997)). This provides ERS
orbits with accuracy similar to Topex/Poseidon orbits
of 2 cm rms. The MSLA are obtained using an im-
proved space/time objective analysis method which
takes into account long wavelength errors. Long
wavelength error is set to 3 cm rms and instrumental
noise to 2 cm rms for Topex/Poseidon, and 4 and 3
cm rms, respectively, for ERS. A mean sea-surface
height (SSH) provided by CLS has been added to
the observed SLA in Section 7.3 to compare with the
simulated SSH.

3.2 Sea-surface temperature data

Gridded sea-surface temperature data elaborated at
CLS from the NASA Pathfinder SST data were also
assimilated into the model. The data have a temporal
resolution of 10 days, and are gridded on a 0.25� by
0.25� horizontal resolution grid, coincident with the
SLA maps, using a median filter in order to avoid data
points which may be influenced by clouds. Only night
images were used in order to avoid possible problems
with skin surface temperature occuring during the
daytime.

3.3 In situ data

The 101W section of temperature and salinity along
9�N from the World Ocean Circulation Experiment
(WOCE 1995–1996), covering the period from August
25th to September 28th, 1995, was chosen for valida-
tion studies (section labelled 9� N in Fig. 1). In
addition, temperature profiles from the Global Tem-
perature-Salinity Profile Program (GTSPP 1995)

1 The altimeter products have been produced by the CLS Space
Oceanography Division as part of the European Union’s Envi-
ronment and Climate project AGORA (ENV4-CT9560113) and
DUACS (ENV4-CT96-0357) with financial support from the CEO
programme (Centre for Earth Observation and Midi-Pyrenees
regional council). CD ROMs are produced by the AVISO/Alti-
metry operations centre). The ERS products were generated as part
of the proposal: Joint analysis of ERS-1, ERS-2 and TOPEX/
POSEIDON altimeter data for oceanic circulation studies, selected
in response to the Announcement of Opportunity for ERS-1/2 by
the European Space Agency (proposal code: A02.F105).
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database were also used for validation. These profiles
are data from ships or buoys, and instruments used to
collect them include thermistor chains (on buoys),
expendable bathythermographs (XBTs), digital bathy-
thermographs (DBTs), bottle samplers and CTDs
(conductivity–temperature–depth sensors). The ‘‘best
copy’’ files which are used in this experiment are
assembled to provide the most complete data set
without duplication.

4 Assimilation method: the Ensemble Kalman Filter

In a sequential assimilation method the model is inte-
grated forward in time, and whenever measurements are
available, they are used to reinitialize the model before
the integration continues. Neglecting the time index and
denoting a model forecast and analysis as wf and wa ,
respectively, with measurements contained in d, data are
related to true state through the measurement matrix H,
and the respective error covariances for model forecast,
analysis and measurements as Pf, Pa and R, the analysis
equation becomes:

wa ¼ wf þ PfHTðHPfHT þ RÞ�1ðd�HwfÞ ; ð3Þ
with the analysis error covariances given as:

Pa ¼ Pf � PfHTðHPfHT þ RÞ�1HPf : ð4Þ
This reinitialization is determined as a weighted linear
combination of the model prediction and the measure-
ments. The weights are the inverses of the error covari-
ances for the model prediction and the measurements,
and the optimal linear combination becomes the best
linear unbiased estimator.
The error covariances for the measurements, R, need

to be prescribed based on our best knowledge about
their accuracy and the methodologies used to collect
them. The error covariances for the model prediction,
Pf, are also needed. In simple methods like optimal
interpolation (OI), Pf is specified, while in more so-
phisticated methods one integrates equations for the
time evolution of the error statistics for the model
state.
The EnKF was first proposed by Evensen (1994) to

resolve two major problems related to the use of the
Extended Kalman Filter (EKF) with non-linear dy-
namics in large state spaces. The linearization used in the
error covariance equation in the EKF has been shown to
be invalid in a number of applications, e.g. by Evensen
(1992) and Miller et al., (1994).
The EnKF applies a Markov chain or Monte Carlo

method to solve the Fokker Planck equation for the
probability density of the model solution (Jazwinski
1970). The probability density can be represented using
a large ensemble of model states and is evolved in time
by integrating these model states forward in time
according to the model dynamics formulated as a sto-
chastic differential equation.

An ensemble representation of the analysis Eq. (3)
is used for the computation of the analysis (Evensen
2001). The forecasted model states are stored in a
matrix A, i.e.

A ¼ ðw1;w2; . . . ;wN Þ 2 Rn
N ; ð5Þ
where n is the dimension of the model state and N is
the number of ensemble members. The ensemble
mean, �ww, is stored in each column of �AA, which can be
defined as:

�AA ¼ A1N ; ð6Þ
where 1N 2 RN
N is the matrix where each element is
equal to 1/N. We can then define the ensemble pertur-
bation matrix as:

A0 ¼ A� �AA ¼ AðI� 1N Þ ; ð7Þ
where I is the identity matrix. An ensemble approxi-
mation of the model error covariance matrix is then
given by

Pfe ¼
1

N � 1A
0A0T ; ð8Þ

where subscript e stands for ensemble.
The ensemble mean, �ww, is considered to be the best

guess estimate, and the spreading of the ensemble
around the mean gives the error variance of the en-
semble.
In order to have a variance minimizing analysis

scheme following Burgers et al. (1998), we also need
to create an ensemble of observations, D ¼
ðd1; d2; . . . ;dN Þ 2 Rm
N , where m is the number of
measurements. Each column, dj, is a perturbed mea-
surement vector created by adding a noise vector to the
observations

dj ¼ dþ ej; j ¼ 1; . . . ;N : ð9Þ
Here ej is a vector of observation noise picked ran-
domly from a Gaussian distribution with mean
equal to zero, a specified covariance representing the
measurement error statistics and the standard devia-
tion equal to the measurement standard deviation.
Thus, the measurement error covariance matrix is
given by

R � Re ¼ eeT ; ð10Þ
where the overline denotes an ensemble mean.
The analysis can now be computed from

Aa ¼ Af þ PfeH
TðHPfeHT þ RÞ�1ðD�HAfÞ ; ð11Þ

which provides a new ensemble with error statistics
consistent with the traditional analysis Eq. (4). Note
that only data located at grid points within a certain
influence radius (here chosen to 40 km) are used in the
update of the state variables in each grid point. This is
a common procedure normally denoted as a local
analysis.

136



5 Results and validation

The impact of assimilation on model variables is dis-
cussed through comparisons with the various data sets
presented in Section 3.

5.1 Experiment design

In this experiment we used an ensemble of 150 model
states which was created for January 1995 by per-
turbing layer interfaces in MICOM. The perturbations
were drawn from a sample of smooth pseudorandom
fields initially having mean equal to 0 and variance
equal to 1. A specified covariance function determines
the smoothness of the fields. The algorithm described
by Evensen (1994) was used to generate the fields. A
predetermined correlation can be introduced between a
sample of pseudorandom fields by choosing each new
sample as a specific linear combination of the original
fields. Such an algorithm were also described by
Evensen (1994). Further, the multiplication of each
pseudorandom field (having 0 mean and variance equal
to 1) with a constant r will lead to a new sample with
variance equal to r2.
The initial ensemble was thus created by adding

smooth and vertically correlated pseudorandom fields
drawn from a sample with mean equal to zero and for
each vertical layer the variance represents 10% of the
layer thickness at the location. This results in a sample
of model states which all have slightly different stratifi-
cation. These differences should be a measure of our
confidence in the specified water mass characteristics of
the model initial conditions. From this initial ensemble,
a short spinup simulation is required to ensure that the
whole model state is in dynamic balance. The horizontal
decorrelation length used was set to three times the grid
spacing in the model, or 150 km on average. Note that
the horizontal spatial correlation specified for the
pseudorandom fields is not critical, since the model will
quickly develop its own scales consistent with the dy-
namics during the spinup simulations.
Model errors include both errors of model physics

(forcing errors, errors in parameterization, etc.) and er-
rors in the numerical solution methods. Here, it is as-
sumed that the dominant model errors are connected to
mis-specifications of atmospheric forcing fields used to
compute the surface fluxes. Thus, we have treated the
atmospheric forcing as a stochastic process and added
spatially and temporally correlated random fields to the
atmospheric data. The random fields are independent
for each ensemble member, and the horizontal decorre-
lation length is 1500 km, approximately representing the
horizontal scales of mesoscale atmospheric structures at
the model latitude. The decorrelation time is 50 h. For
the different atmospheric fields we have used the fol-
lowing standard deviations: rairtemp ¼ 3.0 �C, rwind ¼
5.0 m s-1,rtaux ¼ 0.5 (Pa) and rtauy ¼ 0.5 (Pa).

Next, the ensemble was spun up by integrating each
ensemble member forward from January 1 st, 1995, till
April 10th 1995. The assimilation experiment was run in
hindcast mode starting on April 10th, 1995, and ending
160 days later in September 1995.
The ensemble mean at April 10th, 1995, was com-

puted, and used to initialize a single member which was
integrated forward in time without assimilation, over the
time period of the experiment. This integration will
hereafter be called the model run in free mode, and will
be used as a reference when we study the impact of as-
similating SLA and SST into the model. Two free-mode
experiments were run, one without relaxation (experi-
ment F1) and another with a weak relaxation of surface
fluxes of temperature and salinity (trelax ¼ 50 days) to-
wards climatological values (experiment F2).
The assimilation experiment (B4) was run with 150

members in the ensemble and SLA and SST were as-
similated every 10 days (Table 1). For the SLA assimi-
lation we needed a mean SSH field in order to generate
the model-predicted SLA field. This is because the sat-
ellite data are given as SLA data, while the model output
is SSH data. The model SLA is calculated by subtracting
a mean SSH field from the model SSH field. The mean
SSH field has been generated as a time mean of SSH
fields from a 4-year model simulation. The observations
have correlated data errors, and we use a Gaussian
function to model the decorrelation length, which is
defined to 10 km. The output of the assimilation ex-
periment was also sampled every 10 days, with forecast
results before the assimilation of observations and
analysis results after assimilation.

5.2 Impact of data assimilation

The modelled and SLA and SST are compared with the
gridded SLA from ERS and Topex/Poseidon and grid-
ded SST from AVHRR, respectively. This provides us
with information about the Ensemble Kalman Filter’s
ability to reconstruct SLA and SST.
For each assimilation step (k) the residual between

observations and forecasts is computed and provides a
time series, often named the innovation,

Ik ¼ dk �H�wwfk ; ð12Þ
where dk is the vector of measurement at assimilation
step k, and �wwfk is the ensemble mean at the same time.
The RMSE of the innovations

Table 1 Experiments

Experiment Description

F1 Model in free mode without relaxation of salinity
and temperature

F2 Model in free mode with relaxation of salinity
and temperature

B4 Assimilation of SLA and SST into the model
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RMSEk ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

m
ðdk �H�wwkÞ

Tðdk �H�wwkÞ
r

; ð13Þ

provides a measure of the distance between the model
and measurements.
The standard deviation computed from the ensemble

(STD B4) for both SLA and SST, gives a measure of the
error estimate for SST and SLA for themodel integration,

STDk ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

m
traceðHkP

f
kH
T
k Þ

r
: ð14Þ

The sum is here over the same elements as in Eq. (13).
The RMSE of SLA and SST is plotted for the different
experiments in Fig. 2. The experiments F1 and F2 were
initialized with the same initial conditions as the assim-
ilation experiment. The experiment F2 is closer to the
observed data than experiment F1, for both SLA and
SST. Greatest difference between the two model simu-
lations F1 and F2 is seen in SST (Fig. 2, bottom), as
expected, since the experiment F2 was run with a re-
laxation of SST and the experiment F1 was not. The
improvement in SLA between the two experiments F1
and F2 is assumed to be due to steric effects. The large
model data misfits remain of the same order of magni-
tude during the 160 days of the experiment. The exper-
iment F2 conserves its initial error level over the period,
while experiment F1 provides a somewhat poorer com-
parison with the data.

From the ensemble integration with assimilation of
SLA and SST (B4), we observe that the error is increasing
between assimilation steps, with a reduction every time
SLA and SST are assimilated. The assimilation run
shows a significant improvement with the lowest overall
RMSE SST of 1 �C, and an RMSE of 5 cm for SLA.
In Fig. 2 the RMSE and STD are shown for SLA

(upper plot) and SST (lower plot). If the errors for SLA
and SST are well represented, the standard deviation
computed from the ensemble should be close to the
RMSE.
The SST observations were introduced with a stan-

dard deviation of 0.7 �C, and the RMSE and STD val-
ues are between 0 and 1 �C, hence the SST error is well
estimated. SLA were introduced with a standard devia-
tion of 5 cm, the STD computed from the ensemble for
SLA error 1–3 cm, while the RMSE error is 3–6 cm,
hence the error for SLA is slightly underestimated. The
reason might be too little model energetics with the
present resolution. It might also be caused by a too small
perturbation of deep layers in the initial ensemble (these
are not properly corrected using only surface data).
However, increasing atmospheric forcing errors may
help for SLA, but would probably lead to an overesti-
mate of SST errors.
Maps of the innovations ðdk �H�wwkÞ are computed

for SLA (Fig. 3, left) and SST (Fig. 3, right) as average
over the time period 130 to 260 days. The difference

Fig. 2 Time series of RMSE for
model runs in free mode
(RMSE F1 and RMSE F2) and
the assimilation experiment
(RMSE B4) with observed SLA
(top) and SST (bottom), respec-
tively. Standard deviation
(STD) from the ensemble for
SLA (top) and SST (bottom) is
also plotted and denoted (STD
B4)
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between the model run in free mode (F2) and the ob-
servation data SLA and SST (Fig. 3, top) is high in
most of the study area. The difference between ob-
served and simulated SLA is about 10 cm, and for
observed and simulated SST about 1.5 �C. From the

forecast results (Fig. 3, middle) an improvement of the
model state is observed. Greatest difference in SLA is
seen in high variability areas like the Somali Current,
which is underestimated by the model, and parts of the
Bay of Bengal, mainly along the coast. In general, the
difference is now reduced to 2–4 cm. The forecast re-
sults of SST also provide a strong update towards the
observations, with an overall difference of about 0.5–
0.7 �C. The analysis results (Fig. 3, bottom) are very
close to the assimilated data, as expected.

Fig. 3 Maps of the innovations (dk �Hwwk) average over days 130
to 260, of SLA(m) (left column) and SST (�C) (right column)
between observation and model in free mode (F2) (top row),
observation and forecast (B4) (middle row) and observation and
analysis results (B4) (bottom row) averaged over time
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5.3 Mean correlation coefficient

The mean correlation coefficient between observed and
simulated SLA was also computed for the study area for
days 130 to 260. The first 30 days were not included, as
we expect these to contain the largest errors. The cor-
relation coefficient is a measure of the model’s ability to
simulate the variability of the observed data, but does
not indicate how far away the simulated data are from
the observed data. The correlation coefficient is lowest,
only 0.39 for the model run in free mode with surface
relaxation (F2). Assimilation (B4) shows a significant
improvement in the correlation, which has increased to
0.54 for the forecast results. The analysis results show a
correlation coefficient as high as 0.95, as expected. This
shows that the model initializes through the assimilation
and remembers some of this information during the
forward integration.
The mean correlation coefficient between observed

and simulated SST for experiment F2 was as low as 0.36,
and increased to 0.61 for the forecast results, and to 0.79
after the analysis, showing the significant impact pro-
vided by assimilation in this area. Obviously, replacing
the model SST with observed SST would give the cor-
relation equal to 1 for SST and this would be equivalent
to a direct insertion method. However, we are comput-
ing a statistical multivariate estimate based on a model
prediction with different types of observations and we
find a solution which is dynamically consistent with the
model and includes an error estimate consistent with
prior specified errors specified for the data and the erros
predicted for the model solution.
The correlation was also computed in three subareas,

the Arabian Sea, Bay of Bengal and the equatorial re-
gion, to investigate essential possible geographical dif-
ferences, but the same trend was seen for all areas.

6 Comparison with independent data

In this section, along 9� N we compare simulated tem-
perature and salinity sections with independent data
from WOCE. In addition, temperature profiles are
compared with the independent GTSPP data.

6.1 Comparison of temperature and salinity
section along 9� N

The temperature and salinity section from the WOCE
experiment (see Sect. 3) is used for comparison with the
model run in free mode (F2) and the assimilation case
(B4). This section provides an excellent opportunity for
comparison, since it is independent of the data assimi-
lated into the model, and is one of few sections available
in the Indian Ocean covering the same time period as
this experiment.
Figure 4 shows the temperature and salinity section

along 9� N in the Arabian Sea for the upper 500 m. The

temperature and salinity sections for the observations
and the two experiments are relatively similar. Greatest
difference between in situ data (Fig. 4, top) and the
model in free mode (Fig. 4, middle) is seen west of
56� E, where the model’s temperature and salinity is
lower in the upper 100–200 m. The deepest point of the
top layer is displaced to the west of its observed location
in the model run, and the slopes of the isotherms on
either side of the deep maximum of 54� E are clearly
underestimated. These steeply sloping isotherms that
appear in the observations are clearly the signature of an
intense current or gyre, which is underpredicted in the
free model, and inadequately corrected by assimilation.
After assimilation (Fig. 4, bottom), the mixed layer has
deepened, but is still about 50 m shallower than seen
from the in situ data. The impact of assimilation is
clearly seen down to about 400–500 m. In the upper 200
m, salinity has increased by 0.2 psu after assimilation.
West of 58� E, salinity is still about 0.2 psu lower than
seen from the in situ data. The model in free mode
simulates temperatures up to 0.6 �C lower than the
in situ data in the surface layer, between 64� and 70 �E.
Some of this difference has been corrected by the as-
similation, although temperatures are still about 0.4 �C
lower. Below 100 m, east of 70 �E, the salinity has been
reduced after assimilation, but is still about 0.2–0.4 psu
higher than seen from in situ data.
The upward tilting of isopycnals towards the coast

indicates upwelling (Johannessen et al. 1981) off the
southwest coast of India, and the southward-flowing
West Indian Coastal Current (Shetye et al. 1991). From
the in situ data, a downward tilt of isopycnals in the
subsurface layers is seen in the eastern part of the section
plot. This indicates a weak undercurrent of opposite
direction flowing northward, during the SW monsoon,
following the shelf. This downward tilt was absent from
the model run in free mode and has been corrected by
the experiment with assimilation. The low salinity
observed in the surface layer, which was increased in the
assimilation experiment and more closely resembles the
in situ data, indicates transport of the less saline Bay of
Bengal water northward with the undercurrent.

6.2 Temperature profiles

Temperature profiles from the GTSPP database have
also been used for validation. The coverage of data in
this database is not as extensive in the Indian Ocean as it
is for the Atlantic and Pacific Ocean, but we acquired 23
profiles (locations shown in Fig. 1) during July and
August and compared these with temperature profiles
from the experiments F1, F2 and B4, at the same loca-
tion and time as the GTSPP profiles.
To be able to compare vertical profiles of temperature

from the model with the observed profiles, an interpo-
lation of the model layer temperatures to the depths of
the observed data is needed. The layer variables in the
model represent layer averages. Thus, a smooth and
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continuous spline function which conserves model vari-
ables in each layer is used to estimate temperature pro-
files for the model. These spline functions provide a
consistent representation of the model state and would,
if discretized in density, revert exactly to the original
layer distribution in the model.

RMSE has been computed between the observed
temperature profiles from GTSPP, and those from the
different model experiments for different depth intervals
(Fig. 5, a–d). For the upper 600m, theRMSE lies between
1 and 2 �C, except for the three profiles 1, 3 and 19. We
also see that the experiment with assimilation (B4) is
closer to the observed data than the experiments F1 and
F2. RMSE for the upper 200 m is of the order 1–3 �C,
while between 200 and 400 m the RMSE is smaller and is
now of the order 1–2 �C, with only profile 19 being an
exception. Again, the experiment with assimilation is, in

Fig. 4 Longitude–depth section along 9� N of temperature (�C)
(left column) and salinity (psu) (right column). Observations from
WOCE I01W section covering the period from August 25th to
September 28th, 1995 (top row), model run in free mode (F2)
(middle row) and experiment with assimilation (B4) (bottom row)
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general, closer to the observed data than those without. In
the deeper layers, between 400 and 600 m, the RMSE is
further decreased to 0.5–1 �C, which is in the range of
expected deficiencies between model and observed data.
Profiles 1 and 3 are located in the high variability area

off Somalia, which is an area in which as we have pre-
viously indicated, the model does not do too well.
However, RMSE is only high in the top 200 m for these
two profiles, which indicates the generation and position
of gyres and eddies in this area are not correctly simu-
lated by the model, nor are they properly corrected by
assimilation. In the deeper layers, the RMSE is similar
to the other profiles.
The profile number 19 indicates a high RMSE for

all depths (4 �C for upper 600 m). When compared
with profile 6, which is located close to profile 19, and
separated with only 2 days in time, there appears to be

an inconsistency in the temperature for model experi-
ments between these profiles. The model shows consis-
tency with the temperature in profile 6, and this leads us
to believe that there might be errors in the observed data
for this profile 19, which therefore has been excluded
from the further analysis.
Two typical temperature profiles, number 10 and 14,

on July 22, 1995, compared with the model experiments
without and with assimilation are shown in Fig. 5e and
f. In profile 10 the temperature difference is negligible
between the observed data and the assimilation experi-
ment for the upper 200 m. Also the model without as-
similation does well, and a difference of only 0.5 �C is
seen in the upper 50 m. Between 200 and 400 m there is a
difference of about 1 �C between the observed and
simulated temperature, while in the deeper layers the
correspondence is again very good, which was also seen

Fig. 5 RMSE computed be-
tween observed temperature
for different depth intervals.
a 20–600 m. b 20–200 m.
c 200–400 m. and c 400–600 m.
for the profiles numbered 1 to
23 in Fig. 1, denoted as bullets.
Temperature profiles shown for
profiles 10 (e) and 14 (f) on 22
July 1995, for GTSPP temper-
ature data, model run in free
mode (F2) and for the assimi-
lation experiment (B4)

142



from the RMSE plots. In profile 14, assimilation again
clearly improves the temperature. In the upper 100 m
there is a temperature difference of only 0.5 �C, while the
difference is negligible at deeper depths.

Hence, we conclude that the model does a reasonable
job in simulating the temperature, and assimilation has a
positive impact, giving us results closer to the observed
data.

6.3 Velocity

In the Arabian Sea (Fig. 6, left), the Somali Current
(SC) flows north along the coast of Africa, and develops
the two gyres, the Southern Gyre (SG) and the Great
Whirl (GW). These are defined in the model run in free

Fig. 6 Mean surface circulation and SST during July 1995 for
model in free mode (F2) (top row), B4 forecast (middle row) and B4
analysis (bottom row) results for the Arabian Sea (left column) and
Bay of Bengal (right column). Abbreviations: SC Somali Current;
GW Great Whirl; SG Southern Gyre; SE Socotra Eddy; IMC
Indian Monsoon Current; EICC- East Indian Coastal Current;
WICC West Indian Coastal Current; G1 gyre; G4 gyre. Only every
second vector is shown
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mode (F2) (Fig. 6, top), the forecast results (B4) (Fig. 6,
middle) and the analysis results (B4) (Fig. 6, bottom).
The mean circulation is smoother seen from the model
run in free mode than from the forecast and analysis
results. This is due to the assimilation of SLA and SST,
which are originally defined on a finer regular grid, with
more information to finer spatial scales than the present
model, which has a relatively coarse resolution. The in-
tegration forward in time before the next assimilation
steps causes the model to wipe out some of the eddy
structures present in the analysis results, as expected.
The model’s present resolution is not sufficient to sim-
ulate all smaller-scale features. The small-scale Socotra
Eddy (SE), which is located north of the GW, is better
defined in the forecast and analysis results, where the
finer scales from the observations have been introduced.
In the equatorial region, the Indian Monsoon Current
(IMC) is well simulated. Again, it is smoother seen from
the model run in free mode, while the forecast and
analysis results have introduced more eddy-like features.
Also in the Bay of Bengal (Fig. 6, right) the effect of

assimilation on the mean circulation is seen. The East
Indian Coastal Current (EICC) is simulated in the model
run in free mode. From the forecast and analysis results,
more gyres and eddy-like structures are seen, and
assimilation has also resolved the cyclonic gyre G1
(Varkey et al. 1996; Haugen et al. 2002), simulated be-
tween the coastline, 13� N and 89� E. The anticyclonic
G4 gyre, located in the southern Bay of Bengal and
described in Haugen et al. (2001), and also identified
from geostrophic velocities calculated from SLA is
simulated, but not well defined in the model run in free
mode. The forecast and analysis results better resolve the
gyre, due to the northward turn (between 80� N and 90�
N) of the IMC which has been corrected to be further
west than was simulated by the model run in free mode.
The northward flow in the eastern part of the basin, seen
from the model in free mode, was corrected in the
forecast and analysis results to be weaker and splitting
into eddy-like structures, which compares better with
previously published results.
In general, assimilating SLA and SST into the present

model leads to a better representation of gyres and
eddies.

7 Ensemble correlations

The EnKF predicts estimates of multivariate covariances
which are used at each analysis step. The multivariate
correlation functions and their spatial and/or temporal
variability are of interest, since they determine the impact
from the observations when computing the analysis.

7.1 Spatial correlation maps

In Fig. 7, spatial maps of correlations between pairs of
the model variables, namely SST, SSH, mixed layer

thickness (DP1), zonal surface velocity (UVEL) and
barotropic pressure (PB) are plotted. These are com-
puted for every grid point at the end of August, 1995.
These plots evidence a strong regional dependence on
the correlations, with completely different behaviour in
the equatorial region compared with off-equatorial lat-
itudes.
We first note that SST–SSH correlations are strongly

positive at off-equatorial latitudes, indicating that a
warming of the mixed layer indirecly leads to an increase
in SSH due to a reduction of the mixed-layer thickness.
Further, the strong negative SST–DP1 correlation con-
firms the expectation that a warming of the mixed layer
should also lead to a reduction of the mixed-layer
thickness, also supporting the negative SSH–DP1 cor-
relation. Stronger correlation is seen between SST and
DP1 ()0.8) than between SSH and DP1 ()0.4). An in-
teresting exception is seen in the central Bay of Bengal,
where the SSH–DP1 correlation almost vanishes.
In a band located along the equator, we find a com-

pletely different behaviour of the correlations. The SST–
SSH correlations here are weak or close to zero, and the
same is true for the SST–DP1 correlations. Moreover,
the SST–DP1 correlations are now strongly positive in
contrast to the off-equatorial latitudes, where we found
negative correlations. This is related to the fact the SSH
is mainly induced by thermal expansion, and a deeper
thermocline gives a larger warm water mass, resulting in
a higher sea level. Because SSH is due to an integrated
effect, it will correlate more strongly with the thermo-
cline depth than SST.
Along the equator we also see strong SSH–UVEL

correlations, indicating that the behaviour of the zonal
currents along the equator is linked to the variability of
SSH. While the SST–PB correlation is weak everywhere,
the SST–PB correlation is positive at off-equatorial lat-
itudes and close to zero or weakly negative along the
equator. Only weak correlations were found between
SSH and meridional velocity, and between SST and
zonal and meridional velocity, and are not shown.
The correlation maps also reveal some exceptions

from the general division into off-equatorial latitude and
equatorial regions, which are mainly connected to par-
ticular oceanographic features such as the Somali Cur-
rent and coastal areas.
These strong regional dependencies of the correla-

tions between different model variables must be ex-
plained by the change in dynamical behaviour between
equatorial and off-equatorial latitudes. The equatorial
region is known for the presence of upwelling and
the vanishing influence of the vertical component of
the Earth’s rotation. In fact, the major changes in the
thermocline depth in the Indian Ocean are probably due
to weakening of the upwelling, related to meridional
inflow of warm water above the thermocline. If the sea
level is depressed at some point, Kelvin and Rossby
waves will form and the circulation pattern will be such
that water is exported from the equator above the
thermocline, increasing the upwelling, and lowering the
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thermocline depth. This gives the strong correlation
between SSH and DP(1), but a weak correlation with the
temperature. On the other hand, when the sea surface is
up-pressed, a similar Kelvin wave will appear, but the
Rossby waves will be different. This results in a circu-
lation pattern that converges water at the equator above
the thermocline, leading to downwelling and a lowering
of the thermocline. Further, ocean currents are in

geostrophic balance at off-equatorial latitudes, while
along the equator, strong zonal currents can be driven
from horizontal pressure gradients.

7.2 Correlation functions

Correlation functions have also been computed for
SST and SSH at two specific locations, one in the
Arabian Sea (Fig. 1, solid square marked 1) and an-
other on the equator (Fig. 1, solid square marked 2).
We have plotted the correlations with SST, SSH and

Fig. 7 Multivariate correlation between SST–DP and SSH–DP
(top-row), SST–SSH and SSH–Uvel (middle row), SST–PB and
SSH–PB (bottom row) for the end of August 1995, computed point
by point
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DP1 in a region surrounding these locations. The
correlation functions are computed for different num-
bers of ensemble members, (150, 100, 75 and 50) for
the Arabian Sea location to examine the sensitivity
with respect to ensemble size. Figure 8 shows the
correlation functions for SSH taken at the point in the
Arabian Sea, and SSH, SST and DP1 as a function of
space. Figure 9 shows the correlation functions for

SST at the same location and SSH, SST and DP1 as a
function of space.
It is seen that an increasing ensemble size leads to

smoother correlation functions. Further, the difference
between 100 and 150members is not very large, indicating
that 100–150 members might be sufficient in an assimila-
tion experiment. This is in agreement with previously
published studies on the EnKF (see Sect. 1 Introduction).
The correlation decreases with spatial distance from

the specified point, and the width of the correlation
function indicates the horizontal scales of the dynamics
in the region as determined by the model. An important

Fig. 8 Correlation functions for SSH–SSH, SSH–SST and SSH–
DP1 corresponding to a location in the Arabian Sea (black square 1
in Fig. 1), computed using a different number of ensemble
members, 150, 100 75 and 50 counting from the top and downwards
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remark is that these multivariate correlation functions
are ‘‘flow-dependent’’, meaning that dynamical features
will influence their shape, which will also vary with time.
An example is clearly seen at the location of the Somali
Current, which is associated with a reduction of the
correlation; note also the influence of coast lines. The
horizontal scales for SST and SSH are not equal, due to
SSH being more dominated by the dynamical processes

in the ocean (Rossby and Kelvin waves) than SST, which
is more dominated by the smooth atmospheric fields.
Correlation was also computed for a point in the

equatorial region (Fig. 10) for the same variables as
above and additionally for SSH–SSH and SSH–DP1,
but using only 150 ensemble members. The horizontal
structure of the covariance functions is now vastly
different from those seen in the Arabian Sea example.
The SSH–SSH and SSH–DP1 correlation functions
both indicate strong long-range zonal correlations lo-
cated in a narrow band along the equator. The
SST–SST correlation function has a similar structure,

Fig. 9 Correlation functions for SSH–SSH, SSH–SST and SSH–
DP1 corresponding to a location in the Arabian Sea (black square 1
in Fig. 1), computed using a different number of ensemble
members, 150, 100 75 and 50 counting from the top and downwards
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but not as pronounced as the SSH–SSH correlation
function.
The vertical correlation between SST and SSH with

variables in deeper layers was also computed (not
shown). As an example, the correlation between SST
and temperature in deeper layers is low. This is expected,
since in an isopycnal model a change in stratification is
obtained by vertical displacement of layer interfaces
rather than a change in the acutal temperature within
the layer itself. Correlation between SST and layer
thickness is also highly anticorrelated for the mixed
layer, but low for the deeper layers. Note that a change
in thickness of layer 1 will lead to a displacement of all
the layer interfaces below. Correlation between simu-
lated salinity and SST and simulated salinity and SSH is
close to zero, due to little variation in salinity with time,
and due to the fact that surface salinity is mainly forced
by precipitation and evaporation.
The discussion given here is a clear indication that

assimilation schemes which do not take multivariate
flow-dependent error statistics into account can pro-
vide only suboptimal solutions. The examples given
above prove that correlation functions are highly an-
isotropic and dependent on location. In fact, the
multivariate correlations between different variables
are observed to change from strongly positive to
strongly negative in differential spatial regions. The
ability of the EnKF to compute these realistic and

flow-dependent correlations as determined by the
model dynamics is probably the main reason why the
methodology has been successful in a number of dif-
ferent applications.

7.3 Time–depth sections

The impact over time, on mean temperature, salinity,
zonal and meridional velocities, SSH and barotropic
pressure by assimilation of SLA and SST is shown in
Fig. 11 for the upper 500 m. The variables are computed
for the whole experiment period, but plotted for a se-
lected location denoted by the open square in Fig. 1. The
assimilation of SLA and SST every 10 days (Fig. 1
vertical lines) impacts the model state not only in the
surface layer, but in all of the upper 500 m. This is seen
as a discontinuity in the colours at the assimilation step
every 10 days.
The temperature section is shown in the upper left

plot in Fig. 11 and includes the observed SST, seen in
the fictive top layer (negative depth). The effect of as-
similation is seen every 10 days on the simulated tem-
perature in the mixed layer, which adjusts towards the
observed SST every assimilation update. Below the
mixed layer, no update in temperature is seen at the
assimilation step, only a displacement of interfaces, seen
from the isopycnals, which adjust due to the update of
SST towards observations.
Only weak updates are seen for the salinity and me-

ridional velocity. However, for the zonal velocity, we
clearly see the impact of assimilation. The zonal velocity

Fig. 10 Correlations between SSH–SSH, SSH–SST and SSH–
DP(1) (top row), and SST–SSH, SST–SST and SST–DP1 (bottom
row) for 150 ensemble members for a point in the equatorial region
(see black square 2 in Fig. 1)
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adjusts every assimilation step, which is due to the
positive correlation of zonal velocity with SSH, which
again is positively correlated with SST (Fig. 10). How-
ever, SST is not strongly correlated with zonal velocity.
In the deeper layers a displacement of interfaces is seen,

and there is a weak update of velocities satisfying the
thermal wind balance. The zonal and meridional veloc-
ities in the deeper layers are also seen to adjust in the
forward integration after the assimilation step, which is
due to the displacement of isopycnals adjusting to
changes in the mixed layer.
From Fig. 11 (bottom left), an adjustment of the

simulated SSH (dotted line) towards the observed SSH
(bold line) is seen at every assimilation step. In the
multivariate assimilation scheme the SSH observations
are impacting both the vertical location of layers and the
barotropic pressure.

Fig. 11 Time–depth section of observed and simulated mean
temperature (�C), salinity (psu) (top row), zonal velocity (ms)1)
and meridional velocity (ms)1) (middle row). Note that SST
observations are plotted as a thin layer on top of the upper left
plot. Time series of observed and simulated (B4) SSH (m), and
mean barotropic pressure (Pa) (bottom row). The position of these
time series is denoted by the open square in Fig. 1
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8 Conclusion

The originality of the work discussed in this paper lies in
the sequential assimilation method, the Ensemble
Kalman Filter, which has been used for the first time
with MICOM in the Indian Ocean. The assimilation of
real data demonstrates that a sequential updating
scheme can effectively correct the model evolution in
time and we have in this paper pointed out how the
assimilation of SLA and SST improves the model fields
with respect to real observations.
It has been shown that the model temperature and

salinity fields resemble in situ temperature and salinitiy
data from WOCE and temperature data from GTSPP
more closely after the assimilation procedure. The
assimilation scheme is, however, unable to fully com-
pensate for the model error in high-variability areas
such as the Somali Current. The main reason may be
the coarse model resolution, which is not sufficient to
properly represent the mesoscale variability in these
areas.
Computed correlation functions are highly aniso-

tropic and dependent on location. The multivariate
correlation analysis between different variables also re-
veals a change from strongly positive to strongly nega-
tive correlations in different spatial regions. The ability
of the EnKF to compute these realistic and flow-de-
pendent correlations is probably the main reason why
the methodology has been successful in a number of
different applications.
Based on the success of the large-scale model system

representing the general ocean circulation and water
masses in the Indian Ocean (Haugen et al. 2002) and the
promising results from this experiment, the next step will
be a further development towards a preoperational
prototype of an ocean-monitoring and prediction sys-
tem, including the assimilation of in situ data.
An assessment of the assimilation system reveals

possibilities for some improvements. In particular, we
would like to point to the results from intercomparisons
with observed in situ sections which support the use of
higher vertical resolution in the model. The MICOM
will later be replaced with the recently developed Hybrid
Coordinate Ocean Model (HYCOM) by Bleck (2002),
which provides better vertical resolution in the upper
part of the ocean. The horizontal resolution should be
increased in accordance with improvements in comput-
ing power, and the current system would clearly benefit
from, for example a doubling of the resolution to better
represent mesoscale processes. In an operational con-
text, all components of the system should be further
calibrated and improved. This includes the possible
identification and removal of possible biases in the
model, the atmospheric forcing data or the assimilated
observations. An indication of the existence of such bi-
ases was seen from the time average of the innovation
sequences in Fig. 3, although a longer time integration is
needed to confirm this. Note, however, that additional

information is needed to verify if a possible bias is as-
sociated with the model, the atmospheric forcing data or
the assimilated observations.
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