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Abstract—Study of ocean dynamics and forecast is crucial as
it influences the regional climate and other marine activities,
and hence forecasting oceanographic states like sea surface
temperature (SST), sea surface currents and mixed layer depth
at different time scales is very important. These forecasts are
generated by various ocean general circulation models. One such
model is the Regional Ocean Modelling System. Though it is a
complex model and reproduces many features of the ocean, it fails
to reproduce the thermocline and hence one need to incorporates
Data Assimilation (DA) in the model. DA system using ensemble
transform Kalman filter has been developed for this model to
improve the accuracy of the forecast. Temperature and salinity
data from Argo float has been assimilated in the model. Updated
SST shows that the sparsely populated observations of the oceanic
states affects the states of the entire ocean, such effects get
localized within the radius of influence of the observations by
introducing the localization.
Index Terms—Data Assimilation, Ensemble Transform Kalman
Filter, ROMS, Indian Ocean, Oceanography, nonliearity, forecast

I. I NTRODUCTION
Oceans play a crucial role in regulating the regional climate,
and other marine activities ranging from conventional fishing
to high-tech oil and natural gas exploration. Tropical atmospheric convection is highly sensitive to the oceanic states like
sea surface temperature (SST) that in turns affects the climate
the region around the ocean [1], [2]. Rapidly growing economy
of India is highly dependent on the climate and vulnerable to
the the flood from the intense convective and coastal storms.
More than ever, the Nation needs the benefit of more timely
and accurate forecasting of the climate, which in turn highly
dependent on oceanographic states.
Ocean General Circulation Models (OGCM) is customized
for particular ocean to simulate and predict its features realistically to generate oceanic states forecasts. One such widely
used OGCM for Indian Ocean is the Regional Ocean Modeling
System (ROMS) [7]. Though ROMS is a complicated model,
which uses parallel computation and many other parameterization scheme, is able to reproduce many oceanic states real-

istically. But some other important features like thermocline
cannot be reproduced accurately. As ROMS is also nonlinear
and does not capture all the physics of the ocean it produces
erroneous forecast after certain time whatever accurate the
initial conditions are used. Therefore, the models need to be
re-initialised or adjusted with the observations. Incorporating
observations effectively in prediction models is the subject of
data assimilation (DA), and a good DA system is the key
to improve ocean forecasting [3], [4], [5], [6]. In the broad
sense, oceanic DA is the incorporation of the temperature,
salinity and other oceanic state measurements into the OGCM.
The goal of DA is to produce a regular, physically consistent
forecast of the oceanic states from the model by using the
irregularly sampled observations.
There have been many reports of successful implementation
of DA in the various weather and ocean predicting centres,
where research is going on various aspect of DA to improve
the forecast of the OGCM, Numerical weather model and
ocean-weather coupled model. Considering the impact of
ocean and weather forecast on the economy of India, initiative
towards improving the forecast by implementing DA is very
much necessary. Also as a huge amount of data is available due
to the successful operation of ARGO float, weather satellite
and Radar, successful implementation of the DA system for
Indian Ocean will be very useful to improve the forecast.
In this paper, we have presented the implementation and
results of the simulation of ROMS model by using a DA
system developed for the Indian Ocean, and the paper is
organized as follows: Description of the model and DA scheme
have been presented in Sec. II and III respectively. Results are
presented in Sec. IV. Finally, conclusion is drawn in Sec. V.
II. R EGIONAL O CEAN M ODELING SYSTEM (ROMS)
A. Equations of Motion
The basic features of the ROMS model [7], [8], [9], [10] are
as follows: It uses primitive equations with potential temperature, salinity and an equation of state, where hydrostatic and

Boussinesq approximations are used for pressure. The model
is solved horizontally using orthogonal-curvilinear coordinates
on Arakawa C grid, whereas vertically terrine-following scoordinate is used. Also along Horizontal direction Laplacian and biharmonic mixing options and vertically harmonic
viscosity are used [11]. The primitive equations in Cartesian
coordinates are given below.
The momentum balance in the x- and y-directions are:
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Evolution of the salinity, temperature and nutrients
[C(x, y, z, t)] is governed by the advective-diffusive equation:
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Fig. 1.

position of the ocean variables on the grid.

(3)

The equation of state is given by:
ρ = ρ(T, S, P )

(4)
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The final equation expresses the continuity equation for an
incompressible fluid:
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+
+
=0
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∂z
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where Du , Dv and DC are diffusive terms. Fu , Fv , FC
are forcing terms. f (x, y) is Coriolis parameter; g is the
acceleration due to gravity. h(x, y) is the bottom depth; ν
and νθ are molecular viscosity and diffusivity; P is the total
pressure (P ≈ −ρo gz). φ(x, y, z, t) is the dynamic pressure,
where φ = (P/ρo ). ρo +ρ(x, y, z, t) is the total in situ density.
ζ(x, y, t) is the surface elevation.
B. Variable position in Grid
The model equations are solved on a square domain [300 S−
300 N and 300 E − 1200E]. The variables positions are shown
in horizontal ROMS grid is shown in Fig. 1. Temperature (T),
salinity (S) and ocean dynamic-height (ζ), density (ρ), f and Ω
are evaluated at ρ-points. u and v variables are evaluated at u
and v-point respectively. Land regions are masked by defining
on ρ-points. It is also defined on u, v and ψ-points.
C. Discretization of the variables
In the horizontal directions (ζ, η) second-order finitedifference approximation is used on the Arakawa “C”
grid [12]. Placement of the variables in this grid is shown
in Fig. 2. Same discretization method is also used in vertical
direction. Evaluation steps of different variables are shown in
the same figure.

Fig. 2.
grid.

Position and evaluation sequence of the variables on the Arakawa

D. Evaluation of CPU time
The model works based on the parallel computation, where
whole ocean domains is divided into several square tiles. All
the tiles are evaluated simultaneously. We have estimated the
CPU time for ROMS model for one day model run with
different processor numbers, and model run time (hr) vs.
number of processors plot is shown in Fig. 3. It shows that
when number of processors are less, time taken to run the
model for one day decreases with CPU numbers exponentially
and becomes almost constant for higher number of processors.

III. DATA ASSIMILATION (ETKF)
DA is a powerful and versatile method for combining
partial, noisy observational data of a system with its dynamical
model, generally numerically implemented, to generate state
estimates of nonlinear, chaotic systems. Assimilation of the
observations in the model improves the model state, and
provides the most probable state of the system, given the
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uncertainties in the observations and model forecast [13], [14],
[15], [16].
DA produces a regular, physically consistent, initial conditions (xa ) for the ocean from a irregular collection of in situ
temperature and salinity observations (y o ) from ARGO floats
and model output (xf ). In this case xa is a linear weighted
mean between xf and y o based on their respective error
covariances so that the linear combination of all the available
information has the smallest possible total error covariance,
and this linear combination can be obtained by Kalman Filter.
The equations for Kalman filter are as follows:
Xa
Pa

=
=

X f + K(y o − HX f )
(I − KH)P f

(1)
(2)

where, K = P f H T (HP f H T + R)−1 the Kalman gain.
Without going into the detail, one can derive the expressions
for the forecast anomaly and updated mean respectively as
Zea = ÃZef

(3)

X̄ea = X̄ef + Ke (ȳ − H X̄ef ).

(4)

for nonlinear and high dimensional system. Where, Zef =
{δxf1 δxf2 ... δxfN } and Zea = {δxa1 δxa2 ... δxaN }. Ã
is transformation matrix.
Eqn. 3 and 4 together forms the update for the ensemble
transform Kalman filter (ETKF). Model and ETKF run has
been shown graphically in Fig. 4. Ensembles of model run
from some time (ti ) for one day to (ti+1 ), and at this point
forecast is updated using the available observations using
ETKF. The analysis is used to run the model again upto the
next update time (ti+2 ) and so on.
Temperature (T), salinity (S), horizontal velocities (u and v)
and dynamics ocean height (ζ) have been taken as prognostic
variables of the dynamics, so they are used to form a state
vector (a column vector). Each column of the Zef matrix
represents the column vector formulated by using the prognostic variables of different model runs simultaneously. Each
column of Zef represent the total number of model runs with
different initial conditions, and hence they form an ensemble.

Fig. 5.
First column shows the sea surface temperature (SST) of the
update using ETKF, and the second panel shows one day model run without
assimilation. Effect of DA through out the ocean is clear from first plot.

In final Zef ensemble mean (x̄)Pis subtracted to perform the
N
DA operations, where, x̄ = N1
j=1 xj , here the variable x
represents any of the prognostic variables.
Similarly, the salinity and temperature from the ARGO data
have been used to form observations vector (y o ).
IV.

RESULTS AND DISCUSSION

DA has been attracted wide spread use in oceanic model
to improve the forecasting capabilities of the existing OGCM.
Various DA schemes have been tested for such performance.
Here we have presented assimilated SST and velocity fields
using ETKF scheme.
Fig 5 shows the comparison of the one step update using
ETKF. The updated SST is shown in Fig. 5(a) and model
run without ETKF in Fig. 5(b). Fig. 5(a) shows the updated
SST when approximately 2000 observations spread over the
whole Indian Ocean were used. In this figure the fluctuations
in the SST indicates that these sparsely populated observations
affect the whole sea temperatures, which is due to the spurious correlation between observations and oceanic state. Such
undesired correlations have been removed using localization
scheme using Schur product [17], [18], and the detail of the
scheme has been described in Ref. [17].
Fig. 6 shows the SST with localization with a scale of
influence 200 Km. The figure in the first column shows the
updated SST using sixty ensembles, second column shows
updated SST using forty ensembles and their differences in
the third column. The figures clearly show that the effect
of the observations on the ocean temperature get localized.
The patches show the updated SST, which increases at the

Fig. 6. Data assimilation using localization with localization scale 200 km.
First column: sea surface temperature (SST) using sixty ensemble; second
column: SST using forty ensemble and third column difference between first
and second column.

localize the effect of the DA around the observations. Though
the entire system currently works for a month, there are several
issues to get an improved DA system, and they are (a) the
estimations the error covariance from model and observations,
(b) designing effective initial perturbation fields for ROMS
model, and (c) determination of the minimum ensemble size
required for effective forecast.
Finally, the development of an effective DA system for
Indian Ocean will improve the forecast of the oceanic sates at
appropriate spatial and temporal resolutions, and contribute to
Weather/Monsoon/Climate forecast by providing forcing for
atmospheric models.
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Fig. 7. Data assimilation using localization with localization scale 200 km.
First column: u using sixty ensemble; second column: u using forty ensemble
and third column difference between first and second column.
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