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In this study, Argo profiles of temperature and salinity for the period from January 2005 to December
2007 are assimilated into a primitive equation model of the Pacific Ocean using a bias-aware localized
ensemble Kalman filter (EnKF) with a sequence of 5-day assimilation cycles. Some other in situ observa-
tions, including XBT, TAO/TRITON and CTD profiles, used to supplement, are also assimilated into the
model. To improve the assimilation performance, several strategies addressing the computational
expense and model error statistics are incorporated into the assimilation scheme. Validation is performed
by comparing the analyzed ocean states with independent data, including withheld Argo profiles, satellite
remote sensing sea level height anomalies (SLA) and the NCEP ocean state re-analysis products. The
results show that the assimilation system is capable of significantly reducing the bias and RMSE of ocean
temperature and salinity compared with the control run. It can also improve the simulation of zonal cur-
rents and SLAs along the equator, especially during strong ENSO events. In addition, a hybrid coupled
ENSO prediction model initialized by the assimilation analysis improves the ENSO prediction skill com-
pared against that initialized by the control run without data assimilation.

© 2010 Elsevier Ltd. All rights reserved.

1. Introduction

A new global oceanic observing system, known as Argo (The Ar-
ray for Real-time Geostrophic Oceanography), is initiated at the
end of 2000. Recently, Argo achieved the target of sampling array
of about 3000 (including around 1900 in the Pacific Ocean) floats
traveling around the world and supplying observations of the state
of the ocean. As a result, Argo has become the main contributor to
ocean in situ observations in terms of numbers and offers an
opportunity to more accurately estimate ocean states by assimilat-
ing Argo profiles into a state-of-the-art ocean general circulation
model.

An efficient use of Argo data is to combine it with other data
sets, such as the Expendable Bathythermographs (XBT), Tropical
Atmosphere and Ocean - TRIangle Trans-Ocean buoy Network
(TAO/TRITON, McPhaden, 1995), Conductivity-Temperature-
Depth (CTD, Bellucci et al., 2007), satellite altimetry, etc., and mod-
els through effective data assimilation techniques. The assimila-
tions of the XBT, TAO/TRITON and CTD have been widely
explored; however, the assimilation of Argo profiles has not been
sufficiently investigated. Recently, several different attempts were
made to assimilate Argo temperature and salinity profiles into
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ocean models (Kamachi et al., 2004; Oke et al., 2005, 2008;
Cummings, 2005; Martin et al., 2007; Huang et al., 2008; Smith
and Haines, 2009). The results of these studies show that the inclu-
sion of Argo data into the assimilated observation dataset can sig-
nificantly improve subsurface ocean state estimation skill. As a
new relatively high resolution in situ oceanic observation dataset,
Argo data has not been sufficiently explored in estimating the
ocean state. Thus, how to effectively use this new information
source in improving ocean state estimation is still an active re-
search field. In addition, due to uncertainties in the models and
forcing fields, the sparsity of in situ observations and the limitation
of model resolution, the analyzed ocean states obtained are still
not perfect and contain some errors and uncertainties. Develop-
ment of new ocean data assimilation systems, improvement of
old ocean data assimilation systems and the effective use of new
observation products are urgently required. Over the past several
decades, many data assimilation methods were developed. One
widely used method is the ensemble Kalman filter (EnKF), that
was first proposed by Evensen (1994). The EnKF has several
appealing properties. For example, the EnKF handles uncertainty
in the observations and the prior forecast, approximates the
Bayesian update for the forecast state given new observations, pro-
vides direct estimates of the forecast covariances from the forecast
ensemble and then explicitly updates that ensemble to be consis-
tent with the uncertainty of the analysis (Snyder and Zhang,
2003). However, there are some limitations in the traditional EnKF
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schemes, for example, the high computational cost given the huge
model dimension and the sensitivity to the method used to esti-
mate errors. In recent years, some variants of the EnKF were devel-
oped to decrease computational cost and/or improve assimilation
error characteristics (e.g., Anderson, 2002). For example, one effi-
cient strategy that significantly reduces the computational cost
while guaranteeing the analysis quality, is the local ensemble
Kalman filter which performs the analysis locally (Fukumori,
2002; Ott et al., 2004). Examples of the techniques used to improve
the estimation of the model error characteristics include using an
inflator to amplify the background error covariance matrix
(Houtekamer and Mitchell, 2001; Desroziers et al., 2005; Li et al.,
2009; Zheng, 2009), using innovations to estimate the model error
parameters (Mitchell and Houtekamer, 2000), simulating model
bias by colored noise (Chui and Chen, 1999) and correcting model
bias by a two-stage scheme (Friedland 1969; Dee and da Silva,
1998; Chepurin et al., 2005; Dee, 2005). These techniques have
improved the capability and facility of the EnKF and have been
applied well mainly in atmospheric data assimilation. However,
some of these methods have not been sufficiently explored in
oceanic data assimilation, especially in Argo data assimilation.

The purpose of this study is to construct a state-of-the-art ocean
data assimilation system that incorporates some advanced strate-
gies. Thus, it can effectively assimilate Argo profiles and other
in situ ocean observations into an ocean general circulation model.
The ocean model is configured to the Pacific Ocean. Therefore, the
data assimilation system can provide initial conditions for ENSO
forecast. Some strategies, including the local analysis, bias correc-
tion, adaptive stochastic model error estimation, observation error
estimation and the incremental analysis update (IAU) are used in
this study to address some inherent concerns in EnKF such as com-
putational cost, model bias and ensemble generation. Assimilation
experiments from 2005 to 2007 are carried out to validate the
assimilation system by comparisons of the analyzed ocean states
with independent observations.

This paper is organized as follows. In Section 2, the data and its
treatment is given. An overview of the construction of the EnKF
data assimilation and the design of the experiments is provided

in Section 3. Validation of the data assimilation is discussed in Sec-
tions 4 and 5 ends with a summary and discussion.

2. Data

The delayed mode (D-mode) Argo profiles are used as observa-
tions in this study. This data has been subjected to detailed scru-
tiny by oceanographic experts and the final data has been
estimated by comparison with high quality ship-based CTD data
and climatologies using the process described by Wong et al.
(2003) and Bohme and Send (2006). This process is carried out
on a 1 year long “data window”, so there were only a few D-mode
profiles available after 2007 when we began this study in the sec-
ond half of 2008. Therefore, this study focuses on the assimilation
of Argo profiles for the 3-year period from 2005 to 2007. There are
about 90,000 paired D-mode Argo T-S profiles available covering
most of the Pacific from 60°S to 60°N during the 3-year period.
The distribution of Argo profiles in time and space is not uniform.
The number of the profiles increases from 2005, peaks in 2006 and
decreases in 2007 again. The smaller number of available D-mode
Argo profiles in 2007 is due to some of the profiles obtained in
2007 have not been processed yet. If we count Argo profiles within
a shifted 11-day time window, there are about 500-800 profiles for
2005, 800-950 for 2006 and 650-700 for 2007 available. The spa-
tial distribution of these profiles is shown in Fig. 1. In this figure the
numbers of Argo profiles are counted in a 2°(lon.) x 2°(lat.) bin that
is shifted over the whole domain. A dominant feature in Fig. 1 is
the significantly heterogeneous distribution of profiles in space;
in some regions the profiles are significantly sparser than in other
regions. There are some outstanding low density bands, for exam-
ple, the regions extending approximately along the equator, 37°N,
37°S and between 15°S and 15°N west of the dateline, suggesting
the requirement of other supplemental subsurface observations
in these regions. The causes of this significant spatial difference
are interesting but beyond the scope of this study. The impacts
of this heterogeneous distribution of Argo profiles on the perfor-
mance of the data assimilation will be discussed in Section 4. Other
data, i.e., the XBT, CTD and TAO/TRITON profiles, are also used as
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Fig. 1. Spatial distribution of the total number of Argo profiles for 2005-2007. The number is counted at a 2° x 2° cell, shifted over the whole domain.
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supplemental observations in this study when Argo profiles are not
sufficient within an assimilation window. All these data are avail-
able online at http://www.nodc.noaa.gov/GTSPP/). Generally, Argo
profiles extend from surface down to 2000 m, XBT data to 800 m
but a more typical depth is 500 m, CTD and TAO-TRITON observa-
tions to a depth of 500 m.

Comparisons with the independent data that are not used in the
assimilation cycles are necessary for the validation of the assimila-
tion system. The independent data used in this study include:
withheld Argo T-S profiles obtained using the cross-validation
scheme as described in Section 3; the sea level anomaly (SLA)
which is a time delayed low resolution (1° x 1°, Mercator grid)
gridded product (http://www.aviso.oceanobs.com); and the NCEP
re-analysis subsurface temperature and currents. The SLA is the
merged map which is produced by combining products of all
satellites and suitable for large-scale ocean variation studies
(Dibarboure et al. 2009). The time interval of this data is 7 days.
The NCEP re-analysis products were gained by some of the data
used here but we still consider them as independent data due to
the significant differences in the models and the whole observation
dataset between the NCEP assimilation system and the one that
used here.

3. The ocean data assimilation system
3.1. The ocean general circulation model (OGCM)

The OGCM is the latest version of Ocean Parallelise (OPA9.2), a
primitive equation OGCM widely used in oceanic studies (e.g.,
Delecluse and Madec, 1999; Tang et al., 2004; Moore et al., 2006;
Bellucci et al.,, 2007; Deng et al., 2009). The ocean model is
described in Madec (2008). The domain of the model used here
is the Pacific Ocean between 60°N and 60°S and between 116°E
and 66°W, for a total of 90 x 95 horizontal grid points. The hori-
zontal resolution in the zonal direction is 2°, while the resolution
in the meridional direction is 0.5° within 5° of the equator,
smoothly changing up to 2.0° at 30°N and 30°S and then changing
down to 1.0° at 60°N and 60°S. There are 31 unevenly spaced levels
in the vertical, with 24 levels concentrated in the upper 2000 m.
The thickness of the levels varies from 10 m at the surface (within
the first 100 m) to 500 m below the 3000 m level. The maximum
depth is set to 5000 m and a realistic topography based on the
ETOPO5’ global atlas is used (Ferry et al., 2007). The spatial
resolution of this version is somewhat coarse for performing high
resolution data assimilations. However, due to the limitation of
computation resource, we are forced to use this moderate resolu-
tion ocean model. In addition, the goal of this study is to construct
a data assimilation system, through incorporating some advanced
strategies into the EnKF to provide initial conditions for oceanic
and seasonal climate prediction (ENSO forecast).

The model is forced for 200 years with the NCEP monthly clima-
tological mean wind stress, derived from the 50-year NCEP re-anal-
ysis wind stress, and the heat flux Q, to get an initial state. From
this initial condition, the model is forced by the actual monthly
NCEP wind stress to simulate conditions for the period 1981-
2004. The ocean state at the end of 2004 provided the initial con-
ditions for both the control and the assimilation runs, starting on
January 1, 2005. The control run for the period 2005-2007 without
data assimilation provides a basis for comparison. The heat flux Qs
is given by
Qs = Qo + AT —To) (1)
where Qg is the climatological heat flux, obtained from the
European Centre for Medium-Range Weather Forecasts (ECMWF)

re-analysis project for the base period 1971-2000. T is the model
SST, Ty is Levitus’ observed climatological SST (Levitus and Boyer,

1998), and 4 is the relaxation rate, set to —40 Wm 2K ! (Tang
et al., 2004; Moore et al., 2006). For a 50 m mixed-layer depth, this
value corresponds to a relaxation time scale of two months (Madec,
2008).

3.2. EnKF data assimilation system

The data assimilation system constructed here is based on the
EnKF, which has gained popularity because of its simple concep-
tual formulation and relative ease of implementation (Evensen,
2003). However, there are still some issues demanded to be ad-
dressed when developing a realistic assimilation system by the
EnKF, e.g., the estimation of observation error covariance for a mul-
ti-source dataset, the efficiency of computation, the correction of
model bias, etc. In this section we will discuss some strategies used
in this study for these concerns.

3.2.1. Observation error

Argo profiles and other observations are used in this study. For
some regions, we observed that some profiles are very close to
each other at specific data assimilation steps, causing costly ex-
pense in the matrix inversion with little improvement in assimila-
tion performance. To solve this problem, a sub data set is
constructed by the “data thinning” approach prior to each assimi-
lation step, ensuring that there is only one observation within a
model grid cell and assimilation window (of 11 days, see below).
Priority is given to Argo profiles in the construction of the sub data
set due to its importance in this study. Such a data thinning ap-
proach is not optimal in the data assimilation context because it
may loss some information in some analyses. However it can effec-
tively reduce the cost of computation.

Argo floats have a 10-day re-sampling period thus Argo profiles
available are sparse on a specific day. To solve the temporal spar-
sity of Argo data, we treat all Argo data within a time window of
11-days as the observations used for the assimilation. Oke et al.
(2008) and Balmaseda et al. (2007) used this method when they
assimilated Argo data. The 11-day window is much longer than
the assimilation interval of 5 days here, which was chosen in order
to include more observations at a single assimilation step as in
Huang et al. (2008), Oke et al. (2008) and Smith and Haines
(2009). This 11-day time window is centered at the analysis day.
Thus, the observations for the day of the analysis and the observa-
tions for 5 days before and after the analysis day are used at each
assimilation step. In this time window, all Argo profiles within a
model grid cell are sorted according to the differences between
the time of analysis and that of the observations. The profile that
has the minimum time difference is finally used in the assimila-
tion. If there is no Argo observation available in this process, other
data sets are explored using the same scheme as for Argo profiles.
With this strategy, the density of the constructed observations in
the sub data set is no more than one observation per model grid
cell. This approach can greatly simplify the process and save the
computational cost although it rejects some useful profiles. How-
ever it can be expected that number of rejected Argo profiles is
not large since Argo observation is sparser in space relative to
the model horizontal resolution. We will find in the following dis-
cussion that these rejected profiles generally have large observa-
tion errors.

Since the model resolution varies with latitude, the constructed
sub data sets used for the assimilation have relatively sparse sam-
ples at middle latitudes compared with dense samples at higher
latitudes and in the equatorial regions. In the vertical direction,
the nominal resolutions of Argo and the other data sets are typi-
cally much finer than the model grid. To ensure that there is no
more than one observation falling within each model level, an
observation is obtained for each model level by a linear interpola-
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Fig. 2. Mean RMS of temperature (left panel) and salinity (right panel) as a function of depths. The value on each level is averaged over model domain based on the control

run for the period 1985-2004 relative to the climatology of the model.

tion in the vertical using observations closest to the model level.
This is a significant saving for profiles that are well-resolved over
depth (Oke et al., 2008).

Observation errors, denoted by Ry, include measurement errors
and representation errors. In order to take into account the time
differences between the observations and the analysis, different
weights are given to the observations made before or after the
analysis (e.g., Oke et al., 2008; Bellucci et al., 2007). The weights,
in principle, represent the inverse of the data error variances (Maes
et al., 2000). Therefore, we use a simple linear function to adjust
observation error variances according to the absolute differences
between the analysis time and the observation times. In addition,
we further consider the impacts of depth on the adjusted observa-
tion errors under the assumption that at deeper levels the impacts
of time difference are less than that at the surface. Therefore,
according to the method proposed by Oke et al. (2008), the error
for an observation is estimated by

2 _ o2 2 2
& = Einstr + €Re + Ext (2)

where &2 is the observation error, &2, the instrument error, &2, the
representation error and &3, the error associated with the time dif-
ference between the analysis and observation (called age error). In
this study, the D-mode data sets that have passed strict quality con-
trol are assumed to have very small instrument errors. Thus, we set
einser = 0.1 °C for the temperature observations and &5 = 0.1 psu for
the salinity observations at all depths. The representation error &2,
which could be attributed to any physical process appearing in the
observation but not in the model and referred to as the forward
interpolation error, is subject to the effects of discretization error
and limited resolution (Desroziers et al., 2005; Cummings, 2005).
Indeed, Janic and Cohn (2006) demonstrated that &2, is also state
dependent and correlated in time. For simplicity, we only consider
the impacts of model resolution on the representation error. It is
reasonable to assume that at a given model resolution the represen-
tation error of a variable should be larger in a region where the var-
iation of the model variable is large than in a region where the
variation of the variable is small. Thus, we approximate the repre-
sentation error in terms of model standard deviation (Sy0q) Using
the following equation:

ERE = KSmod (3)

where x is an adjustable coefficient with x = 1.0 for temperature
and x = 1.5 for salinity. The larger « for salinity is due to the small

Smod Values (shown in Fig. 2) is not large enough to stand for the
amplitude of the representation error. The model standard devia-
tion Spoq is calculated using the simulated temperature (salinity)
anomalies based on the control run for the period from 1985 to
2004 for the Pacific Ocean forced by NCEP forcing. For the error
&xr, We assume that it depends on both the time difference and
depth. The impacts of depth can be represented by the variation
of Smoa With depth. Thus, we express € as a function of Sy,0q and
the time difference |t* — t°| using the following equation:

€t = KSmoalt” — t°[/10.0 @)

where the coefficient k¥ has same meaning and value as in Eq. (3),
and both the time difference |t — t°| and the number 10.0 are in
time unit of days. We use Smod in Eq. (4) is due to the fact that
we do not have enough observations to calculate observed standard
deviation. Therefore, we assume that the ocean model can capture
realistic standard deviation. However, we found that there are sig-
nificant variations in Smod in both the horizontal and vertical direc-
tions. For example, there are very large Smod values in the
thermocline at the equator and very small values at higher lati-
tudes. Using these values to tune the amplitudes of the representa-
tion error and age error is difficult, and easily causes the
overestimate/underestimate of the errors for some regions. To sim-
plify this process, we average the Smod in the horizontal direction
and get its vertical profile, namely that assuming the Smod is only
the function of depth.! Fig. 2 shows that the Smod of temperature
increases and peaks around 140 m and then decreases with the
increasing depth. The Smod of salinity increases and peaks at 50 m
and then decreases with the increasing depth. The vertical variation
of the Smod is strong.

After the instrument, representation and age errors are esti-
mated, the total observation error can be obtained by Eq. (2). The
observation error is usually assumed to be uncorrelated between
locations, thus its covariance matrix Ry is diagonal, obtained by
the observation error of all data within the 11-day time window.
In this study, the observation perturbation is drawn from the
Gaussian distribution with the mean equal to zero and the variance
equal to the error square. If we denote by y? the observation vector
used at the kth data assimilation cycle, the ith member of per-
turbed observation, yj;, can be expressed by

1 It should be noted that this methods used to estimate observation errors is a little
artificial and possibly affects the performance of the data assimilation.
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Yei = Yo+ Vi 5)

where y, ; is the perturbation.

3.2.2. Random model error

In estimating the random model error, we should consider both
its amplitude and spatial structure. After the observation error
covariance matrix Ry is given, the spread of the forecast error deter-
mines the Kalman gain. If the spread is too large, the background
error covariance matrix will be overestimated and the analysis will
tend to overfit the observations. Conversely, if the spread of the er-
ror covariance matrix is too small, the covariance matrix will be
underestimated and the state analysis will tend to under utilize
the observations (Turner et al., 2008). One newly developed meth-
od to solve this problem is using an inflator to adjust the amplitude
of the background error covariance matrix (Houtekamer and
Mitchell, 2001; Desroziers et al., 2005; Li et al.,, 2009; Zheng,
2009). This method assumes that the stochastic model error
covariance matrix has a similar spatial structure but different
amplitude to that of the forecast error caused by the errors in ini-
tial condition. Thus, the inflator is used to amplify the size of the
background covariance matrix obtained from the ensemble mem-
bers. Another method is to parameterize the error covariance ma-
trix and then estimate the parameters by minimizing the —2 log-
likelihood of observed-minus-forecast residuals (Dee and da Silva,
1998; Mitchell and Houtekamer, 2000). However, this method is
very complex and impractical for a high dimensional model. A sim-
ple way of considering the random error is through the following
three methods: (i) using stochastic equations, (ii) adding noise to
the forecast ensemble at the analysis time (without integrating
noise in the model), and (iii) using multimodel ensemble (Hamill,
2002). In this study, we used the method ii), i.e., adding noise to
each member of the forecast ensemble. Thus, the forecast ensem-
ble member X} is updated by

X{q =MXi1) + i = Xp; + Qi (6)

where M is the nonlinear model, X;_, ; is the analysis at step k — 1,
Qi is the random model error and X}, is the model prediction at
step k. The subscript denotes the ensemble member. We construct
dri» Which is white in time but red in space, using pseudorandom
fields produced following the scheme proposed by Evensen
(2003). This procedure produces smooth pseudo random fields with
mean equal to zero, variance equal to one and a specified covari-
ance, which determines the smoothness of the fields. Considering
the vertical coherence of the pseudorandom fields between adja-
cent model levels, we use a method to construct three-dimensional
pseudorandom fields (Deng et al., 2009). In this study, we only per-
form data assimilation for the upper 24 model levels (L = 24) and
leave other deeper levels to be adjusted by the model dynamics,
due to (i) saving computational cost and (ii) simplifying assimila-
tion process.

After a series of two-dimensional pseudorandom fields W;

(j=1,...,L) is constructed, the component of the three-dimen-
sional pseudorandom field at jth level ¢ (j=1,2,3,...,L) can be
constructed by the following equation:

& =W,

7
8j=OCj8j,1+\/1*O(szj ( )

where g; € [0 1] is an adjustable coefficient determining the cor-
relation or coherent structure between level j — 1 and level j. We as-
sume that the vertical correlations between the model error fields
of two adjacent levels can be approximated by the correlations be-
tween the variations of the variable. Thus, we use the output of the
control run for the period from 1985 to 2004 to calculate the corre-
lation coefficients of temperature anomalies and of salinity anoma-

lies and used these correlation coefficients to estimate the
parameter o;. Following this procedure, a random model error is
generated that is coherent in both the horizontal and vertical direc-
tions. The perturbation on the initial states is also constructed using
the same way. In this study, the ensemble size is 61, i.e., randomly
producing 61 perturbations superimposed onto model states to
integrate the dynamical model forward to producing 61 prediction
members.

After determining the spatial coherent structure of a random
model error field, a major difficult and critical issue is how to
determine its amplitude. Here, we determine the amplitude using
a method similar in principle to the inflation scheme (Houtekamer
and Mitchell, 2001; Desroziers et al., 2005; Li et al., 2009; Zheng,
2009). In the following, we present a brief description of the meth-
od. According to Mitchell and Houtekamer (2000):

(wIy = HyPLH}, + Ry = HPYHy, + HiQuHj + Ry (8)

where v =y? — Hy(X, — p) is the innovation vector, i.e., the differ-
ence between the observations and the forecast ensemble mean
minus bias prediction interpolated to the observations. (vv") is the
observation-minus-forecast covariance. f#, is the model bias, which
is the deterministic part of the model error. In next subsection, we
will discuss it in details. P} is the prediction error covariance matrix
calculated by:

Ph~ b= (Xh - XD)(X — XP)" 9)

where the overline denotes an average over the ensemble, X? is the
prediction ensemble containing the members X¢, (i=1,2,...,61).
The model error covariance matrix Qy is defined as

Qk ~ Qe = (qkqb (10)
where g, = 64q}, and oy is an adjustable coefficient. From Eq. (8) we
obtain:

tr((w)) = tr(HePoHy) + tr(HeQuHy) + tr(R) (11)

where tr is an operator that is used to obtain the trace of a matrix.
After obtaining P?, (va> and Ry, the term tr(HkaH[) can be deter-
mined by Eq. (11). The coefficient ,, which will be used to deter-
mine the amplitude of the pseudo random field, can be calculated
using the following equation:

~[tr(HQH")
Ok = W (12)

where N is the total number of the observations. Thus, the final sto-
chastic model error field for a variable is calculated by

i = Ulcqg,i (13)

Using this method, an adaptive spatial coherent model error
ensemble is constructed for each data assimilation cycle. A final
forecast ensemble X{< is constructed by summing up the random
model error ensemble g, and the prediction ensemble X! using
Eq. (6). Thus, the background error covariance matrix P,C can be
computed using this final forecast ensemble:

Pl=Pp+ Qua Py = (X - X) (X, — X' (14)
The Kalman gain is then calculated by
Ky = (p o POHi(Hi(p o POH +Ri) ™! (15)

where p is a covariance localization function defined by

px.y)y=e\ =7 (16)
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where dy, and d, are longitude and latitude differences between
neighboring grids and the grid assimilated, L, and L, are associated
decorrelation scales at the equator, L, is taken as 15° and L, is taken
as 7.5¢ in this study; x and y are indices of the model grid represent-
ing longitudes and latitudes; and the open circles between p and P‘;
denote a Schur product (an element by element matrix multiplica-
tion). Considering the effects of latitude on the decorrelation scale, a
factor cos? (y) is used to adjust the decorrelation scales in both the
latitude and longitude directions. The “covariance localization” in
Eq. (16) reduces spurious correlations between distant locations
in the background covariance matrix Py, which is caused by the lim-
ited ensemble size (Gaspari and Cohn, 1999; Houtekamer and
Mitchell, 2001; Oke et al., 2005).

3.2.3. Model bias

The generalized two-step bias-correction algorithm for the
kth analysis cycle in the EnKF can be rewritten as below (Dee,
2005):

ﬁﬁ‘i = ﬂ}l:,i - Kﬁ [J/ﬁ‘i — Hy (XjI;,i - ﬁ};,iﬂ (17)

Xeo = O, — i) + K[y, — He (X, — 1) | (18)

where the superscripts f and a refer respectively to the forecast and
analysis of a given variable, subscript i refers to the ith ensemble
member, k refers to the kth analysis cycle. I(f and K¥ are gain matri-
ces for the bias and state estimation, respectively. Since the bias is
slowly varying in time and errors of the bias estimation are much
smaller than the background errors, the gain of the bias can be sim-
plified as follows (Dee 2005):

K! = yK} (19)

where y(«1) is a small constant which controls the adaptivity of
the bias estimate. In this study we set y = 0.01. Following, we will
describe the method of estimating the model bias.

The model bias varies slowly and has a mean different from
zero, it can be estimated using the difference between the model
state and the observations under the assumption that the observa-
tions are unbiased (Drecourt et al., 2006). The bias value of a state
variable on a model grid could be defined as the mean difference
averaged over a neighboring region (Chu et al., 2004; Frank and
Colby, 1997). In this study, we use the difference between the anal-
ysis and the observations to define the bias after kth analysis step
finished:

B =1 (HXg - ¥7) (20)

N
kx| <ty dy|<ly

where |dx| <l,, |dy|<l, defines a rectangle neighboring region
around the model grid point, |dx| and |dy| are spatial differences be-
tween the model grid point and the locations of the observations in
the zonal and meridional directions, and we set I,=1500 km,
I, =500 km in this study. Ny is the number of the observations with-
in the region at time k, H, the measurement operator, )Tﬁ the mean
of the analyzed state ensemble X}, y¢ the observation vector. In Egs.
(8) and (17) the bias forecast is needed. However, before the kth
data assimilation cycle finished, the bias cannot be calculated be-
cause the X}, is not available. To solve this problem, we approximate
the bias using its value at the previous assimilation step according
to the fact that the bias varies slowly. Since the bias is mean error,
we could further assume that the bias difference between ensemble
members is much smaller comparing the amplitude of the bias
mean. Therefore, we may approximate the bias at the kth assimila-
tion step by:

f _
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— 1
ﬁ{a ~ /}i ~ P =
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Thus, combining Eqs. (17)-(21), the bias analysis of each
ensemble member can be approximated by:

B~ B = By — VK¢ v~ Hi(X, — it )| (22)

After correcting the bias in the state forecast, a new ensemble is
produced with the ith member:

Xii =X~ B (23)
Then Eq. (18) becomes
Xii = Xii + Ky [yii,f — Hy (Xil)] (24)

The final state analysis for the kth analysis cycle is obtained using
the mean of the analysis ensemble:

R ‘l n
Xi = - > Xk (25)
i=1

In summary, we use the mean difference between the model
analysis and observation of previous step as the bias forecast at
the present step. The bias forecast is analyzed by (17) for the cur-
rent step, producing the bias analysis that is used to correct model
states by (18) and serves as the bias prediction of the next step.

3.2.4. Local analysis

The local analysis scheme proposed by Bishop et al. (2001) is
used to relieve the burden of computation. It assimilates all obser-
vations that may affect the analysis at a given grid point simulta-
neously and obtains the analysis independently for each model
grid point (Houtekamer and Mitchell, 2001; Ott et al., 2004;
Szunyogh et al., 2008; Hunt et al., 2007). In this study, we perform
local analysis grid by grid for the top 24 levels. To obtain the anal-
ysis of a model grid point, we define a local domain around the grid
point, and all observations within this domain are assimilated. The
domain is 3000 km in longitude, 1500 km in latitude and 3 model
levels in the vertical. The grid point is at the center of the rectangle
horizontal region and in the middle level. Having carried out the
assimilation on all grids, all analyses combine a final analysis
ensemble. It is clear that the horizontal region is the same area
of the bias forecast estimation in Eq. (20).

As a sequential data assimilation method, the EnKF has the sig-
nificant drawback of the time discontinuity of the solution resulting
from intermittent corrections of the model state. This discontinuity
can lead to spurious high frequency oscillations. To avoid exciting
these waves and allow the model dynamics to adjust gradually to
the changes in the density field, an algorithm called incremental
analysis update (IAU) proposed by Bloom et al. (1996) is used in this
study. The principle of this method is to incorporate the sequential
analysis increment directly in prognostic equations of the model as
an additional forcing term (Balmaseda, 2007; Castruccio et al.,
2008). In practice, the increment is added slowly over the subse-
quent 5 days, after which a new background field is produced and
the assimilation cycle is repeated. Details about this method were
described by Castruccio et al. (2008).

3.3. Experimental setup

Since the in situ subsurface observations are sparse in the Pacific,
to effectively use the available observations for the assessment of
the performance of the system, we design four experiments:
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(i) No-cross-validation assimilation experiment. In this experi-
ment, all Argo profiles and other observations are assimi-
lated. The assimilation performance is evaluated against
the NCEP re-analysis data and satellite SLA data. The ana-
lyzed model states of this experiment are also used to initial-
ize a hybrid coupled ENSO prediction model for hindcast
experiments.

(ii) Cross-validation assimilation experiment. In this experi-
ment, the Argo dataset is randomly split into four indepen-
dent groups, each containing 25% of Argo profiles. Four
assimilation runs are performed respectively, each using
three of the four groups Argo data (75%) and the other obser-
vations and withholding a group (25%) for validation that are
never used in the assimilation. As such, four runs generate a
complete withheld dataset (100%) that is used for the
validation.

(iii) A simple data assimilation experiment. In this experiment,
the data used are same as (ii), but without considering the
bias correction (f; =0) and the additive random model
error (qx;=0). A multiplicative inflator / is used to avoid
the underestimation/overestimation of background error
covariance and determined by

T\\ _ Ty _
I = tr((w')) tr(kakI_;Ik) tr(Ry) (26)
tr(HPyH,)

Thus, the amplified background error covariance matrix is
Pl=(1+ )P, (27)

This simple experiment severs as a justification that some
complicated strategies used in (ii) are necessary in develop-
ing a realistic oceanic data assimilation system.

(iv) Using the analyses from (i) as initial conditions, ENSO hind-
cast experiments are conducted until the leading time of
12 months for the period from 2005 to 2007. For reference,
hindcast experiments initialized from the control run for
the same time period are also performed.

A run with no data assimilation is also performed (CTL), as the
reference for comparison. All the experiments are performed for
the period of 3-year from January 1, 2005 to December 31, 2007.

4. Methods for validation

To quantify the impacts of the data assimilation on the model
ocean states, some statistics, including mean difference between
model and observation (MD), root mean square error (RMSE) and
ENSO hindcast correlation skill are calculated. As the observations
are not on model grids, these statistics are estimated based on sub-
regions or/and grid cells. The MD and RMSE are calculated using
the following equations:

1

MD:N,

M=

(¥ = ¥7) (28)
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-

N
RMSE = % S -y (29)

i=1

where Y is temperature or salinity; the superscript “o” denotes the
independent observations not used in the assimilation and “m” de-
notes the model equivalents at the observation positions and time;
the subscript i indicates the individual measurements within a spe-
cific sub-region or grid cell and N is the total number of the obser-
vations within it.

Providing high quality initial conditions for ENSO prediction is
an important goal of ocean data assimilation in the tropical Pacific.
Thus, a hybrid coupled ENSO prediction model is used to test
whether the assimilation can significantly improve ENSO hindcast
skill compared with the control run. The hybrid coupled model is
identical to that used in Deng and Tang (2009) and Deng et al.
(2009) which is composed of the same OGCM used in the data
assimilation system coupled to a statistical atmospheric model.
The hybrid coupled model is initialized with the analyzed states
from the assimilation experiment (i) and from the control run
respectively. Since the adjustment of the ocean model to the
assimilation needs some time, the analyzed states of the first
3 months are discarded when we performed hindcast experiments.
As a result, the hindcast experiments start from the first day of
each month and last 12 months for the period from April 2005 to
December 2007. Finally, 33 hindcast results are available and are
used to estimate hindcast skill, the correlation and root mean
square error (RMSE), by comparing predicted sea surface tempera-
ture anomalies (SSTA) against observed counterparts from the ERS-
ST.V2 (Smith and Reynolds, 2004).

The amplitude of uncertainties contained in an analysis is a ma-
jor concern when using the analysis. It can be measured by the
spread of the analysis ensemble in the EnKF. The mean spread at
the model grid point for the whole assimilation period (3-year)
can be calculated using the following equation:

5= Jmnl— 1 : 2": (Xf?i _)T;)Z (30)

=1 =
where Xj; is the value of an analysis member, )TJ” is the ensemble
mean, the subscript j indicates m assimilation cycles, and i, the n
individual members. The spreads for temperature and salinity at
each model grid point in all levels are calculated.

5. Results

In this section, we validate the Argo data assimilation system by
the T and S fields from the withheld Argo observations, satellite re-
mote sensing SLA and the heat content and zonal currents along
the equator from the NCEP re-analysis data. A comparison of the
hindcast skills at 6-month and 12-month leads of the tropical sea
surface temperature anomalies (SSTA) initialized from the assimi-
lation experiment (i) and from the CTL is also performed.

5.1. Comparison of mean difference (MD)

A comparison of MDs of temperature and salinity for all model
levels is performed. For simplicity, only the MDs of three levels, at
10 m, 140 m and 500 m, are displayed here. The three levels are
chosen to represent the near surface, thermocline and deeper
ocean layers respectively. Note that (i) there is not sufficient Argo
observations at surface (0 m) to compare; (ii) the depth of 140 m is
the place where there is maximum RMSE of temperature along the
equator; (iii) at depths deeper than 500 m only Argo observations
are available and other observations are sparse; and (iv) at deeper
levels (>500 m) the MD is relatively small.

Fig. 3 shows spatial distribution of temperature MD for the CTL,
simple experiment and cross-validation assimilation run at the
three levels, against the withheld Argo profiles. In the CTL, there
are considerable discrepancies between model and observation,
as shown in the left panels in Fig. 3. In the central and eastern
equatorial Pacific, the model produces colder near surface temper-
atures but warmer subsurface temperatures (140 m) than those
observed in the real ocean. In the western equatorial Pacific the
model presents colder temperatures for all of the three levels,
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Fig. 3. Differences between model and observation temperature averaged over the 3-year period at 10 m (top), 140 m (middle) and 500 m (bottom) for CTL (left), the simple
assimilation (middle) and cross-validation assimilation run (right). Contour interval is 0.5 °C and the zero lines are ignored. Areas with absolute MD over 0.5 °C are shaded.

making the thermocline depth shallower than in the real ocean,
causing the west-east slope of the thermocline to be reduced. Out-
side the equatorial region, the near surface water is obviously cool-
er than observation over most areas, and the minimum negative
temperature MD values appear in the Kuroshio area. Some warmer

areas mainly appear in the Southeastern Pacific, Northwestern
Pacific and around Australia. At 140 m and 500 m, there are also
significant large-scale MDs indicating the existence of model
biases in temperature field. In contrast to the CTL, both the simple
and cross-validation assimilation run significantly reduce these
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biases over almost the whole region at all levels. However, the simple
assimilation scheme cannot remove the biases in the surface and
subsurface near the Kuroshio and in the equatorial eastern Pacific.
Similarly, the salinity MDs between the model and the observa-
tions are shown in Fig. 4. In the CTL, considerable errors appear at
all levels. The dominant feature is that the model underestimates

(a) Control Run 10m

(b)

188
308
455

Simple 10m

the salinity in the tropical Pacific whereas in mid latitude salinity
is overestimated as compared to the observed salinity. These con-
siderable large-scale biases in the salinity field are also signifi-
cantly reduced in both the simple and the cross-validation
assimilation runs. However, Fig. 4b, e and h shows that the simple
data assimilation scheme cannot thoroughly remove the large
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Fig. 4. Differences between model and observation salinity averaged over the 3-year period at 10 m (top), 140 m (middle) and 500 m (bottom) for CTL (left), the simple

assimilation and cross-validation assimilation run (right). Contour interval is 0.1 psu.
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biases in some regions, for example the biases in the Kuroshio area
at all levels. The significant contrasts between the CTL and cross-
validation run shown in Figs. 3 and 4 demonstrate that the cross-
validation assimilation scheme is capable of correcting the model
biases appearing in the CTL. It should be noted that these compar-
isons are based on the period 2005-2007, during which there are
two El Nifio events (2004-2005, 2006-2007) and two La Nina
events (early 2006 and 2007-2008). These events are responsible
for the large interannual variations of ocean temperature. The cool-
er upper ocean temperature in the CTL might be due to the El Nifio
events that cause the real ocean warmer than normal years. How-
ever, the ocean model may be incapable of simulating adequately
the large positive anomalies corresponding to these El Nifio events.
The mean errors of the temperature and salinity by the simple
assimilation scheme show that this method is incapable of remov-
ing biases in some regions. Therefore, it is necessary to develop a
bias-correction assimilation scheme for this model as discussed
above.

5.2. Comparison of root mean square error (RMSE)

The RMSE is attributed to both the mean and anomaly differ-
ences between the model and observations. In this study, we have
analyzed the combined contributions of these two differences
according to Eq. (29). Fig. 5 shows the averaged RMSE, as a function
of depth, for temperature (Fig. 5a) and salinity (Fig. 5b) over the
entire Pacific Ocean. For reference, the RMSE profiles of the no-
cross-validation are plotted in the same figures as well. Fig. 5a
shows that the temperature RMSE ranges from 0.2 °C to 1.7 °C
and peaks at the depth of the thermocline for the CTL. Fig. 5b
shows that the salinity RMSE ranges from 0.02 psu to 0.25 psu
and peaks at a depth around 100 m for the CTL. The small temporal
variation causes the decreased RMSEs at deeper levels. With the
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data assimilation, both the RMSEs of temperature and salinity sig-
nificantly reduce at all levels to about less than half of the values in
the CTL. The simple assimilation run produces smaller RMSEs of
temperature than the CTL but still larger than the cross-validation
run for all levels. The difference of RMSEs between the simple
assimilation run and cross-validation assimilation run is not signif-
icant for salinity. Comparing the temperature RMSEs of the cross-
validation experiment and no-cross-validation experiment reveals
that their differences are small. This suggests that Argo tempera-
ture profiles have provided sufficient information for the ocean
analysis at the given model resolution. Thus, the reduction in
number of Argo profiles in the cross-validation assimilation does
not significantly impact the performance of the temperature
assimilation. Another possible reason is that there are plenty of
other temperature profiles used in both the cross-validation and
no-cross-validation experiments.

In contrast to temperature, the differences of the salinity RMSEs
between the two experiments are relatively large, implying that
the reduction in profile number significantly impacts the salinity
assimilation. This is reasonable because only Argo salinity profiles
are available and there are no other salinity profiles to supplement
the reduction in number of Argo salinity profile in the cross-valida-
tion assimilation.

Above comparisons show that the bias-correction assimilation
run can produce better results than the simple assimilation
scheme. For simplicity and clarity, in the following parts, we only
focus on oceanic analysis from bias correction with cross-valida-
tion scheme, against the CTL.

In Fig. 6, the spatial distributions of temperature RMSEs at the
three levels for the CTL and cross-validation assimilation experi-
ment are shown. The RMSEs are calculated for the 3-year period
using Eq. (29). There are large temperature RMSE values (>1.0 °C)
in some regions, for example the North Equatorial Countercurrent
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Fig. 5. RMSEs of temperature (a) and salinity (b), as a function of depth, from analyses of the control experiment (red dash-dotted line), simple assimilation (green), no-cross-
validation assimilation (blue) and cross-validation assimilation run (black) for the Pacific Ocean, where the observations are Argo profiles. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.)
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(NECC), the South Equatorial Current (SEC), the Kuroshio and West
Wind Drift. This probably associated with strong currents there.
Comparing the spatial distributions of RMSEs (Fig. 6a, c and e)
and that of MDs (Fig. 3a, d and g) shows similar locations of some
centers, i.e., large RMSE centers generally correspond to positive
(or negative) MD centers, suggesting the dominant impacts of
the model biases on the RMSEs in some regions in the CTL. The
similarity in the distributions between the MD and RMSE centers
implies that locations where the model has large biases may have
large anomaly error as well. With the data assimilation, the RMSEs
of temperature on the three levels (Fig. 6b, d and f) are significantly
reduced. However, over some sub-regions, such as the Kuroshio re-
gions, around Australia, etc., there are still relatively large RMSE
values, which are not thoroughly removed by the data assimilation.

10m

(a) Control Run

197

The possible causes for these large RMSE values are the insuffi-
ciency of observation, coarse model spatial resolution, improper
expression of the forecast error and complicated dynamics that
the ocean model does not resolved.

Similar to the temperature RMSE, the spatial structures of the
salinity RMSEs for the CTL at the three levels (shown in Fig. 7a, c,
and e) have some local maximum centers as well. The positions
of some centers generally correspond to the large MD values
shown in Fig. 4a, d and g, and they appear approximately at the
same locations as the maximum temperature RMSE values, sug-
gesting the existence of some obvious model errors. These errors
are mainly caused by coarse model resolution, unrealistic physics
presentation and unreasonable external forcing. With the data
assimilation, the amplitudes of the salinity RMSE at the three
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Fig. 6. RMSE of modeled subsurface temperature from (left) the control experiment and (right) the cross-validation run at depths (a, b) 10 m, (c, d) 140 m and (e, f) 500 m
relative to Argo profiles during January 2005-December 2007. Contour interval is 0.3 °C. The areas with RMSE over 0.6 °C are shaded.
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0.05 psu. The areas with RMSE over 0.1 psu are shaded.

levels, shown in Fig. 7b, d and f, are significantly reduced. The
above results demonstrate that the assimilation scheme can
improve the oceanic temperature and salinity simulation over
the entire Pacific Ocean at all levels.

5.3. Comparison with NCEP re-analysis results

In the last section, we have shown that the assimilation scheme
improves the simulation of the temperature and salinity fields. De-
spite the comparisons are performed using independent observa-
tions, these improvements are still not surprising because though
the comparisons are based on the independent data, the two
variables compared are the observational variables assimilated
into the model. In this section, we will perform some further

comparisons using the NCEP re-analysis data set. The NCEP
re-analysis is much easier and more convenient to use compared
with sparse and sporadic subsurface in situ observations, and it
is often used as a proxy for grid observations in many studies.
We will compare the upper ocean heat content anomaly (HCA)
and zonal current between the simulations and the counterparts
of the NCEP re-analysis. We calculated the HCA for the upper ocean
from the surface down to 250 m along the equator for the 3 years
from 2005 to 2007. Because the NCEP data are not used in the
assimilation system, the results of the no-cross-validation assimi-
lation experiment are used for the comparisons. The time evolu-
tions of the HCA for the CTL, assimilation run and NCEP are
shown in Fig. 8. In this figure, the HCA of the CTL and assimilation
run are calculated relative to the seasonal cycle climatology based
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Fig. 8. Time-longitude plots of HCA along the equator during 2005-2007 from (left) the control experiment, (middle) the Exp1, and (left) the observations. Contour interval is

0.5°C.

on the 20-year (1985-2004) control run. The anomaly for the NCEP
is relative to its seasonal cycle climatology for the same period.
One can see that the assimilation result is more similar to the NCEP
result than the CTL. Comparing the result of the CTL with that of
the NCEP reveals that the CTL can capture the general features of
the HCA evolution with time, especially some large amplitude
centers can be simulated by the model. However, the amplitude
of the HCA of the CTL is much weaker than that of the NCEP
product. In contrast to the CTL, the data assimilation results are
much closer to the NCEP re-analysis product in both phase and
amplitude, such as the increased amplitude and similar locations
of maxima and minima.

Fig. 9 shows the zonal current anomaly at a depth of 15 m along
the equator for the 3-year period for the CTL, assimilation run and
NCEP re-analysis. Fig. 9a demonstrates negative zonal current
anomalies propagating from the eastern equatorial Pacific to the
western equatorial Pacific from spring to fall in each year. Along
with that there are some small scale easterly zonal current anom-
aly propagating westward starting from different longitude during
periods when the zonal current anomalies are negative. These
small scale fast propagating waves are unrealistic and may be asso-
ciated with the unstable waves excited by the free surface scheme
used in the model. In contrast to the CTL, the assimilation run pre-
sents a more realistic zonal current time evolution and spatial pat-
tern (Fig. 9b) compared with that of the NCEP re-analysis (Fig. 9c).

It should be noted that the current velocity is an independent var-
iable since it was not assimilated into the model. Fig. 9 suggests
that the effects of the data assimilation on the zonal current veloc-
ity are produced by the dynamical adjustment of the model.

5.4. Comparison with satellite SLA observation

Sea level anomaly is a comprehensive indicator of upper ocean
temperature, salinity and mass distribution, etc. A comparison
between the model SLA and observation SLA is useful to show
the impacts of the data assimilation on the ocean state estimation.
In this study, the SLA observations are satellite data for the same
period of 3-year. The resolution of the SLA is higher than that of
the ocean model. The purpose of this comparison is to explore
the ocean analysis in term of capturing large-scale characteristics
of real SLA variation, thus we do not have to interpolate the SLA
onto the model grid. Fig. 10 shows the time evolutions of the SLA
for the CTL, assimilation run and satellite observations along the
equator. Comparing the SLA time evolutions shows that the
assimilation run presents a more realistic simulation than the
CTL, especially during the 2006-2007 El Nifio period. The ampli-
tude of SLA in the CTL is much weaker relative to the assimilation
run and observations. In the observations, there are many small-
scale anomalies, which are not captured by both the CTL and
assimilation run due to the coarse spatial resolution of the OGCM.
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Fig. 9. Zonal velocity in the tropical Pacific at the equator at 15 m depth during the period 2005-2007: (left) control run (middle) assimilation run and (right) the NCEP

re-analysis.

In addition, both the CTL and assimilation run cannot accurately
capture a realistic sea-saw structure between the east and west,
especially during the first half of 2007. This result suggests that
there are limitations in the data assimilation system when it is
used to improve SLA simulation.

5.5. The comparison of ENSO hindcast skill

In this subsection, we will explore the role of Argo assimilation
in the seasonal climate prediction. The comparison of ENSO predic-
tion skills from two initialization schemes, i.e., CTL and assimila-
tion analysis, also serves as a further verification of the
assimilation performance. It has been well recognized that ENSO
is basically an initial value problem, and initial condition from
which a prediction start to run greatly determines prediction skill.

A hybrid coupled model is applied to perform ENSO hindcast
experiments. It is composed of the OGCM and a linear atmospheric
model, as reported in Deng and Tang (2009). Starting from the ini-
tial conditions provided by the assimilation run and CTL, 33 hind-
cast experiments are conducted respectively for the period from
April 2005 to December 2007. Based on the results of these exper-
iments the sea surface temperature anomalies (SSTA) over the
tropical Pacific are calculated. The observed SSTA for the same per-
iod are computed with respect to the seasonal cycle from 1971 to
2000. The correlation and RMSE skills at 6-month lead and 12-
month lead are shown in Figs. 11 and 12, respectively. If we define
the correlation coefficient greater than 0.35 (0.05 significant level)
as a useful skill, both the predictions initialized from the CTL and
assimilation present useful skills over the Nifio 3 region (5°S-
5°N, 150°W-90°W) at the 6-month lead as shown in Fig. 11. How-

ever, the predictions initialized from the assimilation presents use-
ful and much higher skills than those initialized from the CTL over
the Nifio 4 region (5°S-5°N, 160°E-150°W), where the control pre-
dictions cannot provide useful skill at all. The correlation differ-
ences shown in Fig. 11e verify this conclusion. Comparing
Fig. 11b against Fig. 11d shows that both of the prediction experi-
ments have large RMSE values along the equator and the predic-
tions initialized from the assimilation present smaller RMSE
values over most areas (shaded in Fig. 11f). Fig. 12 shows that at
the 12-month lead the predictions initialized from the assimilation
present useful correlation skills over the Nifio 3 region, whereas
the one initialized from the CTL have no useful skill over the same
region. Fig. 12e shows that the improvements mainly appear over
areas along the equator. Fig. 12b, d and f shows similar improve-
ments as shown in Fig. 11b, d and f. It should be noted that the
assimilation cannot improve the correlation skill over some areas
and the reduction in RMSE is always smaller than 0.2 °C. Although
the improvements are limited over some areas, the Argo data
assimilation system is capable of improving ENSO hindcast skill,
especially the correlation skill.

5.6. The estimation of uncertainty of the ocean state analysis

As discussed above, the assimilation system can improve the
ocean state estimation and ENSO prediction skill. However, be-
cause of the imperfections in both the OGCM and data assimilation
scheme, as well as the errors in the observations, the assimilation
analyses still contain some uncertainties. According to the princi-
ples of the EnKF, the forecast errors are assumed to be proportional
to the spread of the ensemble before the assimilation and the
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analysis error is assumed to be proportional to the spread of the
ensemble after assimilation. Thus, we can estimate the analysis er-
rors using Eq. (30). Here, we focus on the spatial distributions of
the analysis errors. For consistency with the presented results,
we only present the spreads of the selected three levels in
Fig. 13. This figure shows that the time-averaged ensemble spreads
of the analyses vary in space. The uncertainties of the temperature
and salinity analyses share some common characteristics, for
example the relatively large uncertainties in the Northeastern Pa-
cific and the Southeastern Pacific, the maximum values that appear
along the latitudes of about 40°N and 30°S, the coasts of North
America, Australia, New Zealand and Indonesia. In general, the
maximum spread centers at the three levels appear at similar loca-
tions. What factors determine the spatial pattern of the spread is
an interesting topic. Comparing Fig. 13 with Fig. 1 reveals that
the small spread areas usually correspond to the areas of dense
Argo observations and vice versa, for example the area between
5°N and 30°N where the spreads are small and Argo observations
are dense, and the area around 30°S where the spreads are large
and Argo observations are sparse. This is not surprising, because
the analysis step is equivalent to a forcing added to the model
equations and this observational forcing in principle reduces the
error growth rate and the number of unstable directions with re-
spect to those of the original system (Carrassi et al., 2007). The
observations constrain the model not to diverge too far away from
real state. So, in regions where there are more observations, the

members of the ensemble converge and in turn the spreads of
the analysis ensembles decrease and vice versa.

6. Summary and discussion

The objective of this study is to construct an assimilation sys-
tem for the Pacific Ocean for effectively assimilating Argo profiles
and other in situ ocean observations by the state-of-the-art EnKF
techniques. The OGCM used is the primitive equation ocean mod-
el OPA9.2. To deal with model biases, a method similar to the sim-
plified two-stage bias-correction scheme (Dee, 2005) is used in
the system. The stochastic model errors are simulated using pseu-
do random fields, which are white in time but have coherent
structure in space and constructed by the method proposed by
Evensen (2003). The amplitudes of these errors are determined
according to an adaptive error estimation scheme similar to the
method proposed by Mitchell and Houtekamer (2000). All analy-
ses are conducted locally. To avoid the impacts of significant
instable waves excited by large increments during the assimila-
tion cycles, the IAU strategy is used as well. Argo T-S profiles,
XBT, CTD and TAO/TRITON profiles for a 3-year period (2005-
2007) are assimilated into the OGCM. Evaluation of this system
is performed by comparing model output with independent
observations, such as the withheld Argo profiles, NCEP re-analysis
products and satellite remote sensing sea level anomaly. ENSO
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hindcast experiments initialized by the assimilation and CTL run
are also performed to test the data assimilation system. Finally,
the uncertainties in the analyzed fields are estimated using anal-
ysis ensembles.

The results show that the data assimilation can significantly
improve the ocean thermal state estimation compared against
the CTL. Over some regions, the large model biases in the mean
temperature fields and salinity fields in the CTL are removed or
significantly reduced by the assimilation at all levels. Also the

assimilation system significantly reduces the RMSE in both
temperature and salinity fields in the whole Pacific at all levels.
Comparing the simulated ocean state with the NCEP re-analysis
products shows that the assimilation run significantly improves
the thermal structure and current structure in the tropical
Pacific. The assimilation also improves the sea level anomaly
simulation along the equator, and the prediction skill of the
tropical Pacific SSTA, especially the SSTA over the western
equatorial Pacific.
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The results presented in this work suggest that the bias-aware
localized EnKF data assimilation system, which makes use of some
newly developed strategies, is capable of improving the ocean
thermal state estimation. Comparing this data assimilation system
with a simple data assimilation system reveals that the incorpora-
tion of those advanced methods can considerably improve oceanic
analysis. However, in some patchy areas, such as the Kuroshio re-
gion, eastern equatorial coast region and the southeast of Australia,
the RMSEs of the analyzed fields are still large after assimilating T-
S profiles, suggesting that the model resolution is probably too
coarse to capture the fine scale variation in these regions. The
improvement of SLA by the assimilation system is limited, suggest-
ing the necessity of including the assimilation of satellite SST and
SLA in future researches. Currently, the development of a similar
assimilation system but with SST and SLA assimilation and for a
higher resolution OGCM is in progress.

One significant advantage of Argo data over some in situ obser-
vation data sets (e.g., XBT, CTD and TAO/TRITON) is its better spa-
tial and temporal coverage, enabling Argo data to play a stronger
role in the ocean state estimation, especially for regions where
the other in situ observations are sparse such as the regions be-
yond the equatorial Pacific. Thus, this study focuses on the assim-
ilation of Argo profiles with other in situ observations used only as
supplemental data. Thus, only temperature and salinity observa-
tions are used in this assimilation system. The neglect of other
observations such as satellite SST and SLA, as well as oceanic cur-
rents, etc. may have significant impacts on the oceanic state esti-
mation. In addition, the costly computational expense forced us
to simplify some assimilation processes. For example, the bias-cor-
rection method used in this study is similar to that by Dee (2005)
but a simpler bias prediction model is used. Also, the representa-
tion error was not considered variable in the horizontal; and more-
over the parameter x in Egs. (3) and (4)) is decided somewhat
subjectively. All these issues may impact the assimilation perfor-
mance and need to be addressed in future studies.

Another important issue in EnKF is the ensemble size. In this
study, the ensemble size is not very large, probably affecting the
assimilation performance. However, the local analysis strategy
used here can reduce the impact of the small ensemble size on
the efficiency of the EnKF, as suggested by several sensitive exper-
iments (not shown).
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