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In this study, the assimilation of historic SST (sea surface temperature) data was performed for long-term
ENSO hindcasts. The emphasis was placed on the design of background error covariance (BEC) that dom-
inates the transfer of SST information to the subsurface. Four different data-assimilation schemes, based
on Optimal Interpolation (OI) algorithm, were proposed, and compared in terms of ENSO simulation and
prediction skills for the period from 1876 to 2000.

It was found that the data-assimilation scheme that has a three-dimensional BEC constructed from
model simulations forced by observed wind stress can effectively correct the second-layer temperature
in the SST assimilation and lead to the best ENSO prediction skill. Further analysis for the long-term hind-
casts shows that the prediction skills have a striking decadal/interdecadal variability similar to that found
in other models. These results provide a fundamental basis for the further study of ENSO predictability.

© 2009 Elsevier Ltd. All rights reserved.

1. Introduction

The El Nifio-Southern Oscillation (ENSO), a fluctuation between
warm (El Nifio) and cold (La Nifia) conditions in the tropical Pacific,
is the most prominent year-to-year climate variation on the Earth.
ENSO originates in the tropical Pacific through interactions be-
tween the ocean and the atmosphere, but has both local and global
impacts on environment and socioeconomic conditions.

ENSO predictability is one of key issues in ENSO study. A widely
used strategy for this research is to perform hindcast experiments
using dynamical models, by which the variations of predictability
and the causes responsible for the variations are examined. So
far, most of hindcasts performed by dynamical models generally
cover a period of around 20-40 years due to the fact that long-term
observational records of forcing data (such as wind stress) are not
available. Therefore, the period available to test the predictability
covers few ENSO cycles, basically precluding statistically robust
conclusions.

For a complete examination of ENSO predictability, long-term
hindcasts that can cover sufficient ENSO cycles are required. Chen
et al. (2004) made the first effort towards this goal. They used
Lamont model (Zebiak and Cane, 1987; Cane et al., 1986) to per-
form hindcasts of the past 148 years from 1856 to 2003 initialized
by Kaplan’s reconstructed SST data (Kaplan et al., 1998). They
found that the ENSO predictability shows clearly decadal varia-
tions with high skill in the late 19th and 20th century.
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ENSO prediction skill is usually model dependent, thus it is of
interest to examine the variation of ENSO predictability in a gen-
eral framework using more models. To perform a long-term hind-
cast with physical models, especially with hybrid coupled models
composed of statistical atmosphere and dynamical ocean, there
are two central issues: (1) extending forcing data (e.g., wind stress)
using long-term datasets available; (2) retrospective forecasts ini-
tialized by assimilating historic SST that is probably an only oce-
anic dataset of over 100 years. The first issue, which can be
found in Deng and Tang (2009) in detail, will be briefly introduced
in Section 3. In this paper, we will address the second issue, i.e., the
assimilation of the historic SST dataset. This work attempts to pro-
vide an effective assimilation scheme for SST, leading to skilful
hindcasts for a long period.

SST is usually a prognostic variable in ocean models. A direct
strategy to assimilate SST is to insert it into ocean models by a
specified algorithm. However it was often found that this direct
strategy can produce serious imbalance between surface and sub-
surface, leading to poor prediction skills (Chen et al., 1997; Rosati
et al., 1997; Tang and Hsieh, 2003). Therefore, an important issue is
how to correct model’s subsurface temperature when assimilating
SST observations. The subsurface temperature has a long memory
for coupled systems and is important for ENSO predictions of long
lead times beyond 6 months. The nudging scheme used in a frame-
work of coupling assimilation may be able to avoid the imbalance
induced from SST assimilation through turning nudging parame-
ters, producing good initial conditions for ENSO predictions (e.g.,
Keenlyside et al., 2005; Luo et al., 2005).

In this study, we will address the construction of background
error covariance (BEC). The BEC plays a vital role in data assimila-
tion, since it dominates information distribution in space and
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among variables. With a well-defined BEC, one can expect that the
observed SST information can be spread into the deep ocean, there-
by correcting the subsurface temperature.

The assimilation algorithm used here is the Optimal Interpola-
tion (OI) method, which has been widely applied in atmospheric
and oceanographic data assimilation. OI is a least square optimal
estimate that can be analytically solved and is easy to implement.
One of its disadvantages is the costly expense for high dimensional
problems due to large dimensional covariance matrices. In addi-
tion, the OI cannot deal with nonlinear observation operators. In
the present study, however, our ocean model only covers the trop-
ical Pacific domain, and the observation operator is bilinear. In par-
ticular, this study addresses the propagation of SST increments to
the subsurface through BEC. Thus, a simple assimilation algorithm
like OI. can be chosen based on the above considerations.

Like variational data assimilation, OI needs a prescribed BEC in
the assimilation cycle. At present, there are several approaches to
construct the BEC. Hollingsworth and Lonnberg (1986) (HL) pro-
posed a method which looks at the spatial covariance of the differ-
ences between observations and the background. The HL method
has the advantage that is a direct diagnosis of background error
covariance. However, it requires a uniform set of unbiased obser-
vations with spatially uncorrelated errors. Unfortunately, oceanic
observations are sparse and even unavailable in the deep ocean.
In addition, the ocean model used here, which will be described
in the next section, is a simplified dynamical model. The model’s
subsurface temperature does not match the real observations at
the same depth. Therefore, even if there were enough subsurface
temperature observations, it would still be difficult to use the HL
method to calculate the BEC for our model.

In weather forecasting, the NMC (National Meteorological
Center, nowadays named National Center for Environmental Pre-
diction) method (Parrish and Derber, 1992) and the analysis-
ensemble method are commonly used to estimate the model BEC
in addition to the HL method (Fisher and Courtier, 1995). The
NMC method assumes that the statistical structure of forecast er-
rors varies little over 48 h. Under this assumption, the spatial cor-
relations of background error should be similar to the correlations
of differences between 48 and 24 h forecast verifying at the same
time.

In the ocean data assimilation, Derber and Rosati (1989)
adopted an empirical formula-traditional Gaussian function for
the BEC with given spatial correlation scales. Behringer et al.
(1998) further modified the method of Derber and Rosati (1989)
by considering the anisotropy in zonal and meridional directions.
Weaver and Courtier (2001) described a practical algorithm that
can be used to model correlation functions on the sphere. These
BECs are Gaussian-type functions where the correlations are
weighted by the separate latitudinal and longitudinal distances.
One critical problem in these methods is how to determine the
spatial correlation scales. Zhou et al. (2004) estimated the horizon-
tal scales of model temperature errors based on the outputs of a
tropical Pacific Ocean model. They fitted a Gaussian function to
the correlation coefficients between model grid points via a nonlin-
ear fitting approach. Using such spatial correlation scales and two-
dimensional variational assimilation (2D-Var), they found the dif-
ferences of the annual-mean temperature between model and
observation to be greatly reduced compared to the results of the
control run. Oke et al. (2005, 2008) also estimated BECs using mod-
el ensemble. A tuning parameter o was used in their scheme to
adjust the magnitude of BECs. In addition, Borovikov et al. (2005)
and Alves and Robert (2005) estimated BECs using a Monte Carlo
simulation by perturbing surface wind stress.

In this study, we further developed the method of BEC used in
Zhou et al. (2004) for SST assimilation. Two major improvements
were made. First, the location-dependent vertical correlations of

model error are considered, which was ignored in Zhou et al.
(2004); Second, Zhou et al. (2004) used model original temperature
to estimate the spatial correlation scales of errors. Here we use a
derivative of the model temperature anomalies to estimate the
BEC. This will be described in Section 3.2. On the other hand, Zhou
et al. (2004) considered the model annual-mean temperature,
whereas we address the interannual variation of temperature.

This paper is organized as follows: the model, observations and
the construction of wind stresses will be introduced in Section 2;
four assimilation schemes will be proposed in Section 3; in Section
4, the ocean analyses of the four schemes will be presented for the
period from 1876 to 2000; the results of hindcasts for 125 years
from 1876 to 2000 will appear in Section 5, followed by a discus-
sion and conclusion in Section 6.

2. The model, the data and the construction of wind stresses

The hybrid coupled model (HCM) used in this study is com-
posed of a nonlinear dynamical ocean model and a nonlinear
empirical atmospheric model. The ocean model is an intermediate
complexity model, derived from Anderson and McCreary (1985)
and Balmaseda et al. (1994, 1995) and extended to six active layers
(Tang et al., 2001). It covers the tropical Pacific Ocean 30°N-30°S in
latitude and from 123°E-69°W in longitude with a horizontal res-
olution of 1.5° x 1.5°, and consists of the depth averaged primitive
equations in six layers (with reference thickness of 100, 175, 250,
320, 400 and 500 m from top to bottom). The time step for integra-
tion is 2 h. The model allows for exchange of mass, momentum and
heat at each layer interface by a parameterization of entrainment.

The atmospheric model is built by the nonlinear regression
method, via a neural network (NN) approach (Tang et al., 2001).
The wind stress is reconstructed using ocean states as predictors.
The coupling is done once every 15 days in this study. We found
that ENSO prediction skill was insensitive to the coupling time
interval when it ranges from one to 15 days, probably because
the atmospheric model was constructed using monthly mean data.
The details of the oceanic and atmospheric model can be found in
Tang et al. (2001) and Tang (2002).

Two observation datasets are used in this study. One is ERSST
(Extended Reconstructed SST) data. Its horizontal resolution is
2° x 2° over the global ocean (Smith and Reynolds, 2003, 2004).
The data period used here is from 1876 to 2002. It has the largest
uncertainty in the nineteenth century and during the two world
wars due to sparse sampling. The uncertainty of its global average
is, at the confidence level of 95%, around 0.4 °C in the 19th century,
near 0.2 °C for the first-half of the 20th century and 0.1 °C or less
after 1950. This dataset has been widely used in climate studies
(Xue et al., 2003; Monahan and Dai, 2004; Nakaegawa et al.,
2004). The other dataset is the NCEP (National Centers for Environ-
mental Prediction) reanalysis monthly wind data for the period
from 1948 to 2002. Its resolution is the same as that of ERSST data.

To perform a long-term simulation and hindcast of ENSO, the
past wind stress data, as the model forcing, is required. Using SST
as a predictor and SVD technique, a long-term wind stress dataset
from 1875 to 1947 was reconstructed, with the resolution 2° x 2°
and the domain of tropical Pacific from 30°S-30°N (see http://we-
b.unbc.ca/ytang/wind.html). The cross-validation scheme was used
in the reconstruction to ensure the training data not used in test
periods. The training data of the wind is the NCEP reanalysis
10 m wind speed in monthly T62 Gaussian grids for 1948-2006
(Kalnay et al., 1996). A detailed description on the reconstruction
of wind stress was given in Deng and Tang (2009). With the recon-
structed wind stress, a long-term control run was performed with
the OGCM from 1876 to 2000, producing a good simulation for
ENSO variability as discussed later. In next sections, the perfor-
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mances of assimilation schemes will be evaluated through compar-
isons against this control run.

3. Data-assimilation schemes

The OI algorithm used in this study is a real-time assimilation
method where the optimal state is given by the Best Linear Unbi-
ased Estimate (BLUE). In principle, it can be written as,

Xa =Xy + K(y — Hixp)), (1)
K =BH"(HBH" +R)™", (2)

where X, is analyzed model state, x, is background model state, y is
the observed SST, H is observation operator, B is covariance matrix
of background errors, R is the covariance matrix of observation
errors. The linear operator K is called Kalman gain. In (2), the BEC
matrix B describes the spatial and multivariate structure of the
analysis increment, and plays a critical role in the data-assimilation
system.

The observed SST used for the assimilation is ERSST SST dataset.
These data are also used to construct a proxy-SST dataset for
Scheme 4. The goal and method using a proxy data instead of ori-
ginal SST will be presented in Scheme 4. The data are inserted each
5-day into the model with a weighted coefficient that is deter-
mined by the distance between the model time and the time used
to represent monthly observed SST value (i.e., the 15th day of each
month).

The matrix B in (2) can be written

By, BlZ)
B= , 3
(321 Bn /) ®

where sub-matrices B;; and By, stand for the background error
covariance of model SSTA T; and the second-layer temperature
anomaly T,, respectively; B and B; represent the error cross-
covariance between the T; and T,. By is equal to B,;. Actually By,
is not used here, since only SST data is assimilated into the ocean
model and no subsurface temperature data is available for a 125-
year period. B should be a positive-definite and symmetric matrix.
Here, we would not expect SST to correlate with temperatures
below the second-layer, since the reference depth of the first-two
layers of the ocean model is 270 m, which is far beyond the thermo-
cline that dominates ENSO variability. The objective of this study is
to provide a good initialization scheme for ENSO forecasts.

Four different schemes of data assimilation are proposed below.
In the first-two schemes, we consider a two-dimensional assimila-
tion as Derber and Rosati (1989), Behringer et al. (1998) and Tang
et al. (2004). Both schemes have only non-zero element of By; in
BEC matrix, and ignore error covariance in vertical, thereby failing
to transfer the SST increments to the subsurface. For the latter two
schemes, we consider errors in vertical correlation in the BEC,
allowing information transfer between the SST and the second-
layer temperature. In these two cases, besides B;;, B is a matrix
with non-zero values for Bj, (By1). By is always not used due to
the absence of subsurface observed temperature.

The observational error covariance matrix R should be esti-
mated not only from measurement errors but also from errors of
representativeness (e.g., Lorenc, 1986). The latter reflects the fact
that the forward model, which maps the model state to the ob-
served variables and locations, is not perfect. The ERSST SST data-
sets used here are ship reports or binned raw observations. It is
difficult to estimate the R matrix. In general, the area which has
a large variability is usually accompanied by a large error such as
in the regions of western boundary currents and thermocline etc.
(Martin et al., 2007; Behringer et al., 1998). Therefore, one can as-
sume that the standard deviation of the observed SSTA errors is
proportional to the standard deviation of observed SSTA. For sim-

plicity, the observed errors here are also assumed to be uncorre-
lated in time and space as in Tang and Kleeman (2002) and Tang
and Hsieh (2003).2 It should be noticed that the real observed tem-
perature errors should be correlated each other. The problem is that
it is difficult to estimate their correlation structure. Thus, for simplic-
ity, R has values of zero everywhere except diagonal elements which
are equal to

i = (Bao(i))?, (4)

where  is a tuning parameter, set to be 0.3 in this study, o, is the
standard deviation of observed SSTA (Fig. 1b).

3.1. Scheme 1

In this scheme, the model BEC By; is assumed to be a simple
Gaussian function with the homogeneous and isotropic assump-
tion and ignores vertical correlations as in Derber and Rosati
(1989). The horizontal covariance between any two points is given
by

2055 042
b ~ ae~ @)/ (d cosp) (5)

where b;; is any element of By; in (2), ¢ is the latitude of the grid
point, d; (i,j) the distance between any two points in the model do-
main, a = 0.01, and d = 570 km, as in Derber and Rosati (1989).

The observational SST errors are assumed to be non-correlated
in time and space, so the observation error covariance matrix is
diagonal and its error variance is set to (0.5° C)* as some previous
studies (e.g., Tang et al., 2004).

3.2. Scheme 2

In this scheme the BEC By; is estimated from the modeled SST at
each grid point instead of a pre-described Gaussian function of
Scheme 1. The monthly model SST is obtained by integrating the
ocean model for 21 years from 1980 to 2000 forced by the ob-
served wind stress.

An specific element in By; is given below

u — 1 Z { Tm . }
where N is the number of samples (N = 21 % 12), T, (i) is the mean of
T, and T7(i) is defined below
Ti(0)
a1 (i)

[T76) = Ty ()]} (6)

TY (i) = Oom (7)
where T} (i) is the model SSTA at grid point i and sample n, o(i) is
the standard deviation of model T; (i) during the period 1980-2000,
and o, (i) indicates root mean square (RMS) between the model
T1(i) and the observed SSTA T,(i) (Fig. 1a), namely

N
Oom(i _\j _]ZT" —T7(i) (8)

The observed SSTA is interpolated to each model grid prior to the
computation of Gop(i).

In (6), T7'(i) is used to define By since we want the variance of
model error (i.e., the diagonal elements of By;) is equal to the
square of g,m(i). Under the assumption that the observed SSTA is
an unbiased estimate of its true value, the square of g,y (i) is iden-
tical to the variance of model errors. B;; = 0 in Schemes 1 and 2.

2 The historic SST dataset is a reconstructed data, thus this assumption might not
hold as well as that in other studies where the real observations were used.
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Fig. 1. (a) The RMSE between the modeled SSTA and observed SSTA during the period 1980-2000. The ocean model was forced by FSU wind stress; (b) the standard deviation

of observations SSTA (unit: °C).

3.3. Scheme 3

In this scheme, B is exactly same as that in Scheme 2. The esti-
mate of By, is similar to that of By;. Like (7), T3 can also be written,

i
_ (TT (i) (9)

2(1)
where T5(i) is the second-layer temperature anomalies at model
grid point i and sample n, o, (i) is the standard deviation of T, (i)
during the period of 1980-2000, ¢ (i) is the standard deviation of
the second-layer temperature errors. Since the ocean model used
here is a simplified dynamical model, the model T, (i) does not
match the observed temperature at the same depth. Thus o (i) is
here assumed to be 0.1 at any model grid point, as suggested in Der-
ber and Rosati (1989). Similar to (6), an element of sub-matrix Bi,
can be written as,

m

Ty (i)

a(i),

N
by =3 AT ~T3 0]+ [170)~To0)] ) (10)
n=
where T (i) and T, (j) represent the mean value of T (i) and T,(j),
respectively. The term B, in (3) transfers information of the sea
surface temperature to the second-layer temperature.

Fig. 2 shows several correlation structures of temperature
anomalies obtained using two reference locations in the first-layer.
One location is in the western Pacific (168.5°E, 3°N) for Fig. 2a and
b, and the other one in the eastern Pacific (240.5°E, 3°N) for Fig. 2¢c
and d. Fig. 2a and c are spatial correlation structures for the first-
layer itself whereas Fig. 2b and d are cross-correlation structures
for different layers, namely the reference location in the first-layers
correlated with all grids in the second-layer. As can be seen, the zo-
nal correlation length scale is much larger than the meridional
counterpart, consistent with the findings in Behringer et al.
(1998) and Zhou et al. (2004). The zonal correlation length scale
(Fig. 2a and c) reaches thousands of kilometres, because this sim-
plified ocean model is dominated by large-scale dynamics due to
shallow-water approximation. Fig. 2b and d suggest a teleconnec-
tion structure between the first-layer and the second large, as
shown by high correlation values away from the reference loca-
tions. Interestingly, the large correlation values distribute along
the off-equatorial belt around 5°-10°N/S in Fig. 2b and d, suggest-
ing the importance of Rossby waves in the heat transfer in the
vertical direction.

3.4. Scheme 4

In Schemes 1-3, the ERSST SSTA data are directly assimilated
into the ocean model. In this scheme we attempt to assimilate a
proxy-SST dataset into the model. Tang and Kleeman (2002) ar-
gued that the observational forcing must not be made too strong
in the region where the model has a significantly different struc-
ture of variance from the observation. Otherwise the model expe-
riences a shock due to the SST assimilation, leading to serious
imbalance between surface and subsurface. To solve this issue,
Tang and Kleeman (2002) proposed a strategy, namely assimilating
an observed SST-induced proxy dataset instead of original observa-
tions. However, Tang and Kleeman (2002) did not consider B;; in
their assimilation scheme, i.e., B;; = 0 in the error covariance ma-
trix. It is interesting to explore whether the proxy-data strategy
is still helpful if By, is considered in SST assimilation, as proposed
in Scheme 3. For this goal, we design a new scheme, namely, the
formulation of background error covariance B is the same as that
defined in Scheme 3 but using the proxy data instead of the origi-
nal SST observations.

The proxy data is constructed through the time series of the
first-three Empirical Orthogonal Functions (EOF) modes of the ob-
served SST multiplied by the corresponding spatial patterns of the
modeled SST field from the control run during 1964-2000. As ar-
gued in Tang and Kleeman (2002), the proxy SST data keeps the
observation information in time but avoids large differences of
spatial patterns of variances between observed SST and model
SST. Besides the proxy SST data, a proxy data of the first-layer
depth was also assimilated into the model with the BEC scheme
identical to that in Scheme 1, i.e., ignoring the vertical covariance.

4. Ocean analyses

First we will examine ENSO simulations using reconstructed
wind stress data with and without data assimilation. The anomaly
correlation and RMSE between the observed and modeled SSTA
during the period 1876-2000 are displayed in Fig. 3. In the control
experiment, the good correlation skill only appears in the eastern-
central equatorial Pacific. The poor skill of SSTA simulation in the
western Pacific is probably due to poor parameterization of heat
flux, which determines SST variations there (Shinoda and Hendon,
1998). It should be noticed that the poor simulation skill of SST in
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Fig. 2. Several correlation patterns for temperature anomalies derived from the ocean model 20-year run forced by FSU wind stress. Crosses mark the reference grid located
in the first-layer that was here used to calculate the correlations. (a) and (c) are the correlations between the reference grid and all grids in the first-layer. (b) and (d) are the

cross-correlations between the reference grid and all grids in the second-layer.

the western Pacific is not due to the quality of wind stress. In many
oceanic models including some OGCMs (Oceanic General Circula-
tion Model), the simulation skills of SSTA are also poor in the wes-
tern Pacific Ocean, even though observed winds were used as
model forcing data (e.g., Kug et al., 2005; Tang et al., 2004). In fact,
the cross-validation skill showed that there is no significant differ-
ence of the quality in the reconstructed wind stress between the
western Pacific and the eastern Pacific (Deng and Tang, 2009).

As be seen in Fig. 3, all assimilation schemes improve the SSTA
simulation skills considerably. It is not surprising that such a high
correlation is achieved, because the SSTA observations that were
assimilated into ocean model are used again to measure the simu-
lation skills. Schemes 2 and 3 have almost the same simulation
skills, since they share the same BEC and observation error vari-
ances. However, their simulation skills of SSTA have considerably
pronounced differences with Schemes 1 and 4 in the western Paci-
fic. This is because Schemes 2 and 3 consider local-dependence of
error correlation length scale, and use actual observation data. In
Scheme 1 the correlation length scale in BEC is a constant value
of 570 km everywhere whereas in Scheme 4 the SST-induced proxy
data were assimilated into the oceanic model. The proxy data were

reconstructed based on the first-three model EOF patterns, which
account for major variances in the eastern tropical Pacific, thus
leading to low skills in the western Pacific.

Fig. 4a and b show the time evolution of observed and modeled
Nifio3 (5°S-5°N, 120°-170°W) SSTA from January 1876 to Decem-
ber 2001 derived from the control run and Scheme 3, respectively.
The anomaly correlation between the observed and modeled Nifio3
SSTA is 0.89 in control run and 0.98 in Scheme 3. Fig. 4 suggests
that (1) the reconstructed wind stress can facilitate the realistic
interannual variability. As such the model forced by the recon-
structed wind stress can capture all large ENSO events in both
phase and amplitude; (2) the method of SST assimilation proposed
in Scheme 3 is effective, making the model not only capture large
events but many small events. Again, this is not surprising since
the observed SST was assimilated into the model. Next we will
explore the impact of SST assimilation on the subsurface oceanic
analyses.

The major differences between Schemes 1, 2 and Schemes 3, 4
are that the former only correct model SST whereas the latter cor-
rect both the SST and the second-layer temperature (T2). We
examined the differences of T2 anomalies between Schemes 1, 2
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with the control experiment, and found the differences are very
subtle (not shown), indicating that the SST assimilation without
considering vertical structure in BEC cannot effectively correct
T2. This also suggests the inefficiency in transferring information
of observed SST to the subsurface by the model itself. Thus, ignor-
ing the vertical structure of BEC in SST assimilation could lead to
serious imbalance between surface and subsurface.

Fig. 5a and b are the time-longitude plots of T2 anomalies along
the equator from 1980 to 2000 for the control experiment, Schemes
3 and 4, respectively. As can be seen, Scheme 3 displays a significant
eastward propagation during the El Nifio events such as 1982/83 and
1997/98 which is almost absent in the control run. The eastward
propagation of subsurface heat is a dominant feature in ENSO evolu-
tion, which is also a major source contributing to ENSO predictability
in many dynamical models (Tang, 2002; Tang and Hsieh, 2003). The
other significant difference between Fig. 5a and b are that the ampli-
tude of the T2 anomalies is much smaller in the control run than in
Scheme 3. We also conducted a similar control run from 1981 to
2000, i.e., forced the ocean model with the observed winds. It was
found that the T2 anomalies, when forced by the observed winds,

have relatively large amplitudes (not shown). The difference of T2
anomalies between the two control runs suggest that the small
amplitude in Fig. 5a is mainly due to the reconstructed winds lacking
the components that are highly frequent and not-SST related. These
components may be important in exciting oceanic vertical waves
that play a crucial role in variations of the subsurface temperature,
although they are probably negligible for SST. Fig. 5 indicates that
the proposed schemes with considering the vertical structure of
BEC can effectively correct the second-layer temperature. The vari-
ability of subsurface ocean in Scheme 4 (Fig. 5¢) is less realistic than
that in Scheme 3, because proxy SST data, a blend of model and
observed SST data, is assimilated into the ocean model.

The ocean model used here is an intermediate complexity layer
model, which has a relative coarse resolution in vertical direction.
In addition, the model depth is a prognostic variable, varying with
time and location. Thus, it is difficult to validate ocean analyses
through comparing the model temperature at the second-layer
against the observed counterpart. However one might be able to
validate the subsurface assimilation by the heat content anomalies
(HCA), an integral of the upper ocean temperature with the depths.
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Fig. 4. Time-longitude plots of the heat content anomaly anomalies along the equator at top 270 m during 1980-2000 for (a) control run, (b) data assimilation of Scheme 3,
and (b) NCEP reanalysis. The contour level is 0.3 °C in (a) and (B) and 1 °C in (c). The values over 0 °C are shaded.

Fig. 6 shows the time-longitude variation in HCA of the upper
270 m, along the equator, from the control experiment, Scheme 3
and NCEP (National Centers for Environmental Prediction) GODAS
(Global Ocean Data Assimilation System) reanalysis dataset (Beh-
ringer et al., 1998) for the period from 1980 to 2000. As can be
seen, the HCA simulation by Scheme 3 is better than that by the
control run when compared against the NCEP reanalysis counter-
parts, especially for the strong ENSO events such as 1982/83 and
1997/98 El Nifio events, although the amplitude of HCA analysis
by Scheme 3 is still weak.

5. ENSO predictions

In this section, we will perform five groups of hindcasts using
the HCM, initialized, respectively, from the control run and four
different assimilation schemes described in Section 3. For each
group of hindcast, a total of 500 prediction cases, initialized from
April 1, 1876 to January 1, 2001, were run at three-month intervals
(1 January, 1 April, 1 July and 1 October). Each prediction lasts
12 months. Fig. 7 shows predictive skills initialized from the con-

trol experiment and the assimilation schemes, where the predicted
Nifio3 SSTA index is compared against its observed counterpart.
The correlation skill initialized from any data-assimilation scheme
is higher than that from the control run, indicating that the initial
conditions derived from any SST assimilation in this study can im-
prove ENSO prediction skills. This is different from some previous
work where the SST assimilation without considering the vertical
structure in BEC led to poorer prediction skill (Chen et al., 1997;
Rosati et al.,, 1997; Tang and Kleeman, 2002; Tang and Hsieh
2003). This is probably because there are relatively large initial er-
rors in the model SST when the statistically reconstructed wind
stress forced the ocean model, thereby leading to very low predic-
tion skills for the control run. When the observed SST is assimilated
into the model, the initial errors of SST are well corrected, espe-
cially in the western Pacific and in the off-equatorial region as
shown in Fig. 3, leading to better prediction skill. It should be noted
that the SST assimilation from Schemes 1 and 2, which do not con-
sider vertical structure in BEC, could lead to imbalance between
surface and subsurface, potentially degrading the prediction skill.
Thus, Fig. 7 suggests that the impact of initial errors of SST on
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data assimilation and from the oceanic analysis with Scheme 3 are shown in (a) and in (b), respectively. The correlation between observed and modeled Nifio3 SSTA indices is

0.89 and 0.98 for the control run and data assimilation, respectively.

prediction skill might be much larger than that of the imbalance
from the assimilation. The best overall predictive skills were at-
tained in Scheme 3, especially for the prediction of lead times
greater than 6 months. The correlation coefficients of predictions
initialized by Scheme 3 are up to 0.5 at the 9-month lead whereas
the skill initialized by the control run is below 0.5 at the lead times
beyond 6 months. Generally, the prediction skill over correlation of
0.5 is supposed to be useful in ENSO community. Thus, the ‘valid-
ity’ of the forecast has been extended by 3-4 months by Scheme 3
compared with that by control run. It is also true for Nino3.4 SSTA
prediction as shown in Fig. 8. In Schemes 3, the model SST and the
second-layer temperature are corrected simultaneously, leading to
better skills compared with skills in Schemes 1 and 2 where the
only model SST is corrected. This indicates that the proposed BEC
in Schemes 3 is effective in transferring correction from the surface
to the subsurface. Scheme 4 also considers the correction of the
second-layer temperature but a proxy-SST dataset used biased
the realistic information assimilated into the model, leading to rel-
atively small improvement in prediction skill.

Fig. 8 shows the variation in prediction skills of Nifio3 SSTA in-
dex in different periods. For the first 20 years (1876-1895) and the
last 60 years (1941-2000), the predictions of Nifio3 SSTA index,

when initialized by Scheme 3, are much better than those initial-
ized by the control run, with the correlation skill of about 0.5 at
the 12-month lead. During the period 1896-1940, the correlation
skill from Scheme 3 is also better than that from the control run,
but still much lower compared with the skills of other periods,
especially for the prediction beyond 6-month lead. The low predic-
tion skill during this period was also found in Lamont coupled
model and a hybrid coupled model (Chen et al., 2004; Tang et al.,
2008). This is the most probably due to relatively weak variability
of ENSO during this period. The period with weak ENSO signals
should be intrinsically less predictable because weak signals are
easily dissipated by the chaotic or stochastic components of the
system, leading to the loss of predictability. It has been argued that
ENSO predictability is highly related to the strength of interannual
variability (Tang et al., 2004, 2005; Chen et al., 2004; Tang et al.,
2008).

The observed Nifio3 SSTA index and predicted counterpart val-
ues by Scheme 3 are displayed in Fig. 9 for the period from 1876 to
2000. As can be seen, at a 6-month lead the model was able to pre-
dict most of warm and cold events, especially for relatively strong
ENSO events, although the predicted SSTA always leads to the
observed counterpart by 1-2 months. The phase shift between
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prediction and observation is due to the oceanic model’s system-
atic bias, which also exists in other oceanic models, and in the con-
trol run where the observed winds are only forced with the oceanic
model (Tang et al., 2001).

6. Discussion and conclusion

In this study, we proposed four schemes for the assimilation of
the historic SST data based on different representations of the BEC.
The BEC is a critical component in the data assimilation and deter-
mines how to spread the information of the observed SST in both
horizontal and vertical directions. These schemes were compared
based on the ocean analyses and ENSO prediction skills. Scheme
1 defines the BEC by a simple Gaussian function as in Derber and
Rosati (1989), and the BEC in Schemes 2 and 3 is constructed based
on modeled temperature of the control run forced by the observed
wind stresses. Scheme 1 and 2 fail to correct the second-layer tem-
perature directly, leading to little corrections in the second-layer
temperature during the assimilation cycle. This suggests that the
SST correction cannot transfer effectively to the subsurface by
the model itself. Thus for the SST assimilation, the error vertical
structure must be considered in the BEC. By considering spatial

coherence in both horizontal and vertical directions and the loca-
tion-dependent correlation scales of model errors, Scheme 3 pro-
duces the most realistic characteristics in the second-layer
temperature than the others. Although the same BEC is used in
both Schemes 3 and 4, the interannual variability of subsurface
temperature in Scheme 4 is less realistic than Scheme 3 due to a
proxy data used in Scheme 4. In terms of the prediction of Nifio3
SSTA indices, the Scheme 3 also is the best among four schemes,
suggesting that it is appropriate to estimate horizontal and vertical
correlation scales of model errors using the model outputs as pro-
posed in this study.

Long-term hindcasts were performed for the period from 1876
to 2000, initialized by data assimilation and the control run,
respectively. The results show that the prediction skills of Nifio3
SSTA index initialized by Scheme 3 are much better than those ini-
tialized by the control run and other assimilation schemes. For the
first 20 years from 1876 to 1895 and the last 60 years from 1941 to
2000, the correlation coefficients initialized by Scheme 3 are
around 0.5 at the 12-month lead, which are comparable with some
best prediction models (e.g., Chen et al., 2004; Tang et al., 2008). A
detail comparison of prediction skills for three different coupled
models can be found in Tang et al. (2008). However, prediction
skills initialized by either Scheme 3 or the control run are poor
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for the period 1896-1940, especially for the lead time beyond
7 months, clearly demonstrating a decadal-scale variation of ENSO
predictability. Interestingly, the decadal variation of ENSO predic-
tion skills shown in our model is very consistent with that found
in Lamont model (Chen et al., 2004), suggesting that the decadal
variation of ENSO predictability could be model independent. A
further analysis found that the period of low predictability has very
weak interannual variability. This is very consistent with several

recent works on ENSO predictability which argued the amplitude
of initial conditions dominating the prediction skill (e.g., Tang
et al., 2004, 2005).

An important issue in surface data assimilation is the imbalance
between the fast corrections in the surface and slow adjustments
in the subsurface. This work aims at this issue by considering SST
assimilation, a unique long-term oceanic dataset available, for ini-
tializing ENSO prediction. Thus, this work has both theoretical and
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Fig. 9. Variation of the predicted Nifio3 SSTA index of the 6-month lead (thin line) and the observed Nifio3 SSTA index (thick line).

practical importance. Especially, some ENSO models with interme-
diate complexity can well simulate SSTA variations, but poorly
simulate subsurface temperature. A direct assimilation of subsur-
face observations could lead to a large shock to models, destroying
physics and dynamics of the models. In this sense, even though the
subsurface observations are available, their direct assimilations
might not be effective for these simplified models. In this study,
we proposed and developed an alternative method that corrects
model subsurface temperature by model SSTA increments. This
proposed method might be able to solve the imbalance induced
in the salinity field when the temperature is assimilated. For exam-
ple, one could calculate the cross-covariance of model temperature
and salinity errors from the control run, and then use it to transfer
the SST increment into the salinity field. Further study and applica-
tion of BEC into a global oceanic general circulation model is under
way.

It should be noted that the SST observations represent typi-
cally the first few centimeters but the model SST is measured
at the first-layer of this model with a reference depth of
100 m. Thus an inconsistence exists between model SST and
the observed counterparts. This is a common and well known
difficulty when assimilating SST, especially for a model with
coarse resolution in vertical. Thus the achievement by SST assim-
ilation shown in this study is probably a lower bound of the po-
tential improvement of SST assimilation to oceanic analysis and
ENSO prediction.
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