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ABSTRACT

The Flexible Global Ocean-Atmosphere-Land System model, Grid-point Version 2 (FGOALS-g2) for
decadal predictions, is evaluated preliminarily, based on sets of ensemble 10-year hindcasts that it has
produced. The results show that the hindcasts were more accurate in decadal variability of SST and surface
air temperature (SAT), particularly in that of Niño3.4 SST and China regional SAT, than the second sample
of the historical runs for 20th-century climate (the control) by the same model. Both the control and the
hindcasts represented the global warming well using the same external forcings, but the control overestimated
the warming. The hindcasts produced the warming closer to the observations. Performance of FGOALS-g2
in hindcasts benefits from more realistic initial conditions provided by the initialization run and a smaller
model bias resulting from the use of a dynamic bias correction scheme newly developed in this study. The
initialization consists of a 61-year nudging-based assimilation cycle, which follows on the control run on 01
January 1945 with the incorporation of observation data of upper-ocean temperature and salinity at each
integration step in the ocean component model, the LASG IAP Climate System Ocean Model, Version 2
(LICOM2). The dynamic bias correction is implemented at each step of LICOM2 during the hindcasts to
reduce the systematic biases existing in upper-ocean temperature and salinity by incorporating multi-year
monthly mean increments produced in the assimilation cycle. The effectiveness of the assimilation cycle and
the role of the correction scheme were assessed prior to the hindcasts.
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1. Introduction

Improving decadal predictions for global and re-
gional climate changes is of scientific significance and
has important societal implications (Meehl et al.,
2009). These predictions may better present extremes
due to naturally occurring decadal variability and may

be useful in risk and cost-benefit analyses of new in-
vestments in large-scale infrastructure that are gener-
ally proposed according to decadal time scales. How-
ever, decadal predictions are technically challenging.
These predictions differ from seasonal forecasts that
are initialized from observed climate system states
and climate projections that generally follow long-term
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spin-ups of coupled climate/earth system models. The
methodology to make decadal predictions is in its in-
fancy. Like seasonal prediction strategies, initializ-
ing the models using full observations (as opposed to
anomalies) may lead to drifts in decadal predictions
from the observations toward an imperfect model cli-
mate (Troccoli and Palmer, 2007). These drifts are
generally produced by the systematic biases between
the model simulations and observations. Therefore,
initializing the models and making bias corrections are
very important for decadal predictions.

The drift problem was reduced greatly when
Schneider et al. (1999) proposed an initialization
scheme that assimilates anomalies rather than abso-
lute values of observations. Sets of hindcast experi-
ments initialized with observation anomalies by Pierce
et al. (2004), Smith et al. (2007) and Keenlyside et
al. (2008) also showed that decadal hindcasts were
better than simulations without initializations under
the same radiative forcing. The difficulties of ini-
tializing the ocean state become more serious due
to the lack of observations on sea subsurface. For
this reason, Pohlmann et al. (2009) initialized their
decadal predictions with anomalies of ocean tempera-
ture and salinity from re-analysis data and found that
the accuracy of the hindcasts were extended to decadal
time scale. Particularly, their hindcasts represented
the North Atlantic Oscillation (NAO) well. However,
when initial conditions (ICs) that incorporate obser-
vation anomalies are used, a coupled model that is
incompatible with this state may quickly “forget” the
details of the initial conditions because of model er-
rors (Barnett et al., 2004; Pierce et al., 2004) that
cannot be reduced by the assimilation of anomaly ob-
servations. To alleviate model errors, much research
has been conducted, including the development of a
statistical method to remove initial biases that may
cause climate drifts (Cherupin et al., 2005; Dee, 2005),
the estimation of model parameters using observa-
tions through the ensemble adjustment Kalman fil-
ter (EAKF) to reduce hindcast/forecast errors caused
by “initial shocks” (Zhang, 2011), and the incremen-
tal analysis update (IAU) data assimilation approach
with which Mochizuki et al. (2010) hindcast the Pacific
Decadal Oscillation (PDO) successfully.

In this study, a dynamic bias correction scheme was
newly developed to alleviate drifts caused by the use
of the absolute values of observations in the nudging-
based initialization, which is introduced in section 2,
following a brief description of the coupled model and
assimilation method used in this study. The experi-
ment design is then given in section 3, followed by the

preliminary evaluations in section 4. Finally, the sum-
mary and conclusions of this paper are presented in
section 5.

2. Methodology

2.1 Model description

The climate system model used in this study was
the Flexible Global Ocean-Atmosphere-Land System
model, Grid-point Version 2 (FGOALS-g2), which
is one of the CMIP5 (Coupled Model Intercompar-
ison Project Phase 5) models (http://pcmdi3.llnl.
gov/esgcet/home.htm) mainly developed jointly by
the State Key Laboratory of Numerical Modeling for
Atmospheric Sciences and Geophysical Fluid Dynam-
ics (LASG), Institute of Atmospheric Physics (IAP),
Chinese Academy of Science (CAS), and the Center
for Earth System Science (CESS), Tsinghua Univer-
sity. It couples four components, including the Grid-
point Atmospheric Model of IAP LASG, version 2
(GAMIL2), the LASG IAP Climate Ocean system
Model, version 2 (LICOM2); the Community Land
Model, version 3 (CLM3) of National Center for At-
mospheric Research (NCAR); and the Los Alamos Sea
Ice Model (CICE), improved version 1.0 by LASG
(CICE LASG1.0: Wang, 2009; Song and Liu, 2012a),
through the NCAR Coupler Version 6 (CPL6) which
computes and exchanges the heat flux, momentum and
fresh water flux among the component models without
any flux correction or adjustment. The grid resolution
of this couple model is 2.8◦×2.8◦ L26 in the atmo-
sphere (Wang et al., 2004; Li et al., 2012a; Li et al.,
2013a) and 1◦×(0.5◦ − 1◦) L30 in the ocean (Liu et
al., 2012). The sea-ice model has five levels in the
vertical direction. Because the coupler requests that
the ocean and sea-ice models have the same grids, the
horizontal resolution of the sea-ice model was modified
to match that of LICOM2. The horizontal resolution
of the land surface model was also modified to match
that of GAMIL2. For more detailed descriptions of the
coupled model, please refer to Li et al. (2013b).

2.2 Assimilation scheme for initialization

Initialization is one of the essential steps of decadal
prediction; in this step observational information is
spread to the deep ocean and other model variables
without observations, using an assimilation approach.
Because the initialization of a coupled model re-
quires a long cycle of assimilation, the computing effi-
ciency of the chosen assimilation scheme must be suffi-
ciently considered. For this reason, the nudging-based

aSong, M., and J. Liu, 2012: Sensitivity of sea ice simulations to two different snow/ice albedo parameterizations. Climate dyn.,
submitted.
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assimilation scheme, a simplified scheme of three-
dimensional variational data assimilation (3DVAR),
was used to initialize the simulations in this study.

3DVAR obtains its initial analysis xa through min-
imizing a cost function:





J(xa) = min
x

J(x)

J(x) =
1
2
(x− xb)TB−1(x− xb)+

1
2
(H(x)− yobs)TO−1(H(x)− yobs)

,

(1)

where B is background error covariance matrix, O is
observational error covariance matrix that is generally
diagonal, xb is background, yobs is observation, and
H is the observational operator. If the observational
variable y = H(x) is the same as the control variable
x (i.e., H = I and xobs = yobs) and the matrices B
and O are all diagonal with constant variances at the
diagonal line (i.e., B = α2

bI and O = α2
oI, where α2

b

and α2
o are respectively the mean variances of back-

ground and observational errors), the cost function of
3DVAR defined in Eq. (1) is then simplified into the
following formula:

J(x) =
α−2

b

2
(x− xb)T(x− xb) +

α−2
o

2
(x− xobs)T(x− xobs) , (2)

which can be regarded as the cost function of the
nudging-based assimilation. It is easy to obtain the
initial analysis by minimizing this cost function:

xa = xb +α(xobs−xb)
(

where α =
α2

b

α2
b + α2

o

)
. (3)

If a model integration from n-th step to n+1-th step
is expressed into

xn + 1 = xn + τL(xn) , (4)

the nudging-based assimilation for this step can be for-
mulated as





xa,n = xn + α(xobs,n − xn)

xn+1 = xa,n + τL(xa,n)
, (5)

where L is the tendency of the model, τ is the time step
size, and α is the nudging coefficient. To improve the
consistence between the observation and model back-
ground, an extra iteration with m sub-steps is used to

assimilate the same observation at each model integra-
tion step:





xb,n,0 = xn



xa,n,k = xb,n,k +
α

m
(xobs,n − xb,n,k)

xb,n,k+1 = xa,n,k +
τ

m
L(xa,n,k)

(k = 0, 1, · · · ,m− 1)
xn+1 = xb,n,m

. (6)

In this study, the number of substep m is set to be 2, so
the related computation is not very time-consuming.

2.3 Dynamic bias correction in decadal pre-
diction

The different assimilation strategies used in initial-
izations all have pros and cons. Initializing the model
simulations with anomaly observations can reduce cli-
mate drifts in decadal predictions, but it is difficult to
remove the initial biases. Initializing with full observa-
tions can alleviate the model biases in the first predic-
tion year, but this may lead to drifts in the following
prediction years from the observations toward an im-
perfect model climate. In this study, full observations
were directly assimilated during the initialization, and
a dynamic bias correction scheme was proposed to re-
duce the climate drifts in decadal predictions.

From Eq. (5) or (6), it can be easily proven that
the analysis xa,n (xa,n,k) was closer to the observa-
tion xobs,n than the background xb,n (xb,n,k) model
prediction. Therefore, the analysis increment x′a,n =
α(xobs,n − xb,n) (x′a,n,k = α/m(xobs,n − xb,n,k)) can
alleviate the error between the prediction and observa-
tions. Without question, the multi-year monthly mean
analysis increments x̄′a,mon (mon= 1, 2, . . . , 12) during
the initialization can reduce the model bias in mean
annual cycle (MAC) during this period. They also re-
duce the MAC bias in hindcasts/forecasts to some ex-
tent, because the same model was used in both the
initialization and hindcast/forecast. Therefore, the
following dynamic bias correction scheme for decadal
prediction based on Eq. (5) or (6) was proposed:

{
xa,n = xn + x̄′a,n

xn+1 = xa,n + τL(xa,n)
, (7)

or



xb,n,0 = xn



xa,n,k = xb,n,k +
1
m

x̄′a,n

xb,n,k+1 = xa,n,k +
τ

m
L(xa,n,k)

(k = 0, 1, · · · ,m− 1)
xn+1 = xb,n,m

, (8)
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where x̄′a,n is obtained from linear time interpolation
of x̄′a,mon (mon= 1, 2, . . ., 12) at the time of each inte-
gration step.

3. Experiment design

3.1 Initialization experiment
The initialization experiment (simply “ASSIM”,

hereinafter) consisted of a 61-year (1945–2005) assimi-
lation cycle performed to provide the ICs for the hind-
cast and forecast experiments initiated any time be-
tween 1955 and 2005. This model run actually fol-
lows one of the historical runs (the second sample)
for 20th century climate (marked “CTRL” as the con-
trol run) at 0000 UTC on 01 January 1945. ASSIM
used the same external forcings as CTRL, however, in
ASSIM the monthly mean upper-ocean temperature
(T ) and salinity (S) of FGOALS-g2 are relaxed to-
ward the ds285.3 analyzed data (Isii et al., 2006) over
the entire period 1945–2005 using the scheme shown in
Eq. (6). A linear interpolation was used to derive inter-
monthly observations. Because the inconsistency in
sea-ice cover between the model and the observations
usually results in unfavorable temperature and salinity
variations over the polar regions in the initialization,
assimilation analyses were not performed at the grid
points where sea-ice existed in the model. With re-
gard to a grid point located away from the modeled
sea ice within a distance of 10◦ in latitude, the analy-
sis increment was dampened in proportion to the dis-
tance between the point and sea ice [a method similar
to that used by Mochizuki et al., 2010]. The nudg-
ing coefficient in Eq. (5) or (6) was set as α = σ(θ)α0,
where θ is the latitude and α0 = (τT−S/3600)/(30×24)
(the subscript “T-S” means “for the temperature and
salinity equations”), considering that the observation
are monthly mean data. The assimilations were per-
formed at each step of the temperature and salinity
integration in the ocean model with the time step-size
τT−S, and σ(θ) was set as the following:

σ(θ) =





π − 2 |θ|
30π

π

3
< |θ| 6 π

2
1
90

+
29
15π

(π − 3 |θ|) 5π

18
< |θ| 6 π

3
1
2

+
1
9π

(π − 9 |θ|) π

9
< |θ| 6 5π

18
1
2

−π

9
6 θ 6 π

9

. (9)

3.2 Hindcast experiments

To evaluate the skill of FGOALS-g2 in decadal pre-
dictions, hindcast experiments were designed for the
period 1955–2001. Using the ICs provided by AS-
SIM and the same external forcings (e.g., CO2 and
other greenhouse gases as CTRL), ten sets of 10-year-

long, three-member ensemble hindcast experiments
were conducted every five years between 1955 and 2001
(referred to as ‘HCSTs’). Member 1 (simply ‘HCST-
r1’, hereafter) started the hindcasts on 01 January of
1956 to 2001 with the five-year time interval. Mem-
ber 2 (marked ‘HCST-r2’) and Member 3 (‘HCST-r3’)
respectively initiate from 01 November and 01 Septem-
ber from 1955 to 2000 every five years. All three mem-
bers used the dynamic bias correction scheme to re-
duce climate drifts caused by incorporating full obser-
vations into ICs. To compare the skill of FGOALS-g2
in decadal predictions with and without the dynamic
correction scheme, an extra hindcast experiment was
performed using the same ICs as Member 1 but with-
out the dynamic correction (referred to as ‘HCST-r1-
b’).

Due to the insufficient ensemble samples, the
results from the hindcast experiments were post-
processed as 10-year-averaged fields; then the decadal
variability was evaluated. For the analyses on clima-
tology and mean annual cycle of SST, 45-year datasets
from 1961 to 2005 were adopted; they consisted of the
last five-year predictions from the 10 sets of hindcast
experiments.

3.3 Observations

The observational data used in this study (‘OBS’
in the figures) for comparison with HCST, ASSIM,
and CTRL simulations included the ds285.3 analyzed
data (Isii et al., 2006), the Hadley Centre-Climate Re-
search Unit gridded surface temperature dataset (Had-
CRUT3v; Brohan et al., 2006), and Hadley Centre Sea
Ice and Sea Surface Temperature data set (HadISST;
Rayner et al., 2003). For the detail information about
these datasets, please refer to the following websites:

(1) http://dss.ucar.edu/datasets/ds285.3/ (for the
ds285.3 dataset)

(2) http://www.metoffice.gov.uk/hadobs/hadisst/
(for the HadISST dataset)

(3) http://www.metoffice.gov.uk/hadobs/ (for the
HadCRUT3v dataset)

4. Preliminary evaluations

4.1 Climatology of SST

Warm pools are mainly located in the western Pa-
cific and Northern Indian Ocean according to observa-
tion data (Fig. 1a). They play an important role in the
global climate system; they significantly impact cli-
mate change and extreme climate in Asian and Pacific
regions, due to the huge calorific capacity. However,
very few state-of-the-art coupled climate system mod-
els (CSMs) in the world can well simulate the range
and intensity of the warm pools currently. There are
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Fig. 1. Horizontal distributions of annual mean SST (1961–2005) in (a) the observation data, (b)
initialization experiment, (c) historic run, and (d) the hindcast experiment. The dataset ds285.3
(Isii et al., 2006) was used for the observation data. The units of SST are ◦C.

some common defects in model simulations, e.g., west-
ward extension of equatorial Pacific cold tongue and
narrow distribution in the Indian Ocean, which can
also be easily found in CTRL by FGOALS-g2 (Fig. 1c).
The range and intensity of the warm pools were signif-
icantly improved in ASSIM (Fig. 1b), although there
was still a westward extension of Pacific cool tongue.
Benefiting from the ICs provided by ASSIM, HCST
also slightly improved the range of the Pacific warm
pool and alleviated the westward extension of Pacific
cool tongue (Fig. 1d).

To investigate the role of the dynamic correction
scheme in HCST, the multi-year annual mean SST pre-
sented in HCST-r1 was compared with that in HCST-
r1-b. As shown in Fig. 2, the warm pool produced
by HCST-r1-b without the dynamic correction scheme
was much smaller than that of HCST-r1, and the re-
gions enclosed by the contours of 28◦C SST almost
disappeared. These regions were represented better by
HCST-r1, which used the correction scheme. There-
fore, the dynamic correction scheme can alleviate the
cool drifts and improve the skill of the hindcast on
climatological mean of SST.

4.2 Annual cycle of SST

The annual cycle of SST is one of the most impor-
tant physical parameters of the ocean influencing the
atmosphere, which directly responds to the annual cy-

Fig. 2. Horizontal distributions of annual mean SST
(1961–2005) in the hindcast sample 1 (a) without and
(b) with the dynamic correction scheme. The units of
SST are ◦C.
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Fig. 3. Mean annual cycle of SST (1961–2005) presented in the (a)
observation data, (b) initialization experiment, (c) historical run, and
(d) hindcast experiments. The units of SST at the y-axis are ◦C.

cle of incident solar radiation. It is also the important
background of El Niño/Southern Oscillation (ENSO).
Therefore, to accurately present the annual cycle of
SST is very important for overall performance of the
coupled model. In this study, the ability of FGOALS-
g2 to represent the 1961–2005 multi-year mean annual
cycle of SST in the region between 50◦S and 50◦N,

Fig. 4. Mean annual cycle of SST (1961–2005) presented
in the hindcast sample 1 (a) without and (b) with the dy-
namic correction scheme. The units of SST at the y-axis
are ◦C.

where more information of the observations was incor-
porated into the model run with larger nudging co-
efficients according to Eq. (9), was investigated. The
observations showed that SST reached the highest in
April and the lowest in September, with an amplitude
of ∼0.63◦C (Fig. 3a). Both CTRL and HCST basically
replicated this feature, but they all had negative biases
that underestimated the SST in each month (Figs. 3c
and d). Compared with CTRL, HCST reduced the
bias obviously. ASSIM presented the annual cycle of
SST the best, nearly matching the observations, with
a very small negative bias (Fig. 3b). However, using
the same ICs from ASSIM, HCST-r1-b did not allevi-
ate the bias in CTRL and became even worse (Fig. 4a),
while HCST-r1 performed as well as HCST (Fig. 4b).
Positive roles of the dynamic correction scheme in pre-
senting both the climatology and the mean annual cy-
cle of SST preliminarily verified its feasibility and prac-
ticality. Thus we mainly focused on evaluating the skill
of HCST in the remainder of the study.

4.3 Decadal variations of sea surface temper-
ature anomaly

The skill of FGOALS-g2 to simulate variations of
the globally averaged SST anomaly (SSTA) on decadal
timescale was analyzed next. As Fig. 5 shows, the
model rendered a skillful simulation in CTRL, whose
correlation coefficient with the observation was as high
as 0.992. The incorporation of SST and salinity data
made ASSIM even better in terms of both the correla-
tion coefficient (CC=0.997) and the root mean square
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Fig. 5. Decadal variations of globally averaged SST
anomaly (SSTA) in the observation data (black), initial-
ization experiment (red), historic run (green), and hind-
cast experiments (blue). The dataset ds285.3 (Isii et al.,
2006) was used for the observation data. The units of
SST are ◦C.

Fig. 6. Decadal variations of Niño3.4 index in the obser-
vation data (black), initialization experiment (red), his-
toric run (green), and hindcast experiments (blue). The
dataset ds285.3 (Isii et al., 2006) was used for the obser-
vation data. The units of Niño3.4 index are ◦C.

Fig. 7. Decadal variations of globally averaged surface
air temperature (SAT) in the observation data (black),
historic run (green), and hindcast experiments (blue).
The HadCRUT3v dataset (Brohan et al., 2006) was used
for the observation data. The units of SAT are ◦C.

error (RMSE=0.014) that was much less than 0.062
in CTRL. However, overestimations of global ocean
warming after 1980 were observed in CTRL. With the
high-quality ICs from ASSIM, HCST obviously allevi-
ated the overestimations (Fig. 5), with a much smaller
RMSE (0.028) but a very slightly lower correlation co-
efficient than in CTRL. The improvements of both the
climatology and decadal variations of SST in ASSIM
and HCST indicate the effectiveness of the initializa-
tion and its positive role on and the important con-
tribution of the dynamic bias correction to decadal
prediction. The incorporation of the salinity observa-
tions in ASSIM also yielded improvements, which are
not discussed here.

To investigate skills of FGOALS-g2 in presenting
regional SSTA variations on decadal time scale, the
Niño3.4 region was selected for study because the SST
anomaly (SSTA) in this region defines the ENSO index
and affects the countries bordering the Pacific Ocean,
i.e., China. As shown in Fig. 6, FGOALS-g2 performed
well in simulating the ENSO variation on a decadal
time scale in CTRL. FGOALS-g2 had a high correla-
tion coefficient (0.75) with the observation data and a
small RMSE (0.142), while the model performed even
better in HCST (Fig. 6), with a much higher correla-
tion coefficient (0.90) and a somewhat smaller RMSE
(0.107). This significant improvement resulted from
the high-quality ICs provided by ASSIM and the dy-
namic bias correction.

4.4 Decadal variations of surface air temper-
ature anomaly

Surface air temperature (SAT) plays a critical role
in atmosphere–ocean and atmosphere-land interac-
tions due to its association with heat exchange be-
tween the atmosphere and the ocean or land surface
(Wang et al., 2009). Its global mean is one of key
variables used to describe climate change (e.g., global
warming in the past century), and thus this param-
eter is usually used to evaluate the performance of
coupled CSMs. Following the improvements of physi-
cal parameterizations, updates of dynamical cores and
developments of coupling techniques, the state-of-the-
art coupled CSMs have shown strong capability in
representing the evolution of globally averaged SAT
in the 20th century. This study demonstrates that
FGOALS-g2 performs reasonably well at simulating or
hindcasting the decadal variations of globally averaged
SAT anomaly (SATA) in both CTRL and HCST ex-
periments (Fig. 7). Their correlation coefficients with
the observation data were 0.995 and 0.992, respec-
tively. Although the model correlation was somewhat
higher in CTRL than in HCST, similar to the results
of Keenlyside et al. (2008), the RMSE in CTRL was
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Fig. 8. Decadal variations of regionally averaged sur-
face air temperature (SAT) in China in the observations
(black), historic run (green), and hindcast (blue) exper-
iments. The HadCRUT3v dataset (Brohan et al., 2006)
was used for the observation data. The units of SAT are
◦C.

clearly worse than that in HCST. CTRL overestimated
global warming after 1980, whereas HCST was closer
to the observation data during the same period. The
aforementioned characteristics were very similar to
those in the decadal variations of global SSTA, which
reflects the response of the atmosphere to the ocean in
the view of heat exchange.

For the performances of FGOALS-g2 in present-
ing regional SATA in different experiments, China
was chosen as a typical region for evaluations be-
cause it has undergone increasing natural disasters
(e.g., flood and drought). Under the background of
global warming, the regional climate of China has also
warmed, which can easily demonstrated by the obser-
vational data (Fig. 8a). The model yielded skillful sim-
ulations/hindcasts in CTRL and HCST experiments;
their correlation coefficients were 0.954 and 0.984, re-
spectively. HCST outperformed CTRL in terms of
not only the correlation coefficient but also the RMSE
(Fig. 8a). Particularly, significant improvements were
found in HCST after detrending (Fig. 8b). In this case,
the correlation coefficient between HCST and the ob-
servation data was still as high as 0.836, much better
than that of CTRL, which was 0.444. Meanwhile, the

RMSE of HCST was 0.062, smaller than that of CTRL,
which was 0.090.

The better performance of HCST in presenting the
SATA over China benefitted from the improvements in
decadal variability of SST over the Eastern Pacific and
Indian Ocean (Fig. 9, correlation patterns of CTRL
and HCST) due to the use of ICs from the initializa-
tion. This result can be easily explained: The China
climate has a significant monsoon feature that is im-
pacted by the Pacific and Indian Ocean. For example,
significant negative correlations between the observed
SST and the East Asian summer monsoon (EASM) in-
dex from the National Centers for Environmental Pre-
diction (NCEP)/NCAR reanalyses over the tropical
central and eastern Pacific and central Indian Ocean
were reported by Li et al. (2010); their results indicate
the close relationship between weakening of the EASM
and warming in both the tropical Pacific and Indian
Ocean since 1970s.

Our preliminary evaluations indicate that with bet-
ter ICs from the initialization and the newly proposed
dynamic bias correction, FGOALS-g2 basically per-
formed better at hindcasting than in the historical run
in predicting SSTA and SATA, particularly regarding
the decadal variations of Niño3.4 SSTA index and re-
gional SATA in China.

5. Summary and conclusions

In this study, a preliminary evaluation of decadal
prediction by FGOALS-g2, one of the CMIP5 coupled
climate system models mainly developed jointly by

Fig. 9. Correlation patterns between the observed and
simulated or hindcasted SST decadal time series at grids
for (a) CTRL and (b) HCST, respectively.
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LASG/IAP, Chinese Academy of Sciences and CESS,
Tsinghua University, was conducted. This evaluation
was based on the results from ten sets of 10-year-
long, three-member ensemble hindcast experiments
performed once five years between 1955 and 2001, one
set of 61-year initialization experiments from 1945 to
2005, and one of the historical runs for 20th-century
climate simulation from 1850 to 2005. Some datasets
were used as the observations, including the ds285.3
analyzed data (Isii et al., 2006), HadCRUT3v (Bro-
han et al., 2006) and HadISST (Rayner et al., 2003).
The hindcast skill of the model on the climatology and
mean annual cycle of SST, and decadal variability of
SSTA and SATA, particularly the Niño3.4 SSTA in-
dex and regional SATA in China, were investigated
and compared with those from the historical run and
observations. The performance of the nudging-based
initialization scheme and the role of the dynamic bias
correction scheme in decadal predictions were also ex-
amined. Based on the evaluations in this study, fol-
lowing conclusions were formulated:

(1) The overall performance of FGOALS-g2 in the
historical run is quite good on decadal variations of
SSTA and SATA, although there are overestimations
of global warming and global ocean warming after
1980.

(2) The initialization scheme correctly and consis-
tently incorporates the observations into the model
integrations and thus provides high-quality ICs for
decadal predictions.

(3) The dynamic bias correction scheme proposed
in this study shows positive role in alleviating climate
drifts and improving hindcast skills.

(4) With the ICs from the initialization and the
dynamic bias correction, FGOASL-g2 presents skillful
hindcasts on variations of SSTA and SATA on decadal
timescale, particularly on decadal variability of ENSO
and China SAT. The better performance of HCST on
China SAT benefits from the improvements of decadal
variability of SST over the Eastern Pacific and Indian
Ocean.

Our further evaluations will focus on some typi-
cal climate events on decadal timescale, the results of
which will be presented in future papers.
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