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Abstract

Offline bias correction of numerical marine forecast products is an effective post-processing means to improve
forecast accuracy. Two offline bias correction methods for sea surface temperature (SST) forecasts have been
developed  in  this  study:  a  backpropagation  neural  network  (BPNN)  algorithm,  and  a  hybrid  algorithm  of
empirical orthogonal function (EOF) analysis and BPNN (named EOF-BPNN). The performances of these two
methods are validated using bias correction experiments implemented in the South China Sea (SCS), in which the
target dataset is  a six-year (2003–2008) daily mean time series of  SST retrospective forecasts for one-day in
advance, obtained from a regional ocean forecast and analysis system called the China Ocean Reanalysis (CORA),
and the reference time series is the gridded satellite-based SST. The bias-correction results show that the two
methods have similar good skills; however, the EOF-BPNN method is more than five times faster than the BPNN
method. Before applying the bias correction, the basin-wide climatological error of the daily mean CORA SST
retrospective forecasts in the SCS is up to −3°C; now, it is minimized substantially, falling within the error range
(±0.5°C) of the satellite SST data.

Key words: sea surface temperature retrospective forecasts, bias correction, backpropagation neural network,
empirical orthogonal function analysis, South China Sea

Citation: Han Guijun, Zhou Jianfeng, Shao Qi, Li Wei, Li Chaoliang, Wu Xiaobo, Cao Lige, Wu Haowen, Li Yundong, Zhou Gongfu. 2022.
Bias correction of sea surface temperature retrospective forecasts in the South China Sea. Acta Oceanologica Sinica, 41(2): 41–50, doi:
10.1007/s13131-021-1880-5

1  Introduction
Like numerical weather forecasts, numerical ocean forecasts

are becoming more and more common. This is in part due to sig-
nificant advances in the development of real-time ocean ob-
serving system, the ability of modeling the ocean and assimilat-
ing ocean data, and availability of high performance computing
resources. A common problem, exactly as facing weather fore-
casters today, is the presence of systematic model errors, re-
ferred to as the biases (Dalcher and Kalnay, 1987), resulted from
deficiencies of ocean models themselves. As a result, two kinds of
bias correction techniques used to deal with the numerical
weather forecasting errors are considered by marine forecasters:
one is offline bias correction, and the other is online bias correc-
tion (Danforth et al., 2007). Offline bias correction is a typical
postprocedure for the output of an operational numerical weath-
er prediction model by accounting for the model bias derived
from the statistics of short-term forecast errors with respect to a
reference time series. This technique can trace its roots all the
way back to the approaches of “perfect prog” (PP) (Klein et al.,
1959; Klein, 1971) and model output statistics (MOS) (Glahn and
Lowry, 1972; Carter et al., 1989). Note that such offline bias cor-
rection is empirical, and has no dynamic effect on the forecasts;
in contrast, online bias correction is more robust for being state-
dependent and made along with model integration. For instance,

data assimilation in the presence of forecast bias (Dee and Da
Silva, 1998) belongs to the category of online bias correction.
However, online bias correction algorithms are usually computa-
tionally complicated and expensive. Offline bias correction is
particularly valuable for being independent of the model and
easy to implement so that up to now it is still of great interest in
both research and practice ( Bhargava et al., 2018; Chang et al.,
2019).

Sea surface temperature (SST) is not only used as the main in-
dex describing the thermal condition of the ocean surface but
also an important indicator of ocean primary productivity, and
plays a key role in the interaction between the ocean and the at-
mosphere. Therefore, it is of great scientific significance and
practical application prospect to correct SST forecast bias in nu-
merical weather prediction, ocean forecasting, and climate re-
search (Kug et al., 2008; Ashfaq et al., 2011; LaRow, 2013; Ab-
hilash et al., 2014; Narapusetty et al., 2014; Vitart and Balmaseda,
2018; Hernández-Díaz et al., 2019; Voldoire et al., 2019). This
study is motivated by recent extensive applications of various
types of artificial neural networks in areas where more reliable
reference data from meteorologic and oceanographic observa-
tions and reanalyses are available. Two methods employing arti-
ficial neural network trained by the traditional backpropagation
(BP) algorithm are proposed as post-processing solutions for  
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minimizing biases of SST forecasts in the South China Sea (SCS).
As a data-driven method, the accessibility of the time series of
gridded satellite-based SST dataset is of great favor in the imple-
mentation of these two methods for bias correction of SST fore-
casts. The target dataset of SST forecasts in the SCS to be correc-
ted is taken from an archived retrospective forecast made by a re-
gional ocean forecasting system for the coastal waters of China
and its adjacent seas.

The rest of the paper is organized as follows. In Section 2, the
data and methods used in this study are introduced. The results
of the bias correction experiments are presented in Section 3, fol-
lowed by a brief summary and discussion in Section 4.

2  Data and methods

2.1  Data collation
The study area is the SCS (2°–24°N, 100°–122°E; Fig. 1). Note

that since the technique of empirical orthogonal function (EOF)
analysis used in building the following bias-correction algorithm
has good performance for enclosed basins, the Sulu Sea, which
may degrade the results to some extent for the SCS region as a
whole, is excluded in this study.

2.1.1  Forecasts
Daily mean SST forecasts in the SCS with a spatial resolution

of (1/4)° used in this paper for bias verification and correction in
the bias correction experiments are retrospective forecasts for
one-day in advance produced by the regional China Ocean
Reanalysis (CORA) system (Han et al., 2011, 2013). The CORA
system covering the coastal waters of China and its adjacent seas
is developed based on the parallelized Princeton Ocean Model
(POM; Mellor et al., 2002); it uses a generalized coordinate sys-
tem and a sequential three-dimensional variational scheme im-
plemented within a multigrid framework (Li et al., 2008, 2010).
The ocean observations being incorporated into the CORA sys-
tem consist of the NOAA (1/4)° daily optimum interpolation SST
(OISST) v2.0 (Reynolds et al., 2007) from the advanced very high
resolution radiometer (AVHRR), which is obtained from the Na-

tional Centers for Environmental Information (NCEI) (https://
www.ncei.noaa.gov/data/sea-surface-temperature-optimum-in-
terpolation), altimetry sea-surface height anomaly (SSHA) from
the Archiving Validation and Interpretation of Satellite Oceano-
graphic (AVISO) (http://www.jason.oceanobs.com), and temper-
ature/salinity profiles from the World Ocean Database 2009
(WOD09) (https://www.nodc.noaa.gov/OC5/WOD09/pr_
wod09.html). Evaluations of the CORA product (Wu et al., 2013;
Zhang et al., 2016; Chao et al., 2020), especially in the SCS region
(Xing et al., 2012; Chen et al., 2013; Fan et al., 2020), show its cap-
ability in reconstructing historical ocean states in the coastal wa-
ters of China and its adjacent seas. Note that the data assimila-
tion scheme in the CORA system has been changed to produce
retrospective forecasts for the year of  2009 and beyond
(Chao et al., 2020). Therefore, for data consistency and consider-
ing the time span of the gridded satellite SST dataset described
below, the daily mean SST retrospective forecasts employed in
this study cover a period of six years from January 1, 2003 through
December 31, 2008. This daily mean SST retrospective forecast
dataset will be called the CORA SST from now on.

2.1.2  Observations
The SST observational dataset, employed as a baseline for bi-

as correction of the CORA SST, is the NOAA (1/4)° daily OISST
v2.0 (Reynolds et al., 2007) from the AVHRR-AMSR with observa-
tions near land coming from the AVHRR, and measurements
over the open ocean from the advanced microwave scanning ra-
diometer (AMSR) on the Earth Observing System. The AVHRR-
AMSR SST time series, available during 1 June 2002 through 4
October 2011 from the NCEI (https://www.ncei.noaa.gov/data/sea-
surface-temperature-optimum-interpolation), is an analysis con-
structed by adjusting biases of satellite and ship observations ref-
erenced to buoys.

The in-situ SST observations used in this research come from
the EN4.2.1 dataset of the Met Office Hadley Centre (https://www.
metoffice.gov.uk/hadobs/en4/, hereinafter EN4). The World
Ocean Database (WOD) dataset of the NCEI is the main source
used for constructing the EN4 (Good et al., 2013). According to
Good et al. (2013), quality control has been applied in construct-
ing the EN4 data, especially for bias correction in expendable
bathythermograph and mechanical bathythermograph profiles.

2.2  Methodology
The bias correction technique applied in this work is based

on the widely used neural network (NN) trained by employing
the traditional BP algorithm (Rumelhart et al., 1986), called the
backpropagation neural network (BPNN). The CORA SST bias is
corrected by the BPNN method on each (1/4)° grid in the SCS re-
gion. Thus, there are 4 534 grid points in total, which need to be
done one by one. In the meantime, hybridization of the BPNN al-
gorithm with the EOF analysis, called the EOF-BPNN, is intro-
duced to consider the relationship between spatial grids of the
data ignored by the BPNN method when implementing the bias
correction on each (1/4)° grid alone.

The BPNN method, consisting of an input layer, a hidden lay-
er, and an output layer, and with all these layers connected, is
trained in the supervised learning manner. In this study, the ori-
ginal time series of six-year dataset of biases in the CORA SST
with respect to the AVHRR-AMSR SST in the SCS is split into
training and testing subsets: the first five-year (from January 1,
2003 to December 31, 2007) dataset is used as the samples for
training the neural networks in both methods, and the last year
(2008) dataset is used as the testing samples to validate effects of
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Fig. 1.     Study area: the South China Sea (2°–24°N, 100°–122°E)
with  the  Sulu  Sea  excluded.  The  blue  contours  are  isobaths
(unit: m).
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the bias correction on the CORA SST. Using the training samples,
the nonlinear relationship between inputs and outputs can be es-
tablished by minimizing the cost function in the BPNN al-
gorithm, i.e., mean squared error measuring the distance
between the prediction and target output. The Adam optimiza-
tion algorithm (Kingma and Ba, 2015) and the Leaky ReLU activ-
ation function (Maas et al., 2013) are put to use respectively. To
avoid overfitting and improving the learning speed of the neural
networks, batch normalization algorithm is used to normalize the
training samples (Boutilier et al., 2006).

The EOF analysis in the EOF-BPNN method is first used to
transform the spatial-temporal dataset of biases between the
CORA and AVHRR-AMSR SSTs to spatial patterns of variability
(called EOFs) and temporal projections of these patterns (aka,
principle components, or PCs); then, the same algorithm in the
BPNN method is used to deal with these PCs. It is anticipated that
the direct benefit of doing so is to make the EOF-BPNN method, a
time-saving technique compared to performing the BPNN meth-
od alone on every (1/4)° grid over the entire study region. The
North significance test method (North et al., 1982) is adopted to
identify whether these EOFs are statistically significant.

It is worth noting that the reason for using five-year long data-
set to train the neural networks mentioned above is that the EOF
analysis employed in the EOF-BPNN method assumes stationar-
ity of the data. Under the assumption of stationarity, the length of
time series data used in the EOF analysis should be as long as
possible. Through trial-and-error, it is found that the employ-
ment of five-year long time series data in the EOF-BPNN method
is appropriate for this research. The same strategy of data parti-
tion is thus used in both BPNN and EOF-BPNN methods to facil-
itate the comparison of the two methods.

3  Results
By applying the EOF analysis to the first five-year dataset of

biases in the CORA SST, the EOFs and their corresponding PCs
are obtained. Table 1 shows the cumulative fractions of the total
variance accounted for by the EOFs.

The first 803 modes, accounting for approximately 99.9% of
the total variance, are chosen to represent the overall signal in
the bias correction experiment of applying the EOF-BPNN meth-
od. By doing so, the results of implementing bias correction ex-
periments corresponding to these two methods show that the
EOF-BPNN method has a significant advantage in terms of com-
putational efficiency since it performs more than five times faster
than the BPNN method.

Both methods of BPNN and EOF-BPNN yield results that are
close to each other ( Tables 2 and 3). Hence, in what follows, only
those figures revealing the performance of the EOF-BPNN meth-
od are demonstrated. Bias, mean absolute error (MAE), and root
mean squared error (RMSE) are used as metrics to measure ret-
rospective forecast accuracy of the daily mean CORA SST before
and after bias correction.

3.1  Bias correction of climatological field
Figure 2a illustrates the spatial bias map obtained by time av-

eraging the errors over the six-year daily mean retrospective SST
forecasts taken from the CORA system. The climatological bias of
the CORA SST with respect to the AVHRR-AMSR SST in the SCS is
within the range of −3.02–1.04°C, with the mean basin-wide bias
being −0.06°C (Table 2); and the biases around 82% of the basin
are within the intervals of ±0.50°C (see the black contours in Fig.
2a), which is assumed to be the RMSE range of the satellite data-
set according to previous studies in the East Asian marginal seas
(0.5–0.7°C; Sakaida et al., 2000; Lee et al., 2005; Qiu et al., 2009).
The region of the climatological cold or warm bias of the CORA
SST is roughly bounded by the 200-m isobath ( Fig. 1). In general,
the cold bias is found along the coastal waters shallower than 200
m, while the warm bias is observed in the central SCS. Such spa-
tial distribution characteristics of climatological bias in the CORA
SST may be due to the following two facts. First, the AVHRR SST
is cold with respect to the AVHRR-AMSR SST in the global ocean
(Balmaseda et al., 2013), and the same is true in the SCS ( Figs 3a
and b). There is a cold bias of the high-resolution (1/4)° OISST
product relative to the low-resolution (1°) product (Balmaseda et
al., 2013). As noted by Qiu et al. (2009), the AVHRR SST has been
validated to show a regional bias of about −0.4°C compared with
independent in-situ SST observations from the drifting buoys in a
two-year period from January 1, 2004 to December 31, 2005 in the
northern SCS, which is confirmed by highly accurate in-situ SSTs
from research vessels. Second, the initial fields of the CORA fore-
casts are formed by assimilating the (1/4)°-resolution AVHRR
SST, the AVISO altimetry SSHA measurements in waters deeper
than 200 m and in-situ temperature/salinity profiles (Han et al.,
2013). Under such circumstances, the cold bias in the initial SST
field in the central SCS (not the coastal regions) caused by assim-
ilating the AVHRR SST could be compensated by assimilating the
altimetry SSHA and in-situ temperature/salinity profiles ( Figs 2a
and 3a); and this leads to an initialization of SST in the right dir-
ection to give improved SST forecasts. However, the cold biases
in the coastal waters shallower than 200 m remain. This state-
ment can be confirmed by comparing the CORA SST with the
EN4 data shown in Fig. 2c. The scatter plot in Fig. 2c displays
monthly mean SST from the CORA data versus that from satellite
(blue triangles) and EN4 (green plus signs) data. Although the
EN4 data have an uneven temporal and spatial distribution (not
shown), an agreement between the CORA and EN4 SSTs exists,
and the mean basin-wide bias is −0.02°C. Figure 2c clearly shows
that the majority of the blue triangles fall below the 45-degree ref-
erence line, which further stresses the fact that generally speak-

Table 1.   Cumulative proportions of the EOFs
EOFs Cumulative proportion/%

1 18

6 50

10 60

18 70

35 80

77 90

1 826 100

Table 2.   Mean SSTs of the AVHRR-AMSR and CORA, and mean
differences between the two datasets before and after applying
the bias correction

Uncorrected SST (ΔT)/°C
Bias-corrected SST (ΔT)/°C

BPNN EOF-BPNN

AVHRR-AMSR 27.79 − −
CORA 27.73 (−0.06) 27.78 (−0.01) 27.78 (−0.01)

      Note: − represents no data.

Table 3.   MAE and RMSE of the CORA SST with and without bias
correction

MAE/°C RMSE/°C

       Uncorrected 0.63 0.84

Bias-corrected BPNN 0.23 0.32

EOF-BPNN 0.22 0.30
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Fig. 2.   Maps of climatological bias (a) and RMSE (b) of the uncorrected CORA SST with respect to the AVHRR-AMSR SST during
2003–2008; and scatter plot of monthly mean SST from the AVHRR-AMSR (blue triangles) and EN4 (green plus signs) dataset versus
monthly mean SST from the uncorrected CORA dataset (c). Panels (d, e and f) are the corresponding ones for the bias-adjusted
results. The black contours in a indicate the RMSE range (±0.50°C) of the satellite data. The 45-degree black line in c and f is a
reference.
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ing the CORA SST is lower than the AVHRR-AMSR SST in the
SCS. Nevertheless, the gridded AVHRR-AMSR SST dataset,
thanks to its availability, is used as the baseline for correcting the
CORA SST bias to demonstrate performances of both BPNN and
EOF-BPNN methods. After applying the bias correction, consist-
ency between the CORA and AVHRR-AMSR SSTs is achieved, as
shown by the blue triangles in Fig. 2f. In contrast, the basin-wide
deviation (mean bias) between the CORA and EN4 SSTs has in-
creased from −0.02°C to −0.19°C. It therefore reminds us that the
quality of the satellite SST in the SCS could be improved by ap-
plying the regional algorithm, as suggested by Qiu et al. (2009).

In addition, the coastal zones to the southwest of Hainan Is-
land and to the south of Vietnam show relatively large cold bi-
ases while the northern central SCS region and the Luzon Strait
area show apparent warm biases outside the error limits of the
satellite data. Further studies are required to demonstrate the
causes of these large deviations by exploring, for example, details
of ocean model behaviors and data assimilation schemes.

The globally averaged forecast RMSE of the uncorrected
CORA SST is 0.84°C (Table 3), and it presents the same spatial
pattern (Fig. 2b) with the climatological bias by showing relat-
ively large errors in the northern SCS. After the bias correction,
the spatial climatological bias (Fig. 2d) and RMSE (Fig. 2e) are
globally reduced by falling inside the intervals of ±0.02°C and be-
ing less than 0.54°C, respectively. Tables 2 and 3 clearly indicate
significant adjustments with respect to the mean basin-wide bias
(decrease to −0.01°C) and RMSE (decrease to ~0.30°C) after ap-

plying the BPNN and EOF-BPNN methods, respectively. In the
meantime, the basin-wide MAE is reduced from 0.63°C to
~0.20°C (Table 3).

3.2  Bias correction for climatological mean annual and seasonal
cycles
Figures 4a and b show the climatological mean annual SST

for the entire SCS using the observed and CORA data before and
after the bias adjustment. Similar interannual variations are ob-
served between the CORA SST (black dotted curve) and satellite
SST (red solid curve), except for the abnormal values of the CORA
SST in 2007 (Fig. 4a), and the CORA SST was negatively biased
with a maximum of −0.11°C in 2006. Due to the sparse and un-
even distribution of in-situ observations, no such simultaneous
changes on interannual timescale are detected when comparing
the CORA SST (black dotted curve in Fig. 4b) with the EN4 data
(black solid curve in Fig. 4b); and comparatively speaking, the
mean annual SST values of the CORA are closer to those of the
EN4 than to those of the AVHRR-AMSR. The result of the EOF-
BPNN method in Fig. 4b shows, as expected, the remarkable con-
vergence of corrected CORA SST (blue solid curve) toward the
satellite SST data during both the first five-year training period
and the last year’s testing period.

The climatological SST seasonal cycles from the observed and
CORA SST data before and after the bias adjustment are presen-
ted in Figs 4c and d. The seasons of spring, summer, autumn, and
winter in this research refer to those in the northern hemisphere;
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Fig. 3.   Map of differences between the AVHRR and AVHRR-AMSR SSTs (a) and time series of daily averaged SST from these two
products (b) during 2003–2008 in the SCS.
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summer, for example, refers to June, July and August (Xie et al.,
2003). The CORA SST (black dotted curve in Fig. 4c) shows a cold
bias (−0.20°C) against the satellite data (red solid curve in Fig. 4c)
during the summer months of June and July. The deviations
between the CORA SST (black dotted curve in Fig. 4d) and EN4
SST (black solid curve in Fig. 4d) are smaller during winter and
early-spring (December, January, February, and March) than
during the other months, with the largest warm bias in August.
When interpolating the gridded CORA and AVHRR-AMSR data
onto the observed points of the EN4 data, the climatological sea-
sonal cycle (Fig. 4d) is roughly the same as those of the gridded
CORA and satellite data (Fig. 4c), except that the seasonal min-
imum temperature occurs in February, instead in January. This
may be caused by the spatiotemporal inhomogeneous distribu-
tion of the EN4 data. After applying the EOF-BPNN method to re-
duce the CORA SST bias, the adjusted CORA SST (see blue solid
curves in Figs 4c and d) is in good agreement with the satellite
data in both the training stage (2003–2007) and testing stage
(2008).

Figures 5a–d show that the uncorrected CORA SST bias has a
clear seasonality and spatial structure. With the same features in
the spatial structure of cold and warm biases revealed in climato-
logy of Fig. 2a, the forecasting SST bias evolves with season in
strength and extent. The most striking feature is the strong cold
and warm biases with values outside the error range of satellite
SST indicated by black contours in the figures; and it is a re-
search focus hereinafter. First, the summer season in Fig. 5b is
examined since it is characterized by simultaneously demon-
strating strong cold and warm biases both in strength and extent
along the coastal regions and in the central northern SCS, re-
spectively, which are the largest among four seasons. Another
prominent cold bias area throughout the seasons and consistent
with that in the northern SCS is the southern coastal region off
Vietnam (see Figs 5a–d); in summer, it is strongest and extends
northward along the coast all the way up to the Beibu Gulf. Dur-
ing autumn (Fig. 5c) the warm bias in the central northern SCS
recedes in both strength and extent to reach the minimum of all
four seasons. In winter (Fig. 5d) the warm bias shows a signific-
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Fig. 4.   Mean annual SST time series (a) and seasonal SST cycles (c) from the AVHRR-AMSR (red solid curve) and CORA data with
(black dotted curve) and without (blue solid curve) bias correction. Panels b and d are the counterparts of a and c with the gridded
AVHRR-AMSR and CORA SST being interpolated onto the observed points of the EN4 data (black solid curve).
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ant development, whereas the cold biases drop to the lowest. The
aforementioned cold and warm biases grow in both strength and
extent during spring (Fig. 5a). The strong cold bias in the coastal
area of the southeastern SCS exhibits seasonal fluctuation, being
opposite in phase with that in the northern SCS. It is the strongest
in winter (Fig. 5d), begins to weaken in spring (Fig. 5a) and
through summer (Fig. 5b), and reaches the minimum in autumn
(Fig. 5c). The seasonal variation of the CORA SST bias in the head
area of the Beibu Gulf is also obvious: the coldest bias occurs dur-
ing spring (Fig. 5a), and is weakened in summer (Fig. 5b), with a
weak warm bias appearing at the right-most area of the head.
This weak warm bias develops into the maximum in autumn (Fig.
5c), and starts to shrink during winter (Fig. 5d). A large warm bi-
as is present all the time in the Luzon Strait, making an appear-
ance of the maximum in spring (Fig. 5a) and minimum in sum-
mer (Fig. 5b).

Figures 5e–h illustrate the spatial distributions of the correc-
ted seasonal bias in the CORA SST by applying the EOF-BPNN
method. Just as expected in the bias-corrected climatology ( Fig.
2d), the convergence of the adjusted CORA SST to the satellite
data is quite remarkable, with deviation values being 100% in-
side the satellite error range. The seasonality and spatial struc-
ture of the corrected bias still hold with relatively small basin-
wide deviation in summer (Fig. 5f).

3.3  Bias correction for monthly and daily mean SST fields
Figure 6a shows time series of the basin-wide monthly and

daily mean bias of the uncorrected CORA SST from 2003 to 2008.
The cold bias (blue bars) on daily time scale in the CORA SST
generally occurs more often, and is also stronger than the warm
bias (red bars) with the exceptions of 2007 and early-2008, dur-
ing which the warm bias came into prominence. Such features

are shared by the monthly mean bias (black curve). At the same
time, the daily mean warm and cold biases mostly remain inside
the satellite error range (±0.50°C), with the warmest of 0.71°C ap-
pearing in the spring of 2007 and the coldest of −0.58°C in the fall
of 2006.

After applying the EOF-BPNN method, as shown in Fig. 6b,
the corrected daily mean bias in the CORA SST shows no extrem-
um of being either cold or warm no matter which stage the out-
put of the algorithm is in, namely, the training stage (2003–2007)
or testing stage (2008). The corrected daily mean warm (red bars)
and cold (blue bars) biases approximately fall within the range of
±0.20°C. During both the first five-year training period (2003–
2007) and the last one-year testing period (2008), the corrected
monthly mean deviation (see black curve in Fig. 6b) converges to
zero, which means that the basin-wide CORA SST is in good
agreement with the satellite SST on monthly time scale.

An interesting feature in Fig. 6b is that, unlike the uncorrec-
ted bias being warm or cold in some specific periods (Fig. 6a), the
corrected basin-wide daily mean warm and cold biases are dis-
tributed evenly on both sides of the zero line. The very same situ-
ation arises when examining the performance of the BPNN meth-
od applied to each individual grid in the bias-correction experi-
ment (not shown). It seems that this is the strategy adopted by
the BPNN algorithm to minimize the mean-squared error cost
function. This is an appealing topic for future research involving
choice of different cost functions and comparative studies of oth-
er popular machine learning techniques to uncover the essence
of such feature.

4  Conclusions and discussion
Accurate marine forecasts are becoming more and more cru-

cial to satisfy needs arising from the development of modern so-
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Fig. 5.   Maps of seasonal bias during spring (a), summer (b), autumn (c), and winter (d) in the CORA SST compared with the AVHRR-
AMSR SST. Panels e to h are the same as a to d, except with bias correction. The black contours in the left panels indicate the RMSE
range (±0.50°C) of the satellite data.
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ciety. The simplest way to reduce forecast uncertainties and im-
prove the skill of numerical ocean forecasts is to empirically cor-
rect model outputs. With this in mind, two methods for offline bi-
as correction of SST forecasts are proposed and analyzed in this
study: a BPNN algorithm, and a hybrid algorithm of EOF analysis
and BPNN (called EOF-BPNN). With the availability of time
series of daily mean SST retrospective forecasts for a lead time of
one-day in the SCS, an archived dataset produced by the region-
al CORA forecast and analysis system in the coastal waters of
China and its adjacent seas, the feasibility of these two estab-
lished schemes is validated in the bias correction experiments
with the SST retrospective forecast time series spanning a six-
year period from January 1, 2003 to December 31, 2008, during
which the satellite SST dataset of the AVHRR-AMSR from the
NOAA daily OISST v2.0 is used as the benchmark. The perform-
ance evaluation is demonstrated by metrics of bias, MAE, and
RMSE measuring accuracy of the CORA daily mean SST retro-
spective forecasts before and after bias correction. Significant er-
ror reduction in the CORA SST forecasts has been achieved using
both BPNN and EOF-BPNN methods. Although successful basin-
wide bias correction acquired by these two methods is very simil-
ar with respect to various time scales ranging from daily,
monthly, seasonal, interannual, to climatology, the EOF-BPNN
method performs more than five times faster than the BPNN
method. From an operational point of view, the EOF-BPNN al-
gorithm would be an appropriate candidate due to less computa-
tional burden. The metric used to measure the quality of the bias
correction is that the basin-wide climatological errors of the bias-
corrected forecasts fall within the error range (±0.5°C) of the
satellite SST data. Note that the error range (±0.5°C) is given ac-
cording to previous validation studies of the satellite SST data in
the East Asian marginal seas (0.5–0.7°C; Sakaida et al., 2000; Lee
et al., 2005; Qiu et al., 2009). In this sense, the performance of the
BPNN method can be judged as good and satisfactory.

The results of the bias-correction experiments presented
above include outputs of the BPNN and EOF-BPNN methods
during both the first five-year training stage (2003–2007) and the

last-year testing stage (2008). Actually, when addressing and dir-
ecting attention to the outputs of the two algorithms for the last-
year testing stage only, the same conclusion can be drawn by
looking into the details, say the spatial distributions of the sea-
sonal bias and RMSE for the corrected CORA SST. It thus
provides us with confidence in the capabilities of these two al-
gorithms for correcting bias of the one-day-ahead SST forecasts.
Once bias correction in daily forecasted SST is done, by using the
established model such as the Modular Ocean Data Assimilation
System (Fox et al., 2002), it can be projected onto the mixed layer
where the correction has clear impact.

While the results from implementing the BPNN algorithm to
bias correction of one-day-ahead retrospective forecasted SST
from the CORA system are very encouraging, there are issues that
need to be addressed before its application in an operational
context. The satellite SST is known to have cold bias against in-
situ SST (see Section 3.1); thus, improving satellite SST (used as
the reference in this research) should be given priority. Only
then, data-driven approach such as the one described in this pa-
per can be implemented. Unfortunately, in-situ observations re-
main insufficient for large regions, particularly along the coastal
region where large SST forecast bias occurs just like the situation
encountered in the SCS in this study. Therefore, it will be a great
challenge for enhancing the satellite SST quality in the SCS. What
is more, impacts of these two bias-correction algorithms on the
CORA SST retrospective forecasts for longer than one day in ad-
vance need to be investigated in future. The time series of the
CORA SST retrospective forecast in one-day lead time is used for
the bias-correction experiments in this research. The biases in
the retrospective forecasted SST in this case are therefore
strongly model- and assimilation-dependent. However, from the
analysis above, it can be concluded that the relatively large cold
biases along the coastal waters shallower than 200 m in the SCS
are more likely attributed to the deficiencies of the ocean model
in the CORA system, although the effect of data assimilation dur-
ing the distribution of observational increments by the multigrid
three-dimensional variational scheme cannot be ruled out until
the numerical model and data assimilation scheme in the CORA
system are thoroughly and separately calibrated. Therefore, it is
difficult to tell which type of biases can be corrected at this stage.
Future efforts should aim not only to reduce SST forecast errors
but to simultaneously assess and estimate uncertainties in the
ocean model for longer lead time forecasts (greater than five
days, for example) by eliminating the impact of data assimilation
as much as possible in order to enhance the skill of the CORA
forecasting system in terms of ocean model development. All in
all, it is definitely a topic for further investigation by calibrating
the numerical model and data assimilation scheme, respectively,
to achieve the ultimate goal of continuously upgrading the CORA
system, which has been developed for more than a decade. It is
anticipated that the continuous improvements in the CORA sys-
tem being able to produce the reanalysis of historical ocean state
with reliable error estimates will provide us reference data for bi-
as correction to the subsurface temperature and salinity fore-
casts using the data-driven approach developed in this research.
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