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A bias correction scheme has been developed based on the singular value decomposition
(SVD) analysis in this study, and it is further validated and used to improve the skill of sub-
seasonal precipitation over Eastern China in summer predicted by the Beijing Climate Center
sub-seasonal to seasonal forecast system (BCC_S2SFS). Results show that the BCC_S2SFS
prediction skill of summer precipitation over Eastern China at the sub-seasonal scale is up to
1 days in advance and exhibits clear regional and inter-annual differences. Further adopting the
bias correction scheme can significantly improve the skill of BCC_S2SFS in predicting the sub-
seasonal precipitation over Eastern China in summer with different lead time especially longer
than 10 days. Compared to the original prediction of BCC_S2SFS, the temporal (spatial)
correlation coefficient between the bias corrected predictions and observations over Eastern
China can be increased by 0.15, 0.55, and 0.56 (0.14, 0.17, and 0.19) during the forecast lead
time of 0–10, 11–20, and 21–30 days, respectively. The bias correction scheme developed in
this study shows large potential application prospects in the operational forecast.
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INTRODUCTION

Sub-seasonal to seasonal (S2S) meteorological forecasts (15–60 days) take the key time range for linking
short-term weather forecast to seasonal climate prediction (Jie et al., 2017). However, the processes of the
S2S predictions are overly complex due to the interactions of external forcing factors and initial conditions
(Lorenz, 1975). Hence, the meteorological prediction with the S2S time range has long been considered a
“desert of predictability” (Vitart, 2017; Olaniyan et al., 2018). It is urgent to improve the accuracy of the S2S
forecast to meet the increasing demand of reliable meteorological services. With the increase in extreme
weather events (e.g., continuous rain, drought, and snowstorm), the meteorological departments were
expected tomakemore accurate predictions on the dynamics and duration of these events. In addition, the
S2S forecast also has strong guiding and prompting effects on power dispatching, fishery production,
agricultural development, and other industries closely related to weather and climate conditions (Tang
et al., 2017).
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Due to the chaotic characteristics inherent in the
atmosphere (Lorenz, 1963), current dynamical climate
models cannot forecast the daily weather beyond 2 weeks
(Merryfield et al., 2020). Forecasts at sub-seasonal time
scale are beyond the range of predictability of daily
weather, but some predictable components, like some
planetary scale motions, could be predicted very well
(Chou et al., 2010). A major source of predictability at the
sub-seasonal scale is the Madden–Julian oscillation (MJO)
(Woolnough, 2019), which can be skillfully predicted by S2S
project models up to 3–4 weeks in advance (Vitart 2017). The
predictability at the sub-seasonal scale also originates from
the sudden stratospheric warmings (Kidston et al., 2015;
Butler et al., 2019), Boreal Summer Intraseasonal
Oscillation (BSISO) (Zhu et al., 2021), El Niño–Southern
Oscillation (ENSO) (DelSole et al., 2017), sea ice
(Chevallier et al., 2019), soil moisture and temperature
(Koster et al., 2016; Yang et al., 2019), snow cover (Jeong
et al., 2013), and vegetation states (Williams et al., 2016).

To bridge the time gap between the weather forecast and
climate prediction, many organizations have conducted a lot
of corresponding studies on S2S prediction and advanced the
progress to meet the urgent service demands. The National
Center for Environmental Prediction (NCEP) of the
United States, the European Centre for Medium-Range
Weather Forecasts (ECMWF), the United Kingdom Met
Office, and the Korea Meteorological Administration have
developed their models for meteorological predictions with
different timeliness (Saha et al., 2012; Sun et al., 2018). In
China, the Institute of Atmospheric Physics of the Chinese
Academy of Sciences and the China Meteorological
Administration have also developed a series of models
(Zheng et al., 2006; Wu et al., 2013; Wu et al., 2014; Shan
et al., 2018). The research project “S2S Climate Prediction”
that focused on the prediction from 2-week to 2-month time
scales was conducted in 2014 (Vitart et al., 2016), it aimed to
investigate the skills of S2S prediction and promote the

theoretical research achievements transformation into
operational services at the international operational centers
and the applications community. The Beijing Climate Center
Climate System Model version 1.2 (BCC_CSM1.2) developed
by the China National Climate Center is the only model in
China that joined in the S2S climate prediction project (Liu
et al., 2015). It is skillful for sub-seasonal and seasonal
meteorological predictions by optimizing the initial
conditions, the prediction skill of BCC_CSM1.2 was
significantly improved in forecasting the MJO (Liu et al.,
2015; Liu et al., 2017) and BSISO (Zhu et al., 2021).

However, the uncertainties are inevitably generated in S2S
climate predictions due to the uncertain initial conditions, the
simplified physical processes, and the low horizontal
resolutions of the dynamic models (Wu et al., 2017; Wu
et al., 2019). Hence, more attentions have been paid to the
corrections of the unsatisfactory prediction skills of climate
models (Wang et al., 2016; Vitart, 2017; White et al., 2017;
Mariotti et al., 2018; Vitart and Robertson, 2018). In addition,
due to the difficulties arising from the different hindcast
frequency and start dates in the S2S dataset, the
construction of a multi-model is hard to implement (de
Andrade et al., 2019). Previous researches have pointed out
that the prediction skills could be improved by combing the
dynamic models with statistical models or using multi-type
climate models (Liu et al., 2014; Gong et al., 2018; Zhang et al.,
2019; Zheng et al., 2019; Materia et al., 2020). Nevertheless,
the prediction skills on the S2S time scale are still
unacceptable (Wang et al., 2014; de Andrade et al., 2019).
Therefore, it is still a long-term need to continuously improve
the climate models and prediction methods for acceptable S2S
predictions.

The singular value decomposition (SVD) bias correction
method has been widely used to improve the prediction skills
of precipitation in different seasons and regions. It could
extract the main features of the predictors and
corresponding space fields and take the differences between
observation and the forecast in space and time (Feddersen
et al., 1999; Xu et al., 2018) into consideration. Qin et al.
(2011) used the SVD strategy to correct the seasonal hindcasts
of summer and autumn precipitation in China. The anomaly
correlation coefficient (ACC) values were increased from
–0.09 and –0.07 to 0.36 and 0.30 for the predictions in
summer and autumn, respectively. However, the ability of
the SVD bias correction method has not yet been evaluated in
increasing the prediction skills of summer precipitation on the
sub-seasonal scale over Eastern China, which is in the East
Asian monsoon region.

In this study, the SVD bias correction scheme is established
for the S2S summer precipitation predictions over Eastern
China based on the observations and hindcasts of the Beijing
Climate Center S2S forecast system (BCC_S2SFS) during
1994–2013. The main objectives are to 1) evaluate the
prediction skill of the BCC_S2SFS for the summer
precipitation over Eastern China at the sub-seasonal scale;
and 2) reveal to what extent the SVD bias correction scheme
can improve the prediction skill of BCC_S2SFS.

FIGURE 1 | Locations of the 397 weather stations in Eastern China.
Each sub-region is indicated by different colors.

Frontiers in Earth Science | www.frontiersin.org February 2022 | Volume 9 | Article 7701672

Fu et al. Bias Correction of S2S Prediction

https://www.frontiersin.org/journals/earth-science
www.frontiersin.org
https://www.frontiersin.org/journals/earth-science#articles


MODEL, DATA, AND METHODS

Model
The BCC_S2SFS is developed based on the BCC_CSM1.2 model
with moderate resolution (Liu et al., 2015; Liu et al., 2017; Zheng
et al., 2020), which is a fully atmosphere-ocean-ice-land coupled
climate model (Wu et al., 2013; Wu et al., 2014) and contains
different modules, including the atmospheric component
BCC_AGCM2.2 with the horizontal resolution of T106
(~110km) and 40 vertical levels, the land component
BCC_AVIM1.1, the global ocean circulation model
MOM4_L40v1, and the Sea Ice Simulator (SIS) model (Dong
et al., 2018; Zhang et al., 2019; Song et al., 2020). The
BCC_AVIM1.1 land surface model has the same horizontal
resolution as the BCC_AGCM2.2 model. The MOM4_L40v1
ocean model adopts the horizontal resolution of 1°×1°

poleward of 30°N and 30°S the meridional resolution gradually
descending to 0.33° over the region between 30°N and 30°S with
40 vertical layers. The SIS sea ice model shares the same
horizontal resolution as the MOM4_L40v1 ocean model (Liu
et al., 2017). The model initial conditions for the BCC_S2SFS
were produced by a nudging strategy, in which the atmospheric
component was nudged toward the 6-h NCEP-FNL atmospheric
reanalysis and the ocean component was nudged toward the daily
observed SST (Liu et al., 2017; Zheng et al., 2020; Zhu et al., 2021).

Data
The data used in the current study are listed as follows: 1) The
precipitation hindcast product of the daily rolling forecast of 60-
days using the BCC_S2SFS from January 1, 1994 to December 31,

2013 with 4 lagged average forecasting ensemble members
initialized at 00:00 UTC of the first forecast day and 06:00, 12:
00, and 18:00 UTC of the previous day, respectively (Liu et al.,
2017; Zheng et al., 2020). To reduce the uncertainties from initial
conditions, we focus on the analysis of the ensemble mean of the 4
forecast members. 2) The daily gauge observed precipitation data
at 397 stations over Eastern China (Figure 1) from January 1,
1994 to December 31, 2013, which is collected and quality
controlled by the National Meteorological Information Center
of China Meteorological Administration.

Method
To compare the predictions with the observations, we first
adopted the inverse distance weighting method (Bartier and
Keller, 1996) to interpolate the observed precipitation onto the
BCC_S2SFS model grids with the horizontal resolution of T106
(~110km) within a radius of 1° around each grid box over Eastern
China (east to 110°E, Figure 1). Then the observed daily
precipitation in each summer (June to August) of 1994–2013
is converted into 10-day moving accumulated precipitation
(i.e., the first 10-day moving accumulated precipitation is the
total precipitation during June1st~10th; the second 10-day
moving accumulated precipitation is the total precipitation
during June 2nd~11th, and so on) to filter out the weather
disturbance (Lin et al., 2019). After that, we have 83 (June 1
to August 22) values of the observed 10-day moving accumulated
precipitation at each grid in each summer of 1994–2013.
Correspondingly, for a given forecast lead time, the daily S2S
precipitation hindcast product is also converted into 10-day
moving accumulated precipitation at each grid during each
summer of 1994–2013. Adopting the same data processing

FIGURE 2 | Flowchart of the singular value decomposition (SVD) bias correction approach.
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method for the predictions with 0, 1, 2,...., 30 days in advance, we
have 83 values of predicted 10-day moving accumulated
precipitation at each grid during each summer of 1994–2013
for each forecast lead time. The 10-day moving accumulated
precipitation anomalies from observations and forecasts with
different forecast lead times are further obtained by removing
the corresponding climatology of the 20 years. All analyses are
conducted based on the 10-day moving accumulated
precipitation anomalies mentioned above.

To give the detailed prediction skill in different parts of
Eastern China, which is divided into 4 sub-regions (Figure 1)
with the consideration of the distinct climates over these sub-
regions dominated by different components of the East Asian
summer monsoon (Ding and Chan, 2005; Huang et al., 2013;
Wang et al., 2017). The 4 sub-regions of Eastern China are listed
as follows: Northeast China (north to 40°N), North China
(35°–40°N), Jianghuai Basin (30°–35°N), and Southeast China
(south to 30°N).

The temporal correlation coefficient (TCC) and spatial
correlation coefficient (SCC) (Wei, 2007) were used to
evaluate the prediction skills in producing the precipitation

anomalies on the sub-seasonal time scale. The TCC and SCC
values between the predictions and observations with
different forecast lead time were calculated for each sub-
region and the entire Eastern China in each summer,
respectively. Note that the significance testing is the basic
procedure for conducting forecast tests, but in the case of S2S
predictions, it is difficult to pass the significance test or the
level of significance is not high enough due to the complexity
of the sources of predictability, and some sub-seasonal scale
studies are based on empirical thresholds (Li et al., 2019; Zhou
et al., 2019). Due to the reasons mentioned above, we did not
conduct statistical significance test for SCC and TCC in this
study. We just show to what extent the bias correction scheme
can improve the prediction skill of BCC_S2SFS through the
comparison of TCC (SCC) produced by the original and bias
corrected predictions.

The SVD bias correction method has been applied to reduce
the errors of the precipitation predictions to improve the dynamic
models’ forecast skill (Feddersen et al., 1999; Qin et al., 2011).
More details about the SVD analysis can refer to Bretherton et al.
(1992). In this study, the SVD bias correction scheme was

FIGURE 3 | Normalized time series of the observed (black line), originally predicted, and the bias corrected 10-day moving accumulated precipitation anomalies
with the forecast lead time of 0–10 days regionally averaged over Eastern China in each year of 1994–2013. The blue and red marked values represent the TCC values
between the predictions with or without the bias correction and observations, respectively.
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developed and adopted to correct the S2S precipitation
predictions generated by the BCC_S2SFS. To correct the
precipitation predictions for a given year with a given forecast
lead time independently, we used the predictions with a given
forecast lead time and observations in the 19 years out of the
20 years excluding the target year to conduct SVD analysis
(Golub and Loan, 1996). Based on the SVD results for the
observations and predictions with a given forecast lead time
in the 19 years, we further establish a bias correction
scheme to correct the precipitation predictions of the target
year with a given forecast lead time. The main steps for the

setup of the SVD bias correction scheme are summarized in
Figure 2:

Step 1: We set the prediction field at a given lead time as the left
field (X field) and the observation field as the right field (Y
field) as follows:

Xt � ∑
k

i�1
βi,tφi t � 1, 2, ...n (1)

Yt � ∑
k

i�1
αi,tϕi t � 1, 2, ...n (2)

where φi (ϕi) is the ith eigenvector of the prediction (observation)
field, βi, t (αi, t) is the time coefficient corresponding to the ith
eigenvector of the prediction (observation) field. k is the mode
number and equals the number of total grids in a given region.
We establish the bias correction scheme based on the SVD
analysis of the 19-year prediction with a given lead time and
observation, the remaining year is used to conduct cross-
validation independently, so the temporal sample size n =
1577 (83 × 19 years).

TABLE 1 | The 20-year average TCC (SCC) for the original and bias-corrected 10-
day moving accumulated precipitation anomaly predictions over Eastern
China shown in Figures 3–5 (Figure 9J).

Lead time 20-year average TCC 20-year average SCC

Original Corrected Original Corrected

0–10 days 0.35 0.50 0.10 0.24
11–20 days 0.02 0.57 0.02 0.19
21–30 days 0.01 0.57 0.00 0.19

FIGURE 4 | Same as Figure 3, but for the predictions with the forecast lead time of 11–20 days.
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Step 2: Based on the time coefficient βi, t (αi, t) corresponding to
the ith eigenvector of the prediction (observation) field
obtained in step 1, as the linear regression method can
produce many large improvements of the original
forecasts compared to the non-linear relation method,
so we establish a linear relationship (Qin et al., 2011; Xu
et al., 2018) between αi, t and βi, t to correct the original
forecast as follows:

αi,t � ai + biβi,t + εi,t i � 1, 2, ..., m; t � 1, 2, ..., n (3)
where ai and bi are the linear regression coefficients between the
time coefficient corresponding to the ith eigenvector of the
prediction field with a given lead time and the time coefficient
corresponding to the ith eigenvector of the observation field based
on the least squaremethod .εi,t is the regression error. n = 1577 is the
temporal sample size in Step 1. In addition, m is the number of
leading eigenvector (mode) which is used to establish the bias
correction scheme. After a series of tests and comparisons by
choosing the first 3, 4, 5, 6, . . ., 9 leading modes to set up the
bias correction method, we found that the bias correction scheme
based on the first 6 leading modes shows the highest skill. So, we
chose the first 6 (m = 6) modes in the current study.

Step 3: In the jth 10-day of the cross-validation year, the ith time
coefficient βi,j for the ith eigenvector φi of the prediction
field can be obtained by projecting the prediction field
onto the ith eigenvector of the prediction field in Step 1
according to:

βi,j � φT
i Xj i � 1, 2, ..., 6; j � 1, 2, ..., 83 (4)

where φT
i is the transpose of φi, Xj is the jth 10-day moving

accumulated prediction field in the cross-validation year.

Step 4: According to Equation 3, the bias-corrected predictions
in the jth 10-day of the cross-validation year can be
obtained based on the time coefficient βi,j in Step 3:

X′
j � ∑

6

i�1
(ai + biβi,j)ϕi j � 1, 2, ..., 83 (5)

whereX’
j is the bias-corrected predictions in the j

th 10-day of the
cross-validation year.

Step 5: To avoid the small deviation of the individual eigenvector
for the prediction in the cross-validation year, an

FIGURE 5 | Same as Figure 3, but for the predictions with the forecast lead time of 21–30 days.
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adjustment coefficient was introduced for the final
correction (Kharin and Zwiers, 2001):

X
′
j � X′

j + c(Xj −X′
j) (6)

where c is the adjustment coefficient:

c � Cov(Yt, (Xt −X’
t))

Var(Xt −X’
t)

t � 1, 2, 3, ..., n (7)

where Cov and Var are the covariance and the variance function,
respectively.

We can get 20 years (1994–2013) of bias-corrected predictions
with different lead time by repeating the processes in Steps 1-5.

RESULTS

Figure 3 shows the normalized time series of mean 10-day
moving accumulated precipitation anomalies in observation
and prediction over the forecast lead time of 0–10 days
regionally averaged in Eastern China during June 1st to
August 22nd in each year of 1994–2013. The prediction skill
of BCC_S2SFS shows exceptionally large inter-annual

fluctuation with the TCC ranging from −0.05 to 0.77. Since
the S2S forecast has significant business service demand, the
low skill of the original prediction skill cannot meet the
operational needs. Hence, conducting the correction of
original predictions of climate models is essential to
improve the skills in the regional meteorological forecast
(Tang et al., 2017). Compared to the original predictions,
the skills of the bias-corrected forecasts with lead 0–10 days
are remarkably improved in most years (15 years out of the
20 years) in terms of TCC. Meanwhile, the 20-year mean TCC
is increased from 0.35 to 0.50 (Table 1), indicating that the skill
of the original forecast can be significantly improved by about
43% through the bias correction.

From Table 1, the 20-year mean TCC in the BCC_S2SFS
forecasts with 11–20 days in advance is only 0.02, which is
reduced by 0.33 relative to the original predictions with the
lead time of 0–10 days. Even negative skills are noted in
7 years (i.e., 1994, 1997, 2000, 2001, 2006, 2009, and 2011) out
of the 20 years for the original forecasts (Figure 4). However, no
negative TCC values are generated in the bias-corrected
predictions. It is noted that the prediction skills can be
improved by the bias correction scheme in all years. The 20-
year mean TCC is increased from 0.02 to 0.57 (Table 1).

FIGURE 6 | Distributions of the 20-year average TCC of the original predictions (A1–A7), the bias corrected predictions (B1–B7) with observations and their
differences (bias corrected predictions—original predictions) (C1–C7) for the summer precipitation with different forecast lead time in Eastern China during 1994–2013.
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Compared to the predictions with lead 0–10 days and
11–20 days, the mean TCC of the 20 years produced by the
BCC_S2SFS forecasts with 21–30 days in advance is reduced by
0.34 and 0.01 (Table 1), respectively. From Figure 5, the
BCC_S2SFS forecasts with 21–30 days in advance even show
opposite temporal variations of precipitation anomalies
compared to the observation in 9 years (2000, 2001, 2004,
2006, 2007, 2009, 2010, 2012, and 2013) with the lowest TCC
(−0.62) in 2009, which is followed by 2010 with a TCC of −0.38.
The skills for the predictions with lead 21–30 days are
remarkably improved by adopting the bias correction scheme
in most years (17 years out of the 20 years) despite slightly
deteriorated skills in the remaining 3 years (1998, 2005, and
2011). Overall, the 20-year mean TCC is increased from 0.01 in
original forecasts to 0.57 in the bias corrected forecasts with
21–30 days in advance (Table 1).

Figure 6 shows the distribution of the 20-year mean TCC
values of the original predictions (Figures 6A1–A7), the bias
corrected predictions (Figures 6B1–B7) with different forecast
lead time, and the corresponding differences in TCC between

corrected and original results. From Figures 6A1–A7, the TCC
produced by the BCC_S2SFS tends to decrease with the forecast
lead time increased. Meanwhile, clear regional differences in
the prediction skills can be noted: The lowest skills are in
North China and the eastern part of South China. Relatively
higher skills are found in the areas south to the lower Yangtze
River Valley and Northeast China. The forecast skills are
dramatically decreased with the forecast lead time longer
than 5 days. Meanwhile, the spatial distributions of the
prediction skills are similar to the situation with the forecast
lead time of 0 days. Compared to the original predictions of
the BCC_S2SFS, the prediction skills with different forecast
lead time over most Eastern China can be significantly
improved by adopting the bias correction scheme (Figures
6B1–B7). It is noted that the skills of the bias corrected
predictions decline with the lead time up to 15 days, after
which the skill reduction trend with the forecast lead time
further increased is not clear.

The skills of the original forecasts improved by the bias
corrected scheme exhibit clear regional differences (Figures

FIGURE 7 | The temporal correlation coefficient (TCC) between the original (A1–A5), bias corrected predictions (B1–B5), and observations with the forecast lead
time of 0–30 days (y-axis) in summer over each region during 1994–2013. The differences in TCC between the bias corrected predictions and original predictions for
each region are shown in (C1–C5).
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6C1–C7): Relatively larger improvements can be widely noted in
North China, South China, and east parts of Northeast China
with different forecast time longer than 5 days. In addition, the
improvements tend to increase with the forecast lead time
increased.

Figure 7 further shows the TCC of the original predictions
with the forecast lead time of 0–30 days regionally averaged

over each sub-region and Eastern China in 1994–2013. The
TCC over all regions shows a clear reduction trend with the
forecast lead time increased. In most areas, most TCC values
with the forecast lead time longer than 5 days are less than 0.1.
Compared to the original forecasts, the bias corrected
predictions show clearly improved skills (with most TCC
differences larger than 0.1) at the forecast lead time longer

FIGURE 8 | The differences in TCC between the bias corrected predictions and original predictions with different forecast lead time in each region during
1994–2013.

FIGURE 9 | The 20-year average TCC (A–E) and SCC (F–J) of the original and bias corrected predictions with different forecast lead time (days) with observations
averaged over each region.
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than 5 days in most years (Figures 7B1–B5), indicating stable
improvements of the prediction skills by adopting the bias
correction scheme.

Figure 8 shows the differences in the 20-year average
prediction skills between the bias corrected and original
predictions with different forecast lead time in the 4 sub-
regions and the entire Eastern China. Generally, the skill in
each region is improved in most years. Among the 4 sub-
regions of Eastern China, the improvements of the prediction
skill in Northeast China are much smaller. Since the original
forecast in Northeast China already has much higher skill than
the other sub-regions (Figures 6A–A7), adopting the bias
correction scheme can obtain limited improvements.
Meanwhile, the bias corrected scheme tends to produce
much larger improvements of prediction skill over the
Jianghuai Basin and South China compared to other sub-
regions. Compared to the TCC with the 0–10 days in
advance, a relatively larger improvement is obtained with
lead 11–20 days. The prediction skills can be further
improved with the forecast lead time increased to
21–30 days. The improvements of the prediction skill with
lead 11–20 days are much larger than the improvements in
the forecast lead time of 0–10 days. It is also noted that
further improvements of prediction skills are hard to obtain
with the forecast lead time of 21–30 days relative to the
forecast lead time of 11–20 days. The bias corrected
predictions show lower skill during the lead time of
0–10 days in the year 2013 relative to the original forecasts,
however, most cases with the lead time of 11–30 days are
improved by adopting the bias correction scheme. Due to
the improvements for most cases in the 20 years (Figure 9),
we believe that the bias correction developed in this study can
efficiently improve the dynamical model predictions despite
degraded skill in very few years.

Figure 9 shows the 20-year mean TCC and SCC values of
the original and bias corrected predictions with different
forecast lead time over each region. From Figures 9A–E, for
the original predictions with the TCC values greater than 0, the
shortest prediction timeline (about 7 days) is noted over
Jianghuai Basin while the longest prediction timeline (about
20 days) is found in South China. The bias corrected
predictions produced much higher TCC than the original
forecasts with slight (much larger) improvements with the
forecast lead time shorter (longer) than 5 days. In addition,
SCC is further used to evaluate the skill in reproducing the
spatial distribution of the observed precipitation anomalies
(Figures 9F–J), it shows decreasing trend with the forecast lead
time increased, which is similar to TCC. Meanwhile, similar
improvements in the SCC can be obtained by adopting the bias
correction scheme, i.e., relative to the original predictions, the
20-year mean SCC over Eastern China is increased by 0.14,
0.17, and 0.19 during the forecast lead time of 0–10 days,
11–20 days, and 21–30 days, respectively (Table 1). It is also
noted that the skill of bias corrected forecasts is not degraded
with the forecast lead time longer than 5 days despite a sharp
decreasing trend during the forecast lead time less than 5 days,

which is similar to the original forecast, implying that the
predictive skills may not be degraded moving away from the
initial conditions.

CONCLUSION AND DISCUSSION

In this study, the prediction skills of the BCC_S2SFS in
forecasting the summer precipitation in Eastern China during
1994–2013 have been systematically evaluated. Meanwhile, a bias
correction scheme based on SVD analysis has been developed to
correct the BCC_S2SFS predictions and thereafter further
improve the prediction skill of the summer precipitation over
Eastern China at the sub-seasonal scale. The main findings are
shown as follows:

The skills of the BCC_S2SFS in predicting the summer
precipitation over Eastern China with different forecast lead
time show remarkable regional and inter-annual differences.
The prediction skills of summer precipitation over Eastern
China sharply decrease with the forecast lead time increased
and are lost after the lead time of 5 days over most Eastern
China in most years. The 20-year mean TCC values produced
by BCC_S2SFS with 0–10 days, 11–20 days, and 21–30 days in
advance over Eastern China are 0.35, 0.02, and 0.01,
respectively.

Adopting the bias correction scheme can efficiently improve
the skill of BCC_S2SFS in predicting the sub-seasonal
precipitation in summer over Eastern China with much larger
improvements in the forecast lead time longer than 10 days. The
relatively lower improvements for the predictions with lead
0–10 days are due to the much higher impact of the
predictability of weather patterns on the model results, which
cannot be overcome by the distilling of the specific climate
features through the bias correction scheme. However, the bias
corrections can be finally reconstructed in longer lead times when
the impact of weather patterns becomes lost due to the limited
predictability. Overall, the TCC (SCC) produced by the bias
corrected predictions with 0–10 days, 11–20 days, and
21–30 days in advance can be increased by 0.15, 0.55, and 0.56
(0.14, 0.17, and 0.19) relative to the BCC_S2SFS original forecasts,
respectively. The bias correction scheme developed in the current
study shows large potential application prospects in the
operational forecast.

Kug et al. (2008) and Wang et al. (2017) reported that the
regression models established with the observations less than
30 years were unstable, and the prediction skill would
decrease further with the reduction of data involved. In
this study, only 20-year observations and predictions of
summer precipitation were used to establish the bias
correction scheme. In future studies, more data should be
used to establish the bias correction scheme to further
improve the prediction skill, and the information of slow-
changing physical background would be employed in the
coordinate correction to improve the understanding of the
physical mechanism of summer precipitation in Eastern
China.
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