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What is the effect of atmospheric initial condition inconsistency
between the hindcasts and real-time forecasts?
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Abstract

The effects of initial errors in the subseasonal prediction are investigated using the Korea Meteorological Administration
(KMA) Global Seasonal Forecasting System version 5 (GloSea5). Two experiments are designed that utilized (1) analysis
data from weather prediction and (2) reanalysis data as the atmospheric initial conditions, which are considered processes
of the current operational system. A comparison of these two experiments reveals the effect of the atmospheric initial con-
ditions on subseasonal prediction. Additionally, the effects of different initial prescriptions on the hindcasts and forecasts
are investigated. GloSea5 generally represents the observed temperature patterns well; however, cold biases are distinct
over continents in the Northern Hemisphere, including the East Asia region in the hindcast results. However, the forecast
results simulate anomalously high temperatures in most regions, except for parts of the polar and Australian regions. In this
study, it is clear that improved atmospheric initial conditions lead to changes in the prediction skills of variables related to
seasonal climate variability in mid-latitude regions. In addition, the biases of the surface temperature are reduced in most
regions when the atmospheric initial condition are made consistent between the hindcast and forecast. Notably, increased
initial errors in real-time forecasts, compared to hindcasts, can cause more biases in surface temperature and atmospheric
circulation fields on a subseasonal time scale.

Keywords Initial condition - Subseasonal prediction - KMA GloSea5

1 Introduction and Glosea5, with improved physical processes and high
horizontal resolution, has been used in operational predic-

Climate prediction models are continuously being developed  tion models (MacLachlan et al. 2015).

to improve mid- to long-term prediction skill within the
global operational prediction community. Since 1999, the
Korea Meteorological Administration (KMA) has conducted
a long-term forecast system using a global prediction system
based on dynamical processes. In 2010, to improve seasonal
prediction skills, fully-coupled atmosphere, land, ocean, and
sea-ice model was established based on the Global Seasonal
Forecasting System (GloSea4) of United Kingdom Meteoro-
logical Office (UKMO). Recently, GloSea6, after GloSea4
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Many operational institutions and research centers world-
wide have been developing prediction systems that can make
seamless forecasts for long-term climate, as well as short-
term weather to seasonal climate. Subseasonal to seasonal
(S2S) prediction bridges the gap between weather and sea-
sonal climate forecasts (Vitart et al. 2019). The S2S time
scale has not received much attention in the past, however,
its importance has grown with the recent demand for predict-
ing extreme weather and climate events. Accordingly, the
launch of various S2S prediction projects has been made in
better understanding potential sources of S2S prediction and
improve prediction skills (Viart et al. 2017). Many studies
have reported on seasonal predictability that are strongly
related to tropical rainfall prediction and its teleconnec-
tion to extratropical circulation such as El Nifio—Southern
Oscillation, Arctic Oscillation, and Pacific North Ameri-
can patterns (Kumar et al. 2013; Scaife et al. 2019; Li et al.
2016). Recently, it is also well known that the subseasonal
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predictability is expressed by simulating various phenomena
in the atmosphere, ocean, sea-ice, and land (such as Mad-
den-Julian oscillation, El Nino-Southern Oscillation, Arctic
Oscillation, tropical convection, tropical cyclones, sea-ice
cover, soil moisture, snow cover, stratosphere condition,
ocean status, and various teleconnections), although there
are still room for further understanding (Lim et al. 2018;
Zampieri et al. 2018; Choi and Son 2019; Nie et al. 2019;
Lang et al. 2020; Mariotti et al. 2020; Merryfield et al. 2020;
Oh et al. 2022).

Notable, initial atmospheric conditions can substantially
affect weather forecasting. The influence of initial atmos-
pheric conditions that are considered important on short-
time scales, such as surface and atmospheric processes, has
been receiving increasing attention. In particular, initial
condition studies for seamless climate prediction systems
including their sources of predictability from seasonal to
subseasonal scale, are growing in number. Numerous studies
have suggested that potential predictability can be improved
by initial land conditions and land surface processes in the
prediction models (Koster et al. 2010; Guo et al. 2011; Mate-
ria et al. 2014). In addition, many studies have revealed that
realistic initialization of soil moisture substantially improves
the simulation of surface air temperature prediction skills
through land—-atmosphere feedback (Miralles et al. 2014;
Hauser et al. 2016; Orth et al. 2016; Seo et al. 2019).

Although initial atmospheric conditions have received
less attention in seasonal climate prediction, some studies
have revealed that the initial atmospheric state can affect sea-
sonal forecasts (Stockdale et al. 2015; Marshall and Scaife
2010; Rao et al. 2023). In addition, some studies have sug-
gested that initial atmospheric conditions can impact subsea-
sonal forecasts (Lin et al. 2010; Vitart et al. 2019). For exam-
ple, Lin et al. suggested that the skill of the North Atlantic
Oscillation (NAO) forecast could be improved according to
the Madden—Julian Oscillation (MJO) strength and phase in
the initial condition. Vitart et al. (2019) mentioned that ini-
tializing experiments with different atmospheric reanalysis
data largely improved the extended-range skill scores up to
week four. These results indicated that the initial state and
data played important roles in assessing the reliability of
forecasts and reducing forecast uncertainty.

Despite many efforts to improve the initial conditions,
there is another limitation pertaining the production of
the initial conditions under operational climate predic-
tion model. In operational institutions and research centers
around the world, the initial conditions of hindcasts and fore-
casts are often given differently due to the time constraints
for real-time forecasting. For example, the KMA subsea-
sonal and seasonal prediction system uses reanalysis data
as the atmospheric initial condition for the hindcast but uses
analysis data from the weather prediction model with data
assimilation for real-time forecasting. This inconsistency in
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the initial conditions of the real-time forecasts can directly
affect the anomaly fields produced when the hindcast cli-
matology is subtracted from the forecast. However, the dif-
ference between the initial conditions of the hindcast and
forecast has been disregarded in many operational centers.
In this study, we investigated how the consistency
between atmospheric initial conditions in hindcasts and real-
time forecasts affects subseasonal prediction skill. In par-
ticular, the analysis was based on an operational subseasonal
prediction system in the KMA. This study is divided into the
following sections: a brief description of the KMA opera-
tional model and a sensitive experimental design is provided
in Sect. 2; Sect. 3 investigates the effect of the initial atmos-
pheric condition on subseasonal prediction; and Sect. 4 sum-
marizes the results and provides major conclusions.

2 Model and data description

In this study, a subseasonal dataset produced by the opera-
tional KMA prediction system was used. The KMA has an
operational subseasonal to seasonal forecast system, which
is a joint system between the KMA and the UK Met Office.
The Global Seasonal Forecasting System version 4, and 5
(hereafter, GloSea4, and GloSea5, respectively), are the
operational subseasonal forecast system of the KMA. This
system was upgraded to version6 (hereafter GloSea6). How-
ever, in this study, GloSea5 was used to investigated the
effects of inconsistency between the initial conditions of
hindcasts and forecasts on a subseasonal time scale.

GloSea5 is a fully coupled global climate model that con-
sists of atmosphere (Unified Model; UM), ocean (Nucleus
for European Modeling of the Ocean; NEMO), land surface
(Joint UK Land Environment Simulator; JULES), and sea
ice (Los Alamos sea ice model; CICE) components through
the coupler OASIS (MacLachlan et al. 2015). The resolu-
tion is N216N85 (approximately 60 km) for the atmosphere,
and ORCAQ.25L75 (0.25° on a tri-polar grid) for the ocean.
A Stochastic Kinetic Energy Backscatter scheme (SKEB)
is used to generate the spread between members initialized
from the same analysis. Further detailed information on Glo-
Sea$ is provided by MacLachlan et al. (2015).

To investigate the effect of initial atmospheric conditions
on subseasonal prediction skill, two forecast experiments are
designed namely NWPiF and ERAIF. Due to time limitations
in real-time forecasting, the analyzed data is used for data
assimilation with limited observational data. The NWPiF
experiment has the same setting as the current operational
real-time forecast, which uses the analysis data from the UM
Global Data Assimilation and Prediction System (GDAPS)
as the initial atmospheric conditions. The ERAIF experi-
ment uses ERA-interim reanalysis data (ERA-interim; Dee
et al. 2011) instead of analysis data as the initial atmospheric
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conditions same as the hindcast setup. This experiment is
only an initial condition that is different from NWPiF. A
comparison of these two experiments revealed the effect of
the initial atmospheric conditions on subseasonal prediction.
In addition, the effects of different initial condition prescrip-
tions on the hindcast and forecast are investigated.

Two experiments are conducted with more than 200
members covering the forecasting period from November
2017 to December 2018. Each case (one initialized run) con-
sists of four ensemble members using the SKEB method,
which are initialized on fixed calendar dates: the 1st, 9th,
17th, and 25th of each month. All cases from the initial-
ized start dates with four ensemble members are integrated
over a 60-day period for subseasonal to seasonal predictions.
The DJF 2017-2018 forecast period in relation to the initial
error, NDJFMA 2017-2018 forecast period in relation to
equatorial variability, and JJA 2018 forecast period for the
East Asian summer monsoon are analyzed. In addition, the
results from all cases for 2018 are utilized to validate the
subseasonal prediction skill score.

For validation of various features related to the initial
condition in GloSea5, ECMWF reanalysis versionS (ERAS;
Hersbach et al. 2018) and the Global Precipitation Clima-
tology Project (GPCP) version 2.1 combined precipitation
dataset (Adler et al. 2003) are used in this study.

3 Results

Figure 1 shows the spatial distribution of the surface tem-
perature biases of 3—4 weeks lead from to the 1991-2010
hindcast period and the 2017-2018 real-time forecast period.
The hindcast results generally show an error of less than 2°
on land. Except for some parts of the equational areas, it is
characterized by cold biases globally. In addition, there are
warm biases along some equatorial regions in South Amer-
ica, Africa, and the Maritime Continental Area. However,
the forecast results simulate anomalously high temperatures
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in most regions, except for parts of the polar and Australian
regions.

Although the hindcast has good prediction skill, many
operational institutions suffer from uncertainty in real-time
forecasts. The occurrence of errors in the hindcast and fore-
cast at different could be attributed to the fact that if the
error of the real-time forecast and hindcast has a different
pattern, then the anomaly can have a greater error, even
though anomaly with removal of the hindcast climatology
in real-time forecasts is widely used as a method to remove
systematic error. Nevertheless, the method of anomaly
removing the hindcast climatology may be the best way to
eliminate systematic errors. To overcome this limitation,
there is a method for obtaining an anomaly by correcting
errors in hindcast climatology. Among the various reasons
for such conflicting biases between the hindcast and forecast
in Fig. 1, the biggest possible reason could be the exces-
sive cold biases of the hindcast. In this study, the method of
bias correction is not considered, and the effects of different
prescriptions of the initial data of the hindcast and forecast
is investigated.

3.1 Initial error distribution

To examine how the initial condition difference affected
atmospheric phenomena, the difference distribution of some
variables at the 1-day lead from each experiment for DJF
2017-2018 is compared with the reanalysis data because
winter temperature errors are shown clearly. Because the
values of 0OUTC is used as the atmospheric initial condi-
tion of the two experiments, the comparison of the initial
error used the daily average value for 1 day of integration,
and expressed it as a 1-day lead time. In addition, since the
1-day integral values are compared, the difference between
the two initial conditions excluding the initial systematic
error can be investigated.

Figure 2 shows the difference in the distribution of the top
(0-0.1m) soil temperature below the surface and ice concen-
tration from two experiments with a 1-day lead time. The
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Fig. 1 Spatial distribution of surface temperature (K) biases (model minus ERAS reanalysis) of 3—4 weeks lead from a hindcast periods and b

2017-2018 forecast periods
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Fig. 2 Difference distribution of a surface soil temperature (K) and b ice concentration for 2017-2018 DJF at 1-day lead between ERAIF and

NWPiF

ERAIF experiment shows a higher soil temperature than the
NWPIF experiment in the highland area around a latitude
of 40°N, but a low temperature shown in most areas. In the
ice concentration results, there is a noise difference in the
Antarctic. However, in the Arctic, the experiment using the
reanalysis data as the initial field shows a higher concentra-
tion than the experiment using the analysis data from the
NWP model as the initial field.

The variables of the cloud-radiation-precipitation pro-
cesses related to surface temperature also show a large dif-
ference between the two experiments (Fig. 3). The ERAiF

precip (DJF)
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experiment simulates less precipitation than the NWPiF
experiment at 1- day lead time (Fig. 3a). The difference in
precipitation between the two experiments could be attrib-
uted to the cloud simulation results. When the reanalysis
data is used as the initial conditions, the number of clouds
decreases compared to when the analysis data from the
NWP model is used as the initial field (Fig. 3b). Reduced
clouds increase surface shortwave radiation and outgoing
longwave radiation because they pass through them with-
out reflection (Fig. 3c, d). The reason for the cloud differ-
ence between the NWPiF and ERAIF experiments will be
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Fig. 3 Difference distribution of a surface precipitation (mm/day), b total cloud amount (%), ¢ solar radiation fluxes (W/m?), and outgoing long-
wave radiation fluxes (W/m?) for 2017-2018 DJF at 1—day lead between ERAIF and NWPiF
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examined separately; in this study, only the effect of the dif-
ference between the two datasets on subseasonal prediction
is examined.

3.2 Predictability of tropical variability

To examine how differences in the initial field affect sub-
seasonal forecasting, the simulation results of tropical vari-
ability, which is the most representative phenomenon in
intraseasonal prediction, are compared. The precipitation
biases of 3—4 lead weeks from NWPiF, which is the default
setting for the operational prediction system, are shown in
Fig. 4a. The NWPiF experiment exhibits wet biases from
the Indian Ocean to the western Pacific and dry biases in
the central Pacific. Although the difference in precipitation
between the ERAiF and NWPiF experiments are not signifi-
cant, it slightly reduces the biases in the ERAIF experiment
(Fig. 4b).

There is no large changes with a slight improvement in
the mean precipitation of the 3— 4 lead weeks by the initial
condition, but the MJO prediction, which is a representative

(a) NWPIF - GPCP (W34) PREC(DJF)

(b) ErAiF - NWPIF

phenomenon of subseasonal variability, is quite different.
Figure 5 shows the bivariate correlation coefficients for the
velocity potential MJO indices in the two experiments and
their hindcasts. The lead time when the hindcast reaches a
correlation coefficient of 0.5 (an indicator of useful skill)
is approximately 19—day (Fig 5a, black line). General MJO
index (ex. RMM) using the GloSea5 OLR is known to be
25-27 days longer than the index using the velocity potential
(Kim et al. 2019). In the period when the experiments were
conducted, the lead time for the bivariate correlation coeffi-
cients to reach 0.5 is approximately 45 days longer than the
hindcast results. In particular, the ERAiF experiment using
the reanalysis data as the initial condition shows a slower
rate of decrease in the MJO index as the lead time increased,
compared with the NWPIF experiment. The 1-2 lead weeks
averaged MJO index between the two experiments is similar,
but the 3—4 lead weeks averaged index shows a difference of
approximately O.1.

To examine the MJO propagation characteristics, the
results from the extended winter period (November 2017 to
April 2018) are shown in Figs. 6, 7, and 8. The zonal wind at
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Fig.4 Difference distribution of surface precipitation (mm/day) for 2017-2018 DIJF at lead weeks 3—4 between a NWPiF and ERAS5 and b

ERAIF and NWPiF
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Fig.6 Lag time-longitude correlation (i.e. Madden—Julian Oscillation
(MJO) propagation diagram) of 850 hPa zonal wind in ERAS reanal-
ysis data (OBS) and ERAIF experiment, and NWPIiF experiment dur-
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Fig.7 Pattern correlation coefficient skill of Madden—Julian Oscil-
lation (MJO) propagation diagram (60-180E, 10S—-10N, 20-70 days
filtered) for 850 hPa zonal wind (U850), 200 hPa vorticity potential
(VP200), precipitation (PREC), and the mean of all variables during
the extended winter (Dec 2017-Apr 2018) from ERAIF (filled bar)
and NWPIF (patterned bar) experiments

850 hPa anomalies are averaged over 10°S-10°N and is dis-
played as a function of longitude and forecast lead (Fig. 6).
Both experiments on 1-2 lead weeks are shown a relatively
well-organized eastward propagation with low-level easterly
winds preceding convection. The predicted low-level wind
anomaly for 1-2 weeks lead shows eastward propagation
to the eastern Pacific over day 20, which is exhibited in the
reanalysis. However, the results of the 3—4 weeks lead from
the two experiments predict quite differ from the observed
pattern. The NWPIF experiment shows that the eastward
propagation speed of the low-level wind anomaly is fast and
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ing the extended winter (Dec 2017-Apr 2018) (60-180E, 10S—10N,
20-70 days filtered)

even reverses the phase in the eastern Pacific at lag day 10.
Although the ERAIF experiment also shows that the anoma-
lies of low-level winds in the eastern Pacific break slightly
around lag day 10, it predicts a pattern that is more similar
to that observed in the NWPiF experiment.

The MJO propagation diagram of the upper vorticity
potential (VP200), low-level zonal wind (U850), precipita-
tion (PREC), and the mean of all variables from each experi-
ment is compared with the observations, and as shown in
Fig. 7, as the pattern correlation coefficients. For lead 1-2
weeks, the two experiments have similar correlation coef-
ficients with high values > 0.5 and > 0.9, for precipitation
and large-scale variables, respectively. At lead 3—4 weeks,
the propagation skills are lower than at lead 1-2 weeks. In
particular, the NWPiF experiment exhibits a lower correla-
tion coefficient than the ERAIF experiment. Interestingly,
while the precipitation skills of the two experiments are
similar, the ERAIF experiment shows a much higher corre-
lation coefficient than the NWPiF experiment for large-scale
circulation variables. In other words, it is noted that the dif-
ference in atmospheric initial condition can affect large-scale
circulation in lead 3—4 weeks, which can further improve
MJO prediction skills.

3.3 Subseasonal prediction skill over East Asia

It is clear that the initial data can affect equatorial vari-
ability prediction skills, but how does it affects the mid-
latitude? The East Asian summer monsoon (EASM) is a
representative phenomenon that has a significant influence
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Fig. 8 Spatial distributions of mean (shading) and variance (contour) fields for 850 hPa zonal wind (m/s) for 2018 JJA in a observation, b and d

ERAIF, and ¢ and e NWPiF experiments, respectively

on temperature and precipitation in the Korean Peninsula.
Changes in large-scale circulations in MJO and EASM
predictions in low-latitude regions can affect the subsea-
sonal prediction skill in mid-latitudes through telecon-
nection. Therefore, this study examines the results for
the forecast period JJA, 2018, to investigate the effects of
differences in initial conditions on EASM features over
mid-latitude regions.

Overall, the 850 hPa zonal wind plays an important role
in modulating the strength and direction of the EASM.
Figure 8 shows the spatial distributions of the averaged
anomalies and variance fields for 850 hPa zonal winds
in the observations and two experiments. The observed
zonal wind distribution shows a positive anomaly from
the Indian Ocean to the Maritime Continent and a nega-
tive anomaly in the Northwest Pacific. Furthermore, it
also shows the strongest variance between the Indian
Ocean and the Northwest Pacific. In both experiments,
the results of lead for 1-2 weeks generally simulate the
characteristics of the observations well, with some biases.
For the ERAIF experiment, the simulated variance is simi-
lar to the observed pattern, while the mean field weakly
simulates a positive anomaly in the Indian Ocean region.
Weak negative anomalies are noticeable in the western
Pacific. For the NWPiF experiment, the negative anomaly
in the Indian Ocean becomes weaker and the negative
anomaly in the western Pacific becomes stronger com-
pared with the ERAIF experiment. The results of lead
3-4 weeks, the ERAIF experiment appears closer to the
observation than the NWPiF experiment. In particular, the

NWPIF experiment shows that the wind field significantly
decreased in most areas from the Indian Ocean to the west-
ern Pacific.

When the 850 hPa zonal wind is weak, it can strengthen
the EASM by allowing more moisture to be transported to
the region. Weak zonal winds can lead to a more meridional
monsoon flow, which can enhance the transport of moisture
from the tropics to the mid-latitudes. Figure 9a shows the
difference in the distribution of 850 hPa wind fields between
the ERAIF and NWPiF experiments. Compared with the
NWPiF experiment, the ERAIF experiment shows strong
easterly winds at low—latitudes, which leads to enhanced
southerly winds at mid-latitudes. The ERAiF experiment
strengthens the updraft in the western Pacific and weakens
the downdraft at mid-latitudes owing to secondary circula-
tion (Fig. 9b). As a result, the specific humidity near the
surface in the mid-latitudes increased in the ERAIF experi-
ment compared to that in the NWPiF experiment.

Figure 10 shows the spatial distribution of the precipita-
tion biases in the NWPiF experiment and the differences
between the two experiments. GPCP observations show that
the summer precipitation pattern peaks over the intertropical
convergence zone in the Pacific and regions from the west-
ern Pacific to the South China Sea, which is representative
of EASM patterns (not shown here). The NWPiF experi-
ments generally well captures the observed wet regions.
However there are dry biases from the Maritime Continent
to the western Pacific, including the South China Sea. The
ERAIF experiment effectively reduces biases by increasing
precipitation in the western Pacific. In addition, precipitation
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Fig. 10 Difference distribution of surface precipitation (mm/day) for 2018 JJA at lead weeks 3—4 between a NWPiF and ERAS and, b ERAIF

and NWPiF

in the Indian Ocean and equatorial Pacific is similar to that
observed in the ERAIF experiment.

Finally, it is examined how the featured biases in the fore-
cast affect the prediction skills by the initial condition. The
NWPiF experiment shows prominent warm biases for JJA
over globe, as shown in Fig. 1b (not shown here). Notably,
the temperature biases exhibits the same pattern as the posi-
tive signs in both summer and winter. Clearly, warm biases
are characteristic of systematic errors in GloSea5. Compared
with the NWPiF experiment, the ERAIF experiment simu-
lates lower surface temperatures in East Asia and parts of
America (Fig. 11a). To examine the degree of improvement
caused by the initial conditions, the rate of change of the
root mean square error (RMSE) of the two experiments is
plotted in Fig. 11b. It is clear that the RMSE decrease in
most regions owing to changes in the initial conditions using
reanalysis data. In particular, there are remarkable improve-
ments in areas such as East Asia, where warm biases have
decreased.

Figure 12 shows the anomaly correlation coefficient of
surface temperature and 500 hPa geopotential height from
two experiments over globe and East Asia according to lead
weeks 1-8. In both experiments, prediction skills gradually
decrease according to the lead week. Although the prediction
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performance of the two experiments has not much differ-
ence, it is clear that a more accurate initial condition leads
to a higher correlation coefficient even with a subseasonal
time period such as 3—4 lead weeks.

4 Concluding remarks

The effects of the initial condition errors on the subseasonal
prediction is investigated using the KMA GloSea5. Glo-
Sea5 generally represents the observed temperature patterns
well; however, cold biases are distinct over continents in
the Northern Hemisphere, including the East Asia region in
the hindcast results. However, the forecast results simulate
anomalously high temperatures in most regions, except for
parts of the polar and Australian regions. Among the reasons
for such conflicting biases between hindcasts and forecasts,
the biggest possible reason may be excessive cold biases of
the hindcast. In this study, the method of bias correction is
not considered, and the effects of the different prescriptions
of the initial data of the hindcast and forecast is investigated.

Two experiments are designed: NWPiF and ERAIF. The
ERAIF experiment uses the analysis data of the UM GDAPS
as the initial atmospheric conditions, which has the same
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settings as an operational real-time forecast. The ERAiF
experiment uses ERA-interim reanalysis data as the initial
atmospheric conditions, same as the hindcast setup. This
experiment is only an initial condition that is different from
NWPiF. A comparison of these two experiments reveals the
effect of the initial atmospheric conditions on the subsea-
sonal prediction. In addition, the effects of different initial
condition prescriptions of hindcasts and forecasts are inves-
tigated on a subseasonal time scale.

MJO prediction, such as bivariate correlation coefficients,
is clearly improved by the initial atmospheric conditions.
The NWPiF experiment on 3—4 lead weeks shows that the
eastward propagation speed of the low-level wind anomaly
is rapid and even reverses its phase in the eastern Pacific.
However, the ERAIF experiment predicts a pattern similar
to that observed in the NWPiF experiment. The improved
initial atmospheric conditions leads to changes in the pre-
diction skills of variables related to seasonal climate vari-
ability in the mid-latitude regions. The variance fields for
850 hPa zonal winds from the ERAIF experiment show sig-
nificantly improvment in most areas from the Indian Ocean
to the western Pacific compared with those from the NWPiF
experiment. In addition, the ERAiF experiment effectively
reduces biases by increasing precipitation in the western
Pacific compared with the NWPiF experiment. In addition,
the biases of the surface temperature decreased in most
regions owing to the changes in the initial conditions using
reanalysis data. In particular, there are remarkable improve-
ments in warm biases such as in East Asia. In other words,
the increased initial errors in the real-time forecast compared
to the hindcast causes more biases in the surface temperature
and atmospheric circulation fields at subseasonal time scale.

It is well known that initial condition can greatly affect
the weather forecasting skill. Recently, initial condition stud-
ies for seamless climate prediction systems including their
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Fig. 12 Anomaly correlation coefficient of a surface temperature and b 500 hPa geopotential height from ERAIF (blue) and NWPiF (purple)

experiments over globe (shaded bar) and East Asia (dashed bar)
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sources of predictability from seasonal to subseasonal scales,
have been growing in number. However, many operational
institutions still suffer from uncertainty in real-time forecasts
even though hindcasts have good prediction skills. Among
the reasons for such conflicting biases between hindcasts and
forecasts is the prescription of different atmospheric initial
conditions due to time limitations for real-time prediction. In
this study, it is revealed that the inconsistency of the initial
conditions for hindcast and real-time forecasts leads to sub-
seasonal prediction skills; in particular, tropical oscillations
and mid-latitude dynamics could be affected by low-level
wind fields. In conclusion, to improve the performance of
real-time forecasts, it is necessary to use a more accurate
initial condition such as reanalysis data used for hindcast or
to prescribe an appropriate climatology to reduce the error
produced from inconsistency.
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