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Abstract: Extreme weather events caused by climate change affect the growth of crops, requiring
reliable weather forecasts. In order to provide day-to-season seamless forecasting data for the
agricultural sector, improving the forecasting performance of the S2S period is necessary. A number
of studies have been conducted to improve prediction performance based on the bias correction
of systematic errors in GCM or by producing high-resolution data via dynamic detailing. In this
study, a daily simple mean bias correction technique is applied on CFSv2 (∼100 km) data. We then
use case studies to evaluate how beneficial the precision of the high-resolution RCM simulation is
in improving S2S prediction performance using the bias-corrected lateral boundary. Based on our
examination of 45-day sequences of WRF simulations with 27–9–3 km resolution, it can be concluded
that a higher resolution is correlated with better prediction in the case of the extreme heatwave
in Korea in 2018. However, the effect of bias correction in improving predictive performances is
not significant, suggesting that further studies on more cases are necessary to obtain more solid
conclusions in the future.

Keywords: S2S; climate model downscaling; bias correction; high resolution; heatwaves

1. Introduction

Over the last decades, extreme weather events such as heatwaves and droughts that
impact the growth of crops have increased, and are expected to continue to increase [1–3].
In this respect, weather and climate forecast information is important for the agricultural
sector to inform agricultural practices, planning, and projects, ensure reliable crop yields,
and aid in managing the stability of the food crop market [3–5]. A sub-seasonal to seasonal
(S2S) forecast range (more than 2 weeks and less than a season) is particularly useful for
end users in the agricultural application sector, and is useful for managing water resources,
energy, unexpected disasters, etc., in order to respond quickly to weather-related hazards;
thus, the demand for seamless forecasts is continually growing [6,7]. Kim et al. [8] have
verified that machine learning algorithms for storage rate forecasting using 30 years of
weather station data are sufficiently applicable, and the management of water is possible
with highly reliable meteorological data.

At the S2S time range, however, the prediction skill decreases because of the effect of
the initial atmospheric conditions being progressively reduced; moreover, the influence
of the ocean’s state does not strongly feed into the forecasted field [9–11]. Improving this
sub-seasonal to seasonal prediction skill has been a challenging mission. To overcome the
difficulty of S2S prediction, global and national research projects have been conducted
involving efforts to improve forecasting on the S2S time scale. The WMO (World Me-
teorological Organization) has developed a database containing available S2S forecasts
produced by operational centers, helping the research community to better understand and
advance S2S forecasting [6]. The NCEP (National Centers for Environmental Prediction)
has developed a climate forecasting system (CFS), the first quasi-global and fully coupled
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atmosphere–ocean–land model for seasonal prediction [12]. It provides open-access fore-
casting data with various time scales for the public. The second version of CFS (CFSv2) has
significantly enhanced many aspects of predictability compared to the earlier version [13].
The CFSv2 has great potential to produce skillful temperature or precipitation forecasts at
the sub-seasonal time range, because its forecasts are influenced jointly by the conditions of
the atmosphere, land, and ocean [14]. Tian et al. (2016) [14] evaluated CFSv2 probabilistic
sub-seasonal forecasts of the temperature and precipitation indices over the contiguous
United States (CONUS). The indices of both temperature and precipitation extremes for
7-, 14-, and 30-day forecasts were skillful depending on seasons and regions; in particular,
the forecasts for the 7- and 14-day temperature indices even showed skill at weeks 3 and 4.
Despite development and efforts to improve S2S predictions, there is a limitation of GCMs
when applying these models’ results to agriculture. Global circulation models (GCMs)
have spatial resolutions that are too coarse; for example, CFSv2 has grid resolutions of
nearly 100 km for driving dynamical crop model simulations at local scales, where agricul-
ture practices are mostly managed [4,15,16]. Dynamic downscaling with regional climate
models (RCMs), which are forced by initial and lateral boundary conditions from GCMs,
can transfer global predictions from the GCMs to regional scales [17,18]. Several studies
have shown that RCMs can improve regional climate variability and extreme episodes
compared to GCMs. Hari Prasad et al. (2021) [17] conducted dynamical downscaling of
CFSv2 hindcasts using WRF up to 38 km resolution. In their results, dry biases over Indian
land regions were reduced to 16% after downscaling, compared to 44% in CFSv2-T126.
Regarding temperature, Hari Prasad et al. (2014) [19] evaluated extreme temperature
weather events, such as heat and cold waves, using a 25 km resolution WRF model with
NCEP 2.5 degree analysis for the initial and boundary conditions. The regional climate
simulations showed the occurrence of about 80% of the total heatwaves in the 1970–2010
period for Europe; however, the results were relatively poor over complex topographical
areas. Im et al. (2021) [4] demonstrated that the dynamic downscaling of CFSv2 operational
forecasts using the WRF model leads to significant improvements in extreme heatwave
years. They evaluated the performance of CFSv2 and WRF-nested simulations for monthly
temperatures during a 10-year summer season compared with in situ observational data,
and concluded that dynamic downscaling with RCM resolved the regional variability
with topography better and reduced cold biases over the Korean Peninsula, which is a
characteristic of CFSv2. Even though WRF cannot capture extremely hot summers, such
as the summer of 2018, because of the limitations of drawing the initial and boundary
condition from the global model, in their study, the downscaled results show reasonable
performance in terms of agro-meteorological indices.

Similar to the the cold bias over the Korean Peninsula in the CFSv2 model, GCMs
have systematic biases that affect RCM results [5,20]. In other words, in addition to the
initial conditions and lower boundaries, RCMs are dependent on the provision of realistic
simulations of the GCMs transferred via the lateral boundary conditions [21]. Bruyère
et al. (2014) [20] suggested that the application of bias correction to GCM’s boundary
conditions for RCM may suit many regional climate applications. They conducted six
sensitivity experiments with different bias correction components (zonal and meridional
wind, geopotential height, temperature, relative humidity, sea surface temperature, and
mean sea level pressure) and used these to correct the mean error in the GCM for regional
climate simulations. The non-bias correction experiment resulted in substantial regional
cooling compared to the 20-year mean daily maximum 2 m temperature observation. The
experiment with all boundary condition corrections provided the greatest improvement in
relation to the maximum temperature, tropical cyclones, and precipitation. Rocheta et al.
(2017) [21] compared three approaches for correcting the lateral boundary biases, including
the mean, variance, and modification of the sample’s moments through the use of a nested
bias correction method. Their study involved the method of modifying the mean field,
which is more simple than other methods. The results showed the most improvement with
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respect to the low-frequency variability attributes of simulated precipitation, demonstrating
that more complicated techniques do not necessarily lead to more skillful simulations.

The purpose of the present study is to examine whether the forecasting performance of
the S2S period can be improved when both dynamical downscaling and bias correction are
conducted with respect to CFSv2. We apply the simple mean bias method relative to CFSv2
operational data and design a case study using this application as the boundary condition
for the WRF model. The WRF simulations were run twice, both with and without bias-
corrected boundary conditions for two cases in heatwave episodes over South Korea, using
one-way downscaling from 27 km to 3 km. To evaluate the performance, the root mean
squared error and correlation coefficient were used for the daily temperature. Moreover, the
agro-meteorological indexes related to heat stress were calculated from WRF simulations
and evaluated, as the study aims to provide S2S forecasting data for the agriculture sector.

2. Materials and Methods
2.1. Data

The second version of CFS (CFSv2) significantly enhanced many predictability aspects
compared to the earlier version. CFSv2 runs four times in a day of simulations for at
least 45 days and up to 9 months; therefore, sub-seasonal to seasonal forecast data can
be used for the agricultural sector as the operational purpose. Due to the coarse grid
resolution of CFSv2 operation forecasts, dynamic downscaling over the regions of interest
should be considered before applying the data to agricultural application tools. The CFSv2
initial conditions are made in real-time; thus, it is possible to use them for sub-seasonal
forecasting [13]. Here, we focus on the S2S daily forecasting service for the agricultural
sector; therefore, we use the CFSv2 45-day operational forecast data in this study. The
atmospheric model of CFSv2 has a horizontal resolution of nearly 100 km and 64 sigma-
pressure vertical levels. There are two different sets of CFSv2 hindcasts and climatology.
The 9-month hindcasts have the initial conditions of the 00Z, 06Z, 12Z, and 18Z cycles every
5 days during 1982–2010. The first season and 45-day hindcasts have initial conditions
from every cycle of every day over the 12-year period from 1999 to 2010. NCEP provides
smoothed calibration climatologies in time series for both full periods (1982–2010) and
the 12-year period (1999–2010). However, the climatologies for the forecasted daily mean
from every 6 hour cycle in a calendar day (including 29 February) are available up to the
seasonal/45-day time scale. Because the forecast temporal range that is finally used is
stated in days, daily climatologies over a 12-year period have been adopted to conduct bias
correction in this study.

The ECMWF (European Centre for Medium-Range Weather Forecasts) ERA5 reanaly-
sis for the same 12-year period (1999–2010) has been used to correct biases. It has a regular
latitude–longitude grid of 0.25 degrees for atmospheric variables. For the verification of
bias-corrected regional climate model results, the observations for 94 stations from the
KMA (Korea Meteorological Administration) are used.

2.2. Method of Bias Correction

In this study, the word ‘bias’ refers to the systematic errors of the GCM model as
described in Bruyère (2014) [20]. Figure 1 shows the 45-day mean temperature difference
between the CFSv2 12-year period climatology and the ERA5 reanalysis climatology for
the same period over the Korean Peninsula. In the study area, the CFSv2 model tends
to simulate lower temperatures compared to observations regardless of the initial date,
with the exception of winter. In particular, in the interior of the Korean Peninsula there are
negative values that appear in the summer season. In the winter, a positive temperature
bias appears in parts of the northern region and in the southern and eastern regions of the
Korean Peninsula. Because the center of the biased region is in the highlands, it can be said
that the CFSv2 model tends to simulate warmer temperatures with respect to the highlands
than the actual temperatures observed in winter. The resolution of CFSv2 is lower than that
of ERA5, meaning that it does not reflect the terrain properly, and differences may occur. In
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order to remove this bias, a simple mean bias correction method was modified to reflect
the time series and applied to the operational data. The simple mean bias correction [22] is
described by the following equation:

x f
i,corr = x f

i,raw − B̂ias(µp) = x f
i,raw − (xp

i − yp
i ) (1)

In Equation (1), x f
i,raw denotes the simulated future time series, xp

i denotes the mean
of the uncorrected model over the chosen present period (1999–2010), and yp

i denotes the
corresponding real mean, where i denotes the calendar date. The bias of the present period
is calculated using CFSv2 hindcast and ERA5 reanalysis, as shown in Figure 1, and the
CFSv2 operational products are used as future simulations. Then, x f

i,corr can be defined as
the bias-corrected future time series.

Figure 1. Twelve -year (1999–2010) mean bias (CFSv2–ERA5) during 14~45 days for 2 m temperature,
where the initial time is the first day of each month.

2.3. Experimental Design

In this study, the Weather Research and Forecasting (WRF) model version 4.4 was
adopted to produce high-resolution simulations over South Korea using CFSv2 data. The
model was run in one-way nesting mode with three domains. The mother domain had
a 27 km spatial resolution (D1), and the nested domains were 9 km (D2) and 3 km (D3),
reducing it by a factor of 3. Figure 2 shows the domain configuration for the simulation; all
simulations had a 50 hPa model top and 45 vertical levels. The center of the mother domain
was at 36.5◦ N, 127.5◦ E, covering northeastern Asia with 150 × 130 grid points. The second
domain (D2) consisted of 220 × 214 grid points, the center latitude was 36.49955◦ N, and
the center longitude was 127.191◦ E. The inner domain with 3 km resolution was nested for
the focus over South Korea with 271 × 271 grid points. The center of the inner domain was
at 35.46627◦ N, 127.6521◦ E.
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For the physical configuration, we decided to refer to the sensitivity test from Qui
et al. (2020) [23], which consists of the following parametrization schemes: the WSM3
microphysics scheme [24], the RRTMG longwave and shortwave radiation scheme [25],
the revised MM5 surface layer scheme [26], the Noah land surface model scheme [27], the
Yonsei University planetary boundary layer scheme [28], and the Kain–Fritsch cumulus
convection parameterization scheme [29]. The convection parameterization scheme was
conducted for 27 km and 9 km simulations and switched off for the 3 km simulations.

Figure 2. Topography used for the Domain 1 simulation with 27 km resolution (left) and nested
Domain 3 simulation with 3 km resolution (right). The inner solid boxes in Domain 1 mark the nested
Domains 2 and 3.

There are 16 operational datasets in a day that can produce an ensemble forecast;
however, as this study is the first to evaluate the dynamic downscaling of the daily bias-
corrected CFSv2, only one member of the operational forecast was adopted. To examine
the applicability of bias-corrected CFSv2 data during the S2S period, an extreme heat
wave case that caused significant damage to crops, human life, etc., in Korea was selected.
In the summer of 2018, extreme heatwave events occurred in South Korea, causing an
estimated 44,060 cases of heat-related illness and 929 excess mortality cases [30]. Figure 3
shows the monthly average temperature anomaly in July and August 2018 against the
climatology from 1981 to 2010 at the 72 observation stations. At all stations, the monthly
temperature anomalies showed positive values, especially in the inland area with a value
of 3 ◦C or higher. According to the national average daily maximum temperature data
from June to August 2018, it exceeded 33 ◦C, which is the heatwave warning standard. The
heatwave started on July 14 and lasted until August 9. Based on the maximum temperature,
the initial and boundary conditions comprised the case where the heatwave gradually
strengthened during the S2S forecast period (CASE 1) and the case where the heatwave
gradually weakened (CASE 2). Simulations were conducted for the two cases. The first
was carried out from 1800 UTC, 15 June, to 1200 UTC, 29 July (CASE 1). For the second
case, the simulation was carried out from 1800 UTC, 17 July, to 1200 UTC, 30 August (CASE
2). Each case was simulated twice with the same physical configurations and was either
fed by bias-corrected boundary conditions (BC) or not (NOBC). The initial and boundary
conditions were obtained from CFSv2 operational forecasts. Equation (1) was applied to
the 6-hourly 2 m temperature of CFSv2 S2S data to generate lateral boundary conditions
for the WRF model. The bias-corrected 2 m temperatures at 00, 06, 12, and 18Z are shown
in Figure 4. The 45-day mean field relative to 2 m temperature, initialized on 15 June,
increased over the Korean peninsula and Southeast China. The bias-corrected temperature
on the initial date of 17 July, not shown here, increased as well. The simulations were run
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with 6-hourly SST updates from the CFSv2’s data. The earliest 72 h had to be excluded as a
model spin-up time, and we analyzed the remaining days.

Figure 3. The monthly temperature anomaly in July and August 2018 against the climatology from
1981 to 2010. Each circle over the map indicates the KMA observation stations (ASOS); the color
means the difference between monthly temperature and climatology.

Figure 4. Mean 2 m temperature(NOBC, left) and bias-corrected temperature(right) at 0000, 0006,
0012, and 0018 Z of the CFSv2 initialized during 1800 UTC, 15 June (CASE 1).
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3. Results
3.1. Analysis of Simulation Results
3.1.1. Weekly Mean of 2 m Temperature

Figures 5 and 6 show the weekly mean of the 2 m temperature of the ERA5 reanalysis,
CFSv2 operational forecast, and the downscaled forecast without bias corrections using
the WRF model at 27 km resolution for each case. CFSv2 simulated temperatures lower
than the reanalysis during the heatwave period over South Korea. WRF forecasts, which
are downscaled dynamically from CFSv2 data, showed a higher temperature than CFSv2
overall, although it did not capture the actual temperature. The WRF forecast showed more
realistic temperature patterns on land because high-resolution topographies were reflected.
According to the reanalysis data, the temperature at the mountainous terrain in the central
and southern regions of the Korean Peninsula, where Mt. Jiri and Mt. Deogyou are located,
is relatively low. CFSv2 could not capture this pattern, whereas the WRF simulation
shows a high-temperature pattern appearing in the east–west direction centering upon
low temperatures in the mountainous terrain. In both cases, the WRF model simulated
higher temperatures near Seoul and lower temperatures over the sea and on Jeju Island
compared to the reanalysis and CFSv2. It seems to be a characteristic of the WRF model
that appears consistently in this study, although it is necessary to perform more cases and
physical process experiments to confirm this.

In the first case, which was initialized at 1800 UTC on 15 June, the average 2 m
temperature gradually increased from Week 1 to the highest value at Week 6 in ERA5;
however, the CFSv2 model showed a decreasing temperature trend after four weeks. The
WRF simulation using CFSv2 data as the initial and boundary fields showed that the
temperature for 5–6 weeks was 25 degrees or less.

3.1.2. Synoptic Analysis

The mechanisms of heatwave events over Korea are related to the higher pressures
observed at the upper levels. When the Tibetan High (TH) and North Pacific High (NPH)
expand to the upper level of the Korean Peninsula and form a large high-pressure belt,
a solid high-pressure belt forms from the lower layer to 100 hPa, leading to an effect in
which heat cannot escape. In the case of the 2018 heatwave, the TH and NPH caused
downdrafts over all of South Korea, and heat generated by strong solar radiation and warm
advection could not be released to the outside environment due to substantial blocking
effects, resulting in severe high temperatures [31]. In CASE 1, TH did not appear near
the Korean Peninsula in either WRF simulation (NOBC or BC) from week 1 to 6, which
was affected by CFSv2 (not shown); in contrast, the 2 m temperature increased every
week (Figure 5) as TH and NPH gradually approached South Korea in the reanalysis data.
Because the upper and lower air pressure patterns of the NOBC and BC experiment were
very similar, the NOBC experiment is analyzed here. Figure 7 shows the weekly mean
geo-potential height at 100 hPa and 500 hPa in CASE 2. The TH stretches eastward, and
the center of the NPH is located above the Korean Peninsula (Figure 7a,d,g). The CFSv2
and WRF simulations showed a similar distribution in the first week due to the influence
of the initial field. From the second week, the TH and NPH rapidly weakened in CFSv2
(Figure 7b,e,h). On the other hand, the WRF simulation maintained a relatively strong
expansion to the east of the TH, and the NPH was widely distributed in the east–west
direction, unlike ERA5 (Figure 7c,f,i). Figure 8 shows the weekly mean of wind (vector) and
geo-potential height (contour) at 850hPa. During the heatwave, the anti-cyclonic circulation
clearly appears in the lower atmosphere where the TH and NPH overlap (Figure 8a,d,g),
and high temperatures of 33◦C or more are found in the center of the circulation (Figure 6).
However, in the case of the CFSv2 (Figure 8b,e,h) and WRF simulations (Figure 8c,f,i),
the anti-cyclonic circulation in the lower level does not appear, and the incoming hot and
humid air is able to escape.
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Figure 5. The weekly mean of the 2 m temperature in the ERA5 reanalysis and the CFSv2 and WRF
forecasts initialized at 1800 UTC on 15 June. The solid box indicates the central and southern region in
Korean Peninsula. The dotted box near 37 N represents Seoul, and the other box represents Jeju Island.
From the top to the bottom of the figure (Week 1 to Week 6), the leftmost area represents the reanalysis
data, the middle of the row represents CFSv2, and the rightmost area represents the WRF 27 km data.
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Figure 6. Same as Figure 5, except that CFSv2 and WRF were initialized at 1800 UTC on 17 July.
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Figure 7. Spatial patterns of the mean geo-potential hieght (m) at 100 hPa (blue contour) and 500 hPa
(red contour) during Weeks 1–3 in CASE 2. The blue bold line represents the Tibet High and the red
line represents the North Pacific High.

Figure 8. Spatial patterns of the mean geo-potential height (shaded contour, m) and wind vector
(vector, m/s) at 850 hPa during Weeks 1–3 in CASE 2.
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3.2. Evaluation of Daily Temperature Forecast

To evaluate the effect of dynamic downscaling and bias correction quantitatively, we
used the root mean squared error (RMSE), correlation coefficient (CC), and normalized
RMSE (NRMSE) for the daily average and maximum and minimum temperatures during
the analysis period. The RMSE and correlation coefficient at 94 observation stations over
South Korea were calculated using Equations (2) and (3). In these equations, Mi represents
the model’s forecast temperature at forecasting day i, Oi represents the observation value
at the same time, and M and O represent the mean value of forecasts and observations for
all periods, respectively, which in this case is 42 days:

RMSE =

√
1
n

n

∑
i=1

(Mi − Oi)2 (2)

CC =
∑n

i=1[(Oi − O)(Mi − M)]√
∑n

i=1(Oi − O)2
√

∑n
i=1(Mi − M)2

)) (3)

NRMSE =
RMSE

O
(4)

Tables 1, 2 and 3 show the averaged RMSE, normalized RMSE and CC for 94 stations,
respectively. For both performance measures, the WRF simulations with bias-corrected
boundary conditions did not improve very much. The higher the spatial resolution achieved
by dynamic downscaling, the lower the RMSE. The RMSEs of the daily temperatures with
3 km resolution (D3) were lower at 1.361 ◦C according to the 27 km resolution (D1). The
bar graphs in Figure 9 show the RMSE difference between D3 and D1 and the RMSE
difference between the BC and NOBC experiments in the 3 km domain. The model’s
performance improvement with downscaling is clear, although the difference in values is
not dramatically large; furthermore, the prediction of extreme values such as the maximum
temperature improves as the resolution increases. However, the correlation coefficient
according to each experiment to which downscaling and bias correction were applied
is inconsistent. In other words, the daily temperature change during the S2S period is
not significantly improved by the model’s resolution or bias correction, and it can be
understood that it was not able to escape the influence of the CFSv2 data used as the input.

Table 1. Averaged RMSE (◦C) for 94 stations.

CASE # Variables NOBC (27 km) NOBC (9 km) NOBC (3 km) BC (27 km) BC (9 km) BC (3 km)

CASE 1
Tavg 4.926 4.392 4.030 4.949 4.398 4.034
Tmax 6.595 6.002 5.506 6.474 5.911 5.416
Tmin 4.075 3.659 3.481 4.243 3.769 3.558

CASE 2
Tavg 3.858 3.073 2.618 4.051 3.276 2.792
Tmax 5.348 4.562 3.987 5.465 4.734 4.141
Tmin 3.629 2.908 2.609 3.927 3.138 2.798

Table 2. Averaged normalized RMSE (◦C) for 94 stations.

CASE # Variables NOBC (27 km) NOBC (9 km) NOBC (3 km) BC (27 km) BC (9 km) BC (3 km)

CASE 1
Tavg 0.217 0.198 0.182 0.213 0.195 0.179
Tmax 0.193 0.172 0.158 0.194 0.173 0.158
Tmin 0.189 0.170 0.162 0.197 0.175 0.166

CASE 2
Tavg 0.164 0.140 0.123 0.167 0.145 0.127
Tmax 0.140 0.112 0.095 0.147 0.119 0.102
Tmin 0.155 0.125 0.112 0.167 0.135 0.120
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Table 3. Averaged correlation coefficient for 94 stations.

CASE # Variables NOBC (27 km) NOBC (9 km) NOBC (3 km) BC (27 km) BC (9 km) BC (3 km)

CASE 1
Tavg 0.196 0.162 0.164 0.124 0.147 0.145
Tmax 0.046 0.058 0.092 0.058 0.100 0.105
Tmin 0.367 0.303 0.294 0.253 0.244 0.249

CASE 2
Tavg 0.521 0.581 0.574 0.518 0.549 0.559
Tmax 0.437 0.491 0.472 0.432 0.450 0.451
Tmin 0.371 0.440 0.444 0.401 0.448 0.459

Figure 9. The difference in RMSEs between Domain 1 (27 km, D1) and Domain 3 (3 km, D3) and
between the NOBC and BC experiments at D3.

Regarding RMSE, the improvement in bias correction does not appear in the averaged
measures; however, there are certain stations of improvement in the spatial distribution
for each point. The distribution of RMSE for Tavg, Tmax, and Tmin shows that the bias-
corrected results further improve at the same resolution in the southern and western areas
over the Korean Peninsula (Figures 10 and 11). The simulated Tmin is better than Tmax (as
indicated by the RMSE). In CASE 2, the distribution of red dots in Figure 11a–d increases
overall, meaning that the RMSE is below 3 ◦C. For the maximum temperature, as shown in
e–h, the measures from 6 to 8 ◦C at the 27 km resolution decrease, ranging between 3 and 6
◦C in the BC experiment with 3 km resolution.

3.3. Evaluation of Agro-Meteorological Indexes

Because of on the purpose of this study to provide S2S forecasts for agriculture, the
agro-meteorological indexes produced related to the mean and maximum temperature
were evaluated. We calculated the accumulated heat stress index as the threshold 24◦C of
the mean temperature [32] according to the equation introduced in Im et al. (2021) [4].

AccumulatedHeatStress =
n

∑
i=1

(Tmeani − 24), i f Tmeani > 24◦C (5)

In Figure 12, the averages of the accumulated heat stress index for 94 stations derived
from observations and NOBC and BC simulations are shown in the bar graph. Although
the analysis period for calculating the index is different, as in a previous study [4], the
index calculated by the WRF’s simulation was found to be less than half of the actual level
in extreme heatwave cases, such as the case in 2018. Similar to the underestimation of the
average 2 m temperature in Figures 5 and 6, the heat stress index showed a lower value
than the actual one.

In CASE 1, which had poor RMSE and correlation coefficient evaluation results, the
heat index of the WRF simulation at 27 km resolution was only 6% of the actual level. In
that case, the heat index increased to about 28% after downscaling. For the same reason, in
CASE 2, dynamical downscaling had an important role in terms of improving the index.
With respect to the increasing RMSE in CASE 2, the accumulated heat stress index was
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worse in the BC simulation than NOBC. The heat stress index of simulation BC with a 3 km
resolution was 63% of the actual level, and the NOBC simulation rose slightly to 68%.

For the maximum temperature, we calculated the number of days when the maximum
temperature exceeded 30 ◦C. This is the plant heat stress (PHS) index introduced in Piticar
(2019) [33]; we adopted a threshold of 30 ◦C in this study based on Im et al. (2021) [4]. The
number of days when the daily maximum temperature exceded 30 ◦C at 94 stations in both
cases is shown in Figures 13 and 14. As we expected based on previous results, the number
of days derived from the WRF simulations was lower than observations, especially because
the simulations for CASE 1 could not capture the maximum temperatures. However, the
number of days with respect to BC simulations increased at the inland stations. Even
though it was lower than the observations, it was possible to confirm the improvement
by the bias correction. In CASE 2, NOBC simulations could not capture the maximum
temperatures along the sea shores well, although the domain 3 with 3 km resolution showed
better estimations for the plant heat stress index. The difference in the number of days
between the BC and NOBC simulations in CASE 2 was generally minimal. At a few stations,
the BC simulations showed better estimations for the plant heat stress; however, there were
no significant patterns among the resolutions.

Figure 10. The spatial distribution of the RMSE of the WRF simulation, initialized at 1800 UTC
on 15 June (CASE 1), at 94 stations over South Korea. (a–d): RMSE for daily average temperature;
(e–h): RMSE for maximum temperature; (i–l): RMSE for minimum temperature. ‘BC’ and ‘NOBC’
denote the WRF simulation using bias-corrected boundary conditions and non-biased conditions,
respectively.
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Figure 11. Same as Figure 10, except with WRF initialized at 1800 UTC on 17 July (CASE 2).

Figure 12. The accumulated heat index averaged for 94 stations derived from observations and the
two sets of NOBC and BC simulations.
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Figure 13. Thenumber of days with Tmax exceeding 30 ◦C for the 94 stations, derived from obser-
vations and WRF simulation in CASE 1. Below, the three figures show the difference in the index
between BC and NOBC.
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Figure 14. Same as Figure 11, except for CASE 2.

4. Discussion and Conclusions

The starting point of this study was to find out how to improve the performance of S2S
predictions for agricultural communities. The simple mean bias correction method [22] was
selected at 6-hour intervals for a temperature of 2 m using CFSv2 operational data, which
are updated daily. In order to evaluate the reliability of this method, WRF simulations of a
sequence of downscaling with 27–9–3 km resolution were conducted in cases both with and
without bias correction applied to the boundary fields for the extreme heatwave episode
on the Korean Peninsula in 2018.

Then, the effect of downscaling and bias correction was evaluated in terms of the
RMSE, correlation coefficient, and agro-meteorological indexes. The CFSv2 model has
a tendency to underestimate summer temperatures in the Korean Peninsula, and this
tendency improved after dynamic downscaling using the WRF model. Considering the
extreme case, which causes difficulty in predictions [4], bias correction improves the model’s
simulation, though not significantly, as only the 2 m temperature variable was corrected in
this study. Heat waves are related to upper anti-cyclones; however, the experiments in this
study did not consider the correction of variables such as the geo-potential height, and thus
the upper barometer and lower circulation at the time of heat waves could not be simulated
well. Because the bias correction technique was not carried out for the other variables, such
as zonal and meridional winds, geo-potential height, and humidity, there were imbalances
between the boundary conditions, leading to the BC experiments not showing better results



Atmosphere 2022, 13, 2086 17 of 19

than the NOBC ones. Furthermore, the results were not consistent, as shown in CASE 1
and CASE 2. In CASE 1, the RMSE decreased and the AHS (accumulated heat stress) and
PHS (plant heat stress) improved slightly in BC simulations for all resolutions, while the
bias correction simulations in CASE 2 did not improve. Twelve-year hindcast data were
used to correct the model’s systematic bias on a daily scale; however, longer hindcast data
are needed in order to mitigate the effects of short-term variations [20].

Robust positive results were obtained for model performance with downscaling using
WRF in both cases. For example, the accumulated heat stress index with 3 km resolution
showed better results with a 27 km resolution, and the plant heat stress showed similar
results with high resolutions in comparison with observations. As for the correlation
coefficient of the daily temperature data, however, neither changing the resolution nor bias
correction was effective in improving heatwave prediction, where the model seems to be
more affected by the CFSv2 input data.

Likewise, the influence of the input data proved very important in the results of
agro-meteorological indices, and the performance improved somewhat when resolving the
influence via dynamic downscaling using WRF. Even though RCM with downscaling was
not possible for representing the observed heatwaves due to the limits of the input data, the
spatial distribution of the temperature improved because of the ability to capture complex
topography features. Moreover, the downscaling results are more valuable because the
CFSv2 model underestimates the temperature over the Korean peninsula, considering
the fact that the simulated daily maximum temperature never exceeded 30 ◦C during
the study period. Although there are several limits to discuss, this study demonstrates a
possible improvement in S2S predictions using the WRF model with bias correction method.
To ensure reliable performance for the WRF model, a future study should consider the
following points:

(1) The two-way nesting option (available in the WRF model) should be considered in
order to overcome the uncertainty propagating from the CFSV2 boundary condition.

(2) The bias correction technique should be applied to the other variables of the lateral
boundary condition (zonal and meridional winds, geo-potential height, and relative or
specific humidity).

(3) The 30-year climatology should be built using the WRF model driven by the CFSR
reanalysis dataset to calculate the normal values of Tmax and Tmin.

More accurate meteorological forecasts can contribute better results for applications in
agriculture, energy, disaster response, and more. Despite the difficulty of S2S forecasting,
it is necessary to continue with research to better support the decision-making process in
these sectors of application.
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