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ABSTRACT: An impact of global warming on the first-flowering date (FFD) of cherry, peach and pear in north-eastern Asia
are investigated using the Korean national scenario. For the study, we used the dynamically downscaled daily temperature
with 12.5 km horizontal resolution derived from five regional climate models (RCMs) under the same lateral forcing from
HadGEM2-AO on the basis of Historical (1981–2010) and four Representative Concentration Pathway (RCP) (2021–2100)
scenarios. According to our analysis of the Historical simulations, the five RCMs and phenological model have good capability
in simulating temperature and FFD with uncertainties of about 2.4–3.4 ∘ C and 8.4–13.9 days, respectively, while well
reflecting the topographical effect. On the basis of the highest emission scenario (RCP8.5), the temperature increments of
4.8 ∘ C induce an acceleration in blooming rate, thereby advancing the FFDs of cherry, peach and pear by the end of the 21st
century by about 14.5, 15.8 and 14.5 days, respectively, compared with the current reference simulation (Historical). We found
high availability of the Korean national scenarios with moderate reliability. We believe that the next generation of the Korean
national downscaling project considering diverse lateral forcing will offer better performance and more useful projections to
end users.
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1. Introduction
Climate scenarios can improve our understanding of the
human contributions to climate change and the impacts
of future climates (Moss et al., 2010). Feasible future
climate scenarios named the Representative Concentration Pathways (RCP) were released in 2009 for a
preparation of the Fifth Assessment Report (AR5) by the
Intergovernmental Panel on Climate Change (IPCC). The
World Climate Research Programme’s Working Group
on Coupled Modelling (WGCM) has organized the Coupled Model Intercomparison Project 5 (CMIP5), which
provides a framework for coordinated climate change
experimentation by adopting RCP scenarios (Taylor et al.,
2012). Owing to the efforts of a wide climate research
community attending in CMIP5, a lot of information can
be obtained in associated with future climate change on a
global scale under RCP scenarios.
Although CMIP5 data are very useful in long-term
climate projection, they are insufficient for investigating
a shift in local phenomena such as fine-scale daily temperature and phenology due to their coarse-resolution
grid system. A dynamical downscaling technique using
regional climate model (RCM) has been developed and
used as a method of overcoming the limitations arising
from the low spatial resolvability of the global model
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(Im et al., 2010; Ahn et al., 2012; Kang et al., 2014; Oh
et al., 2014; Hong and Ahn, 2015; Hur and Ahn, 2015a).
Thus, dynamical downscaling has been performed with
the lateral forcing from CMIP5 data, thereby enabling
detailed future climate analyses (Giorgi et al., 2009).
In this regard, the National Institute of Meteorological
Research (NIMAR) of the Korea Meteorological Administration (KMA), in cooperation with several universities, has performed dynamical downscaling over East Asia
using RCMs in order to produce the national standard scenario. In detail, NIMAR has simulated the future regional
climate with 50-km resolution under the guidance of the
Coordinated Regional Climate Downscaling Experiment
(CORDEX; Giorgi et al., 2009) with a lateral forcing from
the Hadley Centre Global Environmental Model version 2
(HadGEM2-AO), a participant model of CMIP5. The data
has been used successfully in research on future large- and
regional-scale climatic features such as monsoonal precipitation and extreme weather conditions over East Asia (Lee
et al., 2014; Oh et al., 2014).
However, the dynamically downscaled data with 50-km
resolution remains incapable of capturing complicated
physiographical features and evaluating the regional
impacts of climate change (Im et al., 2015). For instance,
Im et al. (2007) and Lee and Hong (2014) revealed that the
data downscaled into a rather coarse resolution (larger than
50-km grid spacing) fails to capture climate extremes even
if it is well simulated by RCMs at higher resolutions of
12.5 and 20 km. On this research foundation, the Korean
national downscaling project, which aims to produce
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12.5 km fine-scale climate multi-model ensemble (MME)
information over north-eastern Asia with five different
RCMs under the same driving fields (HadGEM2-AO), has
been conducted for the last 3 years (March 2013 to February 2015) as the next step in the CORDEX experiments
(Im et al., 2015). Although the data sets have not yet been
released to the general public, the data set has been recognized as one of national scenarios under global warming.
Recently, Hong and Ahn (2015); Im et al. (2015) and Hur
et al. (2015) used a downscaled ensemble set obtained
from WRF3.4 to assess the changes in variables such as
precipitation and temperature. However, the MME has not
been studied yet.
As phenology reacts sensitively to variations of climatological environment, it is considered a biological indicator
responding to climate change (Menzel and Fabian, 1999;
Menzel and Dose, 2005). It is also important in both economy and ecology because it is associated with harvest,
nutrient cycling and cultural activities. For instance, the
first-flowering date (FFD) is closely related with the financial benefits and costs of local governments or individuals
due to its effect on tourist revenue, apicultural and agricultural productivities. Furthermore, phenology plays a key
role in controlling the climate system through vegetation
feedbacks associated with albedo, surface roughness
length, canopy conductance and fluxes of water and
energy (Richardson et al., 2013). Therefore, it is crucial to
understand how individual plant species in diverse regions
may respond to global warming on the basis of phenology.
To date, the majority of assessment studies on the impact
of future climate change on phenology in north-eastern
Asia were conducted using statistically downscaled data
(Ge et al., 2014; Hur et al., 2014; Hur and Ahn, 2015b)
or a single projection result from an RCM (Chung et al.,
2009; Luo et al., 2014) with relatively coarser resolution.
In consideration of the complicated geographical features
of Korea and the uncertainties in a single model prediction, physically based high-resolution projection using
multi-RCMs is helpful in estimating the shift in the spatiotemporal patterns of phenology under global warming. In this study, we examine future possible change on
FFD based on the Korean national standard scenarios after
model validation.
We examine future possible change on FFD under
global warming using the national standard scenarios,
which ultimately explore the feasibility of regional climate simulations on the agricultural sector. Therefore, the
aim of the specific study is to investigate possible changes
in the future FFD of three deciduous trees (cherry, peach
and pear) under multi-RCP scenarios (RCP2.6, 4.5, 6.0
and 8.5).

2.
2.1.

Data and method
Regional climate datasets

With regards to Korean national standard scenarios, we
obtained dynamically downscaled data on a daily basis
with 12.5 km spatial resolution over north-eastern Asia

centred on the Korean peninsula. The analysis is focused
on daily mean temperature for ‘early spring’ (February to
April) in consideration of the high correlation coefficients
between temperature and the FFDs of spring blossoms in
South Korea (Jeong et al., 2011; Hur and Ahn, 2015b).
The fine-scale daily temperature was simulated by five
different RCMs participating in the Korean national
downscaling project, under the same lateral forcing from
HadGEM2-AO. Here, the global scale HadGEM2-AO
model having 1.875∘ × 1.250∘ and 6 hourly of spatial
and temporal resolutions was operated by NIMAR as a
part of CMIP5 international project (Baek et al., 2013).
Enormous efforts by several universities in collaboration
with NIMAR have been devoted to producing long-term
RCP (RCP 2.6, 4.5, 6.0, 8.5) projections for the 80 years
from 2021 to 2100, as well as current reference climate
(Historical) simulation for the 30 years from 1981 to 2010.
MME mean is calculated by averaging all RCM outputs.
The individual model and its configuration are described
in Table 1, written by reference to the project-final report
of NIMAR (Korean Meteorological Administration,
2015).
Several previous studies (e.g. Choi et al., 2011; Ahn
et al., 2013; Baek et al., 2013; Hong and Ahn, 2015)
showed that HadGEM2-AO has good performance in simulating the global warming trend and general patterns
of current climate over East Asia region. Therefore, our
evaluation is only focused on regional climate simulation
with 12.5-km grid spacing derived from RCMs over the
analysis domain (117∘ ∼138∘ E, 29∘ ∼46∘ N). Monthly Climatic Research Unit (CRU; Harris et al., 2014) data with
0.5∘ × 0.5∘ horizontal resolution were used to evaluate the
Historical simulation for the three decades of 1981–2010.
In addition, to validate the current climate simulation, the
daily mean temperatures observed at 46 stations for the reference period (1981–2010) in South Korea are obtained
from KMA. The data sets are quality-controlled by KMA
and have missing value less than 10% for the entire period.
Figure 1 displays the location of in situ observational stations and the topography of the analysis domain.
2.2. FFD data sets
Cherry, peach and pear, which are representative spring
blossoms, are widely distributed and have long-term
observation records throughout South Korea. Therefore,
we explored the possible impacts of climate change on the
FFDs for these three deciduous trees by applying downscaled RCP simulations to a phenological thermal-time
model. The phenological model used is the number of
days transformed to the standard temperature model,
called the DTS model (Ono and Konno, 1999). The DTS
model, organizing as a function of daily mean temperature, has good capability to represent FFD in the three
tree species over South Korea (Hur et al., 2014; Hur
and Ahn, 2015a, 2015b). Indeed, DTS model received
favourable evaluations from previous studies (e.g. Aono
and Kazui, 2008; Hur and Ahn, 2015b) by comparing
with the growing degree days (GDD) and chill days (CD)
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Table 1. Description of five RCMs participating in the Korean national downscaling project (Korean Meteorological Administration,
2015).
Model acronym

WRF

RegCM4

GRIMs

SNURCM

HadGEM3-RA

Regional Climate Model

Weather Research
and Forecasting
Model v3.4

Regional Climate
Model v4

Global/Regional
Integrated Model
system

Seoul National
University Regional
Climate Model

Cooperation Institution

Pusan National
University

Kongju National
University

Seoul National
University Regional
Climate Model

Horizontal resolution
(km) (Lat. × Lon.)
Vertical resolution
Dynamic framework
PBL scheme
Convective scheme

12.5 (180 × 201)

12.5 (180 × 200)

Yonsei
University/Pohang
University of Science
of Technology
12.5 (182 × 201)

Hadley Centre Global
Environmental
Model v3 regional
climate model
National Institute of
Meteorological
Research

12.5 (180 × 200)

12.5 (180 × 200)

Eta-28
Non-hydrostatic
Yonsei University
Kain-Fritsch

𝜎-23
Hydrostatic
Holtslag
MIT-Emanuel

𝜎-28
Hydrostatic
YSU + stable BL
SAS + CMT

𝜎-24
Non-hydrostatic
YSU
Kain-Fritsch II

Land surface

Noah

CLM3.5

CLM3.0

Longwave radiation
scheme
Shortwave radiation
scheme
Spectral nudging

CAM

CCM3

OML climatology
value
GSFC

Hybrid-38
Non-hydrostatic
Nonlocal scheme
Revised mass flux
scheme
MOSES-II

CCM2

Generalized 2-stream

CAM

CCM3

GSFC

CCM2

Generalized 2-stream

No

Yes

Yes

Yes

No

Figure 1. Locations of 46 stations (dots) observed temperature and
first-flowering dates (FFD) and topography (shaded, metres) of the analysis domain (117∘ ∼138∘ E, 29∘ ∼46∘ N).

methods. Therefore, FFDs are estimated using the DTS
model as follows:
∑

nday
i=Ds

∑{
[ (
)
]}
exp Ea Tij − Ts ∕R · Tij · Ts
(daily DTS)ij =
nday

i=Ds

(1)
where Tij , daily mean temperature on the ith day at the
jth station; (daily DTS)ij , daily DTS accumulation on
the ith day at the jth station; T s , standard temperature
(271.4 K); R, universal gas constant (8.314 J K−1 mol−1 );
Ea, sensitivity of plants to temperature (KJmol−1 ); Ds,
starting day of calculation (day of year, DOY).
In the model, three parameters are appropriately determined for each species of tree: (1) Ds, (2) Ea, and (3) DTS,
the accumulated daily DTS from Ds to FFD (days) (Ono

and Konno, 1999; Hur et al., 2014; Hur and Ahn, 2015b).
Based on the results of Hur et al. (2015), we used ‘Ds:
37, Ea: 64, DTS: 134’ for cherry, ‘Ds: 34, Ea: 72, DTS:
170’ for peach and ‘Ds: 44, Ea: 64, DTS: 152’ for pear
as optimal parameters for the DTS model. In the study, we
adopt the model parameters derived from Hur et al. (2015),
because the same observation data sets offered by KMA
are used. A detailed description of the DTS model and optimal parameterization is presented in Hur and Ahn (2015b),
although they used different datasets.
To evaluate the capability of the DTS model, FFDs
observed by KMA at 46 stations over 30 years are obtained
as in temperature case (Figure 1). For observing phenology, KMA has designated standard trees near to meteorological observation sites. KMA has defined FFD as the day
when more than three buds in a representative branch of the
standard tree are in full bloom. The phenological data sets
can be obtained at the National Climate Data Service System (available at http://sts.kma.go.kr/) operated by KMA.
2.3.

Assessment methodologies

The following statistical measures are utilized for simulation assessment.
Root mean square difference (RMSD): RMSD is a
simple method to calculate the magnitude of differences
between simulation (S) and observation (O). Reliable simulations should have low RMSD values.
√ [
]
RMSD = E (S − O)2
(2)
where E[(S–O)2 ] is the expected value of the square of the
differences between the S and O.
(1) Pattern correlation coefficient (PCC): to assess the
degree of linear correlation between simulation and
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observation, Pearson’s correlation coefficient is used.
PCC ranges between −1 (perfect negative correlation)
and +1 (perfect positive correlation), where 0 indicates no correlation.
PCC = E

{(

S − 𝜇S

) [(
)]}
O − 𝜇O
∕𝜎S 𝜎O

(3)

where 𝜇, average; 𝜎, standard deviation.
(2) First four moments
(a) Average (first moment): average is the central
value (tendency) of simulation or observation.
𝜇S = E [S] , 𝜇O = E [O]

(4)

(b) Variance (second moment): variance is a measure of dispersion, where a high value indicates a
wide-spread data set.
[(
[(
)2 ]
)2]
𝜎 2 (S) = E S − 𝜇S , 𝜎 2 (O) = E O − 𝜇O
(5)
(c) Skewness (third moment): skewness is a measure
of asymmetry, where a positive (negative) value is
an asymmetrical distribution with the tail on the
right (left) side.
{[
]3 }
(6)
Skewness (S) = E S − 𝜇S ∕𝜎 (S)
Skewness (O) = E

{[

O − 𝜇O ∕𝜎 (O)3

]}

(7)

(d) Kurtosis (fourth moment): kurtosis is a measure
of normality, where a positive (negative) value is
a distribution with a sharp (flat) peak.
[(

)4 ]

[(

)4 ]

Kurtosis (S) = E
Kurtosis (O) = E

S − 𝜇S

O − 𝜇O

∕E
∕E

[(

S − 𝜇S

[(

)2 ]2

O − 𝜇O

)2 ]2

(8)
(9)

3. Results and discussions
3.1. Evaluation of the daily mean temperature
simulation for current reference climate
First, we investigated the temporal variation of monthly
mean temperature averaged over north-eastern Asia
derived from the Historical simulation and the CRU
reanalysis data for 30 years of 1981–2010 (Figure 2).
CRU with the annual mean temperature of 9.0 ∘ C clearly
shows a monthly variation with a January minimum and
a July maximum. The mean temperature simulated by
RCMs ranges from 7.8 to 8.5 ∘ C, which are 0.5–1.2 ∘ C
lower than those in CRU, even though they well capture
the seasonal variation of the reanalysis. More specifically,
numerical models tend to underestimate temperature in
the cold season (October to April), but overestimate in
the warm season (May to September). This mean difference between CRU and simulation is regarded as a
systematic bias of RCM and is comprehensively shown
in Figure 2(b). A tendency towards underestimation is
present for all seasons except the warm season and in
most regional models. In MME, the mean bias is given
as −0.9 ∘ C, representing five different model results. The
cold bias of temperature is dominant especially over the
early spring season, possibly leading to FFD delays from
the simulations.
In order to examine the spatial pattern and feature of
bias, the temperature distributions of CRU and simulations
over the early spring season are compared and investigated.
Figure 3 shows the spatial distribution of early spring
mean temperature and the bias derived from the reanalysis data and Historical simulation for the three decades
of 1981–2010. CRU reanalysis distribution (Figure 2(a))
with mean temperature of 2.3 ∘ C shows relatively higher
temperatures in high latitude and low-lying areas compared with the surrounding area. Lower temperatures are
shown in the highlands, especially the Gaema Plateau
(127∘ ∼129∘ E, 40∘ ∼42∘ N) over North Korea and Inner

Figure 2. Temporal variation of monthly mean temperature (a) and bias (b) derived from CRU and Historical simulation over the 30 years
of s1981–2010.
© 2016 The Authors. International Journal of Climatology published by John Wiley & Sons Ltd
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Figure 3. Spatial distributions of mean temperature (a)–(g) and bias (h)–(m) derived from CRU and Historical simulations for the early spring period
(February to April) over the 30 years of 1981–2010. Numbers at top right and dots indicate the area-averaged value and the 95% confidence level,
respectively. Unit is ∘ C.
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Mongol autonomous region (116∘ ∼123∘ E, 40∘ ∼45∘ N)
over China, due to the topographical effect. RCMs well
capture the features of latitudinal temperature gradient and
the terrain-following characteristics appearing in the field
of CRU. Overall, RCM simulations are in good qualitative agreement with the CRU distribution, but tend to
underestimate the mean temperature in the range of −1.3
to −2.1 ∘ C. The simulated temperatures, including MME
result, have similar spatial patterns of bias, which are generally lower than that of CRU at higher altitude.
It is necessary to consider warm biases in the CRU
data despite their high reliability. In detail, CRU is not
strictly homogeneous in time and space, in common with
other reanalysis data (Harris et al., 2014). CRU is based
on in situ observation data obtained from the World
Meteorological Organization (WMO), the US National
Oceanographic and Atmospheric Administration (NOAA)
National Climatic Data Center (NCDC), and individual
meteorological administrations, etc. (Hur et al., 2015). The
data used in reanalysis are generally observed at low altitude due to their maintainability, thereby causing warm
biases in mountainous areas. In other words, the CRU
is biassed towards low elevations, which in turn can not
explicitly account for the effects of terrain elevation in the
temperature field (New et al., 2000; Kim and Lee, 2003).
The general tendency towards underestimating, especially
at high altitude, in RCM outputs can be interpreted to be
not a mere systematic bias but rather an advantage of the
dynamical downscaling method, i.e. a proper reflection of
topographical effect.
In this context, the uncertainties of CRU and of the simulations are evaluated using in situ observation data sets.
Figure 4 displays the Standard deviation-Correlation-Root
mean square error (SCR) diagram for early spring temperature over the 30 years of 1981–2010 derived from
1
0.9

Spatial correlation

0.8
0.7
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0.5
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1
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2

Standard deviation (normalized)

Figure 4. SCR diagram of early spring temperature over 30 years
(1981–2010) for CRU and Historical simulations. Circle size indicates
root mean square error.

CRU and five RCMs, which is comprised of Normalized
standard deviation (x-axis), PCC (y-axis) and RMSDs
(circle size). For comparison with station-scale data, the
gridded temperatures are statistically interpolated into 46
observation sites in South Korea using a simple inverse
distance weighted method. The normalized standard deviation of CRU is close to 1, indicating good agreement with
observational variation. The normalized standard deviations of simulations are in the similar range of 0.8–1.2,
indicating that RCMs well represents the temporal variation of in situ observation, as in the case of CRU. CRU
has higher PCC of 0.8 and has lower RMSD of 1.6 ∘ C
than those of RCMs. Among RCMs, WRF has a minimum
RMSD of 2.2 ∘ C, whereas RegCM4 and SNURCM have
a maximum PCC of 0.8. The PCCs and RMSDs of five
RCMs are similar to those of CRU with relatively margins
of about 0.2 and 1.8 ∘ C, respectively. In terms of the SCR
diagram, the RCM outputs show a similar level of performance in simulating the early spring temperature over the
analysis domain compared to CRU and each other.
3.2. Changes in the daily mean temperature under the
four RCP scenarios
Figure 5(a) displays the time series of early spring mean
temperature in north-eastern Asia for the current reference climate simulation (1981–2010) and the 21st century
projections (2021–2100) under the four RCP scenarios.
For a reference, we also figured box plots derived from
CRU and the Historical simulation for 1981–2010 and
the RCP simulations for 2071–2100. The mean is the line
within each box, the boxes indicate one standard deviation, and the whiskers the minimum and maximum values.
According to the time series of early spring temperature,
the temperature increase is highest in RCP8.5 but lowest in RCP2.6, compared with the Historical simulations.
The warming trend for 2021–2100 over north-eastern
Asia is 0.1 ∘ C decade−1 for RCP2.6, 0.3 ∘ C decade−1 for
RCP4.5, 0.4 ∘ C decade−1 for RCP6.0 and 0.6 ∘ C decade−1
for RCP8.5. The ensemble-averaged temperatures are
expected to increase by about 1.9 ∘ C for RCP2.6, 2.4 ∘ C
for RCP4.5, 2.2 ∘ C for RCP6.0 and 3.3 ∘ C for RCP8.5 by
the end of the 21st century (2071–2100). These results
show that the temporal variations of early spring mean
temperatures are similar with the emission pathway of each
RCP scenario. Indeed, temperatures have a narrow margin
between scenarios until 2050 and then show a larger gap
between the highest (RCP8.5) and the lowest (RCP2.6)
concentration scenarios. In the box plots, temperature is
expected to continuously increase in the future, whereas
standard deviation is projected to maintain at a similar level
of 0.9–1.3 ∘ C with the current climate. The present climate is rather vulnerable to a sudden change of early spring
mean temperature in respect of whiskers in the box plots.
Since inter-day fluctuation is more closely related with
plant damage than interannual variability, we also examined the change in the daily variation of temperature
during the early spring season under global warming.
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Figure 5. Time series of average (a) and standard deviation (b) for early spring (February to April) temperature over north-east Asia under Historical
(1981–2010) and four RCP (2021–2100) scenarios. The box plots (mean, one standard deviation and minimum to maximum range) are derived
from CRU and Historical simulation for 1981–2010 and four RCP simulations for 2071–2100. Unit is ∘ C.

Figure 5(b) displays the time series of standard deviation over north-east Asia associated with the Historical (1981–2010) and four RCP (2021–2100) scenarios.
Future standard deviation projected under RCP scenarios is expected to remain at the present level of 7.5 ∘ C,
indicating that the degree of alternation in daily fluctuation is not proportional to the increase of radiative forcing. The changing tendencies of standard deviation for the
four RCPs are ±0.0 ∘ C decade−1 , which was lower than the
value of −0.2 ∘ C decade−1 from the Historical simulation.
Early flowering species such as cherry, peach and pear are
generally vulnerable to sudden cold surge. According to
21st century simulation, however, the trees will suffer a
similar degree of low-temperature damage with the present
climate.
Figure 6 shows the differences in the 30-year early spring
mean temperature between the future (2071–2100) and
current (1981–2010) climates over north-eastern Asia.
A significant increase of mean temperature appears over

the whole analysis domain for the four RCPs. Quantitatively, early spring temperature is increased by 2.0, 2.8,
3.2 and 4.8 ∘ C under RCP 2.6, 4.5, 6.0 and 8.5 scenarios,
respectively. That is, temperature is warming with increasing greenhouse gas emissions. The temperature increment
is relatively greater at highlands and high latitude than in
low-lying areas and low latitude, which can be attributed
to the snow-albedo feedback. The 0 and 10 ∘ C lines located
around 40∘ and 29∘ N in the Historical simulation are
moved poleward by about 3∘ and 10∘ N by 2100 to around
43∘ and 39∘ N, respectively, under RCP8.5 scenarios at
120∘ E. This indicates that the areas above 0 ∘ C, linking to
favourable condition for plant growth, will be broadened
during the early spring season in the future.
The change of the standard deviation under RCP scenarios is presented in Figure 7. The daily variation is
decreased in the region (123∘ ∼132∘ E, 38∘ ∼44∘ N) where
temperature rise is more pronounced, while that over the
other areas is increased. More specifically, the standard
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Figure 6. Change in early spring (February to April) temperature (∘ C) derived from the differences between RCPs (2071–2100) and Historical
(1981–2010) simulations. Contours represent average temperatures from Historical (black solid line) and RCP (blue dashed line) simulations. The
black dots indicate areas above the 95% confidence level.

deviation over North Korea and its adjoining region, the
north-eastern part of China, is projected to decrease by
about −0.2 ∼ −0.6 ∘ C, whereas South Korea, Japan and
some of China are expected to have greater temperature
fluctuation. Such spatial patterns are similar in the four
scenarios, which can be interpreted in two ways: (1) temperature warming cannot induce a linearly increased or
decreased daily variation, and (2) it makes some areas
more vulnerable to drastic change of daily mean temperature. It is difficult to map the changing pattern onto geographical features such as altitude, latitude and coastal
proximate. The general cause of the pattern variation needs
to be established from a synoptic perspective.
In addition, we examine the frequency distributions
of early spring temperature derived from the Historical
and RCP simulations (as shown in Figure S1, Supporting

Information). The frequency distribution of temperature
clearly displays similar behaviours of simulations. Consistent with the change of spatial pattern, however, the
frequency distribution of RCP simulations tends to be
skewed to the right side compared with that of the reference climate simulation, while maintaining its shape. This
behaviour indicates that a higher temperature will occur
more frequently compared with the present climate under
RCP scenarios. In frequency distribution, an appreciable
change does not appear to the third and fourth moments,
named skewness and kurtosis.
3.3. Evaluation of the FFD simulation for the current
reference climate
Gridded FFDs for the three tree species with 12.5-km spatial resolution are estimated by applying the RCM outputs
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Figure 7. Same as Fig. 6, but for standard deviation.

to the DTS phenological model. Prior to projection on
future FFD, the model performance is briefly evaluated
based on the SCR diagram using in situ observation data
in South Korea due to the absence of the relevant nationwide materials. For comparison, the gridded FFDs are
interpolated into 46 observation sites. Figure 8 presents
the SCR diagram of FFD derived from the Historical
simulations for the 30 years of 1981–2010. FFDs for
cherry, peach and pear estimated by the DTS model in
conjunction with RCMs have similar reliability in terms
of normalized standard deviation, PCC and RMSD. Normalized standard deviations from all RCMs are distributed
slightly shifted to the left side against 1. In consideration
of the temperature normalized standard deviation, the
DTS model induces an underestimation of the temporal
variations of FFD. PCCs range from 0.5 to 0.7 in the three
tree species of trees, which is a similar level of temperature. In terms of RMSD, FFD can be estimated with a

margin of about 8.4–13.9 days with observation using
this approach. RMSDs are relatively large compared with
the previous studies (e.g. Luo et al., 2014; Hur and Ahn,
2015a). This was attributed to the biases of daily mean
temperatures being derived from Historical simulations.
Indeed, negative biases in temperature simulation tend to
lower the growth rate of plants, thereby delaying blowing date. Interpolated (gridded) FFDs in the Historical
simulations are DOY 105.3 (113.4), 109.7 (117.0) and
112.3 (119.0) for cherry, peach and pear, respectively,
which are about 9 ∼ 10 (16 ∼ 18) days later on average
than in the observation (cherry: DOY 95.6, peach: DOY
98.8, and pear: DOY 102.8). It indicates that the biases in
daily mean temperature for early spring season induce to
increase uncertainties of FFD and hence bias correction is
required to improve the reliability. However, in the study,
we did not remove the systematic biases, because of two
main reasons: (1) the bias correction based on reanalysis
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(a)

data may reduce the terrain-following characteristics
reflected in dynamically downscaled temperatures, and
(2) removing mean bias may not affect the results in
case of comparing simulations. It is also noticeable that
the DTS phenological model has a similar capability in
simulating the three tree species in South Korea. This
infers that the performance of the DTS model is generally
unsusceptible to species among these three deciduous
trees and is closely related with the reliability of input
data, i.e. temperature simulation.
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Figure 8. SCR diagram of first-flowering date (FFD) for cherry, peach
and pear over 30 years (1981–2010) derived from Historical simulation.
Circle size indicates root mean square error.

Figure 9 shows the time series of FFDs for cherry, peach
and pear in north-eastern Asia derived from the Historical
and four RCP simulations. FFD is gradually advanced
for 2021–2100, while early spring mean temperature
continues to rise under global warming. The change of
FFD is the highest in RCP8.5, followed by RCP6.0,
4.5 and 2.6, as in the case of temperature. The average yearly advances of cherry FFD are 0.2, 0.8, 1.3,
1.9 days decade−1 in the RCP2.6, 4.5, 6.0, 8.5 simulations, respectively. The advancing tendencies for peach
(0.2, 0.8, 1.4, 2.0 days decade−1 ) and pear (0.2, 0.8, 1.3,
1.8 days decade−1 ) are similar with that of cherry over all
scenarios. The mitigation effect of about 2.8 ∘ C between
RCP2.6 and RCP8.5 triggers a reduced advance of FFD
by about 8.6–9.5 days at the end of the 21st century. If the
climate follows the highest emission scenario, the FFDs
are expected to advance by about 14.5, 15.8 and 14.5 days
for cherry, peach and pear, respectively, by the end of the
21st century (2071–2100) compared with the current climate (1981–2010). This reveals that the FFD of the three
deciduous trees will be advanced by about half a month by
the end of this century under RCP8.5 scenario. Our estimations for the change in cherry, peach and pear FFD are 3.3,
3.1 and 3.8 days greater than those suggested by Hur et al.
(2014) and Hur and Ahn (2015b), who applied the statistically downscaled data from five or six CMIP5 models to
the DTS model over 2071–2090. This divergence can be
mainly attributed to the difference in projected mean temperature increment. More specifically, a rising mean temperature from previous studies is in a range of 3.3–3.5 ∘ C,
whereas our estimation derived from five RCMs and a
single CMIP5 model (HadGEM2-AO) is 4.8 ∘ C. According to the analysis of Baek et al. (2013), HadGEM2-AO
shows a mean temperature increase of about 4.1 ∘ C for the
last 20 years of this century under RCP 8.5 scenario. This
implies that the change of FFD is highly dependent upon
the degree of temperature increment since the formula of
the DTS model is a function of the daily mean temperature.
In order to examine whether the change uniformly occurs
over the analysis domain, we explore the spatial distribution of FFD derived from simulations (Figures 10–12).
FFDs from the Historical simulation (black solid line) are
earlier at low latitude and low-lying areas than at high latitude and highlands due to the topographical effect. The
four RCP simulations show advancement of FFD for the
three tree species over the analysis domain while maintaining the topographic effect. In the cherry FFD distribution,
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Figure 9. Time series of first-flowering date (FFD) for cherry, peach and pear averaged over north-east Asia under Historical (1981–2010) and four
RCP (2021–2100) scenarios. The box plots (mean, one standard deviation and minimum to maximum range) are derived from Historical simulation
for 1981–2010 and four RCP simulations for 2071–2100. Unit is DOY.
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Figure 10. Change in cherry first-flowering date (DOY) derived from the differences between RCPs (2071–2100) and Historical (1981–2010)
simulations. Here contours represent average first-flowering date from Historical (black solid line) and RCP (blue dashed line) simulations. The
black dots indicate areas above the 95% confidence level.

the DOY 91 line, not shown in the Historical and RCP 2.6
simulations, appears in South Korea under RCP 4.5, 6.0
and 8.5 scenarios due to temperature warming. This indicates that cherry trees are expected to flower in March over
the southern part of the Korean Peninsula. The advancement of FFD is greater in highlands compared with that at
low altitude, which reflects the temperature variation pattern. Peach FFD in South Korea is also expected to start
flowering in late March under RCP 8.5 scenario, which is
15.8 days earlier than the present average. The changing
pattern in cherry and peach distributions also appears in the
pear tree: the mean advancement of pear FFD is in range of
5.9–14.5 days and greater in highlands and at high emission scenario. Therefore, more blossoms are expected for
the three tree species from March (less than DOY 91) over
north-eastern Asia.

The dependency of FFD advancement to early spring
mean temperature change is also investigated based on the
four RCP scenarios. Figure 13 displays scatter plots of
temperature increment against FFD advancement for the
three trees in north-eastern Asia derived from the four RCP
simulations over 2021–2100. The analysis reveals that
FFDs for the three tree species are negatively correlated
with the increase in early spring mean temperature. A
temperature increase of 1 ∘ C induces an FFD advance
by approximately 2.9–3.2 days regardless of the scenario.
The scatter patterns for peach and pear closely parallel with
that of cherry, which implies a similar sensitivity of FFD to
temperature for the three tree species. Since FFD linearly
responds to temperature change, the blooming date is
expected to advance steadily if temperature continues to
warm at a constant rate.
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Figure 11. Same as Fig. 10, but for peach first-flowering date.

4. Discussion
In this study, we projected future FFD change as well as
temperature increment using the Korea national scenario
under global warming. These results indicate that temperature change induces shifts in the timing of plant activity
such as advances in FFD (0.2–2.0 days decade−1 in the
study), growing season (0.65–1.79 days decade−1 in Luo
et al., 2014), and first-leaf dates (0.74–1.92 days decade−1
in Ge et al., 2014). This does not merely alter terrestrial plant phenology because it also affects plant–animal
interactions, carbon dioxide uptake, species coexistence
(competition for pollinators) and farming activities (Cleland et al., 2007; Richardson et al., 2013). Such long-term
impacts of climate change on phenology may alter both
ecosystems and human societies in unprecedented ways.

However, our result has a limit in terms of understanding
other aspects of environmental influence on biological
change associated with global warming, such as role of
atmospheric carbon dioxide, which is also a crucial driver
accelerating plant growth directly.
Furthermore, the future FFD change estimated in the
study is about 3 days earlier than the results of Hur et al.
(2014) and Hur and Ahn (2015b), who analysed five or
six CMIP5 data sets on the basis of RCP4.5 and 8.5.
That is because the temperature increment derived from
HadGEM2-AO in our study is about 1.5 ∘ C higher than
that from CMIP5 MME results. This implies that the
change of FFD is highly sensitive to the lateral forcing of
the regional model, i.e. global model outputs. Therefore,
our research demonstrates the necessity of extending the
Korean national downscaling project for consideration of
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Figure 12. Same as Fig. 10, but for pear first-flowering date.

various CMIP5 models. Indeed, NIMAR has taken its next
step in order to improve the reliability of the national
standard scenario by taking diverse later forcing of RCMs
into account.
It is also interesting to note that the standard deviation
is expected to change with the different pattern of spring
mean temperature. The standard deviation appears to sustain its current level under global warming in regard to the
time series of area-averaged value. However, the spatial
distribution presents the heterogeneity of daily variation
change in space. It was hard to interpret the behaviour
of standard deviation using geographical features. Further
studies are needed to examine the mechanism by which the
pattern of daily temperature variation is determined and to
investigate how it will influence plant damage.

5. Concluding remarks
Validations and feasible changes of both early spring
temperature and FFD were investigated using 20th
century simulation (1981–2010) and 21st century
projection (2021–2100) produced by the Korean national
downscaling project. According to the analysis, the five
RCM and DTS phenological models had good performance in simulating temperature and FFD with a range of
about 2.4–3.4 ∘ C and 8.4–13.9 days, respectively, while
well representing the topographical effect.
On the basis of projections, the early spring temperatures over north-eastern Asia under the RCP2.6, 4.5, 6.0
and 8.5 scenarios were expected to increase by about 2.0,
2.8, 3.2 and 4.8 ∘ C, respectively, at the end of this century.
These increments tend to accelerate blooming rate, thereby

© 2016 The Authors. International Journal of Climatology published by John Wiley & Sons Ltd
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advancing the FFDs of cherry, peach and pear by about
14.5, 15.8 and 14.5 days by 2100 under the highest emission scenario, respectively. However, if the greenhouse gas
emission mitigation policy that limit temperature rise to
2 ∘ C (RCP2.6) is achieved, the FFD change will be reduced
by about 8.6–9.5 days at the end of the 21st century compared with RCP8.5. Our results confirm that increasing
greenhouse gas emissions lead to a warmer early spring
mean temperature, which in turn advances the FFD of the
three tree species in north-eastern Asia.
Our results bespoke the high availability of the data,
especially in phenology research, with moderate reliability. We believe that the next generation of the Korean
national scenario will offer better performance and more
useful projections to end users.
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Figure 13. Scatter plots of increment of early spring temperature against
advancement of cherry (a), peach (b) and pear (c) first-flowering date
(FFD) derived from four RCP scenarios.
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