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Abstract

Role of climate variables on changes
in spring phenology over boreal forests
in the Northern Hemisphere
Jeongmin Yun
School of Earth and Environmental Sciences
The Graduate School of Seoul National University
Observations show significant influence of climate changes on vegetation green-up,
an important event in terrestrial carbon and water cycle. While recent spring
warming is considered as a main cause in the advance of vegetation green-up, but
changes in precipitation, humidity, and solar radiation prior to the green-up may
modulate leaf-onset date as well. Quantifying the influences of each climate
variable on the change in spring phenology is one of great challenges due to
limitation of observational analyses. Here, the author examines the effect of
temperature, precipitation, specific humidity, and insolation on trend and
interannual variability of the start date of growing season (SOS) over boreal forests
(>40°N) during 1982─2005 based on a set of experiments using Community Land
Model version 4.5 (CLM4.5). The CLM4.5 experimental set consists of one control
experiment including all changes in climate variables and four sensitivity
experiments, which can isolate the impact of each climate variables. Results
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indicate that the change in the surface temperature is the main driver for the SOS
trend (−0.47 day decade-1) for the analysis period. Other climate variables played a
supportive role on the SOS changes, but their contributions are relatively small. In
terms of interannual variability, spring temperature, humidity, and insolation are
significantly related with SOS changes (correlation coefficient, r =−0.62, −0.45,
and −0.45, respectively). The SOS variation is not significantly correlated with
changes in spring precipitation (r =0.08). It is found that SOS is delayed by 1.04
days over 69.5% of the analysis domain due to 8.1°C decrease in the growing
degree-days during spring (April and May) when winter precipitation (December to
March) anomaly is higher than its one standard deviation. Our results suggest that
temperature is a main cause of SOS change on interannual and decadal time scale,
but impacts of other climate variables on interannual variability of SOS are
considerable. This study highlights the impacts of precipitation, humidity, and
insolation on SOS in boreal forests and suggests that these variables as well as
temperature should be considered for accurate prediction of changes in spring
vegetation phenology.
Keywords : spring vegetation phenology, boreal forest, climate changes, CLM4.5,
GIMMS LAI, winter precipitation, interannual variability
Student Number : 2015-22660
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1. Introduction
Vegetation occupies the largest fraction of the Earth’s land surface, and plays
a key role in interactions with atmosphere and biogeochemical cycles of carbon,
water, and nutrient (Bonan, 2008; Franklin et al., 2016). In extra-tropical regions,
vegetation shows clear seasonal cycle (i.e., phenology), and it is considered an
easily observable and sensitive indicator of global climate change (Menzel, 2000;
Badeck et al., 2004). The changes of vegetation growing seasons, especially
advancing spring phenology, modulate the interactions of land-atmosphere by
modifying the seasonal cycle of atmospheric CO2 concentration, soil moisture,
surface energy flux, and regional weather system (Keeling et al., 1996; Jeong et al.,
2009; Richardson et al., 2010; Ma et al., 2016). Therefore, understanding how
vegetation phenology responses to climate changes is essential to accurate
prediction of changes in ecosystem dynamics and understand feedbacks within the
Earth system.
Among various factors such as weather system, competition, soil factors,
genetics, age, and urbanization, climate changes have been considered as the
principle cause of the significant changes of spring phenology that have been
widely documented on various spatial and temporal scales (Myneni et al., 1997;
Menzel and Fabian, 1999; Menzel, 2000; Norby et al., 2003; Richardson et al.,
2013). High correlation between rising spring temperature and earlier spring
phenology has been investigated actively through ground-based observation data
(Ho et al., 2006; Schwartz et al., 2006; Piao et al., 2015a) and satellite remote
sensing data (Jeong et al., 2011; Shen et al., 2014; Zhao et al., 2015). In addition to
1

temperature, several studies have emphasized the effect of changes in other climate
variables such as precipitation, humidity, and insolation on spring phenology. For
example, a positive correlation between winter precipitation and heat requirement
for vegetation green-up was found at 70% of observation sites in Europe and North
America (Fu et al., 2015). Laube et al. (2014) also proved that lower air humidity
could delay leaf unfolding date through a climate chamber experiment. Moreover,
Richardson et al. (2013) showed that photoperiod modulates the change of leaf-out
date in the future through model experiments for some New England species.
However, most of field-based studies mainly focused on specific species or regions
(Wielgolaski, 2001; Peñuelas et al., 2004; Shen et al., 2015), and a few studies
treated that in large scales using satellite remote-sensing data (Piao et al., 2006;
Clinton et al., 2014; Fu et al., 2014). It is questionable whether the relationships
derived from specific species are equally applicable to large and mixed plant
populations (i.e. vegetation). Thus, additional examination about the effect of
climate variables in large-scale ecosystem is necessary.
Observational studies have informed the relations between the change of spring
phenology and climate variable. However, the qualitative information is not
enough to answer the question of how each climate variable play an important role
in the change in spring phenology and to know which mechanism exist. Although
there have been attempts to quantify the influences of climate variables on spring
phenology by using some statistical variables such as correlation or regression
coefficient, the statistical analysis are based on rather unrealistic assumption that
the effects of climate variables are independent (Piao et al., 2015b). Climate
variables interact with each other and multiple meteorological phenomena occur
2

simultaneously, so it is hard to separate influence of one variable from other
climate variables. Moreover, majority of previous studies have focused on trend in
spring phenology, but it shows high interannual variability (Piao et al., 2006;
Maignan et al., 2008; Jeong et al., 2011). Precipitation may play an important role
on annual variation rather than trend of phenological events because of properties
of precipitation that do not show significant trend, but less attention has been paid
to it (Peñuelas et al., 2004). Therefore, a more quantitative and comprehensive
study is needed to understand the role of climate variables on change in spring
phenology.
The primary objective of this thesis is to evaluate the effect of climate variables
on changes in spring vegetation phenology over the period 1982-2005 in the boreal
forests over the Northern Hemisphere (>40N°). For the purpose, satellite data and
process-based land surface model, the Community Land Model version 4.5
(CLM4.5), are used. The model is one of the most widely used land surface model,
and Carbon-Nitrogen version of CLM4.5 (CLM4.5-CN) can prognostically
simulate phenology and carbon assimilation. To represent spring phenology, we
define the day with greatest growth rate of leaf area index (LAI) as the start of
growing season (SOS). First, the author validate the accuracy of CLM4.5-CN with
SOS derived from satellite LAI. Second, the effects of climate variables (i.e.
temperature, precipitation, humidity, and insolation) on long-term change of spring
phenology are evaluated. Finally, the author investigates the influence of winter
precipitation on interannual variability of the spring phenology.
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2. Materials and methods
2.1 Data
Leaf area index (LAI) is defined as the total one-sided area of leaf tissue per
unit ground surface area, and it have been used to measure the amount of leaf
material in an ecosystem (Bréda, 2003). For comparing model experiment
results with observed data, the Global Inventory Modeling and Mapping Studies
(GIMMS) LAI data set was used from 1982 to 2005. The GIMMS LAI was
generated by an Artificial Neural Network (ANN) model from the third generation
of the GIMMS Advanced Very High-Resolution Radiometers (AVHRR)
Normalized Difference Vegetation Index (NDVI3g) data set (Zhu et al., 2013). The
NDVI3g data has a spatial resolution of 1/12 degree, and the maximum NDVI
value for 15 days is used to represent each 15-day interval to prevent
meteorological contaminations. The ANN model was trained with overlapping
GIMMS NDVI3g and used to improve versions of Collection 5 Terra MODIS LAI.
The

final

generated

LAI

data shows

satisfactory

agreement with field

measurements (p < 0.001; RMSE = 0.68 LAI). The GIMMS LAI data has the same
resolution as the GIMMS NDVI3g data, and it has been used in numerous studies
for various purpose (Mao et al., 2013; Yue et al., 2015; Zhu et al., 2016). For direct
comparison with modeled LAI, it is aggregated onto a 0.9°x1.25° grid using
bilinear interpolation.
The range of forests in the Northern Hemisphere in boreal regions (>40N°) is
defined using 1-degree global land cover classification from the University of
Maryland Department of Geographical Sciences (UMD) (Hansen et al., 1998). The
4

UMD classification was made from 1 km AVHRR satellite data using a decision
tree method and created for improving model prediction and investigating the
anthropogenic disturbance on Earth system (Hansen et al., 2000). From the 13 land
cover classes defined by the UMD classification, four types of land cover are
selected as study area: the coniferous evergreen forest and woodland, high latitude
deciduous forest and woodland, mixed coniferous forest and woodland, and broad
deciduous forest and woodland. The land cover data is also regridded to 0.9°x1.25°
by using nearest-neighbor interpolation to match the model spatial resolution.
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2.2 Model description and experimental design
The CLM4.5-CN is the land surface components of the Community Earth
System Model version 1.2. This
and biogeophysical processes

model

examines

the biogeochemical

in terrestrial ecosystem and prognostically

determines the seasonal cycle of LAI (Oleson et al., 2013). In the CLM4.5CN, land surface heterogeneity is described by aggregating each grid cell into
multiple subgrid hierarchy of land units, snow/soil columns, and plant functional
types (PFTs) (Oleson et al., 2013). In addition, there are 3 different types of
phenology submodels: the evergreen, seasonal-deciduous, and stress-deciduous
(Lawrence et al., 2011). First, in the evergreen type (i.e. evergreen forests and
shrubs), there is no distinct periods of litterfall. All carbon and nitrogen used for
vegetation growth, and the rate of background litterfall is determined by the
specified leaf longevity. Second, in the seasonal-deciduous type (i.e. boreal and
temperate deciduous forests, boreal deciduous shrub), there is a distinct growing
cycle. Second, in the seasonal-deciduous type (i.e. boreal and temperate deciduous
forests, boreal deciduous shrub), there is a distinct growing cycle. The date of leafout is determined by growing degree-day summation (

).

is

calculated as an integration of third-layer soil temperature above a water freezing
temperature (

by multiplying time parameters (

model time step) from the winter solstice (

):

Leaf onset begins when the growing degree-day summation (
6

)

exceeds a critical value (

).

2m air temperature (

):

is defined using the annual average of the

(2)
Third, in the stress-deciduous types (i.e. grass, temperate deciduous shrub,
and tropical deciduous forest), it may be possible to have multiple growing cycle
determined by soil water availability, day length and/or temperature. The weighted
average of LAI seasonal cycles with each PFT in a grid determines the LAI
seasonal cycle of the grid.
To evaluate the influence of climate changes in the spring phenology, model
experiments were conducted. The model was run offline using observationally
based surface meteorological and environmental data sets such as atmospheric CO2
concentration, nitrogen deposition (Lamarque et al., 2010), and land-use and landcover data (Hurtt et al., 2006) for the period 1850-2005 at a spatial resolution of
0.9°x1.25° and a 30-min time step. We used 6-hour meteorological data from
Climate

Research

Unit-National

Centers

for

Environmental

Prediction (CRUNCEP) dataset. The CRUNCEP dataset is composed of 7 climate
variables (i.e. temperature, precipitation, specific humidity, insolation, pressure,
winds, and downward longwave radiation) and is a combination of two datasets:
monthly 0.5° x 0.5° gridded CRU TS 3.1 covering the period from 1901 to 2012
and 2.5°x2.5° gridded 6-hour intervals NCEP reanalysis datasets beginning in 1948
(http://dods.extra.cea.fr/store/p529viov/cruncep/ V4_1901_2012/).
First, CLM4.5-CN was spun up at the spatial resolution of 0.9°x1.25° for 800
years based on a subset of the surface meteorological data from CRUNCEP
7

datasets (1901-1920) and environmental datasets fixed at their 1850 values to get
an initial data at steady state (Oleson et al., 2013). Next, from the initial data,
model was simulated to 1900 by repeating the 20-year climate datasets (19011920) with transient environmental datasets from 1850 to 1900. The model was
then run from 1901 to 1982 with transient climate and environmental datasets.
Starting with the model state in 1982, we conducted 6 experiments driven by
different boundary conditions in climate variables over the period 1983-2005
(Table 1.), when there were dramatic changes of spring phenology (Schwartz et al.,
2006; Zhao et al., 2015), and both the historical environment data and GIMMS LAI
data exist. In the CLM4.5 experiment (i.e. control experiment), all variables used
are transient. In the FIX_CLIM experiment, 6-hr variations of climate variables (i.e.
temperature, precipitation, specific humidity, and insolation) at the year 1982 are
prescribed throughout the same simulation period, but the other variables are
transient as in the CLM4.5 experiment. In the FIX_T, FIX_P, FIX_Q, and FIX_S
experiments, 6-hr variations of temperature, precipitation, humidity, and insolation
at the year 1982 are prescribed, respectively, but the other variables are transient as
in the CLM4.5 experiment. The effects of climate variables can be estimated by
differencing experiments (e.g., precipitation effect; CLM4.5 minus FIX_P
experiment).

8

Table 1. Set of model experiments to estimate the influence of climate variables on
change in spring phenology. Tr denotes transient datasets. Fix denotes the forcing
was prescribed with the value in 1982.

9

2.3 Determination of green-up dates
This study focused on the North Hemisphere forests (>40N°) defined by the
UMD land cover classification, which have clear seasonal cycle. Considering the
low resolution of the land cover data, areas where annual mean of maximum LAI is
lower than 1.5, based on GIMMS LAI, were additionally excluded since these
regions are considered grassland or shrubland (Zhang et al., 2004). We applied the
same methods to the model experiment results and GIMMS LAI for direct
comparison. First, modeled daily LAI was aggregated onto 15-day intervals under
the same conditions as GIMMS LAI. Then, the 15-day LAI time series were fitted
with logistic curves using a least-square method to get the continuous LAI time
series function (Fig. 1). The logistic curve is expressed as follows:
(3)
In the equation (3), LAI is a function of time, t, using Julian days starting from
January 1st. The coefficient D is fixed to the maximum LAI value and the other
coefficients are obtained from least square method. The coefficient A indicates the
length of the LAI-increasing period. The coefficient B indicates date of inflection.
The coefficient C indicates annual LAI amplitude. The logistic curve is useful to
describe growth pattern from dormancy to maturity (Zhang et al., 2003; Park et al.,
2015). Compared to other methods which specified smoothness or thresholds, this
method also has the merit of applying the same method to both model experiment
results and satellite data which have different degrees of smoothness. Next, the
areas where the annually averaged total residual error between the fitted curve and
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original 15-day LAI time series exceeds 2.93, the average 95th percentile value of
total residual error for GIMMS LAI, were excluded to prevent data contamination.
(4)
Finally, through the equation (4), the maximum point at the rate of LAI
growth can be derived as 1/B which LAI increased by 50% of its amplitude from
minimum. We defined the inflection point as the start date of growing season
(SOS) at each grid cell. The areas where both GIMMS-derived SOS and CLM4.5derived SOS are present were designated as the study area. Hereafter, for
convenience, we call GIMMS-derived SOS as observed SOS and CLM4.5-derived
SOS as simulated SOS.

11

Fig. 1 Method for defining start of growing season (SOS) using LAI time series.
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3. Model validation of green-up date
3.1 Climatological features
Figure 2 shows the spatial distributions for climatology of SOS over the
period from 1982 to 2005. The climatology of observed SOS has shown clear
latitudinal gradients of spring phenology such as green wave (Fig. 2 (a)). For
example, low values are observed in southwest of Eurasia and southeastern part of
North America (earlier than 120 days; approximately April 30), and high values are
observed in the northern part of the two continents (later than 160 days; Jun 9).
These gradual patterns from mid-to high-latitude are known to be mainly caused by
temperature distributions. Therefore, the colder climate in Siberia (40°-60°N, 70°130°E) cause the later SOS by 151 days (May 31) than Europe (40°-60°N, 0°60°E) by 132 days (May 12) at the same latitudes. The overall spatial patterns (i.e.,
latitudinal gradient) of the climatology of simulated SOS are similar to observed
SOS (spatial pattern correlation coefficient, r = 0.50; p < 0.01) (Fig. 2 (b)).
However, on average, the model tends to simulate SOS (157 days; Jun 6) 9 days
later than observed SOS (148 days; May 28) (Fig. 2 (d)). The tendency to simulate
SOS late was also reported in other land surface models (Murray-Tortarolo et al.,
2013). More specifically, simulated SOS occurs earlier to the south of 45°N and
later over 45°N than observed SOS. Those discrepancies are induced by regional
differences. Over the boreal forest region (>50°N), the modeled SOS is about one
month later than the observed SOS. For example, observed SOS is 149 days (May
29) in central-eastern Canada (50°-60°N, 60°-110°W) and 155 days (Jun 4) in
northwestern Russia (60°-70°N, 40°-60°E), but model simulates SOS o about 180
13

(Jun 29) and 179 days (Jun 28), respectively. In addition, the observed SOS shows
little latitudinal gradient pattern in northeastern East Asia, unlike simulated SOS.
This is because water availability is the main factor of spring phenology in the
region (Zhang et al., 2004), but model seems to be more sensitive to latitudinal
gradient.
Figure 3 depicts the spatial distributions of standard deviations of SOS over
the period 1982─2005. In both the satellite data and CLM4.5, the standard
deviations of SOS are relatively high in central Eurasia (8.3, 8.1 days), but low in
eastern Eurasia (5.6, 4.5 days) and mid-latitude regions of North America (5.7, 5.4
days). The standard deviation of simulated SOS (6.8 days) is on average less
than that of observed SOS (7.6 days) by 0.8 days, suggesting simulated SOS is less
sensitive to external forcing than observed SOS. High consistency exists in midlatitude (<55N°), but the higher the latitude, the bigger the differences roughly
occur (Fig. 3 (d)). The largest discrepancy occurs in northwest part of the two
continents. The standard deviation of observed SOS is about 9.9 days in west coast
of North America (50°-70°N, 125°-165°E) and 9.4 days in northwestern Eurasia
(60°-70°N, 10°-60°E), but that of simulated SOS are about 5.6 days and 4.9 days,
respectively. In addition, simulated SOS has very large standard deviation
(>15days) in some part of northeastern Canada and central Eurasia, and regions
adjacent to cropland from Europe to center of Eurasia.
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Fig. 2 Spatial distributions of annually averaged SOS over the period 1982─2005 for (a) satellite dataset (OBS) and (b) model
(i.e. CTRL experiment, which has all transient forcing). Latitudinal distributions of (c) the observed SOS and modeled SOS, and
(d) the difference between them.
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Fig. 3 Spatial distributions of standard deviations of SOS over the period 1982─2005 for (a) satellite dataset (OBS) and (b)
model (i.e. CTRL experiment, which has all transient forcing). Latitudinal distributions of the standard deviations of (c) the
observed SOS and modeled SOS, and (d) the difference between them.
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3.2 Interannual variability
Fig. 4 (a) represents the spatial distributions of correlation coefficients
between observed SOS and simulated SOS over the period 1982─2005. Simulated
SOS is positively correlated with the observed SOS over 97.0% of the study area
(mean correlation coefficient over the entire study area, 0.50), and besides 73.5%
of the study area has a statistically significant correlation at the 99% confidence
level. The results imply that the CLM4.5-CN can capture the interannual variability
of observed SOS well. More specifically, they have a significant correlation in
central and northeastern Eurasia, northwestern North America, and northern
Europe, whereas low correlation is found in some part of southwestern
Eurasia, eastern Canada, and northeastern China.
We compared the correlation of interannual variability between observed SOS
and simulated SOS by land cover type. Fig 4 (b) shows the spatial distribution of
the four land cover types in the study area. In our research domain, coniferous
evergreen forest and woodland occupies the largest portion (55.6%), followed by
high latitude deciduous forest and woodland (25.7%), mixed coniferous forest and
woodland (16.9%), and broad deciduous forest and woodland (1.8%). Coniferous
evergreen forest and woodland type is widely distributed over North America and
Eurasia. High latitude deciduous forest and woodland type is mainly located in
northeastern Eurasia, although it is partially distributed in Alaska and western
Eurasia. Broad deciduous forest and woodland type is located in the region of
North America below 50N° and southwestern Eurasia. Mixed coniferous forest and
woodland type is scattered sporadically in various regions. The area-averaged
correlation coefficients and proportion of pixels with significant positive
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correlation (in parenthesis) are 0.50 (75.5%), 0.59 (85.3%), 0.38 (51.5%), and 0.31
(50.0%) for coniferous evergreen forest and woodland, high latitude deciduous
forest and woodland, mixed coniferous forest and woodland, and broadleaf
deciduous forest and woodland, respectively (Fig. 4 (c)). Regions classified as high
latitude deciduous forest and woodland have the highest correlation. This is
because deciduous type tree has more clear seasonal cycle than evergreen type tree
and the seasonal deciduous type phenology submodel in CLM4.5-CN is based on
the parameterizations from White et al., (1997) which showed significant
correlation with observation data in deciduous broadleaf forest.
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Fig. 4 Spatial distribution of (a) correlation coefficient of interannual variability
between observed SOS and modeled SOS (i.e. CTRL experiment, which has all
transient forcing) over the period 1982─2005. (b) Spatial distribution of four land
cover types. (c) Probability density functions of the correlation coefficient for each
land cover type. The stippled areas represent statistically significant correlations (P
< 0.05).
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4. Recent advance in green-up and its climatic causes
4.1 Relationships between green-up and climate variables
Figure 5 shows spatial distributions of linear trends of SOS derived from
GIMMS LAI and model experiments from 1982 to 2005. The trend of simulated
SOS has similar spatial pattern to observed SOS except in some areas in which
SOS was advanced in northwestern North America and the majority of Eurasia,
and delayed in the central-eastern North America (Fig. 5 (a) and (b)). On average,
simulated SOS has weak trend (−0.47 day decade-1) than observed SOS (−1.58 day
decade-1). On a continental scale, the earlier trend of observed SOS is weaker in
North America (−0.21 day decade-1) than in Eurasia (−2.21 day decade-1), and
simulated SOS even shows opposite trends (0.48, −0.90 day decade-1, respectively).
The change of simulated SOS is mainly induced by climate change, and
responses to each climate variables are different (Fig. 5 (c)-(g)). Temperature has
the largest effect in most areas, and the spatial pattern of the response is generally
similar to the trend of simulated SOS (Fig. 5(c)). The change in SOS due to
temperature shows a negative correlation with spring (April and May) temperature
at 96.1% of the study area (83.5%, p<0.05; r = −0.62) (Fig. 7 (a)). The greatest
earlier SOS trend occurs in Alaska (60°-70°N, 195°-210°W) by -1.91 day decade-1
and the center part of Eurasia (50°-70°N, 60°-90°E) by −2.47 day decade-1 where
spring temperature increased by

and 0.97 °C decade-1, respectively. The

greatest later SOS trend also exists in the center part of North America (45°-55°N,
120°-90°W) by 1.92 day decade-1 where temperature decreased by −0.26 °C
decade-1 (Fig. 6 (a)).
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The response of SOS to precipitation change shows inhomogeneous patterns
with a delay in some part of central-eastern North America and southwestern
Eurasia, and advance in Alaska and some part of eastern Eurasia (Fig. 5 (d)).
Spring precipitation trend also has spatial heterogeneity, but there is notable
decrease in eastern Canada and central Eurasia (< −10mm decade-1), and increase
in the center of Canada and eastern Eurasia adjacent to the west coast (> 12mm
decade-1) (Fig. 6 (b)). A positive linear correlation exists between the SOS and
spring precipitation in 64.5% of the study area (9.8%, p<0.05; r = 0.08), but it is
mostly not significant (Fig. 7 (b)).
The effect of mean spring humidity change in SOS trend was small in
comparison with the temperature effect, but it caused earlier SOS trend in some
part of central and eastern Eurasia, and later SOS trend in most of North America
and western Eurasia (Fig. 5 (e)). These patterns display overall negative correlation
with mean spring humidity at 93.5% of the study area (62.3%, p<0.05; r = −0.45)
(Fig. 7 (c)). For example, the SOS was advanced by −0.32 day decade-1 in centralwestern Siberia (50°-70°N, 60°-120°E) where the biggest increase in humidity over
0.17 g kg-1decade-1 was observed, and delayed by 0.43 day decade-1 in western
Eurasia (40°-65°N, 20°-50°E) where the decline in humidity about −0.08 g kg1

decade-1 was observed (Fig. 6 (c)).
Insolation change generally played a limited role on the SOS trend (Fig. 5 (f)).

However, the response of SOS generally follows spatial patterns of the spring
mean insolation trend which have spatial heterogeneity. The change in SOS due to
insolation shows a negative correlation with spring insolation at 94.9% of the study
area (63.5%, p<0.05; r = −0.45) (Fig. 7 (f)). The largest earlier trend (−0.26 day
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decade-1) occurred in the center part of Eurasia (50°-70°N, 60°-100°E) where
insolation was increased by 1.74 W m-2 decade-1, and later trend (0.15 day decade1

) also occurred in northeastern China (40°-55°N, 110°-140°E) where insolation

was decreased by −1.3 W m-2 decade-1 (Fig. 6 (d))
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Fig. 5 Spatial distributions of SOS linear trends (day decade-1) over the period 1982─2005 for (a) satellite dataset (OBS) and (b)
model (i.e. CTRL experiment, which has all transient forcing), and (c-g) effect of changes in climate variables on the SOS trend.
(c) temperature effect (i.e. CTRL minus FIX_T experiment), (d) precipitation effect (i.e. CTRL minus FIX_P experiment), (e)
humidity effect (i.e. CTRL minus FIX_Q experiment), (f) insolation effect (i.e. CTRL minus FIX_S experiment), and (g) all
climate variables effect (i.e. CTRL minus FIX_CLIM experiment).
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Fig. 6 Spatial distributions of trends in (a) mean temperature (°C decade-1), (b) accumulated precipitation (mm decade-1), (c)
mean specific humidity (g kg-1decade-1), and (d) mean insolation (W m-2decade-1) in spring over the period 1982─2005. The
stippled areas represent statistically significant correlations (P < 0.05).
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Fig. 7 Spatial distributions of a correlation coefficient between (a) mean temperature and changes of SOS due to temperature
(i.e. CTRL and FIX_T experiment), (b) accumulated precipitation and changes of SOS due to precipitation (i.e. CTRL and
FIX_P experiment), (c) mean specific humidity and changes of SOS due to humidity (i.e. CTRL and FIX_Q experiment), and
(d) mean insolation and changes of SOS due to insolation (i.e. CTRL and FIX_S experiment) in spring (April and May) over the
period 1982─2005. The stippled areas represent statistically significant correlations (P < 0.05).
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4.2 Influence of climate variables on green-up trend
To investigate the contributions of each climate variable on the simulated SOS
trend, the study area is divided into 5 regions: northwestern (50°-70°N, 130°165°W) and central-eastern (40°-60°N, 60°-120°W) North America and western
(50°-70°N, 25°-50°E), central (50°-70°N, 50°-125°E), and eastern (40°-70°N,
125°-145°E) Eurasia (Fig. 4 (a)). Simulated SOS trend is mainly caused by climate
change in all study areas, and the effects of each climate variables were different
by regions.
In northwestern North America and central Eurasia, CLM4.5 simulated the
prominent earlier SOS trend observed from satellite derivative (Fig. 8 (a) and (d)).
Observed SOS was advanced by −3.26 day decade-1 in northwestern North
America, and CLM4.5 simulated the SOS trend twice as small as the observed SOS
(−1.56 day decade-1) (Fig. 8 (a)). Temperature change led to the earlier trend in the
model (−1.19 day decade-1), and the effects of other variables are relatively minor.
Similarly, in central Eurasia where observed SOS was advanced by −2.81 day
decade-1, temperature change also had a great attribution (−1.13 day decade-1) on
the simulated earlier trend (−1.87 day decade-1) (Fig. 8 (d)). Although precipitation,
humidity and insolation supported the advance of SOS (−0.13, −0.25, and −0.22
day decade-1 respectively), each effect was more than 4 times smaller than that of
temperature change. Both of observed SOS and simulated SOS showed a
significant negative linear correlation with mean spring temperature, suggesting
rising temperature in the northwestern North America (0.98 °C decade-1) and
central Eurasia (0.74 °C decade-1) induced the earlier SOS trends (Fig. 9 (a) and
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(d)).
Simulated SOS showed relatively weak earlier trend than observed SOS in both
regions where standard deviation of simulated SOS was smaller than that of
observed SOS. Especially, the standard deviation of simulated SOS (5.48 days)
was about two times smaller than that of observed SOS (9.73 days) in northwestern
North America. In addition, CLM4.5 had a lower sensitivity of SOS to the mean
spring temperature than satellite data in the northwestern North America (−2.03
and −2.82 day °C-1, respectively) and central Eurasia (−2.08 and −2.52 day °C-1,
respectively), which also can be one of the reason for the difference in magnitude
of SOS trend (Fig. 9 (a) and (d)).
In central-eastern North America, both observed SOS and simulated SOS had
spatially heterogeneous trend, but later trend was more prevalent (0.70 and 1.13
day decade-1, respectively) (Fig. 8 (b)). Temperature change was also a main factor
in the later SOS trend (1.2 day decade-1), and precipitation and humidity played a
supportive role in the delay of SOS (0.55 and 0.57 day decade-1, respectively). In
the region where spring temperature decreased by -0.09 °C decade-1, and similar
standard deviation of SOS was observed (Fig. 3), higher sensitivity of SOS to mean
spring temperature anomaly in CLM.4.5 (−3.17 day °C-1) than the satellite
derivative (−2.42 day °C-1) could be a major cause of the difference in SOS trend
(Fig. 9 (b)).
In western Eurasia and eastern Eurasia, CLM4.5 simulates the trend of
observed SOS reversely. Especially, the largest discrepancy between CLM4.5 and
satellite derivative exists in western Eurasia where CLM4.5 could not catch the
interannual variability of observed SOS well. Observed SOS was advanced by
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−1.86 day decade-1, but simulated SOS was delayed by 1.52 day decade-1 (Fig. 8
(c)). Of these change, combined climate variables mainly caused the later trend
(1.27 day decade-1). Precipitation was a main factor of the discrepancy (0.91 day
decade-1), but temperature and humidity also contributed to the later SOS trend
(0.38 and 0.47 day decade-1, respectively). In the region, observed and simulated
SOS show different responses to the spring temperature decrease (−0.07 °C decade1

. Simulated SOS was delayed as to follow the temperature decrease, but observed

SOS was advanced, although both observed SOS and simulated SOS showed
significant negative linear correlation with mean spring temperature change and
similar sensitivity to spring temperature anomaly (−2.63 and −2.67 °C decade-1,
respectively) (Fig. 9 (c) ). Similarly, observed SOS had a spatially heterogeneous
change, but simulated SOS was generally advanced in the eastern Eurasia adjacent
to the west coast (Fig. 8 (e)). The region with relatively small increase in
temperature (0.21 °C decade-1) is where the smallest standard deviation of SOS
existed in both of the satellite derivative and CLM4.5 (5.57 and 4.35 days,
respectively). Simulated SOS was advanced by −1.12 day decade-1, but observed
SOS showed a little delay by 0.14 day decade-1. Among the climate variables
which induced the earlier SOS trend by −0.68 day decade-1, precipitation and
temperature change played a major role in the discrepancy, but relative magnitude
was small by −0.26 and −0.23 day decade-1
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Fig. 8 Linear trends of area-averaged SOS derived by satellite (Observation) model simulations over the period 1982─2005 (day
decade-1) in the (a) northwestern, (b) central-eastern North America, (c) western, (e) central, and (f) eastern Eurasia. The effect
of all climate variables (CLIM) on the trend in SOS is estimated based on the difference between CTRL and FIX_CLIM
experiment (i.e. CTRL minus FIX_CLIM experiment). The effect of temperature (TEMP), precipitation (PREC), humidity
(HUMI), and insolation (SOLR) on the trend in SOS are estimated based on the difference between CTRL and FIX_T, FIX_P,
FIX_Q, and FIX_S experiment, respectively.
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Fig. 9 Area-averaged responses of observed SOS (OBS) and modeled SOS (i.e. CTRL experiment, which has all transient
forcing) anomalies to temperature anomalies over the period 1982─2005 in (a) northwestern, (b) central-eastern North America,
(c) western, (d) central, and (e) eastern Eurasia.
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5. Influence of winter precipitation on interannual
variability of green-up date
5.1 Response of green-up date in wet and dry years
Previous result showed that spring precipitation has a low correlation with the
SOS change induced by precipitation. However, several studies have suggested
possibilities that accumulated preseason precipitation may affect spring phenology
by modulating ground condition in spring (Fu et al., 2014; Fu et al., 2015).
Precipitation does not show significant trend in most of regions except for some
parts of eastern Eurasia, and have high temporal heterogeneity (Fig. 10). Therefore,
it is hard to evaluate the effect of winter precipitation on spring phenology only by
trend analysis. Wet (dry) condition was defined as the year when winter (i.e. from
November to March) precipitation was larger (less) than annual mean value by 1
standard deviation over the period 1982─2005 to evaluate a response of SOS to
winter precipitation. The number of years in two cases was different by region, and
the range is between 1 and 7 (area-averaged number: around 4). When we changed
the definition of winter season as from December to February, same results were
found.
Fig. 11 (a) and (b) show the spatial distributions of observed SOS averaged for
the wet and dry conditions, respectively. The gradual patterns from mid-to highlatitude observed in climatology of SOS also appeared in both of the wet and dry
conditions; the earliest SOS occurs in Europe by 124 days (May 4) and 126 days
(May 6), and the latest SOS exists in the northern central Siberia by 163 days (Jun
12) and 159 days (Jun 8), respectively. Area-averaged observed SOS in wet
condition (148.3 days) was later than the dry condition (148.1 days), but the
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difference was less than 1 day. However, by region, differences in observed SOS
for the two conditions were up to 12 days (Fig. 11 (c)). In wet condition, observed
SOS occurred later in majority of North America than the dry condition (1.78 ± 6.1
days, mean ± std dev across the region), but there is spatial heterogeneity in
Eurasia (−0.56 ± 6.3 days). For specifically, the later observed SOS appeared in
46.7% of the study area, especially in central-eastern North America and some part
of central Eurasia; the area-averaged positive values is 4.98 days (median, 4.06
days). On the contrary, the earlier observed SOS occurred mainly in western
Eurasia, northwestern North America and some part of central-eastern Eurasia; the
area averaged negative values is −4.63 days (median, −4.00 days).
The spatial pattern of difference in simulated SOS between wet and dry
conditions shows a significant similarity to that of observed SOS (r =0.40; p<0.01)
(Fig. 11 (d)). For 1959 of 2730 grid cells (71.8%), the model simulated SOS of the
same sign as the difference in observed SOS. Similarly, in wet condition, the later
simulated SOS occurred in 53.7 % of study area, and the area-averaged positive
values is 5.49 days (median, 3.83 days). The earlier simulated SOS also occurs in
46.3% of study area, and the area-averaged negative values is −4.06 days (median,
−2.89 days). These results suggest that simulated SOS reliably identifies the
response of SOS to climatic conditions in the wet and dry winter years.
To find out the reason for the spatially inhomogeneous patterns as shown in Fig.
11 (c) and (d), we examined the relation between SOS and mean spring (April and
May) temperature. A spatial distribution of difference in spring temperature
between wet and dry conditions has statistically significant negative pattern
correlations of −0.58 and −0.49 for observed SOS and simulated SOS at 99% of
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significant level, respectively (Fig. 12). In other words, relatively low (high) spring
temperature at wet condition induces the later (earlier) SOS in most of regions. For
example, in central part of Eurasia (55°-70°N, 80°-100°E) where the greatest
negative difference in temperature appeared by −1.61 °C, observed SOS and
simulated SOS were delayed by 5.09 and 5.90 days, respectively. On the contrary,
in the western Eurasia (50°-70°N, 25°-55°E) where homogeneous positive
difference in temperature occurred by 0.98 °C, observed SOS and simulated SOS
were advanced by −3.42 and −3.25 days, respectively. These results indicate that
the effect of spring temperature on SOS is relatively higher than that of winter
precipitation. This is consistent with previous founding in which spring
temperature is a dominant factor in determining spring phenology (Menzel et al.,
2006; Jeong et al., 2011; Richardson et al., 2013). Moreover, our results suggest
that observation is not enough to evaluate winter precipitation effect in SOS.
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Fig. 10 Spatial distribution of trend in winter precipitation (mm decade-1). The
stippled areas represent statistically significant correlations (P < 0.05).
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Fig. 11 Spatial distributions of observed SOS averaged for (a) high precipitation
years (> +1 std dev from the mean), (b) low precipitation years (< −1 std dev from
the mean) in winter (from November to March) over the period 1982─2005, and
(c) difference between (a) and (b) (i.e. (a) minus (b)). (d) Same as (c), but for
modeled SOS (i.e. CTRL experiment, which has all transient forcing).
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Fig. 12 Spatial distribution of mean spring temperature difference between high
and low precipitation years in winter over the period 1982─2005.
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5.2 Mechanisms explaining the changes in green-up date
To understand the role of winter precipitation in the dominant temperature
effect, we separate precipitation effect from other climatic variables through model
experiments (i.e. Ctrl minus FIX_P experiment). Fig. 13 (a) shows the precipitation
effect on SOS. Under wet condition, precipitation delayed SOS by 1.04 days in
69.5% of study area compared to dry condition. The delay in SOS mainly occurred
where the difference in winter precipitation between two conditions was large such
as northeastern North America, Alaska, central-western Eurasia, and southeastern
Eurasia adjacent to the west coast (Fig. 14). In other words, high winter
precipitation induced less earlier SOS and more later SOS under the same
temperature change. Interestingly, the degree of reduction in earlier SOS was
greater than that of reinforcement in later SOS. The reduction of advance rate
appears at more than 78.6% of grid cells where earlier SOS occurred in wet
condition for FIX_P experiment; the area-averaged negative values in FIX_P
experiment changed from −4.48 to −2.36 days. Besides, the reinforcement of delay
rate appears around 61.3% of grid cells where later SOS occurred in wet condition
for FIX_P experiment; the area-averaged negative values in FIX_P experiment
changed from 4.95 to 5.19 days.
Figure 13 (b) and (c) displays the probability density functions of the
precipitation effect on SOS in North America and Eurasia, respectively. Around
90% of the grid cells have values between −6 and 6 days. The SOS delay induced
by high winter precipitation is more common in Eurasia (72.2%) than North
America (67.1 %). However, the area-averaged value of the SOS delay is small in
Eurasia by 0.95 (median, 1.15 days) than North America by 1.29 days (median,
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0.67 days). This inconsistency comes from the different proportions of regions
where delay in SOS was greater than 6 days (Eurasia, 3.7%; North America 15.3%)
because of different proportion of areas with large differences in winter
precipitation.
We analyzed the effect of precipitation on accumulated GDD during spring to
understand how winter precipitation affect SOS. As we previously explained, the
accumulated GDD during spring was calculated by integrating third layer soil
temperature above freezing temperature from April 1 to May 31. Fig. 15 shows the
difference in accumulated GDD during spring between wet and dry condition
according to precipitation. Under wet condition, most of the Northern Hemisphere
(76.5 %) experienced a decrease in accumulated GDD (8.1 °C) compared to dry
condition except for eastern Siberia and some part of North America. Overall, the
spatial patterns of difference in GDD resembled that of SOS difference in terms of
sign. For example, over central western Eurasia (50°-70°N, 20°-90°E) and
northeastern North America (40°-60°N, 60°-85°W) where SOS was delayed by
1.59 and 2.93 days, GDD was decreased by −15.70 and −13.95 °C, respectively.
Further, over eastern Siberia (40°-60°N, 105°-130°E) where advance in SOS
occurred on −0.43 days, GDD was also increased by 3.01 °C. The difference in
GDD shows a pronounced latitudinal gradient, which does not appear in SOS
difference; the largest reduction in accumulated GDD over 30 °C appeared in
eastern Canada and Europe near 50°N, and the magnitude of reduction was
declined toward high latitude. This discrepancy implies that the response of SOS to
changes in GDD is different by latitude, and it is consistent with previous studies
that heat requirement for vegetation green-up is smaller at higher latitudes (Zhang
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et al., 2004; Fu et al., 2014). In addition, over northeastern Eurasia above 65°N, the
advance in SOS occurred under wet condition, but accumulated GDD does not
show any difference during spring. When the analysis period was extended from
May to mid-June, we found the decrease in accumulated GDD over the region with
extremely cold and dry winter. Consequently, these results suggest that the
reduction of accumulated GDD (i.e. heat) led the delay in SOS to get enough heat
for vegetation green-up.
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Fig. 13 (a) Spatial distribution of the effect of precipitation on difference in SOS
between high and low precipitation years in winter over the period 1982─2005.
Probability density functions of the difference in SOS over (b) North America and
(c) Eurasia. The precipitation effect on SOS is derived from the difference between
CTRL and FIX_P experiment (CTRL minus FIX_P experiment).
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Fig. 14 Spatial distribution of difference in winter precipitation (mm) between wet
and dry conditions over the period 1982─2005.
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Fig. 15 Spatial distribution of the effect of precipitation on difference in
accumulated growing degree days (GDD) during spring between high and low
precipitation years in winter over the period 1982─2005. The precipitation effect
on accumulated GDD is derived from difference between CTRL and FIX_P
experiment (CTRL minus FIX_P experiment).
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6. Discussion and Summary
This thesis evaluates the role of each climate variable in changes in spring
vegetation phenology as weight-averaged information determined by plant
composition of the area. First, effects of climate change in SOS in long-term time
scale were evaluated. Spring temperature, humidity, and insolation, except
precipitation, are significantly related with changes in SOS, but their contributions
on SOS trend were different. Temperature change led SOS trend for 1982─2005,
and other variables just played a supportive role in North America and more than
half of Eurasia where CLM4.5 simulated the trend of observed SOS well. These
results accords with previous studies that have reported the dominant role of spring
temperature (Menzel et al., 2006; Richardson et al., 2013). Although several
studies have emphasized the effect of the other climate variables on spring
phenology based on field observation and experiments (Peñuelas et al., 2004;
Laube et al, 2014), it was up to 5 times smaller than temperature effect in the
present results. Previous results based on field experiments may overestimates the
effects because extreme changes applied to analysis hardly occur in real case.
Moreover, responses of SOS to climate variables in specific species and regions
could be different in large-scale vegetation.
Second, an effect of winter precipitation on interannual variability of SOS was
evaluated. SOS was delayed by 1.04 days in 69.5% of the analysis area in wet
years compared to dry years due to precipitation. The effect is quite large,
considering that our results and reported SOS trend range from −1.5 to −3.8 day
decade-1 over similar period (Delbert et al., 2006; Zhang et al., 2007; Julien and
Sobrino, 2009; Jeong et al., 2011). The author regards the decrease of accumulated
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GDD as one of the main causes of the delay in SOS. These results are consistent
with a finding that the more winter precipitation, the more heat is required for
spring vegetation green-up based on satellite dataset (Fu et al., 2014). In boreal
forests where surface temperature falls below 0 °C in winter season, most of winter
precipitation comes down in the form of snow. In the wet condition, the amount of
snow remaining until spring might increase. The snow left reduces absorbed
radiation at ground by increasing surface albedo, and acts as an insulator to keep
the ground cool from warm air temperature. Lasting moister soil condition because
of snow left also plays a role to reduce soil temperature by increasing land surface
evaporation. SOS is consequently delayed to get a sufficient heat for vegetation
growth. These noticeable effects of snow left on spring phenology is supported by
several studies based on field experiments and observation in specific regions
(Vaganov et al., 1999; Aerts et al., 2006; Cooper et al., 2011). Some of the study
regions showed the advance of SOS caused by precipitation under wet condition.
This could be due to other roles of precipitation on vegetation phenology. Peñuelas
et al. (2004) proved that drought could delay flowering time in Mediterranean
forests through field experiments. The superiority of these opposite roles of
precipitation may vary by region, composition of plant type, and weather
conditions at that time. In addition, spring precipitation that did not completely
separate from our analysis could affect the SOS. Even though spring precipitation
has been reported to have no significant correlation with spring phenology in
forests (Piao et al., 2006; Cong et al., 2013), the effects of spring precipitation may
be relatively large in some regions where the difference in winter precipitation
between two conditions was small.
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The CLM is known to simulate seasonal and interannual variations of
observed snow cover fraction, snow depth, and snow water equivalent through
satellite with reliable accuracy (Niu and Yang; 2007). The simulated SOS also
showed reliable similarities with observed SOS in the majority of study area, but in
some regions, weak correlation and inconsistency of SOS trend existed. In the
model, many ecosystem processes are simplified and parameterized. For example,
the heterogeneity of vegetation is represented only by 17 plant functional types and
3 phenology submodel. Information about property of vegetation such as frozen
damage, disease, adaptation, and species interactions is also missing. Moreover,
deciduous plant type of phenology schemes in the model cannot consider the intraseasonal variation in temperature. In CLM4.5, traditional growing-degree-day
(GDD) concept is used for determining the date of leaf-out. In other words, leaf-out
begins when accumulated heat exceeds a certain threshold. The threshold is only
determined by annual mean of 2m air temperature, although the heat requirement
for leaf-out may vary depending on when the temperature changes. In addition, 6hour climate inputs were used for model experiments, but the GIMMS LAI was
derived based on actual vegetation that influenced by weather condition
simultaneously, so model may respond to different sensitivities for change of each
climate variable.
Despite these limitations, this study showed the effect of various climate
variables on spring phenology in large-scale ecosystem that just has been suggested
through observational studies. The author reconfirmed that spring temperature is a
main factor to determine spring phenology, and showed that spring humidity and
insolation have a significant correlation with spring phenology, although the effect
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is not strong. In addition, the author verified that winter precipitation could affect
interannual variability of spring phenology by reducing accumulated GDD during
spring. According to future climate projections, winter precipitation as well as
temperature will increase in the Northern Hemisphere mid- to high latitude regions
(IPCC, 2013). Even though it is uncertain whether the increased winter
precipitation will lead to an increase in the amount of snow remaining until spring
in warmer climate (Räisänen, 2008; Brown and Mote, 2009), the increased
precipitation would slow down the advance of SOS with rising temperature. Based
on these findings, the author suggest that we should consider humidity, insolation,
and precipitation as well as temperature for accurate prediction of changes in
spring vegetation phenology.
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국문 초록

관측결과는 기후 변화가 육지 탄소와 물 순환에 중요한 역할을 하는 식생
의 생장 계절의 변화에 미치는 영향이 크다는 것을 보여준다. 최근 봄철
온난화가 식생의 생장 계절의 시작일 (SOS)을 앞당기는 주요한 요인이라
고 알려져 왔지만 생장 계절 이전의 강수와 비습과 태양복사 또한 SOS에
영향을 줄 수 있다. 관측 분석의 한계로 인해 각 기후변수들이 봄철 식물
계절 현상의 변화에 끼치는 영향을 정량화 하는 것은 어려운 일이다. 본
학위 연구에서, 저자는 Community Land Model 4.5 (CLM4.5)를 사용한 일련
의 실험을 기반하여 북반구 한대림 (>40°N)에서 1982─2005동안 온도, 강
수, 비습, 일사량이 SOS의 트렌드와 경년 변동에 끼치는 영향을 조사하였
다. CLM4.5 실험 세트는 기후 변수들의 모든 변화가 포함된 하나의 제어
실험과 각 기후 변수의 영향을 격리 할 수 있는 4가지 민감도 실험으로
구성된다. 결과에 따르면 온도변화가 분석기간 동안의 SOS 트렌드
(−0.47 day decade-1)에 가장 중요한 요소였다. 다른 기후변수들도 SOS 트
랜드에 보조적인 역할을 했지만 온도에 비해 기여도가 작았다. 경년 변
동 관점에서는 봄철 온도, 비습, 일사량 모두 SOS와 유의미한 상관성을
가진다 (r =−0.62, −0.45, −0.45, 각각). SOS의 변화는 강수와 유의미한 상관
성이 없었다 (r =0.08). 그러나, 강수는 겨울철 강수량 (12월부터 3월)의
편차가 표준편차보다 큰 해에 봄철 (4월과 5월)의 생육도일을 8.1°C만큼
낮춤으로써 SOS를 1.04일만큼 분석 지역의 69.5%에서 늦추는 역할을 했
55

다. 위 결과들은 온도가 SOS의 트렌드와 경년 변동의 주요 원인이지만
다른 기후 변수들이 SOS의 경년 변동에 끼치는 영향 또한 무시할 수 없
음을 보여준다. 본 연구에서는 북반구 한대림에서의 식생의 SOS에 온도
이외의 강수, 습도, 일사량이 끼치는 영향을 강조하였고, 식생의 봄철 계
절성을 더 정확히 예측하기 위해서는 온도뿐만 아니라 다른 변수들의 영
향 또한 같이 고려해야한다는 것을 시사한다.
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