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A B S T R A C T

The present study focuses on the leaf unfolding dynamics of deciduous broadleaf forests in Central Europe.
MODerate resolution Imaging Spectroradiometer (MODIS) Normalized Difference Vegetation Index (NDVI) was
used to quantify green-up duration (GUD) for the wider Carpathian Basin located in Central Europe, covering the
time period 2000–2019. GUD was calculated for ~170 000 pixels with deciduous broadleaf forest cover at 500 m
spatial resolution. The GUD exhibited large interannual and elevation-dependent variability where the latter
likely indicates the distribution of the different species. The longest mean GUD occurred in 2017 (32.7 days),
while the shortest (14.5 days) was associated with 2018. The relationship between the start of leaf unfolding
(SOS) and the GUD (R = -0.62) reveals that the timing of the bud break plays an important role in the leaf
unfolding process. Multiple linear regression models were constructed to explain and forecast the GUD based on
the date of SOS, the elevation and the meteorological variables. The main explanatory variable was the SOS date,
explaining 38.3% of the GUD variability (RMSE=8 days), while the addition of the elevation and its square to
the model increased the explained variance to 47.8% (RMSE=7.34 days). Further addition of meteorological
variables covering periods prior to and after the SOS increased the explained variance (the best R2 was 0.65).
The results indicate the complexity of processes that drive the leaf unfolding. We propose that future studies
should consider SOS, elevation and meteorological variables together to interpret GUD dynamics. Earlier SOS
implies longer GUD, while delayed SOS is associated with short GUD, which means that the benefits of climate
change possibly realized as a longer growing season could be smaller than anticipated. Accurate estimation of
the SOS is a prerequisite for the successful modeling of the GUD.

1. Introduction

Spring leaf unfolding is a spectacular recurring event at the mid-
and high latitudes that is associated with deciduous vegetation
(Menzel et al., 2006; Peaucelle et al., 2019). Onset of vegetation growth
causes a major change in landscape greenness and has implications for
albedo, surface energy fluxes, carbon balance, trace gas exchange,
evapotranspiration, and other processes, therefore it is considered as
one of the most important phenological events (Cleland et al., 2007;
Richardson et al., 2013; Piao et al., 2019). The onset of vegetation
growth is routinely observed worldwide by phenological networks and
by experimental sites at spatial scales spanning from individual plants
to a few hectares where the latter is associated with eddy covariance
sites (see Cleland et al., 2007 and Piao et al., 2019 for overviews).

Several lines of evidence indicate that the timing of spring green-up
changed in the past decades so that leaf unfolding starts earlier and this
phenomenon is considered as a major indicator of global warming
(Menzel and Fabian, 1999; Menzel et al., 2006; Rosenzweig et al., 2007;
Richardson et al., 2013). Models of different complexity have been
formulated to quantify the timing of spring green-up based on en-
vironmental data (Jolly et al., 2005; Basler, 2016; Elmendorf et al.,
2019; Piao et al., 2019; Peaucelle et al., 2019).

Dynamics of vegetation green-up after bud break (characterized by
e.g. the leaf unfolding speed, the progression of leaf unfolding or the
duration of spring green-up) is an essential factor that influences plant
production and carbon cycle as timing of the start of the season (SOS)
and green-up duration jointly determine the date when plants reach
their maximum capacity for growth (Xu et al., 2016; Westergaard-
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Nielsen et al., 2017). There is consensus that earlier green-up typically
promotes ecosystem productivity and can influence the annual carbon
uptake of the ecosystem (Richardson et al., 2013; Piao et al., 2019).
Clearly, the realization of such potentially enhanced production is
modulated by the dynamics of leaf unfolding. It means that it is not
sufficient to study changes of SOS alone, but instead, SOS and green-up
duration should be investigated together. If coordination exists between
SOS date and green-up duration, the timing of the end of leaf unfolding
might not be reflected by the SOS date alone.

Contrary to SOS, considerably less attention was paid to studying
the dynamics of vegetation green-up after the bud break. Earlier studies
focused on the leaf unfolding rate of individual plants (Karlsson et al.,
1990; Karlsson and Werner, 2001). Later, landscape and regional scale
studies were also published (Richardson et al., 2006; Davi et al., 2011;
Yu et al., 2016; Westergaard-Nielsen et al., 2017; Klosterman et al.,
2018). Remote sensing provides invaluable information on the pheno-
logical development of the vegetation (Stöckli and Vidale, 2004;
Zhang et al., 2003; Pettorelli et al., 2005; Piao et al., 2019) that is
consistent with the in-situ measurements (Zhang et al., 2006;
Wilson and Meyers, 2007; Hmimina et al., 2013; Klosterman et al.,
2014; Balzarolo et al., 2016; Liu et al., 2017; Seyednasrollah et al.,
2018). In spite of the importance of the topic, only a few, remote sen-
sing based studies focused on the dynamics of leaf unfolding
(Reed et al., 1994; Hwang et al., 2011; Park et al., 2015;
Seyednasrollah et al., 2018; Wang et al., 2018).

It is notable that there is no standard method in the literature to
quantify the dynamics of leaf unfolding which complicates the com-
parison and interpretation of the published results. Furtermore, up to
the knowledge of the authors, no study has been published so far that
deals with the regional-scale variability and behavior of spring green-up
dynamics in Europe. Although Earth System Models (ESM) and
Dynamic Global Vegetation Models (DGVM) all include algorithms for
SOS estimation, explicit, ready-to-use models for predicting green-up
duration are largely missing from the literature. This study aims to

address these major gaps in our knowledge.
Central Europe is a climate change hot-spot that is related to the

climate and also to the special, vulnerable socioeconomic conditions
(Hlásny et al., 2015). During the past two decades, extreme weather
events characterized the climate of the region that is likely to increase
in the future (Kern et al., 2017; Rädler et al., 2019). The aim of this
study is to characterize the dynamics of leaf unfolding of deciduous
broadleaf forests after the bud break in Central Europe during
2000–2019 using the remote sensing based MODIS data. The motiva-
tion of the study originates from the spectacular and extremely rapid
flushing of the vegetation in Hungary and surrounding regions during
the spring of 2018 that was observable both from the daily MODIS data,
and on the ground. Here we take advantage of the exceptionally long
archive provided by the MODIS sensor onboard satellite EOS-AM1
(Terra) operational since 2000. The present work is based on the Nor-
malized Difference Vegetation Index (NDVI) of the last 20 years.

The paper tries to answer three major questions. (1) What is the
spring green-up climatology within the region and how large is the
interannual variability of spring green-up duration? (2) What en-
vironmental factors are responsible for the interannual and spatial
variability of the green-up duration? (3) Is it possible to construct
simple linear models that can be used to predict green-up duration
within the region?

In this paper, we focus only on the green-up duration; the detailed
description of the SOS is not the aim of the present study. The outcome
of the study can be used to improve ecological and biogeochemical
models so that phenology representation will be more realistic.

2. Materials and methods

2.1. The study area

The target area of the present study is the wider Carpathian Basin
located in Central Europe (Fig. 1). Its extent was determined by the

Fig. 1. Map of the study area, showing forests below 1500 m based on the synergistic use of MODIS and CLC2012 land cover and the SRTM elevation datasets (see
text). Note that only deciduous broadleaf forest pixels were used in the study. The red dashed line represents the exact study area, determined by the applied
meteorological dataset.
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spatial coverage of the applied meteorological dataset and the land
cover databases (see below). The calculations were performed for the
deciduous broadleaf forests of those countries which are located fully or
almost fully within the study area. Those countries are (from North to
South) Czechia, Slovakia, Austria, Hungary, Romania, Slovenia,
Croatia, Serbia, and Bosnia and Herzegovina. Based on the applied
meteorological dataset (see Section 2.3) the mean annual temperature
during 2000–2018 was ~10.1 °C, while the mean annual precipitation
was ~810 mm in the study area. The climate of the region is con-
tinental and temperate according to Köppen's classification scheme,
with high biodiversity and variability in the meteorological conditions.

2.2. The land cover and the elevation datasets

In order to study the phenology of deciduous broadleaf forests
during the full MODIS era, we selected so-called “reliable” pixels with
500 meters spatial resolution based on the synergistic use of CORINE
2012 (CLC2012) database (Büttner and Maucha, 2006; EEA, 2016) and
the IGBP (International Geosphere Biosphere Programme) classifica-
tions of the new version of the MODIS Land cover products, with 500 m
spatial resolution (Collection 6 MCD12Q1, Sulla-Menashe and
Friedl, 2018). Due to the improvements, the new IGBP dataset does not
suffer from the misclassification of broadleaf forests into mixed forests,
as was the case with the previous version (Friedl et al., 2010). Both the
IGBP and CORINE databases fully cover our study area with the ex-
ception of Ukraine which is not covered by the CORINE. The CLC2012
dataset was intersected with the MODIS grid at 500 m spatial resolution
in order to obtain the distribution of area according to CLC classes for
each of the MODIS pixels (for details see Kern et al., 2017).

Reliable pixel selection was based on two criteria. The first was to
use only “stable” pixels, namely pixels which had the same MODIS IGBP
deciduous broadleaf forest (class 4) land cover type during the
2001–2016 period (for which the MCD12Q1 dataset is available). The
second was to use only those pixels in which at least 99% of the pixel
area was categorized as broad-leaved forest (CLC code 311) by the
CORINE dataset (see Kern et al., 2017). Using this approach we selected
MODIS pixels with high probability of being deciduous broadleaf for-
ests (DBF). Fig. 1 presents the geographical location of the pixels within
the investigated land cover types.

The elevation of every MODIS pixel was estimated as the mean
elevation within a given MODIS pixel based on the elevation data from
the Shuttle Radar Topography Mission (SRTM) Digital Elevation
Database (DEM) v4.1 with 90 m spatial resolution (Jarvis et al., 2008).
The elevation distribution of the selected pixels is presented in Fig. 2.

Deciduous broadleaf forests above 1500 m elevation (only 131 pixels)
were excluded from the study.

2.3. Meteorological dataset

To investigate the effects of weather on vegetation greening, we
used the Open Database for Climate Change Related Impact Studies in
Central Europe (FORESEE) v3.1 (Dobor et al., 2014). This freely
available meteorological database contains observed and projected
daily maximum/minimum temperature and precipitation fields for
Central Europe on a regular grid with a spatial resolution of 1/6° × 1/
6°, covering the 1951–2100 period. Daylight shortwave radiative flux
was calculated on the same grid using the widely validated MTClim
model (Thornton et al., 2000). For the past 1951–2019 period, the
updated FORESEE v3.1 (http://nimbus.elte.hu/FORESEE/) provides
observation-based interpolated meteorological fields for the wide re-
gion of the Carpathian Basin, using the E-OBS 17e dataset (Cornes et al.,
2018).

In order to build different models and to match the spatial resolu-
tion of the used remote sensing datasets, daily, 8-day, 16-day and half-
monthly values (temperature means and precipitation sums) were cal-
culated on the finer grid of the MODIS products with 1000 meters
spatial resolution using elevation as supplementary data, based on the
methodology of Kern et al. (2016). In the case of the radiation, the
daylight shortwave radiant flux (in W m−2) were multiplied with the
corresponding day length (in seconds) to get the amount of energy in
MJ m−2. Country-averaged mean values with 8-day temporal resolu-
tion were also derived.

2.4. The remote sensing based dataset

2.4.1. Obtaining NDVI time-series from the MODIS reflectance dataset
To describe the phenology of the vegetation, official products cre-

ated from the data of the MODIS sensor onboard satellite Terra were
used. MODIS is a unique and extremely valuable tool for the monitoring
of the vegetation phenology, due to its sophisticated onboard calibra-
tion and high radiometric and spatial accuracy (Justice et al., 1998),
and also due to the remarkable length of the provided dataset. We
calculated NDVI from the latest version (Collection 6) MOD09A1 sur-
face reflectance product with 500 m spatial resolution (Vermote, 2015)
for the period of 2000–2019 (LP DAAC, 2018). MOD09A1 contains
atmospherically corrected reflectances for the visible bands 1–7 with 8-
day temporal resolution. Since NDVI is defined as (ρNIR − ρRED)/
( ρNIR + ρRED), where ρNIR and ρRED are the surface reflectances in the
near-infrared (NIR) and visible red (RED) range of the spectra, re-
spectively, Band-2 (as ρNIR) and Band-1 (as ρRED) were used. The
MOD09A1 temporal composite Hierarchical Data Format (HDF) pro-
duct contains Quality Control (QC) Flag, State and Julian date informa-
tion at the pixel-level as well. This information is essential for deriving
quality filtered NDVI time-series, where the time stamp of the data
refers to the exact dates when they were measured. In other words, for a
given pixel from the 8-day MOD09A1 dataset two consecutive NDVI
data points can have a temporal distance between 1 and 15 days which,
if neglected, could result in erroneous NDVI curve which does not re-
flect the real phenology.

Since the target area of the present study is the wider Carpathian
Basin in Central Europe, data for 4 tiles covering this area were
downloaded and processed (h18v03, h18v04, h19v03 and h19v04).
The reason to work at 500 m spatial resolution (instead of the finer
250 m) was the intention to match the spatial resolution of the derived
NDVI dataset with the available land cover datasets.

2.4.2. Pre-processing of the NDVI dataset
Quality filtering of the dataset at the pixel-level was performed

using the built-in State information embedded in the products, applying
the strictest criteria to preserve only the best quality data regarding all

Fig. 2. Number of the deciduous broadleaf forested pixels for each elevation
classes within the whole domain.
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possible issues such as clouds, cloud shadows, aerosol, fires and snow
contamination. Pixels with less than 40% of good quality data during
the 20 years were excluded from the processing to avoid creating a
distorted NDVI curve. This usually happened in the case of broadleaf
forests in the rocky mountain regions or near open water surfaces, such
as lakes, rivers, or sea. The applied 40% threshold resulted in dropping
only 0.97% of the deciduous broadleaf forests pixels within the study
area. From the remaining pixels (having more than 60% data points
with satisfactory QC flag) data points with poor QC were discarded.
Data gaps were then filled with linear interpolation from the remaining,
temporally adjacent data points, taking into account the exact time
stamps (in Julian dates) of their acquisition. This pre-processing
methodology is presented in Fig. 3 as an example NDVI curve of a
forested pixel, showing the raw data based on QC-flag discrimination
and the interpolated values at the original Julian dates. The quality
checked and gap-filled 8-day NDVI dataset was resampled using linear
interpolation into a daily dataset, which served the basis for the pixel-
level investigations.

2.5. Quantification of the green-up dynamics

2.5.1. Calculation of the green-up duration from the NDVI dataset
For the purpose of this study, we defined the green-up as the part of

the spring phenological development, which is characterized by the
sharp, mostly linear rise in the NDVI curve that represents leaf flushing
(Reed et al., 1994; Pettorelli et al., 2005; Park et al., 2015;
Seyednasrollah et al., 2018; Wang et al., 2018). This period was se-
lected because it represents the time window when the development of
leaves is likely to be most dependent on the weather conditions and, in
comparison to other stages in leaf development, it is the period when
the cost of the possible frost damage to the tree is probably the highest
(Lenz et al., 2016).

Phenology development assessed with remote sensing reflects the
average phenological state of the observed area, where some species
(e.g. in tree layer) may still appear dormant, some species (e.g. un-
derstory bushes layer) are undergoing bud break, and other (e.g. her-
baceous layer) may already exhibit advanced development stage. This
implies that for a given pixel the bud break happens at some threshold
NDVI value which is larger than the observed minimum NDVI (NDVImin)
during winter and early spring. Commonly used method in the

literature to determine the SOS is to set the SOS as the DOY when NDVI
reached NDVImin plus 20% of the NDVI span (e.g. Kang et al., 2003;
Shen et al., 2015; Wang et al., 2018; Peano et al., 2019), where NDVI
span is defined as the difference between the maximum and the
minimum NDVI during spring (NDVIspan= NDVImax− NDVImin). In our
study, we also selected NDVImin plus 20% of the NDVIspan (denoted
henceforth as NDVI20) as the threshold for determining the SOS, to
mark the beginning of the green-up period.

The end of the green-up (EOG) was set to NDVImin plus 80% of the
NDVIspan (NDVI80). The 80% upper threshold was used to apply a
symmetrical cut-off around the middle of the NDVI curve. Selection of
the 80% threshold was also supported by the observation that leaf ex-
pansion slows down around the 80% threshold. Wang et al. (2018)
provided detailed reasoning about the selection of the thresholds for the
detection of the velocity of vegetation green-up at the global scale. They
also used the 20% and 80% threshold of the seasonal amplitude to
represent the entire period of vegetation green-up. Hentze et al. (2016)
also used the 80% limit as an upper threshold based on the widely used
TIMESAT software.

NDVImin and NDVImax were determined from the interpolated daily
NDVI data as the lowest and highest value of the NDVI curve during the
first half of the year (between DOY 44 and DOY 180). The dates of the
lower and upper NDVI thresholds (NDVI20 and NDVI80) were estimated
as the DOY when the daily NDVI becomes (for the first time) equal or
greater than NDVI20 and NDVI80, respectively. DOY20 is referred to as
the start of the season (SOS), and DOY80 as the end of greening (EOG).
The time between SOS and EOG corresponds to the green-up duration
(GUD). Fig. 3 demonstrates the methodology to quantify the green-up
dynamics through an NDVI curve of a given pixel with deciduous
broadleaf forest in Hungary, in 2007.

The GUD calculated in this way is not equal to the full length of the
overall greening. The GUD defined in this way is more dependent on
weather than the total time length between NDVImin and NDVImax,
which is affected by other factors as well. After reaching NDVImin during
early spring the apparent development of the NDVI, observed from
space, can be influenced by patches of snow, which is common in the
Carpathian Basin during that period. This can affect the accuracy of
estimation of the time when the increase of NDVI started as a result of
actual greening. Similarly, near the end of the total greening, in addi-
tion to meteorology other effects such as those of leaf pests, herbivores

Fig. 3. Example of the processing of the MOD09A1 datasets
for a forested pixel in Hungary (47.873°N, 19.881°E), where
both the values of the raw MOD09 dataset and the quality-
filtered NDVI curves are also shown. Minimum and maximum
values between Julian day 44 and 180, the 20–80% cut off
values (NDVI20 and NDVI80) of the NDVI range, and the re-
lated DOY20 and DOY80 are also indicated.
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and pathogens, impact the state of the vegetation, and consequently the
NDVI. Therefore the magnitude and timing of the maximum NDVI also
vary between years. Since the starting and ending part of the total
greening is disproportionally more affected by other factors than me-
teorology, those parts were discarded from our study.

Based on the derived, 20-year long, pixel-level dataset of phenolo-
gical characteristics, we applied two further criteria to filter our da-
taset. This filtering aimed at removing pixels for which it is suspected
that they contain non-negligible share of conifers, or they are affected
by disturbance (e.g. final harvest, or strong natural disturbance).
Namely, pixels for which the NDVI20 was higher than 0.65 at any year
during 2000–2019, or the NDVI80 − NDVI20 (NDVI range) was less
than 0.2 at any year, were discarded from further analysis. The critical
value of 0.65 was selected as the mean NDVI plus the 1.96 standard
deviations of the mean, of all deciduous broadleaf forest pixels within
the study area, during all years. The critical value of 0.2 was selected
similarly, as the mean of NDVI80 − NDVI20 minus 1.96 standard de-
viations of the mean for all deciduous broadleaf forest pixels within the
study area, during all years. This resulted in discarding 17.46% of all
previously selected candidate deciduous broadleaf forested pixels. The
final number of the pixels used in the study was 169 667.

2.5.2. Model construction
In our study the GUD was modeled using multiple linear regression

method. Decision to use linear models was made after reviewing the
literature and careful consideration and weighting of potential benefits
(model accuracy) and costs of model selection (levels of complexity of
the model). Recognizing the lack of reliable data on the spatial dis-
tribution for tree species (and understorey species), and considering the
performance of process-based models for the SOS estimation at the level
of single tree species (Olsson and Jönsson, 2014; Basler, 2016), we
concluded that the use of simple linear models would be the best ap-
proach for modeling the GUD. Our hypothesis was that the GUD is most
affected by the environmental conditions shortly before the SOS and
during the whole vegetation green-up, namely between SOS and EOG.

We discriminated two different model types: the diagnostic (or ex-
planatory) and the prognostic models. The diagnostic models try to
explain the observed variability of GUD based on information which
might involve a driving variable even during the entire green-up period.
In contrast, the prognostic models aim to provide a forecast for the GUD
using environmental data observed before bud break (SOS). For some
prognostic models, we also allowed the inclusion of the drivers during
the first 8 days after the SOS. The reason behind this logic is the as-
sumption that in a real-world scenario, the modeling of GUD could be
made at the time of the SOS by also using 8-day weather forecast. The
8-day period was selected as it seems that a lower limit for the GUD
exists (see Results).

For building the GUD models we considered three types of variables
that were used at the pixel-level: (i) meteorological variables: daily
minimum temperature (Tmin), in °C; daily maximum temperature
(Tmax), in °C; amount of available shortwave solar energy (Rad), in
MJ m-2 day-1; and precipitation (Prec), in mm day-1, (ii) site variable:
elevation (DEM) in m a.s.l., and elevation squared (DEM2), and (iii) SOS
in DOY, estimated from the processed remote sensing dataset. The
reason to involve DEM2 in the models was to take into account the
observed nonlinear elevation dependency of the GUD (see Section 3), as
it was also proposed by Hwang et al. (2011). The inclusion of SOS in the
model was supported by the observed co-variation between SOS and
GUD (see Section 3.2.2) that was also supported by observations at
forested sites in the USA (Klosterman et al., 2018). We acknowledge
that the use of SOS from remote sensing data as a predictor variable
could be argued in a prognostic model, but such use of SOS in ex-
planatory models is justifiable.

The co-linearity of the selected meteorological variables was

addressed in Kern et al. (2018) for Central Europe. It was presented that
Tmax and Tmin show only moderate co-linearity which means that the
inclusion of both variables as predictors in the models is realistic.
Piao et al. (2015) proposed that maximum temperature has a greater
effect on the timing of SOS than minimum temperature. This suggests
that Tmin might be dropped from the analysis. Here we decided to keep
Tmin as a predictor because we focus on the leaf unfolding process and
not on the timing of SOS. During leaf unfolding photosynthesis and
most likely respiration also play role, and they are governed by Tmax
(which controls photosynthesis) as well as Tmin (that affects nighttime
respiration thus the availability of the new assimilate for allocation).

Considering the reference point for the selection of the time inter-
vals for averaging of the driving meteorological variables (see
Section 2.3), two approaches (two model classes) were possible to
create models based on the fact whether the date of the SOS was used in
modeling, or not. The first approach is the “relative time” approach,
where the SOS is used as the reference point in time. The second one is
the “absolute time” approach, where the reference point is a fixed ca-
lendar date (1st of January in our case for simplicity). The first class of
GUD models using the relative time approach serves as either explaining
or forecasting the GUD at the time of the SOS, or soon after that (but
only for 8 days, i.e. still before the end of the GUD). These models were
built from pixel-level data with meteorological variables averaged over
different number of days (defined as averaging period, abbreviated here
as AP) before and/or after the SOS. A special case was when AP after
SOS exactly matched the GUD (the time between SOS and EOG). The
second class of models was based on the absolute time approach, where
the selected meteorological variables were averaged over 15-day per-
iods. The simplest, so-called null model, where the GUD model assumes
a constant value which is equal to the mean GUD over all pixels and all
years, was used as a reference (Basler, 2016).

Model construction was based on the selection of the most influ-
ential time periods and variables that affect the final GUD using cor-
relation analysis, which was performed between the annual GUD and
the meteorological variables. To the identification of the most influ-
ential time periods, 8-day time step and 16-day averaging periods were
applied, as they seemed to be robust enough, also ensuring information
with fine temporal resolution.

The general form of the GUD models based on both the relative time
approach and the absolute time approach was:

= + + +

+ + + +

Tmax Tmin Rad Prec

DEM DEM SOS constant

GUD ( · · · · )

· · · ;
AP

AP AP AP AP AP AP AP AP

2 (1)

where TmaxAP, TminAP, RadAP, PrecAP are the mean of maximum tem-
perature, minimum temperature, radiation and precipitation for a given
AP, respectively, and αAP, βAP, γAP, δAP, ε, ζ, η are model parameters.
Several models were constructed based on Eq. (1) with different com-
binations of the meteorological variables and averaging periods. Not all
meteorological variables are used in some of the models, which means
that the number of model parameters changes model by model. Among
the many models here we present those that differ in terms of perfor-
mance indicators.

A total of 12 models were selected and analyzed here including the
null model. Two models use only DEM and/or SOS (M1 and M2). Eight
models utilize meteorological data based on the relative time approach.
Two of them are purely prognostic models (M3 and M4) as they use
meteorology only before SOS. Three of them allow the inclusion of the
drivers during the first 8 days after the SOS as well (M6, M8 and M10).
Three models are purely diagnostic models (M5, M7 and M9) as they
use meteorology during the whole period of the green-up. Only one
model (M11), which is also a prognostic model, uses meteorological
data based on the absolute time approach.
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As the performance of a model can only be estimated on in-
dependent data (in other words, on out-of-sample data), all of the
constructed models were calibrated on a subset of pixels by randomly
selecting 70% (118 767) of all pixels. The validation of each model was
performed on the remaining 30% (50 900) of the pixels. It should be
noted that every pixel corresponds to 20 data points (20 years) resulting
in a calibration and validation dataset of approximately 2.375 × 106

and 1.018 × 106 data points. To quantify the relationship between
different quantities and the goodness of the models the linear correla-
tion coefficient (R) and its square (explained variance) were calculated.
The goodness of the models was also quantified with the root mean
square error (RMSE). The statistics of the model coefficients (estimates,
standard errors, t-statistics, p-values) were also considered.

Processing of the phenological and meteorological datasets and
execution of the calculations was performed using the Interactive Data
Language (IDL) version 8.6 (Harris Geospatial Solutions, USA). The
model construction based on multiple linear regression was performed
using the regress function, while the statistics of the coefficients were
calculated using the IMSL_multiregress.

3. Results

3.1. Dynamics of spring green-up

3.1.1. Climatology of the spring green-up duration and the related
characteristics

Fig. 4 shows the multiannual mean green-up duration for the whole
study area for 2000–2019. The map shows large variation of GUD for

deciduous forests in Central Europe. There is no clear pattern in the
spatial distribution of mean GUD. Given the elevation map of the region
(not shown here) there seems to be some dependency on the topo-
graphy.

The frequency distributions of the main variables used in our re-
search (GUD, NDVI range of GUD, dates of SOS and EOG, see
Section 2.5.1) are shown in Fig. 5 for the whole study area during
2000–2019, where both the distributions created from all years (light
blue), and also its multiannual means (black) are shown. The multi-
annual mean GUD of the deciduous broadleaf forests in the whole do-
main varied between 16.9 and 37.3 days (1 and 99 percentiles, re-
spectively), with a mean GUD of 23.7 days, with a slightly positively
(right) skewed distribution. Broadleaf forests had the lowest mean GUD
values in Slovakia, and the highest in Slovenia, with 22.9 and 25.9
days, respectively. The multiannual mean NDVI amplitude between
SOS and EOG was 0.286, with the 1–99 percentile range of
0.243–0.336, respectively. The calculated multiannual mean dates of
SOS and EOG were DOY 100 and DOY 123, respectively, with the 1–99
percentile range of DOY 86 to DOY 113, and DOY 112 to DOY 140 for
SOS and EOG, respectively.

3.1.2. Interannual variability of green-up duration
Fig. 6 shows the interannual variability of the green-up duration for

the forested pixels for all years during the period of 2000–2019, for
each countries separately, and also for the whole domain (last panel).
On the figure we can observe considerable differences between dif-
ferent years. It can be observed for all countries of the wider Carpathian
Basin that the GUD timing pattern shows synchronism between

Fig. 4. Map of the multiannual mean green-up duration (in days) of deciduous broadleaf forests in the study area during 2000–2019.
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countries.
Though patterns between years differ, but the years 2003, 2013,

2016 and 2018 had the shortest, while 2017 and 2019 had the longest
mean GUD on average. The year 2018 showed the shortest mean
duration for all countries, except for Bosnia and Herzegovina and
Czechia, where it was the second shortest observed mean GUD (after
2013 and 2000, respectively). The mean GUD in the whole domain in
2018 was only 14.5 days, which is considerably shorter than the 23.7
days of the multiannual mean GUD. In 2018 broadleaf forests in
Romania, Slovakia and Serbia had GUD even shorter than the mean
value of the whole domain. The forests in Romania had the shortest
(13.3 days), while forests in Slovenia had the longest mean GUD (17.2
days) in 2018. Interestingly, the year 2017 (i.e. the year before 2018
that was associated with the shortest GUD), was also remarkable. In
that year deciduous broadleaf forests exhibited the longest mean GUD
in most of the countries, except Croatia, Slovenia, and Serbia. But even
in those countries, 2017 was the second or the third slowest year. The
whole domain mean GUD in 2017 was 32.7 days, where the forests in
Czechia showed the highest (37.9 days), while in Romania the lowest
mean GUD (31.3 days).

In Croatia the year characterized with the longest mean GUD was
2002 (30.3 days), in Slovenia 2004 (32.9 days), and in Serbia 2002
(36.7 days). This means that the average GUD in the study area was at

least twice as long in 2017 as compared to 2018. Moreover, in 2018, the
distribution of the GUD was the narrowest for all of the countries except
Bosnia and Herzegovina, implying a very fast and steady greening of
the forests of the wider Carpathian Basin. Consequently, the standard
deviation of the mean GUD for the whole domain was the smallest in
2018 and the largest in 2002, with values of 5.6 and 12.3 days, re-
spectively.

Table A.1 in Appendix A presents the descriptive statistics
(mean± standard deviation) of the interannual variability of the main
green-up related variables used in the present study. Trend analysis
during the 2000–2019 study period is also shown in the table. There is
no overall statistically significant trend in GUD in the domain during
the period 2000–2019. Although the detailed trend analysis of GUD is
not in focus of the present paper, there appears to be an increase in the
frequency of record-high and record-low GUD values in recent years
(Fig. 6). In other words, the leaf unfolding of the deciduous broadleaf
forests in the studied part of Central Europe increasingly occurring
during ever shorter, or ever longer periods, than before.

3.1.3. Extent of areas with the shortest GUD during 2000–2019
In order to find extreme years in terms of GUD, the shortest GUD

during 2000–2019 and the associated year was identified for every
pixel separately. Then, for each year, the number of pixels with the

Fig. 5. Frequency distribution of (a) the GUD, (b) the NDVI range of the green-up, (c) the date of SOS, and (d) the date of EOG based on all years (light blue) and also
on its multiannual means (black), for the deciduous broadleaf forest pixels (n = 169 667) within the whole study area during 2000–2019.
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Fig. 6. Box-whisker plots showing distribution of the yearly GUD for deciduous broadleaf forests of the individual counties during 2000–2019. The diagrams show 5,
25, 75 and 95 percentile values, where the mean (yellow lines) and median (red lines) values are also indicated. The number of deciduous broadleaf pixels of each
country (n) is also indicated on the plots.
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shortest GUD associated with that particular year was counted for the
study area. Fig. 7 presents the results of this analysis, separated by
countries. In this kind of analysis the total sum of the shares for a given
country during the study period is always 100%. These results show
that in Hungary, Austria, Slovenia, Slovakia, and Croatia the shortest
GUD affecting the largest area occurred unequivocally in 2018, with a
value of 39.2%, 37.8%, 34.3%, 31.8%, and 26.1%, respectively. In
Czechia, the year 2000 showed the largest area (31.2%) with the
shortest GUD, while in Bosnia and Herzegovina the year corresponding
to the largest affected area was 2013 with the value of 23.3%. These
percentages of the largest affected areas are in accordance with the
identification of years of the shortest mean country-averaged GUD
(Fig. 6). In Romania and Serbia, the shortest mean GUD occurred in
2018 (Fig. 6), while the year associated with the largest area with the
shortest GUD was 2013, with values of 27.4% and 29.0%, respectively.
Note that the size of the affected area was significant in 2018, too. It
means that although the year of the mean shortest duration was 2018 in
those two countries, less area was affected than in 2013. Generally, in

the whole study area the largest areas of the shortest GUD values oc-
curred in 2018, 2013, 2003, 2000 and 2016 (in decreasing order) with
the mean values of 27.9%, 17.8%, 12.7%, 11.1% and 9.4%. In 2008,
2014, 2017 and 2019 the areas where the GUD was the shortest during
the observed 20 years took on average less than 0.14%, 0.14%, 0.11%
and 0.17% of the total area of the deciduous broadleaf forests, re-
spectively. These years corresponded only to 7.8%, 6.5%, 16.6% and
13.2% share, respectively, as the longest duration in the given years,
indicating a less steady and uniform greening in larger areas during the
slowest years.

3.2. Drivers of green-up duration

3.2.1. Relationship between GUD and the meteorological variables
At first, we focused on the relationship between the area-averaged

GUD and meteorological variables for all deciduous broadleaf forests
within the whole domain. Fig. 8 shows the linear correlation coeffi-
cients (R) between the GUD and the average of each meteorological

Fig. 7. Percentages of the deciduous
broadleaf forested pixels showing the
shortest green-up duration in each
year. The total numbers of the studied
pixels (n) by countries are shown in the
legend. Circles are indicating the years
having the highest number of pixels
with the shortest durations during the
investigated period of 2000–2019.

Fig. 8. Linear correlation coefficients
(R) between the area-averaged mean
yearly green-up duration and the
mean meteorological variables for the
16-day time period prior to SOS for the
deciduous broadleaf forests of the
whole domain during 2000–2019.
Larger symbols mark the statistically
significant R values (p< 0.05). Points
are plotted at DOY representing the
last day of the 16-day long averaging
period (in 8-day steps). Dashed ver-
tical lines are separating the months.
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variable using a 16-day long interval for the time period of 2000–2019.
Results are shown in 8-day steps (see Section 2.5.2) where the R values
were calculated based on the yearly, area-averaged GUD values and the
area-based means of each of the meteorological variables (note that
Fig. 8 shows data only until DOY 128 when the majority of deciduous
broadleaf forests in the domain already reach the EOG; see Fig. 5d). The
statistically significant (p< 0.05) R values are highlighted in the figure.
Note that we repeated the correlation analysis presented in Fig. 8 using
partial correlations as well, where one other meteorological variable
was excluded from the analysis one by one. The partial correlations
showed similar pattern, thus we decided to use the linear correlations
for simplicity.

The R-curves of the individual countries show somewhat different
strengths of correlations (not shown here), but the correlations agree in
pattern with those shown in Fig. 8 for the whole domain. Depending on
the period considered, the GUD shows moderate to strong (categor-
izations based on Evans (1996)) positive correlations both with the
Tmin and Tmax from mid-February until early April, but there are only
some periods when the correlations are statistically significant
(p< 0.05; see Fig. 8). Starting from the middle of April the correlation
between GUD and Tmax becomes moderately to strongly negative
(p < 0.05), while for Tmin it is moderately negative, but statistically
significant only in the second half of April. The GUD strongly negatively
(p< 0.05) correlates with Rad only during the last 3 weeks of April and
early May. It is interesting to note the moderate positive, albeit not
statistically significant correlation between GUD and Rad in the middle
of February. Prec, as expected, shows pattern which is almost opposite
to that of Rad, with moderate negative (p < 0.05) correlation between
GUD and Prec in the middle of February, and strong positive (p< 0.05)
correlation in mid-April and early May. Taking into account that in the
study area the SOS most frequently occurs around DOY 100 (Fig. 5c),
while the EOG occurs most frequently around DOY 125 (Fig. 5d), it is
worth noting that the period (DOY 105–120) of the highest observed
correlations between the GUD and the meteorological variables fall
precisely in the middle of the period between the mean SOS and EOS.

Considering the apparent importance of the time period between
SOS and EOS, the correlation between the area-averaged GUD and a
given mean meteorological variable during the green-up period

(calculated as the area average of the mean between SOS and EOG for
that meteorological variable, and hereafter marked with an asterisk (*))
was also calculated for the whole domain, and separately for the
countries as well. At the domain-level, the highest correlation was be-
tween GUD and Tmax* with an R value of -0.91. At the country-level,
the strongest correlation between the GUD and the Tmax* was present
in the case of forests in Croatia (R= -0.93) and the weakest in the case
of Slovakia (R = -0.83) (all values are statistically significant at the
level of p< 0.0001). The slopes of the linear relation between GUD vs.
Tmax* span between -1.79 day°C−1 (Slovakia) and -2.34 day°C−1

(Czechia). Considering the study domain as a whole, the slope is -2.04
day°C−1. In other words, a 1 °C increase in the mean maximum tem-
perature during the green-up (i.e. Tmax*) in the study area corresponds,
on average, to 2.04 days decrease in the mean GUD.

As the area-averaged relationships between GUD and the meteor-
ological variables might hide essential information at smaller spatial
scales, correlation analysis similar to the one presented above and
based on the pixel-level data was made as well. Fig. 9 presents the
density scatter plot between the GUD and the mean Tmax* at the pixel-
level, in the whole domain during for the time period of 2000–2019.

The figure reveals a clear dependence of GUD on Tmax* during the
green-up, although the linear correlation coefficient shows weaker re-
lationship in this case (R= -0.57) as compared to the result of the area-
averaged regression. Interestingly, a lower threshold is visible for the
GUD (with a value of 8 days as the lower 1 percentile of the dataset),
meaning that even if Tmax* would increase, the GUD would not follow
it in a linear fashion. In other words, simple extrapolation outside of the
bounds of the dataset is not feasible. This lower threshold of GUD is
present for every country, although the R values differ. At the pixel-
level, broadleaf forests in Hungary reveal the weakest, and those in
Bosnia and Herzegovina show the strongest linear relationship between
GUD and Tmax*, with R values of -0.46 and -0.63, respectively. Lastly,
in comparison with the area-averaged correlations between the GUD
and Tmax*, the correlation between GUD and Tmin*, Rad*, and Prec*
was weaker at the pixel level, with R values of -0.36, -0.47 and 0.34,
respectively.

Investigating the effect of the meteorological variables prior to the
SOS, we found an R value of −0.38 between GUD and Tmax for the 4-
day long period before SOS. The R value is decreasing in magnitude
(correlation gets weaker) as the averaging period increases and pro-
pagates backward in time from SOS (not shown). GUD correlation with
Tmin behaves similarly, although with a weaker R value (R = -0.30).
GUD and Rad have an R value of -0.42. The GUD and Prec show no
noteworthy relationship.

Table A.1 in Appendix A presents also the statistics of the inter-
annual variability of the meteorological variables, where their trends
are also shown.

3.2.2. Relationship between GUD and the date of the start of season
Looking at the correlation between the GUD and the timing of SOS

at the pixel-level, we obtained an R value of the -0.62 (p< 0.0001) for
the whole domain. Calculating the correlations by elevation classes
with 100 m resolution in elevation, the R values for the whole domain
vary between -0.62 and -0.83. Interestingly, the weakest correlation is
present between 100 and 400 m (Fig. 10). Looking at the elevation
dependency of this relationship for the individual countries, we got
pattern which is less clear, with the weakest correlation generally
present between 100 and 700 m, while above that elevation the mag-
nitude of correlation increases. The stronger correlation representative
at elevations above 700 m indicates that the importance of SOS in de-
termining the green-up duration is increasing. Based on these results it
is clear that a delayed SOS implies a faster greening with shorter GUD.
Likewise, an earlier SOS is associated with an extension of GUD, which
in turn implies that shift in SOS and shift in EOG are not equal.

Fig. 9. Density scatter plot of the relationship between the mean maximum
temperatures during the green-up and the green-up durations at the pixel-level
during 2000–2019, for the deciduous broadleaf forests in the whole domain.
The annually aggregated, area-average mean values are also indicated on the
figure by white plus signs. The legend refers to the number of the pixels within
one 1 °C × 1 day square on the density plot.
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3.2.3. Relationship between GUD and elevation
Fig. 11 shows the elevation dependency of GUD for the deciduous

broadleaf forests for each year separately, and for all years together
(last, bottom right box-whisker plot) within the whole study area. The
diagrams clearly demonstrate the variability of GUD by elevation
classes, and also its interannual variability. In general, deciduous
broadleaf forests in the research area located between 400 and 500 m
altitude show the shortest GUD, with a mean (median) of 22.2 (21)
days, while those at 0–100 m and at 1400–1500 m reveal longer with
mean (median) of 27.9 (26) and 31.4 (27) days, respectively. Overall,
the mean GUD values show a decreasing trend of 5.7 days per 500 m (in
the 0–500 m elevation range), and an increasing trend of 8.3 days per
1000 m increase in elevation (in the 400–1400 m elevation range).

This elevation-dependent behavior of GUD was more pronounced in
some years (e.g. 2014 and 2016), while it was less clear in other years
(e.g. 2010, 2015; Fig. 11). In order to quantify the within-year elevation
variability of GUD, we calculated the standard deviation of the mean
GUD values of the individual elevation classes for every year. The
standard deviation of the mean GUD values quantifies variability be-
tween the elevation classes (SDbec), which was 3 days for the whole
research period (SDbec2000–2019). Looking at the individual years, the
mean GUD values were the least variable in 2010 when green-up
happened at a similar time and indicated uniform length at all eleva-
tions, with SDbec2010 of only 1.5 days. In contrast, the largest SDbec
was observed in 2016 (SDbec2016=9.2 days). In years 2003, 2013 and
2018, characterized with very short overall mean GUD, the variability
among elevation classes was close to average with SDbec values of 2.5
days, 3.1 days and 3.9 days, respectively. In contrast, considering the
years characterized with very long mean GUD, the between-elevation
variability was greater than the average with SDbec values of 5.5 days
in 2008 and 7.3 days in 2014.

The variability of the GUD within a given elevation class (in a given
year, or for all years together), quantified by the standard deviation of
the GUD values within a given elevation class (SDwec), is another as-
pect of GUD variability that should be considered. Looking at all years
pooled together, the scatter of the distribution of the GUD values in a
given elevation range had its minimum for the 300–400 m elevation
class with an SDwec2000–2019 value of 8.7 days, and then becomes wider
with both decreasing and increasing elevation (Fig. 11, last panel). At
1400–1500 m SDwec2000–2019 was 15.6 days, which is almost two times

larger than the GUD variability at 300–400 m. Overall, the within
elevation class GUD variability (SDwec2000–2019) shows an increasing
trend of 5.3 days per 1000 m increase in elevation in the 0–1500 m
elevation range, and 6.9 days per 1000 m increase in elevation in the
300–500 m elevation range.

The GUD distribution with respect to elevation classes varies con-
siderably between years. The mean of the SDwec for all elevation
classes (MSDwec) was the highest in 2002 (14.5 days), while it was the
lowest in 2018 (6.4 days; indicating the most steadily shortest GUD),
with the overall MSDwec2000–2019 of 9.7 days. The linear regression
between the yearly MSDwec and the yearly mean GUD results in a
highly significant (p < 0.0001) value for the slope of 0.29 ± 0.05
day day-1. This means that for each day of increase in the mean GUD the
mean variability increases almost 0.3 days.

Within the whole study area the GUD in 2018, which is character-
ized with the shortest mean duration, was the shortest only up to 700 m
with a lowest median GUD of 12 days (at 300–600 m), and with a mean
median of 13.7 days. Above this altitude, the fastest greening occurred
in 2003, with a mean median of 12.9 days, and the lowest median of 12
days at the elevation range of 700–1200 m (note that the mean values
are close to the median values). These years are tightly followed by
2013 where fast greening was present at all elevation classes. The year
characterized with the slowest leaf unfolding between 200 and 900 m
was 2017, while above that it was 2014, with a mean median duration
of 32.1 days and 40.2 days, respectively. Based on the 5 percentile
values the shortest green-up durations happened in 2003 with the value
of 7 days at 700–1100 m altitude. On the contrary, in 2014 at the same
height the green-up of the forests based on their 5 percentile values
were on average 22.8 days. These values are indicating high inter-
annual variability with significant differences amongst the elevation
classes. We assumed that values above 1400 m are less representative
due to the lower number of studied pixels (58) in that elevation ranges.

3.3. Modeling of green-up duration

3.3.1. Characteristics and performances of GUD models for the whole
research area

Table 1 shows the created models and their performances (R, R2 and
RMSE values) for the whole domain. The models are marked as M0 to
M11. The model M0 (null model), serves as a reference for comparison

Fig. 10. Elevation specific linear correlation coefficients (R) between the yearly green-up duration and the yearly SOS of the deciduous broadleaf forests at the pixel-
level during 2000–2019. All values are statistically significant at p < 0.0001.
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Fig. 11. Box-whisker plots for the elevation dependency of the yearly green-up durations of deciduous broadleaf forests for the whole study area during 2000–2019.
The last plot shows all GUD during 2000–2019. The diagrams show 5, 25, 75 and 95 percentile values, where the median is also indicated.
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with other models. M1 is based only on SOS, while M2 is based on the
elevation and its square (DEM and DEM2), and on the SOS. Models M3-
M10 contains also mean meteorology data as predictors calculated
using averaging periods relative to SOS, while M11 uses averaging
periods (15 days) based on fixed calendar days. Unlike models M2-M10
which use SOS as a predictor, M11 is based only on calendar day me-
teorology (half months) until the middle of March. The selection of the
15th of March (DOY 74) as the end-date is based on the fact that the
green-up in the study area usually starts before the end of March
(Fig. 5c). This model does not contain the meteorology of January ei-
ther, since its effect on the model performance was found to be negli-
gible (Fig. 8). The parameters of the presented, whole domain models
were found to be significant at p < 0.0001 level.

Looking at the performance of the models, those based on purely
meteorological variables (M11, where SOS is not used) performed only
marginally better (RMSE=9.48 days) than the null model (M0;
RMSE=10.17 days). In contrast, the model M2 that only contains SOS,
DEM and DEM2 as predictors (without meteorology) shows notable
improvement as compared to M0, with RMSE of 7.34 days and 10.17
days, respectively. Adding the most influential meteorological variable
(Tmax) to the model (M3), or adding all meteorological variables (M4)
until SOS, was not associated with remarkable improvement. Models’
performances were improved only slightly with RMSE reduced by 2.8%
and 3.7% (relative to M0) for M3 and M4, respectively. The models M5-

M8 use meteorology data after SOS (contrary to the previous models
that use meteorology before SOS), which caused slight performance
improvement. The best performing model from that group (meteor-
ology used between SOS and EOG) was M7 with RMSE of 6.33 days.
Interestingly, the model M6 (using the average of Tmax during the first
8 days after SOS) performed better than M5 (where the latter uses the
average Tmax between SOS and EOG) with RMSE of 6.76 days and 6.83
days, respectively. This indicates that Tmax immediately after the SOS
plays a greater role than Tmax in the later stages of green-up. However,
when all meteorological variables are used in the model, the perfor-
mance of the model that uses meteorology after SOS during the whole
green-up (M7) outperforms the model M8 (which uses meteorology on
for the first 8 days after SOS).

The best performing model, which was constructed using SOS, DEM,
DEM2 and all available meteorological variables for the time period
covering 8 days prior to SOS and during the green-up, was M9
(RMSE=6.02 days). The model M10, using meteorological information
for 8-day before and 8-day after the SOS, and which might be used for
GUD forecast had RMSE of 6.64 days. This means that the involvement
of additional meteorological variables can improve the explained var-
iance with a maximum 35% relative to the null model.

In order to assess the variability of model goodness with respect to
different geographical locations, we compared the performances of all
models at the country-level. Studying the differences between the
countries based on the individually calibrated GUD models (Fig. 12),
the models for Slovakia showed the worst, while the models for Austria
showed the best performance in most of the cases. The performance of
the models M7, M9, and M11 calibrated at the whole domain-level was
consistently worse than the performance of the models calibrated at the
country-level. The reason behind this finding might be the presence of
precipitation as a predictor variable in these models. If we consider
models M7 and M9, in which the mean precipitation amount during the
total green-up period is included, it becomes apparent that for pixels
with no precipitation during the green-up, the role of the precipitation
in the model becomes irrelevant. In contrast, in the areas where there
was precipitation, the model would likely exhibit better performance.
Calibration of the model with precipitation at the country-level can
better reflect the local patterns of precipitation than at the large area of
the whole domain.

3.3.2. Limits and variability in performance of selected GUD model
In the previous section, the model M9 was identified as the best

performing (explanatory) model. The model M9 uses, among others,
mean meteorological variables averaged over a time period prior to
SOS. The length of that period was arbitrarily set to 8 days, which raises
a question about the optimal length of that time period. Furthermore,
our finding that the mean Tmax immediately after SOS appears to be
more important than Tmax during the whole green-up period, also
raises the question on the selection of the optimal averaging period.
Therefore, we tested the limits of the performance of models M9 and
M10 considering varying averaging periods of the meteorological
variables before the SOS (model M9) and after the SOS (model M10)
(before and after the SOS periods are indicated hereafter as BSOS and
ASOS, respectively).

Fig. 13 presents the performance (R and RMSE values) of the model
M9 as function of the length of BSOS averaging period, for all countries
in the domain, separately. It is visible that increasing the length of the
averaging period further backwards from the SOS has its limits, and for
periods longer than 8 days the improvement in model performance is
small. Similarly to M9, the effect of the increasing ASOS averaging
period in the case of model M10 shows small improvement in model
performance (Fig. 14). Here the difference is that the limit is more
emphasized and it is reached – both in terms of R and RMSE values –
with the averaging period of ~24 days, which corresponds to the mean

Fig. 12. RMSE (a) and R values (b) of the individually calibrated GUD models
for the selected countries, separately. For the explanations of the models see
Table 1.
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GUD of the domain (Table 1).

4. Discussion

4.1. Dynamics of leaf unfolding in Central Europe

At the mid- and high latitudes, spring bud break is a critical event
within the lifecycle of deciduous tree species. After the winter dor-
mancy that creates carbohydrate deficit, leaf flushing enables new
carbon assimilation, which means that plants no longer rely on non-
structural carbohydrates (NSC) stored in the plant organs (Chapin et al.,
1990; Dietze et al., 2014; Martinez-Vilalta et al., 2016; Klein et al.,
2016). Mass balance considerations and observations suggest that most
of the carbon used during leaf expansion originates from the NSC pool
(mostly sugars and starch) and hemicellulose of the branches (Schädel
et al., 2009; Klein et al., 2016). It was also pointed out that plants soon
recovered the depleted NSC pools after leaf expansion. This suggests

that leaf unfolding dynamics have to be constrained by the carbon
mobilization and by the genetically determined speed of tissue growth
(cell division, cell expansion) which is strongly regulated by the plant
hormones (Taiz and Zeiger, 2010). However, how exactly the en-
vironmental conditions affect these processes and how these processes
result in the observable leaf unfolding dynamics temporally and spa-
tially is largely unknown.

In this study we focused on the dynamics of leaf unfolding (its
duration, spatial pattern, interannual variability and its possible dri-
vers) in Central Europe based on satellite data. The results indicated a
complex pattern in the spatial distribution of the mean GUD (Fig. 4).
Few earlier studies focused on the quantification of GUD or green-up
velocity for larger spatial scales. Most notably, Wang et al. (2018)
studied the duration of vegetation green-up (equivalent with our GUD)
and other metrics at the global scale using the GIMSS LAI3g dataset.
Park et al. (2015) studied the spring green-up rate of temperate and
boreal forests in the Northern Hemisphere based on the widely used

Fig. 13. Performance (expressed with RMSE and R values) of the modified explanatory model M9 as function of length of the BSOS averaging period. The data points
at SOS = 0 correspond to the model M7, which contains meteorological variables averaged during the green-up period, but not before the SOS.

Fig. 14. Performance (expressed by RMSE and R values) of the modified forecast model M10 as function of length of the ASOS averaging period. The data points at
SOS = 0 correspond to the model M4, which contains meteorological variable averaged during 8-day periods before the SOS, but does not contain meteorology after
the SOS.
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NDVI3g dataset. These studies are not directly comparable to our re-
sults due to the mismatch between the spatial scales, and in the case of
Park et al. (2015) due to the different metrics used. Reed et al. (1994)
calculated the “rate of green-up” values for the United States for dif-
ferent land cover types based on NOAA AVHRR data. Hwang et al.
(2011) studied the relationship between elevation and length of the
green-up period using MODIS data for western North Carolina, USA.
Seyednasrollah et al. (2018) studied the rate of green-up at 59 sites in
the south-eastern United States based on MODIS EVI data. Up to our
knowledge, no comparable, spatially explicit dataset exist for Central
Europe which means that our study fills a major knowledge gap re-
garding GUD quantification for Central European forests.

High interannual variability of GUD was observed in the study area
which is expected to be associated with variability of environmental
conditions during the leaf unfolding, but internal plant processes are
also expected to play a role that are partly related to past environmental
conditions (at least weather conditions during winter and spring en-
vironmental conditions prior to the bud break are expected to play
role). In this sense the dynamics of leaf unfolding is driven by a complex
interaction of ongoing and past conditions.

Extreme years were identified in the study in terms of GUD of
broadleaf forests for the countries located within the study area. The
identified years included 2003, 2013, 2016, and 2018 with short GUD,
and 2017 and 2019 with long GUD. The extremely short green-up
duration in 2018 was associated with a strong negative temperature
anomaly before bud break (-4.1 °C anomaly in the whole domain be-
tween DOY 77 and 90) and with a long-lasting, strong positive tem-
perature anomaly in April (+3.7 °C anomaly between DOY 91 and
130).

One major finding of our study is the observed strong co-variation
between SOS date and GUD. This finding is in accordance with earlier
studies that focused on the spring leaf unfolding dynamics in North
America (Richardson et al., 2009; Klosterman et al., 2018) and a high-
Arctic site (Westergaard-Nielsen et al., 2017). Our study demonstrates
that the coordination between SOS and GUD is present in Central
Europe, so it is expected to be a general rule for temperate deciduous
forests.

Meteorological variables were also used in our attempt to explain
the observed interannual variability of GUD. The correlation analysis
between GUD and the meteorological variables indicated that it is
possible to select time periods and variables that strongly affect the
green-up dynamics. A few studies attempted to explain the observed
green-up dynamics or leaf development stage with meteorological
variables. Klosterman et al. (2018) used a growing degree-day (GDD)
model to explain the interannual variability of vegetation green-up for
North-American sites. Richardson et al. (2006) constructed simple
phenology models based on observations made at the Hubbard Brook
Experimental Forest (New Hampshire, USA) using the GDD logic.
Yu et al. (2016) constructed very detailed phenological progression
models to quantify leaf unfolding dynamics in Milwaukee, USA using
GDD and day length as predictors. Seyednasrollah et al. (2018) con-
structed a “hierarchical Bayesian state-space model” to study the leaf
unfolding process using various meteorological data. Those studies re-
veal the heterogeneity of approaches and selection of meteorological
data that are used to explain leaf unfolding dynamics.

Elevation was detected as a factor that strongly modulates GUD. The
elevation dependency of GUD was discussed by other studies for some
regions. Hwang et al. (2011) used elevation, square of elevation, aspect
and leaf area index as predictors quantifying the length of green-up
period. Davi et al. (2011) studied the leaf unfolding dynamics of tree
species in the southwestern Alps in France with a leaf unfolding state
change model that used elevation as predictor. Studies focusing on the
onset of leaf unfolding revealed the elevation dependency of the process
(e.g. Guyon et al., 2011; Vitasse et al., 2018). Given the demonstrated
coordination between SOS and GUD it is only possible to understand
the dynamics of GUD if elevation is considered.

In the present study we clearly demonstrated that GUD is strongly
associated with SOS, meteorology and elevation as well. We propose
that future studies should consider all three major determinants.

Some factors were not considered in our study. Upon inspection of
available local forest management plans and tree species distribution
for selected areas in Hungary and Croatia, it becomes apparent that the
observed large differences in GUD in adjacent areas are a consequence
of the presence of different tree species (e.g. Basler and Körner, 2014).
Tree flowering is another issue that affects the characterization of
phenology with remote sensing. The mean duration of the green-up at
small scales can be strongly affected by the spatial distribution of spe-
cies with prolonged flowering. One example of tree species where
flowering affects GUD estimation is black locust (Robinia pseudoacacia
L.), which is frequent at lower elevations in Hungary and Northern
Croatia. As it is visible in Fig. 4 (small red patches), such forest areas are
characterized by GUD that is frequently two times longer than that of
nearby forests consisting mostly of oak, beech, ash, and hornbeam tree
species. Other tree species with lavish flowering such as lime tree (Tilia
sp.) or sweet chestnut (Castanea sativa Mill.) probably also affected the
estimation of the GUD with remote sensing. The unit area in this study
(i.e. MODIS pixel with a spatial resolution of 500 m) typically contains
more than one tree species, along with unknown number of understorey
shrub and herbaceous species. Lack of detailed information on tree
species distribution greatly limits the possibility to elucidate, and fi-
nally to model the effects of environmental conditions on the GUD.

Although some data on the distribution of tree species in Europe
exist (EUFORGEN, 2019; Brus et al., 2011), they are frequently too
general and suffer from issues. For example, distribution map for black
locust is not available in the EUFORGEN database, while the map of
Brus et al. (2011) claims Scots pine (Pinus sylvestris L.) forests as the
dominant forest type in parts of eastern Croatia, although there are
none there (Vukelić and Rauš, 1998). New datasets have just been
published in some countries that contain tree species at exceptional fine
spatial resolution (the so-called NÖSZTÉP dataset in Hungary
(Tanács et al., 2019); the Ecosystems in Slovakia dataset (Černecký et al.,
2019); or the dataset from Czechia (Vačkář et al., 2018)) that needs to
be exploited in future studies. Clearly, there is an urgent need for more
accurate tree species distribution maps.

4.2. Methodological aspects

Using remote sensing data there are different measures that can be
used to quantify spring leaf unfolding dynamics. One obvious approach
is to use the rate of change (i.e. speed) of greenness (NDVI, which is a
proxy of leaf development stage) by e.g. using linear regression
(Reed et al., 1994; Park et al., 2015; Wang et al., 2018). Some studies
provided detailed progression models occasionally simulating even
daily leaf development during green-up (Davi et al., 2011; Yu et al.,
2016). Another method is the quantification of the duration of leaf
unfolding that is used in this study (Hwang et al., 2011;
Klosterman et al., 2018). In our approach the duration of the period
that represents the fastest unfolding, with minimizing the “noise” from
the understorey and other effects like pests, herbivores, pathogens and
forest management, was used.

Calculations indicate that the NDVI range (defined as the NDVI
increment during leaf expansion/green-up) varies year by year, which
is not only modulated by the winter/early spring snow cover, the
available nutrients and the biotic effects, but forest management can
also affect it. As a result, two areas having the same species with the
same phenological development might indicate different speeds due to
the different NDVI ranges which might be misleading and can provide
incompatible measures across space and time. On the contrary, the
duration is independent of the density and characteristics of the ob-
served area. The duration of the green-up is thus an invariant quantity,
which means that it is not affected by the NDVI increment during ca-
nopy development.
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A number of studies focusing on remote sensing based phenology
characterization use some kind of fitting algorithm (Gaussian model,
sigmoid function, double logistics function; e.g. Julien and Sobrino
2009; Atkinson et al., 2012; Klosterman et al., 2014; Wu et al., 2017).
The presented method that uses the quality-filtered NDVI dataset with
simple linear interpolation is robust and simple, and avoids model fit-
ting where the latter might introduce biases due to the inherent
smoothing and fitting. This brings us to the importance of adopting
standards in phenology research with remote sensing. We believe that
the definitions of GUD, SOS, and EOG, adopted in this paper are
straightforward and transparent and could serve as standardized me-
trics in the phenology research with remote sensing. We propose to use
the GUD for the quantification of spring leaf unfolding dynamics for
deciduous trees to provide comparable and easily interpretable results.

4.3. Modeling issues

There is a major interest within the scientific community to properly
simulate the phenology of the terrestrial ecosystems (Piao et al., 2019).
Global change already affected the major phenological events including
the timing of the onset of vegetation activity and the growing season
length worldwide (Richardson et al., 2013). ESMs and DGVMs of dif-
ferent complexity provide us essential information about the future
biophysical feedback and the related consequences in terms of changing
climate (e.g. Jeong et al., 2012). Accurate simulations of the phenolo-
gical transitions are clearly essential to capture the carbon cycle related
feedback.

As part of the phenology modeling, the estimation of the SOS has
large literature (for a recent review see Piao et al., 2019). In contrast,
the modeling of the GUD has been addressed rarely in the scientific
literature. Hwang et al. (2011) used a linear model with elevation,
square of elevation, transformed aspect, and fitted minimum LAI value
obtained using MODIS data to model the length of the green-up dura-
tion for a relatively small area in western North Carolina, USA.
Klosterman et al. (2018) used a growing degree-day model to simulate
the GUD for North American forests. Given the small number of studies
dealing with GUD modeling, there is no consensus on the best model
type or optimal set of predictor variables for the GUD modeling.

We used an advanced methodology for model construction that
ended up with 12 models of varying complexity (Table 1). The main
explanatory variable in modeling the GUD was found to be the date of
the SOS, explaining 38.3% of the GUD variance (RMSE=8 days), while
the addition of the elevation and its square to the model as predictor
increases the explained variance (R2 = 47.8%, RMSE=7.34 days).
Further addition of the meteorological variables, namely averages from
the period of 8 days before the SOS led to 53% explained variance
(RMSE=6.96 days). Additional use of mean meteorology during the
green-up as predictor led to 61.1% explained variance (RMSE=6.33
days), while the inclusion of mean meteorological variables for the
period of 8 days before and means during the whole green-up led to
65% of explained variance (RMSE=6.02 days).

The simplest models (M1–M4) can serve as equations to forecast
GUD based on the knowledge of the SOS date, and the meteorology
prior to SOS. It is applicable in any model where explicit simulation of
SOS is present and is driven by meteorological data. Some of the models
(M5, M7 and M9) should be considered as purely diagnostic models, as
the knowledge of EOG is a prerequisite. Therefore, they are not ap-
plicable for the prediction of GUD in ESMs and DGVMs.

The resulting models are complex, and the performance indicators
(R2, RMSE) suggest that there is merit in adding more predictors, which
is in accordance with the complexity of leaf unfolding process. Note
that the explained variance of the constructed models is not high
(R2= 0.65 for the best model, while the comparable R2 was 0.37 in the
Hwang et al., 2011 study) but they are robust as the number of pixels
for the model construction was very high.

Accurate estimation of SOS is clearly a highly important pre-
requisite for GUD modeling. As state-of-the-art models still perform
poorly in terms of simulation of the timing of SOS (Richardson et al.,
2012; Basler, 2016), this raises issues for further GUD model applica-
tions. Our results indicate that once the ESM or DGVM estimates SOS,
with supplementary elevation dataset the GUD can be estimated. Im-
provement of SOS prediction techniques in spatially explicit manner is
clearly a major task for the future (Peaucelle et al., 2019), as incorrect
estimation of SOS will lead us to biased GUD prediction.

5. Conclusions

In this study, we proposed a robust and intuitive metric for the
quantification of the GUD based on remote sensing data. Our results
showed that the GUD of deciduous broadleaf forests in the wider
Carpathian basin exhibits large inter-annual and elevation-dependent
variability with the overall mean of 23.7 days during 2000–2019. The
longest mean GUD occurred in 2017 (32.7 days), while the fastest
green-up on record (shortest mean GUD) in the region occurred in 2018
(14.5 days). While temperature plays a remarkable positive role in
shortening GUD, there seems to be a physical limit for the minimum
GUD of approximately 7 days. Earlier SOS implies longer GUD, while
delayed SOS is associated with shorter GUD, which means that the
benefits of climate change possibly realized as a longer vegetation
period could be smaller than anticipated.

Modeling results indicate that the timing of SOS, the elevation, and
the meteorological conditions before and after SOS all play a substantial
role in the determination of GUD. Performance of the proposed GUD
models is expected to improve at smaller spatial scales, as small geo-
graphical areas (and narrow elevation ranges), and mono-species for-
ests might exhibit more consistent GUD and response to the changing
environmental conditions. Our study claims for reliable, fine-resolution
species distribution maps and fine resolution meteorological databases
that could potentially support the better understanding of leaf un-
folding process under changing climate.
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Appendix A

Table A1
Descriptive statistics (mean± std. dev.) of the main variables in the study with trend analysis during the 2000–2019 study period (npixels = 169 667).

Year GUD (days) SOS (DOY) EOG (DOY) NDVI20 NDVI80 mean Tmax (°C)
DOY 91-105 DOY 106-120 DOY 121-135

2000 19.3 ± 8.8 101.4 ± 9.8 120.7 ± 5.2 0.51± 0.04 0.81± 0.02 14.1 ± 1.9 22.1 ± 1.7 22.7 ± 1.6
2001 27.7 ± 9.6 97.2 ± 10.6 125.0 ± 6.0 0.52± 0.04 0.80± 0.02 13.5 ± 1.8 15.7 ± 1.5 20.6 ± 1.7
2002 28.5 ± 12.3 97.5 ± 13.1 126.0 ± 6.6 0.53± 0.04 0.82± 0.02 11.8 ± 1.7 17.3 ± 1.8 22.7 ± 1.8
2003 17.2 ± 7.6 109.9 ± 8.4 127.1 ± 4.1 0.52± 0.04 0.82± 0.02 10.7 ± 1.8 17.4 ± 2.0 26.5 ± 2.1
2004 26.7 ± 9.2 103.0 ± 9.1 129.7 ± 8.4 0.51± 0.05 0.81± 0.02 13.6 ± 1.6 16.7 ± 1.6 18.4 ± 1.9
2005 25.2 ± 6.9 106.4 ± 7.7 131.6 ± 6.9 0.52± 0.04 0.82± 0.02 15.0 ± 1.8 15.3 ± 1.8 18.1 ± 1.7
2006 24.6 ± 7.7 104.5 ± 7.4 129.1 ± 8.6 0.53± 0.05 0.81± 0.02 14.0 ± 1.9 18.2 ± 1.7 18.2 ± 1.6
2007 20.8 ± 8.7 98.5 ± 8.9 119.3 ± 6.9 0.55± 0.04 0.82± 0.02 17.1 ± 2.0 18.9 ± 2.0 21.6 ± 1.8
2008 27.7 ± 10.3 97.6 ± 10.2 125.3 ± 10.1 0.53± 0.04 0.82± 0.02 14.7 ± 1.7 16.4 ± 1.7 18.4 ± 1.9
2009 20.2 ± 6.6 99.9 ± 7.4 120.1 ± 8.0 0.54± 0.04 0.82± 0.02 19.4 ± 2.1 18.3 ± 2.1 20.7 ± 1.7
2010 25.8 ± 8.4 102.0 ± 9.1 127.9 ± 9.3 0.52± 0.04 0.81± 0.02 13.4 ± 1.6 17.5 ± 1.7 20.5 ± 2.1
2011 24.1 ± 7.9 100.5 ± 9.2 124.6 ± 8.4 0.53± 0.04 0.82± 0.02 15.3 ± 2.6 18.2 ± 2.0 18.3 ± 1.8
2012 22.3 ± 8.7 101.6 ± 9.7 123.9 ± 5.4 0.51± 0.05 0.81± 0.02 14.8 ± 2.0 18.2 ± 1.7 23.4 ± 1.7
2013 16.4 ± 8.5 108.5 ± 8.5 124.9 ± 5.3 0.54± 0.04 0.82± 0.02 11.7 ± 1.8 22.5 ± 1.7 22.8 ± 2.0
2014 28.8 ± 9.1 90.9 ± 8.4 119.7 ± 9.6 0.54± 0.04 0.81± 0.02 15.6 ± 1.9 16.6 ± 2.2 17.5 ± 1.7
2015 22.2 ± 9.6 102.8 ± 10.7 125.0 ± 6.4 0.53± 0.04 0.83± 0.02 13.0 ± 1.9 17.8 ± 1.7 21.4 ± 2.0
2016 18.8 ± 9.5 97.6 ± 6.4 116.4 ± 10.2 0.55± 0.04 0.82± 0.02 19.8 ± 1.8 16.7 ± 1.9 17.8 ± 1.8
2017 32.7 ± 9.7 93.6 ± 9.4 126.3 ± 9.5 0.54± 0.04 0.82± 0.02 16.9 ± 1.7 13.3 ± 1.8 19.5 ± 1.6
2018 14.5 ± 5.6 101.8 ± 5.4 116.3 ± 5.3 0.55± 0.04 0.83± 0.02 19.0 ± 1.8 22.9 ± 1.5 23.2 ± 1.8
2019 31.0 ± 10.9 97.4 ± 9.6 128.4 ± 10.8 0.53± 0.04 0.82± 0.02 15.0 ± 1.9 18.0 ± 1.6 15.7 ± 1.9

Average 23.7 ± 10.2 100.6 ± 10.2 124.4 ± 8.9 0.53±0.04 0.82±0.02 14.9 ± 3.1 17.9 ± 2.9 20.4 ± 3.2

Annual trend of the mean 0.007 −0.228 −0.222 0.0014⁎⁎ 0.0006⁎⁎ 0.205* 0.023 −0.137
Std. err. of trend 0.200 0.177 0.164 0.0004 0.0002 0.087 0.094 0.101
Total df 19 19 19 19 19 19 19 19
t 0.04 −1.29 −1.35 3.53 3.46 2.35 0.24 −1.36
P> |t| 0.972 0.214 0.193 0.002 0.003 0.031 0.810 0.192

Year mean Tmin (°C) mean Rad (MJ m−2 day−1) mean Prec (mm day−1)
DOY 91-105 DOY 106-120 DOY 121-135 DOY 91-105 DOY 106-120 DOY 121-135 DOY 91-105 DOY 106-120 DOY 121-135

2000 3.4 ± 1.6 8.7 ± 1.4 8.3 ± 2.0 15.6 ± 1.3 19.6 ± 1.3 21.2 ± 1.1 2.3 ± 1.2 1.2 ± 0.7 1.0 ± 0.7
2001 2.1 ± 1.6 4.8 ± 1.4 8.1 ± 1.7 15.6 ± 1.3 17.3 ± 0.8 20.2 ± 0.9 2.4 ± 1.7 3.4 ± 1.2 1.5 ± 0.7
2002 1.5 ± 1.7 6.0 ± 1.6 9.1 ± 2.1 14.1 ± 1.0 17.4 ± 1.1 21.3 ± 1.6 2.4 ± 2.0 2.3 ± 2.0 1.4 ± 1.0
2003 0.2 ± 1.6 5.0 ± 1.8 11.2 ± 1.7 14.7 ± 1.0 18.6 ± 0.9 21.8 ± 2.0 1.9 ± 1.3 0.9 ± 0.4 0.7 ± 0.8
2004 3.7 ± 1.7 5.6 ± 2.1 7.7 ± 1.5 14.2 ± 1.8 18.5 ± 1.8 17.9 ± 0.9 3.9 ± 2.6 1.5 ± 1.2 3.1 ± 1.4
2005 2.9 ± 1.8 4.8 ± 1.5 6.5 ± 1.4 16.0 ± 1.3 16.3 ± 1.7 18.3 ± 0.6 2.2 ± 1.6 3.9 ± 1.6 3.4 ± 1.3
2006 3.2 ± 1.3 7.1 ± 1.7 5.9 ± 1.7 15.2 ± 1.2 16.9 ± 1.3 20.2 ± 0.7 3.3 ± 1.4 2.5 ± 1.6 1.9 ± 0.7
2007 2.7 ± 1.8 4.2 ± 1.9 8.5 ± 1.8 19.4 ± 1.2 20.1 ± 0.7 18.5 ± 1.6 0.1 ± 0.2 0.4 ± 0.4 2.1 ± 1.3
2008 4.3 ± 1.4 5.1 ± 1.4 6.0 ± 1.6 14.9 ± 1.0 17.3 ± 0.7 20.7 ± 1.3 1.9 ± 1.1 2.8 ± 1.2 1.3 ± 0.7
2009 5.3 ± 1.9 5.4 ± 2.3 7.4 ± 1.9 18.7 ± 0.8 17.9 ± 2.3 19.8 ± 1.3 0.6 ± 0.9 1.4 ± 1.6 1.0 ± 0.5
2010 3.7 ± 1.5 5.5 ± 1.8 9.7 ± 1.6 13.6 ± 1.1 18.7 ± 1.0 17.3 ± 2.2 3.6 ± 1.5 1.3 ± 1.0 4.3 ± 1.9
2011 4.0 ± 1.9 5.0 ± 2.0 5.4 ± 1.6 15.0 ± 1.6 19.3 ± 1.8 19.6 ± 1.2 1.9 ± 0.9 0.7 ± 0.6 2.5 ± 0.9
2012 3.1 ± 1.7 6.4 ± 1.4 9.2 ± 1.5 13.9 ± 1.3 16.3 ± 0.9 20.2 ± 1.0 2.4 ± 1.2 2.9 ± 1.3 2.9 ± 1.5
2013 2.9 ± 1.4 7.0 ± 1.7 10.3 ± 1.6 14.3 ± 1.0 22.8 ± 1.0 18.1 ± 1.9 3.2 ± 1.1 0.2 ± 0.4 2.4 ± 1.7
2014 4.1 ± 1.6 7.3 ± 1.7 6.7 ± 1.5 14.5 ± 0.7 14.0 ± 2.0 18.1 ± 1.3 2.0 ± 1.1 4.8 ± 3.1 6.3 ± 3.0
2015 1.6 ± 1.6 4.9 ± 1.8 9.3 ± 1.8 16.5 ± 0.9 18.9 ± 0.7 18.4 ± 1.2 1.1 ± 0.7 1.5 ± 0.7 1.6 ± 0.5
2016 7.1 ± 1.6 4.7 ± 1.5 7.4 ± 1.6 16.7 ± 1.2 16.8 ± 0.7 16.2 ± 1.6 1.3 ± 0.6 2.3 ± 1.0 4.4 ± 1.7
2017 4.1 ± 1.9 2.9 ± 1.5 8.2 ± 1.6 15.4 ± 1.1 15.1 ± 1.2 18.0 ± 0.9 1.4 ± 0.6 3.7 ± 1.6 3.0 ± 1.0
2018 6.4 ± 1.6 9.3 ± 1.8 10.7 ± 1.8 17.7 ± 1.0 19.2 ± 0.9 18.1 ± 1.2 1.2 ± 0.9 0.7 ± 0.4 3.1 ± 1.7
2019 4.8 ± 1.6 5.4 ± 1.6 6.0 ± 1.4 13.0 ± 1.5 17.6 ± 1.1 15.7 ± 1.4 2.5 ± 1.6 2.3 ± 1.1 4.8 ± 2.0

Average 3.6 ± 2.3 5.8 ± 2.3 8.1 ± 2.4 15.4 ± 2.0 17.9 ± 2.3 19.0 ± 2.1 2.1 ± 1.6 2.0 ± 1.8 2.6 ± 2.0

Annual trend of the mean 0.161⁎⁎ −0.009 −0.006 0.004 −0.038 −0.204⁎⁎⁎ −0.044 0.009 0.147⁎⁎

Std. err. of trend 0.052 0.060 0.067 0.066 0.076 0.047 0.037 0.051 0.047
Total df 19 19 19 19 19 19 19 19 19
t 3.06 −0.15 −0.09 0.06 −0.51 −4.37 −1.17 0.18 3.12
P> |t| 0.007 0.886 0.928 0.955 0.619 <0.001 0.256 0.857 0.006

⁎ Statistically significant at P < 0.05.
⁎⁎ Statistically significant at P < 0.01.
⁎⁎⁎ Statistically significant at P < 0.001, df: degree of freedom.
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