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Abstract: Identifying the climate-induced variability in the condition of vegetation is particularly important in the context of
the recent climate change, and plants’ impact on mitigation of the climate change. In this paper, we present the coherence and
time lags in the spectral response of three individual vegetation types in European temperate zone to the influencing
meteorological factors, in the period 2002-2022. VVegetation condition in broadleaved forest, coniferous forest and pastures
was measured with monthly anomalies of two spectral indices — NDVI and EVI. As meteorological elements we used monthly
anomalies of temperature (T), precipitation (P), vapour pressure deficit (VPD), evapotranspiration (ETo), and teleconnection
indices North Atlantic Oscillation (NAO) and North Sea Caspian Pattern (NCP). Periodicity in the time series was assessed
using the Wavelet Transform, but no significant intra- or interannual cycles were detected in both vegetation (NDVI and EVI)
and meteorological variables. In turn, coherence between NDVI/EVI and meteorological elements was described using the
methods of Wavelet Coherence and Pearson’s linear correlation with time lag. In European temperate zone analysed in this
study, NAO produces strong coherence mostly for forests, with-in circa 1 year delay-band and — a weaker coherence — with-in
circa 3 year delayband. For pastures these interannual patterns are hardly recognizable. The strongest relationships occur
between condition of the vegetation and T and ETo — they show high coherence in both forests and pastures. There is a
significant cohesion with 8-16 month (ca. 1 year) delay-and 20-32 month (ca. 2 year) delayband. More time lagged significant
correlations between vegetation indices and T occur for forests than for pastures, suggesting a significant lag in the forests’
response to the changes in T.

1 Introduction

Vegetation is one of the main components of the terrestrial Earth, which plays an important role in regulating climate, through
evaporative cooling processes and carbon sequestration, among others. Hence, vegetation’s presence between the atmosphere,
hydrosphere and lithosphere is crucial (Zhang et al., 2017). Among different vegetation types, the major ones, which cover up

to 78% of the world’s land area, are forests and grasslands (Ipcc, 2019; Fao and Unep, 2020).



30

35

40

45

50

Modern climate change is widespread, rapid and intensifying (Ipcc, 2019). Climate change deepens the processes of land
degradation through e.g. increase in rainfall intensity and flooding, heat stress or drought frequency and severity (Ipcc, 2019).
The influence of climate change on vegetation, especially on forest condition, is highlighted in several studies (Buras and
Rammig and Zang, 2020; Schuldt et al., 2020; Pravilie et al., 2022; Yang et al., 2019; Liu et al., 2015). It has the potential to
cause severe, long-term damage to forest ecosystems by increasing the frequency of extreme weather events, such as droughts,
destructive windstorms, and wildfires in many regions. (Bryn and Potthoff, 2018; Hofgaard et al., 2012; Karlsen et al., 2017;
Morin et al., 2018). That is why, monitoring vegetation dynamics and precisely characterizing the response of vegetation to
changing climate is essential in order to maintain a sustainable environment (Tomlinson et al., 2011; Barbosa et al., 2019).
The most widely used parameter for evaluating vegetation’s response to climate change is the normalized difference vegetation
index (NDVI), derived from satellite remote sensing (Adole and Dash and Atkinson, 2016; Huang et al., 2021; Soubry et al.,
2021; Buras and Rammig and Zang, 2020; Barbosa et al., 2019). The NDVI is a normalized transform of the near-infrared to
red reflectance ratio, which is intended to standardize vegetation index values to fall between —1 and +1 (Didan and Munoz,
2019). According to research, it is a trustworthy ecological indicator, if obtained from properly calibrated satellite-borne
sensors (Huang et al., 2021). In the research of vegetation vigour, NDVI has a long history spanning 50 years, but in recent
times the enhanced vegetation index (EVI1) has also gained popularity. In EVI formula the blue radiation is additionally used
to stabilize the index value against variations in aerosol concentration levels (Didan and Munoz, 2019).

Spectral vegetation indices — NDVI and EVI — derived from Moderate Resolution Imaging Spectroradiometer (MODIS) data
were coupled with meteorological elements in many research papers (e.g. Buras and Rammig and Zang, 2020; Li et al., 2010;
Mao et al., 2012; Mbatha and Xulu, 2018; Moreira and Fontana and Kuplich, 2019; Zhu et al., 2023; Ghaderpour et al., 2023;
Schuldt et al., 2020). The applied coupling methods used in these studies were often based on single and multiple linear
regressions and Pearson’s correlations between vegetation indices and climate elements, but assuming the stationary
relationship. However, the time lag in the correlation between vegetation indices and weather elements should not be
disregarded. The spectral response to the influencing factor varies depending on the vegetation type — it is quicker for
grasslands and agricultural lands (Moreira and Fontana and Kuplich, 2019), while in the case of forests this response might be

very extended in time (Barbosa et al., 2019; Carl et al., 2013), so a significant delay in correlation between vegetation condition
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and meteorological element can occur. For instance, elements such as temperature can influence the trees’ phenological timing
of the following year (Carl et al., 2013). Therefore, nowadays the wavelet coherence (WC) method is often used in order to
capture the delay in the spectral response of the vegetation. This method allows to study the multiscale and non-stationary
processes over finite spatial and temporal domains (Furon et al., 2008), and hence is advantageous when compared to the
Fourier transform, because the latter requires stationarity (Martinez and Gilabert, 2009). WC method has proven to be useful
in geophysics and climatology, linking e.g. rainfall and ENSO index (Torrence and Webster, 1999) or rainfall and monsoon
in Pakistan (Hussain et al., 2022). WC has already been used several times when coupling between climatological factors such
as temperature or rainfall and vegetation occurred. The coherence of meteorological elements and grasslands/savannas/forests
was researched e.g. in Brasil (Moreira and Fontana and Kuplich, 2019; Barbosa et al., 2019), South Africa (Mbatha and Xulu,
2018), southern China (Zhou et al., 2022), India (Naga Rajesh et al., 2023), or Indonesia (Erasmi et al., 2009). In Europe,
similar research was conducted in the Mediterranean (Ghaderpour et al., 2023). Surprisingly, the coherence between vegetation
dynamics and climate elements in the temperate zone is very understudied, and the existing studies are limited in time and

space (Carl et al., 2013; Zhu et al., 2022). Such research is especially important in light of recent vegetation disturbance caused

by severe drought events that occurred in Europe in recent years (Buras and Rammig and Zang, 2020; Schuldt et al., 2020).

This study aims to identify patterns in time series of three different types of vegetation (broadleaved and coniferous forests
and pastures) in the temperate zone, and relate them with meteorological elements and teleconnection indices, using the
Wavelet Transform (WT) and Wavelet Coherence (WC). Thus, the main objectives of this research are: 1) to identify the
variability and periodic changes in time series of MODIS-based NDVI and EV1 of different vegetation types, and in time series
of meteorological elements and teleconnection indices, using the WT method and 2) to couple the NDVI and EVI vegetation
indices with meteorological elements and teleconnection indices in order to determine the coherence and time lags in the
spectral response of individual vegetation types to the influencing factors, using the methods of WC and Pearson’s correlation.
The analyses are carried out for the broadleaved and coniferous forests and pastures in the temperate zone of central Europe,

in the period 2002-2022.



75 2 Materials and methods
2.1 Study area
The study area characterised by three vegetation types — the two types of forest (broadleaved and coniferous forest) and pastures
including meadows and other permanent grasslands under agricultural use — is located in the administrative borders of Poland
(Fig. 1). The analysed vegetation types are situated within a territory extending from 49° N to 54.5° N latitude and from 14°
80 Eto24° E longitude. From the north, the research area borders onto the Baltic Sea, while the terrain changes towards the south
- there are mountains at the southern edges of the research area. Because Europe's land relief is arranged mostly latitudinally,
there is no orographic barriers and climate in the study area is influenced by the western transfer of air masses, and therefore
indirectly by the Atlantic Ocean. The warm temperate climate is characterized by mean winter temperature from -3.5°C (in
the north-east and in the sub-mountain and foothill regions in the south) to 1.5°C (in the west), mean summer temperature
85 from 14.5°C (in foothill regions in the south) to 19.5°C (in the centre) and a mean annual precipitation sums from 450 mm in

the centre of the study area to 1200 mm in the mountains (1991-2020) (Tomczyk and Bednorz, 2022).

I Pastures (CLC 231)

I Coniferous forest (CLC 312) 0 50 100 150 200 km
I Broadleaved forest (CLC 311) ‘ [ ——

Fig. 1. Spatial distribution of three vegetation masks — broadleaved forest (CLC class 311), coniferous forest (CLC
class 312) and pastures (CLC class 231) — used in the study.
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The selected vegetation types were defined on the basis of Corine Land Cover (CLC) 2006, 2012 and 2018 databases (Clms,
2021). The CLC database provides data on land cover across 44 classes, in European countries. For areal phenomena, the CLC
employs a Minimum Mapping Unit (MMU) of 25 ha, and for linear phenomena, a minimum width of 200 m. (Clms, 2021).
The CLC 2006, 2012 and 2018 were used to prepare masks for broadleaved forests (CLC class 311), coniferous forests (CLC
class 312) and pastures (CLC class 231). The CLC forest vector layers for 2006, 2012 and 2018 were intersected and the
polygons that were still forest for these three periods made up the broadleaved or coniferous forest mask, respectively. The
percentage of forest coverage was calculated for each MODIS pixel. The pixels containing at least 80% of forest cover were
selected for further analysis. To ensure the uniformity of forest pixels, a criterion of 80% coverage of broadleaved or coniferous
forest was applied. Following these selection criteria, 174,243 pixels were retained as the broadleaved forest mask and 798,777
pixels were retained as the coniferous forest mask, representing the area of 10,890 km? and 49,924 km?, respectively. Clusters
of broadleaved forest are rather small, and most of them are located in the north-western part of the study area, in the south-
eastern edge of the area (Bieszczady Mountains) and in the eastern part (Biatowieza Forest). The tree species dominating in
the species composition are birch, oak and beech (2022). On the contrary, coniferous forest prevail in most of the study area,
and the predominant species, covering 58% of the forest area, is pine (2022). In the mountains, the proportion of spruce and
fir in stands species composition is also apparent (2022).

The pastures mask was prepared following the same steps, as used for forest masks, except that only CLC vector layers for
2012 and 2018 were used (because of the poor quality of the 2006 CLC class 231). Following such selection criteria, 338,193

pixels were retained as the pastures mask, representing the area of 21,137 km?,

2.2 MODIS data— NDVI and EVI

This study uses two vegetation indices (VI) — the normalized difference vegetation index (NDVI) and enhanced vegetation
index (EVI) — derived from the Moderate Resolution Imaging Spectroradiometers (MODIS) onboard Terra and Aqua satellites
— products MOD13Q1 and MYD13Q1 (Didan, 20214a, b). Theoretical description of the MODIS VI and the NDVI and EVI
algorithm details are provided in Didan and Munoz (Didan and Munoz, 2019). The MOD13Q1 and MYD13Q1 products were
downloaded for the period 2002-2022. Because the data from Terra and Aqua is processed 8 days out of phase at 16-day

intervals, combining both satellites’ data streams produces a quasi-8-day product time series (Didan and Munoz, 2019).
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MOD13Q1 and MYD13Q1 products are published with 250 m spatial resolution. To cover the area between 49° N and 55° N
latitude and 14° E and 24° E longitude three granules were required, because each granule has 4,800 x 4,800 pixels. Eventually,
2,712 granules were needed to cover the time period 2002-2022.

Together with the NDVI (or EVI) product, the corresponding pixel reliability and day of year layers were used. Because in 16-
day composite the adjacent selected pixels may originate from different days, so for each pixel in such composite the day of
year layer keeps the information about the actual day the pixel originate, while the pixel reliability layer keeps the information
that describes overall pixel quality (Didan and Munoz, 2019). Based on this, only the pixels indicated as good or marginal
quality were selected, which is a common practice in similar studies (e.g. Buras and Rammig and Zang, 2020). In the next
step, based on the day of year information, each of the selected pixels was allocated to the respective month. To get the monthly
values of NDVI (or EVI), a monthly maximum NDVI (or EVI) was calculated for each of the retained pixels. The reason
behind this approach is that low-value observations are either erroneous or have reduced vegetation vigour for the time period
under consideration. (Holben, 1986).

Next, the deseasonalised time series of monthly anomalies from the multi-annual monthly values of NDVI (or EVI) were
prepared for each MODIS grid cell (i.e. each pixel), so that e.g. the deseasonalised value (anomaly) for January 2002 is the
difference between January 2002 value and multi-annual mean from all Januaries. It should be noted that the term “anomaly”,
which is commonly used in climatological studies (e.g. Kulesza, 2021), should be interpreted as a “deviation from the mean
value”. Finally, spatially averaged 252-element (21 years x 12 months) time series of NDVI (or EVI) anomalies in respective
vegetation masks were prepared. The spatially averaged values of NDVI (or EVI) were calculated as area averages of all NDVI
(or EVI) values in the MODIS grid cells (i.e. all pixels) within the respective vegetation masks. The methodology diagram

showing the above-described steps is presented in Fig. 2.

2.3 Meteorological elements

In this work, the gridded data from ERA5-Land reanalysis (Muiioz-Sabater, 2019, 2021) was used. The monthly data
representing meteorological elements, which are generally known to have a significant impact on the dynamics of vegetation
productivity (Chu et al., 2019; Liu et al., 2015; Yang et al., 2019), i.e. 2-metre temperature (T, in °C), precipitation (P, in mm)

and evapotranspiration (ETo, in mm) was downloaded for the period 2002-2022. Spatial extent of the meteorological data was



140

145

150

49° N to 55° N latitude and 14° E to 24° E longitude, and the resolution of reanalysis data was 0.1° x 0.1°. Additionally,
monthly data on 2-metre dewpoint temperature was downloaded in order to calculate the water vapour pressure deficit (VPD,
in hPa), a variable frequently used to explain the tree mortality (Gazol and Camarero, 2022; Schuldt et al., 2020). VPD is the
difference between saturation vapour pressure (SVP, which is temperature dependant) and actual vapour pressure (AVP, which
is dewpoint temperature dependant). SVP can be approximated from the air temperature records, following the Tetens’ formula

(American Meteorological Society, 2023):

SVP = 6.11 x 10557757

and AVP can be calculated from the same equation, using dewpoint temperature instead of air temperature. Eventually, VPD
= SVP-AVP.

In the next step the deseasonalised time series of monthly anomalies from the multi-annual monthly mean values of T, P, VPD
and ETo were prepared for each grid cell of the ERA5-Land reanalysis. As in the case of NDVI (or EVI), the term “anomaly”
should be interpreted as a “deviation from the mean value”. The data was then resampled to fit the MODIS grid cells (which
does not affect much the data accuracy, because monthly mean values of meteorological elements are slowly changing over
space). Finally, spatially averaged 252-element time series of T, P, VPD and ETo anomalies in respective vegetation masks

were prepared. The methodology diagram showing the above-described steps is presented in Fig. 2.
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Fig. 2. Flow chart of the input data and the methodology used in this paper.

Teleconnection indices

This study uses two well-known teleconnection indices: North Atlantic Oscillation (NAO) and North Sea Caspian Pattern
(NCP). These large-scale climatic oscillations can be considered as a proxy of the general atmospheric circulation pattern,
giving aggregated information about the meteorological condition in a given year (e.g. drought-favouring conditions). The
relationship between teleconnection indices and vegetation condition in different regions of the world was the focus of several
studies (Brown and De Beurs and Vrieling, 2010; Gong and Shi, 2003; Vicente-Serrano and Heredia-Laclaustra, 2004; He et
al., 2022; Gouveia et al., 2008; Olafsson and Rousta, 2021). According to many research results, NAO is associated with NDVI
at higher latitudes in parts of the northern hemisphere (Vicente-Serrano and Heredia-Laclaustra, 2004; Olafsson and Rousta,
2021; Gouveia et al., 2008), while the NCP is associated with vegetation condition in western Eurasia (He et al., 2022).
Monthly values of NAO index in the period 2002-2022 were downloaded from Climate Prediction Center of the National

Oceanic and Atmospheric Administration (https://www.cpc.ncep.noaa.gov/products/precip/CWIlink/pna/nao.shtml). The

procedure used to calculate the NAO teleconnection index is based on the Rotated Principal Component Analysis (RPCA)
(Barnston and Livezey, 1987). The RPCA technique is applied to monthly mean standardized 500 geopotential height
anomalies in region 20° N to 90° N (and all longitudes) between January 1950 and December 2000. The anomalies are

standardized by the 1950-2000 climatology. In the positive phase of NAO the westerly circulation of the atmosphere prevails
8
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over central and northern Europe, resulting in relatively warm and humid weather in winter, while cool and rainy in summer.
In the negative phase, the meridional circulation occurs more often, and central Europe can then be reached by cold and dry
air masses from the north or hot air masses from the south.

NCP index was calculated on the basis of 500 geopotential height monthly values derived from ERAS reanalysis (Hersbach et
al., 2020), in the same period 2002-2022. The NCP index values were calculated from the normalised 500 geopotential height
difference between averages of North Sea (0°E, 55° N and 10° E, 55° N) and northern Caspian Sea (50° E, 45° N and 60° E,
45° N) regions (Kutiel et al., 2002). In the negative phase, above normal temperatures and below normal precipitation occur
in the Balkans, western Turkey and the Middle East. In the positive phase — the other way round. There is no significant

correlation between the NCP and NAO (Araghi et al., 2019).

2.5 Methods

2.5.1 Wavelet analysis

The Wavelet Transform (WT) was applied to the deseasonalised time series of NDVI, EVI, T, P, VPD, ETo, as well as NAO
and NCP in searching for potential variations in frequency and time at different scales. To this end, the wavelet packet
(Torrence and Compo, 1998) implemented to MATLAB computing environment was used. The use of wavelet analysis gives
the information on fluctuations which change frequency over time. This is possible thanks to using wavelets — structures that
are time-limited and consist of several short oscillations. The basic wavelet can be stretched and shifted in time, in order to
create a so-called wavelet family — a collection of similar structures. Wavelet analysis is based on correlating the individual
elements of wavelet family with values of the time series throughout the observation period. The wavelet power spectrum —
|W|? - represents this correlation. The higher the power, the wavelet will be more similar to the empirical data at a given point
in the time series, which means that fluctuations of a given frequency are more likely to occur in a given period. In this paper,
we used the Morlet wavelet and assessed the statistical significance of the |W|? values with the %2 test (Torrence and Compo,
1998) (the level of significance 0=0.05). The regions of the wavelet power spectrum, which are especially vulnerable to adverse
edge effects (because of the finite length of the time series), are delimited by the ‘cone of influence’ (COI). The values of the

wavelet power spectrum which are outside of COl, are considered uncertain.
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2.5.2 Wavelet coherence and time lags

In order to determine the changing-over-time correlations between NDVI (or EVI) and meteorological elements and
teleconnection indices, the wavelet coherence (WC) was applied to the deseasonalised time series of respective data sets,
resulting in 6 diagrams (scalograms) for each of the vegetation types for NDVI (for EVI likewise): NDVI with T, NDVI with
P, NDVI with VPD, NDVI with ETo, NDVI with NAO and NDVI with NCP. Wavelet coherence combines the advantages of
wavelet analysis and Pearson correlation, allowing for searching for correlations that vary over frequency and time (Torrence
and Webster, 1999; Grinsted and Moore and Jevrejeva, 2004). In this paper, WC was prepared according to the Grinsted et al.
(2004) in MATLAB computing environment. In the WC scalogram colour scale ranges from blue (low correlation) to red
(high correlation) and thus represents the wavelet coherence coefficient. The direction of arrows indicates the phase delay
between signals (time series): right arrows indicate that the series are completely in phase, i.e. positive correlations, while the
left arrows indicate that the series are completely out of phase, i.e. negative correlations. Statistical significance of values of
the wavelet coherence coefficient was assessed using Monte Carlo method, at the significance level of a=0.05 (Grinsted and
Moore and Jevrejeva, 2004).

In order to additionally investigate the delays in the spectral response of the individual vegetation type to the triggering
meteorological factors, the overall, linear correlations with appropriate time lags were calculated. The correlated pairs of data
sets were prepared with 0 to 36 months delay (3 years). 0-month delay means that independent variable’s values (T, P, VPD,
ETo, NAO, NCP) from month i were correlated with dependent variable’s values (NDVI, EVI) from the same month. In turn,
1-month delay means that independent variable’s values from month i were correlated with dependent variable’s values from
the i+1 month, and so on. The strength of the correlation between the deseasonalised time series of NDVI (or EVI) and

meteorological elements and teleconnection indices for three vegetation types was assessed using the Pearson correlation

coefficient, expressed by the following formula: r = Cm’xy/s 5.+ Where cov,,, is the covariance in the bivariate distribution
x2y

of the variables x (time series of a respective meteorological element or teleconnection index) and y (time series of NDVI or
EVI), S, and S,, are the standard deviations in the marginal distributions of the variables x and y respectively. The significance

of linear correlations calculated in this way was assessed at the significance levels of a=0.05.

10
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3 Results

3.1 Basic characteristics of VI and meteorological elements

In the last two decades a slightly positive trend in condition of the forests in Poland was noticed, with a mean NDVI increase
of 0.088x103 per year (2002-2021) (Kulesza and Hoscito, 2023). The biggest increase of mean annual NDVI (by 0.030 in 20
years) was observed in central-eastern Poland, while it was weaker in southern, western and northern edges of the study area.
In turn, the biggest mean annual NDVI was observed in forests of the foothill regions in the south and also in the Baltic Sea
coastal region, while central regions had lower NDVI. In general, broadleaved forests had slightly bigger mean NDVI1 (0.841)
than coniferous forests (0.791).

The trend of mean annual T was positive over the entire research area, resulting in the increase in T by 1 to 1.6°C (in southern
and eastern regions) (2002-2021) (Kulesza and Hoscito, 2023). In central and eastern regions the statistically significant
increase in ETo was also reported, with a mean increase of 1.79 mm per year (while mean annual ETo is ca. 600 mm). The
slope of the trend in changes in P appeared-was insignificant in the whole study area. For the detailed analysis of the
spatiotemporal variability and trends in NDVI and T, P, ETo over Poland in the last two decades the reader is referred our
previous paper (Kulesza and Hoscito, 2023).

The course of the monthly anomalies of NDVI during the period 2002-2022 showed the dynamics of three vegetation types.
Positive anomalies of NDVI in the growing season (April-September) were noticeable in 2011, 2013, 2016 and 2021, whereas
the negative anomalies of NDVI occurred in the growing season of 2003, 2008, 2018, 2019 and 2022 (Fig. 3). In 2015, the
negative peak of NAO index in July caused the positive T anomaly, negative P anomaly and very big, negative VPD anomaly
(i.e. bigger-than-average deficit of water vapour) in August. In turn, all this resulted in negative values of pastures’ NDVI in
August and September of 2015, but forest condition seemed unaffected. In 2018, the combined effect of above-average T (in
warm half-year) and mostly below-average P resulted in gradually decreasing values of NDVI in the growing season. Yet, the
decrease in NDVI values was not big. Additionally, generally positive T anomaly and negative P anomaly in the growing
season of 2018 resulted in big, negative VPD anomaly (i.e. deficit of water vapour bigger than average) and big, positive
anomaly of ETo. The following year (2019), experienced similar meteorological condition (although not so severe), but the

vegetation condition during the growing season was significantly below average. Unlike in 2018, when NAO phase was

11
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positive in the growing season, in 2019 the NAO phase was negative during the whole growing season. Moving forward, year
2021, probably because of the above-average P in April, May and August, experienced the positive anomalies of vegetation
condition for all three types of vegetation. On the contrary, the following year (2022) experienced the negative anomalies of
NDVI values, especially visible at the beginning of the growing season (April-May), and especially severe for pastures. In
March, May and June of 2022, there were significant negative anomalies of P and VVPD, together with positive anomalies of

ETo.
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Fig. 3. The deseasonalised time series of monthly anomalies of NDVI (broadleaved forest, coniferous forest, pastures),
T, P, VPD, ETo, and NAO and NCP indices, in the period 2002-2022. Grey areas refer to warm half-years (April-
SeptemberOctober).
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3.2 Variability and periodic changes in VI and meteorological elements and teleconnection indices

The data sets used in the study were purposely deseasonalised, so the obvious 1-year cycle in both NDVI (or EVI) and
meteorological conditions is removed. Thus, WT was used in searching for cycles and fluctuations with lower or higher
frequency over time (i.e. interannual or intraannual cycles). Consequently, no strong and stable over time cycles are wvisible
detected in the graphs which show the wavelet power spectrum |W|? (Fig. 4 and 5). The pulse of a half-year and 1 year cycle
of fluctuations in NDVI is marked around the 2010 for all three types of vegetation (Fig. 4, left column). Although they are
statistically significant, neither the power spectrum is strong, nor they last long. The EVI shows similar pattern for pastures,
but much fewer statistically significant fluctuations for broadleaved and coniferous forests (Fig. 4, right column). These pulses

come from the big negative NDVI and EVI anomalies in January and December 2010 (Fig. 3), caused by extensive and

persistent snow cover that significantly changed the values of spectral reflectance.
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Fig. 4. Wavelet power spectrum (|]?) for deseasonalised time series of NDVI (left column) and EVI (right column)
for different vegetation types during the period 2002-2022. The COI region is below the thick black line. Statistically
significant areas at the level of o = 0.05 are indicated by a thin black line.

Meteorological elements also do not show significant interannual cycles. The components with a period of less than half-year
are more visible, but, similarly as in the case of NDVI, although they are statistically significant, the power spectrum is rather
weak (Fig. 5). Only VPD shows a cyclical component of circa 4 years, but it lies partly in the COI region and is statistically
insignificant. NAO and NCP produce significant components with a period of less than half-year (weak power spectrum), and

additionally a short pulse of a 1 year cycle that is visible around 2011 (NAO and NCP) and 2015 (NAO only) (Fig. 5, lower

panel).
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Fig. 5. Wavelet power spectrum (|/#]?) for deseasonalised time series of T, P, VPD, ETo (mean value from three
vegetation masks), and NAO and NCP during the period 2002-2022. The COI region is below the thick black line.
Statistically significant areas at the level of a = 0.05 are indicated by a thin black line.
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3.3 Coherence and time lags in the spectral response of individual vegetation types to the influencing factors

The pattern observed for coherence between NDVI and meteorological elements and teleconnection indices is different for
each of these factors.

T shows high coherence with the NDV1 in all three types of vegetation. There is a significant common power in the 8-16 month
(circa 1 year) band for the periods 2010-2015 and 2020-2022 (Fig. 6). Second significant common power band is 20-32 months

(circa 2 years), visible for both forest types for the whole time period 2002-2022 (and for pastures only up to 2016). Fhe-high

axis—The observed regularities are additionally proven by the Pearson’s linear correlations with appropriate time lags.

Significant positive correlations between NDVI and T occur for broadleaved and coniferous forests for 8-, 12-, 27-, 28-, 29-
and 30-month delay (Fig. 8). For pastures significant positive correlations between NDVI and T only occur for 12- and 27-
month delay.

Both P and VPD produce few small patches of significantratherweak coherence with NDVI in all three vegetation types. Very

small patches of high coherence ef-in circa 1 year delay-band between NDVI and P occur only around 2006 and 2009-2010
for broadleaved and coniferous forests (and for pastures only one patch around 2009-2010) (Fig. 6). VPD produces even
smaller patches of high coherence of-in circa 8-month delay-band (around 2006), in where the NDVI and VVPD are mostly out
of phase, meaning that the correlation between them is negative (Fig. 6). In fact, significant negative Pearson’s correlations
appear for 7-, 8- and 9-month delay for all vegetation types (Fig. 8). Fig. 8 indicates also significant correlations between
NDVI and VPD for 18- and 22-month delay.

ETo shows high coherence with NDVI in all three vegetation types. The significant common power appears in the intraannual
(3-8 months) band, from the beginning of the study period until 2008 (Fig. 6). High and significant coherence ef-in circa 1
year (8-16 month) delay-band occurs mostly around 2010, while significant coherence ef-in circa 2 year (20-32 month) delay
band is distributed more or less along the whole study period. Surprisingly, it seems the most stable for pastures, which is low

grassy vegetation, rather independent from interannual weather conditions. Significant positive Pearson’s correlations between
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NDVI and ETo occur for broadleaved and coniferous forests for 8- and 22-month delay, while for pastures only for 22-month
delay (Fig. 8).

Correlations in specific bands — intraannual and interannual — are also visible between NDVI and NAO index in particular
time periods. NAO produces strong coherence with NDVI mostly for two forest types. Small areas of high positive correlation
efin circa 1 year delay-band between NDVI and NAO appear mostly for coniferous forest in the period 2013-2016 and 2018-
2021, as well as for broadleaved forest in the period 2015-2016 and 2019-2020. This is additionally proven by the significant
positive Pearson’s correlation between NDVI and NAO for 11-month delay (Fig. 8). For pastures this interannual pattern is
hardly recognizable (Fig. 6). For broadleaved and coniferous forests the coherence ef-in circa 3 year delay-band up till 2013 is
also visible. Interestingly, there is a significant common power for NDVI and NAO in the 2-6 month (intraannual) band for
the year 2018 in all three vegetation types. Similar, small patches of high and significant, intraannual coherence for this year
are mostly visible for broadleaved forest regarding T, VPD and ETo, while for coniferous forest and pastures regarding ETo
only (Fig. 6).

NCP index produces rather weak coherence with NDVI in all three vegetation types. The cohesion pattern is somehow similar
to the one produced by NAO, with small areas of high and significant coherence ef-in circa 1 year delay-band around 2015
and 2020, which is mostly visible for coniferous and broadleaved forests (Fig. 6). Additionally, for two forest types the
coherence of circa 32 months (almost 3 years) delay in the period 2010-2015 is also visible. Surprisingly, NCP’s Pearson’s
correlation with NDV1 is significant for 25- and 35-month delay (for forest types), but, unlike the cohesion’s right arrows, this
correlation is negative (Fig. 8).

The pattern observed for coherence between EVI and meteorological elements and teleconnection indices resembles in many
places the pattern observed for NDVI, especially regarding pastures.

However, in forest types, concerning T and ETo, their coherence with EVI gives substantially smaller areas of high and
significant cohesion, as compared to NDVI (Fig. 8). Nevertheless, the Pearson’s linear correlations with time lags, prepared
for EVI, reveals many significant and positive correlations between EVI and T for broadleaved forest (mostly 1 year delay and

2 year delay), and even more significant correlations for coniferous forest. In turn, significant positive Pearson’s correlations
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between EVI and ETo occur in broadleaved forest for circa 2 year (22-month) delay, while in coniferous forest for circa 1 year
(10-month) delay and 2 year (22- and 23-month) delay (Fig. 8).

P and VPD show some more areas of significant common power with EVI than with NDVI, but the high cohesion areas are of
in over 3 year delay-band and lie partly in the COI region (Fig. 8).

In case of NAO, there is a significant common power with EVI in the 30-40 month (circa 3 year) band in the period 2005-
2020, for broadleaved forest (Fig. 7). This is additionally proven by the Pearson’s linear correlations with 30-month time lag
(Fig. 8). Similarly as in the case of NDVI, there is a significant common power for EVI and NAO in the 2-4 month (intraannual)
band for the year 2018 for both forest types. Similar, small patches of high and significant, intraannual coherence for this year
are visible for broadleaved and coniferous forest regarding T, VPD and ETo (Fig. 7).

NCP shows less areas of significant common power with EVI than with NDVI. However, there are some significant positive
Pearson’s correlations between EVI and NCP, but there are also significant negative correlations (30-month delay for
broadleaved forest) (Fig. 8). Moreover, unlike other meteorological variables, here the arrows on the WC scalograms tend to

orientate up or down, which could be interpreted as uncoupling between both signals (Fig. 7).

17



VPD

Period (months)

ETo
Period (months)

NAO

Period (months)

NCP
Period (months)

Broadleaved forest Coniferous forest Pastures

Period (months)

Period (months)

2005 2010 2015 2020 2005 2010 2015 2020 2005 2010 2015 2020

[
0 02 04 06 08 1

Fig. 6. Wavelet Coherence power spectrum (colour scale) between deseasonalised time series of NDVI and T, P, VPD, ETo,
NAO and NCP for broadleaved forest (left column), coniferous forest (middle column) and pastures (right column) during the
period 2002-2022. Colours range from blue (low correlation) to yellow (high correlation). Arrows indicates the phase difference
between signals: right arrows — series are completely in phase, left arrows — series are out of phase. The COI region is below
the thick black line. Statistically significant areas at the level of a = 0.05 are indicated by a thin black line.
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Fig. 7. Wavelet Coherence power spectrum (colour scale) between deseasonalised time series of EVI and T, P, VPD, ETo, NAO
and NCP for broadleaved forest (left column), coniferous forest (middle column) and pastures (right column) during the period
2002-2022. Colours range from blue (low correlation) to yellow (high correlation). Arrows indicates the phase difference
between signals: right arrows — series are completely in phase, left arrows — series are out of phase. The COI region is below
the thick black line. Statistically significant areas at the level of a = 0.05 are indicated by a thin black line.
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Fig. 8. Correlation coefficients between d lised time series of NDVI (left column) or EVI (right column) and T, P, VPD,

ETo, NAO and NCP for three different vegetation types: broadleaved forest (upper panel), coniferous forest (middle panel) and
pastures (bottom panel) The pairs of data sets are correlated with appropriate time lag of 0 to 36 months. Statistically significant
correlations at the level of a = 0.05 are indicated by a circle.

4 Discussion

Observed years with decreased vegetation condition, and unfavorable meteorological conditions related to this (above-average
T and below-average P) are identified in many research studies. A number of severe, large-scale drought events occurred
across Europe in the last 20 years, many of which have also affected the area of this study. In 2003, a severe drought mostly
affected south-western Germany, Switzerland and south-eastern France (Fink et al., 2004; Garcia-Herrera et al., 2010) with
less impact on Poland (Somorowska, 2022). As the NAO index was oscillating around zero_(Fig. 3), the anticyclonic pattern
that led to a drought corresponded more to anomalous northern displacement of the Azores High than a typical blocking

structure (Fink et al., 2004). Yet, the key factor to reach unprecedented temperature anomalies was soil moisture deficit (Fink
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et al., 2004). Indeed, peak of positive ETo was also visible in May 2003 in our study area. In turn, in 2015 the negative peak
of NAO index in July caused the drought in Europe that reached its peak intensity and spatial extent in August, affecting
especially the eastern part of Europe (lonita et al., 2017). Here, a very big, negative VPD anomaly occurred in August and
resulted in decreased condition of the vegetation, especially of pastures. Another severe droughts occurred in Europe in 2018
(Buras and Rammig and Zang, 2020; Schuldt et al., 2020; Boergens et al., 2020), 2019 (Boergens et al., 2020; Hari et al., 2020)
and 2022 (Buras and Meyer and Rammig, 2023; Wang et al., 2023). All of them were observed also in our study area. In
summer 2018 daily maximum temperature in Poland was 3.3°C higher than the 1981-2019 average (and 1.2°C higher than
daily maximum temperature in 2003), and precipitation was below average as well{Semerewska—2022}. In 2019, the negative
phase of NAO, persisting for whole growing season of 2019, contributed to anticyclonic circulation and southerly advection
of the air masses over Poland. The frequency of circulation from the south and south-east direction was 2 to 2.5 times higher
than the average for the 1951-2018 (Ziernicka-Wojtaszek, 2021). As a consequence, June 2019 with a positive temperature
anomaly of over 45.0°C (Fig.3)ferthe-whele-Peland was the warmest month since 1951 (Ziernicka-Wojtaszek, 2021). The
occurrence of the consecutive summer droughts in 2018 and 2019 was unprecedented, and its combined impact on the growing
season vegetation was much stronger compared to the year 2003 (Hari et al., 2020). Indeed, the negative anomalies of NDVI
were observed for all three vegetation types in 2018, but the vegetation condition during the growing season of 2019 was even
moresignificantly below average. It is also important to mention that increased vegetation growth at the beginning of the
growing season, caused by favorable meteorological conditions, contributes to fast depletion of resources (e.g. soil moisture)

and promotes and strengthens droughts in summer (Somorowska, 2022; Bastos et al., 2020). That was the case of 2018 and

2019 too.
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In order to conduct the WT analysis, both NDVI (or EVI) and meteorological time series were purposely deseasonalised, so
the obvious 1-year cycle, resulting from the seasonality of weather pattern and vegetation in temperate zone, is removed. Time
series of meteorological elements do not show any significant interannual cycles in the period 2002-2022. Similarly, no

significant interannual cycles in meteorological time series in central Europe were found in other works, using much longer

time periods, regarding T (Sen and Ogrin, 2016), are-P (Brazdil et al., 2021; Sen and Kern, 2016)- and NAO, -On-the-contrary;

suggesting-that-NAOwhich is rather a stochastic, unpredictable and a strong non-stationary process (Schulte and Duffy and

Najjar, 2015; Pozo-Vazquez et al., 2001). Additionally Alse; no strong; and stable over time interannual cycles were detected

are-visible-in the deseasonalised time series of NDVI (and EVI). Overall-thanks to-conducting-the WT-analysis,no-significant

~Thus, presumably

the spectral response of the vegetation to the triggering meteorological factors is caused rather by the actual relationship
between these variables, than is the result of a coincidence. The WC and Pearson’s linear correlation with appropriate time
lags helped revealing these relationships between NDVI (or EVI) and meteorological elements.

According to many scientific studies, temperature is one of the most influential elements, shaping the vegetation condition
worldwide (Moreira and Fontana and Kuplich, 2019; Ghaderpour et al., 2023; Mbatha and Xulu, 2018). The correlation
between grasslands’ vigour and air temperature was strong in the annual cycle in southern Brasil (2000-2014) (Moreira and
Fontana and Kuplich, 2019). Similar, significant common power in 8-16 month (ca. 1 year) band was produced by NDVI and
soil temperature for savannas and forest in South Africa in the period 2002-2017 (Mbatha and Xulu, 2018). In Europe,
significant annual in-phase coherency was observed between NDV1 and land surface temperature in northern Italy in the period
2000-2021 (Ghaderpour et al., 2023). In temperate zone analysed in this study, T shows high coherence with NDVI in both
forests and pastures. There is significant cohesion with 8-16 month (ca. 1 year) delay-and 20-32 month (ca. 2 year) delayband.
Pearson’s linear correlation shows more time lagged significant correlations between NDVI (or EVI) and T for forests than

for pastures. This suggests that there is a significant lag in the forests’ response to the changes in T, more noticeable for forests
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than for pastures. It is in line with the results of other researchers. For instance, in a beech forest in Germany, a time shift of
approximately 300 days appears in the WC between NDVI and T (1989-2007) (Carl et al., 2013).

Similar, high coherence values are produced by ETo in both forest types and in pastures — mostly coherence of-in circa 1 year
(8-16 month) and circa 2 year (20-32 month) delayband. Indeed, forest vegetation response to water deficit can be delayed,
especially depending on the tree type (broadleaved or coniferous) and species. Similar, in-phase relationship in the 8-18 month
band occurred in savannas and forest in South Africa (Mbatha and Xulu, 2018). Yet, the surprisingly high coherence ef-in 2

year delayband, which occurs for pastures along the whole study period is interesting, because one would expect current low

grassy vegetation seems-to be independent of the weather conditions in the previous growing seasons. unrelated-to-interannual

weatherconditions-However, one should remember that in statistics, a significant correlation between two variables may occur
by chance, so a significant commonality in a wavelet coherence spectra analysis does not necessarily imply interconnection
(Mbatha and Xulu, 2018).

At this point, it is also worth adding some comment on the differences in WC pattern observed for NDVI and EVI. Regarding
pastures, the coherence between EVI and meteorological elements and teleconnection indices resembles (more or less) the
pattern observed for NDVI, while it differs substantially when forest types are concerned. Indeed, the correlation coefficient
between deseasonalised anomalies of NDVI and EVI is very high for pastures (0.94), while lower for broadleaved forest (0.67)
and coniferous forest (0.28). It is also worth noticing that regarding forest, the EVI values are within much narrower range
than values of NDVI (Fig. 9), mostly because of the very low NDVI values in winter months of 2006 and 2010. The reason
for this might lie in different parameters-spectral bands used to construct both indices. The research results indicate that EVI
is more susceptible to changes in canopy structure, while NDVI is more sensitive to chlorophyll (Huete et al., 2002). Thus,
while EVI may more accurately represent early leaf shedding, NDVI is more likely to represent changes in leaf colour, such
as those occurring during premature leaf senescence during a drought (Buras and Rammig and Zang, 2020). While some
researchers suggest that NDVI reflects natural vegetation better than EVI (Li et al., 2010), others prefer the latter, which also

uses blue radiation to stabilise the index value against variations in aerosol concentration levels (Didan and Munoz, 2019).
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Fig. 9. Scatterplots of deseasonalised anomalies of NDVI and EVI for three different vegetation types: broadleaved
forest, coniferous forest and pastures. The graphs also show the linear regressions (red lines), the regression equations,
the coefficient of determination R?, and the statistical significance level p.

Unlike in tropical and subtropical zones, P seems to have weaker coherence with NDVI in European temperate zone. Lotsch
et al. (2003) showed that ecosystems in arid and semi-arid climate regimes (shrublands, savannas, grasslands) are most
sensitive to seasonal P anomalies at time scales of 4-6 months, whereas forested land areas exhibit weak correlation with P
anomalies at all time scales. According to Lotsch et al. (2003) European temperate zone lies in the area of weak correlations

between P and NDVI.

type-and-terrain-characteristic (2008-2016)-In southern Brazil, low coherence between EVI and P was observed only in regions

where dry periods may occur during summer (thus similar to temperate zone weather conditions) (2000-2014) (Moreira and
Fontana and Kuplich, 2019). In Italy in 2000-2021, NDVI and P were significantly coherent only in the south, where the
climate is the driest (Ghaderpour et al., 2023). In general, vegetation in subtropical or tropical zone is more weather-dependent,
leading to high coherence between vegetation vigour and P anomalies. On the other hand, the temperate forest is less dependent
on water availability, thanks to the deep root system that trees can use to reach deep water resources. However, it makes the
influence of meteorological factors on forest NDVI/EVI less evident and harder to detect.

Another important characteristic of the vegetation in temperate zone is that in winter vegetation mostly pauses (apart from
some coniferous tree species), while meteorological elements obviously do not. P shows not only a seasonal variability (bigger

sums of P occur in summer and lower in winter), but its intra- and interannual variations in winter are relatively high. Resulting

24



435

440

445

450

455

coherence between NDVI and P on the monthly basis, detected on the WC scalogram is rather weak. To compare, the NDVI
correlates well with P on the yearly basis, and this correlation is much stronger than the one between NDVI and T (Kulesza
and Hoscilo, 2023).

Drought stress on vegetation over Europe is linked also to various teleconnection patterns, with most studies focusing on the
influence of NAO on vegetation condition (Gouveia et al., 2008; Olafsson and Rousta, 2021; Araghi et al., 2019). According
to Gouveia et al. (2008), negative values of winter NAO induce low values of NDVI in spring, but high values of NDVI in
summer in northeastern Europe. Positive phase of NAO has the opposite effect, respectively. This behaviour mainly results
from the strong impact of NAO on winter temperature, associated with the critical dependence of vegetation growth on the
combined effect of warm conditions and water availability during the winter season (Gouveia et al., 2008). In this study, it was
especially visible in the year 2018, when the massive drought over Europe occurred. The NAO-induced stable high pressure
system formed over central Europe in April, and lasted until October 2018, causing exceptionally high temperature and big
deficit of water vapour. The spectral response of the vegetation to changes of NAO index was 2-6 months delayed —and similar
were the delays in response to changes of T, VPD and ETo.

However, apart from this exceptional drought of 2018, when the vegetation response to the triggering factors was relatively
quick, NAO produces strong coherence with NDVI mostly for forests, within circa 1 year delay-band and — a weaker coherence

—within circa 3 year delayband. For pastures these interannual patterns are hardly recognizable. As the atmosphere is a system

of interlinked vessels, the NAO may itself be influenced by other teleconnection systems, e.g. 3-4-year cycle of ENSO (King,

2023). Thus the indirect effect of ENSO on vegetation condition in Europe might be investigated in the future.

On the contrary, NCP index produces rather weak coherence with both NDVI and EVI in all three vegetation types. As there
are both positive and negative (depending on the time lag) significant Pearson’s correlations between NDVI (or EVI) and NCP,
it seems that the overall influence of NCP on vegetation condition in European temperate zone is rather weak. It is contrary to
the results of He et al. (2022), obtained for western Eurasia for 1981-2015. They concluded that NCP has significant negative
impact on meteorological and vegetation conditions over this region. According to He et al. (2022) the positive NCP phases

may better contribute to drier conditions over the region than NAO, because the positive phases of NCP contribute to increasing

Do

dryness, thus causing the region to become more water-limited.
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Finally, it should be noted that the conducted analyses have a few limitations. In general, vegetation in warm temperate climate

is highly seasonal. In the face of that, a severe weather condition occurring at the beginning of the growing season (e.g.
drought), can induce poor vegetation condition in summer and autumn. However, big positive anomalies of T, or big, negative
anomalies of P that occur in late autumn, have much smaller influence on vegetation condition in winter. That is why the
intraannual relationships, with the time lag smaller than 1 year are much-a bit harder to detect than similar relationships in the
tropical or subtropical zones.

Another important issue is the interpretation of the spectral indices’ values. For instance, the NDV1 signal coming from forest
reflects not only the trees vigour, shaped by weather conditions, but also the “noise” from the understorey and other effects
like pests, herbivores, pathogens and forest management. Grassland seem to be mostly free from such problems. Its response
to the triggering meteorological factor is usually quick. Also, the quality of grassy vegetation in one year does not have a major
effect on its quality in the subsequent year. In this study we only used pastures (CLC class 231) and not arable lands (CLC
class 211 and 212) or natural grasslands (CLC class 321) (Clms, 2021) to ensure the uniformity of the grassy vegetation.
Natural grassland class in Poland is assigned mostly to small areas of military training grounds and alpine grassland with
rough, uneven ground, steep slopes and up to 50% of bare rocks or bare natural surfaces (Kosztra et al., 2017). However,
pastures are mowed during the growing season, which changes their spectral properties regardless of the weather. Because of
this, proper interpretation of the obtained results can be difficult. At the same time, such results should be treated with caution.

Finally, it should be noted that in this study all pixels within the respective vegetation masks were spatially averaged, in order

to produce single time series. However, the relationship between vegetation indices and meteorological elements may vary

within each mask. Some initial, sample results (illustrated in Fig. A1 and A2 in Appendix A) showed us that there are no big

differences between individual parts of Poland. Poland is in fact a nine-largest country in Europe, but when it comes to response

of different types of vegetation to changes in meteorological conditions it might be considered as relatively homogenous, and

therefore representative for whole European warm temperate zone.
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5 Conclusion

The results presented in this paper show in detail the coherence and time lags in the spectral response of three individual
vegetation types in temperate zone to the influencing meteorological factors, in the period 2002-2022. Vegetation condition in
broadleaved forest, coniferous forest and pastures was measured with monthly anomalies of two spectral indices — NDVI and
EVI. As meteorological elements we used monthly anomalies of T, P, VPD, ETo, and teleconnection indices NAO and NCP.
Periodicity in the time series of different vegetation types, and in the time series of meteorological elements and teleconnection
indices, was assessed using the WT method. In turn, coherence between NDVI/EVI and meteorological elements was described
using the methods of WC and Pearson’s linear correlation with time lag. The use of various research methods helps to objectify
the results obtained.

Thanks to conducting the WT analysis, no significant and stable over the whole time period intra- or interannual cycles were

detected in both vegetation (NDVI and EVI) and meteorological variables.

In European temperate zone analysed in this study, the weakest coherence with vegetation condition is produced by P and
VPD. Also NCP produces rather weak coherence with both NDVI and EV1 in all three vegetation types. On the contrary, NAO
produces strong coherence mostly for forests, within circa 1 year delay-band and — a weaker coherence — within circa 3 year
delayband. For pastures these interannual patterns are hardly recognizable. The strongest relationships occur between condition
of the vegetation and T and ETo — they show high coherence in both forests and pastures. There is a significant cohesion within
8-16 month (ca. 1 year) delay-and 20-32 month (ca. 2 year) delayband. More time lagged significant correlations between
vegetation indices and T occur for forests than for pastures, suggesting a significant lag in the forests’ response to the changes
in T. Yet, the surprisingly high coherence between vegetation condition and ETo ef-in 2 year delayband, which occurs for
pastures along the whole study period is interesting, because low grassy vegetation seems to be unrelated to interannual weather
conditions. To explain this, further, in-depth research is required, based on the increasingly longer research material.
Additionally, as a division into just three vegetation types (broadleaved forest, coniferous forest, pastures) is rather coarse, a
more detailed classification into e.g. tree species should be prepared, and the selected species-homogenous areas should be

investigated in the future. The species-homogenous areas might also be further divided spatially, in order to check in detail the

differences in species responses to the changes in meteorological conditions in different regions of the study area.
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Another important methodological conclusion is the observed differences in forest NDVI and EVI, while for pastures NDVI
and EVI values seem to be very similar. Finding out which of these indicators is more suitable for which type of forests and
for low grassy vegetation requires separate, extended research, and should be conducted in the future.

The research presented in this study fills the knowledge gap on the coherence between vegetation condition and meteorological
elements in the temperate zone. However, the obtained results might be useful for researchers working on this topic in other
climatic zones. Identifying the climate-induced variability in the condition of vegetation is particularly important in the context
of the recent climate change, and plants’ impact on mitigation of the climate change.

Appendix A
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Fig. Al. Hypsometric map of Poland with division into 8 main nature-

forest lands: I Baltycka, II Mazursko-Podlaska, III Wielkopolsko-

Pomorska, IV Mazowiecko-Podlaska, V glgska, VI Malopolska, VII
Sudecka, VIII Karpacka (source: own elaboration based on a
hypsometric map, pl.wikipedia.org)
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Fig. A2. Wavelet Coherence power spectrum (colour scale) between deseasonalised time series of NDVI and T, P, VPD, ETo, NAO
and NCP for broadleaved forest in selected 3 forest-nature lands: I (left column), IV (middle column) and VII (right column
during the period 2002-2022. Colours range from blue (low correlation) to yellow (high correlation). Arrows indicates the phase
difference between signals: right arrows — series are completely in phase, left arrows — series are out of phase. The COI region is
below the thick black line. Statistically significant areas at the level of a = 0.05 are indicated by a thin black line.

Funding: This work was supported by the National Science Centre in Poland [grant number 2021/41/B/ST10/04113].
Data availability: The data that support the findings of this study were derived from the following resources available in the

public domain: https://Ipdaac.usgs.gov/products/; https://cds.climate.copernicus.eu/.

29

[ Tabela sformatowana




520

Author contribution: Kinga Kulesza: Conceptualization, Methodology, Formal analysis, Investigation, Data Curation, Writing
- Original Draft, Writing - Review & Editing, Visualization. Agata Hoscito: Conceptualization, Writing - Review & Editing,
Supervision, Project administration, Funding acquisition.

The authors declare that they have no conflict of interest.

30



525

530

535

540

545

550

555

560

References

Raport o stanie lasow w Polsce 2021, Centrum Informacyjne Laséw Panstwowych, Warsaw, 2022.
Adole, T., Dash, J., and Atkinson, P. M.: A systematic review of vegetation phenology in Africa,
Ecological Informatics, 34, 117-128, 10.1016/j.ecoinf.2016.05.004, 2016.

American Meteorological Society: Tetens's formula, 2023.

Araghi, A., Martinez, C. J., Adamowski, J., and Olesen, J. E.: Associations between large-scale climate
oscillations and land surface phenology in Iran, Agricultural and Forest Meteorology, 278, 107682,
10.1016/j.agrformet.2019.107682, 2019.

Barbosa, H. A., Lakshmi Kumar, T. V., Paredes, F., Elliott, S., and Ayuga, J. G.: Assessment of Caatinga
response to drought using Meteosat-SEVIRI Normalized Difference Vegetation Index (2008-2016),
ISPRS Journal of Photogrammetry and Remote Sensing, 148, 235-252, 10.1016/j.isprsjprs.2018.12.014,
2019.

Barnston, A. G. and Livezey, R. E.: Classification, Seasonality and Persistence of Low-Frequency
Atmospheric Circulation Patterns, Monthly Weather Review, 115, 1083-1126, 10.1175/1520-
0493(1987)115<1083:CSAPOL>2.0.CO;2, 1987.

Bastos, A., Ciais, P., Friedlingstein, P., Sitch, S., Pongratz, J., Fan, L., Wigneron, J. P., Weber, U.,
Reichstein, M., Fu, Z., Anthoni, P., Arneth, A., Haverd, V., Jain, A. K., Joetzjer, E., Knauer, J., Lienert,
S., Loughran, T., McGuire, P. C., Tian, H., Viovy, N., and Zaehle, S.: Direct and seasonal legacy effects
of the 2018 heat wave and drought on European ecosystem productivity, Science Advances, 6, eaba2724,
doi:10.1126/sciadv.aba2724, 2020.

Boergens, E., Giintner, A., Dobslaw, H., and Dahle, C.: Quantifying the Central European Droughts in
2018 and 2019 With GRACE Follow-On, Geophysical Research Letters, 47, ¢2020GL087285,
10.1029/2020GL087285, 2020.

Brazdil, R., Zahradnicek, P., Dobrovolny, P., Stépének, P, and Trnka, M.: Observed changes in
precipitation during recent warming: The Czech Republic, 19612019, International Journal of
Climatology, 41, 3881-3902, 10.1002/joc.7048, 2021.

Brown, M. E., de Beurs, K., and Vrieling, A.: The response of African land surface phenology to large
scale climate oscillations, Remote Sensing of Environment, 114, 2286-2296, 10.1016/j.rse.2010.05.005,
2010.

Bryn, A. and Potthoff, K.: Elevational treeline and forest line dynamics in Norwegian mountain areas — a
review, Landscape Ecology, 33, 1225-1245, 2018.

Buras, A., Meyer, B., and Rammig, A.: Record reduction in European forest canopy greenness during the
2022 drought, EGU General Assembly 2023, Vienna, Austria, 24-28 Apr 2023, 10.5194/egusphere-
egu23-8927, 2023.

Buras, A., Rammig, A., and Zang, C. S.: Quantifying impacts of the 2018 drought on European
ecosystems in comparison to 2003, Biogeosciences, 17, 1655-1672, 10.5194/bg-17-1655-2020, 2020.
Carl, G., Doktor, D., Koslowsky, D., and Kiihn, I.: Phase difference analysis of temperature and vegetation
phenology for beech forest: a wavelet approach, Stochastic Environmental Research and Risk
Assessment, 27, 1221-1230, 10.1007/s00477-012-0658-x, 2013.

31



565

570

575

580

585

590

595

600

Christian, J. L., Basara, J. B., Hunt, E. D., Otkin, J. A., and Xiao, X.: Flash drought development and
cascading impacts associated with the 2010 Russian heatwave, Environmental Research Letters, 15,
094078, 10.1088/1748-9326/ab9faf, 2020.

Chu, H., Venevsky, S., Wu, C., and Wang, M.: NDVI-based vegetation dynamics and its response to
climate changes at Amur-Heilongjiang River Basin from 1982 to 2015, Science of The Total Environment,
650, 2051-2062, 10.1016/j.scitotenv.2018.09.115, 2019.

CLMS: CORINE Land Cover Products User Manual, 2021.

Didan, K.: MODIS/Aqua Vegetation Indices 16-Day L3 Global 250m SIN Grid V061 [Data set], NASA
EOSDIS Land Processes DAAC [dataset], 10.5067/MODIS/MYD13Q1.061, 2021a.

Didan, K.: MODIS/Terra Vegetation Indices 16-Day L3 Global 250m SIN Grid V061 [Data set], NASA
EOSDIS Land Processes DAAC [dataset], 10.5067/MODIS/MOD13Q1.061, 2021b.

Didan, K. and Munoz, A. B.: MODIS Vegetation Index User’s Guide (MOD13 Series), 2019.

Erasmi, S., Propastin, P., Kappas, M., and Panferov, O.: Spatial patterns of NDVI variation over Indonesia
and their relationship to ENSO warm events during the period 1982-2006, Journal of climate, 22, 6612-
6623, 10.1175/2009jcli2460.1, 2009.

FAO and UNEP: The State of the World’s Forests 2020. In brief. Forests, biodiversity and people, FAO
and UNEP, Rome, 10.4060/ca8985en, 2020.

Fink, A. H., Briicher, T., Kriiger, A., Leckebusch, G. C., Pinto, J. G., and Ulbrich, U.: The 2003 European
summer heatwaves and drought —synoptic diagnosis and impacts, Weather, 59, 209-216,
10.1256/wea.73.04, 2004.

Furon, A. C., Wagner-Riddle, C., Smith, C. R., and Warland, J. S.: Wavelet analysis of wintertime and
spring thaw CO2 and N2O fluxes from agricultural fields, Agricultural and Forest Meteorology, 148,
1305-1317, 10.1016/j.agrformet.2008.03.006, 2008.

Garcia-Herrera, R., Diaz, J., Trigo, R. M., Luterbacher, J., and Fischer, E. M.: A Review of the European
Summer Heat Wave of 2003, Critical Reviews in Environmental Science and Technology, 40, 267-306,
10.1080/10643380802238137, 2010.

Garcia-Herrera, R., Garrido-Perez, J. M., Barriopedro, D., Ordéiiez, C., Vicente-Serrano, S. M., Nieto,
R., Gimeno, L., Sori, R., and Yiou, P.: The European 2016/17 Drought, Journal of climate, 32, 3169-3187,
10.1175/JCLI-D-18-0331.1, 2019.

Gazol, A. and Camarero, J. J.: Compound climate events increase tree drought mortality across European
forests, Science of The Total Environment, 816, 151604, 10.1016/j.scitotenv.2021.151604, 2022.
Ghaderpour, E., Mazzanti, P., Mugnozza, G. S., and Bozzano, F.: Coherency and phase delay analyses
between land cover and climate across Italy via the least-squares wavelet software, International Journal
of Applied Earth Observation and Geoinformation, 118, 103241, 10.1016/j.jag.2023.103241, 2023.
Gong, D. Y. and Shi, P. J.: Northern hemispheric NDVI variations associated with large-scale climate
indices in  spring, International Journal of Remote Sensing, 24, 2559-2566,
10.1080/0143116031000075107, 2003.

Gouveia, C., Trigo, R. M., DaCamara, C. C., Libonati, R., and Pereira, J. M. C.: The North Atlantic
Oscillation and European vegetation dynamics, International Journal of Climatology, 28, 1835-1847,
10.1002/joc.1682, 2008.

32



605

610

615

620

625

630

635

640

Grinsted, A., Moore, J. C., and Jevrejeva, S.: Application of the cross wavelet transform and wavelet
coherence to geophysical time series, Nonlin. Processes Geophys., 11, 561-566, 10.5194/npg-11-561-
2004, 2004.

Hari, V., Rakovec, O., Markonis, Y., Hanel, M., and Kumar, R.: Increased future occurrences of the
exceptional 2018-2019 Central European drought under global warming, Scientific Reports, 10, 12207,
10.1038/s41598-020-68872-9, 2020.

He, Q., Xu, B., Dieppois, B., Yetemen, O., Sen, O. L., Klaus, J., Schoppach, R., Caglar, F., Fan, P. Y.,
Chen, L., Danaila, L., Massei, N., and Chun, K. P.: Impact of the North Sea-Caspian pattern on
meteorological drought and vegetation response over diverging environmental systems in western
Eurasia, Ecohydrology, 15, €2446, 10.1002/ec0.2446, 2022.

Hersbach, H., Bell, B., Berrisford, P., Hirahara, S., Horanyi, A., Muifioz-Sabater, J., Nicolas, J., Peubey,
C., Radu, R., Schepers, D., Simmons, A., Soci, C., Abdalla, S., Abellan, X., Balsamo, G., Bechtold, P.,
Biavati, G., Bidlot, J., Bonavita, M., De Chiara, G., Dahlgren, P., Dee, D., Diamantakis, M., Dragani, R.,
Flemming, J., Forbes, R., Fuentes, M., Geer, A., Haimberger, L., Healy, S., Hogan, R. J., Holm, E.,
Janiskova, M., Keeley, S., Laloyaux, P., Lopez, P., Lupu, C., Radnoti, G., de Rosnay, P., Rozum, I.,
Vamborg, F., Villaume, S., and Thépaut, J.-N.: The ERAS5 global reanalysis, Quarterly Journal of the
Royal Meteorological Society, 146, 1999-2049, 10.1002/qj.3803, 2020.

Hofgaard, A., Tommervik, H., Rees, G., and Hanssen, F.: Latitudinal forest advance in northernmost
Norway since the early 20th century, Journal of Biogeography, 40, 938—949, 10.1111/jbi.12053, 2012.
Holben, B. N.: Characteristics of maximum-value composite images from temporal AVHRR data,
International Journal of Remote Sensing, 7, 1417-1434, 10.1080/01431168608948945, 1986.

Huang, S., Tang, L., Hupy, J. P., Wang, Y., and Shao, G.: A commentary review on the use of Normalized
Difference Vegetation Index (NDVI) in the era of popular remote sensing, Journal of Forestry Research,
32, 1-6,10.1007/s11676-020-01155-1, 2021.

Huete, A., Didan, K., Miura, T., Rodriguez, E. P., Gao, X., and Ferreira, L. G.: Overview of the radiometric
and biophysical performance of the MODIS vegetation indices, Remote Sensing of Environment, 83,
195-213, 10.1016/S0034-4257(02)00096-2, 2002.

Hussain, A., Cao, J., Ali, S., Ullah, W., Muhammad, S., Hussain, I., Abbas, H., Hamal, K., Sharma, S.,
Akhtar, M., Wu, X., and Zhou, J.: Wavelet coherence of monsoon and large-scale climate variabilities
with precipitation in Pakistan, International Journal of Climatology, 42, 9950-9966, 10.1002/joc.7874,
2022.

ITonita, M., Tallaksen, L. M., Kingston, D. G., Stagge, J. H., Laaha, G., Van Lanen, H. A. J., Scholz, P.,
Chelcea, S. M., and Haslinger, K.: The European 2015 drought from a climatological perspective, Hydrol.
Earth Syst. Sci., 21, 1397-1419, 10.5194/hess-21-1397-2017, 2017.

IPCC: Climate Change and Land: an IPCC special report on climate change, desertification, land
degradation, sustainable land management, food security, and greenhouse gas fluxes in terrestrial
ecosystems, Intergovernmental Panel on Climate Change (IPCC), 2019.

Karlsen, S. R., Temmervik, H., Johansen, B., and Riseth, J. A.: Future forest distribution on
Finnmarksvidda, North Norway, Climate Research, 73, 125-133, 10.3354/cr01459, 2017.

King, M. P., Keenlyside, N., Li, C.: ENSO teleconnections in terms of non-NAO and NAO atmospheric
variability, Climate Dynamics, 61, 2717-2733, 10.1007/s00382-023-06697-8, 2023.

33



645

650

655

660

665

670

675

680

685

Kosztra, B., Biittner, G., Hazeu, G., and Arnold, S.: Updated CLC illustrated nomenclature guidelines,
2017.

Kulesza, K.: Influence of air pressure patterns over Europe on solar radiation variability over Poland
(1986-2015), International Journal of Climatology, 41, E354-E367, 10.1002/joc.6689, 2021.

Kulesza, K. and Hoscito, A.: Influence of climatic conditions on Normalized Difference Vegetation Index
variability in forest in Poland (2002-2021), Meteorological Applications, 30, €2156, 10.1002/met.2156,
2023.

Kutiel, H., Maheras, P., Tiirkes, M., and Paz, S.: North Sea — Caspian Pattern (NCP) — an upper level
atmospheric teleconnection affecting the eastern Mediterranean — implications on the regional climate,
Theoretical and Applied Climatology, 72, 173-192, 10.1007/s00704-002-0674-8, 2002.

Li, Z., Li, X., Wei, D., Xu, X., and Wang, H.: An assessment of correlation on MODIS-NDVI and EVI
with natural vegetation coverage in Northern Hebei Province, China, Procedia Environmental Sciences,
2, 964-969, 10.1016/j.proenv.2010.10.108, 2010.

Liu, Y., Li, Y., Li, S., and Motesharrei, S.: Spatial and Temporal Patterns of Global NDVI Trends:
Correlations with Climate and Human Factors, Remote Sensing, 7, 13233-13250, 10.3390/rs71013233,
2015.

Lotsch, A., Friedl, M. A., Anderson, B. T., and Tucker, C. J.: Coupled vegetation-precipitation variability
observed from satellite and climate records, GEOPHYSICAL RESEARCH LETTERS, 30,
10.1029/2003GL017506, 2003.

Mao, D., Wang, Z., Luo, L., and Ren, C.: Integrating AVHRR and MODIS data to monitor NDVI changes
and their relationships with climatic parameters in Northeast China, International Journal of Applied Earth
Observation and Geoinformation, 18, 528-536, 10.1016/j.jag.2011.10.007, 2012.

Martinez, B. and Gilabert, M. A.: Vegetation dynamics from NDVI time series analysis using the wavelet
transform, Remote Sensing of Environment, 113, 1823-1842, 10.1016/j.rse.2009.04.016, 2009.

Mbatha, N. and Xulu, S.: Time Series Analysis of MODIS-Derived NDVI for the Hluhluwe-Imfolozi
Park, South Africa: Impact of Recent Intense Drought, 10.3390/c1i6040095, 2018.

Moreira, A., Fontana, D. C., and Kuplich, T. M.: Wavelet approach applied to EVI/MODIS time series
and meteorological data, ISPRS Journal of Photogrammetry and Remote Sensing, 147, 335-344,
10.1016/j.isprsjprs.2018.11.024, 2019.

Morin, X., Fahse, L., Jactel, H., Scherer-Lorenzen, M., Garcia-Valdés, R., and Bugmann, H.: Long-term
response of forest productivity to climate change is mostly driven by change in tree species composition,
Scientific Reports, 8, 5627, 10.1038/s41598-018-23763-y, 2018.

ERAS5-Land hourly data from 1981 to present. Copernicus Climate Change Service (C3S) Climate Data
Store (CDS), last access: 4.11.2022.

Muiloz-Sabater, J., Dutra, E., Agusti-Panareda, A., Albergel, C., Arduini, G., Balsamo, G., Boussetta, S.,
Choulga, M., Harrigan, S., Hersbach, H., Martens, B., Miralles, D. G., Piles, M., Rodriguez-Fernandez,
N.J., Zsoter, E., Buontempo, C., Thépaut, J.-N.: ERAS-Land: a state-of-the-art global reanalysis dataset
for land applications, Earth Syst. Sci. Data, 13, 4349-4383, 10.5194/essd-13-4349-2021, 2021.

Naga Rajesh, A., Abinaya, S., Purna Durga, G., and Lakshmi Kumar, T. V.: Long-term relationships of
MODIS NDVI with rainfall, land surface temperature, surface soil moisture and groundwater storage over
monsoon core region of India, Arid Land Research and Management, 37, 51-70,
10.1080/15324982.2022.2106323, 2023.

34



690

695

700

705

710

715

720

725

Olafsson, H. and Rousta, I.: Influence of atmospheric patterns and North Atlantic Oscillation (NAO) on
vegetation dynamics in Iceland using Remote Sensing, European Journal of Remote Sensing, 54, 351-
363, 10.1080/22797254.2021.1931462, 2021.

Pozo-Vazquez, D., Esteban-Parra, M. J., Rodrigo, F. S., and Castro-Diez, Y.: A study of NAO variability
and its possible non-linear influences on European surface temperature, Climate Dynamics, 17, 701-715,
10.1007/s003820000137, 2001.

Pravalie, R., Sirodoev, ., Nita, I.-A., Patriche, C., Dumitragcu, M., Rosca, B., Tiscovschi, A., Bandoc, G.,
Savulescu, 1., Manoiu, V., and Birsan, M.-V.: NDVI-based ecological dynamics of forest vegetation and
its relationship to climate change in Romania during 1987-2018, Ecological Indicators, 136, 108629,
10.1016/j.ecolind.2022.108629, 2022.

Schuldt, B., Buras, A., Arend, M., Vitasse, Y., Beierkuhnlein, C., Damm, A., Gharun, M., Grams, T. E. E.,
Hauck, M., Hajek, P., Hartmann, H., Hiltbrunner, E., Hoch, G., Holloway-Phillips, M., Kérner, C.,
Larysch, E., Liibbe, T., Nelson, D. B., Rammig, A., Rigling, A., Rose, L., Ruehr, N. K., Schumann, K.,
Weiser, F., Werner, C., Wohlgemuth, T., Zang, C. S., and Kahmen, A.: A first assessment of the impact of
the extreme 2018 summer drought on Central European forests, Basic and Applied Ecology, 45, 86-103,
10.1016/j.baae.2020.04.003, 2020.

Schulte, J. A., Duffy, C., and Najjar, R. G.: Geometric and topological approaches to significance testing
in wavelet analysis, Nonlinear Processes in Geophysics, 22, 139-156, 10.5194/npg-22-139-2015, 2015.
Sen, A. K. and Kern, Z.: Wavelet analysis of low-frequency variability in oak tree-ring chronologies from
east Central Europe, Open Geosciences, 8, 478-483, doi:10.1515/geo-2016-0044, 2016.

Sen, A. K. and Ogrin, D.: Analysis of monthly, winter, and annual temperatures in Zagreb, Croatia, from
1864 to 2010: the 7.7-year cycle and the North Atlantic Oscillation, Theoretical and Applied Climatology,
123, 733-739, 10.1007/s00704-015-1388-z, 2016.

Somorowska, U.: Amplified signals of soil moisture and evaporative stresses across Poland in the twenty-
first century, Science of The Total Environment, 812, 151465, 10.1016/j.scitotenv.2021.151465, 2022.
Soubry, 1., Doan, T., Chu, T., and Guo, X.: A Systematic Review on the Integration of Remote Sensing
and GIS to Forest and Grassland Ecosystem Health Attributes, Indicators, and Measures, Remote Sensing,
13, 10.3390/rs13163262, 2021.

Tomczyk, A. M. and Bednorz, E.: Atlas klimatu Polski (1991-2020), Bogucki Wydawnictwo
Naukowe2022.

Tomlinson, C. J., Chapman, L., Thornes, J. E., and Baker, C.: Remote sensing land surface temperature
for meteorology and climatology: a review, Meteorological Applications, 18, 296-306, 10.1002/met.287,
2011.

Torrence, C. and Compo, G. P.: A Practical Guide to Wavelet Analysis, Bulletin of the American
Meteorological Society, 79, 61-78, 10.1175/1520-0477(1998)079<0061:apgtwa>2.0.co;2, 1998.
Torrence, C. and Webster, P. J.: Interdecadal changes in the ENSO-monsoon system, Journal of climate,
12, 2679-2690, 10.1175/1520-0442(1999)012<2679:icitem>2.0.c0;2, 1999.

Vicente-Serrano, S. M. and Heredia-Laclaustra, A.: NAO influence on NDVI trends in the Iberian
peninsula  (1982-2000), International Journal of Remote Sensing, 25, 2871-2879,
10.1080/01431160410001685009, 2004.

35



730

735

740

745

Wang, Y., Wang, Y., Zhu, X., Rammig, A., and Buras, A.: Quantifying Tree-species Specific Responses
to the Extreme 2022 Drought in Germany, EGU General Assembly 2023, Vienna, Austria, 24-28 Apr
2023, 10.5194/egusphere-egu23-6144, 2023.

Yang, Y., Wang, S., Bai, X., Tan, Q., Li, Q., Wu, L., Tian, S., Hu, Z., Li, C., and Deng, Y.: Factors Affecting
Long-Term Trends in Global NDVI, Forests, 10, 10.3390/f10050372, 2019.

Zhang, Y., Song, C., Band, L. E., Sun, G., and Li, J.: Reanalysis of global terrestrial vegetation trends
from MODIS products: Browning or greening?, Remote Sensing of Environment, 191, 145-155,
10.1016/j.rse.2016.12.018, 2017.

Zhou, Z., Liu, S., Ding, Y., Fu, Q., Wang, Y., Cai, H., and Shi, H.: Assessing the responses of vegetation
to meteorological drought and its influencing factors with partial wavelet coherence analysis, Journal of
Environmental Management, 311, 114879, 10.1016/j.jenvman.2022.114879, 2022.

Zhu, L., Sun, S., Li, Y., Liu, X., and Hu, K.: Effects of climate change and anthropogenic activity on the
vegetation greening in the Liaohe River Basin of northeastern China, Ecological Indicators, 148, 110105,
10.1016/j.ecolind.2023.110105, 2023.

Zhu, M., Ester, G. d. A., Wang, Y., Xu, Z., Ye, J., Yuan, Z., Lin, F., Fang, S., Mao, Z., Wang, X., and Hao,
Z.: El Nifio—Southern Oscillation affects the species-level temporal variation in seed and leaf fall in a
mixed  temperate forest, Science of The  Total Environment, 850, 157751,
10.1016/j.scitotenv.2022.157751, 2022.

Ziernicka-Wojtaszek, A.: Summer Drought in 2019 on Polish Territory - A Case Study, Atmosphere, 12,
1475, 10.3390/atmos 12111475 2021.

36



