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Climate change is predicted to affect tree growth due to increased frequency and intensity of extreme events such
as ice storms, droughts and heatwaves. Yet, there is still a lot of uncertainty on how trees respond to an increase
in frequency of extreme events. Use of both ground-based wood increment (i.e. ring width) and remotely sensed
data (i.e. vegetation indices) can be used to scale-up ground measurements, where there is a link between the
two, but this has only been demonstrated in a few studies. We used tree-ring data together with crown features
derived from the Moderate Resolution Imaging Spectroradiometer (MODIS) to assess the effect of extreme climate events on the growth of beech (Fagus sylvatica L.) in Slovenia. We found evidence that years with climate
extremes during the growing season (drought, high temperatures) had a lower ring width index (RWI) but we
could not find such evidence for the remotely sensed EVI (Enhanced Vegetation Index). However, when assessing
specific events where leaf burning or wilting has been reported (e.g. August 2011) we did see large EVI
anomalies. This implies that the impact of drought or heatwave events cannot be captured by EVI anomalies
until physical damage on the canopy is caused. This also means that upscaling the effect of climate extremes on
RWI by using EVI anomalies is not straightforward. An exception is the 2014 ice storm that caused a large
decline in both RWI and EVI. Extreme climatic parameters explained just a small part of the variation in both
RWI and EVI by, which could indicate an effect of other climate variables (e.g. late frost) or biotic stressors such
as insect outbreaks. Furthermore, we found that RWI was lower in the year after a climate extreme occurred in
the late summer. Most likely due to the gradual increase in temperature and more frequent drought we found
negative trends in RWI and EVI. EVI maps could indicate where beech is sensitive to climate changes and could
be used for planning mitigation interventions. Logical next steps should focus on a tree-based understanding of
the short -and long-term effects of climate extremes on tree growth and survival, taking into account differential
carbon allocation to the crown (EVI) and to wood-based variables. This research highlights the value of an
integrated approach for upscaling tree-based knowledge to the forest level.
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1. Introduction

(Marenče, 2015). Tree growth is thus the product of intact tree organs
and the complex tree physiological processes, which are largely influenced by climate-related changes in resource availability
(Norman et al., 2016; Sass-Klaassen et al., 2016).
Assessment of tree growth can be done at tree level, e.g. by applying
dendrochronological methods or at stand or site level with the aim to
detect total biomass of trees or forest stands by applying various remote
sensing techniques (Avitabile et al., 2015). Vegetation indices from
satellites can be used as a proxy for forest health and biomass. Treecentred measurement methods such as tree-ring research and xylogenesis are unique tools to assess and understand long-term climategrowth relationships. However, the fact that they are tree centred implies that information is always collected for specific sites or areas
which, due to local effects of climate or soil characteristics, can often
not be considered representative for large-scale assessments
(Norman et al., 2016). Conversely, remote sensing techniques can be
used for large-scale inventory of forest health (Coops et al., 2009). The
combination of both methods can be used to assess factors behind
susceptibility of forest areas to extreme climate events by mapping
forest areas that have been affected by past extreme climate events and
to investigate their specific site and tree characteristics. Several studies
indicated the potential of remote-sensing indices to detect the impact of
drought or heat waves on forest populations (Hlásny et al., 2015;
Vicca et al., 2016). However, due to the relatively coarse spatial resolution of a particular sensor (30–250 m for sensors that have longer
time series available) and depending on the forest structure, grid cells
often integrate signals from trees of different species or trees and undergrowth, unless large, homogeneous forest patches are present
(Deshayes et al., 2006). Furthermore, vegetation indices sensitive to the
green biomass of the canopy provide an efficient indicator of photosynthetic activity and tree productivity, but until now only few studies
attempted to link tree-ring width as direct growth indicator of the stem
with remote sensing derived indices (Babst et al., 2018; Bunn et al.,
2013; Decuyper et al., 2016). Photosynthetic activity determines the
amount of carbohydrates available for physiological processes including wood formation. Thus, leaf phenology is intrinsically linked to
cambial phenology and, therefore, to wood formation. Yet, it is not
clear how remotely-sensed indices related to chlorophyll pigments in
the leaves and the amount of leaves relate to intra- and inter-annual
dynamics in wood formation. A combination of remotely sensed indicators of photosynthetic activity and field-based tree-ring analyses
can fill this gap. By focussing on years with extreme climate conditions
the approach can be tested as it is assumed that a strong reduction of
resources like water (drought) or a direct impact of high temperature

Many studies indicate that at Northern latitudes the effect of climate
change (i.e. warming due to increasing CO2 levels) prolongs the
growing season of trees (Badeck et al., 2004; Menzel, 2002;
Nabuurs et al., 2002; Nemani et al., 2003). Although increasing CO2
levels enable trees to use water more efficiently, their growth and
biomass production may be curbed by increased climate-induced water
shortage (Bréda et al., 2006; Fonti et al., 2013), heat stress (Bréda et al.,
2006; Ciais et al., 2005), or increased respiratory demands
(McDowell et al., 2008).
Summer droughts are common in Europe and are known to reduce
wood formation (i.e. tree-ring width) for species such as Scots pine
(Pinus sylvestris L.) (Gruber et al., 2010) and beech (Fagus sylvatica L.)
(Ciais et al., 2005; Čufar et al., 2008a; Di Filippo et al., 2007;
Giagli et al., 2016; Prislan et al., 2013; Scharnweber et al., 2011;
van der Werf et al., 2007). However, recent studies also indicated that
at some sites precipitation is not necessarily a limiting factor for beech
growth (Prislan et al., 2018). Moreover, beech can show plastic growth
reactions, such as in 2003, when beech from a site in the Netherlands
temporarily stopped growing under summer drought followed by
growth activation under improved conditions later in the growing
season (van der Werf et al., 2007). Also the influence of temperature on
beech growth can differ depending on timing and site conditions
(Čufar et al., 2008b; Di Filippo et al., 2007; Fischer and Neuwirth, 2013;
Prislan et al., 2019; van der Werf et al., 2007). Above-average summer
temperature can have a negative effect on growth at lowland sites,
where it can induce drought stress due to enhanced evapotranspiration
under limited water resources but positively affects growth at high
elevation sites where growth is not water-limited (Wu et al., 2015). This
implies that the impact of expected climate changes on tree growth
depends on the interplay of specific site conditions defining the baseline
for resource availability (water, nutrients, energy/light) and prevailing
climate factors defining the amplitude of variation in resource availability for each year. Tree growth at a given site is adapted to these
amplitudes, and tree growth varies according to changes in resource
availability as modulated by annually changing climate conditions.
During years with extreme climate conditions, site-specific amplitudes
of resource availability are crossed and tree growth declines, sometimes
for several years. Besides these resource-related effects, which affect
trees through tree physiology, i.e. the water and carbon cycle (HacketPain et al., 2015), growth can also be affected by (mechanical) injury of
tree organs, i.e. suffocating roots through flooding, burned leaves
during heatwaves or broken branches through (ice) storms

Fig. 1. Maps of Slovenia with: a) beech cover map where white areas represent < 50% and colored ones 50–100% of beech cover (source: Slovenian Forest Service),
and b) elevation map in m.a.s.l. Red dots mark dendrochronological sites (referred to with abbreviations).(For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
2
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through burning or wilting of leaves (heatwave) or an ice storm causing
breaking of branches will impact both the canopy (in terms of the Enhanced vegetation Index, EVI) and stem growth (through the ring width
index, RWI), in that specific year.
In this study, we assess the effect of climate extreme events on the
growth of beech in Slovenia, both from a tree-ring width (tree stem)
and remote sensing (forest canopy) perspective. Although the distribution of beech has been generally increasing recently, this species
has been affected by adverse climate effects, like ice damage (2014),
heat waves and droughts (2003, 2011, 2013 and 2015) (Marenče, 2015;
Kozjek et al., 2017; Slovenian Forest Service, 2017). This is why special
emphasis is put on the effect of the fast succession of these climate
extreme events on beech growth at different forest sites across Slovenia.
Based on the results an attempt will be made to upscale local effects on
RWI observed from specific sites to all beech forest stands in Slovenia
using remote sensing techniques.
Specifically, we addressed the following questions:

million cubic meters of growing stock, the Slovenian forests have an
important economic value. In fact, European beech (Fagus sylvatica L.)
represents 32% of the wood stock (Slovenian Forest Service, 2017).
Beech as the leading forest species, grows on a large variety of sites in
different biogeographical zones of the country with different climatic
regimes. Beech grows in monospecific stands, favouring the retrieval of
a pure signal from satellite images, and also its leaves contain high
amounts of lignin, limiting understory growth, which reduces the
probability of having a mixed signal (Mölder et al., 2008).
A national beech cover map based on the National Forest Inventory
(NFI) (Slovenian Forest Service, 2017) was created (Fig. 1a). Areas with
a beech cover of < 50% were removed from the analysis to avoid influence of other tree species or land uses on remote sensing indices.
Using the R software (R Core Team, 2019), the vector polygons of the
beech map were rasterized and resampled to fit the Moderate Resolution Imaging Spectroradiometer (MODIS) product of 250 m grid size
(see Section 2.4). Only MODIS pixels with ≥ 50% of the area covered
by beech polygons were included in this study.

- How do climate variables and specifically extreme climate events
affect beech in terms of photosynthetically active canopy (EVI) and
tree ring width index (RWI) at different forest sites across Slovenia?
- Are there changes in (long-term) growth trends (1961–2016 for RWI
and 2001–2017 for EVI) as a consequence of rising temperature and
climate extreme events?
- Is the response in tree-ring width linked to a response in canopy
condition, and can we therefore upscale observed local effects on
ring width index (RWI) to regional effects using remote sensing data
(EVI)?

2.2. Dendrochronological data
Dendrochronological ring width index (RWI) data for 25 sites were
included (Fig. 1) mainly from previous studies (e.g. Čufar et al., 2008b;
Prislan et al., 2018, 2013) with different elevations (Fig. 1b). Sample
size varied from 5 - 32 trees per site, with an age between 61 and 271
years. RWI time series vary in length, ending between 2001–2016 due
to the time of sampling (Appendix A). Detailed descriptions of sampling
and sample preparation can be found in Čufar et al. (2008b); Čufar et al.
(2014); Prislan et al. (2018); Prislan et al. (2013)(Prislan et al., 2018).
To correct for ontogenetic effects, all raw ring width series were standardized using regional curve standardizations (RCS) in the ARSTAN
6.05P programme (Cook, 1985). RCS is an age-dependent composite
method and involves dividing the size of each tree ring by the value
expected from its cambial age. A biweight robust mean was applied to
detrended tee-ring indices to develop the site chronologies. To evaluate

2. Materials and methods
2.1. Study area and species description
Slovenia is characterized by temperate forests covering about 58%
of the territory (Slovenian Forest Service, 2017) (Fig. 1). With 346

Fig. 2. Calculation of the Enhanced Vegetation Index (EVI) anomalies for a single 250 m pixel of Fagus sylvatica forest. a) The full time series of 8-day composites of
EVI values is extracted for the given pixel. The black box shows the growing season 2014 (a year with a severe ice storm) to be analysed. b) The EVI values from all
growing seasons (grey x), except for the growing season to be analysed (2014 in black circled dots), are used to calculate the reference EVI curve (showing the
seasonal behaviour of this forested pixel) using kernel density estimation. c) The probability (red and yellow shades) of an EVI value occurring at a given day of the
year is calculated: the dark red line (maximum probability) shows the reference EVI phenological curve for this forested pixel. The difference between the dark red
line (reference) and the black dots (measured values in 2014), the EVI anomaly (black arrow), is then used to account for a disruption.(For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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uncertainty in the chronologies, the express population signal (EPS)
were calculated. EPS is an estimate of the chronology's ability to represent the signal strength of a chronology on a theoretically infinite
population. The portion of the chronologies with expressed population
signal (EPS) values exceeding 0.85 were used for further analysis
(Wigley et al., 1984). The RWI series of individual trees were averaged
into site chronologies.

resolution climate grid especially for this study. Daily precipitation and
average temperature grids were generated using 491 weather stations
covering the whole study area. The stations ranged in altitude from 2 to
2514 m.a.s.l. for the period 1961–2017. The reconstruction for each
station was made in two steps (methodology based on: SerranoNotivoli et al., 2019, 2017b): (1) we flagged and removed unreliable
records, and (2) we filled in missing values based on the filtered dataset
resulting from the previous step as follows. A grid was created with a
cell size of 1 km. To obtain estimated values of temperature for each
grid cell, multiple logistic regressions (MLR) were used to compute
reference values using altitude, latitude, and longitude as covariates,
while generalized linear models (GLM) were used to estimate daily
temperature values with same predictors. Daily precipitation for each
point of the grid was estimated using two reference values based on the
10 nearest observations on the corresponding day: i) a binomial prediction referred to the probability of occurrence of a wet day and, ii) a
magnitude prediction referred to the amount of precipitation using
MLR. The reconstructed precipitation and temperature were calculated
using the “reddPrec” package in R statistical software (SerranoNotivoli et al., 2017a).From the daily climate grids, we analyzed
monthly climate variables: (i) the average maximum temperature (in
°C) per month (from here on: temperature); (ii) the total precipitation
(in mm) per month; and (iii) the 3-month Standardized Precipitation
Index (SPI). The 3-months were used to account for a seasonal drought
(Mckee et al., 1993).
In order to not rely only on reported climate extremes (e.g. drought
in 2003), we used the same approach as the anomaly identification for
the remote sensing data and created monthly anomalies and their
probabilities. By using the probabilities, we accounted for site specific
differences (e.g. a precipitation anomaly of -100 might have a high
probability of being a climate extreme in a wet site, while this might
still be within the normal range in a drier site). When a climate extreme
occurred during the growing season (April-August), i.e. values falling
within the 90–100% probability of the most extreme historical observations, it was marked as an extreme year for testing against RWI.
For EVI anomaly data monthly data (June-September) were used. A
year was considered ‘normal’ when the climate parameter ranged between 0 - >90% probability.

2.3. Remote-sensing data
The entire 16-days MODIS vegetation indices catalogue from the
Terra (product MOD13Q1) and Aqua (MYD13Q1) satellites was used in
this study. These satellites acquire global images on a daily basis and, in
order to avoid data gaps due to clouds and other atmospheric contamination, they are composed within a temporal window of 16 days.
From this product, the Enhanced Vegetation Index (EVI) was selected
due to the sensitivity to leaf phenological changes (Huete et al., 2002;
White et al., 2014). Other useful MODIS products are the GPP (Gross
Primary Production) and LAI (Leaf Area Index), but the coarser spatial
resolution (i.e. 500 m) made them less suitable for this study. Combining the MODIS Terra and Aqua satellite data, a time series of 768
MODIS EVI layers was obtained, spanning from 2000 until 2017. Since
the vegetation indices (VI) algorithm of each of the two satellites is
generated as a 16-day composite, and they are eight days apart, we
compiled a time series with a temporal resolution of 8 days. All the
scenes were pre-processed using the quality flags provided within the
MODIS vegetation indices product using the 'raster' R package
(Hijmans and van Etten, 2012). Based on these quality flags, all pixels
with clouds, cloud shadows, water, snow, ice, and images with a high
level of aerosols were neglected.
Potential detrimental effects on the canopy condition (reduction of
photosynthetically active foliage) were studied by means of EVI
anomalies using the “npphen” R package (Chávez et al., 2017). This is a
probabilistic approach for phenological estimation and anomaly detection which has been successfully applied to study forest disturbances
(Bowman et al., 2019; Chávez et al., 2019; Estay et al., 2019). As illustrated in Fig. 2, for each 250 × 250 m MODIS pixel, the EVI time
series for the period 2001–2017 was extracted, resulting in a 768 time
step series in the most favourable case (i.e. no clouds or cloud shadows)
(Fig. 2a). The time series were sorted by the day of the year (DOY) per
year to calculate the reference phenological curve (Fig. 2b). Using all
available EVI values (i.e. 46 per year), the maximum probability of
having a given EVI value at a given DOY was calculated (dark red line
in Fig. 2c). Probabilities of having certain EVI values at different DOY
were calculated using the 'npphen' R package (Chávez et al., 2017).
An iterative leave-one-out process was applied to calculate EVI
anomalies for the complete time series. In this process, a given year
(e.g. 2014, Fig. 2) is left out and the reference annual phenological
cycle is then estimated using the remaining years (Fig. 2b). Then, the
EVI anomaly for the given year is calculated by subtracting the reference values from the measured values of that year. Positive EVI
anomalies indicate a higher photosynthetic activity than normal
(greening) of the vegetated land surface while negative anomalies show
a lower photosynthetic activity (browning). All pixels of Slovenia together provide a national EVI anomaly map, and 46 anomaly maps
were obtained per year, i.e. 768 maps for the period 2001–2017.
Since the aim is to relate the anomaly data to monthly climate
parameters, the 8-day resolution EVI anomaly data were averaged per
month. To assess possible relations between the annual RW data,
average EVI anomaly within the growing season (i.e. June-September)
was calculated.

2.5. Statistical analysis
We assessed if there were general climate effects on tree growth by
modelling the entire RWI (detrended) and EVI series as a function of
climate parameters using linear mixed-effect models (“lme4” Rpackage) (Bates et al., 2014). Climate parameters were included as
fixed effects, together with a random intercept per site and an interaction effect of elevation. We also tested random slopes to account for
site specific effects. The best model was selected based on Akaike's Information Criterion (AIC). (Burnham and Anderson, 2002). All models
performed poorly, since much of the variation cannot be explained by
the model (Appendix B).
To capture the effect of climate extreme events, EVI anomaly data
and climate parameters were extracted for all sites. The RWI and EVI
anomaly data were divided into climate classes (e.g. for precipitation
the 3 classes were: dry (negative anomaly with ≥ 90% probability),
normal (between 0 and 89% probability) and wet (positive anomaly
with ≥ 90% probability).
The Kruskal-Wallis and Pairwise Wilcoxon Rank Sum test were used
to test the statistical difference between the RWI and EVI anomaly
classes given a certain climate parameter using the “stats” R package
(Hollander and Wolfe, 1973).
To test changes in (long-term) growth trends, a Mann Kendall trend
test was used to check trends in climate parameters, RWI and EVI
(Hipel and McLeod, 1994). We used the general EVI data (i.e. no
anomaly data) for the trend analysis. Temporal stationarity was tested
by the autocorrelation function (ACF) and if necessary accounted for by

2.4. Climate data and models
Current climate grids are limited in resolution and do not use most
of the local climate stations. Therefore, we developed a higher spatial
4
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using the “SeasonalMannKendall” function within the R package
“Kendall” (Hipel and McLeod, 1994). The Kendall package was also
used to test the correlation between EVI and RWI.

normal years in terms of RWI (Fig. 3c). The RWI in years with climate
extreme droughts in the late summer - start of autumn (August-October)
were lower in the following year according to the SPI probabilities
(χ2 = 9.456, P = 0.009). No differences were found in precipitation
but years with hotter temperatures in the August-October period had
significantly lower RWI, while this was the opposite for colder temperatures (χ2 = 27.551, P > 0.001 - Fig. 3d).

3. Results
3.1. Effect of climate extremes on RWI
The climate anomaly and probabilities allowed the separation of
climate extreme years from ‘normal’ years. While some climate extremes were more local in some years (only few sites affected), there are
some years indicating large scale droughts (e.g. 1993 and 2003), and
high temperatures (e.g. 2003 and 2011). Extremely dry periods (measured by SPI) in the growing season negatively affected the RWI and
was significantly different from the other classes (χ2 = 24.824, P >
0.001), while RWI was the highest, but not significantly different from
normal years, in exceptionally wet years (Fig. 3a). In Fig. 4, we marked
all the years that were extremely dry and wet according to the SPI.
Years with low precipitation had in general a lower RWI but this was
not significantly different from the RWI in years with normal precipitation. Years with high precipitation did have a higher and significantly different RWI (χ2 = 11.484, P = 0.003 – Fig. 3b). Extreme
high temperatures during RW formation had significantly lower RWI
compared to growing seasons with normal and colder temperatures
(χ2 = 18.881, P > 0.001). Colder temperatures were not different from

3.2. Effect of climate extremes on EVI anomalies
Since the EVI time-series is shorter, the year 2014 was left out as
this was a lagged effect of the ice storm in February and resulted in
extremely negative anomalies. Opposite to RWI, the extremely dry
periods (measured by SPI) in the growing season did have a significant
positive effect on the canopy, with the highest EVI anomalies in the
extreme wet years (χ2 = 11.175, P = 0.003). This effect was not found
for precipitation (no significant differences), while years with higher
temperatures during the growing season had higher EVI anomalies
(χ2 = 11.807, P > 0.001).
As mentioned in Section 2.3, Slovenia had several extreme climate
events in the last 15 years (2001–2016). There were reports of leaves
that burned and wilted during August 2003, 2011 and 2013. Since the
boxplots did show large variation, indicating local climate effects or
different site conditions, we aimed to locate the affected areas by
making anomaly maps for all the areas with beech cover (Fig. 5).

Fig. 3. RWI in years with extreme climate events (i.e. when values are between 90–100% higher or lower than the historical records) versus normal (0 - >90%) years
during the growing season (April-July) for a) SPI, b) precipitation and c) temperature. d) RWI in the year following a year with an extremely low, high or normal
temperature in the late summer (August-October) of the previous year.
5
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Fig. 4. Example of the RWI of two sites (VAN and VOJ), with the climate extreme years marked. Years with an extremely low and high SPI were respectively marked
with red and blue lines, ice storms with a black line.

of the eight sites (these are the sites with a sufficiently long overlapping
time-series) (Appendix C – Table C2).

Fig. 5a shows that mainly the eastern areas were affected by the
high temperatures in August 2003. When zooming into one of the sites
with a strong negative EVI anomaly (SEN), we can indeed observe a
drop in EVI in August (DOY ~220 to ~240), compared to the other
years (Fig. 5b), but do not see an effect of the drought that ranged from
May-August. The EVI values in most other RW sites (mainly within the
western part) did not seem to be lower than usual. In comparison to
2003 the heatwave in August 2013 had a more widespread impact, with
lower EVI anomaly values occurring across the country (Fig. 5c). Both
lower as well as higher located sites seemed to be affected (see elevation map in Fig. 1b). In Fig. 5d a higher located site (i.e. TOB at
821 m.a.s.l.) showed a drop in EVI in the end of August (DOY ~230)
but also a fast recovery of the EVI value afterwards. In Fig. 5e, the
impact of the February 2014 ice storm is presented. Mainly areas at
higher elevation were seriously affected as can be seen in the site VOJ
(Fig. 5f). The negative EVI anomaly prevailed across the entire growing
season starting around the beginning of May (DOY ~120).

4. Discussion
4.1. The effect of climate extremes on growth of beech in Slovenia
The ring width perspective
We found that years which were extremely dry and/or had extreme
high temperatures had in general a lower RWI, especially the years
1993, 2003 and 2011, which is in agreement with results found in other
studies (Camarero et al., 2018). However, the large variation within
climate classes (Fig. 3) indicates that other factors are at play besides
SPI, precipitation and temperature. Another problem are late frost
events (e.g. in May 2015) that damage the young leaves in their early
stage of development and lead to a great loss of nutrients which is reflected radial growth (Slovenian Forest Service, 2017). Furthermore, we
observed a drastic drop in RWI in all sites (Appendix C), especially in
sites located in the West of Slovenia at high altitudes (> 1000 m.a.s.l.)
as a consequence of the 2014 ice storm, causing serious ecological and
economical damage in Slovenia (Marenče, 2015; Slovenian Forest
Service, 2017). The RWI values were categorized under ‘normal’ years
when assessing drought or temperatures. This was also the case for
(small scale) ice storms in 1980 and 2010, but also other biotic factors
such as insect outbreaks and masting years can impact beech tree
growth as well (Sinjur et al., 2010; Hacket-Pain et al., 2015; Vacchiano
et al., 2017). In general, it is not always easy to identify statistical
differences in the relation between climate (extreme) parameters and
RWI due to the complexity of the relationship between variables and
the different spatial scales at which these interactions can occur. To
identify which climate variables at a certain time in the year are affecting RWI is complex and interaction of the variables leads to nonuniform beech stem growth over a great variety of sites (Čufar et al.,
2015, 2012, 2008b; Di Filippo et al., 2007; Fischer and Neuwirth, 2013;
Prislan et al., 2018, 2013). Site conditions such as soil moisture and
altitude can play an important role by limiting the negative effect of
drought on wet soils (Gazol et al., 2018, 2017), or lower maximum
temperatures on higher altitudes (Čufar et al., 2012; Prislan et al.,
2013).
We also found that extreme dry periods in late summer can affect
RWI in the following year. In late summer trees invest in building up
reserves such as carbohydrates and lipids (Glerum, 1980). Our results
are in line with the study by Hacket-Pain et al. (2015), who found reduced RWI in beech after years with high temperatures.

3.3. Trends in beech growth based on RWI and EVI related to climate
Besides the effect of climate extremes, we also investigated the longterm effect of climate change. In Fig. 4 we plotted two of the RWI timeseries (ranging from 1961–2016). Both have significant negative RWI
trends. This was also the case for quite a few other sites (Appendix C).
The sites with NA had too little data (< 5 years) to carry out trend
analysis. The remotely sensed EVI data showed negative trends for
some sites in specific months (especially June-August – Appendix C).
Although the ice storm of 2014 had an impact on the trend analysis of
the RWI and EVI (e.g. the site VOJ), many sites with significant negative trends showed a clear decline already before 2014 (e.g. the site
VAN).
The monthly EVI data could also be used to assess where EVI has a
negative or positive trend for all the regions with beech cover. Fig. 6
shows all significant trends indicating where beech growth could be
hampered. The region around the site VOJ is mainly affected by the ice
storm in 2014 but we can also observe areas in central Slovenia where
beech growth is impeded.
3.4. Linking the RWI and EVI results
Our results indicated that the rise in temperatures and more frequent droughts could have a long term effect on RWI and EVI (i.e. trend
analysis - Appendix C – Table C1). We found a significant correlation
between RWI (annual) and EVI (average over growing season) for five
6

Agricultural and Forest Meteorology 287 (2020) 107925

M. Decuyper, et al.

Fig. 5. Left: EVI anomaly maps showing the impact of climate extremes (drought and heatwave in 2003, heatwave in 2013, and ice storm in 2014). Right: EVI
anomalies in the selected sites in the corresponding years.

The remote sensing perspective
The results of climate extreme data in Sections 3.1 and 3.2 show
that there is no straightforward effect of climate extreme events on
remote sensing indices for beech. For example, years with low SPI values (droughts) often resulted in a low RWI, while this was not the case
for EVI anomalies. The years with extremely low SPI values seem to
have even a positive effect on the canopy. However, focussing on
known years with severe climate extremes (i.e. burning of leaves due to
hot temperatures) made it feasible to assess effects on EVI anomaly in
specific months (Fig. 5). This indicates that climate extremes have to
cause physical damage to the trees’ canopy before they can be picked up
by the EVI anomaly data. Furthermore, some of the lower EVI
anomalies might have been caused by late frost events (a parameter
that we did not consider in this study).
However, other studies have shown that it is possible to detect and
map the impact of droughts and heatwaves on forest canopies with

remote sensing indices (Buras et al., 2019; Hlásny et al., 2015). The
methods work particularly well when there is a drastic change in the
canopy, such as leaf discolouration or even leaf shedding (Buras et al.,
2019; Deshayes et al., 2006). Using EVI anomalies, we were able to map
and quantify these more drastic and abrupt changes in tree canopies,
and through EVI anomalies across the entire growing season we could
illustrate the large effect of the ice storm event in 2014 (Fig. 5e,f) affecting in particular the higher elevation in the West of Slovenia. Similar approaches were used to map other large-scale catastrophic
events such as wind throw and insect outbreaks (Babst et al., 2010;
Coops et al., 2009; Estay et al., 2019). Yet, it will always be difficult to
disentangle causes of such canopy disturbances automatically.
Despite the difficulties in capturing more discrete climate effects
(i.e. effects not causing obvious physical damage), we observed a
generally negative trend in EVI values during the growing season of
beech. This was especially the case for sites located in the western part
7
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Fig. 6. Beech covered pixels which have significant negative (purple) or positive (green)
trends in monthly EVI data over time
(2001–2017). Locations with a negative trend
in RW between 2001–2016 are indicated by a
circle.(For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)

of Slovenia (e.g. DOB, JAV, MAS2, PIV, TOA, VOJ) (Appendix) indicating a decline of photosynthetically active canopy (even before the
2014 ice storm, as the EVI curve was already declining before 2014).
This means that the rising temperature and more frequent droughts do
affect beech growth in the longer term. The reduction of photosynthesis
could cause a drop in carbon uptake and less wood formation
(Pinheiro and Chaves, 2010).

Therefore, it was able to capture the burning of leaves due to high
temperature in 2013 and the ice storm in 2014, but could not capture
the 2003 drought in May-July.
Trend analysis of both EVI as RWI data showed declining beech
growth, which indicated the negative effects of rising temperatures and
this could also be due to the quick succession of climate extreme events
in the last 15 years. The remote sensing derived EVI anomaly maps
could be useful to detect areas in which beech canopy growth trends are
declining, or to map specific events such as ice storms. This information
could be useful for mitigation planning by forest managers and policy
makers. Further research should focus on the understanding of climate–growth relations at finer time-scales (i.e. intra-annual wood formation data and cambial phenology), and should seek to link them to
remote sensing data. The new generation of hyperspectral sensors (e.g.
Sentinel-2) and LiDAR based sensors (e.g. GEDI) will offer new opportunities to better link RWI data as they will improve temporal and
spatial accuracies.

4.2. Integration of remote sensing and ring width data
We showed that both space-based and ground-based data contain
important information to assess the effect of climate factors, and
especially climate extremes on tree growth. The fact that EVI data does
not seem to detect climate extreme events, besides physical damage to
the canopy, makes the integration of data sources with respect to assessing climate extremes challenging (Norman et al., 2016). However,
both RWI and EVI data showed negative trends, and five of the eight
sites had a positive correlation. Although more research is needed on
linking these two data sources, there are strong indications that the
ongoing increase in temperature and decrease in water availability (SPI
and precipitation changes) play a role. The increase in temperature and
decrease in water availability, together with the higher frequency of
extreme climate events could lead to increased beech mortality in the
near future. For example, in the north of Spain it was observed that
beech forest is declining in the lower altitudinal ranges (Peñuelas et al.,
2007). The recent summer drought of 2018, which mainly affected
forests in North, Central and East Europe (Buras et al., 2019), has led to
beech decline e.g. in Bavaria and Eastern Germany (personal communication Buras, 2019). By mapping beech areas, which based on EVI
were sensitive to past climate extremes, we can make predictions on
areas that will potentially be most affected by future summer droughts.
Here specific climate-smart management tools can be applied to reduce
the risk of drought (Sohn et al., 2016).
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