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Abstract

Global warming increases the mean temperature and leads to more heat and drought events in
Central Europe. This fundamentally affects the physiology and phenology of vegetation and
changes its interaction with the atmosphere. In this context, it is essential to know where and
when plant growth is water-limited in Central Europe and how these changing climatic conditions
might alter the autumn senescence of deciduous forests. Furthermore, it is important to
understand the growth strategies of different temperate deciduous tree species to better assess
the future suitability of these species in the context of climate change. This thesis analyzed various
aspects of these questions using passive remote sensing methodology in three Central European
study areas. A second focus was on assessing the extent to which passive remote sensing data can
capture agricultural drought and plant phenology. In Central Europe, areas below 800 m above sea
level, particularly agricultural areas and grassland, are at risk of drought in the summer months
of July and August. Dry and warm growing seasons tend to prolong the leaf senescence of a Central
European deciduous forest. However, there are still substantial differences between the tree
species regarding trends and drivers. This also applies to the onset of spring and autumn
phenology under almost identical environmental conditions, resulting in species-specific
differences in the length of the growing season of up to two months. Plant functional traits can
partly explain the growth strategy of tree species. In addition, both agricultural drought and plant
phenology can be recorded with passive sensors from various remote sensing platforms. While
water limitation is an important monitoring condition for drought, the spatial resolution and the
phenological phase to be observed must be specified for phenology to obtain robust results. In the
future, this monitoring methodology, in combination with other data sets, promises a deeper
understanding of the physiology and phenology of vegetation in the context of global warming.
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Zusammenfassung

Die globale Erwidrmung erhoht die Mitteltemperatur und fithrt zu mehr Hitze- und
Diirreereignissen in Zentraleuropa. Dies beeinflusst die Vegetation in ihrer Physiologie und
Phidnologie erheblich und verdndert deren Interaktion mit der Atmosphire. In diesem
Zusammenhang ist es essenziell zu wissen, wo und wann Pflanzenwachstum in Zentraleuropa
wasser-limitiert ist und wie diese veranderten klimatischen Bedingungen die Herbstseneszenz
von Laubwildern verdndern koénnten. Dariiber hinaus ist es von grofler Bedeutung,
Wachstumsstrategien verschiedener Laubbaumarten der gemafiigten Breiten zu verstehen, um
die zukiinftige Eignung dieser Baumarten im Kontext des Klimawandels besser einschadtzen zu
konnen. Diese Arbeit untersuchte mittels der Methodik der passiven Fernerkundung in drei
zentraleuropdischen Untersuchungsgebieten verschiedene Aspekte dieser Fragestellungen. Ein
zweiter Fokus lag auf der Einschiatzung, inwieweit passive Fernerkundungsdaten
landwirtschaftliche Diirre und Pflanzenphinologie erfassen koénnen. In Zentraleuropa sind
demnach vor allem Fldachen unterhalb 800 m . NN, und hier insbesondere landwirtschaftliche
Flachen und Grasland, in den Sommermonaten Juli und August diirregefihrdet. Trockene und
warme Wachstumsperioden verldngern tendenziell die Blattseneszenz eines mitteleuropaischen
Laubwalds. Hinsichtlich der Trends und Treiber existieren zwischen den Baumarten dennoch
substanzielle Unterschiede. Dies gilt auch flir den Eintrittszeitpunkt der Friihlings- und
Herbstphédnologie unter nahezu identischen Umweltbedingungen, wodurch sich
baumartenspezifische Unterschiede bei der Linge der Wachstumsperiode von bis zu zwei
Monaten ergeben. Pflanzenfunktionelle Merkmale koénnen dabei teilweise die
Wachstumsstrategie vom Baumarten erkliren. Dariiber hinaus koénnen sowohl
landwirtschaftliche Diirre als auch Pflanzenphdnologie mit passiven Sensoren verschiedener
Fernerkundungsplattformen erfasst werden. Wéahrend bei der Diirre vor allem die
Wasserlimitation eine wichtige Monitoringbedingung darstellt, muss bei der Phdnologie je nach
Fragestellung die raumliche Auflésung sowie die zu beobachtende phinologische Phase prazisiert
werden, um robuste Ergebnisse zu erhalten. Perspektivisch verspricht diese Monitoring-Methodik
in der Kombination mit weiteren Datensitzen ein tieferes Verstdndnis von Physiologie und
Phénologie von Vegetation im Kontext der globalen Erwdarmung.
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1. Introduction

Besides the ocean, the atmosphere and biosphere are two main components of the Earth's climate
system and are closely related to each other. The atmosphere is defined at its lower boundary
above the Earth's surface. It merges upwards into interplanetary space, whereby only the lower
10-50 km are usually relevant for weather and climate processes. The vast majority of the Earth's
atmosphere is gaseous, which additionally contains hydrometeors and aerosols (Schonwiese,
2020). The dominant gases are nitrogen (N2) and oxygen (02), with anthropogenic greenhouse
gases such as carbon dioxide (CO;), methane (CH4), and nitrous oxide (N20) also making up a small
proportion (Hackel, 2016; Schonwiese, 2020). The lowest layer of the atmosphere (troposphere)
is the site of the Earth’s weather events, and the atmosphere's composition significantly influences
the Earth's radiation and energy balance (Brénnimann, 2018).

The Earth's biosphere can be divided into vegetation, animals, and humans. A large part of the
global land surface is covered by vegetation and can be again roughly classified into natural and
cultivated plants (Schonwiese, 2020). Weather patterns, climate, and site-specific conditions
significantly influence the function and composition of vegetation, allowing a further global
subdivision into zonal plant formations from the polar desert to the tropical rainforest (Schultz,
2016). On the other hand, vegetation influences several climatically and meteorologically relevant
processes within the atmosphere, which means that the interactions between the atmosphere and
vegetation play an essential role in the Earth's climate system (Bonan, 2008; Chapin et al., 2008;
Jia et al, 2019).

1.1. Atmosphere-vegetation interactions

The atmosphere influences the global vegetation in many ways, but only the most important
aspects will be briefly mentioned here. Temperature and precipitation (or soil moisture) are two
essential factors for plant growth and the distribution of different plant species. They form the
hygrothermal growth conditions of the individual ecozones and significantly determine the
occurrence of certain plant formations (Kadereit et al., 2021; Schultz, 2016). In addition, extremes
in the form of frost or drought, for example, are life-threatening to varying degrees depending on
the plant species, while specific temperature and moisture ranges mean optimum productivity for
the respective plant (Augspurger, 2013; Glaser et al., 2010; Huang et al., 2019; Schénwiese, 2020).
Air humidity regulates vegetation's transpiration and photosynthesis processes (Glaser et al,,
2010; Kaiser et al.,, 2015). Wind, in turn, has a significant influence on air humidity and, thus,
transpiration (Grace, 1988; Haickel, 2016) and, in extreme forms, can also cause massive
(breakage) damage to vegetation (Peterson, 2000; Schonwiese, 2020) and favor certain growth
forms (Glaser et al., 2010).

Photosynthesis is influenced directly by sunlight and the atmosphere's composition: Short-wave
solar radiation is the primary energy source for the global biomass balance and enables the life of
all autotrophic plants (Glaser et al., 2010). This radiation is subject to absorption, scattering, and
reflection in the atmosphere, which in turn is strongly dependent on the atmosphere's
composition (Hackel, 2016; Schonwiese, 2020). In addition, the composition of the atmosphere in
the form of specific gas concentrations (e.g., CO2) also has a direct influence on the photosynthesis
and respiration processes of vegetation (Gonzalez-Meler et al., 2004; Kadereit et al., 2021; Reddy
etal, 2010). Finally, extreme weather events such as hurricanes, heat waves, or hailstorms should



also be mentioned in this context, which can have long-term and large-scale effects on various
vegetation types (Houston, 1999; Hu & Smith, 2018; Yuan et al,, 2016).
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Figure 1: The structure and functioning of managed and unmanaged ecosystems that affect local, regional and global
climate (figure and caption are taken from Jia et al, 2019; Box 2.1, Figure 1).

On the other hand, the Earth's vegetation interacts strongly with the atmosphere, with feedback
processes influencing the climate and, thus, the vegetation again (see Figure 1). A distinction is
made here between biophysical and biogeochemical interactions (Jia et al., 2019). One of the most
important biophysical interactions is the albedo, i.e., the proportion of reflected energy compared
to irradiated solar energy (Schonwiese, 2020). The albedo is strongly dependent on the land cover,
which means that vegetation is a significant influencing factor here: Forest areas in high latitudes
(and especially in winter), for example, have a lower albedo than other biomes and, therefore,
absorb more short-wave radiation (Bonan, 2008; Ellison et al., 2017; Li et al., 2015). Compared to
arable land or grassland, this leads to a warming of the earth's surface (Anderson et al,, 2011). In
addition, evapotranspiration processes are also of great importance in this context, whereby the
transpiration of vegetation cools via latent heat flux and feedback with cloud formation and
precipitation, especially for forest areas (Bonan, 2016; Ellison et al, 2017; Shen et al,, 2015;
Strengers et al., 2010). Finally, the vegetation also influences the surface roughness and thus the
aerodynamics of the earth's surface through its height: large trees can cause more turbulence and
thus higher sensible and latent heat fluxes, which has a cooling effect on the earth's surface
(Bonan, 2016; Jia et al,, 2019).

The biogeochemical perspective primarily considers the influence on the composition of the
atmosphere. One of the most important interactions directly related to vegetation is carbon
dioxide exchange via photosynthesis and plant respiration (Jia et al., 2019). Vegetation currently
acts under natural conditions as a carbon sink, which leads to a reduction in the CO; content of the
atmosphere and thus to a reduced greenhouse effect and cooling of the Earth's surface (Bonan,
2016; Fang et al., 2007; Friedlingstein et al,, 2023). In addition, the burning of biomass and the
resulting black carbon and aerosols in the atmosphere also play a role in this context, which have
different influences on the Earth's radiation and energy balance (Bonan, 2016; Bond et al., 2013;
Jia et al,, 2019; Ramanathan & Carmichael, 2008). Finally, trees also emit biogenic volatile organic
compounds (BVOCs), especially isoprenes and monoterpenes (Bonan, 2016; Guenther et al,,
2012). BVOCs affect the oxidant concentrations in the atmosphere and are an important precursor
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of secondary organic aerosols (SOA), which influence cloud reflectivity or aerosol scattering (Jia
etal, 2019).

All these components and processes constantly interact and can differ remarkably depending on
the geographical area (Anderson et al, 2011; Bonan, 2016). Another important factor in this
complex is the human being: On the one hand, human activities have massively changed the
biophysical and biogeochemical properties of the Earth's surface over the past millennia
(Goldewijk, 2001; Hurtt et al., 2020). On the other hand, human emissions of greenhouse gases
have caused a global warming, which has increased the Earth's surface temperature by around
1.1°C from 2011 to 2020 compared to 1850 to 1900 (IPCC, 2023). These climatic changes impact
the biosphere, especially vegetation, in several ways and vary depending on the geographical
region. In the following, the text sections refer mainly to Central Europe.

1.2. Climate change impacts on vegetation in Central Europe

As a result of anthropogenic global warming, average temperatures in Central Europe have risen
remarkably in the recent past, for example, in Germany (1881-1910 to 2011-2020), Austria (1880
to 2011), and Switzerland (1864 to 2019) by 2°C, which is substantially higher than the global
average (APCC, 2014; BAFU, 2020; DWD, 2021d). In addition, a change in various extreme weather
events in this region is observed in this context, for example, an increase in heat and drought
events and a decrease in cold events (BAFU, 2020; DWD, 2023; IPCC, 2023). These changes, both
average and extreme, have a variety of effects on vegetation in Central Europe, be it in the change
of distribution areas (Feehan et al., 2009; Vitasse et al., 2021), the shift in phenological phases
(Menzel et al.,, 2020; Vitasse et al., 2021) or the functional influence of heat or drought events on
vegetation (Gazol & Camarero, 2022; Lindner et al.,, 2014; Riedel & Weber, 2020). Two central
aspects of atmosphere-vegetation interaction influenced by climate change in this region are
agricultural drought and plant phenology.

1.2.1. Agricultural drought

Drought is a complex phenomenon primarily caused by a precipitation deficit (Heim, 2002; Zargar
etal, 2011). In general, droughts are classified into different categories depending on the field of
application, the most important being meteorological drought (precipitation deficit), agricultural
drought (soil moisture deficit), hydrological drought (runoff and water storage deficit) and socio-
economic drought (water supply and demand; Dai, 2011; Wilhite & Glantz, 1985). These types of
drought typically occur in chronological order and are interdependent: initially, there is a
precipitation deficit, which after a certain period leads (in combination with increased
evapotranspiration) to a soil moisture deficit and, due to low soil runoff to water deficits in rivers
and lakes (see Figure 2; Zargar et al., 2011). Agricultural drought, in particular, is defined slightly
differently depending on the perspective, but in general, the soil moisture deficit reaches a level at
which the plant's water requirements are no longer met or the growth of the (agricultural) plant
is affected by the soil moisture deficit (Liu et al., 2016c; Sepulcre-Canto et al,, 2012; Wilhite &
Glantz, 1985).

The effects of agricultural drought on plants are diverse and can be described both directly and
indirectly. In general, the main direct effects are reduced plant growth, reduced transpiration,
limited nutrient uptake, reduced photosynthesis, and a reduction in the yield of agricultural plants
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(Brédaetal., 2006; Farooq et al,, 2009; Gupta et al.,, 2020). In addition, extreme drought events can
also trigger or amplify increased mortality rates (Allen et al,, 2010; Bréda et al., 2006; Wang et al.,
2012). These effects, in turn, imply indirect impacts, such as changes in the radiation balance or
the carbon or water cycle (see section 1.1.). Droughts also have a remarkable economic impact;
for example, the economic damage caused by the extreme drought in Europe in 2003 is estimated
at 8.7 billion euros, and in Germany, the damage costs in agriculture in the 2018 drought year
amounted to 770 million euros (BMEL, 2022; EEA, 2010).
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Figure 2: Sequence of drought occurrence and impacts for commonly accepted drought types. All droughts originate from
a deficiency of precipitation or meteorological drought but other types of drought and impacts cascade from this deficiency
(figure and caption are taken from NDMC, 2024).

In the last 20 years, Central Europe has repeatedly experienced severe drought events, for
example, in 2003 (Schér et al,, 2004), 2015 (Ionita et al,, 2017) and 2018-2020 (Bakke et al., 2020;
Hari etal,, 2020; Rakovec et al.,, 2022). Despite the supposed accumulation of these events, no clear
significant trends regarding the frequency or severity of droughts have been found in the past for
this region (Hansel et al., 2019; IPCC, 2023; Spinoni et al., 2017; Stagge et al., 2017). In the future,
however, an increase is projected for Central Europe as a result of global warming, whereby the
severity and frequency will vary depending on the warming scenario (Grillakis, 2019; Ruosteenoja
etal.,, 2018; Spinoni et al.,, 2018). This also applies to consecutive drought events (Hari et al., 2020).



1.2.2. Plant phenology

Phenology, in general, is “the study of the timing of recurring biological events, the causes of their
timing with regard to biotic and abiotic forces, and the interrelation among phases of the same or
different species” (Lieth, 1974, p. 4). Plant phenology logically refers to vegetation, with typical
phenological phases being leaf unfolding, flowering, fruit ripening, leaf coloring, or leaf fall.

Vegetation phenology interacts closely with the Earth's climate system and the associated
atmosphere (see Figure 3). On the one hand, the onset dates of the phenological phases are
strongly influenced by weather conditions and climate: In spring, phenology (in addition to the
photoperiod) is strongly influenced by temperature via the processes of chilling and forcing and
is an essential driver of bud burst and leaf unfolding (Ettinger et al., 2020; Flynn & Wolkovich,
2018; Menzel et al., 2006; Piao et al., 2019).
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Figure 3: Conceptual model illustrating the primary feedbacks between vegetation and the climate system that are
influenced by vegetation phenology (figure and caption taken from figure 2 in Richardson et al, 2013)

Autumn phenology, i.e., leaf coloring and leaf fall, is less well understood in this context, although
temperature is also a key driver here (Gallinat et al,, 2015; Gill et al., 2015). In addition, however,
water availability (Bigler & Vitasse, 2021; Gill et al., 2015; Grossiord et al.,, 2022; Xie et al., 2018)
and insolation (Liu et al., 2016a; Liu et al., 2016b) as well as photoperiod (Gill et al., 2015; Lang et
al, 2019), nutrient availability (Fu et al., 2019), spring phenology (Fu et al., 2019; Keenan &
Richardson, 2015; Liu et al., 2016b) and photosynthetic activity (Lu & Keenan, 2022; Zani et al.,
2020; Zohner et al., 2023) are also considered influencing factors beyond meteorology.

On the other hand, plant phenology influences the atmosphere and, thus, the Earth's weather and
climate through biogeochemical and biophysical interactions (see Figure 3). Thus, leaf
development and senescence strongly determine the photosynthetic activity and transpiration of
the vegetation and, depending on the leaf cover, influence the albedo and surface roughness, which
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in turn impacts both the global and local climate in feedback (Gaertner et al., 2019; Keenan et al,,
2014; Penuelas et al., 2009; Richardson et al., 2013).

Similar to the drivers of phenology, a clearer picture emerges in Central Europe also for the trends
of phenology in spring than in autumn: Spring phenological phases (leaf unfolding and flowering)
have mainly advanced in the last decades due to global warming and the resulting higher spring
temperatures. In autumn (leaf coloring), on the other hand, a slight delay in the trend can be seen,
whereby, depending on the species and time series, opposing developments can also be observed
(Menzel et al., 2020; Piao et al,, 2019; Vitasse et al., 2022). Due to the insufficient understanding
of physiological processes driving phenology and the resulting inadequate performance of
phenological prediction models, future projections regarding various phenological phases do not
currently allow any robust statements to be made (Chuine & Régniére, 2017; Piao et al,, 2019;
Richardson et al,, 2013; Tang et al., 2016).

When analyzing plant phenological drivers and trends, the inter- and intraspecific variability of
phenological onset dates is also of great importance. In both spring and autumn, phenological
phases, such as leaf unfolding or senescence, can differ by several weeks at the same location,
depending on the species and individual (Cole & Sheldon, 2017; Marchand et al., 2020; Panchen
et al,, 2014; Richardson & O’Keefe, 2009). These differences are usually explained by different
growth strategies based on plant-functional traits (e.g., plant height, leaf area, seed mass, etc.) or
microclimatic differences (Delpierre et al., 2017; Osada & Hiura, 2019; Panchen et al,, 2014;
Sporbert et al.,, 2022).

Both plant phenology and agricultural drought are two key aspects influenced by climate change
in Central Europe. Continuous vegetation monitoring is essential to better understand this
influence in the past and future. This allows trends to be recorded, individual events to be put in
relation to each other, and connections with other spheres of the Earth's climate system to be
understood (Lovett et al., 2007). In this context, passive remote sensing is a crucial instrument for
monitoring vegetation. In the following section, this methodology and the current state of research
will be explained in terms of agricultural drought and plant phenology.

1.3. Monitoring vegetation with passive remote sensing

“Remote sensing is the acquisition of information about an object or phenomenon from distance”
(Weiss etal., 2020, p. 2). In passive remote sensing, a passive sensor is attached to a platform (e.g.,
satellite, UAV, ground-based platform, etc.) which measures the reflected or emitted
electromagnetic radiation of an observed object (Ghassemian, 2016; Sishodia et al., 2020; Weiss
etal, 2020).

From a historical perspective, the first photographs in 1839, the first photographs from an
airplane in 1909, and the beginning of color photography in the 1930s are among the milestones
in the technological development of this monitoring method. In 1956, Colwell's first experiments
in aerial photography followed about the classification of damaged vegetation and different
vegetation types, while the first Landsat satellites were launched in the 1970s (Elachi & van Zyl,
2021). This was followed by several other satellite-based systems, such as Terra/Aqua MODIS
(1999 and 2002) and Sentinel (2014; Sishodia et al,, 2020). In addition, the widespread scientific
use of digital repeat photography in the 2000s and UAV-supported systems in the 2010s in the
form of alternative sensor platforms also represents an important aspect in this context (Aasen et
al,, 2018; Burton et al,, 2015; Richardson et al., 2007).



The fundament of passive remote sensing monitoring vegetation is the leaf's special reflectance
behavior compared to other surfaces, such as open soil (see Figure 4). In the visible wavelength
range (VIS, 400-700 nm), reflectance is generally very low and is determined by the strong
absorption of the leaf pigments (carotenoids, xanthophylls, and chlorophylls, especially in the non-
green range). In the near-infrared (NIR) range, the reflectance increases sharply ("red edge") and
remains constantly high in the NIR (700-1300 nm) due to the mesophyll of the vegetation,
whereby the reflectance varies depending on the leaf cell structure and turgor. In the short-wave
infrared (SWIR, 1300-2500 nm), the reflectance then decreases due to the absorption of water and
the lignin, protein, and cellulose content of the vegetation (Huete, 2012; Zeng et al., 2022).
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Figure 4: Reflectance of vegetation and soil. These spectral features of vegetation and soil are the foundation of the
rationale of vegetation indices and support the design of various vegetation indices (figure and caption taken from figure
2 in Zeng et al., 2022).

These unique spectral properties can be used to obtain a wide range of information within
vegetation and in comparison to other objects and land surfaces. Information is usually obtained
and analyzed using spectral indices. In connection with vegetation-related questions, different
wavelength ranges are combined in the indices, for example, Red-NIR, VIS-NIR, VIS, Red-edge NIR,
or NIR-SWIR (Zeng et al., 2022). A selection of the most common spectral indices in passive remote
sensing of vegetation can be found in Table 1.

Table 1: Selection of frequently used spectral indices for vegetation analysis in passive remote sensing. Listed is the
name of the index and the corresponding abbreviation, equation, and reference (NIR = near infrared; RE = red-edge).
The subscripted NDWI values represent the wavelength ranges in nm. The table is an excerpt from Zeng et al. (2022).

Index Abbreviation Equation Reference
Normalized Rouse et al.
NIR — Red
difference NDVI St red (1974);
vegetation index NIR + Red Tucker (1979)




Enhanced vegetation EVI 2.5 * (NIR — Red) Huete et al.
index (NIR + 6 * Red — 7.5 * Blue + 1) (2002)
Green chromatic e Green Woebbecke et
coordinate Red + Green + Blue al. (1995)
Red-edge chlorophyll Clred-edee NIR Gitelson et al.
index 8 RE — 1 (2005)
Normalized NIR860 _ SWIR1240
difference NDWI NIR. T SWIR Gao (1996)
water index el Sl

Using the indices makes obtaining information on a wide range of vegetation issues possible. For
example, statements can be made about the productivity, health, or biodiversity of plants (Kooistra
et al, 2024; Lausch et al,, 2016; Wang & Gamon, 2019). Two specifically important application
areas in Central Europe are agricultural drought and plant phenology, which will be explained in
more detail below.

1.3.1. Agricultural drought

Agricultural drought is usually defined in relation to vegetation in such a way that the plant's
ability to function is restricted by a soil moisture deficit and the resulting water stress (Liu et al.,
2016c; Sepulcre-Canto et al., 2012; Wilhite & Glantz, 1985). Drought stress affects both the bio-
physical and chemical properties of the vegetation (and soil) and changes spectral properties,
which can be measured by spectral indices (Hazaymeh & Hassan, 2016). In passive remote
sensing, optical and thermal remote sensing are primarily used in this context. Passive microwave
sensors should not be described further in this context because they mainly focus on soil moisture
(West et al,, 2019).

In optical remote sensing, the red wavelength range, as well as the NIR and SWIR, are particularly
important for detecting drought in vegetation. Directly, a low water content means mostly a higher
reflectance, especially in the SWIR (Qin et al,, 2021; Thomas et al.,, 1971). Indirectly, statements
about drought stress can also be made via plant physiology: Healthy vegetation has a higher
absorption in the red wavelength range and a higher reflectance in the NIR than unhealthy or
sparse vegetation (Hazaymeh & Hassan, 2016; Peiniuelas & Filella, 1998). Indirect detection
represents a large part of this monitoring methodology, with the NDVI (see Table 1) being the most
used index in this context (West et al., 2019). Other (partly still young) monitoring approaches
include drought detection via solar-induced chlorophyll fluorescence and light and water use
efficiency (Qin et al,, 2021; West et al, 2019). In thermal remote sensing, the land surface
temperature (LST) of vegetation is primarily used as a drought indicator: Under water stress,
evapotranspiration generally decreases due to stomatal closure, causing a higher LST than under
moist growing conditions (Anderson & Kustas, 2008; Gutman, 1990).

In the vegetation-based monitoring of agricultural drought in Central Europe, satellite-based
passive systems represent the main part of existing monitoring approaches. Thereby, one research
approach is to understand the relationship with other forms of drought: In connection with
meteorological drought, vegetation indices (VIs) react to precipitation deficits with a remarkable
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time lag, but this can vary greatly depending on the type of vegetation and the observed region
(Afshar et al,, 2021; Bachmair et al,, 2018; Peled et al., 2010). A temporal offset to soil moisture
deficits can also be observed (albeit shorter; Buitink et al., 2020), although the correlation varies
depending on the climatic region and season (Peled et al., 2010; van Hateren et al., 2021).

Furthermore, applications of satellite-based VIs in this context include monitoring agricultural
yields (Bachmair et al., 2018; Moéllmann et al, 2019) and quantifying the impact of extreme
drought events on vegetation in Central Europe (Buras et al., 2020). In addition, satellite-based
remote sensing is also used to develop combined drought monitoring systems (Sepulcre-Canto et
al,, 2012; Trnka et al., 2020) or to identify areas and periods in which water is the primary limiting
growth factor for vegetation (Karnieli et al., 2019). Research questions that require high spatial
resolution and focus on a small study area are also increasingly being analyzed using UAV-based
systems, whereby, for example, crop (Ekinzog et al., 2022; Hoffmann et al., 2016) or tree water
stress can be detected (Buras et al., 2018; D'Odorico et al., 2021).

1.3.2. Plant phenology

In passive remote sensing of plant phenology, VIs (see Table 1) are usually calculated for each
image over the year, whereby these values are corrected if necessary (e.g., with running average
or best index slope extraction; Lange & Doktor, 2017; Viovy et al,, 1992; Zeng et al., 2020).
Subsequently, a phenological curve is fitted using a mathematical function (e.g., Logistic function-
fitting or High-Order Annual Splines), which usually contains the typical phenological course of
the year with the greening and senescence of the vegetation (Dronova & Taddeo, 2022; Zeng et al.,
2020). Finally, a phenological metric is extracted, whereby a methodological distinction is made
between threshold-based methods and change detection (Zeng et al,, 2020). The phenological
metrics such as start of season (SOS) or end of season (EOS) are standard variables, but it is also
possible to extract particular phenological phases, for example, from agriculture, or to determine
VI magnitude values (Dronova & Taddeo, 2022; Zeng et al., 2020).

As with agricultural drought, satellite-based systems represent the majority of research
approaches in passive remote sensing of plant phenology. In general, satellite phenology produces
robust results in comparison with in-situ measurements, with autumn phenology, in particular,
appearing more complex to determine (Berra & Gaulton, 2021). Especially in Central Europe, this
picture is confirmed in the validation of satellite phenology with ground observations (Kowalski
et al, 2020; Rodriguez-Galiano et al., 2015b; Verger et al., 2016) or eddy covariance-based
phenology (Balzarolo etal., 2016). Due to this fact, the large-scale spatial coverage and the recently
advanced observation periods allow statements to be made about the characteristics of European
land surface phenology (LSP; Han, 2013; Rodriguez-Galiano et al,, 2015a) as well as its trends
(Garonna et al., 2014; Zhao et al,, 2015) and (climatic) drivers (Bérnez et al., 2021; Jin et al,, 2019;
Xieetal,, 2021).

In recent years, UAV-supported systems have also played an increasingly important role in plant
phenology research. In forest areas, the high spatial resolution of drone images makes it possible
to record the phenology of individual trees with little personnel effort, with initial approaches in
Central Europe also providing promising results in validation with ground observations (Ciocirlan
et al,, 2022; Kleinsmann et al., 2023). UAV images can also be used in the field of agriculture to
track the phenological development of crops and determine individual phenotypic traits (Burkart
et al, 2018; Ganeva et al., 2022), whereby the information could be used to predict agricultural
yields (Prey etal., 2022). In addition, fine-scale phenological drone data can also be used in habitat
management (Neumann et al., 2020).



A third common approach in passive remote sensing of plant phenology is the observation using
fixed installed near-surface cameras, often called "phenocam” (Richardson, 2023). The use of
these has increased massively over the last 15 years and is also used in Central Europe for various
issues. One of the main applications of the camera data is the validation of other phenological
derivation methods, for example, from satellite remote sensing or eddy covariance data (Bérnez
etal,, 2020; Soudani et al,, 2021; Tian et al., 2021). In addition, also other research questions are
analyzed, such as the influence of extreme weather on phenology (Cremonese et al., 2017), the
relationship between phenology and plant productivity (Liu & Wu, 2020) or the interaction
between under- and overstory phenology (Uphus et al.,, 2021).

1.4. Objectives

Passive remote sensing of vegetation in the context of climate change has become increasingly
importantin recent decades due to rapid technological development, the growth in platform types,
and the progressive increase in observation periods and reference data sets. High spatial and
temporal coverage with comparatively low personnel and time expenditure and, in some cases,
ready-to-analyze products and rapid data availability are important advantages when monitoring
vegetation. Climate change has a remarkable impact on vegetation in Central Europe, and many
research questions are still unanswered, particularly concerning the (climatic) influence on the
physiology and phenology of vegetation.

Based on the current state of science and respective research gaps described above, this work uses
the methodology of passive remote sensing to analyze various questions in this context using
exemplary study areas: On the one hand, this thesis aims to answer - in a high spatial as well as
temporal resolution - where and when water is the limiting factor for vegetation growth and to
what extent land cover and altitude characterize this influence. On the other hand, it will be
determined to what extent their respective functional traits can explain the spring and autumn
phenological variability of different deciduous tree species and which factors influence the
autumn phenology of a deciduous forest.

From a methodological point of view, despite the technological development and the undisputed
quality of remote sensing data, there is always the uncertainty of indirect measurement when
monitoring vegetation. This uncertainty can be divided into two sub-aspects: First, there is the
question of what (vegetation) information is recorded by passive remote sensing and how this
information corresponds with data measured directly (on the ground). Second, it is questionable
to what extent different remote sensing systems generate different results due to different spatial
and temporal resolutions and how these differences can be explained.

A second focus of this work is therefore on answering these methodological questions in climate
(change) impacts on vegetation: On the one hand, it will be answered to what extent agricultural
drought in Central Europe can be recorded by the remote sensing indices Temperature Condition
Index (TCI), Vegetation Condition Index (VCI) and Vegetation Health Index (VHI) in comparison to
soil moisture and yield data. On the other hand, it is shown to what extent different passive remote
sensing systems capture the spring and autumn phenology of deciduous trees compared to in-situ
data and how the differently generated phenological data affect predictor analyses of autumn
phenology.
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2. Materials and methods

The research questions formulated in section 1.4. of this thesis were answered by analyzing
vegetation-related remote sensing data in three different study areas. In study area 1 (Bavaria), it
was analyzed when and where vegetation growth is water-limited and whether the remote
sensing indices VCI, TCI, and VHI can detect agricultural drought in these regions. In study area 2
(National Park Hainich), the spring and autumn phenology of different data sources were
compared, and subsequently, the effect of differently derived phenology on a predictor analysis of
autumn phenology was investigated. In study area 3 (Weltwald Freising), intra- and interspecific
phenological variability was determined for 74 tree species using in-situ validated UAV data, and
differences between species were related to plant functional traits. In the following, the individual
study areas (2.1.), the data used in this context (2.2.), the methodology applied (2.3.), and the
software used (2.4.) will be described in detail.

2.1. Study sites

The study areas considered in this thesis are all located in Central Europe and in German territory
(see Figure 5). One large-scale study area (Federal State of Bavaria, 47°-50.5°N, 9°-14°E) and two
small-scale study areas (Hainich National Park with flux tower, 51.079407°N, 10.452089°E, 440
m a.s.l.; Weltwald Freising, 48.4142757°N, 11.6666912°E; 462 to 508 m a.s.l.) are analyzed (Knohl
etal.,, 2003; LDBF, 2023).

According to the Képpen-Geiger classification (1991-2020), all three study areas are located in
temperate (Cfb) or cold (Dfb) climate zones without a dry season and with a warm summer (Beck
et al, 2018). In Bavaria, the mean annual temperature (MAT; 1991-2020) ranges from -3.3 to 11
°C, with the main part of the area recording values between 8 and 10 °C. The mean annual
precipitation sum (MAP) over the same period is 515 to 3184 mm, with the south of the region
having more precipitation than the north (DWD, 2021b, 2021c; Kloos et al,, 2021). In the two
smaller study areas, these key figures (Hainich: 2000-2020; Freising: 2001-2020) are in a similar
value range with a MAT of 8.6 °C (Hainich) and 9.4 °C (Freising) and a MAP of 716 mm and 736
mm (DWD, 2024; Kloos et al., 2024; Knohl et al., 2022). In the analyzed year 2022, the average
annual temperature in Weltwald Freising was 9.6 °C and the annual precipitation sum was 829
mm (Kloos et al,, in review; data provided by the Bavarian State Institute of Forestry).

The analyzed federal state of Bavaria is mainly covered by agricultural area (mainly in NW and SE)
and forest (mainly in E and towards the Alps). Grassland represents only a small part of the land
area and is mainly present in the Alpine regions and foothills (EEA, 2019; Kloos et al.,, 2021). The
Hainich National Park was developed in 1997 as a 7500-ha beech conservation area and consists
mainly of European beech (Fagus sylvatica L., 64 %) and European ash (Fraxinus excelsior L., 28
%). It has been a UNESCO World Heritage Site since 2011 and contains some trees that are over
270 years old (Tamrakar et al., 2018; Thiel et al., 2020). The Weltwald Freising covers an area of
100 hectares with 400 different tree and shrub species from the northern hemisphere planted
since 1987 (Rudolf, 2023). The species are planted in plots with a few individuals up to 200
specimens, whereby the plots are divided according to the continental origin of the respective
species: Europe, North America, and Asia (Kloos et al., in review).
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Figure 5: Overview map of the three study areas considered in this thesis (1: Bavaria; 2: Hainich National Park; 3:
Weltwald Freising; Kloos et al., 2021; Kloos et al., 2024; Kloos et al,, in review) and their location in Europe (middle
map) and worldwide (top left). The legend for the respective detailed map of the study areas is shown below the figures
(data sources: Esri, Maxar, Earthstar Geographics, and the GIS User Community (top left); EEA (2019), GeoBasis-DE /
BKG (2024), Earthstar Geographics (1); TLUBN (2024), GDI-Th, Earthstar Geographics (2); BaySF (2022), BVV -
geodaten.bayern.de, Maxar, Microsoft (3); eurostat (2020), Earthstar Geographics (middle map)).

2.2. Data sets overview

Within the three study areas, vegetation data sets from satellite remote sensing (see section 2.2.1.),
near-surface remote sensing (see section 2.2.2.), and in-situ observations (see section 2.2.3.) were
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analyzed. In addition to the primary analysis of these data sets, they were contextualized and
validated in a second step with additional data, which are described in section 2.2.4.

2.2.1. Satellite remote sensing

Only data products from the Moderate-resolution Imaging Spectroradiometer (MODIS) were used
to analyze the vegetation using satellite data: MOD13Q1, MOD11A2, MCD12Q1 (all 2001 to 2020)
and MCD12Q2 (2001 to 2019; see Table 2). In the pre-processing stage, the LST and land cover
data were resampled to a spatial resolution of 250 m (like the NDVI data), and the NDVI data were
linearly interpolated to an 8-day temporal resolution (like the LST data). In addition, an annual
vegetation mask was applied to both the LST and NDVI data using the land cover data (Kloos et al.,
2021).

Table 2: MODIS satellite data products used in this work with the overall description of the product, the individually
used layer, as well as the respective spatial and temporal resolution, and the reference of the data set.

MODIS Description Used layer Spatlé'll Temporal Reference
product resolution resolution
Vegetation Didan
MOD13Q1 Indices NDVI 250 m 16 days (2015)
LST and . Wan et al.
MOD11A2 Emissivity Daytime LST (K) 1 km 8 days (2015)
Land Cover Type 1: Fried] and
Global land Annual International Sulla-
MCD12Q1 Geosphere-Biosphere 500 m Annual
cover types Menashe
Programme (IGBP)
e (2019)
classification
Global land Greenup,
surface MidGreenup, Friedl et
MCD12Q2 phenology Senescence, >00m Annual al. (2019)
metrics Dormancy

Before the phenological data sets were analyzed, a quality assurance layer was applied to remove
low-quality data from the data set. The layer classifies each pixel on a four-level quality scale,
which is based on various criteria of the phenology calculation (fraction of missing or filled EVI
data in the cycle, spline goodness-of-fit). Only pixels with the highest quality level (value = 0) were
included in the analysis (Kloos et al.,, 2024).

2.2.2. Near-surface remote sensing

Regarding near-surface remote sensing data of vegetation, camera data from tree canopies was
analyzed. The camera used in this thesis is mounted on the flux tower top in the Hainich National
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Park (see Figure 5) and has been taking images of the canopies of the national park every day at
12:00 noon since 2001 (since August 2020 even every 30 minutes; Dept. Bioclimatology & Knohl,
2024). In this thesis, due to changing camera perspectives and existing data gaps, three
bioclimatologists used this data to manually determine the phenology of the tree crowns (Kloos
et al,, 2024). Each person determined annually two phenological phases according to the BBCH
code (Biologische Bundesanstalt flir Land- und Forstwirtschaft, Bundessortenamt und CHemische
Industrie; Meier, 2018):

1. SOS:BBCH 11 (first leaves unfold)
2. EOS: BBCH 95 (50% of the leaves have fallen/discolored)

Each year, an individual region of interest was defined for the camera images through the changing
camera perspectives. The phenological onset dates were determined for two tree species in the
national park: Fagus sylvatica L. and Fraxinus excelsior L. The final results were then averaged and
thus represented the final onset dates of the respective phenological phase and species (Kloos et
al,, 2024).

In addition, UAV data collected in 2022 in Weltwald Freising (see Figure 5) was used: A total of 27
flights with a Phantom 4 multispectral UAV (D]I, Nanshan, Shenzhen, China) were carried out
around noon from March to December on days with low wind speed and clear sky/overcast
conditions. At an altitude of 100 m above ground level and with a ground sampling distance of 5-
8 cm, an image was taken once per second in the red wavelength range (650 nm * 16 nm), in the
NIR (840 nm * 26 nm) and with an RGB camera (2 MP resolution, NADIR position; Kloos et al,, in
review).

The UAV used an integrated dual-band high-precision Real Time Kinematic (RTK) GPS with a
Networked Transport of RTCM via Internet Protocol (NTRIP) network service. In addition, five
measured ground control points were placed for each flight and the flight grid was set up with a
frontal and lateral overlap of 85%. The grid orientation was set automatically by the flight
software. Before each flight, an image of the calibration reflectance panel (AgEagle Aerial Systems
Inc., Wichita, Kansas, USA) was taken to ensure further image processing using PIX4d mapper
version 4.75 (Pix4D, Prilly, Switzerland). Finally, several products were generated from the UAV
images (Kloos et al., in review):

e RGB orthomosaics (10 cm resolution)
e NDVImaps (10 cm)

e digital terrain model (DTM, 1 m)

e digital surface model (DSM, 10 cm)

2.2.3. In-situ observations

In-situ observations of the vegetation were also used as a starting data set for further analyses. On
the one hand, phenological observations from the German Meteorological Service (DWD) were
used. In-situ observations of annual onset dates of different phenological phases are interpolated
to a Germany-wide grid dataset (1x1 km) using multiple linear regression with respect to altitude,
latitude, and longitude (DWD, 2022; Yuan et al., 2021). In this thesis, three phenological phases
were specifically analyzed for the Hainich National Park from 2000 to 2020:

e RBUBO: European beech - beginning of unfolding of leaves
e RBUBV: European beech - autumn leaf coloring
o RBUBF: European beech - autumn leaf fall
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In addition, flux tower data from the Hainich National Park, which are part of the Integrated
Carbon Observation System (ICOS) network, were also analyzed in this context. Specifically, the
following variables were used for the period 2000-2020 in daily resolution (Knohl et al.,, 2022):

e Net ecosystem exchange (NEE) (g C m-2 day-1)

e Gross primary production, from daytime partitioning method (GPP:DT; Lasslop et al,,
2010) (g Cm-2day-1)

e Gross primary production, from nighttime partitioning method (GPP:NT; Reichstein et al.,
2005) (g Cm-2day1)

Spring (start of season, SOS) and autumn (end of season, EOS) phenology were then derived from
this data. Therefore, the NEE data were converted to net ecosystem production (NEP) values (NEP
= -NEE) in order to obtain uniformly positive values with the GPP values for CO; uptake (Kloos et
al,, 2024). The SOS and EOS were then calculated using the smoothed threshold method (central
moving-window mean, five days; Barnard et al., 2018). The threshold value was defined as 0 g C
m-2 day! for NEP and the 10% value of the respective mean annual GPP maximum from 2000 to
2020 for GPP (Kloos et al,, 2024; Zhou et al,, 2016; Zhou et al,, 2017). The date for the SOS was
determined when the threshold value was exceeded for the first time in the year and for the EOS
when it was undershot for the first time after the SOS in his year. As an additional criterion, the
exceedance or undershoot of the threshold value had to be constant for 20 days for NEP and SOS
< 30 and EOS > 330 were excluded for GPP phenology (Kloos et al., 2024).

2.2.4. Explanatory and validating data sets

To place the primarily analyzed vegetation data in a larger context, they were explained and
validated with the help of additional data sets. The Corine Land Cover (CLC) 2018 product (100 m
resolution; EEA, 2019) and the European Digital Elevation Model (EU-DEM) v1.1 (25 m; EEA,
2021) were used as explanatory datasets. The DEM was scaled up to a resolution of 100 m in pre-
processing using the arithmetic mean (Kloos etal., 2021).

Predictors of autumn phenology

To better understand the drivers of autumn phenology in the Hainich National Park, measured
meteorological and CO; exchange-related data from the flux tower were used (Knohl et al., 2022).
Besides the three variables from section 2.2.3., additionally, four meteorological variables were
implemented (Kloos et al.,, 2024):

e Air temperature (°C)

e Precipitation (mm)

e Vapor pressure deficit (VPD) (hPa)

e Soil water content (16 cm depth) (%)

Following literature, especially Zani et al. (2020), 20 different predictor variables were calculated
from the seven measured variables for every year between 2000 and 2020 (see Table 3 and Table
1 in Kloos et al. (2024) for further information). The so-called "Dryness-Wetness-Index" (DWI)
was developed and calculated in order to adequately represent the complexity of the water
availability (Wilhite & Glantz, 1985) of the respective year. This is made up of the following
variables (Kloos et al.,, 2024):

e Growing season precipitation: Precipitation sum from March to October (mm)
e Summer precipitation: Precipitation sum in June, July, and August (mm)
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e Growing season VPD: VPD sum from March to October (hPa)

e Summer VPD: VPD sum in June, July, and August (hPa)

e (Growing season soil water content: Mean soil water content (16 cm depth) from March to
October (%)

e Summer soil water content: Mean soil water content (16 cm depth) in June, July, and
August (%)

Table 3: Overview of the 20 predictor variables generated for explaining autumn phenology in the Hainich National Park.
Additionally, for each variable, the corresponding abbreviation is given (see Table 1 in Kloos et al. (2024) for further
information).

Variable Abbr. Variable Abbr.
Start of season SOS Dryness-Wetness-Index DWI
Summer temperature Tsu Growing season NEP Nt
Autumn temperature Tau Growing season GPP:DT GDr
Extreme heat events Tex Growing season GPP:NT GNr
Frost days Fhy Growing season first half NEP N1
Frost days in spring Fsp Growing season second half NEP N2
Annual precipitation Puwy | Growing season first half GPP:DT GD;
C Growing season second half
Summer precipitation Psy GPP:DT GD:
Heavy rain days Pex | Growing season first half GPP:NT GN:
Growing season vapor pressure VPD Growing season second half GN
deficit GPP:NT ?

The following index was calculated annually from 2000 to 2020 for the precipitation and soil
moisture variables:
Xi — Xmin

Index = ————— (D

Xmax — Xmin
Another index was calculated in parallel for the VPD variables:

X - X;
Index = ——~——— (2)

Xmax — Xmin

x; represents the value for the respective year, and Xmax and xmin are the highest and lowest annual
values in the observation period. Each index thus ranges from comparatively dry (0) to wet (1)
years. Finally, all six calculated indices were summed up to form the DWI (0 = “very dry” to 6 =
“very wet”; Kloos et al., 2024).
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Functional traits

To better understand the interspecific phenological variability in Weltwald Freising, 13 functional
traits (see Table 4 and Table 1 in Kloos et al. (in review) for further information) and the continent
of origin (Europe, Asia, North America) were determined for each observed tree species (except
Alnus rugosa L., Carya tomentosa Nutt., Populus trichocarpa Torr. & Gray and Pterocarya fraxinifolia
Lam.). The age of the trees was defined from BaySF data (BaySF, 2022) and the number of
chromosomes was determined for each species using the CCBD (Chromosome Counts Database)
medians (Rice et al,, 2015), while all other traits were derived from the TRY plant trait database
(Kattge et al., 2020). In a first step, a trait matrix was created with all measurements from the
database for all traits and existing species. The data set was converted into a normal distribution
and z-transformed and the data gaps were then filled with the Bayesian hierarchical probabilistic
matrix factorization (BHPMF) gap-filling algorithm (Schrodt et al.,, 2015). The data were then
back-transformed and outliers were removed using the z-transformation. For 70 tree species of
the Weltwald Freising, a mean value was then calculated for each trait across all matrix values and
assigned to the corresponding species (Kloos et al,, in review). The "stable species hierarchy"
hypothesis allows this assignment even without having measured the traits directly on site, as a
general hierarchical arrangement of the values between the species is assumed (e.g,
Cordlandwehr et al,, 2013; Kazakou et al., 2014; Violle et al.,, 2015).

Table 4: Functional traits to analyze the interspecific variability of phenology in Weltwald Freising and its associated
units (see Table 1 in Kloos et al. (in review) for further information).

Plant trait Unit Plant trait Unit
Tree (plant) height m Leaf C content per leaf dry mass ¥ mgg!
Leaf area mm? | LeafP content per leaf dry mass mgg!
Leaf thickness mm Root rooting depth m
mm? o
Leaf area per leaf dry mass (SLA) mg-1 Stem conduit diameter pum
Leaf dry mass per leaf fresh "
mass (LDMC) gg Chromosome number n
Fine root length per fine root
Seed dry mass mg dry mass (specific root length, cm gl
SRL)
Leaf N content per leaf dry mass mgg!

Climate distances

In addition to the functional traits, so-called climate distances for the tree species observed in
Weltwald Freising were also used. These are Manhattan distances of a 30-year climatology (1961-
1990), with 11 climate variables implemented (Buras & Menzel, 2019) and are made up of
monthly temperature (CRU TS v4.01; Harris et al., 2020) and precipitation (GPCC; Schneider et al.,
2011) data with a spatial resolution of 0.5°. The climate distances were then calculated globally
pixel by pixel for the central coordinate: 48.25° N, 11.25° E (Buras & Menzel, 2019). To assign a
climate distance to each tree species, the respective distribution areas were defined. For European
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species, chorological maps (Caudullo et al., 2017) and relative probability of presence (RPP; de
Rigo et al,, 2016) data were used, whereby synanthropic and isolated occurrences were excluded
from the calculation. For North American and Asian species, the distribution areas were derived
from GBIF (GBIF, 2021) data, whereby only observations after 1900 and species with an
occurrence in more than 1000 grid cells (0.5° x 0.5°) were included in the analysis. This resulted
in final climate distances for 60 species, which represent the median of the respective lower 20%
quantile of all assigned climate distance values (Kloos et al., in review).

Validation of drought indices

To validate calculated drought indices (see section 2.3.1.), soil moisture index (SMI) data of the
upper soil layer (0-25 cm) were used for Bavaria from 2001 to 2020. These are available monthly,
originally have a spatial resolution of 4 km and were downscaled to 250 m using bilinear
resampling (Kloos et al., 2021; UFZ, 2021; Zink et al., 2016). For further validation, agricultural
crop yield data (annual mean yield per ha, dt ha) from 2001 to 2019 were also used at Bavarian
county level (Statistical Offices of the Federation and the States, 2021). To support this validation,
land use data from agricultural holdings (also at county level, 2016; LfStat, 2018) and annual
harvest dates of the respective field crop (phase ID 24 - "Ernte") were used (DWD, 2021a).

Validation of UAV phenology

To validate the UAV-derived phenology of Weltwald Freising (see section 2.3.2.), the spring and
autumn phenology for 45 and 27 tree species (see Table S3 in Kloos et al. (in review) for further
information), respectively, was observed from the ground in 2022. In spring, the following
phenological phases were determined plot-wise twice a week from the end of March to the end of
May, whereby only phase 3 was used in the final validation (Vitasse et al., 2013):

e 0:buds closed (no bud activity)

e 1: budburst (buds are open and leaves are partially visible)

e 2: leaf emergence (leaves fully emerged from the buds but are still folded, crinkled, or
pendant)

e 3:leaf unfolding (for each tree at least one leaf is fully unfolded)

In autumn, leaf discoloration (including leaves lying on the ground) and leaf fall were estimated in
10% increments twice a week from mid-September to early December. In a second step, the data
were interpolated to a daily resolution and the day on which the 50% leaf discoloration mark was
reached or exceeded for the first time was included for validation (Kloos et al., in review).

2.3. Methods overview

To answer the research questions posed at the beginning of this thesis (see section 1.4.), the
described data sets were analyzed using different methods. In terms of content, these are
subdivided below into the detection of water limitation and vegetation drought (see section
2.3.1.), derivation of UAV tree canopy phenology (see section 2.3.2.), data validation (see section
2.3.3.) and specific statistical analysis methods used (see section 2.3.4.).
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2.3.1. Detection of water limitation and vegetation drought

A correlation analysis between the MODIS NDVI and LST data was carried out for the Bavarian
study area (see Figure 5). The NDVI is used here as a proxy for vegetation health (Norman et al,,
2016; Zhang et al., 2013), while the LST provides information on vegetation water stress (see
section 1.3.1.; Anderson & Kustas, 2008). When correlating both variables, growth limiters for
vegetation are determined: A negative correlation indicates water and a positive correlation
indicates energy as the primary limiting factor for plant growth (Karnieli et al., 2010; Karnieli et
al,, 2019).

Table 5: Monthly subdivision of MODIS data for the correlation analysis between NDVI and LST (Kloos et al., 2021).

Month MODIS Day Month MODIS Day
Numbers Numbers
March 065-089 ‘ July 185-209
April 097-113 August 217-241
May 121-145 ~ September 249-273
June 153-177 October 281-297

Specifically, the NDVI-LST correlation was calculated monthly from March to October (see Table
5) for the period 2001 to 2020 using the method of Abdi et al. (2016). The NDVI-LST correlation
maps were then intersected with CLC and EU-DEM data individually and in combination for
further differentiation (see Table 6). For this purpose, the NDVI-LST data were resampled to a
spatial resolution of 100 m (Kloos et al,, 2021).

Table 6: Classification of CLC (Kloos et al.,, 2021) and EU-DEM data (BaySF, 2018; Hiibl et al., 2007; Walentowski et al.,
2001; Walentowski & Kopp, 2006) for intersection with the NDVI-LST correlation maps.

ID Land cover classes (CLC 2018) ID Altitude classes (EU-DEM)
NAL Non-irrigated arable land ‘ AL1 ‘ <300 m
PAS Pastures AL2 300-500 m
BLF Broad-leaved forest ‘ AL3 ‘ 500-800 m
CFF Coniferous forest AL4 800-1200 m
MXF Mixed forest CALS > 1200 m
NGL Natural grasslands

In the second step, three drought indices were calculated for the Bavarian study area every eight
days from March to October in the period 2001 to 2020: the VCI, the TCI, and the VHI. The VCI is
calculated as follows (Kogan, 1995):

(NDVI — NDV @)

Vel = 100 3
*(NDV1,,0, — NDVL,.) (3)

The NDVI represents the smoothed 8-day NDVI, NDVInin and NDVInax the lowest and highest
corresponding NDVI value for the observation period. The TCl is defined as follows (Kogan, 1995):
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TCl = 100« —max =1 (4)
(Tmax - Tmin)
T (LST) represents the smoothed 8-day temperature, Tmin and Tmax the lowest and highest
corresponding temperature value for the observation period. Both indices thus reach a scale of 0-
100, with high values indicating a comparatively high NDVI and a low temperature value. The
combination of both indices forms the VHI, which weights both indices equally in this study (a =
0.5; Kogan et al., 2016; Kogan, 1997):

VHI = a* VCI + (1 — a) * TCI (5

The VHI includes the assumption that there is a negative correlation between NDVI and LST during
avegetation drought, i.e., a comparatively low NDVI with a comparatively high LST due to reduced
evapotranspiration (Karnieli et al., 2010). Due to this assumption, the index was only analyzed in
areas where the correlation between NDVI and LST was < -0.1 (Kloos et al., 2021).

2.3.2. Derivation of UAV tree canopy phenology

The UAV data recorded in Weltwald Freising were used to derive spring and autumn phenology
for individual tree crowns. In a first step, the tree canopy was identified, whereby a canopy height
model (CHM) was developed. This was formed from the difference between a digital surface model
(DSM, recorded at the end of July with full leaf development) and a digital terrain model (DTM,
recorded at the end of March with full ground visibility; Kloos et al., in review). In a second step,
the individual treetops were then determined based on the CHM using a variable window filter
(Popescu & Wynne, 2004). A height-dependent, iteratively determined function for the window
size was applied:

e 3 m to 8 m: constant value of 1
e 8mto35m: height x 0.06 + 0.52
e > 35 m: constant value of 2.62

All treetops were then checked manually and removed from the analysis if they were < 5 m in
height (Kloos et al., in review). The crowns of the trees were then determined based on the
treetops using the algorithm by Dalponte and Coomes (2016). The height threshold was 5 m,
growing threshold 1 was 0.35 and 2 was 0.55, and the maximum crown diameter was 90 pixels.
All crowns with a crown area < 3 m? were excluded from the analysis and crowns with an
unrealistic ("non-circular") shape were removed manually. In addition, only trees within the
defined plots (derived from BaySF, 2022) were included in the analysis and tree species with n <
5 were removed. Finally, only deciduous tree species were analyzed, with a 10 cm reverse buffer
applied around each tree crown to avoid overlaps. This resulted in the phenological analysis of 74
tree species (see Table S3 in Kloos et al. (in review) regarding the analyzed species) and 3099
individuals (Kloos et al., in review).

To extract the phenology of each tree crown, a raster stack was created from all NDVI raster of the
27 UAV flights. Subsequently, the respective 27 median NDVI values were determined for each
crown and a double logistic function (Fischer, 1994) was fitted based on these values. The SOS and
EOS were then determined using a percentage threshold between the lowest, early-season, and
highest NDVI value (SOS) and the highest and lowest, late-season, NDVI value (EOS). The day on
which these thresholds were exceeded or undershot was then defined as SOS/EOS. During a pre-
validation with the observed phenology (see Section 2.2.4.), the threshold value was set at 0.5
(SOS) and 0.7 (EOS). Finally, the length of season (LOS) was also defined based on the difference
between EOS and SOS (Kloos et al,, in review).
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2.3.3. Data validation

The drought indices determined in Bavaria (see Section 2.3.1.) were validated with the SMI and
agricultural yield data (see Section 2.2.4.). For this purpose, a monthly arithmetic drought index
mean was formed for the SMI (see Table 5) and a Bravais-Pearson correlation analysis was then
calculated both monthly and for the entire vegetation period (March to October). For the crops
winter wheat, winter rye, summer barley, oat, sugar beet, winter rapeseed, and silage corn, the
relative annual yield anomaly was compared with the respective mean drought index at county
level. The mean drought index was calculated from May to July (for sugar beet and silage corn until
September) and correlated with the yield data at county level as well as for the entire study area
using Bravais-Pearson correlation coefficients. Crops with an area share of the total area of the
seven selected crops < 3 % for a county were removed from the analysis (Kloos et al., 2021).

For a more general validation, a weighted relative yield anomaly and a weighted drought index
were also calculated at county level. For this purpose, the respective area share was determined
for each crop and each county, weighted with the respective yield anomalies, and summed up.
Years with data gaps were removed from the analysis. Mean annual drought indices were also
weighted according to the area ratios of the crops, summed up, and finally compared with a
Bravais-Pearson correlation at county level and for the entire study area (Kloos et al.,, 2021).

To validate the UAV-derived phenology in Weltwald Freising, a simple linear regression between
UAV and observed phenology (see Section 2.2.4.) of the individual species was calculated and the
coefficient of determination and p-value were retrieved. In addition, the mean difference and the
percentage of species with a difference of < 5 days between the respective onset dates were also
used as validation indicators (Kloos et al., in review).

2.3.4. Statistical analyses

To compare the spring and autumn phenology determined from the different data sources in the
Hainich National Park, the individual data sets were correlated with each other (Bravais-Pearson).
In addition, a trend analysis was carried out using simple linear regression with year as a predictor.
To determine the influence of the predictors (see section 2.2.4.) on the EOS, a Spearman-rank
correlation was calculated between the EOS and the individual predictor variables. In addition, a
multiple linear regression was calculated with the EOS as the dependent variable. The predictors
were Tau, Tsy, Puy and the individual NEP variables, whereby SOS-dependent variables were
averaged across all data sources. There was no multicollinearity within the predictors (r < 0.7, p-
value > 0.05). Finally, various 2- and 3-variable combinations of the regression model were
calculated with the predictor variables (Kloos et al., 2024).

To test the hypothesis of Zohner et al. (2023), which identifies vegetation activity before the
solstice and autumn temperature as two essential predictors of autumn phenology, a multiple
linear regression was also calculated. The EOS was again the dependent variable, N1 and Tay the
predictors. The regression lines were analyzed here, with a respective predictor median and
dynamic predictor always forming the models. In a final step, the 21 observation years in the
national park were divided into four 5-year classes: years with low Tay and N; (scenario 1), high
Tau and N1 (scenario 2), low Tay and high Ny (scenario 3), and high Tay and low N; (scenario 4).
For each of these four classes, the mean EOS for the respective 5-year period was then calculated
for the respective data source (Kloos et al., 2024).

To explain the interspecific phenological variability in Weltwald Freising, three Boosted
Regression Trees (BRT; see Elith et al., 2008 and Sporbert et al., 2022 for further information)
analyses were carried out, with the dependent variable being defined by the SOS/EOS/LOS
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median. The 13 functional traits (see section 2.2.4.), the continent of origin, and the climate
distance formed the predictors. The BRTs were set up with a Gaussian error distribution, a tree
complexity of 1, a learning rate of 0.003, and a bag fraction of 0.5. Partial dependency plots and
the relative importance (%) of the predictors formed the results. The model evaluation was
carried out using a cross-validation correlation and predicted vs. observed SOS/EOS/LOS plots
(Kloos et al., in review).

2.4. Software

For the spatial representation of the data, ArcGIS Pro (Esri, 2024) and R (R Core Team, 2024) or
RStudio (RStudio Team, 2024) was applied. The data analysis was carried out in R or RStudio,
whereby the following packages were mainly used: corrplot (Wei et al., 2021), data.table (Barrett
etal, 2024), dismo (Hijmans et al., 2023a), dplyr (Wickham et al., 2023), ForestTools (Plowright &
Roussel, 2023), ggplot2 (Wickham, 2016), lidR (Roussel et al., 2024), MODIStsp (Busetto &
Ranghetti, 2016), phenex (Lange & Doktor, 2017), plyr (Wickham, 2023), raster (Hijmans et al.,
2023Db), rasterVis (Lamigueiro et al., 2023), reshapeZ2 (Wickham, 2020), terra (Hijmans et al,,
2024), tidyr (Wickham et al., 2024), tidyverse (Wickham et al., 2019), and zoo (Zeileis et al., 2023).
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3. Publication abstracts and contributions

This thesis is based on the content of the following three publications:

1. Kloos, S, Yuan, Y., Castelli, M., & Menzel, A. (2021). Agricultural Drought Detection with
MODIS Based Vegetation Health Indices in Southeast Germany. Remote Sensing, 13(19),
3907.

2. Kloos, S., Klosterhalfen, A., Knohl, A., & Menzel, A. (2024). Decoding autumn phenology:
Unraveling the link between observation methods and detected environmental cues.
Global Change Biology, 30(3), e17231.

3. Kloos, S, Liipke, M., Estrella, N., Ghada, W., Kattge, ., Bucher, S. F, Buras, A., & Menzel, A. (in
review). The linkage between functional traits and drone-derived phenology of 74
Northern Hemisphere tree species. Science of the Total Environment.

The following sub-chapters provide a brief summary of the content and a list of the authors'
contributions to the individual publications. The authors are abbreviated with the first letter of
their first name and surname (e.g., S.K. for Simon Kloos). The complete publications are appended
at the end of the thesis.
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3.1. Agricultural Drought Detection with MODIS Based
Vegetation Health Indices in Southeast Germany

Kloos, S., Yuan, Y., Castelli, M., & Menzel, A. (2021). Agricultural Drought Detection with MODIS
Based Vegetation Health Indices in Southeast Germany. Remote Sensing, 13(19), 3907.

Abstract

Droughts during the growing season are projected to increase in frequency and severity in Central
Europe in the future. Thus, area-wide monitoring of agricultural drought in this region is becoming
more and more important. In this context, it is essential to know where and when vegetation
growth is primarily water-limited and whether remote sensing-based drought indices can detect
agricultural drought in these areas. To answer these questions, we conducted a correlation
analysis between the Normalized Difference Vegetation Index (NDVI) and Land Surface
Temperature (LST) within the growing season from 2001 to 2020 in Bavaria (Germany) and
investigated the relationship with land cover and altitude. In the second step, we applied the
drought indices Temperature Condition Index (TCI), Vegetation Condition Index (VCI), and
Vegetation Health Index (VHI) to primarily water-limited areas and evaluated them with soil
moisture and agricultural yield anomalies. We found that, especially in the summer months (July
and August), on agricultural land and grassland and below 800 m, NDVI and LST are negatively
correlated and thus, water is the primary limiting factor for vegetation growth here. Within these
areas and periods, the TCI and VHI correlate strongly with soil moisture and agricultural yield
anomalies, suggesting that both indices have the potential to detect agricultural drought in
Bavaria.

Contributions

S.K, AM,, and M.C. designed the research idea. S.K. acquired, processed, and analyzed the data.
SK, YY, and A.M. developed the data visualization. S.K. wrote the first draft, and all authors
reviewed and edited it. A.M. supervised the work.
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3.2. Decoding autumn phenology: Unraveling the link between
observation methods and detected environmental cues

Kloos, S., Klosterhalfen, A., Knohl, A., & Menzel, A. (2024). Decoding autumn phenology: Unraveling
the link between observation methods and detected environmental cues. Global Change Biology,
30(3),e17231.

Abstract

Leaf coloring and fall mark the end of the growing season (EOS), playing essential roles in nutrient
cycling, resource allocation, ecological interactions, and as climate change indicators. However,
understanding future changes in autumn phenology is challenging due to the multitude of likely
environmental cues and substantial variations in timing caused by different derivation methods.
Yet, it remains unclear whether these two factors are independent or if methodological
uncertainties influence the environmental cues determined. We derived start of growing season
(SOS) and EOS at a mixed beech forest in Central Germany for the period 2000-2020 based on
four different derivation methods using a unique long-term data set of in-situ data, canopy
imagery, eddy covariance measurements, and satellite remote sensing data and determined their
influence on a predictor analysis of leaf senescence. Both SOS and EOS exhibited substantial ranges
in mean onset dates (39.5 and 28.6 days, respectively) across the different methods, although
inter-annual variations and advancing SOS trends were similar across methods. Depending on the
data, EOS trends were advanced or delayed, but inter-annual patterns correlated well (mean
r=0.46). Overall, warm, dry, and less photosynthetically productive growing seasons were more
likely to be associated with a delayed EOS, while colder, wetter, and more photosynthetically
productive vegetation periods resulted in an earlier EOS. In addition, contrary to recent results, no
clear influence of pre-solstice vegetation activity on the timing of senescence was detected.
However, most notable were the large differences in sign and strength of potential drivers both in
the univariate and multivariate analyses when comparing derivation methodologies. The results
suggest that an ensemble analysis of all available phenological data sources and derivation
methods is needed for general statements on autumn phenology and its influencing variables and
correct implementation of the senescence process in ecosystem models.

Contributions

S.K. and A.M. designed the research idea. S.K., A.Kl,, and A.Kn. acquired the data. S.K. processed and
analyzed the data. S.K. and A.M. developed the data visualization. S.K. wrote the first draft, and all
authors reviewed and edited it. A.M. supervised the work.
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3.3. The linkage between functional traits and drone-derived
phenology of 74 Northern Hemisphere tree species

Kloos, S, Liipke, M., Estrella, N., Ghada, W., Kattge, ]., Bucher, S. E, Buras, A., & Menzel, A. (in review).
The linkage between functional traits and drone-derived phenology of 74 Northern Hemisphere
tree species. Science of the Total Environment.

Abstract

Tree phenology is a major component of the global carbon and water cycle, serving as a fingerprint
of climate change, and exhibiting significant variability both within and between species. In the
emerging field of drone monitoring, it remains unclear whether this phenological variability can
be effectively captured across numerous tree species. Additionally, the drivers behind interspecific
variations in the phenology of deciduous trees are poorly understood, although they may be linked
to plant functional traits. In this study, we derived the start of season (SOS), end of season (EOS),
and length of season (LOS) for 3,099 individuals from 74 deciduous tree species of the Northern
Hemisphere at a unique study site in southeast Germany using drone imagery. We validated these
phenological metrics with in-situ data and analyzed the interspecific variability in terms of plant
functional traits. The drone-derived SOS and EOS showed high agreement with ground
observations of leaf unfolding (R? = 0.49) and leaf discoloration (R? = 0.79), indicating that this
methodology robustly captures phenology at the individual level with low temporal and human
effort. Both intra- and interspecific phenological variability were high in spring and autumn,
leading to differences in the LOS of up to two months under almost identical environmental
conditions. Functional traits such as seed dry mass, chromosome number, and continent of origin
played significant roles in explaining interspecific phenological differences in SOS, EOS, and LOS,
respectively. In total, 55 %, 39%, and 45 % of interspecific variation in SOS, EOS, and LOS could be
explained by the Boosted Regression Tree (BRT) models based on functional traits. Our findings
encourage new research avenues in tree phenology and advance our understanding of the growth
strategies of key tree species in the Northern Hemisphere.

Contributions

S.K,, M.L.,, and A.M. designed the research idea. S.K., M.L., W.G,, ].K,, and A.B. acquired the data. S.K.
and M.L. processed the data. S.K. analyzed the data. S.K,, N.E,, and A.M. developed the data
visualization. S.K. and M.L. wrote the first draft, and all authors reviewed and edited it. A.M.
supervised the work.
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4. Discussion

In this thesis, the impacts of climate change on vegetation canopies in Central Europe were
analyzed in various aspects using passive remote sensing. In the following, these results will be
discussed in terms of content (4.1.) and methodology (4.2.) and placed in the context of previous
research.

4.1. Differentiation of climate change impacts on vegetation

Over the last 150 years, anthropogenic global warming has led to an increase in the average annual
temperature in Central Europe of around 2 °C and an increase in extreme heat and drought events,
particularly in the summer months (APCC, 2014; BAFU, 2020; DWD, 2021d, 2023; IPCC, 2023).
The global warming trends are expected to continue, although the projections vary depending on
the emissions scenario (IPCC, 2023). These developments naturally impact the vegetation growing
there and its associated physiology and phenology. Generally, it is assumed that vegetation in
Central Europe will be more affected by drought in the future (Grillakis, 2019; Hari et al., 2020).
In addition, due to higher temperatures, the phenological phases of spring are currently advancing,
while the phenological autumn tends to begin later (Menzel et al., 2020; Piao et al., 2019; Vitasse
et al,, 2022). Due to its high spatial and temporal coverage and objective measurement series,
remote sensing has a high potential to differentiate these general statements and thus provide
new insights into understanding climate change impacts on vegetation.

The results of this thesis have shown that the relationship between NDVI and LST in Central
Europe depends on the observed period and location as well as on land use and altitude. If these
variables are negatively correlated, plant growth is primarily water-limited (Karnieli et al., 2010;
Karnieli et al.,, 2019), and thus, the risk of drought stress for the vegetation is remarkably higher.
As mentioned in Kloos et al. (2021), this is mainly the case in July and August, which can also be
confirmed by other studies in these latitudes - albeit not at such a high temporal and spatial
resolution (Karnieli et al., 2010; Karnieli et al., 2019; Sun & Kafatos, 2007).

Looking at land use, agricultural areas and grassland, in particular, are characterized by a negative
NDVI-LST correlation and are, therefore, primarily at risk of drought stress. Forest areas show
mostly no negative correlation values and, thus, (on average) a higher drought resilience in this
region (Kloos et al., 2021), which is also consistent with other studies (Karnieli et al., 2010;
Karnieli et al,, 2006). Regarding altitude, negative NDVI-LST correlations in the study area are
mainly found below 800 m a.s.l, whereas montane and alpine areas are primarily energy-limited.
A general increase in the NDVI-LST correlation coefficient with increasing altitude can also be
observed in other parts of the world, which further confirms the results of this thesis (Karnieli et
al,, 2010; Karnieli et al., 2006; Karnieli et al., 2019).

At first sight, these results are not surprising and appear logical. Nevertheless, the methodology
of remote sensing with holistic spatial coverage can be used to show which type of vegetation in
which period of the year could be particularly affected by (climate change-induced) droughts in
the future. Of course, extreme drought events in Central Europe affect significantly more areas and
vegetation types (Rakovec et al., 2022; Schuldt et al., 2020), as this is only a mean analysis over 20
years. Nevertheless, the results show a differentiated view of the regions and periods at risk of
drought stress, which is helpful for various stakeholders of society. In this way, particularly
affected areas can be identified quickly and efficiently, and adaptation measures such as adapted
monitoring, alternative planting, or irrigation strategies can be discussed.

27



The results of this thesis also generated a differentiated picture of deciduous forest phenology.
From a climatological perspective, it could be shown in a mixed beech-ash forest that leaf
discoloration and leaf fall tend to occur later in dry years with warm autumn temperatures than
in humid years with lower autumn temperatures (Kloos et al., 2024). While the results of the
autumn temperature confirm the current study situation (e.g., Gill etal,, 2015; Lu & Keenan, 2022;
Zohner et al., 2023), the influence of water availability on autumn phenology varies depending on
the study design (Bigler & Vitasse, 2021; Zani et al.,, 2020), which is mainly due to the different
definitions of water availability. According to the results of this thesis, climate change should lead
to a delay in autumn phenology in mid-latitude deciduous forests due to rising temperatures and
lower water availability in the growing season. However, in other studies, heat and drought stress
initiate advanced senescence (Bigler & Vitasse, 2021; Schuldt et al., 2020; Xie et al., 2018), which
is why a linear trend in this relationship is debatable and a projection of autumn phenology in
climate change is associated with great uncertainty.

Furthermore, not only the drivers but also the respective species play a decisive role in the
phenological context. While the autumn phenology of beech trees in the Hainich National Park
shows some strong correlations with temperature and precipitation variables, these are much less
pronounced in ash trees. This species-specific differentiation can also be found in the phenological
trend analysis of both species: Within the spring phenology, the leaf-out of beech trees advances
during the observation period - in contrast to the phenology of ash trees, which is significantly
delayed at the same time. In autumn, contrasting developments can also be observed - albeit not
as strongly - with a prolonged vegetation period for beech trees and a shortening growth period
for ash trees (Kloos et al., 2024).

On the one hand, these different developments can be attributed to a species-specific
climatological sensitivity to individual phenological phases, as has already been established in
other studies (e.g., Grossiord et al., 2022; Vitasse et al., 2009). In this specific case, however, the
influence of the pathogenic fungus Hymenoscyphus pseudoalbidus, which has recently infesting ash
trees in Europe (Kowalski & Holdenrieder, 2009; Queloz et al., 2011), is also suspected. This delays
leaf emergence (McKinney et al., 2011; Stener, 2013) and could also be a reason for the observed
premature leaf senescence in ash trees (Kloos et al., 2024). Therefore, non-climatic factors can also
remarkably influence the phenology of individual tree species, and general statements on
phenological development in the context of climate change should be made with caution.

Additionally, in terms of global warming, not only is the temporal development of phenological
onset dates and their drivers relevant, but so is phenological variability. The results of this thesis
showed that within a species, the time of leaf emergence can differ over 20 days, and the time of
leaf discoloration can differ over 30 days (Kloos et al., in review), which is also shown in previous
studies (Delpierre et al.,, 2017; Marchand et al., 2020). Climate change could increase the risk of
late frost in Central Europe (Lamichhane, 2021; Qiang Liu et al., 2018; Zohner et al., 2020), which
is why the intraspecific variability of spring phenology could become more important in this
context. As with the drivers and trends of phenology, intraspecific variability is also, as shown in
this thesis, highly species-dependent. Species with high variability (in this case, for example,
Fraxinus pennsylvanica Marsh., Betula costata Trautv, and Quercus alba L.) could, therefore, be
more resilient to such meteorological extremes than those with only a small "phenological
window" (Diez et al.,, 2012).

In addition to the intraspecific variability, this work also revealed major phenological differences
between individual tree species: In spring, the onset date of leaf unfolding can differ by more than
40 days depending on the species, and in autumn, the onset date of leaf discoloration can differ by
more than 50 days. This results in a difference of up to two months in the growth period under
quite similar environmental conditions (Kloos et al., in review). These value ranges match with
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previous study results (Archetti et al., 2013; Panchen et al., 2014; Richardson & O’Keefe, 2009).
Nevertheless, plant-functional traits and the continental origin of the species haven’t been related
to phenological variability in deciduous trees yet.

In spring, the continent of origin of the species is one of the most important explanatory factors:
As mentioned in Kloos et al. (in review), on average, North American species sprout significantly
later than European and Asian species, which can be explained by a higher variability of North
American spring temperatures and an associated risk avoidance strategy regarding late frost
(Zohner & Renner, 2017). In addition, the strategy of late frost avoidance also explains the later
leaf-out of species with heavier seeds, larger stem conduit diameter, and thinner leaves. These
invest more energy in reproduction (Kloos et al., in review), are more susceptible to embolism due
to freeze-thaw events in the stem (Lechowicz, 1984; Panchen et al,, 2014), and have more sensitive
leaves to late frost damage (Bucher et al., 2019; Bucher & Rosbakh, 2021).

In autumn, however, an important explanatory factor is the number of chromosomes: the more
chromosomes a deciduous tree species has, the earlier it goes into senescence. This is a new
finding in phenology and can be interpreted to mean that species that grow in drought-prone areas
tend to have lower chromosome numbers and are therefore better able to cope with later
senescence (Kloos et al., in review). Plants with a high chromosome number, on the other hand,
tend to occur in more stable habitats and thus tend to favor earlier senescence (Carta et al., 2018).
Furthermore, species with a lower SRL tend to enter senescence later, which can be explained by
better water-use efficiency (Bucher & Rdmermann, 2021). Finally, autumn phenology occurs later
in species with a higher stem conduit diameter, which can be explained by compensation for later
carbon sequestration in spring (Kloos et al., in review). Overall, this means species with European
origin and a low seed dry mass and SRL have a more extended growth period in the study region
(Kloos et al., in review).

The explanation of the onset dates for spring and autumn phenology and the resulting length of
the vegetation period via functional traits and the continental origin leads to the different growth
strategies of tree species: While early sprouting and late senescence species with a long growing
season tend to aim at maximizing carbon sequestration or use seasonally limited resources (Lee
& Ibafiez, 2021; Richardson & O’Keefe, 2009), late sprouting species in spring mainly want to avoid
late frost damage (Bennie et al., 2010; Vitasse et al., 2014). In the context of climate change
projections for Central Europe, species with the longest possible growing season could be at an
advantage in the future: As heat and drought stress could often limit photosynthetic activity and
thus tree growth in the summer months (Bréda et al., 2006; Farooq et al., 2009; Gupta et al., 2020),
the growth-relevant periods in spring and autumn are becoming increasingly important. Thus,
from a trait perspective, species with a low chromosome number and SRL, which tend to grow in
drought-prone regions and have better water-use efficiency, may have an advantage with
prolonged senescence. On the other hand, early sprouting tree species are more likely to be
affected by late frost events but - as shown in this thesis with thicker leaves and lower stem
conduit diameter - also tend to be more frost resistant (Muffler et al., 2016; Vitra et al., 2017).

4.2. Assessment of remote sensing monitoring approaches of
vegetation

The monitoring methodology of passive remote sensing primarily used in this work generates
indirect information about vegetation. This creates uncertainty in many research questions and
requires a comparison with variables measured on the ground, especially when applied over a
study area for the first time. Therefore, validation with in-situ data minimizes the uncertainty and,

at the same time, defines the meaning of remote sensing data in the respective context.
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In this thesis, the three drought indices TCI, VCI, and VHI, were calculated for the Bavarian study
area and compared with soil moisture data. The TCI correlated the highest, the VCI the lowest and
the VHI, as a combination index of both indices, was positioned between these two values. This
corresponds to the results of previous studies (Chang et al.,, 2017; Le Du et al., 2018; Zhao et al,,
2017) and allows the conclusion that the surface temperature generally correlates more highly
with soil moisture values than the state of the vegetation and therefore reacts more quickly to
changes in soil moisture. In addition, higher correlations with soil moisture were found for all
three indices in summer than in spring and autumn. The correlation of soil moisture with both
surface temperature and vegetation condition is, therefore, strongly seasonal. This can be
explained by the fact that, on the one hand, the topsoil dries out more easily in summer, which is
directly linked to an increase in surface temperature. On the other hand, as described in this thesis,
a large proportion of the areas are primarily water-limited for plant growth in summer, which
means that fluctuations in soil moisture have a more direct effect on the state of the vegetation at
this time of year (Kloos et al.,, 2021).

Comparing the drought indices with agricultural yield data, all three indices showed high
correlations. This means that all indices can provide valid information on annual crop yields,
which is also in line with studies in other parts of the world (Dabrowska-Zielinska et al., 2002;
Garcia-Ledn et al, 2019; Kogan et al, 2016). Interestingly, the VCI does not achieve higher
correlations than the TCI despite the more direct link to the state of the vegetation. This can be
attributed to the fact that agricultural yields are largely dependent on the soil moisture status in
the topsoil and, therefore, also show a strong correlation with surface temperature. This is a good
example of the extent to which fluctuations in vegetation indices (e.g., the VCI) can be explained
more specifically by the addition of further remote sensing data sets. Furthermore, the crop yield
data for sugar beet and silage corn show higher correlations than other crops due to their late
harvest time and the associated longer analysis period in summer. In addition, higher correlations
were also found in the more water-limited north of the study area compared to the south of
Bavaria (Kloos et al., 2021).

For the application of the drought indices used in this work, this means that there must be a
primary water limitation in location and time so that these indices can generate robust statements
about agricultural drought. At the beginning and towards the end of the growing season, the
drought indices have little in common with soil moisture and yield anomalies and, therefore,
should primarily be used in the summer months in Central Europe. The focus of the application
should be on the VHI, which can both make direct statements about the state of vegetation and
explain possible deficits using surface temperature as a drought indicator. In addition, it seems
reasonable to generate statements over a longer observation period due to the lower dynamics of
the vegetation condition.

While the vegetation drought in this work was analyzed from the perspective of remote sensing
only with satellite data, the plant phenology was also recorded with near-surface cameras and UAV
data. Passive remote sensing usually shows medium to high agreement in the determination of
phenological onset dates in comparison with data measured on the ground (visual observation,
CO; fluxes, etc.; Berra & Gaulton, 2021), which is also reflected in the results of this work. Both the
phenology derived from satellite (MODIS) and from camera or UAV data correlated moderately to
strongly with data measured on the ground and are thus able to reflect temporal as well as species-
specific variability of phenological onset dates. The absolute difference between the individual
derived onset dates also moved on average in similar temporal ranges for data sources with similar
phenological phase definitions (Kloos et al., 2024).

In addition to the generally high level of agreement between the data sets, individual aspects are
nevertheless worth mentioning. On the one hand, there were different results in the remote
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sensing/in-situ comparison of phenology depending on the (tree) species. This can firstly be
explained by differences in the spatial resolution of the observation methods to be compared. For
example, the camera data can record species-specific phenology, while CO; flux measurements on
the ground detect the entire vegetation phenology, which means that the derived phenology is
only comparable to a limited extent. Conversely, this mismatch of spatial resolutions is also a
known problem in phenological validation when comparing coarse-resolution satellite data with
the phenology of individual plants observed on the ground (Fisher & Mustard, 2007; White et al.,
2009).

Nevertheless, if the same species is considered in the validation (as in the comparison of the UAV
data with the phenology observed on the ground), there may still be differences between the
objects considered, i.e., the tree individuals: If the UAV captures all trees within a species plot, the
observer only averages the data from a certain viewing angle and thus cannot capture all
individuals within a larger area - depending on the species plot (Kloos et al, in review). As
mentioned in Kloos et al. (2024), differences between the autumn phenology of beech trees
observed with the camera and on the ground in the Hainich National Park can also be attributed
to the aspect of intraspecific variability (see, e.g., Marchand et al., 2020 or Capdevielle-Vargas et
al,, 2015). Finally, if it is possible to observe the same plant both remotely and in situ, there may
still be residual differences in the species-specific phenology derived from the phenological
variability within a plant (especially in trees) due to the different viewing angles or the subjective
estimation of the observer.

A second aspect worth noting are validation differences in the respective phenological phase. The
results of this work show that the correlations between the remote sensing data and the
phenology measured on the ground tend to be lower in spring than in autumn. This can be
explained by the fact that remote sensing data from the perspective of looking down from above
(satellite and UAV) also capture the phenology of the understory in spring when the treetops are
not yet covered with leaves. Since the understory usually sprouts earlier than the overstory of the
forest (Augspurger & Bartlett, 2003; Richardson & O’Keefe, 2009; Vitasse, 2013), this results in an
earlier detection of the spring phenology in the remote sensing data (Kloos et al., 2024). In
autumn, on the other hand, the understory only becomes visible when the leaves of the tree
crowns have already changed color and fallen off, which means that no false detections can occur
here. This is a well-known phenomenon in remote sensing of phenology (Filippa et al., 2018; Ryu
etal,, 2014) and must be considered, especially in spring.

In addition to the comparison of remote sensing data and variables measured on the ground,
which is essential for a quality statement about the remote sensing data, the comparison of
different remote sensing data sets is also a noteworthy aspect. In this work, large differences were
identified between the satellite and camera phenology regarding the determined onset dates,
which was also reflected in the correlations of the data. On the one hand, this is due to the
difference in spatial resolution described above. On the other hand, there is also a clear difference
in the definition of the individual phenological phases considered within the remote sensing
phenology detected (which is also a problem in comparison with in-situ data). The satellite data
record the degree of greening and discoloration of the tree crowns in spring and autumn with
different threshold values, while the camera observes the first leaf unfolding and the average
discoloration of the tree crown. In general, there are many different definitions for spring and
autumn phenology (Berra & Gaulton, 2021; Caparros-Santiago et al., 2021; Meier, 2018; Zeng et
al,, 2020), which often means that a comparison of the data is only possible to a limited extent.

However, the various phenological data sources are not only used for the calculation of descriptive
statistics or for trend analyses but are often also combined with other data sets, for example, to
identify drivers of phenological developments. In this work, it was found that the phenology of
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different data sources has a remarkable impact on a predictor analysis of autumn phenology:
Depending on the derivation method used, striking differences were found in the univariate or
multivariate analysis of the relationship with climatological or CO,-flux variables, although general
trends within individual variables were recognizable between the data sources. These findings are
important, as many studies in this field are usually based on only one phenological data source.
From these results, it can be deduced that depending on the study area, a comprehensive analysis
of all available phenological data sources is useful to be able to make general statements about
trends and drivers of phenology (Kloos et al., 2024).

In the context of the findings generated from this work, monitoring phenology using passive
remote sensing - as confirmed in many other studies (e.g., Berra & Gaulton, 2021 or Caparros-
Santiago et al., 2021) - is generally useful and offers several advantages over ground-based
measurements (e.g., spatial coverage, fast data availability, objective measurement, etc.).
Nevertheless, differentiation is necessary if the derived phenology is to be robust in its informative
value. Firstly, it must be clear from the research question which form of vegetation (total
vegetation, plant species, individual) and secondly, which specific phenological phase (e.g., SOS:
first leaf emergence or 50% crown foliage; EOS: 50% leaf discoloration or leaf fall) is to be
analyzed in detail. This fine adjustment then results in the appropriate comparative data set on
the ground, which, on the one hand, specifies which phenology the remote sensing indirectly
records and, on the other hand, prevents systematic measurement errors.

In conclusion, it should be noted that remote sensing monitoring of vegetation always goes hand
in hand with the indirect measurement of the vegetation canopy. However, a clear difference in the
monitoring of drought and phenology is the variable to be recorded or evaluated. Despite existing
definitions, agricultural drought is a diffuse complex and can be measured using a wide range of
information relating to the soil water balance and, above all, the state of the vegetation. In
phenology, on the other hand, a specific day of the year is derived for a specific phenological phase
in most research questions. This is also reflected in the validation of these aspects, as drought
indices determined from remote sensing data can be compared with more in-situ data sets than
phenological onset dates derived from remote sensing. Accordingly, "the same thing" is more likely
to be measured in phenology, which also tends to be reflected in higher correlations in the in-situ
comparison.
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5. Conclusion

Global warming impacts the physiology and phenology of vegetation in Central Europe. Using the
methodology of passive remote sensing, this thesis was able to show that in Central Europe, areas
below 800 m a.s.l., especially grassland and agricultural areas, are most at risk of drought in the
summer months of July and August. Dry and warm growing seasons also prolong the autumn
phenology of a deciduous forest, but trends and drivers of phenology differ remarkably depending
on the species considered. Under almost identical environmental conditions, a high inter- and
intraspecific variability in the phenology of tree species was also found, whereby functional traits
could partly explain the respective growth strategy. In the context of climate change, species with
high intraspecific phenological variability and a long growing season could be at a growth
advantage regarding a projected increase in late frost and drought events in Central Europe.

Since passive remote sensing only takes indirect vegetation measurements, a comparison with
data measured on the ground is essential to minimize uncertainty about what is being measured
by remote sensing and how this relates to in-situ data. In this work, the drought indices TCI, VCI,
and VHI were able to capture agricultural drought well, especially in water-limited regions and
time periods, which is why it makes sense to use them for drought detection, especially in the
Central European summer. The VHI best captures different aspects of agricultural drought. The
phenology of vegetation can also be detected well with remote sensing data. For robust results, a
detailed examination of the spatial resolution and the phenological phase to be observed is of great
importance. For general statements on trends and drivers of plant phenology, an evaluation of
various phenological data sources is essential.

In addition, future research could build on some of the results of this work: for example, it would
be of great interest to see how the water limitation (NDVI-LST relationship) behaves in Central
Europe in extreme hydrological years and how this relationship is linked to various climatological
variables. A combination of a more detailed vegetation classification and a spatially higher-
resolution satellite product (e.g., Sentinel data) could also generate added scientific value. The
drought indices could, in turn, be compared with other in-situ data on soil water balance and plant
vitality to further understand both the indices and the occurrence of agricultural drought. This
understanding could be incorporated into a replication of the study design from the drone survey
of Weltwald Freising, whereby as many real traits as possible measured on-site would generate
great added value to understand the growth strategies of the different tree species even better and
more robustly. Regarding future growth conditions, a combined focus could be placed on
determining these tree species' frost and heat/drought resistance. Combining this with the
phenological sensitivity of each tree species to changes in temperature and water availability
would provide an important basis for deciding on the future suitability of tree species in Central
Europe in the context of global warming.
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Abstract: Droughts during the growing season are projected to increase in frequency and severity
in Central Europe in the future. Thus, area-wide monitoring of agricultural drought in this region
is becoming more and more important. In this context, it is essential to know where and when
vegetation growth is primarily water-limited and whether remote sensing-based drought indices can
detect agricultural drought in these areas. To answer these questions, we conducted a correlation
analysis between the Normalized Difference Vegetation Index (NDVI) and Land Surface Temperature
(LST) within the growing season from 2001 to 2020 in Bavaria (Germany) and investigated the
relationship with land cover and altitude. In the second step, we applied the drought indices
Temperature Condition Index (TCI), Vegetation Condition Index (VCI), and Vegetation Health Index
(VHI) to primarily water-limited areas and evaluated them with soil moisture and agricultural yield
anomalies. We found that, especially in the summer months (July and August), on agricultural land
and grassland and below 800 m, NDVI and LST are negatively correlated and thus, water is the
primary limiting factor for vegetation growth here. Within these areas and periods, the TCI and VHI
correlate strongly with soil moisture and agricultural yield anomalies, suggesting that both indices
have the potential to detect agricultural drought in Bavaria.

Keywords: NDVI; LST; TCI; VCI; VHI; soil moisture; crop yield; remote sensing; drought monitoring;

corn

1. Introduction

Drought is a complex, globally occurring phenomenon that affects humans and nature
alike [1]. It can be examined from different perspectives: meteorological (precipitation
deficit), agricultural (soil moisture deficit), hydrological (runoff and water storage deficit),
and socio-economic drought (consideration of water supply and demand) [2-4]. Drought
events in Europe have far-reaching impacts and economic costs within different sectors of
society [5,6]. Within the European Union and United Kingdom, the annual economic losses
(1981-2010) from drought are estimated at EUR 9 billion year ! [7]. In Central Europe, and
thus also in Bavaria, extreme drought events in recent years have repeatedly resulted in
massive damage and losses in agriculture and forestry [8-11].

Since the beginning of the 21st century, Central Europe has experienced recurrent
periods of exceptional drought, with the years 2003, 2015, and 2018, in particular, being
extremely hot and/or dry [12-15]. While climate data from the past do not yet allow a
consistent statement on drought trends in Central Europe [16-19], future projections mainly
assume an increase in drought frequency and severity during the growing season [20-23].
In addition, there could be a significant increase in the risk of consecutive droughts and
their affected areas in the future [15].

In this context, the detection and forecast of drought are becoming more and more
important, a major challenge being the monitoring of the impacts of agricultural drought
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on vegetation. In addition to in-situ measurements, remote sensing based observations
allow a broad scale detection and can identify and fill relevant knowledge gaps within this
thematic area. A variety of approaches based on remote sensing exist to detect drought
impacts on vegetation [24-26], some of which have already been applied in Central Europe,
with different methodologies. The majority of existing studies made use of remotely sensed
vegetation indices (VIs).

One possibility is the comparison of VIs with meteorological drought indices. It has
been shown that the Normalized Difference Vegetation Index (NDVI) and Vegetation Opti-
cal Depth (VOD) could capture agricultural drought events in response to meteorological
droughts within Europe [27]. In addition, it has been found that meteorological drought
indices for shorter periods were associated with crop stress (defined via the Vegetation
Condition Index (VCI) and Vegetation Health Index (VHI)), while longer accumulation
periods correlated better with the vegetation status of forest areas. At the same time, the
magnitude of regional differences in drought impacts within Europe was pointed out [28].
Equally, when the NDVI and Standardized Precipitation Index (SPI) data in spring and
summer were compared to each other, high positive correlations were detected, especially
in Eastern Europe and on the Iberian Peninsula [29].

Another approach within VI use is the analysis and comparison with soil moisture data.
Comparing the NDVI with soil moisture indices such as the Palmer Drought Severity Index,
the Self-Calibrating Palmer Drought Severity Index and the Normalized total depth Soil
Moisture (NSM), clear differences in correlations have been observed across Europe [29].
Here, the NSM achieved the highest correlations (also in Eastern Europe and on the Iberian
Peninsula), whereby this was explained primarily with the additional information included
in NSM compared to the other indices about soil moisture in deeper soil layers. Using the
NSM as a soil moisture variable, it was also found that in European areas with a warmer
summer climate, the NDVI only responded to fluctuations in soil moisture, but not in
temperature. In spring, this dependency was reversed. In colder regions, the NDVI was
only dependent on temperature in both seasons. Furthermore, during the 2018 agricultural
drought in the Netherlands, negative soil moisture anomalies occurred 2-3 weeks before
the first VI reduction, using near-infrared reflectance of terrestrial vegetation and VOD as
VI [30]. When comparing NDVI and Climate Change Initiative soil moisture data, an offset
between soil moisture drought and vegetation drought in Europe was also found [31].

In Central Europe, analyses of VIs have been used to assess the impact of agricultural
droughts on corn and winter wheat yields. Corn yields at the NUTS3 level in Germany
correlated well with VCI and VHI in August, although clear spatial correlation differences
could also be seen [28]. On the other hand, comparing Temperature Condition Index (TCI),
VCI and VHI with winter wheat yields in northern and eastern Germany, VHI, in particular,
was able to achieve higher correlations than meteorological indices [32]. Comparing the
VIs NDVI and Enhanced Vegetation Index (EVI) with climatic datasets, it was shown that
during the extreme drought in July 2018, 1.5 times more area within Europe was negatively
impacted than during the extreme drought in August 2003. Differences within land-use
types were also found [33].

Within remote sensing of agricultural drought, there are also studies which developed
combined drought monitoring in Central Europe. Sepulcre-Canto et al. [34], for example,
applied a combination of SPI, soil moisture anomaly, and the fraction of Absorbed Photo-
synthetically Active Radiation (FAPAR), while Trnka et al. [35] used a combination of soil
moisture data (remotely sensed, modelled, and reported) and EVI in the Czech Republic
and Slovakia. Both approaches were shown to be promising. Finally, approaches also exist
within this topic to determine areas and time periods where water is the primary limiting
factor for plant growth. In Europe, a correlation analysis between LST and NDVI has
revealed that energy was a limiting factor mainly in northern Europe, at high altitudes, and
in spring, while water limited plant growth mainly in southern Europe and in summer [36].

Despite the large numbers of existing studies on agricultural and vegetation-based
drought in Central Europe using remote sensing, uncertainties and larger knowledge gaps
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still exist. For example, the spatial as well as temporal resolution of results indicating where
and when water is the limiting factor for vegetation growth is still rather limited. There
are also hardly any evaluations that deal with other explanatory environmental variables
for vegetation stress caused by drought. In Bavaria in particular, there are still hardly
any approaches for continuous drought monitoring via remote sensing-based VIs that can
demonstrate an appropriate spatial and temporal resolution. Therefore, our study aims, for
the first time, to provide results with a much better spatial and temporal resolution than
currently exists as to where and when in Central Europe water is the limiting factor for
vegetation growth. Second, the analysis of this limitation incorporates other environmental
conditions to explain it, which has rarely been done before. Finally, an approach not yet
practiced in Bavaria is presented to perform continuous drought monitoring via remote
sensing-based VIs at an appropriate spatial and temporal resolution.

Addressing the aforementioned gaps in knowledge, the general objective of this study
is to detect agricultural drought using remote sensing in Central Europe on water-limited
areas for vegetation growth. Specifically, this means, with a spatial resolution of up to
250 m and a temporal resolution of up to 8 days:

1.  To determine, by means of a correlation analysis between Moderate Resolution Imag-
ing Spectroradiometer (MODIS) NDVI and LST, areas and time periods in which water
is the limiting factor for vegetation growth. In addition, it will be examined whether
and to what extent the factors of land cover and altitude influence these conditions;

2. To carry out drought monitoring using the TCI, VCI, and VHI, as well as to evaluate
their results by soil moisture and agricultural yields. The question to be addressed here
is whether and to what extent these indices can be used to detect agricultural drought.

2. Materials and Methods

The general work-flow of this study is shown in Figure 1, including preprocessing of
data, the classified correlation analysis between NDVI and LST, and the calculation and
evaluation of the drought indices. All relevant analyses were carried out in R (version 4.0.3).
More details on the following steps are provided in the respective subsections.

2.1. Study Area

The study area of Bavaria is located between 47°N and 50.5°N, and between 9°E
and 14°E, in the southeastern part of Germany, Central Europe (Figure 2). The climate
of the region is mainly influenced by strong relief, with higher elevations in the south
(northern edge of the Alps) and east (Bavarian Forest and Fichtel Mountains; Figure S1 in
Supplementary Materials). The mean annual temperature ranges from —3.3 to 11 °C, but
in the majority of the territory, it is between 8 and 10 °C (Figure S2, based on data from the
German Meteorological Service, 1991-2020). The mean annual precipitation sums range
from 515 to 3184 mm, with wetter conditions in the southern part of Bavaria (Figure S3).
The land cover in Bavaria is largely dominated by agriculture (54.58%) and forest (35.38%).
The agricultural areas are mainly found in the northwest and southeast of Bavaria, while
forest cover dominates towards the Alps and in the east of Bavaria. Open grasslands and
larger water areas are mostly localized in the Alpine region and Alpine foothills. Munich
and Nuremberg constitute the largest urbanized areas (Figure 2, based on Corine Land
Cover (CLC) 2018 data). Bavaria is divided into 96 counties (based on the yield data for
agricultural crops/Statistical Offices of the Federation and the states).
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Figure 1. Flowchart of data used and processed (white boxes) and methodology applied (gray boxes;
NDVI = Normalized Difference Vegetation Index; LST = Land Surface Temperature; LC = Land
Cover; TCI = Temperature Condition Index; VCI = Vegetation Condition Index; VHI = Vegetation
Health Index; CLC = Corine Land Cover; EU-DEM = European Digital Elevation Model).

2.2. Data

MODIS NDVI, LST, and Land Cover (LC) products were used for both the correlation
analysis between NDVI and LST and the calculation of drought indices. The chosen
period for all MODIS products was from 2001 to 2020. The NDVI raster data (MOD13Q1)
have a spatial resolution of 250 m and a temporal resolution of 16 days [37]. The LST
raster data (MOD11A2) provide Daytime Land Surface Temperature [K] with a spatial
resolution of 1 km and a temporal resolution of 8 days [38]. The LC product from MODIS
(MCD12Q1) is issued annually with a spatial resolution of 500 m. We used the International
Geosphere-Biosphere Programme (IGBP) classification (LC Type 1) [39].

Both the LST and LC data were resampled first to a spatial resolution of 250 m in order
to be compatible with the NDVI data. In addition, an annual vegetation mask (Table S2) was
created using the MODIS LC data and applied to the NDVI and LST data to preemptively
avoid misinterpretation, especially with respect to NDVI. Finally, the 16-day NDVI grid
data were linearly interpolated to an 8-day temporal resolution in order to perform both
the correlation analysis between NDVI and LST and the calculation of drought indices in
8-day time steps.

In addition, we used the land cover product CLC 2018 and the European Digital Eleva-
tion Model (EU-DEM) v1.1 for a better and more differentiated evaluation of the correlation
analysis between NDVI and LST. The CLC and EU-DEM datasets are produced within
the framework of the EU Copernicus Service coordinated by the European Environment
Agency (EEA) and have a spatial resolution of 100 [40] and 25 m [41], respectively. To
combine the two datasets, the elevation model was aggregated to a spatial resolution of
100 m using the arithmetic mean.



Remote Sens. 2021, 13, 3907

5o0f 24

50°N+

49°N-

48°N-|

I rban Areas M Bare
- — Agriculture [T snow and Glacier
0 20 40 80 120 160 I Forest I \etlands
O e km 077 Grassland I \ater Bodies -

T T T T T T T T T T

47°N-

Figure 2. Land cover in Bavaria based on CLC 2018 (simplified according to Table S1). Agricultural
land (orange) dominates mainly in the northwest and southeast of Bavaria, while forested land (dark
green) mainly dominates in the northeast and south. All further results and representations refer to
this area, whereby a further longitude and latitude indication was omitted.

To evaluate the calculated drought indices VCI, TCI, and VHI (see Section 2.4), soil
moisture index data from 2001 to 2020, as well as yield data for agricultural crops in
combination with land use data were used. The present work exploits the Soil Moisture
Index (SMI) published by the Helmholtz Centre for Environmental Research (UFZ). SMI
represents the percentile of soil moisture content in the topsoil up to a depth of 25 cm,
relative to its frequency distribution in the period 1951-2019. The data have a monthly
temporal resolution and a spatial resolution of 4 km [42,43]. In order to compare the data
with the calculated raster data of the drought indices, the soil moisture index data were
bilinearly resampled to a spatial resolution of 250 m.

The yield data for agricultural crops from 2001 to 2019 are published in the Regional
Database Germany, which is operated by the Statistical Offices of the Federation and the
states. The data are given as the annual mean yield per hectare in dt ha~! and are provided
at county level [44]. The land use data for the agricultural holdings in Bavaria originate
from the Bavarian State Office for Statistics and refer to the reference year 2016. The
cultivated area of the respective field crop is also given for each county [45]. In the present
papet, the area ratios of the individual cultivated crops within the counties are assumed to
be relatively stable and thus refer to the observation period of the yield statistics (2001 to
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2019). For the selection of yield data to be included in the analysis, data on annual harvest
dates in Bavaria from 2001 to 2019 were used based on selected phenological observations
of the respective crops (Phase ID 24—"Ernte”) from the German Meteorological Service
(DWD) [46].

2.3. Correlation Analysis between NDVI and LST

The first step of the present study is a correlation analysis between NDVI and LST
to determine when and where water is the limiting factor for vegetation growth. NDVI
is one of the most widely used vegetation indices in remote sensing and is defined as
follows [47,48]:

NDVI = PNIR PR )

PNIR + PR

where pnJr is the reflectance in the near-infrared band and pyr is the reflectance in the
red band. NDVI allows one to distinguish between healthy and stressed vegetation and
to determine the growth status of vegetation, and thus a measure of general vegetation
health [26,49,50]. In addition, NDVI can also be an effective indicator of the vegetation-
moisture condition [51]. LST, in turn, mirrors soil moisture conditions, evapotranspiration,
and vegetation water stress. Because evapotranspiration cools the earth’s surface, rising
surface temperatures may be linked to decreasing water content or a soil moisture deficit
and thus water stress in the vegetation canopy [52,53]. If both variables are well correlated,
the limiting factor for vegetation growth can be determined depending on the season and
location: The NDVI-LST correlation is negative if water is the limiting factor, but it is
positive if energy is the limiting factor [36,54,55].

Here the correlation analysis between NDVI and LST was performed at pixel level,
at a monthly time scale, following the method of Abdi et al. [56]. The Bravais-Pearson
correlation coefficient was calculated for each pixel and month in the vegetation period
from March to October using all available MODIS data from 2001 to 2020 (Table 1).

Table 1. Monthly subdivision of Moderate Resolution Imaging Spectroradiometer (MODIS) day
numbers for pixel-based monthly correlation analysis between NDVI and LST.

Month MODIS Day Numbers
March 065-089
April 097-113
May 121-145
June 153-177
July 185-209
August 217-241
September 249-273
October 281-297

The calculated correlation coefficients were additionally analyzed by land cover,
altitude, and their combination. For this, the monthly NDVI-LST correlation maps were
resampled to 100 m spatial resolution. Subsequently, both the land cover data (CLC 2018)
and the digital elevation model data (EU-DEM v1.1) were classified into different classes
(Table 2). The selected land cover classes had to meet two criteria: (1) contain vegetation;
and (2) cover at least 1% of the Bavarian land area. The altitude classification followed
relevant papers with a reasonable number of classes [57-60]. The respective independent
masks were then intersected with the monthly NDVI-LST correlation maps and finally
characterized using boxplots.
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Table 2. Land cover (CLC 2018) and elevation (EU-DEM v1.1) classes and their IDs applied to the
monthly NDVI-LST correlation maps.

ID Land Cover Classes (CLC 2018) 1D Altitude Classes (EU-DEM v1.1)
NAL Non-irrigated arable land AL1 <300 m
PAS Pastures AL2 300-500 m
BLF Broad-leaved forest AL3 500-800 m
CFF Coniferous forest Al4 800-1200 m
MXF Mixed forest AL5 >1200 m
NGL Natural grasslands

When combining both classifications, the land cover masks were intersected with the
altitude masks. All 30 (6 land cover classes x 5 altitude classes) combined masks were
then intersected with the monthly NDVI-LST correlation maps, for which the median was
determined for each class.

2.4. Calculation and Evaluation of the Drought Indices VCI, TCI, and VHI

The VHI consists of two components, i.e., VCI and TCI. The VCI is defined as
follows [61-63]:
(NDVI—NDV1,,)

. 2
(NDVI©ysx — NDV 1) @
The NDVI is the smoothed 8-day NDVI, the NDVI,,;, and the NDVInyax the corre-
sponding multiyear absolute maximum and minimum. The VCI is accordingly scaled
from 0 to 100 and takes on larger values the higher the NDVI is. The TCI is defined as
follows [61-63]:

VCI = 100 *

(Tmax - T)
(Tmax - Tmin) ’
where T is the smoothed 8-day temperature, Tpin and the Tax are the corresponding
multiyear absolute maximum and minimum. The TCl is also scaled accordingly from 0 to
100 but takes on higher values the lower T is. In this work, T is defined via the LST. The
combination of both described indices results in the VHI [61,62,64]:

TCI = 100 * 3)

VHI = a% VCI+ (1 — «) * TCI, 4)

where « determines the share of VCI and TCI in the VHI. Since this share depending
on location and time is unknown, the weight of both indices was assumed to be equal
(o« = 0.5) [64—66]. The value range of the VHI is also from 0 (severe vegetation stress) to 100
(very favorable conditions). The VHI is based on the assumption that there is a negative
correlation between NDVI and LST: During a drought period, the NDVI tends to be low,
while the LST tends to be high [54].

In this work, all three drought indices were calculated pixel-based for Bavaria in 8-day
resolution within the growing season (March—October) from 2001 to 2020. Due to the VHI
assumption of a negative correlation between NDVI and LST, it is important to exclude all
areas with a non-negative NDVI-LST correlation in order to avoid misinterpretations. For
this purpose, a threshold value of —0.1 was applied to all monthly NDVI-LST correlation
maps, and all areas with a correlation coefficient >—0.1 were then removed from the
respective drought index time series on a monthly basis.

For the evaluation of the drought indices time series, TCI, VCI, and VHI were com-
pared with the SMI and the yield data. For the comparison with the monthly SMI, we
calculated the monthly arithmetic means of the 8-days drought indices, based on Table 1.
Subsequently, the Bravais-Pearson correlation coefficients were determined between the
SMI and the drought index data-sets for the complete time series (monthly and total vege-
tation period). Agricultural yield data comprised winter wheat, winter rye, summer barley,
oat, sugar beet, winter rapeseed, and silage corn, i.e., major crops for which harvest dates
in Bavaria were available and which were on average harvested at the end of July at the
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earliest (Day of year > 200; Table 3). The reason for this threshold value was the inclusion of
at least one month (July) in the evaluation, in which water can be assumed as the limiting
factor for vegetation growth over large areas in Bavaria.

Table 3. List of selected crop yield data from the Regional Database Germany and the corresponding
mean harvest dates (as the day of the year) from 2001 to 2019 in Bavaria in the evaluation study.

Selected Crops in The Yield Statistics Mean Harvest Date (Day of The Year) in
(Regional Database Germany) Bavaria from 2001 to 2019
Winter wheat 215
Winter rye 212
Summer barley 211
Oat 221
Sugar beet 283
Winter rapeseed 205
Silage corn 266

To be compared with crop yield data, drought indices were averaged pixel-wise and
annually for a crop-specific period of influence, i.e., all months from May to July for winter
wheat, winter rye, summer barley, oat, and winter rapeseed or May to September for sugar
beet and silage corn. Then, mean drought indices were determined for each county. A
correlation analysis was then performed between the mean annual drought indices and
the respective relative annual yield anomaly at county level in Bavaria. These correlations
were accordingly also determined within the counties. In order to avoid misinterpretations,
counties, where, for a specific cultivated crop, the area share of the total area of the seven
selected crops was less than 3%, were excluded from the spatial correlation analysis.

In order to summarize the results across the individual crops, an additional analysis
was carried out based on weighted relative crop yield anomalies. For this purpose, the
share of the total area of the seven selected crops was determined for each county and each
crop. Subsequently, the respective annual crop yield anomalies were weighted with the
area shares for each county and each year and summed up. In any case, years in which data
were not available for all crops grown in that county were removed to ensure comparability.
Mean annual drought indices (May to July or May to September) were also weighted at
the county level according to the corresponding area shares of the crop and added up
to obtain a weighted drought index. Finally, an overall correlation analysis, as well as a
spatial correlation analysis differentiated by county between the relatively weighted crop
yield anomalies and the weighted drought indices, were carried out.

3. Results
3.1. Correlations between NDVI and LST

As evidenced by the monthly correlation analysis between NDVI and LST for the
period 2001 to 2020, NDVI-LST relationships clearly depend on several factors. The first
factor is the time of the year. Across Bavaria (Figure 3 and Table S3), positive NDVI-
LST correlations occurred above all both at the beginning (March to May) and at the
end (September and October) of the vegetation period. In contrast, in the middle of the
vegetation period or summer season (June to August), negative correlations prevailed.
Regardless of the season, areas in the Alps, the Bavarian Forest, and the Spessart region
showed consistently positive correlations, while negative correlations prevailed for the
main part of the vegetation period within the Main-Franconian Plates or the Isar-Inn Hills.

This seasonal influence on the sign of the correlation between NDVI and LST was also
confirmed when being classified by land cover, altitude, and their combination. Similarly,
the correlation coefficients were higher at the beginning and end of the growing season
than in the summer months of June, July, and August. Negative NDVI-LST correlations
occurred especially in these summer months, while in the marginal months of March, April,
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and October only positive correlations were observed in almost all classes (Figures 4 and 5;

Table 4).
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Figure 3. Pixel-based monthly correlation coefficients (Bravais-Pearson) between 8-day NDVI and
LST in Bavaria from 2001 to 2020 during the vegetation period (March to October; corresponding
p-values: Figure S4; corresponding scatterplots: Figure S5).
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The second factor that significantly influences the NDVI-LST relationship is land
cover (Figure 4) with a clear dichotomy of the results. Except for the marginal months of
March and October, the medians of the correlation coefficients of the agricultural classes
(non-irrigated arable land (NAL) and pastures (PAS)) were always significantly lower than
those of the forest and grassland areas. While the agricultural areas showed predominantly
negative correlation values, especially in summer (June, July, and August), none or only
positive correlations occurred in the other classes.
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Figure 4. Pixel-based monthly correlation coefficients (Bravais-Pearson) between 8-day NDVI and
LST by land cover in Bavaria from 2001 to 2020. Land cover classes according to CLC 2018 (Table 2)
are non-irrigated arable land (NAL), pastures (PAS), broad-leaved forest (BLF), coniferous forest
(CFF), mixed forest (MXF), and natural grasslands (NGL).
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When combining the factors land cover and altitude (Table 4), natural grasslands
(NGL) at lower altitudes, in addition to the agricultural classes NAL and PAS, also showed
significantly lower correlation coefficients than the forest areas except for March and
October. Altitudes below 800 m which constitute more than 90% of the total area were
characterized by this negative NDVI-LST correlation in the summer months, while forest
areas showed no or a slightly positive correlation in summer. Above 800 m the effect of the
dichotomy decreased significantly since forests predominated.
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Figure 5. Pixel-based monthly correlation coefficients (Bravais-Pearson) between 8-day NDVI and
LST by altitude levels in Bavaria from 2001 to 2020. Altitude levels (Table 2) are <300 m (AL1),
300-500 m (AL2), 500-800 m (AL3), 800-1200 m (AL4), and >1200 m (AL5).
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Table 4. Median pixel-based monthly correlation coefficients (Bravais-Pearson) between NDVI and LST in Bavaria from 2001 to 2020, by altitude and land cover classes. The percentage (in

parentheses) of the respective altitude class indicates the area share of this class in the total area of Bavaria. The percentage of the respective land cover class indicates the area share of

this land cover in the total area of the respective altitude class. The color-coding of the individual median values is based on Figure 3. Land cover classes according to CLC 2018 are
non-irrigated arable land (NAL), pastures (PAS), broad-leaved forest (BLF), coniferous forest (CFF), mixed forest (MXF), and natural grasslands (NGL). Altitude levels are <300 m (AL1),
300-500 m (AL2), 500-800 m (AL3), 800-1200 m (AL4), and >1200 m (ALS5; Table 2).

Altitude CLC 2018 Number of Pixels March April May June July August September October
AlL1l NAL 240,901 (48.69%) 0.35 0.00 —0.09 —0.23 —0.35 —0.33 —0.19 0.01
(7.01%) PAS 77,745 (15.71%) 0.46 0.19 0.01 —0.12 —0.29 —0.36 —0.14 0.12
NGL 1650 (0.33%) 0.46 0.09 —0.01 —0.08 —0.43 —0.41 —0.19 0.15
BLF 38,559 (7.79%) 0.42 0.32 0.16 0.08 —0.06 —0.06 0.12 0.18
CFF 24,399 (4.93%) 0.31 0.31 0.16 0.14 —0.03 —0.05 0.13 0.12
MXF 22,339 (4.51%) 0.36 0.38 0.17 0.14 —0.03 —0.02 0.14 0.18
AL2 NAL 1,603,322 (43.47%) 0.44 0.07 —0.03 —0.12 —0.26 —0.29 —0.08 0.14
(52.28%) PAS 609,244 (16.52%) 0.55 0.16 —0.01 —0.09 —0.26 —0.33 —0.01 0.18
NGL 13,274 (0.36%) 0.44 0.19 0.09 —0.03 —0.23 —0.29 0.08 0.16
BLF 253,590 (6.88%) 0.45 0.35 0.19 0.14 —0.01 0.04 0.20 0.18
CFF 627,277 (17.01%) 0.40 0.22 0.15 0.10 —0.05 —0.07 0.10 0.12
MXF 239,313 (6.49%) 0.44 0.31 0.17 0.13 —0.02 —0.01 0.16 0.17
AL3 NAL 511,891 (22.01%) 0.51 0.09 0.00 —0.07 —0.24 —0.21 —0.02 0.14
(32.96%) PAS 646,484 (27.80%) 0.64 0.18 0.02 —0.06 —0.22 —0.16 0.10 0.20
NGL 8681 (0.37%) 0.61 0.24 0.11 0.00 —0.18 —0.15 0.10 0.17
BLF 92,655 (3.98%) 0.53 0.34 0.19 0.12 0.00 0.05 0.20 0.15
CFF 595,578 (25.61%) 0.53 0.24 0.16 0.10 —0.02 0.03 0.11 0.13
MXF 254,112 (10.93%) 0.53 0.30 0.18 0.09 —0.01 0.06 0.17 0.13
AlL4 NAL 0 (0.00%) n.a. n.a. n.a. na. n.a. n.a. n.a. n.a.
(5.51%) PAS 95,015 (24.43%) 0.71 0.35 0.09 —0.02 —0.13 —0.02 0.21 0.23
NGL 15,785 (4.06%) 0.60 0.54 0.27 0.03 —0.01 0.08 0.25 0.27
BLF 37,420 (9.62%) 0.52 0.40 0.27 0.10 0.15 0.14 0.25 0.11
CFF 129,960 (33.42%) 0.55 0.37 0.24 0.08 0.08 0.14 0.20 0.16
MXF 94,833 (24.38%) 0.54 0.39 0.27 0.11 0.10 0.16 0.25 0.13
AL5 NAL 0 (0.00%) n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a.
(2.23%) PAS 747 (0.47%) 0.34 0.69 0.43 0.13 0.13 0.16 0.29 0.40
NGL 35,529 (22.58%) 0.34 0.66 0.46 0.17 0.10 0.16 0.36 0.42
BLF 8214 (5.22%) 0.47 0.51 0.32 0.08 0.16 0.14 0.25 0.24
CFF 58,431 (37.14%) 0.42 0.53 0.34 0.11 0.14 0.14 0.27 0.31
MXF 14,883 (9.46%) 0.47 0.53 0.34 0.10 0.16 0.13 0.28 0.27
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Thirdly, monthly NDVI-LST correlations vary with altitude in Bavaria (Figure 5).
Except for the altitude level above 1200 m in March, the correlation coefficients increased
continuously with altitude in all months. Negative correlations were on average only
achieved at altitudes up to 800 m, and at altitudes below 300 m, the median of the correlation
coefficients was clearly negative (from June to September). When combining altitude and
land cover classes (Table 4), the results of the simple altitude classification were confirmed,
whereby here even negative correlations could occur up to 1200 m in the median (July).
Finally, it is important to note that hardly any strong relationships are observed within the
NDVI-LST correlation analysis with respect to all described perspectives.

3.2. Drought Indices VCI, TCI, and VHI and Their Evaluation Results

Figure 6 is showing the prominent drought year 2003 as an example: The VHl is a clear
combination of both indices, with weeks of low drought stress taking higher values (e.g.,
day 129) and weeks of high drought stress taking lower values (e.g., day 193-233). The TCI
basically changes more dynamically than the VCI, both spatially and temporally. From the
20-year time series of the VCI, TCI, and VH]I, all areas with a monthly mean NDVI-LST
correlation coefficient >—0.1 had to be removed. While in the summer months of July and
August a large part of the area was still retained (62.25 and 58.83%, respectively), in the
marginal months of March (0.15%), April (8.00%), and October (5.95%) hardly any area
was included in the analysis. The months of May (18.15%), June (34.31%), and September
(24.04%) represented intermediate stages, in which mainly focal areas in the south-east and
north-west of Bavaria were included in the analysis (Figure S6 and Table S3).

When evaluating for the above described sensitive areas the drought indices TCI,
VCI, and VHI with the SMI (Table 5), several observations could be made. Over the entire
growing season, similar ranges of values were found for the correlation coefficients of SMI
with TCI (0.54) or VHI (0.48), while the one between VCI and SMI was considerably lower
(0.27). This tendency of lower VCI than TCI/VHI correspondence to SMI could be observed
across all months, especially in the summer months of July and August. Generally, the
MODIS-based drought indices corresponded much better to the SMI in summer than at the
beginning and end of the growing season.

Table 5. Bravais-Pearson correlation coefficients between Soil Moisture Index (SMI) and the MODIS-
based drought index data sets for the complete time series from 2001 to 2020 (monthly and total). All
correlation coefficients are statistically significant (p-value < 0.05). The corresponding scatterplots for
the complete time series (March to October) are included in Figure S7.

SMI vs. TCI VCI VHI
March 0.26 0.09 0.25
April 0.52 0.11 0.37
May 0.38 0.16 0.32
June 0.34 0.15 0.30
July 0.63 0.26 0.52
August 0.69 0.37 0.61
September 0.47 0.38 0.51
October 0.07 0.05 0.08

Total 0.54 0.27 0.48
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Figure 6. TCI, VCI, and VHI in Bavaria in the drought year 2003 from day 089 (30 March) to day 273
(30 September).

When comparing the MODIS-based drought indices with annual yield data for dif-
ferent crops, positive correlations of varying strength were found (Table 6). In contrast
to SMI, the correlations of all the three drought indices with the yield anomalies were
in a similar value range, e.g., across all field crops as indicated by the weighted yield;
they ranged between 0.45 (VCI) and 0.49 (VHI). Additionally for the individual crops, no
obvious differences were apparent among TCI, VCI, and VHI correspondence to yield
anomalies. However, the correlation varied considerably for individual crops. While espe-
cially winter wheat, summer barley, and winter rapeseed showed low positive correlations,
the correlations of sugar beet and silage corn were high.

The correlations between weighted crop yield anomalies and the corresponding TCI, VCI,
and VHI at county level highlighted spatial patterns across Bavaria (Figures 7c and S9ef).
Similar to Table 6, for each of the drought indices, almost all correlations were positive,
with significant variations across counties. There were hardly any differences between
the maps of the individual drought indices. However, all counties in the north of Bavaria
tended to have higher correlation values than southern areas. Another focus area with
positive correlations was the northwest of Bavaria, with statistically significant correlations
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>0.8. One county in the south, was also striking, showing a slight to medium negative
linear correlation for all the three drought indices.

Table 6. Bravais-Pearson correlation coefficients (r) between crop-specific mean drought index values and the respective
annual field crop or weighted yield anomalies (county level). All correlation coefficients are statistically significant
(p-value < 0.05). The corresponding scatterplots between weighted yield anomaly and weighted annual mean drought

index are included in Figure S8.

Winter . Summer Winter . Weighted

r Wheat Winter Rye Barley Oat Sugar Beet Rapeseed Silage Corn Yield
TCI 0.12 0.34 0.10 0.28 0.38 0.10 0.62 0.47
\e! 0.21 0.25 0.19 0.25 0.50 0.09 0.51 0.45
VHI 0.16 0.33 0.14 0.28 0.46 0.10 0.61 0.49
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Figure 7. Bravais-Pearson correlation coefficients between (a) the relative annual silage corn yield anomalies and the annual
mean VHI, (b) the relative annual winter wheat yield anomalies and the annual mean VHI, and (c) the annual relatively
weighted crop yield anomalies and the annual weighted VHI differentiated by county. The corresponding maps with TCI
and VCl are provided in Figure S9.
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Within the correlation maps between the individual field crop yield anomalies and the
drought indices TCI, VCI, and VHI, clear differences could be recognized depending on
the crop type (Figures 7a,b and 59-512). While silage corn, oats, winter rye, and sugar beet
showed a homogeneous picture of positive correlations, winter wheat, winter rapeseed, and
summer barley showed a predominantly heterogeneous picture of positive and negative
correlations. In addition, it became clear that the correlations in northern Bavaria generally
had higher values than in the south. The strongly negative outlier in the southern county
was also confirmed in the maps of individual crops. In contrast, there were hardly any
notable differences between the individual drought indices. In conclusion, it must also be
noted within this subsection that, as with the NDVI-LST correlation analysis, few strong
relationships emerged in the evaluation of the drought indices.

4. Discussion

This study addresses three research questions that are not satisfactorily answered
in the current literature. First, it provides results with much better spatial and temporal
resolution than the current one to determine where and when water is the limiting factor for
vegetation growth in Central Europe. Second, the analysis of this constraint incorporates
other environmental conditions to explain it, which has rarely been the case before. Finally,
an approach not yet practiced in Bavaria is presented to perform continuous drought
monitoring using remote sensing-based VlIs at appropriate spatial and temporal resolution.

Our study showed that the correlation between NDVI and LST depends on the season,
land cover, and altitude, and that the TCI and VHI correlate well with both soil moisture and
yield data in Bavaria. Considering that the NDVI-LST correlation is negative when water
is the limiting factor for vegetation growth and positive when energy is the limiting factor,
several conclusions can be drawn from the results presented. In Bavaria, this relationship
is, firstly, dependent on the season: At the beginning and end of the vegetation period
the correlation between NDVI and LST is predominantly positive, whereas in the summer
months it is predominantly negative. Accordingly, the primary growth-limiting factor of
energy is replaced by the factor of water, especially in July and August. This seasonal
dependence of the NDVI-LST relationship has already been demonstrated globally, for
example in China [67] and North America [54,55] and even both from temporal and spatial
perspectives in Europe [36], although not in such a detailed spatial and temporal resolution.

Classifying the correlations according to land cover, it is noticeable that only agricul-
tural land and grassland show negative NDVI-LST correlations in the summer months,
while forest shows none or only positive correlations throughout the year. This indicates
that forests have a greater water storage capacity and/or a higher resilience to drought
stress than agricultural plants and grasses. Accordingly, the growth of forests in Bavaria in
summer seems in this study primarily energy-limited, while water is the primary limiting
factor for arable plants and grasses. However, it is important to emphasize that this is an
averaging analysis over 20 years: Extreme drought years also affect forest areas in Central
Europe and are associated with tree mortality [9,68].

The fact that the relationship between NDVI and LST varies depending on the land
cover or vegetation type has also already been demonstrated in several regions of interest,
e.g., on the Iberian Peninsula [69], in the Arctic [70], Mongolia [71], and North America [54].
The differences in forest areas and other vegetation types have only been investigated
in Mongolia [71] and North America [54]. Similar correlation differences were found
in Mongolia as well, although the analysis does not include seasonal differentiation. In
North America, it was also shown that forest areas are less prone to negative NDVI-LST
correlations than agricultural areas or grasslands. However, the different data, classification,
and geographical conditions must be taken into account when making these comparisons.

The third factor that significantly influences the relationship between NDVI and LST
is altitude. An increase in the correlation coefficient between NDVI and LST with altitude
has similarly been observed in other parts of the world before, for example in North
America [54], Mongolia [71], and Europe [36].
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Additionally, in Bavaria the correlation coefficient increases with altitude in all months,
with negative correlations only occurring below 800 m a.s.l. on average. Thus, especially
in summer at low altitudes in Bavaria (<800 m), water is the primary limiting factor for
vegetation growth, while above this altitude energy continues to be the primary factor.

Looking at the calculated drought index maps from TCI, VCI, and VHI (Figure 6), it
can be seen that MODIS data can primarily capture the temporal and spatial dynamics
of NDVI and LST. Comparing this with drought index calculations from other satellites
(e.g., [72,73]), this is an advantage in drought monitoring, especially in the temporal
dimension. However, some compromises have to be made within the spatial resolution. In
general, it can thus be argued that MODIS data are particularly useful for near-real-time
drought monitoring, while general classifications at selected time periods with high spatial
resolution are more useful with other platforms.

When evaluating the drought indices TCI, VCI, and VHI, with the soil moisture
index, two aspects are particularly relevant. Firstly, TCI and VHI show higher correlations
with soil moisture than VCI, with TCI resulting in the highest correlation overall. It
can be concluded from this that surface temperature generally reacts faster to changes
in soil moisture than vegetation state. Further studies with similar methodology exist
mainly for Asia and North America. Positive correlations between soil moisture and VHI
have been observed also in [74-76]. In Mongolia, the correlation between TCI and soil
moisture is higher than that for VCI, firstly, at different soil depths (but only with lagged
measurements) [77] and secondly, in areas with predominant vegetation cover [78]. In
China, soil moisture measurements and TCI also correlate higher than VCI in different
months [79]. A similar picture emerges for rice fields in Vietnam, and only on forest land
do both indices show a similar soil moisture correlation [80]. The results for Bavaria are
thus largely supported in other regions of the world.

The second relevant aspect of the correlation analysis between soil moisture and the
drought indices is the seasonal course. In summer, all indices correlate more strongly with
soil moisture than at the beginning and end of the vegetation period. This suggests that
soil moisture in summer has a stronger influence on both the surface temperature and
the status of the vegetation. This can be explained by the fact that water is the primary
limiting factor for plant growth in the warmer or hot summer months when the biomass
to be sustained is high: If soil moisture shows negative or positive anomalies in summer,
this has a stronger influence on the water balance of the vegetation and thus also on the
temperature [81] than in the other seasons, in which energy is the primary limiting factor.

When comparing the agricultural yield data with the drought indices, three aspects
are particularly central. Firstly, all three indices (TCI, VCI, and VHI) show similarly high
positive correlations in general, i.e., as indicated in the weighted yields. Also, there is no
general tendency for the superiority of any index for the individual crops. All three indices
thus reflect the annual anomaly of agricultural yields in Bavaria well. Two aspects are
noticeable here: VHI shows only slightly superior correlations here than its two components
separately. On the other hand, VCI and TCI correlate with yield at the same level, although
VClis assumed to have a much more direct link to agricultural yield via NDVI than the TCI
via LST. This suggests that drought, which is reflected in higher than normal vegetation
thermal conditions, was the main cause of yield losses in the study area. Other correlation
studies in Europe involving yield data have also shown positive correlations with the three
drought indices almost without exception [61,64,82,83]. However, a direct comparison is
usually difficult due to the different methodologies, data situations, selected crops, and
geographical locations. When comparing with the most methodologically similar study
by Bachmair et al. [28], the results are confirmed in terms of both correlation strength and
spatial distribution, although in the other study the VCI shows slightly higher correlations
than the VHI. The added value in the present paper compared to this study is mainly the
analysis of several crops and the inclusion of the TCL

The second aspect worth mentioning is the difference in correlation strength between
the individual crops. Especially sugar beet and silage corn show higher correlations than
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the others, which can be explained primarily in the monitoring period: While most crops
are harvested at the end of July/beginning of August, sugar beet and silage corn are
harvested at the end of September/beginning of October (Table 3). Thus, for these two
crops, more growing time and area (especially in August) is included in the correlation
analysis, which is obviously reflected in the drought indices. In comparison with other
studies, it is noticeable that winter wheat yields in north-eastern Germany [32] show higher
correlations with the VIs used than in Bavaria. The decisive difference here, however,
is in the methodological choice to include only relevant areas in north-eastern Germany
in the monitoring or the correlation analysis, whereas in our study all vegetation areas
with negative NDVI-LST correlation were included. Our results of the yields for wheat
and barley in connection with the drought indices are also confirmed by a Europe-wide
temporal correlation analysis between NDVI and wheat and barley yields [84]. Here, both
correlations in Germany decrease significantly from June onwards (Day 153) and reach
similar value ranges as in our analysis.

The third and last aspect to be noted is the spatial difference within the correlation
analysis. The general impression is that for all indices and crops the correlation between
yield and drought index is higher in northern/eastern Bavaria than in southern Bavaria.
The reason for this can be traced in the different precipitation conditions (Figure S3): In
drier northern Bavaria, the sensitivity of both the drought indices and agricultural yields
to a change in the water balance is higher than that in wetter southern Bavaria. The
higher sensitivity causes a higher correlation and thus a stronger relationship between the
two variables.

Nevertheless, certain limitations of this study should be noted. The spatial resolution
of the underlying data should be thoroughly considered. Due to the small-scale features of
the landscape in Bavaria, mixed pixels often occur, especially in the remote sensing data,
which can lead to inaccuracies both in the correlation analysis between NDVI and LST
and in the index calculation. Within the evaluation data, this indication is equally true
for both the soil moisture data (4 km) and the agricultural yield data (county level). In
addition, it must be noted that the data in this paper show significant differences within
temporal and spatial resolution. In order to match the data, they are adjusted on both levels
(e.g., via resampling or interpolation). This causes additional inaccuracies and could be an
explanation for partially low correlations within the results. In addition, the assumption
of a 19-year identical distribution of crop shares within the counties introduces—to some
extent—further uncertainties.

Another aspect worth discussing is the general use of VIs for estimating vegetation
growth and the application of NDVI in particular. Thus, VIs only ever provide an indirect
vegetation proxy, and several limitations must be considered here: On the one hand, detec-
tion on heterogeneous surfaces and at different canopy heights is problematic, and on the
other hand, factors such as sensor calibration, sensor viewing conditions, solar illumination
geometry and soil moisture, also influence the data quality of the indices [85-87]. NDVI in
particular is one of the most widely used vegetation indices and thus offers a wide range of
comparisons. It allows a large number of estimations of different vegetation properties and,
in addition, it has a sensitivity to green vegetation even on areas with low vegetation cover.
Nevertheless, the NDVI also brings uncertainties in the detection due to the influence of
soil brightness, soil color, clouds and cloud shadows as well as leaf canopy shadows and a
saturation problem in the presence of high vegetation diversity [86,88-90].

From a methodological point of view, two aspects, in particular, should always be
kept in mind: Firstly, the application of the drought indices is in part severely limited
in terms of area due to the threshold value set for the correlation coefficient between
NDVI and LST (which refers to the entire period and partially masks individual drier
years). The evaluation of the indices is thus only of limited significance, especially in the
marginal months of the vegetation period and in counties with little area included. On
the other hand, the area included in the analysis is always the same when evaluating the



Remote Sens. 2021, 13, 3907

19 of 24

drought indices with the individual crop yields and no differentiation is made between the
individual crops.

5. Conclusions

In this study, we aimed at identifying by means of a correlation analysis between
NDVI and LST when and where in Bavaria vegetation growth is primarily water-limited
and how this is related to the factors of land cover and altitude. In addition, we investigated
whether and to what extent the remote sensing-based drought indices TCI, VCI, and VHI
can capture agricultural drought and yield losses within these areas. The indices were
calculated from 2001 to 2020 within the growing season and evaluated with both soil
moisture and yield anomalies of agricultural crops.

We found that in Bavaria, especially in the summer months of July and August, on
agricultural land and grassland and below 800 m, water is the primary limiting factor for
plant growth. Within these areas and periods, the remote sensing-based drought indices
TCI and VHI correlate strongly with soil moisture and agricultural yield anomalies. From
both a soil- and a vegetation-based perspective, both indices have the potential to detect
agricultural and vegetation-based drought, respectively.

However, there are also further research potentials within this thematic focus. With
regard to the LST-NDVI relationship, it would be particularly interesting to include in the
correlation analysis other relevant variables, such as evapotranspiration, precipitation, and
global radiation and to specifically analyze individual drought years with regard to this
relationship. Within the evaluation of the drought indices, further soil- and vegetation-
related variables could be included in the analysis. In addition, a temporally differentiated
(e.g., monthly) correlation analysis between the drought indices and the field crop yield
anomalies would be desirable to determine possible seasonal focal points in the context.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/10
.3390/1s13193907/s1, Figure S1: Map of altitude distribution in Bavaria, Figure S2: Overview map of
mean annual air temperature (2 m) for Bavaria from 1991 to 2020, Figure S3: Overview map of mean
annual precipitation sum in Bavaria from 1991 to 2020, Table S1: Simplified land cover classification
according to CLC 2018 classification applied in Figure 2, Table S2: Classification of the MCD12Q1
International Geosphere-Biosphere Programme (IGBP) classes into the vegetation mask and the
non-vegetation mask, Figure S4: P-values of the pixel-based monthly correlation coefficients (Bravais-
Pearson) between NDVI and LST in Bavaria from 2001 to 2020 during the vegetation period, Table S3:
Pixel-based monthly correlation coefficients (Bravais-Pearson) between NDVI and LST in Bavaria
from 2001 to 2020 during the vegetation period, Figure S5: Pixel-based scatterplot between 8-day
NDVI and LST in Bavaria from 2001 to 2020 in March, April, May, June, July, August, September, and
October, Figure S6: Pixel-based monthly correlation coefficients (Bravais-Pearson) between NDVI
and LST in Bavaria from 2001 to 2020 during the vegetation period, Figure S7: Pixel-based scatterplot
between SMI and TCI, VCI and VHI in Bavaria from 2001 to 2020, Figure S8: Scatterplot between
weighted yield anomaly and weighted annual mean TCI, VCI and VHI in Bavaria from 2001 to
2019, Figure S9: Bravais-Pearson correlation coefficients between the relative annual silage corn yield
anomalies and the annual mean TCI or VCI, the relative annual winter wheat yield anomalies and
the annual mean TCI or VCI, and the annual relatively weighted crop yield anomalies and the annual
weighted TCI or VCI differentiated by county, Figure S10: Bravais-Pearson correlation coefficients
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Abstract

Leaf coloring and fall mark the end of the growing season (EOS), playing essential roles
in nutrient cycling, resource allocation, ecological interactions, and as climate change
indicators. However, understanding future changes in autumn phenology is challeng-
ing due to the multitude of likely environmental cues and substantial variations in tim-
ing caused by different derivation methods. Yet, it remains unclear whether these two
factors are independent or if methodological uncertainties influence the environmen-
tal cues determined. We derived start of growing season (SOS) and EOS at a mixed
beech forest in Central Germany for the period 2000-2020 based on four different
derivation methods using a unique long-term data set of in-situ data, canopy imagery,
eddy covariance measurements, and satellite remote sensing data and determined
their influence on a predictor analysis of leaf senescence. Both SOS and EOS exhibited
substantial ranges in mean onset dates (39.5 and 28.6days, respectively) across the
different methods, although inter-annual variations and advancing SOS trends were
similar across methods. Depending on the data, EOS trends were advanced or de-
layed, but inter-annual patterns correlated well (mean r=.46). Overall, warm, dry, and
less photosynthetically productive growing seasons were more likely to be associated
with a delayed EOS, while colder, wetter, and more photosynthetically productive
vegetation periods resulted in an earlier EOS. In addition, contrary to recent results,
no clear influence of pre-solstice vegetation activity on the timing of senescence was
detected. However, most notable were the large differences in sign and strength of
potential drivers both in the univariate and multivariate analyses when comparing
derivation methodologies. The results suggest that an ensemble analysis of all avail-
able phenological data sources and derivation methods is needed for general state-
ments on autumn phenology and its influencing variables and correct implementation

of the senescence process in ecosystem models.

KEYWORDS
eddy covariance, end of season, Hainich, ICOS, leaf coloring, phenocam, photosynthesis,
remote sensing, temperature, water availability
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1 | INTRODUCTION

Autumn phenology significantly determines biogeochemical cycles
in terrestrial ecosystems, such as the carbon cycle (Keenan et al., 2014;
Piao et al., 2007; Richardson et al., 2010; Wu, Chen, et al., 2013; Wu,
Gough, et al., 2013) or the water cycle (Gaertner et al., 2019; Kim
et al., 2018), by directly ending carbon uptake or evapotranspira-
tion. These changes in the growing season also exert biophysical
feedback on the climate system (Pefuelas et al., 2009; Richardson
et al., 2013; Stéfanon et al., 2012). In the past, a general trend to-
wards a delay in autumn senescence has been observed in the north-
ern hemisphere, whereby the magnitude, direction, and significance
of the autumn phenological trends differ significantly depending on
the species, the observation period, and the study region (Garonna
et al,, 2016; Gill et al., 2015; Liu, Fu, Zhu, et al., 2016; Menzel &
Fabian, 1999; Menzel et al., 2020; Piao et al., 2019). To explain these
observed features as well as to model and forecast future autumn
phenology, it is of tremendous importance to fully understand all
(environmental) drivers of leaf senescence; however, recent studies
found varying and contradicting results.

The temperature is a main driver for leaf discoloration and
leaf fall of deciduous trees in autumn (Gallinat et al., 2015; Gill
et al., 2015), however with varying seasonal and daily patterns.
Numerous current studies have shown that higher temperatures
before senescence or all-year warming result in a delay in the phe-
nological autumn (Fu et al., 2018; Lang et al., 2019; Liu, Fu, Zeng,
et al., 2016; Liu, Fu, Zhu, et al., 2016; Menzel et al., 2020; Zohner
& Renner, 2019). However, mostly likely due to different temporal
resolutions and influencing periods, several studies have shown a
differentiated picture in this temperature-senescence relationship:
Chen et al. (2020) noted a delay in leaf coloration only with warm-
ing night-time temperatures—while warmer daytime temperatures
cause it to start earlier. Estrella and Menzel (2006), Liu et al. (2018),
and Lu and Keenan (2022) detected a delay in autumn phenology
only with warmer autumn temperatures but not with higher tem-
peratures in summer or in the growing season. This could be because
heat stress was shown to lead to earlier rather than later autumn
phenology (Xie et al., 2015, 2018). Furthermore, Zohner et al. (2023)
recently noted a solstice effect in temperature, with increased tem-
peratures before solstice leading to earlier senescence and after sol-
stice leading to a lengthening of the autumn growing season. Finally,
temperature-related effects on senescence seem to be also species-
dependent (Grossiord et al., 2022).

Besides air temperature, other factors have also been studied to
trigger leaf coloring and leaf fall in autumn. Water availability, char-
acterized by precipitation amounts, soil moisture or vapor pressure
deficit, has been frequently tested, but the results are also contra-
dictory. While drier conditions are generally associated with earlier
senescence (Gill et al., 2015), there are also study results that ascribe
no or even opposite effects of water availability on autumn phenol-
ogy (Estrella & Menzel, 2006; Liu et al., 2018; Xie et al., 2015, 2018;
Zani et al., 2020). The study region, the biome, the type of phenology
recorded, and the tree species also represent differentiating factors

in this relationship (Bigler & Vitasse, 2021; Grossiord et al., 2022; Liu,
Fu, Zeng, et al., 2016; Liu, Fu, Zhu, et al., 2016; Lu & Keenan, 2022).
Other less considered and discussed factors for autumn senescence
are photoperiod (Gill et al., 2015; Lang et al., 2019), nutrient availabil-
ity (Fu et al., 2019), insolation (Liu, Fu, Zeng, et al., 2016; Liu, Fu, Zhu,
et al.,, 2016; Lu & Keenan, 2022), and legacy or carryover effects,
such as the timing of preceding leaf unfolding (Fu et al., 2019; Keenan
& Richardson, 2015; Liu, Fu, Zhu, et al., 2016; Zani et al., 2020), and—
more recently—growing season photosynthesis (Lu & Keenan, 2022;
Norby, 2021; Zani et al., 2020; Zohner et al., 2023).

In addition to the multiple potential factors influencing autumn
phenology, there is also a second source of uncertainty for future
predictions: the used datasets and methods to derive phenologi-
cal events. While many studies have compared remote sensing and
ground-observed phenology (e.g., Berra & Gaulton, 2021; Marién
et al., 2019), only a few studies—mostly based in the US—have
compared multiple data sources in autumn phenology. For mixed
forests, Garrity et al. (2011) observed little agreement, while Zhao
et al. (2020) found just minor differences between remote sens-
ing derived and ground-observed autumn phenology. In contrast,
Melaas et al. (2016) found varying correlations between autumn
phenology from satellite remote sensing, eddy covariance measure-
ments, canopy images and in-situ observations in North America,
depending on the study area and data source. The spatial resolution
of the data and the tree species composition may play a major role
in this context (Klosterman et al., 2018). Accordingly, for deciduous
forests in Europe, significant differences in the autumn phenology
from remote sensing indices, eddy covariance measurements, and
ground-based observations, such as in-situ or camera data, have
been reported (Jin et al., 2017; Soudani et al., 2021). In contrast,
comparatively good agreement was obtained by Liu et al. (2019) for
leaf fall in a Chinese deciduous forest, using radiometer as well as
satellite remote sensing data and leaf-litterfall measurements. Thus,
D'Odorico et al. (2015) concluded on the phenological data mis-
match for the entire northern hemisphere, that depending on the
data source, derivation methodology, period and study site, the au-
tumn phenology of deciduous forests is only partially (if at all) con-
sistent with other data sources.

Based on the research findings regarding autumn phenology in
deciduous forests, two imminent research gaps merge: First, there
are hardly any detailed and long-term evaluations in Central Europe
comparing different data sources for deriving autumn phenology.
Second, most studies investigating the tricky influential factors of
autumn phenology of deciduous forests rely on a single data source
for phenology derivation, despite the potentially significant differ-
ences in derived phenology among datasets. To our knowledge, no
study has explored the combined impact of these two sources of un-
certainty. Consequently, there is a knowledge gap on how divergent
phenological metrics further complicate the identification of driv-
ers of autumn phenology. This study addresses these gaps through
a detailed analysis of long-term data from Hainich National Park,
Germany, which has one of the longest time series of canopy cam-
era (CC) datasets in combination with continuous eddy covariance
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measurements worldwide. Our research aims to answer the follow-

ing key research questions:

1. What are the differences in spring and autumn phenology
of a European deciduous forest when derived indirectly from
satellite remote sensing data and eddy covariance measure-
ments or directly from canopy imagery and in-situ phenological
observations?

2. How do uncertainties and variations in derived phenology im-
pact the univariate and multivariate analysis of potential factors
influencing early, mid, and late autumn phenology in deciduous
forests?

2 | MATERIALS AND METHODS
2.1 | Studysite
The study site with its associated flux tower is located in Central

Europe in the Hainich National Park (51.079407°N, 10.452089°E;

440m a.s.l.; Germany; Figure 1). The National Park with an area

ST e L

of approximately 7600ha was established for beech forest pro-
tection in 1997. Due to relatively undisturbed development, some
trees are up to 270vyears old. It has also been a UNESCO World
Heritage Site since 2011 (Thiel et al., 2020). The forest of the
National Park consists mainly of European beech (Fagus sylvatica
L., 64%) and European ash (Fraxinus excelsior L., 28%; Tamrakar
et al., 2018). During the study period from 2000 to 2020, the
mean annual temperature at the flux tower site was 8.6°C, and the
mean annual precipitation sum was 716 mm. The flux tower is lo-
cated on a slightly inclined north slope (2°-3°; Knohl et al., 2003).
Further information on the study area and location can be found
in Knohl et al. (2003) or Tamrakar et al. (2018).

2.2 | In-situ phenology

Phenological observations are available from the network of the
German Meteorological Service (DWD). The data set contains
annual point measurements of 50 different phenological phases,
which are then interpolated for a grid with a spatial resolution

of 1x1km over Germany: For this interpolation, Germany is

&
Baltic|

(® Eddy Covariance Flux Tower
National Park Hainich

FIGURE 1 General map of Hainich National Park (left) and its location in Germany and Europe (right). The boundaries of the National
Park are marked in yellow; the site of the eddy covariance flux tower is marked with a black and yellow dot (Source: Sentinel-2 [Copernicus
SciHub], Esri, FAO, NOAA, USGS; GDI-Th, Earthstar Geographics; HERE, Garmin). Map lines delineate study areas and do not necessarily

depict accepted national boundaries.
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segmented into 20 regions, each comprising overlapping circles of
uniform size. Within each region, all observations undergo multi-
ple linear regression analysis, considering altitude, longitude, and
latitude as regression coefficients. The regression coefficients
for the four neighboring circles at a specific location are then
weighted based on the distances to the circle centers. Finally, for
each 1x1km grid cell, annual onset dates are then interpolated
based on these local regression coefficients (DWD Climate Data
Center, 2022; Yuan et al., 2021).

The grid was used for the complete study period from 2000 to
2020. As the Hainich National Park mainly consists of beech for-
est, the dataset RBUBO (European beech—beginning of unfolding
of leaves: the first leaves have entirely pushed out of the bud and
unfolded up to the stalk; DWD:LU) was used for spring phenology,
and the datasets RBUBV (European beech—autumn leaf coloring:
about half of the leaves on the observation tree have turned autum-
nal; DWD:LC) and RBUBF (European beech—autumn leaf fall: about
half the leaves of the observation tree have fallen off; DWD:LF) for
autumn phenology. Unfortunately, leaf unfolding, coloring and fall
of European ash are not part of the DWD phenological program,
thus this phase could not be included in the in-situ data. Further in-
formation regarding the data can be found at DWD Climate Data
Center (2022). The respective onset dates (DOY, day of year) were
extracted bilinearly from all raster files for the coordinates of the
flux tower.

2.3 | Satellite phenology

The remote sensing based phenology was extracted from
the MODIS Land Cover Dynamics Product MCD12Q2 (Gray
et al., 2019), which has been used in many studies dealing with
remote sensing of phenology (e.g., Lu & Keenan, 2022; Zohner
et al.,, 2023). Plant phenology is derived globally from 2-band
Enhanced Vegetation Index (EVI) data with a resolution of 500 m.
For spring phenology, the phases Greenup (date when EVI2 first
crossed 15% of the segment EVI2 amplitude; MODIS:GU) and
MidGreenup (date when EVI2 first crossed 50% of the segment
EVI2 amplitude; MODIS:MGU) were used. For autumn phenology,
the phases senescence (date when EVI2 last crossed 90% of the
segment EVI2 amplitude; MODIS:SE) and dormancy (date when
EVI2 last crossed 15% of the segment EVI2 amplitude; MODIS:DO)
were used. Data were available from 2001 to 2019. To improve the
quality of the data set, the quality assurance layer was applied to
the existing raster files. The layer consists of scores (0="“best”;
1="good”"; 2="fair"; 3="poor”), which are composed of various
criteria for calculating the phenology (fraction of missing or filled
EVI data in the cycle, spline goodness-of-fit) for each pixel. In our
study, we only used the highest quality class (=0) in the data set.
Subsequently, the corresponding DOY for the respective pheno-
logical phase was extracted bilinearly from all raster files using the

flux tower coordinates.

2.4 | CCphenology

The CC is placed on top of the flux tower above the tree canopy
and provided recordings from 2001 to 2020. From 2001 to 2019,
the pictures were always taken at 12:00 noon, since August 2020,
every 30min throughout the day. As the camera position changed
a few times, and in some cases, there were longer data gaps in the
dataset, the annual phenology could only be estimated visually from
the pictures.

As far as the data availability for a year allowed, both start of season
(SOS; BBCH 11=first leaves unfold) and end of season (EOS; BBCH
95=50% of the leaves have fallen/discolored) were determined (for
the BBCH (Biologische Bundesanstalt fiir Land- und Forstwirtschaft,
Bundessortenamt und CHemische Industrie) coding see Meier, 2018).
Due to the different camera positions, an individual region of interest
(ROI) was created for each year and phase (SOS/EOS). The ROl was al-
ways set for the two main tree species of the Hainich National Park: F.
sylvatica (CC:Fagus) and F. excelsior (CC:Fraxinus). The process of man-
ually estimating the spring and autumn phenology via the CC images
was carried out independently by three experienced and trained bio-
climatologists. The mean of the three SOS/EOS estimates represented

the respective CC phenology (CC:Fraxinus and CC:Fagus).

2.5 | Fluxtower data

The data from the flux tower in the Hainich National Park are part
of the Integrated Carbon Observation System (ICOS) network (DE-
Hai; https://www.icos-cp.eu/) and cover the period 2000-2020 on
a half-hourly or daily basis (Knohl et al., 2022). A variety of both
meteorological and ecosystem CO, exchange-related variables are

measured, but only the following variables were used in this study:

e Air temperature (°C)

e Precipitation (mm).

e Vapor pressure deficit (VPD) (hPa)

e Soil water content (16 cm depth) (%)

o Net ecosystem exchange (NEE) (g C m™2 day™)

e Gross primary production, from daytime partitioning method
(GPP:DT) (g C m™ day™)

e Gross primary production, from nighttime partitioning method
(GPP:NT) (g C m™ day™)

Here, we included GPP derived from nighttime and from
daytime flux-based partitioning methods, respectively, because
they slightly differ in their approaches and assumptions (Wutzler
et al.,, 2018). The nighttime source partitioning method (after
Reichstein et al., 2005) first derives a relationship between (air
or soil) temperature and the measured NEE during nighttime,
which then only consists of respiratory fluxes. By extrapolating
this temperature-respiration response function, ecosystem respi-

ration (Reco) can also be estimated for daytime hours and with
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calculating the balance between measured NEE and estimated
Reco also GPP can be obtained. The daytime source partitioning
method (after Lasslop et al., 2010) derives GPP and Reco during
daytime based on a rectangular hyperbolic light-response curve,
fitting this function to measured NEE data during daytime. Thus,
this daytime source partitioning approach also considers the im-
pact of varying meteorological conditions, such as incoming ra-
diation and VPD, on GPP. Finally, Reco during nighttime is again

derived based on a temperature-respiration response function.

2.51 | Fluxtower phenology

To derive the phenology of Hainich National Park from the flux
tower data, NEE, as well as GPP:DT and GPP:NT, were analyzed.
Daily resolved data from 2000 to 2020 was used for all three vari-
ables. As a first step, all NEE values were converted to net ecosys-
tem production (NEP) values (NEP=-NEE) to create a consistent
positive sign for CO, uptake with NEP and GPP. To derive SOS
and EOS from the NEP data, the smoothed-threshold approach
was chosen (Barnard et al., 2018). A moving-window mean was
calculated (central, 5days) and a threshold of 0g C m2 day ! was
set. SOS was defined as the day this threshold value was overshot
for the first time (CO, uptake) and remained overshot for 20 con-
secutive days. Inversely, EOS was defined as the day on which the
NEP undershot the threshold value again for the first time and was
no longer above it for 20days in a row. The phenology of GPP:DT
and GPP:NT was determined in a comparable method, but here
the threshold was defined as a 10% value of the mean annual GPP
maximum from 2000 to 2020 (Zhou et al., 2016, 2017). Thus, SOS
was defined as the day this threshold value was exceeded for the
first time in a year and EOS as the day this threshold was not met
for the first time. In addition, SOS <30 and EOS> 330 were dis-
carded as extreme outliers.

2.5.2 | EOS predictor variables

To detect potential influencing factors on autumn phenology in
Hainich National Park, 20 predictor variables from phenology, me-
teorology and ecosystem CO, exchange were selected and derived
(Table 1) from literature including Zani et al. (2020). We addition-
ally calculated a Dryness-Wetness Index (DWI) to incorporate the
aspect of drought as a potential driver of autumn phenology. Since
dryness/drought can be defined from different perspectives (Wilhite
& Glantz, 1985), an index calculation combining different drought-
related variables was chosen. For the annual DWI used in this study,
six different variables were included in the index calculation:

e Growing season precipitation: Precipitation sum from March to
October (mm)

e Summer precipitation: Precipitation sum in June, July, and August
(mm)
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e Growing season VPD: VPD sum from March to October (hPa)

e Summer VPD: VPD sum in June, July, and August (hPa)

e Growing season soil water content: Mean soil water content
(16 cm depth) from March to October (%)

e Summer soil water content: Mean soil water content (16 cm depth)
in June, July, and August (%)

For precipitation and for soil water content both in the growing
season and in summer, the following index was calculated annually
for the study period 2000-2020 on the basis of daily data:

Xi = Xmin

Index = ———. (1)

max ~ Xmin

the

respective maxima and minima in the period from 2000 to 2020. The

x; represents the respective value of the year, x_, and x_;,
value range of the index is accordingly between 0 and 1. The closer
the index is to O, the drier the conditions in the respective year. An
index was also calculated for the VPD both in the growing season
and in summer:

Xmax — Xi

— X

Index =
X

()

max min

The variables are congruent with Equation (1); here, values range
from O to 1. The closer the index is to O, the drier the VPD condi-
tions. Finally, all six calculated indices were added up annually and
defined as DWI. The range of values here extends from O (very dry)

to 6 (very wet).

2.6 | Statistical analyses

Phenological data were analyzed using descriptive statistics, includ-
ing trend analysis via linear regression with the year as predictor
over the observation period, as well as a Pearson-correlation analy-
sis for the spring and autumn datasets. We identified the factors
that influence autumn phenology using univariate and multivariate
analyses. In the univariate analysis, we calculated Spearman-rank
correlation coefficients between all EOS data and the predictor vari-
ables (see Section 2.5.2). For the multivariate analysis, a common
predictor dataset from the three main predictor groups temperature,
water availability and photosynthetic activity was selected from the
20 predictor variables. To achieve this, the previously calculated
SOS variables from different data sources were averaged for each
year. Subsequently, to prevent multicollinearity within the dataset,
variables with a strong (r>.7) and statistically significant (p<.05)
Spearman correlation coefficient (Table S1) were not included in the
analysis. Finally, for all EOS data sets, multiple linear regressions with
two and three predictor variable combinations were calculated and
the individual models were compared with each other. For reasons
of clarity, we have decided to show only the 3- and 2-predictor com-
binations of the most common temperature (T, and T ) and water
availability (P,,,) variables as well as the only directly measured pho-
tosynthesis variable (NEP). Combinations with other variables from
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TABLE 1 Predictor variables for autumn phenology used including abbreviation, description, and unit. The hydrological year runs from

01.11. of the previous year to 31.10. of the current year.

Variable Abbreviation

Start of season SOS

Summer temperature Ty

Autumn temperature Tau

Extreme heat events Tex

Frost days Fuy

Frost days in spring Fep

Annual precipitation Puy

Summer precipitation Psy,

Heavy rain days Pey

Growing season vapor pressure deficit VPD

Dryness-Wetness-Index DWI

Growing season net ecosystem production N

Growing season gross primary production, GD;
daytime method

Growing season gross primary production, GN;
nighttime method

Growing season first half net ecosystem N,
production

Growing season second half net ecosystem N,
production

Growing season first half gross primary GD,
production, daytime method

Growing season second half gross primary GD,
production, daytime method

Growing season first half gross primary GN,
production, nighttime method

Growing season second half gross primary GN,

production, nighttime method

the same predictor groups led to similar results, which is why they
are not shown here.

Following Zohner et al. (2023), who identify pre-solstice vegeta-
tion activity/temperature and autumn temperature as the main driv-
ers of autumn phenology, two additional analyses were performed.
First, for each derivation methodology, a multiple linear regression
was calculated with the respective EOS as the dependent variable
and growing season first half-NEP (N,) and autumn temperature
(T,y) as predictors. Using the median of one predictor variable and
the dynamic variable of the other predictor, regression lines were
then calculated for the respective methodology.

Description Unit

Respective SOS of the data source, for MODIS: Day of year
Greenup

Mean daily temperature in June, July, and August °C

Mean daily minimum temperature in September and °C
October

Number of days with maximum temperature >30°C Days
in the hydrological year

Number of days with minimum temperature <0°C in Days
the hydrological year

Number of days with minimum temperature <0°C Days
from SOS until 60days later

Number of days with >2mm precipitation in the Days
hydrological year

Number of days with >2 mm precipitation in June, Days
July, and August

Number of days with >20mm precipitation in the Days
hydrological year

Sum of daily VPD between SOS and September (30 hPa
September/DQY: 274)

Combined drought index ranging between 0O (very -
dry) and 6 (very wet)

Sum of daily NEP between SOS and September (30 gCm™
September/DOY: 274)

Sum of daily GPP:DT between SOS and September gC m2
(30 September/DOY: 274)

Sum of daily GPP:NT between SOS and September gC m2
(30 September/DOY: 274)

Sum of daily NEP in April, May, and June gCm
Sum of daily NEP in July, August, and September gCm™
Sum of daily GPP:DT in April, May and June gCm™

Sum of daily GPP:DT in July, August, and September gCm
Sum of daily GPP:NT in April, May and June gCm™

Sum of daily GPP:NT in July, August, and September gCm

To gain a better understanding of the interaction of autumn
temperature and NEP, particularly in extreme years, we dissected
the observed period (2000-2020; 21 years) into all possible com-
binations of these two variables: years with low T, and N, (sce-
nario 1), high T,, and N, (scenario 2), low T, , and high N, (scenario
3), and high T, , and low N, (scenario 4). To ensure comparability,
5years were allocated to each scenario as follows: The 10years
with the lowest or highest photosynthetic activity in the first half
of the growing season (according to N,) were determined, ex-
cluding the median N, year. Within these 10-year subgroups, the
5years with the coldest or warmest autumn temperatures (by T, ,)

85US01 7 SUOWILLIOD BAIERID 3|ded| dde 3y} Aq pauRA0B 88 SS[1e YO ‘SN 0 S8INJ J0j AReIq 1T 3UIIUO AB|I/V\ UO (SUO 3 IPUCD-pUB-SLULBYWOD A8 |IM"ARRJq 1 BU1|UO//:SARY) SUORIPUOD PUe SWie 1 84} 83S " [7202/20/7T] U0 ARiqi8ulluo A8 |IM ‘TEZLT GOB/TTTT OT/I0p/ W00 A8 1M Aeiq 1 jeuluo//SAnY Wol4 papeojumoq ‘€ ‘7202 ‘98vZS9ET



KLOOS ET AL.

were then selected. Remarkably, the reverse classification order
(first by T, then by N,) yielded almost identical results. Finally,
for each of the four 5-year subgroups, the mean EOS for each
derivation methodology was determined and compared to each
other. The general workflow of this study is shown in Figure 2. All
relevant work steps were carried out in R (version 4.2.1; R Core
Team, 2022).

3 | RESULTS
3.1 | Spring and autumn phenology

Mean SOS in the Hainich National Park started between the begin-
ning of April (94.6; MODIS:GU) and mid-May (134.1; CC:Fraxinus),
depending on the source of data (see Figure 3 and Table S2). The
single SOS metrics exhibited strong year-to-year fluctuations (SDs)
between 5.75 (DWD:LU) and 11.48 (GPP:NT) days. The earliest SOS
in the observation period was recorded in mid-March 2019 (DOY
69; GPP:NT), the latest in late May 2017 (DOY 145; CC:Fraxinus;
Figure 4). The linear SOS trends from 2000 to 2020 mostly indicated
advancing onset dates (-0.23 to -0.78days per year), and even a
statistically significant trend for MODIS:GU. A clear exception is
the SOS for ash observed via CC (CC:Fraxinus), which showed a sig-
nificant positive, that is delayed, trend of 0.82days per year. It is
also worth noting that metrices from indirect derivation methods
(MODIS/GPP) are more likely to indicate spring phenology earlier
than those from direct methods (DWD/CC).

Comparing the SOS of different data sources, the large range of
values was striking (Figure 4): In some extreme years, the difference
between individual data sources was more than 70days, and in gen-
eral, the SOS values diverged by almost 40days. The earliest values
were detected on average by MODIS (Greenup data, MODIS:GU),
usually followed by GPP data. The mean onset dates of DWD,
NEP, and MODIS:MGU data, as well as the CC data of the beech
(CC:Fagus) were similar and highly correlated (Figure S1). The latest
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SOS was usually observed for the ash tree via CC (CC:Fraxinus),
which was less well correlated with the other SOS variables, such as
GPP:DT and GPP:NT.

The mean start of autumn phenology (2000-2020) in the Hainich
National Park ranged from the beginning of October (DWD:LC,
MODIS:SE) to the beginning of November (MODIS:DO) for the
period from 2000 to 2020 (Figure 3 and Table S3). Unlike spring
phenology, the variation between individual years was smaller and
ranged from 3.09 to 11.09days SD. The earliest recorded autumn
phenology was in late September 2004 (DOY 268; CC:Fagus) and
the latest in mid-November 2009 (DOY 320; MODIS:DO; Figure 5).
The linear trends from 2000 to 2020 were by far not as clear for
autumn as for spring phenology: Six of nine data sources indicated
a weak delay (0.06-0.94 days per year), and three data sources indi-
cated a weak trend towards earliness (-0.10 to -0.26 days per year).
None of the autumn trends was statistically significant.

A comparison between the individual data sources of autumn
phenology also showed extreme differences in the annual range
of values, mostly between 30 and 40days (Figure 5). The senes-
cence detected by MODIS and DWD data usually was at the start
of autumn, followed by CC and flux tower data. Autumn ended with
DWD leaf fall (DWD:LF) and the subsequent dormancy by MODIS
(MODIS:DO). Thus, a clear temporal separation of the two main
phases of autumn phenology, leaf discoloration and leaf fall, could be
observed with derivation methods that measure these specifically
(DWD/MODIS). Derivation methods that did not imply this differ-
entiation (GPP/NEP/CC) are settled in between. Compared to spring
phenology, there was even a larger agreement in EOS variables, as
indicated by correlation coefficients (Figure S2).

3.2 | Drivers of autumn phenology

Spring phenology correlated only weakly with EOS (r,=-.28-.19, not
significant), depending on the data source (Figure 6). Temperature-
related explanatory variables, such as summer (r,.=-.06-.62, not

Meteorology
I photosynthesis
DWD MCD12Q2 Canopy camera NEP/GPP:DT/ Flux tower data
I I GPP:NT |
- i Fagus Fraxinus Preprocessing
[ Preprocessing ) [ Preprocessing ) sylvatica excelsior
[ [ | :
Optical DOY Threshold DOY Calculation of
[ DOY extraction J [ DOY extraction ) derivation derivation predictor variables
( Statistical analysis: Phenology ) (Univariate and multivariate analysis: Phenology and Meteorology/photosynthesis )

FIGURE 2 Flowchart of used data sources (white boxes) and applied methodology (grey boxes). The main aim is to relate plant phenology
data (green box) and meteorological or ecosystem CO, exchange-related data (blue box).
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FIGURE 3 Schematic representation of the descriptive statistics of spring and autumn phenology from 2000 to 2020 for the respective
data sources (orange: in-situ observation; blue: satellite remote sensing; green: flux tower; purple: canopy camera), ordered by mean DOY.
The middle line within each box indicates the mean, the outer boundaries +one SD. The arrows represent the trends over the observation
period of 21years, with gray coloring indicating statistical significance (p <.05). The dashed lines correspond to possible (extrapolated) future
trends based on the arrows. The exact values of means, SD and trends are summarized in Tables S2 and S3.
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significant) or autumn temperature (r,=.09-.33, not significant), as
well as extreme heat days (r,=.04-.64, not significant), correlated
mostly positively for the EOS, indicating that under warm/hot con-
ditions in summer or assessed by extreme heat days, EOS should be
observed later. Throughout positive correlations could also be seen
for annual frost days (r,=.02-.55, not significant; i.e., frosty winters
should be linked to later EOS in autumn). In contrast, spring frost
gave ambiguous results depending on the data source (r,.=-.16-.32,
not significant).

The different variables of water availability had an evident
(and sometimes significant) influence on autumn phenology: The
less water—be it defined by precipitation in the hydrological year
(r,=-.76-.08) or during summer (r,=-.69-.05), by VPD (r,=-.52

FIGURE 4 Time series of the derived
spring phenology from the different data
sources (orange: in-situ observation; blue:
satellite remote sensing; green: flux tower;
purple: canopy camera) in the Hainich

DWD:-LU National Park from 2000 to 2020.

MODIS:GU
MODIS:MGU
NEP
GPP:DT
GPP:NT
CC:Fraxinus
CC:Fagus

Peetotds

to -.02, not significant) or DWI (r,=-.58 to -.18, not significant)—
was available, the later EOS took place (significant: r.=-.76 and p-
value=.0007 for P,;, and CC:Fagus; r,=-.67 and p-value=.0046 for
P, and CC:Fagus).

The variables of ecosystem CO, exchange provided a differen-
tiated picture: The lower the NEP or GPP (and correspondingly less
CO, uptake), the later EOS usually was. These effects were especially
pronounced for the entire and the second half of the growing season
and the NEP/GPP:NT explanatory variables (r,=-.60-.31, not signif-
icant). In contrast, regarding the variables concerning the first half of
the annual growth period (Nl, GD,, GN,), the correlations with the
EOS were more spread, including positive and negative associations
depending on the data source (r,=-.39-.51, not significant).
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FIGURE 5 Time series of the derived = : : :
autumn phenology from the different data @ : :
sources (orange: in-situ observation; blue: o
satellite remote sensing; green: flux tower; S
purple: canopy camera) in the Hainich e DWDLC
National Park from 2000 to 2020. N § A DWD;LF
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FIGURE 6 Spearman's rank correlation coefficient between the derived EOS and the respective predictor (variables see Table 1). Positive
correlations indicate a delay in the EOS, while negative correlations mean an advance in EOS if the amount of the respective variable
increases. To simplify the interpretation of the graph, the sign of VPD (-) has been changed (high VPD therefore means humid conditions).
Symbols marked in bold represent a statistically significant correlation (p <.05, Bonferroni corrected).

If only the direct methods (DWD and CC) are considered in this
respect, a similar picture emerges: While spring phenology and
photosynthetic activity in April, May, and June indicate an ambig-
uous influence, higher temperatures in summer and autumn, more
frost days, drier conditions, and lower photosynthetic activity in the
growing season and in July, August, and September are associated
with a later EOS.

This general variance in the sign and/or strength of correlation
coefficients depending on the data source and variable was strik-
ing (Figure 6; e.g., summer temperature or precipitation). Among the
phenological metrics, in-situ, CC, and remote sensing approaches

tended to display stronger correlation coefficients (except T, and
Py than flux-related ones (NEP, GPP:DT, GPP:NT). Differences be-
tween direct (DWD/CC) and indirect (MODIS/GPP/NEP) derivation
methodologies and between early (DWD:LC/MODIS:SE) and late
autumn phenological (DWD:LF/MODIS:DO) metrics could not be
detected in the univariate analysis.

In the multivariate analysis, the results of the univariate analyses
were mostly confirmed (Figure 7 and Figures S3-S5). In the combi-
nation of the predictors from the groups of temperature, precipita-
tion and photosynthesis, an increased autumn temperature and, in
some cases, an increased summer temperature had an EOS-delaying
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(a) Autumn temperature [°C] Annual precipitation [10 days]
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FIGURE 7 Regression coefficients of
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the respective predictor variable within
the linear multiple regression models
between EOS metrics and (a) Ty, P,y
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Tsw Pays and Ny; (f) Tgy, Py, and N,

Statistically significant (p <.05) regression

coefficients are marked with an asterisk.
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effect. In contrast, wetter conditions and increased photosynthetic
activity over the entire vegetation period and in the second half
(July/August/September) had an advancing effect on the EOS, while
photosynthetic activity in the first half of the vegetation period
(April/May/June) showed diverging results depending on the data
source. This also applies if only the direct methods (CC and DWD)
are considered, except for photosynthetic activity in the first half of
the growing season (the higher, the earlier EOS).

In general, the data source significantly influenced the sign, mag-
nitude, and significance of the regression coefficient of the multiple
linear regression models. This also became clear in the key statis-
tics of the individual models (Table 2): With the identical predictor
data set and only changing EOS data source, R? (.03-.62), adjusted
R? (-.17-.52) and p-value (.01-.91) varied considerably. As in the

univariate analysis, differences between direct (DWD/CC) and in-
direct (MODIS/GPP/NEP) derivation methodologies and between
early (DWD:LC/MODIS:SE) and late autumn phenological (DWD:LF/
MODIS:DO) metrics could not be detected.

The data source played a crucial role in investigating the interplay
between EOS, N,, and T, ,, as proposed by Zohner et al. (2023). When
keeping autumn temperature constant, the various EOS responses
showed a nuanced pattern relative to N, (Figure 8a): While higher pho-
tosynthetic activity in the first half of the growing season lead to a
delay in the autumn phenology of GPP:DT, MODIS:DO, and especially
CC:Fagus, some of the EOS variables were hardly affected, or even oc-
curred earlier (CC:Fraxinus, GPP:NT, and DWD:LC). Conversely, under
stable N, conditions, a rise in autumn temperature predominantly re-
sulted in delayed EQS (except CC:Fraxinus and GPP:NT).
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FIGURE 8 Analysis of EOS metrics in combination with the predictor variables autumn temperature (T, ) and growing season first

half net ecosystem production (N,): (a) Multiple linear regressions with the other variable kept constant (median); (b) mean EOS (metrics
ordered by mean date of onset), for 5years each with low T, and N, (scenario 1), with high T, and N, (scenario 2), with low T, , and high N,
(scenario 3), with high T, and low N, (scenario 4), and for the total period (mean).

When comparing four 5-year scenarios across the EOS metrics
(Figure 8b), it is most noticeable that in years with low photosyn-
thetic activity in the first half of the growing season and high autumn
temperature at the same time, a delayed EOS is observed in most of
the methodologies. All other scenarios behave differently depend-
ing on the methodology, but the EOS values are always close to each
other. In both analyses, no differences were observed between di-

rect/indirect and early and late autumn phenological metrics.

4 | DISCUSSION

Both spring and autumn phenology in the Hainich National Park over
the last 20years differed widely by up to 1.5months when different
sources of derivation, such as remote sensing, carbon fluxes, CC im-
ages, or in-situ observations, are considered. However, the resulting
time series still had remarkable similarities in their temporal courses.
Whereas there is largely consensus that spring phenology in temper-
ate deciduous forests is mainly driven by spring temperatures (besides
winter chilling and photoperiod), the drivers of autumn phenology are
less clear and heavily debated (e.g., Lu & Keenan, 2022). Consequently,
our main intention was to analyze whether EOS data sources influence
analyses' outcome on autumn phenology drivers, such as temperature,
water availability, and/or photosynthetic activity. In the following sec-
tions, we will discuss the considerable differences found between the
data sources and their implications for predicting changes in the grow-

ing season length of deciduous forests under climate change.
4.1 | Spring and autumn phenology
Spring phenology metrics from different data sources, such as satel-

lite remote sensing, carbon flux data, CC, and in-situ observations, are
well-known to differ (Berra & Gaulton, 2021). However, their seasonal

order seems not random but well justified by inherent properties of
the different indices. The MODIS Greenup, with its low threshold of
15% of EVI2 amplitude, mainly focuses on the greening of understory
vegetation such as Allium ursinum L., Mercurialis perennis L., Anemone
nemorosa L., usually occurring earlier in the year than the greening of
the overstory (Filippa et al., 2018; Ryu et al., 2014; Uphus et al., 2021).
Equally, the flux tower phenology also partially records the photosyn-
thetic activity of the understory, leading to earlier GPP-based SOS
dates (D'Odorico et al., 2015), albeit slightly later than MODIS:GU. This
difference can be interpreted to signify as meaning that the greening
of understory vegetation occurs before any relevant carbon uptake
processes are initiated. The observation that indirect derivation meth-
ods are the first to indicate the start of spring phenology, compared
to direct methods observing the trees themselves can therefore be
primarily explained by the recording of the understory, which shows
a clear drawback of the recording method. Unsurprisingly, the CC
and the interpolated DWD phenology of F. sylvatica largely match.
Corresponding to literature findings (Ahrends et al., 2009; Smith &
Ramsay, 2020) F. excelsior leaves out later than F. sylvatica.

Advancing trends of SOS in the Hainich National Park from
2000 to 2020 are predominantly in line with the current litera-
ture (Caparros-Santiago et al., 2021; Menzel et al., 2020; Piao
et al., 2019) and are mainly caused by rising spring temperatures
(Hamunyela et al., 2013; Jin et al., 2019). On the contrary, the
statistically significant delay of F. excelsior SOS might be a conse-
quence of the pathogenic fungus Hymenoscyphus pseudoalbidus,
which is currently damaging ash trees across Europe (Kowalski &
Holdenrieder, 2009; but then Queloz et al., 2011). This phenom-
enon is also increasingly observed in the Hainich National Park.
More severely damaged trees tend to leave out later than healthy
ones (McKinney et al., 2011; Stener, 2013). These results highlight
that “ecosystem-scale” indirect approaches are not very reliable
in addressing species-specific phenology trends and could lead to
large errors for species experiencing a phenological shift that is
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inverse to the other plants in the community. Furthermore, since
SOS dates are often used as predictors for EOS onset dates (as-
suming a constant length of the growing season; for example,
Keenan & Richardson, 2015; Liu, Fu, Zhu, et al., 2016), it is essen-
tial to note that all SOS data sources, except for the ash CC, show
similarly inter-annually varying time series and have a similar range
(e.g., MODIS:MGU, DWD:LU, NEP, CC:Fagus). This indicates that
for this specific assumed driver of EQOS, differences in SOS metrics
should not play a major role.

In autumn, as in spring, the order of the determined phenology
was in line with the current process understanding. The data sources
that explicitly detect the beginning of autumn phenology—namely
leaf discoloration—(DWD:LC and MODIS:SE) estimated the earliest
onset dates on average. The data sources indicating a later EOS were
related to leaf fall (DWD:LF and MODIS:DO), with the MODIS data
occurring significantly later (over 10days on average).

The other autumn phenology metrics had a similar range of val-
ues in between, whereby two points are particularly noteworthy:
Firstly, the DWD:LC data (which are based on 50% leaf discolor-
ation of F. sylvatica) were more than 1week earlier than CC:Fagus,
although by definition the same is measured—in the top canopy (CC)
and from the ground (DWD). This lag of 1 week could be because the
phenological variability of individual trees is quite large and differ-
ences within certain phenological phases of more than 7 days are not
uncommon (Capdevielle-Vargas et al., 2015; Marchand et al., 2020).
Moreover, the DWD data are interpolated data, which per se rep-
resents an uncertainty factor, and thus can explain these differ-
ences. The Hainich site is slightly elevated to the Thuringen Becken,
so it could be that the interpolation does not capture properly the
elevational effect at this site. Secondly, ash leaf discoloration or leaf
fall was later than the corresponding autumn phenology of beech,
as also reported by Ahrends et al. (2009) for the Hainich National
Park. The CC analysis clearly showed the dissimilarity: While F. syl-
vatica has intensive leaf discoloration and both leaf discoloration and
leaf fall are longer lasting processes, the leaves of F. excelsior hardly
change color and then fall to the ground relatively abruptly.

The autumn phenological trends across different data sources
were rather delayed than advanced (but no single significant trend
in either direction). This aligns well with existing research (Gill
et al., 2015; Piao et al., 2019), although no directly comparable study
with a similar observation period and area is available. Another strik-
ing difference is the sign of the two species observed via the CC.
While the ash tends to enter dormancy earlier, the phenological
autumn of the beech is clearly delayed. Contrasting the results of
McKinney et al. (2011) and Stener (2013), we assume an influence of
ash dieback also on the autumn phenology, which can be seen due to
an advance in leaf senescence. The observed differences can be jus-
tified here based on a different research area, method, and period.
In summary, there were thus two opposing trends in the length of
the growing season for the Hainich National Park: a lengthening for
F. sylvatica and a shortening for F. excelsior. Despite the high variance
of the individual data sources in the value range of EOS, there is a
high degree of temporal agreement. Above all, DWD:LC, DWD:LF,
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MODIS:SE, NEP and CC:Fraxinus show similar temporal courses and

thus form a solid EOS construct for the Hainich National Park.

4.2 | Predictor analysis of autumn phenology

The predictor analysis of autumn phenology revealed that spring
phenology, spring frost, and (partly) summer temperatures exhibit
minor or contradicting effects—depending on the data source for
autumn phenology. However, years with higher autumn (and partly
summer) temperatures and more heat and frost days tend to be as-
sociated with a later EOS. These outcomes hold a dual nature, align-
ing with some and diverging from other research findings. While
many studies support the idea that higher autumn temperatures
cause leaves to change color and fall later (e.g., Gallinat et al., 2015;
Gill et al., 2015; Zohner et al., 2023), there are some studies that do
not offer evidence for a later EOS with higher summer temperatures
(Liu et al., 2018; Lu & Keenan, 2022). However, a noteworthy dis-
crepancy arises concerning our consistently positive link between
the number of extreme hot days and the EOS, that is more hot days
are associated with later autumn senescence contrasting with re-
sults of Xie et al. (2015, 2018) who associate extreme heat stress
with an earlier autumn phenology. This discrepancy could be due to
the methodology: Xie et al. (2015) analyzed remote sensing data in
the US from 2001 to 2012, defining heat stress in July and August
as temperatures exceeding 32 or 35°C, whereas Xie et al. (2018)
also considered ground observations with a threshold of 35°C. Their
findings on the relationship between heat stress and EOS changed
depending on the threshold (Xie et al., 2015) and tree species (Xie
et al., 2018), which is in agreement with our results. Consequently,
there is a need to further investigate in detail whether higher tem-
perature thresholds than applied in our study lead to the detection
of possible drought effects associated with heat waves in remote
sensing products, resulting in this reverse relationship with EOS.

A clear influence was seen for water availability: the less pre-
cipitation falls in the previous hydrological year, in summer, and as
extremes, the later the autumn phenology. This finding was also con-
firmed for VPD and DWI influences in our study. When considering
the impact of water availability, some studies observe a later EOS in
drier conditions (Xie et al., 2015, 2018), although other studies can-
not confirm this finding (Bigler & Vitasse, 2021; Liu et al., 2018; Zani
et al., 2020). In general, the understanding of this topic is still un-
clear, since there are many different variables (e.g., precipitation, soil
moisture, VPD) and methods (mean values or extremes) involved.

The impact of photosynthetic activity on EOS requires a more
differentiated assessment, particularly given the conflicting state-
ments in current literature. While some studies support the idea
that photosynthetic activity regulates autumn phenology (Zani
et al., 2020; Zohner et al., 2023), others oppose this hypothesis (Lu
& Keenan, 2022; Norby, 2021). We found that the effect for the first
part of the growing season varied based on how EOS is determined,
and the analysis method used (univariate/multivariate). This was
equally the case, when only photosynthetic activity in the first half
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of the growing season and autumn temperature were considered
as predictor variables. On the other hand, reduced photosynthetic
activity over the entire growing season and in the second half of
the season (July, August, September) was more likely to delay EOS.
Nevertheless, the dominating effect was autumn temperature, with
a high temperature being associated with a later EOS in most cases.
Consequently, years with low photosynthesis in April, May, and June
and high autumn temperature were particularly associated with de-
layed EOS, indicating the autumn temperature effect. However, in
detail this was again true not for all EOS data sources and the pho-
tosynthesis definition (NEP, GPP) influenced the results significantly.

Recent results by Zohner et al. (2023), according to which in-
creased pre-solstice vegetation activity advances senescence in
Northern Hemisphere forests, cannot be confirmed by our study.
EOS metrics determined the overall picture and the phases specif-
ically related to the beginning of senescence (e.g., MODIS:SE and
DWD:LC) provided different results, which makes this hypothesis
questionable, at least in a temperate mid-latitude deciduous forest.

One finding is valid for all influencing factors: the different data
sources for phenology matter. Although some studies already link de-
rived autumn phenology with potential predictors using different data
sources and methodologies (e.g., Keenan & Richardson, 2015; Lu &
Keenan, 2022), to our knowledge, there is no systematic evaluation of
how different derivation approaches of EOS affect a predictor analysis
in a given study area. We found large differences in the magnitude,
sign, and significance of effects on autumn phenology depending on
the data source and derivation methodology. For example, beech CC
EOS dates were highly correlated with temperature and water vari-
ables, suggesting a strong relationship, whereas correlations for the
same variables were much weaker or even opposite for flux tower
phenology. Similar observations can be made at the multivariate level,
where, for example, the NEP, GPP, and ash CC autumn phenology were
negatively related to summer temperature. In contrast, the DWD and
MODIS phenology showed (mostly) a positive correlation. Both ex-
amples illustrate that conclusions about drivers of autumn phenology
can diverge considerably depending on the data source. This finding is
noteworthy, as many studies within this field of research base state-
ments about relationships between phenology and possible influ-
encing factors on only one data source and derivation methodology.
On the other hand, however, it must also be noted that despite the
large number of different data sources and derivation methods, the
correlations in the more general variable groups (temperature, water
availability, photosynthesis) with the EOS variables provide a largely
uniform picture. There were no discernible structural differences in
the relationships with the individual predictor variables found either
in the differentiation between direct and indirect recording methods
or in early, mid-, and late autumn phenological metrics.

However, the choice of methods can lead to substantial variations
in EOS-related findings (especially just looking at one predictor vari-
able), whereby for general statements on potential predictors of au-
tumn phenology, an ensemble evaluation of all available data sources
of a study area is recommendable but requires considerably larger
data sets. In the context of machine learning ensemble analysis, the

fundamental premise is that inherent inaccuracies of individual mod-
els can be mitigated through the combination of multiple models. This
approach is expected to enhance predictive accuracy compared to
relying on single models (Sagi & Rokach, 2018). In our specific con-
text, where various phenological data sources or derivation methods
were employed for a given location and observation period to analyze
phenological trends and their drivers, we constructed several regres-
sion models using a singular model type. Thus, this above-mentioned
methodology would open up new avenues, particularly for exten-
sive phenological data sets which amalgamate diverse data sources.
However, ensemble methods from the field of machine learning, such
as boosting (Elith et al., 2008) and bagging (Breiman, 1996), have not
yet received much attention in plant phenology but hold potential
for refining models for various research questions. Nevertheless, for
differentiated views, especially concerning spatial resolution (ecosys-
tem, species, individual tree, etc.), individual data sources still have
importance for specific applications.

In light of our study findings, it is evident across all EOS metrics
that warmer and drier growing seasons lead to a later EOS. At the
same time, cooler and wetter conditions tend to prompt an earlier
EOS in the Hainich National Park, with the role of photosynthetic
activity remaining unclear, contingent on the definition, observation
period, and EOS methodology.

4.3 | Limitations of the data sources

However, there are also specific limitations related to the data and
methods. Only individual trees of the respective species were ob-
served by DWD and CC data. As previously mentioned, there can
be substantial variability within a phenological phase among trees
(Capdevielle-Vargas et al., 2015; Marchand et al., 2020), and thus,
in the worst case, the determined phenological phase might not ac-
curately represent the species studied. The interpolation of DWD
data adds another layer of uncertainty. Particularly worth noting is
the manual and, thus semi-objective nature of evaluating phenology
in the case of the CC data. Also, since the camera position changed
several times over the time series, the same tree was not always ob-
served consistently. In the case of the remote sensing and flux tower
data, the homogeneous and spatially undifferentiated observation
must be pointed out, which can lead to distorted results, especially
in respect to the understory. Across all data sources and phenology
studies (Berra & Gaulton, 2021; Templ et al., 2018; Zeng et al., 2020),
there is also concern about consistent definitions of the phenologi-
cal phases. Especially in autumn, due to the more complex process
of leaf discoloration and fall, phenology can be measured differently.
Additionally, indirect measurement methods such as remote sensing
or derivation via ecosystem CO, exchange, can sometimes lack clar-
ity in terms of what exactly is being measured, making comparisons
challenging. For eddy covariance data, uncertainties arise from qual-
ity checks, gap-filling, and the source partitioning approach. Finally,
GPP:DT and GPP:NT are just modelled values; only NEP is directly
measured. Uncertainties also extend to the predictor variables. The
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defined threshold values and the periods can be designed differ-
ently, influencing evaluations. However, careful selection of robust
variables was prioritized when avoiding collinearity within the multi-
ple linear regression models. Lastly, the limitations of the statistical
analyses conducted here should be acknowledged. The dataset size
(maximum 21 years) upon which the statistical metrics are based was

relatively small, making it sensitive to outliers.

5 | CONCLUSION

The analysis of spring and autumn phenology in the Hainich National
Park from different data sources revealed significant variability in
the determined onset dates and corresponding trends, dependent
on the specific data source employed. While spring phenology gen-
erally exhibited advancement over the observed period (except for
European ash), autumn trends were less distinct, aside from the de-
layed leaf coloring in European beech. The factors possibly influenc-
ing autumn phenology include temperature, water availability, and/
or photosynthetic activity. Warmer and drier years tend to be linked
to a delayed end of season, although the exact role of photosynthe-
sis remains unclear. Notably, the predictors derived for autumn phe-
nology exhibit substantial disparities across the EOS data sources,
whereby no structural differences are found between direct and
indirect data sources or between early and late autumn phenologi-
cal metrics. Considering these findings, it appears prudent to adopt
an ensemble approach by using multiple phenological data sources
in future research, particularly when addressing broader questions
concerning plant phenology.

AUTHOR CONTRIBUTIONS

Simon Kloos: Conceptualization; data curation; formal analysis; in-
vestigation; methodology; software; validation; visualization; writ-
ing - original draft; writing - review and editing. Anne Klosterhalfen:
Data curation; investigation; resources; writing - review and editing.
Alexander Knohl: Data curation; funding acquisition; project admin-
istration; resources; writing - review and editing. Annette Menzel:
Conceptualization; funding acquisition; methodology; project ad-

ministration; supervision; writing - review and editing.

ACKNOWLEDGMENTS

The authors thank the Land Processes Distributed Active Archive
Center (LP DAAC), the DWD Climate Data Center (CDC), and the
Integrated Carbon Observation System (ICOS) data portal for provid-
ing the data free of charge. We thank the technical staff from the
Bioclimatology Group of the University of Goéttingen for their con-
tinuous support in data acquisition and instrument maintenance and
Matthias Neumair and Donna P. Ankerst for statistical advice. Thanks
also go to Johanna Kauffert and Lars Uphus for manually determining
the CC phenology. Finally, we thank the administration of the Hainich
National Park for the opportunity for research within the National

Park. Open Access funding enabled and organized by Projekt DEAL.

150f 18
% Global Change Biology ga%YA § B =A%

FUNDING INFORMATION

This study was performed within the project BAYSICS (Bavarian
Citizen Science Portal for Climate Research and Science
Communication), funded by the Bavarian State Ministry of Science
and the Arts in the context of the Bavarian Climate Research
Network (bayklif). We acknowledge support by the German Federal
Ministry of Education and Research (BMBF) as part of the European
Integrated Carbon Observation System (ICOS), by the Deutsche
Forschungsgemeinschaft (INST 186/1118-1 FUGG), and the Digital
Forest project funded by Niedersichsisches Vorab (ZN 3679),
Ministry of Lower-Saxony for Science and Culture (MWK).

CONFLICT OF INTEREST STATEMENT

The authors declare no conflicts of interest.

DATA AVAILABILITY STATEMENT

The phenological data that support the findings of this study are
openly available in figshare at https://doi.org/10.6084/m9.figshare.
22040828, the DWD data are publicly available at https://opendata.
dwd.de/climate_environment/CDC/grids_germany/annual/pheno
logy/ (RBUBO, RBUBV, and RBUBF), the flux tower data are openly
available in the ICOS data portal at https://doi.org/10.18160/cr66-
pj24, and the MODIS data were downloaded with the R package
MODIStsp (Busetto & Ranghetti, 2016). The canopy camera images
are publicly available at https://doi.org/10.25625/6IWFIY.

ORCID

Simon Kloos "= https://orcid.org/0000-0002-9242-1456
https://orcid.org/0000-0001-7999-8966

https://orcid.org/0000-0002-7615-8870

https://orcid.org/0000-0002-7175-2512

Anne Klosterhalfen
Alexander Knohl

Annette Menzel

REFERENCES

Ahrends, H. E., Etzold, S., Kutsch, W. L., Stoeckli, R., Bruegger, R.,
Jeanneret, F., Wanner, H., Buchmann, N., & Eugster, W. (2009). Tree
phenology and carbon dioxide fluxes: Use of digital photography
for process-based interpretation at the ecosystem scale. Climate
Research, 39, 261-274. https://doi.org/10.3354/cr00811

Barnard, D. M., Knowles, J. F., Barnard, H. R., Goulden, M. L., Hu, J.,
Litvak, M. E., & Molotch, N. P. (2018). Reevaluating growing season
length controls on net ecosystem production in evergreen conifer
forests. Scientific Reports, 8(1), 17973. https://doi.org/10.1038/
s41598-018-36065-0

Berra, E. F., & Gaulton, R. (2021). Remote sensing of temperate and bo-
real forest phenology: A review of progress, challenges and oppor-
tunities in the intercomparison of in-situ and satellite phenological
metrics. Forest Ecology and Management, 480, 118663. https://doi.
org/10.1016/j.foreco.2020.118663

Bigler, C., & Vitasse, Y. (2021). Premature leaf discoloration of European
deciduous trees is caused by drought and heat in late spring and
cold spells in early fall. Agricultural and Forest Meteorology, 307,
108492. https://doi.org/10.1016/j.agrformet.2021.108492

Breiman, L. (1996). Bagging predictors. Machine Learning, 24(2), 123-140.
https://doi.org/10.1007/BF00058655

Busetto, L., & Ranghetti, L. (2016). MODIStsp: An R package for au-
tomatic preprocessing of MODIS land products time series.

95U8917 SUOWILLIOD SAITea1D 3|qedl(dde ay) Ag peusenoB a.e sap1e O ‘8sn J0 SajnJ 1o Akeiq i 8ulUQO AS|I UO (SUONIPUOD-PUR-SWRIAL0D AS | 1M ARe1q)1BUI|UO//:SANY) SUONIPUOD pue SWS 1 8U) 39S *[202/S0/7T] Uo Akelqiauliuo AS|IM ‘TEZLT GOB/TTTT OT/I0P/WO0d A3 1M ARelq 1 jBUl|UO//:Scy WoJj papeoiumod ‘€ ‘v20g ‘98v2S9ET


https://doi.org/10.6084/m9.figshare.22040828
https://doi.org/10.6084/m9.figshare.22040828
https://opendata.dwd.de/climate_environment/CDC/grids_germany/annual/phenology/
https://opendata.dwd.de/climate_environment/CDC/grids_germany/annual/phenology/
https://opendata.dwd.de/climate_environment/CDC/grids_germany/annual/phenology/
https://doi.org/10.18160/cr66-pj24
https://doi.org/10.18160/cr66-pj24
https://doi.org/10.25625/6IWFIY
https://orcid.org/0000-0002-9242-1456
https://orcid.org/0000-0002-9242-1456
https://orcid.org/0000-0001-7999-8966
https://orcid.org/0000-0001-7999-8966
https://orcid.org/0000-0002-7615-8870
https://orcid.org/0000-0002-7615-8870
https://orcid.org/0000-0002-7175-2512
https://orcid.org/0000-0002-7175-2512
https://doi.org/10.3354/cr00811
https://doi.org/10.1038/s41598-018-36065-0
https://doi.org/10.1038/s41598-018-36065-0
https://doi.org/10.1016/j.foreco.2020.118663
https://doi.org/10.1016/j.foreco.2020.118663
https://doi.org/10.1016/j.agrformet.2021.108492
https://doi.org/10.1007/BF00058655

KLOOS ET AL.

16 of 18
—I—Wl B2 Global Change Biology

Computers & Geosciences, 97, 40-48. https://doi.org/10.1016/j.
cageo.2016.08.020

Caparros-Santiago, J. A., Rodriguez-Galiano, V., & Dash, J. (2021). Land
surface phenology as indicator of global terrestrial ecosystem dy-
namics: A systematic review. ISPRS Journal of Photogrammetry and
Remote Sensing, 171, 330-347. https://doi.org/10.1016/].isprsjprs.
2020.11.019

Capdevielle-Vargas, R., Estrella, N., & Menzel, A. (2015). Multiple-
year assessment of phenological plasticity within a beech (Fagus
sylvatica L.) stand in southern Germany. Agricultural and Forest
Meteorology, 211-212, 13-22. https://doi.org/10.1016/j.agrfo
rmet.2015.03.019

Chen, L., Hanninen, H., Rossi, S., Smith, N. G., Pau, S, Liu, Z., Feng, G.,
Gao, J., & Liu, J. (2020). Leaf senescence exhibits stronger cli-
matic responses during warm than during cold autumns. Nature
Climate Change, 10(8), 777-780. https://doi.org/10.1038/s4155
8-020-0820-2

D'Odorico, P., Gonsamo, A., Gough, C. M., Bohrer, G., Morison,
J., Wilkinson, M., Hanson, P. J., Gianelle, D., Fuentes, J. D., &
Buchmann, N. (2015). The match and mismatch between photosyn-
thesis and land surface phenology of deciduous forests. Agricultural
and Forest Meteorology, 214-215, 25-38. https://doi.org/10.1016/j.
agrformet.2015.07.005

DWD Climate Data Center. (2022). Annual grids of several phenologi-
cal plant stages in Germany, version 0.x. https://opendata.dwd.de/
climate_environment/CDC/grids_germany/annual/phenology/

Elith, J., Leathwick, J. R., & Hastie, T. (2008). A working guide to boosted
regression trees. The Journal of Animal Ecology, 77(4), 802-813.
https://doi.org/10.1111/j.1365-2656.2008.01390.x

Estrella, N., & Menzel, A. (2006). Responses of leaf colouring in four de-
ciduous tree species to climate and weather in Germany. Climate
Research, 32, 253-267. https://doi.org/10.3354/cr032253

Filippa, G., Cremonese, E., Migliavacca, M., Galvagno, M., Sonnentag, O.,
Humphreys, E., Hufkens, K., Ryu, Y., Verfaillie, J., Di Morra Cella,
U., & Richardson, A. D. (2018). NDVI derived from near-infrared-
enabled digital cameras: Applicability across different plant func-
tional types. Agricultural and Forest Meteorology, 249, 275-285.
https://doi.org/10.1016/j.agrformet.2017.11.003

Fu, Y. H., Piao, S., Delpierre, N., Hao, F., Hanninen, H., Geng, X., Pefiuelas,
J., Zhang, X., Janssens, I. A., & Campioli, M. (2019). Nutrient avail-
ability alters the correlation between spring leaf-out and autumn
leaf senescence dates. Tree Physiology, 39(8), 1277-1284. https://
doi.org/10.1093/treephys/tpz041

Fu, Y. H., Piao, S., Delpierre, N., Hao, F., Hanninen, H., Liu, Y., Sun, W.,
Janssens, I. A., & Campioli, M. (2018). Larger temperature response
of autumn leaf senescence than spring leaf-out phenology. Global
Change Biology, 24(5), 2159-2168. https://doi.org/10.1111/gcb.
14021

Gaertner, B. A, Zegre, N., Warner, T., Fernandez, R, He, Y., & Merriam, E.
R. (2019). Climate, forest growing season, and evapotranspiration
changes in the central Appalachian Mountains, USA. The Science
of the Total Environment, 650(Pt 1), 1371-1381. https://doi.org/10.
1016/j.scitotenv.2018.09.129

Gallinat, A. S., Primack, R. B., & Wagner, D. L. (2015). Autumn, the ne-
glected season in climate change research. Trends in Ecology &
Evolution, 30(3), 169-176. https://doi.org/10.1016/j.tree.2015.01.
004

Garonna, l., de Jong, R., & Schaepman, M. E. (2016). Variability and evo-
lution of global land surface phenology over the past three decades
(1982-2012). Global Change Biology, 22(4), 1456-1468. https://doi.
org/10.1111/gcb.13168

Garrity, S. R., Bohrer, G., Maurer, K. D., Mueller, K. L., Vogel, C. S., &
Curtis, P. S. (2011). A comparison of multiple phenology data
sources for estimating seasonal transitions in deciduous forest car-
bon exchange. Agricultural and Forest Meteorology, 151(12), 1741-
1752. https://doi.org/10.1016/j.agrformet.2011.07.008

Gill, A. L., Gallinat, A. S., Sanders-DeMott, R., Rigden, A. J., Short
Gianotti, D. J., Mantooth, J. A., & Templer, P. H. (2015). Changes
in autumn senescence in northern hemisphere deciduous trees:
A meta-analysis of autumn phenology studies. Annals of Botany,
116(6), 875-888. https://doi.org/10.1093/aob/mcv055

Gray, J., Sulla-Menashe, D., & Friedl|, M. A. (2019). User guide to collection
6 MODIS land cover dynamics (MCD12Q2) product. https://Ipdaac.
usgs.gov/products/mcd12g2v006/

Grossiord, C., Bachofen, C., Gisler, J., Mas, E., Vitasse, Y., & Didion-
Gency, M. (2022). Warming may extend tree growing seasons and
compensate for reduced carbon uptake during dry periods. Journal
of Ecology, 110(7), 1575-1589. https://doi.org/10.1111/1365-2745.
13892

Hamunyela, E., Verbesselt, J., Roerink, G., & Herold, M. (2013). Trends in
spring phenology of Western European deciduous forests. Remote
Sensing, 5(12), 6159-6179. https://doi.org/10.3390/rs5126159

Jin, H., J6nsson, A. M., Bolmgren, K., Langvall, O., & Eklundh, L. (2017).
Disentangling remotely-sensed plant phenology and snow season-
ality at northern Europe using MODIS and the plant phenology
index. Remote Sensing of Environment, 198, 203-212. https://doi.
org/10.1016/j.rse.2017.06.015

Jin, H., J6nsson, A. M., Olsson, C., Lindstrém, J., Jénsson, P., & Eklundh,
L. (2019). New satellite-based estimates show significant trends
in spring phenology and complex sensitivities to temperature and
precipitation at northern European latitudes. International Journal
of Biometeorology, 63(6), 763-775. https://doi.org/10.1007/s0048
4-019-01690-5

Keenan, T. F., Gray, J., Friedl, M. A., Toomey, M., Bohrer, G., Hollinger,
D. Y., Munger, J. W., O'Keefe, J., Schmid, H. P., Wing, I. S., Yang,
B., & Richardson, A. D. (2014). Net carbon uptake has increased
through warming-induced changes in temperate forest phenology.
Nature Climate Change, 4(7), 598-604. https://doi.org/10.1038/
nclimate2253

Keenan, T. F., & Richardson, A. D. (2015). The timing of autumn senes-
cence is affected by the timing of spring phenology: Implications
for predictive models. Global Change Biology, 21(7), 2634-2641.
https://doi.org/10.1111/gcb.12890

Kim, J. H., Hwang, T., Yang, Y., Schaaf, C. L., Boose, E., & Munger, J.
W. (2018). Warming-induced earlier greenup leads to reduced
stream discharge in a temperate mixed forest catchment. Journal
of Geophysical Research: Biogeosciences, 123(6), 1960-1975. https://
doi.org/10.1029/2018)JG004438

Klosterman, S., Melaas, E., Wang, J. A., Martinez, A., Frederick, S.,
O'Keefe, J., Orwig, D. A, Wang, Z., Sun, Q., Schaaf, C., Friedl, M.,
& Richardson, A. D. (2018). Fine-scale perspectives on landscape
phenology from unmanned aerial vehicle (UAV) photography.
Agricultural and Forest Meteorology, 248, 397-407. https://doi.org/
10.1016/j.agrformet.2017.10.015

Knohl, A., Schulze, E.-D., Kolle, O., & Buchmann, N. (2003). Large carbon
uptake by an unmanaged 250-year-old deciduous forest in Central
Germany. Agricultural and Forest Meteorology, 118(3-4), 151-167.
https://doi.org/10.1016/50168-1923(03)00115-1

Knohl, A., Siebicke, L., Tiedemann, F., Kolle, O., & ICOS Ecosystem Thematic
Centre. (2022). Warm winter 2020 ecosystem eddy covariance flux prod-
uct from Hainich. https://doi.org/10.18160/CR66-PJ24

Kowalski, T., & Holdenrieder, O. (2009). Pathogenicity of Chalara frax-
inea. Forest Pathology, 39(1), 1-7. https://doi.org/10.1111/j.1439-
0329.2008.00565.x

Lang, W., Chen, X., Qian, S., Liu, G., & Piao, S. (2019). A new process-
based model for predicting autumn phenology: How is leaf se-
nescence controlled by photoperiod and temperature coupling?
Agricultural and Forest Meteorology, 268, 124-135. https://doi.org/
10.1016/j.agrformet.2019.01.006

Lasslop, G., Reichstein, M., Papale, D., Richardson, A. D., Arneth, A., Barr,
A., Stoy, P., & Wohlfahrt, G. (2010). Separation of net ecosystem
exchange into assimilation and respiration using a light response

95U8917 SUOWILLIOD SAITea1D 3|qedl(dde ay) Ag peusenoB a.e sap1e O ‘8sn J0 SajnJ 1o Akeiq i 8ulUQO AS|I UO (SUONIPUOD-PUR-SWRIAL0D AS | 1M ARe1q)1BUI|UO//:SANY) SUONIPUOD pue SWS 1 8U) 39S *[202/S0/7T] Uo Akelqiauliuo AS|IM ‘TEZLT GOB/TTTT OT/I0P/WO0d A3 1M ARelq 1 jBUl|UO//:Scy WoJj papeoiumod ‘€ ‘v20g ‘98v2S9ET


https://doi.org/10.1016/j.cageo.2016.08.020
https://doi.org/10.1016/j.cageo.2016.08.020
https://doi.org/10.1016/j.isprsjprs.2020.11.019
https://doi.org/10.1016/j.isprsjprs.2020.11.019
https://doi.org/10.1016/j.agrformet.2015.03.019
https://doi.org/10.1016/j.agrformet.2015.03.019
https://doi.org/10.1038/s41558-020-0820-2
https://doi.org/10.1038/s41558-020-0820-2
https://doi.org/10.1016/j.agrformet.2015.07.005
https://doi.org/10.1016/j.agrformet.2015.07.005
https://opendata.dwd.de/climate_environment/CDC/grids_germany/annual/phenology/
https://opendata.dwd.de/climate_environment/CDC/grids_germany/annual/phenology/
https://doi.org/10.1111/j.1365-2656.2008.01390.x
https://doi.org/10.3354/cr032253
https://doi.org/10.1016/j.agrformet.2017.11.003
https://doi.org/10.1093/treephys/tpz041
https://doi.org/10.1093/treephys/tpz041
https://doi.org/10.1111/gcb.14021
https://doi.org/10.1111/gcb.14021
https://doi.org/10.1016/j.scitotenv.2018.09.129
https://doi.org/10.1016/j.scitotenv.2018.09.129
https://doi.org/10.1016/j.tree.2015.01.004
https://doi.org/10.1016/j.tree.2015.01.004
https://doi.org/10.1111/gcb.13168
https://doi.org/10.1111/gcb.13168
https://doi.org/10.1016/j.agrformet.2011.07.008
https://doi.org/10.1093/aob/mcv055
https://lpdaac.usgs.gov/products/mcd12q2v006/
https://lpdaac.usgs.gov/products/mcd12q2v006/
https://doi.org/10.1111/1365-2745.13892
https://doi.org/10.1111/1365-2745.13892
https://doi.org/10.3390/rs5126159
https://doi.org/10.1016/j.rse.2017.06.015
https://doi.org/10.1016/j.rse.2017.06.015
https://doi.org/10.1007/s00484-019-01690-5
https://doi.org/10.1007/s00484-019-01690-5
https://doi.org/10.1038/nclimate2253
https://doi.org/10.1038/nclimate2253
https://doi.org/10.1111/gcb.12890
https://doi.org/10.1029/2018JG004438
https://doi.org/10.1029/2018JG004438
https://doi.org/10.1016/j.agrformet.2017.10.015
https://doi.org/10.1016/j.agrformet.2017.10.015
https://doi.org/10.1016/S0168-1923(03)00115-1
https://doi.org/10.18160/CR66-PJ24
https://doi.org/10.1111/j.1439-0329.2008.00565.x
https://doi.org/10.1111/j.1439-0329.2008.00565.x
https://doi.org/10.1016/j.agrformet.2019.01.006
https://doi.org/10.1016/j.agrformet.2019.01.006

KLOOS ET AL.

curve approach: Critical issues and global evaluation. Global Change
Biology, 16(1), 187-208. https://doi.org/10.1111/j.1365-2486.
2009.02041.x

Liu, F., Wang, X., & Wang, C. (2019). Autumn phenology of a temper-
ate deciduous forest: Validation of remote sensing approach
with decadal leaf-litterfall measurements. Agricultural and Forest
Meteorology, 279, 107758. https://doi.org/10.1016/j.agrformet.
2019.107758

Liu, G., Chen, X., Zhang, Q., Lang, W., & Delpierre, N. (2018).
Antagonistic effects of growing season and autumn tempera-
tures on the timing of leaf coloration in winter deciduous trees.
Global Change Biology, 24(8), 3537-3545. https://doi.org/10.
1111/gch.14095

Liu,Q.,Fu,Y.H., Zeng, Z.,Huang, M,, Li, X., & Piao, S. (2016). Temperature,
precipitation, and insolation effects on autumn vegetation phenol-
ogy in temperate China. Global Change Biology, 22(2), 644-655.
https://doi.org/10.1111/gcb.13081

Liu, Q, Fu, Y. H., Zhu, Z., Liu, Y., Liu, Z., Huang, M., Janssens, |. A., & Piao,
S. (2016). Delayed autumn phenology in the Northern Hemisphere
is related to change in both climate and spring phenology. Global
Change Biology, 22(11), 3702-3711. https://doi.org/10.1111/gcb.
13311

Lu, X., & Keenan, T. F. (2022). No evidence for a negative effect of grow-
ing season photosynthesis on leaf senescence timing. Global Change
Biology, 28(9), 3083-3093. https://doi.org/10.1111/gcb.16104

Marchand, L. J., Dox, I., Gri¢ar, J., Prislan, P., Leys, S., van den Bulcke,
J., Fonti, P, Lange, H., Matthysen, E., Peiiuelas, J., Zuccarini, P., &
Campioli, M. (2020). Inter-individual variability in spring phenology
of temperate deciduous trees depends on species, tree size and pre-
vious year autumn phenology. Agricultural and Forest Meteorology,
290, 108031. https://doi.org/10.1016/j.agrformet.2020.108031

Marién, B., Balzarolo, M., Dox, I., Leys, S., Loréne, M. J,, Geron, C.,
Portillo-Estrada, M., AbdElgawad, H., Asard, H., & Campioli, M.
(2019). Detecting the onset of autumn leaf senescence in decidu-
ous forest trees of the temperate zone. The New Phytologist, 224(1),
166-176. https://doi.org/10.1111/nph.15991

McKinney, L. V., Nielsen, L.R.,Hansen, J. K., & Kjeer, E. D.(2011). Presence
of natural genetic resistance in Fraxinus excelsior (Oleraceae) to
Chalara fraxinea (Ascomycota): An emerging infectious disease.
Heredity, 106(5), 788-797. https://doi.org/10.1038/hdy.2010.119

Meier, U. (2018). Growth stages of mono- and dicotyledonous plants:
BBCH monograph. Open Agrar Repositorium https://www.opena
grar.de/receive/openagrar_mods_00042351, https://doi.org/10.
5073/20180906-074619

Melaas, E. K., Sulla-Menashe, D., Gray, J. M., Black, T. A,, Morin, T. H.,
Richardson, A. D., & Friedl, M. A. (2016). Multisite analysis of land
surface phenology in North American temperate and boreal de-
ciduous forests from Landsat. Remote Sensing of Environment, 186,
452-464. https://doi.org/10.1016/j.rse.2016.09.014

Menzel, A., & Fabian, P. (1999). Growing season extended in Europe.
Nature, 397(6721), 659. https://doi.org/10.1038/17709

Menzel, A, Yuan, Y., Matiu, M., Sparks, T., Scheifinger, H., Gehrig, R., &
Estrella, N. (2020). Climate change fingerprints in recent European
plant phenology. Global Change Biology, 26, 2599-2612. https://doi.
org/10.1111/gcb.15000

Norby, R. J.(2021). Comment on "Increased growing-season productivity
drives earlier autumn leaf senescence in temperate trees". Science,
371(6533), eabg1438. https://doi.org/10.1126/science.abg1438

Pefuelas, J., Rutishauser, T., & Filella, I. (2009). Phenology feedbacks on
climate change. Science, 324(5929), 887-888. https://doi.org/10.
1126/science.1173004

Piao, S., Friedlingstein, P., Ciais, P., Viovy, N., & Demarty, J. (2007).
Growing season extension and its impact on terrestrial carbon
cycle in the Northern Hemisphere over the past 2 decades. Global
Biogeochemical Cycles, 21(3), GB3018. https://doi.org/10.1029/
2006GB002888

17 of 18
% Global Change Biology ga%YA § B =A%

Piao, S., Liu, Q., Chen, A, Janssens, |. A., Fu, Y., Dai, J, Liu, L., Lian, X,
Shen, M., & Zhu, X. (2019). Plant phenology and global climate
change: Current progresses and challenges. Global Change Biology,
25(6), 1922-1940. https://doi.org/10.1111/gcb.14619

Queloz, V., Grinig, C. R, Berndt, R., Kowalski, T., Sieber, T. N., &
Holdenrieder, O. (2011). Cryptic speciation in Hymenoscyphus al-
bidus. Forest Pathology, 41(2), 133-142. https://doi.org/10.1111/j.
1439-0329.2010.00645.x

R Core Team. (2022). R: A language and environment for statistical comput-
ing. https://www.R-project.org/

Reichstein, M., Falge, E., Baldocchi, D., Papale, D., Aubinet, M., Berbigier,
P., Bernhofer, C., Buchmann, N., Gilmanov, T., Granier, A., Griinwald,
T., Havrankova, K., llvesniemi, H., Janous, D., Knohl, A., Laurila, T.,
Lohila, A., Loustau, D., Matteucci, G., ... Valentini, R. (2005). On the
separation of net ecosystem exchange into assimilation and eco-
system respiration: Review and improved algorithm. Global Change
Biology, 11(9), 1424-1439. https://doi.org/10.1111/j.1365-2486.
2005.001002.x

Richardson, A. D., Black, T. A., Ciais, P., Delbart, N., Friedl, M. A., Gobron,
N., Hollinger, D. Y., Kutsch, W. L., Longdoz, B., Luyssaert, S.,
Migliavacca, M., Montagnani, L., Munger, J. W., Moors, E., Piao, S.,
Rebmann, C., Reichstein, M., Saigusa, N., Tomelleri, E., ... Varlagin,
A. (2010). Influence of spring and autumn phenological transitions
on forest ecosystem productivity. Philosophical Transactions of the
Royal Society of London. Series B, Biological Sciences, 365(1555),
3227-3246. https://doi.org/10.1098/rstb.2010.0102

Richardson, A. D., Keenan, T. F.,, Migliavacca, M., Ryu, Y., Sonnentag, O.,
& Toomey, M. (2013). Climate change, phenology, and phenological
control of vegetation feedbacks to the climate system. Agricultural
and Forest Meteorology, 169, 156-173. https://doi.org/10.1016/j.
agrformet.2012.09.012

Ryu, Y., Lee, G., Jeon, S., Song, Y., & Kimm, H. (2014). Monitoring multi-
layer canopy spring phenology of temperate deciduous and ever-
green forests using low-cost spectral sensors. Remote Sensing of
Environment, 149, 227-238. https://doi.org/10.1016/j.rse.2014.04.
015

Sagi, O., & Rokach, L. (2018). Ensemble learning: A survey. WIREs Data
Mining and Knowledge Discovery, 8(4), e1249. https://doi.org/10.
1002/widm.1249

Smith, A. M., & Ramsay, P. M. (2020). A comparison of ground-based
methods for obtaining large-scale, high-resolution data on the
spring leaf phenology of temperate tree species. International
Journal of Biometeorology, 64(3), 521-531. https://doi.org/10.1007/
s00484-019-01839-2

Soudani, K., Delpierre, N., Berveiller, D., Hmimina, G., Pontailler, J.-Y,,
Seureau, L., Vincent, G., & Dufréne, E. (2021). A survey of proxi-
mal methods for monitoring leaf phenology in temperate decidu-
ous forests. Biogeosciences, 18(11), 3391-3408. https://doi.org/10.
5194/bg-18-3391-2021

Stéfanon, M., Drobinski, P., D'Andrea, F., & Noblet-Ducoudré, N. d.
(2012). Effects of interactive vegetation phenology on the 2003
summer heat waves. Journal of Geophysical Research Biogeosciences,
117(D24). https://doi.org/10.1029/2012JD018187

Stener, L.-G. (2013). Clonal differences in susceptibility to the dieback
of Fraxinus excelsior in southern Sweden. Scandinavian Journal of
Forest Research, 28(3), 205-216. https://doi.org/10.1080/02827
581.2012.735699

Tamrakar, R., Rayment, M. B., Moyano, F., Mund, M., & Knohl, A. (2018).
Implications of structural diversity for seasonal and annual carbon
dioxide fluxes in two temperate deciduous forests. Agricultural and
Forest Meteorology, 263, 465-476. https://doi.org/10.1016/j.agrfo
rmet.2018.08.027

Templ, B., Koch, E., Bolmgren, K., Ungersbéck, M., Paul, A., Scheifinger,
H., Rutishauser, T., Busto, M., Chmielewski, F.-M., Hajkova,
L., Hodzi¢, S., Kaspar, F., Pietragalla, B., Romero-Fresneda, R.,
Tolvanen, A., Vuceti¢, V., Zimmermann, K., & Zust, A. (2018). Pan

95U8917 SUOWILLIOD SAITea1D 3|qedl(dde ay) Ag peusenoB a.e sap1e O ‘8sn J0 SajnJ 1o Akeiq i 8ulUQO AS|I UO (SUONIPUOD-PUR-SWRIAL0D AS | 1M ARe1q)1BUI|UO//:SANY) SUONIPUOD pue SWS 1 8U) 39S *[202/S0/7T] Uo Akelqiauliuo AS|IM ‘TEZLT GOB/TTTT OT/I0P/WO0d A3 1M ARelq 1 jBUl|UO//:Scy WoJj papeoiumod ‘€ ‘v20g ‘98v2S9ET


https://doi.org/10.1111/j.1365-2486.2009.02041.x
https://doi.org/10.1111/j.1365-2486.2009.02041.x
https://doi.org/10.1016/j.agrformet.2019.107758
https://doi.org/10.1016/j.agrformet.2019.107758
https://doi.org/10.1111/gcb.14095
https://doi.org/10.1111/gcb.14095
https://doi.org/10.1111/gcb.13081
https://doi.org/10.1111/gcb.13311
https://doi.org/10.1111/gcb.13311
https://doi.org/10.1111/gcb.16104
https://doi.org/10.1016/j.agrformet.2020.108031
https://doi.org/10.1111/nph.15991
https://doi.org/10.1038/hdy.2010.119
https://www.openagrar.de/receive/openagrar_mods_00042351
https://www.openagrar.de/receive/openagrar_mods_00042351
https://doi.org/10.5073/20180906-074619
https://doi.org/10.5073/20180906-074619
https://doi.org/10.1016/j.rse.2016.09.014
https://doi.org/10.1038/17709
https://doi.org/10.1111/gcb.15000
https://doi.org/10.1111/gcb.15000
https://doi.org/10.1126/science.abg1438
https://doi.org/10.1126/science.1173004
https://doi.org/10.1126/science.1173004
https://doi.org/10.1029/2006GB002888
https://doi.org/10.1029/2006GB002888
https://doi.org/10.1111/gcb.14619
https://doi.org/10.1111/j.1439-0329.2010.00645.x
https://doi.org/10.1111/j.1439-0329.2010.00645.x
https://www.r-project.org/
https://doi.org/10.1111/j.1365-2486.2005.001002.x
https://doi.org/10.1111/j.1365-2486.2005.001002.x
https://doi.org/10.1098/rstb.2010.0102
https://doi.org/10.1016/j.agrformet.2012.09.012
https://doi.org/10.1016/j.agrformet.2012.09.012
https://doi.org/10.1016/j.rse.2014.04.015
https://doi.org/10.1016/j.rse.2014.04.015
https://doi.org/10.1002/widm.1249
https://doi.org/10.1002/widm.1249
https://doi.org/10.1007/s00484-019-01839-2
https://doi.org/10.1007/s00484-019-01839-2
https://doi.org/10.5194/bg-18-3391-2021
https://doi.org/10.5194/bg-18-3391-2021
https://doi.org/10.1029/2012JD018187
https://doi.org/10.1080/02827581.2012.735699
https://doi.org/10.1080/02827581.2012.735699
https://doi.org/10.1016/j.agrformet.2018.08.027
https://doi.org/10.1016/j.agrformet.2018.08.027

KLOOS ET AL.

18 of 18
—I—Wl B2 Global Change Biology

European phenological database (PEP725): A single point of access
for European data. International Journal of Biometeorology, 62(6),
1109-1113. https://doi.org/10.1007/s00484-018-1512-8

Thiel, C., Mueller, M. M., Epple, L., Thau, C., Hese, S., Voltersen, M., &
Henkel, A. (2020). UAS imagery-based mapping of coarse wood
debris in a natural deciduous forest in Central Germany (Hainich
National Park). Remote Sensing, 12(20), 3293. https://doi.org/10.
3390/rs12203293

Uphus, L., Lipke, M., Yuan, Y., Benjamin, C., Englmeier, J., Fricke, U.,
Ganuza, C., Schwindl, M., Uhler, J., & Menzel, A. (2021). Climate
effects on vertical Forest phenology of Fagus sylvatica L., sensed
by Sentinel-2, time lapse camera, and visual ground observations.
Remote Sensing, 13(19), 3982. https://doi.org/10.3390/rs131
93982

Wilhite, D. A., & Glantz, M. H. (1985). Understanding: The drought phe-
nomenon: The role of definitions. Water International, 10(3), 111~
120. https://doi.org/10.1080/02508068508686328

Wu, C., Chen, J. M,, Black, T. A., Price, D. T., Kurz, W. A., Desai, A. R.,
Gonsamo, A., Jassal, R. S., Gough, C. M., Bohrer, G., Dragoni, D.,
Herbst, M., Gielen, B., Berninger, F., Vesala, T., Mammarella, I.,
Pilegaard, K., & Blanken, P. D. (2013). Interannual variability of
net ecosystem productivity in forests is explained by carbon flux
phenology in autumn. Global Ecology and Biogeography, 22(8), 994-
1006. https://doi.org/10.1111/geb.12044

Wu, C., Gough, C. M., Chen, J. M., & Gonsamo, A. (2013). Evidence of
autumn phenology control on annual net ecosystem productivity in
two temperate deciduous forests. Ecological Engineering, 60, 88-95.
https://doi.org/10.1016/j.ecoleng.2013.07.019

Wautzler, T., Lucas-Moffat, A., Migliavacca, M., Knauer, J., Sickel, K.,
Sigut, L., Menzer, O., & Reichstein, M. (2018). Basic and extensi-
ble post-processing of eddy covariance flux data with REddyProc.
Biogeosciences, 15(16), 5015-5030. https://doi.org/10.5194/
bg-15-5015-2018

Xie, Y., Wang, X., & Silander, J. A. (2015). Deciduous forest responses
to temperature, precipitation, and drought imply complex climate
change impacts. Proceedings of the National Academy of Sciences of
the United States of America, 112(44), 13585-13590. https://doi.
org/10.1073/pnas.1509991112

Xie, Y., Wang, X., Wilson, A. M., & Silander, J. A. (2018). Predicting au-
tumn phenology: How deciduous tree species respond to weather
stressors. Agricultural and Forest Meteorology, 250-251, 127-137.
https://doi.org/10.1016/j.agrformet.2017.12.259

Yuan, Y., Harer, S., Ottenheym, T., Misra, G., Lupke, A., Estrella, N., &
Menzel, A. (2021). Maps, trends, and temperature sensitivi-
ties-phenological information from and for decreasing numbers of
volunteer observers. International Journal of Biometeorology, 65(8),
1377-1390. https://doi.org/10.1007/s00484-021-02110-3

Zani, D., Crowther, T. W., Mo, L., Renner, S. S., & Zohner, C. M. (2020).
Increased growing-season productivity drives earlier autumn leaf
senescence in temperate trees. Science, 370(6520), 1066-1071.
https://doi.org/10.1126/science.abd8911

Zeng, L., Wardlow, B. D., Xiang, D., Hu, S., & Li, D. (2020). A review of
vegetation phenological metrics extraction using time-series,
multispectral satellite data. Remote Sensing of Environment, 237,
111511. https://doi.org/10.1016/j.rse.2019.111511

Zhao, B., Donnelly, A., & Schwartz, M. D. (2020). Evaluating autumn phe-
nology derived from field observations, satellite data, and carbon
flux measurements in a northern mixed forest, USA. International
Journal of Biometeorology, 64(5), 713-727. https://doi.org/10.1007/
s00484-020-01861-9

Zhou, S., Zhang, Y., Caylor, K. K., Luo, Y., Xiao, X., Ciais, P., Huang, Y., &
Wang, G. (2016). Explaining inter-annual variability of gross primary
productivity from plant phenology and physiology. Agricultural and
Forest Meteorology, 226-227, 246-256. https://doi.org/10.1016/j.
agrformet.2016.06.010

Zhou, S., Zhang, Y., Ciais, P., Xiao, X., Luo, Y., Caylor, K. K., Huang, Y., &
Wang, G. (2017). Dominant role of plant physiology in trend and
variability of gross primary productivity in North America. Scientific
Reports, 7,41366. https://doi.org/10.1038/srep41366

Zohner, C. M., Mirzagholi, L., Renner, S. S., Mo, L., Rebindaine, D., Bucher,
R., Palous, D., Vitasse, Y., Fu, Y. H., Stocker, B. D., & Crowther, T.
W. (2023). Effect of climate warming on the timing of autumn leaf
senescence reverses after the summer solstice. Science, 381(6653),
eadf5098. https://doi.org/10.1126/science.adf5098

Zohner, C. M., & Renner, S. S. (2019). Ongoing seasonally uneven climate
warming leads to earlier autumn growth cessation in deciduous
trees. Oecologia, 189(2), 549-561. https://doi.org/10.1007/s0044
2-019-04339-7

SUPPORTING INFORMATION
Additional supporting information can be found online in the
Supporting Information section at the end of this article.

How to cite this article: Kloos, S., Klosterhalfen, A., Knohl,
A., & Menzel, A. (2024). Decoding autumn phenology:
Unraveling the link between observation methods and
detected environmental cues. Global Change Biology, 30,
e17231. https://doi.org/10.1111/gcb.17231

95U8917 SUOWILLIOD SAITea1D 3|qedl(dde ay) Ag peusenoB a.e sap1e O ‘8sn J0 SajnJ 1o Akeiq i 8ulUQO AS|I UO (SUONIPUOD-PUR-SWRIAL0D AS | 1M ARe1q)1BUI|UO//:SANY) SUONIPUOD pue SWS 1 8U) 39S *[202/S0/7T] Uo Akelqiauliuo AS|IM ‘TEZLT GOB/TTTT OT/I0P/WO0d A3 1M ARelq 1 jBUl|UO//:Scy WoJj papeoiumod ‘€ ‘v20g ‘98v2S9ET


https://doi.org/10.1007/s00484-018-1512-8
https://doi.org/10.3390/rs12203293
https://doi.org/10.3390/rs12203293
https://doi.org/10.3390/rs13193982
https://doi.org/10.3390/rs13193982
https://doi.org/10.1080/02508068508686328
https://doi.org/10.1111/geb.12044
https://doi.org/10.1016/j.ecoleng.2013.07.019
https://doi.org/10.5194/bg-15-5015-2018
https://doi.org/10.5194/bg-15-5015-2018
https://doi.org/10.1073/pnas.1509991112
https://doi.org/10.1073/pnas.1509991112
https://doi.org/10.1016/j.agrformet.2017.12.259
https://doi.org/10.1007/s00484-021-02110-3
https://doi.org/10.1126/science.abd8911
https://doi.org/10.1016/j.rse.2019.111511
https://doi.org/10.1007/s00484-020-01861-9
https://doi.org/10.1007/s00484-020-01861-9
https://doi.org/10.1016/j.agrformet.2016.06.010
https://doi.org/10.1016/j.agrformet.2016.06.010
https://doi.org/10.1038/srep41366
https://doi.org/10.1126/science.adf5098
https://doi.org/10.1007/s00442-019-04339-7
https://doi.org/10.1007/s00442-019-04339-7
https://doi.org/10.1111/gcb.17231

10

11
12

13
14

15
16

17
18

19
20

21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

The linkage between functional traits and drone-derived phenology of
74 Northern Hemisphere tree species

Simon Kloos!, Marvin Liipke!, Nicole Estrellal, Wael Ghada!, Jens Kattge23, Solveig Franziska
Bucher34, Allan Buras5, Annette Menzel16*

ITUM School of Life Sciences, Ecoclimatology, Technical University of Munich; Hans-Carl-von-
Carlowitz-Platz 2, 85354 Freising, Germany; simon.kloos@tum.de, marvin.luepke@tum.de,
estrella@tum.de, annette.menzel@tum.de

2Max Planck Institute for Biogeochemistry; Hans-Knoll-Strafde 10, 07745 Jena, Germany;
jkattge@bgc-jena.mpg.de

3German Centre for Integrative Biodiversity Research (iDiv) Halle-Jena-Leipzig; Puschstrafie 4,
04103 Leipzig, Germany

4Institute of Ecology and Evolution, Plant Biodiversity Group, Friedrich Schiller University Jena;
Philosophenweg 16, 07743 Jena, Germany; solveig.franziska.bucher@uni-jena.de

5TUM School of Life Sciences, Land Surface-Atmosphere Interactions, Technical University of
Munich; Hans-Carl-von-Carlowitz-Platz 2, 85354 Freising, Germany; allan.buras@tum.de

6[nstitute for Advanced Study, Technical University of Munich; Lichtenbergstrafle 2a, 85748
Garching, Germany

*Correspondence: annette.menzel@tum.de; ORCID iD: 0000-0002-7175-2512

Abstract: Tree phenology is a major component of the global carbon and water cycle, serving as
a fingerprint of climate change, and exhibiting significant variability both within and between
species. In the emerging field of drone monitoring, it remains unclear whether this phenological
variability can be effectively captured across numerous tree species. Additionally, the drivers
behind interspecific variations in the phenology of deciduous trees are poorly understood,
although they may be linked to plant functional traits. In this study, we derived the start of season
(SOS), end of season (EOS), and length of season (LOS) for 3,099 individuals from 74 deciduous
tree species of the Northern Hemisphere at a unique study site in southeast Germany using drone
imagery. We validated these phenological metrics with in-situ data and analyzed the interspecific
variability in terms of plant functional traits. The drone-derived SOS and EOS showed high
agreement with ground observations of leaf unfolding (R?* = 0.49) and leaf discoloration (R? =
0.79), indicating that this methodology robustly captures phenology at the individual level with
low temporal and human effort. Both intra- and interspecific phenological variability were high in
spring and autumn, leading to differences in the LOS of up to two months under almost identical
environmental conditions. Functional traits such as seed dry mass, chromosome number, and
continent of origin played significant roles in explaining interspecific phenological differences in
SOS, EOS, and LOS, respectively. In total, 55 %, 39%, and 45 % of interspecific variation in SOS,
EOS, and LOS could be explained by the Boosted Regression Tree (BRT) models based on
functional traits. Our findings encourage new research avenues in tree phenology and advance
our understanding of the growth strategies of key tree species in the Northern Hemisphere.
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1. Introduction

Plant phenology is an important indicator of the ecological impacts of climate change (Cleland et
al., 2007; Menzel et al., 2020; Piao et al,, 2019) and influences essential functions of terrestrial
ecosystems such as photosynthetic activity (Keenan etal., 2014; Piao etal., 2007; Tang et al., 2016)
or evapotranspiration (Gaertner et al.,, 2019; Kim et al., 2018). Spring phenology is primarily
controlled by temperature (Ettinger et al., 2020; Flynn and Wolkovich, 2018; Menzel et al., 2006)
and shows mostly advancing trends in the northern hemisphere due to global warming in recent
decades (Melaas et al.,, 2018; Menzel et al., 2020; Vitasse et al., 2022). In contrast, autumn
phenology is slightly delayed with global warming, but the responses are much more
heterogeneous (Garonna et al, 2016; Piao et al, 2019) and the drivers are still not fully
understood (Gill et al, 2015; Kloos et al, 2024; Lu and Keenan, 2022; Zohner et al., 2023).
Offsetting the onset dates of spring and autumn phenology against each other, the growing season
length (phenological season; Kérner et al., 2023) can be obtained.

In analyses of both trends and drivers for spring and autumn phenology, as well as the resulting
growing season length, phenological variability is a frequently underestimated factor. For
example, in twelve years of phenological observations in a North American forest (16 canopy
species), roughly six weeks of interspecific difference in budburst and almost three weeks of
difference in leaf coloration were observed (Richardson and O’Keefe, 2009). Two years of in-situ
budburst observations in six deciduous tree species and a total of 825 individuals in a European
woodland showed species-specific differences of up to 42 days (Cole and Sheldon, 2017). On the
other hand, phenological variability can also be observed within tree species: Budburst, for
example, has been observed to vary between individuals of Quercus petraea by up to 26 days and
the onset of senescence by up to 51 days between individuals of Betula pendula at the same
location. In general the autumn phenology seems to exhibit a higher intraspecific variability
(Capdevielle-Vargas et al., 2015; Delpierre et al.,, 2017; Marchand et al., 2020). The age and height
of the trees play an important role in observing spring and autumn phenology for smaller and
subcanopy individuals in a stand (Augspurger and Bartlett, 2003; Gressler et al., 2015; Osada and
Hiura, 2019; Uphus et al,, 2021).

For trend- and driver-analyses in plant phenology, these forms of variability primarily translate
into unexplained variance. From an ecological perspective, phenological variability may also
constitute a major factor for resilience against extremes, e.g., late spring frost damage (Diez et al,,
2012). Consequently, this inter-and intraspecific variability is of great interest. The correlation of
interspecific variation of phenology to biotic factors (and especially plant functional traits) could
be used to get a better understanding of climate-resilient forest species and to open avenues to
extrapolation of single species results. In the last decades, many studies have demonstrated the
significance of functional traits for the onset dates of certain phenological phases of different,
however mostly herbaceous species: In previous studies, for example, plant height (e.g., Horbach
et al,, 2023; Sporbert et al,, 2022; Sun and Frelich, 2011), seed dry mass (e.g., Bolmgren and
Cowan, 2008; Du and Qi, 2010; Segrestin et al., 2020), leaf area (Liu ZhiGuo et al., 2011; Sun et al,,
2006) and thickness (Craine et al., 2012; Horbach et al., 2023), leaf area per leaf dry mass (specific
leaf area, SLA; Bucher et al., 2018; Bucher and Rémermann, 2021; Horbach et al.,, 2023; Sporbert
etal, 2022), leaf dry mass per leaf fresh mass (leaf dry matter content, LDMC; Horbach etal., 2023;
Sporbert et al., 2022) and chemical properties of the leaf such as phosphorus (P; Bucher et al,,
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2018), carbon (C; Bucher and Rémermann, 2021; Sporbert et al., 2022) or nitrogen (N; Bucher et
al, 2018; Craine et al., 2012; Sporbert et al., 2022) content were associated with different
phenological phases. Less recognized traits in connection with plant phenology are the rooting
depth (Dorji etal,, 2013) and the diameter of the spring/xylem vessels (Lechowicz, 1984; Panchen
et al.,, 2014). Finally, Zohner and Renner (2017) revealed that the region of origin of a plant also
has an influence on spring and autumn phenology and can therefore determine the length of the
growing season.

However, up to date, the link between onset dates of phenological phases, especially the beginning
and end of the growing season, and functional traits has hardly been studied for deciduous tree
species. On the one hand, this is because there are barely any sites with an adequate number of
different tree species with mature individuals. On the other hand, the in-situ observation of
different phenological phases and functional traits on the individual level is extremely time-
consuming and resource-intensive. A relatively new approach for solving the phenological
monitoring problem is the derivation of plant phenology via unmanned aerial vehicles (UAV):
Various phenological metrics (especially SOS and EOS) can be monitored via drone images and
the resulting spectral indices (e.g.,, Dandois and Ellis, 2013; Klosterman and Richardson, 2017;
Kleinsmann et al., 2023). The main advantage of this method is that, compared to satellite remote
sensing, the spatial resolution is much higher, and thus analyses at the individual level are
possible. At the same time, a larger area and more individuals can be covered than with in-situ
observations. Studies specifically analyzing deciduous tree phenology have received ambiguous
but acceptable results when comparing drone-derived phenology and the phenology deduced
from other data sources such as in-situ observations or satellite remote sensing (Berra etal., 2019;
Berra and Gaulton, 2021). Only a few studies exist which evaluate the phenology of several
deciduous tree species via drone: Wu et al. (2021) combined PlanetScope and drone data for the
autumn phenology of eleven canopy tree species in northeast China and found high agreement
with phenocams, while Fawcett et al. (2021) showed understory effects in the drone-derived
spring phenology of a heterogeneous ecosystem in the UK. These understory effects might also
explain poor drone coverage of inter- and intraspecific spring phenological variability in a
Japanese study (19 deciduous broad-leaved species; Budianti et al., 2021), whereas a follow-up
study with 17 species showed partly significant correlation between drone and ground-observed
phenometrics (Budianti et al., 2022).

However, several research gaps appear: First, there are (to our knowledge) no analyses in the still
young research field of drone monitoring that have tested whether realistic phenological data sets
can be generated for a large number (> 20) of deciduous tree species using a drone flight series.
Second, there are hardly any studies available that systematically analyze the inter- and
intraspecific variability of spring and autumn phenology and the length of the growing season for
a large number of deciduous tree species at one site. As a result, there is little knowledge about
the relationship or influence of functional traits on different phenological phases and metrics,
such as SOS, EOS, or LOS, especially for deciduous tree species. Applying a year-round drone
monitoring of 74 deciduous tree species from the Northern Hemisphere with a total of 3099
individuals at a unique study site in southeast Germany, our study asks the following research
questions:

1. Can the spring and autumn phenology, along with the resulting length of the growing
season, of a diverse array of deciduous tree species at a single site be accurately
determined using drone data and a universal method applicable to all species?
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2. To what extent do the determined phenological metrics (SOS, EOS, LOS) vary between and
within the individual tree species under almost identical environmental conditions?

3. Canthe observed interspecific phenological variability be explained by functional traits of
the respective tree species, and if so, which traits play a dominant role?

2. Materials and Methods

2.1. Study site

The study was conducted in the “Weltwald Freising” (World Forest), which is located in
southeastern Germany (48°24’50”N, 11°40°00”E; 462 to 508 m a.s.l.; State Office for Digitization,
Broadband and Surveying, 2023; Figure 1). The area of the forest is about 100 ha and more than
400 tree and shrub species of the Northern Hemisphere have been planted there since 1987
(Rudolf, 2023). The arboretum is divided according to the continental origin of the tree and shrub
species. Species are planted in plots, each containing from a few single individuals to nearly 200
specimens of the respective species. Only deciduous tree species were selected for the analysis
since their phenological phases are easier and more robust to detect using drone data than for
evergreen species.

11°39'40"E 11°40'E 11°40'20"E 11°40'40"E

Asia

| North America

[ Europe

48°24'50"N 48°25'N

48°24'40"N

0 0.13 0.25

Figure 1: Map of Weltwald Freising. The areas marked in color represent the individual tree species plots, whereby the
plots framed in white are the analyzed tree species plots within this study (for the selection criteria see section 2.3.1;
yellow: Asia; blue: Europe; red: North America; background map: Maxar, Microsoft; polygon data: Bavarian State
Forestry, 2022).

Most of the soils in the study area are deep, mixed substrates of Tertiary (gravels, sands) and
Quaternary (loess loam) sediments, which have a high nutrient availability and water retention
capacity. The regional climate is subatlantic to subcontinental, the mean annual temperature is
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9.4 °C and the mean annual precipitation is 736 mm (2001-2020; DWD, 2024; Rudolf, 2023). In
the observation year 2022, the mean temperature in the study area was 9.6 °C, and the annual
precipitation total was 829 mm (for further details see Figure S1; data provided by the Bavarian
State Institute of Forestry). The microclimate should be homogeneous within the study area and
between the individual continental areas due to the small differences in altitude (see Figure S2).

2.2.Data

2.2.1. Drone imagery

To observe the phenological development at the study site, in total 27 flights with a Phantom 4
multispectral UAV (D]I, Nanshan, Shenzhen, China) at 100 m a.gl. flight height with a ground
sampling distance of 5-8 cm were performed in 2022. Images were taken once per second at the
red (650 nm = 16 nm), near-infrared (NIR; 840 nm * 26 nm), and RGB cameras ata 2 MP resolution
in NADIR position. The drone used an integrated dual-band high precision Real Time Kinematic
(RTK) GPS with Networked Transport of RTCM via Internet Protocol (NTRIP) network service to
get a repeatable position accuracy (up to 0.1 m vertical and horizontal precision according to the
manufacturer manual). To enhance accuracy further, at least five measured ground control points
were placed in each flight area. The flight grid was set up with a frontal and lateral overlap of 85%.
The orientation of the grid was set by the flight software automatically according to sun direction,
sun angle, and date to avoid disturbance from sunlight on the camera sensor. This was important
since flights were also conducted in early spring and late autumn with typically lower sun angles
compared to summer months.

All settings were optimized for the highest flight speed and therefore to achieve largest coverage
and avoid strong shadow movement. Optimal drone orthomosaics are usually generated under
overcast and calm (no wind) conditions, as images with even illumination do not have any
shadows and canopies are not blurred due to movement. Since such conditions are rare, flight
days with uniform clear skies or overcast conditions and low wind speeds were targeted. The
flight time was typically set around noon with highest sun angle, in order to avoid long shadows.
The exact flight dates are listed in Table S1.

Before each flight, a picture of a calibration reflectance panel (AgEagle Aerial Systems Inc,,
Wichita, Kansas, USA) was taken since this was a requirement for the processing software PIX4d
to calculate reflectance values for both spectral channels. The drone images were processed in
PIX4d mapper Version 4.75 (Pix4D, Prilly, Switzerland) to generate RGB orthomosaics,
Normalized Difference Vegetation Index (NDVI) maps, a digital terrain model (DTM), a digital
surface model (DSM), and 3D point clouds. A custom configuration was used to process the images
(Table S2) since the standard setting worked insufficiently with the drone cameras. The output
resolution for all images was set to 10 cm, except the DTM with 1 m resolution.

2.2.2. In-situ observations

For validation purposes, the phenology of selected tree species was observed from the ground in
spring and autumn 2022. In spring, 45 of the 74 tree species observed with the drone were
monitored from in-situ (Table S3). From the end of March to the end of May, the phenological
phase of each tree species was recorded plot-wise twice a week based on a categorical scale
(Vitasse et al.,, 2013):
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0: buds closed (no bud activity)
1: budburst (buds are open and leaves are partially visible)

2: leaf emergence (leaves fully emerged from the buds but are still folded, crinkled or
pendant)
e 3:leaf unfolding (for each tree at least one leaf is fully unfolded)

For the validation of the drone-derived SOS, the date on which phase 3 was observed for the first
time from the ground was selected for each tree species.

In autumn, 27 of the 74 species monitored with the drone were additionally observed from the
ground (Table S3). Between mid-September and early December, the degree of leaf discoloration
and leaf fall of the respective tree species was estimated plot-wise twice a week in 10% steps. For
leaf discoloration, this included fallen leaves on the ground in the estimates. For validation with
the drone-based EOS, the degree of leaf discoloration was finally interpolated at a daily time
resolution and the date on which the proportion of discolored leaves for the first time reached at
least 50% was determined as ground-truth EOS. To validate the drone-derived phenology with
the in-situ data, a simple linear regression was calculated between the two data sets, and the
associated coefficient of determination and p-value were defined. The mean difference between
the two onset dates and the percentage of species exhibiting at maximum five days of deviation
was used as a further evaluation measure for spring and autumn. Not all drone-monitored species
were validated on the ground due to the extensive study area, which demanded significant time
and personnel resources for on-site observations.

2.2.3. Functional traits

To explain differences in the interspecific variability of phenology in the study area as derived
from drone flights, 13 functional traits of the tree species (Table 1) were included in the analysis,
selected from an initial set of 23 numerical traits (Table S4). The age of the tree species was
determined from planting dates provided by the Bavarian State Forestry (2022), whereas the
mean tree height and crown area of each tree species were derived from the drone data (via crown
extraction and selection, see 2.3.1.). The number of chromosomes was determined for the
individual tree species using the CCBD (Chromosome Counts Database; Rice et al., 2015) whereby
the respective median was assigned to each species. In addition to the numerical traits, the
continent of origin was included as a categorical trait variable for each tree species.

The other numerical traits were extracted from the TRY plant trait database (Kattge et al.,, 2020):
Originally, a trait matrix with the trait measurements for all available species from the TRY
database was created. The data were transformed into a normal distribution and then z-
transformed. The gaps in the matrix were then filled using the Bayesian hierarchical probabilistic
matrix factorization (BHPMF) gap-filling algorithm (Schrodt et al., 2015), which is based on
probabilistic matrix factorization (PMF) and the taxonomic hierarchy of the plant kingdom.
Subsequently, the matrix values were transformed back, and finally outliers were removed based
on the z-transformation.

For 70 study species (Alnusrugosa, Caryatomentosa, Populustrichocarpa, and
Pterocarya fraxinifolia are not included in TRY), a mean value was then calculated for each trait
and species from the individual values in the TRY data set. Based on the "stable species hierarchy”
hypothesis, it can be assumed that although these mean values do not necessarily correspond to
the values for the study area in absolute terms, the hierarchical arrangement of values between
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species should remain approximately the same (e.g., Kazakou et al., 2014; Cordlandwehr et al,,
2013; Violle et al., 2015).

The final selection of numerical traits (Table 1) for the Boosted Regression Trees (BRT) analysis
(section 2.3.3.) was based on two criteria: In the first step, all traits were selected for which a
connection to plant phenology had already been established in the existing literature (see Table
1). In the second step, additional traits were included which showed a statistically significant
correlation with the phenological metrics determined from the drone data (Table S4; section
2.3.2.).

Table 1: Functional traits used for analysis of interspecific variability in phenology. The table indicates their units, lists
studies that have linked the relationship of the respective trait to a plant phenological phase, and summarizes the
respective type of correlation. The table distinguishes between tree species (black) and non-tree species (gray) studies.

Correlation between trait
Plant trait Unit Link to plant phenology and phenological onset
date

Horbach et al., 2023;
Sporbert et al., 2022; Liu et
al., 2021; Segrestin et al.,
2020; Konig et al., 2018;
Tree (plant) height m Lauterbach et al., 2013; Sun
and Frelich, 2011; Du and Qi,
2010; Bolmgren and Cowan,
2008; Vile et al., 2006;
Louault et al., 2005

Positive (all phenophases,
especially flowering)

Sporbert et al., 2022; . .
Positive (leaf unfold
2 Segrestin et al., 2020; Craine ositive (leaf unfolding)

Leaf area mm and negative (flowering,
et al, 2012; Liu ZhiGuo etal, egative (flowering
fruiting, senescence)

2011; Sun etal.,, 2006

. Horbach et al,, 2023; Craine = Negative (leaf unfolding and
Leaf thickness mm i
etal, 2012 flowering)
Horbach et al., 2023;
Sporbert et al., 2022; Bucher
d RG ,2021; . .
Leaf area per leafdry =~ mm? e Romermant, 472 Positive (fruiting) and
mass (SLA) mg-! Bucher etal, 2018; Konig et negative (leaf unfolding)
al,, 2018; Lauterbach et al.,
2013; Sun and Frelich, 2011;
Vile et al,, 2006
Leaf drv mass per Horbach et al., 2023;
Yy P Sporbert et al., 2022; Bucher Positive (leaf unfolding)
leaf fresh mass ggl ) _ )
(LDMC) and Romermann, 2021; and negative (flowering)
Konig et al., 2018
Sporbert et al., 2022; Liu et
l,2021;S tin et al,, . .
Seed dry mass mg : esrestin et a Negative (flowering)

2020; Craine etal.,, 2012; Du
and Qi, 2010; Bolmgren and
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Cowan, 2008; Vile et al,,
2006; Louault et al., 2005
Sporbert et al.,, 2022; Bucher
Leaf N content per and Bomermann, 2021; Negative (leaf unfolding,
leaf dry mass mgg? | Segrestin etal, 2020; Bucher flowering, fruiting)
etal, 2018; Craine et al.,
2012
Leaf C content per Sporbert"et al, 2022; Bucher Positive (leaf unfolding,
leaf dry mass mg g’ and Romermann, 2021; fruiting, senescence)
Craine etal., 2012
Le?efa}; ;?.;t;r:s Ser T Segrestmeitaall.l’.,22001280, Bucher Neeitte e
Root rooting depth m Dorji et al., 2013 Positive (flowering)
Stem conduit micro = Lechowicz, 1984; Panchen et Positive (leaf unfolding)
diameter m al,, 2014
Included due to high
Chromosome correlation values with )
n ) Negative (senescence)
number extracted phenological
metrics (2.3.2; Table S4)
Fine root length per Included due to high
fine .r(-)ot dry mass em gt correlation values V\-Ilth Positive (leaf unfolding)
(specific root length, extracted phenological
SRL) metrics (2.3.2; Table S4)

2.2.4. Climate distances

To represent the climatic origin of each tree species, we combined species-specific distribution
maps with so-called climate distances (Buras and Menzel, 2019). These climate distances
represent conflated Manhattan distances of the 30-year climatology of 11 climate variables (e.g.
growing season length, climatic water balance of the driest month, for details see supplementary
Table S2 in Buras and Menzel, 2019) representing the period 1961-1990. Climate distances were
based on CRU TS (v 4.01; Harris et al., 2020) temperature data and GPCC precipitation data
(Schneider et al., 2011) which are available at monthly temporal and 0.5° spatial resolution. To
represent the climatic distance of each species under investigation, we extracted the climate
distances to the grid-cell representative of our study site (48.25°N, 11.25°E) for all terrestrial grid
cells on Earth. Thus, the extracted values represent a measure of the dissimilarity of each grid
cells’ climate to the climate in our study site. Further details on the derivation of climate distances
are specified in Buras and Menzel (2019).

To assign a climate distance for each tree species, the distribution area of the respective species
was determined. For European species, the distribution in terms of chorological maps (Caudullo
et al, 2017) and relative probability of presence (RPP; de Rigo et al., 2016) were obtained from
the website of the Joint Research Centre of the European Commission. Synanthropic occurrences
were excluded to keep the focus on the natural distribution of the species. Equally, we excluded
fragmented isolated occurrences to avoid including entire grid cells for the sake of only a few
observations. For all other species, the GBIF (Global Biodiversity Information Facility, 2021)

occurrence data were used. We limited our research to tree-species observations after 1900 and
8
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excluded species that did not occur in at least 100 grid cells considering a global resolution of 0.5°
x 0.5° For the resulting 60 (of 74) individual species distributions, we extracted all climate
distances for further processing. To avoid the effect of a large distribution area, we identified for
each tree species the regions in the chorological map where the climate distance to the study area
was within the lower 20% quantile. Within these regions, we calculated the median of climate
distances to the study area.

2.3. Methods

2.3.1. Extraction and selection of tree crowns

To extract phenology on an individual tree level, single tree canopies needed to be identified from
the drone images. As input for the tree detection algorithms a canopy height model (CHM) was
calculated from the difference between the DSM and the DTM. DTMs were constructed from the
end of March (22nd and 28t%) drone images, when all deciduous trees had no leaves, and the ground
was clearly visible. DSM was obtained from drone images at the end of July (27t) when all
canopies were fully developed.

Treetops were detected by a variable window filter (Popescu and Wynne, 2004) using the vwf
function in the R (R Core Team, 2022) package ForestTools (v.1.0.1; Plowright and Roussel, 2023).
The algorithm detects local maxima, which correspond to a treetop, via a specific window filter
size in the CHM. The window size was set by a height-dependent function, starting from 3 m to 8
m CHM height with a constant value of 1, growing windows with a linear function (height * 0.06 +
0.52) from 8-35 m CHM height and a final constant of 2.62 above a CHM height of 35 m. The
function was derived by comparing different functions against a manually derived treetop map.
All treetops below 5 m were ignored since these mostly included shrubs and/or saplings. In a
further step, unrealistic and falsely detected treetops were removed, and missing treetops were
added by comparing the tops with multiple orthomosaics from spring, summer, and autumn.

Crowns were segmented from the filtered treetops with the algorithm by Dalponte and Coomes
(2016) using the R (R Core Team, 2022) package lidR (v3.1.0; Roussel et al., 2023; Roussel et al,,
2020). The algorithm used a height threshold of 5 m, a growing threshold 1 of 0.35, a growing
threshold 2 of 0.55, and a maximum amount of 90 pixels for the crown diameter of a detected tree.

After the extraction of the tree crowns for the study area, the canopy area (in m?) was calculated
for all crowns. All individuals with a canopy area < 3 m? were removed from the analysis to avoid
tree crowns with a low pixel count. Within each plot, tree crowns were manually filtered,
removing "non-circular”" crowns (incorrectly determined by the algorithm, significantly longer
than wide) from the final dataset. In addition, only crowns that were located within the planted
plots and species (derived from Bavarian State Forestry, 2022) with a minimum number of five
individuals within the plot were included in the analyses to ensure a higher representativeness of
the results. In the last step, 10 cm (one pixel) reverse buffers were calculated around each tree
crown to avoid overlaps and mixed pixels from two crowns. After the selection process, 74 tree
species (Table S3) and 3099 individuals were included in the final analysis.

2.3.2. Extraction of phenological metrics
The extraction of the phenological metrics for the single trees was done in R (R Core Team, 2022)
with the phenex package (v.1.4-5; Lange and Doktor, 2022). In the first step, a raster stack of all
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27 NDVI images of the year was created. Subsequently, we computed the median of the NDVI
pixels within each of the respective tree crowns for each of the 27 scenes. A double logistic
function was then fitted (Fischer, 1994) for each tree crown using the non-corrected 27 median
NDVI values. To determine individual SOS and EOS dates from these fitted NDVI curves,
percentage thresholds were set between the lowest, early-season (i.e., before peak-season NDVI)
and highest NDVI value (SOS) and the highest and lowest, late-season NDVI (EOS) in the time
series (“local” threshold). The SOS/EOS dates were then defined on the day when NDVI first
exceeded or fell below these thresholds. Each threshold was tested in 10 percent increments and
the SOS/EOS results were compared to the observed in-situ data. The best validation results were
obtained with a threshold of 0.5 for SOS and 0.7 for EOS. These phenological metrics were then
used for all further analyses (for illustration, see Figure S3). Finally, the length of the growing
season (LOS) was calculated by subtracting SOS from EOS for each tree crown. To analyze
differences in tree species phenology with respect to the continent of origin, a two-sided Wilcoxon
test was calculated between the respective continent groups.

2.3.3. Boosted Regression Trees (BRT)

To explain the interspecific variability of SOS, EOS, and LOS in the study area by traits (2.2.3.), a
BRT analysis was conducted. BRTs are a combination of regression trees and boosting, a machine-
learning algorithm. They have the advantage that predictor variables of any type (numeric, binary,
categorical) can be used and that they are relatively insensitive to outliers and collinearity, which
means that no variance inflation has to be calculated in advance (Elith et al., 2008; Sporbert et al.,
2022). We altogether computed three BRTs, i.e. each one to model the variance of the tree species
median SOS/EOS/LOS. As predictor variables we used 1) the 13 selected numerical traits (Table
1), 2) the continent of origin of the tree species as a categorical variable, and 3) the climatic
distance calculated in each case (section 2.2.4.). The models were set up in R (R Core Team, 2022)
using the package dismo (v1.3-14; Hijmans et al., 2023). We used a Gaussian error distribution, a
tree complexity of 1, alearning rate of 0.003, and a bag fraction of 0.5 for all models. Finally, partial
dependency plots and the relative importance (%) of all predictor variables in the models were
calculated. To evaluate the model performance, we used cross-validation (cv) correlation and
predicted (BRT) vs. observed (drone-derived) SOS, EOS, and LOS plots (see Figure S4-6).

3. Results

3.1. Validation of drone phenology

When comparing the ground observations (first leaf unfolding) and the drone-derived spring
phenology (SOS, local threshold: 0.5) for the individual tree species, a good agreement of the dates
was found (R? = 0.49; p < 0.001; Figure 2). 53 % of the observed tree species had an in-situ/drone
SOS difference of at most five days and the mean difference between drone-derived and in-situ
SOS was 5.6 days. For early leaf-unfolding species, the drone-derived SOS tended to be recorded
later than the observed leaf emergence, while later sprouting species had the tendency to be
assigned with earlier SOS values in comparison to the in-situ data. Validation differences between
the individual continents of origin could not be determined, although North American species
tended to leaf out later compared to the other continents.
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Figure 2: Scatterplot of the observed first leaf unfolding, and the calibrated SOS determined by the drone images for the
respective tree species. The observed tree species are color-coded according to the continent of origin (yellow: Asia;
blue: Europe; red: North America). The dark gray line in the plot represents the area where the in-situ data and the
drone data for spring phenology match perfectly. The dark gray area marks a maximum deviation of five days between
in-situ and drone phenology (inside: 53 % of the observed tree species). The coefficient of determination is shown at
the bottom right of the plot.

When comparing the autumn phenology data, even higher agreement between the drone EOS
(local threshold: 0.7) and the ground observations (50 % leaf discoloration) was observed than in
spring (R? = 0.79; p < 0.001; Figure 3). 93 % of the data points were within the 5-day deviation
between drone-derived and observed autumn phenology and the mean difference between drone
and in-situ EOS was 2.8 days. No differences were found within the validation in the distinction
between early and late senescent species or in the continent of origin, whereas North American
species were more likely to be early senescing species.
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Figure 3: Scatterplot between the observed 50 % leaf coloring, and the calibrated EOS determined by the drone images
for the respective tree species. The observed tree species are color-coded according to the continent of origin (yellow:
Asia; blue: Europe; red: North America). The dark gray line in the plot represents the area where the in-situ data and
the drone data for autumn phenology match perfectly. The dark gray area marks a maximum deviation of five days
between in-situ and drone phenology (inside: 93 % of the observed tree species). The coefficient of determination is
shown at the bottom right of the plot.

3.2. Tree phenology

The spring phenology (SOS) of the 74 tree species observed in the study area in 2022 ranged from
the end of March to the end of May, with a difference of 41 days between the median of the first
(Prunus padus; 4% of April) and the last leaf-unfolding species (Carya tomentosa; 15t of May;
Figure 4). In addition, it should be noted that there were a few species (Prunus padus, Larix
gemlinii var. principis-rupprechtii, Larix decidua var. polonica) that unfolded their leaves/needles
much earlier (6-14 days median difference) than the vast majority. Remarkable differences in SOS
were also observed within species (Fraxinus pennsylvanica with an interquartile range (IQR) of
11 days as well as Betula costata and Quercus alba with an IQR of 9 days each as the three most
variable species). Notably the North American species leaved out significantly later compared to
species of the other two continents (10-day difference to Europe in the median and 8 days to Asia;
Asia/North America: W = 82.5, p < 0.001; Europe/North America: W=112, p < 0.001).
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Figure 4: Drone-derived SOS for the 74 tree species observed in the study area, ordered by median. The respective
boxplots are composed of the SOS of the individuals and the tree species are colored according to the continent of origin
(yellow: Asia; blue: Europe; red: North America). The number (n) of observed individuals of the respective tree species
is indicated on the left-hand side. Small figure: SOS of the tree species of the respective continent of origin, which is
composed of the medians of the large figure. The asterisks mark the significance of a two-sided Wilcoxon test between
the respective continents (* = p-value < 0.05; ** = p-value < 0.01; *** = p-value < 0.001, Bonferroni corrected).

Autumn phenology (EOS) for the observed species extended from late August to mid-November.
The median of the first (Fraxinus pennsylvanica, 18t of September) and the last senescing species
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(Ostrya carpinifolia, 7t of November) had a difference of 50 days (Figure 5). As in spring, there
were also considerable differences within the species (IQR of 19 days for Larix kaempferi and 18.5
and 16.5 days for Populus alba and Larix x eurolepis, respectively, as the three most variable
species). When comparing the continental areas of origin, no significant phenological differences
were found between the different continents.
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Figure 5: Drone-derived EOS for the 74 tree species observed in the study area, ordered by median. The respective
boxplots are composed of the EOS of the individuals and the tree species are colored according to the continent of origin
(yellow: Asia; blue: Europe; red: North America). The number (n) of observed individuals of the respective tree species
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is indicated on the left-hand side. Small figure: EOS of the tree species of the respective continent of origin, which is
composed of the medians of the large figure. The asterisks mark the significance of a two-sided Wilcoxon test between
the respective continents (* = p-value < 0.05; ** = p-value < 0.01; *** = p-value < 0.001, Bonferroni corrected).

The length of the growing season (LOS) calculated from SOS and EOS ranged from 108 to 213 days
(Figure 6). The difference between the median of the species with the shortest (Fraxinus
pennsylvanica, 137 days) and the longest vegetation period (Larix decidua var. polonica, 196 days)
was 59 days. As in spring, it should also be noted that a small proportion (approx. 14 %) of the
species observed had a remarkably longer vegetation period than most of the other species (~
>180 days LOS in Figure 6). Here, too, there was considerable intraspecific variability (IQR of 20
days for Larix kaempferi and 19.5 and 17.75 for Fraxinus pennsylvanica and Malus sylvestris,
respectively, as the three most variable species). From a continental origin perspective, European
species had a significantly longer vegetation period than North American species (11-day
difference in the median; W = 653.5, p < 0.001).
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Figure 6: Drone-derived LOS for the 74 tree species observed in the study area. Large figure: LOS of the respective tree
species, ordered by median. The respective boxplots are composed of the LOS of the individuals and the tree species are
colored according to the continent of origin (yellow: Asia; blue: Europe; red: North America). The number (n) of
observed individuals of the respective tree species is indicated on the left-hand side. Small figure: LOS of the tree species
of the respective continent of origin, which is composed of the medians of the large figure. The asterisks mark the
significance of a two-sided Wilcoxon test between the respective continents (* = p-value < 0.05; ** = p-value < 0.01; ***
= p-value < 0.001, Bonferroni corrected).



441
442
443
444
445
446
447
448
449

450
451
452
453
454
455
456

3.3. Relationship between phenology, functional traits, and climate distances

In the BRT analysis of the SOS and the functional traits as well as climate distance (cv correlation
= 0.63), the three most important explanatory variables were the seed dry mass (relative
influence: 20.2 %), the continent of origin (20.1 %) and the leaf thickness (12.8 %; Figure 7a). If
the tree species came from North America, a significant delay in SOS was observed, while the
continents of Europe and Asia showed only minor differences (Figure S7). A positive relationship
between SOS and the traits mentioned was found for seed dry mass, with tree species with lighter
seeds (< 500 mg) leafing out earlier. In contrast, there was a negative relationship for leaf
thickness, where later SOS was associated with tree species with alower leaf thickness (< 0.2 mm).

In the BRTs for EOS (cv correlation = 0.20), the number of chromosomes (15.7 %), the stem
conduit diameter (15.7 %), and the SRL (12.6 %; Figure 7b) were the three most important
explanatory variables. A positive relationship between EOS and traits was found for stem conduit
diameter, whereby an earlier EOS was more likely for tree species that had a smaller stem conduit
diameter (< 100 pm; Figure S8). In contrast, the number of chromosomes and SRL had a negative
relationship with EOS: tree species with fewer chromosomes (< 20) and a lower SRL (< 2000 cm
g1) were more likely to be associated with a later EOS.
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Figure 7: Relative importance (%) of the functional traits and the climate distance for the individual phenological
metrics (a: SOS; b: EOS; c: LOS) from the BRT analysis. Positive correlations between the respective traits and the
phenological metrics are marked in green and negative correlations in red; the continent is marked in gray due to its
three categorical characteristics. The corresponding partial dependency plots can be found in Figure S7-9. The
respective cv correlation was 0.63 (SOS), 0.20 (EOS) and 0.37 (LOS).

Finally, the BRT analysis for the LOS (cv correlation = 0.37) showed a combination of the results
of SOS and EOS (Figure 7c). The most important explanatory variables were the continent of origin
(17.3 %), SRL (16.6 %) and seed dry mass (13.9 %). If the tree species came from Europe, a
significant longer LOS was observed, while the continents of Asia and North America showed only
minor differences (Figure S9). The other variables were negatively related to EOS, with tree

18



463
464

465

466
467
468
469
470
471
472

473

474
475
476
477
478
479
480
481
482
483
484

485
486
487
488
489
490
491
492
493
494

495
496
497
498
499
500
501
502
503
504
505

species with lighter seeds (< 50 mg) and a lower SRL (< 2500 cm g1) being associated with a
longer LOS.

4. Discussion

When assessing multiple phenological metrics using drone images across 74 deciduous tree
species, both the drone-derived spring and, notably autumn phenology demonstrated a high
degree of agreement with in-situ observations. A high inter- and intraspecific variability was
found in the SOS, EOS, and LOS and a considerable part of the interspecific variability of up to 55
% can be related to functional traits, with the continent of origin, seed dry mass and number of
chromosomes being among the most important ones.

4.1. Measuring deciduous tree phenology with a drone at a multi-species site:
possibilities and limitations

The drone spring and autumn crown phenology for a variety of deciduous tree species derived
from a single uniform method (non-corrected NDVI values, double logistic function, “local”
threshold) matched in-situ observations mostly well. This confirms previous studies (e.g.,
Klosterman and Richardson, 2017; Berra et al., 2019) reporting that reliable and robust recording
of plant phenology at the individual level is possible by drone monitoring. Compared to similar
study approaches (Budianti et al., 2021; Budianti et al., 2022; Fawcett etal., 2021; Wu et al,, 2021),
equal or even better agreements between drone- and in-situ-based phenology could be shown
here, especially as these former studies even used different species, derivation methodologies and
measurement devices.

The fact that the drone-based spring phenology shows less agreement with in-situ observations
than the autumn phenology can be explained by the understory-overstory interaction: In spring,
the understory vegetation shows an earlier greening compared to the adult tree crowns (e.g.,
Richardson and O’Keefe, 2009; Vitasse, 2013) and is therefore included in the (mixed-pixel) NDVI
images of early spring. This temporal mismatch in spring is a general problem in remote sensing
at different scales (e.g., Filippa et al, 2018; Ryu et al,, 2014; Budianti et al., 2021), primarily
explaining that NDVI data inconsistently predict an earlier SOS date than the observed onset of
leaf unfolding. In autumn, however, the understory vegetation only influences the images after the
leaves of the trees have fallen and therefore does not distort the drone-derived onset of leaf
discoloration.

Tree species exhibiting a later SOS according to drone data compared to in-situ observations also
underscore the methodological uncertainty inherent in phenological assessments. While drone-
derived phenology addresses each individual tree, field observations rely on assumptions of
representativeness for the plot, given that the entire area cannot be observed from the ground. In
addition, ground truth data encompass specific phenological stages (such as budburst, leaf-out,
and first leaf unfolded), whereas drone data only assesses a calculated index based on the
greenness of the vegetation. This obviously leads to a larger discrepancy in spring compared to
autumn phenology, as leaf discoloration is much easier monitored visually and on a larger scale.
To increase the quality of drone-based phenological onset dates, a comparison with canopy or
hemispherical camera images (as applied by Fawcett etal. (2021) or Klosterman et al. (2018)) can
add more precision. Nevertheless, the evaluation results obtained in this study promise robust
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statements about key phases in the phenology of different tree species and their inter- and
intraspecific variability.

4.2. Explaining intra- and interspecific variability of deciduous tree phenology

The trees exhibited high interspecific (up to 50-day difference in medians) and intraspecific (up
to a 19-day interquartile range) phenological variability under nearly identical environmental
conditions in both spring and autumn. This resulted in differences in the length of the growing
season of up to almost two months between individual trees.

Alarge phenological variability of individuals within a tree species was also observed in previous
analyses (e.g., Marchand et al., 2020; Delpierre et al., 2017; Prislan et al., 2013). The reasons for
this intraspecific variability are often the age and height of the trees observed (Augspurger and
Bartlett, 2003; Marchand et al., 2020; Osada and Hiura, 2019), but also the microclimate
(Delpierre et al., 2017; Osada and Hiura, 2019) and genetic diversity (Capdevielle-Vargas et al.,
2015; Delpierre et al., 2017; Schmeddes et al., 2023). In our study area, all individuals of a tree
species are planted in the same year and therefore differ only slightly in height, which is why the
variability cannot be explained by the previous factors. Temporal patterns (as later leaf-out and
earlier senescence mean less variability; Denéchere et al,, 2021) are also not observable in both
spring and autumn. In contrast, the large intraspecific variability is striking. In addition, as in
comparable studies (e.g., Denéchere et al., 2021; Marchand et al,, 2020; Capdevielle-Vargas et al,,
2015), the intraspecific variability is lower in spring than in autumn events. This can be explained
by the fact that the onset of senescence is more complex and therefore dependent on more factors
than spring phenology (Gill et al, 2015; Lu and Keenan, 2022). Accordingly, the sensitivity to
individual drivers can have accumulated effects on different individuals and thus result in greater
autumnal phenological plasticity.

Comparing the phenological onset dates between the species, the interspecific phenological
variability in spring was in line with previous studies (e.g., Cole and Sheldon, 2017; Panchen et al,,
2014; Richardson and O’Keefe, 2009; Wesotowski and Rowiniski, 2006). In contrast, the variability
of autumn phenology was comparatively high (e.g., compared to Budianti et al., 2022; Budianti et
al, 2021; Wu et al,, 2021; Archetti et al, 2013; Richardson and O’Keefe, 2009), which can be
explained by the high number and diversity of the species considered. Even though a comparison
with other studies is only possible to a limited extent due to different meteorological and
environmental conditions, parallels can be recognized in the chronological order of the
phenological onset dates of the tree species: While species such as Alnus incana (Donnelly et al.,
2017) or the genera Prunus, Populus (Richardson and O’Keefe, 2009) or Corylus (Wesotowski and
Rowinski, 2006) tend to leaf out early, greening of Nyssa sylvatica or the genera Quercus
(Richardson and O’Keefe, 2009) and Fraxinus (Cole and Sheldon, 2017) are more likely to be
observed later in the spring. In autumn, on the other hand, early leaf discoloration seems to be
common, especially in Acer rubrum (Archetti et al., 2013; Richardson and O’Keefe, 2009), while
the genera Populus and Quercus mainly senesce later in the year (Archetti et al,, 2013; Richardson
and O’Keefe, 2009; Wu et al., 2021).

Both in spring and in autumn, the variation in phenological timing between the tree species can

be interpreted as different growth strategies: While early leafing-out plant genera such as Larix

or various species of the Rosaceae family (Prunus padus, Pyrus communis, Sorbus aucuparia, Malus

sylvestris) or late senescing genera such as Larix or Quercus pursue maximization of carbon

sequestration and use of seasonally limited resources (i.e., light) over a prolonged growth period
20
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("phenological escape”; e.g., Lee and Ibafiez, 2021; Richardson and O’Keefe, 2009), genera such as
Quercus or Carya presumably try to minimize the risk of late frost by late leaf emergence in spring
(Bennie et al., 2010; Vitasse et al.,, 2014).

These strategies seem to have some inherent logic, but the phenological behavior of a specific
single species is difficult to derive from these general statements. One possibility is to link the
growth strategies to continents of origin and to respective functional traits of the tree species. Our
study shows that North American tree species and species with higher seed dry mass and lower
leaf thickness are associated with later leaf-out. Interestingly, other studies have also linked the
time of leaf emergence or phenological sensitivity to continental differences (Lee et al., 2022;
Zohner and Renner, 2017), whereby a later leaf-out in North American species is primarily
explained by higher variability of North American spring temperatures and the associated risk
avoidance strategy with regard to late frost events (Zohner et al., 2017). In contrast to Zohner and
Renner (2017) earlier leaf discoloration of North American species is hardly observed in our
study. Frost avoidance could also be the driver for other traits: tree species with heavier seeds
may invest a lot of energy in reproduction and are therefore more likely to lower risks associated
with energy loss due to late frost. Furthermore, tree species with thinner leaves are more
susceptible to low temperatures and the resulting frost damage (Bucher et al., 2019; Bucher and
Rosbakh, 2021) and therefore may exhibit a later leaf-out date, similar to Horbach et al. (2023).

A significantly distinct picture emerges when considering traits related to autumn phenology: tree
species with a lower chromosome number and SRL as well as a larger stem conduit diameter tend
to enter senescence later. A potential influence of chromosome numbers represents a totally novel
aspect in plant phenology, with only a few papers offering insights into potential explanatory
connections. For example, it is known that species with monoploid large genomes are more likely
to invest in inflorescence preformation and thus flower and senesce earlier (Schnablova et al,,
2021). In principle, different chromosome numbers in angiosperm tree genera hint at
phylogenetic differences (Carta et al., 2018). Interestingly, for Italian vascular plant species,
chromosome numbers were poorly related to climatic conditions, but to environmental
categorical variables suggesting an evolutionary role. Carta et al. (2018) reported that lower
chromosome numbers were associated with open, disturbed, drought-prone, i.e. instable habitats,
while species in stable environments (favoring higher recombination rates) and with longer life
cycles had generally higher chromosome numbers. Translating our findings into Carta’s scheme
would indicate that species from stable environments should have EOS earlier, whereas pioneers
or species from disturbed habitats may profit from later EOS. With regard to the stem conduit
diameter, due to the positive correlation with both spring and autumn phenology, it can be
assumed that the species that unfolded their leaves later due to the strategy of frost avoidance
with a larger conduit diameter (Lechowicz, 1984; Panchen et al., 2014) now make up for the
initially lower carbon sequestration compared to other species through later senescence.
Regarding SRL, our findings might be linked to nutrient and water acquisition as good water-use
efficiency was linked to later dates of senescence (Bucher and Rémermann, 2021).

Another aspect that should also be mentioned in this context is the drought summer of 2022
(Toreti etal,, 2022). Regarding the general influence of drought on autumn phenology, the current
study situation is contradictory (Gill etal.,, 2015; Lu and Keenan, 2022; Zani et al., 2020), with tree
species’ phenology reacting individually to drought stress (Bigler and Vitasse, 2021; Grossiord et
al,, 2022). Both visually in the field and in the NDVI data, no drought stress could be detected
within the plots of the study area in the summer of 2022, most likely due to optimal soils with high
water storage capacities, which meant that no analyses could be carried out in this context.
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Nevertheless, this circumstance should be included in the final assessment when considering
autumn phenological variability.

The length of the growing season, which results from SOS and EOS, is a clear combination of the
SOS/EOS-trait relationships. European species start leaf emergence earliest and change color later
than North American and Asian species, resulting in a significantly longer growing season.
Furthermore, a higher SRL is associated with earlier leaf discoloration and thus a shorter LOS.
Finally, a high seed dry mass tends to result in later leaf emergence, which also results in a shorter
LOS.

4.3. Limitations and uncertainties

Due to the large number of trait data sets and the complex methodology to derive single tree
crown phenological onset dates, there are also several uncertainties and limitations in our study.
Regarding the drone data it should be noted that there are different illumination conditions
depending on the season and weather, which can influence the calculation of the NDVI values
(Fawcett et al.,, 2021). In addition, the orthorectification also induces inaccuracies of up to 30
centimeters, which can primarily distort the edge pixels of the respective crowns. The in-situ
observations were only observed plot-wise. As shown in the study though, there are clear
intraspecific phenological differences, which cannot be described in a plot-by-plot summary. Not
all individuals were clearly visible, especially in larger plots, which made the assessment even
more difficult. In addition, only a subset of the species analyzed with the drone could be observed
on the ground and the temporal frequency of the drone and in-situ data do not match. Regarding
the functional traits used in the study, most of the traits were not measured on-site, but were only
retrieved from database values, of which some were based on a gap-filling algorithm. Different
values would certainly be measured on site, although the magnitude of the values should be
realistic depending on the species (e.g., Kazakou et al,, 2014; Cordlandwehr et al., 2013; Violle et
al,, 2015).

Regarding the methodology, it is particularly noteworthy that the polygons of the respective tree
crowns are created automatically and therefore only represent the real crown shape to a limited
extent, even if unrealistic crowns were removed in the selection process. With more than 3000
individuals, we cannot rule out with 100% certainty that another species has spread naturally
somewhere in the plots and - due to very similar phenology - this individual has not been noticed.
When extracting the phenology from the drone images, curve fitting represents a simplification of
the phenological curve, but is also a well-accepted (Zeng et al., 2020) method to reduce the
influence of false outliers (snow cover, drought influence). In addition, setting a general NDVI
threshold for over 3000 individuals and 74 species is a clear simplification of the phenological
conditions. Regarding the BRT, it should be noted that models based on 74 data points (species)
do not promise the highest robustness but are appropriate in this context.

5. Conclusion

Analyzing the phenology of 74 deciduous tree species and 3099 individuals using drone images,
our study generates important new insights from both technical and ecophysiological
perspectives. We showed that the derivation of SOS, EOS, and LOS via drone images for a large
number of tree species using just one methodology achieves robust results and is a promising

approach for monitoring phenology on the tree-individual level. Significant phenological
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differences were found both within and between tree species, which led to differences in the
length of the growing season of up to two months under nearly identical environmental
conditions. The interspecific phenological variation could be explained by functional traits, with
the continent of origin, seed dry mass and leaf thickness in spring explaining the variability with
the strategy of frost avoidance. In autumn, the number of chromosomes, the SRL and the stem
conduit diameter played a dominant role. The results encourage new research approaches in the
field of plant phenology and form an important basis for understanding different growth
strategies of dominant deciduous tree species in the Northern Hemisphere. Finally, the
methodological support with camera data and traits measured on-site offer further potential to
generate in-depth phenological insights within this research field in the future.
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Supplementary Material: The linkage between functional traits and
drone-derived phenology of 74 Northern Hemisphere tree species

Weltwald Freising
48°24'37"N 11°39'34"E, Alt: 508 m Mean temp: 9.6 °C

2022 Annual precip: 829 mm
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Figure S1: Monthly mean temperature and precipitation sum of the meteorological measuring station in the “Weltwald”
Freising for the observation year 2022 in Walther-Lieth format (red: temperature; blue: precipitation; data provided
by the Bavarian State Institute of Forestry).
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10 Figure S2: Topographic map of Weltwald Freising. The plots framed in black are the analyzed tree species plots within
11 this study (for the selection criteria see section 2.3.1; yellow: Asia; blue: Europe; red: North America; background map:
12 Bavarian Surveying Administration, 2024; polygon data: Bavarian State Forestry, 2022).

13

14 Table S1: Flight dates in the year 2022. Overall, 27 drone flights were performed to derive the phenological metrics for
15  the study site.

Day Month
03rd, 22nd, 28th \ March
06th, 12th, 20th, 28th April
04th, 10th, 19th, 25th | May
02nd, 14th June
19th, 27th | July
03rd, 23rd August
12th, 22nd, 26th \ September
05th, 13th, 18th, 26th October
08th, 21st \ November
07th December
16
17

18 Table S2: Processing options for PIX4D mapper.

Initial Processing Details

Image Coordinate System WGS 84
Ground Control Point (GCP) Coordinate System WGS 84
Output Coordinate System WGS 84 / UTM zone 32N

Processing Options

Detected Template MS_RGB_COMB_V2*

Keypoints Image Scale Full, Image Scale 1
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20

21
22
23

Advanced: Matching Image Pairs
Advanced: Matching Strategy

Advanced: Keypoint Extraction Targeted Number of Keypoints:

Advanced: Calibration

Rematch

Rig «MS_ALL» processing

Aerial Grid or Corridor
Use Geometrically Verified Matching: no
Custom, Number of Keypoints: 20000
Calibration Method: Geolocation Based
Internal Parameters Optimization: All
External Parameters Optimization: Rotation
Auto, no

Ignore rig

Point Cloud Densification details

Image Scale

multiscale, 1 (original image size, slow)

Point Density Optimal
Minimum Number of Matches 2

3D Textured Mesh Generation No
LOD Generated No
Advanced: Image Groups Groupl
Advanced: Use Processing Area Yes
Advanced: Use Annotations Yes

DSM, Orthomosaic and Index Details

DSM Filters

Raster DSM

Orthomosaic

Radiometric calibration with reflectance target

Index Calculator: Reflectance Map

Index Calculator:

Noise Filtering: yes

Surface Smoothing: yes, Type: sharp
Generated: yes

Method: Inverse Distance Weighting
Merge Tiles: yes
Generated: yes
Merge Tiles: yes

GeoTIFF Without Transparency: no

Google Maps Tiles and KML: no
Yes
Generated: yes
Resolution: 10 [cm/pixel]
Merge Tiles: yes
Indices Red_red, NIR_nir, ndvi_MS

Table S3: Drone-analyzed tree species in the “Weltwald Freising” and their continental area of origin (Rudolf, 2023),
the year of planting (Bavarian State Forestry, 2022), the number of individuals in each plot, and whether the phenology
was observed from the ground.

Ground Ground
. . Year of Number of . .
Species Continent . oo observations observations
planting individuals . . .
in spring in autumn
Acer negundo ‘ North America 2002 29 X
Acer pensylvanicum North America 2002 26
Acer platanoides ‘ Europe 1991 99 X X
Acer rubrum North America 2002 55
Acer saccharum ‘ North America 2002 42 X X

3



Acer tataricum subsp.
ginnala

Betula maximowicziana

Larix gmelinii var. Principis-
rupprechtii

Liriodendron tulipifera

Populus trichocarpa North America 1997 12

Asia 2012 10 X

4
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25
26

28
29

Prunus avium Europe 1996 98 X X
Prunus padus Europe NA 24
Pterocarya fraxinifolia Europe 1994 8
Pterocarya rhoifolia Asia 1991 9 X
Pterocarya stenoptera Asia 2011 133 X
Pyrus communis Europe NA 36 X
Pyrus ussuriensis Asia 2011 10 X
Quercus alba North America 2001 9 X
Quercus bicolor North America 2001 84 X
Quercus coccinea North America 1996 16 X
Quercus nigra North America 2003 19 X
Quercus palustris North America 2001 32 X X
Quercus petraea Europe 1996 128 X X
Quercus robur Europe 1987 196 X X
Quercus rubra North America 1987 141 X X
Robinia pseudoacacia North America 2015 56 X X
Sorbus aucuparia Europe 1992 24 X
Sorbus domestica Europe 1993 7 X
Sorbus intermedia Europe 1994 34
Sorbus torminalis Europe 1994 173 X X
Tilia amurensis Asia 2011 12
Tilia tomentosa Europe 2013 35 X
Ulmus americana North America 2016 49
Ulmus laevis Europe NA 68 X
Ulmus minor Europe 2015 6
Zelkova carpinifolia Europe 1997 33 X X

Table S4: Correlation values of Spearman’s rank correlation analysis between the functional traits and the extracted
phenological metrics. Additionally, lines 24 and 25 show the correlation values between the phenological metrics.
Statistically significant correlations are marked with an asterisk (p-value < 0.05 = *; p-value < 0.01 = **; p-value < 0.001

= ***)_The traits marked in bold were finally used in the BRT analysis.

Plant trait SosS EOS LOS

1 Age (y) 0.02 -0.03 0.01

2 Tree height (m) 0.04 0.22 0.12

3 ‘ Crown area (m?) 0.01 0.21 0.14
4 Leaf area (mm?) 0.44%+* -0.01 -0.27*
5 ‘ Leaf thickness (mm) -0.49%** 0.09 0.35**
6 II:;t; z;;(;::;)er leaf dry mass (specific leaf area, SLA; 015 019 -0.19

i.sz{ ;lrll'z :1])21;[5(: ?;l;g ?f)af fresh mass (leaf dry matter -0.06 0.05 0.08

8 Seed dry mass (mg) 0.49%** 0.17 -0.16

9 ‘ Seed number per reproduction unit (n) -0.21 0.06 0.13

10 Leaf water content per leaf dry mass (not saturated; g g-1) -0.08 -0.09 0.01

5



11 ‘ Leaf nitrogen (N) content per leaf dry mass (mg g1) ‘ 0.14 0.02 -0.09
12 Leaf carbon (C) content per leaf dry mass (mg g1) -0.18 0.02 0.08
13 ‘ Leaf phosphorus (P) content per leaf dry mass (mg g-1) ‘ -0.24* -0.20 -0.05
14 Leaf carbon nitrogen ratio (g g1) 0.03 -0.03 -0.02
15 ‘ Stem conduit diameter (micro m) ‘ 0.43%** 0.17 -0.15
16 Wood rays per millimeter (wood ray density; mm-1) 0.03 -0.11 -0.13
17 ‘ Wood vessel element length (micro m) ‘ -0.21 0.01 0.12
18 Wood fiber lengths (micro m) -0.09 0.11 0.09
19 ‘ Chromosome number (n) ‘ -0.08 -0.27* -0.15
20 Chromosome cDNA content (pg) -0.06 0.12 0.11
21 CR;og_isngth per root dry mass (specific root length, SRL; 0.20 -0.10 023
22 f‘;ﬁ;tll'l(')(;;llincg;hg;_)lc):r fine root dry mass (specific root 0.29* 015 033
23 Root rooting depth (m) 0.20 0.14 0.01
Pheno- | SOS (DOY) - 0.05 -0.60%**
metrics | gos (DOY) 0.05 - 0.72%%*
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Figure S3: Example plot for extracting the phenological metrics for a tree. The 27 NDVI crown medians (white dots), the
blue fitted NDVI curve (double-logistic) and the two threshold lines (SOS: 0.5, EOS: 0.7), which determine the SOS and
EOS, are shown.
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