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Healthy street trees provide important ecosystem services to cities, but are under increasing stress from ur-
banisation and climate change, including drought. Traditional field observations are limited in their ability to
provide city-wide and regular monitoring of the drought response of street trees, which is essential for their
effective management. To overcome this, we propose a novel workflow using freely available remote sensing
imagery from Sentinel-2 to identify temporal and species-specific drought response patterns of street trees. We
evaluate the workflow on a sample of 2514 mature street trees of the seven most common street tree species in
Leipzig, Germany. For each tree, we generate time series of eight vegetation indices from 2017 to 2022, namely
enhanced vegetation index (EVI), normalised burn ratio (NBR) and normalised difference vegetation index
(NDVI), each using the 10 m and 20 m resolution near-infrared band (EVI-10, EVI-20, NBR-10, NBR-20, NDVI-10,
NDVI-20), as well as red edge normalised difference vegetation index (RENDVI) and red-green vegetation index
(RGVI). They form the basis for a correlation analysis with the meteorological drought indicator standardised
precipitation evapotranspiration index (SPEI) and for annual growing season integrals, which we subtract from
those of the base year 2017. We use boxplots and statistical hypothesis testing to examine differences between
and within tree species and years. The results show positive relationships between the eight vegetation indices
and the SPEI, with the NBR-20 having the highest correlation coefficients. We also find significant differences in
the drought response of several tree species, with Quercus robur being the most drought responsive and Platanus x
acerifolia being the least. While most tree species have significantly smaller growing season integrals in the
drought years 2018 and 2020 than in the non-drought years 2017 and 2021, the effects are not as pronounced in
the drought years 2019 and 2022. Uncertainties arise, for example, from spectral signal variations caused by
adjacent land use. Nevertheless, the proposed workflow holds promise for incorporation into holistic urban green
management solutions and mixed-method approaches for further research into the causes and consequences of
drought-induced damage to street trees.

1. Introduction

The responses of urban vegetation to drought are as diverse as the
temporal scales of the phenomenon (Miller et al., 2022), complicating
the study of drought response patterns. Droughts are extreme events of
insufficient moisture conditions due to precipitation deficits. Unlike
some other extreme events, the phenomenon and its effects extend over
multiple time scales and occur gradually (Gessner et al., 2013; Pluntke
et al.,, 2021; Zhao et al., 2020). This study focuses on meteorological
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droughts, which result from a negative water balance due to reduced
precipitation and increased evapotranspiration for a given period and
region compared to the long-term average (Bernhofer et al., 2015). In
contrast, agricultural and hydrological droughts include additional
factors that influence moisture conditions, such as soil moisture,
groundwater, streamflow, and surface water storage (Jiao et al., 2021).
Thus, the timing, duration, and magnitude of droughts depend on both
the accumulation period of moisture deficits and the factors considered
according to the drought definition (Bernhofer et al., 2015).
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Monitoring the effects of drought on vegetation is increasingly
relevant because healthy urban vegetation provides important
ecosystem services to cities and their inhabitants, such as heat mitiga-
tion, noise buffering, and space for recreation (Kabisch et al., 2021;
Kraemer and Kabisch, 2022; Rey-Gozalo et al., 2023). The need for such
services is increasing due to the ongoing trends of urbanisation and
climate change. At the same time, however, urban vegetation itself is
affected by several threats caused by these trends such as poor air
quality, sealed surfaces, and droughts. These stresses ultimately reduce
the needed ecosystem services of urban vegetation (Carlan et al., 2020;
Kabisch et al., 2021).

Street trees, as part of the urban vegetation, are particularly exposed
to these threats (Haase and Hellwig, 2022). Impervious surfaces and the
urban heat island can increase water and heat stress on street trees
(Mullaney et al., 2015). Knowledge of the stress response patterns of
street trees could improve the management of urban green spaces and
hence the provision of ecosystem services (Fang et al., 2020). Tradi-
tionally, costly and labour-intensive field observations are used to
monitor the health of street trees, but they are not feasible for larger
areas and regular observations (Ciesielski and Sterenczak, 2019; Garcia-
Pardo et al., 2022; Haase and Hellwig, 2022). Publicly available remote
sensing imagery provides an alternative for citywide and regular
assessment of the street tree health.

Remote sensing images are already widely used for urban studies,
but the opportunities offered by dense time series are often missed. For
example, some studies map urban green spaces and classify urban
vegetation (Aryal et al., 2022; Duarte et al., 2014; Kopecka et al., 2017),
while others study urban-rural gradients and heat island effects (Kreh-
biel et al., 2016; Qiu et al., 2020). However, most studies focus on large
areas rather than small features such as street trees, and often do not
exploit the temporal information of remote sensing times series (Shah-
tahmassebi et al., 2021). Therefore, land surface phenology is under-
studied in urban areas (Jochner and Menzel, 2015; Krehbiel et al., 2016;
Qiu et al., 2020), although it is well suited to differentiate vegetation
responses to climate impacts, such as drought, as well as inter- and intra-
annual land cover changes, including vegetation disturbance and re-
covery (Brooks et al., 2020; Jochner and Menzel, 2015; Zeng et al.,
2020). Recent advances in the spatial, radiometric, spectral, and tem-
poral resolution of remote sensing imagery hold great promise for con-
ducting such intra-annual analyses in heterogeneous urban
environments (Garcia-Pardo et al., 2022; Wellmann et al., 2020; Zhu
et al., 2019).

Sentinel-2 provides freely accessible multispectral optical data with a
spatial resolution of ten metres and a temporal revisit time of five days
(ESA, 2023). The main objective of this study is to develop a workflow
that uses Sentinel-2 derived vegetation indices' and drought response
metrics from 2017 to 2022 to describe the impact of a multi-year
drought on prevalent mature street trees in Leipzig, Germany. Specif-
ically, we address and answer the following research questions:

(1) How do different vegetation indices relate to meteorological
drought conditions?

(2) What temporal and species-specific drought response patterns of
street trees does the correlation between meteorological drought
conditions and vegetation indices reveal?

(3) What temporal and species-specific drought response patterns of
street trees do growing season integrals of vegetation index time
series reveal?

We address these questions by using time series analysis, correlation
analysis, land surface phenology analysis, and statistical hypothesis
testing. For the first and second research questions, we examine the
relationship between meteorological drought conditions and vegetation

! EVI-10, EVI-20, NBR-10, NBR-20, NDVI-10, NDVI-20, RENDVI, and RGVI
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indices using Pearson’s correlation coefficient to compare eight vege-
tation indices and to identify the cumulative effects of drought on
different tree species. Based on the comparison of vegetation indices, we
select the index with the highest correlation for research questions two
and three. Within the third research question, we calculate annual
growing season integrals of the vegetation index time series. Here, we
focus on interannual variations in the drought response of the street
trees studied. Quantitative validation of time series is difficult due to a
lack of ground-truthing data (Low and Koukal, 2020). Therefore, we
evaluate the validity and information content of the developed drought
response metrics based on the timing of drought events in Leipzig be-
tween 2017 and 2022 and on the drought tolerance of the studied tree
species. These are Platanus x acerifolia (P. x acerifolia), Quercus robur
(Q. robur), Tilia cordata (T. cordata), Fraxinus excelsior (F. excelsior),
Aesculus  hippocastanum (A. hippocastanum), Acer pseudoplatanus
(A. pseudoplatanus), and Acer platanoides (A. platanoides).

1.1. Effect of droughts on common street tree species

A common response of trees to drought is to close the stomata to
reduce water loss, resulting in lower photosynthetic rates and reduced
ecosystem services such as carbon uptake. In the medium term, trees
respond by deforming their leaves and dropping leaves or whole
branches. In the long term, mortality increases, growth is reduced and
shorter shoots are formed (Brune, 2016).

The drought response of trees depends on the duration and severity
of the drought and varies between species. Due to different morpho-
logical and physiological characteristics, some species are more drought
tolerant than others (Table 1). In general, spring water availability
strongly influences tree health (Hirsch et al., 2023; Moser et al., 2017).
Some trees, such as P. x acerifolia and A. platanoides, respond to water
deficits with a time lag, resulting in limited growth in the years
following the drought (Gillner et al., 2014; Hirsch et al., 2023).

Table 1

Drought tolerance of common street tree species based on core literature
about (urban street) tree properties, bio-physical tolerances and sensitivities
including water requirements, leaf area index, insolation resistance and sto-
mata properties (Hessisches Landesamt fiir Naturschutz, Umwelt und Geo-
logie [HLNUG], 2023; Roloff et al., 2009; TU Dresden, 2015).

TU Dresden, Roloff et al., HLNUG, Brune, Hirsch et al.,
Source 5915 2009 2023 2016 2023
Tree species
Platanus x
acerifolia very tolerant  very suitable good lgilsét:zcgt;?
Quercus robur sensitive roblematic medium eI tess fittan]
P tolerant by drought
Tilia cordata particularly
el suitable medium sensitive to
tolerant
drought
Fraxinus drough
7 ght . . moderately
excelsior tolerant i e et tolerant
Aesculus not drought not very low moderately
hippocastanum tolerant suitable sensitive
Acer not drought not very moderately
pseudoplatanus tolerant suitable sensitive
Acer platanoides articularl
drought q o moderately particuiarly
suitable medium sensitive to
tolerant tolerant
drought
Legend: most drought tolerant least drought tolerant no data
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1.2. Remote sensing analysis for urban street tree monitoring

Despite recent advances in remote sensing sensors, accurate moni-
toring of the response of street trees to drought remains challenging.
Spectral signals are affected by heterogeneous urban land cover, leading
to mixed pixel problems, mistaking bright surfaces for clouds and snow,
and altering shaded areas (Garcia-Pardo et al., 2022; Haase et al., 2019;
van der Linden et al., 2019; Zhu et al., 2019). As droughts and vegetation
dynamics occur at different temporal scales, the processes need to be
disentangled. For example, drought-induced damage occurs in addition
to long-term trends, the seasonal cycle and random fluctuations. Remote
sensing analysis for street tree monitoring thus faces the problem of
decomposing additive time series in a setting of heterogeneous, spec-
trally ambiguous urban land cover.

The literature on monitoring the health of street trees using remote
sensing data is modest, but key studies analysing the health of individual
street trees are: Fang et al. (2020), who develop a classification model to
distinguish between health classes, and Granero-Belinchon et al. (2020),
who develop a reconstruction methodology for vegetation index time
series in urban areas. Both studies focus on trees with a large crown size
by masking non-vegetated pixels based on a vegetation index threshold
and a previous classification, respectively. For our study, Miller et al.
(2022) and Low and Koukal (2020) are key publications from a meth-
odological perspective. Miller et al. (2022) investigate the temporal
dimension of drought responses by correlating drought indices calcu-
lated over different time periods, i.e. the SPEIL, with the NDVI and the
difference in land surface temperature (LST) between vegetation and
impervious surfaces. They compare the correlation results between
spatially aggregated patches of broadleaf, needleleaf, eucalyptus and
oak trees, as well as annual grasses and turfgrass lawns. Low and Koukal

Ecological Informatics 82 (2024) 102659

(2020) assess temporal patterns of drought response by subtracting the
time series of a detection period from a reference time series. This
approach is similar to the vegetation condition index (VCI), which
compares the vegetation index value of a given year to the maximum
vegetation index value of reference time series from the same location
(Kogan, 1990). A pixel-based analysis makes these approaches appli-
cable to urban areas. The correlation analysis of Miller et al. (2020) and
the time series deviations of Low and Koukal (2020) form the basis of the
drought response metrics developed here.

At the patch level, Carlan et al. (2020) build a linear mixed-effect
model that shows that irrigation systems, LST, and distance to lakes
and roads are the main drivers of vegetation conditions. Li et al. (2017)
decompose a three-year time series, which allows them to identify sea-
sonal patterns and long-term trends, such as the greening of broadleaf
trees between 2010 and 2013, and fewer intra-annual disturbances due
to heat compared to shrubs (Li et al., 2017). The above studies
demonstrate the feasibility of remotely sensed monitoring of street tree
health, while also highlighting its limitations — including filtering for
mature trees, masking non-vegetated pixels, and applying strict outlier
exclusion criteria.

2. Methodology
2.1. Study area

Leipzig is a fast-growing city in central Germany with an average
annual rainfall of 611 mm (Deutscher Wetterdienst [DWD], 2023)
(Fig. 1). The city experienced multiple drought events in the past years
with 2018, 2019, 2020, and 2022 being the warmest on record (Fuchs,
2022; Imbery et al., 2023). Although 2021 was slightly wetter and

Legend

Tree species [sample size]
e Acer platanoides [322]
® Acer pseudoplatanus [209]

» Aesculus hippocastanum [137]
Fraxinus excelsior [301]
Platanus x acerifolia [1225]
Quercus robur [255]

e Tilia cordata [65]
[ City boundary of Leipzig

Sources:

- Street tree cadastre Leipzig 2020
- ESRI gray basemap

Date: 28/02/2024

Author: Leonie Leisenheimer

Fig. 1. Map of the city of Leipzig and the street tree sample by tree species.
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cooler, the meteorological drought of the previous years resulted in the
most severe groundwater drought in 100 years (Fuchs, 2022). It is
projected that droughts will occur more often in Leipzig with an esti-
mated 34% decrease in summer precipitation coupled with 3.7 to 5.4 °C
increase in annual temperature by 2071 (Rumpf, 2021a, 2021b).

Leipzig’s climate adaptation strategy defines urban trees as an
important measure to mitigate heat, especially through shading (Stadt
Leipzig, 2021). At the same time, the city recognises the many threats to
street trees, which affect older trees in particular, as the prolonged
drought of recent years has dried out deeper layers of soil (Stadt Leipzig,
2019a). Irrigation is mainly used for young trees up to ten years of age.
In addition, citizens are motivated to contribute by adopting and wa-
tering young trees (Stadt Leipzig, 2023). The city of Leipzig identifies a
potential of 45,000 additional street trees, aiming to plant 1000 trees a
year (Stadt Leipzig, 2019b).

2.2. Data and its processing

2.2.1. Climate data for characterizing drought conditions

In this study, we use the monthly sum of precipitation and the
monthly mean temperature from the weather station “Leipzig-Holz-
hausen” from January 1991 to December 2022 (Deutscher Wetterdienst
[DWD], 2023) as reference climate data. They serve as input to calculate
the drought indicator standardised precipitation evapotranspiration
index (SPEI) for which we use the R-package “SPEI” (Fig. 2) (Begueria

Original data

Data preprocessing
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and Vicente-Serrano, 2023). The SPEI quantifies the deviation from the
average water balance, with values below —1 being defined as drought
(Li et al., 2015; Pluntke et al., 2021). SPEI is a widely used indicator in
studies on vegetation response to drought (Li et al., 2015; Mazza et al.,
2021; Miller et al., 2022; Zhao et al., 2020). We follow the scheme of
Thornthwaite to compute the potential evapotranspiration and the cli-
matic water balance using the temperature and precipitation data as an
intermediate step as described by Vicente-Serrano et al. (2010) and
implemented in the R-package “SPEI” (Begueria and Vicente-Serrano,
2023). The water balance is calculated over a certain number of previ-
ous months. Within this study, we use periods of 1, 3, 6, 9, 12, and 24
months — named SPEI-1, SPEI-3, SPEI-6, SPEI-9, SPEI-12, and SPEI-24,
respectively — to account for intra-annual as well as inter-annual
drought effects. The calculation (Appendix 1.1) indicates that 2017
and 2021 are hardly affected by drought across all SPEI periods, thus
hereafter referred to as non-drought years. We label the other years (i.e.,
2018, 2019, 2020, 2022) as drought years.

2.2.2. Tree sampling based on Leipzig’s street tree cadastre

Leipzig’s street tree cadastre lists 60,000 street trees (Stadt Leipzig,
2019b, 2020). It contains information on tree species, age, location,
crown diameter, and site characteristics, with the latter two not being
available publicly (Stadt Leipzig, 2020). Among the street trees with a
crown diameter greater than ten metres, the species P. x acerifolia,
Q. robur, T. cordata, F. excelsior, A. hippocastanum, A. pseudoplatanus, and

Analysis

|

| Calculate SPEI* )

Climate data of

Correlation analysis

Leipzig- for different
Holzhausen ‘ accumulation
1991-2022 L periods )
R»

]

L
Correlate eight vegetation indices with six
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‘ Create tree
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Mask clouds and
cloud shadows
\ J
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>
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| atmospherically | P — — \
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\
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-
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Extract median correlation of correlation
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per tree

|

Land surface phenology analysis

Calculate
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* SPEI = Standardized precipitation evapotranspiration index
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Fig. 2. Schematic workflow. The correlation analysis (coloured in red) is the basis for research questions (1) and (2), while the land surface phenology analysis
(coloured in purple) is used for research question (3). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of
this article.)
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A. platanoides dominate with a total share of 45%. These species have at
least 250 individuals with a crown diameter of at least ten metres (Ap-
pendix 1.2).

We derive a sample of trees suitable for analysis with Sentinel-2
imagery by first selecting only street trees. Then we select trees with
crown diameters greater than ten metres that cover at least 50% of a
Sentinel-2 pixel to ensure a high spectral signal from the tree. Among
these, we additionally exclude trees whose crowns overlap in the same
pixels, to reduce spectral mixtures of neighbouring trees. To do so, we
buffer the locations of the street trees in the geographic information
system (GIS) software QGIS with the crown radius and filter the trees
based on Sentinel-2 overlaps. This procedure yields 2514 individual
trees (Fig. 1).

2.2.3. Vegetation index time series reconstruction with Sentinel-2 imagery

Since 2017, the Sentinel-2 satellites provide imagery of Leipzig with
a temporal resolution of five days, including 13 spectral bands with
resolutions of 10, 20 and 60 m (Granero-Belinchon et al., 2020). We use
all imagery between 2017 and 2022 with up to 90% cloud cover, pro-
cessed with the “framework for operational radiometric correction for
environmental monitoring” (FORCE) software (Frantz, 2019). During
the pre-processing of the original Sentinel-2 data in FORCE, the 20 m
bands are transformed to 10 m resolution using the ImproPhe algorithm
(Frantz et al., 2016). The processing additionally includes radiometric
and geometric correction, outlier detection, and time series interpola-
tion (Frantz, 2019). Cloud detection is performed using the Fmask al-
gorithm, and images are geometrically co-registered with Landsat
imagery to account for inaccuracies in early Sentinel-2 imagery (Ap-
pendix 1.3).

To monitor vegetation health, we use vegetation indices that have
been shown to be valuable for analysing tree health in urban areas
(Table 2). Vegetation indices correlate with leaf water content, canopy
structure, and chlorophyll content (Chuvieco, 2020; Fang et al., 2020).
For instance, while photosynthetically active vegetation has a low
reflectance in the red band and high reflectance in the near-infrared
band, stressed vegetation shows the opposite pattern, which is
captured by the NDVI and EVI (Chuvieco, 2020). By combining different
reflectance bands, the selected indices relate to different tree traits and
therefore have their distinct advantages and disadvantages. The NBR, as
the only water-related vegetation index in this study, is better suited for
determining canopy water content than the other indices (Miller et al.,
2020). The NDVI stands out due to its sensitivity to sparse vegetation
and its widespread usage (Chuvieco, 2020). The EVI reduces soil,
aerosol, and saturation effects compared to NDVI by additionally
incorporating a canopy background adjustment factor and the blue band
(Chuvieco, 2020). The RENDVI is able to capture the density of tree
canopies, and the RGVI is particularly sensitive to wilting (Guzman
et al., 2023; Misra et al., 2016).

We generate two distinct time series of vegetation indices. The first
time series is derived from bottom-of-atmosphere reflectance imagery
and quality assurance information (QAI) provided by FORCE. Based on
this QAI, we exclude all pixels flagged as clouds, cloud shadows, snow,
saturated, and below freezing temperatures (Frantz, 2019). We then
calculate the selected vegetation indices using the formulas provided in
Table 2 and aggregate them on a monthly basis. The aggregation relies
on the median vegetation index for each month, as it is more robust to
extreme values than the mean (Miller et al., 2022). In some months,
there are no suitable observations, which leads to data gaps in the time
series. The second time series is further processed using the time series
analysis module of FORCE for the NBR-20. The time series module uses
radial basis filter ensembles for the outlier detection and exclusion, as
well as interpolation and smoothing of the time series as described by
Schwieder et al. (2016). We interpolate the time series to a dense 16-
days-sample. For each interpolation step, all observations with a time
interval of 16 days are considered. Thus, this second time series over-
comes the drawback of potential data gaps but is only computed for the
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Table 2
Vegetation indices used in this study. The wavelengths listed in the table
represent the central wavelengths of the respective bands in the Sentinel-2
sensor.

Index Name Equation (central Original References
wavelengths) resolution
NDVI- Normalised (842 nm - 665 10 m Tucker, 1979;
10 Difference nm) / (842 nm + Granero-
Vegetation 665 nm) Belinchon et al.,
Index 2020; Low and
(using broad Koukal, 2020
NIR band at 10
m resolution)
NDVI- Normalised (865 nm - 665 20 m Tucker, 1979;
20 Difference nm) / (865 nm + Carlan et al.,
Vegetation 665 nm) 2020
Index
(using narrow
NIR band at 20
m resolution)
EVI-10 Enhanced 2.5 * ((842 nm - 10m Huete et al.,
Vegetation 665 nm) / (842 2002; Nagler
Index nm + 6 * 665 nm et al., 2005
(using broad —7.5 %490 nm +
NIR band at 10 1)
m resolution)
EVI-20 Enhanced 2.5 * ((865 nm - 20 m Huete et al.,
Vegetation 665 nm) / (865 2002
Index nm + 6 * 665 nm
(using narrow —-7.5 %490 nm +
NIR band at 20 1)
m resolution)
NBR-10 Normalised (842 nm - 2190 20 m Key and Benson,
Burn Ratio nm) / (842 nm + 2006
(using broad 2190 nm)
NIR band at 10
m resolution)
NBR-20 Normalised (865 nm - 2190 20 m Key and Benson,
Burn Ratio nm) / (865 nm + 2006; Granero-
(using narrow 2190 nm) Belinchon et al.,
NIR band at 20 2020
m resolution)
RENDVI Red Edge (740 nm - 705 20 m Gitelson and
Normalised nm) / (740 nm + Merzlyak, 1994;
Difference 705 nm) Carlan et al.,
Vegetation 2020; Granero-
Index Belinchon et al.,
2020
RGVI Red-Green (560 nm - 665 10 m Motohka et al.,
Vegetation nm) / (560 nm + 2010; Fang
Index 665 nm) + 0.5 et al., 2020;
Low and
Koukal, 2020
NBR-20.

Annual land surface phenology parameters are computed by FORCE
based on a polar coordinate transformation of the vegetation index time
series (Brooks et al., 2020). Land surface phenology describes seasonal
patterns in the phenological phases of plants and can be derived from
remotely sensed time series of vegetation indices (Caparros-Santiago
etal.,, 2021; Duarte et al., 2014). We use the parameters start and end of
the season.

2.3. Methods for drought response analysis

Vegetation indices serve as proxies for biophysical variables such as
photosynthesis, biomass, and green vegetation fraction (Chuvieco,
2020). However, their absolute values lack explanatory power, espe-
cially when assessing urban street trees. First, vegetation indices do not
directly measure biophysical variables and therefore cannot identify the
underlying causes of changes in greenness (Chuvieco, 2020). Second,
the fractional tree cover within pixels can vary due to the heterogeneity
of urban surfaces. For instance, low vegetation index values do not
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necessarily indicate unhealthy vegetation, as low values could come
from other land cover, such as bare soil. Consequently, the shape, rather
than the magnitude, of the vegetation index time series becomes critical
in describing drought response (Fang et al., 2020). To address this, we
develop two drought response metrics for each tree, as described in the
following sections and in Appendix 1.4 using an example tree.

2.3.1. Correlation coefficients as indicators for drought response

Correlation analysis stands out for its ability to reveal temporal
drought response patterns, especially cumulative and time-lagged ef-
fects (Zhao et al., 2020). Therefore, it is a common approach in ana-
lysing drought responses of trees in remote sensing studies (Gessner
et al., 2013; Jain et al., 2010; Ji and Peters, 2003; Li et al., 2015; Miller
et al., 2022; Zhao et al., 2020). Strong positive correlations between
drought and vegetation indices indicate a high sensitivity of vegetation
to drought (Gessner et al., 2013).

Following Gessner et al. (2013) and Miller et al. (2022), we apply a
pixel-based linear correlation approach. We only include the summer
months of June, July, and August because these months have shown the
highest correlation coefficients in previous studies (Gillner et al., 2015;
Ji and Peters, 2003; Mazza et al., 2021; Miller et al., 2022). We calculate
Pearson’s correlation coefficients for all possible combinations of the six
SPEI periods (Section 2.2.1) and eight vegetation indices (Table 2) of the
monthly aggregated time series for each tree. The dimensionless Pear-
son’s correlation coefficient is suitable for linear relationships between
metrically scaled variables (Mittag, 2017) and has been widely used to
assess such interactions (Gillner et al., 2014; Li et al., 2015; Mazza et al.,
2021).

We explore differences in correlation coefficients between tree spe-
cies, accumulation periods, and vegetation indices using descriptive
statistics and hypothesis tests. We choose non-parametric pairwise
Wilcoxon tests to assess the significance of differences, as homoscedas-
ticity and normally distributed residuals are not given (Crawley, 2013).

2.3.2. Land surface phenology parameters as indicators for drought
response

As a second metric of drought response, we compute growing season
integrals to indicate seasonal vegetation productivity (Borgogno-Mon-
dino and Fissore, 2022; Li et al., 2017). Low and Koukal (2020) suggest
that the integrals reflect both the severity and the duration of distur-
bance events. Following Borgogno-Mondino and Fissore (2022), annual
integrals are defined as the sum of daily vegetation indices from the
beginning to the end of the season, calculated for each year. For the
calculation we use the interpolated NBR-20 time series provided by
FORCE. We linearly interpolate this time series to obtain daily values.
We choose a fixed period for the growing season to ensure comparability
between years, using the year 2017 as it is hardly affected by any
drought (Appendix 1.1). This defines the beginning and end of the
growing season as day of the year 133 and 280, respectively.

As the absolute growing season integrals lack in their meaningful-
ness, we adapt the approach by Low and Koukal (2020), who calculate
deviations between the integral of a detection period and a baseline (Eq.
(1)). In our study, the detection period is represented by the years 2018
to 2022, respectively, and the baseline by 2017.

EOS
Deviation integral = Z BL, —DP, (@]

t=S0S

where SOS = start of the season, EOS = end of the season, BL = baseline,
DP = detection period, t = time.

Similar to the analysis of correlation coefficients, we use the devia-
tion integrals to analyse temporal and species-specific patterns. Differ-
ences in inter-annual drought responses are tested for significance with
pairwise Wilcoxon tests. For the test, we use the annual growing season
integrals instead of the deviation integrals to include the year 2017 in
the statistical comparison.
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3. Results
3.1. Drought response patterns derived from correlation analysis

3.1.1. Comparison of the correlation coefficients of vegetation indices

The correlation coefficients of the street trees studied show a wide
range, from —0.85 to 0.92 (Fig. 3). We provide a more detailed figure
distinguished by tree species in Appendix 2.1. For all vegetation indices,
most correlations are positive, indicating that drier conditions are
mostly associated with lower vegetation indices. The differences be-
tween vegetation indices are small compared to the high variance within
each vegetation index correlations. However, it is noteworthy that the
vegetation indices with the 20 m resolution band in the near infrared (i.
e., EVI-20, NDVI-20 and NBR-20) show higher correlation coefficients
than their counterparts with the 10 m resolution band (i.e., EVI-10,
NDVI-10 and NBR-10). The highest correlation coefficients occur for
the correlation between NBR-20 and SPEI, where 76% of the trees have
positive correlation coefficients. Therefore, we select NBR-20 for the
following analysis steps.

3.1.2. Species-specific cumulative drought response

Differentiating between tree species and SPEI periods in Fig. 4 re-
veals more distinct patterns and provides insight into the wide range
observed in Fig. 3. This is because P. x acerifolia, which has the largest
sample size, has significantly lower correlation coefficients than the
other tree species. The median values of the correlation coefficients for
P. x acerifolia are close to zero for SPEI periods of three to nine months.
In contrast, those for the other species range between 0.39 and 0.63,
with Q. robur reaching the highest median values. P. x acerifolia also
stands out for its different relationship with the SPEI periods, which is
reflected in higher correlation coefficients with SPEI-1, SPEI-12 and
SPEI-24. All other tree species correlate more with SPEI periods of three
to nine months. T. cordata shows a higher dispersion of correlation co-
efficients than the other species. The distributions of the correlation
coefficients change when a time lag is introduced between the drought,
represented by the SPEI and the response, represented by the vegetation
indices, as can be seen in Appendix 2.2.

The pairwise Wilcoxon test proves the significance of the visual

1.0

0.0

Pearson's correlation coefficient

0.5

EVI-10 EVI-20 NBR-10 NBR-20 NDVI-10 NDVI-20 RENDVI RGVI
Vegetation indices

Fig. 3. Correlation of all examined trees between eight monthly median
vegetation indices (for abbreviations see Table 2) and all standardised precip-
itation evapotranspiration indices.
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Pearson's correlation coefficient

Acer Acer
platanoides

Aesculus
pseudoplatanus hippocastanum
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acerifolia robur cordata

Tree species
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Fig. 4. Correlation between the monthly median normalised burn ratio using the 20 m resolution band and the standardised precipitation evapotranspiration index
(SPEI) by tree species and SPEI period. SPEI-1, SPEI-3, SPEI-6, SPEI-9, SPEI-12, and SPEI-24 are based on accumulation periods of 1, 3, 6, 9, 12, and 24 months,

respectively.

comparison between the tree species (Table 3). The median correlation
coefficients for Q. robur and P. x acerifolia with the variables SPEI-6 and
NBR-20 are significantly different from all other tree species at the 0.01
significance level. In addition, the median correlation coefficient for
A. hippocastanum is significantly lower than for F. excelsior and
A. platanoides at the 0.01 and 0.05 significance levels, respectively.
Appendix 2.3 gives an overview of the most frequent significant positive
correlations between the SPEI and the vegetation indices, considering all
accumulation periods and all indices.

3.2. Drought response patterns derived from land surface phenology
analysis

3.2.1. Species-specific inter- and intra-annual drought response

Fig. 5 shows the deviation of the annual growing season integrals
from the 2017 baseline. Most tree species follow similar patterns with
the highest deviations in 2018, followed by the years 2020, 2019, 2022,
and 2021. However, there are exceptions as well as differences in the
magnitude of the deviation. T. cordata shows a high dispersion, espe-
cially in the years 2018 and 2019. In addition, its deviation integrals are
the highest compared to other species. In all years, the productivity of
T. cordata is on average lower than in 2017. Also exceptional is the trend
of P. x acerifolia, which shows the lowest deviations from 2017 among
the tree species. In particular, the deviations in the years 2020 and 2022
are negative, which means that productivity was higher in these years
than in 2017. Finally, Q. robur stands out for its strong differences

Table 3

between years.

Pairwise Wilcoxon tests on the differences in the median growing
season integrals of each year confirm that the differences between the
non-drought years 2017 and 2021 and the drought years 2018 and 2020
are significant at the 0.05 level for most tree species (Table 4). For five
tree species, the median integrals of 2018 and 2022 are also significantly
different. Notably, there are no significant differences in the median
integrals between any of the years for T. cordata.

3.2.2. Temporal patterns of single tree drought response

Not all trees of a species respond equally to drought, as can be seen
from the high dispersion in Fig. 4 and Fig. 5. In fact, trees that show a
high deviation integral in 2018 are often the same trees that respond
most strongly to drought in the other drought years, i.e., 2019, 2020,
and 2022 (Fig. 6). Trees that are not affected by drought in 2018 show a
weaker drought response in these years. Deviation integrals in the non-
drought year 2021 reveal an ambivalent picture, with trees that are
severely affected in 2018 showing mixed signs of recovery. Species-
specific findings include T. cordata, which is characterised by high
dispersion, especially in the years 2018 and 2019. Q. robur trees behave
very similarly to each other with marked differences between the years.
P. x acerifolia has on average the smallest deviation integrals compared
to 2017, but some trees fall out of the pattern with very high deviations
of up to 62, indicating methodological limitations (Section 4.2.1). As an
example, Fig. 7 shows the NBR-20 time series of a P. x acerifolia tree
affected by this effect. From 2018 to 2019, there is a noticeable decrease

Significance level of pairwise Wilcoxon tests between species-specific correlation coefficients between the NBR-20 and the SPEI-6.

Acer platanoides Acer pseudoplatanus

Aesculus hippocastanum

Fraxinus excelsior Platanus x acerifolia Quercus robur

Acer pseudoplatanus -

Aesculus hippocastanum * -
Fraxinus excelsior - _
Platanus x acerifolia % *k ok
Quercus robur
Tilia cordata - - _

wk

- no significant difference in median values.
* difference in median correlation coefficients at a significance level of 0.05.
** difference in median correlation coefficients at a significance level of 0.01.
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Fig. 5. Deviation integrals of the normalised burn ratio using the 20 m resolution band (NBR-20) by tree species and year.

Table 4

Significance of pairwise Wilcoxon tests between annual growing season integrals by species.

2017 2018 2019 2020 2021
2018 *o
2019 *
2020 *
2021 s « -
2022 * o * :

Difference in median integrals at a significance level of 0.05 for ...

* ... Acer platanoides

* ... Acer pseudoplatanus

“ ... Aesculus hippocastanum
.. Fraxinus excelsior

“ ... Platanus x acerifolia

.. Quercus robur

.. Tilia cordata

in the NBR-20 time series caused by construction, as inferred from aerial
photos from 2017 and 2021 (Appendix 2.4). Similar effects also occur in
other tree species, e.g., A. hippocastanum, A. pseudoplatanus, and
A. platanoides, but not to such an extent.

4. Discussion
4.1. Drought response of street trees in Leipzig from 2017 to 2022

The correlation analysis reveals significant positive relationships
between meteorological drought and street tree health, with drier con-
ditions associated with lower vegetation indices (Fig. 4). This is
consistent with the findings of Pluntke et al. (2021), who suggest that
SPEI can explain 25 to 75% of the variability in remotely sensed vege-
tation indices. The land surface phenology analysis shows significant
differences in tree health between drought and non-drought years
(Table 4). In particular, the growing season integrals in 2017 and 2021
are significantly higher than those in 2018 and 2020 for most tree
species, as expected. The drought responses in 2019 and 2022 are less
pronounced. Furthermore, the deviation integrals suggest that the same

trees are repeatedly affected by drought in different drought years
(Fig. 6). Apart from these general findings, most drought responses vary
between and within tree species, as already shown by Miller et al.
(2020).

4.1.1. Variability of drought response across tree species

The results show that the tree species respond to drought at different
times and to different degrees. This species-specific response is caused
by different drought response strategies, such as transpiration regulation
or reduced leaf area (Brune, 2016). Both drought response metrics
identify P. x acerifolia as the species with the weakest drought response,
which is consistent with previous research (Table 1). The field study by
Haase and Hellwig (2022) confirms the high drought resistance of the
genus Platanus in the city of Leipzig. According to Gillner et al. (2015),
the high adaptation of P. x acerifolia to dry conditions is rooted in the
relatively high water use efficiency. Furthermore, our observation that
P. x acerifolia shows the highest correlations with SPEI-24 confirms the
findings of Hirsch et al. (2023) and Gillner et al. (2014), who find a high
sensitivity of P. x acerifolia to precipitation in the previous summer. All
other tree species show stronger correlations using SPEI-3, SPEI-6, and
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Fig. 6. Deviation integrals 2018-2022 of the normalised burn ratio using the 20 m resolution band (NBR-20) per tree. The plots show the 50 trees with the largest
fractional tree cover per pixel for each tree species, coloured by the intensity of drought response in 2018, from least affected in yellow to most affected in purple. For
presentation purposes, the line of a P. x acerifolia tree reaching a deviation integral of 62.4 in 2020 is truncated.
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Fig. 7. Interpolated time series of the normalised burn ratio using the 20 m resolution band (NBR-20) of a P. x acerifolia tree, impacted by tree felling and new
building construction in the surroundings. The red dots represent the 16-day interpolation, the black line the daily linear interpolation and the grey dashed lines the
start and end of the growing season. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

SPEI-9, indicating short-term drought responses. Miller et al. (2022) find
that urban broadleaf forests in general show significant responses to
water deficits lasting 3 to 36 months.

Q. robur differs significantly from all other species by exhibiting the
strongest drought response (Table 3). Previous studies differ with regard
to the drought tolerance of Q. robur (Table 1). On average, Q. robur has a
medium drought tolerance. Its deep root system allows it to reach water
sources during droughts (Haase and Hellwig, 2022) and it adopts an
isohydric, i.e. water-saving, strategy by closing the stomata (Thomsen
et al., 2020). However, stomatal closure not only reduces water loss, but
also carbon fixation by photosynthesis in the short term (Jiao et al.,
2021; Thomsen et al., 2020). The reduced primary production, in turn, is
reflected in lower vegetation indices and could thus explain the high
correlation between drought and vegetation indices of Q. robur. Another
aspect supporting this explanation is the negative deviation integral of
Q. robur in 2021, indicating healthier trees in 2021 than in 2017 (Fig. 5).
Thus, while Q. robur is most sensitive to drought in the short term, it also
appears to recover most effectively from prolonged drought in 2021.

The tree species A. platanoides, A. pseudoplatanus, A. hippocastanum,
and F. excelsior show an intermediate drought response. This differs from
previous findings where A. pseudoplatanus and A. hippocastanum are
found to be the least tolerant tree species (Table 1). The discrepancy may
be due to a variety of causes, such as biotic and abiotic factors other than
drought, as discussed in Section 4.2.

4.1.2. Variability of drought response within tree species

In terms of within-species drought response, T. cordata stands out
due to its highly dispersed correlation coefficients and deviation in-
tegrals in 2018 and 2019 (Fig. 4 and Fig. 5). Gillner et al. (2017) and
Haase and Hellwig (2022) describe T. cordata as a highly adapted tree
species to urban sites, preventing early leaf senescence or leaf fall even
under drought conditions. In contrast, the experimental study by
Stratopoulos et al. (2019) indicates premature leaf senescence of
T. cordata and lower drought tolerance than other tree species studied,
including A. platanoides. These contrasting results highlight the still
limited research on the response of street tree to drought, which is
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mostly based on experiments or field observations and therefore highly
site-specific (Stratopoulos et al., 2019). Moser et al. (2017) confirm the
dependence on site characteristics such as soil and microclimatic dif-
ferences by comparing the water stress response of T. cordata trees at
two different sites. Spatial clustering of the drought responses of
T. cordata is also present in this study, as consistently indicated by both
drought response metrics (Appendix 2.5). Thus, site-specific character-
istics contribute to highly variable drought responses within species.

4.2. Limitations and uncertainties of drought response analysis

4.2.1. Validity of vegetation indices as indicators of vegetation health

This study has some methodological uncertainties and limitations.
One limitation is the inability of vegetation indices to detect certain
drought responses of trees. While changes in aboveground biomass and
photosynthetic activity can be assessed with remote sensing imagery,
belowground biomass dynamics, such as fine root dieback, reduced
radial growth, and damages in the trunk in response to drought cannot
be assessed (Schnabel et al., 2022).

Moreover, a change in vegetation index values does not necessarily
indicate a drought response, but may be due to several non-drought
causes, such as disease, nitrogen stress, pollution, and poor tree man-
agement (Miller et al., 2020; Wellmann, 2023; Zeng et al., 2020).
Vegetation indices are not able to distinguish between these different
causes of vegetation damage (Chuvieco, 2020).

In addition to the various causes of tree stress, land cover and land
use around street trees affect the vegetation index time series (Helman,
2018). This is evident in Fig. 6, where trees of the species P. x acerifolia
and A. hippocastanum show comparatively high deviation integrals due
to land cover changes caused by tree felling and construction.
Conversely, an A. pseudoplatanus tree has a negative deviation integral of
less than —20 because young trees have been planted and irrigated in the
surrounding area (Stadt Leipzig, 2023). We expect that the correlation
between the vegetation indices and the SPEI would be stronger if the
pixels affected by land use or land cover change were excluded. In future
studies, we propose to do this by analysing land cover changes in the
pixels surrounding the trees, such as surface sealing, construction or de-
sealing. In addition to land use and land cover change, the vegetation
surrounding trees might respond differently to drought, thereby
affecting vegetation indices. For example, grasses are more sensitive to
water shortages than trees (Allen et al., 2021). We assume such an effect
for a number of T. cordata trees bordering agricultural land (Appendix
2.5).

Previous research disagrees on which vegetation index best describes
drought responses. For example, Fang et al. (2020) find the NDVI to be
the most sensitive in determining tree health conditions. In contrast,
Low and Koukal (2020) find RGVI to be the best vegetation index due to
its robustness to outliers. Fang et al. (2020) suggest that the suitability of
vegetation indices may depend on the studied tree species being ana-
lysed. In this study, however, the correlation coefficients of eight
vegetation indices are consistent in identifying P. x acerifolia as the least
drought-affected and Q. robur as the most drought-affected tree species,
as well as in showing the highest dispersion for T. cordata (Appendix
2.1). This observation is consistent with previous research by Miller
et al. (2020), which indicates that vegetation responses to drought are
consistently manifested in both water- and greenness related vegetation
indices. Thus, although vegetation indices describe different vegetation
traits, they produce similar results.

Other candidate indices for monitoring drought effects are the leaf
area index (LAI) or the fraction of absorbed photosynthetically active
radiation (fAPAR). For example, Liu et al. (2021) use the LAI to analyse
the drought response of tropical forests, Miraglio et al. (2020) use it to
monitor vegetation health in woodland savannas and Ma et al. (2023)
use it together with the fAPAR to study forest drought stress in China.
These indices could be promising additional drought monitoring tools as
they relate more directly to biophysical changes in the canopy.
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However, to our knowledge, they have not been used in an urban
setting, where uncertainties could be high due to the strong background
signal (Mulla, 2013; Tao et al., 2016). Given the wide range of indices
already used in our study, this is beyond the scope of this study, but
should be investigated in future studies.

Our results suggest that the sensitivity of the narrow near-infrared
band at the original 20 m resolution to drought response is consis-
tently higher than that of the broad near-infrared band at the 10 m
resolution (Fig. 3). This is consistent with previous findings that the
narrow near-infrared band is important for tree species classification
(Bolyn et al., 2018; Persson et al., 2018). The higher correlation of the
20 m band might also be related to a higher proportion of surrounding
vegetation such as grass, which has a higher correlation with SPEI than
trees (Li et al., 2015). Therefore, the results are less indicative of the
drought response of individual trees than of groups of trees. As street
trees of the same age and species are often located next to each other and
their surroundings are usually paved, this may be acceptable (Fang
et al., 2020).

4.2.2. Validity of correlation coefficients and land surface phenology
parameters as indicators for drought response

The studied street trees are sampled in such a way that the spectral
signal of a tree within a pixel is maximised. This sampling approach
results in an uneven distribution of tree species and is not fully repre-
sentative of the species in Leipzig. Furthermore, the sample does not
include dead trees as they are not listed in the street tree cadastre. This
limits the generalisability of the findings on species-specific drought
tolerance and prevents conclusions on tree mortality due to drought.
Despite this limitation, the sample is suitable for evaluating the intro-
duced drought response metrics, as discussed below.

The meteorological drought indicator SPEI is based on precipitation
and temperature data and allows to account for short- as well as long-
term meteorological droughts (Mazza et al., 2021). However, the
timing and intensity of droughts vary from place to place, for example
due to differences in soil and groundwater stocks (Bernhofer et al., 2015;
Schwarz et al., 2020). Schwarz et al. (2020) therefore suggest using the
soil moisture index (SMI) provided by the Drought Monitor Germany
(Zink et al., 2016). The disadvantage, however, is that these data do not
allow a comparison of cumulative effects on different tree species.

Since smoothing and interpolation techniques have a significant
impact on land surface phenology parameters, it would be valuable to
create a 1-day interpolation time step and to compare different
smoothing and interpolation techniques (Granero-Belinchon et al.,
2020; Helman, 2018). In this study, we use radial basis function
convolution filters implemented in FORCE, which offer benefits due to
their adaptable kernel width depending on the data availability
(Scheffler and Frantz, 2022; Schwieder et al., 2016). We suggest to
compare them with Savitzky-Golay filters, following the recommenda-
tions of Granero-Belinchon et al. (2020) and Li et al. (2017) for urban
areas.

The growing season integral also has certain limitations. While the
fixed start and end dates of the growing season are useful for year-to-
year comparisons, this approach lacks the flexibility to account for
annual shifts in the growing seasons. To overcome this limitation, we
propose to use growing season periods of the same length but with
flexible start and end dates, allowing yearly comparisons and accounting
for potential shifts in the growing season.

Following Miller et al. (2020), we overcome the differences in frac-
tional tree cover by relating the indicators to a baseline. We choose the
year 2017 as the baseline because it is hardly affected by drought. The
reliability of the results could be improved by using an ensemble of years
as the baseline to reduce the effects of phenological characteristics of
one year. Moreover, the short time series availability means that long-
term trends cannot be separated from the disturbance analysis. For
example, an acceleration of tree growth due to climate change could
cause the small deviation integrals in 2019 and 2022 (Pretzsch et al.,
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2017). These issues will be resolved when longer Sentinel-2 time series
become available.

Lastly, there is uncertainty due to the lack of ground truthing data.
Despite the consistency between the two drought response metrics, they
still need to be verified against the drought response of street trees
observed from the ground. However, collecting such data is beyond the
scope of this study. To address this limitation, we use statistical tests to
compare the annual and species-specific drought responses with existing
literature. Other studies overcome this problem with higher-resolution
time series data, such as those collected by drones (Nill et al., 2022).

4.3. Applicability of Sentinel-2 time series for street tree monitoring

4.3.1. Satellite-derived drought response of street trees as basis for urban
green management

Reductions in tree health can impact their ecosystem service provi-
sion. Borgogno-Mondino and Fissore (2022) suggest a positive rela-
tionship between annual growing season integrals and ecosystem
services provided by vegetation. Allen et al. (2021) support this
assumption by demonstrating reduced cooling by drought-affected
urban trees. The heat mitigation mechanism of urban trees through
shading and evapotranspiration is limited when trees experience early
leaf senescence, reduced photosynthesis, and, consequently, a lower leaf
mass (Stratopoulos et al., 2019). This example of reduced heat mitiga-
tion illustrates the importance of maintaining healthy trees for their
ecosystem services, and therefore, the importance of effective urban
green management.

Such effective management requires information on the current state
of tree health and the location of damaged trees (Borgogno-Mondino
and Fissore, 2022). This spatial and temporal tree monitoring can be
provided by remote sensing time series analysis, as demonstrated in this
study. We see particular potential in the use of deviation integrals for
urban green management. Unlike correlation coefficients, deviation
integrals not only locate drought-affected trees, but also provide infor-
mation on the timing of drought-induced damages. They can also be
used to identify trees that are repeatedly more vulnerable to drought.
For example, the participatory citizens’ project “Leipzig giefit” (Leipzig
waters), which informs about the water needs of urban trees and moti-
vates citizens to water, could benefit from the information provided by
the drought response metrics (Stadt Leipzig, 2023).

However, this capability does not make remote sensing time series a
one-size-fits-all solution. Urban green management needs to consider
conditions and processes at different spatial scales, from global climate
change to local use patterns, as well as linkages between social and
ecological systems, such as the heat vulnerability of residents and
equitable access to green spaces for all residents (Wellmann, 2023). This
also means considering the trade-offs between ecosystem services and
disservices, such as infrastructure damage (Salmond et al., 2016). In
Leipzig, for example, older residents value landscape aesthetics, while
younger residents prioritize sports facilities, and all age groups consider
litter in green spaces to be a major disservice (Palliwoda and Priess,
2021). Thus, remote sensing should be embedded in a holistic approach
that includes, for example, field measurements and surveys with resi-
dents to provide a profound basis for decision-making (Salmond et al.,
2016; Wellmann, 2023).

Various urban green management measures could benefit from such
holistic approaches that incorporate remote sensing. For example, based
on solely this study, one might propose to plant new P. x acerifolia trees.
While this is a good choice in terms of their high drought tolerance, it
neglects other needed tree traits and values, such as supporting
ecosystem services for biodiversity. Gloor and Hofbauer (2018), for
example, rate P. x acerifolia as the worst of the tree species studied in
terms of biodiversity value. These contrary arguments represent only
two of many criteria for new tree plantings, such as tolerance to other
biotic or abiotic stressors, such as diseases or frost, urban land-use
conflicts, and aesthetic considerations (Brune, 2016; Mullaney et al.,
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2015). The example demonstrates that there is no general solution for
urban green management, but that holistic solutions are needed, to
which remote sensing can contribute.

4.3.2. Satellite-derived drought response of street trees as basis for further
research

Despite the limited generalizability of this study, the developed
workflow is promising for further urban ecological research as sample
sizes increase. Remote sensing time series prove to be suitable for
effective monitoring of vegetation drought response at a high spatial and
temporal resolution and, with continuous acquisitions, also for long-
term monitoring, thereby overcoming the limitations of traditional
field observations.

As remote sensing time series only capture some drought-related tree
damage, they could benefit from the integration of other data, such as
from dendrochronological research and field observations provided by
citizen science projects. These can be complementary, as dendrochro-
nological analysis does not indicate changes in the canopy, while remote
sensing cannot measure radial growth (Schnabel et al., 2022). One
promising way to collect field data on tree damage is through citizen
science projects. This could enable the collection of spatially and
temporally highly resolved data, involve citizens in ecological research,
and integrate their local knowledge (Kobori et al., 2016). Thus, green
management and research on drought responses of trees would profit
from mixed-method approaches.

Another application of drought response metrics is research into the
causes and consequences of drought-induced damage. Factors affecting
vegetation health include irrigation systems, LST, distance to lakes, and
distance to roads (Carlan et al., 2020). Analysing the relationship be-
tween multiple drivers and drought response could enable predictions
under climate change and urbanisation scenarios including mortality,
potential tipping points, and recovery. The feedback of drought-
damaged street trees to their urban surroundings in terms of their
cooling potential and other ecosystem service provision remains
understudied (Jochner and Menzel, 2015). Thus, drought response
metrics, in combination with other approaches, have a high potential for
application in future scientific research on the determinants and con-
sequences of drought response.

5. Conclusion

The city of Leipzig experienced prolonged periods of severe drought
from 2018 to 2022. Maintaining the health of street trees, and thus the
provision of ecosystem services, under such drought conditions is a
major challenge for many urban areas worldwide and is becoming
increasingly important under climate change. This study explores the
potential of remote sensing to provide information on temporal and
species-specific drought response patterns by developing and evaluating
two drought response metrics derived from Sentinel-2 vegetation index
time series. While one metric is built on the correlation between mul-
tiple vegetation indices and meteorological drought conditions repre-
sented by SPEI, the second metric uses deviations of annual growing
season integrals of vegetation index time series from the 2017 baseline.

The correlation analysis reveals that the NBR-20 relates strongest to
the meteorological drought indicator. Both drought response metrics are
consistent with the drought related traits of the different tree species, e.
g., by identifying P. x acerifolia as the most drought resistant tree species.
The other tree species show positive correlation coefficients for drought
periods of three to nine months, indicating a response to drought within
the same year of dry conditions. This observation is also reflected in the
growing season integrals, which are significantly lower for most species
in the drought years 2018 and 2020 than in the non-drought year 2017.
Both drought response metrics capture most species-specific and tem-
poral patterns and can be considered complementary. Correlation co-
efficients excel at capturing the different temporal characteristics of
droughts by describing their cumulative effects on street trees, while
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deviation integrals offer an advantage in distinguishing drought
response strengths across years, thereby allowing the analysis of the
persistence of drought-induced damage.

Future work needs to deepen the validation of the drought response
metrics with field observations, such as dendrochronological studies.
Further, both metrics would benefit from being embedded in mixed-
method approaches to more fully incorporate multiple perspectives,
such as biodiversity and drought resilience. In the context of climate
change, where today’s extreme conditions are becoming tomorrow’s
new normal, holistic approaches and solutions to urban greenery are
becoming increasingly important.
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