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Abstract: Over the past two decades, and particularly since 2018, Central Europe has experienced
several droughts with strong impacts on ecosystems and food production. It is expected that
under accelerating climate change, droughts and resulting vegetation and ecosystem stress will
further increase. Against this background, there is a need for techniques and datasets that allow for
monitoring of the timing, extent and effects of droughts. Vegetation indices (VIs) based on satellite
Earth observation (EO) can be used to directly assess vegetation stress over large areas. Here, we use
a MODIS Enhanced Vegetation Index (EVI) time series to analyze and characterize the vegetation
stress on Germany’s croplands and grasslands that has occurred since 2000. A special focus is put
on the years from 2018 to 2022, an extraordinary 5-year period characterized by a high frequency of
droughts and heat waves. The study reveals strong variations in agricultural drought patterns during
the past major drought years in Germany (such as 2003 or 2018), as well as large regional differences
in climate-related vegetation stress. The northern parts of Germany showed a higher tendency to
be affected by drought effects, particularly after 2018. Further, correlation analyses showed a strong
relationship between annual yields of maize, potatoes and winter wheat and previous vegetation
stress, where the timing of strongest relationships could be related to crop-specific development
stages. Our results support the potential of VI time series for robustly monitoring and predicting
effects of climate-related vegetation development and agricultural yields.
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1. Introduction

Droughts pose a major threat to ecosystems and food production. They can have strong
regional impacts on hydrology, soil moisture, land CO, uptake, vegetation condition, crop
production and forestry [1-7]. For Central Europe, an increase in warm-season droughts
has been observed over the past 15 years [8], and it is expected that with accelerating
climate change, droughts will further increase in terms of spatial extent, duration and socio-
economic impacts [9-12]. The year 2003 was characterized by exceptionally dry conditions,
but particularly since 2018, Central Europe has experienced an extraordinary frequency of
droughts. The 2018-2020 period was characterized by an unprecedentedly intense series of
hot and dry weather conditions [11], which was again followed by droughts in 2022. It was
shown for Europe that compound droughts since 2018 have resulted in an amplification of
impacts via cascading or preconditioning effects [1,13] and in significant economic damages
in agriculture and forestry [1,11].

Against this background, there is a need for techniques and datasets that will allow for
monitoring of the timing, extent and effects of droughts. Droughts are complex phenomena
that usually start with a lack of precipitation over a period of time (meteorological drought),
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can subsequently develop to an inadequate availability of surface and subsurface water
resources (hydrological drought) and can lead to declining soil moisture and crop failure
(agricultural drought) [14]. In addition, there are impacts on ecosystem services and related
feedback in natural and /or socio-economic systems (ecological drought, [15]). The notion of
‘agricultural drought’ is sometimes considered ambiguous, as a decline in soil moisture does
not necessarily and uniformly lead to crop failure, depending on the timing, length and
magnitude of soil moisture decline as well as on the present crop type [16]. Given this com-
plexity and the different perspectives from which droughts can be viewed, it is advisable
to assess droughts using different hydrological and meteorological parameters [14]. Con-
sequently, various drought indices have been developed [17-19]. Meteorological drought
is commonly monitored using indices derived from meteorological data such as the SPI
(Standardized Precipitation Index, [20], applied e.g., in [21-25]) and the SPEI (Standardized
Precipitation Evapotranspiration Index, [26], used e.g., in [21,27-30]). The advantage of
these indices is their multi-scalar nature which enables assessment of different drought
types and drought impacts on diverse hydrological systems, since the time scale over which
water deficits accumulate varies strongly in different environments [28]. Similarly, the
PDSI (Palmer Drought Severity Index, [31], applied e.g., in [23,32]) relies on meteorological
data and is sensitive to changes in evaporative demand. Meteorological information can
also be integrated with remotely sensed land surface temperature data into individual
indices, e.g., in the case of the DISS (Drought Information Satellite System, [33]) index.
Hydrological droughts can be assessed based on reservoir levels and runoff or stream-
flow indices (e.g., [34]). Agricultural droughts can be investigated based on soil moisture,
e.g., [6,35,36], or by directly analyzing vegetation stress. For the latter, remote sensing time
series techniques can be used to monitor vegetation conditions during droughts over large
areas. From an agricultural and ecosystem perspective, the main advantage of such Earth
Observation (EO)-based assessments of vegetation is that they can provide information
not only on singular aspects of drought (e.g., rainfall or soil moisture deficit, low water
levels), but on the integrated effect that past and recent rainfall and soil moisture deficits
actually have on vegetation by also considering the present vegetation’s capacity to cope
with it. In the literature, several remote sensing-based indices have been used for vegetation
stress and drought detection, including the VCI (Vegetation Condition Index, [37]), the
VHI (Vegetation Health Index, [38]), the TCI (Temperature Condition Index, [38]), further
(derivatives of) vegetation indices (VIs) such as the NDVI (Normalized Difference Vege-
tation Index), the EVI (Enhanced Vegetation Index) and others (e.g., [1,16,27-29,39-42]),
the NDDI (Normalized Difference Drought Index [43]) and FAPAR (Fraction of Absorbed
Photosynthetically Active Radiation, e.g., [24,25,44,45]). Several studies further combine
remote sensing-based indices of vegetation with indices of soil moisture and meteorological
and/or hydrological drought, e.g., [1,24,25], amongst others.

Earlier research has analyzed how such EO-based vegetation parameters, but also
meteorological variables and soil moisture, correlate with agricultural yields in Central
Europe [21,46] and Germany [47-51]. The vegetation parameters from EO used in these
studies (VCI, VHI, TCI and NDVI) showed correlations with winter wheat and maize
yields, but with strong regional, crop-specific, and index- or sensor-related differences in
correlation strengths and in periods of highest correlations. Most of the studies (except
for [47]) consider only one crop type when assessing the relevance of EO-based indices,
and to our knowledge, the relationship of crop yields and deviations of EVI has not yet
been tested for Germany.

This study aims to assess and characterize the vegetation stress on Germany’s crop-
land and grassland that has occurred since 2000, with a special focus on the years between
2018 and 2022, which represent an extraordinary 5-year period containing four particularly
hot and dry years. Because our intent was to asses vegetation stress directly in this study;,
we decided to use a pure vegetation parameter that does not include measurements of
potential drivers of vegetation stress such as temperature or moisture, as is the case for,
for example, TCI and VHI. We analyze time series of 250 m MODIS (Moderate Resolution
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Imaging Spectroradiometer) EVI (Enhanced Vegetation Index), an index whose potential
to successfully capture agricultural vegetation characteristics has been repeatedly demon-
strated (e.g., [52-54]). With its temporal coverage of more than 23 years, near-daily repeat
cycle and comparably high spatial resolution of up to 250 m, MODIS provides a unique
dataset for long-term vegetation studies. MODIS EVI was preferred over MODIS NDVI due
to its sensitivity to variations in vegetation, even in growing phases with dense vegetation
cover [55]. Even though there are further MODIS-based standard products with vegeta-
tion variables such as FAPAR (fraction of absorbed photosynthetically active radiation) or
LAI (leaf area index), their spatial resolution of 500 m is not as well suited as the higher
resolution (250 m) EVI for capturing the relatively small-scale agricultural structures in
Germany. We follow the MODIS EVI-based approach that was used by [42] in a study
assessing the drought effects of the years from 2000 to 2018. We further develop and adapt
the approach, now operated as the Vegetation Stress Monitor, and then re-process and
update the vegetation stress time series for Germany for the period from 2000 to 2022. As
different vegetation types can show very different responses to drought and extraordinary
temperature conditions, we sub-differentiate between vegetation stress on croplands and
grasslands in our analyses. The time series of the Vegetation Stress Monitor is presented
and interpreted in the context of agricultural drought for all of Germany and for seven
counties that were selected to represent typical cropland and grassland areas in the study
region. Finally, we correlate the 23 years of monthly MODIS-based EVI deviations to annual
yield statistics of important crop types at the county level. For this purpose, we select
crop types with very different cropping calendars: maize, potatoes and winter wheat. We
discuss the identified relationships in the context of crop phenology and demonstrate the
applicability of the Vegetation Stress Monitor information for topics of societal relevance.
The main goals of this study are to:

e Provide an improved and updated time series of monthly vegetation stress for Ger-
many spanning the years between 2000 and 2022.

e  Enhance our understanding of drought- and temperature-related patterns of vegeta-
tion stress in Germany with a particular focus on spatio-temporal differences and on
the droughts that happened from 2018 to 2022 compared to previous years.

e  Quantify the relationship between vegetation stress and yields for important crop
types in Germany to provide a better understanding of which periods of vegetation
stress throughout the growing season are most relevant and where in Germany such
effects are most prominent.

Compared to [42], the underlying methodology is slightly improved (see Section 4.1),
and the time series of vegetation stress is reprocessed and now also includes recent years
up to 2022. The major difference from [42], however, is the detailed interpretation of
vegetation stress that has occurred since 2018, its comparison to the drought year 2003,
the discussion of regional differences between major German cropland and grassland
areas, and the quantitative crop-specific analysis of relationships between within-season,
EVI-based vegetation stress and agricultural yields. Both the detailed presentation and
characterization of EVI-based seasonal vegetation stress over Germany from 2000 to 2022
and its quantitative comparison with yields for important crop types in Germany have to
our knowledge not been published before.

2. Study Area
2.1. Geographic Characteristics

The presented analysis focuses on Germany, covering an area of 357.592 km?. The
country is located in the temperate climate zone with Atlantic influence in the northwest
and more continental conditions towards the east. Mean precipitation patterns in Germany
are shown in Figure 1B. Precipitation levels are below 550 mm in large parts of Eastern
Germany and rise up to more than 1000 mm in the low mountain ranges and to more
than 3000 mm in the Alps [56]. Annual mean and maximum temperatures (Figure 1C)
are comparably low in the mountain ranges and towards the coast in the north, while
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particularly high temperatures are found in the more continental east of Germany as well
as in the river valleys of the Rhine and the Main. In the coldest month of the winter
season (January), typical mean temperatures range from —10 °C in the alpine regions
to 3.5 °C in the northwest, whereas in the warmest month of the summer season (July),
mean temperatures range from 3.2 °C in the Alps and 20.4 °C in the east as well as in
the regions of Rhine and Main [56]. Around one half of Germany’s land area is used
for agriculture (50.5%, Figure 1). Of this agricultural area, 70% is cropland, and 29% is
permanent grassland [57,58]. The most common crops grown in the study region are
wheat, maize, barley, rapeseed and rye [58]. From an administrative perspective, Germany
consists of 16 federal states (Bundeslinder, NUTS-1, Figure 1B). As the three federal states of
Hamburg, Berlin and Bremen are dominated by urban areas and have only minor vegetated
land cover, we did not consider them in the statistical analyses of our results. The federal
states are subdivided into 400 counties (Landkreise and kreisfreie Stidte, NUTS-3).

While the major part of this study analyses the whole of Germany, we focused on
seven selected counties (Figure 1A) for a more detailed investigation of temporal patterns.
These focus counties represent the range of typical major cropland and grassland regions of
Germany (Table 1). We selected five cropland-dominated counties, as the typical cropland
regions are diverse and widely spread over Germany while major grassland regions mainly
exist in the pre-alpine (south) and coastal (north) areas of Germany, represented by two
focus counties in this study.

Table 1. Overview of the focus counties of this study. In the abbreviations used for the focus counties,
“C” stands for crop-dominated counties, while “G” indicates grassland-dominated agriculture.

Mean

Temperature Maximum July Annual Rainfall Mue.n chebe.rger
o) Temperature (mm) Soil Quality
Focus County Q) Rating

Average of Average of Average of (min—max

199[1;92]020 19912020 (0] OT2O2016M a1 (62,631
Cl—Demmin 9.1 23.4 592 27-69 (56)
C2—Steinfurt 10.2 23.9 784 19-78 (61)
C3—Soemmerda 9.6 24.9 542 46-98 (89)
C4-Wuerzburg 9.7 25.2 658 29-77 (59)
C5-Rottal-Inn 9.1 24.7 875 57-77 (69)
G1-Cuxhaven 9.7 22.5 832 19-78 (61)
G2-Ostallgaeu 7.6 222 1314 59-77 (73)

1 <35: extremely low, 35-50: very low, 50-60: low, 60-70: average, 70-85: high, >85: very high.
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Figure 1. Germany’s land cover (A, based on CORINE 2018 [64]), gridded station data (1 km x 1 km) of average precipitation sums (B, DWD Climate Data Center
(CDC) [61]), gridded station data (1 km x 1 km) of average daily maximum temperatures for July (C, DWD CDC) and pictures of typical agricultural areas (D—winter
wheat, E—maize, F—potatoes, G—grassland; pictures taken by U. Gessner, A. Schucknecht and J. Meier). Grey (A) and black (B,C) lines demark the borders of
non-urban federal states (BB—Brandenburg, BW—Baden Wurttemberg, BY—Bavaria, HE—Hesse, MV—Mecklenburg—Western Pomerania, NI—Lower Saxony,
NW—North Rhine Westphalia, RP—Rhineland Palatinate, SH—Schleswig—Holstein, SL—Saarland, SN—Saxony, ST—Saxony-Anhalt, TH—Thuringia). Black lines
in A show the focus counties of this study (C1—Demmin, C2—Steinfurt, C3—Soemmerda, C4—Wuerzburg, C5—Rottal-Inn, G1 Cuxhaven, G2—Ostallgaeu.
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2.2. Dry and Hot Years 2018-2022

For a better understanding of the focus years between 2018 and 2022, the following
subsection will give background information on the reported meteorological conditions
and agricultural yield fluctuations in the study region during this period.

In Germany-with the exception of the year 2021-the past five years (2018-2022) were
at the same time exceptionally warm and dry. With average annual temperatures of 10.5 °C,
10.3 °C, 10.4 °C and 10.5 °C, the four years 2018, 2019, 2020 and 2022 were amongst the
five warmest years since the beginning of regular records in 1881 and experienced negative
rainfall anomalies relative to the period between 1881 and 2022 [65].

However, also in 2021, average annual temperatures over Germany (9.2 °C) were
higher than the long-term average temperatures of 8.2 °C that were recorded for the
reference period of 1961 to 1990 [66]. Of the past five years, 2018 was the most extreme,
with the highest annual average temperature and the fourth lowest precipitation level
since 1881 in Germany; in summer and autumn 2018, only 50% of the average precipitation
was recorded [67]. Figure 2 gives an overview of deviations in precipitation (left) and
temperature (right) compared to the period of 1961-1990 for spring (March, April, May),
summer (June, July, August) and autumn (September, October, November), for each federal
state. The seasonal precipitation maps (Figure 2 left) show that in the past five years,
above-average rainfall at larger extents occurred only in autumn 2019 (northern Germany),
in autumn 2022 (southern Germany) and in summer 2021 (most parts of Germany). Positive
temperature deviations (Figure 2 right, red) highlight the fact that not only annual but
also seasonal averages for all seasons with vegetation activity were above the values of the
reference period 1961-1990, with the only exception being spring 2021 where below-average
temperatures caused a late onset of spring.

Spring Summer Autumn Spring Summer Autumn

2018
2018

2019
2019

2020
2020

2021

v Al vl

2021

2022
2022

Deviation of temperature

Deviation of precipitation sums from 1961-1990 mean (K)
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Figure 2. Precipitation sums (left) and mean temperature (right) in spring (MAM), summer (JJA)
and autumn (SON) 2018-2022 compared to long-term (1961-1990) averages. Data were extracted from
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climate status reports from the German Weather Service [65-69], attached to federal state boundaries
and mapped using the GIS (Geographical Information System).

The hot and dry conditions in 2018-2020 and 2022 affected agricultural yields, but
spatial and temporal patterns are quite complex. Figure 3 shows the fluctuations of selected
crops with different cropping cycles and differing agrometeorological requirements as
extracted from yield statistics of the German Federal Statistical Office and the German
Federal Ministry of Food and Agriculture [70,71].
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45%
< 35%
3N 25%
N
o 15%
fg 5% I . [ I | I |
8 1l . | I | il
Q= 5o 111 II 'I l WH
59 | | . |
g E _15% ... .00 8l
52 25% :
3 £ -35%
08 5%
Qo w = o -
,3;3 n @ T 2 Z % E ® 5 o & F é
B Potatoes 2018 ®m2019 =2020 m2021 m2022
35%
%§ 25%
-;8| 15% 0
T
<o | 1 1 | 1
S TRRAT B A T N N N I T || [
oS o LELLRLR U wll N H (W H I H LLE-]
“— O (] ‘ L | L
29 I ]! i,
S -15% t 1] 1"
T q |
3 £ 25% ‘
02 35%
m L = o - [
% n @ f s Z % E D 65 0 5B F g
C - Winter wheat m2018 =m2019 =2020 m2021 m2022
0
N
2N 15%
28 |
T
8 5% ity | 1
58 Llll. Coac bl Ul
&% s b "PLLEL-[Lr LIy
- I " | U (U
S o
=8
_gm 15%
35
E -25%
(an] L = o - [

Figure 3. Deviation of yields per hectare for selected crop types in Germany and in German federal
states for the years from 2018 to 2021 compared to multi-year averages (2003-2022): (A) maize;
(B) potatoes; (C) winter wheat. BB—Brandenburg, BW—Baden Wurttemberg, BY—Bavaria,
HE—Hesse, MV—Mecklenburg—Western Pomerania, NI—Lower Saxony, NW—North Rhine
Westphalia, RP—Rhineland Palatinate, SH—Schleswig-Holstein, SL—Saarland, SN—Saxony,
ST—Saxony-Anhalt, TH—Thuringia; GER—Germany. Data source: Official statistical data based on
farm surveys, published by the German Federal Statistical Office and the German Federal Ministry of
Food and Agriculture in [70,71].
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In 2018, yields per ha were considerably low for almost all crop types and federal states.
Exceptions were the States NW, RP, SL, BW and BY, located in the south, southwest and
west, where winter wheat yields were around average. Per-hectare yields of potatoes and
maize were clearly below average for all states in 2018, except for the south (BY and BW).
Also, in 2019, widespread yield deficits occurred but were not as strong as in 2018. Yields
were around (+/— 5%) or below average for all considered crop types and regions, except
for potatoes and maize in BW and for maize in BY. In 2020, per-hectare yield of winter
wheat were around (+/— 5%) or higher than normal for all of Germany. Yields for potatoes
were mixed over Germany and mainly not more than 15% below average for maize, except
for BY, where maize yields were 10% above average. 2021 was a good-to-normal year for
potatoes and maize all over Germany. Yields of winter wheat were mixed, but negative
anomalies did not exceed 10% in any federal state. In 2022, yields of winter wheat were
around (+/— 5%) or above average for all states except for ST. In contrast, potato yields
were clearly below average for most regions. Maize yields were slightly (2-3%) below
average in BY and NW but clearly below average for all other States in Germany.

3. Data
3.1. Satellite and Land Cover

The Vegetation Stress Monitor uses 250 m, 16-day composites of MODIS Terra EVI
(MOD13Q1, v061 [72] provided by GEE) as an indicator for vegetation condition. The
presented results are based on a 22-year time series of MOD13Q1 EVI spanning the pe-
riod from 2000 to 2022. Due to the predominant dormancy of Central European vege-
tation during winter, the focus of the Vegetation Stress Monitor is on MODIS data for
spring, summer and autumn, while the winter months December, January and February
are excluded.

CORINE Land Cover (CLC) map products [73] with a spatial resolution of 100 m
were used for excluding land cover change related effects on vegetation and for analyzing
land cover-specific vegetation stress. For this purpose, the CLC map 2012 (covering the
period from 2011 to 2012, which is centrally located in our study period) and the CORINE
Land Cover Change Layers (CHA 2000-2006, 2006-2012 and 2012-2018) version 2020_20ul
were used.

3.2. Yield Statistics

For analyzing the relationship between EVI-based vegetation stress and agricultural
yields, we selected crop types that are highly relevant in Germany and that show different
phenologies and cropping calendars: winter wheat (being the most widespread crop type
in Germany, covering 2.89 million hectares, and a typical representative of winter cereals),
maize (being the second most widespread crop type in Germany, covering 2.49 million
hectares, a cereal with later sowing and later harvest), and potatoes (which cover only
0.26 million hectares, but which are an important staple crop that can be considerably
affected by water deficits) (all numbers from [74] for the year 2022). Annual statistics on
yields for these crop types were taken from the regional database of the German Federal
and States Statistical Offices [75]. The data were downloaded at the level of counties for the
years 2000 to 2022 in values of dt (decitonnes, 1 dt = 100 kg) yield per hectare. As described
in [76], these data have been collected in the framework of the German-wide ‘crop and
farm reporting for crops and grassland’ (Ernte- und Betriebsberichterstattung fiir Feldfriichte
und Griinland) conducted by the German federal states and coordinated by the Federal
Statistical Office of Germany (Destatis). Yield information is collected via country-wide
uniform questionnaires. These are answered by yield reporters for farms that are selected
systematically by the statistical offices of the federal states in a non-random approach [76].
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4. Methods
4.1. Vegetation Stress Assessment

The original methodology of the Vegetation Stress Monitor was published in [42].
In the present study, the methodological workflow is described, with a focus on several
improved details. An overview of the workflow is shown in Figure 4. Vegetation condi-
tions are assessed based on the deviations of MODIS EVI from its long-term average at
16-day intervals. Compared to the previous version [42], where 19 years of MODIS data
were available, the presented analyses now rely on a prolonged time series of 22-years
(2000-2021) for calculating the long-term median, and deviations are calculated until 2022.
MODIS data of low quality (e.g., cloud-affected and marginal data) is excluded by selecting
only those pixels for further analyses which are labeled as best quality (class 0) in the
MOD13Q1 “250 m 16 days pixel reliability” quality layer. Furthermore, non-vegetated
areas are excluded by masking pixels with EVI values below zero and by masking all
pixels assigned as non-vegetated land cover classes (e.g., “urban” and “water”) in the
CLC product 2012. Finally, all pixels that show changes in the CLC change layers are
excluded from further processing. In this study, different from [42], the application of the
change layers CHA 20002006 and CHA 2006-2012 were complemented by the newest
change layer CHA 2012-2018. This ensures that land cover or land use changes are not
misinterpreted as vegetation stress and do not affect the long-term mean.

“CHA 2000-2008, i
' 16-day composites
ALy (2000-2021, per pixel)
CHA 2012-2018
l
Selection of 250m
pixels that are Quality check
stable &
dominated by v pixel-based
grassland / median calculation
cropland /
vegetated land A 4
cover EVI deviances 4 Long-term median
| H from long-term median v EVis
¥
(2000—202?, 16-day, Differencing (2000—2021., 16-day,
per pixel) per pixel)
= L =
Temporal averaging
A4
EVI deviances
from long-term median
(2000-2022, monthly,
per pixel)
County - :
boundares | > Spatial averaging
Y

g EVI deviances
Al from long-term median
(2000-2022, monthly,
per county)

Figure 4. Overview over the methodological workflow.

The 22-year median (2000-2021) is calculated for each MOD13Q1 16-day composite.
Then, the EVI difference between each original 16-day EVI composite and the 22-year
median EVI of the same composite period is calculated. This results in a 16-day composite
time series of EVI deviations from their long-term average. This 16-day time series is
temporally aggregated to monthly and annual intervals in order to minimize outlier effects.
The monthly datasets are calculated by averaging pairs of those two 16-day EVI deviations
which have the longest overlapping period with the respective month, as shown in Table
S1 of the supplementary material. Negative EVI deviations are considered an indicator of
vegetation stress.

The resulting monthly EVI deviations are stratified by three (groups of) land cover/use
classes: cropland classes, grassland classes and all vegetated land cover classes, based on the
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100 m CLC product. The CLC level 2 class 21 “arable land” is used for identifying cropland,
and the CLC level 3 classes 231 “pastures” and 321 “natural grasslands” are merged to
identify grassland areas. Further, as described above, only areas that showed stable land
cover throughout the period of investigation—as indicated in the three most recent Corine
change layers—were considered. Subsequently, the sub-pixel fraction of each MODIS 250 m
pixel with respect to the considered higher resolution CLC classes is calculated, and only
relatively pure MODIS pixels with at least 75% sub-pixel coverage of grassland, cropland
and vegetated classes, respectively, are considered for further processing.

The monthly and annual EVI deviations for cropland, grassland, and all vegetated
classes are averaged over all German counties and federal states by considering only those
MODIS pixels where the respective land use/cover class is predominant (75% sub-pixel
coverage). To avoid unrepresentative values, average EVI deviations are not calculated
for administrative units that comprise less than 10 valid pixels of the class under con-
sideration. All described processing is conducted on the Google Earth Engine platform
(https:/ /earthengine.google.com/, last accessed on 1 September 2023) [77].

4.2. Correlation Analyses

The relationship between EVI deviations and agricultural yields for the period
2000-2022 was assessed by calculating Spearman correlation coefficients per county and
crop type. In this correlation analysis, the annual yield statistics of maize, potatoes and
winter wheat were correlated with the county-averaged EVI deviations of each month
individually but considering only those months in which the respective crop type is usually
cultivated. Months prior to planting and months after harvest were not considered. In case
less than 80% of the annual data pairs (deviations of monthly EVI and crop yield) contained
valid data in a county, the result for the respective county was labeled “not sufficient data”.
This happened due to missing statistical yield information for several counties and crop
types but also (to minor extent) due to missing vegetation stress data.

5. Results
5.1. Vegetation Stress Detection in Germany for 2000-2022

The spatial patterns of vegetation stress over Germany as mapped via the Vegetation
Stress Monitor based on MODIS EVI time series are shown in Figure 5 on county level for
all vegetated land cover classes averaged over June, July, August and September (JJAS)
for 2000 until 2022. The well-known drought years 2003 and 2018 can be easily depicted.
In 2003, most parts of the country were affected by strong negative deviations of JJAS
vegetation activity with the strongest effects in the central and southern parts. In 2018, the
likewise strong negative deviations were mainly found in the central and northern parts of
Germany, while in this case, the south was affected to a smaller degree.

This is also reflected in Figure 6A, which shows that JJAS vegetation stress was stronger
in the northern parts of Germany in 2018 compared to 2003, while in southern Germany,
vegetation stress was more pronounced in 2003, compared to 2018. The vegetation stress
observed for summer was slightly more widespread for 2003 (365 counties, corresponding
to ca. 90% of Germany) compared to 2018 (295 counties, corresponding to ca. 80% of
Germany; Figures 5 and 6B). Vegetation stress was also detected in other years but with
lower intensities and to lesser extents (e.g., 2000: north and east, 2001: south, 2006: north
and west, 2007: west, 2011: central west, 2015: south). However, it also becomes obvious
that an accumulation of years with strong negative deviations of vegetation activity can
be observed after 2018. Except for the year 2021 with a relatively wet summer (for rainfall
deviations see Figure 2), all years since 2018 showed moderate to strong vegetation stress
in different regions of Germany (2019: east and north, 2020: central west, 2022: center, west,
and north).
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Figure 5. Annual vegetation stress averaged over June-September (JJAS) and over each county for
the years 2000-2018 as derived by the Vegetation Stress Monitor from MODIS EVI time series.
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Figure 6. Comparison of vegetation stress observed for 2003 and 2018 during the summer months
JJAS: (A) shows the difference between EVI JJAS deviations of 2018 and 2003. Positive values indicate
stronger negative EVI deviations in 2003, and negative values indicate stronger negative EVI values
in 2018; (B) shows the counties that were characterized by negative EVI deviations (<—0.01) in the
years 2003, 2018 and both 2003 and 2018.
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The monthly patterns of deviations in vegetation activity from 2000 to 2022 are il-
lustrated in Figure 7 for selected cropland focus counties and in Figure 8 for selected
grassland focus counties (see Figure 1A). The selected focus counties represent the range
of typical major cropland and grassland regions of Germany as described in Section 2.1.
By comparing the long-term temporal patterns of vegetation stress for these selected focus
areas, we intend to discover if there are major differences or similarities within the major
cropland regions and within the major grassland regions, but also between grasslands
and croplands. For the focus counties C1-C5, which are dominated by cropland use, we
show EVI deviations averaged only over predominant cropland pixels within this county,
while for the focus counties G1 and G2, which are dominated by grassland, we show EVI
deviations averaged only over predominated grassland pixels.

The monthly time series of cropland focus counties (Figure 7) show that the general
accumulation of strong vegetation stress since 2018—which has been observed for the
summer months in Germany (Figure 5)—has complex regional and seasonal patterns. In
the county of Demmin (C1), the negative deviations of cropland vegetation activity in the
summer months June and July of 2018, 2019 and 2022 stand out for the study period since
2000. Negative EVI deviations in spring (March-May) were much stronger in other years
(e.g., in 2003, 2010, 2011 and 2016), but not as pronounced for the years 2018-2022.

This pattern is similar for cropland in the county of Soemmerda (C3), which is located
about 400 km to the South. Here also, June and July 2018, 2019 and 2022 show particularly
negative deviations when compared to other years since 2000. In contrast, negative spring
deviations cannot be observed for these years and were much more pronounced, e.g., in
2006, 2010 and 2013 and strongest in the drought year 2003.
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Figure 7. Monthly deviations of MODIS EVI 2000-2022 averaged over all cropland pixels in the focus
counties C1-C5. The location of the focus counties is shown in Figure 1A.

For the county of Steinfurt (C2), the EVI deviations over cropland for July/August
to September for 2018, 2019 and 2022 are among the strongest negative deviations over
the complete time series, but this is not the case for other months of the growing season.
Similarly strong negative deviations for late summer/early autumn can be observed in
the drought year 2003. In this year, however, the spring months also showed negative EVI
deviations which are, after 2013, the second strongest ones observed since 2000.

In the county of Wiirzburg (C4), negative deviations in late summer and autumn 2018,
for 2022 and 2003 are of similar magnitudes and are lower than in any other year since
2000. In 2003, however, negative deviations were also found for spring and early summer,
so 2003 is the year where vegetation stress was strongest and most long-lasting
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Figure 8. Monthly deviations of MODIS EVI 2000-2022 averaged over all grassland pixels in the
focus counties G1 and G2. The location of the focus counties is shown in Figure 1A.

The croplands of the county Rottal-Inn (C5) do not show any unique behavior since
2018, with only relatively weak negative late summer/early autumn deviations in 2018
and 2022, which could be found at similar to even stronger magnitudes also in 2015. More
pronounced are negative EVI deviations for 2003, a year which was additionally affected by
strong negative deviations in spring, i.e., by constant negative EVI deviations throughout
the vegetation period.

Figure 8 shows that for the grasslands of the county Cuxhaven in northern Germany
(G1), negative deviations in late summer/early autumn 2018, 2019 and 2022 were similar
to those of 2003. Spring 2018 showed similar, but not as long-lasting, negative deviations as
spring 2003, but the strongest negative spring deviations in this county were detected for
the year 2013.

The grasslands in the county of Ostallgaeu (G2) are relatively stable and show the
least pronounced EVI deviations among all focus counties. No exceptional behavior for
the years since 2018 can be observed. The comparably strongest negative deviations are
observed in the spring months of 2006, 2009 and 2013. For 2003, negative deviations are
observed mainly in autumn.

5.2. Detected Vegetation Stress Characteristics for Germany in 2018-2022

As illustrated above, years with strong negative deviations of vegetation activity have
occurred more frequently after 2018 compared to 2000-2017 (Figure 5), but with regional
and seasonal variations (Figure 7). We therefore have a closer look at the monthly vegetation
stress situation between 2018 and 2022. Figure 9 shows vegetation stress for spring, summer
and autumn months (Mar-Nov) in 2018-2022 as indicated by the Vegetation Stress Monitor.
Please note that Figure 9 shows more months than were included in Figure 5 (there: June—
September). The maps display EVI deviations for all vegetated land cover classes at the
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level of the German counties. Vegetation stress maps for grassland and cropland can be
found in the supplementary material (Figures S1 and S2), which generally exhibit quite
similar overall spatial and temporal patterns. Figure 9 shows distinct phases of vegetation
stress (marked by black boxes in Figure 9) for all years, however with varying magnitudes,
duration, and timing. The longest and most pronounced phase of vegetation stress is
found in 2018 lasting from June to October (Figure 9, box A). EVI deviations were observed
between June and July mainly in the northeast, expanding to the northwest in August and
September, and weakening in October. Southern Germany (i.e., the southern parts of BY
and BW) was less affected compared to the rest of Germany in 2018. In 2019, vegetation
stress was detected between June and September (Figure 9, box B) but at lower magnitudes
compared to 2018 and spatially more limited. Negative deviations of EVI occurred in the
northeast in June, in the northern half of Germany in July, and they were attenuating and
retracting in August/September. In 2020 (Figure 9, box C), subtle signs of vegetation stress
are detectable in northeastern Germany in May, while in June, large areas all over Germany
were affected. From July to September, slightly higher intensities of vegetation stress were
identified for the western center of Germany, while the situation attenuated for the rest
of the country. In 2021, EVI deviations did not show any sign of vegetation stress for the
summer and autumn months. However, in spring 2021 (April to May), strong negative
deviations were observed for most parts of Germany, which attenuated in June (Figure 9,
box D). In 2022 (Figure 9, box E), relatively weak vegetation stress was identified in June for
the northeast, shifting to central and southern Germany in July and August. In September
2022, relatively high levels of vegetation stress were observed for the northern half of
Germany with a focus on the northwest, while the southern part of Germany (southern
parts of BY and BW) were less affected.

March i June July August __September October  November

2018

2019

2020

2021

2022

1000 km

MODIS EVI deviation
from 22-year median not sufficient
-0. - data

Figure 9. Monthly (Mar-Nov) maps of vegetation stress for all vegetated land cover types as indicated
by MODIS EVI deviations for 2018-2022 at county level. Respective maps for cropland and grassland
can be found in the supplementary material (Figures S1 and S2). Identified phases of distinct
vegetation stress (A-E) are marked by black boxes.
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5.3. Relationship of MODIS-Based Vegetation Stress and Agricultural Yields

Figure 10 shows the strength of the relationship between monthly EVI deviations and
yields for silage maize, potatoes and winter wheat. March and September/October are not
considered for maize/potatoes and winter wheat, respectively, as the selected crop types
are not cultivated during these months. Grey areas indicate counties where the correlation
tests revealed insignificant correlations with a 90% confidence interval. White areas are
counties where we did not perform any correlation due to low data availability.

For silage maize, significant correlations were found mainly in July to September. They
stretch over counties in northeastern and northern Germany in June, and expand in August
to most of the country, except for the southern fringes. Significant correlations between EVI
deviations and potato yields were mainly found in July-September with a peak in August.
Even though the data availability for potato yield statistics is quite scattered over Germany
(see white counties in line 2 of Figure 10), it can be seen that strong correlations were found
for northern and eastern Germany in July and for most parts of the country in August,
attenuating in September. Unlike maize and potatoes, strong correlations for winter wheat
can be found in the early season (March—-April). These however concentrate on eastern and
southern Germany and cannot be found in the north and west.

6. Discussion
6.1. Long-Term Patterns of Vegetation Stress and the Particular Situation since 2018

The analysis of vegetation stress patterns over Germany shows that drought effects on
vegetation are characterized by strong variations in space and time for both grassland and
cropland areas. The time series of selected focus counties illustrate this fact exemplarily
(Figures 7 and 8). The drought year 2003 was characterized by clear and relatively constant
long-lasting vegetation stress for all focus counties except for the two counties in eastern
Germany, Demmin (C1), where the negative deviations are not as strong, and Soemmerda
(C3), where no negative deviations were detected for summer and autumn. Likewise, in
both mentioned regions, topsoil moisture deficits of 2003 were not pronounced compared
to other parts of the country, according to [78]. Our analyses reveal vegetation stress in
2018 for all focus counties except for Ostallgaeu (G2) and not as strong effects for Demmin
(C1). The negative EVI deviations mainly occurred in summer and autumn 2018, but in
most cases not in spring. For the southern focus counties of Ostallgaeu (G2) and Rottal-Inn
(C5), vegetation stress in 2003 was much more pronounced than in 2018, which is in line
with the comparably low summer rainfall deficits in the southernmost part of Germany
in 2018. Vegetation stress at very low magnitudes was found for regions with very high
annual precipitation such as G2 (Ostallgaeu, Table 1), combined with average/high soil
quality (Table 1). Here, negative deviations of EVI were detectable in 2003—a year in which
also southern Germany was affected by rainfall deficits and even more strongly by heat
waves—but here, vegetation stress was not as strong as for the other focus counties. No
clear negative effect can be observed for 2018 in G2. This indicates that this region, which is
a typical example of the German pre-alpine region, was not clearly water-limited, even in
extreme drought years. This assumption is supported, e.g., by [48], who revealed that heat
stress can affect all of Germany, while the southernmost parts of the country are largely
exempt from yield-effecting (water-related) drought stress. In contrast, in the grasslands
of the focus county Cuxhaven (G1), with lower average precipitation sums (Table 1),
water limitation seems to play a bigger role. Here, grasslands experienced more frequent
months of negative EVI deviation, and clear vegetation stress can be observed for both 2003
and 2018.
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When considering Germany as a whole, the vegetation stress observed for summer
(JJAS) was slightly more widespread for 2003 compared to 2018 (Figures 5 and 6). Vegeta-
tion stress during the summer months of these extreme drought years was stronger in the
northern parts of Germany in 2018 compared to 2003, while in southern Germany, vege-
tation stress was more pronounced in 2003, compared to 2018. This observation matches
with meteorological data from the German Weather Service that shows that the south-
ern part of Germany experienced similar/only slightly higher summer precipitation and
considerably higher summer temperatures in 2003, compared to 2018 [56]. The northern
part of Germany, in contrast, experienced lower rainfall amounts and similar summer
temperatures in 2018 compared to 2003 [56]. Also, when regarding drought intensities and
magnitudes as derived from topsoil moisture data modeled by UFZ (Helmholtz-Zentrum
fir Umweltforschung) [78], the drought was stronger in large parts of southern Germany
in 2003 and stronger in northern Germany in 2018, but overall, topsoil drought conditions
(intensity and magnitude) were reported to be more widespread in 2018 [78]. While 2003
was a relatively isolated drought year, the year 2018 was the start of a period where vegeta-
tion stress areas occurred frequently, which is unique within the period of investigation.
There are studies that deduced, in the case of the years 2018 and 2019, that compound
drought years have amplified impacts as ecological and agricultural systems are already
weakened from previous drought conditions [1,11,13]. Based on this assumption and the
spatial patterns of vegetation stress detected in the presented study, such amplifying effects
could be particularly relevant for the northern part of Germany where vegetation stress
was observed for 2018 and 2019 consecutively.

6.2. Vegetation Stress and Yields

We found strong correlations between EVI-based monthly deviations and annual
yields for silage maize, potatoes and winter wheat. There are clear differences in correlation
between crop types and regions. For silage maize and potatoes, which are both planted
comparably late in April and early May, correlations to vegetation stress are most prominent
(strength and extent) in August. Maize yields showed stronger correlations than winter
wheat and potatoes. Stronger correlations for maize than for winter wheat were also found
for southern Germany (BY) by [47]. For maize, large areas with significant correlations to
vegetation stress were found from July to September with highest correlation coefficients
in August of up to 0.88. In this period, maize is in its flowering and milk-ripe stages,
which are known to be the stages where maize is most sensitive to water deficits [79,80]. A
study that correlated VCI and maize yields, [21] also found the strongest correlations for
August, with similar spatial patterns, and similar but slightly higher maximum correlation
coefficients (0.93). However, in this case, differing periods of investigation and correlation
methods hamper a direct comparison of correlation strengths. In a study that analyzed the
relationship between soil moisture, precipitation and temperature with maize yields, the
strongest correlations were found for a slightly earlier period (June to August) [50] than
found here, which could be explained by a lagged response of vegetation stress compared
to meteorological variables and soil moisture. Further, we found a tendency towards higher
correlation coefficients between vegetation stress and maize yields in the north of Germany
compared to the south.

For potatoes, larger areas of strong correlations to vegetation stress are found after July,
which means after canopy closure, which usually takes place in June. The higher water
demands towards the later growth stages of potatoes might play a role in this observation.
Between July and September, significant correlations are found for almost all counties with
sufficient data availability, for at least one of the months, and with the highest correlation
coefficients in the east of Germany. However, it has to be noted that the data availability for
potato yield statistics is much more scattered than for maize and winter wheat, and that
there is a lack of other studies on potatoes to be compared with our results.

The spatial and temporal correlation patterns for winter wheat are considerably differ-
ent compared to potatoes and maize. Winter wheat, which is planted in autumn, shows
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strong and widespread correlations in March (tillering phase) for northern, northeastern
and southeastern Germany with a maximum correlation coefficient of 0.78, and in April
(stem elongation phase) for northern, northeastern, southeastern and southwestern Ger-
many with a maximum correlation coefficient of 0.77. This time falls into growth stages of
wheat that are most sensitive to droughts [81,82]. During the tillering phase, drought most
severely affects the tiller number per plant, and during the stem elongation phase, drought
affects plant height [82]. Significant correlations are, however, not found in this period for
large parts of the central west of Germany. High correlations for early spring (end of Febru-
ary to beginning of April) MODIS NDVI were also found by [46] on a national scale for
Germany. The results of [49] in contrast—based on 4 km AVHRR vegetation health indices
and selected farms and counties in eastern Germany—showed highest correlations with
winter wheat yields for later months (April-July). Even though our analyses also showed
a secondary peak of correlations in July, there are clear differences between the findings
of [49] and our results as well as those of [46]. This disagreement is most likely caused by
differing EO sensors and their spatial resolutions (4 km AVHRR vs. 250 m MODIS) as well
as by the focus of [49] on selected farms and counties for which, to larger parts, statistical
yield information was not available in our dataset. In their analysis, [51] identified highest
correlations of soil moisture in March with winter wheat yields, which also fits our results,
especially when considering a temporal lag between soil moisture deficits and vegetation
stress. In contrast, [47] found only low correlations between their EO-based crop-specific
drought indices and winter wheat yield in Germany. When comparing this finding to
the results presented here, the reason for these low correlations becomes obvious: in [47],
crop-specific drought indices for winter wheat were based on the months May-July but did
not include information from March and April, which are here shown to be most relevant
for winter wheat yields in large parts of Germany.

6.3. Strengths and Limitations

In agricultural remote sensing studies, EVI is the second most frequently used multi-
spectral VI after NDVI [83]. MODIS EVI is sensitive to temporal variations in vegetation
and biophysical parameters, even in areas of dense vegetation cover [55], and its capability
to successfully capture vegetation characteristics in agricultural landscapes has been repeat-
edly demonstrated, e.g., [54,84-86]. However, monitoring approaches using multispectral
VIs such as EVI have certain limitations due to factors such as the influence of soil color
and canopy shadows. In the context of this study, it also has to be noted that EVI is not
sensitive to vegetation condition as soon as cereals reduce their chlorophyll contents during
later growth stages prior to harvest. Analyzing EVI deviations from long-term medians
can be a robust alternative to drought indices such as VCI, depending on study region
and application. While VCI values strongly depend on the minimum and maximum value
of NDVI that occurred (once) during the period of observation, the approach presented
here relates the current EVI value to all values of the historic time series by considering
the more robust long-term median EVI. This is particularly relevant when the time series
analyzed is not too long, when it potentially does not contain representative low or high
states of the considered VI, and when there are remaining atmospheric effects in the dataset
which generally decrease VI values. It however has to be considered that in our approach,
vegetation classes that show stronger natural inter-annual variations are generally showing
higher vegetation stress values than stable ones. This has to be considered when comparing
the magnitude of vegetation stress among different vegetation or land cover types.

The interpretation and discussion of our results focuses on climate-related effects
on vegetation stress. It should, however, be noted that not only climatic influences can
lead to stress in vegetation. Biotic factors such as agricultural pests and diseases can
principally cause vegetation stress and crop failure or develop as cascading effects resulting
from unfavorable climatic conditions [87,88]. In our study region, this could be the case
occasionally and in smaller regions, but at the spatial scale of our investigation, such causes
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can be considered secondary and masked by climatic effects. However, this aspect could
play a bigger role in future under further accelerating climatic change.

As MODIS is currently reaching the end of its lifetime, it can be expected that a
continuation of the presented analyses after 2022 will lead to increasingly unreliable results.
For future years, the approach will thus require an adaptation to newer missions such as
VIIRS (Visible Infrared Imaging Radiometer Suite). The usage of vegetation indices show
certain advantages in this regard, as they can be cross-calibrated to produce harmonized
VI time series across different sensors [55,89] which could ensure continuity of long-term
monitoring of climate-related vegetation stress. EVI is operationally produced from VIIRS
data [90], and proved to be a reliable continuation of the MODIS mission [91]. To account
for possible systematic errors in the VI time series across sensors due to differences in
sensor and platform characteristics, harmonization between MODIS and VIIRS products is
necessary [92].

7. Conclusions

In this study, the Vegetation Stress Monitor is used for assessing vegetation stress on
Germany’s cropland and grassland since 2000, with a special focus on the years 2018-2022.
This MODIS-based approach is a further development of the workflow published by [42]
which focuses on monthly, land cover specific deviations of MODIS-EVI from the long-
term median. We present vegetation stress time series for 2000-2022 for all of Germany
and for seven counties that were selected to represent typical cropland and grassland
areas in Germany. Further, we correlate the monthly vegetation stress data with 23 years
of annual yield statistics for three important crops in Germany. The results show that
major drought- but also temperature-related effects on vegetation are well captured in the
EVI-based dataset. It enables the monitoring of onset and duration of vegetation stress
at monthly intervals. Strong regional differences of drought- and heat-related vegetation
stress could be observed within major cropland and grassland regions of Germany. While
the patterns of vegetation stress vary strongly from year to year, the northern parts of
Germany showed a higher tendency to be affected by drought effects, particularly after
2018. In grasslands in the south, measurable vegetation stress turned out to hardly occur,
even in extreme drought years. When comparing 2003 and 2018—two years of extreme
heat and drought—we found that vegetation stress observed in summer (JJAS) was slightly
more widespread in 2003. In the northern parts of Germany, summer (JJAS) vegetation
stress was stronger in 2018 than in 2003, while in southern Germany, vegetation stress was
more pronounced in 2003 compared to 2018. Further, we found strong correlations between
the EVI-based monthly deviations and annual yields for silage maize, potatoes and winter
wheat in Germany. Clear differences in correlation between crop types and regions are
shown which can be largely explained by the crop-specific sensitivities to drought and heat
during specific cultivation periods and growth stages.

The analyses revealed the potential of the Vegetation Stress Monitor to capture climate-
related vegetation stress and to support the within-season prediction of agricultural yields.
The delineated dataset of crop-specific vegetation response to past drought events could
contribute to drought hazard mapping in the context of drought risk assessment and to
the development of adaptation measures. Our results hence show the applicability of the
Vegetation Stress Monitor to delineate relevant information for topics of societal relevance.
For an improved understanding of the effects of meteorological and soil moisture related
droughts on vegetation stress, future analyses could focus on identifying underlying
drivers using multivariate regression (e.g., [93]) or machine learning algorithms such
gradient boosting (e.g., [94-97]). For enabling the continuation of the Vegetation Stress
Monitor beyond the lifetime of the MODIS mission, further work will need to focus on the
harmonization of MODIS EVI with the VIIRS-based EVI product.
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of vegetation stress for grassland as indicated by MODIS-EVI deviations for 2018-2022 at county
level; Figure S2: Monthly (March-November) maps of vegetation stress for cropland as indicated
by MODIS-EVI deviations for 2018-2022 at county level; Table S1 Indication of the two 16-day
composites used to calculate monthly EVI deviations.
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