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Abstract: Drought is one of the extreme climatic events that has a severe impact on crop production
and food supply. Our main goal is to test the suitability of remote sensing-based indices to
detect drought impacts on crop production from a global to regional scale. Moderate resolution
imaging spectroradiometer (MODIS) based imagery, spanning from 2001 to 2017 was used for this
task. This includes the normalized difference vegetation index (NDVI), land surface temperature
(LST), and the evaporative stress index (ESI), which is based on the ratio of actual to potential
evapotranspiration. These indices were used as indicators of drought-induced vegetation conditions
for three main crops: maize, wheat, and soybean. The start and end of the growing season, as observed
at 500 m resolution, were used to exclude the time steps that are outside of the growing season.
Based on the three indicators, monthly standardized anomalies were estimated, which were used
for both analyses of spatiotemporal patterns of drought and the relationship with yield anomalies.
Anomalies in the ESI had higher correlations with maize and wheat yield anomalies than other indices,
indicating that prolonged periods of low ESI during the growing season are highly correlated with
reduced crop yields. All indices could identify past drought events, such as the drought in the USA in
2012, Eastern Africa in 2016–2017, and South Africa in 2015–2016. The results of this study highlight
the potential of the use of moderate resolution remote sensing-based indicators combined with
phenometrics for drought-induced crop impact monitoring. For several regions, droughts identified
using the ESI and LST were more intense than the NDVI-based results. We showed that these indices
are relevant for agricultural drought monitoring at both global and regional scales. They can be
integrated into drought early warning systems, process-based crop models, as well as can be used for
risk assessment and included in advanced decision-support frameworks.
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1. Introduction

Drought is one of the most severe natural hazards and can impose a massive impact on water
supply, crop, and forage production, and thus, can lead to broad socio-economic and environmental
impacts [1,2]. An increase in both drought frequency and severity over the last decades has had
adverse impacts on agriculture, for example for East Asia, the Mediterranean region, and Southern
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Australia [3–5]. Severe droughts were also observed for regions in Africa, e.g., Eastern Africa
(2009, 2011–2012, 2019) and Southern Africa (2003, 2007, 2015–16, 2018) [4,6–8]. Timely and accurate
information on drought occurrence is essential to mitigate the negative effects of drought on cropping
systems and to support drought management [9]. This information can be integrated with agricultural
statistics at the national to the sub-national level, which can be further used for policymaking,
risk management, and early drought warning systems; the information can trigger national mitigation
activities and further local-scale analysis implemented in a national drought plan [10,11].

Drought is defined as an exceptional deficit of water availability caused by a deviation from
normal conditions over a specific region. Although drought is a result of climate-related factors such
as rainfall, moisture deficiency, temperature and high evapotranspiration, it can also be impacted by
human induced changes of hydrological processes and the environment [12].

Globally, drought reduced the crop yield by approximately 10% in the period 1964–2007 [13].
Agricultural droughts are water shortages that cause a drop in crop productivity. Drought impacts on
yield represent the integral effect of several factors such as reduced precipitation, increased temperature
as well as management practices [14]. Spatially explicit metrics can be derived from remote sensing to
describe the impact of these factors on croplands [15–18].

Remote sensing time series have been used extensively for assessing the impact of drought on
terrestrial ecosystems as proxies of biophysical vegetation properties can be extracted over large scales [19].
Several indices have been proposed for the detection of anomalies in the intensity, continuity, and spatial
extent of droughts [20–22]. The availability of remote sensing data allows the estimation of vegetation
indices (VI), such as the normalized difference vegetation index (NDVI); and consequently, the detection of
anomalies in vegetation productivity [23–25]. Furthermore, other metrics, such as evapotranspiration
(ET), land surface temperature (LST), or soil moisture, can be extracted based on different satellite
sensors [26–30]. Time series of these remotely sensed parameters enable the assessment of drought
characteristics, such as duration and severity [20,31]. The use of remote sensing has been highlighted for
the particular regions (such as East or West Africa) where other measures of drought (e.g., climate station
records, yield information) are not available [32]. Although these indicators were shown to be
effective for drought monitoring at different scales, they have shown some limitations, such as
sensitivity to non-drought-related factors such as changes in management practices or land cover
changes. Furthermore, as drought is the result of interaction between precipitation, temperature,
evapotranspiration, soil moisture and ground water levels, an index applicable for one region may
not be suitable elsewhere. Therefore, generalizing the results across various regions needs further
analysis [33].

Currently, several satellite-based time-series are available at a global scale. These include moderate
resolution imaging spectroradiometer (MODIS), and advanced very high resolution radiometer
(AVHRR) sensors [34]. Although some global-scale remote sensing products exist, e.g., the Food and
Agriculture Organization (FAO) agriculture stress index system (ASIS), they rely on coarse resolution
data, such as from AVHRR [10]. Other global products, such as the Global Drought Observatory data,
rely only on one remote sensing-based indicator, namely MODIS fAPAR [35]. Often, they are univariate
and do not include multiple indicators that can be a proxy of vegetation condition and drought impact.
Furthermore, there is a lack of knowledge regarding which index (or indices) best represents drought
impacts, especially at a moderate spatial resolution, as the majority of current global products rely solely
on NDVI- and/or LST-based products, often with coarser resolution datasets, such as AVHRR [10,36,37].
As different indices do not always yield similar results for drought events characterization due to local
site conditions (e.g., land cover, local management), there is, thus, no universal index that could be
used for drought monitoring [20,38,39].

In this study we therefore explored the potential of three drought indicators that are generally
accepted in crop science as a measure of water stress on crop growth to detect drought impacts on
crop productivity. Namely we tested the applicability of the NDVI time series, due to its wide use and
integration in several drought monitoring frameworks, but at the same time it can be affected by other
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stressors such as heat, frost, water logging, pests, and diseases [40]. LST has been used as a proxy for
evapotranspiration and vegetation water stress [41]. Nevertheless LST can vary in space and time due
to the heterogeneity of land surface characteristics in vegetation, topography and soil [42]. The ratio
between actual evapotranspiration (AET) and potential evapotranspiration (PET) has the strongest
link to drought as it directly captures crop responses to drought such as stomata closure of drought
stressed plants [33].

We further improved the analysis by integrating moderate resolution crop masks and phenometrics.
Though it was acknowledged that the use of these data can improve the detection of crop sensitivity to
droughts at various crop growth stages [43,44], few studies have integrated these datasets at a global
scale and most of the studies used an 8 km resolution dataset [1]. Furthermore, this study evaluates
the utility of remote sensing-based indicators to analyze the impact of suboptimal conditions on crop
yield, which to date has not been performed with different indicators at a global level. At the same
time, we tested the relevance of the indicators for agricultural drought monitoring at both global and
regional scales, to analyze the applicability of the metrics derived at a global level for more targeted
studies, as well as for validation with regional scale data.

Based on this, the objective of this study is to compare remote sensing based indices for their
suitability to detect drought impacts on crop production from global to subnational scale with the use
of multiple moderate resolution remote sensing datasets as well as land cover data and crop phenology
information. Specifically, we aim at:

• Comparing different remote sensing (RS)-based indices for drought impact, monitoring at a global
scale with the use of multiple RS-based datasets of moderate spatial resolution

• Analyzing the impact of drought at the national and subnational scale.

We conducted our study at both global and regional scales to be able to not only reflect general
patterns of drought occurrence as identified by multiple drought indicators but also to show the
possibility of RS-based data to analyze the temporal dimension of drought events and impacts.

2. Materials and Methods

2.1. Data

2.1.1. Remote Sensing Based Indicators

For this study, several datasets derived from MODIS imagery, spanning from 2001 to 2017 were
used. These include the 16-day NDVI (500 m spatial resolution), land surface temperature (LST)
(1 km spatial resolution) [45] and actual and potential evapotranspiration (AET, PET) (500 m spatial
resolution) [46] as an indicator of drought-induced vegetation condition. NDVI, which is computed
based on near-infrared (NIR) and red spectral bands, is an indicator of vegetation health, thus the
anomalies in the NDVI could be used as an indicator of drought conditions. NDVI is thus often used
for drought monitoring and famine early warning [47]. Nevertheless, other processes can affect NDVI,
such as frost, waterlogging, salinity, pests, diseases, and nutrient deficiency.

LST in general is often considered relevant to drought monitoring due to the relationship between
leaf temperature and transpiration. High transpiration rates cause a cooling of the active vegetation
surface while drought induced reduced transpiration may heat up of the vegetation [37]. For LST
analysis, the MOD11A2 (1 km spatial resolution), average 8-day per-pixel land surface temperature
product was used [48].

The ratio between the AET and the PET, i.e., the ESI, has the strongest link to drought among
the three indicators because it directly measures the crop response to water limitations in the soil.
The AET and PET were extracted from MOD16A2.006 (500 m spatial resolution). The product is based
on the Penman–Monteith energy balance model [49] that uses as an input remote sensing time series of
the leaf area index, land cover, albedo, and the enhanced vegetation index (EVI), as well as radiation,
air temperature, pressure, and humidity parameters. The original dataset has an 8-day resolution,
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which represents the water flux for that duration [50]. The ratio ET/PET (ESI) has a value of 1.0 when
evapotranspiration fully satisfies potential plant water requirements and declines toward zero where
the surface dries. Thus, relatively low ESI indicates crop drought stress [51].

2.1.2. Additional Data

To assess the impact of drought on croplands, we used the MODIS land cover type dataset
(MCD12Q1.006, [52]). Based on this product with 500 m resolution pixels, at least 60% of cultivated areas
were selected and non-cultivated areas were masked. To assess the impact of irrigation, maps showing
the density of irrigated land for specific regions such as the USA (MIRAD) [53] and South Africa
(DAFF) for four (2002, 2007, 2012 and 2017) and two (2012 and 2014) time steps, respectively, were used
(Figure 1).
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Figure 1. The workflow of the analysis.

Since the sensitivity of crop yields to drought impact depends on the vulnerable stages of crop
growth, vegetation phenology has to be considered [54]. Thus, to determine the growing period,
we used the MODIS land cover dynamics dataset (MCDC12Q2.006) as it is an available validated dataset
that provides high-quality consistent output applicable for studies at regional-to-global scales [55].
In this product, seasonal dynamics of vegetation are derived using time series of two band EVI-2,
which in turn is based on MODIS nadir bidirectional reflectance distribution function (BRDF)-adjusted
reflectance (NBAR) at 500 m spatial resolution.

To better characterize the drought impacts and associated exposures, we further complemented
the remote sensing-based information with several socio-economic indicators, such as percentage of
irrigated agricultural land based on the global map of irrigation areas of the UN Food and Agriculture
Organization [56]. To assess drought impact on yield we used an annual time series of crop yields
from FAOSTAT [57] as well as gridded yields for the major food crops wheat, maize, and soybean [58].
This yield dataset is consistent with FAO yield statistics, providing gridded data at 0.5-degree
resolution [58]. The subnational data for the regional analysis were extracted from the USDA/NASS
QuickStats database [59] and the South African Department of Agriculture, Forestry, and Fisheries
(DAFF) [60].

To compare the remote sensing-based impact estimates with the socio-economic datasets,
the remote sensing data had to be aggregated into two distinct administrative unit levels. These regions
were extracted from the Global Administrative Unit Layers (GAUL) which provide administrative
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unit information worldwide. We used level 0 for national-level analysis and level 1 for sub-national
comparisons [61].

2.2. Methods

The NDVI, ESI, and LST data were resampled to the same spatial resolution of 500 m and
aggregated to monthly estimates, as most of the input data were provided at a native resolution
of 500 m. The data was accessed and processed using the Google Earth Engine cloud processing
platform [62]. The MODIS datasets were pre-processed, and observations with low quality were
excluded from further processing based on quality assurance (QA) flags describing the data quality
(Figure 1).

We used monthly estimates to exclude any potential small variations and outliers in the time series,
which may falsely be regarded as short-term changes. Using the monthly time series, anomalies for
each indicator (I) analyzed were calculated (Equation (1)).

I(Anom)i,y
=

Ii, y− I
σ(I)

(1)

where I and σ(I) are the mean and the standard deviation of the indicator in a month i; and y represents
the year.

To improve the crop condition identification, crop phenological stages (the timing of greening and
senescence) were used to mask the calculated indicator-based anomalies outside the crop growing
season [54].

The MODIS land cover dynamics dataset was preprocessed using its quality masks to exclude
pixels with low quality. The estimate of the start of the season, “Greenup_1” and “Greenup_2” which
represent the start of the first and second growing cycles (defined as a date when EVI2 exceeded 15%
of the segment of EVI2 amplitude during the first and second cycles) were converted to DOY and
extracted for each year individually. Similarly, “Senescence_1” and “Senescence_2” were processed to
extract metrics representing the end of the growing season. The start and end of the season metrics
were used to mask I anomalies that were out of the growing season of each year, thus excluding
anomalies that are not relevant to the crop growing season.

In order to delineate the drought impact and define the suboptimal conditions for crop growth,
a specific threshold was selected for each of the calculated anomalies’ time series [63]. In drought
analysis in general a value of ±1 is often used to discriminate possible wet (positive anomalies) or
dry (negative anomalies) conditions from the normal [11,35]. This value corresponded to suboptimal
conditions and was used for the NDVI and ESI-based anomalies, while in the case of LST, the reverse
was applied (possible wet (negative anomalies) or dry (positive anomalies).

Following the calculation of anomalies, the percentage of affected cropland area was calculated at
a national and subnational level. This is an aggregate value per administrative unit, that shows the
overall condition of the croplands for a specific time step, and thus, can be an indicator of drought
impact on cropland for a specific region.

To assess drought both over irrigated and rainfed regions, we further integrated irrigated crop
masks to demonstrate the advantages of remote-sensing approaches to assess the differences between
irrigated and rainfed regions [64].

The maximum duration of a drought event was calculated as the most prolonged period of
consecutive time steps under suboptimal conditions, representing the duration of the extreme drought
event. The total number of months with unfavorable conditions was also estimated, representing the
frequency of drought for a specific area. Furthermore, the number of months with below normal
conditions was calculated based on each RS indicator.
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To analyze the association between the RS-based drought impact estimates and yield, and thus to
test the suitability of different indicators to detect drought impacts on crop production, the anomaly of
the yield was estimated (Equation (2)).

Y(Anom)i,y =
Yi, y−Y
σY

(2)

where Y and σ(Y) are the mean and the standard deviation of yield in a month i, respectively and y
represents the year. This allows comparisons across different administrative regions. Correlations (Pearson)
were estimated between each administrative unit yield anomaly and selected indicator for several timesteps
during the growing season.

The results of the anomaly time series were compared with historical drought events described in
the literature [1,16,38,65,66]. Furthermore, the results were compared with the drought occurrence data
based on the Standardized Precipitation Index (SPI) derived from the Global Drought Observatory [67].

3. Results and Discussion

3.1. Global Patterns of Drought

Anomalies in the ESI had higher correlations with maize yield than the NDVI and LST in arid and
semi-arid regions, indicating that prolonged periods of a low ESI during the growing season are highly
correlated with reduced yields for maize (Figure 2a,b).

The results show that the variability of crop yield is associated with the anomalies of different
indicators. In general, LST, NDVI, and ESI anomalies show similar clusters of high and low correlations,
indicating that all of these indices could be used for drought monitoring and assessing its hotspots
(Figures 2 and 3). In particular, clusters of high correlation can be observed in the central US,
South Africa, Eastern Europe, and Brazil for maize. We can observe areas with negative ESI/yield
correlation in the southern states of the US as well as some areas in northern France, that can be
attributed to the irrigation in those areas or other management practices.

Relatively low correlations between yield and drought indicators can be observed in equatorial
regions, which can be attributed to relatively low crop densities. Furthermore, nutrient deficiency
rather than drought is the most important yield determining factor for those regions [68]. We also
observed that ESI, compared to NDVI, has more consistent correlation patterns, especially in Southern
America, Central-, and Southern Africa. This can be explained by the fact, that ET is more strongly
associated with drought conditions as it reflects energy and water exchanges among vegetation,
soil, and atmosphere [69]. Furthermore, due to the sensitivity of the NDVI to vegetation changes, it is
sensitive to yield variability in regions where drought is by far the major constraint for crop productivity.

For soybean, clusters of the high correlation between the ESI and yield anomalies can be observed in
the continental USA, especially in the Great Plains, as well as in India and South Africa, which ca shows
the impact of insufficient rainfall as well as irrigated water availability. For wheat yield, a cluster of
high correlation can be observed in northern Kazakhstan. For the latter, it is a significant wheat growing
area in the country; and it is also frequently impacted by droughts [70]. Additionally, large clusters can
be observed in the northern US and Canada, where rainfed wheat production is abundant, as well as
in Ukraine, Ethiopia and Australia.

Although we can see that RS-based time series can generally explain the patterns of yield
variability, there are still some areas that show inconsistent results, which can be explained by
several factors. First, the use of a 500 m resolution cropland mask can induce some inconsistencies,
especially in areas where several crops are planted, which can result in mixed signals from remote
sensing datasets. Second, the yield data has coarser resolution compared with the RS-based input.
Furthermore, in specific regions, other factors, such as management practices or other disturbances,
can be more relevant than drought.
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The spatial patterns of drought between 2001 and 2017 are displayed based on a pixel estimation
of frequency over the growing season period in Figure 4a,b. We observed that large areas of prolonged
drought impacted arid and semi-arid regions, such as eastern and southern Africa as well as southern
regions of Australia. At the same time, based on the maximum number of consecutive months with
suboptimal conditions, we detected in Spain, Turkey, Australia, and some regions in India, had a
maximum of up to 5 to 9 months of drought. Higher frequencies of drought events were also observed
in humid areas, such as the central and northern United States and Central Europe, which are major
crop-producing areas (Figure 4a).Remote Sens. 2020, 12, x FOR PEER REVIEW 7 of 18 
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Some of these regions, such as in eastern and southern Africa, overlap with the areas
characterized by limited irrigation capacity. Simultaneously, these areas are major crop-producing
areas, which potentially pose challenges for food security. Countries such as the US, Russia, France,
and Ukraine are among the biggest crop producers and exporters [71], and frequent droughts can
potentially impact their exports and food trade [18]. For countries such as Ethiopia, where agriculture
forms the basis of the economy supporting around 42% of the GDP and 85% of employment [72],
high-frequency droughts pose a danger to the country’s food security [73]. For other highly impacted
countries, such as South Africa, agriculture accounts for a relatively small share in the economy (3% of
GDP), 6% of employment, and about 10% of exports, but still plays a pivotal role in ensuring food
security [74]. In contrast, it can be observed, that in the majority of areas over the world, the droughts
were limited to a 1–3 month period during the growing season.

3.2. Regional Patterns of Drought

To analyze the temporal development of the drought impact, we aggregated drought anomalies
for selected administrative units (Figure 5). Anomalies of the NDVI, LST, and ESI revealed 1
(moderate drought) to 2 (extreme drought) negative standard deviations over different countries,
indicating severe drought impacts. The countries Argentina, Australia, Ethiopia, Germany, Russia,
South Africa, USA and Zimbabwe were chosen based on the suboptimal conditions observed at the
global level analysis, to further analyze the temporal patterns of drought propagation. We included at
least one country per continent to reflect the patterns in areas with different environmental as well as
socio-economic characteristics.

Anomalies extracted for croplands during the growing season (Figure 5) at a national level show
the most severe droughts, such as 2012 in the US, 2006/2007 and 2015/2016 in South Africa, 2010 in
Russia, 2003 in Germany, and 2009 in Argentina. Nevertheless, differences in magnitude and duration
of drought conditions appeared between the specific indicators. For instance, the drought of 2015/2016
in Zimbabwe can be identified using the ESI and LST, whereas, with the NDVI, the impact is less visible.
Similarly, more months with drought conditions were identified with ET and LST, such as for Ethiopia
in 2009 and 2015. This shows the utility of LST and ET for drought impact analysis. These results are
also in line with several studies where the ESI and LST were more sensitive to drought impact and
were identified as better predictors of yield than the NDVI [51,75,76].

The effects of the particularly severe droughts in South Africa as well as in the US on cropland and
national agricultural production were exemplarily analyzed, as these areas were highly impacted based
on the global scale analysis. Hereby, regional drought severity is expressed by the spatial extent of
agricultural droughts based on anomaly thresholds on cropland areas within national and sub-national
administrative units, respectively. Figure 6 shows the comparison between the area affected in South
Africa with soybean (left) and maize yield (right) at the national level. When comparing the proportion
of the drought-impacted cropland with the yield anomaly, a negative association can be observed for
all the crops (Figure 6). Nevertheless, maize and soybean yields exhibited a higher linear negative
relationship than soybean, which has a smaller sown area and is predominately irrigated. A similar
pattern can be observed for the regional level yield anomaly estimate, with a correlation coefficient of
−0.81, for the Free State in South Africa, which is one of the main maize growing areas in South Africa.

Similarly, in the main crop growing states in the central USA, negative linear associations can be
observed for both soybean and maize. Figure 7 shows the correlation matrix of correlations between the
proportion of affected crops and yield anomaly over six states, depicting strong negative correlations
with r ranging from −0.5 to −0.9. This depicts that the initially derived global products are relevant
and can be used at a regional scale.
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observations (for visualization purposes, the LST anomaly was multiplied by −1, so all negative values
show sub-optimal conditions in croplands). The bars represent drought events based detected by the
Global Drought Observatory.
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Figure 7. Correlation (r) between the area affected by drought (based on ESI anomalies) and yields of
maize and soybean for federal states of USin period 2001–2017.

When comparing the proportion of drought-impacted cropland area, we can see a general
agreement among the three RS-based indicators in both countries (Figure 8). For the comparison,
two major crop growing areas are presented here: Iowa in the US and the Free State in South Africa,
two leading maize production areas in respective countries. Particularly, the major drought events
such as the 2002 and 2012 droughts in the USA [77] are highlighted with a significantly higher area
affected with all three indices. This is in line with the other studies, which report that nearly two-thirds
(65.45%) of the continental US was covered by drought, and in 2012 ~76% of the crop region was
under a moderate to a severe dry condition in the USA Midwest [16]. Nevertheless, generally, a better
agreement is observed between LST and the ESI. This can be explained by the fact that LST-based
anomalies also show the evaporative stress of the crop. The NDVI, which in our study generally
exhibited lower affected area, can be sensitive to other stress factors and can show the compound
impact of not only drought but also other environmental and management differences. In the case of
the Free State, the drought in 2006–2007 and 2015–2016 can be identified with all indices. In both of the
areas, we can observe the LST-based indicator showing the highest proportion of affected croplands
and with the NDVI indicating a lower proportion of the affected area.
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When assessing the differences between irrigated and rainfed croplands (Figure 9), we can observe
the general tendency of the larger area of affected rainfed croplands in both the US and South Africa,
especially during the years with extreme drought events. This shows that the RS data can reflect the
impacts of an insufficient irrigation supply. At the same time, we can observe some time steps, where a
larger area of irrigated land is depicted (e.g., 2001 in South Africa). This is predominantly caused by
the crop masks, which are available only in the later intervals in the time series, and the areas identified
in 2014 as irrigated can be rainfed in 2001. This highlights the need for a consistent time series of
spatially explicit irrigation information, which can further improve the analysis of impacts on different
cropping systems.
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Figure 9. Percentageof the crop area affected by drought for irrigated and rainfed cropland (a) Iowa
(US, July) and (b) Free State (South Africa, February) for period 2001–2017.

The method presented in this study could be used in a more detailed way by looking at specific
areas and using detailed information on annual crop cycles and the integration of crop-specific masks.
Furthermore, the integration of other datasets, such as active and passive RS-based soil moisture
information, can give additional insights regarding the drought impact. Nevertheless, the presented
data and generated output, which are based on publicly available data (such as those presented in
Figures 2–4) could be used at a pixel level or aggregated over administrative regions at different
levels for food security monitoring. The results of the study highlight the potential use of AET/PET
and the integration of 500 m resolution to derive spatially explicit information on drought and its
impacts. It is also the first study that integrated MODIS-based crop phenology, which effectively
excluded the periods outside the growth. Further studies should use the phenometrics to assign
specific weights to specific stages of growth, which can further improve the assessment of the drought
impact. Unlike other studies, we also present drought characteristics aggregated over two decades,
such as the number of months with suboptimal conditions, which can serve as a basis for drought
risk analysis.

The results of this study confirmed the applied value of remote sensing-based indicators for
drought-induced crop condition monitoring. These indices can be integrated into drought early
warning systems and crop yield models; they can also be used for risk assessment and included in
advanced decision-support frameworks.
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4. Conclusions

Drought impact assessments based on RS time series provide objective measures and spatially
consistent data covering large areas, up to the global level, with moderate spatial resolution.
Multisource remotely sensed time-series gave accurate information on varying drought impacts
from the global and sub-national scale. MODIS data at 500 m resolution are appropriate for national
and subnational level analysis and reflect the reported yield variability. Among analyzed indicators,
ET-based ESI from the peak growing stage was the best indicator for drought impact on cropland and
for explaining yield variability. For several regions, such as Ethiopia, South Africa, and Zimbabwe,
droughts identified using the ESI and LST were more intense than the NDVI-based results. We concluded
that the analyzed three indicators are relevant and supplementary for agricultural drought monitoring
at both global and regional scales. Several past drought events were clearly identified in this study,
such as the drought in the USA in 2012, in several regions of Europe in 2003, Eastern Africa in 2016–2017,
and in South Africa in 2015–2016. The resulting gridded drought occurrence data as well as aggregates
over different regions can be used for food security monitoring and can be integrated into drought
risk analysis frameworks. They can be used for operational drought early warning systems and crop
models and included in advanced decision-support frameworks. The method and indicators used can
be further applied for monitoring of drought impacts on the carbon, nutrient, and water cycles.
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