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1. Introduction.

Drought is a natural hazard that results from a deficiency of precipitation from expected
or normal over a specific region for a specific period of time (Rossi, 2000). This situation
has negative agricultural, environmental, social and economic impact (Vicente-Serrano et
al, 2010), which includes greater risks of wildfire, water scarcity, loss of crops and
livestock, increased food prices, migration, and indirect health effects (Mukherjee et al,,
2018). As indicated Van Loon and Van Lanen (2013), drought is a natural hazard and its
impacts can only be mitigated by adapting to the climate variability through previous
measures.

Within the ClimAlert project, it is important to detect the drought in the Sudoe zone to
manage the most vulnerable areas and to anticipate its effects.

Based on its nature, the droughts have been classified in different categories (Mishra and
Singh, 2010; Pedro-Monzonis et al., 2015; Wilhite and Glantz, 1985):

o Meteorological drought: lack of precipitation over a region for a period of time.

e Agricultural drought: moisture deficit in the root zone to meet the needs of a crop,
affecting the crop development and declining crop yields.

e Hydrological drought: period of low flows in watercourses, lakes and groundwater
levels below normal. It is related to a period with a decrease in surface and
groundwater water resources availability for established water uses of a given
water resources system.

e Socio-economic drought: associated with failure of water resources systems to
meet water demands and thus associating droughts with supply of and demand for
an economic good. This type of drought presents features of the three previous
types (meteorological, agricultural and hydrological).

Usually, the interconnection between various types of drought makes it difficult to
distinguish between one drought type from the other, because these can occur
simultaneously or sequentially (Mukherjee et al., 2018). Meteorological drought is the
most frequent and common type, and usually trigger the other types (Zhang and Jia, 2013).
Drought can be characterized according to: severity, duration, spatial distribution,
frequency, magnitude (cumulated deficit), predictability, rate of onset and timing (G
Tsakiris et al.,, 2007; Zargar et al,, 2011). Typically, to know the severity of the drought,
standard indicators based on different components of the hydrologic budget are used.
These indicators can be meteorological, hydrological, or water supply-and-demand in
nature. According to Zargar et al. (2011), meteorological indicators include precipitation,
evapotranspiration (ET) and cloud cover; hydrological indicators include stream flow and
groundwater level; and water supply-and-demand indicators include reservoir storage.
Drought indices are quantitative measures that characterize drought levels by assimilating
data from one or several variables into a single numerical value (Zargar et al., 2011).
Authors like Niemeyer (2008) indicate that more than 150 drought indices have been
developed. Many of them are normalized with respect to a long-term climatology, which
allows the results to be compared among different locations in different climatic regimes
(Sahoo et al.,, 2015). Comprehensive reviews on these indices can be found in specific
paper and publications (Heim, 2002; Mishra and Singh, 2010; Niemeyer, 2008; Pedro-
Monzonis et al., 2015; Smakhtin and Hughes, 2004; Zargar et al., 2011; etc.).



2. Review of drought indices.

Among the multitude of drought indices found in the bibliography to characterize various
types of drought, one of the most widely used is the Palmer Drought Severity Index
(PDSI) (Palmer, 1965) together with the Standardized Precipitation Index (SPI) (Mckee
etal., 1993).

PDSI is a meteorological drought index, which indicates standardized moisture conditions,
using monthly precipitation, temperature data and local available water content of the
soil. PDSI computes soil water storage using a simple two-layer soil water balance
equation driven by precipitation data. Positive values indicate wet conditions, while
negative values indicate dry conditions. Palmer (1965) classified drought severity
considering the dry and the wet periods (see Table 8). Alley (1984) indicated that this
classification is an arbitrary method, since Palmer was confronted with the designation of
the beginning and end of a drought or wet period. PDSI has been sparsely used outside the
United States (Kogan, 1995a), and offers unsatisfactory results in regions where rainfall
variability is high (Smakhtin and Hughes, 2004). Although authors like Smakhtin and
Hughes (2004) have indicated that PDSI allows comparing between locations and between
periods of time, other like Alley and Alley (1984) have showed that PDSI is not spatially
comparable across the neighbouring United States nor directly comparable between
months. Regarding the estimation of potential ET necessary in the soil water balance, this
is done through Thornthwaite’s method based on empirical relationship between ET and
temperature (Thornthwaite, 1948). A physically-based method such as the FAO Penman-
Monteith equation (Anderson and French, 2019) has been suggested to improve this
estimation of potential ET (Narasimhan and Srinivasan, 2005).

Table 1. Palmer Drought Severity Indexc (PDS1) categories (Palmer, 1965).

PDSI MOISTURE CATEGORY
>4 Extremely wet
3.00 t0 3.99 Very wet
2.00 to 2.99 Moderately wet
1.00 to 1.99 Slightly wet
0.50 to 0.99 Incipient wet spell
0.49 to -0.49 Near normal
-0.50 to -0.99 Incipient drought
-1.00 to -1.99 Mild drought
-2.00 to -2.99 Moderate drought
-3.00 to -3.99 Severe drought
<-4.00 Extreme drought

SPI is based just on precipitation and provides information on precipitation deficit,
percent of average and probability. SPI is a meteorological drought index, which can be
deployed for longer time scales to reflect agricultural and hydrological droughts (Zargar et
al,, 2011). The index requires a long-term precipitation record, ideally a continuous period
of at least 30 years. The precipitation record is fitted to a probability distribution and this
is transformed into a normal distribution so that the mean SPI is zero. The SPI can be
calculated at different temporal scales according to user's interest for monitoring
meteorological, agricultural or hydrological drought (e.g. 1, 3, 6, 12, 24 or 48 months)
which allows to evaluate the effects of a precipitation deficit on different water-resources
components (snowpack, reservoir storage, streamflow, soil moisture, and groundwater).
Mckee et al. (1993) defined a drought event for a considered time scale as a period in



which the SPI is continuously negative and the SPI reaches a value of -1.0 or less.
According to the SPI values, drought intensity may be classified as: mild drought (0 to -
0.99); moderate drought (-1.0 to -1.49); severe drought (-1.50 to -1.99); and extreme
drought (< -2.0). SPI is typically calculated through monthly dataset, but daily and weekly
values can also be used. SPI can be employed in all climate regimes, and its values can be
compared between different climatic areas (Svoboda and Fuchs, 2016). Guttman (1999)
indicated that the SPI was developed to give a better representation of abnormal wetness
and dryness than PDSI. The World Meteorological Organization (WMO) recommended this
index as a global measure of meteorological drought (Hayes et al., 2011). Guttman (1998)
showed the SPI as a simple index, spatially invariant in its interpretation, and
probabilistic, and therefore it can be used in the analysis of risks and decisions. However,
Svoboda and Fuchs (2016) indicated that events with similar SPI values but different
thermal conditions are difficult to compare because temperature is not considered in SPI
calculation. Like temperature, other variables such as ET, wind speed, and soil water
holding capacity can affect drought events, however, these variables are not considered in
SPI estimation (Vicente-Serrano et al., 2010).

Based on SPI, Vicente-Serrano et al. (2010) developed the Standardized Precipitation
Evapotranspiration Index (SPEI), which is a meteorological drought index based on
precipitation and temperature data, combining both variables. SPEI is based on a monthly
(or weekly) climatic water balance (Thornthwaite, 1948) (precipitation minus potential
ET), which is adjusted using a three parameters log-logistic distribution. The values are
accumulated at different time scales, following the same approach used in the SPI, and
converted to standard deviations with respect to average values. Vicente-Serrano et al.
(2010) indicated that drought indices that incorporate temperature data in their
calculations, such as SPEI or PDSI, improve the application in future climate scenarios.
Furthermore, these indices include the ET effect in their calculations, thereby improving
the estimation of drought severity. As an advantage, SPEI requires less input data and is a
simpler index than PDSI.

Another index used to measure the precipitation variation from the normal (average) for a
location is the Percent of Normal Precipitation (PN). PN is a meteorological drought
index, which is calculated as observed precipitation divided by long-term mean
precipitation (ideally at least 30 years). The long-term precipitation may be calculated for
a day, a month, a season or a year, and it is considered to be 100%. This index is simple,
transparent and easy to understand by general public, but the same percent of normal can
have different impact at different locations, and what is normal can be observed
differently in different places (Smakhtin and Hughes, 2004). Furthermore, PN cannot be
used to compare drought across seasons because the distribution for seasons is different
(Zargar et al., 2011).

The Deciles (Gibbs and Maher, 1967) method is also applied to characterize and monitor
drought. Monthly precipitation totals from a long-term record (30-50 years) are ranked
from highest to lowest to construct a cumulative frequency distribution. Then, the
distribution is divided in 10 parts. The first decile is the precipitation amount not
exceeded by the lowest 10% of the precipitation occurrences, the second decile is between
the lowest 10% and 20% precipitation occurrences, and these deciles continue until the
tenth decile, which is the largest precipitation amount in the studied period. The period
considered can be daily, weekly, monthly, seasonal and annual. The use of different
timescales allows this index to be used in meteorological, hydrological and agricultural
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drought conditions. Moreover, this index can be used in dry and wet conditions. Deciles
are grouped into five classes (two deciles per class): “much below normal”, deciles 1-2
(lowest 20%); “below normal”, deciles 3-4 (20-40%); “near normal”, deciles 5-6 (40-60%);
“above normal”, deciles 7-8 (60-80%); “much above normal”, deciles 8-10 (80-100%)
(Smakhtin and Hughes, 2004). Like other drought indices based solely on precipitation,
this index does not consider other important variables in its calculation that may affect
drought periods (Svoboda and Fuchs, 2016).

The Effective Drought Index (EDI) (Byun and Wilhite, 1999) is a meteorological drought
index, which was developed to assess drought severity worldwide. EDI is an intensive
measure that considers daily water accumulation with a weighting function for time
passage, which can be used to detected droughts in the long and short-term (Byun and
Kim, 2010). EDI is calculated as a function of daily effective precipitation considering its
deviation from the mean for each day. EDI values are standardized, allowing drought
severity at two or more locations to be compared with each other regardless of climatic
differences between them (Smakhtin and Hughes, 2004). EDI allows to detect the
beginning, end, and duration of drought periods. According to EDI values, drought can be
classified into different ranges: extreme drought at EDI < -2.0; severe drought at -2.0 < EDI
< -1.5; and moderate drought at -1.5 < EDI < -1.0 (Byun and Kim, 2010).

The Reconnaissance Drought Index (RDI) (G. Tsakiris et al., 2007; Tsakiris and Vangelis,
2005) is a meteorological drought index, based on cumulative values of precipitation and
potential ET. This index can be directly compared to SPI and can assess of drought
severity. RDI is obtained as a ratio between accumulated precipitation and ET for a given
time period, preferably periods of 3, 6, 9 and 12 months. For simplicity, the authors
recommend the Thornthwaite formula to estimate potential ET. Two analytical forms of
the index have been formulated, the normalised RDI and the standardised RDI. Positive
values of standardised RDI indicate wet periods, while negative values indicate dry
periods compared with the normal conditions of the area. RDI can be used for monitoring
purposes and for short period drought forecasting. Tigkas et al. (2013) used RDI to detect
possible climatic change of a geographical area.

The Crop Moisture Index (CMI) (Palmer, 1968) is an agricultural drought index, which
was developed to monitor short-term changes in moisture conditions affecting crops. CMI
considers the ET and the soil moisture recharge at the begging of the week and during the
week. Thus, the index is computed with a weekly time step using PDSI parameters (mean
temperature, total precipitation, and soil moisture conditions from the previous week).
Concretely, CMI is computed as the difference between potential ET and soil moisture. CMI
begins and ends near zero each growing season. This index is not appropriate for long-
term droughts. CMI allows comparison between different climate regimes because it is a
weighted index (Svoboda and Fuchs, 2016).

The Palmer Hydrological Drought Index (PHDI) (Palmer, 1965) is a hydrological
drought index, which is used for long-term monitoring of hydrologic moisture conditions.
PHDI is considered as an intermediate index in the PDSI computation, and it represents
accumulations derived during an established wet or dry spell (Anderson et al., 2011). PHSI
is computed using monthly precipitation, temperature data and local available water
content of the soil. PHDI can be computed in the current time interval, while PDSI can be
computed only when the drought event finished (G Tsakiris et al., 2007). The PHDI
classification is the same as the PDSI classification shown in Table 8.



Most of these standard drought indices require spatially distributed observations of
precipitation as a primary input, acquired either through rain gauge networks, radar
estimates, satellite observations, or some combination thereof (Anderson et al., 2011).
This combination is important because many parts of world present serious difficulties in
obtaining dense and reliable data from meteorological stations and radar systems.
However, dense series of RS images are able to monitor the land surface in real time with
suitable temporal and spatial resolutions. In addition, authors such as Hao and Singh
(2015) indicated that drought description from a multivariate perspective is necessary to
alleviate the inadequacy of drought characterization from a single aspect.

3. Remote sensing for drought monitoring.

Earth observation satellites provide time series of multispectral images, which accurately
describe the growth and development of the crop canopy. The information obtained
through satellite images allows monitoring the vegetation dynamic thanks to its wide
coverage and temporal frequency. Numerous works have analysed the drought through
the information derived from satellite images with optical, thermal, and active and passive
microwave sensors. Numerous reviews on these analyses can be found in specific papers
and publications (AghaKouchak et al., 2015; Hazaymeh and K. Hassan, 2016; Niemeyer,
2008; Zargar et al, 2011). Many of the drought indices mentioned above have been
estimated using the information obtained through satellite images, mostly through
meteorological satellites equipped with microwave and thermal infrared sensors (Pierre
et al, 2011; Sahoo et al., 2015; West et al., 2019). Unlike most classical methods to
estimate drought, many RS methods are not precipitation driven, mainly because the
estimation of meteorological drought presents the problem of low spatial resolution. In
such cases, RS methods monitor vegetation stress or soil moisture status through
diagnostic observations of key land surface states (Choi et al, 2013). Typically, these
methods are based on Vegetation Indices (VIs), Land Surface Temperature (LST) and
empirical methods using a certain combination of LST from thermal band data versus Vls
from visible and near infrared data (Ghulam et al., 2007a). In these cases, agricultural
drought is mainly analysed.

a. Remote sensing drought indices

VIs have been widely used to monitor drought. Spatially continuous VIs data can facilitate
the monitoring of vegetation dynamics over large areas. VIs are linear combinations or
some other transformation of the spectral data in different bands that can enhanced the
sensitivity of reflected radiation of certain canopy agronomic variables (Neale et al., 1989).
Vegetation lamina tissues strongly absorb incident radiances in blue, purple and red
wavelengths and intensively reflect the near infrared spectrum (Ghulam et al., 2007b).
Most VIs are obtained through differences, proportions or linear combinations between
the red and near infrared spectral bands (Pinter et al, 2003). VIs are useful in the
assessment of active photosynthesizing and transpiring foliage (Glenn et al.,, 2011, 2007).
VIs can attenuate factors such as soil, lighting conditions, dry vegetation remains and the
atmosphere, which could cause interference in the radiometric signal (Martin de Santa
Olalla et al., 2005).

The Normalized Difference Vegetation Index (NDVI) (Rouse et al, 1973) is the most
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popular and widely used VI (Pettorelli et al., 2005). NDVI is defined as the normalized
difference of the near infrared and red reflectances. West et al. (2019) indicated that many
studies have employed the NDVI to analyse drought, underlining that more than 30% of
the 300 agricultural drought related papers reviewed used the NDVI as key index. These
studies have been developed using different sensors and different spatial scales
throughout the world. NDVI alone may not be able to detect vegetation drought effectively
because many factors, such as land cover change, fire, biomass harvesting, flooding, plant
disease and pest infestation, can lead to an NDVI anomaly similar to that caused by
drought (AghaKouchak et al, 2015; Heim, 2002). Based on NDVI, Kogan (1995a)
developed the Vegetation Condition Index (VCI) by normalizing NDVI values to the
maximum range of a specific area, with the main objective of monitoring drought over
nonhomogeneous areas to detect the onset of drought and measure its intensity, duration
and impact. For this purpose, numerous authors have employed the VCI using satellite
images (Domenikiotis et al., 2004; Dutta et al., 2015; Han et al,, 2020; Jiao et al., 2016;
Khan et al, 2020; Kogan, 1997; Quiring and Ganesh, 2010). VCI can be employed to
analyse the effects of weather on different environments (Zhang and Zhou, 2016). Authors
as Kogan (1997) indicated that VCI improves with respect NDVI by showing the long-term
weather condition rather than short-term weather. The Standardized Vegetation Index
(SVI) (Peters et al,, 2002) was developed to standardise, by time of year, the NDVI to
increase drought monitoring techniques. SVI describes the probability of vegetation
condition deviation from normal, based on calculation from weekly NDVI values. For that,
SVl is estimated through the z-scores of NDVI distribution. The Soil Adjusted Vegetation
Index (SAVI) (Huete, 1988) has also been used to drought monitoring. SAVI was
developed to minimize soil brightness influences from VIs involving red and near infrared
wavelengths. The Normalised Difference Water Index (NDWI) (Gao, 1996) is an index
sensitive to changes in liquid water content in vegetation canopies. NDWI uses near
infrared and shortwave infrared reflectances that are sensitive to changes in both canopy
water content (which tends to absorb shortwave infrared radiation) and spongy
mesophyll in vegetation (Anderson et al., 2010). NDWI is insensitive to the atmospheric
conditions (Zhang and Zhou, 2016). Gu et al. (2007) showed a faster response of NDWI
values to drought conditions than NDVI. The Enhanced Vegetation Index (EVI) (Huete et
al,, 2002) has also been used to analyse the canopy cover state under drought conditions.
EVI was developed to minimize soil and atmospheric sensitivity observed in the NDVI by
including the blue band for atmospheric correction. Ghulam et al. (2007b) developed the
Perpendicular Drought Index (PDI) based on the spatial characteristics of moisture
distribution in near-infrared-red reflectance space to reflect drought conditions. PDI is
derived directly from the atmospherically corrected of the near infrared and red
reflectances, and a perpendicular geometrical construction on the two bands’ reflectance
space. PDI performs well for bare soil surfaces, but not well for vegetated surfaces.
Consequently, an improved drought monitoring method, the Modified Perpendicular
Drought Index (MPDI), was developed introducing the fraction of vegetation coverage,
which takes into account both soil moisture and vegetation growth (Ghulam et al., 2007a).
Besides, for non-flat topography with variable soil types and ecosystems MPDI
outperforms PDI.

LST derived from thermal sensors has been employed single or in combination with
different VIs to study the surface moisture conditions. LST is a good indicator of the
energy balance at the Earth’s surface because it is one of the key parameters in the physics



of land-surface processes and water balance at local to global scales (Li et al,, 2013; Wan et
al,, 2004). LST is also a biophysical factor sensitive to surface water stress (Jackson et al.,
1981). LST shows increments in soil and canopy temperatures due to drought events.
Moreover, high ET values show a decrease in the surface temperature of leaves and plants.
For this reason, different ET algorithms have been developed to use LST derived from
thermal satellite images (Khanal et al,, 2017). Satellite-derived ET (explained in more
detail below) had also been widely used in drought monitoring. ET-based drought indices
can be very sensitive to flash drought, since ET is able to quantify abnormal rates of water
use and loss (Anderson et al.,, 2013). The Normalised Difference Temperature Index
(NDTI) (McVicar and Jupp, 2002, 1999) was developed to reflect soil moisture conditions
through maps of the ratio of actual to potential ET. The effects of seasonal variations of
LST are eliminates with NDTI (Zhang and Zhou, 2016). NDTI is computed through the
inversion of a resistance energy balance model. This model requires meteorological data
along with vegetation parameters obtained from satellite images (McVicar and Jupp,
1998). Like the rest of the indices based on temperature, NDTI has the advantage that it
can monitor drought before plants decrease their chlorophyll content. The Crop Water
Stress Index (CWSI) (Idso et al.,, 1981; Jackson et al.,, 1981) is based on potential and
actual ET and has been widely used to detect plants drought. CWSI was calculated by
Jackson et al. (1981) through measurements of canopy temperatures acquired by infrared
thermometry, measurements of dry and wet bulb air temperatures, and estimation of net
radiation. Moran et al. (1994) used CWSI combining VIs with composite surface
temperature measurements on partial canopy covers without knowledge of foliage
temperatures. CWSI has also been estimated through multi-source thermal imagery such
as meteorological and Earth surface observation satellites, airborne and unmanned aerial
systems, and hand-held radiometers (Ghulam et al., 2007a). Thus, Wu et al. (2019) showed
an appropriate drought pattern based on CWSI through MODIS products. Other authors as
Ciezkowski et al. (2019) found high correlation between CWSI estimated using Landsat 8
thermal images and meteorological tower data. Using the thermal channels, Kogan
(1995b) developed the Temperature Condition Index (TCI), which was used to
determine the vegetation stress related to temperature and the stress triggered by an
excessive wetness. Table 9 shows the main optical and thermal RS-based drought indices
analysed.

Usually, the development of drought produces a decrease in Vls, albedo and LST increase,
and soil moisture decreases provided that other factors are stable. Combination of those
parameters in a single measure may provide useful methods for quantitative detection of
spatial and temporal distribution of drought (Ghulam et al., 2007b). Furthermore, a time
lag between precipitations events and vegetation response is usual, according to regional
rainfall patterns, soil type, land cover and vegetation type (Zhang and Jia, 2013). The use
of reliable land cover maps is of particular importance in interpreting the monitoring
results (Zhang and Zhou, 2016). Accordingly, there are diverse tools that offer easy access
to soil data and information such as the Land Cover and Use Information System of Spain
(SIOSE) at national level or the CORINE Land Cover (CLC) and the European Soil Data
Centre (ESDAC) at European level, among other (Biittner et al., 2004; Panagos et al,, 2012;
Valcarcel et al., 2008).

Different RS-based drought indices have been combined into a single index, improving
drought monitoring. Thus, the Normalized Difference Drought Index (NDDI) (Gu et al,,
2007) combines information from NDVI and NDWI improving sensitivity for drought
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monitoring. Thus, NDDI combines information from visible, near infrared, and shortwave
infrared bands. The Vegetation Healthy Index (VHI) (Kogan, 2001, 1995b) combines the
VCI and the TCI, thereby combining the NDVI and temperature, to monitor the increase in
canopy temperature that occurs when plants are stressed. Thus, VHI assumes that the
relation between vegetation and temperature is negative (Almamalachy et al., 2020).
Kogan (1995b) indicates that excessive soil wetness and/or long cloudiness may decrease
VCI value, so this situation can be misinterpreted as a drought. In these cases, the TCI
allows to distinguish drought periods. Water vapour has less effect on LST than on visible
light reflectances, so the cloud cover produces a lower impact on TCI and then on VHI
(Rojas et al., 2011). Usually, it is assumed that the contribution between VCI and TCI in
VHI is the same because, in general, the contribution of moisture and temperature during
a vegetation cycle is unknown (Almamalachy et al,, 2020). Almamalachy et al. (2020)
evaluated VHI to analyse the relationship with rainfall in Iraq and showed a good
agreement between the Temperature Vegetation Dryness Index (TVDI) and precipitation
data. Brema et al. (2019) monitored agricultural drought through VHI derived from
Landsat 8 images and indicated that VHI can be used to monitor the onset of agricultural
drought as early warning system. Similarly, the Temperature Vegetation Dryness Index
(TVDI) (Sandholt et al., 2002) and the Vegetation Temperature Condition Index (VTCI)
(Wang et al,, 2001) combine LST and NDVI. These indices are based on the LST-NDVI
scattering space technique to monitor drought (Hu et al,, 2019), where LST is plotted as a
function of NDVI by building a triangle space to represent the entire range of surface
moisture contents from wet to dry and from bare soil to fully vegetated surface. Like VHI,
these indices assume that the relation between vegetation and temperature is negative
(Almamalachy et al., 2020). Unlike the TVDI that uses a constant minimum LST, VTCI uses
various minimum LST for each NDV], thereby producing better results than TVDI because
the cold edges are not directly horizontal in most LST-NDVI triangle spaces (Hu et al,,
2019). Almamalachy et al. (2020) has highlighted the uncertainty presented by TVDI,
which considerers that air temperature is constant over the studied area. The same
authors found a poor performance with TVDI in distinguishing between specific drought
events over Iraq. Anderson et al. (2011, 2007a, 2007b) developed the Evaporative Stress
Index (ESI), which is defined as the standardized anomalies in a normalized ratio of the
actual ET to the potential ET expected under non-moisture-limiting conditions. The index
combines vegetation cover and LST to estimate ET, in order to obtain information on
surface moisture status. ESI is developed using a two-source energy balance (Atmosphere-
Land Exchange Inverse, ALEXI) approach which identifies the thermal state of the
evaporating land surface under varying vegetation cover fraction, radiation load, and
ambient meteorological conditions. Authors such as Anderson et al. (2011, 2007b)
estimated potential ET through a modified Priestley-Taylor method (Priestley and Taylor,
1972), while others such as Anderson et al. (2013) improved their ESI estimates by
incorporating a Penman-Monteith reference ET (Allen et al., 1998). Choi et al. (2013)
found better results with ESI in estimating droughts under moderate conditions than
under severe conditions at watershed scale. Otkin et al. (2013) demonstrated that ESI
change anomalies may showed early warning in flash drought events on agricultural
systems. Mu et al. (2013) developed the Drought Severity Index (DSI) using satellite-
derived ET, potential ET, and NDVI information to monitor and detect drought conditions
on a global scale. DSI provides monitoring of drought occurrence, severity, and duration
with a spatial resolution of 1 km based on MODIS product. The method calculates satellite-
derived ET through Penman-Monteith equation (Allen et al.,, 1998), and combines both
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Penman-Monteith and Priestley-Taylor (Priestley and Taylor, 1972) methods to estimated
potential ET. Zhang et al. (2019) showed good performance in monitoring agricultural
droughts in space and time using DSI over China. However, these authors indicated that
DSI was unable to determine the end of a drought. Table 10 shows the combined RS-based
drought indices analysed.

Other indices have combined RS-based drought indices with data from different sources
such as climate data or biophysical characteristics with the objective to improve drought
estimations. The use of diverse drought indices obtained from different data sources allow
a comprehensive evaluation of drought conditions better than the use of a single index
(Hao and Singh, 2015; Hazaymeh and K. Hassan, 2016). The United State Drought
Monitor (USDM) (Svoboda et al., 2002) was developed to monitor the magnitude, spatial
extent and impacts drought in United States. The USDM was the first operational
composite method used in the United States to analysed drought conditions (Svoboda and
Fuchs, 2016). A single USDM map is generated weekly, which classifies drought severity
into five categories based on intensity levels, from abnormally dry conditions to
exceptional drought conditions. The composite index uses a variable number of indicators
such as RS observations, climatological input, soil moisture and hydrological inputs,
among other. Furthermore, the index is interpreted and refined from more than 350
experts observers around country (Hao and Singh, 2015). The USDM is widely employed
by federal, state, and local government agencies and research communities in the United
States (Hao and Singh, 2015). USDM is also used for national drought monitoring in
Canada and Mexico (Heim and Brewer, 2012). Nevertheless, USDM cannot be applied at
global scale because meteorological stations and expert knowledge are not always
available (Jiao et al., 2019). Moreover, this composite index can inherited the weaknesses
of the other indices it uses, such as the PDSI, according to the characteristics of the
analysed area (Mu et al,, 2013). Brown et al. (2008) developed the Vegetation Drought
Response Index (VegDRI) to monitor drought-induced vegetation stress. VegDRI
combines climate-based drought indices (SPI and PDSI), satellite-based VIs (NDVI) and
biophysical characteristics of the environment (e.g. land cover, soil water capacity,
irrigated agriculture, ecological regions, elevation). The final product is a 1 km spatial
resolution VegDRI map that integrates coarse-resolution climate data with higher-
resolution satellite-based vegetation observations to improve monitoring and
characterization the intensity, spatial pattern, and local variability of vegetation drought
(Brown et al., 2008). VegDRI has been used in the USDM composite index to improve the
spatial resolution of drought monitoring since 2015 (West et al,, 2019). Based on the
concept of VegDRI, Wu et al. (2013) developed the Integrated Surface Drought Index
(ISDI). The model developed uses PDSI as the dependent variable along with different
factors as independent variables, including the classical climate-based drought indices, RS
VIs, and other biophysical variables. ISDI can be used to monitor precipitation anomalies,
vegetation growth, and land surface water and thermal environmental properties.
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Table 2. Optical and thermal remote sensing-based drought indices (pnir: near infrared reflectance; prep: red reflectance; pgrue: blue reflectance; pswir:
shortwave infrared reflectance; LST: land surface temperature).

RS drought indices Equation Notes Reference
Nonnallzeq Difference _ Pnir ~ PreD NDVI values range from —1 to +1; dense vegetation has a high NDVI, while soil values are low but
Vegetation Index NDVI = ——— o . . . . . (Rouse et al., 1973)
(NDVI) Pnir + PreD positive, and water is negative due to its strong absorption of near infrared (Glenn et al., 2008).
NDVlin is the minimum NDVI and ND V1, is the maximum NDVI, calculated during the selected
Vegetation Condition Vel = 100 = ( NDVI — NDVIyn ) period of time of a specific area. This index shows the difference between the current NDVI and (Kogan, 1995a)
Index (VCI) - NDVI,0x — NDVIin historical NDVI time series minimum with respect to the NDVI dynamic range. The VCI varies from gan,
0 for extremely unfavorable conditions, to 100 for optimal conditions.
Standardized SVI = NDVI;j, — NDVI; SVI1is computed for each pixel (i), week (j), and year (k). The terms NDVIj; and oj; denote the mean (Peters ct al., 2002)
Vegetation Index (SVI) - oy and standard deviation of the pixel (i) over k = 1,..., n years. ”
Soil Adjusted Onik — PrED
Vegetation Index SAVl =————1+1L L is a correction factor usually set at 0.5 to account for soil background effects. (Huete, 1988)
Pwir + Prep T L
(SAVI)
Normalised Difference PNIR ~ Pswir
NDWI = —————
Water Index (NDWI) Puin + Pswin (Gao, 1996)
Enhanced Veeetation ONik — PrED peLue corrects for aerosol influences in the red band, C, and C, are the coefficients of the aerosol
Index (E\g/I) EVI =G TC x —Cx s resistance term, G is a gain factor and L is a canopy background adjustment. The coefficients adopted (Huete et al., 2002)
¢ PR 1 X PreD 2 X PBLUE in the EVI algorithm are, L=1,C;=6,C,=7.5,and G=2.5.
Perpendicular Drought _ 1 . S (Ghulam et al.,
Index (PDI) PDI = N (Prep + Mppir) M is the slope of the soil line. 2007b)
Modified _ . . . . .
. Prep + Mpyir fv(pv,RED + M pv,NIR) f. is the fractional cover vegetation. p, rep and, pynir are vegetation reflectances in the red and near (Ghulam et al.,
Perpendicular Drought MPDI = infrared band tivel 2007a)
Index (MPDI) 1- f,,)\/Mz—-’rl infrared bands, respectively. a
. LST. — LST LSTuin is the minimum LST and LSTy.x is the maximum LST, calculated during the selected period of
Temperature Condition max . . . . .
TCl =100 * | —————— time of a specific area. LST shows low-to-high temperature in term of range. High values of TCI (Kogan, 1995b)
Index (TCI) LSTax — LSTin

indicate extreme drought condition and vice versa.

Normalised Difference

LST,, — LST

LST. and LST are the modelled LST of the infinite and zero surface resistance, respectively, which

Temperature Index NDTI = IST —LST. are the upper (extremely dry state) and lower (extremely wet state) boundary conditions for the LST at (MC;/OISEH ?gggj)upp’
(NDTI) @ 0 specific meteorological conditions and surface resistances. ’
Crop Water Stress CWSI = 1 AET AET is the actual evapotranspiration and PET is de potential evapotranspiration. CWSI values range (Idso et al., 1981;
Index (CWSI) = T PET from 0 (no stress) to +1 (maximum stress). Jackson et al., 1981)
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Table 1. Combined remote sensing- based drought indices (NDVI: normalizes difference vegetation index; NDWI: normalised difference water index; LST:
land surface temperature).

RS drought indices Equation Notes Reference
Normalized Difference NDVI — NDWI
Drought Index (NDDI) NDDI = NDVI+ NDWI (Gu et al., 2007)
Vegetation Healthy VHI = a(VCI) + b(TCI) a and b are coefficients quantifying a share of VCI (Vegetation Condition Index) and TCI (Kogan, 2001,
Index (VHI) (Temperature Condition Index) contribution in the combined condition. 1995b)
Temperature LST is the obseryed surface temperature at the given pixel, LS"_l"min is the minimum LST in the concept
Vegetation Dryness TVDI = LST — LSTin of LST-NDVT triangle space, and a and b are parameters de':ﬁmng the dry edge modelled asa linear fit (Sandholt et al.,
Index (TVDI) a+ bNDVI — LST; to data (LSTmax = @ + b NDVI), where LSTa is the maximum LST observation for a given NDVL 2002)
TVDI presents values between 1 for dry conditions and 0 for wet conditions.
Some pixels have similar NDVI values yet different LST. Then, a maximum LST and a minimum
LST is available for each NDVI value in theory. The maximum LSTs vary along with NDVIs and can
LSTypvs. — LSTypyr. be linearly regressed as LSTnpviimax- The regression line is called the warm or dry edge of the triangle,
VTCI = Lmax ! while the regression line between the minimum LST and NDVI (LSTxpviimin) is called the cold or wet
Vegetation LSTnpviymax = LSTNOVE; in edge. The denominator is computed as the difference between the maximum and minimum LSTs for
Temperature Condition LST — a4+ bNDVI the specified NDVI;, while the numerator is computed as the difference between the maximum and | (Wang et al., 2001)
Index (VTCI) NDVIimax — t current pixel LSTs (LSTxpvn). @, b, @', and b’ are the coefficients for the linear regression. VTCI can

LSTypyi; e = @' + b'NDVI;

only be used in warm seasons (late spring and summer periods) when negative correlations between
LST and NDVI are observed. VTCI can be divided into five drought levels: 0.0 < VTCI < 0.2
(severely dry); 0.2 < VICI < 0.4 (dry); 0.4 < VTCI < 0.6 (water balanced); 0.6 < VICI < 0.8 (wet);
and 0.8 < VTCI < 1.0 (very wet).

Evaporative Stress
Index (ESI)

V(w,y) —%2 V(w,y)

V (w, y) is the composite ET fraction (ratio of the actual evapotranspiration to the potential
evapotranspiration) for week w and year y at a given grid point, the second term is the mean ET
fraction for week w averaged over all years (n, = number of years), and ¢ is the standard deviation.
The values obtained are normalized between values from 0 at the dry conditions to =~ 1 at the wet
conditions.

(Anderson et al.,
2011, 2007a, 2007b)

Drought Severity Index
(DSI)

ESI(w,y) = o
Ratio = _ Ratio — Ratio
COTPET R T T e
NDVI — NDVI
NDVI = T
Onpvi
77
Z = Zgatio + Znpvis DSI = U_Zr'

ET is the satellite-derived evapotranspiration, PET is the potential evapotranspiration, Zg.i, is the
standardized Ratio, Graio is the standard deviation of Ratio, Ratio is the Ratio average, Znpyr is the
standardized NDVI, owpv; is the standard deviation of NDVI, NDVI is the NDVI average. DSI is
calculated as the standardized Z value. DSI is a dimensionless index ranging theoretically from
unlimited negative values (drier than normal) to unlimited positive values (wetter than normal).

(Mu et al., 2013)
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4. Remote sensing-based estimates of evapotranspiration.

In drought analysis, other approaches have considered water accounting. Water
accounting is a method of organising and presenting information relating to the physical
volumes of water in the environment and economy as well as the economic aspects of
water supply and use (Vardon et al.,, 2007). The methodology can be based on a water
balance approach where, based on conservation of mass, the sum of inflows must equal
the sum of outflows plus any change in storage (Molden and Sakthivadivel, 1999). The
crop evapotranspiration (ET) is the main component in a soil water balance. ET describes
the loss of water from the Earth’s surface to the atmosphere by the combined processes of
evaporation (E) from the open water bodies, bare soil and plant surfaces, etc. and
transpiration (T) from vegetation or any other moisture-containing living surface (Li et al.,
2009). ET can be estimated through traditional approaches based on field methods (eddy
covariance techniques, weighing lysimeters, energy balance bowen ratio, surface renewal,
scintillometry, sap flow, etc.), which are mainly based on a variety of complex models.
Furthermore, these approaches cannot be directly extended to large-scale ET due to
natural heterogeneity of the land surface and complexity of hydrologic processes and due
to the need for a variety of surface measurements and land surface parameters (Liou and
Kar, 2014). Over last decade, ET estimation has been improved through RS techniques,
increasing the spatial extent of the measurements from a field scale to regional and global
scales.

According to Glenn et al. (2007), there are mainly two methods to estimate ET from RS
data: empirical or statistical relationship that project ET measured or estimated on the
ground to larger scales, principally through RS VIs; and physical models that are based on
solving the surface energy balance (SEB) equation through RS estimates of LST and other
terms in the SEB, where the ET is estimated as the residual term of the SEB equation
(Calera et al.,, 2017; Gonzalez-Dugo et al,, 2009). In addition, these methods are usually
complemented, validate and/or calibrate with micrometeorological flux tower
measurements (Rana and Katerji, 2000) and micrometeorological stations in agricultural
and natural ecosystems.

Usually, the estimation of ET based on RS data is based on the big leaf area model and
further developments of the Penman-Monteith equation (Equation 14). This approach
allows to determined ET through the SEB and the resistances approach for describing the
transport of water vapour, distinguishing between bulk surface and aerodynamic
resistances (Monteith and Unsworth, 2013).

(es—ea)
T

ARy —G)+pacy

S = A+y(1+:—2)

(1)

where AET is the latent heat flux that representing evapotranspiration rate, R, is the net
radiation, G is the soil heat flux, (es - ea) represents the vapour pressure deficit of the air, p,
is the mean air density at constant pressure, ¢, is the specific heat of the air, A represents
the slope of the saturation vapour pressure temperature relationship, y is the
psychrometric constant (ratio of the specific heat of the air to the latent heat of water
vapour), and rs and r. are the (bulk) surface and aerodynamic resistances. rs is the
resistance to vapour flow from the soil and transpiring vegetation surfaces in the canopy,
and it is related to soil moisture content and soil resistance to water transport (for E from
the soil), and plant Leaf Area Index (LAI) and stomatal resistances (for T from the canopy).
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ra is the resistance to vapour flow from the canopy into the air above the canopy, and it is
related to the height and architecture of the canopy and the wind speed over the canopy
(Glenn et al., 2007).

The direct calculation of the Penman-Monteith equation needs to know determinates
characteristics of the crops analysed, such as hemispherical surface albedo, LAl and height,
as well as meteorological conditions and soil water status. Numerous works have
estimated the main canopy parameters, such as surface albedo and LAI, through visible
and near infrared observations. These works have employed empirical relationships with
different VIs or physically-based methods, such as radiative transfer models (Calera et al,,
2017; Glenn et al., 2007).

Some parameters of the equation for a particular crop or vegetation type are usually
unknown. So, idealized values for a well-watered hypothetical grass surface crop are been
used to calculate reference ET (ET,) for a given set of local meteorological conditions. The
FAO-56 manual has defined a standard reference surface for calculating ET, as a
hypothetical reference crop with a crop height of 0.12 m, a fixed surface resistance of 70 s
m- and an albedo of 0.23 (Anderson and French, 2019). FAO-56 allows to estimate ET
through two calculation approaches based on the concept of crop coefficient: the single
and the dual crop coefficient approach. In the first case, ET is estimated as a product of the
evaporative power of the atmosphere, ET,, and the crop coefficient, K.. In the second case,
K, in turn, is split into two factors describing separately the differences in evaporation
and transpiration between the crop and reference surface: the soil evaporation coefficient,
K., and the basal crop coefficient or the transpiration coefficient, K. The effects of soil
water stress are described by multiplying the K. or K, as appropriate, by the water stress
coefficient, Ks, which is estimated through the water balance in the root soil layer.

VIs have been used to estimate crop coefficients through satellite images for individual
and mixed crops, as well as in natural ecosystems (Glenn et al., 2011). The use of the crop
coefficients values obtained through satellite images allows these coefficients to be
adapted to the real growth conditions of the vegetation and its temporal dynamics. Thus,
numerous Kc-VI and K-VI relationships have been developed (Bausch and Neale, 1987;
Belmonte et al., 2005; Campos et al,, 2017, 2010; Duchemin et al,, 2006; Gonzalez-Dugo
and Mateos, 2008; Hunsaker et al., 2005; Johnson and Trout, 2012; Mateos et al., 2013).
These relationships argue that there are strong and direct correlations between the crop
coefficients and different biophysical parameters of canopy cover (such as LAI, fractional
cover vegetation (f.), fraction of absorbed photosynthetically active radiation by
vegetation (fAPAR) or biomass, among others) as well as between these parameters with
the VIs (Calera et al,, 2017; Campos et al., 2018; Choudhury et al., 1994; Glenn et al,, 2011,
2007; Neale et al., 1989). The relationships between the crop coefficients and the Vs
consider that stomata closure caused by soil water deficit or water vapour deficit have a
relatively small effect on the reduction of ET. For this reason, this stress should be
considered and estimated through soil water balance (Ks) or energy balance methods,
among others. On the other hand, VIs show a more pronounced stress that induces a
reduction or less expansion of canopy cover. Thus, this effect is taken into account by the
relationships between the crop coefficients and the VIs (Mateos et al., 2013).

The SEB describes the partitioning of natural radiation absorbed at Earth’s surface into
physical land surface processes (Karimi and Bastiaanssen, 2015). SEB methods calculate
ET as a residual of the surface energy equation.
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LE=R,—G—H (2)

where LE is the latent heat flux, R, is the net radiation flux, G is the soil heat flux, and H is
the sensible heat flux (all in W m-2). ET is one of the key processes of energy balance
because latent heat (energy) is needed to trigger evaporation. LE is the equivalent energy
amount (W m-2) of the ET flux (kg m2s! or mm day-!). Thus, LE is converted to ET (mm
day!) by dividing it by the latent of vaporization (A,,~2.45 M] kg-1) and an appropriate time
constant. The R, component is the net radiation absorbed at the land surface, which is
subtracted from shortwave and longwave radiation exchanges. G is a function related to
the temperature difference between the land surface and the top soil, and G is positive
when the soil is warming and negative when the soil is cooling. H is a similar function of
the temperature difference between the canopy surface and the lower part of the
atmosphere, representing the rate of heat loss to the air by convection and conduction. In
SEB models, the main RS parameters are the bi-hemispherical surface reflectance, which
determines Ry, and the LST, derived from thermal band imagery, and used to compute H.
SEB models differ from each other in how the difference between LST and the
aerodynamic temperature is addressed, and this difference is needed to compute H. LST
and the aerodynamic temperature are highly related but this relationship is very complex,
since LST depends on the temperature of the different elements that occupy the
radiometer view, while aerodynamic temperature depends on surface aerodynamic
roughness, wind speed and the coupling of soil and canopy elements to the atmosphere
(Caleraetal., 2017).

In recent decades, numerous satellite-based SEB models have been developed. Models as
Surface Energy Balance Algorithm for Land (SEBAL) (Bastiaanssen et al,, 1998a, 1998b),
Mapping Evapotranspiration at high Resolution using Internalized Calibration (METRIC)
(Allen et al, 2007a, 2007b), Surface Energy Balance Index (SEBI) (Menenti and
Choudhury, 1993), Simplified Surface Energy Balance Index (S-SEBI) (Roerink et al,
2000), Surface Energy Balance System (SEBS) (Su, 2002), among others, are frequently
single-source SEB models based on the difference between wet and dry limits to derive
pixel by pixel ET and ET from the relative evaporative fraction combining surface
parameters obtained from RS data and ground-based variables measured at local or
regional scale (Gowda et al., 2008). These models differ mainly in how to estimate the
sensible heat flux. On the other hand, there are two-source SEB models as Two-Source
Energy Balance (TSEB) (Kustas et al., 2004), and Simplified Two Source-Energy Balance
model (STSEB) (Sanchez et al., 2008), among others. Two-source models separately model
the heat and water exchange and interaction between soil and atmosphere and between
vegetation and atmosphere (Li et al,, 2009). Thus, these models divided the directional
radiometric LST into their two main components, the temperature of vegetation and soil.

Among all these SEB models, we highlight the SEBAL and METRIC models for their
relevance. SEBAL was developed to estimate the energy distribution at the regional scale
using minimum ground data. R, is computed from satellite-measured broadband surface
albedo, VI and LST, along with ground measurements of global radiation. G is estimated as
a fraction of Ry, LST and VI. H is estimated from LST, surface roughness, and wind speed. A
vital component is the solution of extreme values for H, prior to its pixel-to-pixel
computations. The extreme values agree with H = 0 for water surfaces and H = Rn- G for
desert surfaces (Zwart and Bastiaanssen, 2007). Finally, LE is calculated as the residual of
SEB. An advantage of SEBAL model is that the near-surface temperature gradients are
indexed to the radiometric surface temperature, eliminating the need for absolutely
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accurate surface temperature and the need for air-temperature measurements for
estimating H at the surface (Allen et al,, 2007b). Based on SEBAL model, in METRIC, R, is
calculated from the satellite measured narrow-band reflectance and LST; G is estimated
from R, LST, and VIs; and H is estimated from surface temperature ranges, surface
roughness, and wind speed. METRIC differs from SEBAL principally in the H calibration for
each specific satellite image. The model performs an internal calibration on H to absorb all
intermediate estimation errors and biases. For this purpose, the internal calibration at two
extreme conditions, dry and wet, is performed using local weather data. This calibration is
done for each image using an alfalfa-based reference ET computed from hourly weather
data. The autocalibration along with the use of temperature gradient delete the need for
atmospheric correction of surface temperatures and reflectance (albedo) measurements
using radiative transfer models.

ET estimation through RS methods also includes deterministic models based on complex
models such as Soil-Vegetation-Atmosphere Transfer models (SVAT), which compute the
different components of energy balance. These models describe the exchanges between
soil plant and atmosphere according to the physical processes occurring in each
compartment with generally a fine time step (second, hour) (Courault et al, 2005).
Through these models, the vegetation layers have been represented through the big leaf
approach with one surface resistance and also through multi-layer models, where
radiative and energy budgets are computed for each layer (Olioso et al,, 1999). In these
models, RS parameters are introduced in different ways: forcing the model input directly
with the RS measurements; correcting the course of state variables in the model at each
time RS data are available; re-initializing or changing unknown parameters using data sets
acquired over temporal windows of several days/weeks (Courault et al., 2005). In general,
the main RS parameters introduced in these models are f., LAl albedo, and emissivity.
Roughness and stomatal resistance are more difficult to obtain, and usually they are
derived from knowledge of the canopy type and the phenological stage, relationships with
VIs data or from LIDAR data, among others.

5. References

AghaKouchak, A., Farahmand, A., Melton, F.S., Teixeira, ]., Anderson, M.C., Wardlow, B.D.,,
Hain, C.R, 2015. Remote sensing of drought: Progress, challenges and opportunities.
Rev. Geophys. https://doi.org/10.1002/2014RG000456

Allen, R.G., Pereira, L.S., Raes, D. and M.S., 1998. Crop evaporation. Guideline for computing
crop water requirements. FAO Irrigation and Drainage Paper No. 56. Rome, Italy.

Allen, R.G., Tasumi, M., Morse, A, Trezza, R, Wright, ].L., Bastiaanssen, W., Kramber, W.,
Lorite, I, Robison, C.W. 2007a. Satellite-Based Energy Balance for Mapping
Evapotranspiration with Internalized Calibration (METRIC)—Applications. J. Irrig.
Drain. Eng. 133, 395-406. https://doi.org/10.1061/(ASCE)0733-
9437(2007)133:4(395)

Allen, R.G., Tasumi, M., Trezza, R.,, 2007b. Satellite-Based Energy Balance for Mapping
Evapotranspiration with Internalized Calibration (METRIC)—Model. ]. Irrig. Drain.
Eng. 133, 380-394. https://doi.org/10.1061/(ASCE)0733-9437(2007)133:4(380)

Alley, W.M,, Alley, W.M., 1984. The Palmer Drought Severity Index: Limitations and
Assumptions.http://dx.doi.org/10.1175/15200450(1984)023<1100:TPDSIL>2.0.CO;

16



2. https://doi.org/10.1175/1520-0450(1984)023<1100:TPDSIL>2.0.CO;2

Almamalachy, Y.S., Al-Quraishi, A.M.F.,, Moradkhani, H. 2020. Agricultural Drought
Monitoring Over Iraq Utilizing MODIS Products. Springer, Cham, pp. 253-278.
https://doi.org/10.1007/978-3-030-21344-2_11

Anderson, L.0., Malhi, Y., Aragao, L.E.O.C, Ladle, R, Arai, E., Barbier, N., Phillips, 0., 2010.
Remote sensing detection of droughts in Amazonian forest canopies. New Phytol.
187, 733-750. https://doi.org/10.1111/].1469-
8137.2010.03355.X@10.1002 /(ISSN)1469-
8137(CAT)FEATUREISSUES(VI)AMAZONIANRAINFORESTSANDDROUGHT

Anderson, M.C,, Hain, C., Otkin, J., Zhan, X., Mo, K., Svoboda, M., Wardlow, B., Pimstein, A.,
2013. An Intercomparison of Drought Indicators Based on Thermal Remote Sensing
and NLDAS-2 Simulations with U.S. Drought Monitor Classifications. ]J.
Hydrometeorol. 14, 1035-1056. https://doi.org/10.1175/JHM-D-12-0140.1

Anderson, M.C., Hain, C., Wardlow, B., Pimstein, A., Mecikalski, ]J.R., Kustas, W.P., 2011.
Evaluation of drought indices based on Thermal remote sensing of
evapotranspiration over the continental United States. ]. Clim. 24, 2025-2044.
https://doi.org/10.1175/2010JCLI3812.1

Anderson, M.C, Norman, ].M. Mecikalski, J.R, Otkin, J.A., Kustas, W.P.,, 2007a. A
climatological study of evapotranspiration and moisture stress across the continental

United States based on thermal remote sensing: 1. Model formulation. ]. Geophys.
Res. Atmos. 112. https://doi.org/10.1029/2006]D007506

Anderson, M.C., Norman, ].M. Mecikalski, ].R, Otkin, J.A., Kustas, W.P,, 2007b. A
climatological study of evapotranspiration and moisture stress across the continental
United States based on thermal remote sensing: 2. Surface moisture climatology. ].
Geophys. Res. Atmos. 112. https://doi.org/10.1029/2006]D007507

Anderson, R.G, French, AN, 2019. Crop evapotranspiration. Agronomy.
https://doi.org/10.3390/agronomy9100614

Bastiaanssen, W.G.M., Menenti, M., Feddes, R.A., Holtslag, A.A.M., 1998a. A remote sensing
surface energy balance algorithm for land (SEBAL): 1. Formulation. ]J. Hydrol. 212-
213,198-212. https://doi.org/10.1016/S0022-1694(98)00253-4

Bastiaanssen, W.G.M., Pelgrum, H., Wang, ]., Ma, Y., Moreno, ].F., Roerink, G.]J., Van Der Wal,
T., 1998b. A remote sensing surface energy balance algorithm for land (SEBAL): 2.
Validation. J. Hydrol. 212-213, 213-229. https://doi.org/10.1016/S0022-
1694(98)00254-6

Bausch, W.C., Neale, C.M.U.,, 1987. Crop Coefficients Derived from Reflected Canopy
Radiation: A Concept. Trans. ASAE 30, 0703-07009.
https://doi.org/10.13031/2013.30463

Belmonte, A.C., Jochum, A.M., Garcia, A.C., Rodriguez, A.M., Fuster, P.L., 2005. Irrigation
management from space: Towards user-friendly products. Irrig. Drain. Syst. 19, 337-
353. https://doi.org/10.1007 /s10795-005-5197-x

Brema, J., Rahul, T.S., Julius, ].J.,, 2019. Study on Drought Monitoring Based on Spectral
Indices in Noyyal River Sub-watershed Using Landsat-8 Imageries, in: Springer Series
in Geomechanics and Geoengineering. Springer Verlag, pp. 473-482.
https://doi.org/10.1007/978-3-319-77276-9_42

Brown, ].F., Wardlow, B.D., Tadesse, T., Hayes, M.].,, Reed, B.C.,, 2008. The Vegetation
Drought Response Index (VegDRI): A new integrated approach for monitoring

17



drought stress in vegetation. GIScience Remote Sens. 45, 16-46.
https://doi.org/10.2747/1548-1603.45.1.16

Biittner, G., Feraneg, |, Jaffrain, G., Mari, L., Maucha, G., Soukup, T., 2004. The CORINE land
cover 2000 project. EARSeL eProceedings 3, 331-346.

Byun, H.-R., Wilhite, D.A., 1999. Objective Quantification of Drought Severity and Duration.
J. Clim. 12, 2747-2756. https://doi.org/10.1175/1520-
0442(1999)012<2747:0Q0DSA>2.0.C0O;2

Byun, H.R,, Kim, D.W., 2010. Comparing the Effective Drought Index and the Standardized
Precipitation Index. Lopez-Francos A. (comp.), Lopez-Francos A. (collab.). Econ.
drought drought Prep. a Clim. Chang. Context. Zaragoza CIHEAM / FAO / ICARDA /
GDAR / CEIGRAM / MARM. Options Méditerranéennes Série A. Séminaires
Méditerranéens 95, 85-89.

Calera, A, Campos, I, Osann, A.,, D'Urso, G., Menenti, M., 2017. Remote sensing for crop
water management: From ET modelling to services for the end users. Sensors
(Switzerland). https://doi.org/10.3390/s17051104

Campos, I, Gonzalez-Gémez, L., Villodre, ]J., Gonzalez-Piqueras, |., Suyker, A.E., Calera, A,
2018. Remote sensing-based crop biomass with water or light-driven crop growth
models in wheat commercial fields. F. Crop. Res. 216, 175-188.
https://doi.org/10.1016/j.fcr.2017.11.025

Campos, I, Neale, C.M.U.,, Calera, A., Balbontin, C., Gonzalez-Piqueras, J., 2010. Assessing
satellite-based basal crop coefficients for irrigated grapes (Vitis vinifera L.). Agric.
Water Manag. 98, 45-54. https://doi.org/10.1016/j.agwat.2010.07.011

Campos, I, Neale, C.M.U., Suyker, A.E., Arkebauer, T.J., Gongalves, 1.Z., 2017. Reflectance-
based crop coefficients REDUX: For operational evapotranspiration estimates in the
age of high producing hybrid varieties. Agric. Water Manag. 187, 140-153.
https://doi.org/10.1016/j.agwat.2017.03.022

Choi, M., Jacobs, ].M., Anderson, M.C., Bosch, D.D., 2013. Evaluation of drought indices via
remotely sensed data with hydrological variables. ]. Hydrol. 476, 265-273.
https://doi.org/10.1016/j.jhydrol.2012.10.042

Choudhury, B.J., Ahmed, N.U,, Idso, S.B., Reginato, R.J., T Daughtry, C.S., 1994. Relations
between Evaporation Coeflqcients and Vegetation Indices Studied by Model
Simulations.

Ciezkowski, W., Kleniewska, M., Chormanski, J., 2019. Using Landsat 8 Images for the
Wetland Water Stress Calculation: Upper Biebrza Case Study, in: International
Geoscience and Remote Sensing Symposium (IGARSS). Institute of Electrical and

Electronics Engineers Inc., pp. 6867-6870.
https://doi.org/10.1109/IGARSS.2019.8897801

Copernicus, 2018. Copernicus [WwWwW Document]. URL
https://www.copernicus.eu/en/about-copernicus (accessed 2.6.20).

Copernicus, 2016. Sentinel-1 [WWW Document]. URL

https://www.copernicus.eu/sites/default/files/2018-10/Copernicus_Sentinel-
1_Factsheet_13042018.pdf (accessed 2.12.20).

Courault, D., Seguin, B., Olioso, A., 2005. Review on estimation of evapotranspiration from
remote sensing data: From empirical to numerical modeling approaches. Irrig. Drain.
Syst. https://doi.org/10.1007/s10795-005-5186-0

18



Domenikiotis, C., Spiliotopoulos, M., Tsiros, E. Dalezios, N.R., 2004. Early cotton yield
assessment by the use of the NOAA/AVHRR derived Vegetation Condition Index (VCI)
in Greece. Int. J. Remote Sens. 25, 2807-28109.
https://doi.org/10.1080/01431160310001632729

Duchemin, B., Hadria, R, Erraki, S., Boulet, G., Maisongrande, P., Chehbouni, A., Escadafal,
R, Ezzahar, ], Hoedjes, J.C.B.,, Kharrou, M.H., Khabba, S., Mougenot, B., Olioso, A,
Rodriguez, ]J.C., Simonneaux, V., 2006. Monitoring wheat phenology and irrigation in
Central Morocco: On the use of relationships between evapotranspiration, crops
coefficients, leaf area index and remotely-sensed vegetation indices. Agric. Water
Manag. 79, 1-27. https://doi.org/10.1016/j.agwat.2005.02.013

Dutta, D., Kundu, A., Patel, N.R,, Saha, S.K,, Siddiqui, A.R., 2015. Assessment of agricultural
drought in Rajasthan (India) using remote sensing derived Vegetation Condition
Index (VCI) and Standardized Precipitation Index (SPI). Egypt. ]. Remote Sens. Sp. Sci.
18, 53-63. https://doi.org/10.1016/j.ejrs.2015.03.006

Gao, B.C,, 1996. NDWI - A normalized difference water index for remote sensing of
vegetation liquid water from space. Remote Sens. Environ. 58, 257-266.
https://doi.org/10.1016/S0034-4257(96)00067-3

Ghulam, A, Qin, Q., Teyip, T., Li, Z.L., 2007a. Modified perpendicular drought index (MPDI):
a real-time drought monitoring method. ISPRS J. Photogramm. Remote Sens. 62, 150-
164. https://doi.org/10.1016/j.isprsjprs.2007.03.002

Ghulam, A, Qin, Q., Zhan, Z., 2007b. Designing of the perpendicular drought index. Environ.
Geol. 52, 1045-1052. https://doi.org/10.1007 /s00254-006-0544-2

Gibbs, W.,, Maher, ]., 1967. Rainfall deciles as drought indicators, bureau of meteorology
bulletin no. 48. Commenwealth Aust.

Glenn, E.P., Huete, AR, Nagler, P.L., Hirschboeck, KK., Brown, P., 2007. Integrating Remote
Sensing and Ground Methods to Estimate Evapotranspiration. CRC. Crit. Rev. Plant
Sci. 26, 139-168. https://doi.org/10.1080/07352680701402503

Glenn, E.P., Huete, A.R,, Nagler, P.L., Nelson, S.G., 2008. Relationship Between Remotely-
sensed Vegetation Indices, Canopy Attributes and Plant Physiological Processes:
What Vegetation Indices Can and Cannot Tell Us About the Landscape. Sensors 8,
2136-2160.

Glenn, E.P., Neale, C.M.U., Hunsaker, D.J., Nagler, P.L., 2011. Vegetation index-based crop
coefficients to estimate evapotranspiration by remote sensing in agricultural and
natural ecosystems. Hydrol. Process. 25, 4050-4062.
https://doi.org/10.1002 /hyp.8392

Gonzalez-Dugo, M.P., Mateos, L., 2008. Spectral vegetation indices for benchmarking water
productivity of irrigated cotton and sugarbeet crops. Agric. Water Manag. 95, 48-58.
https://doi.org/10.1016/j.agwat.2007.09.001

Gonzalez-Dugo, M.P., Neale, C.M.U., Mateos, L., Kustas, W.P., Prueger, ].H., Anderson, M.C,,
Li, F,, 2009. A comparison of operational remote sensing-based models for estimating
crop evapotranspiration. Agric. For. Meteorol. 149, 1843-1853.
https://doi.org/10.1016/j.agrformet.2009.06.012

Gorelick, N., Hancher, M., Dixon, M., Ilyushchenko, S., Thau, D., Moore, R., 2017. Google
Earth Engine: Planetary-scale geospatial analysis for everyone. Remote Sens. Environ.
202, 18-27. https://doi.org/10.1016/j.rse.2017.06.031

Gowda, P.H., Chavez, ].L., Colaizzi, P.D., Evett, S.R., Howell, T.A,, Tolk, ].A., 2008. ET mapping

19



for agricultural water management: Present status and challenges. Irrig. Sci.
https://doi.org/10.1007/s00271-007-0088-6

Gu, Y., Brown, ].F,, Verdin, J.P., Wardlow, B., 2007. A five-year analysis of MODIS NDVI and
NDWI for grassland drought assessment over the central Great Plains of the United
States. Geophys. Res. Lett. 34, L06407. https://doi.org/10.1029/2006GL029127

Guttman, N.B, 1999. Accepting the standardized precipitation index: A calculation
algorithm. ]. Am. Water Resour. Assoc. 35, 311-322. https://doi.org/10.1111/j.1752-
1688.1999.tb03592.x

Guttman, N.B, 1998. Comparing the palmer drought index and the standardized
precipitation index. J. Am. Water Resour. Assoc. 34, 113-121.
https://doi.org/10.1111/j.1752-1688.1998.tb05964 x

Han, Y., Li, Z, Huang, C, Zhou, Y., Zong, S., Hao, T., Niu, H.,, Yao, H.,, 2020. Monitoring
Droughts in the Greater Changbai Mountains Using Multiple Remote Sensing-Based
Drought Indices. Remote Sens. 12, 530. https://doi.org/10.3390/rs12030530

Hao, P, Wang, L, Niu, Z, 2015. Potential of multitemporal Gaofen-1
panchromatic/multispectral images for crop classification: case study in Xinjiang
Uygur Autonomous Region, China. ]. Appl. Remote Sens. 9, 096035.
https://doi.org/10.1117/1.jrs.9.096035

Hao, Z., Singh, V.P., 2015. Drought characterization from a multivariate perspective: A
review. ]. Hydrol. https://doi.org/10.1016/j.jhydrol.2015.05.031

Hayes, M., Svoboda, M., Wall, N., Widhalm, M., 2011. THE LINCOLN DECLARATION ON
DROUGHT INDICES Universal Meteorological Drought Index Recommended. Bull. Am.
Meteorol. Soc. 92.4, 485-488. https://doi.org/10.1175/2010BAMS3103.1

Hazaymeh, K, K. Hassan, Q., 2016. Remote sensing of agricultural drought monitoring: A
state of art review. AIMS Environ. Sci. 3, 604-630.
https://doi.org/10.3934/environsci.2016.4.604

Heim, R.R,, 2002. A Review of Twentieth-Century Drought Indices Used in the United
States. Bull. Am. Meteorol. Soc. 83, 1149-1166. https://doi.org/10.1175/1520-0477-
83.8.1149

Heim, R.R. Brewer, M.]., 2012. The Global Drought Monitor Portal: The Foundation for a
Global  Drought Information  System. Earth  Interact 16, 1-28.
https://doi.org/10.1175/2012E1000446.1

Hu, X., Ren, H.,, Tansey, K., Zheng, Y., Ghent, D., Liu, X,, Yan, L., 2019. Agricultural drought
monitoring using European Space Agency Sentinel 3A land surface temperature and

normalized difference vegetation index imageries. Agric. For. Meteorol. 279, 107707.
https://doi.org/10.1016/j.agrformet.2019.107707

Huete, A., 1988. A soil-adjusted vegetation index (SAVI). Remote Sens. Environ. 25, 295-
309. https://doi.org/10.1016/0034-4257(88)90106-X

Huete, A, Didan, K., Miura, T., Rodriguez, E.P., Gao, X., Ferreira, L.G., 2002. Overview of the
radiometric and biophysical performance of the MODIS vegetation indices. Remote
Sens. Environ. 83, 195-213. https://doi.org/10.1016/5S0034-4257(02)00096-2

Hunsaker, D.J., Pinter, P.]., Kimball, B.A., 2005. Wheat basal crop coefficients determined by
normalized difference vegetation index. Irrig. Sci. 24, 1-14.
https://doi.org/10.1007 /s00271-005-0001-0

Idso, S.B., Jackson, R.D., Pinter, P.]., Reginato, R]., Hatfield, ]J.L., 1981. Normalizing the

20



stress-degree-day parameter for environmental variability. Agric. Meteorol. 24, 45-
55. https://doi.org/10.1016/0002-1571(81)90032-7

Jackson, R.D., Idso, S.B., Reginato, R.]., Pinter, P.J., 1981. Canopy temperature as a crop
water stress indicator. Water Resour. Res. 17, 1133-1138.
https://doi.org/10.1029/WR017i004p01133

Jiao, W., Tian, C., Chang, Q., Novick, K.A,, Wang, L., 2019. A new multi-sensor integrated
index for drought monitoring. Agric. For. Meteorol. 268, 74-85.
https://doi.org/10.1016/j.agrformet.2019.01.008

Jiao, W., Zhang, L., Chang, Q., Fu, D, Cen, Y., Tong, Q. 2016. Evaluating an Enhanced
Vegetation Condition Index (VCI) Based on VIUPD for Drought Monitoring in the
Continental United States. Remote Sens. 8, 224. https://doi.org/10.3390/rs8030224

Johnson, L.F., Trout, T.J., 2012. Satellite NDVI assisted monitoring of vegetable crop
evapotranspiration in california’s san Joaquin Valley. Remote Sens. 4, 439-455.
https://doi.org/10.3390/rs4020439

Karimi, P., Bastiaanssen, W.G.M., 2015. Spatial evapotranspiration, rainfall and land use
data in water accounting-Part 1: Review of the accuracy of the remote sensing data.
Hydrol. Earth Syst. Sci 19, 507-532. https://doi.org/10.5194 /hess-19-507-2015

Khan, R,, Gilani, H., Igbal, N., Shahid, I., 2020. Satellite-based (2000-2015) drought hazard
assessment with indices, mapping, and monitoring of Potohar plateau, Punjab,
Pakistan. Environ. Earth Sci. 79, 1-18. https://doi.org/10.1007/s12665-019-8751-9

Khanal, S., Fulton, J., Shearer, S., 2017. An overview of current and potential applications of
thermal remote sensing in precision agriculture. Comput. Electron. Agric.
https://doi.org/10.1016/j.compag.2017.05.001

Kogan, F.N.,, 2001. Operational Space Technology for Global Vegetation Assessment.
https://doi.org/10.1175/1520-0477(2001)082<1949:0STFGV>2.3.CO;2.
https://doi.org/10.1175/1520-0477(2001)082<1949:0STFGV>2.3.CO;2

Kogan, F.N., 1997. Global Drought Watch from Space. https://doi.org/10.1175/1520-
0477(1997)078<0621:GDWFS>2.0.CO;2. https://doi.org/10.1175/1520-
0477(1997)078<0621:GDWFS>2.0.CO;2

Kogan, F.N.,, 1995a. Droughts of the late 1980s in the United States as derived from NOAA
polar-orbiting satellite data. Bull. - Am. Meteorol. Soc. 76, 655-668.
https://doi.org/10.1175/1520-0477(1995)076<0655:DOTLIT>2.0.CO;2

Kogan, F.N., 1995b. Application of vegetation index and brightness temperature for
drought detection. Adv. Sp. Res. 15, 91-100. https://doi.org/10.1016/0273-
1177(95)00079-T

Kustas, W.P,, Li, F., Jackson, T.J., Prueger, ].H., MacPherson, ].I, Wolde, M., 2004. Effects of
remote sensing pixel resolution on modeled energy flux variability of croplands in
Iowa, in: Remote Sensing of Environment. Elsevier, pp. 535-547.
https://doi.org/10.1016/j.rse.2004.02.020

Li, Z.-L., Tang, R.,, Wan, Z, Bi, Y., Zhou, C, Tang, B., Yan, G., Zhang, X., 2009. A Review of
Current Methodologies for Regional Evapotranspiration Estimation from Remotely
Sensed Data. Sensors 9, 3801-3853. https://doi.org/10.3390/s90503801

Liou, Y.-A, Kar, S., 2014. Evapotranspiration Estimation with Remote Sensing and Various
Surface Energy Balance Algorithms—A Review. Energies 7, 2821-2849.
https://doi.org/10.3390/en7052821

21



Martin de Santa Olalla, F., Lopez, P., Calera, A., 2005. Agua y agronomia. Ediciones Mundi-
Prensa.

Mateos, L., Gonzalez-Dugo, M.P., Testi, L. Villalobos, F.J, 2013. Monitoring
evapotranspiration of irrigated crops using crop coefficients derived from time series
of satellite images. 1. Method validation. Agric. Water Manag. 125, 81-91.
https://doi.org/10.1016/j.agwat.2012.11.005

Mckee, T.B., Doesken, NJ., Kleist, ], 1993. The relationship of drought frequency and
duration to time scales, Eighth Conference on Applied Climatology.

McVicar, T.R., Jupp, D.L.B., 2002. Using covariates to spatially interpolate moisture
availability in the murray-darling basin a novel use of remotely sensed data. Remote
Sens. Environ. 79, 199-212. https://doi.org/10.1016/S0034-4257(01)00273-5

McVicar, T.R., Jupp, D.L.B.,, 1999. Estimating one-time-of-day meteorological data from
standard daily data as inputs to thermal remote sensing based energy balance
models. Agric. For. Meteorol. 96, 219-238. https://doi.org/10.1016/S0168-
1923(99)00052-0

McVicar, T.R, Jupp, D.L.B,, 1998. The current and potential operational uses of remote
sensing to aid decisions on drought exceptional circumstances in Australia: A review.
Agric. Syst. https://doi.org/10.1016/5S0308-521X(98)00026-2

Menenti, M., Choudhury, B., 1993. Parameterization of land surface evapotranspiration
using a location dependent potential evapotranspiration and surface temperature
range. Exch. Process. L. Surf. a range Sp. time scales 212, 561-568.

Mishra, AK, Singh, V.P, 2010. A review of drought concepts. ]. Hydrol
https://doi.org/10.1016/j.jhydrol.2010.07.012

Molden, D., Sakthivadivel, R., 1999. Water accounting to assess use and productivity of
water. Int. J. Water Resour. Dev. 15, 55-71.
https://doi.org/10.1080/07900629948934

Monteith, ]J.L., Unsworth, M.H., 2013. Principles of Environmental Physics: Plants, Animals,
and the Atmosphere, Fourth. ed. Academic Press.

Moran, M.S,, Inoue, Y., Barnes, E.M., 1997. Opportunities and Limitations for Image-Based
Remote Sensing in Precision Crop Management.

Mu, Q. Zhao, M., Kimball, ].S., McDowell, N.G., Running, S.W., 2013. A remotely sensed
global terrestrial drought severity index. Bull. Am. Meteorol. Soc. 94, 83-98.
https://doi.org/10.1175/BAMS-D-11-00213.1

Mukherjee, S., Mishra, A. Trenberth, K.E., 2018. Climate Change and Drought: a
Perspective on Drought Indices. Curr. Clim. Chang. Reports.
https://doi.org/10.1007 /s40641-018-0098-x

Narasimhan, B., Srinivasan, R., 2005. Development and evaluation of Soil Moisture Deficit
Index (SMDI) and Evapotranspiration Deficit Index (ETDI) for agricultural drought
monitoring, in: Agricultural and Forest Meteorology. Elsevier, pp. 69-88.
https://doi.org/10.1016/j.agrformet.2005.07.012

Neale, C.M.U., Bausch, W.C., Heermann, D.F., 1989. Development of reflectance-based crop
coefficients for corn. Trans. ASAE 32, 1891-1900.

Niemeyer, S., 2008. New drought indices. Séminaires Méditerranéens 80, 267-274.
Olioso, A., Chauki, H., Courault, D., Wigneron, ].P., 1999. Estimation of evapotranspiration

22



and photosynthesis by assimilation of remote sensing data into SVAT models. Remote
Sens. Environ. 68, 341-356. https://doi.org/10.1016/S0034-4257(98)00121-7

Otkin, J.A., Anderson, M.C.,, Hain, C.,, Mladenova, IL.E., Basara, ].B., Svoboda, M., 2013.
Examining Rapid Onset Drought Development Using the Thermal Infrared-Based
Evaporative Stress Index. J. Hydrometeorol. 14, 1057-1074.
https://doi.org/10.1175/JHM-D-12-0144.1

Palmer, W., 1965. Meteorological drought. Dep. Commer. Weather Bur. 30.

Palmer, W.C., 1968. Keeping Track of Crop Moisture Conditions, Nationwide: The New
Crop Moisture Index. Weatherwise 21, 156-161.
https://doi.org/10.1080/00431672.1968.9932814

Panagos, P., Van Liedekerke, M., Jones, A, Montanarella, L., 2012. European Soil Data
Centre: Response to European policy support and public data requirements. Land use
policy 29, 329-338. https://doi.org/10.1016/j.landusepol.2011.07.003

Pedro-Monzonis, M., Solera, A., Ferrer, |., Estrela, T., Paredes-Arquiola, J., 2015. A review of
water scarcity and drought indexes in water resources planning and management. J.
Hydrol. 527, 482-493. https://doi.org/10.1016/j.jhydrol.2015.05.003

Peters, A.].,, Walter-Shea, E., Hayes, M.]., Svoboda, M., 2002. Drought monitoring with NDVI-
based Standardized Vegetation Index. Photogramm. Eng. Remote Sensing 68, 71-75.

Pettorelli, N., Vik, ].0., Mysterud, A., Gaillard, ].M., Tucker, C.J., Stenseth, N.C., 2005. Using
the satellite-derived NDVI to assess ecological responses to environmental change.
Trends Ecol. Evol. https://doi.org/10.1016/j.tree.2005.05.011

Pierre, C., Bergametti, G., Marticorena, B., Mougin, E., Lebel, T., Ali, A., 2011. Pluriannual
comparisons of satellite-based rainfall products over the Sahelian belt for seasonal
vegetation modeling. J. Geophys. Res. Atmos. 116.
https://doi.org/10.1029/2011]D016115

Pinter, P.J.,, Hatfield, ].L., Schepers, ].S., Barnes, E.M., Moran, M.S., Daughtry, C.S.T,
Upchurch, D.R,, 2003. Remote Sensing for Crop Management.

Priestley, C.H.B, Taylor, RJ., 1972. On the Assessment of Surface Heat Flux and
Evaporation Using Large-Scale Parameters. Mon. Weather Rev. 100, 81-92.
https://doi.org/10.1175/1520-0493(1972)100<0081:0taosh>2.3.co;2

Quiring, S.M., Ganesh, S., 2010. Evaluating the utility of the Vegetation Condition Index
(VCI) for monitoring meteorological drought in Texas. Agric. For. Meteorol. 150, 330-
339. https://doi.org/10.1016/j.agrformet.2009.11.015

Rana, G., Katerji, N., 2000. Measurement and estimation of actual evapotranspiration in the
field under Mediterranean climate: A review, in: European Journal of Agronomy.
Elsevier, pp. 125-153. https://doi.org/10.1016/S1161-0301(00)00070-8

Roerink, G.J., Su, Z.,, Menenti, M., 2000. S-SEBI: A simple remote sensing algorithm to
estimate the surface energy balance. Phys. Chem. Earth, Part B Hydrol. Ocean. Atmos.
25,147-157. https://doi.org/10.1016/5S1464-1909(99)00128-8

Rojas, 0., Vrieling, A., Rembold, F., 2011. Assessing drought probability for agricultural
areas in Africa with coarse resolution remote sensing imagery. Remote Sens. Environ.
115, 343-352. https://doi.org/10.1016/j.rse.2010.09.006

Rossi, G., 2000. Drought Mitigation Measures: A Comprehensive Framework. Springer,
Dordrecht, pp. 233-246. https://doi.org/10.1007/978-94-015-9472-1_18

23



Rouse, ].W., Hass, R.H,, Schell, ].A., Deering, D.W., 1973. Monitoring the vernal advancement
and retrogradation (green wave effect) of natural vegetation.

Sahoo, AK,, Sheffield, ], Pan, M., Wood, E.F., 2015. Evaluation of the Tropical Rainfall
Measuring Mission Multi-Satellite Precipitation Analysis (TMPA) for assessment of
large-scale meteorological drought. Remote Sens. Environ. 159, 181-193.
https://doi.org/10.1016/j.rse.2014.11.032

Sanchez, ].M., Kustas, W.P., Caselles, V., Anderson, M.C., 2008. Modelling surface energy
fluxes over maize using a two-source patch model and radiometric soil and canopy
temperature  observations. Remote  Sens. Environ. 112, 1130-1143.
https://doi.org/10.1016/j.rse.2007.07.018

Sandholt, 1., Rasmussen, K., Andersen, J.,, 2002. A simple interpretation of the surface
temperature/vegetation index space for assessment of surface moisture status.
Remote Sens.  Environ. 79, 213-224. https://doi.org/10.1016/S0034-
4257(01)00274-7

Satellite Imaging Corporation, 2015. TripleSat Satellite Sensor | Satellite Imaging Corp
[WWW Document]. URL https://www.satimagingcorp.com/satellite-
sensors/triplesat-satellite/ (accessed 3.23.20).

Smakhtin, V.U., Hughes, D.A., 2004. Review, automated estimation and analyses of drought
indices in South Asia. Working Paper 83, Drought Series, Paper 1, Internatio. ed.

Su, Z., 2002. The Surface Energy Balance System (SEBS) for estimation of turbulent heat
fluxes, Hydrology and Earth System Sciences.

Svoboda, M,, Fuchs, B., 2016. World Meteorological Organization (WMO) and Global Water
Partnership (GWP), 2016: Handbook of Drought Indicators and Indices. Integr.
Drought Manag. Program. (IDMP), Integr. Drought Manag. Tools Guidel. Ser. 2.
Geneva.

Svoboda, M., LeComte, D., Hayes, M., Heim, R, Gleason, K., Angel, ]., Rippey, B., Tinker, R,
Palecki, M., Stooksbury, D., Miskus, D., Stephens, S., 2002. The drought monitor. Bull.
Am. Meteorol. Soc. 83, 1181-1190. https://doi.org/10.1175/1520-0477-83.8.1181

Thornthwaite, C.W., 1948. An Approach toward a Rational Classification of Climate. Geogr.
Rev. 38, 55. https://doi.org/10.2307 /210739

Tigkas, Dimitris, Vangelis, Harris, Tsakiris, George, Tigkas, D, Vangelis, H, Tsakiris, G, 2013.
The RDI as a composite climatic Index. Eur Water 41, 17-22.

Tsakiris, G, Loukas, A, Pangalou, D., Vangelis, H., Tigkas, D., Rossi, G., Cancelliere, A., 2007.
Chapter 7. Drought characterization, Drought management guidelines technical
annex.

Tsakiris, G., Pangalou, D., Vangelis, H., 2007. Regional drought assessment based on the
Reconnaissance Drought Index (RDI). Water Resour. Manag. 21, 821-833.
https://doi.org/10.1007 /s11269-006-9105-4

Tsakiris, G. Vangelis, H. 2005. Establishing a Drought Index Incorporating
Evapotranspiration.

Valcarcel, N., Villa, G., Arozarena, A., Garcia-Asensio, L., Caballlero, M.E.E., Porcuna, A,
Domenech, E. Peces, ].J.J, 2008. Siose , a Successful Test Bench Towards
Harmonization and Integration of Land Cover / Use Information As Environmental
Reference Data. Int. Arch. Photogramm. Remote Sens. Spat. Inf. Sci. 37, 1159-1164.

Van Loon, A.F., Van Lanen, H.A/J., 2013. Making the distinction between water scarcity and

24



drought using an observation-modeling framework. Water Resour. Res. 49, 1483-
1502. https://doi.org/10.1002/wrcr.20147

Vardon, M., Lenzen, M., Peevor, S., Creaser, M., 2007. Water accounting in Australia. Ecol.
Econ. 61, 650-659. https://doi.org/10.1016/j.ecolecon.2006.07.033

Vicente-Serrano, S.M., Begueria, S., Lopez-Moreno, ].I,, 2010. A Multiscalar Drought Index
Sensitive to Global Warming: The Standardized Precipitation Evapotranspiration
Index. ]. Clim. 23, 1696-1718. https://doi.org/10.1175/2009]CL12909.1

Wan, Z., Wang, P,, Li, X,, 2004. Using MODIS Land Surface Temperature and Normalized
Difference Vegetation Index products for monitoring drought in the southern Great
Plains, USA. Int. J. Remote Sens. 25, 61-72.
https://doi.org/10.1080/0143116031000115328

Wang, P. xin, Li, X. wen, Gong, J. ya, Song, C., 2001. Vegetation temperature condition index
and its application for drought monitoring, in: International Geoscience and Remote
Sensing Symposium (IGARSS). pp. 141-143.
https://doi.org/10.1109/igarss.2001.976083

West, H., Quinn, N., Horswell, M., 2019. Remote sensing for drought monitoring & impact
assessment: Progress, past challenges and future opportunities. Remote Sens.
Environ. 232, 111291. https://doi.org/10.1016/j.rse.2019.111291

Wilhite, D.A., Glantz, M.H., 1985. Understanding: The drought phenomenon: The role of
definitions. Water Int. 10, 111-120. https://doi.org/10.1080/02508068508686328

Wu, H,, Xiong, D., Liu, B,, Zhang, S., Yuan, Y., Fang, Y., Chidi, C.L., Dahal, N.M., 2019. Spatio-
Temporal Analysis of Drought Variability Using CWSI in the Koshi River Basin (KRB).
Int. J. Environ. Res. Public Health 16, 3100. https://doi.org/10.3390/ijerph16173100

Wu, J.,, Zhou, L., Liu, M., Zhang, |., Leng, S., Diao, C., 2013. Establishing and assessing the
Integrated Surface Drought Index (ISDI) for agricultural drought monitoring in mid-
eastern China. Int. ]J. Appl. Earth Obs. Geoinf. 23, 397-410.
https://doi.org/10.1016/j.jag.2012.11.003

Yao, X,, Li, G, Xia, ], Ben, ], Cao, Q., Zhao, L., Ma, Y., Zhang, L., Zhu, D., 2020. Enabling the big
earth observation data via cloud computing and DGGS: Opportunities and challenges.
Remote Sens. https://doi.org/10.3390/RS12010062

Yin, W., Yang, J., 2017. Sub-pixel vs. super-pixel-based greenspace mapping along the
urban-rural gradient using high spatial resolution Gaofen-2 satellite imagery: a case
study of Haidian District, Beijing, China. Int. ]. Remote Sens. 38, 6386-6406.
https://doi.org/10.1080/01431161.2017.1354266

Zargar, A., Sadiq, R, Naser, B., Khan, F.I, 2011. A review of drought indices. Environ. Rev.
19, 333-349. https://doi.org/10.1139/a11-013

Zhang, A, Jia, G., 2013. Monitoring meteorological drought in semiarid regions using multi-
sensor microwave remote sensing data. Remote Sens. Environ. 134, 12-23.
https://doi.org/10.1016/j.rse.2013.02.023

Zhang, D., Zhou, G., 2016. Estimation of Soil Moisture from Optical and Thermal Remote
Sensing: A Review. Sensors 16, 1308. https://doi.org/10.3390/s16081308

Zhang, Q., Yu, H., Sun, P, Singh, V.P.,, Shi, P.,, 2019. Multisource data based agricultural
drought monitoring and agricultural loss in China. Glob. Planet. Change 172, 298-
306. https://doi.org/10.1016/j.gloplacha.2018.10.017

Zwart, S.J., Bastiaanssen, W.G.M., 2007. SEBAL for detecting spatial variation of water

25



@

productivity and scope for improvement in eight irrigated wheat systems. Agric.
Water Manag. 89, 287-296. https://doi.org/10.1016/j.agwat.2007.02.002

26






