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Abstract

Drought is a natural hazard that results from a deficiency of precipitation and water availability from expected or
normal amounts, usually extended over a season or longer period. Drought can be hydrological, meteorological,
agricultural and socio-economical. It affects the ecology, biodiversity, hydrology and climate and economy and
the wellbeing of the societies at local, regional and global levels. Drought causes for significant environmental and
economic problems, which in turn affect the balance of food supply and demand leads to poverty. Therefore,
drought monitoring and prediction and warning system is a very essential component to minimize vulnerabilities
and risks. In this regard, drought indices play a great role. The objective of this review is to show different available
drought indices used for monitoring drought events. For investigating drought using a single index is not providing
better results, therefore, integrating different indices is recommended because the environmental variable is
spatially different and the indices do not use the same model and there are gaps in the model. Thus, by integrating
different indices it is possible to achieve better drought results.
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1. Introduction

Drought is a period of abnormally dry weather results in a change in vegetation cover (Heim Jr, 2002; Tucker and
Choudhury, 1987). In addition to this, drought is a period of abnormally dry weather sufficiently prolonged because
of a lack of precipitation that causes a serious hydrological imbalance and has connotations of a moisture
deficiency with respect to water use requirements (McMahon and Arenas, 1982). Drought is a recurrent climate
process that occurs over a wide area for a longer period of time. It is a natural hazard that results from a deficiency
of precipitation and water availability from expected or normal amounts, usually extended over a season or longer
period of time (Mishra and Singh, 2010). Drought is one of the main natural hazards that damage crop system and
environment, and economy (Burton et al., 1978; Wilhite, 1993; Wilhite and Glantz, 1985). Drought affects
agricultural productivity, hydrological cycles, vegetation, and ecosystem interaction. It also affects the livelihood
conditions of the people and results in poverty and famine. Therefore, monitoring of drought is very crucial to
minimize the effects of drought and its related problems. To provide better information for planners and decision-
makers different advanced monitoring techniques should be applied to monitor drought events (WGA, 2004).
However, drought monitoring is challenging because of the complex nature of drought and massive spatio-
temporal variability drought event and its comprehensive nature of impacts exhibited (Brown et al., 2008).

There are many drought monitoring systems (Funk and Verdin, 2010; Hao et al., 2014; Nijssen et al., 2014;
Pozzi et al., 2013; Sheffield et al., 2008; Verdin et al., 2005) and has been applied at different scales. The drought
monitoring systems can be hydrological, climate, meteorological and satellite-based indices. Climate-based
drought indices are mostly used to support drought planning decisions and to prompt mitigating actions (Hayes,
2003; Keyantash and Dracup, 2002) and give information about climate change and its impact on the environments
and societies. Whereas meteorological-based indices are providing basic information about drought events (Di et
al., 1994; Ji and Peters, 2003; McVicar and Bierwirth, 2001; Rundquist and Harrington, 2000; Yang et al., 1998)
through analyzing elements of weather and climate. Satellite-based vegetation indices are also very significant in
drought monitoring and analysis (Di et al., 1994; Goetz and Prince, 1996; Goward et al., 1985; Jakubauskas et al.,
2002; Malingreau, 1986; Reed et al., 1996) through investigating the response of vegetation to climate. The
vegetation indices have been used to monitor drought events by analyzing the characteristics of vegetation (Rouse
et al., 1974; Tucker, 1979).

Therefore, to monitor and predict drought and to extract reliable drought event information, different indices
have been developed and applied at local, regional and global levels. However, due to the complex nature of
drought events and its spatio-temporal variations and its wide nature of possible impacts, drought monitoring
requires integrated drought indicators. It is possible to integrate satellite-based indices with climate-meteorological
indices as well as hydrological and soil moisture indices. Drought can be described using different drought
indicator variables like precipitation and soil moisture (Dracup et al., 1980) and vegetation responses to climate
parameters.

Several studies, therefore, agreed that a single drought index is not sufficient to monitoring drought onset,
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end period and persistence (AghaKouchak, 2014; Dracup et al., 1980; Hao and AghaKouchak, 2013; Kao and
Govindaraju, 2010) and possible return periods. This is because, on one hand, the nature of drought and on the
other hand drought indicators and climate processes varies in space and time. For instance, the study conducted
by (Hao and AghaKouchak, 2013) confirmed that precipitation used to detects the drought started earlier than
other indices. However, (Entekhabi et al., 1996; Heim Jr, 2002) agreed that soil moisture conditions are better in
describing the drought persistence. But, satellite-based indices are better in analyzing vegetation conditions (D1 et
al., 1994; Goetz and Prince, 1996; Goward et al., 1985; Jakubauskas et al., 2002; Reed et al., 1996; Rouse et al.,
1974; Tucker, 1979). Hence, using different drought indicators is very significant not only for drought monitoring
and prediction but also to find out the causes and assess the possible consequences of drought and to set alternative
mitigation strategies.

For effective drought monitoring, researchers and scientist for example (AghaKouchak, 2014; Dracup et al.,
1980; Funk and Verdin, 2010; Hao et al., 2014; Hao and AghaKouchak, 2013; Kao and Govindaraju, 2010; Nijssen
et al., 2014; Pozzi et al., 2013; Sepulcre-Canto et al., 2012; Sheffield et al., 2008; Verdin et al., 2005) recommend
to use integrated drought indicators. Because drought indicators have their successes and limitations in drought
detection and identification. For instance, meteorological drought indicators assimilate information from global
rainfall, stored soil moisture or water supply but they do not express much local spatial detail. On the other hand,
the derived drought indicators calculated from satellite images are effective in providing information about spatial
and temporal drought at global, regional and local scales. Remote sensing-based indices derived satellite surface
parameters are one of the main drought monitoring techniques and have been widely used to study droughts (Di
et al., 1994; Goetz and Prince, 1996; Jakubauskas et al., 2002; Reed et al., 1996). This is because it is capable of
showing spatio-temporal variations of drought and its intensity.

Furthermore, studies (Bayarjargal et al., 2006; Ji and Peters, 2003; McVicar and Bierwirth, 2001; Rundquist
and Harrington, 2000) showed that using of meteorological-based indices and satellite-based indices are very
significant for drought study because they have good agreement between them and better in estimation of drought
affected areas. For instance, drought monitoring results obtained from satellite-based indices such as Normalized
Difference Vegetation Index (NDVI) and/or NDVI-derived like Normalized Difference Vegetation Index
Anomaly (NDVIA), Standardized Vegetation Index (SVI), Vegetation Condition Index (VCI) and Temperature
Condition Index (TCI) and hybrid indices like Vegetation Health Index (VHI), and Drought Severity Index (DSI)
were agreed with the results of meteorological-based indices like Palmer Drought Severity Index (PDSI),
Standardized Precipitation Index (SPI), and Standardized Soil Moisture Index (SSI). Furthermore, integration of
meteorological-based indices, satellite-derived indices, and hydrological model indices enable to achieve better
results in the study of drought monitoring and prediction. Currently, drought monitoring studies conducted range
from purely precipitation-based indices (Clark et al., 2003; Kurnik et al., 2011; Naumann et al., 2014), a
combination of precipitation-based and climate models indices (Dutra et al., 2013; Yang et al., 2014), to a
combination of precipitation-based indices, soil moisture condition indices and satellite-based indices such as
NDVI (Anderson et al., 2012; Nicholson, 2014). The objective of this review is to evaluate different drought
indices used for drought monitoring.

2. Types of Drought

Drought is a natural phenomenon largely driven by a deficit of precipitation and it happened for a longer period
of time. It is a complex phenomenon and it is difficult to define and monitor. Mostly it related to the absence of
water. It happened at different time scales and it has diversified impact on economy, environment, hydrology,
ecology, and societies. Drought can be classified into four types: (1) agricultural drought, (2) hydrological drought,
(3) meteorological drought, and (4) socioeconomic drought (https://www.ncdc.noaa.gov/monitoring-
references/dyk/drought-definition). Depends on the causes of drought and its possible impacts, it can be classified
into three namely: (a) agricultural drought, based on its impacts on soil moisture condition and yields; (b)
meteorological drought, based on precipitation abnormalities compared with long-term climatology, and (c)
hydrological drought, based on streamflow deficits, depletion of groundwater and reservoirs water level reduction
(Cammalleri et al., 2016). However, (Wilhite and Glantz, 1985) categorized drought into four basic approaches to
measure drought events, namely: agricultural, meteorological, hydrological and socioeconomic.

2.1 Agricultural Drought

Agricultural drought happened when crop affected and yield declined. It mainly resulted from soil moisture deficits
and its effect on the crop cultivation in the season. Satellite-derived indices are widely used for monitoring and
predicting crops and agricultural drought. Therefore, agricultural drought indices derived from satellite remote
sensing have been widely used for drought study because of high spatial resolution, large spatio-temporal
coverages, and their ability to detect drought events timely and accurately (Kogan, 1995). For instance, remotely
sensed vegetation condition indices, such as NDVI and VCI and satellite-derived temperature indices like TCI and
combination of vegetation condition and temperature indices VHI have been widely applied for agricultural
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drought monitoring (Brown et al., 2008). Moreover, numerous drought indices which used drought-related
parameters, for example, vegetation greenness, temperature, evapotranspiration, rainfall, soil moisture, and
vegetation moistures, have been developed and commonly applied for agricultural drought monitoring and analysis
(Anderson et al., 2010; Wang and Qu, 2007; Xu et al., 2011). Studies for instance (Agutu et al., 2017; Anderson
et al., 2012; Mwangi et al., 2014; Rojas et al., 2011; Shukla et al., 2014) have studied agricultural drought using
integrated indices of SPI, NDVI and soil moisture. Information about agricultural drought is very essential for
assessment of onset season crop management, termination of season crop production management and crop loss
and yield reduction (Murthy et al., 2007).

2.2 Meteorological Drought

Meteorological drought occurs when dry weather conditions and patterns dominate the area. This means
precipitation is less than its normal and there are weather patterns changes. Therefore, such kind of drought is
referred to as dryness resulted from rainfall deficit (Beersma and Buishnd, 2007). Meteorological drought also
involves when precipitation falls below the standard required by plants and animals or change in the intensity of
rain that results in a decline in relative humidity and cloudiness and increases in temperature and
evapotranspiration (Estrela et al., 2000; Hong et al., 2004). Therefore, monitoring of precipitation and temperature
and relative humidity is very essential. This can be done using meteorological drought indices such as Standardized
Precipitation Index (SPI), Standardized Precipitation Evapotranspiration Index (SPEI), Aridity Index (AI), Percent
of Normal Precipitation, Crop Moisture Index (CMI), Palmer Drought Severity Index (PDSI), Rainfall Anomaly
Index (RAI), Evapotranspiration Deficit Index (ETDI), Soil Moisture Anomaly (SMA), and Soil Moisture Deficit
Index (SMDI).

2.3 Hydrological Drought

Hydrological drought occurs when the level of surface water and the groundwater table is less than the long-term
average. In this type of drought, indicators such as streams, lakes and groundwater levels are very low (Clausen
and Pearson, 1995). Furthermore, hydrological drought occurs when low water supply becomes evident, especially
in streams, reservoirs, and groundwater levels, usually after many months of meteorological drought. It is most
common when water resources used for human, animal and industry consumption and to support agricultural
activities reached low levels. It resulted from climate fluctuations. Besides these, LULC change and its impact on
land degradation, and dam construction has impacts on hydrology and bring severe hydrological drought.
Hydrological drought takes much longer to develop and then recover while meteorological drought can begin and
end rapidly. Hydrological drought can be monitored and predicted using indices such as Palmer Hydrological
Drought Severity Index (PHDI), Standardized Reservoir Supply Index (SRSI), Standardized Water-level Index
(SWI).

2.4 Socio-economic Drought

Socioeconomic drought refers to conditions whereby the water demand outstrips the supply, leading to societal,
economic, and environmental impacts (Dinar and Mendelsohn, 2011; Hayes et al., 2011; Zseleczky and Yosef,
2014). Socioeconomic drought, defined as conditions whereby the water supply is not sufficient to satisfy the local
demand, is the least investigated type of drought (Mehran et al., 2015). It happens when water resources needed
for industrial, agricultural and household consumption is less than what is needed and so this situation results in
socio-economic anomalies. The socioeconomic drought happens due to anomalies resulted from water shortage
(Karl and Knight, 1985). Mostly, socio-economic drought relates the supply and demand of numerous
commodities to drought events. This drought affects the environment and economic activities of societies and
brings poverty, unemployment, and disease. It depends on spatio-temporal processes in supply and demand and
variations of elements of agricultural, meteorological and hydrological drought.

3. Drought Indices

Drought indices are important elements of drought monitoring and assessment since they simplify complex
interrelationships between many climates and climate-related parameters. According to (Wilhite et al., 2000)
indices make it easier to communicate information about climate anomalies and enables to assess quantitatively
climate anomalies in terms of frequency, intensity, duration, and spatial extent. Drought indices are useful for
mapping spatial and temporal water deficit and supply. This information is very critical in assessing agricultural
drought risk and analyzing and monitoring soil water content available for crop and crop yield. Besides, drought
indices are used to define natural disaster conditions and the response of government to hazard mitigation and
copying strategies. Indices are also essential for modeling climate data such as precipitation and temperature
obtained from both meteorology and remotely sensed datasets. Besides, drought indices are significant in
hydrological drought monitoring through assessing water storage in reservoirs, soil water levels, and other related
parameters. A variety of drought indices have been developed to quantify whether or not a region is experiencing
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drought and to categorize the seriousness of the drought. Some of the indices are discussed in the following section.

3.1 Normalized Difference Vegetation Index
The NDVI is the most commonly used satellite-based indices used for short real-time drought monitoring
(Bayarjargal et al., 2006). However, it does not use for long real-time drought monitoring. The NDVI is a measure
of the greenness, or vigor of vegetation. It is a good indicator of green biomass, Leaf Area Index (LAI), and
patterns of production. This index is derived based on the known radiometric properties of plants, using visible
(red) and near-infrared (NIR) radiation (Chen et al., 2014; Dorigo et al., 2012; Guan et al., 2012; Rojas et al.,
2011).
The NDVI can be computed using the following formula.

NDVI = (NIR — RED) / (NIR + RED) (D
Where: NIR and RED are the reflectance in the near infrared and red bands.

The NDVI values range from —1 to +1, with values near zero indicating the absence of green vegetation and
values near +1 indicating the highest possible density of vegetation whereas values below zero indicating
waterbodies. Huete and Tucker (1991) found that NDVI can be used for studying vegetation cover and functions
of ecosystems. Studies (Nicholson and Farrar, 1994; Richard and Poccard, 1998; Schmidt and Karnieli, 2000) also
showed that NDVI has strong relationships between green LAI, green biomass production, rainfall and soil
moisture. The results of the study done by Ji and Peters (2003) confirmed that the NDVI is an effective indicator
of vegetation response to drought conditions.

The NDVI has been used for drought monitoring and characterization (Anderson et al., 2012; Anyamba and
Tucker, 2005; Nicholson, 2014). Moreover, NDVI and NDVI derived indices have been used to monitor different
droughts and assess its impacts on vegetation health (Bayarjargal et al., 2006; Kogan, 1995; Rhee et al., 2010).
Many studies used NDVI for analyzing drought conditions through integrating with VCI and LST (Bayarjargal et
al., 2000; Karnieli, 2000; Karnieli and Dall’Olmo, 2003; Kogan, 1997; Kogan et al., 2004; McVicar and Bierwirth,
2001). Besides, NDVI and NDVI derived indices have been used to monitor drought affected areas both at regional
and local scales (Gonzalez-Alonso et al., 2000; Ji and Peters, 2003; Liu and Negron-Juarez, 2001; Salinas-Zavala
et al., 2002; Tucker and Choudhury, 1987). The NDVI has been also used extensively drought and other related
studies at local, regional and global scales (Chen et al., 2014; Dorigo et al., 2012; Guan et al., 2012; Rojas et al.,
2011; Verdin et al., 2005). According to Bayarjargal et al. (2006) NDVT has good relations with NDVIA and VCI.
This indicates that drought information obtained from these indices are alike. He also confirmed that TCI, VHI
and DSI have better relations and the result obtained from them are similar. However, the NDVI has a negative
relationship with TCI. It is possible to obtain similar drought affected areas through integrating NDVI with TCI,
VCI, NDVI anomaly, and VHI and meteorological indices like PDSI. The NDVI also used to monitor agricultural
drought though it requires ground truth data such as crop pattern, rainfall, soil type, irrigation, crop season (Murthy
et al., 2007).

3.2 Normalized Difference Vegetation Index Anomaly

The NDVIA is a standardized NDVI anomaly used to indicate drought conditions as compared to the average on
a range of time scales (Anyamba et al., 2001). The index derived from NDVI and can be used to assess seasonal
crop conditions (Legesse and Suryabhagavan, 2014; Murali et al., 2008). The index can be computed as follows.

NDVlnax ; — Mean NDVlnax
NDVI ly =100 2
anomaly * Mean NDVI,,4 .

Where: NDVI,, 4, ;= Maximum NDVI in the growing season in ith year; Mean NDVI,,,, = long term mean
maximum NDVI in the growing season.

By integrating both the NDVIA and SVI it is effective to monitor drought conditions mainly over Africa and
America (Anyamba et al., 2001; Bayarjargal et al., 2006; Peters et al., 2002). Higher NDVIA indicates lower
drought conditions and the vegetation is not vulnerable for drought.

3.3 Vegetation Condition Index

The VClI is a pixel-wise normalization of minimum and maximum NDVI developed by (Kogan, 1990). This index
is useful for making relative assessments of changes in the NDVI signal by filtering out the contribution of local
geographic resources to the spatial variability of NDVI (Quiring and Ganesh, 2010). Jain et al. (2010) stated that
VCl is an indicator of the status of vegetation cover as a function of minimum and maximum NDVI encountered
for a given ecosystem over many years. The VCI normalizes NDVI and used for comparison of different
ecosystems at different scales. It is an attempt to separate the short-term climate signal from the long-term
ecological signal, and it is a better indicator of water stress conditions than NDVI. The significance of VCI is
strongly related to the relation between the vegetation index and the vitality of the vegetation cover under
investigation (Bayarjargal et al., 2006). The VCI is advantageous as it can isolate weather-related vegetation stress
(Kogan, 1995; Quiring and Ganesh, 2010; Rojas et al., 2011) and correspond to water availability. According to
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Kogan (1990) VCl is related to the long-term minimum and maximum NDVI and is defined as
Vel = 100 NDVI; — NDVIL,,;;p,

*NDVI,, + NDVL,., ®
Where: NDVI; is the monthly NDVI, while NDVI,,,,, and NDVI,,;,, are multiyear maximum and minimum NDVI,
respectively.

The VCI separates the short-term weather-related NDVI fluctuations from the long-term ecosystem changes
(Kogan, 1995, 1990). It varies in the range 0 and 100 to reflect relative changes in the vegetation condition from
extremely bad to optimal (Kogan, 1995; Kogan et al., 2003). The higher the VCI, the lower the vegetation stress
to drought and vice versa. The VCI characterize by varying moisture conditions of vegetation, and higher VCI
values correspond to favorable moisture conditions and represent unstressed vegetation. The index has been used
for spatial and temporal drought monitoring at global, regional and local scales.

3.4 Temperature Condition Index (TCI)
The TCI is developed by Kogan (1995) to determine temperature-related vegetation stress and also stress caused
by excessive wetness. Surface temperature is very sensitive to water stress and has been identified as a good
indicator of water stress. This index is based on brightness temperature (BT) and represents the deviation of the
current month’s temperature from the recorded maximum. The TCI is calculated from thermal bands converted to
BT (Kogan, 1997; Singh et al., 2003). The TCI can be calculated as
TCl = 100 « —odmax — BT “4)
BTimax + BTmin

Where: BT, BT, and BT,,,,are the seasonal average of weekly brightness temperature, its multi-year absolute
minimum, and maximum, respectively.

Subtle changes in vegetation health due to thermal stress in specific could be monitored through analysis of
TCI data (Kogan, 2002, 2001, 1995). The TCI characterize by varying thermal conditions of vegetation. The TCI
are estimated relative to the minimum and maximum temperature envelopes. The TCI reflects different responses
of vegetation to temperature. High temperatures in the middle of the growing season indicate unfavorable
conditions for drought, while low temperatures indicate mostly favorable conditions (Bayarjargal et al., 2006;
Owrangi et al., 2011). Furthermore, using meteorological observations, as well as the relationship between ground
surface temperature and moisture regimes, drought-affected areas can often be detected before biomass
degradation occurs. Hence, TCI plays a key role in drought monitoring.

3.5 Vegetation Health Index

The VHI is an additive combination of VCI and TCI developed by Kogan (1995, 1997). This index is used to
monitor vegetation health, moisture, and thermal conditions as well as to determine drought affected areas. The
VHI represents overall vegetation health (Kogan, 2001) and it used for drought mapping. Vegetation health index
can be computed as:

VHI = 0.5(VCI) + 0.5(TCI) (5)

The NDVI, VCI, TCI and VHI have been employed to assess vegetative drought. The VCI based drought
severity can be in the range below 10 for extreme drought and above 40 in the absence of drought (Kogan, 2002).
The VHI is found to be more effective for monitoring vegetative drought compared to other indices (Kogan, 2001,
1990; Singh et al., 2003). Integrating VHI with VCI and TCI have been widely used for drought detection and
vegetation stress mostly for monitoring agricultural drought in different parts of the world (Bayarjargal et al., 2006;
Kogan, 1997; Kogan et al., 2004; Seiler et al., 1998). The NDVI, VCI and TCI are the main indices that frequently
used for drought monitoring and identification and weather impact assessment on vegetation (Kogan et al., 2003;
Unganai and Kogan, 1998). Besides, the integrated vegetation indices of NDVI, VCI, TCI and VHI have been
widely applied for agricultural drought monitoring (Brown et al., 2008; Yagci et al., 2011).

3.6 Vegetation temperature condition index
The VTCI has been used for agricultural drought monitoring through monitoring the spatial pattern of vegetation.
The VTCI is an integrated satellite-based land surface reflectance and it shows the change in land surface
temperature and NDVI (Wan et al., 2004). The VTCI is based on the relationship of surface temperature (Ts)-
NDVI. This index can be computed as expressed in equation 6.

LSTypviimax — LSTypvii

VICl = (6a)
LSTnpviimax — LSTnpviimin
LSTNDVIimin = a, + b,NDVIl (6C)

The LSTypyrimaxand LSTypyrimin are maximum and minimum LSTs of pixels, which have the same NDVI value,
respectively. LSTypy;denotes actual LST of one pixel whose NDVI value is NDVIi. Co-efficients a, b, a’and b’
can be estimated from an area large enough (where soil moisture extends from wilting point to field capacity at
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pixel level).

The VTCI allows for detecting and monitoring the spatial extent of drought-affected agricultural areas.
Furthermore, the interpretation of drought duration from time series of VTCI can depict the severity of drought
stress effects on crop performance. The VTCI is very crucial in providing information about drought stress
condition solely by satellite measurements. Several researchers have been used this index (Patel et al., 2012; Wan
et al., 2004) for drought monitoring. The VTCI had a significantly positive relation with crop moisture index. The
VTCI also used to monitor agricultural drought. The index indicates the severity of drought stress on the
performance of the crop. The VTCI drought information is related to crop yield anomalies (Patel et al., 2012).

3.7 Standardized Vegetation Index (SVI)

The SVI has been used to monitor areas affected by drought and vegetation conditions in terms of relative
greenness at pixel level overtime periods (Peters et al., 2002). The NDVIA and SVI have been successfully used
to monitor drought conditions over Africa and America (Anyamba et al., 2001; Bayarjargal et al., 2006; Peters et
al., 2002). Drought information obtained from SVI is similar to NDVI (Bayarjargal et al., 2006).

NDVI;j, — NDVI;; )
O'NDVIL]

Where: NDVI;j; is monthly NDVI for pixel i in month j for year k; NDVI;; = multiyear average NDVI for pixel i

in month j; cNDVI;; represent standard deviation of NDVI for a pixel i in the month j.

SVI =

3.8 Vegetation Drought Response Index (VegDRI)

The VegDRI method of drought monitoring has the approaches of integrated climate-based drought index,
satellite-based NDVI values of vegetation conditions and biophysical parameters. The VegDRI is one of the
drought monitoring techniques used to investigate spatial and time-series of drought across local to global scales.
The VegDRI has good relations with SPI, PDSI and RAI (Brown et al., 2008). Vegetation response index has been
also used for monitoring and predicting drought (Tadesse et al., 2005).

3.9 Drought Severity Index (DSI)

The DSI can be computed using different input datasets, for instance, satellite-based NDVI and LST, and
precipitation-based method. Bayarjargal et al. (2006, 2000) suggested that the DSI is calculated as subtraction of
standardized LST and NDVI for a certain month, and based on the normalization approach to bring diverse
variables such as NDVI and LST into the same, comparable, and scale in terms of their ranges.

DSIijk = ALSTUk - AANDVIL]k (8a)
LST;; — LST;j
ALST;j = ——— 8b
Lk oLST;; (8)
NDVI;; — NDVI;j
ANDVI;;, = 8
Uk sNDVI,; (80

Where: LST;j;, is monthly LST for pixel i in month j for year k; LST;; = multiyear average LST for pixel i in month
J; oLST;; represent standard deviation of LST for a pixel i in the month j.

The DSI can also retrieve using ET/PET and NDVI datasets as input (Mu et al., 2013). The index is based on
ET/PET and NDVI. First, Ratio can be computed from ET and PET using the following formula.

Ratio = — (9a)

The standard deviation of Ratio oy, and Ratio average (Ratio) are computed on a grid cell-wise base. The
standardized Ratio (Zg4+,) can be computed as follows.
Ratio — Ratio

Zratio =~ (9b)
ORatio
Whereas the standardized NDVI (Zy4,;,) can be calculated as follows
NDVI — NDVI
Zypyy = ——————— (9¢)
ONnDVI
The standard Ratio and NDVI are summed together to obtain Standardized value
Z = Zpatio + Znpyi 9d

Finally, DSI can be computed the equation below

DSI =

. (10)

The result obtained from DSI has better relation with PSDI. The DSI has been used to monitor and analyze drought
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from regional to global levels.

3.10 Evaporative drought index (EDI)

The EDI is a meteorological-based drought index developed by Yao et al. (2010). The index integrated remote
sensing data and sensitivity to the vegetation drought response. The integrated data enables EDI capable of
monitoring and detecting drought vulnerabilities and risks. Thought EDI is effective in drought monitoring, there
are some limitations. The first drawback is the statistical models used to calculate PET and ET lack physical basis
and can result in uncertain ET and PET estimates and this brings inaccurate EDI. The second limitation of EDI is
it is very difficult to easily quantify the wetness or dryness of a region in a particular month or year.

3.11 Standardized Precipitation Index (SPI)

The SPI is a meteorological index developed by McKee et al. (1993). This index has been used to monitor
meteorological drought principally to assess anomalous and extreme precipitation. The SPI can compute by
dividing the difference between the normalized seasonal precipitation and its long-term seasonal mean
precipitation by the standard deviation. The SPI drought values range between 2 and -2 (Agnew, 2000). The SPI
can be computed as,

SPI = % (11)

Where: X;;is the seasonal precipitation at the i rain gauge station and j™ observation, X;,,the long-term
seasonal mean and ¢ is its standard deviation.

The SPI is the most widely used index for monitoring drought events and is based on precipitation and it
shows precipitation condition relative to long-term climatological process and changes. SPI is a commonly used
index that has been functional from global to local scale studies (AghaKouchak and Nakhjiri, 2012; Andreadis et
al., 2005; Damberg and AghaKouchak, 2014; Shukla et al., 2011; Wang et al., 2011). This is because it allows to
assess drought across different time scales, and it is simple, standardized nature and spatially invariant. Guttman
(1999, 1998) and Svoboda et al. (2012) stated that SPI expresses precipitation anomalies with respect to its long-
term average. However, SPI mostly used two-parameter gamma probability distribution to model precipitation
data. This may not represent precipitation model and it is the main limitation of SPI (Angelidis et al., 2012). On
the other hand, three-parameter distribution functions are best for precipitation data modeling (Angelidis et al.,
2012; Guttman, 1999; Quiring, 2009). Quiring (2009) argued that the computed SPI values are very sensitive to
the fitted parametric distributions, especially at the tail ends of the distribution.

The SPI is used to examine the severity and spatial patterns of drought distribution in a given region (Guttman,
1998; Thavorntam and Mongkolsawat, 2006). It is designed to quantify the impacts of precipitation deficit on
groundwater, reservoir storage, soil moisture, and streamflow for multiple time scales. The SPI can be calculated
at different time scales and hence can quantify water deficits of different duration. This index was designed to
show that it is possible to simultaneously experience wet conditions on one or more-time scales and dry conditions
at another time scale. Therefore, the SPI is effective in measuring both wet and dry events. Therefore, it has been
used in many studies (Agnew, 2000; Farahmand and AghaKouchak, 2015; Guttman, 1999; McKee et al., 1995;
Ntale and Gan, 2003; Quiring, 2009; Svoboda et al., 2012; Vicente-Serrano et al., 2006) to determine the frequency
of precipitation distribution like the effect of the time scales on the drought parameters, and the spatial
classification of drought patterns. Ntale and Gan (2003) compared the time scale of PDSI, Bhalme-Mooley index,
and SPI, and argued that SPI could use any time scale which aid in monitoring drought in Eastern Africa. Besides,
previous studies (Ji and Peters, 2003; Khan et al., 2008; Patel et al., 2007; Sims et al., 2002; Szalai et al., 2000;
Vicente-Serrano, 2007; Vicente-Serrano et al., 2006; Vicente-Serrano and Lo pez-Moreno, 2005) have showed
the variations response of the SPI to vegetation activities, soil water content, crop production, discharge of river,
reservoir storage at different time scales.

The SPI results of drought monitoring are consistent with SSI and MSDI (Hao and AghaKouchak, 2014,
2013). Lloyd-Hughes and Saunders (2002) and Redmond (2002) agreed that the SPI is highly correlated with the
PDSI mainly at time scales of 6—12 months. The SPI also has better correlation with NDVI and drought monitoring
results of these indices are related (Ji and Peters, 2003). Moreover, drought result estimated from PDSI is consistent
with SPI. However, some studies have also found that the PDSI explains the variability in crop production and the
activity of natural vegetation better than the SPI (Kempes et al., 2008; Mavromatis, 2007).

3.12 Palmer Drought Severity Index (PDSI)

The Palmer drought severity index (PDSI) is a meteorological-based drought index developed by Palmer (1965).
It measures the effect of accumulated monthly rainfall deficit relative to the monthly rainfall (NDMC (National
Drought Mitigation Center), 2003). Dai et al. (1998) stated that PDSI has an approach of the water balance model
and it takes into account precipitation, temperature, and soil moisture (water) content. The PDSI incorporates
antecedent precipitation, moisture supply and demand into a hydrological accounting system. Palmer used a two-
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layer bucket-type model for soil moisture computations and made certain assumptions relating to field water-
holding capacity and transfer of moisture to and from the layers Theoretically, the PDSI is a standardized measure,
ranging from about 210 (dry) to 110 (wet), of surface moisture conditions that allows comparisons across regions
and time. The PDSI has good relations with moisture conditions (Dai et al., 2004).

Even though PDSI has some limitations, it has been widely used for drought detection (Heim Jr, 2002) and
drought characterization (Dai, 201 1c; Dai et al., 2004). This index has been widely used for drought monitoring
(Dai, 2011a, 2011b; Dai et al., 2004; NDMC (National Drought Mitigation Center), 2003; Wells et al., 2004). Dai
et al. (2004) pointed out that PDSI is very good in generalizing and analyzing critical hydrological processes and
it is essential in monitoring meteorological drought. They also found that the PDSI correlates with soil moisture
during warm seasons. Dai (2011a) found that the PDSI show similar long-term trends and correlations with
observed monthly soil moisture, yearly streamflow, and satellite-observed water storage changes.

The index enables measurement of both wetness (positive value) and dryness (negative values), based on the
supply and demand concept of the water balance equation, and thus it incorporates prior precipitation, moisture
supply and demand, runoff, and evaporation at the surface level. Nevertheless, the PDSI has several deficiencies
(Akinremi et al., 1996; Weber and Nkemdirim, 1998), including the strong influence of calibration period, its
limited utility in areas other than that used for calibration, spatial comparability problems, and subjectivity in
linking drought conditions to the index values. The PDSI lacks the multiscalar character essential for both assessing
drought in relation to different hydrological systems and differentiating among different drought types.

7.
PDSI, ;= PDSI;, {1 + T]k +0.103 * PDSI;;_1 [} (12)

Where: PDSI;j;, and PDSI;;_,; are monthly PDSI for pixel i for year k in a current month j and previous month
J=1; Zyj; is monthly moisture status for pixel i in month j for year k.

3.13 Standardized Precipitation Evapotranspiration Index (SPEI)

The SPEI is a meteorological based drought index used to monitor drought conditions (Vicente-Serrano et al.,
2010). The SPEI used three-parameters probability density function and log-logistic distribution of the variables
can be expressed as

Fx) = ,g(x ; y)ﬁ—l [1 N (x ; y)ﬁ]—z a3

Where, a, f and y are scale, shape and origin parameters, respectively, for D values in the range (y > d < ).
These three parameters can be computed using L moments procedures following (Singh et al., 1993):

O 2W, - W, 3
B_6W1—w0—6w2 (13a)
_ (Wo — 2W,)B
“T AT 1/8) f-1/B) (130)
y=W, -« r(g) r(i) (13¢)
B B

where fis the gamma function of 8
The probability distribution function of the D series, according to the log-logistic distribution, is given by

a \A1*
F(x) = [1 + (x - y) ] (13d)
The F(x) values for the D series at different time scales adapt very well to the empirical F(x) values at the different
observatories, independently of the climate characteristics and the time scale of the analysis. With F(x) the SPEI
can easily be obtained as the standardized values of F(x). It can be computed as given in equation 14 (Abramowitz
and Stegun, 1965).

SPEI Co + C,W + C,W? 14

T 1+ d,W+d,W2 +d W3 (14)

Where: W = /—2In(P) For P < 0.5; W is the probability of exceeding a determined D value, P = 1 — F(x).
If P > 0.5, then P is replaced by 1 — P; The constants of the algorithm are Cy = 2.515517,C; = 0.802853,C, =
0.010328,d, = 1.432788,d, = 0.189269 and d; = 0.001308
The SPEI considers the possible effects of temperature variability and temperature extremes beyond the context
of global warming. Like the PDSI and SPI, the SPEI can measure drought severities including its intensity and
duration, and it can identify the onset and end of drought episodes. The SPEI allows for comparison of drought
severities through time and space since it can be calculated over a wide range of climates. The SPEI has a crucial
advantage over other most widely used drought indices. This advantage is that SPEI considers different effects of
PET on drought severity and its multiscalar characteristics which enable identification of different drought types
and effects.
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3.14 Aridity Index (AI)

Aridity indices have greater value for tracking the effects of climate change on local water resources (Vicente-
Serrano et al., 2006; Walton, 1969) if sufficiently accurate data are available for mapping local changes in the
values of the indices over time. The Al is based on the values of precipitation. A commonly used rainfall-based
definition is that an arid region receives less than 10-in or 250 mm of precipitation per year. This criterion for
aridity was used by the Intergovernmental Panel on Climate Change (IPCC, 2007). Semiarid regions are commonly
defined by annual rainfalls between 10 and 20-in (250 and 500 mm). The (UNESCO, 1979) aridity index (Al) is
based on the ratio of annual precipitation (P) and potential evapotranspiration rates.

Al =P/ETp (15)

3.15 Rainfall Anomaly Index (RAI)
The RAI is a meteorology-based index used to indicate the deficiency of rainfall compared to the normal seasonal
rainfall in a given region. It is used to indicate the meteorological drought for the growing seasons of regions. It is
computed as:
RFy — RF,
RAI =100 ¥ ————
RF,

Where: RAI is rainfall anomaly for given year, RF,, is seasonal rainfall for given year and RF, mean seasonal
rainfall. The negative rainfall anomalies signified that precipitation was less than the average seasonal rainfall for
a particular place (Shaheen and Baig, 2011).

(16)

3.16 Standardized Soil Moisture Index (SSI)

The SSI has been used for drought monitoring and seasonal drought forecasting but it may not replace SPI. The
SSI is one of the drought indicators which allows for the description of soil moisture across different timescales
(AghaKouchak, 2014). It is good in drought monitoring and prediction through analyzing the water available in
the soil. The result of drought information obtained from SSI is similar to SPI, therefore, it has a good correlation
(Hao and AghaKouchak, 2013). Because of soil moisture is the primary source of water for vegetated lands,
therefore, it is one of the best indicators of moisture stress of vegetation due to deficiency of precipitation. Thus,
quantifying soil moisture in the plant root zone is very significant for determining the vegetation stress
(Cammalleri et al., 2016) and monitoring and analyzing drought. Soil moisture is a very suitable parameter to
monitor and quantify the impact of water shortage on vegetated lands due to its effects on the terrestrial biosphere
and the feedback into the atmospheric system. Evapotranspiration-derived indices are identified as key parameters
for water stress assessment and quantification, as well as for spatio-temporal monitoring of drought events from
continental to regional scales (Anderson et al., 2013; Sheffield and Wood, 2007; Wang et al., 2011). On the one
hand plant water stress quantify the status of the soil moisture at a certain time compared with the possible range
of variability for that specific site without accounting for the previous history and natural climatology of the site
(Hogg et al., 2013; Sridhar et al., 2008). As a result, water deficit indices are capable to provide the degree of water
stress, but they do not provide information regarding the frequency of water stress levels reached in a particular
period.

Soil moisture or evapotranspiration-derived anomaly indicators are mainly focused only on the rarity of an
event rather than considering the actual water deficit conditions that occurred (Anderson et al., 2013, 2007;
Sepulcre-Canto et al., 2012). Hence, these approaches are robust for monitoring environments mainly if there is
strong inter-annual variability. However, the approaches may lead to overestimation of drought events if there are
small inter-annual variability in the area. Similar to anomalies there is a problem of the percentile probability
distribution, for instance, inadequate variability in soil moisture and small variations can lead to extreme
percentiles that are indeed close to the normal status (Sheffield et al., 2004). These approaches are very significant
and provide accurate information about drought events when they applied over very small areas.

According to Cammalleri et al. (2016) soil moisture, 8 (m3m_3), ranges between the residual content (0r),
and saturation (0s). But soil moisture is a controlling factor in a narrow range of soil water content and is usually
between the plant wilting point (Bwp) (he minimal point of soil moisture the plant requires not to shrivel) and a
critical content (fcr); (a significant soil water content level required by plant and necessary for crop production).
(Seneviratne et al., 2010) stated that soil moisture is not a limiting factor during wet regime (6cr<6<0s) and the
plant is not able to recover from wilt during dry regime (6r<6<6wp).

The s-shaped curve method proposed by van Genuchten (1987) which used to compute water
availability/deficit from soil moisture data. The proposed method allows rescaling 0 into a water deficit index, d,
ranging between 0 (no deficit) and 1 (full deficit):

1
d=——— 17)
1+ (Hiso)
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Where: 0 5 is the average between Ocr and Owp and n is an empirical shape factor. In agro-hydrological
applications, Ocr and Owp are usually derived from the soil water retention curve as a function of the water potential
values corresponding to fully open and fully closed stomata, respectively. the effect of soil moisture variability is
negligible when 0 is greater than well-watered condition (wet regime) and, analogously, that no differences in
plant water stress can be observed if 8 goes below the wilting point (down to the residual soil water content).

However, double-bonded variables (as both 6 and d) are generally characterized by a skewed distribution.
Sheffield et al. (2004) pointed out that a better statistical representation of soil moisture data can be obtained
through the beta distribution. This distribution can reproduce the statistical structure of d, given that the logistic
transformation of equation (17) further increases the constraints of the two boundaries (Gupta and Nadarajah,
2004).

The probability density function (pdf, f) and cumulative density function (cdf, F) of the beta distribution can
be expressed as respectively.

f(d;a,b) = ﬁdm-m —d)®-D (18a)
B(d;a,b)
F (d, a, b) = m (18b)

where a, b > 0 are the shape parameters, B(a, b) is the beta function and B(d; a, b) is the incomplete beta
function (Olver et al., 2010); and the beta distribution supports d € [0, 1].

Sheffield et al. (2004) also suggested to use F(0) to detect drought using a defined threshold (e.g. F(6)>0.9).
This method implicitly assumes that the reference ‘usual’ state for a given month is the median of the distribution,
analogously to how the z-score uses the mean. Once the mode, m, is selected as the reference ‘usual’ status of
water deficit, the simplest way to define how probabilistically close an event d is to the mode is to use the
probability that a generic event lies between d and m, computed as |[F(d) F(d =m)| (Cammalleri et al., 2016).
Focusing only on d >m, which are the values of interest for drought detection, it is clear how |[F(d) F(d =m)| ranges
between 0 and [1_F (d =m)]; hence, to have a standardized index, it is necessary to feature-scaling this quantity
through the possible range of variability, as

F(d) — F(d = m)
Fx(d) = 1—F(d=m) d=m (19)
0 d<m
The standardized percentile [F*(d)] in equation 8 represents the probability of occurrence of an event with
respect to the subsample of the values d >m; it varies between 0 (for the mode or lower values) and 1 [for the
maximum difference 1 _F(d =m)]. The feature-scaling standardization performed through equation (19) considers

that the full distribution is split by m into two subsets that likely have very different tails (due to the skewness).
The mode computed from the theoretical beta distribution, m=(a_1)/(a+b_2) fora, b>1, (Cammalleri et al., 2016).

3.17 Soil moisture based DSI

The DSI can be computed from SSI formula and it is based on monthly root zone soil moisture data and accounts
for both the magnitude of the associated water deficit, d factor, and the probability that the observed value is dryer
than a reference 'usual' condition for the specific site and period, p factor. The DSI is based on the square root of
the product of these two factors (Cammalleri et al., 2016).

The observed water deficit intensity (d) and rarity of the event in comparison with that of the history of the
site (p) are the two main factors that influencing drought event. The DSI aims at combining the two indices to
obtain a single measure of the severity of a specific soil water status in terms of drought (Cammalleri et al., 2016).
Stated that DSI have to be the same as p and d when there is good agreement between the two indices, while DSI
have to low values when p close to zero (independent from d) or if d is close to zero (independent from p). There
is no medium/high DSI values if one of the conditions of deficit/rarity is not met. In all the other cases, DSI should
assume a somewhat intermediate value between the two indices (Cammalleri et al., 2016). A possible solution to
obtain a DSI that behaves as described is to use a simple multiplicative-based relationship, as

DSI =./p.d (20)
Where the square root allows at returning DSI = p (or d) when p = d. It is simple to verify that equation 20

respects the imposed constrains: DSI—0 if p—0, and DSI—0 if d—0. The DSI values range between 0 and 1,
where 0 represent no drought and 1 indicates the most extreme drought event.

3.18 Water Requirement Satisfaction Index (WRSI)

The WRSI is a model-driven drought indicator developed by the Food and Agriculture Organization of the United
Nations in the 1980s (FAO, 1986), to monitor seasonal crop performance. The basic idea was to provide an index
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that can accurately show the percentage of the idealized crop water requirement that is met by rainfall during a
crop growing season. The WRSI was developed, mainly, for monitoring seasonal crop performance through its
growth and development, and for final yield prediction well in advance. It depends mainly on the nature and stage
of growth of the crop together with the environmental conditions. The WRSI for a season is based on the water
supply and demand crop experiences during a growing season. The index is a useful indicator of crop performance
based on the availability of water during the crop growing season. Crop water requirement is the amount of water
required to compensate for the evapotranspiration loss from the cropped field (FAO, 1998, 1977; Legesse and
Suryabhagavan, 2014).

The studies conducted by Food and Agricultural Organization (FAO), (FAO, 1986, 1977) have shown that
WRSI can be related to crop production, using a linear yield-reduction function specific to a crop. Recent studies
(Senay and Verdin, 2001; Verdin and Klaver, 2002) demonstrated a regional implementation of WRSI in a grid
cell-based modeling environment. Seasonal WRSI is currently operational as monitoring and forecasting tool for
region-wide food security analyses in drought prone countries in Sub-Saharan Africa. According to the results of
evaluations made by Verdin and Klaver (2002) on the performance of the model using district-level crop yield
data of 1996-1999 from Ethiopia, WRSI values and crop yield data were significantly correlated (r = 0.77). Thus,
the model was particularly found success in capturing the response of the crop during relatively dry years.
According to Legesse and Suryabhagavan (2014) WRSI based agricultural drought assessment can better capture
agricultural drought events.

The WRSI can be computed as the ratio of seasonal Actual Evapotranspiration (AET) to the seasonal crop
Water Requirement (WR):

AET
WRSI =100 * WR (21a)

Where WR is calculated from the Penmane Monteith potential ET (PET) using the crop coefficient (Kc) to adjust
for the growth stage of the crop as
WR = PET * kc * 100 (21b)

3.19 Crop Moisture Index (CMI)

The crop moisture index (CMI) is a meteorological based index developed by Palmer (1968). This index measures
the amount of moisture required for crop and used for monitoring short-term drought. The CMI is normally
calculated with a weekly time step and is primarily based on the mean temperature, total precipitation for each
week, and the CMI value from the previous week. In each crop growing seasons, CMI normally begins and ends
near zero. The CMI gives the short term or current status of purely agricultural drought or moisture surplus and
can change rapidly from week to week (Patel et al., 2012).

3.20 Crop Soil Water Balance Model (CSWB)

The Crop Soil Water Balance (CSWB), developed by (FAO, 1979), is a ground-based calibration model,
commonly, used in Africa for drought monitoring purposes. The CSWB model utilizes ground-based agro-
meteorological data to estimate crop conditions. When combined with crop production functions, the model can
estimate yields. These models are based on the physical principles of energy and/or mass (water) conservation
equations (Senay et al., 2013a, 2013b). Mukhala and Hoefsloot (2004) also explain CSWB as the difference
between the effective amounts of rainfall received by the crop and the amounts of water lost by the crop and soil
due to evaporation, transpiration and deep infiltration, by considering the amounts of moisture held by the soil and
water available to the crop. More precisely speaking, the CSWB model is a book-keeping method that accounts
for water gained or lost by recording the cumulative water stress of a specific crop for each time increment over
the entire growing season. The ultimate aim of the water balance model is to account for the plant's water
consumption during the growing season, as it is used to determine whether the rainfall was adequate for the
maximum growth of crops (Reynolds et al., 2000).

4. Future Research Directions

Different researches have been conducted in the area of drought using different drought studies. Most previous
drought studies have been used from one to four indices. However, the nature of drought is varying in space and
time, therefore, to identify and characterized drought different drought indices should be applied and comparison
study have to be conducted. Thus, integrating satellite information with ground-based meteorological data and
hydrological information and socio-economic data is the basic option to obtain reliable drought information.
Therefore, future drought studies should be done through integrating different indices. Drought investigation is
very difficult task because it used different data types and requires timeseries analysis. Hence, scientists and
researchers have to strongly work to develop new algorithms and easy interface software to process data easily.
Drought is a natural hazard that cannot remove; therefore, researcher should focus on the techniques of mitigation,
adaptation and resilience strategies.
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5. Conclusions

Drought is a natural phenomenon that happened for a longer time. It occurred due to climate change and its related
factors. It causes different socio-economic, environmental and hydrological problems and affects food security.
Therefore, drought monitoring and prediction are very essential to mitigate its impacts. Recently, different indices
are available to monitor and predict drought and identify vulnerable areas and risk populations. However,
identifying the most suitable indices is very significant which is depends on the nature of the study area, the
objective of the study and types of drought that happened in the study area. For investigating drought using a single
index is not providing better results, therefore, integrating different indices is recommended because the
environmental variable is spatially different and the indices do not use the same model and there are gaps in the
model. Thus, by integrating different indices it is possible to achieve better drought results.

Funding
There is no source of fund for this review.

Conflict of interest
We declare that there is no conflict interest among authors.

References

Abramowitz, M., Stegun, [.A., 1965. Handbook of Mathematical Functions, with Formulas, Graphs, and
Mathematical Tables. Dover Publications.

AghaKouchak, A., 2014. A multivariate approach for persistence-based drought prediction: application to the
20102011 East Africa drought. J Hydrol. http://dx.doi.org/10.1016/j.jhydrol.2014.09.063

AghaKouchak, A., Nakhjiri, N., 2012. A near real-time satellite-based global drought climate data record. Env.
Res Lett 7.

Agnew, C.T., 2000. Using the SPI to identify drought. Drought Netw News 12, 6—-12.

Agutu, N.O., Awange, J.L., Zerihun, A., Ndehedehe, C.E., Kuhn, M., Fukuda, Y., 2017. Assessing multi-satellite
remote sensing, reanalysis, and land surface models’ products in characterizing agricultural drought in East
Africa. Remote Sens. Environ. 194, 287-302.

Akinremi, O.0., McGinn, S.M., Barr, A.G., 1996. Evaluation of the Palmer drought index on the Canadian prairies.
J Clim. 9, 897-905.

Anderson, L.O., Malhi, Y., Aragao, L., Ladle, R., Arai, E., Barbier, N., Phillips, O., 2010. Remote sensing
detection of droughts in Amazonian forest canopies. New Phytol. 187, 733-750.

Anderson, M.C., Hain, C.R., Otkin, J.P., 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 monitoring classifications. J. Hydrometeorol. 14, 1035-1056.

Anderson, M.C., Norman, J.M., Mecikalski, J.R., Otkin, J.P., Kustas, W.P., 2007. A climatological study of
evapotranspiration and moisture stress across the continental U.S. based on thermal remote sensing: II.
Surface moisture climatology. J. Geophys. Res. 112, D11112.

Anderson, W.B., Zaitchik, B.F., Hain, C.R., Anderson, M.C., Yilmaz, M.T., Mecikalski, J., Schultz, L., 2012.
Towards an integrated soil moisture drought monitor for East Africa. Hydrol Earth Syst Sci 16, 2893-2913.

Andreadis, K.M., Clark, E.A., Wood, A.W., Hamlet, A.F., Lettenmaier, D.P., 2005. Twentieth century drought in
the conterminous United States. J] Hydrometeorol 6, 985-1001.

Angelidis, P., Maris, F., Kotsovinos, N., Hrissanthou, V., 2012. Computation of drought index SPI with alternative
distribution functions. Water Resour Manage 26, 2453-73.

Anyamba, A., Tucker, C.J., 2005. Analysis of Sahelian vegetation dynamics using NOAAAVHRR NDVI data
from 1981-2003. J Arid Env. 63, 596-614.

Anyamba, A., Tucker, C.J., Eastman, J.R., 2001. NDVI anomaly patterns over Africa during the 1997/98 ENSO
warm event. Int. J. Remote Sens. 22, 1847—1859.

Bayarjargal, Y., Adyasuren, T., Munkhtuya, S., 2000. Drought and vegetation monitoring in the arid and semi-
arid regions of the Mongolia using remote sensing and ground data., in: Proceedings of 21st Asian Conference
on Remote Sensing. Taipei, Taiwan, p. 372—377.

Bayarjargal, Y., Karnieli, A., Bayasgalan, M., Khudulmur, S., Gandush, C., Tucker, C.J., 2006. A comparative
study of NOAA AVHRR derived drought indices using change vector analysis. Remote Sens. Environ. 105,
9-22.

Beersma, J.J., Buishnd, T.A., 2007. Drought in the Netherlands — Regional frequency analysis versus time series
simulation. J. Hydrol. 347, 332-346.

Brown, J.F., Wardlow, B.D., Tadesse, T., Hayes, M.J., Reed, B.C., 2008. The Vegetation Drought Response Index
(VegDRI): A New Integrated Approach for Monitoring Drought Stress in Vegetation. GIScience Remote
Sens. 45, 16—46. https://doi.org/10.2747/1548-1603.45.1.16

12



Civil and Environmental Research www.iiste.org
ISSN 2224-5790 (Paper) ISSN 2225-0514 (Online) by
Vol.13, No.5, 2021 IS'E

Burton, 1., Kates, R.W., White, G.F., 1978. The Environment as Hazard. Oxford University Press.

Cammalleri, C., Micale, F., Vogt, J., 2016. A novel soil moisture-based drought severity index (DSI) combining
water deficit magnitude and frequency. Hydrol Process 30, 289-301.

Chen, T., de Jeu, R., Liu, Y., van der Werf, G., Dolman, A., 2014. Using satellite based soil moisture to quantify
the water driven variability in NDVI: a case study over mainland Australia. Remote Sens. Environ. 140, 330—
338. http://dx.doi.org/10. 1016/j.rse.2013.08.022.

Clark, C.O., Webster, P.J., Cole, J.E., 2003. Interdecadal variability of the relationship between the Indian Ocean
Zonal Mode and East African Coastal Rainfall Anomalies. J Clim 16, 548-554.

Clausen, B., Pearson, C.P., 1995. Regional frequency analysis of annual maximum streamflow drought. J Hydrol
173, 111-130.

Dai, A., 2011c. Drought under global warming: a review, Advanced Review. Natl. Cent. Atmospheric Res. 2, 45—
65.

Dai, A., 2011a. Characteristics and trends in various forms of the Palmer drought severity index during 1900—
2008. J Geophys Res 116, D12115. https://doi.org/doi:10.1029/2010JD015541.

Dai, A., 2011b. Drought under global warming: A review. Wiley Interdiscip Rev Clim. Change 2, 45-65.

Dai, A., Trenberth, K.E., Karl, T.R., 1998. Global variations in droughts and wet spells: 1900-1995. Geophys.
Res. Lett. 25, 3367—3370.

Dai, A., Trenberth, K.E., Qian, T., 2004. A global data set of Palmer Drought Severity Index for 1870-2002:
Relationship with soil moisture and effects of surface warming. J. Hydrometeorol. 5, 1117—1130.

Damberg, L., AghaKouchak, A., 2014. Global trends and patterns of drought from space. Theor Appl Clim. 117,
441-8.

Di, L., Rundquist, D.C., Han, L., 1994. Modeling Relationships between NDVI and Precipitation during
Vegetative Growth Cycle. Int. J. Remote Sens. 15,2121-2136.

Dinar, A., Mendelsohn, R.O., 2011. Handbook on Climate Change and Agriculture. Edward Elgar Pub.,
Cheltenham, Gloucestershire, U. K.

Dorigo, W., de Jeu, R., Chung, D., Parinussa, R., Liu, Y., Wagner, W., Fernandez-Prieto, D., 2012. Evaluating
global trends (1988-2010) in harmonized multi-satellite surface soil moisture. Geophys Res Lett 39(18).
http://dx.doi.org/10.1029/ 2012GL052988. (118405)

Dracup, J.A., Lee, K.S., Paulson Jr, E.G., 1980. On the definition of droughts. Water Resour Res 16, 297-302.
http://dx.doi.org/10.1029/WR0161002p00297

Dutra, E., Magnusson, L., Wetterhall, F., Cloke, H.L., Balsamo, G., Boussetta, S., Pappenberger, F., 2013. The
2010-2011 drought in the Horn of Africa in ECMWF reanalysis and seasonal forecast products. Int J Clim.
33, 1720-1729. http://dx.doi.org/10.1002/joc.3545.

Entekhabi, D., Rodriguez-Iturbe, 1., Castelli, F., 1996. Mutual interaction of soil moisture state and atmospheric
processes. J Hydrol 184, 3—17. http://dx.doi.org/10.1016/0022-1694(95)02965-6

Estrela, M.J., Penarrocha, D., Milla” n, M., 2000. Multi-annual drought episodes in the Mediterranean (Valencia
region) from 1950-1996. a spatio-temporal analysis. Int J Clim. 20, 1599-1618.

Farahmand, A., AghaKouchak, A., 2015. A generalized framework for deriving nonparametric standardized
drought indicators. Adv Water Resour 76, 140-145. http://dx.doi.org/10.1016/j.advwatres.2014.11.012.

Food and Agricultura Organization (FAO), 1979. Agro-meteorological Crop Monitoring and Forecasting.

Food and Agricultural Organization (FAO), 1998. Crop Evapotranspiration.

Food and Agricultural Organization (FAO), 1986. Early Agro-meteorological crop yield forecasting.

Food and Agricultural Organization (FAO), 1977. Crop Water Requirements.

Funk, C., Verdin, J.P., 2010. Real-time decision support systems: the famine early warning system network. In:
Satellite rainfall applications for surface hydrology. Springer 295-320. http://dx.doi.org/10.1007/978-90-
481-2915-7 _17.

Goetz, S.J., Prince, S.D., 1996. Remote Sensing of Net Primary Production in Boreal Forest Stand. Agric. For.
Meteorol. 78, 149-179.

Gonzalez-Alonso, F., Calle, A., Casanova, J.L., Vazquez, A., Cuevas, J.M., 2000. Operational monitoring of
drought in Spain using NOAA—-AVHRR satellite images., in: Proceedings of 28th International Symposium
on Remote Sensing of Environment, 27-31 March. Cape Town, South Africa.

Goward, S.N., Tucker, C.J., Dye, D.G., 1985. North American Vegetation Patterns Observed with the NOAA-7
Advanced Very High Resolution Radiometer. Vegetatio, 64, 3—14.

Guan, K., Wood, E., Caylor, K., 2012. Multi-sensor derivation of regional vegetation fractional cover in Africa.
Remote Sens. Environ. 124, 653—665. http://dx.doi.org/ 10.1016/j.rse.2012.06.005.

Gupta, A.K., Nadarajah, S., 2004. Handbook of Beta Distribution and Its Applications. CRC Press, Boca Raton,
FL, USA.

Guttman, N.B., 1999. Accepting the Standardized Precipitation Index: a calculation algorithm. J. Am. Water
Resour. Assoc. 35 (2), 311-322.

13



Civil and Environmental Research www.iiste.org

ISSN 2224-5790 (Paper) ISSN 2225-0514 (Online) l'~.i.~1
Vol.13, No.5, 2021 IS'E

Guttman, N.B., 1998. Comparing the Palmer Drought Index and the Standardized Precipitation Index. J. Am.
Water Resour. Assoc. 34 (1), 113—121.

Hao, Z., AghaKouchak, A., 2014. A nonparametric multivariate multi-index drought monitoring framework. J
Hydrometeorol 15, 89-101.

Hao, Z., AghaKouchak, A., 2013. Multivariate standardized drought index: a parametric multi-index model. Adv
Water Resour 57, 12-8. http://dx.doi.org/10.1016/j.advwatres.2013.03.009

Hao, Z., AghaKouchak, A., Nakhjiri, N., Farahmand, A., 2014. Global integrated drought monitoring and
prediction system. Sci Data. http://dx.doi.org/10.1038/sdata.2014.1

Hayes, M., Wilhite, D.A., Svoboda, M., Trnka, M., 2011. Investigating the connections between climate change,
drought and agricultural production, in Handbook on Climate Change and Agriculture. Edward Elgar Pub.
Inc., Northampton, Mass.

Hayes, M.J., 2003. Drought Indices. National Drought Mitigation Center, University of Nebraska-Lincoln.

Heim Jr, R.R., 2002. A review of twentieth-century drought indices used in the United States. Bull Am Meteorol
Soc 83, 1149-65. http://dx.doi.org/10.1175/1520-0477(2002)083<1149:AROTDI>2.3.CO;2.

Hogg, E.H., Barr, A.G., Black, T.A., 2013. A simple soil moisture index for representing multi-year drought
impacts on aspen productivity in the western Canadian interior. Agric. For. Meteorol. 178—179, 173-182.

Hong, W., Kenneth, G., Wilhite, D.A., 2004. An agricultural drought risk-assesment model for corn and soybeans.
Int. J. Climatol. 24, 723-741.

Huete, A.R., Tucker, C.J., 1991. Investigation of soil influences on AVHRR red and near-infrared vegetation index
imagery. Int. J. Remote Sens. 12, 1223—1242.

IPCC, 2007. Intergovernmental Panel on Climate Change Climate Change 2007. (Synthesis report). Synthesis
report, Cambridge University Press, Cambridge.

Jain, S.K., Keshri, R., Goswami, A., Sarkar, A., 2010. Application of meteorological and vegetation indices for
evaluation of drought impact: a case study for Rajasthan, India. Nat Hazards 54, 643-656.
https://doi.org/10.1007/s11069-009-9493-x

Jakubauskas, M.E., Peterson, D.L., Kastens, J.H., Legates, D.R., 2002. Time Series Remote Sensing of Landscape-
Vegetation Interactions in the Southern Great Plains. Photogramm. Eng. Remote Sens. 68, 1021-1030.

Ji, L., Peters, A.J., 2003. Assessing vegetation response to drought in the northern Great Plains using vegetation
and drought indices. Remote Sens. Environ. 87, 85-98.

Kao, S., Govindaraju, R., 2010. A copula-based joint deficit index for droughts. J Hydrol 380, 121-34.
http://dx.doi.org/10.1016/j.jhydrol.2009.10.029

Karl, T.R., Knight, R.W., 1985. Atlas of Monthly Palmer Hydrological Drought Indices (1931-1983) for the
Contiguous United States.

Karnieli, A., 2000. Drought monitoring in the Negev Desert using NOAA/AVHRR Imagery., in: Agroenviron-
2000. Presented at the 2nd International Symposium on New Technologies for Environmental Monitoring
and Agro-Applications, 18-20 October, Tekirdag, Trajya-University Printing Press., Turkey, p. 77—82.

Karnieli, A., Dall’Olmo, G., 2003. Remote sensing monitoring of desertification, phenology, and droughts. Manag.
Environ. Qual. Int. J. 14, 22—-38.

Kempes, C.P., Myers, O.B., Breshears, D.D., Ebersole, J.J., 2008. Comparing response of Pinus edulis tree-ring
growth to five alternate moisture indices using historic meteorological data. J Arid Env. 72, 350-357.

Keyantash, J., Dracup, J.A., 2002. The Quantification of Drought: An Evaluation of Drought Indices. Bull. Am.
Meteorol. Soc. 83, 1167-1180.

Khan, S., Gabriel, H.F., Rana, T., 2008. Standard precipitation index to track drought and assess impact of rainfall
on watertables in irrigation areas. Irrig Drain Syst 22, 159-177.

Kogan, F., 2002. World droughts in the new millennium from AVHRR-based Vegetation Health Indices. Eos
Trans Am Geophy Union 83 (48), 562-563.

Kogan, F., 2001. Operational space technology for global vegetation assessment. Bull Am Meteorol Soc 82 (9),
1949-1964.

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

Kogan, F., 1990. Remote sensing of weather impacts on vegetation in non-homogeneous areas. Int. J. Remote
Sens. 11 (8), 1405-1419.

Kogan, F., Gitelson, A., Edige, Z., Spivak, 1., Lebed, L., 2003. AVHRR-based spectral vegetation index for
quantitative assessment of vegetation state and productivity: calibration and validation. Photogramm Eng
Remote Sens 69 (8), 899—906.

Kogan, F.N., 1997. Global Drought Watch from space. Bull. Am. Meteorol. Soc. 78, 621-636.

Kogan, F.N., Usa, D.C., Stark, R., Gitelson, A., Jargalsaikhan, L., Dugarjav, C., 2004. Derivation of pasture
biomass in Mongolia from AVHRR based vegetation health indices. Int. J. Remote Sens. 25, 2889-2896.

Kurnik, B., Barbosa, P., Vogt, J., 2011. Testing two different precipitation datasets to compute the standardized

14



Civil and Environmental Research www.iiste.org
ISSN 2224-5790 (Paper) ISSN 2225-0514 (Online) by
Vol.13, No.5, 2021 IS'E

precipitation index over the Horn of Africa. Int ] Remote Sens 32, 5947-5964.

Legesse, G., Suryabhagavan, K.V., 2014. Remote sensing and GIS based agricultural drought assessment in East
Shewa Zone, Ethiopia. Trop. Ecol. 55, 349-363.

Liu, W.T., Negron-Juarez, R.I., 2001. ENSO drought onset prediction in northeast Brazil using NDVI. Int. J.
Remote Sens. 22, 3483—3501.

Lloyd-Hughes, B., Saunders, M.A., 2002. A drought climatology for Europe. Int J Clim. 22, 1571-1592.

Malingreau, J.P., 1986. Global Vegetation Dynamics: Satellite Observations Over Asia. Int. J. Remote Sens. 7,
1121-114e.

Mavromatis, T., 2007. Drought index evaluation for assessing future wheat production in Greece. Int J Clim. 27,
911-924.

McKee, T.B., Doesken, N.J., Kleist, J., 1995. Drought monitoring with multiple time scales., in: In: Proceedings
of the Ninth Conference on Applied Climatology, Am. Meteorol. Soc. Boston, Pp. 233—236.

McKee, T.B., Doesken, N.J., Kleist, J., 1993. The relation of drought frequency and duration to time scales. Proc.
Eighth Conf. Appl. Climatol. Am Meteorol Soc Boston 179—184.

McMahon, T.A., Arenas, A.D., 1982. Methods of Computation of Low Stream flow. Paris UNESCO Stud. Rep.
Hydrol. 107.

McVicar, T.R., Bierwirth, P.N., 2001. Rapidly assessing the 1997 drought in Papua New Guinea using composite
AVHRR imagery. Int. J. Remote Sens. 22, 2109-2128.

Mehran, A., Mazdiyasni, O., AghaKouchak, A., 2015. A hybrid framework for assessing socioeconomic drought:
Linking climate variability, local resilience, and demand. J Geophys Res Atmos 120.

Mishra, A K., Singh, V.P., 2010. Review of drought concepts. J. Hydrol. 391, 204-216.

Mu, Q., Zhao, M., Kimball, J.S., McDowell, N.G., Running, S.W., 2013. A remotely sensed global terrestrial
drought severity index. Bull Am Meteorol Soc 94, 83-98.

Mukhala, E., Hoefsloot, P., 2004. AgroMetShell Manual Agrometeorology Group, Environment and Natural
Resources Service, Food and Agricultural Organization.

Murali, K., Ravikumar, G., Krishnaveni, M., 2008. Remote sensing based agricultural drought assessment, in: In:
Palar Basin of Tamil Nadu State. India. Journal of the Indian Society of Remote Sensing, pp. 9-20.

Murthy, C.S., Sai, M.V.R.S., Kumari, V.B., Roy, P.S., 2007. Agricultural drought assessment at disaggregated
level using AWiFS/WiFS data of Indian Remote Sensing satellites. Geocarto Int. 22, 127-140.
https://doi.org/10.1080/10106040701205039

Mwangi, E., Wetterhall, F., Dutra, E., Di Giuseppe, F., Pappenberger, F., 2014. Forecasting droughts in East Africa.
Hydrol Earth Syst Sci 18, 611-620.

Naumann, G., Dutra, E., Pappenberger, F., Wetterhall, F., Vogt, J.V., 2014. Comparison of drought indicators
derived from multiple data sets over Africa. Hydrol Earth Syst Sci 18, 1625-1640.

NDMC (National Drought Mitigation Center), 2003. What is drought? Drought indices. National Drought
Mitigation Center.

Nicholson, S.E., 2014. A detailed look at the recent drought situation in the Greater Horn of Africa. J Arid Env.
103, 71-79.

Nicholson, S.E., Farrar, T.J., 1994. The influence of soil type on the relationships between NDVI, rainfall, and soil
moisture in semiarid Botswana: I. NDVI response to rainfall. Remote Sens. Environ. 50, 107—120.

Nijssen, B., Shukla, S., Lin, C., Gao, H., Zhou, T., Sheffield, J., Wood, E.F., Lettenmaier, D.P., 2014. A prototype
global drought information system based on multiple land surface models. J Hydrometeorol 15, 1661-76.
http://dx.doi.org/10.1175/JHM-D-13-090.1

Ntale, H.K., Gan, T.Y., 2003. Drought indices and their application: to East Africa. Int. J. Climatol. 23, 1335—
1357.

Olver, F.W.]., Lozier, D.W., Boisvert, R.F., Clark, C.W., 2010. NIST Handbook of Mathematical Functions.
Cambridge University press, Cambridge, UK; mixed media.

Owrangi, M.A., Adamowski, J., Rahnemaei, M., Mohammadzadeh, A., Sharifan, R.A., 2011. Drought monitoring
methodology based on AVHRR images and SPOT vegetation maps. J Water Resour Prot 3, 325-334.

Palmer, W.C., 1968. Keeping track of crop moisture conditions, nationwide: The new Crop Moisture Index.
Weatherwise 21, 156-161.

Palmer, W.C., 1965. Meteorological drought.

Patel, N.R., Chopra, P., Dadhwal, V.K., 2007. Analyzing spatial patterns of meteorological drought using
standardized precipitation index. 14, 329-336.

Patel, N.R., Parida, B.R., Venus, V., Saha, S.K., Dadhwal, V.K., 2012. Analysis of agricultural drought using
vegetation temperature condition index (VTCI) from Terra/MODIS satellite data. Env. Monit Assess 184,
7153-7163.

Peters, A.J., Walter-Shea, E.A., Ji, L., Vina, A., Hayes, M., Svoboda, M.D., 2002. Drought monitoring with NDVI-
based standardized vegetation index. Photogramm. Eng. Remote Sens. 68, 71-75.

15



Civil and Environmental Research www.iiste.org

ISSN 2224-5790 (Paper) ISSN 2225-0514 (Online) l'~.i.~1
Vol.13, No.5, 2021 IS'E

Pozzi, W., Sheffield, J., Stefanski, R., Cripe, D., Pulwarty, R., Vogt, J.V., Heim Jr, R.R., Brewer, M.J., Svoboda,
M., Westerhoff, R., 2013. Toward global drought early warning capability. Bull Am Meteorol Soc 94.
http://dx.doi.org/10.1175/BAMS-D-11-00176.1

Quiring, S.M., 2009. Developing objective operational definitions for monitoring drought. J Appl Meteorol Clim.
48 (6), 1217-1229. http://dx.doi.org/10. 1175/2009JAMC2088.1.

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

Redmond, K.T., 2002. The depiction of drought. Bull Amer Meteor Soc 83, 1143-1147.

Reed, B.C., Loveland, T.R., Tieszen, L.L., 1996. An Approach for Using AVHRR Data to Monitor U.S. Great
Plains Grasslands. Geocarto Int. 11, 13-22.

Reynolds, C.A., Yitayew, M., Slack, D.C., Hutchinson, C.F., Huete, A., Petersen, M.S., 2000. Estimating crop
yields and production by integrating the FAO Crop specific Water Balance model with real-time satellite data
and ground-based ancillary data. Int ] Remote Sens 21, 3487-3508.

Rhee, J., Im, J., Carbone, G.J., 2010. Monitoring agricultural drought for arid and humid regions using multi-
sensor remote sensing data. Remote Sens Env. 114, 2875-2885.

Richard, Y., Poccard, 1., 1998. A statistical study of ND VI sensitivity to seasonal and interannual rainfall variations
in southern Africa. Int. J. Remote Sens. 19, 2907-2920.

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

Rouse, J.W., Haas, R.H., Schell, J.A., Deering, D.W., Harlan, J.C., 1974. Monitoring the vernal advancement and
retrogradation (greenwave effect) of natural vegetation. (Type II Final Report). NASA/GSFC, Greenbelt,
Maryland.

Rundquist, B.C., Harrington, J.A., 2000. The Effects of Climatic Factors on Vegetation Dynamics of Tallgrass and
Shortgrass Cover. GeoCarto Int. 15, 31-36.

Salinas-Zavala, C.A., Douglas, A.V., Diaz, H.F., 2002. Interannual variability of NDVI in northwest Mexico:
Associated climatic mechanisms and ecological implications. Remote Sens. Environ. 82, 417-430.

Schmidt, H., Karnieli, A., 2000. Remote sensing of the seasonal variability of vegetation in a semi-arid
environment. J. Arid Environ. 45, 43—59.

Seiler, R.A., Kogan, F.N., Sullivan, J., 1998. AVHRR-based vegetation and temperature condition indices for
drought detection in Argentina. Adv. Space Res. 21, 481-484.

Senay, G.B., Bohams, S., Sigh, R.K., Gowdad, P.H., Alemu, H., Verdin, J.P., 2013a. Operational
evapotranspiration mapping using remote sensing weather datasets: a new parameterization for the SSEB
approach. JAWRA J Am Water Resour. Assoc 49, 577-591.

Senay, G.B., Velpori, N.M., Alemu, H., Peruz, S.M., Asante, K.O., Kariuki, G., Taa, A., Angerer, J., 2013b.
Establishing an operational waterhole monitoring system using satellite data and hydrologic modeling:
Application in the pastoral regions of east Africa. Pastoralism 3, 1_16.

Senay, G.B., Verdin, J., 2001. Using a GIS-Based Water Balance Model to Assess Regional Crop Performance,
in: In: Proceedings of the Fifth International Workshop on Application of Remote Sensing in Hydrology,
Montpellier, France.

Seneviratne, S.I., Corti, T., Davin, E.L., Hirschi, M., Jaeger, E.B., Lehner, 1., Orlowsky, B., Teuling, A.J., 2010.
Investigating soil moisture—climate interactions in a changing climate: a review. Earth-Sci. Rev. 99, 125-161.

Sepulcre-Cant6, G., Horion, S., Singleton, A., Carrao, H., Vogt, J., 2012. Development of a combined drought
indicator to detect agricultural drought in Europe. Nat. Hazards Earth Syst. Sci. 12, 3519-3531.

Shaheen, A., Baig, M.A., 2011. Drought severity assessment in arid area of Thal-Doab: using Remote Sensing and
GIS. Int. J. Water Resour. Arid Environ. 2, 92—-101.

Sheffield, J., Goteti, G., Wen, F., Wood, E., 2004. A simulated soil moisture based drought analysis for the United
States. J Geophys Res Atmos 109.

Sheffield, J., Wood, E., Lettenmaier, D., Lipponen, A., 2008. Experimental drought monitoring for Africa.
GEWEX News 18, 4-6.

Sheffield, J., Wood, E.F., 2007. Characteristics of global and regional drought, 1950-2000: analysis of soil
moisture data from off-line simulation of the terrestrial hydrologic cycle. J. Geophys. Res. 112, D17115.

Shukla, S., McNally, A., Husak, G., Funk, C., 2014. A seasonal agricultural drought forecast system for food-
insecure regions of East Africa. Hydrol Earth Syst Sci 18, 3907-3921.

Shukla, S., Steinemann, A.C., Lettenmaier, D.P., 2011. Drought monitoring for Washington state: indicators and
applications. J Hydrometeorol 12, 66—83.

Sims, A.P., Dutta, D., Nigoyi, S., Raman, S., 2002. Adopting drought indices for estimating soil moisture: A North
Carolina case study. Geophys Res Lett 29. https://doi.org/doi:10.1029/2001GL013343.

16



Civil and Environmental Research www.iiste.org
ISSN 2224-5790 (Paper) ISSN 2225-0514 (Online) by
Vol.13, No.5, 2021 IS'E

Singh, R.P., Roy, S., Kogan, F., 2003. Vegetation and temperature condition indices from NOAA-AVHRRA data
for drought monitoring over India. Int. J. Remote Sens. 24 (22), 4393—-4402.

Singh, V.P., Guo, H., Yu, F.X., 1993. Parameter estimation for 3-parameter log-logistic distribution (LLD3) by
Pome. Stoch. Hydrol Hydraul 7, 163—177.

Sridhar, V., Hubbard, K.G., You, J., Hunt, E.D., 2008. Development of the soil moisture Index to quantify
agricultural drought and its “user friendliness” in severity-area-duration assessment. J. Hydrometeorol. 9,
660-676.

Svoboda, M., Hayes, M., Wood, D., 2012. Standardized precipitation index user guide.

Szalai, S., Szinell, C.S., Zoboki, J., 2000. Drought monitoring in Hungary. Early Warning Systems for Drought
Preparedness and Drought Management. (No. World Meteorological Organization Rep. WMO/TD 1037).
WMO.

Tadesse, T., Brown, J., Hayes, M., 2005. A new approach for predicting drought-related vegetation stress:
integrating satellite, climate, and biophysical data over the US central plains., in: 30th International
Symposium on Remote Sensing of Environment, Honolulu, HI, Nov 2003. ISPRS J Photogramm Remote
Sens, pp. 244-53. http://dx.doi.org/10.1016/j.isprsjprs.2005.02.003.

Thavorntam, W., Mongkolsawat, C., 2006. Drought assessment and mitigation through GIS and remote Sensing.

Tucker, C.J., 1979. Red and photographic infrared linear combinations for monitoring vegetation. Remote Sens.
Environ. 8, 127— 150.

Tucker, C.J., Choudhury, B.J., 1987. Satellite remote sensing of drought conditions. Remote Sens. Environ. 23,
243-251.

UNESCO, 1979. United Nations Educational, Scientific and Cultural Organization, Map of the world distribution
of arid regions: Map at scale 1:25,000,000 with explanatory note. (Technical Notes No. 7). UNESCO, Paris.

Unganai, L.S., Kogan, F.N., 1998. Drought monitoring and corn yield estimation in Southern Africa from AVHRR
data. Remote Sens. Environ. 63, 219-232.

van Genuchten, M.T., 1987. A numerical model for water and solute movement in and below the root zone.
(Research Report No. 121). U.S. Salinity laboratory, USDA, ARS, Riverside, California.

Verdin, J., Funk, C., Senay, G., Choularton, R., 2005. Climate science and famine early warning. Philos Trans R
Soc Lond B Biol Sci 360, 2155-2168. http://dx.doi.org/10.1098/rstb.2005.1754

Verdin, J., Klaver, R., 2002. Grid cell based crop water accounting for the famine early warning system. Hydrol.
Process. 16, 1617-1630.

Vicente-Serrano, S.M., 2007. Evaluating the Impact of Drought Using Remote Sensing in a Mediterranean, Semi-
arid Region. Nat Hazards 40, 173-208.

Vicente-Serrano, S.M., Begueria, S., Lopez-Moreno, J.I., 2010. A multiscalar drought index sensitive to global
warming: the standardized precipitation evapotranspiration index. J Clim 37, 1696-718.

Vicente-Serrano, S.M., Cuadrat, J.M., Romo, A., 2006. Aridity influence on vegetation patterns in the middle Ebro
valley (Spain): evaluation by means of AVHRR images and climate interpolation techniques. J. Arid Env. 10,
121-132.

Vicente-Serrano, S.M., Lo pez-Moreno, J.I., 2005. Hydrological response to different time scales of climatological
drought: An evaluation of the standardized precipitation index in a mountainous Mediterranean basin. Hydrol
Earth Syst Sci 9, 523-533.

Walton, K., 1969. The arid zone. Chicago. Int. J. Water Resour. Arid Environ. 5, 204-221.

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.

Wang, D., Hejazi, M., Cai, X., Valocchi, A.J., 2011. Climate change impact on meteorological, agricultural, and
hydrological drought in central Illinois. Water Resour Res 47.

Wang, L., Qu, J.J., 2007. NMDI: A normalized multi-band drought index for monitoring soil and vegetation
moisture with satellite remote sensing. Geophys. Res. Lett. 34.

Weber, L., Nkemdirim, L.C., 1998. The Palmer drought severity index revisited. Geogr Ann 80A, 153—-172.

Wells, N., Goddard, S., Hayes, M.J., 2004. A selfcalibrating Palmer drought severity index. J Clim. 17, 2335—
2351.

WGA (Western Governors’ Association), 2004. Creating a Drought Early Warning System for the 21st Century:
The National Integrated Drought Information System. Western Governors’ Association, Denver, CO.

Wilhite, D.A., 1993. Drought Assessment, Management, and Planning: Theory and Case Studies. Natural
Resource Management and Policy Series, Kluwer.

Wilhite, D.A., Glantz, M.H., 1985. Understanding the drought phenomenon: the role of definitions. Water Int 10,
111-120.

Wilhite, D.A., Hayes, M.J., Svoboda, M.D., 2000. Monitoring drought using the standardized precipitation index.
Drought: A Global Assessment. Ed. Wilhite Routledge Lond. UK 168-180.

Xu, L., Samanta, A., Costa, M.H., Ganguly, S., Nemani, R.R., Myneni, R.B., 2011. Widespread decline in

17



Civil and Environmental Research www.iiste.org
ISSN 2224-5790 (Paper) ISSN 2225-0514 (Online) Jn
Vol.13, No.5, 2021 IS'E

greenness of Amazonian vegetation due to the 2010 drought. Geophys. Res. Lett. 38.

Yagci, A.L., Di, L., Deng, M., Han, W., Peng, C., 2011. Agricultural drought monitoring from space using freely
available MODIS data and impacts on cotton commodity., in: In Preceding: Pecora 18 — Forty Years of Earth
Observation... Understanding a Changing World November 14 — 17, 2011. Herndon, Virginia.

Yang, L., Wylie, B.K., Tieszen, L.L., Reed, B.C., 1998. An Analysis of Relationships among Climate Forcing and
Time-Integrated NDVI of Grasslands over the U.S. Northern and Central Great Plains. Remote Sens. Environ.
65, 25-37.

Yang, W., Seager, R., Cane, M.A., 2014. The East African long rains in observations and models. J Clim 27, 7185—
7202. http://dx.doi.org/10.1175/JCLI-D-13-00447.1.

Yao, Y., Liang, S., Qin, Q., Wang, K., 2010. Monitoring drought over the conterminous United States using
MODIS and NCEP Reanalysis-2 data. J Appl Meteor Clim. 49, 1665-1680.

Zseleczky, L., Yosef, S., 2014. Are shocks really increasing?, A selective review of the global frequency, severity,
scope, and impact of five types of shocks.

18



