
1. Introduction

Drought is one of the natural disasters that can cause
enormous damage to the society and economy (Alston
and Kent, 2004; Martin-Ortega et al., 2012). Drought
typically occurs by a lack of precipitation. When it
continues, drought can intensify through the regional
and global hydrological cycles, resulting in the reduction

of soil moisture and groundwater (Naumann et al.,
2015). Recently, the western US has experienced
drought longer than six months since late 2020, and
severe drought damage has been reported in many parts
of the world (https://droughtmonitor.unl.edu/; Rao et
al., 2017; Zhang and Shen, 2019; Schuldt et al., 2020;
Marengo et al., 2021). Documenting drought processes
helps to understand the impact of climate change to
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water cycles (Mishra and Singh, 2010), and is useful
for decision making processes closely related to 
human life such as food security and water resource
management (Wilhite et al., 2014).
Due to the complex nature of drought, it is 

difficult to identify the causes, onset, and damage 
of drought. Drought is generally categorized into 
four types: meteorological, agricultural, hydrological,
and socioeconomic drought based on different
characteristics such as duration, triggers, and impacts
(Wilhite and Glantz, 1985). Since there is no absolute
quantitative measure of drought, various drought
indices have been developed and typically used to
indicate one or two types of drought (Zargar et al.,
2011). Drought indices can be categorized into two
groups: one is station-based indices such as Palmer
Drought Severity Index (Palmer, 1965) and the other
is satellite-based indices using satellite data and
products such as Vegetation Condition Index (Kogan,
1990) and Scaled Drought Condition Index (Rhee et
al., 2010). Station-based drought indices have limited
spatial coverage due to the sparse distribution of
stations. On the other hand, satellite-based drought
indices can be derived over vast areas at a regular time
interval. In addition, satellite data can be used to
document useful information for identifying drought
such as vegetation health and evapotranspiration (Peters
et al., 2002; Park, 2004; Rhee et al., 2014; Kim and
Shim, 2017). Thus, satellite-based drought monitoring
and assessment have been widely studied since the late
20th century (West et al., 2019). As it is impossible to
investigate all drought types and their spatiotemporal
characteristics using one single drought index, a
multitude of drought monitoring and assessment
studies have been conducted locally, regionally, or even
globally with various drought indices depending on
data availability (Bhuiyan et al., 2017; Hao et al., 2017;
Tran et al., 2017; Bayissa et al., 2019). There are 
also several review papers on satellite-based drought
monitoring during the past decade (Zargar et al., 2011;

AghaKouchak et al., 2015; Liu et al., 2016; West et al.,
2019; Jiao et al., 2021).
In order to manage and respond to drought in a

timely manner, it is important to forecast drought 
on the spatiotemporal domain as well as to monitor
drought conditions based on drought indices or drought
factors. In particular, it is crucial to increase the skill
score of drought forecasting to minimize drought
damage through an early warning system (Pozzi et al.,
2013). Although satellite data provide information
about current drought conditions, they can be used to
predict future drought status based on the association
between drought conditions and drought factors such
as the lag-correlation between vegetation conditions
and soil moisture (Bolten and Crow, 2012). In addition,
spatiotemporal satellite data can be used for drought
forecasting along with numerical weather prediction
model data (Fung et al., 2020). While many satellite-
based drought forecasting studies have been conducted
in recent years, there is no review to summarize and
discuss them focusing on satellite remote sensing. Fung
et al. (2020) reviewed overall drought forecasting
research, including some satellite-based ones, focusing
on modeling methods (e.g., stochastic, dynamic, and
artificial intelligence-based models). They concluded
that the use of optimal input variables considering both
time scales and lead times is crucial to improve drought
forecasting skills. Drought factors (e.g., temperature
and precipitation) used as input variables in drought
forecasting models have different sensitivity by drought
type and drought index (Hao et al., 2018). While
several drought forecasting studies discussed how to
select input variables to improve forecasting skills
(Rhee and Im, 2017; Hao et al., 2018), no review of
satellite-based drought forecasting from a lead time
perspective has been conducted. Thus, it is necessary
to discuss in detail the characteristics of drought factors
that are selected as input variables of satellite-based
forecasting models by lead time.
This paper focuses on reviewing satellite-based
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drought forecasting research with an emphasis on
forecast lead times. First, we analyzed the papers
published during the past decade (i.e., from 2010 to
2020) and categorized them into three by lead time 
(i.e., short-term, sub-seasonal, and seasonal). Then, 
the detailed discussion on the assumptions, variables,
performance of forecasting models by lead time
followed in section 2. Finally, overall challenges and
future research directions were documented in section
3. This review can provide a basis for future satellite-
based drought forecasting research.

2. Satellite-based drought 
forecasting reviews

This paper reviewed satellite-based drought forecasting
research for the past decade according to lead times
(i.e., short-term (<1 month), sub-seasonal (1-3 months),

and seasonal (> 3 months)). Fig. 1 provides an overview
of the papers reviewed in the present study focusing on
predictor sources, lead times, and predictand types. A
variety of predictor sources have been used in satellite-
based drought forecasting research regardless of 
lead times. In particular, various numerical models or
climate indices have been more commonly integrated
in seasonal drought forecasting research other than
satellite data. There is a trend of multi-source data
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Fig. 1.  Graphical overview of the satellite-based drought forecasting papers published during the past decade,
which were reviewed in this study.

Fig. 2.  The trend (with color by predictor source) of the
papers reviewed.
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Table 1.  Summary of the satellite-based drought forecasting papers reviewed in this study

Type of drought Authors Predictand Spatial
resolution Lead time Method Predictor source

(Fig. 1 and 2)

Agricultural Han et al.
(2010)

Vegetation Temperature
Condition Index

(VTCI)
– 10 days interval

(up to 20 days)
Autoregressive model

(AR) Satellite

Agricultural Tedesse et al.
(2010)

A standardized 
seasonal greenness 1 km 2-6 weeks Classification and

Regression Tree Multi-sources

Agricultural
Fernández-
Manso et al.
(2011)

Normalized Vegetation
Difference Index

(NDVI)
1 km 10 days interval

(a 10-day lag)

Seasonal
Autoregressive
integrated moving
average (SARIMA)

Satellite

Agricultural
Marj and
Meijerink
(2011)

NDVI 8 km 1 year Artificial Neural
Networks (ANN) Multi-sources

Integrated
drought

(Meteorological
and Agricultural)

Hao et al.
(2014)

Multivariate
Standardized Drought

Index (MSDI)

2/3°×1/2°,
0.125°,

0.5x2.5°, 1°
monthly Ensemble Streamflow

Prediction Multi-sources

Meteorological Jalili et al.
(2013)

Standardized
Precipitation Index

(SPI)
1.1 km 1 month

Neural Networks, 
and Autoregressive
moving average

model

Satellite

Agricultural Shukla et al.
(2014) Soil moisture 0.5° Monthly 

(up to 3 months)
Land surface model

(LSM) Multi-sources

Agricultural Tadesse et al.
(2014)

The standardized 
values of NDVI 8 km Weeks to 3

months
Regression tree
technique Multi-sources

Agricultural
Asoka and
Mishra
(2015)

NDVI 0.25° Monthly 
(up to 3 months)

Multiple linear
regression Multi-sources

Agricultural
Tan and
Perkowski
(2015)

SPI point

1-3 months 
for SPI 12 and 
1-6 months 
for SPI24

Wavelet transformed
ANN and Wavelet
transformed Support
Vector Regression

(SVR)

Multi-sources

Agricultural Tian et al.
(2016) VTCI 1.1 km 10 days interval

(up to 30 days) SARIMA, AR Satellite

Agricultural Liu et al.,
(2017)

Soil water deficit index
(SWDI) point 1-4 weeks Support Vector

Machine Multi-sources

Meteorological Rhee and Im
(2017)

SPI, and Standardized
Precipitation

Evaportranspiration
Index (SPEI)

0.05˚ 1-6 months Extremely
Randomized Tree Multi-sources

Hydrological Yan et al.
(2017)

Drought probability
(defined by root-zone

soil moisture)
0.125˚ 3months

Hydrologic model,
Data assimilation, 
and Copula-based
probabilistic forecast

model

Multi-sources

Agricultural Zhang et al.
(2017) Soil moisture 0.25˚ 1-3 months LSM Multi-sources

Agricultural Nay et al.
(2018)

Enhanced Vegetation
Index (EVI) 250 m 16-days Gradient boosted

machine Satellite



fusion for drought forecasting especially focusing on
satellite data in very recent years (Fig. 2 & Table 1). The
publications reviewed in this paper are summarized in
Table 1.

1) Short-term (< 1 month) lead times
The short-term lead times of drought forecasting 

in this paper refer to days to a few weeks (typically 
less than 1 month). In general, drought starts with a 
lack of precipitation causing meteorological drought,

and then propagates to agricultural, hydrological, 
and socioeconomic drought in turn. Agricultural to
socioeconomic drought tends to progress with a time
lag from initial drought conditions, which starts from a
deficit of precipitation (Fig. 3; Huang et al., 2017; West
et al., 2019; Muhammad et al., 2019). Drought indices
generally tend to show less fluctuation on the temporal
domain and longer duration for agricultural and
hydrological drought events than meteorological one
(Wong et al., 2013; Karamuz et al., 2021). Thus, short-
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Table 1.  Continued

Type of drought Authors Predictand Spatial
resolution Lead time Method Predictor source

(Fig. 1 and 2)

Agricultural Park et al.
(2018)

Each Scaled drought
condition index (SDCI),
microwave integrated
drought index (MIDI),
and very short-term
drought index (VSDI)

0.05˚ 5-days Random Forest (RF) Multi-sources

Meteorological Rhee and
Yang (2018) SPI6 0.01˚ Monthly (up to 6

months)
Extra-Trees, and
Adaboost Multi-sources

Agricultural and
hydrological

Arsenault et
al. (2020) Various 0.25˚ 1-5 months LSM Multi-sources

Meteorological,
Agricultural

Park et al.
(2020b) Each SDCI, and SPI 0.05˚ 8-days

Convolutional Long
Short Term Memory

and RF
Multi-sources

Fig. 3.  Concept of lag time in drought propagation adapted from Muhammad et al. (2019). The x-axis
indicates a time dimension, and the y-axis means intensity of drought indices for each drought
type. The intensity below a specific threshold value (here, TM and TH, respectively) indicates a
drought. The lower the intensity, the more severe drought it indicates. The onset and end of
drought are determined when the intensity of drought indices reaches to the threshold.



term forecasting research reviewed here has focused on
meteorological and agricultural drought to respond to
the short time scale (<1 month) changes in drought
conditions. In addition, in order to prevent unexpected
damage in crop production caused by drought, many
studies have been conducted to predict agricultural
drought indices that are highly related to vegetation
health (Table 1) (Tian et al., 2016; Nay et al., 2018;
Park et al., 2018).
There are several studies that predicted drought 

using the pattern of drought indices in the past as
predictor variables. Both Han et al. (2010) and Tian 
et al. (2016) predicted drought using Vegetation
Temperature Condition Index (VTCI) based on
Normalized Difference Vegetation Index (NDVI) and
Land Surface Temperature (LST) over Guanzhong
Plain in China. VTCI timeseries with 10-day intervals
were used in Auto-regressive Integrated Moving
Average (ARIMA) and Seasonal ARIMA (SARIMA)
to predict VTCI up to 30 days. Both studies reported
that the skill scores of drought forecasting decreased
with increasing lead times. In particular, the timeseries
features selected for the SARIMA model in Tian et al.
(2016) were different between the irrigated and rainfed
farmlands. This is consistent with He et al. (2020) that
the sensitivity of drought conditions varies depending
on irrigation. Thus, drought forecasting in agricultural
areas should take into account local characteristics such
as irrigation.
Recent satellite-based drought forecasting studies

have considered not only the sensitivity of drought
indices to the short-term time scale as predictors, but
also the ability of the predictors to respond to future
drought conditions. Main predictors for short-term
forecasting of drought are precipitation, temperature,
and soil moisture (SM) (Liu et al., 2017; Park et al.,
2018). Since agricultural drought often occurs with a
decrease of SM availability to plants, Liu et al. (2017)
predicted agricultural drought with the lead times of 1-
4 weeks using soil water deficit index (SWDI), which

is calculated based on soil parameters such as SM and
field capacity. Meteorological variables such as air
temperature and precipitation, and satellite-based
products such as soil moisture and leaf area index were
used as input variables to predict SWDI. In order to
consider lag correlation between input variables and
SWDI, the lagged time series of input variables were
used for the prediction.
Otkin et al. (2015) and Park et al. (2018) pointed 

out that short-term forecasting of drought based solely
on local historical information work less for sudden
changes of drought when compared to long-term
forecasting as drought factors tend to respond slowly
to the sudden changes. In order to predict rapid drought
changes for the short lead time (< 10 days), the
historical pattern of the target drought index has been
integrated with numerical meteorological forecast
model output or teleconnection features. Park et 
al. (2018) reported that the use of Madden-Julian
Oscillation (MJO), one of atmospheric variability
indices at intra-seasonal timescale, could improve the
short-term (i.e., pentad) prediction of drought over East
Asia. Park et al. (2020b) used the forecast fields of
Global Forecasts Systems (GFS) as input variables
along with the historical pattern of the target drought
index in the deep learning-based drought forecasting
models. They also found that the use of additional 
input variables from numerical model output improved
the forecasting skills of the deep learning models.
Many of satellite-based drought prediction studies 

at the short-term time scale have focused on the 
early warning of agricultural drought. Satellite-based
vegetation indices and soil moisture indices that affect
agricultural production loss at local or regional scale
have been used as target variables. While only the
historical data of drought factors were used to predict
drought in the early 2010s, various predictor sources
such as numerical models or climatic indices have been
integrated in the drought forecasting models in the late
2010s (Table 1).

Korean Journal of Remote Sensing, Vol.37, No.4, 2021

– 820 –



2) Sub-seasonal (1-3 months) lead times

The long-term deficiency of precipitation increases
the stress of hydrological variables such as SM and
ground water (Behrangi et al., 2016). In many drought
forecasting studies with sub-seasonal lead times (i.e., 
1 to 3 months), hydrological variables have been
frequently used as drought factors or drought indices
(Mishra and Singh, 2011; Hao et al., 2016; Sawada et
al., 2019). Some of the studies improved the initial
conditions of process-based models using satellite-derived
hydrological products, resulting in the improvement of
the drought forecasting skills. For example, Zhang et
al. (2017) used the rainfall product of the Tropical
Rainfall Measuring Mission (TRMM) as forcing in the
Variable Infiltration Capacity (VIC) model to provide
a reasonable estimate of forecast initial conditions 
(ICs) of SM in real-time mode. They showed that 
SM forecast performance was mostly controlled by 
ICs with one month lead time. Arsenault et al. (2020)
improved forecast ICs of two Land Surface Models
(LSM) (i.e., Noah-Multi-parameterization and Catchment-
LSM) using Soil Moisture Active Passive (SMAP)-
derived SM and terrestrial water storage generated from
Gravity Recovery And Climate Experiment (GRACE)
through data assimilation.
Satellite-derived vegetation products can improve

the performance of drought forecasting especially at the
sub-seasonal lead time scale. Tan and Perkowski (2015)
predicted hydrological drought with the lead times from
one to six months using station-based stream flow and
satellite-derived NDVI and Normalized Difference Water
Index (NDWI). The use of satellite-based vegetation
information has improved the decrease in skill scores
as lead times increased. Rhee and Im (2017) reported
that NDVI was one of the important variables when
predicting drought with the 3-month lead time.
Some studies used not only satellite data but also 

the forecast fields from numerical models to predict
drought at the sub-seasonal lead time (Shukla et al.,

2014; Zhang et al., 2017). However, as the lead time
increases (from 1 month to 3 months), the accuracy of
the forecast fields from numerical models decreases,
resulting in the deteriorated performance of drought
prediction (Rhee and Im 2017; Zhang et al., 2017; Esit
et al., 2021).

3) Seasonal (> 3 months) lead times
Most drought forecasting studies with seasonal lead

times have used meteorological variables, such as
precipitation, provided by reanalysis models such 
as North American Land Data Assimilation System.
Recently, such reanalysis data have been integrated
with satellite-derived drought factors such as
precipitation and soil moisture to improve the drought
forecasting skills (Hao et al., 2014; Yan et al., 2017).
Some studies indicate that it is crucial to consider
climate indices with time scales over months for
seasonal drought forecasting with long lead times (> 3
months), as they can remotely influence atmospheric
circulation events (e.g., rainfall) in seasonal time scales
(Kim et al., 2017; Lima and AghaKouchak, 2017;
Merryfield et al., 2020).
Teleconnection patterns of various drought factors

such as hydroclimatic anomalies, sea surface
temperature (SST), and climate indices have been
critical components for seasonal drought forecasts
(Schubert et al., 2004; Mishra and Singh, 2011). In
particular, the teleconnection patterns of SST anomaly
affect atmospheric-oceanic circulations, resulting in
different precipitation and temperature patterns by
region or continent (Hao et al., 2018). Many seasonal
drought forecasting studies have used large-scale climate
indices such as El Nino-Southern Oscillation (ENSO)
calculated from SST as a main predictor component.
In addition, the forecast fields from numerical models
have been integrated with reanalysis and/or satellite
data for the seasonal prediction of drought in the studies
(Hao et al., 2018). In satellite-based seasonal drought
forecasting studies, meteorological drought indices such
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as SPI and Standard Precipitation Evapotranspiration
Index (SPEI) have been often used as target variables
(Rhee and Im, 2017; Rhee and Yang, 2018). For
example, Rhee and Im (2017) predicted drought (i.e.,
SPI and SPEI) up to 6 months using satellite-based LST
and NDVI, climate indices (i.e., the Multivariate ENSO
Index and Arctic Oscillation Index), and long-rage
forecast data of Global Climate Models as predictors.
They concluded that the drought forecast skills could
be further improved if the performance of the long-
range forecast data was improved through various
processes including bias correction. Hao et al. (2018)
documented that satellite data had been used for
seasonal drought forecasts through the integration with
other data sources through data assimilation or machine
learning, which provided promising results.

3. Current challenges and future
research direction

Drought forecasts using satellite data have been
widely studied during the past decade. Predictors used
in the drought forecasting models were selected
considering the characteristics of target variables and
lead times. Forecasting skills have been gradually
improved through the fusion of multiple predictor
sources such as satellite data and numerical models.
However, there are still several major challenges and
limitations, including difficulty in model generalization,
model resolution and feature selection, and saturation
of forecasting skill improvement.

1) Model generalization
In order to quantify drought, a multitude of drought

indices have been developed by drought type (Zargar
et al., 2011). A drought index explains drought
conditions from its own perspective. For example,
SWDI documents how much SM is available within
50 cm soil layer depth based on the fact that SM is

closely related to drought (Liu et al., 2017). Drought
forecasting studies select specific drought indices as
predictands considering research objectives and the
characteristics of the study area under investigation.
Thus, even though drought is predicted for the same
drought type (e.g., agricultural drought), different
predictands can be used (Table 1). This makes it
difficult to directly compare multiple drought forecasting
models proposed by different studies. A variety of
drought indices also make it difficult to select an
appropriate predictand that represents drought
conditions in the areas under investigation.
The studies reviewed in this paper conducted

drought forecasting at local or regional scale, showing
relatively good performance over the areas under
investigation. However, the models proposed in the
studies were not evaluated over different areas, limiting
their generalization. The generalization issue always
remains for local or regional modeling studies (Liu et
al., 2017). Since there exist numerous drought indices,
it is often difficult to identify an optimum drought index
(i.e., predictand) to develop drought forecasting models
for a certain area. The predictand selected for a certain
region might not work well to predict drought for areas
with different environment conditions (e.g., climate
zones or land cover) (Jiao et al., 2019b). Such a
generalization problem may be improved if an adaptive
approach for generating an integrated drought index is
available (Son et al., 2021).
An “integrated” drought index should be able to

explain various drought types and to be generalized
across regions. Development of integrated drought
indices has been challenged in the field of satellite-
based drought monitoring, leading to a multitude of
studies proposing new integrated approaches (West et
al., 2019; Jiao et al., 2019a; Son et al., 2021). Such
integrated approaches can provide less complex
information of drought conditions for the end users
such as water resource managers and a range of
decision makers. Similar integrated approaches are
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necessary for drought forecasting to provide consistent
information for the end users. However, research on
integrated drought forecasting systems has yet had
minimal exploration. Current satellite-based drought
prediction studies focus more on improving forecasting
skills with incorporating local and regional characteristics
than generalization.

2) Model resolution and feature selection
The temporal resolution of drought forecasting

models varies by drought type and lead time. The short-
term lead time studies start with a pentad scale, while
drought prediction with seasonal lead time has monthly
intervals. The spatial resolution of drought forecasting
models depends on predictor sources, study areas, and
lead times. The longer the lead times, the coarser the
spatial resolution of the drought forecasting model
mainly due to data and model uncertainties. It is often
necessary to have prior knowledge on the spatial scales
(i.e., regional or continental) that climate indices affect
when they are used in drought forecasting (Tadesse et
al., 2010; Dahlin and Ault, 2018). In order to reflect
local or regional variations of drought in drought
forecasting models at fine scale, it is necessary to
improve the spatiotemporal resolutions of the models,
often requiring predictors and predictands at such
resolutions (Asoka and Mishra, 2015). In particular,
there is a need of high spatial resolution drought
information for precision agriculture and water resource
management from an end-user perspective. Advanced
satellite data with higher spatiotemporal resolutions can
improve the model resolution problem (Ghazaryan et
al., 2020; Park et al., 2020a).
The range of lead times should be considered for

drought forecasting along with the spatial and temporal
resolutions. The sensitivity of predictand and predictors
to a specific drought type was considered in the
satellite-based drought prediction studies (Tan and
Perkowski, 2015; Liu et al., 2017; Park et al., 2018).
Such a sensitivity is related to lag correlation between

drought conditions and predictors. As the lead time 
of drought forecasting increases, large time scale
teleconnection factors such as ENSO are more
frequently used to improve the forecasting skills of 
the models (Rhee and Yang, 2018). When various lead
time predictions (from short-term to seasonal) were
conducted for the same predictor set, there was a
tendency of decreasing prediction skills with increasing
lead times (Tan and Perkowski, 2015; Zhang et al.,
2017). This implies that the careful selection of
predictors by lead time is crucial even for targeting the
same predictand.

3) Saturation of forecasting skill improvement
Researchers have put effort on improving drought

forecasting skills. Such effort includes 1) selection of
input predictors considering the lag correlation between
predictand and predictors, 2) improvement of the initial
conditions of forecasting models through data assimilation
using satellite data, and 3) integration with local historical
patterns of drought, climate indices, and the forecast
fields of numerical models. In particular, many studies
have adopted the third approach to improve drought
forecasting skills (Table 1).
When only historical patterns of drought conditions

were used for drought prediction, they often did not
work well for abrupt changes of drought conditions,
leading to the further integration with weather forecast
data (Han et al., 2010; Park et al., 2020b). However,
the use of multiple predictor sources still has some
limitations. When multiple predictor sources were used,
the forecasting skills has been improved, but tended to
be saturated (Park et al., 2018; Park et al., 2020b; Rhee
and Im, 2017). There are several possible reasons for
the saturation of forecasting skill improvement. First is
the accuracy of data sources such as numerical model
output. Lorenz et al. (2018) predicted rapid drought
intensification over the United States using numerical
model data. They reported that not only the error
inherent in the model itself, but also the error of the
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forecasting fields of numerical models affected the
performance of the drought forecasting model. They
concluded that if the accuracy of numerical models is
improved, the forecasting skills of drought prediction
models can be further improved. Second is the limited
ability of drought factors and climate indices to fully
explain drought occurrences due to the very complex
mechanism of drought. Each drought factor has different
temporal characteristics (e.g., persistency) in terms of
drought occurrences (Manning et al., 2018). However,
satellite-assist drought forecasting research considering
such characteristics of predictors has had minimal
exploration (Table 1). Third is climate change, which
makes it difficult to forecast drought. Sudden changes
or extreme cases of drought conditions have not been
well predicted in the literature, which remains as a
major limitation. Due to on-going climate change, the
frequency and intensity of drought have increased
(Trenberth et al., 2014; Dai, 2011; Mukherjee et al.,
2018), which makes future drought forecasting more
difficult. In addition, different drought indices have
shown varied sensitivity even for the same level 
of continental warming (Mukherjee et al., 2018).
Consequently, the models predicting existing drought
indices might not work well for future climate
conditions.

4) Possible future directions
Based on the careful review of the satellite-based

drought forecasting studies during the past decade, the
following three aspects are expected to be the main
research themes in the next decade: 1) Integrated
approaches for documenting drought conditions are
necessary to mitigate the model generalization problem.
2) The drought propagation concept (i.e., propagation
from meteorological to hydrological drought) should
be carefully considered as various drought types are not
independent, but closely related each other. 3) Advanced
modeling techniques should be adopted to improve
drought forecasting skills.

In order to predict drought, there should be
quantitative reference data for drought. Since a single
drought index cannot represent all drought types
regardless of regions, there has been effort to develop
an integrated approach for drought indices. For
example, Son et al. (2021) adapted multiple drought
indices and factors to merge them into one drought
index to provide general applicability across diverse
climate regions as well as both short- and long-term
drought monitoring. The use of such integrated drought
indices in forecasting models can further improve the
model generalization, which in turn provides consistent
and comprehensive drought prediction information for
the end users such as decision makers.
Drought propagation processes (from meteorological

to hydrological drought) have been recently studied 
to improve our skills for monitoring and mitigating
drought events (Wang et al., 2016; Huang et al., 2017;
Muhammad et al., 2019; Guo et al., 2020). The recent
studies investigated not only drought propagation
characteristics such as lag time and attenuation, but also
propagation sensitivities in terms of the seasonal
characteristics of propagation time and the response of
hydrological drought to different meteorological
drought conditions. Since there is a lag time between
drought types in the drought propagation processes
(Fig. 3), such a lagged relationship can be used to
predict a hydrological (or agricultural) drought from 
a meteorological one (Shin et al., 2020; Zhang et 
al., 2021). A long-lasting meteorological drought is
expected to result in the next levels of drought (i.e.,
agricultural or hydrological drought) (Van Loon, 2015).
Although a meteorological drought index is used 
as a predictand, its forecasts not only provide future
meteorological drought conditions but also may give
potential information (e.g., a future prospect of a
drought onset) for the other drought types. Drought
forecasting with the drought propagation concept
should consider both propagation characteristics and
sensitivities, which are important to guide early drought
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warning for the sustainable management of drought.
Thus, local or regional scale investigations on the
sensitivities between drought types and forecasting
models with various lead times (e.g., interval steps)
would be required to extrapolate the next levels of
drought conditions from meteorological drought forecast
output timeseries. Most papers reviewed in this study
independently predict a specific drought index without
considering a drought propagation process. A drought
forecasting model with a drought propagation concept
is expected to provide a systematic drought prediction.
Deep learning models can be used to forecast

drought with multiple lead times and drought types.
Many of the papers reviewed in this study adopted
relatively simple machine learning approaches such as
random forest and support vector machines for drought
forecasting (Table 1). The same trend was found in the
previous review on drought studies (Fung et al., 2020).
More advanced deep learning approaches such as
convolutional neural networks (CNN) and long short
term memory (LSTM) can be used to improve the
drought forecasting skills. As deep learning techniques
are good at dealing with non-linear relationships
between input features, it is flexible to predict drought
that has the non-linear characteristics between drought
indices and factors (Feng et al., 2019; Liu et al., 2020;
Prodhan et al., 2021). Furthermore, image-based deep
learning can extract both spatial and temporal features
from input variables (i.e., drought factors), which are also
important to describe the spatiotemporal characteristics
of drought. In fact, image-based deep learning has been
widely used to improve classification and regression
performance in various remote sensing fields (Park et
al., 2020b; Kim et al., 2020; Muthukumar et al., 2020;
Sothe et al., 2020). In particular, the fusion of multiple
machine learning and deep learning models has
recently shown powerful performance in predictive
modeling. For example, Park et al. (2020b) integrated
random forest and convolutional LSTM (ConvLSTM)
for drought prediction, resulting in better performance

than the case when ConvLSTM was solely used.
Muthukumar et al. (2020) combined Graph convolutional
networks (GCN) coupled with ConvLSTM for air
pollution prediction with 69.5% of error reduction
compared to the model with only ConvLSTM. The use
of deep learning and their combinations should be
further examined to improve drought forecasting. The
improvement of the forecast fields of numerical models
will also benefit drought forecasting using multi-source
data along with advanced modeling techniques.

4. Conclusion

This paper examined the satellite-based drought
forecasting studied during the past decade according to
lead times (i.e., short-term, sub-seasonal, and seasonal).
It is crucial to identify optimum predictors targeting a
certain predictand considering forecast lead times. For
longer lead times, teleconnection information at the
larger time scale may help improve drought forecasting
skills. Most reviewed papers have tried to improve
drought forecasting skills by fusing multiple predictor
sources regardless of lead times. However, they were
conducted using different predictands at the regional
scale, which had difficulty in model generalization.
There is a need for drought information with higher
spatiotemporal resolution, which advanced satellite
remote sensing can benefit. In addition, Predictors 
for drought forecasting models need to be carefully
determined considering lead times and predictands.
Most satellite-based drought forecasting studies have
used statistical and machine learning approaches to
improve the forecasting skills. However, there was
saturation in the improvement of the skills mainly due
to data and model uncertainties. Based on these
limitations and challenges, we provided three possible
future directions to further improve satellite-based
drought forecasting: 1) integrated drought monitoring
approaches, 2) consideration of drought propagation
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processes, and 3) synergetic use of deep learning
approaches. This paper is expected to provide a basis
for developing comprehensive satellite-based drought
forecasting systems.
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