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Satellite-Based Assessment of Meteorological and
Agricultural Drought in Mainland Southeast Asia

Yishan Li"¥, Student Member, IEEE, Hui Lu
Daniel J. Short Gianotti, Member, IEEE, Kun Yang
Wei Wang

Abstract—Satellite-based soil moisture products allow direct
monitoring of agricultural drought, especially in regions with
sparse ground-based observations. In this study, a soil moisture
drought index only based on satellite soil moisture is developed and
adopted to assess drought in Mainland Southeast Asia (MSA). We
report here on an exceptionally severe Mainland Southeast Asia
drought in 2016, which is believed to be strongly linked to the
2015-2016 super El Niio strongly. The event began in February
2016 and lasted until May 2016, with more than 50% of the study
areas suffering from moderate drought or worse at peak period.
We assess the evolution of agricultural droughts (defined as pro-
longed deficit in soil moisture) by placing it in the context of the
forcing meteorological drought (prolonged deficit in precipitation).
The drought assessment using satellite soil moisture is temporally
consistent with precipitation-based metrics, but allows for better
mapping of the spatial and temporal patterns of how a precipitation
deficit may or may not lead to a soil moisture deficit. The specific
advantages of a remote-sensing approach—wide-coverage with-
out need for spatially-dense, ground-based climatological records,
and sensitivity to otherwise unmeasured irrigation inputs—suggest
further opportunity for drought monitoring in ungauged regions,
particularly in agricultural contexts.
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I. INTRODUCTION

ROUGHT is a persistent threat to economic, hydrologic,
D environmental, and agricultural systems, and has rapidly
changing forms, costs, and scopes [1]-[3]. The intensity and
extent of droughts tend to increase as they transform from
being precipitation deficits (meteorological drought) to soil
moisture deficits (agricultural drought), which eventually leads
to water storage depletion in aquifers and surface water bodies
and reduces the flows of streams and ecosystems (hydrological
drought) [2], [4]. Human society is being affected by increasing
drought occurrences [4]-[6].

The quantification of drought impacts is often limited by
drought metrics and methods. To determine drought conditions
within a period [7], many agricultural drought assessment meth-
ods are primarily based on the statistical characteristics of long-
term meteorological data and meteorological drought function,
rather than being focused on key system variables. For example,
agricultural systems often experience the persistent effects of
precipitation, evaporation, and temperature for months and years
beyond the “official” duration of a specific drought event 8], [9].
Since drought-related variables (such as precipitation, tempera-
ture, soil moisture, and runoff and discharge) are based on differ-
ent variables, multiple drought indices have been developed [10].
However, most of them characterize meteorological drought,
and few indices can monitor agricultural drought directly derived
from soil moisture observations. The most commonly used
agricultural drought index, the crop moisture index (CMI), is
based on the well-known meteorological drought index: the
Palmer drought severity index (PDSI) [11], [12]. Both CMI
and PDSI require more than one meteorological variable as
input, such as precipitation, temperature, and soil moisture. The
empirical standardized soil moisture index (ESSMI) is based
on a subset of the standardized precipitation index (SPI), an
index widely used in the detection of meteorological drought
and abnormal precipitation [13], [14]. Two weekly indices, the
soil moisture deficit index and the evapotranspiration deficit
index, were developed based on simulated data derived from the
soil and water assessment tool (SWAT) for agricultural drought
monitoring [15]. Similarly, the soil moisture drought severity
index, which is based on the monthly output of the community
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land model, was developed in 2015 to assess the drought area and
related trends in North China [16]. Conversely, based on reality
reference crops, the agricultural reference index for drought was
developed to quantify drought and its effects on crop yields [17].

Soil moisture can reflect recent precipitation and antecedent
conditions and indicate imminent water shortage and agricul-
tural drought risk. Therefore, soil moisture profile monitoring is
vital for assessing agricultural drought and preventing the sub-
sequent impact of severe drought events [18]. Remotely-sensed
soil moisture data from recent satellite missions (AMSR-E [19];
SMOS [20]; SMAP [21]; AMSR-2 [22]) provide direct agricul-
tural drought observations, without the spatial representation
errors of in situ soil moisture sensors or the process errors of
land surface models [23]-[25]. Although retrieval methods and
land-cover types cause satellite soil moisture errors, present
studies have demonstrated that satellite-based soil moisture is
able to derive relatively accurate assessments of drought stress
at continental to global scales without in situ observations
[26]-[29]. This demonstrates the role of soil moisture as the
intermediary between meteorological drought and lagged veg-
etation productivity indices [7], [30]. Therefore, soil moisture
dynamics, which is an indicator that includes precipitation and
evapotranspiration and is directly related to vegetation growth
status, has the potential to be used as a source for agricultural
drought monitoring. Furthermore, information on precipitation,
evapotranspiration, vegetation, and land cover type is difficult
to obtain in many undeveloped areas globally. Assimilating
satellite-based observations to land surface models is a viable
option for obtaining information on vegetation condition and
root-zone soil moisture [31]-[34], and for assessing agricultural
and drought conditions; however, the results tend to include er-
rors from the model calculation process. Monitoring agricultural
drought solely through the remotely-sensed observations of soil
moisture and rapidly detecting the disturbance of precipitation,
irrigation, and other water cycle processes are important for
agriculture, particularly in regions that rely on agriculture but
have a paucity of meteorological data.

In this study, we propose a drought monitor index based on
daily to 8-day soil moisture observations [soil moisture drought
eight day index (SED)] to monitor the agriculture drought in
regions lack of meteorological data, which is only driven by
satellite soil moisture retrievals with no land surface or hydro-
logical modeling. SED incorporates the advantages of remote
sensing, with characteristics such as a large-scale coverage, high
temporal and spatial resolutions, and ability to perform direct
observations, thereby compensating for disadvantages, such as
lack of historical data. Unlike drought indicators based on long-
term historical data that characterize the level of water-related
variables relative to the historical period, SED characterizes the
level of root-zone soil moisture deficit in the short term (subyear)
and can reflect the actual agricultural drought situation in the
short term. Furthermore, the input data of SED is the root-zone
soil moisture calculated from the surface soil moisture, and the
calculation of root-zone soil moisture can be adjusted according
to the different crop types in different regions, enabling SED to
meet the actual situation of the study area.
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Fig. 1. Study area elevation, with mountain ranges in the north, plains in the
south, and Tonle Sap Lake, the largest freshwater lake, located in Cambodia.

II. STUDY AREA

We focus on Mainland Southeast Asia (MSA), which spans
the latitude range 8° N to 23° N and longitude range 90° E to
110° E (see Fig. 1). This region predominantly comprises five
countries: Cambodia, Laos, Myanmar, Thailand, and Vietnam;
these countries are primarily drained by the Irrawaddy, Chao
Phraya, and Mekong rivers. MSA has significant relief, with
altitudes ranging from —200 m to 3000 m; it supports a variety
of forested and agricultural landcovers, with noted orographic
effects on hydroclimate [35], [36]. Precipitation in the region
is strongly influenced by the East Asian Monsoon regimes of
enhanced moisture advection from the Bay of Bengal in the
Northern Hemisphere summer (late May to September), and
cold dry conditions in the winter (November to March) [37],
[38]. The countries in MSA have a population of approximately
240 million, with agriculture comprising a large portion of
both individual livelihoods and national-level gross domestic
products [39]-[42].

However, much of MSA has become and will continue to be
increasingly vulnerable to drought because of projected reduc-
tions in precipitation, rise in air temperature and evapotranspi-
ration, and increasing population demands on water resources
from all sectors, with all these impacts being dependent on trans-
boundary management strategies [43], [44]. Drought hazards are
known to have caused serious losses in this region [45], [46],
and droughts within the Lower Mekong River Basin (LMB)
have been of longer durations and more severe in recent decades
[47]. Food security and ecosystem services in the region show
a significant dependence on water resources [44], [48].

III. DATA AND METHODOLOGY
A. Satellite-Based Soil Moisture Data

Satellite-based soil moisture data from the SMAP Enhanced
Level 3 soil moisture product (SPL3SMP_E) [49] was used to
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generate the root-zone soil moisture, which was the only input
to the SED. The SMAP satellite was launched by NASA in
January 2015 to acquire global mapping of soil moisture from
space via brightness temperature measurement, and provides
global coverage every three days. The satellite now carries a
passive L-band radiometer (1.41 GHz) that allows us to obtain
surface soil moisture data (nominally volumetric water content
within the top 5 cm of the soil column) at a 36 km resolution
(half-power definition) [21]. The SPL3SMP_E product contains
both descending and ascending radiometer-based soil moisture
retrievals gridded at a resolution of 9 km. The descending data
between 1 April 2015 and 31 March 2020 were selected to
calculate SED. We performed the analyses at an 8-day resolution
to make use of the exact eight-day revisit pattern of the SMAP in-
strument, thereby eliminating potential sampling discrepancies
for spatial analysis.

B. Climate Data

The modern-era retrospective analysis for research and ap-
plications version 2 is produced by NASA’s Global Modeling
and Assimilation Office, which has an integrated Earth system
analysis capability that couples the atmosphere, ocean, land,
and chemistry systems [50]. In this study, 20 years of data
(2000-2019) were used for the meteorological drought analysis
and comparison with SMAP retrievals. Precipitation from the
single-level diagnostics (M2TINXSLV) dataset was used at a
spatial resolution of 0.5° x 0.5° to illustrate meteorological
drought characteristics.

C. Additional Datasets

We determined areas with irrigation potential using a global
map of irrigated areas from the UN Food and Agriculture Orga-
nization (FAO) [51].

To determine topographic influence on drought and precipi-
tation fields, we used a digital elevation model from the NASA
shuttle radar topographic mission at a resolution of approxi-
mately 90 m [52].

D. Development of SED

Croplands and vegetated ecosystems respond to water avail-
ability integrated over their root profiles [53], [54], thereby
showing drought responses that are somewhat lagged and damp-
ened relative to the uppermost surface layer. Owing to the
conductive and capillary processes, surface soil moisture is both
physically and statistically related to root-zone soil moisture
[55], which allows us to use remotely sensed surface soil mois-
ture to estimate root-zone soil moisture [56], [57].

> ms (ti) e
= M
dae T
where RZSM(¢,,) is the rootzone soil moisture at time ¢,,, ms(t;)
is the satellite soil moisture at time ¢;, ¢; represents the time of the
ith measurement, and 7' is the time scale parameter representing
the scale at which surface soil moisture affects root-zone soil
moisture. After calibration on MSA, the drought condition for

tn—t;

RZSM (t,,) =
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different T" values (from 15 days to 65 days) was obtained; 7' =
55 days was applied in this study.

The root-zone soil moisture was then used to fit the Beta
distribution in a 180-day window (4+/—90-day around moment
t,,) and determine the shape parameters of the beta distribution
at moment ¢,, grid-by-grid. The 180-day window allows for a
sufficient sample size to perform statistical estimation, while the
moving window captures seasonality. The shape parameters in
this study were dynamic, thereby varying with seasons and soil
moisture within the fitting window; the dynamic characteristics
also gave SED the ability to sensitively monitor short-term
changes in soil moisture. Finally, SED at ¢,, was classified in
terms of the percentile of RZSM(t,,) in the corresponding beta
probability density curve.

The beta distribution is a continuous probability distribution
defined between limits a and b with two positive shape param-
eters (« and [3), with the flexibility to assume a wide variety of
shapes. Many studies and applications (including the study of
drought) have applied the beta distribution, especially for data
within finite intervals

(RZSM — a) >~V (b — RZSM) P~V
B(a,B) (b— )™

where a < RZSM < b, a, B >0
(2)

where «, § are the shape parameters, and a, b are the bounds
of the distribution [29]. Here, a = 0 corresponds to a fully
desiccated soil, while the upper bound b is the soil porosity of
each pixel (in the range of 0.3-0.6). Soil porosity represents
the pore space of soil containing the liquid and gas phases,
which could be the upper limit of soil moisture. When soil
moisture reaches b, it implies that all the space in the soil is
filled with water and the value of b is the upper limit of soil
moisture physically. B(«, 3) is a beta standardized function,
B (a, ) = [Lt*1(1 — )P 'dt, which is used to make the
probability density integral to this distribution equal to 1. The
samples before and after 90 days of a specific date were grouped
and input to determine the parameters o and (3 at each pixel. After
determining the parameters « and 3, the SED were classified
according to the percentile of different soil moisture values in the
respective distribution curve. Based on beta fitting, a continuous
distribution curve was fitted for each grid on each day within a
180-day moving window. With the continuous curve, the per-
centile of soil moisture within the fitted window was determined,
and the drought level of each day could be classified. Although
the retrieval period of SPL3SMP_E is 2-3 days, the sweeping
style of SMAP satellite does not guarantee that observations are
available for every pixel in the whole MSA for a given 3-day
period. Therefore, to ensure the most weighted observation data
of drought maps from satellite observation, an 8§-day mapping
period was chosen for this study, which guaranteed that each
pixel in the mapping period contained at least one observation
[58]-[60]. Finally, the 8-day average root-zone soil moisture
was used to calculate percentile and complete the agricultural
drought mapping. Fitting soil moisture to beta distribution has
been widely used in studies and has been shown to be reliable

[ (RZSM; o, B) =
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TABLE I
DROUGHT DEFINITIONS FOR SED AND SPI-1

Category SED SPI SED Input SPI Input
Percentile  Ranges
Abnormally 30% -0.5 - Soil Moisture Precipitation
Dry -0.7
Moderate 21% -0.8 — SED SPI
Drought -1.2 Distribution Distribution
Severe 11% -13- Beta Gamma
Drought -1.5
Extreme 6% -1.6 - SED Temporal SPI Temporal
Drought -1.9 Resolution Resolution
Exceptional 3% <-0.2 8-day Monthly
Drought

[28], [29], [61], and the beta-fitting of short-term root-zone
soil moisture in this study further highlights the response of
agricultural drought after being disturbed by soil moisture.

E. Standard Precipitation Index

SPI is a drought index based on the probability distribution of
long-term historical precipitation data [14] and reflects unusual
dryness or wetness over a region at different time scales that are
often 1, 3, 6, 12, or 24 months. The central idea of SPI is to
transform accumulated precipitation totals to a standard normal
distribution, with a standard deviation of 1 and mean of O (typ-
ically as CDF-mapping from a gamma distribution). Different
time scales are used for different hydroclimate analyzes.

Twelve-month and greater scale accumulations are usually
used to assess decadal variability, 3-month and 6-month accumu-
lations are used for multiyear drought assessment, and 1-month
accumulations are used for short period dry-wet condition mon-
itoring. Given the temporal resolution and the input data of SED
on a 1-2 month scale, 1-month SPI (SPI-1) was introduced in
this study to validate the trends in drought onset and changes
detected by SED. SPI-1 is a meteorological drought indicator
at a monthly scale, which focuses on the relative abundance of
precipitation for each month and reflects a relative dryness and
wetness state over the period for which precipitation data are
available. Compared with other scales of SPI, SPI-1 is the most
sensitive meteorological drought indicator for precipitation in
the short term and is closer to the sensitive response of SED to
precipitation.

Table I shows the classification percentile and cumulative
distributions associated with SED and SPI-1. The SED and SPI
are classified into five categories according to the U.S. drought
monitoring system.

IV. RESULTS

We present our results in the following four main sections:

1) the selection of time scale parameter T;

2) the temporal evolution of drought over the region, based
on time series of SPI-1 and SED;

3) acase study comparing springtime drought conditions in
2016;
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Fig. 2. Surface and root-zone soil moisture of two pixels, with (a) located in

the Mekong River Delta with wet conditions and (b) located in central Myanmar
with dry conditions.

4) a point-to-point comparison of SPI and SED to determine
agricultural drought information encoded in root-zone soil
moisture (beyond that in SPI);

5) the transition from meteorological drought to agriculture
drought.

A. Time Scale Parameter T'

Time scale parameter 7" is only parameter that can be adjusted
in the exponential filter method for generating root-zone soil
moisture, and is used to determine how long scales of surface
soil moisture can influence root-zone soil moisture. Previous
studies have confirmed the feasibility of calculating root-zone
soil moisture using the exponential filter method, and have
discussed the choice of parameter 7' [62]-[66]. These studies
also suggested that different soil types, porosity, and depth affect
the value of 1" [56], [57], [65].

Fig. 2 demonstrates the surface and root-zone soil moisture of
two example points. Fig. 2(a) represents a wet condition, with
an average soil moisture of 0.55 in the Mekong River Delta
in southern Vietnam. Fig. 2(b) represents a dry condition, with
an average soil moisture of 0.16 in central Myanmar. For both
dry and wet conditions, the root-zone soil moisture calculated
by the exponential filter method follows the changes in surface
soil moisture; there is little difference in the magnitude and
trend of the soil moisture when 7" changes from 15 to 65 days.
Furthermore, the variation of the root-zone soil moisture curve
becomes significantly smaller as 7 increases, and there are more
significant soil moisture fluctuations within 10-day scales (soil
moisture change of more than 0.05 within 10 days and rapid
recovery) at 7' = 15. The vegetation had some tolerance to
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Fig.3. Percent meteorological drought (SPI-1) and agricultural drought (SED)
areaof MSA, showing that (a) percent area of monthly SPI-1 detected along-term
exceptional drought in 2016 and (b) percent area of 8-day SED also detected a
severe drought from the 2015 winter to the 2016 spring.

soil moisture changes and was able to offset some soil moisture
variation.

For soil depths ranging from 0 to 25 cm, the general choice
for T' is approximately 20 days; for deeper soils, 7" increases.
According to information from the FAO, the main agricultural
product grown in the study area is maize, with a root depth
distribution exceeding 100 cm [67], [68]. According to previous
studies, 7' = 60 days is the optimal choice for soil depths of
50-100 cm [63]. Therefore, when considering the crop type and
reducing the fluctuation of soil moisture, 7" = 55 days is set in
this study.

B. Temporal Evolution of Drought in MSA

The temporal evolution of meteorological and agricultural
drought conditions across the entire study area is shown in Fig. 3,
as captured by the 8-day SED and monthly SPI-1 metrics. In each
panel, the colors denote the fraction of the study area determined
at each drought classification for a given time. The darker the
color, the more severe the drought; the fraction represents the
percentage of drought area in the total mainland area. All the
metrics follow similar patterns, with a more intense drought
being detected annually or semi-annually from 2015 to 2019.
The fraction of drought area percentage ranges from 0% to 80%,
and the 8-day SED curve suggests less exceptional drought area
in drier years such as 2016 and 2019. Both curves detect the
drought that occurred in 2016 spring, which was a severe drought
event with extreme severity, long duration, and large spatial
coverage. SED exhibits periodic drought somewhere in the study
region in every dry season; the difference between the dry season
and the wet season is evident, while the performance of SPI is
significantly different (with interannual variability). Therefore,
the two curves of the drought situation in 2017 and 2018 do not
match. The drought percentage area in the dry season is less than
that in the wet season. This is because SPI mainly reflects the
current status of precipitation in the 20-year historical period
rather than the recent real dry or wet condition, while the SED
describes interannual, short-term relative changes in wet and
dry conditions. The year-to-year differences it demonstrates are
also formed by the extension of short-term changes in drought

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 15, 2022
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Fig. 4. SPI maps of the 2016 spring drought event. Meteorological drought
based on SPI begins in February 2016 in Thailand and Northern Vietnam,
migrates south to Cambodia and Southern Thailand in March and April, and
mitigates from east to west in May.

conditions, rather than the differences between one year (or
months) and the multiyear averages (as in the SPI).

C. Meteorological Drought to Agriculture Drought in 2016

During the study period, the spring 2016 drought had the
highest percentage of meteorological and agricultural drought
area (at more than 75%). It was also a severe meteorological
drought as suggested by SPI and was the most severe drought
over MSA in the 2015-2019 period. According to the Mekong
River Commission and Ministry of Water Resources of China
[69], the drought in 2016 caused considerable damage to agricul-
tural production in the region and affected the living conditions
and livelihoods of the people living along rivers. We mapped
the spring 2016 drought map from the perspectives of SPI and
SED. The monthly SPI maps from January to March in 2016 are
shown in Fig. 4. The meteorological drought event commenced
in February when nearly half of the region suffered from mod-
erate or severe drought, after which the event intensified and
resulted in more than 75% pixels experiencing drought in April
(before eventually mitigating in May). Correspondingly, Fig. 5
demonstrates the 8-day agricultural drought maps based on SED.
Unlike the meteorological drought detected by SPI that appeared
suddenly in February, the higher temporal resolution from SED
shows the process of the 2016 spring drought to be more serious
and widespread. The drought commenced on February 21st over
the northwestern region and then migrated to the middle of MSA,
causing widespread drought from 24th March to 25th April.
Similarly, the drought indicated by SED began to subside in
May, and also persisted in western regions, such as the Irrawaddy
Delta. At the end of the 2016 spring drought, the SED maps
change rapidly following precipitation triggered by the summer
monsoon.

D. Submonthly Characteristics of SED

Here, we show some characteristics of SED and display the
advantages of these characteristics by comparing SED with SPI.
Currently, indicators that are widely applied in drought research
have different limitations:
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Fig.5. SED maps of the 2016 spring drought event. Agricultural drought based
on SED begins in late February, spreads to most of the study area in March and
April, and mitigates from east to west by May.

1) Coarse time scales. For example, SPI and PDSI [70] are
used monthly; the submonthly characteristics of precipi-
tation occurrence and intensity can have major effects on
soil moisture state and runoff [55], leading to significantly
divergent agricultural drought conditions, even with iden-
tical SPL.

2) Based onlong historical data. Existing indicators typically
reflect relative wet and dry conditions based on long-term
historical data rather than near real-time conditions, such
as SPI and ESSMI.

3) Requiring more input data. Such as PDSI and CMI require
precipitation, temperature, and soil moisture as input.

These limitations are critical to drought monitoring in MSA,
where observation gauges are uneven and long-term meteo-
rological data are difficult to obtain. Fig. 6 shows three sim-
ulated precipitation time series, all of which have the same
monthly accumulated precipitation, but different daily distri-
butions. Fig. 6(a) represents the precipitation status, where
root-zone soil moisture can remain sufficient. Fig. 6(b) and (c)
presents an uneven monthly distribution of precipitation, where
root-zone soil moisture will change over time with different
characteristics. The same monthly precipitation results in the
same SPI, while different daily precipitation forcing time-series
patterns result in different root-zone soil moisture time series.
However, the SPI cannot detect the differences.

This inability to resolve differing precipitation deficit time
patterns can be shown with observations. Fig. 7 shows SPI-1
and SED time series estimated based on observations for three
pixels. For each pixel, two SPI-1 values are highlighted with
nearly identical magnitudes (inverted triangle symbols in each
of Fig. 7(b)—(d); different values for each pixel but the same
value within the time-series of each pixel). In each case, the
matching SPI-1 values correspond to SED values in different
drought classes. This is because of the impact of precipitation
timing at submonthly scales on agricultural (root-zone soil
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SPI-1 (dashed line with triangular markers), and 8-day SED values (uniform
height bars) for a location in northern Laos, (c) time series of 8-day precipitation
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values (uniform height bars) for alocation in central Laos, (d) time series of 8-day
precipitation (blue bars), monthly SPI-1 (dashed line with triangular markers),
and 8-day SED values (uniform height bars) for a location in northern Thailand.
In each case, pairs of similar SPI-1 values correspond to very different SED
values, highlighting the role of precipitation timing on agricultural drought.

moisture state) drought. More recent precipitation events
will typically have more impact on the current root-zone
soil moisture state; however, physical hydrological dynamics
vary from location to location and can be highly nonlinear with
(nonprecipitation) variables, implying that observable root-zone
soil moisture states will likely always represent agricultural
drought conditions better than aggregated precipitation. The
SMAP product is a result of physical hydrological dynamics
processes; its soil moisture experienced rainfall, vegetation
canopy interception, infiltration, and vegetation transpiration.
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Fig. 8. Demonstrating that SPI-1 and SED do not translate across space. (a)
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in (c) and mean SED = mild drought in (d). Red boxes in (c) and (e) both have
SPI-1~—1.5, but mean SED = severe drought in (c) and mean SED = moderate
drought in (e).

Therefore, it can be regarded that the SMAP product has
considered the factors that influence the physical hydrological
dynamics processes, such as topography and soil texture.

Although they are both relative metrics, SPI and SED values
do not necessarily correspond across space. Fig. 8(a) and (b)
shows the SPI values for February and April 2016, respectively.
The time series of 8-day precipitation, SPI, and SED are shown
for three locations [see Fig. 8(c) and (d)]. The February SPI for
a location in northern Thailand [see Fig. 8(c)] is similar to the
April SPI for a location in southern Myanmar [see Fig. 8(d)],
but corresponds to very different SED values (Abnormally Dry
versus moderate drought). The April SPI from the same northern
Thailand location is very similar to the April SPI for a location
in central Vietnam [see Fig. 8(e)]. However, the SED values
again differ, showing the differences between severe drought
and moderate drought. This implies that a 1-standard deviation
drought defined by SPI does not necessarily translate into a
1-standard deviation agricultural drought, as identified by root-
zone soil moisture-derived SED.

E. Transition From Meteorological Drought to Agriculture
Drought Under Humid Conditions

By comparing the black dashed line (SPI) and the lower
bar (SED) in Figs. 7(b)-(d) and 8(c)—(e), it is evident that
the severest agriculture drought occurs often after the severest
of meteorological drought, which consistent with the drought
propagation theory—that agricultural droughts are caused by
the accumulation of long-term deficiency of precipitation. Such
a drought transition process (from meteorological drought to
agricultural drought) is longer and more pronounced in wetter
regions, which can be considered as a resistance effect of existing
soil moisture to meteorological drought.
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(c) time series of drought percentage area of the two regions. The drought in the
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To investigate the process of drought transition, we selected
the area around Tonle Sap Lake, where there is an abundant water
system and sufficient soil moisture to prolong the transition
process, as the study area. Cambodia was divided into two
regions, namely: The Tonle Sap Lake regions [including Tonle
Sap Lake and surrounding 100 km regions: Red areain Fig. 9(a)],
and Western Cambodia [except Tonle Sap Lake regions: Blue
area in Fig. 9(a) subsequently]. We calculated the development
of drought area percentage in these two regions. The drought
closer to the Tonle Sap Lake region develops later than in the
surrounding areas [see Fig. 9(b) and (¢)].

The difference may also have a physical and real component.
The development of drought in Western Cambodia occurs signif-
icantly earlier than in the Tonle Sap Lake region, particularly for
moderate droughts that appear on a larger scale almost a month
earlier. A possible reason may be that the well-developed irri-
gation around Tonle Sap Lake, which allows the root-zone soil
moisture in its surrounding area to remain relatively abundant
during the early stages of drought, is resistant to the occurrence
of agricultural drought. This result also indicates the response
of SED to topographic features. Notably, the drought resistance
of Tonle Sap Lakes detected by SED is also evident in 2017 and
2019.

SED and SPI describe drought from separate perspectives,
and it is difficult to compare drought indices directly because
the indices always formulated by different hydrometeorological
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variables or for different areas [71], [72], but if only from the
aspect of guidance for agricultural productivity, SED has the
advantage in responding to the actual drought situation. Fur-
thermore, the two indices differ in the classification of drought,
for example, the “severe drought,” which is a relative rather
than absolute concept, varies from centuries to months, single
or periodic water deficit, the SED describes the intensity and
duration of water deficit in the short term (months or a year)
[9], [10], which may be more instructional and meaningful to
agriculture.

V. CONCLUSION

We use surface soil moisture estimates based on microwave
remote sensing data to monitor the drought evolution in the
Mainland South Asia region. We place agricultural droughts
(deficit in root-zone soil moisture and a frequency distribution-
based index, SED) in the context of the forcing meteorologi-
cal drought (deficit in precipitation and frequency distribution-
based index, SPI). The analyzes of SPI and SED suggest that
SED is a reliable indicator for detecting the onset, evolution,
and end of drought events. SED provides a higher temporal
resolution than precipitation-based proxies of drought state and
can be calculated at a 9 km scale globally without ancillary or
historical calibration data. This makes the approach generaliz-
able for near-real-time drought monitoring.

This study also demonstrates the capability for satellite soil
moisture to retroactively determine the progression, extent,
and severity of recent droughts by following an exceptional
agricultural drought event affecting MSA in 2016, which also
demonstrates the transition process (soil moisture resistance)
from meteorological drought to agricultural drought. However,
this study can be further improved in terms of detail and study
scale. For example, the time scale parameter 7 can be determined
at the grid-scale based on the characteristics of soil moisture
dry-down. In addition, the study can be extended from MSA
to a larger area or even globally with further improvement of
spatial and temporal resolution of remote sensing data.
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