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Drought is a reoccurring slow-onset hazard event and has a tremendous impact on agricultural production and
ecosystem health. Mainland Southeast Asia is a major rainfed crop-producing area of the world, and this region is
increasingly vulnerable to drought hazards. However, the monitoring and characterization of agricultural and
vegetative droughts in this region remains understudied. This paper presented the first comprehensive analysis of
spatiotemporal characteristics and trends of agricultural and vegetative droughts across the region using the
Vegetation Condition Index (VCI) based on the reconstructed MODIS-based vegetation time-series data between
2000 and 2021. This study also developed an approach for identifying severe drought years using annual extreme
pixels. Results showed that vegetation-based drought characteristics and trends varied in space and time across
the region. Central Myanmar suffered from the most frequent droughts (nearly 60%), but prolonged events were
less common. By contrast, the Lower Mekong area suffered from frequent and prolonged drought conditions.
Most of the recent severe droughts were observed in Cambodia, and this area is characterized by a drying trend.
Regionally, the severe drought years were detected in 2000, 2004, 2005, 2010, 2016, 2019, and 2020, and they
were commonly found in Central Myanmar, Thailand, and Cambodia. The analysis of drought years indicated
that the temporal change pattern of drought has shifted from the northern regions (e.g., Central Myanmar) in
2010 to the Lower Mekong region in recent years. The findings of this study provide valuable information for
drought early warning management and agricultural planning across mainland Southeast Asia.

1. Introduction

Droughts are considered the costliest disaster among natural catas-
trophes, with widespread damage to agricultural production (Ha et al.,
2022), ecosystem (Lingfeng et al., 2022), and the economy (Ding et al.,
2011). Drought occurs in most climatic zones, and its impact on agri-
culture is the first and greatest, but it is the least understood of all
natural disasters (Muthumanickam et al., 2011). Although there have
been various definitions of drought over the past decades given differ-
ences in specific disciplines and sectors, drought is generally defined as a
lack of rainfall over an extended period of time, resulting in a shortage of
water supplies for the environment, economy, and society (Wilhite and
Glantz, 1985). According to Dracup et al. (1980), drought is mainly
classified as meteorological, agricultural, socioeconomic, and
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hydrological droughts. The lack of precipitation below the long-term
average (e.g., 30 years), also known as meteorological drought, can be
considered the origins of all types of drought (Ha et al., 2022), while
agricultural drought refers to a lack of soil moisture content that causes
vegetative stress and/or crop failure (Mishra and Singh, 2010). Despite
its different types, a drought event is identified by some common
characteristics (e.g., frequency and duration). These traits likely have
different impacts on agriculture and the ecosystem. For example, short
severe droughts can damage crops in the seedling stage (Unganai and
Kogan, 1998), whereas prolonged low-intensity events can have disas-
trous consequences for the local environment and water resources
(Lingfeng et al., 2022).

Historically, drought monitoring and assessment have been primar-
ily undertaken using in-situ climatic indices such as the Standardized
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Precipitation Index (McKee et al., 1993) and Standardized Precipitation
Evapotranspiration Index (Vicente-Serrano et al., 2010). Although these
station-based indices are considered the most reliable methods for
monitoring drought (Wilhite and Glantz, 1985), they are costly and
usually unable to provide large-area and near-real-time drought infor-
mation (Jiao et al.,, 2021), especially in developing countries with
sparse-data networks. Also, climate-based drought indices can not
directly measure the impact of drought on vegetation health or pro-
ductivity (Gebrehiwot et al., 2011). By contrast, earth observation time-
series data have proven to be a powerful tool that provides timely
drought information with spatial details. For instance, remote sensing
vegetation-based drought indices offer direct insights into the impact of
drought on vegetation and ecosystem health (Du et al., 2013; Gebrehi-
wot et al., 2011). With the growing accessibility of openly available
remote sensing data, frequent monitoring and characterization of global
and regional droughts over several decades have become possible,
especially with the arrival of the Moderate Resolution Image Spectror-
adiometer (MODIS) and the Advanced Very High Resolution Radiometer
(AVHRR).

Over the past decades, many vegetation-based remote sensing
indices have been established and applied for drought monitoring, such
as the Vegetation Condition Index (VCI) (Liu and Kogan, 1996), the
Normalized Difference Vegetation Index (NDVI) (Tarpley et al., 1984),
and the Soil-adjusted Vegetation Index (SAVI) (Huete, 1988). One of the
most widely used indices for drought-related monitoring is the NDVI
(Jiao et al., 2021) because the greenness of the land surface reflects well
plant health and density. However, the use of NDVI might be limited due
to its responses to atmospheric effects and soil reflection. Several other
vegetation-based indices were subsequently proposed to overcome these
drawbacks. For example, the SAVI was established to remove the soil
constraints, while the VCI was proposed to enhance both atmospheric
and soil components (Liu and Kogan, 1996). Among them, the VCI has
been widely adopted as a drought indicator, and the World Meteoro-
logical Organization (WMO) suggested the VCI for global and local
drought-related monitoring (Svoboda and Fuchs, 2016). The VCI has
successfully used to detect agricultural and/or vegetative drought events
worldwide, for example in Africa (Gebrehiwot et al., 2011; Unganai and
Kogan, 1998; Winkler et al., 2017), in the United States (Kogan, 1995b),
in China (Li et al., 2013; Liang et al., 2017; Qian et al., 2016; Yan et al.,
2016), and in Iran (Bajgiran et al., 2008).

Mainland Southeast Asia (MSEA) is a major global rainfed crop-
growing region. As a result of amplified global warming and human
activities, this region becomes more susceptible to drought hazards
(Amnuaylojaroen and Chanvichit, 2019; Zhang et al., 2021). In recent
years, annual agricultural losses due to drought-related hazards have
estimated at approximately US $19 billion (UNESCAP, 2019). Despite
the increasing drought risks, the region has received limited attention in
drought studies using remote sensing time-series in the past decades (Ha
et al., 2022). For instance, Son et al. (2012) used MODIS-based vege-
tation-temperature data to monitor drought during the dry seasons
(2002-2010) in the Lower Mekong region, while Xie and Fan (2021)
assessed different reconstruction methods of MODIS Land Surface
Temperature (LST) and vegetation data for drought detection. Other
studies focused on the drought impact of rice crops (Son and Thanh,
2022; Venkatappa et al., 2021) and landcover/vegetation changes (Le
et al., 2020; Zhang et al., 2014). The consistent observations of regional
drought behaviors are of great importance, given differences in trends
and spatiotemporal characteristics. Understanding these characteristics
is crucial for supporting drought risk management, early warning, and
agricultural planning to ensure regional food security as well as envi-
ronmental sustainability. However, there have been no comprehensive
studies of spatiotemporal drought characteristics and trends over the
region using long-term remote sensing time-series observations (Ha
et al., 2022). In this study, we present the first comprehensive analysis of
spatiotemporal drought characteristics and trends over the entire MSEA
region from 2000 to 2021.
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The main objective of this work is to monitor and characterize the
space-time trend and variability of agricultural and vegetative drought
conditions over the MSEA using the VCI method and monthly MODIS-
based vegetation time-series from 2000 to 2021. The specific objec-
tives are to (1) identify severe drought years, (2) describe spatiotem-
poral characteristics of drought (e.g., drought events, years of latest
drought, drought duration, and frequency, (3) investigate the time-
series evolution of the drought conditions across cropland vegetations,
(4) explore the trend in drought conditions, and (5) evaluate the results
of VCI with climatic factors. The findings of this study are of great value
for the current and future efforts towards drought risk management and
agricultural planning in the MSEA region.

2. Study area and materials
2.1. Study region

The study area covers five different countries in the MSEA region
with a total area of nearly 2 million km? (Fig. 1). This region is home to
approximately 240 million people, and nearly 60% of its population
relies on agricultural activities (Li et al., 2022). Rice becomes a staple
food and is primarily cultivated in the Red River Delta, the Lower
Mekong areas, and southern Myanmar. Overall, there are five main land
cover types, including cropland, grassland, forest, shrubland, and others
(e.g., water surface, bare-land, and residential areas) in the region.
Cropland and forest account for the largest areas with 38% and 41.5%,
respectively. Rainfed-based croplands account for the largest share, with
nearly 85% (ESA, 2017).

The red squares in Fig. 1 highlight four exemplified provinces in the
major crop-growing regions with different cropping practices. Rainfed
agriculture is largely practiced in Cambodia, Myanmar, and Thailand,
whereas Vietnamese rice fields are highly irrigated (Kuenzer and Kna-
uer, 2013). For example, triple and double rice crops are commonly
grown in Can Tho and Vinh Phuc provinces of the Lower Vietnamese
Mekong and Red River areas, respectively whereas single-crop rainfed
rice is largely cultivated in the Cambodian province of Kompong
Chnang. By contrast, the agricultural system in Central Myanmar pri-
marily relies on rainfed pulses and sesame (Herridge et al., 2019).

The weather in the region varies across landscapes and seasons and
falls within the tropical monsoon climate zone. For example, the line and
bar plots from Fig. 1 show the variations of monthly temperature and
precipitation in four major crop-growing areas over the 21-year period,
respectively. Generally, higher temperatures and lower precipitation are
observed in Central Myanmar, while the Lower Mekong and Red River
areas have the opposite patterns. The dry season has the least precipi-
tation and highest temperature, for example in Central Myanmar with
less than 10 mm/month and exceeding 35 °C. The monsoon climate
characteristics facilitate two main growing seasons in the region: dry
(winter) roughly from Nomvember to May and wet (summer) from June
to December, and rice crops are largely grown during both seasons.

2.2. Data source

2.2.1. MODIS NDVI time-series

MODIS dataset is a primary source of input for global and local
ecosystem monitoring and assessment, including drought. Here, the
NDVI observations were extracted from the latest version (6.1)
MOD13A2 (Terra) and MYD13A2 (Aqua) 16-day products. The NDVI
measures the vegetation greenness, and its calculation is based on the
normalized difference between two bands: red and near infrared
reflectance (Didan et al., 2015). Given the frequent cloud cover over the
tropical region (Leinenkugel et al., 2013), this study utilized both sen-
sors to maximize cloud-free pixels. In recognition of the analysis-ready
data, the U.S. Geological Survey (USGS) performed various measure-
ment uncertainty corrections (e.g., geometric and atmospheric correc-
tions) and produced the NDVI products (Didan, 2021). Each NDVI 16-
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day composite image selects the best available daily NDVI pixels from
the acquisition of 16 days. This dataset is identified in a Sinusoidal grid
system and then converted into a geographic coordinate system and
accessed through the Google Earth Engine (GEE) cloud platform. A total
number of 951 images are available over the MSEA region between 2000
and 2021 at 1 km pixel resolution.

2.2.2. Land cover data

Climate Change Initiative (CCI) program of the European Space
Angency (ESA) offers global landcover maps from 1992 to the present.
This product is annually updated and consists of 37 landcover classes at
300 m spatial resolution (ESA, 2017). The GlobCover unsupervised and
supervised classification methods are combined to generate the consis-
tent ESA CCI land cover products from multiple satellites (e.g., PROBA-V
and SPOT). In this study, the product 2016 was undertaken to
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investigate different vegetation types across the region. This dataset was
created from the PROBA-V satellite, and each pixel was enhanced with
multi-year observations to minimize the classification errors (ESA,
2017). Given the primary land covers of the MSEA region, we reclassi-
fied the 37 classes into five main land cover types: cropland, forest,
grassland, shrubland, and others. This dataset was subsequently aggre-
gated to 1 km spatial resolution using the nearest neighbor technique to
match the MODIS NDVI product.

2.2.3. Precipitation and temperature data

Temperature and rainfall were obtained from MODIS LST and the
Climate Hazards Group Infrared Precipitation with Station (CHIRPS)
products, respectively, to evaluate the results of the drought observa-
tions. The monthly LST was retrieved from the daytime MOD11A2 -
product (version 6.1) from 2000 to 2021 using the mean value
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Fig 1. Map of the MSEA countries with five land cover types and their percentages (sub-bar plot). The bar and line plots display the seasonality of mean rainfall and
temperature, respectively in (a) Myingan (Myanmar), (b) Kompong Chnang (Cambodia), and (c¢) Can Tho and (d) Vinh Phuc (Vietnam) from 2000 to 2021. Vertical
lines represent + standard deviation. The map and its administrative names are extracted from GADM (https://gadm.org/).
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Fig. 2. An overview of drought monitoring and characterization from data preprocessing to derived products and verification.

composite. Here, cloud-contaminated LST values were eliminated to
include only clear-sky observations whereas missing values were inter-
polated using the nearest neighbor value. In addition, we used the long-
term CHIRPS pentad product, which provides quasi-global coverage
(~5km spatial resolution) from 1981 to the present. This dataset is
produced using the infrared cold cloud duration observations of multiple
satellites (e.g., TRMM and NOAA GridSat) and subsequently enhanced
with station-based measurements (Funk et al., 2015). In the MSEA re-
gion the CHIRPS product outperformed other satellite-based precipita-
tion products (Dandridge et al., 2019). The CHIRPS data was also
resampled to higher spatial resolution (1 km) using the bilinear method.

3. Method

This section presents the workflow of spatiotemporal monitoring and
characterization of agricultural and vegetative drought conditions in the
MSEA region from 2000 to 2021. To obtain the consistent and contin-
uous observations of drought, the high-quality MODIS NDVI time-series
were reconstructed and utilized to derive the monthly VCI values. The
auxiliary datasets are pre-processed to suit the spatio-temporal resolu-
tions of the MODIS NDVI measurements. Subsequently, drought char-
acteristics and trends are derived based on the VCI time-series, whereas
a robust approach for identifying severe drought years was proposed.
Ultimately, the LST and precipitation were used to verify the results of
the VCI-based drought conditions. An overview of the implemented
workflow is presented in Fig. 2.

3.1. Reconstruction of MODIS NDVI time-series

In the MSEA region, persistent clouds and shadows in the optical
remote sensing data impede the continuous derivation of accurate
drought observations. Reconstruction of time-series measurements is
therefore essential to minimize noise, produce gap-free pixels, and
enhance drought detection. For this study, the NDVI observations are
interpolated and composited in a monthly window and subsequently
reconstructed using the Savitzky—Golay (SG) filter method.

A linear interpolation is applied for the NDVI time-series observa-
tions from 2000 to 2021 (Chen et al., 2004). Subsequently, the monthly
NDVI data were composited in a monthly window using the median
value composite (MVC) method, which takes the median value of the
NDVI time series in a given month as the composited value. This method
proved to be more stable and robust to outliers (Ruefenacht, 2016). A
total number of 263 monthly NDVI reconstructed images are available
over the MSEA region from 2000 to 2021. Due to the effects of persistent
clouds and interpolation technique, the SG method is undertaken to
produce noise-free monthly NDVI time-series. This method was widely
accepted because it preserves the temporal curve of the NDVI mea-
surements and produces better drought indices. The concept of the SG
filter is to fit a polynomial least-squares equation in a local moving
window to enhance vegetation observations (Chen et al., 2004). Two
key parameters are required for this method: the polynomial orders and
window size, and this study used the values 2 and 5, respectively.

3.2. Vegetation condition index (VCI)

The NDVI was widely accepted to detect drought conditions and
vegetation stress, but the interpretive issues might arise in heteroge-
neous vegetative areas (Kogan, 1990). This means vegetation health is
likely attributed to environmental and atmospheric variations. In com-
parable areas, for example, higher NDVI values were found in areas with
excessive resources (e.g., more favorable climate and soil) than in areas
with underprivileged conditions (Kogan, 1990). This disparity is mainly
due to weather and ecosystem components. Due to poor signal of cli-
matic elements, the weather-induced vegetation changes are more
challenging to identify than that of ecological components. Thus, the
climatic components should be removed from the ecosystem factors
when we used the NDVI for monitoring weather-related impacts in
terrestrial vegetation (Kogan, 1990).

Developed by Kogan (1990), the VCI was designed to enhance the
weather-related components in the NDVI value. Here, the linear trans-
formation is applied for scaling the vegetation (NDVI) values from zero
(minimum NDVI) to 100 (maximum NDVI) at each pixel across time
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period. The VCI is computed by the following expression (Eq. (1)):

ver, — 100+ NPVEi = NDVi, 0
NDVI,,, — NDVI,,;,

While NDVI; is the monthly NDVI, NDVI,,,, and NDVI,;, are the
highest and lowest NDVI values, respectively, computed at each pixel
and monthly interval (12 months) using the examined NDVI record
(2000-2021). The VCI measurements are identified in percentages
ranging between zero and 100, reflecting vegetation health conditions
from very poor (drought) to healthy (non-drought). Following Kogan
(1995a) and (Dutta et al., 2015), we classified the VCI into five levels of
drought severity. We defined values from 50 to 100% as non-drought,
and the value from 30% to 50% represents a mild drought. Moderate
drought ranges from 20% to 30%, whereas the VCI below 10% and 20%
shows extreme and severe droughts, respectively.

3.3. Identification of severe drought years and characteristics

Drought characteristics and severe drought years were detected
using the monthly VCI-based drought observations between 2000 and
2021. A severe drought year can cause widespread and long-lasting
impacts on crops, livestock, and ecosystems, resulting in food insecu-
rity, economic loss, and environment degradation. Most of the previous
studies defined the VCI-based extreme and severe drought conditions
less than 20% (Gebrehiwot et al., 2011; Kogan, 1995a; Shahabfar et al.,
2012). In this study, we tested different threshold values (from 5% to
20%) and evaluated their performance with the in-situ drought reported
years in the MSEA region. We found that the 10% threshold value
aligned the most with the reported drought years. Therefore, a severe
drought year is defined as the annual percentage of extreme pixels (VCI
< 10%) exceeding the long-term (21 years) average (Eq. (2)), while we

also considered the extreme VCI severity over the same period (Eq. (3)).

S (%) 100%

P =
M;

(VCI < 10%) (2)
Where P; and M; are the percentage of extreme pixels and number of
months at year i, respectively. The VCI;; is the total VCI value at month j
in year i whereas N is the total number of valid pixels (excluded NANs
valued) across the region.

> (Ay)
M

i

S = (VCI < 10%) 3)

Where S; and M; are annual average VCI values and number of months at
year i, respectively. The A;; is the mean VCI value at month j in year i
across the region where the VCI pixels (<10%) are considered.

In addition, we investigated four main characteristics of drought in
each grid cell: number of drought events, latest drought year, drought
frequency, and drought duration. To identify these characteristics, we
defined a drought event as continuous VCI value less than 50%. This
threshold was chosen because prolonged mild to moderate drought
conditions might cause a considerable damage to crop production and
the ecosystem (Guo et al., 2018). Also, this threshold can be helpful for
developing and implementing a drought early warning system. In this
study, the number of drought events reflects the drought conditions with
a continuous consecutive VCI below the threshold value for at least three
months, while the drought duration is the average length of drought
from 2000 to 2021. The drought year represents the latest years with the
maximum consecutive drought months, and the drought frequency is the
occurance drought events over the selected study period.
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3.4. Time-series analysis

Parametric and non-parametric methods were commonly used to
perform trends of land surface variables from remote sensing time-series
measurements (Mao et al., 2012). This study used non-parametric
methods because they are robust to autocorrelated and non-normally
distributed data (Fan et al., 2017). Here, we employed the Mann-
Kendall (MK) statistical test together with Sen’s slope method for
detecting the significance of interannual drought trends over the two
main growing seasons, summer (rainy) and winter (dry), from 2000 to
2021. The MK test and Sen’s slope were developed by Mann and Kendall
(Guo et al., 2018) and became a widely used non-parametric methods
due to their robustness to non-normality and missing values (Fan et al.,
2017). The MK significance test identifies the trend’s power and direc-
tion, whereas the Sen’s slope measures the slope gradient (Sen, 1968).
This study detected the drought trends at a significant level of a < 0.05,
where a positive (negative) slope indicates a significant increase
(decrease) in drought conditions.

3.5. Verification of the VCI-based drought conditions

In-situ climatic factors (e.g., precipitation and temperature) are
considered the most reliable for detecting drought conditions. However,
collecting such data over large areas is very challenging due to sparse in-
situ measurement networks, particularly over the MSEA region. Here,
the monthly CHIRPS precipitation and MODIS-based LST datasets,
therefore, were performed to verify the VCI results. The LST and pre-
cipitation observations were transformed to the temperature and pre-
cipitation standardized anomaly to avoid the effect of seasonality as
expressed in Eq. (4), respectively.

CV,;—CV,;

J

While SAI; is the temperature and precipitation standardized
anomaly for month j and year i over the selected study period, the CV;;
means the temperature and precipitation values in month j and year i.
The CV;; and o; represents the average and standard deviation values of
the temperature and precipitation at month j.

The Pearson correlation coefficient (R) and visual comparison were
undertaken to examine the region-wide agreement between the VCI and
the temperature and precipitation, respectively. We computed monthly
R values between the VCI and temperature data for different vegetation
classes across the region at a significance level (a < 0.05). The R value
runs from —1 to 1, with a higher absolute R value indicating a stronger
correlation between the VCI and temperature. Finally, the VCI results
were compared with precipitation for different land covers from 2000 to
2021.

4. Results and discussion

4.1. Cross-verification of the VCI-based drought condition with
precipitation and temperature

Vegetation dynamics are highly responsive to climatic factors in
addition to human activities. Among the most important factors
impacting vegetation are precipitation and land surface temperature.
Extreme temperatures and/or low precipitation might cause declining
vegetation vigor and crop failures. A lack of rainfall could lead to surface
moisture stress, making it difficult for plants to access the water they
need to survive. Similarly, higher temperatures could generate thermal
pressure for vegetation’s photosynthesis and growth. Therefore, these
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variables can be used for evaluating the sensitivity of the VCI for drought
monitoring.

The monthly R values between the VCI and temperature were per-
formed across different land cover types (cropland, forestland, and
shrubland) over the selected study period. Overall, the VCI and LST had
a negative association in all vegetative areas (Fig. 3), but their re-
lationships are characterized by the seasonal variations. The negative
correlation revealed that increased temperature (drier weather)
declined the VCI (increased vegetation stress). Obviously, higher abso-
lute R values were mostly observed during the dry season, especially
from January to March, while the wet season witnessed lower R values.

Obviously, this pattern is expected because the lack of water can
limit plant growth and reduce vegetation cover during the dry season. In
this context, temperature may have a greater influence on vegetation
condition as it can affect plant water use efficiency and the rate of
photosynthesis (Son et al., 2012). Hence, the correlation between the

two datasets is stronger during this season due to higher sensitivity of
vegetation to temperature under water limited conditions. By contrast,
the rainy season typically provides plants with more moisture, resulting
in increased growth and coverage that may reduce the impact of tem-
perature on vegetation. As a result, the correlation in this case may be
less pronounced compared to the dry season.

Considering the land cover types, the temporal pattern of R values
was found to slightly vary across land cover classes, and cropland has the
highest absolute R values (Fig. 3). Different land cover types can influ-
ence the correlation between the VCI and temperature in various ways.
For example, forest generally have a higher transpiration rate than
grasslands or croplands, making them less susceptible to temperature
changes compared to other land cover classes (Wickham et al., 2012). By
contrast, croplands are usually managed intensively to maximize pro-
ductivity, which means that they are likely more sensitive to tempera-
ture changes than other land cover types (Marshall et al., 2004).
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The VCI results were also compared to the precipitation anomalies
across vegetative types. The comparison revealed a close and consistent
agreement between the VCI and precipitation over the selected time
period (Fig. 4). Despite some discrepancies between the land cover
classes, the closest agreement was observed in cropland areas, where the
decline in VCI values was reflected in years with precipitation deficits (e.
g., 2005, 2010, 2016, and 2019). This demonstrated that the VCI can
reliably use for detecting crop stress and/or agricultural drought. In
comparison, the VCI variability also followed precipitation deficits in
forest and shrubland areas, but this trend was not as strong as in crop-
land areas. This suggests that the croplands are more responsive to
rainfall than the other vegetative surfaces. These differences are most
likely due to the sensitivity of forest and shrubland to droughts. Recent
research has revealed that, compared to cropland and grassland, forest
and shrubland areas are more resistant to drought conditions (Xu et al.,
2018). Overall, the VCI-based drought demonstrated a reliable indicator
for monitoring drought condition in the MSEA region.

4.2. Dynamics of drought characteristics in the MSEA region

4.2.1. Spatiotemporal dynamics

Understanding the space-time drought characteristics is critical for
risk mitigation management related to water resources and agricultural
production. Fig. 5 presents the variability of four drought characteristics
during the 2000-2021 period based on the VCI values. Prolonged
drought events spatially varied across the region, with up to 25 events

observed in southern Myanmar, Central Thailand, and the Red River
delta (Fig. 5a). This result indicates typically longer periods of drought
in these areas, which was consistent with in-situ drought reports. For
example, the most recent drought recorded by the International Disaster
Database in the lower Vietnamese Mekong provinces lasted nearly 8
months (Ha et al., 2022), whereas Thailand suffered from more than 15
months of drought.

On average, the MSEA region suffered from 12 to 15 drought events
over the selected study period. Thailand had the highest number of
prolonged droughts, with 14.5 events, followed by Vietnam (~12
events). Majority of the severe drought spells occurred in 2005 and 2016
(e.g., in Thailand and Vietnam), covering nearly 20% of the MSEA re-
gion. In recent years, the Lower Mekong Delta has disproportionately
affected by prolonged drought events as compared to other areas
(Fig. 5b). For example, the result indicates that nearly 35% of Cambodia
experienced the prolonged drought during the years 2020 and 2021,
which was consistent with the severe decline of major Tonle Sap Lake’s
water extent (Lindsay et al., 2021).

Except for differences in the latest drought years, there are common
features between the drought duration and frequency. The mean dura-
tion is identified to be higher in Central Myanmar and the Lower
Mekong areas (Fig. 5¢). Consequently, the drought frequency was also
observed to be larger there than in other areas (Fig. 3d). Overall, nearly
30% of the MSEA region suffered from more than 5 months of drought,
and Cambodia had the highest mean duration of drought with nearly 6
months. Vietnam ranked second with nearly 5.2 months, while Laos had



T.V. Ha et al.

International Journal of Applied Earth Observation and Geoinformation 121 (2023) 103378

Year=2001 Year=2002 Year=2003 Year=2004 Year=2005 Year=2006 Year=2007
1 .‘ “1‘5‘ ]
; ‘
100
80
60
®
o
>
40
20
0
y L ) ) | i "
1053 1055 1057 1053 1055 1057 1053 1055 1057 1053 1055 1057 105.3 1055 1057 1053 1055 1057 1053 1055 105.7
100
Il Non-drought [ Drought
m -
—~ &1
&
@]
> 401
201
2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022

Fig. 9. Spatiotemporal distribution and evolution of agricultural drought conditions in Can Tho province, Vietnam during the dry seasons from 2000 to 2021. The
line plot displays the temporal variations of crop stress. Gray bars in the line plot indicate the dry seasons.

the shortest duration with 4.3 months. In addition, the MSEA region was
found to have a high drought frequency, particularly in cropland areas.
On average, nearly 40% of droughts occurred in most countries, except
for Laos, with 34%. Noticeably, the central region of Myanmar had the
highest occurrence of drought (~60%), but with fewer prolonged
drought events (Fig. 5a), implying shorter periods of drought in this
area. In Vietnam, frequent drought conditions were mainly observed in
Lower Mekong and Red River deltas (Fig. 5d), while Le et al. (2019)
reported that drought frequency was largely found in Central Vietnam
based on in-situ precipitation and temperature data from 1980 to 2014.
These differences could be due to several factors such as selected
thresholds, spatiotemporal resolutions, and sensitivity. For example, our
study selected a threshold (VCI < 50%) that indicates mild to extreme
drought conditions, while they defined drought events from moderate to
extreme conditions.

4.2.2. Years of severe drought

Fig. 6 illustrates the annual percentage of extreme pixels and VCI
severity across the MSEA region. Overall, extreme pixels were variant
across years, but the largest areas being impacted by drought were
detected in 2000, 2004, 2005, 2010, 2016, 2019, and 2020. Noticeably,
the years 2004 and 2005 had the highest percentage of extremely low
VCI pixels (nearly 20%), followed by 2010 (~15%), whereas the most
extreme VCI values were also observed during this period. Generally,
larger extreme pixels are associated with lower extreme VCI values
(Fig. 6).

10

The distribution of the severe drought years varied across space and
time, with the majority of severe droughts detected during the dry
season (Fig. 7). For instance, the longest drought event was observed in
2005 (~9 months), and the peak of this drought occurred between
November 2004 and March 2005. Other severe drought years typically
last from three to five months (e.g., 2016 and 2019). Spatially, severe
drought conditions were found across the study area, but they were most
commonly identified in Central Myanmar, Cambodia, and Thailand.
Apparently, the entire MSEA region suffered from drought in the dry
season of 2004-2005. In 2010, a severe drought occurred in the north-
ern region (e.g., Myanmar). In comparison, the severe drought (2016)
was mainly found in the southern region (e.g., Thailand and Cambodia).
In addition, these countries have witnessed more severe drought than
other locations in recent years.

The spatial evolution of drought years revealed that severe drought
typically occurred from November/December to April/May, with the
reoccurring cycle every 4-5 years. This period falls around the ripening
of unirrigated rice fields (November-December) in Thailand, Myanmar,
and Cambodia, whereas Vietnamese farmers begin the winter-spring
rice cropping season. This information (drought onset and cessation)
would be crucial for local authorities to navigate water resources and
develop future drought mitigation plans. The results of this investigation
revealed a close agreement with in-situ drought statistics and aligned
with local drought studies. Vietnam, for example, suffered from the
largest droughts in 2004-2005 (Tran et al., 2023) and 2005 and 2010
(Le et al., 2019). In the Lower Mekong Delta, severe drought years were
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Fig. 10. Spatiotemporal evolution of agricultural drought conditions in Kompong Chnang province, Cambodia during the dry seasons from 2000 to 2021. The line
plot displays temporal variations of crop stress. Gray bars in the line plot indicate the dry seasons.

reported in 2004-2005 (Adamson, 2005; Son et al., 2012), 2010 (Zhang
etal., 2014), and 2015-2016 (Guo et al., 2017; Son and Thanh, 2022). A
statistical analysis of in-situ drought events from the International
Disaster Database revealed that the MSEA region suffered the largest
drought events in 2005, 2010, 2015, 2016, and 2019 (Ha et al., 2022).

Although this approach demonstrated a promising result to identify
severe drought years, there are some potential limitations. Firstly, the
appropriate threshold value for drought detection using the VCI values
may vary for different regions and data sources. Testing and validation
of different threshold values are essential to ensure the accuracy of the
results. Secondly, the spatial resolution of the VCI data can affect the
results, and the VCI values may be influenced by insects and diseases or
different land use practices, leading to different identification of drought
years. However, it is expected that these factors are likely localized and
may not represent large-area. For example, a pest outbreak in small
areas of Thailand may cause a decline in the VCI values in that particular
area but may not represent the overall drought condition over the entire
MSEA region. Last but not the least, other factors may also influence
severe drought years such as precipitation deficit, high temperature, and
human activities. It is observed that nearly 85% of agricultural area in
the MSEA remained rainfed-based practices, which suggest that the
impact of irrigation is negligible. Despite its limitations, the VCI pro-
vided early signal and rich information on vegetation changes and
drought conditions whereas the proposed approach can be expanded for
other regions with similar climate and ecosystem characteristics to
determine severe drought years.
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4.2.3. Drought impacts on cropland vegetation

The effects of drought on cropland vegetation can provide helpful
insights on how crops respond to drought conditions across the envi-
ronment over time. Fig. 8 shows the VCI-based drought evolution
averaged by the country-wide cropland from 2000 to 2021. Overall, the
patterns of drought dynamics were generally consistent across the
countries, but there were great variations in recent years. For example,
Laos and Cambodia suffered from the worst drought in 2020, whereas
other countries showed little sign of drought conditions. Most countries
had the lowest cropland VCI values (severe drought conditions) in 2005
(e.g., Thailand, Cambodia, and Vietnam), but Myanmar had lower
cropland VCI values in 2010. Noticeably, Vietnam’s cropland has suf-
fered least from the drought over the last ten years (e.g., VCI > 50),
whereas the drought conditions had severe impacts in Thailand and
Myanmar during the same period, as can be seen in Fig. 8.

To better understand the drought impacts in crop-growing regions,
we further analyzed the spatiotemporal evolution of the droughts during
the dry seasons in four specific areas where cropland is dominant. In
highly irrigated cropland environments, the Vinh Phuc and Can Tho
provinces of Vietnam suffered the least from drought conditions among
the four examined areas. For instance, the worst drought event in Can
Tho province was observed in the dry season 2002, whereas the
remaining dry seasons usually experienced mild to moderate drought
conditions (Fig. 9). As can be seen from the line plot in Fig. 9, croplands
from 2000 to 2010 suffered from frequent droughts, and the latest
droughts in this area were observed in 2020 and 2021. Although the
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VCI-based drought results showed moderate drought conditions, these
recent droughts have been reported to cause significant damage to water
supplies and livelihoods in the Lower Vietnamese Mekong Delta. A
recent survey conducted in the coastal province of Soc Trang revealed
the devastating impacts of drought stress on local farmers (Tran et al.,
2021). Specifically, the survey found that the farmers’ livelihoods and
health are highly vulnerable to drought effects, but local food supplies
remained sufficient. In 2015-2016 drought conditions were recorded in
the Lower Vietnamese area, but the VCI results from the Fig. 9 showed
that crop health remained good conditions, and this is likely due to the
dense network of irrigation system in the region.

In comparison, the Kompong Chnang province of Cambodia has been
frequently affected by severe drought conditions (Fig. 10). Despite its
location downstream of the Tonle Sap Lake, the province has been hit
hard by recent droughts in 2019 and 2020, which have caused signifi-
cant damage to cropland areas. This is particularly evident in the dry
period, when single-crop rainfed-based rice is commonly grown. Nearly
40% of the dry seasons in the province were observed with severe
drought conditions (Fig. 10). The line graph in Fig. 10 depicts that the
recent drought conditions have increased not only in frequency but also
in magnitude. This information suggests that the recent droughts have
become more severe and longer-lasting, which likely had great impacts
on agricultural production and communities. Ha et al. (2022) revealed
that Cambodia ranks second across the MSEA countries with nearly 9
million farmers affected by drought, whereas Son and Thanh (2022)
estimated that more than 60 rice-growing Cambodian districts were
largely affected in recent drought years.

In the central dry region of Myanmar, where rainfed legume
and oilseed crops are the primary source of income for farmers (Her-
ridge et al., 2019), but this area is increasingly prone to severe droughts,
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particularly during the dry seasons. For instance, croplands in Myingan
were affected by severe drought conditions in most dry seasons (Fig. 11),
which were worse compared to the other areas (e.g., Can Tho, Vietnam
and Kompong Chnang, Cambodia). In a temporal sense, the croplands
were most affected in 2005 and 2010, as shown in a line plot from
Fig. 11. Interestingly, the greenest vegetation was observed in 2017 and
2018, which is a clear indication of favorable climatic conditions during
these dry seasons. Although Myanmar frequently suffers from drought
hazards, there has been little research in the recent decades. In fact,
there have been no local and national drought studies using remote
sensing time-series in Myanmar (Ha et al., 2022). Given the benefits of
high spatiotemporal resolution satellite observations as well as vast
agricultural landscape, there is a need to implement regular drought
monitoring to strengthen the drought risk mitigation and support agri-
cultural planning in this area.

4.3. Trend of drought conditions

Trend analyses were performed on the VCI time-series from 2000 to
2021. Fig. 12 displays the results of the per-pixel trend detected during
both the dry and rainy growing seasons over the MSEA region. Green
and red colors indicate decreasing and increasing drought conditions (or
greening and browning vegetative trends), respectively, while gray
colors represent non-significant trends or non-vegetative areas. Overall,
decreasing drought conditions (increasing vegetation) predominate in
northern Vietnam and eastern Thailand, whereas rising drought condi-
tions (browning vegetation) are apparent in Cambodia and southern
Laos. Regionally, this study found that nearly 15% of the vegetative
areas suffered from increasing drought conditions, while the rest
remained stable or resistant to drought hazards, with roughly 30% of the
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vegetation growing over the study period. These findings suggest that
while some vegetative areas are more vulnerable to drought conditions,
there are also areas and plants that are more resilient.

In the dry growing season, most of the forest or shrubland was found
to indicate a decreasing trend of drought (an increase in green forest),
whereas cropland shows either no trend or a slight change (Fig. 12a). In
contrast, the trend analysis revealed that croplands experienced a
decline in droughts (increase in greenness) during the rainy season in
eastern Thailand and the lower Mekong delta. In Laos and Myanmar,
vegetation greenness has remained relatively stable over the past 21
years (Fig. 12b). Moreover, the detected trend in northern Vietnam
decreased from the dry to the rainy growing season.

Climate change and cropping practices could explain differences in
the spatial variations of drought trends (vegetative stress). The increase
of annual VCI is significant over northern Vietnam (VCI trend exceeds 4
yr~1) where forests and shrubland are dominant. Over the past decade
forest restoration programs from the Vietnamese government have
increased forest cover in addition to the rapid expansion of farm-based
forest plantations (de Jong, 2010). In Cambodia, a large decline of the
VCI (e.g., rate < -3 yr~!) was prominent in the surrounding areas of the
Tonle Sap Lake, where rainfed cropping systems are commonly prac-
ticed. Furthermore, Chen et al. (2021) analyzed the multi-decadal
variability of Tonle Sap Lake, and they revealed that the lake’s water
extent has declined because of increasing climatic crises (e.g., precipi-
tation deficits) and human activities (e.g., hydropower operations). In
eastern Thailand, the rainfed rice crop is primarily grown in the rainy
season, whereas flooding events usually occur during this time in
northern Vietnam. These could be the possibilities of the increasing
(decreasing) VCI drought trends in Thailand (Vietnam), respectively.

5. Conclusion and outlook

Drought has been and continues to have widespread impacts on

agricultural production and the ecosystem. Understanding the dynamics
of spatiotemporal drought variability plays a critical role in water
resource management and risk mitigation for agricultural development
and ecosystem protection. This study presented the first detailed anal-
ysis of spatiotemporal agricultural drought characteristics and trends
over the MSEA region from 2000 to 2021 using the MODIS-based
vegetation time-series data. A series of drought characteristics were
investigated (e.g., duration, frequency, severe events, and the latest
drought years) using the monthly VCI. Based on the annual extreme
pixels, severe drought years were identified across the region. Lastly, the
trend of drought was calculated based on the VCI time-series using the
MK trend test in association with the Sen’s slope for the dry and rainy
growing seasons. The main results can be summarized the following:

- The patterns of drought characteristics vary in space and time over
the MSEA region. Larger drought frequency and duration were found in
central region of Myanmar and the Lower Mekong Delta. For example,
Central Myanmar had the highest drought occurrence (~60%), whereas
Thailand and Vietnam suffered from nearly 15 prolonged drought events
over the past two decades.

- During the investigated period, the years 2000, 2004, 2005, 2010,
2016, 2019, and 2020 were found to be impacted by the most extreme
drought conditions.

- A wetting trend was detected in Northern Vietnam during the dry
season, whereas this trend is more dominant in eastern Thailand during
the rainy season. The increase of drying conditions is significant over
Cambodian cropland areas.

- Croplands were sensitive to drought conditions. In detail, croplands
in Vietnam were observed to be least affected by drought conditions
over the last ten years, whereas rainfed croplands in Cambodia and
Myanmar suffered from severe droughts.

- A close agreement between the VCI-based drought and climatic
factors was observed across time-series. The highest correlation co-
efficients between temperature and the VCI are observed during the dry
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season.
The findings of this investigation could be of great value to regional
and local authorities dealing with drought adaptation and mitigation
strategies. For example, the drying trend in Cambodia and the higher
drought frequency in Central Myanmar as well as the Lower Mekong
Delta could be of relevance to decision-makers. The results of this study
also demonstrated the advantages of the reconstructed MODIS-based
vegetation time-series for continuously regional drought characteriza-
tion. Given the fragmented cropland areas and increase in localized
droughts in the MSEA region, details of space-time drought information
are required for local agricultural planning. In the future, the potential
of harmonized Landsat and Sentinel-2 observations will be explored
with respect to drought monitoring and impact assessment, whereas
driving factors of vegetation drought changes will be investigated.
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