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Abstract

Study Region

Lower Mekong River Basin (LMRB)

Study focus

Satellite remote sensing products are widely used for monitoring droughts. Using NASA satellite sensors
of precipitation (Global Measurement Mission, GPM), soil moisture (Soil Moisture Active and Passive,
SMAP), and terrestrial water storage (Gravity Recovery and Climate Experiment, GRACE), this study
evaluates the historical drought in the LMRB during 2015-16. SMAP soil moisture was validated against
in-situ soil moisture, and GPM precipitation and SMAP soil moisture were cross-validated with streamflow
observations. The spatiotemporal dynamics of soil moisture were also examined in different ranges of
catchment areas. In performing the analysis, we used lagged correlations between hydrological variables

and the indices of the Standardized Precipitation Index (SPI) and Standardized Streamflow Index (SSI).

New hydrological insights for the regions

Spatio-temporal patterns of drought in 2015-16 were examined from the entire basin to small watersheds.
A mismatch occurs when using GRACE data to study droughts in small watersheds (many of the small
watersheds would be a fraction of the few 100 km? spatial resolutions of GRACE pixel). In smaller
watersheds, hydrological drought (SSI) was closely defined with SMAP soil moisture downscaled to 1km
rather than the meteorological drought index (SPI). By leveraging satellite-based observations across a
range of spatial scales, this study highlights the utility of Earth observations in informing water resources

and land management decisions at the regional scale.

Keywords: Mekong; GPM; SMAP; GRACE; downscaled SMAP; SPI; SSI
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1. Introduction

Drought occurs naturally in any global climatic zone when the weather is warm and dry for an extended
period of time (Tallaksen, 2000). Droughts can broadly be classified into four types: meteorological,
hydrological, agricultural, and socioeconomic. The specific classification of droughts varies based on
factors like the causes and consequences of drought, location, or field of study (West et al., 2019; WMO
and GWP, 2016). For example, Thornthwaite (1947) divided droughts into four categories: permanent
(when water demand exceeds supplied precipitation), seasonal (with rainy and dry seasons), contingent
(irregular and variable rainfall), and invisible (can occur at any time). Conversely, Wilhite and Glantz
(1985) classified drought into four groups: meteorological, hydrological, agricultural, and socioeconomic.
Additionally, some studies have proposed different drought types, such as ecological drought (Bradford et
al., 2020; Crausbay et al., 2018) and flash drought (Christian et al., 2019; Hu et al., 2021). Practically, all
drought types are interrelated, and it is difficult to determine the start and end of each drought type (Ha et
al., 2022; Son et al., 2021; West et al., 2019). For instance, a reduction in precipitation over time leads to
meteorological drought. Ifthis precipitation deficit continues, it can lead to reduced stream flow, lake levels,
and groundwater, resulting in hydrological drought. The lack of rainfall and water supply causes soil
moisture deficits, which are associated with agricultural droughts. Finally, socioeconomic drought occurs
when water demand for social and economic activities exceeds water supply due to weather-related
shortages, including impacts from meteorological, agricultural, or hydrological droughts (Elhag and Zhang,
2018). Among natural hazards, drought is one of the costliest ones because it reduces water availability
which negatively affects agriculture and socioeconomic prosperity (Wilhite, 2000). Droughts are increasing
in intensity and frequency as water resources are becoming limited across many regions in a warming
climate, posing detrimental effects on society and our planet (Gudmundsson et al., 2021; Vorosmarty et al.,

2010; Zhang et al., 2014; Zhongming et al., 2021).
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Drought monitoring has traditionally relied on in-situ measurements but advances in earth observation
technologies have transformed drought monitoring methods. Earth observations utilize different satellite
missions to remotely sense different hydrological variables around the world. Precipitation is estimated by
using some satellite missions/instruments, for instance Global Precipitation Measurement (GPM) (Huffman
et al., 2020; Mohammed et al., 2018a; Mohammed et al., 2018b; Mohammed et al., 2018c), and Climate
Hazards Group InfraRed Precipitation with Station data (CHIRPS) (Funk et al., 2015; Le et al., 2020b).
The introduction of satellite-based precipitation products can enhance the spatio-temporal coverage of
meteorological drought mapping and monitoring (Zhang et al., 2017). Moreover, agricultural drought
monitoring research can utilize microwave sensors to acquire soil moisture content for characterizing soil
moisture deficits (Bolten and Crow, 2012). Microwave sensors provide continuous coverage over large
geographical areas and do not suffer from limitations associated with daylight availability and cloud
coverage (Lakshmi, 2013). Surface soil moisture is extracted from various satellite missions equipped with
active/passive microwave sensors such as Soil Moisture and Ocean Salinity (SMOS) (Kerr et al., 2001), or
Soil Moisture Active Passive (SMAP) (Entekhabi et al., 2010). Additionally, remote sensing have enabled
measurement of the Earth's total water storage in response to hydrological/groundwater droughts via the
Gravity Recovery and Climate Experiment (GRACE) mission (Tapley et al., 2004). GRACE observed
variations in terrestrial water storage (TWS) at all water storage locations (soil moisture, surface water, and
groundwater). The GRACE satellite is unique as it measures below beneath the top five centimeters of the
surface without being affected by surface conditions. Numerous studies have successfully used GRACE
data to monitor hydrological droughts (Frappart et al., 2013; Rodell et al., 2009; Thomas et al., 2017). In
Web of Science Search, drought-related publications based on satellite remote sensing have increased from
fewer than 5 per year in 1982 to more than 300 per year in 2014 (West et al., 2019). Sheffield et al. (2018)
discusses that remote sensing technologies have a significant role in improving water management

throughout data-scarce regions. Overall, Earth observations have been increasingly used in recent decades
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for drought monitoring, as their capacity to provide continuous observations over large spatial domains for
several key hydrologic variables such as precipitation (Hou et al., 2014), soil moisture (Bolten et al., 2010;
Bolten and Lakshmi, 2009; Chan et al., 2016), and terrestrial water storage (Syed et al., 2008) has been

improving.

Over the Lower Mekong River Basin (LMRB), the agricultural system is sensitive to seasonal uncertainty
and droughts are expected to increase in frequency and intensity. Around 70 percent of the population in
the LMRB engages in agricultural activities (Abhishek et al., 2021). As the majority of agriculture in the
region relies on rain, seasonality poses uncertainties about agricultural productivity and subsequent
livelihood activities (Jones et al., 2003; MRC, 2003). The causes of droughts in the Mekong region are
possibly (1) climate change, (2) low rainfall, (3) dry weather and high temperatures, (4) El Nifio Southern
Oscillation phenomenon, and (5) disagreements on water politics over Chinese dam construction and
operation (Basist and Williams, 2020; Keovilignavong et al., 2021). In future drought projections,
Thilakarathne and Sridhar (2017) demonstrated that drought severity and peak could be elevated
significantly in the LMRB as analyzed from outputs from 15 global climate models (GCMs). Based on
eight of the GCMs of CMIP6, Dong et al. (2022) reported that drought conditions will last longer during
the dry season in most of the LMRB. Unfavorable climate conditions are projected in the Mekong Delta as

increasing drought months (Mondal et al., 2022), or drought intensity (Li et al., 2021).

Remote sensing-based drought monitoring in the LMRB is an area of research that requires more attention.
Meteorological and agricultural drought monitoring using satellite observations are among the most
impactful topics (Son et al., 2012; Tran et al., 2019) (for more details, please see Table 1) but there is room
for improvement. Most studies investigated remote sensing-based drought monitoring in large-scale
regions. However, understanding of local hydrological information would be beneficial to inform local

decision makers. Microwave remote sensing provides a promising way to understand drought condition
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related to soil moisture deficits (Entekhabi et al., 2010). To date, there have been only a few studies
assessing microwave remote sensing products over LMRB. This is due to the lack of in-situ soil moisture
network to validate microwave remote sensing of soil moisture. There is only one previous study that has
attempted to validate C-band microwave satellite-based soil moisture in the LMRB (Naeimi et al., 2013).
However, this study used an indirect method through the evapotranspiration variable to validate soil
moisture. Advanced soil moisture measurement using L-band microwave was attempted in the LMRB, but

no in-situ validation has been previously discussed (Dandridge et al., 2020; Kang et al., 2021).

This research aims to demonstrate the relevance of NASA satellite observations for drought monitoring
over the LMRB by (1) examination of historical drought conditions in 2015-16 using spaceborne data from
precipitation, soil moisture, and terrestrial water storage; (2) assessment of high-resolution SMAP soil
moisture to track the dynamics of the 2015-16 drought event at the watershed level; (3) cross-validation of
soil moisture and precipitation- and streamflow-derived drought indices. We examined the 2015-16
drought, one of the worst natural disasters over the LMRB in recent years, causing tremendous impacts of
socio-economic and livelihood in the region (MRC, 2019). We used GPM IMERG for precipitation, SMAP
(9km) and its downscaled (1km) product for soil moisture, GRACE for terrestrial water storage. Also, to
gain insights about drought conditions at regional scale, we focused on the entire basin, as well as the
smaller watersheds. We obtained in-situ monthly streamflow over 16 catchments within LMRB and
assessed co-variability of precipitation, soil moisture, and observed streamflow during the water year of
2015-16. There is no in-situ soil moisture network within LMRB but in the Southeast Asia region (similar
biomass and climate), there are two available in-situ soil moisture networks. Therefore, we validated SMAP
soil moisture products with these two networks. Finally, we cross-validated SMAP soil moisture products
and GPM IMERG precipitation with a hydrological drought index derived from observed monthly

streamflow.
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[Insert Table 1]

2. Materials and Methods

2.1 Study areas

The Mekong River (795,000 km?) is one of the largest rivers in Southeast Asia, originating from the Tibetan
Plateau of China then flowing through six countries before ending to the East Sea of Vietnam. The Mekong
is arguably one of the most important rivers in Southeast Asia as many regional economic sectors, including
agriculture, energy, and fishery (Doan et al., 2020; Tran et al., 2021), heavily depend on water from this
basin. In the Mekong River Basin, there are two main sub-basins: the Upper Mekong River Basin and the
Lower Mekong River Basin. The Lower Mekong River Basin (LMRB) spans through Thailand, Lao PDR,
Cambodia, and Vietnam and is made up of the Northern Highlands, the Khorat Plateau, the Tonle Sap basin,

and the Mekong Delta, with a total landmass of about 600,000 km?.

At the beginning of 2015, there was a severe drought across the LMRB that imposed negative impacts on
the agricultural and fishing industries in the basin that led to significant economic losses (Binh et al., 2021;
Guo et al., 2017; MRC, 2019; Park et al., 2022). In Thailand, the drought of 2015 caused the economic
damage worth 1.7 billion USD. Additionally, more than 9.56 million people were affected in the 2015-16
drought, making this one of the costliest natural disasters in Southeast Asia over the past 20 years (Kang et

al., 2021; MRC, 2019), even over the last 90 years in Mekong Delta (Kantoush et al., 2017).

2.2 In-situ datasets

2.2.1 Streamflow

In this study, streamflow records from tributaries of the Lower Mekong River basin were obtained from the

Royal Irrigation Department (RID) and Vietnam Meteorological and Hydrological Administration
7
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(VMHA). Both the RID and VMHA are officially responsible for monitoring river water level and
discharge in Thailand and Vietnam, respectively. For RID data, we downloaded discharge records that are
publicly accessible from the agency’s website (http://water.rid.go.th/hyd; last accessed: February 3, 2022).
For VMHA data, we obtained data directly from the authority (data is not publicly accessible). We identified
basic metadata (i.e., geographical coordinates and catchment area) of each gauge using information
available on the RID’s website and from station documents provided by VMHA officers. To support our
assessment of the 2015-16 drought event, we selected 16 catchments (the drainage area ranges from 248 to

10,878 km?, with a median of 992 km?) based on the following criteria:

(a) Adequate data coverage: There are at least 20 values of monthly discharge for each calendar month.
This ensures that we have sufficient data points to reliably estimate the distributions underlying our
standardized streamflow index (SSI).

(b) There are no missing values during the period of 2015-16 so that we can have a complete drought
condition for the event.

(c) There are no dams within the catchments. We use Stimson’s Mekong Infrastructure Tracker
(https://www.stimson.org/project/mekong-infrastructure/) as the basis to implement this

assessment.

A geographical map of the LMRB and 16 catchments is shown in Figure 1, whereas a detailed description

of the stream gauges is shown in Table 2.

[Insert Figure 1]

[Insert Table 2]

2.2.1 Soil moisture
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There are no permanent sites or field campaigns to collect soil moisture in the LMRB. However, in
Southeast Asia region with a similar climate and biomass as the LMRB, the International Soil Moisture
Network has maintained two in-situ soil moisture networks within this region (Dorigo et al., 2021). These
networks include MySMNet network (Malaysia) (Kang et al., 2019) and VDS network (Myanmar). The
MySMNet has seven stations with data availability from May 2014 to December 2015 while VDS has four
stations with data availability from June 2016 to February 2021. The major land use in the location of these
two networks are savannas woody (MySMNet) and cropland (VDS). We used ground-based soil moisture
measurements from these two networks to validate satellite-based SMAP soil moisture products during
their overlap period. We obtained the in-situ soil moisture datasets from the International Soil Moisture

Network (https://ismn.earth/en/).

2.3 Earth Observations datasets

2.3.1 GPM precipitation

The GPM (Global Precipitation Measurement) Core Observatory was launched on February 27, 2014. The
satellite has Ka and Ku bands radar and a 13-channel microwave radiometer and is designed to provide new
standard rainfall and snowfall observations globally every half-hour. The sensors include Dual-Frequency
DPR (Precipitation Radar) and GMI (GPM Microwave Imager) and extend the measurement range of the
TRMM (Tropical Rainfall Measuring Mission) (Hou et al., 2014; Huffman, 2016; Huffman et al., 2020).
In this study, we obtained half-hour 0.1-degree GPM datasets from the latest version of IMERG (Integrated
Multi-Satellite Retrievals for GPM) Final Run V6 (https://pmm.nasa.gov/data-access/downloads/gpm)

ranging from 2001 to 2020. The GPM IMERG datasets are then accumulated on a monthly basis.

2.3.2 SMAP Soil Moisture
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The Soil Moisture Active Passive (SMAP) is a soil moisture-focused mission that is operating in a near
polar sun-synchronous orbit and with two overpasses - morning (6 a.m.) and afternoon (6 p.m.) and revisits
every 2-3 days. The soil moisture estimates are retrieved from a 0-5 cm soil layer with a threshold of
vegetation water content < 5 kg/m?, from an L-band radiometer at 1.41 GHz (Chan et al., 2016). The SMAP
soil moisture retrievals can be downscaled by correlating the surface temperature difference to the soil
moisture as a function of vegetation cover (Fang et al., 2013). For example, at the global scale, the 9km
SMAP soil moisture is downscaled to 1km using GLDAS (Global Land Data Assimilation System) and
MODIS (Moderate Resolution Imaging Spectroradiometer) land surface temperature and vegetation index.
This downscaled soil moisture has been validated against field observations as well as aircraft data sets
using 1,400 in-situ observing sites at a global scale (Fang et al., 2022). In this study, we obtained 9km
SMAP Level 3 at the National Snow and Ice Data Center (NSIDC) (https://nsidc.org/data/smap) and

downscaled SMAP 1km soil moisture from Fang et al. (2022).

2.3.3 GRACE Terrestrial Water Storage

We use GRACE RLO06 product and GRACE-FO RL06 products for examination of the terrestrial water
storage anomalies (TWSA) (Syed et al., 2008a). The data are global and are at a spatial resolution of 1
degree and a temporal repeat of one month for the terrestrial water anomalies. These anomalies depict the
changes in the total water column of Earth which includes surface, sub-surface, and groundwater
components (Syed et al., 2008a). GRACE has been used in global basins (Lakshmi et al., 2018) and Indian
River Basins (Kansara and Lakshmi, 2021). In this study, the anomalies of terrestrial water storage are used
(TWSA), obtaining from the Physical Oceanography Distributed Active Archive Center (PODAAC)

(https://podaac.jpl.nasa.gov/datasetlist?search=GRACE%20(2002-2017)).

2.4 Methods
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2.4.1. Areal value estimates from gridded Earth Observations datasets

Spatiotemporal changes of drought signal at a basin are usually monitored by assessing variabilities of
precipitation, soil moisture, and terrestrial water storage derived from gridded satellite observations
(Lakshmi et al., 2018; Voss et al., 2013; Wang et al., 2020). In this study, gridded monthly GPM IMERG
precipitation, SMAP 9km soil moisture, downscaled SMAP 1km soil moisture, and GRACE TWSA
products were extracted over the LMRB and sixteen watersheds during the water year from October 2015
to September 2016. Mean areal value for each variable was estimated to evaluate the ability of Earth
observing satellites for monitoring drought across the study domain. We used Thiessen polygon areal
weighted value (Le et al., 2022; Thiessen, 1911) to calculate mean areal value as considering the case that

one pixel from Earth observations datasets may not be completely located within a target domain.

2.4.2 Lag-time analysis with cross-correlation

The cross correlation between precipitation and TWSA, and between soil moisture and TWSA were
investigated to assess the relationship and lagged time between the variables during the drought event. The
responsibility of TWSA to the changes in precipitation and/or reflection in soil moisture changes to the
precipitation variability can exhibit the propagation time from the precipitation deficit to the soil water

deficit followed by water deficits realized in deeper groundwater.

2.4.3 Monitoring drought dynamic with high-resolution SMAP soil moisture

The spatial resolution of Earth observation data has been a key issue in monitoring drought at catchment
scale. For example, spatial resolution of SMAP soil moisture 9km is not ideal for detecting the changes in
environmental variables and human activities (irrigation system) over sub-basins. The recent advancements
in downscaling SMAP soil moisture (Fang et al., 2020; Fang et al., 2022), enable us to further explore soil

moisture patterns. This study analyses the variability of the highest spatial-resolution satellite soil moisture
11
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products (at global coverage) to offer a better understanding of changes in soil moisture under drought

conditions in several sub-basins with different catchment sizes.

2.4.4 Drought indices from precipitation and streamflow

We employed Standardized Precipitation Index (SPI) (McKee et al., 1993) and Standardized Streamflow
Index (SSI) (Farahmand and AghaKouchak, 2015; Telesca et al., 2012) to assess meteorological drought
and hydrological drought, respectively. The SPI relies primarily on the probability of precipitation whereas
the SSI is based on the probability of streamflow values. These indices were both chosen to investigate the
drought conditions and explore these two variables in relation to each other and the drought. SPI and SSI
are both normalized to zero mean and one standard deviation. These variables can be compared across time
and space with other SPI/SSI values as they are standardized. Since SPI and SSI are calculated separately
each month, the seasonal cycle should not affect them (Telesca et al., 2012). In each catchment, both indices
have been calculated at 1-month timescales with areal monthly GPM IMERG as input for SPI and monthly
observed streamflow as input for SSI. It must be noted that data length is essential to SPI and SSI
calculations. Therefore, we used 20 years of GPM IMERG data and +20 years of observed streamflow data
to calculate SPI and SSI, respectively. Then we extracted SPI and SSI values for the 2015-16 drought event.
We used Standardized Drought Analysis Toolbox (SDAT) (Farahmand and AghaKouchak, 2015) with two-
parameter gamma distribution and empirical distribution to estimate SPI and SSI time series, respectively.
A drought condition occurs when SPI/SSI is under -1 (McKee et al., 1993). Appendix 1 and Appendix 2

contain details regarding drought calculations and thresholds for SPI and SSI, respectively.

We assessed drought characteristics in terms of drought duration and drought severity. Drought durations
indicate total months in which drought indices values were under the drought threshold, whereas drought
severity is based on mean values of drought indices values during the drought duration periods (Le et al.,

2020a; Le et al., 2019). A drought episode occurred during the investigated period when at least two
12



261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

consecutive months having values classified as drought condition. To this end, Table 3 summarizes the data

used in this study and Figure 2 illustrates the overall methodology.

[Insert Table 3]

[Insert Figure 2]

3 Results and discussion

3.1 Assessment of SMAP soil moisture in the studied region

Over our region of interest, there is no prior work of validating SMAP soil moisture using in-situ
measurements. Therefore, we conducted a validation study before applying SMAP soil moisture for our
drought analysis. It is noted that we used two in-situ networks in the Southeast Asia region (similar climate
and biomass as the LMRB) for the purpose of this evaluation. The pixel-to-point approach was used to

match satellite-based soil moisture products with soil moisture measured from the in-sifu networks.

We first evaluated absolute values of SMAP soil moisture against in-situ soil moisture measurements. To
carry out this task, we normalized satellite-based soil moisture products, SMAP 9km (SM9) and its
downscaled SMAP 1km (SM1), against the reference dataset (in-situ measurement) using the normalized
equation (Draper et al., 2009; Kim et al., 2015) (please see Appendix 3 to see this equation in details). We
observed a good correlation between both SMAP products and ground measurements as the pairwise points
were around the 1-1 line of the scatter plots (Figure 3). The SM1 product exhibited a slightly higher
correlation for both networks (Spearman correlation coefficient values are 0.903 and 0.865 for MySMNet

and VDS, respectively).

[Insert Figure 3]
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We further assessed delta changes between satellite-based soil moisture and in-situ soil moisture. In this
evaluation, we did not apply the normalized equation. We used delta changes to cross-validate SMAP soil
moisture in monitoring drought with standardized streamflow index (SSI) (see Section 3.5). We specifically
focus on available data during the period of 2015-16 which overlaps with the investigated historical drought
year. With this constraint, only MySMNet network has been used. The delta changes rates between in-situ
soil moisture and SM9 soil moisture were found to be significantly related (CC = 0.48), and delta change
rates between in-situ soil moisture and SM1 soil moisture were found to be significantly related (CC = 0.57)

(for more details, please see Appendix 4).

There is concern about the use of SMAP soil moisture in forest cover regions. Most microwave satellite-
based SM data over densely vegetated areas are masked out because biomass saturates the microwave
signal, resulting in high errors and uncertainties for SM retrievals. In two field temperate forest canopy
experiments in the northeast United States, Colliander et al. (2020) reported a Root Mean Square Difference
(RMSD) of 0.047-0.057 m*/m® and a Pearson correlation range of 0.75-0.85 for a parameterized emission
model using the SMAP morning overpass. This study demonstrates the sensitivity of soil moisture under
dense forest canopies, which had been uncertain due to a lack of representative reference data. In a global
scale error assessment of soil moisture estimates, Kim et al. (2020) showed that model-based SM could
provide accurate SM estimates than microwave satellite-based SM retrieval. In a study within the LMRB,
microwave-based satellite estimates over cropland has more reasonable estimates than forest land (Naeimi

etal., 2013).

In our study, half of the studied watersheds are dominated by cropland and shrubland land cover (Table 2).
SMAP soil moisture estimates for these land cover types are generally reliable (Chan et al., 2016; Colliander
et al., 2017). In Cambodia, where is dominated by cropland, Abhishek et al. (2021) used SMAP soil

moisture as a reference for soil moisture outputs from their hydrological model. On the other hand, the
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remaining watersheds have no dominant land cover (mainly mixed forest and grassland) (Table 2). In these
non-dominant land cover watersheds, dense vegetation coverage can be expected, and SMAP soil moisture
estimates may be uncertain. To minimize this risk of uncertainties, we chose not to use absolute SMAP soil

moisture values but delta changes when cross-validating SMAP soil moisture with other drought indices.

3.2 Variability of precipitation, soil moisture and total water in the Lower Mekong River Basin

during 2015-16

The Lower Mekong River Basin has faced a severe drought in 2015-16. Figure 4a shows the variability of
precipitation, soil moisture, and total water storage anomalies (TWSA) from October 2015 to September
2016. The patterns of precipitation, soil moisture and TWSA show a very interesting pattern of correlation
though lagged in time. The rainfall begins to decrease in the extreme northern and northeastern portions of
the basin in October 2015. This is followed by an almost complete drying of the basin albeit the southeastern
edge and the Vietnam Mekong Delta in November. By December 2015, the entire basin has less than 100
mm of precipitation and this continues into January through March 2016. In this period there are portions
of the basin that receive less than 10mm of precipitation in a month. However, this changes in April 2016
when the north-central portion of the basin receives precipitation more than 100 mm for the month and this
continues into May 2016 when the same region receives around 150 mm of precipitation. By June 2016,
the entire basin has over 150 mm of precipitation except for small regions in the north (June 2016) and in
the south and east (July 2016), south and west (August 2016) and extreme north (September 2016). It is
interesting to observe that soil moisture responds almost immediately to the changes in precipitation, but
the spatial patterns are not the same. The soil moisture is generally always greater than 0.4 in the Vietnam
Mekong Delta (the southern-most portion of the basin) and this is true even during periods of low
precipitation. The reason for this could be due to irrigation and/or standing water (the Vietnam Mekong

Delta is the heart of rice cultivation in the basin). If we compare the precipitation and soil moisture to the
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spatial patterns of the terrestrial water storage anomalies, we see a lag of up to 2-3 months for recovery of
the groundwater. This is expected as the increase in precipitation reflects almost immediately in the soil

moisture but there is a time lag for this water to reach the aquifers and register in the TWSA.

In Figure 4b we see the basin averaged GPM precipitation (black line with circles), 9%km SMAP soil
moisture (red dashed line with squares) and the GRACE terrestrial water storage are plotted for October
2015 to September 2016. It is very clearly seen that the drop in the precipitation results in a corresponding
drop of the soil moisture between October 2015 (150mm) and February 2016 (nearly zero). The
precipitation starts to increase from around March 2016 (less than 10mm) to June 2016 (280mm) and the
soil moisture follows (0.37 in October 2015 to 0.2 in March 2016). The precipitation shows a slight dip
between June and July 2016 (280mm to 260mm), but the soil moisture continues its increase till July 2016
(0.38) following which the soil moisture shows a slight drop to August 2016 and then increases to
September 2016. The precipitation on the other hand keeps on increasing between July and September
2016. The total water storage anomalies (TWSA) show a distinct lag with the precipitation and soil
moisture. Whereas precipitation and soil moisture show almost monthly similarities, the TWSA decreases
till May 2016 (-22mm) and only begins to recover in July and August 2016 (-Smm and +6mm respectively),
thereby lagging the increase in precipitation by about 4 months (March — July). The correlation coefficients
between precipitation and soil moisture are 0.91, between P and TWSA is 0.15 (no lag), 0.6 (lag 1 month)

0.7 (lag 2 months) and SM and TWSA is 0.5 (no lag), 0.8 (lag 1 month) and 0.7 (lag 2 months).

[Insert Figure 4]
Several prior studies confirm similar findings as ours from satellite sensors using diverse approaches.
According to Abhishek et al. (2021), persistent dry spells were observed over Cambodia from 2015 to mid-
2016 based on a modeling framework. Based on +30 years of reanalysis of precipitation data, Guo et al.

(2017) found that 2015-16 were the driest in the LMRB, with drought-affected areas of up to 75% and serve
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drought events lasted from April 2015 to July 2016. In a near-real-time drought monitoring experiment,
Zhang et al. (2020) detected significant drought episodes during the 2015-16 dry season (November to
April).

3.3 Examination of high spatial soil moisture variability for sub-catchments

One of the objectives of this work was to use satellite-based sensors to help understand the spatial and
temporal propagation of the drought signal in small watersheds. Normally, studies of droughts have been
limited to larger watersheds due to the low spatial resolution of the satellite observations. However, with
the downscaling of the SMAP 9km soil moisture to 1km and its global availability, we are able to study
smaller watersheds on the order of a few hundred square kilometers. In this sub-section we will examine
the spatial and temporal propagation of the drought for five watersheds (Table 2) in the Lower Mekong
River Basin with a range of areas on various river systems, viz., G.9 (river system: Name Mae Kok, area
386 km?), Banyen (river system: Nam Mua area 638 km?), Kh.28A (river system Khong, area 1,271 km?),
G.8 (river system: Name Mae Kok area 2,909 km?) and 1.14 (river system: Khong area 6,266 km?). The
choice of these watersheds also spans a range of geographical diversity and the availability of soil moisture

datasets (Figure 1 and Table 2).

In Figure 5, soil moisture for catchment G.9 generally declines between October 2015 and April 2016 due
to the decreasing precipitation noted in Figure 4b. Focusing on soil moisture at a spatial resolution of 1 km
during this dry-out phase, we see a sub-pixel variability (in the SMAP 9 km soil moisture pixel) as a
reflection of differential drying. This is especially true for February 2016 where some pixels show particular
wetness (most likely due to irrigation). When comparing boxplots of soil moisture at different spatial
resolutions, we observe a greater range in 1-km soil moisture from December 2015 through April 2016. A
slight, subsequent decrease in soil moisture can be noted across both datasets in September 2016 (due to

increased evaporation).
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[Insert Figure 5]

Similar spatial and temporal patterns in the other four watersheds are examined in this section. In the case
of the Banyen watershed (Figure 6), the soil moisture experiences a decline from January (0.37) to March
(0.32). However, the variability of soil moisture at the spatial resolution of 1km shows more detailed
information, especially in February 2016 with some locations still wet and others much drier. We also
observe interesting nuance in soil moisture, especially in the southern part during the dry spell in April 2016

and localized wetness in September 2016.

[Insert Figure 6]

In the case of Kh.28A (Figure 7), the decrease in precipitation from October 2015 (100 m) to March 2016
(less than 10mm) is matched by the steady decline in soil moisture, especially at 1-km spatial resolution.
The wetting up is not as obvious in the spatial soil moisture plots at Kh.28A as it was in previous
catchments. However, we see that the soil moisture at 1 km consistently captures a greater range of
variability in the boxplots. This is especially apparent in the month of July 2016 where the 1 km soil
moisture shows a considerably higher range than that of 9 km soil moisture. This is possibly because the 1-

km spatial resolution can pick up smaller, wetter irrigated patches.

[Insert Figure 7]

The G.8 (Figure 8) and 1.14 (Figure 9) catchments exhibit similar patterns. The soil moisture at both the 9-
and 1-km spatial resolution does not show a consistent watershed-wide decrease. In fact, some areas
specifically in the northeast corner of the watershed show wetter areas between October 2015 to February
2016 (around 0.35), most likely caused by irrigation. Once again at these two catchments, we see that the
soil moisture at 1 km provides a much wider range of information. This is true across the whole time series,

during both the dry and wet periods.
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[Insert Figure 8]

[Insert Figure 9]

Some hollow spots are visible on the spatial pattern maps of SMAP 1 km soil moisture (e.g., Figures 7 to
9). The MODIS land surface temperature (LST) data are contaminated by clouds, resulting in incomplete
spatial coverage (Pham et al., 2021; Pham et al., 2018). Since LST is an independent variable in the 1km
downscaling algorithm, its limited coverage impacts the SMAP 1km coverage.

3.4 Co-variability of precipitation, soil moisture and streamflow

Figure 10 provides the time series of the watershed spatially averaged monthly precipitation, runoff, soil
moisture at 9- and 1-km spatial resolution for the five watersheds that we discussed in the previous section
3.2, viz., G.9, Banyen, Kh.28A, G.8 and I.14 in a, b, ¢, d and e respectively. The common thread among all
these plots and watersheds is the fact that the watershed precipitation decreases similarly to the decreases
in the larger Lower Mekong River Basin between October 2015 and March 2016 (between around 100mm
in October 2015 to almost negligible in March 2016). Then the precipitation increases peaking at different
times to different amounts in the different watersheds. In G.9 it is about 300mm for June 2016, 400m in
Banyen in August 2016, 240mm in Kh.28A in June 2016, 250mm in June 2016 and 320mm in [.14. In some

of these watersheds, the precipitation stays nearly constant after peaking or dropping.

The largest drop is in Banyen (Figure 10b) where the precipitation drops from 400m in August 2016 to
150mm in September 2016. The changes in the precipitation are reflected in the runoff — in all the
watersheds, the runoff remains at very low amounts (less than 10mm) till May or June 2016 and then shows
an increasing trend for the remainder of the year. In G.9 this increase is to about 50mm in September 2016;
in Banyen, the increase is to 200mm for August 2016 and then a drop to 120mm for September 2016; for
Kh.28A, there is a continual increase to 120mm in September 2016; there is a slight increase to about 40mm

in G.8 in September 2016 and to 100m for 1.14 in September 2016.
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The soil moisture exhibits a temporal trend that tracks the precipitation very closely with an initial dry down
in all the watersheds between October 2015 to April 2016 followed by an increase to July 2016 followed
by a slight decrease (mirroring the precipitation). The minimum soil moisture in most of these watersheds
is reached in March or April 2016 and is close to 0.15. In almost all the watersheds, there is a deviation
from the negative trend between October 2015 to March/April 2016 with a local maximum in January 2016
most likely due to local irrigation in the watersheds. This upward bump is not seen in the spatial average
over the Lower Mekong River Basin (Figure 4b) where the soil moisture stays constant between December
2015 and January 2016. This increase varies in different watersheds with the largest increase observed in
the Banyen watershed (0.29 to 0.4) and a very slight increase in Kh.28A (0.18 and 0.21). There is a very

good agreement between the soil moisture at the 9- and 1-km spatial resolutions.

[Insert Figure 10]

Table 4 lists the watersheds, percentage of monthly available soil moisture for the 9- and 1-km spatial
resolution and the correlation between the variables, precipitation, runoff, soil moisture at 9- and 1-km
spatial resolutions (and all the cross correlations). This table demonstrates the high correlation between
precipitation, runoff, and soil moisture in almost all the watersheds except for Banyen, where the
correlations are generally low. One of the reasons for this could be the fact that there is irrigation and a use
of surface water for agricultural activities in this watershed and that disrupts the natural connections
between precipitation, runoff and soil moisture. With that exception, it is generally seen that most
correlations are greater than 0.7 and many of the correlations such as between precipitation and soil
moisture are in the 0.9 range. This demonstrates the effective use of satellite data in monitoring the drought
and linking it to observed stream flow. The high correlation between soil moisture at 9- and 1-km spatial

resolutions demonstrates the consistency of the two data sets.

[Insert Table 4]
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3.5 Hydrological variability and relation with indices

Figure 11 presents variations of monthly precipitation anomalies and runoff anomalies along with
relationship between SPI-1 and SSI-1 at 16 small watersheds during the water year of 2015-16. Generally,
the runoff anomaly did not follow the same pattern as the anomaly in precipitation. The monthly averaged
precipitation anomalies were greater than the long-run precipitation averages between December 2015 to
January 2016 (20 mm) and between June to July 2016 (60 mm) (Figure 11a). On the other hand, the
averaged runoff anomalies were lower than long-run runoff values for all months, especially from October-
December 2015 (-30 mm) and August-September 2016 (-20mm) (Figure 11b). Drought duration and
drought severity based on SPI and SSI reveal significant difference in drought characteristics obtained by
these two drought indices (Table 5). SPI-based drought durations across catchments often lasted 2-3 months
(average of 2.1 months), while SSI-based drought durations were longer, ranging from 2-12 months with
an average of 5.4 months. In some catchments (G.9, Krongbuk, Kh.61, Kh.72, and G.8), there were more
than two hydrological drought events during the period of 2015-16. In contrast, no hydrological drought
events were observed in the Banyen and Kh.58A catchments during this period. The reason for this could
be due to large water storage in aquifers that can discharge to streamflow in these catchments during drought

development phase.

[Insert Table 5]

We also examined the cross correlation between SPI-1 and SSI-1 across small watersheds, observing the
highest correlation coefficient (CC) varying from the lag of zero (lag 0) to the lag of two months (lag 2).
Stream gauges that have the highest correlation between SPI and SSI with the lag 0, lag 1 and lag 2 are
provided in Figure 11 ¢, d and e respectively. The highest correlation coefficient values are provided in the
Supplementary S1. Among six stream gauges with lag of zero, there was only one gauge having statistically

significant correlation located at the northeast of the LMRB (Figure 11c). Three of four stream gauges
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located in the northwest, the west, and the southeast of the region have statistical significance of correlation
with propagation time of one month (Figure 11d). Whereas only two gauges in six stream gauges with
lagged time of two months distributed in the west of the basin (Figure 11¢). The background map of Figure
11c-e shows the averaged TWSA during the water year 2015-16. The region with negative TWSA is drier
than normal conditions while positive TWSA region is wetter than normal conditions. The results are quite
surprising because it is contrary to what is known about links between catchment water storage capacity
and response time of catchment and hence lag time between SPI-1 and SSI-1. Major water stores (positive
TWSA) in catchment create long memory in hydrological system which makes long response time of
catchment and long propagation time between meteorological drought and hydrological drought as well.
However, longer lag times between SPI and SSI were found at dry catchments (Figure 11e) and fast
responding catchments had positive TWSA (Figure 11c¢). In other words, our understanding on large scale
observation from GRACE may not be true when we move to small size watersheds. In summary, the
differences in anomalies patterns between precipitation and runoff as well as differences in drought
characteristics between meteorological drought (SPI) and hydrological drought (SSI) suggest us that the
impact of precipitation on the severity of drought during 2015-16 was mild. Also, the coarse resolution of
GRACE data seems not truly to reflect the co-variability between precipitation and runoff at the small

watersheds.

[Insert Figure 11]

We introduced delta changes in months to cross-validate drought monitoring between SSI, SPI, and soil
moisture at 9km (SM9) and 1km (SM1). Delta change values have two benefits. First, catchments have flux
memories (precipitation, soil moisture, and streamflow). Flux changes between months could indicate
dryness or wetness signals. Second, we could use short-record soil moisture data in detecting

dryness/wetness signals since satellite-based soil moisture is only available for a short period (as compared
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to the data length required for SPI and SSI). We only need current values to calculate delta changes, but not
for long-term values. Figure 12 characterizes monthly changes in SSI, SPI, and soil moisture at 9km (SM9)
and 1km (SM1). We only examined the co-variability of changes in SSI, SPI, SM9, and SM1 at five basins
which almost have fully coverage of soil moisture (both 9km and 1km) at a monthly time step during the
2015-16 period (Figure 12a-e). Figure 12f presents cross correlation between monthly changes in SSI and
monthly changes in SPI, SM9, and SM1. We found out that small catchments (G.9, Bye, and Kh.28A), the
relationship between monthly changes in SSI could related to the changes in SPI, and soil moisture datasets,
with a statistically significant at level 0.1. It is quite possible true as in the small watersheds, routing time
is short and transfer the loss in precipitation and soil moisture to runoff can occur immediately. Among the
relationships, the highest values were observed between monthly changes in SM1 and SSI, followed by
SM9 and SSI, and SPI and SSI. It can be likely that soil moisture is a land surface parameter, which directly
relates to runoff rather than precipitation (atmospheric parameter). The better of SM1 in liking with the
changes in runoff also indicates its usefulness in accurately capturing dryness/wetness pixels in the small
watersheds. On the other hand, at the large basins (G.8 and 1.14), the relationship between monthly changes
in SPI, SM9, and SM1 with monthly changes in SSI were weak. It may be due to the heterogeneity of land
cover and complexity of routing process in the large catchments, causing non-linear process between the

loss of precipitation and soil moisture to runoff.

[Insert Figure 12]

4 Conclusions

This study aims to assess whether NASA satellite sensors can be useful for monitoring a major drought
event with spatially heterogeneous impacts. This work builds up on and complements traditional studies of
droughts in two ways (1) most studies focus on use of drought metrics computed using precipitation

(Standard Precipitation Index) or evapotranspiration (Standard Precipitation Evapotranspiration Index), but
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this study uses explicitly precipitation, soil moisture and streamflow to track the evolution of the drought
(2) most previous studies have focused on large watersheds while smaller watersheds have generally not
been studied on an individual basic. We investigated various sensors with different spatial resolutions,
including GRACE (100 kilometers), GPM (10 kilometers), SMAP (10 kilometers), and downscaled SMAP
soil moisture (1 kilometer). The motivation of this study is to showcase the potential of using remotely
sensed data to support water assessment over basins that are not monitored intensively or limited in data-

sharing.

Our findings show that at the large scale (LMRB) precipitation, soil moisture, and total water are well
correlated. Specifically, soil moisture and precipitation track each other and total water lags by a few
months. At the catchment level, we observe a strong correlation between precipitation, soil moisture and
streamflow. GRACE observations, however, do not reasonably reflect hydrological processes at the smaller
catchment scales due to their low spatial resolution. For example, several dry catchments (negative TWS
observed from GRACE) show longer lag time response between SSI and SPI, as compared to the wet
catchments (positive TWS). From a theoretical perspective, less water stored in the catchment results in a
short memory in the hydrological system. This enables a quick response time of the catchment and quick

propagation between meteorological and hydrological droughts.

The availability of 1 km soil moisture observations highlights the ability to make water resources and land
management decisions at the local scale. This high spatial resolution information can assist in specific
agricultural decisions such as water availability during time of planting and/or harvest. Moreover, the
benefits gained from devising operational drought monitoring framework with high spatial resolution soil
moisture data are seen in strategic preparedness plans to combat droughts and mitigate their effects on the
activities in the various sectors of the economy starting from the small scale up to large ones. Moreover,
we find that monthly changes in the streamflow standardized index (SSI) are closely related to downscaled
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1 km soil moisture at small catchment scales, as compared to the Standardized Precipitation Index (SPI).
This opens a possibility of using 1 km soil moisture as a substitution of the hydrological drought SSI as its

publicly available and easier to access than the ground runoff data.

The approach from this study can be further applied in other regions where episodes of drought are
occurring at various spatial and temporal resolutions. The work presented here can be further refined to
include upcoming high resolution surface water satellite products. Small scale detailed assessments of
drought detection are expected to witness a breakthrough through the NASA Indian Space Research
Organization (ISRO) Synthetic Aperture Radar (SAR) mission (NISAR products are available in 2023).
NISAR is the first satellite mission that images the Earth in both L- and S-band radar frequencies and will
produce surface water extent products over inland and coastal wetlands at least twice every 12 days with

spatial resolution of 5-10 meters
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Appendix
Appendix 1. Standardized Precipitation Index (SPI) calculation

This study calculated SPI at 1-month timescales (McKee et al., 1993). The three steps to calculate SPI are

described as follows.

Step 1: Fitting distribution function for precipitation time series

12 m
ko _
Xim = z Pi—1,t+zpi,t
t=1

t=13—-k+m

(AD)

Where: k is time scale; i is year; m is month of year, P is precipitation.
The two-parameter Gamma distribution is used to fit the time series as follows.

X
660 = [ xetehax (A2)
0

Where: a is shape parameter, f is scale parameter.
Step 2: Estimation of the cumulative probability

Hx) =p+ (1 -p)G(x) (A3)
Where p is probability of no precipitation

Step 3: Transformation of the cumulative probability to the standard normal variable
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(A4)

( W Co+ CLW + C,W?
14+ d,W +d,W? +d;W3
+< Co + CiW + C,W?

) 0<H(x)<05

) 05<H(x) <1

W -
| 1+ d,W + d,W2 + d,W3
569 Where
—2In(H(x 0<H(x)<0.5

570 w :{ (H(x)) (%)

J=2In(1-H(x)) 05<HX)<1
571  And
572 Co, = 2.515517,C, = 0.802853,C, = 0.010328
573 d, = 1.432788,d, = 0.189269,d; = 0.001308

574  Value Z is representative for SPI.

575
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Appendix 2. Standardized Streamflow Index (SSI) calculation

The concept of SSI calculation is very similar to that of SPI calculation. Based on the empirical probability
formula (Gringorten, 1963), we calculated the cumulative probability of streamflow for each month as

follows:

H(x) = i—0.44 (A5)
n+0.12

Where i is the rank of the observed streamflow from the smallest and n is the number of streamflow
observations.
Then, we convert H(x) to a standard normal variable following equation (A4).

The SPI and SSI drought threshold are defined as their values smaller than -1.
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Appendix 3. Normalized satellite based SMAP soil moisture

Std(gin—situ) (A6)

GSMAP,normal = (GSMAP,raW - HSMAP,raW) X td(o + Hin—situ
std(@smap,raw)

Where Osyap normar is normalized SMAP soil moisture [m*/ m®], Ospyap raw is raw SMAP soil moisture

[m*/ m?], O;p_sity iS in-situ soil moisture [m*/ m*]. @ is the mean of , and std is standard deviation.
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589  Appendix 4. Comparison of soil moisture delta changes measured at in-situ sites (MySMNet) with (a)

590  SMO soil moisture and (b) SM1 soil moisture.
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852

Table 1 Several studies on remote sensing-based drought monitoring in the LMRB

Study Remote sensing datasets Drought types Methods and key findings
/spatial resolutions
(Abhishek et CHIRPS precipitation / 5 Meteorological A regional drought study over Cambodia was carried on
al., 2021) km drought, for the period 1981-2019. CHIRPS precipitation has been
SMAP soil moisture / ~ 30  Agricultural forced to a hydrological model and SMAP soil moisture
km drought has been used to validate hydrological model-based soil
moisture. Hydrological model-based drought monitoring
with remote sensing forcing inputs could reasonably
capture meteorological and agricultural drought and
interannual variability of rice yields.
(Zhangetal., TRMM precipitation/ 25km Hydrological This study proposed a near-real time drought monitoring
2020) drought system forcing by bias-corrected near-real time satellite
precipitation. The system was validated during 2005-2014,
successfully reproducing two drought events in 2004/05
and 2009/10.
(Tran et al., MODIS LST/ 1 km Agricultural This study proposed an Enhanced Drought Severity Index
2019) drought (EDSI) derived from ET, PET, LST, and EVI. The EDSI
MODIS EVI/ 0.5 km
was applied to analyze spatio-temporal drought trends in
MODIS ET and PET/0.5 km the Vietnamese Mekong Delta from 2001-2018,
demonstrating more serve drought in the coastal regions.
(Guo et al., CHIRPS precipitation / 5 Meteorological The Standardized Precipitation Index (SPI) at various time
2017) km drought scales (1-12 month) was calculated over LMRB using

45

CHIRPS dataset from 1981-2016. The LMRB experienced
four severe drought episodes with the longest period in

1991-1994 and the driest period in 2015-16.



(Zhangetal., MODIS GPP and NPP/ 1km  Agricultural The changes in vegetation productivity over the LMRB
2014) drought were assessed during 2000-2011. This study identified the
impacts of severe droughts in 2005 and 2010 on vegetation

productivity, with more pronounced impacts for Cambodia

and Laos.
(Son et al., MODIS NDVI/ 5 km Agricultural This study proposed Temperature Vegetation Dryness
2012) drought Index (TVDI) index utilizing NDVI and LST datasets. The
MODIS LST/ 5 km
AMSR-E and TRMM were used to cross-validate TVDI.
AMSR-E soil moisture/ 25 The TDVI was sensitive the most to soil moisture stress.
km Consequently, this study used TVDI to investigate spatial

drought condition in the LMRB during 2002-2010 dry

TRMM precipitation/ 25 km seasons, observing a large serve drought for the 2003-2006

dry seasons.

853 Note: ‘LST’ Land Surface Temperature, ‘EVI’ Enhanced Vegetation Index; ‘ET’ Evapotranspiration; ‘PET’ Potential

854 evapotranspiration; ‘GPP’ Gross Primary Productivity; ‘NPP’ Net Primary Productivity

855
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Table 2 List of streamflow gages and catchments used in this study

Station River Stream Long. Lat. Collection Dominant Area Sources
name system © ©) time land cover (km?)
Kh.89 Khong Nam Mae Chan 99.8625 20.157 1993-2019 shrublands 248 rid
M.145 Mun Lam Phra Phloeng 101.687 14.49 1990-2019 croplands 335 rid
G.9* Name Mae Kok Mae Suai 99.5075 19.748 1999-2019 shrublands 386 rid
Krongbuk Srepok Krongbuk 108.376 12.772 1977-2019 shrublands 503 vmha
Kh.61 Khong Loei 101.682 17.129 1993-2019 no dominant 549 rid
Banyen* Nam Mua Nam Rom 103.014 21.274 1976-2019 shrublands 638 vmha
Kh.72 Khong Nam Mae Chan 99.8606 20.217 1993-2019 shrublands 667 rid
M.89 Mun Lam Takhong 101.417 14.694 1970-2019 no dominant 713 rid
Kh.28A* Khong Loei 101.774 17.309 1993-2019 no dominant 1271 rid
E.32A Chi Chi 101.712 15911 1967-2019 no dominant 2867 rid
G.8* Name Mae Kok Nam Mae Lao 99.7531 19.792 1994-2019 no dominant 2909 rid
Kh.58A Khong Loei 101.738 17.493 1990-2019 shrublands 3093 rid
Giangson Srepok Krong Ana 108.183 12.51 1978-2019 no dominant 3100 vmha
ES5 Chi Chi 101.817 15.769 1958-2019 no dominant 4207 rid
1.14* Khong Mae Nam Ing 100.204 19.832 1993-2019 no dominant 6266 rid
E9 Chi Chi 102.574 16.096 1967-2019 croplands 10878 rid

Note: Bold and asterisk are selected catchments for soil moisture spatial analysis. Land cover data was extracted from MODIS

Land cover MCD12Q1 V6 in the year 2016. Dominant land cover was assigned for a land cover type as it accounts for more than

50% of the total area. If there are no land cover type accounts for than 50% of the total area, ‘no dominant’ was assigned.
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861 Table 3 List of data used in this study

Measurements Data type Description Spatial/ temporal  Study period Sources
resolutions

In-situ Stream gauge Sixteen stations monthly/ - Varied RID*, VMHA**
Soil moisture Two networks daily/ - Varied ISMIN***

Earth Precipitation GPM IMERG Final monthly/ 0.1° 2001-2020 (Hou et al., 2014)

) Soil moisture SMAP daily/ 0.09° 2015-16 (Entekhabi et al., 2010)
Observations Downscaled SMAP daily/ 0.01° 2015-16 (Fang et al., 2022)
Terrestrial GRACE RL06 monthly/ 0.1° 2002-2020 (Syed et al., 2008)

862  Note: * Royal Irrigation Department (RID); **Vietnam Meteorological and Hydrological Administration (VMHA); ***

863 International Soil Moisture Network (ISMN) .

864
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865 Table 4 Correlation between P, S, Q for all 16 small catchments listed in Table 2

Station Availablesm9  Availablessu  CCgpp CCpgyo  CCpsyg  CCrsyr CCpsyr CCspyrosmi
Kh.89 97.0 99.6 0.748 0.758 0.948 0.751 0.918 0.985
M.145 97.8 97.4 0.412 0.624 0.917 0.337 0.800 0.842
G.9* 99.4 100.0 0.836 0.878 0.944 0.900 0.934 0.978
Krongbuk 99.5 100.0 0.369 0.292 0.813 0.240 0.730 0.942
Kh.61 99.4 97.1 0.690 0.633 0.929 0.671 0.869 0.948
Banyen* 99.6 100.0 0.712 0.149 0.436 0.326 0.259 0.815
Kh.72 97.8 99.9 0.705 0.744 0.949 0.751 0.915 0.985
M.89 97.5 97.2 0.673 0.645 0.867 0.218 0.670 0.817
Kh.28A* 98.1 96.8 0.639 0.627 0.937 0.659 0.872 0.951
E.32A 98.6 92.7 0.759 0.735 0.913 0.560 0.795 0.897
G.8* 98.5 99.5 0.548 0.530 0.946 0.542 0.937 0.988
Kh.58A 98.7 94.0 0.646 0.677 0.946 0.687 0.875 0.957
Giangson 98.6 99.7 0.682 0.837 0.762 0.735 0.704 0.959
ES 98.9 92.5 0.693 0.665 0.917 0.402 0.767 0.872
I.14* 98.9 98.6 0.641 0.708 0.895 0.714 0.876 0.990
E.9 99.3 92.4 0.589 0.709 0.917 0.515 0.808 0.908
Median 98.6 97.3 0.678 0.671 0.917 0.610 0.839 0.950

866 Note: Availablesmo, Availablesmi are the percentage of monthly available soil moisture from SMAP 9km and SMAP 1km during
867 the study period 2015-16, respectively. CC stands for correlation coefficient. Subscript of R, P, SM9, SM1 denote runoff,
868 precipitation, SMAP 9km, and SMAP 1km, respectively. The symbol, for example, CCgp indicates correlation between Runoff

869  and Precipitation.
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870 Table 5 Description of drought characteristics for Standardized Streamflow Index (SSI) and Standardized Precipitation Index
871 (SPI) for all 16 small catchments. Absolute values have been used for drought severity. One drought episode is counted as at least

872 two consecutive months are under the drought threshold. The drought threshold for SPI and SSI are -1.

Station names Drought Started date/ No. drought Drought Drought
indices Ended date episodes duration severity
Kh.89 SPI 03/16-04/16 1 2 1.78
SSI 10/15-12/15 1 8 1.82
M.145 SPI 02/16-14/16 1 3 1.72
SSI 12/15-06/16 1 7 1.73
G.9 SPI 03/16-04/16 1 2 1.75
SSI 10/15-05/16 2 5 1.52
Krongbuk SPI 03/16-04/16 1 2 1.42
SSI 10/15-03/16 2 4 1.82
Kh.61 SPI 02/16-03/16 1 2 1.75
SSI 10/15-12/15 2 2.5 1.66
Banyen SPI - - - -
SSI - - - -
Kh.72 SPI 03/16-04/16 1 2 1.50
SSI 10/15-06/16 2 5.5 1.35
M.89 SPI 02/16-04/16 1 3 1.66
SSI 10/15-09/16 1 12 1.72
Kh.28A SPI 02/16-03/16 1 2 1.69
SSI 12/15-06/16 1 7 1.73
E.32A SPI 02/16-03/16 1 2 2.23
SSI 11/15-03/16 1 5 2.22
G.8 SPI 03/16-04/16 1 2 1.66
SSI 10/15-12/15 2 55 1.69
Kh.58A SPI 02/16-03/16 1 2 1.66
SSI - - - -
Giangson SPI 03/16-04/16 1 2 1.50
SSI 10/15-11/15 1 2 1.15
E.5 SPI 02/16-03/16 1 2 2.35
SSI 03/16-05/16 1 3 1.97
I.14 SPI 03/16-04/16 1 2 1.75
SSI 10/15-03/16 1 6 1.51
E.9 SPI 02/16-03/16 1 2 2.30
SSI 11/15-01/16 1 3 0.96

873
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875 Figure 1 Locations of stream gauges (dots) in the Lower Mekong River basin (black dashed catchment boundary). The circles
876 represent soil moisture stream gauge locations for spatial analysis, while the inlet panel shows catchment boundaries. In panel A,

877 the red rectangles denote locations of two in-situ soil moisture networks from the International Soil Moisture Network (ISMN) in

878  the Southeast Asia region.
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881 Figure 2 An overview of the flow of the study. CClg implies cross-correlation analysis between two variables.
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Figure 3 Inter-comparison between SMAP 9km soil moisture (SM9) and downscaled SMAP 1km soil moisture (SM1)

against in-situ soil moisture in (a) MySMNet and (b) VDS. Values in blankets denote spearman correlation coefficient

between each SMAP soil moisture product with in-situ soil moisture dataset.
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889 Figure 4 (a) Variability of precipitation, soil moisture and total water in the Lower Mekong River Basin for the 2015-16 water year
890 (b) time series of basin averaged variation of precipitation (black line), soil moisture (dash red line) and terrestrial water storage

891 anomalies (blue bar) for the 2015-16 water year in the Lower Mekong River Basin.
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894 Figure 5 (top) mapping soil moisture variability at high spatial resolution and (bottom) boxplot of soil moisture distribution for

895 catchment G.9 for the 2015-16 water year.
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897
898 Figure 6 (top) mapping soil moisture variability at high spatial resolution and (bottom) boxplot of soil moisture distribution for

899  catchment Banyen for the 2015-16 water year.
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902 Figure 7 (top) mapping soil moisture variability at high spatial resolution and (bottom) boxplot of soil moisture distribution for

903  catchment Kh.28A for the 2015-16 water year.
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906 Figure 8 (top) mapping soil moisture variability at high spatial resolution and (bottom) boxplot of soil moisture distribution for

907  catchment G.8 for the 2015-16 water year.

908

58



Oct Nov  Dec Jan Feb Mar Apr May  Jun Jul Aug  Sep

o ' a ¥y 0.4
Ldl s PRI &l alCRIE] alC I 1%
i[9 ] ] o e
g ety RS e %%, =3 =0 =5 [
| T L %%' tes 2 o *ik o
R T S AR A

909

910 Figure 9 (top) mapping soil moisture variability at high spatial resolution and (bottom) boxplot of soil moisture distribution for

911 catchment I.14 for the 2015-16 water year.
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914 Figure 10 Variability of precipitation, soil moisture and runoft in (a) G.9, (b) Banyen, (c) Kh.28a, (d) G.8, and (e) I.14 for the 2015-

915 16 water year.
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917 Figure 11 Comparison of (a) anomalies precipitation, (b) runoff, and (c), (d), (e) relationship between Standardized Streamflow

918 Index (SSI) and Standardized Precipitation Index (SPI). The dash red lines in (a) and (b) represent normal value of the anomalies
919 time series for the 2015-16 water year. The Max CC at lag 0, 1, 2 denote catchments (black dots) having maximum correlation
920 coefficient between SPI and SSI at lag 0, lagl, and lag2 of SPI during 2015-16, respectively. The dots with circles are statistically
921 significant locations at significant level 0.1 for two-sided t-test. The coordinates of catchment locations are taken as the centroids
922 of catchment boundaries. The underlying TWSA maps in (c), (d), (e) are the mean TWSA for the 2015-16 water year extracted

923 from GRACE.
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925

926 Figure 12 Monthly changes for the 2015-16 water year in standardized streamflow index (SSI), standardized precipitation index
927 (SPI) and soil moisture for catchment in (a) G.9; (b) Banyen; (c) Kh.28A; (d) G.8, and (e) 1.14. The panel (f) presents cross
928 correlation between monthly changes in SPI, SM9, SM1 and monthly changes in SSI for each catchment in (a), (b), (c), (d), and

929 (e).
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