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Abstract: Droughts and floods have occurred frequently in the Lower Mekong River Basin in recent
years. Obtaining the evapotranspiration (ET) in the basin helps people to better understand water
cycle and water resources. In this study, we retrieved and validated ET in the Lower Mekong Basin
over multiple years (from 2008 to 2017) using remote sensing products. Based on the retrieval ET,
we analyzed the spatial-temporal variation of ET and influencing factors at the monthly, seasonal,
and inter-annual scale respectively. The results revealed that the overall variation trend of ET at
annual scale slightly increased during 2008 to 2017, with the highest annual ET being 1198 mm/year
in 2015 and the lowest annual ET being 949 mm/year in 2008. At the seasonal scale, ET in the rainy
season was lower than the dry season; at the monthly scale, March had the highest monthly ET
(101 mm/month) while July had the lowest monthly ET (73 mm/month). Spatial analyzing showed
that ET in the margin of this region was higher (with on average about 1250 mm/year) and lower in
the middle (with on average about 840 mm/year), and monthly ET changed mostly in forest areas
with the difference of 60 mm/month. Influencing analyzing results showed that ET was mainly
driven by solar radiation and near-surface temperature, and precipitation had an inhibitory effect on
ET in the rainy season months. The study also showed that forests in the basin are very sensitive to
solar radiation, with a correlation coefficient of 0.89 in March (the month with the highest ET) and
0.45 in July (the month with the lowest ET).

Keywords: multi-source remote sensing; Mekong River Basin; evapotranspiration; spatial-temporal
distribution

1. Introduction

Global climate change is an important environmental issue. Water shortage and
the deterioration of water environment have become an important factor that restricts
economy development [1]. As an important part of the global water cycle and energy
balance, exploring regional evapotranspiration (ET) is of great significance to solving water
resources related issues, especially for developing countries. Terrestrial evaporation is the
main way of water cycle and energy conversion in a soil-vegetation-atmosphere system,
including land surface ET and vegetation evaporation [2,3]. Both solar shortwave radiation
and precipitation are largely consumed by ET. Solar shortwave radiation accounts more
than half of the world’s net radiation, which is a significant role of global climate change
research [4]. With the growth of both population and economy, 60% of surface precipitation
is consumed by evaporation [5,6]. Moreover, the main cause of drought is that ET is higher
than precipitation [7]. Differences in precipitation and ET help people understand the
types of droughts, such as researches on drought prediction and evaluation thorough
the drought index [8]. ET is also related to issues of economic development and water
resource protection in arid areas [9], such as estimation and evaluation of surface runoff
and groundwater, basin-scale water source planning and managing, farmland irrigation
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and tillage scheduling, and water deficit of crop [10-13]. The study of ET enables people to
better understand the balance of water and energy flow, which is necessary to ecological
environmental protection and sustainable use of water resources.

The Mekong River Basin is located on the Indochina Peninsula on the south of China,
and it is one of the regions with the richest water resources in Asia (Figure 1). Droughts
and floods occurred frequently in the region in recent years, for example the droughts in
2009-2010 and 2015-2016, and the flash floods in 2008, 2011, and December 2013 [14]. From
the end of 2014 to 2016, the Lancang-Mekong River Basin (known as the Lancang River in
China and the Mekong River outside China) was affected by the El Nifio phenomenon; as
a result, all countries in the basin suffered varying degrees of drought due to large-scale
meteorological drought, especially the lower delta region, which experienced the most
severe drought in nearly a century. Years of extreme weather have led to record droughts
in the Low Mekong Basin in 2010 and 2015 [15]. Droughts are more devastating and
longer than floods, and droughts in recent years have taken a heavy toll in human and
economic lives in the Mekong countries [16]. There are significant seasonal vibrations of
climate and environment in the basin, and the change of evapotranspiration even affects
the precipitation in the basin, because it is also one of the potential factors leading to flood
or drought [17]. The hydrological process of the Lancang-Mekong River Basin is faced with
the dual impact of climate change and hydropower development [18]. As an international
river, Lancang-Mekong River’s water resource utilization is related to the development of
countries in the basin. The study of ET in this basin is of great significance for strengthening
the Lancang-Mekong Cooperation and building the land-sea Silk Road. The issues of
concern to scholars in this area including hydropower, water flow changes, transboundary
transport nutrients, agricultural production and the water supply needs of the ecosystems
in the lower reaches of the basin, all of them mainly focusing on international cooperation
and the challenges brought by dam construction in recent years [19-23].
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Figure 1. Study Area: The Lower Mekong River, the countries contained within the basin and national
boundary lines.
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ET is a comprehensive interaction between surface and atmosphere that is affected
by temperature, humidity, solar radiation, vegetation type and other factors [24,25]. At
the long-term scale, the ET variation is dominated primarily by solar radiation (namely
shortwave downwelling radiation) in the arid region, whereas the ET variation is driven
predominantly by the water supply, which is related to the precipitation [26]. Since the
1990s, the solar radiation has been increasing, especially in the Northern Hemisphere [27].
Accordingly, the air temperature has also increased [28]. Therefore, against the background
of global brightening and warming, it is important to reveal the variations of ET and the
potential reasons for these trends for investigating the available water resources in Mekong
River Basin. Although there are several models of ET retrieval based on remote sensing
that can obtain the region’s actual ET, most research is focused currently on the study of
the variation of potential ET in the Mekong River Basin [29-33]. There is less research
that has analyzed the variation of actual ET in this basin [34]. Therefore, in this study, a
non-parametric remote sensing model (RS-NP) is used to retrieve the ET in the Lower
Mekong River Basin from 2017 to 2018, with the results being validated with MOD16 daily
LE (8-day scale). Based on the validated results, the study further analyzed the temporal
and spatial variation of ET in the basin during the decade to reveal the ET variation in the
basin. Finally, it also analyzed the effect of meteorology factors on ET in the basin.

2. Study Area and Data
2.1. Study Area

The lower Mekong River Basin is located in the South-Central Peninsula of
Southeast Asia, with a latitude and longitude range between 8°33'48”~22°30'15”"N and
99°01'15”~108°46'30"E, covering an area of 642,000 km? [35]. The countries in the basin
are Thailand, Laos, Myanmar, Cambodia, and Vietnam. Located in the center of the Asian
tropical monsoon region, the region has high temperatures throughout the year and is
divided into rainy and dry seasons: the southwest monsoon from the Indian Ocean prevails
from May to the end of September; thus, the rainy season in the basin is from May to
October with wet weather and abundant precipitation. The northeast monsoon from Asia
and Europe prevails from November to mid-March. Accordingly, the dry season is from
November to April with dry weather and low precipitation. In the Lower Mekong River
Basin, although the difference in precipitation there is large between the rainy and the dry
seasons, the annual temperature remains over 20 °C, and the highest temperature in the
hottest April and May can even reach 38 °C to 40 °C [36,37].

The basin is high in the north and low in the south, and the mountains stretch north
and south. Consequently, most of the Mekong countries are surrounded by mountains. In
the lower reaches of the basin, a large amount of sediment alluvium deposition formed
the Mekong River Plain and the Mekong River Delta. The region’s developed agriculture
and dense population have brought relatively developed urbanization. The Mekong River
has a large seasonal water level drop, which is a typical monsoon river. The summer half
year is a wet period and winter half year is a dry period, and the water level in April is the
lowest. Known in the basin, Tonle Sap Lake is a natural regulating reservoir that effectively
mitigates the effects of downstream flooding and drought.

2.2. Data

The data used in this study mainly include Moderate-resolution Imaging Spectrora-
diometer (MODIS) (https:/ /ladsweb.modaps.eosdis.nasa.gov, accessed on 20 December
2020) (remote sensing data) and China Meteorological Administration Land Data Assim-
ilation System (CLDAS) (reanalysis data) [38]. In this study, MODIS product onboard
Aqua (UTC 14:00) including daily cloud emissivity & cloud top temperature MYD06, 8-day
composite surface reflectance MYD09A1 and 8-day land surface temperature & emissivity
MYD11A2, and CLDAS product including surface temperature (LST), surface pressure
(PRS), specific humidity (RHU), atmospheric temperature (TMP), and shortwave downlink
radiation (SRA) are used as the input data of the model to retrieve LE. We integrated the
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MYDO09A1 with 500 m spatial resolution to 1 km, and resampled the CLDAS data with 6 km
spatial resolution to 1 km because of the weak spatial heterogeneity, and we also combined
the time resolution of CLDAS data from 1 h to 8 days, so that the time and spatial resolution
of all input data are consistent. The 16-day composite ET/Latent Heat Flux product MOD16
based on the RS-PM model produced by Mu et al. [39] were used for cross validation of
retrieval LE. The Land cover data from MCD12Q1 provided annual land cover types on
the land surface, and a land use dataset based on the IGBP classification scheme was used,
which had an accuracy of 75% [40]. The boundaries and of the basin and river networks
in the basin were retrieved from the Natural Earth (https://www.naturalearthdata.com,
accessed on 20 December 2020). The details of experimental data used on this study is
shown in Table 1.

Table 1. Experimental data used in this study, their resolution and purpose.

Data Name Parameters Temporal/S.patlal Data Types
Resolution
MYDO06 Cloud emissivity & Cloud top daily/1 km Remote‘Sensmg
temperature (Retrieval)
MYDO09 Near-subsolar point reflectance 8-day/500 m Remote.Sensmg
(Retrieval)
o Remote sensing
MYD11 Land surface temperature & emissivity 8-day/1 km (Retrieval)
Remote sensing
MCD12 Land cover data 1 year/500 m (Analyze)
Barometric pressure, Shortwave Reanalvsis
CLDAS downwelling radiation, Relative 1h/6km ay
- 3 (Retrieval)
humidity, Temperature
MOD16 ET 8-day/1 km Remote Sensing

(Validation)

3. Methodology
3.1. ET Estimation

The Non-parametric (NP) method is a nonparametric evaporation solution obtained
in a simple analytical by taking the surface temperature as the generalized coordinate
of the Hamiltonian quantity in the macroscopic state and combining it with equilibrium
evaporation [41]. Pan et al. established a remote sensing model for the ET base on the
NP approach (the RS-NP model). The RS-NP model developed from it involves fewer
parameters, reduces the uncertainty of the computational process, and has a clear physical
meaning that avoids the problems of complicated impedance parameterization calculations,
the difficulty of identifying error sources, and the difficulties of the model correction that
exist in traditional retrieve models. This model takes remote sensing data MODIS and land
surface assimilation data CLDAS as input data, and uses different methods to calculate ET
under all sky [42-44].

The NP approach to calculate fluxes based on the partial differential equations of
Hamiltonian with LST is as follows [41].

_ A
Aty

(Ry = Gs) — eo (T* = Ti*) + Gl <TS> 1)

LE
Ta

where LE is the latent heat flux, R, is the net surface radiation, G; is the soil heat flux, ¢ is
the and surface emissivity (LSE), ¢ is the Stephen Boltzmann constant, T is the surface
temperature (LST), T, is the near-surface atmospheric temperature, A is the saturated
water vapor pressure gradient under T, conditions and 7 is the psychometric constant.
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The expressions for the saturation water vapor pressure gradient A, the dry and wet bulb
constants 7, and the surface emissivity ¢ are as follows.

4098 x {0.6108- exp{iw'”'(“*”&w) H

A= 2T,1735.85 (2)
(T, — 35.85)
C,P
y=—" —0665x107°P ©)
€awLly
£ = 0.273 + 17783 — 1.807e3163) — 1.037¢3, (4)

where C,, is the constant pressure specific heat capacity at atmospheric pressure with a
value of 1.013 x 1073 MJ kg~ K~ 1; P is the near-surface atmospheric pressure, provided
by CLDAS; g4 is the ratio of water vapor to air molecular weight (approximately 0.622);
and e3; and &3 are the surface emissivity of MODIS data, provided by the MYD11 product.

The RS-NP model uses MODIS and CLDAS to integrate the retrieval of net surface
radiation. Net surface radiation is considered as the combination of surface long-wave
and short-wave net radiation. Soil heat flux can be regarded as a function of normalized
vegetation index and surface net radiation. When the sub-base is a water body (NDVI < 0),
the ratio of soil heat flux to surface net radiation is constant; when the sub-base is a
non-water body (NDVI > 0), soil heat flux has a closer relationship with surface net
radiation [45]. The net surface radiation Rn and soil heat flux Gs are obtained by retrieve of
the following equation.

Ry = (1 — )Ry + Ryg — e0T{ (5)
Gs = 0.583-exp(—2.13-NDVI)-R, NDVI >0 ©)
Gs = 0.583-R,, NDVI <0

where Ry, is the surface shortwave downwelling radiation, T; is the surface temperature,
and R,y and T; are provided by CLDAS. Ry, is the surface long-wave downwelling radiation,
« is the surface reflectance, and the expressions of R;; and « are as follows.

Rig = Ty @)
& = 0.160a; + 0.291a; + 0.243a3 + 0.116a4 + 01125 + 0.081ay ®)
1
. . 2
g0 = [1- (142229 ) exp( - (124+3.22% ©)
T, Ta
P

0T 110628/(g—1) (19
where ¢, is the near-surface atmospheric emissivity; T, is the near-surface temperature,
provided by CLDAS. a1, a3, a3, a4, a5 and &7 are the surface reflectance of MODIS, provided
by the MYD09 product; ¢y is the near-surface water vapor partial pressure, g is the specific
humidity. Both P and g were provided by CLDAS.

From the account of remote sensing data, instantaneous data were collected during
satellite transit. A time scale extension was required for the purpose of acquiring ET on
the long time scales. The time ascending scale was achieved and the Solar Radiation Ratio
Method (SolRad) was adapted [46]. The SolRad method assumes that the radio of latent
heat flux and solar radiation were constant at the daily scale, so that the ratio of the daily
lateen heat flux to other flux components can be regarded as constant. The SolRad method
and the daily mean short-wave radiation are expressed as follows.

LE

R, (11)

LEdaily =11x (RSd)daily X
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where LE,;, is the daily average evapotranspiration after time upscaling, (Ryz) daily 1S the
daily average shortwave net radiation, LE is the instantaneous evapotranspiration, Ry, is
the instantaneous shortwave net radiation, t,;s, is the time of sunrise and tg; is the time
of sunset.

3.2. Data Analysis Methods
3.2.1. Radionov Time Series Analysis

The Rodionov mutation analysis method can capture the mutation points in the evap-
otranspiration time series with strong trend changes. This method can effectively capture
the year of abrupt change and analyze the factors influencing the mutation phenomenon in
the time series evapotranspiration change analysis [47,48].

3.2.2. Sliding Filter Analysis

The sliding filtering method is a low-pass filtering data processing method, which
can effectively deal with the non-smooth data in the time series data, carry out trend
extrapolation and curve fitting, and obtain the law of evanescent time series change.

After low-pass filtering, the sequence can effectively weaken the influence of random
errors on the analysis of change trends compared with the original time series.

3.2.3. Sen + MK Variation Trend Analysis

The Theil-Sen method is a relatively stable trend analysis method, which does not
require data to confirm to certain probability distribution characteristics and is not sensitive
to the time series outliers. In addition, the combination of the Theil-Sen method and the
Mann-Kendall method can effectively analyze and test the trend of time series data. In
this paper, we combined the Sen-MK method to carry out the analysis of spatial variation
characteristics in regional ET time series variation [41]. Table 2 shows the Sen + MK trend
description and significance classification. In Table 2, TS, characterizes the Thile-Sen
variation trend, while p is the significance test value of the Mann-Kendall method. In this
paper, a trend test model with a period of ten years was constructed for the basin ET data
with a single image element value, and spatial Sen—-MK trend analysis at the basin scale
was performed.

Table 2. Sen + MK trend description and significance grading used in this study.

Trend TSSlope Test Values p Significance Classification
>0.5 Slight increase
TSgope > 0 p= &
slope p <05 Significant increase
>0.5 Slight increase
TSqope <0 = &
slope p <05 Significant increase

3.3. Accuracy Evaluation Method

In this paper, the accuracy of the retrieval results was evaluated by cross validation.
Through comparing the retrieval results of the same pixel at the same location and time
scale with different algorithms, the relative accuracy of MOD16 ET product and RS-NP
model was revealed. The retrieval accuracy of the model was obtained through quantitively
analysis of three difference indexes of root mean square error (RMSE), bias, Relative Error
(RE), and the consistency index of relevant index (R?).

The difference indexes describe the systematic error and random error in error propa-
gation theory. In this research, the mean error (bias) was used to evaluate the system error
of the model, the relative error (RE) was used to evaluate the relative deviation between
the retrieval value and true value of ET, and the root mean square error (RMSE) was used
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to reflect the sampling standard deviation between the retrieval value and the true value of
the ET. Three difference indicators are defined as follows.

bias = Z(yT—y’) (13)
RE = 1“;;?5@/ x 100 (14)
N &~i=1J i
2

where y is the retrieval value, ' is the reference value, and N is the total quantity of remote
sending retrieval pixel.

The consistency index describes the consistency between the retrieval value and the
true ET value and is often evaluated by liner fitting. In this research, the correlation
coefficient (Rz) was used as the evaluation index, with the index closer to 1, which resulted
in better consistency between the retrieval value and the true ET value. R? is defined
as follows.

R2_1_ (i -y’ (16)
—\2
i (yi - 3/,)

4. Results
4.1. Cross Validation with MOD16

Figure 2 shows the relationship between the retrieval ET and MYD16 ET at the eight-
day scale; each point in the diagram is a random point within the basin. The retrieval ET
and MYD16 ET correlated well with a bias of 1.46 mm/8-day, a RMSE of 2.13 mm/8-day
and a RE of 3.06%, and the distribution also presented a linear correlation with the R? of
0.63. The ET provided by MYD16 was relatively reliable, and the accuracy of verification
results reflected the real situation of surface ET.

40
v=0.5418x + 11.058
R2=0.63
= bias=1.46 mm/8-day P *
= RMSE=2.13 mm/8-day 7 e
o 30 RE=3.06% R T
E SR
[ 2y .
E [y ';.‘-",‘-.. ‘J
; ‘e . __.‘h"“ ) .
e o N et
. .
Z 20 O
n)
a4
10
10 20 30 40

MYD16 ET (mnv/8-day)

Figure 2. Comparison of consistency and difference between RS-NP retrieval ET (mm/8-day) and
MYD16 ET (mm/8-day).
4.2. Temporal Characteristics of ET

Figure 3 shows the trend of ET and precipitation during 2008 to 2017. The linear trend
of the 8-day ET showed an increase during 2008 to 2017, and ET in the Lower Mekong
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River Basin fluctuated. The Rodionov weight was notably higher from January 2015 to July
2016. At the eight-day scale, the maximum mean ET was 35 mm/8-day (in March), and
the minimum mean ET was 10 mm/8-day (in August). A strong El Nifio event in 2015 led
to an increase in global temperature and precipitation, and a longer duration of high ET
than other years lasting from February to November in 2015 was captured by the Rodionov
time series analysis.
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Figure 3. Overall variation trends of monthly ET and monthly precipitation from 2008 to 2017 with
the Rodionov weighted line.

Figure 4a shows the annual ET retrieval results. Annual ET from 2008 to 2017 fluc-
tuated on the average of 1034 mm, and the average of annal precipitation was 1500 mm.
The annual ET slightly increased from 2009 to 2015 by 182 mm/year and then decreased.
The highest annual ET was in 2015 (1198 mm/year) and the lowest annul ET was in 2008
(949 mm/year). The annual ET was less than a half of the annual precipitation in this
typical humid basin, excepted in 2015.
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Figure 4. Temporal variation trend of ET. (a) The inter-annual trend of annul ET and precipitation
from 2008 to 2017. (b) The rainy season ET and the dry season ET from 2008 to 2017. (c) The monthly
trend of ET and precipitation from 2008 to 2017.

Located in Indochina Peninsula, the Lower Mekong River Basin has a tropical monsoon
climate affected by the land-sea monsoon differences; thus the year is divided into rainy
and dry seasons. The rainy season is from May to October and the dry season is from
November to April. Figure 4b shows the variation of seasonal ET. Dry season ET and rainy
season ET were on average of 543 mm/year and 491 mm/year, respectively, and the ET of
rainy season was lower than that of the dry season in all the ten years.

Figure 4c shows the monthly precipitation and monthly ET. At monthly scale, ET
fluctuated around the average of 86 mm and slowly dropped below the average level during
rainy season months; precipitation increased from January to July and then conversely
decreased in the dry season months. In the rainy season, monthly precipitation (on the
average of 206 mm/month) was over twice higher than the monthly ET (on the average
of 82 mm/month). However, monthly precipitation in the dry seasons (on the average of
44 mm/month) was much lower than the monthly ET (on the average of 91 mm/month).
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4.3. Spatial Characteristics of ET

The study analyzed land use types in the basin with MCD12Q1 (Figure 5a), and then
calculated the spatial distribution of ET by lattice calculation (Figure 5c). As shown in
Figure 5a,b, the spatial distribution of ET in the Lower Mekong Basin was consistent with
land covers. Along the Mekong River network, ET was low in the middle, with about
840 mm /year of the region, and high in the margin of the basin, with about 1250 mm/year
of the region; and the maximum ET was about 1550 mm/year in Tonle Sap Lake. The
study conducted time series for multi-year ET, and then counted the MK test value and
changing rates based on the Sen + MK trend test to reveal the spatial and temporal variation
characteristics of ET. Figure 5c shows the spatial distribution of the changing slope and
significance test for ET from 2008 to 2017. Significantly increased areas were mainly located
in the tropical broadleaf forests in Laos (in the northern part of the basin) and the forest
(in the southeastern of the basin). ET near the water area and the seasonal inundated area
showed a slight decrease trend, while ET in most areas of cropland and grassland areas
showed a slight increase. The conversion of land use types also affected the change of
regional ET: the decrease of ET in Cambodia (in the southern part of the basin) may be
related to the deforestation of local tropical forest; however, the decrease in the cropland
areas in Thailand (in the middle of the basin) was related to the rotation of different local
economic crops.

B oo

Savamna ¢
Girassland
Cropland
- Urban
Wetland

- Waler Bodies

Barren

Land Cover.: \ g

"0 100 200
- KM

Trend of ET

Annual ET S e _;p,w i Slight increase
(mm) A ]

e 1600

Obvious increase
B Slight decrease

= 500 I Obvious decrease

0 100 200

0 100 200
— ) KM KM

(a)

(b) (©)

Figure 5. (a) Spatial distribution of land use in the Lower Mekong River Basin from 2008 to 2017;
(b) Spatial distribution of average ET from 2008 to 2017; (c) Sen + MK trend analysis of spatial and
temporal variability of ET in the Lower Mekong River Basin from 2008 to 2017.

Figure 6 shows the spatial variation of inter-annual ET. During 2008 to 2017, the
obvious changing of ET was mainly in the Laos forests (in the north part of the basin) and
the tropical broadleaf forests of Cambodia and Vietnam (in the south part of the basin).
With regard to the distribution of spatial characteristics, when the ET in the whole basin
increased, there was a more obvious spatial distribution. For example, the forest ET was
15 mm/year higher than the cropland ET in 2008, but the difference between these two
areas was 21 mm/year due to the El Nifio event in 2015. This phenomenon indicated that
ET in forest is more responsive to climate change and plays an important role for regional
ecological stability.
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i ﬁ‘é-x, ‘,u
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2100 0 400 800
o m— km

Figure 6. The spatial distribution of average annual ET from 2008 to 2017 in the Lower Mekong
River basin.

The spatial distribution of monthly ET is shown in Figure 7. The spatial distribution
characteristics of monthly ET varied a lot. The ET of the Tonle Sap Lake’s was even lower
in March to June than the northern forests. The monthly change of the forest ET was nearly
60 mm, while the monthly change of wetlands was only 30 mm. More notable, the forest ET
began to exceed water ET of the Tonle Sap Lake from May to July, which is mainly related
to the heavy rain and the increase of water areas with the coming of rainy season.

Jan Feb Mar Apr May Jun A

Monthly ET

(mm/month)

220 0 400 800
m  km

o

Figure 7. The spatial distribution of average monthly ET from 2008 to 2017 in the Lower Mekong
River basin.
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Spatial distributions of seasonal ET and their difference are shown in Figure 8. ET in
the basin was 53 mm /season higher in the dry season than in the rainy season and together
with a more significant regional difference in the dry season. Above all, the ET in water
area was even 500 mm/season higher than that in wetlands ET. Although ET in the dry
seasons was higher than in the rainy seasons on the average level, the regional ET was

probably higher in the rainy season in a few areas, such as croplands and wetlands.
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Figure 8. Spatial distribution of seasonal ET from 2008 to 2017 (a) Dry season ET; (b) Rainy season
ET; (c) Spatial distribution of the ET difference between rainy and dry seasons.

5. Discussion

Variation of ET is related to meteorological factors and climatic characteristics of
different underlying surfaces. This part performs the correlation analysis of the influenc-
ing factors.

5.1. Change of Land Cover and Their Impact on ET

The annual ET for different land covers from 2008 to 2017 shown in Figure 9 revealed
the influence of land covers on spatial distribution of ET in Figure 5b. As shown in the
diagram, ET in the basin is highly consistent with vegetation coverage and magnitude
is exhibited as follows: Forest > Savanna > Grassland > Cropland > Urban > Wetland.
Sufficient water supply and strong ET of tropical rainforest broad-leaved canopy may lead
to forest ET over 1100 mm/year, which is as high as water ET in the basin. In expected
urban and barren areas, the difference of annual ET between each land cover was about
80 mm/year, resulting in the similarity of both the ET and land use distribution in Figure 5a.
The variation of inter-annual ET distribution in Figure 6 can be explained by the trend in
Figure 9a. ET of the grassland, barren, urban, cropland and wetlands with lower vegetation
cover roughly increased from 2008 to 2015, and then decreased from 2015 to 2017. Forest
ET fluctuated from 2008 to 2011 and then followed the variation trend of the whole basin,
but forest ET was higher than water ET in 2015 and 2016.
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Figure 9. (a) The variation trend of annual ET in different land covers from 2008 to 2017. (b) The
average annual ET of different land covers from 2008 to 2017.

Li et al. [49] suggested that both human activities and land use types have influences
on ET variation, and our study in the basin also confirmed that. The reason that tropical
savanna ET and grassland ET was much higher than crop land ET is that rainfall supplies
sufficiently to both savanna and grassland areas, and the ET of croplands is affected by
human activities and the climate characteristics.

The dynamic change of land use also affected the growth of dominant species in
the ecological communities to a certain extent. Therefore, it had a corresponding impact
on surface temperature, air humidity and light, and has different scale effects on local
microclimate that affect the regional evaporation process. Table 3 shows the land use
transfer matrix of the Lower Mekong River Basin between 2008 and 2017.

Table 3. Comparison of land use change and the net change rate in the basin in 2008 and 2017.
2017 2008 (km?) Total
ota
(km?) Grasslands Urban Forest Croplands Savannas  Wetlands Water Area
Grasslands 40,123.13 0.00 4287.44 3316.01 11,596.82 326.95 13.19 591,715.91
Urban lands 29.84 2743.94 0.00 62.44 26.30 0.48 0.00 2863.00
Forest lands 568.82 0.00 185,323.80 200.65 11,340.43 53.55 0.94 197,506.18
Croplands 11,706.40 0.00 191.50 188,725.73 4575.23 117.81 0.95 205,318.32
Savannas 8291.59 0.00 29,425.92 5062.51 119,151.95 141.89 0.00 162,076.53
Wetlands 427.63 0.00 142.70 2479 349.64 10,481.78 137.70 12,077.79
Water area 56.63 0.00 85.42 8.09 79.04 25.20 5886.54 6145.77
Total 61,258.90 2743.94 219,457.69  197,264.95 147,124.76 11,177.07 6041.42
Netincreaseor 154300 11906  —2195151 805337 1495177  900.72 104.75
decrease

Combined with the land use transfer matrix and variation of annual ET, the change
direction of land use types varied: the same land use type transformed to different types
and showed difference in regional ET change. The change of land cover in vegetation areas
was mainly from forest to savanna, savanna to grassland and forest to grass. Annual ET
in areas where forest and savanna changed into each other both showed an increasing
trend (only 45 mm/year and 53 mm/year respectively), and in those areas where forest
converted to grass, the annual ET had decreased about 27 mm/year. Therefore, the annual
ET of land covers has little influence on regional ET, and previous research indicates that
climate change might be the dominant reason for ET changing in such humid basins [50].

5.2. Influence of Meteorological Factors on ET

The effects of different meteorological factors on the variation of annual ET are shown
in Figure 10. Annual ET in the Lower Mekong River Basin was mainly driven by solar
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energy and near-surface temperature, with the determination of 0.80 and 0.57, respectively.
In the typical humid basin, the trends of precipitation and ET were not clearly correlated,
but there is a consistent upward trend in both precipitation and SRA in 2015.
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Figure 10. Correlation analysis between meteorological factors and annual ET. (a) SRA; (b) Precipita-
tion; (c) TMP.

Figure 11 shows the correlation coefficient of meteorological factors on a seasonal
scale. Correlations between meteorological factors and ET shifted between rainy and dry
seasons. The variation trends of solar radiation and ET are consistent both on the annual
and seasonal scales, especially as regards the relative index, which is about 0.89 in rainy
seasons. Notably, as the precipitation decreases and surface temperature increases from
rainy season to dry season, the inhibitory effect of precipitation on ET becomes the promote
effect. However, temperature becomes the dominant influencing factor in dry season,
where the relative index is 0.91.
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Figure 11. Correlation analysis between meteorological factors (SRA, precipitation and TMP) and
monthly ET in the rainy season and the dry season.

The above discussion indicates that forest ET had the most obvious change in time
series, and the dominant meteorological influencing factor of ET in the Lower Mekong River
Basin is solar radiation. Present research reported that the forest area in the Lower Mekong
Basin is mainly natural forest [51]. Therefore, it is necessary to clarify the correlation
between solar radiation and ET in natural forest area. In the natural forest area, monthly
SRA was the highest in April (235 W/ m?) and the lowest in December (175 W/m?). The
spatial distribution of SRA in the forest areas shown in Figure 12a presents the increasing
trend from February to April that was the same with the spatial distribution of forest ET in



Remote Sens. 2022, 14, 2609

14 of 17

Forest ET(W/m?)

250

210

170

130

90

50

Figure 9. As shown in Figure 12b, both SRA and forest ET are higher in the dry season than
in the rainy season, and the correlation between them is significant in the dry season (the
correlation coefficient in the dry season is 0.89, and the correlation coefficient in the rainy
season is 0.45).
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Figure 12. (a) Variation of monthly SRA and monthly ET in forest areas of the Lower Mekong River
Basin in multiple years. (b) The effect of SRA on monthly ET in forest areas. Every 30 points in the
figure represent the value of SRA and ET of a month, and the shape of those points have been divided
into triangle and square to present rainy season and dry season, respectively.

The reason that the ET in the basin is dominated by solar radiation includes the two
aspects that have been discussed above. On the one hand, forest ET was as high as water
ET in the whole basin while it also occupied a large area. On the other hand, the variation
of SRA is the dominant factor that influenced forest ET, which caused the regional monthly
ET to have the same variation trend as SRA. Other researchers have also reached similar
conclusions regarding such wet surface areas, that the change of ET is consistent with the
change of solar radiation, and is opposite to that of precipitation [52,53].

6. Conclusions

In this paper, the ET in the Lower Mekong River Basin during 2008 to 2017 was
retrieved by using MODIS and CLDAS data, and the spatial and temporal variation
characteristics of ET in the region were analyzed. This study can help people better
understand the water cycle process in the basin and has reference value and contribution
to the formulation of water resources measures and economic development decision in the
Lower Mekong River Basin. The main conclusions of the paper are as follows:

(1) ET in the basin slightly increased during 2008 to 2017 and experienced an unusual
increase from January 2015 to July 2016. The highest annual ET was 1198 mm/year in
2015, and the lowest annual ET was 949 mm/year in 2008. The ET in the rainy season was
lower than that in the dry season, and the inter-annual variation trend of seasonal ET was
consistent with that of annual ET, and average difference of seasonal ET was 53 mm /season.
On the monthly scale, the monthly ET was consistent with the monthly precipitation in the
dry season months, and opposite to the monthly precipitation in the rainy season months.
The maximum monthly ET was 101 mm/month in March, and the minimum monthly ET
was 73 mm/month in July.

(2) ET was low in the middle with about 840 mm/year of the region and high in the
margin of the basin with about 1250 mm/year of the region; the maximum ET was about
1550 mm /year in Tonle Sap Lake. With the increase of ET in the basin, natural forests have
the most obvious response to changes in ET, thus the basin also had the largest spatial
difference of ET in 2015. The distribution of ET in the dry season was more obvious than
that in the rainy season. Only the wetlands in the southern part of the basin and some
cropland in the middle of the basin affected by human activities had higher ET in the
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rainy season than in the dry season. The variation law of monthly scale ET on different
underlying surfaces was different: the change of forest ET was nearly 60 mm/month, while
the that of wetland ET was only 30 mm/month.

(3) The study analyzed the main factors affecting the ET in the Lower Mekong River
Basin from two aspects of land cover and meteorology. Our experiments show that ET
in the basin was highly consistent with vegetation coverage, and magnitude is exhibited
as: Forest > Savanna > Grassland > Cropland > Urban > Wetland. The difference of ET
between adjacent land types was uniform, so the distribution of ET in the basin was clearly
displayed. Our results also revealed that i meteorological factors rather than land cover
change affected the ET changing in the basin the most. On the inter-annual scale, ET was
mainly driven by solar energy and near-surface temperature, with the determination of
0.80 and 0.57, respectively. On the seasonal scale, SRA and TMP were the dominant factors
in the rainy and dry seasons, with the relative index of 0.89 and 0.91, respectively. However,
precipitation restrained ET in the rainy season months. The study further confirmed that
the largest coverage of forest and the greater influence of forest ET by SRA lead to the ET
of the entire basin being dominated by SRA.
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