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Future rice farming threatened 
by drought in the Lower Mekong 
Basin
Hyunwoo Kang1, Venkataramana Sridhar1*, Mohammed Mainuddin2 & Le Duc Trung3

The Lower Mekong River basin (LMB) has experienced droughts in recent decades, causing 
detrimental economic losses and food security conundrums. This study quantified the impact of 
climate change on drought, and rainfed rice production in the LMB. The Soil and Water Assessment 
Tool (SWAT) and AquaCrop models were used to evaluate long-term drought indices and rainfed rice 
yields under historical and future climate conditions (1954–2099) with four climate models and two 
emission scenarios (RCP 4.5 and RCP8.5) from the Coupled Model Intercomparison Project Phase 5 
(CMIP5). We found that rice yield might increase (24–43%) due to the elevated levels of atmospheric 
CO2 concentration (+ 34.3 to + 121.9%) and increases in precipitation. Contrastingly, considerable 
decreases in rice yield up to 1.5 ton/ha in the Vietnam Central High Plain (VCHP) region could be 
expected resulting from reduced precipitation by about 34% during drought years. To avert any 
major food crisis, an expansion of irrigation areas could be required to compensate for the expected 
reduction in rice yields. We conclude that a framework combining hydrology and crop models to assess 
climate change impacts on food production is key to develop adaptation strategies in the future.

Drought is a natural disaster that has a detrimental influence on water resources, economy, environment, and 
crop production1–3. Drought has affected many regions around the world over the last few decades4,5, and it has 
been exacerbated by climate change6–8. Besides, drought has a particularly adverse impact on crop production 
as well as regional and global food security9.

The Lower Mekong Basin (LMB) contains parts of the countries of Cambodia, Lao PDR, Thailand, and Viet-
nam, where the countries have vulnerable populations exacerbated by poverty and food insecurity10. The LMB 
has experienced some severe droughts in the past three decades11–13, and these droughts inflicted significant crop 
losses, reductions in fishery and livestock yields, harmful levels of salinity intrusion, and widespread shortage 
for domestic and industrial water use11,14. Notably, droughts in 1991–1994 and 2015–2016 were the longest and 
driest droughts, respectively12,15. The 2015–2016 drought brought serious economic losses to Thailand (1.7 billion 
USD14), and more than 9.56 million people were affected. In the Mekong Delta region, the worst saline intrusion 
was recorded16, and 30% of winter and spring crops were threatened17,18.

A week monsoon during the flood season and a warm ENSO phase (El Niño/Southern Oscillation) have 
derived severe droughts and significant restrictions on rice production in the LMB13,19, and the severity of 
droughts would be exacerbated by climate change, specifically in the Lower LMB and 3S regions (Sekong, Sesan 
and Srepok)20. The LMB is one of the most crucial regions for rice production, which is not only providing food 
for more than 70 million inhabitants21 but also contribute to global food security22. The average total rice pro-
duction in LMB during 2009–2013 was 52.5 million tons, and average yields for Cambodia, Lao PDR, Thailand, 
and Vietnam were 3.0, 3.2, 2.5, and 5.2 ton/ha, respectively23,24. Thailand and Vietnam belong to the five major 
rice exporters of the world in 201725, and the Mekong Delta in Vietnam and Khorat Plateau in Thailand produce 
about 75% of all rice production in the LMB21. Rice productions from the LMB are required to increase up to 50% 
in the next 30 years (about 80 million tons) to meet the demand for a growing population21,26. Thus, decreases 
in rice production due to failed monsoon, climate change, and drought in the LMB will adversely impact the 
regional to global food security27.

Numerous studies have evaluated the impacts of climate change on rice yield in the LMB. Kontgis et al.28 
simulated the crop environment resources synthesis rice model (CERES-Rice) within the decision support system 
for agrotechnology transfer (DSSAT) platform29. This study compared rice yields with and without the impacts of 
the irrigation and CO2 fertilization effect, the latter of which is attributed to an increased rate of photosynthesis 
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in plants as a result from increased CO2 levels30. Furthermore, these results pointed out that there were decreases 
in rice yields in the middle of twenty-first century without the irrigation and CO2 fertilization effect in the 
Mekong Delta. However, considering CO2 fertilization effect of RCP 4.5 and 8.5 emissions, increases in rice 
yield up to 23% were plausible, and that could compensate for yield declines by increasing temperatures28. Jiang 
et al.31 assessed the impacts of climate change on rice production in the Mekong Delta using DSSAT and global 
climate models. The results implied that reductions of rainfed rice occurred due to increasing temperatures and 
seasonal variations of precipitation, but the elevated CO2 resulted in remarkable increases in rice productions. 
Chun et al.32 demonstrated that improved irrigation strategy and CO2 fertilization effect could cause significant 
increases in rice yields (up to 8.2–42.7%) in the 2080s under RCP 8.5 in Cambodia and Thailand. Poulton et al.33 
found that CO2 level and rainfall variability have significant influences on rainfed rice production in Cambodia 
after 2030. Also, they concluded that expanding irrigation areas would be required to compensate for the impacts 
of climate change.

Thus far, several studies concluded that a combination of CO2 fertilization and irrigation strategies may lead 
to increases in rice production or at least compensate for the yield losses due to the impacts of climate change 
in the LMB. However, other studies showed different results in the regional scale analysis. Boonwichai et al.34 
simulated rainfed rice using the DSSAT crop simulation model in the Songkhram River Basin of Thailand, and 
rice yields reduced by 14% and 10% under the RCP4.5 and RCP8.5, respectively. The reductions in rice yields 
were mainly due to the increases in temperature and crop water use. Only a few studies demonstrated the impacts 
of climate change and resulting drought on rice yields, including for the LMB region where a significant culti-
vable land area was used for rice cultivation. Trisurat et al.35 used the InVEST model (Integrated Valuation of 
Ecosystem Services and Tradeoffs) and estimated rice production in the LMB. They found that rice production 
would decrease up to 4.2% due to the extreme drought conditions, and these reductions were mostly confined 
to Thailand and Lao PDR. However, the lack of an integrated assessment using a physically-based hydrologic 
model, climate models, and crop simulation is evident for evaluating future drought and rice yield in rainfed 
areas36. This approach is essential to quantify the impacts of droughts and rice yield at a scale appropriate for 
decision making by explicitly accounting for increased biomass production from the CO2 fertilization effect. 
It is also imperative to evaluate what-if scenarios for expanding irrigated areas to mitigate any crop loss due to 
drought and to avoid potential reductions in rice yield.

The objectives of this study are to evaluate drought and rice yield in the LMB at the provincial scale over the 
historical period (1956–2019) and to assess the impacts of drought on rainfed rice yield in the next 80 years 
(2020–2099) with two future climate projection periods (f1: 2020–2059, f2: 2060–2099). This study provides 
crop yield under future drought scenarios using soil moisture-based drought index, crop simulation model, and 
high-resolution meteorological dataset, and the results of this transnational study can serve as a viable guideline 
for planning water resources and land management for alleviating food security concerns in the face of natural 
and human-induced changes in LMB.

Methods
Figure 1 outlined the overall approaches and methods that were used in this study. First, input data required for 
the Soil and Water Assessment Tool (SWAT)37 and AquaCrop38 models for the LMB were obtained. Second, the 
SWAT model was calibrated by comparing monthly streamflows from seven stations, and the AquaCrop model 
was calibrated using the observed rice yields for each province. Third, SWAT-driven soil moisture was used to 
compute a drought index for the historical and future periods. Forth, AquaCrop was used to estimate rice yields 
for the historical and future periods. Following this, the climate change impacts on droughts, rice productions, 
and required irrigation areas were evaluated based on the drought index and rice yield simulations.

Study area.  This study focused on the entire LMB. It covers an area of 642,000 km2, roughly consisting of 
76% of the Mekong River Basin (Fig. 2a). The river originates in China and flows about 2300 kms to reach near 
Chiang Saen and this segment is called the upper Mekong River. Below this point, the river becomes the Lower 

Figure 1.   The process flow diagram showing hydrological and crop simulations. SWAT​ Soil and Water 
Assessment Tool, MSDI Multivariate Standardized Drought Index, PDSI Palmer Drought Severity Index.
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Mekong River which flows for about 2600 km. The lower segment of the river passes through uplands of Laos, 
Cambodia and Vietnam, and forms the delta near the mouth where it drains into the South China Sea21. The 
LMB is influenced by the tropical monsoon, which generates distinct wet and dry seasons; the wet season is 
from May to October, and the dry season is from November to April. Several major drought events have hit the 
region over the last decades, and they generated detrimental impacts on water resources, rice cultivations, liveli-
hood activities, and food security11,12,15. For this investigation, we have focused on the rainfed rice yield analysis 
because it is a primary crop in the LMB, and it accounts for 58% of the paddy area of the LMB21. Besides, rainfed 
areas are vulnerable in a changing climate due to precipitation variability than irrigated areas39, and a better 
irrigation management system which can minimize the adverse effects of drought in the LMB40.

SWAT model and inputs.  The SWAT model37 is a semi-distributed and river basin scale model, which 
is designed to simulate watershed responses under various climatic and geologic conditions. SWAT has been 
widely applied for the evaluation of diverse aspects of drought, such as historic drought assessments7,8,10,41, 
drought forecasting42,43, and climate change impacts on droughts6–8,39. The SWAT model requires a digital eleva-
tion model (DEM), soil data, land use, and weather dataset (e.g., daily precipitation and maximum and minimum 
temperature). The Global Multi-resolution Terrain Elevation Data 2010 (GMTED2010; 250 m resolution)44, soil 
data obtained from the soil dataset of the Food and Agriculture Organization of the United Nations45, and the 
Global Land Cover Characterization (GLCC) to estimate the land use parameters were used as inputs for SWAT 
simulations46. For the historical period (1951–2019), a 0.25-degree resolution of precipitation and temperature 
data were used47–49. Sridhar et al.50 developed model inputs and calibration parameters for the Mekong River 
Basin, which will be used in this analysis (Supplementary Table S1 in the Supplementary Information).

AquaCrop model and inputs.  AquaCrop is a crop growth model developed by the Land and Water Divi-
sion of the Food and Agricultural Organization (FAO), and it is a process-based model that considers crop 
growth, atmospheric, soil, crop, and management conditions38,51. AquaCrop requires a relatively small number 
of inputs and parameters, and it simulates yield response to water of crops and is suited to explain conditions 
where water is a crucial factor in crop production38. AquaCrop has been widely used for investigating climate 
change impacts on crop production and food security in many regions in the world, particularly in the LMB3,52. 
Biomass production and yield formation in AquaCrop were based on Eqs. (1) and (2) 38.

where B is the cumulative biomass production (ton/ha), WP* is the biomass water productivity normalized for 
climate, Tri is the daily crop transpiration (mm/day), EToi is the daily reference evapotranspiration (mm/day), Y 

(1)B = WP∗
∑

(

Tri

EToi

)

,

(2)Y = HI × B,

Figure 2.   Study area. (a) Spatial map of the entire Mekong River Basin and the Lower Mekong Basin (LMB). 
(b) Spatial map of the LMB. Red lines indicate the boundary of provinces, blue lines represent the Mekong River, 
grey lines are the delineated SWAT sub-watersheds, and black and square boxes are streamflow stations for the 
SWAT calibration. (c) Soil Moisture Active Passive (SMAP) data points. Brown points indicate the SMAP data 
points where are intersected with the rainfed areas (3065 points). Spatial maps were created using ArcMAP10.5 
software by Esri (www.​esri.​com).

http://www.esri.com
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is the final crop yield (ton/ha), and HI is the harvest index. Raes et al.38 pointed out that an increased CO2 level, 
which induces CO2 fertilization, derives slight decreases in the crop transpiration (Tr) and significant increases 
in the biomass water productivity (WP*) for the AquaCrop simulation. Besides, a temperature is likely to increase 
the evaporating power of the atmosphere (ETo).

AquaCrop requires soil properties, daily precipitation, minimum and maximum temperature, reference evap-
otranspiration (ETo), planting date, and the growing period, which are relatively a few parameters and inputs 
to simulate the crop yield in response to various water availability conditions38,40. For the historical and future 
simulations, soil properties were extracted from the FAO soil dataset44. Forcing datasets include daily precipita-
tion, minimum and maximum temperature data and the same inputs used for SWAT simulations were again 
utilized after aggregating them for each province. Besides, other variables namely reference evapotranspiration 
(ETo) and CO2 concentration for each RCP were derived from SWAT as PET and Nazarenko et al.53, respectively.

Model‑driven drought index.  SWAT simulated soil moisture was used to compute the multivariate stand-
ardized drought index (MSDI)54. MSDI is based on the joint distribution and probability of two hydro-meteor-
ological variables such as precipitation and soil moisture. For this study, monthly soil moisture estimations of 
entire soil columns (about 2 m) from the SWAT model and precipitation data were used to evaluate historic and 
future drought conditions in the 74 provinces in the LMB.

The joint distribution of two variables (X and Y) is defined as Eq. (3):

where p is joint probability of two variables, and MSDI is described as Eq. (4):

where ∅ is the standard normal distribution.
For the MSDI estimation, the Gringorten plotting position formulas is used to reduce the uncertainties in 

fitting parameters55, and the joint distribution was computed by Eq. (5);

where n is the number of observations, and mk is the number of occurrences when the pair ( xi , yi) is xi ≤ xk and 
yi ≤ yk . Supplementary Table S2 presents drought classifications of MSDI. The negative values (MSDI < − 1.0) 
indicate the drought conditions, while positive values represent the wet conditions.

Model calibration.  The SWAT model calibration was performed by comparing monthly streamflows at 
seven stations (Fig. 2b; Supplementary Table S3), and the SUFI-2 algorithm in the SWAT calibration and uncer-
tainty assessment tool (SWAT-CUP)56 was used. The model evaluation was performed based on the Nash–Sut-
cliffe coefficient (NS)57 (Eq. 6).

where 
−

Qo is the mean of observed discharge, Qs is simulated discharge, Qi
o is observed discharge at time i. In 

addition, the model-driven MSDI was validated by the comparisons with a reference drought index (Palmer 
Drought Severity Index; PDSI) at a moderate drought category (PDSI < − 2, MSDI < − 1). Supplementary Fig-
ure S1 presents the selected locations for drought assessments, and they were highlighted as red points for PDSI 
and black areas for MSDI.

The model accuracy of the AquaCrop model was assessed by comparing observed and simulated rice yields 
for each province, and the performance was verified by calculating the root mean square error (RMSE) (Eq. 6), 
which has been widely used for crop simulation studies3,40,58. For the baseline simulations, planting date, har-
vest index (HI), and fertilizer stress were used as the calibration parameters, and they have been applied for the 
AquaCrop simulations (Supplementary Tables S4–S7 in the Supplementary Information)3,54,59. Based on the 
assessment of root mean square error (RMSE), the simulation was found to be satisfactory for the LMB region, 
and the detailed discussion is provided in the later sections.

where, simulatedi and observedi are the simulated and observed rice yield, and N is the number of observations. 
The performance of the simulation improves as RMSE approaches zero.

Satellite‑based soil moisture and rice yield.  Soil moisture is an essential variable for monitoring agri-
cultural production and drought, and it is appropriate to evaluate the impact of water deficit54,60. In particular, 
the regions of rainfed agriculture are largely affected by soil moisture deficits during the crop growing season61. 
In this study, the simulated rice yields and droughts were compared with a satellite-based root zone soil moisture 
observation from Soil Moisture Active Passive (SMAP, Level 4)62 to understand the relationship between rice 
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yield, precipitation, and drought conditions. SMAP provides three hourly soil moisture data with a 9 km spatial 
resolution from April 2015, and 3065 grids correspond to the rainfed areas in the LMB (Fig. 2c).

Impacts of drought on rice yield.  In this study, the crop yield analysis for the rainfed rice was performed 
at the provincial scale using the observed agricultural production data in the LMB (Fig. 2b). Observed crop yield 
data was obtained from the official statistical websites or reports of the countries in the LMB24,40. The study area 
contains 74 provinces in the LMB, and there are 20, 17, 22, and 15 provinces in Cambodia, Loa PDR, Thailand, 
and Vietnam, respectively. The average area of all the 74 provinces is 8079 km2, the largest province is Savanna-
khet in Lao PDR (21,407 km2), and the smallest is Phnom Penh in Cambodia (373 km2). However, the Vietnam 
Central High Plain (VCHP) region does not include the provinces entirely because the current boundaries are 
based on the Mekong River basin, not on a provincial border (Fig. 2).

To figure out the impacts of drought on rainfed rice, we divided drought and non-drought years and compared 
the rice yields. The drought and non-drought years were separated whether the MSDI values were below average 
or not. To mitigate the impacts of drought, rainfed areas would need irrigation as they serve as a shock absorbed 
during the times of failed monsoon. While the expanded irrigation shields the farmers from facing the losses in 
crop yield, it can potentially alleviate food security and livelihood concerns. The required irrigation area (RIA) 
was calculated to quantify how much additional irrigation areas would be needed to compensate for the yield 
losses during the drought years, and RIA was calculated by Eqs. (8) and (9).

where, YL is the yield losses (ton), Yn is the rice yield during the non-drought years (ton/ha), Yd is the rice yield 
during the drought years (ton/ha), Arice is the rice cultivated area for each province (ha), and RIA is the required 
irrigation area (ha).

Climate projections.  The Coupled Model Intercomparison Project Phase 5 (CMIP5) climate model out-
puts are widely used to assess historical and future climate impacts with higher reliability in the projected precip-
itation and temperature. In this study, four CMIP5 climate models, GFDL-ESM2M, IPSL-CM5A-LR, MIROC-
ESM-CHEM, and NorESM1-M were implemented with two representative concentration pathways (RCP4.5 
and RCP8.5), and they captured a wide range of precipitation (+ 18.3 to + 47.0%) and temperature changes (+ 1.1 
to + 4.6 °C) in the LMB. We directly used statistically downscaled and bias-corrected data at 0.25-degree resolu-
tion that were available by the intersectoral impact model intercomparison project (ISI-MIP)63.

As temperature and precipitation characterizations are needed for drought and crop growth modeling, espe-
cially under rainfed conditions, the evaluation of precipitation and temperature for their trends and future 
projections are deemed necessary. Figure 3 presents changes in mean values of precipitation and temperature 
for the four GCMs, RCPs, and future periods. Among the climate models and periods, GFDL-ESM2M and 
RCP4.5—f1 period was the driest model that showed the lowest precipitation increase (18.3%), while NorESM1-
M and RCP8.5—f2 period was the wettest model, which presented the highest precipitation increase (47.0%). In 
addition, NorESM1-M and RCP4.5—f1 period was a cold model that showed the lowest temperature increase 
(1.1 °C), while MIROC-ESM-CHEM and RCP8.5 f2 was a hot model, which presented the highest temperature 
increase (4.6 °C). Supplementary Figure S2 in the Supplementary Information shows the spatial maps of historical 
annual precipitation and future changes for each climate model and period, and Supplementary Fig. S2a,b are the 
results of RCP4.5 and RCP8.5, respectively. For the historical period, annual precipitation ranged from 933 to 
2070 mm. For the future periods, the means of four climate models in the entire LMB indicated that there were 

(8)YL = (Yn − Yd)× Arice,

(9)RIA =
YL

Yn
,

Figure 3.   Precipitation and temperature change in the LMB. The X-axis is the change in precipitation (%), and 
the Y-axis is the change in temperature (°C). All of the dots indicate the change in precipitation and temperature 
for each climate model and period. The blue dots represent the f1 period, and the red dots indicate the f2 period. 
(a) RCP 4.5. (b) RCP 8.5.



6

Vol:.(1234567890)

Scientific Reports |         (2021) 11:9383  | https://doi.org/10.1038/s41598-021-88405-2

www.nature.com/scientificreports/

24.7–28.0% increases for RCP4.5, and 23.2–29.3% increases for RCP8.5 in the f1 and f2 periods, respectively. It 
is clear that the overall pattern of increased but mostly heterogeneous precipitation in the future that was higher 
than the present periods could impact drought and crop yield. Supplementary Figure S3 presents historical 
average temperature and future changes for the entire LMB. For the historical period, the average temperature 
ranged from 21.3 to 28.8 °C. For the future periods, there were overall temperature increases for the entire LMB. 
Temperature increases ranged from 0.29 to 3.75 °C for RCP4.5, and 0.54–5.71 °C for RCP8.5.

Although the overall precipitation increases were expected, a significant reduction in precipitation during 
the crop growing season as projected could cause a yield reduction. Tables 1 and 2 show the total amount of pre-
cipitation during crop growing season for the historical and future periods and precipitation differences between 
drought and non-drought years for future periods. Table 1 present the mean values of four GCMs, and Table 2 

Table 1.   Total precipitation amount during crop growing season for the historic and future periods and 
differences between drought and non-drought year (Average of four GCMs). The numbers in the bracket 
indicate the average number of drought and non-drought years for four GCMs. Negative values indicate the 
decreases in precipitation during drought years. DY Drought year, NDY Non-drought year, VCHP Vietnam 
Central High Plain.

RCP4.5 RCP8.5

Periods Historical (1956–2015) f1 (2020–2059) f2 (2060–2099) f1 (2020–2059) f2 (2060–2099)

Countries

Precipitation 
(mm) Precipitation 

difference 
(%)

Precipitation 
(mm) Precipitation 

difference 
(%)

Precipitation 
(mm) Precipitation 

difference 
(%)

Precipitation 
(mm) Precipitation 

difference 
(%)

Precipitation 
(mm) Precipitation 

difference (%)DY NDY DY NDY DY NDY DY NDY DY NDY

Cambodia 823 
(36)

847 
(24) − 2.9 1088 

(15.8)
1,096 
(24.2) − 1.0 1128 

(17.5)
1107 
(22.5) 1.6 1075 

(18.2)
1090 
(21.8) − 1.6 1109 

(16)
1121 
(24) − 1.2

Lao PDR 1130 
(31)

1195 
(29) − 5.8 1347 

(21)
1462 
(19) − 8.6 1386 

(19)
1509 
(21) − 8.9 1301 

(20.8)
1477 
(19.2) − 13.6 1393 

(19.8)
1532 
(20.2) − 10.1

Thailand 786 
(36)

846 
(24) − 7.7 960 

(16.2)
1006 
(23.8) − 5.0 1019 

(15.5)
1061 
(24.5) − 4.3 945 

(16)
1027 
(24) − 8.7 1018 

(18.5)
1064 
(21.5) − 4.7

VCHP 831 
(31)

1014 
(29) − 22.1 1061 

(13.2)
1286 
(26.8) − 21.5 1062 

(15)
1222 
(25) − 15.3 1006 

(14)
1245 
(26) − 23.5 1034 

(14.5)
1281 
(25.5) − 23.6

Mekong 
Delta

888 
(32)

941 
(28) − 6.1 1142 

(17.5)
1114 
(22.5) 2.0 152 

(19.5)
1155 
(20.5) − 0.3 1158 

(18.8)
1138 
(21.2) 1.7 1189 

(18.2)
1186 
(21.8) 0.2

Table 2.   Precipitation differences during crop growing season between drought and non-drought year for 
each climate model and future period (Unit: %). The numbers of drought and non-drought year were stated 
below the differences. Negative values indicate the decreases in precipitation during drought years. DY 
Drought year, NDY Non-drought year, VCHP Vietnam Central High Plain.

RCPs Countries

GFDL-ESM2M IPSL-CM5A-LR
MIROC-ESM-
CHEM NorESM1-M

f1 (%) f2 (%) f1 (%) f2 (%) f1 (%) f2 (%) f1 (%) f2 (%)

RCP4.5

Cambodia 7.3 7.7 1.7 2.0 − 4.8 − 2.4 − 8.2 − 0.8

DY-NDY 19–21 17–23 17–23 21–19 18–22 22–18 9–31 10–30

Lao PDR − 11.4 − 3.7 − 8.0 − 10.5 − 11.6 − 10.0 − 3.4 − 11.5

DY-NDY 22–18 21–19 16–24 25–15 26–14 20–20 20–20 10–30

Thailand − 6.7 3.4 4.6 − 4.4 − 13.9 − 8.7 − 4.1 − 7.5

DY-NDY 16–24 16–24 13–27 21–19 20–20 17–23 16–24 8–32

VCHP − 15.4 − 12.0 − 11.9 − 6.4 − 34.4 − 28.4 − 24.4 − 14.4

DY-NDY 16–24 15–25 12–28 18–22 12–28 17–23 13–27 10–30

Mekong delta 16.5 3.4 − 9.7 − 3.0 − 0.2 − 1.1 1.6 − 0.7

DY-NDY 16–24 23–17 20–20 18–22 14–26 21–19 20–20 16–24

RCP8.5

Cambodia 4.4 − 1.7 − 0.6 2.0 − 9.7 − 4.1 − 0.5 − 1.0

DY-NDY 18–22 19–22 18–22 20–20 19–21 19–21 18–22 6–34

Lao PDR − 16.7 − 9.4 − 15.3 − 13.3 − 7.0 − 10.4 − 15.7 − 7.2

DY-NDY 22–18 22–18 16–24 24–16 25–15 19–21 20–20 14–26

Thailand − 2.4 − 9.3 − 13.7 − 5.4 − 12.5 − 3.5 − 6.2 − 0.8

DY-NDY 19–21 23–17 14–26 21–19 15–25 16–24 16–24 14–26

VCHP − 25.5 − 24.8 − 17.0 − 13.6 − 29.8 − 25.9 − 22.7 − 29.9

DY-NDY 16–24 11–29 12–28 18–22 15–25 22–18 13–27 7–33

Mekong delta − 0.1 2.9 7.5 0.4 − 2.4 − 1.1 1.7 − 1.6

DY-NDY 18–22 21–19 21–19 18–22 14–26 21–19 22–18 13–27
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shows the precipitation differences for each climate model and the future period. In Table 1, the numbers below 
the precipitation amount indicate the number of droughts and non-drought years, and they are approximately 
30 years that are half of the historical period. However, there were decreases in a number of drought years and 
increases in non-drought years for the future periods, which were particularly noticeable in the results of a 
climate model with high precipitation increases (e.g., NorESM1-RCP4.5 model and f2 period). In the following 
sections, this assessment serves as the basis for evaluating the effect of temperature and precipitation changes 
on drought and crop yield in the rainfed agriculture areas of the basin.

Results and discussion
SWAT and drought evaluations.  The SWAT model was calibrated using SWAT-CUP56 and the assess-
ment was carried out by comparing monthly streamflows from seven stations. Supplementary Table S3 in the 
Supplementary Information presents the values of R2 and NS efficiency, and all seven stations that showed values 
above 0.8, are considered ‘Very good’ for the monthly simulation64.

Long-term historical drought conditions (1954–2014) were also validated with Palmer Drought Severity 
Index (PDSI)65 and multivariate standardized drought index (MSDI) at a moderate drought category (PDSI < − 2, 
MSDI < − 1) (Supplementary Table S2). Supplementary Figure S1 in the Supplementary Information shows the 
locations of PDSI and SWAT sub-watersheds, and the numbers in the yellow boxes correspond to specified points 
on the map. The model-driven MSDI generated 4.0, 10.1, and 15.9% of extreme, severe, and moderate droughts, 
and they captured between 56 and 73% of the drought occurrences in this period. Factors responsible for the 
discrepancies in these comparisons were manifold. First, the PDSI data was at 2.5-degree resolution, while the 
estimated MSDI was at 0.25-degree, primarily driven by the resolution of meteorological data. Second, the two 
different sources of meteorological data were applied for this assessment. For example, PDSI was calculated by the 
precipitation data from the National Centers for Environmental Prediction (NCEP) Climate Prediction Center 
(CPC)66, while the model-based MDSI used the other precipitation data47

, which had 15.3% more precipitation. 
Finally, two drought indices represent different drought types. PDSI represents the meteorological drought and 
is based on an empirical method of a balance between moisture supply and demand65, while the MSDI is based 
on a probabilistic approach that is joint distribution of precipitation and soil moisture54.

AquaCrop model evaluation.  Supplementary Tables S4–S7 in the Supplementary information present 
the planting date, harvest index (HI), fertilizer stress (FS), calibration period, observed and simulated average 
yields, and RMSE for the AquaCrop simulations. The planting date of rainfed rice varies from April 20 to July 
1, and it depends on the start of the wet season for each location40. HI is a function of water availability and 
crop variety59, and a higher value generates a higher rice yield. FS demonstrates deficit nutrient conditions in 
soil layers, and a higher value adversely affects the yield. For all provinces, HI varies from 23 to 37%, which was 
within the range of other applications in the LMB40,59. The mean values of RMSE for each country were 0.30, 
0.30, 0.20, and 0.40 ton/ha for Cambodia, Lao PDR, Thailand, and Vietnam, respectively. The RMSE values were 
15.6%, 9.7%, 8.4%, and 9.3% of the mean values of the simulated rice yields during the calibration period. For 
all provinces, RMSE varied from 0.10 to 0.61 ton/ha, which were 3.9–22.2% of the simulated rice yields, which 
were within the RMSE range of the previous studies in the LMB40,67. Therefore, the results implied that model 
performances of SWAT and AquaCrop were satisfactory for the simulation of rainfed rice in the LMB. Since 
those calibration parameters optimize the suitable planting date, water availability, and nutrient deficiency of the 
land, appropriate parameter estimations for each region are crucial for reliable simulations of the rice yields40. 
Furthermore, a well-calibrated hydrological model can be relied upon for accurate soil moisture and drought 
index computation, and the integrated hydrology model with crop simulation and climate models enables the 
assessment of future climate change impacts on drought and rice yields in the LMB.

Relationship between soil moisture and rice yield.  Figure 4a,b present the average SMAP soil mois-
ture, average standardized soil moisture index (SSI), rice yield, and precipitation amount during the crop grow-
ing season. SMAP soil moisture and model-driven SSI showed similar patterns for drier years such as 2015 and 
2019, while a slight overestimation of SWAT-SSI for an average rainfall year is seen. General ascent in wetness 
was seen in SMAP soil moisture, SSI, precipitation, and that corresponded well with increases in rice yield from 
2015 to 2017, and decreases from 2017 to 2019. Figure 4c,d show spatial maps of the average soil moisture from 
SMAP and SSI for each year. Despite localized anomalies, the larger Mekong region including the delta did not 
suffer significant soil moisture deficits due to low climate variability and better surface water management pro-
jects, which led to stable rice yields (Supplementary Fig. S4d in the Supplementary Information). However, some 
regions showed fluctuation in rice yield and soil moisture patterns primarily driven by year-to-year monsoonal 
variability68. Those results imply that rainfed rice productions were primarily affected by precipitation and soil 
moisture conditions.

Climate change impacts on droughts and rice yields.  To further explore the future scenarios of pro-
duction of rice, this study simulates long-term rice yield for the rainfed areas in the LMB, and Fig. 5 presents the 
time series of annual average simulated rice yield for the basin countries during the historical and future periods. 
During the historical period, trends in rice yields had a gradual increase. While comparing the earliest decade 
(1956–1965) and the recent decade (2006–2019), there were increases in rice yield up to 0.34, 0.52, 0.35, and 
0.84 ton/ha for Cambodia, Lao PDR, Thailand, Vietnam, respectively. However, there were some sharp declines 
in rice yield. Supplementary Figure S5 in the Supplementary information shows the yearly rice yields and the 
total amount of precipitation during the crop growing season, and black and dashed circles highlight the drops 
in rice yield triggered by the reduced amount of precipitation. For instance, Supplementary Fig. S5a shows some 
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sudden decline in rice yield due to decreases in precipitation in Cambodia, highlighting the fragile dependency 
of rainfed agriculture in this region. For the historical period, average total precipitation during the crop growing 
season in Cambodia was 822 mm, but the precipitation totals in 1974 and 2002 were 492 and 186 mm, respec-
tively. In 1974 and 2002, rice yield reduced to 1.18 ton/ha and 1.58 ton/ha, which were lesser than the average 
rice yield during the historical period (1.76 ton/ha).

For the future periods, gradual increases in rice yield were projected, and the results of RCP8.5 showed a 
higher increase than that of RCP4.5. Compared to the recent decade of the historic period (2010–2019), there 
were increases in rice yields in the last decade of the twenty-first century (2090–2099). The increases were up to 
20.2, 16.7, 18.1, and 21.4% under the RCP4.5 scenarios, and 41.8, 36.4, 39.4, and 45.4% under the RCP8.5 sce-
narios for Cambodia, Lao PDR, Thailand, and Vietnam, respectively. The fertilization effect of the CO2 increases 
potentially elevated the increases in rice yields under the RCP8.5 scenarios. The average CO2 concentration dur-
ing the last decade of the historical period (2010–2019) was 399.4 ppm. Through the historical and future periods 
(1951–2099), CO2 concentration increased from 313.5 ppm to 538.4 ppm for RCP4.5 (71.7%) and 927.2 ppm 
for RCP8.5 (195.5%), and those increases derived 42.8% and 75.4% increases in rice yield on average for entire 
LMB. Besides, there was a non-linear relationship between rice yield and CO2 concentration. The average CO2 

Figure 4.   Comparisons of the SMAP soil moisture, model-driven drought index, and simulated rice yield 
for the last 5 years of the historical period (2015–2019). (a) Bar and line chart for precipitation and average 
rice yield. Blue bar represents the total precipitation amount during the crop growing season, and orange bar 
indicates the average rice yield for entire LMB. (b) Red line represents the average SMAP soil moisture during 
crop growing season, and blue line indicates the average model-driven SSI (Standardized Soil moisture Index: 
SSI) (c) Spatial maps of the average SMAP soil moisture (d) Spatial maps of the average model-driven SSI. 
Spatial maps were created using ArcMAP10.5 software by Esri (www.​esri.​com).

http://www.esri.com
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concentration for 2090–2099 were projected to be 536.3 ppm for RCP4.5 and 886.1 ppm for RCP8.5, and it 
amounted to about 34.3% and 121.9% increases compared to 2010–2019. These results are comparable with 
other studies that concluded increased crop yield in LMB40,67, by up to 25% due to increased CO2 concentra-
tion levels. Figure 6 presents non-linear scatter plots of crop yield and CO2 concentration, which show a strong 
positive relationship in all countries and for both RCP4.5 and RCP8.5. Numerous studies have pointed out a 
positive fertilization effect of the elevated CO2 concentration on crop production69–71. This study also confirms 
that CO2 concentration is a primary driver of biomass productivity and rice yield under climate change condi-
tions. However, this study does not evaluate some detrimental impacts of elevated CO2 concentration on crop 
quality such as protein, micronutrients, and vitamin contents of rice72,73. Baker and Allen74 and Allen et al.75 

Figure 5.   Time series of simulated rice yields for (a) Cambodia, (b) Lao PDR, (c) Thailand, and (d) Vietnam. 
X-axis represents the historical and future periods (1951–2099), and Y-axis indicates the rice yields (ton/ha). 
Blue lines present the average simulated rice yields for the historical period, and gray areas present the range of 
the simulated rice yields from the four climate models.
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also found the non-linear relationship between CO2 concentration and rice yield, and explained that elevated 
CO2 concentrations improved crop yields due to increased photosynthesis, and even further propounded that 
doubling of the CO2 concentration will increase crop yields up to 50%. Allen et al.76 tested a non-linear model 
to verify the impacts of the elevated CO2 concentration on crop yields and found proportional yield decreases 
under the high CO2 level that derived the non-linear relationship.

From the investigation of long-term projections of rice yield, it is clear that simulated rice yield was gener-
ally found to be increasing in all countries; however, there were some sharp declines in rice yields for the future 
periods. The numbers of drought events in the future periods were presented in Table 1, and the sharp declines 
in rice yield occurred during the drought years. Supplementary Figure S6 presents the spatial patterns of yield 
differences between the drought and non-drought years for future periods and climate models. As shown in the 
tables and figures, there was an overall reduction in rice yields during the drought years, and the decreases were 
highlighted as yellow to red areas. Specifically, in the VCHP (Vietnam Central High Plain) and some provinces 
Lao PDR regions, there were more than 0.6 ton/ha reductions in rice yields, which were derived from the sharp 
declines of precipitation during the crop growing seasons (Tables 1, 2). On the contrary, Cambodia and Mekong 
Delta showed less than 6.1% precipitation decreases during the drought year, and rice yields were relatively 
unchanged (− 0.15 to 0.3 ton/ha). With RCP4.5 projections, the mean values of the yield reductions for the f1 
period were 0.041, 0.129, 0.057, 0.470, and 0.020 ton/ha, and for the f2 period were 0.039, 0.134, 0.044, 0.986, 
and 0.007 in Cambodia, Lao PDR, Thailand, VCHP, and Mekong Delta region, respectively. Similarly, from 
RCP8.5, the mean values of the yield reductions for the f1 period were 0.030, 0.152, 0.025, 0.960, and 0.014 ton/
ha, and for the f2 period were 0.048, 0.128, 0.063, 0.484, and 0.018 in Cambodia, Lao PDR, Thailand, VCHP, 
and Mekong Delta region. Therefore, from the mean values of each country, this study found that lager yield 
reductions occurred in Laos PDR (− 0.128 to − 0.152 ton/ha) and VCHP (− 0.474 to − 0.986 ton/ha), while there 
were smaller scale reductions in the Mekong Delta (− 0.007 to − 0.020 ton/ha).

Required irrigation areas and discussion.  This study also explored an unconventional approach to mit-
igate the impacts of drought on food production by inverting yield loss to expanded areas for irrigation during 
drought years. Table 3 shows required irrigation areas (RIAs) computed both as area and percentage for paddy 
growing areas to compensate for the potential decreases in crop yields during the drought years, and Fig. 7 pre-
sents the spatial maps RIA. As defined in the “Methods” section, RIA is an additional irrigation area to compen-
sate for the loss in rice yields during the drought years, and RIA% is the percentage of RIA needed to annex the 
existing paddy areas for each province (Eqs. 7, 8). and the highest mean values of RIA% was evident in the VCHP 
(up to 18.8%) and Lao PDR (up to 4.0%) regions, while the Mekong delta region showed the lowest (0.1–2.1%). 
The RIA% values were closely associated with the decreases in precipitation during the crop growing season, and 
the highest precipitation declines occurred in the VCHP region (− 15.3 to − 23.6%; Table 1). In addition, Lao 
PDR showed large decreases in precipitation (− 8.6 to − 13.6%). However, the Mekong delta showed lower RIA% 
as it might witness only moderate decreases (− 0.3%) or increases (0.2–2.0%) in precipitation.

From various climate projections of precipitation and temperature, which were used for soil moisture simula-
tions by SWAT, the GFDL-ESM2M and MIROC-ESM-CHEM models presented drier and drought conditions 

Figure 6.   Non-linear plots of the CO2 concentration (X-axis) and rice yields (Y-axis) for (a) Lao PDR, (b) 
Thailand, (c) Cambodia, and (d) Vietnam. For each panel, the equations on the top show the polynomial 
relationships, and red and dashed lines are the fitted lines.
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resulting in higher RIA and RIA%, particularly the regions of Lao PDR, VCHP, western side of the LMB. In other 
words, higher values of RIA and RIA% are closely associated with reductions in precipitation during the crop 
growing season of the drought years. In the VCHP region, GFDL-ESM2M RCP4.5-based drought estimations 
projected the highest RIA% (17.8–18.8%; Fig. 7), which were deeply impacted by the reduced precipitation dur-
ing the drought years (− 12.0 to − 15.4%; Table 3). Also, MIROC-ESM-CHEM-RCP4.5 resulted in high RIA% 
(12.5–12.7%), and they were also primarily due to decreases in precipitation during the drought years (− 29.8 
to − 25.9%). On the contrary, MIROC-ESM-CHEM and NorESM1-M showed a smaller increase in RIA% 
(0.0–2.1%) that were caused by the modest precipitation declines (− 0.2 to − 3.0%) or increases (0.4–16.5%) in 
the Mekong Delta. Thus, the results imply that spatial heterogeneities and variabilities of precipitation between 
drought and non-drought years would lead to different responses in projected rice yields and areas in the LMB 
in the future, and higher uncertainties were probable in estimating the required irrigation areas as the climate 
model outputs were directly dependent on emission scenarios and climate models.

In the LMB, many dams have already been built and operated for various purposes (e.g., hydropower, irri-
gation, multi-purpose), and many dams are being planned in the future. In this study, the VCHP region was 
chosen as requiring the most RIA, and 28 dams were already commissioned for irrigation purposes. However, 
at least seven were also planned to be built for hydropower generation in the future77. Since the VCHP region 
needs the most RIA, an additional analysis was carried out to identify whether the additional dam for irrigation 
would fulfill the need. Besides, Lao PDR needs the second-largest RIA (up to 4.0% on average). However, since 
there were no currently operated or planned irrigation dams in the provinces, sound considerations and plans 
can potentially augment the need to meet crop production demand during the drought years.

Overall, the results of all climate models projected an increase in crop yields due to higher than historic 
precipitation and elevated CO2 concentration in the atmosphere. However, the climate models used in our study 
suggested probable decreases in precipitation during drought years that could result in drastic decreases in crop 
yields, especially in the VCHP and Lao PDR regions. For all climate models and future periods, an average of 55 
and 39 provinces for RCP4.5 and RCP8.5 were affected by the decrease in precipitation during the crop growing 
season of the drought years. This also suggested that the future precipitation patterns estimated by the climate 
models could necessitate expansion in irrigated areas due to climate extremes, despite a long-term gradual 
increase in precipitation increases were possible. Understandably, these impacts can be mitigated by adjusting 
the planting date and applying adaptation methods3, while the uncertainties persisted in climate model predic-
tions, future droughts, and rice production.

This study did not evaluate diverse adaptation options under various stresses including salinity intrusion, and 
dam constructions that were widely considered in other studies, and further analyses are required to assess their 
role in water and food security in the basin. Mainuddin et al.40 evaluated climate change impacts on rainfed rice 
yield in the LMB based on a crop growth simulation model (AquaCrop) and IPCC SRES A2 and B2 scenarios 
and reported the possibility for increased rice yield in Laos and Thailand due to the elevated CO2 concentration. 
They also assessed various adaptation methods such as supplementary irrigation, adjusting planting date, and 
reduction in fertility stress, which compensated negative impacts on rice yield by climate change. While it was 
not assessed in any earlier studies, our study evaluated the need for expanded irrigation areas for the entire LMB 
in the face of climate change-induced hydrologic extremes. Other studies also assessed adaptation strategies to 
mitigate the adverse impacts of climate change on rice production in Asia39,78, and found yield losses were primar-
ily caused by heat stress and drought recommended that adjusting sowing dates would effectively compensate 
for the declines of rice yield. Also, further studies are required to estimate the impacts of additional irrigation 
on the water as well as energy budgets and managements79–81. Finally, sea-level rise and salinity intrusion in the 
Mekong Delta were not considered while significant sea-level rise (up to 30 cm in 2050) and salinity intrusion 
are expected, and extensive areas will be negatively affected82,83. Future dam constructions are also expected to 

Table 3.   Required irrigation areas (RIA) and the percentage (RIA%) for the future periods. f1: 2020–2059, f2: 
2060–2099. RIA Required irrigation area (km2), RIA% Required irrigation area (%), VCHP Vietnam Central 
High Plain.

RCPs Countries
Rainfed paddy area 
(km2)

Average RIA and RIA% GFDL-ESM2M IPSL-CM5A-LR
MIROC-ESM-
CHEM NorESM1-M

f1 f2 f1 f2 f1 f2 f1 f2 f1 f2

RIA (km2) RIA% RIA (km2) RIA% RIA% RIA% RIA% RIA% RIA% RIA% RIA% RIA%

RCP 4.5

Cambodia 11,420 119 1.0 63 0.5 1.8 1.3 0.1 0.0 1.4 0.6 0.9 0.3

Lao PDR 4590 105 2.3 94 2.0 3.7 4.0 1.5 1.2 3.3 2.3 0.7 0.7

Thailand 32,220 516 1.6 300 0.9 2.0 1.0 0.6 0.5 2.8 1.7 1.1 0.5

VCHP 643 63 9.8 68 10.6 18.8 17.8 0.6 5.2 12.5 12.7 7.3 6.9

Mekong delta 9608 85 0.9 7 0.1 0.1 0.3 0.7 0.0 2.1 0.0 0.6 0.0

RCP 8.5

Cambodia 11,420 43 0.4 80 0.7 0.2 0.1 0.0 0.0 0.3 0.3 0.9 2.4

Lao PDR 4590 49 1.1 67 1.5 0.1 0.8 1.6 2.1 2.1 0.6 0.4 2.4

Thailand 32,220 400 1.2 343 1.1 0.0 0.2 0.6 0.7 4.2 1.0 0.2 2.3

VCHP 643 28 4.3 33 5.1 0.3 0.5 2.6 4.2 6.0 5.0 8.3 10.6

Mekong delta 9608 57 0.6 62 0.6 0.0 0.1 0.6 0.3 0.1 0.1 1.6 2.1
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cause reductions in downstream reaches flows in the basin84, and this could negatively impact rice production 
with a reduction in flows to the delta region85.

Data availability
Simulation data developed in this study will be made available on request to the corresponding author.

Figure 7.   Required irrigation areas to compensate the yield decreases during drought years. Orange to red 
indicates the required areas. (a) Results of RCP4.5. (b) Results of RCP 8.5. Spatial maps were created using 
ArcMAP10.5 software by Esri (www.​esri.​com).

http://www.esri.com
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