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Abstract Numerous studies have examined the changes in streamflow in theMekong River Basin (MRB)
using observations and hydrological modeling; however, there is a lack of integrated modeling studies
that explicitly simulate the natural and human‐induced changes in flood dynamics over the entire basin.
Here we simulate the river‐floodplain‐reservoir inundation dynamics over the MRB for 1979–2016 period
using a newly integrated, high‐resolution (~5 km) river hydrodynamics‐reservoir operation model. The
framework is based on the river‐floodplain hydrodynamic model CaMa‐Flood in which a new reservoir
operation scheme is incorporated by including 86 existing MRB dams. The simulated flood extent is
downscaled to a higher resolution (~90 m) to investigate fine‐scale inundation dynamics, and results are
validated with ground‐ and satellite‐based observations. It is found that the historical variations in surface
water storage have been governed primarily by climate variability; the impacts of dams on river‐floodplain
hydrodynamics were marginal until 2009. However, results indicate that the dam impacts increased
noticeably in 2010 when the basin‐wide storage capacity doubled due to the construction of newmega dams.
Further, results suggest that the future flood dynamics in the MRB would be considerably different than in
the past even without climate change and additional dams. However, it is also found that the impacts of
dams can largely vary depending on reservoir operation strategies. This study is expected to provide the
basis for high‐resolution river‐floodplain‐reservoir modeling for a holistic assessment of the impacts of dams
and climate change on the floodpulse‐dependent hydro‐ecological systems in the MRB and other
global regions.

1. Introduction

The construction of large dams accelerated globally during the latter half of the twentieth century, increas-
ing global reservoir impoundment to a reported capacity of 7,000–10,000 km3 (Chao et al., 2008; Lehner
et al., 2011; Pokhrel, Hanasaki, Yeh, et al., 2012), which is equivalent to 16–25% of annual continental river
discharge to the global oceans (Lehner et al., 2011; Oki & Kanae, 2006). Such large impoundment and flow
regulation by dams are known to have dramatically altered natural flow regimes and fragmentedmost of the
large global river systems (Dynesius & Nilsson, 1994; Graf, 1999; Nilsson et al., 2005). As river systems get
fragmented, natural inundation dynamics is interrupted (Angarita et al., 2018; Mateo et al., 2014; Shin
et al., 2019), fish migration pathways are often blocked, and downstream sediment delivery is impeded
(Gupta et al., 2012; Renwick et al., 2005; Stone, 2016; Ziv et al., 2012), which can collectively cause profound
hydrological, geomorphological, socio‐ecological, and environmental changes in the downstream riverine
and delta regions (Bunn & Arthington, 2002; Fencl et al., 2015; Poff & Schmidt, 2016; Tan et al., 2005;
Vörösmarty et al., 2010; P. Wang et al., 2014; Wei et al., 2009; World Commission on Dams, 2000).
Importantly, the adverse impact of alterations in river flow and flood dynamics can be potentially disruptive
(Pokhrel, Shin et al., 2018) and “characteristically irreversible” (Latrubesse et al., 2017). Due to such adverse
effects, dam removal is on the rise in regions with aging dams such as the United States (Null et al., 2014;
Pohl, 2002); concomitantly, there is an unprecedented boom in dam construction in the developing world
to satisfy growing energy needs (Timpe & Kaplan, 2017; Zarfl et al., 2015). The Mekong River Basin©2020. American Geophysical Union.
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(MRB) is one such region experiencing rapid expansion in large‐scale hydropower dam construction
(Grumbine & Xu, 2011; Pokhrel, Burbano, et al., 2018; Winemiller et al., 2016).

The Mekong is a transboundary river (Figure 1) shared by six countries (i.e., China, Myanmar, Thailand,
Laos, Cambodia, and Vietnam). The river extends from the Tibetan Plateau (5,200 m altitude) to the
South China Sea with 4,800 km of mainstem length and 795,000 km2 of drainage area (Pokhrel, Shin,
et al., 2018). Due to the snowmelt‐based runoff in the Upper MRB (UMRB) at high elevation, and heavy
monsoonal rainfall in the lower portion of the basin, the Mekong flow is characterized by a strong and pro-
nounced unimodal flow pattern, known as the flood pulse (Junk et al., 1989). Wetlands and deepwater habi-
tats as well as fisheries and agriculture systems that form the basis of local people's livelihoods have evolved
with the natural rhythm of the seasonal flood pulse (Arias et al., 2019; Fredén, 2011). A distinct hydrological
feature of the MRB is the flow reversal of the Tonle Sap River (TSR; Figure 1), which links the mainstem
Mekong and Tonle Sap Lake (TSL; Figure 1) that serves as a natural detention reservoir. The TSL stores a
large volume of water during the flooding period (June–October), supplied primarily (>50%; Pokhrel,
Shin et al., 2018) by the reversed flow in the TSR, reaching a maximum of ~10,000 m3/s (MRC, 2005); the
water is discharged back to the Mekong River during the dry period (October–June).

The MRB is less dammed than other large global river basins (Grumbine & Xu, 2011); however, as dam con-
struction continues (Pokhrel, Burbano, et al., 2018), it is feared that the hydro‐ecological functioning of the
river could be permanently altered, potentially to an irreversible level (Burbano et al., 2020; Pokhrel, Shin,
et al., 2018; Sabo et al., 2017; Stone, 2016; Ziv et al., 2012). Further, climate‐induced changes in temperature
and rainfall patterns (Delgado et al., 2012) and sea level rise (Erban et al., 2014; Smajgl et al., 2015) add
further stress to the continually evolving river flow and flood dynamics. Floodplain is a habitat used bymany
species for spawning, feeding, nursing, and refuge (Grill et al., 2019; Jardine et al., 2012), and the spatiotem-
poral dynamics of inundation is known to play a key role in the functioning of floodplain ecosystems (Górski
et al., 2012; Jardine et al., 2012; Warfe et al., 2013). Hence, it has become increasingly imperative to better
understand the changing inundation dynamics of the MRB and thereby predict its future evolution under
projected water resource development (especially dam construction) and climate change.

The understanding of inundation dynamics in the entire MRB is currently limited. Observation‐based stu-
dies have reported a shift in flow patterns after the construction of dams (e.g., Räsänen et al., 2012; Sabo
et al., 2017; W. Wang et al., 2017); however, these studies have not examined the dynamics of inundation
extent, due to data limitations. There has been an increase in model‐based studies in the past decade; how-
ever, those studies have focused on some parts of the MRB such as the UMRB (e.g., Dang et al., 2019; Han
et al., 2019; Räsänen et al., 2012), LowerMRB (LMRB) (e.g., Dang et al., 2018; Trung et al., 2018), the 3S‐river
system (e.g., Wild & Loucks, 2014), Mun river basin (e.g., Akter & Babel, 2012), and TSL and the Mekong
Delta regions (e.g., Arias, Piman, et al., 2014; Duc Tran et al., 2018; Minh et al., 2019; Oeurng et al., 2019;
Smajgl et al., 2015). There are some basin‐wide modeling studies (e.g., Lauri et al., 2012; Piman et al., 2013;
Sridhar et al., 2019; W. Wang et al., 2016), but to the authors' best knowledge, none of those have simulated
the inundation dynamics of both natural river‐floodplain systems and manmade‐reservoirs over the entire
MRB. A recent and notable study by Bonnema and Hossain (2017) used a 0.1° Variable Infiltration
Capacity (VIC) model over the MRB to derive time series inflow into some reservoirs. The inundation of
individual reservoirs was of interest in their study, hence inundation over other parts of the natural
river‐floodplain systems was not simulated. Pokhrel, Shin et al. (2018) simulated the natural
river‐floodplain inundation dynamics over the entire MRB, but the dynamics of inundation caused by exist-
ing reservoirs was not considered.

As such, while there is an increasing body of literature on the hydrologic changes in different parts of the
MRB, an integrated, basin‐wide study that holistically and explicitly simulates the natural and
human‐induced changes in the flood dynamics is lacking. The present study fills this research and knowl-
edge gap using a newly integrated river‐floodplain‐reservoir hydrodynamic model. The integrated modeling
enables a mechanistic investigation of natural and human‐induced changes in surface water dynamics at
high‐resolution over a large domain, hence providing significant advances to the understanding of
Mekong hydrology, especially the impacts of climate variability and dams. We address the following
research questions: (1) How have the flood dynamics and surface water storage in the MRB changed over
the past four decades? (2) Are the effects of dams significant compared to that of climate variability? (3)
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What will be the potential role of existing reservoirs in modulating surface water storage and inundation
dynamics over the MRB in the future? We answer these questions by simulating the historical dynamics
of river‐floodplain‐reservoir storage for the 1979–2016 period, at a spatial resolution of ~5 km. The
simulated flood extent is downscaled to a higher resolution of ~90 m to investigate fine‐scale inundation
dynamics. Such high‐resolution modeling is accomplished by integrating a new reservoir scheme (Shin
et al., 2019) into a global river‐floodplain hydrodynamic model CaMa‐Flood (Yamazaki et al., 2013)

Figure 1. The spatial distribution of river discharge and commissioned dams (as of 2016) over the MRB. The background shows the simulated long‐term mean
river discharge (1979–2016; 5 km grids). The filled circles show the height (color coded) and storage capacity (circle size) of the 86 selected dams (Table S1). The
cumulative reservoir storage capacity from 1960 through 2020 is shown in the lower left inset with indications on the values for 2010 and 2016. The hydrological
gauging stations are displayed as red open circles. Station names are: LP (Luang Prabang), PM (Pak Mun), PA (Pakse), ST (Stung Treng), KT (Kratie), KC
(Kampong Cham), PK (Prek Kdam), PP (Phnom Penh Port), CD (Chau Doc), CT (Can Tho), KL (Kompong Luong), and MTo (My Tho) (Table S2). Tonle Sap Lake
(TSL) and Tonle Sap River (TSR) are indicated by magenta lines.
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version‐3.94, resulting in CaMa‐Flood‐Dam (v3.94). The newly integrated model—which is the first of its
kind for the MRB—simulates reservoirs as integral parts of river‐floodplain systems at high‐resolution
and over a large domain (Shin et al., 2019), making it suitable for investigating the changing
river‐floodplain‐reservoir inundation dynamics of the Mekong River system under changing climate and
growing dam impacts.

2. Materials and Methods
2.1. Models: CaMa‐Flood and HiGW‐MAT

CaMa‐Flood (Mateo et al., 2014; Yamazaki et al., 2011, 2013) is a global hydrodynamic model, which com-
putes river‐floodplain hydrodynamics (i.e., river discharge, flow velocity, water level, and inundated area) by
solving shallow water equations of open channel flow, explicitly accounting for backwater effects using the
local inertial approximation (Yamazaki et al., 2013). In this study, we use CaMa‐Flood version‐3.94 that
includes major updates to the previous version used in our recent study (Pokhrel, Shin, et al., 2018). The spa-
tial resolution is set to 3‐arcmin (5 km) but the simulated flood extent is downscaled to 3‐arcsec (~90m) reso-
lution. For an improved representation of channel bifurcation and the processes therein (Yamazaki
et al., 2014)—which are critically important in the LMRB—the maximum number of bifurcation channels
is increased from 6 in our recent study (Pokhrel, Shin, et al., 2018) to 10. The previously used SRTM
(Shuttle Radar Topography Mission) based DEM (Digital Elevation Model) has been suggested to have mul-
tiple errors including absolute bias, stripe noise, speckle noise, and tree height bias (Yamazaki et al., 2017).
Here we use the MERIT (Multi‐Error‐Removed Improved‐Terrain; Yamazaki et al., 2017) DEM in which
those errors have been resolved such that the stripe‐like artifacts in simulated flood extents in low‐relief
areas, specifically the Mekong Delta (Pokhrel, Shin, et al., 2018), are eliminated. These advancements are
essential for a more realistic simulation of river‐floodplain dynamics in the MRB. For river‐floodplain para-
meterizations (e.g., flow direction, river‐floodplain elevation profile, river length, and river width), MERIT
Hydro is used, which is a global hydrography data set based on the MERIT DEM and multiple inland water
body data sets (Yamazaki et al., 2019). In addition, a new reservoir extent and release dynamics scheme is
incorporated into the modeling framework (details in sections 2.3 and 2.4). We refer to this specific branch
of CaMa‐Flood that includes the reservoir scheme of Shin et al. (2019) as CaMa‐Flood‐Dam (v3.94). A com-
plete description of the model physics, parameterization methods, and sensitivities to input parameters in
CaMa‐Flood can be found in the previous literature (Yamazaki et al., 2011, 2012, 2013, 2014) and the user
manual that is available for free download.

CaMa‐Flood is driven by runoff from HiGW‐MAT (Pokhrel et al., 2015), which is a global hydrological
model based on the land surface model called MATSIRO (Takata et al., 2003). HiGW‐MAT simulates both
the natural water cycle and human activities from canopy to bedrock including evapotranspiration, infiltra-
tion, irrigation, flow regulation, and groundwater pumping on a full physical basis. Following our previous
study (Pokhrel, Shin, et al., 2018), we use HiGW‐MAT in the natural setting (i.e., with human impact
schemes disabled) because the objective is to provide runoff as input to CaMa‐Flood and reservoirs are simu-
lated within CaMa‐Flood (see sections 2.3 and 2.4). The spatial resolution of HiGW‐MAT is set to 0.5° × 0.5°
(~50 × ~50 km) and the meteorological forcing is taken from the WATCH Forcing Data using the
ERA‐Interim (WFDEI) database (Weedon et al., 2018). For a complete description of the model physics
and parameterizations in HiGW‐MAT, readers are referred to the previous literature (Pokhrel, Hanasaki,
Koirala, et al., 2012; Pokhrel et al., 2015; Takata et al., 2003). Note that CaMa‐Flood can be driven by runoff
from any hydrological model. That is, one can use runoff from their own model or freely available global
runoff data sets such as those from the Inter‐Sectoral Impact Model Intercomparison Project (ISIMIP),
which includes runoff from HiGW‐MAT.

2.2. Dams and Reservoirs Database

Dam specifications (e.g., location, purpose, year commissioned, height, storage capacity, power generation
capacity) are obtained from the database of the Research Program on Water, Land, and Ecosystem (WLE;
https://wle‐mekong.cgiar.org/), which includes a total of 455 dams (existing, under construction, and
planned) within the MRB of which 326 are operational. A comparison of dam and reservoir attributes with
the information from other independent sources (e.g., Google Earth, internet resources on individual dams,
published literature and reports) revealed that the WLE database contains significant omissions (e.g.,
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missing attributes) and discrepancies. For example, of the 326 existing dams, only 80 and 88 include infor-
mation on storage capacity and height, respectively. Since inaccurate dam specifications can lead to erro-
neous hydrodynamic modeling, all missing and erroneous specifications should be carefully curated to
yield reasonable results for validation against satellite‐based datasets such as the Global Surface Water
(GSW) data (Pekel et al., 2016).

In this study, the dams that existed as of 2016 (end of simulation period constrained by the availability of
WFDEI forcing data; see section 2.6) are imported to the CaMa‐Flood modeling framework when they
satisfy at least one of the following criteria: (1) dam height ≥ 15 m, (2) storage capacity >1 million m3

(Mm3), and (3) installed hydropower capacity >100 Mega Watts (MW). The first criterion is commonly used
to define large dams (e.g., International Commission on Large Dams (ICOLD); Binnie, 1987; Greathouse
et al., 2006; Räsänen et al., 2017). The second criterion is set because it is found from satellite data that
the reservoir extents for dams with a storage capacity of <1 Mm3 and height of <15 m are relatively small,
meaning that the upstream inundation caused by these dams could be trivial compared to the model grid
size (~5 km). When the first and second criteria are applied, most hydropower dams—even those with
installed capacity of <10 MW—are included. However, there were some large dams (in terms of installed
capacity) for which dam height and storage capacity were missing, hence we additionally set the third criter-
ion of 100 MW. We fill the missing values from various resources including published reports from the
Mekong River Commission (MRC; http://www.mrcmekong.org), Project Design Documents (PDD) pro-
vided by Clean Development Mechanism (CDM) of United Nations Framework Convention on Climate
Change (UNFCCC) (https://cdm.unfccc.int), documents from construction and design companies, and
other peer‐reviewed literature. These resources are also used to correct any erroneous records in the dam
database. This resulted in the selection of 86 dams for use in this study (Figure 1 and supporting
information Table S1).

2.3. Incorporation of Reservoirs Into CaMa‐Flood

Importing dams into a grid‐based hydrodynamic model requires consideration of two important factors.
First, the maximum water depth can be considerably different from the reported dam height due to discre-
pancies in the database or usage of imprecise and mixed definition of dam height (i.e., dam structure height
or the maximum water depth). If the difference is considerably large, the simulated inundation extent cor-
responding to the reported dam height can be excessive, and vice versa. Second, as discussed in our recent
study (Shin et al., 2019), DEM grid elevation represents the water surface level, not the river‐reservoir bed
elevation. When the preexisting water depth is large, the difference between the actual bed elevation and
DEM‐based elevation can be too large to be ignored (Shin et al., 2019). Specifically, when large dams are con-
structed before the DEM is produced, such discrepancies can be huge. The aforementioned issues exist even
when a high‐resolution DEM (e.g., MERIT DEM) is used. Our examination of the dams in the MRB using
two 3‐arcsec global DEMs, namely, the MERIT and HydroSHEDS (Lehner et al., 2011), reveals that most
reservoirs require considerably lower water depth than their reported dam height to achieve the reported
storage capacity (Figure S1). The MERIT DEM shows less deviation from the recorded dam height than
the HydroSHEDS DEM (vertical lines in Figure S1), likely owing to more realistic representation of ground
elevation by the error correction in MERIT DEM.

When dams are located on the river network of raster model grids, a simple conversion of latitude and long-
itude into model grid coordinates can cause a mislocation of dams that can lead to erroneous modeling
results; for example, some dams in the tributaries can be wrongly located in the mainstem which may cause
an unusually high dam inflow and outflow, and vice versa (Shin et al., 2019). Accurately locating dams is
also important for realistic representation of inundation patterns since the upstream inundation begins at
the dam location. One possible approach is to fine‐tune the reservoir location in the model by assuming
reservoirs to exist in the grid cell having the most similar upstream drainage area to the known value
(Shin et al., 2019); however, reference data for reservoir's upstream drainage area are not available for dams
in the MRB. To overcome this limitation, dam locations in the 3‐arcsec river network are first determined as
the nearest river cells from the given latitude and longitude. Then, the upstream drainage area in 3‐arcsec
DEM is used as a reference for locating the dams in the 3‐arcmin model grid.

Of the 86 selected dams, dam height and storage capacity were missing for nine and 17 dams, respectively.
For the 60 dams having both attributes, we find the ratio between the reported dam height and maximum
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water depth (i.e., water depth at the dam location to achieve the reported storage capacity) to be ~70%
(Figure S2). Accordingly, the maximum water depth for the nine dams is set at 70% of the reported dam
height. Finally, the storage capacities of the 17 dams are estimated as the storage when the water level at
the dam location reaches 70% of the reported dam height. The inundation extents at those levels are found
to be reasonable on visual comparison with the GSW data.

2.4. Reservoir Operation Scheme

The 86 selected dams in the MRB can be classified into three general categories based on their reported pur-
pose: irrigation (22), hydropower (62), and multipurpose (2). We use the reservoir operation scheme of Shin
et al. (2019), which determines the seasonality of reservoir release by utilizing water demand in a region, for
irrigation dams and employ an optimization scheme to maximize power generation for hydropower and
multipurpose dams. Details about the demand‐driven scheme can be found in Shin et al. (2019); for comple-
teness, a brief description is provided in the following.

For irrigation dams the release coefficient (Krls[−]), which controls the overall release amount considering
interannual variability in storage, is calculated as

Krls ¼ S0
αC

; (1)

where, S0 [L
3] is storage at the beginning of the operational year, C [L3] is the storage capacity, and α is a

nondimensional constant set to 0.85 (Hanasaki et al., 2006).

The provisional monthly release (rm′ [L
3/T]) reflecting water demand variability is calculated as

rm
′ ¼ im þ dm − dm if DPI < 1 −M; (2a)

rm
′ ¼ im M þ 1 −Mð Þdm=dm

� �
otherwise; (2b)

where im and dm are long‐term monthly inflow and demand [L3/T], respectively. The overbar denotes the

annual mean (e.g., im and dm ). M is a constant used to ensure rm
′ ≥ Mim , and M is set to 0.1 (Biemans

et al., 2011).

Unless reservoir storage falls below theminimum level or exceeds the maximum level resulting in no‐release
or spill‐way release, respectively, reservoir release is set to the targeted monthly release rm [L3/T], which is
calculated by combining equations 1 and (2):

rm ¼ Rkrlsrm
′ þ 1 − Rð Þim where R ¼ min 1; αcð Þ; (3)

The minimum water level is set as the level that corresponds to a reservoir storage equaling 10% of the max-
imum capacity. Because time series data for irrigation demand (dm) are not publicly available for the MRB,
we use the results from HiGW‐MAT model as done in Shin et al. (2019). Note that simulated irrigation
demand from HiGW‐MAT is validated with available country statistics (Pokhrel, Hanasaki, Koirala,
et al., 2012; Pokhrel et al., 2015). The reservoir operation scheme described above can also be applied to
reservoirs with any other purposes than irrigation if the seasonal water demand for those purposes is avail-
able. However, since seasonal water demand or proxy data for hydropower production in the MRB are not
available, we use an optimization approach for hydropower dams. Reservoir operation for hydropower can
be formulated as an optimization problem that maximizes power benefits, F [$] as

F ¼ ∑
T

t¼0
P tð Þ�W tð Þ�Δt ¼ ∑

T

t¼0
P tð Þ�η�γ�min Q tð Þ; Qturbineð Þ�H tð Þ�Δt; (4)

where P(t) is electricity price [$/Watts‐hour], W(t) is energy generated [Watts] during the time span of Δt
[hr], η is efficiency [−], γ is specific weight of water [kg/m3], Q(t) is the reservoir release (m3/s), Qturbine is
turbine design flow (m3/s), andH(t) is turbine head [m]. Since no data are available on P(t), which is a rather
complicated function of demand, supply, and numerous other factors (Aggarwal et al., 2009; Weron, 2014),
we assume constant P(t) over time. Consequently, the optimization problem is simplified to maximize total
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energy production. Such simplification ignores the inundation variability at short time scales (e.g., diurnal
and weekly); however, such small‐scale variations are expected to be averaged out as the size of the domain
(i.e., the entire MRB) and the time scale of interest (i.e., monthly) become large.

In addition to maximizing F, we consider a common practice in hydropower management in which excess
water is stored during low‐demand and wet periods and released during high‐demand and dry periods. Such
practice can be formulated in terms of minimizing reservoir storage variation (σSTOR) within a year. In
achieving the two hydropower operation objectives, Fmaximization is assumed to precede σSTOR minimiza-

tion. That is, after estimating the total turbine discharge (i.e., ∑
T

t¼0
min Q tð Þ; Qturbineð Þ) that maximizes F, an

identical amount is redistributed without additional spillway discharge to minimize σSTOR under the con-
straints of reservoir storage capacity and time‐varying inflow In(t). To reduce the computational cost
involved in the optimization that requires iterative hydrodynamic modeling, we employ an approach that
utilizes the river discharge simulated without considering dams (Shin et al., 2019). In(t) of a reservoir can
thus be estimated as

In tð Þ ¼ ∑
K

k¼1
Out k; tð Þ þ 1 −

∑
T

t¼1
∑
K

k¼1
Out k; tð Þ

∑
T

t¼1
QNAT tð Þ

0
BBB@

1
CCCA × QNAT tð Þ; (5)

where Out(k,t) is monthly outflow of the k‐th immediate upstream reservoir at time t, QNAT(t) is river dis-
charge from the no‐dam simulation at the reservoir location and time t, K is the number of immediate
upstream reservoirs, and T is the total simulation period. Using equation 5, reservoir release from the upper-
most to lowermost reservoirs can be sequentially optimized, first to maximize F, and then to minimize
σSTOR.

Information on Qturbine is essential for hydropower optimization, but such information is available only for
12 dams from the data sources listed in section 2.2. An alternative approach is to derive Qturbine from the
installed capacity (Wmax), which is included in the WLE dam database, as Qturbine = Wmax/(η � γ � Hmax),
where Hmax is the maximum available head. The only available proxy for Hmax is dam height; however,
equating dam height toHmax could yield too large Qturbine since, in many cases, turbines are located at lower
elevations than dam locations to achieve maximum head (Figure S3). Thus, we employ streamflow with 30%
exceedance probability (i.e., Q30) as Qturbine, which has been widely adopted in the hydropower literature
(Gernaat et al., 2017; Hoes et al., 2017; Zhou et al., 2015). To examine the uncertainty arising from the choice
of exceedance probability, sensitivity analysis is performed with simulations that use Q20 and Q40 as Qturbine

(section 2.6). These three flow exceedance probabilities are found to reasonably approximate Qturbine

(Figure S4) and are also closely related to the long‐term average flow (Figure S5).

No information on operation rules is publicly available for any reservoirs in the MRB; hence, any model
development in the MRB has to rely on a generic reservoir scheme that may not fully capture the complex
dynamics of real‐world reservoir operation. Another challenge is the validation of reservoir release and sto-
rage because observed river discharge is generally not available at locations immediate downstream of most
reservoirs in the MRB, and storage measurements are entirely lacking. Thus, to deal with the uncertainties
in reservoir operation schemes and validation data, we additionally consider two hypothetical hydropower
reservoir operation modes, following Piman et al. (2013): full‐level and low‐level. The full‐level operation
maintains water up to the maximum level and releases the surplus through turbines or spillway, whereas
the low‐level operation releasesQturbine, which can beQ20,Q30, orQ40, so long as the reservoir water is above
the minimum level. These contrasting operation rules at two extremes enable simulations of the probable
maximum changes in inundation extent (full‐level operation) and river discharge (low‐level operation).
Conversely, the probable minimum changes in inundation extent and river discharge are simulated by using
the low‐level and full‐level operations, respectively.
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2.5. Observed Data and Satellite Radar Products for Model Evaluation

From the observed river discharge and water level data obtained from the MRC, 12 stations are selected that
had several years of record for both variables or were located near river confluences (Table S2). To properly
locate the observation stations in the 5 km model grids, we utilize the 3‐arcsec DEM network, similarly as
done for locating dams (section 2.3). For the observed water level obtained from the MRC, no information
on the reference datum was available. Thus, to avoid an inconsistent comparison of observed and simulated
water levels, the simulated water level for each station is adjusted by including an offset to match the
long‐term water level during the dry season. For inundation extent, we evaluate the results with
Landsat‐based GSW data and water body characterization products from Sentinel‐1. The regions selected
for these evaluations include 37 reservoirs; 19 are the largest reservoirs from three top‐10 lists based on
dam height, storage capacity, and reservoir extent; and 18 are their neighboring reservoirs (Table S1). To
validate the simulated flooded areas over the entire basin, we utilize the aggregated monthly water extent
from the satellite composites; specifically, the time series of total flooded areas over the entire MRB from
GSW and CaMa‐Flood are compared. The spatial resolution of GSW data is 0.00025°, but that of the down-
scaled CaMa‐Flood results is 0.00083° (3‐arcsec). Therefore, the comparison with GSW data is presented in
two different resolutions: the original resolution and an upscaled resolution of 0.00100°.

The GSW data cover a relatively long period (1984–2018), but since the product is derived from Landsat, it is
susceptible to cloud contamination that generally introduces biases in flood occurrence in the wet season.
Hence, we additionally use Sentinel‐1 (launched in April 2014), which is expected to provide reliable data
under all weather conditions. Since the year of 2014 is partly covered by Sentinel‐1, we use the data for
2015–2016 (i.e., 24 months) period. Across the LMRB, ~2,000 interferometric wide swath scenes are col-
lected. The processing of Sentinel‐1 includes preprocessing (i.e., thermal noise removal, radiometric correc-
tions, coherent speckle noise reduction, and geocorrection) and classification (i.e., unsupervised k‐means
algorithm and random forest machine learning algorithm) (details in Text S1). To calculate flood occurrence
at a pixel, the number of inundated months is divided by the number of data‐available months. For compar-
ison purposes, flood occurrence from CaMa‐Flood is recalculated for the same period. For a complete
description of the Sentinel‐1 data processing, readers are referred to the Text S1 and our previous studies
(Huang et al., 2018; Torbick et al., 2018).

For a more detailed evaluation, a comparison of flood occurrence between CaMa‐Flood and Sentinel‐1 is
conducted considering land cover types derived from the land cover data provided by the SERVIR
Mekong Program (https://servir.adpc.net/), which cover the entire LMRB and are available at 30 m resolu-
tion. Since the land use types in 2015 and 2016 were highly similar, we use the data for year 2015. SERVIR
data include the following land use categories: surface water, snow and ice, mangrove, closed forest, open
forest, other wooded land, settlement, cropland, and wetland. Since the geographic projection and spatial
resolution of CaMa‐Flood, Sentinel‐1, and SERVIR land cover data differ, all products are upscaled to a com-
mon resolution of 5 km for a consistent comparison. For this comparison, two subregions of the LMRB are
specified: (1) the upper LMRB region (i.e., non‐TSL and non‐Delta region) and (2) the TSL and Delta region.
The dividing point of two regions, as in our previous study (Pokhrel, Shin et al., 2018), is Stung
Treng, Cambodia.

2.6. Simulation Settings

First, HiGW‐MAT is run for the 1979–2016 period for which the WFDEI forcing data are available. Then, 15
simulations are conducted for the same period but with different settings using CaMa‐Flood driven by the
runoff from HiGW‐MAT. These simulations are categorized into three groups (Table 1): without dams (nat-
ural rivers‐floodplains; NAT), with dams (individual dams introduced based on historical commission year;
DamIND), and with dams (all dams introduced in 1979; DamALL). The historical impact of dams on MRB
hydrology is quantified by comparing the NAT and DamIND simulations. DamIND simulations use the
reservoir operation scheme of Shin et al. (2019) for irrigation dams and optimized (opt), full‐level (full),
and low‐level (low) operation schemes (details in section 2.4) for hydropower dams. The three hydropower
operation schemes are used to provide the upper and lower bounds of uncertainty in reservoir operation.
DamIND simulations are grouped into DamIND‐opt, DamIND‐full, and DamIND‐low, and are further
detailed according to the setting of Qturbine using Q20, Q30, and Q40 to reflect the uncertainty in
reservoir operation.
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While the DamIND simulations are used to investigate how reservoirs have affected historical surface water
dynamics in the MRB (Questions 1 and 2), DamALL simulations are used to quantify the potential future
impacts of existing reservoirs (Question 3). Hence, the settings for DamALL simulations are almost identical
to those for DamIND simulations; the only difference is that in the DamALL simulations all 86 dams are
assumed to have existed from 1979. That is, in DamALL simulations the operation of all 86 dams begins
in 1979 regardless of the historical commission year of individual dams, thus enabling the assessment of
their potential future impacts on flood dynamics under business‐as‐usual conditions. Thus, the DamALL
simulations enable inference on the potential future impacts of existing dams under the assumption of his-
torical climate and no future dams.

3. Results and Discussion
3.1. River Discharge and Water Level

Figure 2 presents the evaluation of simulated river discharge at seven selected stations (Table S2) in the
mainstem and tributaries of the Mekong. The spatial distribution of the long‐term (1979–2016) mean is
shown in Figure 1. Figure 2 provides seasonal cycles for seven different periods. First, results are presented
for the 1979–2009 and 2010–2016 periods (Figures 2a and 2b); year 2010 is chosen to divide the two periods
since the total basin‐wide reservoir storage capacity doubled in that year compared to its preceding decades
(Figure 1 inset). Daily time series for two dry years (1998 and 2015) and two wet years (2000 and 2011) are
then presented along with the available observations (Figures 2c–2f). Finally, the last column shows the sea-
sonal cycle for all years for which observations are available. Further, a complete time series is provided in
the supporting information (Figures S6). Performance metrics (i.e., correlation coefficient and
root‐mean‐square error) are presented for the NAT and DamIND simulations in Table S3.

The NAT and DamIND simulations show similar seasonal patterns and comparable performance as the
relative difference in performance metrics are mostly <5% (Table S3). Evidently, the long‐term variability
in river discharge and its seasonal cycle in the main stem Mekong (Figures 2 and S6; LP, PA, ST, KT, KC,
and PP) and a tributary (PM), as well as the TSR flow reversal (PK), are accurately reproduced by the
model. In the Delta region (CD and CT) where the Mekong flow diverges into several distributaries, some
differences in low‐ and high‐flows are evident between the observations and simulations, which could be
partly because of imperfect channel bifurcation parameterizations and partly due to missing tidal effects
in the model. Overall, we find the results to be acceptable given the scale of the model domain (i.e., the
entire MRB), uncertainties in available data, and difficulty in accurately representing channel
bifurcation process.

Table 1
Simulation Settings

Reservoir operation Irrigation reservoir operation scheme Start year of reservoir operation
Hydropower reservoir
operation scheme Qturbine

NAT X ‐ ‐ ‐ ‐

DamIND‐opt‐Q20 O Shin et al. (2019) Individual dam's historical
commission year

Optimized level Q20
DamIND‐opt‐Q30 Q30
DamIND‐opt‐Q40 Q40
DamIND‐low‐Q20 Low level Q20
DamIND‐low‐Q30 Q30
DamIND‐low‐Q40 Q40
DamIND‐full Full level ‐

DamALL‐opt‐Q20 The start year of simulation (1979) Optimized level Q20
DamALL‐opt‐Q30 Q30
DamALL‐opt‐Q40 Q40
DamALL‐low‐Q20 Low level Q20
DamALL‐low‐Q30 Q30
DamALL‐low‐Q40 Q40
DamALL‐full Full level ‐
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Simulated water level shows a close match with observation (Figures 3 and S7); that is, simulated water
levels in the main stem Mekong (LP, PA, ST, KT, KC, and PP stations) are in close agreement with observa-
tions. However, seasonal dynamics are not fully captured at locations in the Delta region (CT and MTo)
where the high‐frequency fluctuations in observations—likely caused by tides—are not captured by the
model. Ikeuchi et al. (2017) noted that the incorporation of tidal effects could improve the simulation of
water level near the ocean, even though the effects were found to be small (<0.2 m) due to relatively large
river flows from the upstream compared to tides and surges. For the TSL, water levels are reproduced

Figure 2. Validation of simulated river discharge. Seasonal average for the periods of (a) 1979–2009 and (b) 2010–2016, (c–f) daily time series for and dry‐ and
wet‐years, and (g) seasonal average for the period when observation (Obs.) is available are presented. The complete daily time series for all stations and the
observation available period are presented in the ;supporting information (Figure S6). The orange shading indicates the level of uncertainty in the optimized
hydropower operation. The locations of stations are shown in Figure 1.
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remarkably well (Figure 3). That is, water levels within the lake (KL station) and at the confluence of TSR
with the Mekong (PP station) both agree very well with observations, suggesting that the TSR flow
reversal—which is driven by water levels at PP and the lake—is accurately represented in the model.
Overall, the results suggest that the seasonal dynamics of a complex fluvial system can be accurately
simulated with the dynamic wave equation used in CaMa‐Flood. Meanwhile the discrepancies in the
Delta region underscore the need for improved channel bathymetry and bifurcation parameterizations
and for including tidal effects in the model. However, in terms of monthly variability of inundation
extents, which is closely related to water level, tidal effects at submonthly scale can be expected to be

Figure 3. Same as in Figure 2 but for water level. The complete daily time series for all stations and the observation available period are presented in the
supporting information (Figure S7).
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averaged out. Moreover, since such biases are inherent in all simulations, the tidal effects on difference
between two simulations (e.g., NAT and DamIND) used to assess dam impacts are minimal.

To investigate the historical impact of climate variability and reservoirs on the dynamics of river flow and
water level, we compare the NAT and DamIND simulations. Large interannual variations in peak and
low flows are evident in the NAT simulation, in which reservoirs are not considered (Figures 2 and 3).
When reservoirs are considered (DamIND), peak and low flows are dampened. The differences between
the NAT (green in Figures 2 and 3) and DamIND (cyan, blue, and red with orange shades in Figures 2
and 3) simulations indicate the degree of reservoir impact on river flow and water level; evidently, the impact
has increased monotonically over time becoming greatest in recent years (e.g., 2010–2016; Figures 2b and
3b). Despite the monotonic increase in reservoir impact, compared to changes in discharge and water level
due to climate variability, reservoir induced variability is found to be small (e.g., NAT vs. DamIND) even
when uncertainties in reservoir operation are considered (e.g., differences among DamIND simulations).
Results suggest that reservoir operation has exerted limited influence on the variations of discharge and
water level during the 1979–2009 period (Figures 2a, 3a, S6, S7), except for the Mun river basin (PM station)
where many reservoirs were built before or early in the simulation period. These results clearly indicate that
climate variability has dominantly modulated flood dynamics in the MRB in the past four decades, and that
the impacts of dams were marginal until 2009.

Nonetheless, as more dams are built (e.g., Nuozadu, Xiaowan, Xe Kaman, and Nam Ngum 1; Table S1) with
the basin‐wide storage capacity doubling in 2010, the effects of reservoir operation on river flow and water
level have become more pronounced. This is discernible during the 2010–2016 period (Figures 2b and 3b;
difference between NAT and DamIND simulations). In this period, the dam‐induced changes in peak flow,
low flow, and seasonal amplitude (i.e., maximum‐minimum flow) at the LP station were −5%, 22%, and
−6%, respectively (comparison of NAT and DamIND‐opt; Tables S4). The same effects during 1979–2009
period were 0% for all three aspects (Table S4), which clearly suggests that there is an increase in the effects
of dams in recent years. The increasing reservoir effects are found in both dry and wet years at all stations
(Table S4). Specifically, dams influenced both the normal and reverse flows in the TSR (PK station) during
1979–2009 period by −2%. The same effects were greater during 2010–2016 period (i.e., −5% and −9% for
normal and reverse flows, respectively), andmore so during the dry year of 2015 (i.e.,−8% and−12% for nor-
mal and reverse flow, respectively). These results corroborate our previous findings about changes in open
water areas in and around TSL during the same period (Lin & Qi, 2017).

Results from the DamALL simulations (see section 2.6) suggest that potential future dam impacts could be
considerably larger than today, even under the historical climate and no additional dams (Figure 4;
Figures S8 and S9; Table S5). Both river discharge and water levels could be substantially altered by the exist-
ing reservoirs. For example, existing reservoirs could potentially alter the peak flow, low flow, and seasonal
amplitude of the climatological daily seasonal cycle at the LP station by −11%, 58%, and −16%, respectively
(comparison of NAT and DamALL for 1979–2016 period; Table S5). In the TSR, the rate of normal (reverse)
flow could change by−6% to−10% (−13% to−16%) in dry years,−4% to−5% (−4% to−7%) in wet years, and
−7% (−9%) during average years. Note that identical climate condition and reservoir operation schemes are
used for DamIND and DamALL simulations, but the potential future impacts of existing dams (i.e.,
DamALL) are considerably greater than their historical impacts (i.e., DamIND).

Overall, our results show that seasonal dynamics and interannual variations in river flow and water level in
the MRB were governed primarily by climate variability until the 2000s. However, the effects of dams
increased significantly from 2010 onward, and it is expected that even under business‐as‐usual conditions,
dams could profoundly alter the future flood dynamics. Further, these effects could be largely compounded
by future dams and climate change; however, as evident from the uncertainty range in Figures 2–4 and
S6–S9 and Tables S4–S5, future impacts will depend on how reservoirs are operated.

3.2. Spatial Pattern of Long‐Term Flood Occurrence

Figure 5 presents the 3‐arcsec (~90 m) grid flood occurrence (i.e., flood frequency in percentile) over the
entire MRB for the 1979–2016 period, which is derived from the downscaled monthly average flood depth
simulated by CaMa‐Flood at ~5 km resolution. Comparisons with the GSW data are provided in Figure 6
and in the supporting information (Figure S10). A similar comparison using the Sentinel‐1 products is
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presented in Figure S11. The model captures the broad spatial patterns of flood occurrence seen in the GSW
data and Sentinel‐1 for both natural river‐floodplain‐lake systems and manmade reservoirs (Figure 6). The
permanent water body in the TSL is accurately simulated by CaMa‐Flood to be always flooded (Figure 6a left
panel; dark blue; 100% flood occurrence). As also noted in Pokhrel, Shin et al. (2018), the GSW data do not
suggest such permanent flooding, a potential issue in the Landsat product (Figure 6a right panel).
Meanwhile, Sentinel‐1 suggests permanent flooding in the lake (Figure S11), which shows the potential of
the Sentinel‐1 for resolving flooded areas in cloud‐prone seasons (Bouvet et al., 2009; Nelson et al., 2014;
Torbick, Chowdhury, et al., 2017; Torbick, Salas, et al., 2017).

Further, variations from the center of the lake to its largest outer extent are smooth and continuous in
CaMa‐Flood results, while those variations seem rather abrupt and, often, nonexistent (i.e., no flooding;

Figure 4. The potential impacts of 86 existing dams on river discharge estimated from the DamALL simulations. Figure format is the same as in Figure 2, except
for the observation, which is excluded here since the results are for DamALL simulations. The complete daily time series of river discharge and water level for all
stations are presented in the supporting information (Figures S8 and S9).
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areas in white in Figure 6a right panel) in the GSW data. Sentinel‐1 also exhibits similar patterns of flood
occurrence around the lake as in the GSW data (Figure S11). Such patterns in both satellite products
could be attributed to the underestimation of flooded areas since those area are mostly forested floodplains
(e.g., gallery forest and flooded shrubland) (Arias, Cochrane et al., 2014), where vegetation interferes with
both optical and radar sensors. For the reservoirs, the spatial patterns of the maximum inundation extent
seen in the GSW data are reproduced remarkably well by CaMa‐Flood (Figures 6b–6e; 6h–6s). Note that
the uncertainties in GSW data for manmade reservoirs are expected to be minimal compared to that for
natural water bodies (e.g., the TSL) because of clearly distinguishable open water surface. A good
agreement between the simulated maximum water extent and GSW data also ensures that the
uncertainties in reservoir attributes (e.g., dam height and storage capacity) have been minimized in our
data processing (sections 2.2 and 2.3); that is, any erroneous dam specifications could have resulted in
misrepresentation of the inundation patterns in the upstream of the reservoirs.

Figure 5. Simulated flood occurrence at 3‐arcsec (~90 m) resolution for the entire MRB. Black boxes indicate the regions used in Figure 6 for the validation of
simulated spatial inundation dynamics. Red circles indicate dam locations.
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In terms of inundation patterns within the reservoirs (e.g., Xiaowan, Nuozadu, and Nam Ngum 2 in
Figures 6b, 6b, 6e, respectively), differences can be seen even for the reservoirs discussed above, due to sev-
eral reasons. For both satellite products, as mentioned above, underestimation in flood occurrence is
expected because of the interference effect (e.g., clouds, debris, and vegetation cover). Specifically, the num-
ber of cloud‐free images from Landsat is limited in the monsoon season (Figure S12), which could have
caused an underrepresentation of flood occurrence in the GSW product. Additionally, the discrepancy
between the GSW data and the model could be caused partly by the use of different time periods between
the two (CaMa‐Flood: 1979–2016; GSW data: 1984–2018); however, the uncertainties from this mismatch
are marginal compared to those caused by missing records in the GSW data (Figure S12). For Sentinel‐1,
the short time period (24 months) used in calculating flood occurrence can be a cause of uncertainty.
Further, uncertainties in meteorological forcing could have impacted CaMa‐Flood simulations partly

Figure 6. Spatial validation of simulated inundation dynamics. Simulated flood occurrence (left; CaMa‐Flood) for 1979–2016 is compared with the GSW flood
occurrence (right; Pekel et al., 2016) for 1984–2018 period. The locations of sub‐panels from A to S are shown in Figure 5. Red circles indicate dam locations.
The resolution of GSW flood occurrence is 0.00100°.
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contributing to the differences, but good agreement between the simulated and observed discharge and
water level (Figures 2 and 3) provides confidence that the effects of uncertainties in forcing are minimal.
Imperfect topography data could have introduced additional uncertainty in the model; while many errors
and noises have been removed in the MERIT DEM (Yamazaki et al., 2019, 2017), the water body within
the reservoirs that existed when the SRTM (primary data source for MERIT DEM) was launched
(February 2000) is still a potential source of error. In general, the DEM values over the reservoirs built
before the launch of SRTM tend to be flat, causing dampened seasonal variation in reservoir extent in
CaMa‐Flood compared to that in GSW data for the reservoirs built prior to year 2000 (e.g., Ubol Ratana,
Nam Ngum 1, Siridhorn, Lam Pao in Figures 6d, 6e, 6i, and 6n, respectively).

Upstream inundation begins exactly at the location of the dam, but a dam can be located at any point within
the 5 kmmodeling grid. Thus, when flood occurrence is downscaled to ~90m grids, the location where inun-
dation begins in the downscaled results may not perfectly match the actual dam location. For example, inun-
dation begins at a location slightly downstream (e.g., Nuozadu, Miaowei, and Nam Khan 2 in Figures 6c, 6k,
and 6o, respectively) or upstream (e.g., Theun‐Hinboun exp., Yali, and Manwan in Figures 6h, 6j, and 6l,
respectively) of the dam location. This is unavoidable in grid‐based reservoir modeling, but the errors can
be minimized by increasing the spatial resolution. Additionally, the spatial variations in inundation extent
for reservoirs built before the SRTM launch can be better simulated by using improved reservoir bathymetry
data where local information is available (Busker et al., 2018; Li et al., 2019; Shin et al., 2019; van
Bemmelen et al., 2016).

Figure 7. Comparison of CaMa‐Flood and Sentinel‐1 based flood occurrences for different land cover classes. The paired sub‐panels for (a) all classes and
(b‐i) each class are for the upper LMRB (left) and the TSL and Delta (right) regions. The dotted black diagonal lines represent 1:1 lines.
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3.3. Dependence of Flood Occurrence on Land Cover

Flood occurrence from CaMa‐Flood shows good agreement with the Sentinel‐1 data for most land cover
types (Figure 7). Differences between the two are found to be smaller in the upper portion of the LMRB than
in the TSL and Delta region, likely because of the steeper relief in the upper LMRB that enables the inunda-
tion patterns to be more distinctively confined by the local topography. In the TSL and Delta region, flood
occurrence in Sentinel‐1 data is less than in CaMa‐Flood, specifically for the forested areas surrounding
the TSL (Figure S11). Considering that the saturation of C‐band Sentinel‐1 is limited for dense vegetation
canopy at high biomass levels (El Hajj et al., 2019; Hess et al., 1990; Huang et al., 2018), we conclude that
Sentinel‐1 underestimates flood occurrence in forested areas around the lake. For densely vegetated regions,
L‐band remote sensing products can be potentially more useful (Urbazaev et al., 2018); however, open
access, operational, and high temporal frequency L‐band data over large regions do not exist at this time.
The notable differences for areas with human settlement and cropland can be attributed to an overestima-
tion in CaMa‐Flood owing to missing water infrastructure such as levees. The incorporation of such flood
control infrastructure can result in less frequent simulated inundation.

3.4. Flooded Areas and Surface Water Storage

Figure 8 presents the seasonal dynamics of surface water storage and flooded areas based on the decadal
(Figures 8a–8d) mean of CaMa‐Flood simulations and GSW monthly flooded areas over the entire MRB.
The seasonal variabilities for selected dry (1998 and 2015) and wet (2000 and 2011) years are also shown
(Figures 8e–8h). The results for the entire simulation period of 1979–2016 are presented in supporting infor-
mation (Figure S13). CaMa‐Flood results indicate that basin‐wide flooded areas account for 3–7%
(28,000–54,000 km2) of the basin area in the wet season and <2% (14,000 km2) in the dry season.

Figure 8. Historical flooded areas and surface water storage dynamics over the MRB. The seasonal average and monthly time series are presented for (a–d) the
selected periods and (e–h) dry‐ and wet‐years. The orange and pink shadings indicate uncertainty range in the optimized hydropower operation for flooded
areas and surface water storage, respectively. The monthly GSW flooded areas for 1984–2016 is presented for the periods and years wherever available. The black
dotted lines with gray shades indicate the permanent water areas in the GSW data.
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Differences are evident between the flooded areas in CaMa‐Flood results and GSW data, specifically before
the 2000s and the flooding season (Figures 8 and S13). As discussed in section 3.2, the mismatch could be
partially attributed to the model overestimation, mainly due to uncertainty in the DEM and an
underestimation in the GSW data, due to vegetation, cloud, and missing records. A detailed inspection of
the GSW product reveals that >45% of the area in the MRB has pixels classified as “No Data” for at least a
month in each year, and the annual average of “No Data” pixels is >49%, specifically for years before
2002 (Figure S12). In addition, total flooded areas in the GSW data increase after 2002, which is
accompanied by a reduction in the number of months with “No Data” pixels (Figures S12–S13), further
suggesting that the flooded areas could have indeed been underestimated heavily for the pre‐2002 period.
The effect of “No Data” pixels is also evident when the GSW monthly time series is compared to the GSW
permanent water areas, which are portions of river, lakes, and reservoirs that have been permanently
covered by water during the 1984–2018 period. The GSW data suggest the permanent water areas over the
MRB—the minimum value in the GSW monthly time series—to be 7,530 km2 (black dotted lines in
Figures 8 and S13), but the GSW monthly time series numbers are far below that minimum area due to
significant missing values.

While the interannual variability is evident in the surface water storage and extent dynamics, no significant
interannual trend is found in the NAT simulation for the minimum, maximum, mean, standard deviation,
and the maximum amplitude of flooded areas (Figures 8 and S13; Mann‐Kendall test, p > 0.26 for all vari-
ables, α = 0.05; hereafter only the maximum and minimum p‐values are provided where trends exist and
do not exist, respectively) and surface water storage (p > 0.39). All DamIND simulations, except for
DamIND‐low‐Q20, which is designed to provide the lowest bound for the impacts of dams on flooded areas
and water storage (section 2.6), indicate increasing trends in the minimum flooded areas and minimum sur-
face water storage (p < 0.02). Meanwhile, none of the DamIND simulations shows significant trends in stan-
dard deviations and the maximum amplitudes (p > 0.61). These results indicate overall that reservoirs have
influenced surface water storage and extent dynamics in the dry season while climate variability has domi-
nated the wet season interannual variations in surface water storage and extent dynamics.

Figure 9. The potential impacts of 86 existing dams on surface water dynamics estimated from the DamALL simulations. The seasonal average and monthly time
series are presented for (a–d) the selected periods and (e–h) dry‐ and wet‐years.
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Two dry years (i.e., 1998 and 2015) are similarly dry in terms of river discharge (Figure 2), but the historical
impact of reservoirs is evidently higher in 2015 than in 1998 since the total number and storage capacity of
reservoirs in 2015 increased by more than fivefold and twofold, respectively, from 1998 (Figures 8e and 8f).
Meanwhile, those two dry years show similar reservoir impacts in DamALL simulations since the number of
simulated reservoirs is the same throughout the entire period (Figures 9e and 9f). As such, the DamALL
simulations show no significant trends in either flooded areas or surface water storage for any of the attri-
butes of theminimum,maximum,mean, standard deviation, and the seasonal amplitude (p> 0.12). We note
that these results should be interpreted with caution since the outcome could vary if additional dams are
considered or if climate projections having wetter or drier trends are used as input forcing. Compared to
the DamIND simulations, the DamALL simulations show higher deviations from the NAT simulation,
and larger variabilities in surface water storage and extent dynamics over the entire simulation period
(Figures 9 and S14). The considerable differences between the DamIND and the DamALL simulations sug-
gest that surface water storage and extent dynamics in the future could be largely different from that in the
past even under business‐as‐usual conditions.

4. Summary and Conclusion

In this study, the historical dynamics of river‐floodplain‐reservoir storage and extent over the entire MRB is
simulated for the 1979–2016 period and at a high‐resolution (3‐arcmin; ~5 km). The simulated flood extent is
further downscaled to 3‐arcsec (~90 m) grids to investigate the changes in fine‐scale inundation dynamics.
Integrated modeling of natural river‐floodplain and reservoir (86 that existed as of 2016) systems is accom-
plished with the incorporation of a recently developed reservoir scheme (Shin et al., 2019) into the global
river‐floodplain hydrodynamic model CaMa‐Flood (Yamazaki et al., 2013) version‐3.94, resulting in
CaMa‐Flood‐Dam (v3.94). Reservoir operation is simulated using a demand‐driven scheme (Shin et al., 2019)
and an optimization‐based operation scheme for irrigation and hydropower dams, respectively. The natural
and human‐induced changes in flood dynamics over the entire basin are investigated simultaneously using
this newly integrated modeling framework. Results are validated with ground‐based observations for dis-
charge and water level, and remote sensing products (the GSW and Sentinel‐1 data) for spatial inundation
dynamics. Uncertainties in reservoir operation are quantified using three different turbine design flows
(Q20,Q30, andQ40) and a range of operationmodes (opt, low, and full) (section 2.6 and Table 1). Results from
simulations with (i.e., DamIND) and without reservoirs (i.e., NAT) are used to attribute historical changes in
surface water storage and extent dynamics over the MRB to natural climate variability and reservoir opera-
tion. Further, the probable future impacts of existing dams are assessed using the DamALL simulations,
where all existing 86 dams are assumed to be in operation from 1979 (i.e., the beginning of the
modeling period).

Results suggest that the interannual flood dynamics in the MRB was dominantly modulated by climate
variability over the past four decades. That is, reservoir induced variability is found to be marginal during
the historical period, however the impact of reservoirs increased continually over time, becoming readily dis-
cernible in recent years (i.e., 2010–2016). Surface water dynamics is found to be altered significantly by reser-
voirs during the recent period, and results from historical simulations with all dams assumed to have existed
from the beginning (i.e., DamALL) suggest that the surface water storage dynamics in the future would be
different considerably from that in the past even without additional dams and climate change. Results also
indicate that the dynamics of surface water storage and extent depends heavily on reservoir operation stra-
tegies, highlighting the need to operate existing and future dams in a way that minimizes the adverse impact
on the hydro‐ecological systems of the MRB.

There are certain limitations of this study. First, as reservoir bathymetry data are nonexistent for the MRB,
bed elevations are parameterized using DEMs, which could introduce some uncertainties in the simulations.
Second, this study relies on a generic operation rule because the actual rule curves are not publicly available
for any reservoirs in the MRB. And third, tidal effects are not accounted for in our hydrodynamic model,
which could have impacted the simulations for the Mekong Delta region. Future studies could improve
reservoir bathymetry and operation of individual reservoirs if such data become available. Reservoir bathy-
metry could also potentially be improved using satellite altimetry and imagery (e.g., Busker et al., 2018; Li
et al., 2019), but the application is limited to nonpermanent water areas. For permanent water areas,
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hydraulic geometry relationships (e.g., Schaperow et al., 2019) or known reservoir characteristics (e.g., Shin
et al., 2019) could be used; however, such methods are generally not suited for deriving high‐resolution (e.g.,
90 m) reservoir bed elevations.

Despite these limitations, this study provides major advances in simulating integrated river‐floodplain‐-
reservoir systems in floodpulse‐dominant river systems and isolating the impacts of climate change and
reservoir operation on flood dynamics. This study is also the first to simulate the impacts of dams on
basin‐wide river‐floodplain hydrodynamics in the MRB. As there is an unprecedented boom in hydropower
dam construction in the MRB and other global river basins (e.g., Amazon and Congo), the impact of reser-
voirs on global terrestrial hydrology is expected to accelerate in the coming decades. The new modeling fra-
mework developed in this study can be used to investigate the potential changes in surface water storage and
extent dynamics—which have important hydro‐ecological implications—under climate change and the con-
struction of new dams.
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