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Abstract Multireservoir systems require robust and adaptive control policies capable of managing
hydroclimatic variability and human demands across a range of time scales. This is especially true for river
basins with high intraannual and interannual variability, such as monsoonal systems that need to buffer
against seasonal droughts while also managing extreme floods. Moreover, the timing, intensity, duration,
and frequency of these hydrologic extremes may evolve with deeply uncertain changes in socioeconomic
and climatic pressures. This study contributes an innovative method for exploring how possible changes
in the timing and magnitude of the monsoonal cycle impact the robustness of reservoir operating
policies designed assuming stationary hydrologic and socioeconomic conditions. We illustrate this analysis
on the Red River basin in Vietnam, where reservoirs and dams serve as important sources of hydropower
production, multisectoral water supply, and flood protection for the capital city of Hanoi. Applying
our scenario discovery approach, we find that reservoir operations designed assuming stationarity provide
robust hydropower performance in the Red River but that increased mean streamflow, amplification
of the within-year monsoonal cycle, and increased interannual variability all threaten their ability
to manage flood risk. Additionally, increased agricultural water demands can only be tolerated if they
are accompanied by greater mean flow, exacerbating food-flood trade-offs in the basin. These
findings highlight the importance of exploring the impacts of a wide range of deeply uncertain
socioeconomic and hydrologic factors when evaluating system robustness in monsoonal river basins,
considering in particular both lower-order moments of annual streamflow and intraannual
monsoonal behavior.

1. Introduction

Designing robust management strategies for multipurpose reservoir systems requires a careful exploration of
the capacity of alternative management plans to handle uncertain changes in climatic and human pressures
over multiple time scales. From extreme precipitation events to prolonged drought, and rapid urbanization
to intensive agriculture, a range of stochastic and potentially nonstationary climatic and anthropogenic fac-
tors influence how river basin systems should be managed both now and in the future (Bouwer, 2000; Mach
et al., 2014; Vörösmarty et al., 2000). These uncertainties are often considered “deep,” meaning decision mak-
ers possess discordant beliefs about what are appropriate prior probability distributions for their occurrence
(Knight, 1921; Lempert et al., 2002).

In deeply uncertain decision contexts, Dessai et al. (2009) highlight the deficiencies of classical
“predict-then-act” risk-based assessments, since both likelihoods and consequences are poorly defined.
Instead, they advocate for “bottom-up” approaches in which exploratory modeling techniques (Bankes,
1993) are employed to discover robust strategies that perform well across a broad range of possible system
conditions and external forcings, regardless of their likelihood. These methods, reviewed in several recent
papers (Dittrich et al., 2016; Herman et al., 2015; Maier et al., 2016) include decision scaling (Brown et al.,
2012; Poff et al., 2015), robust decision making (RDM; Lempert et al., 2003), and many-objective robust deci-
sion making (MORDM; Kasprzyk et al., 2013). Despite their methodological differences in implementation,
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these approaches share two common goals: (i) to discover management plans that are robust to deep uncer-
tainties in system conditions and external forcings and (ii) to discover scenarios under which these plans can
no longer satisfy system goals and therefore need to be redesigned.

Recent research in the robustness literature has focused on the second of these goals, using the scenario
discovery process to inform the design of Dynamic Adaptive Policy Pathways (DAPP; Haasnoot et al., 2013) in
which decision makers monitor signposts of change that trigger the adoption of different policies when some
critical value, or adaptation tipping point (Kwadijk et al., 2010), has been observed. Central to this method is
the design of the signposts (i.e., factors monitored to estimate the system trajectory) and tipping points (i.e.,
values of the signposts that trigger policy changes). A broad range of candidate factors may be suitable, but
discovering effective signposts is a challenging information selection problem (e.g., see discussions in Galelli
& Castelletti, 2013; Galelli et al., 2014; Hermans et al., 2017). For example, Herman and Giuliani (2018) find that
even monotonically trending hydrologic conditions may not be informative for management. In designing
adaptive reservoir operations for Folsom Dam in California, they find that a 50-year moving average of annual
streamflow is not informative for controlling floods since floods are primarily driven by shorter time scale
events. However, they find that a 50-year moving average of the water-year centroid is informative, suggesting
that seasonality changes may be more important for management.

One promising way to discover effective signposts and tipping points is by combining the DAPP approach
with bottom-up exploratory modeling techniques such as RDM in which sensitivity analysis is performed to
identify conditions under which current management plans fail (see e.g., Groves et al., 2014). However, in
order to effectively combine these approaches, it is important to ensure that the scenarios sampled in the
exploratory analysis adequately capture the system dynamics that might emerge under alternative climatic
and socioeconomic futures (Pruyt & Islam, 2016). In particular, as noted by Herman and Giuliani (2018), simply
sampling changes in mean hydroclimatic conditions may not be sufficient, especially given that changes in
climate variability affect the frequency of extreme climate events more than changes in the mean (Katz &
Brown, 1992). Changes in intraannual variability may also pose challenges, particularly for monsoonal systems
for which water management strategies must balance competing concerns of flood protection in the wet
season and drought management in the dry season.

Evaluating the effects of changes in the seasonality of monsoonal systems may be particularly important due
to uncertainty in how climate change will affect wet versus dry season precipitation. With respect to the mon-
soon season in Southeast Asia, severe floods typically occur during La Niña (cold phase) conditions, while
eastward shifts of the Walker circulation in the tropical Pacific Ocean during El Niño (warm phase) conditions
reduce precipitation over the South China Sea, leading to prolonged droughts (Juneng & Tangang, 2005;
Räsänen & Kummu, 2013; Shen & Lau, 1995; Wang et al., 2001; Xu et al., 2004). Given global warming will
likely increase the incidence of the warm phase of El Niño Southern Oscillations (ENSO; Cai et al., 2014;
Timmermann et al., 1999), one might therefore expect an increased frequency of drought conditions in the
region in the future. However, Huijun (2002) and Jiang et al. (2004) find instability in the relationship between
ENSO and monsoonal precipitation in Southeast Asia over both reanalysis data from the National Centers for
Environmental Prediction and National Center for Atmospheric Research (NCAR) reanalysis project (Huijun,
2002), and simulations from an atmosphere-ocean general circulation model (Jiang et al., 2004). This instabil-
ity has been attributed to shifts in the time of year in which sea surface temperature (SST) maxima occur in
the tropical Pacific (Kane, 1999; Singhrattna et al., 2005), as well as in the location of SST maxima, with weaker
monsoons occurring during the cold phase when the Intertropical Convergence Zone (ITCZ) tends to move
southward as it does during El Niño years (Yancheva et al., 2007).

These shifting relationships have led to disagreement over whether the East Asian monsoon has and will con-
tinue to strengthen or weaken with climate change. A weakening of the East Asian monsoon since the 1920s
has been observed in wind speeds over China and sea level pressure gradients (Guo et al., 2011; Jiang et al.,
2010; Vautard et al., 2010; Zhou et al., 2009); however, Hsu et al. (2011) and Wang et al. (2012) observe increased
precipitation since 1979 under an alternative definition of monsoon area, leading the Intergovernmental
Panel on Climate Change (IPCC) Fifth Assessment Report (Hartmann et al., 2013) to place low confidence
in the projection that the monsoon will weaken. Furthermore, more than 85% of the Coupled Model
Intercomparison Project 5 (CMIP5) models predict an increase in mean precipitation in the East Asian summer
monsoons (Hijioka et al., 2014). This projection does not extend to the dry season, though. Ray et al. (2015) find
that general circulation models (GCMs) consistently project wetter South Asian monsoons but do not agree
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on the sign of dry season precipitation, suggesting there may be shifts in seasonality. This hypothesis is sup-
ported by paleodata from sediment records in the South China Sea, which show an inverse correlation in the
strengths of the winter and summer monsoon in Southeast Asia (Wang et al., 1999; Yancheva et al., 2007).
When the ITCZ moves northward, the summer monsoon tends to strengthen, while the winter monsoon tends
to weaken (Yancheva et al., 2007). Such seasonal shifts could also occur due to human behavior, as has been
the focus of a vast body of literature on anthropogenic flow alteration (Kroll et al., 2015; Poff & Zimmerman,
2010; Richter et al., 1996; Vogel et al., 2007).

Despite these observations, prior bottom-up assessments in monsoonal systems have only explored the
impacts of constant mean shifts in precipitation and temperature on water systems management (Ray et al.,
2018; Yang et al., 2016). While exploring changes in seasonality is common in top-down climate assess-
ments through the application of time and quantile-varying change factors (Anandhi et al., 2011; Diaz-Nieto
& Wilby, 2005), to our knowledge, only Nazemi et al. (2013) have used bottom-up methods to investigate
how changes in seasonality might influence the robustness of alternative water management strategies. Their
analysis focused specifically on assessing the effects of changes in the timing of snowmelt, while we are inter-
ested in studying the effects of changes in both the timing and intensity of the monsoon. Bottom-up climate
assessments of such seasonal changes could be performed by applying different change factors to different
fragments of the historical annual cycle as in top-down assessments, but this could become cumbersome if a
large number of fragments are needed to effectively capture the annual cycle.

In this study, we attempt to better capture the water management implications of potential changes in mon-
soonal dynamics through a simpler but expansive sampling of how the timing and magnitude of monsoonal
seasonal extremes may evolve under a changing climate. We illustrate our contributions using the Red River
basin in Southeast Asia, where four major reservoirs on the Vietnamese side of the basin serve multiple system
objectives related to energy and water supply, as well as flood protection. Using a limited number of statisti-
cal parameters to describe streamflows and demands, we explore how a wide range of potential changes in
both monsoonal flow regimes and socioeconomic conditions influence the performance of alternative mul-
tireservoir operating policies for the basin. Importantly, we not only analyze the effects of hydrologic shifts in
the first two moments of annual streamflow but also intraannual variability. We then use logistic regression
to define failure regions in which multireservoir operating policies designed for stationary conditions can no
longer attain satisfactory performance. The combinations of interacting hydrologic and socioeconomic fac-
tors defining the failure regions can be used to design more robust operating policies in future analyses by
serving as signposts for adaptive management plans.

Our paper is organized as follows. Section 2 provides a brief background of the Red River water systems man-
agement model. Section 3 describes the reservoir optimization model and subsequent scenario discovery
experiment for sampling potential changes in monsoonal dynamics and human pressures. Section 4 presents
the results of this analysis and discusses the broader implications of our findings for multiobjective reservoir
management in monsoonal systems. Finally, Section 5 concludes with a summary of our key findings and
opportunities for future work.

2. Multiobjective Water Systems Management Model
2.1. Red River Basin
The Red River basin is a monsoonal river system in Southeast Asia that flows from China and the Lao People’s
Democratic Republic through Vietnam to the Vietnamese East Sea. Just over half of the basin’s 169,000 km2

lie in Vietnam, making it the second largest river basin in the country to the Mekong. During the monsoon,
the Red River serves as a vital agricultural resource to Vietnam, the second largest exporter of rice in the world
(Yu et al., 2010). However, monsoonal rains also put the delta and capital city of Hanoi at risk of severe flood-
ing. Several historical floods have devastated the delta region (Le Ngo et al., 2008), causing average annual
damages of 130 million USD (Hansson & Ekenberg, 2002). Within the last 40 years, efforts have been made by
the government to reduce flood risk by constructing reservoirs upstream of Hanoi. These reservoirs have also
enabled greater water supply for agriculture during the dry season and hydropower production year-round.
With 70% of the Vietnamese population of 93 million people employed in agriculture (Nguyen et al., 2002),
and 46% of the country’s installed electric power capacity in hydropower (Asian Development Bank, 2016),
reservoirs have played an integral role in developing the local economy.
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Figure 1. Map of the Red River basin (panel a) and schematization of the main components of the Red River basin model (panel b), reproduced from Quinn
et al. (2017). Flows to each of the reservoirs shown in panel b are generated synthetically, releases from the reservoirs are determined by operating policies
discovered through multiobjective optimization, and flows through the delta are modeled by a dynamic emulator of a MIKE 11 model of the downstream
hydraulics.

However, while reservoirs provide flood protection, more consistent water supply and a source of electric
power, conflicting operations favor each of these demands. Flood protection requires low reservoir levels to
contain large flow events, while hydropower production and irrigation supply require high levels to enable a
large head differential for energy generation and to buffer against drought. Furthermore, agricultural releases
during the dry season conflict with the need to maintain high head for hydropower production. Consequently,
designing operating policies for the multireservoir Red River system is a challenging multiobjective control
problem (Giuliani et al., 2017). Compounding this challenge are many sources of uncertainty, such as how
hydrologic conditions will evolve in a changing climate or how economic development will impact future
water demands. In the context of hydrologic pressures, streamflow in the Red River is dominated by the annual
monsoon from May to October, which in 6 months provides nearly 80% of the total annual flow. Yet as noted in
the introduction, there is deep uncertainty in how the monsoon will be affected by climate change. In the con-
text of socioeconomic pressures, water demand in the basin is currently dominated by agriculture, followed
by aquaculture. However, total rice growing area in Vietnam has been declining recently due to rapid urban-
ization (Yu et al., 2010), suggesting there may be a shift in sectoral demand in the future. Building off of prior
work in the Red River basin, we apply the MORDM (Kasprzyk et al., 2013) framework, described in section 3.1,
to evaluate the robustness of candidate operating policies to these deep uncertainties.

2.2. Model Description
In this study, we employ the same water systems simulation model used by Giuliani et al. (2017) and Quinn
et al. (2017) to optimize multiobjective operating policies for the four largest reservoirs in the Red River basin.
Figure 1, reproduced from Quinn et al. (2017), shows the locations of these four reservoirs within the basin
(panel a) as well as a schematic of the system model (panel b). Son La (SL) and Hoa Binh (HB), the two largest
reservoirs, are located in series on the Da River, the largest tributary in the basin. Thac Ba (TB) and Tuyen Quang
(TQ), two smaller reservoirs, are located in parallel on the Chay and Gam rivers, respectively. Altogether, these
reservoirs have a total storage capacity of 22.67 billion m3 and a power capacity of 4,782 MW.

The model illustrated in Figure 1b is composed of an upstream and a downstream component, each of
which runs on a daily time step. The upstream model consists of synthetically generated daily flows on
each of the five system tributaries (qDa

t , qThao
t , qChay

t , qLo
t , qGam

t ) and daily releases from each of the reservoirs
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(rSL
t , rHB

t , rTB
t , rTQ

t ). Monthly flows on each tributary are generated synthetically using Cholesky decomposi-
tion of resampled historical monthly flows and then disaggregated to daily flows using a nearest neighbor
approach introduced by Nowak et al. (2010), in which daily flows from a probabilistically selected month in
the historical record are proportionally scaled to match the synthetic monthly total. The Cholesky decompo-
sition preserves temporal correlation within each flow series, while resampling the same historical flows at
each site preserves spatial correlation across them (Herman et al., 2016; Kirsch et al., 2013). The generator was
built to 51 years of historical flows from 1960 to 2010, and validation of its performance can be found in the
supporting information to Quinn et al. (2017).

The synthetic flows on the Da, Chay, and Gam Rivers feed into the Son La, Thac Ba, and Tuyen Quang reservoirs.
Releases from these reservoirs and Hoa Binh are determined by optimized operating policies, described in
section 3.2. The releases from each of the reservoirs determine their daily hydropower production, which is
modeled for each reservoir by an artificial neural network (ANN) mapping the kth reservoir’s storage at the
beginning of the time interval [t, t+1), sk

t , and release at the end of the time interval [t, t+1), rk
t+1, to production:

𝜂k
t+1 = f (sk

t , rk
t+1). The releases feed into the downstream system model that consists of three additional ANNs

used to approximate the outputs from a MIKE 11 hydraulic model while speeding up the computational time
for optimization. The ANNS, built to a 62-year simulation of daily routing in the delta, estimate the daily water
volume in the delta’s irrigation canals, Υt , the water level at Hanoi, zHN

t , and the water supply deficit, Dt , which
is a function of Υt (Dinh, 2015). The water supply deficit is a function of the volume of water in the canals
because this water is used to both supply water for irrigation and municipal and industrial demands and
to ensure sufficient instream flows for fisheries in the delta. All data used to build the Red River model are
from the Ministry of Agriculture and Rural Development (MARD) of Vietnam and were collected during the
Integrated and sustainable water Management of Red Thai Binh Rivers system in changing climate (IMRR)
project (http://xake.elet.polimi.it/imrr/).

3. Methods
3.1. Multiobjective Optimization and Robustness Analysis
The primary goal of this study is to introduce a method for exploring how changing monsoonal dynamics and
human pressures challenge multireservoir management of multisectoral trade-offs in monsoonal river basins.
In applying this method to the Red River basin, we (i) discover robust operating policies for the system’s reser-
voirs and (ii) determine the most important hydrologic and socioeconomic drivers of their performance in
order to inform adaptive management strategies, for example, by setting triggers for reoperations or by incen-
tivizing demand management. Many different strategies have been proposed in the literature for defining
and evaluating robustness; however, as Herman et al. (2015) highlight in their taxonomy of robustness frame-
works, these approaches all share four common components. Figure 2, adapted from Herman et al. (2015),
illustrates how these four components, and an additional fifth, are applied in this particular study.

The first component is the selection of decision alternatives, in this case, alternative reservoir operating
policies (Figure 2, Box I). Following the MORDM framework introduced by Kasprzyk et al. (2013), we dis-
cover nondominated operational alternatives through multiobjective optimization (described in section 3.2),
considering only well-characterized, stationary streamflow uncertainty in the optimization.

The second component of our robustness analysis is to evaluate the decision alternatives in different states of
the world (SOWs) that could pose operational challenges in the future (Figure 2, Box II). In this study, we dis-
cover the most important factors by generating alternative SOWs through a design of experiments, focusing
specifically on hydrologic and socioeconomic drivers. A core contribution of this study includes the use of syn-
thetic streamflow generation to capture a diverse suite of nonstationary monsoonal dynamics. Our approach
for generating SOWs is described in detail in section 3.3.

After reevaluating the Red River system’s candidate control policies in different SOWs, we utilize robust-
ness measures to rank the alternatives and inform further vulnerability assessments using scenario discovery
(Figure 2, Box III). Here we calculate a satisficing metric (Starr, 1969) for each design alternative representing
the percent of sampled worlds in which minimum performance levels across the system objectives are met.
The results of our robustness analysis are provided in section 4.1.

Next, we employ sensitivity analysis to discover which conditions sampled in the scenario generation process
control the robustness of different design alternatives (Figure 2, Box IV). Here we discover scenarios of concern
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Figure 2. Methodological flow chart of how we assess robustness in this study and the sections of the paper in which
each step is presented. See the main text for further description.

using logistic regression, described in sections 3.4 and supporting information S2. The results of this analysis,
presented in section 4.2, could be used in future work to inform when policies should be redesigned (Groves
et al., 2014) or when controlling factors should be managed to mitigate their negative effects (see, e.g., Herman
et al., 2014).

Finally, we evaluate the plausibility that scenarios discovered to be of concern might occur in the future
(Figure 2, Box V). While not mentioned as an explicit step in the robustness taxonomy of Herman et al. (2015),
this step is often added to climate change studies to see where projections from GCMs fall relative to the sce-
narios of concern (Brown et al., 2012; Herman et al., 2016; Steinschneider, McCrary, Wi et al., 2015; Whateley
et al., 2014). This scenario evaluation step is described in sections 3.5 and supporting information S3–S4, and
the results of the analysis are presented in section 4.3.

3.2. Problem Formulation
Quinn et al. (2017) analyzed several rival framings for how the multiobjective Red River control problem should
be formulated to best capture stakeholder objectives and preferences. Insights from that study were used to
design the problem formulation described here, which is intended to capture the risk aversion of Vietnamese
stakeholders with respect to extreme floods and droughts. Reservoir operating policies optimized to this
formulation will inform guidelines being developed by the Vietnamese government. To optimize reser-
voir operating policies for the Red River, we use Evolutionary Multiobjective Direct Policy Search (EMODPS;
Giuliani et al., 2016). This method uses multiobjective evolutionary algorithms (MOEAs) to discover nondom-
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inated parameterizations of operating policies that optimize system performance over multiple objectives
computed during simulation with these policies. To allow for flexible operating behavior, nonlinear approxi-
mating networks are used to describe the reservoir operating policies.

3.2.1. Formulation of Objectives
In this study, candidate operating policies are simulated over N stochastic ensembles of T year simulations in
which the dth objective, Jd , is quantified according to equation (1):

Jd = Ψi∈(1,…,N)

[
Φt∈(1,…,365T)

[
gd(t, i)

]
,
]

(1)

where gd(t, i) is the value of the dth objective on day t in the ith ensemble member, Φ is an operator for
the aggregation of gd(t, i) over T years (such as the sum,

∑
), and Ψ is a statistic used to filter the noise

across the N ensemble members (such as the expected value, E). Here we simulate policies over a 1,000-year
sequence of stochastic streamflows that we divide into N = 1,000 consecutive ensemble members of
T = 1-year simulations to compute the objectives. Generating consecutive years ensures that the distribution
of initial conditions for the ensemble members is representative of those obtained by the control strategy
being simulated.

The first system goal in this study is to minimize JFlood, a measure of flooding. We quantify this objective as
the amount by which the annual maximum water level at Hanoi exceeds 11.25 m in the worst first percentile
year. This stage is an alarm level elicited from stakeholders. We constrain JFlood to be less than 2.15 m, the
difference between 11.25 m and the dike height of 13.4 m, ensuring protection to the 100-year flood. This
objective is therefore calculated by letting gFlood(t, i) = zHN

t,i , where zHN
t,i is the water level at Hanoi on day t of

the ith ensemble member, Φ = max365T and Ψ = quantileN{Φ, 0.99}.

The second system goal is to maximize JHydro, a measure of hydropower production. We compute this objec-
tive as the average daily production within each ensemble member and again maximize the worst first
percentile across the ensemble, so gHydro(t, i) =

∑
k 𝜂

k
t,i , where 𝜂k

t,i is the energy production from reservoir k on
day t of the ith ensemble member, Φ = E365T and Ψ = quantileN{Φ, 0.01}. We maximize production rather
than revenue because energy is sold by the government at a fixed rate, so these measures are equivalent.
Since markets and prices may change in the future, alternative formulations could be tested in subsequent
analyses, but here we focus solely on analyzing the sensitivity of total production to uncertainties in system
conditions and external forcings.

The final system goal is to minimize JDeficit2 , a measure of the water supply deficit. For this objective, we
compute the average daily squared deficit and minimize the worst first percentile across the ensemble, so
gDeficit2 (t, i) = D2

t,i, where D2
t,i is the squared deficit on day t of the ith ensemble member, Φ = E365T and

Ψ = quantileN{Φ, 0.99}. Daily deficits are squared to numerically favor frequent but small deficits over less
frequent, more severe deficits.

Combining all of these objectives, the goal of the multiobjective Red River control problem is to find nondom-
inated parameter sets 𝜃∗ minimizing the three objectives. This is defined formally by equations (2)–(7):

𝜃∗ = argmin𝜃J(𝜃), (2)

where

J =
⎡⎢⎢⎣
−JHydro(𝜃)
JDeficit2 (𝜃)
JFlood(𝜃)

⎤⎥⎥⎦ , (3)

JFlood = quantileN

{
max365T

(
zHN

t,i

)
, 0.99

}
, (4)

JDeficit2 = quantileN

{
E365T

(
D2

t,i

)
, 0.99

}
, (5)

JHydro = quantileN

{
E365T

(∑
k

𝜂k
t,i

)
, 0.01

}
, (6)
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subject to

JFlood(𝜃) ≤ 2.15, (7)

where 𝜃 is a vector of parameters describing the operating policies defined in section 3.2.2. These parameters
therefore serve as the decision variables optimized by the MOEA.
3.2.2. Formulation of Operating Policies
In this study, operating policies for each of the four reservoirs are determined by Gaussian radial basis func-
tions (RBFs) mapping a vector of system states to reservoir releases. Gaussian RBFs have been shown to
provide effective operating policies in this system, generalizing better to out-of-sample streamflows than
policies represented by ANNs with hyperbolic tangent activation functions (Giuliani et al., 2016). The RBF
representation of daily release policies at each reservoir is given by equation (8):

uk
t =

A∑
i=1

wk
i exp

(
−

B∑
j=1

(
(xt)j − cj,i

)2

b2
j,i

)
, (8)

where uk
t is the policy-prescribed release from the kth reservoir on day t (normalized on [0,1]); (xt)j is the value

of the jth input at time t (normalized on [0,1]); A is the number of RBFs; B the number of inputs; and wk
i , ci,j ,

and bi,j are the weights, centers, and radii, respectively, of the ith RBF associated with the kth reservoir and
jth input. The actual release at the kth reservoir at the end of the time interval [t, t + 1), rk

t+1, is equal to the
unnormalized value of uk

t unless physical constraints prohibit it (e.g., if the prescribed release lies outside the
minimum and maximum allowable releases, if there is insufficient water to meet the prescribed release, or if
the prescribed release would result in the reservoir storage capacity being exceeded).

As defined in equations (2)–(7) in section 3.2.1, the goal of EMODPS is to find a nondominated set of parame-
ter vectors 𝜃∗ minimizing the system objectives. The parameter vector 𝜃 is composed of the weights, centers,
and radii defining the RBF policies, that is, 𝜃 = [wk

i , ci,j, bi,j] where i = {1,… ,A}, j = {1,… , B}, and
k = {1,… , K}. In this study, K = 4 for the four reservoirs and wk

i ∈ [0, 1], ci,j ∈ [−1, 1], and bi,j ∈ (0, 1].
This results in a total of A(K + 2B) parameters. We use A = 11 RBFs and B = 6 inputs: the storage at each of
the four reservoirs and a cyclic representation of time with phase-shifted sin(⋅) and cos(⋅) functions, that is,

xt =
[

sSL
t , sHB

t , sTB
t , sTQ

t , sin
(

2πt
365

− p1

)
, cos

(
2πt
365

− p2

)]
where p1 and p2 are phase shifts on [0, 2π]. For the sin(⋅)

and cos(⋅) functions, we also set their associated centers to 0 and radii to 1 since the intent of these parame-
ters is to horizontally translate and scale the inputs, but outside of sin(⋅) and cos(⋅) functions they would be
vertically translating them. We instead include phase shifts within the sin(⋅) and cos(⋅) functions to serve as
centers in horizontally translating the inputs but do not include a scale parameter, as this would result in them
no longer being full period over the year. Given the above changes, the RBF representation of the policies in
this paper can be described by equation (9):

uk
t =

A∑
i=1

wk
i exp

(
−

[
B−2∑
j=1

(
(xt)j − cj,i

)2

b2
j,i

+ (xt)2
B−1 + (xt)2

B

])
, (9)

where (xt)B−1 = sin
(

2πt
365

− p1

)
and (xt)B = cos

(
2πt
365

− p2

)
. It should be noted that since all inputs are normal-

ized on [0,1], squaring the sin(⋅) and cos(⋅) functions in equation (9) does not create two separate cycles per
year. The total number of parameters to be optimized in this formulation is A(K + 2(B − 2)) + 2 = 134.
3.2.3. Multiobjective Optimization
As stated in section 3.2, EMODPS exploits MOEAs to optimize the parameter vector 𝜃 defining the multireser-
voir control policies in order to minimize multiple objectives computed over the system simulation. Given
recent documented success of the multimaster Borg MOEA in optimizing operating policies for complex reser-
voir control problems (Giuliani et al., 2017; Zatarain Salazar et al., 2017), we use this algorithm to identify
Pareto-approximate operating policies for the Red River’s four largest reservoirs. Multimaster Borg is a hierar-
chically parallelized version of the Borg MOEA (Hadka & Reed, 2013) that allows communication across mul-
tiple master-worker parallel implementations of the Borg algorithm. This communication has been shown to
improve the algorithm’s reliability across random seed trials, improving performance of the worst seeds with-
out degrading performance of the best seeds (Giuliani et al., 2017; Hadka & Reed, 2015; Zatarain Salazar et al.,
2017). The Borg algorithm requires that users specify “epsilons,” or significant levels of precision below which
they are impartial to differences in performance, for each objective. Consistent with prior work in the basin
(Giuliani et al., 2017; Quinn et al., 2017), we use epsilons of 0.05 for JFlood, 25.0 for JDeficit2 , and 0.5 for JHydro
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and run the multimaster Borg with five seeds using a 16-master implementation with 400,000 function
evaluations allocated to each master. The optimization was performed on the Texas Advanced Computing
Center (https://www.tacc.utexas.edu/stampede/) using 512 cores per island for a total of 400,000 computa-
tional hours. Visual inspection of search progress indicated the algorithm had converged, with little variability
across seeds.

3.3. Sampling of Deep Uncertainties
Here we explain how we evaluate the effects of monsoonal changes (section 3.3.1) and evolving socioeco-
nomic demands (section 3.3.2) on the ability of optimized Red River control policies to attain satisfactory
performance. This analysis provides a means of identifying tolerable windows of change as well as condi-
tions that should trigger reoperation of the Red River reservoirs. Since hydropower production, flood risk,
and nonagricultural water demands are affected directly by streamflow, and agricultural water demands
are influenced not only by the climate but also human decisions regarding what crops to plant in what
quantities, we directly generate synthetic streamflows and multisectoral water demands for this scenario
discovery analysis.

3.3.1. Monsoonal Dynamics
The main streamflow characteristics that we consider in our scenario discovery experiment are the log-space
annual mean and standard deviation, as well as intraannual flow variability tied to the monsoon. These char-
acteristics are of concern for several reasons: There is great uncertainty in the direction of mean changes in
precipitation in East Asia, interannual variability is expected to increase globally, and it is unclear how the
monsoon will be affected by climate change (Hijioka et al., 2014). To alter these flow characteristics for our
scenario discovery process, we first generate a series of synthetic streamflows built to stationary conditions
and then rescale them to produce the desired effects. Although in this study we generate synthetic flows as
described in section 2.2, our exploratory sampling approach could be flexibly used with alternative synthetic
streamflow generators (see reviews by Salas et al., 1980 and Hao & Singh, 2016 for examples).

The main goal of the rescaling process is to find a vector of monthly multipliers to apply to the stationary
synthetic time series. For this process, consider two ensembles: QS ∈ R

NS×12 of NS years of synthetic monthly
flows and QH ∈ R

NH×12 of NH years of historical monthly flows. We first perform a log-transform of each of
these ensembles to formulate time series of normally distributed monthly flows, YS = ln(QS) and YH = ln(QH).
We then standardize YS to generate ensembles of synthetic standard normal monthly flows, ZS, as shown
in equation (10):

ZSi,j
=

YSi,j
− 𝜇̂j

𝜎̂j
, (10)

where 𝜇̂j and 𝜎̂j are the sample mean and standard deviation of the jth month’s log-transformed flows
from YH. To rescale the stationary synthetic monthly streamflows QS into alternative streamflow scenarios
Q′

S, vectors of monthly varying mean multipliers M𝜇 = [M𝜇,1,… ,M𝜇,12] and standard deviation multipli-
ers M𝜎 = [M𝜎,1,… ,M𝜎,12] are applied to 𝜇̂j and 𝜎̂j , respectively, when back-transforming ZS, as shown
in equation (11):

Q′
Si,j

= exp
(

M𝜇,j𝜇̂j + M𝜎,j𝜎̂jZSi,j

)
. (11)

If only the log-space annual mean and standard deviation are changed, then all elements of M𝜇 and M𝜎 are
constant (i.e., M𝜇,i = m𝜇∀i and M𝜎,i = m𝜎∀i, where m𝜇 and m𝜎 are constants). Once these multipliers have
been applied to calculate Q′

S, the adjusted monthly flows are disaggregated to daily flows according to the
same proportions used to disaggregate the corresponding stationary monthly flows QS to daily flows.

Figure 3 shows the effects of the constant multipliers m𝜇 and m𝜎 on the flow durations curves (FDCs) of daily
flows in the Da River, which provides about half of the Red River basin’s flow. In panel a, the range spanned
by stationary synthetic flows is shown in medium blue, while the range spanned by rescaled flows generated
with a log-space mean multiplier of m𝜇 = 1.05 is shown in dark blue and m𝜇 = 0.95 in light blue. Because
the multipliers are applied in log-space, these 5% increases and decreases can yield fairly large differences in
real-space flow magnitude. In panel b, the range of stationary synthetic flows is again shown in medium blue,
while the range of rescaled flows generated with a log-space standard deviation multiplier of m𝜎 = 1.5 is
shown in dark blue and m𝜎 = 0.5 in light blue. As one would expect, increasing the log-space annual standard

QUINN ET AL. SCENARIO DISCOVERY OF MONSOONAL DYNAMICS 9

https://www.tacc.utexas.edu/stampede/


Water Resources Research 10.1029/2018WR022743

Figure 3. Ranges spanned by synthetically generated flow duration curves on the Da River under base case, that is,
historical, conditions (medium blue) as well as increased (dark blue) or decreased (light blue) log-space annual mean
(panel a) and annual standard deviation (panel b). The multipliers displayed are those spanned in our scenario discovery
experiment.

deviation produces both wetter and drier years, while decreasing it reduces the range of generated flows. It
should also be noted that increasing the log-space standard deviation also increases the real-space mean,
greatly increasing flood risk.

To model solely monsoonal changes to the intraannual distribution of flows, we vary the elements of M𝜇

cyclically in time but with no change to the log-space mean flow. This could be achieved by exploring the
effects of separate change factors for each month, but that would require a large number of parameters for
the sensitivity analysis. In order to model smooth, continuous changes in seasonality with a limited number of
parameters, we instead fit Fourier series to the historical log-space monthly means and calculate time-varying
multipliers by dividing the monthly means predicted by an adjusted harmonic, y2, by those predicted by the
historical fit, ŷ1. This should be appropriate for monsoonal systems, since the hydrograph is dominated by the
annual cycle (first harmonic), with additional harmonics allowing for asymmetric rising and falling limbs. We
do not calculate different within-year multipliers for M𝜎 , only M𝜇 , but future work could explore within-year
changes to M𝜎 as well.

In this system, we find that the log-space mean monthly flows in each of the five Red River tributaries are
modeled well by the first two harmonics (with R2 values between 0.996 and 0.999 across the sites). That is, the
log-space mean monthly flow, ŷ1(i), at each site can be described by equation (12):

ŷ1(i) = ȳ + C1 cos
(2πi

12
− 𝜙1

)
+ C2 cos

(2 × 2πi
12

− 𝜙2

)
, (12)

where ȳ is the mean of the historical time series of log-space monthly means, C1 and𝜙1 are the amplitude and
phase, respectively, of the first harmonic (i.e., annual cycle), C2 and 𝜙2 are the same for the second (i.e., semi-
annual cycle), and i is the month of the year, from 1 for May (the beginning of the monsoon) to 12 for April
(the end of the dry season). Assuming future streamflows will also be modeled well by equation (12), we cre-
ate adjusted time series, y2, for each site by applying multipliers to C1 and/or C2 and phase shifts to 𝜙1 and/or
𝜙2, thereby capturing changes in seasonality with only four parameters as opposed to 12 for 12 months.
Increases in the amplitudes capture strengthening monsoons, while decreases capture weakening monsoons,
and adjustments to the phase shifts capture changes in its timing. These parameters could also encompass
changes in seasonality caused by upstream dam construction in China, highlighting that the cause may not
matter, as long as water managers can track the effect.
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Figure 4. Effects of changes in the amplitude (panels a and c) and phase (panels b and d) of the first two harmonics on
the log-space mean hydrographs (panels a and b) and flow duration curves (panels c and d) of the Da River. The
multipliers displayed are those spanned in our scenario discovery experiment.

The amplitude multipliers, mC1
and mC2

, and phase shift deltas, d𝜙1
and d𝜙2

, are used to calculate a new cycle
of mean monthly flows, y2, according to equation (13):

y2(i) = ȳ + mC1
C1 cos

(2πi
12

− (𝜙1 − d𝜙1
)
)
+ mC2

C2 cos
(2 × 2πi

12
− (𝜙2 − d𝜙2

)
)
. (13)

The ith element of M𝜇 and M𝜎 can then be calculated as y2(i)∕ŷ1(i). In order to change the log-space mean
annual flow simultaneous to the intraannual distribution, the ith element of M𝜇 can be calculated according
to equation (14):

M𝜇,i =
[

m𝜇y2(i)∕ŷ1(i)
]
, (14)

Figure 4 illustrates the effects of mC1
, mC2

, d𝜙1
, and d𝜙2

on the log-space mean hydrographs and FDCs of the
Da River. Panel a shows the historical fit, ŷ1, with a solid black line and the effects on y2 of setting mC1

= 1.5 or
mC1

= 0.5 with dashed black lines and of setting mC2
= 1.5 or mC2

= 0.5 with dotted black lines. In both cases,
when the multiplier is greater than 1, the peaks are higher and the troughs lower, and when the multiplier is
less than 1, the reverse is true. Panel a shows that mC1

has a much greater influence on the annual cycle than
mC2

. Moving to panel c, the effect of mC1
on the Da River FDCs is illustrated. The range of base case FDCs is

colored medium blue; the range when mC1
= 1.5, dark blue; and when mC1

= 0.5, light blue. Again, one can
see that the highest flows become larger when mC1

= 1.5 and the lowest flows smaller, while the reverse is true
when mC1

= 0.5. However, it should be noted that increases in monsoonal flows that occur without decreases
in dry season flows can be modeled by combining changes to both the amplitude of the first harmonic and
the log-space mean. It should also be noted that since these multipliers are applied in log-space, an increase
in the amplitude of either harmonic will result in greater real-space increases in the monsoon season than
decreases in the dry season, thereby increasing the real-space mean.

Panels b and d are similar to a and b, except they show the effects of d𝜙1
and d𝜙2

instead of mC1
and mC2

.
In panel b, the historical mean fit, ŷ1, is again shown with a solid black line, while the dashed lines show the
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Table 1
Ranges of Hydrologic Factors Sampled in Our Scenario Discovery Analysis

Deeply uncertain factor Lower bound Upper bound Change to hydrograph

Log-space mean multiplier, m𝜇 (−) 0.05 1.05 Decreases or increases all flows year-round

Log-space std multiplier, m𝜎 (−) 0.5 1.5 Decreases or increases interannual variability

Log-space C1 multiplier, mC1
(−) 0.5 1.5 Decreases or increases amplitude of annual monsoonal cycle

Log-space C2 multiplier, mC2
(−) 0.5 1.5 Decreases or increases amplitude of semiannual monsoonal cycle

Log-space 𝜙1 delta, d𝜙1
(radians) −2π∕12 +2π∕12 Shifts annual monsoonal cycle earlier or later

Log-space 𝜙2 delta, d𝜙2
(radians) −2π∕12 +2π∕12 Shifts semiannual monsoonal cycle earlier or later

Evaporation delta, de (mm/day) −0.5 +1.0 Decreases or increases evaporation year-round

Note. States of the world are generated from a Latin hypercube sample across all hydrologic and socioeconomic factors, with each factor sampled uniformly within
its bounds. However, since multipliers are applied in log-space, the samples are not uniform in real-space.

effect of d𝜙1
= ±2π∕12 radians (1-month shift) and the dotted lines the effect of d𝜙2

= ±2π∕12 radians. Again,
changes in the first harmonic have much greater effects than changes in the second. Panel d shows the effects
of changes in d𝜙1

on the Da River FDCs, with the range of historical flows shown in medium blue, the range
of flows with a leftward phase shift in dark blue, and with a rightward phase shift in light blue. In panel b, it
can be seen that the leftward phase shift of d𝜙1

results in a slightly higher peak in July instead of August and
a higher trough in the dry season. These changes result in higher high and low flows in the FDCs in panel d.
The rightward phase shift shows lower peaks and troughs in panel b, resulting in lower high and low flows
in panel d but higher moderate flows due to a slower die-off in the monsoon. However, these changes in the
FDCs are much less significant than those observed as a result of mC1

in panel c.

The final hydrologic factor we adjust in our scenario discovery analysis is the evaporation rate. This rate influ-
ences the amount of water evaporated from the reservoirs, which reduces the total system storage. Increased
evaporation could therefore potentially help reduce floods but at the cost of hydropower production and
water supply for irrigation. We apply a delta shift to historical evaporation rates of de mm/day in our analysis.
Table 1 summarizes the ranges of all hydrologic factors explored in our study.
3.3.2. Socioeconomic Demands
In addition to generating alternative scenarios for how hydrologic characteristics might change in the future,
we also generate alternative demand scenarios to capture how evolving socioeconomic conditions might
influence the robustness of alternative reservoir operating policies. We break the demand down into three
primary sectors: agriculture, aquaculture, and other. We apply independent multipliers to each of these sec-
tors: mag for agriculture, maq for aquaculture, and mo for all other demands, sampling greater potential growth
in other demands than agriculture and aquaculture due to urbanization. Figure 5a shows the historical distri-
bution of these demands over time, while Figure 5b shows the effect of simultaneously sampling the upper
and lower limits of mag, maq, and mo to illustrate the full range of generated scenarios. We also sample a
delta shift in the timing of total demand, dD, from 30 days earlier to 30 days later, illustrated in Figure 5c. The
ranges explored for each of these factor adjustments, informed by plausible changes assessed in Rossi (2016),
are given in Table 2. In our experimental design, we generate a total of 1,000 alternative SOWs from a Latin
hypercube sample across the factor ranges given in Tables 1 and 2, sampling all factors uniformly within their
bounds. While many of these deeply uncertain factors may be correlated in reality, the goal of this experi-
ment is simply to fill the space of plausible futures to identify SOWs in which current policies fail. Subsequent
analysis considering correlations among different uncertain factors can then be used to assess whether or
not these failure states may be likely. For example, if evaporation increases, agricultural demands will likely
increase as well, so vulnerabilities associated with these common changes may be more concerning than vul-
nerabilities associated with likely independent changes, such as increased municipal demands and increased
evaporation.

3.4. Scenario Discovery
After reevaluating the candidate operating policies generated from our multiobjective optimization on the
alternative SOWs described in section 3.3, we calculate the robustness of each policy using a satisficing metric
quantified as the percent of worlds in which JFlood ≤ 2.15 m (providing protection to the 100-year flood),
JHydro ≥ 25 GWh/day, and the worst first percentile of the maximum daily deficit is less than 350 m3/s. We
choose this formulation of the deficit criterion, called JMax Def, because it is more intuitive than the worst first
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Figure 5. Base case distribution and timing of average water demand in the Red River basin across sectors (panel a), as well as the effects of changes in the
amount (panel b) and timing (panel c) of sectoral demand. Panel a shows that most of the water demand is for agriculture (orange). The second largest sector is
aquaculture, shown in blue. Demand from all other sectors, including industrial and municipal, is shown in green. In panels b and c, base case, that is, average
historical conditions, are shown in medium gray, increased and earlier demand in black, and decreased and later demand in light gray. The multipliers displayed
are those spanned in our scenario discovery experiment.

percentile of the average daily squared deficit. We still optimize to JDeficit2 to minimize both high deficits and
persistent low deficits but ensure the policies generalize well by evaluating their robustness on an objective
to which they were not optimized. The results of our robustness analysis are presented in section 4.1.

After quantifying the robustness of each alternative operating policy, we select the most robust solution on
each objective, as well as across objectives, for further analysis. We then use logistic regression to identify com-
binations of hydrologic and socioeconomic factors under which the selected policies fail to attain satisfactory
performance. This allows us to model the probability that a given control policy is able to satisfy a particular
performance criterion as a function of the deeply uncertain factors. While we may not know the probability
that a given SOW will occur, we can use logistic regression to predict the probability that a policy will be able
to meet satisfactory performance levels in that SOW, should it occur. Stakeholders can then divide the space
of deeply uncertain factors into success and failure regions based on the probability with which they would
like to satisfy different performance criteria. A detailed description of the logistic regression modeling is pro-
vided in section S2 of the supporting information. The results of the scenario discovery analysis are given
in section 4.2.

3.5. Scenario Evaluation
The final step in our robustness analysis is to evaluate the plausibility of the hydrologic scenarios discovered to
be of concern in section 4.2. We do this by driving a statistical hydrologic model with projected precipitation
and temperature series from GCMs. Defining 1976–2005 as climatology within each projection, we reestimate
the values of the streamflow factors determined to be most critical by the logistic regression over 30-year

Table 2
Ranges of Socioeconomic Factors Sampled in Our Scenario Discovery Analysis

Deeply uncertain factor Lower bound Upper bound

Agricultural demand multiplier, mag (−) 0.5 1.5

Aquaculture demand multiplier, maq (−) 0.5 2.0

Other demand multiplier, mo (−) 0.5 5.0

Demand delta, dD (days) −30 +30

Note. States of the world are generated from a Latin hypercube sample across all
hydrologic and socioeconomic factors, with each factor sampled uniformly within its
bounds.
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moving windows. This requires, first, downscaling precipitation and temperature projections to the Red River
basin and, second, running them through a hydrologic model.

For the climate downscaling, we use projections from 34 GCMs in the CMIP5 multimodel ensemble
from 18 different institutions, each run with multiple initial conditions across all four representative con-
centration pathways (RCPs). A list of all models is provided in Table S9 of the supporting information.
Before downscaling, we bias correct the CMIP5 projections using the Asian Precipitation - Highly-Resolved
Observational Data Integration Towards Evaluation (APHRODITE) observation data set (Yatagai et al.,
2012) and a variation of the modified equidistant cumulative distribution function matching algorithm
(EDCDFm; Li et al., 2010) developed by Pierce et al. (2015). EDCDFm is a quantile mapping approach
that adjusts the model CDF based on value differences by quantile between the model and observa-
tions over an historical calibration period. After bias correction, we statistically downscale the CMIP5 pro-
jections using a constructed analog approach similar to the method introduced by Pierce et al. (2014).
For a specific CMIP5 model and future day, we find the single best matching historical analog using
the entire Red River spatial domain. The final downscaled projections for the future day are the local
high-resolution APHRODITE observations that correspond to the historical coarse analog modified by a
scaling factor that accounts for differences between the analog and future day (Pierce et al., 2014). For a
more detailed description of the bias correction and downscaling methods, please see section S3 of the
supporting information.

For the hydrologic modeling, we build a statistical hydrologic model that runs on a monthly time step, since all
hydrologic multipliers are applied on a monthly time step in the scenario discovery experiment. A summary
of the hydrologic model and its performance over the historical record is provided in section S4 of the sup-
porting information. The monthly model has a Nash-Suttcliffe efficiency of 0.921 in calibration (1961–1990)
and 0.940 in validation (1991–2000). To ensure that flood risk is not underestimated, errors are added back
to the estimated future streamflows based on the historical error model structure. The results of our scenario
evaluation over the downscaled climate projections are presented in section 4.3.

4. Results and Discussion
4.1. Robustness of Trade-off Solutions
The Pareto-approximate set of Red River operating policies discovered from the optimization described in
section 3.2 is shown in Figure 6 on a parallel axis plot. In this figure, each line represents a different operat-
ing policy that crosses each vertical axis at the objective value it achieves in the base SOW, with the favorable
direction along each axis being down. The color of the line represents the percent of generated SOWs in which
the policy is able to simultaneously meet each of the performance satisficing thresholds: JFlood ≤ 2.15 m,
JHydro ≥ 25 GWh/day, and JMax Def ≤ 350 m3/s. Light yellow corresponds to high robustness, while dark purple
corresponds to low robustness. While the policies were optimized to minimize the daily squared deficit, the
value of the maximum deficit is shown on the far right axis since satisficing thresholds were based on that met-
ric. Satisficing thresholds were set assuming that the Vietnamese government would like to provide protection
to the 100-year flood but would be willing to tolerate a reduction of up to 5 GWh/day in hydropower produc-
tion from the worst performing solution in the base SOW and a 10% increase in the maximum deficit of the
worst performing solution in the base SOW. More lenient thresholds were set for the hydropower and deficit
objectives since Vietnam is heavily investing in additional sources of electric power (Asian Development
Bank, 2016), and more efficient agricultural practices could reduce the impacts of severe deficits. To visual-
ize the performance of the optimized solutions on each of these thresholds individually, see section S1 of the
supporting information.

Across the solutions in the Pareto approximate set, all three of these performance goals can only be met
simultaneously in about 10–30% of generated SOWs. While this may sound low, the generated worlds are not
equally likely. In fact, some may be extremely unlikely. As such, this metric should not be interpreted as a relia-
bility but as a measure for comparing the relative robustness of alternative solutions. Looking first at the most
robust solutions with respect to flooding and the deficit, highlighted in Figure 6, one can see that they are near
optimal on those objectives in the base SOW. However, the most robust solution for hydropower production
is suboptimal in the base SOW. The reason for this is because the satisficing threshold of 25 GWh/day in the
worst first percentile year is below the 30–50 GWh/day range in which the near-optimal hydropower solutions
are most robust (see Figure S1 in the supporting information). To achieve satisfactory performance across all
objectives, the most robust solution, shaded yellow, heavily favors flood protection and deficit minimization
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Figure 6. Parallel axis plot of the trade-off set in the base state of the world (SOW), with each solution shaded by its
robustness across all system objectives. Each line represents a different operating policy, crossing the three axes at the
objective value it achieves on the corresponding objective in the base SOW. The shading for robustness corresponds to
the percent of generated SOWs in which each solution meets all of the minimum performance criteria for the three
objectives. The most robust solutions for flooding and the deficit are near optimal on those objectives in the base SOW,
while the most robust solution for hydropower production is suboptimal in the base SOW. The most robust solution
across all objectives favors flood protection and deficit minimization, with strong sacrifices in hydropower performance.

over hydropower production in the base SOW. In section 4.2 we investigate which combinations of deeply
uncertain factors cause each of these four highlighted solutions to fail to meet the minimum performance
criteria for each objective.

4.2. Scenario Discovery
As stated in section 3.4, we further analyze how the deeply uncertain hydrologic and socioeconomic fac-
tors influence the performance of alternative Red River operating policies using logistic regression. Figure 7
illustrates this analysis for the most robust solution with respect to flooding to show where even this pol-
icy is unable to meet the flooding performance criterion. According to the logistic regression model, the
most important factors in determining whether or not this solution can succeed on the flooding objective
are the multipliers on the log-space mean flow, m𝜇 , the log-space standard deviation, m𝜎 , and the log-space
amplitude of the first harmonic, mC1

(see Tables S1 and S2 of the supporting information for more details).

Figures 7a and 7d show where the most robust solution for flooding is able to provide protection to the
100-year flood as a function of these three factors. These panels represent two-dimensional projections of
the 1,000 SOWs generated in our scenario discovery experiment, with each circle representing a different
SOW. The circles are shaded light blue if the policy was able to meet the flooding criterion in that world and
dark red if it was not. The x axis in both panels is the log-space mean multiplier, while the y axis in panel a is
the log-space amplitude of the first harmonic multiplier and the y axis in panel b is the log-space standard
deviation multiplier.

Not surprisingly, wetter worlds (m𝜇 > 1) increase the probability of failure. However, if the wetter worlds are
accompanied by decreases in the log-space amplitude of the first harmonic (mC1

< 1) or the annual standard
deviation (m𝜎 < 1), the most robust flood solution can tolerate greater increases in the log-space mean flow.
This is because a decrease in the amplitude of the first harmonic results in drier monsoons and wetter dry sea-
sons. Since flooding is only of concern during the monsoon season, an increase in the mean annual flow can
be tolerated if the within-year flow distribution becomes more even, reducing flow peaks during the mon-
soon. Similarly, a decrease in the annual standard deviation results in less extreme annual highs and lows, so
an increase in the mean flow can be tolerated if interannual variability decreases.
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Figure 7. Successes and failures of the most robust solution for flooding (panels a and d). The log-space mean multiplier, m𝜇 , amplitude of the first harmonic
multiplier, mC1

, and standard deviation multiplier, m𝜎 are the most important factors controlling performance. The probability of failure as a function of each of
these factors as predicted by the logistic regression is shown in panels b and e. These probability contours differ greatly from the real-space mean contours
shown in panels c and f.

Not only does the logistic regression model quantify which factors are most important in explaining the ability
of this solution to provide protection to the 100-year flood but it also estimates the probability of success as a
function of these factors. These probabilities are shown in Figures 7b and 7e as a function of the variables on
each axis, with the third factor held constant at its base value. Given that the three most important factors of
the log-space mean, log-space standard deviation, and log-space amplitude of the first harmonic all change
the real-space mean, an interesting question is whether these failure contours simply correspond to constant
values of the real-space mean. Figures 7c and 7f show that this is not the case, as the real-space mean con-
tours do not run parallel to the probability contours of the logistic regression and are in fact nonlinear. More
importantly, comparing the contours of the logistic regression with the real-space mean contours, it can be
seen that when the log-space mean (x axis in all figures) decreases, failures due to increases in the log-space
amplitude of the monsoonal cycle (y axis in panel b), and even more so, the log-space standard deviation
(y axis in panel e) occur sooner than would be expected if the real-space mean were the only predictor of fail-
ure. This highlights the importance of stress testing reservoir operations over worlds with greater intraannual
and interannual variability to capture failure mechanisms that would not be discovered by only exploring the
impacts of the mean changing uniformly in time. Preparing for these failures could be critical for monsoonal
systems since climate models consistently project wetter monsoons but do not agree on the sign of change
for dry season precipitation (Ray et al., 2015).

In addition to illustrating the importance of exploring the impacts of a wide range of plausible hydrologic
changes beyond the mean, the logistic regression can also be used to define success and failure regions.
Since the effects of overtopping the dikes surrounding Hanoi could be catastrophic for the city, we assume a
conservative classifier of success and failure regions in which the success region is defined by having at least
a 95% chance of providing protection to the 100-year flood within that SOW. The success region is shaded
dark blue under the dots in Figures 7a and 7d, while the failure region is shaded light red. With this classifier,
it can be seen that any increase in one of the three factors from their base value of 1 results in movement to
the failure region, indicating high sensitivity of even the most robust solution for flooding to each of these
hydrologic factors. This strong sensitivity of flood protection to one’s estimate of simple streamflow statistics
underscores the potential dangers of optimizing to stationary hydrology (Milly et al., 2008).

To visualize how flood events change as conditions deviate from this safe operating space, we have plotted
time series of flows during the year of the 100-year flood when operating with the most robust solution for
flooding in different SOWs. These events are shown in Figures 8a–8d. Each of the events illustrated in pan-
els a–d corresponds to a different point along the SOW trajectories shown in Figures 7a and 7d. The dark
blue events illustrate the dynamics resulting from operating in the most favorable SOW along each trajec-
tory, while the dark red events illustrate the dynamics resulting from operating in the least favorable SOW,
with a gradient of colors representing the SOWs in between. The events in Figure 8a correspond to the points
along SOW Trajectory 1, drawn in Figures 7a and 7d, in which only the log-space mean multiplier, m𝜇 , is varied
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Figure 8. Illustration of how the mechanism of flood failures changes as a function of the log-space mean, log-space standard deviation, and log-space
amplitude of the first harmonic. Panel a shows the effect of moving along the points in Trajectory 1 of Figures 7a and 7d (varying m𝜇), panel b shows the same
for Trajectory 2 of Figure 7a (varying mC1

), panel c for Trajectory 3 of Figure 7d (varying m𝜎 ), and panel d for Trajectory 4 in Figures 7a and 7d (varying all
three perpendicular to the classifying boundary). Blue events correspond to the most favorable worlds along the trajectory, while red events represent the least
favorable, with a gradient for the worlds sampled in between. The black lines in panels a–d represent the minimum performance thresholds for the maximum
water level at Hanoi in the worst first percentile year. SOW = state of the world.

while all other factors are held constant at their base values. Figure 8b shows how events change along SOW
Trajectory 2, drawn in Figure 7a, in which only the log-space amplitude of the first harmonic, mC1

, is varied.
Figure 8c illustrates the same for SOW Trajectory 3, drawn in Figure 7d, in which only the log-space annual
standard deviation, m𝜎 , is varied. Finally, Figure 8d shows how events change along SOW Trajectory 4, drawn
in both Figures 7a and 7d, in which all three of these hydrologic factors vary together perpendicular to the
classifying boundary.

The first notable observation from Figures 8a–8d is that the log-space mean, log-space standard deviation,
and log-space amplitude of the monsoonal cycle all influence the real-space mean but change flood events
in different ways. Looking first at the influence of the log-space mean on flood events shown in panel a,
when the most robust solution for flooding operates in the base SOW shown in white, it just barely pro-
vides protection to the 100-year event. As the mean decreases/increases (blue/red events), the water levels
decrease/increase at all times of the year, with greater differences observed during the monsoon season since
the mean multiplier is applied in log-space. This year-round increase in the flows results in near-overtopping
routinely occurring in really wet worlds. When only the log-space amplitude of the first harmonic is varied
(panel b), there is little difference in flows outside of the monsoon season and changes during the monsoon
season apply mostly to the peaks. As a result, increasingly flashy flows cause overtopping or near overtopping
when only the amplitude of the first harmonic increases. Floods therefore become more severe but of shorter
duration. The effect of the log-space annual standard deviation (panel c) lies somewhere in between: While
severe flood events are generated, those causing near overtopping are not as flashy as those caused solely by
increases in the log-space amplitude of the first harmonic nor as persistent as those caused by increases in the
log-space mean. Considering all of these changes together (panel d), it can be seen how the effects of these
factors compound each other to result in severe flood events of long duration. These different failure mech-
anisms elucidate the need to explore the effects of a broad range of changing streamflow characteristics for
effective flood risk assessment.

Moving to Figure 9 the same analysis is applied to analyze the performance of the most robust solutions
for hydropower and the deficit. Looking first at panels a and b in the first row (and Tables S3 and S4 of the
supporting information), it can be seen that hydropower performance failures for this solution were also
found to be most influenced by the log-space annual mean multiplier, m𝜇 (x axis in panels a and b), log-space
multiplier on the amplitude of the first harmonic, mC1

(y axis in panel a), and log-space annual standard devi-
ation multiplier, m𝜎 (y axis in panel b). To classify successes and failures on the hydropower threshold, we
choose the 50% probability contour from the logistic regression model. Since alternative energy sources can
be substituted for hydropower, stakeholders will likely be less concerned about always being able to sat-
isfy this performance measure. With this classification, the hydropower success region for the most robust
solution for hydropower encompasses nearly all SOWs. Once again, this failure boundary is far from parallel
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Figure 9. Successes and failures of the most robust solution for hydropower (panels a and b) and the most robust
solution for the deficit (panels c and d). The most important factors controlling performance on the hydropower
threshold are the log-space mean multiplier, m𝜇 , amplitude of the first harmonic multiplier, mC1

, and standard deviation
multiplier, m𝜎 . The most important factors controlling performance on the deficit threshold are the log-space mean
multiplier, m𝜇 , agricultural demand multiplier, mag , and other demand multiplier, mo.

to the real-space mean contours, illustrating the important effects of changing interannual variability and
seasonality on hydropower production in addition to flood protection.

Not only is this policy’s ability to provide satisfactory hydropower production less sensitive to the deeply
uncertain factors than the ability of the most robust solution for flooding to provide flood protection, but
its success and failure regions are opposite of those for flooding. For hydropower production, wetter worlds
(m𝜇 > 1) increase production, especially if accompanied by an increase in the amplitude of the annual cycle
(mC1

> 1), resulting in greater production during the monsoon (panel a). While the amplitude of the annual
cycle impacts both hydropower production and flooding, its effect on hydropower is weaker than for flooding
because an increased amplitude will also result in drier dry seasons. Consequently, energy production during
the dry season will decrease in these worlds, negating some of the monsoonal benefits.

The interaction between the log-space mean annual flow and its standard deviation is also weaker for
hydropower performance than for flooding, as shown in panel b. This is because m𝜎 has a weaker influence on
hydropower production than m𝜇 . The interaction between m𝜇 and m𝜎 is also of opposite sign for hydropower
than for flooding. Increased standard deviations result in higher annual highs and lower annual lows, but since
the hydropower objective specifically targets the worst first percentile, the lower lows result in more failures.
Consequently, an increase in the standard deviation of annual flow is bad for both hydropower production
and flooding, whereas an increase in the mean or amplitude of the first harmonic is bad for flooding but good
for hydropower production.
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For the deficit objective, Figures 9c and 9d (and Tables S5 and S6 of the supporting information) show that a
different suite of deeply uncertain factors emerge as most important in determining when the most robust
solution for the deficit fails to meet the deficit satisficing threshold. The log-space mean flow is still important,
but instead of interacting primarily with the amplitude of the first harmonic and annual standard deviation, it
interacts more with the multipliers on agricultural demand, mag (y axis in panels a and b), and other demands
such as industrial and municipal, mo (x axis in panel b). In fact, the greatest interaction is between the agri-
cultural and other demand growth multipliers (panel b). These findings further highlight the need to explore
the effects of a wide range of factors in bottom-up risk assessments, as socioeconomic factors may be as or
more important than climatic factors.

For the deficit objective, we define failure boundaries using the 75% probability contour from the logistic
regression model. Since 70% of the Vietnamese population is employed in agriculture (Nguyen et al., 2002),
performing well on the deficit is important for the region’s food security, but the consequences of failing to
provide sufficient water supply are not as severe as the consequences of flooding Hanoi. The 75% cut-off
is therefore chosen to model a moderately risk-averse stakeholder who values confidence in performance
on the deficit more than for hydropower but less than for flooding. Panel a shows that, with this classifier,
any decrease in the log-space mean or increase in agricultural demand cannot be tolerated, as even in the
base SOW, the deficit threshold can only be met with 72% reliability, meaning the base SOW lies outside
the safe operating space. Moving to panel b, one can see that greater increases in other demands can be
tolerated, as the failure boundary lies at a multiplier value of 2.75 on this factor when there is no growth in
agricultural demand. Some policies from the multiobjective optimization were discovered that satisfied the
deficit threshold with >75% reliability in the base SOW, but in fewer sampled worlds, illustrating a trade-off
between optimality and robustness. These findings suggest that designing satisfactory operations for water
supply needs both now and in the future is challenging, necessitating the implementation of more efficient
agricultural practices and multisectoral demand management strategies.

4.3. Scenario Evaluation
Figures 7 and 9 provide insight into which deeply uncertain factors increase the probability that a control
policy is able to meet individual performance objectives in different SOWs and why. Decision makers evalu-
ating operating policies for the multireservoir Red River system should closely track each of these factors as
additional observations become available to determine if they should reoptimize the reservoir operating poli-
cies, incentivize demand management strategies, or perhaps build new infrastructure or import additional
power or food. Given the proximity of the base hydrologic factors to the flooding boundary, they may even
want to reoptimize policies now across a range of plausible deeply uncertain SOWs to improve robustness
on the flooding objective. Operators in the Red River basin, and Southeast Asia generally, should be particu-
larly concerned by this proximity to failure since the multireservoir operations analyzed here were optimized
assuming perfect coordination. Knowing the plausibility of failure under such idealized operations will help
engineers designing operations for existing and planned dams to prioritize (i) which system objectives and
corresponding performance thresholds they should be most concerned about improving, and (ii) to which
critical hydrologic factors they should be robust.

To guide operators in this redesign process, we track how these streamflow multipliers change in downscaled
climate projections to identify which combinations of hydrologic changes may be more likely to occur than
others and whether or not those combinations fall outside a given policy’s success region. Here we define
a success region using the most robust solution across all requirements (see Figure 6). We again determine
failure boundaries for this solution using logistic regression (see Tables S7 and S8 of the supporting informa-
tion), with success probabilities of at least 95% and 50% used to define the success region on the flooding
and hydropower satisficing criteria, respectively. By combining thresholds for both of these objectives, the
resulting success region is narrower than those illustrated in Figures 7 and 9. Because the deficit is controlled
primarily by socioeconomic factors and the climate projections can only be used as proxies for hydrologic
changes, we do not consider failures on the deficit in defining the success region for this analysis.

The spread of traces across the CMIP5 models is illustrated in Figure 10 on top of the success and failure regions
of the most robust solution across all requirements. Each CMIP5 model is represented by a different shape and
is colored according to the RCP under which the projection was run. Many model/color combinations repeat
because an ensemble of initial conditions were run. Three snapshots of these traces are shown: 1980–2009
(panels a and d), 2025–2054 (panels b and e), and 2070–2099 (panels c and f). The first row of Figure 10 shows
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Figure 10. Snapshots of hydrologic factors tracked through CMIP5 model projections laid atop the success and failure regions of the most robust solution
across all requirements shown in Figure 6. CMIP5 model labels refer to the institution; see the Acronyms section for the full model names. With respect to the
log-space annual mean, m𝜇 , and log-space amplitude of the first harmonic, mC1

(panels a–c), the projections quickly depart from the base state of the
world. Of particular concern are the many projections that move to the right of the success region, resulting in failure to provide protection to the 100-year
flood. With respect to the log-space annual mean and standard deviation, m𝜎 , (panels d–f ), most of the general circulation model (GCM) projections experience
increased interannual variability, migrating to the flooding failure region by the end of the century.

combinations of the multiplier on the log-space annual mean flow, m𝜇 , on the x axis and the multiplier on
the log-space amplitude of the first harmonic, mC1

, on the y axis. The second row does the same but with the
multiplier on the log-space annual standard deviation, m𝜎 , on the y axis.

While the first time stamp is only 4 years after the defined climatology from 1976 to 2005, at which each mul-
tiplier is set to 1, the model projections already begin to migrate from the base SOW to the boundary of the
success region. This likely would not be of concern since the synthetic streamflows in this study were based
on a larger climatology of 1960–2010. However, marching forward in time, the spread in model projections
significantly increases, with many models migrating well outside the success region. In particular, the projec-
tions tend to move along Trajectory 4 from Figures 7a and 7d, where flooding events become severe and of
long duration (see Figure 8d). If only changes in the real-space mean were explored, the severity of future
floods induced by these changes would be underestimated. Knowing this, dam operators in the region should
prioritize coordination of operating policies for existing and planned reservoirs to provide flood protection to
more severe flood events than historical observations suggest they should expect.

Another concerning feature of these projections is that, while there is no general tendency across models for
m𝜇 or mC1

to increase or decrease, m𝜎 increases more frequently than it decreases. This is consistent with the
theory that global warming will increase climate variability (Trenberth, 2011). Given that increased variability
results in poorer performance on both flooding and hydropower production in the tails (see Figures 7 and 9),
operators may want to consider reoptimizing policies to more variable worlds.

One final concern about the model projections is that they appear to cluster more by institution than by RCP.
This is likely due to the fact that streamflow is more directly influenced by precipitation than temperature, and
the response of monsoonal precipitation to the different RCP forcings is more nuanced and uncertain than the
response of temperature to forcing (Knutti & Sedláček, 2013). Sabeerali et al. (2015) also observe that precip-
itation projections for the South Asian monsoon tend to cluster more by model than by RCP. While clustering
of projections from models within the same family is a well-understood phenomenon (Knutti et al., 2013;
Masson & Knutti, 2011; Steinschneider, McCrary, Mearns et al., 2015), we believe this behavior has only been
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analyzed for projections run with a common forcing scenario. Future research should formally test whether
and why precipitation projections tend to cluster more by model or RCP, both globally and regionally. The
clustering observed here, and the fact that past studies have found greater variability in projections across
models than across forcing scenarios (Déqué et al., 2007), highlight that top-down climate risk assessments
should consider multiple models, not just multiple forcing scenarios, to prevent severe underestimation of
future climate uncertainty.

5. Conclusions and Future Work

This study advances scenario discovery analyses for multireservoir systems, contributing a new method for
jointly exploring the effects of changing monsoonal dynamics and socioeconomic demands on river basin
management. We demonstrate this method on the Red River basin in Vietnam to evaluate how multisectoral
trade-offs in the basin are impacted by different plausible futures. While we find the system to be fairly robust
with respect to hydropower production, several hydrologic and socioeconomic factors threaten the system’s
ability to protect Hanoi from severe flooding and to provide sufficient water supply for agriculture. Specifically,
we find the log-space mean annual flow, annual standard deviation, and amplitude of the annual monsoonal
cycle critically impact flood risks to Hanoi. We also find that agricultural and other demand growth could result
in severe deficits during the dry season. The influence of all of these factors illustrates the utility of our method
in better capturing possible future risks to multireservoir systems serving multiple conflicting demands.

In particular, combining the influences of all of these factors on multisectoral trade-offs in the basin, we find
that reservoir operating policies optimized to stationary conditions can only satisfy performance require-
ments across the three sectors within a corridor of hydrologic conditions. Furthermore, many downscaled
climate projections evolve to SOWs far from this region, especially to regions threatened by flooding. Fortu-
nately, knowing which hydrologic factors drive system performance enables the design of more robust and
adaptive policies. For example, the most important factors can be used as signposts of change, with factor
combinations near the boundaries of the success region serving as triggers for reoperations. Alternatively, the
state dependence of the operating policies can be exploited to design more adaptive operations by explic-
itly incorporating information on the most important factors, automatically updating operations as planners
observe climatic changes that refine their estimates of these factors through time.

While the discovery of which hydrologic and socioeconomic factors most influencing system performance
could guide water managers in designing more robust operations for the Red River basin and other mon-
soonal systems, there are many additional uncertain factors beyond the hydrologic and socioeconomic factors
sampled here that could further influence operational success. For example, sedimentation of dams could
reduce hydropower production and degrade the downstream ecology (Kummu & Varis, 2007; Kummu et al.,
2010; Vörösmarty et al., 2003; Wild & Loucks, 2014), as could sand mining now prevalent in the delta. Sea level
rise will almost certainly increase flood risk, while also degrading the quality of freshwater resources in the
irrigation canals through salinization. Furthermore, the log-space rescaling of stationary synthetic flows used
to generate alternative hydrologic worlds in this study does not enable an analysis of event-scale changes in
flows, such as increased daily variability. While the analysis performed here is an informative first cut exam-
ination of how operations should adapt to better meet conflicting demands in the Red River basin, future
work should explore the impacts of these additional uncertainties in order to further improve bottom-up risk
assessments, and ultimately, water resources system robustness.

Acronyms

ACCESS Australian Community Climate and Earth System Simulator (versions 1.1 and 1.3)
ANN artificial neural network

BCC-CSM Beijing Climate Center Climate System Model (version 1.1)
BNU-ESM Beijing Normal University Earth System Model
CanESM2 The second generation Canadian Earth System Model

CCSM4 NCAR Community Climate System Model 4
CESM1 NCAR Community Earth System Model 1 (Biogeochemistry and Community Atmosphere

Model 5)
CMCC Centro Euro-Mediterraneo per I Cambiamenti Climatici (Carbon Earth System Model and Climate

Model with a resolved Stratrosphere)
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CMIP Coupled Model Intercomparison Project
CNRM-CM5 Centre National de Recherches Météorologiques Coupled global climate Model, version 5

CSIRO Commonwealth Scientific and Industrial Research Organisation (Mark 3.6.0 and Mark 3L
version 1.2)

DAPP Dynamic Adaptive Policy Pathways
EDCDFm equidistant cumulative distribution function matching
EMODPS Evolutionary Multiobjective Direct Policy Search

ENSO El Nino Southern Oscillations
FDC flow duration curve

GCM general circulation model
GFDL NOAA Geophysical Fluid Dynamics Laboratory (Coupled Model version 3, the isopycnal Earth

system model using the Generalized Ocean Layer Dynamics code base, and the pressure-based
vertical coordinates Earth system model using the Modular Ocean Model version 4.1 code base)

GISS NASA Goddard Institute for Space Studies (ModelE version 2 HYCOM ocean model and Russell
ocean model)

HadGEM2 Hadley Global Environment Model 2 (Atmosphere-Ocean, Carbon Cycle and Earth System
models)

HB Hoa Binh reservoir
HN Hanoi

IMRR Integrated and sustainable water Management of Red Thai Binh Rivers system in changing
climate

INM-CM4 Russian Institute for Numerical Mathematics Climate Model 4
ITCZ Intertropical Convergence Zone
IPSL Institut Pierre Simon Laplace

MIROC Model for Interdisciplinary Research on Climate (version 5, Earth System Model and atmospheric
chemistry coupled Earth System Model)

MORDM Many Objective Robust Decision Making
MOEA multiobjective evolutionary algorithm

MPI-ESM Max Planck Institut für Meteorologie Earth System Model (low and medium resolution versions)
MRI Meteorological Research Institute (atmosphere-ocean Coupled General Circulation model 3 and

Earth System Model version 1)
NorESM1 Norwegian Earth System Model version 1 (medium resolution)

RDM Robust Decision Making
RBF radial basis function

SL Son La reservoir
SOW state of the world

SST sea surface temperature
TB Thac Ba reservoir
TQ Tuyen Quang reservoir

Notation

A number of RBFs in RBF policies
ag agricultural demand
aq aquaculture demand

B number of inputs to RBF policies
b radii of RBF policies
C amplitude of log-space annual and semi-annual cycles describing hydrograph
c centers of RBF policies

D daily water supply deficit
d delta shift of deeply uncertain parameters
e evaporation
g value of objective function on daily time step
J objective function value across all ensemble members

K number of outputs of RBF policies
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M vector of time-varying multipliers on streamflow statistics
m multiplier on deeply uncertain parameters
N number of ensemble members
o other demand
p phase of sin(⋅) and cos(⋅) functions
q flow
r reservoir release
s reservoir storage

T number of years per ensemble member
t time

u policy-prescribed release
w weights of RBF policies
x vector of inputs to RBF policies
z water level
𝜂 hydropower production per reservoir
𝜇 log-space mean flow
𝜃 vector of RBF parameters w, c, and b
Υ water volume in the canals
Φ operator for the aggregation of g over time
𝜙 phase of annual and semiannual cycles describing hydrograph
Ψ statistic used to filter noise of objective function across ensemble members
𝜎 log-space annual flow standard deviation
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agreement with the Vietnamese
government, it cannot be made public.
The code for all other figures can be
found at https://github.com/julianneq/
RedRiver_MonsoonalDynamics, and
the code for the synthetic streamflow
generator can be found at
https://github.com/julianneq/
Kirsch-Nowak_Streamflow_Generator
using data for the Susquehanna River
basin instead of the Red River basin as
an example. Please contact the authors
to obtain other data or model results.
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