
T
he United States has more than 80,000 reservoirs that provide communi-
ties and industries with flood control, water supply, navigation, irriga-
tion, hydropower, and recreation.1 Flood control reservoir operators face 
a particularly complex decisionmaking environment because there are 

numerous—and high-stakes—decisions that must be made over relatively short 
timeframes—from days to hours. This can include decisions to release water prior 
to the onset of a potential flood event, decisions about water supply storage and 
release while maintaining downstream safety during a potential flood event, and 
decisions to release water when the storm event is finished.2 When making these 
decisions, reservoir operators must often balance competing objectives, such as 
conserving stored water while preventing floods and ensuring dam safety.3 In these 
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settings, water control manuals are essential sources of 
guidance for reservoir operators as they work to balance 
these objectives.4

Incorporating rainfall forecast information in reser-
voir operational strategies has been considered as a way 
of improving decisionmaking. The U.S. Army Corps of 
Engineers has done so for operational decisions related to 
seasonal drought contingency plans, and for shorter-term 
water-supply and flood-control management.5 More gener-
ally, Forecast Informed Reservoir Operations (FIRO) is a 
reservoir management approach that leverages watershed 
monitoring and precipitation forecasts to help reservoir 
operators balance their operational goals. The incorpo-
ration of reliable rainfall forecast guidance in reservoir 
management guidance provides operators with extended 
intelligence that can enable them to better predict dam 
inflows and downstream catchment flows. Operators can 
then use this information to (1) fine-tune release decisions 
in conjunction with managing water supply or (2) expand 
the variety of decisions and actions that otherwise would 
not be available to them.

Although reservoir operators recognize that using 
forecasts could enable them to better prepare for precipita-
tion events, there are also legitimate concerns about fore-
cast uncertainty and potential inaccuracies in the spatio-
temporal predictions of future conditions; this concern is 
particularly acute for operators whose primary operational 
objective is flood control.6 Therefore, given the potential 
value, but deep uncertainty, that could come from incor-
porating forecasts in reservoir operations, we examine the 
benefits and perils of prediction. In this paper, we explore 
potential applications of Decision Making Under Deep 
Uncertainty (DMDU) methods to address the uncertainties 

involved in FIRO during short-term potential flood events. 
The concepts discussed are aimed at informing future 
initiatives to integrate DMDU techniques with FIRO tech-
niques to enhance reservoir operations.

Exploring the Potential of Forecast 
Informed Reservoir Operations

Water control manuals provide consistent and clear 
instructions for day-to-day management of reservoirs oper-
ating under a variety of conditions.7 Current reservoir con-
ditions are determined using predominantly observational 
networks, such as soil moisture stations, radars, and stream 
and precipitation gauges. Although observational networks 
offer crucial information about the current conditions, an 
observation-only approach limits reservoir operators’ abili-
ties to plan for future conditions. For example, hydrologic 
models that ingest only observational data (e.g., rain gauge 
and streamflow measures) cannot account for how pre-
dicted rainfall might impact future flood conditions.

The use of rainfall forecasts in reservoir operations 
has the potential to support decisionmaking as opera-
tors navigate the competing objectives of flood mitigation 
and water supply. Improved scientific understanding of 
atmospheric processes has aided advancements in weather 
prediction. For example, enhanced understanding about 
the meteorological conditions associated with the develop-
ment of atmospheric rivers and the role they play in the 
western United States’ water cycle has been essential to 
applying the FIRO approach successfully. Potential posi-
tive outcomes from FIRO include improving water storage 
capabilities without negatively impacting the frequency of 
flood events.8 
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The use of rainfall 
forecasts in reservoir 
operations has the 
potential to improve flood 
mitigation while protecting 
water supply.

The FIRO approach remains relatively nascent but has 
been evaluated and implemented by multiple U.S. govern-
ment federal agencies, local water management entities, 
and teams of researchers. For example, a preliminary 
viability assessment of FIRO was completed for Lake Men-
docino in Northern California. The skill of short-term 
hydrometeorological forecast information was evaluated, 
and although the rainfall timing, location, duration, and 
intensity could be improved, the existing forecast skill was 
sufficient for a FIRO approach to improve the reliability of 
meeting water management objectives without adversely 
affecting flood risk.9 A follow-on viability assessment for 
Lake Mendocino reported increased water supply benefits 
and better flood risk management for four instances of 
FIRO use, compared with baseline operations.10 Specifi-
cally, real-world FIRO applications led to a 19 percent 
increase in water storage at Lake Mendocino after one 
winter season.

Given the uncertainty in the forecast information that 
is used for FIRO, evaluations of FIRO implementations 
find that, to yield the benefits of this approach, operational 
policies and rules need to be flexible. Earlier decision-
making can also support coordination across agencies, 
partners, and stakeholders, helping to ensure compatible 
decisions that protect downstream flow. To enable flexible 
operations, reservoir operators need access to decision sup-
port tools that support their understanding and navigation 
of uncertainty as they strive to manage risk and meet their 
operational objectives.

Uncertainty in Forecast Informed Reservoir 
Operations

Proactive, forecast-informed decisionmaking through 
FIRO requires that operators acknowledge and account for 
uncertainties in their decisions in systematic and justifiable 
ways. Short-term uncertainties in the application of FIRO 
originate from a variety of sources, including quantita-
tive precipitation forecasts, hydrologic forecasts, and the 
assumptions driving the models that simulate conditions. 
In general, forecast uncertainties arise because of errors in 
initial conditions and the approximations and assumptions 
used to represent real-world physical processes in models.11 
Inaccurate or outdated initial conditions can lead to sig-
nificant errors in model outputs that compound over time. 
As a result, forecast skill generally declines for predictions 
made at longer lead times. 

The forecast error and related skill of rainfall forecasts 
varies for storm modes, with some storm modes and pro-
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cesses more challenging to represent in models than others. 
For example, it is more challenging to predict the location 
of heaviest rainfall from scattered and isolated convective 
storm events compared with that of a mesoscale convec-
tive complex producing widespread rainfall.12 Further-
more, forecast errors and skill can vary across U.S. regions 
because certain storm modes tend to persist in each region. 
For example, the predictive skill of rainfall forecasts is 
greater for atmospheric river events in California compared 
with convective storm events in the Midwest.13 The predic-
tive skill of models impacts the uncertainties associated 
with different aspects of the forecast, including the timing, 
location, coverage, and intensity of rainfall.14 

In addition to the uncertainties in rainfall forecasts, 
reservoir operators using FIRO face uncertainties in the 
hydrologic modeling of downstream flows when con-
fronted with a wide and asymmetric distribution of pre-
dicted inflows and downstream catchment flows. Uncer-
tainties driven by hydrologic and hydraulic dynamics, and 
the land use and climate factors influencing them, might 
not be readily considered in existing modeling and opera-
tional rules. For example, any rainfall-runoff relationships 
that inform reservoir operations are subject to assump-
tions about upstream and downstream land use and the 
frequency, magnitude, and intensity of precipitation events. 
Real-time forecasting permits model calibrations to be 
updated dynamically and modeling to be refined with data 
assimilation. However, hydrologic and hydraulic models 
can oversimplify such complex processes as groundwater 
infiltration and debris flow, leading to uncertainties in 
model outputs. Errors in forecast inflows or downstream 
catchment flows can propagate into potential decision 

errors to release or retain reservoir water, leading to worse 
outcomes than having not used forecast information at all.   

Recognizing and Overcoming Challenges 
with Forecast Informed Reservoir 
Operations

Given the limitations of using only observations to 
make anticipatory decisions that balance across multiple 
objectives, improving f lood operations requires a new 
approach. FIRO uses a risk-based approach to water man-
agement through the incorporation of ensemble forecast 
guidance. A better understanding and way of characteriz-
ing uncertainty in operational decisionmaking is essential 
for developing strategies and rules that perform well in 
the face of uncertainty. The FIRO approach can lever-
age known forecast uncertainty to consider a variety of 
plausible scenarios, as represented in a spread of ensemble 
member solutions. Having these scenarios available 
allows reservoir operators to expand the types of actions 
and decisions available to them.

The potential for improving flood mitigation with res-
ervoir operations exists between the physical limit of flood 
mitigation and the current operational approaches that rely 
on observations (Figure 1). The opportunity to adjust oper-
ations to reduce flood risk exists for flood events where 
rainfall forecast skill is typically limited and uncertainty 
is high—making the implementation of FIRO particularly 
challenging.

Importantly, the FIRO approach should incorporate 
uncertainty in decisionmaking in a manner that is suited 
to the skill of available forecast systems, operational con-
straints, reservoir operator capabilities and confidence, and 
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operational procedures that support meeting objectives.15

To do so, the operational decisions that stem from FIRO 
can be determined using the FIRO space, which describes 
the guide curve area in which confidence permits short-
term deviations from optimal reservoir storage levels with-

out compromising objectives. As forecast capabilities and 
corresponding uncertainties evolve, the FIRO space can 
shift accordingly and the operational approach updates. 
This flexible approach is important for ensuring that static 
and dynamic forecast information and operational capa-

FIGURE 1 

How Accumulated Rainfall and Levels of Flood Mitigation Affect Peak Flow Rates over a Set Period

SOURCE: Features information from discussions with water management agency Seqwater.
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bilities are accounted for. However, this flexibility can be 
challenging to achieve. Situations can arise where decisions 
are brittle to incorrect assumptions or changing condi-
tions. In these situations, reservoir operators avoid using 
forecasts to choose optimal strategies because the choices 
can be overly sensitive to imprecise probabilities. A FIRO 
approach therefore needs to account for the limitations of 
short-term forecasts, allowing operators to expand their 
decisionmaking options while ensuring choices based on 
forecasts do not lead to worse outcomes.

Potential Applications of Decision 
Making Under Deep Uncertainty 
Methods to Strengthen Forecast 
Informed Reservoir Operations

To balance the potential benefits and limitations of using 
rainfall forecasts in operations, any FIRO approach 
adopted for flood events will necessarily operate under 
conditions of deep uncertainty—meaning analysts do not 
know, or the parties to a decision cannot agree on, (1) the 
appropriate conceptual models that describe the relation-

ships among the key driving forces that will shape the 
long-term future, (2) the probability distributions used to 
represent uncertainty about key variables and parameters 
in the mathematical representations of these conceptual 
models, and/or (3) how to value the desirability of alterna-
tive outcomes.16 Deep uncertainty can lead to decisions 
that are very sensitive to erroneous assumptions. Therefore 
rather than taking a “predict-then-act” approach, reservoir 
operators can prepare for uncertain events by evaluating 
the performance of decision strategies across a variety 
of possible futures.17 Given this decision environment, 
DMDU methods can be considered a way to enable a flex-
ible FIRO approach that leads to improved reservoir opera-
tion outcomes. 

DMDU methods have the potential to help operators 
incorporate valuable probabilistic information by identify-
ing a strategy that will perform well across a wide variety 
of futures given multiple objectives, as opposed to iden-
tifying an optimized decision given well-characterized 
uncertainty. Applying DMDU methods to the short-cycle 
decisionmaking of FIRO is novel and will require shift-
ing DMDU applications from longer-term planning to a 
shorter-term operational support tool. If executed success-
fully, DMDU methods will be able to support reservoir 
operators in exploring such questions as “Is there potential 
for a robust and flexible strategy that will perform well 
across a wide variety of futures?” “What uncertainties are 
most important in determining the success or failure of 
plans?” and “What actions should I take now and what 
actions can be postponed?”

DMDU methods begin with proposed strategies that 
are stress tested over many futures to identify conditions 
in which the strategies will or will not meet decisionmaker 

Deep uncertainty can lead 
to decisions that are very 
sensitive to erroneous 
assumptions.
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goals. The analyst can use the results to identify new and 
revised strategies that are more robust to uncertain futures, 
with robust decisions being those that produce “satisfactory 
performance under a wide range of uncertain futures.”18 

There are a variety of DMDU methods that can sup-
port decisionmakers operating under conditions of deep 
uncertainty.19 Three DMDU methods most relevant for 
supporting FIRO are the following:

1.	 scenario planning, which develops robust strategies 
from alternative future scenarios

2.	 dynamic adaptive pathways, which provides a 
framework for developing strategies that adjust over 
time

3.	 Robust Decision Making (RDM), which involves 
proposing strategies and running simulation models 
over many futures to stress-test those strategies, 
identify future scenarios that illuminate vulnerabili-
ties of strategies, and develop new strategies that 
can mitigate those vulnerabilities.

These DMDU methods can differ in their implementa-
tion and can vary in the level of effort and amount of data 
required to execute them. Still, these methods are based 
on common DMDU principles. They all consider multiple 
futures, which are used to stress test plans, strategies, or 
a series of future actions. In doing so, each method seeks 
a robust set of strategies that perform well over multiple 
futures. No methods seek an optimal plan designed for a 
single, best-estimated future. Each method aims to guide 
decisionmakers toward flexible and adaptive plans. Finally, 
all DMDU methods are designed to support decisionmak-
ers in using analytics to explore many futures and options 
so that the decisionmaker can explore strategies to make 

their own decisions. We next describe each of the DMDU 
methods and provide examples to illustrate the methods in 
the water context.

Scenario Planning

A scenario refers to a possible future with a set of inter-
nally consistent characteristics.20 Building scenarios is a 
useful way of envisioning alternative futures and identify-
ing the processes and assumptions likely to shape those 
futures. Scenario analysis has been applied previously 
across a wide variety of contexts, including for long-range 
planning,21 transport,22 water management,23 and envi-
ronmental issues.24

Scenario planning is not about envisioning what 
people want to happen in the future or predicting what will 
happen. Rather, scenario planning is a way of visualizing 
alternative possible futures that provide opportunities for 
reflection and strategizing. A particular strategy or plan 
can be evaluated for multiple scenarios to incorporate 
uncertainty in the decisionmaking process.25

Scenario planning begins with a framing process that 
delineates the planning context and decision challenge at 
hand. Both the timeframe and key driving forces impact-
ing possible futures should be considered before creating a 
matrix of possible future scenarios and developing narra-
tives to describe the scenarios. Once developed, scenarios 
can be used to support decisionmakers in identifying 
actions needed to address emerging future needs, and, 
more specifically, common actions that are needed across 
a variety of futures. Therefore, scenario planning supports 
the development of robust strategies.  
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Formal scenario planning in the water sector typi-
cally centers around a mix of climate and water futures 
and uncertainties in population growth, water demand, 
or urbanization trends. For example, Tucson Water is the 
public water utility for the City of Tucson in Arizona’s 
Sonoran Desert. Their example uses a matrix approach to 
simplify possible futures along two axes of concern: future 
portfolio diversification (representing water supply) and 
future water demand (Figure 2).26 This example generally 
uses scenarios in the context of long-term planning with 
goals to develop plans that either lead the agency toward 
a more prosperous future (such as Desert Oasis) or to 
develop solutions that perform well across all futures. For 
Tucson Water’s planning process, these goals meant devel-
oping supply and demand projections for each of the four 
scenarios and subsequently identifying water management 
strategies that could either reduce demand or augment 
supply—ultimately moving Tucson’s portfolio closer to the 
goal of Desert Oasis.

Dynamic Adaptive Pathways

Robust strategies are designed to adjust over time so that 
they are adaptive to new information. Adaptive pathways 
methods specify objectives and constraints for designing a 
plan for short-term action and for developing a framework 
to guide future actions. Relevant prior uses of adaptive 
pathways methods include those used to develop water 
management and transportation policies.27 Water manage-
ment policies have focused on adaptive pathways to exam-
ine water supply and flood risk.28

An adaptive pathways approach begins with a near-
term plan that can be modified with contingency actions 

based on monitoring key trends and when conditions sug-
gest that updates are required.29 This iterative approach 
helps to identify what strategy to deploy and when, and 
how to make choices that are less vulnerable to uncertain-
ties for given scenarios. Each developed adaptive pathway 
provides signposts to suggest what scenario is occurring, 
what hazards to monitor, and the actions that can be 
taken when key thresholds, or tipping points, are reached 
to ensure that objectives can be achieved as conditions 
change. Therefore, adaptive pathways allow decisionmak-
ers to consider how they might navigate a sequence of 
available options for a variety of scenarios. 

In the context of FIRO, uncertainties are shorter 
term and more acute than other decisionmaking contexts 
more commonly addressed by adaptive pathways, such as 
sea-level rise. As a result, there are not examples of adap-
tive pathways methods applied to reservoir operations 
decisions. Adaptive pathways methods have been used 
extensively in the water sector for both simple and complex 
cases. For example, the United Kingdom’s Thames Estuary 
2100 project developed a long-term strategy for the estuary 
that was adaptive to sea-level rise trigger values.30 Adaptive 
pathways planning tied sea-level rise to management deci-
sions such as flood storage and barrier replacement and 
improvements. Tipping points were determined based on 
an analysis of when flood mitigation objectives could no 
longer be met across the estuary (Figure 3). 

Other projects share examples of different approaches 
used to develop tipping points. A project focused on water 
supply in Monterrey, Mexico, ran an analysis of thousands 
of futures through a model of Monterrey’s water system 
and used scenario discovery methods to classify portfo-
lios of actions that could meet management actions that 
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FIGURE 2 

Plausible Futures from Tucson Water Scenario Planning

SOURCE: One Water 2100 Plan graphic provided by the City of Tucson, Tucson Water. Used with permission.
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FIGURE 3 

Adaptive Pathways for the Thames Estuary 2100 Project

SOURCE: Adapted from Ranger, Reeder, and Lowe, “Addressing ‘Deep’ Uncertainty over Long-Term Climate in Major Infrastructure Projects,” p. 249.
NOTE: DEFRA = Department for Environment, Food, and Rural Affairs; TE2100 = Thames Estuary 2100 Project. The blue line indicates a scenario in which a 
decisionmaker might initially follow high-level option 2 but switch to high-level option 4 if sea level increases faster than predicted.
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could then meet objectives under a broad set of futures.31 
In another example, dynamic adaptive policy pathways 
were used to develop water management portfolios for 
the Research Triangle Park region of North Carolina.32 
Although this project focused on longer decision timelines, 
it used risk-based triggers as quantitative decision inputs to 
assess the relationship between short-term drought man-
agement actions and preferred long-term regional supply 
infrastructure choices.

Robust Decision Making

RDM is an iterative DMDU method that uses data and 
models to stress-test strategies and identify potential vul-
nerabilities and failure points across a variety of plausible 
future scenarios.33 RDM methods have been applied to 
water planning and climate policy,34 for planning reser-
voir operations given uncertainties from potential climate 
change impacts,35 and for water management strategies 
given multiple objectives and numerous hydrological 
uncertainties.36 

Like other DMDU methods, RDM begins with deci-
sion framing to define key factors, objectives, available 
actions, and uncertainties that connect actions and conse-
quences. RDM often uses simulation models to assess the 
relationships between actions, uncertainties, and objec-
tives. Visualization and data analytic tools are used to sup-
port decisionmakers, including relevant stakeholders, as 
they explore future conditions and choose the most appro-
priate strategy. 

Strategies that minimize vulnerability and are robust 
to a wide variety of plausible futures are sought. In the 
FIRO context, this robustness is especially important given 

uncertainties inherent in forecast systems. RDM can help 
to minimize the challenges of employing FIRO in a high 
uncertainty environment. Numerous FIRO approaches can 
be stress tested across many different simulations—even 
thousands of them, allowing for quantification of a poten-
tial regret-based measure (i.e., the performance difference 
between a given strategy and the optimal strategy in that 
future). This measure allows decisionmakers to “define 
a probability threshold, that is, a value above which the 
likelihood of failure is sufficiently high that decisionmak-
ers ought to consider abandoning the optimal or proposed 
strategy for some alternative.”37 Typically, new chosen 
strategies incorporate additional policy levers and include 
key components of adaptive planning (i.e., near-term 
actions, signposts for considering additional strategies, and 
contingent actions if signposts are observed). 

In one specific example, RDM methods were applied 
to compare four greenhouse gas emission reduction strat-
egies.38 In this study, an RDM model was used to produce 
output representing the level of regret and utility produced 
under uncertain future conditions. Although the study 
focused on long-term decision outcomes, it illustrated 
how RDM methods can provide information about both 
the benefits and potential regret of specific strategies. The 
RDM model output enables decisionmakers to explore and 
assess strategy outcomes according to their risk tolerance 
and preferences before deciding on a path forward. Deci-
sionmakers can also use the RDM model output to identify 
future scenarios that could lead to conflict between differ-
ent risk management approaches. Potential strategies for 
minimizing regret given this scenario can be considered 
ahead of a potential real-time flood emergency.
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Implementation Options for 
Decision Making Under Deep 
Uncertainty Methods and Forecast 
Informed Reservoir Operations

DMDU methods incorporate varying degrees of qualitative 
and quantitative assessments to evaluate alternative strate-
gies. For example, an effective DMDU approach might 
employ qualitative scenario planning to understand mul-
tiple potential futures and their associated uncertainties. 
A more-quantitative approach might stress test strategies 
over multiple futures to identify and evaluate the more-
robust and flexible plans. 

The suitability of each method depends on the opera-
tional context and decision space, and, in particular, the 
degree of complexity, uncertainty, and hedging opportu-
nity that the operator faces (see Figure 4). Generally, sce-
nario planning is suited to decision contexts that are less 
complex, adaptive pathways are suited to flexible strategies 
that can adjust with real-time monitoring of tipping points, 
and RDM is suited to decision contexts that have a greater 
number of complex vulnerabilities. 

DMDU methods can be used individually or in com-
bination to support decisionmaking. For example, quali-
tatively developed scenarios can be used as initial input 
to adaptive pathways or RDM methods. Similarly, RDM 
simulation output can help to identify an appropriate vari-
ety of scenarios to consider or that help identify thresholds 
for tipping points useful to adaptive planning. 

We next consider two different implementation 
options for DMDU with FIRO—first an application 
intended to enhance reservoir operational rules, and then 

an application to optimize strategy choice during real-time 
reservoir operations. 

Option 1: Using Decision Making Under 
Deep Uncertainty to Enhance Operational 
Rules 

Reservoir operators face decisions before the onset of a 
potential flood event, such as whether they should release 
water before rainfall begins and how they should coordi-
nate with local partners and stakeholders. DMDU methods 
can help to inform the design of operational rules, such 
that decisionmakers have greater flexibility to account for 
evolving situations. For example, scenario planning can be 
used to identify conditions for which certain rules should 
be followed to increase flood mitigation capability while 
still accounting for uncertainties in forecast information 
and the hydrological response. A simplified example of sce-
narios across dimensions including antecedent conditions 
and storm mode is provided in Figure 4. Additionally, rules 
should be adaptive, such that they are flexible to opera-
tors’ evolving situational awareness as real-time conditions 
change and expert judgments shift accordingly.

Operational rules can also be enhanced through use 
of RDM in a research context. This method can be used 
for scenario discovery, where a classification algorithm 
assesses a large database of simulation outputs to clus-
ter conditions and characterize a variety of scenarios. 
A simplified illustration of this approach is provided in 
Figure 5. Here, four scenarios are identified relative to two 
dimensions: reservoir level and predicted rainfall intensity. 
Real-world applications might consider more-complex 
dimensions that integrate many variables to assess flood 
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FIGURE 4 

Example Scenarios for Short-Term FIRO Context
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FIGURE 5 

Simplified Illustration of Scenario Identification Using Cluster Analysis Around Dimensions 
Indicative of Flood Potential
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risk potential. The scenarios can be reviewed to identify 
the conditions for which certain operating rules work well 
(or poorly) and when multiple objectives can be met (or 
missed). This approach can help to identify the conditions 
for which a more-flexible strategy is required. A helpful 
output would be a matrix of future scenarios that are most 
relevant to FIRO, which would in turn improve the opera-
tor’s real-time response to their evolving situation, because 
they can more easily match current conditions to a sce-
nario and adjust operating rules and related decisions in an 
informed way.

FIRO can also harness adaptive pathways. Specifically, 
the identification of tipping points is helpful for determin-
ing when the current conditions are transitioning from one 
scenario to another and how the operational rules need to 
shift accordingly. Figure 6 illustrates conceptually how an 
operator might switch between rules as an event evolves 
and tipping points occur. This approach can help opera-
tors rapidly decide whether they should continue or exit 
an operational strategy and which strategy to implement 
next. Such tipping points could be derived from an RDM 
approach or based on expert elicitation or other inputs 
already following adaptative pathways methods.

Option 2: Using Decision Making Under 
Deep Uncertainty for Real-Time Strategy 
Optimization

Reservoir operators face numerous decision points during 
a potential flood event. DMDU methods can strengthen 
the FIRO approach so that more real-time operations 
can dynamically adjust to the latest forecast information. 
Given the computational requirements of RDM, employ-

ing an RDM approach would require prerunning simula-
tions prior to conducting real-time analysis. For example, 
machine learning models could be trained on historical 
data to predict outcomes and suggest strategies for opti-
mal operations. These models could then assess real-time 
and near-term conditions using current observations and 
forecast guidance to calculate the regret of current and 
alternative strategies, helping to guide operators toward 
optimal strategies for the current situation. It is possible 
that a simplified RDM approach with more-minimal com-
putational demands could serve operational decision cycles 
for short-term potential flood events, so prerunning simu-
lations might not be a requirement for all real-time RDM 
applications.

Implementing Decision Making 
Under Deep Uncertainty Requires 
Coproduction for Operational 
Success

Selecting the most appropriate DMDU method will depend 
on the needs, capacities, and interests of decisionmakers 
and their stakeholders. The development and implemen-
tation of DMDU methods in the past were supported by 
elements of coproductive research in workshops, meetings, 
and expert consultations.39 Social science methods, such as 
focus groups and expert elicitation interviews, yield stake-
holder insights that drive the development and application 
of DMDU methods. For example, experts can provide 
institutional and operational context for the key factors 
that should be included in the decision framing. Expert 
judgement is also important for identifying thresholds for 
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FIGURE 6

An Illustration of Rule Switching Based on Tipping Points, such as Evolving Storm 
Modes and Reservoir Levels
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tipping points for methods like adaptive pathways.40 Fur-
thermore, activities with stakeholders can highlight impor-
tant considerations for implementing new approaches to 
operations, such as how to convey information to future 
users in a comprehensible way, or how to develop training 
materials that empower decisionmakers in a new opera-
tional paradigm.

A strength of coproductive research is that end-users 
and decisionmakers are integrated early in the conversa-
tions as DMDU methods are developed. A user-centered 
design approach can become a natural extension of what is 
already a stakeholder-involved project. The needs of deci-
sionmakers, including their task requirements, operational 
settings, and level of scientific comprehension, can all be 
considered as DMDU methods and products are developed 
for their specific application.

Final Thoughts on Decision Making 
Under Deep Uncertainty for 
Reservoir Operations

Using DMDU methods for short-term operational deci-
sionmaking is new territory for the field and pushes the 
limits of existing approaches to reservoir management. 
Greater attention to and new exploration of these method-
ological potentials can increase options for navigating the 
tradeoffs and uncertainties inherent to reservoir opera-
tions. Developments in this area are intended to ultimately 
improve reservoir operator decisionmaking and water 
management outcomes. We recommend the following 

potential avenues for future research that can strengthen 
efforts in this area:

•	 designing, testing, and evaluating switching rules 
that can be used in real-time operations 

•	 developing scenarios based on known or expected 
forecast uncertainties, with the most relevant 
parameters identified and integrated 

•	 developing techniques for using DMDU modeling 
approaches in real time given the constraints on 
data assimilation and processing during compressed 
timelines

•	 creating communication and visualization strategies 
that empower reservoir operators, decisionmakers, 
the public, and regulators to make decisions and act.

Developments in 
Decision Making Under 
Deep Uncertainty are 
intended to ultimately 
improve reservoir operator 
decisionmaking and water 
management outcomes. 
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