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Abstract: Despite the reliability and flexibility of hydropower, the operation of hydroelectric power
plants may have significant impacts on the downstream river system, including its water stage, sedi-
ment transport, and water temperature, ultimately affecting the ecology. To address these challenges,
there is a need to identify water scheduling patterns that improve both hydropower economics and
the environment relative to current operations. This paper presents a new methodology to explore
promising operational criteria/rules that can achieve such improvements. Typical environmental
impact statements and relicensing processes generally perform detailed site-specific analyses of a few
alternatives that focus on reservoir water release operating rules and their associated environmental
impacts. In contrast, the methodology presented in this article uses a widely applicable approach
that explores a much larger solution space. This large set of potential alternatives can be represented
in a multidimensional space for which one axis represents the economic value and the other axis
quantify individual environmental impacts (e.g., sediment transport and fish growth), and they are
explored via two approaches: a Monte Carlo simulation that identifies “win-win” alternatives and a
multi-objective optimization problem that identifies Pareto-optimal alternatives.

Keywords: hydropower; economics; environment; Pareto front; multicriteria analysis; multi-objective
optimization; Monte Carlo simulation

1. Introduction

Hydropower is a reliable and flexible energy source that accounts for more than 30%
of the U.S.’s renewable electricity generation. It supports the national grid with capacity,
long-term energy storage, and a multitude of ancillary services. Beyond power gener-
ation, hydropower reservoirs serve many other services and purposes, which include
flood protection, recreation, irrigation, and potable water supply. Because hydropower
operations affect both the power grid and water resources, reservoir management is typi-
cally bound by legal agreements that are informed by diverse stakeholders with diverse
priorities and sometimes conflicting objectives [1]. Moreover, despite being one of the
cleanest sources of electricity, hydropower affects the environment in several ways. For
example, the construction of hydropower infrastructures is known to be responsible for
environmental externalities, which include deforestation, the loss of fauna and flora species,
and the destruction of historical remains [2]. The construction of the dam itself relies on
several energy-intensive materials, such as steel and cement, and it is associated with a
significant amount of carbon emissions [3]. Additionally, the degradation of the biomass
inundated in the reservoir has been shown to be a notable source of greenhouse gas (GHG)
emissions [4]. The environmental impacts of hydropower go beyond the construction
phase of the hydropower facility. Long after an infrastructure has been built, hydropower
operations continue to affect the environment surrounding the reservoir. For example,
changes in the natural river flow affect the behavior and migration patterns of fish. Also, the
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sudden changes in water temperature and chemistry impact the health of aquatic habitats,
including threatened and endangered species [5-8]. Although environmental issues due to
dam construction are crucially important, the focus of the current work is on hydropower
operations and how their environmental impact is balanced with economic performance.

Numerous studies have been conducted to assess the impacts of hydropower opera-
tions and to identify ways to mitigate these environmental impacts [9-15], including several
biological opinions [16,17] and environmental impact statements (EISs) [18,19]. Proposed
actions to mitigate these environmental externalities essentially translate to operational
restrictions that comply with environmental flow targets [11]. These operational restrictions
include, but are not limited to, specific volumes of water that can be released in given
periods (e.g., in a given month, week, or day), the minimum and maximum flow rate at
any given time, and the maximum change in the flow rate [18,19]. Proposed environmental
actions also translate to regular experimental water releases carried out to monitor river
conditions, enhance native fish habitats, and conserve fine sediment. Although beneficial
for the environment, these environmental restrictions and experimental releases generally
have a negative impact on the hydropower economics, which can amount to millions of
dollars [20]. In other words, past studies and experiences show that difficult tradeoffs often
need to be made between economic and environmental objectives.

However, most of the studies addressing the economic—environmental tradeoff of hy-
dropower operations generally consider a limited number (less than 10) of alternative op-
erating rulesets that do not capture a wide range of possible operational policies [19,21,22].
Moreover, in a few cases, the implementation of environmentally focused operational restric-
tions have proven to unexpectedly benefit hydropower economics [23,24], leading to what
can be called “win-win” situations. These few cases suggest that there could be many more
unexplored win-win operating rulesets, albeit less frequent than the win—lose ones. Because
of the apparent scarcity of such operating rulesets, exploring them requires approaches that
are more exhaustive and broadly applicable than the ones used in past studies.

Multicriteria decision analysis (MCDA) techniques are commonly applied to inform
decision making for water resources planning that consider conflicting economic and
environmental objectives [22,25]. MCDA aims to rank operating alternatives based on
multiple evaluation criteria, whose importance is judged by assigned weights. However,
MCDA techniques are not designed to explore and identify new alternatives but rather to
evaluate a pre-existing set of operating alternatives. Operating alternatives that optimize
both economic and environment objectives are called Pareto-optimal [26]. An operating
alternative is considered Pareto-optimal when it is not possible to improve one objective
without worsening another. Multi-objective optimization (MOO) [27] is a mathematical
optimization method used to explore and identify Pareto-optimal solutions. However,
the complex and non-linear relation between water operations and environmental objec-
tives makes it difficult to implement MOE in water management [27]. To address this,
heuristic methods such as multi-objective evolutionary algorithms (MOEAs) have been
more commonly used to identify operating alternatives that optimize both hydropower
economic and various environmental objectives, such as water for irrigation [28,29], flood
control [29-31], ecological flows [32], and water storage volume [33].

Most of the studies described above are generally case-specific or address a specific
type of environmental objective. They apply heuristic optimization methods that follow a
narrow optimization path that does not explore the vast space of possible solutions that
may be better than a reference solution without necessarily being optimal. Furthermore,
the “optimal” solution identified with heuristic methods is not guaranteed to be a true
Pareto-optimal solution.



Water 2024, 16, 371

30f16

2. Materials and Methods
2.1. General Methodology

This paper describes and demonstrates a novel methodology that identifies potential
“win-win” reservoir operating criteria (i.e., rulesets) using Monte Carlo simulations [34].
These “win-win” rulesets simultaneously increase hydropower economics and improve the
downstream riverine environment. This paper also proposes a mixed-interlinear program-
ming (MILP) MOO approach to identify Pareto-optimal operating alternatives. Because it
explores a large multidimensional solution space, by necessity, some simplifications are made
in its calculation of power economics and environmental outcomes. Therefore, the results
only suggest potentially better strategies that could be explored at a finer level of fidelity. In
this regard, the proposed methodology complements or augments current methodologies
because it helps identify potential strategies that warrant further investigation.

The methodology described in this paper is also widely applicable. As a proof-of-
concept application, it was demonstrated at the Glen Canyon Dam. This site was selected
because a number of extensive environmental studies conducted below this dam and its
power plant have significantly contributed to the operation of the WI power grid. Its power
economic value is primarily measured in terms of capacity, energy production, and the
ancillary services that it provides to the grid. In addition, a few alternative operating
rulesets and associated economic and environmental impacts at Glen Canyon Dam have
already been investigated, as described in a publicly available EIS report [19].

The contributions of this paper are as follows:

e  To the best of our knowledge, the proposed methodology is the first one that consid-
ers operating rules, instead of hourly water release schedules, as decision variables
when exploring hydropower operations that simultaneously improve economic and
environmental values. There are two advantages to this:

O First, because of the curse of dimensionality, the decision space to explore in
the Monte Carlo simulation explodes when considering hourly water releases
as decision variables. Conversely, our method considers less than a dozen
operating rules.

O Second, the Pareto-efficient solutions identified this way would result in de-
tailed water release scheduling patterns that hydropower operators might
find too inflexible. Instead, providing hydropower operators with more gen-
eral operating rulesets gives them more flexibility in their decision about
real-time operations.

e  We pre-process functions (or curves) that describe the link between aggregated release
volumes and economic/environmental metric values. This simplification significantly
accelerates the computation of the MILP problems in the MOO approach.

2.2. Colorado River and Glen Canyon Dam

The Colorado River Basin is a large river system in the western United States and
Mexico, and it spans several states, including Colorado, Wyoming, Utah, New Mexico,
Nevada, Arizona, and California. The headwaters are in the Rocky Mountains of Colorado
and flow for over 1400 miles before emptying into the Gulf of California in Mexico. The
Colorado River is a major source of water for irrigation, industry, and urban areas in the
region. It is managed by the United States Bureau of Reclamation and is an important
source of hydroelectric power, providing electricity to millions of people. The river system
includes several major dams, including the Hoover Dam, Glen Canyon Dam, and Davis
Dam, which regulate the river’s flow and provide flood control. The reservoir behind
the Hoover Dam, Lake Mead, is the largest in the U.S., and Lake Powell, behind the Glen
Canyon Dam, is the second largest in the nation. The system also includes several major
tributaries, such as the Green River, the San Juan River, and the Little Colorado River.

The Glen Canyon Dam is located on the Colorado River in northern Arizona, United
States. It was completed in 1963 and is a key component of the Colorado River Storage
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Project (CRSP), which provides water storage and hydroelectric power generation for the
western United States. The Glen Canyon Dam is an important source of hydropower
electricity in the Western Interconnection (WI), producing over 4 billion kilowatt-hours of
energy annually, which is enough to power approximately 400,000 homes. The construction
of the Glen Canyon Dam had significant environmental impacts on the surrounding area.
The dam created Lake Powell, which flooded Glen Canyon. The dam also altered the
flow of the Colorado River, changing the ecosystem and impacting the natural habitats
of many native species of plants and animals. The loss of sediment and changes in both
water temperature and flow have had noticeable impacts on the river and the surrounding
ecosystem, including changes in water quality, erosion, and the loss of biodiversity. For
example, the altered environment in some sections of the river is favorable for invasive
species, such as smallmouth bass and trout, which compete with native fish species for
food. In recent years, there have been efforts to address some of these environmental
impacts. For example, the Glen Canyon Dam has been modified to release water at
different temperatures and times of year to simulate natural river flows, which helps to
restore some of the ecological processes that were disrupted by the dam. Currently, the
management goal of dam releases is to balance the needs for hydroelectric power and the

protection of the environment. A map of the Colorado River and the Glen Canyon Dam is
depicted in Figure 1.
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Figure 1. Map of the Colorado River Basin. The Colorado River Basin is divided into the Lower Basin
and the Upper Basin. The Glen Canyon Dam is located near the frontier between the two basins. The
two locations where the HBC growth rates are measured, RM 61 and RM 225, are depicted on the map.
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Even though the case study used in this article is inspired by the technical, environ-
mental, and economic features of the Glen Canyon Dam, it is only for illustrative purposes.
Case study results provide interesting insights, but extensive research and analysis would
need to be conducted to validate its findings. That is, we do not purport that demonstration
findings alone would lead to improved operating alternatives at the Glen Canyon Dam but
rather that they point to potential promising strategies. Strategies that, without this tool,
may not have otherwise been identified as good solutions.

2.3. Glen Canyon Dam Operating Rules

Flow restrictions, also called operating rules, have been put in place at numerous
hydropower plants in order to mitigate environmental externalities and to comply with
environmental flow targets [11]. For illustration purposes, this article focuses on the
operating rules in place since 2017 at the Glen Canyon Dam and described in the Glen
Canyon’s Long-Term Experimental and Management Plan (LTEMP) EIS [19]. The list of
operating criteria is described by the LTEMP preferred alternative and imposes several
operational constraints, such as monthly water release volumes, minimum and maximum
hourly release rates, daily change limits, up-ramp rate limits, and down-ramp rate limits.
The list of operating rules is shown in Table 1 below.

Table 1. Operating rules at Glen Canyon Dam.

Operating Rule LTEMP Preferred Alternative
Monthly release volumes As prescribed by [19]
Minimum release rate during the day (cfs) 8000
Minimum release rate at night (cfs) 5000
Maximum release rate (cfs) 25,000

Daily change limit (cfs/24-h) Depends on the monthly release 1
Up-ramp rate limit (cfs/h) 4000
Down-ramp rate limit (cfs/h) 2500

Note(s): ! Equal to 10 times the monthly volume (in TAF) from June to August and 9 times the monthly volume
(in TAF) in other months; daily range not to exceed 8000 cfs/day.

For this case study, we explore the large landscape of operating alternatives by allow-
ing the Monte Carlo simulation and the MILP MOO approach to modify the values of these
operating rules. For a given combination of operating rules, or an operating ruleset, it is
assumed that hourly hydropower operations (hourly release rates) are driven by a typical
hourly energy price profile. Based on these hourly hydropower operations, it is possible to
evaluate the economic and environmental performances of the operating ruleset by using
the economic and environmental metrics described below.

2.4. Economic Metric

There are several economic metrics that can be used to evaluate the economic per-
formance of an operating ruleset. However, for the sake of simplicity, this article focuses
on a single economic metric: the yearly value of energy production. The value of energy
production is calculated as the sum of hourly energy revenues, and the energy revenue in a
given hour is calculated by multiplying the hydropower production by the electricity price.
In other words, the yearly revenue R is calculated as

R=Y pngn 1)
T

where & is the hour of the year, pj, is the energy price in hour /4, and gj, is the hydropower
generation in hour /. The hourly electrical energy prices pj, are locational marginal prices
generated using the production cost model PLEXOS 8.1 [35]. The U.S. Western Intercon-
nection power grid is modeled in PLEXOS using the WECC anchor data set for the year
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2028 [36]. The PLEXOS model co-optimizes the generator schedule and dispatch to meet
electric load and grid ancillary services similar to a system operator.

2.5. Environmental Metrics

There are several environmental metrics that can be used to evaluate the impact
of a hydropower plant on the environment. Some of these metrics include water flow,
water temperature, water composition, sediment transport, and the impact on aquatic
ecosystems. The operation of a hydropower plant can affect water quality, both upstream
and downstream of the dam. Changes in water flow, temperature, and sedimentation can
alter the aquatic ecosystem and affect water quality, including the presence of dissolved
oxygen, nutrients, and contaminants. Hydropower operations can also alter the natural
habitats of plants and animals, including changes to the river channel. These changes can
impact the biodiversity of the region, including the presence of endangered or threatened
species. This article focuses on two environmental metrics that are used to evaluate the
environmental impacts of the Glen Canyon Dam: the yearly humpback chub (HBC) growth
rate and the yearly amount of sediment transport.

The HBC is a species of fish that is native to some river reaches in the Colorado River
Basin. It was an endangered species protected under the Endangered Species Act since
1967 and was recently reclassified as “threatened” in 2021 [37]. The HBC has adapted to the
unique conditions of the Colorado River ecosystem. It has a unique reproductive strategy,
where it lays its eggs on the underside of rocks in the river, which helps to protect the
eggs from predators and maintain a stable environment for hatching. The HBC faces a
number of threats in the Colorado River ecosystem, including the altered water flow and
sedimentation of the river by dam operations, and the introduction of non-native species
that compete with the HBC for food and habitat. The loss of habitat and changes in the river
ecosystem have caused a decline in the population of the HBC, making it one of the most
endangered species in the Colorado River system. Efforts are currently underway to protect
and restore the HBC population in the Colorado River. For this case study, we measure the
impacts of the Glen Canyon Dam water release patterns on the HBC using fish growth rate
metrics (in mm/h) at two key locations. These are located 61 river miles (RM) and 225 RM
downstream of the Glen Canyon Dam. Both locations are within the Grand Canyon. In
general, slower river flow rates result in warmer water temperatures that support faster
HBC growth rates [38], especially during the warm/hot summer months. For this case
study, we use the empirical HBC growth rate functions that were used in support of the
Glen Canyon’s LTEMP EIS [19]. These functions estimate the HBC growth rate based on
Glen Canyon’s water release rate for different months of the year. The HBC growth rate
functions at RM 61 and 225 are depicted by the blue and orange lines in Figure 2. Due to the
positive correlation between water temperature and the HBC growth rate [38], the growth
rate is higher during warmer months such as July. Because higher water release rates lead
to a cooler water temperature, the higher the flow rate, the lower the HBC growth rate.
Because it is a threatened species, a higher HBC growth rate is considered to be a better
environmental outcome.

The Colorado River is known for its sediment-rich waters, which play a vital role in
shaping the landscape and supporting diverse ecosystems. The sediment in the Colorado
River originates from the erosion of the surrounding mountains and riverbanks. As the
river flows, it picks up sediment and transports it downstream. The amount and size of the
sediment carried by the river vary depending on various factors such as the water flow rate,
weather patterns, and dam operations. The sediment in the Colorado River plays a crucial
role in the ecology of the river and the surrounding area. For example, the deposition of
sediment on the riverbanks can create habitats for plants and animals, and the erosion
of sediment can reshape the river channel, creating new habitats and altering the flow of
the river. However, dam operations can disrupt the natural sediment transport processes
and have significant impacts on the river ecology. For this case study, we estimate the
hourly metric tons (MT) of sediment transport in the Lower Colorado River. The amount
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of sediment transport is primarily a function of water flow and increases with faster water
flows. For this case study, we use the empirical sediment transport function that was used
in support of the Glen Canyon’s LTEMP EIS [19]. This function estimates the amount
of sediment transport based on Glen Canyon’s water release. It is depicted by the green
line in Figure 2. Note that, contrary to the HBC growth rate, sediment transport does
not depend on the temperature or the time of year. A higher flow rate leads to a higher
amount of sediment transport, which alters the aquatic ecosystem and affects water quality,
resulting in a negative impact on the environment. Therefore, contrary to the economic
value and the HBC growth rate, the amount of sediment transport is a quantity that needs
to be minimized.
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Figure 2. Environmental objective functions used for the case study. The environmental functions
measure the amount of sediment transport (green line), the HBC growth rate at 61 RM downstream
of the Glen Canyon Dam (blue lines), and the HBC growth rate at 225 RM downstream of the
Glen Canyon Dam (orange lines). The influence of weather temperature on the HBC growth rate is
modeled using a different function for each month of the year. For the sake of clarity, only the months
of October (Oct), January (Jan), April (Apr), and July (Jul) are represented.

2.6. Multiple-Criteria Decision Analysis and Pareto Front

This paper presents a general methodology to identify promising dam operating rules
that warrant investigation at a finer level of granularity, that is, water scheduling rulesets
that benefit both hydropower economics and the environment. Because the tool explores
a very large landscape of potential solutions, it has the potential to point to win-win
strategies that may not have otherwise been identified.

Economic and environmental objectives are often conflicting. For example, a steady
water flow downstream of a hydropower plant may benefit the environment by improving
the reproduction of some aquatic insects, but it is generally detrimental from an economic
standpoint because it eliminates the operational flexibility of the hydropower plant. That
is, plant operators cannot respond to electricity market prices by increasing turbine water
release when prices are high to maximize hydropower economics. As a result, identifying
criteria that improve both types of objectives is a multiple-criteria decision analysis (MCDA)
problem that is very challenging to solve.

Such problems have a wide range of optimal solutions depending on the weight that
is placed on each objective; that is, the preference for one solution over another depends
on the importance given to each type of objective or criterion. In MCDA, the Pareto front
refers to a set of optimal solutions that satisfy a set of conflicting criteria. Solutions are
considered Pareto-optimal when no alternative solution can improve on one criterion
without sacrificing performance on another criterion. In other words, a set of Pareto-
optimal solutions comprises solutions that are not dominated by any other alternative. This
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paper presents a methodology to identify operational rulesets that are Pareto-optimal from
both economic and environmental perspectives.

2.7. Monte Carlo Approach

The Monte Carlo approach is a simulation-based technique used to solve complex
problems using random sampling. The approach involves generating a large number of
random input samples and analyzing their corresponding output results. In the context
of this paper, Monte Carlo simulations can be used to generate a large number of random
operating rules, or alternatives, and evaluate their performances against multiple economic
and environmental objectives. Using these operating rules as constraints and the price
profile as a driver, a tailor-made algorithm developed by the authors rapidly computes the
hourly water release schedule that maximizes hydropower revenues, i.e., the economic
metric. This tailor-made algorithm mimics the process of an LP solver but with less
numerical operations. Based on the computed water release schedule, the environmental
values are calculated using the release-to-environmental-metric function. The data points
associated with these operating rulesets are represented in the space of the economic—
environmental objective values. For example, if an operating ruleset is associated with
an economic value of USD 1,000,000, a fish growth rate of 10 mm/year, and a sediment
transport of 100 MT/year, this operating ruleset can be represented by the point with
coordinates (1,000,000, 10, 100) in the three-dimensional space where the economic value,
the fish growth rate, and the sediment transport are represented by the x-axis, y-axis, and
z-axis, respectively. The Pareto front is approximated by a set of solutions that are not
simultaneously dominated in all objectives by other solutions. Note that the Pareto front is
independent of the axis scale and the unit in which the objective values are expressed. The
set of Pareto-optimal solutions is the same whether the economic value is expressed in $,
$k, or $M.

The Monte Carlo approach is a simple tool for approximating the Pareto front in
complex problems where analytical solutions are not available or are difficult to obtain.
However, it requires a large number of samples to generate an approximated Pareto front
that is close to the real Pareto front. More specifically, the number of random samples
required to obtain a reasonably accurate Pareto front grows exponentially with the number
of independent decisions, or operating rules, describing the water scheduling alternative.

2.8. Mathematical Optimization and Weighted Sum Approach

Another more accurate approach to identify Pareto-optimal operating alternatives is
the weighted sum approach [39]. The weighted sum approach is a common method used
in MOO to transform multiple conflicting objectives into a single objective function that
can be optimized using traditional optimization techniques. In the weighted sum approach,
each objective is assigned a weight or importance factor that reflects its relative importance
compared to the other objectives. The objective functions are then combined into a single
objective function by taking the weighted sum of the objectives. Mathematically, this can
be expressed as

f(x) = wif1(x) +wafo(x) + -+ W fu(x) 2

where x is the set of decision variables; f(x) is the single objective function to be optimized;
f1(x), fa(x), ..., fu(x) are the individual objective functions (e.g., economic value and
fish growth rate); and wy, w, ..., w, are the weights assigned to each objective. The
optimization problem can then be solved using traditional optimization techniques such as
linear programming (LP) or MILP. The weights assigned to each objective determine the
tradeoff between the objectives, and different weightings lead to different optimal solutions
that are all Pareto-optimal; i.e., they all belong to the Pareto front. The larger the weight w;
compared to other weights, the larger the optimal value of f;(x).

The main drawback of this method, however, is that it cannot identify Pareto-optimal
solutions in non-convex regions. However, this problem can be managed using adaptive
techniques [39]. In summary, the convex regions of the Pareto front can be identified by
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calculating the optimal solution for a list of weightings (w1, wy, ..., w,) evenly distributed
in the space described by
wtwy+--+w, =1 3)

w; >0, Yie{l,...,n} 4)

The main advantage of the weighted sum approach compared to the Monte Carlo
approach is that it guarantees the identification of solutions that belong to the Pareto
front. However, each individual point of the Pareto front requires solving an individual
optimization problem, and unveiling the entire Pareto front would require solving an
optimization problem for a very large number of weight combinations, which is not feasible
in practice. Note that this concern can be partially addressed using optimization tricks, such
as warm-starting the optimization problem [40] with the optimal solution from previous
problems with different weightings or with good-quality Monte Carlo solutions. However,
if the objective functions are non-convex or non-linear, the optimization problem needs
to be formulated with an MILP formulation, and the computation time required to solve
an MILP problem can be significant. To address this, instead of modeling hourly water
releases in MILP problems, we pre-process the functions describing the link between
aggregated, i.e.,, monthly, water releases and aggregated economic/environmental values.
These functions are non-linear and can be modeled as piecewise linear functions [41] in a
simplified MILP model, which can be solved in a relatively short computational time. For
this case study, the environmental functions depicted in Figure 2 are also non-linear but
can also be modeled as piecewise linear functions in an MILP MOO problem.

3. Results
3.1. Results of the Monte Carlo Simulation

The Monte Carlo simulation is performed using 81,300 random combinations of
operating rules (Table 1). This number of combinations was experimentally identified
as a reasonable tradeoff between the computation time and the objective space explored.
A higher number of combinations increased the computation time without a significant
increase in the number of Pareto-efficient solutions. Each Monte Carlo sample takes around
0.10 s to compute. For each random combination, or Monte Carlo sample, the same yearly
amount of water release equal to 8231 TAF is assumed. For each random combination, the
economic value and the three environmental values (the HBC growth rate at RM 61, HBC
growth rate at RM 225, and amount of sediment transport) are calculated. Herein, the HBC
growth rates at RM 61 and RM 225 are referred to as HBC61 and HBC225, respectively.
The economic and environmental values of the 81,300 random samples are depicted by the
blue data points in Figure 3. Note that there is a visible, although not significant, negative
correlation between the HBC61 and HBC225 values and the economic value (Figure 3a,b).
This supports the general observation that hydropower operations that increase economic
benefits have a negative effect on the environment, and vice versa. However, there is
no clear correlation between the economic value and the amount of sediment transport
(bottom left figure), suggesting a more complex relation between these two quantities.

The economic and environmental values of the current LTEMP operating criteria
are depicted by the intersection of the red dashed lines. The “win-win” operating rule-
sets are defined as the rulesets that outperform the current LTEMP ruleset in terms of
both economic and environmental values. They are depicted by the green data points in
Figure 3. A higher HBC growth rate is considered to be an environmental benefit, and,
therefore, win—-win operating rulesets are located in the top-right quadrant of the red
dashed intersection in Figure 3a,b. Conversely, a larger amount of sediment transport is
considered to be an environmental loss, and, therefore, win-win operating rulesets are
located in the bottom-right quadrant of the red dashed intersection in Figure 3c. These
operating rules account for 2.8% of the Monte Carlo samples when considering the eco-
nomic value and HBC61 as the environmental value (Figure 3a). This implies that, when
selecting random operating criteria, there is approximately a 2.8% chance of identifying
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some that are better than the current LTEMP criteria (from the economic and HBC61 value
standpoint). Win—win operating rules account for 3.7% of the samples when considering
HBC225 as the environmental value (Figure 3b) and only 0.036% of the samples when
considering sediment transport (Figure 3c). These results validate the existence, albeit
scarce, of potentially better operating rules. The very low proportion of win-win rulesets
when considering the economic and sediment transport values (Figure 3c) can be explained
by the already low sediment transport value of the LTEMP operating criteria. Note that the
more economic/environmental metrics considered, the less win—-win rulesets identified. As
a result, no operating rulesets simultaneously outperform LTEMP operating criteria when
considering the economic, HBC61, and sediment transport values (bottom-right figure).
The proportion of win-win rulesets for each combination of economic/environmental
metrics considered is summarized in Table 2. Owing to the Monte Carlo simulation, we
are able to identify operating rulesets with an economic value that is 1.6% higher than the
LTEMP value for HBC61 that is greater than or equal to the LTEMP value. More remarkably,
some operating rulesets have an HBC61 value that is 16% higher than the LTEMP value
for economic values greater than or equal to the LTEMP value. The Pareto-efficient Monte
Carlo samples are samples that are not simultaneously dominated by any other sample with
respect to the economic and environmental metrics considered. They are depicted by the
orange data points in Figure 3. The Pareto-efficient samples account for 0.075%, 0.065%, and
0.036% of the Monte Carlo samples when the environmental metric considered is HBC61,
HBC225, and sediment transport, respectively. When both HBC61 and sediment transport
are considered, the Pareto-efficient samples account for 0.90% of the Monte Carlo samples.
Note that, contrary to the win—-win operating rulesets, the more economic/environmental
metrics considered, the more Pareto-efficient operating rulesets identified. The propor-
tion of Pareto-efficient rulesets for each combination of economic/environmental metrics
considered is summarized in Table 2.

Table 2. Proportion of win-win samples and Pareto-efficient samples in the Monte Carlo simulation.

Metric Considered Proportion of Monte Carlo Samples
Economic Value HBC Growth Rate HBC Growth Rate Sediment Win-Win Samples Pareto-Efficient
at RM 61 at RM 225 Transport (%) Samples (%)
X X 2.8 0.075
X X 3.7 0.065
X X 0.036 0.036
X X X 2.7 0.087
X X X 0 0.99
X X X 0 0.90
X X X X 0 1.2

3.2. Results of the MILP MOO Problem

The MOO MILP problem described in Section 2.7 is solved for multiple combinations
of weight values. For the sake of simplicity, only the economic and HBC225 objectives are
considered, and the weight of the other environmental objectives is set to zero. Nine MOO
MILP problems are solved with various combinations or weight values. Each MILP problem
is solved in 0.15 s on average, owing to the pre-processed economic and environmental
functions described in Section 2.8. The computation time needed to pre-process these
functions is 200 s. The results are shown in Figure 4. The MILP solutions are depicted by
the green data points, whereas the Pareto-efficient Monte Carlo samples are depicted by
the orange data points. A green dashed line is drawn between the MILP solutions using
linear interpolation in order to estimate the Pareto front. As explained in Section 2.7, the
MILP solutions are true Pareto-optimal solutions, as it is not mathematically possible to
identify operating rules that dominate those solutions with respect to both the economic
and HBC225 metrics simultaneously. The interest of the MILP MOO method is evidenced
by the visible gap between the Pareto-efficient Monte Carlo samples and the MILP solutions.
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Sediment transport (MT/year)

Despite running more than 80,000 Monte Carlo simulations, no Monte Carlo sample seems
to be relatively close to the Pareto front. Specifically, at comparable HBC225 values, the
MILP solutions have an economic value that is 3.1% larger on average than the Monte Carlo
samples with the largest economic value. Conversely, at comparable economic values, the
MILP solutions have an HBC225 value that is 16% larger on average than the Monte Carlo
sample with the largest HBC225 value.
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Figure 3. Economic and environmental values of the 81,300 Monte Carlo samples. All 2D figures
represent the economic value on the x-axis. Panels (a—c) represent HBC61, HBC225, and the amount
of sediment transport on their y-axes, respectively. Panel (d) is a 3D representation of the economic
value, HBC61, and sediment transport. The blue data points represent all Monte Carlo samples. In all
2D figures, the intersection of the two dashed red lines represents the economic and environmental
values of the current LTEMP operating criteria (Table 1). The green data points represent the Monte
Carlo samples that outperform the LTEMP operating criteria with respect to both the economic and
represented environmental values. The orange data points represent the Monte Carlo samples that
are Pareto-optimal with respect to both the economic and represented environmental values.

The monthly water release values of the LTEMP operating ruleset and two MILP
solutions are illustrated in Figure 5. The monthly water releases of the LTEMP ruleset are
depicted by the blue line, whereas the monthly releases of the MILP solutions are depicted
by the orange and green lines. The orange line represents the MILP solution with the largest
HBC225 value (left-most green point in Figure 4), whereas the green line represents the
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MILP solution with the largest economic value (right-most green point in Figure 4). For
the MILP solution with the largest economic value (green line), water release volumes are
essentially allocated during the summer months, when electricity price levels and electricity
price spreads are the largest. For the MILP solution with the largest HBC225 value (orange
line), water release volumes are essentially allocated during the winter months, when
cooler weather temperatures allow for higher releases and release variations with a limited
impact on the HBC growth rate (see Figure 2).

Monte Carlo solutions
SR » Pareto-efficient Monte Carlo solutions
== --»- MILP Pareto solutions

60.0 &

57.5

u
o
=)

HBC growth rate at RM 225 (mm/year)

136 138 140 142 144 146
Economic value ($M/year)

Figure 4. Economic and HBC225 values of the MILP solutions. The economic value is represented on
the x-axis, whereas the HBC225 value is represented on the y-axis. The blue data points represent all
Monte Carlo samples. The orange data points represent the Pareto-efficient Monte Carlo samples
that are Pareto-optimal with respect to both the economic and HBC225 values. The green data points
represent the optimal MILP solutions. The green dashed line estimates the Pareto front by applying a
linear interpolation between the MILP solutions.
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Figure 5. Monthly water releases of the LTEMP operating criteria and two MILP solutions. The
monthly releases of the LTEMP ruleset are depicted by the blue line. The monthly releases of the
MILP solution with the largest HBC225 value are depicted by the orange line. The monthly releases
of the MILP solution with the largest economic value are depicted by the green line.
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4. Discussion

The Monte Carlo and MILP MOO approaches represent a promising path to explore
hydropower operating alternatives that outperform current operating rulesets. The results
show that, with a sufficiently large number of Monte Carlo samples, it is possible to
identify a non-negligible number of “win-win” operating rulesets that outperform current
operating alternatives with respect to both economic and environmental metrics. Moreover,
the Monte Carlo approach enables the user to quickly explore a large space of potential
alternatives, allowing them to have more options to choose from. However, this approach
can be seen as naive in comparison to alternative methods, such as MOO approaches.

Contrary to the Monte Carlo approach, the MOO approach only focuses on the op-
erating alternatives that are Pareto-optimal, that is, those that cannot be outperformed
by economic and environmental metrics simultaneously. Experimentally, the MOO ap-
proach proves to identify significantly better alternatives than the Monte Carlo approach,
without having to search through hundreds of thousands of operating alternatives. How-
ever, solving a MOO problem is known to be computationally intensive, especially when
such problems can be modeled, at best, as MILP problems. Because of the non-linearities
introduced by environmental objectives, MILP seems to be the most efficient way to for-
mulate the MOO problem, as this type of problem is generally faster to solve than other
problems, such as mixed-integer non-linear programming (MINLP) problems. The MILP
solving time can also be mitigated in two ways. The first way is to warm-start the problem
with solutions from previously solved MILP problems or from high-quality Monte Carlo
solutions. The second way is to pre-process simplified functions that describe the link
between water release volumes and economic/environmental values in aggregated time
periods. This latter way significantly reduces the number of variables and the solving time.
However, the modeling simplifications required to generate these simplified functions
and to approximate non-linearities in the MILP formulation introduce some unavoidable
inaccuracies in the MOO problem.

An important limitation of the proposed approaches is the ability to calculate or derive
environmental values from water releases. The applicability of the proposed methodology
is limited by the availability of release-to-environmental-value functions or the ability to
derive such functions. Due to this, generalizing the approaches to some case studies might
require extensive effort and numerous local adaptions as release-consequence values are
often hard to find and justify.

Finally, neither the Monte Carlo approach nor the MILP MOO approach is able to
identify the whole Pareto front of operating alternatives. Although the MILP MOO ap-
proach can identify data points that belong to convex regions of the Pareto front, it is not
practically feasible to reveal the entire Pareto front.

5. Conclusions

This paper describes and demonstrates a novel methodology to identify operations
that simultaneously benefit the economic and environmental values of hydropower reser-
voirs. Contrary to other methods that identify specific hourly water release schedules, the
proposed method focuses on reservoir operating rulesets that provide more flexibility to
hydropower operators. In the presented case study, both the MILP MOO and Monte Carlo
approaches are able to provide valuable insights into promising operating rulesets. The
experimental results suggest that the proposed methodology could be beneficial to hy-
dropower and environmental experts in discovering promising rulesets. These promising
rulesets could then be further investigated in greater detail in environmental studies, such
as environmental impact statements.

However, generalization to other case studies might not be straightforward. Although
the presented case study is a promising proof of concept, the proposed methodology
needs to be tested in additional regions to further demonstrate its applicability. Moreover,
further research work is needed to develop methods that combine the strength of both the
Monte Carlo and the MOO approaches. For example, modern machine learning techniques
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such as reinforcement learning could rapidly and progressively identify better operating
alternatives starting from a random population of operating rulesets.
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